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Running head: Emotion as goal error

Abstract:

In this chapter we argue that emotion can be viewed as an informationally rich error
signal that assists agents in achieving goal states. When agents make decisions, they
select actions that maximize the benefits while minimizing costs of outcomes with
respect to goals. In our framework, emotions serve as sensors that transduce progress
towards a superordinate goal into a feeling state. We contend that these feeling states
occur not only during the receipt of an outcome, but can be anticipated and read out at
the time of a decision - a process akin to temporal difference learning. However, this
prospective simulation process can be noisy, particularly when predicting an outcome
with which we've had minimal prior experience. To support our argument, we discuss
how the feelings of regret and guilt aid in making decisions that are consistent with our

broader goal states.
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Emotions are a composite of various inter-related processes (e.g., autonomic arousal,
expressive behavior, action tendencies, interoception, and conscious evaluations) that
orchestrate adaptive responses critical for survival and well-being. Similar to the
somatovisceral sensations that signal internal homeostatic goal states such as hunger,
thirst, and sleep (1), emotions provide motivational signals that guide us to approach
resources, avoid harm (2), and navigate the complexities of the social world (3-5). In
this chapter we explore how these motivational signals can be formalized as “goal

errors,” which influence how we make decisions.

Decision-making can be defined as selecting a strategy, policy, or action that best
maximizes the anticipated outcome of a value function, while minimizing the costs with
respect to a particular goal. Value functions are often based on expected utility theory
(6), which provides a set of mathematical axioms that define rational choice. Though
considerable work has demonstrated that the axioms of expected utility theory do not
always adequately describe behavior (7, 8), this framework continues to provide a useful

first order approximation of how we can mathematically describe value functions.

There are several ways in which emotions have been thought to influence decision-
making (9, 10). First, emotions can modulate value signals by changing the salience or
attractiveness of a given option (11). For example, when the affective intensity of an
outcome becomes quite large, such as an opportunity to win a European vacation or
receive a painful shock, people tend to overweight low probabilities of occurrence and
underweight high probabilities when making a decision (12). Second, emotions can also
serve as independent value signals in the utility function. These motivational value

signals can take the form of expected or immediate emotions. Expected emotions refer
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to anticipated emotional states associated with a given outcome such as regret (13) or
guilt (8). Immediate emotions, on the other hand, are experienced at the time of
decision and occur either directly in response to a specific event (e.g., anger or fear (4,

14)) or as a result of a transitory fluctuation in mood (15-17).

Models of Emotion & Decision-Making

Early theories sought to explain the influence of emotion on decision-making from
cognitive and neural perspectives. Appraisal models describe emotion as a sequence of
context-dependent processes from perception to action (18-20). These models describe
discrete emotions as arising from a combination of cognitive evaluations (21) that occur
at differing time scales (19). This perspective has been very amenable to computational
modeling and has been adopted by psychologists (22), computer scientists (23),
economists (1, 24, 25), and neuroscientists (26, 27). One key idea that stems from this
theoretical tradition is that feelings provide a source of information that can directly
influence value functions. While this hypothesis has evolved over the years, e.g. "affect
as information" (28), "risk as feelings" (29, 30), the “affect heuristic’ (11), and the
"somatic marker hypothesis" (26, 27), its central ideas have found consistent support
from cognitive neuroscience. For example, the ventromedial prefrontal cortex (VMPFC)
is critical for integrating reward (31) and affective value (32), the insula in reading out
somatovisceral states (33-35), and the amygdala in directly linking cognitive and
perceptual processes to arousal responses (36, 37). Lesions to each of these regions
impair how emotions influence decision-making, by rendering critical information largely

unavailable (26, 35, 38, 39).
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Another contribution, central to this framework, is the idea that feelings arise not only
from direct evaluation of the environment, but also from the prospective simulation of
feelings given particular outcomes. Much work has attempted to model these
anticipated feelings into the decision-making process itself. For example, Regret Theory
attempts to directly model the appraisal of how we might feel if we found out that we
could have made a better decision (40, 41). Other frameworks, such as Psychological
Game Theory, directly model belief-dependent psychological payoffs into utility functions
(42, 43). These types of approaches make it possible to incorporate more sophisticated
social preferences such as intention-based fairness (44, 45) and belief-dependent
emotions, such as guilt-aversion, (24, 46, 47) into models of decision-making. One such
early attempt modeled decisions in terms of anticipated pleasure states (“decision affect
theory”) and impressively explained about 55% of the variance in choice behavior (48,

49). Thus, anticipated affective states play an important role in how we make decisions.

