
NeuroImage: Clinical 35 (2022) 103134

Available online 29 July 2022
2213-1582/© 2022 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Integrating multiple brain imaging modalities does not boost prediction of 
subclinical atherosclerosis in midlife adults 

Amy Isabella Sentis a,b, Javier Rasero b,c, Peter J. Gianaros b,d, Timothy D. Verstynen b,c,e,* 

a Program in Neural Computation, University of Pittsburgh and Carnegie Mellon University, Pittsburgh, PA, USA 
b Carnegie Mellon Neuroscience Institute, University of Pittsburgh and Carnegie Mellon University, Pittsburgh, PA, USA 
c Department of Psychology, Carnegie Mellon University, Pittsburgh, PA, USA 
d Department of Psychology, University of Pittsburgh, Pittsburgh, PA, USA 
e Biomedical Engineering, Carnegie Mellon University, Pittsburgh, PA, USA   

A R T I C L E  I N F O   

Keywords: 
Brain imaging 
Prediction stacking 
Intima-media thickness 
Cardiovascular disease 

A B S T R A C T   

Background: Human neuroimaging evidence suggests that cardiovascular disease (CVD) risk may relate to 
functional and structural features of the brain. The present study tested whether combining functional and 
structural (multimodal) brain measures, derived from magnetic resonance imaging (MRI), would yield a 
multivariate brain biomarker that reliably predicts a subclinical marker of CVD risk, carotid-artery intima-media 
thickness (CA-IMT). 
Methods: Neuroimaging, cardiovascular, and demographic data were assessed in 324 midlife and otherwise 
healthy adults who were free of (a) clinical CVD and (b) use of medications for chronic illnesses (aged 30–51 
years, 49% female). We implemented a prediction stacking algorithm that combined multimodal brain imaging 
measures and Framingham Risk Scores (FRS) to predict CA-IMT. We included imaging measures that could be 
easily obtained in clinical settings: resting state functional connectivity and structural morphology measures 
from T1-weighted images. 
Results: Our models reliably predicted CA-IMT using FRS, as well as for several individual MRI measures; 
however, none of the individual MRI measures outperformed FRS. Moreover, stacking functional and structural 
brain measures with FRS did not boost prediction accuracy above that of FRS alone. 
Conclusions: Combining multimodal functional and structural brain measures through a stacking algorithm does 
not appear to yield a reliable brain biomarker of subclinical CVD, as reflected by CA-IMT.   

1. Introduction: 

Cardiovascular disease (CVD) encompasses many heart and vascular 
conditions that contribute to a primary cause of death for both men and 
women in the United States (Virani et al., 2021). Atherosclerotic coro-
nary artery disease is the most common CVD, with 50% of Americans 
older than 45 (Bild et al., 2005; Virani et al., 2021) and 10% Americans 
ages 33–45 living with some form of subclinical disease that prestages 
later clinical conditions (Loria et al., 2007; Virani et al., 2021). In 2018, 
13% of deaths in the United States were attributed to overt coronary 
artery disease (Virani et al., 2021). Numerous complications of athero-
sclerotic CVD, including ischemia and myocardial infarction, contribute 
to morbidity and mortality (Baber et al., 2015; Detrano et al., 2008). 

Typically, CVD is not considered in relation to brain-based bio-
markers. For example, most clinical diagnostic and assessment criteria, 
like the Framingham Risk Score (D’Agostino et al., 2008), focus on pe-
ripheral physiological factors, health behaviors (e.g., smoking), and 
demographics to predict someone’s risk of CVD (Elliott, 2007; King 
et al., 2012). Yet, there is cumulative evidence that structural and 
functional features of the brain associate with CVD risk factors and that 
CVD risk factors (e.g., blood pressure, lipid levels, etc.) may be pre-
cursors to neurocognitive decline, some dementias, and brain aging 
(Moroni et al., 2016; Srinivasa et al., 2016). 

There are both efferent and afferent mechanisms by which brain 
structure and function can be linked to subclinical CVD. On the efferent 
or brain-to-body side, the brain systems for autonomic, neuroendocrine, 

Abbreviations: CVD, cardiovascular disease; CA-IMT, carotid-artery intima-media thickness; FC, functional connectivity; CBF, cerebral blood flow; BOLD, blood 
oxygenation level dependent; FRS, Framingham Risk Score; SVR, support vector regression; RMSE, root mean squared error. 

* Corresponding author at: 342E Baker Hall, Department of Psychology, Carnegie Mellon University, 5000 Forbes Avenue, Pittsburgh, PA 15213. 
E-mail address: timothyv@andrew.cmu.edu (T.D. Verstynen).  

Contents lists available at ScienceDirect 

NeuroImage: Clinical 

journal homepage: www.elsevier.com/locate/ynicl 

https://doi.org/10.1016/j.nicl.2022.103134 
Received 30 March 2022; Received in revised form 16 June 2022; Accepted 27 July 2022   

mailto:timothyv@andrew.cmu.edu
www.sciencedirect.com/science/journal/22131582
https://www.elsevier.com/locate/ynicl
https://doi.org/10.1016/j.nicl.2022.103134
https://doi.org/10.1016/j.nicl.2022.103134
https://doi.org/10.1016/j.nicl.2022.103134
http://crossmark.crossref.org/dialog/?doi=10.1016/j.nicl.2022.103134&domain=pdf
http://creativecommons.org/licenses/by/4.0/


NeuroImage: Clinical 35 (2022) 103134

2

and immune control shape peripheral physiology in ways that confer 
CVD risk (Gianaros and Wager, 2015; Tawakol et al., 2017). For 
instance, recent findings suggest the possibility that increased amygdala 
activity may increase hematopoietic tissue activity, which in turn leads 
to increased arterial inflammation and incident CVD events (Tawakol 
et al., 2017). There is also a large body of evidence supporting afferent 
or body-to-brain contributions as well, with longstanding evidence 
linking risk factors for CVD to premature brain aging, including cogni-
tive decline (Marebwa et al., 2018; Srinivasa et al., 2016). Hence, it is 
well established that CVD is a risk factor for neurocognitive decline 
(O’Brien, 2006; Stampfer, 2006). Carotid-artery intima-media thickness 
(CA-IMT), a surrogate measure of preclinical atherosclerosis (Gianaros 
et al., 2020), is associated with risk factors for CVD (and cerebrovascular 
disease), including hypertension, diabetes and smoking (Crouse et al., 
1996). Moreover, CA-IMT itself has been shown to associate with pro-
gressive cognitive decline (Wendell et al., 2009) and increased risk of 
dementia (Wang et al., 2021). In these regards, CA-IMT may plausibly 
reflect decreased perfusion of brain tissue as reflected by reduced CBF, 
which in turn can result in silent brain infarctions and microvascular 
damage as precursors to neurocognitive decline (Moroni et al., 2016). 

