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Abstract:

The paperanalyzedegislativespeechrecordsin the U.S. Senatdrom the 101%-108"
CongressedVe applyawidely-usedext classificationalgorithm- Support Vector
Machines (SVM) - to extract the terms that are most indicative of conservative and liberal
positions from legislative speeches and to predict SenatorsOideological positions in the
108" CongressWhenpredictingthe conservatie/liberalpostions of Seratorsbasecbn
previous legidlative speech, the SVM classifier achieved a 94% level of accuracy. Our
results indicate that the same ideological differences that are associated with roll-call
based ideological gasures if€ongress are also reflectiedpolitical speech. This
suggestshatpreviousfindingsof low dimensional issue space in Congress are not
simply the results of institutional factors such aspartyleadershipr agenda control.
Raher, it impliesthat voting and debating aredifferentbut correlatedcexpressionsf
underlying ideological belief systems.
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Over at least 50 years of researidaplogy hasbeenusedto explainthe political
behavior of voters, legislators and other elites. In the context of mass political behavior,
Converse (1964) has conceptaatiideologyasa ObeliebystemOBelief systens give
structureto anindividualOsiew on variousissueslntuitively, a political belief system
expressea view of whichissue positions go togethéine Oknowledge of what-goes-
with-whatQPoole2003).

Empirically, belief systems allow us to predict an individual(msition on an issue
if we know his or her position on another issue. Speaking about belief Gystems,0
however, does not necessarily imply alogically consistenpolitical, econonic, or social
world-view. Indeed, as Converse (1964) argued, the associatiorbetweenssuesmay just
have been contingent and esfta particular,perhapscultural or historical experience.
Nevertheless, belief systesrmo consain. Itis quite unlikely (thougmotimpossible)}hat
arandonty selectedJ.S.voterwho opposesiniversal health insurece, gun control,
affirmative action, environmental regulation, abortion,andhighertaxes alsosupportggay
marriage. Converse expresses thisidea as follows:

CConstraint may be taken to mean the success we would have in predicting, given

an initial knowledge that an individual holds a specia attitude, that he holds

certainfurtherideasandattitudes(Conversel964,p.207).0
Converse (1964) and later Poole (2003) hageexdthatelite behavior suchasvoting
patternsn alegislature canalsobe understoodsthe expression of underlying belief
systems. The main difference is that belief systems at the elite level will always be more

clearly defined B the idea being thiites are Otrue beliexsPoole2003).



A paralel but closely connected literature is related to the development of the
spatial nodel of voting (Downs 1957, Btk1948,DavisandHinich 1966,Davis,
Hinich, and Ordeshook 1970) which represents policy preferences as points in a multi-
dimensional issue space. The spatial modelhassubsequentlypecone the main building
block in formal models of political behavior.

Measuring ideological orientations andieesystens, however, has always been
a very difficult task. Unlike party affili@on, for example, ideology is not directly
observableConsequentlyscholarshaveenployed different strategies,rangingfrom
survey responses to satistical estimates based on voting recordsin legislative palitics,
and especially the U.S. Congress, thestwidely used measure of ideology remains the
vote-based score developed and refine@byleandRosentha(1991;1997;2007)and
McCarty,Poole,andRosentha(1997;2006).The authors estiate ideology in Congress
by applying a spatial voting adelto Congressionaloll cdl data. LegislatorsO ideal
points are then estimated in choice spaces of various dimensions.® Perhaps the most
important finding of the Poole-Rosenthal approach is thaugh of the voting behavior in
Congress can be explained by a stable, lanedsional issue space. Indeed,Pooleand
Rosentha(1997)find thatbetween 1789 and 1985, a tworgnsional spatial model
(estimated with D-NOMINATE scores) can wectly classify about 85 percent of the
individual voting decisions of eachember ofCongress. Moreover, for most persoof
American history, asingle dimension is sufficient. For example, in recent years (104"-
106" Congress) a single dinsion can accourfior about 90 percent of all roll call

choices by members of Congress (Poole 2005).

® An aternative, but closely related statistical approach was developed by Heckman and Snyder (1997).



In addition to being successful in s&fyingcomplexvoting behavior thetwo
gpatial dimensions can aso be given a straghtforwardideologicalinterpretationPoole
andRosentha(1997,2007)havearguedhatthe first dimension represents a traditional
left-right dimension associated with the gouenentOs role in the economy and ecoitom
re-distribution, while the second damsion repesents issues of statghts,slavery,and
later racial and civil rightsissues. What is most striking, according to Poole at a., is that
afterthecivil rightsreformof the 1960s, the second dinsion has gradually lost s@of
its predictive power in explning roll call outcoras. Poad (2003)argueghatrace-
related issues are now largelorrelated with questiord econonnc redistribution.

By now the finding of low dnensionality has been recognized as apanant
characteristic of Congressional decisiosking.” Strictly speakinglow dimensionality
in Congress implies that a representative® voting recordon oneissue will be afairly
goodpredictorof his/hervote choiceoveranyotherunrelatedssue.For exanple, we
know thatliberal lawmakersfavor fewerregulations of personal behavior and higher
levels of income redistribution. We also know that conservativetypically favor more
regulationsof privatepersonabehavor and fewer econoimrestrictions.

Whatis missingis anexplanatiorfor wiy we observethis apparentoherence.
We can,for exanple,imaginea libertarianposition which favors lverrestrictionsn
both the economic and the personal domains -- e.g., one which opposes labor regulations
and restrictions on anijuana use. Theggositions howeverarenotrepresenteth
Congresso asignificantdegreeatleas not in any nemberOs voting record. The
coherences particularlystriking if we restrictattentionto issues of rarality, culture, and

the like. A legislator who is voting to oppoguncontrolis alsolikely to limit abortion

" Initially, this finding met with widespread disbelief. See Poole and Rosenthal (1997; p.8).



rightsandvice versa. In othe words, the smple fact that we canexplainmostissue
voting by a single QedistributiveOor |eft-right dimension does not explain why this
bundling occurs and why we observe coesisvoting in other(apparentlynon-
economic domains as well. A convincing explanation for the low dirnsionality of
Congressional voting behar is still lacking.

In recent work, Poole (2003, 2005) hagusdthatlow dimensionalityof voting
emerges as the constrained mapping of a high-dimensional space onto alower-
dimensional hyperplane. There has been a considerable amount of work trying to
understandhe conplex strategigorocessy which high-dimensionalpolicy optionsand
preferences are mapped onto alow-dimensional space. One prominent idea is that the
sample of policy alternatives that come to avote is not random, but the result of strategic
selection by party leaders and other institutional factors designed to fall along ideological
or partisanines. Theconstained choice space is therefore the result of agenda control
by strategicagentsgespeciallypartyleadergAldrich 1995,Aldrich, Rohde, and Tofias
2004, Cox and McCubbins 1993, 2005, Kiewiet and McCubbins 1991, Rhode 1991,
Rhode and Aldrich 2001, 2000). The cohesiotwien parties and ¢ttonflict between
them is often said to reflect more directly an artifactof partyleadeship and their use of
institutionalprerogatives.

Converselythis meanghatin theabsewe of such constraints a richer, higher-
dimensional belief space should erge. Thusif we till find alow-dimensional
ideological space when institutional constraints are relaxed, the idea of constrained

mappings shaped by institutional rules andtsggi@ cal culations becomes less plausible.



In otherwords,if thereis nothingto congrain, the explanatory power of constraints
vanishes.

Thisis thehypothesighatwe explore in this paper by utilizing a different fioof
political behavior: Congressional speech.eideais thatvoting and speech are both
expressiongf acomnonunderlyng beief system, but that speech dugia
Congressioal debatds lessconstrainedy institutional rules This will be particularly
true of speeches in the U.S. Senate, @hemmaneness requirements are less binding
thanin the Houseof RepresentativedNotethatour focusin this pape is on constraintsn
the legidlature, especially agenda control. To be sure,Congressionaspeech may still be
shaped by non-legidative constraints such as constituency concerns, but whether thisis
the case or not, such electoral constraintavould be unrelatedo the legislative agenda
control proposed by institutional approachesother words, a finding of highly coherent
Senatoriabpeecttastsdoubton theideathat representativesO (unconstrainetizb
spaces are highly complex and multi-dimensional and become projected onto a lower-
dimensional space only through agenda control during the legislative process. The
sources of ideological cohemmthen must lie esewhere, perhaps in the eectoral role
played by parties. Winvestigate sth alternative explanations below.

