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It hardly needs saying that “political sophistication,” defined roughly as the quantity and organization of a person’s political cognitions (Luskin 1987), is central to our understanding of mass politics.  The variable claims main or conditioning effects on opinions, votes, and other political behaviors (as in, e.g., Bartels 1996, Delli Carpini and Keeter 1996, Zaller 1992, Althaus 1998, 2003; cf. Popkin 1991 and Lupia and McCubbins 1998).  The highly sophisticated and highly unsophisticated are different—in how they process new information, in what policy and electoral preferences they reach, in their level of political involvement (Zaller 1992, Delli Carpini and Keeter 1996, among many other relevant studies).  

We speak of “sophistication” but should note that “expertise,” “cognitive complexity,” “information,” “knowledge,” “awareness,” and other terms referring to “cognitive participation in politics” (Luskin 2003a) are closely related.  Expertise and, under some definitions, cognitive complexity are equivalent.  So, consistent with much of his usage, is Zaller’s (1992) awareness.
  All refer to organized cognition.  Information, which is cognition regardless of organization, and knowledge, which is correct information, are not quite equivalent but, especially in practice, very close.  The quantity of political information a person holds is highly correlated with both how well he or she has organized it and how accurate it tends to be.  “Large but disorganized belief systems, since long-term memory works by organization, are almost unimaginable.  Large but delusional ones, like those of the remaining followers of Lyndon LaRouche, who believe that the Queen of England heads a vast international drug conspiracy, are rare” (Luskin 2003b). 

The operational differences, these days, are smaller still.  Most early “sophistication” measures zeroed in on the organization rather than the quantity of stored cognition, focusing either on the individual-level use and understanding of political abstractions, notably including “ideological” terms like “liberal” and “conservative,” or on the aggregate statistical patterning of policy attitudes across individuals, done up into correlations, factor analyses, multidimensional scalings, and the like.  Campbell et al. (1960) and Converse (1964) set both examples.  But measures of these sorts are highly inferential.  Referring to someone or something as “liberal” or “conservative” is a relatively distant echo of actual cognitive organization, a correlation between, say, welfare and abortion attitudes a still more distant (and merely aggregate) one (Luskin 1987, 2002a, 2002b).  The problem is less with these particular genres than with the task.  Measuring cognitive organization is inherently difficult, especially with survey data. 

Thus the trend of the past decade-and-a-half has been toward focusing instead on the quantity of stored cognition—of “information”—that is there to be organized (Delli Carpini and Keeter 1996, Price 1999, Luskin 2002a).  “Information,” in turn, has been measured by knowledge, it being far easier to tally a proportion of facts known than the number of (correct or incorrect) cognitions stored.
  Empirically, knowledge measures do appear to outperform abstraction-based measures of cognitive organization (Luskin 1987).    

Speak, in short, though we may of “sophistication,” “information,” “expertise,” or “awareness,” we are just about always, these days, measuring knowledge.  But how best to measure it?  Knowledge may be more straightforwardly measured than information or cognitive organization, but knowledge measures still do not construct themselves.  Every concrete measure embodies nuts-and-bolts choices about what items to select (or construct) and how to convert the raw responses to those items into knowledge scores.  These choices are made, willy-nilly, but seldom discussed, much less systematically examined.  Delli Carpini and Keeter (1996) have considered the selection of topics for factual items, Nadeau and Niemi (1995), Mondak (1999, 2000), Mondak and Davis (2001), and Bennett (2001) the treatment of don’t-know (DK) responses, and Luskin, Cautrès, and Lowrance (2004) some of the issues in constructing knowledge items from party and candidate placements à la Luskin (1987) and Zaller (1989).  But these are the only notable exceptions, and they have merely broken the ice.
 
Here we attempt a fuller and closer examination of the choices to be made in scoring, leaving the issues in selecting or constructing items to a companion piece.  In particular, we consider the possibility of quantifying degrees of error, the treatment of DK responses, and the wisdom of corrections for guessing.  For placement items, we also consider the special problems of whether to focus on the absolute placements of individual objects or the relative placements of pairs of objects and of how to score midpoint placements in the first case and equal placements in the second.  We use the 1988 NES data, which afford a good selection of knowledge items.  

We focus mostly on consequences for individual-level correlation (and thus all manner of causal analysis), where the question is what best captures the relationships between knowledge and other variables.  But we also consider the consequences for aggregate description, where the question is what best characterizes the public’s level of knowledge.  Counterintuitively, the answers are not necessarily the same.  What improves the measurement for correlation may either improve or worsen it for description, and vice versa.  As we shall see.
Issues


For the measurement of knowledge, the scoring issues concern the mapping of responses onto some notion of correctness.  Most issues span both traditional factual items and those manufactured from placements of parties or candidates on policy or ideological scales, some arise only for the latter. Many also span both open- and closed-ended factual items, although only the closed-ended can be corrected for guessing or allow ready part-credit treatments of DKs.  Some become issues only given certain prior scoring decisions.  Let us sketch the principal issues, indicating the sorts of items and prior scoring decisions for which each arises in parentheses.   






Measuring degree (for all items).  Scorings may be either binary, translating responses into scores of 1 (correct) or 0 (incorrect or DK), or graduated, registering degrees of correctness.  Is identifying William H. Rehnquist as a U.S. Senator just as wrong as identifying him as a romance novelist?  Saying that a 5% unemployment rate is 10% as wrong as saying that it is 20%?  Placing George W. Bush at 3 (just left of center) on the NES’s seven-point liberal-conservative scale just as wrong as placing him at 1 (the most liberal point)?  In some cases, as with the unemployment rate, it is possible to compute the numerical distance from the correct answer, in others at least to give part credit to the less wrong of the wrong answers.     

Specifying the right answer (for graduated scorings).  For some items, like the identification of Rehnquist, the right answer is clear.  For many others, like the estimation of the unemployment rate, it is at least reasonably clear.  Experts may quarrel with their aptness or accuracy, but there are official statistics.  For placement items, however, the right answer is much less clear, indeed unknowable with any great precision.  Operationally, two of a larger number of possibilities are to use the mean placement by the whole sample or the mean placement by the most knowledgeable respondents by some independent measure.  

Quantifying degree (for graduated scorings).  For qualitative items like the identification of Rehnquist, this is a matter of assigning part-credit to less-wrong answers, but while the right answer is clear, the quantification of the error represented by any given wrong answer is largely arbitrary.  For numerical items like the unemployment rate and placement items, however, numerical differences between right and wrong answers can be calculated.  But then two subsidiary issues arise.  The first is of norming.  First, for items confined to some fixed interval, as both these examples are, should the difference be expressed as a proportion of the maximum difference possible?  For the unemployment rate and other percentages, the maximum difference is max (x, 100 – x), where x is the actual percentage.  For the NES placement items, scored from 1 to 7, the maximum difference is max (x - 1, 7 – x), where x is the true location.  The further the right answer is from 50 in the first case or 4 in the second, the further off wrong answers can be.  The second issue is of what loss function to adopt—of how to translate the raw numerical differences into “errors.”  They can be left as is, but it may make sense to transform them, for instance to penalize larger differences more heavily than smaller ones.  Someone who says that a 5% unemployment rate is 15% may be more than twice as wrong as someone who says it is 10%.  

Absolute vs. relative scoring (
for binary scorings of placement items).  Placements can be scored one-by-one, based on the side (liberal or conservative, left or right) on which each person, group, or party is placed, or in pairs, based on the order in which two people, parties, or candidates are placed.  Following Luskin, Cautrès, and Lowrance (2004), we term these scorings absolute and relative.  Under the first, placing George Bush père (or fils) on the liberal side of the liberal-conservative scale is incorrect, period; under the second, placing Bush to the liberal side of Michael Dukakis is incorrect, and placing him to the conservative side of Dukakis correct, regardless of where either is placed individually.  Zaller (1992) favors the first; Luskin (1987) began with the second but has used both (Luskin and Ten Barge 1995; Luskin, Cautrès, and Lowrance 2004).   

