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Abstract

Previous literature has focused on predicting a diagnostic label from structural brain imaging.
Since subtle changes in the brain precede a cognitive decline in healthy and pathological aging,
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our study predicts future decline as a continuous trajectory instead. Here, we tested whether
baseline multimodal neuroimaging data improve the prediction of future cognitive decline in
healthy and pathological aging. Nonbrain data (demographics, clinical, and neuropsychological
scores), structural MRI, and functional connectivity data from OASIS-3 (N = 662; age = 46—
96 years) were entered into cross-validated multitarget random forest models to predict future
cognitive decline (measured by CDR and MMSE), on average 5.8 years into the future. The
analysis was preregistered, and all analysis code is publicly available. Combining non-brain
with structural data improved the continuous prediction of future cognitive decline (best test-set
performance: R2 = 0.42). Cognitive performance, daily functioning, and subcortical volume drove
the performance of our model. Including functional connectivity did not improve predictive
accuracy. In the future, the prognosis of age-related cognitive decline may enable earlier and
more effective individualized cognitive, pharmacological, and behavioral interventions.
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Introduction

Cognitive decline, such as worsening memory or executive functioning, occurs in healthy
and pathological aging. Crucially, the noticeable decline may be preceded by subtle changes
in the brain. It is this sequence that enables using brain imaging data to predict the current
cognitive functioning of a person or related surrogate markers. For example, structural

brain imaging has been used to predict patients’ current cognitive diagnosis (Rathore et al.,
2017), or brain age (Cole and Franke, 2017), a surrogate biomarker related to cognitive
impairment (Liem et al., 2017). Together, these findings demonstrate the clinical potential of
neuroimaging data used in combination with predictive analyses.

While predicting current cognitive functioning enables insight into related brain markers,
predicting future cognitive decline from baseline data poses a greater challenge with more
substantial clinical relevance (Davatzikos, 2019). Using current brain imaging data to
predict a current diagnostic label (such as dementia), targets a label that can fairly easily

be determined via other means such as clinical assessments (and usually with less cost

than brain imaging). When predicting future cognitive change, however, brain imaging
might aid a prognosis with greater clinical utility that cannot be easily obtained otherwise.
Most previous studies that predicted future change restricted their analysis to whether
patients with mild cognitive impairment (MCI) converted to Alzheimer’s disease (AD) (e.g.,
Eskildsen et al., 2015; Korolev et al., 2016; Gaser et al., 2013; Davatzikos et al., 2011)

or predicted membership in data-driven trajectory-groups of future decline (Bhagwat et al.,
2018). See Table 1 for a comparison. Predicting future cognitive decline on a continuum
(instead of forming distinct diagnostic labels from cognitive data) better characterizes the
underlying change in abilities on an individual level. This approach can also be used to
widen the scope of applications by including healthy aging. Brain data is a rich source of
information that might help us better understand and even reorganize diagnostic syndromes
or categories.
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While most previous predictive studies used structural brain imaging alone, integrating
structural and functional imaging has been shown to improve predictions. Since both brain
structure (Oschwald et al., 2019) and brain function (Liem et al., 2020) change in aging,
the most accurate predictions of brain age have come from combining them (Liem et al.,
2017; Engemann et al., 2020; Schulz et al., 2022). Multimodal gains have also been shown
in more complex predictions such as current diagnosis in AD (Rahim et al., 2016) and
conversion from MCI to AD (e.g., Hojjati et al., 2018; Dansereau et al., 2017; Tam et

al., 2019). Therefore, integrating multiple brain imaging modalities enables more complete
characterization of brain aging and provides increased predictive power.

Demographic, health, and clinical variables, which are straightforward to obtain and non-
invasive, were demonstrated to reliably predict the conversion to cognitive impairment

in elders over a 2-year period (Na, 2019) in the absence of any brain imaging data,
demonstrating the value of nonbrain data. Likewise, nonbrain data pertaining to mood,
demographics, lifestyle, education, and early-life factors were shown to be on par with brain
imaging data in the prediction of intelligence and neuroticism, but not brain-age delta (Dadi
etal., 2021).

The present study aimed to predict future cognitive decline from baseline data in healthy and
pathological aging. We combined nonbrain data, such as scores from clinical assessments
and demographics, with multimodal brain imaging data to test whether adding brain imaging
to nonbrain data improves predictive performance, and whether multimodal imaging
outperforms single imaging modalities. We showed that structural imaging in particular
improved continuous prediction of future cognitive decline. An early prognosis of future
cognitive decline might enable earlier and more effective pharmacological or behavioral
treatments to be tailored to the individual, resulting in more efficiently allocated medical
resources.

2. Methods

The analysis presented here was preregistered (Liem et al., 2019). We largely followed

this preregistration and deviations are described in the supplement (6.1.2 Deviation from
preregistration). The deviations concern minor details in data analysis and do not affect

the qualitative conclusions we draw. Additionally, we performed nonpreregistered validation
analyses that were suggested by the main results.

2.1. Sample and session selection

The present analysis aimed to predict future cognitive decline from baseline nonbrain (e.g.,
age and clinical scores) and brain imaging data (regional brain volume and functional
connectivity). We used data from the publicly available, longitudinal OASIS-3 project, a
collection of data from several studies at the Washington University Knight Alzheimer
Disease Research Center (LaMontagne et al., 2019). OASIS-3 acquired data in different
types of sessions (clinical sessions. nonbrain data describing personal characteristics,
cognitive and everyday functioning, health; neuropsychological sessions. nonbrain data
from neuropsychological tests; MR/ sessions: structural and functional MRI). The count
and spacing between sessions varied between participants. To predict future cognitive
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decline, baseline sessions were used as input data and follow-up sessions as targets. The
study design required a matching approach to select: (1) baseline sessions (from clinical,
neuropsychological, and MRI sessions) to be used as input data, and (2) follow-up clinical
sessions to estimate the future cognitive decline.

First, baseline data were established by matching sessions from the different types (clinical,
neuropsychological, MRI). We matched each MRI session that had at least 1 T1w and

1 fMRI scan with the closest clinical session. For each participant, the first MRI-clinical-
session pair with an absolute time difference of < 1 year was selected as the baseline session.
If no such pair was available, the participant was excluded from the analysis. Additionally,
the closest neuropsychological session (within 1 year of the MRI baseline session) was also
considered as baseline data. Baseline information from neuropsychological testing, however,
was considered optional, and not finding a matching neuropsychological session was not a
criterion for exclusion. All data preceding the selected baseline sessions were disregarded
for the analysis.

Second, all clinical sessions after the baseline clinical session were included as follow-up
sessions to estimate cognitive decline. To reliably estimate decline, participants were only
included if they had at least 3 clinical sessions (baseline plus 2 follow-up sessions). This
matching approach reduced the sample (Nqta1 = 1098) to 662 participants (302 male; Table
2).1 The majority were cognitively healthy at baseline (509 healthy controls, 12 were
diagnosed with MCI, and 111 with dementia; for 30 no diagnosis was available for the
baseline session).

MRI data was downloaded in BIDS format (K. J. Gorgolewski et al., 2016) via scripts
provided by the OASIS project.2 Nonbrain data was downloaded via XNAT central.3

2.2. Data

2.2.1. Nonbrain data—Non-brain data described personal characteristics at baseline,
such as demographics, cognitive, and everyday functioning, genetics, and health (Table 3
shows the abbreviations of tests). For further information on the measurements, see relevant
publications by the OASIS team (LaMontagne et al., 2019; Morris et al., 2006; Weintraub et
al., 2009).

