standard scales such as Barratt’s Impulsiveness Scale (Bickel et al., 2001; Crean et all,
2002). Furthermore, neuroeconomic studies have revealed that addiction to drugs of
abuse is strongly associated with delay discounting (Bickel et al., 2006; Ohmura et al.,
2005).

Subjects also discount the value of uncertain rewards as the probability of receiving
the rewards decreases (Rachlin et al., 1991; Reynolds et al., 2004; Ohmura et al., 2005).
This behavioral tendency has been referred to as "probability discounting”
(psychologically, also referred to as "uncertainty aversion” or “risk aversion”). Rachlin
et al (1991) have proposed the following exponential and hyperbolic
probability-discounting functions:

V= Aexp(-k,0) 3)
and
V= A/(1+k;0), 4

where V,, is a subjective discounted value of a probabilistic reward, A is the value
when p = 1, O is the odds against = (1/p)-1 (proportional to an average waiting time in a
repeated gambling), and k, is the probability discount rate. k; indicates the degree to
which one discounts the uncertain reward. Several studies found that hyperbolic
probability discounting function (Equation 4) fits the behavioral data better than the
exponential discount function (Equation 3). It can be said that k; is a subject's
uncertainty aversion parameter when A >0 (gain); while k, is an uncertainty-seeking
parameter when A<0 (loss). Hence, subjects with large k;, values prefer small likely
rewards to large unlikely ones, but avoid small certain loss more strongly than large
uncertain loss. In contrast to delay discounting, little is known regarding the relationship
between probability discounting and self-reported impulsivity.

By employing these discounting frameworks, recent studies have reported that
pathological gamblers discount delayed rewards more rapidly than controls (Petry,
2001a; Alessi et al., 2003; Dixon et al., 2003; Dixon et al., 2006, but see MacKillop et
al., 2006). These studies demonstrated that there may be common neuropsychological
processes between pathological gambling and addiction, since addicts also discount
delayed rewards more rapidly than non-drug-dependent subjects (Bickel et al., 2001:
Kirby et al., 1999; Richards et al., 1999; Reynolds et al., 2004;: Ohmura et al., 2005;
Passetti et al., 2007). However, to date, no study systematically employed delay and
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probability discounting framework in order to investigate neuropsychological processes

underlying disadvantageous choices in the lowa gambling task (IGT). Moreover, little is
known concerning the relationship between gambling behavior and probability
discounting. Only Holt, Green, and Myerson’s study (2003) extensively studied the
relationship between gambling and probability discounting in college students. They
reported that gamblers discounted probabilistic rewards less steeply than non-gamblers,
suggesting that gamblers are impulsive in the sense that they are less affected by risk
than non-gamblers; on the other hand, gamblers did not discount delayed rewards more
steeply than non-gamblers. Considering that little is known regarding the relationships
between probability discounting of reward and punishment, and pathological gambling,
it is important to further examine the relationship between pathological gambling and
probability discounting. We next present our experimental data concerning the
relationship between self-reported impulsivity, delay and probability discounting of gain
and loss.

1.3 Experiment of delay and probability discounting

Participants

A total of 50 subjects participated in the present study. They are graduate or
undergraduate students of a major national university in Japan. They were recruited
through advertisements that were posted in the bulletin boards of university. The
participants were informed that the experiment involved decision-making tasks on
monetary gains and losses. They signed an informed consent form and received 1000
yen (about $10) after the experiment for participation.

Materials and Procedure
We used a computerized procedure to assess the degrees of delay and probability
discounting. We also used hypothetical monetary outcomes because Johnson and Bickel
(2002) showed a strong correlation between discounting rates for hypothetical and real
monetary gains, and previous studies demonstrated that discounting rates for
hypothetical and real money were not significantly different (Madden et al., 2003, 2004;
Lagorio et al., 2005). The computerized task was composed of four types of discounting
tasks (i.e. delay discounting of gain, probability discounting of gain, delay discounting
of loss, probability discounting of loss).

