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Abstract

Polarization is a prominent theme in U.S. politics, with a commonly held

view that the level of polarization in political discourse has increased sub-

stantially in recent years. Here we want to investigate to what extent this

is the case. Using the Poole and Rosenthal W-NOMINATE scores, it is pos-

sible to analyze political choices to gain insights into legislators’ political

beliefs. Placing legislators on an ideological spectrum reveals the distance

between their beliefs, which can be translated into a measure of polariza-

tion. This can be done through various measures, including the bimodal

coefficient, which shows the bimodality of the distribution.

We illustrate how polarization changes in the U.S. political landscape from

1973 to the present day. Dividing our data into multiple political themes

we analyze changes in polarization per theme in this temporal frame. Our

analysis indicates significant fluctuations between consecutive congresses,

influenced by notable historical events. Nonetheless, taking the full tem-

poral aspect into account we can detect a definite increase in our measure-

ments of political polarization over our larger time frame. This nuanced

understanding of political polarization dynamics supports views of in-

creasing polarization while challenging the perception of a steady rise in

all aspects of legislative behavior.
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1. Introduction

Political polarization has in recent times emerged as a salient feature of

contemporary discourse, especially within modern democratic societies [1].

The often made claim that polarization is on an inexorable rise has become

widely spread in the political narrative [2]. It is frequently cited as either a

contributing factor or even the sole reason for legislative gridlock and soci-

etal divisions. However, such a disposition towards the subject fails to take

into account nuances vital to understand the veracity of this claim fully. For

instance, not every political theme necessarily experiences such societal di-

vision at the same time. Discourse on a topic as significant as polarization

should be informed by more academic works, with measured trends and

factual evidence supporting otherwise argumentative statements. Measur-

ing these trends is the main focus of this research paper.

The Poole and Rosenthal W-NOMINATE scores can be used as a frame-

work to divide legislators by ideology based on their voting patterns [3]. It

places legislators onto a spatial ideological spectrum, which can function as

a basis for assessing the degree of polarization within a congress [4]. Using

such a quantitative approach allows us to perform further analysis to de-

termine how political beliefs shift over time, thereby revealing a measure of

the underlying dynamics of polarization.

To effectively utilize the W-NOMINATE model, we want to begin with

comprehensive and well-prepared data. This involves data gathering, clean-

ing, and standardization from various sources to ensure the integrity and

reliability of our analysis. By addressing these foundational tasks, we can

provide robust insights and accurate findings for our research objectives.

All the data in these datasets can then be analyzed to discover the topics

the bills belong to. We employ the Latent Dirichlet Allocation (LDA) topic

modeling algorithm for this step. LDA facilitates the extraction of topics
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Introduction

from large corpora of documents [5]. Dividing our data into topic subsets

allows us to identify polarization levels beyond the overall measure, de-

tect issue-specific differences, and observe varying polarization trends. This

methodological approach contributes to a more contextual insight into how

polarization is affected by changing opinions on dominant political matters

over time.

To properly address questions about changes with respect to past levels

of political polarization, we must analyze our ideological scores on an ex-

tended temporal framework. By examining votes made between 1973 and

the present, we are able to measure changes in polarization when they occur

and reveal changes in the political landscape of the U.S.

Analyzing the ideological positions of legislators can reveal the extent of

polarization within a legislative body. The bimodality coefficient reveals the

measure of distinction between the two parties on this ideological spectrum

[2]. Incorporating the temporal dimension into this analysis allows us to

observe the change in polarization over time and across different topics,

providing a clear view of the total political dynamics.

In this paper we present an in-depth analysis of polarization trends us-

ing LDA topic modeling, W-NOMINATE scores, and bimodality coefficients

within an extended temporal framework, highlighting the changes over

time as revealed by the bimodality coefficient to answer a specific ques-

tion: How can we define polarization and how does it change over time for

different topics within the House of Representatives from the 93rd until the

118th congress?

1.1 Related work

The W-NOMINATE model has seen extensive use in similar work, to an-

alyze legislative behavior and ideological positions. Outside of the U.S.

Congress, it has also been used for research on the European Parliament

and the United Nations General Assembly, to study voting behavior [6] [7].

