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GENERAL SUMMARY 

Each and every one of us are inevitably and constantly aging. Although the individual 

differences are substantial, with increasing age, most cognitive processes, such as processing 

speed, attention and working memory, decline. In addition to normal aging, age-related brain 

diseases can accelerate or lead to sudden cognitive decline. Stroke constitutes a good example 

of sudden loss of functions following a vascular cerebral insult for which the recovery of 

cognitive functions can have a major impact on the individual’s quality of life and 

independence. There is a need for better treatment programs targeting cognitive function 

following disease, as well as programs preventing or slowing down the “normal” age-related 

decline in order to increase the health span of the population together with the increasing life 

span. In order to develop and evaluate better treatment or preventive programs, we need 

reliable and sensitive measures of brain health. In this thesis, we assessed two candidate 

markers of brain and cognitive health, namely the concept of brain age prediction based on 

neuroimaging data (Franke, Ziegler, Kloppel, Gaser, & Alzheimer's Disease Neuroimaging, 

2010), and a computational model of visual attention based on the theory of visual attention 

(TVA; Bundesen, 1990).  

In order to evaluate the sensitivity and reliability of brain age prediction and 

computational parameters obtained from TVA as measures of brain health and cognitive 

functions in response to cognitive training, we used a combination of cross-sectional and 

longitudinal data from a group of healthy individuals and a group of chronic stroke patients 

who underwent a computerized cognitive training (CCT) program in combination with either 

sham or active transcranial current stimulation (tDCS), respectively.  

More specifically, in Paper I, using a cross-sectional design, we investigated the 

association between 1) various brain age prediction models based on sub-sets of diffusion 

tensor imaging (DTI) measures of white matter properties and Freesurfer-based T1-weighted 

MRI measures, and 2) a range of cognitive measures in 265 healthy adults aged 20 to 88 

years. Briefly, our results demonstrated good age prediction across our 11 trained models, and 

differential sensitivity to cognitive measures. These results suggest that modality-specific 

brain age estimation might better capture the heterogeneity of the aging brain by providing 

partly independent information.  
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Building on the results from Paper I, in Paper II, using a longitudinal design, we 

explored the clinical utility and feasibility of automated brain age estimation in stroke 

patients. More specifically, we investigated the reliability of global and regional brain age 

prediction in a group of 54 chronic stroke patients who underwent three weeks of CCT 

together with either sham or active tDCS. We assessed the sensitivity of brain age prediction 

to cognitive performance at baseline, as well as response to the CCT. Briefly, our results 

confirmed the high reliability and feasibility of brain age estimation in clinical group; 

however, we did not find significant association between brain age estimation and cognitive 

test performance or response to CCT. The implications and limitations of our study are 

discussed, including our sample bias towards the highly functioning end of the stroke 

population.  

Together, Paper I and II supports the use of brain age models based on different sub-

set of features as partly complementary measures of brain health and integrity; however, 

replications and further refinement of the methods are needed to increase sensitivity and 

specificity. Importantly, our results also demonstrate the clinical feasibility of automated brain 

age estimation in patients with brain lesions, highlighting the robustness of the technique. Yet, 

the clinical utility toward individualized care requires further investigations.  

In Paper III, based on the critical role of attentional abilities in complex everyday 

functions, and in functional recovery following stroke, we assessed the sensitivity to detect 

attentional impairment in chronic stroke patients and the reliability and predictive value of 

TVA parameters reflecting short-term memory capacity (K), processing speed (C) and 

perceptual threshold (t0) in response to cognitive training. To do so, we used cross-sectional 

case-control data, which included data from 70 stroke patients and 140 controls matched by 

age and sex data. In addition, we used longitudinal data collected from 54 stroke patients who 

underwent six repeated assessments over the course of a three-weeks intensive CCT 

intervention. Briefly, our results revealed poorer storage capacity, lower processing speed and 

higher visual threshold in chronic stroke patients compared to age-matched healthy controls. 

In addition, we demonstrated high reliability of the TVA parameters in stroke patients across 

six test sessions, and showed that higher processing speed at baseline was associated with 

larger improvement during the course of CCT. 

 Overall, our findings do not support the concept of a single marker of cognitive health. 

Rather, models of cognitive health ought to incorporate and use a range of complementary 
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markers in order to achieve predictability at an individual level. Exploring a variety of 

markers may eventually enable personalized preventive or treatments programs that address 

the increasing societal challenges caused by cognitive decline associated with normal aging 

and aging-related brain disorders such as stroke.  
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1. INTRODUCTION  

Age-related decline in cognitive processes, such as slower processing speed, reduced ability 

to ignore distractors and reduced ability to memorize and recall, is prevalent, yet highly 

heterogenous both within and between individuals (Harada, Natelson Love, & Triebel, 2013). 

In addition to normal aging, a number of age-related diseases, such as neurodegenerative 

disorders or cerebral strokes, can contribute to accelerating the decline or lead to sudden loss 

of functions. To which degree we can slow down, prevent and reverse cognitive decline, is of 

great interest not only for the scientific community and health care providers, but also for the 

general population. The development of training programs targeting cognitive abilities, such 

as computerized cognitive training (CCT), are gaining popularity, yet their effectiveness 

remains debated. Lack of reliable and sensitive markers of brain and cognitive health makes 

consensus about adequate training responses more challenging. With the main objective of 

identifying sensitive and reliable markers of brain and cognitive health the work presented in 

this thesis comprises three empirical studies assessing the feasibility of brain age prediction 

based on neuroimaging (Papers 1 and II) and a computerized test of attentional functions 

based on the computational model outlined in the theory of visual attention (TVA: Paper III) 

as candidate markers of cognitive functions in healthy controls and chronic stroke patients.  

The thesis includes three main parts: (1) an introductory section which presents key 

concepts for discussing the three papers comprising this thesis and how they contribute to the 

current literature, including our current knowledge regarding cognitive decline in normal 

aging and in stroke patients, the importance of attention and its sub-components, the relevance 

of CCT and transcranial direct brain stimulation (tDCS), and brain imaging based brain age 

prediction, (2) a section summarizing the three empirical papers, including study specific 

aims, methods and results, and finally, (3) a summarizing section discussing the specific and 

general contribution of this thesis to the field, including methodological considerations and 

limitations, concluding remarks and future directions.  
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1.1 Cognitive aging – current knowledge  

“The key to the future in an aging society is not found in increasing just our life span; we 

need to increase our health span at the same time.” 

- Chuck Norris, retrieved July 29, 2019, from BrainyQuote.com - 

 

Cognitive abilities refer to the set of general skills or mechanisms required to learn, plan, 

remember, solve problems, think abstractly, pay attention, understand complex ideas, amongst 

other things (Gottfredson, 1997). In general, the changes in cognitive abilities associated with 

aging are relatively well-established (Harada et al., 2013; Salthouse, 2010b). Abilities related 

to cumulative knowledge or experience-based skills are generally resilient to aging and often 

even improve with age (Murman, 2015). Abilities that are resistant to decline, or even tend to 

improve with increasing age, include vocabulary, and general knowledge and information that 

has been acquired earlier in life (Salthouse, 2010b). However, other abilities, such as 

processing speed, selective and divided attention, and working memory, all required to 

quickly process or transform information, are clearly undergoing gradual, and nearly linear, 

decline (Harada et al., 2013; Murman, 2015; Park & Reuter-Lorenz, 2009). These 

fundamental abilities, necessary to perform optimally on various experimental and every-day 

tasks, are associated with quality of life and independence in older age (Kazazi, Foroughan, 

Nejati, & Shati, 2018). For instance, previous studies have shown that cognitive decline was 

associated with reduced daily life activities as measured by the instrumental activities of daily 

life (IADL) (Barberger-Gateau, Fabrigoule, Helmer, Rouch, & Dartigues, 1999), and that 

processing speed was negatively correlated with daily task efficiency (Owsley, Sloane, 

McGwin, & Ball, 2002). 

While the direction of the changes of most cognitive abilities, e.g. slower processing 

speed, reduced ability to ignore distractors and reduced ability to learn and recall, is 

undisputed, there is a great level of controversy regarding individual trajectories and when the 

decline begins (Schaie, 2009). Some studies, mainly cross-sectional, argue that the decline 

starts as early as 20 to 30 years of age depending on the cognitive abilities assessed (Finch, 

2009; Salthouse, 2009), while other studies, mainly longitudinal, argues that the decline does 

not start before 45 or even 60 years of age (Rönnlund, Nyberg, Backman, & Nilsson, 2005; 

Singh-Manoux et al., 2012). Whereas these discrepancies can be partly explained by the 

design of the studies and the specific cognitive abilities assessed, they highlight the range of 
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variations within the normal aging process. Further, even though both longitudinal and cross-

sectional studies have their respective limitations, e.g. the test-retest and test sophistication 

problems encountered in the longitudinal design, cross-sectional studies do not assess change 

over time. Rather, cross-sectional studies are assessing cohort differences, age being one 

variable amongst many, which can lead to under- or over-estimation of the “age-effect” due to 

for example different life experiences and skill sets specific to the generation assessed 

(Harada et al., 2013; Hedden & Gabrieli, 2004). In addition to the wide range of variability 

within the normal aging process, neurodegenerative diseases such as dementia tend to have an 

insidious onset (Ross, 1997), and individuals might remain undetected in the early stages of 

the illnesses (Harada et al., 2013). To differentiate between healthy and pathological aging, 

reliable markers of healthy brain and cognitive functioning are needed.  

 The next section will address a case of sudden cognitive decline following brain insult, 

more relevant among older adults, i.e. cerebral stroke, which constitute a good model for 

which it is essential to develop better strategies to remediate the loss of cognitive abilities. 

 

1.2 Stroke – an example of sudden cognitive decline 

Stroke, also known as a cerebrovascular accident, is characterized by a loss of brain function 

caused by inadequate blood supply to the brain, and can be of two types: ischemic or 

hemorrhagic. With the constant increase in life expectancy, the prevalence of stroke is 

expected to rise (Feigin et al., 2014). In 2013, stroke was the second most common cause of 

deaths in the world, accounting for 11.8% of all death (Feigin, Norrving, & Mensah, 2017). In 

occidental countries, stroke was amongst the leading causes of adult disability, accounting for 

4.5% of Disability-Adjusted Life Year (DALYs) as measured in 2013 (Feigin et al., 2017), 

with major impact on daily living activities, life quality and health costs (Dobkin, 1995; 

Feigin et al., 2016; Mayo, Wood-Dauphinee, Côté, Durcan, & Carlton, 2002). In the recent 

years, a reduction in stroke-related mortalities has been observed (Zhang, Chapman, Plested, 

Jackson, & Purroy, 2012). Despite the major improvements in the acute health care, many 

stroke survivors suffer from persistent deficits, including emotional, attentional, cognitive and 

sensory-motor deficits (Barbay, Diouf, Roussel, Godefroy, & group, 2018; S. Barker-Collo, 

Feigin, Parag, Lawes, & Senior, 2010; S. L. Barker-Collo, Feigin, Lawes, Parag, & Senior, 

2010; Cumming, Brodtmann, Darby, & Bernhardt, 2014; Cumming, Marshall, & Lazar, 2013; 
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Haacke et al., 2006; Nakling et al., 2017; Patel, Coshall, Rudd, & Wolfe, 2002; Rinne et al., 

2013; Xu, Ren, Prakash, Vijayadas, & Kumar, 2013). For instance, memory impairments have 

been estimated between 11 to 31% a year following the stroke (Snaphaan & de Leeuw, 2007), 

and more than 70% of the patients showed a marked slowness in information processing 

speed (Hochstenbach, Mulder, van Limbeek, Donders, & Schoonderwaldt, 1998). Attentional 

deficits following stroke have been estimated between 31 to 35%; however, the reported 

estimates vary depending on the assessment tool used (Barker-Collo et al. 2010b; Xu et al. 

2013), and traditional bedside examinations are likely to result in underestimation of the 

prevalence (Rinne et al. 2013). Although the majority of stroke patients are elderly, younger 

individuals may also suffer strokes with serious consequences. Indeed, a recent longitudinal 

study (Schaapsmeerders et al., 2013) have shown that up to 50% of the stroke incidents 

occurring in young adults (as defined as 50 years of age or younger) results in cognitive 

impairments, highlighting the importance of developing better treatments and intervention 

programs targeting cognitive deficits following stroke in general.  

Traditionally, cognitive rehabilitation programs targeting cognitive deficits following 

stroke have been focusing on compensatory aid, such as using external memory aids (diaries, 

notice board, reminders) as opposed to directly targeting the recovery of cognitive abilities. 

Rehearsal has also been employed with limited evidence (das Nair, Cogger, Worthington, & 

Lincoln, 2016). Due to limited evidence of the effectiveness of other rehabilitation strategies, 

external memory aids have been the gold standard for people with severe memory impairment 

following stroke (Cicerone et al., 2011). In the long run, targeting the recovery of specific 

cognitive functions might be more beneficial than only using compensatory aids in regards to 

life quality and independence (Cicerone et al., 2011; Shigaki, Frey, & Barrett, 2014). 

Although evidence of long-term beneficial effects and transfer, i.e. the trained ability can 

benefit other abilities, is still lacking, a recent review (Loetscher & Lincoln, 2013) found 

significant effect of cognitive rehabilitation on divided attention at the end of the intervention 

period, which highlights the potential for recovery at least over a defined amount of time.  

The pervasiveness of cognitive deficits following stroke calls for better treatment. In 

order to develop improved treatment alternatives, an in depth understanding of mechanisms 

underlying neurological deficits and their recovery is required to appropriately evaluate the 

effectiveness and transferability to everyday life (Guggisberg, Koch, Hummel, & Buetefisch, 

2019). Computerized cognitive training has recently gained increasing attention, and the 
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current insufficient understanding of the effectiveness and potential neuronal and cognitive 

mechanisms requires further investigation. 

 

1.3 Enhancing cognitive abilities 

Age-related decline in cognitive functions or sudden cognitive loss due to brain insults have 

severe impact on the activities of daily living and quality of life in the older population (Craik 

& Bialystok, 2006; Logsdon, Gibbons, McCurry, & Teri, 2002; Zucchella et al., 2014), and 

constitutes an important burden on the society, which is expected to increase together with the 

increasing number of elderly (Christensen, Doblhammer, Rau, & Vaupel, 2009). Factors 

helping to preserve or enhance cognitive abilities are of great interest not only amongst 

researchers, but also amongst the general population, health care providers, politicians and 

insurance companies. On a continuous basis, we are bombarded by advice claiming to have 

beneficial effect on brain health; however, solid evidence is often lacking. A meta-analysis 

performed by Lehert and colleagues (2015) identified 12 individually modifiable 

interventions that can potentially improve the cognitive aging process. These 12 interventions 

can be summarized into three main categories: lifestyle (including physical activity, cognitive 

training and mindfulness), dietary factors (including specific diet, nutritional supplement), and 

prescription drugs (such as menopausal hormone therapy) (Lehert, Villaseca, Hogervorst, 

Maki, & Henderson, 2015). These interventions can easily be adopted by many, yet it is still 

unclear to which extent they can help preserving cognitive abilities over time. Again, the lack 

of evidence or consensus may partly be due to the lack of reliable measures to assess changes. 

Based on the “use it or lose it” principle (Coyle, 2003; Hultsch, Hertzog, Small, & Dixon, 

1999; Salthouse, 2006), in the current thesis, we tested the effects of computerized cognitive 

training, and the possible additive effect of combined tDCS, as a potential intervention to 

enhance cognition following stroke and focused on candidate markers of brain and cognitive 

health and their clinical utility.  

 

1.3.1 The importance of visual attention 

“Every one knows what attention is” 

 - William James, 1890/1950, p.403 - 
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Visual attention generally refers to a set of cognitive processes that allows the individual to 

efficiently and continuously select and discriminate between relevant and irrelevant 

information from complex visual scenes. Specific attentional processes, such as sustaining 

focus over an extended period and selecting a target among various competing stimuli are 

fundamental to more complex functions, such as learning. In addition, attention is 

fundamental in daily living, such as attending to rehabilitation programs as well as for social 

interactions, and are important predictors for functional recovery following stroke (Peers et al. 

2018). For example, attentional functions measured at hospital discharge have been shown to 

be predictive of future recovery (Hyndman et al. 2008); sustained attention measured two 

months following the cerebrovascular insult was shown to be predictive of long-term motor 

recovery (Robertson et al. 1997); and attentional functions have been associated with 

language recovery (Geranmayeh et al. 2014). Attentional abilities have also been associated 

with daily functioning in the “normal” aging population (Madden, 2007), underscoring the 

importance of attention in general. 

Given the high prevalence of attentional impairments in the acute and chronic stages 

of stroke and the relevance of attentional functions as predictors of stroke recovery and more 

complex functions such as social functioning in general, there is a need to identify and 

validate specific and reliable behavioral markers of attentional abilities in patients and healthy 

aging. This has been one of the main goals of Paper III. 

 

1.3.2 The promises of computerized cognitive training (CCT) 

Based on the idea that cognitive abilities can be enhanced by engaging in cognitively 

demanding tasks, there is a general belief that training a particular cognitive domain, such as 

working memory and attention, can lead to real-life improvement in cognitive functioning 

(Jaeggi, Buschkuehl, Jonides, & Perrig, 2008; Rebok et al., 2014). In a recent publication, 

Redick (2019) describes the working memory training literature as following the hype cycle 

(Linden & Fenn, 2003; Redick, 2019). Earlier findings about the effect of working memory 

training were very promising, suggesting that after about 15 hours of practice on a 

computerized memory tasks, we could observed an improvement in fluid intelligence (Jaeggi 

et al., 2008), in reading abilities (Chein & Morrison, 2010), and a reduction in symptoms of 

attention deficit hyperactivity disorder (ADHD; Klingberg et al., 2005). These promising and 

possibly inflated early findings has led to a growing number of studies investigating various 
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cognitive training settings in different study populations. During the last few years, the 

number of studies published on the effectiveness of CCT has more than doubled (Aksayli, 

Sala, & Gobet, 2019). However, following the hype cycle, the initial excitement, or inflated 

peak of expectation, is typically followed by a marked drop in expectation (Redick, 2019). 

This is also what the research on computerized working memory training experienced with a 

growing number of studies failing to demonstrate “initial” transfer effects (Chooi & 

Thompson, 2012; Harrison et al., 2013; Shipstead, Redick, & Engle, 2012; Sprenger et al., 

2013; Thompson et al., 2013). According to Redick (2019), we are now entering the next 

phase of the hype – the plateau of productivity – where research is showing some, but rather 

limited benefits.  

Benefits from CCT can be categorized into two different categories: the near-transfer 

effect and the far-transfer effect (Barnett & Ceci, 2002). The near-transfer effects are 

characterized by improvement in task that are similar to the trained tasks, while the far-

transfer effects are characterized by transfer to other cognitive domains or daily activities. 

Far-transfer effects are typically the ultimate goal, one wish to be able to demonstrate that the 

effect can be transferred to every day functioning. However, recent meta-analyses have 

suggested that the evidence for training benefits are mostly found in near-transfer tasks, while 

there is little to no evidence of far-transfer effects (Aksayli et al., 2019; Melby-Lervag, 

Redick, & Hulme, 2016; Sala & Gobet, 2019). Some meta-analyses are claiming that 

cognitive training is effective under specific circumstances, such as for specific age groups or 

specific patients groups (Au et al., 2015; Karr, Areshenkoff, Rast, & Garcia-Barrera, 2014; 

Kelly et al., 2014; Spencer-Smith & Klingberg, 2015; Weicker, Villringer, & Thone-Otto, 

2016). Even though the evidence is now favoring the lack of far-transfer effect, it remains an 

open question to which extent CCT can improve cognitive functions in patients who has 

suffered from a stroke. This lack of converging evidence is partly due to the lack of sensitive 

and reliable markers of cognitive improvement. These are crucial in order to better understand 

the potential of CCT following sudden loss of cognitive abilities.  

 

1.3.3 The promise of transcranial direct current stimulation (tDCS)  

Transcranial direct current stimulation (tDCS) is a non-invasive neuromodulation technique 

that uses low intensity current to either facilitate or inhibit neuronal activity (Brunoni et al., 

2012; Nitsche et al., 2003; Nitsche & Paulus, 2000; Priori, 2003). Typically, a battery-driven 
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direct current stimulator is used to delivered one to two milliamps (mA) through two 

electrodes positioned on the scalp. The location of the electrodes is related to the type of brain 

function targeted by the intervention (Stagg & Nitsche, 2011). Although the exact mechanism 

is still unclear, anodal stimulation and cathodal stimulation are thought to increase and 

decrease neuronal excitability respectively (Nitsche et al., 2003; Nitsche & Paulus, 2000). The 

effects have been hypothesized to reflect changes in the neuronal membrane potential which 

stimulate synaptic plasticity such as long-term potentiation (Brasil-Neto, 2012), post-tetanic 

potentiation and short-term potentiation (Nitsche & Paulus, 2000).  

In the past years, tDCS has received much attention for its possible favorable effect on 

mechanisms of neuroplasticity relevant for treatment of diseases and conditions affecting the 

brain (Boggio et al., 2011; Kuo & Nitsche, 2012; Paulus, 2011; Sharma & Cohen, 2012; 

Stagg & Nitsche, 2011; Villamar, Santos Portilla, Fregni, & Zafonte, 2012). For instance, 

tDCS has been found to improve motor functions (Adeyemo, Simis, Macea, & Fregni, 2012; 

Takeuchi & Izumi, 2012), language (Holland & Crinion, 2012; Monti et al., 2013), visual 

attention (Moos, Vossel, Weidner, Sparing, & Fink, 2012; O’Shea et al., 2013; Sparing et al., 

2009), as well as working memory (Andrews, Hoy, Enticott, Daskalakis, & Fitzgerald, 2011; 

Fregni et al., 2005), learning and memory retrieval (Brasil-Neto, 2012). Importantly, tDCS 

has also been shown to improve motor and cognitive rehabilitation following stroke (Andrews 

et al., 2011; Shaker, Sawan, Fahmy, Ismail, & Elrahman, 2018; Webster, Celnik, & Cohen, 

2006).  

Also following the hype cycle, earlier tDCS studies showed great promise to enhance 

abilities and “boost” training effect in health and clinical rehabilitation settings (Andrews et 

al., 2011; Fregni et al., 2005; Kang, Summers, & Cauraugh, 2016). However, the initial 

studies have some important methodological limitations, such as small sample size or lack of 

control group. The initial hype was then followed by several studies failing to reproduce the 

initial promising findings (Galli, Vadillo, Sirota, Feurra, & Medvedeva, 2019; Horvath, Forte, 

& Carter, 2015). The current literature is now suggesting a limited range of effects, and it 

remains unclear under which circumstances and which configuration the modulatory effect of 

tDCS does or does not occur (Galli et al., 2019). In an attempt to assess the effectiveness of 

tDCS combined with CCT in chronic stroke patients, the overall aim of the current 

intervention has been to conduct a randomized double-blind study and prospective 

multimodal magnetic resonance imaging (MRI) to characterize neuroplastic effects and 

mechanisms of tDCS in a clinical setting.  
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1.4 Measuring the aging brain using neuroimaging 

The aging processes of the brain are highly heterogenous both in term of brain structures 

involved and the rate of changes. Neuroimaging techniques, such as MRI, provide a powerful 

tool to investigate age-related changes at the neurobiological level. MRI is a non-invasive 

imaging technique that provides highly detailed images enabling us to separate between 

different tissue classes and properties based on contrast and signal intensity. A detailed 

description of MRI physics is beyond the scope of this thesis (for more details see Huettel, 

Song, & McCarthy, 2009). Briefly, varying the acquisition parameters and contrasts allows us 

to quantify various biologically relevant properties. Here, we will be focusing on two different 

MRI modalities, namely diffusion tensor imaging (DTI) based on diffusion MRI and 

structural T1-weighted imaging.  

 

1.4.1 Diffusion tensor imaging (DTI) - White-matter changes  

Diffusion weighted imaging (DWI), or diffusion MRI, provides qualitative and quantitative 

information about the water diffusion, or displacement within tissues (Baliyan, Das, Sharma, 

& Gupta, 2016). DTI is one technique that can be used to analyze DWI, yielding indirect, but 

sensitive measure of the white matter microstructure by measuring the amount of anisotropy 

(i.e. displacement or non-randomness) of the diffusion of the water molecules in different 

spatial directions within the tissue (Moseley, 2002). By quantifying the directionality and the 

rate of diffusion of the water molecules in a three-dimensional space, it is possible to make 

inference about relevant macro- and microstructural properties of the brain tissue. The exact 

physics behind DTI goes beyond the scope of this thesis; however, it is essential to introduce 

the four most frequently estimated measures derived from DTI. Essentially, for each voxel 

(basic three-dimensional units of the MR images), the estimated information can be 

represented mathematically as an ellipsoid (Madden et al., 2012). Axial diffusivity (AD) 

quantifies the diffusivity along the major axis of the ellipsoid, and radial diffusivity (RD) 

quantifies the average diffusivity along the second and the third minor axes, reflecting the 

perpendicular diffusivity to the major axis. Fractional anisotropy (FA), one of the most 

commonly used summary measures, ranging from zero to one, quantifies the directionality of 

the diffusion independently of the overall rate of diffusion. The higher the FA value, the more 

restricted along one axis the diffusion is, while a value of zero represents an isotropic 



 21 

diffusion. Mean diffusivity (MD) is the mean diffusion across all three axes, quantifying the 

rate of diffusion, independently of the directionality (Madden et al., 2012).  

 Findings from several DTI studies investigating cognitive and brain aging converge on 

a general trend showing a reduction in FA and an increase in MD, RD and AD associated 

with increasing age (Bender & Raz, 2015; Bennett & Madden, 2014; Cox et al., 2016; Sexton 

et al., 2014). Although it is difficult or nearly impossible to identify the exact neurobiological 

underpinnings based on DTI estimations alone, there is growing evidence that different 

combination of DTI parameters can provide complementary information regarding white 

matter structure and integrity. For example, a study using animal models showed that different 

types of WM injury lead to differential effects in AD and RD (Song et al., 2003); however, 

the interpretation of AD and RD changes are still poorly understood. The same can apply for 

FA and MD (Madden et al., 2012). Thus, in paper I, we explored the complementarity of the 

four DTI modalities presented above and their sensitivity to cognitive measures. 

 

1.4.2 Structural T1-weighted images - Grey-matter changes 

High-resolution anatomical scans of the brain based on T1-weighted imaging allow us to 

quantify the volume, cortical thickness and surface area of specific brain structures in vivo. 

Several studies have demonstrated structural differences between the brains of young and old 

adults (Fotenos, Snyder, Girton, Morris, & Buckner, 2005; Good et al., 2001; Ziegler et al., 

2012). Indeed, age-related structural changes are generally well-documented in the literature 

showing thinning of the cerebral cortex, which is the outermost layer of the brain, reduction in 

brain volume, and expansion of ventricular system with increased age (Fjell & Walhovd, 

2010; Fjell, Walhovd, et al., 2009; Fjell, Westlye, et al., 2009; Salat et al., 2004). In addition, 

some studies suggested that the different estimations obtained through T1-weighted images 

might convey complementary information about the neurobiological processes associated 

with aging (Storsve et al., 2014). For instance, a recent study (Panizzon et al., 2009) 

demonstrated that the total cortical surface area and the average cortical thickness were 

mainly genetically unrelated even though both were found to be highly heritable. In addition, 

cortical thickness and surface area showed unique regional variations (Storsve et al., 2014). 

Together, these findings suggest that they might be sensitive to different and partly 

independent biological processes. In paper I, we explored this hypothesis and focused on their 

unique and joint sensitivity to cognitive measures. Further, recent studies have highlighted the 



 22 

regional heterogeneity of the changes (Storsve et al., 2014), in addition to the non-linearity of 

the changes (Cao et al., 2017; Fjell et al., 2013; Westlye et al., 2010). Thus, paper II explored 

regional heterogeneity and the link to cognitive performance and CCT response.  

Taken together, the brain is undergoing a wide range of changes over the years both at 

the micro-level and at the macro-level. MRI is a sensitive tool allowing us to indirectly 

measure these changes. Although the link between MRI estimates and the underlying 

neurobiological changes is complex, various MRI modalities allow us to study different tissue 

classes and their complementary information is of great relevance to better understand the 

aging brain. In addition, studying the regional heterogeneity of change at the brain level is 

highly relevant to increase our understanding of cognitive and brain aging and their 

implications in a range of brain disorders. 

Aging is also associated with reduced cognitive functions; however, the associations 

between the brain structures and cognitive functions are complex. Finding brain-based 

sensitive and reliable measure of cognitive health is highly relevant to better understand the 

link between the brain and cognition. 

 

1.5 Reducing the complexity of the brain – brain age prediction 

“We have at our command computers with adequate data-handling ability and with sufficient 

computational speed to make use of machine-learning techniques, but our knowledge of the 

basic principles of these techniques is still rudimentary.” 

“Programming computers to learn from experience should eventually eliminate the need for 

much of this detailed programming effort.” 

- Samuel, A.L. 1959, p.207 - 

During the last few years, machine learning has been gaining in popularity, also in the field of 

neuroscience. For example, through methods for brain age prediction, machine learning 

allows for a reduction of highly complex and multidimensional information into one 

informative summary measure. Briefly, machine learning algorithms build a mathematical 

model based on sample data, known as "training data", in order to make predictions or 

decisions without being explicitly programmed to perform the task (Samuel, 1959). In the 
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recent years, predicting age from neuroimaging data has gained in popularity (Franke et al., 

2010; Lao et al., 2004). The attractiveness of brain age prediction lies in its potential for 

identifying meaningful deviance from the “norm”. Indeed, not only is it possible to estimate 

the age with a high level of accuracy, but its deviance to the chronological age has been 

shown to provide relevant information about the integrity of the brain in healthy and clinical 

population (Kaufmann et al., 2018; Marquand, Rezek, Buitelaar, & Beckmann, 2016; Wolfers 

et al., 2018). For instance, a growing number of studies have demonstrated that several 

clinical groups had a systematic over-estimation of their “brain age”, including patients with 

schizophrenia (Schnack et al., 2016), Alzheimer’s disease (Amoroso et al., 2017), HIV (Cole 

et al., 2017; Kuhn et al., 2018), multiple sclerosis (Hogestol et al., 2019), and cardiovascular 

risk factors (Franke, Gaser, Manor, & Novak, 2013; Habes et al., 2016). Moreover, 

individuals with brains estimated as older than their chronological age have been shown to be 

physically less active (Steffener et al., 2016), to have poor health (Ronan et al., 2016), poor 

cognitive performance (Liem et al., 2017), early neurodegenerative diseases (Gaser et al., 

2013), and increased mortality (Cole et al., 2018a). Further, a recent study demonstrated 

strong associations between over-estimations of the brain age and lower performance on a 

range of cognitive functions sensitive to aging (Boyle et al., 2019). Together these studies 

suggest that brain age prediction could potentially be used as a clinically relevant biomarker 

of brain health; however, we need to better understand the variability of the brain age 

prediction at the individual level in order to assess its clinical relevance. 

