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COMMENTS ON NEUROECONOMICS

ARIEL RUBINSTEIN

The University of Tel Aviv Cafes and Department of Economics, New York
University

Neuroeconomics is examined critically using data on the response times of
subjects who were asked to express their preferences in the context of the
Allais Paradox. Different patterns of choice are found among the fast and
slow responders. This suggests that we try to identify types of economic
agents by the time they take to make their choices. Nevertheless, it is argued
that it is far from clear if and how neuroeconomics will change economics.

1. THE BOTTOM LINE

Let me start with the bottom line: Neuroeconomics will remain a hot
topic in economics during the coming decade, probably one of the hottest.
This is not because of any truth that is waiting to be discovered or some
urgent real-world problem that needs to be solved. Rather, the evolution
of economics (and probably other disciplines as well) is subject to forces
similar to those that dictate the emergence of any other fashion trend.

The rise of neuroeconomics is coming at a point in time when economic
theory is not producing any exciting insights. The game-theoretical
revolution in economics is complete – it has probably even gone too far by
pushing aside other economic models. It is a time in which economists
have already recognized the limits of rationality and are increasingly
interested in models of Bounded Rationality. However, these models are
due almost entirely to introspection and modelling convenience and as
such are perceived as arbitrary. Neuroeconomics is offering us the illusion
that results achieved through introspection can be supported with hard
evidence. For many economists, who are obsessed with the desire to
become scientists, this is an opportunity to become associated with real
science.

I am not a big fan of neuroeconomics. I heard about it for the first
time in the autumn of 2000 at a small conference organized at Princeton

485



486 ARIEL RUBINSTEIN

University. Even then I was assigned the role of critic. However, my
attitude to neuroeconomics is more complicated than that and in some
ways I actually find neuroeconomics to be appealing. I believe in judging
academic work by a subjective criterion: whether or not it is interesting and
neuroeconomics certainly meets that criterion. So why do I find it difficult
to accept neuroeconomics? I can think of two reasons. The first is my
position on the mind-body problem. I fear the approach in economics in
which decision makers become machines with no souls. The second reason
(discussed in Rubinstein 2006, and Harrison 2008) is neuroeconomics’ style
and rhetoric. Conclusions are hastily drawn on the basis of scanty data.
Lack of knowledge and uncertainty are swept under the rug. Colourful dia-
grams, which mean nothing to economists, are presented as clear evidence.
To me, they look like a marketing gimmick like those used to sell a new
product in the supermarket. The statistics used are not well understood
by the vast majority of the users. Brain researchers are rushing to use
economic terms without fully understanding their subtleties. The field
suffers from a lack of self-criticism and a reluctance to discuss “details”. In
informal chats following a seminar, I hear considerable scepticism – which
I didn’t hear in the seminar itself. I have attended dozens of seminars and
read probably a hundred papers on neuroeconomics and I almost always
have the feeling of being (unintentionally) manipulated. My sense is that
tough competition has led to low standards. A researcher knows that if he
doesn’t publish a new “discovery”, then someone else will and the stakes
in a new field are very high.

However, let’s put aside the problems of style, rhetoric and pretension
for a moment and assume the following scenario: We are able to map all
brains onto a canonical brain. The functions of the different areas of the
brain are crystal clear to us. The machines used in experiments are cheap
enough that thousands of subjects can be experimented on. And finally
the data are clear and double-checked. The question would still remain:
what is the potential role of brain studies in Economics?

When I read Neuroeconomics papers, I don’t get the impression that
those who make claims for Neuroeconomics know how it will change
Economics (McCabe 2008 states this quite explicitly). Part of the problem
is that many brain researchers misunderstand the meaning of economics.
Imagine that brain studies were to discover that there is a centre of the
brain that determines whether we prefer Bach to Stravinsky or Stravinsky
to Bach and that currently 1% of the general population prefer Stravinsky.
This would be a really momentous discovery. It would also be a really
important piece of information for a manufacturer of Stravinsky discs, but
not all neuroeconomists understand that it would have no significance for
economics.

It seems that even neuroeconomics researchers with a good
understanding of economics are in the dark about how it will
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re-shape economics. A year ago, I challenged several ardent supporters
of neuroeconomics to show me even one neuroeconomics paper that is
likely to change economics. I have yet to receive a satisfactory response.
Nonetheless, I’m not going to argue that neuroeconomics will have no
effect on economics but just that the neuroeconomics literature does not
help us to imagine what that effect will be.

2. WHAT THEN CAN NEUROECONOMICS DO?

The standard way in which we model a decision maker in economics is by
a choice function c that attaches to every choice problem A, in the relevant
domain, a unique element c(A) ∈ A. The statement c(A) = a means that the
decision maker chooses a when the set of available alternatives is A.

Some of us study a somewhat richer structure in which the choice
function receives as input not only the set of alternatives A, but also
additional information f, which is irrelevant to the mental preferences
of the decision maker. In Salant and Rubinstein (2008), we called such
information a frame. A frame can be, for example, the ordering by which the
elements in A are presented or a default alternative. The statement c(A,f) =
a means that when the choice problem A is presented to the decision maker
framed by f, the element chosen by the decision maker is a.

In the world of neuroeconomics, a decision maker is presented with
a choice function that receives as input a choice problem A and produces
as output a pair (a,x) consisting of an alternative a ∈ A and an array of
parameters x. The statement c(A) = (a,x) means that the decision maker
who confronts the choice problem A will choose a and will produce a
vector x of indicators measured and recorded during the period between
the moment he was presented with the choice set and the moment he
“pushed the button to select a′′ (and probably even after that).

Current research in neuroeconomics takes x to be a very long vector of
numbers that represent the activities in various areas of the subject’s brain
during the deliberation period. But x can have other meanings as well. For
example, there are those who take x to be a description of the subject’s eye
movements while staring at a screen where the choice problem is being
presented. In order to assess neuroeconomics’ research agenda, we follow
Rubinstein (2007) and look at another, even simpler case, in which x is a
single number representing the decision maker’s response time.

The platform for the experiments was my didactic website
http://gametheory.tau.ac.il. Thousands of students in game theory and
microeconomics courses in about 30 countries have used the site, where
they were confronted with decision problems and game situations. In
addition to the choice made, the computer also recorded response time (RT),
i.e. the time that elapsed from the moment the server sent the question
until the moment the answer was received. This type of research has some
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obvious merits: it is cheap and facilitates the participation of thousands of
subjects from a much broader than usual population. On the other hand,
research of this type has a major disadvantage in that response time is
a noisy variable (although so are the brain indicators measured through
fMRI). Nevertheless, the huge sample size seems to smooth things out.

The basic hypothesis states that response time is an indicator of the
way people think about a problem. Assume that decision makers are to
choose between A and B and that their response times in choosing A are
concentrated around 20 seconds, whereas the length of time it takes them
to choose B is about 40 seconds. We can then conclude that the choice of A
is more instinctive whereas the choice of B involves more deliberation and
is more cognitive.

As an example, we will use results of an experiment based on the
Allais paradox. Subjects were asked to make two hypothetical choices as
presented by Kahneman and Tversky (1979). First, they were asked to
respond to Question 1:

Imagine you are to choose one of the following two lotteries:
Lottery A yields $4000 with probability 0.2 and $0 with probability 0.8.
Lottery B yields $3000 with probability 0.25 and $0 with probability 0.75.
Which lottery would you choose?

Question 2 followed:

Imagine you are to choose one of the following two lotteries:
Lottery C yields $4000 with probability 0.8 and $0 with probability 0.2.
Lottery D yields $3000 with probability 1.
Which lottery would you choose?

The following table summarizes the results.

n = 2737 C D Total MRT

A 20% 44% 64% 49 s
B 5% 31% 36% 34 s
Total 25% 75% 100%
MRT 31 s 19 s

A majority of subjects chose A and an even larger majority chose D.
Those who chose A and D or B and C (49% of the subjects who answered
the two questions) violated expected utility theory. Note that although in
this case the two questions were presented to the subjects one after the
other, they were not very different from those reported in Kahneman and
Tversky (1979) in which a group of subjects was randomly divided into
two subgroups and each of the subgroups answered only one of the two
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FIGURE 1. Distributions of RT for the choices A, B, C, D.

questions. The Median Response Time (MRT) of the subjects who chose A
in Question 1 (49 seconds) was significantly longer than that of the subjects
who chose B (34 seconds) and the MRT of the subjects who in Question 2
chose the risky lottery C (31 seconds) was much longer than the MRT of
those who chose D (19 seconds).

Further information regarding the subjects’ response times is
presented in figure 1. The graph plots the cumulative distribution of
response time for each of the four choices.

The fact that the response time for Question 2 is dramatically shorter
than for Question 1 might be an outcome of the order in which the subjects
responded to the two questions. Nevertheless, I believe that it is also due
to the fact that Question 2 is simpler. There is evidence for this conjecture
in the data on the small group (consisting of 86 subjects) who answered
only Question 2: their median response time was 32 s which is far shorter
than that of the group who answered only Question 1. This could easily
be checked by reversing the order in which the questions are presented. It
was not done since the site is used for pedagogical purposes and therefore
I felt it would not have been correct to do so.

