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Abstract



By associating immobility with predictability of social states, new measures of social mobility may be constructed. We propose both state-by-state and aggregate (scalar) measures of this type. The measures, based explicitly on a sampling approach, possess χ2 sampling distributions and permit statistical tests of the hypothesis of perfect mobility. The invariance of the measures to the ordering of states in the transition matrix, and the ‘period consistency’ of the scalar measures, broadens the range of possible comparisons between transition matrices.
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Introduction



An enduring and popular medium for representing social mobility is the transition matrix, which describes the probabilities of persons moving from any one state to another state, or remaining where they are. Despite their popularity in applied work, there is still no commonly agreed definition or measure of social mobility based on transition matrices. This is partly due to an absence of unanimous agreement over what the word ‘mobility’ actually connotes. For example, Bartholomew (1982, 1996 Ch. 5) distinguishes between mobility as distance moved between different states (‘movement’), and mobility as the speed at which a social process changes over time (‘dependence’). A number of measures have been proposed for both notions of mobility, most of which map transition matrices into scalar summary indices. Whereas the movement measures emphasise elements of the transition matrix which involve cases travelling over a large number of states, dependence measures regard as mobile social structures which rapidly converge to their steady state.1 In fact it is possible to suggest a third notion of mobility that is quite distinct from the other two. This is mobility as freedom of movement (‘unpredictability’). Unpredictability is distinct from the other two notions of mobility, in that a social structure can adjust rapidly to its steady state with lots of movement of cases between states, yet do so in a pre-determined and predictable fashion. An example might help to clarify the meaning of the un1



For examples of movement measures, see Bartholomew (1996); an example of a dependence measure is the modulus of the second largest eigenvalue of the transition matrix, suggested by Sommers and Conlisk (1979). See Bartholomew (1996, Ch. 5) for an extended discussion of dependence, which is also referred to as ‘social inheritance’.
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predictability concept. Consider an occupational classification that includes the following two states: first year apprentices and second year apprentices. Individuals in the first state will almost invariably move to the second after one year; yet this is a very predictable movement, which says more about the way the occupational groups have been defined than about any genuine mobility. ‘Movement’ measures would rather misleadingly indicate mobility in this case, despite the predictability of the transition; and ‘dependence’ measures might also indicate mobility, depending on the other elements of the transition matrix.2 The purpose of this paper is to develop a new set of measures of social mobility based on the notion of mobility as unpredictability. As we will show, unpredictability measures may give very different indications of social mobility to ‘traditional’ movement-based or dependence measures. This has clear implications for policy-makers concerned about the degree of social ‘mobility’. Throughout the paper, the discussion relates purely to the standard transition matrix framework based on a discrete-time first order Markov process with discrete states.3 The discussion is general in that the concept of mobility is not confined to any particular context, but is equally applicable to social, occupational, intergenerational, and income mobility processes, amongst others. Both state-by-state and aggregate (scalar) measures derived from 2



For example, the closer the modulus of the second eigenvalue of the transition matrix is to zero, the greater the degree of ‘non-dependence’ mobility indicated by the Sommers and Conlisk (1979) measure. 3 Alternative approaches include measuring movement by differences between vectors of observations at different times (Fields and Ok, 1996); and measuring dependence by correlation coefficients (Sommers and Conlisk, 1979).
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the entire transition matrix, are proposed. Despite being complementary to ‘traditional’ measures, the proposed new measures enjoy two important advantages over conventional ones. First, the measures are based explicitly on a sampling framework, and possess standard sampling distributions that permit statistical tests of the hypothesis of perfect mobility. Second, the measures are invariant to two (essentially arbitrary) choices imposed by compilers of transition matrices, namely the ordering of the states of the transition matrix, and the number of time periods over which transition matrices are defined. These properties of the new measures broaden the range of possible comparisons between transition matrices. The paper is organised as follows. Section 2 establishes the preliminaries relating to the sampling framework used throughout the paper. Section 3 distinguishes between different types of mobility, and states the defining characteristics of state-by-state and scalar predictability measures. Section 4 presents the new measures, and Section 5 illustrates them with a transition matrix adapted from Harbury and Hitchens’s (1979) work on intergenerational wealth mobility in the UK. Section 6 concludes.
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The sampling framework



