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Abstract

Over the past four decades, the cost of information acquisition has decreased significantly.
Despite this pattern, there is not a clear indication that people have become more knowl-
edgeable about their representatives in government on many dimensions. In fact, there is
even some evidence that people are now less knowledgeable about some facts – such as the
names of their Congress members (Jacobson 2015). I argue that cheaper information has
not increased voters’ knowledge about individual candidates because voters possess an even
cheaper and increasingly informative cue: party id. As parties have become more ideologi-
cally distinct, voters have been increasingly able to guess how any given representative voted
on a salient bill. Therefore, individuals should be less likely to seek out specific information
about what individual legislators do in Congress. I test this conjecture using a decision-
theoretic experiment. In the experiment, participants try to guess how a candidate voted
on a particular bill for a monetary reward, and may pay to receive an informative signal
before guessing. This is analogous to investing effort in learning facts about a candidate’s
record, which is costly. I find that participants that have the party label available to them
are indeed less willing to pay for an informative signal when it is easier to guess a candidate’s
vote based on their party id.
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1 Introduction

Over the past four decades, access to information has become much cheaper. Through

internet search engines such as Google, individuals can ask questions and receive simultane-

ous answers. Despite this pattern, there is not a clear indication that people have become

more knowledgeable about politics over time. In fact, there is evidence that people are less

likely to know the name of their Congress members than they were in the past and unsur-

prisingly, show increased levels of party voting (Jacobson 2015) despite the ease of access

to information on individual legislators’ activities in Congress and the low cost of acquisi-

tion. I argue that cheaper information has not increased voters’ knowledge about individual

candidates because voters possess an even cheaper and increasingly informative cue: party

id.

Complex political environments have encouraged the use of heuristics such as the party

label in political decision making. Especially in recent years, individuals have turned to the

party label as an easy way to make relatively well-informed decisions at little cost. As parties

have become more ideologically distinct, voters have been increasingly able to guess how any

given representative voted on a salient bill. Therefore, individuals should be less likely to

seek out specific information about what individual legislators do in Congress. Specifically,

when the party label becomes more informative, individuals should be less willing to pay the

cost of seeking out information on individual legislators’ voting records.

Building on this idea, I investigate the effect of varying the level of information conveyed

by party brands. In particular, I test whether increasing levels of information conveyed by the

party brand has caused voters to invest less in learning about their representatives’ individual

records. I test this conjecture using a decision-theoretic experiment varying the amount of

information contained in the party label based on the actual information level (JSD) over

the last five decades1. In the experiment, participants try to guess how a candidate voted on

1This paper builds on a previous paper (as well as a poster that was presented at PolMeth 2017), and
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a particular bill for a monetary reward, and may pay to receive an informative signal before

guessing. This is analogous to investing effort in learning facts about a candidate’s record,

which is costly. I hypothesize that participants with the party label available to them will

be less willing to pay for an informative signal when it is easier to guess a candidate’s vote

based on their party id.

2 Party Label Informativeness and Willingness to Pay

Individuals who are tasked with making a correct decision will use the most efficient

path of information acquisition that leads them to a correct decision. In terms of politics,

individuals who are asked to determine how their representatives voted can either gather

information on individual voting records or make an inference using the party label. Party

labels serve as informational cues that voters can use to learn about their representatives

in Congress (Dancey and Sheagley 2013; Ansolabehere and Jones 2010; Lau and Redlawsk

2001; Popkin 1994; Snyder and Ting 2003). Despite the importance of party “brands”

in the creation and distribution of political information that goes into these labels, the

literature lacks an overall summary measure that quantifies the amount of information that

is contained in a given label. I use an information-theoretic measure (JSD) of how much

information is conveyed by a party’s or an individual’s legislative record. This measure is

computed using roll call votes from the 45th-113th Congresses (1878-2014) and compares

individual legislators and parties in terms of the information that is revealed by their voting

behavior on the left-right spectrum over time. Since the 1970s, both individual legislator

voting records and party records have becoming increasingly informative. However, the

investigates the effect of varying the level of information conveyed by party brands. In “The Informational
Value of Party Labels and Legislator Voting Records,” I show that the information conveyed by a party’s
record has increased over time. In the current paper, I test whether this has caused voters to invest less in
learning about their representatives’ individual records.
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party label has increased at a faster rate over time2. This may be why there has been an

increase in party line voting in the last few decades, as it is easier and increasingly more

efficient for individuals to learn the party label rather than their individual legislator’s voting

record. This experiment seeks to investigate if increasing informativeness of the party label

has decreased information seeking behavior regarding individual legislators’ records.

