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Anecdotal evidence & qualitative studies

“This will be sort of a buddy vote. I know cigarettes are 
harmful and I wouldn't touch them myself. But a lot of my 
friends are concerned about this, because tobacco means a 
lot to the economy of their areas. They do things for me when 
I need it, and I'll do this for them. Frankly, it's just a matter of 
helping out your friends.”

(Anonymous Member of Congress on vote trading in the context of a 
bill deregulating cigarette advertisement; Kingdon 1989:100)

September 2017 U. Matter: Uncovering Vote Trading 2



A simple theory of vote trading
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✔
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Theoretical key points

• Incentives to trade votes are stronger if the outcome of the 
vote is expected to be narrow. 

• A traded vote is a deviation from a legislator’s ‘preferred’ 
policy position.
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Literature and existing evidence
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Literature

• Large theoretical literature in political economics and political 
science (e.g., Buchanan and Tullock 1962, Tullock 1970, 
Bernholz 1973).

• Very few empirical studies with a reasonable test to identify 
logrolling. (Stratmann 1992, Stratmann 1995, Cohen and 
Malloy 2014)

• A lot of open questions:
• How prevalent is vote trading?

• How does it evolve?

• How stable is it?

• What are it’s driving factors?
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“To test for the presence of logrolling using [this method], one 
must be able to identify the particular issues on which trading 
takes place.” 

“Thousands of votes are taken during a session of Congress, 
many of which involve no logrolling. Moreover, the potential 
patterns of trades are limitless.” 

(Stratmann 1992:1164; AER)
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Previous econometric approaches



A novel approach to detect vote trading
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Consistence with theory

1. Incentives to trade are higher the narrower vote outcomes 
are (perceived to be).

2. A traded vote is a deviation from the legislator’s ‘preferred’ 
policy position.

3. Such a deviation must be in favor of another legislator’s 
preferences towards the bill.

4. These deviations in favor of other legislators are 
reciprocal.
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Three ingredients

i. How did legislators vote on various bills? 
à Roll call matrix

ii. Information on legislators and bills.
à X

iii. Who has strong preferences for which bill?
à ‘Signaling’ matrix  
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Revealing the Anatomy of Vote Trading
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1 Methodology

Here we present the details of the methodology. As explained in the manuscript, it consists of four
components: estimating legislators’ preferred policy positions; detecting deviations form those positions;
identifying the beneficiaries of those deviations; and measuring reciprocity between deviators and bene-
ficiaries. Figure 1 presents a sketch of the methodology divided in these four components.
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Figure 1: Sketch of the methodology. There are three bills labeled according to their political position: L
for left and R for right. There are two left-wing (L1 and L2) and two right-wing (R1 and R2) legislators
who vote on these bills. The first panel from left to right illustrates the structure of the voting data. For
example, L1 voted Yes on all bills (thumbs up symbol). Since L1 was expected to vote No (thumbs down
symbol) in the R bill, this vote is considered a deviation (dashed line). In the second panel, legislators
cosponsor bills aligned with their political position (badge symbol). However, a bill does not have to
be cosponsored by every legislator that falls into its political position. For example, L1 only cosponsors
the top L bill, indicating that he or she has a clear interest in passing this bill, but not necessarily the
middle L. By joining the voting data with the cosponsorship network, we construct the directed deviation
network (DDN), shown in the third panel. Then, we filter those edges that are reciprocal in the DDN
in order to construct the vote-trading network (VTN). For example, L1 deviates on the bill cosponsored
by R2 (L1!R2) but R2 never deviates, so the latter does not reciprocate L1’s deviation. Hence, R2 is
not part of the VTN, and L1!R2 may be explained by some mechanism other than vote trading.

