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Abstract
In this study, we examined a large sample of 231 generally healthy older adults across 4 years with regard to several brain 
anatomical measures (volumes of total grey matter volume: GM, normal appearing white matter: NAWM, lateral ventricle: 
LV, and white matter hypointensities: WMH) and psychometric intelligence (verbal and non-verbal). The dataset comprised 
four measurement occasions (baseline, 1-, 2-, and 4-year follow-ups). With this longitudinal data set, we evaluated level–level, 
level–change, and change–change relationships between the anatomical and psychometric measures using latent growth curve 
models. Our analyses indicate that GM and NAWM decreased significantly over the course of 4 years with annual percent 
changes of − 0.73% and − 0.79%, respectively. WMH and LV volumes increase with annual percent changes of 7.3% and 
4%, respectively. Verbal and nonverbal IQ measures remained stable in our sample. In addition, we uncovered evidence for 
level–level and -change associations between several of the brain anatomical measures. With regard to brain-IQ associations, 
we observed a positive level–level association for GM and NAWM, indicating that participants with larger brain volumes 
demonstrate higher IQ measures. No substantial evidence was identified for level- or change–change associations between any 
of the brain metrics and the IQ measures. Taken together, these results suggest that while healthy older adults demonstrated 
age-related neuroanatomical decline over a time span of 4 years, these degenerative changes are not necessarily linked to 
simultaneous cognitive deterioration.

Keywords  Brain aging · Psychometric intelligence · Longitudinal study · Level–level-association · Level–change-
association · Change–change-association

Introduction

It is a well-known fact that aging is accompanied by substan-
tial neuroanatomical and neurophysiological changes. For 
example, total brain volume and volumes of several subareas 
decrease while volumes of white matter hyperintensities and 
ventricles increase with age, mainly after the age of 55 (Fjell 
and Walhovd 2010). In terms of neurophysiological meas-
ures, blood flow, power in all EEG frequency bands, and 
resting-state functional connectivities decrease with aging 
(Sleimen-Malkoun et al 2015; Miraglia et al 2016; Catchlove 
et al 2018; Bangen et al 2018). Correlated with these neuro-
anatomical and neurophysiological changes, performance in 
most cognitive functions decline (Salthouse 2010), support-
ing the idea that the neuroanatomical, neurophysiological, 
and cognitive changes are correlated or even depend on each 
other. However, although the above-mentioned findings are 
well agreed upon, one has to keep in mind that the majority 
of the studies reporting and supporting these findings are 
based on cross-sectional data.
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Cross-sectional designs can generate data more rapidly. 
However, in contrast to longitudinal studies, they are asso-
ciated with a number of disadvantages (e.g., impossibility 
to analyze intraindividual time courses and confounding 
with cohort effects). As pointed out in our recent literature 
review regarding correlated changes in brain structure and 
cognitive ability (Oschwald et al 2019a), longitudinal stud-
ies are urgently required to advance our understanding of 
the associations between these two domains in the context 
of healthy aging.

Depending on the available data and the research ques-
tion of interest, one can examine level–change and/or cor-
related change associations. Level–change relationships 
describe any association between a cross-sectional measure 
(e.g., structural brain properties or cognitive performance 
at the baseline of a study) and longitudinal changes in the 
respective other domain. For example, individuals with 
more intact structural brain features may show reduced age-
related cognitive decline over a follow-up period compared 
to individuals with a lower degree of healthy brain tissue. 
On the other hand, higher levels of cognitive ability might 
also serve protectively from premature age-related brain 
degeneration. Finally, it is also plausible that bidirectional 
relationships between these two domains occur. However, 
because level–change relationships are only quasi-longitu-
dinal, it is difficult to disentangle whether these associations 
reflect within-person change processes or rather cross-sec-
tional differences between individuals. If longitudinal data 
are available for both domains, it is possible to investigate 
change–change relationships. Such correlated change asso-
ciations can occur simultaneously or in a lagged fashion, 
such that previous changes in one domain relate to subse-
quent changes in the other domain. Simultaneous correlated 
changes between structural brain features and cognitive 
ability provide insights into cross-domain associations that 
occur within the same time frame, reflecting either direct 
change–change relationships between the two domains or 
the influence of a third variable on both change trajectories.

Several longitudinal studies have been published so far 
examining neuroanatomical and cognitive changes longitu-
dinally across healthy adults of different age ranges (Schmidt 
et al 1999, 2005; Cohen et al 2001; Raz et al 2007, 2008; 
Silbert et al 2008; Leow et al 2009; Charlton et al 2010; 
Grimm et al 2012; Persson et al 2012, 2016; Fjell et al 2014, 
2016, 2017; Lövdén et al 2014; Mak et al 2015b, 2015a; 
Daugherty et al 2015; Ritchie et al 2015a, 2015c; Bender 
et al 2016; Möller et al 2016; Köhncke et al 2016; Gor-
bach et al 2017; Sala-Llonch et al 2017; Leong et al 2017; 
Hohman et al 2017; Moon et al 2017; Anblagan et al 2018; 
Song et al 2018; Yuan et al 2018).

While most of these studies have demonstrated age-
related anatomical changes, they differ in many aspects 
hindering to draw a final conclusion. For example, sample 

size, cultural background of the studied subjects, education, 
health status, age-ranges, used anatomical measures, num-
ber of time points, and statistical models vary substantially 
between these studies. Only a few works have been pub-
lished so far examining longitudinal associations between 
neuroanatomical and cognitive changes in subjects exclu-
sively older than 65 years (Silbert et al 2008; Leow et al 
2009; Lövdén et al 2014; Mak et al 2015b, 2015a; Ritchie 
et al 2015a, 2015c; Köhncke et al 2016; Sala-Llonch et al 
2017; Hohman et al 2017; Moon et al 2017; Anblagan et al 
2018).

Eight of these studies have examined level–change asso-
ciations (Silbert et al 2008; Leow et al 2009; Mak et al 
2015b; Ritchie et al 2015a, c; Hohman et al 2017; Moon 
et al 2017; Anblagan et al 2018) with five of them reporting 
significant level–change associations, however, between dif-
ferent cognitive functions and brain measures (Ritchie et al 
2015a, c; Hohman et al 2017; Moon et al 2017; Anblagan 
et al 2018). Significant change–change associations have 
been reported by eight studies (Silbert et al 2008; Lövdén 
et al 2014; Ritchie et al 2015a, c; Köhncke et al 2016; Sala-
Llonch et al 2017; Moon et al 2017; Anblagan et al 2018).

Given the heterogeneity of findings for the different 
cognitive domains and brain areas, the present work was 
designed to examine the structure–cognition relationship 
between global measures of psychometric intelligence and 
several global brain metrics during the course of a longitu-
dinal measurement. The dataset used for analysis comprises 
psychometric and MRI data collected from a large sample 
of healthy and non-demented older subjects, examined four 
times within a period of approximately 4 years. Thus, we are 
in the position to model the longitudinal time course over 
this relatively short period more reliably than using only 
two-time points as has been done in most studies of this 
type. Only two of the above-mentioned studies with subjects 
of comparable age included more than two-time points for 
both a measure of brain structure and cognitive ability (Sil-
bert et al 2008; Hohman et al 2017).