In fact, many CVD outcomes, such as myocardial infarction and 
preclinical markers of CVD risk, have recently been associated with 
functional and structural features of macroscopic brain systems. Longi-
tudinal studies, for example, suggest that baseline metabolic activity in 
the amygdala predicts future myocardial infarction and components of 
the metabolic syndrome (Tawakol et al., 2017), and that baseline levels 
of stress reactivity in the rostromedial prefrontal cortex are associated 
with future major adverse cardiovascular events (Moazzami et al., 
2020). Moreover, structural MRI measures of brain aging (composite 
measures of ventricle size, sulcal size and white matter hyperintensities) 
and regional cerebral blood flow relate to individual differences in the 
magnitude of blood pressure lowering induced by antihypertensive 
medication (Jennings et al., 2008), as well as the longitudinal progres-
sion of blood pressure over multiple years (Jennings et al., 2017). Lastly, 
functional activation in insular, anterior cingulate, medial prefrontal, 
hypothalamus and brainstem regions, measured in response to mental 
stress and emotional stimuli, has been shown to predict clinical CVD 
events (Moazzami et al., 2020), mental stress-induced blood pressure 
reactivity (Gianaros et al., 2017), and CA-IMT (Gianaros et al., 2020). 

It is also important to consider the influence of the cardiovascular 
system on the brain. For example, carotid artery stenosis, narrowing of 
the carotid artery usually due to atherosclerosis (plaque build-up), has 
been theorized to have a negative effect on cognitive function through 
reduced blood flow to the brain in asymptomatic cases and ischemic 
brain damage in symptomatic cases (Wang et al., 2016). Nickel and 
colleagues studied patients with high-grade carotid artery stenosis 
without ischemic brain lesions. Patients had lower cognitive function 
compared to controls, however there was no corresponding association 
with cortical thickness (Nickel et al., 2019). Cheng and colleagues also 
studied patients with asymptomatic carotid artery stenosis and found 
that patients displayed lower cognitive and memory performance than 
controls and this difference correlated with disruption in resting-state 
functional connectivity (FC) across multiple networks (Cheng et al., 
2012). Thus, given the associations between cardiovascular system and 
neurocognitive systems, it should be possible to identify a reliable, 
predictive association between brain measures and preclinical markers 
of CVD. 

At present, however, there is largely mixed evidence as to whether 
there are reliable functional and structural brain imaging correlates of 
subclinical markers of CVD, particularly indexed by CA-IMT. Functional 
evidence shows, for example, that CA-IMT is associated with higher 
regional cerebral blood flow in some areas (medial frontal gyrus, puta-
men, and hippocampal regions), but also lower regional cerebral blood 
flow in other areas (lingual, inferior occipital, and superior temporal 
regions) (Sojkova et al., 2010). Other findings indicate that CA-IMT 
associates with lower cerebral blood flow (CBF) in gray matter and 

across the entire brain (Cermakova et al., 2020). This association with 
CBF is particularly interesting given ongoing work showing that vari-
ability in CBF is detectable in the resting blood oxygenation level 
dependent (BOLD) signal measured with functional MRI (fMRI). For 
example, work by Fukunaga and colleagues (2008) utilized the ratio 
between BOLD signal activation and cerebral blood perfusion to 
demonstrate that resting-state activity incorporates both a neuronal or 
metabolic component as well as a vascular component (i.e., blood flow; 
(Fukunaga et al., 2008)). Furthermore, cerebral perfusion has been 
shown to correlate with resting-state BOLD signal and connectivity in 
terms of spatial distribution across the brain (Viviani et al., 2011). Since 
CA-IMT is associated with CBF, and CBF is associated with the resting 
state BOLD signal, this would appear to support the possibility of 
detecting associations across individuals in the variability of CA-IMT as 
related to the resting BOLD signal itself. 

Separately from functional neuroimaging studies, there is structural 
brain imaging evidence indicating that CA-IMT is inversely associated 
with total brain tissue volume, as well as cortical tissue volume more 
specifically (Muller et al., 2011; Tuo et al., 2018). In parallel, however, 
other lines of evidence suggest no association between CA-IMT and total 
brain tissue volume or gray matter tissue volumes (Cermakova et al., 
2020). Lastly, some structural neuroimaging findings suggest an inverse 
association of CA-IMT and cortical thickness (Cardenas et al., 2012), but 
again not all findings are consistent with the latter observations (Alhu-
saini et al., 2018). This heterogeneity in functional and structural brain 
imaging findings, as well as the isolated (unimodal) treatment of func-
tional and structural brain imaging measures have created an open 
question as to whether the simultaneous (multimodal) modeling of 
functional and structural brain features would combine to predict a 
known marker of subclinical CVD and predictor of future clinical events; 
namely, CA-IMT. Moreover, whether such multimodal modeling would 
add to the prediction of subclinical CVD beyond established de-
mographic, behavioral, and biological risk factors is unknown. 

To elaborate, a majority of studies on the brain correlates of CVD 
risk, particularly CVD markers such as CA-IMT, use conventional 
analytical approaches that include univariate correlation and regression 
methods. A problematic feature of these methods is that they are not 
combined with out-of-sample validation testing, limiting inferences 
about model and sample generalizability. Moreover, these studies have 
historically relied on brain measures from a single neuroimaging mo-
dality, e.g., task-based or resting-state fMRI, structural connectivity, 
metabolic activity via PET. Such unimodal analyses do not exploit or 
account for the distinct neurobiological properties of different neuro-
imaging modalities, that when combined may improve predictive 
power. Lastly, a focus thus far on the brain correlates of CVD risk has 
been on particular neural systems or networks, rather than all systems 
and networks across the entire brain. Taken together, it appears that 
integrating and combining whole-brain modalities into a transmodal 
machine learning model (Rahim et al., 2016; Wolpert, 1992) has the 
potential to overcome methodological limitations to improve the pre-
dictive utility and robustness of putative brain biomarkers of CVD risk to 
facilitate replication and generalization. 

In the above regards, an effective biomarker or multimodal brain 
correlate of CVD risk would have the following characteristics. First, it 
would take into account the unique variability inherent to the different 
measures derived from imaging modalities (e.g., cortical thickness, 
cortical surface area, and tissue volumes derived by structural MRI, as 
well as dynamic activity measures reflecting neural networks derived by 
fMRI). Second, it would rely on either standard clinical brain imaging 
sequences (e.g., T1 weighted anatomicals) or MRI data acquisition se-
quences that are amenable to clinical contexts and testing in diverse 
populations of people (e.g., resting-state fMRI). Third, it would reliably 
predict CVD risk, not just associate with it (e.g., out of sample validation 
testing). Finally, a reliable brain correlate of CVD risk would account for 
additional variability above-and-beyond that already accounted for by 
other established risk factors for CVD. To these ends, the present study 
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examined whether morphological and basic functional measures 
derived from T1-weighted and resting-state fMRI data could be com-
bined in a multimodal machine learning analysis framework (with 
predictor variables comprised of cortical surface area, cortical thickness, 
subcortical volumes and whole-brain resting-state FC) to reliably predict 
inter-individual variability in CA-IMT in a sample of neurologically 
healthy adults. For this we modified an identical multimodal machine 
learning approach used previously to predict “brain age” (Liem et al., 
2017) – a measure of brain aging when compared to chronological age 
that has been shown to correlate with numerous risk factors of CVD, 
including smoking and diabetes (Cole, 2020). We then evaluated per-
formance against the prediction of CA-IMT by Framingham Risk Score 
(D’Agostino et al., 2008). 

