
 
1 

Value coding by primate amygdala neurons complies with the continuity 1 
axiom of economic choice theory 2 

 3 
Fabian Grabenhorst1, Wolfram Schultz2, Simone Ferrari-Toniolo1,2 4 

 5 
1 Department of Experimental Psychology, University of Oxford, Oxford, UK 6 

2 Department of Physiology, Development and Neuroscience, University of Cambridge, Cambridge, 7 
UK 8 

 9 
Published in The Journal of Neurophysiology (doi: 10.1152/jn.00574.2025) 10 

 11 
Running head 12 
Value coding by primate amygdala neurons 13 
 14 
 15 
Correspondence 16 
fabian.grabenhorst@psy.ox.ac.uk 17 
Simone.FerrariToniolo@gmail.com 18 
 19 
 20 
 21 
 22 
 23 
 24 
ABSTRACT 25 
 26 
The primate amygdala contributes to decision-making by encoding the subjective value of rewards, but 27 
whether these signals align with principles of economic theory remains unclear. Here, we tested 28 
compliance of amygdala value-coding with the continuity axiom of Expected Utility Theory (EUT), 29 
which posits a trade-off between reward probability and magnitude, in two male macaques. Given three 30 
ranked gambles, axiom-compliance was assessed via the monkeys' behavioral indifference between the 31 
intermediate gamble and a probabilistic combination of the other two. Choices reflected probability-32 
magnitude integration to scalar subjective values consistent with the axiom. In a non-choice task, 33 
amygdala neurons showed graded responses to probability and magnitude cues that reflected these 34 
individual preferences, equalizing at subjective indifference. During choice, amygdala neurons directly 35 
integrated these value components and translated them into chosen-value and choice signals. These 36 
findings demonstrate that amygdala neurons represent behaviorally relevant, preference-based values 37 
in accordance with EUT’s continuity axiom, and contribute to translating these values into economic 38 
decisions. 39 
 40 
NEW & NOTEWORTHY 41 
 42 
The amygdala—long associated with emotional responses—has recently been implicated in economic 43 
decision-making. Here we show that primate amygdala neurons respond to visual cues indicating 44 
reward probability and magnitude in a manner that reflects the integration of these variables into 45 
subjective values. These value signals complied with the notion that decision makers maximize the 46 
value of rewards, formalized by key axioms of economic theory. Beyond valuation, some neurons 47 
processed subjective values into choice-predictive signals. 48 
 49 
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INTRODUCTION 53 
 54 
Economic decision-making involves assigning subjective values to choice options and comparing these 55 
values between options. Although many studies implicated neurons in specific brain areas in economic 56 
valuation and decision processes (Padoa-Schioppa and Assad, 2006; Schultz, 2006; Lau and Glimcher, 57 
2008; Rolls and Grabenhorst, 2008; Padoa-Schioppa, 2011; Grabenhorst et al., 2012; Chen and 58 
Stuphorn, 2015; Schultz, 2015; Lee and Seo, 2016; Grabenhorst and Schultz, 2021; Stoll and Rudebeck, 59 
2024), fewer studies examined directly whether neuronal value signals comply with axioms of 60 
economic choice theory (Padoa-Schioppa and Assad, 2008; Stauffer et al., 2014; Pastor-Bernier et al., 61 
2019; Imaizumi et al., 2022; Yang et al., 2022; Ferrari-Toniolo and Schultz, 2023). Such axioms define 62 
the necessary and sufficient conditions for maximizing reward and thus are fundamental for 63 
understanding economic choice. Combining neurophysiology with formal economic approaches 64 
enables testing abstract decision models at the level of single neurons, offering mechanistic insights 65 
into observed choices. 66 

The primate amygdala, a nuclear complex in the medial temporal lobe, has been implicated 67 
both in assigning value to stimuli and in economic decisions. Primate amygdala neurons encode the 68 
values of visual stimuli (Sanghera et al., 1979; Fukuda et al., 1987; Nishijo et al., 1988; Rolls, 2000; 69 
Paton et al., 2006; Belova et al., 2007; Bermudez and Schultz, 2010; Costa et al., 2019; Iwaoki and 70 
Nakamura, 2022; Kehl et al., 2024; Derner et al., 2025; Kuraoka and Nakamura, 2025), reward timing 71 
and contingency (Bermudez and Schultz, 2010; Bermudez et al., 2012), economic values and choices 72 
in both individual (Grabenhorst et al., 2012; Costa et al., 2019; Jezzini and Padoa-Schioppa, 2020; 73 
Grabenhorst et al., 2023) and social contexts (Chang et al., 2015; Grabenhorst et al., 2019b), probability 74 
and magnitude of expected rewards (Grabenhorst and Baez-Mendoza, 2025), internally generated 75 
choice plans (Hernadi et al., 2015; Grabenhorst et al., 2016), and well-defined decision computations 76 
(Grabenhorst et al., 2023). Human neuroimaging studies further link amygdala activity to economic 77 
decision variables (Levy et al., 2010; Grabenhorst et al., 2013; Zangemeister et al., 2016; Kim et al., 78 
2024). Despite these findings, formal testing of whether amygdala value signals conform to economic 79 
axioms has been lacking. In contrast, neurons in connected brain areas—the orbitofrontal cortex, 80 
dopaminergic midbrain and insula—have been shown to code subjective values consistent with 81 
economic principles (Stauffer et al., 2014; Pastor-Bernier et al., 2019; Imaizumi et al., 2022; Yang et 82 
al., 2022; Ferrari-Toniolo and Schultz, 2023; Schultz, 2024; Ferrari-Toniolo et al., 2025). 83 

In Expected Utility Theory (EUT), specific axioms govern value-maximizing choice (von 84 
Neumann and Morgenstern, 1944). Completeness (axiom I) and transitivity (axiom II) ensure consistent 85 
ranking of options, whereas continuity (axiom III) implies the existence of a numerical value function 86 
underlying choice. The independence axiom (axiom IV) specifies how reward magnitudes and 87 
probabilities combine to yield expected utility. Together, these axioms provide necessary and sufficient 88 
conditions for behavior to be described as maximizing subjective economic value. Empirical violations 89 
of the independence axiom in humans and animals (Allais, 1953; Kagel et al., 1995; Ferrari-Toniolo et 90 
al., 2022) are accounted for by non-expected utility models, such as prospect theory (Kahneman and 91 
Tversky, 1979), which relax independence while preserving the continuity requirement. 92 

Here we tested whether the responses of amygdala neurons recorded in non-choice and choice 93 
situations are consistent with the continuity axiom of EUT (von Neumann and Morgenstern, 1944). We 94 
focus on the continuity axiom because it implies the existence of a continuously varying subjective 95 
value function and thus, unlike other axioms, directly constrains the neural representation of value itself. 96 
Compliance at the neural level would therefore indicate that amygdala responses to reward magnitude 97 
and probability cues encode a scalar economic value, a prerequisite for utility-based decision models. 98 
In choices between gambles (options varying in outcome probability and magnitude), the continuity 99 
axiom formalizes the integration of reward components into a continuous subjective value quantity. 100 
According to the axiom, given three subjectively ranked gambles, a decision-maker should be 101 
indifferent between the intermediate gamble and a probabilistic combination of the other two. This 102 
indifference point provides a precise behavioral measure of subjective value and reflects the assumption 103 
that no option is infinitely more desirable than another, enabling quantitative valuation (Jehle and Reny, 104 
2001). Continuity is a fundamental principle of economic valuation that underpins most modern 105 
economic choice theories, including EUT extensions that address its empirical limitations (Samuelson, 106 
1948; Weber and Camerer, 1987; Starmer, 2000). 107 
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Axiomatic tests define the function of values in choices that serve to maximize reward. If 108 
neuronal signals comply with such axioms, they do not just correlate with values but physically 109 
implement them in a way that explains how economic choices maximize reward. Although we 110 
previously found that amygdala neurons carry distinct signals for reward probability and 111 
magnitude (Grabenhorst and Baez-Mendoza, 2025), it remains unknown whether these signals can be 112 
neuronally integrated into formally defined value signals that reflect interchangeability and integration 113 
of probability and magnitude into the subjective value of economic choice options according to the 114 
continuity axiom. The aim of our study was therefore to assess whether neuronal responses reflected 115 
the encoding of values consistent with choice behavior (i.e., behavior-matching values). In other words, 116 
we tested whether neurons reflected integration of subjectively weighted magnitude and probability 117 
information, as opposed to the objective expected value or other combinations of the reward variables. 118 

