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Abstract


Empirical scholars of the United States Supreme Court, Jeffrey Segal and Harold Spaeth have long contended that Supreme Court decisions are based primarily upon the ideological beliefs of the justices, and that ideology alone accounts for over 60% of the total voting variance of the Court. However, recent scholarship demonstrates that this conclusion is only made possible through ecological inference. In the bivariate regression that purported to establish this hallmark conclusion, Segal and Spaeth aggregated their voting data into percentages. This resulted in exaggerated findings. Recent scholarship has corrected Segal and Spaeth’s mistake by modeling justice votes using a logistic regression that does not manipulate the dependent variable before analysis is performed. The new findings demonstrate that Segal and Spaeth’s model loses about two-thirds of its explanatory value. Ideology, therefore, is not as dominant of a force upon the Court as attitudinal modelers previously thought. Still, however, it remains an important variable in the judging equation. This paper explores various methodological issues that judicial politics scholars will confront when modeling justice ideology using logistic regression estimated with maximum likelihood. Topics covered include substantive interpretations of the model, the “correct” independent variable to be used, applications of the technique, and an empirical assessment of how well ideology models explain  judicial choices made by the Court.. 
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I. The Bivariate Ideology Model

A. The History of its Use
Empirical scholars of the United States Supreme Court have long been developing models of decision making that are centered upon the political attitudes of justices. (e.g., Schubert 1965 and 1974; Rhode and Spaeth 1976).
  But in recent times, the scholarship of Harold Spaeth and Jeffrey Segal (2002) most forcefully champions the “attitudinal model” in political science. It is important at the outset of this manuscript to distinguish between two kinds of attitudinal models used by Segal and Spaeth. One involves a bivariate model that tests the influence of ideology alone on career voting tendencies (“bivariate model”). (2002, 320-323). It is this model aggregates voting data into summary percentages before regression analysis is performed and is said to broadly explain judicial behavior on the Supreme Court. It also this model that is most frequently duplicated in the political science literature. (Epstein and Knight 1998, 35-36; Epstein, Knight and Martin 2004, 179-181; Segal 2005). Another model, however, is multi-variate and combines “case facts” with ideology into discreet areas of voting, such as search and seizure (“case-fact” model”). (Segal and Spaeth 2002, 312-320). This model does not reply upon ecological inference. The focus of this manuscript is only upon the bivariate modeling of ideology and votes. 

Because some scholars seem to labor under the view that Segal and Spaeth’s bivariate ideological model is not as important as their “case facts” model, it is perhaps important to note the frequency in which the scholars’ bivariate model continues to appear in political science literature. It is quite clear that the most prominent of the judicial politics scholars have demonstrated an affinity for its consistent use. It was Segal and Cover (1989) who first introduced political science to a bivariate ideological model centered upon ecological inference. The model had a rather high correlation coefficient of 0.80 (561). Segal, Epstein, Cameron and Spaeth (1995) conducted an updated analysis that again found a robust correlation of 0.80 (817). 


Indeed, so popular did the bivariate ecological model become that it continued to appear in modern judicial politics literature. Segal’s latest work (2005), in fact, analyzes the Rehnquist Court with a bivariate ecological model that focuses exclusively on the 14 justices who served under Rehnquist’s tenure as chief justice. He reports a correlation of 0.70 for civil liberties cases and 0.72 for the entire docket.  Epstein and Knight also pay homage to the bivariate model by replicating its scatter plot in the book The Choices Justices Make and by noting its apparent success (35-36). They write, “When it turned out that [Segal and Spaeth] could explain more than 60 percent of the variation in civil liberties votes based soley on the justices’ policy preferences, the researchers concluded that justices come to the bench with a set of policy preferences, which they pursue through their votes, at least in civil liberties cases.” (1998; 36). There is also a bivariate ecological model that appears in Epstein, Knight and Martin’s recent work on civil liberties voting. (2004, 181; Figure 10.3).

As Wilson (forthcoming) demonstrates, these bivariate ecological models are quite problematic. The fundamental flaw is that they aggregate voting data into percentages prior to performing regression analysis, causing exaggerated estimates of goodness of fit. The truth is that if you do not introduce ecological inference into the model, bivariate ideological models lose about two-thirds of their explanatory value. Measures of ideology only explain about 15% to 33% of overall voting variance depending upon whether one uses Segal/Cover scores or career liberal rating as the independent variable, and whether one models the entire docket or just civil liberties cases. (Wilson, forthcoming).
B. The Problem with Ecological Inference

There are several problems with the decision to aggregate voting data. At an elementary level, for example, aggregation reduces the number of observations in the Segal and Spaeth’s 2002 ecological regression from 23,776 to only 21, the number of justices covered in their  study.
 (It is worth noting that in the case of Segal’s 2005 analysis of the Rehnquist Court, the number of observations is only 14).  Also, votes cast by individual members of the Court vary remarkably. Justice Brennan’s liberal percentage is based upon 2,416 votes, but Justice Goldberg’s is based upon 153 votes. (Epstein et al. 2003, 486). Quite simply, condensing these unequal sums into a few single observations fitted by a regression line causes goodness-of-fit to be less reliable than if these problems were absent.


The larger problem, however, is that aggregation forces one into the game of ecological inference. The term “ecological fallacy” first originated in social science research in Robinson’s  (1950) study of literacy rates. In that study, he demonstrated that the relationship between immigration rates and literacy rates was positive (0.53) when the data was in percentile form and grouped into states, but negative (-0.11) when the data remained non-aggregated. The aggregated data therefore suggested that higher immigration resulted in greater literacy, while the individual-level data showed that immigrants on average were less literate than native citizens. 


At an instinctive level, one can easily conceptualize the ecological fallacy by simply picturing “stereotypical” reasoning. As Freedman (2002) notes, “The ecological fallacy consists in thinking that relationships observed for groups necessarily hold for individuals: if countries with more Protestants tend to have higher suicide rates, then Protestants must be more likely to commit suicide ... .”  However, one must be careful not to define the problem as a simple case of stereotyping. The true nature of the problem is not prejudice; it is statistics – and the culprit always lies in treating individual cases as though they are like their average. Quite simply, what may appear true at the level of aggregate percentages may appear quite differently at the level of cases comprising the percentages.  