In addition, incorporating four occasions allows us to 
estimate and compare both linear and nonlinear trajectories 
(King et al 2018). We also believe that it is helpful and even 
necessary to independently replicate and validate findings 
from different groups working with various MRI scanners, 
using different psychological tests, and working with sub-
jects with varying cultural backgrounds. In this project, we 
will, therefore, replicate the research of the above-mentioned 
research groups [particularly the study of Ritchie et al. 
(2015c), which longitudinally examined a large sample of 
subjects in a similar age range and using similar brain ana-
tomical measures as we will use in this paper] but with a 
dataset comprising four-time points obtained during a period 
of 4 years. In addition, we will also work with intracranial 
volume (ICV) as a covariate (which was not used in the 
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Ritchie et al. study) to correct for general head size differ-
ences. This approach will also correct for sex/gender differ-
ences, which should essentially disappear or at least dimin-
ish substantially (Mathalon et al 1993; Jäncke et al 2015).

In this study, we focus on the structure–function relation-
ship between several global brain metrics and psychometric 
intelligence. Different from the aforementioned studies, we 
will use a German variant of the Thurstone intelligence test, 
allowing us to work with a general IQ estimate and six pri-
mary factors representing different psychological functions 
(verbal comprehension, spatial processing, memory func-
tions, reasoning, word fluency, and perceptual speed). In our 
study, we aimed to work on the following issues:

1.	 Modeling the time course of brain atrophy for global 
anatomical measures (volumes of total gray matter, nor-
mal-appearing white matter, white matter hypointensi-
ties, and lateral ventricle) and cognitive performance 
changes (verbal and non-verbal IQ) (denoted as Model 
1 in our analysis).

2.	 Examining the level–change and change–change asso-
ciations between the time courses of brain atrophies for 
the different brain measures (Model 2).

3.	 Examining the level–change and change–change associ-
ations between the time courses of verbal and non-verbal 
IQ (Model 3).

4.	 Modeling the level–change and change–change associa-
tions between the time courses of cognitive functions 
(for the two IQ measures) and brain atrophies (for the 
different brain measures) (Models 4 and 5).

Methods

Subjects

Longitudinal cognitive and MRI data were taken from the 
Longitudinal Healthy Aging Brain (LHAB) database—an 
ongoing project conducted at the University Research Pri-
ority Program (URPP) ‘Dynamics of Healthy Aging’ of the 
University of Zurich (Zöllig et al 2011). We used data from 
four measurement occasions (baseline: tp1, 1-year follow-
up: tp2, 2-year follow-up: tp3, 4-year follow-up: tp5) (see 
Fig. 1). The baseline dataset included 231 participants (mean 
age = 70.84 ∓ 5.08). During the following years, the number 
of subjects dropped to 210 at tp2 (mean age 72.0 ∓ 5.2), to 
197 at tp3 (mean age: 72.7 ∓ 4.8) and to 173 at tp5 (mean 
age: 74.23 ∓ 4.27). 24 participants of the baseline sample 
took part in an additional 3-year follow-up (tp4). For several 
subjects, we did not have both the anatomical and all the 
IQ measures at each time point. For the anatomical meas-
ures, the number of subjects was 231 at tp1, 207 at tp2, 196 
at tp3, 24 at tp4, and 166 at tp5. For non-verbal-IQ, the 

number of subjects was 227 at tp1, 207 at tp2, 190 at tp3, 
164 at tp5. For the verbal-IQ, the number of subjects was 
230 at tp1, 206 at tp2, 190 at tp3 and 163 at tp5. The propor-
tion of females was 49% at baseline, 48% at 1-year follow-
up, 46% at 2-year follow-up and 46% at 4-year follow-up. 
At each measurement occasion, participants completed an 
extensive battery of neuropsychological and psychometric 
cognitive tests and underwent brain imaging. Brain imaging 
was conducted at the University Hospital of Zurich, either 
after cognitive testing or on a separate day within a span of 
1–2 weeks of the cognitive assessment.

Eligibility criteria for study participation were age ≥ 64, 
a score of ≥ 26 on the Mini-Mental State Examination 
[MMSE; (Folstein et al 1975)], right-handedness, fluent 
German language proficiency, no self-report of any neuro-
logical or psychiatric disease, and no contraindications to 
MRI. The self-reported physical and mental health of the 
sample at baseline, as measured by the SF-12 (Ware et al 
1996a) was 50.7 ± 7.4 and 54.6 ± 6.4, respectively, which, 
according to the SF-12 norms indicates above-average health 
(Ware et al 1996b). Although those subjective health indi-
cators slightly decline across time, they still remain above 
average. With respect to diabetes and hypertension, condi-
tions that are common in older adults, the prevalence in our 
sample is consistent with or below the values reported on 
population-level for older adults. The study was approved by 
the ethical committee of the canton of Zurich. Participation 
was voluntary and all participants gave written informed 
consent in accordance with the declaration of Helsinki. The 
data of this sample has been used in previous publications of 
our group (Madhyastha et al 2014; Liem et al 2015; Hirsiger 
et al 2016; Valizadeh et al 2017, 2018).

For the present analyses, structural MRI and IQ data were 
used. To avoid bias due to selective exclusion of participants 
with incomplete data, we use the full sample (data present 
for MRI measures and/or IQ measures) in this article. The IQ 
scores of one subject at the 4-year follow up were excluded 
because of a large drop in language IQ score from 135 at 
the 2-year follow up to 41 at the 4-year follow up. This sub-
ject further only received a score of 22 at the 4-year follow 
up in the MMSE. Some more subjects (N = 8) received an 
MMSE score < 26 in follow-up measurements but were not 
excluded because they showed an MMSE score > 26 in later 
follow-up measurements (N = 4) or showed no unusual drop 
in IQ scores (N = 4). All remaining subjects at the 1-year, 
the 2-year, the 3-year and the 4-year follow up were still 
healthy and non-demented according to the criteria applied 
at wave 1.

Measuring psychometric intelligence

Psychometric intelligence was measured with a German 
intelligence test (Leistungsprüfsystem: IQ), which is based 
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on Thurstone’s intelligence model (Thurstone 1938). Here 
we used the version for subjects older than 50 years up to 
90 years (Sturm et al 1993). The split-half reliability of 
this test ranges between r = 0.89 and r = 0.97 depending 
on the particular subtest. Using the norms provided by the 
test battery, the mean IQ was 120.6 (sd = 6.7) for the total 
sample. Men and women significantly differed with males 
demonstrating a slightly larger IQ (121.7 ± 6.7) than women 

(119.4 ± 5.9) (t(224) = 2.62, p = 0.0095, Cohen’s d = 0.35). 
IQ scores could be slightly overestimated since the subjects 
mostly fall exactly in the age range between two age cat-
egories (55–69 years and 70–90 years). We have used the 
normalization for the age category of 70–90 years for the 
entire sample. For the following statistical analyses, we use 
IQ raw scores. Since verbal and non-verbal cognitive meas-
ures often dissociate, we calculated a language IQ (IQ-L) 

