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a b s t r a c t 

Frailty in older adults is associated with greater risk of cognitive decline. Brain connectivity insights could 

help understand the association, but studies are lacking. We applied connectome-based predictive model- 

ing to a 32-item self-reported Frailty Index (FI) using resting state functional MRI data from The Irish Lon- 

gitudinal Study on Ageing. A total of 347 participants were included (48.9% male, mean age 68.2 years). 

From connectome-based predictive modeling, we obtained 204 edges that positively correlated with the 

FI and composed the “frailty network” characterised by connectivity of the visual network (right); and 

188 edges that negatively correlated with the FI and formed the “robustness network” characterized by 

connectivity in the basal ganglia. Both networks’ highest degree node was the caudate but with differ- 

ent patterns: from caudate to visual network in the frailty network; and to default mode network in 

the robustness network. The FI was correlated with walking speed but not with metrics of global cogni- 

tion, reinforcing the matching between the FI and the brain connectivity pattern found (main predicted 

connectivity in basal ganglia). 

© 2023 The Author(s). Published by Elsevier Inc. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1. Introduction 

The normal ageing process is characterized by a progres-

sive adaptation of the brain networks to the gradual age-related

changes in body and brain organ-systems ( Chan et al., 2014 ).

Resting-state functional magnetic resonance imaging (rs-fMRI) can

provide important information on spontaneous functional brain

connectivity, and in the recent past, this noninvasive method has

been used to study how brain networks adapt and change dur-
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ing normal ageing ( Wen et al., 2020 ). Increase in global coop-

eration between different subsystems (integration), decrease in

independent processing in specialized subsystems (segregation)

( Chan et al., 2021 ; Wang et al., 2021 ) and decrease in connectiv-

ity within the default mode (DMN, which is active when resting),

salience (which perceives and generates the appropriate response

to a stimulus ( Menon & Uddin, 2010 ; Seeley, 2019 )), and motor

networks are the most frequently reported age-related brain con-

nectivity changes ( Wen et al., 2020 ; Zonneveld et al., 2019 ). These

brain network changes have been associated with cognitive traits;

for example, segregation has been found to have a mediating role

in the age-related decline of executive functions ( Madden et al.,

2020 ). 

The ageing process is highly heterogeneous, and notwithstand-

ing overall population-based averages, individuals can be placed on
n open access article under the CC BY-NC-ND license 
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a continuum from more to less successful ageing, independently

of chronological age ( Romero-Ortuno & O’Shea, 2013 ). Frailty (with

the opposite being robustness) is a major, potentially modifiable

( Dent et al., 2019 ) determinant of biological age and is defined as

a state of physiological vulnerability to stressors due to dysregu-

lation in multiple biological systems ( Campbell & Buchner, 1997 ).

Whilst the science around the operationalization of frailty is still

evolving ( Romero-Ortuño et al., 2021 ), one of the main approaches

in clinical practice and research is the Frailty Index (FI), which is a

continuous measure originally proposed by Rockwood and Mitnit-

ski ( Rockwood & Mitnitski, 2011 ) and defines frailty in terms of the

degree of accumulation of health deficits at a given chronological

age ( Searle et al., 2008 ). 

At the intersection between Neuroscience and Gerontology, a

study in 2017 in the English Longitudinal Study of Ageing re-

ported that a 47-item FI was independently predictive of inci-

dent dementia (Rogers et al., 2017 ). Although a limitation of that

study is that the diagnosis of dementia was self-reported, stud-

ies in the Rush Memory and Aging project reported that peo-

ple who developed dementia or mild cognitive impairment be-

came frailer at a faster pace independently of the neuropatho-

logical burden ( Wallace et al., 2021 ), meaning that there may be

an inter-relationship between cognition and frailty, but the mech-

anisms underpinning the reported associations remain obscure.

However, new insights could be obtained from functional brain

connectivity studies. Some rs-fMRI studies focusing on the term

“physio-cognitive decline syndrome” (defined as global cognition

being 1.5 standard deviation lower than the same age popula-

tion) highlighted the importance of connectivity between the hip-

pocampus and cerebellum ( Chung et al., 2021 ). However, another

study found that the neurophysiological and brain structural mark-

ers of cognitive frailty differ from those of Alzheimer’s Disease

( Kocagoncu et al., 2022 ). Moreover, other studies focusing on the

physical frailty phenotype described lower activity in the supple-

mentary motor area ( Lammers et al., 2020 ) and lower connectiv-

ity between cortical areas relevant for motor tasks (posterior pari-

etal cortex and frontoparietal cortex) without involvement in other

cognitive areas ( Suárez-Méndez et al., 2020 ). 