It is important to distinguish at the outset between observable sample transition matrices, and unobservable population transition matrices. If we are interested in using the former to make inferences about the latter, it is necessary to set out a sampling framework explicitly. As will become clear in this section, it is natural to deal first with the sampling properties of individual states, before generalising to the aggregate level over all states. Each member of the population can be classified into exactly one of the k 2 ordered tuples (i, j), denoting “from j to i”. The proportion of those members starting in j that finish in i in given by the element Pij of the population matrix P. Now suppose a random sample of size n is taken from the population, and denote this by X. Importantly in what follows, X is the matrix of the numbers of transitions, rather than the sample matrix of transition proportions, P . We have



N := X T ιk



P := X (diag N )−1 ,



(1)



where N is the vector of sample numbers starting in each state, and P is the sample equivalent of P. Where the dependence of P on X needs to be made explicit, we write PX . Column j of X is denoted Xj (likewise for P and P ) and component j of N is denoted nj . As X is a random sample, Xj nj has a multinomial distribution: Xj nj ∼ Muk (Pj , nj ).
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(2)



We summarise the properties of Xj nj , as these will be used extensively



later in the paper (for a full discussion, see e.g. Mardia et al, 1979, p. 41). By an asymptotic property of the multinomial, and noting that Pj = n−1 j Xj ,  lim Pj nj ∼ Nk µ(Pj ), n−1 j Σ(Pj ) ,



nj →∞



(3)



where



µ(Pj ) := Pj



Σ(Pj ) := diag Pj − Pj PjT ,



(4)



from which it follows that rank Σ(Pj ) = k − 1 and that the normal distribution in (3) is a singular distribution with k − 1 degrees of freedom. Hence, suppressing the conditioning on nj , and defining uj as a statistic of interest, asy



uj := nj (Pj − Pj )T Σ− (Pj ) (Pj − Pj ) ∼ χ2k−1 ,



(5)



where Σ− (Pj ) is the Moore-Penrose generalised inverse of Σ(Pj ).4
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Types of mobility and mobility measures



We commence with two definitions. The first distinguishes between predictability and movement notions of mobility, and the second defines precisely the properties a predictability measure should possess. Definition 1 (Transition types of states). State j is perfectly mobile if 4



The Moore-Penrose generalised inverse is required in this context because Σ(Pj ) is not of full rank. More on this inverse appears later in the paper.
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Pj = k −1 ιk . State j is perfectly immobile if Pj = (δij , i = 1, . . . , k)T , where δij is Kronecker’s delta function.5 State j is perfectly predictable if Pj = perm (δij , i = 1, . . . , k)T . The set of all possible allocations of the nj cases across the k states is denoted We also define



k



:=



1×···×



k,



j.



In obvious notation,



PI j



PP j



⊂ k



and denote the members of



⊂



j.



for which



PX is aperiodic and irreducible as ˆ k . According to Definition 1, perfect mobility in a state implies that any case is equally likely to move to any of the k possible destination states. Conversely, perfect immobility (PI) implies that any case remains in its starting state forever.6 Thus PI in state j is characterised by a column of the transition matrix in which there is unity in row j and zero elements in all other rows. Perfect predictability (PP) differs from perfect immobility because unity occurring in any of the rows with zeros elsewhere implies that the transition is pre-determined. It is in this sense that PP is a generalisation, or superset, of PI. The final sentence of the Definition defines the set of all matrices which possess unique equilibrium distributions.7 Although we are interested in the characteristics of the vector Pj , an actual predictability measure must obviously be defined on observable (sample) quantities. In view of the sampling approach outlined in the previous section, the measure will be defined on the Xj rather than the Pj . Definition 2 (Predictability measure). A measure m : 5



j



7→



is a



That is, δij = 1 for i = j and δij = 0 for i 6= j. Both perfect mobility and PI are widely adopted as benchmark cases in the literature (Prais, 1955; Bartholomew, 1982). 7 The necessary and sufficient conditions for the existence and uniqueness of an equilibrium distribution are also known as ‘time-homogeneity’ and ‘regularity’. 6
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predictability measure if (i) it is symmetric, and (ii) it has the property that transferring an observation within Xj from state i to state i0 increases m whenever Xij ≤ Xi0 j . Consider (i) first. For a symmetric function, m(Xj ) = m(perm Xj ) for all Xj ∈



j.