Summarized, aging and age-related diseases are associated with increased risk for 

cognitive decline, which in turn is associated with lower quality of life. Intervention aiming at 

preserving or improving cognitive abilities are of great interest; however, to better identify 

individuals at risk or assess the effectiveness of those interventions, it is important to develop 

better assessing tools. The three articles presented in this thesis aimed at testing the sensitivity 

and reliability of brain age prediction as a candidate marker of cognitive performance (Paper I 

and Paper II), as well as testing the sensitivity and reliability of a candidate behavioral marker 

of attentional abilities (Paper III).  
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2. MAIN RESEARCH OBJECTIVES AND HYPOTHESES 

The overall objective of the thesis was to investigate the sensitivity and reliability of 

candidate markers of brain and cognitive health, and cognitive training response. 

 

2.1 Paper I 

Age-related neurobiological changes measured by brain imaging data are highly complex. 

Using machine learning to reduce the complexity to a singular summary measure has been 

shown to be sensitive to the integrity of the brain (Kaufmann et al., 2018; Marquand et al., 

2016; Wolfers et al., 2018). However, based on the notion that different brain-tissue can 

provide us with complementary information, the concept of one brain age might lead to a loss 

of specificity. Thus, the main objective of Paper I was to explore the sensitivity of brain age 

estimations based on a variety of tissue-specific estimations by combining measures of brain 

morphometry based on T1-weighted MRI and Freesurfer and DTI-based measures of white 

matter properties obtained from 265 healthy adults aged 20 to 88 years. More specifically, we 

tested the following three hypotheses:  

1) Each brain age prediction model would show high accuracy and generalizability.  

2) The different models would provide complementary information and be differentially 

sensitive to cognitive performance. 

3) Individuals with over-estimated brain age would show lower cognitive performance. 

 

2.2 Paper II 

Cognitive deficits are persistent and pervasive following stroke; in addition, they play an 

important role in outcome, independence and quality of life in the acute and chronic phase. 

Reliable and non-invasive markers of brain health and cognitive function are needed to 

evaluate and monitor cognitive intervention in chronic stroke patients. By building on the 

findings presented in Paper I, in Paper II, we used region specific brain age estimations based 
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on brain morphometry with the main aim to investigate the sensitivity of brain age to 

cognitive function and its predictive value for response to CCT in chronic stroke patients.  

More specifically, we tested the following hypotheses: 

1) Global and regional brain age prediction would constitute a reliable method for 

characterizing individual level brain health in chronic stroke patients. 

2) Chronic stroke patients with relative low brain age would show better cognitive 

performance prior to the CCT. 

3) Chronic stroke patients with relative low brain age would show larger performance 

improvement over the course of the CCT. 

4) Larger performance improvement during CCT would be reflected in longitudinal changes 

in brain age during the course of the intervention. 

 

2.3 Paper III 

Attentional abilities play a central role in more complex everyday functions, as well as in 

functional recovery following stroke, yet deficits are frequent, persistent and pervasive. 

Finding a sensitive and reliable behavioral marker of attentional function in order to identify 

and monitor attentional deficits in chronic stroke is highly relevant. The main objective of 

Paper III was to assess the clinical utility of a computational model of visual attention derived 

from the theory of visual attention (TVA; Bundesen, 1990). TVA offers a theoretical and 

practical framework to assess an individual’s visual parallel processing of multiple objects. 

More precisely, we assessed the sensitivity and reliability of TVA parameters reflecting short-

term memory capacity (K), processing speed (C) and perceptual threshold (t0) based on a 

whole-report behavioral paradigm in chronic stroke patients.  

More specifically, we tested the following hypotheses: 

1) At the group level, chronic stroke patients would show lower performance on TVA 

compared to matched controls. 

2) Clinical scores would show an association with TVA performance. For instance, higher 

NIHSS scores would be associated with poorer TVA performance. 
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3) TVA parameters would constitute reliable and sensitive measures of specific attentional 

functions in chronic stroke. 

4) Higher attentional abilities as measured using TVA prior to the intervention would be 

associated with larger task performance improvement during the course of the CCT. 
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3. MATERIAL AND METHODS 

3.1 General setting  

The current PhD project was part of the StrokeMRI project, which is a collaborative study 

aiming at studying determinants of stroke recovery, brain health and successful aging. An 

important part of the project concerns testing the clinical feasibility of combining CCT and 

tDCS to improve cognitive function in chronic stroke patients in a randomized, double blind 

study. The StrokeMRI project has been approved by the Regional Committee for Medical and 

Health Research Ethics (South-East Norway, 2014/694) and conducted in accordance with the 

Helsinki declaration. Written informed consent was obtained from all participant prior to 

enrollment. All participants from the StrokeMRI project received a compensation of 500 

NOK for their participation. 

 

3.2 Participants 

The recruitment and data collection for the StrokeMRI project, including healthy controls and 

stroke patients were conducted between October 2015 and March 2018. Follow-up data for 

approximately 240 healthy controls have since been collected – however, these are not 

included in the current thesis. Table 1 presents a paper-specific overview of the samples 

included in this thesis.  

 Paper I Paper II Paper III 

Cohort Cam-CAN StrokeMRI Cam-CAN StrokeMRI StrokeMRI 

Group HCs HCs HCs Patients HCs Patients 

Design Cross Cross Cross Cross Long Cross Cross Long 

MRI modalities DTI / T1 DTI / T1 T1 T1 T1 n/a n/a n/a 

N (%females) 612 (51.3) 265 (63.4) 628 (51.6) 68 (27.9) 54 (25.9) 140 (39.3) 70 (28.6) 54 (25.9) 

Age (mean(SD)) 54.41 (18.26) 56.95 (14.84) 54.2 (18.3) 67.98 (10.24) 69.72 (7.46) 67.4 (9.1) 67.7 (10.1) 69.72 (7.46) 

Age range 18-87 20-88 18-87 24-81 47-82 31-81 24-81 47-82 

Table 1. General overview of the sample characteristics included in each study. 
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3.2.1 Healthy controls  

StrokeMRI sample. The recruitment of the healthy control group included in this thesis was 

mainly performed through advertisement in newspapers, but also through social media and 

word-of-mouth. Over 500 volunteers contacted us via e-mail or telephone to participate. All 

interested in participating went through a telephone screening prior to the inclusion to assess 

eligibility. Approximately 400 individuals fulfilled the inclusion criteria and 346 completed a 

comprehensive cognitive assessment, multimodal MRI and blood sampling for clinical 

biochemical analysis, various biomarkers and genotyping. General inclusion criteria included 

being above 18 years of age and the absence of neurologic and psychiatric diseases, including 

stroke and dementia, the absence of alcohol- and substance abuse, and medications 

significantly affecting the nervous system. We also excluded participants based on general 

MRI counter-indications, such as metal implants, pacemakers, or pregnancy. Study specific 

inclusion and exclusion criteria for the StrokeMRI healthy volunteers are further described in 

Paper I and III.  

Cam-CAN sample. In Paper I and II, we utilized the open access sample from the Cambridge 

Centre for Ageing and Neuroscience (Cam-CAN) to train our brain age prediction models. 

Cam-CAN is a large-scale collaborative research project, launched in October 2010, at the 

University of Cambridge. The project received substantial initial funding from the 

Biotechnology and Biological Sciences Research Council (BBSRC, grant number 

BB/H008217/1), with subsequent funding from the UK Medical Research Council (MRC) 

Cognition & Brain Sciences Unit (CBU) and the European Union Horizon 2020 LifeBrain 

project. Briefly, Cam-CAN project uses epidemiological, cognitive, and neuroimaging data to 

understand how individuals can best retain cognitive abilities into old age. The Cam-CAN 

sample has the advantage of covering a broad age range from 18 to 87 which is approximately 

evenly distributed across seven decades. A general overview of the openly available dataset 

can be found in (Shafto et al., 2014), while the pre-processing pipeline of the MRI data is 

detailed in (Taylor et al., 2017).  

 

3.2.2 Stroke patients 

Figure 1 depicts the intervention protocol. The recruitment of the stroke patients was 

conducted through invitation letter sent to patients who had been admitted with acute stroke 

between the year 2013 and 2016 to either the Stroke Unit at the Oslo University Hospital, or 
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the Geriatric department at Diakonhjemmet Hospital, in Oslo, Norway. Patients were 

identified by the working staff of each respective hospital. The working staff sent 

approximately 900 invitation letters, and approximately 250 patients responded to either 

decline the invitation or express their interest. After performing a comprehensive telephone 

screening, 77 patients were identified as eligible to participate. The general inclusion criteria 

included any form of strokes that has been clinically documented, with a minimum of 6 

months between the stroke and the first assessment, and the ability to go through the whole 

intervention, including 14 visits to the Oslo University Hospital. We excluded patients who 

had transient ischemic attacks (TIA), who had been diagnosed with neurological diseases 

prior to the stroke, and any MRI contraindications, such as metal implants, pacemaker, 

claustrophobia or pregnancy. Overall, a total of 72 patients completed the first assessment and 

54 patients completed the full protocol (see Figure 1). Additional study specific exclusion 

criteria for the patients group are described in their respective papers (Paper II and Paper III). 

 

 

Figure 1. Overview of the intervention protocol. 
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3.3 Clinical assessments 

For each patient, we obtained clinical assessment quantifying stroke severity (National 

Institute of Health Stroke Scale, NIHSS; Lyden et al., 2009) at the hospital discharge 

performed by an attending physician specialized in either internal medicine, neurology or 

geriatric medicine from the respective stroke units. In addition, we obtained the TOAST 

classification (Adams et al., 1993) for each ischemic stroke. 

 

3.4 Intervention protocol 

3.4.1 CCT protocol  

For convenience, we chose the commercially available computerized working memory 

training program Cogmed – version QM (Cogmed Systems AB, Stockholm, Sweden), which 

is advertised as a computer-based training program that enhances attention through increasing 

working memory capacity. This online training program requires the individual to have access 

to a computer with internet connection and sound. It consists of a total of 10 different tasks 

targeting verbal and visuospatial working memory ability. Each training session comprises 

eight of those 10 tasks and takes approximately 45 minutes to complete. The difficulty of the 

exercise is continuously adapted to the individual’s performance. Thus, the better the 

individual becomes the harder the exercise becomes. On average, it takes approximately two 

training sessions per exercise for the level to be appropriately adjusted to the person. 

Considering feasibility and practicalities, we aimed at five training sessions a week over a 

three-week period, with two days a week at Oslo University Hospital in order to receive 

simultaneous tDCS (during the first 20 minutes of a training session – protocol detailed 

below), while the remaining three sessions were home-based. Thus, we chose to use 17 of the 

25 available training sessions, corresponding to approximately five weekly training sessions 

over three- to four-weeks for a total of six tDCS sessions.  

  

3.4.2 tDCS protocol  

To test the potential additive effect of tDCS when combined with CCT, we randomly assigned 

each participant to either an active or a sham condition using an in-house Matlab script. We 

made sure that both the participant and the experimenter remained blinded to the experimental 
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condition throughout the experiment. The initial data analysis was also performed prior to 

unblinding the conditions. The stimulation was applied during the first 20 minutes of the CCT 

session using a battery-driven direct current stimulator (Neuroconn DC-STIMULATOR 

PLUS, neuroConn GmbH, Illmenau, Germany) with rubber pads (size = 5 x 7 cm) covered 

with high-conductive gel (Abralyt HiCl, Falk Minow Services Herrsching, Germany) in order 

to keep the impedance below 20 kΩ. The parameters of the stimulation are detailed and Paper 

II and III. Briefly, we used DC current of 1 mA for a duration of 20 minutes, with a ramp-up 

of 120 seconds, a fade-out of 30 seconds, and the current density was of 28.57 μA/cm2. 

Following the factory settings, the sham stimulation consisted of a ramp-up followed by 40 

seconds of active stimulation and a fade-out, thus giving this initial tingling sensations. 

Neuroconn stimulator comes with a study mode allowing double-blinded the condition.  

It remains an open question whether the current can “enter” the brain or which 

electrode configuration can optimally target brain cognitive networks. However, based on 

previous literatures (Au et al., 2016; Ke et al., 2019), we chose to place the anodal electrode 

over F3 (corresponding to left dorsolateral prefrontal cortex (DLPFC)) and the cathodal 

electrode over O2 (corresponding to the right occipital/cerebellum) using the 10-20 electrode 

location system (Homan, Herman, & Purdy, 1987). Each stimulation session was followed by 

a questionnaire regarding side-effects experienced throughout the stimulation period. Finally, 

following the last stimulation session, the participants were asked to make a guess regarding 

the experimental conditions and the reason of their guesses.  

 

3.5 Cognitive assessments 

All healthy controls and the chronic stroke patients included in the intervention study of the 

StrokeMRI project underwent a comprehensive baseline assessment, including self-reported 

questionnaires, neuropsychological tests, computerized cognitive tests and multimodal MRI.  

In addition to the baseline assessment, all patients were re-assessed with cognitive 

assessments and multimodal MRI prior to the start of the CCT and after completion of the 

CCT period, for a total of three comprehensive cognitive and MRI assessments.  
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3.5.1 Self-report questionnaires 

The following self-reported questionnaires were included in the baseline assessment: covering 

personality (Revised NEO Personality Inventory, NEO-PI-R; Costa & McCrae, 1992), sleep 

quality (Pittsburg Sleep Quality Index, PSQI; Buysse, Reynolds, Monk, Berman, & Kupfer, 

1989), sleepiness (The Epworth Sleepiness Scale, ESS; Johns, 1991), symptoms of anxiety 

(Generalized Anxiety Disorder 7-items, GAD-7; Spitzer, Kroenke, Williams, & Lowe, 2006), 

symptoms of depression (Patient Health Questionnaire 9-items, PHQ-9; Kroenke, Spitzer, & 

Williams, 2001), symptoms of fatigue (Fatigue Severity Scale 9-items, FSS-9; Krupp, 

LaRocca, Muir-Nash, & Steinberg, 1989), self-reported cognitive problems (Cognitive 

Failures Questionnaire, CFQ; Broadbent, Cooper, FitzGerald, & Parkes, 1982), alcohol use 

(Alcohol Use Disorders Identification Test, AUDIT; Saunders, Aasland, Babor, Delafuente, & 

Grant, 1993), drug use (Drug Use Disorders Identification Test, DUDIT; Berman, Bergman, 

Palmstierna, & Schlyter, 2005) and self-reported daily activity (International Physical 

Activity Questionnaire, IPAQ; Hagstromer, Oja, & Sjostrom, 2006). In addition, we also 

included an in-house self-report questionnaire with focus on general demographics, including 

self-reported years of education, diet and previous disease history. 

 

3.5.2 Cognitive assessments 

We used the Montreal Cognitive Assessment (MoCA; Nasreddine et al., 2005) and the Mini 

Mental State Examination (MMSE; Strobel & Engedal, 2008) to screen for general cognitive 

impairment. Further, we assessed general cognitive abilities using two subtests, namely 

Vocabulary and Matrix Reasoning, from Wechsler Abbreviated Scale of Intelligence, Second 

Edition (WASI-II; Wechsler, 2011). We assessed cognitive inhibition using D-KEFS color-

word interference test (Stroop; Delis, Kaplan, & Kramer, 2001), and episodic verbal learning 

and memory using the California Verbal Learning Test (CVLT-II; Delis, Kramer, Kaplan, & 

Ober, 2000). In addition, we used Bells cancellation task, Otta search task, reading of 

compound-words, line-bisection task and copy drawing of simple figures to screen for visual 

neglect. 

 

3.5.3 Computerized cognitive assessments  

Further, we included computerized cognitive tests to obtain a detailed characterization of 

some cognitive processes. To assess attentional functions, we included the Attention Network 
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Task (ANT; Fan, McCandliss, Raz and Posner, 2002) and a whole-report version of a Theory 

of Visual Attention paradigm (TVA; Bundesen, 1990; Bundesen & Habekost, 2008). More 

specifically, ANT uses a combination of two attentional paradigms, namely a spatial cueing 

task (Posner, 1980) and a flanker task (Eriksen & Eriksen, 1974) to assess three attentional 

networks, i.e. alerting, orienting and executive control (Fan et al., 2009). While a whole-

report version of TVA offers a theoretical and computational framework to assess the 

efficiency of an individual at visually processing multiple objects in parallel, providing 

measures of short-term memory capacity (K), perceptual threshold (C), and visual processing 

speed (t0). Both ANT and TVA were collected at several occasions (five ANT and six TVA 

assessments) throughout the intervention to measure possible attentional changes related to 

the experimental condition. ANT data were collected in the patient group only. In this thesis, 

we focused on TVA assessment, a formal computational model of visual attention, which has 

been shown to be more reliable (Habekost, Petersen, & Vangkilde, 2014). The details of the 

TVA paradigm are described in a section below and in Paper III.  

Finally, we included a short iPad-based neuropsychological test battery developed to 

screen for cognitive dysfunctions after stroke at the hospital bedside called Cognitive 

Assessment at Bedside using Ipad (CABPad, see www.cognisoft.info, Willer, Pedersen, 

Forchhammer, & Christensen, 2016). The test battery includes measures of motor speed for 

hands, verbal fluency (phonological and semantic), attention span (for symbols), working 

memory (for symbols), spatial stroop (executive control of attention), spatial attention span 

(non-verbal learning and episodic memory) and symbol digit coding (mental and visuo-motor 

speed).  

The specific cognitive tests included in each paper are described in the respective 

paper together with the processing steps. Briefly, Paper I and II included the majority of the 

cognitive tests listed above, including MoCA, WASI, CVLT-II, Stroop, several computerized 

tests from CABPad and the three TVA-derived parameters, yielding 42 cognitive scores and 

derived scores. Several cognitive variables included in both papers were highly correlated; 

thus, we used the function hclust (Müllner, 2013) through the heatmap.2 (Warnes et al., 2016) 

package in R (R Core Team, 2017) to form clusters of cognitive scores, yielding seven broad 

clusters representing distinct cognitive domains, which were used in further analyses. Paper 

III focused on cross-sectional and longitudinal TVA data.  
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3.5.4 Theory of visual attention (TVA) – Paper III 

In Paper III, we used a classical experimental paradigm called whole-report version of TVA. 

Figure 2 depicts the outline of the paradigm. The participants were asked to report as many 

letters as possible from the stimulus display showing six red letters from a set of 20 different 

letters (ABDEFGHJKLMNOPRSTVXZ) distributed in a circle. In each trial, the circle of 

letters was briefly presented for a duration of either 20, 40, 60, 110, and 200 ms terminated by 

a pattern mask or presented for 40 or 200 ms without being terminate by a mask. The 

participants were instructed to report as many letters as possible, including the letters that they 

were “fairly certain” of having seen, aiming at 80 to 90% accuracy. The paradigm comprised 

two parts: a practice part with 20 trials divided into two blocks of 10 trials, and a test part with 

140 trials (20 trials per conditions) divided into five blocks of 28 trials each. The paradigm 

was presented on a 24 inches BenQ XL2430T gaming monitor at a refresh rate set of 100 Hz. 

The participants were seated at a distance of 60 cm in a semi-dark room. Overall, the duration 

of the paradigm was of approximately 20-25 minutes, including the instruction and the 

practice trials.  

For each participant and for each session (one session per control and up to six session 

per participant), we estimated three TVA parameter using a maximum-likelihood procedure 

implemented in the LibTVA toolbox (Dyrholm, Kyllingsbæk, Espeseth, & Bundesen, 2011): 

short-term memory capacity (K, in letters), visual processing speed (C, in Hz) and perceptual 

threshold (t0, in ms). In addition, we calculated the error rate (i.e., the percentage of incorrect 

letters out of the reported letters). 
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Figure 2. Outline of a whole-report TVA-based paradigm (Original figure provided by Petersen, A., 
2019) 
 

3.6 Neuroimaging  

3.6.1 MRI acquisition 

StrokeMRI sample. All participants from the StrokeMRI project were scanned on a 3-Tesla 

General Electric (GE) 750 Discovery MRI scanner using a 32-channel head coil at Oslo 

University Hospital. All healthy controls and stroke patients went through a baseline MRI 

scan, including several structural and functional sequences. In addition to the baseline MRI, 

stroke patients underwent two additional MRI sessions with approximately four weeks 

between each session; the second baseline scan was performed right before the start of the 

intervention and approximately three- to four-weeks after the first baseline MRI, and the 

follow-up MRI was performed after the completion of a three-weeks intensive CCT. We used 

paddings to reduce head motion. The effective scanning time was on average 90 minutes per 

scanning session. In the current thesis, we used two scanning modalities, the DWI, and the 

T1-weighted imaging data. The echo planar imaging (EPI) sequence used for the DTI-based 

brain age estimation in Paper I had the following parameters: repetition time (TR)/echo time 

(TE)/flip angle/field of view (FOV)/slice thickness: 8,150 ms/83.1 ms/90°/256 × 256 mm/2 

mm, with in-plane resolution of 2 mm, 60 directions (b = 1000 s/mm2) and 5 b = 0 volumes, 
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and a scan time of 8:58 min. Seven b = 0 volumes were also acquired using reversed phase-

encoding direction. The structural T1-weighted images used in Paper I and II for the brain age 

estimation were obtained using a 3D IR-prepared FSPGR (BRAVO) with the following 

parameters: TR/TE/flip angle/voxel size/FOV: 8.16 ms/ 3.18 ms/ 12°/1 × 1 × 1 mm/256 × 256 

mm with 188 sagittal slices and a scan time of 4:43 min. 

Cam-CAN sample. Participants from the Cam-CAN cohort were scanned on a 3T 

Siemens TIM Trio scanner with a 32-channel head-coil at Medical Research Council (UK) 

Cognition and Brain Sciences Unit (MRC-CBSU) in Cambridge, UK. The twice-refocused 

spin echo sequences from the Cam-CAN cohort to train our age prediction models (Paper I) 

were obtained using the following parameters: TR/TE/FOV/voxel size: 9,100 ms/104 ms/192 

× 192 mm/2 mm3, with 66 axial slices using 30 directions with b = 1000 s/mm2 and 3 b = 0 

images. The structural T1-weighted images used in Paper I and II to train our brain age 

prediction models were obtained using a 3D magnetization prepared rapid gradient echo 

(MPRAGE) sequence with the following parameters: TR/TE/inversion time (TI)/flip 

angle/FOV/voxel size: 2,250 ms/2.99 ms/900 ms/ 9°/256 × 240 × 192 mm/ 1 mm3, with a 

GRAPPA acceleration factor of 2 and a scan time 4:32 min (Shafto et al., 2014). 

 

3.6.2 DTI processing – Paper I 

The details of the processing of the DTI data is detailed in Paper I. Briefly, we processed the 

DTI data from both samples locally at the NORMENT center using the Oxford Center for 

Functional Magnetic Resonance Imaging of the Brain (FMRIB) Software Library (FSL) 

(http://www.fmrib.ox.ac.uk/fsl). We used the FSL tools topup 

(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/topup) to correct for geometrical distortions and eddy 

(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/eddy) to correct for motion and eddy currents 

(Andersson, Skare, & Ashburner, 2003; Smith et al., 2004). Topup was performed on 

StrokeMRI data only. This step is using information from the reversed phase-encoded volume 

and creates pairs of images (i.e. blip-up and blip-down) with opposite directions distortions. A 

susceptibility-induced off-resonance field is then estimated from these pairs of images, and 

the two images are combined resulting in a single corrected image (Andersson et al., 2003; 

Smith et al., 2004). Eddy was performed on both samples, detecting and replacing slices that 

have been affected by a loss of signal due to movement during the data acquisition, this step is 

performed within an integrated framework together with susceptibility induced distortions 
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correction, eddy currents correction and motion correction (Andersson & Sotiropoulos, 2016). 

In addition to topup and eddy steps, we visually inspected the images to identify and remove 

data that failed the processing steps due to poor quality.  

There are several methods that can be used to prepare DTI data in order to be able to 

perform statistical analysis comparing different subjects (Madden et al., 2012). In order to 

solve the correspondence problem, i.e. to account for the variation across brains, such as brain 

size and shape, we used Tract-Based Spatial Statistics (TBSS; Smith et al., 2006) from FSL 

(Smith et al., 2004). Briefly, TBSS involves several steps: First, (1) FA from all subjects are 

aligned to a common template using non-linear registration (Andersson, Jenkinson, & Smith, 

2007a, 2007b), then (2) an average of all aligned FA is created and thinned resulting in a 

mean FA skeleton which includes information common to every participant included. By 

thresholding this image, area with high cross-subject variability are excluded. Next, (3) the 

aligned FA from each subject is projected onto the average skeleton, using the nearest 

relevant tract center. This step is performed by searching perpendicularly to the skeleton 

structure for the maximum value. Finally, (4) The resulting data can be fed into voxelwise 

statistics across subjects. We repeated the same warping and skeletonization for MD, RD and 

AD. In Paper I, we calculated the mean skeleton, as well as the mean values for 23 specific 

regions of interests (ROIs) using the CBM-DTI-81 white-matter labels atlas and the JHU 

white-matter tractography atlas (Hua et al., 2008; Mori, Wakana, van Zijl, & Nagae-

Poetscher, 2005; Wakana et al., 2007) provided with FSL, resulting in 24 mean values per 

DTI measure that were further used in the brain age prediction step. Here, we used an ROI-

based approach rather than voxel-wise skeleton data. Although the voxel-wise skeleton 

approach would have been a good approach to increase spatial specificity, we aimed to 

facilitate replications, future collaborations and multisite studies. This is essential for future 

applications in the field; for this reason, we chose the ROI-based approach.  

 

3.6.3 T1 processing – Paper I and Paper II 

For T1-weighted data, we used similar image processing steps for both Paper I and Paper II. 

The details are described in each respective paper. Briefly, we used Freesurfer 5.3 

(http://surfer.nmr.mgh.harvard.edu; Dale, Fischl, & Sereno, 1999) to perform automated 

tissue segmentation, to estimate cortical thickness and to calculate tissue volume for all 

subjects from both sample (i.e. Cam-CAN and StrokeMRI, controls and patients). The steps 
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include registration to the MNI-152 space, extracting the brain from the images, normalizing 

the image intensity by dividing the intensity of each voxel by the estimated bias field at that 

location, and automatically segmenting the brain tissue to generate grey and white surfaces 

(Dale et al., 1999). All reconstructed datasets were visually inspected for quality, and 

manually edited when needed. In cases where the corrections failed due to major artefacts, the 

images were excluded from further analyses.  

Longitudinal data. For Paper II, the longitudinal data for the patient group were 

further processed with the longitudinal Freesurfer pipeline (Reuter & Fischl, 2011; Reuter, 

Schmansky, Rosas, & Fischl, 2012). This step has been shown to substantially increase 

reliability and power (Reuter et al., 2012) in longitudinal studies. Briefly, the longitudinal 

pipeline includes the creation of an average template (the base) to reduce the confounding 

effect of inter-individual morphological variability based on the automatic tissue 

segmentation (cross-sectional) described above. This individual template is thought to be 

unbiased to time and is used to resample the individual time points to the base, i.e. the 

common template. The reconstructions can be manually corrected during any of the three 

steps included in the longitudinal pipeline (i.e. the cross-sectional segmentation, the creation 

of the individual common template or the resampling of the timepoints to the individual’s 

common template).  

 Cortical parcellations. In paper I, we used the Desikan–Killiany atlas (Desikan et al., 

2006; Fischl et al., 2004) and a subcortical probabilistic atlas (Fischl et al., 2002) to extract 

global and ROI-specific mean thickness, surface area and volumes, resulting in a set 251 

structural measurements. In paper II, we used the recent multi-modal based parcellation of the 

surface of the brain (Glasser et al., 2016), which includes 180 ROIs per hemisphere in order to 

investigate spatial sensitivity of the brain age estimation.  

 

3.7 Brain age prediction – Paper I and Paper II 

In Paper I and Paper II, we used the extreme gradient boosting (xgboost; Tianqi Chen & 

Guestrin, 2016; T. Chen, He, Benesty, Khotilovich, & Tang, 2017) package in R to train our 

prediction models using the Cam-CAN dataset as the training sample. Xgboost is a highly 

scalable tree boosting machine learning technique that has been shown to be highly successful 

in a wide variety of contexts (Tianqi Chen & Guestrin, 2016). Basically, to be successful, the 
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technique needs to be able to effectively capture the complexity of the data using statistical 

models and to be able to “learn” the model of interest from a large dataset (Tianqi Chen & 

Guestrin, 2016). In the case of brain age prediction, the task of estimating age based on brain 

measurement is relatively simple and even simpler machine learning techniques do perform at 

an acceptable level (Franke et al., 2010). However, the advantage of xgboost lies in its 

scalabilities of the features in a tree like structure, which has the potential to better capture the 

complexity of the aging brain. 

 In Paper I, we explored the complementarity of several modality-specific brain age 

estimations based on different combinations of brain estimates derived from DTI and T1-

weighted structural images. Thus, we trained 11 models based on different feature sets 

estimated from DTI and T1-weighted images, namely three global models, one model based 

on all DTI features, one based on all Freesurfer features, one based on all DTI and Freesurfer 

features and eight models based on smaller subsets, i.e. based on FA, MD, AD, RD, sub-

cortical volume, volume, area and thickness respectively.  

 In Paper II, we were interested in the estimation of brain age in a group of stroke 

patients, as well as in longitudinal brain age estimation changes in response to an intensive 

CCT period. The group of patients included here was highly heterogeneous in term of lesion 

size and location, yet they were all considered highly functioning stroke survivors. Based on 

the wide spatial distribution of the lesions (see Figure 3), we decided to investigate the spatial 

specificity of the brain age estimation. Thus, we trained one global and 12 hemisphere 

specific lobe-based models. We used lobesStrict segmentation (occipital, frontal, temporal, 

parietal, cingulate and insulate) from Freesurfer (Dale et al., 1999) to divide the 1080 T1-

features into lobe-specific subsets prior to train our models.  
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Figure 3. Heatmap of the lesions in 68 chronic stroke patients. The color bar depicts the count of 
patients per voxel. The left hemisphere is presented on the right hand-side and the right hemisphere on 
the left hand-side.

 

There are known systematic differences in brain images taken from different scanners 

(Madan, 2017); thus, in Paper I, we regressed out the main effects of scanner prior to train our 

prediction models to account for those systematic differences between sites. This step was not 

performed in Paper II as we were interested in within individual variation within one sample, 

and not in comparing the estimations across different sites.  