With computational advances in recent years, machine learning

(ML) methodologies have taken hold in the field of Neuroscience,

with the development of algorithms to predict brain connectivity

associated with different behavioral and cognitive characteristics

from rs-fMRI data ( Wein et al., 2021 ). Connectome-based predic-

tive modeling (CPM) is an ML technique used to identify brain con-

nectivity patterns that predict a defined trait ( Shen et al., 2017 ).

CPM has been successfully applied to the study of traits such as

creative ability ( Beaty et al., 2018 ), cognitive reserve ( Boyle et al.,

2021 ) and fluid intelligence ( Finn et al., 2015 ); however, it had not

yet been applied to frailty. 

The aim of our study was to contribute new insights into the

brain connectivity signatures of frailty by applying CPM to a 32-

item self-reported FI using rs-fMRI data available from The Irish

Longitudinal Study on Ageing (TILDA). We identified brain connec-

tivity patterns associated with increasing frailty (i.e., higher FI) and

increasing robustness (i.e., lower FI). This approach was conducted

with a view to gain novel insights into possible mechanisms that

may underlie the previously reported associations between differ-

ent definitions of frailty and brain connectivity. 

2. Material and methods 

2.1. Setting 

TILDA is a prospective cohort study that collects health, eco-

nomic and social data from a nationally representative sample of
community-dwelling adults living in Ireland aged 50 years and

over. In wave 1 of the study, TILDA used a sampling strategy that

incorporated multistage selection of respondents and geographic

clustering of addresses and stratification to reduce sampling error.

In summary, the sampling frame was based on the Irish Geodirec-

tory, a comprehensive and up-to-date listing and mapping of all

residential addresses in the Republic of Ireland, compiled by An

Post (the Irish Postal Service) and Ordnance Survey Ireland. Partic-

ipants were randomly selected using the RANSAM sampling proce-

dure, so that each residential address in Ireland had an equal prob-

ability of selection ( Donoghue et al., 2018 ; Kearney et al., 2011 ;

Whelan & Savva, 2013 ). In the present study, we utilized data from

participants in wave 3 of the study, which took place between

March 2014 and December 2015. Of all participants attending the

wave 3 health assessment center, a random subset was invited to

return for brain MRI at the National Centre for Advanced Medi-

cal Imaging (CAMI) at St James’s Hospital, Dublin, Ireland ( https:

//www.3tcentre.com/ ). The inclusion and exclusion criteria for the

TILDA MRI substudy have been described elsewhere; briefly, other

than participants’ refusal to participate, the only a priori exclusion

criteria were related with the impossibility to perform the MRI

(e.g., due to metallic implants or pacemakers) ( Donoghue et al.,

2018 ). So far, Wave 3 of the study is the only one with MRI data

( https://tilda.tcd.ie/about/where-are-we-now/ ). 

2.2. MRI data acquisition 

TILDA MRI data was obtained using a 3 T Philips Achieva

scanner during a 45-minute MRI battery. Rs-fMRI data was ac-

quired using a 6 minute 51.9 second gradient echo-planar imaging

(EPI) sequence (flip angle = 90 °, slice thickness = 3.2 mm, slice

gap = 0.3 mm, number of slices = 38, repetition time (TR) = 20 0 0

ms, time to echo (TE) = 28 ms). Structural MRI data were ac-

quired using a 3D T1 Magnetization Prepared - RApid Gradient

Echo (MPRAGE) scan with the following parameters: Field of View

(FOV) = 240 × 240 × 162mm, matrix size = 288 × 288 × 180,

SENSitivity Encoding (SENSE) = 2, TR = 6.7 ms, TE = 3.1 ms. The

voxel size for the rs-fMRI sequences was 3 × 3 × 3.2 mm 

3 . 

2.3. MRI data preprocessing 

The MRI data preprocessing procedure has been described in

full elsewhere ( Boyle et al., 2022 ). Briefly, functional and structural

images were first manually reoriented, then visually inspected for

artefacts, data quality issues, possible lesions, and severe atrophy.

