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Abstract 

Growing concern among scholars about increasing polarization in liberal democracies has led 

to a surge in research focused on the presence and measurements of political polarization in the 

United States. Due to party polarization varying significantly across political issues, and with 

the complexity of measurement techniques seeing an escalation, the subsequent skill threshold 

for studying this phenomenon has been increasing. This research explores the use of 

Correspondence Analysis as a potentially less complex alternative for measuring the ideology 

of legislators by answering two research questions. First, this study identifies trends of party 

polarization across broad policy domains using the standard NOMINATE method on the voting 

behavior of U.S. House Representatives. Next, it evaluates whether Correspondence Analysis 

on the positive votes of these legislators can replicate the identified trends. My results 

demonstrate equal polarization trends across most policy domains, with only one domain 

deviating significantly. However, we find that the principal dimension of the Correspondence 

Analysis does not capture these polarization trends effectively. Although Correspondence 

Analysis does show clustering in its ideological spatial dimensions, these clusters do not align 

with the expected party identifications. In conclusion, this research indicates that a less 

complex model based on the positive voting behavior of U.S. House Representatives does not 

accurately reflect their ideological positions within specific policy domains. The study 

proposes further investigation into alternative, less complex methodologies, and smaller-scale 

research topics, as we argue that reducing the research barrier for scholars engaged in this 

political phenomenon represents a necessary advancement. 

 

Keywords: Political polarization; U.S. Congress; Topic modelling; NOMINATE; 

Correspondence Analysis. 
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1. Introduction 

The rise of far-right populism in liberal democracies such as the Netherlands, France, 

Argentina, and the United States (Campani et al., 2022; Economist, 2024; Vohra, 2024) has 

led scholars to become increasingly concerned about growing polarization within democratic 

countries worldwide (McCoy, 2018). Political polarization can have numerous negative 

repercussions for both society and democracy, including diminishing trust in governments and 

politicians (Citrin & Stoker, 2018; Lee, 2022), eroding social cohesiveness (Capshaw, 2005), 

and undermining the state's democratic system. Theories about the causes of polarization are 

common in the literature of political science, with branches of this debate questioning its 

existence or the approaches through which it should be measured (Barber & McCarty, 2013). 

Recent methods for determining polarization have become increasingly complex, accounting 

for a broader range of factors, such as multidimensional ideological characteristics (Bateman 

et al., 2017) and networks of co-sponsorship and co-committee memberships (Neal, 2020). 

Given the increasing complexity of these recent methodologies, this research seeks to 

determine if a simpler approach could provide equally strong insights into the trends of political 

polarization. 

 

1.1 Literature Review 

A review of previous research on political polarization reveals a variety of interpretations of 

this phenomenon. Adapting Neal's (2020) definition, polarization refers to the existence of 

groups differentiated by one or more characteristics. For political polarization, these 

characteristics may include political ideology or party affiliation (ibid.). Based on the actors 

involved, political polarization can be divided into elite polarization,  among politicians or 

legislators, and mass polarization, occurring among the electorate (Ibid.). Regarding the causes 

of political polarization, two distinct forms are further identified (Iyengar et al., 2019). 

Affective polarization refers to the phenomenon where individuals' emotional responses to 

those with similar ideologies become more positive while their feelings toward those with 

opposing ideologies become more negative. This leads to both a hostile attitude toward others 

and a decrease in willingness to compromise (ibid.). Ideological polarization omits emotions 

and refers solely to the extent to which the electorate or legislators hold divergent views on 

ideological issues and beliefs across a spectrum of policy positions (ibid.). 

 

The polarization of political elites has long been a topic of discussion in political science, with 

polarisation within the U.S. Congress showing an upward trend since the 1970s (Barber and 

McCarty, 2013; Jochim & Jones, 2012; Poole & Rosenthal, 1997). Multiple methods for 

calculating polarization are discussed in the literature. One branch of studies focuses on 

measuring polarization through the co-behaviour of legislators, ranging from analyses of co-

bill sponsorship (Fowler, 2006; Neal, 2020; Zhang et al., 2008), co-voting on bills (Andris et 

al., 2015), co-membership on committees (Porter et al., 2005), and co-attendance at events 

(Desmarais et al., 2015), interpreting cooperation in all cases as indicative of a positive 

relationship (Kirkland & Gross, 2014; Neal, 2020). Although co-sponsorship is frequently used 

in recent studies, a more prevalent measure of polarization involves analysing the voting 

history of legislators to assess their political ideology (Barber and McCarty, 2013; Hare & 

Poole, 2014). The measurement of ideology sees a wide range of methods. In their study, 

Tausanovitch and Warshaw (2017) reviewed six recent approaches: social media followings 

(Barberá et al., 2015), campaign donor networks (Bonica, 2014), perceptions of survey 

respondents (Aldrich & McKelvey, 1977; Hare et al., 2015; Ramey, 2016), expert assessments 

(Joesten & Stone, 2014; Maestas et al., 2014; Stone & Simas, 2010), and analyses of political 
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texts (Laver et al., 2003; Monroe et al., 2017; Slapin & Proksch, 2008). Among these, however, 

analysing voting records remains one of the primary methods (Bonica, 2014; Neal, 2020).  

 

While various models allow us to estimate legislators' ideological location based on their roll-

call votes, such as the IDEAL method (Carroll et al., 2009; Clinton et al., 2004), the standard 

remains the NOMINATE method, short for Nominal Three-Step Estimation. Introduced by 

Poole and Rosenthal in 1985, this method has further developed into the Weighted 

NOMINATE (W-NOMINATE) and Dynamic Weighted NOMINATE (DW-NOMINATE) 

(McCarty et al., 1997; Poole & Rosenthal, 1985). NOMINATE places legislators on a two-

dimensional spatial map based on their roll call voting behaviour, thereby positioning 

ideologically similar legislators closer together (Boche et al., 2018; Neal, 2020). The first 

dimension typically represents the liberal (-1) to conservative (1) spectrum, while the second 

dimension has varied over time to encompass issues such as race and civil rights (Poole & 

Rosenthal, 2011). This method has illustrated a rising trend in polarization within the U.S. 

Congress from the 1970s to the present (Poole & Rosenthal, 2001; Barber & McCarty, 2013; 

Hare & Poole, 2014; McCarty et al., 2016). 