Strict vs. lenient scoring (for binary scorings of items having a middle category or midpoint, notably including the NES placement items).  If the portion of the federal budget devoted to foreign aid increases modestly, should responses saying that it has “stayed about the same” rather than “increased” be treated as right or wrong?  On placement items, whose midpoint is a matter of imprecise convention, some well-informed conservatives, left-shifting the scale, would call George W. Bush “moderate.”  And what about somebody like Colin Powell, who could as plausibly be called “moderate” as “conservative”?  On the other hand, we know that the midpoint is the preferred haven of many ignorant guessers (Converse and Pierce 1986, Luskin 2002), and it may therefore on balance make sense always to treat it as wrong.  For relative scorings of placement items, the issue becomes what to do about “ties”—placements, say, of George W. Bush and John Kerry at the same point (often but not always the midpoint).  We shall refer to scorings counting the midpoint or identical placements as correct as lenient, and to those counting them as incorrect as strict.  

The treatment of DKs (for all items).  The conventional practice, challenged recently by Mondak (1999, 2000; Mondak and Davis 2001), is to treat DKs as wrong.  Arguing that DKs are distinguished from correct responses as much or more by motivational variables like interest in politics and personality traits like self-confidence than by any difference in knowledge, Mondak suggests either tallying DKs and wrong answers separately or randomly assigning DKs to substantive response categories.  It is also possible to improve on Mondak’s random assignment idea by instead assigning all DKs the expected value from random guessing.  The question is which of these four scorings—conventional, two-variable, random assignment, or expected value—to adopt. 

Correcting for guessing (for all closed-ended items).  The intuition here is that if some people answer incorrectly because they are guessing unluckily, there must be others guessing luckily—giving but not actually knowing the right answer.  The expected value of any knowledge item scored 0 for incorrect answers and DKs and 1 for correct answers is therefore too high.  It can be brought back down to the actual percentage knowing the right answer by assigning incorrect answers a negative score determined by the number of response categories and an assumption about the distribution of guesses.  This is therefore actually two issues:  whether to correct for guessing and how to do so (what to assume about the distribution of guesses). 
Data

We use the 1988 NES data, which afford enough knowledge items to permit us to address most of these issues.
  
Knowledge Items

The NES data include seven open-ended “political figures” items asking respondents to identify the offices held by Edward Kennedy, George Schultz, William Rehnquist, Mikhail Gorbachev, Margaret Thatcher, Yasir Arafat, and Jim Wright; two binary closed-ended “party control” items asking which party has the majority in the House and which in the Senate; and five trinary closed-ended “trends” items asking whether the deficit, defense spending, inflation, unemployment, and federal efforts to protect the environment had increased, decreased, or stayed the same during the Reagan administration.  We take the right answers to be “decreased” for inflation, unemployment, and federal efforts to protect the environment and “increased” for the deficit and defense spending.

The only unfamiliar faces in this crowd are the trends items, not generally used as knowledge items and on the face of it less clearly suited to the purpose.  Some items of this sort may be too debatable to reveal much about knowledge as opposed to attitudes, and even many of the remainder may entail some ambiguity.  What is the right answer to a question asking whether federal spending on X has increased, decreased, or stayed about the same, when it may have increased in raw but not constant dollars or increased in both raw and constant dollars but not as a proportion of the federal budget?  Still, the five trends items aforelisted seem undebatable and clear enough to be useful, and their empirical performance, documented elsewhere (Luskin and Bullock 2004) establishes that they are.

The 1988 NES also asks respondents to place the then current presidential candidates (George Bush and Michael Dukakis), two other political figures (Ronald Reagan and Jesse Jackson), and the two major parties on seven-point scales for ideology (liberal-conservative) and eight policy dimensions (guaranteed standard of living, social equality for women, government provision of health insurance, government services and spending, defense spending, improving the social and economic status of blacks, improving the social and economic status of other minorities, and negotiating with Russia).  Since respondents were not asked about Reagan’s or Jackson’s position on health insurance, nor about Jackson’s position on women’s equality, the total number of placements is (6 * 9) – 3 = 51.  These can all be converted into binary knowledge items by scoring placements on the appropriate side of the scale (e.g., Bush on the laissez-faire side of the guaranteed-standard-of-living scale) or placement-pairs in the appropriate order (e.g., the Democrats to the liberal side of the Republicans on the liberal-conservative scale) as correct.  Alternatively they can be made into graduated knowledge items by calculating the distance between the placement and the candidate’s or party’s “true” location.  
Criterion Variables

We judge the validity of the alternative scorings with reference to six criterion variables:  four alternative but face-inferior measures of knowledge or some next-door variable like sophistication and two measures of other cognitive variables, namely education and intelligence.
  We expect the latter, as more distant correlates, to exhibit somewhat lower correlations than the former.  More specifically, we enlist:

Interviewer-rated information.  The interviewer’s rating, at the end of the interview, of the respondent’s “general level of information about politics and public affairs” on a 1-to-5 scale.  Despite its subjectivity, this item is surprisingly discriminating (Zaller 1986) and has previously been used, either by itself (Bartels 1996, Gay 2002) or as part of a multi-item index (Zaller 1992), to gauge knowledge.    

Number of likes and dislikes.  Respondents were asked what might make them want to vote for Bush, want to vote against Bush, want to vote for Dukakis, and want to vote against Dukakis; what they liked about the Democratic Party, disliked about the Democratic Party, liked about the Republican Party, and disliked about the Republican Party; what they liked about their Democratic House candidate, disliked about him or her, liked about their Republican House candidate, and disliked about him or her; and, finally, what they liked about what Reagan had done as President and disliked about what Reagan had done as President. They were probed for up to five responses to each question, making for up to 70 responses in all, although the observed count runs only to 45.  Kessel (1988) uses a similar measure, as does Smith (1989).  Despite obvious limitations—they confound knowledge with loquacity and ignores the meaningfulness and aptness of the likes and dislikes expressed—measures of this sort have been shown to have high item-total correlations in broader knowledge measures (Delli Carpini and Keeter 1993) and to load highly on general information factors (Smith 1989) .  

Number of party differences.  Similarly, up to six responses were recorded to an open-ended question asking respondents to describe the differences between the Democratic and Republican parties.  A vaguely similar question was the cornerstone of Converse’s (1964) measure of “recognition and understanding,” based on the meaningfulness, abstractness, and aptness of the responses, rather than their mere number.


More debatable trends.  Six questions about trends during the Reagan administration were too debatable to use in our main knowledge measures but sufficiently undebatable to include among our criteria.
  Three ask whether (a) “Social Security benefits,” (b) “federal spending on assistance to the poor,” and (c) “federal spending on public schools” had increased, decreased, or stayed about the same since 1980.  Another two ask whether “the … policies of the Reagan administration” (d) had “made the nation's economy better, [made it] worse, or [not] made much difference either way” and (e) had “made the United States more secure or less secure from its foreign enemies” or hadn't changed this very much.  The sixth asked whether (f) “federal efforts to protect blacks from racial discrimination [had] increased, decreased, or stayed about the same….”  We take the right answers, all somewhat debatably, to be (a) increased, (b) decreased, (c) decreased, (d) better, (e) more secure, and (f) decreased.
  Note the partisan balance, minimizing any contamination by attitudes toward the Reagan administration, toward which three of the “correct” answers are flattering, and three unflattering.
  This swiveling between pro- and anti-administration items also keeps the whole index’s alpha to a measly .10, but the alphas for the two three-item pro- and anti-administration indices separately are .45 and .52, which, projected back to six items via the well-known Spearman-Brown formula, become .62 and .68.   

Education (qua years of schooling).  The number of years, up to 17 for postgraduate study.  

Intelligence.  The interviewer’s rating, at the end of the interview, of the respondent’s “apparent intelligence” on a five-point scale.  Luskin (1990) and Luskin and Ten Barge (1995) argue the importance of cognitive ability as an influence on political sophistication and show that this admittedly crude measure works surprisingly well, as a growing literature in psychology would lead us to expect.  Ordinary people’s ratings of strangers’ intelligence, based only on “thin slices” of videotaped behavior (much thinner than an NES interview), correlate quite well with full-scale psychometric measures (Borkenau and Lieber 1993, Reynolds and Gifford 2001, Borkenau, Mauer, Riemann, Spinath and Angleitner 2004).  There is also much evidence that more intelligent people tend to know more, other things being equal, about any given subject (Brody 1992). 























Correlation

Now to the evidence.  
We group the knowledge items previously described into seven disjoint indices:  three averaging given kinds of factual items (political, figures, party control, and trends) and four averaging given kinds of placement items (parties on policy, parties on ideology, candidates on policy, and candidates on ideology).  Let us see how well these indices correlate with these criterion variables under alternative scorings of the knowledge items.
  
