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ABSTRACT

Consistent with research across several domains, intervention adherence is associated
with desired outcomes. Our study investigates adherence, defined by participants’
commitment to, persistence with, and compliance with an intervention’s regimen,
as a key mechanism underlying cognitive training effectiveness. We examine this
relationship in a large and diverse sample comprising 4,775 adults between the ages
of 18 and 93. We test the predictive validity of individual difference factors, such as
age, gender, cognitive capability (i.e., fluid reasoning and working memory), grit,
ambition, personality, self-perceived cognitive failures, socioeconomic status, exercise,
and education on commitment to and persistence with a 20-session cognitive training
regimen, as measured by the number of sessions completed. Additionally, we test the
relationship between compliance measures: (i) spacing between training sessions, as
measured by the average time between training sessions, and (ii) consistency in the
training schedule, as measured by the variance in time between training sessions, with
performance trajectories on the training task. Our data suggest that none of these
factors reliably predict commitment to, persistence with, or compliance with cognitive
training. Nevertheless, the lack of evidence from the large and representative sample
extends the knowledge from previous research exploring limited, heterogenous
samples, characterized by older adult populations. The absence of reliable predictors
for commitment, persistence, and compliance in cognitive training suggests that
nomothetic factors may affect program adherence. Future research will be well served
to examine diverse approaches to increasing motivation in cognitive training to improve
program evaluation and reconcile the inconsistency in findings across the field.
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INTRODUCTION

The past two decades have witnessed a surge of interest in evaluating the potential of cognitive
training to enhance cognition (Katz, Shah, et al,, 2018). This interest stems from a rapidly
mounting body of evidence indicating that repeated practice on a cognitive task can lead to
improvements in non-trained targeted outcomes (Green et al., 2019). However, researchers
who question the validity of cognitive training point to the inconsistent findings and small
effect sizes that are present across diverse approaches (e.g., Melby-Lervdg & Hulme, 2015;
Simons et al., 2016). Furthermore, these inconsistencies are used to challenge the viability and
generalizability of cognitive training more broadly (Gobet & Sala, 2023). To better understand
the reasons for these inconsistencies and to further advance the understanding of cognitive
training effects, the field is moving towards research that identifies the underlying mechanisms
that give rise to training-induced gains (Tullo & Jaeggi, 2022). For instance, a special interest
within the field of cognitive training is focused on investigating the role of within-subjects factors
elucidating the translation of benefits from training gains to targeted outcomes (e.g., Donk et
al.,, 2017; Jaeggi et al., 2014; Karbach et al., 2017; Katz et al., 2016; Shah et al., 2012; Traut et
al.,, 2021). The pursuit of characterizing such factors can result in further tailoring cognitive
training approaches to catalyze training benefits and to help reconcile the inconsistency in
cognitive training research.

To better understand the mechanisms of cognitive training, one approach is to identify how
people engage with intervention materials and protocols to optimize the benefits. For instance,
non-adherence to treatment is a common challenge faced by many types of interventions
across various domains, such as pharmacological treatments (e.g., Biederman et al., 2020;
Chacko et al., 2010; Gau et al., 2008), behavioral therapy (e.g., Farrer et al., 2014; Johansson
et al., 2015; Neil et al., 2009), or physical exercise (e.g., Collado-Mateo et al., 2021). Here, we
investigate treatment adherence, captured as the degree to which a patient commits to,
persists in, and complies with the recommended therapeutic regimen, as specified by the
intervention’s established protocols. This mechanism is especially relevant in cognitive training
interventions, where adherence to the training regimen may play a crucial role in determining
the efficacy of the treatment paradigm (Harrell et al., 2021).

For one, non-commitment and a lack of persistence can have substantial effects on the
interpretation of research trials studying the treatment’s efficacy and effectiveness (Jaeggi
et al, 2014; Katz, Jaeqgqi, et al.,, 2018). The field of cognitive training has employed several
strategies to overcome issues of attrition, such as adding a layer of gamification to the cognitive
training paradigm (Deveau et al., 2014, 2015; Green & Seitz, 2015; Mohammed et al., 2017; Prins
et al., 2010), personalized coaching (Chacko et al., 2010; Nelwan et al., 2018), and positively
framing the context of the intervention (Harrell et al., 2021). While most research has focused
on developing methods to improve persistence and reduce attrition and dropout, research
aimed at identifying individual difference factors that predict and explain commitment to and
persistence with treatment, are sparse, inconsistent, and restricted to specific populations.

Our review of the literature reveals a scarcity of studies that investigate the relationship between
individual difference factors and persistence in cognitive training interventions. For example,
Double and Birney (2016) found that age showed a positive association with treatment
perseverance, with older participants demonstrating higher persistence compared to younger
participants, while personality traits such as openness were negatively related to treatment
perseverance. Additionally, Cruz et al. (2014) reported significant differences in time spent
training between individuals with neurodegenerative diseases and brain injuries compared
to those without these conditions. Moreover, He et al. (2022) found that memory measures
were the most significant predictors of overall persistence. Additionally, a recent study has
demonstrated a link between weekly exercise and treatment adherence (Coley et al., 2019). This
recent study by Coley et al., (2019) has also suggested that education could predict participants
continued participation; nevertheless, the findings were inconsistent between certain levels of
education and may have been influenced by the longitudinal design of the study.

In contrast, however, Turunen et al. (2019) found no link between age, sex, or health with
dropout and attrition; while Lam et al. (2015) and Cruz et al. (2014) found no link between
education and time committed to training. Overall, the extant literature demonstrates
inconsistency among individual difference factors predicting commitment and persistence; but
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most of the aforementioned studies focus on older adults, and thus, it is unclear to what extent
their findings might generalize to other populations (Cruz et al., 2014; Double & Birney, 2016;
He et al.,, 2022; Turunen et al., 2019). Furthermore, to our knowledge, no study has clarified the
roles of grit, ambition, and socioeconomic status in committing and/or persevering through a
cognitive training program. As such, indicators of treatment in select elements of adherence in
cognitive training remain underexplored.

Another aspect of adherence is compliance with the prescribed cognitive training protocol, such
as its schedule. Specifically, previous research has highlighted the importance of compliance
with the intervention’s regimen to maximize engagement with the treatment paradigm
(Chacko et al., 2014; Jones et al., 2020). However, a potential issue with attempting to comply
with a dense cognitive training schedule is an increase in participant burden and/or decreased
motivation, which may result in decreased perseverance and higher rates of participant attrition
(Katz, Jaeggi, et al., 2018).

In a systematic review of the cognitive training literature, Tullo and Jaeggi (2022) aggregated
the findings from studies that examined the effect of time between training sessions. The review
concluded that the distribution of training sessions does not appear to have a significant impact
on learning and transfer to targeted outcomes. In line with this observation, Schwaighofer
et al’s (2015) meta-analysis and Jaeggi et al.’s (2020) study did not reveal any significant
relationship between the distribution of training sessions and outcome; while Wang et al. (2014)
demonstrated benefits of training sessions that were spaced apart as compared to massed
training. It is essential to note though that the range of training session distribution in existing
cognitive training literature is relatively narrow, which could partially explain the lack of effects
(Tullo & Jaeggi, 2022). To date, Wang et al. (2014) conducted the only empirical study that
systematically varied the distribution of training sessions at a significant range, where one
condition in their study dispersed training sessions from 2 to 20 calendar days. As such, it remains
unclear whether spacing affects learning and engagement with the cognitive training paradigm.

Moreover, the extant literature examining spacing procedures is limited to fixed-effects designs;
thus, it remains unclear whether providing participants with some autonomy in scheduling
their training is beneficial for engagement with the training paradigm, and ultimately, learning.
Beyond cognitive training, research has shown that autonomy and agency can lead to greater
treatment adherence, and in turn, better health outcomes (see Entwistle et al., 2010). Autonomy
and agency can be observed in a variety of healthcare interventions, such as choosing between
different pharmacological treatment regimens (e.g., Williams et al, 1998) and making
decisions about behavioral modifications (e.g., Sibley et al., 2022). Further characterizing the
relationships between spacing and learning as well as consistency and learning are vital to
cognitive training research, given that engagement and task-specific learning are precursors
to improved outcomes (Donk et al.,, 2017; Jaeggi et al., 2011; Karbach et al., 2017; Katz et al,,
2021; @rskov et al., 2021; Redick, 2019; Wiemers et al., 2019).

AIMS OF THE STUDY

Drawing upon the existing literature, this study aims to address two specific research gaps. Firstly,
we will explore the association of various individual difference factors with commitment to (i.e.,
whether participants advanced past the sign-up portion of the study) and persistence with (i.e.,
the number of sessions completed) a 20-session cognitive training program (see Figure 1a). This
aim is prompted by the evident scarcity of studies that examine these individual differences
factors, such as age, gender, cognitive capability (i.e., fluid reasoning and working memory),
grit, ambition, personality, self-perceived cognitive failures, socioeconomic status, exercise, and
education. More specifically, previous research has produced inconsistent findings regarding
the roles of age, personality traits, cognitive abilities, and commitment to and persistence with
cognitive training (Cruz et al,, 2014; Double & Birney, 2016; He et al.,, 2022; Turunen et al,,
2019). Moreover, the effects of factors like self-reported grit, ambition, socioeconomic status,
and exercise remain virtually unexplored and unknown. We anticipate that this aim will identify
the extent to which certain individual difference factors indicate greater levels of perseverance
to cognitive training paradigms and reconcile the inconsistency in the existing literature. The
knowledge obtained here can inform the design of cognitive training programs, enhancing their
efficacy by catering to the unique characteristics of participants (Katz et al., 2021).
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Secondly, we aim to further understand treatment compliance by investigating the effect
of spacing and consistency in cognitive training sessions on engagement and learning (see
Figure 1b). Previous literature, although limited, offers mixed findings on the impact of session
distribution (Jaeggi et al., 2020; Schwaighofer et al., 2015; Tullo & Jaeggi, 2022; Wang et
al., 2014). Therefore, we will examine a broader range of training session distributions to
gain a clearer understanding of their effect. Simultaneously, we will explore the potential
benefits of autonomy in scheduling training sessions - an aspect that researchers have
largely overlooked in cognitive training research but has demonstrated significance in other
healthcare interventions (Entwistle et al., 2010; Williams et al., 1998). We anticipate that
investigating the effect of spacing and consistency in cognitive training, if any, will provide
valuable insights on optimizing training protocols for enhanced engagement and learning,
contributing substantially to the existing body of knowledge on the mechanisms of cognitive
training (Green et al., 2019).
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Figure 1 Study model
illustrating the objectives of
the study. (A) Investigation of
individual difference factors
influencing commitment to
and persistence with cognitive
training. (B) Examination of
the impact of compliance
factors on learning and
engagement within the
cognitive training paradigm.
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Participants were recruited for the study using widespread marketing via flyers and online
advertisements. Between June 2021 and August 2022, we collected data from a sample of
4,775 adults aged between 18 and 93 years (M =48.06, SD = 18.10) who signed up to participate
in the study. Participant demographics show that 75% of the participants identified as female,
24% identified as male, and 1% indicated other or non-specific gender. The Institutional Review
Boards at the University of California-Irvine and the University of California-Riverside approved
the study procedure.

MEASURES
Recollect - n-back training paradigm

Participants trained on an app-based n-back paradigm that was developed by researchers
at the University of California Riverside Brain Game Center called: “Recollect the Study”;




available on Google Play; cf. Brain Game Center at UCR, 2019a; and Apple App Store; cf. Brain
Game Center at UCR, 2019b). The application housing the n-back program was developed
using the Unity platform, rendering it platform-independent and consequently accessible on
both iOS and Android platforms. Recollect is a working memory training paradigm that has
demonstrated efficacy in transfer to a variety of targeted outcomes ranging from proximal to
distal domains (see Pahor et al.,, 2022). The n-back task assesses participants’ ability to identify
stimuli that match those presented a given number of items back. In our task, participants are
presented with a series of stimuli consisting of shapes and colors. They need to determine if
the current stimulus matches the one presented n items back in the sequence (cf., Figure 2).
To adjust the task difficulty, the n-back training task in this study adapts based on participants’
performance. Higher n levels require participants to remember items that occurred further back
in the sequence, making the task more challenging. This adaptive approach ensures that the
training is tailored to each individual participant’s abilities, rather than using a one-size-fits-all,
standardized approach. Each session of the task is composed of multiple blocks, each lasting
about three minutes, where each block includes approximately 60 or more n trials. The duration
of the sessions varied between 20 and 30 minutes. The dependent variable of the Recollect
- n-back training paradigm is the weighted average n-level achieved during a session. This is
calculated by multiplying each n-level by the number of trials associated with that block and
then dividing by the total number of trials.

2-back

4-back

The online cognitive training regimen affords the opportunity to investigate the predictive
validity of individual differences factors in (i) committing to the cognitive training program (ii)
persevering through the regimen, (iii) spacing between training sessions, and (iv) consistency
in completing training sessions, across a large and representative population. Specifically,
we asked whether individual difference factors such as age, gender, cognitive capability (i.e.,
measured by fluid reasoning and working memory), grit, ambition, personality, self-perceived
cognitive failures, socioeconomic status, exercise, and education predicted whether participants
committed to training, that is, whether they moved beyond the sign-up stage to the training
phase. We also collected peripheral training data as measures of persistence. For instance, we
collected data on the number of sessions completed as a measure of persistence. Participants
could have completed a maximum of 20 sessions.

The online cognitive training regimen also affords the opportunity to examine compliance, that
is, differences in spacing and consistency in cognitive training research. While participants were
recommended to complete two training sessions per calendar day, participants were given the
option to train at their leisure and availability. Therefore, we examined data illustrating spacing
between training sessions, as measured by the average time between training sessions, and
data characterizing consistency in training, as measured by the variance in time between
training sessions.
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Figure 2 An illustration of

the types of stimuli (i.e.,

colors and shapes) that were
presented in the Recollect
n-back training paradigm. The
rows represent the correct
responses for hits in conditions
of 1-back to 4-back.



Cognitive Capability Measures

Fluid Reasoning

A measure of fluid intelligence (cf., Pahor et al., 2019) was collected using the University of
California Matrix Reasoning Task (UCMRT), which indicates an individual’s capability to solve
non-verbal problems. Participants were asked to solve up to 23 problems within a 10-minute
time limit. Specifically, each problem featured a 3 by 3 matrix with the lower right entry
missing, and participants were instructed to select the answer option that best completes the
matrix from a set of eight possible choices. Prior to assessment, participants were provided with
sample problems and an opportunity to practice the task while receiving feedback. The main
outcome measure was the percentage of correctly solved problems.

Working Memory

An untrained variant of the n-back task was administered to participants as a measure of
working memory. The procedure and instructions for this task were similar to the cognitive
training task; however, the stimuli provided to the participants consisted of animals or fruits
and vegetables. Here we administered 1-back, 2-back, and 3-back levels to all participants
in that sequence. Participants progressed to 4-back (and beyond) if they made no more than
two errors on the previous level. Each level consisted of 30+n trials (i.e., the 3-back level would
equate to 33 trials), nine of which were targets. Stimuli were displayed for 2.5 seconds with
a 500 ms interval. To calculate accuracy for each level, hits were divided by the total number
of hits, misses, and false alarms. The dependent variable was determined by averaging the
z-scores of the accuracy levels for 2-back and 3-back.

Self-report Measures

Grit

Grit was assessed through Duckworth and Quinn’s (Duckworth & Quinn, 2009) questionnaire
comprising eight statements, such as “I see things through to the end.” and represented
indicators of perseverance and passion. Participants responded to each of the eight statements
using a 5-point Likert scale, with possible responses ranging from “Not like me at all” to “Very
much like me.” We calculated a composite score of all the questions, which served as the
outcome variable for this measure.

Ambition

Ambition was assessed through Duckworth et al. ‘s (Duckworth et al., 2007) questionnaire
comprising five statements, such as “I am a hard worker” and represented indicators of
achievement seeking and success. Participants responded to each of the five statements using
a 5-point Likert scale, with possible responses ranging from “Not like me at all” to “Very much
like me.” We calculated a composite score of all the questions, which served as the outcome
variable for this measure.

