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 1 Introduction
All societies exhibit systematic inequalities between social groups in their access to privileged positions and attractive goods. This finding, discussed under headings such as social stratification or class inequality, is one of the few that may qualify as a law in the social sciences. Furthermore it has been shown that these inequalities are perpetuated from generation to generation through biases in the processes of allocation, favoring the offspring of privileged parents in what has been called the social reproduction of inequality.

The educational system plays a key role in the allocation of attractive positions and goods. Higher education can be regarded as a good in itself, and possessing it opens up for recruitment to rewarding occupational positions. At the beginning of the last century higher education was obtained mainly by children of well-off parents. But with the expansion in higher education during the second half of last century an increasing number of children from less privileged social groups where recruited to institutions of higher learning. But this did not, according to most researchers within the field, reduce the class inequality in educational attainment. The conclusion is that the extensive egalitarian reforms of the school system in this period failed to achieve their goals. 

Such a pessimistic description has been challenged, however. According to the critics there has in fact been a remarkable reduction of class inequality in the recruitment to higher education. The conflicting conclusions drawn from empirical analyses of the same data turns out to depend on the choice of statistical measure for comparing class-by-education tables from different points in time. According to linear or loglinear measures of association, the development is characterized by stable social differences in recruitment to higher education. Measures of inequality, however, show a trend of marked decrease. 

A belief that loglinear measures are “margin insensitive”, capturing association net of changes in class composition and educational provision, has been a major obstacle to reaching an agreement in the debate concerning how the class-education relationship has developed in industrialized countries during the last century. The purpose of this paper is to show that this belief is unfounded. It is a result of discussions and collaboration since 1992 with professor Stein Ringen of Oxford University.
We start by giving an example of how the same empirical data are interpreted differently depending upon which statistical measures are chosen to describe them, and proceed with a more general look at the properties of three main classes of measures: linear and loglinear measures of association, and  measures of inequality. The notion that loglinear measures are suited to capture bias in the allocation mechanisms, and that this is something else than inequality of the distribution of higher education across classes as captured by inequality measures, is challenged from various perspectives. First of all it is shown that the basic premise, the assumed property of margin insensitivity of loglinear measures, is untenable. Then arguments against the use of loglinear measures to capture bias in allocation mechanisms are presented. These measures are not as different from linear measures of association as it is commonly assumed, and they give nonsensical results for allocation bias when the level of educational provision becomes high. By using sampling procedures as models for recruitment to higher education it is demonstrated that it is measures of inequality rather than loglinear measures which capture allocation bias.
 2 A persistent inequality?
Table 1 illustrates the dramatic divergence in results for different classes of statistical measures with British data. The development over time is shown by means of the proportion with a higher education within three classes for different birth cohorts. The proportion difference between the upper and lower class lies around 0.4 for the first three cohorts, and a little less for the last cohort. The same stability holds for loglinear measures of association, the statistic preferred by researchers within this field.
From these and similar findings of stable association over time students of recruitment to higher education have concluded that the class inequality has remained unchanged. And since the social inequality persists, in spite of educational reforms aiming at reducing inequality during this period, the empirical results have been taken as proof that the egalitarian reforms have been ineffective. We cite from the introduction to a publication presenting studies from several different countries: 



In sum, despite the marked expansion of all the educational systems under study, in most countries there has been little change in socioeconomic inequality of educational opportunity. (Blossfeld and Shavit 1993: 19) …
Finally, the impact of educational reforms on changes in educational stratification seems to be negligible. Nowhere have they reduced inequalities of educational opportunity between socioeconomic strata. (Blossfeld and Shavit 1993: 21).
Table 1. Class and educational attainment: Measures of association and inequality (from Hellevik (1997), based on British data used in Heath and Clifford (1990))

	
	
	
	Birth Cohort

	
	
	
	1930-39
	1940-49
	1950-59
	1960-69

	Proportion  
	Upper Class 
	PU
	0.58
	0.67
	0.84
	0.87

	with high 
	Medium Class
	PM
	0.31
	0.46
	0.58
	0.74

	Education
	Lower Class 
	PL 
	0.18
	0.27
	0.42
	0.54

	Linear 
	Proportion Difference 
	PD = PU - PL 
	0.40
	0.40
	0.42
	0.33

	Association
	(= linear b)
	1930-39 = 100
	100
	100
	105
	83

	Loglinear 
	Lambda
	¼ ln ORU/L
	0.46
	0.43
	0.49
	0.42

	Association
	(=¼ logistic b)
	1930-39 = 100
	100
	93
	107
	91

	Inequality
	Participation ratio 
	PR = PL / PU 
	0.31
	0.40
	0.50
	0.62

	
	Inequality Coefficient 
	IC = 1 – PR
	0.69
	0.60
	0.50
	0.38

	
	
