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Abstract  Cognitive performance prediction may 
help identify early cognitive decline. However, the 
heterogeneity of research findings impedes the iden-
tification of key predictors. This study used 21,877 
participants (25–74 years) from the German National 
Cohort (NAKO Gesundheitsstudie, NAKO) to sys-
tematically predict cognitive test scores based on 
brain structure, demographic, health-related, and 
cognitive data. Importantly, validation analyses were 

performed across study sites and external samples 
(1000BRAINS). Higher predictability was observed 
in the total sample compared to age-specific sub-
groups (10% difference in explained variance). 
Demographic (e.g. age) and cognitive data (e.g. mem-
ory) outperformed brain structure (e.g. grey matter 
volume) and health-related data (e.g. hypertension). 
Cognitive tests were differentially predictable, most 
evident between episodic memory and motor speed 
(R2 ≤ 0.32 versus R2 ≤ 0.18). Differences in predicta-
bility between age groups finally highlight the impor-
tance of comparing prediction outcomes between Supplementary Information  The online version 
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adult lifespan and age-specific groups to elucidate 
general and age-sensitive predictors of cognitive test 
scores.

Keywords  Machine learning analyses · Age 
decades · Brain structure · Demographic · Health-
related · Cognitive functions · Prediction

Introduction

In light of the accelerating demographic change, 
promoting cognitive health into old age is of pivotal 
importance not only for society and economy, but 
also for the healthcare system and standard of life 
[1]. To this end, the interest in identifying markers 
for age-related cognitive decline is growing, since 
early identification of cognitive decline is one key for 
developing successful strategies for the prevention of 
cognitive dysfunction [2–4].

Machine learning (ML) tools have emerged as 
the prevailing solution in the search of markers for 
cognitive functioning, given their capacity to iden-
tify patterns in a high-dimensional space and to 
move analyses to the individual level [5–7]. Their 
initial focus has been on brain imaging markers, 
i.e. magnetic resonance imaging (MRI) derived, to 
predict cognitive abilities. Here, the best predic-
tion results have been achieved in younger adults 
(age range 22–37) and for general intelligence using 
functional brain metrics with about 20% of vari-
ance explained [8–10]. However, when it comes to 

multimodal neuroimaging data, e.g. structural brain 
measures, functional (FC) and structural connec-
tivity (SC), as well as to samples including older 
adults up to 85 years, lower predictability, with less 
than 10% explained variance, has been reported for 
both global and domain-specific cognitive test per-
formance [2, 11–13]. Hence, MRI-derived brain 
data alone seems to be insufficient for reliable pre-
diction of cognitive functioning across the lifespan.

Prior to ML, other factors, such as sociodemo-
graphic, health-related, and lifestyle variables, have 
been identified as contributors to cognitive decline 
and dementia. These factors may provide valuable 
insights in the search for reliable markers of cognitive 
dysfunction [14–16]. Cardiovascular risk factors such 
as diabetes or smoking and sociodemographic fac-
tors such as educational attainment, socioeconomic 
status (SES), sex, and age have been shown to exert 
substantial influence on cognitive functioning and 
represent important input features to predict cognitive 
performance across the adult lifespan [16–23]. For 
instance, sociodemographic and lifestyle data, e.g. 
physical activity, were shown to successfully predict 
processing speed (age range 34–97; up to 43% vari-
ance explained) [24]. At the same time, individual 
cognitive test scores have been shown to be highly 
inter-related; thus, measuring one specific cognitive 
ability can serve as a predictor for cognitive perfor-
mance in other domains, i.e. performance in a ver-
bal fluency test successfully predicted test scores in 
executive function tests and vice versa (N > 200; age 
range 20–55) [25, 26]. Hence, different data types and 
information, such as MRI-derived brain data, demo-
graphic, health-related, lifestyle items, and cognitive 
performance itself, contribute to successfully predict-
ing cognitive abilities.

The Lancet Commission on Dementia elabo-
rated further on this topic by underscoring the sig-
nificance of integrating multiple risk factors to attain 
optimal predictability. The report recently identified 
14 modifiable risk factors that may together account 
for 45% of dementia cases worldwide [16]. The 
authors emphasized that those risk factors typically 
emerge at distinct phases of the lifespan, e.g. edu-
cation during childhood and hypertension in middle 
age. These findings underscore the importance of 
conducting age-specific prediction analyses and sys-
tematically comparing the predictability of cognitive 
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performance across distinct age groups. However, 
this poses a challenge with respect to statistical 
power, as large sample sizes are required for this 
type of analysis [27]. To date, most ML studies have 
focused on predicting cognitive performance either 
in younger or older populations, using diverse input 
features, algorithms, and cognitive tests [2–4, 8, 9, 
13]. This heterogeneity complicates the comparison 
of results across studies. Nevertheless, initial indi-
cations point towards differences in the predictabil-
ity of cognitive performance between younger and 
older adults [11, 28–31]. For instance, performance 
in executive functions and episodic memory may 
be better predicted from functional imaging data 
in older (age > 50) compared to younger (age < 40) 
adults [11, 28]. In order to unravel the complexities 
inherent in the age-dependent prediction of cogni-
tive performance, and to identify time windows that 
are susceptible to potential influences from factors 
such as health-related conditions (e.g. hypertension) 
on cognitive performance, large-scale and lifespan-
encompassing studies are required.