For each chamber, we have encoded voting and cosponsorship information into two matrices: V and
S. Let V denote the voting matrix, such that entry Vik = 1 if legislator i voted Yes in roll call k and
Vik = 0 if he or she voted No (Vik = �1 if an observation is missing, e.g. if the legislator is not in o�ce).
V has dimension N ⇥K, where N is the number of legislators and K the number of roll calls. Similarly,
S is an N ⇥K matrix, where entry Sik = 1 if legislator i cosponsored the bill voted on in the roll call k
and Sik = 0 otherwise.

1.1 Estimation of preferred policy positions

In the first step of our procedure, we aim to determine the legislators’ actual or preferred policy position,
given their honest policy preferences. Our baseline theoretical argumentation is drawn from a spatial
voting model and builds on the intuitive principle that legislators’ votes are the result of utility maxi-
mization. Each roll call in V is associated with a specific bill incorporating a policy that can be located
in a one-dimensional policy space.1 Each legislator has an ideal point in this policy space, taking into
account his or her individual policy preference. Each legislator’s Yes or No vote on a particular bill

1Theoretically, our method can consider an n-dimensional Euclidean policy space. However, as previous empirical work
has shown for U.S. national politics [1, 2], the first dimension usually captures over 70% of the variation in voting decisions
in most Congresses (whereas the second dimension only sporadically has much explanatory power). The first dimension,
often referred to as ‘ideology’, is a widely applied measure used to empirically account for a congressman’s political position.
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a. Estimate a simple econometric model that aims to explain 
voting decisions in 

b. Use the estimated model to predict the legislators’ 
propensity to vote Yes in votes with narrow outcomes.

1) Detect deviations from ‘usual voting behavior’

Ui( k) = � k xi �  k k2

Ui(⌫k) = � k xi � ⌫k k2 .

(2)

Thus, ceteris paribus, a congressman votes in favor of a bill if Ui( k) > Ui(⌫k) and otherwise against
it in order to maximize the utility derived from his or her voting decision.

Following [10] and [11], we estimate the empirical spatial voting model:

P (Vl
ik = 1) = P (Ui( k) > U(⌫k)). (3)

Under the assumption of jointly normally distributed errors, we can derive the empirical representa-
tion in the form of a probit model:

Pr(Vl
ik = 1) = �(�kxi � ↵k), (4)

where �k = 2( k � ⌫k)/�k, ↵k = ( T
k  k � ⌫

T
k ⌫k)/�k, �

2
k is the variance of the errors’ di↵erence, and

� is the standard normal distribution. As the roll call records describing the dependent variable are
the only data available, both the ideal point coordinates as well as the coe�cients �k and ↵k must be
estimated. As starting values for the Bayesian estimation procedure, we use the ideal points derived
from a principal-component factor analysis of the roll call data (i.e., the first d eigenvectors resulting
from a principal component analysis of Vl). For the roll call-specific parameters �k and ↵k, we use values
from estimates based on k probit models of the observed votes run on the starting values for the ideal
points. This results in all N congressmen’s estimated ideal points (preferred policy positions), which are
represented in column vector x̂.

1.2 Detecting deviations

The ideal points in x̂ only consider roll calls with large margins, so it is reasonable to assume that they
reflect the legislators’ attitudes towards specific policy issues without the influence of logrolling. We use
this information in order to predict how legislators would vote in each roll call (except for those in which
the legislators were not in o�ce). More specifically, we estimate the probit model

Pr(Vik = 1|x̂i) = �(x̂i�k). (5)

and then employ the estimated coe�cient �̂k to compute predictions of legislator i’s probability to vote
Yes in each individual roll call k, which we collect in a matrix Q of dimensions N ⇥K. In this matrix,
entry Qik ⌘ �(x̂i�̂k) is the predicted probability of legislator i voting Yes in roll call k. If the legislator
was not in o�ce, then Qik = �1.