We observe that the choice of C requires much more time than the
choice of D. The interpretation of this result is quite clear: Taking a risk
requires more time for consideration. It is less clear how to interpret
the differences in response time between those who chose A and those
who chose B. I can conceive of two explanations for the choice of A: (i)
Lottery A has a higher expectation than lottery B or (ii) Subjects view a
lottery as a two-dimensional vector and when comparing between two
vectors they try to “eliminate” one of the two dimensions in which the
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parameters are “approximately the same” and then make the decision
according to the relative magnitudes of the values in the other dimension.
(When comparing the pairs A = ($4000,0.2) and B = ($3000,0.25), some
subjects find the probabilities to be similar and choose A after comparing
the dollar amounts.) Both explanations require attention and calculations
that require time.

Measuring response time does not allow us to distinguish between the
two explanations. The importance of the distinction lies in the fact that if
subjects who chose A maximize expected value, then the assumption of the
existence of a preference relation over the space of lotteries of the type (x,p)
is not rejected. On the other hand, if subjects used the second procedure,
it was argued in Rubinstein (1988) that intransitivities are likely to
result.

This is a task for which neuroeconomics might be suited. In a study I
am conducting with Amos Arieli of the Weizmann Institute, we track the
eye movements of subjects who are facing a screen showing the following
four numbers:

$4000 | $3000
with prob. 0.2 | with prob. 0.25

The detection of vertical eye movements would support the theory
that subjects multiply the prize by its probability in each lottery. The
detection of horizontal movements is more consistent with the “similarity”
procedure.

One potentially important task for the neuroeconomics approach is to
identify “types” of economic agents, namely to determine characteristics
of agents that predict their behaviour in different choice problems. It
is difficult to do this simply by observing behaviour. If the choices in
Problem 1 and in Problem 2 were independent, then given the distributions
of answers to the two problems, we would expect to obtain the following
distribution of joint choices:

Expected C D

A 16% 47%
B 9% 29%

In the experimental results we observe only a slight (though
significant) increase in the proportion of subjects who chose the
combination A + C or B + D. Thus, the data on the choice on its own is not
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FIGURE 2. Allais Paradox TR Percentill Scatter Plot.

sufficient to identify types of agents. The response time data, however,
can help us to do so. A point in the graph in Figure 2 stands for a
subject. His coordinates (x,y) indicate that x% of the population responded
faster than he did to question 1 and y% responded faster than he did to
question 2.

The correlation between the two variables is quite high (0.58). The two
bold lines divide the unit square into two equally sized areas. The vast
majority of subjects fall into the centre half.

What is the difference in terms of behaviour between the slow and the
rapidly responding types?

In preparing the following table, the population of respondents was
divided into four classes according to RT on Question 2 (simlar results
are ontained when the RT for Question 1 is used as the base): very fast
(the bottom 10%), fast (range of 10–50%), slow (range of 50–90%) and very
slow (the top 10%). The more thought the decision maker puts into the
problem, the greater the tendency for him to choose option C. While 85%
of those in the lower half of the distribution chose the safe alternative D,
the subjects in the slowest 10% of the distribution were divided almost
equally between the two alternatives.
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n = 2737 Fastest 10% Fast 10%–50% Slow 10%–50% Slowest 10%

A = ($4000, 0.2) 55% 59% 69% 73%
B = ($4000, 0.25) 45% 41% 31% 27%
C = ($4000, 0.8) 15% 15% 32% 47%
D = ($3000, 1) 85% 85% 68% 53%

Another interesting result is obtained by comparing the distribution
of choices among the faster half of the population to that among the slower
half (as measured by RT on Question 2):

Distribution of choices among the faster half:

n = 1369 C D Total

A 11% 48% 58%
B 4% 38% 42%
Total 15% 85% 100%

Distribution of choices among the slower half:

n = 1368 C D Total

A 29% 41% 70%
B 5% 24% 30%
Total 35% 65% 100%

Longer response time contributes little to consistency. Whereas 49%
of the fastest subjects were consistent, no more than 53% of the slowest
ones were. However, the composition of the consistent subjects was
dramatically different. While almost 80% of the fastest consistent subjects
chose B and D, only a minority of the slowest chose this combination.
Thus, here is a case in which the “neuroeconomics” data were necessary
to provide support for the conjecture that subjects are divided into types
(fast and slow respondents) and that there are significant differences in
their behaviour.

3. THE BOTTOM LINE (ONCE AGAIN)

The grand vision of neuroeconomics is to use the additional information
obtained from brain studies, combined with the choice made by the
decision maker, in order to better understand the deliberation process
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and to use the results to improve economic models. However, it is far from
being clear if and how this can be accomplished.

An analogy which I have in mind when thinking about
neuroeconomics is of an intelligence agency that tracks enemy activity by
continuously monitoring vehicle movements or radio signals. Discovering
correlations between enemy tactics and a high level of activity in a
particular area or detecting a sequence of high levels of activity at different
sites allows the intelligence agency to understand the structure of the
enemy’s army (such as, where the command centres are located, through
what channels the enemy transmits information and so on). This will
enhance its understanding of the enemy’s decision process. It might also
allow the anticipation of the enemy’s moves and the prediction of a
surprise attack. Does neuroeconomics also work in this manner? Not really.
Whereas an intelligence agency is interested in only one “brain”, that of the
enemy, neuroeconomics is interested to understand all brains. While good
intelligence provides data about the enemy in real time, current techniques
(fortunately!) don’t allow us to gather real-time data on decision makers
(and if they did we would live in an entirely new world which presumably
have also new economics).

As I demonstrated in the previous section, neuroeconomics’ approach
could probably be useful in two ways: first, once we have enriched
economic models of bounded rationality, it would make sense not to simply
invent procedures from off the top of our heads but to use models based
on our understanding of the mind (see Rubinstein 1998) . In this respect,
I imagine that reliable neuroeconomics data could serve a purpose by
providing us with information on how widespread the use is of a particular
decision-making procedure. Second, one could imagine that brain studies
will allow us to identify types of individuals who share modes of behaviour
for a wide range of decision scenarios. If this is indeed the case, we would
be motivated to construct models in which the distribution of types is
a primitive of the model. Using such models, we would probably be
able to derive stronger analytical results. But, the proof is by doing and
we are far from showing that any of those could yield new economic
ideas.

To conclude, brain studies are of course fascinating and although I have
yet to come across a single relevant insight produced by these studies it
may be that they will eventually change economics. At the end of the day,
neuroeconomics will probably influence economics because economics is a
culture and not a science. By “culture” I mean a collection of accepted ideas
and conventions that are used in our thinking. Cognitive psychology and
behavioral economics have changed economics by introducing concepts
and conventions that have become part of the mainstream discourse
in economics. I would not be surprised if neuroeconomics infiltrates
economics in a similar fashion. If, in addition, neuroeconomics makes
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less pretentious claims and adopts greater precision, it may become more
than just an entertaining sideline.
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1. Introduction 

Neuroeconomics is a relatively new field in which researchers utilize information created non-

intentionally by decision makers in order to learn about the decision-making process in economic 

problems. The types of information used in Neuroeconomics include neural activity in the brain 

(as manifested in hemodynamic response and measured by fMRI), eye movements (as recorded 

by an eye tracker) and response time. The deliberation process and motivations of decision 

makers are of interest in and of themselves. Neuroeconomics aims that its experimental results 

will be the base for formalization of reasonable assumptions for models that involve procedural 

and behavioral elements of decision making. Whether research in Neuroeconomics is indeed 

capable of making a fundamental contribution to Economics is currently a subject of intense 

debate which will not be discussed here (see the articles in Caplin and Schotter (2008) and the 

special issue of Economics and Philosophy (2008)).  

In this study, we chose to focus exclusively on eye tracking since it provides information that 

is relatively easy to interpret, even without knowledge about the structure and function of the 

brain.  Previous work that used eye movements to study decision making was carried out already 

in the 70s1 and also in recent years.2 Other methods of tracking decision makers’ deliberations 

are also available. For example, in MouseLab information is hidden behind boxes on the 

computer screen and the participant accesses the information by moving the cursor over the 

boxes (see Payne et al. (1993) and http://www.mouselabweb.org). The two methods are 

compared in the conclusion section. 

The research strategy is as follows: In the first stage, we analyse the eye movements of 

decision makers in “base cases”, in which the deliberation process is straightforward. The base 
                                                 
1 Early studies include Russo and Rosen (1975), which studied multi-alternative choice, and Russo and Dosher 

(1983), which investigated multi-attribute binary choice and concluded that feature-by-feature comparisons make up 

much of the decision procedure. 

2 Recent papers include Wang et al. (2006), which found that senders in a sender-receiver game look much more on 

their own payoff and that their pupils tend to dilate when sending false messages, and Reutskaja et al. (2008) which 

found that when selecting among snack foods under extreme time pressure and option overload participants execute 

a relatively efficient search procedure. 
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cases are used to verify that the eye movements reflect the deliberation procedure in the way that 

we assume. The second stage involves “test cases”, in which the choice process is difficult to 

discern. In this stage, we compare the participants’ eye movements in the test cases to those in 

the base cases. When the pattern of eye movements in the test case resembles what was observed 

in one of the base cases, we conclude that the choice procedure used was similar to that used in 

the base case.  