Personality

We collected participant self-report ratings on the big five personality traits (i.e., Emotional
Stability, Extraversion, Openness, Agreeableness, and Conscientiousness) using the 40-item
Mini-Markers questionnaires (Saucier, 1994). Each personality trait was measured using a series
of eight adjective-based items. Participants responded with the extent to which each item was
representative of their character on a 5-point Likert scale. For instance, when assessing the
personality trait of Extraversion, one of the items used was ‘Bold.” Consequently, participants
were asked to rate their agreement on a scale from 1 (i.e., extremely inaccurate) to 5 (i.e.,
extremely accurate). The composite score for all eight items was used as the outcome variable
for each personality trait.

Cognitive Failure Questionnaire

The Cognitive Failure Questionnaire (CFQ) by Broadbent et al. (Broadbent et al., 1982) was used
to gather information about the self-perceived memory capabilities of participants. Participants
were asked to indicate the frequency of instances where they experienced memory lapses, such
as forgetting people’s names, appointments, and leaving appliances turned on. The response
for each of the eight items was on a five-point Likert scale, where a low score indicated the
participant never experienced the memory lapse and a high score indicated the participant
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experienced the event very often (e.g., “Do you find that you forget whether you've turned off a
light, or the stove, or locked the door?”). We calculated a composite score of all the items, which
served as the outcome variable for this measure.

Socio-economic Status

We assessed participants’ subjective Socio-economic Status (SES) via the MacArthur Scale of
Subjective Social Status (cf., Adler et al., 2000). The measure has demonstrated more reliable
and robust associations with health, well-being and status compared to traditional and
direct measure of SES, such as income (cf., Garza et al., 2017; Singh-Manoux et al., 2005). We
presented two ladder pictures, where the first ladder represented community status and the
second ladder represented money, education, and job status. The participant rated where they
were best represented on a given ladder rung; that is, the top of the ladder was coded as 10,
indicating the highest SES, while the bottom was coded as 1, indicating the lowest SES. The
resulting scores for both ladders were added together to determine the overall self-reported
socioeconomic status level.

Exercise

We collected the participant’s fitness routine as an indicator of discipline to health. Participants
were asked to report their weekly activity time using a 6-point Likert scale, where a rating of 6
indicated over four hours of activity per week, and a rating of 1 indicated less than 30 minutes
of activity.

Education

Participants were asked to indicate their highest degree achieved using the following response
options: less than a high school degree, high school or GED equivalent degree, associate
degree, bachelor’s degree, master’s degree, professional degree (e.g., M.D., J.D., D.D.S., etc.),
and doctorate degree (e.g., Ph.D., Psy.D., Ed.D., etc.). Based on these responses, participants
were grouped into three categories: (i) those with an associate degree or a high school degree
or less, (ii) those with a bachelor’s degree, and (iii) those with an advanced degree (i.e.,
master’s, doctorate, and professional degree). From here, education was dummy coded into
two variables. The first variable, Education (Secondary), included participants with an associate
degree, high school degree, or less as the target group. The second variable, Education
(Advanced), included participants with a master’s, doctorate, or professional degree as the
target group. Consequently, individuals with a bachelor’s degree served as the reference group
in subsequent analyses, with these two dummy coded variables included.

PROCEDURE

The study involved administering a series of measures and questionnaires to participants
using Qualtrics Software. The administered measures included demographic questionnaires,
cognitive measures, and self-report measures. Participants completed these measures and
training sessions on their electronic devices.

Prior to the training phase, participants underwent cognitive assessments measuring fluid
reasoning and working memory. During the training phase, participants were instructed to
complete 20 training sessions, with a requirement to complete two sessions each calendar
day. However, the software did not restrict participants from modifying their training schedule.
Consequently, participants exhibited variations in the spacing and consistency of their training
sessions, despite the maximum limit of two sessions per 24-hour rotation and a total of
20 sessions.

DATA ANALYSIS PLAN

We analyzed the data using R version 4.2.2 and R Studio Version 2022.12.0+353. Firstly, we
conducted univariate outlier analyses to identify and remove scores beyond 3.5 standard
deviations above or below the mean. To examine the aim of identifying individual difference
factors that predict commitment to cognitive training, we performed preliminary t-teststo assess
the association between predictor variables and the dependent variables. After the preliminary
analyses, we used logistic regression to examine the predictive validity of several individual
difference factors, including age, gender, fluid reasoning, working memory (i.e., cognitive
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capability), grit, ambition, personality, self-perceived cognitive failures, socioeconomic status,
exercise, and education, in relation to advancing or participating in cognitive training sessions.
Before conducting the logistic regression analyses, we screened the data for multicollinearity
and treated missing data with casewise deletion.

Next, to address the study aim of identifying individual difference factors that predict
persistence with cognitive training, we conducted multinomial regression analysis to assess
the predictive validity of these factors across three levels of training progress. Due to the
bimodal distribution in the sample size, we divided the participants into three groups based on
the number of sessions completed (out of a maximum of twenty). Specifically, we categorized
a group as “Few” completions if they completed the first two sessions, representing the
bottom 33.3% percentile rank. The “Intermediate” group consisted of participants who
completed the first half of the remaining sessions beyond initial training (sessions 3-11),
representing percentile rank scores between 33.4% and 66.5%. Finally, the “Most” group
included participants who completed the second half of the remaining sessions (sessions
12-20), with percentile rank scores of 66.6% and above (refer to Figure 3). Table 1 provides
information on the count per group, the mean number of sessions completed, the standard
deviation of sessions completed, as well as the range in sessions completed, as indicated by
the minimum and maximum values.

Density plot for Number of Sessions Completed
3

08 2
3

18D

<
g
b
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04 Few
Intermediate
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03

Density

0.2

0.0

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Sessions Completed

GROUP n MEAN SD MIN MAX
Few 354 131 0.46 1 2
Intermediate 316 5.77 2.43 3 11
Most 353 18.86 2.41 12 20
Total 1,023 8.74 7.82 1 20

Lastly, we focused on the subsample of participants who completed all 20 training sessions
to examine the aim associated with characterizing the role of spacing and consistency on
learning and engagement with a cognitive training paradigm. In this analysis, we explored
the relationship between compliance and engagement, beyond individual difference factors.
To analyze our data, we utilized a latent growth curve model (LGCM) with structural equation
modeling in R studio, using the lavaan package version 0.6-12 (Rosseel, 2012). Before the
main analyses, we removed univariate outliers for the first two training sessions to account
for participants who may not have understood the task parameters based on unlikely scores.

First, we assessed the fit of the repeated measures data of the training paradigm to different
models, including an intercept-only model, a linear trend, and the hypothesized logarithmic
trend that represents a typical learning curve (Guye et al., 2017; @rskov et al., 2021; Orylska et
al., 2019). Next, we introduced predictors of compliance measures, such as spacing (average
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Figure 3 The frequency of
completed sessions on the
cognitive training paradigm for
participants who progressed
to the training phase of the
study is presented through a
histogram and a density plot.
The density plot represents
the relative likelihood of the
value occurring using the
probability and is displayed
using the smoothed curve as
an estimate of the underlying
distribution of the sessions
completed variable (y-axis).
The histogram bars display
the frequency distribution

of completed sessions and
are color-coded based on
naturally occurring groups
divided into thirds: dark

grey for participants who
completed a ‘Few’ number

of sessions, light grey for
participants who completed
an ‘Intermediate’ number

of sessions, and white for
participants who completed
the ‘Most’ number of sessions.

Table 1 Cognitive training
sessions completed by group.

Note: Out of the 4,775
participants that signed up
for the study and completed
self-reported measures, only
1,023 completed at least one
training session.



time between sessions) and consistency of training sessions (standard deviation of time
between sessions), along with observed measures of cognitive capability (fluid reasoning and
working memory) and demographic variables (age and gender). We only included participants
who completed all twenty training sessions, ensuring no missing training data.

RESULTS
INDIVIDUAL DIFFERENCE FACTORS AND COMMITMENT TO TRAINING

First, we examined differences in individual-level factors based on naturally occurring groups
of participants: those who progressed to the cognitive training portion of the study and those
who dropped out of the study prior to the cognitive training phase. Table 2 presents observed
data for each variable, including the mean, standard deviation, and effect size indicating the
magnitude of group differences. Additionally, the table presents the corresponding t-test results
and Cohen’s d effect size (i.e., with Bonferroni-corrected confidence intervals) for the individual
difference factor between participants who advanced to training and those who did not. As
presented in the table, there was a small difference in ratings of grit: t(4,520) = 2.85, p = .004;
d =0.08, 99.6% CI [0.00, 0.22] and the personality trait of conscientiousness: t(4,506) = 3.08,
p =.002; d = 0.09, 99.6% CI [0.00, 0.23] between the two naturally occurring groups, where
those that advanced to training demonstrated higher ratings of conscientiousness compared
to those that did not advance to training. Additionally, there were significant differences in
the categorical variables of education (i.e., highest degree attained). Here, there were more
participants with an advanced degree (i.e., master’s, doctorate, or professional degree) that
completed at least one more training session: ¥?(1) = 5.66, p =.017; Cramer’s V = .04, 99.6%
CI [.02, .09]. Similarly, there were fewer participants with a high-school degree, equivalent,
or less that completed at least one more training session than those with a post-secondary
degree: y*(1) = 5.66, p = .017; Cramer’s V = .04, 99.6% CI [.02, .09]. Nevertheless, while these
individual difference factors reached statistical significance, their effect size were small and
negligible, and as such the test statistics may have been inflated due to the large sample (i.e.,
Type 1 error). There were no other statistically detectable group differences after controlling for
family-wise error.
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Table 2 Group differences

in predictors between
participants that committed
to training versus those that
did not commit to training.

Note: Means and (Standard
Deviations) are presented
across continuous individual
difference factors investigated
in the study and percentages
and count statistics are
reported for categorical
variables. * Denotes a
significant difference after
Bonferroni correction after
15 comparisons. Categorical
variables of Education
(Advanced) were grouped by
those that have a master’s,
doctorate, or professional
degree as the highest degree
attained (YES) compared

to those that do not (NO);
Education (Secondary)

were grouped by those that
have less than high-school,
high-school or GED as the
highest degree attained (YES)
compared to those that do
not (NO).

VARIABLE COUNT  ADVANCED TO TRAINING EFFECT SIZE; STATISTICAL TEST

NO YES TOTAL

n= 3,752 n=1,023 N = 4,775
Age 4,622 48.23(18.25)  47.38(17.36)  48.07(18.09)  d=-0.04, 99.69% CI [-0.16, 0.06]; t(4,620) = -1.24, p=.213
Matrix Reasoning 1,877 50.50(19.07)  50.69(19.38  50.58(19.20) d=0.01,99.69% CI [-0.13, 0.15]; t(1,875) = 0.21, p = .833
Working Memory 2,793 0(1.29) 0.02(1.27) 0.01(1.28) d=0.01,99.69% CI [-0.10, 0.13]; t(2,791) = 0.37, p=.709
Grit 4,522 26.7(5.31) 27.26(5.11) 26.8(5.28) d=0.08,99.69% CI [0.00, 0.22]; t(4,520) = 2.85, p = .004
Ambition 4,522 17.19(3.95) 17.26(3.92) 17.2(3.95) d=0.01, 99.69% CI [-0.09, 0.13]; t(4,520) = 0.46, p = .649
Extraversion 4,508 25.28(6.41) 24.79(6.51) 25.18(6.43) d=-0.06,99.69% CI [-0.19, 0.04]; t(4,506) = -2.03, p = .043
Agreeableness 4,508 33.22(4.65) 32.96(4.73) 33.17(4.66) d=-0.05,99.69% CI [-0.17, 0.05]; t(4,506) =-1.52,p=.129
Conscientiousness 4,508 30.37(5.6) 31.02(5.49) 30.49(5.59) d=0.09, 99.69% CI [0.00, 0.23]; t(4,506) = 3.08, p = .002*
Emotional Stability 4,508 27.25(5.82) 27.75(5.89) 27.34(5.84) d=0.07,99.69% CI [-0.02, 0.20]; t(4,506) = 2.28, p =.022
Openness 4,508 31(4.83) 31.16(4.72) 31.03(4.81) d=0.03,99.69% CI [-0.08, 0.14]; t(4,506) = 0.86, p = .391
Cognitive Failures 4,495 24.48(5.74) 24.05(5.44) 24.4(5.69) d=-0.06,99.69% CI [-0.19, 0.04]; t(4,493) = -2.03, p = .042
SES 4,558 9.59(3.35) 9.46(3.22) 9.56(3.33) =-0.03,99.69% CI [-0.15, 0.07]; t(4,558) = -1.04, p = .299
Exercise 4,597 2.31(1.69) 2.4(1.64) 2.33(1.68) d =0.04, 99.69% CI [-0.06, 0.16]; t(4,595) = 1.38, p=.168
Gender (Female) 4,622 Cramer’s V=.01, 99.69% CI [.01, .05]; *(1) = 0.21, p = .647

NO

25 % (930)

26 % (223)

25 % (1,153)

YES

75 % (2,802)

74 % (646)

75 % (3,448)

(Contd.)



VARIABLE COUNT ADVANCED TO TRAINING EFFECT SIZE; STATISTICAL TEST
NO YES TOTAL
n=3,752 n=1,023 N = 4,775
Education (Advanced) 3,642 Cramer’s V = .04, 99.6% CI [.02, .09]; y*(1) = 5.66, p=.017*
NO 50 % (1403) 45 % (369) 49 % (1772)
YES 50 % (1419) 55 % (451) 51 % (1870)
Education (Secondary) 3,642 Cramer’s V = .04, 99.69% CI [.02, .09]; x*(1) = 6.16, p=.013*
NO 78 % (2214) 82 % (676) 79 % (2890)
YES 22 % (608) 18 % (144) 21 % (752)

A logistic regression analysis was conducted to examine the relationship between observed
predictor variables and whether participants progressed through to the cognitive training
portion of the study. The model included age, gender (i.e., with individuals that identified as
female as the target variable and individuals that did not identify as females, that is, male
and other gender non-specified as the reference category), matrix reasoning accuracy, and
working memory accuracy as the predictor variables. Given the wide age range, interaction
estimates between age and matrix reasoning and working memory were added to the model.
The results suggest that the model did not provide a good fit to the data: ¥2(7) = 11.83, p = .11,
McFadden’s pseudo R? = 0.01, with 1,603 observations after casewise deletion for missing data
(see Table 3).

A second logistic regression analysis was conducted to determine the factors that predict
advancing to the training phase of the study. The second model included self-report predictor
variables consisting of the GRIT questionnaire, Ambition questionnaire, all 5 personality
indicators (i.e., extraversion, agreeableness, conscientiousness, emotional stability, and
openness), cognitive failures questionnaire, SES, exercise, and education (i.e., education
[secondary] and education [advanced]). To account for the wide age range, interaction
estimates between age and cognitive failures, SES, exercise, and education were also included
in the model. The overall second model was significant: y2(22) = 34.44, p = .016, consisting
of 3,295 observations after casewise deletion due to missing data; however, the self-report
predictors explained only a small portion of the variance in whether participants advanced to
the training phase (McFadden’s pseudo R? =.01). While the model and several predictors were
statistically tenable, the small overall model effect size and small effects of predictors suggest
that the self-report individual difference factors had negligible effects on the likelihood of
participants progressing to the cognitive training portion of the study (see Table 3).

NAME b SE OR OR 95% CI 4
(Intercept) -0.36 0.48 0.7 [0.27,1.78] 0.452
Age 0 0.01 1 [0.99, 1.02] 0.592
Female (YES) -0.19 0.12 0.83 [0.66, 1.05] 0.117
Matrix Reasoning 0.01 0.01 1.01 [0.99, 1.03] 0.299
n-back -0.2 0.13 0.82 [0.63, 1.06] 0.133
Age x Matrix Reasoning 0 0 1 [0.99, 1.00] 0.236
Age x n-back 0 0 1 [1.00, 1.01] 0.05

Observed measures model: x%(7) = 11.83, p =.11, McFadden’s R? = 0.01; N = 1,603

(Intercept) -1.42 0.87 0.24 [0.04, 1.34] 0.104
Age 0 0.01 1 [0.97,1.03] 0.985
Female (YES) -0.01 0.1 0.99 [0.82,1.21] 0.934
Grit 0.01 0.01 1.01 [0.98, 1.03] 0.585
Ambition -0.02 0.01 0.98 [0.96, 1.01] 0.198

(Contd.)