The specific measures included:
1. Demographic information: sex, age, education

2. clinical scores: MMSE (Folstein, Folstein, and McHugh, 1975), CDR (Morris,
1993), FAQ (Jette et al., 1986), NPI-Q (Kaufer et al., 2000), GDS (Geriatric
Depression Scale, Yesavage et al., 1982)

1The selected participants and session can be found here: https://github.com/fliem/cpr/tree/0.1.2/info.
2https://github.com/Nranat/oasis—scripts.
https://central.xnat.org/.
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3. neuropsychological scores: WMS-R (Elwood, 1991), Word fluency, TMT
(Bucks, 2013), WAIS-R (Franzen, 2000), BNT (Borod, Goodglass, and Kaplan,
1980)

4, APOE genotype
5. a cognitive diagnosis (healthy control, MCI, dementia)

6. health information: cardio/cerebrovascular health, diabetes,
hypercholesterolemia, smoking, family history of dementia

7. the number of clinical sessions conducted before the selected baseline session
(for instance sessions without a matching MRI session) to account for retest
effects

2.2.2. MRI data—MRI data were acquired on Siemens 3T scanners, with the majority
coming from a TrioTim model (622 of 662 participants), and the rest from the combined
PET/MRI Biograph mMR model. Each participant had between 1 and 4 T1w scans (1.7 on
average). In total, the sample had 1”119 T1w images. The parameter combination most used
(in over 17070 scans) was voxel size = 1 x 1 x 1 mm3, echo time (TE) = 0.003 second,
repetition time (TR) = 2.4 seconds. Where available, T2w images were also used to aid
surface reconstruction. In total, 618 participants had a T2w image. The parameters for the
T2w images were voxel size = 1 x 1 x 1 mm3, TE = 0.455 second, TR = 3.2 seconds.

Each participant had between 1 and 4 functional resting-state scans (M = 2.0). In total, the
sample had 1”327 functional images. The parameter combination most used (in over 1°300
scans) was voxel size = 4 x 4 x 4 mm3, TE = 0.027 second, TR = 2.2 seconds, scan duration
= 6 minutes. For further information regarding the imaging data see (LaMontagne et al.,
2019).

See Table S1 for complete information about T1w, T2w and fMRI scans acquisitions.

2.3. MRI preprocessing

Functional and structural MRI data were preprocessed using the standard processing
pipeline of 7MR/Prep 1.4.1 (Esteban et al. 2018), which also includes running FreeSurfer
6.0.1 on the structural images (Fischl, 2012). A detailed description of the preprocessing
can be found in the supplement (6.1.1 Details on MR/ preprocessing). Except for basic
validity checks in a random subset of participants, data quality of the preprocessed data was
not rigorously assessed. Notably fAMR/Prep has been shown to robustly work across many
datasets (Esteban et al. 2018).

2.4. Feature extraction

Input data from nonbrain and brain imaging modalities at baseline were used to predict
future cognitive decline (predictive targets). In the following sections we provide further
details on the features that entered the predictive models.

2.4.1. Input data—Input data for the predictive models came from 3 modalities: non-
brain, global and subcortical structural (structGS), and functional connectivity (func; Fig.
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1A). Modalities were entered into the models on their own and in combination. For instance,
nonbrain + structGS models received horizontally concatenated input features from the
nonbrain and structGS modalities (Fig. 1 and 2). This allowed testing whether combining
nonbrain with structural data improved predictive accuracy as compared to nonbrain data
alone. The following paragraphs describe the input data modalities and Table S2 gives an
overview of features entered into the models.

24.1.1. Nonbrain data.: Nonbrain features included demographics, scores of clinical and
neuropsychological instruments, APOE genotype, and health information. For a detailed list
see Table S2. In total, 66 features entered the models from the nonbrain modality.

24.1.2. Structural MRI (structGS).: For the structGS modality (global and subcortical
structure), anatomical markers were extracted from the FreeSurfer-preprocessed anatomical
scans. Following our previous work (Liem et al., 2017), we extracted global structural
markers (volume of cerebellar and cerebral GM and WM, subcortical GM, ventricles,
corpus callosum, and mean cortical thickness) and the volumes of 7 subcortical regions
(accumbens, amygdala, caudate, hippocampus, pallidum, putamen, thalamus; for each
hemisphere separately). Most markers were extracted from the asegfile, except for mean
cortical thickness, which was extracted from the aparc.a2009s parcellation (Desikan et al.,
2006). To account for head-size effects, volumetric values were normalized by estimated
total intracranial volume. In total, 35 features entered the models from the structGS
modality.

24.1.3. Functional MRI (func).: Functional connectivity was computed from the
fMRIPrep-preprocessed functional scans. Denoising was performed using the 36P model
(Ciric et al., 2017), which includes signals from 6 motion parameters, global, white matter,
and CSF signals, derivatives, quadratic terms, and squared derivatives. Time series were
extracted from 300 cortical, cerebellar, and subcortical coordinates of the Seitzman atlas
(Seitzman et al., 2020) using balls of 5 mm radius. The signals were band-pass filtered
(0.01-0.1 Hz) and linearly detrended. Connectivity matrices were extracted by correlating
the time series using Pearson correlation and applying Fisher-z-transformation. If multiple
fMRI runs were available, the z-transformed connectivity matrices were averaged within
participants. The vectorized upper triangle of this connectivity matrix was entered into

the predictive pipeline and was further downsampled to 100 PCA components within cross-
validation (see below). Denoising and feature extraction was performed with Nilearn 0.6.0
(Abraham et al., 2014).

Due to the dimensionality of connectivity matrices, we opted to perform PCA-based
dimensionality reduction on the fMRI data. In its raw form, the fMRI connectivity has
44,850 unique features, a prohibitive amount that eclipses the other modalities. Because
trees are grown sampling both data points and variables, this number would complicate the
training of Random Forests, requiring an increase in the number of trees to reliably expose
the different modalities to the model. This problem is alleviated by reducing this feature set
to 100 components. Because the degrees of freedom are greatly decreased, it also reduces
the risk of overfitting. This solution has been successfully applied in many examples in
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the literature. Schulz et al., (2022), for example, use PCA so that comparisons between
modalities and modality combinations use the same number of features.

2.4.2. Predictive targets—To quantify future cognitive decline, trajectories of 2 clinical
assessments, the CDR (Clinical Dementia Rating, Sum of Boxes score) and the MMSE (sum
score of the Mini-Mental State Examination) were estimated using an ordinary least squares
linear regression model for each participant and assessment independently (Fig. 1-3; for
information on the count and timing of sessions, see Table 2). A linear slope was fitted
through the raw scores of the follow-up session with the intercept fixed at the raw score of
the baseline session (SCore 7o) owe-up, assessment ~ SCOI€ paseline, assessment * Pslope, assessment

x timée). This approach was chosen over a linear mixed-effects model, as the mixed-effects
model requires data from multiple participants, making cross-validation more convoluted.
The resulting 2 parameters (Bsiope, cor aNd Bsiope, mmise) Were the 2 targets that were
simultaneously predicted in the predictive analysis using a multitarget approach (Rahim et
al., 2017). Slopes were estimated with Statsmodels0.10.1 (Seabold and Perktold, 2010). The
distribution of the estimated targets is plotted in Figure S1.

Two factors were fundamental to the adoption of the CDR and MMSE slopes as predictive
targets. First, the number of participants with CDR and MMSE baseline scores is slightly
higher than the number of participants with FAQ and NPI-Q scores. See Table 2. Second,
both the CDR and MMSE are widely regarded as reliable tests for the clinical assessment
and staging of dementia. FAQ, for example, is a questionnaire designed for bedside
assessment and research based on instrumental activities of daily life (Pfeffer et al., 1982),
which entails a degree of subjectivity, and NPI-Q is a brief informant-based questionnaire
for general neuropsychiatric assessment (Kaufer et al., 2000). We believe the CDR and
MMSE were the best candidates as specific measures of cognitive status for these 2 reasons.