Using behavioral and neuronal tests aligned with the continuity axiom, we derived directly 119 
comparable subjective value estimates from both behavior and single-neuron responses. Our results 120 
demonstrate that amygdala neurons encode subjective value signals that align with reward-maximizing 121 
behavior, supporting their role as neural substrates of formal economic valuation. 122 
 123 
 124 
MATERIALS AND METHODS 125 
 126 
Animals and ethical approval. Two adult male rhesus monkeys (Macaca mulatta) weighing 10.5 and 127 
12.3 kg were used in the experiments. The animals had free access to standard laboratory-macaque diet 128 
before and after the experiments and, during recording periods, received their main liquid intake in the 129 
laboratory. All animal procedures conformed to US National Institutes of Health Guidelines. The work 130 
has been regulated, ethically reviewed and supervised by the following UK and University of 131 
Cambridge (UCam) institutions and individuals: UK Home Office, implementing the Animals 132 
(Scientific Procedures) Act 1986, Amendment Regulations 2012, and represented by the local UK 133 
Home Office Inspector; UK Animals in Science Committee; UCam Animal Welfare and Ethical Review 134 
Body (AWERB); UK National Centre for Replacement, Refinement and Reduction of Animal 135 
Experiments (NC3Rs); UCam Biomedical Service (UBS) Certificate Holder; UCam Welfare Officer; 136 
UCam Governance and Strategy Committee; UCam Named Veterinary Surgeon (NVS); UCam Named 137 
Animal Care and Welfare Officer (NACWO). 138 
 139 
Task training. Following habituation to the laboratory environment and experimental set-up, we 140 
trained the animals over successive steps to drink liquid reward from the spout, place their hands on a 141 
touch-sensitive key and hold the touch key for increasingly longer periods to receive reward, to view 142 
different visual conditioned stimuli that resulted in reward delivery, to touch and choose between visual 143 
stimuli on a touch screen, to choose between visual stimuli based on fixed stimulus-associated reward 144 
probability or cued reward magnitude, to choose between visual stimuli under conditions of varying 145 
reward probability or magnitude, to choose between stimuli that varied in both reward probability and 146 
reward magnitude, to perform the task under head-fixation, to perform the task under gradually 147 
increasing visual fixation requirements including saccade choices. These steps were followed by 148 
systematic training in the Pavlovian and choice tasks that would be used during the neurophysiological 149 
recording sessions. We progressed from task training to recording once the animals were implanted with 150 
recording chambers and when their performance had reached an asymptotic level. These training 151 
periods, including development of the tasks, lasted approximately 24 and 18 months for animals A and 152 
B. 153 
 154 
Non-choice (Pavlovian) task used for neurophysiological recordings. Two monkeys performed in a 155 
Pavlovian task with sequentially presented conditioned stimuli indicating the probability (as first cue) 156 
and magnitude (as second cue) of predicted liquid rewards under computer control (Fig. 1A-C). As a 157 
convention, probability cues were presented first. The monkey sat in a primate chair (Crist Instruments) 158 
in front of a horizontally mounted touch screen for stimulus display (EloTouch 1522L 15’; Tyco). Each 159 
trial started when the background color on the touch screen changed from black to gray. To initiate the 160 
trial, the monkey had to place his hand on an immobile, touch-sensitive key. Presentation of the gray 161 
background was followed by presentation of a central ocular fixation spot (1.3° visual angle). The 162 
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animal was then required to fixate this spot within 4° for 500 ms and maintain fixation until reward 163 
delivery. The fixation spot was followed by presentation of a visual conditioned stimulus in the centre 164 
of the screen for 500 ms that indicated reward probability, drawn from a set of six stimuli (Fig. 1C). 165 
The probability stimuli were monochrome circular ‘sector’ stimuli; each sector stimulus consisted of 166 
two sectors distinguished by black-white shading at horizontal and oblique orientation with the amount 167 
of horizontal shading indicating the probability of obtaining the cued reward magnitude. Each stimulus 168 
predicted forthcoming reward with a specific probability of P = 0.37, P = 0.5, P = 0.63, or P = 0.75. 169 
Reward probability of P = 1 was cued by a gray square. This first cue period was followed by a 500-ms 170 
inter-stimulus interval which was followed by the second cue period, in which we presented a 171 
monochrome bar stimulus with the vertical position of the black horizontal bar against a white 172 
background indicating the magnitude of the predicted reward (drawn from a set of three magnitudes: 173 
0.2, 0.4, 0.6 ml). A 500-ms inter-stimulus interval followed the second cue period before reward 174 
delivery. Reward delivery was followed by a trial-end period of 1,000 – 2,000 ms which ended with 175 
extinction of the gray background. The next trial started after an inter-trial interval of 2,000 – 4,000 ms 176 
(drawn from a uniform random distribution). A recording for a given neuron would typically last 90 177 
trials. 178 

Experimental conditions varied pseudo-randomly on a trial-by-trial basis. The specific reward 179 
probabilities and magnitudes were chosen based on pre-testing to ensure that the animals maintained 180 
high motivation during the task while at the same time providing sufficient variation to study neuronal 181 
activities related to probability, magnitude, expected value and risk. Together, the combination of the 182 
reward probability and reward magnitude cue on a given trial specified a probability distribution of 183 
possible reward magnitudes that could be delivered on that trial. Accurate reward prediction required 184 
the monkeys to combine information about the transiently cued reward probability and magnitude 185 
internally. A computer-controlled solenoid valve delivered liquid (juice) reward from a spout in front of 186 
the monkeys’ mouth. On each completed trial (without fixation breaks), the monkey received one of 187 
two outcomes: on ‘rewarded’ trials, we delivered a liquid reward corresponding to the cued reward 188 
magnitude in ml whereas on ‘non-rewarded’ trials, a small reward of 0.05 ml was delivered. We used 189 
small rewards rather than non-reward as we found that a small reward ensured that the animals 190 
maintained high motivation during recordings. 191 

Possible errors in performance included failure to make contact with the touch-sensitive key 192 
before the trial, key release before trial completion, failure to fixate the central fixation spot at trial start 193 
or fixation break in the period between initial fixation and reward delivery. Errors led to a brief time 194 
out (3,000 ms) with a black background followed by trial repetition. We usually interrupted task 195 
performance after three consecutive errors. Fixation was continually monitored by the task program 196 
during all of these periods and fixation breaks resulted in an error trial. The animals were required to 197 
place their hand on a touch-sensitive key to initiate each trial and keep their hand in place on the key 198 
until trial completion. 199 

Stimuli and behavior were controlled using custom MATLAB code (The Mathworks) and 200 
Psychophysics toolbox (version 3.0.8). The laboratory was interfaced with data acquisition boards (NI 201 
6225; National Instruments) installed on a PC running Microsoft Windows 7. 202 
 203 
Behavioral choice task. We performed a separate choice task using the stimuli from the Pavlovian task 204 
to study the monkeys’ preferences for reward probabilities, reward magnitudes and associated expected 205 
value and risk levels and to confirm that the monkeys could use the information provided by these 206 
stimuli to make meaningful, reward-maximizing choices (preferring higher over lower reward 207 
probabilities and higher over lower reward magnitudes). The choice task was performed during the 208 
period of neurophysiological recordings in the same monkeysbut typically on separate testing days, on 209 
separate testing days, in order to maximize trial numbers for both behavioral choice tests and for each 210 
recorded neuron on neurophysiological recording days. In the choice task, reward magnitude was 211 
represented the same bar stimuli used in the main task and probability of reward was conveyed the same 212 
fractal or sector stimuli, presented adjacent to the bar stimulus. On each trial, the animal made a choice 213 
between two gambles, one of which was a ‘safe’ option, or ‘degenerate gamble’ (reward probability of 214 
P = 1, trial-by-trial varying reward magnitudes), presented randomly in left-right arrangement on the 215 
monitor. The safe option was cued only by a reward-magnitude cue, implying a reward probability of P 216 
= 1. For risky gambles, the cued reward magnitude could be obtained with the cued probability and a 217 
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fixed small reward (0.05 ml) could be obtained with P = 1 – cued probability. Each trial started when 218 
the background color on the touch screen changed from black to gray. Trial start was similar to the main 219 
task. After 500 ms, the two choice options appeared on the touch monitor in left-right arrangement, 220 
followed after 750 ms by presentation of two blue rectangles below the choice options at the margin of 221 
the monitor, close to the position of the touch-sensitive key on which the animal rested its hand. The 222 
animal was then required to touch one of the targets within 1,500 ms to indicate its choice. Once the 223 
animal’s choice was registered, the unchosen option disappeared and after a delay of 500 ms, the chosen 224 
object also disappeared and a liquid reward was given to the animal. Reward delivery was followed by 225 
a trial-end period of 1,000 ms which ended with extinction of the gray background. 226 
 227 
Choice task used for neurophysiological recordings. The task has previously been described in detail 228 
(Grabenhorst et al., 2023). Two monkeys performed in a reward-based choice task with sequentially 229 
presented choice options under computer control (Fig. 5A). On each trial, the animal made a choice 230 
between two sequentially presented options. Each option consisted of a visual ‘object’ (fractals, abstract 231 
images, photographs of natural objects such as flowers) presented in central position on the computer 232 
monitor overlaid by a small bar stimulus. Two different objects were associated with specific reward 233 
probabilities that varied across the testing session without notification. Different bar heights cued 234 
different reward magnitudes chosen randomly on each trial. To maximize reward, the animals were 235 
required to learn and track the (uncued) reward probabilities associated with the different objects and 236 
combine these probability estimates with the trial-specific cued reward magnitudes for the different 237 
objects. Reward probabilities varied in blocks of 15-40 trials (remaining constant within each block) 238 
and were pseudorandomly chosen for each object from the following set: 0, 0.15, 0.35, 0.5, 0.65, 0.75, 239 
0.85, 1.0. Reward magnitudes varied randomly on each trial and were chosen from the following set: 240 
0.25 ml, 0.4 ml, 0.65 ml. On each completed trial, the animal received one of two outcomes: on 241 
‘rewarded’ trials, a liquid reward corresponding to the cued reward amount in ml was delivered whereas 242 
on ‘non-rewarded’ trials, a small reward of 0.05 ml was delivered. Each trial started when the 243 
background color on the touch screen changed from black to gray. To initiate the trial, the monkey was 244 
required to place his hand on an immobile, touch-sensitive key. Presentation of the gray background 245 
was followed by presentation of an ocular fixation spot (1.3° visual angle). On each trial, the animal 246 
was then required to fixate this spot within 4° for 500 ms. Following 500 ms of central fixation, a first 247 
choice cue (‘object’) and overlaid bar stimulus appeared centrally for 500 ms and were followed, after 248 
cue-offset, by a 500 ms inter-stimulus interval, which was then followed by a second choice cue and 249 
overlaid bar stimulus shown for 500 ms followed by another 500 ms inter-stimulus interval. The reward 250 
magnitude cue covered 18.75 percent of the underlying image. The two objects could have the same 251 
reward magnitude on a given trial, as determined by random permutation. We used new objects in each 252 
session. Following sequential presentation of these individual choice objects and overlaid bar stimuli, 253 
the two objects reappeared simultaneously on the left and right side of the monitor (determined 254 
pseudorandomly, balanced across trials); importantly, the magnitude-bar stimuli did not reappear. Thus, 255 
the separate presentation of the first and second reward-magnitude cue, and their transient presentation 256 
during sequential viewing precluded simultaneous magnitude comparison. After 100 ms, the fixation 257 
spot disappeared, indicating that the monkey was no longer required to fixate the spot and was allowed 258 
to make his choice by fixating the object on the left or right for 500 ms. The monkey was allowed to 259 
freely look back and forth between the objects for 2,000 ms and in that period could make a choice at 260 
any time by fixating the chosen object for 500 ms. Once the monkey’s choice was registered, the 261 
unchosen object disappeared and after a delay of 500 ms, the chosen object also disappeared and a 262 
liquid reward was given depending on the scheduled reward probability and magnitude for the chosen 263 
option. Reward delivery was followed by a trial-end period of 1,000 – 2,000 ms which ended with 264 
extinction of the gray background. The next trial started after an inter-trial interval of 2,000 – 4,000 ms 265 
(drawn from a uniform random distribution). A recording session for a given neuron would typically 266 
last 150 trials. 267 