In addition, in Paper I, we performed the analysis prior to and after regressing out the 

total estimated intracranial volume, using the Freesurfer estimation (eTIV; Buckner et al., 

2004), from all area and volume features. This additional step led to only minor changes in 

the results; thus, we did not include this step in Paper II. 
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In both papers, we used the respective global and modality-specific or regional feature 

sets for all participant in the Cam-CAN sample to train our models using the following 

parameters: rate (eta) = 0.1, nround = 5000/1500, gamma = 1, max_depth = 6, subsample = 

0.5. The performance of each model was evaluated using a 10-fold cross-validation procedure 

within the training set, in addition to estimating the age of the individual in the StrokeMRI 

sample (using cross-sectional healthy controls data in Paper I, and longitudinal stroke patients 

data in Paper II). For each individual in the StrokeMRI sample and for each model, we 

calculated the difference between the estimated age and the chronological age, which is often 

referred to as the brain age gap (BAG). A classical issue with machine learning is the bias 

towards the mean, i.e. estimations of new data points tend to be biased toward the mean. In 

the case of brain age prediction, this bias tend to systematically over-estimate the age of 

young individuals and under-estimate the age of older individuals (Le et al., 2018; Liang, 

Zhang, & Niu, 2019). Thus, in both Paper I and Paper II, we accounted for the age-related 

bias in the age prediction, by regressing out the main effect of age, age2 and sex from each 

BAG, resulting in a residualized BAG (BAGR).  

 In Paper II, some of the patients included had lesions that were interfering with 

Freesurfer cortical reconstruction. Briefly, we used a combination of outlier detection and 

imputation to account for extreme values in the morphometric features, and re-estimated the 

age to investigate the impact of outlier of the prediction. The details are described in Paper II. 

Shortly, the estimated brain age based on the original Freesurfer estimations and the 

estimations after imputing realistic values to replace outliers resulted in nearly identical 

outcomes. The results of this step are presented in the supplemental materials of Paper II.  

 

3.8 Ethical considerations 

We obtained written and verbal informed consent from each participant, including healthy 

controls and stroke patients, prior to the assessments. The research has been conducted 

according to the Helsinki declaration. Every part of the StrokeMRI project has been reviewed 

and approved by the Regional Committee for Medical and Health Research Ethics (South-

East Norway, 2014/694), and by the data protection regulation (personvernombudet) at Oslo 

University Hospital.  
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As the project includes MRI assessments for both patients and healthy controls, all 

MRI images acquired within this project have been reviewed by a neuroradiologist and 

incidental findings that were identified as necessitating further investigation have been 

followed-up as appropriately. The same applies for all clinically relevant information 

collected during the course of this project (data not presented here), such as blood sampling 

and blood pressure. All relevant clinical information that required follow-up were 

communicated to the individual’s general practice upon the participant agreement. 

As the project included extensive testing of stroke patients with potential cognitive 

disabilities, we made sure that everyone included understood the labor-intensity of the project 

prior to signing the consent, as well as throughout their participation. We ensured that 

participation remained voluntarily and that the labor-intensity did not interfere with the well-

being of the patients. In cases where the participation was too demanding, the participant was 

thanked and received their compensation without further examinations. 

The intervention part of the project involved undergoing a cognitive training program, 

which we thought could benefit all patients. Thus, in order to be able to offer the training to 

every patient, we did not include a control group. Instead, we opted to add a double baseline 

assessment to test the effect of time independently of the intervention. Although this design 

provides a sub-optimal control assessment, it allows every participant to have the opportunity 

to benefit from the training.  

The intervention also involved the utilization of tDCS, which is a weak form of brain 

stimulation. Although the potential side-effects associated with tDCS are mild if nonexistent 

(Bikson et al., 2016), we ensured to monitor side-effects during and after each stimulation 

session. One participant reported discomfort that resulted in the discontinuation of 

participation.  

Overall, we made it a priority to ensure proper ethical treatment to every individual 

included in the study. All concerns were discussed and addressed thoroughly.  

Finally, data collection and usage (including analysis, quality assessment, etc.) have 

been performed in a collaborative environment to ensure proper handling. 
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4. SUMMARY OF PAPERS 

4.1 Paper I 

Background. Several studies have shown that DTI and structural T1-weighted images provide 

imaging phenotypes which are highly sensitive to age; however, the age-related patterns are 

complex and heterogeneous both across individuals as well as across regions and measures. 

One way of reducing this complexity is to use machine learning to predict the age of an 

individual and use the discrepancy between the chronological age and the estimated age as the 

relevant phenotype in further analyses. As with all downsampling strategies, brain age 

prediction comes with the potential cost of reduced neuroanatomical specificity. A growing 

number of studies have shown that estimating the age of an individual based on brain images, 

i.e. the brain age, is a sensitive measure of the brain health, with higher age estimations being 

associated with poorer brain health (see e.g. (Cole & Franke, 2017; Kaufmann et al., 2018)). 

In Paper I, in an attempt to balance the trade-off between downsampling and complexity, we 

aimed to explore the sensitivity of modality-specific brain age to cognitive test performance in 

healthy controls in order to leverage the complementarity of different brain measures 

estimated by DTI and structural T1-weighted images.  

Methods. We trained 11 machine-learning models to estimate brain age using various 

combinations of DTI-based indices of white matter properties as well as Freesurfer based 

morphometry in 612 healthy controls aged 18–87 years. For each of the 11 trained models, we 

estimated a brain age in an independent test sample (n = 265, 20–88 years) of healthy 

individuals and tested for associations between each of the BAGs and performance on a range 

of cognitive tests. All BAGs were corrected for age to account for the well documented mean-

bias in age prediction (Le et al., 2018). To increase robustness, we used stringent correction 

for multiple comparison testing by means of false discovery rate (FDR) and Bonferroni 

correction using a factor of 495 (11 BAGs and 45 cognitive measures). 

Main findings. Most models performed fairly well at predicting age in our independent 

sample with a Pearson correlation between predicted age and chronological age ranging from 

r = .86 (95% CI = .82-.89, mean absolute error (MAE) = 6.14) for the most comprehensive 

model combining both DTI and T1 features to r = .58 (95% CI = .49-.65, MAE = 10.24) for 

the model based on area. Our results revealed some significant associations between various 
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BAGs and cognitive performance, indicating poorer performance in individuals with an over-

estimated age for tests such as spatial Stroop and symbol coding. The two strongest 

associations were found between the most comprehensive model based on all features 

combined and spatial Stroop congruent trials and number of responses. 

Conclusions. Brain age prediction models based on various combinations of white matter 

microstructural estimations and brain morphometry show partly differential sensitivity to 

cognitive performance, which show potential for the study of cognitive aging and disease-

related decline in cognitive functions.  

 

4.2 Paper II 

Background. Reduced cognitive functions following stroke are common, pervasive and have 

been negatively associated with life quality and independence. Several interventions have 

been proposed to alleviate cognitive difficulties, such as CCT; however, the literature shows 

divergence in term of beneficial effects. This is partly due to the lack of reliable and sensitive 

measures for monitoring the improvement. Previous studies using brain age prediction based 

on neuroimaging data have shown some promising results at measuring brain integrity in 

health and disease. Here, we tested the feasibility and sensitivity of region-specific 

longitudinal brain age prediction in chronic stroke patients and the hypotheses that brain age 

under-estimation will reflect better cognitive reserve measured by higher cognitive 

performance at baseline and stronger beneficial effects from CCT. 

Methods. We trained 12 ROIs-based brain age prediction models in a sample of 628 healthy 

individuals (age = 18-87) to estimate the age of 54 chronic patients who suffered from mild 

stroke (>6 months since hospital admission) before and after a three-week CCT period in 

combination with either active or sham tDCS in a randomized double-blinded study. For each 

ROI-based BAG (estimated age – chronological age), we tested for associations with 

cognitive performance at baseline, as well as task improvement. Further, we investigated 

whether longitudinal changes in estimated BAG were sensitive to treatment response. All 

BAGs were corrected for age to account for the well documented mean-bias in age prediction 

(Le et al., 2018). To increase robustness, we used stringent correction for multiple comparison 

testing by means of FDR correction.  
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Main findings. Our results support the feasibility and reliability of brain age prediction based 

on automatic brain morphometry in chronic stroke patients as measured longitudinally. 

However, contrary to our hypotheses, we found no significant association between brain age 

gap and both cognitive test performance and response to CCT. 

Conclusions. Although we were unable to demonstrate direct clinical utility of brain age 

prediction in high function chronic stroke patients, we argue that region specific brain age 

models might be as reliable and more informative biomarkers of brain health. Importantly, our 

study highlights the feasibility of automatic brain age prediction in clinical populations by 

documenting minimal impact of lesions on brain age estimations. 

 

4.3 Paper III 

Background. Individuals who suffered from a stroke often show attentional deficits, which 

play an essential role in daily functioning and recovery. High prevalence of attentional 

impairments following stroke might be explained by the distributed functional neuroanatomy 

of the set of processes allowing us to attend to, filter and select among a stream of stimuli. 

This wide set of processes underscores the need for approaches able to measure and model 

attentional sub-processes in a reliable and sensitive way. TVA offers a practical framework to 

assess attentional sub-processes targeting the efficiency of visual selection and parallel 

processing of an array of stimuli. 

Methods. We used cross-sectional data collected from 70 stroke patients and 140 controls 

matched by age and sex of a whole-report version of TVA-based paradigm to test for the 

hypothesis that the patients will show poorer performance. In addition, we used longitudinal 

data collected from 54 stroke patients who underwent six repeated assessments over the 

course of a three-weeks intensive CCT intervention to assess the reliability and the predictive 

value of three TVA parameters reflecting short-term memory capacity (K), processing speed 

(C) and perceptual threshold (t0). 

Main findings. At the group level, our results revealed poorer storage capacity, lower 

processing speed and higher visual threshold in chronic stroke patients compared to age-

matched healthy controls. We estimated high reliability of the TVA parameters in stroke 
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patients across six test sessions, and showed that higher processing speed at baseline was 

associated with larger improvement during the course of CCT. 

Conclusions. We demonstrated the clinical feasibility, reliability and sensitivity of TVA-

based assessment of attentional functions in chronic stroke patients. 
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5. DISCUSSION 

5.1 Main findings 

Each and every one of us are inevitably and constantly aging. With increasing age, several 

cognitive processes, such as processing speed, attention and memory, decline. Preserving 

these cognitive processes is key to maintaining a good quality of life, including independence 

through older age, which is beneficial and necessary not only for the individual, but for 

society as a whole. 

With life expectancy on the rise, the need for developing better preventive approaches 

and treatment programs for patients with age-related brain disorders is increasing. Some 

currently available options are advertised as highly beneficial; however, scientific evidence is 

lacking to support the claims, partly because of the lack of objective measures of their 

effectiveness. 

In an attempt to address this gap in the literature, the three articles presented herein 

aimed to evaluate two candidate markers of brain and cognitive health with focus on their 

reliability and sensitivity at measuring cognitive functions and attentional abilities in chronic 

stroke patients in a longitudinal design, including a period over which they received intensive 

CCT in combination with either active or sham tDCS. More specifically, we explored the 

utility of neuroimaging based brain age estimations as an index of brain health by testing the 

sensitivity to cognitive performance in both healthy individuals (Paper I) and individuals who 

had suffered mild stroke, and response to CCT in stroke patients (Paper II). Given the 

importance of attentional abilities in cognitive rehabilitation, as well as in everyday activities, 

we tested the sensitivity and reliability of candidate behavioral markers of specific cognitive 

and attentional abilities based on a comprehensive theoretical and computational model 

(TVA) as a marker of cognitive performance and response to cognitive training (Paper III). 

Briefly, our results documented high reliability of both brain age prediction and TVA-

based markers of attentional abilities, supporting the feasibility of advanced computational 

approaches based on neuroimaging and behavioral data in a clinical context. Further, the 

results reported in Paper I suggested differential associations between distinct 

conceptualizations of brain age and individual difference in the performance on tests 

assessing various cognitive domains. In particular, individuals with a relative higher brain age 
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compared to their chronological age performed poorer on tests assessing speed of processing, 

supporting the sensitivity and relevance of imaging-based brain age prediction in the study of 

cognitive aging. Importantly, our results highlight the relevance of both modality-specific 

(Paper I) and anatomically-specific (Paper II) brain age estimations in providing a range of 

complementary summary measures, as well as the clinical feasibility of automated brain age 

prediction in clinical populations (Paper II). In addition, we demonstrated clinical feasibility, 

reliability and sensitivity of TVA-based assessment of attentional functions in chronic stroke 

patients (Paper III). Importantly, in line with previous literature, all three studies highlight the 

links between information processing speed, brain health and response to CCT.  

 Taking a step back toward the main objective of the thesis, I will now discuss how the 

results of the three papers herein contribute to the search for markers of brain and cognitive 

health in a more general perspective.  

 

5.2 What are the characteristics of a good “bio-” marker? 

“a characteristic that is objectively measured and evaluated as an indicator of normal 

biological processes, pathogenic processes, or pharmacologic responses to a therapeutic 

intervention.” 

- the National Institute of Health Biomarkers Definitions Working Group, 1998 - 

The overall aim of this thesis has been to contribute to the search for markers of brain and 

cognitive health, and response to cognitive training programs. But which characteristics 

constitute a good marker of brain health? Taking the example of biological markers, or 

biomarkers, can be useful to better understand what are the requirements that need to be 

fulfilled in order for a candidate marker to be “accepted” as a useful marker. For instance, the 

standard cholesterol blood test, including low-density lipoproteins (LDL), high-density 

lipoproteins (HLD) and triglycerides, provides a good screening method to identify 

individuals who will benefit from preventive treatment in order to reduce the risk for 

cardiovascular diseases, such as heart attack and stroke. In the case of cholesterol, blood 

markers are relatively reliable, sensitive and specific. On the other hand, we could present the 

example of C-reactive proteins (CRP) measuring inflammatory markers. Although the test is 

reliable and sensitive to inflammation, it does not constitute a good biomarker due to its lack 
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of specificity, i.e. elevated CRP can indicate a range of different conditions from acute to 

chronic processes – in principle any kind of tissue damage (Nilsson-Ehle, Sönderlund, & 

Theodorsson, 2012). Now, returning to our search for candidate markers of brain and 

cognitive health, finding a “cognitive fingerprint”, i.e. a marker of cognitive health, is highly 

relevant both for informing about normal cognitive aging, but also to identify individual at 

risk for accelerated, or sudden, cognitive decline in order to develop preventive and 

rehabilitation programs. Below, we will discuss the two main candidate markers that have 

been studied in this thesis and how they succeed or failed to fulfill the three fundamental 

characteristics of a clinically relevant marker of cognitive health, namely its reliability, 

sensitivity to the variable of interest and specificity to various conditions. 

 

5.2.1 Is brain age prediction a good marker of cognitive health and response to 

treatment? 

In order to be considered a good marker of brain health, brain age prediction needs to be 

reliable, sensitive to brain integrity and demonstrate specificity to various conditions.  

In Paper II, we assessed reliability of brain age prediction. Two previous longitudinal 

studies have probed the reliability of brain age estimations (Franke & Gaser, 2012; Hogestol 

et al., 2019). In line with these previous publications, our results demonstrated good reliability 

of brain age predictions using three timepoints over a period of a few months in a sample of 

chronic stroke patients. In addition, we demonstrated that both global models, using all brain 

morphometric features available from Freesurfer, and regional ROI-based models showed 

high reliability. 

Another essential characteristic of a clinically relevant marker of brain and cognitive 

health is its sensitivity. In Paper I, we assessed the sensitivity of brain age prediction to 

cognitive abilities in a sample of healthy volunteers (N = 265, 20-88), and in Paper II, we 

assessed the sensitivity to both cognitive performance and response to CCT in a group of 54 

chronic stroke patients. Briefly, our brain age prediction models from both studies 

demonstrated good performance as measured by a relatively low MAE. In addition, we 

demonstrated that some brain age estimation models were sensitive to performance on several 

cognitive tests, mainly related to speed of processing, in a sample of 265 healthy controls 

aged 20 to 88 (Paper I). A recent study (Boyle et al., 2019) also documented associations 

between the estimated age and performance on a range of cognitive tasks, including a wider 
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variety of cognitive tasks. However, we did not find any associations between brain age 

estimations and cognitive performance, nor response to CCT in the sample of patients who 

suffered from a mild stroke aged 47 to 82 (Paper II). Overall, brain age estimation show 

promises; however, the strength of the associations at the group-level does not demonstrate 

sufficient sensitivity to cognitive performance in order to be able to make prediction at the 

individual level.  

In the literature, there is a growing body of research highlighting the sensitivity of 

brain age prediction as an index of brain health (Boyle et al., 2019; Cole & Franke, 2017; 

Cole, Marioni, Harris, & Deary, 2018; Kaufmann et al., 2018); however, the method is 

criticized for being unspecific, i.e. the average over-estimated brain age is relatively similar 

across different disorders (Cole, Marioni, Harris, & Deary, 2019). Indeed, reducing highly 

complex and multidimensional information into a single measure comes at the cost of reduced 

anatomical specificity. In Paper I, in an attempt to conciliate between the usage of an 

informative data-reduction technique and preserving some level of neurobiological 

specificity, we assessed the accuracy and sensitivity of various modality-specific brain age 

estimations obtained from various subsets of DTI data and structural T1-weighted images to 

cognitive test performance in healthy controls. Our results demonstrate that various brain age 

estimations models based on different sub-set of neuroimaging estimates, can provide partly 

differential information, which has the potential to provide more specificity than one single 

global model. Even though using a combination of complementary brain age models brings us 

a step closer to obtain a clinically relevant marker of brain and cognitive health, we are still 

several steps away to be able to move from the group level to the individual level. 

Building on Paper I findings, in Paper II, we explored the associations between global 

and anatomically-specific brain age estimation, and cognitive performance and response to 

CCT in a group of  54 chronic stroke patients. Again, even though our results demonstrated 

good age prediction model performance for most ROI-specific models in a patient population, 

highlighting the feasibility of using a subset of imaging information as opposed to all the 

available information (e.g. to exclude brain regions with lesions), the brain age estimates were 

not associated with individual differences in cognitive performance in our stroke sample, nor 

response to CCT. Moreover, increasing the level of spatial specificity by using ROI-based 

models did not contribute to increased sensitivity to individual differences in cognitive 

performance in this relatively well-functioning and homogenous clinical sample.  
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Together, Paper I and II demonstrates that brain age estimations based on various 

subsets of features presented relatively low shared variance and displayed different sensitivity 

to cognitive performance on various tests (Paper I), suggesting that they might be reflecting 

some party complementary brain processes.  

To sum up, brain age prediction provides some information about the individual’s 

brain health, as demonstrated by the associations between over-estimated brain age and lower 

cognitive performance (also poorer health); however, a global brain age approach does not 

allow us to distinguish between various clinical conditions based on an increased brain age. 

Rather of using one single global brain age, differential regional patterns of brain age gaps 

can better discriminate between various disorders (Kaufmann et al., 2018). This is also the 

status of other neuroimaging marker, such as functional connectivity that has been described 

as a “common fingerprint across distinct pathologies”, i.e. deviance from the norm is sensitive 

to disease in general; yet, we are still steps away from an individualized diagnostic tool 

(Baker et al., 2019; S. C. de Lange et al., 2019; Valsasina, Hidalgo de la Cruz, Filippi, & 

Rocca, 2019). 

 

5.2.2 Is TVA-based assessment a good marker of attentional abilities, cognitive 

performance and response to treatment? 

In Paper III, we demonstrated high reliability for the TVA-based parameters for short-term 

memory capacity, and fairly good reliability for processing speed and perceptual threshold 

across six timepoints in a sample of chronic stroke patients. These findings are in line with the 

literature assessing reliability of the TVA parameters across three sessions in healthy 

individuals (Habekost et al., 2014). 

Moreover, in line with previous studies (Habekost, 2015), our results demonstrate the 

sensitivity of the TVA parameters to detect poorer storage capacity, lower processing speed 

and higher visual threshold in chronic stroke patients compared to age-matched healthy 

controls. In addition, processing speed at baseline was associated with subsequent response to 

CCT, indicating more positive gains in cognitive performance during the course of the 

intervention in individuals with relatively high processing speed at baseline. This is an 

interesting finding since processing speed is also an ability that can be improved with training 

and practice. Again, we showed that at the group level TVA is a sensitive measure of 

attentional abilities. Further, TVA parameters, processing speed in particular, showed both 



 52 

that the measurement is clinically feasible and useful. Nonetheless, by itself this might not 

constitute a sufficient measurement for personalized care, yet it has the potential to provide 

relevant complementary information in combination with other relevant markers. 

Combined, the three papers included in this thesis support the utility of brain age 

prediction and a computational model of visual attention in providing relevant information 

about the individual’s brain health at the group level; however, in order to develop better 

marker of brain health and treatment response for individualized treatment, it is essential to 

combine several markers (Alnaes & Westlye, 2019). 

  

5.3 Methodological considerations  

Several methodological limitations should be taken into consideration when interpreting the 

results reported in Papers I-III. These limitations include the sample studied, the design of the 

study, as well as the methodology used, all limiting the generalizability of our results, and 

highly relevant when discussing the conclusions that can be drawn from our results. 

 

5.3.1 Sample selections 

StrokeMRI healthy controls. It is very difficult to avoid issues with selection bias when 

conducting studies using human volunteers. In general, convenience sampling of healthy 

volunteers is expected to result in a non-random sampling from the normal population 

(Harada et al., 2013), which limits the generalizability of the results. In addition, while we 

aimed to cover the whole age range from 18 to 80+, some age groups are harder to include 

based on their lack of availability due to work, family obligations, among other reasons. Thus, 

some age-groups are under-represented in our sample (See Figure 4). 
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Figure 4. Histogram of the age distribution of the StrokeMRI healthy controls sample used in Paper I. 
 

StrokeMRI patient group. The patient group sampled in this study generally suffered 

from mild stroke (NIHSS score below seven at hospital discharge) and were relatively highly 

functioning; hence, they were generally assumed to have good prognosis, meaning higher 

potential for recovery. This limitation has also been discussed in the respective papers (Paper 

II and III). Basically, our results cannot be generalized to the whole spectrum of the stroke 

population. The lack or limited associations between brain age estimation and cognitive 

performance, or response to CCT, might be partly explained by the selection bias toward the 

higher functioning range of patients. By sampling a broader range of the stroke spectrum, we 

might anticipate stronger associations to cognitive performance and training gain.  

 

5.3.2 Study design 

Cross-sectional data. Cross-sectional design does not allow us to study changes over time, 

but it is possible to study cohort differences, age being one of the possible variables. In paper 

I, cohort differences can confound cross-sectional studies by potentially over- or under-

estimate age associations due to for example different life experiences, nutrition during 

upbringing, education and skill sets (Harada et al., 2013; Hedden & Gabrieli, 2004; Williams 

& Klug, 1996). Further, studying normal aging is problematic by itself since the definition of 

a healthy individual is relative. For instance, some individuals might be wrongly identified as 

healthy due to some not yet diagnosed diseases, or develop a disease over the years. This 
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could hypothetically lead to higher variation in younger age compared to older age based on 

the fact that most diseases develop and get diagnosed before a certain age. Thus, sampling 

older healthy individuals might result in the super-healthy end of the population. 

Intervention study. The design of the intervention part of the StrokeMRI project 

comprises both strengths and limitations. First of all, the intervention was designed to assess 

the additive effect of using tDCS in combination with CCT. Along these lines, the 

randomized double-blind design of the tDCS conditions is adequate; however, the design does 

not allow us to evaluate the effect of CCT due to the lack of appropriate control group. An 

assessment and isolation of the effects of the CCT would preferably require an active control 

group. However, for practical feasibility reasons, this was not an option for the current study. 

Instead, we opted for adding a double baseline assessment, even though this does not allow us 

to disentangle between the effect of time and the effect of CCT. In theory, we could speculate 

that a change of “slope” could potentially reflect the beneficial effect of CCT. In other words, 

we could anticipate a bigger difference (or improvement) on the cognitive tests between the 

second and the third assessment compared to the two first assessments. However, based on 

the learning effect of the test-retest design (Salthouse, 2010a), this conclusion would have 

been speculative, and would require further investigations. Thus, the lack of control group is 

limiting us from testing the effect of CCT itself, which has not been the main focus of either 

Paper II and Paper III.  

The choice, intensity and duration of the CCT program used does not allow us to 

generalize to other training programs. It is conceivable that using another CCT program, or 

training different cognitive abilities might have led to different results. 

Additionally, a common limitation associated with the intervention study is the drop-

out rate. We experienced a relatively low drop-out rate (93% of the participants who 

completed the first CCT session fulfilled the full protocol), yet not every participant 

completed all assessments. Such attrition bias can confound our results in a similar way as 

selection bias, i.e. the group of participants becomes more and more “selective” with repeated 

assessments.  
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5.3.3 Methods 

Brain age prediction. Relevant limitations of brain age prediction based on global MRI 

features have been discussed and addressed in Paper I, namely the lack of neuroanatomical 

specificity. Identifying the sources underlying the algorithms is of great importance and 

highly relevant for the biological interpretation. However, a direct interpretation of the feature 

weights from machine learning algorithms is not straightforward (Nichols et al., 2017). Thus, 

in an attempt to balance the trade-offs between downsampling and specificity, we focused on 

modality-specific (Paper I) and region-specific (Paper II) brain age models. In addition, 

machine learning approaches in general tend to be biased toward the mean, i.e. young 

peoples’ age is generally overestimated and old peoples’ age is generally underestimated (Le 

et al., 2018). To address this common issue, we regressed out age from BAG in both papers, 

as implemented in several recent studies (A.-M. G. de Lange et al., 2019; Hogestol et al., 

2019; Kaufmann et al., 2018; Tønnesen et al., 2019).  

Lack of suggestive measures. An important aspect of clinical intervention is the 

benefits the patients get from it. Although, we did not directly assess subjective experience 

and benefits per se, the discrepancy between benefits as defined by researcher and subjective 

benefits is an interesting discussion point. Although the lack of subjectively measured benefits 

is not necessarily a direct limitation of the current thesis, it would have been a good addition 

to the intervention study itself.  

Lack of motivational measures. A major confounding factor, not necessarily of the 

present thesis, but of the overall intervention project, is the lack of motivational measures. 

Motivation has been shown to be a key factor in recovery, as well as learning in general (Deci 

& Ryan, 2008; Morris, Oliver, Kroll, & Macgillivray, 2012). 
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6. CONCLUDING REMARKS AND FUTURE DIRECTIONS 

Beyond the methodological considerations discussed above, our three empirical studies 

highlight the clinical feasibility of using imaging based automated brain age prediction and a 

behavioral measure of attentional abilities in chronic stroke patients. Although we could not 

demonstrate immediate clinical utility at the level of the individual, our results suggest that 

methods that combine and incorporate multiple variables simultaneously might provide a 

closer proxy of brain health due to the high complexity and multidimensionality of cognitive 

health. 

 To sum up, Paper I demonstrates the potential on combining various models of brain 

age prediction based on different set of features to study cognitive aging and disease-related 

decline in cognitive functions. Paper II suggests that region specific brain age models might 

be as reliable and more informative biomarkers of brain health, and underscores the feasibility 

of automated brain age prediction in clinical populations by documenting minimal impact of 

lesions on brain age estimations. Paper III demonstrates the clinical feasibility of TVA-based 

assessment of attentional functions in chronic stroke patients, and highlight the reliability and 

sensitivity to attentional abilities of three distinct parameters at the group level. 

Overall, our findings suggest that the concept of one single marker of cognitive health 

is too simple, rather we need to incorporate and utilize a range of complementary markers in 

order to move from the group level to the individual level. Thus, exploring a variety of 

markers and their complementarity might bring us a few steps closer to personalized 

prevention or treatments programs to address the ever growing problem of cognitive decline 

associated with aging in health and clinical groups.  
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ABSTRACT
Multimodal imaging enables sensitive measures of the architecture and integrity
of the human brain, but the high-dimensional nature of advanced brain imaging
features poses inherent challenges for the analyses and interpretations. Multivariate
age prediction reduces the dimensionality to one biologically informative summary
measure with potential for assessing deviations from normal lifespan trajectories. A
number of studies documented remarkably accurate age prediction, but the differential
age trajectories and the cognitive sensitivity of distinct brain tissue classes have yet to
be adequately characterized. Exploring differential brain age models driven by tissue-
specific classifiers provides a hitherto unexplored opportunity to disentangle indepen-
dent sources of heterogeneity in brain biology. We trained machine-learning models to
estimate brain age using various combinations of FreeSurfer based morphometry and
diffusion tensor imaging based indices of white matter microstructure in 612 healthy
controls aged 18–87 years. To compare the tissue-specific brain ages and their cognitive
sensitivity, we applied each of the 11 models in an independent and cognitively well-
characterized sample (n= 265, 20–88 years). Correlations between true and estimated
age and mean absolute error (MAE) in our test sample were highest for the most
comprehensive brain morphometry (r = 0.83, CI:0.78–0.86, MAE = 6.76 years) and
white matter microstructure (r = 0.79, CI:0.74–0.83, MAE = 7.28 years) models,
confirming sensitivity and generalizability. The deviance from the chronological age
were sensitive to performance on several cognitive tests for various models, including
spatial Stroop and symbol coding, indicating poorer performance in individuals with
an over-estimated age. Tissue-specific brain age models provide sensitive measures of
brain integrity, with implications for the study of a range of brain disorders.
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INTRODUCTION
Increasing age is a major risk factor for cognitive decline and neurodegeneration, and
deviating lifespan trajectories in brain structure and function is a sensitive marker in several
common neurological and mental disorders (Cole & Franke, 2017). The maturing and aging
brain is highly heterogeneous in term of individual trajectories and in term of brain regions
and mechanisms involved (Fjell et al., 2013; Westlye et al., 2010b). Understanding the
individual determinants and heterogeneity of the developing and aging brain is imperative
for identifying persons at risk for various brain disorders, and for developing and applying
effective and targeted treatments.

Exploring different modalities acquired by magnetic resonance imaging (MRI) provides
a powerful tool to investigate age-related differences in both gray- and white-matter tissue
classes across brain regions. However, the richness and complexity of the information
provided by advanced imaging pipelines challenges its interpretation. Together, the
multifactorial age-related variability and the richness of imaging measures have motivated
the development of biologically informative summary measures based on brain imaging
data. Using machine learning to estimate the biological age of the brain based on
neuroimaging data is one such approach (Cole & Franke, 2017;Cole et al., 2018b;Kaufmann
et al., 2018). Deviation from the normative trajectory is a highly relevant biomarker for
the integrity of the brain in healthy and clinical populations (Marquand et al., 2016;
Wolfers et al., 2018). Brain age gap is a heritable trait showing regionally specific genetic
overlaps with major brain disorders, including schizophrenia and multiple sclerosis
(Kaufmann et al., 2018), and accumulating evidence supports increased brain age in
several clinical groups, including patients with schizophrenia (Kaufmann et al., 2018;
Schnack et al., 2016), Alzheimer’s disease (Amoroso et al., 2017; Kaufmann et al., 2018),
HIV (Cole et al., 2017; Kuhn et al., 2018), multiple sclerosis (Kaufmann et al., 2018), and
cardiovascular risk factors (Franke et al., 2013;Habes et al., 2016). Indeed, while individuals
with brains estimated as younger than their chronological age have been shown to be more
physically active (Steffener et al., 2016), augmented brain age has been associated with
poor health (Ronan et al., 2016), poor cognitive performance (Liem et al., 2017), early
neurodegenerative diseases (Gaser et al., 2013), and increased mortality (Cole et al., 2018a).
Less is known about the biological and regional heterogeneity, i.e., to which degree
different brain regions, systems or compartments show differential aging patterns and
sensitivity to cognitive performance. Brain gray and white matter compartments, which
can be assessed and quantified using T1-weighted imaging and diffusion tensor imaging
(DTI), respectively, comprise distinct tissue classes with largely differential biological and
environmental modifiers and age trajectories (Bennett et al., 2010; Cao et al., 2017; Fjell et
al., 2013; Salat et al., 2005; Storsve et al., 2014; Westlye et al., 2010a; Westlye et al., 2010b).
Therefore, allowing for differential brain age models for these distinct classes provides an
opportunity to disentangle independent sources of heterogeneity in brain aging.