Furthermore, the model has been used to examine institutional investiga-

4



1.1 Related work

tors on sustainability practices, revealing regional differences [8]. The W-

NOMINATE model has therefore shown its versatility and robustness for

use in the field of political science.
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2. Data

2.1 Description of the data

Our original data was acquired from two different sources. The voteview

website [9] provides data on all U.S. Congress members as well as informa-

tion on all votes taken per Congress. Each dataset is filtered to only contain

information belonging to the House of Representatives. It provides us with

information on every vote taken by every Congress member. This compre-

hensive data is suitable for our research because it offers detailed roll call

data, which is needed to calculate the ideological positions of legislators.

Another reason for this particular dataset’s suitability is that its reliability

and accuracy have already been proven in earlier research on legislative be-

havior [4], which further supports its use in this research.

The rest of our data was taken from the ProPublica website [10], which

provides detailed information about every bill voted on in Congress. We

focus on its full summaries to do robust topic modeling. When using the

Latent Dirichlet Allocation algorithm, we will categorize our bills based on

their descriptions. ProPublica’s [10] open-source data on these bills ensures

a solid foundation for any topic modeling algorithm to extract useful infor-

mation.

Initially, our datasets contained data per Congress and were therefore

very numerous, but these were immediately added together to set our start-

ing number of datasets to three, containing information for all Congresses.

These datasets are:

• The members dataset, which includes variables such as member names

and their party affiliation per Congress. 2.1

• The role call dataset contains all legislators’ votes made in Congress

on all bills.
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2.2 Preparation of the data

Figure 2.1: Some member data variables. Per Congress, we have the names
and party affiliations of every member.

• The bills dataset provided by ProPublica contains extensive informa-

tion on the content of all bills handled by Congress.

The total member data consists of 11789 rows with information on names,

party affiliation, and unique identifiers containing all members between

congresses 93 and 118. 2.1 Congress 111 is the largest, with 457 legislators

found in the data. The smallest congress is Congress 98 with 440 legisla-

tors. The average number of legislators per Congress is 445. Within some

Congresses, we find clear majorities for either the democratic or republican

parties. For instance, the highest democratic majority is found in Congress

95. This congress counts 295 democratic legislators. The highest number of

Republicans exists in Congress 114, where 251 legislators are affiliated with

that party.

The three legislators remaining in Congress the longest in our dataset are

Donald Edwin Young, sitting from Congress 93 until 117 for Alaska, John

Jr Conyers, sitting from Congress 93 until 115 for Michigan and Charles

B. Rangel, sitting from Congress 93 until 114 for New York. For further

information on the member votes and bills dataset, see appendix A.

2.2 Preparation of the data

As written above, the initial data contains information from Congress 93

until Congress 118. The reason for this is a lack of digitized information

on roll calls from before 1973. Considering how important large corpora of

data are to retrieve reliable topic modeling outputs, the collective decision

was made to set 1973 as the starting point for this research. The bills dataset
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Data

contains information provided by ProPublica that provides full summaries

for bills from this point. Yet, it does not provide comprehensive information

on roll calls that are not bills, such as choosing the house speaker or motions

to adjourn. Therefore, these were removed to make sure every row that

remains in the data can be used for topic modeling. Furthermore, extra

information on bills was added, such as ’policy’ and ’subjects’ to further

support topic modeling performance by allowing us to compare our output

with the different themes provided in these columns. The resulting dataset

contains 28449 bills over the 26 congresses.

The members dataset did have an id system, but these seemed to contain

multiple errors when calculating their ideological positions and were there-

fore not suitable for further use. A new id for unique party and name combi-

nations was created accordingly. This change resulted in 2246 unique com-

binations for a total of 11580 rows. This id was also added to the votes data,

to make the different datasets more integrative. Furthermore, we added a

binary variable to the votes data which shows 1 if the vote was ’Yea’ and 0

otherwise. The final dataset for the votes contains 12,343,235 votes.
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3. Methods

Our methodological approach utilizes two distinct techniques necessary to

answer the research question: Latent Dirichlet Allocation (LDA) [5] to do

topic modeling and W-NOMINATE [4] to determine legislators’ ideological

positions on a scale.