The usefulness of Q becomes evident when we concentrate on roll calls with a small margin m. Let
⌧ be a probability threshold used as a reference to consider that a Yes vote is a deviation. For example,
if ⌧ = 0.1 and all roll calls k were passed or turned down by m or fewer votes, then all entries Qik  0.1
given that Vik = 1 are considered deviations.5 We denote the Yes votes that are deviations as Vd

ik. This
means that legislator i is deviating because he or she was expected with 90% probability to vote No in
roll call k, and yet the observed vote was a Yes. Intuitively, the free parameter ⌧ should be such that No
votes are expected with greater probability. Otherwise, it would not make sense to consider deviations
where we expect a Yes more often than a No. As we will show in the results section, our method yields
a highly intuitive empirical relationship between ⌧ and the logrolling index.

1.3 Directed deviations

The next step is to infer relationships between deviations. For this, we construct a matrix S containing
information of who cosponsored what bills. We combine the information in V, Q, and S in order to
construct a directed network of legislators that we term the directed deviation network (DDN). In the
DDN, an edge i ! j indicates that legislator i deviates in his or her vote in a roll call linked to a bill
cosponsored by legislator j. Hence, we say that i is the deviator and j is the beneficiary. The link i ! j

might repeat multiple times if i deviates on multiple roll calls benefiting j. Formally, the DDN is a

5Of course, No votes can also be considered deviations, for example, if a legislator attempts to block the passage of a bill
he is expected to be in favor of. However, we do not use them in this study because identifying the potential beneficiaries
of a No in empirical data is not as straightforward as with a Yes vote (i.e., as with cosponsorship data).
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the top L bill, indicating that he or she has a clear interest in passing this bill, but not necessarily the
middle L. By joining the voting data with the cosponsorship network, we construct the directed deviation
network (DDN), shown in the third panel. Then, we filter those edges that are reciprocal in the DDN
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1) Detect deviations from ‘preferred’ positions
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------
N

2 ≠
Nÿ

j

Vjk

------
Æ m, (small margin) [3]

Vik = 1 and Qik Æ · (deviation), [4]

Sjk = 1 for some j ”= i (benefit), [5]

and we denote it as Vdd
ik .

S contains the information on who (co-)sponsored which bills. Note that S captures the

explicit interest of legislators towards the passage of bills. However, (co-)sponsorship of bills

might not be the only source of information on this kind of incentive. For instance, one could

incorporate in S other reasons for supporting a bill such as social ties or strong interests among

the representatives’ constituencies toward the bills. Therefore, the method allows encoding

di�erent sources of information (quantitative and qualitative) that might be relevant for more

specific research questions.

Vote Trading. The DDN captures the potential intentionality that legislators have when deviating

from their inherent positions. Such intentionality is directed to benefit other legislators, but it

might not always be reciprocated. We are interested in reciprocal directed deviations because

they capture theoretical principle IV, allowing us to infer something about vote trading. We

build on the method developed by Squartini et al. (2013) to measure the level of reciprocity

captured in directed weighted networks such as W.13 Reciprocity between legislators i and j is

represented via the symmetric part of their connections, expressed by

w

¡
ij = min [Wij ,Wji] = w

¡
ji . [6]

13Alternative measures of reciprocity exist in the literature on networks, but they do not capture important aspects that are
specific to our problem. For example, traditional measures from sociology (Katz and Powell, 1955; Achuthan et al., 1982)
are designed for unweighted graphs, while metrics for complex networks assume that symmetry is equivalent to reciprocity
(Wang et al., 2013; Akoglu et al., 2012), which is not the case for most real networks (Squartini et al., 2013). Furthermore,
other measures do not correct for an important bias: anti-reciprocity has a weaker e�ect in sparse networks than in dense
networks (Garlaschelli and Lo�redo, 2004).
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2) Draw the directed deviation network (DDN)

shows that some senators substantially deviate from their usual position when the outcome is close and incentives
to trade votes are present. In order to combine this information with which senator might have profited from such
deviations, we draw the bipartite (co-)sponsorship network of senators that actively sponsored bills throughout the
period of observation shown in Figure 1(b). By combining the information from the (co-)sponsorship network with
the senators’ estimated deviation from their ideal points, we draw the potential vote trading network presented in
Figure 1(c). Red edges highlight the reciprocated component of the network.