In the case of Segal and Spaeth, the decision to aggregate votes into percentages is even more problematic than one might think. This is because aggregation is being used to transform a binary variable into a continuous-level measure. When data remains in the binary format, cases that are resistant to the observed stimuli – that is, cases that demonstrate no favoritism for “0s” or “1s” – are interpreted as being not affected by the trait in question (the ideological stimuli found in each case). Yet, if one transforms data at this level of observation into a continuous-level statistic, one also transforms those strongly non-directional cases unaffected by the measure of bias into just another case having some of the attribute in question (halfway biased). In other words, aggregation  transforms non-directional justices into half-biased justices. 


In response to this, one might be tempted to argue that treating non-directional justices as having “moderate ideology” is perfectly acceptable. However, the problem is that Segal and Spaeth do not have a criteria for observing moderation as a political subject matter at the case level. To determine whether non-directional justices are, in fact, expressing preference for a political subject matter that is different from liberalism or conservatism, one would need a trichotomous variable that provides acceptable coding criteria for the three distinct ideological choices. Or, one would need to create a continuous level measure of quality liberalism for each decision justices make (McGuire and Vanberg). To date, neither of these options have materialized. Therefore, transforming justices who systemically resist a measure of bias into half-biased justices by aggregating the data is clearly an objectionable way to conduct analysis. 


There is still another reason why aggregating votes is not appropriate. Some may be tempted to argue that aggregation is merely an attempt to determine the central tendency of the voting habits of justices. They may conceptualize a simple regression with each justice having a distribution of votes with a central tendency, and the fitting of a regression line around these tendencies. The problem with this idea (apart from the ones previously mentioned) is that the theoretical voting distribution for each non-centrist justice would be skewed, resulting in a  biased estimation of central tendency. To put it in Gujarati’s (1995) terms, the theoretical population of Y disturbances found at each X value would not have a mean value of zero. More importantly, because the extent of the skewness varies with each justice – the more biased, the more skewed the theoretical distribution – Gujarati suggests that both the estimation of the intercept and slope coefficients would be biased.
  Indeed, that is exactly why the goodness of fit of biviariate ideological models relying upon ecological regression cannot be duplicated at the individual level of analysis. 
II.  Bivariate Ideology Models Without Ecological Inference
Using logistic regression for the ideological modeling of Supreme Court decision making is unique for two reasons: (1) the Court is a small workgroup; and (2) the values at any given level of X are human personalities, not a stochastic happenstance. In an “ordinary” case of logistic regression, for example, a researcher might want to measure the probability of owning a home at different levels of income (Gujarati, 1995, 557). Owning a home is a binary variable, yes or no, but the given values for X – possessing, say, yearly income of $20,000, $30,000., etc., -- represent a collection of people who happen to belong to a certain level of grouped yearly income in the data sample. By contrast, therefore, a logistic regression that models justice ideology and voting choices is going to have the peculiar attribute that each value of Xi represents a single human personality (assuming no two justices have the exact same ideological score, of course, in which case the Xi may represent more than one personality).   
Similarly, the fact that the Court is a small workgroup causes problems. It makes it difficult to model discreet areas of decision making because only nine values of Xi are present at any particular year, and on some occasions – e.g., the Warren Court -- the ideological composition of the Court is such that the distribution of liberal and conservative votes becomes skewed. Finally, there is also the problem of sample size when wanting to study discreet areas of the Court’s decision making data, such as votes involving core political speech or substantive due process (Wilson, forthcoming). The point of this paper is to demonstrate that these problems are not insurmountable and to suggest how judicial politics scholars can achieve a better, more honest analysis of voting behavior than studies that rely upon ecological inference. 
A. Substantive Interpretation of the Model
The substantive interpretation of logistic regression models – how well they fit their data, reduce error and explain overall variance – is not as straightforward as it is with OLS regression involving continuous level data. Nonetheless, in the context of modeling judicial ideology, certain measures are clearly superior to others. The two basic measures that researchers who are studying ideological choice should pay attention to are the Likelihood Ratio R-squared, R2L, and Tau-p. 

As Menard notes (2002, 25), there are many statistics that purport to estimate the goodness of fit of a logistic regression, such as: (1) the Cox-Snell measure (Cox & Snell, 1989); (2) the Nagelkerke “pseudo R-squared” (Nagelkerke, 1991); (3) the Aldrich and Nelson (1984) “pseudo-R-squared;” (4) the Wald R-squared (Magee, 1990); and (4) the McKelvey and Zavoina R-squared (1975). According to Menard and others, there appears to be a consensus among logistic regression modelers that none of these measures are as good as the Likelihood Ratio R-squared for assessing goodness of fit (Menard 2002, 20-27; Peng, et. al, 268). This is because R2L, sometimes called “the McFadden R2,” has the desire statistical properties of running from 0 (no fit) to 1 (perfect fit), is not affected by the proportion of cases in the sample having the attribute 0 or 1 (called the “base rate), and is not affected by the sample size of the data. The other measures, Menard notes, do not have these desirable properties (Menard 2002, 27). Most statistical packages appear to have R2L as a standard measure of fit (STATA utilizes it, but calls it “pseudo R2”).

However, it is important to remember that R2L is only an analogue to the OLS R2; the two statistics cannot be directly compared. Clearly, R2L underestimates goodness-of-fit when compared to OLS estimations of continuous-level data (DeMaris 1992, 53-54), and cannot be considered itself an explanation of overall voting variance (Menard, 20-24). It is extremely rare for a bivariate ideological model to achieve a value of R2L above .4. In the hundreds of bivariate regressions I have performed, I have never seen a value that high. Therefore, I would suggest that at the outset researchers involved in bivariate ideology models adopt a simple rule of thumb: R2L values between .2 and .4 are “quite good results” and values below .1 are a baseline for results that are “not so good.” 
In order to help substantively interpret the logistic regression model using something other than “rules of thumb,” Menard and others suggest applying contingency-table analysis to  the model’s two-by-two prediction table. (Menard, 27-41). This is quite simple: it merely involves the application of the best statistic for assessing proportional reduction in error (PRE) to the classification table. Although, once again, there are many PRE statistics that can be used – phi, lambda, tau, etc. – Menard assesses the relative worth of each. (Menard, 32-34, 36). Based upon his reasoning, lambda appears inappropriate for a bivariate ideological model because it assumes that errors without the model take the form of an all-or-nothing guess (Menard, 29). In essence, lambda would only be helpful as a PRE measure if modelers could theoretically make the assumption that in the absence of any knowledge of their X variable, every justice in their sample of cases would vote unanimously in every case, the entire sample being all liberal or all conservative. Obviously, this does not appear to be a reasonable assumption.