Predictive analysis

The predictive pipeline (Fig. 1-4) consisted of a multivariate imputer (Scikit-learn’s
Iterativelmputer) (Buck, 1960) and a multitarget random forest (RF) regression model
(Breiman, 2001). Multivariate imputation has recently been shown to work in combination
with predictive models in different missingness scenarios (Josse et al., 2019). It comprises
using all other input variables to estimate missing values in each input variable vector. The
procedure is then repeated now including the previously imputed values as inputs for a
number of iterations. RF is a nonparametric machine-learning algorithm based on ensembles
of decision trees. Trees are trained in parallel over bootstrap samples, also including the
sampling of input variables. The final output is obtained by aggregating the outputs of a
predetermined number of trees.

Predictive models were trained using nested cross-validation via a stratified shuffle-split
(1000 splits, 80% training, 20% test participants, stratified by the targets). In the inner
loop, the RF’s hyperparameters were tuned via grid search on the training participants
(the tree depth was selected among [3, 5, 7, 10, 15, 20, 40, 50, None], where None leads
to fully grown trees; the criterion to measure the quality of an RF-split was tuned with
‘mean squared error’ and ‘mean absolute error’). The best estimator was carried forward
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to determine its out-of-sample performance on the test participants. To derive an estimate
of chance performance, null models were also trained and evaluated with permuted target
values. For each cross-validation split, we calculated the coefficient of determination (R2)
on the test predictions. All predictive analyses were performed using Scikit-learn0.22.1
(Pedregosa et al., 2011).

Model comparison was used to determine whether 1 model offered better prediction
accuracy than another (for instance, to check whether a given model outperformed the

null model, or whether a model with added brain imaging data improved accuracy as
compared to a model using only nonbrain data). Model comparison in cross-validation needs
to take the dependence between splits into account, complicating statistical tests (Bengio
and Grandvalet, 2004). Thus, instead of calculating a formal statistical test, we calculated
the number of splits for which the model in question outperformed the reference model,
resulting in a percent value, with numbers close to 100% denoting models which robustly
outperformed the reference model (Engemann et al., 2020).

To inspect which features contributed to a prediction, permutation importance was
calculated (Breiman, 2001). Permutation importance evaluates the effects of features on

the predictive performance by permuting feature values. If shuffling a feature does decrease
performance, it is considered important for the model. It must be noted that this approach
might underestimate the importance of correlated features. This is attributable to the fact
that when one of the features is permuted, the second 1 retains some of the information that
both shared. For example, this might happen with baseline MMSE and CDR-SOB scores,
which are correlated in the general population (Balsis et al., 2015), and are both used in the
nonbrain data. Furthermore, learning curves were estimated to assess whether the number of
participants in the analysis was sufficient. For these comparisons, models were trained with
increasing sample size while observing the test performance.

We performed additional analyses to diagnose the predictive pipeline and present our results
in context. First, to validate the pipeline and analysis code, the same predictive methodology
was used to predict age, a strong and well-established effect (Liem et al., 2017). For this
validation, age was removed from the input data and the approach followed in the main
analysis was repeated using a ridge regression model and 200 cross-validation splits. All
features were normalized for this analysis since ridge regression is sensitive to the variance
of individual features. Ridge regression was selected for this analysis because research
shows that linear models tend to perform on par with nonlinear models in age prediction
(Schulz et al., 2020, 2022) and other benchmarks (Dadi et al., 2019), especially in the
current sample size.

Second, to better compare our results with previous work that predicted decline using class
labels, we repeated the original pipeline to classify extreme groups of participants that are
cognitively stable vs. participants with cognitive decline using random forest classifiers and
200 cross-validation splits. Participants with CDR-SOB slopes > 0.25/y were labeled as
declining (N = 156), and a randomly drawn equal number of participants without change in
CDR-SOB (N = 366) were labeled as stable. The threshold of 0.25/y was selected based on
statistical considerations: it is the mean of CDR-SOB slopes, as shown in Table 2 and it also
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corresponds to the 80th percentile, so choosing a higher threshold would result in a much
smaller number of cases available.

2.6. Open science statement

All data used in the analysis are publicly available via the OASIS-3 project (LaMontagne
et al., 2019). The analysis plan was preregistered (Liem et al., 2019). All preprocessing
and analyses were performed in Python using open-source software and the code for
preprocessing and predictive analysis is publicly available (Liem, 2020).4 Furthermore, a
docker container that includes all software and code to reproduce the preprocessing and
predictive analysis is also provided.®

3. Results

3.1. Predicting cognitive decline

A combination of nonbrain and structural data gave the best predictions of future cognitive
decline. Adding structural data improved the prediction for both the CDR (median test
performance R? increased from 0.36 to 0.42; Fig. 2, red vs. orange; for a scatter plot
showing true vs. predicted values, see Figure S3) and the MMSE (0.32-0.34), as compared
to predictions from nonbrain data alone. This increase occurred in a large majority of
splits (91% of splits for CDR, 78% for MMSE; Table S3). In contrast, adding functional
connectivity features to non-brain features, or to nonbrain + structGS features, slightly
decreased predictive performance.

To tune the RF models to the given problem, hyperparameters were optimized in a grid
search approach. Tuning curves showed the results to be robust across a wide range of
hyperparameter settings (Figure S4). Furthermore, learning curves demonstrated a sufficient
sample size in the current setting (Figure S5).

The models consistently outperformed null models. Comparing the predictions against a null
model with permuted predictions showed that most modalities outperformed chance-level

in 100% of splits (Table S4). The predictions based on functional connectivity were an
exception and outperformed null-models to a lesser degree (91% of splits for CDR, 73% for
MMSE).

3.2. Features that predict cognitive decline

We used permutation importance to characterize the most predictive features of the best
performing modality (nonbrain + structGS). Within the top-15 features, nonbrain included
memory scores, the baseline scores of the targets (CDR, MMSE), and scores from the

FAQ (functional assessment questionnaire). The structural features predominantly included
subcortical regions (left and right hippocampus and amygdala, left accumbens; Fig. 3).

Uhttp://github.com/fliem/cpr.
5https://hub.docker.com/r/fliem/cpr.
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3.3. Validation analyses

Although functional connectivity models predicted cognitive decline poorly, functional
data improved accuracy when predicting brain-age. Since functional connectivity alone
did not predict cognitive decline well and did not increase the predictive accuracy of

the nonbrain model (Figure S2), we conducted a validation analysis to ensure that our
functional connectivity models were able to predict brain-age, a well-established surrogate
biomarker. Here, we predicted age from the same input data as in the main analysis after
first removing age from the input features set. In line with our expectations, functional
connectivity increased predictive performance when combined with other modalities (e.g.,
in combination with non-brain, performance increased from 0.45 to 0.53; Fig. 4), and
functional connectivity alone could predict age reasonably well (median RZ = 0.33, Figure
S6), suggesting that its negligible contribution to decline prediction cannot be attributed to
general methodological or data quality issues.

In the main analysis, the predictive target of cognitive decline was quantified as a continuous
score. To compare our analysis to previous work that predicted classes of cognitive decline,
we performed a further analysis that predicted extreme groups of cognitive decline (stable
vs decline). Overall, extreme groups could be accurately predicted from the input data (most
F1-scores [harmonic mean of the precision and recall] in the range of 0.8-0.9; Figure S7).