 

Despite its widespread use and wide recognition as a reliable method of measuring legislator 

ideology (Bonica, 2014; Carroll et al., 2009), NOMINATE has faced some criticism. Some 

argue that it overestimates polarization levels (Carson et al., 2010; Egar, 2016) and 

oversimplifies ideology by focusing predominantly on the left-right policy dimension (Aldrich 

et al., 2017; Bateman et al., 2017; Crespin & Rohde, 2010; Neal, 2020). Moreover, categorizing 

members into two blocks may give the impression that both parties are equally polarized on all 

issues. For instance, Bateman et al. (2017) observed a decrease in polarization on civil rights 

issues. Additionally, an analysis of NOMINATE scores for specific topics reveals significant 

variations in polarization across different congressional sessions (Marchi et al., 2021). Another 

study highlighted that different topics exhibit considerable variability in their dimensional 

structure (Jochim & Jones, 2012). 

 

While the primary criticism of the NOMINATE method centres on its tendency to oversimplify 

legislators' ideological values and the measurement of polarization, the literature contains even 

less complex alternatives. For example, Barberá et al. (2015) utilize Correspondence Analysis 

(CA) to determine the ideological positions of social media users, as this method reduces 

computational costs for large-scale networks while still providing reliable results. As a 

statistical technique, Correspondence Analysis (CA) can visualize relationships between 

categorical variables by using a contingency table and transforming this data into a low-

dimensional space. This makes CA one of the simpler methods to execute and interpret, 

theoretically requiring only information on a single variable (Abdi & Béra, 2017). However, in 

the literature on ideology and polarization measurement, CA and its relative Multiple 

Correspondence Analysis (MCA) are still only primarily applied to texts, videos, or ordinary 

citizens (Guenduez et al., 2016; Lai et al., 2024; McLay & Ramos, 2021; Sønvisen, 2014; 

Wiesehomeier & Doyle, 2012). 

 

1.2 Research Aim  

Based on the aim to explore whether simplifying polarization measurement can provide equally 

strong insights into polarization trends, this paper employs the Correspondence Analysis 

method and compares its results with those received from the NOMINATE method. While 

NOMINATE considers the entire voting history of a legislator, Correspondence Analysis 

simplifies this process by focusing solely on positive votes to determine its values. Taking into 
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account that research indicates that polarization can vary by topic, this study investigates 

whether CA values can adequately represent polarization trends within different policy 

domains. This paper will thus first address the question of what trends of polarization are found 

within different broad policy topics, followed by whether Correspondence Analysis, using only 

positive voting behaviour, can sufficiently replicate these trends. The analysis will focus on the 

U.S. House of Representatives from 1973 to 2024, i.e., the members of the 93rd to the 118th 

Congress. In this paper, I answer the research question by categorizing the votes into various 

policy domains using a Latent Dirichlet Allocation (LDA) topic model. Following, I measure 

the ideology of House Representatives using the W-NOMINATE and Correspondence 

Analysis methods, after which the results will be compared using the Pearson Correlation 

Coefficient. Before presenting the results, a brief overview of the data and methods are given, 

including data exploration and the necessary preparation for analysis. The methodology section 

further provides a detailed explanation of the chosen approaches and their rationale. The 

following results section presents details on the seven selected topics and their subsets, 

followed by the NOMINATE results, demonstrating a consistent upward trend of polarization 

across all seven topics. Afterward, the CA results are presented, revealing vastly different 

polarization trends. Lastly, the legislator positions of both methods are checked on correlation, 

thereby only showing moderate correlation for the topic of 'Legislation and Policy.' In the final 

discussion and conclusion section, I address the research question and give a summary of all 

findings. Additionally, I discuss the encountered limitations and propose some suggestions for 

future research on CA and topic-based polarization. 

 

2. Data 

2.1 Description 

This paper uses a combination of data on U.S. legislators and legislative bills from Voteview 

and ProPublica (Lewis et al., 2021; ProPublica, 2024) to investigate the phenomenon of topic 

polarization within the U.S. Congress. The study focuses exclusively on the 93rd to 118th 

House of Representatives and their voting behaviour on legislative bills, spanning the period 

of 1973 to 2024. As each House member represents a district within a state, this results in the 

representation of Democratic representatives in Republican states and vice versa. This leads to 

a wider variety of Democratic and Republican members, with the inclusion of conservative 

Democrats and progressive Republicans, which in turn can make indications of party 

polarization more robust. The time frame for study spans from the 93rd Congress to the 118th 

Congress, selected due to the availability of more extensive information on legislative bills, 

with especially summaries and sponsors not being digitally accessible for congresses before 

the 93rd. Voteview is a project designed to facilitate public access to historical and 

contemporary data on roll call voting within the United States Congress, accompanied by 

ideological scores calculated using the DW-NOMINATE method (Lewis et al., 2021). The 

project was initially developed by Poole and Rosenthal in 1989 and subsequently enhanced in 

2018 by Boche et al. to create a more accessible and interactive website for its users. From the 

Voteview project, three datasets were utilized to conduct this research. The first set contains 

information about the U.S. House members, the second set about the roll calls in the U.S. 

House, and the third set contains information on every vote taken by every House member. As 

the original roll call dataset lacks sufficient information on every legislative bill for adequate 

topic modelling, supplementary data was sourced from a ProPublica dataset containing 

comprehensive data on U.S. congress bills (ProPublica, 2024). It is important to note that this 

data was extracted from the official Congress.gov website (Congress.gov, 2024a), where every 

bill from the 93rd Congress has been digitized and can be accessed freely. 
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2.2 Exploration 

The original three datasets contain 11,063 unique House Representatives from 52 political 

parties. Of these, 4,778 are Democrats and 4,057 are Republicans. Additionally, it can be 

observed that 878 members have changed political parties during their tenure in office, with 

Table 1 illustrating the top 12 parties that have gained the highest number of new members 

from other parties over the years. The data reveals that the Democratic Party received its highest 

number of new members from the old Jackson Party, with the Republican Party's biggest donor 

being the Opposition Party, which traces back to the old Whig and Adams Parties. Furthermore, 

Figure 1 illustrates the composition of previous Congresses, which used to consist of a variety 

of different parties. This composition appears to have changed around the 40th Congress, with 

the Republican (red) and Democratic (blue) parties remaining the top two in the subsequent 

Congresses. Further information on the other party lines is found in Appendix A.  