2. Materials and methods 

2.1. Participants 

Neuroimaging, cardiovascular, and demographic data were collected 
from N = 324 healthy participants (ages 30–51, 49% female) from the 
Pittsburgh Imaging Project (see Table 1). All participants provided 
informed consent. The University of Pittsburgh Human Research Pro-
tection Office granted study approval. Detailed information about the 
study population has been published in Gianaros et al., 2020. This is the 
first report bearing on the multimodal prediction of CA-IMT from this 
sample and these results have not been published previously. Data and 
code are available at https://github.com/CoAxLab/multimodal-imt. 

2.2. Preclinical atherosclerosis 

Carotid-artery IMT was measured at three locations (distal common 
carotid artery, carotid artery bulb, and internal carotid artery) by 
trained ultrasound sonographers using an Acuson Antares ultrasound 
device (Acuson-Siemens, Malvern, PA). Measurements were obtained on 
both the left and right carotid artery in three specific locations: 1) both 
the near and far walls of the distal common carotid artery, located 1 cm 
proximal to the carotid bulb (the location at which the near and far walls 
of the common carotid are no longer parallel and extending to the flow 
divider), 2) far wall of the carotid bulb, and 3) the first centimeter of the 
internal carotid measuring from the distal edge of the flow divider. 
These three measurements were then averaged bilaterally and across 
locations to calculate the mean CA-IMT, which was used as the outcome 
variable. Further information about measurement methods and test- 

retest reliability of CA-IMT measurements can be found in Gianaros 
et al., 2020. Fig. 1A shows example images of IMT acquisition. Fig. 1B 
shows the CA-IMT values in our sample, which are approximately nor-
mally distributed (Liu et al., 2019; Polak et al., 2011). 

2.3. Framingham risk 

Framingham Risk Score (FRS) was calculated for each participant 
according to D’Agostino et al. (2008). This metric incorporates age, sex, 
smoking, hypertension and cholesterol data from each participant. Five 
participants had missing FRS data. For analysis purposes, these missing 
values were imputed using the mean FRS. Fig. 1C shows the distribution 
of FRS. 

2.4. MRI data acquisition and processing 

Functional blood oxygenation level-dependent images were 
collected on a 3 Tesla Trio TIM whole-body scanner (Siemens), equipped 
with a 12-channel phased-array head coil. Resting-state functional im-
ages were acquired over a 5-minute period with eyes open and the 
following acquisition parameters: FOV = 205×205 mm, matrix size =
64×64, TR = 2000 ms, TE = 28 ms, and FA = 90◦. Thirty-nine slices 
(interleaved inferior-to-superior, 3 mm thickness, no gap) were obtained 
for each of 150 volumes (three initial volumes were discarded to allow 
for magnetic equilibration). T1-weighted neuroanatomical magnetiza-
tion prepared rapid gradient echo (MPRAGE) images were acquired over 
7 min 17 sec with the following parameters: FOV = 256×208 mm, 
matrix size = 256×208, TR = 2100 ms, inversion time = 1100 ms, TE =
3.31 ms, and FA = 8◦ (192 slices, 1 mm thickness, no gap). 

Resting-state fMRI data were preprocessed using SPM12 and 
included slice-timing correction, realignment to the first image using a 
six-parameter rigid-body transformation, co-registration to skull- 
stripped and biased-corrected MPRAGE images, normalization to stan-
dard Montreal Neurological Institute (MNI) space and smoothing using a 
6 mm full-width-at-half-maximum (FWHM) Gaussian kernel. Head 
motion at the individual participant image level was estimated via 
framewise displacement (FD) according to Power et al., 2015 for use 
during FC processing (described further below). 

Resting-state data were denoised, including six motion parameters, 
white matter (WM), cerebrospinal fluid (CSF), and global signal (GS). 
The first principal component for each of WM, CSF and GS was used. 
Data were also bandpass filtered with a range of 0.009–0.08 Hz. A 
functional correlation matrix was calculated using the Craddock 200 
parcellation (Craddock et al., 2012) by first computing the average time 
series from the voxels within each of the 200 parcels, and then calcu-
lating the z-transformed Pearson correlation coefficient between pairs of 
parcel time series. The upper triangular elements were extracted from 
the functional correlation matrix to form a vector of 19,900 FC features 
for each participant. FD was regressed out and the final FC vector for 
each participant is comprised of the resultant residuals. By this 
approach, correlations that are partial for FD between all possible ROIs 
in the Craddock atlas. 

MPRAGE images were analyzed using FreeSurfer (v6), with 148 
cortical thickness and cortical surface area measures from the thickness 
and area freesurfer files respectively, using the Destrieux Atlas (Des-
trieux et al., 2010), as well as 67 subcortical volume measures directly 
extracted from the aseg.stats freesurfer file of each participant. 

2.5. Multimodal prediction of IMT 

We adopted a transmodal approach to stacking learning for predic-
tion of CA-IMT (Rahim et al., 2016; Wolpert, 1992). In machine 
learning, stacking is classified as an ensemble learning method and in-
volves combining predictions from a set of models into a new meta 
feature matrix for subsequent input into a new model for final prediction 
(Liem et al., 2017; Rasero et al., 2021). 

Table 1 
Sample characteristics (N = 324; 164 Men, 160 Women).  

Characteristic Mean or (%) SD 

Age (years) 40.30  6.28 
Race (%) 

Caucasian 
African-American 
Multiracial/ethnic  

66.00 
28.40 
5.60  

BMI (kg/m2) 26.93  5.07 
Smoking status (%) 

Never 
Former 
Current  

62.65 
20.06 
17.28  

Seated resting systolic BP (mm Hg) 120.80  10.01 
Seated resting diastolic BP (mm Hg) 72.63  8.75 
Seated resting HR (bpm) 74.10  9.63 
Glucose (mg/dL) 88.34  9.75 
HDL (mg/dL) 50.73  16.06 
Triglycerides (mg/dL) 94.43  56.94 
CA-IMT (mm) 0.61  0.08 
FRS 5.35  5.99 

Note: SD = standard deviation, BMI = body mass index, BP = blood pressure, 
HDL = high-density lipoproteins, CA-IMT = carotid artery intima-media thick-
ness, FRS = Framingham Risk Score. 
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As detailed in Fig. 2, our model comprised a two-step process that 
used multiple output predictions for each participant from a first level 
support vector regression (SVR) model as the inputs into the second level 
random forest model. The set of first level SVR models used different 
groups of features, or channels, corresponding to 1) resting-state FC, 2) 
cortical surface area, 3) cortical thickness and 4) subcortical volume 
measures. Performance of the predictive models at the first and second 
levels of analyses was determined using cross-validation. This model 
was predicated on the work of Liem et al., 2017, who used this trans-
modal approach to predict brain age. In order to validate our model 
implementation, we predicted brain age in our sample and compared the 
results to those presented in Liem et al., 2017. 