Images were then preprocessed using SPM12 ( Friston, et al., 2006 )

with a 36-parameter preprocessing pipeline, which includes global

signal regression. Rs-fMRI were corrected for slice-timing and head

motion. Nuisance regressors consisted of 6 motion estimates, mean

white matter (WM) signal, mean cerebrospinal fluid (CSF) signal,

and mean global signal, and the derivatives, quadratic terms, and

squares of derivatives of these 9 parameters. Normalized functional

images and variance images were created and visually inspected

for data quality issues, and motion-related issues and artefacts, re-

spectively. Mean framewise displacement (FWD) and other motion

metrics were created to identify participants above/below Power

et al. criterion of 0.5 mm for mean FWD ( Power et al., 2012 ). Par-

ticipants were then subject to thresholding such that only those

with mean FWD below 0.5 mm were retained. In addition, the par-

ticipants were also subject to a threshold based on a percentile

frame to frame motion. Participants with frame-to-frame motion

above the 97.5th percentile were excluded, as per previously pub-

lished CPM studies ( Boyle et al., 2022 ; Finn et al., 2015 ; Shen et al.,

2017 ). Finally, data were temporally smoothed with a zero-mean

unit-variance Gaussian filter (approximate cut-off frequency of 9.37

https://www.3tcentre.com/
https://tilda.tcd.ie/about/where-are-we-now/
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Hz) using BioImageSuite. The code used for quality control of the

rs-fMRI is available on https://github.com/rorytboyle/fMRI _ QC . 

2.4. Functional connectivity network construction 

As per previous CPM studies ( Boyle et al., 2022 ; Finn et al.,

2015 ), the rs-fMRI data were parcellated according to the Shen

268-node functional atlas ( Shen et al., 2013 ) by re-slicing the pre-

processed functional volumes using spm_reslice (SPM12 http://fil.

ion.ucl.ac.uk/spm/ ). Using BioImageSuite, the mean time series for

each node was calculated as the average time series across all vox-

els within each node, for each participant. Functional connectiv-

ity between each pair of nodes was calculated by applying Pear-

son correlation to the average time course between each pair of

nodes. The correlation coefficients were normalized by a Fisher z-

transformation. This resulted in a 268 × 268 connectivity matrix

for each participant in both datasets. The code used for construc-

tion of the connectivity matrices is available on https://github.com/

rorytboyle/fMRI _ connectivity _ processing . 

2.5. Frailty index 

We utilized a self-reported 32-item FI previously operational-

ized in TILDA as per standard procedure requirements ( Roe et al.,

2017 ). Individual items included diagnoses, functional difficulties,

sensory impairments, polypharmacy, and other subjective deficits.

For each participant, the FI was calculated as the sum of the

deficits present divided by 32. This FI is based on the self-

completion questionnaires (SCQ) that were sent to participants’

homes during the wave 3 data collection period (March 2014–

December 2015). MRI appointments were also conducted within

the wave 3 collection period, but SCQ and MRI acquisition did not

take place during exactly the same time. The 32 FI items are listed

in Appendix A . Conscious that some FI items could have very low

or zero prevalence (e.g., stroke), we chose to retain all 32 items to

help comparability with the same TILDA FI previously derived and

validated in the total TILDA sample ( Knight et al., 2021 ; Roe et al.,

2017 ). 

2.6. Connectome-based predictive modeling of the Frailty Index 

CPM was applied to the dataset in MATLAB. As recommended

by ( Poldrack et al., 2020 ; Varoquaux et al., 2017 ) a repeated k-

fold cross-validation (CV) method was employed. In this case, a

10-fold CV was repeated 10 0 0 times. CPM consists of the follow-

ing steps: edge selection, network strength calculation, model fit-

ting, model application, model evaluation as detailed in Fig. 1 . In

edge selection, a partial Spearman correlation (adjusted for age,

sex, and mean FWD) is performed across all participants in the

training fold, between each edge (i.e., brain connection) and the

FI. Edges giving rise to statistically significant ( p < 0.01) corre-

lations are retained via binary masks of equal dimension with

a single connectivity matrix (268 × 268): a positive mask for

positive correlations and a negative mask for negative correla-

tions. Next, positive and negative network strengths (PNS and

NNS) are calculated for each participant by applying the appro-

priate mask to the connectivity matrix and summing across all

selected edges. Using training data, 2 univariate linear models

that regress FI on PNS and NNS are fitted. Using the test fold

data, the network masks are applied to each connectivity matrix,

the networks strengths calculated, and a FI score predicted us-

ing the linear models. For each participant 2 FI scores are pre-

dicted: 1 using the positive network model ( F I pos ) and 1 using

the negative network model ( F I neg ). The models were evaluated
via comparison of actual versus predicted FI values using Pear-