Political texthasbeenanundeutilized source of data ipolitical sciencejn part
dueto thelack of rigorousmethodsto extractandprocesselevantinformationin a
systenatic fashion.Recentadvancesn computational linguistics, however, have opened
up newvenuedor analyzingpolitical languagen variousdomainsandcontextg(for
exanples see Laver and Benoit 2002, Laver, Benoit, and Garry 2003, Monroe and Maeda

2004, Quinn et al. 2006, San and Xenos 2004). lihis paper, we propose to analyze



the idedogical corient d speeches agle in the United States Senate between 1989 and
2004, fully capturingthe 101* -108" Congress using a common text classification
agorithm: Support Vector Machines (SVMJ We proceed as follows: First, we rank our
sample of 177 unique Senators according to their DW-NOMINATE scores® In our first
analysis we use the speechexlenby the25 mostliberaland25 mostconservative
Senatorsn the 101 to 107" Congress as our reference sétisTreference set will be
used to train the classification algorithwie then employ the trained agorithm to
classify the 25 mst liberal and 25 ost conservative Senators in the 1 @bngress®
Notethatthis approaclgoesbeyondtestingwhethertheideologiesof a given Senatoiare
consistent over tig** asthe 25 mostconservativeand25 nos liberal Senators ay or
may notbeidenticalto thelist of Senatorsisedfor thetrainingset’? Rather, if
successful, our method will identify characteristics of political speechhat are consistent
over time and will be shared by members with smilar ideologies. We then use the same
methodology to investigate theaderate Seators -- i.e., those whose DMOMINATE
scores did not rank amg the 25 most liberal or conservative ones.

Previous work (e.g. Quinn et al. 2006slshown that the issues discussed in
Congress vary substially from year to yer. Quinn et a. (2006) used a multinomial

mixture model to automatically cluster the 106™-108" Senatdal speechs into 42 tofes.

8 To the best of our knowledge, thisis the first application of SVM agorithmsin the study of legislatorsO
ideologies. Other approaches are briefly discussed below. A more detailed analysis of these methods can be
foundin Yu et d. (2007).

° We use the Poole and Rosenthal DW-NOMINATE SCORES available at
http://voteview.com/dwnomin.htm.

10 47 of these50 OextreraCSenatorsiad already served in the 107" Congress.

1 This issue was investigated by Poole (2003) in the context of voting behavior. Poole found strong support
for individual ideological consistency for members of Congress over time.

12 91 senatorsin the 108" congress served in previous congresses. 44 of 50 extreme Senators in the 108"
wereratedasextreme in previouscongresses



By adding atime parameter, this model can also compute the changes of the topic
distributions across Congressasdthusdescribehedynamcs of the political agenda.
While new topics errge frequently, Qun et al. do find stability aong a set of
identified tgics. The relative attéion paidto varioustopics,however varies
substantialy, afact Quinn et al. attribute to agenda control. In other words, in a specific
year, the focus may be on the war in Irag. In another, it ry be on accounting refornor
on anappointnent to the Suprene Court. For our classificationtool to be successful, we
need to show that despite the varying issues discussed in Congress, Conservatives and
Liberals alvays talk about any of these topicsdidtinct andstable ways.

In the following, we focus first on theore extrene membas of the Senate
because we expect that their ideological belief systems are more sharply defined. Later
we investigate the case obaderate Senatots see whether they exhibit different belief
systems or whether their ideologies are just lesswell defined,constitutinga OblendO

betweerthe moresharplydefinedbdief systems found at the extremes.

Computational Analysis of Political Texts

Political scientists have traditionally relied on labor-intensive coding methodol ogies to
study political texs, party platforrms, and campaign speeches. (e.g. Budge et al. 2001,
Baumgartner and Jones 1993, 2002, Baumgartner andJones2005).In theU.S. Congress,
however, official recordsf speecheand déates are printed on adaily basisin large

volume, which makes such an approachghly impractical.Recentdevelopnentsin



computational linguistics, however, have prouddesearchers with a series of tools that
can be used to automatically process texts.™

Computational approaches have been mainly usedin two areasfirst, in the study
of issuestopics,andlegislativeagendasandsecond, in the estiation ofideal points.

The main goal of the first application i® understand how policy agendas change over
time. The most comprehensive work in this areais by Baumgartner and Jones (e.g.,
BaungartnerandJonesl993,2002,2005),who relied on manual codingof transcriptsof
hearingsandotherdocunents.Otherexanples of manual coding in the context of
Congressional speech and hearings includeBertelli andGrose (2007),the Congressional
Bill Project by Adler and Wkerson, and théolicy Agenda Project by Baumgartner,
Jones and WilkersoiRecent work has also applied fully or partially computerized
approacheslTheseincludedictionary-base@pproachege.g.Gerneretal. 1994, Laver
andGarry2000)which classifytopicsautanatically usinga manudly coded dictionary,
as well as fully automated approaches (PurpuraandHillard 2006, Quinnetal. 2006,and
Schonhardt-Bailey 2006).

The second application of automated text analysigs in thearea of ideal point
estimation.Laver,Benoit,andGarry (2003)took a semtautonated approach in their
analysis of European partyanifestos, firstusing hunan coding to classify a few parties
as reference points on aleft-right ideological scale and then extracting word frequencies
from their respective party manifestos. Other partiesQideological positions were then

estimated based on how closely their parignifestos@ord frequencydistributions

13 Forarecent review seeCousis and McIntosh(2005).



matched the reference distributiofisAn alternativeapproactwasdevelopedy Monroe
andMaeda(2004).Theseauthors use statistical teclyues smilar to Poole and
Rosentha(1997)to estimate Ohetoricalideal points.(rheir choicespacehowever, is a
matrix of word counts rather than vote counts for each legislator. Unfortunately, as they
discussin their paper, their approach faces various gtatistical and computational
difficulties.

In our own work, we use supervised l@ag techniques, aidely used approach
in computational linguistics and computer science. Supervised learning approaches use
annotatedextto train a classfier, whichis thentestedon newtext not containedn the
training capus. Successf the classier is measured by its perforance on this unseen
text.

Our methodological approach is most closelyrelatedto Laveretal. (2003),
though there are iportant differences. Theaim distinction is that we use supervised
learning dgorithms rather than direct comparisonsof word frequenciesandthatour
methodologycanbe appliedto any categorizéion, whether based on human coding (as in
the party manifestos project) onot (asin the caseof DW-Nominate scores). In addition,
our approach allows us to identify the@streevant speech features that drive the
classification. This provides additional insightinto the underlyingbelief systens.

There are only a few applications of thigproach to politicalomains. Examples
includestudiesby PurpuraandHillard (2006), who used supasedlearningtechniques
to codespeecttopicsin theU.S. Congess,andThomas,PangandLee (2006),who

investigated (with modest success) whether speechclassfication of floor debatesn the

14 See also Benoit and Laver (2003, 2005), Laver and Benoit (2002), Benoit, Laver, Arnold, Pennings, and
Ho (2005), Bertelli and Grose (2006), Imbeau (2005), and for a critical view Budge and Pennings (2007).
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House of Representatives on a specific bill can be used as a predictor of subsequent
agreement. Thomas et al. predicted speakersQopinions about a spiic bill (support or
opposition) based on their speeches. Their classfier was traired on 2740 speech
segments in 38 bill debates and achieved an accuracy of 66% in predicting the opinions
expressed in 860 speech segments from 10 different legislativedebates.

Our own classification takes a differapproachWe focuson the 25 most
conservativeand25 mog liberal Senatorsn the 101¥ and 10 Congress, using DW
NOMINATE scoresasaproxy measurdor idedogy. TheseSenatoriabpeecheserveas
thetraining setfor our algorithm which is then used to classify Senators fittia 108’
Congress. For each Senatoe thassificatiorby our algorithmsis then compared to their
respective DW-NOMINATE scores in the 108" Congress.

We chose to analyze Senatorial speech because, in the absence of cloture votes,
individual Senatorsenjoytheright to unrestricteddebateln contrasto Housemembers,
Senators are also allowed to seek pssianto speakout of turn on virtually any subject,
or to interrupt proceedings to discuss anyelated issue. Moreover, since gananess
of amendments is not required in the Senate, andlawmakershavetheright to interrupt
legidative proceedings with unrelated matters, we are presented with an ideal setting to
assessvhethermpartyleadershigandinstitutional rulescanaccountfor thelow
dimensionality of votingfound in the U.S. Congss. If agenacontrd and other
ingtitutional constraints are essential to explain why a multidimensional issue space
which dealswith unrelatedopics,like abotion andforeignpolicy, canbebundledinto a
low dimensionality voting space, then a classification basedon the useof ideological

language will perform poorly when it comes to predicting policy positions. However, if
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the observed low diemgonality in voting isexplainedbetterby a pre-existing political
ideology (as expressed in speech) than by institutional factors, we should find that our
classification scheme will perform effectively in predicting the ideological positions of

Senators.