3.1 Topic modeling with LDA

Latent Dirichlet Allocation (LDA) is an unsupervised generative probabilis-

tic model designed to retrieve latent topics in large corpora of documents

[11]. This makes it a suitable topic modeling method to use on our dataset

of bills containing the summaries that we created using the ProPublica [10]

dataset. It inherently expects multiple topics to exist within a document and

that each word in the document is attributable to one of these topics. By ap-

plying this model to the bill data, LDA can determine coherent topics for

each bill. The process of using LDA further requires a significant amount of

text preprocessing, as well as vectorization using Term Frequency-Inverse

Document Frequency (TF-IDF) [12]. The LDA algorithm is used in accor-

dance with the fundamentals provided by the scikit-learn library [13].

LDA models its input according to the following generative process:

1. For each topic k, choose a distribution ϕk ∼ Dir(β).

2. For each document d:

(a) Choose a distribution θd ∼ Dir(α).

(b) For each word wdn:

i. Choose a topic zdn ∼ Mult(θd).

ii. Choose a word wdn based on zdn and ϕ.

The meaning of the distributions are:

9



Methods

• Dir(α) and Dir(β) are called Dirichlet distributions. They help us de-

cide how likely different topics are in a document and how likely dif-

ferent words are in a topic.

• α is a parameter that controls how topics are mixed in a document. If

α is high, each document will talk about many topics. If α is low, each

document will talk about fewer topics.

• β is a parameter that controls how words are mixed in a topic. If β is

high, each topic will use many different words. If β is low, each topic

will use fewer words.

• θd is the topic distribution for document d and is chosen using α.

• ϕk is the word distribution for topic k and is chosen using β.

These distributions help us model how documents are made up of topics

and how topics are made up of words [11].

The implementation begins with the standardization of the input docu-

ments, in this research the corpus of bill summaries. During this preprocess-

ing phase all text is converted to lowercase, numbers and punctuation are

removed as well as common stopwords in the English language. These com-

mon procedures were not adequate to generate usable LDA output, since

many words were common in the bill summaries that were not removed

but did have a significant impact on the topic modeling algorithm. There-

fore, a list of impactful but undescriptive words was created by manually

checking LDA output and finding words occurring in most unique topics.

These words were then removed from the input corpus in the preprocessing

phase. For the list of words, see Appendix B.

This phase is critical to retrieve high-quality LDA output. Common

phrases and English stopwords would otherwise take precedence over de-

scriptive words in their topics, since LDA will assume those most often seen

words in a topic to contribute the most to its distinction from other topics.

This same outcome would happen with bill-specific terms in the case of this

research, such as ’election’ and ’appropriations’. Without such steps, the

topics created by LDA would not nearly be descriptive enough to extrapo-
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3.2 Coherence tests

late to real-world themes.

The remaining corpus was thereafter vectorized using Term Frequency-

Inverse Document Frequency (TF-IDF) [12], to capture the importance of

the remaining words in the context of our corpus. It consists of two parts:

TF, which measures how frequently a term occurs in a document, and IDF

which measures how important a term is across the entire corpus. Together

they denote words that are important to specific documents but not across

all documents. This further enhances LDA output, since emphasizing the

most informative terms in the corpus is beneficial to capturing clear topic

distinctions. Furthermore, since bills often have common phrases such as

"Requires the Secretary" or "sets forth the rule", using TF-IDF lowers the

influence of such phrases so that LDA focuses only on those remaining high-

scoring terms that can properly define topics.

In implementing LDA itself, we used the Scikit library [13] due to its

optimized nature when dealing with large datasets while also being suitable

for preprocessing tasks such as TF-IDF. LDA is then applied to the created

TF-IDF vector using the Scikit-learn implementation [13]. The number of

topics to be extracted from the corpus is set to seven; for each of these topics,

the top 10 most descriptive terms are returned. For more information on our

choice for seven topics, see Appendix B.

Each document is assigned to a topic using a probability distribution

provided by LDA. This implementation returns the seven most coherent

topics that can be found within the bills dataset. 4.1

3.2 Coherence tests

Coherence scores were used to gain a more profound understanding of how

well the output topics were generated. This phase of topic modeling output

analysis is supported by Gensim [14], providing a robust framework for

evaluation. The CoherenceModel class, using the ’c_v’ coherence measure,

evaluates semantic similarity on high-scoring words within a topic.