Participants were seated individually in a quiet room and received the
following simple instruction on the computer screen “From now, you are required to

perform tasks of decision-making on monetary reward/loss. The task is to choose
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between two options. The monetary reward/loss in this experiment is hypothetical, but
we want you to think as though it is real money.” After that, they were received
instructions about the four types of the tasks (delay discounting of gain, probability
discounting of gain, delay discounting of loss, probability discounting of loss) with
corresponding examples. After the instructions, they were asked to choose between the
2 cards displayed on the computer monitor. One card described money delivered
immediately (or certainly, in the probability discounting tasks) and the other card
described money delivered after a certain delay (or with a certain degree of probability,
in the probability discounting tasks). The left card indicated the amounts of money that
could be received (or lost, in the tasks of discounting of loss) immediately (or certainly,
in the probability discounting tasks), and the right card was indicated 100,000 yen
(about 1,000 dollars) that could be received (or lost, in the tasks of discounting loss)
after a certain delay (or with a certain probability) The amount of money changed from
100,000 yen to 5,000 yen (from -100,000 yen to -5,000 yen, in loss-frame tasks) by
5000 yen and the delay changed within five values (1 week, 1 month, 6 months, 1 year,
5 years) and the probability also changed within five values (90%, 70%, 50%, 30%,
10%). These changes were computerized according to the algorithm of Richards et al.
(1999b). This algorithm is designed to change the type of tasks and the amount of
money in accordance with foregoing choices, and to discover the point that the
preference of the participant switches from right to left (or from left to right). The value
of the algorithm is it requires consistent responding in order to determine the
indifference point. The switching point was regarded as an indifference point and used
to analyze the data. In the present study, 20 indifference points (i.e. (Probability +
Delay) X Gain-Loss) were determined. This algorithm is devised to mask the nature of
procedure. In the present study, distracter trials were inserted after 10 indifference
points were determined (for more details, see Richards et al. 1999b). The entire

experiment procedure took about 0.5-1 h to complete.

Data analysis

Area Under the Curve (AUC) as discounting parameter

In order to determine the degree to which each subjects discounted delayed and
uncertain monetary gains and losses, we adopted the Area Under the Curve (AUC;
Myerson et al., 2001) for each of the four discounting tasks. The value of AUC is the
area under a line graph made by plotting indifference points when normalizing the
horizontal axis (delay or odds-against=1/probability-1) and the vertical axis (subjective
value) (for the detail of calculation procedure, see Myerson et al., 2001; Ohmura et al.,
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2005). It should be noted that smaller AUC values indicate more dramatic discounting.
The rationale for employing AUCs is as follows: (1) previous studies (Lane et al., 2003;
Ohmura et al., 2006) have shown that the skewness of the distribution of AUCs is
relatively small, in comparison to other discounting parameters calculated by fitting
results to specific functions (e.g., hyperbolic k), and (2) because AUCs do not depend
on a fitting function, there are no data loss and equation type-dependent systematic
errors. Given that the purpose of the present-study was to investigate the relationship
between discounting behavior and personality questionnaires rather than to determine
the best discounting function to fit the data, AUCs appear to be an appropriate measure.
It should be also noted that we used the algorithm devised by Richards et al. (1999) to
prevent unreliable responses of participants because AUCs may reflect unreliable
responses.

Additionally, we examined how the participants discounted the four types of
monetary outcomes (delayed and probabilistic, gains and losses), because little has been
known regarding whether delayed/ probabilistic losses are discounted hyperbolically,
although it is well established that delayed and probabilistic gains are discounted
hyperbolically, rather than exponentially (e.g. Mazur 1987; Rachlin et al. 1991;
Richards et al. 1999b; Simpson and Vuchinich 2000). Specifically, we performed
non-linear regression (SAS, PROC NLIN) to fit discounting functions (hyperbolic and
exponential functions) to medians of indifference points at each delay or probability. To

examine which equation better fits the data, we compare the R* values of the hyperbolic

and exponential equations,

Personality questionnaires

Barratt’s Impulsiveness Scale, version 11 (BIS-11: Patton et al., 1995)

The BIS-11 Japanese version (Someya et al., 2001) contains a total of 30 items and
requires respondents to answer how frequently (rarely/never, occasionally, often, almost
always/always) each statement applies to themselves, Because it has been shown that
there are three factors (Patton et al., 1995), we analyzed the data using each factor, as
well as the total score. Three factors are as follows: Attentional Impulsiveness (Al),

Motor Impulsiveness(MI) and Nonplanning Impulsiveness(NI) (Patton et al., 1995).

