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Abstract 

Value is a fundamental concept for economic decision-making and reinforcement 
learning. In these frameworks, the decision-makers choose by assigning values to objects 
and learn by updating object values with experience. However, it remains unclear how 
economic values derive from the intrinsic properties of objects and how subjective values 
of foods support adaptive food choices to maintain nutritional homeostasis. Here, I 
propose nutrients as biological sources of food values that link sensory food properties to 
nutrient decision-making. 

To investigate how economic values for food rewards derive from their nutrients and 
sensory qualities, I first demonstrated that monkeys consistently preferred fat and sugar 
to low-nutrient alternatives as if they assigned subjective values to the nutrient content. 
To identify the sensory basis of nutrient values, I developed engineering tools to measure 
food textures on oral-like biological surfaces. This approach revealed that the monkeys’ 
fat preferences can be explained by the subjective valuation of viscosity and oral sliding 
friction, suggesting an oral texture-sensing mechanism for nutrient valuation. In a formal 
ecological Geometric Framework for Nutrition (GFN), the monkeys’ food choices, guided 
by subjective nutrient values, shifted their nutrient balance away from dietary reference 
points, resembling human suboptimal eating in free-choice situations. 

Next, I examined how subjective nutrient values influence reinforcement learning in 
a dynamic food-choice environment. Monkeys learned faster from high-nutrient rewards 
and chose them frequently despite lower reward probabilities. This nutrient-differential 
learning can be modelled by a nutrient-sensitive reinforcement learning mechanism, 
which updates individual nutrient values from experience to derive integrated reward 
values that guide choices. Thus, nutrients constitute biological sources of economic values 
and reveal previously unrecognised aspects of reinforcement-learning mechanisms. 

Finally, to identify neuronal substrates of nutrient-based decision variables, I 
recorded extracellular single-neuron activities from the amygdala while monkeys 
evaluated nutrient-defined rewards cued by conditioned visual stimuli in a Pavlovian task. 
Amygdala neurons responded to visual conditioned stimuli by signalling the predicted 
rewards’ nutrient composition, sensory (textural) properties, and subjective values. 

In summary, I investigated primate nutrient-based reward mechanisms across 
behavioural, computational, and neuronal levels in a novel nutrient-choice paradigm. The 
findings show that nutrients and food textures shape the economic values of foods and 
guide adaptive food choices and learning in monkeys. These results point to behavioural 
and neural mechanisms behind human-like eating behaviour that could guide targeted 
neural interventions for obesity and eating disorders. 
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Chapter 1 

 
Introduction 



  



 

 

 

1 Introduction 
 

 

 

 

Reward is an influential concept throughout the neuroscience of learning and deci-

sion-making. Unlike the neuroscience of sensory processing and motor control, which can 

be studied by the activation of dedicated sensory receptors and observable motor re-

sponses, no specific sensation or motor response could explicitly define the properties of 

reward (Schultz, 2015). By contrast, reward can only be interpreted by subjective emo-

tional experience and contingent action strategy implemented based on anatomical and 

physiological constraints of the nervous system. 

In this chapter, I will first introduce basic concepts of reward, focusing on the moti-

vational properties of primary food rewards and their nutrient constituents. Next, I will 

propose a neurocomputational framework of food choice that links neural information pro-

cessing from the perception of food quality (sensory neuroscience) to value-based decision-

making (neuroeconomics). I will outline influential theories and neural evidence of re-

ward-based learning and decision-making that can apply to food choices in this framework. 

This interdisciplinary approach defines the scopes of nutrient neurophysiology, a devel-

oping field studying how mechanisms of nutrient sensing and reward processing give rise 

to neural representations of reward values and guide complex feeding behaviour. For this 

purpose, I will review physiological nutrient-sensing mechanisms and behavioural 
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evidence for nutrient-based food choices. These previously unlinked disciplines establish 

the role of nutrients in guiding formally defined animal food choice and support nutrient-

based learning and decision-making. Conceptual and experimental approaches from food 

science and texture studies provide an additional important foundation for nutrient neu-

rophysiology, linking reward values to nutrient and sensory properties of food rewards 

(Figure 1.1). This framework also informs how nutritional homeostasis modulates food 

reward value based on the metabolic and neural control of nutrient consumption. Thus, 

this thesis aims to advance our understanding of neural decision mechanisms by charac-

terising how reward values derive from the physical properties of foods and how the in-

ternal nutritional states could guide nutrient-adaptive food choices. Combined with pri-

mate neurophysiological techniques, the behavioural paradigm we propose serves as a 

promising platform to unravel the neural-circuit mechanisms of primate food choice and 

accelerate the development of neuromodulation therapy for obesity, eating disorders and 

motivational components of neuropsychiatric disorders. 

 

 

  
Figure 1.1. Neural mechanisms of sensory integration of reward values. (a) Multisensory integration 

of food attributes to derive the reward values that guide food choices. (b) Brain structures implicated in the 

nutrient detection and valuation of food rewards.  

a b 
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1.1  Reward and decision-making 

Reward is a multidimensional concept defined by the emotional and behavioural re-

sponses typically elicited by an event or object. Importantly, reward is not objectively de-

fined by its physical properties nor by specific activation patterns of sensory receptors. 

Instead, reward is a stimulus that elicits approach behaviour, induces learning responses, 

and contributes to subjective hedonic experiences (Schultz, 2015). These multiple aspects 

of rewards are often intertwined with each other but may involve distinct neural mecha-

nisms. Therefore, a clear operational definition of reward is required to dissociate these 

processes before we investigate the instrumental responses to food rewards. 

 

1.1.1  Definition of reward 
In everyday language, ‘reward’ often refers to pleasant feedback in recognition of 

particular behaviour, such as the high marks on a well-written essay or the medals con-

ferred on the champions. However, in the literature of reward and decision-making, ‘re-

ward’ is an object or event valued by an individual as evident from its effects on behaviour. 

This includes tangible object rewards (e.g., delicious food) and intangible cognitive re-

wards (e.g., friendly smiles). To avoid semantic confusion in further discussions, we clarify 

the definition of reward based on reward-elicited responses, including i) subjective he-

donic experience, ii) learning responses, and iii) approach behaviour (Marks, 2011; 

Schultz, 2015). 

 

Hedonic response 

Reward often elicits a positive emotion. Food, in particular, is one of the significant 

sources of pleasure for animals. The reward-elicited ‘hedonic response’ is a purely 
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subjective experience often described as ‘pleasurable’, ‘excited’, comfortable’, or ‘enjoyable’ 

in everyday language. For most non-verbal animals, these affective states can only be 

inferred by surrogate indicators, such as facial expressions, heart rates, pupil sizes, etc. 

Although no direct measure of positive emotion exists, animals tend to repeat actions that 

lead to pleasurable outcomes to maintain the elevated emotional state. This action-reward 

association distinguishes the active ‘desire’ to pursue rewards (wanting) from the passive 

feeling of ‘pleasure’ (liking) and provides objective measures of reward based on behav-

ioural responses (Berridge et al., 2009). This desire attracts attention and motivates ani-

mals to learn the action-reward association, exert physical effort, and forgo alternative 

options, all for one purpose –– to obtain rewards. Thus, reward can be inferred by the 

learning and choice responses in controlled behavioural tasks formalised by learning and 

decision theories. 

 

Learning  

Reward-based learning involves associating rewards with reward-predicting sensory 

cues and the contingent actions that lead to rewards. In the classical experiments, Ivan 

Pavlov (1849-1936) demonstrated that the reflexive salivation response initially to the 

food reward gradually shifted toward the food-predicting ringing of the bell after repeat-

edly pairing a neutral bell ring (conditioned stimulus, CS) with subsequent food rewards 

to a dog (unconditioned stimulus, US) (Pavlov, 1927). Thus, animals who have learned 

the CS-US association automatically respond to the reward-predicting sensory cues as if 

they experience the actual rewards (Pavlovian conditioning or classical conditioning). 

Therefore, in Pavlovian conditioning, the association strength between sensory cues and 

reward indicates the motivation for learning and reward values. 
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Unlike Pavlovian conditioning, Edward Thorndike (1874-1949) demonstrated that 

cats could learn to press the lever that led to food rewards (Thorndike, 1898). This time, 

the cats learned the link between a specific action and the associated reward outcomes 

(instrumental conditioning). Thorndike described the learning of action-reward associa-

tion as the Law of Effect and defined reward as ‘a stimulus that acts to strengthen the bond 

between the stimulus and the organism's instrumental response that lead to the reward’ 

(Thorndike, 1911). Thus, in addition to the sensory reward associations, the instrumental 

responses to actively approach and obtain reward also indicate subjective reward values. 

 

Approach behaviour 

The motivational properties of reward emphasise the animals' willingness to exert 

physical effort and make tradeoffs to obtain rewards. This motivation is particularly ex-

emplified in wild foraging animals, who need to travel long distances across the fields and 

chase after the preys before they can enjoy their feasts. In modern societies, most humans 

no longer travel afar to forage from scarce food resources. By contrast, we make tradeoffs 

among abundant food options under the constraints of limited money, time, or stomach 

capacity. Under these circumstances, the motivation to approach food reward is revealed 

by the willingness to forgo alternative options (opportunity cost) and the tradeoffs we 

make in dietary decisions. Thus, we adopt an economic choice paradigm that requires the 

monkeys to make tradeoffs between rewards with different nutrient compositions to quan-

tify their subjective values for nutrients and use the choice-derived values to identify neu-

rons that encode subjective nutrient values. 
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1.1.2  Neural computation of dietary choice 
Foods are prototypical rewards that elicit positive emotion and promote learning and 

decision-making. Here, we formalise food choice in a neural computational framework 

(Rangel, 2013) and investigate how the brain derives decision variables from the sensory 

properties of foods to guide food choices (Figure 1.2). When facing multiple food options, 

animals flexibly evaluate the sensory properties of food options depending on their inter-

nal states. These adaptive food choices are the outcome of neural reward valuation and 

value competition. In animals, value-based decision computation is primarily imple-

mented in the reward system (Haber & Knutson, 2010; Schultz, 2015), interconnected 

brain structures that integrate reward-related sensory properties into value signals and 

perform decision computations that generate motor outputs to obtain rewards (Berthoud 

& Morrison, 2008; Rangel, 2013). Therefore, our systematic investigation into food reward 

processing starts from identifying critical sensory inputs that guide food valuation and 

characterising the neural representations of reward values for nutrients.  

 
Figure 1.2. Neurocomputation of food choice. Food's sensory (yellow) and nutrient properties (pink) con-

verge into value neurons to encode the subjective values for each food option. These subjective value neurons 

perform decision computations between competing options via mutual inhibition and signal the choice to 

downstream neurons to guide subsequent motor output and outcome evaluation. 
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Food-related sensory properties, including visual, auditory, olfactory, gustatory and 

somatosensory information, are processed and integrated to inform reward valuation. 

These exteroceptive sensory signals are combined to encode the subjective values of foods 

and guide learning and decision-making for food rewards. Previous studies focused on 

how the brain detects nutrients but rarely addressed how nutrient detection influences 

food choice (Bachmanov & Beauchamp, 2007). At the neuronal level, it is also unclear how 

these nutrient-sensing neurons converge into integrated value signals. Investigating the 

neuronal basis of these processes requires single-neuron recordings in behaving animals 

in controlled choice tasks with nutrient-defined rewards. Accordingly, this thesis aims to 

develop such paradigms to investigate the sensory detection and evaluation of nutrients 

based on a neural computational framework for food choice that separately considers sen-

sory integration, decision computation, choice behaviour, and ultimately the ecological 

influences of nutrient consumption in primates.  

 

1.1.3  Reward-based decision-making 
Learning and decision-making of rewards are highly subjective and context-depend-

ent. Therefore, behavioural choice theories including economic utility theory and rein-

forcement learning mechanisms centre on the concept of subjective reward values to ex-

plain idiosyncratic reward responses. In contrast to perceptual decision-making, where 

choices are evaluated based on prespecified task rules (e.g., discriminating the predomi-

nant direction of randomly moving dots), reward values are inferred by well-defined learn-

ing and choice responses guided by subjective preferences. This context-dependent and 

individualised preferences can be formally quantified by scalar reward values, as in eco-

nomic choice theories and reinforcement learning. Specifically, animals choose as if they 

compare reward options on a common scale of reward values to maximise their level of 
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satisfaction (economic utility theory) (Varian, 2010); they also dynamically update the 

value of actions based on the reward outcomes to maximise total future rewards (rein-

forcement learning) (Sutton & Barto, 1998). Therefore, how reward values are constructed 

and how they adapt to the changing environment remains a central question in the study 

of value-based decision-making. Thus, in the next section we review essential concepts 

and analytical tools in economic choice theory and reinforcement learning, as these frame-

works will be applied throughout this thesis to investigate the valuation of nutrient re-

wards. 

 

Economic choice theory 

Economic choice theory, more specifically the ‘utility theory’, formalises how rational 

decision-makers choose based on the subjective values (utility) of choice options (von 

Neumann & Morgenstern, 1944). These ideal decision-makers compare the scalar subjec-

tive values and choose to maximise the overall level of satisfaction (reward maximisation). 

When applied in the neuroscience of reward and decision-making (neuroeconomics), ani-

mals are assumed to assign subjective values to reward options and choose to maximise 

rewards (Glimcher, 2011; Loewenstein et al., 2008; Schultz, 2015). Notably, the subjective 

values cannot be directly measured but can only be inferred from choices in economic 

choice paradigms. According to the Revealed Preference Theory (Samuelson, 1938), the 

implicit preferences of a subject can be inferred by the observed choices, assuming stable 

preference and rational behaviour. Because reward-maximising agents always choose the 

most preferred option from the available option sets, objects chosen with equal probability 

are of equal subjective values.  

A series of indifference curves with different utility levels form an indifference map 

that summarises individual preferences and predicts choices (Varian, 2010). For instance,  
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in the X-Y space, each point represents a bundle combination of goods X and goods Y 

(Figure 1.3a), e.g., sugar and fat. Indifference curves that connect the equally preferred 

bundle points, e.g., bundle A and bundle B, visualise the subjective values across all X-Y  

bundle combinations. Accordingly, indifference curves in the nutrient space with fat and 

sugar as two axes describe the subjective preference for fat, sugar and their interactions. 

 

Figure 1.3. Indifference curve. (a) Indifference curve in the X-Y space. Each point indicates a bundle 

combination of reward X and reward Y. By definition, bundle A and bundle B are equally valued because they 

are on the same indifference curve. (b) Monotonicity. The utility level of indifference curves monotonically 

increases with either reward X or reward Y (‘the more, the better’ assumption). Thus, bundle C has the highest 

utility level, followed by the equally valued bundle A and bundle B, and bundle D has the lowest utility (𝑢𝑐 >

𝑢𝐴 = 𝑢𝐵 > 𝑢𝐷). (c) Utility invariance between indifferent bundle points. Indifferent bundles should have the 

same overall utility from reward X and reward Y. Therefore, the utility differences from reward X and reward 

Y should cancel out each other. MU: marginal utility (d) Marginal rate of substitution (MRS). The absolute 

value of the tangential slope of an indifference curve indicates subjective exchange rates between reward X 

and reward Y, defined as the ratio of the unit values (marginal utility, MU). (e) Law of Decreasing Marginal 

Utility. The unit value of a reward decreases with its total amount. (f) Law of Decreasing Marginal Rate of 

Substitution. The decreased marginal utility of reward X reduces the amount of value-equivalent reward Y 

from bundle A to bundle B and the unsigned tangential slopes (red to blue). 
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Importantly, the conventional ‘well-behaved’ indifference curves usually comply with 

basic assumptions of rational behaviour. First, the utility levels of indifference curves in-

crease with the amount of both bundle components, indicating positive reward values for 

both goods (monotonicity) (Figure 1.3b). This ‘the more, the better’ assumption applies to 

most non-satiating ‘rewards’ but may be violated for aversive objects (‘punishments’ or 

‘bads’), which is beyond the scope of our discussion. In Chapter 3, we will use the utility 

ranking of indifference curves to demonstrate how nutrient-based reward values link 

rank-preserving indifference maps across reward spaces. 

Second, the slopes of the indifference curves indicate the subjective exchange rates 

between bundle components. Because bundle A and bundle B are on the same indifference 

curve, they should match in utility level as below (Figure 1.3c),  
 

𝑈(𝑥𝐴, 𝑦𝐴) = 𝑥𝐴 ∙ 𝑀𝑈𝑋 + 𝑦𝐴 ∙ 𝑀𝑈𝑌 = 𝑥𝐵 ∙ 𝑀𝑈𝑋 + 𝑦𝐵 ∙ 𝑀𝑈𝑌 = 𝑈(𝑥𝐵, 𝑦𝐵) (1.1) 

 
𝑀𝑈𝑋 = 𝑑𝑈(𝑥,𝑦)

𝑑𝑥
,  𝑀𝑈𝑦 = 𝑑𝑈(𝑥,𝑦)

𝑑𝑦
 (1.2) 

, where 𝑥𝐴  and 𝑥𝐵  are the amount of X in bundle A and bundle B; 𝑦𝐴  and 𝑦𝐵  are the 

amount of Y in bundle A and B, respectively; 𝑀𝑈𝑋 and 𝑀𝑈𝑌 are the marginal utility for 

each additional unit of X and Y; 𝑈(∙) is the utility function that determines the utility level 

of each indifference curve. Equivalently, this relationship indicates that for indifferent 

bundle A and bundle B, the utility difference from goods X must be cancelled out by the 

utility difference from goods Y (Figure 1.3c): 
 

∆𝑈 = 𝑈(𝑥𝐴, 𝑦𝐴) − 𝑈(𝑥𝐵, 𝑦𝐵) = (𝑥𝐴 − 𝑥𝐵) ∙ 𝑀𝑈𝑋 + (𝑦𝐴 − 𝑦𝐵) ∙ 𝑀𝑈𝑌 = 0 (1.3) 

Therefore, the unsigned tangential slopes of the indifference curves are mathematically 

equivalent to the subjective exchange rates (marginal rate of substitution, MRS) between 

the two rewards (Figure 1.3d), 
 𝑀𝑅𝑆𝑋𝑌 = |

𝑑𝑦
𝑑𝑥| = |−

𝑀𝑈𝑋

𝑀𝑈𝑌
| (1.4) 
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Intuitively, if the indifference curve flattens along the X axis, an additional unit of X leads 

to less increase in the utility level, compared to reward Y. Therefore, the subject prefers 

Y over X and is less willing to trade Y for X. In Chapter 3, we will use the curvature of 

the indifference curves between nutrient components to visualise the relative values be-

tween nutrients in individual monkeys. 

Third, the convexity of indifference curves reflects the nonlinearity of reward values. 

Standard well-behaved indifference curves are convex to the origin, reflecting the decreas-

ing reward value increments (Law of Diminishing Marginal Utility) (Figure 1.3e). There-

fore, the amount of value-equivalent reward Y is also reduced with the decreasing unit 

value of reward X (Law of Diminishing Rate of Substitution) (Figure 1.3f). Importantly, 

the diminishing reward value reflects the ubiquitous phenomenon of reward-specific sa-

tiety (Pastor-Bernier et al., 2021), and is therefore a reasonable assumption for most in-

difference curves. When applied in the nutrient space, the curvature of the indifference 

curves visualises the nutrient-specific satiation due to the decreasing unit value of nutri-

ents. 

Despite its utility in analysing and predicting preferential decisions, the empirical 

construction of indifference curves has not been the focus of classical economic research. 

Recently, experimental economists and neuroeconomists have established behavioural 

paradigms that infer subjective values from choices to construct empirical indifference 

curves (Pastor-Bernier et al., 2017, 2020). Specifically, monkeys reveal their relative pref-

erence between rewards when choosing between binary bundle options consisting of dif-

ferent proportions of rewards, e.g., 0.3 mL of apple juice + 0.1 mL of water vs. 0.2 mL of 

apple juice + 0.5 mL of water. By systematically adjusting the amount of apple juice and 

test how much water could compensate for the value changes from the apple juice, we 

could map out equally valued juice-water bundle combinations that connect the 
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indifference curves. These advances in behavioural paradigms allow quantitative analysis 

of  reward-based decisions in non-verbal animals and open up neurophysiology studies in 

behaving animals to reveal neural mechanisms of decision-making.  

Importantly, Camillo Padoa-Schioppa and colleagues used this economic choice par-

adigm to derive subjective values of different juice types in monkeys and identified differ-

ent populations of neurons coding offer values, chosen values or choice outcomes in the 

orbitofrontal cortex (Padoa-Schioppa & Assad, 2006), the anterior cingulate cortex (Cai & 

Padoa-Schioppa, 2012), and the amygdala (Jezzini & Padoa-Schioppa, 2020). Additionally, 

the systematic mapping of value-coding signals across reward combinations reconstructs 

the neuronal indifference maps that are consistent with the observed choice behaviour 

(Pastor-Bernier et al., 2019) and comply with mathematical operations of economic utility 

functions (Ferrari-Toniolo et al., 2021). Although previous studies have investigated how 

reward magnitudes and probabilities are integrated into value-coding signals 

(Raghuraman & Padoa-Schioppa, 2014), these experiments did not analyse the intrinsic 

nutrient and sensory properties of different reward types, therefore cannot explain the 

 

Figure 1.4. Reinforcement learning (RL). Agent-environment interactions in the reinforcement learning 

framework. The discrepancy between current reward prediction (𝑄𝑡−1) and the actual reward outcome (𝑅𝑡−1), 

is defined as the reward prediction error (RPE), which provides feedback to update the reward value at the 

next time step (𝑄𝑡) with learning rate 𝛼 ∈ [0,1]. 
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fundamental sources of subjective values and how food reward values derive from its sen-

sory and nutrient properties. In this thesis, we apply economic choice paradigms to inves-

tigate the subjective values of fat and sugar using nutrient-defined liquid rewards. 

Thereby, we aim to extend the behavioural and neuronal understanding of reward pro-

cessing from the level of aggregated reward values to individual nutrient value compo-

nents. 

 

Reinforcement learning 

To maximise reward from the environment, animals should learn the associations 

between reward-predicting sensory cues, contingent action plans and reward outcomes. 

The learning of predictive sensory cues allows animals to utilise reward-relevant sensory 

information to adapt their responses even before reward arrives; the learning of action-

reward association assists animals to finetune their instrumental responses to maximise 

reward. Importantly, how nutrient compositions of food rewards guide the learning of re-

ward values determines overall nutrient consumption and nutrient balance that ensures 

survival benefits.  

Learning from trial and errors is a fundamental  learning strategy well captured by 

the reinforcement learning mechanism (Sutton & Barto, 1998). Importantly, reinforce-

ment learning (RL) is a biologically plausible computational algorithm that updates of 

subjective values of each option from experience. The most basic form of RL implements 

the Q-learning algorithm (Figure 1.4) in which the agent tracks the values for each re-

ward by constantly adjusting the estimated reward values to approximate the actual re-

ward outcome. Specifically, in a probabilistic binary choice task (two-armed bandit task), 

the reward values are constantly updated based on the discrepancy between actual 
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reward outcomes and reward value estimates (reward prediction error, RPE), discounted 

by the learning rate 𝛼.  
 

𝑄𝑡
𝑘 ← 𝑄𝑡−1

𝑘 + 𝛼 ∙ [𝑅𝑡−1 − 𝑄𝑡−1
𝑘 ], 𝛼 ∈ [0,1] (1.5) 

This recursive ‘delta rule’ algorithm modifies value predictions and adapts choices. Thus, 

the RL agents maximise reward based on trial-and-error learning of reward values in a 

changing environment.  

Importantly, computational signatures of RL have been identified in the brain (Doya, 

2007; D. Lee et al., 2012). In particular, in a series of classical experiments, Wolfram 

Schultz identified the prediction error signals from the dopamine neurons in the ventral 

tegmental area (Hollerman & Schultz, 1998; Schultz et al., 1997). This neuronal teaching 

signal supports the implementation of error-based value-updating in biological learning 

systems. Additionally, neuronal coding of reward values have been identified in various 

reward-related brain structures, including striatum (Cai et al., 2011; Falcone et al., 2019; 

Ito & Doya, 2015; Lau & Glimcher, 2008; E. Lee et al., 2015; Samejima et al., 2005; Wang 

et al., 2013), the orbitofrontal cortex (OFC) (Kennerley et al., 2009; McGinty & Lupkin, 

2021; Murray et al., 2015; Pastor-Bernier et al., 2019; Setogawa et al., 2019), and the 

amygdala (Grabenhorst et al., 2012; Maeda et al., 2018; Munuera et al., 2018; Paton et 

al., 2006; Zhang & Li, 2018). Therefore, reinforcement learning framework links value-

based decision theories and computational control theory with neural implementations in 

the brain.  

The reciprocal interactions between neural computation and neuroscience research 

have broadened our understanding of complex artificial and biological neural systems. 

Decision variables in RL algorithms guide the interpretation of decision-related neural 

signals; in turn, the biological implementations of computational learning algorithms, re-

fine the algorithmic design of artificial neural network (Hassabis et al., 2017). Such 
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synergistic collaborations between computational neuroscience and neurophysiology have 

inspired artificial learning systems that outperform human experts in complex games, 

including Go, chess, and video games (Silver et al., 2016, 2017, 2018). Similarly, in the 

present thesis, we combine computational approaches to food choice with behavioural par-

adigms suitable for primate neurophysiology recording, aiming to identify unrecognised 

neuronal signals and decision computations in primates.  

 

1.2  Nutrient-sensing mechanisms 

Having reviewed formal frameworks of studying reward-related learning and deci-

sion-making, we next introduce nutrient-sensing mechanisms necessary to evaluate nu-

trient food rewards. Food choices and nutrient consumption critically shape our physical 

and mental well-being. To make nutrient-based food choices without nutrition labels, 

most animals rely on specialised sensory organs to detect and evaluate the nutritional 

values of food rewards. Fat, carbohydrate, and protein, the three major nutritional sources 

of energy, are indispensable ingredients for biochemical reactions and essential physio-

logical constituents for animals. These nutrients can be detected by chemosensory recep-

tors and specialised neural sensory pathways. For instance, oral sugar can be directly 

detected through sweet taste receptors in the taste buds (Herness & Gilbertson, 1999). In 

addition, circulating biomarkers interact with chemosensory receptors to signal and reg-

ulate nutrient consumption (Domingos et al., 2011; Fernandes et al., 2013; Hryhorczuk et 

al., 2018). However, these metabolic markers typically emerge after the food has been 

swallowed, digested and absorbed into the systemic circulation. This delay in responses 

to nutrients fails to provide rapid sensory feedback necessary for food choice, such as the 

immediate decision of whether to swallow or spit out the food currently in the mouth. 

Furthermore, these biochemical signals do not inform the precise amount of nutrient 
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content in the food. Thus, chemosensory nutrient detection alone cannot reliably finetune 

the quantity of nutrient intake to maintain nutrient homeostasis. By contrast, the distinct 

taste and oral texture of nutrients provide sensory cues that inform nutrient compositions 

of foods to the nervous system. Thus, orosensory properties of nutrients, in addition to 

tastes, provide important information to evaluate food quality before ingestion. 

 

1.2.1  Nutrient-specific taste perception 

Taste perception is elicited by the activation of lingual taste receptors. Five basic 

taste perceptions ── sweet, bitter, salty, sour and umami tastes have been identified with 

dedicated receptors in the taste buds (Bachmanov & Beauchamp, 2007). Specifically, in 

primates, sweetness is sensed by the G protein-coupled receptor (GPCR) T1R2/T1R3 di-

mer (Li et al., 2002), umami taste by the T1R1/T1R3 dimer (Q.-Y. Chen et al., 2009; Li et 

al., 2002). and bitterness by the homologous T2Rs dimer (Herness & Gilbertson, 1999). 

These basic taste perceptions signal the presence of critical food ingredients and inform 

food quality. For instance, sweet taste is a natural cue for dietary sugar; saltiness signals 

the presence of sodium and minerals; umami taste is elicited specifically by L-glutamate, 

an indicator for protein. By contrast, bitterness and sourness often signal toxins and 

spoiled foods. Thus, basic taste perceptions evolved as key sensory mechanisms to control 

food consumption. 

In contrast to clear evidence for sugar-sensing taste receptors, the existence of pri-

mate taste receptors is debated. A fat-specific taste sense (oleogustus, ‘a taste for fat’) and 

corresponding fatty acid receptors have been reported in rodents but have not yet been 

confirmed in primates (Bachmanov & Beauchamp, 2007; S. S. Schiffman et al., 1998). 

Therefore, oral detection of fat relies less on taste perception than oral texture. 

  



Nutrient-sensing mechanisms  

 

1–17 

1 

1.2.2  Oral texture of nutrients 

Food texture is a combination of visual, auditory, and tactile perceptions that char-

acterise the organisation and composition of foods. These properties are sensed by dedi-

cated receptors via corresponding sensory pathways and are integrated for the general 

evaluation of food objects. For instance, Ball and colleagues differentiated the texture of 

meat into ‘sight definition’ and ‘feel definition’, each corresponds to the visual and tactile 

perceptions of food texture, respectively (Ball et al., 1957). The sight definition refers to 

the appearance of meat that informs its smoothness or fineness of grain; the feel definition 

represents the mouthfeel of smoothness and fineness of muscle tissue. For solid foods, the 

sound during mastication also informs its crunchiness and crispiness. Although nonoral 

sensations, such as the vibrating pattern of soft foods (visual) or the crunchy sounds of 

crispy foods (auditory), contribute to the textural perception of foods (Jowitt, 1974; Matz, 

1962; Sherman, 1970; Szczesniak, 1963), food texture is primarily evaluated by orosen-

sory perception. Therefore, food texture is generally defined as the mechanosensory per-

ception that arises from the constituents through the deformation, disintegration and 

flows under an applied force (Bourne, 2002). 

Food texture is critical for recognising and appreciating food objects. In the elderly, 

without the information of food texture, the identification rate of food identities dropped 

to only 40% (S. Schiffman, 1977). Food texture is also a major factor in consumer selection 

of fresh produce (L. Chen & Opara, 2013; Rosenthal, 1999). On the contrary, unpleasant 

food texture drives food aversion, especially in case of unexpected texture feelings (C. L. 

Scott & Downey, 2007). Generally, stringy, gummy, or slimy foods are often rejected, 

whereas crunchy, juicy or tender textures are preferred (Szczesniak, 2002) despite food-

specific and culture-dependent preferences in food texture (A. C. Nielsen Co.m, Anony-

mous, 1973; Cardello,1996b). These observations suggested that food texture provides 
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sensory inputs to the nervous system to generate subjective perceptions that guide food 

choices. 

In particular, the pleasant texture of dietary fat promotes fat consumption and 

causes overeating and obesity (Drewnowski, 1997b). In everyday cooking, fat-rich ingre-

dients, such as oil and cream, are natural texture modifiers to enrich palatable mouthfeels 

(Emadzadeh & Ghorani, 2015). The additional fat content endows foods with a pleasant 

texture, perceived as ’creaminess’, ‘thickness’, and ‘slipperiness’ (Drewnowski & Green-

wood, 1983; Mela, 1988; S. S. Schiffman et al., 1998). The link between oral fat texture 

and its preference emerges since early childhood (Birch, 1992; Johnson et al., 1991) and 

is deep-rooted across cultures. Therefore, despite public health policies that aim to reduce 

fat consumption, the global consumption of dietary fat is still on the rise across regions 

with various socioeconomic conditions and cultural influences (Drewnowski, 1997a; Rozin, 

1996).  

Traditionally, food texture is evaluated by the subjective description of trained panel 

experts that involves repeated testing of food samples (Civille & Szczesniak, 1973). 

Table 1.1. Oral perceptions of dietary fat. 
Oral perception Description 

Creamy Sensation of a miscible, thick, smooth liquid in the oral cavity 

Gelatinous Absence of structural elements in a springy solid 

Greasy Sensation of thick immiscible liquid or plastic solid 

Melting Sensation of a change in texture during testing 

Oily Sensation of thin immiscible liquid in the oral cavity 

Slimy Sensation of wet slipperiness on surfaces of the oral cavity 

Smooth Absence of detectable solid particles 

Sticky Tendency to adhere to palate, teeth and tongue during mastication 

Thin Readiness to flow 

Waxy Sensation of immiscible solid in the oral cavity 

Wet Sensation of a rise in free fluids during mastication 

Adapted from Fats and food texture: sensory and hedonic evaluations (Drewnowski, 1987) 
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However, over the past decades, objective texture measurements have been developed to 

link conventional sensory evaluation of foods with measurable physical parameters. Re-

cently, rheology and tribology, two subfields of texture engineering that study the me-

chanical properties of objects, have been adapted to investigate the bulk material property 

and thin-layer lubrication behaviour of food during oral processing (J. Chen & Stokes, 

2012). Engineering tools have also been developed to measure the texture parameters to 

explain subjective food perceptions (Debon & Roza, 2013; Goh et al., 2010). To apply en-

gineering techniques to the liquid rewards in our experiments to examine the influence of 

nutrients on food choices (Chapter 2), we next introduce basic concepts and experimental 

techniques in food rheology and food tribology and their relevance to nutrient perception.  

 

Food rheology 

Rheology is the study of deformation (solid-like) and flow (fluid-like) of matter. 

(Stokes, 2012). For liquids, viscosity describes how liquids move in resistance to an ap-

plied force. Shear stress is the tangential force that displaces the liquid against the shear-

ing interface; shear rate is the velocity gradient produced by the shear stress. The viscosity 

(𝜂) is defined as the quotient of shear stress (𝜎) and shear rate (�̇�) and captures the diffi-

culty of displacing fluids. The dynamic viscosity (absolute viscosity) is the internal friction 

of a fluid or its tendency to resist flow in the unit of pascal-second (Pa·s)1 (Bourne, 2002). 

The standard viscosity of water at 20 ºC is defined as 1 mPa·s, or 1 centipoise (cP) (Swin-

dells et al., 1952). 
 

𝜂20
𝑤𝑎𝑡𝑒𝑟 = 1 𝑐𝑃 = 0.01 𝑃 = 1 𝑚𝑃𝑎 ∙ 𝑠 = 0.001 𝑃𝑎 ∙ 𝑠 = 0.001 𝑘𝑔 ∙ 𝑚−1 ∙ 𝑠−1 (1.6) 

 
1 1 Pa·s = 1,000 mPa·s = 1,000 centi-poise (cP), in memory of French scientist Jean Léonard Ma-
rie Poiseuille (1797-1869). 
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Rheological classification of fluids 

Based on the stress-rate relationship, fluids can be broadly classified as Newtonian 

fluids and non-Newtonian fluids (Figure 1.5). The Newtonian fluids are those which fol-

low Newton's law of viscosity (Newton, 1687),  

 𝜂 = 𝜎 �̇�⁄  (1.7) 

, where the viscosity is linearly proportional to the velocity gradient. By contrast, non-

Newtonian fluids can be further classified according to the curvature of their shear stress-

shear rate curves into pseudoplastic (Bingham) fluids or dilatant fluids. The viscosity of 

pseudoplastic fluids decreases with shear rates (shear-thinning); whereas the viscosity of 

dilatant fluids increases with shear rates (shear-thickening). In addition to the stress-rate 

curvature, a threshold resistance (yield stress) may exist before the fluid can be displaced 

by the shear stress. These features of non-Newtonian fluids can be summarised by the 

Herschel-Bulkley equation (Herschel and Bulkley, 1926), 

 𝜎 = 𝑏�̇�𝑠 + 𝐶 (1.8) 

 
Figure 1.5. Rheological classifications of fluids. (a) Stress-rate relationship in fluids with different rhe-

ological behaviours. (b) Summary of rheologically distinct fluids with Herschel-Bulkley equation (Herschel 

and Bulkley, 1926). A: Newtonian fluid, B: Bingham  (plastic) fluid, C: Pseudoplastic fluid, D: Dilatant fluid, 

E: Pseudoplastic fluid with yield value, F: Dilatant fluid with yield value. Figure adapted from Food Texture 

and Viscosity, (M. C. Bourne, 2002, p. 88) 

 



Nutrient-sensing mechanisms  

 

1–21 

1 

, where 𝜎 is the shear stress; 𝑏 is a proportionality factor (viscosity 𝜂 for Newtonian fluid); 

𝐶 is the yield stress; 𝑠 is the pseudoplasticity constant (degree of nonlinearity of the shear 

stress-shear rate curve); �̇� is the shear rate. Thus, combinations of these parameters cat-

egorise non-Newtonian fluids based on the stress-rate relationship.  

Although the viscosity of most liquid foods depends on the shear stress, and are thus 

non-Newtonian fluids, the apparent viscosity (𝜂𝐴) is often used to approximate the stress-

dependent viscosity with viscosity measurement at a single representative shear stress. 

Thus, we refer to the apparent viscosity simply as ‘viscosity’ in this thesis and adopt the 

single-point approximation for viscosity measurement in our analysis (Chapter 2). 

 

Measuring the viscosity of liquids 

To examine the behavioural and neuronal influence of viscosity in food choice, we 

apply standard rheometers to measure the viscosity of liquid rewards offered to the mon-

keys in the choice tasks. Rheometers that measure viscosity (viscometer) feature compo-

nents that apply external force to the fluid and sensors that detect the subsequent motion. 

Despite various rheometer designs, such as the cone-and-plate and parallel-plate geome-

try, modern rheometers typically involve revolving plates that measure the torque (shear 

stress) and the angular velocity (shear rate). 

In particular, coaxial rotational viscometers (Figure 1.6), the most commonly used 

viscometer in the food industry, measure the viscosity in concentric rotational cylinders 

(Couette, 1890). This rotational design allows for measuring viscosity for longer periods 

in a limited space, therefore, examining time-dependent viscosity changes of food products, 

similar to the breakdown of foods during oral processing. The concentric bob in a cup con-

tains the test fluid. The inner bob rotates, and the drag of the fluid is measured by a 

torque sensor. Thus, the viscosity can be derived from the measured shear stress (torque) 
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and the controlled shear rate (Michael, 1915) based on the Margules equation (Margules, 

1881), 

 𝜂 = (
𝑀

4𝜋ℎΩ
) (

1
𝑅𝑏

2 −
1

𝑅𝑐
2) (1.9) 

, where 𝜂 is the absolute viscosity; 𝑀 is the torque on the bob or cup; Ω is the angular ve-

locity of rotating chamber; ℎ is the height of inner bob; 𝑅𝐶 is the radius of the cup. For an 

instrument with fixed geometry of containers, the equation reduces to 

 𝜂 =
𝐾𝑀

Ω
 (1.10) 

, where 𝐾 is the instrument constant (1 4⁄ 𝜋ℎ)(1 𝑅𝑏
2⁄ − 1 𝑅𝑐

2⁄ ) 

Depending on the purpose, the coaxial rotational viscometer can operate in different 

modes by adjusting the shear rates during viscosity measurement. First, steady increase 

(or decrease) in shear rates examines the basic shear rate-shear stress relationship, in 

either a continuous or stepwise manner. The liquids can be tested in one-way only 

 
Figure 1.6. Schematic of coaxial rotational viscometer. The inner bob (couette) and the outer cup rotate 

with angular velocity Ω via a central torsion wire. 𝜎: shear stress, �̇�: shear rate, 𝜂: viscosity,  𝑅𝑏: radius of the 

inner bob, 𝑅𝑐: radius of the outer cup, ℎ: chamber height, 𝑀: torque, Ω: the angular velocity of the relative 

rotation between the bob and the cup.  
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(increasing or decreasing) or in two-way measurements (ascending and descending). Ide-

ally, for Newtonian fluids and reversible shear-thinning or shear-thickening fluids (Fig-

ure 1.7a), the ascending curve and the descending curve would overlap perfectly, sug-

gesting that the viscosity does not change with the shear history. However, for irreversible 

shear-thinning or shear-thickening fluids, the discrepancy between the diverged ascend-

ing and descending curves measures the extent of viscosity change (hysteresis) after the 

shearing manipulation during measurement (Figure 1.7b). Additionally, the coaxial ro-

tational viscometer allows for prolonged measurement of viscosity at a constant shear 

rate. Such continuous measurement examines the time-dependent effects of viscosity com-

monly seen in food products. Following these principles, we will measure the viscosity of 

liquid rewards with the coaxial rotating rheometer in Chapter 2. 

Despite the complexity of viscosity measurement, after testing an extensive range of 

liquid and semi-liquid foods, Dickie and Kokini (1982, 1983) found that the maximal shear 

stress at a particular shear rate correlated well with subjective thickness perception in 

human subjects. Wood (1968) assumed that the shear rate in the oral cavity is 50 s-1 and 

 
Figure 1.7. Time-dependent rheological behaviour of fluids. (a) Time-dependent measurements of vis-

cosity (b) Hysteresis loop for a thixotropic fluid. The arrows indicate the measurement sequence. The area 

within the loop indicates the extent of deviation from ideal time-independent rheological fluid behaviour. 

Figures adapted from Food Texture and Viscosity, (M. C. Bourne, 2002, p. 93) 
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found a clear correlation between thickness perception and viscosity measurement at this 

shear rate. Since then, further work has identified a wide range of shear rates from 10 to 

1000 s-1 during food oral processing (Sharma and Sherman 1973a, 1973b, Krumel and 

Sahar, 1975). Undoubtedly, shear stress changes momentarily in the oral cavity. There-

fore, no single shear rate could capture the entire dynamics throughout the process. Thus, 

shear rates should be chosen carefully in viscosity measurement to reflect realistic oral-

processing conditions. Thus, we will use the conventional shear rate of 50 s-1 to approxi-

mate oral viscosity of liquids in our analysis.  

 

Food tribology 

Tribology is the study of lubrication, friction, and wear between surfaces in relative 

motion (Shewan et al., 2020). Food tribology, in particular, focuses on oral lubrication of 

food with oral tissue, which gives rise to the distinct mechanical sensation during oral 

processing. Food tribology first emerged to account for the sensory perception of foods 

unexplained by the bulk rheology of materials. In his pioneering work, Kokini (1977) pos-

tulated a physical mechanism of tactile perception ── the perception of smoothness 

(Equation 1.11) and slipperiness (Equation 1.12) arise from the lubrication with the 

tongue and together derive the creamy texture typical in fat-rich foods (Equation 1.13) 

(J. Chen & Stokes, 2012; Kokini, 1987; Kokini & Cussler, 1983), 

 𝑆𝑚𝑜𝑡ℎ𝑛𝑒𝑠𝑠 ∝
1

𝜇𝑁𝑇𝑜𝑛𝑔𝑢𝑒
 (1.11) 

 𝑆𝑙𝑖𝑝𝑒𝑟𝑖𝑛𝑒𝑠𝑠 ∝
1

𝜂 (𝑉
ℎ)

𝑛
𝐴 + 𝜇𝑊

 (1.12) 

 𝐶𝑟𝑒𝑎𝑚𝑖𝑛𝑒𝑠𝑠 ∝ 𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠0.54 × 𝑠𝑚𝑜𝑜𝑡ℎ𝑛𝑒𝑠𝑠0.84 (1.13) 
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, where creaminess, thickness, smoothness and slipperiness are the subjective ratings of 

food perception; 𝜇 is the friction coefficient; 𝑁𝑇𝑜𝑛𝑔𝑢𝑒 is the surface load; 𝜂 is viscosity; 𝑉 is 

the speed of tongue movement; ℎ is the fluid thickness; 𝐴 is the contact surface area. 

These results highlight the transition from rheology- to tribology- dominant regimes of 

oral texture perception and open up investigations into physical basis of sensory food per-

ception. 

Following Kokini's pioneering work on the creamy and slippery perception of liquids, 

the tribological property of liquids has been extensively investigated to account for the 

distinct fat-related mouthfeels. Giasson (1997) first showed that friction force is correlated 

with the fat content in liquids. Additionally, Malone (2003) correlated the lubrication be-

haviour measured with tribometers with subjective mouthfeel perception in humans. Mi-

croscopic examination of surface coated with emulsion reveals that the coalescence of lipid 

droplets influences the surface coating of the tongue and therefore determines the lubri-

cation behaviour and mouthfeel perception. Therefore, consistent with oral fat-sensing 

mechanism, oral tribology provides physical explanations and engineering techniques to 

characterise the lubrication of fat-containing liquids, which may serve as the sensory in-

puts for nutrient-based food valuation. To reflect realistic oral friction conditions, we will 

devise a custom-made tribometer using pig tongues as biological tissues to measure the 

sliding friction of liquids in oral-like conditions (Chapter 2). We will then examine how 

oral friction and viscosity influences food choice (Chapter 3) and the neuronal coding of 

nutrients (Chapter 5). 

 

Measuring the sliding friction of liquids 

The lubrication of food is mostly sensed by the friction force generated by the relative 

motion between the tongue and palate (J. Chen & Eaton, 2012; Chojnicka-Paszun et al., 
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2012; de Wijk et al., 2003, 2006). Friction force can be summarised by the coefficient of 

sliding friction (CSF), which is defined as the quotient of the external force and the normal 

load on the surface (Figure 1.8a). Depending on the sliding speed, the Stribeck curve 

categorised the lubrication of liquids into three distinct regimes: the boundary regime, the 

mixed regime, and the hydrodynamic regime (Prakash, 2017) (Figure 1.8b).  

1. Hydrodynamic regime: Initially after oral intake, the high entrainment speed 

produces enough hydrodynamic pressure to separate the tongue and the palate 

with a thin layer of fluid. The thickness of the lubrication layer and the reduced 

friction depend on the viscosity of the liquid. Thus, under hydrodynamic lubri-

cation, the perceived oral thickness is dominated by bulk rheology properties, 

such as viscosity.  

  

 
Figure 1.8. Tribological regimes during oral processing. (a) Schematic of intraoral interactions in oral 

rheology and oral tribology (b) The Stribeck curve illustrates the three lubrication regimes and fluid film 

thickness throughout oral processing, from the hydrodynamic regime, the mixed regime to the boundary 

regime. Figure (b) redrawn from Figure 2 in Selway & Stokes (2014) 
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2. Boundary regime: With lower entrainment speed during the oral processing, 

the fluid layer no longer separates the shearing surfaces but instead forms a 

boundary coating layer.  These boundary films are immobile layers that do not 

participate in the relative motion of surfaces but serve as lubricants to facilitate 

surface interactions. Oral friction in the boundary regime has been linked to 

food perceptions, such as astringency and slipperiness. 

 

3. Mixed regime: between the hydrodynamic regime and the boundary regime, 

the lubricating layer can only partially separate the shearing surfaces. There-

fore, both the bulk material property and the surface conditions influence the 

sliding friction. 

 

Thus, the initial oral sensation in the hydrodynamic regime is mainly captured by 

the bulk rheology of foods. However, the influence of surface lubrication increases with 

oral processing in the boundary regime and mixed regime and explains additional  mouth-

feel perceptions. In summary, both rheology and tribology capture oral mechanical prop-

erties of foods related to nutrient content and thus constitute candidate variables that 

could influence primate food choice and neuronal decision signals. 

 

1.3  Nutritional ecology 

Ecological observations and human clinical studies have provided evidence for the 

survival benefits of nutrient-sensitive food choices. Here, to investigate the behavioural 

influence of nutrients on food choices, we review theories and the analytical tools in nu-

tritional ecology that have revealed the nutritional feeding strategy of foraging animals. 

Early foraging theories conceptualised animal feeding behaviour as an optimisation 
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problem under environmental constraints (Parker & Smith, 1990). In particular, Optimal 

Foraging Theory (OFT) explains animal food choices based on the maximisation of energy 

intake to ensure optimal survival fitness (Pyke et al., 1977; Schoener, 1971; Stephens & 

Krebs, 1986). Under this framework, foraging animals distribute their time and resources 

between food patches to maximise energy intake subject to environmental constraints. 

This energy-maximising approach is reduced to an absolute preference for high-calorie 

food given identical time costs and physical efforts for each food option. Notably, nutri-

tional homeostasis is critical for health and survival in animals and requires a dedicated 

physiological mechanism to defend nutritional balance. However, energy-maximising 

strategy cannot control individual nutrient consumption and overall nutrient balance 

(Pulliam, 1975; Raubenheimer & Simpson, 2018). Thus, animals should not always max-

imise energy intake indiscriminately but also forage for specific nutrients based on phys-

iological requirements. In a series of experiments, Raubenheimer and Simpsons reported 

that protein-deprived locusts would increase protein consumption to compensate for pro-

tein deficits. (Raubenheimer & Simpson, 1993). Similar protein-prioritising feeding strat-

egies have also been observed in rodents (Sørensen et al., 2008) and free-ranging primates 

(Felton et al., 2009). Additionally, animals seem to diversify their food choices to maintain 

nutrient balance (Milton, 1993; Westoby, 1974). For instance, rats offered a buffet-style 

food environment self-select combinations of nutritionally complementary foods to ensure 

balanced nutrient consumption. This influence of multiple nutrients is beyond the scope 

of unidimensional optimisation theories and requires an analytical framework that con-

siders balance among multiple nutrients (Simpson et al., 2004, 2015). 
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1.3.1  Geometric Framework for Nutrition (GFN) 

The Geometric Framework for Nutrition (GFN) is an analytical tool that formalises 

strategies of nutrient feeding behaviour and their evolutionary benefits (Raubenheimer 

& Simpson, 1993; Simpson et al., 1993). This framework provides analytical tools to study 

dynamic nutritional strategy in animal food choices, a prerequisite for identifying the 

neural correlates of nutrient processing. This integrative approach centres on the physio-

logical nutrient regulations and conceptualises food choices as sequential changes of the 

nutritional states towards an optimal nutritional target (Raubenheimer et al., 2009). Im-

portantly, this framework operates in a multidimensional nutrient space in which each 

axis represents a nutrient component. Thus, this approach delineates the influences of 

multiple nutrients and their interactions on animal feeding behaviour. Crucially, nutrient 

target, the amount and balance of nutrient intake that provides optimal evolutionary fit-

ness, serves as a normative reference target to guide food choices based on the internal 

nutritional status and the available food options. Deviation from such reference points 

leads to detrimental health and survival challenges. Conceptually, the GFN approach 

transforms food choice from a unidimensional optimisation problem into multidimen-

sional navigation in the nutrient space. Unlike the unidimensional approach, where the 

predicted food choice depends entirely on the extrinsic reward conditions, the GFN frame-

work incorporates physiological regulation of nutrient consumption to account for state-

dependent feeding behaviour in individual animals. 