Symmetry is inherent in measures of predictability: there is



no notion of distance between states, so all states are treated equally. Thus symmetry ensures that all members of



PP j



indicate the same (maximal)



level of immobility, which is desirable. The equal treatment of states in turn ensures that the same function m can be applied to any one of the sets j



(j = 1, . . . , k). Furthermore, symmetric measures are invariant to the



ordering of states in the transition matrix. This will be a desirable property if the state ordering decision is essentially arbitrary (q.v. below for more on this). Part (ii) of Definition 2 is the essence of predictability: a large concentration of the members of Xj into a few states suggests a predictable social structure. Whilst predictability measures at the individual state level are useful and informative, the emphasis in much of the mobility literature has been on mapping the transition matrix into an aggregate scalar measure. We therefore also define an aggregate dual to the state-by-state measure m introduced in Definition 2: Definition 3 (Aggregate dual). If X ∈ ˆ k , then m has an aggregate dual defined as



 M (X) := m n Π(PX ) 8



where Π(P ) the equilibrium distribution associated with the transition matrix P (and n is the sample size of X). The following propositions reveal some important properties of the aggregate dual. Proposition 1. As m is symmetric, the aggregate dual, M , is invariant to the ordering of the states. Proof. The permutation of rows and columns in X (remembering that rows and columns must be reordered together) results in a reordering of the terms in the fixed point vector Π(PX ). But as m is symmetric, this does not affect M. Proposition 2 (Period consistency). The aggregate dual, M , satisfies the property of period-consistency, i.e.



M (X (s) ) ≥ M (Y (s) ) ⇔ M (X) ≥ M (Y ),



s = 2, 3, . . .



where X (s) := (PX )s (diag N ), for all X, Y ∈ ˆ k . Proof. The proposition can be verified by observing that in fact M satisfies the stronger condition



  M (X (s) ) ≡ m n Π(PX (s) ) = m n Π(PX ) ≡ M (X), (which follows from Π(P s ) = Π(P )), giving rise to what we might term strong period consistency. It is clearly the only aggregate measure that satisfies this property. 9



Proposition 1 establishes symmetry of the aggregate dual. As for the state-by-state case, symmetry implies invariance to arbitrary state orderings. This introduces a fundamental distinction between predictability and movement-based measures. Whereas the former possess symmetry as an innate characteristic, the latter do not, since the notion of movement by its nature attributes intrinsic importance to the positioning of states in the transition matrix. Therefore all movement measures necessarily presuppose that there is a natural ordering of states in the transition matrix.8 This supposition is tenable if states are arranged according to a meaningful and unambiguous metric, e.g., prosperity, or a well-defined and one-dimensional index of social class. However, it is common in the field of applied social mobility research to encounter situations when natural social orderings do not exist, or are not comparable across samples (see Bartholomew, 1996, Ch. 5, for some specific examples). Many occupational or social class classifications are functions of several different underlying variables, so a single unambiguous ordering which holds over all the variables will not exist.9 Even when a meaningful ordering does exist, a symmetric treatment of the states is not of itself objectionable, because even some movement-based measures do this (as explained in the penultimate footnote), and because predictability rather than movement is the focus of interest here (recall Definition 2). One might at this point ask why the aggregate dual is defined on the 8



Note that this excludes those measures based on lack of movement, i.e., which use the diagonal elements of P only (see Bartholomew, 1996, Ch. 5). 9 For example, it is a matter of subjective choice whether farmers who own their farm and employ labourers should be placed adjacent to a ‘managerial and supervisory’ group in the frame of the transition matrix, or adjacent to ‘semi-skilled manual workers’. The problem arises because there are conflicting aspects of ‘occupational class’: i.e., there is no unique metric for directing the classification.
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equilibrium distribution associated with P . The reason can be seen from Proposition 2, which defines ‘Period Consistency’. A measure with period consistency permits matrices whose transitions span different time-periods to be compared. This is obviously a very desirable property for mobility measures to possess. In fact, as Shorrocks (1978) points out, it is also a very demanding property, which is not possessed by any of the conventional mobility measures.10 Proposition 2 shows that the aggregate dual as defined above not only possesses period consistency, it also satisfies an attractive stronger version of this invariance property, whereby the time period not only leaves orderings of mobility measures unchanged, but also the values of the individual measures themselves. As stated in the proof of the proposition, this arises because the measure is defined on the equilibrium distribution of the transition matrix. This section has defined the properties which state-by-state and aggregate predictability measures should ideally possess. The next one suggests actual measures with these properties that are also amenable to statistical inference.
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Shorrocks does suggest some measures which satisfy the less demanding condition of ‘period invariance’. Period invariance is defined as: M (P ; T ) = M (P s ; sT ), for s = 2, 3, . . . .
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New measures of predictability