Sensation Seeking Scale (SSS, Form IV: Zuckerman et al., 1971)

We have also assessed subjects’ sensation secking (Zuckerman 1979; Harmsen et al.,
2006). The SSS (Form IV) Japanese version (Terasaki et al., 1987) contains a total of 38
items, although the original SSS contains 72 items. It should be noted that this revision
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by Terasaki et al. (1987) is based on the results of a factor analysis with a large sample
size (N=889), with the validity of Japanese version being confirmed in a second study
(Terasaki et al., 1988). This questionnaire requires respondents to choose one of two
statements that best applies to themselves. There are four dimensions: Thrill and
Adventure Seeking (TA), “*a desire to engage in sports or activities involving speed or
danger”; Experience Seeking (ES), “the seeking of experience through the mind and
senses, travel and a nonconforming life style”; Disinhibition (DI), “the desire for social
and sexual disinhibition”; and Boredom Susceptibility, “an aversion to repetition,
routine, and dull people, and restlessness when things are unchanging” (Zuckerman,
1971). We analyzed the data using each factor, in addition to the total score.

In order to examine the relationship between self-reported impulsivity and the
four types of discounting behavior, we conducted correlation analyses between them.
Pearson’s product-moment correlation coefficients were utilized for examining the
relationships between the AUCs of four types of discounting behavior. Because
self-reported impulsivity scale scores did not normally distributed, Spearman’s
rank-order correlation coefficients were calculated for the relationships between
Barratt’s Impulsiveness Scale/Sensation Seeking Scale and the degrees of the four types
of discounting behavior parameterized with AUC Furthermore, the relationships of the
factors in each scale to the four types of discounting behavior were also examined in the

same manner. Significant level was set at 5% throughout.

Results

Goodness of Fit for Hyperbolic & Exponential Functions

All the R” values of the hyperbolic function for the group data (>0.97) were larger than those of the
exponential function (<0.95), indicating that the subjects discounted all of the four types of monetary
outcomes (i.e., delayed and probabilistic gains and losses) hyperbolically, rather than exponentially,
as a number of previous studies have reported (e.g. Rachlin et al. 1991; Richards et al. 1999; Bickel
et al, 1999, Takahashi, 2005).

Correlation between Delay and Probability Discounting of gain and loss

There was a significant positive correlation between delay discounting of gains and
losses (r=0.47, p<.01). On the contrary, there was a significant negative correlation
between probability discounting of gains and losses (r=—0.48, p<.01). In other words,
subjects who strongly discounted uncertain gains dramatically avoided possible losses.
This indicates that subject who prefers large uncertain rewards to small certain ones do

not seriously consider potential danger with small probabilities.




For gains, delay and probability discounting were positively correlated (r=0.27,
p<.01); in contrast, for losses, delay and probability discounting were not significantly
correlated (p=.05). This implies that distinct neuropsychological processes may mediate
probability discounting of gains and losses

Relationship between Self-reported impulsivity and discounting behavior

Spearman’s rank correlation coefficients between self-reported impulsivity (i.e., BIS
and S8S) and the four types of discounting behavior (parametrized with AUC) are
presented in Table 1. It is to be noted that smaller AUC values correspond to stronger
(i.e., steeper) discounting. Therefore, a negative correlation between the self-reported
impulsivity scale and AUC is equivalent to a positive correlation between the scale and
discounting. We observed that BIS was significantly correlated with delay discounting
of losses and SSS was significantly associated with probability discounting of gains,

We further examined the relationships between the four types of discounting
behavior and factors in BIS (Table 2) and SSS (Table 3). Generally, factors in BIS were
more strongly related to discounting behavior. Because probability discounting is
considerably related to gambling behavior, we now focus on the relations regarding
probability discounting. Attentional impulsiveness (AI) in BIS and Thrill and Adventure
seeking (TA) in SSS were significantly correlated with the AUC of probability
discounting of gain, implying that subjects with high Al and TA prefer large uncertain
gains to small certain ones, which may result in gambling behavior. Additionally, it is
natural that nonplanning impulsiveness (NI) was associated with rapid discounting of
delayed gains (smaller AUC).