4. Discussion

In the present study, we found that combining baseline structural brain imaging data with
nonbrain data improved the prediction of future cognitive decline. In contrast, functional
connectivity features did not improve prediction. By predicting future cognitive decline
as a continuous trajectory, rather than a diagnostic label, our study broadens the scope

of applications to cognitive decline in healthy aging. It also allows for more nuanced
predictions on an individual level. In the future, these continuous measures may facilitate
dimensional approaches to pathology (Cuthbert, 2014).

The benefit of combining structural with nonbrain data found in the present study is well

in line with previous work that predicted conversion from MCI to AD (Korolev et al.,
2016), and classes of cognitive decline (Bhagwat et al., 2018). Nonbrain data alone predicted
cognitive decline and the model was robustly improved by adding structural data (R2
increased from 0.36 to 0.42 for CDR and from 0.32 to 0.34 for MMSE). These findings are
consistent with prior work (Korolev et al., 2016; Bhagwat et al. 2018). In general, the range
of accuracies reported in our study is well in line with previous work predicting a related
continuous target (time to symptom onset in AD) (Mogel et al. 2018), as well as with work
predicting diagnostic labels (e.g., Eskildsen et al., 2015; Korolev et al., 2016; Gaser et al.,
2013; Davatzikos et al., 2011). After having established that a combination of nonbrain and
structural data gives predictions worthy of consideration, next, we assessed which features
drove the predictions.

We found that clinical and neuropsychological assessments and subcortical structures drove
the performance of our model. Measurements of memory, verbal fluency, executive function,
and a wide set of cognitive and daily functions (MMSE, CDR, and FAQ) were the most
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informative nonbrain features for predicting cognitive decline. This matches well with
Korolev et al., (2016) who found memory scores and clinical assessments (ADAS-Cog,
FAQ) to be among the most informative nonbrain features. On the other hand, hippocampus
and amygdala volume were the most informative structural features in our analysis, which
is well in line with previous work predicting conversion from MCI to AD (Korolev et al.,
2016; Eskildsen et al., 2015). In contrast, risk factors (such as age, APOE, or health risks)
and markers that quantify general brain atrophy and regional cortical brain structure did

not add markedly to model performance. It should be noted that features were assessed
using permutation importance, which underestimates the importance of correlated features.
Baseline MMSE and CDR-SOB scores are substantially correlated in the general population
(Balsis et al., 2015) and are thus susceptible to this attenuation. We note, however, that

both still figure among the top 15 features in Fig. 3. Alternative approaches, such as mean
decrease impurity, might complement the permutation-based approach in future studies to
improve the sensitivity (Engemann et al., 2020). Nevertheless, taken together, our results
suggest that memory, everyday functioning, and subcortical features better predict future
cognitive decline at the individual level than risk factors or global brain characteristics.

Functional connectivity, in contrast to brain structure, did not improve predictions when
added to other modalities, nor did it predict cognitive decline on its own. While many
previous studies predicted cognitive performance or decline based on structural imaging,
studies using functional connectivity are rare and contain widely varying estimates of its
predictive power (Dansereau et al., 2017; Hojjati et al., 2018; Vogel et al., 2018). Although
functional connectivity in our study did not predict future cognitive decline, it did predict
brain age. Assuming that functional connectivity is at least somewhat predictive of future
cognitive decline, our analysis may suggest that the processing of functional connectivity
data was not a good fit for the cognitive targets. Furthermore, data with better spatial and
temporal resolution might be able to better capture decline. This calls for future studies that
benchmark different processing options as these can severely impact predictive accuracy
(Dubois et al., 2018).

In the following, we will sketch possible future developments along 4 themes: implications
of and possible improvements to the continuous fargets of cognitive decline, multimoadal
Input data, predictive models, and the importance of generalization to new datasets.

Quantifying cognitive decline continuously rather than discretely enables a more fine-
grained and robust prediction, but also requires methodological choices. By predicting

a diagnostic label, previous studies were often restricted to MCI patients and aimed to
distinguish stable from converting patients. Considering decline as a continuum better
characterizes the underlying change in abilities and allows for capturing changes that occur
in healthy aging. Overcoming the scarcity of diagnosed conditions, widens the scope of
applications and has methodological advantages: the resulting increased sample size yields
more robust models, which is critical to avoiding optimistic bias in estimating prediction
accuracy (Woo et al., 2017; Varoquaux, 2018). Furthermore, our approach also does not
require assigning a diagnostic label, which entails subjective clinical judgment and arbitrary
cut-off values. Considering cognitive decline as a continuous target does, however, require a
model to aggregate multiple longitudinal measurements. Here, we used participant-specific
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linear slopes estimated through longitudinal data from clinical assessments. Since cognitive
decline also shows nonlinear trajectories (Wilkosz et al., 2010), one could argue that
accounting for nonlinearity is called for when extracting the predictive targets. However,
robustly estimating nonlinearity requires more longitudinal measurements per participant
and more complex models. In contrast, linear trajectories can robustly be estimated with 3
measurements, hence, they provide a useful approximation of cognitive decline. Notably, the
baseline values of the clinical assessments used to define the slopes have a special role: they
are input features and the slopes are defined relative to them. This might result in a bias

due to regression to the mean (Barnett, van der Pols, and Dobson, 2005), where unusually
extreme baseline values (due to noise) might result in unusually extreme slopes (returning
to the mean). This issue is relevant as well when defining diagnostic labels where it might
result in patients switching between labels due to noise. Future studies should consider
more complex models that can better account for these effects. Taken together, quantifying
cognitive decline continuously allows for a more nuanced representation of decline and
widens the scope of applications. However, while refining the definition of cognitive decline
is warranted, it requires more complex analytical approaches and appropriate data.

In this study, we quantified cognitive decline using 2 clinical assessments (CDR and
MMSE), which measure a heterogeneous set of cognitive and everyday life functions.
While these clinical assessments have the advantage of being used in practice, they lack

the specificity to target single cognitive constructs. Measuring cognitive constructs more
homogeneously might potentially improve accuracy, especially if those constructs are
strongly linked to specific brain regions or networks. This could be achieved by additionally
employing neuropsychological assessments. The multitarget approach outlined in this study
is well-suited to including these additional targets.

Beside additional targets, future studies should also consider additional multimodal input
data to characterize the brain in greater detail. The present study used data derived from
structural and functional MRI (T1w and resting-state fMRI). These might be complemented
by information from diffusion-weighted imaging, arterial spin labeling, or positron emission
tomography (Rahim et al., 2016). Additionally, the presently used modalities could also be
refined and alternative representations could be considered. For instance, different methods
for quantifying brain structure (Pipitone et al., 2014) or brain function (Rahim, Thirion,

and Varoquaux, 2019), and adding data on structural asymmetry (Wachinger et al., 2016)

or dynamic functional connectivity (Filippi et al., 2019) could provide improved predictive
performance. Furthermore, the influence of MR data quality on accuracy should be assessed
in future studies. While our past work showed that brain-age prediction from multimodal
neuroimaging is robust against in-scanner head motion (Liem et al., 2017), the present study
has not assessed the influence of MR data quality on predictive accuracy. Addressing this
issue would yield recommendations regarding the required data quality to predict cognitive
decline.

