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BDT (2003)

A computational model by assuming that voters are adaptively
rational — voters learn to vote or to stay home in a form of
trial-and-error.
Voters are reinforced to repeat an action (e.g., vote) in the
future given a successful outcome today.
The turnout rate is substantially higher than the predictions in
rational choice models.

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)



Adaptively Rational Voting Model Bendor, Diermeier and Ting (BDT) (APSR 2003)
Fowler (JOP 2006)

Fowler (2006)

Fowler revises the BDT model by including habitual voting
behavior.
He finds his behavioral model is a better fit to the same data
that BDT use.

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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BDT (2003) Model

1 There are N voters in the society, such that, nd +nr = N.
2 Each voter i can either vote (V ) or abstain (A).

If a citizen chooses to vote, she votes for her own party.

3 The winning party in the election is the party with the most
turnout.

if ties, it will be decided by a fair coin toss.

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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Costs and Benefits of Voting

1 All members of the winning party receive a fixed payoff b.
regardless of whether or not they voted.

2 The individuals who choose to vote pay a fixed cost c .
3 Given the uncertainty is included in the payoff function:

qit ⇠ iid (0,w) , there are four possible groups with the
following payoffs:

1
Winning abstainers: pi ,t = b+qit

2
Winning voters: pi ,t = b� c+qit

3
Losing abstainers: pi ,t = 0+qit

4
Losing voters: pi ,t =�c+qit

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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Propensity to Vote

1 Each citizen i in each period t has a propensity to vote:
1

Probability of Vote for individual i at time t: pi ,t (V ) 2 [0,1]
2

Probability of Abstention: pi ,t (A) = 1�pi ,t (V ) .

2 Each citizen i has an aspiration level ai ,t that specifies the
payoff she hopes to achieve.

3 Each citizen realizes an action I 2 {V ,A} , which determines
the election winner and the resulting payoff pit for each citizen.

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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Propensity to Vote - Bush Mosteller Rule

BDT (2003) follows Bush and Mosteller (1955) that
propensities are adjusted according to whether or not that
outcome is deemed successful.
In other words, people would increase their likelihood of taking
the same action next time if the resulting payoffs is greater
than or equal to aspirations (pit � ait), and vice versa.
The Propensity Function can be written as:

If pi ,t � ai ,t , then pi ,t+1 (I ) = pi ,t (I )+a
�
1�pi ,t (I )

�

If pi ,t < ai ,t , then pi ,t+1 (I ) = pi ,t (I )�api ,t (I )
where I 2 {V ,A} , and a = speed of learning.

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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Propensity to Vote - Bush Mosteller Rule

1 Propensity to Vote for t+1 if the individual voted (V ) at t:
If pit � ai ,t , then pi ,t+1 (V ) = pi ,t (V )+a

�
1�pi ,t (V )

�

If pi ,t < ai ,t , then pi ,t+1 (V ) = pi ,t (V )�api ,t (V )
2 Propensity to Vote for t+1 if the individual abstained (A) at

t:
If pi ,t � ai ,t , then pi ,t+1 (A) = pi ,t (A)+a

�
1�pi ,t (A)

�
)

pi ,t+1 (V ) = pi ,t (V )�api ,t (V )
If pi ,t < ai ,t , then pi ,t+1 (A) = pi ,t (A)�api ,t (A) )
pi ,t+1 (V ) = pi ,t (V )+api ,t (V )
where a 2 (0,1] is speed of learning.

This determines the speed in which propensities change in

response to reinforcement (vote) and inhibition (abstain).

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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Aspiration Updating Mechanism

1 BDT (2003) also assume that each citizen’s aspiration is
updated according to Cyert and March (1963):

ai ,t+1 = lai ,t +(1�l )pi ,t ,

where l 2 (0,1)
1

If pit = ait , then ai ,t+1 does not change over time;

2
If pit > ait , then ai ,t+1 increases;

3
If pit < ait , then ai ,t+1 decreases.

2 Note that some individuals are inertial who do not update
either propensity or aspiration or both randomly with
probabilities of ep and ea, respectively.