Possible errors in performance included failure to make contact with the touch-sensitive key 268 
before the trial, key release before saccade choice, failure to fixate a choice object for 500 ms during 269 
the choice period, failure to fixate the central fixation spot at trial start or fixation break in the period 270 
between initial fixation and disappearance of fixation spot. Errors led to a brief time out (3,000 ms) 271 
with a black background and then trial repetition. Task performance was typically interrupted after three 272 
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consecutive errors. The animals were required to fixate the fixation spot and the objects until the choice 273 
targets were presented in left-right arrangement. Fixation was continually monitored by the task 274 
program during all of these periods and fixation breaks resulted in an error trial. The animals were 275 
required to place their hand on a touch-sensitive key to initiate each trial and keep their hand in place 276 
on the key until trial completion. 277 
 278 
Eye data processing. We continuously monitored and recorded the animals’ eye positions using an 279 
infrared eye tracking system at 125 Hz (ETL200; ISCAN) that was placed next to the touchscreen. We 280 
calibrated the eye tracker before each testing during a fixation task. During recordings, accuracy of 281 
calibration of the eye tracker was checked and recalibrated if necessary. 282 
 283 
Using the continuity axiom for subjective value estimation. Expected Utility Theory (EUT) proposes 284 
four axioms that determine the maximization of utility (von Neumann and Morgenstern, 1944). 285 
Compliance with completeness (axiom I) and transitivity (axiom II) is necessary for consistently 286 
ranking all choice options. Compliance with continuity (axiom III) demonstrates that choices reflect a 287 
meaningful representation of numerical utility: the continuity axiom implies the existence of a value 288 
function. The independence axiom (axiom IV) defines the computation of expected utility from reward 289 
magnitudes and their probabilities. The four axioms of EUT define necessary and sufficient conditions 290 
for choices to be described by the maximization of subjective economic value: if the axioms are 291 
fulfilled, a subjective economic value can be computed from the reward components (magnitude and 292 
probability) for each choice option, and the decision maker behaves as if choosing the highest valued 293 
option. Violations of the independence axiom, reported in both human and animal subjects (Allais, 294 
1953; Kagel et al., 1990; Ferrari-Toniolo et al., 2022), are accounted for by non-expected utility theories, 295 
such as prospect theory (PT) (Kahneman and Tversky, 1979), which required a weakened form of the 296 
independence axiom while retaining the continuity axiom requirement. 297 

The continuity axiom can be formally stated as: 298 
 299 
∀ A ≻ B ≻ C, ∃! pA ∈ (0, 1) such that (pA · A + (1 – pA) · C) ∼ B  (Eq. 1) 300 
 301 
where A, B, C are gambles, “≻” is the preference relation, and “~” the indifference relation. In 302 

words, compliance with the continuity axiom requires the existence of a reward probability pA at which 303 
choice indifference occurs between a fixed gamble B and a variable gamble AC = (pA · A + (1 – pA) · 304 
C). The variable gamble AC consists of a probabilistic combination of a higher valued gamble A (with 305 
probability pA) and a lower valued gamble C (with probability 1 - pA) (Eq. 1). 306 

In both choice tasks used in the current study, the two offered choice options conformed with 307 
the continuity axiom definition. In the behavioral choice task (not used during neurophysiological 308 
recordings), we defined sure rewards (p = 1) as options A, B and C, resulting in binary choices between 309 
a fixed safe option (B) and a gamble with variable probability and fixed magnitudes (corresponding to 310 
the AC option in Eq. 1). In the choice task used for neurophysiological recordings, the B option was 311 
also a gamble, resulting in choices between a fixed gamble and a gamble with varying probability. The 312 
continuity axiom, with an extended testing scheme encompassing a broad set of reward magnitude and 313 
probability levels, constituted the foundation of the current study. 314 

 315 
Behavioral indifference points. The behavioral indifference point (IPb) represents a utility measure, 316 
being a numerical quantity associated with the subjective evaluation of reward B in relation to outcomes 317 
A and C. As a deterministic rule, the axiom assumes constant preferences over time. We interpreted the 318 
axiom in a stochastic sense, measuring preferences stochastically over repeated choices, which can 319 
potentially fluctuate over time. The IPb was computed according to a standard discrete choice model: 320 
we fitted a softmax function to the probability of choosing the AC option and identified the point for 321 
which the softmax’ value was 0.5, which corresponded to a 0.5 probability of choosing equally 322 
frequently each option, i.e., choice indifference (Figure 1C). The following softmax function was fitted 323 
to the choice data through non-linear least squares (Matlab function: nlinfit): 324 

 325 
PG(pA) = 1 / (1 + exp( – (pA – IPb) / t ) )     (Eq. 2) 326 
 327 
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With PG representing the proportion of gamble choices, IPb corresponding to the probability pA 328 
resulting in equal preference for the two options, and t as softmax “temperature” parameter, representing 329 
the steepness of the choice function (steeper for lower τ values), in analogy to the Boltzmann 330 
distribution in statistical mechanics. In alternative formulations, the softmax steepness is referred to as 331 
β (“inverse temperature” or “precision”), i.e., the reciprocal of the temperature parameter defined here. 332 
 333 
Behavioral indifference map. The indifference curves (ICs) represented in Figure 1H were elicited by 334 
fitting a parametric economic value function to the choice data. Following EUT, gamble values can be 335 
defined as the product of the corresponding utility and probability components. Using a parametric 336 
power function as utility function, we identified the best fitting parameters (softmax parameter, utility 337 
parameter) by maximizing the loglikelihood associated with the choice data, as described in detail in 338 
our previous behavioral study (Ferrari-Toniolo et al., 2021). To compare the EUT model with a PT-339 
based model, which assumed nonlinear probability weighting, we repeated the fitting procedure using 340 
a parametric power function as probability weighting function in addition to the parametric power utility 341 
function. As a goodness-of-fit measure, we correlated the probability of choosing the gamble option 342 
resulting from measured and modelled choices (Figure 1H inset). We then computed the values 343 
corresponding to finely spaced points (resolution 0.01 in both dimensions) within the tested range of 344 
reward magnitudes and probabilities. We defined the indifference curves as points with equal value 345 
(Matlab contour function), corresponding to four safe magnitude levels (0.3, 0.4, 0.5 and 0.6 ml). The 346 
curves were plotted for visual comparison with the directly estimated IPs. 347 
 348 
Neurophysiological recordings. Experimental procedures for single-neuron recordings from the 349 
amygdala in awake, behaving macaque monkeys followed those described previously (Grabenhorst et 350 
al., 2012; Grabenhorst et al., 2019b). A titanium head holder and recording chamber (Gray Matter 351 
Research) were fixed to the skull under general anaesthesia and aseptic conditions. The amygdala was 352 
located based on bone marks on sagittal radiographs referenced to the stereotaxically implanted 353 
chamber (Aggleton and Passingham, 1981). We recorded the activity of single amygdala neurons from 354 
extracellular positions. We used standard electrophysiological techniques including on-line 355 
visualization and threshold discrimination of neuronal impulses on oscilloscopes. We aimed to record 356 
representative samples of neurons from the lateral, basolateral, basomedial and centromedial nuclei. We 357 
inserted a stainless-steel tube (0.56 mm outer diameter) to guide a single tungsten microelectrode (0.125 358 
mm diameter; 1- to 5-MΩ impedance, FHC Inc.) through the dura. The microelectrode was advanced 359 
vertically in the stereotaxic plane with a hydraulic micromanipulator (MO-90; Narishige, Tokyo, Japan). 360 
Neuronal signals were amplified, bandpass filtered (300 Hz to 3 kHz), and monitored online with 361 
oscilloscopes. Behavioral data, digital signals from an impulse window discriminator, and analogue eye 362 
position data were sampled at 2 kHz on a laboratory computer with MATLAB (Mathworks Inc.) code. 363 
Analogue impulse waveforms were recorded at 22 kHz with a custom recording system and sorted 364 
offline using cluster-cutting and principal component analysis (Offline sorter; Plexon). We used one 365 
electrode per recording day and recorded between 1 and 10 neurons per day. 366 
 367 
Neuronal data analysis. We analyzed single-neuron activity by counting neuronal impulses for each 368 
neuron on correct trials in fixed time windows relative to different task events focusing on the following 369 
non-overlapping task epochs: 500 ms after onset of first cue (probability cue in the non-choice task, 370 
first choice option in the choice task), 500 ms after offset of first cue, 500 ms after onset of second cue 371 
(magnitude cue in the non-choice task, second choice option in the choice task), 500 ms after offset of 372 
second cue. We used fixed-window and sliding-window linear and multi-linear regression analyses to 373 
identify neuronal responses related to specific variables. For fixed-window analyses, we first identified 374 
task-related object-evoked responses by comparing activity in the cue and post-cue periods to a baseline 375 
control period (before appearance of fixation spot) using the Wilcoxon test (P < 0.05, Bonferroni-376 
corrected for multiple comparisons). We then used multi-linear regression models to test whether 377 
neuronal activities were significantly related to specific task variables (P < 0.05, t-test on regression 378 
coefficient). We also used sliding-window multiple regression analyses with a 200-ms window that we 379 
moved in steps of 20 ms across each trial (without pre-selecting task-related responses). To determine 380 
statistical significance of sliding-regression coefficients, we used a permutation-based approach by 381 
performing the sliding-window regression 1,000 times using trial-shuffled data and determining a false-382 
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positive rate by counting the number of consecutive sliding-windows in which a regression was 383 
significant with P < 0.05. We found that less than five percent of neurons with trial-shuffled data showed 384 
more than ten consecutive significant analysis windows. Accordingly, we classified a sliding-window 385 
analysis as significant if a neuron showed a significant (P < 0.05) effect for more than ten consecutive 386 
20-ms windows. Statistical significance of regression coefficients was determined using t-test; all tests 387 
performed were two-sided. We performed our regression analysis in the framework of the general linear 388 
model (GLM) implemented with the MATLAB function (glmfit). We used the following GLM for the 389 
non-choice task: 390 
 391 
𝑦 = 	𝛽! +	𝛽"	(𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦) +	𝛽#	(𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒) + 	𝜀                                                                (Eq. 3) 392 
 393 
with y as the neuronal activity, 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 as reward probability and 𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒 as reward 394 
magnitude. This GLM served to identify probability-coding and magnitude-coding neurons in the non-395 
choice task and to derive regression coefficients for Fig. 3C. 396 

We used the following GLM for analyzing neuronal activity during the first-cue period of the 397 
choice task: 398 
 399 
𝑦 = 	𝛽! +	𝛽"	(𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦) +	𝛽#	(𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒) +	𝛽$	(𝑂𝑏𝑗𝑒𝑐𝑡𝐴𝐶ℎ𝑜𝑖𝑐𝑒) +	𝛽%	(𝑂𝑏𝑗𝑒𝑐𝑡𝐴𝐹𝑖𝑟𝑠𝑡) +400 
	𝛽&	(𝐹𝑖𝑟𝑠𝑡𝐶ℎ𝑜𝑠𝑒𝑛) + 	𝜀                                                                                                          (Eq. 4) 401 

 402 
with y as the neuronal activity, 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 as reward probability, 𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒 as reward magnitude, 403 
𝑂𝑏𝑗𝑒𝑐𝑡𝐴𝐶ℎ𝑜𝑖𝑐𝑒 as current-trial choice for object A (vs. object B), 𝑂𝑏𝑗𝑒𝑐𝑡𝐴𝐹𝑖𝑟𝑠𝑡 indicating whether 404 
object A was shown as first (vs. second) object on the current trial, and 𝐹𝑖𝑟𝑠𝑡𝐶ℎ𝑜𝑠𝑒𝑛 as choice of the 405 
first (vs. second) viewed object. This GLM served to identify probability-coding and magnitude-coding 406 
neurons in the choice task and to derive regression coefficients for Fig. 5C. 407 