Absolute vs. Relative, Strict vs. Lenient

Our a priori specification of strictly correct absolute placements is that Dukakis, Jackson, and Democratic Party are liberal (1, 2, or 3), while Bush, Reagan, and the Republican party are conservative (5, 6, or 7).  Correspondingly, we stipulate that strictly correct relative placements put Dukakis and Jackson to the left of Reagan and Bush and the Democrats to the left of the Republicans.  We also stipulate that Reagan be to the right of Bush, and Jackson to the left of Dukakis.  We have already counted 51 absolute placement items.  The juxtapositions just mentioned make for seven relative placements on each policy or ideological dimension, excepting health insurance, on which respondents were asked to place neither Reagan nor Jackson, and women’s equality, on which they were not asked to place Jackson.  That leaves only two relative placements on health insurance and only four on women’s equality.  In all, therefore, there are (7 * 7) + 4 + 2 = 55 relative placements:  8 of the parties on policy, 1 of the parties on ideology, 40 of the candidates on policy, and 6 of the candidates on ideology.  

The correlations with the criterion variables, in Table 1, speak clearly regarding both issues.  One message is that both absolute and relative scorings should be strict.  The table contains 24 correlations for each treatment (strict-absolute, strict-relative, lenient- absolute,
(Table 1 about here)

lenient-relative).  For absolute scorings, 18 of the 24 correlations with strict scorings exceed the corresponding correlations with lenient scorings.  For lenient scorings, the figure is 24 out of 24. Across the table’s four tiers, the mean correlation with strict absolute scorings is  .486, while the mean correlation with lenient absolute scorings is .458, and the mean correlation for strict relative scorings is .344, while the correlation for lenient relative scorings is .250.  Midpoint placements should be counted as incorrect in absolute scorings, as should ties in 
relative ones.  

The other, still stronger message of Table 1 is that absolute measures are preferable to relative ones.  The strict absolute scorings outperform the strict relative ones in every case.  To repeat, the correlations average .486 with the strict absolute scorings, only .344 for strict relative ones.  Similarly, the lenient absolute scorings outperform the lenient relative ones in every case.  The correlations average .458 with the lenient absolute scorings, only .250 for lenient relative ones.  In fine, scoring respondents who say that both parties are conservative but the Republicans more so or both liberal but the Democrats more so correct cuts them too much slack.  
Degrees of Correctness

All the foregoing scorings are binary, treating given responses as either correct or incorrect.  The alternative, raised but never really pursued by Mondak (2001), is to treat correctness as a matter of degree.  This is difficult, as previously noted, for intrinsically qualitative items like most of those in these data.  It is easiest for intrinsically quantitative items with relatively undebatable right answers, like an open-ended question about the unemployment rate.  We do not have anything of quite that description in the 1988 NES, but the placement-based items are close enough to shed some light on this issue.  

To get from placements to degrees of error, three issues must be faced.  The first is of the numerical location, not just the side, of the party or candidate being placed.  The two most general and readily implemented estimates are the mean placement by the whole sample and the mean placement by the most knowledgeable respondents, according to some independent knowledge measure.  We use the highest decile on the overall fourteen-item factual knowledge index.  The second issue is whether to norm the distance between the placement and the correct location against the maximum distance possible.  The maximum error that can be made in placing an object that is actually at 4 is 3, whereas the maximum error that can be made in placing an object that is actually at 6 is 5.  The further the actual location from the midpoint, the greater the room for misplacement.  Thus we try dividing each distance by the maximum distance of max (7 - x, x - 1), where x is the true location.  The third issue is of what loss function to adopt.  We try both the distance and the squared distance (linear and quadratic losses).  These second and third issues are grouped above under the heading of “quantifying degree.”


Table 2 reports the correlations between our six criterion variables and the mean absolute and mean squared errors, with and without norming, under each definition of correct location.  They are accompanied, for comparison’s sake, by the corresponding index based on the 
(Table 2 about here)

conventional binary scoring, labeled as “correct-incorrect.”  In keeping with the lessons above, the correct-incorrect scoring is strict, based on absolute placements.  

In passing, we note that the indices defining correct locations as the mean locations ascribed by the most knowledgeable respondents work far better than those defining them as the mean locations ascribed by the whole sample.  Their correlations with the criteria average nearly twice as high.  It may be added that given correct locations thus defined as the means ascribed by the most knowledgeable respondents, the squaring the distance would seem to be a mistake. 

But the most important result here is that the binary, correct-incorrect scoring dominates any effort to reckon degrees of correctness.  Its correlations with the criterion variables are overwhelmingly greater than those of any of the alternatives.  Linear or quadratic, normed or unnormed, under whichever operationalization of “true” location, scorings of the degree of error fare decidedly worse.  It is probably true that incorrect answers sometimes, and thus on average, reflect some nonzero degree of knowledge.  It is certainly true that correct answers often reflect some guesswork.  But the averaging together of multiple items lets these two sorts of error in the conventional scoring counterbalance each other.  The more guesswork there is in a correct response to any given item, the likelier the respondent is to get other items wrong, and the more knowledge there is in an incorrect response to any given item, the likelier the respondent is to get other items right.  In practice, therefore, wrong answers are best counted simply as wrong.  
Don’t Know’s

So far we have hewed to the conventional treatment of DKs, lumping them together with incorrect answers.  Both responses are presumed to reflect ignorance.  This practice has recently been challenged, however, by Mondak (1999, 2001; Mondak and Davis 2001), who argues that DKs are distinguished from correct responses by the respondent’s propensity to guess, in turn a function of motivational variables like interest in politics and personality traits like self-confidence, as much as or more than by any difference in knowledge.  This does seem to be true of DKs to attitude items (Krosnick and Fabrigar 2004).  Whether it is true of DKs to knowledge items is a separate and largely unexplored question. 

For correlation, parenthetically, Mondak’s claims that both DKs and wrong answers are more informed than conventionally thought tend to undermine each other’s importance.  Descriptively, the two leave the distributions of conventional knowledge measures doubly in need of (upward) correction.  But for correlation they are at least partially offsetting, unless the degrees of part credit are extremely unequal.  In the extreme, giving DKs and wrong answers exactly equal part credit leaves the conventional scoring’s relations to other variables completely unaltered.  If we score both at, say, .4 instead of 0, we wind up with a binary variable scored 
(1, .4) instead of (1, 0)—which as a linear transformation won't affect any correlations and will affect unstandardized regression coefficients only on the surface.  

Mondak’s suggestions regarding DKs are three:  (a) that the questionnaire press persistently enough for substantive responses to leave few if any DKs to be dealt with; (b) that DKs be randomly assigned to substantive response categories (drawing from a uniform distribution);
 and (c) that the usual knowledge measure consisting of the proportion of items answered correctly (call it C) be bifurcated into the proportions of incorrect responses (I) and of DKs (D).
  We have no evidence directly bearing on (a) but can examine (b) and (c).  

We take (c) first, suspending some theoretical discomfort with the whole idea.  In our view, knowledge is a single variable, and if DKs and wrong answers should be scored differently, we should score them differently, not split the variable in two.  That said, we can compute the multiple correlation between each of the six criterion variables and the proportions of incorrect and DK responses (call it RID), and compare it with the corresponding bivariate 
(Table 3A about here)

correlation between the criterion variables and the proportion of correct responses (call it rC).  Note that RID must equal or exceed—in practice, always exceed— rC.  But it does so, the results in Table 3A make clear, by the merest of whiskers.  The mean rC 
is .563, the mean RID only .567.
  J tests (Davidson and MacKinnon 1981) indicate that the improvement in fit from using I and D in place of C, reflected in the difference between RID and rC, is statistically significant in only two of 42 cases—almost exactly the five percent expectable by chance when there is never in fact any difference.
  So much for (c).    

Now consider (b).  This, too, in this case for methodological rather than theoretical reasons, strikes us as an odd suggestion.  Rescoring all DKs nonstochastically upward while leaving incorrect answers at 0 would be one thing.  Randomly rescoring some of the DKs as 1 while leaving others as 0 is quite another.  The deliberate injection of random error cannot be expected to do anything but attenuate the correlations with the criterion variables (indeed with anything).  

Call this latter, Mondak’s suggested rescoring, M.  A manifestly better version of the same idea would be to assign all DKs the expected value from random assignment to substantive response categories—.50 if there are just two such categories, .33 if there are three, and so forth.  Call this nonstochastically rescored version M*.  By construction, E(M*) = E(M), but M* injects no random error.  In the interest of giving the idea of part credit for DKs its best shot, we examine M* as well as M.