Methodology - Text Classification Algorithms and Support Vector Machines

Many supervised learning algoritisthave beemised for text docuent classification.
Basedon performancein previousclassificationtasks™ Support Vector Machines
(SVM) have been identified as onetbé nost effi cient classification methods (Dumais
et al., 1998; Joachims, 1998; Yang and Liu, 1999; Sebastiani, 2009)For binary (OyesO
or oQ classification problems, the two most frequently used evaluation criteria are
accuracy and the average of precision and recall.’” The latter is often used for skewed
datasetsin which onecategoy has much fewer examples than the other. The training set
in this study,however s quite balanced, with siitar nunbers of exenples for both
categories. Hence we chose accuracy as our evaluation criterionSVM classificatian
accuraciesnay vary widely betweendifferentclassificationtasks.They may be ashigh
as over 95% for soatopic categories in nevesticles,or asmodestasaround75%for

opinion classification of movie reviews (Rpetal.,2002).A classifier is usually

15 The performance of classification algorithms is tested using common benchmark data sets. The Reuters-
21578 news collection, the OHSUMED Medline abstract collection and the 20 Usenet newsgroups
collection are the most widely used benchmark data sets The Reuers21578 collection is availabe at
http://kdd.ics.uci.edu/databases/20newsgroups/20newsgroups.html .

The OHSUMBD collectionis availableat http://trec.nist.gov/data/t9_filtering.html. The 20 newsgroups
collection is available at http://kdd.ics.uci.edu/databases/20newsgroups/20newsgroups.html.

186 \We also comparedour SVM algorithm to naive Bayes, another popular classification method. Our
experiment results show that SVM is slightly superior to nasve Bayes for ideological position classification
(Yuetal., 2007).

7 Accuracyis defined asthe proportionof correctpredictionsanmongall predictions Precison and recall
are the proportions of documents correctly assigned to a caegory anong al the documents assigned to that
category, and among al the documents that truly belong to that category, respectively.



http://kdd.ics.uci.edu/databases/20newsgroups/20newsgroups.html
http://trec.nist.gov/data/t9_filtering.html
http://kdd.ics.uci.edu/databases/20newsgroups/20newsgroups.html
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considered effective when the acacy is hgher than a baselineetihod, which can &
sonething as simle as a randorguess for balanced data sets or garity vote for
skewed data sets.

SVM is asupervisedearningmethodbasel on the Structural Risk Minirpation
principle from statisticadlearning theory (Vapnik, 1982; Cortes and Vapnik, 1995;
Vapnik, 1999). In our first analysisedave ainary classification problem with the two
categories (fextreme) conservativeOand (extreme) liberal.OThe data -- documentsin our
application -- are represented as vectors in andimensional space, each dimension
corresponding to a feature deetirdevant to the classification tadklin the training
phasethe categorymembershipof eachdatapoint is known. We arbitrarily label one
categoryasOnegative@ndthe otherasOpogive,Oconsistentvith theterminology used

in classification tasks.Hus a training set dfexamples is represented as a set of pairs

{(xp y1)snxn )b X € Ry, e{-1+1 (1)
The Support Vector Machineadel is based othe following idea.If the datapointsin
each of the categories are sepbrdl a hyperpane, then there is a hyperplane that is
maximally separating, in that the distance between it andthe nearestlatapointis
maximized. This OidealO hyperplane liesyadl distances between two parallel
hyperplanes, each of which is determined by one or more of tie data pmts in one of the
two categoriesThesedatapointson the parallelhyperplanesrecalledthe Support
Vectors (SV). Thedistancebetweerthetwo parallel hyperplareis called thenargin.
The task of a Support Vector Machine in the@ning phaseis to find thetwo separating

hyperplanes such that theargin is maximal.

18 Details on the way in which these vectors were derived from the documents are discussed in the next
section.
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For illustration, consider the special case that eachdatapoint is represemedby a
pair of coordinatesn atwo-dimensionalspace,asshownin Figure 1. The general notion
of ahyperplaneorrespondso aline in two-dimensional space. Ithe figure, the Odeal O
separating hyperplane and the two patdlperplanes running through the support

vectors are shown as the dotted line andthetwo dashedinesH.; and H;.

Figure 1 D Linear separating hyper-planes with
maximized margin
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The pointsx onthe bestseparatindiyperplangthedotted line in the figure) satisfy the

eguation

wex+b=0 (2
where w is avectorperpendiculato it and|b|/|w] isits perpendicular distance from the

origin (|| is the Euclideamormof w). The SVM training algorithm yields values for &



14

andw such that for allx,, y,) in the training set, we x, + b < -1 if y, =-1
andwex, +b>+1if y, =+1; the corresponding equalisibold for the pointson H.; and

H.1. In the test phase, the classificationof anewdatapointx B represented in the same
vector space but of unknown egbry nembership D is based on its location relative to
the best separating hypeméagivenby thesignof we x+5.

Aside fromitsrolein the classification of new data, the vectaris of interest in
its own right, as it furnishesl uable information about the informativity of eachfeature
in determining category membership. To see this, consideragainthe two-dimensional
casellustratedin Figurel, andsupposéhetraining data were distributed in such a way
thatthe bestseparatindine runs parallel to the abscissa. In thatcase the decisionin
deternining the category embership of a newlatapoint would be basecentirelyonits
y-coordinate. In other words, knowing thdueof Feature2 would be sufficient for
determining category membership, whereas the valueof Featurel would beirrelevant.
Notice,too, thatin thatcasethe vectorw would be perpendiculato the abscissaits x-
component being zero.

In general, since the dimensions of #eeta space corresparto the features
used in tle classificatbn, the cormponents ofv canbe usedasfeatureranking
coefficients. If the classifier prms well, those coponents ofv whoseabsolutevalues
are highest correspond to the most informative features. This is a conmon property of all
linear classifiers. Before the invention of SVM, FisherOs linear disciimate analysis and
logistic regressiorwereusedfor the sane purpose. Linear SM is a particular kind of
lineardiscriminateclassifierwhich maximizes nargins. Linear SVMOs feature ramk

property has been exploited in seappliations,for instanceby Guyonetal. (2002)to
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identify a small subsebf geneswhich arebiologically relevantto a certaintype of
cancer. As a feature selectiomthod, SVMs aresuperiorto correlationcoefficientssince
they are optimized during training to handle multiple features s multaneously, whereas
the latter measure the correlation between individual featur@ad the target concept.
While therearedifferencesetweerGuyonetal.Os bioedical application and our text
classification task, we, too, can us@s a Qveight vectorOwhose components measure
the relative informativity of the linguistic features of documents as indicators of
conservative or liberal ideology.

More formally, the SVM algorithmmaximizes the margin between the two

separating hyperplanéy finding the maximum of thefunctional

W(a)zzlai_%ZzaiajyiyjK(xi’xj) (3)

i=1 j=1

subject to the constraints
/
Y ay, =0a20i=12..]l (4)
i=1

Only the supportvectorshavenon-zerog, values. For the other data points, o, =0. In
(3) above,K (x;,x,) isthe kernel function. We use the linear kernel K (x;,x,) = x; e x,

because it suits the text classification problem well. The linear kernel function can be
replacedoy otherfunctionsto handlenon-linearboundariesStudiesshow,however that
theydo notimprovetext classification performance significantly (Leopold and
Kindermann, 2002).

After training, the parameters w andb aregivenby (5) and(6). Given a text

example x, the linear decision function sgn(w e x + b) .
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I
w= zaiyixi )
i-1

b=y —wex, 19 (6)
SVMs originally only dealt witHinearly separable data, for which at least one hyperplane
can be found so that al positive examples are on one sde of the hyperplane and al
negative examples are on thiher side (as shawin figure 1). Cortes and Vapnik (1995)
extended the ethod to non-separable dawhichis oftenthe casein realworld
classification problems.

There are several efficient implementations of the SVM algorithmsuch as
LIBSVM (Chang and Lin, 2001) and SV’ (Joachims, 1999). We used the SVM‘&"
packagewith its defaultsettingin this study.
Document representation
As notedabove,in ourtext classification nadel, docurents are represented in a vector
spacewvhosedimensionscorrespondo thefeatureghat are relevant in the classification.
In our implementation, the relevant features are words (more precisely, word #ypes), and
the vector representing each do@nins deéermined by the number of occurrences (or
tokens) of each of the words in & docunment. The simplest and most widely used
method for obtainingvectorsfrom docunents views the latter as (ags of wordsO
(BOW).

