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Abstract

Creating accurate computational models of human decision
making is a vital step towards the realization of socially in-
telligent systems capable of both predicting and simulating
human behavior. In modeling human decision making, a key
factor is the psychological phenomenon known as “framing”,
in which the preferences of a decision maker change in re-
sponse to contextual changes in decision problems. Existing
approaches treat framing as a one-dimensional contextual in-
fluence based on the perception of outcomes as either gains
or losses. However, empirical studies have shown that fram-
ing effects are much more multifaceted than one-dimensional
views of framing suggest. To address this limitation, we
propose an integrative approach to modeling framing which
combines the psychological principles of cognitive appraisal
theories and decision-theoretic notions of utility and proba-
bility. We show that this approach allows for both the identi-
fication and computation of the salient contextual factors in
a decision as well as modeling how they ultimately affect
the decision process. Furthermore, we show that our multi-
dimensional, appraisal-based approach can account for fram-
ing effects identified in the empirical literature which cannot
be addressed by one-dimensional theories, thereby promising
more accurate models of human behavior.

Introduction

Creating accurate computational models of human decision
making is a vital step towards the realization of socially in-
telligent systems capable of both predicting and simulating
human behavior. This is critical across a diverse range of ap-
plications such as those found in social simulation (Davids-
son 2001), virtual-human based training (Rickel et al. 2002),
interactive health intervention (Marsella, Johnson, and La-
Bore 2003; Bickmore, Gruber, and Picard 2005), and em-
bodied conversational agents (Gratch and Marsella 2004).
Additionally, accurate decision models are a necessary com-
ponent in prescriptive decision systems, which assist people
in making rational and goal-oriented decisions.

A key factor in modeling human decision making, and
one that has garnered little attention in the Al community,
is the phenomenon known as “framing”, in which the pref-
erences of an individual change in response to contextual
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changes in a decision scenario. In a seminal study involving
what is referred to as the Asian Disease Scenario (ADS),
Kahneman and Tversky (1979) demonstrated that changing
the description of an outcome can lead to dramatic shifts in
preference. The scenario, shown in Listing 1, consists of
two distinct frames in which the same underlying outcomes
are described, or framed, as either gains (survival frame) or
losses (mortality frame). For instance, the outcome of Pro-
gram A in the survival frame is equivalent to the outcome in
Program C of the mortality frame; both describe a situation
in which 200 people live while 400 die. In the original study,
72% of respondents in the survival frame preferred the risk-
averse choice of Program A. However, when presented with
the mortality frame, 78% preferred the risk-seeking choice
of Program D.

Imagine that the U.S. is preparing for the outbreak of an unusual
Asian disease, which is expected to kill 600 people. Two alternative
programs to combat the disease have been proposed. Assume that
the exact scientific estimate of the consequences of the programs
are as follows:

Survival Frame:

e Program A: 200 people will be saved.

e Program B: 1/3 probability that 600 people will be saved and 2/3
probability that none will be saved.

Mortality Frame:
e Program C: 400 people will die.

e Program D: 1/3 probability that nobody will die and 2/3 proba-
bility that 600 people will die.

Listing 1: Asian Disease Scenario

Subsequent studies involving domains as diverse as finan-
cial planning (Schoorman et al. 1994), taxes (Highhouse
and Paese 1996) and Acquired Immune Deficiency Syn-
drome (Levin and Chapman 1990) have also demonstrated
framing effects to varying degrees.

Existing approaches for modeling framing include Cu-
mulative Prospect Theory (CPT) (Tversky and Kahne-
man 1992) and the Security-Potential/Aspiration Model
(SP/A) (Lopes 1987). Both approaches model framing as a
one-dimensional contextual influence predicated on the per-
ception of outcomes as gains or losses. While both models
account for the classic framing effect, i.e., risk aversion in




gains and risk seeking in losses, numerous empirical studies
within the framing literature have shown a great deal of vari-
ance and inconsistency in the classic framing effect which
suggests that a one-dimensional view of framing is descrip-
tively incomplete (Schneider 1992; Bohm and Lind 1992;
Fagley and Miller 1987; Fagley and Kruger 1986).

