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Handout for Week 3 Lecture: The role of multivariate analysis in social explanation

As Bryman (2001: 231-232) points out, multivariate analysis can be used to answer the following questions about an observed, bivariate relationship between two variables:

· Could the relationship be spurious?

· Could there be an intervening variable?

· Could a third variable moderate the relationship?

Another related way of looking at multivariate analysis is as a way of elaborating bivariate analyses (e.g. see the relevant chapter in De Vaus’s book), for example in order to:

· Detect spurious relationships, i.e. where the two variables are not causally related but instead a relationship between them is induced by their relationships with a third variable. De Vaus uses as an example a bivariate, or zero order, relationship between religiousness and school type (religious/government), which is induced by the relationships between both variables and parental religiousness.

· Locate intervening variables, i.e. identify (part of) the causal mechanism linking two variables. For example, De Vaus’s example suggests that the effect of educational level on expectations of obedience in children operates via an intervening variable of the amount of obedience required in an individual’s job.

· Demonstrate that the bivariate/zero order relationship can be found/persists within different subgroups of the population (replication), which rules out the possibility that the relationship was induced by the variable defining those subgroups.

· Demonstrate that the bivariate/zero order relationship can be found in some but not all subgroups of the population, or that it is stronger in some subgroups than in others (specification). De Vaus’s example shows a situation where a relationship between religiousness and school type exists for boys but not for girls.

If we use SPSS to produce a cross-tabulation of two variables, then we can elaborate this relationship by introducing a third variable as a layer variable. Examining the Cramér’s V values for the original cross-tabulation and for the layers of the elaborated cross-tabulation tells us what kind of situation we are looking at:

· If the Cramér’s V values are all similar, then we have a situation of replication.

· If the Cramér’s V values are smaller for the layered cross-tabulation than that for the original cross-tabulation, then we either have a situation where the third variable is acting as an intervening variable, or one where it is inducing a spurious relationship between the original two variables. Deciding between these two options involves reflecting on whether the third variable makes sense conceptually as part of some causal mechanism linking the original two variables.

· If the Cramér’s V values for the layered cross-tabulation vary in size, perhaps with some being smaller than the original value and some being as large or larger than it, then the situation is one of specification.

· However, if one or more of the Cramér’s V values is larger than the original value, then a failure to take account of the third variable in the first instance may also have been suppressing an underlying relationship between the two variables. (This is a variation on the theme of spuriousness, where it is the absence of a bivariate relationship that is spurious rather than the presence of one!)

Like De Vaus, I would recommend Rosenberg (1968) for discussion of these issues/ideas.

Marital status, health and age

In the SPSS-based example on an accompanying handout General Household Survey data (from 1995) is used to examine the relationship between marital status (with particular emphasis on divorce/separation) and self-reported health. In the bivariate cross-tabulation the relationship is statistically significant (p=0.013 < 0.05) and has a Cramér’s V value of 0.046.

However, younger people are less likely than others to be divorced or separated (through lack of time to have done so!), hence it is arguably possible that the relationship is a spurious one induced by relationships between marital status and age and between age and health. 

However, introducing a crude divide in age (Up to 39/40 plus) as a layer variable seems to suggest that the situation is one of specification, rather than of spuriousness, as the Cramér’s V value for age “40 plus” is only 0.018 and the relationship for this sub-table is not statistically significant (p=0.653), whereas the value for age “Up to 39” is 0.063 and is statistically significant (p=0.033).

But the third variable introduced to elaborate the bivariate relationship was quite crude, and it is worth considering that the rise in divorce and separation over time may mean that there are less elderly divorced and separated people (not to mention the possibility of remarriage/repartnering!) If one uses a three category variable to elaborate the analysis, i.e. one splits “40 plus” into “40 to 59” and “60 plus”, then the Cramér’s V value of 0.018 for “40 plus” magically becomes values of 0.073 and 0.028! (although only the first of the two relationships is statistically significant: p=0.026 and p=0.635 respectively).

In other words, the lack of a distinction between the middle-aged and the elderly was suppressing the relationship between marital status and health that can be seen for people aged 40 to 59, since the poor health of the older members of the disproportionately elderly “Other” category was cancelling out the health advantage of the younger members of this category over the divorced/separated category.

Two published analyses

Both the published analyses on an accompanying handout use multivariate techniques to look at the impact of some factor on an outcome.

Poortman (2000) looks at the effect of sex on post-separation income. Table 4 suggests that ‘human capital’ (measured as pre-separation working hours and education) and ‘children after separation’ act as intervening variables between sex and income. This is shown by the reduction in the magnitude of the sex effect (-0.480 to –0.421 / -0.302 / -0.265) when the other variables are taken into consideration. (Note that ** indicates that both the original effect and the effect net of ‘human capital’ and children are statistically significant (P<0.05), which in turn shows that some of the impact of sex cannot be attributed to these two variables).

Benzeval (1998) looks at the impact of lone parenthood on self-reported health. She shows (Table 8) that the odds of fairly good or not good health as opposed to good health are worse for lone mothers (compared to couple mothers) by a factor of 1.77, and that this effect scarcely changes (1.73) when a number of demographic factors are also taken into account within a multivariate model. However, when socio-economic factors are also included in the multivariate analysis, the effect drops to 1.25. (Note that all these effects (odds ratios) are statistically significant “at the 95% level”, i.e. P<0.05. Thus the socio-economic factors, whether as intervening variables or as variables inducing a spurious relationship, account for some but not all of the impact of lone motherhood on self-reported health).

The specific techniques used by Poortman and by Benzeval reflect the nature of the dependent variables that they are examining: an interval-level variable (‘scale’), i.e. log of income, and a categorical variable that can be represented in the form of dichotomies, i.e. three categories of self-reported health that can be collapsed into two (e.g. ‘Good’ vs. ‘Fairly good’/’Not good’). Thus Poortman uses (multiple) regression and Benzeval uses logistic regression.

The effects measured by these techniques differ in form: in the regression the effect of an explanatory variable is to add a certain amount to (or subtract a certain amount from) log of income, whereas in the logistic regression the effect of an explanatory is to multiply the odds of a particular outcome relative to another by a certain amount (the odds ratio for that effect). However, the logic is the same: the effect of a key variable is examined controlling for other explanatory variables, and the statistical significance of this (net) effect is then considered.

[Note that Poortman’s use of a transformed version of income reflects the fact that income distributions are typically skewed (with a long tail stretching out towards high incomes), and hence an assumption that the distribution of income is normal (and hence symmetric) is unlikely to be valid.]
