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Ageing trajectories of fluid intelligence in late life: the
influence of age, practice and childhood IQ on
Raven’s Progressive Matrices

Abstract
Background: Examining the trajectory of cognitive abilities in late life is
difficult because of the long time required for significant change to occur and
the confounding influences of baseline ability, cohort, drop out and practice.
Purpose: The aim is to describe cognitive trajectories in late life by estimating
the influence of age and practice and by accounting for the potential
confounding attributable to „Flynn‟ and „Mathew‟ effects.
Methods: We examine repeated measures of fluid intelligence (IQ) in 751
volunteers‟ ages 62 through 83 years sampled from the Aberdeen City 1921
and 1936 birth cohorts for whom archived childhood IQ data provided a rare
insight into early life ability.

Ageing trajectories in fluid intelligence were

estimated using Raven‟s Standardised Progressive Matrices (RPM).

Data

were analysed using linear mixed models.
Results: We estimate that on average RPM decreases annually by over one
half point (age effect). There is also an initial increase of about two points from
the first to second test occasion the test is taken and this may be attributed to
practice. Comparisons between birth cohorts suggest that the „Flynn‟ effect
influences our data. We found no evidence of the „Mathew‟ effect in late life.
Conclusions:

Cognitive trajectory of fluid ability in late life is a mixture of

practice and decline. The influence of practice appears to be greatest after
the first repeat testing.

Modelling late life decline in this way will enable

intervention studies to be performed in normal and prodromal dementia
populations more efficiently.

1. Introduction
Examining the trajectory of cognitive abilities in late life is challenging due to
the long time period required for significant change to occur and the
confounding influence of baseline ability, age, cohort, drop out and practice.
The objectives of this study are to quantify normative ageing trajectories and
to identify potential predictors of these trajectories.

In order to overcome

challenges and obtain proper inferences, assumptions were made about the
influence and mechanism of different predictors of cognitive ability change
trajectories in late life.

One challenge in estimating longitudinal change in late life is that trajectories
of change may be influenced by cohort effects. Cohort differences in
socioeconomic circumstances, education, job complexity, leisure and
cognitive pursuits may influence trajectories of change and result in different
conclusions as regards normative patterns of change for different generations
and historical periods. For example, the “Flynn effect” (Skirbekk, Stonawski,
Bonsang, & Staudinger, 2013) describes a large-scale cohort effect that has
been observed in most countries, whereby performance on IQ tests has
improved with each decade of the 20th century. The „Flynn effect’ has been
estimated to be of the order of 3-4 IQ points for successive decades of the
twentieth century (Brouwers, Van de Vijver, & Van Hemert, 2009).This
observation that, coupled with other cohort differences, may influence patterns
of age-related decline reported in cross-sectional and longitudinal studies .
For example, using data from the Seattle Longitudinal Study Gerstorf and

colleagues (Gerstorf, Ram, Hoppmann, Willis, & Schaie, 2011) reported less
steep rates of cognitive aging between 50 and 80 years of age favoring the
later born cohorts.

Estimating trajectories of cognitive change in late life is also challenging as a
result of, dropout effects. Dropout occurs for the unavoidable reasons of death
or illness and from voluntary withdrawal (P. Rabbitt, Lunn, & Wong, 2006). In
addition, longitudinal studies by their nature involve repeated testing of
individuals which introduces the additional influence of practice. That is, an
individual may perform better because of familiarity with a test and testing
environment. Practice effects of this type may be greater in individuals with
higher original intelligence (IQ). Research using delayed growth models to
evaluate patterns of skill acquisition suggests that baseline ability predicts rate
of learning (Voelkle, Wittmann, & Ackerman, 2006). Longitudinal studies of IQ
in children also provide evidence of the “Matthew effect” (MERTON, 1968;
STANOVICH, 1986) whereby children with higher baseline IQ show more of
an increase in IQ with repeated testing over time (SHAYWITZ et al., 1995).
However, no study has examined if childhood IQ and/or adult ability predicts
larger practice effects in the context of longitudinal analysis of cognitive
change in older adults. In other words, it is unclear if the “Matthew effect”
extends to old age trajectories of change.

Improvement with practice has been demonstrated by using a wide range of
tests and in a variety of circumstances. Bartels et al (Bartels, Wegrzyn, Wiedl,
Ackermann, & Ehrenreich, 2010)observed practice effects were stronger in

the early phase than the late phase of high-frequency repetitive (1-6 monthly
intervals) cognitive testing of healthy individuals.