Table 3B shows the correlations between our criterion variables and M, M*, and the conventional measure.  We score the trends criterion conventionally, treating DKs as wrong, but note that the issue does not really arise for any of the other criteria and that the correlations with 

all the criteria follow the same pattern.  Mondak’s random part-credit measure M fares worst across the board.  Predictably, the nonrandom part-credit version M* fares somewhat better.  But the highest correlations belong to the conventional scoring treating DKs as wrong.  The correlations average .431 with M, .454 with M*, and .512 with the conventional measure.  DKs are best treated simply as wrong.
Corrections for Guessing

Another possibility, for closed-ended items, is to impose a “correction for guessing,” penalizing wrong answers by assigning them some negative score.  The underlying assumptions are that everyone either knows the right answer or doesn’t, that those who know the right answer give it, and that those who don’t either admit as much (saying DK) or guess, either luckily (answering correctly) or unluckily (answering incorrectly).
  From this perspective, the problem with the conventional scoring is that while all the DKs and wrong answers represent ignorance, not all the right answers, because they include some lucky guesses, represent knowledge.  Compared to the actual knowledge variable, scored 1 for those who actually know and 0 for those who don’t (whether guessing luckily or not), the expected value is too high.  

More precisely, let pK and pNK be the probabilities of knowing and not knowing the right answer (pK + pNK = 1), pD/NK, and pG/NK be the probabilities of saying DK, and guessing (pD/NK + pG/NK = 1) among those who don’t know the right answer; pR, pW, and pD be the probabilities of answering correctly, answering incorrectly, and saying DK (pR + pW  + pD = 1); and pR(K and pR(G be the probabilities of answering correctly given that one knows the right answer and given that one guesses.  Note for later discussion of aggregate implications that all these probabilities can equivalently be viewed as marginal or conditional proportions of the population.  Let X be the actual knowledge variable, defined as described, and x be the conventionally scored observed variable.  Plainly, the expectation of X is E(X) = pK, the proportion knowing the right answer.  But assuming again that everyone who knows the right answer provides it (pR(K = 1), that at least some respondents do guess (pG > 0), and that at least some guess right (pR(G > 0), 


E(x) = pR = (pK + pR(GpG)(1) + [pD + (1 - pR(G)pG](0)  



= pK + pR(GpG > pK.
That is, E(x) exceeds E(X) by the proportion of lucky guessers, which is the problem. 

The guessing-corrected variable x*, by contrast, scores right answers as 1 and DKs as 0 but wrong answers as -pR(G/(1 - pR(G).  Thus if guessers have a one-fourth probability of guessing correctly (pR(G = 1/4), wrong answers are scored as -1/3.  This penalty for wrong answers brings the expectation of x* back down to that of the actual knowledge variable X:


E(x*) = (pK + pR(GpG)(1) + pD(0) + [(1 – pR/G)pG][-pR(G/(1 - pR(G)]



= pK = E(X).

Of course specifying pR(G requires a further assumption about the distribution of guesses.  For most items, the simplest and most pleasing assumption is that the distribution of guesses is uniform, meaning that every substantive response category has the same probability of being chosen = 1/C, where C is the number of substantive response categories.  Then for binary items, true-false items for example, incorrect answers are scored as -1.  For trichotomous items, they are scored as -1/2.  And so on.  For the NES placement items, if we make this assumption, the calculation is more complex and contingent, since either three or four categories count as correct, depending on how the midpoint is treated.  Under the strict scoring favored by the results above, pR(G = 3/7, and wrong answers (including the midpoint) receive a score of -3/4.  Under a lenient scoring, pR(G = 4/7, and wrong answers (excluding the midpoint) receive a score of -4/3.  

For placement items, however, a symmetric but non-uniform distribution peaking at the midpoint, where the ignorant are well known to congregate, is more appealing.  Figure 1 shows the distribution of the non-DK placements by the 62 respondents not answering any of the 

(Figure 1 about here)

factual items correctly.  Surely they, when venturing a placement, are mostly guessing.  As is immediately apparent, this distribution is markedly and significantly different from uniformity (p < 6.86 * 10-12).  Instead it resembles the symmetric but nonuniform distribution in which the midpoint is twice as likely to be chosen as any other scale point, and the remaining six equally likely to be chosen (so that the probabilities are 1/8, 1/8, 1/8, 1/4, 1/8, 1/8, 1/8).   The resemblance is significantly imperfect (p < .024) but close enough for present purposes.  Using this nonuniform distribution, pR(G = 3/8, and wrong answers are scored as -3/5 counting the midpoint as incorrect.  Counting the midpoint as correct, pR(G = 5/8, and wrong answers are scored as -5/3.    

At first blush, correcting for guessing may seem the opposite of giving DKs part credit.  Descriptively, it is.  The one adjustment gives lifts DKs from 0 to some positive score; the other demotes wrong answers some from 0 to some negative score.  But for correlation the two have similar effects.  Whether by lowering the values for wrong answers or by raising the values for DKs, both score the latter higher than the former.  In either case, the order becomes correct, DK, incorrect.  

Table 4 presents the correlations between the criterion variables and our summary factual and placement indices, both corrected and uncorrected for guessing.  The factual index contains only the party control and trend items, since the political figures items are open-ended and thus 

(Table 4 about here)

uncorrectable for guessing.  For the placement index, we consider both corrections based on a uniform distribution and corrections based on the nonuniform but symmetric distribution just described.

Like the scorings giving part credit for DKs, those incorporating corrections for guessing fare worse than the conventional scoring.  The correlations with the guessing-corrected factual measure average .457, as against .499 for the uncorrected measure.  They average .445 for a uniform distribution of guesses and .467 for the symmetric but nonuniform distribution we try.  The correlations with the conventional index, however, average still higher, at .525.

Evidently, corrections based on the symmetric but nonuniform distribution are somewhat superior to those based on the uniform distribution, but the conventional—uncorrected—scoring is still best.  This initially surprised us but needn’t have.
Aggregate Description

Most work on mass politics is rightly concerned with explanatory questions.  Most is understandably pitched at the individual level.  The main variables may for some purposes be aggregated up to say the state or country level but are typically defined at the individual level.  Thus we have given priority, in considering the measurement of political knowledge, to the merits for individual-level analysis of a correlational sort.  But the general level of knowledge characterizing any given public at any given time is also important.  The quality and thrust of mass politics depend on how much people typically know about what is going on.  

Table 5A presents the mean percentages giving the right answer, saying they don’t know, and giving the wrong answer to each of the items in our factual indices (where the mean percentage of correct answers is the mean of the conventionally scored items in a given index).  The results show most people missing most of these items.  On average, 47.8% answer them correctly, although the percentage does vary somewhat, from 41.9% for the open-ended political 

(Table 5 about here)

figures items, to 50.9% for the closed-ended trends items, to 56.7% for the closed-ended party control items.  Unsurprisingly, the closed-ended items seem easier.  The percentage answering DK, complementarily, is highest for the open-ended political figures items.  
On the whole, the placement items draw somewhat fewer correct answers than the factual ones.  Table 5B presents the parallel results.  The means are generally low, averaging 42.5%, although slightly higher for candidates than for parties and decidedly higher for ideology than for policies.  

But what to make of these numbers?  The question takes us back to scoring issues.  The largely undrawn but nonetheless clear implication of Mondak’s notion that many DKs come from people who do know, at least in some degree, but lack the confidence or motivation to answer is that the conventional scoring understates the public’s level of knowledge.  The rationale for corrections for guessing more explicitly implies that they overstate it. 

For correlation, we have already seen that guessing-corrected scorings fare less well than the conventional one and that scorings giving DKs part credit fare still worse.  But the best measurement for correlation may not always the best measurement for aggregate description and vice versa.  The point should be obvious—getting the actual knowledge variable’s mean right(er) and getting its variances and covariances right(er) are not the same thing—yet we have not seen the possibility of this divergence explicitly remarked.  

An especially forceful and relevant illustration concerns corrections for guessing.  Counterintuitively, the correction-for-guessing assumptions that the knowledgeable always answer correctly, while the ignorant either admit they don’t know, guess incorrectly, or guess correctly turn out to imply that a guessing-corrected knowledge item is necessarily less highly correlated with actual knowledge (knowing versus not knowing) than is the uncorrected version.  Appendix A provides the math.  Yet for aggregate description, the same assumptions continue to imply that corrections for guessing improve the measurement of knowledge, indeed render it unbiased, as already shown.  