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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BDT (2003) - Simulations

Parameter Values:
N = 10,000 ) nD = 5,000 and nR = 5,000
b = 1 (benefit) and c = .025 (cost)
a = 0.1 (learning speed) and l = 0.95 (aspiration adjustment)
w = 0.2 (payoff noise), ep = ea = 0.01 (proportion of
nonresponsive citizens)
pi ,t=0 = ai ,t=0 = 0.5 (initial values)

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)



Adaptively Rational Voting Model Bendor, Diermeier and Ting (BDT) (APSR 2003)
Fowler (JOP 2006)

BDT (2003) - Simulations
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in the previous election turn out at a rate of about 50
percentage points higher than those who do not.

To illustrate more sharply the difference between
the BDT model and empirical reality, I draw on data
from the South Bend Election Survey (Huckfeldt and
Sprague 1985). This survey can help us examine the
habitual behavior of the average voter because it
includes validated turnout information from a series
of six general elections and seven sets of primary elec-
tions for residents who lived in South Bend for the
years 1976–1984. Figure 2 shows the distribution of
turnout frequency—that is, how many individuals
never voted, voted once, voted twice, and so on. The
upper-left graph shows the frequency of voting in
primary elections and the upper-right shows the fre-
quency of voting in general elections. Notice the mode
at 0 in both graphs—the plurality of people stay home
all the time. Notice also that a substantial group always
votes in the general election. Habitual voting and non-
voting dominates casual voting. More than half of the
respondents always vote or always abstain.

The lower graphs in Figure 2 show the individual
turnout frequency predicted by the BDT computa-
tional model. To generate these predictions, I use
BDT’s base model assumptions and change the cost of
voting until mean turnout in the model equals
observed turnout (general election turnout is 49%
and primary turnout is 27% in the South Bend data).4

The model is then run for 1000 elections and individ-
ual-level data is collected for the last six periods for
general elections and seven periods for primaries. The
number of individuals sampled is equal to the number

 Primary Elections General Elections 

N
um

be
r o

f R
es

po
nd

en
ts

 
Fr

om
 S

ou
th

 B
en

d 
D

at
a 

0 1 2 3 4 5 6 7

0
20

0
40

0
60

0
80

0

0 1 2 3 4 5 6

0
20

0
40

0
60

0
80

0

N
um

be
r o

f R
es

po
nd

en
ts

Pr
ed

ic
te

d 
by

 B
D

T
 M

od
el

 

0 1 2 3 4 5 6 7

0
20

0
40

0
60

0
80

0

0 1 2 3 4 5 6

0
20

0
40

0
60

0
80

0
Number of Times Respondent Voted 

FIGURE 2 Distribution of Individual Turnout Frequency in South Bend (1976–1984) vs. Turnout
Frequency Predicted by the BDT Behavioral Model of Turnout

4If the model is not adjusted to yield the same aggregate turnout
as the empirical data, then differences in the means of the two dis-
tributions may yield other differences in those distributions. The
question is whether or not the model can simultaneously yield
both realistic aggregate turnout and a realistic distribution of indi-
vidual turnout behavior when the cost of voting is positive. I want
to maintain comparability with BDT’s results, so to match aggre-
gate turnout rates between the model and empirical data I change
a single parameter, the cost of voting. Note that changing the
benefit instead of the cost yields substantively identical results.

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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in the previous election turn out at a rate of about 50
percentage points higher than those who do not.

To illustrate more sharply the difference between
the BDT model and empirical reality, I draw on data
from the South Bend Election Survey (Huckfeldt and
Sprague 1985). This survey can help us examine the
habitual behavior of the average voter because it
includes validated turnout information from a series
of six general elections and seven sets of primary elec-
tions for residents who lived in South Bend for the
years 1976–1984. Figure 2 shows the distribution of
turnout frequency—that is, how many individuals
never voted, voted once, voted twice, and so on. The
upper-left graph shows the frequency of voting in
primary elections and the upper-right shows the fre-
quency of voting in general elections. Notice the mode
at 0 in both graphs—the plurality of people stay home
all the time. Notice also that a substantial group always
votes in the general election. Habitual voting and non-
voting dominates casual voting. More than half of the
respondents always vote or always abstain.