Table 3 Logistic regression
summary for predicting
commitment to training by
model.

Note: Unstandardized beta
coefficients (b), the standard
error (SE), Odds Ratio (OR),

the 95% confidence intervals
[lower limit, upper limit],

and p-value are presented

by model (i.e., first logistic
regression with observed
predictors on top and second
logistic regression with
self-report measures on the
bottom. Model chi-square test,
McFadden’s pseudo R?, and
sample size are also presented.



NAME b SE OR OR 95% CI p
Extraversion -0.01 0.01 0.99 [0.97, 1.00] 0.038*
Agreeableness -0.02 0.01 0.98 [0.96, 0.99] 0.011*
Conscientiousness 0.01 0.01 1.01 [0.99, 1.03] 0.16
Emotional Stability 0.02 0.01 1.02 [1.00, 1.03] 0.043*
Openness 0.01 0.01 1.01 [0.99, 1.03] 0.169
Cognitive Failures 0 0.02 1 [0.96, 1.04] 0.945
SES -0.01 0.04 0.99 [0.92,1.07] 0.778
Exercise 0.06 0.07 1.06 [0.92,1.22] 0.451
Education (Secondary) -0.32 0.33 0.73 [0.38, 1.39] 0.339
Education (Advanced) 0.46 0.29 1.59 [0.91, 2.79] 0.106
Age x Cognitive Failures 0 0 1 [0.99, 1.00] 0.971
Age x SES 0 0 1 [0.99, 1.00] 0.567
Age x Exercise 0 0 1 [0.99, 1.00] 0.603
Age * Education (Secondary) 0 0.01 1 [0.99, 1.02] 0.5
Age x Education (Advanced) -0.01 0.01 0.99 [0.98, 1.00] 0.259

Self-report measures model: y?(22) = 11.83, p = .11, McFadden’s R? = 0.02; N = 3,295

PERSISTENCE WITH TRAINING

Next, we conducted two multinomial regression analyses to predict differences between
three groups categorized based on the number of cognitive training sessions completed (i.e.,
few, intermediate, and most; cf.,, Table 1). The analyses aimed to examine the impact of (i)
behavioral measures and (ii) self-report questionnaires on these groups. More specifically, we
used the Few group as the reference group, and as such compared differences between the
most group and the Few group and between the Intermediate group and the Few group.

The first multinomial regression model included age, gender, matrix reasoning accuracy, and
n-back accuracy as the predictor variables, and consisted of 674 complete observations out of the
1,022 participants that advanced to the cognitive training stage. Considering the extensive age
range, interaction estimates between age and all predictors were incorporated into the model. This
model with observed predictors, was predictive of the group classification %*(8) = 27.34, p = .007,
albeit, with a small effect size: McFadden’s pseudo R? =.02. The model correctly classified 21.72%,
performing below chance level (i.e., 33.3%). More specifically, 67.13% of the participants in the
Most group were successfully classified above chance; however, participants in the Intermediate
and Few groups were classified below chance level at 29.18% and 28.81%, respectively. No
observed predictor by group difference effect was statistically tenable (see Table 4).

The second multinomial model with self-report predictors, consisted of 755 complete
observations out of the 1,022 participants that advanced to the cognitive training stage. This
model with self-report predictors was also predictive of the group classification y?(24) = 61.93,
p = .004; with once again a small effect size: McFadden’s pseudo R? = .04 (see Table 4). The
model correctly classified 43.44%, performing above chance level (i.e., 33.3%). More specifically,
67.13% of the participants were correctly classified in the Most group. However, participants in
the Few group and participants in the Intermediate group were classified below chance level
at 28.81 and 29.18%, respectively. Moreover, there was an effect of Education (Advanced)
between Most and Few groups, an having attained an advanced degree (i.e., master’s, doctorate,
or professional) was associated with a greater likelihood of completing most of the training
sessions compared to just a few of the training sessions: (b = 1.46, OR = 4.32, 95% CI [1.16,
16.12], p =.002), compared to those that had less than an advanced degree. Similarly, there
was an effect of cognitive failures between Most and Few groups, where an increase in cognitive
failures was associated with a greater likelihood of completing just a few of the training sessions
compared to most of the training sessions: (b =-0.14, OR = 0.87, 95% CI [0.79, 0.96], p = .008).
While there were other predictors that reached statistical significance, their effect size straddled
1.0, and as such, did not have a meaningful effect on the number of training sessions.
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NAME b SE OR OR 95% CI P
(Intercept) x Intermediate 0.5 1.09 1.65 [0.20, 13.85] 0.645
(Intercept) x Most 0.06 1.1 1.06 [0.12,9.14] 0.956
Age x Intermediate 0.01 0.02 1.01 [0.97, 1.05] 0.712
Age x Most 0.02 0.02 1.02 [0.98, 1.06] 0.384
Matrix Reasoning x Intermediate 0.01 0.02 1.01 [0.97, 1.05] 0.505
Matrix Reasoning x Most 0.01 0.02 1.01 [0.97,1.05] 0.622
n-back x Intermediate -0.34 0.3 0.71 [0.39, 1.29] 0.259
n-back x Most -0.19 0.31 0.83 [0.45,1.51] 0.535
Female x Intermediate 0.03 0.28 1.03 [0.59, 1.79] 0.916
Female x Most -0.29 0.27 0.75 [0.44,1.27] 0.278
Age x Matrix Reasoning x Intermediate 0 0 1 [0.97, 1.05] 0.554
Age x Matrix Reasoning x Most 0 0 1 [0.98, 1.06] 0.982
Age x n-back x Intermediate 0 0.01 1 [0.97, 1.05] 0.518
Age x n-back x Most 0 0.01 1 [0.98, 1.06] 0.5
Observed measures model: x%(16) = 28.24, p =.013, McFadden’s pseudo R? = 0.02; N = 674

(Intercept) x Intermediate -2.69 2.03 0.07 [0.001, 3.61] 0.184
(Intercept) x Most 1.22 2.03 3.39 [0.06,181.30] 0.548
Age x Intermediate 0.04 0.03 1.04 [0.98,1.12] 0.212
Age x Most 0 0.03 1 [0.93, 1.06] 0.899
Grit x Intermediate 0.01 0.03 1.01 [0.96, 1.06] 0.769
Grit x Most 0 0.03 1 [0.95, 1.05] 0.999
Ambition x Intermediate 0.02 0.03 1.02 [0.96, 1.08] 0.566
Ambition x Most -0.03 0.03 0.97 [0.92, 1.03] 0.338
Extraversion x Intermediate -0.03 0.02 0.97 [0.95, 1.00] 0.098
Extraversion x Most -0.03 0.01 0.97 [0.94, 1.00] 0.032*
Agreeableness x Intermediate 0.03 0.02 1.03 [0.99, 1.08] 0.119
Agreeableness x Most 0.01 0.02 1.01 [0.97, 1.05] 0.584
Emotional Stability x Intermediate 0 0.02 1 [0.97, 1.04] 0.791
Emotional Stability x Most 0.01 0.02 1.01 [0.97, 1.04] 0.671
Openness x Intermediate -0.05 0.02 0.95 [0.91, 0.99] 0.021*
Openness x Most -0.01 0.02 0.99 [0.95, 1.03] 0.491
Conscientiousness x Intermediate 0.04 0.02 1.04 [1.00, 1.09] 0.072
Conscientiousness x Most 0.02 0.02 1.02 [0.98, 1.07] 0.279
Cognitive Failures x Intermediate 0 0.05 1 [0.91, 1.11] 0.92
Cognitive Failures x Most -0.14 0.05 0.87 [0.79, 0.96] 0.008*
SES x Intermediate 0.07 0.09 1.07 [0.89, 1.29] 0.448
SES x Most 0.08 0.1 1.08 [0.89, 1.31] 0.417
Exercise x Intermediate 0.23 0.17 1.26 [0.90, 1.76] 0.171
Exercise x Most 0.15 0.17 1.16 [0.83, 1.63] 0.389
Education (Secondary) x Intermediate 1.06 0.74 2.89 [0.68,12.24] 0.149
Education (Secondary) x Most 1.47 0.81 4.33 [0.89, 21.02] 0.069
Education (Advanced) x Intermediate 0.55 0.64 1.74 [0.49, 6.11] 0.391
Education (Advanced) x Most 1.46 0.67 4.32 [1.16,16.12] 0.029*
Age x Cognitive Failures x Intermediate 0 0 1 [0.98,1.12] 0.952
Age x Cognitive Failures x Most 0 0 1 [0.93, 1.06] 0.017*
Age x SES x Intermediate 0 0 1 [0.98,1.12] 0.498
Age x SES x Most 0 0 1 [0.93, 1.06] 0.296
Age x Exercise x Intermediate -0.01 0 0.99 [0.98,1.12] 0.092
Age x Exercise x Most 0 0 1 [0.93, 1.06] 0.572
Age x Education (Secondary) x Intermediate  -0.03 0.02 0.97 [0.95,1.12] 0.092
Age x Education (Secondary) x Most -0.03 0.02 0.97 [0.93, 1.07] 0.038*
Age x Education (Advanced) x Intermediate  -0.02 0.01 0.98 [0.96, 1.12] 0.208
Age x Education (Advanced) x Most -0.03 0.01 0.97 [0.93, 1.06] 0.028*

Self-report measures model: x%(24) = 61.93, p = .004, McFadden’s pseudo R? = 0.04; N = 755
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Table 4 Multinomial regression
summary of predictors for
completed sessions by model.

Note: Unstandardized beta
coefficients (b), the standard
error (SE), Odds Ratio (OR),

the 95% confidence intervals
[lower limit, upper limit],

and p-value are presented

by model (i.e., first logistic
regression with observed
predictors on top and second
logistic regression with
self-report measures on the
bottom. Model chi-square test,
McFadden’s pseudo R?, and
sample size are also presented.
Socioeconomic Status (SES).



As a follow-up to the analysis on persistence, we examined the predictive validity of individual
difference factors between those that completed all 20 sessions and those that completed
most but not all the training sessions (i.e., 12 to 19 sessions). Given the small effects between
the Most and Intermediate groups, we conducted two additional logistic regression analyses to
examine what cognitive measures (i.e., fluid reasoning, and working memory) and demographic
variables (i.e., age, gender), as well as self-report measures (i.e., grit questionnaire, ambition
questionnaire, all 5 personality indicators cognitive failures questionnaire, SES, exercise, and
education predict participants’ persistence in completing all 20 sessions.

The overall model for behavioral measures was not significant: y*(6) =8.74, p=.189; McFadden’s
pseudo R? = .03, consisting of 318 participants that completed all 20 sessions and those
that completed most but not all the training sessions (i.e., 12 to 19 sessions). There were no
statistically detectable predictors in the model (see Table 5).

The overall model for self-report measures was also not statistically significant: y?(18) =26.02, p
=.099; McFadden’s pseudo R? = .13, consisting of 309 complete observations from participants
that completed all 20 sessions and those that completed most but not all the training sessions
(i.e., 12 to 19 sessions). Nevertheless, there were no statistically detectable predictors on group
membership (see Table 5).

NAME b SE OR OR 95% CI p
(Intercept) -0.32 1.34 0.72 [0.05, 10.20] 0.81
Age 0.02 0.03 1.03 [0.98, 1.08] 0.33
Female (YES) 0.05 0.31 1.05 [0.57,1.91] 0.865
Matrix Reasoning 0.01 0.02 1.01 [0.96, 1.06] 0.737
n-back 0.06 0.34 1.06 [0.55, 2.08] 0.853
Age x Matrix Reasoning 0 0 1 [0.99, 1.00] 0.998
Age x n-back 0 0.01 1 [0.99, 1.01] 0.935

Observed measures model: x%(6) = 8.74, p =.189, McFadden’s pseudo R? = 0.03; N = 318

(Intercept) 6.26 3.69 525.54 [0.41, 867756.75] 0.09

Age -0.04 0.06 0.96 [0.85, 1.08] 0.485
Grit 0.04 0.05 1.04 [0.95, 1.15] 0.37

Ambition -0.04 0.05 0.96 [0.87, 1.06] 0.433
Extraversion -0.03 0.03 0.97 [0.92,1.02] 0.223
Agreeableness -0.03 0.04 0.97 [0.90, 1.04] 0.378
Conscientiousness 0.02 0.04 1.02 [0.95,1.10] 0.582
Neurotic -0.02 0.03 0.98 [0.92, 1.04] 0.554
Openness -0.02 0.04 0.98 [0.91, 1.05] 0.63

Cognitive Failures -0.06 0.09 0.94 [0.79, 1.12] 0.477
SES -0.14 0.15 0.87 [0.65, 1.18] 0.362
Exercise -0.04 0.29 0.96 [0.54, 1.69] 0.877
Education (Secondary) 0.21 1.45 1.24 [0.07, 21.62] 0.883
Education (Advanced) -2.01 1.2 0.13 [0.01, 1.31] 0.095
Age x Cognitive Failures 0 0 1 [1.00, 1.00] 0.866
Age x SES 0 0 1 [1.00, 1.01] 0.269
Age x Exercise 0 0.01 1 [0.99, 1.01] 0.709
Age x Education (Secondary) -0.02 0.03 0.98 [0.93, 1.04] 0.548
Age x Education (Advanced) 0.04 0.02 1.04 [0.99, 1.09] 0.112

Self-report measures model: x%(18) = 26.02, p =.099, McFadden’s pseudo R? = 0.13; N = 309
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Table 5 Logistic regression
summary of predictors for
most completed sessions by
model.

Note: Unstandardized beta
coefficients (b), the standard
error (SE), Odds Ratio (OR),

the 95% confidence intervals
[lower limit, upper limit],

and p-value are presented

by model (i.e., first logistic
regression with observed
predictors on top and second
logistic regression with
self-report measures on the
bottom. Model chi-square test,
McFadden’s pseudo R?, and
sample size are also presented.



SPACING AND CONSISTENCY

We examined therole of spacing and consistency in separate models that predicted engagement
on the cognitive training paradigm, as measured by repeated measures on the Recollect
training task. To best answer this research question, we limited the sample to participants
that completed all 20 training sessions. Additionally, we removed univariate outliers in initial
training days, as well as spacing and consistency. We also removed cases with extreme scores
on spacing and consistency, as indicated by z-scores ranging beyond -3.5 and +3.5 z-scores.
Here, 11 participants were removed from the main analysis. In total, 263 participants were
included in the following models.

First, we examined the bivariate relationship between spacing and consistency and found that
there was a strong and robust correlation between the two variables of interest: r(261) = .85,
95% CI [.81, .88]. As such, spacing and consistency were included as predictors in separate
models on account of multicollinearity between the two variables of interest.

As a precursor to the conditional LGCM, we examined the fit of the engagement data on the
Recollect task across the 20 training sessions to an intercept-only model, a linear model, and
a logarithmic model (see Bauer & Curran, 2019). The results for the intercept-only, baseline
model, demonstrated poor fit indices. We then fit the data to a linear trend model, which
also demonstrated poor fit indices; yet, demonstrated significance on the scaled chi-squared
difference test comparing the value-added of the linear slope as a latent variable beyond the
intercept-only model: Ay?(3) = 1396.2, p <.001. Similarly, the addition of the logarithmic (i.e.,
base 2) latent variable demonstrated significance on the scaled chi-squared difference test in
comparison with the linear model: Ay?(4) = 579.52, p <.001. Moreover, the logarithmic model
demonstrated adequate fit (see supplemental table 1 for fit indices presented across the
baseling, linear, and logarithmic functions). The unconditional logarithmic model demonstrated
a statistically detectable covariance between the intercept and the log variable, as well as the
slope and the log variable. The statistically significant covariance suggests that (i) participants’
baseline capabilities are related to the plateau of performance and (i) the initial rate of change
in learning is also related to the plateau of performance. There was no statistically significant
covariance between the intercept and the slope, indicating that baseline capabilities are not
related to the initial increase in performance (see supplemental table 2 for means, variances,
and covariance for all latent variables and between unconditional and conditional models).
Figure 4 represents repeated measures training data for the entire sample.
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Following the measurement model, we introduced spacing and consistency, in separate
conditional models, along with observed predictors of age, gender, fluid reasoning, and working
memory. The first conditional model with spacing, age, gender, fluid reasoning, and working
memory predictors, as well as the interaction between age and fluid reasoning and working
memory. The conditional model also demonstrated adequate fit indices, as well as significant
relationships between the intercept and the log, and the slope and the log variables. Similarly,
there was no significant relationship between the intercept and slope variables.
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Figure & Aggregated
performance trajectory across
the entire sample (N =263).
Means and standard errors for
each training session’s n-back
level are illustrated.