Fig. 1   Simplified schematic latent growth curve diagram associating 
the trajectories of an intelligence test measure (IQ) to the trajecto-
ries of an anatomical measure (Anat) over four-time points (tp1, tp2, 
tp3, tp5). The diagram shows a bivariate random slope model for the 
anatomical and the IQ measure. The circles represent the latent vari-
ables (random intercepts with prefix i and random slopes with prefix 
s), the squares represent the observed variables. One-headed arrows 
represent regression paths with fixed loadings on observed variables, 
two-headed arrows represent variances and covariances. The colored 

covariances provide information about the association between the 
IQ and the anatomical measure. As in all fitted models, the residu-
als were assumed to be the same over the time points and the resid-
ual-residual associations were also assumed to be the same for each 
time point. For simplicity, the covariates (age at study entry and total 
intracranial volume) were omitted in the diagram. Further not shown 
is the training effect slope for the IQ measures and the quadratic slope 
for the normal appearing white matter. For the anatomical measures, 
there were additionally some participants with five-time points
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and a non-language IQ (IQ-nonL) score. The IQ-L meas-
ures comprise the subscales 1 + 2 (word recognition, general 
education, verbal knowledge, and spelling), 5 (word recog-
nition, word fluency), 6 (word fluency and verbal knowl-
edge), and 12 (word recognition) of the LPS50 + , while 
the IQ-nonL measure comprises the subscales 3 [detection 
of (un)regularities in geometric figures], 4 (like scale3 but 
with numbers and letters), 7 (recognition of regularities), 
8 + 9 (spatial imagination, symbol comparison), 10 (recog-
nition of the essential in a character, introversion, mental 
independence), 11 (recognition of fragmented images and 
words, visual memory perception), 13 (perception speed), 
and 14 (compare with test 13). Here, we computed separate 
IQ scores for language and non-language functions since 
it is known that language and non-language functions are 
controlled by mostly non-overlapping brain regions (Voyer 
1996).

Image acquisition

MRI data were acquired with a 3.0 T Philips Ingenia scan-
ner (Philips Medical Systems, Best, The Netherlands). We 
have described the image acquisition procedure in sev-
eral of our recent papers, thus we partly reiterate what we 
have mentioned in these papers (Madhyastha et al 2014; 
Liem et al 2015; Hirsiger et al 2016; Valizadeh et al 2017, 
2018). T1-weighted images were recorded with a gradi-
ent echo sequence (3D turbo field echo, 160 sagittal slices, 
slice thickness = 1 mm, in-plane resolution = 1 × 1 mm, 
FOV = 240 × 240  mm, repetition time = 8.18  ms, echo 
time = 3.80 ms, flip angle = 8°).

Image preprocessing

FreeSurfer (v5.3) as implemented in the FreeSurfer BIDS-
App (Gorgolewski et al 2017) was used to obtain measure-
ments of cortical and subcortical anatomy (Fischl et al 2002, 
2004; Destrieux et al 2010). After completing the standard 
recon-all pipeline, measurements for cortical thickness, sur-
face area, and volume were extracted for the regions of the 
Destrieux (aparc.a2009s) parcellation scheme (Destrieux 
et al 2010). Subcortical and global volume measurements 
were also extracted from FreeSurfer’s aseg segmentation. 
To ensure independence between time points, FreeSurfer’s 
longitudinal sectional analysis stream was used. For this 
paper, we estimated the following anatomical measures: 
(1) intracranial volume (ICV: EstimatedTotalIntraCranial-
Vol), (2) total gray matter volume (GM: including lhCor-
tex + rhCortex + SubCortGray + CerebellumGM), (3) total 
cerebral white matter volume (normal-appearing white mat-
ter without white matter hypointensity: NAWM), (4) white 
matter hypointensity volume (WMH: WM_hypointensities), 
and (5) lateral ventricle volume (LV). We have chosen these 

anatomical measures because they have been used in sev-
eral papers examining the relationship between anatomical 
measures and psychometric intelligence (Luders et al 2007, 
2008) and in recent papers examining age-related anatomical 
changes (Ritchie et al 2015a, b).

Statistical analysis

In this study, we examined several questions: first, we are 
interested to examine whether and how the neuroanatomical 
and IQ measures change over the course of 4 years. Sec-
ond, we examined whether these changes are correlated 
(level–change and change–change associations). These 
associations are evaluated separately for the anatomical data 
(GM, NAWM, LV, and WMH) and for the IQ data. Finally, 
we were interested in the level–change and change–change 
associations across domains. Thus, we tested whether the 
anatomical measures at baseline are predictive for the IQ 
changes occurring over the course of the following years, or 
the other way around (whether the IQ measures at baseline 
are predictive for the later occurring anatomical changes) 
and if the changes in brain structure and cognitive ability are 
correlated For our statistical analysis, we used latent growth 
curve modeling (Grimm et al 2016) to describe the change 
of the neuroanatomical and the IQ measures. The advantage 
of this technique over other techniques is that one can model 
and statistically test change–change and level–change asso-
ciations within one latent growth model. In addition, all the 
available information is exploited even in the presence of 
missing values, which for various reasons regularly occur 
in longitudinal studies. According to our study questions, 
we are interested in whether the latent growth variables of 
these measures and their residuals covary with each other. 
To achieve this, it is important to find a properly fitting 
model for each measure based on model fit statistics (e.g., 
likelihood ratio tests) (similar as in McArdle et al 2004).

Additionally, we are modeling the association between 
person-specific residuals per time point for each measure. 
At each time point, we obtain a residual term, which is the 
difference from the observed value to the person-specific 
expected value. It is important to note that these residuals 
do not only include random measurement errors, they may 
also include true deviations from the expected values of 
the fitted models. Therefore, it is reasonable to ask whether 
the residuals of different measures covary with each other 
at each time point. For example, will a person who scores 
higher than expected (person-specific) at baseline in meas-
ure 1 also score higher than expected at baseline in measure 
2 (residual-residual association)? Our latent growth model 
also allows for modeling and testing these residuals and the 
associated covariance parameters in one model.

The estimated total intracranial volume (ICV) and the age 
of the participants at baseline were included as covariates 
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for the latent growth variables of the anatomical and the IQ 
measures in all fitted models. By including ICV as covari-
ate, head size differences are controlled for (Mathalon 
et al 1993) and most sex differences are eliminated or at 
least diminished (Jäncke et al 2015). Both covariates were 
mean-centered.

Based on the individual models for each measure, we 
built a multivariate growth model associating the four ana-
tomical measures to each other (model 1) and a bivariate 
growth model associating the language and non-language IQ 
scores to each other (model 2). For the next step of testing 
cross-domain associations, we decided to build 2 models, 
one linking GM and NAWM with the IQ measures (model 3) 
and one linking WMH and LV with the IQ measures (model 
4). This was done because associating the language and non-
language IQ scores to all anatomical measures within one 
model would have resulted in a model with too many free 
parameters. This model layout for the multidomain asso-
ciations was chosen because for GM and NAWM positive 
associations with IQ are expected, while for WMH and LV 
the expected associations are negative.

To answer our main questions about possible evidence 
for associations between anatomical and IQ measures, 
we checked sequentially whether the inclusion of all the 
level–level associations, all the level–change associations, 
all the change–change associations, and all the residual-
residual associations improved the model fit. This sequen-
tial procedure was started with a simple model containing 
none of these associations. The model fit improvement was 
measured with the likelihood ratio test. A p value < 0.05 
was applied as an indicator for associations (or at least for 
one association). Given the exploratory nature of our analy-
ses, we performed several model comparisons. We did not 
apply any statistical control for multiple comparisons over 
the sequential tests and over the fitted models. So far, no 
clear guidelines exist on how to best control for multiple 
comparisons in complex multivariate SEM models. Thus, 
most researchers using these models do not apply any Type 
I error control (Smith and Cribbie 2013). While one recom-
mendation is to control for the number of hypothesis tests 
within an SEM model (Cribbie 2007), it is a subjective deci-
sion whether this number is based on the structural or on the 
measurement model.