This strategy is applied to two research questions. The first involves choice between two 

payment schemes, each of which specifies two amounts of money -- one to be paid to the 

participant and the other to an anonymous individual. We are interested in investigating whether 

people who make the “selfish” choice, i.e. the scheme in which they receive the higher payment, 

are being purely selfish or have arrived at the selfish decision after considering the effect of their 

choice on the size of the payment to the other individual. 

The second research question involves choice between simple lotteries, each described by an 

amount of money and a probability of obtaining it. We attempt to determine whether decision 

makers evaluate each of the alternatives separately -- a choice strategy that is likely to be 

consistent with expected utility maximization -- or whether the decision is reached by comparing 

prizes and probabilities separately.  

Note that we are not interested here in the participants' final decisions, per se. Gathering data 

on behavior and judgment can be done more effectively by using standard experimental 

techniques with a much larger and diverse sample. Our focus is on using information on choice 

and eye movements to understand processes that are difficult to track using other methods. 

 

2. Method 

Participants were asked to respond to a sequence of simple virtual choice problems. In each 

problem, a participant was asked to choose between pairs of alternatives labeled Left (L) and 

Right (R). Each decision problem was presented on a unique screen (Figure 1), in which the two 

parameters that describe the L alternative, a and b, appear in the upper and lower left-hand parts 
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of the screen and the two parameters that characterize the R alternative, c and d, appear in the 

upper and lower right-hand parts of the screen. A solid line separates the two sides of the screen. 

 
a 
 

 
c 
 

 
b 
 

 
d 
 

Figure 1: Schematic representation of the screen shown to the participants. 

The problems used in the study (numbered here according to their order of appearance) were 

of the following types: 

(1) Sums: The parameters are integers. The question is "Which is the larger sum: a+b or c+d?". 

(2) Differences: The parameters are integers. The question is "Which difference is larger: a–b or 

c–d?". 

(3) Risk preferences: The parameters a and c are dollar amounts while b and d are probabilities. 

The question is "Which lottery would you choose: $a with probability b or $c with probability 

d?". 

(4) Time preferences: The parameters a and c are dollar amounts and b and d are dates. The 

question is "Which would you prefer: to receive $a at time b or $c at time d?". 

(5) Social preferences: The participant was asked to imagine that he and another hypothetical 

student had completed a task together, with equal effort invested by each of them, and that he is 

to choose between two compensation schemes.3 The parameters are dollar amounts. The question 

is “Which scheme would you choose: $a for you and $b for the other student or $c for you and 

$d for the other student?”. 

The choice was made by clicking on either the left or the right mouse buttons. No time 

restrictions were imposed on the participants. A typical median response time was eight seconds. 

                                                 
3 The participant was told that he does not know the other student, that he will never meet him again and that the 

other student will never know what the participant’s compensation was or that he had chosen between two schemes. 
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The 47 participants4 were paid a show-up fee which was equivalent to about $12; there were 

no further rewards during the experiment. 

We continuously recorded the point of gaze (i.e. where the person is looking).5 Figure 2 

provides examples of the eye movement paths for four participants who were comparing 

differences (251–222 vs. 187–153). 

Analyzing the huge amount of recorded data was not straightforward. Our first approach was 

to transform the data into movies showing the path of eye movement on the screen. Our hope 

was that the choice procedure would be evident from the movies. However, there were only a 

few such cases (an example can be watched at http://arielrubinstein.tau.ac.il/ABR09/).6 Rather, a 

diversity of transition sequences was observed and in general it was difficult to interpret the eye 

movements on the level of the individual. Therefore, we turned to analyzing the aggregated data.  

Our analysis was based on the path of the participant's gaze between the different parts of the 

screen. The screen was divided into four sections: Top Left, Top Right, Bottom Left and Bottom 

Right. Eye movements between two sections were classified into one of six categories: Left-

Vertical, Right-Vertical, Top-Horizontal, Bottom-Horizontal, Descending-Diagonal and 

Ascending-Diagonal. 

 

                                                 
4 The participants (24 males and 23 females; average age of 27) all had normal or corrected-to-normal vision and 

were students (in fields other than economics) at the Weizmann Institute and the Faculty of Agriculture of the 

Hebrew University, which are both in Rehovot, Israel. An informed consent form was obtained from all the 

participants, in accordance with the approved Declaration of Helsinki for this project. 

5 We used a high-speed eye-tracking system (iView) made by SensoMotoric Instruments (SMI). The iView system 

is based on an infrared light camera (thus enabling recordings to be made in complete darkness). It captures (at a 

sampling frequency of 240Hz or one sample every 4.2 milliseconds) a high-resolution image of the pupil and 

corneal reflection. The recorded data is used to compute the absolute gaze position in terms of screen coordinates. 

The few observations in which the absolute gaze position was not identified by the eye tracker for more than 20% of 

the total time until the participant responded were omitted from the analysis. 

6 The participant in this case was asked to compare a+b to c+d. It is clear that at first he tried to calculate d–b and 

a–c using horizontal eye movements; at some point he realized that the answer can be derived more easily by 

comparing d–a to b–c , which requires diagonal eye movements. 
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Figure 2: Eye movements of four participants while solving problem #32, in which they compared differences 

(251–222 vs. 187–153). The time sequence is divided into four equal segments and the order indicated by color: 

purple  blue  green  red. The purple and red dots indicate eye position at the beginning and end of the 

process, respectively. 

For each problem and each participant, we calculated the proportion of time spent in each of 

the six types of eye movements. We noticed that participants tend to gaze at the option they 

chose just before they click on the mouse and therefore we omitted the last half-second of every 

observation. We also omitted any period for which the eye tracker did not identify the eye 

position, which was usually the result of blinking. Finally, in order to enable identification of 

diagonal movements, which always pass briefly through another section of the screen, we 

omitted any period in which the participant's gaze did not stay in a particular section for at least 

50 msec.7 

                                                 
7 50 msec was found to be effective in distinguishing between eye fixation and an eye movement passing through a 

section of the screen without stopping. 
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We calculated the proportion of time spent by a participant in responding to a certain 

problem in each of the six eye movements as follows: 

(i) Let 0 be the point in time at which the problem is first presented and T be the point in time at 

which the participant clicked on the mouse. 

(ii) Denote the transition times between sections of the screen by: t1, t2, …, tk, …, tn. 

(iii) The segment of time [0,T-0.5] is divided into n intervals: 

[0, (t1 + t2)/2], [(t1 + t2)/2, (t2 + t3)/2], …...,[(tn-1 + tn)/2,T-0.5]. The duration of the k’th interval 

(k=1,..,n) is credited to the total for the eye movement that occurred at time tk. 

(iv) By dividing the time credited to each category of eye movement by the total of all the eye 

movements, we obtain the MTP (Movement-Time-Proportion) vector consisting of six numbers 

representing the proportion of time spent in each movement. 

(v) We averaged the MTPs over all participants for each problem and denoted this vector of 

averages as α. 

We also produced a similar vector for the number of transitions. In this case, each transition 

contributes a value of 1 to the corresponding eye movement total. Dividing by the total number 

of transitions, we obtain the MTC (Movement-Count-Proportion) vector and averaging over all 

participants we obtain a statistic we denote as β.8 The two measures gave almost identical results, 

thus reducing the concern that the results were spurious.  

In this approach, high α-values for the two vertical movements imply that participants’ 

choices were based on holistic operations, which relate to each alternative as a separate entity. 

High α-values for the horizontal movements indicate that participants based their decisions on 

comparing each of the features of the alternatives separately.9  

                                                 
8 We added the β measure as a response to a potential criticism that α is sensitive to variation in the level of 

difficulty in understanding the question's parameters (e.g., if one of the parameters takes a long time to read, this 

will lengthen the duration of the movement into and out of that section of the screen). 

9 Russo and Rosen (1975) and Russo and Dosher (1983) based their analysis on counting movements from one 

section of the screen, X, to another, Y, and back to X.  In contrast, we base our analysis on counting movements 

from X to Y even if there is no return to X.  In problems where the response time is relatively long, the two 

… 
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3. Choice involving Social Preferences 

The first part of the study consisted of problems involving social preference, in which the 

participant was asked to choose between two compensation schemes -- one appearing on the left 

of the screen and the other on the right. For each scheme the payment to the participant was 

shown in the Top section of the screen and the other student's payment was shown in the Bottom 

section.  

Following are some considerations that might guide a decision maker’s choice in such a 

problem: 

"Selfishness": The participant cares only about his own compensation. This is likely to be 

manifested in mostly Top-Horizontal movements. 

"Fairness": The participant cares about the distribution of income between him and the other 

student and prefers a more egalitarian distribution. This consideration will lead to vertical eye 

movements. 

“Aversion to Getting Less”: The participant is averse to getting less than the other student. This 

consideration should also lead to vertical eye movements. 