son correlation and the mean absolute error (MAE), in line with

best-practice guidelines for predictive modeling in neuroimaging

( Poldrack et al., 2020 ). After 10 0 0 iterations, the mean and stan-

dard deviation (SD) of the performance metrics is extracted. The

significance of the selected edges is assessed via permutation test-

ing in which the CPM procedure is repeated 10 0 0 times (in this

case) with the connectivity matrices and outcome variables shuf-

fled (permuted) with respect to each other; the results arising

from each permutation are compared to the mean scores and the

significance is calculated as p = 

number of permutation scores ≤ mean score 
10 0 0 .

The code for the CPM is publicly available (code available here:

https://github.com/rorytboyle/flexible _ cpm ), with 2 customizations

for our purpose: first, the manual change of the partial correla-

tion method to “Spearman” in the “CPM_fs_relate_partial.m” func-

tion script; and second, the extraction of standard deviation values

for the sets of 10 0 0 R and MAE results, additional to the “Neu-

romethods_main_analysis_CPM.m” script. 

2.7. Correlation between the Frailty Index and measures of cognitive 

and physical performance 

In view of the 32-item FI being self-reported and including both

cognitive and physical items (see Appendix A ), and in order to

maximize the clinical interpretability of the CPM results, we en-

deavored to investigate the correlation between the FI and test-

based measures of cognitive and physical performance in the in-

cluded TILDA participants. 

Cognitive tests were the Mini-Mental State Examination

( Folstein et al., 1975 ) and the Montreal Cognitive Assess-

ment ( Nasreddine et al., 2005 ) as measures of global cognition

( Kenny et al., 2013 ). These 2 cognitive tests were selected from

those available in the TILDA battery because of their frequent

use internationally, both in research and clinical practice, as well-

validated measures of global cognition Physical performance tests

were the timed up-and-go (TUG) ( Hartley et al., 2022 ) and the

usual (preferred) gait speed (UGS) ( Davis et al., 2021 ). In the TUG,

participants stood up from sitting, walked 3 meters at normal pace

along a line on the floor, turned around, walked back to the chair

and sat down. The time (in seconds) from “Go” to when partic-

ipants were seated again was measured with a stopwatch. Gait

speed was assessed using a computerized walkway (4.88 m active

area) with embedded pressure sensors (GAITRite; CIR Systems Inc.,

New York, NY). Participants performed 2 walks at usual pace and

to avoid inclusion of acceleration and deceleration, starting 2.5 me-

ters before and finishing 2 meters after the walkway. UGS (in m/s)

was calculated as the average of 2 consecutive walks. 

To explore the associations between the FI and each of the

above test-based measures whilst controlling for age (in years), sex

(0: male; 1: female), and level of education (none or primary; sec-

ondary; third or higher), we computed partial Spearman correla-

tions. This was conducted with IBM SPSS Statistics for Windows,

Version 27.0. Armonk, NY: IBM Corp. 

2.8. Ethics 

Ethical approval was obtained from the Faculty of Health Sci-

ences Research Ethics Committee in Trinity College Dublin, Ireland.

Additional ethics approval was received for the MRI sub-study from

the St James’s Hospital/Adelaide and Meath Hospital, Inc. National

Children’s Hospital, Tallaght (SJH/AMNCH) Research Ethics Com-

mittee, Dublin, Ireland. Written informed consent was obtained

from all TILDA participants. Those attending for MRI also signed

an additional MRI-specific consent form. 

https://github.com/rorytboyle/fMRI_QC
http://fil.ion.ucl.ac.uk/spm/
https://github.com/rorytboyle/fMRI_connectivity_processing
https://github.com/rorytboyle/flexible_cpm
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Fig. 1. Flow chart of included participants. Abbreviations: fMRI, functional magnetic resonance imaging; PD, Parkinson disease; TIA, transient ischemic attack. (For interpre- 

tation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 

Descriptives of the 347 TILDA participants included in the analyses. 