A plateau in performance

followed with little or no effect of practice through repeating the test. Ferrer
(Ferrer, Salthouse, Stewart, & Schwartz, 2004) sought to fit different shaped
practice effects on longitudinal estimates of memory, space related abilities
and speed of processing measures recorded at approximate yearly intervals.
The shapes examined represent an initial practice model where the
improvement is observed on the second testing occasion with negligible
improvement thereafter. The second model represents a linear practice with
equal amounts of improvements made on each testing occasion. Thirdly, the
delayed practice model predicts small amounts of improvement are made
initially and rates of improvement increase on each subsequent testing
occasion.

The form that this practice learning curve takes with our data and

circumstances is unclear.

In addition to modelling the influence of practice, the separation of practice
from the effect of age is a considerable analytical challenge. The need to
model separate effects for age and practice are widely discussed (Ferrer et al.,
2004; P. Rabbitt, Diggle, Holland, & McInnes, 2004; Salthouse, Schroeder, &
Ferrer, 2004). When practice effects exist as a result of repeated
assessments, ignoring the retest component will underestimate any age effect.
When the frequency of testing (the interval between test and retest) is fixed,
separating practice from decline is difficult since the unit of time and the
interval of practice are essentially equivalent.

McArdle and Woodcock

(McArdle & Woodcock, 1997) have proposed a model capable of handling
different test intervals that permits the separation of practice and age.

Trajectories of cognitive change in late life can differ for different cognitive
ability measures.

Fluid ability is the capacity to think logically and solve

problems in novel situations, independent of acquired knowledge (Horn &
Cattell, 1966). Fluid ability typically peaks in young adulthood and may
steadily decline thereafter.

Here, we use linear mixed modelling to estimate the influences of childhood
IQ, age and retest practice on fluid ability in a well characterized sample of
older adults with archived IQ scores at age 11 years and whose fluid ability
was tested between ages 62 and 83 years on up to five occasions. We use a
previously published age/practice model (Ferrer, Salthouse, McArdle, Stewart,
& Schwartz, 2005) and hypothesize that (1) age has an overall significant
negative effect on ability and (2) practice a significant positive influence on
performance on Raven‟s Standardised Progressive Matrices (RPM), a robust
test of fluid intelligence. We include IQ test scores at age 11 years to extend
the Ferrer et al model and hypothesise (3) that higher childhood intelligence
and/or greater adult premorbid ability predicts greater practice improvement.
This hypothesis essentially tests the presences of the „Matthew effect‟ in late
life.

By including childhood ability, we adjust for potentially confounding

influence of the “Flynn effect” on our data. In addition we also examine the
influences of different practice models on our results.

Consistent with

previous research we further hypothesise that (4) ability at entry into the study

is associated with greater practice improvements, and (5) older age at entry
into the study is associated with less practice improvement. Overall, the
approach adopted in this study will allow us to examine the relationship
between childhood ability, ability at entry into the study, age at entry into the
study, decline with age and practice improvement.
2. Methods
2.1. The Sample
All data were provided by the Aberdeen Birth Cohorts of 1921 and 1936, an
extended description of samples recruitment and data acquisition is given in
Whalley et al (Whalley et al., 2011). Following guidelines provided by the
local ethics of research committee (University of Aberdeen and NHSGrampian), volunteers gave written informed consent to a longitudinal
observational study of brain ageing and health.

Briefly, RPM data were

collected longitudinally from two identically recruited cohorts between January
1998 and December 2011. For each cohort the number of recruitment and
follow up measurements for each study year is shown in Table 1. RPM scores
were recorded up to five times in each participant between ages 62 and 83
years. All data were collected between January 1998 and Aug 2013. Total
data for combined cohorts comprised 751 individuals for whom 2153 RPM
scores were recorded. The interval between consecutive tests ranged from a
few months to greater than 10 years, with a median of 24 months. This wide
range of interval was not planned and was a result of the varied amount of
time the participants were able to devote to the project at each test point and
the resources available for collection.

Each individual was screened for

dementia at recruitment and before testing using Mini Mental State
examination (MMSE>25). The total sample contained 361 (48.1%) females.
2.2. Measures
Childhood intelligence data were kindly provided by the Scottish Council for
Research in Education (SCRE) from data archived in the Scottish Mental
Surveys of 1932 or 1947. All children born in either 1921 or 1936 and at
school in Scotland on 1st June 1932 or 4th June 1947 when aged about 11
years sat a group-administered intelligence test (The Moray House Test
(MHT)) (I. J. Deary, Whalley, & Crawford, 2004). Current adult fluid
intelligence was assessed using Raven‟s Standardised Progressive Matrices
(RPM) (Raven, 2000a), in which each test item consists of a matrix of
geometric patterns with one missing cell, and the task for the participant is to
select the best completion of the missing cell from a set of alternatives. This
is a 60-item, timed (maximum 20 minutes allowed) fluid intelligence test of
non-verbal abstract reasoning. The choice of RPM was based on its
psychometric properties and reliance on non-verbal abstract reasoning. The
RPM test manual describes studies from a wide age range and on different
cultural groups from clinical and normal populations, and attest to the
reliability (Alpha coefficient = 0.91) and validity (Raven, 2000a) of the
measure.