Of course, these assumptions are far from incontestable, even as approximations.  In particular, one might assume, in support of part credit for DKs, that not everyone who knows the right answer provides it, that some of them instead say DK.  In notation straightforwardly extended from above, we might assume simply that pR(K + pD/K = 1, rather than that pR/K = 1 and pD/K thus = 0.  Then the expected value of the conventional measure becomes 


E(x) = pR = [(1 - pD/K )pK + pR(GpG](1) + [pD/KpK + (1 - pR(G)pG](0)  



= pK - pD/KpK + pR(GpG ,  
which may greater than, smaller than, or equal to E(X) = pK, depending on whether the proportion of lucky guessers (pR(GpG) exceeds, falls short of, or equals the proportion of knowledgeable DKs (pD/KpK).

Our data can shed some light on this issue.  The factual items can be used to estimate the level of knowledge behind each kind of placement response (correct, incorrect, midpoint, and DK), and the placement items in turn used to estimate the level of knowledge behind each kind of factual response (correct, incorrect, DK).  The results, in Tables 6 and 7, are striking. 
(Tables 6 and 7 about here)

Consider first the tables’ first tiers.  The right answers, despite some admixture of lucky guessing, come from the most knowledgeable respondents, the wrong answers from decidedly less knowledgeable ones.  On placement items, the respondents giving midpoint responses look about the same as those giving wrong answers.  Those placing, say, the Republicans at the midpoint of a liberal-conservative or policy scale are just as ignorant as those placing them on the liberal side.  
But the most ignorant respondents, by an appreciable margin, are those saying DK.
  

Granted, the mean knowledge levels of those saying DK are still well above zero, averaging about .35 for placement items and about .17 for factual items, and it may be tempting to regard these numbers as evidence that DK responses do conceal substantial knowledge after all.  But consider:  Even if everyone saying DK to a given item really had no idea of the right answer, we should still expect most to know the answers to some other items.  Not many, perhaps, but some.  We should also expect many of them to guess luckily at the answers to yet other items.  These are presumably the sources of most of the DK-sayers’ correct answers to other items.  Taking them into account would greatly lower the knowledge means for the DK responses.  The knowledge means would remain above somewhat zero, even after taking these factors into account, at least partly because some DK responses do conceal some knowledge.  But they could not be much above zero, nor could the level of knowledge inferable from them therefore be very high.         

Granted, too, the independent knowledge measures in the first tiers of these tables are conventionally scored, with the DKs at 0.  If DK responses are more a function of ennui or timidity than of ignorance, some of the tendency of those saying DK to any given item to score low on an independent knowledge measure treating DKs as incorrect may be because some respondents are chronic DK-sayers.  Thus we also try scoring the independent knowledge measure so as (a) to count only the proportion of a given respondent’s non-DK responses that are correct and (b) to give the DKs part credit equal to the expected value from random guessing from a uniform distribution, as in M*.  The results, in the tables’ second and third tiers, show that the gap between the DKs and the incorrect answers narrows but does not vanish.  The DKs are still the most ignorant responses.

Furthermore, some—in our view, a much larger share—of the tendency of those saying DK to any given item to score low on independent knowledge measures treating DKs as incorrect must stem instead from “correlated ignorance”:  the respondents who in fact do not know the answer to any given item do not know the answers to many other items either.  Hence it is by no means clear that the results in these tables’ second tiers, which discard those respondents who are frequently answering DK because they do not in fact know much, give a truer picture than the results in the first tiers.  

All told, these results give the notion that DKs come in any large measure from people who do rather know an ice bath.  The people answering DK know vastly less than the people giving the right answer.  They know markedly less than the people making midpoint placements.  They even know markedly less than the people giving wrong answers.  These are not, by and large, people who are actually knowledgeable, just too diffident or uninvolved to venture a response.  By and large, they really don't know.  

Regarding the idea of giving DKs part credit, therefore, the verdicts for correlation and aggregate description are the same.  It is a bad idea for both.  The same, by the way, is true of lenient scorings of midpoint placements.  We saw above that counting them as correct worsened the measurement of knowledge for correlation.  Now we see that it worsens it for aggregate description as well.  The mean factual knowledge score for midpoint placements is much lower than for correct placements and scarcely higher than for incorrect placements.  
Discussion

Let us recap.  We have considered issues of both selection and scoring in the fashioning of concrete knowledge measures, focusing on the consequences for individual-level correlation while also sketching some consequences for aggregate description—and making the point that what best serves one purpose may not always best serve the other.  We have examined both fact- and placement-based measures.

Among our more striking and clearer-cut findings regarding correlation are 
that absolute scorings of placement items outperform relative ones, that strict scorings outperform lenient ones, and that scoring correctness as a matter of degree, giving DKs stochastic or fixed part credit, and correcting for guessing all worsen the measurement.  

These conclusions remain tentative, to be sure.  The 1988 NES affords only a limited sample of items.  We have only one kind of open-ended item (concerning political figures) in just one format (name recognition) and only two kinds of closed-ended item (trends and conditions during the Reagan administration and party control of the Houses of Congress) in only one format apiece.  Perhaps other open-ended items would do better; perhaps other closed-ended items would do worse.  Other data, especially from other times or places, might render different verdicts.  
So far, however, Luskin, Cautrès, and Lowrance (2004), examining some of the correlational properties of placement-based measures in the French national election study of 1995, simply make this a duet.  

There also remain other issues to be examined.  For example, how would scorings of the degree of correctness based on yet other definitions of correct locations fare?  Mean ratings by experts (say political scientists specialized in electoral politics), presumably with some adjustment for the rater’s own politics, might be tried.  For parties and other sufficiently large political groups, it would also be possible to try the mean self-placement by either all the group members or identifiers in the sample or the most committed, active, or sophisticated of them.  These are a few of the questions we leave for future research. 

It may, however, be worth singling out one matter we have deliberately not raised.  We refer to the tendency of women to say DK more readily, or at least more frequently, than men.  Based on some of Mondak’s work (xxxx and especially Mondak and Anderson 2004) and scattered conversations with scholars familiar with it, we fear the field is in danger of becoming sex-obsessed.  We are amazed to find that some people consider this apparent tendency a persuasive argument against treating DKs as incorrect.  The reason we do not examine the relationship between sex and DK responses is that, while interesting and doubtless worth studying, it is not directly relevant.

The econometrician Jan Kmenta used to be fond of saying that “all models are misspecified.”  We should add, in the same spirit, that all assumptions are wrong and—to the present point—that all measures are imperfect.  Any knowledge item will misclassify some respondents.  It may be for reasons correlated with sex.  It may be for other reasons.  We are quite prepared to believe that some women who know the correct answer say DK.  So do other people, of other descriptions.  And other people, of various descriptions, give the correct answer without really knowing it.  The question, as always, is what sorting works best on the whole.  Does treating DKs as incorrect result in measures that work better or worse than the alternatives?  The answer, above, is pretty clear.        

For scoring for correlation, then, our results are methodologically comforting.  They favor simplicity and reassert common sense.  The traditional scoring works best.  Wrong answers may sometimes reflect some degree of knowledge, but if so it appears to be too elusive to be captured in a way that does anything but worsen measurement.  Assigning DKs randomly to response categories is also a change for the worse, as to a lesser degree is giving them all part-credit equal to the expected value of the random assignment.  So, even, for all their intuitive appeal (resting on their value for aggregate description), are corrections for guessing.  

For aggregate description, the picture is partly the same and partly different.  Our conclusions on this head are more inferential, but the results continue to suggest the folly of any dispensation for DKs.  The people giving DKs to any given knowledge item are distinctly more ignorant on other knowledge items (no matter how scored), than those giving incorrect or, on placement items, midpoint responses, who are in turn far more ignorant than those giving correct responses.  It does not appear that DKs reflect any more knowledge than incorrect answers.  Indeed, since people responding DK because they really don’t know can be expected to know the answers to some other items, the level of knowledge they display is not appreciably greater than if “don’t know” always meant “don’t know.”  Giving DKs part credit, whether stochastic or fixed, is harmful for aggregate description, just as for correlation.  In particular, it creates the impression of a public decidedly better informed than it is.  Even the conventional scoring is flattering, counting lucky guesses as correct.  Giving DKs part credit lays it on with a trowel.  