To do so, we first split the data such that 80% were used for training 
and the remaining 20% for testing. Next, we used five-fold cross-vali-
dation during the training stage to generate out-of-sample SVR pre-
dictions for each channel on the training set data. We used a previously 
tuned parameter, C, for this type of data from Liem et al., 2017. As input 
into the second level, the out-of-sample predictions from the training set 
as well as the test set predictions were stacked across channels, forming 
new matrices of 80% observations × 4 channels and 20% observations ×
4 channels, respectively. The second level random forest model was then 
tuned for the tree depth hyperparameter and trained using five-fold 
cross-validation to generate out-of-sample predictions on the new 
training matrix and tested on the new test matrix to generate the final 

Fig. 1. A) Left panel shows CA-IMT acquisition using ultrasound. Middle and right panels show example ultrasound images with the CA-IMT indicated. B) Raincloud 
plot showing distribution of CA-IMT (mm) in our sample. C) Raincloud plot showing distribution of FRS in our sample. D) Scatterplot showing the linear regression of 
FRS on CA-IMT. Line of best fit shown in blue. CA-IMT = carotid artery intima-media thickness, FRS = Framingham Risk Score. 

Fig. 2. Prediction stacking model schematic, with linear SVR and linear regression used in the unimodal predictions and random forest used in the multimodal 
prediction. FC = functional connectivity, SVR = support vector regression, LR = linear regression, RF = random forest. 
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predictions for brain age. Performance of the single-channel and stacked 
models was then evaluated by comparing participant’s chronological 
age with the participant’s predicted brain age in the out-of-sample test 
data. Prediction error was measured using the coefficient of determi-
nation, R-squared, and the root mean squared error (RMSE). All pre-
dictive analyses were performed using scikit-learn (Pedregosa et al., 
2011). 

Once validated using age, this analysis pipeline was used to predict 
CA-IMT as the target outcome variable. An additional fifth channel 
consisting of a participant’s FRS was included in this pipeline. Since over 
parameterization is not a concern with a single feature model, simple 
linear regression (LR) was used for the single channel prediction of CA- 
IMT from FRS. Thus, five single channels (four brain measures plus FRS) 
were stacked as input into the second level random forest model. Per-
formance was similarly evaluated through comparison of observed CA- 
IMT values with the predicted CA-IMT values in the out-of-sample test 
data. 

We subsequently evaluated and compared model performance on 
CA-IMT prediction for every possible combination of single data chan-
nels, again using the coefficient of determination, R-squared, repre-
senting model goodness-of-fit as the measure of model performance. 

Finally, in order to test robustness of our analysis and confirm that 
results were not dependent on a particular training/testing data split, we 
generated 100 random training/testing splits, using different random 
seeds, for analysis through our cross-validated, channel combination 
implementation. Final model performance was evaluated using the 
median of the Pearson correlation coefficient, coefficient of determina-
tion, RMSE and Bayesian information criterion (BIC) values of each 
partition. 

3. Results 

We first tested whether we could confirm previously reported pat-
terns in our data set. Our primary outcome measure, mean CA-IMT, was 
measured using ultrasound (Fig. 1A; see Materials and Methods 2.2). 
Consistent with the assumptions of our statistical models, these CA-IMT 
values across our sample were approximately normally distributed 
(Fig. 1B), with a slight skew, in ranges consistent with an unbiased 
sample across the population (Stein et al., 2008). We next wanted to 
replicate the well established relationship between FRS and CA-IMT 
(Polak et al., 2010; Riccio et al., 2006). FRS values were approxi-
mately normally distributed (Fig. 1C). As expected the linear regression 
of the association between FRS and CA-IMT confirms a positive associ-
ation, with a Pearson correlation coefficient of r = 0.3857, p < 0.001 
(Fig. 1D). Taken together, these results are in line with the literature and 
constitute a replication of effects shown previously (DuPont et al., 2021; 
Polak et al., 2010; Riccio et al., 2006). 

In order to validate the feasibility of our transmodal stacking 
approach, we first attempted to replicate the findings of Liem et al., 2017 
and predict chronological age using morphological brain measures as 
well as resting-state FC. This prior study was able to predict chrono-
logical age from the same imaging measures used here, with an accuracy 
of +/- 4 years. Implementing our own version of the pipeline, applied it 
to our sample, revealed an association between chronological age and 
predicted brain age that was positive and equivalent in magnitude to the 
original report, with a Pearson’s correlation coefficient of r = 0.5246, p 
< 0.001 and coefficient of determination, R-squared = 0.2732 for the 
hold-out test set. Fig. 3 shows the observed versus predicted scatter plot 
for chronological age and brain age. Our age prediction error (~4 years) 

Fig. 3. Scatterplot showing correlation between participants’ chronological age and predicted brain age according to multimodal model. Blue line represents the line 
of best fit. 

A.I. Sentis et al.                                                                                                                                                                                                                                 



NeuroImage: Clinical 35 (2022) 103134

6

approximated that of the results presented in Liem et al., 2017, con-
firming the validity of our stacking approach. 

In order to evaluate our primary aim of determining whether clini-
cally obtainable brain imaging measures boost the prediction accuracy 
of individual differences in markers of CVD risk, we applied our stacked 
learning approach to predicting CA-IMT. Fig. 4 shows the distribution of 
four different metrics for each random Monte Carlo data partition for 
both the single channel predictions of CA-IMT, as well as every possible 
channel combination for the second level random forest prediction of 
CA-IMT. Panel A shows Pearson correlation coefficients, r values, panel 
B shows RMSE values (with the horizontal dotted line representing the 
standard deviation of CA-IMT in our sample, 0.084 mm), panel C shows 
coefficient of determination, R-squared values, and panel D shows BIC 
values. 

Across all panels, the blue bars show the first level SVR and linear 
regression CA-IMT predictions using the single channel brain measures 
and FRS. Fig. 4A shows that FRS has the largest median Pearson corre-
lation coefficient, r = 0.3916 (95% CI [0.3739, 0.4058]), with the brain 
measures showing much smaller associations (resting-state FC median r 
= -0.0132 (95% CI [-0.0375, 0.0096]), cortical SA median r = 0.1111 
(95% CI [0.0959, 0.1402]), cortical thickness median r = 0.1373 (95% 
CI [0.1237, 0.1560]), subcortical volume median r = 0.1435 (95% CI 
[0.1245, 0.1646])). Fig. 4B demonstrates that the single channel pre-
dictions of CA-IMT from the brain measures had the largest median 
RMSE values (resting-state FC median RMSE = 0.0869 mm, cortical SA 
median RMSE = 0.0868 mm, cortical thickness median RMSE = 0.0862 
mm, subcortical volume median RMSE = 0.0.0974 mm), and were 
higher than the standard deviation of CA-IMT (Fig. 4B). The single 
channel FRS prediction of CA-IMT had the lowest RMSE out of all 
models, with a median RMSE = 0.0778 mm, and was the only single 

channel model with an RMSE value beneath the standard deviation of 
CA-IMT in our sample. Fig. 4C shows that median R-squared values for 
the single channel brain measure predictions of CA-IMT are all negative, 
indicating that our model does not appropriately predict CA-IMT using 
brain measures. However, the median R-squared value for single chan-
nel prediction of CA-IMT using FRS is positive, R-squared = 0.1314 
(95% CI [0.1139, 0.1421]), indicating that FRS accounts for over 13% of 
the variance in CA-IMT. Fig. 4D shows a large range of BIC values for the 
single channel predictions of CA-IMT, with FRS being the most negative 
(resting-state FC median BIC = 82,454, cortical SA median BIC =
306.18, cortical thickness median BIC = 305.06, subcortical volume 
median BIC = -38.99, FRS median BIC = –332.89). Note that BIC reflects 
the amount of information lost by a model, so lower values are better. 
This confirms the results from panels A-C, demonstrating that the FRS 
single channel model is preferred over the single channel brain measure 
models. 