We used the following GLM for analyzing neuronal activity using a sliding window of 200 ms 408 
moved in 20-ms steps across the first and second cue periods of the choice task: 409 

 410 
𝑦 = 	𝛽! +	𝛽"	(𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝐶𝑢𝑒1) +	𝛽#	(𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒𝐶𝑢𝑒1) +	𝛽$	(𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝐶𝑢𝑒2) +411 

	𝛽%	(𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒𝐶𝑢𝑒2) +	𝛽&	(𝑂𝑏𝑗𝑒𝑐𝑡𝐴𝐶ℎ𝑜𝑖𝑐𝑒) +	𝛽'	(𝑂𝑏𝑗𝑒𝑐𝑡𝐴𝐹𝑖𝑟𝑠𝑡) +	𝛽(	(𝐹𝑖𝑟𝑠𝑡𝐶ℎ𝑜𝑠𝑒𝑛) +412 
	𝛽)	(𝐶ℎ𝑜𝑠𝑒𝑛𝑉𝑎𝑙𝑢𝑒) + 	𝜀                                                                                                          (Eq. 5) 413 

 414 
with y as the neuronal activity, 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝐶𝑢𝑒1 and 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝐶𝑢𝑒2	as reward probabilities of cues 415 
1 and 2, 𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒𝐶𝑢𝑒1 and 𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒𝐶𝑢𝑒2 as reward magnitudes of cues 1 and 2, 416 
𝑂𝑏𝑗𝑒𝑐𝑡𝐴𝐶ℎ𝑜𝑖𝑐𝑒 as current-trial choice for object A (vs. object B), 𝑂𝑏𝑗𝑒𝑐𝑡𝐴𝐹𝑖𝑟𝑠𝑡 indicating whether 417 
object A was shown as first (vs. second) object on the current trial, and 𝐹𝑖𝑟𝑠𝑡𝐶ℎ𝑜𝑠𝑒𝑛 as choice of the 418 
first (vs. second) viewed object and 𝐶ℎ𝑜𝑠𝑒𝑛𝑉𝑎𝑙𝑢𝑒 as the value of the chosen option on the current trial. 419 
This GLM served to identify probability-coding and magnitude-coding neurons in the choice task and 420 
to derive regression coefficients for Fig. 6D, E. 421 

We adapted a method of classification of neuronal value responses based on the angle of 422 
regression coefficients (Wang et al., 2013; Tsutsui et al., 2016; Grabenhorst et al., 2023). In our case, 423 
this approach identifies probability-coding and magnitude-coding neurons by testing the statistical 424 
significance for a complete model that includes separate regressors for probability and magnitude. 425 
Using this method, a neuronal response was categorized as probability-coding or magnitude-coding if 426 
it showed a significant overall model fit (P < 0.05, F-test). For responses with significant model fit, we 427 
plotted the magnitude of the beta coefficients (standardized slopes) of the two probability regressors on 428 
an x-y plane. Following previous studies (Wang et al., 2013; Tsutsui et al., 2016; Grabenhorst et al., 429 
2023), we divided the coefficient space into eight equally spaced segments of 45° to categorize neuronal 430 
responses based on the polar angle in this space of regression coefficients (Fig. 3B). We categorized 431 
responses as coding probability if their coefficients fell in the segments pointing toward 0° or 180° or 432 
as coding magnitude if their coefficients fell in the segments pointing toward 90° or 270°. We 433 
categorized responses as coding both probability and magnitude if their coefficients fell in the segments 434 
pointing toward 135° or 315° or in the segments pointing toward 45° or 225°. 435 
 436 
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Normalization of population activity. To normalize activity from different amygdala neurons, we 437 
subtracted from the trial-specific impulse rate in a given task period the mean impulse rate and divided 438 
by its standard deviation (z-score normalization). We also distinguished neurons that showed positive 439 
relationships or negative relationships with a given variable, based on the sign of the regression 440 
coefficient, and sign-corrected responses with a negative relationship for plotting population activity. 441 
Normalized data were used for Fig. 3B-F, Fig. 4. 442 
 443 
Elicitation of neuronal indifference points. Mirroring the behavioral utility measure, we defined a 444 
neuronal subjective economic value measure for each tested set of A, B and C options. The neuronal 445 
indifference point (IPn) was defined as the gamble probability for which the neuronal response to the 446 
safe option matched the response to the gamble option. The IPn was computed as the intersection 447 
between two lines: the regression line of the neuronal activity for different gamble probabilities and the 448 
line representing the mean response to the safe option. To compute the IPn of individual neurons, 449 
responses to the two choice options were directly compared, thus no normalization of neuronal activity 450 
was required for this analysis. 451 
 452 
Reconstruction of neuronal recording sites. After data collection was completed, the animals 453 
received an overdose of pentobarbital sodium (90 mg/kg iv) and were perfused with 4% 454 
paraformaldehyde in 0.1 M phosphate buffer through the left ventricle of the heart. We reconstructed 455 
the recording positions of neurons from 50-µm-thick, stereotaxically oriented coronal brain sections 456 
stained with cresyl violet based on electrolytic lesions (15–20 µA, 20–60 s, made in one animal) and 457 
lesions using cannulas placed to demarcate recording areas, by recording coordinates for single neurons 458 
noted during experiments, and in reference to brain structures with well-characterized 459 
electrophysiological signatures recorded during experiments (internal and external globus pallidus, 460 
substantia innominata) (DeLong, 1972). We assigned recorded neurons to amygdala nuclei based on 461 
reconstructed recording positions and a stereotaxic atlas (Paxinos et al., 2000) at three different anterior-462 
posterior positions (figures in the paper show neuron locations collapsed over anterior-posterior levels). 463 

 464 
 465 
RESULTS 466 
 467 
Overview of the study 468 
We investigated the encoding of reward probability, reward magnitude, and related subjective values in 469 
primate amygdala neurons across different tasks. We first examined the activity of amygdala neurons 470 
recorded in a Pavlovian, non-choice situation in which reward probability and magnitude were cued 471 
separately by sequentially presented visual stimuli (Fig. 1). Although the task design was based on a 472 
previous study (Grabenhorst and Baez-Mendoza, 2025), the neuronal data presented here were recorded 473 
in conditions designed to test the interchangeability and integration of probability-magnitude combina-474 
tions and have not been reported before. This study served to investigate whether separate probability 475 
and magnitude signals could provide a basis for the encoding of values consistent with the continuity 476 
axiom that defines conditions for maximizing reward. We then reanalyzed data from a previous inves-477 
tigation (Grabenhorst et al., 2023), in which amygdala neurons were recorded in a choice task with 478 
sequentially presented options varying in reward probability and magnitude. This study served to in-479 
vestigate whether individual amygdala neurons would combine probability and magnitude information 480 
into subjective values and related economic choices. 481 

Design and behavior 482 
We recorded amygdala neurons in a Pavlovian task in which visual conditioned stimuli for reward 483 
probability and magnitude were shown sequentially on a given trial (Fig. 1A). This design allowed us 484 
to test if amygdala neurons would signal probability and magnitude consistent with principles of the 485 
continuity axiom of EUT. Each trial was defined by the combination of probability and magnitude cues 486 
(see Methods). These combinations were designed to test neuronal responses to probabilities and 487 
magnitudes close to the point of choice-indifference, assessed in a separate choice task (described 488 
below). Probability was cued by monochrome sector stimuli, whereas magnitude was cued by a bar 489 
stimulus (Fig. 1B). Using a Pavlovian, non-choice task allowed for a clear examination of neuronal 490 
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probability and magnitude signals, as measured neuronal responses only depended on the cued stimuli 491 
but not on additional value-comparison and decision processes.  492 

We used a separate choice task with the same stimuli to determine the monkeys’ subjective 493 
indifference points between combinations of probability and magnitude cues. The task was performed 494 
during the neuronal-recording period but mostly on separate testing days, in order to maximize trial 495 
numbers for each recorded neuron. The monkeys made binary choices between a ‘safe’ option defined 496 
by a fixed magnitude and a ‘gamble’ option defined by a combination of varying probability and fixed 497 
magnitude (Fig. 1C). By varying the gamble probability across trials and calculating the monkey’s 498 
probability of choosing the gamble at different magnitudes of the safe option, we determined the 499 
monkey’s indifference point (IP) from psychometric functions (Fig. 1D). This procedure was based on 500 
the continuity axiom of EUT, which states that a continuous variation of the reward probability should 501 
result in preferences shifting from the safe towards the gamble option, passing through an indifference 502 
point. The continuity axiom implies the existence of a continuously varying subjective value function, 503 
with the IP representing a quantitative measure of this subjective value. Comparing behaviorally 504 
determined indifference points (IPb) with hypothetical objective indifference points (IPev: reward 505 
probability for which the gamble’s expected value matched the safe magnitude), identified the monkeys’ 506 
risk attitudes. Monkeys were risk seeking if IPb < IPev (preferring the gamble even if its expected value 507 
was lower than the magnitude of the safe option) and risk averse if IPb > IPev (preferring the safe option 508 
even if its magnitude was lower than the expected value of the gamble).  509 

Figure 1E, F shows choice data and measured indifference points in both monkeys elicited 510 
through the procedure described above. In line with the continuity axiom, when increasing the gamble’s 511 
reward probability, both animals gradually switched from preferring the safe option to preferring the 512 
gamble option. The resulting IPb’s varied when changing the safe and gamble magnitudes, suggesting 513 
that the animals considered both reward magnitude and probability information when making choices. 514 
The identification of an IPb indicated that magnitude and probability information were integrated into 515 
scalar values. The subjective nature of this value quantity was evident in the risk attitudes revealed by 516 
the IP measures. We found IPb’s lower than the respective IPev’s, implying a generally risk-seeking 517 
attitude in both animals. Our subjective-value measure was stable across testing sessions, consistently 518 
reflecting the animal’s risk attitude (Fig. 1G). We elicited IPb’s for different sets of safe and gamble 519 
magnitudes, which allowed us to estimate an economic value function from behavioral choices 520 
(maximum likelihood procedure, see Methods). The value function was then used to estimate 521 
indifference curves (i.e., points with the same subjective value) within a magnitude-probability space 522 
(Fig. 1H, Fig. S1). This procedure validated our IPb measures, showing that the elicited indifference 523 
curves closely approximated the measured IPb’s across the full range of tested reward magnitude and 524 
probability levels (Fig. 1H, inset). As detailed in our previous extended behavioral study (Ferrari-525 
Toniolo et al., 2021), this implies that subjective values can be described as the integration of 526 
mathematically defined reward magnitude and probability components. 527 

