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Abstract

Maintaining cognitive capacity through adulthood has been the target of many recent stud-

ies that have examined the influence of lifestyle choices such as exercise, diet, and sleeping

habits. Many of these studies have focused on a single factor (e.g., diet) and its effect on

cognitive abilities; however, humans make numerous lifestyle choices every single day,

many of which interact and influence each other. Here, we investigated whether combina-

tions of lifestyle choices can predict better or worse cognitive performance in the general

population, and whether optimal combinations of choices existed depending on the cogni-

tive domain. Specifically, we examined 20 self-reported lifestyle choices, such as playing

video games, drinking alcohol, and amount of exercise taken, in a sample of almost 10,000

participants. All participants also completed 12 cognitive tests that have been shown to gen-

erate three composite cognitive domain scores pertaining to short-term memory, verbal abil-

ities, and reasoning. Using recursive feature elimination and random forest regression, we

were able to explain 9% of the variance in short-term memory scores, 8% of the variance in

reasoning scores, and 7% of the variance in verbal ability scores. While the regression

model provided predictive power in all three domains, these levels indicate that even when

considering a large number of lifestyle choices, there remains a considerable degree of vari-

ability in predicting short-term memory, reasoning and verbal abilities. Thus, while some

modifiable lifestyle factors may have an impact on cognitive capacity, there likely exists no

single optimal design for life.

Introduction

There is a strong incentive to improve our cognitive abilities; factors such as vocational suc-

cess, levels of happiness, and even life expectancy are all linked to cognitive health [1–4]. A nat-

ural extension of any discussion about cognitive health is the relevance of lifestyle choices to

differences in cognitive abilities; that is, whether some modifiable behavioural practices affect

cognitive health more than others, and whether it is possible to optimize one’s lifestyle choices

to maximize cognitive advantages [5, 6]. Unsurprisingly therefore, maintaining cognitive
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capacity throughout life has been the target of many recent studies that have examined the

influence of lifestyle choices such as exercise, diet, and sleeping habits. In parallel, a vibrant

industry has emerged, focusing on the maintenance of cognitive health. Complicating matters,

however, is that cognitive health is remarkably heterogeneous across individuals [7, 8].

The relationship between cognitive health and some lifestyle choices is already well docu-

mented in the literature. For example, adults of all ages who regularly sleep for between 7–8

hours per night perform better on some aspects of cognition than those who sleep less, or

more, than that amount [9, 10]. Older adults who sleep longer also tend to perform more

poorly on the Mini Mental State Examination (MMSE) and other measures of cognitive func-

tion [11, 12]. Aerobic training and physical activity have also been associated with better cog-

nition and a lower risk of cognitive impairment in multiple studies [13–15]. Finally, regular

social contact has been consistently associated with better cognitive ability in older adults [16–

18]. For example, in one 30-year longitudinal study, loneliness was found to be associated with

increased cognitive decline and lower baseline cognitive abilities, while married individuals

deteriorated less quickly than those who were single [18].

Lifestyle choices that may affect cognitive health also include hobbies and other purely rec-

reational activities, although there exists considerable disagreement in the literature. For exam-

ple, Green and Bavelier (2003) [19] reported that playing action-based video games markedly

improved visual selective attention. Similarly, Basak and colleagues (2008) [20] reported a pos-

itive correlation between video game training and improvements in tests of visual selective

attention, task switching, visual short-term memory, reasoning and working memory. In con-

trast, however, several studies have shown that improvements in cognitive abilities following

video game training do not generalize beyond the tasks that were specifically trained [21–23].

Similarly, despite the many claims made about the general cognitive benefits of ‘brain training’

[24, 25], numerous studies have found that improvements made on the cognitive tasks that

were trained do not transfer to untrained tasks [26–30].

Many of the studies reviewed above have focused on how a single lifestyle choice may affect

cognitive health, yet humans make many different lifestyle choices every day. In one longitudi-

nal study that examined several factors simultaneously, vigorous exercise, volunteerism, and

non-smoking were all related to good cognitive health in elderly participants [5]. In another

cross-sectional study of 2,315 cognitively healthy older adults, physical activity, a healthy diet,

cognitive and social activity, and light-to-moderate alcohol consumption were positively asso-

ciated with cognitive function [6]. Finally, meta-analyses in older participants have routinely

identified positive relationships between cognition and social engagement, physical activity,

and therapeutic nutrition [31–33], although little is known about how such factors influence

cognition in younger groups.