2.3. Statistics
Before linear mixed modelling, the raw RPM scores and the MHT scores were
standardised to a mean of 100 and a standard deviation of 15 on an IQ-like
scale. Age at testing was measured as the number of years after the 60 th
birthday. Practice was modelled by occasion of testing so that on first testing,
occasion 1 has no influence of practice.

In order to examine the influence of age and practice (P) only on RPM, we
used a linear mixed model as used by Ferrer et al 2004 (model 1a) and
summarised in Equation 1. In this model, the beta values for the intercept,
age and P were all random effects. That is to say β0,j , β1,j and β2,j were all
allowed to vary randomly between subjects (j).

RPM i , j   0, j  1, j Age   2, j P  ei , j

1

i= The occasion recorded
j= The subject
Age= The age-60 of subject when RPMi was recorded on occasion i
P=The hypothesised practice effect,(e.g linear assumption P=i-1 for i=1, 2, 3,
4, 5)
ei,j=The residual.

We extended this model to include childhood IQ at age 11 years as measured
by the MHT (model 1b) and summarized in equation 2.
variable was also treated as a random effect.

This additional

RPM i , j   0, j  1, j Age   2, j P   3, j MHT  ei , j

2

In each case the model was fitted using the MLwin software from the
University of Bristol (Rasbash, Steele, Browne, & Goldstein, 2012)]. Age was
entered into the model as the number of years beyond participants‟ sixtieth
birthday. This allowed the intercept (time or age = 0) to be interpreted as an
estimate of adult pre-morbid ability.

In all models we assume that practice

effects can be estimated as linear over time and number of tests. That is to
say, we assume that an individual improves by the same amount each time
the test is taken.

In order to examine this assumption in relation to

improvement due to practice we repeated model 1a but replaced the linear
practice assumption with an „initial‟ model of practice (model 2a) where the
participant improves after the first occasion and has negligible improvement
thereafter (P=0 when i=1, P=1 when i≠1). We then extended this model to
include childhood intelligence (model 2b). Similarly, we then replaced the
practice assumption with a „delayed‟ model (model 3a) where there is little
improvement at first followed by delayed improvement after more than one
occasions (P=0, 0.5, 1, 2, 4 when i=1,2,3,4,5 respectively). We then extended
this model to include childhood intelligence (model 3b).
TABLE 1 ABOUT HERE

3. Results
The age and summary (raw) RPM and MHT scores for participants are shown
in Table 1.

The raw mean values for the RPM measures suggest

improvement with age and improvement with occasion.

The tables also

indicate that individuals tested on more occasions had better RPM and MHT
scores at baseline, indicating that the more cognitively able remained in the
study. The table also shows that the 1936 cohort had a superior ability when
compared to the 1921 cohort on both at entry into the study and in childhood,
providing support for a “Flynn effect” difference between these cohorts. A
„spaghetti plot‟ for each individual split by the number of samples they
provided is shown in Figure 1.
FIGURE 1 ABOUT HERE
TABLE 2 ABOUT HERE

The findings from all models are in Table 2 and show that age has a
significant negative fixed effect on old age IQ and practice has a significant
positive fixed effect on IQ, thus supporting hypothesis 1 and 2 and as
expected childhood ability has a significant positive effect.

The variance

estimates for each model produces a varying picture. On all occasions the
Age and Practice variances were significantly different from zero.

The

variance associated with childhood ability (MHT) did not differ from zero for all
models. The intercept variance was significant for models that did not contain
the MHT score (the „a‟ models).

Only the linear practice model (1b)

demonstrated a variance significantly different from zero for the intercept.

Table 2 also shows a significant negative covariance between β1 (age) and β2
(practice) for all models This is in the same direction as those found by Ferrer
et al for processing speed, and are consistent with hypothesis (5), which
stated older age at entry into the study is associated with less practice
improvement . With the exception of model 1 without the childhood ability no
covariance was found between the intercept β0 and β1 (age).

Similarly no

significant covariance was found between the intercept β0 and β2 (practice)
and therefore does not support the hypothesis (4) that ability at entry into the
study is associated with greater practice improvements. All of the covariances
involving MHT were non- significant. In particular, absence of a significant
covariance between β2 (practice) and β3 (MHT) provides no support for our
hypothesis (3) that higher childhood intelligence predicts greater practice
improvement and, therefore, provides no evidence of a “Matthew effect”.