In particular, one-dimensional approaches such as CPT
and SP/A have difficulty accounting for the moderating ef-
fects on framing brought about by providing choice ratio-
nale and the resistance to framing evinced by expert decision
makers.

In this work, we propose a framework for decision making
under risk which is descriptively flexible enough to model a
wide range of framing effects while remaining intuitive and
easily operationalizable. Specifically, we show that by em-
ploying psychological principles of cognitive appraisal we
can identify, extract, and compute the salient contextual as-
pects of a given decision scenario in a largely automated
manner. This appraisal information can then be used to in-
form a weighted utility function resulting in a decision pro-
cess which is descriptively more accurate than existing the-
ories.

Approach

Our approach in creating a contextually-based, descriptive,
decision framework consists of two primary components:
the computational appraisal of decision outcomes and a de-
cision evaluation function which incorporates the appraisal
information.

Cognitive Appraisal of Outcomes

The process of cognitive appraisal, as defined in Appraisal
Theory, is an evaluation of personal significance over several
dimensions regarding an individual’s relationship with her-
self, the environment, and others by which emotions are dif-
ferentiated and elicited for a given stimulus (Arnold 1960;
Lazarus 1991). It is precisely this assessment of personal
significance, with respect to the environment of the decision
maker, which provides us with a rich discretization of the
key contextual factors, or situational variables, involved in a
decision.

In this work, computational appraisal is defined as a func-
tion of diminishing sensitivity evaluated with respect to
some reference point. This definition represents both the
tendency of emotional habituation, in which continually in-
creasing affect loses poignancy, and the notion that emotions
and appraisals are elicited not by the outcomes themselves
but by the changes which accompany them (Frijda 2007).
This suggests an S-shaped function in which the reference
point serves as the point of inflection. Therefore, a logis-
tic function is employed to model diminishing sensitivity,
which forms the computational basis of appraisal, shown
in (1), in which the impact of ¢ diminishes as it moves fur-
ther from the reference point . Additionally, the constant £,
where k > 1, controls the degree of diminishing sensitivity.
The result of this function is a real value between —1 and 1
such that positive values correspond to positive appraisals,
e.g., appraisals of pleasantness, and negative values corre-
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Figure 1: Diminishing Sensitivity Function Plots

spond to negative appraisals, e.g., appraisals of unpleasant-
ness. Sample plots of the diminishing sensitivity function
are shown in Figures 1(a) and 1(b) in which both the refer-
ence point and the sensitivity, k, are respectively varied.

. 2
dimsens (t,r, k) = L0+ oxp (k= 7)) 1

In this work, we present three concrete appraisal func-
tions defined over outcomes: pleasantness, goal congruence,
and control. These three dimensions are chosen both be-
cause they are widely represented in the appraisal litera-
ture and can also be directly linked to notions of probability
and value, both of which are highly pertinent in decision-
theoretic domains.

It is important to note that our goal in this work is not
to implement a full computational model of appraisal, as
many promising implementations already exist (Gratch and
Marsella 2004; Aylett, Dias, and Paiva 2006; Dias and Paiva
2005; Si, Marsella, and Pynadath 2010). Rather, we seek
to leverage the principles underlying cognitive appraisal to
model the effect of framing on decision processes. More-
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over, while the three dimensions represented in our frame-
work comprise only a subset of the appraisal dimensions
found in the literature, they provide a foundation on which
to build a decision function.