In all panels, the yellow bars show the second level random forest 
CA-IMT predictions from the channel combinations comprised of brain 
measures only. Fig. 4A shows the median Pearson correlation co-
efficients, which ranged between r = 0.0328 (95% CI [0.0025, 0.0467]) 
and r = 0.1143 (95% CI [0.0963, 0.1383]). Stacking only the brain 
measures did not improve performance accuracy over the best single 
channel brain measure. Fig. 4B shows the RMSE values, which hovered 
around the standard deviation of CA-IMT, and slightly improved upon 
the RMSE values of the single channel brain measures. Fig. 4C shows 
that median R-squared values for the channel combination predictions 
of CA-IMT using only brain measures are all negative, albeit less nega-
tive than the R-squared values from the single channel brain models. 
This indicates that our model does not appropriately predict CA-IMT 
using brain measures. Fig. 4D shows improved median BIC values for 

Fig. 4. For all panels, blue bars show single channel predictions of CA-IMT. Yellow bars show channel combination predictions that include only brain measures. 
Green bars show channel combinations predictions that include FRS. Error bars indicated 95% confidence intervals (calculated using 1000 bootstrap iterations). 
Channel combinations are indicated numerically with 1 = resting-state FC, 2 = cortical SA, 3 = cortical thickness, 4 = subcortical volume, 5 = FRS. Median values for 
the Monte Carlo simulation for single channel and every possible channel combination prediction of mean CA-IMT: A) Pearson correlation coefficient, r, B) RMSE 
(horizontal dotted line represents the standard deviation of CA-IMT in our sample, 0.084 mm), C) coefficient of determination, and D) Bayesian information criterion. 
CA-IMT = carotid-artery intima-media thickness, FRS = Framingham Risk Score, FC = functional connectivity, SA = surface area. 
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the channel combination predictions of CA-IMT using only brain mea-
sures compared to that of the single channel brain measure models, 
ranging from BIC = -312.89 to BIC = -314.22. However, these BIC values 
do not improve upon the median BIC value from the single channel FRS 
model, indicating that a combination of brain measures will not be a 
better feature selection choice than FRS. 

In all panels of Fig. 4, the green bars show the second level random 
forest CA-IMT predictions from the channel combinations that include 
FRS. Individually, some brain measures perform above chance in pre-
dicting CA-IMT, specifically the morphometry measures from T1, when 
looking at the correlation between observed and predicted values. 
However, the effect size is smaller compared to that of the single channel 
FRS model. In Fig. 4A, the median predicted vs. observed correlation 
values for the channel combinations that include FRS were more than 
three times that of the maximum value of the channel combinations that 
only include brain measures, ranging between r = 0.3436 (95% CI 
[0.3261, 0.3653]) and r = 0.3727 (95% CI [0.3412, 0.3772]). Fig. 4B 
shows that the inclusion of FRS resulted in a reduction in median RMSE 
values, hovering around 0.079 mm. Fig. 4C demonstrates positive me-
dian R-squared values for the channel combination predictions of CA- 
IMT that include FRS, ranging between R-squared = 0.09 (95% CI 
[0.0731, 0.1051]) and R-squared = 0.11 (95% CI [0.0810, 0.1131]), 
though all are lower than that of the single channel FRS model. Simi-
larly, Fig. 4D shows median BIC values that are smaller than that of the 
channel combinations that only include brain measures, but larger than 
that of the single channel FRS model, ranging between BIC = -320.90 
and BIC = –322.23. Adding in FRS resulted in an overall increase in 
performance across all metrics shown in Fig. 4. However, this is solely 
driven by FRS, as none of the channel combinations that include FRS 
perform better than FRS alone. These results indicate that brain mea-
sures do not assist in the prediction of CA-IMT beyond FRS. 

4. Discussion 

Our goal for this study was to evaluate whether structural and 
functional brain measures from standard, clinically accessible MRI scans 
(T1 and resting-state fMRI) could be used to boost prediction of a marker 
of preclinical CVD above what is achievable from more standard clinical 
metrics, namely the FRS. Results show that our stacking algorithm is a 
sound methodology. We also see a strong association between FRS and 
CA-IMT, as expected. By comparison, we fail to find an improvement in 
our model predictions when using these brain measures individually, or 
in combination. 

Our findings emphasize the complex nature of the role of the brain in 
CVD risk. Emerging mechanistic insights that link markers of CVD risk 
with structural and functional brain measures provide support for the 
need to further understand the role of the brain in CVD risk. Subclinical 
markers of CVD risk have been shown to associate with cerebral hypoxia 
and silent brain infarctions (Qiu and Fratiglioni, 2015). CVD risk factors 
(such as smoking, diabetes, obesity, hypertension) also demonstrate 
associations with inflammation, oxidative stress, brain atrophy, 
ischemic changes and reduced CBF, which can also contribute to neu-
rocognitive decline (de Bruijn and Ikram, 2014; Knopman et al., 2011; 
Pase et al., 2012; Song et al., 2020; Williamson et al., 2018). In addition, 
there is emerging evidence that functional and structural alterations 
within the brain, particularly in brain systems for peripheral physio-
logical control, may confer CVD risk via efferent or brain-to-body 
pathways (Gianaros and Wager, 2015). Thus, based on this evidence 
in the literature, we predicted CA-IMT could connect with resting-state 
fMRI in two ways (body-to-brain and brain-to-body pathways), yet 
failed to detect an association. 

Alignment of our work with prior literature is seen in a few different 
ways. Firstly, we replicate existing findings that demonstrate a sub-
stantial relationship between FRS and CA-IMT (DuPont et al., 2021; 
Polak et al., 2010; Riccio et al., 2006). Secondly, our methodological 
approach replicates that of Liem et al., 2017 in a new sample, validating 

stacked learning as a useful tool for predicting individual differences 
from MRI-based measures. Finally, our results confirm some of the 
findings in the neuroimaging literature, namely that individually, 
cortical thickness and brain volumes are associated with CA-IMT (Car-
denas et al., 2012; Muller et al., 2011; Tuo et al., 2018). However, these 
associations are weak in comparison to that of FRS and do not add to that 
model’s predictive power. Our findings also contrast with prior litera-
ture showing no association between CA-IMT and structural brain 
measures, including cortical thickness and brain volumes (Alhusaini 
et al., 2018; Cermakova et al., 2020), though it is possible that differ-
ences in the demographic makeup of the sample populations preclude 
direct comparisons. 