Error Signals

Here we conceive of emotions as an error signal based on the distance between the
current state and a superordinate goal. This concept borrows from control theory (50),
casting emotions as “sensors” that provide a prediction error signal for the controller to
make adjustments to the system. For example, consider how a thermostat works. An
agent sets a goal temperature - say, 70 degrees Fahrenheit - and the thermostat reads
out the current temperature from the thermometer sensor. The decision policy for the
thermostat is to turn on the heat if the error function is negative (i.e., turn heat on if [Goal
temperature - Current temperature] < 0). This simple prediction-error based

computational algorithm (51, 52), has received considerable attention in understanding
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how value is represented in the context of learning and decision-making. For example,
seminal work by Montague, Dayan, and Schultz (53, 54) demonstrated that dopamine
neurons located in the ventral tegmental area (VTA) behave consistently with the
principles of temporal difference learning (52) and increase their firing rate following
unexpected rewards proportional to the degree of prediction error. Importantly, as the
agent learns to associate a cue with an outcome, the reward expectation signal appears
to propagate backwards in time to any cue predictive of the reward (Figure 1A). Thus,
after an agent has learned the contingencies of a cue-outcome relationship, dopamine
neurons in the VTA (53) and nucleus accumbens (55-57) will fire at the time of the cue,

and not at the time of the reward (if the outcome was perfectly predicted).

In this way, temporal difference learning provides a computational operation, which
allows agents to achieve a goal state that maximizes reward. However, agents have
many additional goals (e.g., making the best decision, and minimizing harm to others)
and we believe there are analogous prediction error signals for each of these goal states

formalized as anticipated affective reactions (e.g., regret and guilt).
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Figure 1. Prediction Error. Panel A shows a hypothetical value signal based on
predictions of temporal difference learning (63). There is no value signal when there is
no expectation or receipt of reward. When an agent receives an unexpected reward,
they receive a value signal, which back propagates to the predictive cue. When an
agent expects a reward and receives it, their value signal occurs at the time of
expectation and not receipt. However, if the agent expects a reward and does not
receive it, they will experience a negative value signal. Panel B depicts a Trust Game
with psychological and material payoffs based on (47). P; is endowed with $1 and can
choose “In” or “Out”. If they choose “In” the endowment is multiplied by a factor of 4 and
P, then decides whether to “Share” and split the money or “Keep” all of the money to
themselves. P, will receive both material and negative psychological payoffs if they
select “Keep” based on their second order belief about what they think P; expects them
to do scaled by their sensitivity to guilt.

Regret

One critical goal for all agents is to maximize the likelihood that the optimal policy is
selected. If an agent makes a decision that turns out to have an unfavorable outcome,
they will most likely feel disappointment. However, if an agent makes a decision and

learns that they could have made an even better decision regardless of outcome
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favorability, they will feel regret (40, 41). Therefore, regret can be viewed as an affective
error signal of a suboptimal choice resulting from the comparison of a decision-outcome,

with a counterfactual outcome had another action been taken.

Similar to reward-prediction error described above, regret occurs at the time of
feedback. However, agents can also anticipate how bad they would feel if they selected
a suboptimal decision during the decision period, an effect termed 'regret-aversion'. For
example, consumers become more regret-averse when asked to consider possible
decision errors. They are less likely to wait for a better possible future rebate when
purchasing a car, and select safer name-brand products than less expensive lesser-
known products (58). The experience of regret appears to be influenced by at least two
components: comparative evaluation of counterfactual outcomes, and agentic
responsibility associated with having made a suboptimal choice (59, 60). Interestingly,
errors of commission appear to be associated with regret in the short term, but errors of

omission are associated with more regret in the long term (61).