The b models showed that the childhood IQ variance was not significantly
different from zero and there were no significant co-variances between it and
the other coefficients indicating that its influence is fixed. Therefore, while
childhood IQ predicted ability in older adulthood it was found to have no
significant association with the trajectory with age or practice.

Examining the -2*loglikelihood values for each model the best fit was found
using the initial practice model 2. This would indicate that improvement due to
practice is seen after the first repeat test and little is seen after subsequent
testing.

A potential weakness of our study is the incomplete data acquisition and
therefore some of the inferences may be based in part on extrapolation rather
than actual data. In order to support the robustness of our findings we
repeated model 2, the initial improvement model using data from participants
who provided at least 3 RPM measures (Model 4). The results are shown in
table 2.

The fixed effects remained unchanged with minor differences

between the β values. There is some change in the patterns of significant in
the random effects. In particular the intercept-Age covariance was no longer
significant in model „a‟ and the Age-P co-variance was no longer significant in
model „b‟.

4. Discussion
As hypothesized, age and practice had significant influences on late life RPM
test scores, such that with increasing age RPM scores declined each year by
about half of an IQ point but increased when the test is repeated at the
second occasion. Our results indicate that this improvement is found after the
first retest and that little improvement is seen due to practice if the test is
administered subsequently. The directions of these effects are the same as
those previously reported (Ferrer et al., 2004) who modelled memory and
processing speed as outcome measures. The inclusion of childhood IQ in the
model did not significantly alter these effects with β1 and β2 not differing
significantly between the „a‟ and „b‟ versions of each practice model.

In

addition the results show that childhood IQ did not co-vary with either the age
or practice effect (β1, β2). That is to say, childhood IQ did not affect the rate of
decline associated with aging or improvement with practice.

Similarly,

childhood IQ did not co-vary with the intercept and its variance was not

significantly different from zero.

This would imply that the influence of

childhood IQ is a fixed effect on fluid intelligence in late life and that the
variance between individuals is negligible.

Taken together, these results

support the hypothesis that childhood IQ influences late fluid intelligence (I.
Deary, Whalley, Lemmon, Crawford, & Starr, 2000). However, childhood IQ
has no direct influence on trajectory.

In this study, we assumed three different practice models and found that the
initial practice model to be a superior fit to our data. These results differ from
those published by Ferrer et al examining the trajectory of memory and
processing speed (Ferrer et al., 2004) and who found superior fits for delayed
and linear practice models.

There are, however, considerable differences

between our study, the Ferrer study and other longitudinal studies examining
practice effects which examine effects derived from repetitions closer in time
than presented here and using test and populations significantly different from
ours. In reality, the appropriate practice model is probably test, interval and
sample dependent and although the initial model may not be appropriate for
all subjects, in these data it provides a reasonable approximation.

This study extends previous work on part of this data that found a significant
relation between lower childhood MHT and greater decline in cognitive ability
in later life (Bourne, Fox, Deary, & Whalley, 2007). The data and analytical
model explored here are superior to our earlier analysis because more data
are now available and by our inclusion of practice effects in the analytical
model. These findings do not completely agree with our earlier conclusions.

Although we find that age is kinder to the initially more able (I. Deary,
MacLennan, & Starr, 1998); our observations suggest that greater childhood
IQ is of value only when, as in most cases, it leads to in superior adult
cognitive ability. The absence of significant co-variance between MHT and
the effects of age is consistent with this interpretation. That is, there appears
to be no latent protective influence, represented by childhood IQ, not
explained by adult pre-morbid ability. This would imply that converting early
cognitive potential into adult ability protects an individual. This conversion
may be facilitated by factors such as education or cognitively stimulating
employment.

These are of course commonly used proxies of cognitive

reserve (Staff, Murray, Deary, & Whalley, 2004).

The mechanism or

mechanisms of hypothesized “cognitive reserve” are unclear (Staff, 2012) but
may be a result of increased neural plasticity in individuals with more
education and more occupational complexity (Karp et al., 2009) and
consequently increased ability to compensate for neuropathological changes
in the ageing brain.

Similarly, it may well be brought about by individual

differences in personality traits such as openness (Hogan 2012) where
individuals with a high level of this trait are more active and engaged resulting
in the maintenance of ability, a „use it or lose it‟ hypothesis.

An alternative

proposed mechanism suggests that use-dependent processes afford cognitive
protection. That is the development of more efficient (or at least different)
processing mechanisms make individual less vulnerable to the effects of
ageing (Waiter et al., 2008).