The current study comprehensively investigated 
the predictability of cognitive test scores from MRI-
derived structural brain data, health-related variables, 
demographics, and cognitive performance across the 
lifespan (age range 25–74) in a large cross-sectional 
sample (N = 21,877) from the population-based Ger-
man National Cohort (NAKO Gesundheitsstudie, 
NAKO) [32] using ML. Particularly, the study set out 
to systematically compare ML outcomes across (1) 
age decades (total sample vs age decades), (2) distinct 
modalities (structural brain data, health, demograph-
ics, cognition), (3) approaches (unimodal vs multi-
modal), and (4) different cognitive tests (executive 
functions, language, motor speed, episodic and work-
ing memory). In this context, we hypothesized that 
(1) prediction levels may differ between age decades; 
(2) health, demographic, and cognitive performance 
data improve the prediction performance; (3) multi-
modal models combining structural brain, health-
related, demographics, and cognitive performance 
data outperform single modalities in the prediction; 
and (4) cognitive functions that are more strongly 
affected during the aging process, e.g. episodic mem-
ory, are best predicted. Crucially, to ensure the gen-
eralizability and replicability of our results, extensive 
validation analyses were performed across the NAKO 

imaging sites and in an out-of-distribution external 
dataset (1000BRAINS [33]).

Methods

Participants

Data for the current analyses were derived from the 
large population-based German National Cohort 
(NAKO-Gesundheitsstudie, NAKO), which aims 
at gaining a better understanding of the causes of 
major chronic diseases, such as cardiovascular dis-
eases, cancer, or diabetes, identifying risk factors 
and developing effective disease prevention strate-
gies [34]. It collects data across 18 different study 
centres in Germany, with five dedicated MR imag-
ing sites (Augsburg, Berlin, Essen, Mannheim, and 
Neubrandenburg), each equipped with the same MR 
scanner (3 Tesla, MAGNETOM Skyra, Siemens 
Healthineers, Erlangen, Germany) and using the 
same scanning protocol [35].

A subset of 29,862 participants underwent the 
baseline MRI examination [35] and met the age 
criteria of the current study (age range 25–74). 
This age range allowed that sufficient numbers 
of participants were found in each of the age dec-
ades required for subsequent ML analyses. Miss-
ing imaging-derived, demographic (i.e. educational 
level [participants in training were excluded], socio-
economic status, and employment status), health-
related, and/or cognitive data led to the exclusion 
of 7985 participants from the initial sample. A 
final sample of 21,877 participants (44% females, 
Mage = 48.9, SDage = 11.4) was used for further anal-
yses. This total sample was stratified into five age 
decades (for an overview of sample characteristics 
of each decade, see Table 1). Approval on the study 
protocol of the NAKO cohort was granted by all 
responsible local ethics committees (https://​nako.​
de). All participants provided written informed con-
sent prior to inclusion. The study procedure com-
plies with the Declaration of Helsinki.

Structural brain data

In the current study, the focus was on MRI-derived 
structural brain data, following research that highlights 

https://nako.de
https://nako.de
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how differences in cognitive function may already be 
captured at the whole-brain level in brain summary 
statistics, such as cortical grey matter volume (GMV), 
subcortical GMV, white matter volume (WMV), and 
white matter lesion (WML) load [36–38]. Across 
all NAKO MRI sites, structural imaging data were 
acquired on a 3T MR scanner (Magnetom Skyra, 
Siemens Healthineers, Erlangen, Germany) equipped 
with a 70-cm bore [39]. For brain structural analy-
ses, a 3D T1-weighted magnetization prepared rapid 
acquisition gradient-echo (MPRAGE) technique 
was employed using: voxel size = 1 × 1 × 1 mm3, 
TR = 2300 ms, TE = 2.98 ms, flip angle = 9°. Addi-
tionally, a T2-weighted 2D fluid-attenuated inversion 
recovery (FLAIR) technique was used: voxel resolu-
tion = 0.9 × 0.9 × 4 mm3, TR = 9000 ms, TE = 100 ms, 
flip angle = 150°.

Image preprocessing

T1-weighted 3D anatomical images were processed 
using the “recon-all” automated surface reconstruc-
tion pipeline of the FreeSurfer 7.1 Software package 
[40]. For a detailed description of the preprocessing 
steps, please refer to [40, 41] and the official docu-
mentation. After automated reconstruction, total cor-
tical GMV, subcortical GMV, cerebellar GMV (left 
and right), total cerebral WMV, and estimated total 
intracranial volume (eTIV) were extracted using aseg.
stats.

For the estimation of white matter hyperintensi-
ties, BIANCA, a well-established automated white 
matter hyperintensities segmentation algorithm, was 
used [42]. Before running the automated segmen-
tation algorithm, data was preprocessed using the 
following steps: (1) production of brain extracted 

images using T2-FLAIR and T1-weighted data 
with CAT12 [43], (2) modality co-registration 
(T1 to FLAIR), and (3) normalization to template 
space (MNI152NLin6Asym) using ANTs [44]. 
After image preprocessing, manual segmentation 
of the WML was performed on FLAIR images of 
120 participants from 1000BRAINS, a population-
based aging cohort from Western Germany, and 64 
participants from the NAKO (balanced in terms of 
age, sex, and cardiovascular factors) by a trained 
physicist [45]. BIANCA was then trained on the 
manually segmented FLAIR (reference base) data 
from 1000BRAINS and applied to NAKO data with 
the following parameters [42, 46]: spatial weight-
ing (sw) = 8, no patch, no border for the non-lesion 
training points location (excluding 3 voxels close to 
the lesion’s edge), fixed and unbalanced (FU) num-
ber of training points (lesion points = 5000, non-
lesion points = 25,000 per participant), and lesion 
probability map threshold = 0.9. The accuracy of 
WML estimation was evaluated by computing the 
overlap between WML estimations from BIANCA 
and the manual masks for NAKO. The total WML 
volume (in mm3) was estimated for each participant 
[42, 45].