Our failure to detect a reliable prediction of CA-IMT from the sole 
functional measure, resting-state FC, contrasts with recent work from 
our group showing reliable prediction of CA-IMT using task-based fMRI 
measures (Gianaros et al., 2020). This contrast is particularly revealing. 
Resting-state FC is a passive measure reflecting global intrinsic brain 
networks (Friston, 1994; Salvador et al., 2005). Thus, targeted recruit-
ment of specific brain networks during stressful or engaging tasks is 
likely necessary in order to use such functional brain signals as a pre-
dictor of individual differences in CA-IMT (Finn, 2021). Indeed, this type 
of task-based functional brain measure could boost the predictive power 
of FRS. However, there is a vast body of tasks that needs to be explored 
before this type of functional data can be incorporated into our stacking 
model. Furthermore not all task-based fMRI work has observed an as-
sociation between CVD risk factors and neural activity patterns (e.g., 
there is no association between the cortico-limbic network activation 
during a social threat fMRI task and an individual’s cardiometabolic risk 
(Lederbogen et al., 2018)). Finally, it is possible that alternative resting- 
state FC analysis methods, including dynamic resting-state FC, graph 
analysis metrics (global efficiency, degree centrality), or wavelet 
methods for determining connectivity, may provide different measures 
of the underlying resting hemodynamic response which may include 
signal for detecting individual differences in CA-IMT. However, a full 
survey of these different methods and their relationship to CA-IMT is 
itself an entire study in its own right, constituting a promising next step 
in investigation. 

One interpretive consideration regarding the findings of this study 
centers on the particular model used and whether it is truly effective for 
using multimodal brain measures to predict CA-IMT. Notably, we first 
replicated the method exactly by successfully predicting brain age in our 
sample, demonstrating that the method works as expected. We also see 
above chance prediction performance from individual brain measures as 
well as FRS. Finally, we showed successful stacking with FRS, despite no 
performance improvements when we include brain measures. 

Another important consideration when interpreting our findings 
relates to our sample population. It is possible that the study selection 
criteria may have restricted the range of subclinical CVD present in the 
sample, which could partly explain the failure of multimodal brain 
measures to predict CA-IMT. We note, however, that FRS explained a 
moderate amount of the variance in CA-IMT across individuals (see 
Fig. 4). Notwithstanding, a useful future direction would be to replicate 
and extend our approach in a more diverse sample, spanning a range of 
preclinical and clinical phenotypes of CVD. 

It is also possible that predictive performance in the present study 
was limited by the use of CA-IMT, which has been suggested to have 
limited performance in the prediction of clinical CVD outcomes (Gold-
berger et al., 2010; Lorenz et al., 2012). Nevertheless, evidence from 
intervention trials indicates that CA-IMT progression is an important 
outcome measure, especially for the detection of early pathophysiolog-
ical vascular changes (Hodis et al., 2016). Moreover, it has been noted 
that carotid ultrasound is feasible in nearly all persons, relatively inex-
pensive, and associated with the incident (future) development of 
atherosclerotic plaques (Peters et al., 2012; Tschiderer et al., 2020). In 
these regards, CA-IMT is regarded as a surrogate measure of the 
atherosclerotic disease process that predicts later CVD events (Baber 
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et al., 2015; Øygarden, 2017; Peters et al., 2012; Wendell et al., 2017). 
Taken together, while CA-IMT has advantages as a subclinical CVD 
marker, it is possible that predictive performance from MRI measures 
could be improved by using other subclinical disease markers, such as 
coronary calcium scores or omnibus metrics based upon CA-IMT, such as 
arterial stiffness and endothelial function, which reflect vascular 
morphology and function (Kobayashi et al., 2004). 

The brain imaging modalities we used may have further constrained 
predictive performance, creating the possibility that other imaging 
modalities may capture brain features that are more reliably associated 
with subclinical CVD (e.g., arterial spin labeling for the assessment of 
cerebral blood flow and diffusion imaging for the assessment of white 
matter morphology) (Jennings et al., 2013). 

In addition, our cross-sectional findings do not rule out the possi-
bility that baseline brain measures could forecast future (prospective) 
changes in disease endpoints, as has been found previously. Baseline 
amygdalar activity has been shown to predict future occurrence of CVD 
events (Tawakol et al., 2017), changes in visceral adipose tissue (Ishai 
et al., 2019) as well as risk of Takotsubo syndrome (Radfar et al., 2021). 
Levels of stress reactivity within the rostromedial prefrontal cortex are 
also associated with future adverse CVD events (Moazzami et al., 2020). 

5. Conclusions 

In summary, the present cross-sectional human neuroimaging find-
ings suggest that subclinical CVD reflected by CA-IMT does not reliably 
relate to a combined brain biomarker generated by stacking functional 
and structural features of the brain. Rather, CA-IMT predicted by FRS 
alone outperformed aggregate and individual MRI measures. In these 
regards, combining multimodal functional and structural brain mea-
sures by prediction stacking may not have utility in otherwise healthy 
midlife adults to characterize the neural correlates of subclinical CVD 
indexed by CA-IMT. 
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Nickel, A., Kessner, S., Niebuhr, A., Schröder, J., Malherbe, C., Fischer, F., Heinze, M., 
Cheng, B., Fiehler, J., Pinnschmidt, H., Larena-Avellaneda, A., Gerloff, C., 
Thomalla, G., 2019. Cortical thickness and cognitive performance in asymptomatic 
unilateral carotid artery stenosis. BMC Cardiovasc. Disord. 19, 154. https://doi.org/ 
10.1186/s12872-019-1127-y. 

O’Brien, J.T., 2006. Vascular cognitive impairment. Am. J. Geriatr. Psychiatry 14, 
724–733. https://doi.org/10.1097/01.JGP.0000231780.44684.7e. 

Øygarden, H., 2017. Carotid Intima-Media Thickness and Prediction of Cardiovascular 
Disease. J. Am. Heart Assoc. 6 (1) https://doi.org/10.1161/JAHA.116.005313. 

Pase, M.P., Grima, N.A., Stough, C.K., Scholey, A., Pipingas, A., 2012. Cardiovascular 
disease risk and cerebral blood flow velocity. Stroke 43, 2803–2805. https://doi. 
org/10.1161/STROKEAHA.112.666727. 

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., Blondel, 
M., Prettenhofer, P., Weiss, R., Dubourg, V., Others. 2011. Scikit-learn: Machine 
learning in Python. The Journal of machine Learning research. 12. 2825–2830. 

Peters, S.A.E., den Ruijter, H.M., Bots, M.L., Moons, K.G.M., 2012. Improvements in risk 
stratification for the occurrence of cardiovascular disease by imaging subclinical 
atherosclerosis: a systematic review. Heart 98, 177–184. https://doi.org/10.1136/ 
heartjnl-2011-300747. 