One way of examining complex relationships between many predictors is through

machine-learning. Random forest regression is one such machine learning procedure, in

which many decision trees (that is, models that use binary splits on predictor variables to pro-

duce outcome predictions) are constructed and aggregated to give a prediction for each obser-

vation [34]. Random forest regression is particularly useful in this regard, especially when

predictors may not have a linear relationship with cognitive performance. For example, where

choices like sleep duration and alcohol are concerned, one might predict a U-shaped relation-

ship, where too much or too little may be equally bad. In such cases, standard correlational or

general linear models may not be appropriate. In addition, random forest regression can per-

form with high accuracy when there are several unique combinations of factors that can lead

to the same outcome. For example, while exercising regularly and eating a vegan diet may both

confer benefits for cognition, sleeping eight hours per night and socializing regularly may be

equally beneficial.
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In the present study, we investigated whether combinations of lifestyle choices can accu-

rately predict whether cognitive performance will be above or below the population mean in

over 10,000 participants, using recursive feature elimination (RFE) and random forest regres-

sion. We hypothesized that we would be able to predict cognitive scores based on personal

combinations of lifestyle choices. Second, we hypothesized that different optimal combina-

tions of choices would apply, depending on the specific cognitive process under investigation;

that is, the combination that best predicted performance in one cognitive domain (e.g., short-

term memory) would differ from that which best predicted performance in another (e.g.,

reasoning).

Materials and methods

Participants

An international sample of 40,105 participants registered for the online study [10] between

June 23, 2017 and February 5, 2018. Participants were only included in the final data analysis if

they completed all relevant questionnaire items and all 12 tests, eliminating 23,293 people.

Most of this attrition was due to technical issues related to server performance during the ini-

tial surge of registrations that prevented participants from completing stages of the experi-

ment. After data cleaning (described below), 9,443 participants (5,954 identified as female,

3,407 identified as male, 82 identified as ‘other’) were included in the final data analysis, rang-

ing in age from 18–69 years (M = 39.67, SD = 13.05). Descriptive information is summarized

in Table 1. The experimental protocol was approved by Western University’s Office of Human

Research Ethics (protocol ID #109196) and all participants provided informed implied consent

by clicking a button to complete the survey prior to participating.

Materials

Cognitive tests. Twelve cognitive tests were used to assess a broad range of executive

functions, such as inhibition, working memory, problem-solving, and planning. These 12 tests

have been validated in patients with anatomically specific frontal-lobe lesions [35, 36], in

neurodegenerative populations with frontostriatal cognitive impairments [37], and in pharma-

cological intervention studies [38]. Functional-neuroimaging studies in healthy adults [39]

and in neuropathological populations [40] have shown these tests to be associated with activity

in frontal or frontostriatal circuitry. The individual tests are described in detail in the S1 File,

and test-retest reliability measures are given in S1 Table. The twelve cognitive tests were used

to create three factor scores reflecting performance in three cognitive domains, henceforth

referred to as ‘Short-Term Memory’, ‘Reasoning’, and ‘Verbal Ability’, as described previously

Table 1. Demographic summary of participants.

Measure Value

n 9,443

Age (years) M = 39.67 (SD = 13.05)

Gender

Female 5,954 (63%)

Male 3,407 (36%)

Other 82 (0.87%)

Socioeconomic status

At or above the poverty line 8,785 (93%)

Below the poverty line 658 (7%)

https://doi.org/10.1371/journal.pone.0298899.t001
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by Hampshire and colleagues [39]. These 12 tests, their cognitive assessment purposes, and

factor scores are summarized in Table 2.

The composite domain scores (or ‘factors’) were calculated as follows. First, the individual

test scores were normalized (M = 0.0, SD = 1.0). Then, the domain scores were calculated

using the formula Y = X (Ar+)T, where Y is the N × 3 matrix of domain scores, X is the N × 12

matrix of test z-scores, and Ar is the 12 × 3 matrix of Varimax-rotated principal component

weights from Hampshire et al. [39] All 12 tests contributed to each domain score, as deter-

mined by their component weights.

Socio-demographic questionnaire. In order to obtain information about lifestyle

choices, as well as pertinent demographic information including socio-economic status

(SES), age, and gender, participants completed a detailed socio-demographic questionnaire.