Our approach uses cosine similarity between word vectors. The coher-
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ence score for a topic is the average cosine similarity between the word em-

beddings of the top N words in the topic, where N refers to the number of

top words that are being considered for our calculation (in our case this is

10). Coherence is defined through this function:

Coherence(k) =
2

N(N − 1)

N

∑
i=1

N

∑
j=i+1

cosine(vwi , vwj)

where vwi and vwj are the word vectors for wi and wj. [15]

Coherence score returns a numerical value between zero and one, pro-

viding an easy to interpret metric to ascertain topic consistency. In the con-

text of our research, this helps us to decide how meaningful our final output

on the bills within a topic is in the context of the overall political theme.

3.3 The W-NOMINATE model

W-NOMINATE (weighted NOMINATE) is commonly used to estimate the

ideological positions of legislators based on their voting behavior. It is an

extended version of the original NOMINATE (Nominal Three-Step Estima-

tion). [3] W-NOMINATE also allows for multiple dimensions in the spatial

model. [4] We assume that legislators and bills can be represented as points

in some dimensional space (in our case one-dimensional). A legislator’s

ideal point on this space, as well as a bill’s position, influences whether the

legislator votes ’Yea’ or ’Nay’. W-NOMINATE is a probabilistic model that

estimates these positions. The basic W-NOMINATE scaling method is:

Let vij denote the vote of legislator i on bill j, where vij takes values from

a set, in our research {(4, 5, 6), (1, 2, 3), (7, 8, 9)} corresponding to ’Nay’,

’Yea’, and Missing. The model estimates legislator i’s ideal point xi and bill

j’s ideal point yj from the votes using a latent variable model.
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3.4 The Bimodality Coefficient

vij = sign(xi − yj) ·
(

1 − exp
(
−
|xi − yj|

γ

))

where:

• xi is the ideal point of legislator i,

• yj is the ideal point of bill j,

• γ is a scaling parameter that controls the range of the utility function.

[4]

The biggest strength of W-NOMINATE as opposed to regular NOMI-

NATE lies in its potential to use more than one dimension, however in run-

ning the model we found that democrats and republicans were accurately

captured by a single dimension making this step unnecessary. 4.2 The scree

plot shows how much variance is explained by each dimension, thereby vi-

sualizing the necessary amount of dimensions needed to accurately capture

the underlying structure. W-NOMINATE has been used a lot in similar re-

search [6] [7] [8] which makes it a suitable method to use here to find the

ideological structures in our data.

3.4 The Bimodality Coefficient

The bimodality coefficient is a function that assesses to what extent a distri-

bution can be seen as bimodal, or having two distinct peaks within the data

[16]. The function is defined in the following way:

BC =
g2 + 1

k + 3(n−1)2

(n−2)(n−3)
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where:

g : the skewness of the distribution,

k : the kurtosis of the distribution,

n : the number of observations.

• If the output of the bimodality coefficient function exceeds 5/9, or

around 0.555, our distribution is likely bimodal. [16]

• If the output of the bimodality coefficient function does not exceed

5/9, our distribution is likely unimodal.

This function is used on the distributions returned by the W-NOMINATE

model and translates the ideological positions of all legislators to a single

value that denotes if there are two distinct groups visible in this data. Fur-

thermore, a higher value will show the measure to which such groups are

distinct.

3.5 Bootstrapping

To assess the reliability of the Bimodality coefficient we use bootstrapping.

We provide a measure of uncertainty to our method to make outcomes of

polarization in Topic-Congress combinations more reliable. Bootstrapping

consists of three parts:

• Resampling: We generate 1000 bootstrap samples by random sam-

pling with replacement from the original data points.

• Recalculating: For each sample, calculate the bimodality coefficient.

• Estimation: From the created distribution, derive the standard error of

the original bimodality coefficient for the Topic-Congress combination

[17].
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4. Results

Applying LDA to the preprocessed corpus of text yielded seven topics, each

characterized through their 10 most descriptive terms. All topics represent

distinct political themes. 4.1

Figure 4.1: Definitive topics (left) and their 10 most descriptive terms from
most to least important.

The coherence score output over our final LDA results is as follows:

Topic Coherence Score
Environment and Natural Resources 0.4478
Infrastructure and Development 0.4243
Government Budget and Administration 0.4259
Defense and Military 0.5620
International Relations and Government 0.5332
Legislation and Policy 0.5325
Social Services and Public Welfare 0.2867

Table 4.1: Coherence Scores for Each Topic.