In exploratory analyses, we compared two economic choice models for each animal: a model 528 
assuming linear probabilities (as in expected utility theory, EUT), and a model with nonlinear 529 
probabilities (as in prospect theory, PT), using information criteria (AIC and BIC) as goodness-of-fit 530 
metrics. In monkey A (N = 7,603 trials), the PT model produced lower AIC and BIC values (5,883 and 531 
5,904 respectively) than the EUT model (6,378 and 6,392), indicating a better fit for the model which 532 
included the non-linear evaluation of probabilities. In monkey B (N = 1,967 trials) the AIC and BIC 533 
values (EUT: 1,543 and 1,554 respectively; PT: 1,544 and 1,561) did not clearly identify a better fitting 534 
behavioral model, indicating only a slight advantage for the EUT model. These findings indicate that 535 
monkey behaviour was well captured by economic choice models incorporating subjective magnitude 536 
representations (utility) and refined by subjective probability representations (weighted probability). 537 
Importantly, both EUT and PT models rely on the continuity axiom as a basic requirement for the 538 
existence of a scalar subjective value quantity. 539 

Thus, the monkeys’ choices between safe and gamble options reflected the integration of reward 540 
probability and magnitude information into scalar subjective values, consistent with principles of the 541 
continuity axiom of EUT. 542 
 543 
Neuronal responses to reward magnitude and probability cues 544 
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We recorded the activity of 156 amygdala neurons in the Pavlovian task (75/81 neurons in animal A/B) 545 
across different amygdala nuclei: lateral (LA, 28 neurons), basolateral (BL, 85 neurons), basomedial 546 
(BM, 19 neurons), centromedial (Ce, 24 neurons). During the experiments, we sampled activity from 547 
about 300 neurons and typically recorded and saved the activity of those neurons that appeared to 548 
respond to any task event during online inspection of several trials. We aimed to identify task-responsive 549 
neurons but did not preselect based on particular response characteristics. This procedure resulted in a 550 
database of 156 neurons that we recorded and analyzed statistically. 551 

Figure 2 illustrates the different observed response profiles of amygdala neurons, by showing 552 
the responses of eight amygdala neurons to cues indicating different levels of reward probability and 553 
reward magnitude. The neuron in Fig. 2A was recorded in the BL nucleus (cf. Fig. 3A) and showed a 554 
selective response to the probability cues that increased monotonically with the indicated reward 555 
probability; the neuron showed little response to reward-magnitude cues. By contrast, the neuron in Fig. 556 
2B, recorded in the BL nucleus, showed the opposite activity pattern by responding with monotonically 557 
increasing activity to different cued reward-magnitude levels but showing little response to probability 558 
cues. Figure 2C-F illustrates further examples of probability-selective (Fig. 2C, D) and magnitude-559 
selective neurons (Fig. 2E, F) with activities that either monotonically increased (Fig. 2C, E) or 560 
decreased (Fig. 2D, F) with increases in the encoded variable. Figure 2G, H shows two neurons with 561 
activity that increased with both reward probability and reward magnitude levels. Thus, individual 562 
amygdala neurons showed different types of activity patterns that coded the cued reward probability, 563 
reward magnitude or both variables. We next quantified the presence of these different neuron types in 564 
the population of recorded amygdala neurons. 565 

Among 156 recorded amygdala neurons (Fig. 3A), 27 neurons (17%, 15/12 animal A/B) were 566 
classified as coding reward probability, 39 neurons (25%, 19/20 animal A/B) were classified as coding 567 
reward magnitude and 10 neurons (6%, 4/6 animal A/B) were classified as coding both probability and 568 
magnitude (Fig. 3B). Neurons were classified using a multiple-regression analysis based on the angle 569 
of probability- and magnitude-coefficients (Wang et al., 2013; Tsutsui et al., 2016; Grabenhorst et al., 570 
2019a; Grabenhorst et al., 2023). Amygdala neurons coding reward probability and/or reward 571 
magnitude were found in all sampled amygdala nuclei (Fig. 3A, probability coding in LA/BL/BM/Ce: 572 
4/15/4/4; magnitude coding in LA/BL/BM/Ce: 8/20/6/4; probability and magnitude coding in 573 
LA/BL/BM/Ce: 2/7/0/1). Responses of probability-coding neurons and magnitude-coding neurons were 574 
typically phasic, time-locked to the onset of the relevant cue, and showed positive and negative coding 575 
schemes in approximately similar proportions (Fig. 3C; probability-coding, positive/negative: 16/11; 576 
magnitude-coding, positive/negative: 26/13). The graded responses to different probability and/or 577 
magnitude levels were prominent in the aggregated population activity (Fig. 3D-F). 578 

We examined if anticipatory licking in the cue phases influenced neuronal coding of probability 579 
and magnitude, focusing on animal B (animal A did not show anticipatory licking during the cue 580 
phases). Among 48 neurons with at least 31 trials on which licking occurred (mean 54.4 ± 8.0 sd), 6 581 
coded probability (13%) and 9 coded magnitude (19%). When a covariate for duration of anticipatory 582 
licking was included in the regression, 5 neurons coded probability and 8 neurons coded magnitude. 583 
Thus, licking had little impact on neuronal coding of probability and magnitude. 584 

Thus, different groups of amygdala neurons coded the cued reward probability or reward 585 
magnitude and thereby signalled the two distinct components of subjective values in our task. We next 586 
examined whether these responses were consistent with key notions of the continuity axiom. 587 
 588 
Neuronal indifference points 589 
Using the continuity axiom as a guiding principle, we tested whether amygdala neurons encoded reward 590 
information consistent with mathematically defined subjective values. To this aim, we analyzed the 591 
neuronal responses to different safe and gamble options for which we also measured the monkey’s 592 
behavioral preferences. Importantly, given the subjectivity of economic value measures, we only 593 
directly compared behavioral and neurophysiological data from the same animal. Neuronal responses 594 
representing subjective values should reflect the monkey’s preferences, with higher sign-corrected 595 
response to a preferred option compared to the non-preferred option, and equal response for equally 596 
preferred options. In our continuity scheme, this implies that, after sign correction, the gamble response, 597 
compared to the safe response, should be lower for non-preferred gambles, higher for preferred gambles 598 
and equal for equally chosen safe and gamble options. 599 
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Separately for the populations of probability-coding and magnitude-coding amygdala neurons, 600 
we pooled the neuronal responses to different gamble probabilities and safe-option magnitudes, 601 
respectively (Fig. 4A). To assess value coding in the neuronal population, we then selected three gamble 602 
options (G1, G2, G3) which were respectively behaviorally non-preferred, equally preferred, and 603 
preferred in relation to a fixed safe option (S) (Fig. 4B). This was done separately for each monkey, to 604 
account for their specific subjective evaluations. We found that the average responses to the selected 605 
safe and gamble options reflected the behavioral preferences. Compared with the responses to the S 606 
option, responses to G1 were significantly lower, responses to G2 were non-significantly different, and 607 
responses to G3 were significantly higher (Fig. 4C, D). This result was confirmed in both animals, 608 
reflecting their individual preferences. 609 

Notably, this pattern was not predetermined by neuron selection or our analyses approach. 610 
Neurons were selected for coding probability or magnitude but this did not guarantee that responses to 611 
the intermediate gamble matched the behavioral indifference point: swapping safe options within 612 
animal or between animals reduced neuronal-behavioral matches (Fig. S2A-D). Further, ranking of 613 
gamble options was robust to changes in normalization procedures (Fig. S2E, F). 614 
 These data show that the reward probability and magnitude components, separately coded by 615 
different groups of amygdala neurons, reflect individual preferences, suggesting the coding of 616 
subjective values for gamble and safe choice options. 617 
 618 
Coding of reward magnitude and probability during choice 619 
So far, we examined the neuronal representation of reward magnitude and probability, separately cued 620 
in a non-choice, Pavlovian task. We next investigated the integrated coding of these fundamental reward 621 
variables in a separate choice task (Fig. 5A). This approach allowed us to identify neuronal signals 622 
reflecting values that matched the economic values defined by each monkey’s behavioral ones, resulting 623 
from the integration of reward magnitude and probability information, and their translation to choices. 624 

We recorded 233 amygdala neurons (180/53 in monkeys A/B) while the same two monkeys 625 
tested in the Pavlovian task performed a reward-based decision task (Grabenhorst et al., 2023). In each 626 
trial, two choice options were presented sequentially in two successive cue periods, followed by a side-627 
by-side presentation of the same pair of options. The animals were required to integrate two value 628 
sources: tracking the slowly varying reward probabilities associated with each cue (different visual 629 
images), and combining them with trial-specific magnitudes cued by explicit bar stimuli (Fig. 5A, 630 
inset). Thus, each option’s reward magnitude was explicitly cued (three possible levels), while the 631 
probability had to be learned from experienced rewards. Magnitudes were cued transiently during 632 
sequential presentation (but not during the choice epoch) to encourage valuation and decision-making 633 
during sequential viewing. The monkey made a choice through a saccade towards one of the cues, 634 
receiving the corresponding reward outcome. All cue presentations (duration: 0.5 s) were separated by 635 
central fixation periods of 0.5 s (Fig. 5A).  636 

We previously described that the monkeys’ choices in this task reflected the integration of 637 
reward probabilities and magnitudes for sequentially viewed options and that amygdala neurons 638 
encoded subjective values and related choices that reflected the integrated probability and magnitude 639 
information (Grabenhorst et al., 2023). Here, we analyzed the neuronal responses in relation to the 640 
separately varying magnitude and probability value components to test whether neuronal value signals 641 
complied with assumptions of the continuity axiom. In the first cue period, 24/233 amygdala neurons 642 
(10%) encoded reward probability but not magnitude, 48 neurons (21%) encoded reward magnitude but 643 
not probability, and 28 neurons (12%) were classified as encoding both probability and magnitude (Fig. 644 
5B, C). The corresponding number of neurons encoding probability, magnitude or both probability and 645 
magnitude for the first post-cue delay period were 8 (3%, 7/1 in animal A/B), 26 (11%, 22/4 in animal 646 
A/B), 42 (18%, 35/7 in animal A/B); for the second cue period were 31 (13%, 26/5 in animal A/B), 29 647 
(12%), 57 (24%, 47/10 in animal A/B), and for the second post-cue delay period were 7 (3%, 5/2 in 648 
animal A/B), 28 (12%, 21/7 in animal A/B), 38 (16%, 32/6 in animal A/B).  649 