As well as seeking measures of mobility which fulfil the criteria set out in the preceding section, it would also be useful to be able to say how far such measures differ from some benchmark value, and to infer whether any differences are statistically significant. As established by Definition 1, the two extreme cases are perfect mobility and perfect predictability. Whereas the former has a unique characterisation, the latter does not. It is therefore logical to compare sample transition matrices with the benchmark of perfect mobility. This can be done if a measure m can be found such that m(Xj ) possesses a known distribution under PMj := [Pj = k −1 ιk ]. Such a measure is proposed in the following proposition. Proposition 3 (Predictability measure). The measure



m∗ (Xj ) := nj



k



k X



Pij2 − 1



!



i=1



is a predictability measure with the property asy m∗ (Xj ) PMj , nj ∼ χ2k−1 , where the distribution is asymptotic with respect to nj . Proof. We show (i) that m∗ as defined in Proposition 3 is a predictability measure, i.e. (ia) m∗ is symmetric, and (ib) moving observations within Xj from state i to state i0 , where Xij ≤ Xi0 j , increases m∗ ; then we show (ii) that m∗ has a χ2 distribution under the hypothesis PMj . 12



The proof of (ia) is trivial, and follows at once from the additive nature of m∗ (Xj ). To prove (ib) requires some simple but tedious algebra, the upshot of which is that, writing Xj0 for Xj after moving an observation from i to i0 , m∗ (Xj0 ) − m∗ (Xj ) = 2k n−1 j (Xi0 j − Xij + 1). If Xi0 j = Xij − 1 the result would be no increase in m∗ , but for Xi0 j ≥ Xij then the effect is to increase m∗ . To prove part (ii) re-write m∗ (Xj ) in the equivalent form m∗ (Xj ) := nj (Pj − µ)T Σ− (Pj − µ)



where



µ := k −1 ιk



Σ− ij :=



   k − 1 i = j   −1



i 6= j



Note the general asymptotic result given in (5), substituting k −1 ιk for Pj in µ(Pj ) and Σ(Pj ). It only remains to show that Σ− is indeed the generalised inverse of



Σ(k −1 ιk ) = k −2



 k − 1 −1   −1 k − 1   . . . . . . . . .   −1 −1







−1   . . . −1   . . . . . . . . .   ... k − 1 ...



A generalised inverse is defined by the property Σ Σ− Σ = Σ, where we 13



write Σ for Σ(k −1 ιk ) (see, e.g., Searle, 1982, Ch. 8, p. 212 et seq). Direct computation can be used to verify that Σ− is indeed the generalised inverse of Σ. In fact, the measure proposed in Proposition 3 has a well known interpretation: it just a different formulation of the chi-squared ‘goodness-of-fit’ statistic that compares ‘observed’ with ‘expected’ outcomes. In the present context, the latter are the numbers of members of each state predicted by P Mj , i.e., nj /k. Thus Proposition 3 provides a new application of this statistic to transition matrices – as a predictability (not a movement) measure. We turn now to the quest for an aggregate dual of m∗ defined in Proposition 3. Consider the measure



0



M (X) := n k



k X 



Πi (PX )



i=1



2



−1



!



.



(6)



This measure is in accordance with Definition 3, so it is symmetric and period consistent. Unfortunately, because the process of finding the equilibrium distribution of PX is highly non-linear, M 0 (X) does not follow a simple distribution. However, it is possible to construct a measure based on a first order approximation of the equilibrium distribution, to be denoted the ‘approximate dual’ M ∗ , which does have a simple sampling distribution, as set out in the following proposition: Proposition 4 (Approximate dual). The measure



M ∗ (X) := k¯ n



k



k X  i=1



14



2 (1) Πi (PX ) − 1



!



where n ¯ is the harmonic mean of {n1 , . . . , nk }, and Π(s) (P ) := k −1 P s ιk



s = 1, 2, . . .



has the property asy M ∗ (X) PM1,...,k , N ∼ χ2k−1 where the limit is taken as min{n1 , . . . , nk } → ∞. Proof. We have the asymptotic result asy Pj PMj , nj ∼ Nk (µ, n−1 j Σ), where µ and Σ are as in Proposition 3. Now



Π(1) (P ) = k −1 (P1 + · · · + Pk ),



and as the Pj (j = 1, . . . , k) are conditionally independent given N , it follows that  asy −1 Π(1) (PX ) PM1,...,k , N ∼ Nk k −1 (µ + · · · + µ), k −2 (n−1 + · · · + n ) Σ 1 k  = Nk µ, (k¯ n)−1 Σ . Since M ∗ (X) can be re-written as