	1930-39 = 100
	100
	87
	72
	55

	
	Gini-index
	
	0.24
	0.20
	0.15
	0.10

	
	
	1930-39 = 100
	100
	80
	60
	44


But as pointed out in our critique (Hellevik 1997, 2000, 2002; Ringen 1997, 2000, 2005, 2005), and shown in Table 1, a very different picture emerges when the same data are analyzed with a statistic designed to capture the inequality of the distribution of a good. The participation ratio is a simple measure of inequality, found as the ratio between the proportions with a high education within two groups. The table shows the ratio for lower versus upper class, which varies between 0 and 1.
 This may be called a measure of equality, given that the maximum value of 1 signifies complete equality. Since it is high inequality that corresponds to strong association, an Inequality Coefficient (IC) has been defined as 1 – PR. From the first to the last cohort the inequality according to this measure has been nearly halved. 

A more complex measure of inequality is the Gini coefficient, which takes the entire distribution on both independent and dependent variable into account. It is found by comparing the distribution of places of higher education between the three groups in the table with their share of the population. The more the distribution of a good deviates from the distribution of the population, the closer to 1 the result for the Gini-coefficient will lie. If every group gets a share of high educational positions exactly proportionate to its share of the population, the Gini-coefficient is 0. The reduction shown in Table 1 as we move from older to newer cohorts, tells us that the distribution of places of higher education between the classes over time gets closer and closer to the distribution of the population.
 Or to put it another way: The social composition of those members of the population attaining a higher education becomes steadily more representative of the entire population.


An alternative interpretation of what has taken place within the educational system in the last century thus is that the stable measures of association tells us that the importance of class for the probability of attaining a higher education remains high throughout the period. In a path analytic framework this would be interpreted as a strong and stable causal effect of class on education. But the decrease for inequality measures tells us that as the level of education in the population rises, this stable effect produces less and less inequality in the distribution of higher education across classes. 

 3 Three types of measures for the class-education relationship
It may at this point be useful to take a more general look at the properties of the three kinds of statistical measures that have been used to describe the class by education table: linear measures of association, loglinear measures of association, and measures of inequality. This is done by comparing how the measures behave as the provision of higher education increases, as has been the universal trend, observed most of the time in most of the countries studied.

The linear measures, represented in Figure 1 by the difference in proportions (PD, which in the bivariate case is identical to the linear regression coefficient b), show the absolute difference or gap in the probability for obtaining a higher education between two classes. PD varies between a minimum of 0 when the proportions are identical and plus/minus 1 for maximum association when the proportion is 0 in one of the groups and 1 in the other.
The loglinear measures, here represented by the coefficient Lambda, cannot be given such a simple and intuitively meaningful explanation. Lambda is defined as ¼ of the logistic regression coefficient, which in turn is the natural logarithm of the Odds Ratio, which is the ratio between two odds, each being a ratio between the proportion having and not having obtained a higher education. The reason for using Lambda in the figure is that its results in many cases are identical to or just slightly higher than those of PD for the same empirical data. In other cases the two measures differ, however, as Lambda has plus/minus infinity as extreme values.
The Inequality Coefficient (IC) used in the figure is defined as 1 – PR. The Participation Ratio is simply the ratio between the proportions obtaining a higher education within two classes (PR accordingly might also stand for the Proportion or Probability Ratio). PR is identical to another measure of inequality, the ratio of advantage ratios.
 

When we use the lowest proportion as denominator of the fraction, PR will vary between 0 (maximum inequality where none of the good goes to the less fortunate group), and 1 (minimum inequality where the two proportions are equal). IC accordingly will take on the value 0 when there is no inequality and 1 when inequality is at its maximum. 

The horizontal axis in Figure 1 may be interpreted as a time axis, with increasing provision of higher education over time. The linear PD and the loglinear Lambda are identical or close in value when the proportions compared lie within the range from 0.25 to 0.75, but show divergent results when the proportions move near to the extreme values of 0 or 1, where the loglinear effects are much stronger than the linear ones. Starting out from proportions with a higher education near zero, the loglinear measures behave similarly to the inequality measures as provision increases.
 Lambda shows decreasing association, and the Inequality Coefficient decreasing inequality. 