For each word in #hfeature spacéhe value for a given document may be

Boolean(recordingthewordOgresencer absence in the document), the word®

frequency (the number of occurrences in the docurent), its frequency noralized by

19 5v can be any support vector. In SVM’ " the first support vector (according to its order in the input data)
was used to compute b.
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docunrent length, or its frequency weightbg some weighting scheme. The most
common word frequency weighting schemma family of measuresubsunedunderthe
label #*idf. Heretf and idf standfor Oternfrequency@he number of occurrences of the
word in the document) and Gnverse document frequencyO (the inverse riben of
documents in which the word occurs). The ideais to offsettheimpactof high-frequency
wordsin the givendocunentby the extentto which theyalsooccurin otherdocunents,
basedon theassumption thatwordswhos occurrences aregpersed over amy
documents are less useful in the classification task. Specificallyin our implementation,

given a training set ok documents, aword with term frequency ¢, in a docurent of

length /and docurent frequencyd , , tha wordOg*idf value is given by the formula

of *idf = (t, I1)log(n/df) (7)
The#*idf weighting applies to the trainingdataonly. In the prediction step, the test
examples are completely independent from each other, and the total number of test
docunents should be unknown to the cléissi Furthermore, normalization does not
changehefrequencyratiosbetweenwords, andconsequentlyloesnot changethe
classfication result. Therefore we ad tre raw word frequencies to represent test
document vectorsin our #f*idf experinents.

The BOW mode isinsensitive to many potentially informative properties of
docunents,suchasthelocationof wordsin the docurent and reléive to each other,
grammatical relations, theinternalstructureof the document &t various levels (eg.,
paragraph and sentence boundaries), and multi-word phrasesuchasOwamon drugs.O
Some research studies tested more sophisticateddocurrent representationghich

incorporate such information (e.g. word position relationpredicatesand noun or verb
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phrases) in a variety of classifiers. Howewxperinental resultsshowedhatthese

conplex fedures did not irprove the clastication performance sgnificantly (Lewis,
1992; Cohen and Singer, 1999; Scott and Matd@99; Moshitti and Basili, 2004
Therefore we applied tHROW modd in this study.

Theuseof conputationallinguisticsto study political behaviois afairly new
endeavor. It may therefore be usefulto discusgerformancecriteriain more detail. As
our paperis thefirst to useSVM to classfy political ideology,we cannotcompareour
findings with pre-existing work in the s@&domain. However, there are seneference
points in other domains, such as customer opinion classification with rvie or restaurant
reviews. In this application, the goal is to aeectly classify reviews as (positiveOor
negative.OOpinion classifi ers have achieved accuracylevelsashigh as88%for product
reviews(Daveetal., 2003)and82%for movie reviews (Pang et al., 2002). However,
Finn and Kushrerick (2006) found that an opion classifiertrained on movie reviews
was not effective in predicting the polarity of restauranteviews,andvice versa(see
Table 1).%°

Table 1: Domain transfer problem in customer review classification
(Finn and Kushmerick, 2006)

Movie restaurant
Movie 76.8% 40.1%
Restaurant 55.5% 88.5%

This Qlomain-dependence phenomenonOis evidence that existing opinion
classifierscanbe usedin detecting domain differencesin the political context,we arenot

dealing with different product doeims, but diferentissuedomeins. A highly coherent

2 For exanrple, sone typical adjectivesin movie reviews (like hilarious and boring) are unlikely to occur
in restaurant reviews, although some opinion descriptors (like terrific and bad) are universal.
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ideology will view different issues in theane way. In the words of Converse (1964),
knowingtheattitudeon a setof issteswill be predictiveof theviewson another,
unrelated isse. The analog of this sisnption in the domain of customer reviews would
lead to the prediction that customers will only use universal opinion descriptors, such as
terrific or disappointing, rather than domain specific ones (hilarious andfunny in the case
of movies, overpriced and overcooked in the case of restaurants). In other words, we
expect that low classification success across Corgresseggiventhevariationof issues
over time) will be evidence of highly issue-specific and orthogonal attitudes. On the other
hand,high classificationsuccessvill be consistent with a constrained belief system that
sees different issu@s the sane way.
Data preparation
We downloaded all the Senatorial speechesf the 101*-108" Congresses from the
website thomas.gov. We then converted the origindTML files to raw text by removing
the HTML tags, headers, tables, lists, anttode characters, and segated the files
into individual speeches. An individual speech is a Senator® speech givenin a
continuous time period until he or she stops. The beginning of a speech is always
OMr/Ms/Mrs. XXX,0 buhe end of a speech chathe beginningof anotherSenatorOs
speech, an officerOs action, or a damirinserd into the printed record. We created a
set of heuristic rules to segment the speeches.

We used the DW-NOMINATE score as the measure to select the GextremeO
Senators Bthe 25 most conservative and the 25 most liberal Senators in each Senate.

Hence atraining document is a SenatorGsonpletesetof speeches eachSenateover
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the 101%-107" Senates, and a test document is a Senator(® complete set of speeches in the
108" Senate. Thus there are 350 training dosutsand50 testdocuments,400in total.
Shallow natural language processing

The docurents were subjected to a variatypre-processingroceduresn orderto
generate different vocabularies and doemtwectors for classification. These procedures
conprised different combinations askenization stemnming, andpart-of-speech
tagging. We used a smple tokenizer to split the speeches into individual words (for an
example see Table 2). The tokenizer recognizesconsecutivestringsof alphabetical
characters as valid words (see the example in Table 3). Part-of-speech tagging is of
particularimportanceaspartof our goalwasto investigate the role of eachcontentword
class B nouns, verbs, adjectiard adverbs Bin isolation (see the exaple in Table 4).

To reduce the vocabulary size, we arbilyaset a minimum termfrequency of 50
anddocunent frequencyof 10 for aword to be selected as a feature, assuming that words
with frequencies below that threshold are msful for classification. Walso renoved
thetop 50 mostfrequentwordsasOstopwrdsO (mostly function words, such/as a,
andof). Stgpwords are consideredaless for @ssifi cation because they occur frequently
in everydocunent. However,in thoseexperimentsin which thevocabulariesvere
limited to content words Bnouns, verbs, adjectives and adverbs B stopwords were not
renmoved, since function words were alreadglaegedin the part-ofspeech selection.
SinceeverySenatorQdeologicallabelis expected to be consistent across Congresses,

andbecausel4 out of 50 Senatorsn the 108" Senatethetestset)are also members of

2L Tokenization splits a piece of text into individual words. In stemming, words are stripped of certain
inflectional and derivational morphemes; for example stemming may be converted to stem. Part-of-speech
tagging is the assignment of the part-of-speech (e.g. nouns, verbs, etc.) to each word token in the text.
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previousSenategthetraining set), we conjecture that SenatorsOnames are correl ated

with their ideological labels. To prevent the prediction mdel fromdegrading to a nagn
classifier, we removed all names of Senators from the vocabularies. Smilarly, thereis a
correlation between state nesrand ideologiddabels. The Senators in the training set
represented5 statesamongthem the Senators from 17 states wereall conservativand
those froml8 other statewereall liberal duringthe 101%-107" SenatesTo preventthe
classifier from being domated by this coatation, we removed all state names and their
abbreviations from the vocabularies. For parts-of-speech results, we can conveniently
remove a| the proper nouns.?

The Porter &mmer (Porter, 1980) as used for suffix trimnmg. Stemnng
reduceghevocabularysizesignificantly by mapping different forms into the same stem,
butit canalsobeharnful for informationretieval andclassificationf different forns of
the same word contribute differently to the classification. For exgoie, stemnng vebs
discardghetenseinformation,which would harmthe classificationf verbtensewerean
important predictor. We used the MorphAdorner tagger® to tag the parts-e$peech.
Because the tagger has its own tokenizer, the generated word formsin this case are

slightly different fromthe results of the siphe tokenizer.

2 Apparently a nanmed-entityrecognierwould be necessa to conpletely remove the socialnetwork
impact. We leave this process to future work.

2 We wish to thank Pib Burns of Northwestern University@ Academic Technologies group for providing
us with the tagger.



22

Table 2: A speech example

<DOC>
<DOCNO>107-akaka-hi-1</DOCNO>
<TEXT>

Mr. AKAKA. Mr. President, | expressmy sinceressympathiesto the families of those who have lost
loved onesin two unrelated incidents the U.S. military in Hawaii during the past week.

On Friday afternoon, the U.S.S. Greeneville collided with the Ehime Maru, a Japanese fishing vessel.
| join President Bush in expressing my regret to the people of Japan for this tragedy. My heart goes out
to the families of the nine people who are still missing following this incident.