“Utilitarianism”: The participant wishes to maximize the combined income of the two students 

(or perhaps a weighted sum). This procedure can involve either vertical movements (when 

computing the sums) or horizontal movements (in determining whether his gain is greater than 

the other student's loss). A particular case of the Utilitarianism motivation is “Domination”, in 

which the participant prefers a scheme that provides more income for both him and the other 

student. Domination is expected to yield horizontal movements. 

 

                                                                                                                                                             
approaches yield the same qualitative results.  In problems where the response time is relatively short, the former 

method does not yield sufficient data to make significant inferences. 
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Step 1: The base case  

The base case for this part of the study is #77:    

$224 for you $271 for you 

$224 for the other student $226 for the other student 

The only possible motivation for the choice of L in this problem is egalitarianism. The 36 

participants who answered this problem were split evenly in their choices. Such preferences for 

an egalitarian outcome may seem unlikely but are in fact in line with recent findings on 

inequality aversion among non-economists (see Fehr et al. (2006)). 

Figure 3 presents the eye movements for eight participants (four who chose L and four who 

chose R) for whom eye movements could be clearly interpreted. Such cases were however not 

common. 

 
Figure 3: Eye movements for eight participants while responding to problem #77 (choosing between the 

compensation schemes $224,$224 and $271,$226): Top row: four participants who chose the "fair" option (L). 

Bottom row: four participants who chose the “selfish” option (R).  

Table 1 presents the α-values (and in parenthesis the  -values) for the participants who 

chose L and for those who chose R. The information on diagonal movements was omitted since 

their proportion of the total was negligible.  
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Participants who chose L in #77 Participants who chose R in #77 

$224 19% (21%) $271 $224 43% (42%) $271 

34% (34%)  34% (32%) 15% (16%)  26% (23%) 

$224 7% (8%) $226 $224 14% (15%) $226 

Table 1: α’s (and β’s) for participants who chose L and R in #77. Location within the cell corresponds to type of 

movement. Arrows are drawn such that their thickness is proportional to the α-values. 

The α-values for the participants who chose L and for those who chose R are dramatically 

different.10 The former spent 68% of their time in vertical movements.  The latter spent 57% in 

horizontal movements, with most of that in Top-Horizontal movements, which is consistent with 

their choice of the selfish alternative. 

 

Step 2: The test case  

In the following two problems, the choice procedure is not easily determined. 

In #73, 87% of the 38 participants chose L when presented with the following screen: 

$91 for you $87 for you 

$82 for the other student $110 for the other student 

In #74, 76% of the 38 participants chose L when presented with the following screen: 

$117 for you $89 for you 

$94 for the other student $98 for the other student 

The choice of L in #73 could be the result of selfish considerations, but could also be the 

result of fairness considerations. In #74, the fairer scheme is R. The choice of L could be the 

result of selfishness alone or of deliberation that also takes into account the other student’s 

                                                 
10 P < 0.01 on a Wilcoxon test. 
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compensation. Eye movements can provide a hint as to the participants’ motivations in this case. 

Tables 2a and 2b present the α's for the participants who chose L in #73 and #74: 

Participants who chose L in #73 

$91 24% (25%) $87 

31% (32%)  28% (27%) 

$82 10% (11%) $110 

Table 2a: α’s (β’s in parentheses) for those who chose L in #73.  

Participants who chose L in #74 

$117 23% (23%) $89 

29% (30%)  33% (31%) 

$94 7% (8%) $98 

Table 2b: α‘s (β’s in parentheses) for those who chose L in #74. 

 

Step 3: Comparing the test case to the base case 

There is a striking similarity between the eye movement patterns of those who chose L in #73 

and #74 and those who chose L in #77. Therefore, one could infer that the considerations of 

those who chose L in both problems were not purely selfish.  

Those who chose L in #73 may be exhibiting a preference for Fairness or Aversion to Getting 

Less. Those who chose L in #74 may be exhibiting Aversion to Getting Less or Utilitarianism.  

However, given the high proportion of vertical movements among those who chose L in #74, it 

seems unlikely that a large proportion of the participants were guided by Utilitarianism since 

they would have quickly noticed the horizontal differences and would not have needed to 

compute the vertical sums.   
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Step 4: More about the significance of the base case 

Our analysis is based on the partition of the participants between those who chose L in #77 

(denoted #77L) and those who chose R (denoted #77R). These two groups appear to have 

responded differently in other problems of this type. The time devoted to vertical movements by 

participants who chose L in #77 was consistently longer -- by 10%-25% -- than for those who 

chose R in #77 (see Table 3). 

Figure 4 clearly shows the difference in eye movements between the #77L and #77R groups. 

Each data point represents a participant and its color indicates his choice in #77 (blue for L and 

red for R). The position on the diagram indicates the proportion of time spent by the participant 

on horizontal and vertical movements. It is evident that members of #77L display patterns of 

deliberation that are systematically distinct from the patterns of members of #77R (i.e. the blue 

points tend to be above the red points). 

Types of Eye-Movements: 

    

# L R #77L #77R #77L #77R #77L #77R #77L #77R 

73 $91 

$82 

$87 

$110 
34% 27% 30% 27% 22% 29% 8% 11% 

74 $117 

,$94 

$89 

$98 
31% 25% 37% 31% 19% 27% 7% 10% 

75 $231 

$231 

$234 

$278 
32% 17% 41% 32% 13% 33% 7% 11% 

76 $85 

$170 

$93 

$141 
21% 11% 34% 21% 24% 46% 13% 19% 

77 $224 

$224 

$271 

$226 
34% 15% 34% 26% 19% 43% 7% 14% 

78 $155 

$60 

$136 

$78 
23% 13% 29% 20% 31% 46% 12% 15% 

Table 3: α’s in all social preferences problems (#73-#78) for participants who chose L or R in #77. 
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Figure 4: Proportions of horizontal and vertical movements in problems #73-#78 

The two populations also differ in terms of behavior. Participants who chose R in #74 appear 

to give greater consideration to fairness. This alternative was chosen by 44% of the #77L group 

but by only 5% of the #77R group. The choice of L in #75 is also associated with fairness and 

was chosen by all of the #77L group but by only 38% of the #77R group. Similarly, in #78 all of 

the #77L group chose R vs. only 40% of the #77R group. 

 

4. Choice Under Uncertainty 

The second part of the study involves problems in which the participants were asked to choose 

between two simple lotteries: 

$X1 $X2 

With probability p1 With probability p2 

Experiments involving such decision problems constitute the basis for much of the literature 

on decision making under uncertainty. One can postulate two main procedures used by decision 

makers who confront such a choice problem: 

a) Computing the expected payoff (or the expectation of a transformation of the payoff) for each 
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of the lotteries and then choosing the lottery with the higher expectation.11 Applying such a 

procedure involves vertical eye movements. 

b) Comparing the prizes and the probabilities separately. In the case that there is a conflict 

between the probability and prize dimensions, the choice is made according to which difference 

is perceived as more significant by the decision maker. In particular, if the decision maker 

detects similarity between the parameters in one dimension but not in the other, he will base his 

decision on the dimension lacking similarity (for a formal presentation of this procedure, see 

Rubinstein (1988)). Applying such a procedure involves horizontal eye movements. 

A high proportion of vertical eye movements will be considered evidence that an expected 

payoff was calculated. A high proportion of horizontal eye movements will be taken to mean that 

prizes and probabilities were compared separately. In order to get some idea of the amount of 

time invested in each of these two main procedures, two base cases were analyzed: 

 

Step 1: Base Case I  

The first base case consisted of problems that involve the comparison of the difference between 

two numbers on the left side of the screen to the difference between two numbers on the right 

side (see Table 4). 

# The differences % of choices  - values 

 L = x1 – y1 R = x2 – y2 %L %R 
  

32 251 

222 

187 

153 
24% 76% 38% 44% 12% 4% 1% 0% 

33 6132 

4874 

5793 

4528 
68% 32% 35% 37% 15% 10% 1% 2% 

34 983462 

718509 

983501 

718499 
22% 78% 19% 21% 36% 19% 3% 2% 

Table 4: α-values for #32-34.  

                                                 
11 Some of the studies in the Neuroeconomics literature claim to have found evidence of such expected utility 

calculations in fMRI data (Glimcher et al. (2008)). 
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In #32, the most straightforward procedure involves actually computing the differences using 

vertical movements. Indeed, vertical movements accounted for 82% of the time spent on this 

problem. Problem #33 is not as simple and 68% of the participants chose the wrong answer (this 

is the only case in the experiment in which the majority of participants chose the wrong answer). 

The α of vertical movements declined to 72% since many participants used horizontal 

comparisons in an attempt to simplify the problem (though this computational route is not much 

easier). In #34, it is easier to answer the question by calculating the horizontal differences and as 

a result the share of vertical movements declined to 40%. 

Figure 5 presents examples of two typical participants. Note that in #32 they used vertical 

movements almost exclusively while in #34 horizontal movements dominate. In #33, we observe 

a mixture of horizontal and vertical movements. 

Figure 5: Eye movements for two participants (each row represents one participant) while responding to #32, #33 

and #34.  
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Step 2: Base case II  

The second base case consisted of problems that involve time preference. The participants were 

asked to choose between receiving a particular sum of money on a certain date and a different 

sum of money on a different date. Table 5 summarizes the data for three such problems. 

In this case, it is hard to imagine that any of the participants were making "present-value-

like" computations that require vertical movements. It seems clear that they based their decisions 

on the separate comparison of sums of money and delivery dates. Indeed, we find that 2/3 of eye 

movements were horizontal in these problems. 

 The alternatives % of choices  - values 

# L = (x1,t1) R = (x2,t2) %L %R 
  

54 
$351.02 

On 20-Jun-2009 
$348.23 

On 12-Jul-2009 92% 8% 15% 16% 23% 40% 2% 4% 

55 
$467.39 

On 17-Dec-2009 
$467.00 

On 16-Dec-2009 58% 42% 13% 13% 37% 30% 5% 2% 

56 
$500.00 

On 13-Jan-2009 
$508.00 

On 13-Apr-2009 74% 26% 12% 15% 25% 44% 2% 2% 

Table 5: α's for time preference problems. Experiments took place during June-September 2008.  

 

Step 3: The test case  

The test case involved problems of choice under uncertainty. The data is summarized in Table 6, 

where the shaded background indicates problems for which the α-values were relatively high.  

Note that in problems where the calculation of the expectation appears to be relatively 

simple, the proportion of vertical movements was higher by about 10% than in problems where it 

was relatively difficult. 
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 The lotteries % of 
choices 

AMTPs 

# L = (x1,p1) R = (x2,p2) %L %R 
   

36 ($3000, 0.15) ($4000, 0.11) 60% 40% 24% 22% 19% 28% 4% 2% 

37 ($1700,0.4) ($1300,0.5) 51% 49% 19% 26% 25% 24% 4% 2% 

38 ($637,0.649) ($549,0.732) 41% 59% 16% 17% 30% 30% 2% 4% 

39 ($3000,0.9) ($4000,0.66) 97% 3% 18% 15% 28% 31% 4% 4% 

40 ($3100,1/5) ($1740,1/3) 51% 49% 17% 20% 26% 31% 3% 2% 

41 ($5283,0.27) ($5279,0.269) 92% 8% 13% 13% 39% 31% 2% 2% 

42 ($735,on a roll of 6) ($280,on a roll of even) 11% 89% 21% 26% 24% 22% 5% 2% 

43 ($5100,0.6) ($5825,0.8) 3% 97% 13% 24% 32% 22% 4% 4% 

44 ($13600,0.3) ($15500,0.2) 37% 63% 17% 18% 34% 26% 3% 2% 

45 ($6666,0.6) ($4444,0.8) 28% 72% 18% 23% 27% 26% 3% 3% 

Table 6: α‘s for all participants in each lottery choice problem.  

 

Step 4: Comparing the test case to the base cases  

We now compare the eye-tracking data for the choice between lotteries (the test case) with data 

from Base Case I (comparison of differences) and Base Case II (time preference). The main 

features of the data can be seen in Tables 7a and 7b which present the eye-movement transition 

diagrams for problem #36 (choice between lotteries), #32 (comparison of differences) and #56 

(time preference).  

Participants who chose L in #36 Participants who chose R in #36 

$3000 20% (25%) $4000 $3000 17% (22%) $4000 

28% (29%)  19% (17%) 19% (19%)  28% (27%) 

P 0.15 26% (23%) P 0.11 P 0.15 31% (26%) P 0.11 

Table 7a: AMTPs and AMTCs for participants who chose L and R in #36. 
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All participants in #32 All participants in #56 

251 12% (13%) 187 $500.00 25% (32%) $508.00 

38% (37%)  44% (42%) 12% (13%)  15% (16%) 

222 4% (5%) 153 On 13-Jan 44% (34%) On 13-Apr 

Table 7b: AMTPs and AMTCs for all participants in #32 and #56. 

Eye movements in the test case were not similar to those in either of the base cases and fell 

somewhere in between them. More generally, the average proportion of vertical movements in 

all of the problems in the test case ranged from 26-47% which is well below the proportions in 

#32 and #33. 

The α-values in the choice of lotteries are most similar to those in #34 in which the 

participants made a complicated comparison of differences. However, the problem was 

structured in such a way that the answer is easily obtained by horizontal calculations (a is smaller 

than c and b is greater than d).  

The fact that the eye movements in the choice of lotteries are most similar to those in #34 

seem to indicate that when choosing between simple lotteries the participants usually relied on 

comparing prizes and probabilities separately. However, the proportion of time spent in 

horizontal movements in the lottery problems is less than in the problems of Base Case II, where 

it is clear that participants used a similarity-based procedure. It appears that although in lottery 

problems participants focus heavily on the comparison of prizes and probabilities, they do not 

employ a procedure that is purely similarity-based. 

If account is also taken of the variation between the different problems of the test case, it 

appears that when the expectation calculation is relatively difficult participants use a similarity-

based comparison; otherwise they use a mixture of the two procedures.  
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Step 5: Further evidence  

Further evidence for the intensive use of the similarity-based procedure in the choice between 

lotteries was found through a separate group of problems in which participants again chose 

between two simple lotteries but in which the locations of the probability and dollar amount on 

the right side of the screen (R) were switched: 

$X1 With probability p2 

With probability p1 $X2 

In all the problems presented up to this point, the α’s of the diagonal movements were 

negligible (see Tables 4, 5 and 6). Diagonal movements are not normally characteristic of the 

stage in which a participant is simply absorbing the data and therefore, they appear only if they 

have some computational role. They did not have any such role in the test and base case 

problems and therefore are not observed. In contrast, diagonal movements were used, sometimes 

heavily, in the current set of problems (see Table 8), which indicates that the participants 

compared prizes to prizes and probabilities to probabilities.12 Figure 6 presents typical eye 

movements for two participants responding to #49. 

                                                 
12 We avoid comparing the intensity of the diagonal movements to that of the vertical or horizontal movements since 

this would require setting up a specially designed calibration which we did not do. 
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 The lotteries % of choices AMTPs 

# L = (x1,p1) R = (p2,x2) %L %R 

  

47 
$1400 

0.6 
0.8 

$1000 28% 72% 24% 25% 23% 11% 7% 5% 

48 
$5000 
0.96 

0.66 
$7000 94% 6% 26% 22% 20% 14% 7% 11% 

49 
$4947 
0.640 

0.638 
$4952 61% 39% 16% 17% 12% 7% 23% 25% 

50 
$5000 
0.16 

0.11 
$7000 57% 43% 21% 21% 14% 10% 10% 24% 

51 
$2468 
0.26 

0.53 
$1234 6% 94% 19% 22% 16% 9% 14% 20% 

52 
$621 
0.87 

0.82 
$652 68% 32% 17% 20% 13% 10% 18% 22% 

Table 8: α‘s for all participants in the lottery choice problems with diagonal layout.  

 

Figure 6: Eye movements of two participants (40 and 42) while solving problem #49. 
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5. Discussion 

Our main findings can be summarized as follows: In social preference problems, when 

behavior can be interpreted as being motivated by either selfishness or social considerations, eye 

movements provided evidence that participants were not motivated solely by selfishness. In 

choice under uncertainty, evidence was found that participants make their choices based on 

comparing the prizes and the probabilities separately and that a greater degree of difficulty in 

computing the expectation of the lotteries reinforces this tendency. 

There are three main alternative methods to approach the research question: 

1) Observation of behavior: One could confront the participants with additional choice problems 

with the aim of exposing the motives behind their choices. There is an inherent difficulty with 

this approach in the context of the issues discussed in this paper. The social preferences part of 

our study was designed to determine whether participants who behave selfishly decide to do so 

after considering the social consequences or whether they care only about themselves. 

Obviously, behavior cannot shed light on this question. Similarly, the risk preference part of the 

study aims to determine whether subjects utilize an expected-utility-like calculation or a 

procedure based on similarity concepts. As shown in Rubinstein (1988), behavior that is 

consistent with a preference relation cannot distinguish between these two theories of choice. 

2) MouseLab: This method has the advantage of being able to gather data on a large number of 

participants. Although MouseLab has some attractive features, it requires that the participant 

make a conscious decision at each stage with regard to the order in which he looks into the 

information boxes; in contrast, eye tracking is able to follow movements that are non-intentional. 

In addition, the need to move the mouse in MouseLab prolongs the decision making process and 

induces an unnaturally systematic information acquisition behavior (Lohse and Johnson, 1996). 

3) Asking the subjects: A straightforward way of obtaining information is to simply ask 

participants what was going on in their mind during the decision-making process. However, it is 

well known that participants' answers are based on a subjective reconstruction of the experience 

that may or may not correlate with the actual process that took place (Nisbett and Wilson, 1977). 

Overall, we find eye tracking to be an intuitive and relatively simple tool that can be used to 

study decision-making processes. Whether findings from studies such as ours will influence 
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Economic Theory remains to be seen, but in our opinion there are many problems on which the 

current method of research can shed light. One such an example has to do with a regularity we 

spotted in the data: Participants' eye movements were quite consistent in the various social 

preference problems, whereas in the risk preference problems we noticed a shift from vertical to 

horizontal movements when the calculation of the expectations became more difficult.  Do 

people use a more consistent procedure when making decisions that have a moral component? 

Future eye-tracking research could perhaps help answer this question and others like it. 
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INSTINCTIVE AND COGNITIVE REASONING: A STUDY
OF RESPONSE TIMES*

Ariel Rubinstein

Lecture audiences and students were asked to respond to virtual decision and game situations at
gametheory.tau.ac.il. Several thousand observations were collected and the response time for each
answer was recorded. There were significant differences in response time across responses. It is
suggested that choices made instinctively, that is, on the basis of an emotional response, require less
response time than choices that require the use of cognitive reasoning.

There is growing interest among economists in the bounds on the rationality of eco-
nomic agents. Economists are increasingly abandoning the �economic man� paradigm
and instead are using models that reflect what they consider to be more realistic
descriptions of the way in which human beings make decisions. One can identify three
approaches in the literature to �opening the black box� of decision making.

Bounded Rationality

This approach is based on casual observations of the way in which people make deci-
sions (and primarily of our own decision-making processes). These are used to con-
struct abstract models which are intended to increase our understanding of the effect
of certain decision-procedural elements on the outcome of an economic interaction
(Rubinstein, 1998). Thus, for example, Rubinstein (1986) added an assumption to the
standard model of the repeated game such that players consider not only their stan-
dard game payoff but also the complexity of their strategies. The inclusion of com-
plexity considerations in these models is based on our intuition about the meaning of
complexity in long-term strategic situations. However, the choice of the actual
complexity measures has not been linked to any empirical findings.

Behavioural Economics

Daniel Kahneman and Amos Tversky carried out a study which not only refuted the
standard use of the economic man paradigm but also identified psychological elements
which are systematically used by decision makers. Their findings demonstrated the
involvement of emotions and procedural elements which were missing from the stan-
dard application of rationality in economics. The conclusions of the Kahneman and
Tversky school, as well as the feeling that traditional models had been exhausted, led in
the 1990s to the establishment of the field of Behavioural Economics. Researchers in
this field usually preserve the assumption that an agent is rational in the economic

* This work would not have been possible without the collaboration of Eli Zvuluny who built the site which
served as the platform for the experiments. I thank Michael Ornstein, my research assistant for this project. I
also thank Gur Huberman – the idea of recording response time came to us while working on a different and
unfinished project. Helpful comments were received from an Associate Editor of this Journal.
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sense of maximising a well-defined target function; however, they do not feel obliged to
define the target as material rewards. Agents in these models maximise a utility func-
tion which also reflects psychological motives such as care, envy and reciprocity.

Note that for the most part behavioural economics does not relate to the procedural
elements of decision making but rather only to the incorporation of psychological
elements in the utility function; for exceptions, see, for example, Selten (1978) who
proposes three levels of reasoning and Rubinstein (1988) who, following Tversky’s work
on similarity, analyses a procedure for constructing similarity-based preferences
between vectors. Modelling the interaction between such agents could also be
accomplished by applying the standard game theoretical equilibrium concepts. How-
ever, once we do not require that economic agents behave as utility maximisers the
study of the interaction between agents requires the invention of new notions of
equilibrium; see, for example, Osborne and Rubinstein (1998).

Brain Studies

Following the advances in brain research, and especially the increased accessibility of
machines using functional magnetic resonance imaging (fMRI), some researchers have
started monitoring brain activity during decision making; for an introduction to the
field see, for example, Glimcher(2003). Subjects make a decisions or play a game inside
the machine. Researchers then search for correlations between the choices made and
the activity in various brain centres (such as the one responsible for expressing emotion
or for executing cognitive operations). However, this is an expensive and speculative
type of research. The technical constraints result in small samples and noisy data and
the interpretation of the findings is far from indisputable.

Brain studies attempt to make inferences about our �black box� from brain activity,
but one could think of more obvious physical indicators of the way in which people
reason. Previous research in game theory and decision making used information about
the way in which subjects respond to game situations in order to draw conclusions
about their deliberation algorithm. In particular, see Camerer et al. (1993) who used
the order of mouse clicks to demonstrate that people analyse an extensive game for-
wards rather than backwards as implicitly assumed by standard game theoretical solu-
tion concepts.

The basic idea of the current research project is to explore the deliberation process
of decision makers based on their response times. Measuring response time is quite
common in psychology; see for example Luce (1986) and Kosinski (2005). In simple
time response experiments, there is only one stimulus and response time is measured
from the moment of its introduction. In symbol or tone recognition, the subject
responds when he recognises a certain stimulus from among a set of symbols which
appear before him. In choice experiments, the subject chooses the correct response to
a given stimulus. Experiments typically employ 20 people performing a task 100–200
times. The unit of time response in these experiments is milliseconds and the typical
response time is less than one second.

Very few experimental papers in game theory have reported responses times; one
exception is Wilcox (1993). The problem with measuring response time in economic
decisions is the huge variation in results. Most experiments in economics and game
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theory are done with small samples; for an exception, see Guth et al. (2003). Measuring
time response using such samples is meaningless. It is a rare opportunity when a large
population becomes available.

Such an opportunity presented itself with the inauguration of the site http://game-
theory.tau.ac.il which I built together with Eli Zvuluny. The purpose of the site was �to
provide the teacher of a basic course in Game Theory with a free user-friendly didactic
tool for conducting web-based thought experiments�. Teachers assign their students
�pre-class� problems that involve virtual games; see Rubinstein (1999) for a description
of the teaching method used by the site. The site was launched in January 2001. Since
then, almost 100 teachers from 25 countries have actively used it. Most of the users are
from departments of economics although some are from computer science, political
science, business or law. Almost 5,000 students have participated in at least one
experiment. Most of the students respond in English but a few respond in Finnish,
French, Portuguese, Russian, Slovak or Spanish.

A few months after its launch, the site was modified in order to record the subject’s
response time (RT). Response time is defined here as the number of seconds between
the moment that our server receives the request for a problem until the moment that
an answer is returned to the server. Subjects were not informed that RT is being
recorded.

A further opportunity to collect data on a large scale arose as part of a public
lecture which I delivered nine times during the period May 2002–February 2004. The
lecture, entitled �John Nash, Beautiful Mind and Game Theory�, described my per-
sonal encounter with John Nash, introduced the basic ideas of Game Theory together
with a critique and discussed Nasar (1998) and the movie �A Beautiful Mind�. The
members of the audience (mostly students and faculty) were approached prior to the
lecture and asked to respond to several questions via the site http://game-
theory.tau.ac.il. Response time was recorded in seven of the universities: the Tech-
nion (Israel); Tilburg University (Netherlands); the London School of Economics
(UK); the University of British Columbia and York University (Canada); Georgetown
University (US); and Sabanci University (Turkey). About 2,500 subjects responded,
thus creating a huge database.

In what follows, I present the more interesting results of the research. In most cases,
there were huge differences in the time response distributions of the various choices
made. Often one distribution lay completely to the right of another (first order
stochastic domination) and I will interpret such a configuration as evidence that
it requires more response time.

I will try to explain the differences by categorising the actions as either
(1) Cognitive: an action which involves a reasoning process,
(2) Instinctive: an action which involves instinct, or
(3) Reasonless: an action which is likely to be the outcome of a random process with

little or no reasoning about the decision problem.
It is the claim of this article that choices which require more cognitive activity will

result in longer response times than choices which involve an instinctive response.
The obvious question is how to classify an action as cognitive, instinctive or reason-

less. I have done so intuitively. It will be seen below that when the classification is
intuitively clear, the response time of an instinctive action is significantly shorter than
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that of a cognitive action. In some cases the classification is not as clear and large
response time differences provide a hint as to which is the instinctive action.

I hope that at the very least the results will demonstrate the potential usefulness of
time response as a means of shedding light on the decision process and game situa-
tions.

1. Results: Matrix Games

We begin with two examples of matrix games. In these two examples, the differentia-
tion between instinctive and cognitive actions is self-evident. Due to the sample size the
data verifies unambiguously what one would expect: cognitive actions do in fact involve
longer response times than instinctive ones.

Example 1: A Zero Sum Game: (No.15 on the website)

Subjects were asked to play the following virtual matrix game (in the role of the row
player) against an anonymous opponent:

L R

T 2,�2 0,0
B 0,0 1,�1

The question did not specify what the numbers mean. If the subjects interpret them
as vNM utilities then the unique mixed strategy Nash equilibrium predicts that the
action T will be chosen with probability 1/3. However, note that as long as the subjects
prefer a higher payoff, Nash equilibrium predicts that the proportion of subjects who
play T will be less than that who play B.

2,029 students in 54 courses responded to the question: 63% of them chose the
action T, the one which Nash equilibrium predicts will be chosen less frequently.

As shown in Table 1 and Figure 1, the response time of those who chose T was
shorter than those who chose B. The median response time (MRT) of the subjects
choosing B was 50 seconds, which was much higher than the MRT for T which was only
37 seconds. The graph of the cumulative distribution of response time for those
who chose T is clearly (first order) stochastically dominated by the corresponding
graph for B.

Table 1

Example 1: Results

Total n ¼ 2,029 41 sec

Action % median
T 63 37 sec
B 37 50 sec
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In this case it appears that T is the instinctive action since the player is triggered to go
after the larger payoff. Playing B, the action predicted to be more common in Nash
equilibrium, requires more reasoning. For example, it might result from the player’s
expectation that his opponent is not likely to play T in order to avoid the risk of a large
loss and thus it is better for him to play B.

Example 2: Successive Elimination of Strategies (No. 4 on the website)

Subjects were asked to play the following two-player game as the row player:
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Fig. 1. Example 1: Response Time Frequencies

Table 2

Example 2: Results

Total 100 2,543 96 sec

Action % number median
A 3 82 64 sec
B 32 822 161 sec
C 33 843 76 sec
D 31 796 83 sec

A

5,2 2,6 1,4 0,4

0,0

7,0 2,2 1,5 5,1

4,80,21,39,5

3,2 2,1 1,1

B C D

A

B

C

D
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The sample included 2,543 subjects in 76 courses and the results are summarised in
Table 2 and Figure 2. The response time of A is very low though the small number of
subjects who chose A makes it difficult to draw conclusions in this case. Each of the
other three choices was selected by about 800 subjects. It appears that the action B
required about double the time of actions C and D.

In this case, I would identify the instinctive responses as C and D – the action D
because it contains �9� which is the highest payoff in the matrix and the action C
because the average payoff for the row is the highest in the matrix. The weakly domi-
nated action A seems to be reasonless. Some reasoning is needed to choose B which
is the only survivor of successive elimination of strongly dominated strategies (the
elimination order is 2A, 1A þ D, 2D, 1C, 2C). Thus, the action B appears to be the one
which requires the most cognitive reasoning.

Note that C was chosen in somewhat less time than D. This casts doubt on the
assumption made in the literature that subjects follow only a few steps of the successive
elimination process. The action D is eliminated before C and thus one expects the RT
for D to be below that of C which in fact was not the case.

2. The Traveller’s Dilemma, the Beauty Contest and the Centipede Game

The six examples presented in Sections 2–4 are of a slightly different nature than the
above two examples and involve a certain amount of �reverse engineering�. In these
examples, the classification into cognitive and instinctive is not a priori as self-evident as
in examples 1 and 2. Given that cognitive actions involve longer response times, one
interpretation of the results enables us to classify actions as cognitive or instinctive
based on the observed response times.

In this Section, I discuss the results of three problems which are often used to
demonstrate the tension between clear-cut game theoretic analysis based on serial
inductive thinking and the vagaries of actual behaviour.
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Fig. 2. Example 2: Response Time Frequencies
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Example 3. The Traveller’s Dilemma (No.53 on the website)

Imagine you are one of the players in the following two-player game:

– Each of the players chooses an amount between $180 and $300.
– Both players are paid the lower of the two chosen amounts.
– Five dollars are transferred from the player who chose the larger amount to the player who

chose the smaller one.
– In the case that both players choose the same amount, they both receive that amount and no

transfer is made.

What is your choice?
This game was suggested in Basu (1994). Assuming that the players care only about

their final dollar payoff, the only equilibrium strategy in this game is 180. Table 3 and
Figure 3 summarise the choices of 2,985 individuals who attended the Nash lectures
and 1,573 students in various courses. Note that the distribution of answers is similar to
that of the 50 answers reported in Goeree and Holt (2001) for experiments with real
payoffs.

Table 3

Example 3: Results

Goeheree and Holt Nash Lectures MRT Courses MRT

n 50 2985 77 sec 1,573 88 sec
180 8% 13% 87 sec 20% 99 sec
181–294 18% 14% 70 sec 17% 79 sec
295–299 24% 17% 96 sec 16% 118 sec
300 50% 55% 72 sec 46% 80 sec

180 181–294 295–299 300
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Strikingly, the response time for the range 295–299 is the longest while the response
times for 300 and the range 181–294 were the shortest.

The response 300 seems to be the instinctive action while the choices involving more
cognitive reasoning are in the range 295–299 (following an argument of the type �he
will choose 300 and therefore I will choose 299� or �he will choose 299 and therefore I
will choose 298� etc.). The answers 181–294 appear to be arbitrary and are probably the
result of a random �pick a number� algorithm. The classification of the Nash equilib-
rium action, i.e. 180, is more difficult. For some it might have been the outcome of a
non-trivial reasoning process while for others it might have been the result of prior
knowledge of the game.

Note that the results for the Nash lecture audiences differ from those of the students.
Students tended to choose the �game theoretic solution� more often. Furthermore,
distributions of the response time differ between the two groups. However, what is
relevant for our purposes is the relative magnitudes of the time responses which are in
fact similar in both populations. Thus, the actions which seem to require the most
cognitive reasoning, i.e. those in the range 295–299, clearly have the longest RT. The
instinctive response of 300 has a similar time response distribution to that of responses
in the range 181–194 which appears to be the result of �pick a number�. The Nash
equilibrium response of 180 lies between the cognitive response and the instinctive
response. This is probably because some of the respondents calculated the equilibrium
while others acted according to what they remembered from a course on game theory.

Example 4: The Beauty Contest Game (No. 1 on the website)

Each of the students in your class must choose an integer between 0 and 100 in order to guess
�2/3 of the average of the responses given by all students in the class�.

Each student who guesses 2/3 of the average of all responses rounded up to the nearest integer,
will receive a prize to be announced by your teacher (or alternatively will have the satisfaction of
being right!).

What is your guess?
The Beauty Contest Game is another in which the depth of reasoning is thought to

be the source of differences in behaviour. Successive elimination of dominated strate-
gies eliminates all actions other than 0 or 1 and combinations of these two actions are
consistent with the game’s Nash equilibria. The game has been heavily experimented;
see, for example, Nagel (1995). The average guess of 2,423 subjects in 66 courses was
36.2 which is very close to the number Nagel obtained.

I divide the results into three categories: Category A consists of the responses 33–34
and 22 (which is close to 2/3 � 2/3 � 50) which seem to be the result of a clear
process of reasoning such as: �The average will be 50 and therefore I will choose a
number close to 2/3 � 50 ¼ 33.3� or an iteration of this argument. Category C consists
of responses of 50 or more which seem to indicate a misunderstanding of the game.
Category B consists of the �victims of Game Theory� who chose the Nash equilibrium
and the subjects whose strategy was to give the best response to a wild guess.

The results are summarised in Table 4 and Figure 4. Clearly those who chose an
action in Category A thought for a longer time than the others. Those who made
choices in Category C thought for a much shorter time.
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The results cast doubt on the classification used by Nagel and others whereby the
whole range of 20–25 is classified as one group. In my data, the MRT of the 4% who
chose 22 was 157 seconds while the MRT among the 8% who chose 20, 21, 23, 24 or 25
was only 80 seconds. This must mean that there is little in common between the choice
of 22 and the rest of the category which Nagel called �Step 2�.

Example 5: The Centipede Game (No.33 on the website)

You are playing the following �game� with an anonymous person. Each of the players has �an
account � with an initial balance of $0. At each stage, one of the players (in alternating order – you
start) has the right to stop the game.

If it is your turn to stop the game and you choose not to, your account is debited by $1 and your
opponent’s is credited by $3.

Each time your opponent has the opportunity to stop the game and chooses not to, your account
is credited by $3 and his is debited by $1.
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Table 4

Example 4: Results

n ¼ 2,423 0–1 2–13 14–15 16–21 22 23–32 33–34 35–49 50 51–100

86 sec 11% 9% 2% 6% 4% 10% 11% 11% 16% 20%
269 213 47 137 99 249 262 267 393 487

A 15% 126 sec 157 sec 113 sec
B 49% 89 sec 91 sec 89 sec 84 sec 82 sec 84 sec 94 sec
C 36% 70 sec 70 sec 70 sec
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If both players choose not to stop the game for 100 turns, the game ends and each player receives
the balance in his account (which is $200; check this in order to verify that you understand the
game).

At which turn (between 1 and 100) do you plan to stop the game? (If you plan not to stop the
game at any point write 101).

The Centipede Game is another prime example of the tension between Nash equi-
librium and the way in which games are actually played. Assuming that the players care
only about the amount in their own account, the only Nash equilibrium strategy for
player 1 is to stop the game at turn 1. However, this is a highly unintuitive action. The
response 101 seems to be the instinctive one. The cognitive actions are in the upper
range of the responses (98, 99, 100). A choice in the range 2–97 seems to be a
reasonless one.

The results in Table 5 and Figure 5 once again appear to demonstrate a correlation
between time response and whether a choice is cognitive, instinctive or reasonless.

3. The Ultimatum Game

Following Guth et al. (1982), a great deal of experimental work in game theory has
been done on the Ultimatum Game:

Example 6. The Ultimatum Game – the Proposer (No. 23 on the website)

Imagine that you and a person you do not know are to share $100.
You must make an offer as to how to split the $100 between the two of you and he must either

accept or reject your offer. In the case that he rejects the offer, neither of you will get anything.
What is your offer?
I offer the following amount to the other person (if he agrees I will get the rest):____
It is customary to assume that each player is only interested in attaining as much

money as possible. Applying the Subgame Perfect Equilibrium concept, game theory
�predicts� that the proposer will offer either $1 or nothing to the responder who will
accept the offer. Of course, this is unrealistic. In real life, the proposer often cares
about the amount of money he offers to the other player, perhaps due to feelings of
guilt for exploiting his preferred status or perhaps out of fear that the responder might
be insulted by too low an offer and prefer to get nothing rather than agreeing to an
�insultingly low offer�.

The distribution of responses across the nine Nash lecture audiences was quite
uniform (and demonstrated some systematic gender differences according to which
females made higher offers on average). The results for 3,202 subjects in six Nash

Table 5

Example 5: Results

n ¼ 1,361 1 2–97 98–100 101

% 12 11 20 57
median 132 sec 80 sec 163 sec 123 sec
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lectures are presented in Table 6 and Figure 6 alongside the statistics for the responses
of 1,426 students in 46 courses:

In this case, distinguishing between the different actions is not straightforward. In
particular, it is unclear whether the instinctive action in this case is the 50:50 split or the
one in which the proposer demands almost the entire sum. We can look to response
time for further clues. The MRT of those who offered less than $50 was 25% higher
than of those who offered an equal split, thus supporting the hypothesis that the equal
split is the instinctive action for many of the subjects.

There is a group of significant size within the Nash lecture audiences who offered the
other player more than $50. The low MRT of those who offered 61 or more supports
the view that these choices were the outcome of a misunderstanding of the question.
However, the MRT of responses in the range 51–60 (55 seconds) was even higher than
that of responses in the range 40–49 (51 seconds) and thus it is not clear whether these
responses were intentional or an outcome of error.
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Fig. 5. Example 5: Response Time Frequencies

Table 6

Example 6: Results

Answer Nash Lectures MRT Courses MRT

Total n ¼ 3,202 49 sec n ¼ 1,426 41 sec
0–1 15% 55 sec 15% 53 sec
2–25 9% 56 sec 8% 48 sec
26–49 11% 52 sec 16% 45 sec
50 47% 43 sec 44% 36 sec
51–60 11% 55 sec 8% 42 sec
61–100 8% 46 sec 9% 39 sec
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After responding to this question, Nash lecture audiences were asked to imagine that
they are the responder in the Ultimatum Game who has been offered $10 out of the
$100. Almost all the teachers also assigned the responder version following the
proposer version.

Example 7. The Ultimatum Game: The Responder (No. 25 on the website)

You and someone you do not know are to share $100. He makes you an offer and you can either
accept it or reject it.

If you reject it, neither of you will get anything. He offers you $10 (if you accept, he will get $90).
Do you accept the offer? Yes/No
A surprisingly high proportion of subjects, 63%, �accepted� the offer. Remarkably,

95% of those who offered 0–10 in the previous question accepted the $10 as opposed to
only 53% of those who offered an equal split.

Is there a difference in response time between those who accepted and those who
rejected the $10? The RTs of 2,620 members of the audiences at the Technion, Tilburg,
LSE, Georgetown, UBC and Sabanci universities were recorded in addition to those of
1,080 students in 33 courses. Remarkably, not only was the median of the two groups
identical but, as Figure 7 shows, the RT distributions of those who accepted and those
who rejected the offer were almost identical.

This result appears to conflict somewhat with the results reported by the fMRI
experiments. Sanfey et al. (2003) attributed acceptance of the lower offer to the cog-
nitive side of the brain while rejection was attributed to the emotional part of the brain.
One would expect that the response time of those who accepted the low offer would
therefore be higher; however, the distributions of those who accepted and those who
rejected the offer are amazingly similar, which casts doubt on the conclusion reached
from the fMRI results.
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4. The Allais Paradox

The final example is a variant of the Allais Paradox taken from Kahneman and Tversky
(1979). Subjects were asked to respond to two problems:

Example 8: The Allais Paradox (No. 39 and No. 40 on the website)
I

Imagine you have to choose one of the following two lotteries:
Lottery A yields $4,000 with probability 0.2 and $0 with probability 0.8.
Lottery B yields $3,000 with probability 0.25 and $0 with probability 0.75.
Which lottery would you choose?

II

Imagine you have to choose one of the following two lotteries:
Lottery C yields $4,000 with probability 0.8 and $0 with probability 0.2.
Lottery D yields $3,000 with probability 1.
Which lottery would you choose?

Students in 31 courses responded to these problems and it was recommended that
teachers present Problem I first and Problem II second. Participants in the Nash
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Table 7

Example 7: Results

Answer Nash Lectures MRT Courses MRT

2,620 27 1,080 20
Yes 63% 27 62% 20
No 37% 27 38% 20
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lecture in York University were also asked to respond to the two problems in this
order but with several problems in between. The results for the Nash lecture audi-
ence and those for the students in the classes are presented together in Table 8 and
in Figure 8. The results are very similar to the original results of Kahneman and
Tversky (1979).

The choice of lottery A clearly requires more time than the choice of B as does the
choice of C relative to D. The fact that the RTs of C and D are lower than those of A and
B must be an outcome of the fact that Problem II was presented after Problem I so that
the subjects were already familiar with the problem.

In Problem II, the sure prize of 3000 seems to be the instinctive response while the
choice of the risky lottery 0.8[4000] þ 0.8[0] requires calculation and deliberation.
Thus, the distinction between instinctive and cognitive choices can explain the large
differences in RT between the two choices.

In Problem I, the choice of 0.2[4000] þ 0.2[0] is usually explained either by the
comparison of the expectations or by the procedure – described in Rubinstein (1988) –
in which the decision maker finds the probabilities to be similar and makes the choice
according to the decisive difference in the size of the prizes. The choice of
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Table 8

Example 8: Results

Kahneman þ Tversky Lecture Audience and Classes MRT

I n ¼ 95 n ¼ 1,258 44 sec
A ¼ 0.2[4000] þ 0.8[0] 65% 62% 50 sec
B ¼ 0.25[3000] þ 0.75[0] 35% 38% 36 sec

II n ¼ 95 n ¼ 1,168 23 sec
C ¼ 0.8[4000] þ 0.2[0] 20% 26% 32 sec
D ¼ [3000] 80% 74% 20 sec
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0.25[3000] þ 0.75[0] is more difficult to interpret. The differences in response time
seem to indicate that the choice of 0.25[3000] þ 0.75[0] was for many an outcome of
reasonless choice.

5. Conclusion

I conclude by replying to potential criticisms of the approach suggested in this article.

(a) The method of data collection

The data are indeed very noisy and are blurred by the behaviour of subjects who �choose�
without serious deliberation. There are also differences in server speed. Further-
more, subjects differ in how fast they read and think. Indeed, this is the reason I do
not advise conducting this kind of research using a sample of less than several thou-
sand. Here, the magic of a large sample gives us a clear picture of the relative time
responses.

A standard criticism of survey experiments is that in the absence of monetary rewards
behaviour is less realistic. However, in my experience there is no significant difference
between survey results and results in experiments with monetary rewards; see also
Camerer and Hogarth (1999). In any case, we are not interested here in the absolute
distribution of responses in real life problems (and note that even with real payments
the experiment is still far from a real life situation), but only in the relative response
times of the different choices. Thus, the absence of real rewards should not have any
significant impact.

(b) Statistical tests

I believe that the results presented here are sufficiently persuasive that the perfor-
mance of statistical tests would not have any value beyond paying taxes to the ortho-
doxy. It is true that for certain problems (not presented here) in which the results
exhibited only slight differences in response time, statistical tests are needed. However,
I doubt that the results of such tests would be of much interest unless the differences
were large enough to make the tests redundant in any case.

With that said, I yielded to the pressure of readers of earlier drafts and conducted the
standard Wilcoxon Two-Sample Test.

Experiment Pair p�value

Zero Sum Game (No. 15) T,B 3.6 � 10�11

Successive Elimination of Strategies (No. 4) B,C 8 � 10�39

The Traveller’s Dilemma (No. 53) 295–9,300 1.3 � 10�23

Guess 2/3 of the Average (No. 1) A,B 2.8 � 10�9

B,C 2.6 � 10�8

Centipede Game (No. 33 ) 101,98–100 6.1 � 10�5

98–100,2–97 3.9 � 10�12

The Ultimatum game (No. 23) 50,0�1 4.3 � 10�16

The Ultimatum Game: A Responder (No. 25) Y,N 2.9 � 10�2

The Allais Paradox (No. 39 and No. 40) A,B 4.4 � 10�10

C,D 6.3 � 10�20
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(c) The distinction between intuitive and cognitive choices

As mentioned earlier, the classification of choices was done intuitively. An alternative
and more formal approach would be to base classification on other sources of infor-
mation such as the results of a survey in which subjects were asked whether they
consider a choice to be instinctive or not. Of course, such an approach would have its
own deficiencies. In any case, the distinction between intuitive and cognitive responses
was used here only as a suggestive explanation for the huge differences in time
response between actions.

Overall, I believe that the methodology used in this article is a cheap and incisive tool
for understanding the process of reasoning involved in classical economic decision
problems. Furthermore, the results appear to be more clear-cut and less speculative
than those obtained recently by fMRI studies.
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