 T M ∗ (X) := k¯ n Π(1) (PX ) − µ Σ− Π(1) (PX ) − µ ,
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the distributional result follows as before. To the extent that Π(1) (P ) is a close approximation to Π(P ), M ∗ may be regarded as period consistent. There are two sources of difference between M 0 and M ∗ . The first is the presence of k¯ n instead of n. As the harmonic mean is always less than the arithmetic mean (except in the case where all the quantities are the same), this merely introduces a scaling factor that depends upon the distribution of {n1 , . . . , nk }.11 The second and more important difference is the presence of Π(1) (PX ) instead of Π(PX ). The reason we have a first-order approximation is evident from the general result



lim Π(s) (PX ) = Π(PX ).



s→∞



Therefore investigators have the following choice. On the one hand they may use the true aggregate dual to m∗ , i.e., M 0 , which is period consistent but which has an unknown distribution under the hypothesis of perfect mobility. Alternatively, they may use a modified aggregate dual, M ∗ , which is ‘almost’ period-consistent, but has a known distribution under the same hypothesis.12 Of course, Monte Carlo methods may be used to derive the empirical sampling distribution of M 0 under the null hypothesis of perfect mobility. 11



Note that the dependence of all the new measures on the sample size is to be expected, given the emphasis on deriving their sampling distributions. P-values can of course be used to compare measures based on different sample sizes. Unsurprisingly, p-values tend to zero as sample sizes tend to infinity (the population). 12 Another possibility is to calculate the matrix version of the ‘goodness-of-fit’ statistic, which is known to be distributed as a χ2(k−1)2 variate. However, this measure does not go even part way to satisfying period consistency, and is not an aggregate dual in the sense of Definition 3.
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Empirical Illustration



In this section, the new predictability measures proposed in Section 4 will be illustrated using a transition matrix constructed from Harbury and Hitchen’s (1979) study of UK intergenerational wealth mobility. The particular example we examine provides a succinct and clear distinction between the three different concepts of mobility. Harbury and Hitchens were interested in discovering whether the terminal wealth left by sons was related to the terminal wealth left by their fathers. Following an earlier approach of Wedgwood (1929), they drew random samples of sons and fathers who could be traced using probate records. Both ‘forward tracing’ (tracing sons of fathers who died in a given year) and ‘backward tracing’ (tracing fathers of sons who died in a given year) were used. Table 1 presents a sample transition matrix, X, based on backward tracing of fathers of sons who died in 1973. It is adapted from Table 3.2 of Harbury and Hitchens (1979), and contains information on transitions between five wealth states.13 All wealth values are given in constant prices, and so are comparable between fathers and sons. Two points should be borne in mind when interpreting these data. First, the absence of information about individuals with terminal wealth below $10,000 (which is partly a consequence of the structure of death duties at the time of the sample), means that inference relates only to the ‘moderately well off’, and not to the UK resident population as a whole. Second, the data describe gross estates left by fa13



Adaptation of Harbury and Hitchens’ tabulation was needed to group the data on a common basis for sons and fathers, and to calculate the numbers of fathers starting in each state. An additional table given by Harbury and Hitchens (Table 3.7a) provided the latter information, but for only three states and with a smaller sample size.
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thers, not net inheritances received by sons. Bequests and inheritances will often differ not only because of death duties, but also because more than one sibling tends to share an estate. The transition matrix in Table 1 was used to compute measures of all three types of mobility: unpredictability, movement, and non-dependence. We make two preliminary observations on this matrix. First, the states are of unequal size, so symmetric mobility measures are desirable. This works in favour of the predictability measures (and the symmetric Shorrocks measure S – see below for a definition), but it works against Bartholomew’s measure B. Second, the modal destination of sons whose fathers belonged to the very top wealth class is the class below. This may reflect both the division of estates, and the effect of death duties. Panel A of Table 2 presents the state-by-state measures. The m∗ (Xj ) values indicate that, at a significance level of 5 per cent, the null hypothesis of perfect mobility cannot be rejected for the second lowest wealth group. However, it can be rejected for all other wealth groups. In particular, mobility in the top two wealth groups is the most predictable. It is interesting to compare these results with those based on state-by-state movement measures. Both the Bartholomew (1982) and Shorrocks (1978) measures can be written P as (weighted) averages of the following state-j measures: bj := ki=1 Pij |i−j| and sj :=