Twenty of the items from the 66-item socio-demographic questionnaire were determined to

be ‘lifestyle choices’ (operationally defined as an activity or habit that one has some control

over, rather than a characteristic such as age that is not a matter of choice), and thus relevant

to the current study. These items were as follows: average hours of sleep per night, units of

alcohol consumed per week, caffeine per day, number of cigarettes smoked per day, recrea-

tional drug use, board game frequency, crossword, sudoku, and other puzzle frequency, fre-

quency of playing card games, frequency of playing video games, brain training

participation, highest level of education attained, belief in religion, exercise frequency, med-

itation frequency, musical instruments currently played, number of languages currently

spoken, number of pets, social contact frequency, special diets, and use of supplements spe-

cifically marketed as cognition-enhancing (nootropics). The 20 items and their correspond-

ing response choices are included in S2 File.

Procedure

All data were collected with the Creyos (www.creyos.com) online platform. Recruitment was

through advertisements on social media platforms (including Twitter and Facebook) and

word of mouth, and participants received no compensation for their participation. Upon

accessing the Creyos website and beginning the study process, participants read a letter of

information, instructions and a letter of consent, acknowledging their fluency in English. After

providing informed consent and an email address, participants completed the detailed socio-

Table 2. Cognitive tests and their PCA loadings onto short-term memory, reasoning, and verbal abilities.

Test Description PCA loading

Short-Term Memory Reasoning Verbal Abilities

Spatial Span Spatial short-term memory 0.69 0.22 -

Grammatical Reasoning Verbal reasoning 0.69 0.21 -

Double Trouble Response inhibition 0.62 0.16 0.16

Odd One Out Deductive reasoning 0.58 - 0.25

Monkey Ladder Visuospatial working memory 0.41 0.45 -

Rotations Mental rotation 0.14 0.66 -

Feature Match Feature-based concentration and attention 0.15 0.57 0.22

Digit Span Verbal working memory - 0.54 0.3

Spatial Planning Executive function and planning 0.19 0.52 -0.14

Paired Associates Episodic memory 0.26 -0.2 0.71

Polygons Visuospatial processing - 0.33 0.66

Token Search Strategy and working memory 0.22 0.35 0.51

https://doi.org/10.1371/journal.pone.0298899.t002
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demographic and lifestyle questionnaire. Next, participants were asked to complete the 12 tests

in the Creyos battery, measuring a range of executive functions, including, but not limited to,

working memory, reasoning, problem solving, planning, decision-making and verbal abilities.

The order of the 12 tests was randomized across participants. Completing the process of regis-

tration, the socio-demographic questionnaire and the 12 tests took approximately 60 minutes.

Statistical analysis

All code used for cleaning, running analyses, and creating figures is available at https://osf.io/

nwbx6/.

Data cleaning and reduction. Participants were excluded if they did not complete all 12

tests and all relevant questionnaire items, if they got 0 correct on a test, or if they did not per-

form above chance on any test. Participants were also excluded from the analysis if they

reported their age to be less than 18 or greater than 69, due to low numbers outside those lim-

its. Data were then cleaned to remove impossible and improbable questionnaire responses:

individuals who reported sleeping more than 24 hours a day (11 participants), smoking more

than 100 cigarettes a day (one participant), consuming more than 100 alcoholic drinks a week

(four participants), and owning more than 30 pets (six participants) were removed. Of the

40,105 participants who registered for the study, 9,443 participants were included in the final

data analysis.

Statistical analysis was performed in R (version 4.0.3). In order to control for the effects of

SES, gender, and age, linear regression was performed on each cognitive domain score with all

three variables as regressors, including a quadratic term for age. The residual domain scores

resulting from each regression were then carried forward for the remainder of the analysis. For

the purposes of applying machine-learning techniques, nominal categorical lifestyle variables

were converted to numeric using one-hot encoding (qdapTools package, version 1.3.5), creat-

ing a binary variable for each level of the factor. That is, each level of the nominal categorical

factor became its own variable, with a value of 0 or 1. For example, in the case of number of

musical instruments played, there were eight categories, including “none”, and so this variable

was coded into eight individual columns. If an individual played woodwind and brass instru-

ments, both of these variables would be coded as 1, while the other instrument variables would

be coded as 0. If an individual played no instruments, “none” would be coded as 1, and all

other instrument columns would be coded as 0. One-hot encoding also allowed us to accu-

rately handle cases where multiple response items were selected (e.g., a participant who

reported playing both string and brass instruments). This resulted in a total of 40 individual

lifestyle choices, or “features”.

Machine leaning model. Random forest regression models were used to predict compos-

ite cognitive scores from the 40 lifestyle features. That is, a separate regression model was con-

structed for each cognitive score that used that same set of predictors. Model performance was

scored during training (including feature selection and model tuning stages) and at the final

test stage using root mean square error (RMSE), as it measures, on average, how much the pre-

dicted value deviates from the actual value, providing a measure of model fit.