The model examined the relationship between the intercept factor, which represented the baseline
performance in Recollect, and several predictors. Spacing was not a statistically detectable predictor

of baseline performance above and beyond other predictors in the model (Y., = .08, p = .310).

Nevertheless, the results showed that age, gender, fluid reasoning capability, and working memory
were statistically significant predictors of the intercept factor. Specifically, older participants had

lower baseline scores than younger participants (Y =-.36, p <.001), females demonstrated

age-INT — /s
lower baseline performance than those that did not identify as female (Y, ., = -29, p=.033),

participants with higher matrix reasoning accuracy scores had higher baseline training capability

compared to those with lower scores (Y, . = .25, p <.001), and similarly, participants with higher

working memory capability had higher initial training performance (Y, =.32, p <.001). The

WM-INT
analysis did not detect any statistically significant predictors on the linear slope of the training

data (age: ¥ = -1, p = .251; gender: Y = -1, p =.509; fluid reasoning: Y. ., = .14, p

age-SLP R gender-SLP R FR-SLP
=.175; working memory: Y, o, = .14, p = .13; spacing: Y, o, = =03, p = .475). Similarly, spacing
(Ve 0c = =03, p = .477) did not predict the logarithmic latent variable above and beyond the
inclusion of the other predictors. Moreover, the results suggested that older participants had lower
plateaus, as indicated by the logarithmic latent variable, compared to younger participants with

higher plateaus: \?age =-24, p = .004. Also, participants with higher fluid reasoning capabilities

-LOG

demonstrated higher plateaus than participants with lower fluid reasoning capabilities: \?FR’LOG =.21,
p =.032. However, gender Ngenderwe =.02, p=.906) and working memory (¥Y,,,,,oc = -05, p = .550)
and spacing (Y, = --03, p = .477) did not predict the logarithmic latent variable (see Figure 5a).

The second conditional model with consistency, age, gender, fluid reasoning, and working
memory predictors also demonstrated adequate fit indices, as well as significant relationships
between the intercept and the log, and the slope and the log variables. Similarly, there was no
significant relationship between the intercept and slope variables.

Consistency was not a statistically detectable predictor of baseline performance (Y, =.07, p =

.394). However, the results showed that age, fluid reasoning capability, and working memory were
statistically significant predictors of the intercept factor. Specifically, older participants had lower

baseline scores than younger participants (\?age_mT =-.35, p<.001), participants with higher matrix

reasoning accuracy scores had higher baseline training capability compared to those with lower

scores (Y =.25, p =.001), similarly, participants with higher working memory capability had

FR-INT

higher initial training performance (Y. =.32,p <.001), and lastly individuals that identified as

WM-INT —
females scored lower at baseline than non-females (\A(genderm =-.29, p=.033). Similar to the model

with spacing, the analysis did not detect any statistically significant predictors on the linear slope
of the training data (age: Y -1, p=.226; gender: ¥ -1, p = .510; fluid reasoning:

- age-SLP gender-SLP

Y. .. =.14 p=.173; working memory: Y = .14, p=.131; consistency: ¥, ., =-.05, p = .408).

FR-SLP WM-SLP CN-SLP

Moreover, spacing (Y, .. = -.05, p = .438) did not predict the logarithmic latent variable above and

beyond predictors. Yet, the results suggested that older participants had lower plateaus compared
to younger participants with higher plateaus: Y -.25, p=.004. Also, fluid reasoning capability

age-LOG B

demonstrated was positively related to plateaus: \?FR,LOG = .21, p =.032. However, gender (\?gen dor
o6 = -02, p =.905) and working memory (Y, .. = -05, p = .553) did not predict the logarithmic

latent variable (see Figure 5b). Given that, spacing and consistency did not predict performance
trajectories on the training paradigm, the interaction between these measures of compliance and
individual difference factors in observed behavioral measures was not conducted.
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Figure 5 Statistical models

of latent growth curve
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attributes.
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DISCUSSION

As the field of cognitive training research continues to progress and evolve, there has been a
growing interest in understanding the role of individual-level factors (Jaeggi et al., 2014) as well
as characterizing mechanisms underlying cognitive training interventions (Green et al,, 2019).
The current study leveraged an online cognitive training program to examine the predictive
validity of individual difference factors in commitment, persistence, and compliance with a
cognitive training paradigm. The findings suggest negligible effects of individual difference
factors predicting commitment to training, as measured by whether participants advanced
beyond sign-up to completing cognitive training sessions. Similarly, there were negligible
and inconsistent effects of individual difference factors predicting persistence with cognitive
training, as measured by the proportion of training sessions completed. Lastly, compliance
factors, such as spacing and consistency with the cognitive training schedule, did not predict
engagement with the cognitive training task above and beyond individual difference factors
entered as covariates. Taken together, these results add to the complexity of research aimed
at identifying individual difference factors accounting for adherence to intervention; albeit,
the current study tested these research questions across a large, diverse, and representative
sample, which included adults across a broad age range.

Our findings indicate that while some individual difference factors have a statistically
detectable impact on predicting commitment to and persistence with training, their effect is
very small and inconsistent. As such, the role of these individual difference factors in these
subcomponents of adherence remains unclear. Specifically, our findings align with Double
and Birney (2016), who also found a negligible relationship between age and adherence, with
older adults more likely to persist with cognitive training. However, their study only examined
attrition, that is, discontinuation with treatment; while our study looked at persistence, as
measured by the number of training sessions completed. It’s worth noting that Turunen et al.
(2019) failed to find a significant relationship between age and adherence in their sample of
older adults, but they reported that their results approached significance. Overall, it’s possible
that older adults are more motivated to complete interventions due to greater availability and
fewer commitments to other duties; however, future research will be well served to further
explore this effect for replication.

Similarly, we note marginal effects of personality traits on commitment to cognitive training.
While we did find an effect of grit and conscientiousness between groups that did and did
not advance to training, the effects were negligible and may have been the result of the large
sample size and multiple preliminary t-test comparisons. Moreover, the Bonferroni corrected
confidence intervals demonstrating a large range in actual effect size and a lower limit close to
or equal to 0, suggesting that the effect may be due to chance. We also did not find an effect
of grit nor conscientiousness when controlling for other predictors in the planned logistic and
multinomial regressions. As such, we do not have strong evidence to suggest that participants
that advanced beyond the sign-up stage of the study differed on conscientiousness. Additionally,
when controlling for other variables of interest, we report extraversion and agreeableness are
inversely related to commitment to training, while emotional stability was directly related to
their commitment to training. While statistically significant, the confidence intervals of these
effect size of these personality measures straddled equal likelihood (i.e., an odds ratio of 1),
which reduced the validity that an effect existed. Double and Birney (2016) also found marginal
effects of personality on adherence; however, they report a negative relationship between
openness and adherence, which was not replicated in the current study. Moreover, their study
found no effects of extraversion, emotional stability, and agreeableness, which could also be a
result of differences in how the adherence outcome variable was defined.

Our study also reports no meaningful or consistent relationship between self-reported
brain health and commitment to and persistence with cognitive training. More specifically,
participants’ self-reported cognitive failures did not identify whether participants were more
or less likely to commit to cognitive training; however, there was a statistically tenable but
very small effect on persistence with cognitive training. Once again, the effect size here
suggested that the individual difference factor presented equal likelihood between naturally
occurring groups of completed sessions. Similarly, these results did not appear when focusing
on those that completed most of the training sessions and as such the effect of cognitive
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failures was largely inconsistent. These findings are in line with the findings of Turunen et al.
(2019). However, our results differ from those of Cruz et al. (2014), who reported a link between
neurodegenerative diseases or brain injuries and adherence. This discrepancy may be due to
the small sample size and wide age range in Cruz et al.’s (2014) study. It’s also worth noting
that Turunen et al. (2019) focused exclusively on older adults. Additionally, our findings are not
in line with those of He et al. (2022), who found that adherence was linked to performance
on objective cognitive measures. These differences may be attributed to variations in overall
sample size and the diversity within samples recruited across studies.

Previous research has also identified education as a key role in predicting attrition and/
or dropout, as well as participants time spent training (Coley et al., 2019; Cruz et al.,, 2014;
Lam et al,, 2015). Like the aforementioned individual difference predictors, education level,
demonstrated differences in commitment to training as well as persistence with training. More
specifically a higher degree was associated with a greater likelihood to commit to cognitive
training as well as a greater likelihood of completing most training sessions compared to
few training sessions. However, the effects were largely inconsistent when isolating effects
between all naturally occurring groups of completed sessions as well as within participants that
completed most conditions. Moreover, the effect size for this likelihood of completing most
sessions compared to few sessions for individuals with an advanced degree compared to an
associate’s degree or below had a significantly large range in the confidence interval. As such,
future research would be well served to replicate this finding.

While the present study was the first to examine the relationship between measures of grit
(Duckworth & Quinn, 2009), ambition (Duckworth et al., 2007), and socioeconomic status with
persistence and commitment to cognitive training, our results did not indicate a significant
relationship between these constructs and these components of adherence to cognitive
training. Most notably, the study investigated these research questions beyond the extant
literature through the liberal inclusion criteria, which resulted in the recruitment of participants
throughout adulthood as well as the addition of the aforementioned individual difference
factors that had yet to be tested. According to the data, individual difference factors do not
seem to play a significant role in adherence, specific to cognitive training, at least not with the
measures used in our study.

Overall, we do not find enough evidence to suggest a strong relationship between any of the
examined individual differences factors on commitment to and persistence with treatment. It
is possible that the small effect sizes of some individual difference predictors were inflated by
the sample size combined with numerous predictors; thus, increasing the probability of family-
wise error. Similarly, the overall variance explained in models examining individual differences
in commitment to training as well as the degree of training sessions completed suggests that
these components of adherence may be dependent on factors outside of the characteristics of
the participant. Instead, a participant’s experience with the training paradigm may be indicative
of some forms of adherence. For instance, research evaluating adherence to behavioral therapy
found that participants’ treatment cessation or non-adherence was related to their reported
disconnect between capability and needs (Johansson et al., 2015). Similarly, another study
examining adherence to an online cognitive behavior therapy identified that optimal levels of
motivation were beneficial to treatment adherence (Farrer et al., 2014). Therefore, investing
in developing research methodology that investigates approaches to motivating participants,
may be worthwhile and fruitful (Deveau et al., 2015; Katz, Jaeggi, et al., 2018; Mohammed et
al., 2017; Tullo & Jaeggi, 2022).

There currently exists a plethora of approaches aimed at increasing motivation to participate
and adhere to a cognitive training program (Green et al., 2019; Pergher et al., 2020; Tullo
& Jaeggi, 2022). For instance, Jaeggi et al. (2014), hypothesized that the degree of the
entertainment value of the training could influence differences in participant attrition between
treatment and control conditions. To address this, commercialized programs like Lumosity, Akili
Labs, and Cogmed have adopted gamifying cognitive training paradigms (Deveau et al., 2015;
Mohammed et al., 2017). Also, Lumosity offers participants a variety of different tasks and
the ability to choose their preferred training paradigm, while Cogmed has utilized personalized
coaching to motivate participants (e.g., Nelwan et al.,, 2018). These efforts to reduce dropouts
and attrition and increase adherence are crucial not only for examining individual differences in
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cognitive training efficacy but also for appropriately evaluating cognitive training mechanisms
and approaches. As such, future research in cognitive training will be well served to examine
the interaction between individual differences and successful motivational approaches to
further tailor cognitive training based on individual needs.

Additionally, the current study did not find any evidence of a relationship between compliance
measures and engagement across repeated cognitive training sessions. More specifically, we
failed to find a clear relationship between either spacing or consistency and performance
trajectories on the training paradigm. The study’s findings are consistent with previous research
that also failed to provide any evidence of spacing effects (Jaeggi et al., 2020; Schwaighofer et
al., 2015); however, the range of time between tasks did not extend as far as 20 days as in the
Wang et al. (2014) study, which is the only cognitive training study that has reported spacing
effects. Nevertheless, the current study extends previous research by investigating the effect
of spacing as random effects versus previous research’s use of fixed effects. Additionally, and
to the best of our knowledge, this is the first study to examine the consistency in cognitive
training research as dictated by participants’ autonomy to train at their leisure and availability.
While there were no effects of spacing and consistency on learning and engagement with
the cognitive training task, it remains unclear whether compliance accounts for the degree of
transfer to non-trained tasks.

LIMITATIONS

Although the study provides valuable insights into the predictors of adherence to cognitive
training, it is important to acknowledge the limitation in the composition of participants in the
naturally occurring groups. Specifically, the number of participants that did not advance past
the sign-up stage significantly outmatched the number of participants that did advance to
training. The ratio of participants between both groups may have influenced tests examining
predictors of these naturally occurring groups. We considered random sampling participants
from the larger group of those that signed up but did not advance to training to match the
smaller group of participants that did train; however, that procedure would be highly influenced
by chance. We also considered propensity-matching participants based on a variable of interest
to balance the two groups. However, we encountered difficulty in selecting a variable that
would justify the control given that our objective set out to examine the chosen variable’s
ability to explain the commitment to training.

Similarly, there is a strong possibility of effects that were not captured here, such as comfort
with technology and/or familiarity with brain training games. However, participants of our study
voluntarily sought out the research and signed up using their own personal devices. This implies
a baseline level of comfort with technology, although we recognize that this assumption may
not capture the full spectrum of technology comfort levels. Moreover, previous research has
demonstrated associations between adherence measures and individual differences in self-
efficacy (Bagwell & West, 2008; He et al., 2022) as well as health literacy (Coley et al.,, 2019).
Despite these limitations, the study highlights the strengths of examining a diverse range of
individual difference variables in the context of adherence to cognitive training. The current
study has gone above and beyond other similar studies in examining a large range of individual
difference factors coupled with a large and diverse sample size to explore said characteristics.
As such, future research should continue to explore the role of individual difference factors
beyond the factors covered here as well as investigate unknown mediating and/or moderating
effects that may explain adherence in cognitive training.

Lastly, while the large sample size coupled with multiple comparisons may have increased the
odds of a type 1 error, we have taken considerable efforts and have relaxed the interpretation
of the findings to avoid any false positives. Nevertheless, the large sample size and the variety
of individual difference factors is a strength of the study examining a research question of
this nature. For one, the inclusion of a large sample size in our study has allowed us to ensure
the robustness and reliability of our results. We have greater statistical power with a larger
sample, enabling us to detect even subtle effects with higher precision. This level of power, in
turn, enhances our ability to accurately assess the size of the effects and draw more confident
conclusions about the relationships between variables. Second, the incorporation of numerous
predictors is a common practice in research studies that aim to explore multiple factors
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concurrently. By considering a comprehensive set of predictors, we are able to capture the
complexity of the phenomenon under investigation and account for a wide range of potential
effects. To overcome this obstacle, we have implemented suitable statistical techniques, such
as Bonferroni correction, to effectively control for multiple comparisons. These statistical
adjustments, which are represented in the confidence intervals, are designed to mitigate the
risk of spurious associations, and reduce the likelihood of type I errors and as a result ensures
the robustness of our findings, improves our ability to detect even small effects, and provides
a comprehensive understanding of the phenomenon under investigation. Taken together, the
study design, targeted predictor variables, and statistical corrections affords the opportunity
for future research to extrapolate from the models presented here to further characterize the
relationship, if any, between individual difference factors and adherence.

CONCLUSION

The current study investigates adherence as a key mechanism in cognitive training by
characterizing the role of individual difference factors on commitment, persistence, and
compliance with a cognitive training regimen. In sum, as individual difference factors
assessed here did not reliably predict commitment and persistence with a cognitive training
program, there is a need to identify factors that can affect program participation. Moreover,
compliance with the cognitive training program, as measured by the average time between
cognitive training sessions as well as the average deviance in time between training sessions
did not predict engagement with the training paradigm either. Taken together, these results
add to the equivocality of findings in research linking individual difference factors to measures
of treatment adherence. Nevertheless, there is also a need to motivate participants to
complete the cognitive training regimen to improve accuracy in evaluations of the program’s
efficacy and effectiveness, which in turn will help reconcile the inconsistency in findings
across the field (Green et al., 2019; Katz, Shah, et al,, 2018). As such, research in cognitive
training should allocate resources and attention to developing methods to systematically
motivate participants.