We also tested for multiplicative encoding of probability and magnitude by adding an 650 
interaction term to the regression model. In the first cue period, 20 neurons (9%) showed a significant 651 
interaction between probability and magnitude. Significant interaction effects in the first post-cue delay 652 
period, second cue period, and second post-cue delay period were found in 20 (30%), 22 (9%) and 21 653 
(9%) neurons, respectively. Inclusion of the interaction term in the regression led to improved model fit 654 
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(higher adjusted R2) in 44% of tested neuronal responses across the four time periods but did not 655 
substantially change the number of identified probability-coding neurons (23, 32, 20, 14 in the four 656 
periods) or magnitude-coding neurons (59, 44, 62, 36 in the four periods). 657 

The activity of the two amygdala neurons in Fig. 5D, E and Fig. 5F, G increased with both 658 
higher probability and higher magnitude levels at the first cue and accordingly were best explained in 659 
terms of integrated value coding. By contrast, the amygdala neuron in Fig. 5H encoded only the reward 660 
magnitude but not probability, while the amygdala neuron in Fig. 5I encoded only the reward 661 
probability but not magnitude. 662 

Thus, in the value-based choice task, different amygdala neurons either integrated the reward 663 
probability and magnitude components into subjective value or selectively encoded one of these two 664 
value components. We next investigated whether these neurons’ activities were consistent with 665 
principles of the continuity axiom. 666 
 667 
Integration of magnitude and probability information during choice 668 
We next compared indifference points estimated from behavioral and neuronal data in the choice task, 669 
as the continuity axiom implies equal choice of different magnitude-probability combinations. Thus, 670 
we tested whether neuronal responses reflected values consistent with choice behavior (i.e., ‘behavior-671 
matching’ values), rather than objective expected value or other combinations of the reward variables. 672 

As with the Pavlovian task, this procedure was based on the continuity axiom of EUT, with one 673 
option (A) varying in probability (across blocks of trials), while the other option (B) was fixed. We 674 
analyzed the neuronal responses to options A or B in the first cue period (Fig. 6A, Eq. 4). This analysis 675 
period was selected in order to examine potential value-coding prior to value comparison and decision-676 
making, which happened at the second cue period. A behavior-matching subjective-value coding neuron 677 
would respond equally to the A and B options that were equally chosen by the monkey. To test this 678 
notion, we calculated a neuronal indifference point (IPn) as the intersection between a linear fit of the 679 
mean responses to the variable option A and the mean response to the fixed B option. We compared the 680 
resulting IPn (Fig. 6B, top) with the corresponding behavioral IPb (Fig. 6B, bottom). Importantly, 681 
neurons used for this analysis were not preselected for coding subjective value, but only for coding both 682 
magnitude and probability. 683 

In one example neuron (Fig. 6A-D), behavioral and neuronal indifference points appeared 684 
similar within the same set of A and B options (Fig. 6B, C). When varying the A and B options values, 685 
both IPb and IPn values appeared higher than those estimated for the first set of options (Fig. 6D). To 686 
statistically evaluate the neuronal-behavioral IP relation, we performed a correlation analysis across 687 
different A and B option sets (N = 18 option sets for this neuron). We found a significant correlation 688 
between IPb and IPn measures, suggesting that this example neuron encoded behavior-matching 689 
subjective values across the experienced reward magnitudes and probabilities (Fig. 6E). Detailed data 690 
from another example neuron are shown in Fig. 6F-H, and behavioral-neuronal matching indifference 691 
points for six further neurons are shown in Fig. 6I. 692 

In the population of amygdala neurons that responded significantly to both magnitude and 693 
probability (N = 28), 16 neurons showed a significant IPb-IPn correlation, while the average difference 694 
between IPb and IPn across neurons and IP measures (N = 170) was not significantly different from 695 
zero (t-test, P = 0.72, N = 170, mean and SD: 0.0081 ± 0.29), suggesting coherent subjective-value 696 
coding in the population of amygdala neurons sensitive to both reward magnitude and probability. These 697 
results were confirmed when including three further task epochs of 0.5 s each (post-CS1, CS2 and post-698 
CS2). We found N = 61 neurons responding significantly to both magnitude and probability in at least 699 
one of the four epochs. Among these neurons, which were distributed across different amygdala nuclei 700 
(Fig. 6J), we found 32 correlated neuronal and behavioral IP measures out of 74 total tests. A significant 701 
IPb-IPn correlation was confirmed in the full set of neurons and IP measures (N = 405) (Fig. 6K). The 702 
average difference between IPb and IPn was not significantly different from zero (t-test, P = 0.81, N = 703 
405, mean and SD: -0.0032 ± 0.27) and resulted in a better neuronal-behavioral match than randomly 704 
shuffled data (Fig. 6L). 705 

These data show that a population of amygdala neurons represented the integration of reward 706 
magnitude and probability information during the choice task at the level of individual neurons by 707 
encoding a subjective-value measure that reflected the monkey’s preferences.  708 

  709 
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Value-to-choice coding transitions in amygdala neurons 710 
We next examined whether amygdala neurons that encoded value information were directly implicated 711 
in decision-making processes. To this aim, we investigated the coding of different variables underlying 712 
the choice process. Focusing on reward magnitude, chosen value and chosen option, we quantified how 713 
well these variables were represented in individual neurons over different time windows. We previously 714 
showed (Grabenhorst et al., 2012; Grabenhorst et al., 2019b; Grabenhorst et al., 2019a; Grabenhorst et 715 
al., 2023) that amygdala neurons implicated in economic decision-making exhibit dynamic coding 716 
patterns that transition from coding value (i.e., decision inputs) to coding choice (i.e., decision outputs). 717 
The amygdala neuron in Fig. 7A, B exhibited a value-to-choice transition by initially signaling the 718 
magnitude of the first cue (Fig. 7A) and then signaling the magnitude of the second cue, the monkey’s 719 
forthcoming choice for the first or second option on a given trial, as well as the related chosen value 720 
(Fig. 7B). These dynamic coding transitions were evident in the regressions of the neuron’s activity on 721 
the different variables (Fig. 7C) and in phasic peaks of the coefficients of partial determination for each 722 
variable (Fig. 7D, Eq. 5). Dynamic value-to-choice transitions were expressed prominently in amygdala 723 
neurons that encoded the monkeys’ choices (N = 55, Eq. 5, Fig. 7E): in this subgroup of neurons, phasic 724 
signals related to the magnitude of the first and second option often preceded signals related to the 725 
monkeys’ trial-specific choice and to the chosen value. Among 55 choice-coding neurons, 10 neurons 726 
(18%) also coded the magnitude of the first and second cue and chosen value, and 11 neurons (20%) 727 
coded the magnitude of the first and second cue without coding chosen value. 728 

Thus, the activity of amygdala neurons with phasic responses to reward-magnitude cues 729 
frequently transitioned to coding the monkeys’ choices and chosen values, consistent with involvement 730 
of these neurons in several stages of economic decision processes. 731 

 732 
DISCUSSION 733 
 734 
These results show that primate amygdala neurons encode the basic components of economic value, 735 
reward magnitude and probability, in compliance with formal tenets of economic theory that deal with 736 
reward maximization. According to the continuity axiom of EUT, a decision-maker should be 737 
indifferent between the intermediate of three subjectively ranked gambles and a probabilistic 738 
combination of the other two. The compliance of the monkeys’ behavioral choices with the continuity 739 
axiom is consistent with the integration of reward magnitude and probability into a scalar value quantity. 740 
This integration represents the continuous tradeoff between reward components (a decrease in 741 
magnitude is compensated by an increase in probability, and vice versa), as shown in the behavioral 742 
indifference map (Fig. 1). The robustness of these conclusions relied on testing the axiomatic rule with 743 
a sufficient range of magnitude and probability levels. Although we previously showed that amygdala 744 
neurons carry signals for probability and magnitude (Grabenhorst and Baez-Mendoza, 2025), their 745 
integration and interchangeability for formally defined values had remained untested. When tested in 746 
neurons, compliance with the continuity axiom reflected the integration of magnitude and probability 747 
information into a value signal. By itself, this result does not demonstrate encoding of subjective values, 748 
as it may simply reflect the monotonic neuronal responses to both reward magnitudes and probabilities 749 
(Fig. 2, 3, 5). However, by comparing the behavioral and neuronal subjective-value measures (i.e., the 750 
indifference points based on the continuity axiom), we ensured that the neuronal value code reflected 751 
the individual animal’s subjective evaluation of the choice options, in both no-choice (Fig. 4) and choice 752 
situations (Fig. 6). Single-cell and population signals translating these subjective evaluations into choice 753 
predictions and chosen-value signals (Fig. 7) demonstrate that amygdala neurons encode key variables 754 
underlying economic choice in a manner suitable for maximizing reward. 755 

Although previous studies identified neurons encoding subjective values in the amygdala 756 
(Grabenhorst et al., 2012; Hernadi et al., 2015; Costa et al., 2019; Grabenhorst et al., 2019b; Jezzini and 757 
Padoa-Schioppa, 2020; Grabenhorst et al., 2023), the orbitofrontal cortex (Padoa-Schioppa and Assad, 758 
2006, 2008; Rolls and Grabenhorst, 2008; Pastor-Bernier et al., 2019; Imaizumi et al., 2022; Ferrari-759 
Toniolo and Schultz, 2023), and other brain structures (Samejima et al., 2005; Lau and Glimcher, 2008; 760 
Padoa-Schioppa, 2011; Cai and Padoa-Schioppa, 2012; Lak et al., 2014; Stauffer et al., 2014; Schultz, 761 
2015; Tsutsui et al., 2016; Costa et al., 2019; Grabenhorst et al., 2019a; Yang et al., 2022; Schultz, 762 
2024), only two previous studies examined compliance of neuronal value signals with the continuity 763 
axiom of EUT (Ferrari-Toniolo and Schultz, 2023; Ferrari-Toniolo et al., 2025). The present results 764 
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contribute to the emerging picture of a neuronal value-based choice mechanism compatible with 765 
axiomatic economic principles. Specifically, the amygdala may participate together with the 766 
orbitofrontal cortex and the midbrain dopamine area in a distributed, formally coherent valuation 767 
system. 768 

In our non-choice task with separately cued reward magnitude and probability components, the 769 
majority of amygdala neurons encoded only one of the two reward components. This might reflect 770 
subjective value coding for specific categories of choice options (in this case, safe and gamble options). 771 
Alternatively, it could reflect the coding of only one reward component, a feature that would be required 772 
for integrating magnitudes and probabilities into a single scalar quantity. As we only used one reward 773 
magnitude for the gamble option in the no-choice task, further tests are necessary to discriminate 774 
between these two hypotheses, by simultaneously varying both reward magnitude and probability of 775 
the gamble options. Another possibility is that amygdala neurons encode reward and decision-variables 776 
in a context-sensitive manner. For example, previous studies showed that neuronal coding of valuation 777 
and decision variables in a sequential reward-saving task was for many amygdala neurons specific to 778 
free-choice (compared to forced-choice) contexts (Grabenhorst et al., 2012; Hernadi et al., 2015; 779 
Grabenhorst et al., 2016). Our recent study on amygdala neurons in a non-choice task, using different 780 
task parameters, showed that few neurons integrated probability and magnitude into expected value 781 
without explicit requirement for decision-making (Grabenhorst and Baez-Mendoza, 2025). Our present 782 
results on amygdala neurons in non-choice and choice situations show that amygdala neurons do 783 
integrate both value components into subjective value signals in choice situations. Thus, neuronal 784 
integration of reward parameters into decision variables in the amygdala appears sensitive to context, 785 
i.e., the presence of decision-making requirements. 786 