In what follows, a decision scenario is represented using a
standard decision-theoretic representation. A scenario con-
sists of n distinct alternatives, in which the ith alternative
is labeled z;. Each alternative results in one of n; possible
outcomes, in which the jth outcome is denoted as outcome
x;,. The probability of obtaining outcome x; ;, when al-
ternative x; is chosen, is given by the probability function
p (x; ;). Additionally, the associated value of outcome x; ;
is v (z;, ;) and is generally encoded directly from the numer-
ical description of an outcome, e.g., amount of money won,
number of lives lost.

Pleasantness Pleasantness is the intrinsic attractiveness or
unattractiveness of an outcome. Appraisals of pleasantness
play a central role in many predominant structural theo-
ries of cognitive appraisal (Roseman 1984; Scherer 1982;
Smith and Ellsworth 1985; Ortony, Clore, and Collins 1990).
Pleasantness is an evaluation of value made with respect to
the status quo (sq) as in (2).

pleas (x; ;) = dimsens (v (x; ;) , s¢, k) (2)

The status quo serves as the reference point differentiat-
ing pleasant from unpleasant outcomes. In other words, out-
comes more preferred than the status quo are appraised as
pleasant, whereas less-preferred outcomes are perceived as
unpleasant. The status quo itself is the state resulting in no
change of current state for the decision-maker. In many de-
cision scenarios, an explicit status quo is not provided. Of-
tentimes, the most natural location for it, and which is usu-
ally implied by convention, is the state associated with the
0-value, e.g., 0 lives lost, 0 dollars gained.

Goal Congruence Goal congruence is the degree to which
an outcome fulfills the adopted goals of the decision maker
which are heavily influenced by standards, expectations,
and responsibilities. Goal congruence, like pleasantness, is
well represented in the appraisal literature (Scherer 1982;
Roseman 1984; Smith and Lazarus 1990). We represent goal
congruence as an evaluation of value made with respect to
the aspiration outcome (ao) as in (3).

ge (z; ;) = dimsens (v (x; ;) , ao,k) 3)
The aspiration outcome is the outcome which the deci-
sion maker aspires to and represents her adopted expecta-
tions, standards, morals, and obligations. Outcomes more
preferred than the aspiration outcome are said to be con-
gruent with the goals of the decision maker whereas less-
preferred outcomes are incongruent. It can be argued that a
rational location for the aspiration outcome is the maximum
expected value of the scenario. However, as noted earlier,
the imposition of external standards and expectations, even
when self-imposed, may influence the aspiration outcome.
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Control Control is a measure of the degree of agency and
influence that a decision maker has in a scenario. It is
conceptualized as both a form of agency (Roseman 1984;
Smith and Ellsworth 1985) and as a critical component in
coping potential (Smith and Lazarus 1990; Scherer 1982).
Control is an evaluation of decumulative probability made
with respect to some expectation of control (ec) as seen
in (4). The decumulative aspect of control, shown in (5),
is the total probability of achieving an outcome as good as
24, in which outcomes are ordered from worst to best by
value. This corresponds to the intuition that even a highly
uncertain outcome, i.e., an outcome with a very low proba-
bility of occurrence, can be perceived as highly controllable
if the other alternate outcomes are even more preferred. In
other words, control is implemented not as a function of like-
lihood over the occurrence of a singular outcome but rather
as a function of likelihood over the achievement of a certain
value threshold.

ctrl (x; ;) = dimsens (d (z; ;) , ec, k) 4)
d (@) =Y _p(@ir) (5)
k=j

The expectation of control establishes a reference point by
which it is judged whether outcomes are controllable or un-
controllable. While the expectation of control is certainly
influenced by situational variables such as the manner in
which the uncertainty in a scenario is described, it is also
subject to personal and individual factors such as locus of
control (Rotter 1966). The concept of locus of control dis-
tinguishes between two sources of control: internal and ex-
ternal. Internals tend to believe that they control their own
destiny and that outcomes are largely determined by their
efforts which is suggestive of a lower expectation of control.
That is, outcomes need only exceed a fairly low threshold
of likelihood in order to be perceived as controllable. Exter-
nals, on the other hand, tend to attribute successes or failures
to external forces such as nature, destiny, and other agents
which is suggestive of a higher expectation of control.