The choice of seven topics was empirically determined by taking into

account both topic granularity as well as the amount of bills per topic, to

support both W-NOMINATE input requirements and output quality. W-

NOMINATE will require sufficient bills to work and after dividing them by

26 for Congresses and 7 for topics it meets this requirement for nearly every

Congress-Topic combination.

We consider coherence scores higher than 0.5 to be good, scores higher

than 0.4 to be decent, and scores lower than that to be poor. [18] [19] This

suggests that three of our created topics are highly distinct and coherent,

resulting in meaningful further analysis of these topics. Three more have

15



Results

scores above 0.4, making them still coherent and distinct but also contain-

ing more noise than can be found in those with scores above 0.5. They are

still valuable for research on their distinct topic because of the meaning-

ful patterns captured. The Social Services and Public Welfare topic scores

poorly with 0.2867, meaning it contains a lot of noise. 4.1 This makes sense

considering the LDA model will find many bills that do not fit with a topic,

for instance because the summary is very short (around 10 words in total)

or because there are no defining words to be found that have not necessi-

tated removal in preprocessing. Because LDA force-fits all inputs, even the

ones that don’t fit well in any topic, this usually results in one noisy topic.

[20] Therefore the results following further research on this topic will not

accurately describe differences in polarization on Social Services and Public

Welfare, but rather polarization differences in a more general sense due to

the prevalence of noise in this data.

4.1 Inferring legislators’ ideology using W-NOMINATE

In our one-dimensional W-NOMINATE method, legislators are positioned

on a single ideological spectrum. Here we attempt to visualize if a clear

distinction between democrats and republicans is visible in a congress. 4.3

Because we have already divided bills into topics, most polarization is as-

sumed to belong only to between-party differences. Below is a histogram

showing two W-NOMINATE outputs of the topic legislation and policy, one

belonging to Congress 93 and the other to Congress 117. We can see that in

Congress 93, it is impossible to create a clear distinction between Democrats

and Republicans. In contrast, in Congress 117 the ideological difference be-

tween the two parties is almost total.
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4.1 Inferring legislators’ ideology using W-NOMINATE

Figure 4.2: W-NOMINATE output can be explained by one dimension. The
Scree plot generated for a W-NOMINATE model output (in this case Legis-
lation and Policy, Congress 117 shows an eigenvalue over 100 for a single di-
mension with higher dimensions having little to no influence on the output.)
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(a) W-NOMINATE output congress
93.

(b) W-NOMINATE output congress
117.

Figure 4.3: Output difference between Congress 93 and 117 in topic Legis-
lation and Policy. We see that in Congress 93 there was little difference be-
tween Democrats and Republicans visible, with moderates for both parties
having only a small ideological divide. In contrast, Congress 117 shows a
near-complete disappearance of moderation for both parties, with an almost
maximal ideological divide.

18



4.2 Detecting polarization using the bimodality coefficient with
bootstrapping

4.2 Detecting polarization using the bimodality

coefficient with bootstrapping

Since the distribution of our research is always centered around 0, with

Democrats between -1 and 0 and Republicans between 0 and 1, we assume

bimodality values higher than 0.555 to denote a polarized Congress. We do

this because even skewed unimodal distributions show polarized tenden-

cies for one of the parties, therefore resulting in a polarized Topic-Congress

combination. However, higher values for the bimodality coefficient do de-

note more extreme values of polarization as these values increase towards

1. For values lower than 0.555, we consider Topic-Congress combinations

to be non-polarized. 4.4 To ensure our findings are robust, we used boot-

strapping to create an error margin. If a Topic-Congress combination has a

bimodality score of just above 0.555 and its bootstrapped error margin can

bring this value below 0.555, we return it as non-polarized.

Our bimodality coefficients show that for the starting point of our re-

search at Congress 93, all topics score below 0.5. 4.5 This implies clear

unimodality in the data, which further indicates that at this point it is not

simple to divide legislators into Democrats and Republicans based on their

ideology. Differences between successive congresses might result in consid-

erable differences in bimodality coefficient output, both in downward and

upward directions. This indicates that changes in overall polarization have

happened gradually instead of in specific congresses. For the bimodality

scores graph of all topics, see Appendix C.