Data were first split into 70% training data (for hyperparameter tuning and feature selec-

tion) and 30% test data (used to evaluate model performance at the last stage). Next, feature

selection was performed on the training data in order to reduce model complexity and

improve the accuracy of the random forest regression. Feature selection is a way of reducing

the input features and strengthening the prediction results by including only relevant and

meaningful features in the model [41]. Recursive Feature Elimination (RFE) was used to deter-

mine the optimal number of lifestyle factors to maximize model fit, due to its ability to handle
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correlation between predictors [42]. Briefly, RFE starts by fitting and scoring the random for-

est regression, ranking the features by permutation importance, discarding the least important

feature, and repeating this process until only one feature remains. Feature ranking was per-

formed using permutation importance, which considers a variable important if it has a positive

effect on the prediction accuracy. At each stage (i.e., for a given set of features) the cross-vali-

dated score (RMSE) is collected, so that the set of features yielding the best score can be

selected for final model evaluation. RFE was performed separately for each of the three regres-

sion models (one for each cognitive score) using the rfe function in the caret package (version

6.0), and each set of features was evaluated with 5-fold cross-validation. To assess similarity

between feature rankings, a Kendall’s Rank Correlation Test was used.

The random forest method has several parameters that can impact model performance (i.e.,

hyperparameters), and their optimal values can differ dramatically between different kinds of

datasets. We selected the hyperparameter values for our models using a grid search, in which

all combinations of pre-selected hyperparameter values were used train the three random for-

est models and evaluate their performance. The random forest regression model was trained

with 500 trees in order to reduce variance in the model while maintaining computational

efficiency.

Finally, we measured the regression models’ performance on the left-out test dataset

(N = 2,833). For each cognitive score, a random forest regression model was trained on the

entire training dataset using the hyperparameters and features selected during model tuning,

and scored on the test dataset by calculating RMSE and the proportion of variance explained

(R2). Feature importance was similarly assessed using permutation importance. In order to

avoid biasing the results based on the initial 70/30 split, this entire procedure was conducted

100 times, and the mean RMSE and R2 values, feature importances, and optimization parame-

ters were calculated.

Results

Feature selection and tuning

All reported values represent the mean of 100 iterations. For Short-Term Memory, the average

lowest cross-validated RMSE was 1.86, with a mean of 37 features being selected. For Reason-

ing, the average lowest cross-validated RMSE was 1.70, with a mean of 37 features being

selected. For Verbal Abilities, the average lowest cross-validated RMSE was 1.33, with a mean

of 37 features being selected.

The set of hyperparameters that produced the best root-mean-square error was selected for

each model. This grid search was performed on the training data using the ranger package

(version 0.13.1). For Short-Term Memory, RMSE was lowest with a mean mtry parameter (the

number of variables to randomly sample as candidates at each split) of 9 and a mean minimum

node size of 110. For Reasoning, RMSE was lowest with a mean mtry parameter of 9 and a

mean minimum node size of 128. For Verbal Abilities, RMSE was lowest with a mean mtry

parameter of 11 and a mean minimum node size of 129.

Kendall’s Rank Correlation Tests revealed that ranking of each item was statistically corre-

lated between each domain (Short-Term Memory and Reasoning: tau = 0.72, p< .001; Short-

Term Memory and Verbal Abilities: tau = 0.73, p< .001; Reasoning and Verbal Abilities:

tau = 0.69, p< .001).

Model performance

Breakdown of model performance metrics for all three cognitive domains is shown in Table 3.

The optimized random forest regression was able to explain 9.3% of the variance in Short-
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Term Memory scores in the training data. In the case of Reasoning, the regression model

explained 7.8% of the variance in scores. In terms of Verbal Abilities, the regression model

explained 6.7% of variance in scores.

Feature importance

Rankings for each final random forest regression model are shown in Fig 1. The top three fea-

tures that provided information to the Short-Term Memory regression were frequency of play-

ing video games, frequency of doing puzzles, and frequency of playing board games. The top

three features that provided information to the Reasoning regression were frequency of doing

puzzles, frequency of playing video games, and playing the piano. The top three features that

provided information to the Verbal Ability regression were playing the piano, frequency of

doing puzzles, and frequency of playing video games. In all three cognitive domains, the rest of

the predictors that were retained pertained to playing instruments, religious involvement, edu-

cation level, exercise, sleep, diet, and other hobbies such as playing cards and board games.