Figure 1. Lambda, Proportion Difference and Inequality Coefficient for comparisons of two groups of equal size, with increasing provision of higher education ( proportions for the binary dependent variable  in the two groups lying respectively 0.10 above and 0.10 below the total population level). 
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This parallel in tendency for loglinear and inequality measures ceases, however, when we move past the midpoint of 50 percent with a higher education in the population and draw closer to the opposite extreme, a level of 100 percent. Then association according to Lambda is on the rise, while IC continues to drop. With 80 respectively 100 percent getting a higher education in the two classes, Lambda exceeds 1, while IC with a value of 0.2 reaches its minimum value, given that the gap between the two groups is fixed at 20 percentage points.
 

The reason for the difference in tendency is that the loglinear measures in contrast to the inequality measures regard the two extremes as identical. For lambda it is of no consequence if the level for higher education is 10 or 90 percent. For measures of inequality, however, there is a fundamental difference in meaning between 10 percent and 90 percent having obtained the good in question. 


The more homogenous the class distribution of the population is, the less the inequality, other things being equal. When very few or nearly all are privileged, this produces little inequality on an aggregate level. This is not captured by the linear or loglinear measures of association, which are unaffected by changes in the distribution on the independent variable. So is the case also for inequality measures such as IC or PR. The Gini coefficient, however, is sensitive also to changes in the class marginal of the class by education table (Hellevik 1997). 

 4 The disagreement at present 
According to a recent review, there are now tendencies in several countries towards decreasing association between class and educational attainment (Breen and Jonsson 2005). This weakens the persistent inequality thesis, and means a further reduction in inequality according to the inequality measures. But the development is of no consequence for the disagreement concerning which measure should be used to describe inequality. 


The review by Breen and Jonsson from 2005 is typical for the way the debate is conducted, in the sense that they ignore our recent critique of dominant positions in the educational attainment literature, where we stress the need to differentiate between association and inequality. The exception from this strategy of non-response is found in the debate in Acta Sociologica between Marshal and Swift (1999, 2000) and Kivinen et al. (2001, 2002) on the one side and Hellevik (1997, 2000, 2002) and Ringen (2000) on the other. 

In their contributions Marshal and Swift (1999, 2000) seem to accept that the distribution of higher education between classes has indeed become less unequal. This according to them is just one particular kind of inequality, however, another, and more interesting one, is captured by the loglinear measures. They argue that the stable loglinear association shows that the bias in the allocation mechanism has not changed. The basis for this claim is the conception of loglinear measures as “margin insensitive”. 
 5 The idea of margin insensitivity 
When the provision of higher education or the class composition of society changes, the association shown by the loglinear measures is supposedly not affected by these changes in the marginals of the class by education table. They capture the effect net of such changes, thus reflecting the true nature of the allocation mechanism. The pattern of stable association and decreasing inequality accordingly is interpreted as a result of a stable allocation mechanism working within a changing framework of increasing provision, and it is the changes in the framework which makes the distribution of higher education between classes less unequal. 

In what seems to be the origin of the idea of margin insensitivity in analyses of class and educational attainment, Mare writes: “Under the logistic response model, differences in background effects, either over school transitions or over cohorts, cannot result from changing marginal distributions of either independent or dependent variables because such changes do not affect the [loglinear measure]”. Since the loglinear measures are "invariant under changes in the marginal distributions of the variables”, they give “true effects” (Mare 1981: 75).
Similar statements abound in later contributions to the educational attainment literature. “In addition because the Mare model is based on the odds ratio, which is insensitive to marginal distributions, the parameters of the model are unaffected by aggregate expansion or contraction of the educational system.” (Breen and Jonsson 2000: 758). “This [logit analysis] will ensure that we focus on measuring the mechanism behind the distribution of education across class backgrounds – our estimates will not be confounded if there is an overall increase (or decrease) in the general transition probabilities.” (Erikson and Jonsson 1996: 75)  

The loglinear measures are described as "margin free" (Grusky and Tienda 1993: vii); and as “revealing the ‘pure’ association between origin characteristics and educational attainment” (Breen and Jonsson 2005: 225). The use of the loglinear model is hailed as a methodological breakthrough making it “… possible to specify the intrinsic association between variables after purging out nuisance variability in marginal distributions" (Grusky and Tienda 1993: vii). 
The idea of margin insensitivity seems to stem from a textbook in statistics (Bishop, Fienberg and Holland 1975), which is the only reference given in central texts such as Mare (1981: 74) or Erikson and Goldthorpe (1992: 56). Other texts refer to Mare (1981) or have no references at all. What Bishop et al. say is that the odds ratio (called the cross product ratio) is “invariant under row and column multiplications” (1975: 14). If we multiply columns and/or rows with constants (different from 0), this does not change OR, even though the marginals of the table will change. 