Health‑related data

In addition to the MRI assessments, participants also 
completed face-to-face interviews  and touchscreen 
questionnaires. Furthermore, a study nurse-admin-
istered neuropsychological test battery and the par-
ticipants underwent a series of medical examinations 
[32, 47]. In this context, a range of health-related data 
encompassing lifestyle behaviours as well as medi-
cal conditions were collected. For the current study, 

Table 1   Demographic 
information of sample 
regarding age and 
educational level

For age and education, 
standard deviation (SD) 
appears in parentheses

Sample N (%) Mean age in years 
(SD)

Education 
in years 
(SD)

Total 21,877 (44% females) 48.9 (11.4) 15.6 (2.3)
Decade 1 (25–34 years) 3010 (41% females) 29.6 (2.6) 15.7 (2.1)
Decade 2 (35–44 years) 4205 (42% females) 40.5 (2.8) 15.8 (2.3)
Decade 3 (45–54 years) 7592 (46% females) 49.4 (2.8) 15.5 (2.3)
Decade 4 (55–64 years) 4997 (46% females) 59.3 (2.9) 15.4 (2.3)
Decade 5 (65–74 years) 2073 (44% females) 67.2 (1.9) 15.4 (2.5)
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ten different variables were selected as input data to 
the ML framework based on prior literature showing 
links to cognition: (1) body mass index, (2) smoking 
status (self-report; current/previous/non), (3) hyper-
tension (based on blood pressure measurement; yes/
no), (4) intake of antihypertensive medication (self-
report; yes/no), (5) intake of cholesterol reducing 
medication (self-report; yes/no), (6) diabetes diag-
nosis (self-report; yes/no), (7) increased blood lipids 
(self-report; yes/no), (8) alcohol consumption (self-
report; current/previous/never), (9) left hand grip 
strength, and (10) right hand grip strength (Fig. 1A; 
for a more detailed description, see Suppl. Table 1).

Demographic data

A series of demographic data were collected as part 
of the study protocol. For the purpose of the current 
analyses, variables of interest included (1) age (in 
years), (2) sex (male/female), (3) educational level 
(in years, ISCED-97 [48]), (4) socioeconomic status 
(International Socio-economic Index of Occupational 
Status [49], and (5) employment status (employed/
unemployed/non-employed). These five variables 
were subsequently treated as the third input modality 
to ML. For detailed description, see Suppl. Table 1.

Cognitive performance

All participants took part in a neuropsychological 
examination, which covered different cognitive func-
tions. In detail, the cognitive battery included (1) a 
semantic fluency test [number of correctly named ani-
mals within one minute], (2) a verbal episodic memory 
test [Immediate Recall: sum of words remembered 
from a word list (12 items) in two trials; Delayed 
Recall: sum of words remembered of a word list in 
delayed recall], (3) an executive function test [Stroop; 
time difference between naming ink colour of words 
with incongruent colour meaning and naming of col-
our of differently coloured boxes (Time T3–Time T2)], 
(4) a verbal working memory test [Digit Span; longest 
sequence of digits correctly repeated backwards], and 
(5) a motor speed test [Purdue Pegboard Test; number 
of correctly placed pin pairs in 30 s] [50] (for a more 
detailed description, see Suppl. Table 1).

Machine learning framework

A ML approach was chosen to investigate the 
predictability of cognitive test performance from 
brain structural, health-related, demographic, and 
cognitive data across different age decades. A 
schematic overview of the workflow can be found 
in Fig.  1. Input data to ML constituted (a) brain 
structural data: (1) GMV, (2) subcortical GMV, (3) 
right cerebellar GMV, (4) left cerebellar GMV, (5) 
WMV, (6) eTIV, and (7) WML (# of features = 7); 
(b) health-related data (# of features = 10); (c) 
demographic data (# of features = 5); and (d) 
cognitive data (# of features = 5; total # of input 
features = 26; Fig. 1A). Raw cognitive test scores 
were used as targets in the ML framework (total # 
of targets = 6; Fig. 1B). For each cognitive target, 
the remaining cognitive variables were used as 
input data with the only exception for immediate 
and delayed recall. Due to their high correlation, 
only one was included as a predictor [Immediate 
Recall] for the other cognitive variables. In case 
of predicting episodic memory immediate recall 
test scores, episodic memory delayed recall per-
formance was excluded from the input data due 
to the risk of ML performance inflation and vice 
versa. ML performance estimations were obtained 
for all single modalities, for pairwise combina-
tions, for three-way combinations and a four-way 
combination in the total sample and each decade 
separately (4 unimodal, 11 multimodal combina-
tions; Fig. 1A). To obtain multimodal feature vec-
tors, data was concatenated.

ML performance estimations were compared 
across four different algorithms, i.e. Ridge regression, 
linear support vector regression (linSVR), elastic net 
(EN) regression, and random forest (RF) regression, 
which are commonly employed in ML neuroimaging 
studies (Fig.  1C)2. In turn, ML model performance 
was evaluated using a repeated nested tenfold cross-
validation (10 repeats) (Fig.  1D). Hyperparameter 
optimization was performed in the inner cross-vali-
dation to avoid data leakage (fivefold CV). Thereby, 
the following hyperparameter grids were searched: 
(i) regularization parameter C for linSVR (10−4 to 
101, 10 steps, logarithmic scale), (ii) regularization 
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Fig. 1   Schematic illustration of the workflow. Sample descrip-
tion including the whole sample and age-specific groups 
(= Decades), A = included feature sets, B = targets to predict, 
C = algorithms used in the current study, D = settings for ML 

performance estimation as well as ML performance metrics, 
and E = ML validation analyses, including hold-out and exter-
nal validation
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parameter lambda λ for Ridge (10−3 to 105, 10 steps, 
logarithmic scale), (iii) regularization parameters 
lambda λ and alpha α for EN (λ 10−1 to 102, 10 steps, 
logarithmic scale; α 0.1 to 1, 10 steps), and (iv) num-
ber of trees and tree depth for RF (number of trees 
10, 100, or 1000; tree depth 4, 6, 8, 10, 20, 40, none). 
For performance estimation, the mean absolute error 
(MAE), coefficient of determination (R2), and the 
Pearson’s correlation (r) between true and predicted 
targets were calculated (Fig.  1D). All ML analyses 
were performed using scikit-learn (version 0.22.1) 
in Python (https://​scikit-​learn.​org/​stable/​index.​html) 
[51].