The measure that is best, therefore, for judicial politics scholars is Klecka’s (1980) index originally proposed for use in discriminant analysis models, generally referred to as “tau.” Following Menard’s terminology (2002, 32), I denote the term “tau” with a “p” – tau-p – to indicate its application to a 2 x 2 prediction table generated by a logit model. Tau-p is simply the best PRE statistic for judicial modelers because it assumes that the goal of the logit model is simply to classify as many liberal/conservative votes that are actually found in the base rate of the sample. Therefore, tau-p does not assume an all-or-nothing guessing scenario. It assumes that the number of liberal and conservative votes to be “guessed” in the absence of knowledge about the values of X is simply the proportion of liberal and conservative votes actually present in the sample. In this sense, Menard says that tau-p is less concerned with prediction logic and more concerned with classification logic. (29,33). Of course, like all PRE statistics, tau-p becomes problematic if data becomes excessively skewed. 
I have created a third, summary statistic that I think is useful for ideological modelers. I call the measure a “polarization index.” The basic idea is to take each vote cast by a justice and multiply it by the weight of the justice’s bias (directionality). I call the total weighted value the justice’s LOAD. Justices believed to be centrist will by definition have a lower voting load because their propensity for direction is lower. Extreme justices, by contrast, carry higher loads. I next calculate two values: (1) the fraction of each justice’s load that must be redistributed to make the justice have a perfect 50-50 split of liberal and conservative votes (perfect non-directionality); and (2) the fraction of the load required to polarize the Court in the direction suggested by each justice’s directional bias (all conservatives on one side, all liberals on the other). The former is referred to as the “cost to neutralize;” the latter as the “cost to polarize.” Finally, I create a simple proportion of these two sums, called a “polarization index,” which indicates the extent to which the court is polarized compared to the extent to which it is neutralized. When the polarization index is low, the Court is much nearer to non-direction in the voting sample; when the statistic is high, the Court is closer to polarization than neutrality.
B. The Independent Variable
Having just outlined the key statistics used to substantively interpret a bivariate ideological model, I now discus the independent variable. There are two basic independent variables that judicial politics scholars often use in ideology models: Segal/Cover scores and career-liberal ratings. The career ratings are derived only from civil liberties cases; the Segal/Cover scores are derived from content analysis of newspaper editorials during justice confirmation hearings. The basic difference between the two for purposes of their performance in a logistic regression model is the spatial difference attributed to the values of justices along a two-dimensional scale. Quite simply, the scores place justices in a different scale rank. To use an extreme example, Segal-Cover scores suggest that Justice Robert Jackson is one of the most liberal justices ever to serve on the Court, but career ratings suggest he ranks only 21st out of 32 justices in this regard. Table 1 lists the scores and scale rankings.

There is now unquestionable evidence that the value placement of justices in two-dimensional space is more meaningfully constructed by career ratings rather than by newspaper reputation. Below are the results of a time series I performed for another panel at this conference. The time series compares career ratings and Segal/Cover scores across two of the measures of fit discussed above (R2L and tau-p) from 1946 through 2004. The first two graphs below address only the Court’s civil liberties docket:
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As one can plainly see, there is not one year wherein Segal-Cover scores have a better fit to the voting data compared to career ratings. In fact, there appears to be perfect autocorrelation between the two estimates of fit, with career ratings always outperforming newspaper reputation. Having just compared the two variables with respect to fit, I now compare them with respect to PRE:
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Once again, the two measures seem autocorrelated, but the ability of career ratings to reduce error of classifying votes is superior to Segal/Cover scores. Interestingly, however, the two values seem to be converging toward each other since the year 2000, which is not consistent with the autocorrelation that is otherwise present. Still, career numbers seem to be the better choice.
Also, it is important to note that on a few occasions Segal/Cover scores actually generate statistically insignificant parameter estimates. Newspaper reputation is a statistically insignificant predictor for every civil liberties vote cast in the years of 1950, 1954, 1964, and 1992. They are also not significant at a p-level .of 01 for the years 1949, 1951, 1952, 1953, 1965, 1968, 1991 and 1993. By contrast, career ratings are never statistically insignificant. The table below lists the years when Segal/Cover scores have p-values above .01 (95% confidence interval, two tailed test):
	P-values for Segal Cover Scores above .01 (civil liberties):

	Year
	P-value
	Year
	P-value
	Year
	P-Value

	1949
	.069
	1953
	.028
	1968
	.067

	1950
	.0739
	1954
	.165
	1991
	.016

	1951
	.037
	1964
	.272
	1992
	.547

	1952
	.056
	1965
	.053
	1993
	.022


Having just compared Segal/Cover scores and career ratings for the area of civil liberties voting, I now compare the two for the Court’s entire docket. Once again, two graphs appear below; The first is a time series of L2R values, and the second of tau-p. In both graphs, career numbers outperform Segal/Cover scores, although newspaper reputation does offer slightly better competition over tau-p during a portion of the 1970s: 
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Having established that Segal-Cover scores are inferior in their fit of voting data, it is important to address the question of which measure researchers should use. There are two arguments offered against the use of career ratings: one is reasonable, the other appears not. The “poor” argument is that using career numbers amounts to a “tautology,” because you are explaining votes with votes (Segal and Cover, 1989, 558). This argument appears only to be valid if researchers are aggregating their dependent variable. If the votes remain non-aggregated, it does not matter that an extracted summary statistic is being used as a proxy for the assignment of justice values across two dimensional space. Indeed, this modeling technique is really nothing but ANOVA applied to a dichotomous dependent variable. Therefore, so long as career numbers are appealed to as a proxy for political value assignment and the dependent variable is not aggregated, all that the career ratings represent is the use of an empirical method to spatially assign values instead of using either a more remote empirical assigning method (newspaper reputation) or an a priori assignment. 