 

 

Total New Party Old Party Members 

180 Democratic Party 
Jackson Party 94 

Republican Party 20 

161 Republican Party 
Opposition Party 46 

Democratic Party 32 

104 Whig Party 
Anti-Jacksonians 60 

Anti-Masonic Party 12 

100 Jackson Party  
Jackson Republican 43 

Crawford Republican Party 26 

79 Adams Party 
Adams-Clay Republican Party 41 

Adams-Clay Federalist Party 10 

79 Anti-Jacksonians  
Adams Party 52 

Jackson Party 16 

59 Democratic-Republican Party 
Anti-Administration Party 45 

Federalist Party 12 

38 Adams-Clay Republican Party Democratic-Republican Party 38 

37 Federalist Party 
Pro-Administration Party 34 

Democratic-Republican Party 2 

37 Jackson Republican 
Democratic-Republican Party 36 

Federalist Party 1 

37 Crawford Republican Party 
Democratic-Republican Party 36 

Federalist Party 1 

37 Opposition Party 
Whig Party 33 

Democratic Party 2 

Table 1. Top 12 Changes in Party Affiliation Among U.S. House Representatives, 1789-

2024. 
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Figure 1. Evolution of Party Representation in the U.S. House of Representatives, 1789-

2024. 

 

 

 
Figure 2. Percentage of Passed and Failed votes in U.S. House Congresses, 1789-2024. 
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Looking at the roll calls, of which there are 58,779, these are split into multiple different kinds 

of votes, with the main types being on the agreements to amendments or resolutions and the 

passage of legislation. However motions for suspension of the rules, adjourning, recommitting 

and quorum calls also make up a large part of the roll calls, which on their own are more about 

processes within congress and do not say much or anything about the actual content of a bill. 

Further, Figure 2 shows an increase in the number of passed roll calls after the 50th congress, 

which appears to align with the ascendance of the Democratic and Republican Parties. 

 

 

 
Figure 3. Number of Votes per Congress (1st to 118th) 

 

Lastly, an examination of the roll call votes per Congress in Figure 3 reveals a notable increase 

in the number of votes cast per Congress starting around the 93rd. This top Congress received 

over 800,000 votes, aligning with the introduction of electronic voting in 1973 (Roberts, 2007). 

Figure 3 further illustrates that this quantity has increased over the past few congresses. 

However, as the most recent Congress has not yet concluded, this amount may still fluctuate. 

With a total of 21.36 million votes cast, the votes from the 93rd-118th Congresses represent 

61.5% of all votes, with 13.1 million votes taken by the House Representatives within this 

period. 

 

2.3 Preparation 

As previously mentioned, each original dataset was first filtered to only include members of 

the House of Representatives from the 93rd to the present 118th Congress. The original roll 

call dataset contained minimal information about each legislative bill, such as the title or the 

roll call question, leading to poor performance in topic modelling. To address this, we included 

additional information for each roll call based on the ProPublica dataset (ProPublica, 2024). 
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Specifically, we added a detailed summary of each roll call, thereby expanding the lexicon of 

each bill and enhancing the performance. To evaluate the coherence of the derived topics, we 

also incorporated policy information for each roll call. This policy information consists of one 

of 32 policy area terms assigned to every bill by the Congressional Research Service, which 

describes the predominant subject matter of the measure (Congress.gov, 2024b). Given the 

importance of the summary for topic modelling, we excluded 1,818 roll calls that lacked a 

summary in the bulk dataset. Consequently, we removed quorum calls, motions on adjourning, 

and motions to suspend the rules, resulting in a dataset comprising only legislative bills. The 

final roll call dataset includes 28,449 bills from the 93rd Congress in 1973 to the 118th 

Congress in 2024. Following the initial filtering of the original dataset of House of 

Representative members, each member was assigned an ID based on their name and party 

affiliation. This step was necessary due to the ID provided by Voteview, called ICPSR, which 

is supposed to be based on a unique name and party combination, containing errors that affected 

the calculation of members' ideological values. The final member dataset comprises 11,580 

unique rows, representing 2,217 unique individuals and 2,246 unique person-party 

combinations, accounting for members who changed parties during their tenure. Lastly, to 

facilitate for the Correspondence Analyses, we added a binary variable to the original member 

votes dataset, assigning 1 for a yea vote and 0 otherwise. The final votes dataset ultimately 

contains 12,343,235 member votes. 

 

3 Methods 

The aim of this research is to identify polarization trends within various policy domains and to 

determine whether Correspondence Analysis, using only positive voting behaviour, can 

accurately replicate these patterns. To achieve this, the research is structured into three main 

sections. The first section focuses on identifying polarization trends using the NOMINATE 

method. Initially, we employ topic modelling to analyse the bills and categorize them into 

different topics. Subsequently, we use the W-NOMINATE scaling method to calculate the 

ideological values for each topic based on a subset of related bills. We then determine the party 

polarization within each topic by averaging the ideological values of representatives per party 

per Congress. These values are plotted to visualize the party polarization trends for each topic. 

The second section addresses identifying the same party polarization trends per topic, this time 

using Correspondence Analysis. We begin by applying Correspondence Analysis to the positive 

votes of House Representatives, followed by determining the party polarization by averaging 

the representatives' ideological values per party per Congress and plotting the resulting 

averages. Additionally, we measure the bimodality coefficient of the NOMINATE and CA data 

points to check for the presence of clusters within the data should the plots appear 

uninformative. Finally, the third section involves comparing the results of both methods. We 

use the Pearson Correlation Coefficient to compare the data coordinates obtained from the W-

NOMINATE method and Correspondence Analysis. 

 

3.1 Topic Modelling 

The first section of this research involves classifying the content of bills in our dataset and 

ideologically scaling the members of the House of Representatives based on their voting 

behaviour. Given the large number of bills and their substantial content, manual classification 

is not feasible. Although new bills are originally labelled into 32 different topics by the 

Congressional Research Service (Congress.gov, 2024b), using these labels is not an option due 

to significant variations in topic distribution, with smaller topics presenting challenges for the 

NOMINATE ideological scaling method. Additionally, these 32 topics are used only in the 
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latter part of our research period, complicating the classification of older bills. For this reason, 

we employ topic modelling in this study. This unsupervised machine-learning approach is 

capable of extracting topics from large volumes of text, with this research in particular utilizing 

a Latent Dirichlet Allocation (LDA) model (Blei et al., 2003). While previous research has 

employed various other topic models for legislative and political texts, including Structural 

Topic Models (STM) and BERTopic, with some yielding positive results (Ebeling et al., 2023; 

Gerrish & Blei, 2011; Marchi et al., 2021; Wang et al., 2013), attempts to utilize STM and 

BERTopic models for this research produced only disappointing results. BERTopic, in 

particular, generated a multitude of small topics, with the reduction of the number of topics 

resulting in over half of the bills being labelled as outliers without a designated topic. Attempts 

to enhance these results by incorporating sentence embedding methods, such as LegalBert 

(Chalkidis et al., 2020), and implementing outlier reduction techniques, were unsuccessful. In 

contrast, the LDA model produced topics of similar size that covered most of the bills, with 

clearer distinctions between topics based on their top words. 