Table 2 illustrates what this means. In the cells of the left column the frequencies a and c have been multiplied by X, and in the cells of the upper row a and b have been multiplied by Y. This produces a change in the marginals, for instance an increase in the proportion with a high education in the population, and in the proportion with a high status background.

The formula for OR shows why this measure and other measures derived from it are unaffected by row/column multiplication with constants. The constants appear in the nominator as well as the denominator of the fraction and are thus cancelled out. Also the proportion difference is unaffected by multiplication with X in cells with the same value on the independent variable (i.e. columns in table 2). Changes in the distribution on the independent variable from multiplication with a constant do not alter the result for PD. But row multiplication by Y, which changes the distribution on the dependent variable, affects the linear measure of association. 

Table 2.Class and education: Row and column multiplication with respectively X and Y

	
	Before multiplication
	After multiplication

	
	Upper class 
	Lower class 
	SUM
	Upper class 
	Lower class 
	SUM

	High education
	A
	B
	A+b
	XYa
	Yb
	Y(Xa + b)

	Low education
	C
	D
	C+d
	Xc
	d
	Xc + d

	SUM
	a+c
	b+d
	
	X(Ya + c)
	Yb + d 
	



Before:
OR = (a / c) / (b / d) = ad / bc


After:
OR = (XYa / Xc) / (Yb / d) = XYad / XYbc = ad / bc

Before:
PD = a / (a+c) – b / (b+d)

After:
PD  = XYa / X(Ya+c) - Yb / (Yb+d) = Ya / (Ya + c) – Yb / (Yb + d)

In table 3 this is illustrated with numbers. The frequencies for high education in the first row are multiplied by 3, and those in the second row for low education by 0.5. This brings the level of education in the population up from 25 to 67 percent. Also the marginal distribution of the class variable is slightly altered (the percentage “upper” increases from 50 to 67). For PD the row multiplication produces a minor change in results (from 0.4 – 0.1 = 0.3 to 0.8 – 0.4 = 0.4). OR remains unchanged: (40/60)/(10/90) = 6 before and (120/30)/(30/45) = 6 after the multiplication, with a Lambda of 0.45 in both cases.
Table 3. Class and education: Example where the first row is multiplied by 3 and the second row by 0.5.
	
	Before multiplication
	After multiplication

	
	Upper class 
	Lower class 
	SUM
	Upper class 
	Lower class 
	SUM

	High education
	40
	10
	50
	120
	30
	150

	Low education
	60
	90
	150
	30
	45
	75

	SUM
	100
	100 
	200
	150
	75
	225


What is the implication of all this? What the statisticians say is precise and clear – no change in OR when columns and/or rows of the table are multiplied by a constant – an operation that also changes the marginal distributions. In the educational attainment literature this statement has been given a much wider and unfounded interpretation. We have a logically untenable deduction from insensitivity in relation to one specific kind of change in the marginals to the claim that OR is insensitive to marginal changes in general. But if we for instance multiplied in just one of the cells, the marginal distributions and also the OR would be altered. For all kinds of marginal changes that are not the result of column/row multiplication with constants, it is difficult to see what could be the meaning of the concept of ”margin insensitivity”. 


If the claim of margin insensitivity of loglinear measures has to be given up, the proposition that these measures should be used to describe bias in allocation mechanisms is undermined. The experience so far in the debate, however, is that all those who believe that there is such a thing as margin insensitivity are not easily persuaded otherwise. Therefore a series of arguments against the use of loglinear measures as indicators of bias in allocation mechanisms will be presented below, in the hope that at least some of the true believers will have their convictions shaken and eventually may be converted to a new gospel of relying on measures of inequality instead.
 6 A different tendency for mechanism and outcome?

Is it possible that the bias in the allocation mechanism may develop differently from the inequality in the allocation outcome, as proposed by Marshal and Swift (1999)? Due to the extreme complexity of the process of recruitment to higher education, none of the participants in the debate have attempted to specify in any detail the concrete nature of the mechanisms involved in allocating educational positions. In most analyses the mechanisms are treated as a black box, and conclusions about the unknown content are based on the outcome as shown in the class by education table.
 
Our first objection to the Marshal-Swift proposition is simply that it does not make sense to suggest that allocation mechanism bias and inequality in the allocation outcome may show divergent trends, one stable and the other decreasing. It would seem self-evident that inferences on stability or change in the unknown allocation mechanisms must be based on information of stability or change in the distributional outcome of the process of allocation.