As parties become more informative, meaning that they are more homogeneous with

less variance in voting behavior between the party’s members, individuals will place more

weight on the information that they can get from the party label and less weight on indi-

vidual legislator information3. In terms of information acquisition, individuals should be

less willing to acquire more “bits” of information about an individual legislator as the party

label increases in informativeness4. More specifically, I hypothesize that as the party label

becomes more informative, individuals should be less willing to pay the cost of seeking out

additional information, such as information on an individual legislator’s voting record.

In addition to willingness to pay, another characteristic of heuristics that is worth in-

vestigating is accuracy. We know from statistics that biased estimators can still be useful.

While heuristics occasionally lead to errors (Dancey and Sheagley 2013), it is not clear if

the tradeoff between using heuristics and committing occasional errors is irrational. On av-

erage, the accuracy benefits of using the party label as a heuristic might heavily outweigh

the costs of making occasional errors. Previously, we have not been able to assess the costs

and benefits of using a biased heuristic due to the fact that prior experiments have not

controlled the benefit of voting correctly or the cost of acquiring more accurate information.

In addition, previous experiments have not varied the accuracy of the party label in a way

2This analysis is conducted in detail in another (working) paper (presented as a poster at PolMeth 2017).
Changes in this measure over time are used to motivate this experiment, while the JSD measure itself is
explained in more detail in the following sections.

3Implicitly, this assumes that individuals do in fact use the party label in regular political decision making.
4A “bit” is quantitative measure of an amount, allowing the notion of information used in this article

(and its title) to be expressed in bits. Technically, because the JSD measure introduced below is calculated
using log2 in the formula, the resulting measure of information level is expressed in bits.
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that corresponds directly to real-world changes in the informational value of the party label

as a heuristic, which is what this experiment sets out to do. Therefore, I hypothesize that

when the distribution of votes is held constant (similar informational level), individuals who

know the party label of the legislator will predict legislator votes with higher accuracy than

individuals who are not given the party label.

3 Measurement

To test these hypotheses, we first need a measure that quantifies how informative the

party label is, or alternatively, how different the distribution of votes is between the two

parties. This measure needs to describe how distinct the party brands are from each other

over time. Therefore, I use the Jensen-Shannon Divergence (Lin 1991).

3.1 The Jensen-Shannon Divergence

The Jensen-Shannon divergence (Lin 1991) generalizes the concepts of entropy and

mutual information to encompass situations where an observer knows that data is generated

by one of n distributions. It then characterizes how much uncertainty is reduced if each of

the n distributions are labeled, such that the observer knows exactly which distribution is

generating a given set of data. The JSD is the mutual information between the labels and

the aggregate data (Lin 1991).

JSDπ1,··· ,πn(P1,··· ,Pn) =

Uncertainty over a mixture
of n unlabeled distributions︷ ︸︸ ︷

H(
n∑
i=1

πiPi) −

Average uncertainty
of n labeled distributions︷ ︸︸ ︷

n∑
i=1

πiH(Pi) (1)

In Equation 1 above, π1 · · · πn are the weights assigned to each distribution Pi. Usually

these weights are simply πi = 1/n for all n distributions, but can be adjusted to reflect the

prior probability that data comes from a particular distribution. When entropy is defined
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using logarithms with base 2 (as in Equation 3 in the Appendix), the JSD is bounded between

0 and 1.