Several studies from cognitive neuroscience have helped to further elucidate the role of
regret as an error signal in decision-making. The vmPFC appears to play a critical role in
both the experience and anticipation of regret (62). Activity in the vmPFC measured
using functional magnetic resonance imaging (fMRI) is correlated with regret signals in
gambling tasks, and over time there appears to be an anticipated regret signal in the
medial orbitofrontal cortex (OFC) that tracks regret-aversion (13). Lesions to the OFC
appear to impair the capacity to both experience regret and also avoid it when making

decisions under uncertainty (63).
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Regret does not appear to be solely a human experience, either. Several studies have
illustrated that non-human primates can learn from counterfactuals (64, 65), and more
recent work has demonstrated that rats appear to show behavioral indicators of regret
that are dissociable from disappointment and correlated with increased firing of OFC
neurons (66). Interestingly, regret is not only an important signal for multiple species of
animals, but has also become a powerful algorithm in computer science applications.
Such 'no-regret learning' or 'regret-matching' algorithms update strategies based on how
each strategy would have performed in the last iteration of a game and can be used to
solve computationally intensive games such as heads-up no hold-em’ poker (67). These
kinds of diverse findings provide convergent evidence about how regret is an
informationally rich signal that motivates agents to make the best decision from the

available choice set.

Guilt

Another important goal for agents as they navigate the social landscape is to minimize
harm to others. Guilt occurs in these interpersonal contexts when one believes that one
has harmed or disappointed a relationship partner (68). Guilt has been considered a
prosocial emotion in that agents have a tendency to take actions that repair the
relationship following transgressions (69). However, guilt can also be anticipatory and
promote cooperation through simulating the act of committing a transgression. Thus,
similar to regret, future experiences of guilt associated with a given choice can be
anticipated by calculating a counterfactual comparison of another agent's
outcomes. Psychological game theory (42, 43) provides a method to incorporate both

material payoffs and belief-dependent psychological payoffs into an agent’s utility
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function. This innovation critically provides a way to mathematically formalize emotions
like guilt (24, 47) and can dramatically improve game theoretic solution concepts (i.e.,

behavioral predictions).

For example, consider a Trust Game based on (47) depicted in Figure 1C. Player Py is
endowed with $1 and can keep it by choosing ‘Out’ or can invest it by choosing ‘In’.
Investments are multiplied by a factor of 4 and P, then chooses whether to ‘Share’ and
split the multiplied investment evenly or ‘Keep’ all of the money. Guilt-aversion predicts
that if P, is sensitive to guilt, choosing ‘Keep’ will result in a negative psychological
payoff proportional to the degree to which they believe they let down P,. That is, their
utility decreases by their second order belief ®@”, defined as P.'s belief about P+‘s belief
about @: the probability of P, choosing ‘Share’. If P,is solely motivated by monetary
payoffs, then the game-theoretic solution is choosing ‘Keep’ and receiving the largest
possible material payoff. However, if P,is guilt-averse (© > 1), then the game-theoretic

solution is choosing ‘Share’ and avoiding a negative psychological payoff.

Empirical studies utilizing such trust games have found that P.s return a greater
percentage of money when they believe Pis are more trusting and have a higher
expectation that they will choose to share (3, 46, 70-72) (but see (73, 74) for alternative
accounts). Additionally, two studies to date have attempted to elucidate the neural
substrates of guilt-aversion while P, decides whether or not to honor their partner’s
trust. Chang et al., (3) elicited P,'s second-order beliefs about the amount of money
they believed their partner expected them to return, and compared trials in which
participants chose a strategy that minimized guilt-aversion to trials in which they chose a

strategy that maximized self-interest. Participants had increased activity in the insula,
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dorsal anterior cingulate cortex (dACC), dorsolateral prefrontal cortex (dIPFC) and
temporoparietal junction (TPJ), a network that is thought to be involved in processing
negative affect, salience, cognitive control and theory of mind, when they behaved in
accordance with guilt-aversion. In contrast, when participants behaved in accordance
with maximizing monetary outcomes, they had increased activation in the vmPFC,
ventral striatum, and dorsomedial prefrontal cortex (dmPFC), regions consistently
involved in reward processing and mentalizing. This study was recently replicated using
a slightly different design (72). In this study, the payoff matrix was constructed to
dissociate reward value, inequity-aversion, and guilt-aversion. The authors found that
guilt-aversion correlated on a trial-to-trial basis with activity in the right dIPFC controlling
for reward magnitude and the amount of inequity in each players’ payoffs. Importantly,
in a follow-up study, these researchers found behavioral evidence suggestive of the
DLPFC’s causal role in guilt-aversion by increasing neuronal excitability with anodal
transcranial direct current stimulation relative to a sham control condition. Together,
these studies show that the anticipation of guilt is associated with negative error signals
when the goal is to minimize harm to others and associated with increased activity in the

insula, dACC, and dIPFC.