The “Flynn effect” predicts the cohort born in 1936 would have superior
childhood IQ at age 11 and in late life. The MHT and RPM raw values in
Table 1 indicate that to be the case although these values and different ages
are probably distorted by survival at age 11 and both practice and survival
effects in late life.

Survival bias in the older (1921) sample may be brought

about by those with higher childhood IQ surviving to an age when they were
recruited (Waiter et al., 2008) and were, therefore, more often included in our
study; this would suppress the Flynn effect gains. If this were the case, then
we would expect the differences between those born in 1921 and 1936 to be
smaller at age 11 than that predicted by the „Flynn effect‟ which predict around
3 IQ points per decade or around 4.5 points between our 15 year interval
(Raven, 2000b).

Standardizing the MHT scores indicated a difference

between the cohorts of 3.7 points. This is slightly smaller than expected and
may be brought about by survival and selection bias discussed above. Late
life comparisons indicate a significantly greater difference between the cohorts,
comparing the cohorts at age 77; where there is overlap in data we find a
difference of 10.4 raw RPM points or 16.5 IQ points, which is surprisingly
large.

The survival effect, describe above would suggest that the 1921

participants were of greater ability than those who did not take part in our
study. The practice effect would suggest that the 1936 scores include the
improvement due to repeat testing since all of them had experienced the test
at least once before age 77. This possible confounder would probably result
in increasing the differences between the cohorts and therefore 16.5 IQ point
at age 77 is an overestimate. This is significantly greater than expected from
the „Flynn effect’ and our potential selection bias, although Flynn himself

(Flynn, 2012) has observed massive gains of between 5 and 25 points in a
single generation.

The marked contrast the age 11 Flynn effect gains with

the age 77 effect gains demonstrated for the first time, within the same
individuals that cohort gains may vary over the life span.

Analysing our cohorts separately (without childhood IQ) we found the age
slope in the 1921 cohort to be (β1 -0.551 SE 0.224) compared with (β1 -0.356
SE 0.073) in the 1936 cohort. Similarly we found the practice slope to be (β2
1.925 SE 0.858) in the 1921 cohort and (β2 2.163 SE 0.571) in the 1936
cohort. These results would indicate that there is no significant difference
between the two trajectories. However; this comparison is of limited value
because the cohorts are not matched for age. There may be a cohort effect on
trajectory, but this may be obscured by the age differences.

These results provide no support for the „Matthew effect‟ acting in late life, that
is we found no significant covariance between the β2 (Practice) and β3 (MHT)
or β0 (the intercept). The „Matthew effect‟ has predominantly been observed
in the cognitive domain in early life and has been clearly demonstrated in the
acquisition of reading skills (STANOVICH, 1986).

Little has been written

about this effect in late life. It may well be that this effect is only realized in
early life when the brain is more plastic and the advantages of better abilities
are exploited.

One of the limitations of our study concerns the level of drop out leading to
incomplete data acquisition. 42.7 % of the data points were not collected and

only 15.7% of subjects provided all of the required data. Table 1 indicated
that the more cognitively able were more likely to return.

This pattern of

dropout is well-known from other work (HULTSCH, HERTZOG, SMALL,
MCDONALDMISZCZAK, & DIXON, 1992). Similarly, Rabbitt et al (P. Rabbitt
et al., 2006) showed that individuals who completed a 20-year longitudinal
study demonstrated little or no change and that those who dropped out
showed significant cognitive decline. The existence of such selective dropout
in our sample suggests that follow-up scores would be inflated when
compared to a complete data set, resulting in less evidence for decline than
would be seen in the population. This over-representation of the more able in
the follow-up measures is compounded further by their over representation in
the whole sample as the more cognitively able were more likely to volunteer (I.
J. Deary, Whiteman, Starr, Whalley, & Fox, 2004). Attrition due to drop out is
unavoidable; particularly in elderly samples were death accounts for a
significant proportion of incomplete data. Similarly, illness may also account
for a proportion of drop out (Matthews et al., 2004). In addition, those with
some insight into their declining cognition may also choose not to continue,
because of a reluctance to expose or confirm their decline. Collectively these
factors are likely to produce an underestimate of decline.

This may also

inflate the practice effect among individuals whose impression is that they „did
better‟ on occasion 2 and are more likely to return. An additional limitation is
that all the models examined here assume that incomplete data were missing
at random. While this it is a rarely met assumption in longitudinal studies and
probably not the case here, the assumption is found to perform well in most
practical situations (Collins, Schafer, & Kam, 2001). The sub analysis of

Model 4 supports this assumption in terms of the fixed effects. However, the
more subtle random effects, such as significant variances in the slope for age
and practice and the covariances previously observed were not supported.
The reduction in the estimates of variance in Model 4 would be expected
given the selection criteria.