Feature importance

To assess the contribution of each input feature to the 
prediction, permutation feature importances were cal-
culated on the testing dataset, for all targets and algo-
rithms in each sample. By using this method, the rela-
tionship between input feature and target is broken in 
order to evaluate the relevance of a particular feature 
for the model. For complexity reduction, we focused 
on models in which all features were combined to 
extract important features for prediction. For further 
analyses, permutation feature importances were aver-
aged across algorithms for each cognitive variable and 
sample. For interpretation purposes, the top 25% of the 
most relevant features were then selected and plotted 
for the total sample and each decade in a bubble plot 
using plotly (https://​plotly.​com/​python/).

ML validation analyses

Further analyses were performed to validate our ML 
results. Initially, prediction performance was assessed 
in larger age groups to investigate if trends would per-
sist after joining decades and making the age groups 
more similar in size. We therefore divided the total 
sample into three larger age groups [younger (Dec-
ades 1 and 2, N = 7215, Mage = 35.9, SDage = 6.0) vs. 
middle (Decade 3, N = 7592, Mage = 49.4, SDage = 2.8) 
vs. older age group (Decades 4 and 5, N = 7070, 
Mage = 61.7, SDage = 4.5)]. Additionally, to assess if 
the larger participant numbers in the total sample may 
partly explain our prediction results, we performed fur-
ther ML analyses in a random subsample (N = 4375, 
44% females, Mage = 48.9, SDage = 11.3) drawn from 
the total sample that preserved the distribution across 

the different age decades, but more closely matched 
the sample size in each decade (= total sample size/5 
decades). Furthermore, a hold-out and external vali-
dation was performed to investigate the generaliz-
ability and reliability of ML results across sites and 
different cohorts (Fig.  1E). To assess generalizability 
across sites, a hold-out validation approach was cho-
sen and the total sample was divided by MR scan-
ning site [Site 1: N = 4670, Mage = 49.2, SDage = 11.5; 
Site 2: N = 4013, Mage = 4 8.8, SDage = 11.4; Site 3: 
N = 4332, Mage = 48.5, SDage = 11.5; Site 4: N = 3759, 
Mage = 47.9, SDage = 11.2; Site 5: N = 5103, Mage = 50.0, 
SDage = 11.1]. Each MR scanning site served as held-
out set once, while the remaining sites were used as 
internal training data (Fig.  1E). Best parameters from 
the internal training were applied to the held-out test 
set. For generalizability assessment across cohorts, 
an external validation setup was used. In this con-
text, data from the population-based 1000BRAINS 
study (N = 838, 46% females, age-range 25–74 years, 
Mage = 59.3, SDage = 11.6) aimed at examining inter-
individual variability in the aging brain served as an 
external test set [33]. In terms of ML, models were 
trained on the total NAKO sample for each cognitive 
target and tested on 1000BRAINS (Fig. 1E). For a more 
detailed information on the 1000BRAINS cohort, the 
imaging parameters, input and target data, please refer 
to the Suppl. Methods.

Model comparison

For better interpretability of results, comparisons to 
estimations of a reference model (dummy regressor; 
prediction of mean target of training set) were per-
formed [2, 13]. Particularly, the percentage of folds, 
in which the actual models outperformed the refer-
ence model, was calculated. Furthermore, multimodal 
bonuses were calculated to evaluate whether multi-
modal models outperformed single modalities [2, 13]. 
In this context, Bbest was calculated for each multimodal 
combination, which captures the difference in predic-
tion performance of the multimodal combination and 
the best single modality.

Results

Prediction outcomes were compared between the total 
sample (N = 21,877) and five age decades: Decade 1: 

https://scikit-learn.org/stable/index.html)
https://plotly.com/python/
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25–34 years; Decade 2: 35–44 years; Decade 3: 45–54 
years; Decade 4: 55–64 years; and Decade 5: 65–74 
years (Fig.  1). A ML model was defined using dif-
ferent algorithms (Fig.  1C) and settings (Fig.  1D) to 
predict cognitive test scores (Fig.  1B, targets) from 

different input features (Fig. 1A). Finally, results were 
extensively validated across sub-samples with differ-
ent characteristics (e.g. sample size, geographical dif-
ferences) as well as an external sample (Fig. 1E). For 
an overview of the workflow, see Fig. 1.

Fig. 2   Prediction performance for different cognitive test 
scores [A–F] based on structural brain data, health, demo-
graphics and cognition in the total sample and across age 
decades. Mean Coefficient of Determination (R2) across algo-

rithms. Error bars represent mean standard deviation (SD) 
across folds. Grey shaded areas indicate ML results R2 > 0.1. 
Verbal WM = verbal working memory
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Prediction results for cognitive tests across age 
decades

Across all cognitive tests, input features, and algo-
rithms used, best prediction performance was 
found in the total sample. Here, prediction levels, 

as measured by the coefficient of determination 
(R2), reached up to 0.32 and explained up to 10% 
more variance in the total sample than in the dif-
ferent age decades (total: R2 range 0.02–0.32, in 
99.8–100% of folds R2 > dummy regressor, Decades 
1–5: R2 range −0.03–0.22, in 46–100% of folds 
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R2 > dummy regressor; Fig.  2, Suppl. Tables  2–3). 
This effect was found particularly for executive 
functions, immediate and delayed episodic memory 
(total: R2 range 0.06–0.32, in 99.8–100% of folds 
R2 > dummy regressor; Decades 1–5: R2 range: 
−0.01–0.22, in 46–100% of folds R2 > dummy 
regressor).