 7 The difference between loglinear and linear measures
The belief in the special properties of loglinear measures is evident also in the descriptions given of a fundamental difference in substantive meaning between them and linear measures of association. (No comparisons with measures of inequality are made, as they are hardly mentioned at all in the literature on educational attainment.) To cite a central source comparing linear and loglinear measures: 
Simple differences in proportions continuing in school among background groups change over cohorts primarily in response to the average level of proportions, rather than in response to changes in the principles by which schooling is allocated. By contrast, statistical models that measure the association between school continuation and social background, net of the marginal distribution of schooling, [i.e. loglinear measures] are sensitive to changes in the principles by which schooling is allocated and not to changes in the dispersion of the schooling distribution" (Mare 1981: 83). 

The claim that loglinear and linear measures capture quite different social phenomena is undermined when we take into consideration how similar results the two kinds of measures in most instances give. There is no difference in tendency between them at all when the distribution on the independent variable (the class composition of society) changes. And also if the distribution on the dependent variable (education) changes, there is no difference in results for loglinear and linear measures as long as the proportions compared lie within the interval of 0.30 to 0.70. 


We may thus have a society undergoing all kinds of changes with regard to its class composition, and also having a dramatic increase in the access to higher education, for instance from a total of 35 to 65 percent, without any noticeable difference in results for the linear proportion difference and the loglinear Lambda. The suggestion that there is a fundamental difference in substantive meaning between the two kinds of statistical measures is thus not tenable within a ”normal” range of variation for the level of higher education in a society. 
The important distinction is thus not the one between linear and loglinear measures, but between on the one hand these measures of association, and on the other hand measures of inequality.
 8 Loglinear measures and bias in the selection mechanism
As Figure 1 illustrates, it is when the level of provision reaches high levels that the trends shown by loglinear and inequality measures diverge. By using a fictitious example of an extremely high level of provision, it is possible to demonstrate that it makes little sense to suggest that it is the loglinear measures, and not measures of inequality, that capture bias in allocation mechanisms.
 
Imagine a nation where 99.99 percent in the upper class and 99.90 percent in the lower class attains higher education. The participation ratio is 0.999 and the inequality coefficient accordingly 0.001, showing that higher educational positions are distributed between the classes as evenly as nearly possible. The distribution on class for those with higher education is representative of that of the population, the two groups are practically identical. But according to loglinear measures (OR = [99.99/0.01]/[99.9/0.1] = 9999/999 = 10 and Lambda = 0.58), the mechanism for allocating higher education must be severely biased in this case. 

In fact, if the prior situation had been 75 percent getting a higher education in the upper class and only 25 percent in the lower class, this would represent a less biased allocation mechanism according to the loglinear measures (OR = [75/25]/[25/75] = 3 / 0,333

= 9 and Lambda 0.55). In contrast inequality measures indicate a much more unequal distribution at Time 1, IC is 0.667 as compared to 0.001 at Time 2.

Figure 2. Fictitious examples of class-education relationships

[image: image2]
To suggest that we have an extremely biased allocation mechanism when a good is provided to nearly everyone in both classes does not seem very meaningful. The reason for the counterintuitive result is that the loglinear measures do not distinguish between getting or not getting the good, the values of the education variable are treated symmetrically. What actually is very unequally distributed at Time 2 is not having a higher education (0.10 as compared to 0.01). The rationale behind measures of inequality, however, is that the values of the variable in question are seen as asymmetric, they are rank-ordered according to attractiveness. 
The contrast between the monotonously decreasing inequality shown by IC in Figure 1, and the pattern of first decreasing and then increasing association according to Lambda as the level of provision of higher education increases in such a way as to leave a constant gap between the classes, demonstrates how the two kinds of measures react differently to changes in the level of provision. Figure 2 provides an example where it goes against common sense to claim that it is loglinear measures rather than inequality measures that capture bias in the allocation mechanism. 

 9 Models of allocation mechanisms
Another way of comparing the ability of loglinear and inequality measures to capture mechanism bias is to construct a theoretical model of the recruitment process that gives independent indicators of bias in the selection procedures. Even if such models necessarily will fail to capture the complexity of the real processes, is should at least be possible to come closer to reality than with the model of “row and column multiplication with a non-zero constant” which is the basis for the margin insensitivity thesis.

Sampling models have earlier in the debate been suggested as a simple representation of the process of selection to attractive positions, with quota sampling and stratified random probability sampling as alternatives (Hellevik 1997: 390, 2000: 83). Table 4 gives an example with an increase in the level of higher education within both classes of 40 percentage points. The PD and OR/Lambda show a stable association between class and education, the PR/IC a decreasing inequality over time. To simplify calculations the two classes are assumed to be of equal size.