For this group of parameters that do not improve model 
fit significantly, we report the parameter estimates from a 
model containing all the associations. The parameter esti-
mates are reported in unstandardized form as covariances 
but also in standardized form as correlations for better read-
ability. Of note, the z-statistic in the parameter tables refers 
to the covariance parameter estimates, but not to the cor-
relation estimates, which would be slightly different. Sim-
ple symmetric confidence intervals for the correlation esti-
mates are further reported. These may be smaller than − 1 

or bigger than 1 when there were estimation difficulties with 
the involved parameters, indicating very high uncertainty in 
these estimates.

The data of the multivariate growth models have been 
z-transformed or were left untransformed as appropriate 
when there were estimation difficulties with the covariance 
parameters. Missing values were accounted for using full 
maximum likelihood estimation, which results in unbiased 
estimates given that missing values are missing at random 
(Baraldi and Enders 2010). Because we were interested in 
the aging process of healthy people, this assumption seems 
appropriate. All analyses were performed in R (R Core 
Team 2014). The latent growth curve models were fitted 
with the lavaan package version 0.6–3 (Rosseel 2012). A 
simplified schematic representation of the latent growth 
model we used here is shown in Fig. 1.

Reliability of measures

The reliability of a measurement can be quantified with the 
intraclass correlation coefficient, which is the ratio of the 
between-subject variability to the total variability (the sum 
of the between and the within-subject variability) (Bart-
lett and Frost 2008). However, we were interested in the 
individual changes in the subjects. If we want high preci-
sion in our association estimates between the measures, it 
would be important that the within-subject variability is 
small compared to the person-specific yearly changes. The 
residual variances can be transformed to a repeatability coef-
ficient (Bland and Altman 2003; Bartlett and Frost 2008), 
which quantifies below which value the absolute difference 
between two measurements on the same person will be with 
95% probability, defined as 1.96 ×

√

2 × standard deviations 
of the residuals. Usually, a repeatability coefficient is calcu-
lated on the assumption that the measurement object does 
not change so that the only variance of measurement is origi-
nating from the measurement instrument itself. Neverthe-
less, comparing these approximate repeatability coefficients 
to the magnitude of the random slope variance and to the 
average slope of each measure provides some valuable infor-
mation about the precision of each measure.

Results

Time course of the anatomical and psychological 
measures

Figure 2 shows the time course of the anatomical and psy-
chological measures. In this figure the anatomical measures 
are corrected for ICV, thus minimizing (and partly elimi-
nating sex differences). A detailed demonstration of the 
descriptive values is shown in the supplementary sTable2. 
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In Table 1, mean percent changes and Cohen’s d effect size 
measures between two successive time points are shown. For 
GM the percent changes per year range between − 0.43 and 
− 1.3% with an average percent change per year of − 0.74%. 
When demonstrating these changes as Cohen’s effect size 
measures, the d range between d = − 0.42 and d = − 0.63 with 
an average d = − 0.46. The mean percent changes for NAWM 
ranged between − 0.43 and − 0.91% with a mean percent 
change of − 0.79%. In terms of effect size, these changes 
range between a d = − 0.32 and d = − 1.04, which amounts to 

a mean effect size per year of d = − 0.56. Thus, the decreases 
of GM and NAWM are of medium size.

For WMH and LV substantial increases were observed 
between two successive time points. In terms of percent 
change per year for WMH, these values range between 
6.35 and 7.7% with an average percent change per year 
of 7.4%. In terms of Cohen’s d the effect sizes range 
between d = 0.43 and 0.27 with an average d = 0.5. The 
LV increases in terms of percent change per year measures 

Fig. 2   Individual trajectories of 
the anatomical and IQ measures 
across age. WMH are shown 
as raw values. For statistical 
analysis of WMH, we used the 
log-transformed values
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range between 4 and 5.1% with an average increase per 
year of 4.2%. The effect size range between d = 0.74 and 
d = 0.98 amounting to an average d = 0.84. Thus, the vol-
ume increases for WMH are of medium and those for LV 
are of large size.

Model 1: time‑course analysis for anatomical 
and psychological measures

The model fit of the time courses revealed that all anatomical 
measures significantly changed over the 4 years. Figure 2 
shows the individual trajectories of all measures over the 
time course of 4 years. The estimated parameters and the 
associated statistics of the time course models are shown in 
the Supplementary material on the sTable 3. For the sake 
of clarity, we only show the summary statistics of the time 
course analysis (Table 2). GM and NAWM revealed signifi-
cant linear declines over the 4 years. For NAWM, we also 
identified a quadratic trend in addition to the linear trend, 
which was qualified by a steeper decrease from time point 
3 to time point 5. For GM, the linear decline we identified 
no substantial between-subject variance (after adjusting 
for initial age and total intracranial volume). The NAWM 
decline was also largely similar across all subjects. This 
will be further evaluated when we report and discuss the 
change–change associations between GM and NAWM.

WMH and LV, on the other hand, demonstrated a signifi-
cant linear increase over time. For WMH we used log-trans-
formed volume measures to stabilize variances. For both of 
these measures, there was substantial between-subject vari-
ance in the estimated individual slopes.

For all four brain measures, baseline age was a strong 
predictor of the intercepts. In each model, it was of similar 
magnitude as the slope parameter. For LV and for the WMH, 
baseline age was also a significant predictor for the vol-
ume increase over time. Thus, older subjects demonstrated 
stronger changes in LV and WMH.

For both psychometric IQ measures (IQ language and IQ 
non-language), we observed nonlinear changes across the 
four-time points qualified by initial increases (until 2-year 
follow-up) and subsequent decreases (between 2-year and 
4-year follow-up). Since re-test and habituation effects, 
which may cause performance stability or increases, are 
well-known issues in longitudinal studies (Salthouse 2010), 
we modeled the time course with a function representing 
training effects (0, 1, 

√

2 , 1) over the four-time points in 
addition to a linear slope. The underlying idea was to model 
the sample mean more appropriately. Instead of using a (0, 
1, 1, 1) step function [as was done in (Yuan et al 2018)], we 
were assuming a nonlinear fixed training effect across time 
points. Thereby, we were expecting a slight increase of the 
training effect from the 1-year-follow-up to the 2-year-follow 
up, and afterward, a slight decrease of the training effect on 
the 4-year follow-up because there were 2 years between the 
2-year and the 4-year follow up. We came up with the exact 
numbers of the training effect function by visually observing 
the patterns in the data and using model fit indices. Model 
fit clearly improved from p < 0.0001 to p = 0.07 for IQ-L and 
from p < 0.0001 to p = 0.02 for IQ-nonL by the inclusion of 

Table 1   Mean differences between two successive time points (tp) for 
all anatomical variables and the two IQ measures

Shown are the mean percent changes (change in %), the mean (in 
cm3) with the upper and lower bounds of the 95% confidence inter-
vals, Cohen’s d (based on variance of the differences between the 
time points), and the number of subjects; tp1: time point 1, tp2: time 
point 2, tp3: time point 3, tp4: time point 4, and tp5: time point 5
* Some subjects were measured on a yearly basis from time point 4 to 
time point 5, and time point 3 to 4

Differences Change in % Mean (95% CI) Cohen’s d N

GM tp2-tp1 − 0.72 − 4.30 (− 5.40, 
− 3.19)

− 0.53 207

GM tp3-tp2 − 0.59 − 3.23 (− 4.33, 
− 2.13)

− 0.42 190

GM tp4-tp3* − 0.43 − 2.68 (− 6.51, 
1.16)

− 0.29 24

GM tp5-tp4* − 1.30 − 7.65 (− 13.06, 
− 2.24)

− 0.63 22

GM tp5-tp3 − 1.27 − 7.49 (− 8.85, 
− 6.13)