The predictive approach could also be expanded to better accommodate high-dimensional
data and the messiness of real-world data acquisition. The present study concatenated
low-dimensional features across modalities and fed them into 1 random forest model.
Including all features in 1 model allowed us to consider feature-level interactions across
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modalities. Alternatively, prediction stacking could be used to facilitate the integration of
multimodal data (Liem et al., 2017; Rahim et al., 2016; Engemann et al., 2020). While

the stacking approach accounts for modality-level interactions it does not consider feature-
level interactions across modalities. However, it scales well to high-dimensional data and
allows for block-wise missing data, for instance, a missing modality. The present work
only included participants if data from all modalities (nonbrain, structural, functional) were
available. In clinical practice, this is often not feasible. As we demonstrated previously,
stacking can be used to include participants with missing modalities, which increases the
sample size and the scope of application (Engemann et al., 2020).

In practice, the benefit of adding multimodal neuroimaging data to a set of clinical
assessments needs to be considered against the additional costs. Its clinical utility also
depends on the actionable insight that can be drawn from an earlier prognosis. Of course,
this concern is not specific to this study; it applies broadly to almost every effort to
incrementally predict clinically meaningful outcomes from brain-based measures. At the
moment, no causal treatment for cognitive decline is available. However, an early prognosis
might aid intervention studies and be even more helpful once effective treatments are
available. Hence, future studies should further exploit the information yielded by the
model to focus on participant-specific predictions. In general, predictive models don’t
perform equally well in all circumstances. For some participants or sub-groups, a more
confident prediction is possible. Recent work demonstrated a higher prediction accuracy
in participants with certain characteristics, for example, older, female, etc. (Korolev et al.,
2016). This enables increased accuracy by focusing on high-confidence predictions (Tam
et al., 2019) and might even suggest a participant-tailored clinical workflow depending
on the prediction confidence (Bhagwat et al., 2018). While the present study has not yet
investigated these effects, it is well set up to determine optimal conditions for model
performance. A large number of cross-validation splits yields a distribution of predictive
performance, not only a point estimate. This will also allow us to assess whether the
predictions across sub-groups are driven by the same features.

For a predictive model to be useful in real-world applications, it needs to generalize well

to datasets from different sites (Scheinost et al., 2019). While characteristics of our study
facilitate generalization, a future study is required to empirically establish the generalization
of our models to independent datasets. First, we have aimed to provide full transparency
throughout this study to improve reproducibility and generalizability. We used data from

a large, publicly available dataset, preprocessed them with well-established open-source
tools, and inputted them into well-established models. The analysis code is publicly shared
and after further developing this approach, trained models will also be shared. Importantly,
the analysis was preregistered to avoid overfitting due to analytical flexibility (Carp, 2012;
Hosseini et al., 2020). Second, the OASIS-3 project is set up heterogeneously regarding
the number of sessions, the intervals between sessions, and the participants’ duration in the
study. This heterogeneity is expected to provide less opportunity for an algorithm to overfit
to dataset-specific idiosyncrasies, resulting in more generalizable models that also perform
well in other settings.
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While a heterogeneous dataset and open/reproducible approaches certainly improve
generalizability, we trained and tested models using only one dataset. Thus, the cross-
validated performance in our study provides a biased estimate of the generalizability to
independent datasets. This bias might even be modality-specific, in that non-brain features
might generalize better than brain imaging features (Bhagwat et al., 2018). Training
predictive models on data from multiple sites has been shown to improve generalization
(Abraham et al., 2017; Orban et al., 2018; Liem et al., 2017). Hence, future studies

should use models trained and tested on data from multiple sites, which requires further
suitable longitudinal and publicly available datasets (Varoquaux, 2018). This also provides
an opportunity to take preregistration even further. After conducting experiments in an initial
dataset, a trained model could be preregistered and applied to an independent dataset that
hasn’t yet been analyzed.

Future research could investigate the impact of different preprocessing strategies on
predictive performance. This encompasses everything from individual settings to the
software used itself. For example, on the volumetry of subcortical structures, substantial
differences are noted between different software (Mulder et al., 2014; Bartel et al., 2017).

5. Conclusions

In summary, we have shown that adding structural brain imaging data to nonbrain data (such
as memory scores or everyday functioning) improves the prediction of future cognitive
decline in healthy and pathological aging. Conversely, adding functional connectivity

data, as used in the present approach, did not aid the prediction. Importantly, our work

has potential for clinical utility by predicting future cognitive decline, rather than a

current diagnosis. Future studies should include additional brain imaging modalities and
independent datasets and should determine the potential of functional connectivity using
alternative methodological approaches. Quantifying future decline continuously allows for
more nuanced predictions on an individual level. In the future, these continuous measures
may facilitate dimensional approaches to pathology (Cuthbert, 2014)

Increased personal and societal costs due to healthy and pathological age-related cognitive
decline are one of the most pressing challenges in an aging society. An early and
individually fine-grained prognosis of age-related cognitive decline allows for earlier and
individually targeted behavioral, cognitive, or pharmacological interventions. Intervening
early increases the chances to attenuate or prevent cognitive decline, which will alleviate
both personal and societal costs. Importantly, our work targets applications to healthy aging,
widening the scope beyond the pathological to the entire aging population.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgements

This work was supported by the URPP “Dynamics of Healthy Aging” and by the Swiss National Science
Foundation [10001C_197480] at the University of Zurich and partially supported by the grant ANR-20-IADJ-0002
Al-cog to Alexandre Gramfort. Data were provided by the OASIS-3 project (Principal Investigators: T. Benzinger,

Neurobiol Aging. Author manuscript; available in PMC 2023 January 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Vieira et al. Page 15

D. Marcus, J. Morris; NIH P50AG00561, P30NS09857781, P01AG026276, POLAG003991, RO1AG043434,
UL1TR000448, RO1EB009352). We thank the participants and organizers of the OASIS-3 project for providing
the data.

References

Abraham A, Milham MP, Di Martino A, Craddock RC, Samaras D, Thirion B, Varoguaux
G, 2017. Deriving reproducible biomarkers from multi-site resting-state data: an autism-
based example. Neurolmage. 147 (February), 736—-745. doi: 10.1016/j.neuroimage.2016.10.045.
[PubMed: 27865923]

Abraham A, Pedregosa F, Eickenberg M, Gervais P, Mueller A, Kossaifi J, Gramfort A, Thirion B,
Varoquaux G, 2014. Machine learning for neuroimaging with Scikit-Learn. Front. Neuroinformat 8.
doi: 10.3389/fninf.2014.00014.

Balsis S, Benge JF, Lowe DA, Geraci L, Doody RS, 2015. How do scores on the ADAS-

Cog, MMSE, and CDR-SOB correspond? Clin. Neuropsychol. 29 (7), 1002-1009. doi:
10.1080/13854046.2015.1119312. [PubMed: 26617181]

Barnett AG, van der Pols JC, Dobson AJ, 2005. Regression to the mean: what it is and how to deal
with it. Int. J. Epidemiol. 34 (1), 215-220. doi: 10.1093/ije/dyh299. [PubMed: 15333621]

Bartel F, VVrenken H, Bijma F, Barkhof F, van Herk M, de Munck JC, 2017. Regional analysis of
volumes and reproducibilities of automatic and manual hippocampal segmentations. PloS One. 12
(2), e0166785. doi: 10.1371/journal.pone.0166785. [PubMed: 28182655]

Bengio Y, Grandvalet Y, 2004. No unbiased estimator of the variance of k-fold cross-validation. J.
Machine Learn. Res. 5 (Sep), 1089-1105.

Bhagwat N, Viviano JD, Voineskos AN, Mallar Chakravarty MAIlzheimer’s Disease Neuroimaging
Initiative, 2018. Modeling and prediction of clinical symptom trajectories in Alzheimer’s
disease using longitudinal data. PLoS Computat. Biol. 14 (9), €1006376. doi: 10.1371/
journal.pchi.1006376.