Corrections for guessing, on the other hand, look helpful for aggregate description, despite being harmful for correlation.  The people giving incorrect answers to any given knowledge item are vastly more ignorant on other knowledge items (no matter how scored), than those giving correct responses.  While they do seem somewhat more knowledgeable than those responding DK, the gap between them and those responding correctly is much greater.  The conventional scoring, therefore, is bound to leave the mean knowledge level too high.
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Appendix A
Proof that Guessing-Corrected Items Must Have Lower Correlations than Conventionally Scored Items with Actual Knowledge


In keeping with the notation in the text, let the actual knowledge variable X = 1 for those who actually know the right answer and = 0 for those who don’t; let the corresponding, conventionally scored binary knowledge item x = 1 for correct answers 

(Table A1 about here)

and = 0 for incorrect answers or DKs; and let the guessing-corrected item x’ = 1 for correct answers, 0 for DKs, and -pR(G/(1 -  pR(G) for incorrect answers.  Again we let pK and pNK be the probabilities of knowing and not knowing the right answer; pD/NK, and pG/NK be the probabilities of saying DK and guessing; pR, pW, and pD be the probabilities of answering correctly, answering incorrectly, and saying DK; and pR(K and pR(G be the probabilities of answering correctly given that one knows the right answer and given that one guesses.  And again we assume that everyone who knows answers correctly (pR/K = 1), that not everyone knows the answer (pK < 1) that some of those who don’t know say DK while others guess (0 < pD/NK < 1), and that some but not all guesses are correct (0 < pR/G < 1).  The probability distributions of X, x, and x’, are then as given by Table A1.  Note that E(X) = E(x’) = pK, while E(x) = pK + pR(GpG.

Now consider the covariances of x and x’ with X, with the aid of Table A2, giving the relevant joint distributions.  The cells contain the probabilities of given pairs of values, the column and row margins the marginal or univariate probabilities.  It should be clear that C(x’, X) = C(x, X) = pK, where C denotes covariance.  The marginal distributions in Table A2 also permit calculation of the variances of x and x’, which are
(D1)
V(x’) = (1)(pK + pR(GpG) + (0)(pD) + (pR(G)2(1 -pR(G)pG/(1 -  pR(G)2 - pK2
          
          = (pK + pR(GpG) + (pR(G)2(1 -pR(G)pG/(1 -  pR(G)2 - pK2
and 
(D2)
V(x) = (1)(pK + pR(GpG) + (0)[pD + (1 -pR(G)pG]  - [pK + pR(GpG]2
                    = (pK + pR(GpG) - [pK + pR(GpG]2
                    = (pK + pR(GpG)(1 – (pK + pR(GpG)),

where V denotes variance. 

Recall that by definition the denominators of the correlations between X and x’ and between X and x differ only in the presence of V(x’) versus V(x):
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Since the numerators are equal, the presence of V(x’) versus V(x) is in fact the only difference between the correlations.  And if V(x’) > V(x), the correlation between x’ and X must be smaller in absolute value than the correlation between x and X (
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Now, from (A1) and (A2), 

V(x’) - V(x) = (pR(G)2(1 -pR(G)pG/(1 -  pR(G)2 - pK2 + (pK + pR(GpG)(pK + pR(GpG),
and V(x’) > V(x) if and only if the righthand side > 0.  Straightforward if somewhat tedious manipulation reduces this condition to 


(pR(G)2pG + (2pR(GpG + pR(GpG2)(1 - pR(G) > 0.
Note that (pR(G)2, pG, pR(GpG, pR(GpG2, and (1 - pR(G), all probabilities or squares or products of probabilities, must all be greater than 0 under the stated assumptions.  Thus V(x’) > V(x), and 
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Table A
Probability Distributions of X, x, and x’
1.  Univariate
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pK + pR(GpG
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pD + (1 -pR(G)pG
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pK + pR(GpG 

 

x’
0


pD

-pR(G/(1 -  pR(G)
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2.  Joint

	x

	X
	
	0
	1
	

	
	0
	pD + (1 -pR(G)pG
	pR(GpG
	pD + pG

	
	1
	0
	pK
	pK

	
	
	pD + (1 -pR(G)pG
	pK + pR(GpG
	


	x’

	X
	
	-( pR(G)/(1 -  pR(G)
	0
	1
	

	
	0
	(1 -pR(G)pG
	pD
	pR(GpG
	pD + pG
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Table 1

Correlations of Variously Scored Placement Measures with Criterion Variables

	
	
	Rated Info. 
	Likes/ Dislikes
	Party Diffs.
	Trends
	Educ.
	Rated Intell.
	Mean

	Party Ideology
	
	
	
	
	
	
	

	
	Strict Absolute
	.540
	.562
	.396
	.383
	.448
	.461
	.465

	
	Strict Relative
	.282
	.377
	.249
	.249
	.263
	.257
	.280

	
	Lenient Absolute
	.511
	.494
	.341
	.355
	.418
	.434
	.426

	
	Lenient Relative
	.163
	.224
	.160
	.192
	.182
	.183
	.184

	Party Policy
	
	
	
	
	
	
	

	
	Strict Absolute
	.554
	.622
	.513
	.441
	.401
	.417
	.491

	
	Strict Relative
	.385
	.526
	.499
	.331
	.321
	.314
	.396

	
	Lenient Absolute
	.566
	.550
	.439
	.400
	.415
	.430
	.466

	
	Lenient Relative
	.252
	.295
	.282
	.249
	.274
	.238
	.265

	Candidate Ideology
	
	
	
	
	
	
	

	
	Strict Absolute
	.566
	.574
	.411
	.424
	.463
	.465
	.484

	
	Strict Relative
	.350
	.396
	.229
	.329
	.321
	.318
	.324

	
	Lenient Absolute
	.551
	.527
	.355
	.397
	.444
	.449
	.454

	
	Lenient Relative
	.281
	.317
	.199
	.276
	.282
	.278
	.272

	Candidate Policy
	
	
	
	
	
	
	

	
	Strict Absolute
	.593
	.629
	.498
	.439
	.419
	.450
	.505

	
	Strict Relative
	.370
	.518
	.378
	.335
	.338
	.314
	.375

	
	Lenient Absolute
	.600
	.573
	.434
	.420
	.433
	.458
	.486

	
	Lenient Relative
	.247
	.354
	.291
	.278
	.287
	.224
	.280


Table 2
Degrees of Correctness
	
	
	Rated
Info.
	Likes/
Dislikes
	Party
Diffs.
	Trends
	Educ.
	Rated
Intell.
	Mean

	
	
	
	
	
	
	
	

	High-Information Respondents
	
	
	
	
	
	
	

	
	Distance
	-.369
	-.372
	-.279
	-.277
	-.372
	-.348
	-.358

	
	Squared Distance
	-.333
	-.330
	-.253
	-.251
	-.338
	-.322
	-.324

	
	Normed Distance
	-.329
	-.349
	-.278
	-.247
	-.328
	-.300
	-.323

	
	Squared Normed Distance
	-.268
	-.281
	-.230
	-.202
	-.276
	-.250
	-.265

	All Respondents
	
	
	
	
	
	
	

	
	Distance
	-.209
	-.152
	-.082
	-.123
	-.279
	-.238
	-.194

	
	Squared Distance
	-.225
	-.181
	-.116
	-.147
	-.282
	-.250
	-.214

	
	Normed Distance
	-.151
	-.116
	-.078
	-.083
	-.222
	-.177
	-.146

	
	Squared Normed Distance
	-.163
	-.147
	-.114
	-.108
	-.223
	-.182
	-.165

	Correct-Incorrect
	.609
	.650
	.511
	.460
	.448
	.474
	.543


Table 3A

DK Treatments: Correct versus Incorrect and DK Measures

	
	Rated Info. 
	Likes/ Dislikes
	Party Diffs.
	Trends
	Educ.
	Rated Intell.
	Mean

	
	
	
	
	
	
	
	

	Political Figures
	
	
	
	
	
	
	

	Incorrect and DK
	.624
	.590
	.386
	.432
	.477
	.500
	.502

	Correct
	.584
	.565
	.366
	.399
	.466
	.475
	.476

	
	
	
	
	
	
	
	

	Party-Control
	
	
	
	
	
	
	

	Incorrect and DK
	.477
	.471
	.318
	.361
	.345
	.355
	.388

	Correct
	.452
	.456
	.310
	.356
	.319
	.341
	.372

	
	