− 0.85 164

NAWM tp2-tp1 − 0.58 − 2.50 (− 3.33, 
− 1.67)

− 0.41 207

NAWM tp3-tp2 − 0.47 − 1.92 (− 2.78, 
− 1.07)

− 0.32 190

NAWM tp4-tp3* − 0.54 − 2.18 (− 4.24, 
− 0.13)

− 0.45 24

NAWM tp5-tp4* − 1.08 − 4.68 (− 6.68, 
− 2.68)

− 1.04 22

NAWM tp-tp3 − 1.82 − 7.88 (− 8.96, 
− 6.81)

− 1.13 164

WMH tp2-tp1 6.45 0.26 (0.19, 0.34) 0.49 207
WMH tp3-tp2 6.35 0.28 (0.18, 0.37) 0.43 190
WMH tp4-tp3* 9.37 0.30 (0.15, 0.45) 0.86 24
WMH tp5-tp4* 7.72 0.20 (0.02, 0.39) 0.48 22
WMH tp5-tp3 13.97 0.52 (0.37, 0.66) 0.54 164
LV tp2-tp1 4.28 1.30 (1.11, 1.49) 0.94 207
LV tp3-tp2 3.65 1.16 (0.94, 1.39) 0.74 190
LV tp4-tp3* 4.01 1.13 (0.64, 1.62) 0.98 24
LV tp5-tp4* 5.17 1.69 (0.92, 2.45) 0.98 22
LV tp5-tp3 7.49 2.35 (2.03, 2.67) 1.13 164
IQ-non-L tp2-tp1 0.79 1.17 (− 0.66, 3.00) 0.09 204
IQ-non-L tp3-tp2 1.10 1.76 (0.10, 3.43) 0.15 186
IQ-non-L tp5-tp3 − 4.72 − 7.65 (− 9.38, 

− 5.91)
− 0.69 158

IQ-L tp2-tp1 1.77 1.90 (0.50, 3.31) 0.19 205
IQ-L tp3-tp2 1.14 1.72 (0.16, 3.27) 0.16 186
IQ-L tp5-tp3 − 2.82 − 4.34 (− 6.47, 

− 2.21)
− 0.32 159
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this additional training regressor. Of note, the inclusion of 
this fixed average training effect had little influence on the 
main questions of our study, which were about the associa-
tions between the latent variables, because it reduced the 
within-subject error variance only by a small amount. The 
estimated parameters and the associated statistics of the time 
course models are shown in sTable 3 of the Supplementary 
material.

Using the parameter estimates of the random intercept 
and the residual variance reported in sTable 3 (neglecting 
the very small random slope variability), we obtained the 
following reliability estimates for the anatomical and the IQ 
measures: GM: 0.967, NAWM: 0.987, WMH: 0.990; LV: 
0.995, IQ-nonL: 0.894, IQ-L: 0.910. For the anatomical 
and the IQ measures, we obtained relatively high repeat-
ability coefficients [GM: 16.32 cm3, WM: 12.16 cm3, WMH 
(on log scale): 0.17, LV: 2.3 cm3, IQ-nonL: 23.41, IQ-L: 
19.83]. The results indicate that the LV was measured with 
the highest precision followed by the WMH. LV and WMH 
also had the smallest residual-to-random-slope variance 
ratios. The other anatomical and the IQ measures had quite 
high residual-to-random-slope variance ratios, indicating a 
larger uncertainty in the estimated individual slopes in these 
measures. A higher uncertainty in the person-specific slope 
estimates will result in a higher uncertainty concerning the 
level–change and change–change associations.

Model 2: level–level, level–change, change–change, 
residual–residual associations for anatomical 
measures

Associating the anatomical measures with each other in a 
multivariate growth curve model (Model 2) revealed evi-
dence for several level–level, level–change, change–change 
and residual–residual relationships between the anatomi-
cal measures (see for a summary the sTable 4 shown in 
the Supplementary material). The significant level–level-
associations are shown in Fig. 3. Clear evidence was found 
for all the level–level associations between the anatomi-
cal measures. Person-specific intercepts of the anatomical 
measures (GM and NAWM) were positively associated with 

each other and negatively associated with the person-specific 
intercepts of LV and WMH. The person-specific intercepts 
of the LV and the WMH were positively associated with 
each other. The largest correlation was found between the 
intercepts of GM and the intercepts of NAWM (r = 0.56). 
The other (absolute) correlations ranged between r = 0.15 
and 0.23 (Fig. 3).

Evidence was found for several significant level–change 
associations between the anatomical measures with absolute 
correlations ranging between r = 0.22 and r = 0.58. Positive 
level–change associations were found between the intercept 
(level) and the slopes (change) of LV, between the inter-
cept of NAWM and the slope of GM, as well as between 
the intercept of IV and the slope of WMH. Negative cor-
relations were found between the intercept of GM and the 
slopes of LV and WMH. There were also negative corre-
lations between the intercept of NAWM and the slopes of 
GM and LV. There were no further significant level–change 
associations.

There were also four significant change–change associa-
tions between the anatomical measures. It is clearly evident 
that there is a positive association between the slopes of LV 
and WMH (r = 0.47). Negative change–change associations 
were found between LV and GM, between LV and NAWM, 
as well as between WMH and GM. These correlation esti-
mates were quite large in magnitude, ranging from − 0.53 
to − 0.6. However, these estimated correlations involving 
the global anatomical slopes (GM and NAWM) have to 
be taken with care because they were estimated with rela-
tively large uncertainty. No further substantial evidence for 
change–change associations between the anatomical vari-
ables was identified.

Clear evidence was found for all residual–residual asso-
ciations between the anatomical measures with correlation 
magnitudes ranging in absolute values from 0.14 to 0.47. 
The residuals of the WMH and the LV were positively asso-
ciated with each other. The residuals of the global anatomi-
cal measures (NAWM and GM) were negatively associated 
with the residuals of the LV. The residuals of the GM models 
were further negatively associated with the residuals of the 
WMH. However, the residuals of NAWM were positively 

Table 2   p-values obtained from 
the latent growth model fit 
testing for linear and quadratic 
trends of the anatomical and IQ 
measures

The detailed results of these model tests are shown in the supplementary material on sTable  3 (–  indi-
cates p > 0.05)

GM NAWM WMH LV IQ-L IQ-nonL

Intercept < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001
Slope < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001
Quadratic slope – < 0.0001 – – – –
Age on intercept < 0.0001 < 0.0001 < 0.0001 < 0.0001 0.006 < 0.0001
Age on slope – – 0.004 0.005 < 0.0001 0.002
Age on quadratic slope – – – – – –
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associated with the residuals of the WMH. The residuals 
between the global anatomical measures were negatively 
associated with each other.

Model 3: level–level, level–change, change–change, 
residual–residual associations for the IQ measures

Clear evidence for large positive level–level associations 
between the language and the non-language IQ scores were 
identified (r = 0.66). Evidence for a small positive associa-
tion between the residuals of the language IQ scores and the 
residuals of the non-language IQ scores further was found 
(r = 0.15), indicating that if a person scores higher than 
expected in the language IQ tests, it is expected that this per-
son also scores higher than expected in the non-language IQ 
tests at the same time point. No evidence for level–change or 
change–change associations between the language and the 
non-language IQ scores were found. However, the uncer-
tainty in the level–change estimate was large and the uncer-
tainty in the change–change estimate was very large.