Borod JC, Goodglass H, Kaplan E, 1980. Normative data on the Boston diagnostic aphasia
examination, parietal lobe battery, and the Boston Naming Test. J. Clin. Neuropsychol doi:
10.1080/01688638008403793.

Breiman L, 2001. Random forests. Machine Learning doi: 10.1023/A:1010933404324.

Buck SF, 1960. A method of estimation of missing values in multivariate data suitable for use with an
electronic computer. J. Royal Stats Socc Series B, Stats. Methodol. 22 (2), 302-306. doi: 10.1111/
j.2517-6161.1960.tb00375.X.

Bucks RS, 2013. Trail-making test. In: Gellman Marc D, Turner J.Rick (Eds.), Encyclopedia
of Behavioral Medicine. Springer New York, New York, NY, pp. 1986-1987. doi:
10.1007/978-1-4419-1005-9_1538.

Carp J, 2012. On the plurality of (methodological) worlds: estimating the analytic flexibility of
FMRI experiments. Front. Neurosci. 6 (October), 149. doi: 10.3389/fnins.2012.00149. [PubMed:
23087605]

Ciric R, Wolf DH, Power JD, Roalf DR, Baum GL, Ruparel K, Shinohara RT, Elliott MA,

Eickhoff SB, Davatzikos Christos, Gur RC, Gur RE, Bassett DS, Satterthwaite TD, 2017.
Benchmarking of participant-level confound regression strategies for the control of motion
artifact in studies of functional connectivity. Neurolmage. 154 (July), 174-187. doi: 10.1016/
j.neuroimage.2017.03.020. [PubMed: 28302591]

Cole JH, Franke K, 2017. Predicting age using neuroimaging: innovative brain ageing biomarkers.
Trends Neurosci. 40 (12), 681-690. doi: 10.1016/j.tins.2017.10.001. [PubMed: 29074032]

Cuthbert BN, 2014. The RDoC Framework: facilitating transition from ICD/DSM to dimensional
approaches that integrate neuroscience and psychopathology. World Psychiatry. 13 (1), 28-35. doi:
10.1002/wps.20087. [PubMed: 24497240]

Dadi K, Rahim M, Abraham A, Chyzhyk D, Milham M, Thirion B, Varoquaux GAlzheimer’s Disease
Neuroimaging Initiative, 2019. Benchmarking functional connectome-based predictive models for
resting-state fMRI. Neurolmage. 192 (May), 115-134. doi: 10.1016/j.neuroimage.2019.02.062.
[PubMed: 30836146]

Neurobiol Aging. Author manuscript; available in PMC 2023 January 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Vieira et al.

Page 16

Dadi K, Varoquaux G, Houenou J, Bzdok D, Thirion B, Engemann D, 2021. Population modeling
with machine learning can enhance measures of mental health. GigaSci 10 (10). doi: 10.1093/
gigascience/giabQ071.

Dansereau C, Tam A, Badhwar A, Urchs S, Orban P, Rosa-Neto P, and Bellec P. 2017. “A brain
signature highly predictive of future progression to Alzheimer’s dementia” (Mersion 2). arXiv.
doi:10.48550/arXiv.1712.08058.

Davatzikos C, 2019. Machine learning in neuroimaging: progress and challenges. Neurolmage. 197
(August), 652-656. doi: 10.1016/j.neuroimage.2018.10.003. [PubMed: 30296563]

Davatzikos C, Bhatt P, Shaw LM, Batmanghelich KN, Trojanowski JQ, 2011. Prediction of MCI to
AD conversion, via MRI, CSF biomarkers, and pattern classification. Neurobiol. Aging. 32 (12).
doi: 10.1016/j.neurobiolaging.2010.05.023, 2322.e19-27.

Desikan RS, Ségonne F, Fischl B, Quinn BT, Dickerson BC, Blacker D, Buckner RL, et al. , 2006.
An automated labeling system for subdividing the human cerebral cortex on MRI scans into gyral
based regions of interest. Neurolmage. 31 (3), 968-980. doi: 10.1016/j.neuroimage.2006.01.021.
[PubMed: 16530430]

Dubois J, Galdi P, Han Y, Paul LK, Adolphs R, 2018. Resting-state functional brain connectivity best
predicts the personality dimension of openness to experience. Personality Neurosci doi: 10.1017/
pen.2018.8.

Elwood RW, 1991. The Wechsler Memory Scale-Revised: psychometric characteristics and clinical
application. Neuropsychol. Rev. 2 (2), 179-201. doi: 10.1007/bf01109053. [PubMed: 1844708]

Engemann DA, Kozynets O, Sabbagh D, Lemaitre G, Varoquaux G, Liem F, Gramfort A, 2020.
Combining magnetoencephalography with magnetic resonance imaging enhances learning of
surrogate-biomarkers. eLife. (May) 9. doi: 10.7554/eL ife.54055.

Eskildsen SF, Coupé P, Fonov VS, Pruessner JC, Louis Collins DAlzheimer’s Disease
Neuroimaging Initiative, 2015. Structural imaging biomarkers of Alzheimer’s disease:
predicting disease progression. Neurobiol. Aging. 36 (Suppl 1), S23-S31. doi: 10.1016/
j.neurobiolaging.2014.04.034, January. [PubMed: 25260851]

Esteban O, Markiewicz C, Blair RW, Moodie C, llkay Isik A, Erramuzpe Aliaga A, Kent J, et al. ,
2018. fMRIPrep: a robust preprocessing pipeline for functional MRI. Nat. Methods doi: 10.1038/
$41592-018-0235-4.

Filippi M, Spinelli EG, Cividini C, Agosta F, 2019. Resting state dynamic functional connectivity in
neurodegenerative conditions: a review of magnetic resonance imaging findings. Front. Neurosci.
13 (June), 657. doi: 10.3389/fnins.2019.00657. [PubMed: 31281241]

Fischl B, 2012. FreeSurfer. Neurolmage doi: 10.1016/j.neuroimage.2012.01.021.

Folstein MF, Folstein SE, McHugh PR, 1975. ‘Mini-Mental State’. a practical method for grading
the cognitive state of patients for the clinician. J Psychiatr. Res. 12 (3), 189-198. doi:
10.1016/0022-3956(75)90026-6. [PubMed: 1202204]

Franzen Michael D., 2000. The Wechsler Adult Intelligence Scale-Revised and Wechsler Adult
Intelligence Scale-111.”. Reliabil. Valid. Neuropsychol. Assess doi: 10.1007/978-1-4757-3224-5_6.

Gaser C, Franke K, Kléppel S, Koutsouleris N, Sauer HAlzheimer’s Disease Neuroimaging Initiative,
2013. BrainAGE in mild cognitive impaired patients: predicting the conversion to Alzheimer’s
disease. PloS One. 8 (6), e67346. doi: 10.1371/journal.pone.0067346. [PubMed: 23826273]

Gorgolewski KJ, Auer T, Calhoun VD, Craddock RC, Das S, Duff EP, Flandin G, et al. , 2016. The
brain imaging data structure, a format for organizing and describing outputs of neuroimaging
experiments. Sci. Data 3 (June), 160044. doi: 10.1038/sdata.2016.44. [PubMed: 27326542]

Hojjati SH, Ebrahimzadeh A, Khazaee A, Babajani-Feremi A Alzheimer’s Disease Neuroimaging
Initiative, 2018. Predicting conversion from MCI to AD by integrating Rs-fMRI and structural
MRI. Comput. Biol. Med. 102 (November), 30-39. doi: 10.1016/j.compbiomed.2018.09.004.
[PubMed: 30245275]

Hosseini M, Powell M, Collins J, Callahan-Flintoft C, Jones W, Bowman H, Wyble B, 2020.