The lower graphs in Figure 2 show the individual
turnout frequency predicted by the BDT computa-
tional model. To generate these predictions, I use
BDT’s base model assumptions and change the cost of
voting until mean turnout in the model equals
observed turnout (general election turnout is 49%
and primary turnout is 27% in the South Bend data).4

The model is then run for 1000 elections and individ-
ual-level data is collected for the last six periods for
general elections and seven periods for primaries. The
number of individuals sampled is equal to the number
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FIGURE 2 Distribution of Individual Turnout Frequency in South Bend (1976–1984) vs. Turnout
Frequency Predicted by the BDT Behavioral Model of Turnout

4If the model is not adjusted to yield the same aggregate turnout
as the empirical data, then differences in the means of the two dis-
tributions may yield other differences in those distributions. The
question is whether or not the model can simultaneously yield
both realistic aggregate turnout and a realistic distribution of indi-
vidual turnout behavior when the cost of voting is positive. I want
to maintain comparability with BDT’s results, so to match aggre-
gate turnout rates between the model and empirical data I change
a single parameter, the cost of voting. Note that changing the
benefit instead of the cost yields substantively identical results.
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BDT (2003) vs Empirical Implications

Recall the Propensity function:
If pi ,t � ai ,t , then pi ,t+1 (I ) = pi ,t (I )+a (1�pi ,t (I ))

When pi ,t (I ) = 0, pit+1 (I ) " by a
When pi ,t (I ) = 1, pit+1 (I ) = pit (I ) . (no change)

As pit (I ) increases, the reinforcement effect diminishes.

If pi ,t < ai ,t , then pi ,t+1 (I ) = pi ,t (I )�api ,t (I )
When pi ,t (I ) = 1, pit+1 (I ) # by a
When pi ,t (I ) = 0, pit+1 (I ) = pit (I ) . (no change)

As pit (I ) decreases, the inhibition effect diminishes.

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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BDT (2003) vs Empirical Implications

The Propensity function:
If pi ,t � ai ,t , then pi ,t+1 (I ) = pi ,t (I )+a

�
1�pi ,t (I )

�

If pi ,t < ai ,t , then pi ,t+1 (I ) = pi ,t (I )�api ,t (I )

The expected propensity value is:

E (pi ,t+1) =Pr (pit � ait) [pi ,t (I )+a (1�pi ,t (I ))]+

Pr (pit < ait) [pi ,t (I )�api ,t (I )]

Propensity to vote is pi ,t = Pr (pit � ait), and we assume the
probability of success Pr (pit � ait) = 0.5, we have:

E (pi ,t+1) = pi ,t = 0.5.

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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Diaconis and Lehmann 1987). Nonetheless, one might
argue that this rule is simple with few parameters. One
might also argue that it is elegant in the sense that it
eliminates the need to introduce a mechanism to
ensure that propensities remain between 0 and 1.
However, this elegance has a substantial cost—it biases
the model towards their main result.

BDT are primarily interested in whether or not
their model produces significant turnout in large pop-
ulations when the cost of voting is high relative to the
benefit of winning the election. Several of their results
indicate that the model yields turnout at or near 50%
when the cost of voting is as high as .25 and the benefit
of winning is 1. This is much higher than predicted by
a variety of formal models, most notably Palfrey and
Rosenthal (1985).

Yet close examination of the BDT computational
model reveals why it consistently produces turnout 
near 50%. Notice that reinforcement in equation (1)
takes place most quickly when propensities are low.
When the previous propensity is 0, reinforcement
causes the new propensity to increase by a. However,
for propensities near 1, the effect of reinforcement
diminishes to 0. Conversely, inhibition in equation (2)
takes place most quickly when propensities are high.
When the previous propensity is 1, inhibition causes it
to decrease by a. But for propensities near 0, the effect
of inhibition diminishes to 0. BDT refer to this prop-
erty of the reinforcement and inhibition rules as mono-
tonicity. In fact, weak monotonicity is a requirement for
most of the analytical results in the BDT general model.