Polak, J.F., Pencina, M.J., Meisner, A., Pencina, K.M., Brown, L.S., Wolf, P.A., 
D’Agostino Sr, R.B., 2010. Associations of carotid artery intima-media thickness 
(IMT) with risk factors and prevalent cardiovascular disease: comparison of mean 
common carotid artery IMT with maximum internal carotid artery IMT. 
J. Ultrasound Med. 29, 1759–1768. https://doi.org/10.7863/jum.2010.29.12.1759. 

Polak, J.F., Pencina, M.J., Pencina, K.M., O’Donnell, C.J., Wolf, P.A., D’Agostino Sr, R.B., 
2011. Carotid-wall intima-media thickness and cardiovascular events. N. Engl. J. 
Med. 365, 213–221. https://doi.org/10.1056/NEJMoa1012592. 

Power, J.D., Schlaggar, B.L., Petersen, S.E., 2015. Recent progress and outstanding issues 
in motion correction in resting state fMRI. Neuroimage 105, 536–551. https://doi. 
org/10.1016/j.neuroimage.2014.10.044. 

Qiu, C., Fratiglioni, L., 2015. A major role for cardiovascular burden in age-related 
cognitive decline. Nat. Rev. Cardiol. 12, 267–277. https://doi.org/10.1038/ 
nrcardio.2014.223. 

Radfar, A., Abohashem, S., Osborne, M.T., Wang, Y., Dar, T., Hassan, M.Z.O., 
Ghoneem, A., Naddaf, N., Patrich, T., Abbasi, T., Zureigat, H., Jaffer, J., Ghazi, P., 
Scott, J.A., Shin, L.M., Pitman, R.K., Neilan, T.G., Wood, M.J., Tawakol, A., 2021. 
Stress-associated neurobiological activity associates with the risk for and timing of 
subsequent Takotsubo syndrome. Eur. Heart J. 42, 1898–1908. https://doi.org/ 
10.1093/eurheartj/ehab029. 

Rahim, M., Thirion, B., Comtat, C., Varoquaux, G., Alzheimer’s Disease Neuroimaging 
Initiative, 2016. Transmodal Learning of Functional Networks for Alzheimer’s 
Disease Prediction. IEEE J. Sel. Top. Signal Process. 10, 120–1213. https://doi.org/ 
10.1109/JSTSP.2016.2600400. 

Rasero, J., Sentis, A.I., Yeh, F.-C., Verstynen, T. 2021. Integrating across neuroimaging 
modalities boosts prediction accuracy of cognitive ability. PLoS Comput. Biol. 17. 
e1008347. https://doi.org/10.1371/journal.pcbi.1008347. 

Riccio, S.A., House, A.A., Spence, J.D., Fenster, A., Parraga, G., 2006. Carotid ultrasound 
phenotypes in vulnerable populations. Cardiovasc. Ultrasound 4, 44. https://doi. 
org/10.1186/1476-7120-4-44. 

Salvador, R., Suckling, J., Schwarzbauer, C., Bullmore, E., 2005. Undirected graphs of 
frequency-dependent functional connectivity in whole brain networks. Philos. Trans. 
R. Soc. Lond. B Biol. Sci. 360, 937–946. https://doi.org/10.1098/rstb.2005.1645. 

Sojkova, J., Najjar, S.S., Beason-Held, L.L., Metter, E.J., Davatzikos, C., Kraut, M.A., 
Zonderman, A.B., Resnick, S.M., 2010. Intima-media thickness and regional cerebral 
blood flow in older adults. Stroke 41, 273–279. https://doi.org/10.1161/ 
STROKEAHA.109.566810. 

Song, R., Xu, H., Dintica, C.S., Pan, K.-Y., Qi, X., Buchman, A.S., Bennett, D.A., Xu, W., 
2020. Associations Between Cardiovascular Risk, Structural Brain Changes, and 
Cognitive Decline. J. Am. Coll. Cardiol. 75, 2525–2534. https://doi.org/10.1016/j. 
jacc.2020.03.053. 

Srinivasa, R.N., Rossetti, H.C., Gupta, M.K., Rosenberg, R.N., Weiner, M.F., Peshock, R. 
M., McColl, R.W., Hynan, L.S., Lucarelli, R.T., King, K.S., 2016. Cardiovascular Risk 
Factors Associated with Smaller Brain Volumes in Regions Identified as Early 
Predictors of Cognitive Decline. Radiology 278, 198–204. https://doi.org/10.1148/ 
radiol.2015142488. 

Stampfer, M.J., 2006. Cardiovascular disease and Alzheimer’s disease: common links. 
J. Intern. Med. 260, 211–223. https://doi.org/10.1111/j.1365-2796.2006.01687.x. 

Stein, J.H., Korcarz, C.E., Hurst, R.T., Lonn, E., Kendall, C.B., Mohler, E.R., Najjar, S.S., 
Rembold, C.M., Post, W.S., 2008. Use of Carotid Ultrasound to Identify Subclinical 
Vascular Disease and Evaluate Cardiovascular Disease Risk: A Consensus Statement 
from the American Society of Echocardiography Carotid Intima-Media Thickness 
Task Force Endorsed by the Society for Vascular Medicine. Journal of the American 
Society of Echocardiography 21 (2), 93–111. 

Tawakol, A., Ishai, A., Takx, R.A., Figueroa, A.L., Ali, A., Kaiser, Y., Truong, Q.A., 
Solomon, C.J., Calcagno, C., Mani, V., Tang, C.Y., Mulder, W.J., Murrough, J.W., 
Hoffmann, U., Nahrendorf, M., Shin, L.M., Fayad, Z.A., Pitman, R.K., 2017. Relation 
between resting amygdalar activity and cardiovascular events: a longitudinal and 
cohort study. Lancet 389, 834–845. https://doi.org/10.1016/S0140-6736(16) 
31714-7. 

Tschiderer, L., Klingenschmid, G., Seekircher, L., Willeit, P., 2020. Carotid intima-media 
thickness predicts carotid plaque development: Meta-analysis of seven studies 
involving 9341 participants. Eur. J. Clin. Invest. 50, e13217. 

Tuo, J., Liu, Y., Liao, W., Gu, W., Yang, S., Tan, X., Tang, T., Chen, H., Feng, J., Wen, Y., 
He, W., Huang, Q., 2018. Altered brain volume and its relationship to characteristics 
of carotid plaques in asymptomatic patients. Medicine 97, e13821. 

Virani, S.S., Alonso, A., Aparicio, H.J., Benjamin, E.J., Bittencourt, M.S., Callaway, C.W., 
Carson, A.P., Chamberlain, A.M., Cheng, S., Delling, F.N., Elkind, M.S.V., 
Evenson, K.R., Ferguson, J.F., Gupta, D.K., Khan, S.S., Kissela, B.M., Knutson, K.L., 
Lee, C.D., Lewis, T.T., Liu, J., Loop, M.S., Lutsey, P.L., Ma, J., Mackey, J., Martin, S. 
S., Matchar, D.B., Mussolino, M.E., Navaneethan, S.D., Perak, A.M., Roth, G.A., 
Samad, Z., Satou, G.M., Schroeder, E.B., Shah, S.H., Shay, C.M., Stokes, A., 
VanWagner, L.B., Wang, N.-Y., Tsao, C.W., 2021. Heart Disease and Stroke Statistics- 
2021 Update: A Report From the American Heart Association. Circulation 143 (8). 
https://doi.org/10.1161/CIR.0000000000000950. 