Focusing on specific topics, we determine their trends by fitting a re-

gression line over their outputs. While every topic shows a certain upward

trend, the slope varies. Some topics like Defense and Military trend to a co-

efficient value of around 0.6, which indicates slight polarization 4.7. Topics

like Government Budget and Administration trend upwards to almost 0.7,

showing more extreme polarization. 4.8 For the regression lines of all topics,

please see Appendix C.
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Figure 4.4: bimodality visualization of all topics. We see mostly non-polarized
Topic-Congress combinations for Congresses 93 to 103 and mostly polarized
combinations for Congresses 104 to 118. This shows the basic change in bi-
modal nature that occurs in the data. Also notable is that some topics are
shown to be less polarized overall, such as defense and military.
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4.2 Detecting polarization using the bimodality coefficient with
bootstrapping

Figure 4.5: bimodality regressions of all topics. We see the changing nature of
bimodality for every topic across the time frame. Also notable are the extreme
values of bimodality that are reached in later Congresses and the overall pos-
itive trend every topic experiences over time. All topics are non-polarized in
Congress 93 and are lightly to extremely polarized in congress 118.

Figure 4.6: labels for the regression lines above
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Figure 4.7: The regression over all bimodality coefficients belonging to the
Defense and Military topic. We see a slight increase overall, mostly due to the
peaks at Congresses 113 to 115. Bimodality reaches about 0.6 at Congress 118,
indicating a lightly polarized political theme in the present day.

Figure 4.8: The regression over all bimodality coefficients belonging to the
Government Budget and Administration topic. We see a higher increase than
in the Defense and Military topic, mostly because this topic has more Con-
gresses returning high bimodality coefficient values and experiencing polar-
ization in an earlier stage of our time frame.
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4.2 Detecting polarization using the bimodality coefficient with
bootstrapping

Figure 4.9: linear regression statistics with MSE. Some topics, like legislation
and policy, show a big increase in bimodality coefficient values. Here we also
see the largest change over our timeframe, denoted in the delta column. Inter-
national relations and government, as well as defense and military, are both
far less polarized and also have the smallest deltas. Every topic is denoted as
polarized at the end of our time frame.
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5. Discussion

This research project aimed to define political polarization through the bi-

modality coefficient scores of W-NOMINATE output and examine its changes

for different topics within the House of Representatives in a temporal frame-

work ranging from Congress 93 in 1973 until Congress 118 in the present

day. We use LDA to define topics, W-NOMINATE to estimate legislators’

positions, followed by the bimodal coefficient with bootstrapping to repre-

sent this output as a single value that denotes to what extent the output has

two distinct peaks. Through this method we were able to retrieve and visu-

alize polarization trends for multiple topics over a period of more than 50

years.

Throughout this research we have defined political polarization in the

U.S. House of Representatives as the measure in which the Democrats and

Republicans have a visible ideological division on a distinct topic. Through

the use of our W-NOMINATE scores we have quantified this division on a

one-dimensional ideological spectrum. We then used the bimodality coeffi-

cient to simplify this output into a single measure to estimate to what degree

the placement of legislators on this spectrum was bimodal and showed an

easily distinguishable division between the two parties and used bootstrap-

ping to ensure Topic-Congress combinations were denoted as polarized in

a robust manner.

Our analysis allows us to draw some conclusions about the changes in

polarization that became apparent over this time frame:

• There is a general increase in political polarization as measured in the

time frame between 1973 and 2024.

We can make this conclusion because we see no trends of decreas-

ing polarization on the topic-specific level while our measured in-

creases all trend towards a level of bimodality much higher than
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0.555, allowing us to claim an increase in ideological differences

between the parties over time. Furthermore, we have stated that

one of our created topics, called Social Services and Public Wel-

fare contains a lot of noise because of the way our LDA model

obtains its outputs. Because of this noise, it is unwise to draw

strong conclusions from this trend in a topic-specific context, but

it can still be looked at in the sense of general polarization with

our other topics removed from the overall trend. This trend is

positive starting at 0.429 and reaching a bimodality coefficient

value of 0.827, meaning we see a clear increase in polarization

here.

• Topic-specific trends generally indicate an increase in polarization by

varying degrees in the time frame between 1973 and 2024.