	
	
	
	
	
	

	Trends 
	
	
	
	
	
	
	

	Incorrect and DK
	.544
	.538
	.374
	.484
	.435
	.452
	.471

	Correct
	.515
	.523
	.365
	.479
	.427
	.437
	.458

	
	
	
	
	
	
	
	

	Party/Ideology
	
	
	
	
	
	
	

	Incorrect and DK
	.512
	.504
	.358
	.345
	.417
	.424
	.427

	Correct
	.471
	.490
	.346
	.336
	.392
	.401
	.406

	
	
	
	
	
	
	
	

	Party/Policy
	
	
	
	
	
	
	

	Incorrect and DK
	.552
	.590
	.483
	.417
	.392
	.414
	.475

	Correct
	.524
	.588
	.482
	.415
	.382
	.399
	.465

	
	
	
	
	
	
	
	

	Candidate/Ideology
	
	
	
	
	
	
	

	Incorrect and DK
	.537
	.527
	.378
	.387
	.429
	.431
	.448

	Correct
	.515
	.521
	.375
	.385
	.422
	.422
	.440

	
	
	
	
	
	
	
	

	Candidate/Policy
	
	
	
	
	
	
	

	Incorrect and DK
	.605
	.620
	.490
	.430
	.422*
	.458+
	.504

	Correct
	.586
	.620
	.488
	.428
	.416
	.446
	.497


* p < .05, + p < .10

Note:  Entries are bivariate r’s for “Correct” and multiple R’s for “Incorrect and DK.”  J-tests (Davidson and MacKinnon 1981) were used to determine whether incorrect and DK counts offered a significantly better fit.  Superscripted symbols (* and +) denote the cases in which they did.
Table 3B
DK Treatments: Rescorings Giving Stochastic or Fixed Part-Credit 
	
	Rated
Info.
	Likes/
Dislikes
	Party
diffs.
	Trends
	Educ
	Rated
Intell.
	Mean

	
	
	
	
	
	
	
	

	Party-Control
	
	
	
	
	
	
	

	M
	.291
	.323
	.218
	.273
	.205
	.221
	.255

	M*
	.348
	.366
	.253
	.299
	.242
	.270
	.296

	Conventional
	.452
	.455
	.310
	.355
	.321
	.341
	.372

	
	
	
	
	
	
	
	

	Trends 
	
	
	
	
	
	
	

	M
	.448
	.465
	.322
	.447
	.372
	.379
	.406

	M*
	.470
	.489
	.343
	.461
	.396
	.404
	.427

	Conventional
	.515
	.525
	.368
	.484
	.423
	.437
	.459

	
	
	
	
	
	
	
	

	Party/Ideology
	
	
	
	
	
	
	

	M
	.338
	.365
	.262
	.246
	.278
	.294
	.297

	M*
	.364
	.403
	.286
	.282
	.312
	.322
	.328

	Conventional
	.474
	.488
	.345
	.336
	.394
	.404
	.407

	
	
	
	
	
	
	
	

	Party/Policy
	
	
	
	
	
	
	

	M
	.330
	.447
	.399
	.309
	.261
	.262
	.335

	M*
	.366
	.482
	.429
	.339
	.289
	.296
	.367

	Conventional
	.526
	.589
	.484
	.419
	.383
	.401
	.467

	
	
	
	
	
	
	
	

	Candidate/Ideology
	
	
	
	
	
	
	

	M
	.397
	.419
	.309
	.326
	.339
	.342
	.355

	M*
	.423
	.447
	.326
	.343
	.358
	.358
	.376

	Conventional
	.516
	.519
	.373
	.385
	.422
	.423
	.440

	
	
	
	
	
	
	
	

	Candidate/Policy
	
	
	
	
	
	
	

	M
	.411
	.510
	.428
	.342
	.320
	.327
	.390

	M*
	.446
	.542
	.454
	.365
	.339
	.355
	.417

	Conventional
	.585
	.619
	.489
	.434
	.417
	.450
	.499


Table 4

Corrections for Guessing

	
	Rated
Info.
	Likes/
Dislikes
	Party
Diffs.
	Trends
	Educ
	Rated
Intell.
	Mean

	
	
	
	
	
	
	
	

	Party-Control
	
	
	
	
	
	
	

	Uniform Correction
	.349
	.366
	.253
	.300
	.240
	.270
	.296

	Conventional
	.452
	.455
	.310
	.355
	.321
	.341
	.372

	
	
	
	
	
	
	
	

	Trends 
	
	
	
	
	
	
	

	Uniform Correction
	.470
	.488
	.342
	.457
	.398
	.403
	.426

	Nonuniform Correction
	.484
	.500
	.350
	.466
	.406
	.414
	.437

	Conventional
	.515
	.525
	.368
	.484
	.423
	.437
	.459

	
	
	
	
	
	
	
	

	Party/Ideology
	
	
	
	
	
	
	

	Uniform Correction
	.357
	.404
	.286
	.280
	.307
	.319
	.325

	Nonuniform Correction
	.379
	.421
	.298
	.291
	.323
	.335
	.341

	Conventional
	.474
	.488
	.345
	.336
	.394
	.404
	.407

	
	
	
	
	
	
	
	

	Party/Policy
	
	
	
	
	
	
	

	Uniform Correction
	.358
	.480
	.428
	.333
	.281
	.282
	.360

	Nonuniform Correction
	.395
	.509
	.447
	.355
	.305
	.309
	.387

	Conventional
	.526
	.589
	.484
	.419
	.383
	.401
	.467

	
	
	
	
	
	
	
	

	Candidate/Ideology
	
	
	
	
	
	
	

	Uniform Correction
	.421
	.450
	.328
	.344
	.357
	.357
	.376

	Nonuniform Correction
	.440
	.465
	.338
	.354
	.371
	.371
	.390

	Conventional
	.516
	.519
	.373
	.385
	.422
	.423
	.440

	
	
	
	
	
	
	
	

	Candidate/Policy
	
	
	
	
	
	
	

	Uniform Correction
	.444
	.543
	.455
	.362
	.334
	.344
	.414

	Nonuniform Correction
	.477
	.567
	.469
	.381
	.355
	.369
	.436

	Conventional
	.585
	.619
	.489
	.434
	.417
	.450
	.499


Table 5

Mean Knowledge Levels

	
	
	Conventional
	M*
	Uniform Guessing Correction
	Nonuniform Guessing Correction

	A. Factual
	
	
	
	

	
	Political Figures 
	.419
	a
	a
	a

	
	Party-Control
	.567
	.726
	.451
	b

	
	Trends 
	.509
	.560
	.339
	.401

	
	
	
	
	
	

	B. Absolute Strict Placement
	
	
	
	

	
	Party/Ideology
	.495
	.597
	.294
	.334

	
	Party/Policy
	.337
	.499
	.124
	.167

	
	Candidate/Ideology
	.526
	.626
	.346
	.382

	
	Candidate/Policy
	.362
	.531
	.179
	.215

	
	
	
	
	
	

	C. Absolute Lenient Placement
	
	
	
	

	
	Party/Ideology
	.620
	.755
	.429
	.382

	
	Party/Policy
	.497
	.713
	.331
	.290

	
	Candidate/Ideology
	.637
	.771
	.466
	.423

	
	Candidate/Policy
	.488
	.713
	.331
	.291

	
	
	
	
	
	

	D. Relative Strict Placement
	
	
	
	

	
	Party/Ideology
	.533
	.647
	.345
	.373

	
	Party/Policy
	.369
	.551
	.167
	.197

	
	Candidate/Ideology
	.466
	.606
	.250
	.282

	
	Candidate/Policy
	.332
	.562
	.137
	.166

	
	
	
	
	
	

	E. Relative Lenient Placement
	
	
	
	

	
	Party/Ideology
	.608
	.742
	.440
	.411

	
	Party/Policy
	.517
	.730
	.416
	.398

	
	Candidate/Ideology
	.589
	.753
	.440
	.414

	
	Candidate/Policy
	.469
	.737
	.365
	.346


a:  Neither M* nor guessing corrections can be computed for open-ended items.

b: Symmetic distributions on binary items must also be uniform.
Table 6A

Factual Knowledge by Placement Response
	
	Mean Factual Knowledge

	
	Correct
	Midpoint
	Incorrect
	DK

	DK as Incorrect (Conventional)

	Party/Ideology
	.592
	.441
	.385
	.279

	Party/Policy
	.569
	.489
	.453
	.376

	Candidate/Ideology
	.577
	.431
	.376
	.294

	Candidate/Policy
	.563
	.488
	.450
	.381

	DK as Missing Data

	Party/Ideology
	.718
	.596
	.553
	.501

	Party/Policy
	.694
	.637
	.604
	.569

	Candidate/Ideology
	.705
	.590
	.544
	.513

	Candidate/Policy
	.690
	.637
	.606
	.570

	DK as Expectation from Random Assignment (M*)

	Party/Ideology
	.683
	.561
	.516
	.462

	Party/Policy
	.665
	.601
	.569
	.527

	Candidate/Ideology
	.671
	.554
	.509
	.473

	Candidate/Policy
	.660
	.599
	.567
	.531


Note:  Entries are proportions of responses to the factual items—in the first tier, the proportion of all responses that are correct; in the second, the proportion of the non-DK responses that are correct; and in the third, the proportion of all responses that are correct when DKs are given part-credit equal to the expected value when they are randomly assigned to response categories.    