Implications of our behavioral data for gambling behavior

Our present experiment has two important points for an understanding of gambling
behavior: (i), factors in self-reported impulsivity (i.e., attentional impulsiveness and a
thrill and adventure seeking tendency) were strongly associated with preference for
uncertain rewards, and (ii) there was a negative relationship between probability
discounting of gains and losses. The first point is consistent with our intuition. The
second point is also important in that this indicates that subjects who prefer large
uncertain rewards to small certain ones simultaneously prefer large uncertain loss to

small certain loss. In other words, subjects may be either risk-seeking (or risk-aversive)

in both gain and loss domains (“risk” refers to uncertainty in the acquisition of rewards
and potential loss here). Based on these current findings, we propose that discounting
frameworks may be useful for a better understanding of deficits in the IGT (lowa




gambling task), which is the most standard laboratory experimental task for
investigating gambling behavior.

2. Discounting theory and the lowa gambling task (1GT)

As noted above, Rachlin’s probability discounting theory can be best applied to a
repeated gambling paradigm such as the lowa gambling task (IGT). In the probability
discounting theory, a devaluation of uncertain outcomes corresponds to delay
discounting of uncertain outcomes in repeated gambles. Therefore, “foresight” and
“future myopia” in probability discounting in Rachlin’s sense is well defined in relation
to delay discounting. In order to apply probability discounting theory to the IGT, we
should more closely look at outcomes (rewards and punishments) and their associated
probabilities for the four decks in the IGT.

Among several variants in the versions of the IGT, in this study we focus on the
original version of the IGT employed in Bechara et al (2000), (i.e., the "ABCD"
version). In this version of the IGT, subjects are required to choose between four decks
A, B, C, and D. Each deck is associated with a (regular and certain) positive outcome (a
reward) and uncertain negative outcomes (probabilistic punishments). We indicate the
probability of ecach uncertain punishment with the magnitude of Ay, (dollars) by
Ploss(Aloss) associated with each deck; while the amount of the regular (i.e., certain)
rewards by A, (dollars). It is to be noted that in this version of the IGT, there is no
uncertainty in the gain domain (i.e., pgin(Again)=1 for all decks). For deck A and B,
Agin=$100; while for deck C and D, Ay;;=$50. The punishments associated with the
decks are more complicated. Deck A is associated with five uncertain losses of which
magnitudes were $150, $300, $200, $250, and $350, with the same probabilities=0.1;
namely, p(Ajoss=150)=p(A10s=300)=p(A}0ss=200)=p(A}10ss=250)= p(Aj0es=350)=0.1. Deck
B is associated with a large uncertain punishment of $1250 of which probability is
p(Aiss=1250)=0.1, Deck C is associated with three uncertain punishments: $50, $25,
and $75 of which probabilities are p(Ajs=50)=0.25, p(Ajs=25)=0.125, and
p(A1ss=75)=0.125, respectively. Finally, Deck D is associated with an uncertain
punishment of $250 with the probability of p(Aj,=250)=0.1. It is important to note that
the good decks are deck C and D (providing a mean return of $25>0; rewarding in a
long run); while bad decks are deck A and B (providing a mean return of - $25, i.e., an
average, long-run outcome is a loss). As noted above, several psychiatric/neurological
patients prefer the bad decks (A and B) to the good decks (C and D); while healthy
controls prefer the good decks (C and D) to the bad decks (A and B) (Bechara et al.,
1994; 2000; 2002).

— 139 —




Because we propose that decision in the IGT is determined by probability
discounting, it is necessary to compute the values of all decks A-B based on the
probability-discounting function (Equation 2). We show an instance of a procedure to
perform this calculation for deck A alone, in order to avoid showing long simple
calculations.