 

The general concept of the LDA model is that each document is comprised of a series of latent 

topics, which are described by a specific probability distribution, with each document being a 

random mixture of these latent topics (Jelodar et al., 2019). Each topic is further represented 

by a probability distribution over certain words. The model then infers the latent topics by 

iteratively assigning words to topics based on their co-occurrence patterns and updates the topic 

distribution to best fit the observed data (Chen et al., 2016). The document probability 

distribution over each topic indicates the degree to which a topic is present in a document. This 

allows for the identification of the primary topics discussed in a document and the inferred 

topic distributions (Tong & Zhang, 2016). In this paper, the number of topics to be identified 

by LDA is determined based on the average cosine similarity between the inferred topic 

distributions of the bills and a ground truth overall topic distribution (Blei et al., 2003). The 

ground truth topic distribution was calculated using the original 32 policy domains, thereby 

measuring the word probability distributions for each document and calculating the average 

probability distribution across all documents, representing the overall topic distribution in the 

corpus (ibid.). The average cosine similarity was then calculated by taking the mean of the 

cosine similarities between the ground truth, A, and the inferred topic distributions, B, using 

the following formula: 

 

𝐶𝑜𝑠𝑖𝑛𝑒 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =  
𝐴 ∙ 𝐵

‖𝐴‖‖𝐵‖
 

 

The LDA topic model in this research is trained and performed on the full summaries of 28,499 

legislative bills. Before executing the LDA model, the summaries undergo pre-processing to 

ensure optimal results. The pre-processing steps include tokenizing the documents and 

converting all tokens to lowercase. Subsequently, numbers, punctuation, and stop words are 

removed, with the latter category including high-influence words added based on their excess 

presence across all bills. Next, the final corpus is created using Term Frequency-Inverse 

Document Frequency (TF-IDF), which highlights the importance of words in documents by 

adjusting for the fact that some words appear more frequently in general (Simha, 2021). After 

extracting and labelling the topics, their quality is assessed using the Cv Coherence score 

(Röder et al., 2015; Syed & Spruit, 2017). This measure consists of four parts: first is the 

segmentation of the data into word pairs using a sliding window approach. In this paper, a 

Boolean sliding window of 110 words is used, meaning that for each target word, the context 

of 110 words before and 110 words after is considered (Řehůřek & Sojka, 2010; Röder et al., 

2015). After segmenting the data, the probabilities of words or word pairs are calculated based 
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on a given reference corpus. Following this, a confirmation measure is calculated that 

quantifies the degree to which the presence of one word set supports the presence of another. 

The final step is the aggregation of these confirmation measures into an overall single 

coherence score (Röder et al., 2015; Syed & Spruit, 2017). The Cv coherence score indicates 

the extent to which the top words within a topic co-occur frequently and consistently across 

the documents in the corpus. Lower scores suggest that many documents within a topic do not 

share a similar policy domain. Cv coherence scores above 0.5 are considered good, scores 

between 0.4 and 0.5 are adequate, and scores below 0.4 are deemed poor (Röder et al., 2015; 

Stevens et al., 2012). The final step is the division of the complete bill and vote datasets into 

their respective topical subsets.  

 

3.2 NOMINATE 

The next step involves the ideological scaling of the members of the House of Representatives 

and the calculation of party polarization. In this research, this is initially executed using the 

NOMINATE method developed by Poole and Rosenthal (1985), specifically the W-

NOMINATE method (Poole & Rosenthal, 1997). As discussed in the literature review, there 

are three alterations of the NOMINATE procedure, all designed to analyse the roll call voting 

records of politicians and create an ideological spatial map of these legislators. The original 

NOMINATE method uses a probabilistic model to analyse roll call votes, calculating the 

positions of legislators by evaluating the probability of a legislator voting yea or nay on a bill 

based on their and the bill's ideological location (Carroll et al., 2009; Poole & Rosenthal, 1985; 

Lewis & Poole, 2004). The underlying assumption is that the likelihood of a yea vote increases 

as the distance between the legislator's ideal point and the bill's position decreases. Specifically, 

legislator i's utility for outcome y, which represents a yea vote, on bill j, is given by: 

 

𝑈𝑖𝑗𝑥 =  𝛽𝑒𝑥𝑝 [−
∑ 𝑤𝑘

2𝑠
𝑘=1 𝑑𝑖𝑗𝑦𝑘

2

2
] + 𝜖𝑖𝑗𝑦   

 

Here, 𝑑𝑖𝑗𝑦𝑘
2   represents the Euclidean distance between the ideal point of a legislator xi and the 

location of the yea bill zjyk, with k indicating the dimension (Poole & Rosenthal, 1997; Lewis 

& Poole, 2004). Additionally,  𝛽 and w are positive parameters/weights that, along with the 

locations of the legislator and bill, are estimated using a constrained nonlinear maximum 

likelihood procedure. This procedure iteratively adjusts the ideological positions of the 

legislator and the bill to maximize the likelihood of the observed voting patterns, thereby 

minimizing the discrepancy between the predicted and actual votes (ibid.). 

 

While previous research has utilized DW-NOMINATE scores published by Voteview (Barber 

& McCarty, 2013; Cameron & Park, 2009; Lindgren & Southwell, 2014), this study requires a 

different approach as it aims to compute the ideological values of legislators for specific topics 

rather than for all bills collectively. For this reason, this research cannot use the published DW-

NOMINATE scores, as these are calculated based on the entire voting history of a legislator 

(Lewis et al, 2021). Due to W-NOMINATE being the only NOMINATE method with existing 

implementations in R or Python (Poole et al., 2024), this method is chosen for this research, as 

the manual implementation of this measure is beyond the scope of this paper. Unlike the 

original NOMINATE method, W-NOMINATE assigns weights to votes based on their 

distribution, incorporating the ideological significance of important votes (Poole, 2005). 