To briefly illustrate how the JSD might be used in the case of party records, let’s as-

sume that we are interested in guessing whether a legislator will vote yea or nay on a bill.

Furthermore, assume that a legislator’s vote (yea or nay) can be interpreted as taking the

liberal or conservative side of the issue along a single left-right ideological dimension5. Given

these assumptions, we could use Equation 2 below to measure the information gained by

knowing a legislator’s party label. In this equation, Dem and Rep are probability distribu-

tions over a binary random variable that scores liberal votes as 0 and conservative votes as

1. An observer might estimate each of these distributions by using each party’s legislative

record in Congress. Therefore, consistent with the literature on partisan lawmaking, Equa-

tion 2 implies that party labels are informative because they are linked to specific legislative

records, which encode ideological brands (Cox and McCubbins 1993, 2007; Snyder and Ting

2003; Woon and Pope 2008). The party JSD measures the amount of information that is

generally contained in parties’ legislative records, rather than the information contained in

any specific party’s legislative record.

JSD 1
2

(Dem,Rep) =

Uncertainty given that a vote is
cast by a member of either party︷ ︸︸ ︷
H
(1

2
Dem+

1

2
Rep

)
−

Average uncertainty given that a vote is
cast by a member of a specific party︷ ︸︸ ︷(1

2
H(Dem) +

1

2
H(Rep)

)
(2)

The party JSD is calculated over the parties’ entire legislative record because it is a

measure of how much information is produced by the parties’ legislative activities in Congress.

It is not a measure of how much information is consumed by any particular voter.

5 The JSD does not require that we restrict ourselves to a single dimension. This is just to simplify the
example.
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3.2 Application

To illustrate how the JSD can be used in applied work, I use roll call votes from the

45-113th Congresses from 1878-20146. For each bill, I code whether a yea vote is con-

servative or liberal using the following procedure: First, I take the median first dimension

DW-NOMINATE score of the legislators who voted yea. Then, I take the median first dimen-

sion DW-NOMINATE score for legislators who voted nay. If the median score of legislators

who voted “yea” is greater than (i.e. more conservative than) the median ideology score of

legislators who voted “nay,” then a “yea” vote on the bill is classified as a conservative vote

(1). Otherwise, it is coded liberal (0).

For each party, I then calculate the proportion of conservative votes cast in a given

year, pr(con), and use this as our estimate of the probability that a candidate from the

party takes a conservative vote on any particular bill. I use 1−pr(con) or pr(lib) to estimate

of the probability that party members take the liberal side of a vote. Using these estimated

probability distributions, party JSD is calculated according to Equation 2 above. Figure 1

illustrates this procedure for the 101st Congress in 1990.

Figure 1: Party JSD Example: 101st Congress (1990)

Figure 1 tells us that for all votes made by legislators in 1990, the probability that a

given vote by a legislator was conservative was 0.41, while the probability of a liberal vote

was 0.59. If we break this mixture of all votes down by party, we see that for Republican

6All data is obtained from http://voteview.com. Following Poole and Rosenthal (2007), all consensus
votes were removed.
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Table 1: Party Label JSD and Individual Legislator JSD (1960-2010)
Year Party Label JSD Individual JSD

1960 0.12 0.19
1970 0.03 0.12
1980 0.10 0.16
1990 0.17 0.22
2000 0.24 0.27
2010 0.42 0.45

legislators, the probability of a given legislator making a conservative vote was 0.65 and

the probability of making a liberal vote was 0.35. Similarly, for Democratic legislators, the

probability of making a conservative vote was 0.18, while the probability of making a literal

vote was 0.82. Overall, the JSD for 1990 was 0.18, where a JSD of 1 means that the parties

are perfectly distinguishable from one another (most informative).

The party label JSD varies over bills and years, and in recent years, has become increas-

ingly more informative than in the past. As seen in Table 1, there is considerable variation

in the party label JSD since 1960. The same is true for the individual JSD which uses each

unique legislator’s name as a label (n-distribution JSD) (Equation 1).