EUT defines the exact computation for combining reward components into scalar subjective 787 
values. According to EUT, the subjective value coincides with the utility associated to a choice outcome 788 
weighted by its probability of occurrence. The fourth axiom of EUT, the independence axiom, 789 
demonstrates this multiplicative form of value computation. Although this additional axiom is often 790 
violated in humans and monkeys (Allais, 1953; Starmer, 2000; Ferrari-Toniolo et al., 2022), a simple 791 
modification of the value computation mechanism employing subjectively weighted probabilities was 792 
proposed to account for these violations. Probability weighting was formalized in prospect theory as a 793 
nonlinear transformation of gamble probabilities (Kahneman and Tversky, 1979; Camerer and Ho, 794 
1994), and its neuronal representation has been isolated in the orbitofrontal cortex, striatum and 795 
dopaminergic midbrain (Imaizumi et al., 2022; Ferrari-Toniolo and Schultz, 2023; Ferrari-Toniolo et 796 
al., 2025). In the experimental conditions reported here, the behavior was well captured by EUT, with 797 
improved fit for the prospect theory model only in one animal. Since our experiment was not designed 798 
to explicitly elicit and test nonlinear probabilities, which would require a broad set of probability levels, 799 
we did not assess whether amygdala neurons complied with a prospect theory-based representation of 800 
reward components. It will be important in future work to expand our approach to conclusively test 801 
whether amygdala neurons comply with specific elements of prospect theory, such as nonlinear 802 
probability weighting. 803 

How could the presently reported neurons coding subjective values contribute to broader 804 
amygdala functions? The behavioral relevance of value-coding neurons in amygdala may be reflected 805 
by effects of amygdala damage: in monkeys and humans, amygdala lesions alter reward-guided 806 
behaviors and economic decisions (Baxter and Murray, 2002; Brand et al., 2007; Murray, 2007; Levy 807 
et al., 2010; Machado et al., 2010; van Honk et al., 2013; Costa et al., 2016; Rudebeck et al., 2017; 808 
Pujara et al., 2022). Consistently, human neuroimaging studies find subjective value signals in the 809 
amygdala (Levy et al., 2010; Grabenhorst et al., 2013; Zangemeister et al., 2016; Kim et al., 2024). In 810 
the present study, histological reconstructions showed that value-coding neurons were prevalent across 811 
the amygdala subdivisions we recorded from, including primarily the lateral and basolateral nuclei, but 812 
also (with fewer sampled neurons) in basomedial and central nuclei. As these nuclei differ in input and 813 
output connections, local circuit-designs and functions (Price et al., 1987; Pitkanen et al., 1997; 814 
Pitkanen and Amaral, 1998; Price, 2003; Sah et al., 2003; Maren and Quirk, 2004; Pape and Pare, 2010; 815 
Johansen et al., 2011; Duvarci and Pare, 2014; Gothard, 2020), value-coding neurons in each nucleus 816 
might contribute to different functions. The lateral nucleus might constitute the primary site for 817 
associating value information with visual cues (Johansen et al., 2011; Grabenhorst et al., 2019b). The 818 
present results suggest that amygdala neurons encode values—including at this early processing stage—819 
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in a manner that reflects the subjective tradeoff between reward components. By contrast, neurons in 820 
the basolateral amygdala have been more directly implicated in decision (Grabenhorst et al., 2023) and 821 
in integrating magnitude and probability information into risk (Grabenhorst and Baez-Mendoza, 2025). 822 
Thus, the presently reported value-coding neurons in basolateral amygdala might contribute to local 823 
decision computations and decision processes in other brain structures to which this nucleus projects, 824 
including the orbitofrontal cortex and striatum. Finally, value-coding neurons in central nucleus—the 825 
amygdala’s principal output structure to autonomic, endocrine, and attentional effector systems (Price, 826 
2003; Johansen et al., 2011)—may play roles in translating value into physiological and emotional 827 
responses (Fustinana et al., 2021; Courtin et al., 2022). 828 

The amygdala is implicated in a variety of psychiatric and behavioral conditions in which 829 
reward valuation, decision-making and mental health are affected (Oler et al., 2010; Price and Drevets, 830 
2012; Bernardi and Salzman, 2019; Andrews et al., 2022; Klein-Flugge et al., 2022; Fox and Shackman, 831 
2024). Our findings that amygdala value computations can be formalized using axioms of economic 832 
theory advances our understanding of the amygdala’s role in neuropsychiatric conditions. For example, 833 
reduced amygdala value sensitivity or deficient neuronal integration may contribute to maladaptive or 834 
unstable preferences. 835 

In conclusion, our results demonstrate compliance with the continuity axiom of EUT in both 836 
behavior and neuronal responses and behavioral-neuronal subjective value measures in the amygdala. 837 
These findings identify amygdala neurons as substrates for encoding behavior-matching subjective 838 
values according to the continuity axiom of EUT, and for translating these values into economic choices.  839 
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 864 
 865 
Figure 1. Experimental design and behavioral data. 866 
A) Trial structure. Pavlovian task for neural recordings: each trial started with the appearance of a red 867 
dot (fixation spot), which the monkey was required to fixate until reward delivery. A reward probability 868 
cue, a fixation spot and a reward magnitude cue appeared in successive time intervals. These intervals 869 
lasted 500 ms (0.5 s) each. After a further 500 ms fixation period, the reward outcome was delivered, 870 
contingent on the indicated reward magnitude and probability cues. 871 
B) Visual cues. The vertical position of a horizontal bar represented the reward magnitude (m) 872 
information, while a circular stimulus conveyed the probability (p) information. 873 
C, D) Indifference point estimation. Through binary choices between a fixed safe option and gambles 874 
with variable reward probability (C), we estimated the behavioral indifference point (IPb) as the reward 875 
probability for which the monkey was indifferent between the two options (D). We fitted a softmax 876 
function (red curve) to the proportion of gamble choices (blue dots) and identified the IPb as the gamble 877 
reward probability for which the softmax value was 0.5. This procedure was based on the continuity 878 
axiom of EUT, which states that a continuous variation of the reward probability should result in 879 
preferences shifting from the safe towards the gamble option, passing through an indifference point. 880 
The continuity axiom implies the existence of a continuously varying subjective value function. 881 
E-G) Elicited indifference points. Example behavioral indifference points (IPb, green line) elicited 882 
though binary choices between a safe option (magnitude Sm) and a gamble option (magnitude Gm) 883 
with varying reward probability (Gp). Dots: proportion of trials in which the gamble was chosen; 884 
vertical bars: binomial 95% confidence intervals. IPev (grey line): indifference point computed from 885 
objective reward values (i.e., probability Gp for which the gamble’s expected value (EV = Gm · Gp) 886 
equals the safe magnitude). An IPb lower than the IPev indicated a risk seeking attitude (i.e., gamble 887 
preferred to safe option with equal EV). Varying the safe magnitude from 0.45 ml (top) to 0.60 ml 888 
(bottom), resulted in a higher IPb, as expected from a monotonically increasing value function. Data 889 
from all sessions of monkey A (panel E) and monkey B (panel F); variability of IPb across different 890 
behavioral sessions (panel G), for one example test in monkey A. 891 
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H) Indifference map. Choices between safe and gamble options with different Gm and Sm values 892 
resulted in a set of behavioral indifference points. We defined an indifference curve as all points with 893 
equal subjective value, as opposed to an expected value (EV) curve connecting points with equal 894 
objective mathematical expected value. Estimating an economic value function from behavioral choices 895 
(maximum likelihood procedure, see Methods), allowed us to compute a set of indifference curves, 896 
which theoretically validated and interpolated the estimated IPb’s. The four colored indifference curves 897 
correspond to four fixed safe magnitude levels (0.3, 0.4, 0.5 and 0.6 ml). Inset: significant correlation 898 
between measured and economic model-estimated choice probabilities (R2 = 0.84, P = 1.3e-12, N = 30). 899 
Data from monkey A.  900 
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 902 
Figure 2. Coding of magnitude and probability in individual amygdala neurons. 903 
A, B) Example neurons coding either reward probability (p, panel A) or reward magnitude (m, panel 904 
B). Raster plot of action potentials (one trial per row) and spike density function (top; gaussian-905 
convoluted activity rate, 25 ms kernel) for an individual neuron. Left: response to four options’ 906 
probabilities (Gp). Right: response to three safe options’ magnitudes (Sm). CS1: first conditioned 907 
stimulus, representing probability information; CS2: second conditioned stimulus, representing 908 
magnitude information (see Figure 1A, B). Diamond symbols identify each neuron’s anatomical 909 
location (see Figure 3A). 910 
C-F) Example neurons coding either reward probability (C, D) or reward magnitude (E, F). Neurons 911 
responded either proportionally (C, E) or inversely (D, F) to the coded variable (either reward magnitude 912 
or probability). 913 
G, H) Example neurons coding both reward probability and magnitude.  914 
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 915 
 916 
Figure 3. Coding of magnitude and probability in populations of amygdala neurons. 917 
A) Histological reconstruction of recorded neurons’ anatomical locations. Dots correspond to individual 918 
recorded neuron (collapsed across anterior-posterior axis, fill colors identify the corresponding 919 
amygdala nucleus (La: lateral, BL: basolateral, BM: basomedial, Ce: central). Diamond colors represent 920 
the example neurons reported in Figure 2 (fill) and identify the amygdala nucleus (outline). 921 
B) Coding of magnitude and probability across the neuronal population. Normalized regression 922 
coefficients (betas) for magnitude and probability. Each dot represents a neuron with significant 923 
magnitude and probability betas (purple), significant magnitude beta only (red) or significant 924 
probability beta only (blue). Grey: no significant beta. 925 
C) Time course of magnitude and probability coding. Neurons with significant probability-beta only 926 
(left) and magnitude-beta only (right) coefficients, sorted by beta values averaged within the 1 s post-927 
cue time window (red rectangle). Both populations included neurons with significant positive and 928 
negative betas, corresponding to positive and inverse coding of the corresponding reward variable, 929 
respectively. 930 
D-F) Population responses. Average normalized population activity (area: SE) across the populations 931 
of probability-coding neurons (D) (3 magnitude levels: m = 0.2, 0.4, 0.6 ml), magnitude-coding neurons 932 
(E) (4 probability levels; p = 0.37, 0.50, 0.63, 0.75) and simultaneous magnitude-probability (same-933 
sign) coding neurons (F). Neurons showing inverse coding of either magnitude or probability were 934 
rectified and included in the analysis.  935 
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 936 
 937 