Additionally, due to it being a static algorithm, it constrains legislator and bill ideal points to 

lie between -1 and 1 in every dimension (Everson et al., 2016; Poole & Rosenthal, 1997). 

Although DW-NOMINATE further accounts for the ideological shifts of legislators over time, 
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research suggests that legislators' ideological positions are relatively stable during their tenure, 

making W-NOMINATE a sufficient fit for this study's objectives (Jochim & Jones, 2012).  

 

The NOMINATE algorithm is designed to calculate the ideological position of a legislator. 

However, to orient the results such that 1 represents the right and -1 the left, it requires a 

conservative legislator per dimension as input (Poole et al., 2007). For this study, which focuses 

solely on the first dimension, Rep. Sensenbrenner is selected based on his participation in 21 

of our 26 relevant congresses and his conservative DW-NOMINATE score of 0.638 (Lewis et 

al., 2021). Additionally, NOMINATE applies two minimum thresholds for calculating a 

legislator’s ideological position. The first threshold excludes bills from the analysis if their vote 

distributions are excessively skewed, where the minority side constitutes less than 2.5% of the 

total vote (Poole et al., 2007). This criterion removes 2,462,241 votes from the final analysis. 

The second threshold excludes legislators with fewer than 20 votes, as insufficient voting data 

would impair adequate positioning (ibid.). This threshold results in the exclusion of 129 

legislators across seven topics. 

 

Furthermore, the NOMINATE scores for House members are calculated based on their voting 

history within specific policy domains. Party polarization is then assessed by calculating the 

absolute difference between the mean spatial positions of Republican and Democratic 

members. In order to identify polarization trends, the mean values and differences are 

calculated for each Congress, with the resulting trends plotted from the 93rd to the 118th 

Congress. While there are different methods of calculating party polarization, using the mean 

spatial positions of party members is a well-established method in polarization studies, as seen 

in Voteview and other research (Barber & McCarty, 2013; Lewis et al., 2021). 

 

3.3 Correspondence Analysis 

The next step involves ideologically scaling members of the House of Representatives and 

calculating party polarization using Correspondence Analysis (CA) (Greenacre, 2016). CA 

analyses contingency matrices with categorical data, extending Principal Component Analysis 

(PCA) by reducing dimensionality in sparse data and identifying dimensions that explain the 

highest variance and total inertia (Abdi & Williams, 2010; Abdi & Béra, 2017). Unlike PCA or 

Multiple Correspondence Analysis (MCA), which are suited for continuous and nominal 

categorical data respectively, CA is particularly effective for binary data, as used in this 

research, where a yea vote is coded as 1 and any other vote as 0 (Halford, 2023). 

 

In Correspondence Analysis, the first step of the process involves standardizing the 

contingency matrix by its column and row sums, ensuring that all values sum to 1 (Greenacre, 

2010). This is followed by centering the matrix relative to its weighted column averages. A 

weighted singular value decomposition (SVD) is then performed on this matrix to identify the 

plane closest to the data in terms of weighted least squares (Barberá et al., 2015; Greenacre, 

2010). This procedure reveals the principal dimensions and coordinates that capture the most 

variance (inertia) within the data (Abdi & Béra, 2017; Barberá et al., 2015; Greenacre, 2010). 

The eigenvalues of each dimension, which quantify the amount of variance explained, are often 

presented in a scree plot to determine the minimal number of dimensions that provide 

significant cumulative variance and are thus crucial for data representation (Cattell, 1966). 

However, as the primary objective of this research is to examine the ideological positioning of 

legislators on the left-right spectrum, we decided to focus on the dimension with the highest 

inertia, as this is the most likely to represent the ideological scale in question (Barberá et al., 

2015; Bonica et al., 2014).  
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While both NOMINATE and CA differ in the voting behavior they analyze, it’s essential to 

recognize that NOMINATE is a probabilistic model estimating the ideological ideal points of 

legislators, whereas CA analyses the relationships within the data, focusing on the co-

occurrences between legislators and spatially locating them based on these relationships. 

 

Once the CA scores are calculated for each legislator on a given topic, the degrees of 

polarization are assessed by measuring the absolute difference between the mean spatial 

positions of Republican and Democratic members. This analysis is conducted for each congress 

and plotted across the 93rd-118th Congress period. It is important to note that CA assigns 

values to legislators randomly, which can vary across topic analyses. For interpretability 

purposes, the values are thus first normalized to a scale between 1 and -1, and, if necessary, 

inverted so that Republicans typically have positive values. This normalization and inversion 

further aligns CA values with NOMINATE values. Furthermore, to conform with the 

NOMINATE method, the same thresholds are also applied here: votes on bills where the 

minority side constitutes less than 2.5% of the total are removed, with the threshold for a 

minimum of 20 votes per legislator also being maintained. 

 

3.4 Bimodality Coefficient and Pearson Correlation Coefficient 

After the ideological locations of all legislators for each topic are calculated using the 

NOMINATE and CA methods, the next step consists of calculating Sarle's Bimodality 

Coefficient (BC) for all data points per topic (SAS Institute Inc, 2004, p. 984). This metric 

helps determine whether the data exhibits a bimodal or multimodal distribution, providing 

additional insight should the polarization trends be inconclusive. The BC is chosen for its 

simplicity, interpretability, and robustness, as it incorporates both the skewness and kurtosis of 

the data (Pfister et al., 2013). The original formula for BC with a sample size of n is: 

 

𝐵𝐶 =  
𝑚3

2 + 1

𝑚4 + 
3(𝑛 − 1)2

(𝑛 − 2)(𝑛 − 3)

 

 

where m3 represents skewness, indicating the asymmetry of the distribution, and m4 denotes 

kurtosis, measuring the tailedness or peakedness of the distribution (SAS Institute Inc., 2004). 

A BC value greater than the benchmark of 5/9 ≈ 0.555 suggests a bimodal or multimodal 

distribution, whereas lower values indicate unimodality (Pfister et al., 2013; SAS Institute Inc., 

2004). 