Thus, to identify common and unique aging patterns with potentially differential
sensitivity to cognitive function, we aimed to test the complementary value of tissue-specific
prediction by comparing brain age estimated using different combinations of FreeSurfer
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based morphometric measures (regional cortical thickness, surface area and volume) and
white matter microstructure (DTI based fractional anisotropy and mean, radial and axial
diffusivity) across the brain. Based on previous studies on brain aging, we expected high
accuracy and generalizability of the age prediction models (Cole & Franke, 2017). Since
tissue specific brain age models capture biologically distinct information, we anticipated
that the different FreeSurfer based brain morphometry and white matter microstructure
models would only partly reflect common variance, and therefore provide complementary
information with differential sensitivity to cognitive performance. Given that brain age
predictions might be sensitive to the overall integrity of the brain (Liem et al., 2017), we
anticipated that adult individuals in the targeted age range who show and over-estimated
brain age would also show lower cognitive performance, in particular among the elderly,
and that the tissue-specific brain age models would show partly differential cognitive
sensitivity.

To ensure generalizability, we trained the models in a large publicly available training
set (n= 612, 18–87 years) and validated their performance using 10-fold cross-validation
before applying to an independent and well characterized test set (n= 265, 20–88 years).
We assessed the cognitive sensitivity using linear and non-linear models with performance
on a range of paper-and-pencil and computerized tests comprising different large-scale
cognitive domains (processing speed, executive functioning, working memory, attention,
and general intellectual abilities) and cognitive scores based on computational models
as dependent variables and age, sex and brain age gap (BAG, estimated brain age minus
chronological age) as independent variables. For transparency, we report results both at an
uncorrected level and corrected using false discovery rate (FDR) and Bonferroni methods
to control the error rate.

MATERIAL AND METHODS
Figure 1 displays a flowchart of the main analysis pipeline. Table 1 summarizes key
demographics. We included data from healthy volunteers from two independent
cohorts: (1) the Cambridge Centre for Ageing and Neuroscience (Cam-CAN) sample
(http://www.mrc-cbu.cam.ac.uk/datasets/camcan/; Shafto et al., 2014; Taylor et al., 2017)
and (2) StrokeMRI, which is an ongoing study on the determinants of stroke recovery,
brain health and successful aging (Dorum et al., 2016; Dorum et al., 2017). Figure 2 shows
the age distribution for each sample. The distribution of age (t = −2.09, p= 0.037) and
sex (χ2(1) = 10.92, p< 0.001) differed between samples.

Volunteers were recruited to Cam-CAN through a large-scale collaborative research
project funded by the Biotechnology and Biological Sciences Research Council (BBSRC,
grant number BB/H008217/1), the UK Medical Research Council and University of
Cambridge. For more information, see http://www.cam-can.org. Among the 650 datasets
made available, 17 were excluded based on missing or poor quality DTI data and 21 due to
poor T1-weighted data quality. Data from the remaining 612 individuals (age 18–87, mean
= 54.41, SD = 18.26, 314 females) were included.

Healthy individuals were recruited to StrokeMRI through advertisement in newspapers,
social media and word-of-mouth. All participants completed a comprehensive cognitive
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Figure 1 Flowchart of the main analysis pipeline.
Full-size DOI: 10.7717/peerj.5908/fig-1

assessment, multimodal MRI and blood sampling for clinical biochemical analysis,
various biomarkers and genotyping. MRI and cognitive assessments were performed
on two subsequent days. Exclusion criteria included history of stroke, dementia, or other
neurologic and psychiatric diseases, alcohol- and substance abuse, medications significantly
affecting the nervous system and counter indications for MRI. In addition, individuals
scoring lower than 25 on the Montreal Cognitive Assessment (MoCA; Nasreddine et al.,
2005) were assessed for inclusion based on their age, level of education and performance
on other cognitive tests. No participants were excluded based on a single low score.
A neuroradiologist reviewed all scans and 14 participants with clinically significant
abnormalities were excluded. Additional exclusion criteria included missing or incomplete
MRI or cognitive data (n = 2), or poor quality images (n = 20). The remaining 265
participants (age 20–88, mean = 56.95, SD = 14.84, 168 females) were included in further
analyses. The study was approved by the Regional Committee for Medical and Health
Research Ethics (South-East Norway, REK 2014/694), and conducted in accordance with
the Helsinki declaration. All subjects signed an informed consent prior to participating
and received a compensation for their participation.

Cognitive assessment in StrokeMRI
Cognitive performance was assessed with a set of neuropsychological and computerized
tests assumed to be sensitive to cognitive aging, including the MoCA, the vocabulary
and matrix subtests of the Wechsler Abbreviated Scale of Intelligence (WASI; Wechsler,
1999), the California Verbal Learning Test (CVLT-II; Delis et al., 2000), and the Delis-
Kaplan Executive Function System (D-KEFS) color word interference test (Stroop; Delis,
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Table 1 Demographics and cognitive information.

Cam-CAN StrokeMRI
Mean (SD)

Range (IQR) Main effect age
t (p)

Main effect sex
t (p)

Total N (% females) 612 (51.3%) 265 (63.4%)
Mean age (SD) 54.41 (18.26) 56.95 (14.84)
Age range 18–87 20–88
MoCA – 27.60 (1.72) 21–30 (2) −4.57 (<0.001)** −2.32 (0.021)
WASI words – 65.27 (6.60) 44–79 (10) 4.72 (<0.001)** 0.10 (0.920)
WASI matrix – 25.39 (5.64) 7–35 (6) −7.60 (<0.001)** −0.28 (0.776)
CVLT learning 1-5 – 48.92 (11.37) 17–73 (15.5) −5.05 (<0.001)** −5.26 (<0.001)
CVLT interference – 5.53 (2.15) 0–13 (3) −4.33 (<0.001)** −0.41 (0.681)
CVLT recall – 10.83 (3.42) 0–16 (5) −6.50 (<0.001)** 5.94 (<0.001)
CVLT delayed recall – 11.39 (3.44) 0–16 (5) −4.97 (<0.001)** −5.51 (<0.001)
CVLT recognition hit – 14.70 (1.50) 8–16 (2) −2.62 (0.0093)* −2.68 (0.008)
CVLT recognition errors – 3.79 (3.92) 0–18 (4) 5.22 (<0.001)** 4.18 (<0.001)
CVLT recog misses – 1.30 (1.49) 0–8 (2) 2.62 (0.0093)* 2.68 (0.008)
CVLT recog false alarm – 2.46 (3.48) 0–18 (3) 4.45 (<0.001)** 3.59 (0.0004)
CVLT recog correct rejection – 44.20 (3.92) 30–48 (4) −5.22 (<0.001)** −4.18 (<0.001)
CVLT d′ – 2.97 (0.72) 0.97–3.90 (1.11) −5.01 (<0.001)** −4.50 (<0.001)
STROOP 1 – 31.14 (5.66) 21–50 (7) 5.05 (<0.001)** 2.44 (0.015)
STROOP 2 – 22.12 (3.49) 14–35 (4) 2.89 (0.004)* 2.27 (0.024)
STROOP 3 – 55.86 (14.13) 10–108 (15) 7.55 (<0.001)** 2.97 (0.003)
STROOP 4 – 61.74 (14.85) 33–117 (19) 7.51 (<0.001)** 1.77 (0.078)
STROOP mean 1 and 2 – 26.54 (4.16) 18.5–42 (5) 4.47 (<0.001)** 2.47 (0.014)
STROOP 3 minus mean 1 and 2 – 81.94 (16.51) 34.5–145 (18.5) 7.31 (<0.001)** 3.02 (0.003)
STROOP 4 minus mean 1 and 2 – 87.64 (16.73) 53.5–142 (24) 7.52 (<0.001)** 1.85 (0.066)
CP—Right motor speed – 79.56 (23.34) 34–153 (32) −12.25 (<0.001)** −0.36 (0.716)
CP—Left motor speed – 81.36 (17.80) 39–131 (26) −12.07 (<0.001)** 0.20 (0.842)
CP—FAS Phonological flow – 54.70 (14.53) 14–95 (19.75) −0.61 (0.541) −2.58 (0.011)
CP—FAS Semantic flow – 51.00 (10.14) 27–81 (13) −2.93 (0.004)* −3.93 (<0.001)
CP—Visual WM forward ls – 4.23 (1.01) 2–7 (2) −5.31 (<0.001)** 0.29 (0.774)
CP—Visual WM forward ss – 5.45 (1.87) 1–10 (3) −6.59 (<0.001)** −0.25 (0.803)
CP—Visual WM backward ls – 3.80 (1.28) 0–8 (1) −4.60 (<0.001)** −1.85 (0.065)
CP—Visual WM backward ss – 4.56 (2.08) 0–12 (3) −5.48 (<0.001)** −1.02 (0.309)
CP—Visual WM ss – 9.96 (3.57) 1–21 (4) −7.04 (<0.001)** −0.95 (0.342)
CP—Spatial stroop congruent (ms) – 674.42 (132.77) 410–1159 (181) 8.52 (<0.001)** −1.03 (0.304)
CP—Spatial stroop incongruent (ms) – 929.52 (198.01) 462–1827 (269) 9.41 (<0.001)** −0.75 (0.451)
CP—Spatial stroop Errors – 2.17 (2.41) 0–11 (3) 0.73 (0.463) 1.59 (0.113)
CP—Spatial stroop numb of reps – 119.63 (16.64) 55–166 (22) −9.67 (<0.001)** 1.23 (0.219)
CP—Spatial stroop incong–cong (ms) – 252 (110) 20–678 (134.5) 5.73 (<0.001)** −0.68 (0.498)
CP—Spatspan ls – 5.37 (1.78) 1–10 (2) −9.12 (<0.001)** −4.88 (<0.001)
CP—Spatspan tot – 29.87 (12.43) 3–55 (18) −9.28 (<0.001)** −4.66 (<0.001)

(continued on next page)
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Table 1 (continued)

Cam-CAN StrokeMRI
Mean (SD)

Range (IQR) Main effect age
t (p)

Main effect sex
t (p)

CP—Coding corr – 54.50 (12.11) 24–88 (16) −16.69 (<0.001)** −2.46 (0.015)
CP—Coding error – 0.67 (0.99) 0–5 (1) −1.10 (0.271) 1.56 (0.121)
TVA—Short-term memory storage (K ) – 3.38 (0.77) 1.46–5.53 (1.09) −7.75 (<0.001)** −1.52 (0.129)
TVA—Processing speed (C) – 31.55 (14.07) 5.99–89.67 (14.75) −4.69 (<0.001)** 0.41 (0.6847)
TVA—Perceptual threshold (t 0) – 23.01 (14.05) 0–79.75 (17.59) 5.72 (<0.001)** −1.94 (0.053)
TVA—Error rate – 0.10 (0.06) 0.0035–0.3316 (0.0983) −1.35 (0.177) 0.67 (0.502)
Cluster 1 – – – −7.19 (<0.001)** −5.16 (<0.001)
Cluster 2 – – – −7.28 (<0.001)** 1.61 (0.110)
Cluster 3 – – – −2.01 (0.045)* −3.99 (<0.001)
Cluster 4 – – – −9.98 (<0.001)** 1.25 (0.212)
Cluster 5 – – – −6.86 (<0.001)** −2.56 (0.011)
Cluster 6 – – – −15.79 (<0.001)** −1.08 (0.282)
Cluster 7 – – – −6.50 (<0.001)** −0.77 (0.440)

Notes.
*Significant associations between cognitive measures with age after FDR correction.

**Significant associations between cognitive measures with age after Bonferroni correction.
IQR, interquartile range; MoCA, Montreal Cognitive Assessment; WASI, Wechsler Abbreviated Scale of Intelligence; CVLT, California Verbal Learning Test; STROOP,
Delis-Kaplan Executive Function System (D-KEFS) color word interference test; CP, CabPad; WM, working memory; TVA, Theory of Visual Attention; ls, longest serie; ss,
sum scores; tot, total.

Figure 2 Histogram of the age distribution for each sample.
Full-size DOI: 10.7717/peerj.5908/fig-2

Kaplan & Kramer, 2001). We included several computerized tests from the Cognitive
Assessment at Bedside for iPAD (CABPad; Willer et al., 2016), including motor speed,
verbal fluency (phonological and semantic), working memory, spatial Stroop (executive
control of attention), spatial attention span, and symbol digit coding tests. In addition, in
order to assess the specificity of cognitive associations using computation modeling, we
included three mathematically independent parameters based on the Theory of Visual
Attention (TVA; Bundesen, 1990; Bundesen & Habekost, 2008), including short-term
memory storage (K ), processing speed (C), perceptual threshold (t 0). These parameters
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based on computational modeling of response patterns have been shown to be sensitive to
age, brain structure and function in healthy individuals (Espeseth et al., 2014; Wiegand et
al., 2018) and a range of brain disorders (Habekost, 2015; Habekost & Starrfelt, 2009). Here,
we used a TVA-based modeling of a whole report (Sperling, 1960), in which six letters
were briefly presented for different exposure durations and the participant’s task was to
accurately report as many letters as possible. Task error rate was also assessed (i.e., number
of incorrect letters out of reported letters).

MRI acquisition
Cam-CAN participants were scanned on a 3T Siemens TIM Trio scanner with a 32-
channel head-coil at Medical Research Council (UK) Cognition and Brain Sciences Unit
(MRC-CBSU) in Cambridge, UK. DTI data was acquired using a twice—refocused spin
echo sequence with the following parameters a repetition time (TR) of 9,100 ms, echo
time (TE) of 104 ms, field of view (FOV) of 192 × 192 mm, voxel size: 2 mm3, 66 axial
slices using 30 directions with b= 1000 s/mm2, 30 directions with b= 2000 s/mm2, and 3
b= 0 images (Shafto et al., 2014). Only the b= [0,1000] were used in the current analysis.
High-resolution 3D T1-weighted data was acquired using a magnetization prepared rapid
gradient echo (MPRAGE) sequence with the following parameters: TR: 2,250 ms, TE: 2.99
ms, inversion time (TI): 900 ms, flip angle: 9◦, FOV of 256 × 240 × 192 mm; voxel size =
1 mm3 isotropic, GRAPPA acceleration factor of 2, scan time 4:32 min (Shafto et al., 2014).

StrokeMRI participants were scanned on a 3T GE 750 Discovery MRI scanner with
a 32-channel head coil at Oslo University Hospital. Paddings were used to reduce head
motion. DTI data were acquired using an echo planar imaging (EPI) sequence with the
following parameters: TR/TE/flip angle: 8,150 ms/83.1 ms/90◦, FOV: 256 × 256 mm, slice
thickness: 2 mm, in-plane resolution: 2 mm, 60 directions (b= 1000 s/mm2) and 5 b= 0
volumes, scan time: 8:58 min. In addition, 7 b= 0 volumes with reversed phase-encoding
direction were acquired. High-resolution T1-weighted data was acquired using a 3D
IR-prepared FSPGR (BRAVO) with the following parameters: TR: 8.16 ms, TE: 3.18 ms,
flip angle: 12◦, voxel size: 1× 1× 1 mm, FOV: 256 × 256 mm, 188 sagittal slices, scan time:
4:43 min.

DTI processing and analysis
Diffusion MRI data from both samples were processed locally using the Oxford Center
for Functional Magnetic Resonance Imaging of the Brain (FMRIB) Software Library (FSL)
(http://www.fmrib.ox.ac.uk/fsl). To correct for geometrical distortions, motion and eddy
currents, data were preprocessed using topup (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/topup)
and eddy (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/eddy) respectively (Andersson, Skare &
Ashburner, 2003; Smith et al., 2004). Topup uses information from the reversed phase-
encoded image, resulting in pairs of images (blip-up, blip-down) with distortions going in
opposite directions. From these image pairs the susceptibility-induced off-resonance field
was estimated and the two images were combined into a single corrected one (Andersson,
Skare & Ashburner, 2003; Smith et al., 2004). This step was performed on StrokeMRI data
only. Eddy detects and replaces slices affected by signal loss due to bulk motion during
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diffusion encoding, which is performed within an integrated framework along with
correction for susceptibility induced distortions, eddy currents and motion (Andersson &
Sotiropoulos, 2016). Although these processing steps have been shown to strongly increase
the temporal signal-to-noise ratio (tSNR) (Doan et al., 2017), we performed additional
visual inspection to identify and remove poor quality data, such as data that failed the
processing steps due to low quality.

Fractional anisotropy (FA), eigenvector, and eigenvalue maps were calculated using
dtifit in FSL. Mean diffusivity (MD) was defined as the mean of all three eigenvalues, radial
diffusivity (RD) as the mean of the second and third eigenvalue, and axial diffusivity (AD)
as the principal eigenvalue.

Voxelwise analysis of FA, MD, AD and RD were carried out using Tract-Based Spatial
Statistics (TBSS; Smith et al., 2006), part of FSL (Smith et al., 2004). First, all subjects’
FA data were aligned to a common space using the nonlinear registration tool FNIRT
(Andersson, Jenkinson & Smith, 2007a; Andersson, Jenkinson & Smith, 2007b). Next, the
mean FA image was created and thinned to create a mean FA skeleton, which represents
the centers of all tracts common to all participants. Each subject’s aligned FA data was
then projected onto this skeleton and the resulting data fed into voxelwise cross-subject
statistics. The same warping and skeletonization was repeated for MD, AD and RD. We
thresholded and binarized the mean FA skeleton at FA > 0.2. For each individual, we
calculated the mean skeleton FA, MD, AD and RD, as well as mean values within 23
regions of interest (ROIs) based on two probabilistic white matter atlases provided with
FSL, i.e., the CBM-DTI-81 white-matter labels atlas and the JHU white-matter tractography
atlas (Hua et al., 2008; Mori et al., 2005; Wakana et al., 2007), yielding a total of 96 DTI
features per individual.

T1 processing
T1-weighted images from both samples were processed using FreeSurfer 5.3 (http:
//surfer.nmr.mgh.harvard.edu; Dale, Fischl & Sereno, 1999) including brain extraction,
intensity normalization, automated tissue segmentation, generation of white and pial
surfaces (Dale, Fischl & Sereno, 1999). All reconstructions were visually assessed and edited
by trained research personnel where appropriate. The reconstructions that failed the
corrections were excluded from further analysis, such as data with excessive movement
artefacts. Cortical parcellation was performed using the Desikan–Killiany atlas (Desikan
et al., 2006; Fischl et al., 2004) and subcortical segmentation was performed based on a
probabilistic atlas (Fischl et al., 2002). In addition to global features (intracranial volume,
total surface area, whole-cortex mean thickness), mean thickness, total surface area, and
volume for each cortical ROI, as well as the volume of subcortical structures were computed
yielding a set of 251 FreeSurfer based features.

Age prediction
Eleven different models were trained to estimate age based on the feature sets described
above (one based on FreeSurfer T1 features, one based on WM DTI features, one including
all T1 and DTI features, in addition to eight models based on a smaller subset of features,
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including models based on FA, MD, AD, RD, sub-cortical volume, volume, area and
thickness to further explore the modality specificity of the estimations).

Due to systematic differences in brain features between scanners (Madan, 2017) as
well as non-linear effects of age, we regressed out main effects of scanner using linear
models including age, age squared, sex and scanner for each feature, and used the
fitted data in further analysis for brain age prediction. In addition, we regressed out
the estimated total intracranial volume from the area and volume features. Next, for
each model, we created a training data matrix by concatenating all the features for all
participants in the training sample (Cam-CAN), which were used as input to estimate
age. We used the xgboost framework in R (http://xgboost.readthedocs.io/en/latest/R-
package/xgboostPresentation.html), an efficient and scalable implementation of gradient
boosting machine learning techniques, to build the prediction models. The following
parameters were used: learning rate (eta) = 0.1, nround = 5,000, gamma = 1, max_depth
= 6, subsample = 0.5. To estimate the performance of our models, we used a 10-fold
cross-validation procedure within the training sample and repeated the cross-validation
step 1,000 times to provide a robust estimate of model predictive accuracy. Next, we tested
the performance of our trained models by predicting age in unseen healthy subjects in the
test sample (StrokeMRI).

For each feature set, we calculated the correlation between the predicted and the
chronological age as a measure of the model performance, in addition to the mean
absolute error (MAE, in years). For each individual, we calculated the discrepancy between
the estimated and the chronological age, i.e., the BAG, for each model. The MAE was
calculated from the BAG for each model. Since we were interested in the effect of BAG
independently of age, the effect of age was regressed out for each BAG using linear models.

Statistical analysis
Statistical analysis was performed using R (R Core Team, 2017). For cognitive data, we
used outlierTest from the car package (Fox & Weisberg, 2011) to identify the most extreme
observations based on a linear model, including age and sex. Twenty-five observations
were identified as outliers and treated as missing values based on a Bonferroni corrected
p< 0.05. To visualize the associations between the cognitive tests and to form cognitive
domain scores based on the correlation patterns, we performed hierarchical clustering
using the default setting of the heatmap.2 package in gplots (Warnes et al., 2016), which
uses hclust (Müllner, 2013) to form clusters based on the complete linkage method. Briefly,
this is a step-wise clustering process that merges the two nearest clusters until only one
single cluster remains, maximizing distance between individuals components between two
clusters.

For each cognitive measure and summary score based on the clusters formed form
the clustering step above, we used linear models to test for the effect of age and sex.
Since cognitive performance may show non-linear associations with age, we performed
an additional analysis including both age and age2 in the models. Then, for each test
showing a significant association with age, we tested whether adding BAG to the models
lead to an improved model fit. More specifically, we tested for differential associations with
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cognitive function by comparing the parameter estimates for the different BAG models
using Fisher z-transformation. To test the assumption that increased BAG is more relevant
for cognitive function among the elderly, we tested for age by BAG interactions on cognitive
performance. For transparency, we report both uncorrected p-values and p-values adjusted
using FDR (Benjamini & Hochberg, 1995; Wright, 1992) and Bonferroni correction using a
factor of 495 (11 brain gaps and 45 cognitive features).

RESULTS
Brain age prediction
Ten-fold cross-validation on the training sample (Cam-CAN) revealed high correlations
between chronological and predicted age for the DTI based white matter microstructure
(r = 0.87) and FreeSurfer basedmorphometric (r = 0.88)models. Likewise, the correlations
for FA (r = .76), MD (r = .80), AD (r = .83), RD (r = 78), sub-volume (r = .84), volume
(r = .80), area (r = .70) and thickness (r = .79) based models also confirmed reasonable
model performance.

Most models accurately predicted age in the independent test set (StrokeMRI). Figure 3A
shows a correlation matrix for the 11 BAGs. Figure 3B shows the correlations between
the chronological age and the predicted age in the test sample for each model with their
confidence intervals, ranging from (r = .86, CI:.82–.89, MAE = 6.14) for the combined
model to r = .58 (CI:.49–.65, MAE = 10.24) for the model based on area. Figure 3C is
described below. Figures 3D to 3F show the estimated age from the three models that
performed best among the 11 feature sets, i.e., the combined DTI and T1 feature models
(r = .86, CI:.82–.89, MAE = 6.14), the 251 FS T1 features (r = .83, CI:.78–.86, MAE =
6.76), and the 96 WM DTI features (r = .79, CI:.74–.83, MAE = 7.28).

Cognitive assessments and associations with BAGs in StrokeMRI
Figure 4 shows a correlation matrix across all normalized cognitive scores with the variables
sorted according to the hierarchical clustering used in the main analysis. Several variables
were highly correlated, and the clustering solution generally suggested seven broad cognitive
domains including (Cluster 1) memory and learning (CVLT, attention span, MoCA),
(Cluster 2) visual processing speed (TVA processing speed and perceptual threshold),
(Cluster 3) verbal skills (phonological and semantic flow), (Cluster 4) attentional control
and speed (spatial Stroop), (Cluster 5) executive control and speed (color-word Stroop),
(Cluster 6) reasoning and psychomotor speed (matrix, symbol coding and motor speed,
short-term memory storage (TVA-parameter K )), and (Cluster 7) working memory.
Table 1 summarizes descriptive statistics and associations with age and sex for each of
the 49 cognitive scores, derived features and domain scores. Linear models revealed
45 significant associations with age after correcting for multiple comparisons, with the
strongest effect sizes for the symbol coding test, motor speed, spatial Stroop and spatial
attention span. Since non-linear models revealed significant associations with age2 only
with the color word Stroop 3 (inhibition) and its derived scores (See Table S1), the main
models presented here are linear in order to keep the model to its simplest form.
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Figure 3 Comparison between the 11 BAGmodels. (A) Heatmap of the correlation between different
BAGs. (B) Correlations between the chronological age and the predicted age in the test sample for each
model with their confidence intervals. (C) Mean and standard error of the 45 p-values (−log10(p)) for
the cognitive scores and composite scores for each row (i.e., BAGs), with a higher mean representing a
stronger global association across tests. (D) Correlation between the chronological age of each subjects
and the combined age, (E) the brain morphometry age, and (F) the white matter microstructure age.

Full-size DOI: 10.7717/peerj.5908/fig-3

Table 2 shows summary statistics for the associations between cognitive performance
and BAG using linear models, including age and sex as covariates. Figure 5 shows a heatmap
of the association between cognitive scores and brain age gaps for which the significant
associations have been marked with an asterisk. Table S1 and Fig. S1 shows the summary
statistics and the heatmap of the associations between cognitive performance and BAG
using non-linear models. Figure 3C shows the mean and standard error of the 45 p-values
(−log10(p)) for the cognitive scores and composite scores for each row (i.e., BAGs), with a
higher mean representing a stronger cumulative association across tests.

Figure 6 shows a scatter plot of the two strongest associations, which were found between
the most comprehensive model (all features combined) and spatial Stroop congruent trials
and number of responses, respectively, indicating poorer performance with higher BAG.
Fisher z-transformation revealed no statistically significant differences in the cognitive
associations between linear models using tissue-specific BAG. No significant interactions
were found between BAG and age on cognitive performance.

DISCUSSION
Brain aging is highly heterogeneous, and expanding our understanding of the biological
determinants of human aging is imperative for reducing the burden of age-related cognitive
decline and neurodegenerative disorders. An estimate of an individual’s deviation from
the expected lifespan trajectory in brain structure and function may provide a sensitive

Richard et al. (2018), PeerJ, DOI 10.7717/peerj.5908 11/27



Figure 4 Hierarchical clustering of the cognitive features. Each cognitive score was normalized and
when required the scores were multiplied by −1 to ensure that positive scores represent good perfor-
mance. The higher panel shows the dendrogram resulting from the hierarchical clustering of the scores in
seven cognitive domains. Table S2 provides detailed overview of all abbreviations used.

Full-size DOI: 10.7717/peerj.5908/fig-4

measure of individual brain integrity and health, both in presumably healthy individuals
and in patients suffering from various brain disorders.

The biological heterogeneity of the brain strongly suggests that the concept of a single
brain age is too simple, and that tissue-specific brain age models may provide increased
sensitivity and specificity in relation to cognitive and mental functions. In line with this
view, our main findings demonstrate that different combinations of FreeSurfer based
brain morphometry and DTI based white matter microstructural indices can be used to
accurately predict the age of individuals, but that the shared variance from the different
models suggest that they reflect partly non-overlapping processes of brain aging. Further, the
results revealed partly differential sensitivity to cognitive performance; with the strongest
cumulative associations across cognitive tests for brain age gaps estimated using RD. Even
though our data provide no strong evidence of independent associations with cognitive
performance in the current sample of healthy individuals, tissue specific age prediction
models might better inform us about the individual determinants and heterogeneity of
the aging brain compared to models collapsing several brain compartments by potentially
capturing distinct measures of brain aging.
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Table 2 Cognitive associations with BAG—statistics.