I tried a bunch of things: the dangers of unexpected overfitting in classification of brain
data. Neurosci. Biobehav. Rev. 119 (December), 456-467. doi: 10.1016/j.neubiorev.2020.09.036.
[PubMed: 33035522]

Neurobiol Aging. Author manuscript; available in PMC 2023 January 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Vieira et al.

Page 17

Jette AM, Davies AR, Cleary PD, Calkins DR, Rubenstein LV, Fink A, Kosecoff J, Young RT, Brook
RH, Delbanco TL, 1986. The functional status questionnaire: reliability and validity when used in
primary care. J. Gen. Inter. Med. 1 (3), 143-149. doi: 10.1007/BF02602324.

Josse J, Prost N, Scornet E, and Varoquaux G. 2019. “On the consistency of supervised learning with
missing values” (Version 3). arXiv. doi: 10.48550/arXiv.1902.06931

Kaufer DI, Cummings JL, Ketchel P, Smith \V, MacMillan A, Shelley T, Lopez OL, DeKosky ST, 2000.
Validation of the NPI-Q, a brief clinical form of the neuropsychiatric inventory. J Neuropsychiatry
Clin. Neurosci. 12 (2), 233-239. doi: 10.1176/jnp.12.2.233. [PubMed: 11001602]

Korolev 10, Symonds LL, Bozoki ACAlzheimer’s Disease Neuroimaging Initiative, 2016. Predicting
progression from mild cognitive impairment to Alzheimer’s dementia using clinical, MRI, and
plasma biomarkers via probabilistic pattern classification. PloS One. 11 (2), e0138866. doi:
10.1371/journal.pone.0138866. [PubMed: 26901338]

LaMontagne PJ, Benzinger TLS, Morris JC, Keefe S, Hornbeck R, Xiong C, GrantE, et al. ,

2019. OASIS-3: longitudinal neuroimaging, clinical, and cognitive dataset for normal aging and
Alzheimer disease. Radiol. Imaging doi: 10.1101/2019.12.13.19014902, medRxiv.

Liem F 2020. Fliem/cpr 0.1.1. 10.5281/zenod0.3726641.

Liem F, Bellec P, Craddock C, Dadi K, Damoiseaux JS, Margulies DS, Steele CJ, Varoquaux G,
Yarkoni T, 2019. Predicting future cognitive change from multiple data sources (pilot Study). OSF
doi: 10.17605/0SF.I0/GYNBJ.

Liem F, Geerligs L, Damoiseaux JS, and Margulies DS. 2020. “Functional connectivity in aging.”
10.31234/osf.io/whsud.

Liem F, Varoquaux G, Kynast J, Beyer F, Kharabian Masouleh S, Huntenburg JM, Lampe
L, etal., 2017. Predicting brain-age from multimodal imaging data captures cognitive
impairment. Neurolmage. 148 (March), 179-188. doi: 10.1016/j.neuroimage.2016.11.005.
[PubMed: 27890805]

Morris JC, 1993. The Clinical Dementia Rating (CDR): current version and scoring rules. Neurology.
43 (11), 2412-2414. doi: 10.1212/wnl.43.11.2412-a.

Morris JC, Weintraub S, Chui HC, Cummings J, Decarli C, Ferris S, Foster NL, et al. ,

2006. The Uniform Data Set (UDS): clinical and cognitive variables and descriptive data
from Alzheimer disease centers. Alzheimer Dis. Assoc. Disord. 20 (4), 210-216. doi:
10.1097/01.wad.0000213865.09806.92. [PubMed: 17132964]

Mulder ER, de Jong RA, Knol DL, van Schijndel RA, Cover KS, Visser PJ, Barkhof F,

Vrenken HAIlzheimer’s Disease Neuroimaging Initiative, 2014. Hippocampal volume change
measurement: quantitative assessment of the reproducibility of expert manual outlining and
the automated methods FreeSurfer and FIRST. Neurolmage. 92 (May), 169-181. doi: 10.1016/
j.neuroimage.2014.01.058. [PubMed: 24521851]

Na K-S, 2019. Prediction of future cognitive impairment among the community elderly: a machine-
learning based approach. Sci. Rep. 9 (1), 3335. doi: 10.1038/s41598-019-39478-7. [PubMed:
30833698]

Orban P, Dansereau C, Desbois L, Mongeau-Pérusse V, Giguere C-E, Nguyen H, Mendrek A,

Stip E, Bellec P, 2018. Multisite generalizability of schizophrenia diagnosis classification based
on functional brain connectivity. Schizophren. Res. 192 (February), 167-171. doi: 10.1016/
j.schres.2017.05.027.

Oschwald J, Guye S, Liem F, Rast P, Willis S, Récke C, Jancke L, Martin M, Mérillat S, 2019. Brain
structure and cognitive ability in healthy aging: a review on longitudinal correlated change. Rev.
Neurosci. 31 (1), 1-57. doi: 10.1515/revneuro-2018-0096. [PubMed: 31194693]

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, Blondel M, et al. , 2011.
Scikit-Learn: machine learning in Python. J. Machine Learning Res. 12 (Oct), 2825-2830. http://
www.jmlr.org/papers/v12/pedregosalla.html.

Pfeffer RI, Kurosaki TT, Harrah CH Jr, Chance JM, Filos S, 1982. Measurement of functional
activities in older adults in the community. J. Gerontol. 37 (3), 323-329. doi: 10.1093/geronj/
37.3.323. [PubMed: 7069156]

Pipitone J, Park MTM, Winterburn J, Lett TA, Lerch JP, Pruessner JC, Lepage M, Voineskos
AN, Mallar Chakravarty MAlzheimer’s Disease Neuroimaging Initiative, 2014. Multi-atlas

Neurobiol Aging. Author manuscript; available in PMC 2023 January 20.


http://www.jmlr.org/papers/v12/pedregosa11a.html
http://www.jmlr.org/papers/v12/pedregosa11a.html

1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Vieira et al.

Page 18

segmentation of the whole hippocampus and subfields using multiple automatically generated
templates. Neurolmage. 101 (November), 494-512. doi: 10.1016/j.neuroimage.2014.04.054.
[PubMed: 24784800]

Rahim M, Thirion B, Bzdok D, Buvat I, Varoquaux G, 2017. Joint prediction of multiple scores
captures better individual traits from brain images. Neurolmage. 158 (September), 145-154. doi:
10.1016/j.neuroimage.2017.06.072. [PubMed: 28676298]

Rahim M, Thirion B, Comtat C, Varoquaux GAlzheimer’s Disease Neuroimaging Initiative, 2016.
Transmodal learning of functional networks for Alzheimer’s disease prediction. IEEE J. Select.
Top. Sign. Proc. 10 (7), 120-1213. doi: 10.1109/JSTSP.2016.2600400.

Rahim M, Thirion B, Varoquaux G, 2019. Population Shrinkage of Covariance (PoSCE) for better
individual brain functional-connectivity estimation. Med. Image Anal. 54 (May), 138-148. doi:
10.1016/j.media.2019.03.001. [PubMed: 30903965]

Rathore S, Habes M, Aksam Iftikhar M, Shacklett A, Davatzikos C, 2017. A review on neuroimaging-
based classification studies and associated feature extraction methods for Alzheimer’s disease and
its prodromal stages. Neurolmage. 155, 530-548. doi: 10.1016/j.neuroimage.2017.03.057, July.
[PubMed: 28414186]

Scheinost D, Noble S, Horien C, Greene AS, Mr Lake E, Salehi M, Gao S, et al. , 2019. Ten simple
rules for predictive modeling of individual differences in neuroimaging. Neurolmage. 193 (June),
35-45. doi: 10.1016/j.neuroimage.2019.02.057. [PubMed: 30831310]

Schulz M-A, Bzdok D, Haufe S, Haynes J-D, Ritter K, 2022. Performance reserves in brain-imaging-
based phenotype prediction. bioRxiv Preprint doi: 10.1101/2022.02.23.481601.