A second and better argument against career ratings is that they are not exogenous to the phenomena they seek to explain. This argument is more complicated. What it ultimately reduces to is the claim that if one assigns political values from the very process used to generate judicial choice, then value assignment is necessarily dependent upon judicial orthodoxy. This creates an entanglement that some researchers do not like, presumably because they want to test values before they become encumbered by the norms and protocol of the judging orthodoxy. Researchers who make this argument have a desire, in essence, to estimate a justice’s “pre-law” values upon their decisions before such values become manipulated by the deployment of legal method, training and socialization that necessarily affects the psychology of a judicial decision. This way, scholars can show that what justices believe before they enter the Legal Complex is actually more important than what they say while inside it – and in so doing, can demonstrate something that these researchers desperately want to validate: that such impulses are autonomous in the human agency. 
There are several troubling problems with this view. The first problem is practical. If Segal/Cover scores actually represented an accurate assignment of justice’s “pre-law” values, the empirical evidence clearly indicates that legal orthodoxy is quite transformative indeed. Justice Jackson’s ascendancy to the judicial temple, for example, produced quite a legal conversion. Obviously, this is not the way that researchers interpret their data. Instead, proponents of Segal/Cover scores simply argue that newspaper reputation is imperfect and sometimes erroneous (Segal and Spaeth, 2002, 321-322, 342n81, 323). But how do they know this? What are they looking at? If they are looking at career voting preference to make that judgment, their test for the accuracy of the scores contradicts their appeal for using the measure in the first place. Hence, if two-dimensional measures of attitudes are only accepted if they reflect judicial reality accurately, one wonders how the value assignment derived from newspaper reputation could ever constitute a better choice than the assignment derived from career choices in civil liberties cases. 

Secondly, on a theoretical level, I would argue that most scholars no longer conceptualize political values as an autonomous quantity anyway. Rather, modern scholars see legal orthodoxy and political values as an intertwined phenomenon in the judicial mind. There is not – and never was – an absolute segregation. Hence, extracting value assignments from career choices seems to be a reasonable way to capture the exposure of political values as they become manifested in reality over time. Lastly, it seems irrelevant to me that any hypothetical value system that pre-exists the system that justices actually use to make choices is actually even worthy of serious consideration anyway. That is, if the policy choices made by justices are meaningfully directional in reality, why do we care whether or not a dormant directional propensity exists?  The relevant directional propensity that exists in reality is what researchers should want study. Therefore, the value assignment derived from career ratings seems to be the best proxy for ideology that we have.
III. Application of the Bivariate Logistic Ideology Model
   
A. The 2002 and 2003 Civil Liberties Docket 

Having demonstrated the proper way to substantively interpret a bivariate logistic ideology model and the independent variable to be used, I now illustrate the utility of using this technique. Tables 3 and 4 provide the output from two regressions involving the Court’s 2002 and 2003 civil liberties docket. As one can see, the Court is significantly more directional in one year compared to the other. The R2L is 0.14, and tau-p is 0.398 in 2002, indicating a decent model fit and rather good reduction in the error of vote classification. The polarization index is .485, indicating that the Court is about as close to pure polarization as it is pure non-direction. The classification plot shows that no justices are predicted to be non-directional. The plot aligns conservatives and liberals around the 30% and 60% probability values. However, there is also some slight degree of error in predicting liberal votes that is present. Nonetheless, these results are fairly “good” for an ideological critique of the Court. The propensity for direction as defined by value assignment of career ratings appears to be a meaningful part of the voting activity.     

Note, however, that the results are somewhat different for 2003. For this year, the R2L and tau-p are 0.1109 and 0.34 respectively, indicating a lower fit and a slight loss of classification efficiency. The polarization index is .343, indicating that the Court is now much closer to pure non-directionality than it is directionality. Also, the classification plot predicts that two justices will be virtually non-responsive in their favoritism for binary political outcomes. Although an ideological critique is still relevant here – the regression coefficient is statistically significant -- its overall fit to the data is simply less sexy than before.   


Several points need to be made regarding these findings. What caused the results to be different? Let us divide the answer to this question into factual and theoretical explanations. The factual side is easy. The empirical cause of the change is simply that Rehnquist, O’Connor, Kennedy, Souter and Stevens cast more liberal votes than expected. Although the classification plot for the 2002 regression estimates the “Rehnquist Five” to be ardently conservative in the sample, the same plot for 2003 predicts the conservative voting bloc to be fractured. Note that the plot also predicts the liberal bloc to be more liberal as well. In short, the cause of the relatively poor fit of the 2003 model is that attitudes have become left-shifted in the sample of cases.

But what is the theoretical cause of this? Scholars inclined to defend the ideological model might argue that the sample of cases in 2003 is “weak” as far as attitudinal stimuli. Scholars favoring a jurisprudential model might say that certain doctrines in 2003 have “regime status” that are structuring justices away from directional tendency. Rational choice theorists and institutionalists might argue that fear of sanction, bargaining or prevailing norms were unexpectedly high that year. But my point in all of this is very simple: we do not have data before us on any of these assertions. Only content analysis can shed further light upon the subject. Therefore, the only empirical conclusion to be made from the data above is that propensity for political direction defined by the value assignment of career ratings is simply less significant in 2003 versus 2002, no matter what its cause. 


B. So How Ideological is Judging, Anyway?

Briefly, I now consider the last and most important question judicial scholars often pose: how value-driven is the Court, anyway? Table 4 provides the output for an ideology model that seeks to explain every civil liberties vote for which researchers have ideological data that was cast by justices from 1946-2004. One would expect this regression to be the best that ideological modelers can offer, given that the measure of the independent variable is actually the base rate in the sample of votes. Indeed, there are only two things that will ever hamper a logistic regression model that uses the base rate as a predictor of its outcome: (1) a lack of extreme X values to anchor the model (i.e., not having justices with ratings above 80 and below 20); and (2) having too many cases in the model that are non-responsive to either binary outcome (i.e., having too many non-directional justices). Indeed, as I showed in another paper (Wilson; forthcoming), the more leptokurtic a distribution of liberal votes becomes, the worse ideology models perform. The more polarized such distributions become, the better the models perform.