Affective Forecasting Errors

A central component to making an optimal decision in the ways discussed above is the
simulation process whereby an agent tries to predict a future feeling state. Because
these anticipated feelings are the result of cognitive simulations, they may not
necessarily reflect the precise feelings of an experienced emotion. While the majority of

such "affective forecasts" are generally accurate, individuals are also prone to exhibiting

11
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systematic mispredictions of their own emotions (75, 76). These mispredictions typically
reflect inaccuracies in anticipated intensity and duration, rather than the direction
(valence) or type of experienced emotions (77). Mispredictions can be viewed as
distortions of the simulation process, primarily occurring as a consequence of neglecting
the influence of additional factors occurring both in the future, and at the time of the

decision (76).

For example, when individuals underestimate the intensity or duration of future
emotions, they frequently underweight the effect of visceral feelings; in essence,
projecting current emotional information onto simulated future feeling states (1). These
"empathy gaps" occur in numerous contexts such as shopping for food while hungry,
which can result in purchasing additional unintended food items (78); overweighting
current hunger and thirst states when planning for a hike (79); or in-the-moment arousal

leading to an increased willingness to endorse riskier future sexual behavior (80).

Even more pervasively, individuals tend to overweight the impact of future events and
the resultant positive and negative emotions (77). This impact bias is ubiquitous to a
variety of situations and individuals ranging from the prediction of overly negative
feelings from an unwanted pregnancy, positive HIV test result or receiving pain, to overly
positive feelings from winning the lottery or losing weight (81-83). Furthermore, these
strong affective outcomes appear to disrupt how people weight the probability of the
event occurrence (11, 12). During these types of simulations individuals ignore critical
contextual and situational factors, such as surrounding social circumstances, instead

focusing on the occurrence and affective value of single isolated events (84, 85)

12
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Research suggests several potential reasons why these affective forecasting errors
might occur (86). First, emotions are notoriously difficult to both define and measure and
there is large intra- and inter-individual variability in the experience of emotions. For
example, there do not appear to be any consistent signatures of subjective ratings,
physiological measurements, or neural representations for discrete emotions (87). In
addition, measurements are likely to be highly influenced by how the question is framed
(88) and also measured (89). Second, as emotions appear to have multiple interacting
components (e.g., physiological responses, interoception, appraisal, action tendencies),
it is unclear how well we can access and synthesize all of these components when
asked to report these feelings in terms of a verbal description or numerical intensity (90).
We are unable to precisely read out somatovisceral states and accurately translate
these feelings into verbal descriptions (91). This is evidenced by our inability to use
somatovisceral representations when remembering and anticipating a pain experience
(1). Third, many affective forecasting errors occur for events with which we typically
have limited experience. For example, most people do not have repeated experiences of
winning the lottery or contracting HIV. Most likely, if we did experience these events
multiple times, we would be able to more accurately predict how we would feel in
response to these events and rely less on using essentialized prototypes of these

experiences (86).

Conclusion - Emotions as goal error

In this chapter, we have discussed how emotions such as regret and guilt can be
formalized as appraisals by incorporating belief-dependent payoffs into expected utility

theory. Importantly, agents receive negative psychological utility from experiencing

13
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these emotions and are motivated to make decisions that minimize their
occurrence.  Both regret and guilt can be conceptualized as errors to the respective
superordinate goals of making the best possible decisions and minimizing harm to
others. A key tenet of this hypothesis is that agents can successfully forecast their
future affective states. While we have discussed evidence suggesting that people have
systematic biases when simulating future affective states, most of these studies have
examined single emotional events, with which individuals may have had limited
experience (e.g., winning the lottery). It remains an open question about what happens
when an agent has repeated experiences with the same outcome. According to the
process of temporal difference learning outlined here, agents should learn to accurately
anticipate the emotion associated with an outcome and make a decision that acts to
minimize its future experience. Thus, from this perspective, emotions serve as a
learning signal to update our beliefs about the world and aid in selecting decision
policies that maximize attaining specific goals. There is preliminary evidence supporting
this hypothesis. Coricelli et al. (13) observed that when making repeated independent
decisions under uncertainty, most participants changed their behavior over the course of
the experiment to become more regret-averse. One of the critical predictions of our
hypothesis is that as an anticipated emotion becomes better predicted, the experience of
that anticipated emotion will become more intense at the time of the decision, and
agents will become more satisfied with their decisions as a consequence. We look

forward to seeing future work testing the tenets of this computational theory.