DATA ACCESSIBILITY STATEMENT

Data corresponding to the analyses are available at the following database: https://osf.io/
VW5Xj/.

ADDITIONAL FILE

The additional file for this article can be found as follows:

* Supplementary Material. Supplemental Tables 1 and 2. DOI: https://doi.org/10.5334/
joc.315.51

ETHICS AND CONSENT

This study was approved by the University of California, Riverside Institutional Review Board (i.e.,
reference number HS-20-177) and by the University of California, Irvine Institutional Review
Board via UC Reliance (i.e., reference number #20141547). All participants provided informed
consent prior to their inclusion in the study.

FUNDING INFORMATION

This work was supported by the National Institute of Mental Health (Grant No. 1RO1IMH111742;
A.R.S.and S.M.J.). Additionally, D.T. was supported by the Canadian Institutes of Health Research
postdoctoral fellowship and the Fonds de recherche du Québec - Santé (FRQS) postdoctoral
fellowship.

COMPETING INTERESTS

The authors have no competing interests to declare.

Tullo et al.
Journal of Cognition
DOI: 10.5334/joc.315

19


https://osf.io/vw5xj/
https://osf.io/vw5xj/
https://doi.org/10.5334/joc.315.s1
https://doi.org/10.5334/joc.315.s1

AUTHOR AFFILIATIONS Tullo et al.

Journal of Cognition
Domenico Tullo ‘= orcid.org/0000-0003-2314-4106 DOI: 10.5334/joc.315
University of California Irvine, Irvine, USA
Yi Feng " orcid.org/0000-0002-2485-9720
University of California Irvine, Irvine, USA
Anja Pahor " orcid.org/0000-0002-9396-4620
Univerza v Mariboru, Maribor, Slovenia; University of California Riverside, Riverside, USA;
Northeastern University, Boston, USA
John M. Cote
University of California Irvine, Irvine, USA
Aaron R. Seitz "/ orcid.org/0000-0003-4936-9303
University of California Riverside, Riverside, USA; Northeastern University, Boston, USA

Susanne M. Jaeggi " orcid.org/0000-0002-6165-2526
University of California Irvine, Irvine, USA; Northeastern University, Boston, USA

REFERENCES

Adler, N. E., Epel, E. S., Castellazzo, G., & Ickovics, J. R. (2000). Relationship of subjective and objective
social status with psychological and physiological functioning: Preliminary data in healthy
white women. Health Psychology: Official Journal of the Division of Health Psychology, American
Psychological Association, 19(6), 586-592. DOTI: https://doi.org/10.1037//0278-6133.19.6.586

Bagwell, D. K., & West, R. L. (2008). Assessing compliance: Active versus inactive trainees in a memory
intervention. Clinical Interventions in Aging, 3(2), 371-382. DOI: https://doi.org/10.2147/CIA.S1413

Bauer, D. J., & Curran, P. J. (2019). Structural equation modeling: R demonstration notes (Version 2019.3).
Curran-Bauer Analytics. https://curranbauer.org/wp-content/uploads/2019/04/SEM-R-notes-2019-3.pdf

Biederman, J., Fried, R, DiSalvo, M., Woodworth, K. Y., Biederman, I., Driscoll, H., Noyes, E., Faraone,
S. V., & Perlis, R. H. (2020). Further evidence of low adherence to stimulant treatment in adult
ADHD: An electronic medical record study examining timely renewal of a stimulant prescription.
Psychopharmacology, 237(9), 2835-2843. DOLI: https://doi.org/10.1007/s00213-020-05576-y

Brain Game Center at UCR. (20190q). Recollect the Study (2.53) [Applel. https://apps.apple.com/us/app/
recollect-the-study/id1217528682

Brain Game Center at UCR. (2019b). Recollect the Study (2.53) [Android]. https://play.google.com/store/
apps/details?id=com.ucr.recollectstudy&hl=en_US&gl=US

Broadbent, D. E., Cooper, P. F., Fitzgerald, P., & Parkes, K. R. (1982). The Cognitive Failures Questionnaire
(CFQ) and its correlates. British Journal of Clinical Psychology, 21, 1-16. DOI: https://doi.
0rg/10.1111/j.2044-8260.1982.tb01421.x

Chacko, A., Bedard, A. C., Marks, D. J., Feirsen, N., Uderman, J. Z., Chimiklis, A., Rajwan, E., Cornwell,
M., Anderson, L., Zwilling, A., & Ramon, M. (2014). A randomized clinical trial of Cogmed Working
Memory Training in school-age children with ADHD: A replication in a diverse sample using a control
condition. Journal of Child Psychology and Psychiatry, 55(3), 247-255. DOI: https://doi.org/10.1111/
jcpp.12146

Chacko, A., Newcorn, J. H,, Feirsen, N., & Uderman, J. Z. (2010). Improving medication adherence in
chronic pediatric health conditions: A focus on ADHD in youth. Current Pharmaceutical Design, 16(22),
2416-2423. DOI: https://doi.org/10.2174/138161210791959908

Coley, N., Ngandu, T., Lehtisalo, J., Soininen, H., Vellas, B., Richard, E., Kivipelto, M., Andrieu, S., &
HATICE, FINGER, and MAPT/DSA groups. (2019). Adherence to multidomain interventions for
dementia prevention: Data from the FINGER and MAPT trials. Alzheimer’s & Dementia: The Journal of
the Alzheimer’s Association, 15(6), 729-741. DOI: https://doi.org/10.1016/j.jalz.2019.03.005

Collado-Mateo, D., Lavin-Pérez, A. M., Peiacoba, C., Del Coso, J., Leyton-Roman, M., Luque-Casado, A.,
Gasque, P., Ferndndez-del-Olmo, M. A., & Amado-Alonso, D. (2021). Key Factors Associated with
Adherence to Physical Exercise in Patients with Chronic Diseases and Older Adults: An Umbrella
Review. International Journal of Environmental Research and Public Health, 18(4), Article 4. DOT:
https://doi.org/10.3390/ijerph18042023

Cruz, V. T,, Pais, J.,, Alves, 1., Ruano, L., Mateus, C., Barreto, R., Bento, V., Colunas, M., Rocha, N., &
Coutinho, P. (2014). Web-Based Cognitive Training: Patient Adherence and Intensity of Treatment
in an Outpatient Memory Clinic. Journal of Medical Internet Research, 16(5), e3377. DOI: https://doi.
0rg/10.2196/jmir.3377

Deveau, J., Jaeggi, S. M., Zordan, V., Phung, C., & Seitz, A. R. (2015). How to build better memory training
games. Frontiers in Systems Neuroscience, 8. DOI: https://doi.org/10.3389/fnsys.2014.00243

Deveau, J., Lovcik, G., & Seitz, A. R. (2014). Broad-based visual benefits from training with an integrated
perceptual-learning video game. Vision Research, 99, 134-140. DOI: https://doi.org/10.1016/].
visres.2013.12.015

20


https://orcid.org/0000-0003-2314-4106
https://orcid.org/0000-0003-2314-4106
https://orcid.org/0000-0002-2485-9720
https://orcid.org/0000-0002-2485-9720
https://orcid.org/0000-0002-9396-4620
https://orcid.org/0000-0002-9396-4620
https://orcid.org/0000-0003-4936-9303
https://orcid.org/0000-0003-4936-9303
https://orcid.org/0000-0002-6165-2526
https://orcid.org/0000-0002-6165-2526
https://doi.org/10.1037//0278-6133.19.6.586
https://doi.org/10.2147/CIA.S1413
https://curranbauer.org/wp-content/uploads/2019/04/SEM-R-notes-2019-3.pdf
https://doi.org/10.1007/s00213-020-05576-y
https://apps.apple.com/us/app/recollect-the-study/id1217528682
https://apps.apple.com/us/app/recollect-the-study/id1217528682
https://play.google.com/store/apps/details?id=com.ucr.recollectstudy&hl=en_US&gl=US
https://play.google.com/store/apps/details?id=com.ucr.recollectstudy&hl=en_US&gl=US
https://doi.org/10.1111/j.2044-8260.1982.tb01421.x
https://doi.org/10.1111/j.2044-8260.1982.tb01421.x
https://doi.org/10.1111/jcpp.12146
https://doi.org/10.1111/jcpp.12146
https://doi.org/10.2174/138161210791959908
https://doi.org/10.1016/j.jalz.2019.03.005
https://doi.org/10.3390/ijerph18042023
https://doi.org/10.2196/jmir.3377
https://doi.org/10.2196/jmir.3377
https://doi.org/10.3389/fnsys.2014.00243
https://doi.org/10.1016/j.visres.2013.12.015
https://doi.org/10.1016/j.visres.2013.12.015

Donk, M. L. A. van der, Viersen, S. van, Hiemstra-Beernink, A.-C., Tjeenk-Kalff, A. C., Leij, A. van der,
& Lindauer, R. J. L. (2017). Individual Differences in Training Gains and Transfer Measures: An
Investigation of Training Curves in Children with Attention-Deficit/Hyperactivity Disorder. Applied
Cognitive Psychology, 31(3), 302-314. DOI: https://doi.org/10.1002/acp.3327

Double, K. S., & Birney, D. P. (2016). The effects of personality and metacognitive beliefs on cognitive
training adherence and performance. Personality and Individual Differences, 102, 7-12. DOL: https://
doi.org/10.1016/j.paid.2016.04.101

Duckworth, A. L., Peterson, C., Matthews, M. D., & Kelly, D. R. (2007). Grit: Perseverance and passion
for long-term goals. Journal of Personality and Social Psychology, 92, 1087-1101. DOTI: https://doi.
org/10.1037/0022-3514.92.6.1087

Duckworth, A. L., & Quinn, P. D. (2009). Development and Validation of the Short Grit
Scale (Grit-S). Journal of Personality Assessment, 91(2), 166-174. DOI: https://doi.
0rg/10.1080/00223890802634290

Entwistle, V. A, Carter, S. M,, Cribb, A., & McCaffery, K. (2010). Supporting Patient Autonomy: The
Importance of Clinician-patient Relationships. Journal of General Internal Medicine, 25(7), 741-745.
DOI: https://doi.org/10.1007/s11606-010-1292-2

Farrer, L. M,, Griffiths, K. M., Christensen, H., Mackinnon, A. J., & Batterham, P. J. (2014). Predictors of
Adherence and Outcome in Internet-Based Cognitive Behavior Therapy Delivered in a Telephone
Counseling Setting. Cognitive Therapy and Research, 38(3), 358-367. DOL: https://doi.org/10.1007/
510608-013-9589-1

Garza, J. R, Glenn, B. A, Mistry, R. S., Ponce, N. A,, & Zimmerman, F. J. (2017). Subjective Social Status
and Self-Reported Health Among US-born and Immigrant Latinos. Journal of Immigrant and Minority
Health, 19(1), 108-119. DOTI: https://doi.org/10.1007/s10903-016-0346-x

Gau, S. S.-F., Chen, S.-J., Chou, W.-J,, Cheng, H,, Tang, C.-S., Chang, H.-L., Tzang, R.-F., Wu, Y.-Y.,
Huang, Y.-F., Chou, M.-C,, Liang, H.-Y., Hsu, Y.-C,, Lu, H.-H., & Huang, Y.-S. (2008). National survey
of adherence, efficacy, and side effects of methylphenidate in children with attention-deficit/
hyperactivity disorder in Taiwan. The Journal of Clinical Psychiatry, 69(1), 131-140. DOI: https://doi.
0rg/10.4088/JCP.v69n0118

Gobet, F., & Sala, G. (2023). Cognitive Training: A Field in Search of a Phenomenon. Perspectives on
Psychological Science: A Journal of the Association for Psychological Science, 18(1), 125-141. DOI:
https://doi.org/10.1177/17456916221091830

Green, C. S, Bavelier, D., Kramer, A. F., Vinogradov, S., Ansorge, U., Ball, K. K., Bingel, U., Chein, J. M,,
Colzato, L. S., Edwards, J. D., Facoetti, A., Gazzaley, A., Gathercole, S. E., Ghisletta, P., Gori, S.,
Granic, I, Hillman, C. H., Hommel, B., Jaeggi, S. M., ... Witt, C. M. (2019). Improving methodological
standards in behavioral interventions for cognitive enhancement. Journal of Cognitive Enhancement.
DOTI: https://doi.org/10.1007/s41465-018-0115-y

Green, C. S., & Seitz, A. R. (2015). The Impacts of Video Games on Cognition (and How the Government
Can Guide the Industry). Policy Insights from the Behavioral and Brain Sciences, 2(1), 101-110. DOI:
https://doi.org/10.1177/2372732215601121

Guye, S., De Simoni, C., & von Bastian, C. C. (2017). Do Individual Differences Predict Change in Cognitive
Training Performance? A Latent Growth Curve Modeling Approach. Journal of Cognitive Enhancement,
1(4), 374-393. DOTI: https://doi.org/10.1007/s41465-017-0049-9

Harrell, E. R, Roque, N. A, Boot, W. R, & Charness, N. (2021). Investigating message framing to improve
adherence to technology-based cognitive interventions. Psychology and Aging, 36, 974-982. DOL:
https://doi.org/10.1037/pag0000629

He, Z., Tian, S., Singh, A,, Chakraborty, S., Zhang, S., Lustria, M. L. A., Charness, N., Roque, N. A,
Harrell, E. R., & Boot, W. R. (2022). A Machine-Learning Based Approach for Predicting Older Adults’
Adherence to Technology-Based Cognitive Training. Information Processing & Management, 59(5),
103034. DOL: https://doi.org/10.1016/j.ipm.2022.103034

Jaeggi, S. M., Buschkuehl, M., Jonides, J., & Shah, P. (2011). Short- and long-term benefits of cognitive
training. Proceedings of the National Academy of Sciences, 108(25), 10081-10086. DOI: https://doi.
org/10.1073/pnas.1103228108

Jaeggi, S. M., Buschkuehl, M., Parlett-Pelleriti, C. M., Moon, S. M., Evans, M., Kritzmacher, A., Reuter-
Lorenz, P. A,, Shah, P., & Jonides, J. (2020). Investigating the effects of spacing on working
memory training outcome - a randomized controlled multi-site trial in older adults. The Journals of
Gerontology: Series B, 75(6). DOI: https://doi.org/10.1093/geronb/gbz090

Jaeggi, S. M., Buschkuehl, M., Shah, P., & Jonides, J. (2014). The role of individual differences in cognitive
training and transfer. Memory & Cognition, 42(3), 464-480. DOI: https://doi.org/10.3758/s13421-013-
0364-z

Johansson, 0., Michel, T., Andersson, G., & Paxling, B. (2015). Experiences of non-adherence to Internet-
delivered cognitive behavior therapy: A qualitative study. Internet Interventions, 2(2), 137-142. DOL:
https://doi.org/10.1016/j.invent.2015.02.006

Tullo et al.
Journal of Cognition
DOI: 10.5334/joc.315

21


https://doi.org/10.1002/acp.3327
https://doi.org/10.1016/j.paid.2016.04.101
https://doi.org/10.1016/j.paid.2016.04.101
https://doi.org/10.1037/0022-3514.92.6.1087
https://doi.org/10.1037/0022-3514.92.6.1087
https://doi.org/10.1080/00223890802634290
https://doi.org/10.1080/00223890802634290
https://doi.org/10.1007/s11606-010-1292-2
https://doi.org/10.1007/s10608-013-9589-1
https://doi.org/10.1007/s10608-013-9589-1
https://doi.org/10.1007/s10903-016-0346-x
https://doi.org/10.4088/JCP.v69n0118
https://doi.org/10.4088/JCP.v69n0118
https://doi.org/10.1177/17456916221091830
https://doi.org/10.1007/s41465-018-0115-y
https://doi.org/10.1177/2372732215601121
https://doi.org/10.1007/s41465-017-0049-9
https://doi.org/10.1037/pag0000629
https://doi.org/10.1016/j.ipm.2022.103034
https://doi.org/10.1073/pnas.1103228108
https://doi.org/10.1073/pnas.1103228108
https://doi.org/10.1093/geronb/gbz090
https://doi.org/10.3758/s13421-013-0364-z
https://doi.org/10.3758/s13421-013-0364-z
https://doi.org/10.1016/j.invent.2015.02.006