So how, then, does our ideology model perform? The findings are really rather fascinating. First, note that the value of R2L is decent but not especially satisfying (0.1291), and that tau-p indicates a good reduction in the error of classification (.35). Although these results are certainly decent, they may not be as satisfying as some scholars would like. They certainly are not as satisfying as the results researchers were proclaiming when using ecological models. Notice that the classification plot predicts a significant fraction of the justices to have only a weak or modest propensity for direction (higher than 30 but lower than 70). But note also that whatever level of reasonable fit the model is said to enjoy, the primarily stimulus for this seems to be the presence of certain key Warren Court justices. That is, note the extent of justices predicted to be beyond the value of 70% in the classification plot and the extremely small error in the forecasting of their choices. By contrast, the number of parallel justices below the value of 30% is not as prevalent, although Rehnquist is clearly the most significant anti-Warren force in the sample. Hence, to the extent that the model has a minimally acceptable fit of its data and usefully reduces classification error, it is the Warren Court justices and justice Rehnquist who are basically providing the model’s better features. 

But perhaps the statistic that more forcefully proves this point is the polarization index (0.48). Here we find a bit of a surprise. The statistic indicates that the Court is about as close to perfect polarization in all the votes cast throughout the last (nearly) 60 years as it is perfect neutrality. I find this to be an amazing realization. The reason why the polarization index is so high is because of two factors: (1) the relative errors of median justices are not as costly in terms of justice load (which is always the case with this statistic); and (2) justices who have high loads have a disproportionate number of votes in the sample. In other words, it is those ardent Warren Court justices and justice Rehnquist – once again -- who are again causing all of the fuss. Although the model misclassifies 32% of justice votes, the weighted value of these votes reduces the misclassification of justice load to only 26%.
Having just seen that an ideology model has some desirable properties that help us explain a significant portion of the choices justices have made in civil liberties cases over the last (nearly) 60 years, it is time to see what happens when one accounts for outliers. In Table 5, I have deleted the most liberal Warren Court justices – Douglas, Fortas, Goldberg, Marshall and Brennan – along with justice Rehnquist. In short, I have deleted the most substantial force that anchors whatever value the ideological model is claimed to have in civil liberties cases. The result, of course, is telling. The fit of the regression to the data is now rather poor; the value of R2L is only 0.064. The classification plot shows why: the large collection of justices beyond the value of 80% are no longer present to anchor the model. There is a greater proportion of non-directional justices. The distribution of liberal votes has moved closer toward a leptokurtic direction than a polarized one (i.e., the frequency of values near the mean is rising). The value for tau-p indicates only a modest reduction in the error of classifying votes (.25) – which is still useful, of course, but significantly lower than before. Finally, the polarization index has dropped to .343, indicating that the Court’s “load” is much closer to pure non-direction than polarization.    


What does this show? First, it shows that removing only 6 out of 32 personalities who control 27% of the votes causes model fit to drop by 50%. It also raises serious implications for how strong an ideological critique of the Court can be today, given that neither Rehnquist nor the old liberal guard is present. Indeed, all the evidence suggests that the force of ideology on the Court seems to be trending downward (or at least trending back to the stationary position it began with in the mid to late 1940’s). I can’t help but resist an analogy Stephen Hawking’s A Brief History of Time. It is as if what the data show in the civil liberties universe of Supreme Court decision making is a big bang that happened in its recent past, the effects of which are still present but fading away, with universe beginning its journey of contraction back to the initial point of a singularity.

Secondly, what this shows is that the impact of political ideology on the Supreme Court is being overplayed by many political science scholars who prefer to allow a minority of obstinate judicial personalities to stereotype the majority of the institutional membership’s voting behavior. The fact of the matter is that the reason why neither Segal/Cover scores nor career ratings explain the voting behavior on the Court as well as some would like is simply because the Court is anchored by a substantial number of pragmatic voters who exhibit enough non-directional tendencies to keep ideology  models from being what their creators often want.


Before I conclude this manuscript, one last point must be made. It must be remembered that although an ideology model works decently on the whole when one includes the minority of obstinate personalities that help to inflate the model’s numbers, the same cannot necessarily be said when those same personalities cast votes in non-civil liberties cases. Below is a time series of the difference between how well career liberal ratings explain votes in civil liberties cases versus the entire docket from 1946-2004. The first graph concerns the value of L2R; the second of tau-p. (The dark line represents the civil liberties docket; the “grey” line the entire docket). As one can clearly see, the critique of a directional court is more difficult to establish when one examines all the cases on the docket: 
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Of course, the statistical reason why ideology models lose significant explanatory power when encountering more than just the civil liberties portion of the docket is rather elementary. This time, not only is the model forbidden to use its base rate to explain its data, but, as well, it has moved outside the “ANOVA concept” (a moving average) that gave it material benefits in the civil liberties domain. It’s sort of like a football team having to play on the road. Stated another way, the value assignments that are extractable from civil liberties cases that researchers enjoy so much – the ones declaring Rehnquist ardently conservative, Marshall liberal and the others in proximate affiliation -- simply does not export well into areas of decision making that were not consulted to generate the career summary statistic. In federal tax matters, for example, Brennan and Rehnquist both vote around 70% liberal. In economic voting, the distribution of liberal votes is substantially “squished.”
This problem presents ideological modelers with a quandary. If they throw all of the justices’ votes into the pot when originally making their proxy value assignment, the new career ratings would no doubt increase the model’s ability to explain the entire docket because the of the “ANOVA factor.” However, the price paid is lost explanation in the more precious part of Court’s choices – conflict over civil liberties. More importantly, the reason why career ratings are extracted only from civil liberties cases is because of the theoretical appeal that such conflict is more politically charged and because the resulting value assignments seem to fit our a priori notions of what these justices really believe. We rightly can’t accept an assignment that places Rehnquist on the same side as Brennan; that is like fitting a circle into a square. And so, what honest ideological modelers must do is accept the empirical reality: that the best possible ideological critique works only decently – and appears to be on the decline -- in the civil liberties context, and that it has an even lesser overall appeal outside of that context. Of course, what ideological modelers must avoid at all costs is aggregating their data to produce higher numbers or constructing logistic regressions that always use a base rate to explain votes, no matter the context or reason. The truth is that what ideological modelers really need to do is accept that ideology is a fluctuating rather than defining force upon the judicial mind – it is sometimes high, sometimes low. Once political science research finally accepts this principle, much of the judicial scholarship both within and outside political science will finally be working within the same paradigm.
	Table 1: Justice Ideology