Averages for each feature across the entire sample are shown in Fig 2.

Discussion

In this study of 9,443 participants, the relationship between lifestyle choices and cognitive abil-

ities was examined using machine learning techniques. In an international sample, we were

able to explain 7–9% of the variance in cognitive scores in Short-Term Memory, Reasoning,

and Verbal Abilities, based on 20 lifestyle choices. Second, we found unique rankings of pre-

dictors for each cognitive domain, although there was statistically significant overlap in the

Table 3. Final regression output for short-term memory, reasoning, and verbal ability classes.

Cognitive domain R2 Root-mean-square error

Short-Term Memory 0.09 1.85

Reasoning 0.08 1.69

Verbal Abilities 0.07 1.32

https://doi.org/10.1371/journal.pone.0298899.t003

Fig 1. Feature ranking for A) Short-Term Memory, B) Reasoning, and C) Verbal Abilities. Features are ranked by permutation importance. A value of 0 means

that a feature has no effect on prediction accuracy.

https://doi.org/10.1371/journal.pone.0298899.g001
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features that contributed most to each of these models, suggesting that in general there are

some commonalities among those lifestyle choices that tend to influence cognitive function

most.

In all three cognitive domains, the frequency with which an individual played video games

appeared among the most important features for predicting performance. The relationship

between video games and cognitive outcomes is contentious within the literature; there is a

wealth of research that has demonstrated that video game players outperform their counter-

parts on tests of working memory, attention, executive control and visuo-spatial abilities [19,

43–45]. Researchers have proposed that these cognitive gains are thought to be due to

enhanced attentional control, evidenced by differences in attention-linked parietal function

[46], event-related potentials [47, 48], and steady state visual evoked potentials [49, 50]

between different kinds of gamers as well as non-gamers. In order to determine causality, that

is, whether these differences are a result of neuroplasticity within these regions due to playing

video games, or represent pre-existing individual variability that leads to an increased interest

in gaming, intervention studies are required. Results of such studies, in which non-gamers

have been trained on specific video games, have shown both structural and functional brain

changes [51–53], although the location of these effects has differed. However, several other

studies have failed to find cognitive differences, failed to replicate previous positive results, and

have suggested that the improvements in video game playing do not extend beyond the game

itself [21, 23, 54]. Some of these discrepancies may occur not only because of the type of video

game being studied [55], but also because in the literature, video game playing is largely con-

sidered in isolation rather than in the context of the overall set of lifestyle choices that might

accompany it and exert an influence. For example, in the current study, video game playing

did not singularly predict cognitive ability; rather, factors such as sleep, education, and religi-

osity contributed predictive power as well. This suggests that any study examining the influ-

ence of video game playing on cognitive ability should, at the very least, take account of these

additional contributory factors. In very simple terms, one can easily imagine an interaction

between video game playing and sleep, where the potential beneficial influence of the former

might be counteracted by its detrimental influence on the latter.

Fig 2. Mean responses of features that provided the most information gain, averaged for individuals who performed above and below the mean, for A) Short-

Term Memory, B) Reasoning, and C) Verbal Abilities. All features were scaled to a range of 0–1.

https://doi.org/10.1371/journal.pone.0298899.g002
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Although video gaming emerged as being among the most important features for predict-

ing cognitive ability, we found that the frequency of solving puzzles and playing card/board

games also provided predictive information for cognitive performance. Engaging in these

activities was associated with above average performance (see Fig 2), suggesting that there may

be a common factor present in all four hobbies that may underly the relationship with cogni-

tion. For example, factors such as social interaction, reward, and strategic thinking are com-

mon to all of these activities. Again, this confirms that lifestyle choices such as video game

playing should not be considered in isolation when exploring the potential effects on cognition

because it may simply reflect a more general factor inherent in such hobbies.

Several themes emerged amongst the features ranked as most important in all three cogni-

tive domains. For example, playing a musical instrument was important for predicting Short-

Term Memory, Reasoning, and Verbal abilities, with those performing above the mean being

more likely to report playing an instrument in all three cases (Fig 2). Another was an individu-

al’s belief in religion, with participants who performed cognitively above average reporting less

religious involvement in all three domains. Unsurprisingly perhaps, education level also

appeared as an important feature in all three domains.