On Monday evening, two UH-60 Blackhawk helicopterscrashe during atraining execiseatthe
Kahuku Military Training Area, resulting in six deaths. My thoughts and prayers are with the families
and units who are mourning the loss of their loved ones. | also wish a speedy recovery to those soldiers
who are recoveing from injuries sustained in this accident.

| am certain that the investigations into these incidents will be thorough and comprehensive. But my
purpose today is not to question why these incidents occurred, but to express the genuine sadness and
concen thatl sharewith the peopleof Hawai and the rest of the nation over these two unfortunate
episodes.
</TEXT>
</DOC>

Table 3: An example of a tokenized sentence

mr/president/i/express/my/sincerest/sympathies/to/the/families/of /those/who/have/l ost/
loved/E

Table 4: An example of part-of-speech tagged sentence fragment
with selected nouns

president-NN
synmpathies-NNS
families-NNS

E

Experimental setup and results

The conbinations of classification algorithsyfeature sets and feature weighting schees
leadto variousclassificationrmethods.We testedSVMs usingfour feature weighting
schenes B word presence/absence, frequency, alimed frequency, ang™idf - and six
featuresetsbwords,stemmedvords,nouns verbs,adjectivesandadverbgTable5 lists
the vocabulary size for each feature set). Hence ve tested 4*6=24 different SVM

methods in total .
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Table 5: Feature set sizes

Feature set
Words| Word stens | Nouns| Verbs| Adjectives| Adverbs
Size 19503 12245 8840 | 6903 3644 888

In evaluating alassifieron a given fkeddataset, it isnecessary tdivide the
data into a test set and a training set stwagpproxinate the real-world situation, in
which the classifier would be applied hew data after the training phase. There are
generally tvo ways to approxirte this situdabn. Oneis to setasice a sizeableportion of
the data as a Oheld-outO set which iseguring training and only used for testing
This approachs soundfor datasetswith large numbers of |abeled examples. However,
for small data sets such as ours, it is peofitic, since the arbitrary training/test split
may accidentally lead to two data sets that are unlikely to have been produced by the
sane source. A commmn way to address this problésn@-fold cross-validation.O Here
the total data set is split into » subsets of equal size, eachwdfich is held out and eslto
test a classifier trained on a corpus comprising the remaining n-1 sets. The overall
accuracy of the method is then measured by the average of the accuracies obtained in the
n tests.

The usual choice of is 5 or 10. We performed 5-fold cross validation on the
training set to estirate the effectivenesd our classificabn methods.Thecross-
validation evaluation results are showrTable6. Theresultsshowthat/*idf~-SVM is
the best classification method, reghan acctecy level as high as 93.3% averaged over
the six feature sets. The technical detailthefelativeevaluationexperinent canbe
found in (Yu et al., 2007). This paper focuses on the analysis gftlieSVM

classification results.
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Table 6: 5-fold cross validation on the training set

Representatits Feature sets Average
Word | Stem| Noun | Verb | ADJ | ADV acc
Boolean 87.4 | 86.3| 87.4|81.1|88.3| 746 | 84.2
Frequency 84.0| 84.0| 783 | 61.4|76.0| 64.6 | 74.7
Normalizedfrequeny | 88.6 | 88.9| 81.4 | 63.4|82.6| 61.7| 77.8
t¥idf 94.3 | 94.6 | 96.6 | 93.7 | 93.4 | 87.1 93.3

Table 7a: tf*idf -SVM extreme prediction results (with extreme training set)

. Feature sets
i*idf-SVM Word | Stem| Noun| Verb | ADJ | ADV
extreme 94.0 | 86.0| 84.0| 88.0|94.0 | 52.0

The#*idf-SVM method achieved an accuracy of 94% with the Word or Adjective
feature set (table 7a). This result implies that out of the 50 most conservativeandliberal
Senatos in the 108" Congress, 47 are correctly classiéid, solelyin virtue of thewords
they used on the floor. Recall that 44 of the 50 GextremeOSenators were aso extreme
members of previous Senates. The agrng six non-extrene SenatorareAllen, Reid,
Chanmbliss, Cornyn,GrahamandSununuSen. Allen was a new ember of the 107"
Congress, ste did not bve speecés recordd in the Thoras database. Sen. Reid had
servedn the Senatdor along time. His DW-NOMINATE score, however, had chamge
gradually frommoderate (-0.235 in the 1®Tongress) to extreme (-0.381 in the 108"
Congress)soheis notrepreseted in the training data, but lgrin thetestdata.The other
four Senatorsverenewmembersof the 108" CongressThethreemisclassifiedSenateos
are Dayton, Reid, and Schumer. Sen. Dayton and Sen. Schumer are represented in the
training data, so the Oin-galed accuracy is 42 = 0.95 and the Oout-of-sgleO

accuracyis 5/6=0.83(Note,however thatthe out-of-sample set is extremely small).
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This very high classificationsuccessuggest that SenatoriabpeecHatlead for
extreme Senators) is highly consistent over time, just as consistent as their voting recads.
Howe\er, in contrasto voting, whichis the consequencef highly structurecagenda
setting and pposal pocess, sgech (at least in the Senate) facesno suchconstraintsTo
the extent that both speeahd voting are expressionstbt sane underlyingideology,
this suggests that SenatorsOlatges are highly structurdgkfore any legislative
institutionscanfurtherconstrainit: There is nothing to constrain for institutional
constraints.

Classifying Moderate Senators

We next turnto an analysis of odegate Sentors. Our first goal in thisanalysisisto
denonstratethevalidity of ourapproach.If indeed our classification ehodologies
captureideologicalpositions thenthe algonithms trained on extreme Senators should
perform worse on the test set of moderate Senators. Wagain used the W-NOMINATE
score as the measure to select GnoderateOSenators Thatis, we divided the remeining 50
Senators into 25 (moderate) conservative and 25 (moderate)iberal Senatorsn each
SenateNotethatthe classificationtask is nowto correctlyclassifymoderate
conservatives versusauerate libera not moderates versus extremes.? The resultsire
shown in Table 7b.

Table 7b: tf*idf -SVM moderate prediction results (with extreme training set)

) Feature sats

* -
tH*idf-SVM Word | Stem| Noun| Verb | ADJ | ADV
Moderate 52.0| 52.0| 54.0 | 62.0 | 58.0| 48.0

The higher error rate in predicting moderate Senators usingadsifierstrained on

extreme Senators is consistent with the interpretation that the speech clagfication is

2 We will investigate some of these other variants below.
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indeedsensitiveto ideologial differences. However,it alsosuggests newway to think
aboutmoderateSenatorsvhich uncoversa hidden assuption in the spatial
representation of ideologie&ccording to the Poole-Rosenthal approach, the ideological
position of members of Congressisidentical to their ideal point in a multi-dimensional
space. But once we fix an ideal point, moderate ideological positions should be just as
well-definedandpreciseasOextreraOpositions Thereis, however a differentway to
conceptualize moderates. We are not aware of aformal representationof thisidea,butit
does appear from time to time in popular political discourseTheideahereis that
moderatdiberalsandconservévesdo not constitutea sepaate position, but are simply
moreOblurry@ersionsof their extrene counterparts.

Our classification rethodology allevs usto investigate these competing accounts
for moderates. According to the first hypesis(moderateasa position),moderates
would exhibit their own uniquelinguistic characteristics which distinguish them from the
extreme Senators. The second hypothesisas tthe noderates blend the vocabularies
from the two extreme sdes (moderates as blurry extremes). To investigate these
hypothesesye trainedour classifierson thetwo moderatesegnentsandtestedthemon
the extreme segments. Thisisthe exact inverse of our previous experant. If the
Onoderatesasa positionQs correct,thenmoderatecategorieshouldfail in prediding
extrenme Senators, but should succeed in cfgisgj moderate Senators. If the Guerates
asblurry extrenesChypothesiss true,however we would expect thelassifiertrainedon
moderate examples not only to fail to predict extreme Senators, but also fail to classify

moderateSenatorsThefollowing figuressumnarize thesehypotheses.
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First, as areference point, recall the result of thefirst classificationexperinent, in
which we used extreenSenators as oumining set.We achievechigh accuracyfor

extreme Senators, but low accuracy for moderate Senators (see Figure 2).

Figure 2 B Extremists to Moderates - Results
Extreme Moderate Moderate Extreme Training Set
Liberals Liberals Conservatives | Conservatives [

94% i 52% | 5206 94%

\\< ’/,
Extreme Moderate Moderate Extreme Test Set
Liberals Liberals Conservatives | Conservatives e}

tf*idf-SVM classification using all words

If the Gnoderates as a positionOhypothesis is correct, we should see high
accuracyfor classfying moderateSenates, bu low accuracyfor classifying the

correspndingextrene SenatorgseeFigure3).
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Figure 3 D OMderates as a Position® Predictions

Extreme Moderate Moderate Extreme Training Set
Liberals Liberals Conservatives | Conservatives [JUlslog]

| Lowaccuracy | High accuracy “. | Lowaccuracy !

l/ v v \‘
Extreme Moderate Moderate Extreme Test Set
Liberals Liberals Conservatives | Conservatives [

Finally, if the Onoderatessblurry extremesO hypothesis holds, we should see
moderate to low accuracy for extreme Senators, but also moderate to low accuracy for

moderateSenatorgseeFigure4).