 

The final step of this research involves comparing the W-NOMINATE values with the 

Correspondence Analysis (CA) values for each policy domain to identify any correlation 

between the ideological spatial locations of legislators based on their entire voting behavior 

and positive voting behavior. This comparison is conducted using the Pearson Correlation 

Coefficient (PCC) (Benesty et al., 2009), which measures the linear correlation between two 

sets of data points. The PCC provides an intuitive interpretation, with 1 indicating a perfect 

positive relationship and -1 indicating a perfect negative relationship (Adler & Parmryd, 2010). 

A value near 0 suggests no dependency between the data sets, implying that the spatial 

ideological locations derived from the two methods are unrelated (ibid.). The formula for the 

Pearson Correlation Coefficient of two vectors x and y is: 
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𝑃𝐶𝐶(𝑥, 𝑦) =  
∑(𝑥 − 𝑚𝑥)(𝑦 − 𝑚𝑦)

√∑(𝑥 − 𝑚𝑥)2 ∑(𝑦 − 𝑚𝑦)2
 

 

where mx is the mean of vector x and my is the mean of vector y (Benesty et al., 2009; SciPy, 

2024).   

 

4 Results 

4.1 Topic Modelling and NOMINATE  

After data preparation, a total of 28,449 legislative bills were used within the LDA topic model. 

Despite initial analysis (Figure 4) indicating that five topics exhibit a higher average cosine 

similarity score, we ultimately decided on seven topics to encompass a broader range of policy 

domains. Table 2 presents the labels, top words, size, and Cv coherence scores for the final 

seven identified topics. Six of these topics are relatively balanced in size, with only the "Social 

Services" topic being substantially larger. However, it's lower Cv coherence score suggests that 

this topic includes bills that do not fall within this policy domain, indicating that this topic is 

partly filled with residual bills. 

 

 

 
Figure 4. Topic Model Performance Measured by Average Cosine Similarity per Number 

of Topics.  

 

 

Further analysis of the Cv coherence scores revealed that the topics of ‘Defense’, ‘International 

Relations’, and ‘Legislation’ showed a high coherence quality. Additionally, the topics of 

‘Environment’, ‘Infrastructure’, and ‘Government Budget’ demonstrated adequate coherence 

quality, with the topic of ‘Social Services’ being the only topic that showed poor coherence. 

This poor performance indicates that the topic of ‘Social Services’ does not accurately represent 

its actual policy area, and will thus not be taken into consideration within the concluding 

analyses.  
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Number Topic Top Terms Size Cv Coherence  

Topic 0 Environment and Natural 

Resources 

lands; energy;  

land; interior;  

oil; forest;  

gas; water; 

conservation; 

environmental 

3172 0.4478 

Topic 1 Infrastructure and 

Development 

housing; funds; 

transportation; 

development; energy; 

highway; projects; 

assistance; water; 

administration 

2434 0.4243 

Topic 2 Government Budget and 

Administration 

funds; administration; 

fy; agencies;  

health; makes; 

expenses; related; 

commission; fund 

3432 0.4259 

Topic 3 Defense and Military defense; military;  

dod; funds;  

security; forces;  

fy; personnel;  

air; army 

3021 0.5620 

Topic 4 International Relations and 

Government 

president; assistances; 

us; international; 

budget; foreign; 

countries; expresses; 

development; 

government 

3564 0.5332 

Topic 5 Legislation and Policy hr; consideration;  

rule; forth;  

sets; bill;  

house; committee; 

resolution; res 

3880 0.5325 

Topic 6 Social Services and Public 

Welfare 

health; education; 

taks; provisions;  

shall; public;  

bill; report;  

provides; grants 

8946 0.2867 

Table 2. Seven Topics from the LDA Model with Top Words, Cv Coherence Score, and 

Topic Size. 

 

 

Using these seven topics, we computed W-NOMINATE scores for 2,246 unique legislators per 

policy domain, excluding 129 legislators over the seven topics, as they did not meet the 

threshold of a minimum of 20 votes. The mean spatial locations of the Republican and 

Democratic members were then calculated per Congress for each topic, with Figure 5 

illustrating the ideological trend lines of both parties and their absolute ideological differences. 

The grey difference line indicates a rise in polarization in all policy domains from 1973 to 
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2024, with "International Relations" being the only exception, showing stagnation after the 

104th and 112th  Congress.  

 

 

 

 
Figure 5. Ideological Trend Lines of Mean NOMINATE Scores for Republican and 

Democratic Parties and Their Difference, Congress 93-118. 
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Figure 5 shows that both the Republican and Democratic parties have become more 

ideologically polarized, with the Democrats trending ideologically left-wing and Republicans 

trending ideologically right-wing with each new Congress. Notably, ‘International Relations’ 

is the exception to this trend, with the ideological position of the Republicans seeing a 

stagnation from the 104th Congress, with even showing decline during the later Congresses. 

Another interesting outlier is the 111th  Congress, where the Democratic Party experienced a 

peak of conservatism before recovering in the following Congress. Table 3 shows that on 

average, the Democratic Party has shifted more to the left. This is indicated by their average 

ideological change of 0.3826 in comparison to the Republican Party’s average of 0.2856. The 

Democrats show shifts greater than 0.3 for five of the seven topics, with the topics of ‘Social 

Services’ even exceeding a change of 0.5 on the ideological scale. Figure 5 additionally shows 

that the early Congresses also showed a remarkable conservative position of the Democratic 

Party on ‘Environment’, ‘Infrastructure’, and ‘Defense’. While their position does become 

more progressive in later Congresses, this is an intriguing phenomenon as being conservative 

on these topics seems to be in contradiction to the traditional ideological stances of the 

Democratic party. 

 

 

Topic Democratic Party Republican Party Difference 

Environment and Natural 

Resources 
0.3547 0.2355 0.5901 

Infrastructure and 

Development 
0.4037 0.3037 0.7074 

Government Budget and 

Administration 
0.4402 0.4406 0.8808 

Defense and Military 0.2779 0.2061 0.4840 

International Relations and 

Government 
0.2118 0.1529 0.3647 

Legislation and Policy 0.4876 0.2728 0.7603 

Social Services and Public 

Welfare 
0.5025 0.3879 0.8904 

Average 0.3826 0.2856 0.6682 

Table 3. Difference in Mean Spatial Location between the 93rd and 118th Congress. 