Figure 1: Logrolling in the 105th to 108th US Senate
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(b) Bipartite (co-)sponsorship graph (c) Potential vote trading graph

Notes: Panel (a) shows the US Senators’ estimated usual ideal position when the outcome is not close (grey) and
their positions for close vote outcomes (red) in a two dimensional policy space. The dashed grey lines illustrate
the change in position for each senator that is potentially driven by incentives to trade votes. The shape of the
points indicates the senators’ party affiliation (dots: Democrats, triangles: Republicans). Panel (b) illustrates the
bipartite (co-)sponsorship network based on senators that actively sponsored bills. Blue verteces refer to legislators
and orange verteces to bills. The potential vote trading graph is presented in Panel (c). Reciprocated connections
are highlighted red.
Data source: Own compilation based on Project Vote Smart, Voteview.com and Fowler (2006)

.

For a statistical assessment of logrolling in the US Senate, we use the potential vote trading network to compute
the reciprocity measure ⇢NM which compares the observed reciprocity r with the expected reciprocity under a
null model. ⇢NM lies within +1 and -1, where positive values indicate a tendency to reciprocate and negative
values a tendency to avoid reciprocation.2 In the case of our example, we find a statistically significant tendency
to reciprocate of 0.1 which is consistent with active logrolling coalitions between senators. While the detected
tendency to trade votes in our case study sample is for itself an interesting finding, our suggested approach can be
extended to a broad variaty of roll call data samples as well as extended with more sophisticated null models. It
allows us, e.g., to study how the hidden cooperation between legislators is affected by different institutional settings
or how resilient a vote trading network is to external shocks such as the removal of a weak link when a legislator
unexpectedly leaves politics. The flexibility of our method might thus shed new light on many aspects of legislative
logrolling.

2
Specifically, we use a weighted directed random graph (WRG) null model with the same features as the real network. The reciprocity

measure ⇢WRG is thus computed as ⇢WRG ⌘ r�E[r]WRG
1�E[r]WRG

, where r is the total share of reciprocicated edge-weights in the potential

vote trading network.
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In the first step of our procedure, we aim to determine the legislators’ actual or preferred policy position,
given their honest policy preferences. Our baseline theoretical argumentation is drawn from a spatial
voting model and builds on the intuitive principle that legislators’ votes are the result of utility maxi-
mization. Each roll call in V is associated with a specific bill incorporating a policy that can be located
in a one-dimensional policy space.1 Each legislator has an ideal point in this policy space, taking into
account his or her individual policy preference. Each legislator’s Yes or No vote on a particular bill

1Theoretically, our method can consider an n-dimensional Euclidean policy space. However, as previous empirical work
has shown for U.S. national politics [1, 2], the first dimension usually captures over 70% of the variation in voting decisions
in most Congresses (whereas the second dimension only sporadically has much explanatory power). The first dimension,
often referred to as ‘ideology’, is a widely applied measure used to empirically account for a congressman’s political position.
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.

For a statistical assessment of logrolling in the US Senate, we use the potential vote trading network to compute
the reciprocity measure ⇢NM which compares the observed reciprocity r with the expected reciprocity under a
null model. ⇢NM lies within +1 and -1, where positive values indicate a tendency to reciprocate and negative
values a tendency to avoid reciprocation.2 In the case of our example, we find a statistically significant tendency
to reciprocate of 0.1 which is consistent with active logrolling coalitions between senators. While the detected
tendency to trade votes in our case study sample is for itself an interesting finding, our suggested approach can be
extended to a broad variaty of roll call data samples as well as extended with more sophisticated null models. It
allows us, e.g., to study how the hidden cooperation between legislators is affected by different institutional settings
or how resilient a vote trading network is to external shocks such as the removal of a weak link when a legislator
unexpectedly leaves politics. The flexibility of our method might thus shed new light on many aspects of legislative
logrolling.

