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Abstract 41 

Development and aging of the cerebral cortex show similar topographic organization and are governed 42 

by the same genes. It is unclear whether the same is true for subcortical regions, which follow 43 

fundamentally different ontogenetic and phylogenetic principles. We tested the hypothesis that 44 

genetically governed neurodevelopmental processes can be traced throughout life by assessing to which 45 

degree brain regions that develop together continue to change together through life. Analyzing over 46 

6000 longitudinal MRIs of the brain, we used graph theory to identify five clusters of coordinated 47 

development, indexed as patterns of correlated volumetric change in brain structures. The clusters 48 

tended to follow placement along the cranial axis in embryonic brain development, suggesting 49 

continuity from prenatal stages, and correlated with cognition. Across independent longitudinal 50 

datasets, we demonstrated that developmental clusters were conserved through life. Twin-based 51 

genetic correlations revealed distinct sets of genes governing change in each cluster. Single nucleotide 52 

polymorphisms-based analyses of 38127 cross-sectional MRIs showed a similar pattern of genetic 53 

volume-volume correlations. In conclusion, coordination of subcortical change adheres to fundamental 54 

principles of lifespan continuity and genetic organization. 55 

 56 

Keywords: lifespan, genetics, brain, subcortex, development, aging, hippocampus,  57 
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Introduction 60 

Cortical development follows a topographic organization through childhood and adolescence (Fjell et al., 61 

2018; Krongold, Cooper, & Bray, 2017; Raznahan et al., 2011). This means that regions of the cortex with 62 

similar structural and functional properties tend to develop together (see (Eickhoff, Constable, & Yeo, 63 

2018) for a discussion of cortical topography in the context of neuroimaging). This topography is 64 

conserved through later development and aging (Fjell et al., 2018; Tamnes et al., 2013), and follows the 65 

genetic organization of the cortex, i.e. is controlled by overlapping sets of genes (Fjell et al., 2015). It is 66 

not known whether the same is true for subcortical structures. In contrast to the monotone thinning of 67 

the cerebral cortex (Storsve et al., 2014), lifespan trajectories of subcortical structures are more diverse 68 

and complex (Allen, Bruss, & Damasio, 2005; Narvacan, Treit, Camicioli, Martin, & Beaulieu, 2017; 69 

Raznahan et al., 2014; Walhovd et al., 2005). This may be due to fundamental ontogenetic and 70 

phylogenetic differences between cortical and subcortical regions. The embryonic origin of the cortex is 71 

the pallium, while cerebellar and subcortical structures originate from the hindbrain, diencephalon or 72 

subpallium (Tuller, Kupiec, & Ruppin, 2008). These structures can be placed according to their position 73 

along the cranial vertical axis (see Table 2). Although the subcortex is evolutionary older than the cortex, 74 

it has a higher proportion of evolutionarily more recent genes, and a higher evolutionary rate, which is a 75 

basic measure of evolution at the molecular level (Tuller et al., 2008). It has also been argued that genes 76 

expressed in the subcortex generally are more region-specific (Tuller et al., 2008; Zhang & Li, 2004). 77 

These mechanisms may be seen in human development and aging, with higher plasticity and potential 78 

for change in response to environmental impacts in phylogenetically older structures (Walhovd, 79 

Westerhausen, et al., 2016), especially the hippocampus (Engvig et al., 2014; Eriksson et al., 1998). This 80 

combination of plasticity and vulnerability could contribute to the larger diversity in the lifespan 81 

trajectories of subcortical structures (Walhovd et al., 2005). On the other hand, a hypothesis is that 82 

genetically governed neurodevelopmental processes can be traced in the brain later in life (Chen et al., 83 

2011; Satizabal et al., 2019). This would for instance entail that brain regions under shared genetic 84 

control in development continue to be influenced by the same genes and change together through life. 85 

This has been shown for the comparably less plastic cortex (Fjell et al., 2015). In light of the diverse age-86 

trajectories and high plasticity of subcortical structures, it is not known whether patterns of subcortical 87 

maturation in childhood can be traced back to principles of embryonic development, how 88 

developmental organization sets constraints on subcortical aging, and the degree to which this 89 

organization of change is under common genetic control. The aim of the present study was to address 90 

these unresolved issues about the organization of subcortical change across the lifespan. Specifically, we 91 
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tested how subcortical developmental volumetric change clustered across different structures, how 92 

similar this organization was in development versus aging, and whether clusters of change were 93 

influenced by shared genetics. We hypothesized that volumetric changes in the developmental 94 

structures would tend to cluster according to embryonic principles, i.e. placement along the cranial 95 

vertical axis, that the pattern of change in aging would be similar to the pattern of change detected in 96 

childhood, and that structures changing together throughout the life would be governed by the same 97 

sets of genes.  98 

 99 

Results 100 

Clusters of change in development  101 

First, we determined which regions showed correlated change in development. A single-center 102 

longitudinal dataset (Center for Lifespan Changes in Brain and Cognition [LCBC]), comprising 974 healthy 103 

participants from 4.1 to 88.5 years with a total of 1633 MRI examinations, was used. The sample was 104 

divided into development and adulthood/ aging (development [< 20 years], n = 644, 1021 MRIs, follow-105 

up interval = 1.7 years [1.0-3.2]; adulthood/ aging [> 20 years], n = 330, 612 MRIs, follow-up interval = 106 

1.6 years [0.2-6.6]), see (Fjell et al., 2015) for details (Sample descriptives are provided in Table 1). 107 

Annual symmetrized percent change (APC) was calculated for each participant for each brain region, 108 

averaged over hemispheres, using the formula APC = (Vol Tp2 – Vol Tp1) / (Vol Tp2 + Vol Tp1) × 100. If 109 

more than two time points were available, the first and the last were used to calculate APC. These APCs 110 

were correlated across participants between each pair of brain regions. The Louvain algorithm for 111 

detecting communities in networks (Vincent D Blondel, Guillaume, Lambiotte, & Lefebvre, 2008) was 112 

applied to derive clusters in the correlation matrix from the development sample, and the Mantel test 113 

run to compare the different matrices. Five clusters of coordinated developmental change were 114 

identified (Figure 1) (see Cluster stability analyses and Validation analyses below for a more detailed 115 

discussion and justification of the cluster solution). The optimized community-structure statistic Q, the 116 

so-called modularity, ranges between -1 and 1, and measures the relative density of connections within 117 

communities as compared to links between communities (Girvan & Newman, 2002). We compared the 118 

cluster solution’s Q value with the Q from 10,000 randomized networks preserving the signed degree 119 

distribution and rewiring each edge approximately 5 times using the randmio_und_signed function in 120 

the BCT. The community-structure solution was significantly more clustered than in the random 121 

networks (p<0.001, developmental change Q=0.44, the 2.5 and 97.5 percentile of the random Q 122 

distribution=0.36-0.40). Three large clusters consisted of the ventricles (Cluster 1), the brain stem, 123 
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cerebellum white matter (WM) and cerebellum cortex, cortical WM, thalamus and hippocampus 124 