Specifically, our results suggest that those

declining faster are more likely to dropout and would not provide data across 3
occasions. The reduction in variance combined with the reduced sample size
and the bias introduced by the selection process would limit the power to
detect the more subtle variable relationships in our data. The use of Model
4‟s „complete case‟ data filtering method has the additional drawback that it
assumes that the data is missing completely at random, that is, there is no
relationship between the missing data and the variables in the model (Rubin
1976). This is clearly not the case, with those who perform better as children
more likely to be retained in the study, a pattern that is also observed when
examining the RPM score at entry and retention in the study across occasions.
Models 1-3 make no such assumption and therefore probably provide a more
reliable and valid estimate of population effects (Graham 2009).

We were unable to record exactly reasons for not returning to the study. This
was not our key focus which was to examine the influence of practice and
childhood IQ on decline with age. Reasons for not returning in similar studies
have been examined (Der, Allerhand, Starr, Hofer, & Deary, 2010). They
found that progression to dementia, death, and refused testing due to illness
are all factors that influenced cognitive trajectory in late life using a linear

mixed model without accounting for practice. Although these factors are of
interest they are unlikely to affect our core findings.

The variation in sampling interval across all participants and within
participants has allowed us to discriminate between practice and age effects.
If we applied a vigorous fixed interval each test occasion would be equivalent
to a unit of time (age) which would make differentiation between the two
influences more difficult. Measuring and accounting for practice effects in the
context of decline in dementia and old age has design implications for clinical
trials. The use of fixed time points, for example baseline, 3 months, 6 months
etc, in the design, which is common place in drug studies does not provide
sufficient variance between the practice occasion and time variables.

A

strictly acquired data set will have testing on occasion 2 always at 3 months
and occasion 3 at 6 months and so on.

This would make it difficult to

separate the two influences. A more subtle design may well vary (perhaps
randomised) the interval between repeat measures in order to model and
separate such effects.

The key strength of our study is the almost unique availability of childhood IQ
data, and late life fluid intelligence measure. Together, these are rarely found
in a single sample and the finding that childhood IQ does not provide a latent
influence on late life trajectory, independent of late life pre-morbid ability is
relevant to trial design.

Disappointing results from recent drug trials in symptomatic dementia have
switched research focus to interventions starting during the dementia
prodrome. Well-timed, early interventions in the course of illness now appear
more likely to succeed (Morris, 2005) with strong arguments for clinical trials
in pre-symptomatic individuals at greatest dementia risk (Sperling et al., 2011).
In the absence of overt dementia, however, trials are hindered by smaller than
expected rate cognitive decline over time in those with little or no impairment
which are probably confounded by practice. Understanding, the relationship
between „real‟ decline and the influence of practice will improve the sensitivity
of such studies by; sample enrichment, identifying those who are likely to
decline.

5. Highlights


We examined cognitive decline in two cohorts of healthy elderly people
longitudinally born in 1921 and 1936



We modelled decline and practice effects using a multilevel linear
mixed modelling approach



We estimate that on average IQ decreases annually by over one half
point (age effect)



Practice accounted for two IQ points on the second test occasion, no
effect was observed thereafter



Comparisons between birth cohorts suggest that the „Flynn‟ effect
influences our data



We found no evidence of the „Mathew‟ effect in late life

62
63
64
65
66
67
68
69
70
71
72
Age
(years)
73
74
75
76
77
78
79
80
81
82
83
Total 21/36
Total
MHT 1921 (Stnd Dev)
Mean
MHT 1936 (Stnd Dev)
All (Stnd Dev)
RPM 1921 (Stnd Dev)
Mean
RPM 1936 (Stnd Dev)
All (Stnd Dev)

Table 1

Occasion i
1
1
56
161
192
67
13
5
1

1
30
157
31
21
13
2

255/496
751
38.7 (12.7)
42.1 (13.4)
41.0 (13.3)
27.5 (9.0)
35.4 (8.9)
32.7 (9.6)

2

17
141
131
65
13
1
1

3
4
10/2
70
46
27
15

168/378
546
39.9 (12.2)
43.5 (12.8)
42.4 (12.7)
29.0 (8.8)
37.3 (8.5)
34.7 (9.4)

3

4

5

11
121
133
21

2
5
18
7
1
20
65
38
10
4
137/319
456
40.2 (11.9)
44.5 (12.1)
43.2 (12.1)
29.8 (8.3)
37.7 (8.4)
35.2 (9.1)