14



Running head: Emotion as goal error

Acknowledgments

The authors would like to thank Daniel Lee and Tal Yarkoni for their helpful discussions

on the ideas presented in this manuscript.

15



Running head: Emotion as goal error

References:

10.

11.

12.

13.

14.

15.

16.

17.

Loewenstein G. Out of control: Visceral influences on behavior. Organizational
behavior and human decision processes. 1996;65(3):272-92.

Davidson RJ, Irwin W. The functional neuroanatomy of emotion and affective style.
Trends Cogn Sci. 1999;3(1):11-21. PubMed PMID: 10234222.

Chang LJ, Smith A, Dufwenberg M, Sanfey AG. Triangulating the neural,
psychological, and economic bases of guilt aversion. Neuron. 2011;70(3):560-72.
Epub 2011/05/11. doi: 10.1016/j.neuron.2011.02.056. PubMed PMID: 21555080;
PubMed Central PMCID: PMC3114404.

Chang LJ, Sanfey AG. Great expectations: neural computations underlying the use
of social norms in decision-making. Social cognitive and affective neuroscience.
2013;8(3):277-84. doi: 10.1093/scan/nsr094. PubMed PMID: 22198968; PubMed
Central PMCID: PMC3594719.

Xiang T, Lohrenz T, Montague PR. Computational Substrates of Norms and Their
Violations during Social Exchange. J Neurosci. 2013;33(3):1099-108. doi:
10.1523/UNEUROSCI.1642-12.2013. PubMed PMID: 23325247.

von Neumann J, Morgenstern O. Theory of games and economic behavior.
Princeton, NJ: Princeton University Press; 1944.

Kahneman D, Tversky A. Prospect theory: An analysis of decision under risk.
Econometrica. 1979;47(2):263-91.

Hastie R, Dawes RM. Rational choice in an uncertain world: The psychology of
judgment and decision making: Sage; 2010.

Loewenstein G, Lerner JS. The role of affect in decision making. In: Davidson RJ,
Scherer KR, Goldsmith HH, editors. Handbook of affective sciences: Oxford
University Press; 2003.

Chang LJ, Sanfey AG. Emotions, Decision-Making, and the Brain. In: Houser D,
McCabe K, editors. Neuroeconomics: Elsevier; 2008. p. 31-53.

Slovic P, Finucane ML, Peters E, MacGregor DG. The affect heuristic. European
journal of operational research. 2007;177(3):1333-52.

Rottenstreich Y, Hsee CK. Money, kisses, and electric shocks: on the affective
psychology of risk. Psychol Sci. 2001;12(3):185-90. PubMed PMID: 11437299.
Coricelli G, Critchley HD, Joffily M, O'Doherty JP, Sirigu A, Dolan RJ. Regret and
its avoidance: a neuroimaging study of choice behavior. Nat Neurosci.
2005;8(9):1255-62. PubMed PMID: 16116457.

van't Wout M, Chang LJ, Sanfey AG. The influence of emotion regulation on social
interactive decision-making. Emotion. 2010;10(6):815-21. Epub 2010/12/22. doi:
10.1037/a0020069. PubMed PMID: 21171756; PubMed Central PMCID:
PMC3057682.

Isen AM, Patrick R. The effect of positive feelings on risk taking: When the chips
are down. Organizational behavior and human performance. 1983;31(2):194-202.
Lerner JS, Small DA, Loewenstein G. Heart strings and purse strings: Carryover
effects of emotions on economic decisions. Psychol Sci. 2004;15(5):337-41.
PubMed PMID: 15102144.

Harle KM, Chang LJ, van 't Wout M, Sanfey AG. The neural mechanisms of affect
infusion in social economic decision-making: a mediating role of the anterior insula.
Neuroimage. 2012;61(1):32-40. Epub 2012/03/01. doi:
10.1016/j.neuroimage.2012.02.027. PubMed PMID: 22374480.

16



Running head: Emotion as goal error

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Ellsworth PC, Scherer KR. Appraisal processes in emotion. Handbook of affective
sciences. 2003;572:V595.

Ortony AC, Collins G. A.(1988) The cognitive structure of emotions. Cambridge
University Press.

Frijda NH. The place of appraisal in emotion. Cognition & Emotion. 1993;7(3-
4):357-87.