Characteristic Descriptive 

Male; N (%) 169 (48.7) 

Age (y); mean (SD); median (IQR) 68.2 (7.2); 68 (65-73) 

Education; N (%): 

- None/primary 69 (19.7) 

- Secondary 124 (35.7) 

- Third/higher 154 (44.4) 

Frailty Index; mean (SD); median (IQR) 0.099 (0.08); 0.078 (0.031-0.14) 

Frailty Index ≥ 0.25; N (%) 22 (6.3) 

MMSE score; mean (SD); median (IQR) 28.89 (1.26); 29 (28-30) 

MoCA score; mean (SD); median (IQR) 26.01 (2.9); 27 (25-28) 

TUG (seconds); mean (SD); median (IQR) 9.01 (1.65); 8.77 (7.97-9.84) 

UGS (m/s); mean (SD); median (IQR) 137.61 (18.5); 138.2 (126.8-150.5) 

N: number; SD: standard deviation. A Frailty Index ≥ 0.25 has been used to di- 

chotomize frailty ( Romero-Ortuno, 2013 ). MMSE: Mini-Mental State Examination; 

MoCA: Montreal Cognitive Assessment; SART: Sustained Attention to Response Task; 

TUG: timed up-and-go; UGS: usual gait speed. The sample prevalence of each Frailty 

Index item is reported in Appendix A , and the distribution of the FI is presented in 

Appendix B . 

 

 

 

 

 

3. Results 

The flowchart of included participants and full exclusion de-

tails is shown in Figure 1 . From an initial sample of 560 MRI

participants, 32 were excluded due to clinical reasons (history of

Parkinson’s disease, stroke or the presence of cerebral lesions), and

181 due to rs-fMRI quality issues (incomplete scan, motion and

scanner artifacts), leaving a final sample of 347 participants. The

mean age of this final cohort was 68.2 years and 48.9% were male.

For descriptive purpose, the proportion of those with FI ≥ 0.25

was 6.3% (this cut-off has been used to describe clinically signif-

icant frailty ( Romero-Ortuno, 2013 )). Other cohort descriptive are

shown in Table 1 . The prevalence of each FI item is reported in

Appendix A . 

From the CPM, we obtained 204 edges that positively correlated

with the FI and composed the “frailty network” (R [2SD] = 0.169,

[0.029]; p = 0.009; MAE [2SD] = 0.067 [0.001]) selected in at

least 9010 CV-folds (CV - folds (k = 10, iterations = 10 0 0 ∴ total

CV-folds = 10 × 10 0 0 = 10,0 0 0); and 188 edges that negatively

correlated with the FI and formed the “robustness network” (R

[2SD] = 0.195, [0.037]; p = 0.006; MAE [2xSD] = 0.0 6 6 [0.001])

selected in at least 9022 CV-folds. The FI was used as a continuous

variable in the CPM analyses; that means that the frailer a partic-

ipant was, the higher the probability to have the described brain

connectivity pattern; and vice versa. 
For the “frailty network” we found higher connectivity located

in the visual system areas (52 significant edges, 25.5% of signifi-

cant edges) ( Fig. 2 A). The projections from the right visual asso-

ciation areas went to both prefrontal cortices and caudate nuclei.

The highest degree node was the left caudate (degree 7) ( Fig. 2 B),
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Fig. 2. Schematic representation of the Machine Learning pipeline for the connectome-based predictive modeling of the Frailty Index. Number of folds, number of partici- 

pants, frailty index values, connectivity matrix images, and scatterplots are all examples to aid the schematic representation and are not representative of the data or results 

within this paper. Abbreviations: FI, Frailty Index; MAE, mean absolute error; Neg, negative; NNS, negative net strength; PNS, positive net strength; Pos, positive; SD, standard 

deviation. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

which projected to bilateral visual association areas (BA 19), right

secondary visual area (BA 18), right pars opercularis (BA 44) and

left medulla (brainstem). All of the connections from the caudate

were selected by the model in at least 94.4% of the total number

of CV - folds (within 9441 and 10,0 0 0 iterations). 