Figure 4. Match between behavioral and neuronal indifference points. 938 
A) Response to three gamble options (left) and three safe options (right) for the neuronal populations 939 
encoding reward probability and magnitude (left and right, respectively). Activity was sign-corrected 940 
after normalization. S: safe option selected for subsequent data analysis (corresponding to behavioral 941 
choice indifference between S and G2). Area: SE. Data from monkey A (top) and monkey B (bottom). 942 
B) Behavioral preferences. Probability of choosing each gamble option (filled circles: G1, G2 and G3) 943 
against a fixed safe option (S), as a function of gamble probability. Monkeys had well defined 944 
preferences between each gamble and the safe option S: G1 non preferred, G2 indifferent, G3 preferred. 945 
Open circles: other tested gambles. Other conventions and symbols as in Figure 1E-F. 946 
C) Population response to the selected options. Responses to the safe S option (dashed line: mean, area: 947 
SE) and to each of the three gambles (circles) were compatible with the behavioral preferences: response 948 
to S was significantly different from response to G1 and G3, while being not significantly different (N.S.) 949 
for G2. Statistical p-values (unpaired t-test) for G1, G2 or G3, respectively: 1.0E-3, 0.35, 5.2e-7 (monkey 950 
A, top), 1.2e-2, 0.13, 5.9e-5 (monkey B, bottom). Asterisk, P < 0.05. 951 
D) Difference (D) in population activity between gamble and safe options. Compatible with a 952 
subjective-value coding signal, the activity difference was negative for G1, positive for G3 and non-953 
significantly different from zero for G2. Bars: 95% confidence intervals.  954 
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Figure 5. Integration of magnitude and probability information in individual neurons during 957 
choice. 958 
A) Choice task. Monkeys choose between sequentially viewed options based on randomly varying 959 
reward probability and magnitude combinations. Inset: Reward value derives from block-wise 960 
changing, uncued reward probabilities and trial-specific, transiently cued magnitudes. 961 
B) Venn diagram representing neurons with significant regression coefficients for reward magnitude 962 
(red), probability (blue) or both (purple). Data from both monkeys. 963 
C) Regression beta coefficients for reward magnitude and probability. Colors identify significant betas 964 
for reward magnitude (red), probability (blue), both (purple) or none (gray). Circle size is proportional 965 
to the beta associated with the coding of integrated value. 966 
D) Response of an example neuron to the cue representing one choice option (raster plot and spike 967 
density function). Left: varying magnitude (fixed probability); center: varying probability (fixed 968 
magnitude); right: varying integrated value (all magnitude and probability levels). The option’s reward 969 
magnitude was explicitly cued (three levels), while the probability had to be inferred from experienced 970 
outcomes. We estimated the learned probability through a reinforcement learning model, which also 971 
output a trial-by-trial estimate of the option’s integrated subjective value. The distribution of 972 
probabilities and subjective values were divided into terciles for data analysis, resulting in the three 973 
levels reported on the vertical axes (mi, pi, vi; i=1, 2, 3). The intermediate probability tercile (p2) and 974 
the second magnitude level (m2) were used as fixed levels in the magnitude and probability plots, 975 
respectively. The neuron’s responses significantly correlated with the cue’s reward magnitude, 976 
probability and integrated subjective value. 977 
E) Single neuron’s mean response rate ± SE (time analysis window: yellow line in panel D) to different 978 
magnitudes (top), probabilities (middle), and subjective values (bottom). Dashed line: linear regression. 979 
P: p-value from correlation analysis. 980 
F, G) Response of a different example neuron encoding a cue’s reward magnitude, probability and 981 
integrated subjective value. Conventions as in panels D and E. 982 
H-I) Example neurons encoding exclusively reward magnitude (H) or reward probability (I).  983 
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 984 
 985 
Figure 6. Behavior-matching neuronal subjective values compatible with the integration of 986 
magnitude and probability information. 987 
A) Neuronal responses of an individual neuron (raster plot and spike density function) to cues 988 
representing either a fixed choice option B (red; magnitude = 0.40 ml, probability = 0.15) or a variable 989 
choice option A (blue) with fixed magnitude (0.25 ml) and variable probability pi (0.15, 0.50, 0.85 or 990 
1.00). Yellow marking: analysis period. 991 
B) Neuronal (top) and behavioral (bottom) indifference points. Neuronal indifference point (IPn) was 992 
computed as the intersection between the linear fit (dashed line) of the mean responses to the variable 993 
option A (blue dots) and the mean response to the fixed B option (red line). Behavioral indifference 994 
point (IPb) was estimated via softmax fit to the probability of choosing the variable option A over the 995 
fixed option B (behavioral data from all sessions). 996 
C-D) Response of the same neuron as in panels A-B, for a different set of choice options (fixed B 997 
magnitude: 0.40 ml, probability: 0.85; variable option A magnitude: 0.65 ml). 998 
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E) Correlation between the neuronal and behavioral indifference points (IPb and IPn respectively) 999 
across all tested choice options for example neuron for 18 different sets of choice options (same 1000 
neuron as in panels A-D). 1001 
F) Neuronal responses of a different neuron to cues representing fixed choice option B (red; 1002 
magnitude = 0.40 ml, probability = 0.15) or variable choice option A (blue) with fixed magnitude 1003 
(0.25 ml) and variable probability pi (0.15, 0.50, 0.85 or 1.00). 1004 
G) Neuronal (top) and behavioral (bottom) indifference points for the neuron in F. 1005 
H) Correlation between the neuronal and behavioral indifference points across all tested choice 1006 
options for example neuron for 26 different sets of choice options (same neuron as in panels F-G). 1007 
I) Correlation between the neuronal and behavioral indifference points for six further individual 1008 
neurons. 1009 
J) Histological reconstruction of the anatomical locations of the neurons modulated by both reward 1010 
magnitude and probability in any task epoch (N = 61, collapsed across anterior-posterior axis). We 1011 
considered four 0.5 s task epochs: CS1, post-CS1, CS2 and post-CS2. Diamond symbol: example 1012 
neuron shown in panels A to E.  1013 
K) Correlation between neuronal and behavioral IP measures, across all neurons with significant IPn-1014 
IPb correlation and all tested combinations of choice options (N = 405). 1015 
L) Distribution of differences between neuronal and behavioral indifference points (IPn – IPb) across 1016 
the population of neurons with significant IPn-IPb correlation (N = 32), for all tested combinations of 1017 
choice options (N = 405). Inset: distribution of absolute differences (|IPn - IPb|) computed from the 1018 
collected data and from randomly shuffled data (shaded area: SD across 2,000 repetitions). The higher 1019 
occurrence of lower differences in the original data compared to the randomly shuffled data 1020 
(significant difference, Kolmogorov-Smirnov test, P = 8.5e-36, N = 405) supported the coding of 1021 
behavioral-matching indifference points in amygdala neurons. 1022 
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 1024 
 1025 
Figure 7. Neuronal value-to-choice transitions during decisions. 1026 
A) Activity of one amygdala neuron coding the magnitude of the first (left) and second (right) choice 1027 
option.  1028 
B) Activity of the same neurons as in A) transitioned to coding the chosen value (top) and choice 1029 
(bottom) on the current trial (right). 1030 
C) Neuron’s mean response rate ± SE (time analysis window: yellow line in panels A) and B) to different 1031 
magnitudes, chosen value, and choice. Dashed line: linear regression. P: p-value from correlation 1032 
analysis. 1033 
D) Coefficients of partial determination (partial R2) from sliding-window multiple regression analysis 1034 
of the neuron’s activity, showing periods of significant coding for magnitudes, chosen value and choice. 1035 
E) Mean coefficients of partial determination (± SE) for 55 amygdala neurons identified as coding the 1036 
monkeys’ choices in a sliding-window multiple regression analysis, showing population-coding of mag-1037 
nitudes of the first and second option, chosen value and choice. 1038 
F) Six further example neurons showing value-to-choice transitions. Neuron 1: coding first magnitude, 1039 
choice and chosen value; Neuron 2: coding all variables; Neuron 3: coding first and second magnitude 1040 
and choice; Neuron 4: coding all variables; Neuron 5: coding second magnitude, choice, and chosen 1041 
value; Neuron 6: coding first magnitude and choice.  1042 
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Supplementary Figures 1043 
 1044 
 1045 

 1046 
 1047 
Figure S1. Behavioral indifference map. 1048 
Data from monkey B. Conventions and symbols as in Figure 1H. Inset: significant correlation between 1049 
measured and economic model-estimated choice probabilities (R2 = 0.92, P = 3.1e-11, N = 20).  1050 
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 1051 
 1052 
Figure S2. Control tests for the match between behavioral and neuronal indifference points. 1053 
A, B) Disruption of neuronal-behavioral match when selecting a safe option away from behavioral 1054 
indifference (SN = 0.4 ml for monkey A, SN = 0.6 for monkey B). Asterisks (P < 0.05) indicate 1055 
significantly different responses to gamble and safe options. N.S.: non-significant difference (P > 0.05). 1056 
Error bars: 95% confidence intervals. Data from monkey A (panel A) and monkey B (panel B). 1057 
C, D) Disruption of neuronal-behavioral match when using the safe option for which the other animal 1058 
showed behavioral indifference. Data from monkey A (panel C) and monkey B (panel D).  1059 
E, F) The neuronal-behavioral match was retained when normalizing the activity with reference to the 1060 
pre-cue control period (CP). The normalized activity was computed as the baseline-subtracted activity 1061 
rate (i.e., activity minus the mean activity during the CP), divided by the standard deviation of the CP 1062 
activity. This procedure ensured that the activity ranges were not artificially aligned between gamble 1063 
and safe responses. Data from monkey A (panel E) and monkey B (panel F) for positive-coding (left) 1064 
and inverse-coding (right) neurons.  1065 
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 1066 
 1067 
Figure S3. Behavioral data from one example session of the choice task used for 1068 
neurophysiological recordings. Trial-by-trial record of choices and rewards for probability cues 1069 
A/B (red/green bars) and running average of monkey’s choices (smoothed with a seven-trial 1070 
causal filter). Long/short colored bars: rewarded/unrewarded choices for cues A (red) and B 1071 
(orange). Black bars: trial-specific magnitudes for cue A (top) and cue B (bottom). Colored 1072 
boxes: block-wise reward probabilities for cues A (top) and B (bottom).   1073 
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