Smith CA, Ellsworth PC. Patterns of cognitive appraisal in emotion. Journal of
personality and social psychology. 1985;48(4):813.

Scherer KR. Emotions are emergent processes: they require a dynamic
computational architecture. Philosophical Transactions of the Royal Society B:
Biological Sciences. 2009;364(1535):3459-74.

Marsella S, Gratch J, Petta P. Computational models of emotion. A Blueprint for
Affective Computing-A sourcebook and manual. 2010:21-46.

Battigalli P, Dufwenberg M. Guilt in games. American Economic Review.
2007;97(2):170-6.

Loewenstein G. Anticipation and the valuation of delayed consumption. The
Economic Journal. 1987:666-84.

Damasio AR. Descartes' Error: Emotion, Reason, and the Human Brain. New
York: Penguin Putnam; 1994.

Bechara A, Damasio AR. The somatic marker hypothesis: A neural theory of
economic decision. Games and economic behavior. 2005;52(2):336-72.

Schwarz N, Clore GL. Mood, misattribution, and judgments of well-being:
Informative and directive functions of affective states. Journal of personality and
social psychology. 1983;45(3):513.

Loewenstein GF, Weber EU, Hsee CK, Welch N. Risk as feelings. Psychol Bull.
2001;127(2):267-86. PubMed PMID: 11316014.

Slovic P, Finucane ML, Peters E, MacGregor DG. Risk as analysis and risk as
feelings: Some thoughts about affect, reason, risk, and rationality. Risk analysis.
2004;24(2):311-22.

Hare TA, O'Doherty J, Camerer CF, Schultz W, Rangel A. Dissociating the role of
the orbitofrontal cortex and the striatum in the computation of goal values and
prediction errors. J Neurosci. 2008;28(22):5623-30. Epub 2008/05/30. doi:
28/22/5623 [pii]

10.1523/JNEUROSCI.1309-08.2008. PubMed PMID: 18509023.

Haxby JV, Guntupalli JS, Connolly AC, Halchenko YO, Conroy BR, Gobbini MI, et
al. A common, high-dimensional model of the representational space in human
ventral temporal cortex. Neuron. 2011;72(2):404-16. doi:
10.1016/j.neuron.2011.08.026. PubMed PMID: 22017997; PubMed Central
PMCID: PMC3201764.

Craig AD. How do you feel--now? The anterior insula and human awareness.
Nature Reviews Neuroscience. 2009;10(1):59-70. Epub 2008/12/20. doi: nrn2555
[pii]

10.1038/nrn2555. PubMed PMID: 190963609.

Chang LJ, Yarkoni T, Khaw MW, Sanfey AG. Decoding the role of the insula in
human cognition: functional parcellation and large-scale reverse inference. Cereb
Cortex. 2013;23(3):739-49. doi: 10.1093/cercor/bhs065. PubMed PMID: 22437053;
PubMed Central PMCID: PMC3563343.

17



Running head: Emotion as goal error

35.

36.

37.

38.

39.

40.

41,

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Naqvi NH, Rudrauf D, Damasio H, Bechara A. Damage to the insula disrupts
addiction to cigarette smoking. Science. 2007;315(5811):531-4. PubMed PMID:
17255515.

Ledoux J. The Emotional Brain. New York: Simon & Schuster; 1996.

De Martino B, Kumaran D, Seymour B, Dolan RJ. Frames, biases, and rational
decision-making in the human brain. Science. 2006;313(5787):684-7.

De Martino B, Camerer CF, Adolphs R. Amygdala damage eliminates monetary
loss aversion. Proceedings of the National Academy of Sciences.
2010;107(8):3788-92.

Bechara A, Damasio H, Damasio AR, Lee GP. Different contributions of the human
amygdala and ventromedial prefrontal cortex to decision-making. J Neurosci.
1999;19(13):5473-81. PubMed PMID: 10377356.

Loomes G, Sugden R. Regret theory: An alternative of rational choice under
uncertainty. Economic Journal. 1982;92:805-24.

Bell DE. Regret in decision making under uncertainty. Operations Research.
1982;33:1-27.

Geanakoplos J, Pearce D, Stacchetti E. Psychological games and sequential
rationality. Games Econ Behav. 1989;1(1):60-79.

Battigalli P, Dufwenberg M. Dynamic psychological games. Journal of Economic
Theory. 2009;144(1):1-35. doi: Doi 10.1016/J.Jet.2008.01.004. PubMed PMID:
1S1:000262945700001.