2
Specifically, we use a weighted directed random graph (WRG) null model with the same features as the real network. The reciprocity

measure ⇢WRG is thus computed as ⇢WRG ⌘ r�E[r]WRG
1�E[r]WRG

, where r is the total share of reciprocicated edge-weights in the potential

vote trading network.

2
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reciprocal edges in W. However, this generates a significant bias when measuring vote trading

(see SI). Therefore, we use a more accurate predictor of the true number of votes traded, by

constructing the function

fi(W) =

Y
___]

___[

1 if
qN

j ”=i w

¡
ij > 0

0 otherwise
, [7]

which indicates whether legislator i engaged in at least one reciprocal deviation. Then the total

number of representatives that reciprocate deviations is

R =
Nÿ

i

fi(W), [8]

while the total number of deviations is

W =
Nÿ

i

Nÿ

j ”=i

Wij . [9]

The level of vote trading in the DDN is measured by

t = 2R

W

, [10]

where 2R is a predictor of the true number of trades.14

By itself, t is insu�cient to measure the level of vote trading. Its size might simply be driven

by the topology of the DDN and thus by the data at hand. Therefore, we test the alternative

hypothesis that deviations are the result of random errors rather than intentional behavior to

benefit other legislators. In order to test this hypothesis, we generate a sample of DDNs under

the null model of random deviations. That is, we model each deviation Vd
ik as an independent

Bernoulli random variable with probability of success Qik. By simulating all the observed

deviations in V, we generate a null DDN. Repeating this procedure multiple times yields a

14In most parametrizations of · , 2R is the best predictor of the true number of votes traded. The quantity usually employed
to measure network reciprocity is the total number of reciprocal edges. However, this predictor inflates t because it is
significantly larger than the true number of votes traded. 2R is generally lower and closer to the true number of trades, so
it corrects the bias. We provide an in-depth analysis in the SI and validate the method via Monte Carlo simulation.

12



3) Reciprocity in directed weighted networks
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measure the level of reciprocity captured in directed weighted networks such as W.7 Reciprocity between
legislators i and j is represented via the symmetric part of their connections, expressed by

w

$
ij = min [Wij ,Wji] = w

$
ji (6)

fi(W) =

(
1 if

PN
j 6=i w

$
ij > 0

0 otherwise
(7)

R =
NX

i

fi(W) (8)

W =
NX

i

NX

j 6=i

Wij (9)

t =
2R

W

(10)

` =
t� t̄0

1� t̄0
(11)

The sign of ` is directly informative of the reciprocity in the DDN. If ` > 0, it means that legislators
tend to deviate in favor of other legislators in a reciprocal fashion, suggesting vote-trading. If ` < 0,
then legislators tend to avoid reciprocity, indicating that the directed deviations are caused by other
mechanisms. Once we have calibrated ⌧ to be positive and statistically significant, we remove all non-
reciprocated edges in order to construct the vote trading network (VTN). Selecting which edges to
remove can be quite arbitrary without contextual knowledge. Since we do not analyze the exact trades
and the content of the bills, we only take w

$
ij . However, we consider all potential pairs of trades

between legislators (from the Cartesian product) in order to compute the average time between trades.
Analysis that involves the content of specific bills would requite to create samples of empirical VTNs by
randomizing the pairs of trades that take place between every dyad.

2 Inflation Bias

The inflation bias of the logrolling index arises when all of the reciprocal edges are used as a way to
measure the level of reciprocity in directed deviation networks (DDNs). Here we present a Monte Carlo
study of this bias and demonstrate that a more adequate measurement of reciprocity (potential vote
trading) for DDNs is the number of congressmen that end up in the vote trading network (VTN). We
begin by introducing the methodology developed by [? ? ].