For instance, in a two-nutrient, two-object foraging condition, a low-protein high-car-

bohydrate food A and a high-protein low-carbohydrate food B (Figure 1.9a) form ‘nutri-

tional rails’ according to their nutrient compositions (Simpson & Raubenheimer, 2012). 

The consumption of a specific food shifts the nutritional state along the corresponding rail. 

Therefore, repeated choices from available food options span an area of achievable 
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nutritional states in the nutrient space (Figure 1.9a, shading area). Starting from the 

origin, the feeding trajectory visualises the feeding strategy of the animal towards the 

homeostatic nutrient target (Figure 1.9b). If the animal minimises the duration in the 

feeding process, the fitness-maximising feeding trajectory would follow the steepest gra-

dients of the nutritional fitness function. 

If animals optimise evolutionary fitness by navigating towards the nutrient target, 

ad libidum feeding on foods with diverse nutrient compositions should lead to consistent 

homeostatic nutritional states when the nutrient target falls within the achievable ranges 

of nutrient states between the nutritional rails. For instance, in Figure 1.9b the animal 

can flexibly combine food A and food B to achieve the optimal intermediate level of carbo-

hydrate and protein balance. However, when the nutrient target is outside of the nutri-

tional rails (e.g., both food options contain higher carbohydrates than the nutrient target), 

the animals can only approximate the nutrient targets based on different rules of nutri-

tional compromise (Figure 1.9c). Specifically, protein-prioritising animals would aim for 

 
Figure 1.9. Feeding trajectory and rules of compromise in the Geometric Framework for 

Nutrition. (a) Nutritional rails (dashed) determined by the nutrient composition of food options span an 

achievable nutrient state space (yellow area). The star sign indicates the optimal nutrient target. (b) Nutrient 

targets between the nutritional rails can be achieved by distributing choices between the two food options. 

Blue arrow: food A; red arrow: food B,. (c) When the nutrient target lies outside of the achievable space, 

surrogate targets (X, Y, Z) will be adopted depending on the rules of compromise. X: protein-prioritising; Y: 

energy-maximising; Z: carbohydrate-maximising.  
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target X, which has the identical protein content with the nutrient target; whereas carbo-

hydrate-prioritising animals would aim for target Z to match the optimal carbohydrate 

level. Animals who value both nutrients equally (i.e., energy-maximising) would consume 

certain level of both nutrients and arrive at the orthogonally projected nutrient state (tar-

get Y), which are closest to the nutrient target. Thus, the GFN reveals how animals defend 

their nutrient targets based on internal nutrient states and nutrient availabilities. We 

will compare the nutrient balance of monkey food choices with the approximated optimal 

targets based on the reference diets using this technique (Chapter 3). In controlled nu-

trient choice paradigms, these feeding trajectories and the nutrient targets reveal the dy-

namic nutrient choice patterns and the final nutrient balance, which help to identify neu-

ronal signals that are correlated with nutrient decision-making and its nutritional conse-

quences. 

 

1.3.2  Protein leverage hypothesis 

Based on the robust homeostatic control of protein intake across species, the Protein 

leverage hypothesis explains the global obesity epidemic by the compensatory protein in-

take from modern diets consisting of highly processed foods low in protein but rich in fat 

and carbohydrates. In this hypothesis, animals increase their food intake to achieve the 

targeted protein consumption from the modern low-protein diet. However, this physiolog-

ical mechanism inadvertently increases carbohydrate and fat consumption, leading to 

overeating and obesity in humans (Gosby et al., 2014; Simpson & Raubenheimer, 2005). 

Conversely, a high-protein diet leads to rapid satiation and early termination of food con-

sumption. This hypothesis has been supported by evidence across species (Sørensen et al., 

2008), including humans (Simpson et al., 2003). Importantly, in a clinical trial that pro-

vided diets with different protein levels to lean human subjects, the compensatory protein 
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intake lead to higher hunger levels after meals and overconsumption of carbohydrates 

and fat (Gosby et al., 2011). This offer-dependent nutrient balance supports the hypothe-

sis that changes in modern diet compositions contribute to the global obesity epidemic. 

More importantly, it suggests increasing the protein level of food options as a solution to 

this global health crisis. Thus, understanding the neural control of nutrient intake can 

help guide healthier food design, which leads to optimal nutrient balance without com-

promising the pleasure of eating. 

The nutritional framework of food choice recognises the importance of physiological 

regulation in animal feeding and how adaptive food choices lead to nutrient balance and 

evolutionary fitness (Houston et al., 1999; Illius et al., 2002). This multiscale approach 

links short-term food choices to intermediate nutritional states and ultimately to the long-

term fitness, such as disease, ageing, and longevity (Solon-Biet et al., 2014, 2015). Accord-

ingly, nutritional selection pressure likely shapes the evolution of animal reward system 

for nutrient-adaptive food choices. These concepts open up scientific research into the 

neurophysiology of primate nutrient choice and advance our understanding of nutritional 

health (Raubenheimer & Simpson, 2016) and nutrient-based precision medicine (Ponton 

et al., 2011, 2013; Simpson et al., 2017). 

 

1.4  Primate amygdala and dietary choice 

In this thesis, we aim to examine nutrient reward processing, sensory integration 

and reward valuation in the primate amygdala. Although several other brain structures 

have been implicated in reward processing, including the ventral tegmental area, the nu-

cleus accumbens, substantia nigra, striatum, the prefrontal cortex, the lateral habenula 

(Haber & Knutson, 2010; Schultz, 2015), the amygdala is a strong candidate for 
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processing nutrient information based on its anatomical connections and previous neuro-

physiology studies. 

The amygdala is a cluster of neurons in the anterior medial temporal lobe. Early 

investigation into the amygdala focused on its role in negative emotion and fear learning 

(Davis, 1992), followed by neuropsychological observations in human patients (Adolphs et 

al., 2005; Amaral & Adolphs, 2016). However, the amygdala has received increasing at-

tention in reward learning (Paton et al., 2006; Rudebeck et al., 2017), economic decision-

making (Grabenhorst et al., 2012, 2016; Jezzini & Padoa-Schioppa, 2020) and social in-

teractions (Adolphs et al., 1998; Chang et al., 2015; Grabenhorst et al., 2019; Munuera et 

al., 2018). Notably, the amygdala is also critical for the control of food consumption. For 

instance, hyperphagia and inappropriate eating have been observed after bilateral amyg-

dala ablation in human surgical patients (Terzian & Ore, 1955; Vannemreddy & Stone, 

2017) and rhesus monkeys (Klüver & Bucy, 1939). Anatomically, the amygdala receives 

multisensory inputs (Morrow et al., 2019) from sensory cortices, encodes gustatory infor-

mation (Kaskan et al., 2019; T. R. Scott et al., 1993), and projects to the prefrontal cortex, 

hypothalamus, ventral striatum, and the brainstem autonomic nuclei (Price et al., 1987).  

Series of neurophysiological recordings in monkeys have investigated the role of 

amygdala neurons in processing sensory food properties. These studies have identified a 

subset of primate amygdala neurons that encode oral fat content. These fat-sensitive neu-

rons respond to oral fat texture rather than the chemical constituents because they also 

respond to non-fat oil, including silicone oil and mineral oil, but not to fatty acids, e.g., 

linoleic acid and lauric acid (Kadohisa et al., 2005). Importantly, two key texture param-

eters ── viscosity and sliding friction coefficients── implicated in oral fat detection ex-

plain the neuronal responses to oral fat. Early reports suggest that the amygdala fat-

sensitive neurons encode the viscosity of oral fat based on neuronal responses correlated 
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with viscosity from 1 to 10,000 cP in cellulose solutions. However, recent reanalyses of the 

results maintain that the fat-sensitive neurons are actually coding oral sliding friction 

rather than viscosity, whereas a separate population of non-fat-sensitive neurons in the 

amygdala respond to viscosity but not sliding friction (Rolls et al., 2018).  

To disentangle the influences of viscosity and sliding friction on fat-responsive sig-

nals and identify the sensory inputs to support nutrient representations in the amygdala, 

we will refine previous measuring techniques to accurately estimate the oral textural pa-

rameters and include both texture parameters in multiple regression analysis along with 

other task variables to analyse the neuronal signals. Additionally, we aim to extend the 

nutrient-responsive signals from direct oral liquid stimulation to indirect reward-predict-

ing visual cues, because visual-based value signals are necessary for decision computa-

tions in the brain. Together, we aim to establish a novel paradigm featuring nutrient-

controlled liquid rewards, biologically mimicking texture measurement techniques and 

controlled behavioural tasks suitable for primate single-neuron recording to investigate 

the neuronal representations of nutrient information in rhesus monkeys. 

 
Figure 1.10. Nutrient neurophysiology framework. Nutrient neurophysiology bridges sensory neurosci-

ence with neuroeconomics to study the neural mechanisms for nutrient-based food choices across sensory 

integration, reward valuation, and value-based decision computation. This approach provides a mechanistic 

understanding of nutrient-based food choices observed in ecology foraging studies. 

 



Overview of the thesis 

 

1–35 

1 
1.5  Overview of the thesis 

In this thesis, I investigate the behavioural principles and neuronal mechanisms 

of primate feeding behaviour from the perspectives of nutrient selection. In Chapter 2, I 

will describe the design of the nutrient-defined rewards necessary for dissociating the 

sensory and nutrient properties of food rewards in behavioural and neurophysiological 

studies in macaques. In particular, I develop the engineering tools and techniques for 

characterising the orosensory properties of foods, including the viscosity and coefficient of 

sliding friction (CSF). In Chapter 3, I will demonstrate that the monkeys assign subjec-

tive values to these nutrient constituents, supporting our nutrient-based framework of 

decision computation. I will first present and validate a novel repeated-choice paradigm 

for macaques involving liquid rewards with defined nutrient and sensory profiles. Next, I 

will use this paradigm to quantify the subjective nutrient values of individual animals 

from their choices, link these values to the nutrient-correlated oral-texture properties and 

explore implications for ecological, economic and reinforcement-learning models. In 

Chapter 4, I will examine how monkeys update nutrient values in a changing environ-

ment by extending the nutrient-choice paradigm to a learning situation. This allows for 

investigating how specific nutrients influence reinforcement learning in macaques, con-

trasting the influences of fat and sugar on reward learning, and testing whether canonical 

reinforcement learning models can be usefully extended by incorporating nutrient-specific 

learning parameters (Table 1.2). Finally, in Chapter 5, I will study the activity of single 

amygdala neurons in response to visual cues predicting nutrient-defined rewards, to de-

termine whether amygdala neurons encode computational information for nutrient food 

choices (Table 1.2). We will report newly identified functional neuron types that encode 

nutrient decision variables across neural computational levels (Figure 1.10), from 
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sensory inputs, intermediate nutrient representations to integrated value signals. Dis-

secting these neuronal signals informs our understanding of circuit mechanisms and com-

putational principles underlying primate nutrient decision-making. Throughout these 

studies, the defined nutrient compositions and well-characterised physical properties of 

food rewards allow for identifying critical reward attributes that control food choices and 

elicit neuronal responses in monkeys, therefore providing mechanistic understanding in 

the neural regulation of adaptive food choices in primates. In Chapter 6, I will integrate 

the experimental results into a unified neural computational framework for nutrient de-

cision-making and discuss implications related to primate evolution and potential clinical 

translation to human obesity and overeating.  

Together, the nutrient neurophysiology framework defined in this thesis bridges 

sensory neuroscience with neuroeconomics to study the neural mechanisms for nutrient-

based food choices observed in ecology foraging studies, from sensory integration, reward 

valuation to value-based decision computation (Figure 1.10). This interdisciplinary ap-

proach brings the physiological concepts of nutrient regulation into economic decision-

making and reinforcement learning and refines reward design and preparation in neuro-

science research. Ultimately, we aim to uncover unrecognised nutrient representations in 

Table 1.2. Open questions addressed in the thesis. 
Open questions Approach in the thesis 
◼ How do key macronutrients and nutrient-correlated sensory food 

properties influence monkeys' subjective values and choices? Chapter 3 

◼ How do key macronutrients guide monkeys' choices in a dynamic re-
inforcement-learning environment? Chapter 4 

◼ How can formal economic and reinforcement learning models be ex-
tended by the nutrient value components? Chapter 3, 4 

◼ How do amygdala neurons process information about specific nutri-
ents and related sensory food properties? Chapter 5 
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nonhuman primates and understand general principles of learning and decision-making 

for nutrient rewards in rhesus monkeys. 
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2 Nutrient-defined liquids 
and textural properties 

 

 

 

Introduction 

Nutrient and sensory food properties have long been implicated to influence food 

choices (Graaf, 2007; Jürkenbeck & Spiller, 2021; Leng et al., 2017). In particular, the 

acceptance and evaluation of foods critically depend on the mouthfeel during oral pro-

cessing (Drewnowski, 1987; Guinard & Mazzucchelli, 1996). Unlike taste and flavour, 

which are sensed by the activation of chemosensory receptors by food molecules, mouth-

feel is primarily sensed by physical interactions with perioral mechanosensory receptors 

(Stokes et al., 2013). In particular, fat and sugar contribute to attractive sensory features 

of calorie-rich foods that lead to overeating and obesity. However, the direct link between 

nutrient content and food choice has not yet been established due to ill-defined sensory 

properties of food rewards in decision research paradigms. Laboratory-based controlled 

choice tasks have been developed to record trial-by-trial choices in well-trained monkeys 

to investigate the systematic choice patterns and the underlying neural mechanisms. 

However, most previous studies motivated the monkeys using only a single reward type, 

such as water or fruit juice, or multiple reward types without characterising their nutrient 

and sensory properties. Thus, the lack of attention to the nutrient and sensory properties 
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of food rewards precludes the investigation of physical basis of reward value, a long-ig-

nored aspect in value-based decision-making. 

Here, to address this issue and to precisely manipulate the nutrient content of foods, 

we develop nutrient-defined liquid rewards that differ only in specific nutrient content. 

Because the sensory properties of choice objects provide inputs to the neural decision com-

putations, the value of food must be, at least partly, derived from its textural properties. 

To test this hypothesis, we combine texture studies including food rheology and food tri-

bology to characterise the nutrient and sensory features of foods, aiming to examine how 

the reward system integrates these features to evaluate foods and guide food choices. 

These nutrient-defined liquid rewards, combined with controlled choice tasks constitute 

a promising behavioural paradigm for investigating nutrient-based food choices and the 

underlying neural mechanisms. 

 

2.1.1  Nutrient-associated oral texture perception 

Several physical parameters have been linked to the distinct mouthfeel of nutrients. 

For instance, “creaminess”, an important fat-related mouthfeel, is related to the percep-

tion of “thickness” and “smoothness”, which depends on the viscosity and frictional forces 

as follows (Kokini & Cussler, 1983), 

 𝑐𝑟𝑒𝑎𝑚𝑖𝑛𝑒𝑠𝑠 ∝ 𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠0.54 × 𝑠𝑚𝑜𝑜𝑡ℎ𝑛𝑒𝑠𝑠0.84 (2.1) 

 𝑠𝑚𝑜𝑜𝑡ℎ𝑛𝑒𝑠𝑠 = 1 𝜇𝑁𝑇𝑜𝑛𝑔𝑢𝑒⁄  (2.2) 

, where 𝜇 is the sliding friction coefficient at the tongue-palate interface, 𝑁𝑇𝑜𝑛𝑔𝑢𝑒 is the 

normal force applied by the food on the tongue. Therefore, the attractive “creamy” mouth-

feel of fat-rich foods derives both from its consistency and the reduced friction between 

tongue and palate (Chen & Eaton, 2012; Chojnicka-Paszun et al., 2012; de Wijk et al., 
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2003; de Wijk, Wulfert, et al., 2006; Frøst & Janhøj, 2007; Meyer et al., 2011). This psy-

chophysical relationship that links descriptive nutrient-associated mouthfeel perceptions 

to measurable physical parameters illuminates the promise for identifying the physical 

basis of nutrient preferences. 

 

2.1.2  Rheology and tribology of dairy-based liquids 

Milk is typically the earliest fat-containing liquid consumed by infant mammals after 

birth. Its distinct nutrient and sensory properties prime the early food preference and 

shape future feeding behaviour (Ventura & Worobey, 2013). In modern society, milk and 

dairy products constitute important ingredients in everyday food formulations, such as 

cream, butter, ice cream, and cheese, etc. Therefore, milk-based liquids have been the 

focus of texture analysis in food science, and are valid food rewards for testing human-

like nutrient selection in monkeys. 

Texture analysis of dairy-based liquids 

We combined engineering techniques in food rheology and food tribology to charac-

terise the textural properties of dairy-based liquid rewards in oral-like conditions. In par-

ticular, rheology describes the flow and deformation of materials in response to external 

force (Barnes et al., 1989); tribology characterises the lubrication behaviour between 

shearing surfaces. In the oral processing of food, the initial mouthfeel is governed by the 

bulk deformation (rheology) and gradually dominated by the surface lubrication (tribology) 

(Chen & Stokes, 2012). Therefore, rheology and tribology capture different phases of oral 

processing and are both required to account for the mouthfeel of liquid foods (Pollen et al., 

2004; Terpstra et al., 2005). 
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Rheology 

The creamy and fatty mouthfeel of milk has been linked to the increased viscosity 

associated with the fat content (Akhtar et al., 2005; Kokini et al., 1977; Moore et al., 1998; 

Phillips et al., 1995; Vélez‐Ruiz et al., 1997). However, although some studies identified a 

linear increase in viscosity with the fat content in milk (Bakshi & Smith, 1984), incon-

sistent results were reported (Laguna et al., 2017). Importantly, foods with similar rheo-

logical properties can be distinguished by their lubrication properties (Selway & Stokes, 

2013). For instance, rheology-matched full-fat and low-fat liquids might demonstrate dis-

tinct lubrication properties (Selway & Stokes, 2013). This distinction suggests oral fat 

texture not only depends on viscosity but also on its lubrication property (de Wijk & Prinz, 

2005; Laguna et al., 2017). 

 

Tribology 

Tribology, the study of flow and lubrication, has been applied in food products to 

characterise the surface interaction of foods in the oral cavity (Chen & Stokes, 2012; Pra-

dal & Stokes, 2016; Shewan et al., 2019; Stokes et al., 2013). Importantly, oral sliding 

friction is inversely correlated with subjective ratings of fat-related mouthfeels, includ-

ing ”smoothness” (Kokini, 1987; Malone et al., 2003) , “fattiness” (de Wijk, Terpstra, et al., 

2006; Malone et al., 2003), and “creaminess” (Chojnicka-Paszun et al., 2012; de Wijk, Terp-

stra, et al., 2006; Dresselhuis, de Hoog, Cohen Stuart, Vingerhoeds, et al., 2008; Janhoj et 

al., 2009; Meyer et al., 2011). Therefore, oral tribology has been considered the primary 

mechanism for oral fat sensing. However, unlike viscosity, oral tribology is not a material 

property that derives only from the intrinsic properties of liquids. Instead, it is a system 

property that critically depends on the shearing surface (Pradal & Stokes, 2016). 
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Therefore, choosing a biologically realistic surface for tribology measurement is of para-

mount importance to account for subjective food perception.  

 

2.1.3  Biologically realistic conditions for texture analysis 

Shearing surface 

Oral lubrication is primarily assessed by the relative motion between the tongue and 

the palate under specific surface conditions. Various artificial materials have been applied 

to oral tribology measurement to emulate the consistency of biological oral tissue. In par-

ticular, these materials were engineered to mimic the surface properties of the tongue, 

including the elasticity, roughness, and hydrophobicity (Bongaerts, Fourtouni, et al., 2007; 

de Hoog et al., 2006; Dresselhuis et al., 2007). However, the unique microstructure and 

surface interaction of the lingual surface cannot be completely replaced by artificial ma-

terials. For instance, silicone elastomer, such as polydimethylsiloxane (PDMS), is a bio-

mimetic material widely used in oral tribology experiments because its surface property 

can be flexibly adjusted during manufacturing (Tsui et al., 2016). However, hydrophilic 

coating is required before the hydrophobic PDMS can be used in oral tribology measure-

ment (Selway & Stokes, 2013). Thus, despite the inhomogeneity and variations across 

lingual tissue, animal tongues are so far the only material that approximates the shearing 

surface in oral lubrication (Stokes et al., 2013). 

 

Lubrication regimes of liquids 

Importantly, mouthfeel derives from the dynamic orosensory process (see Introduc-

tion). In particular, food texture is most implicated in the mixed lubrication regime, where 

both the bulk property and the surface lubrication influence the sliding friction. In the 

Stribeck curves, the higher entrainment speed leads to a thicker lubricating film that 
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reduces the sliding friction for most liquids (Prinz et al., 2007). Thus, applying similar 

patterns and magnitudes of external force in the texture analysis is necessary to reveal 

the realistic texture and mechanical stimulus sensed in the oral cavity. 

 

2.1.4  Summary 

In this chapter, we first describe the critical considerations when designing nutrient-

defined liquid rewards. We identify possible factors that need to be controlled to isolate 

the influences of nutrient content on texture. Next, we characterise the nutrient compo-

sition of these liquids and their physical texture properties by measuring their viscosity 

and sliding friction under oral-like conditions. Finally, we discuss special considerations 

in the composition design, liquid preparation, and texture measurement that enhance the 

validity of ex vivo texture parameters in reflecting intra-oral sensory stimulation during 

oral manipulation. These careful preparations lay a critical foundation for rigorous inter-

pretation and conclusions for nutrient-related behavioural and neuronal responses in the 

following chapters. 

 

Methods 

2.2.1  Nutrient reward preparation 

Commercial milk, cream, and fruit juices were used to prepare nutrient-controlled 

liquid rewards. that were to be used in repeated-choice tasks in macaques (described in 

the following chapters). The main stimulus set consisted of a 2 x 2 factorial design with 

sugar and fat as factors and included a low-fat low-sugar liquid (LFLS), a low-fat high-

sugar liquid (LFHS), a high-fat low-sugar liquid (HFLS) and a high-fat high-sugar liquid 

(HFHS). In addition, we used a high-fat low-sugar cream-based stimulus, water, diluted 

fruit juice, and a low-fat high-sugar stimulus prepared with food thickeners to mimic the 
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texture of the high-fat stimuli. First, we based on commercial whole-milk and skimmed 

milk (British skimmed milk and British whole milk, Sainsbury's Supermarkets Ltd., UK) 

as baseline fat level and adjusted the sugar content using white caster sugar (Sainsbury’s 

White Caster Sugar, Sainsbury's Supermarkets Ltd., UK). Using the flavoured skimmed 

milk as the low-nutrient baseline reference, we added sugar to the whole milk to equate 

its sugar content with the LFLS liquid to prepare the LFHS liquid. For the LFHS liquid, 

we titrated the sugar content of the skimmed milk until the added sugar was isocaloric to 

the fat content difference between HFLS and LFLS (27.2 kcal/100 mL = 6.8 g sugar/100 

mL). We further added sugar to the whole milk to the higher sugar level to prepare the 

HFHS liquid. By keeping LFHS and HFLS isocaloric, we normalised the amount of addi-

tional fat and sugar to their contained calories as a common scale for comparison. The 

diluted cream was prepared by diluting single cream (Sainsbury's British Single Cream, 

Sainsbury's Supermarkets Ltd., UK) with water and adding the same amount of fruit 

juice as in the factorial stimuli. Carboxymethyl cellulose (CMC, Sigma-Aldrich, Merck, 

USA), an odourless, tasteless, and widely used food thickener was added to the LFHS 

liquid to mimic the high-viscosity high-fat liquids without changing the actual nutrient 

composition and the taste of the liquid.  

The liquids were flavoured with peach juice (Robinsons Fruit & Barley Peach Squash, 

Robinsons Soft Drinks Ltd, UK) or blackcurrant juice (Ribena© Blackcurrant Squash, Lu-

cozade Ribena Suntory Ltd, UK) and were prepared and stored under 4°C for 24 hours 

before the experiments. We closely monitored the liquid temperature during the experi-

ments using an infrared thermometer (Etekcity Lasergrip 1080 Non-contact Digital Laser 

IR Infrared Thermometer, Etekcity Co., USA). All liquids were delivered to the monkeys 

at 17 ± 2°C. 
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2.2.2  Rheology measurement 

We measured the viscosity of our liquid rewards at the Rheology Centre of the 

Department of Chemical Engineering, University of Cambridge, using a coaxial rotational 

viscometer, Rheometric Scientific ARES controlled strain rheometer (Figure 2.1a; TA 

Instruments, USA). According to the Margules equation (Margules, 1881), the viscosity 

measured by the coaxial rotational viscometers is  

 𝜂 = (
𝑀

4𝜋ℎΩ
)(

1
𝑅𝑏2

−
1
𝑅𝑐2

) (2.3) 

, where 𝜂 is the viscosity; 𝑀 is the torque on the bob or cup; Ω is the angular velocity of 

the system; ℎ is the length of bob in contact with the fluid; 𝑅𝑏 is the radius of the inner 

bob; and 𝑅𝑐 is the radius of the outer cup (Figure 2.1b). Given the geometry of an in-

strument, the equation can be simplified as 

 𝜂 = 𝐾𝑀
Ω⁄  (2.4) 

, where 𝐾 is the instrument constant (1 4⁄ 𝜋ℎ)(1 𝑅𝑏2⁄ − 1 𝑅𝑐2⁄ ). For instance, the Couette 

geometry we used in our measurement was as follows: cup diameter (𝑅𝑐) = 34.0 mm, bob 

diameter (𝑅𝑏) = 32.0 mm, bob length (ℎ) = 34.0 mm. 

  

 
Figure 2.1. Coaxial rotational viscometer. (a) Coaxial rotational viscometer and the closeup view of the 

system. (b) Schematic diagram of the Couette geometry (adapted from Bourne, 2002, p. 244). Ω: angular 

velocity, 𝑅𝑏: bob radius, 𝑅𝑐: cup radius, ℎ: bob height.  
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The viscosity was measured by carrying out shear rate sweeps from 100 s-1 to 0.1 s-1 

or 1 s-1 (reverse sweep) after allowing the samples to equilibrate at the experimental tem-

perature for 300 seconds. We measured the samples at 18.5 ºC (delivered temperature), 

25 ºC (room temperature), and 37.5 ºC (body temperature). We used the measurement at 

18.5 ºC in our analysis based on the temperature of the testing liquids (17 ± 2°C) measured 

during the experiments. Once the sample reached the targeted temperature, the cup first 

rotated clockwise and then anticlockwise (two ways). In the time-sweeping measurement, 

the cup was rotated in a clockwise direction and the shear rate was fixed at 50 s-1, the 

shear rates at which the viscosity is correlated with sensory food perceptions (Cutler et 

al., 1983; Morris, 1983; Shama et al., 1973; Wood, 1968). 

 

2.2.3  Tribology measurement 

We measured the coefficient of sliding friction (CSF) for our liquid rewards at the 

Department of Engineering, University of Cambridge. To mimic the intra-oral lubricating 

conditions, we devised a bespoke tribometer using pig tongues as realistic biological 

contact surfaces (Figure 2.5, Figure 2.6). Our design featured a flat aluminium platform 

that held the flat fixed base pig tongue and a dome-shaped slider (radius = 10 cm) glued 

with a piece of tongue-tip tissue. Thus, the anatomically upper surface of each tongue was 

in contact with a nominal point contact, avoiding misalignment during the sliding process. 

The dome-shaped slider was mounted using low-friction bushings onto a track containing 

two rails, pivoted at one end. A counterweight was used to balance out the weight of the 

rail elements of the track. Thus, the normal load applied to the surface was the gross 

weight of the dome-shaped slider and tongue tip specimen (2.58 ± 0.07 N), invariant as 

the slider moved along the track. The slider was attached via a light string and pulley to 

an Instron 5544 Universal Testing machine (Instron, USA). Preliminary tests confirmed 
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that pulley friction was negligible. During testing, the moving tissue was loaded against 

the fixed base pig tongue with the testing liquids interfaced as lubricating layers. The 

Instron machine then imposed a fixed velocity (v = 16 mm/s) to the slider, while measuring 

the traction force using a load cell attached to the Instron machine. This design measured 

the sliding friction between liquids and oral tissues to approximate the oral sensing 

conditions. 

The day before testing, fresh pig tongues were obtained intact from a local abattoir 

(Leech & Sons, Royston, UK) and were gently rinsed with normal saline to remove 

residual blood and tissue fluids. Next, we retrieved the superficial 1 cm-thick, anterior 18 

cm of the tongues that fitted into the flat testing platform. The processed pig tongues were 

preserved in isotonic saline buffer (Phosphate-buffered saline, PBS, 1X, pH 7.4) under 4 

ºC overnight. On the testing day, we first prepared the contact surfaces by glueing one 18-

cm tongue on the base platform and another tongue tip (5 cm) on the surface of the dome-

shaped slider. We weighed the dome-shaped slider with the attached tongue tip to assess 

the load for calculating CSF, see Equation 2.6. Before each measurement, we rinsed both 

tongue surfaces with 10 mL of isotonic saline buffer (PBS) three times to remove residual 

testing liquids and to hydrate the tongue surfaces. Next, we loaded 30 mL of the testing 

liquids between the pig tongues and pulled the slider from the posterior tongue base 

toward the anterior tongue tip (Figure 2.6). All procedures were approved by the 

Departmental Safety Office at the Department of Engineering, University of Cambridge, 

Control of Substances Hazardous to Health (COSHH) and biohazard risk assessments. 

For the formal testing, we measured each liquid with triplicate repeats using two pairs 

of pig tongues in opposite measuring orders to cancel out possible carryover effects 

between stimuli (low-fat to high-fat liquids and reverse) (Figure 2.9). We first averaged 

the triplicate measurements for each liquid and divided them by the corresponding 
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loading force to obtain the coefficients of sliding friction along the tongue surface. We 

selected the anterior 5-7 cm of the tongues as the analysis window (Figure 2.8) because 

mechanosensory receptors mainly clustered in the anterior two thirds of the tongue (see 

Discussion), and further anterior tongue tips were too thin for stable measurements. 

Because inevitable variations in tongue conditions influenced the absolute sliding-friction 

measurement, for each pair of testing tongues we normalised the measured coefficients 

with the coefficient of water obtained from the same pair of tongues. This normalisation 

adjusted the offset in absolute measurement due to tongue surface variations and 

provided comparable results between different tongue pairs. Finally, we averaged the two 

normalised coefficients obtained from different tongues for further analyses (Error! 

Reference source not found.). 

 

2.2.4  Osmolality measurement 

We used Wescor VAPRO 5520 vapour pressure osmometer (Wescor Inc., USA) to 

measure the osmolality (mmol/kg) of the liquid stimuli. We sealed and stored the liquid 

samples in the water bath (18.5 ºC) before the measurement to avoid evaporation and 

control the testing temperature. All measurements were completed on the same day under 

identical testing conditions. 

 

Results 

2.3.1  Nutrient-defined liquid rewards 

To develop liquid rewards suitable for long-term behavioural training and neuronal 

recording in rhesus monkeys, we first tested the monkeys’ acceptability to various juice 

types and diary-based liquids (Table 2.1). We used commercial milk and cream as the 

source of dietary fat in the liquid rewards, which were flavoured with various fruit juices, 
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including blackcurrant juice and peach juice, to increase their palatability. These com-

mercial products served as the ingredients for preparing nutrient-defined liquid rewards 

(see Methods). The monkeys were generally motivated by these flavoured fat-containing 

liquids in basic binary choice tasks and performed up to hundreds of choices every day 

(Figure 3.1c), which suffice for controlled behavioural and neurophysiology experiments 

in monkeys. 

 

Criteria for nutrient-controlled liquid rewards 

To prepare nutrient-controlled liquid rewards that isolate the effect of nutrient con-

tent, we independently manipulated the nutrient content of interest (fat and sugar) while 

controlling irrelevant nutrient and sensory properties (e.g., flavour, texture, protein, and 

other ingredients). First of all, these liquids should be palatable enough to motivate the 

monkeys in the behavioural tasks. Additionally, these liquids should not impose adverse 

effects on the animals’ health and welfare after long-term consumption. We also included 

 Table 2.1. Nutrient composition of commercial products for liquid reward preparation 

 Fruit juice Milk Cream 

per 100 mL (liquid) 
per 100 g (powder) 

Peach 
5X dilution 

Blackcurrant 
10X dilution 

Alphonso 
Mango 

Skimmed 
Milk 

Whole 
Milk 

Single 
Cream 

Energy (kcal/kJ) 2 kcal 
(10 kJ) 

10.6 kcal 
(44.6 kJ) 

29 kcal 
(124 kJ) 

37 kcal 
(157 kJ) 

66 kcal 
(277 kJ) 

183 kcal 
(757 kJ) 

Fat (g) 0 0 < 0.5 < 0.5 3.7 18.0 

   Saturates (g) 0 0 < 0.1 < 0.1 2.4 11.2 

Carbohydrate (g) 0 2.38 7.1 5.0 4.7 2.1 

   Total sugars (g) 0 2.30 7.1 5.0 4.7 2.1 

Protein (g) 0 0 <0.5 3.6 3.5 3.3 

Salt (g) 0.03 0.03 <0.01 0.12 0.11 0.07 

Source: Sainsbury UK (https://www.sainsburys.co.uk) 
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additional non-nutritious liquids with the same flavour and basic sensory properties as 

the nutrient rewards to dissociate influences of nutrient content with its sensory proper-

ties on monkey behavioural and neuronal responses. 

 

Nutrient rewards with factorial fat and sugar levels 

Based on the above criteria, we prepared our main nutrient rewards following a 2 x 

2 factorial design of fat and sugar levels: the low-fat low-sugar (LFLS), the high-fat low-

sugar (HFLS), the low-fat high-sugar (LFHS) and the high-fat high-sugar (HFHS) liquids. 

First, we used commercial whole milk and skimmed milk as baseline fat levels and ad-

justed their sugar content to prepare the high-nutrient rewards (see Methods). In this 

design, fat and sugar levels were systemically manipulated while protein, salt, and juice 

flavour were tightly controlled. Therefore, pairwise comparison between these rewards 

revealed the influence of fat content at both sugar levels (LFLS vs HFLS, LFHS vs HFHS), 

sugar content at both fat levels (LFLS vs LFHS, HFLS vs HFHS), or their combined ef-

fects (LFLS vs HFHS). We introduced further variations to the nutrient levels by includ-

ing diluted cream that contained even higher level of fat and lower level of sugar, com-

pared to the factorial nutrient rewards (see Methods). 

 

Sensory control stimuli  

Additionally, we included liquids with the same flavour and sensory properties as 

the main nutrient rewards as control stimuli. We added carboxymethyl cellulose (CMC), 

a colourless, odourless, and tasteless artificial thickener, to the LFHS liquid to mimic the 

oral texture of the highly palatable HFHS liquid (see Methods). Because all liquids were 

flavoured with equal amount of fruit juice (30 mL juice in 300mL liquids), we controlled 
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the intensity of juice flavour in all stimuli except for water. Offering flavour-matched liq-

uids to the monkeys within sessions controlled the influence of flavour on choices; testing 

the monkeys with stimuli with different flavours allowed us to generalise nutrient pref-

erences across flavours. Finally, we included water as a basic control for the general mo-

tivation for liquid consumption. 

Thus, in addition to the four factorial nutrient rewards, we included diluted cream, 

thickened milk, fruit juice, and water in our stimulus set (Table 2.2). These nutrient-

controlled liquids and sensory control stimuli constituted the stimulus set for examining 

the behavioural and neuronal responses for specific nutrient content in monkeys. 

 

2.3.2  Viscosity: bulk rheology of the liquid rewards 

We measured the apparent viscosity of the liquid rewards as candidate sensory in-

puts for oral nutrient-sensing. We validated the viscosity measurement in a series of liq-

uids with different fat levels and assessed the influences of shear rates and temperature 

on viscosity measurement to approximate oral-like conditions in our measurement. Fi-

nally, we measured the viscosity of our stimulus sets to characterise physical texture pa-

rameters that account for monkeys’ choices. 

 

Viscosity increases with fat content 

We prepared milk-based and cream-based liquids, each with four fat levels, for the 

preliminary validation of the viscosity measurement. These testing liquids included 

skimmed milk, semi-skimmed milk, semi-whole milk, and whole milk for the milk-based 

liquids, and diluted cream with 6X, 4X, 3X, and 2X diluting factors (from low to high fat 

content). In both stimuli groups, the viscosity increased with fat content. Notably, while 

the viscosities of milk-based liquids were mostly stable across the testing shear rates from 
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Table 2.2. Nutrient content and texture parameters of liquid food rewards 

Peach flavour 
Factorial rewards Control liquids 

LFLS HFLS LFHS HFHS Cream Thickened Juice Water 
Juice (mL) 30 30 30 30 30 30 30 

NA 

Skimmed milk (mL) 270 0 270 0 0 270 0 

Whole milk (mL) 0 270 0 270 0 0 0 

Single cream (mL) 0 0 0 0 100 0 0 

Sugar (g) 0 0.81 20.4 21.21 0 20.4 0 

Total (mL) 300 300 300 300 300 300 300 300 

Peach flavour 

Calorie (kcal) 33.5 60.7 60.7 87.9 61.2 60.7 0.2 0.0 
Fat (g) 0.5 3.3 0.5 3.3 6.0 0.5 0.0 0.0 
Sugar (g) 4.5 4.5 11.3 11.3 0.7 11.3 0.0 0.0 
Protein (g) 3.2 3.2 3.2 3.2 1.1 3.2 0.0 0.0 
Salt (g) 0.11 0.10 0.11 0.10 0.03 0.11 0.00 0.00 

Viscosity (mPa· s)         
𝑇𝑑 = 18.5 ºC 2.47 2.75 2.68 3.24 2.94 6.61 1.43 1.29 
𝑇𝑎 = 25 ºC 1.82 4.37 2.00 7.32 4.05 4.6 1.10 0.99 
𝑇𝑏 = 37.5 ºC 1.24 2.13* 1.41 2.17 6.05 2.94 0.84 0.78 

Normalised CSF* 0.75 0.64 0.68 0.61 0.52 0.34 1.13 1.00 
Osmolality 279 288 521 530 167 531 126 124 

Blackcurrant flavour 

Calorie (kcal) 44.5 69.7 69.7 96.9 71.6 71.1 10.6 0 
Fat (g) 0.5 3.3 0.5 3.3 6.0 0.5 0.0 0 
Sugar (g) 6.8 6.8 13.6 13.6 3 13.6 2.3 0 
Protein (g) 3.2 3.2 3.2 3.2 1.1 3.2 0.0 0 
Salt (g) 0.14 0.13 0.14 0.13 0.05 0.14 0.03 0 
Viscosity (mPa· s)         

𝑇𝑑 = 18.5 ºC 2.38 2.72 2.76 3.26 4.08 7.8 1.32 1.29 
𝑇𝑎 = 25 ºC 1.78 2.18 2.16 2.59 9.38 5.97 1.19 0.99 
𝑇𝑏 = 37.5 ºC 1.31 1.61 1.52 1.84 7.45 4.09 0.80 0.78 

Normalised CSF* 0.653 0.606 0.639 0.574 0.657 0.433 0.894 1.000 
Osmolality 390 401 626 657 220 677 116 124 

𝑇𝑑: delivered temperature; 𝑇𝑎: room temperature; 𝑇𝑏: body temperature 

*Normalised CSF = coefficient of sliding friction normalised to water (CSFwater = 1.000) 
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20 s-1 to 100 s-1 (Figure 2.2a), the viscosity of cream-based liquids increased sharply at 

shear rates below 30 s-1 (Figure 2.2b). Because we adopted a reverse-sweeping protocol 

(starting from high shear rate to low shear rate) for the measurement, the increase in 

viscosity could be due to the low shear rates or prolonged measurement. 

 

Measuring the viscosity of nutrient rewards 

We measured the viscosity of our stimulus sets (2 flavours, 15 liquids in total) at 

different temperatures, including body temperature (37.5 ºC), room temperature (25 ºC), 

and the liquid temperature in the experiments (18.5 ºC) (Figure 2.3). We found that vis-

cosity of the low-fat liquids in both flavours and the blackcurrant-flavoured high-fat liq-

uids were stable across shear rates and decreased with temperature (Figure 2.3a-f). 

However, the stable viscosity of the peach-flavoured high-fat liquids at 18.5 ºC first in-

creased at room temperature (orange) and then dropped at body temperature (yellow) 

(Figure 2.3g-h). Additionally, we noticed a non-linear decrease and a sharp increase in 

the viscosity of peach-flavoured HFLS and HFHS liquid, respectively (Figure 2.3g-h). 

These deviations were likely due to interactions between peach juice ingredients and fat 

content in the whole milk.  

 
Figure 2.2. Viscosity of milk-based and cream-based liquids at room temperature (25 ºC).(a) Milk-

based liquids with 0.5 (skimmed milk), 1.4 (semi-skimmed milk ), 2.4 (semi-whole milk), and 3.3 (whole 

milk) g fat/100mL. (b) Cream-based liquids with 10 (6X), 15 (4X), 20 (3X), and 30 (2X) g fat/100mL. 
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For the control stimuli, the time-dependent increase in the viscosity of diluted cream 

was more evident in higher temperatures (Figure 2.4a, e). Additionally, after adding the 

artificial thickener CMC to the LFHS liquid, the viscosity almost tripled in both flavours 

 
Figure 2.3. Viscosity of the nutrient-controlled liquid rewards.Blackcurrant-flavoured liquids (a-d) and 

peach-flavoured liquids (e-h). Curve colours indicate viscosity measured at the delivered temperature (blue, 

18.5 ºC), room temperature (orange, 25 ºC), and body temperature (yellow, 37.5 ºC), respectively. 

 

 

Figure 2.4. Viscosity of the sensory control stimuli. Blackcurrant-flavoured liquids (a-c), peach-flavoured 

liquids (e-g), and water (d). Curve colours indicate viscosity measured at the delivered temperature (blue, 18.5 

ºC), room temperature (orange, 25 ºC), and body temperature (yellow, 37.5 ºC), respectively. 
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but remained stable across shear rates (Figure 2.4b, f). For water-based liquids, the vis-

cosity of water was comparable to the standard viscosity (Figure 2.4d) across testing 

temperatures (the viscosity of water at 20 ºC is defined as 1 mPa·S) (Swindells et al., 1952), 

confirming the validity of our system. The viscosity of blackcurrant juice and peach juice 

were close to that of water but decreased with temperature as the other stimuli (Figure 

2.4c, g). Thus, the viscosity decreased with temperature but was stable across shear rates 

in our stimulus set except for the cream-based and peach-flavoured high-fat liquids. 

2.3.3  Friction: surface tribology of liquid rewards 

To measure sliding friction under oral-like conditions, we collaborated with Professor 

Michael Sutcliffe from the Department of Engineering at the University of Cambridge to 

devise a custom-designed tribometer using biological tissue. We first drafted the initial 

design and constructed the rig in the departmental workshop (Figure 2.5). Because oral 

 
Figure 2.5. Schematic diagram of tribometer design. Initial design of the tribometer included an alu-

minium platform and a dome-shaped slider (diameter = 10 cm). Hand drawn by Professor Michael Sutcliffe. 
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lubrication depends critically on surface conditions, choosing a biologically realistic con-

tact surface is a prerequisite for linking tribological measurement to food perception (Pra-

dal & Stokes, 2016). Therefore, based on primilinary testing results (see Methods), we 

decided to use pig tongues as the shearing surface in our tribometer. Importantly, we 

minimised carrying-over effects from previous measurements by averaging the results 

from forward and reverse testing sequences and reduced the influence of tongue-to-tongue 

variations by normalising the results with the sliding friction of water to control variable 

surface conditions across tongues (see Methods). We first validated this method in a series 

of fat-containing liquids and applied this approach to measure the sliding friction of our 

stimuli.   

Principles of sliding friction measurement 

Coefficient of sliding friction is defined as the quotient of friction force and the normal 

force (load). Thus, we designed a dome-shaped slider with a consistent nominal contact 

point at the interface when the slider was pulled against the testing liquids to measure 

sliding friction. According to Newton’s First Law of Motion, when the system is moving at 

a constant velocity,  

 𝐹 − 𝜇𝑁 = 0 (2.5) 

 𝜇 =
traction force (F)
loading force (N ) =

traction force measured by the tensile machine
total weight of the slider and the fixed tongue tip (2.6) 

, where F is the applied force (traction) by the Instron machine, N is the normal force 

(load), and 𝜇 , the coefficient of sliding friction. Therefore, when the traction force is 

parallel to the contact surface at a constant velocity, the coefficient of sliding friction is 

the unit force required to maintain a constant velocity of the system. 
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Contact material 

To choose the appropriate shearing material for oral friction measurement, we tested 

bare metal (aluminium) and commonly used silicone rubber under two entrainment 

speeds (low speed: 8 mm/s; high speed: 16 mm/s).  

Bare metal surface 

First, we measured sliding friction directly on the bare metal surface and compared 

the results before and after applying prototypical lubricants, including high-fat milk , ar-

tificial thickener, and soap water (Figure 2.6, Table 2.3) to the interface. For all liquids, 

CSF at the low speed (8 mm/s) was slightly higher and more stable than CSF at the high 

speed (16 mm/s). However, the system could not distinguish fat-rich liquids and thickened 

liquids from reference liquids, but only showed a slight decrease in sliding friction with 

soap water. Thus, the high friction between bare metal surfaces dominated the sliding 

friction measurement of lubricating liquids and was therefore not sensitive enough to dis-

tinguish the fat contents in dairy-based liquids.   

 

Figure 2.6. Custom-designed tribometer using pig tongue as contact surface. (a) The device included 

an aluminium platform (red square) attached with a complete pig tongue (bottom), and a slider with a fixed 

pig tongue tip mounted to two parallel sliding rails connected to the Instron tensile machine via a low-friction 

pulley. (b) Schematic diagram of the device. F: the applied force (traction) by the Instron machine; N: the load 

perpendicular to the contact surface (normal force); 𝜇: coefficient of sliding friction (CSF); 𝑚: aggregate mass 

of the slider; 𝑔: gravitational constant. 
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Silicone rubber 

Next, we tested silicone rubber, a commonly used surface material in oral tribology 

for our purpose. We measured the sliding friction with silicone on both sides (silicone-

silicone), on only one side (silicone-metal), or without silicon (metal-metal) (Table 2.4). 

However, the silicone rubber produced even higher intrinsic sliding friction than between 

the bare metal surface This intrinsic friction was comparable in one-sided or both-sided 

silicone interface, but the silicon-metal interaction varied more in silicone-metal interface 

than in silicone-silicone interface (16.8% vs 3.42%). Therefore, the roughness of silicone 

rubber also masked the sliding friction of the liquid samples and therefore not ideal for 

our purpose. 

  

Table 2.3. Sliding friction measurement using bare metal surface and common lubricants.  

Liquid Entrainment speed (mm/s) CSF (mean ± percentage variance) 

Low-fat milk  
 

8 
16 

0.30217 ± 1.3902 % 
0.27671 ± 7.6527 % 

High-fat milk 
 

8 
16 

0.30006 ± 2.3475 % 
0.27100 ± 7.4789 % 

Low-fat milk + CMC 
 

8 
16 

0.30169 ± 2.2610 % 
0.27118 ± 8.9047 % 

Water 16 0.30427 ± 5.8843 % 
Water + soap 16 0.20203 ± 9.4292 % 

CMC: carboxymethyl cellullose 

Table 2.4. Sliding friction measurement between contact materials. 

Material only (without liquid) Entrainment speed (mm/s) CSF  (mean ± percentage variance) 

Silicone-silicone 16 0.58538 ± 3.4184 % 
Silicone-metal 16 0.58033 ± 16.8028 % 
Metal-metal 16 0.25275 ± 4.8137 % 
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Pig tongue 

To capture the flow behaviour and lubrication of liquid foods in oral-like conditions, 

we next used pig tongues as biologically realistic surface material (de Hoog et al., 2006; 

Dresselhuis, de Hoog, Cohen Stuart, & van Aken, 2008; Zundel et al., 2018). We acquired 

fresh pig tongues from a local abattoir the day before the testing day and carefully pre-

pared the tissue without damaging the tongue surface (see Methods). Specifically, we in-

corporated one complete pig tongue as the base surface and a piece of glued tongue tip on 

the dome-shaped slider connected to an Instron tensile machine (Figure 2.6). We flat-

tened the lingual tissue by slicing the pig tongues horizontally before fixing it onto the 

platform. Additionally, we constructed two sliding rails parallel to the platform to which 

the slider was mounted to ensure stability during testing (see Methods). 

Validation in fat series 

 We validated the influence of fat content on oral friction in a series of fat-containing 

liquids, including skimmed milk, whole milk, and diluted cream; water was included as 

the fat-free reference liquid. The CSFs decreased with the fat content (Figure 2.7). The 

narrow confidence intervals indicated reliable CSF estimates. Thus, our measuring con-

dition reflected the reduced friction of fat content during oral processing of liquid foods. 

 
Figure 2.7. Coefficient of sliding friction (CSF) decreased with fat content. The CSF profiles of liquids 

with fat content: 0 (water, blue), 0.5 (skimmed milk, orange), 3.3 (whole milk, yellow), and 6 (diluted cream, 

purple) g/100mL. All liquids were measured at room temperature (25 ºC), with a load of 2.58 N and entrain-

ment speed v = 16 mm/s. Shades indicate 95% confidence interval. 

 



Results 

 

2–23 

2 

 

  

 
Figure 2.8. Anatomical areas of the tongue. The posterior tongue (P) was 3 to 5 cm, the middle tongue 

(M) was 5 to 7 cm, the anterior tongue (A) was 7 to 9 cm anterior to the starting point at the tongue base. 