4 Decision-Theoretic Experiment

This paper seeks to examine the effect of the information level of party labels on will-

ingness to obtain additional information using actual information levels over the past five

decades. To test the hypotheses in the previous section, I employ an experimental research

design. The design is based on the idea that there is a certain level of information that is

contained in the party label and individual legislator voting records. This informational level

is measured by the Jensen-Shannon Divergence (JSD). Recall that the JSD quantifies how

different two or more distributions are as well as how much uncertainty can be reduced if we

know which distribution a random draw comes from. In terms of the informational level of
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the party label, I calculate the JSD based on the two main political parties (Republican and

Democrat) and their probability of making conservative votes, as described in the previous

section. With this measure, I calculate the amount of information in party brands over time

and mimic this information environment in a laboratory experiment.

When the party label becomes more informative (JSD goes to 1), it is expected that

individuals will place more weight on the party label and less weight on individual legislators’

voting records. This is because a JSD of one indicates that knowing the party label allows

voters to perfectly predict how an individual representative votes. Thus, as the party label

increases in informativeness, respondents should be less willing to pay for information on

individual legislators, even when the goal is correctly identifying an individual legislator’s

vote. In this way, the party label acts as an information subsidy – even though it is cheaper

to get candidate information nowadays, the high information level of the party label makes

acquiring individual legislator information uneconomical.

For example, imagine that there are 50 Democrats and 50 Republicans for a total of

100 members of Congress. For the first bill in Table 2, exactly half each party votes for the

bill. This means that 25 of the Democrat members and 25 of the Republican members vote

yea. Similarly, 25 Democrat members and 25 Republican members vote against the bill for

a total of 50 yeas and 50 nays. Because this distribution gives us no information, the JSD is

0 – the parties are not distinguishable. In contrast, for the second bill, imagine that all 50 of

the Democratic members vote yea and all 50 of the Republican members vote nay. Although

the total is still 50 yeas and 50 nays, because the parties are completely distinguishable, Bill

2 has a JSD of 1.

In the no party label condition of the experiment, Bill 1 and Bill 2 have the same

amount of information. If the task is to guess if a given member of Congress voted yea or

nay, you have a 50/50 chance of being right for both Bill 1 and Bill 2, since you do not

know the party label of the member. Therefore, individuals should pay the same amount for
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Table 2: Close Vote Example

Bill
Democrat

Yea
Democrat

Nay
Republican

Yea
Republican

Nay
Total
Yea

Total
Nay

JSD

1 25 25 25 25 50 50 0
2 50 0 0 50 50 50 1

additional information in these two scenarios.

In contrast, in the party label condition, despite the fact that each bill has 50 yeas and

50 nays, the JSD of the two bills are very different. Since Bill 1 has a JSD of 0, individuals

should pay for additional information on how the member in question voted. However, on

Bill 2, since the party label of the member is known and the JSD is 1, individuals should

never pay for additional information because knowing the party label is all the information

that is needed to make a correct prediction. Following this logic, as the JSD increases from

0 to 1, individuals should be less willing to pay for additional information in the party label

condition.

The basic experimental set-up is shown in Figure 2. Participants are told that they will

receive a bonus ($1) if they correctly guess how the legislator voted on the given bill. In the

first part of the experiment, participants are presented with information on the distribution

of legislator votes for a specific bill that received a roll call vote (Stage 1). Bills used in the

experiment were selected to match the overall JSD for the House of Representatives by year.

This means that the bill-level JSD for a given bill is identical to a yearly JSD between the

years of 1960-2010 (Table 1). Furthermore, despite varying the underlying bill-level JSD,

only close votes (50% yea, 50% nay) are used in this experiment. This allows each bill to

have the same baseline level of information, irrespective of party label and JSD (Table 2).

Participants are randomly assigned to receive one of two informational treatments: party

label (Democrat or Republican) or no party label (Stage 2). They are also randomly assigned

to an acquisition cost condition: high cost or low cost (Stage 3). In the low cost condition,

participants pay $0.01 to get a signal that is 1% more accurate. This means that if they
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choose to pay nothing, they will get a signal that is a coin flip with a 50/50 chance of

accuracy. On the other hand, if the participant chooses to pay $0.02 or $0.50, they will get

a signal that is 52% or 100% accurate, respectively.