As we predicted, although there was significant overlap in the features that contributed to

each cognitive domain, the overall set and ranking of features was unique in each case. This

suggests that whilst making informed lifestyle choices can be beneficial for cognition, the rela-

tionship between the two is somewhat nuanced. For example, while number of pets contrib-

uted to predicting Short-Term Memory and Verbal Abilities, it did not contribute to

Reasoning at all. In contrast, whether or not someone followed an intermittent fasting diet

contributed somewhat to Reasoning ability, and not at all to Short-Term Memory or Verbal

Abilities. This supports the view that human cognition is not unitary, but, rather, is formed

from multiple components organized into functionally specialized networks [39]. Indeed, the

same three cognitive domains examined in this study (Short-Term Memory, Reasoning, and

Verbal Abilities) have been shown to recruit specific and dissociable neuroanatomical net-

works in the human brain [39]. Thus while some lifestyle factors may be globally beneficial to

cognition, it is unsurprising that some affect specific domains more than others.

Importantly, based on the results of the present study, no conclusions can be drawn about

causation. That is, while some of the lifestyle factors examined may affect cognition, others

may themselves be affected by cognition. For example, while board games may improve short-

term memory and reasoning by teaching these skills, it is equally likely that people with better

short-term memory and reasoning abilities enjoy playing board games because they are good

at them, and thus play them more often. This conflation of correlation with causality is one

factor that has led to the considerable public enthusiasm for, and commercial investment in,

“brain training” interventions, despite there being little evidence to support their worth [29,

30]. Additionally, despite the large sample size, there was a high rate of data loss due to server

issues and strict data cleaning methods, which could impact the generalizability of the study.

Finally, we did not screen participants for cognitive impairments such as dementia. Although

the data were cleaned to exclude anyone who scored 0 or performed below chance on any test

as well as outliers, it is possible that the data includes individuals with cognitive impairment.

Our regression models explained approximately 7–9% of variance in cognitive scores.

While our models provided predictive value, this large set of lifestyle features still leaves a con-

siderable amount of residual variance unaccounted for, even after controlling for age, gender,

and SES. This result again has implications for interventions aimed at improving cognitive

function, or preventing decline, because it suggests that while it is likely that gains can be

made, there are clear limits on what can be achieved.
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We conclude by emphasizing that, while the relationship between lifestyle choices and cog-

nition is important, it is far from straightforward. Undoubtedly, the choices we make in our

lives are associated with our cognitive abilities, and thus may influence our daily functioning

and promote healthy aging [56]. Nevertheless, there is no one-to-one mapping between any

particular lifestyle choice and improved cognition, suggesting that there is no universal opti-

mal design for life.
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17. Röhr S, Löbner M, Gühne U, Heser K, Kleineidam L, Pentzek M, et al. Changes in Social Network Size

Are Associated With Cognitive Changes in the Oldest-Old. Front Psychiatry. 2020. https://doi.org/10.

3389/fpsyt.2020.00330 PMID: 32431627

18. Gow AJ, Mortensen EL. Social resources and cognitive ageing across 30 years: The Glostrup 1914

Cohort. Age Ageing. 2016. https://doi.org/10.1093/ageing/afw070 PMID: 27126328

19. Green CS, Bavelier D. Action video game modifies visual selective attention. Nature. 2003. https://doi.

org/10.1038/nature01647 PMID: 12774121

20. Basak C, Boot WR, Voss MW, Kramer AF. Can Training in a Real-Time Strategy Video Game Attenuate

Cognitive Decline in Older Adults? Psychol Aging. 2008. https://doi.org/10.1037/a0013494 PMID:

19140648

21. Boot WR, Champion M, Blakely DP, Wright T, Souders DJ, Charness N. Video Games as a Means to

Reduce Age-Related Cognitive Decline: Attitudes, Compliance, and Effectiveness. Front Psychol.

2013. https://doi.org/10.3389/fpsyg.2013.00031 PMID: 23378841

22. Oei AC, Patterson MD. Enhancing perceptual and attentional skills requires common demands between

the action video games and transfer tasks. Front Psychol. 2015; 6: 1–11. https://doi.org/10.3389/fpsyg.