(Cluster 2) and cortex, putamen, amygdala and nucleus accumbens (Cluster 3). Caudate (Cluster 4) and 125 

pallidum (Cluster 5) were represented by separate clusters.  126 

Sample n n 

longitudinal 

Observations Age 

Mean (range) 

Sex 

Female/Male 

Interval years 

Mean (range) 

LCBC 974 635 1633 25.8 (4.1-88.5) 508/ 466 2.3 (0.2-6.6) 

VETSA* 331 331 662 56.3 (2.6) 0/ 331 5.5 (0.5) 

Lifebrainx 756 756 1512 59.0 (19.3-89.0) 330/ 426 2.2 (0.3-4.6) 

UKB 38127 na 38127 63.6 (44-81) 20026/18101 na 

UKB long 1337 1337 2674 62.5 (46-80) 663/ 674 2.3 (2-3) 

Table 1 Sample overview 127 

* 75 complete monozygote (MZ) / 53 complete dizygote (DZ) pairs of male twins xNot including LCBC 128 

 129 

 130 

Figure 1 Volumetric change-change relationships 131 

Heat-maps represent pairwise correlations coefficients between volume change (annualized percent 132 

change) of the brain structures in development in the LCBC sample (left panel), aging in the LCBC sample 133 

(middle panel) and aging in the Lifebrain replication sample (right panels). The five clusters, delineated 134 

by the black lines, were derived from the developmental sample. 135 

 136 

Pattern of subcortical change in adulthood and aging can be predicted from development 137 

Next, we wanted to test whether the topographical organization of change detected in development 138 

was conserved in adulthood and aging. To this end, the pairwise change-change correlations between 139 

regions were calculated for the adult and aging sample (Figure 2), and the Mantel test was run to 140 

compare the developmental and the adult/aging matrices. The change-change matrices were more 141 
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similar than expected by chance, r = .72 (p < 0.0001), demonstrating substantial overlap of clusters of 142 

change in development and aging. The results were replicated using longitudinal data from the Lifebrain 143 

consortium (total n = 756, 1512 MRIs, mean follow-up interval = 2.3 years, age 19-89 years, mean 59.8 144 

years), yielding almost identical results (r = .71, p < 0.0001). 145 

 146 

Cluster stability analyses 147 

We tested the stability of the identified developmental clusters. As different clustering approaches often 148 

yield different results, we ran a series of post hoc analyses to confirm the validity of the cluster solution. 149 

In our main analysis, we decomposed the correlation matrices into clusters or modules, where each 150 

module comprised regions that were more densely connected to each other - based on its correlation 151 

value - and sparsely connected to regions in other modules, by means of the commonly employed 152 

Louvain modularity algorithm (Vincent D Blondel et al., 2008). We proceeded to assess the stability and 153 

validity of the identified clusters using alternative approaches. As a sensitivity analysis, we performed 154 

consensus clustering (Lancichinetti & Fortunato, 2012; Romero-Garcia et al., 2018) combined with the 155 

versatility metric to aid selection of the resolution parameter γ for the Louvain algorithm (Shinn et al., 156 

2017). In the main analysis we used the default resolution parameter γ = 1, and using this for the 157 

consensus clustering yielded an identical solution. As the γ value increases from 0, the decomposition 158 

yields a progressively larger number of modules. Versatility provides an objective function to guide the 159 

choice of the resolution parameters. Specifically, the mean versatility across regions depends on how 160 

consistently the region affiliate with a specific module. An “optimal” value of γ is therefore defined as a 161 

value for which the versatility is lowest, i.e. for which the decomposition is the least ambiguously 162 

defined. The mean versatility does not provide an objective global optimum of the resolution parameter 163 

γ; instead, it serves to guide optimization of γ to local minima within neighborhoods corresponding to 164 

the desired spatial resolution of the modules. Here, we calculated mean versatility across a range of 165 

resolution values, by re-running the Louvain algorithm (via the find_optimal_gamma_curve function 166 

from (Shinn et al., 2017) and the consensus function therein) across the resolution range 0.01 ≤ γ ≤ 4.00, 167 

with increments of 0.01, and 1000 runs per γ value. Seven local minima of mean versatility were 168 

identified (γ = 0.66, 0.84, 0.93, 1.03, 1.12, 1.17, and 1.45). The final community partition at each γ was 169 

defined as a consensus across another 1000 runs of the Louvain modularity algorithm at the selected 170 

value of the resolution parameter. The results showed that beyond the local minima of γ ≤ 0.64, yielding 171 

≤ three clusters, and γ ≥ 1.91 yielding 50% singleton modules (≥ 8 clusters), the γ of 1.17-1.21 had the 172 

lowest versatility (versatility = 0). These γ levels all yielded the 5-cluster solution of the main analysis. 173 
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Also, γ = 0.7 and y = 0.96 yielded the same 5-cluster solution. γ = 1.32 and γ = 1.35, the latter which also 174 

had a very low versatility of 0.001, yielded a 6-cluster solution. γ = 1.60 and γ = 1.78 yielded a 7-cluster 175 

solution. Thus, the 5-cluster solution was the most frequent and showed the lowest versatility over 176 

several γ levels. Specifically, the 5-cluster solution appeared 7 times compared with once for the 3- and 177 

8-cluster solutions, and twice for the 6- and 7-cluster solutions. This supported the stability of the initial 178 

solution. In the 3-cluster solution, one cluster consisted of the ventricles, one consisted of pallidum, 179 

amygdala and accumbens, while the remaining structures were included in the last cluster. Finally, we 180 

tested the similarities of the community structure (cluster solution) of the developmental and the 181 

adult/aging change-change matrices. Following Betzel and Bassett 2017 (Betzel & Bassett, 2017), we 182 

calculated the normalized mutual information (NMI) (Lancichinetti & Fortunato, 2009), variation of 183 

information (VI) (Meilă, 2003), and the z-score of the Rand coefficient (Traud, Kelsic, Mucha, & Porter, 184 

2011) using the Network Community Toolbox (http://commdetect.weebly.com). Null distributions were 185 

constructed by comparing the community structure of the developmental change-change matrix with 186 

the community structure derived from 10,000 randomized networks preserving the signed degree 187 

distribution of the adult /aging matrix. All of these metrics supported the conclusion that the 188 

developmental and the adulthood/ aging change matrices were more similar than expected by chance 189 

(NMI = 0.65, p = .003; VI = 0.96, p = .0002; zRand = 5.33, p < .0001). Due to the nature of the research 190 

questions and data, which included GM and WM compartments as single structures, the null models 191 

generated were not spatially constrained (Alexander-Bloch et al., 2018; Burt, Helmer, Shinn, Anticevic, & 192 

Murray, 2020). This may have increased the similarities between change matrices and partitions.  193 