Test Adj R2

no-BAG
BAG Main effect age

t (p)
Main effect sex
t (p)

Main effect BAG
t (p)

Adj R2

MoCA 0.0907 T1 −4.5596 (<0.001) −2.3145 (0.021) −0.124 (0.901) 0.0878
DTI −4.5599 (<0.001) −2.3155 (0.021) 1.5914 (0.113) 0.0966
Combined −4.5653 (<0.001) −2.3176 (0.021) −0.4626 (0.644) 0.0885

WASI words 0.0731 T1 4.7118 (<0.001) 0.1020 (0.919) −0.2169 (0.828) 0.0704
DTI 4.7056 (<0.001) 0.1121 (0.911) −0.8126 (0.417) 0.0727
Combined 4.7091 (<0.001) 0.1041 (0.917) −0.4827 (0.630) 0.0711

WASI matrix 0.1791 T1 −7.6061 (<0.001) −0.2785 (0.781) −0.9158 (0.361) 0.1793
DTI −7.6610 (<0.001) −0.2624 (0.793) −1.6546 (0.099) 0.1854
Combined −7.6128 (<0.001) −0.2726 (0.785) −1.1102 (0.268) 0.1806

CVLT learning 1-5 0.1810 T1 −5.0373 (<0.001) −5.2514 (<0.001) −0.2505 (0.802) 0.1750
DTI −5.0418 (<0.001) −5.2533 (<0.001) −0.3608 (0.719) 0.1753
Combined −5.0387 (<0.001) −5.2522 (<0.001) −0.2492 (0.803) 0.1750

CVLT interference 0.0664 T1 −4.3256 (<0.001) −0.4062 (0.685) −0.9588 (0.339) 0.0626
DTI −4.3218 (<0.001) −0.4104 (0.682) −0.2391 (0.811) 0.0594
Combined −4.3202 (<0.001) −0.4101 (0.682) −0.1875 (0.851) 0.0594

CVLT recall 0.2438 T1 −6.4897 (<0.001) −5.9257 (<0.001) −0.4868 (0.627) 0.2397
DTI −6.4885 (<0.001) −5.9257 (<0.001) −0.1245 (0.901) 0.2391
Combined −6.5080 (<0.001) −5.9373 (<0.001) −1.1114 (0.268) 0.2427

CVLT delayed recall 0.1850 T1 −4.9636 (<0.001) −5.4973 (<0.001) 0.1421 (0.887) 0.1808
DTI −4.9611 (<0.001) −5.4969 (<0.001) 0.224 (0.823) 0.1809
Combined −4.9655 (<0.001) −5.4954 (<0.001) −0.3038 (0.762) 0.1810

CVLT recognition hits 0.0494 T1 −2.6125 (0.010) −2.6822 (0.008) −0.8586 (0.391) 0.0486
DTI −2.6144 (0.010) −2.6786 (0.008) 0.0946 (0.925) 0.0459
Combined −2.6212 (0.009) −2.6854 (0.008) −1.0724 (0.285) 0.0501

CVLT recognition errors 0.1526 T1 5.2227 (<0.001) 4.1850 (<0.001) −0.8471 (0.398) 0.1528
DTI 5.2115 (<0.001) 4.1755 (<0.001) −0.5651 (0.573) 0.1514
Combined 5.2139 (<0.001) 4.1740 (<0.001) −0.2537 (0.800) 0.1506

CVLT recog misses 0.0494 T1 2.6125 (0.010) 2.6822 (0.008) 0.8586 (0.391) 0.0486
DTI 2.6144 (0.010) 2.6786 (0.008) −0.0946 (0.925) 0.0459
Combined 2.6212 (0.009) 2.6854 (0.008) 1.0724 (0.285) 0.0501

CVLT recog false alarm 0.1150 T1 4.4519 (<0.001) 3.5827 (<0.001) −0.776 (0.439) 0.1146
DTI 4.4378 (<0.001) 3.5803 (<0.001) −0.5207 (0.603) 0.1134
Combined 4.4418 (<0.001) 3.5788 (<0.001) −0.3488 (0.728) 0.1129

CVLT recog correct rejection 0.1526 T1 −5.2227 (<0.001) −4.1850 (<0.001) 0.8471 (0.398) 0.1528
DTI −5.2115 (<0.001) −4.1755 (<0.001) 0.5651 (0.573) 0.1514
Combined −5.2139 (<0.001) −4.1740 (<0.001) 0.2537 (0.800) 0.1506

CVLT d’ 0.1566 T1 −5.0074 (<0.001) −4.4914 (<0.001) 0.3628 (0.717) 0.1536
DTI −5.0021 (<0.001) −4.4969 (<0.001) 0.8538 (0.394) 0.1556
Combined −5.0038 (<0.001) −4.4902 (<0.001) 0.1699 (0.865) 0.1533

STROOP 1 0.1118 T1 5.1466 (<0.001) 2.4999 (0.013) 2.6939 (0.008) 0.1299
(continued on next page)
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Table 2 (continued)

Test Adj R2

no-BAG
BAG Main effect age

t (p)
Main effect sex
t (p)

Main effect BAG
t (p)

Adj R2

DTI 5.0968 (<0.001) 2.4769 (0.014) 1.6664 (0.097) 0.1147
Combined 5.2111 (<0.001) 2.5317 (0.012) 3.3767 (<0.001)* 0.1434

STROOP 2 0.0477 T1 2.8868 (0.004) 2.2619 (0.025) 0.1557 (0.876) 0.0433
DTI 2.8768 (0.004) 2.2489 (0.025) −0.4639 (0.643) 0.0440
Combined 2.8949 (0.004) 2.2713 (0.024) 0.4976 (0.619) 0.0442

STROOP 3 0.2104 T1 7.5930 (<0.001) 2.9898 (0.003) 1.5092 (0.133) 0.2109
DTI 7.6511 (<0.001) 3.0224 (0.003) 2.231 (0.027) 0.2190
Combined 7.6793 (<0.001) 3.0233 (0.003) 2.5768 (0.011) 0.2240

STROOP 4 0.1887 T1 7.5403 (<0.001) 1.7884 (0.075) 1.2397 (0.216) 0.1906
DTI 7.5847 (<0.001) 1.8121 (0.071) 1.7368 (0.084) 0.1953
Combined 7.6387 (<0.001) 1.8247 (0.069) 2.3662 (0.019) 0.2033

STROOP mean 1 and 2 0.0949 T1 4.5089 (<0.001) 2.5033 (0.013) 1.5875 (0.114) 0.0978
DTI 4.4750 (<0.001) 2.4760 (0.014) 0.3927 (0.695) 0.0894
Combined 4.5432 (<0.001) 2.5399 (0.012) 2.0254 (0.044) 0.1034

STROOP 3 minus mean 1 and 2 0.2051 T1 7.3383 (<0.001) 3.0427 (0.003) 1.1397 (0.256) 0.2021
DTI 7.3613 (<0.001) 3.0703 (0.002) 1.3546 (0.177) 0.2038
Combined 7.4197 (<0.001) 3.1063 (0.002) 2.1881 (0.030) 0.2130

STROOP 4 minus mean 1 and 2 0.1936 T1 7.5360 (<0.001) 1.8671 (0.063) 0.8763 (0.382) 0.1919
DTI 7.5297 (<0.001) 1.8697 (0.063) 0.6331 (0.527) 0.1907
Combined 7.6081 (<0.001) 1.9215 (0.056) 1.7531 (0.081) 0.1993

CP—Right motor speed 0.3695 T1 −12.2893 (<0.001) −0.3592 (0.720) −1.5504 (0.122) 0.3676
DTI −12.2318 (<0.001) −0.3612 (0.718) −0.3435 (0.732) 0.3620
Combined −12.3125 (<0.001) −0.3587 (0.720) −1.8139 (0.071) 0.3697

CP—Left motor speed 0.3630 T1 −12.1437 (<0.001) 0.2100 (0.834) −1.9945 (0.047) 0.3634
DTI −12.0669 (<0.001) 0.2081 (0.835) −0.8704 (0.385) 0.3555
Combined −12.2516 (<0.001) 0.2149 (0.830) −2.9047 (0.004) 0.3740

CP—FAS Semantic flow 0.0840 T1 −2.9562 (0.003) −3.9454 (<0.001) −2.0826 (0.038) 0.0960
DTI −2.9607 (0.003) −3.9388 (<0.001) −2.0997 (0.037) 0.0963
Combined −2.9513 (0.004) −3.9389 (<0.001) −1.8308 (0.068) 0.0926

CP—Visual WM forward ls 0.0936 T1 −5.3071 (<0.001) 0.2850 (0.776) −0.5838 (0.560) 0.0906
DTI −5.3392 (<0.001) 0.2963 (0.767) −1.7204 (0.087) 0.0999
Combined −5.3059 (<0.001) 0.2853 (0.776) −0.3127 (0.755) 0.0897

CP—Visual WM forward ss 0.1416 T1 −6.5795 (<0.001) −0.2502 (0.803) −0.2158 (0.829) 0.1375
DTI −6.6000 (<0.001) −0.2448 (0.807) −1.1695 (0.243) 0.1420
Combined −6.5786 (<0.001) −0.2496 (0.803) −0.02 (0.984) 0.1373

CP—Visual WM backward ls 0.0852 T1 −4.5941 (<0.001) −1.8511 (0.065) −0.1047 (0.917) 0.0820
DTI −4.6170 (<0.001) −1.8545 (0.065) −1.3334 (0.184) 0.0884
Combined −4.6051 (<0.001) −1.8550 (0.065) −0.8013 (0.424) 0.0843

CP—Visual WM backward ss 0.1022 T1 −5.4741 (<0.001) −1.0181 (0.310) −0.2721 (0.786) 0.1015
DTI −5.4971 (<0.001) −1.0179 (0.310) −1.3043 (0.193) 0.1072
Combined −5.4898 (<0.001) −1.0215 (0.308) −1.0074 (0.315) 0.1048

(continued on next page)
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Table 2 (continued)

Test Adj R2

no-BAG
BAG Main effect age

t (p)
Main effect sex
t (p)

Main effect BAG
t (p)

Adj R2

CP—Visual WM ss 0.1607 T1 −7.0322 (<0.001) −0.9515 (0.342) −0.3013 (0.763) 0.1591
DTI −7.0622 (<0.001) −0.9511 (0.342) −1.3634 (0.174) 0.1649
Combined −7.0399 (<0.001) −0.9528 (0.342) −0.6665 (0.506) 0.1603

CP—Spatial stroop congruent 0.2288 T1 8.6156 (<0.001) −1.0080 (0.314) 2.1921 (0.029) 0.2288
DTI 8.6687 (<0.001) −1.0021 (0.317) 2.6995 (0.007) 0.2362
Combined 8.8278 (<0.001) −0.9828 (0.327) 3.9007 (<0.001)** 0.2588

CP—Spatial stroop incongruent 0.2548 T1 9.5489 (<0.001) −0.7429 (0.458) 2.6569 (0.008) 0.2700
DTI 9.5931 (<0.001) −0.7587 (0.449) 2.8817 (0.004) 0.2735
Combined 9.7197 (<0.001) −0.7378 (0.461) 3.8071 (<0.001)** 0.2903

CP—Spatial stroop numb of reps 0.2731 T1 −9.7755 (<0.001) 1.2211 (0.223) −2.2212 (0.027) 0.2753
DTI −9.8507 (<0.001) 1.2328 (0.219) −2.9614 (0.003) 0.2859
Combined −9.9891 (<0.001) 1.2198 (0.224) −3.8816 (<0.001)** 0.3027

CP—Spatial stroop incong–cong 0.1012 T1 5.7663 (<0.001) −0.6595 (0.510) 1.5611 (0.120) 0.1134
DTI 5.7466 (<0.001) −0.6678 (0.505) 0.9705 (0.333) 0.1081
Combined 5.7568 (<0.001) −0.6584 (0.511) 1.2056 (0.229) 0.1099

CP—Spatspan ls 0.3055 T1 −9.1038 (<0.001) −4.8656 (<0.001) −0.032 (0.975) 0.3009
DTI −9.1746 (<0.001) −4.9104 (<0.001) −1.5749 (0.117) 0.3077
Combined −9.1043 (<0.001) −4.8663 (<0.001) −0.075 (0.940) 0.3009

CP—Spatspan total 0.3057 T1 −9.2664 (<0.001) −4.6439 (<0.001) 0.1074 (0.915) 0.3024
DTI −9.3260 (<0.001) −4.6815 (<0.001) −1.3773 (0.170) 0.3076
Combined −9.2686 (<0.001) −4.6461 (<0.001) −0.0612 (0.951) 0.3024

CP—Coding corr 0.5387 T1 −16.7647 (<0.001) −2.5004 (0.013) −1.6149 (0.108) 0.5352
DTI −17.0893 (<0.001) −2.5467 (0.012) −3.3998 (<0.001)* 0.5510
Combined −17.0071 (<0.001) −2.5604 (0.011) −3.0056 (0.003) 0.5467

TVA—Short-term memory storage (K ) 0.2013 T1 −7.7691 (<0.001) −1.5196 (0.130) −1.1179 (0.265) 0.1981
DTI −7.8117 (<0.001) −1.5383 (0.125) −2.0302 (0.043) 0.2070
Combined −7.7525 (<0.001) −1.5195 (0.130) −0.9537 (0.341) 0.1970

TVA—Perceptual threshold (t 0) 0.0764 T1 5.7303 (<0.001) −1.9470 (0.053) 0.9617 (0.337) 0.1141
DTI 5.7333 (<0.001) −1.9444 (0.053) 1.1066 (0.270) 0.1152
Combined 5.7523 (<0.001) −1.9587 (0.051) 1.8346 (0.068) 0.1226

TVA—Processing speed (C) 0.1304 T1 −4.6692 (<0.001) 0.3969 (0.692) 0.8093 (0.419) 0.0723
DTI −4.6800 (<0.001) 0.4053 (0.686) 0.1402 (0.889) 0.0699
Combined −4.6827 (<0.001) 0.3944 (0.694) 0.8916 (0.374) 0.0728

Cluster 1 0.2470 T1 −7.1741 (<0.001) −5.1567 (<0.001) −0.1927 (0.847) 0.2440
DTI −7.1623 (<0.001) −5.1410 (<0.001) 0.3683 (0.713) 0.2443
Combined −7.1805 (<0.001) −5.1641 (<0.001) −0.3879 (0.699) 0.2443

Cluster 2 0.1720 T1 −7.2680 (<0.001) 1.6030 (0.110) −0.1013 (0.919) 0.1687
DTI −7.2785 (<0.001) 1.6062 (0.110) −0.6549 (0.513) 0.1701
Combined −7.2740 (<0.001) 1.6104 (0.109) −0.6382 (0.524) 0.1700

Cluster 3 0.0698 T1 −2.0177 (0.045) −3.9824 (<0.001) −0.8103 (0.419) 0.0686
DTI −2.0337 (0.043) −3.9969 (<0.001) −1.84 (0.067) 0.0783
Combined −2.0185 (0.045) −3.9877 (<0.001) −0.9765 (0.330) 0.0697

(continued on next page)
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Table 2 (continued)

Test Adj R2

no-BAG
BAG Main effect age

t (p)
Main effect sex
t (p)

Main effect BAG
t (p)

Adj R2

Cluster 4 0.2783 T1 −10.1319 (<0.001) 1.2314 (0.219) −2.5436 (0.012) 0.2937
DTI −10.1479 (<0.001) 1.2377 (0.217) −2.5207 (0.012) 0.2933
Combined −10.3013 (<0.001) 1.2196 (0.224) −3.6163 (<0.001)* 0.3113

Cluster 5 0.1772 T1 −6.8872 (<0.001) −2.5902 (0.010) −1.1084 (0.269) 0.1779
DTI −6.8667 (<0.001) −2.5805 (0.010) −0.5825 (0.561) 0.1750
Combined −6.9577 (<0.001) −2.6481 (0.009) −1.9103 (0.057) 0.1858

Cluster 6 0.5092 T1 −15.9345 (<0.001) −1.1148 (0.266) −1.8971 (0.059) 0.5145
DTI −15.9719 (<0.001) −1.1080 (0.269) −2.0875 (0.038) 0.5160
Combined −16.0156 (<0.001) −1.1196 (0.264) −2.459 (0.015) 0.5193

Cluster 7 0.1399 T1 −6.4852 (<0.001) −0.7736 (0.440) −0.3433 (0.732) 0.1369
DTI −6.5210 (<0.001) −0.7689 (0.443) −1.6007 (0.111) 0.1452
Combined −6.4926 (<0.001) −0.7759 (0.439) −0.63 (0.529) 0.1379

Notes.
*FDR significant.

**Bonferroni significant.
MoCA, Montreal Cognitive Assessment; WASI, Wechsler Abbreviated Scale of Intelligence; CVLT, California Verbal Learning Test; STROOP, Delis-Kaplan Executive Func-
tion System (D-KEFS) color word interference test; CP, Cognitive Assessment at Bedside for iPAD (CabPAD); WM, working memory; TVA, Theory of Visual Attention; ls,
longest serie; ss, sum scores; tot, total.

Brain age prediction
For the age prediction models, our results demonstrated that the 11 different combinations
of FreeSurfer based morphometric measures (regional cortical thickness, surface area and
volume) and white matter microstructure features (diffusion tensor imaging (DTI) based
fractional anisotropy and mean, radial and axial diffusivity) across the brain age models
accurately predicted the age of an individual with a mean absolute error between 6.14 and
10.23 years. Brain morphometry and white matter microstructure models had a MAE of
6.76 and 7.28 respectively, which correspond with previous publications (Cole et al., 2016;
Han et al., 2014; Valizadeh et al., 2017). In general, combining features and modalities
increased the performance, and the highest performing model included a combination
of both brain morphometry and white matter microstructure (mean absolute error of
6.14 years). Moreover, the correlations between the different brain age gaps suggested a
relatively low level of shared variance (mean correlation = 0.51, SD = 0.13). Together
these findings support the notion that tissue specific brain age models capture biologically
distinct information. This is in line with the characteristic lifespan patterns of global linear
decreases in gray matter volume and the nonlinear trajectories of total white matter volume
and DTI based metrics of white matter microstructure (Cox et al., 2016; Fjell et al., 2013;
Ge et al., 2002; Liu et al., 2017; Raz et al., 2010; Westlye et al., 2010b), highlighting that the
different compartments carry unique biological information and that combining different
modalities lead to a better estimation of the age of individuals (Cherubini et al., 2016; Liem
et al., 2017; Madan & Kensinger, 2018).

Cognitive associations
We performed a comprehensive cognitive assessment of the test sample, confirming
previous evidence of substantial age-related differences in cognitive performance across
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Figure 5 Heatmap of the association between cognitive scores and brain age gaps. The color scale de-
picts the minus log of the p-values (−log10(p)) for each association. The association marked with a small
star represents significant associations after FDR correction, and the one marked with a big star shows sig-
nificant associations after Bonferroni correction. Table S2 provides detailed overview of all abbreviations
used.

Full-size DOI: 10.7717/peerj.5908/fig-5

Figure 6 Scatter plots of the 2 strongest associations between cognitive measures and BAG. (A) Asso-
ciation between Spatial stroop congruent reaction time and BAG. (B) Association between Spatial stroop
number of responses and BAG. The color gradient represents the age where lighter color is assigned to
older individuals, and darker color to younger individuals. All associations indicate worse performance
with higher brain age gap.

Full-size DOI: 10.7717/peerj.5908/fig-6
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a range of tests and domains. Hierarchical clustering of the cognitive features indicated a
characteristic pattern of covariance, largely reflecting broad cognitive domains, including
memory and learning, visual processing speed, verbal skills, attentional and executive
control, reasoning and psychomotor speed, and working memory. Ninety percent of the
included cognitive features showed age-differences, with the largest effect sizes observed
for speed-based measures, such as symbol coding test, which measures mental and visuo-
motor speed (Willer et al., 2016). This is in line with the well-established literature on
age-related decline in information processing speed in healthy aging (Bennett et al., 2010;
Craik & Salthouse, 2008; Harada, Natelson Love & Triebel, 2013). Importantly, not only
tasks measuring reaction time, but also various TVA measures based on computational
modeling, such as short-term memory storage (K ), processing speed (C), and perceptual
threshold (t 0) showed strong associations with age, in line with previous studies (Espeseth et
al., 2014; Habekost, 2015; Habekost et al., 2013; McAvinue et al., 2012; Wiegand et al., 2018).

Based on the assumption that brain age captures variance related to the integrity of the
brain, we anticipated that adults with an over-estimated age would show lower cognitive
performance, and that the tissue-specific brain age models would show partly differential
sensitivity. To test these hypotheses, we used linear models to explore the associations
between cognitive performance and BAG, with age and sex as covariates, and directly
compared the parameter estimates from the different brain age models. We found a
significant association between performance on several tests and BAG beyond the age
associations, indicating lower performance in individuals with higher BAG. Briefly, one
significant association was found for WM DTI, five for combined BAG, two for the sub-
volume, one for the RD and one for the MD BAG. The strongest associations were found
with the spatial Stroop congruent trials, and number of responses. These findings support
that the deviance between the estimated age and the chronological age captures relevant
biological information regarding the cognitive performance of an individual. Whereas we
found no significantly different associations between brain age models, the association
with symbol digit coding test was only seen for WM DTI BAG, while associations with
Stroop 3 and 4 were observed only for sub-volume BAG, suggesting some specificity that
should be investigated in future studies including larger samples and a broader spectrum
of mental health, cognitive and brain phenotypes, both across healthy and clinical samples.
We speculate that the contributions of the different modalities in predicting age and the
associations with both cognitive performance, but also age-related illnesses vary across
the age-span, as it does during maturational age (Brown et al., 2012). Thus, future studies
might benefit from investigating modality specific brain-age estimation using specific age
range, including children and adolescents.

Limitations
The present findings do not come without limitations. First, although reducing the
dimensionality of complex brain imaging data to a biologically informative brain age is
a powerful method to assess deviations from normal lifespan trajectories in brain health,
findings from this data reduction method are limited in specificity. Here, we attempted
to both reduce the complexity of the information while keeping some modality specificity
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measured by different MRI parameters. Finding a balance between specificity and precision
represents an interesting challenge for future studies. Moreover, causality and individual
level trajectories cannot be established based on cross-sectional data. Therefore, future
longitudinal studies are needed to inform us about the relevance of the differential
trajectories of the tissue-specific brain age prediction with implications for the study
of a range of brain disorders. Next, although the age distribution of the test sample is
irrelevant for the individual prediction accuracy, the relative overrepresentation of older
individuals in the test sample is a limitation when investigating interactions between BAG
and age. Thus, although the lack of brain by BAG interactions on cognitive function did
not support our hypothesis that increased BAG is more relevant for cognitive function
among the elderly, future studies including individuals across a broader age range and
range of function are needed to characterize the lifespan dynamics in the associations
between brain and behavior. More specifically, including children and adolescents would
be necessary to characterize the transition between development and aging, i.e., the point
of inflection from which the sign of the effects are assumed to change, an important
phase that requires further investigations. Moreover, although we covered a relatively
broad spectrum of structural brain features, the link between imaging based indices of
brain structure and brain function is elusive, and brain age models including other brain
imaging features, including functional measures, might provide a sensitive supplement to
the current models. Lastly, whereas the results showed some numerical differences in the
cognitive sensitivity of the different combinations of FreeSurfer based morphometry and
white matter microstructure models, these differences were not statistically significant, and
the hypothesis that tissue specific models provide increased specificity in terms of cognitive
associations remains to be further explored in future studies.

In conclusion, we have demonstrated that models based on different combinations of
brain morphometry and white matter microstructural indices provide partly differential
information about the aging brain, emphasizing the relevance of tissue-specific brain age
models in the study of brain and mental function in health and disease.
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Supplementary Table 1 







Table S1. Cognitive associations with Brain Age Gap (BAG) using non-linear models, including 
age, age2 and sex as covariates – statistics. * FDR significant ** Bonferroni significant. MoCA: 
Montreal Cognitive Assessment. WASI: Wechsler Abbreviated Scale of Intelligence. CVLT: 
California Verbal Learning Test. STROOP: Delis-Kaplan Executive Function System (D-KEFS) 
color word interference test. CP: Cognitive Assessment at Bedside for iPAD (CabPAD). WM: 
working memory. TVA: Theory of Visual Attention. ls: longest serie. ss: sum scores. tot: total. 



Supplementary Table 2 

Abbreviations  Descriptions  

MoCA Montreal Cognitive Assessment 

WASI Word WASI – Vocabulary subscale 

WASI Matrix WASI – Matrix Reasoning subscale 

CVLT SUM 1 5 CVLT- sum of raw scores learning 1-5 

CVLT Interf CVLT interference 

CVLT Um Recall  CVLT immediate recall 

CVLT Delayed R CVLT delayed recall  

CVLT Rec Hit  CVLT recognition hit 

CVLT cr CVLT recognition correct rejection 

CVLT Rec Error CVLT recognition errors total  

CVLT miss CVLT recognition misses (omissions) 

CVLT fa CVLT recognition false alarm (commissions) 

CVLT dprime CVLT d-prime 

Stroop1 time STROOP 1 color naming  (time) 

Stroop2 time STROOP 2 reading  (time) 

Stroop3 time STROOP 3 inhibition (time) 

Stroop4 time STROOP 4 inhibition  / switching (time) 

Stroop1 2avg STROOP mean time 1 and 2 

Stroop3 minus1 2avg STROOP 3 minus mean time of STROOP1 and 2 

Stroop4 minus1 2avg STROOP 4 minus mean time of STROOP1 and 2 

CP tap right CP – Right finger tap motor speed 

CP tap left CP – Left finger tap motor speed 

CP fas fon flow CP – FAS Phonological flow 

CP fas sem flow CP – FAS Semantic flow 

CP wm forward ls CP – Visual working memory forward longest sequence completed  

CP wm forward ss CP – Visual working memory forward sum score 



Table S2. List of abbreviations used in Figure 4, 5 and S1. WASI= Wechsler Abbreviated Scale 
of Intelligence, CLVT= California Verbal Learning Test, STROOP= Delis-Kaplan Executive 
Function System (D-KEFS) color word interference test, CP= Cognitive Assessment at Bedside 
for iPAD (CabPAD), TVA= Theory of Visual Attention.  

CP wm backward ls CP – Visual working memory backward longest sequence completed 

CP wm backward ss CP – Visual working memory backward sum score 

CP wm ss  CP – Visual working memory sum score 

CP stroop congruent rt CP – Spatial stroop congruent reaction time (ms) 

CP stroop incongruent rt CP – Spatial stroop incongruent reaction time (ms) 

CP stroop errors CP – Spatial stroop Errors 

CP stroop num of reps CP – Spatial stroop number of responses 

CP stroop diff incong cong CP – Spatial stroop incongruent minus congruent (ms) 

CP spatspan ls CP – Visual spatial span longest sequence competed  

CP spatspan tot CP – Visual Spatial span total 

CP coding corr CP – Coding number of correct responses  

TVA K TVA – Short-term memory storage (K) 

TVA C TVA – Processing speed (C) 

TVA t0 TVA – Perceptual threshold (t0) 

TVA ErrorRate TVA – Error rate 



Supplementary Figure 1 

Figure S1. Heatmap of the association between cognitive scores and brain age gaps using non-
linear models, including age, age2 and sex as covariates. The color scale depicts the minus log of 
the p-values (-log10(p)) for each association. The association marked with a small star represents 
significant associations after FDR correction, and the one marked with a big star shows 
significant associations after Bonferroni correction. Suppl. table S2 provides detailed overview 
of all abbreviations used. 
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Abstract 

Cognitive deficits are important predictors for outcome, independence and quality of life after 

stroke, but often remain unnoticed and unattended because other impairments are more 

evident. Computerized cognitive training (CCT) is among the candidate interventions that 

may alleviate cognitive difficulties, but the evidence supporting its feasibility and 

effectiveness is scarce, partly due to the lack of tools for outcome prediction and monitoring. 

Magnetic resonance imaging (MRI) provides candidate markers for disease monitoring and 

outcome prediction. By integrating information not only about lesion extent and localization, 

but also regarding the integrity of the unaffected parts of the brain, advanced MRI provides 

relevant information for developing better prediction models in order to tailor cognitive 

intervention for patients, especially in a chronic phase. 

Using brain age prediction based on MRI based brain morphometry and machine 

learning, we tested the hypotheses that stroke patients with a younger-appearing brain relative 

to their chronological age perform better on cognitive tests and benefit more from cognitive 

training compared to patients with an older-appearing brain. In this randomized double-blind 

study, 54 patients who suffered mild stroke (>6 months since hospital admission, NIHSS<7 

at hospital discharge) underwent 3-weeks CCT and MRI before and after the intervention. In 

addition, patients were randomized to one of two groups receiving either active or sham 

transcranial direct current stimulation (tDCS). We tested for main effects of brain age gap 

(estimated age – chronological age) on cognitive performance, and associations between 

brain age gap and task improvement. Finally, we tested if longitudinal changes in brain age 

gap during the intervention were sensitive to treatment response. Briefly, our results suggest 

that longitudinal brain age prediction based on automated brain morphometry is feasible and 

reliable in stroke patients. However, no significant association between brain age and both 

performance and response to cognitive training were found. 
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Keywords 

Computerized cognitive training, transcranial direct current stimulation, magnetic resonance 

imaging, brain age prediction, cerebral stroke, T1 

 

Introduction 

Stroke is among the most common causes of acquired cognitive disabilities during adulthood, 

with a projected increase in prevalence over the next decades due to the aging population 

(Feigin et al. 2014; Feigin et al. 2017). Despite recent reductions in stroke-related mortalities, 

largely due to major improvements in acute health care and treatment (Zhang et al. 2012) 

many stroke survivors suffer from long-term and pervasive cognitive deficits (Barbay et al. 

2018; Barker-Collo et al. 2010; Cumming et al. 2014; Haacke et al. 2006; Nakling et al. 

2017; Patel et al. 2002) that often remain unnoticed by the health care system due to its 

typically delayed manifestation (Jacova et al. 2012; Kalaria et al. 2016). 

Previous studies and treatment programs have largely targeted patients in the acute 

and sub-acute phase, as it has been assumed that recovery and cognitive rehabilitation are 

more likely to be successful during a limited time window following the insult (Zucchella et 

al. 2014). Whereas the temporal aspects of cognitive interventions following stroke is 

important, evidence suggests that recovery can also occur in chronic stages, i.e. years after 

the insult (Berthier et al. 2011; Moss & Nicholas 2006). As a result, there is an increasing 

need for developing and validating tools that can be used to predict long-term outcome and 

for monitoring of the effects of cognitive rehabilitation after stroke (Hope et al. 2013).  

Advanced neuroimaging techniques based on magnetic resonance imaging (MRI) 

offer a range of candidate markers for disease monitoring and outcome prediction. In addition 

to providing detailed information about the localization and extent of the lesion, which 

represent key clinical information in the acute phase, imaging techniques allow for a 
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characterization of the structural and functional integrity of the whole brain, including areas 

not directly damaged by the stroke (Kalaria et al. 2016; Werden et al. 2017). This information 

is highly relevant in a cognitive rehabilitation context, where the potential for improvement 

and recovery are not only defined by the lesion itself, but by the integrity and efficiency of 

the unaffected brain regions (Ihle-Hansen et al. 2014). Further, it is widely acknowledged 

that the brain systems supporting cognitive functions are broadly distributed, supporting a 

network-based conceptualization of the functional neuroanatomy of cognitive functions. 

Hence, lesions in widely different parts of the brain may result in overlapping cognitive 

symptoms, depending on the brain networks involved (Guggisberg et al. 2019). A direct 

implication of this is that both the degree of cognitive impairment and the individual potential 

for improvement in response to intervention may be less dependent on the exact 

characteristics of the lesion than the structural integrity of the unaffected brain networks.  

Here, we test this concept by utilizing multivariate brain age prediction using machine 

learning and sensitive measures of brain morphometry. Briefly, combining a wide array of 

informative brain imaging features in a prediction model allows for an accurate prediction of 

the age of an unseen individual (Franke et al. 2012; Franke et al. 2010). The degree to which 

the model under- or over-estimate the individual’s age has been shown to be sensitive to a 

variety of health- related characteristics, including cognitive function and mortality (Boyle et 

al. 2019; Cole & Franke 2017; Cole et al. 2018; Richard et al. 2018), and brain age prediction 

using MRI data has recently been shown to be sensitive both to the clinical manifestation and 

polygenic risk of various brain disorders (Høgestøl et al. 2019a; Kaufmann et al. 2018).  

Based on the notion that brain age prediction offers a sensitive summary measure of 

brain health and integrity, we first tested whether brain age is sensitive to cognitive function 

in chronic stroke patients. Next, to assess the predictive value of brain age prediction in a 

cognitive rehabilitation context, we tested if brain age prior to the intervention is associated 
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with response to an intensive computerized cognitive training (CCT) program. As a follow-

up analysis to a previous study (Kolskår et al. 2019) reporting no robust beneficial effects of 

transcranial direct brain stimulation (tDCS) on cognitive improvement, we assessed if any 

beneficial effects of tDCS (active vs sham) would be dependent on brain age. Finally, we 

tested to which degree longitudinal changes in brain age during the course of the intervention 

are sensitive to treatment response. We hypothesized that (1) brain age prediction would 

constitute a reliable and sensitive method for characterizing individual level brain health. We 

further anticipated that (2) patients with a relatively low brain age (which may imply higher 

cognitive or brain reserve) would show better cognitive function at baseline, and (3) would 

show larger improvements in task performance. Lastly, to the extent that intensive cognitive 

training shows beneficial effects on cognitive performance and the brain (Engvig et al. 2010), 

we hypothesized that (4) cognitive gains would be reflected in longitudinal changes in brain 

age during the course of the intervention.  