Figure 4 B oderates as Blurry ExtremistsO Predictions
Extreme Moderate Moderate Extreme Training Set
Liberals Liberals Conservatives | Conservatives eIty

’ Moderate accuracy ‘ Moderate
accuracy

’ Moderate accuracy ‘

Extreme Moderate Moderate Extreme Test Set
Liberals Liberals Conservatives | Conservatives [REIER)
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To testthe abovehypotheseswe conducte the following experinents: First, we
groupedthe Senatorsin each Corgressinto four quartiles B extreme conservative,
moderateconservative,moderateliberal and extreme libera D based on their DW-
NOMINATE scores. In contrast to our first experinment, which usedextrene conservative
and extreme liberal as the training set, this time we trained the classifier on moderate
conservativesand moderate liberals. As before, we used the 101%-107" Congress
speechesstraining dataandthe 108" Congresdor prediction.All otheraspectf the
experinments, includng data preparation, p&of-speech tagging, etc., were identical.

Our resultsfind clear supportfor the Onoderateas blurry extremesChypothesis

and against the alternative hypothesisrob@erates as a positionO (see Figure 5).

Figure 5 B Moderates to Extremists - Results
Extreme Moderate Moderate Extreme Training Set
Liberals Liberals Conservatives | Conservatives [[EOcxlg]

Extreme Moderate Moderate Extreme Test Set
Liberals Liberals Conservatives | Conservatives Q)]

tf*idf-SVM classification using all words

One may arguethat the classfication task in this new experinent is inherently
harder than the first one. That is, we may expect that a moderate liberal is a priori more

likely to be misclassified as a moderate conservative than as an extreme liberal or an
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extreme conservative. (In both experiments a moderateliberal canbe misclassifiedasa
moderateconservativeand vice versa).To addresshis concern,we conductedanother
experiment as a robustness check. This time, we used the first and last quartiles to form
the Gextreme classOand the intermediate two quartiles as the Onoderate class.ONow the
goalis to classifyextrene vs. moderateSenaors, regardles®f whetherthe extrene ones
areconservativeor liberal. If the Onoderateasa positionChypothesids true, we should
see the moderate and extreme classes well separatedHowever,the low classification
accuracy (see Figure 6) does not support the Gnoderate as a positionOhypothesis, adding

additional support to our conclasis fromour initial results.

Figure 6 B Moderates vs. Extremists - Results
(101-107t)

Test Set
(108th)

Tfidf-SVM classification using all words

Our analysissuggestsupportfor the view that extrerme Senatorshave more clearly
defined ideologiesthan moderate Senators We can investigate this view further by

analyzing the word rankingsast resporible for the classificatiorresults.
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Feature analysis

The word features were sorted by their coefficients in the generated SVM linear

prediction function. QPositiveOfeatures indicate the lingistic characteristics of
conservativespeecheand OnegaveOfeatures indicate the linguistic characteristics of
liberal speeches. @feport the correspondingstiof vocabulary words obtained with the
if*idf-SVM featuresetanalysisTable 8 showsthe words with the highest feature weights

in the classifier which achieved the 94% classification rate (see Table 7a).

Table 8: tf*idf-SVM Feature Set Analysis for all vocabulary

Words

Liberal Conservative
FAS lakes habeas homosexual
Ethanol SBA CFTC PRC
Wealthiest afterschool surtax tripartisan
Collider nursing marriage scouts
WIC arctic cloning ballistic
ILO replacements tritium sandinistas
Handgun orange ranchers salting
Lobbyists libraries BTU M.L.A.
Enron plutonium grazing NTSB
Fishery veterans catfish FSX
Therein disabilities unfunded gambling
Hydrogen prescription IRS PAC
PTSD NIH unborn abortion
Gun lobbying PLO repurchase
Firestone NRA exclusionary taxing
Trident EMS

Note: Words related to geography and individual names were removed. Words are decreasing in weight
(from most Conservative or most Liberal). All words were convetedinto lower ca® during classificaion.
In the above table the acronyms were recovered to upper case for the ease of reading.

Glossary: FAS: Federation of American Scientists ; WIC: Women, Infants, and Children Program; ILO:
International Labor Organization; PTSD: Post-traumatic stress disorder; SBA: Small Business
Arrangement; NIH: National Institute of Health; NRA: National Rifle Association; CFTC: Commodity
Futures Trading Commission; BTU: British Thermal Unit; EMS. Emergency Medical Service; PRC:
People® Republic of China; M.I.A.: Missing in Action; NTSB: National Transportation Safety Board
FSX: name of fighter aircraft ; PAC: Palitical Action Committee
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The feature analysis yields some interesting insights. First, note that we find
comparatively few words related to redistribution and taxation issues (wealthiest, surtax,
unfunded). Notice also that Democrats are the ones using company n@es, unsurprisingly
in the context of scandalB«ron and Firestone asin OFord-Firestone®econdmany of
the top issues for Conservatives are from the domain of culture and values. Exaes
include marriage, cloning, unborn, homosexual, gambling, and abortion. Only handgun
andgun (in the contextof guncontrol) play thatrole for Democrats. Walso find various
terms related to local environmental andeconomidnterestssuchasethanol, hydrogen,
arctic (asin OArctic National Wildlife RefugeO) for Dewarats, andanchers, catfish,
grazing for Republicans. Note also that ideologies express themselves not necessarily by
talking differently aboutthe sane issueshput by talking about different issues - with
Democrats, for example, using words related to corporate special interests and to the
environnent,while Republicangalk aboutabortionandotherwordsrelatedto valuesand
morality.

We also conducted a classificatibased on nouns, verbs, adverbs, and
adjectives.”® Recallfrom Table7athatthe classification based on adjectives was
particularlysuccessfulfollowed by nounsandverbs, with adverbs providing by far the
poorest classificatioff. A look at Table9 explainswhy. Note againthe predoninanceof

cultureandvaluerelatedwords,especially arang the adjectives.

%5 We reproduce in Table 8-9 the most liberal and conservative words as they appear in our ranking, from
first to the twentieth in rank order. However, for the purposes of this discussion, we selected words ranked
in the top 50 to illustrate commonality.

26 \We note in passing that the SVM prediction based on adverbs obtains the lowest accuracy level in our
extrene classificatiormodel. Only 52% of the Senators were correctly classified using this method, which
is justaboutasefficientasa coin toss.Notealsothatthe featureanalysis yields are list of words without
obvious political connotations. We believe that this poor classification rate is method related, specificaly
document-representation related, considering the fact that Adverbs till performed with ahigh level of
accuracyin thecrossvalidationtest(87%). In Yu et a. (2007), we comparedifferentclassificationmethods
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for Nouns, Adjectives, Verbs, and Adverbs
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Nouns Adjectives Verbs Adverbs
Lib Cons Lib Cons Lib Cons Lib Cons
Disabilities habeas wealthiest partial-birth nursing taxing enormously basically
Ethanol surtax reproductive prepaid policing grazing mentally maybe
Hydrogen ranchers african- exclusionary | preexisting tax incidentally morally
american
Libraries cloning managed embryonic battered taxed disproportionately | supposedly
Veterans entitlements | toxic wireless crumbling cloning hugely seldom
Handgun catfish homeless chic hate married critically additionally
replacements tritium republican ballistic breaks ranching Chronically abundantly
mammography | marriage armor-piercing unfunded contaminated | adjourned backward objectively
Genocide missile generic unborn lifesaving taxes immensely pretty
Collider tripartisan mail-order ninth lobbying sued ecologically theoretically
Gun marijuana after-school homosexual | laundering importing promptly interestingly
sweepstakes stem mail-in lawabiding recessed fracturing woefully purely
Handguns interdiction gay fugitive reformulated | sentencing | unacceptably strictly
Fishery ratepayers community- nondefense | displaced induced comprehensively | irrespective
based
Plutonium bureaucrats | dislocated gaseous gun nationalize | densely amok
firefighters I0US superconducting | lineitem bargain deploying crucially assuredly
breast soybean coastal out-of-state revered saluted indiscriminately downstream
guns checkoff pregnant dual-use promise checking candidly likewise
Fisheries circuit cerebral one-size- smoking tax summarily constitutionally
fits-all
afterschool adjournment | unanimous- one-call worry court- alike- selflessly
consent martial

Note: Words related to geography and proper names are removed. Words are decreasing in weight (from

most Conservative or most Liberal).