The “robustness network” exhibited higher connectivity in the

basal ganglia (39 significant edges, 20.7% of significant edges)

( Fig. 3 A), and from there to both temporal cortices and limbic re-

gions. The highest degree node was the right caudate (degree 6)

with projections to dorsal posterior cingulate cortex bilaterally (BA

31), right temporal inferior gyrus (BA 20), left temporal pole (BA

38) and left middle temporal gyrus (BA 21) ( Fig. 3 B), all of which

are default mode network related areas. These connections were

selected in at least 93.4% of the total number of CPM CV-folds

(10,0 0 0). 

As regards the associations between the FI and test-based per-

formance measures, UGS was significant after adjusting for age, sex

and education level (N = 345, Rho = -0.146, p = 0.008); global

cognition (Mini-Mental State Examination: N = 345, Rho = -0.021,

p = 0.701; Montreal Cognitive Assessment: N = 344, Rho = -0.004,

p = 0.939) was not associated with the FI. 

4. Discussion 

The aim of our study was to contribute new insights at the in-

tersection between Neuroscience and Gerontology by applying a

connectome predictive modeling to a 32-item self-reported Frailty
Index in a subcohort of 347 TILDA MRI participants. Results ev-

idenced a “frailty network” that was predominantly characterized

by connectivity of the visual network (right more than left). On the

other side of the continuum, a “robustness network” was predomi-

nantly characterized by connectivity of the basal ganglia. Moreover,

both networks’ highest degree node was located in the caudate,

but with different connectivity pattern: from caudate to visual net-

work in the frailty network; and to DMN-related areas in the ro-

bustness network. To our knowledge, this is the first time that a

frailty index has been used as the focus trait for a CPM analysis. 

Our result that the right visual network had higher connectivity

in the frailty network resonates with the study by Zonneveld et al.,

who reported an increase in connectivity within the visual network

especially in older age even when in general there was reduced

within-network connectivity in the DMN, the ventral attention net-

work (VAN) and the sensorimotor network (SMN) ( Zonneveld et al.,

2019 ). Moreover, in our frailty network the visual areas displayed

connectivity to nodes in both prefrontal cortices and caudates. Pre-

vious studies demonstrated the relevance of the connectivity be-

tween the extrastriate visual cortex (occipital and parietal visual

association areas) with the prefrontal cortex and basal ganglia for

visual working memory (that is, the brain’s ability to construct

and hold an internal representation of the environment and com-

pare with external inputs during conscious attention) ( Voytek &

Knight, 2010 ). 

Our results are also in agreement with previous studies in

which frail participants exhibited lower connectivity within cor-
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Fig. 3. Connectome-based predictive model for the frailty network. Panel A (left): (top) brain regions implicated in the frailty network and (bottom) the main connectivity 

from visual association areas to both prefrontal and temporal cortices and caudates. Panel B (right): seed-based conectivity map showing the area with the highest degree 

and its projections. 

Abbreviations: aPFC: anterior prefrontal cortex; Ca, Caudate; Fus, Fusiform gyrus; dlPFC: dorsolateral prefrontal cortex; FEF, frontal eye field; MTG, middle temporal gyrus; 

Pars Op, pars opercularis; V-I, visual primary; V-II, visual secondary; VA, visual association. (For interpretation of the references to color in this figure legend, the reader is 

referred to the Web version of this article.) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

tical motor relevant areas. Rodríguez-Mañas’ group, using seed-

based analysis taking the supramarginal gyrus as a seed, found

that in frail participants the connectivity with frontoparietal clus-

ters of motor tasks was reduced, together with lower connectivity

in the DMN ( Suárez-Méndez et al., 2020 ). Our results are in agree-

ment with previous findings in that in contrast with the robust

network, the frailty network exhibited lower connectivity of the

motor nucleus with cortical motor relevant areas or DMN areas,

but an increase in the connectivity with visual areas that could hy-

pothetically be related with the need for the aid of other networks

due to the reduced connectivity with the cortical sensory-motor

hubs. 