In the high cost condition, participants pay $0.02 to get a signal that is 1% more

accurate. This means that if the participant chooses to pay $0.04, they would get a signal

that is accurate 52% of the time, whereas if they choose to pay $0.50, they will get a signal

that is accurate 75% of the time. Likewise, if they choose to pay $1.00 (their entire reward

for a correct guess), they will receive a signal that is accurate 100% of the time, but be

left with nothing in the end. Lastly, after receiving the signal according to their willingness

to pay in Stage 3, the participant is asked to give their best guess of how the legislator in

question voted on the bill (Stage 4). Participants are paid $1.00 - signal cost for a correct

guess and $0 otherwise for one randomly selected trial.

Figure 2: Trial Set-up: Example trial using 1980 JSD

This creates four distinct cases (Table 3). Participants complete a total of ten trials

with varying bill-level JSDs under the same set of randomly assigned conditions, making
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Table 3: Experimental Design: informational level and acquisition cost
High Cost Low Cost

Party Label Bill1JSD
, Bill2JSD

, · · · , Bill10JSD
Bill1JSD

, Bill2JSD
, · · · , Bill10JSD

No Party Label Bill1JSD
, Bill2JSD

, · · · , Bill10JSD
Bill1JSD

, Bill2JSD
, · · · , Bill10JSD

this a between-subjects design. In addition to the ten trials, participants also complete a

standard risk aversion assessment.

Despite the final stage being the participant’s guess regarding the legislator’s vote, the

dependent variable of interest in this experiment is willingness to pay for information. For

each trial, participants are asked how much they would be willing to pay to get additional

information to help them make their decision. This monetary value becomes the dependent

variable. With multiple trials, the objective is to compare willingness to pay between the

high and low cost conditions over bills with different party JSDs (over time).

I expect that when the JSD increases, meaning that the parties are highly distinguish-

able, willingness to pay should decrease. Similarly, the difference between willingness to pay

in the low cost condition and willingness to pay in the high cost condition should become

smaller as the party JSD increases. In the no party label condition, I expect there to be

a similar willingness to pay across JSDs because the vote distribution for close votes (50%

yea / 50% nay) is not informative and the participant is unsure of the party label of the

legislator in each trial. Therefore, they should be willing to pay a relatively similar amount

for additional information across all JSD levels since they are not given any party labels to

make use of.

In contrast, in the party label condition, I expect that as the informativeness of the

party label increases (JSD increases), individuals’ willingness to pay for individual legislator

information will decrease in both the low and high cost conditions. As the distribution of

votes between Democrats and Republicans becomes increasingly different, individuals who

are given the party label will be able to make better predictions. Therefore, they will be
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less willing to pay for additional information in this case. As the distributions become more

similar (JSD decreases), even individuals with the party label will have an increasingly hard

time deriving information from it. Therefore, they will be more willing to pay for additional

information.

With regard to willingness to pay for information, I compare the high and low cost

conditions within each treatment (Figure 3). Within each of the conditions, I vary the

potential informativeness of the party label (JSD) while keeping the overall number of yeas

and nays on each bill relatively equal. Individuals who receive the party label treatment,

regardless of the cost condition, should be less willing to pay for additional information (both

party label conditions (blue, red) will be below both no label conditions (green, purple) for

all information levels). In addition, I expect that as the informativeness of the party label

increases (JSD gets closer to 1), the willingness to pay for individuals in the party label

condition (blue lines) should converge. This is because with a high JSD the parties are

highly distinguishable. Therefore, very few people should be willing to pay regardless of

the cost condition. The cost of obtaining additional information matters less as we move

from low informativeness of the party label to high informativeness (JSD). Therefore, the

difference between willingness to pay in the low cost condition party label condition (blue)

and willingness to pay in the high cost party label condition (red) should become smaller as

the party JSD increases.