The question now is what the two sampling models representing the process of recruitment to higher education will tell us about bias in the allocation mechanism. Is it stable, as Marshal and Swift (1999) would infer from the stable loglinear measures, or is there less mechanism bias at time 2, as the inequality measures indicate?
If we imagine recruitment to higher education to be done by means of quota sampling, the quotas are clearly biased at time 1, since the upper class gets more and the lower class less than its share of the population. The quotas at time 2 are less biased, since they are fixed so as to make the social composition of the sample more similar to the 50-50 distribution between the classes in the population. The sample distribution has changed from 67-33 at time 1 to 57-43 at time 2. 

If we regard the increase in positions of higher education allocated at time 2 as an additional sample added to the original one with a 33-67 distribution, the composition of the additional sample is proportionate to the population distribution (50-50). The allocation of the “new” positions is unbiased since it reflects the class composition of society.
Table 4: Two sampling models for recruitment to higher education (classes of equal size)

	
	Time 1
	Time 2
	Conclusion with regard to

	Class:
	Lower
	Upper 
	Lower
	Upper
	change from time 1 to 2

	% Higher education
	20
	40
	60
	80
	

	Proportion difference H-L
	0.20
	0.20
	Stable association

	Odds
	0.25
	0.67
	1.50
	4.00
	

	Odds Ratio H / L
	2.67
	2.67
	Stable association

	Lambda
	0.25
	0.25
	Stable association

	Participation Ratio: L / H
	0.50
	0.75
	Increased equality

	Inequality Coefficient (1 – PR)
	0.50
	0.25
	Reduced inequality

	% quota of sample
	33
	67
	43
	57
	Reduced selection bias

	% additional quota at time 2
	-
	-
	50
	50
	Reduced selection bias

	Sampling fraction
	0.2
	0.4
	0.6
	0.8
	

	Difference in sampling fractions
	0.2
	0.2
	

	Ratio of sampling fractions
	0.5
	0.75
	

	Weights needed to make sample representative of population
	1.52
	0.75
	1.16
	0.88
	Reduced selection bias


Either way the conclusion from the quota sampling model is clear: There is a change in the selection mechanism (quota distribution) that makes it less biased at time 2 than it was at time 1. The trend for mechanism bias in other words is the same as the trend for outcome inequality shown by inequality measures, in contrast to the stable results for the loglinear or linear measures of association. 

If we instead use stratified random sampling as a selection model, bias in the mechanism may be defined as disproportionality, which is the difference between the sampling fractions within the two classes. This difference may be described in two ways, however, as the absolute difference, or as the ratio between the fractions. The first is the same as the difference in proportions, the second the same as the PR. Thus we are back where we started, faced with the choice between measures of association and inequality to describe selection bias. 


There is a criterion for bias in the sampling procedure, however, which may decide the question of change or stability in the selection mechanism. With a disproportionate sample, weighting is used to restore representativity. The weights are calculated as the ratio between a group’s share of the population and its share of the sample. The closer the weights are to the value 1, the less bias there is in the sampling procedure that has to be corrected through the weighting. Table 4 shows that the weights needed at time 1 to correct for sampling bias are further away from unity than the weights at time 2. This is no surprise, since the ratio of the sampling weights in fact corresponds to the participation ratio.

The two models are extremely simple, and of course not anywhere near a realistic representation of the actual recruitment processes. They are, nevertheless, realistic in the sense that they might have produced the results found in empirical studies of class differences in educational attainment. What both models show, is that when the outcome of the allocation process becomes less unequal, the selection mechanism has become less biased, according to the composition of the quotas or the sampling weights. It is thus measures of inequality, and not loglinear measures, that capture the trend for bias in the allocation mechanisms.

Those who continue to insist that loglinear measures reflect bias in the selection procedures, face the challenge of arguing against the relevance of the above sampling models, and of establishing counterexamples in the form of models where the distribution of higher education may become more equal at the same time as the bias in the allocation mechanism remains unchanged. This challenge has been made earlier in the debate (Hellevik 2000), but so far no one has taken it up.
10 The relation between provision and outcome inequality
Will increased provision necessarily reduce inequality, and is the expansion of higher education a sufficient explanation for the observed reduction of inequality in the distribution of higher educational positions between classes?