 

 

 
Figure 2.9. Sliding friction of nutrient liquid rewards. Peach flavour (a-b) and Blackcurrant flavour (c-

d). We measured the sliding friction in increasing (a, c) and decreasing fat content (b, d). Each CSF profile is 

the average result from triplet repeats. Shades indicate 95% confidence interval (CI). The anterior (A, blue), 

middle (M, green), and posterior (P, yellow) part of the tongue are indicated in rectangular shades. 
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Measuring sliding friction of nutrient rewards 

Finally, we measured the CSF of the nutrient rewards across different tongue areas 

(Figure 2.8, Figure 2.9). Although we rinsed the tongues with isotonic buffer solution 

between each testing (see Methods), the residual high-fat liquid might still reduce the 

friction of the following sample. Particularly , we found that the surface coating of cream 

was difficult to remove with saline, therefore influencing the measurement of liquids fol-

lowing creamy smaples. For instance, the CSF of the HFHS liquid measured before cream 

(Figure 2.9a) was lower than measured after cream (Figure 2.9b). To eliminate such 

carrying-over effects, we measured each liquid in two pairs of tongue samples, one in in-

creasing fat content (forward testing) and the other in decreasing fat content (reverse 

testing) (Figure 2.9a-d, figure legends). By averaging these two results, we cancelled 

out the influence from the preceding liquid on the friction measurement. 

 

 

 
Figure 2.10. Representative CSF estimates of the nutrient rewards set in anterior tongue. (a) Peach 

flavour. (b) Blackcurrant flavour. The mean CSF estimated for each reward was derived from the average 

CSF measurement of triplet repeats within the anterior part of the tongues (7 to 9 cm from tongue base); the 

entrainment speed (v) was 16 mm/s. (mean ± s.e.m.) 
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Analysis window selection 

The distinct anatomy across the anterior(A), middle (M) and posterior (P) parts of the 

tongue generated dynamic CSF profiles throughout the measurement (Figure 2.9). How-

ever, to derive a single representative value for each liquid, we compared the CSF results 

within each part of the tongue to identify a representative analysis window that approxi-

mated the oral friction of liquid rewards. Because we pulled the slider from the tongue 

base towards the tongue tip, the posterior (P), middle (M), and anterior (A) tongue were 

each defined as 3 to 5 cm, 5 to 7 cm, and 7 to 9 cm anterior to the starting point at the 

tongue base, respectively. Importantly, the CSF of most liquids peaked in the posterior 

part of the tongues and showed the greatest differentiation in the anterior part of the 

tongues (Figure 2.9, Table 2.5). Based on the developmental, anatomical, and physiolog-

ical distinction between the anterior and posterior part s of the tongue, we selected the 

anterior tongue as the analysis window to represent the oral friction for the nutrient liq-

uids (see Discussion).  

 

Normalise the variations of tongue surface 

Surface variations across tongues produced systematic bias within each testing group. 

Despite the similar trend of the CSF measurement, obvious offsets between the first and 

second tongue pairs were noticed, especially in the blackcurrant-flavoured liquids (Fig-

ure 2.9c-d, Figure 2.10). To eliminate such inevitable tissue variations, we normalised 

all CSFs with the CSF of water measured by the same pair of tongues (see Methods) before 

averaging these two results (Table 2.6). Thus, we reduced the systematic bias from the 

surface variations of tongue samples and standardised the CSF of our stimulus set.  
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Discussion 

In this chapter, we developed nutrient-controlled liquids suitable for long-term be-

havioural and neurophysiology experiments in monkeys and quantified their physical tex-

ture parameters related to food perception and preference, including viscosity and coeffi-

cient of sliding friction (CSF). 

 

2.4.1  Nutrient-controlled liquid rewards 

We designed dairy-based liquids with 2 × 2 fat and sugar levels suitable to dissociate 

the influence of fat and sugar content on behavioural and neuronal reward responses. We 

used liquid rewards to precisely control the amount of reward delivery and to avoid com-

plex deformation processes in the oral cavity. While viscosity and sliding friction account 

for most of the mouthfeel of liquid foods, the perception of solid foods includes additional 

auditory and sensory feedback from perioral mechanoreceptors during mastication (Truls-

son & Johansson, 2002). The complex breakdown process from large food chunks to saliva-

Table 2.6. Normalised CSF measurement of the nutrient rewards 

Stimuli 
Peach flavour Blackcurrant flavour 

CSF1 nCSF1 CSF2 nCSF2 nCSF CSF1 nCSF1 CSF2 nCSF2 nCSF 

1 LFLS 1.0010 0.8015 0.9494 0.7043 0.7043 0.4479 0.6179 0.7781 0.6880 0.6530 

2 LFHS 0.9199 0.7366 0.8373 0.6211 0.6211 0.4404 0.6075 0.7575 0.6698 0.6387 

3 HFLS 0.8707 0.6972 0.7807 0.5792 0.5792 0.3850 0.5311 0.7709 0.6817 0.6064 

4 HFHS 0.8707 0.6972 0.7122 0.5283 0.5283 0.3922 0.5410 0.6857 0.6063 0.5737 

5 Cream 0.6527 0.5226 0.6903 0.5121 0.5121 0.4537 0.6259 0.7779 0.6879 0.6569 

6 CMC 0.4620 0.3699 0.4191 0.3109 0.3109 0.3105 0.4283 0.4940 0.4368 0.4326 

7 Juice 1.4793 1.1845 1.4412 1.0691 1.0691 0.6413 0.8847 1.0207 0.9026 0.8936 

8 Water 1.2489 1.0000 1.3480 1.0000 1.0000 0.7249 1.0000 1.1309 1.0000 1.0000 

nCSF1: CSF measurement (tongue 1) normalised with CSF of water measured by tongue 1 

nCSF2: CSF measurement (tongue 2) normalised with CSF of water measured by tongue 2 

nCSF: arithmetic mean of nCSF1 and nCSF2 
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mixed food bolus involves dynamic texture properties that are difficult to control in our 

experimental setting (Selway & Stokes, 2014). Nevertheless, oral fat detection is mainly 

driven by the coalescence of free lipid droplets (Dresselhuis, de Hoog, Cohen Stuart, 

Vingerhoeds, et al., 2008), but not the solid fat content (Liu et al., 2015). Thus, we decided 

to use liquid rewards for precise delivery control via computer-controlled peristaltic 

pumps and simplified texture profile accounted for by measurable physical parameters. 

We only manipulated the fat and sugar content of the liquids because these two nu-

trients drive the palatability of most calorie-rich foods and are therefore major contribu-

tors to modern obesity pandemic (Drewnowski, 1997). Other food constituents may also 

contribute to the intrinsic value of foods, such as protein. To reduce the influence of pro-

tein appetite on food preference, we controlled the protein content of the nutrient rewards 

and offered our monkeys a stable high-protein diet recommended for laboratory animals 

(National Research Council, 2003). Additionally, physiological requirements for essential 

micronutrients, including specific amino acids, vitamins, and various minerals, may also 

guide animal food intake because they cannot be synthesised by internal biochemical re-

actions. Thus, animals need to forage for these nutrients to maintain their physiological 

functions. However, because we decided to focus on clinically important fat and sugar 

content, we neglected the influence of micronutrients in our liquids. In future studies, 

these additional ingredients, such as detailed micronutrient content and subtypes of fatty 

acids and carbohydrates, can be controlled under standardised preparation in collabora-

tion with professional food science laboratory and the detailed ingredients can be quanti-

fied by biochemical composition analysis. 
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2.4.2  Rheology measurement 

Viscosity, the tendency to flow in liquids or semi-liquids, is one of the physical pa-

rameters linked to food perception (Kokini & Cussler, 1983). However, viscosity itself is 

not always reliably correlated with the fat content in liquids (Baier et al., 2009; Debon et 

al., 2013; Guggisberg et al., 2009; Kilcast & Clegg, 2002; Nguyen et al., 2016; Terpstra et 

al., 2009; van Vliet et al., 2009).  

The mismatch between viscosity and sensory food perception is partly due to the im-

precise estimation of viscosity in the oral cavity. First, most rheological techniques were 

established for Newtonian fluids and needed to be modified for non-Newtonian liquid 

foods. Nevertheless, homogenised milk is generally considered a Newtonian fluid (Bakshi 

& Smith, 1984; Prentice, 1972; Rao, 1977; Wayne & Shoemaker, 1988). Thus, we assumed 

that our milk-based liquids followed the Newtonian rheological behaviour. 

Second, because viscosity decreases with temperature, a realistic approximation of 

oral condition should consider the liquid temperature in the oral cavity. For instance, each 

elevated degree Celsius in tempearature increases 2.5% of the viscosity of water at 20 ºC. 

Thus, we controlled the temperature in our measurement within 0.4 ºC of the preset tem-

perature, which gives at least 0.1% measurement accuracy for the viscosity of water and 

various non-Newtonian fluids. However, the dynamic changes of temperature in food oral 

processing was simplified in the ex vivo measurement with a representative temperature 

that approximated the liquid temperature during consumption. Further refinement could 

be made if a continuous oral temperature sensor could be used to monitor the temporal 

dynamics of liquid temperature and associated viscosity changes. 

Third, time-dependent and shear-dependent rheological behaviour is also common in 

dairy-based liquids. The increase of viscosity with time (rheopexy) we noticed in the di-

luted cream has also been reported in other emulsions (Malkin et al., 2004; Reiner & Scott 
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Blair, 1967). However, because the oral retention time of liquids is typically less than 

seconds (Engelen & de Wijk, 2012), the time-dependent effect of viscosity was negligible 

for our purpose. Meanwhile, shear-thinning, the decrease of viscosity in high shear rates, 

is also typical for cream-based liquids (Rao, 2007). Therefore, the dynamic oral breakdown 

process cannot be summarised by a universal shear rate and single viscosity measurement 

(Bourne, 1975; Stokes, 2012). Nevertheless, we reduced the complex evolution of rheolog-

ical behaviour to a surrogate viscosity estimate at the shear rate that approximated the 

relative motion between tongue and palate (50 s-1) (Cutler et al., 1983; Morris, 1983; 

Shama et al., 1973; Wood, 1968).  

 

2.4.3  Tribology measurement 

Despite limited availability of pig tongues (Dresselhuis, de Hoog, Cohen Stuart, & 

van Aken, 2008), we managed to acquire fresh pig tongues from a local abattoir and pre-

served the lingual tissue immediately in physiological buffer solution overnight to pre-

serve its surface property (see Methods). Under our chosen entrainment speed (16 mm/s), 

the testing liquid cannot form a stable lubricating layer with the commonly used PDMS 

surface. Namely, the friction was dominated by the PDMS but not the testing liquids. By 

contrast, the coalescence of lipid droplets on the lingual tissue provided biologically real-

istic tribological measurements for fat-related perceptions (Dresselhuis, de Hoog, Cohen 

Stuart, & van Aken, 2008). Therefore our choice of pig tongues as the shearing surface 

reflected realistic oral lubrication and fat-related mouthfeel (Chen & Eaton, 2012).  

In particular, fat-related mouthfeel is mostly implicated in the sliding friction within 

the mixed lubrication regime (Malone et al., 2003). Although the critical entrainment 

speed between regime transitions varied, the sliding friction under the entrainment speed 

15 to 30 mm/s was best correlated with the subjective “smoothness” perception (Upadhyay 
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& Chen, 2019). Therefore, we measured our liquids in a fixed entrainment speed (v = 16 

mm/s), which was also close to the speed of relative motion between tongue and palate 

(~10mm/s) (Prinz et al., 2007). Because we only used one fixed entrainment speed, we 

cannot precisely identify the lubrication regimes in the complete Stribeck curves. Never-

theless, because the viscosity is inversely correlated with sliding friction only in the mixed 

regime but not in the hydrodynamic regime (Stokes et al., 2013), the negative correlation 

between viscosity and CSF in our results implied that our choice of entrainment speed fell 

within the mixed regime and was relevant for oral friction sensing. Thus, we validated 

that our choice of entrainment speed mimicked the physiological tongue movement and 

oral lubrication that gave rise to the subjective mouthfeel perception. Because videofluor-

oscopic studies showed that the tongue can move up to 200 mm/s (Hiiemae & Palmer, 

2003) and the load on the tongue can range from 0.01 to 90 N in various physiological 

conditions (Miller & Watkin, 1996), future studies could combine real-time ultrasonic 

monitoring (de Wijk, Wulfert, et al., 2006), intraoral sensor, or even in situ sliding meas-

urement (Mo et al., 2019) to capture these non-uniform dynamic tribological properties in 

the oral cavity. 

 

2.4.4  Texture-sensing across tongue areas 

The distinct surface characteristics across tongue areas produce dynamic CSF pro-

files in tongue-based tribology measurement (Wang et al., 2019). We selected the anterior 

part of the tongue to represent the oral friction because it is highly mobile and is sensitive 

to the sensory stimulation in the oral cavity (Moritz Jr. et al., 2017). The importance of 

the anterior tongue in oral sensation is suggested by the peripheral and cortical represen-

tation of tongue sensation. Peripherally, the lingual papillae, the taste buds, and the taste 

receptors are clustered in the anterior tongue; whereas the posterior tongue consists 
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mostly of mucinous glands and lymph follicles (lingual tonsil) (Standring & Tunstall, 

2015). Additionally, the tongue tip occupies the largest somatotopic tongue area in the 

human postcentral gyrus (Picard & Olivier, 1983) and monkey frontal operculum (Ogawa 

et al., 1989; Toda & Taoka, 2002). This anatomical distinction provides the anterior 

tongue with the highest sensitivity to lingual mechanical stimulation (Trulsson & Johans-

son, 2002). Thus, we selected the anterior tongue (7 to 9 cm anterior to the tongue base) 

to estimate the oral friction based on its distinct anatomical and topographical architec-

ture. 

 

2.4.5  Influences of saliva in oral texture measurement 

The taste perception and food texture change after being mixed with saliva in the 

oral cavity (Benjamins et al., 2009; de Almeida et al., 2008; Parkinson & Sherman, 1971; 

Silletti et al., 2008; van Aken et al., 2011). Therefore, saliva has been considered a pre-

requisite for realistic oral texture measurement. However, heterogeneous compositions of 

human saliva hinder such application. Human saliva is mainly secreted by major salivary 

glands, including the parotid, submandibular, and sublingual glands, and can be broadly 

categorised into stimulated and unstimulated saliva (Prinz et al., 2007). The mucinous 

unstimulated saliva is secreted mainly by the submandibular (65 to 70%) gland to protect 

the oral tissue and lubricate food bolus (Nagler, 2004); whereas the serous stimulated 

saliva is triggered by food content or mechanical stimulation via the autonomic nervous 

system (Aguirre et al., 1989; Anderson et al., 1984; Edgar, 1992). However, even the chem-

ically and mechanically stimulated saliva differed considerably in their compositions 

(Stokes & Davies, 2007). Therefore, the natural saliva collected from human subjects 

might not be reliable substitute for saliva involved in food bolus formation during oral 

processing (Pedersen et al., 2002).  
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Artificial saliva that has a similar composition to natural saliva has been developed 

to improve the validity of in vitro oral texture experiments. Specifically, these prepara-

tions included mucin, electrolytes, and pH value similar to human saliva (Gal et al., 2001; 

J Pytko-Polonczyk et al., 2017). Previous studies found that artificial saliva reduced the 

sliding friction of milk (Food Science, 2014 Joyner, Pernell & Daubert), but not in the 

boundary and mixed regime, which are more relevant to oral texture sensing (Laguna et 

al., 2017). Importantly, no artificial saliva can mimic all properties of human saliva 

(Stokes, 2012) and the properties of artificial saliva varied considerably during the prep-

aration (Bongaerts, Rossetti, et al., 2007). Therefore, we decided not to include artificial 

saliva to avoid uncontrolled interference in the tribology measurement and the distortion 

of the nutrient composition from sample dilution (Drago et al., 2011). 

 

Manipulating texture qualities of liquid rewards 

To prepare liquid rewards that dissociate the biochemical and physical influences of 

nutrients, we manipulated the texture of nutritionally matched liquids using a tasteless 

and colourless food thickener, carboxymethylcellulose (CMC). Specifically, we mimicked 

the viscous mouthfeel of high-fat liquid but replaced its fat content with this non-caloric 

food thickener. Thus, the thickener reproduced the nutrient-associated texture properties 

without its actual biochemical ingredients. However, the behaviour of CMC solution is 

highly condition-dependent and requires standardised preparation, preservation, and ex-

perimental control. First, the viscosity of the CMC solution depends on the degree of hy-

dration and is sensitive to temperature. The complete hydration takes at least 30 mins 

under room temperature and can be facilitated by alkalisation and homogenisation (CP 

Kelco Inc., 2009). Therefore, we dissolved the CMC in an aqueous solution for 24 hrs at 

room temperature (25 °C) to ensure full hydration before preparing the nutrient reward 
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stimuli. Second, depending on the concentration and the range of testing conditions, the 

CMC solution demonstrated diverse non-linear and time-dependent texture properties, 

including shear-thinning and thixotropic behaviour (Benchabane & Bekkour, 2008). Fu-

ture studies should refine the preparation and the experimental conditions of CMC solu-

tion to accurately reflect the physiological oral conditions. 

Recent studies also investigated novel food texture modifiers. For instance, inulin, a 

starch-based soluble fibre, enhances the creaminess of yoghurt and reduces the friction 

coefficient of skimmed milk to the level of the full-fat milk (Guggisberg et al., 2009; Meyer 

et al., 2011). Additionally, pullulan, a natural polysaccharide, increases the wettability of 

surface and can be used as a water-based lubricant (Xu et al., 2017). Future studies can 

examine the influence of sliding friction by manipulating the lubricating properties of liq-

uid rewards. Because the creamy and smooth mouthfeel produced by reduced oral friction 

contributes to the preference of fatty foods, introduction of these non-caloric texture mod-

ifiers may enhance the palatability of low-fat foods and improve the nutritional well-being 

of humans while preserving the pleasure of eating. 

In summary, we combined engineering techniques in food rheology and food tribology 

to design nutrient-controlled liquid rewards and characterise their textural properties. 

These nutrient-defined liquids allow for investigating the influence of nutrient and sen-

sory property of foods on choice behaviour and neuronal responses in monkeys, as de-

scribed in the next chapters. 

 

  



References 

 

2–35 

2 

References 
Aguirre, A., Mendoza, B., Levine, M. J., Hatton, M. N., & Douglas, W. H. (1989). In vitro characterization of 

human salivary lubrication. Archives of Oral Biology, 34(8), 675–677. https://doi.org/10.1016/0003-
9969(89)90024-1 

Akhtar, M., Stenzel, J., Murray, B. S., & Dickinson, E. (2005). Factors affecting the perception of creaminess 
of oil-in-water emulsions. Food Hydrocolloids, 19(3), 521–526. 
https://doi.org/10.1016/j.foodhyd.2004.10.017 

Anderson, L. C., Garrett, J. R., Johnson, D. A., Kauffman, D. L., Keller, P. J., & Thulin, A. (1984). Influence 
of circulating catecholamines on protein secretion into rat parotid saliva during parasympathetic stimu-
lation. The Journal of Physiology, 352, 163–171. 

Baier, S., Elmore, D., Guthrie, B., Lindgren, T., Smith, S., Steinbach, A., Debon, S., Vanhemelrijck, J., Heyer, 
P., & Läuger, J. (2009, April 5). A new tribology device for assessing mouthfeel attributes of foods. Pro-
ceedings of the 5th International Symposium on Food Rheology and Structure (ISFRS 2009). 5th interna-
tional symposium on food structure and rheology, Zürich. https://isfrs.ethz.ch/proceedings-archive/pro-
ceedings-2009.html 

Bakshi, A. S., & Smith, D. E. (1984). Effect of Fat Content and Temperature on Viscosity in Relation to 
Pumping Requirements of Fluid Milk Products1. Journal of Dairy Science, 67(6), 1157–1160. 
https://doi.org/10.3168/jds.S0022-0302(84)81417-4 

Barnes, H. A., Hutton, J. F., & Walters, K. (1989). An Introduction to Rheology: Vol 3. Elsevier Science Ltd. 

Benchabane, A., & Bekkour, K. (2008). Rheological properties of carboxymethyl cellulose (CMC) solutions. 
Colloid and Polymer Science, 286(10), 1173–1180. https://doi.org/10.1007/s00396-008-1882-2 

Benjamins, J., Vingerhoeds, M. H., Zoet, F. D., de Hoog, E. H. A., & van Aken, G. A. (2009). Partial coalescence 
as a tool to control sensory perception of emulsions. Food Hydrocolloids, 23(1), 102–115. 
https://doi.org/10.1016/j.foodhyd.2007.11.017 

Bongaerts, J. H. H., Fourtouni, K., & Stokes, J. R. (2007). Soft-tribology: Lubrication in a compliant PDMS–
PDMS contact. Tribology International, 40(10), 1531–1542. https://doi.org/10.1016/j.triboint.2007.01.007 

Bongaerts, J. H. H., Rossetti, D., & Stokes, J. R. (2007). The Lubricating Properties of Human Whole Saliva. 
Tribology Letters, 27(3), 277–287. https://doi.org/10.1007/s11249-007-9232-y 

Bourne, M. C. (1975). Is Rheology Enough for Food Texture Measurement? Journal of Texture Studies, 6(2), 
259–262. https://doi.org/10.1111/j.1745-4603.1975.tb01253.x 

Chen, J., & Eaton, L. (2012). Multimodal mechanisms of food creaminess sensation. Food & Function, 3(12), 
1265–1270. https://doi.org/10.1039/C2FO30116D 

Chen, J., & Stokes, J. R. (2012). Rheology and tribology: Two distinctive regimes of food texture sensation. 
Trends in Food Science & Technology, 25(1), 4–12. https://doi.org/10.1016/j.tifs.2011.11.006 

Chojnicka-Paszun, A., de Jongh, H. H. J., & de Kruif, C. G. (2012). Sensory perception and lubrication prop-
erties of milk: Influence of fat content. International Dairy Journal, 26(1), 15–22. 
https://doi.org/10.1016/j.idairyj.2012.04.003 

CP Kelco Inc. (2009). CMC Book. CP Kelco U.S., Inc. 

Cutler, A. N., Morris, E. R., & Taylor, L. J. (1983). Oral Perception of Viscosity in Fluid Foods and Model 
Systems. Journal of Texture Studies, 14(4), 377–395. https://doi.org/10.1111/j.1745-4603.1983.tb00357.x 



References 
 

2–36 

2 

de Almeida, P. D. V., Grégio, A. M. T., Machado, M. A. N., de Lima, A. A. S., & Azevedo, L. R. (2008). Saliva 
composition and functions: A comprehensive review. The Journal of Contemporary Dental Practice, 9(3), 
72–80. 

de Hoog, E. H. A., Prinz, J. F., Huntjens, L., Dresselhuis, D. M., & Aken, G. A. V. (2006). Lubrication of Oral 
Surfaces by Food Emulsions: The Importance of Surface Characteristics. Journal of Food Science, 71(7), 
E337–E341. https://doi.org/10.1111/j.1750-3841.2006.00140.x 

de Wijk, R. A., Engelen, L., & Prinz, J. F. (2003). The role of intra-oral manipulation in the perception of 
sensory attributes. Appetite, 40(1), 1–7. https://doi.org/10.1016/S0195-6663(02)00172-1 

de Wijk, R. A., & Prinz, J. F. (2005). The role of friction in perceived oral texture. Food Quality and Preference, 
16(2), 121–129. https://doi.org/10.1016/j.foodqual.2004.03.002 

de Wijk, R. A., Terpstra, M. E. J., Janssen, A. M., & Prinz, J. F. (2006). Perceived creaminess of semi-solid 
foods. Trends in Food Science & Technology, 17(8), 412–422. https://doi.org/10.1016/j.tifs.2006.02.005 

de Wijk, R. A., Wulfert, F., & Prinz, J. F. (2006). Oral processing assessed by M-mode ultrasound imaging 
varies with food attribute. Physiology & Behavior, 89(1), 15–21. 
https://doi.org/10.1016/j.physbeh.2006.05.021 

Debon, S. J. J., Vanhemelrijck, J. G. R., Baier, S. K., & Guthrie, B. D. (2013). Tribology device for assessing 
mouthfeel attributes of foods (Patent No. 8342032). 

Drago, S. R., Panouillé, M., Saint-Eve, A., Neyraud, E., Feron, G., & Souchon, I. (2011). Relationships between 
saliva and food bolus properties from model dairy products. Food Hydrocolloids, 25(4), 659–667. 

Dresselhuis, D. M., de Hoog, E. H. A., Cohen Stuart, M. A., & van Aken, G. A. (2008). Application of oral tissue 
in tribological measurements in an emulsion perception context. Food Hydrocolloids, 22(2), 323–335. 
https://doi.org/10.1016/j.foodhyd.2006.12.008 

Dresselhuis, D. M., de Hoog, E. H. A., Cohen Stuart, M. A., Vingerhoeds, M. H., & van Aken, G. A. (2008). 
The occurrence of in-mouth coalescence of emulsion droplets in relation to perception of fat. Food Hydro-
colloids, 22(6), 1170–1183. https://doi.org/10.1016/j.foodhyd.2007.06.013 

Dresselhuis, D. M., Klok, H. J., Stuart, M. A. C., de Vries, R. J., van Aken, G. A., & de Hoog, E. H. A. (2007). 
Tribology of o/w Emulsions Under Mouth-like Conditions: Determinants of Friction. Food Biophysics, 2(4), 
158–171. https://doi.org/10.1007/s11483-007-9040-9 

Drewnowski, A. (1987). Fats and Food Texture: Sensory and Hedonic Evaluations. In H. Moskowitz (Ed.), 
Food Texture (pp. 217–250). Marcel Dekker Inc. 

Drewnowski, A. (1997). Why do we Like Fat? Journal of the American Dietetic Association, 97(7, Supplement), 
S58–S62. https://doi.org/10.1016/S0002-8223(97)00732-3 

Edgar, W. M. (1992). Saliva: Its secretion, composition and functions. British Dental Journal, 172(8), 305–
312. https://doi.org/10.1038/sj.bdj.4807861 

Engelen, L., & de Wijk, R. A. (2012). Oral Processing and Texture Perception. In J. Chen & L. Engelen (Eds.), 
Food Oral Processing (pp. 157–176). Wiley-Blackwell. https://doi.org/10.1002/9781444360943.ch8 

Frøst, M. B., & Janhøj, T. (2007). Understanding creaminess. International Dairy Journal, 17(11), 1298–1311. 
https://doi.org/10.1016/j.idairyj.2007.02.007 

Gal, J.-Y., Fovet, Y., & Adib-Yadzi, M. (2001). About a synthetic saliva for in vitro studies. Talanta, 53(6), 
1103–1115. https://doi.org/10.1016/S0039-9140(00)00618-4 

Graaf, C. de. (2007). Sensory influences on food choice and food intake. In Understanding consumers of food 
products (pp. 30–66). Woodhead Publishing Ltd. 



References 

 

2–37 

2 

Guggisberg, D., Cuthbert-Steven, J., Piccinali, P., Bütikofer, U., & Eberhard, P. (2009). Rheological, micro-
structural and sensory characterization of low-fat and whole milk set yoghurt as influenced by inulin 
addition. International Dairy Journal, 19(2), 107–115. https://doi.org/10.1016/j.idairyj.2008.07.009 

Guinard, J.-X., & Mazzucchelli, R. (1996). The sensory perception of texture and mouthfeel. Trends in Food 
Science & Technology, 7(7), 213–219. https://doi.org/10.1016/0924-2244(96)10025-X 

Hiiemae, K. M., & Palmer, J. B. (2003). Tongue movements in feeding and speech. Critical Reviews in Oral 
Biology and Medicine: An Official Publication of the American Association of Oral Biologists, 14(6), 413–
429. https://doi.org/10.1177/154411130301400604 

J Pytko-Polonczyk, J., Jakubik, A., Przeklasa-Bierowiec, A., & Muszynska, B. (2017). Artificial saliva and its 
use in biological experiments. Journal of Physiology and Pharmacology, 68(6), 807–813. 

Janhoj, T., Frost, M. B., Prinz, J., & Ipsen, R. (2009). Sensory and Instrumental Characterization of Low-Fat 
and Non-Fat Cream Cheese. International Journal of Food Properties, 12(1), 211–227. 
https://doi.org/10.1080/10942910802252007 

Jürkenbeck, K., & Spiller, A. (2021). Importance of sensory quality signals in consumers’ food choice. Food 
Quality and Preference, 90, 104155. https://doi.org/10.1016/j.foodqual.2020.104155 

Kilcast, D., & Clegg, S. (2002). Sensory perception of creaminess and its relationship with food structure. Food 
Quality and Preference, 13(7), 609–623. https://doi.org/10.1016/S0950-3293(02)00074-5 

Kokini, J. L. (1987). The physical basis of liquid food texture and texture-taste interactions. Journal of Food 
Engineering, 6(1), 51–81. 

Kokini, J. L., & Cussler, E. L. (1983). Predicting the Texture of Liquid and Melting Semi-Solid Foods. Journal 
of Food Science, 48(4), 1221–1225. https://doi.org/10.1111/j.1365-2621.1983.tb09196.x 

Kokini, J. L., Kadane, J. B., & Cussler, E. L. (1977). Liquid Texture Perceived in the Mouth. Journal of Texture 
Studies, 8(2), 195–218. https://doi.org/10.1111/j.1745-4603.1977.tb01175.x 

Laguna, L., Farrell, G., Bryant, M., Morina, A., & Sarkar, A. (2017). Relating rheology and tribology of com-
mercial dairy colloids to sensory perception. Food & Function, 8(2), 563–573. 
https://doi.org/10.1039/C6FO01010E 

Leng, G., Adan, R. A. H., Belot, M., Brunstrom, J. M., Graaf, K. de, Dickson, S. L., Hare, T., Maier, S., Menzies, 
J., Preissl, H., Reisch, L. A., Rogers, P. J., & Smeets, P. A. M. (2017). The determinants of food choice. 
Proceedings of the Nutrition Society, 76(3), 316–327. https://doi.org/10.1017/S002966511600286X 

Liu, K., Stieger, M., van der Linden, E., & van de Velde, F. (2015). Fat droplet characteristics affect rheolog-
ical, tribological and sensory properties of food gels. Food Hydrocolloids, 44, 244–259. 
https://doi.org/10.1016/j.foodhyd.2014.09.034 

Malkin, A. Y., Masalova, I., Slatter, P., & Wilson, K. (2004). Effect of droplet size on the rheological properties 
of highly-concentrated w/o emulsions. Rheologica Acta, 43(6), 584–591. https://doi.org/10.1007/s00397-
003-0347-2 

Malone, M. E., Appelqvist, I. A. M., & Norton, I. T. (2003). Oral behaviour of food hydrocolloids and emulsions. 
Part 1. Lubrication and deposition considerations. Food Hydrocolloids, 17(6), 763–773. 
https://doi.org/10.1016/S0268-005X(03)00097-3 

Meyer, D., Vermulst, J., Tromp, R. H., & Hoog, E. H. a. D. (2011). The Effect of Inulin on Tribology and Sen-
sory Profiles of Skimmed Milk. Journal of Texture Studies, 42(5), 387–393. 
https://doi.org/10.1111/j.1745-4603.2011.00298.x 

Miller, J. L., & Watkin, K. L. (1996). The influence of bolus volume and viscosity on anterior lingual force 
during the oral stage of swallowing. Dysphagia, 11(2), 117–124. https://doi.org/10.1007/BF00417901 



References 
 

2–38 

2 

Mo, L., Chen, J., & Wang, X. (2019). A novel experimental set up for in situ oral lubrication measurements. 
Food Hydrocolloids, 95, 396–405. https://doi.org/10.1016/j.foodhyd.2019.04.055 

Moore, P. B., Langley, K., Wilde, P. J., Fillery-Travis, A., & Mela, D. J. (1998). Effect of emulsifier type on 
sensory properties of oil-in-water emulsions. Journal of the Science of Food and Agriculture, 76(3), 469–
476. https://doi.org/10.1002/(SICI)1097-0010(199803)76:3<469::AID-JSFA974>3.0.CO;2-Y 

Moritz Jr., J., Turk, P., Williams, J. D., & Stone-Roy, L. M. (2017). Perceived Intensity and Discrimination 
Ability for Lingual Electrotactile Stimulation Depends on Location and Orientation of Electrodes. Fron-
tiers in Human Neuroscience, 11, 186. https://doi.org/10.3389/fnhum.2017.00186 

Morris, E. R. (1983). Rheology of hydrocolloids. In Gums and Stabilisers for the Food Industry (Vol. 2, pp. 57–
77). Pergamon Press. 

Nagler, R. M. (2004). Salivary glands and the aging process: Mechanistic aspects, health-status and medici-
nal-efficacy monitoring. Biogerontology, 5(4), 223–233. 
https://doi.org/10.1023/B:BGEN.0000038023.36727.50 

National Research Council. (2003). Nutrient Requirements of Nonhuman Primates: Second Revised Edition 
(2nd ed.). The National Academies Press. https://doi.org/10.17226/9826 

Nguyen, P. T. M., Bhandari, B., & Prakash, S. (2016). Tribological method to measure lubricating properties 
of dairy products. Journal of Food Engineering, 168, 27–34. https://doi.org/10.1016/j.jfoodeng.2015.07.011 

Ogawa, H., Ito, S.-I., & Nomura, T. (1989). Oral cavity representation at the frontal operculum of macaque 
monkeys. Neuroscience Research, 6(4), 283–298. https://doi.org/10.1016/0168-0102(89)90021-7 

Parkinson, C., & Sherman, P. (1971). The influence of turbulent flow on the sensory assessment of viscosity 
in the mouth. Journal of Texture Studies, 2(4), 451–459. https://doi.org/10.1111/j.1745-
4603.1971.tb00593.x 

Pedersen, A. M., Bardow, A., Jensen, S. B., & Nauntofte, B. (2002). Saliva and gastrointestinal functions of 
taste, mastication, swallowing and digestion. Oral Diseases, 8(3), 117–129. https://doi.org/10.1034/j.1601-
0825.2002.02851.x 

Phillips, L. G., Mcgiff, M. L., Barbano, D. M., & Lawless, H. T. (1995). The Influence of Fat on the Sensory 
Properties, Viscosity, and Color of Low fat Milk. Journal of Dairy Science, 78(6), 1258–1266. 
https://doi.org/10.3168/jds.S0022-0302(95)76746-7 

Picard, C., & Olivier, A. (1983). Sensory cortical tongue representation in man. Journal of Neurosurgery, 59(5), 
781–789. https://doi.org/10.3171/jns.1983.59.5.0781 

Pollen, N. R., Daubert, C. R., Prabhasankar, P., Drake, M. A., & Gumpertz, M. L. (2004). Quantifying Fluid 
Food Texture. Journal of Texture Studies, 35(6), 643–657. https://doi.org/10.1111/j.1745-
4603.2004.35515.x 

Pradal, C., & Stokes, J. R. (2016). Oral tribology: Bridging the gap between physical measurements and sen-
sory experience. Current Opinion in Food Science, 9, 34–41. https://doi.org/10.1016/j.cofs.2016.04.008 

Prentice, J. H. (1972). Rheology and Texture of Dairy Products. Journal of Texture Studies, 3(4), 415–458. 
https://doi.org/10.1111/j.1745-4603.1972.tb00643.x 

Prinz, J. F., de Wijk, R. A., & Huntjens, L. (2007). Load dependency of the coefficient of friction of oral mucosa. 
Food Hydrocolloids, 21(3), 402–408. https://doi.org/10.1016/j.foodhyd.2006.05.005 

Rao, M. A. (1977). Rheology of Liquid Foods—A Review1. Journal of Texture Studies, 8(2), 135–168. 
https://doi.org/10.1111/j.1745-4603.1977.tb01173.x 

Rao, M. A. (2007). Rheology of fluid and semisolid foods: Principles and applications (2nd ed). Springer. 



References 

 

2–39 

2 

Reiner, M., & Scott Blair, G. W. (1967). Chapter 9—Rheological Terminology. In F. R. Eirich (Ed.), Rheology 
(Vol. 4, pp. 461–488). Academic Press. https://doi.org/10.1016/B978-1-4832-2941-6.50015-5 

Selway, N., & Stokes, J. R. (2013). Insights into the dynamics of oral lubrication and mouthfeel using soft 
tribology: Differentiating semi-fluid foods with similar rheology. Food Research International, 54(1), 423–
431. https://doi.org/10.1016/j.foodres.2013.07.044 

Selway, N., & Stokes, J. R. (2014). Soft materials deformation, flow, and lubrication between compliant sub-
strates: Impact on flow behavior, mouthfeel, stability, and flavor. Annual Review of Food Science and 
Technology, 5, 373–393. 

Shama, F., Parkinson, C., & Sherman, P. (1973). Identification of stimuli controlling the sensory evaluation 
of viscosity I. Non-oral methods. Journal of Texture Studies, 4(1), 102–110. https://doi.org/10.1111/j.1745-
4603.1973.tb00656.x 

Shewan, H. M., Pradal, C., & Stokes, J. R. (2019). Tribology and its growing use toward the study of food 
oral processing and sensory perception. Journal of Texture Studies, jtxs.12452. 
https://doi.org/10.1111/jtxs.12452 

Silletti, E., Vingerhoeds, M. H., van Aken, G. A., & Norde, W. (2008). Rheological Behavior of Food Emulsions 
Mixed with Saliva: Effect of Oil Content, Salivary Protein Content, and Saliva Type. Food Biophysics, 
3(3), 318–328. https://doi.org/10.1007/s11483-008-9089-0 

Standring, S., & Tunstall, R. (2015). Gray’s Anatomy: The Anatomical Basis of Clinical Practice, 41e (41st 
edition). Elsevier. 

Stokes, J. R. (2012). ‘Oral’ Rheology. In J. Chen & L. Engelen (Eds.), Food Oral Processing (pp. 225–263). 
Wiley-Blackwell. https://doi.org/10.1002/9781444360943.ch11 

Stokes, J. R., Boehm, M. W., & Baier, S. K. (2013). Oral processing, texture and mouthfeel: From rheology to 
tribology and beyond. Current Opinion in Colloid & Interface Science, 18(4), 349–359. 
https://doi.org/10.1016/j.cocis.2013.04.010 

Stokes, J. R., & Davies, G. A. (2007). Viscoelasticity of human whole saliva collected after acid and mechanical 
stimulation. Biorheology, 44(3), 141–160. 

Swindells, J. F., Coe, J. R., & Godfrey, T. B. (1952). Absolute viscosity of water at 20 oC. Journal of Research 
of the National Bureau of Standards, 48(1), 1. https://doi.org/10.6028/jres.048.001 

Terpstra, M. E. J., Janssen, A. M., Prinz, J. F., Wijk, R. a. D., Weenen, H., & Linden, E. V. D. (2005). Model-
ing of Thickness for Semisolid Foods. Journal of Texture Studies, 36(2), 213–233. 
https://doi.org/10.1111/j.1745-4603.2005.00012.x 

Terpstra, M. E. J., Jellema, R. H., Janssen, A. M., Wijk, R. a. D., Prinz, J. F., & Linden, E. V. D. (2009). 
Prediction of Texture Perception of Mayonnaises from Rheological and Novel Instrumental Measure-
ments. Journal of Texture Studies, 40(1), 82–108. https://doi.org/10.1111/j.1745-4603.2008.00171.x 

Toda, T., & Taoka, M. (2002). Hierarchical somesthetic processing of tongue inputs in the postcentral soma-
tosensory cortex of conscious macaque monkeys. Experimental Brain Research, 147(2), 243–251. 
https://doi.org/10.1007/s00221-002-1239-x 

Trulsson, M., & Johansson, R. S. (2002). Orofacial mechanoreceptors in humans: Encoding characteristics 
and responses during natural orofacial behaviors. Behavioural Brain Research, 135(1–2), 27–33. 
https://doi.org/10.1016/S0166-4328(02)00151-1 

Tsui, S., Tandy, J., Myant, C., Masen, M., & Cann, P. M. (2016). Friction measurements with yoghurt in a 
simulated tongue-palate contact. Biotribology, 8, 1–11. https://doi.org/10.1016/j.biotri.2016.02.001 



References 
 

2–40 

2 

Upadhyay, R., & Chen, J. (2019). Smoothness as a tactile percept: Correlating ‘oral’ tribology with sensory 
measurements. Food Hydrocolloids, 87, 38–47. https://doi.org/10.1016/j.foodhyd.2018.07.036 

van Aken, G. A., Vingerhoeds, M. H., & de Wijk, R. A. (2011). Textural perception of liquid emulsions: Role of 
oil content, oil viscosity and emulsion viscosity. Food Hydrocolloids, 25(4), 789–796. 
https://doi.org/10.1016/j.foodhyd.2010.09.015 

van Vliet, T., van Aken, G. A., de Jongh, H. H. J., & Hamer, R. J. (2009). Colloidal aspects of texture perception. 
Advances in Colloid and Interface Science, 150(1), 27–40. https://doi.org/10.1016/j.cis.2009.04.002 

Vélez‐Ruiz, J. F., Barbosa Cánovas, G. V., & Peleg, M. (1997). Rheological properties of selected dairy prod-
ucts. Critical Reviews in Food Science and Nutrition, 37(4), 311–359. 
https://doi.org/10.1080/10408399709527778 

Ventura, A. K., & Worobey, J. (2013). Early Influences on the Development of Food Preferences. Current 
Biology, 23(9), R401–R408. https://doi.org/10.1016/j.cub.2013.02.037 

Wang, X., Wang, X., Upadhyay, R., & Chen, J. (2019). Topographic study of human tongue in relation to oral 
tribology. Food Hydrocolloids, 95, 116–121. https://doi.org/10.1016/j.foodhyd.2019.04.022 

Wayne, J. E. B., & Shoemaker, C. F. (1988). Rheological Characterization of Commercially Processed Fluid 
Milks. Journal of Texture Studies, 19(2), 143–152. https://doi.org/10.1111/j.1745-4603.1988.tb00931.x 

Wood, F. W. (1968). Psychophysical Studies on the Consistency of Liquid Foods,” Rheology and Texture of 
Foodstuffs. SCI Monograph, No. 27, 40–49. 

Xu, P., Chen, Q., Cao, L., Tu, T., Wan, Y., Gao, J., & Pu, J. (2017). Tribological performance of pullulan addi-
tives in water-based lubricant. Tribology - Materials, Surfaces & Interfaces, 11(2), 83–87. 
https://doi.org/10.1080/17515831.2017.1329919 

Zundel, J., Ansari, S. A., Trivedi, H. M., Masters, J. G., & Mascaro, S. (2018). Characterization of friction and 
moisture of porcine lingual tissue in vitro in response to artificial saliva and mouthwash solutions. Skin 
Research and Technology, 24(4), 642–649. https://doi.org/10.1111/srt.12579 

 



 

  

Adapted from publication:  

Huang, F.-Y., Sutcliffe, M. P. F., & Grabenhorst, F. (2021). Preferences for nu-

trients and sensory food qualities identify biological sources of economic values 

in monkeys. Proceedings of the National Academy of Sciences, 118(26). 

 
 

Chapter 3 

 
Nutrients as physical basis  
for economic values 



  



 
 

3 Nutrients as physical basis 
for economic values 

 

 

 

 

3.1  Introduction 

Foods are prototypical rewards. They elicit approach, learning and hedonic responses, 

and are objects of economic choice. The reward value of food is considered to derive from 

its nutrients and sensory properties: sugar and fat make foods attractive because of their 

sweet taste and rich mouthfeel. Sensory and food sciences have long sought to uncover 

rules that link food composition to palatability (Chojnicka-Paszun et al., 2012; Kokini, 

1987; Rolls, 2016; Upadhyay et al., 2020). Similarly, ecology has linked nutrients to 

animals’ foraging decisions (Simpson & Raubenheimer, 2012). By contrast, although 

reward is a fundamental concept in behavioural sciences that formalise learning and 

decision-making (Averbeck & Murray, 2020; Schultz, 2015; Sutton R. S. & Barto A. G., 

1998), the sensory distinctiveness of foods has received less attention in these disciplines. 

In behavioural and neuroscience experiments, food components are often manipulated to 

elicit subjective values and choice variation but rarely studied in their own right. 

Accordingly, influential frameworks such as reinforcement learning and economic choice 

theory cannot, in their basic forms, explain why specific foods are preferred over others 

and differentially affect learning and choice. 

3 3  
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Here, to ground reward concepts in the critical, intrinsic properties of foods, we 

combined approaches from sensory science, ecology, and decision sciences to study the 

choices of rhesus monkeys (Macaca mulatta) for nutrient-defined liquid rewards. Like 

humans, macaques are experts in scrutinising food qualities for sophisticated, value-

guided decision-making (Chivers, 1998; Chojnicka-Paszun et al., 2012; Murray & 

Rudebeck, 2013, 2018; Padoa-Schioppa & Assad, 2006; Pastor-Bernier et al., 2017; 

Sengupta & Radhakrishna, 2015). This behavioural complexity, the closeness of the 

macaque brain’s sensory and reward systems to those of humans (Öngür & Price, 2000; 

Passingham & Wise, 2014), and the suitability for single-neuron recordings make 

macaques an important model for studying food-reward mechanisms with relevance to 

human eating behaviour and obesity (Kleinert et al., 2018). 

Previous studies in macaques uncovered key reward functions and their neuronal 

implementations, including the assignment of subjective values to choice options (X. Chen 

& Stuphorn, 2018; Grabenhorst et al., 2012; Jezzini & Padoa-Schioppa, 2020; Kennerley 

et al., 2011; Lak et al., 2014; Padoa-Schioppa & Assad, 2006; Pastor-Bernier et al., 2019; 

Rich & Wallis, 2016), reinforcement learning (Lee et al., 2012; Schultz, 2015) and reward-

dependence on satiety and thirst (Critchley & Rolls, 1996; Kaskan et al., 2019; Rolls, 2016; 

Yamada et al., 2013). Despite these advances, behavioural principles for nutrient rewards 

in macaques remain largely uncharacterised. The typical diet of these primates includes 

a broad variety of foods and nutrient compositions (Chivers, 1998; National Research 

Council, 2003, pp. 191–194). Their natural feeding conditions require adaptation to both 

short-term and seasonal changes in nutrient availability and ecologically diverse habitats 

(Tsuji et al., 2013) to ensure survival and reproduction (Cui et al., 2020; Tsuji & Takatsuki, 

2012). Thus, the macaque reward system should be specialised for flexible, nutrient-
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directed food choices. Here we manipulated the fat and sugar content of liquid food 

rewards to study their effects on macaques’ choices.  

 

Nutrient preference and nutrient values in monkeys 

First, we tested whether food choices were sensitive to the nutrient composition of 

rewards, i.e., their sugar and fat content, consistent with the assignment of subjective 

values. In previous studies, macaques showed subjective trade-offs between flavoured 

liquid rewards (Padoa-Schioppa & Assad, 2006; Pastor-Bernier et al., 2017). We 

hypothesised that nutrients and nutrient-correlated sensory qualities constitute the 

intrinsic food properties that structure such preferences. As nutrients are critical for 

survival and wellbeing, non-sated animals should prefer foods high in nutrient content. 

In addition, like humans, they may idiosyncratically prefer specific nutrients and sensory 

qualities (e.g., valuing isocaloric sweet taste over fat-like texture). Because nutrients are 

basic building blocks of foods, establishing an animal's ‘nutrient-value function’ could 

improve choice predictions across contexts. 

 

Physical basis of nutrient preference 

Second, to identify a physical, sensory basis for nutrient preferences, we developed 

engineering tools to measure nutrient-dependent food textures with biological surfaces 

(fresh pig tongues) that mimicked oral conditions. Sugar can be directly sensed as 

sweetness mediated by taste receptors (Yarmolinsky et al., 2009). By contrast, the 

mechanism for oral fat-sensing remains unclear. While the existence of a ‘fat taste’ in 

primates is debated (Mattes, 2009), substantial evidence implicates a somatosensory, 

oral-texture mechanism (Kokini, 1987; Rolls, 2020). Fat-like food textures reliably elicit 

fatty, creamy mouthfeel (Chojnicka-Paszun et al., 2012; Mela, 1988) and activate neural 
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sensory and reward systems in macaques (Rolls et al., 1999, 2018; Verhagen, 2003) and 

humans (de Araujo, 2004; Grabenhorst et al., 2010; Grabenhorst & Rolls, 2014). Two 

distinct texture parameters are implicated in fat-sensing: viscosity and sliding friction, 

reflecting a food's thickness and lubricating properties, respectively (J. Chen & Stokes, 

2012; Laguna et al., 2017; Stokes et al., 2013; X. Wang & Chen, 2017). We hypothesised 

that these parameters might mediate the influence of fat content on choices. 

 

Nutrient balance of food choices 

Third, we compared the animals’ choices to ecologically relevant dietary reference 

points and foraging strategies. According to optimal foraging theory (Stephens & Krebs, 

1986), animals maximise energy as a common currency (‘energy maximisation’). 

Alternatively, animals may balance the intake of different nutrients (‘nutrient balancing’) 

(Simpson et al., 2015) or choose food based on the reward value of its sensory and nutrient 

components (‘nutrient reward') (Rangel, 2013; Rolls, 2016). We evaluated these strategies 

in a well-controlled repeated-choice paradigm suited for neurophysiological recordings. 

From this approach, we derive novel hypotheses about the neuronal mechanisms for 

nutrient-sensitive decision-making (e.g., ‘energy-tracking neurons’ vs. ‘nutrient-specific 

neurons’—see Discussion). 

 

Utility of nutrient values in learning and decision models 

Finally, based on our behavioural data, we explored how computational models of 

reinforcement learning and decision-making (Sutton R. S. & Barto A. G., 1998; X.-J. Wang, 

2002) can be extended by nutrient-specific learning and decision variables. Together with 

recently proposed homeostatic reinforcement learning (Keramati & Gutkin, 2014), such 

nutrient-specific parameters may optimise models when choices depend on nutrient 

rewards and homeostatic set-points. 
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3.2  Methods 

3.2.1  Animal Training 

Three adult male rhesus macaques (Macaca mulatta) participated in the present ex-

periments: monkey Ya (weight: 14 to 19 kg, age: 4 to 6 years), monkey V (weight: 9 to 11 

kg, age 8 to 10 years), and monkey Ym (weight: 10 to 13 kg, age 4 to 6 years). The animals 

were trained and tested 1 to 2 hours per day and 5 days per week for 2 years. We offered 

dairy-based nutrient rewards to the animals initially as additional rewards and gradually 

as their main source of liquid intake in the behavioural tasks, supplemented by water 

outside of the tasks. The animals were on a standard diet for laboratory macaques, in-

volving high-protein dry pellets (% calories provided by protein: 30.36 %, fat: 13.29 %, 

carbohydrates: 56.34 %), dried fruits, seeds, nuts and fresh fruits and vegetables. We 

closely monitored the monkeys’ general health condition and body weight to ensure their 

welfare after introducing the high-calorie rewards. Their body weight was stable (V) or 

increased as expected for growing animals (Ya, Ym), and no acute diet-related adverse 

events were noted. 