On the other hand, the robustness network exhibited its main

connectivity in the subcortical network, with projections to DMN-

related areas such as angular gyrus (left), temporal pole (left) and

dorsal posterior cingulate cortex (bilateral). The caudate was the

highest degree area within the robustness network, but in contrast

with the frailty network, it displayed connectivity with both lat-

eral temporal areas and posterior cingulate cortex. Alves et al. de-

scribed a new neuroanatomical model of the DMN that includes

subcortical structures connected to the main cortical hubs of the

classic DMN, such as the caudate nuclei ( Alves et al., 2019 ). The

DMN is defined as a set of brain regions that are normally co-

activated during resting state or whilst performing inner tasks

("mind wandering") and de-activate during externally-oriented

tasks ( Buckner, 2013 ). The predicted connectivity within the DMN

for robust individuals could reflect their normal, healthy resting

state. The capacity to quickly select appropriate responses in pre-

dictable behavioral contexts, or to act under “autopilot” behavior,

requires the activation of the DMN together with the visual-related

cortex to ensure timely and accurate responses ( Vatansever et al.,

2017 ). From this evidence, we hypothesize that the connectivity

between the basal ganglia and cortical DMN areas in the robust

network could reflect robust participants’ normal state of DMN-
basal ganglia connectivity previously described while resting, in

contrast with the frailty network. However, this hypothesis should

be confirmed in the future with an independent replication cohort.

The fact that the main connectivity patterns found in both

frailty and robustness had their higher degree in the caudate is

supported by the fact that in our MRI subsample, the FI was

only significantly associated with UGS but not with cognitive or

physio-cognitive (TUG) tests. The items that compose our FI are

mainly focused on mobility, sensory impairments and chronic dis-

eases, and only few items are dedicated to the self-perception of

memory, which could explain the lack of association with cogni-

tive tests after adjustment by age, sex, and education. In addition,

the lack of association between cognition and our FI is likely to

do with the fact that the TILDA subsample included in our study

was cognitively well preserved and with a low proportion of clin-

ically significant frailty. Yet previous studies in the whole TILDA

cohort showed consistent results, namely that baseline mobility

was not associated ( Donoghue et al., 2018 ) or very weakly as-

sociated ( Hartley et al., 2022 ) with cognition at follow-up. This

finding is also supported by the brain connectivity pattern found

with our definition of frailty (main predicted connectivity in basal

ganglia and visual system). Other studies found that cognitively

frail adults have different neurophysiological and structural MRI

biomarkers than patients with defined mild cognitive impairment

and Alzheimer’s Disease; and those biomarkers were similar in

cognitively frail and normal control participants ( Kocagoncu et al.,

2022 ), pointing again that frailty defined by functional difficulties

may not be a significant cause of dementia of neurodegenerative

type. 

Our study has limitations other than the lack of an external co-

hort validation. Regarding the sample size, in ML analyses it is gen-

erally accepted that the higher the numbers, the better. However,

in our study the risk of bias due to the sample size is low, as the

model includes an iteration test to make the results solid, and the
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Fig. 4. Connectome-based predictive model for the robustness network. Panel A (left): (top) brain regions implicated in the robustness network and (bottom) main connec- 

tivity from caudates to both limbic areas and temporal cortices. Panel B (right): seed-based connectivity map showing the area with the highest degree within the robustness 

network and its projections. 

Abbreviations: AG, angular gyrus; aPFC, anterior prefrontal cortex; BT, broca triangle; Ca, caudate; dPCC, dorsal posterior cingulate cortex; dlPFC, dorsolateral prefrontal 

cortex; ITG, inferior temporal gyrus; MTG, middle temporal gyrus; TP, temporal pole; VM, visuo motor area; vPCC, ventral posterior cingulate cortex; pHC, parahippocampal 

area. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sample is split into training and testing groups with a high num-

ber of randomizations. In this TILDA MRI sample, participants were

quite homogeneous in terms of age, frailty and cognitive status,

with low prevalence’s of clinically significant frailty and cognitive

impairment, meaning that our results may not be extrapolable to

those with more advanced physical and/or cognitive disabilities. 