With regard to social mobility, an increase in the number of high status positions means that there will necessarily be some upward mobility in order for these positions to be filled. For recruitment to higher education, there will similarly be a restriction on the outcome if the increase in provision of higher educational positions exceeds what can possibly be absorbed by the upper class. In Table 4, where the provision of higher education increases with 40 points from 30 to 70 percent for the population as a whole, the percentage with a higher education in the lower class must necessarily increase from 20 to at least 40 percent, since the upper class can at maximum absorb three quarters of the increased provision between time 1 and time 2, before the ceiling of 100 percent is reached. 
Within the limits set by this restriction, however, any outcome is possible. The “new” positions at time 2 might in theory all have gone to the lower class, which would have made it the privileged class with regard to higher education (100 percent attainment as compared to 40 percent for the upper class). 
A more realistic outcome might be the same relative increase for both classes, which would have meant percentages for higher education of 47 in the lower and 93 in the upper class at time 2. In this case association according to the percentage difference or Lambda would have increased (from 0.20 and 0.25 to 0.46 and 0.68 respectively), while the inequality would have been the same as at time 1 according to PR/IC. In this case the two sampling models would have shown the bias in the allocation mechanism to be stable (we would have had the same quota distributions or sampling weights at time 1 and time 2).

This shows that an increase in provision does not in itself guarantee that the distribution of higher education will become less unequal (except for possible ceiling effects). If the same sampling models had been used mechanisms for allocating educational positions at time 2 as at time 1, the inequality of the outcome would have remained the same even with a dramatically increased provision. The reduced inequality in Britain shown in Table 1 is thus the result of a change in bias in the allocation mechanisms. Without this change, the inequality of the outcome would not have been reduced. 

The increase in provision of higher education may, however, have facilitated such a change in mechanism bias. It may for instance have been easier for the upper class to accept a development which meant a deterioration of its privileged position in the educational system, since also members of this class experienced increased access to higher education.  
The actual development in many countries during the second half of last century, with a parallel increase in the percentage within different classes attaining higher education, may have been experienced as “fair” in the sense that the additional positions were distributed proportionately to population share between the classes. Without an increase in provision a reduction of bias in the allocation mechanism would have been less likely to occur, since this would then have required a loss in the number of higher educational positions for the upper class. Increasing provision makes it possible for egalitarian reforms to achieve its goals with less risk of producing social tensions and conflicts. But increased provision will not in itself lead to a more equal distribution of higher educational positions.

In the literature where the development of class inequality of educational attainment is described as stable, we find quite the opposite interpretation of the consequences of growth in educational opportunities. The expansion of higher education is seen as the reason why the lower class and their political representatives have accepted the stable inequality (which actually, as we have argued, is stable association and not inequality): 

As long as the educational attainment of lower social strata is rapidly increasing, political attention can neglect any parallel increases among the privileged classes. Thus, educational expansion can alleviate political pressure to reduce inequalities. 
… Thus the modernization theorists’ hypothesis that educational expansion results in greater equality of educational opportunity must be turned on its head: expansion actually facilitates to a large extent the persistence of inequalities in educational opportunity. (Blossfeld and Shavit 1993: 22)

When the situation in fact is that class inequalities of educational opportunity have been reduced over the last decennia, a development probably facilitated by the educational expansion, it may be time to return the modernization theorists’ hypothesis to its feet.

11 Moderate and radical reform strategies 
As a final effort to make the point that increasing provision combined with a stable association means reduced inequality, and not stable inequality as most students of educational attainment seem to think, an example from a less complex allocation process will be used, namely that of wage negotiations. 


The goal of an egalitarian income policy would be to reduce the inequality produced by unequal wage allocation in the past. Without an expanding economy a transfer of income from the high to the low income groups would be necessary to reduce inequality, a policy bound to produce conflicts. With more income to distribute than in previous years, one might choose a radical egalitarian strategy of compensatory wage increases by reversing the past pattern of bias. Giving high income groups a smaller nominal wage raise than low income groups would, however, probably also meet with fierce opposition from the privileged strata. Changing to a non-biased distribution of wage increases, that is giving the same absolute raise to all, would be an example of a moderate egalitarian reform more likely to be accepted as fair by all groups.

That even the moderate strategy of giving the same amount of money as wage increase to all groups is egalitarian in its consequences is clearly understood by the parties in wage negotiations. Equal absolute raises are demanded by unions campaigning for an egalitarian outcome, while high income unions fight to preserve their present privileges by insisting on the principle of equal relative increases. The former strategy means preserving the absolute wage differences (the association between occupation and income as measured by a regression coefficient will be stable), but by raising the wage level for all occupations the inequality-generating effect of the constant income gap is gradually reduced, as shown by the wage ratio or the Gini coefficient for the income distribution. 

 12 Conclusions
There are several reasons why this discussion of trends in educational attainment is more than nit-picking over methodological subtleties. No one can deny the important theoretical and practical implications of the topic. Basic structural aspects of modern societies and the ability of their political institutions to alter them are disputed. This makes it all the more remarkable that the views may continue to differ so sharply on what actually took place during the second half of last century with regard to class differences in recruitment to higher education and the effects of egalitarian educational reforms. 