For deck A, Vj puin(Agin=100)=$100 (no probability discounting for gains)
(Bechara et al., 1994; 2000; 2002). The total value of the uncertain punishments
associated with deck A is:
150/[1+kp(1/0.1-1) 4300/ 1+kp(1/0.1-1) 200/ 1+kp(1/0.1-1) 4250/ 1 +k,(1/0.1-1)]+
350/[1+ky(1/0.1-1)]=1250/(1+9k,). Note that k, is a hyperbolic probability
discounting rate defined in equation 4. Therefore, the total (probability-discounted)
value of deck A =V(A) is [(value of gain of deck A)-(value of punishments of deck
A)J=100-1250/(1+9k,). After similar calculations, we obtain, V(B)=100-1250/(1+9kp),
V(C)=50-[50/(1+3kp)+100/(1+7ky)], and V(D)=50-250/(14+9k,), where V(x) indicates
the value of deck x (x=A, B, C, D) [1]. Therefore, the value of "bad decks" is
[V(A)+V(B)]/2; while the value of "good decks" is [V(C)+V(D)]/2 (these quantities can
now be explicitly expressed in terms of kp, a future myopia parameter in probability
discounting).

We should next explore the condition for advantageous performance in the IGT
(preference for "good decks" over "bad decks"); i.e, [V(A)+V(B)])/2 < [V(C)+V(D))/2.
After numerically solving this inequality, we obtain (0<)k,<2.082 (approximately 2.1)
as a condition for preference for good decks over bad decks (i.e., advantageous
performance in the lowa gambling task). It is important to again note that k, indicates
the degree of "future myopia in probability discounting” (i.e., large k, indicates
insensitivity to future consequences of repeated gambling) and k, is not strongly
associated with kp in a delay discounting task (in equation 2) (Ohmura et al., 2005),
Previous studies observed that healthy (control) subject's k, (the degree of future
myopia in probability discounting) is approximately 1-1.5 < 2.1 (Reynolds et al., 2004;
Ohmura et al., 2005). Therefore, the present hypothesis that decision in the IGT is
determined by "future myopia in probability discounting"(=k;), successfully explains
healthy control subject's ability to choose advantageous decks (i.e., deck C, D) in the
IGT.

Let us now see numerical examples predicted from our hypothesis. The values of
decks A and B are: V(A)=$13.8, V(B)=$13.8, V(C)=$32.2, and V(D)=$32.8, when
k,=1.5 (a typical k; value in healthy subjects (Reynolds et al., 2004; Ohmura et al.,
2005)). This indicates that good decks are much more valuable than bad decks, for




typical healthy subjects. When k,=1, V(A)=V(B)= -$25 (<0) and V(C)=V(D)=+825,
consistent with the aforementioned mathematical characteristic of the present
framework: a subjective value of an uncertain outcome in hyperbolic
probability-discounting equals a statistical expected value when k;=1 (also confirming
the validity of our calculations of values of the decks). On the contrary, when k;=2.5
(>2.1, a high degree of "future myopia in probability discounting" in Rachlin’s sense),
V(A)=V(B)=%46.8, V(C)=$32.1, and V(D)=$39.4. This demonstrates that deck A and B
("bad decks") are more preferred than deck C and D ("good decks") by subjects with a
high degree of future myopia in probability discounting (i.e., ky>2.1). The additional
important point here is that V(A)=V(B)>0 (perceived as gains rather than /osses by
subjects) when k,>1.28, although long-term (mean) returns from these decks are
negative (=$25).

Finally, it should be noted that the rate of probability discounting of loss is a more
appropriate predictor of performance in IGT, since the essential distinction between
good and bad decks exists in potential punishments. Therefore, future studies should
examine the relationship between performance in the IGT and probability discounting
of loss, rather than probability discounting of gain. Furthermore, a recent study
demonstrated that control subjects had more strong “myopic loss aversion” than
ventromedial patients (Shiv et al, 2005). Future studies should examine the
neuropsychological processes underlying myopic loss aversion, by utilizing delay and

probability discounting framework.