We tested these hypotheses in a group of 54 chronic patients who suffered mild stroke 

(> 6 months since hospital admission, NIHSS < 7 at hospital discharge) invited to take part in 

a randomized, double blind study aimed to test the utility of tDCS in combination with CCT 

to improve cognitive performance following stroke (Kolskår et al. 2019; Ulrichsen et al. 

2019). For unbiased brain age prediction, we utilized a large independent training set, and 

employed stringent procedures for multiple comparison correction to increase the robustness 

of the results.  

 

Materials and methods  

Table 1 summarizes key clinical and demographic information for the patient group. Patients 

were recruited with the main aim of testing the clinical feasibility of combining CCT and 

tDCS to improve cognitive function in chronic stroke patients. Description of the extent and 
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localization of individual patient lesions, as well as recruitment procedures are detailed in 

(Kolskår et al. 2019). Briefly, patients admitted to the Stroke Unit at Oslo University Hospital 

and at Diakonhjemmet Hospital, Oslo, Norway during 2013-2016 were invited to participate 

through letters. Stroke was defined as any form of strokes of either ischemic or hemorrhagic 

etiology; transient ischemic attacks (TIA) were excluded. Additional exclusion criteria 

included MRI contraindications and other neurological diseases diagnosed prior to the stroke.  

Approximately 250 patients responded to the letter, of which 72 completed the first 

assessment and 54 patients completed the full protocol; including three MRI brain scan 

sessions, three sessions with cognitive assessments, one EEG assessment, and seven CCT 

sessions in addition to 10 CCT sessions performed at home.  

Four patients were excluded from the analysis in the current study. Two were 

excluded based on poor quality or incomplete MRI data, one based on incomplete cognitive 

assessment at baseline and one due to lack of confirmed stroke. The remaining 68 patients 

were included in the brain age estimation and associations with baseline cognitive 

performance (age = 24.3-81.8, mean = 67.98, SD = 10.24, 19 females). All 54 patients who 

completed the training sessions were included in the remaining analyses (age = 47.8-82.0, 

mean = 69.72, SD = 7.46, 14 females).  

 

 Training sample 

Cam-CAN 

 Test sample 

StrokeMRI 

Baseline 

 

 

Longitudinal 

 

 Healthy controls  Stroke patients  Stroke patients  

 Mean (SD) Range Mean (SD) Range Mean (SD) Range 

Total N (% 

females) 

628 (51.6%)  68 (27.9%)  54 (25.9%)  

Age 54.2 (18.3) 18-87 67.98 (10.24) 24.3-81.8 69.72 (7.46) 47.8-82.0 

Education (in 

years) 

- - 14.32 (3.78) 7-30 14.38 (3.75) 9-30 

MMSE1 - - 27.91 (1.97) 22-30 28.00 (1.87) 22-30 
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MoCA1 - - 25.70 (3.15) 14-30 25.92 (2.77) 17-30 

 Months since stroke 26.67 (9.13) 6-45 25.74 (9.17) 6-45 

  NIHSS2 1.31 (1.52) 0-7 1.33 (1.53) 0-7 

TOAST classification for ischemic stroke3 Large artery artherosclerosis (23)  

Cardioembolism (7) 

Small vessel occlusion (21) 

Other (17) 

 

Large artery artherosclerosis (20)  

Cardioembolism (6) 

Small vessel occlusion (18) 

Other (10) 

 

Stroke location Right (30) 

Left (22) 

Brain stem / Cerebellum (9) 

Bilateral (7) 

Right (23) 

Left (18) 

Brain stem / Cerebellum (8) 

Bilateral (5) 

 
Table 1. Demographics and sample characteristics. 1MMSE and MoCA scores at inclusion. 2NIHSS 
score at hospital discharge. 3One patient had intracerebral hemorrhage (Kolskår et al. 2019; Ulrichsen 
et al. 2019).  
 

Training set for brain age prediction   

The healthy controls used as training set for the age prediction model were obtained from the 

Cambridge Centre for Ageing and Neuroscience (Cam-CAN) sample (http://www.mrc-

cbu.cam.ac.uk/datasets/camcan/; (Shafto et al. 2014; Taylor et al. 2017)). Briefly, volunteers 

were recruited to Cam-CAN through a large-scale collaborative research project funded by 

the Biotechnology and Biological Sciences Research Council (BBSRC, grant number 

BB/H008217/1), the UK Medical Research Council and University of Cambridge. For more 

information, see http://www.cam-can.org. Data from 628 individuals (age = 18-87, mean = 

54.2, SD = 18.3, 324 females) were included in the training set (Richard et al. 2018). 

 

Cognitive assessment at baseline 

Similar to our recent study (Richard et al. 2018), cognitive performance at baseline was 

assessed with a set of neuropsychological and computerized tests assumed to be sensitive to 

cognitive aging, including the Montreal Cognitive Assessment (MoCA; Nasreddine et al. 

2005), the vocabulary and matrix subtests of the Wechsler Abbreviated Scale of Intelligence 

(WASI; Wechsler 1999), the California Verbal Learning Test (CVLT-II; Delis et al. 2000), 
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and the Delis-Kaplan Executive Function System (D-KEFS) color word interference test 

(Stroop; Delis et al. 2001). We included several computerized tests from the Cognitive 

Assessment at Bedside for iPAD (CABPad; Willer et al. 2016), including motor speed, verbal 

fluency (phonological and semantic), working memory (forward and backward memory 

span), spatial Stroop (executive control of attention), spatial attention span, and symbol digit 

coding tests. Further, a computerized test based on the Theory of Visual Attention (TVA; 

Bundesen 1990; Bundesen & Habekost 2008; Dyrholm et al. 2011) provided measures of 

visual short-term memory capacity (K), processing speed (C), and perceptual threshold (t0). 

Several variables were highly correlated, and we used the clustering solution from Richard et 

al. (2018), which included seven broad cognitive domains. Cluster 1 reflected memory and 

learning (CVLT, attention span, MoCA), cluster 2 visual processing speed (TVA-parameters 

C and t0), cluster 3 verbal skills (phonological and semantic flow), cluster 4 attentional 

control and speed (spatial Stroop), cluster 5 executive control and speed (color-word Stroop), 

cluster 6 reasoning and psychomotor speed (matrix, symbol coding and motor speed, visual 

short-term memory capacity (TVA-parameter K)), and cluster 7 working memory (forward 

and backward memory span). Briefly, the clusters were computed using normalized sum 

scores of highly correlated test scores. Prior to calculating summary scores based on the 

seven clusters mentioned above, we used outlierTest from the car package (Fox & Weisberg 

2011) to identify the most extreme observations based on a linear model, including age and 

sex. 17 observations were identified as outliers based on a Bonferroni corrected p < 0.05 and 

treated as missing values, we then replaced these extremes and imputed the 75 missing values 

(2.63% of the scores were missing/incomplete) using predictive mean matching (pmm) 

method from the mice package in R (multivariate imputation by chained equations; Buuren & 

Groothuis-Oudshoorn 2011). 
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CCT protocol 

All patients completed a computerized working memory training program consisting of 25 

online training sessions (Cogmed Systems AB, Stockholm, Sweden). Similar to our recent 

study (Kolskår et al. 2019), we used data from 17 of the 25 training sessions over a period of 

three to four weeks, corresponding to approximately five weekly training sessions. Seven 

sessions were carried out at the hospital, of which six were in combination with tDCS (either 

sham or active stimulation). On average, patients received two training sessions with tDCS 

per week with a minimum of one day between each session. The remaining 10 training 

sessions were home-training. Each training session took approximately 45 minutes in which 

the participant completed eight different exercises. In total, 10 different tasks targeting verbal 

and visuospatial working memory were used, i.e. Grid, Hidden, Cube, Sort, Digits, 3D Cube, 

Twist, Assembly, Rotating and Chaos. The difficulty level of each task is adapted to the 

participant’s performance, and in general, for each task, it takes approximately two sessions 

for the difficulty level to be appropriately adjusted to the individual level of performance. 

Thus, we discarded the two first training sessions of each task from our analysis. In addition, 

we included only tasks with a minimum of three training sessions after exclusion of the two 

first sessions, discarding Assembly and Chaos from further analysis. 

 

tDCS protocol 

The tDCS protocol has been described in details in a prior publication (Kolskår et al. 2019). 

Participants were randomly assigned to an active or a sham condition, using an in-house 

Matlab script to randomly generate a code for each participant while ensuring that each block 

of 20 participants was balanced across conditions. Both the participant and the experimenter 

remained blinded throughout the experiment. Stimulation was delivered using a battery-

driven direct current stimulator (Neuroconn DC-STIMULATOR PLUS, neuroConn GmbH, 
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Illmenau, Germany), through 5 x 7 cm rubber pads using the following parameters: DC 

current = 1 mA, total duration = 20 minutes, ramp-up = 120 seconds, fade-out = 30 seconds, 

and current density = 28.57 A/cm2. The sham stimulation followed the factory settings 

which include a ramp-up and a fade-out period. We used the 10-20 system for the electrode 

location, with the anodal electrode covering F3 and the cathodal electrode placed over O2, 

and fixated with rubber bands. The pads were covered with high-conductive gel (Abralyt 

HiCl, Falk Minow Services Herrsching, Germany) to keep the impedance threshold under < 

20 k . For security reason, the device has an absolute impedance threshold of 40 k . 

Following each stimulation period, participants were asked to fill in a side-effect form. In 

addition, after the last stimulation session, they were asked to make a guess whether they 

thought they received active stimulation or sham stimulation and the reason for their guess.  

 

MRI acquisition 

Patients were scanned on a 3T GE 750 Discovery MRI scanner with a 32-channel head coil at 

Oslo University Hospital. Paddings were used to reduce head motion. T1-weighted data was 

acquired using a 3D IR-prepared FSPGR (BRAVO) with the following parameters: repetition 

time (TR): 8.16 ms, echo time (TE): 3.18 ms, inversion time (TI): 450 ms, flip angle (FA): 

12º, voxel size: 1 × 1 × 1 mm, field of view (FOV): 256 x 256 mm, 188 sagittal slices, scan 

time: 4:43 minutes.  

Cam-CAN participants were scanned on a 3T Siemens TIM Trio scanner with a 32-

channel head-coil at Medical Research Council (UK) Cognition and Brain Sciences Unit 

(MRC-CBSU) in Cambridge, UK. High-resolution 3D T1-weighted data was acquired using 

a magnetization prepared rapid gradient echo (MPRAGE) sequence with the following 

parameters: TR: 2250 ms, TE: 2.99 ms, TI: 900 ms, FA: 9°, FOV of 256 x 240 x 192 mm; 
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voxel size =1 mm3 isotropic, GRAPPA acceleration factor of 2, scan time 4:32 minutes 

(Shafto et al. 2014).  

 

MRI processing 

All T1-weighted images were processed using FreeSurfer 5.3 

(http://surfer.nmr.mgh.harvard.edu; (Dale et al. 1999)) including brain extraction, intensity 

normalization, automated tissue segmentation, generation of white and pial surfaces (Dale et 

al. 1999). All reconstructions were visually assessed and corrected as appropriate, and data 

with excessive motion or other major artefacts were discarded. 

For StrokeMRI, images were processed with the longitudinal Freesurfer pipeline 

(Reuter & Fischl 2011; Reuter et al. 2012), which substantially increases reliability and 

power (Reuter et al. 2012). For each individual dataset, we extracted mean cortical thickness, 

area and volumes from 180 regions of interests (ROIs) per hemisphere based on a surface-

based atlas (Glasser et al. 2016), yielding 1080 structural brain features per individual.  

 

Age prediction  

Based on a recent implementation (Kaufmann et al. 2018), brain age estimation was 

performed both using global and regional features as input. The regional brain age 

estimations were based on lobesStrict segmentation (occipital, frontal, temporal, parietal, 

cingulate and insulate) from Freesurfer (Dale et al. 1999). Overall, one global and 12 

hemisphere specific lobe-based models were trained to estimate age in 628 healthy controls 

from the Cam-CAN cohort, using the same pipeline as previously described (Richard et al. 

2018). We used xgboost package in R (extreme gradient boosting) (Chen & Guestrin 2016; 

Chen et al. 2017) with the following parameters: learning rate (eta) = 0.1, nround = 1500, 

gamma = 1, max_depth = 6, subsample=0.5, to build the prediction models. For each model, 
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the performance was estimated using a 10-fold cross-validation procedure within the training 

set. 

 Next, we tested the performance of our trained models by predicting age in unseen 

subjects in the test sample. More specifically, we calculated the Pearson correlation between 

the predicted and the chronological, as well as the mean absolute error (MAE) in years. For 

each individual and for each model, we calculated the brain age gap (BAG), i.e. the 

difference between the estimated and chronological age, yielding 13 BAGs per individuals. 

Next, in order to account for age-related bias in the age prediction (Le et al. 2018), we used 

linear modeling to regress out the main effect of age, age2 and sex from each BAG, resulting 

in 13 residualized BAG (BAGR) used in the calculation of MAE and further analyses.  

In some instances, the stroke lesions interfered with the cortical reconstruction 

process in Freesurfer, which inevitably influences the estimated morphometric parameters in 

the relevant part of the brain. In order to assess the influence of the stroke lesion on the brain 

age estimates, we used outlierTest from the car package (Fox & Weisberg, 2011) to identify 

the most extreme morphometric estimations based on a linear model, including age, age2 and 

sex. We identified 479 observations (0.24% of all observations) as extreme and replaced 

them using predictive mean matching (pmm) method from the mice package in R 

(multivariate imputation by chained equations; Buuren & Groothuis-Oudshoorn 2011). Next, 

we estimated brain age using the resulting data frame containing imputed estimations and 

compared it with the original estimations. Subsequent analyses were performed both with and 

without the outliers included. Briefly, the estimated brain age based on the original Freesurfer 

estimations and the estimations after imputing realistic values to replace outliers resulted in 

nearly identical outcomes. (See supplemental results for the analyses performed after 

removing the outliers.) 
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In addition to the global model including all T1 features, we calculated a robust brain 

age based on the median of the 12 regional brain ages. 

 

Processing of Cogmed data 

For each participant and for each included tasks, we used linear modeling to quantify the 

changes in performance across the training period, i.e. the cognitive improvement, using 

performance as dependent variable and session number as independent variable (Kolskår et 

al. 2019). In addition, we used the generic function predict in R (Chambers & Hastie 1992) to 

estimate the baseline score and the final score using the resulting individual linear models for 

each trained task. To derive a common score across the trained tasks, we performed a 

principal component analysis (PCA) on the performance improvement scores and we used 

the first component as the individual’s performance improvement (Kolskår et al. 2019). All 

test scores were zero-centered and standardized prior to running the PCA. 

 

Statistical analysis  

Statistical analyses were performed using R version 3.3.3 (2017-03-06) (R Core Team 2017). 

We assessed the reliability of the age estimations using intra-class coefficient (ICC) using 

ICCest function from the ICC R package (Wolak et al. 2012) across the two baseline MRI 

and across all three MRI sessions.  

To test if patients with relative low brain age show better cognitive performance at 

baseline, we employed linear models with the seven summary scores based on the clustering 

solution from (Richard et al. 2018) as independent variable and each BAGR as the dependent 

variable, including age and sex as covariates. To test if patients with relative low brain age 

would show larger improvement in task performance, we employed linear models with 

Cogmed performance gain score derived from the PCA as independent variable and each 
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BAGR as dependent variable, including age and sex as covariates. For transparency, we 

report both uncorrected p-values and p-values adjusted using false discovery rate (FDR; 

Benjamini & Hochberg 1995) from the p.adjust function from the stats R package (R Core 

Team 2017). We have previously reported no significant beneficial effects of tDCS on 

cognitive improvement in response to the intervention (Kolskår et al. 2019). Here, as a 

follow-up analysis, we added tDCS group (sham vs experimental) as an additional variable 

and tested for interactions between tDCS and BAGR on training gain to assess if any 

beneficial effects of tDCS would be dependent on BAGR.     

Lastly, in order to assess if cognitive improvements in response to intensive cognitive 

training is associated with reduced brain age during the course of the intervention, we tested 

for associations between cognitive performance and BAGR by time interaction in a 

longitudinal context using linear mixed effects models (LME). For each trained task, we used 

the estimated baseline and final scores from the individual linear models, and we used BAGR 

from scan number 2 and 3 as timepoint one and two, respectively. Estimated task 

performance was entered as dependent variable, with BAGR, time, BAGR by time 

interaction, age and sex as fixed factors, and participant as random factor. 

 

Results 

Brain age predictions 

Ten-fold cross-validation on the training sample (Cam-CAN) revealed relatively high 

correlations between chronological and predicted age for each of the 13 models, confirming 

reasonable model performance. Supplementary Fig. 1 shows Pearson correlation with 

confidence intervals between estimated brain age and chronological age within the training 

sample for each of the 13 trained models ranging from r = .84 (CI=.81-.86) for the full model 

to r = .61 (CI=.56-.66) for the model based on right cingulate features.  
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Table 2 shows Pearson correlation between estimated brain age and chronological age 

with their 95 % confidence intervals on the test sample at baseline (stroke patients) for each 

model, in addition to the MAE calculated from BAGR. The correlations ranged from r = .58 

(CI=.40-.72, MAE=4.27) for the most comprehensive model based on the median of the 12 

regional models to r = .09 (CI=-.16-.32 MAE=7.29) for the left cingulate model. See Suppl. 

Table 1 for the model performance after replacing outliers by imputed values. 

 

models r lowerCI upperCI MAE 
Global     
all_T1 0.550 0.358 0.697 5.506 
median 0.579 0.395 0.718 4.271 
Regional     
left_frontal 0.448 0.234 0.620 5.799 
right_frontal 0.403 0.182 0.585 5.663 
left_parietal 0.413 0.194 0.593 6.287 
right_parietal 0.460 0.248 0.629 6.086 
left_occipital 0.221 -0.019 0.436 7.642 
right_occipital 0.206 -0.034 0.423 6.953 
left_temporal 0.416 0.198 0.596 7.588 
right_temporal 0.455 0.242 0.625 5.733 
left_cingulate 0.086 -0.156 0.317 6.953 
right_cingulate 0.439 0.224 0.613 8.804 
left_insula 0.309 0.076 0.510 7.732 
right_insula 0.366 0.140 0.556 6.277 

Table 2. Pearson correlation between estimated brain age and chronological age with their confidence 
intervals on the test sample at baseline (stroke patients from StrokeMRI sample) for each model, and 
the MAE calculated from BAGR. 

 

Table 3 shows ICC with their confidence intervals for each model for the two baselines and 

for the three timepoints ranging from .89 (CI=.82-.94) for the right parietal model to .68 

(CI=.50-.80) for the left cingulate model across the two baseline assessments, and ranging 

from .86 (CI=.79-.91) for the right parietal model to .70 (CI=.57-.80) for the left cingulate 

model across the three timepoints. See Suppl. Table 2 for the estimation after replacing 

outliers by imputed values. 
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 Baseline (scan 1 and 2) All time points (scan 1 to 3) 
models ICC lowerCI upperCI ICC lowerCI upperCI 
Global       
BAGR_all_T1 0.788 0.661 0.871 0.783 0.686 0.859 
BAGR_median 0.887 0.813 0.932 0.831 0.750 0.891 
Regional       
BAGR_left_frontal 0.790 0.664 0.872 0.812 0.724 0.879 
BAGR_right_frontal 0.761 0.622 0.854 0.74 0.628 0.829 
BAGR_left_parietal 0.803 0.684 0.880 0.805 0.714 0.874 
BAGR_right_parietal 0.891 0.819 0.935 0.856 0.786 0.908 
BAGR_left_occipital 0.823 0.715 0.893 0.815 0.728 0.881 
BAGR_right_occipital 0.786 0.658 0.870 0.811 0.723 0.878 
BAGR_left_temporal 0.800 0.679 0.878 0.807 0.718 0.876 
BAGR_right_temporal 0.726 0.572 0.831 0.754 0.646 0.839 
BAGR_left_cingulate 0.677 0.503 0.799 0.700 0.577 0.801 
BAGR_right_cingulate 0.814 0.700 0.887 0.802 0.711 0.872 
BAGR_left_insula 0.809 0.693 0.884 0.802 0.711 0.872 
BAGR_right_insula 0.791 0.666 0.873 0.789 0.693 0.863 

Table 3. Intra-class correlation (ICC) with their confidence interval of the estimated brain age for the 
two baseline scans (scan one and two), and for the three timepoints (scan one, two and three). 

 

Table 4 and Table 5 show summary statistics from the linear models testing for associations 

between cognitive performance at baseline and Cogmed performance gain, respectively, and 

BAGR, including age and sex in the models. As expected, we found a main effect of age on 

cognitive performance at baseline. However, the analyses revealed no significant associations 

between cognitive performance at baseline and BAGR after FDR correction for multiple 

comparisons. Amongst the non-significant findings, the strongest associations were found 

between cluster 5 (executive control and speed) and the right cingulate, cluster 7 (working 

memory) and the right cingulate, and cluster 4 (attentional control and speed) and the right 

temporal BAGR. Further, we did not find any significant associations between performance 

improvement score and BAGR, nor main effect of age, nor sex on the performance 

improvement score after FDR corrections. Amongst the non-significant findings, the 

strongest associations with Cogmed performance gain were found for the left frontal and left 

parietal models, indicating higher cognitive gain for participants with lower BAGR.  
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clusters models Bagr (t (p)) Age (t (p)) Sex (t (p)) 

Cluster1 all_T1 0.152 (0.880) -4.884 (<0.001) -2.200 (0.032) 
Cluster1 median -0.095 (0.925) -4.886 (<0.001) -2.220 (0.030) 
Cluster1 left_frontal -0.032 (0.975) -4.886 (<0.001) -2.201 (0.031) 
Cluster1 right_frontal -0.795 (0.43) -4.933 (<0.001) -2.169 (0.034) 
Cluster1 left_parietal -0.356 (0.723) -4.879 (<0.001) -2.227 (0.030) 
Cluster1 right_parietal 0.466 (0.643) -4.902 (<0.001) -2.187 (0.032) 
Cluster1 left_occipital -0.797 (0.429) -4.957 (<0.001) -2.281 (0.026) 
Cluster1 right_occipital 0.478 (0.634) -4.846 (<0.001) -2.182 (0.033) 
Cluster1 left_temporal -0.283 (0.778) -4.893 (<0.001) -2.232 (0.029) 
Cluster1 right_temporal -0.495 (0.622) -4.906 (<0.001) -2.246 (0.028) 
Cluster1 left_cingulate 1.018 (0.313) -4.910 (<0.001) -2.146 (0.036) 
Cluster1 right_cingulate -0.330 (0.742) -4.843 (<0.001) -2.230 (0.029) 
Cluster1 left_insula -0.898 (0.373) -4.921 (<0.001) -2.322 (0.024) 
Cluster1 right_insula -0.651 (0.518) -4.922 (<0.001) -2.176 (0.033) 

Cluster2 all_T1 0.277 (0.783) -3.716 (<0.001) 1.853 (0.069) 
Cluster2 median 0.263 (0.793) -3.723 (<0.001) 1.848 (0.069) 
Cluster2 left_frontal 0.120 (0.905) -3.721 (<0.001) 1.821 (0.073) 
Cluster2 right_frontal -0.754 (0.454) -3.753 (<0.001) 1.884 (0.064) 
Cluster2 left_parietal 0.304 (0.762) -3.729 (<0.001) 1.840 (0.070) 
Cluster2 right_parietal -0.012 (0.991) -3.718 (<0.001) 1.830 (0.072) 
Cluster2 left_occipital 0.122 (0.903) -3.700 (<0.001) 1.838 (0.071) 
Cluster2 right_occipital -0.931 (0.355) -3.806 (<0.001) 1.782 (0.08) 
Cluster2 left_temporal 1.283 (0.204) -3.752 (<0.001) 1.927 (0.058) 
Cluster2 right_temporal 0.345 (0.731) -3.713 (<0.001) 1.851 (0.069) 
Cluster2 left_cingulate 0.498 (0.62) -3.716 (<0.001) 1.870 (0.066) 
Cluster2 right_cingulate -0.431 (0.668) -3.679 (<0.001) 1.833 (0.072) 
Cluster2 left_insula -0.482 (0.632) -3.728 (<0.001) 1.773 (0.081) 
Cluster2 right_insula -0.658 (0.513) -3.750 (<0.001) 1.880 (0.065) 
Cluster3 all_T1 -0.497 (0.621) -2.96 (0.004) -3.072 (0.003) 
Cluster3 median -0.529 (0.599) -2.947 (0.004) -3.068 (0.003) 
Cluster3 left_frontal 0.986 (0.328) -2.996 (0.004) -3.119 (0.003) 
Cluster3 right_frontal -0.744 (0.460) -2.977 (0.004) -2.997 (0.004) 
Cluster3 left_parietal -0.808 (0.422) -2.935 (0.005) -3.063 (0.003) 
Cluster3 right_parietal 0.796 (0.429) -2.971 (0.004) -2.995 (0.004) 
Cluster3 left_occipital -0.608 (0.545) -2.992 (0.004) -3.079 (0.003) 
Cluster3 right_occipital 0.243 (0.809) -2.919 (0.005) -3.013 (0.004) 
Cluster3 left_temporal 0.264 (0.793) -2.945 (0.004) -3.016 (0.004) 
Cluster3 right_temporal -0.901 (0.371) -2.985 (0.004) -3.096 (0.003) 
Cluster3 left_cingulate -0.462 (0.646) -2.959 (0.004) -3.066 (0.003) 
Cluster3 right_cingulate -1.708 (0.092) -2.87 (0.006) -3.118 (0.003) 
Cluster3 left_insula -1.207 (0.232) -2.987 (0.004) -3.183 (0.002) 
Cluster3 right_insula -1.909 (0.061) -3.086 (0.003) -2.983 (0.004) 
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Cluster4 all_T1 -1.687 (0.096) -4.182 (<0.001) -0.170 (0.866) 
Cluster4 median -1.990 (0.051) -4.166 (<0.001) -0.142 (0.887) 
Cluster4 left_frontal -0.833 (0.408) -4.060 (<0.001) 0.043 (0.966) 
Cluster4 right_frontal -0.838 (0.405) -4.106 (<0.001) 0.034 (0.973) 
Cluster4 left_parietal -1.325 (0.190) -4.076 (<0.001) -0.040 (0.968) 
Cluster4 right_parietal -1.471 (0.146) -4.112 (<0.001) -0.106 (0.916) 
Cluster4 left_occipital -1.884 (0.064) -4.303 (<0.001) -0.155 (0.878) 
Cluster4 right_occipital -1.334 (0.187) -4.213 (<0.001) -0.103 (0.918) 
Cluster4 left_temporal -0.280 (0.780) -4.069 (<0.001) -0.032 (0.974) 
Cluster4 right_temporal -2.063 (0.043) -4.243 (<0.001) -0.125 (0.901) 
Cluster4 left_cingulate 0.023 (0.982) -4.063 (<0.001) -0.015 (0.988) 
Cluster4 right_cingulate -1.316 (0.193) -4.003 (<0.001) -0.029 (0.977) 
Cluster4 left_insula -0.042 (0.967) -4.064 (<0.001) -0.021 (0.983) 
Cluster4 right_insula -0.637 (0.527) -4.094 (<0.001) 0.026 (0.979) 

Cluster5 all_T1 -1.318 (0.192) -4.442 (<0.001) -2.098 (0.040) 
Cluster5 median -1.427 (0.158) -4.415 (<0.001) -2.077 (0.042) 
Cluster5 left_frontal 0.570 (0.571) -4.388 (<0.001) -2.000 (0.050) 
Cluster5 right_frontal -0.82 (0.415) -4.404 (<0.001) -1.917 (0.060) 
Cluster5 left_parietal 0.464 (0.644) -4.381 (<0.001) -1.955 (0.055) 
Cluster5 right_parietal -0.449 (0.655) -4.362 (<0.001) -1.986 (0.051) 
Cluster5 left_occipital -0.417 (0.678) -4.386 (<0.001) -1.988 (0.051) 
Cluster5 right_occipital -1.995 (0.050) -4.639 (<0.001) -2.145 (0.036) 
Cluster5 left_temporal -1.263 (0.211) -4.430 (<0.001) -2.052 (0.044) 
Cluster5 right_temporal -1.827 (0.072) -4.515 (<0.001) -2.103 (0.039) 
Cluster5 left_cingulate 1.429 (0.158) -4.405 (<0.001) -1.874 (0.066) 
Cluster5 right_cingulate -2.387 (0.020) -4.351 (<0.001) -2.067 (0.043) 
Cluster5 left_insula -1.840 (0.070) -4.487 (<0.001) -2.202 (0.031) 
Cluster5 right_insula 0.655 (0.515) -4.354 (<0.001) -2.006 (0.049) 

Cluster6 all_T1 -0.008 (0.993) -5.334 (<0.001) -2.252 (0.028) 
Cluster6 median -0.278 (0.782) -5.334 (<0.001) -2.275 (0.026) 
Cluster6 left_frontal 0.176 (0.860) -5.339 (<0.001) -2.268 (0.027) 
Cluster6 right_frontal -1.132 (0.262) -5.415 (<0.001) -2.211 (0.031) 
Cluster6 left_parietal -0.128 (0.898) -5.329 (<0.001) -2.263 (0.027) 
Cluster6 right_parietal 0.309 (0.758) -5.342 (<0.001) -2.239 (0.029) 
Cluster6 left_occipital -1.046 (0.300) -5.443 (<0.001) -2.350 (0.022) 
Cluster6 right_occipital -0.179 (0.858) -5.333 (<0.001) -2.268 (0.027) 
Cluster6 left_temporal 0.673 (0.503) -5.346 (<0.001) -2.227 (0.030) 
Cluster6 right_temporal -0.280 (0.781) -5.343 (<0.001) -2.273 (0.026) 
Cluster6 left_cingulate 0.825 (0.412) -5.347 (<0.001) -2.202 (0.031) 
Cluster6 right_cingulate -1.443 (0.154) -5.291 (<0.001) -2.310 (0.024) 
Cluster6 left_insula -1.027 (0.308) -5.385 (<0.001) -2.378 (0.020) 
Cluster6 right_insula 0.013 (0.990) -5.332 (<0.001) -2.256 (0.028) 

Cluster7 all_T1 0.206 (0.838) -5.298 (<0.001) -1.473 (0.146) 
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Cluster7 median -0.431 (0.668) -5.303 (<0.001) -1.524 (0.132) 
Cluster7 left_frontal 0.636 (0.527) -5.333 (<0.001) -1.544 (0.128) 
Cluster7 right_frontal 0.003 (0.998) -5.298 (<0.001) -1.495 (0.140) 
Cluster7 left_parietal -0.378 (0.707) -5.292 (<0.001) -1.506 (0.137) 
Cluster7 right_parietal 0.151 (0.881) -5.303 (<0.001) -1.486 (0.142) 
Cluster7 left_occipital -0.595 (0.554) -5.344 (<0.001) -1.541 (0.128) 
Cluster7 right_occipital -1.219 (0.227) -5.441 (<0.001) -1.591 (0.117) 
Cluster7 left_temporal 0.799 (0.427) -5.317 (<0.001) -1.458 (0.150) 
Cluster7 right_temporal -0.336 (0.738) -5.311 (<0.001) -1.515 (0.135) 
Cluster7 left_cingulate -0.572 (0.569) -5.323 (<0.001) -1.541 (0.128) 
Cluster7 right_cingulate -2.241 (0.028) -5.312 (<0.001) -1.576 (0.120) 
Cluster7 left_insula 0.989 (0.326) -5.335 (<0.001) -1.391 (0.169) 
Cluster7 right_insula -0.234 (0.816) -5.307 (<0.001) -1.479 (0.144) 

Table 4. Summary statistics of the associations between cognitive performance at baseline and 
BAGR, including age and sex using linear models. Cluster 1: memory and learning. Cluster 2: visual 
processing speed. Cluster 3: verbal skills. Cluster 4: attentional control and speed. Cluster 5: 
executive control and speed. Cluster 6: reasoning and psychomotor speed. Cluster 7: working 
memory. The reported p-values are uncorrected values, and no main effect of BAGR remained 
significant after FDR correction. 