In general, immediate episodic memory was best 
predicted (R2 range 0–0.32, in 67–100% of folds 
R2 > dummy regressor; Fig.  2, Suppl. Tables  2–3), 
while motor speed and verbal working mem-
ory showed the lowest predictability (R2 range 
−0.03–0.18, in 52–100% of folds R2 > dummy regres-
sor; Fig.  2, Suppl. Tables  2–3). Predictability of the 
other cognitive tests (executive functions, verbal flu-
ency, and delayed episodic memory) was interme-
diate, falling between low and high levels of R2 (R2 
range −0.01–0.3, in 46–100% of folds R2 > dummy 
regressor; Fig. 2, Suppl. Tables 2–3). When compar-
ing prediction performance across age decades for 
specific cognitive test scores, differences in predict-
ability emerged. Lower prediction performance was 
found for executive functions and motor speed in the 
oldest age group compared to the other age decades 
(Decade 5; R2 range −0.01–0.08, in 46–100% of 
folds R2 > dummy regressor; Decades 1–4: R2 range 
0–0.14, in 51–100% of folds R2 > dummy regressor). 
ML outcomes for delayed episodic memory perfor-
mance and semantic fluency, in turn, were found to be 
lower in the youngest participants (Decade 1: R2 range 
0–0.14, in 59–100% of folds R2 > dummy regressor) 

compared to all others (Decades 2–5: R2 range 0–0.18, 
in 60–100% of folds R2 > dummy regressor).

In conclusion, the best predictability was achieved 
in the total sample compared to the individual age 
decades. Cognitive tests appeared to be differentially 
predictable, with the most pronounced differences 
found between immediate episodic memory and 
motor speed. Closer examination of the individual 
cognitive tests emphasized the occurrence of predict-
ability differences in the youngest (25–34 years) and 
oldest (65–74 years) age groups. 

Predictability differences between input features

Predictability was further compared between analyses 
including either MRI-derived brain structural, health-
related, demographic, or cognitive performance 
data as input features (Fig.  1A). Results revealed 
highest predictability from demographic and cogni-
tive data (R2 range 0.02–0.24, in 82–100% of folds 
R2 > dummy regressor) outperforming brain struc-
tural and health-related data (R2 range −0.03–0.09, 
in 46–100% of folds R2 > dummy regressor; Fig.  2, 
Suppl. Tables 2–3). Despite the fact that brain struc-
ture and health-related data generally did not exceed 
levels of predictability of demographic and cogni-
tive data, they appeared to be marginally helpful for 
the prediction of delayed episodic memory (R2 range 
0.01–0.09, in 72–100% of folds R2 > dummy regres-
sor; Fig. 2, Suppl. Tables 2–3).

Following up on this, we next zoomed into the fea-
ture modalities and identified single feature impor-
tances in the prediction of cognitive test scores. In 
general, the most influential features for the predic-
tion of cognitive test scores were identified as those 
derived from the demographic and cognitive data 
(Suppl. Table  5). Nevertheless, slight differences in 
the composition of relevant features emerged for dif-
ferent cognitive tests (Fig. 3). For an overview of fea-
ture importances across samples, tests, and features, 
see Suppl. Table 5. In summary, age was found to be 
most relevant in the prediction of executive functions, 
immediate and delayed episodic memory, but only in 
the total sample. For all other decades and cognitive 
tests, age was found to be of less importance. Across 
decades, episodic memory performance appeared to 
be particularly important in the prediction of seman-
tic fluency performance and vice versa. The combina-
tion of sex, body mass index, and smoking status was 

Fig. 3   Mean permutation feature importances shown for each 
cognitive variable [A–F] and each sample. Feature impor-
tances only displayed for models exceeding a prediction per-
formance R2 > 0.1 in the four-way combination. Larger circles 
mirror greater feature importance. GM_CBL  = grey matter 
volume of the left cerebellum; GM_CBR  = grey matter vol-
ume of the right cerebellum; WM  = white matter volume; 
ETIV = estimated total intracranial volume; GM_COR = total 
cortical grey matter volume; GM_SUBCOR = subcortical grey 
matter volume; WML, =white matter lesion load; BMI = body 
mass index; SMOK  = smoking status; HYPER  = hyperten-
sion diagnosis; MED_HYPER = antihypertensive medication; 
MED_CHOL  = cholesterol reducing medication; DIAB  = 
diabetes diagnosis; TRIG = heightened blood lipids & triglyc-
erides; ALC = alcohol; HGS_RH = right hand grip strength; 
HGS_LH = left hand grip strength; EMPLOY = employment 
status; SES = socioeconomic status; EDU = educational level; 
MS = motor speed; SF = semantic fluency; MEM = episodic 
memory intermediate recall; EF = executive functions; VWM/
Verbal WM = verbal working memory
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found exclusively among the top ranked features for 
motor speed. Educational level and socioeconomic 
status were found to be relevant particularly for per-
formance in semantic fluency, verbal working mem-
ory, and episodic memory. Cortical and subcortical 
grey matter volume appeared to be partially impor-
tant for predicting performance in semantic fluency, 
motor speed, and verbal working memory. Hence, the 
results indicate considerable heterogeneity in the fac-
tors predicting cognitive performance across tests and 
age decades, with multiple input features contributing 
to the prediction of a single cognitive test score.

Moreover, we addressed whether the combina-
tion of different input feature modalities (i.e. brain 
structural, health-related, demographic, or cognitive 
data) may be beneficial for prediction of cognitive 
test scores (two-way, three-way and four-way com-
binations) (Fig.  1A). Across cognitive tests, sam-
ples, and algorithms, there was a general tendency 
for multimodal combinations (R2 range −0.01–0.32, 
in 54–100% of folds R2 > dummy regressor) outper-
forming single modalities (R2 range −0.03–0.24, 
in 46–100% of folds R2 > dummy regressor; Figs.  2 
and 4, Suppl. Tables  2–4). The strongest effect 
was observed for the prediction of immediate and 
delayed episodic memory based on a combination 
of demographic and cognitive data as input fea-
tures (unimodal: R2 range 0–0.24, in 67–100% of 
folds R2 > dummy regressor; multimodal: R2 range 
0.02–0.32, in 81–100% of folds R2 > dummy regres-
sor; Figs. 2 and 4, Suppl. Tables 2–4). This led to the 
highest prediction increments of up to 9% gain in R2 
compared to the best single modality (i.e. cognitive 
data). In contrast, the combination of brain structure 
and health-related data performed markedly worse 
(up to 14% lower R2) than the best single modality 
across analytic choices (Fig. 4, Suppl. Table 5).