5. Conclusions 

Our frailty operationalization (i.e., FI) in our sample of TILDA

participants captured a state of impairment of daily physical per-

formance but not significant cognitive impairment. Based on this,

CPM results evidenced a “frailty network” that was predominantly

characterized by connectivity of the visual network. On the other

side of the continuum, a “robustness network” was predominantly

characterized by connectivity of the basal ganglia. Moreover, both

networks’ highest degree node was located in the caudate, but

with different connectivity pattern: from caudate to visual network

in the frailty network; and to DMN-related areas in the robustness

network. Different connectivity patterns along this FI could reflect

differences in brain networks’ recruitment for the performance of

the daily physical tasks. To our knowledge, this is the first time

that a CPM model is used to predict frailty with a custom opera-

tionalization, opening the door to further research as to how differ-

ent frailty operationalizations can predict different brain connec-

tivity patterns and be more or less related with cognition, which

could help disentangle remaining questions as to how frailty may

be implicated in incident cognitive decline. 
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Self-reported deficit Scoring 

1. Difficulty walking 100 meters 0 = No; 1 = Ye

2. Difficulty rising from a chair 0 = No; 1 = Ye

3. Difficulty climbing 1 flight of stairs 0 = No; 1 = Ye

4. Difficulty stooping, kneeling or crouching 0 = No; 1 = Ye

5. Difficulty reaching above shoulder height 0 = No; 1 = Ye

6. Difficulty pushing/pulling large objects 0 = No; 1 = Ye

7. Difficulty lifting/carrying weights > = 10 pounds (4.5 Kg) 0 = No; 1 = Ye

8. Difficulty picking up a coin from a table 0 = No; 1 = Ye

9. Feeling lonely 0 = None of th

0.5 = Some of 

1 = All the tim

10. Self-rated physical health 0 = Excellent, 

0.5 = Fair; 

1 = Poor 

11. Self-rated vision 0 = Excellent, 

0.5 = Fair; 

1 = Poor 

12. Self-rated hearing 0 = Excellent, 

0.5 = Fair; 

1 = Poor 

13. Self-rated day-to-day memory 0 = Excellent, 

0.5 = Fair; 

1 = Poor 

14. Difficulty following a conversation with 4 people 0 = None; 

0.5 = Some; 

1 = Much/Imp

15. Daytime sleepiness 0 = Never, slig

0.5 = Moderat

1 = High chan

16. Polypharmacy 0 = No; 1 = Ye

17. Knee pain 0 = No; 1 = Ye

18. Hypertension 0 = No; 1 = Ye

19. Angina 0 = No; 1 = Ye

20. Heart attack 0 = No; 1 = Ye

21. Diabetes 0 = No; 1 = Ye

22. Stroke or Transient ischemic attack 0 = No; 1 = Ye

23. High cholesterol 0 = No; 1 = Ye

24. Irregular heart rhythm 0 = No; 1 = Ye

25. Other cardiovascular disease 0 = No; 1 = Ye

26. Cataracts 0 = No; 1 = Ye

27. Glaucoma or Age-related macular degeneration 0 = No; 1 = Ye

28. Arthritis 0 = No; 1 = Ye

29. Osteoporosis 0 = No; 1 = Ye

30. Cancer 0 = No; 1 = Ye

31. Varicose ulcer 0 = No; 1 = Ye

32. Urinary incontinence 0 = Never, slig

0.5 = Moderat

1 = High chan
Appendix A. Thirty-two-item Frailty Index: items and scoring 

of individual items 
Prevalence in the cohort (N = 347) 

s 3; 0.9% 

s 43; 12.4% 

s 10; 2.9% 

s 89; 25.6% 

s 19; 5.5% 

s 26; 7.5% 

s 34; 9.8% 

s 9; 2.6% 

e time, rarely; 

the time; 

e 

19; 5.5% 

5; 1.4% 

Very good, Good; 

21; 6.1% 

2; 0.6% 

Very good, Good; 

16; 4.6% 

5; 1.4% 

Very good, Good; 

42; 12.1% 

5; 1.4% 

Very good, Good; 

52; 15% 

5; 1.4% 

ossible 

71; 20.5% 

13; 3.7% 

ht chance; 

e chance; 

ce 

58; 16.7% 

52; 15% 

s 56; 16.1% 

s 13; 3.7% 

s 112; 32.3% 

s 7; 2% 

s 0; 0% 

s 25; 7.2% 

s 0; 0% 

s 117; 33.7% 

s 13; 3.7% 

s 2; 0.6% 

s 49; 14.1% 

s 26; 5.8% 

s 119; 34.4% 

s 62; 17.9% 

s 14; 4% 

s 8; 2.3% 

ht chance; 

e chance; 

ce 

16; 4.6% 

26; 7.5% 
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Appendix B. Histogram showing the distribution of the Frailty 

Index 
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