Model 4 and Model 5: level–level, level–change, 
change–change, residual–residual associations 
for the IQ measures and the anatomical measures

For the sake of clarity and ease of interpretation, we cal-
culated two growth models to associate the anatomical 
measures to the IQ measures. In the first model (Model 4) 

we used GM and NAWM and in the second model (Model 
5) WMH and LV. Associating GM and NAWM to both IQ 
measures using sequential model comparisons revealed 
evidence for level–level relationships between the anatom-
ical and the IQ measures (χ2 (4) = 16.96, p = 0.002), but 
did not reveal evidence for level–change (χ2 (8) = 10.08, 
p = 0.26), change–change (χ2 (4) = 8.58, p = 0.072), or 
residual–residual associations (χ2 (4) = 4.82, p = 0.31). The 
estimated covariance parameters are shown in the Sup-
plementary sTable 6. Associating the LV and the WMH to 
the IQ measures in sequential model comparisons revealed 
no evidence for level–level (χ2 (4) = 7.14, p = 0.13), 
level–change (χ2 (8) = 11.38, p = 0.18), change–change (χ2 
(4) = 3.7, p = 0.45) or residual–residual associations (χ2 
(4) = 4.17, p = 0.38). The estimated covariance parameters 
are shown in the Supplementary sTable 7. These param-
eter estimates suggest that there may eventually be small 
negative level–level correlations between the LV and the 
IQ measures.

The intercepts of GM and NAWM were both positively 
associated with the intercepts of the non-language IQ scores. 
Evidence for a positive level–level association was further 
found between GM and the language IQ scores. The magni-
tude of these correlation estimates ranged between 0.18 and 
0.25. Negative correlations ranging from − 0.13 to − 0.18 
were found for the level–level associations between the LV 
and the language and non-language IQ scores and between 
the WMH and the non-language IQ scores. No further 

Fig. 3   Significant (at least p < 0.05) level–level-associations, level–
change-associations, change–change-associations, and residual-resid-
ual-associations for the anatomical measures shown as correlation 
coefficients. Indicated are also the 95% confidence intervals for the 
correlation coefficients. The prefix “i” indicates statistical tests based 
on the intercepts (level). The prefix “s” indicates statistical tests based 

on the slopes (change). The prefix “r” indicates statistical tests based 
on the residuals. Detailed statistics (etc. estimates, p values, confi-
dence intervals, etc.) for all variables and associations (even for those, 
which are not significant) are shown in the sTable  4 of the supple-
ments
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level–level and level–change-associations were significant 
(Fig. 4).

Discussion

This paper was designed to examine the change of major 
brain anatomical measures (volumes of total gray matter, 
normal appearing white matter, lateral ventricle, and white 
matter hypointensity) and IQ measures in a relatively large 
cohort of healthy and cognitively well-functioning elderly 
subjects using a longitudinal study protocol. As a further 
study aim, we are interested in examining change–change 
associations between the different time courses. Here, we 
provide a focus on change–change associations between the 
different anatomical measures but also on change–change 
associations between the IQ and anatomical measures. 
Finally, we examined level–change associations for differ-
ent brain and IQ measures. In the following sections, we 
will discuss our findings in the context of published results.

Longitudinal changes across the 4 years

For all anatomical measures, we identified significant 
changes over the 4 years. While NAWM and GM demon-
strated significant linear declines, WMH and LV signifi-
cantly increase over the 4 years. For NAWM, we identified 
a quadratic trend in addition to the linear trend, which was 
qualified by a steeper decrease from tp 3 to tp 5. The mean 
percent changes per year for GM and NAWM were − 0.73% 
and − 0.79%, respectively. The percent changes per year 
for WMH and LV were 7.3% and 4% per year, respectively. 

Thus, the changes are larger for WMH and LV than for GM 
and NAWM. Referring to effect sizes, which are more appro-
priate here because they take the sample variability into 
account, the changes are strongest for LV with large effect 
sizes, while the effect sizes for WMH, GM, and NAWM are 
moderate. Our results for loss of healthy GM and NAWM 
and increases of WMH and LV are in accordance with previ-
ous cross-sectional (Walhovd et al 2011) and longitudinal 
studies (for a summary see Oschwald et al 2019a).

There are, however, some differences between our find-
ings and those reported in previous studies. First, the WMH 
increases are substantially smaller in our study (approxi-
mately 7%/year) than those reported by Ritchie and col-
leagues (2015c) (11%/year). These differences might be 
due to methodological differences. Notably, Ritchie et al. 
investigated WM hyperintensities using FLAIR images, 
while the present work investigated WM hypointensities 
on T1w images. In addition, the sample used by Ritchie 
et al. are also on average older than our sample. Secondly, 
Walhovd et al. (2011) reported in their review on cross-
sectional studies stronger GM declines than those for WM. 
However, restricting their analysis to the age range covered 
in the present study (70–75 years), they found more WM 
loss. Ritchie et al. (2015c) also reported stronger WM than 
GM decline with percent decreases per year of 1% and 0.6%, 
respectively, results which they interpret as being consistent 
with the results reported by Walhovd et al. (2011). In our 
study, there was, in fact, no difference in terms of decline 
between GM and NAWM. The declines expressed as percent 
changes per year or as effect sizes were relatively similar 
(GM: − 0.73% and NAWM: − 0.79%; GM: d = − 0.46 and 
NAWM: d = − 0.56). Besides these small between-study dif-
ferences, our results nevertheless concur with most cross-
sectional and longitudinal studies.

Although the change of major brain metrics is similar to 
that reported in previous studies, our results for the cognitive 
performance measures we used here are different from sev-
eral of the previous studies. We identified small but signifi-
cant performance increases in the first 2 years, which were 
followed by a decline from the second to the fourth year. 
Although these changes were significant due to the relatively 
large sample size, they are particularly small, as indicated 
by the weak effect sizes (see Table 1). Thus, we could not 
replicate the cognitive decline in performance reported by 
other longitudinal studies (Ritchie et al 2015a, c; Persson 
et al 2016; Yuan et al 2018). We rather identified small per-
formance increases across the first 2 years, followed by a 
small performance decrease in the fourth year. Interestingly, 
cognitive performance did not substantially decrease below 
the baseline level in the fourth year. In other words, cogni-
tive performance is on average more or less stable in our 
cohort of elderly subjects. It could be argued that we did 
not detect cognitive performance declines due to the fact 

Fig. 4   Significant (at least p < 0.05) level–level-associations for the 
IQ and brain measures indicated as correlations. The prefix “i” indi-
cates statistical tests based on the intercepts (level)
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that subjects become increasingly familiar with the test with 
each measurement. This issue would lead to procedural or 
even explicit learning effects. From our point of view, it is 
not entirely clear whether and how practice effects may have 
exerted an influence on the measured cognitive performance 
in our study due to several reasons. First, we must take into 
consideration that each examination was separated by at 
least 1 year and it is unlikely that the subjects remembered 
the details of the cognitive tests particularly well. Secondly, 
during each annual examination, the subjects were enrolled 
in several psychological and neuroimaging tests, making it 
unlikely that this particular test we are here relying upon 
is well remembered. Thirdly, although there is no doubt 
that practice effects are present in longitudinal cognitive 
studies, they mostly occur during the second measurement 
(accounting for 4–5% of the performance) while they are 
modest or even weak in subsequent measurements (Rabbitt 
et al 2004). Nevertheless, cognitive performance is more 
or less stable in our cohort of elderly subjects. In the level- 
and change–change analyses including the cognitive meas-
ures, we thus have modeled the assumed practice effects to 
detect level- and change–change associations more or less 
independent of practice effects (repeated exposure effects), 
similar to the approach adopted by Yuan et al. (2018).