Overall, we see that key issues discussed by liberals are energy and the

environnent(or alternativeenergy),corporate interests and lobbying, health care,

inequality and education. For conservagitbe key issuediscussea@retaxation,

in terms of their extreme prediction results. For the adverb feature set, we find 74% prediction accuracy
when using the presence/absence representation. So we can say tfidf causes overfitting for the Adverb

feature set because it worked well on the training data (87.1% 5-fold CV accuracy) but poorly on the test

data.
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abortion, stem cell researchpidy values,defenseand(to alesserextent)governnent
admnistration.We alsofind same comnon topics of discussion, amly procedural terms
(such as adjournment or unanimous-consent) andidiosyncraticstate-specifi@cononic

interests (e.qg. ranching, fishing, catfish, andgrazing).

How (or why) are moderate Senators misclassified?

Our previous analysis suggested that the vocabulary of moderates is a more blurry
version of the ideological lexicon used by exie Senators. In order to shed some more
light onthisrelationshipwe analyzed the prediction errors on moderate Senators made
by the classifier trained on extreme Senators. To sinplify the analysis, we use Boolean
representation with a wabubry limited to nouns. Recall from Table 6 that Boolean-
SVM achieved7.4%predictionaccuracyin cross-validation, which is lower than the
96.6% accracy obtainedy ¢#*idf-SVM. However, the Boolean representation uses
simple word presence/absence infation, which nakes it easier to understand which
features case the predictionreorsthanin the caseof #/*idf. Thusin each document
vector x in thern-dimensional space, x; iseither 1 or O for all i.

For each test example x, the SVM classifier computed adecision value Y, as

defined in(8), wherew and b werecomputedduringthetrainingprocess.

Y = w0x+b=i(wl.xi+éj (8)

i=1 n
To conpare between examples with differelgcision values, we noatized the output

to either +1 or -1;
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Yo <77 n 9
|Yx| i=1 |Yx|

wl.xl. + —
The value ofT” can be understood as thentribution of the featureto the final

X

decision forx. Thuswe cansortthefeatureshy their contributionsto the decision.For the
misclassified exapies, we look at the nouedtureswith thelargestcontributionsto
understandvhich featuresareresponsibldor the misclassification. Table 10 lists all

misclassified moderate examples along with their decision values.

Table 10: Prediction errors in the moderate test case with Boolean noun features

Falseconservativg10) Falseliberal (7)

108-bayh-in -1 0.714 108-alexander-tn  +1 -0.011
108-breaux-la -1 0.445 108-collins-ne +1 -0.177
108-carper-de -1 0.032 108-dewine-oh +1 -0.524
108-chafee-ri -1 0.455 108-mccain-az +1 -0.317
108-conrad-nd -1 0.210 108-smith-or +1 -0.622
108-edwards-nc -1 0.228 108-snowe-ra +1 -0.874
108-hollings-sc -1 0.700 108-specter-pa +1 -0.251
108-lincoln-ar -1 0.034

108-nelson-ne -1 0.552

108-pryor-ar -1 0.405

Thetablein Appendix A lists the 20 features with the largescontributians to eachide
for all misclassifiedexampledistedin Table 10. Liberal contributions are listed in the
first column. The highlighted featureshelpusto understanavhy theseexanplesare
misclassified. This table shows that some moderate liberal Senators were misclassified as
conservative because they talked about some traditionally Gronservative issues,Osuch as

bureaucracy, taxation/taxingamiage, etc., Bhoughmentioningtheseissues, of course,
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does not necessarily imply support for the conservative positidi.On the other hand,
some moderate conservative Senators were misclassified as liberal because they
mentioned Qiberal issuesOsuch as children, ecosystem, literacy, shelter for the homeless,
etc.

Features ray also be ranked with regatathe sum total of the contributions they
make to the decisions for a set of m docunents. For a featurg this value is given by

(20):

W; Xy, + —

n
2 17, |

\ (10)
k=1

We calculated this value for all nounshioththe conservativeandtheliberal
subsets of the aderate test set. High abswcontributions of Idberal Ofeatures (i.e.,
ones with negative weights i) on the conservative subset indicate the major

OnmisleadingOwords responsible for misclassification as liberal, and vice versa. Table 12

lists the top 20 features for both classes.

Table 12: Top “misleading” features in 108™ moderate documents

Misclassification as caervatve | Misclassification as lieral
taxation gaps
bureaucracies backgrounds
tactics hazards
adjournment outreach
businessmen optimism
folks disabilities
commonsense ecosystem
strings diseases
appetite shores
designee nurses
disincentive gap

2" For example, Senator Colman in the 106™ Senate had to mention Qyrievous injuryObefore he expressed
his objection to this amendment to the partial birth ban act.




guote colleges
prayers deaths
taxing villages
tape bridges
hometown electricity
cattle breast
insight illnesses
manpower fires
entity mortality
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Finally, Table 13 is an exapte of features with significant difference between the

Table 13: An example of word occurrence differences in the three data sets

occurrence ratios (conservative:liberal) in the three data sets.

Word Training set Test-extreme | Test-moderate
OtaxationO 148:103 21:15 17:16
OtaxingO 99:61 17:5 8:6

It isinteresting that zax and taxpayers are not discriminative words since both
sidesusedthemequallyfrequently.In contrastfaxation andtaxing, which enphasize the
action of taxing, are highly discrimative Bthe usage ratio between the extreen

conservative and liber&8enatorss around3:2.

The Role of Parties

Our analysis has shown strong support for theotgsis that Senators express a coherent
ideological position in their speeches, in the sensahatword patternsusedin the past
predictfutureword patternswell, atleastin the caseof extrene SenatorsThis suggests
thatlegislativeinstitutionsare notresponsibldor thelow dimensionality of voting scores

exhibitedin the SenateExtrene Senatoralready core to those decisions with their
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ideologieswell-formed. ModerateSenatoréideologies on the otherhand,arelesswell
defined and seem to be ablurry version of the positions of extreme Senators.

This leads to the question of what @atountgor thelow dimensionalityin
SenatorsO ideologies. One puesixplanatioris thatlegislatorsusespeecheto
communicate with their core eectoral constituencies and signal that they are Qrue
believers.OIf their general electoral constituency is less extreme, this feature can take on
the nature of Qlog whistleOpolitics. The core constituency understands the message, the
general public ray not. Sone of ourresults sggest that theseenhamsms are indeed a
work. For examle, anong the nos separating adjectives for Degrats we find the
word gay, for the Republicans we find the wordmosexual. We considetthis a
promising route for further exploration.

A key role in the electoral connectionplayed by parties. Note, however, that
here we look at parties as electoral institutions (parties as (brandsQ). Our analysis casts
doubt on the role of parties as legislative ingitins (Parties as €gjislative LeviathansO -
Cox and McCubbins, 1993). To investigate thsue, we conducted a classification
experinent on party rembership with twacategories, Republican and Democrat. We
used all Senatorsin the 101%-107" Senate to train the party membership classifier. The
classfier wasthenusedto predictthe party membershipof the Senatorsn the 108"
Senate. The prediction accuracy is 77.78%, good classificatiosuccess foparty
membership compared to vote-based measures. To directly compag clasification based
on party nembership with classification bad®n ideology, w divided our sample of

Senators by their DW-scores at 0, creating aliberal and a conservative categorye ten
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repeateabur classificationteston thatsanple. Theideologypredictionaccuracyis
80.81%. Thus the two classificatiogsults are highly siiar.

To furtherinvestigateherelationshipbetween ideology and partyembership, we
computed the kapp&® agreement as a measure of consistency between the SenatorsO
ideology labels and party membership. For our data set (800 Senatorial speech documents
for the 101%-108"™ Congresses), kappa=0.932, which means amost perfect agreement. In
otherwords,theideologylabelsandthe party nembership are not independent.

These results imply that party membership andideologicalclassificationare
highly correlated. In return, this suggests that partiesplay animportantin shaping
ideological positions during the eectoral process. To investigate this issue further, it
would beinstructiveto studytherelationshp betweerpartyandideologyoveralonger

period,a projectwe intendto pursuen futureresearch.