Jones, M. R,, Katz, B., Buschkuehl, M., Jaeggi, S. M., & Shah, P. (2020). Exploring n-back cognitive training
for children with ADHD. Journal of Attention Disorders, 24(5), 1087054718779230. DOI: https://doi.
org/10.1177/1087054718779230

Karbach, J., Kénen, T., & Spengler, M. (2017). Who benefits the most? Individual differences in the
transfer of executive control training across the lifespan. Journal of Cognitive Enhancement, 1(4),
394-405. DOL: https://doi.org/10.1007/s41465-017-0054-2

Katz, B., Jaeggi, S. M., Buschkuehl, M., Shah, P., & Jonides, J. (2018). The effect of monetary
compensation on cognitive training outcomes. Learning and Motivation, 63, 77-90. DOI: https://doi.
0rg/10.1016/j.Imot.2017.12.002

Katz, B., Jones, M. R, Shah, P., Buschkuehl, M., & Jaeggi, S. M. (2016). Individual differences and
motivational effects. In Cognitive training: An overview of features and applications (pp. 157-166).
Springer International Publishing. DOI: https://doi.org/10.1007/978-3-319-42662-4_15

Katz, B., Jones, M. R,, Shah, P., Buschkuehl, M., & Jaeggi, S. M. (2021). Individual Differences in Cognitive
Training Research. In T. Strobach & J. Karbach (Eds.), Cognitive Training: An Overview of Features and
Applications (pp. 107-123). Springer International Publishing. DOI: https://doi.org/10.1007/978-3-
030-39292-5_8

Katz, B., Shah, P., & Meyer, D. E. (2018). How to play 20 questions with nature and lose: Reflections on
100 years of brain-training research. Proceedings of the National Academy of Sciences of the United
States of America, 115(40), 9897-9904. DOTI: https://doi.org/10.1073/pnas.1617102114

Lam, L. C.-W., Chan, W. C,, Leung, T., Fung, A. W.-T., & Leung, E. M.-F. (2015). Would older adults with
mild cognitive impairment adhere to and benefit from a structured lifestyle activity intervention to
enhance cognition?: A cluster randomized controlled trial. PloS One, 10(3), e0118173. DOI: https://
doi.org/10.1371/journal.pone.0118173

Melby-Lervdg, M., & Hulme, C. (2015). There is no convincing evidence that working memory training is
effective: A reply to Au et al. (2014) and Karbach and Verhaeghen (2014). Psychonomic Bulletin &
Review, 23(1), 324-330. DOI: https://doi.org/10.3758/s13423-015-0862-z

Mohammed, S., Flores, L., Deveau, J., Hoffing, R. C., Phung, C., Parlett, C. M., Sheehan, E., Lee, D., Au,

J., Buschkuehl, M., Zordan, V., Jaeggi, S. M., & Seitz, A. R. (2017). The benefits and challenges
of implementing motivational features to boost cognitive training outcome. Journal of Cognitive
Enhancement: Towards the Integration of Theory and Practice, 1(4), 491-507. DOL: https://doi.
org/10.1007/s41465-017-0047-y

Neil, A,, Batterham, P., Christensen, H., Bennett, K., & Griffiths, K. (2009). Predictors of Adherence by
Adolescents to a Cognitive Behavior Therapy Website in School and Community-Based Settings.
Journal of Medical Internet Research, 11(1), e1050. DOI: https://doi.org/10.2196/jmir.1050

Nelwan, M,, Vissers, C., & Kroesbergen, E. H. (2018). Coaching positively influences the effects of working
memory training on visual working memory as well as mathematical ability. Neuropsychologia, 113,
140-149. DOL: https://doi.org/10.1016/j.neuropsychologia.2018.04.002

@rskov, P. T., Norup, A,, Beatty, E. L., & Jaeggi, S. M. (2021). Exploring Individual Differences as Predictors
of Performance Change During Dual-N-Back Training. Journal of Cognitive Enhancement, 5(4), 480~
498. DOL: https://doi.org/10.1007/s41465-021-00216-5

Orylska, A., Hadwin, J. A, Kroemeke, A., & Sonuga-Barke, E. (2019). A growth mixture modeling study of
learning trajectories in an extended computerized working memory training programme developed
for young children diagnosed with Attention-Deficit/Hyperactivity Disorder. Frontiers in Education, 4.
DOL: https://doi.org/10.3389/feduc.2019.00012

Pahor, A, Seitz, A. R., & Jaeggi, S. M. (2022). Near transfer to an unrelated N-back task mediates the
effect of N-back working memory training on matrix reasoning. Nature Human Behaviour, 1-14. DOT:
https://doi.org/10.1038/s41562-022-01384-w

Pahor, A, Stavropoulos, T., Jaeggi, S. M., & Seitz, A. R. (2019). Validation of a matrix reasoning task for
mobile devices. Behavior Research Methods, 51(5), 2256-2267. DOI: https://doi.org/10.3758/s13428-
018-1152-2

Pergher, V., Shalchy, M. A, Pahor, A., Van Hulle, M. M., Jaeggi, S. M., & Seitz, A. R. (2020). Divergent
Research Methods Limit Understanding of Working Memory Training. Journal of Cognitive
Enhancement, 4(1), 100-120. DOI: https://doi.org/10.1007/s41465-019-00134-7

Prins, P. J. M, Dovis, S., Ponsioen, A., ten Brink, E., & van der Oord, S. (2010). Does Computerized
Working Memory Training with Game Elements Enhance Motivation and Training Efficacy in Children
with ADHD? Cyberpsychology, Behavior, and Social Networking, 14(3), 115-122. DOI: https://doi.
0rg/10.1089/cyber.2009.0206

Redick, T. S. (2019). The Hype Cycle of Working Memory Training. Current Directions in Psychological
Science, 28(5), 423-429. DOI: https://doi.org/10.1177/0963721419848668

Rosseel, Y. (2012). lavaan: An R package for structural equation modeling. Journal of Statistical Software,
48(1), Article 1. DOTI: https://doi.org/10.18637/jss.v048.i02

Saucier, G. (1994). Mini-Markers: A Brief Version of Goldberg’s Unipolar Big-Five Markers. Journal of
Personality Assessment, 63(3), 506-516. DOI: https://doi.org/10.1207/s15327752jpa6303_8

Tullo et al.
Journal of Cognition
DOI: 10.5334/joc.315

22


https://doi.org/10.1177/1087054718779230
https://doi.org/10.1177/1087054718779230
https://doi.org/10.1007/s41465-017-0054-z
https://doi.org/10.1016/j.lmot.2017.12.002
https://doi.org/10.1016/j.lmot.2017.12.002
https://doi.org/10.1007/978-3-319-42662-4_15
https://doi.org/10.1007/978-3-030-39292-5_8
https://doi.org/10.1007/978-3-030-39292-5_8
https://doi.org/10.1073/pnas.1617102114
https://doi.org/10.1371/journal.pone.0118173
https://doi.org/10.1371/journal.pone.0118173
https://doi.org/10.3758/s13423-015-0862-z
https://doi.org/10.1007/s41465-017-0047-y
https://doi.org/10.1007/s41465-017-0047-y
https://doi.org/10.2196/jmir.1050
https://doi.org/10.1016/j.neuropsychologia.2018.04.002
https://doi.org/10.1007/s41465-021-00216-5
https://doi.org/10.3389/feduc.2019.00012
https://doi.org/10.1038/s41562-022-01384-w
https://doi.org/10.3758/s13428-018-1152-2
https://doi.org/10.3758/s13428-018-1152-2
https://doi.org/10.1007/s41465-019-00134-7
https://doi.org/10.1089/cyber.2009.0206
https://doi.org/10.1089/cyber.2009.0206
https://doi.org/10.1177/0963721419848668
https://doi.org/10.18637/jss.v048.i02
https://doi.org/10.1207/s15327752jpa6303_8

Schwaighofer, M., Fischer, F., & Biihner, M. (2015). Does working memory training transfer? A meta- Tullo et al. 23
analysis including training conditions as moderators. Educational Psychologist, 50(2), 138-166. DOL: JD"C)“If”fé ‘;’;gi?j’gggqs
https://doi.org/10.1080/00461520.2015.1036274

Shah, P., Buschkuehl, M., Jaeggi, S., & Jonides, J. (2012). Cognitive training for ADHD: The importance
of individual differences. Journal of Applied Research in Memory and Cognition, 1(3), 204-205. DOTI:
https://doi.org/10.1016/j.jarmac.2012.07.001

Sibley, M. H., Johansson, M., Monroy, J. M., Hill, D., LaCount, P., Barney, S., Molina, N., & Delgado, A.

(2022). Building a Theoretical Model for Supporting Teens’ Autonomy Daily (STAND): A Network
Analysis of Family-Perceived Changes. Behavior Therapy, 53(1), 49-63. DOL: https://doi.org/10.1016/].
beth.2021.05.009

Simons, D. J., Boot, W. R, Charness, N., Gathercole, S. E., Chabris, C. F., Hambrick, D. Z., & Stine-Morrow,
E. A. L. (2016). Do “Brain-Training” programs work? Psychological Science in the Public Interest, 17(3),
103-186. DOI: https://doi.org/10.1177/1529100616661983

Singh-Manoux, A., Marmot, M. G., & Adler, N. E. (2005). Does Subjective Social Status Predict Health and
Change in Health Status Better Than Objective Status? Psychosomatic Medicine, 67(6), 855. DOTI:
https://doi.org/10.1097/01.psy.0000188434.52941.a0

Traut, H. J., Guild, R. M., & Munakata, Y. (2021). Why Does Cognitive Training Yield Inconsistent Benefits?

A Meta-Analysis of Individual Differences in Baseline Cognitive Abilities and Training Outcomes.
Frontiers in Psychology, 12. https://www.frontiersin.org/articles/10.3389/fpsyg.2021.662139. DOI:
https://doi.org/10.3389/fpsyg.2021.662139

Tullo, D., & Jaeggi, S. M. (2022). Working Memory Training: Meta-analyses and Clinical Implications. In J.

W. Schwieter & Z. (Edward) Wen (Eds.), The Cambridge Handbook of Working Memory and Language
(pp. 881-906). Cambridge University Press. DOI: https://doi.org/10.1017/9781108955638.046

Turunen, M., Hokkanen, L., Bickman, L., Stigsdotter-Neely, A., Hdnninen, T., Paajanen, T., Soininen, H.,
Kivipelto, M., & Ngandu, T. (2019). Computer-based cognitive training for older adults: Determinants
of adherence. PLOS ONE, 14(7), e0219541. DOI: https://doi.org/10.1371/journal.pone.0219541

Wang, Z., Zhou, R., & Shah, P. (2014). Spaced cognitive training promotes training transfer. Frontiers in
Human Neuroscience, 8. DOI: https://doi.org/10.3389/fnhum.2014.00217

Wiemers, E. A, Redick, T. S., & Morrison, A. B. (2019). The Influence of Individual Differences in Cognitive
Ability on Working Memory Training Gains. Journal of Cognitive Enhancement, 3(2), 174-185. DOI:
https://doi.org/10.1007/s41465-018-0111-2

Williams, G. C,, Rodin, G. C., Ryan, R. M,, Grolnick, W. S., & Deci, E. L. (1998). Autonomous regulation and
long-term medication adherence in adult outpatients. Health Psychology, 17, 269-276. DOL: https://
doi.org/10.1037/0278-6133.17.3.269 TO CITE THIS ARTICLE:

Tullo, D., Feng, Y., Pahor,

A., Cote, J. M, Seitz, A.R,,

& Jaeggi, S. M. (2023).
Investigating the Role of
Individual Differences in
Adherence to Cognitive
Training. Journal of Cognition,
6(1): 48, pp.1-23. DOL: https://
doi.org/10.5334/joc.315

Submitted: 27 February 2023
Accepted: 31 July 2023
Published: 22 August 2023

COPYRIGHT:

© 2023 The Author(s). This
is an open-access article
distributed under the terms
of the Creative Commons
Attribution 4.0 International
License (CC-BY 4.0), which
permits unrestricted use,
distribution, and reproduction
in any medium, provided the
original author and source
are credited. See http://
creativecommons.org/
licenses/by/4.0/.

Journal of Cognition is a peer-
] l I [ a reviewed open access journal

published by Ubiquity Press.


https://doi.org/10.5334/joc.315
https://doi.org/10.5334/joc.315
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1080/00461520.2015.1036274
https://doi.org/10.1016/j.jarmac.2012.07.001
https://doi.org/10.1016/j.beth.2021.05.009
https://doi.org/10.1016/j.beth.2021.05.009
https://doi.org/10.1177/1529100616661983
https://doi.org/10.1097/01.psy.0000188434.52941.a0
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.662139
https://doi.org/10.3389/fpsyg.2021.662139
https://doi.org/10.1017/9781108955638.046
https://doi.org/10.1371/journal.pone.0219541
https://doi.org/10.3389/fnhum.2014.00217
https://doi.org/10.1007/s41465-018-0111-2
https://doi.org/10.1037/0278-6133.17.3.269
https://doi.org/10.1037/0278-6133.17.3.269

	Structure Bookmarks
	Investigating the Role of Individual Differences in Adherence to Cognitive Training
	Investigating the Role of Individual Differences in Adherence to Cognitive Training
	Investigating the Role of Individual Differences in Adherence to Cognitive Training
	Investigating the Role of Individual Differences in Adherence to Cognitive Training

	DOMENICO TULLO 
	DOMENICO TULLO 
	Link
	Figure


	YI FENG 
	Link
	Figure


	ANJA PAHOR 
	Link
	Figure


	JOHN M. COTE
	AARON R. SEITZ 
	Link
	Figure


	SUSANNE M. JAEGGI 
	Link
	Figure



	ABSTRACT
	ABSTRACT
	Consistent with research across several domains, intervention adherence is associated with desired outcomes. Our study investigates adherence, defined by participants’ commitment to, persistence with, and compliance with an intervention’s regimen, as a key mechanism underlying cognitive training effectiveness. We examine this relationship in a large and diverse sample comprising 4,775 adults between the ages of 18 and 93. We test the predictive validity of individual difference factors, such as age, gender,