	Justice
	Segal-Cover Score
	Scale Rank
	Career Liberal Rating
	Scale

Rank
	Justice
	Segal-Cover Score
	Scale

Rank
	Career Liberal Rating
	Scale

Rank

	Black
	.75
	7
	.74
	9
	Minton
	.44
	15
	.364
	27

	Blackmun
	-.77
	29
	.528
	15
	Murphy
	1.0
	5
	.791
	6

	Brennan
	1.0
	1
	.795
	5
	O’Connor
	-.17
	22
	.367
	25

	Breyer
	-.05
	21
	.608
	13
	Powell
	-.67
	27
	.374
	24

	Burger
	-.77
	30
	.296
	29
	Reed
	.45
	14
	.349
	28

	Burton
	-.44
	25
	.389
	22
	Rehnquist
	-.91
	31
	.226
	32

	Clark
	0
	18
	.437
	17
	Rutledge
	1.0
	6
	.763
	8

	Douglas
	.46
	13
	.888
	2
	Scalia
	-1
	32
	.275
	30

	Fortas
	1.0
	2
	.81
	4
	Souter
	-.34
	24
	.624
	12

	Frankfurter
	.33
	17
	.535
	14
	Stevens
	-.5
	26
	.651
	11

	Ginsburg
	.36
	16
	.66
	10
	Stewart
	.5
	10
	.514
	16

	Goldberg
	.5
	9
	.889
	1
	Thomas
	-.68
	28
	.234
	31

	Harlan
	.75
	8
	.436
	18
	Vinson
	.5
	11
	.365
	26

	Jackson
	1.0
	3
	.408
	21
	Warren
	.5
	12
	.786
	7

	Kennedy
	-.27
	23
	.375
	23
	White
	0
	19
	.424
	20

	Marshall
	1.0
	4
	.814
	3
	Whittaker
	0
	20
	.433
	19


	Table 3: Logistic Regression, Civil Liberties Cases, 2002 Term; Independent Variable: Career Ratings

	Justice
	Lib.
Rat.
	Base
Rate
	pred.

prob
	Lib

Vote
	Con

Vote
	Tot

Vote
	.5

cut
	class

errors
	class

corr.
	weighted

errors
	weighted

correct

	Rehnquist
	0.226
	0.23
	0.15
	9
	30
	39
	c
	9
	30
	4.932
	16.44

	Thomas
	0.234
	0.10
	0.16
	4
	35
	39
	c
	4
	35
	2.128
	18.62

	Scalia
	0.275
	0.15
	0.19
	6
	33
	39
	c
	6
	33
	2.7
	14.85

	O’Connor
	0.367
	0.31
	0.28
	12
	27
	39
	c
	12
	27
	3.192
	7.182

	Kennedy
	0.375
	0.28
	0.29
	11
	28
	39
	c
	11
	28
	2.75
	7

	Breyer
	0.608
	0.56
	0.59
	22
	17
	39
	l
	17
	22
	-3.672
	-4.752

	Souter
	0.624
	0.59
	0.61
	23
	16
	39
	l
	16
	23
	-3.968
	-5.704

	Stevens
	0.651
	0.69
	0.64
	27
	12
	39
	l
	12
	27
	-3.624
	-8.154

	Ginsburg
	0.66
	0.64
	0.65
	25
	14
	39
	l
	14
	25
	-4.48
	-8

	Mean
	0.446
	.396
	0.396
	
	
	Totals:
	101
	250
	31.446
	90.702

	Total
	
	
	
	139
	212
	Pct Err:
	0.287
	Weighted Error:
	0.257

	Polarization Index
	0.485
	Neutralization Cost
	29.628
	Classification Plot:
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	Likelihood Ratio R-2:
	Tau-P
	Classification Table:
	

	0.1406
	0.3985
	
	1
	0
	

	Coefficients:
	S.E
	z
	P>z
	+
	97
	59
	

	carlib
	5.397
	0.71
	7.59
	0
	-
	42
	153
	

	_cons
	-2.93
	0.36
	-8.06
	0
	T
	139
	212
	

	
	
	
	
	
	

	min-max
	0->1
	Marg. Effect
	
	

	0.500
	0.8712
	1.2631
	
	

	Lib.Rat = Liberal Rating; Pred. Prob = Predicted Probability; Class Errors = Model Classification Errors; Class Corr = Votes Classified Correctly; Min-Max = Change of coefficient from the minimum X to maximum X value; 0>1 = Change of coefficient from the value of 0 to 1; Marg. Effect = marginal change in coefficient.
	