 

 

According to Figure 6, the topics showing the largest ideological shifts are ‘Government 

Budget’, ‘Legislation’, and ‘Social Services’, with these also demonstrating the highest 

increase in polarization in Table 3. However, due to the low coherence score of the ‘Social 

Services"’ topic, this topic will be excluded from further analysis. As for ‘Legislation’, this 

topic primarily consists of bills related to committees and congressional oversight, with 

‘Government Budget’ pertaining to government operations and budgetary issues. Figure 6 

further shows that the topics with the smallest differences include ‘Defense’, ‘Environment’, 

and ‘International Relations’, which all have final ideological differences of less than 1. 

Notable is the topic of ‘Defense’, with a difference of under 0.7, given its usual association as 

an Republican policy issue. Figure 6 demonstrates that, despite the differences in values, all 

topics exhibit a similar pattern of polarization, with a sudden and sharp increase observed 

between the 102nd and 104th Congresses for all seven topics. After this increase, the 
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'International Relations' topic shows a divergent trend, whereas the remaining topics 

demonstrate a pattern of gradual increase followed by a peak in polarization and subsequent 

return to moderate growth.  

 
Figure 6. Ideological Differences Between Parties by Policy Using W-NOMINATE. 

 

4.2 Part Two 

Performing Correspondence Analyses on the seven topics overall resulted in relatively low 

inertia across the board. As depicted in Figure 7, each topic, except for ‘Legislation’, required 

ten to twelve principal components to explain 50% of the cumulative variance of the data. 

Given that the first principal component exhibits the highest inertia and, consequently, explains 

the most variance, the spatial locations from this dimension were selected for the subsequent 

sections of the analysis. As we expected that the left-right ideology would be the primary 

ideological difference between the legislators, this choice maximized the potential to capture 

this division within the CA data points. The degree of variance explained through the first 

dimension for each topic is presented in Table 4, with the complete eigenvalue scree plots for 

each topic further found in Appendix B.  
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Figure 7. Cumulative Variance per Principal Component by Topic in CA. 

 

 

 

Topic 
Variance         

1st Dimension 

NOMINATE 

Bimodality 

Coefficient 

CA 

Bimodality 

Coefficient 

Pearson 

Correlation  

Environment and 

Natural Resources 
10.48% 0.4296 0.7234 0.0618** 

Infrastructure and 

Development 
9.83% 0.4328 0.6916 0.0963*** 

Government Budget and 

Administration 
9.93% 0.5172 0.6653 0.1362*** 

Defense and Military 10.06% 0.2535 0.7081 0.0635** 

International Relations 

and Government 
10.39% 0.5517 0.6385 0.1123*** 

Legislation and Policy 11.11% 0.5574 0.5818 0.3705*** 

Social Services and 

Public Welfare 
10.53% 0.5663 0.6835 0.0804*** 

Table 4. Analysis of Variance (1st CA Dimension), Bimodality Coefficient (NOMINATE 

and CA), and Pearson Correlation Coefficient per Topic. Note: Significant results 

indicated by: *= p < 0.05, **= p < 0.01, ***= p < 0.001.  
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Figure 9 illustrates the trend lines of both parties and their absolute difference based on the 

mean spatial location of their members per congress. In contrast to the polarization trends 

observed using the NOMINATE method, these are not replicated by the Correspondence 

Analysis, with only the topic of ‘Legislation and Policy’ showing a similar trend when 

examining the difference line. It is further notable that similar waves can be observed in the 

remaining topics when examining the Republican and Democratic parties, with both parties 

showing a nearly identical average spatial location for all 26 congresses. Additionally, we can 

observe that polarization levels peaked in the 104th  and 112th  Congresses for all topics, 

followed by a sharp drop in the subsequent congresses. Figure 8 provides an even clearer image 

of 'Legislation and Policy' as an outlier, with the rest of the policy domains showing very 

similar polarization trends and all seeing a small increase of polarization during the 93rd-118th 

congresses.  

 
Figure 8. Ideological Differences Between Parties by Policy Using CA. 

 

 

A further examination of the bimodality coefficients of both the values of the CA and W-

NOMINATE methods, as presented in Table 3, reveals surprisingly that the CA data exhibits 

greater bimodality across all topics. Notably, the NOMINATE data even scores below the 

benchmark of 0.555 for four out of the seven topics. Most striking is the particularly low 

bimodality score of 0.2535 for the ‘Defense and Military’ topic. However, an examination of 

Figure 10, which depicts the NOMINATE values plotted against the CA values in a joint 

scatter-and-density plot, reveals the existence of two distinct peaks within the NOMINATE 

values. This observation provides evidence of bimodality in the data despite the low score 

received through the Bimodality Coefficient. Besides this, however, there is considerable 

overlap between the two parties in the ideological center, explaining why its trend of 

polarization in Figure 6 scores the lowest in comparison to the other topics. As for the 
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bimodality coefficients of the CA values per topic, the values in Table 4 make it evident that 

these distributions are bimodal or multimodal. However, with the ideological trend lines of the 

Democratic and Republican parties being so similar, this indicates that these clusters represent 

a cross-party ideological scale that differs from the left-right party ideology that we expected. 

 

 

 
Figure 9. Ideological Trend Lines of Mean CA Scores for Republican and Democratic 

Parties and Their Difference, Congress 93-118. 
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Figure 10. Scatter-and-density-plot of Ideological Spatial Location of U.S. House 

Representatives for Topic Defense and Military using W-NOMINATE and 

Correspondence Analysis. 

 

 

The topic of ‘Legislation and Policy’ demonstrates bimodality according to its bimodality 

coefficient of 0.5818 and exhibits the clearest form of polarization when analysed using the 

average CA coordinates, thereby suggesting that the CA values for this topic show division 

between the political parties. Looking at Figure 11, this scatterplot indeed shows less overlap 

between the Republican and Democratic legislators, with a significant number of Republicans 

scoring closer to 1 in comparison to the Democrats. However, a substantial number of both 

Republicans and Democrats are positioned near the -1 value, demonstrating that there is also 

no clear distinction between the two parties regarding this topic. Scatterplots for the other 

policy domains are provided in Appendix C, displaying a similar structure to the ‘Defense’ 

topic in Figure 10, with Appendix D presenting violin boxplots showing the density of all CA 

data points for each topic.  
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Figure 11.  Scatter-and-density-plot of Ideological Spatial Location of U.S. House 

Representatives for Topic Legislation and Policy using W-NOMINATE and 

Correspondence Analysis. 