Schulz M-A, Thomas Yeo BT, Vogelstein JT, Mourao-Miranada J, Kather JN, Kording K, Richards B,
Bzdok D, 2020. Different scaling of linear models and deep learning in UKBiobank brain images
versus machine-learning datasets. Nat. Commun. 11 (1), 4238. doi: 10.1038/s41467-020-18037-z.
[PubMed: 32843633]

Seabold S, Perktold J, 2010. Statsmodels: econometric and statistical modeling with Python.

In: Proceedings of the 9th Python in Science Conference, 57, p. 61. doi: 10.25080/
Majora-92bf1922-011 Scipy.

Seitzman BA, Gratton C, Marek S, Raut RV, Dosenbach NUF, Schlaggar BL, Petersen SE, Greene DJ,
2020. A set of functionally-defined brain regions with improved representation of the subcortex
and cerebellum. Neurolmage. 206 (February). doi: 10.1016/j.neuroimage.2019.116290.

Tam A, Dansereau C, Iturria-Medina Y, Urchs S, Orban P, Sharmarke H, Breitner J, Bellec
PAlzheimer’s Disease Neuroimaging Initiative, 2019. A highly predictive signature of cognition
and brain atrophy for progression to Alzheimer’s dementia. GigaSci. 8 (5). doi: 10.1093/
gigascience/giz055.

Varoquaux G, 2018. Cross-validation failure: small sample sizes lead to large error bars. Neurolmage.
180 (Pt A), 68—77. doi: 10.1016/j.neuroimage.2017.06.061. [PubMed: 28655633]

Vogel JW, Vachon-Presseau E, Pichet Binette A, Tam A, Orban P, La Joie R, Savard M, et al. , 2018.
Brain properties predict proximity to symptom onset in sporadic Alzheimer’s disease. Brain. 141
(6), 1871-1883. doi: 10.1093/brain/awy093. [PubMed: 29688388]

Wachinger C, Salat DH, Weiner M, Reuter MAIlzheimer’s Disease Neuroimaging Initiative,

2016. Whole-brain analysis reveals increased neuroanatomical asymmetries in dementia for
hippocampus and amygdala. Brain. 139 (Pt 12), 3253-3266. doi: 10.1093/brain/aww243.
[PubMed: 27913407]

Weintraub S, Salmon D, Mercaldo N, Ferris S, Graff-Radford NR, Chui H, Cummings J, et al. , 2009.
The Alzheimer’s Disease Centers’ Uniform Data Set (UDS): the neuropsychologic test battery.
Alzheimer Dis. Assoc. Disord. 23 (2), 91-101. doi: 10.1097/WAD.0b013e318191c7dd. [PubMed:
19474567]

Wilkosz PA, Seltman HJ, Devlin B, Weamer EA, Lopez OL, DeKosky ST, Sweet RA, 2010.
Trajectories of cognitive decline in Alzheimer’s disease. Int. Psychogeriatrics /IPA 22 (2), 281—
290. doi: 10.1017/S1041610209991001.

Woo C-W, Chang LJ, Lindquist MA, Wager TD, 2017. Building better biomarkers: brain models
in translational neuroimaging. Nat. Neurosci. 20 (3), 365-377. doi: 10.1038/nn.4478. [PubMed:
28230847]

Neurobiol Aging. Author manuscript; available in PMC 2023 January 20.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Vieira et al.

Page 19

Yesavage JA, Brink TL, Rose TL, Lum O, Huang V, Adey M, Leirer VO, 1982. Development and
validation of a geriatric depression screening scale: a preliminary report. J. Psychiatr. Res 17 (1),
37-49. doi: 10.1016/0022-3956(82)90033-4. [PubMed: 7183759]

Neurobiol Aging. Author manuscript; available in PMC 2023 January 20.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Vieira et al.

Page 20

Input modalities

(baseline)
g Non-brain (66) structGS (35) func (100)
o=
é ‘g demographics (3) global anatomy (21) functional connectivity
g = clinical scores (23) | subcortical volume (14) (100 principal
w 5 neuropsych scores (18) components)
APOE (3)
cognitive diagnosis (1)
health information (17)
session info (1)
g Feature sets non-brain structGS func
g S 53
[=
- o
¢ e B v v ER
Lo g5
=X
© / y
D v v
Fig. 1.

Predictive target
(longitudinal)

cognition

Target
extraction

01 2 3 4
time

slope of
cognitive decline

Predictive
model
B=f(X)

®

Predictive
analysis

®

Overview of the predictive approach. (A) Features from non-brain, structGS (global and
subcortical structural), and func (functional connectivity) modalities are extracted from
baseline data. The number of features is provided in parentheses. (B) Feature concatenation
produces sets of multimodal input features. For instance, red represents nonbrain features
only, while orange represents a combination of nonbrain and structGS. (C) Extraction of
slopes representing a cognitive change from CDR (Clinical Dementia Rating) and MMSE
(Mini-Mental State Examination). (D) Models are trained to predict cognitive decline based
on the input features. Here, we used a multitarget random forest model within a nested
cross-validation approach to predict CDR and MMSE change simultaneously.
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Adding structural data (orange) to nonbrain data (red) improved the prediction of cognitive
decline. Test performance (R2, coefficient of determination, x-axis) across splits (Nsplits =
1000) for the combinations of input modalities (y-axis). Targets: cognitive change measured
via CDR (Clinical Dementia Rating, middle) and MMSE (Mini-Mental State Examination,
right). Input modalities: non-brain, structGS (global and subcortical structural volumes),
func (functional connectivity). The left panel represents combinations of input modalities
(e.g., orange is nonbrain + structGS). The number represents the median, the dashed vertical
line marks the median of the best-performing combination of modalities (within a target
measure). For the full results that include single-modality brain imaging, see Figure S2.
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Fig. 3.

ngnitive performance, daily functioning, and subcortical volume were among the most
informative features. Permutation importance of the top 15 features of the nonbrain +
structGS model (median across splits). Permutation importance is quantified as the decrease
in test performance R2 with the feature permuted. Red: nonbrain features, light orange:
structGS features. CDR, clinical dementia rating; FAQ, functional assessment questionnaire;
L, left; MMSE, mini-mental state examination; LOGIMEM, Total number of story units
recalled from this current test administration; MEMUNITS, Total number of story units
recalled (delayed); R, right; REMDATES, difficulty remembering dates; SOB, sum of boxes;
SOB, sum of boxes score; TRAIL B, trail making test B; WF, word fluency, WMS, Wechsler
memory scale.
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Fig. 4.
Multimodal imaging improves brain age prediction. Input modalities: non-brain, structGS

(global and subcortical structural volumes), func (functional connectivity). The number
represents the median, the dashed vertical line marks the median of the best-performing
combination of modalities. For the full results that include single-modality brain imaging,
see Figure S6.
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Table 3

List of abbreviations of clinical tests.

CDR-SOB  Clinical Dementia Rating - Sum of Boxes
FAQ Functional Activities Questionnaire

GDS Geriatric Depression Scale

MMSE Mini-Mental State Examination

NPI-Q Neuropsychiatric Inventory Questionnaire
T™MT Trail Making Test

WAIS-R Wechsler Adult Intelligence Scale-Revised
WMS-R Wechsler Memory Scale-Revised

BNT Boston Naming Test
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