All animal procedures conformed to US National Institutes of Health Guidelines (Na-

tional Research Council, 2011). The experiments have been regulated, ethically reviewed 

and supervised by the following UK and University of Cambridge (UCam) institutions 

and individuals: UK Home Office, implementing the Animals (Scientific Procedures) Act 

1986, Amendment Regulations 2012, and represented by the local UK Home Office In-

spector; UK Animals in Science Committee; UCam Animal Welfare and Ethical Review 

Body (AWERB); UK National Centre for Replacement, Refinement and Reduction of An-

imal Experiments (NC3Rs); UCam Biomedical Service (UBS) Certificate Holder; UCam 

Welfare Officer; UCam Governance and Strategy Committee; UCam Named Veterinary 

Surgeon (NVS); UCam Named Animal Care and Welfare Officer (NACWO).  
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3.2.2  Behavioural tasks 

Main choice task  

The monkey was seated in a custom-designed primate chair (Crist Instrument, Inc., 

Co., USA) in front of a horizontal touch monitor (EloTouch 1522L 15’, Elo Touch Solutions, 

Inc., USA) with his mouth close to a spout that was connected to computer-controlled 

solenoid valves. A choice trial was initiated once the monkey made contact with an immo-

bile touch-sensitive key. Two visual cues were sequentially presented on the monitor with 

overlaid reward-magnitude bars and then displayed in left-right arrangement, deter-

mined by random alternation. Each visual cue was associated with a fixed reward type in 

the same testing session. Pre-trained magnitude bars cued the randomised reward 

amount in each trial (0.15 - 0.90 mL per delivery). Higher magnitude bars signalled larger 

liquid amounts. After the monkey chose by touching one of two targets on the screen, 

displayed below the choice options, the exact amount of the chosen reward was delivered 

through the spout to the monkey. Trials were aborted in case of premature release of the 

touch key (before the choice epoch) or delayed-choice responses (> 1,500 ms after the tar-

get presentation). The behavioural task and choice responses were controlled and regis-

tered by custom MATLAB codes (MATLAB R2013b, The MathWorks, Inc., USA) using 

Psychophysics Toolbox version 3.0.8. The experimental set-up was interfaced with data 

acquisition boards (NI 6225; National Instruments Co., USA) installed on personal com-

puters using Microsoft Windows 7/10 systems.  

 

Alternative choice task 

In the alternative choice task, we offered all reward combinations within a single 

session for comparison and held the reward magnitudes constant (0.3 mL). Specifically, 

the monkey was sequentially presented with two options, this time each with three 



Methods 

 

 

3–7 

3 

identical pre-trained visual cues that signalled the reward types. To simultaneously de-

liver a wider range of stimuli, we constructed an eight-channel delivery system that linked 

computer-controlled peristaltic pumps (ISM4408 Reglo ICC Digital four-channel, eight-

roller peristaltic pump, Ismatec, Germany) to a custom-made eight-channel mouthpiece 

(Cambridge Electronics Workshop, Department of Psychology, University of Cambridge). 

The peristaltic pumps functioned at 100 revolutions per minute (RPM) and the activation 

duration at 0.4 s, which delivered approximately 0.3 mL of liquid for each activation. In 

addition to the four factorial stimuli, we included a low-sugar cream stimulus to introduce 

additional variation in nutrient content and food textures. Additional trial types involving 

choices with a broader stimulus set were not presented in this chapter. 

 

Nutrient rewards 

We prepared dairy-based nutrient-defined liquid rewards with 2 × 2 fat and sugar 

levels, including low-fat low-sugar (LFLS), high-fat low-sugar (HFLS), low-fat high-sugar 

(LFHS) and high-fat high-sugar (HFHS) rewards. We used commercial skimmed milk and 

whole milk (British skimmed milk and British whole milk, Sainsbury's Supermarkets Ltd., 

UK) as baseline low-fat and high-fat liquids and flavoured the liquids with fruit juice to 

increase palatability (peach juice, Robinsons Fruit & Barley Peach Squash, Robinsons 

Soft Drinks Ltd, UK; blackcurrant juice, Ribena© Blackcurrant Squash, Lucozade Ribena 

Suntory Ltd, UK). We calculated the nutrient content from the nutrient composition of 

these commercial products and developed a recipe for nutrient rewards with controlled 

fat and sugar content. By keeping LFHS and HFLS isocaloric, we normalised the addi-

tional fat and sugar to their contained calories. In this design, fat and sugar levels were 

systemically manipulated while protein, salt, juice flavour and temperature were tightly 

controlled. The flavoured cream used in the alternative choice task was a mixture of single 
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cream (Sainsbury's British Single Cream 300 mL, Sainsbury's Supermarkets Ltd., UK), 

fruit juice and water. Detailed steps for nutrient reward preparation are described in 

Chapter 2. 

 

3.2.3  Measuring oral texture parameters 

Viscosity 

We measured the viscosity of our liquid rewards at the Rheology Centre of the De-

partment of Chemical Engineering, University of Cambridge. Measurements were per-

formed using a Rheometric Scientific ARES controlled strain rheometer (TA Instruments, 

USA) with Couette geometry as follows: cup diameter = 34.0 mm, bob diameter = 32.0 mm, 

bob length = 34.0 mm. The viscosity was determined by carrying out shear rate sweeps 

from 100 to 0.1 s–1 or 1 s–1 (reverse sweep) after allowing the samples to equilibrate at the 

experimental temperature for 300 seconds. Because viscosity was sensitive to tempera-

ture, we measured the samples at 18.5 ºC (delivered temperature), 25 ºC (ambient tem-

perature), and 37.5 ºC (body temperature) and used the measurement at 18.5 ºC for anal-

yses based on the temperature of the testing liquids (17 ± 2°C) measured during the ex-

periment. In the time-sweeping measurement, the cup was rotated in a clockwise direc-

tion and the shear rate was fixed at 50 s–1, at which rheological properties of liquid stimuli 

have been shown to be related to oral viscosity evaluations (Wood, 1968).  

 

Coefficient of sliding friction (CSF) 

We measured the CSF for our liquid rewards at the Department of Engineering, Uni-

versity of Cambridge. To reflect realistic lubrication conditions in the oral cavity, we de-

vised a custom-designed tribometer using pig tongues as biological contacting surfaces. 

This design measured the sliding friction between the liquids and oral tissues to 
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approximate the oral sensing conditions of the animals. Because we maintained a con-

stant velocity during the test, according to Newton’s First Law of Motion, 

 𝐹 − 𝜇𝑁 = 0 (3.1) 

                           𝜇 =
 traction force ( F )
loading force ( N )

=
traction force measured by the tensile machine

total weight of the slider and the fixed tongue tip 

(3.2) 

, where F is the applied force (traction) by the Instron machine, N is the loading force 

perpendicular to the contact surface (normal force), and 𝜇, the coefficient of sliding fric-

tion, is the ratio of the traction force and the perpendicular loading force. For detailed 

design and procedure for sliding friction measurement, please see Chapter 2. 

Table 3.1. Nutrient content and texture parameters of factorial liquid rewards 

Nutrient rewards 
Peach flavour Blackcurrant flavour 

Water 
LFLS HFLS LFHS HFHS LFLS HFLS LFHS HFHS 

Peach juice (mL) 30 30 30 30 0 0 0 0 

NA 

Blackcurrant juice (mL) 0 0 0 0 30 30 30 30 

Skimmed milk (mL) 270 0 270 0 270 0 270 0 

Whole milk (mL) 0 270 0 270 0 270 0 270 

Caster sugar (g) 0 0.81 20.4 21.21 0 0.81 20.4 21.21 

Total (mL) 300 300 300 300 300 300 300 300 

Calorie (kcal) 33.5 60.7 60.7 87.9 43.9 71.1 71.1 98.3 0 

Fat (g) 0.45 3.33 0.45 3.33 0.45 3.33 0.45 3.33 0 

Sugar (g) 4.50 4.50 11.30 11.30 6.80 6.80 13.60 13.60 0 

Protein (g) 3.24 3.24 3.24 3.24 3.24 3.24 3.24 3.24 0 

Salt (g) 0.11 0.10 0.11 0.10 0.14 0.13 0.14 0.13 0 

Sugar/fat (kcal/kcal) 4.444 0.601 11.161 1.508 6.716 0.908 13.432 1.815 NA 

Viscosity (18.5ºC) (cP)* 1.82 4.37 2.00 7.32 1.78 2.18 2.16 2.59 0.99 

Normalised CSF** 0.753 0.638 0.679 0.613 0.653 0.606 0.639 0.574 1.000 

* cP = centipoise = mPa·s 

**normalised CSF = coefficient of sliding friction normalised to water (CSFwater = 1.000) 
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All procedures were approved by the Departmental Safety Office, Department of En-

gineering, University of Cambridge, including Control of Substances Hazardous to Health 

(COSHH) and biohazard risk assessments. 

 

3.2.4  Data analysis and statistical methods 

Unless otherwise specified, all data were analysed separately for each animal and dif-

ferent juice flavours (peach and blackcurrant) using custom code and in-built functions in 

MATLAB R2017b. Behavioural data is available in the GitHub repository 

(https://github.com/ckoceanaut/pnas2021_MonkeyNutrientChoices). Other analysis codes 

are available upon request to ckoceanaut@gmail.com. 

 

Nutrient-specific choice biases 

We assessed the preferences for fat and sugar content based on choice biases, includ-

ing i) choice frequency, ii) choice repetition, iii) magnitude-nutrient trade-off, and iv) rel-

ative values between nutrient-defined rewards. Analyses were performed separately for 

each monkey. 

 

I. Choice frequency 

For each monkey, we pooled choice data for the same offered liquid rewards across 

sessions to compute the mean choice frequency. We first transformed the observed left-

right choices into reward-based choice outcomes and fitted the binary reward choice out-

comes using the binomial distribution (binofit function, MATLAB) to estimate the mean 

choice frequency and the 95 % confidence interval. Statistical significance of choice fre-

quencies was determined based on two-tailed one-sample proportion tests against the null 

hypothesis, 𝑃0 = 0.5. In addition, differences of choice frequencies between two samples 

https://github.com/ckoceanaut/pnas2021_MonkeyNutrientChoices
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were examined based on two-sided two-sample proportion test against null hypothesis 

𝑃1̂ − 𝑃2̂ = 0. 

 

II. Choice repetition 

We quantified choice repetition based on repeated-choice counts, which tracked how 

many consecutive choices for the same reward had been performed up to the current 

choice trial. Starting from zero, repeated-choice counts accumulated when the chosen re-

ward on the current trial matched the previously chosen reward and returned to zero 

otherwise. Therefore, each session had two strings of repeated choice counts that tracked 

the numbers of repetitive choices for each reward. We pooled the lengths of each non-zero 

sequence of repeated-choice counts (run-lengths) and fitted the run lengths with an expo-

nential distribution to estimate the mean and 95 % confidence intervals of the repeated 

choice counts for each reward, which were then compared using a two-sided likelihood 

ratio test: 

 
𝑈 =

𝜃1̂
𝜃2̂
~𝐹(2𝑛1, 2𝑛2) (3.3) 

, where 𝜃1̂ and 𝜃2̂ were the means of two exponential repeated choice counts and the 

degrees of freedom were twice the sample numbers (𝑑𝑓1 = 2𝑛1, 𝑑𝑓2 = 2𝑛2). 

 

III. Nutrient-magnitude trade-off 

For each choice trial, we multiplied the reward amount and the nutrient concentra-

tion to calculate the amount of fat and sugar for both options. We then summed the larger 

nutrient amount between the options in each trial as the upper bound of the fat and sugar 

intake, respectively. Similarly, the smaller nutrient amounts were summed to derive the 

lower bound of nutrient intake. We then normalised the actual fat, sugar, and reward 

intake amount into percentages between these bounds, 
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intake (%) =

𝐼 − 𝐼𝑚𝑖𝑛
𝐼𝑀𝑎𝑥 − 𝐼𝑚𝑖𝑛

× 100 % (3.4) 

, where 𝐼 is the actual intake of fat and sugar (g) or reward amount (mL); 𝐼𝑀𝑎𝑥 and 𝐼𝑚𝑖𝑛 

are the maximally and minimally available intake amount. Therefore, any monkey who 

aimed to maximise the reward amount should obtain 100 % of the reward amount (𝐼 =

𝐼𝑀𝑎𝑥). By contrast, because the controlled nutrient content was identical in both rewards, 

the intake of the controlled nutrient scaled with the percentage of reward intake. The 

intake of the manipulated nutrient, however, should be 50 % for a reward maximiser be-

cause the reward magnitudes were randomised. The equally distributed choices should 

translate to the mean of the maximal and minimal intake, i.e., 𝐸[𝐼] = (𝐼𝑀𝑎𝑥 + 𝐼𝑚𝑖𝑛)/2 or 

50 % intake percentage. However, if the monkeys showed a preference for the manipu-

lated nutrient, they would choose the high-nutrient reward even when it was offered in 

lower amounts, thereby reducing the intake of reward amount (<100 %) in exchange for 

the preferred manipulated nutrient (>50 %). The extent to which the intake of reward 

amount reduced from 100 % revealed the willingness of the monkeys to trade reward 

magnitudes for preferred nutrients. 

 

Nutrient-specific reward valuation 

I. Value estimation by psychometric curves 

To estimate subjective reward values using LFLS as the common reference based on 

the psychometric curves, we first binned the log offer ratios (LFLS/alternatives) into dec-

iles and computed the binned choice frequencies of LFLS. We then fitted the choice fre-

quencies at different offer ratios with a two-parameter logistic function:  

 
𝑃(𝐿𝑒𝑓𝑡) = 𝑓(𝑥) =

1
1 + 𝑒−𝑘(𝑥−𝑥0)

    , 𝑥 ∈ ℝ+ (3.5) 
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, where 𝑥 was the log offer amount ratio of LFLS and other rewards; 𝑥0 was the inflec-

tion point of the sigmoid curve; 𝑘 was a steepness constant of the curve, and 𝑒 was the 

base of natural logarithm. The inflection point 𝑥0 represented the specific ratio at which 

both rewards were chosen with equal probability (indifference point), i.e., 𝑃(𝑐ℎ𝑜𝑖𝑐𝑒) = 0. 5, 

and signalled the exchange rates between rewards, i.e., one unit of reward was equally 

valued to 𝑥0 unit(s) of LFLS. Therefore, an indifference point larger than (𝑥0 > 1) and a 

right-shifted psychometric curve revealed a positive preference for the alternative reward 

compared to LFLS, and vice versa. To compress the psychometric curves for better visu-

alisation while preserving noticeable changes of the indifference points, we log-trans-

formed the offered ratios with respect to base 2 and reversed the transformation once we 

acquired the indifference point estimates. 

 

II. Cross-validation of reward value estimates 

We performed 10-fold cross-validation to examine the reward value estimates by 

transforming the trial-by-trial offers into value equivalents of LFLS. Specifically, we com-

puted the value equivalents of high-nutrient rewards (𝑉) by multiplying the offered re-

ward amount (𝑅𝑀) with the subjective reward value (𝑆𝑉) and predicted choices based on 

the differential LFLS-equivalent offers (𝑉𝐿 − 𝑉𝑅), 

 
𝑉 = 𝑅𝑀 × 𝑆𝑉 (3.6) 

 
𝑃(𝐿𝑒𝑓𝑡) = 𝑓(𝑥) =

1
1 + 𝑒−𝑘(𝑉𝐿−𝑉𝑅)

 (3.7) 

The probability of choosing left options was again fitted with the two-parameter logistic 

function to assess how well the subjective reward values served as the exchange rates 

between rewards to explain the choices. The distribution of the adjusted R2 in the sigmoid 

fit evaluated the out-of-sample validity of these value estimates. 
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III. Transitivity of relative values 

For each reward pair, the direct values were estimated by the indifference points in 

the psychometric curves; the indirect values were derived from the multiplication of rela-

tive values via any other intermediate rewards. We performed this analysis across all 

pairs between the four factorial rewards, except for those involving the HFHS reward 

because for some of the animals the reward estimates for the highly preferred HFHS re-

ward were off the scale of appropriate estimation range, due to the necessarily limited 

magnitude range we could offer in the task. 

 

3.2.5  Logistic regression analysis 

Mixed-effects multinomial logistic regression 

We adopted mixed-effects multinomial logistic regression analysis (fitglme function, 

MATLAB) to model the animals' trial-by-trial choices. Specifically, we modelled the left-

right choices excluding the first 50 trials in each session (during which associations be-

tween visual cues and liquid rewards were learned) and specified the categorical session 

number (Session) as the group variable to account for session-by-session (i.e., day-by-day) 

variations (random effects). We adopted the global model in which we estimated both the 

main effects and random effects of all the relevant regressors. The response variable was 

the dichotomous trial-by-trial left (𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛 = 1) or right (𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛 = 0) choices, col-

lected from 𝑆𝑘 sessions in monkey 𝑘 (𝑆𝑘 ∈ ℕ, 𝑘 = 1,2,3). Under the framework of Gener-

alised Linear Mixed Models (GLMMs) with logit function as the link function, the logistic 

regression model can be specified as: 

         𝑙𝑜𝑔𝑖𝑡(𝜋𝑖𝑗𝐿 ) = 𝑙𝑜𝑔 [
𝜋(𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛𝑖𝑗 = 1)
𝜋(𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛𝑖𝑗 = 0)

]

= 𝐱𝑖𝑗′ 𝛃 + 𝐳𝑖𝑗′ 𝐮𝑖 + 𝜀𝑖𝑗    , 𝜀𝑖𝑗~𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜎2) 

(3.8) 
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, where 𝜋𝑖𝑗𝐿  denotes the probability of choosing left in the 𝑗th trial of session 𝑖 ( 𝑗 =

1,2,… , 𝑇𝑖 ∈ ℕ; 𝑇𝑖 = the total number of trials in session 𝑖); 𝐱𝑖𝑗 is a vector of trial-by-trial 

predictors depending on the models (fixed-effect regressors; see below) and 𝐳𝑖𝑗 is a vector 

of trial-by-trial predictors nested in 𝐱𝑖𝑗, and the effects of these predictors vary across 

sessions (random-effect regressors). Under the assumption that the session-by-session 

variations of random effect regressors followed normal distribution with mean 0 and co-

variance matrix Ω, 

 𝐮𝑖~𝑁𝑜𝑟𝑚𝑎𝑙(0, Ω), Ω = [
𝜎112 ⋯ 0
⋮ ⋱ ⋮
𝜎1𝑖2 ⋯ 𝜎𝑖𝑖2

]  , 𝑖 = 1,2,… , 𝑆𝑘 ∈ ℕ, 𝑘 = 1,2,3 (3.9) 

The model estimated the coefficients of fixed-effect regressors, 𝛃, and the session-wise 

variations of the random-effect regressors, 𝐮𝑖. The estimated left-right choice responses, 

𝑝𝑖𝑗𝐿 , were derived by reverse logit function conditional on the session-wise random effects 

(𝐮𝑖), and the session-wise regression coefficients (𝛈𝒊) were derived from the fixed-effect 

coefficients (𝛃) and the session-wise calibration terms (𝐮𝑖). 

 𝑝𝑖𝑗𝐿 = 𝑃(𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛 = 1|𝐮𝑖) =
exp(𝐱𝑖𝑗′ 𝛃 + 𝐳𝑖𝑗′ 𝐮𝑖)

1 + exp(𝐱𝑖𝑗′ 𝛃 + 𝐳𝑖𝑗′ 𝐮𝑖)
∈ [0,1], 𝛈𝒊 = 𝛃 + 𝐮𝑖 (3.10) 

Regression models 

In all logistic regression models, we controlled task-related regressors, including the 

position of the liquid-delivery spout (Spout) and the presentation order of visual cues 

(LeftFirst). Additionally, we systemically evaluated the effects of possible explanatory var-

iables, including reward magnitudes (RM), nutrient content (Fat, Sugar), trial progres-

sion (Trial), energy content (Energy), and texture parameters (Visc, CSF) in the regres-

sion models below (Table 3.2). Importantly, we specified the categorical session number 

(Session) as the group variable to address session-wise variations of nutrient sensitivities 

using mixed-effects models.  
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I. Nutrient model 

In the main nutrient model, we modelled basic nutrient sensitivities while control-

ling task-related regressors in a mixed-effects model that based on the categorical session 

number (Session) as the group variable to address session-wise variations of nutrient sen-

sitivities as follows, 

 
𝑙𝑜𝑔𝑖𝑡(𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛) = 𝛽0 + 𝛽1 × 𝐿𝑒𝑓𝑡𝐹𝑖𝑟𝑠𝑡 + 𝛽2 × 𝑆𝑝𝑜𝑢𝑡 + 𝛽3 × 𝑅𝑀 +

𝛽4 × 𝑆𝑢𝑔𝑎𝑟 + 𝛽5 × 𝐹𝑎𝑡 + 𝛽6 × 𝑆𝑢𝑔𝑎𝑟 ×  𝐹𝑎𝑡 | 𝑆𝑒𝑠𝑠𝑖𝑜𝑛  

(3.11) 

, where 𝐿𝑒𝑓𝑡𝐹𝑖𝑟𝑠𝑡 indicated whether the left option was shown first (1, if the left option 

was shown first; 0 if the right option was shown first), 𝑆𝑝𝑜𝑢𝑡 indicated the spout channel 

that delivered the left reward option (1, if left, 0 if right). 𝑅𝑀 represented the left offer 

magnitudes minus the right offer magnitudes, whereas 𝐹𝑎𝑡 and 𝑆𝑢𝑔𝑎𝑟 coded the ordinal 

left-right nutrient level differences (1, if left > right; 0, if left = right; –1, if left < right) 

Table 3.2. Logistic regression models 

Regression  

models 
=  Task regressors = Intercept + LeftFirst + Spout 

RM model =  Task regressors + RM 

Nutrient model =  Task regressors + RM + Fat + Sugar + Sugar × Fat 

Dynamic model =  Task regressors + RM + Fat + Sugar + Trial × Fat + Trial × Sugar 

Energy model =  Task regressors + Energy 

Viscosity model =  Task regressors + RM + Fat + Sugar + Sugar × Fat + Visc 

Friction model =  Task regressors + RM + Fat + Sugar + Sugar ×Fat + CSF 

Texture model =  Task regressors + RM + Sugar + Visc + CSF 

History model =  Task regressors + RM + Fat + Sugar + Sugar × Fat 

 + Sugar × SugarHist1–10 + Fat   × FatHist1–10 

 + Fat   × SugarHist1–10 + Sugar × FatHist1–10 
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and 𝑆𝑢𝑔𝑎𝑟 ×  𝐹𝑎𝑡 captured the additional fat-sugar interactions (1, if the left option was 

both high-fat and high-sugar, but the right was not; –1, if the opposite, and 0, if otherwise). 

 

II. Energy model 

To test the hypothesis of energy maximisation, we combined reward magnitudes and 

nutrient content into a single energy-content regressor (Energy) and included the energy 

difference between left-right options to construct the energy model as follows, 

 𝑙𝑜𝑔𝑖𝑡(𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛) = 𝛽0 + 𝛽1 × 𝐿𝑒𝑓𝑡𝐹𝑖𝑟𝑠𝑡 + 𝛽2 × 𝑆𝑝𝑜𝑢𝑡 + 𝛽3 × 𝑅𝑀 +

𝛽4 × 𝐸𝑛𝑒𝑟𝑔𝑦 | 𝑆𝑒𝑠𝑠𝑖𝑜𝑛  

(3.12) 

, where the newly included Energy regressor represented the left-right differences in ac-

tual energy content (kcal). 

 

III. Nutrient history model 

We explored how past fat and sugar choices influenced current nutrient sensitivities 

by including interaction terms between current nutrient sensitivities and within-nutrient 

(sugar → sugar, fat → fat) or across-nutrient (sugar → fat, fat → sugar) feedback up to 

10 trials prior to current trial as follows, 

 𝑙𝑜𝑔𝑖𝑡(𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛) = 𝛽0 + 𝛽1 × 𝐿𝑒𝑓𝑡𝐹𝑖𝑟𝑠𝑡 +  𝛽2 × 𝐶𝑆1𝐿𝑒𝑓𝑡 + 𝛽3 × 𝑅𝑀  

+ 𝛽4 × 𝑆𝑢𝑔𝑎𝑟 + 𝛽5 × 𝐹𝑎𝑡 | 𝑆𝑒𝑠𝑠𝑖𝑜𝑛)  

+∑ (𝛽5+𝑘 × 𝑆𝑢𝑔𝑎𝑟 × 𝑆𝑢𝑔𝑎𝑟𝐼𝑛𝑡𝑎𝑘𝑒𝑘)10
𝑘=1   

+∑ (𝛽15+𝑘 × 𝐹𝑎𝑡     × 𝐹𝑎𝑡𝐼𝑛𝑡𝑎𝑘𝑒𝑘)10
𝑘=1   

+∑ (𝛽25+𝑘 × 𝑆𝑢𝑔𝑎𝑟 × 𝐹𝑎𝑡𝐼𝑛𝑡𝑎𝑘𝑒𝑘)10
𝑘=1   

+∑ (𝛽35+𝑘 × 𝐹𝑎𝑡     × 𝑆𝑢𝑔𝑎𝑟𝐼𝑛𝑡𝑎𝑘𝑒𝑘)10
𝑘=1   

(3.13) 
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In this model, in addition to the nutrient model, we computed the intake of fat and sugar 

up to 10 trials prior to the current trial (𝐹𝑎𝑡𝐼𝑛𝑡𝑎𝑘𝑒𝑘, 𝑆𝑢𝑔𝑎𝑟𝐼𝑛𝑡𝑎𝑘𝑒𝑘, 𝑘 = 1,2,3,… ,10). The 

within-nutrient effects were modelled by the interactions between past sugar intake and 

current sugar sensitivity, as well as past fat intake and current fat sensitivity; the across-

nutrient effects were captured by the influences of past sugar intake on current fat sensi-

tivity and the influences of past fat intake on current sugar sensitivity. 

 

IV. Model comparison 

We compared the performance of regression models based on the Akaike Information 

Criteria (AIC) (Akaike, 1998, pp. 199–213), 

 𝐴𝐼𝐶 = 2𝑘 − 2𝑙𝑜𝑔𝐿 (3.14) 

, where 𝑘 is the number of parameters in the model and 𝐿 is the maximal likelihood of 

the model predictions given the actual data. Because the relative likelihood of model 𝑡 

(𝑅𝐿𝑡) suggested by the AIC difference is 

 𝑅𝐿𝑡 = exp (
𝐴𝐼𝐶0 − 𝐴𝐼𝐶𝑡

2
) (3.15) 

, where 𝐴𝐼𝐶0 and 𝐴𝐼𝐶𝑡 are the AIC values of the reference model and model 𝑡, respec-

tively, we accepted that a model was better if the model likelihood was 5 times more than 

the competing models, i.e., Δ𝐴𝐼𝐶 = 𝐴𝐼𝐶0 − 𝐴𝐼𝐶𝑡 > 2𝑙𝑜𝑔5 ≈ 3.22. We constructed the main 

nutrient model by including significant task-related regressors based on AIC criteria for 

all three monkeys. We then performed a similar model comparison between the nutrient 

model and the energy model to test the energy maximisation hypothesis against nutrient 

valuation strategy. 
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Cross-prediction validation 

We used cross-prediction analyses to validate the regression models across sessions, 

across flavours, and across animals. Specifically, we first separated the data into mutually 

exclusive training and testing sets. We then predicted choices in the testing set based on 

the regression coefficients derived from the training data. The performance of the cross-

prediction was evaluated by (McFadden’s) cross-validated pseudo-R2, 

 Cross-validated pseudo-R2 = 1 −
𝐿𝐿𝑛𝑢𝑡𝑟𝑖𝑒𝑛𝑡
𝐿𝐿𝑛𝑢𝑙𝑙

 (3.16) 

, which was based on the log-likelihood ratio of choices predicted by the nutrient model 

(𝐿𝐿𝑛𝑢𝑡𝑟𝑖𝑒𝑛𝑡) and the intercept model (𝐿𝐿𝑛𝑢𝑙𝑙). Higher cross-validated pseudo-R2 indicated 

better cross prediction performance, therefore more robust nutrient value functions across 

conditions. Based on this concept, in the cross-session prediction, we sequentially left out 

one session as testing sets and fitted the nutrient model in the remaining training data. 

We then reported the mean cross-validated pseudo-R2 to indicate the stability of the nu-

trient model across testing sessions. In the cross-flavour prediction, we took turns using 

choice data in one flavour as training sets to predict choices in another flavour. The cross-

predicted pseudo-R2 was reported in the confusion matrix.  

Lastly, in the cross-animal prediction, we used the nutrient value function from one 

monkey to predict the other two monkeys’ choices. We first randomly selected one flavour-

matched testing session from each of the three monkeys. We then fitted the nutrient 

model in one of the monkeys (training monkey) using choices excluding the left-out session 

and predicted choices in the three testing sessions. We compared the prediction perfor-

mance on the other two monkeys (testing monkeys) to that of the training monkey. Im-

portantly, we truncated the testing sessions to identical trial numbers to ensure compa-

rability. 
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Preference dissimilarity index (PDI) 

To quantify the distinctiveness of choice patterns across monkeys, we defined the 

preference dissimilarity index (PDI) as the averaged ratio of the log-likelihood, 

 𝑃𝐷𝐼𝑚𝑛 = log [
1
2
(
𝐿𝐿𝑚𝑛
𝐿𝐿𝑚𝑚

+
𝐿𝐿𝑛𝑚
𝐿𝐿𝑛𝑛

)] (3.17) 

, where 𝐿𝐿𝑚𝑛 denotes the log-likelihoods of using trained nutrient preference of monkey 

𝑚 to predict choices of monkey 𝑛, and 𝐿𝐿𝑛𝑚 the opposite; 𝐿𝐿𝑚𝑚 and 𝐿𝐿𝑛𝑛 were self-pre-

dicted reference models based on the monkey's own nutrient preferences. The PDI com-

pared the cross-predictability to self-predictability, with PDI = 1 indicating comparable 

cross-predictability based on self and other nutrient preferences. PDIs larger than 1 sug-

gested a discrepancy between other-predicted and the reference self-predicted choices 

(distinct choice patterns). The cross-prediction was repeated for 1,000 iterations between 

each pair of the monkeys to compute the average log-likelihood ratios for pairwise PDIs.  

The importance of fat and sugar in explaining the individual differences of choice 

patterns were estimated by repeating the cross-animal predictions after systematically 

leaving out fat and sugar regressors in the nutrient model. The nutrient contribution was 

estimated by the percentage change of PDI with and without the nutrient regressor in the 

nutrient model. 

 Nutrient contribution =
𝑃𝐷𝐼𝑛𝑢𝑡𝑟𝑖𝑒𝑛𝑡 − 𝑃𝐷𝐼𝑛𝑢𝑙𝑙
𝑃𝐷𝐼𝑓𝑢𝑙𝑙 − 𝑃𝐷𝐼𝑛𝑢𝑙𝑙

 (3.18) 

With the null model containing only the reward magnitudes and task-related control var-

iables, the nutrient contribution of choice discrepancies was quantified as the increase in 

the PDI after adding specific nutrient regressor into the null model (𝑃𝐷𝐼𝑛𝑢𝑡𝑟𝑖𝑒𝑛𝑡) normal-

ised with the whole range of PDI, which was bounded by the full nutrient model (𝑃𝐷𝐼𝑓𝑢𝑙𝑙) 

and the null model (𝑃𝐷𝐼𝑛𝑢𝑙𝑙). 
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Mediation analysis 

We adopted mediation analysis (Baron & Kenny, 1986; Bollen & Noble, 2011) in lo-

gistic regressions to assess possible causal relationships between the nutrient content, 

oral texture parameters and reward choices. The framework of mediation analysis in-

volved three components:  

path c — nutrient content (predictor) predicts choices (total effect); 

path a — correlation between nutrient content (predictor) and texture (mediator); 

path c’— the net effect of nutrient content after controlling texture (direct effect) 

After including the mediators into the regression models, they replaced the effects of the 

predictors, either completely (complete mediation) or partially (partial mediation). The 

direct effect (path c’) of the nutrient content (predictors) on choices was defined as the 

coefficients of nutrient content (predictors) after controlling the texture parameters (me-

diators). The mediation effect (c – c’) was then quantified as the coefficient differences 

between the total effect and the direct effect. 

Specifically, we examined whether the oral texture parameters replaced the effects 

of fat and sugar in the nutrient model by independently including viscosity and CSF into 

the nutrient model (Table 3.2): 

 𝑙𝑜𝑔𝑖𝑡(𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛) = 

𝛽0 + 𝛽1 × 𝐿𝑒𝑓𝑡𝐹𝑖𝑟𝑠𝑡 + 𝛽2 × 𝑆𝑝𝑜𝑢𝑡 + 𝛽3 × 𝑅𝑀 + 

𝛽4 × 𝑆𝑢𝑔𝑎𝑟 + 𝛽5 × 𝐹𝑎𝑡 + 𝛽6 × 𝑆𝑢𝑔𝑎𝑟 ×  𝐹𝑎𝑡 + 𝛽7 × 𝑉𝑖𝑠𝑐 | 𝑆𝑒𝑠𝑠𝑖𝑜𝑛 

(3.19) 

 𝑙𝑜𝑔𝑖𝑡(𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛) = 

𝛽0 + 𝛽1 × 𝐿𝑒𝑓𝑡𝐹𝑖𝑟𝑠𝑡 + 𝛽2 × 𝑆𝑝𝑜𝑢𝑡 + 𝛽3 × 𝑅𝑀 +  

𝛽4 × 𝑆𝑢𝑔𝑎𝑟 + 𝛽5 × 𝐹𝑎𝑡 + 𝛽6 × 𝑆𝑢𝑔𝑎𝑟 ×  𝐹𝑎𝑡 + 𝛽7 × 𝐶𝑆𝐹 | 𝑆𝑒𝑠𝑠𝑖𝑜𝑛  

(3.20) 
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The differences of fat and sugar regression coefficients before (Nutrient model, total effect: 

c) and after including texture parameters (Texture model, direct effect: c’) showed how 

much viscosity and CSF accounted for fat and sugar sensitivities. We tested the signifi-

cance of the mediation effects using bootstrap analysis (Bollen & Noble, 2011; Shrout & 

Bolger, 2002) with 1,000 iterations. We accepted significant mediation effects if the iter-

ated distributions of the mediation effects significantly deviated from 0. 

 

Structural Equation Modelling (SEM) 

Based on the framework of structural equation modelling (SEM), we combined three 

logistic regressions in the path analysis to describe the relationships between nutrient 

content, food texture parameters and choices. The first two regressions recapitulated how 

fat and sugar content influenced viscosity and sliding friction: 

 𝑉𝑖𝑠𝑐𝑜𝑠𝑖𝑡𝑦 =  𝛽0 + 𝛽1 × 𝐹𝑎𝑡 + 𝛽2 × 𝑆𝑢𝑔𝑎𝑟 (3.21) 

 𝐶𝑆𝐹 =  𝛽0 + 𝛽1 × 𝐹𝑎𝑡 + 𝛽2 × 𝑆𝑢𝑔𝑎𝑟 (3.22) 

The third regression characterised the influences of food textures and the direct influences 

of sugar content independent of its texture (direct effect) on choices: 

Total effect: logit(𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛) = 𝛽0 + 𝛽1 × 𝑆𝑢𝑔𝑎𝑟 + 𝛽2 × 𝐹𝑎𝑡  (3.23) 

Direct effect: logit(𝐿𝑒𝑓𝑡𝐶ℎ𝑜𝑠𝑒𝑛) = 𝛽′0 + 𝛽
′
1 × 𝑆𝑢𝑔𝑎𝑟 + 𝛽

′
2 × 𝑉𝑖𝑠𝑐 + 𝛽

′
3 × 𝐶𝑆𝐹  (3.24) 

The differences between the regression coefficients for sugar level in the two models (𝛽1 −

𝛽′1) were defined as the mediation effect of the texture parameters between sugar content 

and choices. We performed a bootstrap test with 1,000 iterations to evaluate the signifi-

cance of these regression coefficients and the mediation effects. All path coefficients were 
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normalised and expressed in the path diagrams to indicate how fat and sugar content 

could change the food textures to influence reward choices. 

 

Cumulative choice trajectory 

I. Reward space choice trajectory 

In the reward space, starting from the origin, the cumulative choices between the 

two options against each other constructed the choice trajectory within a given session. 

We normalised the choice counts to the total trial number in each session and averaged 

the cumulative choices across sessions. Thus, indiscriminate choices would show a choice 

trajectory that follows the 45-degree unity line and an endpoint that rests on the midpoint 

of the hypotenuse. Conversely, deviations away from the unity line suggest a choice bias 

and the continuous trajectory describes the changing choice patterns within the session. 

In addition, we computed the target component (energy, fat, or sugar) of both options in 

each trial. For each component, we simulated choices that maximised the specific compo-

nent and chose randomly when the two options matched in the target component. 

 

II. Nutrient space choice trajectory 

In the nutrient space, we first computed the energy intake from fat and sugar (kcal) 

on each trial, based on the chosen reward magnitude and the nutrient composition of the 

chosen reward. Next, we normalised the trial-by-trial nutrient-specific energy intake to 

the total trial number in each session before averaging them to derive the final trajectories. 

For visualisation, we plotted the smoothed energy intake from sugar against fat (kcal/kcal) 

across sessions. Thus, in the isocaloric comparison, the slope of the trajectory revealed the 

animals’ trade-off between fat and sugar as a source of energy, indicated by the angle 𝜃 

between the trajectory and the horizontal axis, 
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 𝜃 = 𝑡𝑎𝑛−1 [
Energy intake from sugar (𝑘𝑐𝑎𝑙)

Energy intake from fat (𝑘𝑐𝑎𝑙) ] (3.25) 

Likewise, the three reference trajectories in the reward space were transformed into the 

nutrient space, to indicate the relative nutrient intake in the three maximising strategies. 

 

Geometric Framework for Nutrition (GFN) 

We followed the Geometric Framework for Nutrition (GFN) developed by Simpson 

and Raubenheimer (Epstein et al., 2007; Simpson & Raubenheimer, 2012) in which the 

available food compositions, reference nutritional targets, and the actual nutrient-intake 

balance could be analysed in a common framework. The compositions of food rewards were 

plotted in a right-angled mixer triangle (Raubenheimer, 2011) based on the percentage 

contribution of fat and sugar to total energy content. The actual nutrient-intake balance 

(𝐍∗, a vector of nutrient composition in the percentage of total energy) was calculated 

based on the ratio of consumed fat and sugar amount from the choices: 

 𝐍∗ =
Total energy intake from nutrients (kcal)

Total energy intake (kcal) × 100% =
𝐼𝑁
𝐼𝑡𝑜𝑡𝑎𝑙

× 100% (3.26) 

Because nutrients can be acquired through reward A or reward B, the total intake can be 

separated based on the source of rewards, 

 
𝐼𝑁= 𝐸𝐴 ∙ 𝐍𝐴 ∙ ∑ 𝑅𝑀𝑖𝐴𝑛

𝑖=1 ∙ 𝐼𝑖𝐴⏟        
intake amount of reward A

+ 𝐸𝐵 ∙ 𝐍𝐵 ∙ ∑ 𝑅𝑀𝑖𝐵𝑛
𝑖=1 ∙ 𝐼𝑖𝐵⏟        

intake amount of reward B
  (3.27) 

 
𝐼𝑡𝑜𝑡𝑎𝑙 = 𝐸𝐴 ∙ ∑ 𝑅𝑀𝑖𝐴𝑛

𝑖=1 ∙ 𝐼𝑖𝐴⏟        
intake amount of reward A

+ 𝐸𝐵 ∙ ∑ 𝑅𝑀𝑖𝐵𝑛
𝑖=1 ∙ 𝐼𝑖𝐵⏟        

intake amount of reward B
  (3.28) 

, where 𝑅𝑀𝑖𝐴 and 𝑅𝑀𝑖𝐵 were the offered magnitudes (mL) of reward A and B on trial 𝑖 

across total 𝑛 trials; 𝐼𝐴 and 𝐼𝐵 were indicator functions, whose values were 1 only when 

the specific reward was chosen, and 0 if otherwise. The intake amounts of rewards were 
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then multiplied by the energy density, 𝐸𝐴 and 𝐸𝐵 (kcal/mL), and the nutrient composi-

tion, 𝑁𝐴 and 𝑁𝐵 (% energy), to compute the energy intake from specific nutrients. Be-

cause the reward compositions (𝐍𝐀, 𝐍𝐵) were constant within sessions, the geometric rep-

resentations of final nutrient balance were interpolations between the two points for re-

ward options, 𝐍𝐴 and 𝐍𝐵, weighted by the energy intake contributed by each reward. 

 

 𝐍∗ =
𝐼𝐴

𝐼𝐴 + 𝐼𝐵
∙ 𝐍𝐴 +

𝐼𝐵
𝐼𝐴 + 𝐼𝐵

∙ 𝐍𝐵 = 𝛼 ∙ 𝐍𝐴 + 𝛽 ∙ 𝐍𝐵 ∈ 𝐍𝐴𝐍𝐵 

𝛼 =
𝐼𝐴

𝐼𝐴 + 𝐼𝐵
∈ [0,1], 𝛽 =

𝐼𝐵
𝐼𝐴 + 𝐼𝐵

∈ [0,1], 𝛼 + 𝛽 = 1 

(3.29) 

 

Nutrient reference comparison 

We compared the nutrient intake balance derived from the animals’ choices with two 

nutrient reference points, the optimal diet composition for adult macaques (National Re-

search Council, 2003) and macaque milk (Hinde & Milligan, 2011). Because the actual 

nutrient balance should lie on the segments that connected the reward options, we or-

thogonally projected the reference points onto the lines that connected LFLS and HFLS 

or LFHS, using vector orthogonal projection as below: 

 𝐴𝑅′⃑⃑⃑⃑⃑⃑  ⃑ = 𝑅′ − 𝐴 =
𝐴𝑅⃑⃑⃑⃑  ⃑ ∙ 𝐴𝐵⃑⃑⃑⃑  ⃑

‖𝐴𝐵⃑⃑⃑⃑  ⃑‖
2 ∙ 𝐴𝐵⃑⃑⃑⃑  ⃑ (3.30) 

, where A and B were nutrient compositions of reward A and reward B, R was the nutrient 

reference point and R’ was its projection onto the line 𝐴𝐵⃡⃑⃑⃑  ⃑. These projection points were 

the closest achievable targets that served as surrogate nutrient references in these com-

parisons. 
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Reinforcement Learning (RL) simulation 

I. Reversal-learning task 

We simulated a reversal-learning task involving binary choices between high-nutri-

ent (H) and low-nutrient (L) reward options. Each option was associated with a specific a 

high probability 𝑃(𝐻) = 0.6, or a low probability, 𝑃(𝐿) = 0.4. The reward probability was 

reversed without signal every 50 trials, e.g., 𝑃(𝐻) = 0.6 ⟶ 0.4, 𝑃(𝐿) = 0.4 ⟶ 0.6.  

 

II. Standard RL model 

In the standard RL model, we adopted the basic form of a Q-learning algorithm that 

followed the Rescorla-Wagner learning rule (Rescorla & Wagner, 1972; Sutton R. S. & 

Barto A. G., 1998) and performed 100 repetitions of choice simulations in the reversal 

learning task. The agent tracked the values of the high-nutrient (H) and low-nutrient (L) 

rewards through trial-and-error (𝑄𝐻: value of the high-nutrient reward; 𝑄𝐿: value of the 

low-nutrient reward) and made choices based on the value difference (𝛿) in each trial. 

Specifically, starting with equal values for both rewards and indiscriminate choices (𝑄1𝐻 =

𝑄1𝐿 = 0.5; 𝑃(𝐻)1 = 𝑃(𝐿)1 = 0.5), the agent computed in each choice trial the value differ-

ence based on the latest value information (𝛿𝑡−1) and transformed it via the softmax func-

tion into the choice probability, 

 𝛿𝑡−1 = 𝑄𝑡−1𝐻 − 𝑄𝑡−1𝐿  (3.31) 

 𝜋(𝐻)𝑡 =  
1

1 + exp(−𝛿𝑡−1)
∈ [0,1] (3.32) 

, where 𝜋(𝐻)𝑡 denoted the probability of choosing the high-nutrient reward on trial t, and 

the low-nutrient choice probability was 𝜋(𝐿)𝑡 = 1 − 𝜋(𝐻)𝑡.  We then dichotomised the 

choice probability at 0.5 for the choice actions, 
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 𝐴(𝐻)𝑡 = {
1    , if 𝜋(𝐻)𝑡 > 0.5
𝑌    , if 𝜋(𝐻)𝑡 = 0.5
0    , if 𝜋(𝐻)𝑡 < 0.5

  𝐴(𝐿)𝑡 = {
1    , if 𝐴(𝐻)𝑡 = 0
0    , if 𝐴(𝐻)𝑡 = 1.

 , 𝑌~𝐵(1,0.5) (3.33) 

The choice for the high-nutrient reward 𝐴(𝐻)𝑡 was 1 when the choice probability was 

larger than 0.5 and was 0, if otherwise. In case of equal choice probability (𝜋(𝐻)𝑡 = 𝜋(𝐿)𝑡 =

0.5), the agent chose randomly (Bernoulli trial). The subsequent reward outcomes were 

randomly drawn depending on the task-assigned reward probability, which alternated 

every 50 trials in the reversal learning task. The received rewarded value was 1 if the 

agent received the reward and was 0 if otherwise. 

 𝑅𝑡𝐻 = 𝑅𝑡𝐿 = {
1    , if rewarded     
0    ,if unrewarded  (3.34) 

Importantly, in the standard RL model, the values for both rewards were identical, irre-

spective of their nutrient composition. This value specification was later modified in the 

nutrient RL model to incorporate the nutrient preferences into the RL framework. 

 

III. Nutrient-sensitive RL model 

In the nutrient-sensitive model, we assigned higher reward values for the high-nu-

trient reward than for the low-nutrient reward, when rewarded. The value for the high-

nutrient reward was controlled by a nutrient-sensitivity parameter 𝜂 ∈ [0,1) as below, 

 𝑅𝑡𝐻 = {
1
1−𝜂

≥ 1  ,if rewarded
           0          ,if unrewarded

 𝑅𝑡𝐿 = {
1    , if rewarded     
0    , if unrewarded (3.35) 

The single nutrient-sensitivity parameter 𝜂, created a continuous spectrum of nutrient-

sensitive RL models, which degenerated to the standard RL model when 𝜂 = 0 and con-

verged into high-nutrient only choices regardless of the reward probability when 𝜂 → 1 

(𝑅𝑡𝐻 → ∞). By contrast, the reward outcome for the low-nutrient reward remained un-

changed as the standard RL model. 

 



Methods 

 

3–28 

3 

Economic choice theory simulation 

I. Nutrient indifference map 

In the nutrient indifference map simulations, we systematically sampled LFLS 

(𝐹𝑎𝑡 = 0, 𝑆𝑢𝑔𝑎𝑟 = 0) against rewards with combinations of fat and sugar levels from 0.1 

to 1 in steps of 0.1. The 10,000 simulated choices were based on the regression coefficients 

derived from each monkey. We then based on the simulated choices to estimate the reward 

values for each fat-sugar combination using the indifference points on the psychometric 

curves. In the model, we log-transformed the fat and sugar level to follow the formulation 

of the Cobb-Douglas utility function (Cobb & Douglas, 1928; Varian, 2010), which created 

non-overlapping, non-decreasing, and negative-sloped indifference curves that have been 

widely used in economic studies. 

 𝑙𝑜𝑔𝑖𝑡(𝜋𝑖𝑗𝐿 ) = 𝑘𝑖𝑗 + 𝛼𝑖 ∙ 𝑙𝑜𝑔 (
𝐹𝑎𝑡𝐿𝑣𝐿
𝐹𝑎𝑡𝐿𝑣𝑅

) + 𝛽𝑖 ∙ 𝑙𝑜𝑔 (
𝑆𝑢𝑔𝑎𝑟𝐿𝑣𝐿
𝑆𝑢𝑔𝑎𝑟𝐿𝑣𝑅

)

+ 𝜀𝑖𝑗  , 𝜀𝑖𝑗~𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜎2) 

(3.36) 

, where 𝜋𝑖𝑗𝐿  denotes the probability of choosing left in the 𝑗th trial in session 𝑖, 𝑘𝑖𝑗 rep-

resents the aggregated task-related parameters as in the nutrient model, 𝜀𝑖𝑗  is the 

Gaussian random error.  

 

II. Extension of Indifference analysis 

We constructed four example composite food rewards, each with different composi-

tions of fat and sugar (fat/sugar): A (70%/30%), B (10%/90%), C (90%/10%), D (20%/80%). 