k (1 k−1



− Pii ), respectively. In both cases, greater values of these



measures indicate greater movement mobility. Table 2 shows that the bj and sj measures differ amongst themselves, but both agree that the top wealth group shows considerable movement. This contrasts with m∗ (X5 ), which attributes to this group the second greatest predictability value, which is 18



also highly significant. The movement measures also agree that the median state in terms of movement is state 2, whereas this is the most unpredictable state according to the m measure. Panel B of Table 2 presents the equilibrium distribution as well as its first order approximation. They are seen to be very similar, illustrating the accuracy of the approximation and thereby the inferential relevance of the approximate dual. Panel C presents the scalar measures. The aggregate dual M ∗ (X) indicates that, at conventional significance levels, the transition matrix emphatically rejects the null hypothesis of perfect mobility.14 This appears to contrast with the results using the scalar movement measures P P B = kj=1 Πj bj and S = k −1 kj=1 sj . For example, the latter is bounded between zero and unity, with unity implying maximum movement; 0.89 indicates relatively high mobility, although of course it is not possible to say anything precise about this value or its significance, since both S and B are purely ordinal and neither are based on a sampling framework.15 A similar difficulty of interpretation applies to the Sommers and Conlisk (1979) dependence measure |λ2 (PX )| ∈ [0, 1], which measures the speed of convergence to the steady state. However, the value of 0.39 seems to imply fairly rapid convergence to the steady state, consistent with the results in the central panel of the table. Therefore, in summary, the given transition matrix appears to exhibit relatively high mobility according to the dependence and move14



Monte Carlo simulations of the distribution of M 0 (X) were also performed, using random draws from a flat multinomial distribution. The distribution function turned out to be similar to that for M ∗ (X); results are available from the authors on request. 15 Grounds for supposing 0.89 to indicate ‘relatively high mobility’ must instead rely on comparisons with S values reported in other studies. These include Atkinson et al (1983) and Dearden et al (1997), though these studies analysed income rather than wealth groups.
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ment measures, but relatively low mobility according to the predictability measures. This demonstrates the importance of having several measures to represent the several meanings of ‘mobility’.
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Conclusion



This paper has discussed alternative concepts of mobility and issues in measuring it using discrete transition matrices. A new set of measures was proposed, based on the concept of mobility as unpredictability of movement, rather than the traditional treatment of mobility as distance travelled between states, or the speed of convergence to equilibrium. The new measures can be used to measure predictability both on a state-by-state and an aggregate (i.e., whole matrix) basis. The measures are symmetric and, in the aggregate case, (approximately) ‘period-consistent’, which are useful invariance properties, permitting a broad range of comparisons to be made between different matrices. This is subject to the caveat that the aggregate predictability measure known as the ‘aggregate dual’ is a good approximation to a ‘truly’ period-consistent aggregate predictability measure. Numerical calculations revealed the approximation to be a good one. The measures also possess standard χ2 sampling distributions, under the null hypothesis of perfect mobility, permitting the use of statistical inference. Finally, the new measures were illustrated using a sample of UK intergenerational wealth data. We hope that future researchers will find it useful to supplement the traditional measures of mobility with the new predictability measures proposed here. Apart from their advantages summarised above, the new measures can 20



be expected to facilitate a more comprehensive understanding of the innate mobility of social structures.
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Table 1: The intergenerational wealth mobility transition matrix Fathers’ terminal wealth group Sons’ terminal wealth group ($k)



1.



2.



3.



4.



5.



1.



10 - 25



16



7



4



1



0



2.



25 - 50



12



8



9



5



1



3.



50 - 100



10



7



6



5



1



4.



100 - 500



13



10



13



22



13



5.



500 +



2



0



0



2



1



Adapted from Table 3.2 of Harbury and Hitchens (1979). Each cell gives the sample number of cases.
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Table 2: Mobility measures A. State measures State Measures m∗ (Xj )



1.



2.



3.



4.



5.



10.49∗



8.94



15.19∗∗



42.00∗∗



37.75∗∗



bj



1.49



1.06



0.94



0.57



1.12



sj



0.87



0.94



1.02



0.46



1.17



B. Distributions State 1.



2.



3.



4.



5.



Π(P )



0.13



0.19



0.16



0.48



0.03



Π(1) (P )



0.11



0.19



0.17



0.49



0.03



C. Matrix measures M ∗ (X) 82.11∗∗



M 0 (X)



B



S



|λ(2) (PX )|



103.35



0.85



0.89



0.39



Measures as defined in the text. ∗ indicates rejection of null hypothesis of perfect mobility at the 5 percent Type I error level; ∗∗ at 1 percent.
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