In the no party label condition, individuals’ willingness to pay should be relatively the

same between the low cost (light red) and high cost (dark red) conditions. This is because

they are given no party label and the yea / nay distribution of a close vote does not give them

any additional information or the chance to increase their probability of making a correct

guess without paying for additional information on the legislator’s individual voting record.

Finally, I expect that knowing the party label gives individuals the ability to be more

accurate in comparison to not knowing the party label. Therefore, I expect that on average,
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Figure 3: Expected Results: Relationship between WTP and JSD
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at comparable information levels (JSDs), individuals who receive the party label will predict

legislator votes with higher accuracy than individuals who are not given the party label.

This is again due to the fact that close votes provide no help to individuals that do not

receive the party label.
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5 Data and Methods

Data was collected using Qualtrics and Amazon’s Mechanical Turk7. Participants were

screened to be at least 18 years of age and reside in the United States. The 198 participants

were randomly assigned to one of two experimental conditions: party label or no party label.

In addition, participants were randomly assigned to one of two cost conditions: high cost or

low cost8. This creates a 2 x 2 between-subjects design, where each participant completes

multiple trials under the same intersection of conditions (i.e. party label, low cost).

Figure 4 shows the results from the pilot study9. Hypothesis 1 is supported, as indi-

viduals in the party label condition are indeed less willing to pay for an additional piece of

information, compared to individuals in the no party label condition, over time. Addition-

ally, as the party JSD increases, the difference in willingness to pay between the party label

and the no party label conditions generally increases. From 1966 to 2010, willingness to pay

for information has dropped by about 38%.

6 Discussion and Conclusion

While previous experiments have not controlled the benefit of voting correctly or the

cost of acquiring more information, the design of the current experiment allows for control of

both of these two factors. In addition, this experiment varies the informational value of the

party label to mimic real-world changes over the years. This is done by first computing how

much information is contained in the party label in a given year using roll-call votes. The

resulting measure, the JSD, tells how distinct or distinguishable the votes of each party’s

members are along the left-right ideological spectrum. This measure is computed for every

7This experiment was reviewed and approved by the University of California, Merced IRB (UCM2017-
151).

8This pilot version does not include both cost conditions. Only the high cost condition is used in this
pilot.

9Hypothesis 2 (accuracy) is not assessed in this pilot version.
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Figure 4: Pilot Results: Relationship between WTP and JSD
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year and shows considerable variation throughout the years (Table 1). The JSD can be

computed for years or bills and in this case, each yearly JSD is matched to an individual

bill-level JSD in the same year. The bill-level JSD is how distinct the party members’ votes

are on a given bill. By matching a bill-level JSD with a yearly JSD, this experiment is able to
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vary the informational value of the party label over time, using individual bills for individual

trials. This study compares participants’ willingness to pay for additional information over

a variety of party label informational levels (yearly JSDs) by using multiple trials (one year

per trial).

Since the 1970s, both the informational level of the party label and the informational

level of individual members’ legislative records have increased. However, the informational

level of the party label has increased at a higher rate. This may be why there has been an

increase in party line voting because knowing the party label is easier and just as effective

as knowing a legislator’s entire voting record. This experiment investigates the effect of

varying the level of information that is contained in the party label. More specifically, it

tests whether increasing levels of information conveyed by the party label has caused voters

to invest less in learning about their representatives’ individual voting records. The pilot

results suggest that this may indeed be the case.

17



7 References

Ansolabehere, Stephen, and Philip Edward Jones. (2010). “Constituents’ Responses to

Congressional Roll-Call Voting.” American Journal of Political Science 54(3): 583-597.

Carroll, Royce, Jeff Lewis, James Lo, Nolan McCarty, Keith Poole, and Howard

Rosenthal. “DW-NOMINATE Scores With Bootstrapped Standard Errors.”

DW-NOMINATE SCORES PAGE. N.p., n.d. Web. 15 Mar. 2016.

<http://voteview.com/dwnomin.htm>.