Rabin M. Incorporating fairness into game theory and economics. American
Economic Review. 1993;83(5):1281-302.

Dufwenberg M, Kirchsteiger G. A theory of sequential reciprocity. Games Econ
Behav. 2004;47(2):268-98.

Charness G, Dufwenberg M. Promises and partnership. Econometrica.
2006;74(6):1579-601.

Dufwenberg M. Marital investments, time consistency and emotions. Journal of
Economic Behavior and Organization. 2002;48(1):57-69.

Mellers B, Schwartz A, Ritov I. Elation and disappointment: Emotional responses to
risky options. Psychological Science. 1997;8:423-9.

Mellers B, Schwatz A, Ritov |. Emotion-based choice. Journal of Experimental
Psychology. 1999;128(3):332-45.

Doyle JC, Francis BA, Tannenbaum A. Feedback control theory: Macmillan
Publishing Company New York; 1992.

Rescorla RA, Wagner AR. A theory of pavlovian conditioning: Variations in the
effectiveness of reinforcement and nonreinforcement. In: Black AH, Prokasy WF,
editors. Classical Conditioning II: Appelton-Century-Crofts; 1972. p. 64-99.
Sutton RS. Learning to predict by the methods of temporal differences. Mach
Learn. 1988;3(1):9-44.

Schultz W, Dayan P, Montague PR. A neural substrate of prediction and reward.
Science. 1997;275(5306):1593-9. PubMed PMID: 9054347.

Montague PR, Dayan P, Sejnowski TJ. A framework for mesencephalic dopamine
systems based on predictive Hebbian learning. The Journal of neuroscience.
1996;16(5):1936-47.

O'Doherty JP, Dayan P, Friston K, Critchley H, Dolan RJ. Temporal difference
models and reward-related learning in the human brain. Neuron. 2003;38(2):329-
37. PubMed PMID: 12718865.

18



Running head: Emotion as goal error

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

McClure SM, Berns GS, Montague PR. Temporal prediction errors in a passive
learning task activate human striatum. Neuron. 2003;38(2):339-46.

Garrison J, Erdeniz B, Done J. Prediction error in reinforcement learning: A meta-
analysis of neuroimaging studies. Neuroscience & Biobehavioral Reviews.
2013;37(7):1297-310.

Simonson |. The influence of anticipating regret and responsibility on purchase
decisions. Journal of Consumer Research. 1992:105-18.

Zeelenberg M. Anticipated regret, expected feedback and behavioral decision
making. Journal of behavioral decision making. 1999;12(2):93-106.

Connolly T, Zeelenberg M. Regret in decision making. Current directions in
psychological science. 2002;11(6):212-6.

Gilovich T, Medvec VH. The experience of regret: what, when, and why.
Psychological review. 1995;102(2):379.

Coricelli G, Dolan RJ, Sirigu A. Brain, emotion and decision making: the
paradigmatic example of regret. Trends Cogn Sci. 2007;11(6):258-65. PubMed
PMID: 17475537.

Camille N, Coricelli G, Sallet J, Pradat-Diehl P, Duhamel JR, Sirigu A. The
involvement of the orbitofrontal cortex in the experience of regret. Science.
2004;304(5674):1167-70. PubMed PMID: 15155951.

Hayden BY, Pearson JM, Platt ML. Fictive reward signals in the anterior cingulate
cortex. Science. 2009;324(5929):948-50. doi: 10.1126/science.1168488. PubMed
PMID: 19443783; PubMed Central PMCID: PMC3096846.

Abe H, Lee D. Distributed coding of actual and hypothetical outcomes in the orbital
and dorsolateral prefrontal cortex. Neuron. 2011;70(4):731-41. doi:
10.1016/j.neuron.2011.03.026. PubMed PMID: 21609828; PubMed Central
PMCID: PMC3104017.

Steiner AP, Redish AD. Behavioral and neurophysiological correlates of regret in
rat decision-making on a neuroeconomic task. Nat Neurosci. 2014;17(7):995-1002.
doi: 10.1038/nn.3740. PubMed PMID: 24908102; PubMed Central PMCID:
PMC4113028.

Bowling M, Burch N, Johanson M, Tammelin O. Computer science. Heads-up limit
hold'em poker is solved. Science. 2015;347(6218):145-9. doi:
10.1126/science.1259433. PubMed PMID: 25574016.

Baumeister RF, Stillwell AM, Heatherton TF. Guilt: an interpersonal approach.
Psychol Bull. 1994;115(2):243-67. PubMed PMID: 8165271.

Regan DT, Williams M, Sparling S. Voluntary expiation of guilt: A field experiment.
Journal of Personality and Social Psychology. 1972;24(1):42.

Dufwenberg M, Gneezy U. Measuring beliefs in an experimental lost wallet game.
Games Econ Behav. 2000;30(2):163-82.

Reuben E, Sapienza P, Zingales L. Is mistrust self-fulfilling? Economics Letters.
2009;104(2):89-91. doi: Doi 10.1016/J.Econlet.2009.04.007. PubMed PMID:
1S1:000268442900013.

Nihonsugi T, Ihara A, Haruno M. Selective increase of intention-based economic
decisions by noninvasive brain stimulation to the dorsolateral prefrontal cortex. J
Neurosci. 2015;35(8):3412-9. doi: 10.1523/JNEUROSCI.3885-14.2015. PubMed
PMID: 25716841.

Vanberg C. Why Do People Keep Their Promises? An Experimental Test of Two
Explanations. Econometrica. 2008;76(6):1467-80. doi: Doi 10.3982/Ecta7673.
PubMed PMID: 1S1:000261055400008.

19



Running head: Emotion as goal error

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.
90.

o1.

Ellingsen T, Johannesson M, Tjotta S, Torsvik G. Testing guilt aversion. Games
and Economic Behavior. 2010;68(1):95-107. doi: Doi 10.1016/J.Geb.2009.04.021.
PubMed PMID: 1S1:000273928700008.

Wilson TD, Gilbert DT. Affective forecasting knowing what to want. Current
Directions in Psychological Science. 2005;14(3):131-4.

Loewenstein G, Schkade D. Wouldn't it be nice? Predicting future feelings. Well-
being: The foundations of hedonic psychology. 1999:85-105.

Wilson TD, Gilbert DT. Affective forecasting. Advances in experimental social
psychology. 2003;35:345-411.

Gilbert DT, Gill MJ, Wilson TD. The future is now: Temporal correction in affective
forecasting. Organizational Behavior and Human Decision Processes.
2002;88(1):430-44.

Van Boven L, Loewenstein G. Social projection of transient drive states. Pers Soc
Psychol Bull. 2003;29(9):1159-68. doi: 10.1177/0146167203254597. PubMed
PMID: 15189611.

Ariely D, Loewenstein G. The heat of the moment: The effect of sexual arousal on
sexual decision making. Journal of Behavioral Decision Making. 2006;19(2):87-98.
Mellers BA, McGraw AP. Anticipated emotions as guides to choice. Current
Directions in Psychological Science. 2001;10(6):210-4.

Sieff EM, Dawes RM, Loewenstein G. Anticipated versus actual reaction to HIV
test results. The American journal of psychology. 1999.

Brickman P, Coates D, Janoff-Bulman R. Lottery winners and accident victims: Is
happiness relative? Journal of personality and social psychology. 1978;36(8):917.
Kahneman D, Krueger AB, Schkade D, Schwarz N, Stone AA. Would you be
happier if you were richer? A focusing illusion. science. 2006;312(5782):1908-10.
Wilson TD, Wheatley T, Meyers JM, Gilbert DT, Axsom D. Focalism: a source of
durability bias in affective forecasting. J Pers Soc Psychol. 2000;78(5):821-36.
PubMed PMID: 10821192.

Gilbert DT, Wilson TD. Prospection: experiencing the future. Science.
2007;317(5843):1351-4. PubMed PMID: 17823345.

Barrett LF. Are Emotions Natural Kinds? Perspect Psychol Sci. 2006;1(1):28-58.
doi: Doi 10.1111/J.1745-6916.2006.00003.X. PubMed PMID:
WQOS:000207449900003.

Tversky A, Kahneman D. The framing of decisions and the psychology of choice.
Science. 1981;211(4481):453-8.

Larsen RJ, Fredrickson BL. Measurement issues in emotion research. 1999.
Nisbett RE, Wilson TD. Telling more than we can know: Verbal reports on mental
processes. Psychological review. 1977;84(3):231.

Schachter S, Singer J. Cognitive, social, and physiological determinants of
emotional state. Psychological review. 1962;69(5):379.

20