Within each row, all pairwise comparisons are significant at p < .01.
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	




Table 6B

Placement Knowledge by Factual Response

	
	

	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	




	
	Mean Placement Knowledge

	
	Correct
	Incorrect
	DK

	DK as Incorrect (Conventional)

	Political Figures
	.504
	.412
	.265

	Party Control
	.464
	.377
	.242

	Trends
	.462
	.335
	.184

	DK as Missing Data

	Political Figures
	.659
	.574
	.460

	Party Control
	.625
	.533
	.448

	Trends
	.623
	.510
	.423

	DK as Expectation from Random Assignment (M*)

	Political Figures
	.613
	.547
	.469

	Party Control
	.583
	.509
	.464

	Trends
	.584
	.499
	.466


Note:  Entries are proportions of responses to the placement items—in the first tier, the proportion of all responses that are correct; in the second, the proportion of the non-DK responses that are correct; and in the third, the proportion of all responses that are correct when DKs are given part-credit equal to the expected value when they are randomly assigned to response categories.    

Within each row, all pairwise comparisons are significant at p < .01.
Figure 1

Distribution of Guesses on Placement Items*


[image: image10.emf] 
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Note:  Bars indicate relative frequencies of responses to 51 placement items by the 62 respondents who did not answer a single factual knowledge item correctly.  N = 873: there were 62*51=3162 potential guesses, but 2244 of the answers were DK, and 45 more were NA.  

3162 – 2244 – 45 = 873.





































































































































































































































�(for the overall index)





NOTES





*EAn earlier versions of this paper wereas presented at the annual meetings of the American Political Science Association, Philadelphia, PA, August 27-31, 2003 and of the Midwest Political Science Association, Chicago, IL, April 14-18, 2004.  We wish to thank but exculpate William Jacoby, Jon Krosnick, James MacKinnon, Henry Milner, Merrill Shanks, and Ewart Thomas, and Jon Krosnick.  We have benefited from their comments but bear sole responsibility for any errors that remain.


�Either that, or, consistent with his operationalization, it is a far more—in our opinion, excessively—polyglot variable, involving political interest, media consumption, and participation, as well as sophistication. 


�The number of likes and dislikes offered in response to the NES’s standard open-ended questions about the parties and candidates (see Delli Carpini and Keeter 1996, Smith xxxx) is the one rare, notable exception.  


�This paper will shortly be two:  one on selection and one on scoring. We just have not had time yet to perform the surgery.  Both papers will incorporate some additional data and analyses.  Xxxx.


�The sample size is 2040.  Of these, 266 respondents were asked the two party control questions but no other knowledge items.  (Most of them had no post-test interview.)  Non-responses from these respondents have been treated as missing data.


�We have also examined but do not report the correlations with six other, more distant criteria.  The results follow the same patterns and are available on request. 


�It also has the additional advantage of being available in every NES since 1952.  


�A final trends item asking whether ““the people running the federal government”” in 1988 were ““more honest or less honest than those … running [it ] in 1980”” was deemed too debatable to be useful even in this measure.   


�Among other complications, (a) Social Security benefits automatically increase annually in constant dollars as a result of cost-of-living adjustments (COLA).  Defined as aggregate expenditures on job training, unemployment compensation, housing assistance, and food and nutrition assistance, federal assistance to the poor increased in raw dollars but decreased in constant dollars and as a proportion of all federal outlays.  Similarly, 1988 spending on xxxx increased in raw dollars but decreased in constant dollars and as a proportion of all federal outlays.


� The debatable trends knowledge measure is “strict,” in the sense above:  the middle, “stayed the same” response is coded as incorrect.  The lenient version, treating it as correct, had far lower correlations across the board.


�The debatable trends knowledge measure is “strict,” in the sense above:  the middle, "stayed the same" response is coded as incorrect.  The lenient version, treating it as correct, had far lower correlations across the board.


�The formula is � EMBED Equation.DSMT4  ���= � EMBED Equation.DSMT4  ���� EMBED Equation.DSMT4  ���, where � EMBED Equation.DSMT4  ���is the larger index X’s correlation with a criterion variable y, K is the number of items in the larger index, here fourteen, � EMBED Equation.DSMT4  ��� is, roughly, the mean correlation of the existing items with y, and � EMBED Equation.DSMT4  ��� is, roughly, the mean correlation of the existing items with one another.  More precisely, � EMBED Equation.DSMT4  ��� is the mean covariance of the existing items with y, divided by the product of the standard deviation of y and the square root of the mean variance of the existing items, and � EMBED Equation.DSMT4  ��� is the mean covariance of the existing items with one another, divided by their mean variance.  Derivation available on request.   


�The weights of the KX items in X and KY items in Y would be 1/2KX and 1/2KY, respectively.  For the closed-ended index below, for example, the weights would be .10 for each of the five trends items and .25 for each of the two party control items. 


�Preliminary explorations showed little difference between indices confined to the two then current presidential nominees, Bush and Dukakis, and to the other two political figures, Reagan and Jackson, one the current but out-going president, the other an unsuccessful candidate for his party’s presidential nomination, so we combine them.


�The individual factual and placement indices are also highly intercorrelated with the others of their kind.  The mean correlation of the factual indicies with one another is xxxx.  The corresponding mean for the placement indices is xxxx.    


�Party control items also sometimes have only middling discriminatory power (Delli Carpini and Keeter 1996, Bullock 2003).





�These are all city-block distances.


�Mondak (1999) concedes that the approach, introduces random error and thus decreases reliability, but argues that ““this increase in unsystematic variance is well worth the cost because encouraging guessing removes systematic personality effects, thereby increasing validity”” (1999, p. 63).


�Note that C is identically 1 - I - D. 


�One way this can occur is if I’s and D’s estimated coefficients in the regression of the criterion variable on them are equal.  Another, in fact approximated by our data, is if I has no effect, while D’s estimated coefficient is the negative of C’s in the bivariate regression of the same criterion variable on C.  RID, in either case, = rC.  


�Normal J-test practice is to test each of a pair of non-nested models against the other, which in the present case would mean also testing the improvement in fit from using C instead of I and D .  The perfect collinearity among C, I, and D precludes that test—but not the one we perform, which since Mondak is urging the substitution of I and D for C, is the most relevant.  The J test generally “over-rejects” the null hypothesis model (here the one in terms of C) in finite samples (see, e.g., Davidson and MacKinnon 2002), but (a) that is not true in this special case, and (b) the bias, if there were one, would be working in Mondak’s favor.  


�Respondents answering incorrectly are thus held to be guessing unluckily, rather than possessed of confidently held misinformation.


�The party and candidate placements were asked of all but 39 of  the 2,040 respondents in the cases of Bush and Dukakis, but not of those who persisted in saying DK when probed in the cases of the Democratic and Republican parties, Jackson, and Reagan.  This excludes 193 respondents.  But their exclusion, if DKs reflect primarily diffidence or lack of interest, should be eroding the differences between DKs and other responses. The respondents in question would presumably also tend to answer DK both to the party and candidate placements they were never asked and to the items in the factual knowledge index.  Their inclusion would therefore make the DK placement responses look still more ignorant.  Empirically, the mean gap between the DK and other placements on the factual knowledge index is about the same for the two placements (of Bush and Dukakis) for which these respondents are included as for the four (Jackson, Reagan, the Democratic party, and the Republican party) from which they are excluded. 
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