Cox, Gary, and Mathew McCubbins. (2007). Legislative Leviathan. New York:

Cambridge University Press.

Dancey, Logan, and Geoffrey Sheagley. (2013). “Heuristics behaving badly: party cues and

voter knowledge.” American Journal of Political Science 57(2): 312-325.

Jacobson, Gary C., and Jamie L. Carson. (2015). The Politics of Congressional Elections.

Rowman & Littlefield.

Lau, Richard R., and David P. Redlawsk. (2001). “Advantages and disadvantages of

cognitive heuristics in political decision making.” American Journal of

Political Science 45(4): 951-971.

Lin, Jianhua. (1991). “Divergence measures based on the Shannon entropy.” IEEE

Transactions on Information Theory 37(1): 145-151.

Poole, Keith T, and Howard Rosenthal. (1997). Congress: A Political-Economic History

of Roll Call Voting. New York: Oxford University Press.

Popkin, Samuel L. (1994). The Reasoning Voter: Communication and

Persuasion in Presidential Elections. Chicago: University of Chicago: 49-71.

Snyder, James M., and Michael M. Ting. (2003). “Roll Calls, Party Labels, and Elections.”

Political Analysis 11(4): 419-444.

Woon, Jonathan, and Jeremy C Pope. (2008). “Made in Congress? Testing the Electoral

18



Implications of Party Ideological Brand Names.” Journal of Politics 70(3): 823-836.

19



Appendix

Method of Measurement

Here, we begin by briefly introducing two key concepts from information theory, which

may be unfamiliar to many political scientists: entropy and mutual information. Readers

who are already familiar with these concepts may wish to skip over these sections, and go

directly to the section on the Jensen-Shannon Divergence.

Entropy

The JSD is based upon Shannon Entropy, which is defined by:

H(X) = −
n∑
i=1

P (xi) log2 P (xi) (3)

H(X) is a measure of uncertainty about a discrete random variable X. For example,

X might be a binary random variable that represents whether a legislator casts a liberal or

conservative vote on a particular bill. This measure of uncertainty is maximized when there

is an equal probability of each value xi. Therefore, continuing with the previous example,

uncertainty about how the legislator will vote is highest when the legislator casts liberal and

conservative votes with equal probability, in which case H(X) = 1. On the other hand, there

will be no uncertainty if the legislator always casts liberal (or conservative) votes, in which

case H(X) = 0.

The entropy of a random variable, H(X), can also be interpreted as a measure of

how much information is revealed by a data generating process. Under this interpretation,

realizations of X convey more information if you are more uncertain prior to observing a

given realization. For example, seeing a legislator cast a liberal vote will convey no new

information if you already know that the legislator always takes the liberal side of an issue.
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However, it will convey quite a bit of information if you initially believe there is a 50/50

chance that the legislator will cast a liberal or conservative vote (i.e. this is the situation

where entropy is maximized).

Mutual Information

Mutual information is defined by the equation

I(X, Y ) = H(X)−H(X|Y ) (4)

where, H(X|Y ) =
∑

j∈M H(X|yj)P (yj). Because H(X) ≥ H(X|Y ), mutual information is

always positive, and is a measure how much the entropy of X is reduced if you know the

realization of another variable, Y . For example, Y might represent the party of a particular

legislator. If party affiliation is highly correlated with the ideology of a legislator’s votes,

then knowing Y (the party of a legislator) may substantially reduce one’s uncertainty about

X (whether the legislator takes the conservative or liberal side of a particular vote).

An alternative interpretation of I(X, Y ) is that it is a measure of the quantity of in-

formation Y provides about X. Under this interpretation, knowing Y will only provide you

with new information about X if you are initially uncertain about X. To see this, note

that if H(X) = 0 (i.e. there is zero uncertainty about X), then I(X, Y ) = 0 as well. Fur-

thermore, Y only provides information about X to the extent X and Y are correlated. To

continue the example above, if you are uncertain about a legislator’s position, knowing their

party affiliation will provide information to the extent that liberal or conservative votes are

correlated with being a legislator from a particular party.
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