 
 
models Bagr (t (p)) Age (t (p)) Sex (t (p)) 
Global    
BAGR_all_T1 -0.383 (0.703) 0.497 (0.622) -0.900 (0.373) 
BAGR_median 0.382 (0.704) 0.453 (0.652) -0.902 (0.371) 
Regional    
BAGR_left_frontal 2.399 (0.020) 0.285 (0.777) -1.146 (0.257) 
BAGR_right_frontal 0.241 (0.810) 0.479 (0.634) -0.913 (0.366) 
BAGR_left_parietal 2.037 (0.047) 0.425 (0.673) -0.876 (0.385) 
BAGR_right_parietal 0.264 (0.793) 0.493 (0.625) -0.899 (0.373) 
BAGR_left_occipital -0.083 (0.934) 0.489 (0.627) -0.899 (0.373) 
BAGR_right_occipital 0.392 (0.697) 0.502 (0.618) -0.909 (0.368) 
BAGR_left_temporal 0.159 (0.875) 0.484 (0.631) -0.900 (0.372) 
BAGR_right_temporal 0.963 (0.340) 0.452 (0.653) -0.925 (0.359) 
BAGR_left_cingulate 0.750 (0.457) 0.438 (0.663) -0.883 (0.381) 
BAGR_right_cingulate 1.150 (0.256) 0.436 (0.664) -1.053 (0.297) 
BAGR_left_insula 0.458 (0.649) 0.487 (0.629) -0.882 (0.382) 
BAGR_right_insula 0.693 (0.491) 0.452 (0.653) -0.952 (0.345) 

Table 5. Summary statistics of the associations between Cogmed performance gain and BAGR, 
including age and sex using linear models. The reported p-values are uncorrected values, and no main 
effect of BAGR remained significant after FDR correction. 

 

Table 6 shows summary statistics from the linear mixed effects models testing for 

longitudinal associations between cognitive performance and BAGR, including age and sex 
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in the models. The analyses revealed robust main effects of session and age, indicating 

increasing performance during the course of the intervention, and generally lower 

performance with increasing age. Beyond this, we did not find any significant associations 

between performance and BAGR, nor BAGR by time interaction after FDR correction for 

multiple comparisons. Amongst the non-significant findings, the five strongest associations 

were found between the left occipital and Digits, the left frontal and Cube and 3D Cube, the 

left parietal and Hidden, and the right insula and Twist and the eight strongest BAGR by time 

interactions were found between the left occipital and Digits, the left frontal and Cube and 

3D Cube, the left parietal and Hidden, the right insula and Twist and Rotating, and the left 

temporal and Cube and 3D Cube.  

 

test models Bagr (t (p)) Session (t (p)) Age (t (p)) Sex (t (p)) 
bagr:session (t 
(p)) 

Grid BAGR_all_T1 -0.478 (0.635) 10.704 (<0.001) -3.538 (0.001) -1.064 (0.292) 0.338 (0.737) 
Sort BAGR_all_T1 -1.409 (0.165) 10.097 (<0.001) -2.642 (0.011) -0.573 (0.569) 1.157 (0.253) 
Digits BAGR_all_T1 0.739 (0.463) 10.198 (<0.001) -6.649 (<0.001) -2.507 (0.015) -0.685 (0.496) 
Cube BAGR_all_T1 0.053 (0.958) 15.279 (<0.001) -3.047 (0.004) -1.384 (0.172) -0.211 (0.833) 
Hidden BAGR_all_T1 -0.213 (0.832) 9.487 (<0.001) -5.612 (<0.001) -2.764 (0.008) 0.929 (0.357) 
Twist BAGR_all_T1 -0.230 (0.819) 6.202 (<0.001) -3.813 (<0.001) -1.453 (0.152) 0.088 (0.930) 
3D Cube BAGR_all_T1 1.444 (0.155) 6.369 (<0.001) -4.353 (<0.001) -1.574 (0.122) -1.631 (0.109) 
Rotating BAGR_all_T1 0.198 (0.844) 4.307 (<0.001) -3.984 (<0.001) -1.508 (0.138) -0.349 (0.729) 
Grid BAGR_median -0.507 (0.615) 10.840 (<0.001) -3.521 (0.001) -1.050 (0.299) 0.116 (0.908) 
Sort BAGR_median -1.288 (0.204) 10.063 (<0.001) -2.648 (0.011) -0.610 (0.544) 0.968 (0.338) 
Digits BAGR_median 1.091 (0.280) 10.377 (<0.001) -6.590 (<0.001) -2.472 (0.017) -1.165 (0.250) 
Cube BAGR_median 0.157 (0.876) 15.422 (<0.001) -3.043 (0.004) -1.376 (0.175) -0.533 (0.596) 
Hidden BAGR_median 0.357 (0.722) 9.768 (<0.001) -5.420 (<0.001) -2.665 (0.010) 0.286 (0.776) 
Twist BAGR_median 0.520 (0.605) 6.203 (<0.001) -3.816 (<0.001) -1.505 (0.138) -0.614 (0.542) 
3D Cube BAGR_median 1.345 (0.185) 6.454 (<0.001) -4.335 (<0.001) -1.522 (0.134) -1.808 (0.077) 
Rotating BAGR_median 0.894 (0.376) 4.327 (<0.001) -3.982 (<0.001) -1.538 (0.130) -1.072 (0.289) 
Grid BAGR_left_frontal 0.298 (0.767) 10.94 (<0.001) -3.574 (0.001) -1.165 (0.249) -0.981 (0.331) 
Sort BAGR_left_frontal -0.020 (0.984) 10.125 (<0.001) -2.661 (0.011) -0.749 (0.457) -0.624 (0.536) 
Digits BAGR_left_frontal 1.800 (0.078) 10.527 (<0.001) -6.643 (<0.001) -2.450 (0.018) -1.942 (0.058) 
Cube BAGR_left_frontal 2.423 (0.019) 16.704 (<0.001) -3.086 (0.003) -1.439 (0.156) -3.187 (0.003) 
Hidden BAGR_left_frontal 1.343 (0.186) 9.835 (<0.001) -5.277 (<0.001) -2.502 (0.016) -1.278 (0.207) 
Twist BAGR_left_frontal 1.333 (0.189) 6.316 (<0.001) -3.850 (<0.001) -1.524 (0.134) -1.667 (0.102) 
3D Cube BAGR_left_frontal 2.274 (0.027) 6.407 (<0.001) -4.419 (<0.001) -1.537 (0.130) -2.380 (0.021) 
Rotating BAGR_left_frontal 1.496 (0.141) 4.297 (<0.001) -4.025 (<0.001) -1.529 (0.132) -1.526 (0.133) 
Grid BAGR_right_frontal 0.024 (0.981) 10.660 (<0.001) -3.554 (0.001) -1.117 (0.269) -0.019 (0.985) 
Sort BAGR_right_frontal 0.417 (0.679) 10.034 (<0.001) -2.631 (0.011) -0.681 (0.499) -0.187 (0.853) 
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Digits BAGR_right_frontal -0.428 (0.671) 10.187 (<0.001) -6.666 (<0.001) -2.475 (0.017) 0.324 (0.747) 
Cube BAGR_right_frontal 1.340 (0.186) 15.643 (<0.001) -3.027 (0.004) -1.387 (0.171) -1.412 (0.164) 
Hidden BAGR_right_frontal -0.501 (0.618) 9.721 (<0.001) -5.308 (<0.001) -2.535 (0.014) 0.592 (0.556) 
Twist BAGR_right_frontal 0.012 (0.990) 6.264 (<0.001) -3.789 (<0.001) -1.503 (0.139) -0.320 (0.750) 
3D Cube BAGR_right_frontal 1.279 (0.207) 6.294 (<0.001) -4.351 (<0.001) -1.513 (0.136) -1.269 (0.210) 
Rotating BAGR_right_frontal 0.330 (0.743) 4.298 (<0.001) -3.980 (<0.001) -1.526 (0.133) -0.464 (0.645) 
Grid BAGR_left_parietal 0.879 (0.384) 10.990 (<0.001) -3.536 (0.001) -1.094 (0.279) -1.331 (0.189) 
Sort BAGR_left_parietal -0.197 (0.845) 10.109 (<0.001) -2.665 (0.010) -0.661 (0.511) -0.344 (0.733) 
Digits BAGR_left_parietal 0.968 (0.338) 10.668 (<0.001) -6.620 (<0.001) -2.417 (0.019) -1.482 (0.145) 
Cube BAGR_left_parietal 0.075 (0.941) 15.499 (<0.001) -3.044 (0.004) -1.377 (0.174) -0.514 (0.610) 
Hidden BAGR_left_parietal 2.051 (0.046) 10.062 (<0.001) -5.262 (<0.001) -2.544 (0.014) -2.060 (0.045) 
Twist BAGR_left_parietal 1.535 (0.131) 6.406 (<0.001) -3.804 (<0.001) -1.496 (0.141) -1.775 (0.082) 
3D Cube BAGR_left_parietal 0.291 (0.772) 6.561 (<0.001) -4.398 (<0.001) -1.493 (0.141) -1.054 (0.297) 
Rotating BAGR_left_parietal 1.225 (0.227) 4.423 (<0.001) -3.986 (<0.001) -1.521 (0.134) -1.515 (0.136) 
Grid BAGR_right_parietal -0.990 (0.327) 10.795 (<0.001) -3.558 (0.001) -1.072 (0.289) 0.661 (0.512) 
Sort BAGR_right_parietal -0.489 (0.627) 9.883 (<0.001) -2.661 (0.010) -0.673 (0.504) 0.248 (0.805) 
Digits BAGR_right_parietal 0.202 (0.841) 10.461 (<0.001) -6.620 (<0.001) -2.432 (0.019) -0.712 (0.480) 
Cube BAGR_right_parietal -0.327 (0.745) 15.394 (<0.001) -3.058 (0.004) -1.385 (0.172) -0.116 (0.908) 
Hidden BAGR_right_parietal -0.450 (0.655) 9.734 (<0.001) -5.344 (<0.001) -2.544 (0.014) 0.817 (0.418) 
Twist BAGR_right_parietal -0.226 (0.822) 6.180 (<0.001) -3.832 (<0.001) -1.487 (0.143) 0.086 (0.932) 
3D Cube BAGR_right_parietal 0.994 (0.325) 6.366 (<0.001) -4.386 (<0.001) -1.554 (0.126) -1.489 (0.143) 
Rotating BAGR_right_parietal 0.625 (0.535) 4.309 (<0.001) -3.984 (<0.001) -1.543 (0.129) -0.716 (0.477) 
Grid BAGR_left_occipital -1.717 (0.092) 11.041 (<0.001) -3.487 (0.001) -1.095 (0.279) 1.794 (0.079) 
Sort BAGR_left_occipital -0.489 (0.627) 10.050 (<0.001) -2.561 (0.014) -0.664 (0.510) 0.282 (0.779) 
Digits BAGR_left_occipital 2.399 (0.020) 10.716 (<0.001) -6.684 (<0.001) -2.480 (0.016) -2.383 (0.021) 
Cube BAGR_left_occipital -0.202 (0.840) 15.254 (<0.001) -3.083 (0.003) -1.423 (0.161) 0.473 (0.638) 
Hidden BAGR_left_occipital 0.028 (0.978) 9.630 (<0.001) -5.413 (<0.001) -2.599 (0.012) 0.407 (0.685) 
Twist BAGR_left_occipital -0.265 (0.792) 6.197 (<0.001) -3.782 (<0.001) -1.483 (0.144) 0.144 (0.886) 
3D Cube BAGR_left_occipital 0.340 (0.735) 6.246 (<0.001) -4.33 (<0.001) -1.515 (0.136) -0.510 (0.612) 
Rotating BAGR_left_occipital -0.718 (0.476) 4.271 (<0.001) -4.005 (<0.001) -1.54 (0.130) 0.899 (0.373) 
Grid BAGR_right_occipital -0.632 (0.530) 10.557 (<0.001) -3.532 (0.001) -1.061 (0.294) 0.236 (0.814) 
Sort BAGR_right_occipital -1.314 (0.195) 9.815 (<0.001) -2.613 (0.012) -0.621 (0.537) 1.026 (0.310) 
Digits BAGR_right_occipital 0.595 (0.555) 10.645 (<0.001) -6.638 (<0.001) -2.400 (0.020) -1.355 (0.182) 
Cube BAGR_right_occipital -0.982 (0.331) 15.919 (<0.001) -2.993 (0.004) -1.297 (0.200) -0.201 (0.842) 
Hidden BAGR_right_occipital -0.265 (0.792) 9.655 (<0.001) -5.254 (<0.001) -2.478 (0.016) -0.063 (0.950) 
Twist BAGR_right_occipital -0.578 (0.566) 6.114 (<0.001) -3.808 (<0.001) -1.433 (0.158) 0.065 (0.948) 
3D Cube BAGR_right_occipital 0.311 (0.757) 6.414 (<0.001) -4.349 (<0.001) -1.470 (0.148) -1.135 (0.262) 
Rotating BAGR_right_occipital -0.448 (0.656) 4.202 (<0.001) -4.007 (<0.001) -1.480 (0.145) -0.052 (0.959) 
Grid BAGR_left_temporal 0.192 (0.849) 10.683 (<0.001) -3.572 (0.001) -1.073 (0.288) -0.517 (0.608) 
Sort BAGR_left_temporal -0.300 (0.766) 9.878 (<0.001) -2.656 (0.011) -0.687 (0.495) 0.189 (0.851) 
Digits BAGR_left_temporal 0.733 (0.467) 10.26 (<0.001) -6.645 (<0.001) -2.469 (0.017) -0.552 (0.583) 
Cube BAGR_left_temporal 1.224 (0.227) 16.324 (<0.001) -3.078 (0.003) -1.293 (0.202) -2.241 (0.030) 
Hidden BAGR_left_temporal 0.367 (0.715) 9.897 (<0.001) -5.359 (<0.001) -2.665 (0.010) 0.33 (0.743) 
Twist BAGR_left_temporal 0.160 (0.874) 6.176 (<0.001) -3.829 (<0.001) -1.492 (0.142) -0.18 (0.858) 
3D Cube BAGR_left_temporal 1.516 (0.136) 6.551 (<0.001) -4.407 (<0.001) -1.412 (0.164) -2.271 (0.028) 
Rotating BAGR_left_temporal 0.480 (0.633) 4.297 (<0.001) -3.988 (<0.001) -1.527 (0.133) -0.403 (0.689) 
Grid BAGR_right_temporal 0.116 (0.908) 10.638 (<0.001) -3.552 (0.001) -1.120 (0.268) -0.128 (0.899) 
Sort BAGR_right_temporal -0.530 (0.599) 9.997 (<0.001) -2.660 (0.011) -0.679 (0.500) 0.684 (0.497) 
Digits BAGR_right_temporal 1.236 (0.222) 10.329 (<0.001) -6.602 (<0.001) -2.513 (0.015) -1.445 (0.155) 
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Cube BAGR_right_temporal 0.791 (0.433) 15.444 (<0.001) -3.033 (0.004) -1.417 (0.162) -1.110 (0.272) 
Hidden BAGR_right_temporal 1.014 (0.315) 9.635 (<0.001) -5.331 (<0.001) -2.620 (0.011) -0.902 (0.372) 
Twist BAGR_right_temporal -0.183 (0.856) 6.233 (<0.001) -3.789 (<0.001) -1.456 (0.151) -0.011 (0.991) 
3D Cube BAGR_right_temporal 1.417 (0.163) 6.186 (<0.001) -4.397 (<0.001) -1.630 (0.109) -1.332 (0.189) 
Rotating BAGR_right_temporal -0.168 (0.867) 4.288 (<0.001) -3.991 (<0.001) -1.506 (0.138) 0.077 (0.939) 
Grid BAGR_left_cingulate 0.182 (0.856) 10.635 (<0.001) -3.531 (0.001) -1.076 (0.287) -0.369 (0.714) 
Sort BAGR_left_cingulate 0.667 (0.508) 9.662 (<0.001) -2.683 (0.010) -0.746 (0.459) -0.481 (0.633) 
Digits BAGR_left_cingulate 0.318 (0.752) 10.09 (<0.001) -6.641 (<0.001) -2.440 (0.018) -0.345 (0.731) 
Cube BAGR_left_cingulate -1.008 (0.318) 15.291 (<0.001) -3.076 (0.003) -1.441 (0.156) 1.259 (0.214) 
Hidden BAGR_left_cingulate -0.726 (0.472) 9.718 (<0.001) -5.376 (<0.001) -2.661 (0.010) 1.235 (0.223) 
Twist BAGR_left_cingulate -0.550 (0.585) 6.115 (<0.001) -3.860 (<0.001) -1.546 (0.128) 0.737 (0.465) 
3D Cube BAGR_left_cingulate 0.251 (0.803) 6.225 (<0.001) -4.348 (<0.001) -1.474 (0.146) -0.504 (0.617) 
Rotating BAGR_left_cingulate 0.524 (0.603) 4.161 (<0.001) -4.013 (<0.001) -1.546 (0.128) -0.453 (0.652) 
Grid BAGR_right_cingulate -0.486 (0.629) 10.575 (<0.001) -3.564 (0.001) -1.112 (0.271) 0.353 (0.725) 
Sort BAGR_right_cingulate 0.034 (0.973) 9.922 (<0.001) -2.625 (0.012) -0.706 (0.484) 0.099 (0.921) 
Digits BAGR_right_cingulate 0.266 (0.792) 10.123 (<0.001) -6.658 (<0.001) -2.447 (0.018) -0.333 (0.741) 
Cube BAGR_right_cingulate -0.263 (0.794) 15.110 (<0.001) -3.116 (0.003) -1.39 (0.171) -0.248 (0.805) 
Hidden BAGR_right_cingulate 0.390 (0.698) 9.694 (<0.001) -5.264 (<0.001) -2.506 (0.015) -0.424 (0.674) 
Twist BAGR_right_cingulate 0.684 (0.497) 6.138 (<0.001) -3.846 (<0.001) -1.493 (0.142) -0.737 (0.465) 
3D Cube BAGR_right_cingulate 1.072 (0.289) 6.119 (<0.001) -4.48 (<0.001) -1.511 (0.137) -1.521 (0.135) 
Rotating BAGR_right_cingulate 0.262 (0.794) 4.352 (<0.001) -3.955 (<0.001) -1.533 (0.131) -0.056 (0.956) 
Grid BAGR_left_insula 0.704 (0.485) 10.678 (<0.001) -3.568 (0.001) -1.153 (0.254) -0.543 (0.590) 
Sort BAGR_left_insula -1.289 (0.204) 10.083 (<0.001) -2.639 (0.011) -0.663 (0.510) 1.223 (0.227) 
Digits BAGR_left_insula 1.611 (0.114) 10.372 (<0.001) -6.716 (<0.001) -2.564 (0.013) -1.274 (0.209) 
Cube BAGR_left_insula 0.282 (0.779) 15.283 (<0.001) -3.064 (0.004) -1.422 (0.161) -0.174 (0.863) 
Hidden BAGR_left_insula 0.406 (0.686) 9.749 (<0.001) -5.526 (<0.001) -2.753 (0.008) 0.280 (0.781) 
Twist BAGR_left_insula 0.570 (0.571) 6.193 (<0.001) -3.848 (<0.001) -1.555 (0.126) -0.323 (0.748) 
3D Cube BAGR_left_insula 1.625 (0.111) 6.310 (<0.001) -4.350 (<0.001) -1.510 (0.137) -1.862 (0.069) 
Rotating BAGR_left_insula 1.102 (0.276) 4.277 (<0.001) -3.982 (<0.001) -1.530 (0.132) -1.143 (0.258) 
Grid BAGR_right_insula -0.205 (0.838) 10.677 (<0.001) -3.546 (0.001) -1.107 (0.273) 0.138 (0.890) 
Sort BAGR_right_insula -0.291 (0.772) 9.912 (<0.001) -2.637 (0.011) -0.687 (0.495) 0.156 (0.877) 
Digits BAGR_right_insula -0.749 (0.457) 10.191 (<0.001) -6.797 (<0.001) -2.417 (0.019) 1.071 (0.289) 
Cube BAGR_right_insula -0.928 (0.358) 15.415 (<0.001) -3.053 (0.004) -1.372 (0.176) 0.779 (0.440) 
Hidden BAGR_right_insula 0.486 (0.629) 9.671 (<0.001) -5.345 (<0.001) -2.560 (0.013) -0.252 (0.802) 
Twist BAGR_right_insula 2.631 (0.011) 6.561 (<0.001) -3.843 (<0.001) -1.656 (0.104) -2.528 (0.015) 
3D Cube BAGR_right_insula -0.859 (0.394) 6.227 (<0.001) -4.392 (<0.001) -1.486 (0.143) 0.889 (0.378) 
Rotating BAGR_right_insula 1.919 (0.061) 4.470 (<0.001) -3.970 (<0.001) -1.635 (0.108) -2.041 (0.047) 

Table 6. Summary statistics from the linear mixed effects models testing for associations between 
cognitive performance and BAGR by time interaction, including age and sex in the models. The 
reported p-values are uncorrected values, and no main effect of BAGR nor BAGR by time interaction 
remained significant after FDR correction. 

 

Discussion  

Cognitive deficits are important predictors for outcome, independence and quality of life in 

stroke survivors, and computerized cognitive training has been suggested among the 

.CC-BY-NC-ND 4.0 International licenseIt is made available under a 
(which was not peer-reviewed) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity.

The copyright holder for this preprint. http://dx.doi.org/10.1101/687079doi: bioRxiv preprint first posted online Jun. 29, 2019; 



 23 

candidate interventions that may alleviate them. However, the lack of widely adapted tools 

for stratification, outcome prediction and treatment monitoring prevent an adequate 

assessment of the effectiveness of such training. Advanced brain MRI provides various 

candidate markers for disease monitoring and outcome prediction, integrating lesion specific 

information and characterization of the integrity of the unaffected parts of the brain, which is 

highly relevant for cognitive functions and long-term outcome. Here, we used brain age 

prediction based on brain morphometry and machine learning to test the hypotheses that 

patients with younger-looking brains would show preserved cognitive function compared to 

patients with older-looking brains and show more beneficial treatment response.  

 Based on the notion that brain age prediction offers a sensitive summary measure of 

brain health and integrity, we first tested the prediction accuracy and then the reliability in a 

longitudinal context. The estimated performance of the 13 trained models within the training 

set using a 10-fold cross-validation procedure suggested a relatively good model fit, with 

correlations ranging from .84 to .61 for the model based on all T1 features and for the right 

cingulate model respectively. Further, the models estimated brain age on the test sample also 

suggested an acceptable model fit with some regional differences in performance with MAE 

ranging from 5.50 to 8.80 for the most comprehensive model based on all T1 features and for 

the model based on right cingulate features respectively. In addition, the age estimation based 

on the median of the 12 regional models achieved the highest performance with a Pearson 

correlation of r = .58 (CI=.40-.72, MAE=4.27).  

In line with a recent implementation in patients with MS (Høgestøl et al. 2019a), our 

results demonstrated high reliability across all timepoints for the global and regional models 

with ICC ranging from .70 to .86 for the right occipital and the right parietal models 

respectively. The brain age estimation based on the median of the 12 regional model was 
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amongst the most reliable models with an ICC of .89. across the two baselines and .83 across 

all timepoints, outperforming the estimation based on all T1 features. 

A particular challenge in clinical neuroimaging is that lesions may interfere with tools 

for automated processing and brain segmentations. Here, to test for the influence of brain 

lesions on BAGR estimation and reliability, we used outlier detection on the individual 

features level to identify extreme observations and replace those extremes by means of 

imputation using predictive mean matching. Comparisons between brain age from the raw 

and imputed feature sets revealed only minimal influence of outliers on both brain age 

estimates and reliability. Importantly, this suggests that our model predictions are robust to 

gross segmentation errors caused by the lesions, which supports the feasibility of automated 

brain age prediction in patient groups with brain disorders and lesions.   

 To test the hypotheses that patients with low BAGR at baseline show better cognitive 

function and a more positive treatment response, we used seven summary scores derived 

from a set of neuropsychological and computerized tests assumed to be sensitive to cognitive 

aging at baseline and the performance gain during the course of the intensive training period 

respectively. Contrary to our hypothesis, after corrections for multiple comparisons, linear 

models revealed no significant associations between BAGR and summary scores from the 

baseline assessment or performance gain. In line with a few previous studies (Boyle et al. 

2019; Høgestøl et al. 2019b), region specific models revealed putative associations between 

summary scores for executive control and speed, working memory and the right cingulate 

BAGR, as well as, attentional control and speed and the right temporal BAGR, suggesting 

better cognitive performance with lower BAGR. In addition, region specific analysis revealed 

non-significant putative associations between performance gain and left frontal and left 

parietal BAGR, indicating more positive treatment response for patients with lower BAGR. 

Although future studies are needed to confirm the results, these preliminary non-significant 
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findings provide some support to the general notion that individuals with younger-appearing 

brains, which may reflect relevant aspects of brain health and reserve, both perform better on 

cognitive tests, and respond more positively to cognitive interventions. 

 In order to assess if cognitive gains in response to intensive cognitive training are 

reflected in longitudinal changes in brain age during the course of the intervention, we tested 

for interactions between BAGR and session on cognitive performance using linear mixed 

effects models. Our analyses revealed a few putative associations between BAGR and 

Cogmed performance, and also session by BAGR interactions on cognitive performance in a 

longitudinal context. However, none of these associations and interactions remained 

significant after correction for multiple comparisons, and the direction of the associations, if 

any, did not seem to converge. Hence, our results did not provide significant support for our 

hypothesis that cognitive gains would be reflected in longitudinal changes in brain age during 

the course of the intervention.  

 While this study does not provide significant support for the utility of brain age 

estimation as a sensitive measure for cognitive reserve and potential predictor for training 

outcomes in stroke patients, our results suggest that region specific brain age estimations are 

not only reliable measures, but might also be more informative than global brain age as a 

measure of brain health. Future studies are needed to confirm the putative associations 

between summary scores for executive control and speed (cluster 5) and working memory 

(cluster 7) and the right cingulate BAGR, as well as summary scores for attentional control 

and speed (cluster 4) and the right temporal BAGR; in addition to the weak associations 

found between the left frontal and left parietal brain age with the rate of cognitive 

improvement. In general, these findings are in line with our recent study suggesting that, by 

capturing distinct measures of brain aging, tissue specific age prediction models might better 
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inform us about the individual determinants and heterogeneity of the aging brain compared to 

models collapsing several brain compartments (Richard et al. 2018).  

 The following methodological considerations should be taken into account while 

interpreting the current results. Although our patient sample was highly heterogenous in 

terms of location, extent of the lesions and stroke etiologies, most of them had small lesions. 

Further studies are needed to confirm that the current approach for brain age prediction based 

on automated brain morphometry is also feasible for patients with larger lesions, and how 

stroke etiologies can impact BAGR and cognitive improvement, for instance progressive 

vascular disease (small vessel and large vessel disease) may affect cognition prior to the 

stroke (Ihle-Hansen et al. 2014). In addition, the patients included in this study suffered from 

moderate to mild stroke (NIHSS < 7 at hospital discharge), representing a high functioning 

group with mild cognitive deficits and better overall prognosis, limiting the generalizability 

of our findings. Although previous studies have reported links between cognitive function 

and brain age in healthy controls, it is conceivable that the current associations would be 

stronger had we sampled from a wider distribution in terms of stroke severity and cognitive 

symptoms. The lack of control group prevents us from distinguishing between the time-

related changes and training-related changes (Kolskår et al. 2019), and, although tailored to 

the current cognitive intervention regime, a longer interval between time points might have 

increased sensitivity to detect relevant associations between cognitive changes and changes in 

brain age.  

In conclusion, reliable and non-invasive markers of brain health and cognitive 

function are needed to help improving the current treatment programs targeting cognitive 

deficits following stroke and other brain disorders. Although our current results do not 

support an immediate clinical utility of brain age prediction in highly functioning stroke 

patients, we speculate that using region specific brain age model as opposed to reducing the 
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whole brain to one summary score might be as reliable and more informative potential 

biomarkers of brain integrity and health. Importantly, our study supports the feasibility of 

automated brain age prediction in patient groups with brain disorders and lesions by 

highlighting the minimal impact of lesions on brain age estimations.  
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Supplementary Figures 
 

Suppl. Figure 1. Pearson correlation with 95% confidence intervals between estimated brain 
age and chronological age within the training sample. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Supplementary Tables 
 
models r lowerCI upperCI MAE 
Global     
all_T1 0.550 0.358 0.697 5.506 
median 0.579 0.395 0.718 4.271 
Regional     
left_frontal 0.448 0.234 0.620 5.799 
right_frontal 0.403 0.182 0.585 5.663 
left_parietal 0.413 0.194 0.593 6.287 
right_parietal 0.460 0.248 0.629 6.086 
left_occipital 0.221 -0.019 0.436 7.642 
right_occipital 0.206 -0.034 0.423 6.953 
left_temporal 0.416 0.198 0.596 7.588 
right_temporal 0.455 0.242 0.625 5.733 
left_cingulate 0.086 -0.156 0.317 6.953 
right_cingulate 0.439 0.224 0.613 8.804 
left_insula 0.309 0.076 0.510 7.732 
right_insula 0.366 0.140 0.556 6.277 

Suppl. Table 1. Pearson correlation between estimated brain age and chronological age with 
their confidence intervals on the test sample at baseline (stroke patients from StrokeMRI 
sample) for each model, and the MAE calculated from BAGR – After removing outliers. 
 