Overall, our results indicate that demographic and 
cognitive data clearly outperformed brain structural and 
health-related data across samples, tests, and algorithms 

with an additional benefit when combining demo-
graphic and cognitive data as input features.

ML validation analyses

Importantly, to ensure robustness and generalizabil-
ity of the results, the current study performed several 
validation analyses across different samples with dif-
ferent characteristics (e.g. sample size, geographical 
differences, educational differences).

We first discerned whether the established ML 
results here are independent of sample size. To do 
so, prediction performance of all cognitive tests was 
examined across larger age groups (younger [Decades 
1 and 2] vs. middle [Decade 3] vs. older [Decades 
4 and 5]) as well as a randomly drawn subsample 
from the total sample (N = 4375) (Fig.  1E). Results 
revealed similar ML outcomes as in the main analyses 
(younger: R2 range 0.01–0.22, in 71–100% of folds 
R2 > dummy regressor; middle: R2 range 0–0.22, in 
70–100% of folds R2 > dummy regressor; older: R2 
range −0.01–0.23, in 68–100% of folds R2 > dummy 
regressor; random total: R2 range 0.01–0.31, in 
68–100% of folds R2 > dummy regressor; Suppl. 
Tables 6–11, Suppl. Fig. 1-2). Differences across tar-
gets, modalities, approaches, and the lifespan were 
mostly preserved, providing sustenance to the overall 
trends in the main analyses. Results also supported 
the notion that the performance gain of using the total 
sample instead of age-specific ones was not merely 
driven by sample size.

Afterwards, we performed a hold-out and external 
validation to assess the out-of-distribution generaliza-
tion ability. Since the NAKO was set up as a multi-
centre cohort study, the hold-out validation analysis 
examined whether results generalize well across the 
five different MRI study sites (Fig. 1E). Results con-
firmed a good generalizability across MRI sites and 
mirrored patterns found in the main analyses (main 
analyses: R2 range across test 0.02–0.32; hold-out 
validation: R2 range across tests −0.03–0.33; Suppl. 
Tables 12–13, Suppl. Fig. 3-4).

In the external validation analyses, models were 
trained on NAKO data and tested out-of-distribution 
using data from the population-based 1000BRAINS 
study, which aims at gaining a greater understand-
ing of the sources for the high inter-individual vari-
ability in brain aging [33]. In comparison to the 

Fig. 4   Multimodal bonuses for each cognitive test score [A–
F] across the total sample and different age decades. Positive 
bonus indicates multimodal combination outperforms best sin-
gle modality; negative bonus indicates multimodal combina-
tion performs worse than best single modality. B = brain; C = 
cognition; D = demographics; H = health; Verbal WM = ver-
bal working memory
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hold-out validation, prediction accuracies markedly 
decreased in the external validation. Nevertheless, 
the general patterns observed in the main analyses 
were replicated. As such, immediate episodic mem-
ory (NAKO: R2 range 0.06–0.32; 1000BRAINS: R2 
range < −1 to 0.26; Suppl. Table 14, Suppl. Fig. 3-
4) yielded the best external prediction performance 
compared to other cognitive tests (NAKO: R2 range 
0.01–0.3; 1000BRAINS: R2 < 0.07; Suppl. Table 14, 
Suppl. Fig.  5). Results for executive functions and 
delayed episodic memory could not be general-
ized to 1000BRAINS (NAKO: R2 range 0.05–0.3; 
1000BRAINS: R2 < 0; Suppl. Table  14, Suppl. 
Fig.  5). In terms of modalities, particularly demo-
graphic data seemed to be informative for predic-
tion (Suppl. Table  14, Suppl. Fig.  5). Thus, results 
supported the general trends from the main analyses 
albeit lower prediction performance (particularly 
external validation) and emphasized that results may 
generalize to other cohorts under certain circum-
stances (i.e. cognitive tests, modality).

Discussion

The current study aimed at a foundational inves-
tigation into the predictability of cognitive test 
scores based on MRI-derived brain structural meas-
ures together with health-related, demographic 
and cognitive data in a large cross-sectional sam-
ple (N = 21,877) from the NAKO. Overall, results 
showed mixed prediction outcomes across the lifes-
pan (age range 25–74), with differences across age 
groups, modalities, approaches, and cognitive tests. 
Specifically, results demonstrated (1) higher pre-
dictability in the total sample compared to single 
age decades, (2) higher predictive power of demo-
graphic and cognitive data with up to 17% more 
variance explained, compared to brain structural 
and health-related data, (3) a superadditive effect 
with up to 9% increase in R2 when joining demo-
graphic and cognitive data indicating a multimodal 
benefit, and finally (4) better predictability for epi-
sodic memory performance compared to other cog-
nitive test scores. External validation results under-
score the prediction advantage of demographic data 
and the higher predictability of episodic memory. 
Overall, results emphasize that analyzing the entire 
adult lifespan in conjunction with age-specific 

subgroups may provide important insight into pre-
viously unseen trends in the data.

Predictability differences between the total sample 
and age decades

In our systematic ML assessment, higher prediction 
performance was achieved in the total sample (R2 up 
to 0.32) compared to different age decades (R2 up 
to 0.22). This was consistent across different cogni-
tive tests, modalities, approaches, and algorithms, 
independent of the sample size. Based on prior find-
ings and various (cognitive) changes that individuals 
undergo over the lifespan, we assumed that prediction 
levels for cognitive functioning would differ in an age-
dependent manner [11, 28–31]. A potential explana-
tion for the discrepancy in the current results could be 
that the effect of aging from young to old was stronger 
than the influence of all other risk factors. This was 
most evident for episodic memory and executive func-
tions, which typically show the strongest age effects 
across cognitive domains [52–54]. Important to note, 
sample size did not seem to explain the differences 
in predictability, as shown by the validation analyses 
with varying sample sizes for the different predic-
tions reflecting the whole age range in a smaller ran-
dom sample. Rather, differences in the homogeneity 
of the total sample versus single age decades might 
explain these differences. Both age and cognitive 
test scores vary substantially across the lifespan, but 
to a considerably lower extent when the age span is 
reduced. Thus, more homogenous study participants, 
with respect to the variables of interest, i.e. input and 
targets, limit the predictive power for explaining dif-
ferences in cognition due to the reduced variabil-
ity [55]. Thus, our results indicate that including the 
whole adult age span contributes highly relevant and 
more variable information for the prediction of cogni-
tive abilities, particularly for the prediction of episodic 
memory performance. The factor age, in contrast, is 
less influential when focusing on specific age groups.