Level–level and change–change associations 
for the brain metrics

As expected, we identified several level–level associations 
between the anatomical measures (see sTable 4 and Fig. 3). 
Although these associations are statistically significant due 
to the relatively large sample size, these associations are 
small according to Cohen’s effect size classification. Only 
the level–level relation between GM and NAWM is large 
(r = 0.56) and in the range reported by previous studies 
(r = 0.34) (Cox et al. 2016). The other significant associa-
tions are much smaller (absolute r values ranging between 
0.15 and 0.23) and will thus not be discussed intensively in 
the context of this paper. However, larger GM and NAWM 
volumes are related to smaller LV and WMH volumes likely 
indicating that larger GM and NAWM volumes prevent or 
mitigate the increase of LV and WMH volumes.

We also identified several significant and partly sub-
stantial level–change associations between the neuro-
anatomical measures. Subjects with large LV volumes at 
baseline demonstrated steep increases of LV and WMH 
volumes throughout the 4 years of examination. This result 
could indicate that those subjects already suffering from 
brain tissue loss at baseline (indicated by increased LV) 
may be those who will demonstrate a steeper progression 
of LV increase mostly likely related or even induced by 
brain tissue loss. On the other hand, large NAWM vol-
umes at baseline are predictive for lesser increases of LV 

and WMH volumes. There was also a small but neverthe-
less significant positive level–change association between 
baseline NAWM and GM change. Larger NAWM volumes 
seem to be protective for brain tissue loss and even for 
WMH increases. The potential mechanisms explain-
ing this relationship are currently unknown. However, 
it could be possible that subjects with larger brains and 
thus larger NAWM are slightly more intelligent and thus 
demonstrate better cognitive ability (Luders et al 2009), 
positively influencing their lifestyle. For example, it has 
been reported that subjects with better cognitive ability 
smoke less and exercise more (Gottfredson 2004), both of 
which may result in beneficial influences on brain struc-
ture, reduced WHMs, and other detrimental brain anoma-
lies (Hillman et al 2008; Almeida et al 2011; Farooqui 
and Farooqui 2015). Another possible explanation is that 
the positive level–change associations between NAWM, 
GM, and WMH reflect a differential temporal sensitivity 
of these structures to a shared, underlying age-process—
comparable to a positive manifold (Spearman 1904; Raz 
et al 2005). Future longer-term follow-ups may provide 
further insights into the sequential relationships between 
these brain structure changes.

There were also four significant change–change asso-
ciations between the anatomical measures. WMH and LV 
volume increases are moderately and positively associated 
(r = 0.47). On the other hand, GM and NAWM changes 
over the course of 4 years are negatively associated with 
LV and WMH volume changes (r = − 0.53 to r = − 0.6). 
In other words, large volumes increases in WMH and LV 
are related to large decreases of GM and NAWM. These 
associations are not surprising since WMH and LV volume 
increases mostly happen at the expense of GM and NAWM 
volume decreases.

We identified several residual–residual associations 
between the trajectories of the anatomical measures 
additionally supporting a relatively strong interconnec-
tion between the trajectories of the anatomical measures. 
These were especially of a quite large magnitude for the 
associations between the residuals of LV to the residuals 
of the other brain metrics (r = − 0.47 to GM, r = 0.30 to 
WMH, and r = − 0.25 to NAWM). We do not expect that 
the brain changes are exactly the same per year for a per-
son. The residual associations indicate that those specific 
yearly changes that are not captured by our model in one 
brain metric were related to the specific yearly changes 
of another brain metric. However, the residual-residual 
association might have been inflated and overestimated 
because all measures were obtained using the same Free-
Surfer parcellation. This may explain the small but posi-
tive residual-residual association (r = 0.15) between the 
WMH and the NAWM.
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Level–level, level–change, and change–change 
associations between brain metrics and cognitive 
performance

Relating the psychometric IQ measures to the brain metrics 
revealed mainly significant positive level–level associations 
between GM and IQ (language and non-language). NAWM 
was significantly and positively related to language process-
ing. However, this relation was weak (r = 0.18) and became 
only significant due to the relatively large sample size. Weak 
(but negative) level–level associations were identified for 
LV. The positive level–level association of the IQ meas-
ures with GM (r = 0.25) is approximately similar to those 
reported in previous studies (Luders et al 2009); however, 
the association we found in our study is at the lower edge of 
reported associations, with the majority of studies report-
ing correlations around r = 0.3–0.4 (cited from Luders et al 
2009). Thus, larger GM volume is weakly related to higher 
IQ. However, the small level–level relations for NAWM and 
LV as well as the non-existent associations between cogni-
tive performance and WMH do not replicate the findings of 
several previous studies. Most of these studies report cor-
relations between WM and IQ or other cognitive functions 
in the same range as for GM. Although the small correlation 
between GM and IQ again supports the idea that GM (and 
thus supposedly the larger number of neurons as well as the 
larger neuropil) may be related to human intelligence and 
cognition, other factors must also play a role. For exam-
ple, functional connectivity patterns (Langer et al 2012), 
the efficiency of neurophysiological activation (Neubauer 
and Fink 2009), or particular neurophysiological oscillation 
patterns (Thatcher et al 2008) may account for even larger 
portions of variance when assessing relationships between 
brain measures and intelligence.

There were only weak and non-significant level–change 
associations between language IQ and LV as well as WMH. 
The higher the language IQ, the weaker the increases in LV 
and WMH over the 4 years. Most important, we did not find 
evidence for change–change associations between the IQ and 
the anatomical brain measures. In this respect, our findings 
also contribute to the inhomogeneous results of earlier stud-
ies. As yearly changes in intelligence are small compared to 
the measurement error of the IQ tests, high uncertainty is 
involved in associating the brain metrics to the person-spe-
cific slopes of the IQ measures. The uncertainty was highest 
associating the slopes of GM and NAWM to the slopes of 
the IQ measures because the person-specific slopes of GM 
and NAWM also did not vary substantially.

Of the few longitudinal studies investigating associa-
tions of GM with IQ in healthy older adults, four reported 
significant level–change or correlated change relationships 
between these measures (Raz et al 2007, 2008; Ritchie et al 
2015a; Persson et al 2016; Yuan et al 2018), while two did 

not find any effect (Raz et al 2007; Gorbach et al 2017). 
Regarding level–change associations, Persson et al. (2016) 
found that higher GM volume at baseline was related to 
reduced 2-year changes in fluid IQ. Moreover, two other 
studies observed that lower baseline fluid IQ was related 
to lower GM volume decline (Raz et al 2008; Yuan et al 
2018). Interestingly, Yuan, et al. (2018) additionally found 
a negative level–change association between crystallized IQ 
and cortical GM volume decline, suggesting that fluid and 
crystallized IQ are differentially related to age-related GM 
atrophy. Only one study reported significant positive corre-
lated change associations between total GM volume and IQ 
(Ritchie et al 2015c). Of note, this study is also the only one 
that included exclusively older adults within a particularly 
narrow age range (i.e., participants aged 73). While these 
predominantly positive level–change and correlated change 
relationships suggest a protective effect of preserved GM 
volumes or IQ for age-related variations in the respective 
other domain, it is difficult to disentangle the directionality 
of these associations.