	INTRODUCTION
	INTRODUCTION
	The past two decades have witnessed a surge of interest in evaluating the potential of cognitive training to enhance cognition (). This interest stems from a rapidly mounting body of evidence indicating that repeated practice on a cognitive task can lead to improvements in non-trained targeted outcomes (). However, researchers who question the validity of cognitive training point to the inconsistent findings and small effect sizes that are present across diverse approaches (e.g., ; ). Furthermore, these inc
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	To better understand the mechanisms of cognitive training, one approach is to identify how people engage with intervention materials and protocols to optimize the benefits. For instance, non-adherence to treatment is a common challenge faced by many types of interventions across various domains, such as pharmacological treatments (e.g., ; ; ), behavioral therapy (e.g., ; ; ), or physical exercise (e.g., ). Here, we investigate treatment adherence, captured as the degree to which a patient commits to, persis
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	For one, non-commitment and a lack of persistence can have substantial effects on the interpretation of research trials studying the treatment’s efficacy and effectiveness (; ). The field of cognitive training has employed several strategies to overcome issues of attrition, such as adding a layer of gamification to the cognitive training paradigm (, ; ; ; ), personalized coaching (; ), and positively framing the context of the intervention (). While most research has focused on developing methods to improve
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	Our review of the literature reveals a scarcity of studies that investigate the relationship between individual difference factors and persistence in cognitive training interventions. For example, Double and Birney () found that age showed a positive association with treatment perseverance, with older participants demonstrating higher persistence compared to younger participants, while personality traits such as openness were negatively related to treatment perseverance. Additionally, Cruz et al. () reporte
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	In contrast, however, Turunen et al. () found no link between age, sex, or health with dropout and attrition; while Lam et al. () and Cruz et al. () found no link between education and time committed to training. Overall, the extant literature demonstrates inconsistency among individual difference factors predicting commitment and persistence; but most of the aforementioned studies focus on older adults, and thus, it is unclear to what extent their findings might generalize to other populations (; ; ; ). Fu
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	Another aspect of adherence is compliance with the prescribed cognitive training protocol, such as its schedule. Specifically, previous research has highlighted the importance of compliance with the intervention’s regimen to maximize engagement with the treatment paradigm (; ). However, a potential issue with attempting to comply with a dense cognitive training schedule is an increase in participant burden and/or decreased motivation, which may result in decreased perseverance and higher rates of participan
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	In a systematic review of the cognitive training literature, Tullo and Jaeggi () aggregated the findings from studies that examined the effect of time between training sessions. The review concluded that the distribution of training sessions does not appear to have a significant impact on learning and transfer to targeted outcomes. In line with this observation, Schwaighofer et al.’s () meta-analysis and Jaeggi et al.’s () study did not reveal any significant relationship between the distribution of trainin
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	Moreover, the extant literature examining spacing procedures is limited to fixed-effects designs; thus, it remains unclear whether providing participants with some autonomy in scheduling their training is beneficial for engagement with the training paradigm, and ultimately, learning. Beyond cognitive training, research has shown that autonomy and agency can lead to greater treatment adherence, and in turn, better health outcomes (see ). Autonomy and agency can be observed in a variety of healthcare interven
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	AIMS OF THE STUDY
	Drawing upon the existing literature, this study aims to address two specific research gaps. Firstly, we will explore the association of various individual difference factors with commitment to (i.e., whether participants advanced past the sign-up portion of the study) and persistence with (i.e., the number of sessions completed) a 20-session cognitive training program (see ). This aim is prompted by the evident scarcity of studies that examine these individual differences factors, such as age, gender, cogn
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	Secondly, we aim to further understand treatment compliance by investigating the effect of spacing and consistency in cognitive training sessions on engagement and learning (see ). Previous literature, although limited, offers mixed findings on the impact of session distribution (; ; ; ). Therefore, we will examine a broader range of training session distributions to gain a clearer understanding of their effect. Simultaneously, we will explore the potential benefits of autonomy in scheduling training sessio
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	METHOD
	PARTICIPANTS 
	Participants were recruited for the study using widespread marketing via flyers and online advertisements. Between June 2021 and August 2022, we collected data from a sample of 4,775 adults aged between 18 and 93 years (M = 48.06, SD = 18.10) who signed up to participate in the study. Participant demographics show that 75% of the participants identified as female, 24% identified as male, and 1% indicated other or non-specific gender. The Institutional Review Boards at the University of California-Irvine and
	MEASURES
	Recollect – n-back training paradigm
	Participants trained on an app-based n-back paradigm that was developed by researchers at the University of California Riverside Brain Game Center called: “Recollect the Study”; available on Google Play; cf. ; and Apple App Store; cf. ). The application housing the n-back program was developed using the Unity platform, rendering it platform-independent and consequently accessible on both iOS and Android platforms. Recollect is a working memory training paradigm that has demonstrated efficacy in transfer to 
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	The online cognitive training regimen affords the opportunity to investigate the predictive validity of individual differences factors in (i) committing to the cognitive training program (ii) persevering through the regimen, (iii) spacing between training sessions, and (iv) consistency in completing training sessions, across a large and representative population. Specifically, we asked whether individual difference factors such as age, gender, cognitive capability (i.e., measured by fluid reasoning and work
	The online cognitive training regimen also affords the opportunity to examine compliance, that is, differences in spacing and consistency in cognitive training research. While participants were recommended to complete two training sessions per calendar day, participants were given the option to train at their leisure and availability. Therefore, we examined data illustrating spacing between training sessions, as measured by the average time between training sessions, and data characterizing consistency in t
	Cognitive Capability Measures 
	Fluid Reasoning
	A measure of fluid intelligence (cf., ) was collected using the University of California Matrix Reasoning Task (UCMRT), which indicates an individual’s capability to solve non-verbal problems. Participants were asked to solve up to 23 problems within a 10-minute time limit. Specifically, each problem featured a 3 by 3 matrix with the lower right entry missing, and participants were instructed to select the answer option that best completes the matrix from a set of eight possible choices. Prior to assessment
	Pahor et al., 2019

	Working Memory
	An untrained variant of the n-back task was administered to participants as a measure of working memory. The procedure and instructions for this task were similar to the cognitive training task; however, the stimuli provided to the participants consisted of animals or fruits and vegetables. Here we administered 1-back, 2-back, and 3-back levels to all participants in that sequence. Participants progressed to 4-back (and beyond) if they made no more than two errors on the previous level. Each level consisted
	Self-report Measures 
	Grit
	Grit was assessed through Duckworth and Quinn’s () questionnaire comprising eight statements, such as “I see things through to the end.” and represented indicators of perseverance and passion. Participants responded to each of the eight statements using a 5-point Likert scale, with possible responses ranging from “Not like me at all” to “Very much like me.” We calculated a composite score of all the questions, which served as the outcome variable for this measure.
	Duckworth & Quinn, 2009

	Ambition
	Ambition was assessed through Duckworth et al. ‘s () questionnaire comprising five statements, such as “I am a hard worker” and represented indicators of achievement seeking and success. Participants responded to each of the five statements using a 5-point Likert scale, with possible responses ranging from “Not like me at all” to “Very much like me.” We calculated a composite score of all the questions, which served as the outcome variable for this measure.
	Duckworth et al., 2007

	Personality
	We collected participant self-report ratings on the big five personality traits (i.e., Emotional Stability, Extraversion, Openness, Agreeableness, and Conscientiousness) using the 40-item Mini-Markers questionnaires (). Each personality trait was measured using a series of eight adjective-based items. Participants responded with the extent to which each item was representative of their character on a 5-point Likert scale. For instance, when assessing the personality trait of Extraversion, one of the items u
	Saucier, 1994

	Cognitive Failure Questionnaire
	The Cognitive Failure Questionnaire (CFQ) by Broadbent et al. () was used to gather information about the self-perceived memory capabilities of participants. Participants were asked to indicate the frequency of instances where they experienced memory lapses, such as forgetting people’s names, appointments, and leaving appliances turned on. The response for each of the eight items was on a five-point Likert scale, where a low score indicated the participant never experienced the memory lapse and a high score
	Broadbent et al., 1982

	Socio-economic Status
	We assessed participants’ subjective Socio-economic Status (SES) via the MacArthur Scale of Subjective Social Status (cf., ). The measure has demonstrated more reliable and robust associations with health, well-being and status compared to traditional and direct measure of SES, such as income (cf., ; ). We presented two ladder pictures, where the first ladder represented community status and the second ladder represented money, education, and job status. The participant rated where they were best represente
	Adler et al., 2000
	Garza et al., 2017
	Singh-Manoux et al., 2005

	Exercise
	We collected the participant’s fitness routine as an indicator of discipline to health. Participants were asked to report their weekly activity time using a 6-point Likert scale, where a rating of 6 indicated over four hours of activity per week, and a rating of 1 indicated less than 30 minutes of activity.
	Education
	Participants were asked to indicate their highest degree achieved using the following response options: less than a high school degree, high school or GED equivalent degree, associate degree, bachelor’s degree, master’s degree, professional degree (e.g., M.D., J.D., D.D.S., etc.), and doctorate degree (e.g., Ph.D., Psy.D., Ed.D., etc.). Based on these responses, participants were grouped into three categories: (i) those with an associate degree or a high school degree or less, (ii) those with a bachelor’s d
	PROCEDURE
	The study involved administering a series of measures and questionnaires to participants using Qualtrics Software. The administered measures included demographic questionnaires, cognitive measures, and self-report measures. Participants completed these measures and training sessions on their electronic devices.
	Prior to the training phase, participants underwent cognitive assessments measuring fluid reasoning and working memory. During the training phase, participants were instructed to complete 20 training sessions, with a requirement to complete two sessions each calendar day. However, the software did not restrict participants from modifying their training schedule. Consequently, participants exhibited variations in the spacing and consistency of their training sessions, despite the maximum limit of two session
	DATA ANALYSIS PLAN
	We analyzed the data using R version 4.2.2 and R Studio Version 2022.12.0+353. Firstly, we conducted univariate outlier analyses to identify and remove scores beyond 3.5 standard deviations above or below the mean. To examine the aim of identifying individual difference factors that predict commitment to cognitive training, we performed preliminary t-tests to assess the association between predictor variables and the dependent variables. After the preliminary analyses, we used logistic regression to examine
	Next, to address the study aim of identifying individual difference factors that predict persistence with cognitive training, we conducted multinomial regression analysis to assess the predictive validity of these factors across three levels of training progress. Due to the bimodal distribution in the sample size, we divided the participants into three groups based on the number of sessions completed (out of a maximum of twenty). Specifically, we categorized a group as “Few” completions if they completed th
	Figure 3
	Table 1

	Lastly, we focused on the subsample of participants who completed all 20 training sessions to examine the aim associated with characterizing the role of spacing and consistency on learning and engagement with a cognitive training paradigm. In this analysis, we explored the relationship between compliance and engagement, beyond individual difference factors. To analyze our data, we utilized a latent growth curve model (LGCM) with structural equation modeling in R studio, using the lavaan package version 0.6–
	Rosseel, 2012

	First, we assessed the fit of the repeated measures data of the training paradigm to different models, including an intercept-only model, a linear trend, and the hypothesized logarithmic trend that represents a typical learning curve (; ; ). Next, we introduced predictors of compliance measures, such as spacing (average time between sessions) and consistency of training sessions (standard deviation of time between sessions), along with observed measures of cognitive capability (fluid reasoning and working m
	Guye et al., 2017
	Ørskov et al., 2021
	Orylska et 
	al., 2019

	RESULTS
	INDIVIDUAL DIFFERENCE FACTORS AND COMMITMENT TO TRAINING
	First, we examined differences in individual-level factors based on naturally occurring groups of participants: those who progressed to the cognitive training portion of the study and those who dropped out of the study prior to the cognitive training phase.  presents observed data for each variable, including the mean, standard deviation, and effect size indicating the magnitude of group differences. Additionally, the table presents the corresponding t-test results and Cohen’s d effect size (i.e., with Bonf
	Table 2
	2
	2

	A logistic regression analysis was conducted to examine the relationship between observed predictor variables and whether participants progressed through to the cognitive training portion of the study. The model included age, gender (i.e., with individuals that identified as female as the target variable and individuals that did not identify as females, that is, male and other gender non-specified as the reference category), matrix reasoning accuracy, and working memory accuracy as the predictor variables. 
	2
	2
	Table 3

	A second logistic regression analysis was conducted to determine the factors that predict advancing to the training phase of the study. The second model included self-report predictor variables consisting of the GRIT questionnaire, Ambition questionnaire, all 5 personality indicators (i.e., extraversion, agreeableness, conscientiousness, emotional stability, and openness), cognitive failures questionnaire, SES, exercise, and education (i.e., education [secondary] and education [advanced]). To account for th
	2
	2
	Table 3

	PERSISTENCE WITH TRAINING
	Next, we conducted two multinomial regression analyses to predict differences between three groups categorized based on the number of cognitive training sessions completed (i.e., few, intermediate, and most; cf., ). The analyses aimed to examine the impact of (i) behavioral measures and (ii) self-report questionnaires on these groups. More specifically, we used the Few group as the reference group, and as such compared differences between the most group and the Few group and between the Intermediate group a
	Table 1

	The first multinomial regression model included age, gender, matrix reasoning accuracy, and n-back accuracy as the predictor variables, and consisted of 674 complete observations out of the 1,022 participants that advanced to the cognitive training stage. Considering the extensive age range, interaction estimates between age and all predictors were incorporated into the model. This model with observed predictors, was predictive of the group classification χ(8) = 27.34, p = .007; albeit, with a small effect 
	2
	2
	Table 4

	The second multinomial model with self-report predictors, consisted of 755 complete observations out of the 1,022 participants that advanced to the cognitive training stage. This model with self-report predictors was also predictive of the group classification χ(24) = 61.93, p = .004; with once again a small effect size: McFadden’s pseudo R = .04 (see ). The model correctly classified 43.44%, performing above chance level (i.e., 33.3%). More specifically, 67.13% of the participants were correctly classified
	2
	2
	Table 4

	As a follow-up to the analysis on persistence, we examined the predictive validity of individual difference factors between those that completed all 20 sessions and those that completed most but not all the training sessions (i.e., 12 to 19 sessions). Given the small effects between the Most and Intermediate groups, we conducted two additional logistic regression analyses to examine what cognitive measures (i.e., fluid reasoning, and working memory) and demographic variables (i.e., age, gender), as well as 
	The overall model for behavioral measures was not significant: χ(6) = 8.74, p = .189; McFadden’s pseudo R = .03, consisting of 318 participants that completed all 20 sessions and those that completed most but not all the training sessions (i.e., 12 to 19 sessions). There were no statistically detectable predictors in the model (see ). 
	2
	2
	Table 5

	The overall model for self-report measures was also not statistically significant: χ(18) = 26.02, p = .099; McFadden’s pseudo R = .13, consisting of 309 complete observations from participants that completed all 20 sessions and those that completed most but not all the training sessions (i.e., 12 to 19 sessions). Nevertheless, there were no statistically detectable predictors on group membership (see ).
	2
	2
	Table 5

	SPACING AND CONSISTENCY
	We examined the role of spacing and consistency in separate models that predicted engagement on the cognitive training paradigm, as measured by repeated measures on the Recollect training task. To best answer this research question, we limited the sample to participants that completed all 20 training sessions. Additionally, we removed univariate outliers in initial training days, as well as spacing and consistency. We also removed cases with extreme scores on spacing and consistency, as indicated by z-score
	First, we examined the bivariate relationship between spacing and consistency and found that there was a strong and robust correlation between the two variables of interest: r(261) = .85, 95% CI [.81, .88]. As such, spacing and consistency were included as predictors in separate models on account of multicollinearity between the two variables of interest. 
	As a precursor to the conditional LGCM, we examined the fit of the engagement data on the Recollect task across the 20 training sessions to an intercept-only model, a linear model, and a logarithmic model (see ). The results for the intercept-only, baseline model, demonstrated poor fit indices. We then fit the data to a linear trend model, which also demonstrated poor fit indices; yet, demonstrated significance on the scaled chi-squared difference test comparing the value-added of the linear slope as a late
	Bauer & Curran, 2019
	2
	2
	Figure 4

	Following the measurement model, we introduced spacing and consistency, in separate conditional models, along with observed predictors of age, gender, fluid reasoning, and working memory. The first conditional model with spacing, age, gender, fluid reasoning, and working memory predictors, as well as the interaction between age and fluid reasoning and working memory. The conditional model also demonstrated adequate fit indices, as well as significant relationships between the intercept and the log, and the 
	The model examined the relationship between the intercept factor, which represented the baseline performance in Recollect, and several predictors. Spacing was not a statistically detectable predictor of baseline performance above and beyond other predictors in the model (Ŷ = .08, p = .310). Nevertheless, the results showed that age, gender, fluid reasoning capability, and working memory were statistically significant predictors of the intercept factor. Specifically, older participants had lower baseline sco
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	The second conditional model with consistency, age, gender, fluid reasoning, and working memory predictors also demonstrated adequate fit indices, as well as significant relationships between the intercept and the log, and the slope and the log variables. Similarly, there was no significant relationship between the intercept and slope variables. 
	Consistency was not a statistically detectable predictor of baseline performance (Ŷ = .07, p = .394). However, the results showed that age, fluid reasoning capability, and working memory were statistically significant predictors of the intercept factor. Specifically, older participants had lower baseline scores than younger participants (Ŷ = –.35, p < .001), participants with higher matrix reasoning accuracy scores had higher baseline training capability compared to those with lower scores (Ŷ = .25, p = .00
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	DISCUSSION
	As the field of cognitive training research continues to progress and evolve, there has been a growing interest in understanding the role of individual-level factors () as well as characterizing mechanisms underlying cognitive training interventions (). The current study leveraged an online cognitive training program to examine the predictive validity of individual difference factors in commitment, persistence, and compliance with a cognitive training paradigm. The findings suggest negligible effects of ind
	Jaeggi et al., 2014
	Green et al., 2019