Contextually-Based Utility (CBU) Decision
Evaluation

The second component in our approach to modeling
contextually-based decision making is the implementation
of a decision function over the alternatives available in a de-
cision.

The CBU function evaluates an alternative, x;, and maps
it to a real-value such that z; is preferred at least as much
as alternative «; if and only if CBU (z;) > CBU (z;). The
CBU function takes the form of a standard decumulatively-
weighted utility function, also commonly referred to as a
rank-dependent utility model (Quiggin 1982); it is com-
prised of both a weighting component, w, and a utility func-
tion, u, as in (6) in which outcomes are ordered from worst
to best. The decumulative component, d (z; ;), is the total
probability that an outcome as good as x; ; will be obtained
and is defined identically to (5).
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CBU (z;) = ZW (d(zi5)) (u (i) —u(zij-1)) (6)

The decumulative form is employed to allow for the
variable weighting of outcomes, such as either an opti-
mistic over-weighting of desirable outcomes or a pessimistic
over-weighting of undesirable outcomes, while preserving
stochastic dominance. Stochastic dominance, stated simply,
is a highly desirable decision-theoretic principle asserting
that an alternative x; should be preferred at least as much as
alternative x; if all outcomes of x; are preferred at least as
much as the outcomes of ;.

In what follows, we show how the various dimensions of
our previously defined appraisal process relate to the weight-
ing and utility components of the CBU function. Specifi-
cally, we show that appraisals of control inform the weight-
ing component while appraisals of pleasantness and goal
congruence form a multi-attribute utility function.

Control as a Decision Weight The decision-weighting
function, a function of probability and likelihood, represents
the intensity and relative importance of a particular outcome.
Note that both our implementation of control, shown in (4),
and the weighting function w («; ;) are defined as functions
of decumulative probability. Therefore, we use the previ-
ously defined appraisal of control to inform the weighting
function.

The full control-based decumulative-weighting function,
w, is given in (7) in which the weighting function is the ap-
praisal of control normalized such that its range is between
0 and 1.

w (l’@j) = %ctrl (xi,j) -+ % (7)
Pleasantness and Goal Congruence as a Multi-Attribute
Utility Function The utility function, which maps an out-
come to a real value, is representative of the “goodness” of
an outcome and is independent of considerations of weight
or probability. We therefore employ the appraisals of pleas-
antness and goal congruence, both based on evaluations of
value, to inform the utility function.

We represent utility as a multi-attribute utility function
which models the trade-off between considerations of pleas-
antness and goal congruence as in (8), where 0 < o < 1
and in which v and 1 — « are the relative weights given to
considerations of pleasantness and goal congruence respec-
tively.

u(z; ;) = apleas (z; ;) + (1 — a) gc (z; 5) 8)

CBU and Decision Framing

We now show that our CBU framework can model a wide
range of framing effects not previously accounted for in
other computational models. Specifically, we show that
CBU can account for not only traditional framing effects but
also the impact of providing choice rationale and the role of
domain expertise.
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Survival Frame

| \

| Mortality Frame |

Status Quo 0 saved 0 die

Aspiration Normal dist. cen- | Normal dist. cen-
Outcome tered at 200 saved | tered at 400 die
Expectation || Normal dist. cen- | Normal dist. cen-
of Control tered at 0.5 tered at 0.5

a See Figure 2 See Figure 2

Table 1: Encoding for Asian Disease Scenario
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Figure 2: Asian Disease Scenario Framing using CBU

Classic Framing Effect

The Asian Disease Scenario (ADS), originally introduced by
Kahneman and Tversky (1979), still remains one of the most
prominent examples of the classic framing effect and is pre-
sented in its entirety in Listing 1. The original experiments
demonstrated that decision makers are generally risk averse
in the domain of gains (survival frame) and risk seeking in
the domain of losses (mortality frame).

The decision-theoretic representation of both the survival
and mortality frames is straightforward. Probabilities are
described explicitly and the values of outcomes are encoded
as the number of lives saved in the survival frame, e.g., “200
saved” is 200, and a negative value for the number of lives
lost in the mortality frame, e.g., “600 die” is —600.

To model the scenario using CBU, we additionally spec-
ify the CBU-related variables as shown in Table 1. The ADS
leaves several contextual variables underspecified with re-
spect to our framework. Therefore, we model the distribu-
tion of the aspiration outcome as a normal distribution where
the mean is the arguably rational expected value of the sce-
nario. Specifically, this is the value associated with “200
saved” and “400 die” in the survival and mortality frames
respectively. Additionally, we model the expectation of con-
trol as a normal distribution with a mean of % which fol-
lows from empirical studies on expectations of control (Rot-
ter 1975). Lastly, we interpret o, which controls the relative
weight given to considerations of pleasantness and goal con-
gruence, as being highly situational and is therefore treated
as an independent variable. The plot of the resulting CBU
function is shown in Figure 2 in which the x-axis models
variations in «, and the y-axis corresponds to the relative
strength of preference for the sure-thing alternative. The
shaded area of the plot is the region in which the relative
preference for the sure-thing choice exceeds that of the risky
option.



The plot shows that the CBU framework does predict risk-
averse behavior in the survival frame. However, in the mor-
tality frame, risk-seeking behavior is not evidenced until the
value of «, representative of the relative weight given to con-
siderations of pleasantness, is sufficiently high. The con-
sistency of preference in the survival frame is due to the
proximity of the status quo and aspiration outcome which
lead to similar appraisals of pleasantness and goal congru-
ence and ultimately a risk-averse preference. Alternatively,
in the mortality frame the status quo and aspiration outcome
are highly differentiated which lead to conflicting appraisals
and a subsequently greater variance in preference depending
on the value of a. These findings echo the empirical work
of Schneider (1992) showing that while preferences for risk
aversion in positive frames are robust, preferences for nega-
tively framed options, while generally risk seeking, are weak
and inconsistent.

Choice Rationale

When decision makers must provide a justification for their
decisions, framing effects are reduced. In a series of ex-
periments conducted with university students involving the
ADS, subjects were informed they would be providing
choice rationale. While results in the survival frame were
consistent with classical framing effects, i.e., majority risk-
averse preferences, preferences in the mortality frame were
not significantly risk seeking (Fagley and Miller 1987).

Neither CPT or SP/A Theory can explicitly account for
this effect due to their one-dimensional view of framing.
In both theories, the parameters controlling the behavior
of the decision evaluation functions are contingent only on
whether an outcome is perceived as a gain or a loss.

Within the CBU framework, we model the provision of
choice rationale as an emphasis on considerations of goal
congruence. Specifically, it is modeled as a reduction in «,
which corresponds to a reduction in the weight associated
with considerations of pleasantness and an increase in con-
siderations of goal congruence. Therefore, a modified utility
function, 1 (z;,;), as seen in (9) is employed in these situa-
tions.

. 8 8
Uz ;) = 1—00z pleas (z; ;) + (1 - 10@) ge (zi5) (9)

In encoding this variation of the ADS we employ the orig-
inal encoding of both the outcomes and the CBU-related
variables as in Table 1. The plot of the rationale-adjusted
frames and the standard frames is shown in Figure 3 .

The plot shows that while an enhanced sense of goal con-
gruence has no effect in the survival frame, it does play a
moderating role in the mortality frame which is consistent
with the original study by Fagley and Miller (1987). Ad-
ditionally, our model predicts that this moderating effect is
stronger when considerations of pleasantness are sufficiently
high - something which we hope to explore in future work.

"Plots for the survival frame and the rationale-adjusted survival
frame are essentially identical and therefore overlap
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Figure 3: ADS Rationale Framing in CBU

Domain Expertise

Another framing phenomena is the resistance to framing ef-
fects shown by experts. In a study involving school psychol-
ogists and a student dropout scenario similar to the ADS,
where outcomes are described as either the number of chil-
dren who stay in school (positive framing) or the num-
ber that drop out (negative framing), psychologists demon-
strated highly consistent risk-averse preferences when com-
pared to control subjects (Fagley and Kruger 1986).

Both PT and SP/A are unable to account for the effect of
expertise. Again, it is due to their one-dimensional view of
contextual influence. And since there is no clear link be-
tween the perception of outcomes as gains or losses and de-
cision expertise, both PT and SP/A theory are silent regard-
ing its effect on framing.

Within the CBU model we represent expertise in a deci-
sion domain as an emphasis on considerations of goal con-
gruence as well as differences in aspiration outcomes. These
differences in aspiration are representative of the prior ex-
pectations expert decision makers possess and which sub-
sequently influence other decisions based in their respec-
tive areas of expertise. In this sense, we model expertise
in a manner prescribed by the Probabilistic Mental Model
(PMM) Theory (Gigerenzer, Hoffrage, and Kleinbolting
1991), which posits that decision makers often make deci-
sions based on information constructed from past, non-local,
experience and knowledge. For instance, in the study involv-
ing school psychologists, we may assume that the adopted
expectations of the psychologists are much lower than the
expected value of the drop-out scenario 2.

To model decision expertise, we employ an encoding for
the outcomes and CBU-related variables similarly to the
ADS scenario as in Table 1. Additionally, we use the modi-
fied utility function, G (z; ;), in (9) to emphasize considera-
tions of goal congruence and either a high (normal distribu-
tion centered at “400 stay in school”/*200 dropout”) or low
(normal distribution centered at “100 stay in school”/*500
dropout”) aspiration outcome. The plot for both positive and
negative frames in both conditions is shown in Figure 4.

Data from the U.S. Department of Education shows that drop-
out rates in the United States have declined only about 3.5% from
1972 to 1992 (McMillen 1993) which suggests that an expectation
of preventing % of students from dropping out is overly optimistic
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The results show that lower prior expectations tend to
shift preferences for both frames towards risk aversion and
increase consistency of choice between frames. Alterna-
tively, adopting higher expectations shifts preferences to-
wards risk seeking and marginally increases choice con-
sistency. This suggests that possessing prior expectations
which differ from the situational expected value may lead
to a reduction in the framing effect. Moreover, while this is
consistent with previous empirical research on expertise, our
model also implies that the “directionality” of prior expec-
tations are important. Specifically, they play an integral role
in the overall risk preferences and the degree of choice con-
sistency of the decision maker which has yet to be validated
in empirical studies.

Conclusion

Computational models of human decision making are be-
coming more important in a wider range of applications.
Therefore, it is vital that these models can account for a
broad range of human behavior while remaining readily im-
plementable. One well-established hallmark of human deci-
sion behavior, typically problematic for theories of choice, is
the phenomenon of framing, by which the same underlying
problem described differently produces different results.

Existing approaches at modeling framing treat it as a one-
dimensional contextual influence and therefore lack the de-
scriptive flexibility to account for a broad range of behavior.
Therefore, we have proposed a contextually-sensitive deci-
sion framework which integrates the psychological princi-
ples of cognitive appraisal with traditional decision-theoretic
approaches for modeling preferences. In particular, we have
shown that appraisals of pleasantness and goal congruence
can be used in a multi-attribute utility function while ap-
praisals of control inform the weighting function.

Furthermore, by employing the CBU framework and us-
ing examples based on the classic Asian Disease Scenario
and a school dropout scenario, we show that our frame-
work is descriptively flexible enough to account not only for
classical framing effects but also allow for the provision of
choice rationale and domain expertise.
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