However, monotonicity has a very important
effect on the behavior of the model. It means that rein-

forcement is stronger than inhibition for propensities
below .5, and inhibition is stronger than reinforce-
ment for propensities above .5. Consequently, the
strongest vector of change is always towards propen-
sities of .5. I call this moderating feedback and define
it as follows:

Definition. Moderating feedback occurs when the
magnitude of the change due to reinforcement is
greater than the magnitude of the change due to inhi-
bition for propensities less than .5 and the magnitude
of the change due to inhibition is greater than the
magnitude of the change due to reinforcement for
propensities greater than .5.

Notice also that the strength of the feedback is
increasing as propensities move away from .5. The
solid line in Figure 1 shows the ratio of change
towards .5 versus change towards 0 or 1 in the BDT
computational model. For comparison, the dotted line
shows what this ratio would be in a model without
feedback. In the BDT model very high and very low
propensities are subject to the strongest adjustment
towards .5. For example, suppose a = .1 and the pre-
vious propensity to vote is pi,t = .1. If the propensity is
reinforced, then the new propensity will increase by
.09. However, if it is inhibited then the new propen-
sity will decrease by a mere .01. This means that in
order for .1 to be a stable probability of turnout, every
reinforcement must be matched by nine inhibitions.2
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FIGURE 1 Moderating Feedback in the BDT Model of Turnout

2Note that the reasoning is symmetric whether we are thinking of
the propensity to turn out or the propensity to abstain. It would
be difficult to sustain either very high or very low turnout in a
model with moderating feedback.
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in the previous election turn out at a rate of about 50
percentage points higher than those who do not.

To illustrate more sharply the difference between
the BDT model and empirical reality, I draw on data
from the South Bend Election Survey (Huckfeldt and
Sprague 1985). This survey can help us examine the
habitual behavior of the average voter because it
includes validated turnout information from a series
of six general elections and seven sets of primary elec-
tions for residents who lived in South Bend for the
years 1976–1984. Figure 2 shows the distribution of
turnout frequency—that is, how many individuals
never voted, voted once, voted twice, and so on. The
upper-left graph shows the frequency of voting in
primary elections and the upper-right shows the fre-
quency of voting in general elections. Notice the mode
at 0 in both graphs—the plurality of people stay home
all the time. Notice also that a substantial group always
votes in the general election. Habitual voting and non-
voting dominates casual voting. More than half of the
respondents always vote or always abstain.

The lower graphs in Figure 2 show the individual
turnout frequency predicted by the BDT computa-
tional model. To generate these predictions, I use
BDT’s base model assumptions and change the cost of
voting until mean turnout in the model equals
observed turnout (general election turnout is 49%
and primary turnout is 27% in the South Bend data).4

The model is then run for 1000 elections and individ-
ual-level data is collected for the last six periods for
general elections and seven periods for primaries. The
number of individuals sampled is equal to the number
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FIGURE 2 Distribution of Individual Turnout Frequency in South Bend (1976–1984) vs. Turnout
Frequency Predicted by the BDT Behavioral Model of Turnout

4If the model is not adjusted to yield the same aggregate turnout
as the empirical data, then differences in the means of the two dis-
tributions may yield other differences in those distributions. The
question is whether or not the model can simultaneously yield
both realistic aggregate turnout and a realistic distribution of indi-
vidual turnout behavior when the cost of voting is positive. I want
to maintain comparability with BDT’s results, so to match aggre-
gate turnout rates between the model and empirical data I change
a single parameter, the cost of voting. Note that changing the
benefit instead of the cost yields substantively identical results.
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Fowler (2006) - Alternative Propensity Function

Fowler (2006) revises the Propensity function:
If pi ,t � ai ,t , then pi ,t+1 (I ) = min

�
1,pi ,t (I )+a

�

If pi ,t < ai ,t , then pi ,t+1 (I ) = max

�
0,pi ,t (I )�a

�

At any level of pi ,t , the change of pi ,t is either a for pi ,t � ai ,t
or �a for pi ,t < ai ,t , as long as pi ,t 6= 0 or 1.
Its change does not decrease as pi ,t increases or decreases as

suggested by BDT (2003).