2015.00113 PMID: 25713551

23. Unsworth N, Redick TS, McMillan BD, Hambrick DZ, Kane MJ, Engle RW. Is Playing Video Games

Related to Cognitive Abilities? Psychol Sci. 2015; 26: 759–774. https://doi.org/10.1177/

0956797615570367 PMID: 25896420

24. Jaeggi SM, Buschkuehl M, Jonides J, Perrig WJ. Improving fluid intelligence with training on working

memory. Proceedings of the National Academy of Sciences. 2008; 105: 6829 LP– 6833. https://doi.org/

10.1073/pnas.0801268105 PMID: 18443283

25. Jaeggi SM, Buschkuehl M, Jonides J, Shah P. Short- and long-term benefits of cognitive training. Proc

Natl Acad Sci U S A. 2011; 108: 10081–10086. https://doi.org/10.1073/pnas.1103228108 PMID:

21670271

26. Simons DJ, Boot WR, Charness N, Gathercole SE, Chabris CF, Hambrick DZ, et al. Do “Brain-Training”

Programs Work? Psychological Science in the Public Interest, Supplement. 2016. https://doi.org/10.

1177/1529100616661983 PMID: 27697851

27. Stojanoski B, Wild CJ, Battista ME, Nichols ES, Owen AM. Brain Training Habits Are Not Associated

With Generalized Benefits to Cognition: An Online Study of Over 1000 “Brain Trainers.” J Exp Psychol

Gen. 2020. https://doi.org/10.1037/xge0000773 PMID: 32969685

PLOS ONE A design for life

PLOS ONE | https://doi.org/10.1371/journal.pone.0298899 April 16, 2024 11 / 13

https://doi.org/10.3390/bs11040051
https://doi.org/10.3390/bs11040051
http://www.ncbi.nlm.nih.gov/pubmed/33924660
https://doi.org/10.1111/j.1365-2869.2009.00765.x
https://doi.org/10.1111/j.1365-2869.2009.00765.x
http://www.ncbi.nlm.nih.gov/pubmed/19732318
https://doi.org/10.1093/sleep/zsy182
https://doi.org/10.1093/sleep/zsy182
http://www.ncbi.nlm.nih.gov/pubmed/30212878
https://doi.org/10.1111/j.1365-2869.2009.00759.x
https://doi.org/10.1111/j.1365-2869.2009.00759.x
http://www.ncbi.nlm.nih.gov/pubmed/19691473
https://doi.org/10.5664/jcsm.2834
http://www.ncbi.nlm.nih.gov/pubmed/23853560
https://doi.org/10.1037/0278-6133.25.6.678
http://www.ncbi.nlm.nih.gov/pubmed/17100496
https://doi.org/10.1001/archneur.58.3.498
https://doi.org/10.1001/archneur.58.3.498
http://www.ncbi.nlm.nih.gov/pubmed/11255456
https://doi.org/10.1001/jama.300.9.1027
http://www.ncbi.nlm.nih.gov/pubmed/18768414
https://doi.org/10.1159/000351265
http://www.ncbi.nlm.nih.gov/pubmed/23711796
https://doi.org/10.3389/fpsyt.2020.00330
https://doi.org/10.3389/fpsyt.2020.00330
http://www.ncbi.nlm.nih.gov/pubmed/32431627
https://doi.org/10.1093/ageing/afw070
http://www.ncbi.nlm.nih.gov/pubmed/27126328
https://doi.org/10.1038/nature01647
https://doi.org/10.1038/nature01647
http://www.ncbi.nlm.nih.gov/pubmed/12774121
https://doi.org/10.1037/a0013494
http://www.ncbi.nlm.nih.gov/pubmed/19140648
https://doi.org/10.3389/fpsyg.2013.00031
http://www.ncbi.nlm.nih.gov/pubmed/23378841
https://doi.org/10.3389/fpsyg.2015.00113
https://doi.org/10.3389/fpsyg.2015.00113
http://www.ncbi.nlm.nih.gov/pubmed/25713551
https://doi.org/10.1177/0956797615570367
https://doi.org/10.1177/0956797615570367
http://www.ncbi.nlm.nih.gov/pubmed/25896420
https://doi.org/10.1073/pnas.0801268105
https://doi.org/10.1073/pnas.0801268105
http://www.ncbi.nlm.nih.gov/pubmed/18443283
https://doi.org/10.1073/pnas.1103228108
http://www.ncbi.nlm.nih.gov/pubmed/21670271
https://doi.org/10.1177/1529100616661983
https://doi.org/10.1177/1529100616661983
http://www.ncbi.nlm.nih.gov/pubmed/27697851
https://doi.org/10.1037/xge0000773
http://www.ncbi.nlm.nih.gov/pubmed/32969685
https://doi.org/10.1371/journal.pone.0298899


28. Stojanoski B, Lyons KM, Pearce AAA, Owen AM. Targeted training: Converging evidence against the

transferable benefits of online brain training on cognitive function. Neuropsychologia. 2018; 117: 541–