2.1 Reciprocity index

Recall that the matrix W is the adjacency matrix of a DDN and that matrix Q contains all the prob-
abilities of Yes votes by each congressman in each roll call. Entry Wij > 0 means that congressman
i deviated at least one time in order to benefit congressman j. Hence, the DDN can be treated as a
weighted network or a multigraph. Reciprocity between congressmen i and j is represented through the
symmetric part of their connections, expressed by

w

$
ij = min [Wij ,Wji] = w

$
ji (12)

W

$ =
NX

i

NX

j 6=i

w

$
ij (13)

7Alternative measures of reciprocity exist in the literature on networks, but they do not capture important aspects that
are specific to our problem. For example, traditional measures from sociology [? ? ] are designed for unweighted graphs,
while metrics for complex networks assume that symmetry is equivalent to reciprocity [? ? ], which is not the case for
most real networks [? ]. Furthermore, other measures do not correct for an important bias: anti-reciprocity has a weaker
e↵ect in sparse networks than in dense networks [? ].

4



4) Null hypothesis, logrolling index, VTN

a. Compare t with the expected value of t under the null 
hypothesis.

• Null network has same properties as the DDN based on real data. 

• Legislators’ deviations, however, are drawn randomly.

b. Compute jackknife standard errors by removing edges
(Newman 2003, Phys Rev E)

c. Extract the Vote Trading Network (VTN)
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sample of DDNs. We calculate the level of vote trading t0 of each null DDN and compute

the sample mean t̄0, which reflects the expected level of logrolling under the null hypothesis.15

Following Garlaschelli and Lo�redo (2004); Squartini et al. (2013), we construct the logrolling

index

¸ = t ≠ t̄0
1 ≠ t̄0

. [11]

The sign of ¸ is directly informative of the reciprocity in the DDN. If ¸ > 0, it means

that legislators tend to deviate in favor of other legislators in a reciprocal fashion, suggesting

vote-trading. If ¸ < 0, then legislators tend to avoid reciprocity, indicating that the directed

deviations are caused by other mechanisms.

Results

We present our results in three parts. First, we show how the calibration of our method with

the real data leads to results consistent with our basic theoretical considerations. Second, we

describe the content of the extracted vote-trading networks, revealing the political anatomy of

vote trading in the U.S. Congress. Based on the extracted VTNs, we discuss unveiled stylized

facts about vote trading and how they relate to existing theories, as well as illustrate the

co-evolution of vote trading vis-à-vis party division and political polarization over time. Finally,

we show that the degree distributions of the VTNs follow very closely the Gamma distribution,

demonstrating that their core properties are closely in line with our basic theory for legislators’

voting behavior.

Revealing vote trading

Figure 2 shows the result of estimating the logrolling index ¸ for di�erent values of · in the two

chambers over 40 years. In both cases, ¸ is positive and statistically significant for lower values

of · . This result is intuitive because it suggests that vote trading can only be detected when the
15Note that the exact distribution of t0 can be computed for small datasets. This follows from the fact that a specific

DDN arises from a particular configuration of successes and failures of the D observed deviations Vd

ik

. The probability of
obtaining each DDN can be constructed from the entries of Q and their complements. The size of the sample space is 2D.
In our case, it is not feasible to compute the exact distribution because D > 400 in both chambers. Therefore, we resort
to Monte Carlo simulation to sample DDNs.

13

(Squartini et al. 2013, Sci. Rep.)



A first application
The anatomy of vote trading in the U.S. Congress
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Conclusions
• Limitations 

• Other forms of logrolling

• Limits of validation

• Small samples

• Potential
• Scalable (different legislatures, different time frames, …)

• It is flexible (specification of matrix S, deviation detection, ...)

• Combination with qualitative research and previous econometric 
approaches
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Questions? 
Thank you!
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