 

4.3 Part Three 

Given the limited polarization shown in party trend lines for most topics, and with significant 

overlap existing between party members' CA spatial locations, no clear parallel seems to exist 

between the values of the NOMINATE and CA methods. Nevertheless, comparing the W-

NOMINATE and CA spatial locations of legislators shows a significant positive Pearson 

correlation coefficient for all topics, as seen in Table 4. Although this would suggest a 

correlation between high (conservative) NOMINATE and CA values, the low scores of around 

0.1 imply virtually negligible correlation for the topics ‘Environment’, ‘Infrastructure’, 

‘Government Budget’, ‘Defense’, ‘International Relations’, and ‘Social Services’. Only the 

policy domain of "Legislation and Policy" shows a low to moderate positive correlation, 

aligning with the previous observations made regarding this topic. Taking the trend lines, 

Bimodality Coefficient, and Pearson Correlation Coefficient all into account, this indicates that 
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only the CA values for the topic of ‘Legislation and Policy’ can adequately simulate the 

ideological scaling of the NOMINATE method, with the rest not accurately reflecting 

polarization trends within the topics. 

 

5 Discussion & Conclusion  

Over the years, methods of measuring political polarization have increasingly become more 

complex, taking into consideration networks between legislators and the existence of 

multidimensional ideological positions. In this paper, I have laid the focus on the comparison 

of the methods of NOMINATE and Correspondence Analysis, thereby investigating whether 

the less complex method of CA on the positive voting behavior of legislators can sufficiently 

locate their ideological position. Recent literature reported that various policy domains can see 

different levels of political polarization (Bateman et al., 2017); this paper performs this analysis 

on the voting records of U.S. House Representatives from the 93rd to the 118th Congress, 

separated into different policy domains. The topics were first acquired through LDA topic 

modelling, with the final seven topics being: Government Budget and Administration, 

Environment and Natural Resources, International Relations, Legislation and Policy, 

Infrastructure and Development, Defense and Military, and Social Services and Public Welfare. 

To find the actual trends of polarization per topic, I used the ideological scaling method W-

NOMINATE, which spatially locates legislators based on their voting behavior and 

ideologically positions similar legislators closer together. Afterward, Correspondence Analyses 

were performed using only the positive voting behavior of representatives, again using the 

subsequent spatial values of members to find the trends of polarization within Congress, as 

well as using a Bimodality Coefficient to see if clear division could be found within data. 

Following, the W-NOMINATE and the CA spatial locations of the legislators were compared 

to each other using the Pearson Correlation Coefficient, thereby checking if the results of the 

CA method could be considered similar to those of the NOMINATE method. 

 

Analysing the results of the W-NOMINATE method provides insight into the first part of the 

research question. It reveals similar trends of polarization between the Republican and 

Democratic parties across all seven topics, with the exception of later congresses within the 

topic of ‘International Relations and Government.' Initially, this may seem to contradict earlier 

studies suggesting that specific topics, such as ‘civil rights’ and ‘veteran affairs,’ exhibit less 

polarization (Marchi et al., 2021; Bateman et al., 2017). However, the low coherence score for 

‘Social Services and Public Welfare’ suggests that both findings might still be valid. The second 

part of the research question was divided into two sections: first, we wanted to determine 

whether the same polarization trends per topic could be reflected using the CA method; second, 

we wanted to compare the spatial locations of both methods through correlation analysis. 

Notably, we found that only the topic of ‘Legislation and Policy’ displayed a significant 

polarization trend over the period from 1973 to 2024, with the CA values of this topic also 

being the only ones that showed a moderate positive correlation with the NOMINATE values. 

A negative conclusion can thus be reached surrounding the use of a Correspondence Analysis 

on positive voting behavior for the ideological locating of legislators. 

 

This research thus confirms that trends of political polarization persist across broad policy 

domains, as shown through the W-NOMINATE method, challenging earlier findings that 

suggested smaller-scale analyses might obscure this phenomenon. Furthermore, through the 

comparison with CA, the effectiveness of the CA method was tested multiple times, thereby 

demonstrating its unsuitability for the ideological scaling of legislators. While CA has been 

proven to work adequately when analysing social media data or political texts, this research 
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thus illustrates its shortcomings when performed on positive voting behavior, with only one 

out of seven topics receiving sufficient spatial values. 

 

However, these findings are subject to several limitations, starting with the topic modelling 

approach. While aiming for an equal distribution of bills across topics does lead to more robust 

ideological scaling within the W-NOMINATE method, it also led to the inclusion of irrelevant 

bills in some categories. For instance, the 'Social Services' topic included residual bills, 

ultimately affecting the reliability of its polarization trends. Further research should refine topic 

modelling techniques for legislative bills, as there is no established state-of-the-art model in 

this field. Second, this study used W-NOMINATE instead of the more recent DW-

NOMINATE, which accounts for changes in legislators' ideological positions over time. 

Although Poole and Rosenthal (1997) suggested that legislators' ideological spatial locations 

are relatively stable over their tenure, future studies should consider DW-NOMINATE, 

especially as legislators’ ideological shifts might become more pronounced over time. The 

reliance on W-NOMINATE was primarily due to its availability in R, highlighting a need for 

more accessible tools and software for the more advanced methods. Finally, this study focused 

solely on CA applied to positive voting behavior, thereby severely limiting its scope. Future 

research should explore alternative methods to simplify the measurement of political 

polarization, such as PCA combined with CA, Multiple Correspondence Analysis on voting 

behavior, or analyses focusing on negative voting behavior. In conclusion, this paper offers 

insights into polarization trends within broad policy domains and evaluates CA for the 

ideological positioning of legislators, identifying its limitations. As political polarization 

remains a critical issue for the future of Western democracies, ongoing research into its patterns 

and manifestations is crucial. Simplifying methods for measuring polarization should thus be 

a key objective for the advancement of social data science, as it will lower the bar for future 

scholars interested in researching this phenomenon.  
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Appendix A: 

Evolution of All Party Representation in the U.S. House of Representatives, 1789-2024. 
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Appendix B: 

Eigenvalue Screeplots of CA Data for each Policy Domain. 
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Appendix C: 

Scatter-and-density-plots of All Topics except Defense and Legislation.  
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Appendix D: 

Violin Density Boxplots of All Topics 
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Appendix E: 

https://github.com/DionCU  

https://github.com/DionCU
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