3. Conclusions

In this study, we propose that the discounting theory (especially a parameter of
probability discounting of loss) may be useful for a neuroeconomic understanding of
pathological gambling. The reason is that pathological gambling is characterized by
insensitivity to potential bad consequences in the long-run. In this theoretical
framework, “future myopia” in the somatic marker hypothesis is well defined by
Rachlin’s theoretical equivalence of delay and probabilistic uncertainty. Furthermore,
we observed that factors in self-reported impulsivity scales were associated with
preference for large but uncertain outcomes. Hence, self-reported impulsivity is also an
important determinant of gambling behavior, since reward from gambling is large but
uncertain. Future studies should examine neuropsychological processing underlying
probability discounting of loss, in order to elucidate risky gambling behavior. An
assessment of probability discounting of loss by ventromedial patients and pathological

gamblers may be helpful.
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Table | Correlation between self-reported impulsivity and AUCs of discounting.

BIS SSS
Delay Discounting
Gain -0.23" -0.09
Loss -0.34* -0.10
Probability Discounting
Gain 0.19 028 *
Loss -0.21 -0.08

discounting. *p<.05 'p<.10

Note that a negative (positive) correlation between

AUC and scales indicates a

positive (negative) correlation, because smaller AUC values correspond to stronger




Table 2. Correlation between factors in BIS and AUCs of discounting.

BIS Al MI NI
Delay Discounting
Gain -0.237 -0.03 -0.25" 0.28 *
Loss 0.34 % -0.11 -0.33* -0.30 % |
Probability Discounting
Gain 0.19 0,30 * 0.04 0.11
Loss -0.21 -0.237 -0.05 -0.237

positive (negative) correlation, because smaller AUC values correspond to stronger
discounting. *p<.05 "p<.10

|
Note that a negative (positive) correlation between AUC and scales indicates a
148



Table 3. Correlation between factors in BIS and AUCs of discounting.

SSS TAS ES Dis BS
Delay Discounting
Gain -0.09 -0.02 -0.08 -0.17 -0.16
Loss -0.10 -0.07 -0.14 0.13 0.03
Probability Discounting
Gain 0.28 * 0.29 * 0.20 0.15 0.04
Loss -0.10 -0.08 0.01 -0.09 -0.02

discounting. *p<.05 'p<.10

Note that a negative (positive) correlation between AUC and scales indicates a

positive (negative) correlation, because smaller AUC values correspond to stronger
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1. Introduction

lowa Gambling Task (1GT) [1.2] is a behavioral experiment task that investigates action selection under
an environment with probabilistic outcome. It is known that patients with lesions on ventromedial
prefrontal cortex (VMPFC) and amygdala tend to show impaired action selection, that is, failure in
learning to select beneficial actions and continue choosing non-beneficial actions, These brain areas are
associated with Somatic Marker hypothesis [S] (the function to leamn outcome of actions through
emotional reactions), and the impairment of action selection has been attributed to the damage of Somatic
Marker functions.  Thus, the valence model was widely used to analyze the result of IGT tasks, which
is parameterized by the weight w between positive and negative stimulus.  However, the impairment of
action selection by VMPFC-lesioned patients may come from the myopic behavior of the patients,
making larger discount on temporally distant results [6].  Since IGT has temporally unchanging structure,
we cannot directly test myopicity; but if we use a behavioral model based on Rachlin's probabilistic
discounting theory [3], that describes correlation between probabilistic discounting and temporal
discounting, we can make an indirect analysis of myopicity on the result of IGT.

In this study, we compared the estimated parameters by the existing valence model and proposed
probability discounting model on the set of IGT behavioral data, which include both the original IGT and
variant IGT (with inversed penalties and rewards) for healthy subjects and VMPFC-lesioned patients.

2. lowa Gambling Task

In lowa Gambling Task (IGT), the subject repeatedly chooses one card deck out of four. The subject
gains some virtual money, whose amount is fixed for each deck. After that, the subject may lose some
money, whose amount and probability also depend on the chosen deck. The goal of the task is to increase
the virtual money as much as possible, starting with $2,000 through the game.

Two of the four decks (A and B) have assigned a large fixed gain $100 with large loss so that the
mean benefit from the decks is negative, while the other two (C and D) have assigned a small fixed gain
$40 and smaller loss so that the mean benefit from the decks is positive.