Viviani, R., Messina, I., Walter, M., Zuo, X.-N., 2011. Resting state functional 
connectivity in perfusion imaging: correlation maps with BOLD connectivity and 
resting state perfusion. PLoS One 6 (11), e27050. 

Wang, T., Mei, B., Zhang, J., 2016. Atherosclerotic carotid stenosis and cognitive 
function. Clin. Neurol. Neurosurg. 146, 64–70. https://doi.org/10.1016/j. 
clineuro.2016.03.027. 

Wang, W., Norby, F.L., George, K.M., Alonso, A., Mosley, T.H., Gottesman, R.F., 
Meyer, M.L., Lutsey, P.L., 2021. Association of Carotid Intima-Media Thickness and 
Other Carotid Ultrasound Features With Incident Dementia in the ARIC-NCS. J. Am. 
Heart Assoc. 10, e020489. 

Wendell, C.R., Waldstein, S.R., Evans, M.K., Zonderman, A.B., 2017. Distributions of 
Subclinical Cardiovascular Disease in a Socioeconomically and Racially Diverse 
Sample. Stroke 48, 850–856. https://doi.org/10.1161/STROKEAHA.116.015267. 

Wendell, C.R., Zonderman, A.B., Metter, E.J., Najjar, S.S., Waldstein, S.R., 2009. Carotid 
intimal medial thickness predicts cognitive decline among adults without clinical 

A.I. Sentis et al.                                                                                                                                                                                                                                 

https://doi.org/10.1161/HYPERTENSIONAHA.117.09978
https://doi.org/10.1161/HYPERTENSIONAHA.108.120196
https://doi.org/10.1161/HYPERTENSIONAHA.108.120196
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0140
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0140
https://doi.org/10.1212/WNL.0b013e31821d753f
https://doi.org/10.1212/WNL.0b013e31821d753f
https://doi.org/10.1016/j.atherosclerosis.2003.10.013
https://doi.org/10.1016/j.atherosclerosis.2003.10.013
https://doi.org/10.1016/j.nicl.2018.10.018
https://doi.org/10.1016/j.neuroimage.2016.11.005
https://doi.org/10.1136/bmjopen-2017-020264
https://doi.org/10.1136/bmjopen-2017-020264
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0170
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0170
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0170
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0170
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0170
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0170
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0170
https://doi.org/10.1016/j.jacc.2007.03.009
https://doi.org/10.1016/j.jacc.2007.03.009
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0180
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0180
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0180
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0180
https://doi.org/10.1161/CIRCULATIONAHA.119.044442
https://doi.org/10.1161/CIRCULATIONAHA.119.044442
https://doi.org/10.1016/j.ijcard.2016.08.234
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0195
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0195
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0195
https://doi.org/10.1186/s12872-019-1127-y
https://doi.org/10.1186/s12872-019-1127-y
https://doi.org/10.1097/01.JGP.0000231780.44684.7e
https://doi.org/10.1161/JAHA.116.005313
https://doi.org/10.1161/STROKEAHA.112.666727
https://doi.org/10.1161/STROKEAHA.112.666727
https://doi.org/10.1136/heartjnl-2011-300747
https://doi.org/10.1136/heartjnl-2011-300747
https://doi.org/10.7863/jum.2010.29.12.1759
https://doi.org/10.1056/NEJMoa1012592
https://doi.org/10.1016/j.neuroimage.2014.10.044
https://doi.org/10.1016/j.neuroimage.2014.10.044
https://doi.org/10.1038/nrcardio.2014.223
https://doi.org/10.1038/nrcardio.2014.223
https://doi.org/10.1093/eurheartj/ehab029
https://doi.org/10.1093/eurheartj/ehab029
https://doi.org/10.1109/JSTSP.2016.2600400
https://doi.org/10.1109/JSTSP.2016.2600400
https://doi.org/10.1186/1476-7120-4-44
https://doi.org/10.1186/1476-7120-4-44
https://doi.org/10.1098/rstb.2005.1645
https://doi.org/10.1161/STROKEAHA.109.566810
https://doi.org/10.1161/STROKEAHA.109.566810
https://doi.org/10.1016/j.jacc.2020.03.053
https://doi.org/10.1016/j.jacc.2020.03.053
https://doi.org/10.1148/radiol.2015142488
https://doi.org/10.1148/radiol.2015142488
https://doi.org/10.1111/j.1365-2796.2006.01687.x
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0295
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0295
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0295
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0295
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0295
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0295
https://doi.org/10.1016/S0140-6736(16)31714-7
https://doi.org/10.1016/S0140-6736(16)31714-7
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0305
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0305
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0305
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0310
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0310
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0310
https://doi.org/10.1161/CIR.0000000000000950
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0320
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0320
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0320
https://doi.org/10.1016/j.clineuro.2016.03.027
https://doi.org/10.1016/j.clineuro.2016.03.027
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0330
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0330
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0330
http://refhub.elsevier.com/S2213-1582(22)00199-1/h0330
https://doi.org/10.1161/STROKEAHA.116.015267


NeuroImage: Clinical 35 (2022) 103134

10

vascular disease. Stroke 40, 3180–3185. https://doi.org/10.1161/ 
STROKEAHA.109.557280. 

Williamson, W., Lewandowski, A.J., Forkert, N.D., Griffanti, L., Okell, T.W., Betts, J., 
Boardman, H., Siepmann, T., McKean, D., Huckstep, O., Francis, J.M., Neubauer, S., 
Phellan, R., Jenkinson, M., Doherty, A., Dawes, H., Frangou, E., Malamateniou, C., 
Foster, C., Leeson, P., 2018. Association of Cardiovascular Risk Factors With MRI 

Indices of Cerebrovascular Structure and Function and White Matter 
Hyperintensities in Young Adults. JAMA 320, 665–673. https://doi.org/10.1001/ 
jama.2018.11498. 

Wolpert, D.H., 1992. Stacked generalization. Neural Netw. 5, 241–259. https://doi.org/ 
10.1016/S0893-6080(05)80023-1. 

A.I. Sentis et al.                                                                                                                                                                                                                                 

https://doi.org/10.1161/STROKEAHA.109.557280
https://doi.org/10.1161/STROKEAHA.109.557280
https://doi.org/10.1001/jama.2018.11498
https://doi.org/10.1001/jama.2018.11498
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1

	Integrating multiple brain imaging modalities does not boost prediction of subclinical atherosclerosis in midlife adults
	1 Introduction:
	2 Materials and methods
	2.1 Participants
	2.2 Preclinical atherosclerosis
	2.3 Framingham risk
	2.4 MRI data acquisition and processing
	2.5 Multimodal prediction of IMT

	3 Results
	4 Discussion
	5 Conclusions
	Declaration of Competing Interest
	Acknowledgments
	Funding
	Appendix A Supplementary data
	References:


