To protect the rights of the author(s) and publisher we inform you that this PDF is an uncorrected proof for internal business use only by the author(s), editor(s), reviewer(s), Elsevier and
typesetter TNQ Books and Journals Pvt Ltd. It is not allowed to publish this proof online or in print. This proof copy is the copyright property of the publisher and is confidential until formal

publication.

c0017

b0010 SUMMARY

[AU1]

Chapter

17

There is no more potent a motive in life than to pre-
serve the integrity of the self. Our existence as autono-
mous agents rests on the ability to detect a multiplicity
of dangers and threats and respond to them both
expediently and effectively. The most important sig-
naling mechanism for imminent harm is the pain
system, and it is unsurprising that the quintessential
aversive nature of pain serves as a metaphor for non-
nociceptive ill feelings. This speaks to the core phenom-
enological status of pain as providing the most potent
signal of imminent harm. Underlying this emotional
content are two central properties: conscious percep-
tion of unpleasantness and induction of behavior that
serves to terminate current and minimize future pain-
ful occurrences.

Despite impressive progress in understanding the
peripheral and spinal mechanisms of nociception
(Hunt and Mantyh 2001, Woolf and Ma 2007, Basbaum
et al 2009), we know relatively little about how the
brain uses this input to give rise to pain perception
and behavior. A systems-level account of pain behavior
demands an understanding that spans three distinct
levels (Marr 1983) (Fig. 17-1). The first level identifies
the specific nature of the problems facing an organ-
ism that are ultimately solved by having a pain system.
The second level deals with how these problems are
solved at a theoretical level. The third level concerns
how these solutions are implemented in the brain.
Ultimately, the phenomenology of pain arises from
processes that subsume all three levels.

The principal function of the pain system is to mini-
mize tissue damage. The breadth of the subjective
components of pain, in terms of the perceptual, cogni-
tive, and affective processes evoked, reflects a coordi-
nated engagement of multiple systems. Furthermore,
different types of injury and different environmental
and physiological contexts can have very different
manifestations on behavior (Eccleston and Crombez
1999, Fields 1999, Price 2000, Villemure and Bushnell
2002, Wiech et al 2008), thus revealing a complexity of
levels that argues against any simple, unified model of
pain. However, there are undoubtedly core processes
that span the diversity of pain experiences, and we
focus on this aspect in this chapter.

First we describe how pain perception can be
viewed as a problem of inference about the causes
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of a potentially harmful event. We then describe how
motivational value is a key component of this pro-
cess and how it incorporates not just pain itself but
equally the prediction of pain. We discuss how pain
and pain prediction lead to an additional set of moti-
vational states related to relief and discuss opponent
models of motivation. Next, we illustrate how motiva-
tional learning can be used to drive decision making
by outlining how innate, habit-like, and goal-directed
decision-making systems underlie three distinct value
and decision-making systems in the brain. Finally, we
adopt a behavioral economic perspective and dis-
cuss insights into pain that stem from an axiomatic
approach to choice.

PERCEPTION OF AVERSIVENESS

The perception of both pain intensity and pain aversiveness
is not a simple feedforward process that reads out the ampli-
tude of an ascending nociceptive signal to evoke a conscious
unpleasant sensation (Apkarian et al 2005). A wide variety
of factors influence perception, including expectation, uncer-
tainty, multisensory input, behavioral and environmental con-
text, emotional and motivational state, self versus externally
induced pain, and controllability (Eccleston and Crombez
1999, Price 2000, Villemure and Bushnell 2002, Fields 2004,
Wiech et al 2008, Ossipov et al 2010, Tracey 2010). This
illustrates the complex process by which the brain constructs
the sensory and emotional sensation of pain and challenges
any standard “perception—action” model.

The best-studied contribution to perception comes from
expectation, not the least since this lies at the heart of the pla-
cebo and nocebo analgesic effect (Price et al 2008). In brief,
expectation generally biases perception in the direction of that
expectation: if one expects a higher degree of pain than is
inflicted, the pain is typically felt as more painful. An expec-
tation of mild or no pain similarly reduces actual pain. The
source of information from which an expectation is derived is
diverse and ranges from the implicit information inherent in
pavlovian conditioning to explicitly provided verbal instruc-
tion, and a multitude of experimental manipulations attest to
the ubiquity and complexity of these effects and their biologi-
cal correlates (Voudouris et al 1989, Montgomery and Kirsch
1997, Price et al 1999, Benedetti et al 2005).

Underneath this apparent complexity may lie a relatively
simple model, which we propose here. An expectation can be
considered as a belief, and this in turn can be formalized as a

1

10017-KOLTZENBURG-9780702040597

$0010
p0010

p0040

[AU2]

p0045




To protect the rights of the author(s) and publisher we inform you that this PDF is an uncorrected proof for internal business use only by the author(s), editor(s), reviewer(s), Elsevier and
typesetter TNQ Books and Journals Pvt Ltd. It is not allowed to publish this proof online or in print. This proof copy is the copyright property of the publisher and is confidential until formal
publication.

0050

f0010

f0015

probability distribution over possible intensities of pain (Fig.
17-2A). In the simplest case, this could be a prediction about
the intensity of pain at a given point in time. Accordingly, the
belief distribution incorporates the full breadth of an expecta-
tion with a mean intensity and uncertainty.

The relevance of this distribution comes from how this infor-
mation is integrated with pain itself, although the exact nature
of this integration has yet to be determined precisely. Possibly
the most plausible way is to consider the effects of pain expec-
tancy on a par with the effects of expectancy in other sensory
modalities (e.g., Yuille and Kersten 2006, Feldman and Friston
2010), which consider the incoming sensory input as a probabil-
ity distribution (in a similar fashion to expectancy) (Fig. 17-2B).

| Computational problem |
Evolutionary Natural ststistics of the environment, diversity
considerations of extra- and intra-sprcies threats
-~
A4
Algorithmic solution
Mechanistic Mathematical solutions to
considerations computational problems
-~
A 4
Neural implementation
Neurophysiological How neutons, neurotransmitters, networks
considerations of brain regions achieve solution

Figure 17-1. Mechanistic approach to pain. This derives from the approach
to systems and computational neuroscience attributable to David Marr. Each
of these levels are independent from each other. The first level defines the
computational problem that organisms face and must solve in pursuit of self-
preservation. The second level speaks to the solution, in algorithmic terms,
that an organism actually uses, for example, normative theories that for-
malize how an organism should optimize behavior to minimize pain within
the constraints of evolution and the natural statistics of the environment.
The third level addresses how this solution is implemented in the brain, for
instance, in terms of the activity of neurons, neurotransmitter systems, net-
work activities, and other processes.

In this manner, pain perception becomes a problem of inference
in which one tries to infer the most likely intensity of an external
nociceptive event given two sources of information, each with
their own uncertainty. From a statistical perspective, the optimal
way to make this inference is to use the Bayes rule, which sim-
ply involves multiplying (and normalizing) the two distributions
(Fig. 17-2C). This accounts for the observation that more certain
expectancies (i.e., more narrow distributions) appear to exert a
stronger influence on subsequent pain (Brown et al 2008).

There is one further important component of pain percep-
tion that underlies the well-described distinction between the
sensory perception of intensity and the emotional percep-
tion of unpleasantness. Whereas perception of intensity can
be thought of as representing an accurate statistical estimate
of the nature of the pain, the perception of unpleasantness
incorporates the overall motivational significance of that
pain to the individual. In this way it is clear that the same
pain can have very different motivational significance in dif-
ferent physiological, behavioral, and environmental contexts.
This can be illustrated in an experimental procedure called
“counter-conditioning”—a pavlovian paradigm in which a
painful stimulus repeatedly precedes a pleasant reward of
some sort (Erofeeva 1916, 1921; Pearce and Dickinson 1975)
(Fig. 17-3). As an individual learns the association between
the pain and the reward, the aversiveness of the pain is dimin-
ished despite an apparently intact ability to appreciate the
intensity of the pain. Indeed, this phenomena has sometimes
been used as a psychological strategy in the clinical manage-
ment of pain (Turk et al 1987, Slifer et al 1995).

The concepts of motivational value and utility lie at the
heart of emotional accounts of pain. In economic theories of
value (discussed in more depth below), the overall expected
value of an event is equal to the mean of the product of the
probability and value. Thus, since the value function is mono-
tonically increasing (more pain is always worse than less
pain), perceptual uncertainty about pain should exert a more
dominant effect when above, as opposed to when below, a
mean expectation. Although behavioral data suggest that this
may well be the case (Arntz and Lousberg 1990, Arntz et al
1991), well-designed studies manipulating the statistics of
expectancy and painful stimulation are lacking.
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Figure 17-2. Pain affect as inference. A, An expectation of any sort contains some sort of information about the nature of a forthcoming stimulus, for
example, temperature, as shown here. This information may have variable fidelity and be represented as a probability distribution across possible events and
hence captures the statistical knowledge embedded within an expectation. Narrow distributions represent more certain expectations. In principle, any aspect
of pain, including intensity, timing, and duration, can be a component of an expectation. B, Ascending nociceptive information can itself be represented as a
probability distribution that captures how likely a certain intensity of stimulus (temperature) is given ascending input. Again, a narrow distribution implies
more certain information. C, Making an inference involves integrating the expectation (the “prior”) with the ascending nociceptive input (the “likelihood”)
to estimate the most likely underlying intensity (the “posterior”) by taking all sources of information into account.
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Even though simple expectancy phenomena may exert an
influence on pain affect, it seems unlikely that this explains
other instances of modulation (Basbaum and Fields 1978,
Fanselow and Baackes 1982, Willer et al 1984, Lester and
Fanselow 1985, Gebhart 2004, Granot et al 2008). In particu-
lar, pain modulation often displays a sensitivity to behavioral
context beyond which an account based on the mean motiva-
tional value of pain can explain. Instead, modulation appears
to be the result of a “decision” by the pain system (Fields
2006) (e.g., by reducing ascending nociceptive input), which
necessitates an account of how motivation and value relate to
decision making.

MOTIVATION AND VALUE

The concept of value captures the implications that a painful
episode has on the overall welfare of the individual. In prin-
ciple, value can be defined on a transitive scale of preferences:
pain A has a smaller aversive value than pain B if it is consis-
tently preferred in a forced choice between the two. A dominant
approach to understanding motivation in animals and humans
has been study of the acquisition of value by events that predict
an event of intrinsic value (such as pain). Thus not only does
pain itself have aversive value, but so also do events that predict
its probable occurrence; when fully predicted in this way, pain
merely fulfils its expectation. The core mechanisms of predic-
tion have been studied for decades via pavlovian conditioning,
which despite its apparent simplicity, betrays a complex and
critically important set of processes that lie at the heart of ani-
mal and human motivation (Mackintosh 1983) (Fig. 17-4).
The conditioned response has two important properties.
First, it is not merely a copy of the unconditioned response
(stimulus substitution) but is appropriate to anticipation of
the painful event. Second, it is not unitary in nature but con-
sists of stimulus-specific and general affective components.
Stimulus-specific responses reflect the precise nature of the
pain being anticipated (e.g., leg flexion in anticipation of foot

Pain response
Pre-learning H
test
o2 =
.‘ . -

Conditioning 5 ¢ - Reward
procedure \.—'—/

=
Post-learning H =
test

Figure 17-3. Counter-conditioning. In this example, a painful injection is
paired with a tasty snack in a pavlovian (i.e., classic) conditioning procedure.
Before learning, the pain induces innate aversive responses, but after repeated
pairing, the reward (appetitive) prediction causes appetitive responses to be
elicited.

Pain response

shock or eye blink in response to a puff of air onto the eye);
general responses are specific only to valence and are shared
across predictions for any aversive outcome, with the key
example being a withdrawal response. Such general aversive
responses seem to betray a unitary underlying aversive moti-
vational system, and ingenious experimental designs such as
trans-reinforcer blocking provide good evidence of this con-
cept (see (Dickinson and Dearing 1979).

One of the challenges in the study of pavlovian moti-
vation is to understand how value is acquired. The impor-
tance of statistical contingency is illustrated by the fact that
increasing magnitude, probability, and temporal proximity
of a painful stimulus increase the magnitude of the pavlov-
ian value (Mackintosh 1983). Furthermore, it is known that
learning depends on a prediction error—difference between
the expected and actual value of an outcome. Thus, if an
outcome is worse (more painful) than expected, the aversive
value of the preceding cue increases, and if it is better than
expected, the aversive cue value diminishes. This is captured
within reinforcement learning models of pain condition-
ing (Seymour et al 2004, Dayan and Seymour 2009), which
describe in algorithmic terms what quantities the brain uses in
constructing representations of aversive motivational value.
Reinforcement learning models are similar to the well-known
Rescorla—Wagner (1972) error-based learning rule but extend
them to real-time learning in which pavlovian cues can trans-
fer value to each other when chains of them occur in sequen-
tial relationships (Sutton and Barto 1987, 1998) (Fig. 17-5).

In the example below, consider a sequence of states that
end in a terminal state in which pain is experienced. The goal
of learning is to predict the value of the pain expected to occur
if one finds oneself at state 1 (i.e., to learn to make predictions
as early as possible). Early in learning, the states immediately

Pre-learning .
test §

No response

Unconditioned response (leg flexion)

¢ '«
Unconditioned stimulus (UCS)
Conditioning
procedure | * & | ¢ @
Conditioned
stimulus (CS)
Conditioned
response (CR):
. - . specific (leg flexion), and
fec;?t learning ¥ & K general (withdrawal)

Figure 17-4. Pavlovian conditioning. The basic pavlovian conditioning
paradigm involves predictive pairing between a cue (the conditioned stimulus)
and a painful stimulus (the unconditioned stimulus) and results in the acqui-
sition of a response (the conditioned response) to the cue. The conditioned
response illustrates the acquisition of value, and its magnitude correlates with
the magnitude of the unconditioned stimulus. Conditioned responses can be
specific to the nature of the anticipated threat, such as arm flexion, or general,
such as withdrawal.
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Figure 17-5. Temporal difference (TD) learning. TD learning deals with the problem of how to make predictions about rewards or punishments when they
occur at variable delays and with variable probabilities. It assigns all states a value that is equal to the total reward or punishment that is expected to occur if
you find yourself in that state. This total reflects the sum of expected future outcomes but typically discounts outcomes that occur in the more distant future.
The key feature of TD learning comes from the way in which these values are learned. Instead of waiting for the outcomes themselves, it uses the value of the
next state as a surrogate estimate of the true value and thus “bootstraps” value predictions together. State values can then be learned by using a simple error-
based learning rule in which the error between the expected and actual value of successive states is used to update the value of the preceding state, which to
an extent depends on the learning rate. (From Seymour B, O’Doberty | P, Dayan P, et al 2004 Temporal difference models describe higher-order learning in

humans. Nature 429:664-667, Fig. 2.)
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Figure 17-6. Konorksian and Solomon-Corbit opponency. A, Konorskian opponency deals with the relationship between phasic inhibitors of excitatory
aversive and appetitive states. These give rise to two opponent states, relief and disappointment, respectively. B, Solomon-Corbit opponency derives from

states (and their predictors) that relate to the offset of tonically present states.

preceding the terminal pain state acquire aversive value, but
with more experience, the value is transferred backward to
earlier states. Beyond this simple example, the value-learning
process can easily be modified to incorporate discounting of
future options and probabilistic state transitions (Kaelbling
et al 1996, Sutton and Barto 1998).

RELIEF, REWARD, AND OPPONENCY

The fact that not experiencing pain when expected can be
subjectively rewarding illustrates the special relationship
between pain (and punishment more generally) and reward

(Cabanac 1971). Relief represents a counter-factual state and
is bestowed with rewarding properties entirely on the basis of
an unfulfilled prediction of aversiveness.

The motivational basis of relief has a long history in experi-
mental psychology and comes in two forms. The first relates
to the omission of an otherwise expected phasic punishment
and is the opposite of disappointment (Fig. 17-6). Konorski
(1967) first formalized this mutually inhibitory relationship
in experimental paradigms such as conditioned inhibition. In
this case, presentation of a cue that predicts that an otherwise
expected pain stimulus is omitted acquires appetitive proper-
ties, as demonstrated by the difficulty in getting such cues to
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Figure 17-7. Schemes of opponency. There are three basic ways of implementing opponent appetitive and aversive motivational representations at a neural
level. A study investigating incorporated predictors of the offset of phasic tonic pain via functional magnetic resonance imaging found evidence to support
the third way, the mirror opponent pattern, by aversive coding in the lateral orbitofrontal cortex, appetitive coding in the amygdala, and mixed coding in the
striatum. (From Seymour B, O’Doberty | P, Koltzenburg M, et al 2005 Opponent appetitive-aversive neural processes underlie predictive learning of pain

relief. Nature Neuroscience 8:1234-1240, Figs. 3 and 4.)

acquire aversive contingencies (retardation) and their ability
to reduce aversive responses when paired with an aversive cue
motivation (summation) (Rescorla 1969).

A slightly different type of relief occurs when tonically pre-
sented pain is terminated or reduced. Solomon and Corbit
(1974) described how a prolonged aversive state leads to a
compensatory rebound affective state when relieved: the lon-
ger and greater the magnitude of the aversive state, the more
pronounced the pleasantness of the relief state. This illustrates
the importance of the relationship between tonic and phasic
states, with phasic events being judged not so much by their
absolute value but by the relative advantage that they con-
fer in comparison to an existing norm or baseline affective
state (Seymour et al 2005, Baliki et al 2010). This is a natu-
ral way to motivate homeostatic behavior and can easily be
incorporated within a learning framework by learning the
value of states over two different time scales (Schwartz 1993,
Mahadevan 1996): a slowly learned baseline affective state
and a rapidly learned phasic affective state. In this way, a slow
time scale component can act prospectively as the comparator
for future expected events.

There are three possible schemes by which appetitive and
aversive motivational systems might be implemented (ulti-
mately at a neural level) (Fig. 17-7): a single system cod-
ing that spans both rewards and punishments, a rectified
opponency scheme in which only positive quantities are
coded by distinct reward and punishment arms, and a mir-
ror opponency scheme in which the reward and punishment
arms code the full range of positive and negative outcomes
(which might incorporate a limited amount of rectification).
Although studies are limited, existing neurophysiological

evidence supports a mirror opponency scheme (Seymour
et al 2005).

In real-world aversive behavior, probably the most impor-
tant role of opponency lies in controlling the later stages of
instrumental escape and avoidance behavior, where reward-
ing property endowed to the avoided state is able to reinforce
behavior (discussed below). In human pain research, oppo-
nency also arises in placebo analgesia paradigms, which typi-
cally use conditioned inhibition designs; for example, placebo
analgesic treatment is associated with covert reduction in oth-
erwise expected pain, and thus the placebo treatment becomes
a conditioned inhibitor. However, motivational opponency
deals with the ability of placebo treatment to motivate behav-
ior, and this may be distinct from an effect on perception of
the subsequent pain state itself (Fig. 17-8). This echoes the
distinction between “liking” a relief state (conditioned anal-
gesia: a perceptual phenomenon) and “wanting” it (condi-
tioned reinforcement: a motivational phenomenon), both of
which can be studied with pavlovian paradigms.

ACTION AND DECISION MAKING

Ultimately, the evolutionary justification for pain rests on
its ability to engage action that reduces harm. Action is cen-
tral to theories of motivation and allows an organism to
control its environment. The simplest forms of action are
the innate responses directly associated with pain and the
acquisition of pavlovian pain responses. However, this sim-
plicity is superficial since it conceals a complex and highly
specific array of behavior (Bolles 1970, Fanselow 1980, Gray
1987, Fanselow 1994). This includes complex repertoires of
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aggressive (e.g., rearing, fighting) and fear-related (e.g., flee-
ing and freezing) responses, often with strong sensitivity to
the specific nature of the environment. Despite the sophistica-
tion of these responses, they ultimately depend on a “hard-
wired” innate system of action, which lacks the flexibility to
deal with the diversity and uncertainty of many real-world
complex environments. This shortcoming is overcome by
instrumental learning (operant conditioning) (Mackintosh
1983), which combines the ability to engage in novel actions
with the capacity to assess their merits based on an outcome;
actions that appear to lead to beneficial outcomes are rein-
forced (rewards), and actions that lead to aversive outcomes
such as pain are inhibited (punishments).

Instrumental learning in the face of pain can take two
forms. In escape learning, actions lead to the termination of
a tonically occurring pain stimulus, whereas in avoidance
learning, it leads to omission of the otherwise expected onset
of pain (Mowrer 1951). These distinct paradigms illustrate
several important points about the relationship between pav-
lovian and instrumental learning and between rewards and
punishments. First, instrumental learning harbors the prob-
lem of how one selects novel actions in the first place before
their outcomes are known. Pavlovian learning often “primes”
actions away from punishments, and indeed it might often be
difficult to know when an action is fundamentally pavlovian
or instrumental (Dayan et al 2006). Thus, early in learning,
actions may be dominated by pavlovian responses, but control
is transferred to instrumental actions once their benefit can
be reinforced. Second, escape behavior often precedes avoid-
ance; as escape from a tonic punishment is learned, this action

will often be elicited earlier and earlier until it ultimately pre-
cedes onset of the stimulus (if this is predictable by some sort
of cue). Finally, the nature of instrumental learning changes
through the course of acquisition: as successful escape and
avoidance actions are discovered, the outcome acts as a relief
(i.e., a conditioned inhibitor or “safety state”) from the pre-
ceding punishment, which is thought to reinforce behavior as
though it were a primary reward (Brown and Jacobs 1949,
Dinsmoor 2001). The nature of relief after escape and avoid-
ance parallels the Solomon—Corbit and Konorskian opponent
motivational states, respectively, and illustrates their impor-
tance in action control.

Pavlovian responses and simple instrumental action systems
(“habits”) all harbor a common property; namely, they are
ultimately “reflexive” since they evoke action in response to
events in the environment: either pain itself or cues that act as
conditioned (for pavlovian responses) or discriminative (for
instrumental actions) stimuli. However, animals and humans
often engage in action spontaneously, ostensibly to honor
their goals. Goal-directed action represents a fundamentally
different value and action system, a central property of which
is reliance on internal representation of the outcome of an
action. This representation is central both to the ability to
plan actions to influence the likelihood of an outcome’s occur-
rence (to increase or decrease it for rewards or punishments,
respectively) and to experimental endeavors to differentiate
goal-directed actions from stimulus-evoked habits. The lat-
ter has typically relied on the sensitivity of action to some
aspect of the motivational state, such as hunger or satiety. For
example, goal-directed actions for food are characteristically

Learning 1: 2 / Pain
(Pavlovian conditioning) j
g ¥

S No pain
Learning 2: j / —
(Conditioned inhibition) + It

j_ / Pain
Test: + r

\ 1. Reduces pain response
2. Motivates behavior

Pain response

Figure 17-8. Relief and conditioned
inhibitors. A conditioned inhibitor of pain
predicts the absence of otherwise expected
pain; in this example, the image of the
doctor with a needle acts as an excitatory
pavlovian aversive cue, and the green topi-
cal cream acts as the conditioned inhibitor.
The conditioned inhibitor has two distinct
effects. First, it can modify the subsequent
experience of pain (“liking” a relief state)
if it occurs, and this relieving sensation may
in part be opioid dependent, as in placebo
analgesia (Amanzio and Benedetti 1999).
Second, it is associated with the reinforc-
ing state (“wanting”) of relief that moti-
vates action and may in part be dopamine
dependent (Beninger et al 1980a, 1980b;
Moutoussis et al 2008; Bromberg-Martin
et al 2010).

Pain response
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sensitive to satiety, with a reduced motivation for food when
sated implying a reappraisal of the value of the goal in the
context of the motivational state, a process that does not
occur for habit-like actions. Although indirect evidence of this
dissociation exists in aversive learning, for instance, by using
ambient temperature to manipulate the value of a heat source
(Hendersen and Graham 1979) and using emetics to manipu-
late the value of food (Balleine and Dickinson 1991), there
has as yet been no clear demonstration in studies of pain.
Another possible source by which actions and values can
be acquired is through vicarious observation, and indeed in
social organisms such as humans, this may well be one of the
predominant sources of information. Observational motiva-
tional learning can take two forms: imitation, in which one
merely reproduces the actions of another, and emulation, in
which one “reverse-engineers” the goals of the action to infer
its value. It is important to note that the informational value
of vicarious learning is a different construct from empathy
and schadenfreude. This describes the “other-regarding”
motivational value associated with pain witnessed in oth-
ers and depends on the existing nature of the relationship
between each: cooperative pairs share empathy, and competi-
tive pairs exhibit positive feelings derived from the distress of
others (Singer et al 2006). Thus, empathy is an aversive state
because an individual would engage in actions to reduce harm
to a conspecific, and this is distinct from the positive infor-
mational value associated with understanding what chain of
events led to the conspecific receiving pain in the first place.

ECONOMIC APPROACHES TO PAIN

Economic approaches to pain are founded on an axiomatic
treatment of value along the key dimensions of amount, prob-
ability, and time (Kahneman and Tversky 1979, Camerer
2003). In stark contrast to clinical and psychological
approaches to pain, an economic approach relies little, if at
all, on subjective rating of pain to infer its underlying moti-
vational value, a quantity referred to as “experienced util-
ity.” Rather, it relies on observing the decisions that people
make regarding pain to infer a value, or “decision utility.”
Behavioral economists have long recognized the dissociation
between these two quantities, as manifested, for instance, by

the fact that people’s subjective rating of goods is a poor pre-
dictor of their subsequent purchasing behavior.

At the heart of economic theories of value is the concept of
utility, which is effectively analogous to motivational value
in experimental psychology. Importantly, for most quanti-
ties (including pain), utility is not linearly related to amount
(Cabanac 1986, Rottenstreich and Hsee 2001, Berns et al
2008b) (the amount might refer to the intensity of pain, its
duration, or the number of episodes of pain). However utility
functions are generally monotonically increasing and typically
concave, as shown in Figure 17-9A.

Different approaches can be used to establish the shape of
the utility function. One is to identify preference indifference
between differing amounts and probabilities of a “good,” typ-
ically the certainty equivalent to a 50% chance of receiving
the good, but this is complicated by the observation that peo-
ple clearly overweigh low probabilities of pain (Rottenstreich
and Hsee 2001, Berns et al 2008a). A different approach is
to assess indifference between pain and some other good,
such as the loss of money (see Fig. 17-9B). Importantly, most
approaches rely on trading two options, and using preference
to infer utility in this way makes assessment incentive compat-
ible; therefore, it makes submitting true judgments rational in
a way that passive subjective ratings are not.