Second, several previous studies investigated 
level–change or correlated change associations between 
WMH or NAWM and a measure of IQ (Schmidt et al 1999, 
2005; Raz et al 2007; Ritchie et al 2015a, 2015c; Persson 
et al 2016; Gorbach et al 2017). Of these, three studies 
reported negative correlated changes between WMH and 
fluid IQ (Schmidt et al 2005; Raz et al 2007; Ritchie et al 
2015a), suggesting that an increase in WMH is related to a 
simultaneous IQ decline, while three studies did not find any 
level–change or correlated change relationships (Schmidt 
et al 1999; Raz et al 2008; Gorbach et al 2017). With regard 
to NAWM, Persson et al. (2016) found a positive association 
between lower baseline prefrontal WM volume and prefron-
tal WM atrophy with subsequent 2-year degradation in IQ in 
a sample of healthy younger and older adults (aged between 
19 and 79). However, two other studies did not report any 
significant level–change or correlated change relationship of 
NAWM and IQ (Raz et al 2008; Ritchie et al 2015a).

Finally, to the best of our knowledge, no previous longitu-
dinal study has directly examined longitudinal associations 
between LV and IQ in healthy older adults. In a sample of 
middle-aged to older adults, Leong et al. (2017) have exam-
ined 8-year changes in total ventricle volume and in a com-
posite of global cognition (average of EF, processing speed, 
memory and attention tasks) that might be comparable to an 
estimate of IQ. However, the authors did not find a relation-
ship between change in total ventricle volume and change 
in global cognition.

Overall, the heterogeneity of previous findings between 
age-related structural brain and IQ changes is most likely 
in part due to the broad age ranges used in the majority of 
these studies, the inclusion of different measures of intelli-
gence, and the wide variety of statistical methods employed. 
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That we did not find any reliable level–change or correlated 
change relationships between verbal/nonverbal IQ and a 
number of different brain measures may also be a reflection 
of the exceptionally high health status of our participants, 
who have an above-average level of education compared to 
the Swiss population (Bundesamt für Statistik 2017) and are 
cognitively and physically fit. According to well-established 
cognitive aging theories (Stern 2002, 2009; Park and Reuter-
Lorenz 2009; Reuter-Lorenz and Park 2014), healthy older 
adults are assumed to have sufficient resources to compen-
sate for age-related brain degradation for a certain time and 
thus delay or at least attenuate a decrease in IQ. It might, 
therefore, be more likely that change–change relation-
ships between brain structure and cognitive abilities follow 
a lagged pattern. For example, in another analysis of this 
sample, we did not find any evidence for simultaneous cor-
related changes between WM microstructure and processing 
speed over 4 years; however, there was some evidence for a 
lagged change relationship, such that changes in WM micro-
structure preceded changes in processing speed (Oschwald 
et al 2019b).

Limitations

In the present study, we used data from a comparatively large 
sample of healthy older adults (N = 231) given the standards 
of other longitudinal studies investigating level–change or 
correlated change associations between structural brain and 
cognitive measures. Furthermore, we included four meas-
urement occasions, an approach that allowed us to model 
change trajectories more precisely, also testing for quadratic 
changes over time. However, in light of the complexity of 
multivariate growth models such as the ones used in the 
present analysis, an even larger sample size and more meas-
urement occasions would ideally be available. For example, 
we did not have a sufficiently large number of observations 
to model level- and correlated–change relationships between 
all brain measures and the two IQ measures simultaneously 
in one multivariate model, and we, therefore, instead inves-
tigated change-relationships of GM/NAWM and WMH/LV 
separately with the IQ measures. With longitudinal neuro-
imaging studies such as the present one already including 
(e.g., Seattle Longitudinal Study Schaie 1996; Schaie and 
Willis 2010) or planning to include more than two meas-
urement occasions in the future (e.g., Harvard Aging Brain 
Study or Cambridge Center for Ageing Neuroscience Study 
Shafto et al 2014; Dagley et al 2017), the use of data pooling 
across multiple sites provides a promising avenue to increase 
sample size and gain insights into the generalizability of 
level–change and correlated–change relationships between 
brain and behavior (Jockwitz et al 2019).

While we included a number of different brain metrics to 
provide multifaceted insights into the interplay of different 

brain tissue changes in old age and their relation with IQ 
changes, these measures were all relatively broad. Previous 
research has suggested that IQ relies on distributed networks 
in the brain (Jung and Haier 2007; Langer et al 2012). It 
is, therefore, possible that the inclusion of more specific 
brain metrics from these networks (regional structural brain 
metrics, indices of network connectivity) may have yielded 
more reliable level–change and correlated change relation-
ships with IQ.

With regard to the brain metrics used, another limitation 
that requires mentioning is the method we used for the auto-
mated parcellation of the brain volumes and WMH. While 
the FreeSurfer software generally yields reliable measure-
ments across retest intervals (Liem et al 2015), the retest-
reliability is dependent on the type and size of the recon-
structed brain structure (Morey et al 2010). Furthermore, the 
accuracy of WMH segmentation using automated methods 
is currently unclear because the distribution of WMHs in the 
brain is insufficiently understood (Caligiuri et al 2015) and 
the standard approach for segmenting WM lesions usually 
relies on FLAIR imaging data, not used in the present study.

An advantage of the present study is that we included a 
sample of exclusively older adults (above age 64 years), and 
thus were better able to capture age-related changes than in 
previous studies covering the entire adult lifespan. Yet, our 
age range was still relatively wide (64–86 years at baseline) 
compared to studies limiting their investigation to similar-
aged adults (Ritchie et al 2015a, c). It is highly likely that 
different aging processes on the level of the brain and cogni-
tive ability occur in an individual of 64 years compared to 
somebody of more advanced age. Thus, besides age-related 
within-person changes that were of main interest in this 
study, our findings might also be influenced by a certain 
amount of between-person age-differences.

We are aware of the fact that several previous studies 
based their analysis on the IQ model originally proposed 
by Charles Spearman and Raymond Cattell postulating that 
intelligence would not be a unitary entity. They introduced 
the concepts of fluid (Gf) and crystallized intelligence (Gc) 
as independent components (Cattell 1943, 1963). Gf refers 
to the capacity for logical reasoning and problem-solving 
that is presumably independent of acquired knowledge while 
Gc stands for the ability to use acquired and culture-relevant 
information. Although Gf and Gc are often viewed as dis-
tinct intelligence components, several studies and theoretical 
contentions suggest that they are not statistically independ-
ent (Carroll 1993). For example, Thurstone (1938) proposed, 
based on his own empirical analyses, seven primary mental 
abilities and not only two independent intelligence factors. In 
our project, we did not use the Gf and Gc concepts but rather 
worked with psychometric IQ measures based on the Thurs-
ton model because the IQ test we have used has been specifi-
cally adapted to examine subjects at the age of 50–90 years.
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Conclusion

Examining a large longitudinal sample of cognitively 
healthy older adults across 4 years, we found changes in 
several brain anatomical measures (GM, NAWM, WMH, 
LV) largely comparable to the findings of previous cross-
sectional and longitudinal studies. In contrast to recent evi-
dence, however, change in verbal and nonverbal IQ meas-
ures in our sample remained relatively stable. In addition, 
we found evidence for level–level and -change associations 
between several of the brain anatomical measures. With 
regard to brain-cognition associations, the only substantial 
finding was a positive level–level association between GM, 
NAWM, and the IQ measures, indicating that participants 
with larger brain volumes had a higher IQ. However, no (or 
only weak) evidence was found for level- or change–change 
associations between any of the brain metrics and the IQ 
measures. Taken together, these results suggest that while 
healthy older adults show an age-related neuroanatomi-
cal decline over a time span of 4 years, these degenerative 
changes are not necessarily linked to simultaneous cognitive 
deterioration.
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