8
47
69
45
17
1
12
56
20
7
95/187
282
41.6 (44.6)
46.3 (11.1)
44.7 (11.3)
29.9 (8.3)
38.7 (8.1)
35.7 (9.1)

61
5

1
44
7
52/66
118
44.5 (10.1)
48.7 (10.9)
46.8 (10.6)
30.4 (8.2)
38.0 (8.2)
34.6 (9.0)

Total
Total
21/36
1
1
56
56
161
161
209
209
208
208
155
155
191
191
147
147
22
22
1
1
8
8
49
49
77
77
1/67
68
30
30
167/87 254
101/7
108
87
87
117
117
112
112
74
74
18
18
707/1446
2153

Mean RPM (Stnd Dev)
1921
1936
23.0 (-)
36.8 (9.3)
34.9 (9.0)
35.7 (8.3)
36.5 (8.4)
36.9 (9.1)
37.6 (8.1)
37.4 (8.4)
38.4 (7.7)
27.0 (-)
39.6 (7.7)
35.9 (7.5)
39.5 (6.4)
38.0 (-)
40.3 (9.0)
31.9 (9.8)
26.9 (8.8)
37.3 (9.9)
28.0 (8.8)
41.9 (4.4)
29.0 (8.7)
29.5 (8.6)
29.5 (8.4)
30.7 (8.3)
28.4 (8.7)

The number of the participants acquired at each occasion and age. The numbers in bold are from the 1936 cohort

Weights

β0 intercept
β1 Age
β2 P
β3 MHT
2

σ

Variance

Co-variance

Residual
Fit

Model 1a

Model 1b

Model 2a

104.6 (0.8)
-0.72 (0.08)
1.62 (0.23)

52.6 (3.5)
-0.67 (0.07)
1.38 (0.23)
0.51 (0.03)

102.7 (0.8)
-0.50 (0.06)
2.48 (0.37)

212.3 (25.9)
0.83 (0.30)
4.76 (1.93)

737.9 (338.6)
1.07 (0.26)
5.89 (1.77)
0.04 (0.03) n.s
-10.4 (6.8) n.s.
26.9 (23.2) n.s
-5.0 (3.2) n.s.
-2.02 (0.64)
0.02 (0.06) n.s
-0.08 (0.20) n.s.

187.8 (18.7)
0.55 (0.15)
10.7 (6.3)

intercept
2
σ 1 Age
2
σ 2P
2
σ 3 MHT
ρ0,1 intercept-Age
ρ0,2 intercept-P
ρ0,3 intercept-MHT
ρ1,2 Age-P
ρ1,3 Age-MHT
ρ2,3 P-MHT

-7.42 (3.11)
13.2 (8.83) n.s.

ei,j
-2*loglikelihood

34.2 (1.6)
15877

0

-1.43 (0.73)

34.0 (1.5)
15645

-3.81 (1.56)
4.61 (8.01) n.s.
-1.16 (0.74) n.s.

33.7 (2.0)
15227

Model 2b
Model 3a
Fixed effects
51.5 (3.5)
104.1 (0.8)
-0.47 (0.06)
-.60 (0.08)
2.25 (.39)
1.87 (0.33)
0.50 (0.03)
Random effects
517.7 (328.6) n.s. 215.1 (33.2)
0.63 (0.14)
0.80 (0.36)
12.0 (6.3)
8.40 (3.2)
0.03 (0.03) n.s.
-3.42 (5.63) n.s.
-7.25 (4.02)
16.4 (36.9) n.s.
20.0 (16.6)
-3.27 (3.13) n.s.
-1.58 (0.72)
-1.94 (1.16)
0.00 (0.05) n.s.
-0.08 (0.34) n.s.
33.0 (2.0)
14541

35.0 (1.6)
15242

Model 3b

Model 4a

Model 4b

51.6 (3.5)
-0.53 (0.08)
1.42 (0.33)
0.51 (0.03)

106.8 (0.9)
-0.64 (0.07)
2.41 (0.43)

59.4 (4.81)
-0.59 (0.08)
2.20 (0.42)
0.45 (0.04)

626.0 (345.5) n.s
1.02 (0.33)
8.35 (2.90)
0.03 (0.03) n.s.
-8.37 (7.55) n.s.
30.9 (37.4) n.s.
-3.96 (3.22) n.s.
-2.47 (1.06)
0.00 (0.06) n.s.
-0.07 (0.31) n.s.

143.3 (23.3)
0.11 (0.23)n.s.
7.18 (6.80) n.s.
-0.27 (2.36) n.s.
-8.01 (9.91) n.s.