We assumed that the values for fat and sugar followed the exponential utility function,  

 𝑣(𝑐) = {
(1 − 𝑒−𝑎𝑐)

𝑎⁄ 𝑎 ≠ 0
𝑐 𝑎 = 0

 (3.37) 

, where 𝑐 is the quantity of the nutrients and a is a risk attitude parameter that deter-

mines the curvature of the function. In addition, we also assumed that the values for fat 
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and sugar were additive; therefore, the value of reward 𝑋 was the weighted sum of values 

of its nutrient constituents, 

 𝑈(𝑋) = 𝑈(𝑓, 𝑠) =
1 − 𝑒𝑥𝑝(−𝑎𝑓 ∙ 𝑓)

𝑎𝑓
∙ 𝑤𝑓 +

1 − 𝑒𝑥𝑝(−𝑎𝑠 ∙ 𝑠)
𝑎𝑠

∙ 𝑤𝑠 (3.38) 

Without loss of generality, we set the risk attitude parameters for fat and sugar as 𝑎𝑓 =

2, 𝑎𝑠 = 5, and the weights that integrated values of fat and sugar into the composite re-

ward values as 𝑤𝑓 = 0.3, 𝑤𝑠 = 0.7. The slightly larger parameters for sugar reflected the 

observed stronger influences of sugar content than fat content on choices. Next, we illus-

trated how four reward bundles (a, b, c, d) and their relative preference ranking linearly 

transformed from reward space A-B to the nutrient space, and finally to reward space C-

D. Specifically, each bundle point 𝑃𝑘 (𝑘 = 1,2,3,4) in the reward space A-B was linearly 

transformed into the nutrient space, 

 𝑃′𝑘 = 𝑇𝑁 ∙ 𝑃𝑘 = 𝑁𝐴𝐵 ∙ 𝑃𝑘 = [
𝑁𝑓𝐴 𝑁𝑠𝐴

𝑁𝑓𝐵 𝑁𝑠𝐵
] ∙ [𝑃𝑘

𝑓

𝑃𝑘𝑠
] (3.39) 

, where 𝑃′𝑘 was the transformed bundle point in the nutrient space, the transformation 

matrix to nutrient space (𝑇𝑁) was the nutrient composition matrix (𝑁𝐴𝐵) that included the 

nutrient vectors of the composite reward A and B (𝑁𝑓𝐴: fat content in reward A, 𝑁𝑠𝐴: sugar 

content in reward A; 𝑁𝑓𝐵: fat content in reward B, 𝑁𝑠𝐵: sugar content in reward B).  

Similarly, the same four bundle points can be again linearly transformed into reward 

space C-D, which was defined by rewards with the same ingredients as reward A,B but 

with different compositions. 

 𝑃′′𝑘 = 𝑇𝑅 ∙ 𝑃′𝑘 = 𝑁𝐶𝐷−1 ∙ 𝑃′𝑘 = [
𝑁𝑓𝐶 𝑁𝑠𝐶

𝑁𝑓𝐷 𝑁𝑠𝐷
]
−1

∙ [𝑃
′
𝑘
𝑓

𝑃′𝑘
𝑠 ] (3.40) 

Each bundle point in the reward space C-D 𝑃′′𝑘 was transformed from those in the nu-

trient space 𝑃′𝑘 by multiplying the points with the transformation matrix for reward 
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space (𝑇𝑅), which was the inverse of the nutrient composition matrix that included the 

nutrient vectors of reward C and D (𝑁𝐶𝐷). Notably, the relative rankings between the four 

bundles were preserved throughout the transformation. This value-preserving property 

illustrated that the same choice analysis could be performed in the nutrient space or in 

reward spaces constructed by rewards with different compositions, therefore providing a 

unifying framework that links indifference analyses across different reward sets via their 

common ingredients. 

 

Human psychophysical experiment 

Healthy, non-obese participants (N = 23, aged 18 to 21, 15 male) gave written in-

formed consent and participated in an experiment that involved sampling and psycho-

physically evaluating liquid rewards. The experiment was approved by the Local Research 

Ethics Committee of the Cambridgeshire Health Authority. The rewards were the same 

stimuli as used in our monkey experiment, but were prepared specifically for human test-

ing, and included the four factorial rewards, a cream-based stimulus, water and water-

diluted fruit juice concentrate (an additional stimulus involving a food-thickener was 

tested in a subset of 14 subjects). All stimuli were blackcurrant-flavoured. Subjects sam-

pled and swallowed 1.5 mL of each stimulus from opaque cups in randomised order; after 

sampling a stimulus, subjects gave psychophysical ratings on a touchpad and rinsed their 

mouth with water before sampling the next stimulus. Each stimulus was sampled six 

times. Rating scales ranged from 1 to 10, with endpoints labelled as ‘none’ and ‘very strong’. 

Ratings were z-scored before analysis. 
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3.3  Results 

3.3.1  Nutrient-choice task and nutrient-reward design.  

Three rhesus monkeys performed in a binary choice task in which they repeatedly 

chose between varying amounts of dairy-based liquid rewards that differed in nutrient 

content (Figure 3.1a). Each testing day, two liquids were pseudo-randomly selected from 

a 2 × 2 factorial design with fat and sugar level as factors (Figure 3.1b, Table 3.1). Liquid 

types were fixed within testing sessions, cued by conditioned visual stimuli; reward 

amounts varied trial by trial, cued by pretrained magnitude bars. This design allowed us 

to test how fat, sugar, and their interactions influenced the monkeys’ choices. Importantly, 

the rewards were matched in juice flavour (peach or blackcurrant), temperature, and 

other ingredients (protein, salt, etc.); rewards high in either fat or sugar were matched in 

energy density (isocaloric). Thus, systematic choice bias could only be attributed to the 

 
Figure 3.1. Nutrient choice task and nutrient reward design. (a) Nutrient choice task. Monkeys chose 

from two sequentially presented options. Conditioned stimuli predicted different liquid rewards; magnitude 

bars predicted randomly varying reward amounts. (b) Nutrient reward design. Liquid rewards differed in 

sugar and fat concentration. LFLS: low-fat, low-sugar; HFLS: high-fat, low-sugar; LFHS: low-fat, high-sugar; 

HFHS: high-fat, high-sugar. Rewards were matched in flavour (peach or blackcurrant) and other ingredients 

(protein, salt, and etc.); HFLS and LFHS were matched in energy content (isocaloric), HFHS had a higher 

energy content; LFLS was lowest in energy content. (c) Completed choice trials per testing session in each 

animal (N: number of sessions). (d) Choice frequencies for each nutrient reward (mean ± s.e.m.), across 

sessions and animals (N = 55,205 trials). 
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manipulated nutrient content and nutrient-associated sensory qualities. The animals 

were tested under conditions typical for neurophysiological recordings involving free food 

intake and controlled liquid intake. 

All three monkeys were motivated by the nutrient rewards to perform hundreds of 

choice trials each day (Figure 3.1c). Across animals, choice probabilities for the different 

liquids indicated clear preferences for high-nutrient rewards (Figure 3.1d): the high-fat 

high-sugar reward (HFHS) was most frequently chosen, the low-fat high-sugar reward 

(LFHS) was preferred over the high-fat low-sugar reward (HFLS), and the low-nutrient 

reward (LFLS) was least preferred. These data suggested that dairy-based, nutrient-

defined liquids constituted potent rewards for the monkeys and that the animals 

preferred liquids with high nutrient content. 

  

 
Figure 3.2. Choice biases for fat and sugar in single sessions. Trial-by-trial choice records of two rep-

resentative sessions from monkey Ya choosing between a low-nutrient option (yellow) and rewards with 

added fat (HFLS, green, top) or sugar (LFHS, blue, bottom). Upward/downward bars represent choices for 

high-/low-nutrient rewards; bar height indicates repeated choice counts. Grey curve shows the choice fre-

quency for high-nutrient rewards (seven-trial running average). 
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3.3.2  Preferences and subjective values for fat and sugar rewards 

We first examined the independent effects of fat and sugar on preferences, focusing on 

rewards that differed only in fat or sugar content. In the two sessions shown in Figure 

3.2, monkey Ya chose between a low-nutrient liquid (LFLS) and liquids with either added 

fat (HFLS, top panel) or sugar (LFHS, bottom panel), all of which were peach-flavoured. 

The monkey preferred high-fat and high-sugar liquids by choosing them more frequently 

and more repeatedly, as indicated by repeated choice counts (‘run lengths’). Throughout 

the session (Figure 3.2, top panel), the monkey showed a marked choice bias for the high-

fat liquid (green) over the low-nutrient liquid (yellow). The slope of the cumulative choice 

record (Figure 3.3a, green) reflected this fat preference by gradually moving toward the 

high-fat option, resulting in a higher choice frequency for the high-fat reward (inset). The 

monkey was also more likely to repeatedly choose the high-fat option, as shown by a 

 

Figure 3.3. Choice frequency and choice repetition for high-nutrient rewards in single sessions 

(same sessions as in Figure 3.2). (a) Cumulative choice records for high-fat (green) and high-sugar reward 

(blue) against the low-nutrient reward. The unity line (dashed line) indicates balanced choices between 

reward options. Inset: Choice frequency for HFLS (left) and LFHS (right) when chosen against LFLS (mean 

± s.e.m.). (b) Distributions of choice repetition, defined as consecutive choice counts for the same option. 

Triangles indicate median choice counts for HFLS (top) and LFHS (bottom), respectively. ***: P<0.001 
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longer-tailed run-length distribution (Figure 3.3b, top). These choice biases were even 

more pronounced for the high-sugar liquid (Figure 3.2, bottom and Figure 3.3, blue). 

To quantify the monkey’s willingness to trade reward magnitudes for fat and sugar 

(i.e., give up liquid to obtain nutrients), we calculated the percentage intake of nutrients 

and liquid amounts compared to the total offers in each session. When choosing between 

the low-nutrient liquid and the high-fat option (Figure 3.4a, green), the monkey gave up 

8% of offered reward magnitudes to obtain an additional 33% of fat (compared to an agent 

who maximised reward magnitudes, black dashed line). For choices involving the high-

sugar option, (Figure 3.4a, blue), the monkey gave up 26% of offered magnitudes to ob-

tain an additional 45% of sugar. Thus, the monkey flexibly traded cued reward magni-

tudes for preferred nutrients. 

 

Figure 3.4. Nutrient value functions derived from nutrient-magnitude trade-offs. (a) Nutrient-

magnitude trade-off. Percentage decrease in total acquired reward amount (left) and increase in specific 

nutrient intake (right), compared to reward maximisation (green: fat, blue: sugar). Reward maximiser ob-

tains 50% of high-nutrient rewards due to randomised reward amounts. (b) Nutrient-value functions. Choice 

frequencies for the low-nutrient reference as a function of offered magnitude ratio (LFLS/high-nutrient re-

wards ± s.e.m.). Indifference points, estimated by inflection points of fitted sigmoid curves, identify relative 

values of the high-nutrient rewards, measured on the common scale of the low-nutrient reference. Inset: 

Relative values of high-fat and high-sugar rewards and their 95% confidence intervals. 
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These trade-offs suggested that the monkey assigned subjective values to fat and 

sugar for decision-making. We quantified these values by constructing psychometric 

functions that related the ratio of offered liquid magnitudes to the animal’s choice 

frequency (Figure 3.4b). As the magnitude ratio increased toward the low-nutrient 

reference, the monkey was gradually more likely to choose it; accordingly, choices 

depended systematically on the reward magnitudes of both options. From fitted 

 

Figure 3.5. Preferences for fat and sugar across monkeys: choice frequencies, choice repetitions 

and nutrient-magnitude trade-offs.(a) Choice frequencies (± s.e.m.) for high-fat (HFLS) and high-sugar 

(LFHS) rewards when compared with the low-nutrient (LFLS) reference option in the three animals (***: P 

< 1.0 × 10–10, binomial test). (b) Repeated choice counts. All three monkeys chose high-fat and high-sugar 

rewards more repeatedly (all P < 0.001), except high-fat reward for monkey Ym, likelihood ratio test.; error 

bars: s.e.m.) (c) Trade-offs between nutrient content and reward amounts. The monkeys’ choices reduced 

total intake of reward amount (left bars, % of total offered amount in each session) and increased intake of 

fat and sugar (right bars, % of total offered nutrients in each session; error bars: s.e.m.).  
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psychometric functions, we identified the magnitude ratio at which the monkey chose both 

options with equal probability. This 'indifference point' revealed how many units of low-

nutrient reward were equally preferred to one unit of high-nutrient reward; it thus 

measured value on the common scale of the low-nutrient reference. Notably, indifference 

points were right-shifted from the point of objective equality (Figure 3.4b, magnitude 

ratio = 1), indicating that more low-nutrient reward was required to compensate for its 

lower value compared to the high-nutrient rewards. Specifically, the monkey would choose 

the high-fat and low-nutrient liquids equally at a ratio of 1.52 (LFLS/HFLS). Thus, one 

unit of high-fat liquid was worth 1.52 units of low-nutrient liquid. The animal required 

even higher low-nutrient magnitudes when choosing against the high-sugar liquid. Small 

confidence intervals indicated precise estimates of indifference points (Figure 3.4b, inset). 

Thus, the monkey's preferences systematically reflected trade-offs between reward 

amounts and nutrient compositions, consistent with the assignment of subjective values 

to choice options. 

 

Fat and sugar elicit robust preferences and subjective values 

Clear nutrient preferences were found in aggregated choice data across testing days 

and animals, despite individual differences. Two of the three animals chose the high-fat 

liquid over the low-nutrient reference more frequently than expected by chance, and all 

three animals chose the high-sugar liquid significantly above chance (Figure 3.5a). 

Repeated choice counts reflected these preferences (Figure 3.5b). All three animals gave 

up more low-nutrient liquid in exchange for fat and sugar, with particularly strong trade-

offs in monkeys V and Ya (Figure 3.5c).  

Correspondingly, psychometric indifference points were right-shifted (Figure 3.6a), 

confirming higher values for high-nutrient liquids. As subjective values were defined on 
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the common scale of the low-nutrient reference, derived from psychometric curves, we 

compared them between liquids and animals. All animals assigned higher values to the 

high-sugar liquid compared to the high-fat liquid, indicating a stronger preference for 

sugar than fat (Figure 3.6b). Monkey V showed the strongest sugar preference, requiring 

almost 32 times the amount of the high-sugar liquid to choose the low-nutrient reference. 

 
Figure 3.6. Nutrient value functions explain monkeys’ fat and sugar preferences. (a) Nutrient value 

functions in three animals across sessions. Choice frequencies for the low-nutrient reference as a function of 

offered magnitude ratios (± s.e.m.). (b) Indifference points identify the subjective values for the high-nutrient 

rewards (relative values and 95% confidence intervals). (c) Out-of-sample validation of subjective values. 

Relationships between choice probabilities and subjective value differences. Subjective values were derived 

from animal-specific indifference points in (a) by transforming offered magnitudes of the high-nutrient re-

wards into value equivalents of the low-nutrient option (10-fold cross validation). Insets: Adjusted R2 values 

from sigmoid fits. 
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We validated these value estimates by transforming the trial-by-trial offered magnitudes 

of each high-nutrient reward into animal-specific value equivalents of the low-nutrient 

reference to predict the animal's choices (out-of-sample prediction, see Methods). The 

resulting value differences in units of the low-nutrient reference predicted the animals’ 

choices well in all three monkeys, as indicated by orderly psychometric curves and model-

fit statistics (Figure 3.6c). 

To validate the reward values as relative economic values between rewards, we ex-

amined whether these values comply with the transitive axiom in utility theory (von Neu-

mann & Morgenstern, 1944) by comparing reward values derived from direct binary 

choices (direct values) and inferred values via an intermediate reward (indirect values) 

(Figure 3.7). If reward values derived from the psychometric curves comply with the 

transitive axiom of economic values (utility), the direct values and the indirect values 

should be equal, as in the following derivation: 

 𝑣𝑎𝑙𝑢𝑒(𝑖, 𝑗) × 𝑣𝑎𝑙𝑢𝑒(𝑗, 𝑘) =
𝑣𝑗
𝑣𝑖
×
𝑣𝑘
𝑣𝑗
=
𝑣𝑘
𝑣𝑖
= 𝑣𝑎𝑙𝑢𝑒(𝑖, 𝑘) (3.41) 

, where the value of reward 𝑖 (in the unit of value 𝑘) is equivalent to the value of reward 

𝑖 (in the unit of value 𝑗) times the value of reward 𝑗 (in the unit of value 𝑘). Indeed, the 

 
Figure 3.7. Transitivity of subjective reward values. We validated the transitivity of reward values by 

comparing the direct and indirect value estimates between rewards. The scatter plots (± s.e.m.) show that 

reward values derived from direct comparison between reward 𝑖 and 𝑘, value(𝑖, 𝑘), were identical to the 

indirect values estimated via an intermediate reward 𝑗, value(𝑖, 𝑗) × value(𝑗, 𝑘), in all three monkeys (see 

Methods). 
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direct values between reward pairs were identical to possible indirect value combinations 

within the four factorial rewards. This analysis was performed in all combinations within 

the four factorial rewards, except for those involving the HFHS reward, because the re-

ward estimates for the highly preferred HFHS reward were out of the appropriate value 

estimation range due to the limited magnitude range we could offer in the task. Thus, we 

showed that the monkeys demonstrated idiosyncratic nutrient preference, which can be 

inferred by the trade-offs between reward types and reward quantities in repeated binary 

choices. These value estimates comply with properties of economic values that serve as 

exchange rates to compare options on a common currency scale to guide decision-making. 

We next examined these nutrient preferences in a comprehensive trial-by-trial analysis 

across the full factorial stimulus set.  

 

Nutrient preferences are stable across contexts 

We used mixed-effects multinomial logistic regression to estimate the nutrient effects 

on trial-by-trial choices across all stimuli combinations while controlling for reward 

magnitudes, left-right biases and random fluctuations across testing sessions. Our main 

regression (‘nutrient model’, Table 3.3, see Methods) identified significant positive 

coefficients for fat and sugar in each animal (Error! Reference source not found.a), in 

addition to a significant reward-magnitude effect. Pseudo-R2 values indicated good model 

fits (Table 3.4). By quantifying the subjective weighing of specific nutrients on choices, 

the regression coefficients captured each animal's 'nutrient-value function'. 
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To evaluate the stability of nutrient preferences, we tested the model's capacity to 

predict each animal's choices across testing sessions. For each animal, we fitted regression 

models on data subsets and used the resulting coefficients to predict the remaining, held-

out choices (leave-one-session-out validation). Model-fit statistics indicated accurate 

predictions across sessions (mean cross-validated pseudo-R2, monkey V: 0.53 ± 0.19; 

monkey Ya: 0.63 ± 0.38; monkey Ym: 0.55 ± 0.09), suggesting stable nutrient preferences 

across testing days. Accordingly, session-specific regression coefficients for fat and sugar 

were relatively stable in all animals (Error! Reference source not found.b). Notably, as 

the liquid type was cued by different visual stimuli in each session, stable nutrient effects 

were not due to preferences for specific visual cues. Effects of recent nutrient choices on 

current-trial choice varied across animals but indicated that recent fat choices increased 

the likelihood of current-trial fat choice (positive feedback), whereas recent sugar choices 

reduced fat choice (negative cross-nutrient feedback) (Figure 3.9). 

 
Figure 3.8. Effects of fat and sugar content on choices. (a) Nutrient values across all choice conditions. 

Mixed-effects logistic regression of monkeys’ choices on reward magnitudes (RM), fat and sugar contents 

(‘nutrient model’), fitted over all sessions. All three animals showed significant coefficients (± s.e.m.) for fat 

and sugar on choices. (b) Stable fat and sugar effects across testing sessions, suggested by chronological 

session-wise regression coefficients from mixed-effects nutrient model. 
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In addition to nutrient content, food flavour is a key determinant of reward value 

(Rolls, 2020; Small, 2012). Therefore, we examined whether nutrient preferences for 

peach-flavoured liquids generalised to liquids with a different flavour. Mixed-effects 

regression on separate data involving blackcurrant-flavoured liquids showed significant 

fat effects in all three animals and significant sugar effects in two animals (Table 3.3); 

the effect of sugar in animal V was captured by a significant fat-sugar interaction, likely 

indicating subjective flavour-nutrient interaction. To quantify cross-flavour 

generalisation of nutrient preferences, we derived the nutrient value functions from 

logistic regressions on choices for one flavour to predict choices for the other flavour. 

Model-fit statistics (cross-validated pseudo-R2) confirmed accurate cross-flavour 

predictions for two animals (Ya, Ym) and lower but above-chance accuracy for animal V 

(Figure 3.10). Thus, nutrient preferences for fat and sugar were largely consistent across 

juice flavours and could be predicted by an animal’s nutrient-value function. 

 
Figure 3.9. Within and across nutrient interactions. Regression coefficients (± s.e.m.) from the ‘nutrient 

history model’ (see Methods) that extended our main nutrient model with coefficients for nutrient history, 

obtained by pooling trials across sessions within each animal. In monkey V and Ya, recent fat choices facili-

tated current-trial fat choice; whereas recent sugar choices inhibited current-trial fat choice (upper right 

panel, significant positive fat → fat weights and lower right panel, negative sugar → fat weights). These 

effects were absent in monkey Ym. However, monkey Ym showed a positive sugar feedback on sugar choices, 

which was not seen in the other two animals. 
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animals, fat and sugar elicited distinct influences on choices across animals. We 

quantified the idiosyncrasy of nutrient preferences by using one monkey’s nutrient value 

function to cross-predict another animal's choices. For each animal pair, we defined a 

preference dissimilarity index (PDI) based on the averaged log-likelihood ratios of mutual 

cross-animal predictions (see Methods). Using the pairwise PDI, we constructed a triangle 

whose side-lengths visualised choice discrepancies between animals' nutrient preferences 

(Figure 3.11a). This procedure showed that monkey Ym had the most distinct choice 

patterns compared to the other two monkeys, indicated by large PDI. By contrast, monkey 

V and Ya shared similar choice patterns, indicated by small PDI and good cross-

predictions. To determine the relative importance of fat and sugar preferences for 

between-animal choice discrepancies, we compared the cross-predictions based on fat, 

sugar or both nutrient preferences. In all three monkeys, both fat and sugar preference 

accounted for choice dissimilarity between animals, with sugar contributing 3 to 5 times 

more than fat (Figure 3.11b). For example, including sugar preference in the cross-

prediction between monkey V and Ya doubled the preference dissimilarity, resulting in 

diverged choice patterns. Thus, consistent with psychometric and regression analyses 

(Figure 3.6, Figure 3.8, Table 3.3), cross-animal predictions demonstrated distinct 

nutrient preferences explained by individual differences in nutrient valuation.  

 

Figure 3.10. Cross-flavour choice predictions. Confusion matrices show cross-validated pseudo-R2 val-

ues obtained by fitting the regression model for choices in one flavour (B: blackcurrant, P: peach) to predict 

choices for the other flavour. 
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Figure 3.11. Cross-animal choice predictions. (a) For each animal pair, we used one monkey’s nutri-

ent value function to predict the other monkey’s choices. We defined a preference dissimilarity index (PDI) 

based on the average log-likelihood ratio of mutual cross-animal predictions (shown as numbers in the 

triangle plot). Longer triangle side-lengths represent larger discrepancies between animals' nutrient pref-

erences. (b) Fat-sugar contributions in explaining individual differences. Percentage increases in PDIs 

after independently including fat or sugar regressors into the basic regression for pair-wise cross-animal 

predictions. 

 

 

Figure 3.12. Alternative choice task and preferences for an extended reward stimulus set. (a) 

Task design. Monkeys chose between sequentially presented choice options offered in constant amounts. 

Options were drawn from a set of five reward stimuli, including the four factorial nutrient rewards and a 

cream-based high-fat low-sugar reward (‘cream’). (b) Rewards were cued by two sets of pre-trained condi-

tioned stimuli; flavours were matched (blackcurrant or peach) within the same session. (c) Choice frequen-

cies for the tested rewards across sessions and animals, shown separately for the two flavours. (d) Pairwise 

binary choices between all combinations of the tested rewards. Colour scale represents choice frequency; 

arrow direction indicates the preferred reward. 
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To extend and replicate these effects across tasks, we performed an additional 

simplified task where the three monkeys chose directly between all nutrient rewards, 

offered randomly in the same session at constant magnitudes (Figure 3.12a). We also 

included flavour-matched diluted cream as a high-fat, low-sugar stimulus. Each reward 

type was associated with two sets of visual stimuli (Figure 3.12b) to control the 

influences of visual stimuli on choices. Without the influences of randomised offer 

magnitudes, choice frequencies across animals confirmed the preference ranking observed 

in our main task (Figure 3.12c). Regressions again showed significant positive effects of 

sugar and fat in all three animals (Figure 3.13a). With constant reward magnitudes, 

nutrient choices in this task seemed more similar across animals, indicated by lower PDI 

(Figure 3.13b). 

 
Figure 3.13. Nutrient value functions generalised across tasks. (a) Regression coefficients of fat and 

sugar content from mixed-effects logistic regressions fitted separately for the two flavours. (b) Psychometric 

functions show that choices were guided by the subjective values derived from the nutrient value functions 

in (a). (c) Geometry of discrepant preferences across animals, with preference dissimilarity indices (PDI, see 

Methods) as side lengths in both flavours separately (stated as numbers on the sides). 
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In summary, the animals' preferences were stable across sessions, largely 

generalised across flavours, reward sets and choice contexts, and could be captured by a 

nutrient value function. 

 

3.3.3  Viscosity and sliding friction as a physical basis for fat-sensing 

So far, we have shown that the monkeys’ choices were guided by subjective 

evaluations of fat and sugar. These findings naturally raise the question of how the 

animals sensed the nutrient content of the liquids. To address this issue, we focused on 

the sensing of fat from food texture, as sugar can be directly sensed by dedicated receptors 

 

Figure 3.14. Characterising oral texture of liquid foods. (a) Rheology examines the tendency for liq-

uids to flow as their viscosity; Tribology quantifies the lubrication between moving surfaces as the coefficient 

of sliding friction (CSF). (b) Rheology measurement. We measured the viscosity of liquid foods in a rotational 

rheometer (top). Liquid temperature was maintained at ambient temperature (18.5 ºC), as in the experi-

ments. (c) We measured CSF using a custom-designed tribometer (bottom) with biological tissue (fresh pig 

tongues) mimicking oral surfaces.  

 



Results 

 

3–48 

3 

(Yarmolinsky et al., 2009). Two specific texture parameters have been implicated in oral 

fat-sensing (Figure 3.14a): viscosity and the coefficient of sliding friction (CSF) (J. Chen 

& Stokes, 2012; Chojnicka-Paszun et al., 2012; Laguna et al., 2017; Shewan et al., 2020; 

Stokes et al., 2013; X. Wang & Chen, 2017). Accordingly, we hypothesised that these 

parameters might mediate the influence of fat content on the monkeys' choices. Testing 

this hypothesis required first measuring viscosity and CSF of our liquid rewards under 

biologically realistic conditions, before relating these measures to choices using regression 

analysis. 

We combined engineering tools from rheology and tribology to measure the viscosity 

and sliding frictions of our nutrient rewards. The viscosity of a liquid is the resistance to 

motion against an applied force, defined as the quotient of shear stress and shear rate, 

commonly measured in a rotational rheometer (Figure 3.14b) (J. Chen & Stokes, 2012). 

By contrast, sliding friction measures the resistance to relative motion between contacting 

surfaces. This resistance depends on the loading force applied to the interface, the details 

of the contacting surfaces and the properties of any lubricant between the surfaces (J. 

Chen & Stokes, 2012; Shewan et al., 2020). The CSF normalises the friction force with the 

loading force to characterise the lubricating properties of a test liquid between contact 

surfaces. To approximate friction conditions in the oral cavity (i.e., the tongue sliding over 

the palate), we devised a novel tribometer using parallel-sliding pig tongues as biological 

surfaces, rather than standard tribometers with circular-rotating glass and metal 

surfaces (Figure 3.14c, see Methods) (Dresselhuis, de Hoog, Cohen Stuart, & van Aken, 

2008).   
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In validation tests, the CSF measurements reliably reflected increases in fat content 

in a series of fatty liquids (Figure 3.15a). In our nutrient-defined rewards, as expected, 

increased fat content correlated positively with viscosity and negatively with CSF 

(Figure 3.15b, top row). By contrast, sugar content had no significant correlations with 

either viscosity or CSF (Figure 3.15b, bottom row). To link these texture measurements 

to texture perceptions, we performed a psychophysical experiment in which human 

subjects (N = 23) sampled the liquids designed as in our monkey experiments and rated 

subjective perceptions of the mouth-feel produced by the liquids (see Methods). We found 

that human psychophysical ratings of the thickness and oiliness of liquids were positively 

related to stimulus viscosity and negatively related to CSF (all P < 0.002, multiple 

regression; Figure 3.15c), suggesting that both texture properties contributed to texture 

sensations. Notably, oiliness was more strongly related to CSF than to viscosity (P = 0.011, 

t-test on regression coefficients). Thus, viscosity and sliding friction tracked the fat 

content of liquid nutrient rewards and produced distinct oral texture perceptions in 

humans. Specifically, high-fat liquids were more viscous and slippery, which humans 

perceived as thick and oily mouth-feel, respectively. 

 

3.3.4  Food-texture parameters mediate the influence of fat on choices 

To test whether oral texture parameters mediated the effect of nutrients on choices, 

we used structural equation modelling (SEM) based on a series of logistic regressions. We 

hypothesised (see Introduction) that sugar was mainly sensed from sweetness 

(Yarmolinsky et al., 2009) and exerted a direct, texture-independent influence on choices, 

whereas fat was indirectly sensed from viscosity and sliding friction (Chojnicka-Paszun 

et al., 2012; Laguna et al., 2017), which mediated the influence of fat on choices (Figure 

3.16).
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Figure 3.15. Sliding friction reflects fat content. Sliding friction measurements. Curves show CSFs for 

liquids with increasing fat content, measured from a single tongue (3 repetitions per stimulus). CSF was 

normalised to the coefficients measured with water. (b) Viscosity (right) and CSF (left) as a function of fat 

content (top) and sugar content (bottom) in our stimulus set (orange: peach; purple: blackcurrant; linear 

regressions). Measurements are shown for 13 stimuli: the four factorial stimuli with each of the two flavours, 

diluted cream with each flavour, diluted fruit juices, and water. (c-d) Human psychophysical experiment: 

Correlations between texture parameters and subjective thickness (left) and oiliness ratings (right), based 

on the same stimulus set as in the monkey experiments (blackcurrant flavour). (c) Texture influences on 

thickness ratings. Standardised regression coefficients (mean across subjects ± s.e.m.) of log(Viscosity) and 

CSF on thickness ratings (see Methods). The regression was significant in 23/23 subjects with mean R2 across 

subjects of 0.589 ± 0.032 (s.e.m.). Effect sizes of viscosity and CSF were not significantly different (P = 0.549, 

t-test on unsigned regression coefficients). (d) Texture influences on oiliness ratings. Standardised regres-

sion coefficients (mean across subjects ± s.e.m.) of log(Viscosity) and CSF on oiliness ratings (see Methods). 

The regression was significant in 22/23 subjects with mean R2 across subjects of 0.473 ± 0.041 (s.e.m.). The 

unsigned regression coefficient for CSF on oiliness was significantly larger than that for viscosity (P = 0.011, 

t-test on unsigned regression coefficients). 
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Regression-derived path coefficients within the SEM framework supported our 

hypothesis (Figure 3.16). As described above, viscosity and CSF correlated with fat but 

not sugar content. Although fat content itself had a significant effect on choice, this effect 

disappeared when texture parameters were included in the regression; specifically, CSF 

seemed to account fully for the effect of fat on choices (complete mediation effect, Figure 

3.16). Thus, texture parameters accounted for the effect of fat on choices, suggesting oral 

texture as a critical intermediate mechanism that linked fat content to choices. By 

contrast, the effect of sugar on choices was largely unaffected by viscosity and CSF, 

confirming a direct, texture-independent influence. Across animals, CSF had particularly 

 

Figure 3.16. Oral texture mediates the influences of fat and sugar on choices. (a) Mediation analy-

sis. The aggregated influence of nutrient content on choices (total effects, path c) was decomposed into indi-

rect effects mediated by texture (path a, path b) and direct effects (path c’). Mediation effects were significant 

if texture parameters replaced regression coefficients of the total effects (c− c′ ≠ 0). (b) Viscosity and CSF 

influenced the effects of fat and sugar on choices. Logistic regressions included fat and sugar regressors 

(‘nutrient’) or additional viscosity (‘+ Viscosity’, brown) or CSF (‘+ Friction’, orange) regressors. (c) Path dia-

grams describing correlational relationships between nutrient content, texture parameters and choices. Be-

cause the effect of fat on choices was fully accounted for by CSF (all animals) and viscosity (animal Ya), we 

included only the direct sugar effect. Significance of path coefficients derived from bootstrap (1,000 itera-

tions). 
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strong and robust influences on choice (Figure 3.16): negative and significant CSF path-

coefficients indicated that the monkeys preferred liquids with a slippery oral texture 

typical of high fat content. By contrast, only monkey Ya had an additionally significant 

and positive effect of viscosity on choices. This result implied that whereas CSF mediated 

a common fat effect on choices, viscosity contributed to individual differences between 

animals. 

We replicated and extended these findings in follow-up experiments involving direct 

choices between all liquids in the same testing session and an extended reward set 

including low-sugar cream for wider nutrient and texture variation. In this independent 

data set, sugar again had a significant positive and direct effect on choice in all animals, 

 

Figure 3.17. Path analysis between nutrients, food textures and choices for the alternative choice 

task. Path analysis based on the framework of structural equation modelling (SEM) and path coefficients in 

both juice flavours (blackcurrant: top; peach: bottom). The effect of fat was completely mediated by the food 

textures, and thus removed from the path diagram. However, sugar had a direct effect on choices independ-

ent of food textures. Significance of coefficients was derived from bootstrap (1,000 iterations). 
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and the effect of fat on choice was accounted for by texture parameters (Figure 3.17). As 

in the main data set, sliding friction had a significant negative effect on choice in two 

animals; different from the main data set, viscosity had a significant positive effect on 

choice in all animals, likely due to the addition of cream as a preferred high-viscosity 

liquid.  

Taken together, these results indicated that the animals sensed the fat content of the 

liquid rewards from two key food texture parameters, viscosity and sliding friction, and 

used this information for nutrient valuation and decision-making. The regression 

coefficients for viscosity and sliding friction extended the animals' nutrient-value function 

to physically measurable food texture parameters.  

 

3.3.5  Energy maximisation does not explain the nutrient preferences 

A central concept in ecology is that animals compare foods using energy content as a 

common currency and maximise energy intake (i.e., calories per unit time) when foraging 

(Stephens & Krebs, 1986). Other approaches emphasise the importance of nutrient-

specific appetites in guiding food choices and maintaining nutrient balance (Simpson et 

al., 2015; van der Klaauw et al., 2016). We examined whether our animals' choices were 

guided by subjective valuations of specific nutrients or by a behavioural strategy that 

maximised energy irrespective of nutrient composition. 

We first focused on sessions in which monkeys chose between isocaloric high-fat and 

high-sugar rewards. If monkeys evaluated rewards solely based on energy, they would 

choose both rewards indiscriminately, regardless of nutrient composition. Cumulative 

choice plots showed the animals' dynamic, trial-by-trial choice trajectories and aggregated 

choice frequencies, which allowed comparisons between choice strategies based on 

nutrient preferences or energy maximisation (Figure 3.18a). Session-averaged choice 
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trajectories showed that initially indiscriminate choices (when novel visual cues were 

introduced) gradually deviated toward the high-sugar reward to various extents in all 

three monkeys (Figure 3.18b). Trajectories quickly deviated towards sugar in monkey 

Ya and monkey V, whereas monkey Ym's trajectories initially followed energy 

maximisation before deviating toward sugar. 

  

 

Figure 3.18. Isocaloric choice trajectories deviate from energy maximisation strategy. (a) Sche-

matic of cumulative choice trajectory between isocaloric high-sugar (LFHS) and high-fat (HFLS) rewards in 

reward space. Inset: Proportions of fat and sugar to matched energy content in the two rewards. (b) Cumu-

lative choices between isocaloric high-sugar (LFHS) and high-fat (HFLS) rewards for the three animals 

(black: mean trajectory of actual choices, grey: single-session trajectories; colours: simulated choice trajecto-

ries based on reference strategies maximising calories, sugar or fat). All three monkeys’ choice trajectories 

were biased toward high-sugar reward. (c) Schematic of cumulative choices in nutrient space polar coordi-

nates, showing dynamic fat-sugar trade-off (slope: relative fat-sugar intake ratio (% energy); radius: trial 

progression). (d) Choice trajectories transformed from reward space into nutrient space (same sessions as in 

(c); black: actual choices; colors: reference simulated choices) 
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To explicitly examine the dynamics of fat and sugar intake, we transformed the 

choice trajectories from reward space to nutrient space. We computed the ratio of fat to 

sugar intake for every choice and transformed the cumulative reward choices in Cartesian 

coordinates to angles in polar coordinates (Figure 3.18c, d); angles between curves and 

the horizontal axis thus represented the trade-off between fat and sugar. Distributing 

choices between reward options was analogous to navigating in nutrient space by 

changing the fat-to-sugar intake ratio. Both monkey V and monkey Ya closely followed a 

 

Figure 3.19. Isocaloric reward choice trajectories involving a medium-fat medium-sugar (MFMS) 

reward. (a) Schematic of tests: Monkeys chose between a medium-fat medium- sugar reward (MFMS) and 

isocaloric low-fat high-sugar (LFHS) or high-fat low-sugar (HFLS) rewards. (b) Cumulative choices between 

MFMS and LFHS in reward space (left) and nutrient space (right) for the two tested animals (black: mean 

trajectory of actual choices, grey: single-session trajectories; colours: simulated choice trajectories based on 

reference strategies that maximised calories, fat, or sugar). (c) Cumulative choices between MFMS and 

HFLS in reward space (left) and nutrient space (right) for the two tested animals (black: actual choices; 

colours: reference simulated choices). 
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sugar maximisation strategy, while monkey Ym's choices reflected a mixture between 

sugar and energy maximisation. Additional tests in two monkeys involving choices for 

isocaloric rewards with intermediate fat and sugar content confirmed a stronger 

preference for sugar compared to fat, even when energy content was controlled (Figure 

3.19). 

We formally compared the explanatory power of nutrient valuation and energy 

maximization choice strategies, using logistic regressions and data from the full factorial 

design. We combined nutrient concentrations with reward magnitudes into a single 

energy-content regressor (‘energy model’, Methods) and compared the energy model to our 

nutrient model with independent fat and sugar regressors. The nutrient model 

outperformed the energy model in explaining trial-by-trial choices in all three monkeys 

(Figure 3.20a). Further, an energy-maximisation strategy would predict equal 

sensitivities to fat and sugar when they contain equal calories. As we set the high-fat and 

high-sugar levels to be isocaloric, the normalised dichotomous fat and sugar level 

regressors represented the same amount of additional calories. Therefore, the energy-

maximisation strategy would predict equal regression coefficients for the isocaloric high-

fat and high-sugar levels. By contrast, in all three monkeys, the standardised regression 

 
Figure 3.20. Nutrient values outperform energy content in explaining reward choices(a) Model 

comparison based on Akaike Information Criterion (AIC) favoured the nutrient model with separate fat and 

sugar regressors over the energy model in explaining reward choices. (b) Higher sensitivities to sugar com-

pared to fat despite matched energy content suggested by differences in logistic-regression coefficients for 

isocaloric sugar and fat levels (P < 0.001, Wilcoxon signed-rank test). 
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coefficients for sugar were significantly higher than those for fat (Figure 3.20b). Thus, 

monkeys did not equally value rewards with isocaloric fat and sugar content, but 

preferred sugar over fat as a source of energy.  

Collectively, nutrient-biased choice trajectories, formal model comparisons, and 

differential sensitivities to isocaloric nutrients argued against strict energy maximisation 

by our monkeys. Instead, the animals chose based on subjective nutrient sensitivities, 

especially sugar. 

 

3.3.6  Nutritional consequences of food choices 

Balanced nutrient intake, i.e., maintaining stable proportions of nutrient intake, is 

crucial for health benefits and a choice strategy adopted by various animal species 

(Simpson et al., 2015). Therefore, rather than only considering consumed fat and sugar 

independently, we used the Geometrical Framework for Nutrition (Simpson & 

Raubenheimer, 2012) to consider the relative intake of fat and sugar in proportion to total 

consumed energy. Within this framework, we positioned our liquid rewards in a ‘mixer 

triangle’ (Raubenheimer, 2011), based on their nutrient composition (percentage of total 

energy content, Figure 3.21a). In the same space, the actual nutrient balance the 

monkeys obtained through their aggregated choices were linear interpolations between 

the two reward options, determined by the intake ratio of energy from each reward 

(Figure 3.21a, red triangle). This procedure allowed us to examine whether the monkeys 

balanced their intake between nutrients or prioritised specific nutrients. It also allowed 

us to compare the monkeys’ nutrient balances with ecologically relevant dietary reference 

points (Figure 3.21a, black markers).  

In the mixer triangle, the monkey’s aggregate choices occupied distinct and stable 

regions depending on the offered rewards. When offered nutritionally complementary 
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rewards (LFHS and HFLS,  Figure 3.21b), about 15 to 25% of energy intake is derived 

from fat and 55 to 65% from sugar. For other session types, energy intake derived to about 

25 to 35% from fat and 45 to 60% from sugar. To appreciate the physiological implications 

of the observed nutrient balances, we compared them with two reference points, (i) a 

nutritionally optimal diet composition for adult macaques, consisting of a low-fat, high-

protein and intermediate-carbohydrate diet (National Research Council, 2003), and (ii) 

macaque milk as the exclusive nutrient source for infants (Hinde & Milligan, 2011). To 

determine whether the monkeys’ choices approximated the nutrient balance of these 

reference points, we projected each reference point onto the segment that connected the 

two available rewards in each choice condition (Figure 3.21b). This segment defined the 

range of nutrient balances the monkeys could achieve by distributing their choices 

 

Figure 3.21. Geometric Framework for Nutrition: right-angled mixer triangle analysis. (a) Sche-

matic of a mixture triangle (Raubenheimer, 2011) that plots nutrient rewards, monkeys’ choices and eco-

logically relevant reference points in a common space, defined by percentage proportions of fat, sugar and 

protein to total energy intake. (The protein axis is implied by fat and sugar intake and unlabeled.) Coloured 

circles: offered rewards; red triangle: nutrient balance from choices between LFLS and HFLS rewards (see 

Methods); black markers: reference points. (b) Nutrient balance from nutritionally complimentary food 

options (LFHS and HFLS) compared with reference points: nutritionally optimal (low- fat, high-protein, 

intermediate-carbohydrate) diet composition for adult macaques based on dietary guidelines (black dia-

mond) and macaque milk for infant macaques (black star). Inset: reference points projected onto the con-

nected line between offered rewards ( the closest achievable approximations of reference points). 
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between the available rewards. When choosing between isocaloric high-fat and high-sugar 

rewards, nutrient balances clustered loosely around the optimal-diet reference, with 

balances for monkeys Ya and Ym deviating toward higher sugar and fat intake, 

respectively (Figure 3.21b). 

By contrast, when choosing between the low-nutrient reward and the high-fat or 

high-sugar liquids, the nutrient balance of all three monkeys was dominated by a 

preference for fat and sugar, respectively (Figure 3.22a). Consequently, the proportions 

of energy intake from individual nutrients were on average 35% from fat and 45% from 

sugar (high-fat exposure), and about 5% from fat and 75% from sugar (high-sugar 

exposure), with greater variability in the high-fat exposure condition. (By design, protein 

accounted for approximately 20% of total energy in all rewards.) Accordingly, when 

choosing between the low-nutrient reward and the high-fat or high-sugar liquids, all three 

animals deviated markedly from the projected reference point in the direction of higher 

 

Figure 3.22. Nutrient balance deviates from dietary references with high-fat and high-sugar food 

offers. (a) Nutrient balances from monkeys’ aggregate choices occupied distinct and stable regions in nutri-

ent space, depending on offered rewards. For choices between low-nutrient reward and high-fat or high-

sugar options, nutrient balances were dominated by preferences for fat and sugar, respectively. Ellipses: 95% 

confidence intervals. Inset shows how nutrient balance shifts away from LFLS reference towards high-nu-

trient stimuli. (b) Monkeys deviated from optimal diet when choosing between high-fat, high-sugar rewards 

and a low-nutrient option. Histograms of nutrient balances in all three animals deviated from the projected 

reference point toward higher fat or sugar content (resulting in about 20% more fat or sugar intake than the 

optimal diet composition).  
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fat or sugar content—they obtained approximately 20% more energy from fat or sugar 

compared to an optimal diet composition (Figure 3.22b). Specifically, exposure to the 

high-sugar reward led to an increase of sugar intake of about 20% above reference, 

whereas exposure to the high-fat reward resulted in nutrient balance closer to the milk 

reference (Figure 3.22b). Thus, rather than maintaining constant nutrient balance, the 

nutrient balance from the monkeys’ choices varied distinctively with available food 

options, driven by a preference for high-sugar and high-fat rewards when they were 

available. 

Therefore, the monkeys’ preferences for high-sugar and high-fat rewards resulted in 

offer-dependent nutrient balances and deviations from nutritionally optimal reference 

points when exposed to high-fat or high-sugar rewards. These results suggested that our 

nutrient-choice paradigm in monkeys could serve as a model for human suboptimal food 

intake. 

 

3.3.7  Decision computation informed by nutrient values 

Canonical frameworks of reward-guided behaviour such as reinforcement learning 

and economic choice theory do not account for the effects of intrinsic reward properties. 

While conventional reinforcement-learning (RL) models treat rewards as homogenous 

(Sutton R. S. & Barto A. G., 1998), economic models traditionally do not seek to explain 

sources of individual preferences — ‘De gustibus non est disputandum’ (Stigler & Becker, 

1977). Based on the findings described above, we examined whether a nutrient-value 

function, which models an agent’s valuation of universal food-reward constituents, could 

usefully extend these frameworks to explain nutrient-sensitive choices. 
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Figure 3.23. Nutrient-sensitive reinforcement learning (RL) simulations. Schematic of simulated 

binary choice probabilistic reversal-learning task. The probability of receiving high- or low-nutrient reward 

reversed every 50 trials. (b) A nutrient-sensitive reinforcement learning (RL) model updates values of 

choice options based on the nutrient content of reward outcomes. Depending on an agent’s nutrient value 

function, high-nutrient rewards (𝑅𝐻 > 1) elicit stronger value-updating than low-nutrient rewards (𝑅𝐿 =

1). By comparison, a standard reinforcement model updates value irrespective of nutrient content (𝑅𝐻 =

𝑅𝐿 = 1). (c-e) Nutrient-sensitive RL simulation results in the reversal learning task described in (a) (𝛼 =

0.2, 𝛽 = 5, 𝑅𝐻 = 1.25𝑅𝐿, N = 100 trials). (c) Frequency of high-nutrient choices in the nutrient-sensitive 

RL model (orange) and a standard RL model (blue) shown across probability reversals. (d) Reward values 

for the high-nutrient option (solid lines) and low-nutrient option (dashed lines) shown for both models 

across probability reversals. (e) The nutrient-sensitive RL model learns faster to choose the high-nutrient 

option when it is associated with higher reward probability (𝑃(𝐻) = 0.6); following probability reversal 

(𝑃(𝐻) = 0.4), the nutrient-sensitive RL model switches more slowly to choosing low-nutrient reward than 

the standard model. Inset: This learning pattern results in similar total reward outcomes (R) as the stand-

ard model but achieves higher nutrient content (N). 
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Nutrient-sensitive reinforcement learning 

In a simulated probabilistic reversal learning task, we compared the performances 

of reinforcement learning models based on nutrient value functions with conventional 

Rescorla-Wagner models (Rescorla & Wagner, 1972). In this probabilistic reversal 

learning task (Figure 3.23a), an agent chose between cues that predicted high- and low-

nutrient rewards with varying reward probabilities. The standard RL model updated the 

value of the chosen option and tracked value changes solely from reward history, learning 

equally for both rewards regardless of their nutrient composition. By contrast, the 

nutrient-sensitive RL model assigned higher values to high-nutrient reward outcomes 

(Figure 3.23b). In simulations, the nutrient-sensitive model learned faster when a high-

 
Figure 3.24. Reward and nutrient intake based on nutrient sensitivity. (a) Nutrient sensitivity pa-

rameter 𝜂 increments value for high-nutrient options (e.g., for 𝜂 = 0.2, value increases from 1.0 to 1.25). 

(b) Reward and nutrient intake as a function of the nutrient-sensitivity parameter 𝜂. Reward intake was 

not affected by the nutrient sensitivity parameter 𝜂 due to the symmetric experimental design (i.e., same 

number of high-probability blocks for both options), but nutrient intake increased with higher nutrient sen-

sitivity from nutrient-indiscriminate choices (50% nutrient intake) to nutrient-exclusive choices (100% nu-

trient intake) due to faster learning for high-probability high-nutrient option and slower-switching to high-

probability low-nutrient options after probability reversals. The gain and loss of reward intake would cancel 

out in a symmetric experimental design, but the nutrient intake would always increase irrespective of the 

task structure. (c) Reward and nutrient outcomes across learning rates and nutrient-sensitivity parameters. 

Left: Colour map represents obtained reward outcomes (% of offered rewards). Right: Colour map represents 

obtained nutrient outcomes (% of rewarded trials). Red line indicates the parameters used in the simulations: 

(𝛼 = 0.2, 𝛽 = 5, 𝜂 = 0.2, 𝑅𝐻 = 1.25𝑅𝐿). 
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nutrient reward was associated with high reward probability, which resulted in higher 

nutrient intake than the standard model at a similar reward rate (Figure 3.23c-e).  

In the nutrient RL model, a nutrient-sensitivity parameter 𝜂 determined an agent's 

tendency to maximise reward outcomes with high and low nutrient content (Figure 

3.24a). The preference for the nutrient increased with this parameter (Figure 3.24b), 

with 𝜂 = 1 indicating a complete nutrient maximiser (nutrient intake = 100%) and 𝜂 = 0 

a complete reward maximiser (nutrient intake = 50 %). We systematically varied the 

nutrient sensitivity parameter and the learning rate to map the reward intake and 

nutrient intake across parameter space (Figure 3.24c-d). These nutrient-specific choice 

results were most obvious within typical ranges of learning rate (𝛼 = 0.2) and inverse 

temperature ( 𝛽 = 5 ) in animals. Thus, sensitivity to reward nutrient composition 

optimised RL performance when an agent's value function prioritised specific nutrients. 