It is known that healthy subjects are tend to choose good decks (C and D) in the long run, unlike the
patients with lesions on ventromedial prefrontal cortex (VMPFC) or amygdala, who tend to choose bad
decks (A and B). It is said that the lesions on these brain regions causes deficit in somatic marker,
which plays an important role in learning against large penalty.

In this study, we performed experiments with the variant version of IGT as well as original IGT.
The variant IGT has the reversed setting, that is, fixed loss and probabilistic gain.

o . E . E

a Fixed gain 5100 5100 550

b. Loss probability
. Average loss value 5250 $1 250 550 5250
d. Mean Benefit [a+bc) - 525 -525  +525 +525

- BEEn

a Fixed loss - 5100 ‘.-SO SIOO 550
b. Gain probability 10%
¢ Average gain value 51250 SSO 5250 5250
d. Mean benefit fatbe)  +5%25  -$25 4825  -828
Figure 1. lowa Gambling Task



3. Data Analysis with RL Models

In this study, we analyzed the behavioral data with reinforcement learning-based models to extract
the characteristics of the subjects' choice. In the theory of reinforcement learning, the choice of
action is considered as a decision process based on the (subjective) values of actions, and the values
are decided from the past experience of the choice of action and its result. We can model this
process using a pair of a value judgment model and an action selection model.

In this study, we compared two value judgment models in terms of most likely parameters. The
parameters of models for each subject are calculated so that the probability distribution of action
selection predicted by the model give the maximum likelihood for the actual action selections taken
by the subject. As for action selection model, we adopt Soft-max model, which gives the
probability P(a) of selecting action a at time , using the estimated value V{a) of choosing deck a at
time ¢ and reverse temperature /f (corresponding to the consistency of action selection):

eB V()

P.(a) = Ea' BV @)

Environment

Action

Figure 2. Diagram of Reinforce Leamning Models
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4. Data and Models

In this study, we compared parameter distributions for healthy and VMPFC-lesioned subjects
between existing valence model and proposed probability-discounting model. To exclude
inaccurate parameter values caused by bad fitting, we used the parameter values only when the
Akaike Information Criterion of the model for a subject is above the baseline (uniform distribution
model).

# subjects _ Fitfor Fit for
probability-discount model|valence model
Healthy 38 25 29
Original 20 18 18
Variant 18 9 13
VMPFC 12 8 9
Original 10 7 8
Variant 2 I 1

4.1. Existing Method: Valence model
In Valence Model, the estimated value is updated based on the following formula.

Vi(a) = V;_1(a) + y[ri(a) — V;—1(a)]
n@=w-rf(@+@1-w) r(a)
where y( 05y=1 ) is the parameter for update speed (larger y makes the estimation closer to the outcome

of the last action r, and ignores older outcomes), and w ( 0SwS1 ) is the weighting parameter between
positive outcome r,” and negative outcome r, (larger w overweights positive outcome.)

4.2. Proposed Method: Probability-Discounting model

In probability discounting model [3], an event with probability p is cognitively processed through the
average waiting time, that is, the expected number of trials until the next occurrence of the event (1/p - 1),
Such a model can deal with "myopic" subjects, who tend to discount events with large average waiting
time. Such a discounting can be modeled by hyperbolic delay discounting using parameter h:

_ 1/p
dp) =717 h(1/p —1)

When h>1, the model tend to neglect probabilistic events; when h<lI, the model tend to be sensitive for
probabilistic events.

Our model independently updates the value ¥ of certain outcomes and value ¥’ of probabilistic
outcomes, and calculates the final estimated value V using the estimated probability p,(a) of probabilistic

VR Vi(a) = VS (a) +y[rf(a) = VS, (a)]
VP (a) = VP (a) + y[rF (a) = VP 1 (a)]
Vi(a) = V¥ (a) + d(p.(a)) -V} (a)

5. Results and Discussions

Figures 4 and 5 show the distribution of parameters for the model-fit cases. [In existing valence
model, the estimated parameter w showed no significant difference between healthy subject group and
VMPFC-lesioned patient group. On the other hand, using the proposed probability discounting model,
we found significant different (p<.05) of discounting parameter h between healthy and VMPFC-lesioned
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