We reach this conclusion because some topics like Defense and

Military do not show strong political polarization (having a fi-

nal bimodality coefficient of 0.605), yet 5 out of 7 topics reach bi-

modality scores of at least 0.650, and 3 topics go higher than 0.740.

The regression lines all show an increase over time. Further con-

sidering the unimodal nature of every topic in 1973, we conclude

that considerable change has occurred on the topic-specific level

throughout our time frame.

• The changes in polarization we measure must be seen as gradual as

opposed to sudden.

Our W-NOMINATE and bimodality outputs show significant shocks

between successive Congresses for every topic. This can be be-

cause a Congress suddenly has a couple of highly polarizing bills

that influence the entire Congress or unpopular bills being brought

by the party that has a House majority, causing larger distances

between the two. For instance, Congress 114 has the largest Re-

publican majority in our data with 251 legislators, and here 6 out

of 7 topics see an increase in their bimodality coefficients. Yet,

a following Congress can bring down the bimodality coefficient
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output just as quickly. We must then conclude that the signifi-

cant changes measured over the entire temporal scale should be

seen as a gradual change instead of a difference created by a large

bimodality coefficient change between two specific Congresses.

• Temporal patterns are visible within the data.

There are multiple instances where bimodality coefficients remain

high or low for multiple congresses in a row. For instance, De-

fense and Military only reached bimodality coefficient values of

around 0.7 between Congresses 113 and 115, which coincides with

the Bush administration and its response to the 9/11 attacks (at

which time the International Relations and Government topic also

experienced a sharp increase). This proves that within the data,

patterns can be found that reflect certain political dynamics be-

yond the overall change in polarization.

5.1 Conclusion

The implications of this research are profound. Through our definition of

polarization using the bimodality coefficient, we have a strong basis to make

the claim that polarization has increased by a sizeable margin in the time-

frame used in this research. This growing ideological division between the

two ruling parties in the U.S. can possibly lead to a legislative gridlock in

one of the most influential governmental bodies in the world. It has the

potential to hinder balanced legislation in the House of Representatives, es-

pecially in the field of legislation and policymaking. The differences found

in this research highlight the varying degrees of polarization on different

topics that showcase divisiveness that is growing in the highest legislative

body found in the U.S.

From a purely methodological point of view, we can consider the use

of LDA topic modeling in conjunction with W-NOMINATE scores and the

bimodality coefficient with bootstrapping to be a success. It has proved to

be a suitable method to analyze polarization differences within our selected
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timeframe, suggesting it can also be applied to other timeframes and leg-

islative bodies if required.

That being said, there are also limitations to the method in its current

form. For instance, while our W-NOMINATE model accurately places leg-

islators based on their voting behavior, the model does make the assump-

tion that all votes are made without any outside pressure. However, as

stated earlier, such pressure does seem to exist quite substantially since we

can spot occasions of extra polarization in moments where public opinion

played an important role. Any future research could improve here by taking

public opinion and lobbying during key moments in U.S. political history

into account. This can be done through the addition of full legislative texts

outside of just bill summaries as was utilized in this research or through the

addition of extra W-NOMINATE dimensions where such a measure is ben-

eficial. Furthermore, extending the timeframe used or checking for faction-

alism within the Democratic and Republican parties can bring more insight

into political behavior over time.

To conclude, this work provides a detailed analysis of the growth of po-

litical polarization within the U.S. House of Representatives in the period

of 1973 until the present day, or Congress 93 to 118. Defining polariza-

tion as the extent to which the two ruling parties are noticeably distinct, we

have shown the trend of growing polarization over multiple different top-

ics with differing magnitudes, highlighting a growing ideological division

between the two. Addressing or even reversing such trends will require

large-scale institutional reforms and societal change. Through such mea-

sures, it is doable to counter this growth in polarization and work towards

a more effective democratic society.

For all data and code used in this research, please visit https://github.

com/larsteuni/master_thesis.
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A. Appendix A

Voter Name Total Votes
YOUNG, Donald Edwin 27,217
CONYERS, John, Jr. 25,326
RANGEL, Charles B. 24,705

Table A.1: Top three most active voters.

Sponsor Name Total Bills Bills Passed
Whitten, Jamie L. 375 268
Sessions, Pete 189 183
Bolling, Richard 173 152

Table A.2: Top three most passed bills sponsors.

Bill ID Yea Votes Nay Votes
b_583 162 162
b_613 204 204
b_1722 200 200

Table A.3: Three of the most controversial bills.