  

 

Figure 3.25. Implications of nutrient-derived reward values for economic choice theory. Compo-

nent-based transformation between indifference maps. Left: Indifference maps between combinations of re-

wards A and B describe an individual’s preferences between these two reward options. Middle: If choices 

depend on nutrient preferences, establishing indifference maps in nutrient space could predict preferences 

for untested rewards (C and D) of known nutrient composition (right). The indifference maps demonstrate 

the property of “rank invariance” after the transformation, with consistent preference ranking: green ≻ red 

∽ blue ≻ yellow 
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Economic choice theory and indifference maps 

In economic choice theory, an indifference curve derived from choices connects multi-

dimensional goods that differ in composition (e.g., fat-sugar content) but have the same 

level of satisfaction (utility) (Pastor-Bernier et al., 2017; Varian, 2010). Multiple curves, 

each indicating a specific utility level, form an indifference map that summarises 

preferences to predict choices. The presently identified stable nutrient value functions 

(Error! Reference source not found.) imply that indifference maps can be defined in a 

common nutrient space to predict choices beyond specific tested foods. For instance, 

Figure 3.25 shows the indifference maps simulated based on the monkeys’ nutrient value 

functions. Accordingly, we examined how four representative reward bundles (A, B, C, D) 

and their indifference relationships could be transformed from a tested reward (goods) 

space via a common fat-sugar nutrient space to an untested reward space. Specifically, 

points in the reward A-B space were linearly transformed to the underlying fat-sugar 

nutrient space with a nutrient composition matrix and subsequently transformed to the 

reward space C-D using an inverse nutrient composition matrix (Figure 3.26). 

Importantly, these transformations preserved the preference ranking of the reward 

bundles (A > B = C > D, indicated by stable bundle positions on indifference curves). This 

rank-preserving transformation linked indifference analyses across different reward sets 

through their common ingredients.  

Together, nutrient sensitivity of reinforcement learning and economic indifference 

relationships extended canonical models of learning and choice to explain choices among 

nutritionally distinct reward types. Importantly, our data and modelling results predict 

specific candidate neuronal mechanisms for nutrient-sensitive behaviour and decision-

making (Figure 3.27), which we elaborate in the Discussion.  
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Figure 3.26. Indifference maps simulated based on the monkeys’ nutrient value functions. (a) 

Three-dimensional indifference maps constructed by using each animal's regression-derived nutrient- 

value function to simulate choices for different fat-sugar combinations. Reward values increased continu-

ously with both fat and sugar content with higher gradients for sugar content. (b) Two- dimensional iso-

contour plots illustrate indifference curves with higher value gradients for sugar content compared to fat 

content. 
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3.4  Discussion 

We combined approaches from sensory and food sciences with a repeated-choice 

paradigm typical for neuroscience to study how reward values derive from a food's 

nutrient and sensory qualities. We found that fat, sugar and nutrient-correlated sensory 

qualities influenced choices in two ways. First, they increased reward value in a manner 

that generalised across animals, as the monkeys preferred fat and sugar rewards to low-

nutrient alternatives. Second, they contributed to individual differences between animals: 

each monkey idiosyncratically traded nutrients against offered reward amounts and 

particular texture qualities, consistent with the assignment of subjective values to choice 

options. The animals' choices were internally consistent, as they could be successfully 

predicted across sessions, conditioned stimuli and food flavours, suggesting that a stable 

nutrient value function structured these preferences. Cross-animal predictions succeeded 

for animals with comparable nutrient value functions; subjective nutrient and texture 

valuations accounted for individual choice differences. These effects were not explained 

by preferences for conditioned stimuli (which varied daily), other food properties (which 

we controlled) or task variables (Table 3.3). Although object properties alone cannot fully 

explain reward functions and must be combined with behavioural assessment (Schultz, 

2015), our findings suggest that nutrients and nutrient-related food textures constitute a 

physical basis for subjective reward values.  

Previous studies showed that decision parameters such as probability, risk, delay 

and effort elicit subjective valuations in macaques making reward-guided choices (X. 

Chen & Stuphorn, 2018; Hosokawa et al., 2013; Lee et al., 2012; Schultz, 2015). Here we 

held these factors constant and instead systematically varied the intrinsic, constituent 

properties of the reward itself. To appreciate this difference, consider a wild macaque 

pursuing a valued reward, such as a pomegranate. The fruit's peel and arils contain fibre, 
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sugar, protein, vitamins and minerals, and its seeds are a source of fat. Together with the 

fruit’s sensory qualities, specifically its sweet taste and juicy texture, these fixed, object-

defining properties provide a physical basis for subjective reward values. By contrast, 

extrinsic factors, such as effort and time required for obtaining the fruit, may vary 

arbitrarily with the animal's location relative to the reward. The distinction between 

intrinsic reward properties and external choice parameters is conceptually important 

because intrinsic reward properties are processed by dedicated neural and decision 

systems and are targeted by homeostatic modulation (Rangel, 2013). Accordingly, we 

propose that sensitivity to nutrients and sensory food qualities constitute critical features 

of an animal’s value function, with implications for learning and choice theories, as 

discussed below. 

Padoa-Schioppa and colleagues showed that macaques flexibly choose different liquid 

rewards offered in varying amounts, consistent with the assignment of subjective values; 

such values are explicitly encoded by neurons in the orbitofrontal cortex and amygdala 

(Jezzini & Padoa-Schioppa, 2020; Padoa-Schioppa & Assad, 2006). Other studies used 

liquid rewards to examine how thirst influences monkeys’ risk preferences (Yamada et al., 

2013) and the trading of reward bundles as formalised by indifference maps (Pastor-

Bernier et al., 2017). Building on these pioneering studies, our data show that specific 

nutrients and food textures elicit such subjective trade-offs in monkeys' choices and may 

constitute the intrinsic reward properties that shape preferences. Because nutrients and 

sensory properties are elementary building blocks of foods, establishing an animal's value 

function for these basic reward dimensions could enable choice predictions across foods 

and contexts (Figure 3.26), and may help uncover the tuning properties of reward 

neurons. 
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Consistent with this notion, we showed that each monkey’s preferences were 

captured by a stable nutrient-value function, i.e., a vector of regression coefficients that 

described how the animal weighed and integrated nutrient and sensory properties for 

decision-making (Error! Reference source not found.). This function predicted choices 

across differently flavoured foods and naturally extended the value-function concept of 

reinforcement-learning models to nutrient rewards. In simulations, we showed that 

incorporating sensitivity to nutrient components could optimise the performance of a 

reinforcement learner in situations when nutrients are behaviourally relevant, as in 

specific deficit states. Specifically, by modelling a higher value for specific nutrients (e.g., 

fat, sugar), a simulated agent maximized the preferred nutrient content compared to a 

standard learner, without sacrificing reward amounts (Figure 3.23). Future extensions 

could explore nutrient-specific learning rates that depend on animals' changing 

physiological states, including nutrient-specific appetites and satiety, as proposed by 

recent homeostatic reinforcement-learning models (Keramati & Gutkin, 2014). 

Two key food texture parameters—viscosity and sliding friction—accounted for the 

effect of fat content on the monkeys’ choices (Figure 3.16). Viscosity and sliding friction 

are recognised as critical food texture components in food sciences and engineering 

(Bourne, 2002; J. Chen & Stokes, 2012). Previous studies showed that human 

psychophysical food ratings reflect these two properties in distinct ways (Kokini, 1987; 

Laguna et al., 2017), although their impact on choices in a formal behavioural framework 

was not studied. We found that sliding friction had a consistently negative influence on 

choice, indicating that the animals preferred foods with a smooth, oily texture typical of 

fat-containing stimuli. In addition, viscosity accounted for fat preferences in some of the 

data sets, indicating that subjective thickness (rather than a watery texture) enhanced 

reward value in individual animals. Together, subjective valuations of viscosity and 
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sliding friction partly accounted for individual differences in food preferences between 

animals. These results identify an oral texture-sensing mechanism as a likely sensory 

basis for nutrient values. Viscosity and sliding friction derive from shear stress and 

friction forces generated by tongue movements, likely sensed by oral mechanoreceptors 

(Koç et al., 2013). Given their impact on food choices (Figure 3.16) and human 

psychophysical evaluations (Figure 3.15c), future studies should further examine how 

specific food-texture properties are sensed by mechanoreceptors and reward neurons. 

Notably, distinct neurons in the primate orbitofrontal cortex and amygdala encode oral 

viscosity and sliding friction (Rolls et al., 2018; Verhagen, 2003), which raises the 

intriguing possibility that these neurons underlie the presently observed behavioural 

preferences. 

To link subjective values derived from choices to physical reward properties, we 

introduced an engineering approach that quantified sliding friction using biological 

tissues, to approximate oral food-sensing conditions. We followed an earlier study that 

used pig tongues to measure sliding friction and link human fat perception to lower 

friction coefficients (Dresselhuis, de Hoog, Cohen Stuart, & van Aken, 2008). The physical 

mechanism by which fat in emulsions lowers friction, i.e., produces lubrication, likely 

involves coalescence of fat droplets on oral surfaces that form an adhering fat layer 

(Chojnicka-Paszun et al., 2012; Dresselhuis, de Hoog, Cohen Stuart, Vingerhoeds, et al., 

2008; Shewan et al., 2020). The present study is the first to combine food-engineering 

methods with a controlled repeated-choice paradigm in monkeys. To refine this technique, 

future studies should examine differences in hydrodynamic conditions between the 

tribological set-up and oral conditions in-vivo, the dependence on lubrication by saliva and 

testing speed, and measurements of related food properties (e.g., coalescence of fat 

particles, fatty-acid concentration) (Stokes et al., 2013).  
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We adapted the mixer triangle tool from the Geometric Framework for Nutrition 

(Raubenheimer, 2011; Simpson & Raubenheimer, 2012) to examine the nutrient balance 

resulting from the monkeys’ aggregated choices. One influential view in ecology suggests 

energy as a common currency that animals maximise (Stephens & Krebs, 1986). Other 

studies identified nutrient-balancing as a strategy adopted by various animals in the wild 

(Simpson et al., 2015). By contrast, in our experiments, the nutrient balance resulting 

from monkeys’ repeated choices for nutrient rewards was strongly offer-dependent 

(Figure 3.22). The animals chose primarily the high-fat and high-sugar liquids when 

these were offered, suggesting a ‘nutrient-reward strategy’, rather than trading nutrients 

interchangeably to maintain a constant energy intake (‘equal distance regulation’) (Cui et 

al., 2018). As a consequence, their nutrient balance deviated from dietary reference points 

— the animals obtained higher sugar and fat content than prescribed by nutritionally 

optimal guidelines (National Research Council, 2003). This pattern of eating behaviour 

resembles human overeating in the presence of high-fat and high-sugar foods (Alonso-

Alonso et al., 2015). Importantly, our experimental paradigm presented the animals with 

a food-choice problem in the absence of nutrient limitations or deficit states, which 

resembles free-choice conditions faced by humans in modern societies. By combining our 

paradigm with neurophysiological recordings, future studies could help identify neuronal 

activities that covary with choice patterns leading to suboptimal nutrient balance. 

Our behavioural and modelling results suggest candidate neuronal mechanisms for 

nutrient-sensitive decision-making that can be tested with single-neuron recordings 

(Figure 3.27). An influential attractor neural-network model implements decision-

making as competition between choice-coding neurons, biased by value inputs (X.-J. Wang, 

2002). Within this framework, our findings imply that value-coding neurons integrate 

information about fat, sugar, texture and possibly other food components (e.g., protein, 
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flavour, temperature) into a subjective value signal (Figure 3.27a). The observed 

subjective weighting of these food components (Error! Reference source not found.) could 

be set by adjusting synaptic weights from nutrient-sensing neurons onto value neurons. 

In the canonical attractor model (X.-J. Wang, 2002), decision-making operates between 

options (e.g., visual choice cues); however, our data are also consistent with alternatives 

that implement decision-making directly at the nutrient level (Figure 3.27b-c). Our data 

and prior observations indicate that animals prioritise specific nutrients, for example in 

nutrient-deficit states (Simpson & Raubenheimer, 2012). In such circumstances, rather 

than integrating across nutrients, it would be computationally efficient to directly 

implement competition between choice options in terms of the prioritised nutrient 

(Figure 3.27b). Further, offer-dependent nutrient balances (Figure 3.22), preliminary 

 
Figure 3.27. Neuronal hypotheses for nutrient decision-making. (a) Nutrient-sensitive attractor-

based decision circuit. Decision-making is implemented by competition through mutual inhibition between 

choice-coding neurons, biased by value inputs. Nutrient sensitivity is implemented by fat, sugar and tex-

ture inputs onto value neurons. (b) Parallel circuits implementing decision-making based on sugar and fat 

content. (c) Decision circuit for nutrient prioritisation. (d) Neurons sensitive to dietary fat may receive 

separate viscosity and friction inputs. (e) Energy-tracking neurons integrate information across macronu-

trients. 

 



Discussion 

 

 

3–75 

3 

evidence of nutrient-history effects on choices (Figure 3.9) and ecological observations of 

nutrient-balancing (Cui et al., 2018) imply that neural circuits also implement between-

nutrient competition (Figure 3.27c). Thus, neural decision circuits for within- and 

between-nutrient competition could fine-tune behaviour to changing deficit states and 

maintain constant nutrient-intake ratios. Additionally, our finding that texture 

properties mediated the effect of fat on choices (Figure 3.16) could suggest that fat-

sensing neurons themselves receive separate inputs from viscosity and sliding-friction 

neurons (Figure 3.27d) (Rolls et al., 2018). Finally, although our monkeys did not purely 

maximise energy (Figure 3.18, Figure 3.20), we nevertheless hypothesise that some 

neurons might translate nutrient information onto a common energy scale to regulate 

energy homeostasis. Such energy-tracking neurons (Figure 3.27d) seem critical for 

receiving negative post-ingestive feedback to prevent overeating (de Araujo et al., 2020). 

Consistently, macaques adjust their oral energy intake in response to hypercaloric or 

diluted diets (Hansen et al., 1981; National Research Council, 2003) and natural diet 

variation (Cui et al., 2020). These proposed candidate neural mechanisms also identify 

potential vulnerabilities for dysregulated food choice. Identifying the proposed neural 

circuits (Figure 3.27) would require testing for the presence of computationally defined 

decision signatures in nutrient-coding neurons. The orbitofrontal cortex and amygdala 

participate in both decision-making and food evaluation (Grabenhorst et al., 2019; Murray 

& Rudebeck, 2018; Padoa-Schioppa & Assad, 2006; Rolls et al., 2018; Suzuki et al., 2017) 

and thus constitute targets for testing these hypotheses. 

Taken together, our data indicate that nutrients and nutrient-correlated food tex-

tures constitute physical, intrinsic reward properties that shape monkeys’ preferences. As 

in humans, food choices for high-fat and high-sugar rewards in our monkeys deviated 

from optimal dietary reference points. Thus, our experimental nutrient-choice paradigm 
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can serve as a tool to study the behavioural and neuronal mechanisms for suboptimal food 

intake in primates, to complement genetic (van der Klaauw & Farooqi, 2015) and neural-

circuit studies (Sternson & Eiselt, 2017; Tellez et al., 2016) in other species. The similarity 

of the macaque brain’s sensory and reward systems to those of humans, their discrimi-

nating human-like food choices, and their suitability for single-neuron recordings make 

macaques a promising model for studying food-reward mechanisms with relevance to hu-

man eating behaviour and obesity. 
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Reinforcement learning of 
nutrient rewards 
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Huang, F.-Y., & Grabenhorst, F. (2021). Nutrient-sensitive reinforcement 

learning in monkeys. BioRxiv, 2021.06.20.448600.  



  



 
 

4 Reinforcement learning of 
nutrient rewards 

 

 

 

4.1  Introduction 

According to the reinforcement learning (RL) framework, animals learn by updating 

reward values from experience and choose by comparing these values between options 

(Sutton & Barto, 1998). The RL framework has been critical for identifying fundamental 

learning and decision variables that guide animals’ behaviour, including object values and 

action values, which provide essential decision inputs, and the reward prediction error, 

which updates values from experience. Direct physical implementations of these theoret-

ical constructs have been discovered in the activity of neurons in primate dopamine neu-

rons (Hollerman & Schultz, 1998; Lak et al., 2014; Schultz et al., 1997; Stauffer et al., 

2014), the striatum (Lau & Glimcher, 2008; Samejima et al., 2005), the amygdala (Costa 

et al., 2019; Grabenhorst, Báez-Mendoza, et al., 2019), and the prefrontal cortex 

(Grabenhorst, Tsutsui, et al., 2019; Lee et al., 2012; Seo et al., 2012; Tsutsui et al., 2016). 

Despite its broad explanatory power, the RL framework does not explain how learning 

and choice depend on specific reward properties. For example, nutrients are biologically 

critical, intrinsic components of food rewards, and an animal’s survival depends on its 

ability to make adaptive food choices that acquire specific nutrients. Investigating how 

nutrient rewards influence learning and choice could not only enhance the biological 

4 3  
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validity of RL models. It may also guide the discovery of unrecognised nutrient-specific 

learning and decision computations, and their neuronal implementations.  

Because nutrients are mainly acquired from food intake, an animal’s ability to adapt 

its food choice to changing nutrient availabilities critically determines its nutrient balance 

and long-term health. To optimise nutrient intake, foraging animals adapt their feeding 

patterns in response to regional and seasonal variations of food resources (Cui et al., 2018, 

2020; Yang et al., 2020). For instance, monkeys spend more time in food patches associ-

ated with a high probability of nutritious foods (e.g., nuts) while ignoring low-nutrient 

foods (e.g., leaves) ubiquitous in the environment. Primates, including humans, also ex-

hibit individual subjective preferences for specific nutrients and sensory food qualities to 

regulate nutrient intake (Amato & Garber, 2014; Chivers, 1998; Drewnowski & Almiron-

Roig, 2010; Huang et al., 2021; Ma et al., 2017; Pastor-Bernier et al., 2020; Takahashi et 

al., 2019; van der Klaauw et al., 2016). Thus, ecological data suggest that animals consider 

both the nutritional value of food and the food’s availability. However, the specific learn-

ing and decision computations underlying such nutrient-sensitive food choices remain un-

clear. Here, we examined the food choices of rhesus monkeys (Macaca mulatta) in a dy-

namic foraging task that involved choices between rewards with different nutrient (fat, 

sugar) components under varying reward probabilities. 

Previous studies examined how monkeys adapt to changing reward probabilities 

(Corrado et al., 2005; Costa et al., 2019; Grabenhorst, Tsutsui, et al., 2019; Kennerley et 

al., 2006; Lau & Glimcher, 2005; Lee et al., 2012; Seo et al., 2012; Tsutsui et al., 2016). In 

probabilistic learning tasks, monkeys track the high-probability option based on past 

choices and reward outcomes and distribute their choices according to the reward proba-

bility of both options. This learning strategy has been modelled by linking subjectively 

weighted recent rewards to current choices (‘reward history’) using logistic regression 
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(Corrado et al., 2005; Lau & Glimcher, 2005) and by dynamic updating of option values 

based on reward outcomes via RL mechanisms (Sutton & Barto, 1998). We followed these 

approaches and examined whether monkeys assigned higher value to more nutritious 

foods during learning and learned faster from high-nutrient rewards. 

First, we characterised monkeys’ nutrient preferences and learning during probabil-

istic reward-based choices. If the monkeys preferred specific nutrients, they should choose 

high-nutrient rewards more frequently and track their changing probability more closely 

to maximise intake of the specific nutrient. We recently showed in a nutrient-choice task 

without learning requirement that macaques’ choices reflect underlying, stable nutrient-

value functions (Huang et al., 2021). Accordingly, we hypothesised that nutrient value 

functions also govern choices during probabilistic reward learning. 

Next, we examined whether monkeys demonstrated nutrient-specific learning. We 

followed established approaches for characterising the integration of past reward experi-

ences into subjective values using logistic-regression and RL frameworks (Corrado et al., 

2005; Grabenhorst, Tsutsui, et al., 2019; Lau & Glimcher, 2005; Tsutsui et al., 2016) to 

examine whether nutrient preferences modulated reward learning. To account for nutri-

ent-specific learning, influences of recent reward and choice histories on current choice 

should be higher for high-nutrient reward. Accordingly, the value function in a formal RL 

model should incorporate higher preferences for high-nutrient rewards (‘nutrient value 

function’). In addition, the animals may assign higher weights to reward outcomes with 

particular nutrient content, as reflected by influences on learning rate (‘nutrient-specific 

learning rates’).  

Finally, based on the behavioural evidence for nutrient-sensitive reinforcement 

learning, we proposed candidate neuronal mechanisms necessary to implement nutrient-
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specific learning and decision computations, as a framework to guide neurophysiological 

studies underlying nutrient-based decision-making. 

 

4.2  Methods 

4.2.1  Animals 

Two adult male rhesus macaques (Macaca mulatta) were trained in the experiment: 

monkey Ya (weight during the experiments: 17 to 19 kg, age: 6 years) and monkey Ym (12 

to 13 kg, age 6 years). Both monkeys participated in another nutrient choice study (see 

Chapter 3) using the same dairy-based nutrient rewards as in this study. For the hus-

bandry condition and baseline diet for the monkeys, please refer to Chapter 3, Methods.  

 

4.2.2  Experimental Design 

Nutrient rewards 

 Following our previous nutrient choice experiment (Chapter 3), we prepared the 

nutrient-controlled liquids with 2 × 2 fat and sugar levels to examine whether fat and 

sugar biased learning from reward outcomes (Figure 4.1b; LFLS: low-fat low-sugar; 

HFLS: high-fat low-sugar; LFHS: low-fat high-sugar; HFHS: high-fat high-sugar). These 

liquids were matched in flavour (peach or blackcurrant), temperature, protein, salt and 

other ingredients. We used commercial skimmed milk and whole milk (British skimmed 

milk and British whole milk, Sainsbury's Supermarkets Ltd., UK) as baseline low-fat and 

high-fat liquids and flavoured the liquids with fruit juice to increase palatability. For de-

tailed preparations and liquid compositions, please refer to Chapter 2 and Chapter 3, 

Methods. 

  



Methods 

 

4–5 

4 

Nutrient foraging task 

 When a choice trial started, the monkeys were first presented with two of the four 

visual cues, made a touch-monitor choice between the two cues, and then received either 

a large amount (‘rewarded’) or a small amount (‘non-rewarded’) of the cue-associated liq-

uids depending on its prespecified reward probability (𝑃) (Figure 4.1a). The four nutrient 

reward types (Figure 4.1b) were associated with four untrained visual cues, respectively, 

in each session. When the session started, two of the rewards (LFLS/HFHS or 

LFHS/HFLS) were offered in high reward probabilities (𝑃 = 0.8), and the other two re-

wards in low reward probabilities (𝑃 = 0.2) (Figure 4.1c, block A or block B). The reward 

probabilities were reversed every 100 trials (𝑃 = 0.2 → 0.8; 𝑃 = 0.8 → 0.2). 

 

4.2.3  Statistical methods and Data Analysis 

Learning curve 

 The learning curves were plotted by aligning reward-specific choices to the probabil-

ity reversal trials. In particular, based on the probability before and after reversals, we 

grouped these curves into incremental (𝑃 = 0.2 →  𝑃 = 0.8) and decremental (𝑃 = 0.8 →

 𝑃 = 0.2) learning curves, and plotted the incremental curves in Figure 4.2a. 

 

Learning latency 

 The learning latency was defined as the number of trials between the first behav-

ioural change point after probability reversals. The behavioural change points were iden-

tified as the significant changing points of cumulative choice slopes (Gallistel et al., 2004), 

based on two-sample t-test with criteria P < 0.05.  
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Probability-matching (PM) choices 

 We simulated probability-matching (PM) choices by first computing the relative pro-

portions of the reward probabilities and transform them into predicted choices as follows 

(Herrnstein, 1961): 

 𝜋𝑖(𝑡) =
𝑃𝑖(𝑡)

∑ 𝑃𝑘(𝑡)𝑘
, 𝑖 ∈ 𝑘 = {𝐿𝐹𝐿𝑆,𝐻𝐹𝐿𝑆, 𝐿𝐹𝐻𝑆,𝐻𝐹𝐻𝑆} (4.1) 

 𝐴𝑖(𝑡)~𝐵(1, 𝜋𝑖(𝑡)) (4.2) 

, where 𝜋𝑖(𝑡) was the probability of choosing a specific option; 𝑃𝑖(𝑡) denotes the reward 

probability of reward 𝑖 on trial 𝑡, which are summed over the stimulus set as ∑ 𝑃𝑘(𝑡)𝑘 . 

The reward choices 𝐴𝑖(𝑡) followed the binomial distribution, based on the computed prob-

ability proportions for each reward type. 

 

Logistic regression analysis 

History model 

 We used multiple logistic regression (fitglm function, MATLAB R2017b) to model 

choices based on recent choices and reward outcomes as follows, 

 𝑙𝑜𝑔𝑖𝑡(𝑃𝐿) = 𝛽0 + 𝛽1 × 𝐿𝑒𝑓𝑡𝐹𝑖𝑟𝑠𝑡 + 𝛽2 × 𝐹𝑎𝑡 + 𝛽3 × 𝑆𝑢𝑔𝑎𝑟 

+∑ (𝛽𝑘+3 × 𝐶𝑥𝑘)𝑛
𝑘=1 + ∑ (𝛽𝑘+𝑛+3 × 𝑅𝑥𝑘)𝑛

𝑘=1   

(4.3) 

, where the probability of choosing the left option (𝑃𝐿) was modelled by differential choice 

history (𝐶𝑥𝑛) and reward history (𝑅𝑥𝑛) up to recent 𝑛 trials while controlling the presen-

tation sequence (𝐿𝑒𝑓𝑡𝐹𝑖𝑟𝑠𝑡= 1, if the left option was shown first; 0, if the right option was 

shown first) and the nutrient information cued by pretrained visual stimuli (𝐹𝑎𝑡, 𝑆𝑢𝑔𝑎𝑟 

= differential fat or sugar levels = 1, if left > right; 0, if left = right; -1, if left < right). 

Specifically, the choice history regressors 𝐶𝑥𝑛 and reward history regressors 𝑅𝑥𝑛 were 

defined as the differences between the history variables of the left and right options, 
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 𝐶𝑥𝑛 = 𝑐𝑛𝐿 − 𝑐𝑛𝑅, 𝑐𝑛𝑖 = {
1,
0,

if option 𝑖 was chosen 𝑛 trials earlier.       
if option 𝑖 was not chosen 𝑛 trials earlier, ,  𝑖 ∈ {𝐿𝑛, 𝑅𝑛} (4.4) 

 𝑅𝑥𝑛 = 𝑟𝑛𝐿 − 𝑟𝑛𝑅,  𝑟𝑛𝑖 = {
1,
0,

if option 𝑖 was chosen and rewarded 𝑛 trials earlier
otherwise.                                                                                     (4.5) 

Notably, the history regressors for each option coded past trials in terms of the offered 

trials because the unoffered options did not carry information to influence current choices 

(Wittmann et al., 2020). Therefore, the n-back trials for the left option may not be the 

same choice trials as those for the right option, due to the randomised offers. 

 

Nutrient model 

 Based on the history model, we further included nutrient-history interaction terms 

to characterise the influences of fat and sugar levels on the effects of recent choices and 

reward outcomes: 

 
𝑙𝑜𝑔𝑖𝑡(𝑃𝐿) = 𝛽0 + 𝛽1 × 𝐿𝑒𝑓𝑡𝐹𝑖𝑟𝑠𝑡 + 𝛽2 × 𝐹𝑎𝑡𝐿𝑣 + 𝛽3 × 𝑆𝑢𝑔𝑎𝑟𝐿𝑣 

                              +∑ (𝛽𝑘+3 × 𝐶𝑥𝑘)𝑛
𝑘=1 + ∑ (𝛽𝑘+𝑛+3 × 𝑅𝑥𝑘)𝑛

𝑘=1   

                              +∑ (𝛽𝑘+2𝑛+3 × 𝐹𝐶𝑘)𝑛
𝑘=1 + ∑ (𝛽𝑘+3𝑛+3 × 𝐹𝑅𝑘)𝑛

𝑘=1   

                              +∑ (𝛽𝑘+4𝑛+3 × 𝑆𝐶𝑘)𝑛
𝑘=1 + ∑ (𝛽𝑘+5𝑛+3 × 𝑆𝑅𝑘)𝑛

𝑘=1   

(4.6) 

, where 𝐹𝐶𝑛 denoted recent high-fat choices and 𝐹𝑅𝑛 for high-fat rewarded trials; 𝑆𝐶𝑛 

denoted recent high-sugar choices and 𝑆𝑅𝑛 for high-sugar rewarded trials. The nutrient-

history interaction terms were defined as follows, 

 𝐹𝐶𝑛 = 𝑐𝑡−𝑛𝐿 × 𝐹𝑎𝑡𝐿𝑣𝑡−𝑛𝐿 − 𝑐𝑡−𝑛𝑅 × 𝐹𝑎𝑡𝐿𝑣𝑡−𝑛𝑅   (4.7) 

 𝑆𝐶𝑛 = 𝑐𝑡−𝑛𝐿 × 𝑆𝑢𝑔𝑎𝑟𝐿𝑣𝑡−𝑛𝐿 − 𝑐𝑡−𝑛𝑅 × 𝑆𝑢𝑔𝑎𝑟𝐿𝑣𝑡−𝑛𝑅   (4.8) 

 𝐹𝑅𝑛 = 𝑟𝑡−𝑛𝐿 × 𝐹𝑎𝑡𝐿𝑣𝑡−𝑛𝐿 − 𝑟𝑡−𝑛𝑅 × 𝐹𝑎𝑡𝐿𝑣𝑡−𝑛𝑅   (4.9) 
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 𝑆𝑅𝑛 = 𝑟𝑡−𝑛𝐿 × 𝑆𝑢𝑔𝑎𝑟𝐿𝑣𝑡−𝑛𝐿 − 𝑟𝑡−𝑛𝑅 × 𝑆𝑢𝑔𝑎𝑟𝐿𝑣𝑡−𝑛𝑅   (4.10) 

, where 𝑐𝑡−𝑛𝐿  and 𝑐𝑡−𝑛𝑅  denoted whether the left or right option was chosen 𝑛 trials ear-

lier (1, chosen; 0, unchosen); 𝑟𝑡−𝑛𝐿  and 𝑟𝑡−𝑛𝑅  denoted whether the left or right option was 

chosen and was rewarded (1, chosen and rewarded; 0, otherwise). 

 

Reinforcement learning (RL) models 

Standard RL model (Q-learning) 

We adopted a standard Q-learning algorithm that followed the Rescorla-Wagner 

learning rule (Rescorla & Wagner, 1972; Sutton & Barto, 1998). The reward values (𝑄𝑡𝑖) 

were set to be 0 for all options initially (𝑄1𝑖 = 0, ∀i ∈ {𝐿𝐹𝐿𝑆,𝐻𝐹𝐿𝑆, 𝐿𝐹𝐻𝑆,𝐻𝐹𝐻𝑆}) and were 

updated by the reward prediction errors (𝑅𝑃𝐸𝑡) multiplied by the learning rate 𝛼 ∈ [0,1] 

as follows, 

 𝑅𝑃𝐸𝑡 = [𝑅𝑡𝑖 − 𝑄𝑡−1𝑖 ], 𝑅𝑡𝑖 = {
1  , if rewarded 
0  , if otherwise , 𝑖 ∈ {𝐿𝐹𝐿𝑆, 𝐻𝐹𝐿𝑆, 𝐿𝐹𝐻𝑆,𝐻𝐹𝐻𝑆} (4.11) 

 
𝑄𝑡𝑖 = 𝑄𝑡−1𝑖 + 𝛼 ∙ 𝑅𝑃𝐸𝑡 (4.12) 

Choices were derived from transforming the value difference 𝛿𝑡 via the softmax function 

into choice probability 𝜋𝑡𝐿 , which was then dichotomized at 0.5 into binary choice ac-

tions 𝐴𝑡𝐿 as below, 

 𝜋𝐿(𝛿)𝑡 =  
1

1+exp(−𝛽∙𝛿𝑡)
∈ [0,1],  𝛿𝑡 = 𝑄𝑡𝐿 − 𝑄𝑡𝑅 (4.13) 

 
𝐴𝑡𝐿 = {

1    , if 𝜋𝑡𝐿 > 0.5
𝑌    , if 𝜋𝑡𝐿 = 0.5
0    , if 𝜋𝑡𝐿 < 0.5

∈ {1,0}, 𝑌~𝐵(1,0.5) (4.14) 

, where 𝑄𝑡𝐿 and 𝑄𝑡𝑅 were the reward values for the left and right option on trial 𝑡; 𝛽 was 

the inverse temperature, the sensitivity of choice to value differences. 
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Alternative RL models 

 We systematically included differential learning rates and nutrient-specific learning 

parameters into the RL models. Specifically, we examined 9 combinatorial RL models with 

3 differential learning rates (Standard, Asym, and Forget) and 3 nutrient-specific learning 

parameters (Standard, NutVal, Alpha) (3 × 3 = 9 models) as below. 

 

1. Differential learning rates (Standard, Asym, Forget) 

 We included differential learning rates for rewarded (𝛼+), unrewarded (𝛼−), and un-

offered (𝛼0) options to update the reward values as follows (Figure 4.9a, Figure 4.11a), 

 
𝜋𝐿(𝛿)𝑡 =  

1
1+exp(−𝛽∙𝛿𝑡)

∈ [0,1],  𝛿𝑡 = 𝑄𝑡𝐿 − 𝑄𝑡𝑅 (4.15) 

 
𝐴𝑡𝐿 = {

1    , if 𝜋𝑡𝐿 > 0.5
𝑌    , if 𝜋𝑡𝐿 = 0.5
0    , if 𝜋𝑡𝐿 < 0.5

∈ {1,0}, 𝑌~𝐵(1,0.5) (4.16) 

 
𝑄𝑖(𝑡 + 1) = 𝑄𝑖(𝑡) + 𝛼 ∙ [𝑅𝑖(𝑡) − 𝑄𝑖(𝑡)], 𝛼 = {

𝛼+,
𝛼−,
𝛼0,

if rewarded     
if unrewarded
if unoffered     

∈ [0,1] (4.17) 

 In the Standard model, the agent equally updated both the rewarded and unre-

warded options and kept perfect memory for the unoffered option (𝛼+ = 𝛼−, 𝛼0 = 0). In the 

Asym model, the agent updated the rewarded and unrewarded with different learning 

rates, while keeping perfect memory for the unoffered rewards (𝛼+ ≠ 𝛼−, 𝛼0 = 0). In con-

trast, in the Forget model, the value of the unoffered rewards decayed due to value forget-

ting, but the rewarded and unrewarded options were updated equally (𝛼+ = 𝛼−, 𝛼0 > 0). 
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2. Nutrient-specific learning models (Standard, NutVal, Alpha) 

 We examined nutrient preferences by including nutrient-specific values (NutVal 

model) or nutrient-specific learning rates (Alpha model). In the NutVal model, the reward 

values depend on the reward types as follows (Figure 4.8a), 

 𝑅𝑖(𝑡) = {

 1/(𝑉𝐹 ∙ 𝑉𝑆 ∙ 𝑉𝐹𝑆),          𝑖 = 𝐿𝐹𝐿𝑆
𝑉𝐹/(𝑉𝐹 ∙ 𝑉𝑆 ∙ 𝑉𝐹𝑆), 𝑖 = 𝐻𝐹𝐿𝑆 
𝑉𝑆/(𝑉𝐹 ∙ 𝑉𝑆 ∙ 𝑉𝐹𝑆), 𝑖 = 𝐿𝐹𝐻𝑆 
  1,                                    𝑖 = 𝐻𝐹𝐻𝑆

 (4.18) 

, where 𝑉𝐹, 𝑉𝑆, and 𝑉𝐹𝑆 are the values of high-fat content, high-sugar content, and their 

combinations, respectively, relative to the low-nutrient liquid. We normalised all reward 

values to (𝑉𝐹 ∙ 𝑉𝑆 ∙ 𝑉𝐹𝑆), to constrain all reward values between 0 and 1. 

 In the Alpha model, higher learning rates are used to update the values for high-

nutrient rewards as follows (Figure 4.11a), 

 𝑙𝑜𝑔 [
𝛼+(𝑡)

1 − 𝛼+(𝑡)
] =

{
 
 

 
      𝛼0+,      𝑖𝑡 = 𝐿𝐹𝐿𝑆
𝛼0+ + 𝛼𝐹, 𝑖𝑡 = 𝐻𝐹𝐿𝑆
𝛼0+ + 𝛼𝑆, 𝑖𝑡 = 𝐿𝐹𝐻𝑆
𝛼0+ + 𝛼𝐹𝑆, 𝑖𝑡 = 𝐻𝐹𝐻𝑆

∈ ℝ, 𝛼+(𝑡) ∈ [0,1], ∀𝑡 ∈ ℕ (4.19) 

, where 𝛼+(𝑡) denoted the learning rate to update the value of the rewarded option on 

trial 𝑡, which was first transformed from [0,1] to any real number and modified by the 

high-fat level (𝛼𝐹), the high-sugar level (𝛼𝑆), or their combination (𝛼𝐹𝑆). The logistic trans-

formation ensured that the learning rates are always between 0 and 1. 

 

Nutrient prediction error-RL model (NPE-RL model) 

 In the NPE-RL model, we decomposed the nutrient-specific values 𝑄𝑖(𝑡) into compo-

nents of fat value 𝑄𝑖𝐹(𝑡) and sugar value 𝑄𝑖𝑆(𝑡), as in Figure 4.12 
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 𝑄𝑖(𝑡) = 𝑄𝑖𝐹(𝑡) ∙ 𝑄𝑖𝑆(𝑡) ∈ [0,1], ∀𝑡 ∈ ℕ (4.20) 

Importantly, the nutrient prediction errors were computed as the discrepancies between 

the subjective nutrient values and the trial-by-trial estimations of the nutrient values as 

follows, 

 𝑁𝑃𝐸𝑖𝐹(𝑡) =  𝑉𝑖𝐹(𝑡) − 𝑄𝑖𝐹(𝑡), 𝑉𝑖𝐹(𝑡) = {
1/𝑣𝐹
1

, 𝑖(𝑡) = 𝐿𝐹𝐿𝑆, 𝐿𝐹𝐻𝑆
, 𝑖(𝑡) = 𝐻𝐹𝐿𝑆,𝐻𝐹𝐻𝑆 (4.21) 

 𝑁𝑃𝐸𝑖𝑆(𝑡) =  𝑉𝑖𝑆(𝑡) − 𝑄𝑖𝑆(𝑡), 𝑉𝑖𝑆(𝑡) = {
1/𝑣𝑆
1

, 𝑖(𝑡) = 𝐿𝐹𝐿𝑆,𝐻𝐹𝐿𝑆
, 𝑖(𝑡) = 𝐿𝐹𝐻𝑆,𝐻𝐹𝐻𝑆 (4.22) 

, where 𝑁𝑃𝐸𝑖𝐹 and 𝑁𝑃𝐸𝑖𝑆 denoted the fat and sugar prediction errors for the chosen re-

ward on trial 𝑡, 𝑖(𝑡). 𝑣𝑖𝐹 and 𝑣𝑖𝑆 were the subjective values for fat and sugar, and 𝑄𝑖𝐹 

and 𝑄𝑖𝑆 were the current values of fat and sugar components for reward 𝑖, respectively. 

The nutrient values were independently updated by corresponding nutrient prediction 

errors, 

 𝑄𝑖𝐹(𝑡 + 1) = 𝑄𝑖𝐹(𝑡) + 𝛼+ ∙ 𝑁𝑃𝐸𝑖𝐹(𝑡) (4.23) 

 𝑄𝑖𝑆(𝑡 + 1) = 𝑄𝑖𝑆(𝑡) + 𝛼+ ∙ 𝑁𝑃𝐸𝑖𝑆(𝑡) (4.24) 

, where 𝑄𝑖𝐹(𝑡 + 1) and 𝑄𝑖𝑆(𝑡 + 1) are the updated fat and sugar values, each was updated 

by the previous fat and sugar values, 𝑄𝑖𝐹(𝑡) and 𝑄𝑖𝑆(𝑡), by the NPEs for fat and sugar 

discounted by the learning rate 𝛼+ ∈ [0,1]. 
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4.3  Results 

4.3.1  Nutrient dynamic foraging task 

Two monkeys performed in a dynamic foraging task to obtain different nutrient-de-

fined liquid rewards (Figure 4.1a). In each choice trial, the monkeys were presented with 

two visual cues from a set of four, chose between the two cues, and received either a large 

amount (‘rewarded’) or a small amount (‘non-rewarded’) of the cue-associated liquid re-

ward, depending on a prespecified reward probability (𝑃). We used novel, untrained visual 

cues in each session to avoid influences of prior experience on choices. Session-specific 

visual cues were each associated with one of four different rewards; cue-reward associa-

tions were fixed within each session. To examine whether fat and sugar biased learning 

from reward outcomes, we used liquid rewards from a 2 × 2 factorial design with fat and 

sugar levels as factors (Figure 4.1b; LFLS: low-fat low-sugar; HFLS: high-fat low-sugar; 

LFHS: low-fat high-sugar; HFHS: high-fat high-sugar). At the start of each session, two 

rewards (LFLS/HFHS or LFHS/HFLS) were associated with a high probability of obtain-

ing a large reward (𝑃 = 0.8), and the other two rewards were associated with a low reward 

probability (𝑃 = 0.2) (Figure 4.1c, block A or block B). We reversed the reward probabil-

ities every 100 trials throughout the session (𝑃 = 0.2 → 0.8; 𝑃 = 0.8 → 0.2) to encourage 

continual learning from reward outcomes. Notably, this design offered the monkeys equal 

availability of fat and sugar in all choice trials irrespective of block type because there 

were always two high-probability and two low-probability options for both high-fat and 

high-sugar rewards. All liquids were matched in flavour (blackcurrant or peach) and other 

ingredients (protein, salt, etc); therefore, differential learning and choice patterns could 

be attributed to the nutrient content of the rewards. 

 The behaviour in two example sessions (Figure 4.1d) showed that both monkeys ex-

hibited preferences for specific nutrients while tracking changing reward probabilities. 
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Monkey Ya’s choices (Figure 4.1d, left) were dominated by a general preference for high-

sugar rewards, with a smaller impact of reward probability on choices. Specifically, mon-

key Ya chose the high-sugar rewards frequently even when they were associated with a 

lower probability of obtaining a large reward amount; in addition, choice frequencies 

tracked changing reward probabilities, particularly for the high-sugar rewards. By con-

trast, monkey Ym’s choices (Figure 4.1d, right) reflected both a preference for high-nu-

trient content and a strong dependence on reward probability. Specifically, within a given 

trial block, monkey Ym preferred high-nutrient rewards over low-nutrient rewards with 

 
Figure 4.1. Nutrient dynamic foraging task. (a) Task structure. In each trial, two visual cues appeared 

sequentially before reappearing for left-right choices. Following the touch choices, the monkeys received the 

liquid associated with the chosen cue. The amount of the delivered reward depended on a prespecified reward 

probability (𝑃). (b) Four types of liquids with 2 × 2 factorial fat and sugar levels were offered in the task: the 

low-fat low-sugar (LFLS) liquid, the high-fat low-sugar (HFLS) liquid, the low-fat high-sugar (LFHS) liquid, 

and the high-fat high-sugar (HFHS) liquid. (c) In block A, LFHS and HFLS were offered with a high reward 

probability (𝑃 = 0.8); LFLS and HFHS were associated with a low reward probability (𝑃 = 0.2). These prob-

abilities were reversed in block B. (d) Choices and reward outcomes in single sessions (monkey Ya: left; 

monkey Ym: right). Each tick mark represents a choice of a specific reward type; long marks indicate large 

reward outcome, short marks indicate small reward outcomes. Reward types in dark-grey blocks indicated 

𝑝 = 0.8 and light-grey blocks indicated 𝑃 = 0.2. Choice curves: running-average of choices. 
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matched reward probabilities (compare red and yellow curves) but would reduce his 

choices for the high-nutrient reward when it was associated with a relatively lower reward 

probability. 

 

4.3.2  Nutrients bias reward learning and food choices 

  The patterns observed in single sessions were also observed in averaged data across 

sessions. Overall, the monkeys’ choice probabilities increased when reward probabilities 

switched from low (𝑃 = 0.2) to high (𝑃 = 0.8), as evident by averaged choice probabilities 

 

Figure 4.2. Preference and learning for high-fat and high-sugar reward. (a) Learning curves. Mean 

running-averaged choice frequencies aligned to probability reversals (𝑃 = 0.2 → 0.8) indicate how choices de-

pend on both reward-probability changes and nutrient content. (N: number of tested sessions). (b) Reward 

preferences. Average choice frequencies indicate preferences among the four reward types. The choice fre-

quencies were computed in truncated sessions that included only probability-balanced trials for all reward 

types. (mean ± s.e.m.)  (N: number of trials). (c) Learning latency. The number of trials from probability 

reversal to the first significant change point in the cumulative choice record (see Methods) indicates the 

latency to adapt choices after probability changes. 
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around probability-reversal points (Figure 4.2a). Importantly, the monkeys responded 

differently to probability changes for rewards that differed in fat and sugar content, with 

more pronounced probability increases for high-nutrient rewards and specifically high-

sugar rewards (Figure 4.2a). When reward probabilities were stable (between reversal 

points), monkey Ya showed a strong preference for the high-sugar rewards irrespective of 

fat level, whereas monkey Ym showed graded preferences for both high-fat and high-sugar 

rewards over the low-nutrient option (Figure 4.2b). Immediately following the 

 
Figure 4.3. Nutrient choices deviate from probability-matching choices. (a) Monkeys’ single-session 

choices deviate from the pure probability-matching strategy. PM: probability-matching choice strategy, cal-

culated by matching choices to the past ratio of large/small rewards, irrespective of reward type. (b) Direct 

comparisons of monkeys’ choices with probability-matching choices. Circles indicate probability reversals. 

(c) Nutrient-sensitive matching behaviour. Correlations of choice ratios with fat, sugar, and probability ra-

tios, respectively. (d) Normalised regression coefficients of probability ratios, fat ratios, and sugar ratios on 

choices. (mean ± s.e.m.). 
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probability reversals, the monkeys had shorter learning latencies for high-nutrient re-

wards: they adjust their choices more quickly to the changed reward probabilities when 

high-sugar and high-fat rewards were offered, which indicated that learning was sensitive 

to the nutrient content of reward outcomes (Figure 4.2c). Thus, the monkeys preferred 

high-nutrient rewards, tracked changing reward probabilities in a nutrient-dependent 

manner, and learned faster from high-nutrient reward outcomes.  

 The preferences for fat and sugar biased the monkeys’ choices away from a pure prob-

ability-matching (PM) strategy, which predicted distributed choices according to the rel-

ative frequency of receiving large rewards from each option. In the two example sessions, 

choices for the high-sugar rewards accumulated more rapidly than predicted by the PM 

strategy, whereas choices for low-sugar rewards accumulated more slowly (Figure 4.3a). 

Specifically, compared to the PM strategy, monkey Ya significantly over-matched the 

high-sugar rewards and under-matched the low-sugar rewards, irrespective of reward-fat 

level. These patterns were much less pronounced in monkey Ym (Figure 4.3b). Specifi-

cally, the choice ratios of monkey Ya were dominated by the sugar ratios but those in 

monkey Ym were jointly determined by the probability ratios and sugar ratios (Figure 

4.3c). Multiple regression confirmed that, in addition to the probability ratios, both the 

 
Figure 4.4. Experience-dependent reward choices. Choice probabilities (± s.e.m.) when the same re-

ward was chosen on the previous trials (‘choice’), when a large reward was received on the previous trial 

(‘reward’), and irrespective of last-trial choice and reward outcomes (‘offer’). Two-sample t test. 
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fat and sugar ratios significantly influenced the choice ratios (Figure 4.3d). Notably, both 

monkeys’ choices were explained by similar effect sizes of the probability ratios and the 

fat ratios. However, the effects of sugar ratios were particularly strong in monkey Ya but 

slightly weaker than the influences of probability ratios in monkey Ym.  

 Taken together, these results suggested that the specific nutrient composition of food 

rewards and the animals’ individual preferences for sugar and fat biased learning and 

choice. 

 

4.3.3  Nutrient-specific action and reward history influence choices 

One strategy to respond to unsignaled changes in reward probabilities is to choose 

based on recent choices and reward outcomes. Because the choice outcomes reflect the 

underlying reward probability, this strategy adapts choices to the changing reward prob-

abilities and can help to optimize reward rate and nutrient-intake levels. Consistent with 

 

Figure 4.5. History-dependent effects on choices. (a) History model to explaining the choices. The his-

tory model included regressors for choice history and reward history, with choice history = 1 (chosen) or 0 

(not chosen) and reward history = 1 (rewarded) or 0 (non-rewarded) for the recent 10 trials. (b) Results, 

Logistic regression coefficients in the history model show influences of reward (left) and choice history (right) 

on current choices. (mean ± s.e.m.; dark-grey bars: P < 0.05; light-grey bars: non-significant) 
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these notions, we found that the monkeys tended to repeat their choices, particularly after 

receiving a large reward on the previous choice (Figure 4.4). However, the tendency to 

repeat choices was less pronounced for the low-sugar rewards in monkey Ya. This result 

suggested that both recent choices and the reward outcomes increased choice repetition, 

but the influences depended on individual nutrient preferences.  

To formally characterise the learning from recent choices and reward outcomes, we 

modelled the trial-by-trial choices in a logistic regression model (History model, see Meth-

ods) that accounted for whether the option was chosen in previous offers (choice history) 

and whether the previous choices were rewarded (reward history) (Figure 4.5a). The re-

gression coefficients showed that both the choice and reward history reinforced current 

choices and that these effects decayed for more remote past trials (Figure 4.5b).  