 
 
 Baseline (scan 1 and 2) All time points (scan 1 to 3) 
models ICC lowerCI upperCI ICC lowerCI upperCI 
Global       
BAGR_all_T1 0.789 0.663 0.872 0.785 0.688 0.860 
BAGR_median 0.893 0.823 0.936 0.839 0.762 0.897 
Regional       
BAGR_left_frontal 0.789 0.664 0.872 0.811 0.723 0.878 
BAGR_right_frontal 0.743 0.596 0.842 0.730 0.615 0.822 
BAGR_left_parietal 0.805 0.687 0.882 0.805 0.716 0.874 
BAGR_right_parietal 0.894 0.825 0.937 0.856 0.786 0.909 
BAGR_left_occipital 0.821 0.712 0.892 0.814 0.727 0.880 
BAGR_right_occipital 0.785 0.657 0.869 0.810 0.722 0.877 
BAGR_left_temporal 0.796 0.674 0.876 0.804 0.713 0.873 
BAGR_right_temporal 0.726 0.572 0.831 0.750 0.641 0.836 
BAGR_left_cingulate 0.663 0.484 0.789 0.695 0.571 0.797 
BAGR_right_cingulate 0.814 0.700 0.887 0.802 0.711 0.872 
BAGR_left_insula 0.807 0.691 0.883 0.802 0.711 0.872 
BAGR_right_insula 0.779 0.649 0.866 0.774 0.673 0.852 

Suppl. Table 2. Intra-class correlation (ICC) with their confidence interval of the estimated 
brain age for the two baseline scans (scan one and two), and for the three timepoints (scan 
one, two and three) – After removing outliers. 
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Abstract  

Attentional deficits following stroke are common and pervasive, and are important 

predictors for functional recovery. Attentional functions comprise a set of specific 

cognitive processes allowing to attend, filter and select among a continuous stream of 

stimuli. These mechanisms are fundamental for more complex cognitive functions 

such as learning, planning and cognitive control, all crucial for daily functioning, 

including social interactions. The distributed functional neuroanatomy of these 

processes is a likely explanation for the high prevalence of attentional impairments 

following stroke, and underscores the importance of a clinical implementation of 

computational approaches allowing for sensitive and specific modeling of attentional 

sub-processes. The Theory of Visual Attention (TVA) offers a theoretical, 

computational, neuronal and practical framework to assess the efficiency of visual 

selection performance and parallel processing of multiple objects. Here, using a 

whole-report experimental paradigm in a cross-sectional case-control comparison and 

in six repeated assessments over the course of a three-week intensive computerized 

cognitive training (CCT) intervention in chronic stroke patients (> 6 months since 

hospital admission, NIHSS < 7 at hospital discharge), we assessed the sensitivity and 

reliability of TVA parameters reflecting short-term memory capacity (K), processing 

speed (C) and perceptual threshold (t0). Cross-sectional group comparisons 

documented lower short-term memory capacity, slower processing speed and higher 

perceptual threshold in patients compared to age-matched healthy controls. Further, 

longitudinal analyses revealed high reliability of the TVA parameters in stroke 

patients, and higher processing speed at baseline was associated with larger cognitive 

benefits of the CCT. The results support the feasibility, reliability and sensitivity of 

TVA-based assessment of attentional functions in chronic stroke patients. 
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Introduction  

Attentional deficits following stroke are common, pervasive and persistent (Barker-

Collo et al. 2010a), likely due to the distributed functional neuroanatomy supporting 

the range of attentional sub-functions. Specific functions of attention, such as the 

ability to sustain focus over an extended period, make relevant selections among 

various competing stimuli, or detect changes in perceptual scenes, are fundamental to 

more complex operations supporting everyday functions such as learning and social 

interactions, and are important predictors for functional recovery in stroke patients 

(Peers et al. 2018). For instance, attentional functions assessed at hospital discharge 

has been shown to be relevant for predicting future recovery (Hyndman et al. 2008), 

sustained visual and auditory attention measured two months after stroke was a strong 

predictor of long-term motor recovery (Robertson et al. 1997), and attentional abilities 

have been associated with language recovery after stroke (Geranmayeh et al. 2014).  

Whereas the prevalence of attentional deficits following stroke is high, the 

reported estimates vary depending on assessment tool (Barker-Collo et al. 2010b; Xu 

et al. 2013), and is most likely underestimated when based on traditional bedside 

examination (Rinne et al. 2013). Given the high prevalence of attentional impairments 

in the acute and chronic stages of stroke and the relevance of attentional functions as a 

predictor of stroke recovery, there is a need to identify specific and reliable behavioral 

markers of attentional abilities in individual patients.  

From a cognitive perspective, visual attention broadly refers to the joint set of 

cognitive processes that enables efficient and continuous selection and discrimination 

between relevant and irrelevant information from visual scenes of various degrees of 

complexity. The cognitive and computational sub-processes involved can be 

operationalized and assessed using various paradigms. Representing one of the most 
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comprehensive and coherent accounts, the Theory of Visual Attention (TVA; 

Bundesen 1990) proposes a number of computational parameters that have been 

shown to be sensitive to cognitive aging (Espeseth et al. 2014; Habekost et al. 2013; 

Wiegand et al. 2018), as well as attentional impairments in several brain disorders 

(Habekost 2015; Habekost & Starrfelt 2009). Briefly, TVA offers a theoretical, 

computational and practical framework to assess an individual’s efficiency of visual 

selection performance and parallel visual processing of multiple objects. In TVA-

based assessments, participants have to either report as many letters as possible 

(whole-report) or only a subset (partial-report). TVA assumes that the correctly 

reported letters are the winners of a race among all the letters in the visual field (later 

referred to as a biased competition model; Desimone & Duncan 1995).  

By combining a cross-sectional case-control comparison and longitudinal 

assessment during the course of a computerized cognitive training (CCT) scheme 

(Kolskår et al. 2019) in chronic patients who suffered mild stroke (> 6 months since 

hospital admission, National Institute of Health Stroke Scale (NIHSS; Lyden et al. 

2009) < 7 at hospital discharge), we assessed the sensitivity and reliability of TVA 

parameters reflecting short-term memory capacity (K), processing speed (C) and 

perceptual threshold (t0) based on a whole-report behavioral paradigm.   

Based on the notion that TVA provides sensitive and specific measures of 

visual attention and that attentional deficits are common and pervasive following even 

relatively mild strokes, we hypothesized that (1) chronic stroke patients at the group 

level would show evidence of lower short-term memory capacity, slower processing 

speed, and higher perceptual threshold compared to healthy peers. Further, to assess 

the clinical sensitivity and relevance, (2) we tested for associations between clinical 

severity as indexed by NIHSS scores at hospital discharge and TVA parameters of 
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visual attention in a chronic stage. In particular, we anticipated that higher NIHSS 

scores would be associated with poorer TVA performance. In order to assess the 

sensitivity to relevant etiological factors, we also tested for associations between TVA 

parameters at chronic stage and stroke subtype as classified using the Trial of Org 

10172 in Acute Stroke Treatment (TOAST; Adams et al. 1993) classification system. 

Next, we hypothesized that (3) TVA parameters would constitute reliable and 

sensitive measures of specific attentional functions in chronic stroke patients in a 

longitudinal context. Lastly, assuming that specific attentional abilities are beneficial 

for learning and cognitive plasticity, we hypothesized that (4) higher attentional 

abilities as measured using TVA at baseline would be associated with larger cognitive 

improvement during the course of the CCT. 

To test these hypotheses, we obtained cross-sectional data using a whole-

report behavioral paradigm from 70 chronic stroke patients and 140 matched controls, 

as well as longitudinal data (6 sessions) from 54 chronic stroke patients who 

completed a randomized, double blind study aimed to test the utility of transcranial 

direct current stimulation (tDCS) in combination with CCT to improve cognitive 

performance following stroke (Kolskår et al. 2019; Richard et al. 2019; Ulrichsen et 

al. 2019).   

 

Materials and methods  

Table 1 summarizes key demographics for the healthy controls and the patient group 

and Figure 1 depicts a schematic timeline of the study protocol. 
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Healthy Controls Stroke patients 

Baseline 

Case-Control 

Comparisons 

Stroke patients 

Longitudinal (1st session) 

Mean (SD) Range Mean (SD) Range t-test (t(p)) Mean (SD) Range 

Total N (% females) 140 (39.3%) - 70 (28.6%) - 2.33 (.127)3 54 (25.9%) 

Age 67.4 (9.1) 31-81 67.7 (10.1) 24.3-81.8 -0.17 (.865) 69.72 (7.46) 47.8-82.0 

Education 15.92 (3.22) 6-23.5 14.27 (3.78) 7-30 3.04 (.003) 14.38 (3.75) 9-30 

MMSE 28.74 (1.41) 23-30 27.84 (2.04) 22-30 3.23 (.002) 28.00 (1.87) 22-30 

MoCA 27.04 (2.12) 17-30 25.59 (3.16) 14-30 3.42 (.001) 25.92 (2.77) 17-30 

TVA parameters lm (t(p)) 

K (letters) 3.07 (0.73) 1.48-5.53 2.72 (0.74) 1.41-4.96 -3.21 (.002)* 

C (Hz) 27.84 (14.84) 6.00-99.33 21.42 (11.50) 3.94-83.39 -3.32 (.001)* 

t0 (ms) 25.20 (15.46) 0-79.75 32.41 (20.28) 0-112 3.22 (.002)* 

Error rate 0.11 (0.09) 0-0.46 0.09 (0.08) 0-0.34 -1.68 (.095) 

Patient 

Characteristics  

 Cross-sectional 

(N = 70) 

Longitudinal (N

= 54) 

Months since stroke 26.67 (9.13) 6-45 25.74 (9.17) 6-45

NIHSS1 1.31 (1.52) 0-7 1.33 (1.53) 0-7

TOAST classification for ischemic stroke2 Large artery artherosclerosis (23)  

Cardioembolism (7) 

Small vessel occlusion (21) 

Other (17) 

Large artery artherosclerosis (20)  

Cardioembolism (6) 

Small vessel occlusion (18) 

Other (10) 

Stroke location Right (30) 

Left (22) 

Brain stem / Cerebellum (9) 

Bilateral (7) 

Right (23)

Left (18) 

Brain stem / Cerebellum (8) 

Bilateral (5) 

Table 1. Demographics, descriptive statistics and patients sample characteristics. 1NIHSS 
score at hospital discharge. 2One patient had intracerebral hemorrhage. (Kolskår et al. 2019; 
Richard et al. 2019; Ulrichsen et al. 2019) 3Chi square statistics. *Significant after Bonferroni 
correction. 

.CC-BY-NC-ND 4.0 International licenseIt is made available under a 
(which was not peer-reviewed) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity.

The copyright holder for this preprint. http://dx.doi.org/10.1101/725168doi: bioRxiv preprint first posted online Aug. 5, 2019; 



 7 

 

Figure 1. Schematic timeline of the study protocol for the stroke patients. 

 

Healthy controls  

Healthy individuals were recruited through advertisement in newspapers, social media 

and word-of-mouth (Dørum et al. 2019; Richard et al. 2018). Exclusion criteria 

included history of stroke, dementia, or other neurologic and psychiatric diseases, 

alcohol- and substance abuse, medications significantly affecting the nervous system 

and counter indications for MRI. From a pool of 301 healthy controls who completed 

the behavioral paradigm and were within the relevant age range (24-81 years), we 

selected 140 individuals (age 31-81, mean = 67.4, SD = 9.1, 55 females) matched by 

age and sex using the function matchit with the default method nearest from the R 

package MatchIt (Ho et al. 2011). Here, we employed a ratio of 2:1, in which 2 

healthy controls were selected for each patient. 

 

Patient sample 

Patients admitted to the Stroke Unit at Oslo University Hospital and at 

Diakonhjemmet Hospital, Oslo, Norway during 2013-2016 were invited to participate 
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in a study with the main aim to test the clinical feasibility of combining CCT and 

tDCS to improve cognitive function in chronic stroke patients (Kolskår et al. 2019; 

Richard et al. 2019; Ulrichsen et al. 2019). Stroke was defined as any form of strokes 

of ischemic or hemorrhagic etiology. We included patients in the chronic stage 

defined as a minimum of 6 months since hospital admission. Exclusion criteria 

included transient ischemic attacks (TIA), MRI contraindications and other 

neurological diseases diagnosed prior to the stroke. Seventy-two patients completed 

TVA-based test at the first assessment and 54 patients completed the full protocol; 

including three MRI brain scan sessions, three cognitive assessments, one EEG 

assessment, and 17 CCT sessions. Here, we excluded one patient based on incomplete 

baseline cognitive assessment and one due to lack of confirmed stroke resulting in the 

inclusion of 70 patients at baseline for the case-control comparisons (age = 24-81, 

mean = 67.7, SD = 10.1, 20 females), and 54 patients with longitudinal assessment (6 

sessions, age = 47-82, mean = 69.7, SD = 7.5, 14 females).  

The study was approved by the Regional Committee for Medical and Health 

Research Ethics (South-East Norway, 2014/694) and conducted in accordance with 

the Helsinki declaration. All participants signed an informed consent prior to 

enrollment and received a compensation of 500 NOK for their participation.  

 

CCT protocol 

The computerized working memory training program (Cogmed Systems AB, 

Stockholm, Sweden) consisted of 25 online training sessions. In this study, we 

utilized 17 sessions over a period of three to four weeks, corresponding to 

approximately five weekly training sessions (Kolskår et al. 2019; Richard et al. 2019). 

On average, patients completed two training sessions combined with tDCS per week 
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with a minimum of one day between each tDCS session. The remaining CCT sessions 

were performed at home. Each training session comprised eight different exercises 

and lasted for about 45 minutes. In total, 10 different tasks targeting verbal and 

visuospatial working memory were used. The difficulty level of each task was 

automatically adapted to the participant’s performance throughout the intervention. 

 

tDCS protocol 

The details of the protocol have been described previously (Kolskår et al. 2019). 

Briefly, participants were randomly assigned to an active or a sham condition. We 

used a battery-driven direct current stimulator (Neuroconn DC-STIMULATOR 

PLUS, neuroConn GmbH, Illmenau, Germany), with the following parameters: DC 

current = 1 mA, total duration = 20 minutes, ramp-up = 120 seconds, fade-out = 30 

seconds, and current density = 28.57 A/cm2, rubber pads size = 5 x 7 cm. We used 

the factory settings for the sham condition, including a ramp-up and a fade-out period. 

Based on the 10-20 system for the electrode location, the anodal electrode was placed 

over F3 and the cathodal electrode over O2. The pads were covered with high-

conductive gel (Abralyt HiCl, Falk Minow Services Herrsching, Germany) to keep 

the impedance threshold under < 20 k  and fixated with rubber bands. Side-effects 

were monitored following each session through self-report forms. 

 

TVA-based assessment 

TVA-based modeling was based on data from a whole-report paradigm (Dyrholm et 

al. 2011; Sperling 1960), in which six red letters from a set of 20 different letters 

(ABDEFGHJKLMNOPRSTVXZ) were briefly presented on a circle for either 20, 40, 

60, 110, and 200 ms terminated by a pattern mask or presented for 40 or 200 ms 
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unmasked. Participants were instructed to report all the letters they were “fairly 

certain” of having seen (i.e., to use all available information but refrain from pure 

guessing). The paradigm comprised 20 practice trials and 140 test trials (i.e., 20 trials 

for each of the seven exposure duration conditions). TVA parameters K, C, t0 were 

estimated by a maximum-likelihood procedure using the LibTVA toolbox (Dyrholm 

et al., 2011)1. In addition, the error rate (i.e., the percentage of incorrect letters out of 

the reported letters) was calculated (hereafter referred to as an additional TVA 

parameter). 

 

Processing of Cogmed data 

We used the same performance improvement scores as in previous publications 

(Kolskår et al. 2019; Richard et al. 2019). Briefly, we used linear modeling with 

performance as dependent variable and session as independent variable to quantify the 

changes in performance across the training period for each participant and for each 

trained task. Next, we performed a principal component analysis (PCA) on the 

performance improvement scores (zero-centered and standardized coefficients from 

the linear models) and used the first factor as the individual’s performance 

improvement to derive a common score across the trained tasks. 

 

Statistical analysis  

Statistical analyses were performed using R version 3.3.3 (2017-03-06) (R Core Team 

2017). To test our hypothesis of impaired attentional functions in stroke patients 

compared to healthy peers, we compared the TVA parameters between groups using 

                                                
1 The model had 8 degrees of freedom (df): K, 5 df (the value reported is the expected K given a 
particular distribution of the probability that on a given trial, K = 1, 2,..., 6); C, 1 df; t0, 1 df; and  
(additional effective exposure duration for unmasked letters), 1 df. 
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linear models with each of the TVA parameters as dependent variables, group 

(patients and controls) as independent variable, and age and sex as covariates. To 

control for the number of multiple comparisons, we employed Bonferroni correction 

with  = 0.05/4. 

 To test for associations between clinical characteristics and severity at hospital 

discharge and TVA parameters, we used linear models with each of the TVA 

parameters as dependent variables and each of the clinical scores (NIHSS, TOAST 

classification, lesion location) as independent variables, including age and sex as 

covariates in all models.  

To assess the reliability of the TVA parameters in a longitudinal context, we 

estimated the intra-class coefficient (ICC) using ICCest function from the ICC R 

package (Wolak et al. 2012) across the six sessions.  

To test if higher attentional performance at baseline was associated with larger 

cognitive improvement in response to the intervention, we conducted four linear 

models with Cogmed performance gain as dependent variable and each of the TVA 

parameters as independent variable, including age and sex as covariates in all models. 

As a supplemental analysis, we added tDCS group (sham vs experimental) as an 

additional variable and tested for interactions between tDCS and each of the TVA 

parameters on cognitive improvement.  

Lastly, we also investigated whether the experimental conditions (tDCS 

group) led to differential performance improvement rate on TVA using linear mixed 

effect models (LME) to test for associations between TVA parameters and session 

(time) by group (active and sham). 
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Results 

Cross-sectional – Case-control 

Table 1 shows the statistics for the case-control comparisons and Figure 2 depicts the 

associations between age and each of the TVA parameters for the stroke patients and 

the healthy controls. At the group level, patients performed significantly poorer than 

healthy controls on short-term memory capacity (K,  = -.33, std.err = 0.10, Cohen’s 

d = -.45, t(206) = -3.21, pnom = .002, padj = .008), processing speed (C,  = -6.59, std.err 

= 1.98, Cohen’s d = -.46, t(206) = -3.32, pnom = .001, padj = .004) and perceptual 

threshold (t0,  = 7.83, std.err = 2.44, Cohen’s d = .45, t(206) = 3.22, pnom = .002, padj = 

.008). Error rate did not significantly differ between groups (  = -.02, std.err = .01, 

Cohen’s d = -.23, t(206) = -1.68, pnom = .095, padj = .380). In addition, the analysis 

revealed significant main effects of age on K (  = -.02, std.err = .01, Cohen’s d = -

.55, t(206) = -3.91, pnom = .000, padj = .000), C (  = -.34, std.err = .10, Cohen’s d = -.47, 

t(206) = -3.39, pnom = .001, padj = .004) and t0 (  = .41, std.err = .12, Cohen’s d = .45, 

t(206) = 3.33, pnom = .001, padj = .004), and a significant main effect of sex on t0 (  = -

6.68, std.err = 2.40, Cohen’s d = -.39, t(206) = -2.79, pnom = .006, padj = .024), 

indicating higher t0 in female, but no significant main effect of sex on K (  = -.14, 

std.err = .10, Cohen’s d = -.18, t(206) = -1.35, pnom = .179, padj = .716) and C (  = 2.37, 

std.err = 1.95, Cohen’s d = .17, t(206) = 1.21, pnom = .226, padj = .904).  
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Figure 2. Pearson correlation between age and TVA parameters for each of the two groups 
independently. HC: Healthy controls. IVS: Stroke patients. 

We found no significant associations between NIHSS at hospital discharge and K (  = 

-.066, std.err = .06, Cohen’s d = -.27, t(59) = -1.037, pnom = .304), C (  = .408, std.err = 

.98, Cohen’s d = .11, t(59) = .418, pnom = .678), t0 (  = 1.997, std.err = 1.72, Cohen’s d 

= .30, t(59) = 1.159, pnom = .251), and error rate (  = -.003, std.err = .01, Cohen’s d = -

.10, t(59) = -.376, pnom = .708), and no significant main effect of TOAST classification 

on K (F4,67=1.593, pnom = .188), C (F4,67=1.937, pnom = .116), t0 (F4,67=1.188, pnom = 

.325), and error rate (F4,67=.310, pnom = .870), or of stroke location on K (F3,68=2.363, 

pnom = .080), C (F3,68=.756, pnom = .523), t0 (F3,68=.740, pnom = .532), and error rate 

(F3,68=1.603, pnom = .198). 
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Longitudinal – Reliability and change over time 

Figure 3 shows individual performance for each of the TVA parameters across the six 

timepoints for each group (sham vs tDCS) together with the global inter-class 

coefficients (ICCs) ranging from .58 (95% CI=.47-.69) for perceptual threshold to .80 

(95% CI=.71-.86) for short-term memory capacity. 

 

Figure 3. Individual performance for each of the TVA parameters across the six timepoints 
for each group (sham vs tDCS). Reliability of each TVA parameter is indicated by the intra-
class coefficient (ICC) with 95% confidence interval (CI).  
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parameters TVA1  age  sex  

 
estimate 
(std.error) t (p) 

estimate 
(std.error) t (p) 

estimate 
(std.error) t (p) 

K 
-0.33 
(0.304) 

-1.07 
(0.289) 0.01 (0.031) 

0.30 
(0.763) -0.42 (0.507) 

-0.84 
(0.407) 

C 
-0.08 
(0.027) 

-2.79 
(0.007) -0.01 (0.030) 

-0.46 
(0.645) -0.45 (0.476) 

-0.95 
(0.344) 

t0 
0.02 
(0.012) 

1.35 
(0.183) 0.01 (0.030) 

0.37 
(0.713) -0.33 (0.512) 

-0.64 
(0.522) 

error rate 
-3.21 
(2.717) 

-1.18 
(0.242) 0.02 (0.031) 

0.72 
(0.476) -0.36 (0.512) 

-0.70 
(0.488) 

Table 2. Summary statistics from the linear models testing for associations between Cogmed 
performance gain and TVA performance at baseline. *Significant after Bonferroni correction. 
1Main effect of TVA parameters on Cogmed performance 

 

Table 2 shows summary statistics from the four linear models testing for associations 

between Cogmed performance gain and TVA performance at baseline. Briefly, the 

analysis revealed one significant association between Cogmed performance gain and 

processing speed (C) suggesting that higher processing speed at baseline was 

associated with larger cognitive gain during the course of the intervention. Beyond 

this, we found no significant effect of age or sex on performance gain. The analysis 

including tDCS group (sham and experimental) as an additional variable revealed no 

significant main effect of tDCS group, nor tDCS group by TVA performance 

interaction on Cogmed performance gain.   

 

  K C t0 error rate 

session estimate (std.error) 0.090 (0.014) 2.004 (0.316) -2.502 (0.427) 0.006 (0.002) 

 t (p) 6.62 (<.001)* 6.34 (<.001)* -5.86 (<.001)* 3.18 (0.002)* 
age estimate (std.error) -0.029 (0.012) -0.666 (0.169) 0.167 (0.248) 0.001 (0.001) 

 t (p) -2.41 (0.019) -3.94 (<.001)* 0.67 (0.504) 0.96 (0.344) 
sex estimate (std.error) -0.213 (0.208) 1.967 (2.921) -1.147 (4.286) 0.007 (0.021) 

 t (p) -1.02 (0.311) 0.67 (0.504) -0.27 (0.79) 0.33 (0.744) 
group estimate (std.error) 0.003 (0.194) 1.113 (2.994) 2.005 (4.301) -0.024 (0.020) 

 t (p) 0.02 (0.987) 0.37 (0.712) 0.47 (0.643) -1.17 (0.247) 
sess:group estimate (std.error) -0.018 (0.019) 0.787 (0.446) -0.361 (0.603) 0.005 (0.003) 

 t (p) -0.93 (0.352) 1.76 (0.079) -0.60 (0.550) 1.73 (0.085) 
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Table 3. Summary statistics from the linear mixed effects models testing for associations 
between TVA parameters and group by session, including age and sex as covariates and 
participant as random factor. *Significant after Bonferroni correction. 

 
Table 3 shows summary statistics from the LME testing for associations between 

TVA parameters and group (sham and experimental) by session interaction, including 

age and sex as covariates and participant as random factor. The models revealed 

robust main effect of session on each of the TVA parameters, suggesting 

improvement in performance over time. However, error rate increased over time. 

Beyond this, the analyses revealed a main effect of age on processing speed (C). We 

found no group by session interactions on any of the TVA parameters. 

 

Discussion  

Attentional deficits are prevalent and pervasive following stroke, and are important 

predictors of functional and cognitive recovery. Here, we leveraged the computational 

framework provided by the Theory of Visual Attention (TVA) to demonstrate poorer 

storage capacity, lower processing speed and higher visual threshold in chronic stroke 

patients compared to age-matched healthy controls. Further, in a longitudinal setting, 

we demonstrated high reliability of the TVA parameters in stroke patients across six 

test sessions, and showed that higher processing speed at baseline, as indexed by the 

C parameter from TVA, was associated with larger cognitive benefits of cognitive 

training.  

Based on the notion that TVA provides sensitive and specific measures of 

visual attention and that attentional deficits are common and pervasive following even 

relatively mild strokes, we first tested whether chronic stroke patients would show 

reduced performance compared to age-matched healthy controls in K, C and t0. Our 

results demonstrated that, at group level, patients who suffered mild stroke, defined 
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here with a NIHSS score below seven at the hospital discharge, showed reduced 

performance compared to age-matched controls, suggesting that attentional deficits 

are present also in patients suffering from a mild stroke. This is in line with previous 

literature showing the TVA is sensitive to subtle deficits (Habekost & Bundesen 

2003). Next, to the extent that clinical characteristics and severity of the stroke at 

hospital discharge are sensitive to visual attention, we tested whether higher clinical 

burden was associated with lower performance on TVA as measured by K, C and t0. 

We found no associations between NIHSS at hospital discharge, suggesting that, 

among patients with relatively mild strokes, the severity of the stroke is not a strong 

predictor of short-term memory capacity, processing speed, nor perceptual threshold 

as measured by TVA in a chronic stage. Further, we found no association between 

TOAST nor location of the stroke, and performance on TVA. Thus, neither stroke 

severity as measured by NIHSS at hospital discharge, nor the etiology of stroke based 

on TOAST or stroke location provided predictive value of attentional performance 

measured by TVA in a chronic stage, highlighting the complexity of the clinical 

etiology of long-term attentional impairments following stroke. 

In line with previous findings using three test sessions in healthy individuals 

(Habekost et al. 2014), our results demonstrate high reliability for the K parameter, 

and fairly good reliability for C and t0 across the six TVA sessions in chronic stroke 

patients. These findings are encouraging as they support both the feasibility and 

reliability of computational behavioral approaches in a clinical setting, and provide 

support for previous cross-sectional studies implementing a similar paradigm and 

modeling approach.  

To the extent that attentional abilities facilitate response to cognitive training, 

we tested whether higher attentional abilities as measured by the TVA at baseline 
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were associated with larger improvement in response to cognitive training during the 

course of the intervention. Our results revealed a significant association between 

processing speed at baseline and performance improvement over the course of the 

intervention, indicating that patients with higher processing speed showed larger 

cognitive improvements. In contrast, visual memory capacity and perceptual threshold 

at baseline were not significantly associated with cognitive improvement. Thus, our 

results jointly demonstrate that processing speed as measured by the C parameter is 

both highly reliable, sensitive to case-control differences between stroke patients and 

age-matched healthy peers, and predictive for response to cognitive training in 

chronic stroke patients. These findings support a clinical implementation of 

computational cognitive approaches in general and of TVA specifically in future 

stroke studies. 

In line with one of the major aims of the study, we also tested for effects of 

tDCS on cognitive improvement and interactions between attentional abilities as 

measured by TVA and tDCS on cognitive improvement. In addition, we also tested 

for tDCS by time interaction on TVA performance to assess whether the experimental 

conditions would result in differential improvement in TVA performance over time. 

Here, corroborating previous publications using the same sample (Kolskår et al. 2019; 

Richard et al. 2019), we found no significant associations between tDCS group (sham 

and experimental) and cognitive improvement, tDCS group by session interaction on 

TVA performance, nor tDCS group by time interaction on TVA performance, 

providing no significant support for the beneficial effect of tDCS. 

Several methodological considerations need to be highlighted while 

interpreting our results. First, as previously emphasized (Richard et al. 2019), patients 

included in this study represent a high functioning group with relatively mild 
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cognitive deficits and presumably better prognosis compared to patients with more 

severe symptoms, limiting the generalizability of our findings. It is possible that the 

current analysis would have revealed stronger associations between clinical variables 

and TVA parameters in a sample including a broader range of stroke severities and 

cognitive impairments. However, the labor-intensity of the current intervention and 

imaging study was challenging for the individual patient, preventing the study from 

sampling a wider clinical range of the stroke severity spectrum. Though, the value of 

TVA and other computational behavioral approaches may be particularly high in 

relatively well functioning samples where the cognitive deficits are assumed to be 

subtle (Ulrichsen et al. 2019). Moreover, the cross-sectional design prevents us from 

determining whether the group differences between patients and controls in TVA 

parameters primarily result from the stroke, or were present prior to the stroke. 

Further, the lack of control group in the longitudinal study does not allow us to 

separate the potential benefits from CCT on attention from the learning effect from 

repeated TVA assessment. Lastly, regarding the reliability estimates, although the 

reliability coefficients for all TVA parameters were fairly high, it is possible that the 

individual variability in the CCT gain could have led to underestimating ICC for the 

different TVA parameters. Thus, the reported values should be considered lower-

bound estimates. 

In conclusion, we have assessed the sensitivity and reliability of TVA 

parameters assessing short-term memory capacity (K), processing speed (C) and 

perceptual threshold (t0) derived using a whole-report behavioral paradigm in a cross-

sectional case-control comparison and longitudinal assessment during the course of a 

CCT scheme in chronic patients who suffered mild stroke. Our results demonstrate 

poorer K, lower C and higher t0 in chronic stroke patients compared to age-matched 
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healthy controls. Further, we demonstrated high reliability of the TVA parameters in 

stroke patients across six test sessions, and showed that higher C was associated with 

larger cognitive benefits of cognitive training. Thus, a clinically feasible 

implementation of TVA-based assessment offers sensitive and reliable computational 

parameters of short-term memory capacity, speed of processing and visual threshold 

in chronic stroke patients, and higher speed of processing measured at baseline was 

associated with stronger cognitive improvement in response to the cognitive training 

intervention. 
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