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)



Adaptively Rational Voting Model Bendor, Diermeier and Ting (BDT) (APSR 2003)
Fowler (JOP 2006)

Fowler (2006) - Alternative Propensity Function

This implies that the reinforcement effect or the inhibition
effect does not diminish as propensity of voting is increase or
decreasing, respectively.

It does not converge to E
�
pi ,t+1

�
= 0.5 in the long run.

As a result, many of them will have very high and very low
propensities that cause them to make the same turnout choice
for a long series of elections.
This is called the habitual voting behavior.

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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Fowler (2006) - Simulations

Recall: Simulations in BDT (2003)
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in the previous election turn out at a rate of about 50
percentage points higher than those who do not.

To illustrate more sharply the difference between
the BDT model and empirical reality, I draw on data
from the South Bend Election Survey (Huckfeldt and
Sprague 1985). This survey can help us examine the
habitual behavior of the average voter because it
includes validated turnout information from a series
of six general elections and seven sets of primary elec-
tions for residents who lived in South Bend for the
years 1976–1984. Figure 2 shows the distribution of
turnout frequency—that is, how many individuals
never voted, voted once, voted twice, and so on. The
upper-left graph shows the frequency of voting in
primary elections and the upper-right shows the fre-
quency of voting in general elections. Notice the mode
at 0 in both graphs—the plurality of people stay home
all the time. Notice also that a substantial group always
votes in the general election. Habitual voting and non-
voting dominates casual voting. More than half of the
respondents always vote or always abstain.

The lower graphs in Figure 2 show the individual
turnout frequency predicted by the BDT computa-
tional model. To generate these predictions, I use
BDT’s base model assumptions and change the cost of
voting until mean turnout in the model equals
observed turnout (general election turnout is 49%
and primary turnout is 27% in the South Bend data).4

The model is then run for 1000 elections and individ-
ual-level data is collected for the last six periods for
general elections and seven periods for primaries. The
number of individuals sampled is equal to the number
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FIGURE 2 Distribution of Individual Turnout Frequency in South Bend (1976–1984) vs. Turnout
Frequency Predicted by the BDT Behavioral Model of Turnout

4If the model is not adjusted to yield the same aggregate turnout
as the empirical data, then differences in the means of the two dis-
tributions may yield other differences in those distributions. The
question is whether or not the model can simultaneously yield
both realistic aggregate turnout and a realistic distribution of indi-
vidual turnout behavior when the cost of voting is positive. I want
to maintain comparability with BDT’s results, so to match aggre-
gate turnout rates between the model and empirical data I change
a single parameter, the cost of voting. Note that changing the
benefit instead of the cost yields substantively identical results.
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Fowler (2006) - Simulations

Simulations in Fowler (2006)

HABITUAL VOTING AND BEHAVIORAL TURNOUT 343

behavioral assumptions. In the 1950s and 1960s psy-
chologists intensively studied stochastic learning rules
like the one proposed by Bush and Mosteller (1955).
However, much of this work was abandoned in the
early 1970s in part because it became clear that these
learning rules could not explain the sequential behav-
ior of individual subjects (Camerer 2003; Diaconis
and Lehmann 1987). It is precisely this weakness that
affects the BDT computational model of turnout.

Although it successfully predicts widespread turnout,
it fails to account for the individual tendency to
behave habitually. Thus, when we incorporate alter-
native behavioral assumptions into formal theories,
it is very important that we analyze not only what
happens at the population level but also what happens
at the individual level. Otherwise we risk dooming our
renewed interest in “formal behavioralism” at its
outset.
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FIGURE 3 Distribution of Individual Turnout Frequency in South Bend (1976–1984) vs. Turnout
Frequency Predicted by Behavioral Models of Turnout
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Fowler (2006) - Simulations

Fowler (2006) Simulation created by Jeremy Gilmore

https://j-gilmore.shinyapps.io/fowlermodel/
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Sources of Figures

Thank You!

Questions!

EITM Summer Institute (2017) Bendor, Diermeier and Ting (2003) and Fowler (2006)
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