 194 

Patterns of change adhere to principles of genetic organization 195 

An important part of the study was to assess whether regions within the same clusters showed shared 196 

genetic influences. Using multivariate latent change score models, we calculated the differences in 197 

subcortical volumes from baseline to follow-up in the Vietnam Era Twin Study of Aging (n= 331, mean 198 

follow-up interval = 5.5 years) and computed pairwise genetic correlations of the slope factor (i.e., 199 

change) between all regions (see (Brouwer et al., 2017) for details on the statistical twin model). This 200 

yielded an estimate of how much of the change-change relationship between any two brain structures is 201 

due to common genetic influence. The latent change score model accounts for the relatedness between 202 

the twins. As the model is genetically informative, the relationship between the twins is fundamentally 203 

built into the model. The latent change score model was preferred over the simpler difference score 204 

model for the twin analyses, as it utilizes multiple sources of information within time to estimate 205 
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change, restricts measurement error to the level of the observed variables, and allows for the 206 

estimation of covariance with intercept. The result is possibly a more precise estimation of change over 207 

the assessment window. 208 

 209 

The matrix of shared genetic influences on change between each pair of brain structures (Figure 2) was 210 

tested against the developmental and the adult/aging change-change correlation matrices. The Mantel 211 

test confirmed that the shared genetic influences on the change-change relationships were statistically 212 

more similar to the pattern of correlated changes during development (r = .46, p=9.999e-05) and aging (r 213 

= .37, p < .0002) than expected by chance. Replication was again run using Lifebrain data, yielding r = .37 214 

(p < .0004) between the matrix of shared genetic influences on change and the Lifebrain aging change-215 

change correlation matrix.  216 

 217 

Figure 2 Genetic correlations 218 

Left panel: Change-change correlations in development used to generate clusters. Middle panel: Genetic 219 

change-change correlations, i.e. the genetic contribution to the relationships between change among 220 

any two structures, based on twin analysis (VETSA). Right panel: SNP genetic correlations from the UKB 221 

cross-sectional data. The five clusters, delineated by the black lines, were derived from the 222 

developmental sample. 223 

 224 

In order to further explore the genetic contributions to coordinated subcortical change, we first 225 

attempted to calculate the pairwise single nucleotide polymorphism (SNP)-based genetic correlation 226 

between change in each pair of structures by running a mega-analysis on 1337 participants with 227 

longitudinal MRIs from UK Biobank and 508 from LCBC. However, this initial analysis showed that 228 

statistical power – as could be expected - was too low to yield valid estimates. Thus, we instead based 229 

the SNP genetic analyses on the cross-sectional UKB data where power is much greater (n = 38127, age 230 

40-69 years), using age, sex and the first 10 components of the genetic ancestry factor as covariates. A 231 
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detailed overview of the pairwise genetic correlations is presented in Supplementary File 1 - SNP based 232 

heritability estimates (Legend: Pairwise co-heritability between brain structures derived from 233 

38.127participants from UKB). The Mantel test (r = 0.57, p < .0005) demonstrated that the SNP genetic 234 

correlation matrix was more similar to the developmental change matrix than expected by chance. This 235 

showed that the genetic organization of subcortical structures in middle-age can be predicted from the 236 

organization of change during brain development in childhood. For completeness, we also compared the 237 

SNP genetic correlation matrix to the aging change matrix (r= 0.56, p < .0003) and the heritability of 238 

coordinated change matrix from the VETSA sample (r = 0.38, p < .0003), in both cases showing 239 

significantly higher similarity than expected by chance. The UKB SNP genetic correlation matrix also 240 

showed excellent coherence with the Lifebrain replication sample (r = 0.47, p < .0006), and with the 241 

change-change matrix derived from the 1337 UKB participants with longitudinal MRI (r = .46, p < .0002).  242 

 243 

Embryonic origins of subcortical organization 244 

We tested the hypothesis that development in childhood mimics the organization of earlier embryonic 245 

development. An overview of the clusters and their embryonic developmental origins is given in Table 2. 246 

Although a one-to-one correspondence between embryonic development and clustering of change in 247 

childhood was not expected, there were clear tendencies to conservation of embryonic developmental 248 

principles in later childhood development. The regions of Cluster 2 mainly emerged from 249 

rhombencephalon or the posterior prosencephalon, making up structures placed low on the cranial 250 

vertical axis, including brain stem (myelencephalon), cerebellum cortex and WM (metencephalon) and 251 

the thalamus (diencephalon). The exception to this was that the hippocampus and the cortical WM were 252 

also included in Cluster 2. The extensive connectivity between cerebellum and cerebrum, and the 253 

similarities in development of WM in cerebellum and cerebrum, may explain the latter finding. Clusters 254 

3-5 comprised structures developed from subpallium/ventral telencephalon (caudate, pallidum, 255 

putamen) and pallium/dorsal encephalon (amygdala, cortex), also showing consistency with the major 256 

principles from embryonic development and placement along the cranial vertical axis. 257 

 258 

Brain structure Cluster Embryonic development Cranial 
vertical axis 

3rd ventricle 1 Prosencephalon (posterior) Diencephalon   
4th ventricle 1 Rhombencephalon    
Lat ventricle 1 Prosencephalon (anterior) Telencephalon   
Inf lateral ventricle 1     
Brainstem (medulla 
oblongata) 

2 Rhombencephalon Myelencephalon  0 

Cerebellum cortex 2 Rhombencephalon Metencephalon  1 
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Cerebellum WM 2 Rhombencephalon Metencephalon  1 
Thalamus 2 Prosencephalon (posterior) Diencephalon  2 
Hippocampus 2 Prosencephalon (anterior) Telencephalon (dorsal) Pallium (medial) 4 
Cortical WM 2 Prosencephalon (anterior) Forebrain WM   
Caudate 4 Prosencephalon (anterior) Telencephalon (ventral) Subpallium 3 
Pallidum 5 Prosencephalon (anterior) Telencephalon (ventral) Subpallium 3 
Putamen 3 Prosencephalon (anterior) Telencephalon (ventral) Subpallium 3 
Accumbens 3 Prosencephalon (anterior) Telencephalon (ventral) Subpallium 3 
Amygdala 3 Prosencephalon (anterior) Telencephalon (dorsal) Pallium (lateral) 4 
Cortex 3 Prosencephalon (anterior) Telencephalon (dorsal) Pallium (dorsal) 4 

Table 2 The embryonic origins of the clusters and placement along the cranial vertical axis 259 

Directly to explore the relationship between principles of embryonic development and adult genetics, 260 

we applied the Louvain algorithm on the UKB SNP genetic correlation matrix. This allowed us to detail 261 

how shared genetic influences were distributed across structures in the cross-sectional UKB data. The 262 

results were then mapped according to the main stages of early brain development, from the primary 263 

brain vesicles through the secondary brain vesicles and to the developed structures. A two cluster 264 

solution yielded a trivial divide between a ventricular cluster and one cluster containing the remaining 265 

structures. Thus, we ran a separate analysis on the non-ventricular structures. This revealed a match 266 

between the adult genetic clusters and their embryonic origins (Figure 3). Pallidum, putamen, nucleus 267 

accumbens and caudate clustered together, all originating from the subpallium (ventral telencephalon), 268 

which is the developmental origin of the basal ganglia. Amygdala, hippocampus and the cerebral cortex 269 

clustered together, having the pallium (dorsal telencephalon) as common embryonic origin. Brainstem, 270 

cerebellum WM and cerebellum cortex, all from the rhombencephalon, formed a third cluster, while 271 

thalamus (diencephalon) and the cerebral WM constituted the last. Although this analysis is auxiliary to 272 

the main change-analyses reported above, it demonstrates a common fundamental principle of close 273 

correspondence between embryonic brain development and the brain’s genetic architecture decades 274 

later. 275 
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 276 

Figure 3 Correspondence between SNP heritability and embryonic brain development 277 

Clustering of the non-ventricular structures was used to test how shared genetic variance were organized 278 

in the UKB sample, and the clusters were compared to the main organization of embryonic brain 279 

development.  The heatmap shows the pairwise genetic correlations. The flow chart shows the main 280 

features of embryonic brain development and how the genetic clusters obtained from middle-aged and 281 

older adults follow the same organization.  282 

 283 

Age trajectories 284 

Each cluster and regional volume was expected to yield unique age-trajectories during development and 285 

adulthood. To detail these, we fitted the developmental trajectory of each cluster by using the total 286 

volume of the structures within each cluster, with sex and intracranial volume (ICV) as covariates, by 287 

Generalized Additive Mixed Models (GAMM) (Wood, 2006) (Figure 4, Table 3). Both Akaike Information 288 

Criterion (AIC) and Bayesian Information Criterion (BIC) were calculated to select among models and 289 

guard against over-fitting. These analyses were done to assess differences in the trajectories between 290 

clusters. Since the total volume was used, large structures would potentially influence the cluster 291 

trajectories more than would smaller structures. Cluster 1 increased linearly, although the rate of 292 

increase was modest. Cluster 2 showed a decreasing exponential function with volume increase levelling 293 

off after 15 years. Cluster 3 mimicked a cubic relationship, with a slight increase in volume until about 8 294 

years, then steeper reductions, which were gradually smaller from 15 years. Cluster 4 (caudate) showed 295 

an inverted U-shaped trajectory with a sharp increase until about 9 years, and Cluster 5 (pallidum) a 296 

cubic trajectory with similarities to Cluster 3. Next, we calculated aging-trajectories for each of the 297 
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clusters defined in the developmental sample and. The trajectories across the adult age-range differed 298 

qualitatively between clusters in terms of steepness and shape . The trajectory for each cluster 299 

represented a continuation of the developmental trend seen in childhood and adolescence. Cluster 1 300 

showed an exponential increase, cluster 2 an inverted U-shaped trajectory, cluster 3 and 4 almost linear 301 

reductions, while cluster 5 showed reductions until about 50 years and little or no change after that. For 302 

completeness, the age-trajectories of the clusters were also fitted across the full age-range from 4.1 to 303 

88.5 years (numeric results in SI).  304 

 305 

 306 

Figure 4 Cluster trajectories 307 

Age-trajectories for each cluster, for development (left), adulthood (middle) and the full life-span (right). 308 

The trajectories are fitted with GAMM, and the shaded areas represent 95% CI. Note that the y-axes 309 

scales vary for easier viewing. The trajectories were estimated for development and adulthood 310 

separately to ensure that the analyses were fully independent. 311 

 312 

 313 

 Development Adulthood and aging Lifespan 

 edf F p edf F p edf F p 

Cluster 1 1.1 51.0 .23e-12 6.0 67.1 2e-16 7.5 176.6 2e-16 

Cluster 2 6.5 363.5 2e-16 6.8 16.0 2e-16 8.7 214.3 2e-16 

Cluster 3 5.4 37.4 2e-16 6.7 85.5 2e-16 8.6 206.7 2e-16 

Cluster 4 5.7 18.1 2e-16 1.0 79.4 2e-16 8.3 45.9 2e-16 
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Cluster 5 3.7 16.9 3.33e-12 3.8 15.8 1.23e-11 7.9 171.0 2e-16 

Table 3 Cluster age trajectories 314 

Numeric results for the trajectory analyses in Figure 4. Edf: effective degrees of freedom (signifying the 315 

complexity of the trajectory, where the value 2 approximates a quadratic shape, 3 a cubic shape, etc). 316 

The p-value is associated with the null hypothesis that there is no relationship to age. 317 

Finally, we also estimated the age trajectories of each volume of 16 brain regions (Figure 5, Table 4). 318 

 319 

 320 

 321 
Figure 5 Lifespan trajectories of brain volumes 322 

Age on the x-axis, volume in units of milliliters on the y-axis. The trajectories are fitted with GAMM, using 323 

both longitudinal and cross-sectional data, and the shaded areas represent 95% CI. Y-axis is in units of 324 

1000 mm3. Ventricular volumes not shown. 325 

 326 

 AIC BIC Effect of sex 

 Age s(Age) Age s(Age) p 
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Accumbens 18324 18335 18357 18367 0.57 

Amygdala 20360 20048 20392 20081 0.13 

Brainstem 27514 26805 27546 26837 0.11 

Caudate 22636 23558 22669 23591 0.75 

Cerebellum cortex 30079 29946 30111 29979 0.94 

Cerebellum WM 27430 27017 27463 27050 0.16 

Cortex 37525 37895 37557 37927 0.72 

Cortical WM 36847 36258 36879 36290 0.31 

Hippocampus 22494 22235 22526 22268 0.22 

Pallidum 20937 20741 20969 20774 0.17 

Thalamus 23841 23669 23874 23701 0.06 

Total GM 38130 37849 38163 37881 0.78 

Lateral ventricles 30276 30147 30308 30174 0.33 

In flat vent 21081 20931 21113 20964 0.23 

Table 4 Generalized Additive Mixed Model fits LCBC Lifespan 327 

Generalized Additive Mixed Models (GAMM) were run with each neuroanatomical volume as dependent 328 

variable, and age, estimated total intracranial volume and sex as covariates. Separate models were run 329 

with a linear age (age) term or a slope function (s(Age)). Except for cortex and caudate, the slope 330 

function yielded the lowest IC values. GM: Gray matter. WM: White matter. AIC: Akaike Information 331 

Criterion. BIC: Bayesian Information Criterion. 332 

 333 

Auxiliary analyses were done relating the clusters to general cognitive function (GCA) as measured by 334 

the Wechsler’s Abbreviated Scale of Intelligence (Wechsler, 1999) in the full LCBC sample, using sex and 335 

age as covariates. Corrected for five comparisons, two clusters showed significant (p< .01) relationships 336 

to GCA, i.e. Cluster 1 (t = 3.74, p = .00018) and cluster 3 (t = 2.75, p = .006). Low GCA score was 337 

associated with lower volumes. The relationships survived including intracranial volume (ICV) as 338 

covariate. ICV was not controlled for in the initial analyses since it is expected to follow brain volume 339 

development in the first part of life. For Cluster 1 was a significant interaction between GCA and age 340 

found (F = 4.59, p = .01), while for Cluster 3, age-trajectories did not differ significantly as a function of 341 

GCA (all p’s > .46), thus showing stable relationships across life.  342 
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 343 

Validation analyses 344 

A cluster solution will ultimately depend on which brain regions that are included and how different 345 

parameters for the clustering algorithm are defined. To test the validity of using the clusters defined in 346 

development across the adult and genetic samples, we ran two-sample Student's t-tests to assess 347 

whether the mean intra-cluster correlation was larger than the mean extra-cluster correlation. The 348 

intra-cluster correlations were significantly higher than the extra-cluster correlations in all the tested 349 

samples, except for cluster 3 in the VETSA sample (Table 5). As the cluster solution was defined in an 350 

independent dataset, this outcome supports the validity of each cluster, and complements the Mantel 351 

test which is based on the full correlation matrix. Second, as changes in different parts of the ventricular 352 

system were expected to be highly correlated, we re-ran the Mantel tests excluding the ventricles. As 353 

expected, the coherence between matrices was reduced, but was still significant for all comparisons, 354 

except UKB (Dev vs LCBC adulthood and aging r = .44, p < 0.009; Lifebrain r = .41, p < .0008; VETSA r 355 

= .44, p < .0009; UKB r = -.06, p = .63). This was in line with the higher within-cluster than between-356 

cluster correlations reported above for the non-CSF clusters. Finally, we ran the Mantel test comparing 357 

the patterns of developmental to adult and aging changes in 12 genetically defined cortical regions from 358 

the same LCBC participants (see (Chen et al., 2013; Fjell et al., 2015)). This yielded a correlation of r 359 

= .83, which suggests that the organization of developmental subcortical change is conserved through 360 

life, but to a somewhat lesser extent than the organization of cortical change. 361 

 Cluster 1 Cluster 2 Cluster 3 

Dataset ri re p< ri re p< ri re p< 

UKB cross-sectional .52 -.10 1e-8 .30 .05 1e-7 .28 .06 9e-7 

VETSA (TWIN 
heritability) 

.57 -.11 1e-8 .40 -.05 3e-7 .16 -.02 0.17 

Lifebrain (Aging) .47 -.16 1e-8 .14 -.05 0.0002 .14 -.01 0.004 

LCBC (Aging) .45 -.20 1e-8 .30 -.06 1e-8 .28 .05 1e-7 

Table 5 Within- vs. outside cluster correlations 362 

Two-sample Student's t-tests were run to test whether the mean correlation within the developmentally 363 

defined clusters (ri) was larger than the mean correlation between the variables in the cluster and the 364 

variables outside the cluster (re). Note that the clusters were defined in the developmental sample, which 365 

is independent from the other four samples. 366 

ri: intra-cluster correlation. re: extra-cluster correlation  367 

 368 

Discussion 369 
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The results demonstrate that volumetric change of subcortical structures in development forms 370 

meaningful clusters. These clusters tend to follow the main cranial vertical axis from embryonic brain 371 

development, suggesting continuity from earlier to later stages of development. Although the lifespan 372 

trajectories of subcortical structures are more divergent than those for cortical regions (Fjell et al., 2014; 373 

Walhovd et al., 2011), the clusters were conserved through life. Thus, similar to what has been shown 374 

for the cerebral cortex (Fjell et al., 2015), regional subcortical volumetric changes in aging follow a 375 

similar pattern as developmental changes in childhood. This makes a strong case for the theory that 376 

early life sets the stage for aging (Jagust, 2016; Walhovd, Krogsrud, et al., 2016; Yeatman, Wandell, & 377 

Mezer, 2014). Importantly, the volumetric correlations within each cluster and the coordinated 378 

volumetric change of each cluster tended to be governed by common sets of genes. This conclusion was 379 

supported by the similarity of the volumetric change pattern during development with the pattern of 380 

genetic change-change correlations in the VETSA twin study and the cross-sectional UKB SNP co-381 

heritability. Thus, coordination of volumetric change across subcortical structures adheres to similar 382 

principles of lifespan continuity and genetic organization previously seen for the cortex. This supports 383 

the hypothesis that genetically governed neurodevelopmental processes can be traced in subcortical 384 

structures throughout life.  385 

 386 

Superordinate structures of change in childhood mimic embryonic brain development 387 

The topographical development of cortical thickness is well described, with regional variability that 388 

follows certain functional, anatomical and genetic principles of organization (Chen et al., 2013; Fjell et 389 

al., 2018; Fjell et al., 2015; Raznahan et al., 2011; Tamnes et al., 2010). Compared to the cerebral cortex, 390 

subcortical structures show highly divergent lifespan trajectories (Fjell et al., 2013; Ostby et al., 2009; 391 

Raznahan et al., 2014) and follow fundamentally different ontogenetic and phylogenetic principles 392 

(Tuller et al., 2008)(Tuller et al., 2008; Zhang & Li, 2004). On this background, the present results are 393 

intriguing. Meaningful clusters of developmental volumetric change were identified, with divergent 394 

developmental trajectories. Importantly, the different regions tended to cluster according to their 395 

embryonic origins. For instance, the majority of Cluster 2 structures emerged from rhombencephalon or 396 

the posterior prosencephalon, which is the origin of structures placed low on the cranial vertical axis. 397 

This included the brain stem (myelencephalon), cerebellum cortex and cerebellum WM 398 

(metencephalon) and the thalamus (diencephalon). Clusters 3-5 comprise structures developed from 399 

subpallium/ ventral telencephalon (caudate, pallidum, putamen) and pallium/ dorsal encephalon 400 

(amygdala, cortex). There were also departures from this principle, i.e. the inclusion of the hippocampus 401 
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and the cortical WM in the same cluster. Hippocampus is part of the cerebral cortex, but develops from 402 

the medial pallium in contrast to the neocortex. Compared to many regions in the cerebral cortex, 403 

hippocampus has a more similar appearance across the range of mammal species (Bingman, Salas, & 404 

Rodriguez, 2009). Cortical WM was placed in the same cluster. Cortical WM originates from the anterior 405 

prosencephalon, but the major part of myelination occurs postnatally, so this compartment of the brain 406 

is not easily placed within the same embryonic developmental context. In addition, the WM label is 407 

anatomically gross with substantial regional differences in development (Tamnes et al., 2010). This 408 

cluster is also characterized by relatively high myelin content among several of its constituents, which 409 

may have contributed to the inclusion of hippocampus and cortical WM. Nevertheless, at a general 410 

level, change in the structures tended to cluster according to trends from embryonic development and 411 

placement along the cranial vertical axis. It must be noted as a limitation that the coherence between 412 

the developmental clusters and embryonic brain development is based on a qualitative judgement.  413 

 414 

Consistency in patterns of change across the lifespan 415 

We found that subcortical structures that developed together during childhood tended to change 416 

together in adulthood and aging. Mapping the developmental clusters to the adult part of the sample 417 

yielded highly different change trajectories. Except for clusters 3 and 4, which were characterized by 418 

mostly linear reductions, differences in the shapes of the slopes were observed. This suggests that 419 

clusters identified in development continued to show independent trajectories of change through the 420 

rest of life. The lifespan trajectories showed expected shapes, with accelerated increases for the 421 

ventricular system (cluster 1) and an inverse U-shape for cluster 2, consisting of structures such as WM, 422 

hippocampus and the brain stem (Fjell et al., 2013; Walhovd et al., 2005). Clusters 3, 4 and 5 showed 423 

different variants of initial increase in childhood, followed by relatively linear decline through most of 424 

adulthood that leveled off at high age, with variations between clusters in terms of break points. Cluster 425 

4 (caudate) and 5 (pallidum) consisted of only one structure each. Cluster 3, however, consisted of four 426 

structures (cortex, putamen, amygdala and nucleus accumbens), mimicking the known trajectory of 427 

cortical volume with more or less linear decline after the peak is reached in late childhood or early 428 

adolescence. 429 

 430 

Genetic organization of subcortical structure and change 431 

We found that longitudinal volumetric change in regions that cluster together tend to show overlapping 432 

genetic influences. This conclusion was supported by the twin analysis, yielding higher genetic change-433 
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change correlations within versus than between clusters. This suggests that regions that develop and 434 

change together through life to a certain degree are influenced by shared sets of genes. Further, the SNP 435 

analysis showed that also the cross-sectional volumetric relationships followed a similar organization. 436 

Thus, there seems to be a genetic basis for the consistent pattern of change in subcortical structures 437 

from development through the rest of life. It must be noted that although significant heritability 438 

estimates for brain changes have been demonstrated in ENIGMA, evidence for genetic variants specific 439 

for brain change was found for cerebellar gray matter and the lateral ventricles only (Brouwer et al., 440 

2017). Although limited statistical power prevented strong conclusions, genetic influence on volumetric 441 

change rates and baseline volume tended to overlap for most structures. Thus, we used cross-sectional 442 

data to further explore the genetic contribution to subcortical volumetric organization. Although these 443 

data do not reflect change, they increased sample size for these analyses from 6000 to more than 38000 444 

MRIs. Using the expanded sample for the SNP-analyses, we found further evidence that regions within 445 

each developmental cluster tended to show overlapping genetic influences. A previous multi-sample 446 

GWAS also reported significant genetic correlations between some of the subcortical structures tested 447 

in the present study (Satizabal et al., 2019). The similarity of the developmental volumetric change-448 

change matrix and the SNP genetic volume-volume correlation matrix from middle-aged adults thus 449 

yielded further support for the hypothesis that genetically governed neurodevelopmental processes can 450 

be traced through life. Moreover, the results revealed close correspondence between the genetic 451 

organization of subcortical structures and their embryonic origins, which suggest a link from embryonic 452 

brain development to the brain’s genetic architecture in adulthood and aging. It must also be mentioned 453 

that high genetic correlations were identified between some structures from different clusters. This was 454 

especially true for hippocampus and amygdala, which showed high genetic change-change correlations 455 

in VETSA and genetic cross-sectional correlations in UKB. 456 

 457 

Limitations: Caveats in interpreting brain changes from MRIs and further research 458 

Similar to all studies based on in vivo imaging methods, this study provides approximations of the 459 

underlying neurobiology. The MRI-derived measures are estimations, and the segmentations are based 460 

on signal intensities and contrast properties that are prone to the influence of multiple factors 461 

(Walhovd, Fjell, Giedd, Dale, & Brown, 2017). Underlying mechanisms of volume differences and change 462 

are complex and may involve events such as aborization of axons and dendrites, axonal sprouting and 463 

loss, dendritic degeneration, vascular elaboration, synaptic pruning as well as growth and reductions of 464 

myelination (see (Fjell & Walhovd, 2010) for a discussion of these issues). Many of these likely affect 465 
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both contrast, signal intensity and volumetric estimations, but the relative effect of each is challenging 466 

to tease apart. We have previously shown age-differences in cortical gray-white matter contrast 467 

(Westlye et al., 2009) and T1w signal intensities (Westlye et al., 2010), which can also be detected 468 

longitudinally (Vidal-Pineiro et al., 2016). The present results thus reflect effects of various 469 

neurobiological events on signal intensities and contrast. For instance, as mentioned above, myelin 470 

content has a major impact on T1w intensities, and myelin content is strongly related to age in 471 

development and aging (Grydeland et al., 2019). Thus, the clustering results will likely partly reflect 472 

different myelin content in the structures analyzed, as changes in myelin may be correlated across 473 

regions in the brain. A promising avenue for further research is to use multi-modal neuroimaging with 474 

different MRI sequences and analysis methods to yield more insight in the foundations for the 475 

volumetric changes. A second caveat is that although the clustering of regions is based on pairwise 476 

change-change correlations, this does not imply that each cluster consists of homogenous regions. Still, 477 

regions within a cluster showed more correlated volumetric change and higher genetic correlations with 478 

other regions within the cluster than with regions outside the cluster.  479 

 480 

Conclusion 481 

Subcortical childhood development can be described according to meaningful clusters, which are stable 482 

through life, tend to follow gradients of embryonic brain development and tend to be influenced by 483 

shared sets of genes. Thus, the pattern of change in subcortical regions may best be understood in a 484 

lifespan perspective.  485 

 486 

Materials and Methods 487 

Samples 488 

Multiple independent samples were used (Table 1). Details for all samples are found in SI. 489 

(1) LCBC Lifespan sample A total of 1633 valid scans from 974 healthy participants (508 females/ 466 490 

males), 4.1 to 88.5 years of age (mean visit age 25.8, SD 24.1), were drawn from studies coordinated by 491 

the Research Group for Lifespan Changes in Brain and Cognition (LCBC), Department of Psychology, 492 

University of Oslo, Norway (Fjell et al., 2015). For 635 participants, one follow-up scan was available 493 

while 24 of these had two follow-ups. Mean follow-up interval was 2.30 years (0.15-6.63 years, SD 1.19). 494 

Sample density was higher in childhood/ adolescence than adulthood, since we expected more rapid 495 

changes during that age period (1006 observations < 10 years, 378 observations >20 and < 60 years, and 496 

249 observations 60-88.5 years). All participants’ scans were examined by a neuroradiologist, and 497 
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deemed free of significant injuries or conditions. The studies were approved by the Regional Committee 498 

for Medical and Health Research Ethics South, Norway (2010/2359; 2010/3407; 2009/200). Written 499 

informed consent was obtained from all participants older than 12 years of age and from a 500 

parent/guardian of volunteers under 16 years of age. Oral informed consent was obtained from all 501 

participants under 12 years of age.   502 

 503 

(2) VETSA 331 male twins (150 MZ/106 DZ paired twins/75 unpaired) were randomly recruited from the 504 

Vietnam Era Twin Registry and had imaging data at two time points. The study was approved by the 505 

Institutional Review Board at the University of California, San Diego. Written informed consent was 506 

obtained from all participants. Average age at baseline was 56.3 (2.6) years and follow-up interval 5.5 507 

(0.5) years (see (Kremen, Franz, & Lyons, 2013; Kremen et al., 2006). Based on demographic and health 508 

characteristics, the sample is representative of US men in their age range (Kremen et al., 2013; 509 

Schoeneborn & Heyman, 2009).  510 

 511 

(3) The Lifebrain Consortium 756 participants with longitudinal MRI  were included from the European 512 

Lifebrain project (1672 scans, baseline age 19-89 [mean = 59.8, SD = 16.4], mean follow-up interval 2.3 513 

years, range 0.3-4.9, SD = 1.2) (http://www.lifebrain.uio.no/) (Fjell et al., 2018), including major 514 

European brain studies: Berlin Study of Aging-II (BASE-II) (Bertram et al., 2014; Gerstorf et al., 2016), the 515 

BETULA project (Nyberg et al., 2020), the Cambridge Centre for Ageing and Neuroscience study (Cam-516 

CAN) (Shafto et al., 2014), and University of Barcelona brain studies (Abellaneda-Perez et al., 2019; 517 

Rajaram et al., 2016; Vidal-Pineiro et al., 2014). The study was approved by the Regional Committee for 518 

Medical and Health Research Ethics South, Norway (2017/653). Participants were screened to be 519 

cognitively healthy and in general not suffer from conditions known to affect brain function, such as 520 

dementia, major stroke, multiple sclerosis etc. Exact screening criteria were not identical across sub-521 

samples (see (Fjell et al., 2020) for details). 522 

 523 

(4) UK Biobank 38127 participants with available MRIs and quality checked (QC) genetic information 524 

were included in the final analyses from UKB (40-69 years), see https://biobank.ndph.ox.ac.uk/. UKB has 525 

approval from the North West Multi-centre Research Ethics Committee (MREC). We received called 526 

genotypes for 488,377 subjects, of whom 40055 had available MRIs pre-processed by FreeSurfer v6.0. 527 

We performed quality control of the genotype data at the participant level by removing participants 528 

failing genotyping QC (n=550) or with abnormal heterozygosity values (n=969). In addition, we removed 529 

http://www.lifebrain.uio.no/
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481 participants suggested to be removed for genetic analysis by the UK Biobank team. Ninety-one of 530 

these 481 participants had abnormal heterozygosity values, and the remaining were flagged out as 531 

outliers in heterozegosity/missing rate from the current QC files (ukb_sqc_VZ.csv) provided the most 532 

recent UK Biobank team. After excluding these subjects,  we further remove related subjects by 533 

computing kinship coefficients using the program PLINK (Chang et al., 2015), with the option --kinship 534 

0.0625. This amount to remove one subjects that are within the third degree of relatedness to any other 535 

participant. At variant level, we removed SNPs having minor allele frequency less than 0.01 or Hardy-536 

Weinberg equilibrium test p value < 10-6. In total, 784,356 SNPs were used in the subsequent analysis. 537 

We used the bivariate linear mixed model with genome-based restricted maximum likelihood methods 538 

implemented in the program GCTA (Yang, Lee, Goddard, & Visscher, 2011) to compute genetic 539 

correlations for the volume measures for each pair of the 16 brain sub-cortical structures. The principal 540 

components were computed using the above quality-controlled genotypes, after removing correlated 541 

SNPs with the option –indep-pairwise 100 50 0.1 from PLINK. In addition, 1331 participants with 542 

genotyping and longitudinal MRIs available were used as an additional replication sample to test 543 

stability of the phenotypic change-change pattern. 544 

 545 

Cognitive testing 546 

General cognitive function was assessed by WASI (Wechsler, 1999) for participants aged 6.5-89 years of 547 

age, while scores for corresponding subtests (Vocabulary, Similarities, Block design and Matrices) from 548 

the Wechsler Preschool and Primary Scale of intelligence – III (WPPSI-III)(Wechsler, 2008) were used for 549 

the youngest participants (< 6.5 years) (see (Walhovd, Krogsrud, et al., 2016)). All participants scored 550 

within normal IQ range (82-145), or normal range of scaled scores (mean of subtests, s = 6.67-17.33).  551 

 552 

MRI data acquisition and analysis 553 

Imaging data for the LCBC sample were acquired using a 12-channel head coil on a 1.5-Tesla Siemens 554 

Avanto scanner (Siemens Medical Solutions, Erlangen, Germany) at Oslo University Hospital 555 

Rikshospitalet and St. Olav’s University Hospital in Trondheim (see (Walhovd, Krogsrud, et al., 2016)). 556 

See Table 6 for details regarding scanners and sequences.  557 

Sample Scanner Field 

Strength 

(Tesla) 

Sequence parameters 
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LCBC Avanto 

Siemens  

1.5 TR: 2400 ms, TE: 3.61 ms, TI: 1000 ms, flip angle: 8°, slice 

thickness: 1.2 mm, FoV: 240×240 m, 160 slices, iPat = 2 

 Avanto 

Siemens  

1.5 TR: 2400 ms, TE = 3.79 ms, TI = 1000 ms, flip angle = 8,  slice 

thickness: 1.2 mm, FoV: 240 x 240 mm, 160 slices 

Barcelona Tim Trio 

Siemens 

3.0 TR: 2300 ms, TE: 2.98, TI: 900 ms, slice thickness 1 mm, flip angle: 

9°, FoV 256×256 mm, 240 slices 

BASE-II Tim Trio 

Siemens 

3.0 TR: 2500 ms, TE: 4.77 ms, TI: 1100 ms, flip angle: 7°, slice 

thickness: 1.0 mm, FoV 256×256 mm, 176 slices 

Betula Discovery 

GE 

3.0 TR: 8.19 ms, TE: 3.2 ms, TI: 450 ms, flip angle: 12°, slice thickness: 

1 mm, FOV 250×250 mm, 180 slices 

Cam-CAN Tim Trio 

Siemens 

3.0 TR: 2250 ms, TE: 2.98 ms, TI: 900 ms, flip angle: 9°, slice thickness 

1 mm, FOV 256×240 mm, 192 slices 

UKB Skyra 

Siemens 

3.0 TR: 2000 ms, TI: 880 ms, slice thickness: 1 mm, FoV: 208×256 mm, 

256 slices, iPAT=2 

VETSA 

baseline 

Siemens  1.5 TR=2730ms, TI=1000ms, TE=3.31ms, slice thickness=1.33mm, flip 

angle=7°, voxel size 1.3x1.0x1.3mm. Acquisition in Boston and San 

Diego. 

VETSA 

follow-up 

(Boston) 

Siemens 

Tim Trio  

3.0 TE = 4.33 ms, TR = 2170 ms, TI = 1100 ms, flip angle = 7°, pixel 

bandwidth = 140, number of slices = 160, slice thickness = 

1.2 mm. Acquisition in Boston. 

VETSA 

follow-up 

(San 

Diego) 

GE 

Discovery 

750x 

3.0 TE= 3.164  ms, TR = 8.084 ms, TI = 600 ms, flip angle = 8°, pixel 

bandwidth = 244.141, FOV = 24 cm, frequency = 256, phase = 192, 

number of slices = 172, slice thickness = 1.2 mm. Acquisition in 

San Diego. 

Table 6 Scanner and acquisition parameters 558 

TR: Repetition time, TE: Echo time, TI: Inversion time, FoV: Field of View, iPat: in-plane acceleration 559 
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 560 

For all samples, subcortical volumes were obtained by use of FreeSurfer 561 

(http://surfer.nmr.mgh.harvard.edu/) (A. M. Dale, Fischl, & Sereno, 1999; A. M. Dale, Sereno, M. I., 562 

1993; Fischl et al., 2002), processed with the longitudinal stream (Reuter, Schmansky, Rosas, & Fischl, 563 

2012). Specifically an unbiased within-subject template space and image (Reuter & Fischl, 2011) is 564 

created using robust, inverse consistent registration (Reuter, Rosas, & Fischl, 2010). Several processing 565 

steps, such as skull stripping, Talairach transforms, atlas registration as well as spherical surface maps 566 

and parcellations are then initialized with common information from the within-subject template, 567 

significantly increasing reliability and statistical power (Reuter et al., 2012). For children, the issue of 568 

movement is especially important, as it could potentially induce bias in the analyses (Reuter et al., 569 

2015). All children MRIs were manually rated for movement on a 1-4 scale, and only scans with ratings 1 570 

and 2 (no visible or only very minor possible signs of movement) were included in the analyses, reducing 571 

the risk of movement affecting the results. Also, all reconstructed surfaces were inspected, and 572 

discarded if they did not pass internal quality control. This led to the exclusion of 46 participants from 573 

MoBa-Neurocog and 9 from ND, reducing the total LCBC sample to the reported 1633 scans. FreeSurfer 574 

5.3 was used for the LCBC and VETSA analyses, while Lifebrain and UKB MRI data were processed with 575 

FreeSurfer 6.0. UKB scans were quality checked by the UKB imaging team. Further details of the UKB 576 

imaging protocol (http://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=2367) and structural image 577 

processing are provided on the UK biobank website 578 

(http://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=1977).  579 

 580 

Genetic correlations 581 

Genetic change correlations were obtained by latent change score analyses on the VETSA 1 and VETSA 2 582 

subcortical data (see (Brouwer et al., 2017)). All subcortical volumes were adjusted for site and ICV. Left 583 

and right volumes at baseline and follow-up for each subject were included in a variant of the “latent 584 

change model” to characterize baseline subcortical volume and change in subcortical volume across the 585 

two assessment (McArdle & Plassman, 2009), with the extension of modeling genetic and environmental 586 

effects on the phenotypes (Panizzon et al., 2015). The model allows for the estimation of the means and 587 

variances of the intercept and slope factors, the relative genetic (i.e., heritability) and environmental 588 

contributions to those variances, as well as the phenotypic, genetic, and environmental correlations 589 

between the latent factors. A genetic correlation matrix was generated by estimating genetic 590 

http://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=2367
http://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=1977
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correlations of slope factors between all pairwise combinations of subcortical structures in bivariate 591 

latent change models. 592 

 593 

For the UKB SNP analyses, the volume measures of the 16 sub-cortical structures were corrected for ICV 594 

and normalized to have zero mean and one standard deviation, separately, before estimating genetic 595 

correlations. We used the bivariate restricted maximum likelihood methods implemented in the 596 

program Genome-wide Complex Trait Analysis (GCTA(Yang et al., 2011)) to compute the genetic 597 

correlation for the volume measures for each pair of the 16 brain sub-cortical structures, including the 598 

first ten principal components, sex and age as covariates. The likelihood ratio test from GCTA testing 599 

whether a genetic correlation is zero was used to compute p values for estimated genetic correlations. 600 

 601 

Experimental Design and Statistical Analysis 602 

GAMM implemented in R (www.r-project.org) using the package “mgcv” (Wood, 2006) was used to 603 

derive age-trajectories for all structures based on the 1633 LCBC MRIs. Annual symmetrized percent 604 

change (APC) in volume was correlated across structures in each sample separately (development and 605 

adult/ aging from LCBC and Lifebrain). To identify clusters of correlations that could be compared across 606 

matrices, the community structure or modules in the matrices were obtained using the Louvain 607 

algorithm (V.D. Blondel, J-L., R., & E., 2008), part of the Brain Connectivity Toolbox (http://www.brain-608 

connectivity-toolbox.net (Rubinov & Sporns, 2010)). The optimal community structure is a subdivision of 609 

the network into non-overlapping groups of regions in a way that maximizes within-group connection 610 

strength, and minimizes between-group strength. The community structure may vary from run to run 611 

due to heuristics in the algorithm pertaining to the order in which the nodes are considered, so 10 000 612 

iterations of the algorithm were run, and each region assigned to the module it was most often 613 

associated with (by taking the mode of the module assignment across iterations). Negative values were 614 

treated asymmetrically (Rubinov & Sporns, 2011). To account for global brain changes, between-615 

regional correlations were de-meaned before they were entered into the clustering analyses. 616 

 617 

Data availability 618 

The study comprises many different data sources. The PI does not have the legal right to share these 619 

data directly. UK Biobank data can be obtained from www.ukbiobank.ac.uk. The data repository for the 620 

Cambridge Centre for Ageing and Neuroscience (Cam-CAN) dataset can be found at www.cam-621 

can.org/index.php?content=dataset. Access to BASE-II data can be obtained at 622 

http://www.r-project.org/
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www.base2.mpg.de/7549/data-documentation. Access to VETSA data can be obtained at 623 

https://medschool.ucsd.edu/som/psychiatry/research/VETSA/Researchers/Pages/default.aspx. Betula is 624 

described at www.umu.se/en/research/projects/betula---aging-memory-and-dementia/. For data from 625 

Barcelona brain studies, see www.neurociencies.ub.edu/david-bartres-faz/. For LCBC Lifespan sample, 626 

contact information can be found at https://www.oslobrains.no/presentation/anders-m-fjell/. Part of 627 

the developmental sample can be accessed through https://www.fhi.no/en/studies/moba/for-forskere-628 

artikler/research-and-data-access/ (As of January 2021, we are in the process of transferring MRI data to 629 

this repository). Please note that for all samples, data transfer agreements must be signed and proper 630 

ethical and data protection approvals must be in place, according to national legislation. Code used for 631 

data analysis accompany the submission as separate files – Code and data for main statistical analyses 632 

(legend: R-code and data used to generate results). The correlation matrices constituting the basis for 633 

the Mantel tests are also uploaded. 634 
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