	Table 4: Logistic Regression, Civil Liberties Cases, 2003 Term; Independent Variable: Career Ratings

	Justice
	Lib.
Rat.
	Base
Rate
	pred.

prob
	Lib

Vote
	Con

Vote
	Tot

Vote
	.5

cut
	class

errors
	class

corr.
	weighted

errors
	weighted

correct

	Rehnquist
	0.226
	0.371
	0.306
	13
	22
	35
	c
	13
	22
	7.124
	12.056

	Thomas
	0.234
	0.273
	0.314
	12
	32
	44
	c
	12
	32
	6.384
	17.024

	Scalia
	0.275
	0.295
	0.353
	13
	31
	44
	c
	13
	31
	5.85
	13.95

	O’Connor
	0.367
	0.523
	0.449
	23
	21
	44
	c
	23
	21
	6.118
	5.586

	Kennedy
	0.375
	0.455
	0.457
	20
	24
	44
	c
	20
	24
	5
	6

	Breyer
	0.608
	0.591
	0.698
	26
	18
	44
	l
	18
	26
	-3.888
	-5.616

	Souter
	0.624
	0.750
	0.712
	33
	11
	44
	l
	11
	33
	-2.728
	-8.184

	Stevens
	0.651
	0.795
	0.735
	35
	9
	44
	l
	9
	35
	-2.718
	-10.57

	Ginsburg
	0.66
	0.727
	0.743
	32
	12
	44
	l
	12
	32
	-3.84
	-10.24

	Mean
	0.446
	0.531
	.530
	
	
	Totals:
	131
	256
	43.65
	89.226

	Total
	
	
	
	207
	180
	Pct Err:
	0.338
	Weighted Error:
	0.328

	Polarization Index
	.343
	Neutralization Cost
	22.78
	Classification Plot:
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	Likelihood Ratio R-2:
	Tau-P
	Classification Table:
	

	.1109
	.3395
	
	1
	0
	

	Coefficients:
	S.E
	z
	P>z
	+
	160
	58
	

	carlib
	4.692
	0.569
	8.24
	0
	-
	104
	171
	

	_cons
	-1.923
	0.265
	-7.24
	0
	T
	264
	229
	

	
	
	
	
	
	

	min-max
	0->1
	Marg. Effect
	
	

	0.467
	0.8134
	1.1646
	
	

	Lib.Rat = Liberal Rating; Pred. Prob = Predicted Probability; Class Errors = Model Classification Errors; Class Corr = Votes Classified Correctly; Min-Max = Change of coefficient from the minimum X to maximum X value; 0>1 = Change of coefficient from the value of 0 to 1; Marg. Effect = marginal change in coefficient
	


	Table 4:Logistic Regression, Civil Liberties Cases 1946-2004; Independent Variable: Career Ratings

	Justice
	Lib.Rat.
	BaseRate
	pred.prob
	Lib.Vot
	Con.Vot
	Tot.Vot
	.5cut
	class.err
	class.corr
	wt. errors
	wt correct

	blc
	0.74
	0.74
	0.753
	890
	311
	1,201
	l
	311
	890
	-149.28
	-427.2

	blkm
	0.528
	0.528
	0.539
	1,003
	890
	1,893
	l
	890
	1,003
	-49.84
	-56.168

	brn
	0.795
	0.795
	0.797
	1,925
	491
	2,416
	l
	491
	1,925
	-289.69
	-1135.75

	bry
	0.608
	0.608
	0.627
	303
	195
	498
	l
	195
	303
	-42.12
	-65.448

	burg
	0.296
	0.296
	0.291
	425
	1,003
	1,428
	c
	425
	1,003
	173.4
	409.224

	burt
	0.389
	0.389
	0.384
	190
	302
	492
	c
	190
	302
	42.18
	67.044

	bw
	0.424
	0.424
	0.422
	982
	1,325
	2,307
	c
	982
	1,325
	149.264
	201.4

	clk
	0.437
	0.437
	0.437
	336
	430
	766
	c
	336
	430
	42.336
	54.18

	doug
	0.888
	0.888
	0.857
	1,345
	172
	1,517
	l
	172
	1,345
	-133.472
	-1043.72

	fort
	0.81
	0.81
	0.807
	165
	39
	204
	l
	39
	165
	-24.18
	-102.3

	frk
	0.535
	0.535
	0.547
	346
	299
	645
	l
	299
	346
	-20.93
	-24.22

	gin
	0.66
	0.66
	0.680
	362
	186
	548
	l
	186
	362
	-59.52
	-115.84

	gold
	0.889
	0.889
	0.857
	136
	17
	153
	l
	17
	136
	-13.226
	-105.808

	har
	0.436
	0.436
	0.436
	380
	432
	812
	c
	380
	432
	48.64
	55.296

	jack
	0.408
	0.408
	0.405
	120
	173
	293
	c
	120
	173
	22.08
	31.832

	ken
	0.375
	0.375
	0.369
	341
	567
	908
	c
	341
	567
	85.25
	141.75

	mar
	0.814
	0.814
	0.810
	1,536
	350
	1,886
	l
	350
	1,536
	-219.8
	-964.608

	mint
	0.364
	0.364
	0.358
	83
	147
	230
	c
	83
	147
	22.576
	39.984

	mur
	0.791
	0.791
	0.794
	106
	28
	134
	l
	28
	106
	-16.296
	-61.692

	ocon
	0.367
	0.367
	0.361
	547
	943
	1,490
	c
	547
	943
	145.502
	250.838

	pow
	0.374
	0.374
	0.368
	479
	805
	1,284
	c
	479
	805
	120.708
	202.86

	reed
	0.349
	0.349
	0.342
	136
	250
	386
	c
	136
	250
	41.072
	75.5

	rehn
	0.226
	0.226
	0.230
	510
	1,746
	2,256
	c
	510
	1,746
	279.48
	956.808

	rut8
	0.763
	0.763
	0.772
	103
	32
	135
	l
	32
	103
	-16.832
	-54.178

	scal
	0.275
	0.275
	0.271
	287
	756
	1,043
	c
	287
	756
	129.15
	340.2

	sout
	0.624
	0.624
	0.644
	444
	267
	711
	l
	267
	444
	-66.216
	-110.112

	stev
	0.651
	0.651
	0.671
	1,254
	671
	1,925
	l
	671
	1,254
	-202.642
	-378.708

	stwt
	0.514
	0.514
	0.524
	798
	753
	1,551
	c
	798
	753
	-22.344
	-21.084

	thom
	0.234
	0.234
	0.236
	152
	495
	647
	c
	152
	495
	80.864
	263.34

	vin
	0.365
	0.365
	0.359
	101
	175
	276
	c
	101
	175
	27.27
	47.25

	war
	0.786
	0.786
	0.790
	608
	164
	772
	l
	164
	608
	-93.808
	-347.776

	whit
	0.433
	0.433
	0.432
	106
	136
	242
	c
	136
	106
	18.224
	14.204

	Mean
	0.535
	0.536
	0.536
	
	Totals:
	10115
	20934
	2848.192
	8166.322

	Total
	
	
	