Following from this, the question arises how the 
predictability of cognition may vary between age dec-
ades. One main result of our data is that no differences 
between age decades were observed, which contradicts 
published prior results which reported predictability 
differences between younger and older groups [11, 
28–31]. The majority of studies reporting predictabil-
ity differences for specific cognitive test scores (e.g. 
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memory and executive functions) between age groups 
have used MRI-derived imaging data, particularly FC 
information and sample sizes N < 500 [11, 28–31]. In 
contrast, the current study investigated predictability 
differences in a sample of N = 21,877, with each age 
group containing information on N > 2000 based on 
MRI-derived brain structural metrics together with 
health-related, demographic, and cognitive data. Thus, 
a potential explanation for the disparity in results 
could be a sample size difference. Prior research sug-
gests that larger sample sizes may allow ML outcomes 
to reach estimates closer to the true level of predict-
ability [5, 27, 56]. Thus, it might have been the case 
that the large sample sizes in each age decade allowed 
us to better capture the actual predictability levels. In 
turn, it appeared that age decades did not differ con-
siderably in their predictability once the global age 
effect has been accounted for in the total sample.

Despite the general trend, the youngest and oldest 
age groups were found to differ from other decades 
in the predictability of specific cognitive test scores. 
Predictability for executive functions and motor speed 
was lower in the oldest group (65–74 years), while 
predictability of immediate episodic memory and 
semantic fluency was lower for the youngest group 
(25–34 years). One potential explanation for these 
findings could be related to cohort effects. It is impor-
tant to keep in mind that the data assessed here come 
from a cross-sectional study design. Consequently, 
it is possible that feature importances diverge most 
prominently in the youngest and oldest age groups. 
For example, sex was shown to be highly important 
for the prediction of motor speed in all decades but 
the oldest. A similar picture emerged for episodic 
memory and the feature of sex in the youngest group. 
Instead, it might be that other factors are of relevance 
for predicting cognitive performance in these specific 
age groups. These may, for instance, include sleep 
quality and depressive symptomatology for motor 
performance [57] and genetic data for executive func-
tions [58] in older adults, hormonal and physical 
activity data for verbal fluency [25, 59], and person-
ality factors for episodic memory performance [60, 
61] in younger adults. Hence, it may be argued that 
age-specific particularities emerge, which may be 
grounded in shifts in the relevance of particular input 
features for prediction across the lifespan. As such, 
current results support the notion of different factors 

being relevant at different times throughout an indi-
vidual’s life [16]. The investigation of such additional 
factors may not only enhance individual-level predict-
ability and foster the development of precision medi-
cine through tailored intervention programs, but also 
inform public health strategies aimed at preserving 
cognitive performance across the lifespan.

Predictability differences across input modalities

The current results emphasize that demographic and 
cognitive data clearly outperform brain and health-
related data. Our findings are in line with an ever-
growing amount of studies showing that particularly 
demographic data may be highly predictive of cogni-
tive performance [2, 3, 13, 20, 62, 63]. Beyond demo-
graphic variables, other cognitive variables were also 
found to carry fundamental information for the pre-
diction of specific cognitive test scores, most likely 
due to their interdependencies as hypothesized. For 
instance, other cognitive test scores yielded the high-
est prediction performance among single modalities 
for specific cognitive targets, i.e. verbal memory and 
semantic fluency (up to 7% more explained variance 
compared to other modalities). In both cases, particu-
larly, episodic memory performance appeared to be 
highly relevant for prediction. One potential explana-
tion for these effects might lie in the underlying neu-
ral constructs, i.e. the involvement of the left frontal 
lobe in all three cognitive functions [64]. As has been 
demonstrated in previous studies focusing on par-
ticular cognitive functions, as well as in longitudinal 
studies and neurodegenerative diseases, there is a 
close interaction between cognitive functions [25, 26, 
65, 66]. For example, executive functions have been 
found to be predictive of semantic fluency, and vice 
versa, baseline episodic memory to explain an addi-
tional ~ 20% of variance in memory decline on top of 
age and sex, and subjective cognitive decline to be the 
most important feature for the future conversion to 
mild cognitive impairment [25, 26, 65, 66]. Thus, it 
could be argued that different cognitive functions are 
highly informative of specific cognitive test perfor-
mance across age groups, potentially due to their con-
tribution to the same general ability [67]. In contrast 
to this, prediction performance from brain structural 
data was found to be rather limited not exceeding pre-
diction levels of R2 = 0.09.
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The current results therewith support prior find-
ings showing a rather weak link between brain struc-
tural data and cognitive performance at the individual 
level across the lifespan [2, 5, 30, 68]. At the same 
time, they are in contrast to studies that have dem-
onstrated more favourable predictive levels based 
on different types of imaging data, i.e. FC and SC 
data, in samples of younger and older adults [8, 10, 
69]. Reasons for these discrepancies in results may 
be manifold, e.g. differences in sample sizes, cogni-
tive tests examined, and brain metrics used, and thus 
require further investigation. Overall, recent seminal 
studies have suggested that effect sizes for brain-
behaviour relationships may be rather small and that 
even with larger sample sizes, prediction accuracies 
for brain-behaviour relationships remain modest [27, 
56]. As such, the brain-cognition relationships may 
be highly complex across the lifespan, which should 
be explored further [5].