Conclusion

The main goal of this study was to exame whether and to what extent SenatorsO
ideological positions, as measured by their DW-NOMINATE scores, can be determined
solely based on underlying belief syste(asexpressedh their speechegivenonthe
floor) ratherthaninstitutionalconstraintsuchasagendacontol. To thisend,we divided
the Senators in each of the 101% through 108 Congressnto four groupsbextrene
conservativemoderateconservativemodeate liberal, and extreme liberal Band
conductedh seriesof experimentsin whichwe trained SVM classifiersrospeechegdm

the 101% through 10% Congress and tested their penfiance on classifying speeches

2 Thekappacoefficient is often usel to measurenter-rater agreement in annotation. We followed the
kappa computation procedure described at http://www.musc.edu/dc/icrebm/kappa.html.
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from the 108" CongressWe reacheda high accuracyof 94% in classifying extreme
Senatorsn the 108" Congress based on speeches by extreme Senators in the previous
Congressedn otherwords,47 of the 50 extrene Senatorsn thatCongressvere
classified correctly. The accuracy of the same classifier dopped to 52%, 026 out of 50,
on the GnoderateOSenators in the 108" Congress. Through a series of additional
experinents, we then showed that modesseebestunderstoodsblurry versionsof
extreme Senators rather than a distinct category. Togetherthesefindingssuggesthat
agendacontrolis thewrongexplanatiorfor coherentoting behaviorin theU.S.
Congress. Rather, both voting and debagipgear to be different expressions or
representations of an underlying belief systelmwever,we believethatthe preceding
analysis suggests that parties may in fact be the key factor ishaping these respective
belief systera. But contrary to Cox andcCubbins(1993)andAldrich, Rohde, and
Toffias (2004),we havearguedhatbelief systens aredeternmined prior to legislative
rulesandagendacontrolin CongressThis suggests that parties would panily serve as
selection mechanisms to aggregate like-minded individuals or ecise any possible
influence during theampaigrstage.

Given the high success of our classificatproachandour featureanalysiswe
believe that there are indeed distinctive lexica for conservatie and literal lawnakers.
Our results demonstrate that the most extreme Senators from both the left and the right
discusdifferenttopics,with Democrats focusing on corporate specia interests and
environmental issues and Republicans focusing on moral and value concerns and (to a
lesserextent)on taxes.In additionto providing an alternative explanation for the low

dimensionality of voting in the Senate, the word frequency analysis offers at least some
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preliminary support for somof the argurants recently puforward by Lakoff (2002).
Lakoff argues that thedRublican and Denocratic ideologies reflect different value
systems deeply associated with personal views of morality. Our results doindicatea clear
tendencyof extrene Republicando distinguis thenselves on value issues.hather our
findings canbe extendedo indeedsupportLakoffOs theory reans the subject of future

research.
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The following table lists the 20 features with the mostcontributionsto eachsidefor all

misclassified examples listed in Table 10. Conservativecontributionsarefeaturedfirst.

Thehighlightedfeatureshelpusto undersand why these examples are misclassified.

Table 11: prediction errors in theoderde test case with Boolean noun features

False conservative errors

Falseliberal errors

3 108bayh-in -1 0.71392102

lady beltway strings personality moneys
turf payroll marriage marines quote
morass prayers guy hometown motives
adage exclusion infantry back
notification

backgrounds childhood prejudice gaps
cynicism counseling racism minorities
executives mayors wounds bridges
eloquenceshoreggenderspecialist
segregation diseases ignorance sisters

1 108alexander-tn +1 -0.01083375

bureaucracies taxation appetite taxing
adjournment businessmen designee
congressran strings lifestyle sanctity
tactics superintendent tape hill theft
infringement cattle mandates folks

homelessness sewage backgrounds
childhood heating self-sufficiency
counseling disabilities infants racism
starvation models hunger graduates
analyses minorities executives artists
optimism nurses

8 108breaux-la-1  0.44534852
bureaucracies taxation businessmen
standpoint lady personality taking
micromanage moneys folks excuses
nongermane mercy quote prayers
politicians hometown viewpoint
expressions contention

hazards ackgrounds prejudice breaks
shelters descent planet downturn epidemic
depressiommortgagenfants outreach
minorities optimism suburbs caregivers
neglect giants treatents

15 108eollins-me +1 -0.17698836
bureaucracies taxation disincentive
adjournnent prioritize standpoint designe
beltway lifestyle tyranny bombing tactics
airmen moneys tape theft titles

infringement trucking mandates

homelessness hazards backgrounds gaps
breaks breast ecosystem heating
shoreline ecosystems medication cops
epidemic disabilities depression
counterparts outreach models analyses
minorities

[¢2)

11 108earper-de-1 0.032494613

17 108dewine-oh+1 -0.52430643
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taxation taxing standpoint lady
congressmen beltway strings personality
taking airmen moneys theft mandates
folks sailors commonsense fitness beef
usage payroll

hazards ackgrounds cidhood gap
breaks literacy counseling epidenmfants
outreach cutting-edge models hunger
executives nurses mayors disparities
bridges giants stress

taxing unborn adjournant businessanm
prioritize accusation designee congressn
sanctity hike reasong arroganceactics
irresponsibilitytheft etc folks habit excuses
sailors

homelessness mortality sewage
childhood prejudice breast ecosystem
shoreline planet medication cops
counseling epidemic disabilities
depression infants outreach cutting-edge
starvation sediment

12 108¢hafee-ri -1  0.45455036
taxation hike tactics titles sailors prayers
egg criminal allotments entity relation
snow concession malpractice dilemma
mom monument recipient endeavors
pitch

prejudice breast ecosystem shoreline
outreach analyses optimism nurses trauma
neglect treatments villages jurisdictions
gallonsrecessionlinessessedinments
photographsurvivorstreasures

37 108mccain-az+1 -0.31654823
taxationappetitedisincentivetaxing
bureaucrat adjournment businessmen
prioritize standpoint designee congressi]
lifestyle spenders tyranny micromanage
bombing tactics airmen moneys grab

mortality hazards rent sewage
backgrounds prejudice gaps breaks
degradation breast ecosystem heating
shelters insecurity self-sufficiency
ecosystems planet medication cynicism
epidemic

16 108eonrad-nd-1 0.20967948

taxation appetite disincentive taxing
adjournment rancher businessmen
prioritize standpoint forefathers
spenders taking bombing tactics airmen
moneys tape irresponsibility cattle folks

rentrevitalizationrecesionsgapsheating
descent planet edication downturn cops
epidenic depressiomortgageracism
counterpartsedinent modelsgraduates
analysexecutives

43 108-snth-or +1  -0.62176927
taxation taxing bureaucrat unborn
bureaucrataccusatiorady forefathers
lifestyle sanctity taking tyranny
micromanage bombing superintendent
grass tape hill titles mandates

mortality revitalization childhood
prejudice breast insecurity descent
literacy self-sufficiency planet
medication downturn orientation
counseling epidemic relocation
disabilities depression mortgage racism

21 108edwards-nc-1 0.22835342

taxation tyranny hike bombing tape

44108-snowe-ra+1  -0.87429835

bureaucracies disincentive unborn ranch
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folks excuses commonsense bureaucracy
nest prayers politicians commissioners
hometown egg motives vacuum contacts
back adversaries

hazardsentsewagechildhoodbreast
insecurityexplosiongmedicationdownturn
cops nortgage cutting-edge graduates
minorities executives nurses analysts
bridgestreatnentslung

standpoint designee personality lifestyle
tyranny bombing airmen tape titles
mandategendencyturf habitsailors
ranchers commonsense

mortality hazards rent revitalization
backgrounds childhood gaps
degradation breast ecosystem heating
shoreline shelters literacy self-sufficiency
ecosystems planet medication downturn
counseling

28 108hollings-sc -1 0.69966938

taxing lady forefathers personality
superintendent titles trucking mandates
folks turf beef usage payroll marriage
launch liberals politicians commissioners
wheat hometown

hazards gaps shelters insecurity descent
planetrelocationmodelsanalysedgrauma
analysts riders giantscks collaboration
jurisdictions gallonsecession researchers
waterways

45 108-specter-pa +1  -0.25121877
taxation adjournment businessmen
designee beltway personality lifestyle
sanctity tyranny boimng tactics airran
moneys tape theft tusiilors bureaucracy
reversal usage

mortality hazards rent childhood
degradation breast shelters literacy
medication downturn counseling
epidemic disabilities mortgage outreach
cutting-edge graduates analyses
minorities executives

35 108lincoln-ar-1 0.034349571

taxation disincentive adjournment
prioritize forefathers tyranny reasoning
tactics superintendent titles mandates
folks excuses commonsense fitness beef
payroll desires marriage marines

homel essness mortality hazards
backgrounds gaps breast ecosystem heating
shelters insecurity ecosystems medication
orientation counselingpidenic disabilities
depressiomortgaganfants counterparts

41 108nelson-ne-1  0.55242801

appetite disincentive standpoint lady
strings lifestyle sanctity taking bombing

reasoning arrogance tactics
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superintendent airmen moneys theft
cattle folks sailors commonsense

mortality hazards revitalization
backgrounds childhood degradation
ecosystenshelters self#ficiency planet
medication cops counseling epidemic
disabilities mortgage racism outreach
starvation models

42 108pryor-ar-1  0.40516298

standpoint personality tyranny airmen
theft titles mandates folks sailors
commonsense fitness marriage marines
nest foresight mankind quote prayers
wheat hometown

hazards rent prejudice breast medication
cops counseling epadric disabilities
mortgage counterparts cutting-edge
minorities artists optimism nurses analysts
perspectives stress vaccines
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