It has been argued that students of educational attainment have misinterpreted their own empirical data, because they have not distinguished between measures of association and measures of inequality. It is agreed that until recently the statistical association between class and education has been relatively stable. But this stability, in combination with a rising level of education in the population, means that the inequality in the distribution of higher education has been markedly reduced over time. Those who attain higher education within the new cohorts are more socially representative than the highly educated within prior generations. This is a result of reduced bias in the allocation mechanisms, most likely facilitated by the increasing provision of higher education. Decreasing inequality means that the conclusion of ineffective egalitarian educational reforms is without empirical foundation.


The discussion is also a methodological reminder of how important it is to choose statistical measures corresponding to the purpose of the analysis, measures that actually capture what the researcher intends to describe. It has, however, been surprisingly difficult to find acceptance for the suggestion that measures of inequality, and not loglinear or linear measures of association, should be used to analyze inequality. Perhaps one reason for this is that the loglinear measures are relatively complicated, and their characteristics perhaps not always fully understood, not even by all those who use them. This have lead to a widespread but unfounded belief that loglinear measures are margin insensitive and reflect association net of changes in class composition and educational provision, so as to capture bias in the allocation mechanism. Hopefully this misconception may soon be laid to rest.

Considering how central the concept of inequality is in the study of educational attainment, it is puzzling that measures of inequality have more or less been overlooked in this literature. One reason for not considering alternatives of course is the firm if unjustified belief in the “margin insensitivity” of loglinear measures. It is also possible that measures of inequality have not been considered simply because they are less well known and less often used than measures of association in sociology. They are for instance rarely mentioned in statistical textbooks for sociologists, in contrast to textbooks in political science.
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� Provided, of course, that the proportion for the lower class is below or equal to that of the upper class.


�  The calculation of the Gini coefficient for this table is shown in Hellevik (1997) or Ringen (1997). As discussed in Hellevik (1997) this is a bivariate version of the Gini coefficient, based on the distribution of the good on aggregates instead of individuals as in the univariate case. A problem not considered here, is the restricted range of the Gini (it cannot reach 1) when the number of units is low (Leege and Francis 1974). This has no relevance for the discussion of trends in Table 1, however.


� An advantage ratio is the proportion of a good obtained by a group, divided by its share of the population, in our case the proportion of higher educational positions obtained by a class divided by its population share. A ratio of more than 1 indicates a privileged situation, a ratio below 1 correspondingly an underprivileged position. The closer to 1 the RAR – the ratio between these two ratios – lie, the more equal the distribution of higher education. Formula for the RARL/H based on Table 2: [b/a+b) / (b+d)/N] / [a/(a+b) / (a+c)/N] = b (a+c)(a+b)N / a(b+d)(a+b)N = [b/(b+d)] / [a/(a+c)] = PL /  PU = PRL/U.


� OR in fact is sometimes described as the ratio between probabilities, or PR. This is not correct in general, however, what OR shows is the ratio between odds, not between proportions. But when the proportions are small the results for OR are similar to the ratio of proportions. Within epidemiological research one for this reason sometimes uses such an interpretation of OR, referred to as relative risk. ”The odds ratio … approximates how much more likely (or unlikely) it is for the outcome to be present among those with x = 1 than among those with x = 0. For example, if y denotes the presence or absence of lung cancer and x denotes whether or not the person is a smoker, then ( [OR] = 2 indicates that lung cancer occurs twice as often among smokers than among nonsmokers in the study population”. (Hosmer and Lemeshow 1989). 





 In analyses of survey data, however, where the phenomena studied often occur more frequently, this interpretation may become misleading








� To calculate OR and Lambda in the extreme case, the proportions 99.9 and 79.9 have been used, and correspondingly 20.1 and 0.1 at the opposite end of the axis, which gives a Lambda of 1.38.


� An assumption underlying most analyses of class by education tables is all members of the various classes want to obtain a higher education. This is of course highly questionable, but we will not go into this discussion here.


� A problem we will not go into here is the question of to what extent the value of obtaining a higher education is relative to the number of people attaining the grade.


� Some early examples of textbooks of statistics for political science discussing measures of inequality such as the Gini Coefficient/Index are Alker (1965), Benson (1969), Hellevik (1971) – which covered sociology as well – and Leege and Francis (1974). In contrast the Gini is not mentioned in Blalock’s classic text for sociology (1960), nor in Galtung (1967) or Iversen (1979).
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