Given the monkeys’ preferences for fat and sugar, we next examined whether these 

reward- and choice-history effects also depended on the nutrient composition of reward 

 
Figure 4.6. Nutrient-specific history effects on choices. Logistic regression coefficients of nutrient-

dependent reward history (a) and reward history (b) for current choices. (P < 0.05, yellow: LFLS; green; 

HFLS; blue: LFHS; red: HFHS; light-grey bars: non-significant) 
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outcomes and choice offers. We tested this possibility by including nutrient-history inter-

action regressors in the history model (Nutrient model, see Methods). These interaction 

terms would capture any additional reinforcing effects from specific nutrients by decom-

posing the aggregated reward and history effects into the effects of baseline low-nutrient 

liquid (𝛽0), high-fat content (𝛽𝐹), and high-sugar content (𝛽𝑆), depending on the fat and 

sugar levels of the offered reward types (Figure 4.6). Larger history regression coeffi-

cients for sugar compared to fat suggested that recently obtained high-sugar reward out-

comes had a stronger impact on current-trial choice than recently obtained high-fat re-

wards in both monkeys (Figure 4.6a). However, the two monkeys differed in their ten-

dency to repeat choices for high-fat and high-sugar liquids, as indicated by the nutrient-

specific choice-history coefficients (Figure 4.6b). Monkey Ya repeated the high-sugar 

choices more frequently than choices for low-nutrient rewards and high-fat rewards. By 

contrast, monkey Ym repeated choices slightly less frequently for the high-sugar rewards. 

Importantly, although the explanatory power of both models increased with history length, 

the nutrient model outperformed the history model in all history length-matched compar-

isons (Figure 4.7a). These history effects showed distinct temporal dynamics in the two 

monkeys although they both decayed either in the history model or the nutrient model 

(Figure 4.7b). 

These results indicated that both monkeys’ choices depended on the recent histories 

of obtaining and choosing rewards with specific nutrient content.  

 

4.3.4  Reinforcement learning based on nutrient-specific values 

 The temporal dynamics of the nutrient-specific reward- and choice-history effects sug-

gested that the monkeys constantly updated their choices based on recent choices and 

reward outcomes. RL models that update trial-by-trial reward values for each option 
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based on the reward outcomes are well-suited to model such adaptive choices. However, 

canonical RL models typically do not account for the nutrient composition of food rewards, 

and accordingly cannot explain the presently observed nutrient preferences and nutrient-

specific learning effects. Therefore, we developed a nutrient-sensitive RL model that in-

corporated subjective nutrient values to model how specific nutrients (fat, sugar) differ-

entially influenced the trial-by-trial updating of expected reward values and their influ-

ence on the choice (Figure 4.8a). Instead of updating the value of the chosen reward with 

a binary reward outcome, our model updated reward values based on the nutrient compo-

sition of each reward type as given below, 

 𝑄𝑖(𝑡 + 1) = 𝑄𝑖(𝑡) + 𝛼 ∙ [𝑉𝑖(𝑡) − 𝑄𝑖(𝑡)],   (4.25) 

 
Figure 4.7. Temporal dynamics of reward and choice history effects. (a) Model performances and 

history lengths. Model performance improved with history length based on ΔAIC = AIC (trial lag = 0) – AIC 

(trial lag = 𝑖, 𝑖 =1,2,…,10). AIC = Akaike Information Criteria. History length-matched nutrient models and 

history models were compared using the loglikelihood test. Higher ΔAIC values indicated that the nutrient 

model outperformed the history model in all history length-matched comparisons. (b) Aggregated effects of 

reward and choice history increased with history lengths and reflected nutrient composition, indicated by 

the cumulative reward or choice history regression coefficients over recent trials. 
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 𝑉𝑖(𝑡) =

{
 

 
1/(𝑉𝐹 ∙ 𝑉𝑆 ∙ 𝑉𝐹𝑆) , 𝑖(𝑡) = 𝐿𝐹𝐿𝑆
𝑉𝐹/(𝑉𝐹 ∙ 𝑉𝑆 ∙ 𝑉𝐹𝑆) , 𝑖(𝑡) = 𝐻𝐹𝐿𝑆
𝑉𝑆/(𝑉𝐹 ∙ 𝑉𝑆 ∙ 𝑉𝐹𝑆) , 𝑖(𝑡) = 𝐿𝐹𝐻𝑆

1 , 𝑖(𝑡) = 𝐻𝐹𝐻𝑆

 (4.26) 

, where the value for reward 𝑖, 𝑄𝑖, was updated depending on the chosen reward type on 

trial 𝑡, 𝑖(𝑡) and its nutrient-specific reward value, 𝑉𝑖(𝑡). 𝑉𝐹 , 𝑉𝑆 , and 𝑉𝐹𝑆 denoted the 

subjective value of high-fat content, high-sugar content, and their interaction, respec-

tively, on the common scale of the low-nutrient reward value. Therefore, any nutrient 

value larger than 1 suggested a preference for the specific nutrient; values for 𝑉𝐹𝑆 larger 

than 1 indicated supra-additive values of fat and sugar. Without loss of generality, we 

normalized all reward values to the highest nutrient value, (𝑉𝐹 ∙ 𝑉𝑆 ∙ 𝑉𝐹𝑆), to constrain all 

reward values between 0 and 1. For the unchosen and unoffered rewards, we allowed the 

values to decay as follows, 

 𝑄𝑗(𝑡 + 1) = 𝑄𝑗(𝑡) ∙ (1 − 𝛼0),   ∀𝑗 ≠ 𝑖(𝑡) (4.27) 

 

Figure 4.8. Nutrient-sensitive reinforcement learning models. (a) The nutrient-value RL model (Nut-

Val-Forget model). Reward values were updated based on the nutrient-specific values, 𝑉𝑖(𝑡), with 𝑉𝐹 indi-

cating values for the high-fat content, 𝑉𝑆 for the high-sugar content, 𝑉𝐹𝑆 for the high fat-sugar combination, 

and 1 for the low-nutrient value reference. We normalised all reward values to the highest reward value 

(𝑉𝐹 ∙ 𝑉𝑆 ∙ 𝑉𝐹𝑆) to constrain all reward values between 0 and 1. (b) Nutrient-value functions. Psychometric 

curves based on integrated values, calculated with the nutrient-value RL model, indicate that both monkeys’ 

choices depended on nutrient-dependent value differences between choice options. 
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, where the values of the unchosen and unoffered rewards, 𝑄𝑗(𝑡), were discounted accord-

ing to a forgetting rate (𝛼0), which would be 0 for perfect (but biologically implausible) 

value memory. 

 The model-derived subjective values for fat and sugar accurately predicted the mon-

keys’ choices (Figure 4.8b). The results of fitting this nutrient-sensitive RL model to each 

monkeys’ choices and reward outcomes in each session confirmed that both monkeys as-

signed higher values to the high-sugar choice options and that monkey Ym assigned 

higher value to fat but monkey Ya did not (Figure 4.9a). The high-fat high-sugar reward 

was also valued higher than the low-nutrient reference, but the fat values and the sugar 

values did not show supra-additive effects in monkey Ya but negative interactions in mon-

key Ym when determining the reward values (Figure 4.9b). The nutrient-sensitive RL 

model outperformed alternative RL models involving combinatorial differential learning 

rates and nutrient-specific parameters (Error! Reference source not found.; see Methods). 

 
Figure 4.9. Nutrient-specific reward values. (a) The distributions of fitted nutrient-specific reward val-

ues across trials (monkey Ya: log scale; monkey Ym: linear scale). All reward values were tested against 

equal values for all reward types (nutrient values =1), Wilcoxon signed-rank test. (b) Fat-sugar value inter-

actions. The reward values of HFHS (𝑉𝐹𝑆) were plotted against the values predicted by the multiplications of 

the fat values (𝑉𝐹) and the sugar values (𝑉𝑆) across sessions. The unity lines (dashed) indicated the independ-

ence of the fat values and the sugar values, estimated by the nutrient-sensitive reinforcement learning mod-

els. b = slope [95% confidence interval]. 
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Notably, there was no evidence for nutrient-specific learning rates but only a significant 

but small forgetting rate for monkey Ym (Figure 4.11).  

 Thus, the monkeys’ stochastic choices for rewards with specific nutrient compositions 

were well explained by a nutrient-sensitive RL model that assigned nutrient-specific val-

ues to reward outcomes. 

 

4.3.5  Value updating based on distinct sugar and fat value components 

The nutrient-sensitive RL model implied that the animals can independently track 

values for specific fat and sugar nutrients, and integrate them into a scalar value that 

guided choices. To better understand the dynamics of this nutrient-specific value tracking 

and updating, we modelled the dynamic learning of individual nutrient values in a nutri-

ent prediction error-based RL model (NPE-RL model) in which the reward value on trial 

𝑡, 𝑄𝑖(𝑡), was jointly determined by individual fat value and sugar value components (Fig-

ure 4.12, see Methods). 

 
Figure 4.10. Model comparisons. We systematically compared the NutVal-Forget model with 

combinatorial RL models involving nutrient-specific learning parameters (NutVal = nutrient-specific values; 

NutValAlpha = nutrient-specific values + learning rates, Figure 4.11) and differential learning rates (Asym 

= independent learning rate for the non-rewarded chosen option; Forget = value-forgetting for unchosen and 

unoffered options). Models were compared using Akaike Information Criterion (AIC). All model AICs were 

subtracted from the AIC of the basic RL model (∆𝐴𝐼𝐶 = 𝐴𝐼𝐶𝑏𝑎𝑠𝑖𝑐 − 𝐴𝐼𝐶 ), with the higher mean ∆𝐴𝐼𝐶 

indicating better model performance (red: the best fitting model). 
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The NPE-RL model characterised how fat and sugar values could (i) separately adapt 

to changes in reward probabilities as indicated by experienced outcomes, and (ii) flexibly 

determine the integrated reward values for specific choice options, based on their nutrient 

composition. Specifically, the fat and sugar RPEs for each reward updated the fat and 

sugar values, respectively, which were then combined into integrated reward values to 

guide choices (Figure 4.12). Decomposing the reward values into two independent nutri-

ent components revealed each animal’s idiosyncratic sensitivity of reward values to indi-

vidual nutrient constituents. To illustrate the dynamic, nutrient-specific value updating, 

we plotted the evolving value trajectories within a session in a space defined by the 

 
Figure 4.11. Nutrient-specific learning rates. (a) Nutrient-specific learning rate model (NutAlphaVal-

Forget model) architecture. The reward values were updated based on nutrient-specific learning rates (𝛼𝑖+) 

and nutrient-specific values (𝑉𝑖𝑡). (b) Values of the unchosen and unoffered rewards decayed by the forgetting 

factor 𝛼0, as in the main nutrient value RL model (Figure 4.9). (c) Nutrient-specific learning rates and 

forgetting factors. Learning rates for HFLS (𝛼𝐹), LFHS (𝛼𝑆), and HFHS (𝛼𝐹𝑆) were all compared to the base-

line learning rates for LFLS (𝛼𝐿); the forgetting factors were tested against perfect value memory (𝛼0 = 0). 

Wilcoxon signed-rank test. 
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separate fat and sugar value components (Figure 4.13a). These trajectories indicated 

that the updating of reward values in monkey Ya was primarily based on the sugar value 

component over the fat value component, whereas both fat and sugar value components 

contributed to value learning in monkey Ym (Figure 4.13a).  

The distinct sensitivities of reward values to specific nutrient components were illus-

trated by projections of dynamic reward value trajectories onto the nutrient value space, 

where ‘iso-value contours’ visualised levels of equal reward values (Figure 4.13b). If re-

ward values were equally sensitive to both the sugar and fat nutrient components, the 

value trajectories should fall onto the 45-degree diagonal line in nutrient value space. 

Because we normalised the nutrient values to the HFHS reward, the value trajectory for 

HFHS would be at the diagonal for both monkeys (Figure 4.13b, red). However, higher 

sensitivity to the sugar value components compressed the low-sugar value trajectories 

along the sugar value axis and rotated the trajectories towards the fat value axis (clock-

wise); similarly, higher sensitivity to the fat value components rotated the low-fat 

 
Figure 4.12. Nutrient-specific value updating. Nutrient-specific values for fat (left) and sugar (right) 

were updated based on discrepancies between previous choice outcomes and predicted nutrient rewards (nu-

trient prediction errors, NPE); sugar and fat values were integrated into composite reward values that 

guided choices. 
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trajectories towards the sugar value axis (counterclockwise). For example, monkey Ya 

showed a slight counterclockwise-rotated LFHS trajectory and marked clockwise-rotated 

low-sugar trajectories, indicating his weak preference for fat and the strong preference 

for sugar, respectively. In contrast, monkey Ym showed only mild clockwise-rotated low-

sugar trajectories and negligible rotation for the LFHS value trajectory, reflecting his 

mild sugar preference and non-significant fat preference. 

The rotating angles of the value trajectories in the nutrient value space quantified 

the relative changes of sugar and fat values on the value trajectories (∆𝑉𝑆 ∆𝑉𝐹⁄ ), therefore 

highlighting the contributions of each nutrient value to the overall reward values. Com-

pared to the steepest 45-degree value gradient, value trajectories with rotating angles 

 
Figure 4.13. Sensitivity of nutrient values in learning reward probability. (a) Trajectories of nutri-

ent-specific values within sessions. The value trajectories tracked the evolving reward values and their nu-

trient components with choice trials. (b) Projected reward-value trajectories and iso-value contour curves. 

Each segment showed the ranges and orientations of the fluctuating reward values in the nutrient value 

space. The diagonal line represented equal contributions of the nutrient components to the reward values. 

(c) Nutrient sensitivities of reward values. Distributions of the rotating angles quantified the relative 

changes of nutrient values during reward value updating (∆𝑉𝑆 ∆𝑉𝐹⁄ ) across sessions. Wilcoxon signed-rank 

test. 
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larger or smaller than 45 degrees updated reward values with distinct contributions of 

each nutrient value. Specifically, reward values were mostly updated from the fat values 

when the angles were smaller than 45 degrees, but more from the sugar values if the 

angles were larger than 45 degrees. Across sessions, the nutrient-specific contributions of 

reward values, indicated by the orientations of the value trajectories, recapitulated the 

subjective nutrient values estimated by the nutrient-sensitive RL model (Figure 4.13c). 

 Thus, subjective nutrient-value functions guided the dynamic updating and the inte-

gration of reward values based on individual nutrient-specific components. 

 

4.4  Discussion 

We investigated monkeys’ choices for different nutrient-defined rewards under vary-

ing reward probabilities. We found that the nutrient composition of rewards strongly in-

fluenced choices and learning. The animals generally preferred rewards that were high in 

nutrient content but also showed individual preferences for sugar and fat, consistent with 

the assignment of subjective values to choice options. The animals’ nutrient preferences 

affected how they adapted their choices to changing reward probabilities. Specifically, the 

monkeys learned faster from preferred nutrient rewards and chose them frequently even 

under low reward probabilities (i.e., low probability of obtaining large reward amounts). 

Influences of past rewards on current choice were well described by a reward-history anal-

ysis. As in previous studies (Lau & Glimcher, 2005; Tsutsui et al., 2016), more recent 

rewards had a stronger influence on the monkeys’ choices. Critically, we also found that 

the impact of reward history depended on the nutrient composition of past rewards: the 

effect of past rewards high in preferred sugar content was stronger compared to that of 

less preferred low-nutrient or fat rewards. The history of past choices, irrespective of re-

ward outcomes, also had a significant and nutrient-dependent effect on choice, with 
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stronger effects of past choices for preferred nutrient rewards. We proposed a nutrient-

sensitive RL model that captured the influences of preferred nutrients on learning and 

choice. The model updated the value of individual sugar and fat components of expected 

rewards trial by trial, based on recently experienced rewards, and integrated these com-

ponents into scalar values that explained the monkeys’ choices. These results suggest that 

nutrients constitute important reward components that influence subjective valuation, 

learning and choice, and that canonical RL models can be usefully extended to capture 

such nutrient-specific values. 

Previous studies of reinforcement learning in macaques revealed important influ-

ences on learning and choice, including effects of reward and choice history (Corrado et 

al., 2005; Hollerman & Schultz, 1998; Kennerley et al., 2006; Lau & Glimcher, 2005; Lee 

et al., 2012; Samejima et al., 2005; Seo et al., 2012; Tsutsui et al., 2016), the variance of 

recent rewards (Grabenhorst, Tsutsui, et al., 2019), novelty and reward rarity (Costa et 

al., 2019; Rothenhoefer et al., 2021), and social observations (Grabenhorst, Báez-Mendoza, 

et al., 2019). Importantly, these studies did not vary the composition of reward outcomes 

and thus could not test whether specific reward components differentially affected learn-

ing and choice. We reasoned that nutrients are biologically critical reward components 

that are essential for survival and that monkeys should prefer high-nutrient rewards and 

adapt their choices to optimise nutrient intake. By manipulating the sugar and fat content 

of our liquid rewards, we confirmed that the monkeys’ learned differently from these dif-

ferent rewards.  

Previous studies demonstrated that macaques have sophisticated preferences for dif-

ferent reward types that comply with principles of economic choice theory (Lak et al., 2014; 

Padoa-Schioppa & Assad, 2006; Pastor-Bernier et al., 2017; Raghuraman & Padoa-

Schioppa, 2014) but did not examine how different rewards affect learning. Here we 
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showed that subjective preferences for specific nutrients influenced how monkeys tracked 

the changing reward probabilities of choice options. Specifically, both animals learned 

faster from preferred nutrient rewards. Moreover, they based their choices on both sub-

jective valuations of offered reward types and estimates of current reward probabilities. 

This latter finding confirms the result from a previous study that macaques integrate 

reward type and probability information to express subjective preferences (Raghuraman 

& Padoa-Schioppa, 2014); different from that study, our monkeys were required to derive 

probability information from past reward experiences rather than from explicit visual 

cues. 

Crucially, by varying the nutrient composition of rewards, we investigated reinforce-

ment learning and choice for biologically important, universal reward components. Nutri-

ents are basic building blocks of foods that are sensed by dedicated taste and oral-texture 

mechanisms (Carreiro et al., 2016; Huang et al., 2021; Rolls, 2020; Yarmolinsky et al., 

2009) and engage physiological and homeostatic processes (Rangel, 2013; Simpson & 

Raubenheimer, 2020).  

Moreover, evidence from ecology and human metabolic sciences point to specific be-

havioural mechanisms that regulate nutrient intake. For example, ecological studies iden-

tify a ‘nutrient-balancing mechanism’ in wild macaques that promotes reproductive and 

survival success (Cui et al., 2018; Raubenheimer, 2011; Raubenheimer et al., 2015; Tsuji 

& Takatsuki, 2012). In humans, reduced protein in ultra-processed foods increases energy 

intake by ‘protein leveraging’, a mechanism that regulates food choice to counter protein 

deficits (Hall et al., 2019; Jensen-Cody et al., 2020; Simpson & Raubenheimer, 2020; 

Steele et al., 2018). A 'fat-appetite mechanism' emerges in human monogenic obesity af-

fecting melanocortin-signalling (van der Klaauw et al., 2016). We recently showed that in 

macaques, nutrients and sensory food qualities (taste, viscosity, oral friction) shape 
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human-like economic preferences (Huang et al., 2021). Our approach makes a first step 

towards integrating the influential RL framework with these nutrient-dependent behav-

ioural processes and thus enhance its biological validity. 

The concept of nutrient homeostasis in metabolic sciences suggests that internal 

states modulate nutrient values to guide state-dependent food choices. Recent homeo-

static RL models explain the value of rewards as discrepancies between the current state 

and physiological setpoints (Keramati & Gutkin, 2014). This approach views reward val-

ues as physiological signals that serve to maintain homeostasis. However, fat and sugar 

 
Figure 4.14. Neuronal mechanisms for nutrient-sensitive reinforcement learning and choice.(a) 

Nutrient-sensitive reinforcement learning architecture. Fat-value neurons (F) and sugar-value neurons (S) 

each update the fat and sugar components of the value predictions and provide input to the reward-value 

neurons (R) that code integrated values for decision computations. (b) Predicted neuronal responses of fat-

value, sugar-value, and reward-value neurons. Fat-value neurons (F) are updated based on fat-specific rein-

forcement learning (fat prediction errors) from delivered rewards, with higher responses to high-fat com-

pared to low-fat rewards. An equivalent process operates for sugar-value neurons (S). Together, these nutri-

ent-value neurons converge onto reward-value neurons to code scalar value signals in a common currency 

for downstream decision computations. 
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can be preferred even without corresponding nutrient deficits (Amato & Garber, 2014; 

Huang et al., 2021; Pastor-Bernier et al., 2020); therefore, the hedonic values of foods 

cannot be explained solely by homeostatic regulations of nutrient deficits. Future experi-

ments could challenge the nutrient states of animals during food choices to estimate em-

pirical nutrient-value functions from state-dependent choice patterns to refine these mod-

els. 

We described a nutrient-specific learning mechanism that updates value estimates 

for separate fat and sugar reward components and integrates this information to guide 

adaptive food choices. This mechanism implies parallel nutrient valuation systems that 

detect and evaluate the nutrient components depending on internal states. The neuronal 

implementation of this mechanism would require neurons that encode individual nutrient 

values (nutrient-value neurons) and dynamically update these nutrient values via nutri-

ent prediction error signals (Figure 4.14a). These neurons preferentially update reward 

values based on the fat content (Figure 4.14b, left) or sugar content (Figure 4.14b, mid-

dle) and flexibly combined into nutrient-sensitive reward values (Figure 4.14b, right) to 

guide nutrient-adaptive food choices. At a neural-network level, these nutrient-value neu-

rons would extract nutrient-specific features from a food’s sensory properties to guide food 

choices (Figure 4.15). Importantly, physiological-state signals could modulate the neural 

representations of nutrient values to allow for state-dependent valuation of food rewards. 

Therefore, we propose nutrient-value neurons and nutrient prediction error signals as 

potential substrates for nutrient-sensitive learning and choice.  

Our findings within a nutrient-based RL paradigm and our proposed computational 

framework have implications for value-based learning and decision theories and underly-

ing neural mechanisms. Because nutrients provide energy and serve physiological func-

tions for survival, animal reward systems should be shaped by nutrient availability in the 
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environment and evolved dedicated mechanisms for adaptive nutrient-sensitive decision-

making. By decomposing the trial-by-trial reward values that guide reinforcement learn-

ing into nutrient-value components, we identified candidate signals that could be encoded 

by neurons in the reward and decision systems of the primate brain. The midbrain dopa-

mine neurons, the orbitofrontal cortex and the amygdala participate in decision-making, 

reinforcement learning, and food evaluation (Grabenhorst, Báez-Mendoza, et al., 2019; 

Grabenhorst et al., 2012; Lak et al., 2014; Murray & Rudebeck, 2013, 2018; Padoa-Schi-

oppa & Assad, 2006; Rolls et al., 2018; Stauffer et al., 2014) and thus constitute suitable 

targets for testing these hypotheses experimentally. 

  

 
Figure 4.15. Nutrient-sensitive decision-making neural network. Sensory properties of foods are 

detected via multiple sensory channels and integrated into nutrient-associated feature representations that 

determine nutrient values depending on the internal physiological state. Nutrient values then flexibly inform 

reward values for decision computations, based on the nutrient composition of food rewards. 
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5.1  Introduction 

Nutrient and sensory food properties are critical for guiding food choices. In par-

ticular, the oral detection of food texture provides instant information about food quality. 

For instance, creaminess is often considered a feature of quality cuisine, whereas astrin-

gency often elicits food rejection. Importantly, to regulate nutrient consumption, these 

sensory perceptions should converge into neuronal value signals to guide adaptive food 

choices based on the nutrient content and physiological nutrient requirements. Consistent 

with this notion, previous studies showed that the oral texture of fat, one of the critical 

nutrient sensory inputs that drive food intake, is encoded in the single neuron activities 

of the anterior insula (Verhagen, 2004), the orbitofrontal cortex (OFC) (Rolls et al., 1999; 

Verhagen et al., 2003), and the amygdala (Kadohisa, Rolls, et al., 2005; Rolls et al., 2018). 

Previous human brain imaging studies also found neural activation to oral high-fat stim-

uli in the lateral hypothalamus and the amygdala (Grabenhorst et al., 2010). Beyond de-

tecting the presence of oral fat, the pleasantness of oral fat content is correlated with 

BOLD responses in the OFC and the anterior cingulate cortex (Grabenhorst et al., 2010). 
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However, these previous studies all examined nutrient processing based on direct oral 

stimuli and did not address the question of whether single neurons encode the nutrient 

content and sensory properties of food rewards based on reward-predicting visual stimuli. 

This is a critical question because decision-making mechanisms guiding food intake rely 

on nutrient information derived from visual cues before actual food consumption. To un-

derstand the precise neural computations involved in the translation from nutrient sens-

ing to reward valuation, it is necessary to record single-neuron activities from these brain 

structures in behaving animals during controlled behavioural task performance. 

Based on the anatomical connections and human brain imaging evidence, the 

amygdala is a strong candidate for nutrient-based decision computation. Anatomically, 

the amygdala receives sensory inputs from taste receptors and oral mechanoreceptors and 

is highly connected with reward-related brain structures, such as the ventral striatum 

and ventral tegmental area (Baxter & Murray, 2002; Schultz, 2000). Functionally, amyg-

dala neurons are sensitive to the primary tastes of foods, temperature, and oral texture 

(Kadohisa, Verhagen, et al., 2005). Classical studies showed that amygdala neurons en-

code the positive and negative value of visual stimuli during stimulus-reinforcer associa-

tion learning (Paton et al., 2006). Combied with behavioural correlation of nutrient con-

tent and food preference, these features strongly indicate the amygdala as a critical 

 

Figure 5.1. Neural computational framework for nutrient-based food choice. A simplified neural 

network model that guided the systematic examination from sensory level, nutrient level, to value level of 

information coding in the amygdala. 
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structure in sensing and evaluating food rewards based on nutrient composition. Primate 

neurophysiology studies have also identified the amygdala as part of a reward system 

that encodes value and choice during reward learning and decision-making (Costa et al., 

2019; Grabenhorst et al., 2012, 2016a; Hernádi et al., 2015; Jezzini & Padoa-Schioppa, 

2020). Therefore, we hypothesise that the amygdala integrates sensory food properties 

into nutrient representations and derives reward values to guide nutrient-based food 

choices. Building on the behavioural findings in the preceding chapters, this chapter de-

scribes a single-neuron recording experiment in which we studied the responses of amyg-

dala neurons to visual conditioned stimuli predicting nutrient-defined rewards. 

To examine whether amygdala neurons represent the nutrient content and subjec-

tive value of rewards, we recorded single neurons from the amygdala when monkeys pas-

sively viewed distinct visual cues and received corresponding nutrient-defined rewards 

(Pavlovian conditioning). We recorded single-neuron activities in behaving rhesus ma-

caques (Macaca mulatta) because the structure and function of their neural reward and 

feeding systems, and their sophisticated feeding behaviours, approximate those of hu-

mans. Importantly, systematic manipulation of nutrient content and physical texture 

properties of rewards, including the viscosity and oral friction, allow us to identify possible 

neuronal substrates of nutrient-based decision-making, including sensory, nutrient and 

value representations in the primate amygdala (Figure 5.1). This chapter aims to char-

acterise the encoding of nutrients, sensory food components and their subjective values 

by individual amygdala neurons. Analyses of neuronal population encoding, such as rep-

resentational similarity analysis, can provide additional insights beyond single-neuron 

encoding; these approaches will not be considered here due to space constraints and will 

be explored in future publications. 
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5.2  Methods 

5.2.1  Animals 

We recorded amygdala neurons from two adult male rhesus monkeys: monkey Ya 

(weight: 14 to 15 kg, age: 6-7 years) and monkey Ym (weight: 12 to 13 kg, age 6-7 years). 

Both animals have been trained in choice tasks involving dairy-based liquid rewards be-

fore this experiment (see Chapter 3 and Chapter 4).  

All animal procedures and husbandry conditions conformed to the US National Insti-

tutes of Health Guidelines (National Research Council, 2011) and were approved by the 

Home Office of the United Kingdom. 

5.2.2  Neurophysiological recording 

We followed the experimental procedures in previous studies (Grabenhorst et al., 

2012) for the neurophysiological recordings of amygdala neurons in awake, behaving rhe-

sus monkeys. A head holder and recording chamber (Gray Matter Research©, USA) were 

fixed to the skull under general anaesthesia and aseptic conditions. We used bony land-

marks on the coronal and sagittal radiographs to localise the anatomical position of the 

amygdala referenced to the stereotaxically implanted chamber. Specifically, the antero-

posterior position of the amygdala was between the sphenoid bone (rostral) and the pos-

terior clinoid process at and above the dorsoventral position of the posterior clinoid (Ag-

gleton & Passingham, 1981). We recorded extracellular activities from single amygdala 

neurons during task performance, using standard electrophysiological techniques includ-

ing online visualisation and threshold discrimination of neuronal impulses. We recorded 

representative neuronal samples from the dorsal, lateral, and basal amygdala on the right 

hemisphere in both monkeys. 
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During the recording, a stainless-steel tube (0.56 mm outer diameter) guided a single 

tungsten microelectrode of 0.125 mm diameter and 1- to 1.5-MΩ impedance (FHC Inc., 

USA) through the dura and assured accurate targeting of subcortical structures. A hy-

draulic micromanipulator (MO-90; Narishige, Japan) advanced the microelectrode verti-

cally in the stereotaxic plane to isolate single-unit signals. Neuronal signals were first 

amplified and filtered by the Digital Headstage Processor and visualised in the PlexCon-

trol user interface provided by the Plexon OmniPlex® Recording Data Acquisition System 

(Plexon Inc., USA). Somatodendritic discharges from single amygdala neurons were dis-

tinguished from background noise in the online inspection of neuronal recordings. The 

behavioural data was recorded by a laboratory computer with customised MATLAB 

(Mathworks Inc.) code. We first recorded the original wideband signal at 40 kHz by a 

separate computer via the Plexon Omniplex® recording system. The neuronal signals were 

then sorted offline, using cluster-cutting and principal component analysis (Plexon offline 

sorter; Plexon Inc., USA). 

 

5.2.3  Behavioural Task 

Nutrient Pavlovian Task 

In the nutrient Pavlovian task (Figure 5.2a), the trial started when the monkeys 

held onto the touch-sensitive key, followed by the presentation of a central fixation point 

on a horizontal touch screen in front of the monkey. After the monkeys fixated at the 

central point for 500 ms, a visual cue and a magnitude bar were sequentially presented 

for 350 ms each, signalling the reward type and reward amount, respectively. The cue-

reward association were pre-trained and remained fixed throughout the experiment, and 

each reward was cued by two sets of visual stimuli to distinguish reward-predicting 
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neuronal responses from low-level visual responses (Figure 5.2c). The liquid rewards 

were then delivered to the monkeys via a multichannel spout from a computer-controlled 

peristaltic pump according to the signalled reward type and reward amount.  

 

Nutrient Choice Task 

In the nutrient choice task (Figure 5.9a), used for behavioural tests, after the fixa-

tion period, two of the visual cues were sequentially presented and then displayed side-

by-side for choice. The monkeys made touch choices between the two visual cues and a 

fixed amount of the chosen reward type was then delivered to the monkey via the spout. 

Although each reward type was cued by two visual cues, identical to the cue-reward asso-

ciations in the nutrient Pavlovian task (Figure 5.2c), both choice options in a given trial 

were drawn from the same CS set. The trial-specific CS set, reward types and the presen-

tation sequence were randomised throughout the experiment. 

5.2.4  Data analysis 

Single-neuron raster plot and peristimulus time histogram (PSTH) 

In the raster plots for single neurons (Figure 5.3), the neuronal spikes were marked 

as ticks aligned to the CS presentation (bottom panels). The neuronal spikes were parsed 

into test trials in each row and sorted according to the randomly assigned reward types 

Table 5.1. Definition of low-level visual features 

Visual features Definition 
RGB value The three primary colours (R: red, G: green, B: blue) that maximise differential re-

sponses of human retinal cone cells 

Luminance (L) The weighted average of RGB radiance components in typical human observers, meas-
ured in candela per square meter (cd/m2) 

𝐿 = 0.2989 × 𝑅 + 0.5870 × 𝐺 + 0.1140 × 𝐵 

Contrast (C) Standard deviation of pixel luminance values (Chikazoe et al., 2014) 

Source: Color Appearance Models, 2nd ed. (Fairchild, 2013, pp. 83–93) 
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(LFLS, HFLS, LFHS, HFHS). The peristimulus time histogram (PSTH) showed the 35-

bin running average of the spike rates (bin width 5 ms). 

 

Visual feature extraction 

To control visual responses in the amygdala neurons, we extracted low-level visual 

features of the reward-predicting fractal images (Table 5.1, Table 5.3) based on a previ-

ous study (Suzuki et al., 2017). The RGB values (0 to 255) were first obtained (imread 

function, Matlab) based on the International Telecommunication Union (ITU) standard 

(Recommendation ITU-R BT.601-7, 2011). The average luminance (L) across pixels was 

the weighted average of the RGB values based on human sensitivity to the three primary 

colours: green (0.5870) > red (0.2989) > blue (0.1140); the contrast (C) was the standard 

deviation of the luminance across pixels. As a caveat, we note that these values only ap-

proximated the actual luminance of the images and that the accuracy of these values were 

limited by the use of a touchscreen for stimulus display. 

Table 5.2. Definition of task epochs for neuronal analysis. 

Task epoch Definition 

0 Baseline 350 ms before the trial starts 

1 Fixation 350 ms after the appearance of the fixation spot  

2 CS 350 ms after the CS presentation 

3 Magnitude 350 ms after the magnitude bar presentation 

4 Pre-US 350 ms before US delivery 

5 US1 350 ms after US delivery 

6 US2 350 ms to 700 ms after US delivery 
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Table 5.3. Visual stimuli for each reward type and their visual feature values. 

 Fractal Red Green Blue Luminance Contrast 

CS
 S

et
 1

 

LFLS 

 
122.57 149.17 72.97 132.52 73.90 

HFLS 

 
194.98 143.78 40.20 147.26 49.68 

LFHS 

 
140.02 64.52 34.16 83.62 62.46 

HFHS 

 
127.81 96.83 106.56 107.19 58.19 

Water 

 
175.84 63.93 62.56 97.22 23.86 

Juice 

 
108.15 94.78 23.92 90.69 61.58 

Cream 

 
115.36 108.15 123.84 112.09 65.20 

CMC 

 
126.10 98.94 71.25 103.89 71.91 

CS
 S

et
 2

 

LFLS 

 
164.55 128.07 96.11 135.32 53.90 

HFLS 

 
153.49 113.92 48.53 118.28 47.14 

LFHS 

 
148.73 99.34 72.48 111.03 62.88 

HFHS 

 
128.82 93.44 111.03 106.01 42.29 

Water 

 
189.21 164.31 138.75 168.82 37.21 

Juice 

 
158.24 132.32 133.00 140.13 69.27 

Cream 

 
143.89 127.37 92.75 128.35 42.92 

CMC 

 
169.24 60.58 36.92 90.36 49.02 
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Neuronal analysis 

We characterised the neuronal responses based on multiple linear regression in fixed 

windows and sliding windows. In the fixed-window analysis, we computed the average 

firing rates of each neuron in six pre-defined task epochs (Figure 5.2b, Table 5.2), pre-

selected neurons that showed differential responses in at least one of the task epochs 𝑘 =

{Fixation, CS, Mag, pre-US, post-US1, post-US2} compared to the pre-trial baseline firing rates 

(Wilcoxon rank-sum test with Bonferroni correction, P < 0.05/6 = 0.00833), and regressed 

their epoch-average firing rates on the nutrient and sensory properties of the trial-specific 

reward types.   

 
Figure 5.2. Nutrient Pavlovian task. (a) Task structure. After the trial started (Start), a central fixation 

point appeared on the screen in front of the monkey (Fixation). After the monkeys fixated at the central point 

for 500 ms, one of the visual cues (CS) and a pre-trained magnitude bar (Mag) were sequentially presented 

for 350 ms each, followed by the delivery of cued liquid rewards (US). (b) Mean firing rates of recorded amyg-

dala neurons (N = 237). Fixation: 350 ms after fixation point appeared; CS: 350 ms after CS appeared; Mag: 

350 ms after the magnitude bar appeared; US: 400 ms (0.2 mL) or 1,000 ms (0.5 mL) after US delivery (Table 

5.3). Shade indicates S.E.M. (c) Visual cues. We used visually distinct fractals as visual cues, each associated 

with one of the eight reward types. Notably, each reward type was associated with two visual cues, both of 

which were randomly presented within each session. LFLS: low-fat low-sugar; HFLS: high-fat low-sugar; 

LFHS: low-fat high-sugar; HFHS: high-fat high-sugar; CMC: carboxymethyl cellulose.  
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Nutrient-coding neurons 

To identify nutrient-coding neurons, we first tested neuronal responses to the four 

factorial fat and sugar rewards: LFLS, HFLS, LFHS, HFHS. Specifically, we constructed 

a multiple linear regression model to explain the mean firing rates of the task-responsive 

neurons in each task epoch 𝑘 as below, 

 𝐹𝑅𝑘 = 𝛽0
𝑘 + 𝛽1

𝑘 ∙ 𝑆𝑢𝑔𝑎𝑟𝐿𝑣 + 𝛽2
𝑘 ∙ 𝐹𝑎𝑡𝐿𝑣 + 𝛽3

𝑘 ∙ 𝑆𝑢𝑔𝑎𝑟𝐿𝑣 × 𝐹𝑎𝑡𝐿𝑣 + 𝛽4
𝑘 ∙ 𝑅𝑀 + 

(𝛽5
𝑘 ∙ 𝑅 + 𝛽6

𝑘 ∙ 𝐺 + 𝛽7
𝑘 ∙ 𝐵 + 𝛽8

𝑘 ∙ 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡) + 𝜀𝑘,  𝜀𝑘~𝑁(0, 𝜎2) 

(5.1) 

, where 𝐹𝑅𝑘 denoted the mean firing rates in the epoch 𝑘, 𝑆𝑢𝑔𝑎𝑟𝐿𝑣 and 𝐹𝑎𝑡𝐿𝑣 were the 

binary dummy variables for fat and sugar levels in the factorial design (𝑆𝑢𝑔𝑎𝑟𝐿𝑣 = 1 for 

LFHS and HFHS, 𝑆𝑢𝑔𝑎𝑟𝐿𝑣 = 0 for LFLS and HFLS; 𝐹𝑎𝑡𝐿𝑣 = 1 for HFLS and HFHS, 

𝐹𝑎𝑡𝐿𝑣 = 0 for LFLS and LFHS), 𝑆𝑢𝑔𝑎𝑟𝐿𝑣 × 𝐹𝑎𝑡𝐿𝑣 was the interaction of fat and sugar 

level, and 𝑅𝑀 was the binary regressor for reward magnitude (𝑅𝑀 = 1, large reward; 

𝑅𝑀 = 0, small reward). The 𝑅, 𝐺, 𝐵, and 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 were the RGB values and the contrast 

values extracted from the visual stimuli (see Methods). 

 

Texture-coding neurons 

To identify texture-coding neurons, we regressed the neuronal responses to all eight 

reward stimuli as follows, 

 𝐹𝑅𝑘 = 𝛽0
𝑘 + 𝛽1

𝑘 ∙ 𝑆𝑢𝑔𝑎𝑟 + 𝛽2
𝑘 ∙ 𝐹𝑎𝑡 + 𝛽3

𝑘 ∙ 𝑆𝑢𝑔𝑎𝑟 × 𝐹𝑎𝑡 + 

𝛽4
𝑘 ∙ log(𝑉𝑖𝑠𝑐) + 𝛽5

𝑘 ∙ log(𝐶𝑆𝐹) + 𝛽6
𝑘 ∙ 𝐽𝑢𝑖𝑐𝑒 + 𝛽7

𝑘 ∙ 𝑂𝑠𝑚 + 𝛽8
𝑘 ∙ 𝑅𝑀 + 

                            (𝛽9
𝑘 × 𝑅 + 𝛽10

𝑘 × 𝐺 + 𝛽11
𝑘 × 𝐵 + 𝛽12

𝑘 × 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡) + 𝜀𝑘, 𝜀𝑘~𝑁(0, 𝜎2) 

(5.2) 

, where the 𝐹𝑅𝑘 denoted the mean firing rates in the epoch 𝑘, 𝑆𝑢𝑔𝑎𝑟 and 𝐹𝑎𝑡 represented 

the z-normalised sugar and fat concentration (g/100 mL) and 𝑆𝑢𝑔𝑎𝑟 × 𝐹𝑎𝑡 indicated their 

interaction; 𝑉𝑖𝑠𝑐 and 𝐶𝑆𝐹 were viscosity and the coefficient of sliding friction (CSF) of each 

liquid (see Chapter 2). These texture properties were log-transformed based on their lin-

ear correlation with oral perception in human subjects (Kadohisa, Rolls, et al., 2005). 



Methods 

 

5–11 

5 

Importantly, additional regressors were included to characterise the sensory features for 

the extended reward stimuli: 𝐽𝑢𝑖𝑐𝑒 indicated the presence of peach juice flavour (𝐽𝑢𝑖𝑐𝑒 = 0 

for water, otherwise 𝐽𝑢𝑖𝑐𝑒 = 1); 𝑂𝑠𝑚 was the osmolality of each liquid (mOsm/kg), reflect-

ing the free water content in the liquids (see Chapter 2). 𝑅𝑀, 𝑅, 𝐺, 𝐵, and 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 re-

gressors were identical as in nutrient-coding analysis to control basic visual responses.  

 

Value-coding neurons 

To identify value-coding neurons, we regressed the neuronal responses to all eight 

reward stimuli as below, 

 𝐹𝑅𝑘 = 𝛽0
𝑘 + 𝛽1

𝑘 × 𝑉𝑎𝑙𝑢𝑒 + 𝛽2
𝑘 × 𝑅𝑀 + 

(𝛽3
𝑘 × 𝑅 + 𝛽4

𝑘 × 𝐺 + 𝛽5
𝑘 × 𝐵 + 𝛽6

𝑘 × 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡) + 𝜀𝑘 

(5.3) 

, where 𝐹𝑅𝑘 denoted the mean firing rates in the epoch 𝑘. Importantly, 𝑉𝑎𝑙𝑢𝑒 is the z-nor-

malised log odds ratio (OR) derived from the average choice frequency (𝑝𝑖) of each reward 

type in the nutrient choice task (Figure 5.9a) as follows,  

 𝑉𝑎𝑙𝑢𝑒𝑖 = 𝑧[𝑙𝑜𝑔(𝑂𝑅)] = 𝑧 [log (
𝑝𝑖

1 − 𝑝𝑖
)] ,   𝑖 ∈ all reward types (5.4) 

Other regressors were the same as in the nutrient and texture analysis. 

We repeated the regression analyses for all recorded neurons (N = 237) in 200-ms 

running windows with step size 20 ms from 1 s before CS onset to 2 s after CS onset. We 

identified significant regressors in each time window (P < 0.05) and defined significant 

neurons if the maximal lengths of consecutive significant windows (run length) exceeded 

the top 5% cut-off of the run-length distributions from randomly shuffled spike trains 

(1,000 iterations per neuron). The coding latency of specific variables was indicated in 

heat maps, sorted by the first maximal significant run as just defined (nutrient analysis: 

Figure 5.6c-f; texture analysis: Figure 5.8d-g; value analysis: Figure 5.11c-d). 
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We recorded single amygdala neuron activities while the monkeys were performing 

a nutrient Pavlovian conditioning task involving liquid rewards with different nutrient 

content (Figure 5.2a, see Methods). Specifically, at the start of each trial, the central 

fixation spot appeared on a horizontal monitor in front of the monkey. After 500 ms of the 

fixation period, one fractal image and a magnitude bar were sequentially presented, sig-

nalling the reward type and the reward amount, respectively. The liquid reward was then 

delivered to the monkey 350ms after the visual presentation according to the cued reward 

information. Hence, this nutrient Pavlovian conditioning task trained the monkeys to as-

sociate the visual fractals with liquid rewards that differed in fat and sugar content.  

Importantly, because amygdala neurons are sensitive to the visual stimuli (Figure 

5.2b), we used two sets of visual cues for each reward type to examine nutrient-specific 

responses (Figure 5.2c). Low-level visual features of the fractals (Table 5.1) were 

 
Figure 5.3. Example nutrient-coding neurons. Raster plots and peristimulus time histograms (PSTH) of 

single amygdala neurons coding (a) sugar, (b) fat, and (c) fat-sugar interaction. Each row shows the spike 

trains of the neuron in a single trial; tick marks represent neuronal spikes. The raster plots were sorted based 

on the reward types: LFLS: low-fat low-sugar reward; HFLS: high-fat low-sugar reward; LFHS: low-fat high-

sugar reward; HFHS: high-fat high-sugar reward. Yellow box: 350 ms window after CS presentation. 
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included as regressors for neuronal activity in multiple linear regression models (Equa-

tion 5.1-5.3, see Methods). This way, we characterised sensory and nutrient responses in 

primate amygdala neurons beyond responses to simple visual features.  

5.3.1  Nutrient coding of primate amygdala neurons 

To identify nutrient-selective responses, we first focused on liquid rewards with 2 x 

2 factorial fat and sugar content. We found that amygdala neurons responded to the fat 

and sugar content of the predicted rewards during visual presentation. For instance, some 

amygdala neurons responded to the fat content (HFLS, HFHS) irrespective of sugar levels 

(fat-sensitive neuron, Figure 5.3a); whereas others responded to the high sugar content 

(LFHS, HFHS), but not fat level (sugar-sensitive neuron, Figure 5.3b). Importantly, in 

some sugar-sensitive neurons, sugar responses were potentiated by high-fat level (fat-

sugar integration neuron, Figure 5.3c), indicating a combined sensitivity to fat and sugar.  

To systematically test for nutrient-specific responses in the neuron population, we 

performed multiple linear regression analysis in each task epoch (Equation 5.1). In this 

fixed-window analysis, we tested whether amygdala neurons were sensitive to the fat and 

sugar content using 2 x 2 factorial reward stimuli. Among 187 task-responsive neurons 

(78.9 % in all 237 recorded neurons), we identified 34/187 (20.9 %) fat-sensitive neurons, 

28/187 (15.0 %) sugar-sensitive neurons and 31/187 (16.6 %) fat-sugar integration neurons 

(Figure 5.4a). Overall, 59/187 (31.6 %) neurons showed such nutrient-sensitive responses. 

Notably, neurons that responded to both high-fat and high-sugar levels separately also 

responded to the joint presence of fat and sugar (N = 10, Figure 5.4a, blue-green conjunc-

tion). However, many fat-sensitive neurons  responded to high-sugar levels only when fat 

was present (N = 11, Figure 5.4a green-red conjunction). Importantly, we included the 
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low-level visual features of the visual stimuli in the regression analysis to exclude basic 

visual responses in these neurons, in addition to using two distinct visual stimuli for each 

nutrient reward. Thus, these nutrient-sensitive responses were not purely explained by 

the visual features. Similar results were found when we repeated the analysis separately 

in each CS set (Figure 5.4b). Thus, we identified significant populations of nutrient-sen-

sitive neurons in the amygdala. 

Most nutrient-sensitive neurons showed nutrient-differential responses in both CS 

and magnitude epochs (Figure 5.4c). Importantly, the percentage of fat, sugar and fat-

sugar interaction neurons in the magnitude epochs were comparable to those in the CS 

epoch (6 to 8% of the task-responsive neurons). We compared single neuron responses 

between these two epochs and found that neurons that responded to fat, sugar, and fat-

sugar interaction in the CS epoch showed weaker but similar nutrient sensitivity in the 

magnitude epoch (Figure 5.5a-c). This result suggested nutrient-magnitude integration 

in single amygdala neurons, a critical prerequisite for decision computations that inte-

grated reward attributes into scalar reward values. 

  

 
Figure 5.4. Nutrient-coding neurons: fixed-window analysis. (a-b) Venn diagram showing numbers of 

nutrient-coding neurons in both CS sets (a) and in separate CS sets (b). Fat (green), sugar (blue), and fat-sugar 

interaction neurons (red) were defined as neurons whose firing rates could be significantly explained by 

nutrient regressors in any of the task epochs. (c) Percentage of nutrient-coding neurons among task-responsive 

neurons (N = 187) across task epochs. *** P < 0.001; n.s.: non-significant. 
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Next, we performed sliding-window regression analysis to examine the temporal dy-

namics of nutrient coding in this neuronal population (see Methods). Specifically, we iden-

tified significant nutrient responses in consecutive time windows (window size: 200 ms, 

step size 20 ms) that exceeded the criteria of significant window lengths in randomly shuf-

fled data (1,000 iterations per neuron). Among all recorded neurons (N = 237), we identi-

fied 36/237 (15.2%) fat-sensitive neurons, 37/237 (15.6%) sugar-sensitive neurons, and 

43/237 (18.1%) fat-sugar integration neurons (Figure 5.6a). Consistent with the observa-

tion in the fixed-window analysis, neurons that responded to fat and sugar separately also 

responded to the high-fat high-sugar reward (N = 11/237, green-blue conjunction), 

whereas many fat-sensitive neurons only responded to sugar in high-fat rewards (N = 

17/237, red-green conjunction). 

Importantly, most nutrient-coding neurons responded during visual presentation 

(Figure 5.6b). Specifically, about 80% of the sugar-sensitive neurons and the fat-sugar 

integration neurons responded before the visual cues disappeared; by contrast, only 60% 

of fat-sensitive neurons responded during these time windows while the remaining neu-

rons showed delayed activations during reward delivery. By comparison, the coding of 

reward magnitudes occurred mostly during the magnitude epoch (Mag).  