	16,499
	14,550
	Pct Err:
	.325
	Polarization Cost
	2848.192

	Polarization Index
	.4828
	Neutralization Cost:
	2659.06
	Classification Plot:
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	Likelihood Ratio R-2:
	Tau-P
	Classification Table:
	

	0.1291
	0.35072
	
	1
	0
	

	Coefficients:
	S.E
	z
	P>z
	+
	11324
	4865
	

	carlib
	4.52489
	.0664
	68.08
	0.000     
	-
	5175
	9685
	

	_cons
	-2.2315
	.0361
	-61.81
	0.000
	T
	16499
	14550
	

	
	
	
	
	
	

	min-max
	0->1
	Marg. Effect
	# of observations
	

	    0.6272
	.8114
	1.1235
	31049
	

	Lib.Rat = Liberal Rating; Pred. Prob = Predicted Probability; Class Errors = Model Classification Errors; Class Corr = Votes Classified Correctly; Min-Max = Change of coefficient from the minimum X to maximum X value; 0>1 = Change of coefficient from the value of 0 to 1; Marg. Effect = marginal change in coefficient
	


	Table 5: Logistic Regression, Civil Liberties Cases 1946-2004, Minus Outliers; Independent Variable: Career Ratings

	Justice
	Lib.
Rat.
	Base

Rate
	pred.

prob
	Lib

Vot
	Con

Vot
	Tot

Vot
	.5

cut
	class

errors
	class

corr.
	weighted

errors
	weighted

correct

	blc
	0.74
	0.74
	0.753
	890
	311
	1,201
	l
	311
	890
	-149.28
	-427.2

	blkm
	0.528
	0.528
	0.539
	1,003
	890
	1,893
	l
	890
	1,003
	-49.84
	-56.168

	bry
	0.608
	0.608
	0.627
	303
	195
	498
	l
	195
	303
	-42.12
	-65.448

	burg
	0.296
	0.296
	0.291
	425
	1,003
	1,428
	c
	425
	1,003
	173.4
	409.224

	burt
	0.389
	0.389
	0.384
	190
	302
	492
	c
	190
	302
	42.18
	67.044

	bw
	0.424
	0.424
	0.422
	982
	1,325
	2,307
	c
	982
	1,325
	149.264
	201.4

	clk
	0.437
	0.437
	0.437
	336
	430
	766
	c
	336
	430
	42.336
	54.18

	frk
	0.535
	0.535
	0.547
	346
	299
	645
	l
	299
	346
	-20.93
	-24.22

	gin
	0.66
	0.66
	0.680
	362
	186
	548
	l
	186
	362
	-59.52
	-115.84

	har
	0.436
	0.436
	0.436
	380
	432
	812
	c
	380
	432
	48.64
	55.296

	jack
	0.408
	0.408
	0.405
	120
	173
	293
	c
	120
	173
	22.08
	31.832

	ken
	0.375
	0.375
	0.369
	341
	567
	908
	c
	341
	567
	85.25
	141.75

	mint
	0.364
	0.364
	0.358
	83
	147
	230
	c
	83
	147
	22.576
	39.984

	mur
	0.791
	0.791
	0.794
	106
	28
	134
	l
	28
	106
	-16.296
	-61.692

	ocon
	0.367
	0.367
	0.361
	547
	943
	1,490
	c
	547
	943
	145.502
	250.838

	pow
	0.374
	0.374
	0.368
	479
	805
	1,284
	c
	479
	805
	120.708
	202.86

	reed
	0.349
	0.349
	0.342
	136
	250
	386
	c
	136
	250
	41.072
	75.5

	rut8
	0.763
	0.763
	0.772
	103
	32
	135
	l
	32
	103
	-16.832
	-54.178

	scal
	0.275
	0.275
	0.271
	287
	756
	1,043
	c
	287
	756
	129.15
	340.2

	sout
	0.624
	0.624
	0.644
	444
	267
	711
	l
	267
	444
	-66.216
	-110.112

	stev
	0.651
	0.651
	0.671
	1,254
	671
	1,925
	l
	671
	1,254
	-202.642
	-378.708

	stwt
	0.514
	0.514
	0.524
	798
	753
	1,551
	c
	798
	753
	-22.344
	-21.084

	thom
	0.234
	0.234
	0.236
	152
	495
	647
	c
	152
	495
	80.864
	263.34

	vin
	0.365
	0.365
	0.359
	101
	175
	276
	c
	101
	175
	27.27
	47.25

	war
	0.786
	0.786
	0.790
	608
	164
	772
	l
	164
	608
	-93.808
	-347.776

	whit
	0.433
	0.433
	0.432
	106
	136
	242
	c
	136
	106
	18.224
	14.204

	Mean
	0.489
	0.489
	0.493
	
	Totals:
	8536
	14,081
	1888.344
	3857.328

	Total
	
	
	
	10882
	11735
	Pct Err:
	0.377
	Polarization Cost
	1888.344

	Polarization Index
	0.343
	Neutralization Cost:
	984.492
	Classification Plot:
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	Likelihood Ratio R-2:
	Tau-P
	Classification Table:
	

	0.0640
	.25
	
	1
	0
	

	Coefficients:
	S.E
	z
	P>z
	+
	6217
	3796
	

	carlib
	4.263
	0.100
	42.59
	0.000     
	-
	4665
	7939
	

	_cons
	-2.117
	0.050
	-42.60
	0.000
	T
	10882
	11735
	

	
	
	
	
	
	

	min-max
	0->1
	Marg. Effect
	# of observations
	

	    0.5321
	0.7879
	1.0644
	22617
	

	Lib.Rat = Liberal Rating; Pred. Prob = Predicted Probability; Class Errors = Model Classification Errors; Class Corr = Votes Classified Correctly; Min-Max = Change of coefficient from the minimum X to maximum X value; 0>1 = Change of coefficient from the value of 0 to 1; Marg. Effect = marginal change in coefficient
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