Some detailed examples we found in the bills and votes datasets, show-

ing the activity of its most active legislators and some of its most divisive

bills. Following are plots that show the percentage of bills that pass per year

and the number of votes per year. Interesting is that some years feature ex-

ceptionally low passage rates, such as 1995, 2011, and 2023, even though the

number of votes in those years remains stable.
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(a) Bill passage rates over time. (b) Total votes over time

Figure A.1: bills and voting trends between Congresses 93 and 118. Bill pas-
sage rates show large-scale change between Congresses, with notable low
points visible in the graph. Voting trends are stable throughout our time
frame, with the exception of the current Congress which has not yet ended,
explaining the lower amount of votes.
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B. Appendix B

There are multiple reasons to decide on seven topics for our LDA output.

Firstly, as is visible in the graph B.2, seven topics represent a local optimum

based on cosine similarity after running LDA on a subset of three congresses

with differing amounts of topic allocations. While having few topics can be

seen as an oversimplification of the data, this is partly dealt with by having

broad themes for our topics and partly opposed by the acceptable and good

coherence score outputs in the full LDA model.

Although a five-topic structure does represent a higher average cosine

similarity, we chose for the seven-topic structure because it returns results

for more political themes and because this amount of topics still shows itself

to be robust in its performance. Furthermore, we wanted to find some bal-

ance between topic interpretability while also making them more granular.

The seven-topic model does well in both regards.

Lastly, we have to take into account the requirements for running the

W-NOMINATE model. Before the model runs, it removes any bills that

do not meet its minimum voting requirements. This means that most W-

NOMINATE inputs will become smaller when the model is called. When

we combine that with running the model for every Congress and further di-

vide it by our topics, we risk not having enough bills to do W-NOMINATE.

We see this problem twice with our seven-topic structure, so having more

topics would likely have more negative effects than positive ones.
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Figure B.1: influential but undescriptive words removed in preprocessing
phase.

Figure B.2: 7 topics as a local optimum. We see a notable decrease in cosine
similarity after seven topics. This, in combination with the lower cosine simi-
larity for six topics, shows seven topics as a local optimum.
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C. Appendix C

Figure C.1: Bimodality scores across all topics. This graph is without boot-
strapped error margins for clarity. We see that all topics were non-polarized
in 1973 and that their bimodality coefficients are between 0.4 and 0.5. In later
Congresses topics show very different values from each other and are gener-
ally higher.
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Figure C.2: The regression over all bimodality coefficients belonging to the
Environmental and Natural Resources topic. The slope on this regression is
steep, starting below 0.4 and ending just below 0.75. Bimodality coefficient
scores align quite well with the regression.

Figure C.3: The regression over all bimodality coefficients belonging to the
Infrastructure and Development topic. Two values are missing since W-
NOMINATE could not be run with the number of bills and votes for these
Topic-Congress combinations. However, the regression line aligns well with
the trend between Congress 93 and 115.
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Appendix C

Figure C.4: The regression over all bimodality coefficients belonging to the In-
ternational Relations and Government topic. The difference in bimodality co-
efficients between Congress 93 and Congress 118 shown on the regression line
is small. The regression for this topic, like the other topics, is non-polarized at
Congress 93 and polarized at Congress 118.

Figure C.5: The regression over all bimodality coefficients belonging to the
Legislation and Policy topic. The slope of the regression line is steep, almost
reaching a score of 0.9 at Congress 118. This shows extreme polarization.
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Figure C.6: The regression over all bimodality coefficients belonging to the
Defense and Military topic. We see a slight increase overall, mostly due to the
peaks at Congresses 113 to 115. Bimodality reaches about 0.6 at Congress 118,
indicating a lightly polarized in the present day.

Figure C.7: The regression over all bimodality coefficients belonging to the
Government Budget and Administration topic. We see a higher increase than
in the Defense and Military topic, mostly because this topic has more Con-
gresses returning high bimodality coefficient values and experiencing polar-
ization in an earlier stage of our time frame.
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Appendix C

Figure C.8: The regression over all bimodality coefficients belonging to the
Social Services and Public Welfare topic. The regression aligns well with the
actual bimodality values. Ending at around 0.825, we see high polarization for
this topic in the present day.
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