 
Figure 5.5. Nutrient responses to the cued indicating reward type and reward magnitude. (a-c) 

Scatter plots showing the regression coefficients of (a) fat, (b) sugar, and (c) fat-sugar interaction in the CS 

epoch and the magnitude epoch. Data shown are neurons with significant nutrient-coding regression coeffi-

cients in either the CS or the magnitude epoch (N = 41).  
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5.3.2  Texture coding of primate amygdala neurons 

To examine whether single-neuron nutrient responses originated from oral texture, 

we regressed neuronal responses on key oral texture parameters ── viscosity and coeffi-

cient of sliding friction (CSF). Specifically, we constructed multiple linear regression mod-

els to explain the firing rates by the texture parameters measured in biologically realistic 

conditions (see Chapter 2). We included viscosity and CSF into the regression models 

(Equation 5.2), in addition to the nutrient content and visual control. We performed 

 
Figure 5.6. Nutrient-coding neurons: sliding-window analysis. (a) Venn diagram showing numbers of 

neurons coding fat (green), sugar (blue), and fat-sugar interaction (red), identified if the significant nutrient-

coding windows exceeded the top 5% of the significant window lengths in shuffled data (1,000 iterations per 

neuron). (b) Temporal recruitment of nutrient-coding neurons. The cumulative number of nutrient-coding 

neurons (with respect to total neuron numbers in the legend) based on the response latencies aligned to task 

epochs. CS: conditioned visual stimuli; Mag: magnitude bar; US: reward delivery. (c-f) Statistical p-values in 

each time window, showing signifcant coding for fat (c), sugar (d), fat-sugar interaction (e), and reward 

magnitude (f) in sliding-window analysis (size: 200 ms, step size: 20 ms) aligned to task epochs. Data in each 

row represents a single neuron, sorted based on the response latency. For clarity, p-values > 0.05 were set to 

1. Red lines indicate percentage of significant coding neurons for each variable. 

 



Results 

 

5–17 

5 

fixed-widow analysis and sliding-window analysis to explain neuronal responses to all 

eight reward types, including the 2 x 2 factorial stimuli (Figure 5.2c).  These additional 

rewards provided sensory control for the factorial nutrient stimuli and introduced addi-

tional variations to the nutrient content and their texture properties. Specifically, includ-

ing flavoured, diluted juice controlled the common flavour of the reward stimuli. Further, 

the inclusion of water controlled the monkeys’ general motivation for liquid consumption. 

Additionally, the carboxymethyl cellulose (CMC), a widely used food thickener, increased 

the thickness of the LFHS liquid to mimic the texture of the high-fat rewards without 

altering its nutrient content. Finally, the flavoured cream served as an extreme high-fat 

low-sugar reward. Thus, the design of nutrient-defined rewards examined single-neuron 

responses and population coding of basic textural parameters in the amygdala.  

First, we identified neurons that encoded viscosity and oral friction of rewards in the 

fixed-window analysis. We regressed the mean firing rates of these neurons to the viscos-

ity and sliding friction of the liquids, in addition to their fat and sugar content (see Meth-

ods). Among the 213 (89.9% of 237 recorded neurons) task-responsive neurons, we identi-

fied 37/213 (17.4 %) viscosity-sensitive neurons, 33/213 (15.5 %) friction-sensitive neurons, 

33/213 (15.5 %) fat-sensitive neurons and 56/213 (26.3 %) sugar-sensitive neurons (Fig-

ure 5.7a). Importantly, in the sensory- and nutrient- coding neurons (N = 79/213, 37%), 

97% of fat-sensitive neurons (N = 32/33) were also sensitive to oral texture, whereas only 

32.1 % of the sugar-sensitive neurons (N = 18/56) showed texture responses (Figure 5.7b). 

Across task epochs, the sensory and nutrient responses peaked at the CS presentation 

and gradually decayed in the magnitude epoch (Figure 5.7c), but the sugar responses 

persisted until the reward delivery. Thus, these results supported that the primate 
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amygdala encoded fat information via oral texture sensing mechanisms, whereas sugar 

was sensed by non-texture sensory attributes.  

Similarly, we examined the conjunctive coding of texture and nutrient information 

in sliding-window analysis. We performed multiple linear regression in running windows 

and identified the temporal coding of nutrient and sensory variables in the neuronal pop-

ulation (see Methods). Of all recorded neurons (N = 237), we identified 27/237 (11.4 %) fat-

sensitive neurons, 56/237 (23.6 %) sugar-sensitive neurons, 29/237 (12.2 %) viscosity-sen-

sitive neurons, and 32/237 (13.5 %) friction-sensitive neurons (Figure 5.8a). Consistent 

with the fixed-window analysis, 88.9 % (N = 24/27) of the fat-sensitive neurons also en-

coded the oral texture, whereas only 26.8 % (N =15/56) of the sugar-sensitive neurons 

responded to the oral texture (Figure 5.8b). These results confirmed distinct conjunctive 

coding of fat and sugar with oral texture in the fixed-window analysis and supported tex-

ture-based nutrient coding in primate amygdala neurons.   

 
Figure 5.7. Nutrient- and texture-coding neurons: fixed-window analysis. (a) Venn diagram showing 

numbers of nutrient- and texture- coding neurons in task-responsive neurons (N = 213). Fat (green), sugar 

(blue), viscosity (orange) and friction (purple) were defined as neurons whose firing rates could be 

significantly explained by each regressor in any of the task epoch. (b) Conjunctive nutrient- and texture- 

coding neurons in all nutrient or sensory responsive neurons (N = 79). Texture neurons include viscosity- and 

friction- sensitive neurons (N = 40). (c) Percentage of nutrient- and sensory- coding neurons across task 

epochs in task-responsive neurons (N = 213). *: P<0.05; **: P<0.01; *** P<0.001; n.s.: non-significant. 
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Additionally, sugar-sensitive neurons had distinct temporal activation patterns com-

pared to other sensory and texture features (Figure 5.8c). Approximately 80% of fat-

sensitive neurons, viscosity-sensitive neurons, and friction-sensitive neurons responded 

explicitly during the CS presentation. By contrast, although about 70% of the sugar-sen-

sitive neurons responded during the CS presentation, an additional 20 % of the sugar-

sensitive neurons gradually responded during the magnitude epoch. This delayed re-

sponse to sugar was evident in the population heat maps sorted by response latency 

 

Figure 5.8. Nutrient- and texture- coding neurons: sliding-window analysis. (a) Venn diagram show-

ing neurons coding fat (green), sugar (blue), viscosity (orange) and sliding friction (purple), each was identified 

if the maximal length of significant coding windows exceeded the top 5% of significant window lengths in the 

shuffled data (1,000 iterations per neuron). (b) Venn diagram of nutrient- and texture- coding neurons, with 

viscosity-sensitive neurons and friction-sensitive neurons pooled into “texture-coding neurons” (N = 36/237, 

15.2%). The contingency table shows the numbers of conjunctive texture- and nutrient- coding neurons. (c) 

Temporal recruitment of nutrient-coding and texture-coding neurons. The cumulative number of nutrient- 

and texture-coding neurons based on the response latencies aligned to the task epochs. CS: conditioned visual 

stimuli; Mag: magnitude bar; US: reward delivery. (d-g) Statistical p-values for fat (d), sugar (e), viscosity (f), 

and friction (g) in sliding-window regression analysis (size: 200 ms, step size: 20 ms). Data in each row 

represents a single neuron, sorted based on response latency. For clarity, p-values > 0.05 were set to 1. Red 

lines indicate the percentage of significant coding neurons for each variable. 
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(Figure 5.8d-g). Thus, these results highlighted the conjunctive coding of fat and oral 

texture, as well as non-texture sugar responses in amygdala neurons. 

 

5.3.3  Reward value coding of primate amygdala neurons 

To test whether nutrient- and texture-sensing neurons contribute to downstream de-

cision computation and ultimately to food choices in the amygdala, we examined whether 

amygdala neurons encoded reward value signals based on reward sensory and nutrient 

properties. We derived reward preferences of the two monkeys in a nutrient choice task 

that involved repeated pairwise binary choices among the eight reward types (Figure 

5.2c). We transformed the mean choice probability of each reward into linear log odds 

 
Figure 5.9. Nutrient choice task and reward preference. (a) Task structure. Visual cues associated 

with two of the eight reward stimuli were first presented sequentially and then in left-right display for pair-

wise binary choice across all eight reward types (Figure 5.2c). After the touch choice, the chosen reward type 

was delivered to the monkey in a constant amount (~0.3 mL). Two sets of visual cues were randomly selected 

in each trial, but the two presented visual cues in the same trial were always from the same CS set. (b) 

Reward preference. Mean choice frequency of all reward types for monkey Ya and monkey Ym in each CS set. 

Error bar indicates S.E.M. (c) Reward preference between CS sets. The reward choice frequency in each CS 

set (N = 8) was transformed into log odds ratio, plotted against the results from the other CS set. Lines 

indicate the least-squared correlation of reward preferences for each monkey. 
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ratios to represent linear subjective reward values in each animal. These reward values 

were then included in the regression analysis to explain the neuronal firing rates (Equa-

tion 5.3).  In all task-responsive neurons (N = 213/237, 89.9%), we identified 52/213 (24.4 

%) neurons that encoded subjective values for reward types, and 41/213 (19.2 %) neurons 

responded to reward magnitudes (Figure 5.10a). Specifically, the value signals emerged 

after CS presentation and continued into the magnitude epoch. By contrast, the magni-

tude signals emerged only after magnitude bar presentation and lasted during the delay 

period until reward delivery (Figure 5.10b). Thus, amygdala neurons encoded reward 

values based on sensory and nutrient reward properties in addition to reward magnitudes. 

Using sliding-window analysis (Figure 5.11a), we identified 43/237 (18.1%) value-

coding neurons and 36/237 (15.2%) magnitude-coding neurons in all recorded neurons (N 

= 237). Importantly, as a sanity check, neurons that coded subjective reward values and 

reward magnitudes responded to the visual cues and magnitude bars, respectively. The 

temporal separation of  intrinsic value signals and extrinsic magnitude signals are 

 

Figure 5.10. Value-coding neurons: fixed-window analysis. (a) Venn diagram of value-coding neurons 

(52/213, 24.4%) and magnitude-coding neurons (41/213, 19.2%) in all task-responsive neurons (N = 213). 

Value-coding neurons (brown) and magnitude-coding neurons (grey) were defined as neurons whose firing 

rates could be significantly explained by value or magnitude regressors in any of the task epochs. (b) 

Percentage of value-coding neurons and magnitude-coding neurons across task epochs in task-responsive 

neurons (N = 213). *: P<0.05; **: P<0.01; *** P<0.001; n.s.: non-significant. 
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exemplified by the coding latency of reward value and reward magnitude in the neuron 

population. Consistent with the fixed-window analysis, amygdala neurons encoded value 

information mainly in the CS epoch (Figure 5.11c). By contrast, the magnitude responses 

emerged after the magnitude epoch and lasted until reward delivery (Figure 5.11d). Thus, 

the temporal coding of reward value and magnitude supported the notion that amygdala 

neurons integrated sensory and nutrient information into value signals to implement nu-

trient-based decision computations. 

In summary, we examined the neuronal responses of the primate amygdala neurons 

to reward variables across three computational levels, from initial sensory properties, nu-

trient components and ultimately to reward values. Our results support the notion that 

the primate amygdala plays a critical role in evaluating nutrient composition of foods from 

multimodal sensory inputs and derives integrated reward values to guide nutrient-based 

food choices.  

  

 

Figure 5.11. Value-coding neurons: sliding-window analysis. (a) Venn diagram showing numbers of 

value-coding neurons (brown) and magnitude-coding neurons (grey), each was identified if the significant 

nutrient-coding windows exceeded the top 5% of the significant window lengths in shuffled data (1,000 

iterations per neuron). (b) Temporal separation of value-coding signals and magnitude-coding signals. The 

cumulative number of value-coding neurons and magnitude-coding neurons based on their coding latencies. 

CS: conditioned visual stimuli; Mag: magnitude bar; US: reward delivery. (c-d) Statistical p-values for value 

(c) and magnitude (d) regression coefficients in the sliding-window regression analysis (size: 200 ms, step size: 

20 ms) aligned to task epochs. Each row represents a single neuron, sorted based on the coding latency. For 

clarity, p-values > 0.05 were set to 1. Red lines indicate the percentage of significant coding neurons. 
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5.4  Discussion 

In this experiment, we identified primate amygdala neurons that encoded critical 

variables for nutrient-based decision-making, including oral texture, nutrient content, 

and subjective value of food rewards, derived from conditioned visual stimuli. Importantly, 

the conjunctive coding of oral fat and oral texture from visual cues in the amygdala pro-

vided neuronal evidence of oral texture mechanisms of nutrient sensing and food evalua-

tion. Such fat-texture conjunctive coding is prerequisite for neural mechanisms of oral 

texture sensing of fat constituents in foods (Kokini, 1987; Rolls, 2016). The non-texture 

sugar-coding neurons were consistent with previously reported neuronal responses to 

sugar and sweet taste in the amygdala (Agustín-Pavón et al., 2011; Kadohisa, Rolls, et al., 

2005; Kaskan et al., 2019), although these previous studies examined amygdala responses 

to oral stimuli, rather than visual stimuli as in our experiments. Additionally, amygdala 

neurons encoded the integrated reward value, defined by the animal’s probability of choos-

ing a particular reward, from intrinsic sensory food properties produced by the nutrient 

constituents. These functional neuron types — fat- and texture-coding neurons, sugar-

coding neurons, and value-coding neurons — suggested neural processing of nutrients as 

important biological sources of reward values that are intrinsic (i.e., object-defining) to 

food reward objects (Huang et al., 2021). The neuronal response to intrinsic reward prop-

erties contrasts with previously demonstrated processing of other reward attributes, such 

as reward magnitude, probability, effort, cost, and delay (Chen & Stuphorn, 2018; Ho-

sokawa et al., 2013; Lee et al., 2012; Schultz, 2015); all of these variables are crucial pa-

rameters that guide decision-making but unlike nutrients, they are not intrinsic, consti-

tutive features of particular reward objects.  

Notably, these sensory, nutrient, and value signals emerged mostly when the mon-

keys were viewing the visual cues, but less to the actual reward delivery. Therefore, the 
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animals associated the sensory features with reward-predicting visual cues for food eval-

uation even when receiving passive reward delivery. The spatial and temporal overlap-

ping of the texture, nutrient, and value signals strongly suggested local nutrient-based 

sensory integration and reward valuation within the primate amygdala. By contrast, neu-

rons that responded to sugar content tended to last until the actual reward delivery even 

after the visual cues had disappeared. Thus, by characterising neuronal representation of 

nutrient information, upstream sensory inputs, and downstream value signals, we con-

trasted the distinct neuronal processing of fat and sugar and established a possible neu-

ronal basis for nutrient-based decision-making in the primate amygdala. In ongoing ex-

periments, we are directly testing how such amygdala nutrient signals are processed 

when monkeys make reward-based choices between different food rewards. 

In addition to individual fat and sugar responses, the presence of fat-sugar integra-

tion neurons in the amygdala suggested a possible supra-additive contribution of fat and 

sugar to reward value, supported by the extreme palatability and obesogenic tendency of 

high-fat high-sugar foods (Drewnowski & Greenwood, 1983; Proserpi et al., 1997). Similar 

synergistic neural responses have been reported in the activation of the pregenual cingu-

late cortex by the combination of fat and pleasant flavour (Grabenhorst et al., 2010), the 

umami taste and a vegetable odour (McCabe & Rolls, 2007), as well as the combined ex-

posure to the sight and taste of chocolate in chocolate cravers (Rolls & McCabe, 2007). 

Thus, supra-additive coding of fat and sugar combination seems to comply with general 

principles of multisensory integration in single neurons (Hagan et al., 2009; Stein & Mer-

edith, 1993). 

Contrary to previous studies that proposed mutually exclusive viscosity and friction 

neurons in the amygdala (Rolls et al., 2018), our results showed that fat-sensitive neurons 

in the amygdala responded both to viscosity and oral friction. Notably, different 



Discussion 

 

5–25 

5 

experimental techniques and analysis approaches could explain these conflicting results. 

First, to approximate realistic oral texture perception, we performed the rheology meas-

urement at the shear rate of 50 s-1 (Wood, 1968) rather than the shear rate of 12 s-1 in the 

previous study (Shama & Sherman, 1973). Additionally, the previous study used an MTM 

“mini traction machine” for tribology measurement. Unlike our approach of using fresh 

pig tongues as biological shearing surfaces, the stainless steel and silicone disk in MTM 

machine cannot reflect the complex oral surface interaction with foods. Second, they re-

ported very few texture-coding neurons based on simple linear correlation, rather than 

multiple regression analysis, which is necessary to dissociate the influence of multiple 

decision variables on amygdala neuronal responses (Putnam & Gothard, 2019), such as 

viscosity and sliding friction. Therefore, the real proportion of texture-coding neurons 

might be under-reported by simple linear correlation. Consequently, of all 45 recorded 

amygdala neurons in the previous study (Kadohisa, Verhagen, et al., 2005), only 8 positive 

friction neurons, 2 negative friction neurons, 3 viscosity neurons, and 1 non-linear fric-

tion-coding neuron were reported. As a caveat to our investigation, it should be noted that 

the intrinsic correlation between viscosity and sliding friction is difficult to dissociate in 

reward preparation. Future studies could therefore benefit from novel food texture modi-

fiers, such as pullulan (Xu et al., 2017) and inulin (Meyer et al., 2011), which can poten-

tially alter sliding friction without affecting viscosity, to examined neuronal responses to 

viscosity and sliding friction independently. 

Notably, unlike in the behavioural analysis in Chapter 3, influences of fat content 

on the neuronal firing rates were not completely accounted for by oral texture, suggesting 

other non-texture sensing of fat contribute to amygdala neuronal responses. Indeed, while 

fat content is primarily sensed by oral texture, fatty acid receptors and fat-distinct taste 

receptors have also been reported in rodents, although their existence in primates is still 
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debated (Chalé-Rush et al., 2007; Khan & Besnard, 2009; Mattes, 2009). Nevertheless, we 

note that previous investigations did not find strong evidence that amygdala neurons 

would respond to fatty acid taste (Kadohisa, Rolls, et al., 2005). Therefore, the non-texture 

sensing of fat and its contribution to food evaluation requires further studies to clarify. 

In addition to the amygdala (Kadohisa, Rolls, et al., 2005) several other brain struc-

tures also respond to the somatosensory and gustatory information of foods. For instance, 

oral somatosensory stimulation activates the insular taste cortex (Kadohisa, Rolls, et al., 

2005; Miyaoka & Pritchard, 1996), the thalamus (Pritchard et al., 1989), and the orbito-

frontal cortex (Verhagen et al., 2003) in monkeys. In particular, orbitofrontal neurons 

have been reported to respond to fat texture independent of its viscosity (Rolls et al., 1999; 

Verhagen et al., 2003). Although our results suggested that the amygdala neurons were 

sufficient for the sensory integration and reward valuation, other brain structures, e.g. 

the hypothalamus, the orbitofrontal cortex, and pregenual cingulate cortex, might also 

participate in these processes. Future studies could record single-neuron activities from 

these brain structures to delineate their contributions to map out the entire neural cir-

cuits for food decision computations. 

Finally, our results have implications for understanding the functions of the primate 

amygdala. The amygdala is classically considered as a brain structure that supports the 

identification of reinforcing stimuli, based on lesion evidence (Weiskrantz, 1956). Ana-

tomically, the primate amygdala can be conceptualised as an interface between hypotha-

lamic and brainstem autonomic nuclei, as well as limbic and neocortical structures, based 

on its connections. Physiological evidence has established the amygdala as a critical sys-

tem for associating initially neutral sensory stimuli with reinforcers, which is exemplified 

by the commonly known ‘textbook function’ of the amygdala in fear conditioning (Rogan 

et al., 1997). Converging evidence has also suggested that the amygdala is involved in 
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reward processing and decision-making (Chang et al., 2015; Costa et al., 2019; Gra-

benhorst et al., 2012, 2016b; Hernádi et al., 2015; Jezzini & Padoa-Schioppa, 2020; Rude-

beck et al., 2013, 2017). Our results advance these concepts by demonstrating the value-

coding in the amygdala that governs learning and decision-making could be constructed 

by the sensory inputs from nutrients. Thus, the findings that the amygdala is involved in 

the neural control of food intake and nutrient homeostasis identifies metabolic vulnera-

bilities and motivational symptoms in human conditions involving amygdala dysfunction.   
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In this thesis, we developed a primate neurophysiology model of food choice to 

investigate neural computation of nutrient-based decision-making. We first designed 

dairy-based liquid rewards with defined nutrient compositions for controlled choice 

tasks and single-neuron recordings in behaving monkeys. Next, we used engineering 

techniques from rheology and tribology and devised custom-made equipment to measure 

physical, texture-related properties of these nutrient-controlled liquids in oral-like 

conditions. In economic decision and reinforcement learning tasks using these rewards, 

we found that subjective values for nutrients explained the monkeys’ trial-by-trial 

choices across task contexts. Importantly, these nutrient values were guided by the 

sensory properties of rewards, in particular viscosity and sliding friction. These results 

highlighted the influences of sensory perceptions on nutrient consumptions (Shepherd, 

1988).  

In a dynamic reinforcement-learning environment, independent updating of 

nutrient values explained the monkeys’ adaptive choices for nutrient-defined food 

rewards. We demonstrated in simulations that nutrient values were critical 

intermediate variables for neural control of nutrient consumption based on internal 

nutritional status. These results supported the computational utility of nutrient value 
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representations in food choice. The nutritional ecology framework further revealed the 

influences of nutrient interactions on feeding strategies and linked our monkeys’ food 

choices to ecological contexts and potential long-term survival benefits. Taken together, 

our approach defined a theoretical framework and experimental paradigm for 

investigating choice-by-choice feeding behaviour for defined nutrient rewards in 

nonhuman primates.  

Finally, we recorded single-neuron activities from the amygdala when the monkeys 

were engaged in a Pavlovian task in which visual conditioned stimuli predicted the 

delivery of liquid foods with defined nutrient and sensory properties. We found that 

single amygdala neurons encoded the sensory and nutrient properties of nutrients, the 

subjective reward values and externally cued reward magnitudes. The coexistence of 

these neuron types in the primate amygdala elucidates the neural substrates for 

nutrient-based reward processing and potential decision computations in local primate 

amygdala circuits.  

In this chapter, we discuss these findings in a broader context, by considering 

implications of our results for choice theories, understanding of primate amygdala 

functions, and potential translational implications for human eating disorders and 

obesity. 

 

6.1  Nutritional approach for cognitive functions 

The cognitive ability to process reward information is deeply rooted in evolution. In 

the first-ever textbook of psychology, The Principles of Psychology, Herbert Spencer 

(1820-1903) specified that “reward-based learning arose as an evolutionary adaptation” 

(Spencer, 1870). Burrhus Skinner (1904-1990) later added that “Reflexes and other in-

nate patterns of behaviour evolve because they increase the chances of survival of the spe-



Nutritional approach for cognitive functions 

 

6–3 

6 

cies. Operants [trial-and-error behaviours] grow strong because they are followed by im-

portant consequences in the life of the individual” (Skinner, 1953). Undoubtedly, animals 

who fail to pursue rewards and avoid punishments to defend their survival would be 

eliminated by natural selection. Similarly, failure to regulate nutrient consumption im-

poses selection pressure on the evolutionary adaption of the nervous system. Therefore, 

the architecture and function of the nervous system should evolve to process nutrient 

information in food rewards. In a broader sense, our approach of dissecting reward sig-

nals into nutrient components may also be applied to other brain structures to examine 

nutritional influences of cognitive functions.  

Importantly, memory of recent meal episodes regulates food consumption (Higgs, 

2002). For instance, in patient H.M., who had deficits to encode episodic memory after 

bilateral temporal lobectomy, failing to recall recent meal episodes enhanced the moti-

vation for food intake and impaired subjective report of satiety (Hebben et al., 1985). 

Similarly, amnesiac patients with hippocampal damage (Higgs et al., 2008; Rozin et al., 

1998) forget meal experiences within minutes and request additional food only 10 to 30 

minutes after the previous meal (Rozin et al., 1998). However, these reports focused on 

general dysregulated appetite but did not evaluate changes in specific nutrient con-

sumption in these patients. Recent neurophysiological studies found that hippocampal 

short-wave ripples, a neural signature for memory consolidation, respond to the fluctu-

ating blood glucose levels in rodents (Tingley et al., 2021). The hippocampal sensitivity 

to glucose highlights the interaction between nutrient consumption and memory func-

tion. Thus, future studies could benefit from our nutrient choice paradigm to dilineate 

mutual influences of nutrient consumption and memory in primate hippocampus and 

related brain structures. 
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6.2  Contributions to decision theories 

The encoding and adaptation of nutrient value components in our results challenge 

the classical philosophical arguments of commensurable utility (Schwartz, 1986). The ex-

treme notion of commensurable utility argues that all forms of pleasure are interchange-

able and, therefore, can be compared as common currency values (Bentham, 1789). This 

notion has dominated multiple behavioural theories, including the ecology foraging theo-

ry (Pyke et al., 1977), the economic choice theory (von Neumann & Morgenstern, 1944) 

and reinforcement learning (Sutton & Barto, 1998) (Figure 6.1) 

In economic theories, the utility function transforms all object combinations into sca-

lar utility values. Therefore, economic theory treats decision-making as a univariate util-

ity maximisation problem given the utility function (von Neumann & Morgenstern, 1944). 

Similarly, the reinforcement learning algorithm updates object values or action values 

from the scalar reward outcomes (Sutton & Barto, 1998). Reinforcement learners refine 

their value estimates through trial-and-error and respond to maximise the aggregated 

reward values. Conventional ecology foraging theory, e.g. Optimal Foraging Theory 

(OFT), posits that animals maximise their energy intake by weighing the gains and loss-

es from each foraging choice (Pyke et al., 1977; Schoener, 1971). All the above theories 

share the central assumption of reward maximisation without discussing the origin of 

reward values or implications of multiple, non-interchangeable sources of reward value. 

The emerging field of nutritional ecology has provided evidence that animals forage 

based on requirements for different, specific nutrients, instead of pure energy maximisa-

tion (Raubenheimer et al., 2009). In the most extreme case, energy-maximisation allows 

animals to exclusively consume calorie-dense oil as the most efficient energy source with-

out other food consumption. This feeding strategy does not ensure nutritional homeosta-

sis and is detrimental to health. Decomposing the economic utility of food rewards into 
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nutrient values extends the scope of existing economic theories. Classical economic choice 

theories do not discuss the origin of utility functions, therefore, cannot explain the idio-

syncrasies of subjective preferences (Stigler & Becker, 1977). Although experimental 

economists started to derive empirical utility functions from observed choices (Houthak-

ker, 1950; Samuelson, 1938), ignoring the construction of utility functions limits its capa-

bility to predict choice behaviour in untested options. Identifying the components of utili-

ty, e.g., how specific nutrients affect utility functions, would allow for transferring estab-

lished utility functions to untested bundle combinations via common ingredients (Figure 

3.25). Thus, decomposing utility into multiple sources of subjective value not only eluci-

dates why rewards are rewarding but also explains individual differences in reward pref-

erence to improve predictions. Importantly, unlike external attributes that influence re-

ward values, such as probability, delay and effort, nutrients are intrinsic reward constit-

uents that support fundamental physiological functioning and neural computations in 

biological systems. Therefore, the concept of nutrient provides unique insights into the 

construction and adaptation of reward values in the nervous system.  

Similarly, conventional RL models typically designed reward functions based on ex-

trinsic feedback from the reward environment (Figure 6.2a). For instance, in the two-

armed bandit task where the animal receives binary reward outcomes (rewarded or non-

rewarded), the reward function is often conveniently assigned as value 1 for the rewarded 

 

Figure 6.1. Unidimensional and multidimensional concepts of value in behavioural theories. 
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trials and value 0 for the non-rewarded trials (Sutton & Barto, 1998). However, this ex-

ternally generated reward is “a seriously misleading view of RL” when relating to animal 

reward system, as explicitly pointed out by Sutton, Barto and colleagues (Barto et al., 

2004; Sutton & Barto, 1998). Instead, animal reward system operates based on intrinsic 

reward generated by an internal critic system (Figure 6.2b). In this framework, external 

environment is sensed and evaluated by the animal, but reward is generated based on 

sensations and internal states in the internal environment. This “all reward is internal” 

concept (Singh et al., 2009) is represented in a recently introduced homeostatic RL 

framework, which transforms positive utility values into negative drive reduction 

(Keramati & Gutkin, 2014), similar to the Drive Reduction Hypothesis proposed by Clark 

Hull (1884-1952) (Hull, 1943). Although this drive-reduction RL framework has repro-

duced features of animal feeding and drinking behaviour (Singh et al., 2009), it does not 

explain the source of drive-reducing properties of food and water, therefore still cannot 

explain how intrinsic reward is generated.  

By contrast, our findings identify nutrients as key constituents that are sensed and 

evaluated by the nervous system to derive reward values (Figure 6.2c). Introducing the 

concept of nutrient into the RL framework not only identifies biologically critical compo-

nents of reward value but also reveals sensory mechanisms to evaluate reward, such as 

oral fat-texture sensing, discussed throughout this thesis. Additionally, the concept of nu-

tritional homeostasis shapes the intrinsic reward function based on metabolic and neural 

control of nutrient consumption. Taken together, our nutrient-based construction of re-

ward value generates intriguing hypotheses on how nutrient content and nutritional 

states could influence reinforcement learning, which can be conceptualised in the nutri-

ent-based RL framework and tested in the experimental paradigm we proposed for pri-

mate neurophysiology experiments.  
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Because reward function critically determines the learning outcomes, machine 

learning systems endowed with physiology-based reward functions could automatically 

evaluate rewards by natural interactions with the environment without arbitrary reward 

functions. These “self-supervised learning systems” hold promise to approximate human-

like behaviours and approach artificial general intelligence (AGI) in the real world. 

 

6.3  Putting nutrients into primate amygdala 

Identifying nutrient-sensitive, visually driven neurons in the primate amygdala 

concurs with and extends previous understandings of amygdala anatomical connections 

and functions. Specifically, the amygdala receives inputs from multiple modalities of 

sensory cortices, which allow the animals to integrate multisensory properties of food 

options (Morrow et al., 2019; Price et al., 1987). In particular, primate amygdala neu-

rons are sensitive to oral somatosensory stimulation, as well as visual and olfactory in-

 
Figure 6.2. Origins of reward in reinforcement learning (RL) frameworks.  (a) In conventional 

actor-critic RL framework, reward function is specified by the “critic system” in the external environment. 

(b) In animal-inspired RL framework, reward is offered by the external environment but evaluated by in-

trinsic critic system (e.g. homeostasis). (c) Nutrient-based reinforcement learning framework identifies 

nutrients as key constituients that guide sensing and evaluation of intrinsic reward. Adapted from Barto et 

al., (2004) 
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puts (Kadohisa, Rolls, et al., 2005). This multisensory integration of object properties in 

the amygdala associates sensory properties with object identities and may support 

sparse stimulus-specific representation in the OFC to implement object-based decision 

computations (Padoa-Schioppa, 2011). Importantly, because oral fat is primarily sensed 

by oral texture (Dresselhuis et al., 2008; Drewnowski, 1987; Schiffman et al., 1998; 

Sonne et al., 2014), the fact that the OFC encodes more taste information, and the 

amygdala encode more oral somatosensory stimuli (Kadohisa, Rolls, et al., 2005) empha-

sises the importance of the amygdala in evaluating oral fat and contributing to excessive 

fat consumption and obesity. 

The conjunctive coding of fat and sugar in the amygdala may contribute to the su-

pralinear palatability of fat and sugar in obesogenic foods (DiFeliceantonio et al., 2018). 

Specifically, mutual potentiation of the fat- and sugar- coding signals in amygdala neu-

rons may be one of the potential mechanisms for the synergistic palatability of fat and 

sugar. In our results, of the 36 fat-sensitive neurons, the responses of 28/36 (78%) neu-

rons were further potentiated by sugar. This is supported by our finding that of the 37 

sugar-sensitive neurons, the responses 14/37 (38%) were potentiated by fat (Figure 

5.6a). Another potential mechanism is that additional fat-sugar conjunctive coding neu-

rons are recruited by the joint presence of fat and sugar (Figure 5.6a, 12 of 237 record-

ed neurons). These fat-sugar integration neurons only respond to the joint presence of 

fat and sugar but not to fat or sugar alone. Thus, mutual potentiation of nutrient-

sensitive responses and the conjunctive fat and sugar sensitivity provide neuronal evi-

dence for the supralinear coding of fat and sugar, although only negative fat-sugar in-

teraction on behavioural choices is significant in one of the three monkeys (Table 3.4). 

Because we used the LFLS liquid as the reference to examine the effects of additional 

fat and sugar content on choices, the baseline fat and sugar mixture may reduce the 
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power of detecting the effects of additional nutrients. Future studies could further re-

duce the fat and sugar level of reference liquid to better contrast the influence of fat, 

sugar and their interactions on choices. 

In the primate amygdala as well as the insular taste cortex and the orbitofrontal 

cortex, neurons that respond to oral fat also respond to nonfat oils but are less sensitive 

to the viscosity solution series, suggesting an oral fat sensing mechanism independent of 

viscosity (Kadohisa, Verhagen, et al., 2005; E. T. Rolls et al., 1999; E. T. Rolls, 2003; 

Verhagen et al., 2003; Verhagen, 2004). In our results, neurons sensitive to viscosity or 

oral friction (texture-coding neurons) together account for most of the fat-sensitive neu-

rons (31/33, 94%) but much fewer sugar-sensitive neurons encode texture information 

(14/56, 25%) (Figure 5.7). This result is consistent with the notion that oral fat is de-

tected by oral texture, while sugar relies more on non-texture sensory channels, such as 

the sweet taste. However, we identified comparable numbers of viscosity-sensitive neu-

rons (37/213, 17.4%) and friction-sensitive neurons (33/213, 15.5%) in the amygdala. 

Thus, our results cannot rule out viscosity-coding of oral fat in the amygdala. From the 

perspective of fluid mechanics, viscosity is the internal friction between liquid molecules 

and oral friction is the external friction with biological surfaces. Depending on the lubri-

cation regime, oral friction may or may not be dominated by the bulk rheology property 

of liquids. Therefore, future studies could incorporate real-time oral friction measure-

ment (de Wijk et al., 2006) or novel texture modifiers (Guggisberg et al., 2009; Meyer et 

al., 2011; Xu et al., 2017) to dissociate the inherent correlation of viscosity and oral fric-

tion.  

Because the primate amygdala is also involved in social decision-making, this anat-

omy-based approach also points out future investigations into shared mechanisms of so-

cial decisions and food choice in the primate amygdala (Krajbich et al., 2015). Thus, nu-
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trient and food reward processing provide a holistic theory for the evolution of the pri-

mate amygdala.  

 

6.4  Internal nutritional states 

As we have shown in our simulations, internal states may regulate nutrient value 

representations to guide adaptive food consumption (Chapter 4). The devaluation (sa-

tiety) effect, the decreased motivation for specific rewards after overfeeding, has shed 

light on the distinct contributions of the primate amygdala and orbitofrontal cortex in 

integrating the internal states into learning and decision-making (Izquierdo & Murray, 

2007; Rhodes & Murray, 2013; Rudebeck & Murray, 2008). Although the amygdala is 

sensitive to the internal states, amygdala lesions do not disrupt adaptive reward choices 

contingent on hunger and thirst level (Rhodes et al., 2012). By contrast, current molecu-

lar evidence in rodents mainly focuses on the hypothalamus for detecting the internal 

nutritional states. Therefore, future neurophysiological recordings from other brain 

structures, such as the orbitofrontal cortex, the hypothalamus or the insular cortex, 

might reveal the internal state representations and their contributions to food choice. 

Importantly, such neurophysiology experiments require effective monitoring and ma-

nipulation of the internal states during nutrient decision-making. 

 

Circulating nutrient molecules 

Various metabolic markers have been proposed as indicators for internal nutrition-

al states. In the glucostatic theory, blood glucose is the main signal for nutritional status. 

Therefore, feeding behaviour is regulated by the circulating blood glucose, which is why 

hypoglycaemia often elicits hunger to maintain glucose homeostasis. By contrast, in the 

lipostatic theory, the circulating free fatty acids (FFA) are the major indicators for inter-
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nal nutritional status. This is partly supported by the satiating effects of high-fat foods, 

possibly signalled by the digested fatty acids in the bloodstream. However, because nu-

trient storage can be released and transformed to compensate for nutrient deficits, the 

overall nutrient storage is more relevant for refelecting nutritional states than circulat-

ing nutrient molecules. 

 

Peripheral hormones 

Therefore, adipostatic theory emphasised the importance of peripheral hormones on 

the control of eating behaviour. In particular, leptin is a small peptide secreted by the 

adipose tissue to reflect the overall adiposity and regulate feeding behaviour. These 

hormonal signals are involved in neural signalling in the reward system (Murray et al., 

2014). In particular, the hypothalamus is one of the critical brain structures that receive 

peripheral leptin signals (Lagerlöf et al., 2016) and encode nutrient values (Domingos et 

al., 2013). In parallel, the amygdala also receives inputs from the peripheral adiposity 

signal via the leptin-melanocortin signalling pathway. The finding that melanocortin 

activity in the amygdala controls appetite for dietary fat (Boghossian et al., 2010) sup-

ports our results of fat-sensitive neurons in the amygdala and suggests the primate 

amygdala as the interface for neural and metabolic control of food intake. Future studies 

could combine manipulations of internal states or these peripheral nutritional signals to 

examine how the brain integrates the internal states into reward processing to guide 

feeding behaviour. 
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6.5  Reward value systems beyond nutrients 

Undoubtedly, there are many reward components other than nutrients that are es-

sential for animal survival, e.g. water, sodium and temperature (Augustine et al., 2020). 

From the perspective of neural computation, homeostatic regulation of these essential 

reward components suggests multiple parallel valuation systems to control state-

dependent reward behaviour (Berthoud, 2002; de Araujo, 2011). For instance, neurons 

in the lamina terminalis (LT) sense the blood osmolality and regulate water intake in 

rodents. Optogenetic activation of “thirst neurons” in the neighbouring subfornical organ 

(SFO) rapidly initiates drinking behaviour within seconds (Oka et al., 2015; Zimmerman 

et al., 2016). Because primate neurophysiology experiments often use liquid rewards to 

motivate task performance, the level of thirst and the osmolality of the liquids should be 

controlled carefully (see Chapter 2) when examining the behavioural and neuronal in-

fluences of nutrient constituents (Yamada et al., 2013).  

Notably, food temperature also greatly influences palatability, such as the attrac-

tiveness of cold drinks on a scorching summer day. This thermoregulation is mainly 

governed by the warm-sensitive neurons (WSNs) in the preoptic nucleus of the hypothal-

amus. Optogenetic activation of these warm-sensitive neurons reduce the body tempera-

ture and drive cold-seeking behaviour (Tan et al., 2016). To avoid the confound of tem-

perature in our experiments, we stored the liquids in the fridge (4 ºC) overnight and 

monitored changes of temperature during the experiments. Future studies could further 

refine the system by using an electronic thermal control system to flexibly adjust and 

ensure more stable liquid temperatures. Alternatively, reward temperatures can be in-

troduced as a variable of interest in the design of future neurophysiological experiments. 

Similarly, sodium content also drives reward-seeking behaviour in most terrestrial 

animals for osmotic homeostasis. Therefore, in our liquid reward preparation, we explic-
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itly controlled the salt content in the dairy-based liquids, despite its negligible amounts. 

Importantly, sodium appetite also seems to promote overconsumption of fat in humans 

(Bolhuis et al., 2016). Future studies could also focus on the synergetic interactions of 

these additional physiology-based reward value components to investigate precipitating 

factors for overeating and obesity in humans.  

 

6.6  Insight for human obesity and overeating 

Obesity has become a major public health issue that contributes to overall mortality 

and morbidity in global healthcare systems over the past decades (Abdelaal et al., 2017). 

In the United States, more than 33% of adults and 16% of children are obese and the 

number is still rising dramatically despite various public health interventions (Johnson, 

Clifford L. et al., 2013). In particular, overconsumption of high-calorie foods is the major 

contributing factor to obesity, including in early childhood and for middle-aged adults 

(Pontzer et al., 2021). Therefore, understanding the fundamental biological mechanisms 

of food choice is warranted to develop novel behavioural and neural interventions for 

such conditions.  

 

6.6.1  Texture design of healthy foods 

The sensory and neural mechanisms of food choice hold promise to provide 

therapeutic insights for human overeating and obesity (Kenny, 2011; E. T. Rolls, 2011). 

First, identifying the sensory origin of palatable foods could inspire novel food design 

that naturally leads to low-energy, health-promoting foods (Norton et al., 2006). 

Previous attempts using non-nutritive sweetener (NNS) and non-absorbable fat 

replacements have compromised consumer experiences to these foods and do not lead to 

long-term energy compensation and weight reductions as expected (Mattes & Popkin, 
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2009; B. J. Rolls et al., 1997). Our results that oral detection and preference for high-fat 

foods arise from oral lubrication inform optimal texture design of fat-reducing foods 

while preserving its oral texture (Civille & Seltsam, 2014; van de Velde & de Hoog, 

2014). The use of carboxymethyl-cellulose (CMC) as a non-fat food thickener that mimics 

fat texture without altering energy content is an interesting avenue to explore in both 

behavioural and neurophysiological experiments, as done in the present thesis. However, 

our findings indicate that the addition of CMC did not match very closely the subjective 

value of high-fat stimuli, indicating the need for further refinements of this approach. 

Potential new materials, such as fluid gels, which have similar rheology and tribology 

features as dietary fat may serve as useful texture modifiers to develop fat-replaced 

foods while preserving its palatability (Fernández Farrés et al., 2013; Gabriele et al., 

2010; Garrec & Norton, 2012; Mills et al., 2013). 

From the perspective of nutrient compositions, our results supported the Protein 

Leverage Hypothesis, which attributed the increased energy consumption to the low-

protein diet in modern society (Gosby et al., 2011; Simpson & Raubenheimer, 2005). 

Therefore, food industry should seek to benefit from the physiological regulation of 

protein intake, introducing more high-protein foods to the market. By doing so, we could 

leverage the physiological mechanisms of food sensing and nutrient regulation to 

naturally rebalance our diet compositions towards healthier diet recommendations. 

 

6.6.2  Neuromodulation therapy for obesity 

For morbid obesity refractory to behavioural modifications and medical treatments, 

neural interventions should be considered to prevent obesity-related health complica-

tions and improve life quality. Specifically, neuromodulation techniques in human pa-

tients have proven success in reversing pathological neural circuit dynamics. Deep brain 
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stimulation (DBS) for movement disorders, for instance, reverses the pathological neural 

signals in basal ganglia with microcurrent stimulation via surgically implanted elec-

trodes. Because DBS requires precise localisation of the stimulation sites, a clear under-

standing of brain circuits and prcise identification of pathological brain targets are the 

major challenges to apply DBS to other brain disorders. 

 

Identifying DBS targets for obesity 

Our paradigm provides a unique opportunity to study the primate reward circuits 

in human-like food choice conditions (Huang et al., 2021) to identify potential targets for 

neuromodulation therapy in human obesity and overeating. Previous attempts to treat 

morbid obesity have applied DBS to the ventromedial hypothalamus (VMH) and the lat-

eral hypothalamus (LHA), based on evidence of metabolic studies in rodents and preclin-

ical testing in nonhuman primates (Torres et al., 2012). In a single case report, VMH-

DBS had no effects on appetite but generated psychiatric side effects, including panic 

attacks (Hamani et al., 2008; Wilent et al., 2010). In another FDA-approved pilot study 

involving three morbid obesity patients, LHA-DBS was safe to reduce appetite but pro-

duced only modest weight reduction within the first 16-month follow-up (Whiting et al., 

2013). Despite ongoing clinical trials (De Salles et al., 2018), these side effects highlight 

urgent needs in basic neurophysiology research into primate reward circuits to identify 

better treatment targets for behaviour-modifying neuromodulation. 

Our result that the primate amygdala encodes nutrient signals to guide food choice 

supports the potential of amygdala neuromodulation to interfere with nutrient valuation 

and reduce overall calorie consumption. The amygdala has been mentioned as a poten-

tial DBS target for obesity (Dupré et al., 2015) because it receives major inputs from the 

orexinergic neurons (ONs) in the ventromedial hypothalamus via the stria terminalis 
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(Bisetti et al., 2006; Wheeler et al., 2014). Amygdala neurons also respond to the sight of 

palatable foods in primates (Ono et al., 1989) and to conditioned stimuli predicting spe-

cific nutrient rewards, as demonstrated in Chapter 5. Additionally, human basolateral 

amygdala response to food cues is associated with weight gain (Sun et al., 2015). Thus, 

converging evidence together with our findings suggests the amygdala as a potential 

neuromodulation target for human obesity and overeating. 

To promote its use in human subjects, non-invasive neuromodulation has also been 

developed for reward-related deep brain structures, including the amygdala. Early non-

invasive neuromodulation modalities such as transcranial magnetic stimulation (TMS) 

or transcranial direct current stimulation (tDCS) cannot easily penetrate the human 

skull to reach the amygdala. Nevertheless, novel techniques such as transcranial fo-

cused ultrasound (tFS) have been proved to modulate neural activities of deep brain 

structures (Folloni et al., 2019; Qiu et al., 2020). Therefore, our primate neurophysiology 

paradigm provides a unique platform to evaluate the preclinical safety and efficacy of 

behaviour-modifying neuromodulation therapy.  

 

6.6.3  Primate model for nutrient feeding behaviour 

This macaque model for nutrient and feeding behaviour is critical for clinical trans-

lation and cannot be easily replaced by other experimental species due to unique neuro-

anatomical, behavioural, and metabolic similarities between macaques and humans, 

which are not given for most other experimental animal models. 

 

Neuroanatomy 

Primates and rodents have distinct anatomical structures and neural connections 

in the amygdala. Grossly, the primate basolateral amygdala is disproportionately ex-
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panded (32-39 times) compared to the central and medial nuclei (4-8 times) compared to 

rats (Chareyron et al., 2011). This basolateral expansion of the amygdala coincides with 

the evolution of the prefrontal areas in primates, which is specifically strongly connected 

with the basolateral amygdala (Amaral & Price, 1984). Importantly, the amygdala-

prefrontal connections have been implicated in learning (Rudebeck et al., 2017), reward 

processing (Rudebeck et al., 2013; Zangemeister et al., 2016), social decision-making 

(Gangopadhyay et al., 2020) and the various psychiatric conditions (Liu et al., 2020; Wil-

liams et al., 2004; Wolf & Herringa, 2016), highlighting its contribution to primate-

unique motivational behaviours.  

At the receptor level, primates have distinct taste receptors and gustatory mecha-

nisms compared to rodents. Specifically, selective modulation of Ca2+ and K+ channels on 

the taste cells by long-chain fatty acids (FFA) have been reported in rats (Gilbertson et 

al., 1997; Gilbertson, 1998; Gilbertson & Khan, 2014), but salivary lipase, an oral diges-

tive enzyme required to release free fatty acids from triglycerides is absent in humans 

(Gilbertson, 1998; Gilbertson et al., 1997). Therefore, the oral detection of fat in humans 

and likely in monkeys rely less on the distinct taste of fat, compared to rodents. Addi-

tionally, the primate taste receptors have evolved with primate-unique dietary patterns. 

In particular, ligand mutation of primate umami taste receptors drives primate feeding 

from insectivorous to folivorous protein sources (Toda et al., 2021). Thus, distinct gusta-

tory mechanisms between primates and non-primate mammals may give rise to diver-

gent diet compositions and sensory food processing in the brain.  

At the cellular level, the rodent and primate amygdala differ in the distribution of 

calcium-binding proteins (McDonald, 1994a; Pitkänen & Kemppainen, 2002), polysac-

charides (Pantazopoulos et al., 2008), and receptors for various excitatory and inhibitory 

neurotransmitters (McDonald, 1994b; McDonald & Mascagni, 1996; Pryce, 2008). Thus, 
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distinct molecular substrates in the rodent and the primate amygdala may influence 

sensory food processing and feeding behaviour. At the circuit level, primates have dis-

tinct gustatory neural pathways compared to non-primate mammals, including rodents, 

rabbits, and cats. In these non-primate species, most axons from the nucleus tractus sol-

itarius (NTS) directly project to the pontine parabrachial nucleus (PBN) before connect-

ing to the parvicellular division of the ventroposteromedial nucleus of the thalamus 

(VPMpc) (Norgren, 1983). By contrast, the primate PBN primarily receive general vis-

ceral inputs from the caudal viscerosensory NST (Beckstead et al., 1980; Pritchard, 2012) 

and nociceptive inputs from the lamina I of the spinal cord (Westlund & Craig, 1996). 

Consequently, “despite several attempts, no one has successfully isolated taste responses 

in the monkey PBN,” according to Ralph Norgren and Tom Pritchard (E. T. Rolls, 2015). 

Therefore, unlike the gustatory PBN neurons in non-primate species (di Lorenzo & 

Schwartzbaum, 1982; Halsell & Frank, 1991; Halsell & Travers, 1997; Li & Cho, 2006), 

primate PBN neurons do not respond to taste (Pritchard et al., 2000), but mostly to the 

visceral sensation.  

The distinct dietary patterns and nutrient requirements between primates and 

non-primate animals raise the concern that the molecular and circuit mechanisms of 

feeding behaviour identified in rodents may not naturally apply in primates and require 

preclinical validations in nonhuman primates before clinical translation to human pa-

tients (Milton, 1993). Therefore,  the nutrient choice paradigm we proposed in the thesis 

is of unique value for investigating neural mechanisms of sensory and nutrient pro-

cessing of food at single-neuron level in primates, with implications for human obesity 

and eating disorders. 
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6.7  Conclusion 

In the past decades, primate neurophysiology has uncovered organising principles 

of high-level cognitive functions of the brain. These advances have revolutionised not 

only our understanding of fundamental neural mechanisms but also contributed to 

state-of-the-art machine learning algorithms and clinical treatments for neuropsychiat-

ric disorders. In this thesis, we developed a novel behavioural paradigm and injected the 

concept of nutrients from ecology theory into the notion of reward in influential neuro-

physiology frameworks. Therefore, we hope to create new perspectives to investigate the 

primate reward system, spark insights into primate decision-making mechanisms and 

invite future applications in brain-inspired neural computations and clinical treatments. 
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