877.2 (502.4)n.s
0.21 (0.22) n.s.
7.86 (6.61) n.s.
0.05 (0.04) n.s.
-4.11 (7.66) n.s.
-20.1 (42.5) n.s.
6.36 (4.58) n.s.
-0.144 (0.91) n.s.
0.03 (0.06) n.s.
0.12 (0.38) n.s.

34.4 (1.6)
14553

31.1 (2.2)
9917

0.33 (.94) n.s.

30.6 (2.2)
9807

Table 2
The values in the brackets are standard error. All values were significantly different from zero unless specified (n.s.). Model 1 - the linear
practice model, Model 2 - the initial practice model, Model 3 - the delayed practice model, Model 4 – the initial practice model with participants
that provided the first three complete occasions. i= The occasion recorded; j= The subject; Age= The age of subject when RPMi was recorded
on occasion i; P=The the hypothesised practice unit; MHT= The Moray House Test score age 11 years; ei,j=The residual

Figure 1
A spaghetti plot of the IQrpm scores for each participant split by the number of samples they provided
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*Response to Reviewers

Reviewer #1: Flynn: Excellent rewrite- accept
Thank you for your assessment and your comments throughout the review process.
Reviewer #3: Reviewer #3
This revised manuscript has been modified in response to the prior reviews, and is now clearer in many
respects.
Thank you for your assessment and your comments throughout the review process.
I still have two concerns about issues I raised in the original review.
One has to do with the comparability of results from the sub-sample with complete data across 3 occasions.
The authors state that there was "some change in the patterns of significant (sic) in the random effects," but
Table 2 reveals that there was no longer significant variance in either the age or practice effects, or in their
covariances with the intercept. In my view these findings lead to questions about the robustness of the results
in the other models, and I feel that at minimum they warrant further discussion.
We previously included the following text in response to Reviewer #3 comment#2 on our original
submission;
“The sub analysis of Model 4 supports this assumption in terms of the fixed effects. However, the
more subtle random effect was not supported by the sub analysis and their robustness is uncertain. It
may well be the case that this violation may have limited the power to estimate random effects
childhood IQ after adjustment for age and practice”.
We have replaced this text with following text in response to the comment of this occasion;
“The sub analysis of Model 4 supports this assumption in terms of the fixed effects. However, the
more subtle random effects, such as significant variances in the slope for age and practice and the
covariances previously observed were not supported. The reduction in the estimates of variance in
Model 4 would be expected given the selection criteria. Specifically, our results suggest that those
declining faster are more likely to dropout and would not provide data across 3 occasions. The
reduction in variance combined with the reduced sample size and the bias introduced by the selection
process would limit the power to detect the more subtle variable relationships in our data. The use of
Model 4‟s „complete case‟ data filtering method has the additional drawback that it assumes that the
data is missing completely at random, that is, there is no relationship between the missing data and
the variables in the model [Rubin 1976]. This is clearly not the case, with those who perform better as
children more likely to be retained in the study, a pattern that is also observed when examining the
RPM score at entry and retention in the study across occasions. Models 1-3 make no such
assumption and therefore probably provide a more reliable and valid estimate of population effects
[Graham 2009].”

The second issue concerns the explanation for not including additional cognitive measures in this manuscript.
In their resubmission letter the authors state that "examination of other cognitive domains is an obvious
extension to our work and one which we hope to explore in the near future." I suspect that the manuscript
would make more of a unique contribution if additional measures were to be included because not only could
relations be examined with more measures, but possible coupling of change in different cognitive measures
could be explored. As noted by one of the other reviewers, the contribution of the present manuscript could
be considered modest, but this would likely not be the case if more of the existing data were to be included in
this report.

We are grateful for the suggestion proposed here, but examining the, “possible coupling of change in
different cognitive measures”, would require a separate specific hypothesis about the coupling of the
change process in this context. It is our view that the addition of other measures is beyond the scope
of the original intended focus, which was to examine the intellectual trajectory in our defined sample
and to examine the influence of early life ability on that trajectory. We would like to thank all of the
reviewers for their comments as they have substantially improved our manuscript, however, the
inclusion of additional cognitive measure as suggested by Reviewer#3 will result in a manuscript that
is inconsistent with our original intentions. If the reviewer is concerned about serial publication with
the same data set to optimize our publication count, this is not the practice of our group or any
individuals in it. The core business of this group currently is to identify the reasons for individual
differences in late life decline rather than exploring the more theoretical concepts such as domain
coupling. The reviewer describes our manuscript as a „modest‟ contribution, which may be a
reasonable assessment; however, the impact of our work using this unique data set can only be
evaluated once it is in the public domain. ”