In terms of health-related data, prediction perfor-
mance was found to be surprisingly low for differ-
ent cognitive test scores with the exception of motor 
speed. While both prior univariate and multivariate 
studies indicated a strong association between health-
related factors and cognitive performance [16, 23, 
24], currently chosen health-related information did 
not seem to be predictive of cognitive test scores. One 
potential explanation for this could be that health-
related behaviour may be strongly related to demo-
graphic data, found to be highly predictive in the cur-
rent study [22, 70]. For example, research has shown 
higher SES and educational attainment to be related 
to a more health-promoting lifestyle across the lifes-
pan [22, 70]. Hence, health-related information might 
have not added extra information to the prediction in 
the current study. This may be further aggravated by 
the fact that at the individual level complex relation-
ships between health-related factors and cognition 
may challenge the identification of clear patterns in 
the data. As such, health-related data in the current 
study might have not added additional information 
to the prediction contrary to prior findings empha-
sizing their association with cognition. Overall, it 
may be argued that cognitive test scores may be pre-
dicted well from demographic and cognitive data, 
but only questionable benefits for prediction may 
arise for including brain structural and health-related 
information.

Beyond the examination of the predictive power of 
single modalities, we also focused on the investiga-
tion of the predictive potential of multimodal combi-
nations. Present findings highlighted that multimodal 
combinations may outperform single modalities in 
predicting different cognitive tests in the total sam-
ple and across age decades. Demographic and cogni-
tive data that already led to promising results in the 
unimodal setup appeared to work well together with 
a predictability increase of up to 9% in R2 compared 
to the best single modality. Thus, they appeared to be 
superadditive—in their effect on prediction perfor-
mance extending prior findings of a multimodal ben-
efit to new combinations of data types [13, 63]. Nev-
ertheless, it should be stressed that this multimodal 
benefit was found only for specific combinations. 
Multimodal combinations including brain and health-
related data did not seem to boost prediction levels, 
which is in line with recent findings [71].

Limitations and methodological considerations

The current study focused on the prediction of cog-
nitive performance from different input modalities 
across the lifespan. While overall predictability is 
comparable to other studies, it is still in its absolute 
value not reaching a level allowing the deployment 
across studies to reliably predict cognition across the 
lifespan [72]. In order to make progress towards the 
ultimate goal of accurately predicting future cogni-
tive abilities, it is important to emphasize that current 
predictors only capture certain aspects of cognitive 
functioning throughout adulthood. However, cogni-
tive performance should be regarded as the result 
of a complex interplay between various biological, 
psychological, and environmental factors with linear 
and non-linear dynamics over time that cannot be 
adequately captured by classical machine learning 
algorithms. It should also be noted that the included 
variables may not have provided sufficient detail to 
extract meaningful associations between predictors 
and targets. Specifically, brain metrics were included 
using global measures of grey and white matter. 
More fine-grained, regional brain metrics (e.g. those 
defined using cytoarchitectonic parcellations of the 
Julich Brain Atlas [25] or functional parcellations 
[Schaefer et  al., 2017]) have previously shown that 
brain-cognition relationships are regionally specific 
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rather than global. Therefore, future studies should 
investigate additional variables and vary the granu-
larity of measurements. In addition to that, it should 
be noted, however, that although distinct variables 
have been included as features to predict cognitive 
performance, i.e. paper–pencil based cognitive tests, 
blood parameters, MRI-derived brain metrics, or self-
reported demographic data, these variables have been 
shown to be dependent on each other. For instance, 
blood pressure might be related to WML, cognitive 
performance might be (partially) associated with sex. 
While the different ML models applied in the current 
study can handle correlated input features (to vary-
ing degrees), multicollinearity may affect interpret-
ability of the results, i.e. by affecting feature impor-
tances. Thus, we cannot rule out the possibility that 
the ML models did not uniquely attribute predictive 
relevance to any single variable, as the shared sig-
nal may be distributed arbitrarily across correlated 
features. Additionally, it should be kept in mind that 
while the current analyses were performed on a very 
large sample size, only a limited number of neuropsy-
chological tests were investigated. To obtain a more 
fine-grained picture of predictability differences, it 
appears warranted to investigate effects in a larger 
neuropsychological battery and replicate findings in 
other cohorts. Similarly, it should be accentuated that 
the current study only looked at cross-sectional data; 
i.e. predictors and cognitive outcomes were assessed 
at the same time point, which identifies associations 
rather than longitudinal risk trajectories, thereby lim-
iting any conclusion on the true prognostic value. 
With the ultimate goal of a prospective marker in 
mind, it becomes necessary to also investigate pre-
dictive power in a longitudinal setting, i.e. following 
cognitive trajectories over years. With more and more 
large cohorts collecting data over time, this endeavour 
becomes more feasible and holds the promise of fur-
ther advancing the field [7].

Conclusions

The current study investigated the predictive power of 
MRI-derived brain structural, health-related, demo-
graphic, and cognitive data for cognitive test perfor-
mance in a very large sample of adult participants 
from the NAKO. Current results demonstrate mixed 
prediction performance (R2 range = −0.02–0.32) of 

cognitive test scores across the lifespan. Predictability 
differences emerged across samples, cognitive tests, 
modalities, and approaches. Closing the loop on the 
hypotheses, the current study shows (1) higher, not 
lower, predictability in the total sample compared to 
different age decades, (2) higher predictive power of 
demographic and cognitive data compared to MRI-
derived brain structural and health-related data, (3) 
a multimodal benefit based on joining information 
from the top performing single modalities (demo-
graphic and cognitive data seem to be superadditive), 
and (4) superior predictability for episodic memory 
performance compared to other cognitive test scores. 
Overall, our results emphasize the importance of the 
selected demographic and cognitive data. Furthermore, 
they underscore the limitations of the chosen brain and 
health-related variables. The investigation of the whole 
age span alongside specific age decades might serve as 
a potential research area in future prediction studies. 
This may allow gaining insights into previously undis-
covered patterns in the data and help disentangle rel-
evant factors determining cognition across the lifespan.
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