550. https://doi.org/10.1016/j.neuropsychologia.2018.07.013 PMID: 30009838

29. Nichols ES, Erez J, Stojanoski B, Lyons KM, Witt ST, Mace CA, et al. Longitudinal white matter changes

associated with cognitive training. Hum Brain Mapp. 2021; 1–18. https://doi.org/10.1002/hbm.25580

PMID: 34268814

30. Owen AM, Hampshire A, Grahn JA, Stenton R, Dajani S, Burns AS, et al. Putting brain training to the

test. Nature. 2010; 465: 775–779. https://doi.org/10.1038/nature09042 PMID: 20407435

31. Mintzer J, Donovan KA, Kindy AZ, Lock SL, Chura LR, Barracca N. Lifestyle Choices and Brain Health.

Frontiers in Medicine. 2019. https://doi.org/10.3389/fmed.2019.00204 PMID: 31637242

32. Phillips C. Lifestyle Modulators of Neuroplasticity: How Physical Activity, Mental Engagement, and Diet

Promote Cognitive Health during Aging. Neural Plasticity. 2017. https://doi.org/10.1155/2017/3589271

PMID: 28695017

33. Williams KN, Kemper S. Interventions to reduce cognitive dfecline in aging. Journal of Psychosocial

Nursing and Mental Health Services. 2010. https://doi.org/10.3928/02793695-20100331-03 PMID:

20415290

34. Breiman L. Random Forests. 2001.

35. Bor D, Duncan J, Lee ACH, Parr A, Owen AM. Frontal lobe involvement in spatial span: Converging

studies of normal and impaired function. Neuropsychologia. 2006; 44: 229–237. https://doi.org/10.

1016/j.neuropsychologia.2005.05.010 PMID: 15979109

36. Owen AM, Downes JJ, Sahakian BJ, Polkey CE, Robbins TW. Planning and spatial working memory

following frontal lobe lesions in man. Neuropsychologia. 1990; 28: 1021–1034. https://doi.org/10.1016/

0028-3932(90)90137-d PMID: 2267054

37. Owen AM, Sahakian B, Semple J, Polkey C, Robbins T. Visuo-spatial short-term recognition memory

and learning after temporal lobe excisions, frontal lobe excisions or amygdalo- hippocampectomy in

man. Neuropsychologia. 1995; 33: 1–24. https://doi.org/10.1016/0028-3932(94)00098-a PMID:

7731533

38. Mehta MA, Owen AM, Sahakian BJ, Mavaddat N, Pickard JD, Robbins TW. Methylphenidate enhances

working memory by modulating discrete frontal and parietal lobe regions in the human brain. The Jour-

nal of neuroscience. 2000; 20: 1–6.

39. Hampshire A, Highfield RR, Parkin BL, Owen AM. Fractionating Human Intelligence. Neuron. 2012; 76:

1225–1237. https://doi.org/10.1016/j.neuron.2012.06.022 PMID: 23259956

40. Williams-Gray CH, Hampshire A, Robbins TW, Owen AM, Barker RA. Catechol O-Methyltransferase

val158met Genotype Influences Frontoparietal Activity during Planning in Patients with Parkinson’s Dis-

ease. Journal of Neuroscience. 2007; 27: 4832–4838. https://doi.org/10.1523/JNEUROSCI.0774-07.

2007 PMID: 17475791

41. Guyon I, Elisseeff A. An Introduction to Variable and Feature Selection 1 Introduction. Journal of

Machine Learning Research. 2003; 3: 1157–1182.

42. Gregorutti B, Saint-pierre BMP. Correlation and variable importance in random forests. Stat Comput.

2017; 27: 659–678. https://doi.org/10.1007/s11222-016-9646-1

43. Powers KL, Brooks PJ, Aldrich NJ, Palladino MA, Alfieri L. Effects of video-game play on information

processing: A meta-analytic investigation. Psychonomic Bulletin and Review. Psychon Bull Rev;

2013. pp. 1055–1079. https://doi.org/10.3758/s13423-013-0418-z PMID: 23519430

44. Cain MS, Landau AN, Shimamura AP. Action video game experience reduces the cost of switching

tasks. Atten Percept Psychophys. 2012; 74: 641–647. https://doi.org/10.3758/s13414-012-0284-1

PMID: 22415446

45. Blacker KJ, Curby KM. Enhanced visual short-term memory in action video game players. Atten Per-

cept Psychophys. 2013; 75: 1128–1136. https://doi.org/10.3758/s13414-013-0487-0 PMID: 23709068
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