Relief can be addressed in a similar manner, with individu-
als making preference judgments between financial loss and
pain by allowing them to buy relief from otherwise expected
pain. This sort of behavioral task is ultimately a (goal-directed)
avoidance paradigm since it requires evaluation of the net util-
ity of an anticipated amount of pain relief and a super-added
financial cost. One way of illustrating subsequent behavior
is to express utility as a demand curve (Fig. 17-9C), which
shows how much relief a hypothetical “shop” would sell as a
function of different prices (Vlaev et al 2009).

A distinct component of economic utility is its sensitivity to
time, and it is well documented that people discount rewards
that occur successively in the future. However, discounting
studies of pain have revealed a surprising result: many people
prefer to experience a painful stimulus now over an equivalent
stimulus in the future (Berns et al 2006). This is potentially an
important observation since it suggests that the actual process
of anticipating pain is aversive in itself (termed “affect rich”).

® ®

Utility curve for pain
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©
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Figure 17-9. A, Hypothetical utility function for pain. The slope of the function becomes shallower with increasing amount, thus illustrating decreasing
marginal utility at greater amounts, and hence a marginal increase in pain has less additional impact as the overall amount of pain increases. B, Hypothetical
indifference curves plotting the differing quantities of two amounts of a good (in this example loss of money and amount of pain) between which an individual
is indifferent. The two lines represent two net amounts of utility, equivalent to contour lines of equal utility on a plane of utility. C Demand curves illustrate
the amount of pain relief that would be consumed if relief were sold at a certain price. Relief from higher pain is more leftward, thus indicating that it would

sell well at higher prices.
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In other words, not only does future pain carry the aversive
utility of that expectation, but there is also added aversive util-
ity associated with the state of anticipation per se (Loewenstein
2006). This sort of inverse discounting has potentially impor-
tant implications for patient decision making about their health
since it suggests that people will prefer to “get pain out of the
way” if they have the option. Although this seems advanta-
geous, such as by encouraging someone to undergo a painful
investigation sooner rather than later, it may mean that peo-
ple avoid the actual process of thinking about possible future
pain when contemplating actions with less clear-cut outcomes
(Dayan and Seymour 2009, Huys and Dayan 2009).

CONCLUSION

Studies of the emotional and motivational basis of pain reveal
a diverse and complex set of processes by which the affec-
tive experience of pain is realized. Current research seeks a
mechanistic account informed by disciplines such as engineer-
ing, computer science, and economics, and this may be criti-
cal in understanding how the emotional phenomenology of
unpleasantness is generated.

We can draw several broad conclusions. First, pain cannot
be explained purely by a simple perception—action model
in which peripheral nociceptive signals reflexively evoke a
negative emotion. Rather, pain reflects the continuous state
of a system that incorporates expectations and beliefs; the

behavioral, physiological, and motivation state of the self;
and the goals and intentions of future action. Understand-
ing the relationship between online learning and state rep-
resentation is likely to be critical in understanding how
chronic pain develops as a pathological entity (Apkarian
et al 2009).

Second, pain is unlikely to be underpinned by a single uni-
fied motivational value system. Rather, evidence points to a
number of distinct systems of action, including innate, habit-
like, and goal-directed systems. Furthermore, these systems
may be distinct from the process of pain perception, from
which the human conscious judgment of unpleasantness
derives. Understanding these multiple value systems, espe-
cially the interactions among them, is likely to be critical for
interpreting the results from animal experiments, in which
explicit judgments are not possible.

Third, understanding decision making is likely to be critical
for understanding the complexity of intrinsic pain modulation
pathways. It remains an important challenge to understand
to what extent pain modulation can be explained by simple
perceptual processes and to what extent it derives from a
“decision” by the pain system. In the case of the latter, under-
standing the underlying control system for such decisions may
hold the key to novel analgesic strategies in humans.

p0170

p0175

The references for this chapter can be found at wwi= po180

expertconsult.com.
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