	Our findings indicate that while some individual difference factors have a statistically detectable impact on predicting commitment to and persistence with training, their effect is very small and inconsistent. As such, the role of these individual difference factors in these subcomponents of adherence remains unclear. Specifically, our findings align with Double and Birney (), who also found a negligible relationship between age and adherence, with older adults more likely to persist with cognitive trainin
	2016
	2019

	Similarly, we note marginal effects of personality traits on commitment to cognitive training. While we did find an effect of grit and conscientiousness between groups that did and did not advance to training, the effects were negligible and may have been the result of the large sample size and multiple preliminary t-test comparisons. Moreover, the Bonferroni corrected confidence intervals demonstrating a large range in actual effect size and a lower limit close to or equal to 0, suggesting that the effect 
	2016

	Our study also reports no meaningful or consistent relationship between self-reported brain health and commitment to and persistence with cognitive training. More specifically, participants’ self-reported cognitive failures did not identify whether participants were more or less likely to commit to cognitive training; however, there was a statistically tenable but very small effect on persistence with cognitive training. Once again, the effect size here suggested that the individual difference factor presen
	2019
	2014
	2014
	2019
	2022

	Previous research has also identified education as a key role in predicting attrition and/or dropout, as well as participants time spent training (; ; ). Like the aforementioned individual difference predictors, education level, demonstrated differences in commitment to training as well as persistence with training. More specifically a higher degree was associated with a greater likelihood to commit to cognitive training as well as a greater likelihood of completing most training sessions compared to few tr
	Coley et al., 2019
	Cruz et al., 2014
	Lam et al., 2015

	While the present study was the first to examine the relationship between measures of grit (), ambition (), and socioeconomic status with persistence and commitment to cognitive training, our results did not indicate a significant relationship between these constructs and these components of adherence to cognitive training. Most notably, the study investigated these research questions beyond the extant literature through the liberal inclusion criteria, which resulted in the recruitment of participants throu
	Duckworth & Quinn, 2009
	Duckworth et al., 2007

	Overall, we do not find enough evidence to suggest a strong relationship between any of the examined individual differences factors on commitment to and persistence with treatment. It is possible that the small effect sizes of some individual difference predictors were inflated by the sample size combined with numerous predictors; thus, increasing the probability of family-wise error. Similarly, the overall variance explained in models examining individual differences in commitment to training as well as th
	Johansson et al., 2015
	Farrer et al., 2014
	Deveau et al., 2015
	Katz, Jaeggi, et al., 2018
	Mohammed et 
	al., 2017
	Tullo & Jaeggi, 2022

	There currently exists a plethora of approaches aimed at increasing motivation to participate and adhere to a cognitive training program (; ; ). For instance, Jaeggi et al. (), hypothesized that the degree of the entertainment value of the training could influence differences in participant attrition between treatment and control conditions. To address this, commercialized programs like Lumosity, Akili Labs, and Cogmed have adopted gamifying cognitive training paradigms (; ). Also, Lumosity offers participa
	Green et al., 2019
	Pergher et al., 2020
	Tullo 
	& Jaeggi, 2022
	2014
	Deveau et al., 2015
	Mohammed et al., 2017
	Nelwan et al., 2018

	Additionally, the current study did not find any evidence of a relationship between compliance measures and engagement across repeated cognitive training sessions. More specifically, we failed to find a clear relationship between either spacing or consistency and performance trajectories on the training paradigm. The study’s findings are consistent with previous research that also failed to provide any evidence of spacing effects (; ); however, the range of time between tasks did not extend as far as 20 day
	Jaeggi et al., 2020
	Schwaighofer et 
	al., 2015
	2014

	LIMITATIONS
	Although the study provides valuable insights into the predictors of adherence to cognitive training, it is important to acknowledge the limitation in the composition of participants in the naturally occurring groups. Specifically, the number of participants that did not advance past the sign-up stage significantly outmatched the number of participants that did advance to training. The ratio of participants between both groups may have influenced tests examining predictors of these naturally occurring group
	Similarly, there is a strong possibility of effects that were not captured here, such as comfort with technology and/or familiarity with brain training games. However, participants of our study voluntarily sought out the research and signed up using their own personal devices. This implies a baseline level of comfort with technology, although we recognize that this assumption may not capture the full spectrum of technology comfort levels. Moreover, previous research has demonstrated associations between adh
	Bagwell & West, 2008
	He et al., 2022
	Coley et al., 2019

	Lastly, while the large sample size coupled with multiple comparisons may have increased the odds of a type 1 error, we have taken considerable efforts and have relaxed the interpretation of the findings to avoid any false positives. Nevertheless, the large sample size and the variety of individual difference factors is a strength of the study examining a research question of this nature. For one, the inclusion of a large sample size in our study has allowed us to ensure the robustness and reliability of ou
	CONCLUSION
	The current study investigates adherence as a key mechanism in cognitive training by characterizing the role of individual difference factors on commitment, persistence, and compliance with a cognitive training regimen. In sum, as individual difference factors assessed here did not reliably predict commitment and persistence with a cognitive training program, there is a need to identify factors that can affect program participation. Moreover, compliance with the cognitive training program, as measured by th
	Green et al., 2019
	Katz, Shah, et al., 2018
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	Figure 1 Study model illustrating the objectives of the study. (A) Investigation of individual difference factors influencing commitment to and persistence with cognitive training. (B) Examination of the impact of compliance factors on learning and engagement within the cognitive training paradigm.
	Figure 1 Study model illustrating the objectives of the study. (A) Investigation of individual difference factors influencing commitment to and persistence with cognitive training. (B) Examination of the impact of compliance factors on learning and engagement within the cognitive training paradigm.

	Figure
	Figure 2 An illustration of the types of stimuli (i.e., colors and shapes) that were presented in the Recollect n-back training paradigm. The rows represent the correct responses for hits in conditions of 1-back to 4-back.
	Figure 2 An illustration of the types of stimuli (i.e., colors and shapes) that were presented in the Recollect n-back training paradigm. The rows represent the correct responses for hits in conditions of 1-back to 4-back.

	Figure
	Figure 3 The frequency of completed sessions on the cognitive training paradigm for participants who progressed to the training phase of the study is presented through a histogram and a density plot. The density plot represents the relative likelihood of the value occurring using the probability and is displayed using the smoothed curve as an estimate of the underlying distribution of the sessions completed variable (y-axis). The histogram bars display the frequency distribution of completed sessions and ar
	Figure 3 The frequency of completed sessions on the cognitive training paradigm for participants who progressed to the training phase of the study is presented through a histogram and a density plot. The density plot represents the relative likelihood of the value occurring using the probability and is displayed using the smoothed curve as an estimate of the underlying distribution of the sessions completed variable (y-axis). The histogram bars display the frequency distribution of completed sessions and ar
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	Table 1 Cognitive training sessions completed by group.
	Table 1 Cognitive training sessions completed by group.
	Note: Out of the 4,775 participants that signed up for the study and completed self-reported measures, only 1,023 completed at least one training session.

	GROUP
	GROUP
	GROUP
	GROUP
	GROUP
	GROUP

	n
	n

	MEAN
	MEAN

	SD
	SD

	MIN
	MIN

	MAX
	MAX


	Few
	Few
	Few

	354
	354

	1.31
	1.31

	0.46
	0.46

	1
	1

	2
	2


	Intermediate
	Intermediate
	Intermediate

	316
	316

	5.77
	5.77

	2.43
	2.43

	3
	3

	11
	11


	Most
	Most
	Most

	353
	353

	18.86
	18.86

	2.41
	2.41

	12
	12

	20
	20


	Total
	Total
	Total

	1,023
	1,023

	8.74
	8.74

	7.82
	7.82

	1
	1

	20
	20





	Table 2 Group differences in predictors between participants that committed to training versus those that did not commit to training.
	Table 2 Group differences in predictors between participants that committed to training versus those that did not commit to training.
	Note: Means and (Standard Deviations) are presented across continuous individual difference factors investigated in the study and percentages and count statistics are reported for categorical variables. * Denotes a significant difference after Bonferroni correction after 15 comparisons. Categorical variables of Education (Advanced) were grouped by those that have a master’s, doctorate, or professional degree as the highest degree attained (YES) compared to those that do not (NO); Education (Secondary) were 

	VARIABLE
	VARIABLE
	VARIABLE
	VARIABLE
	VARIABLE
	VARIABLE

	COUNT
	COUNT

	ADVANCED TO TRAINING
	ADVANCED TO TRAINING

	EFFECT SIZE; STATISTICAL TEST
	EFFECT SIZE; STATISTICAL TEST


	NO
	NO
	NO

	YES
	YES

	TOTAL
	TOTAL


	n = 3,752
	n = 3,752
	n = 3,752

	n = 1,023
	n = 1,023

	N = 4,775
	N = 4,775


	Age
	Age
	Age

	4,622
	4,622

	48.23(18.25)
	48.23(18.25)

	47.38(17.36)
	47.38(17.36)

	48.07(18.09)
	48.07(18.09)

	d = –0.04, 99.69% CI [–0.16, 0.06]; t(4,620) = –1.24, p = .213
	d = –0.04, 99.69% CI [–0.16, 0.06]; t(4,620) = –1.24, p = .213


	Matrix Reasoning
	Matrix Reasoning
	Matrix Reasoning

	1,877
	1,877

	50.50(19.07)
	50.50(19.07)

	50.69(19.38
	50.69(19.38

	50.58(19.20)
	50.58(19.20)

	d = 0.01, 99.69% CI [–0.13, 0.15]; t(1,875) = 0.21, p = .833
	d = 0.01, 99.69% CI [–0.13, 0.15]; t(1,875) = 0.21, p = .833


	Working Memory
	Working Memory
	Working Memory

	2,793
	2,793

	0(1.29)
	0(1.29)

	0.02(1.27)
	0.02(1.27)

	0.01(1.28)
	0.01(1.28)

	d = 0.01, 99.69% CI [–0.10, 0.13]; t(2,791) = 0.37, p = .709
	d = 0.01, 99.69% CI [–0.10, 0.13]; t(2,791) = 0.37, p = .709


	Grit
	Grit
	Grit

	4,522
	4,522

	26.7(5.31)
	26.7(5.31)

	27.26(5.11)
	27.26(5.11)

	26.8(5.28)
	26.8(5.28)

	d = 0.08, 99.69% CI [0.00, 0.22]; t(4,520) = 2.85, p = .004
	d = 0.08, 99.69% CI [0.00, 0.22]; t(4,520) = 2.85, p = .004


	Ambition
	Ambition
	Ambition

	4,522
	4,522

	17.19(3.95)
	17.19(3.95)

	17.26(3.92)
	17.26(3.92)

	17.2(3.95)
	17.2(3.95)

	d = 0.01, 99.69% CI [–0.09, 0.13]; t(4,520) = 0.46, p = .649
	d = 0.01, 99.69% CI [–0.09, 0.13]; t(4,520) = 0.46, p = .649


	Extraversion
	Extraversion
	Extraversion

	4,508
	4,508

	25.28(6.41)
	25.28(6.41)

	24.79(6.51)
	24.79(6.51)

	25.18(6.43)
	25.18(6.43)

	d = –0.06, 99.69% CI [–0.19, 0.04]; t(4,506) = –2.03, p = .043
	d = –0.06, 99.69% CI [–0.19, 0.04]; t(4,506) = –2.03, p = .043


	Agreeableness
	Agreeableness
	Agreeableness

	4,508
	4,508

	33.22(4.65)
	33.22(4.65)

	32.96(4.73)
	32.96(4.73)

	33.17(4.66)
	33.17(4.66)

	d = –0.05, 99.69% CI [–0.17, 0.05]; t(4,506) = –1.52, p = .129
	d = –0.05, 99.69% CI [–0.17, 0.05]; t(4,506) = –1.52, p = .129


	Conscientiousness
	Conscientiousness
	Conscientiousness

	4,508
	4,508

	30.37(5.6)
	30.37(5.6)

	31.02(5.49)
	31.02(5.49)

	30.49(5.59)
	30.49(5.59)

	d = 0.09, 99.69% CI [0.00, 0.23]; t(4,506) = 3.08, p = .002*
	d = 0.09, 99.69% CI [0.00, 0.23]; t(4,506) = 3.08, p = .002*


	Emotional Stability
	Emotional Stability
	Emotional Stability

	4,508
	4,508

	27.25(5.82)
	27.25(5.82)

	27.75(5.89)
	27.75(5.89)

	27.34(5.84)
	27.34(5.84)

	d = 0.07, 99.69% CI [–0.02, 0.20]; t(4,506) = 2.28, p = .022
	d = 0.07, 99.69% CI [–0.02, 0.20]; t(4,506) = 2.28, p = .022


	Openness
	Openness
	Openness

	4,508
	4,508

	31(4.83)
	31(4.83)

	31.16(4.72)
	31.16(4.72)

	31.03(4.81)
	31.03(4.81)

	d = 0.03, 99.69% CI [–0.08, 0.14]; t(4,506) = 0.86, p = .391
	d = 0.03, 99.69% CI [–0.08, 0.14]; t(4,506) = 0.86, p = .391


	Cognitive Failures 
	Cognitive Failures 
	Cognitive Failures 

	4,495
	4,495

	24.48(5.74)
	24.48(5.74)

	24.05(5.44)
	24.05(5.44)

	24.4(5.69)
	24.4(5.69)

	d = –0.06, 99.69% CI [–0.19, 0.04]; t(4,493) = –2.03, p = .042
	d = –0.06, 99.69% CI [–0.19, 0.04]; t(4,493) = –2.03, p = .042


	SES
	SES
	SES

	4,558
	4,558

	9.59(3.35)
	9.59(3.35)

	9.46(3.22)
	9.46(3.22)

	9.56(3.33)
	9.56(3.33)

	d = –0.03, 99.69% CI [–0.15, 0.07]; t(4,558) = –1.04, p = .299
	d = –0.03, 99.69% CI [–0.15, 0.07]; t(4,558) = –1.04, p = .299


	Exercise
	Exercise
	Exercise

	4,597
	4,597

	2.31(1.69)
	2.31(1.69)

	2.4(1.64)
	2.4(1.64)

	2.33(1.68)
	2.33(1.68)

	d = 0.04, 99.69% CI [–0.06, 0.16]; t(4,595) = 1.38, p = .168
	d = 0.04, 99.69% CI [–0.06, 0.16]; t(4,595) = 1.38, p = .168


	Gender (Female)
	Gender (Female)
	Gender (Female)

	4,622
	4,622

	 
	 

	 
	 

	 
	 

	Cramer’s V = .01, 99.69% CI [.01, .05]; χ(1) = 0.21, p = .647
	Cramer’s V = .01, 99.69% CI [.01, .05]; χ(1) = 0.21, p = .647
	2



	NO
	NO
	NO

	 
	 

	25 % (930)
	25 % (930)

	26 % (223)
	26 % (223)

	25 % (1,153)
	25 % (1,153)

	 
	 


	YES
	YES
	YES

	 
	 

	75 % (2,802)
	75 % (2,802)

	74 % (646)
	74 % (646)

	75 % (3,448)
	75 % (3,448)

	 
	 


	VARIABLE
	VARIABLE
	VARIABLE

	COUNT
	COUNT

	ADVANCED TO TRAINING
	ADVANCED TO TRAINING

	EFFECT SIZE; STATISTICAL TEST
	EFFECT SIZE; STATISTICAL TEST


	NO
	NO
	NO

	YES
	YES

	TOTAL
	TOTAL


	n = 3,752
	n = 3,752
	n = 3,752

	n = 1,023
	n = 1,023

	N = 4,775
	N = 4,775


	Education (Advanced)
	Education (Advanced)
	Education (Advanced)

	3,642
	3,642

	Cramer’s V = .04, 99.6% CI [.02, .09]; χ(1) = 5.66, p = .017*
	Cramer’s V = .04, 99.6% CI [.02, .09]; χ(1) = 5.66, p = .017*
	2



	NO
	NO
	NO

	50 % (1403)
	50 % (1403)

	45 % (369)
	45 % (369)

	49 % (1772)
	49 % (1772)


	YES
	YES
	YES

	50 % (1419)
	50 % (1419)

	55 % (451)
	55 % (451)

	51 % (1870)
	51 % (1870)


	Education (Secondary)
	Education (Secondary)
	Education (Secondary)

	3,642
	3,642

	Cramer’s V = .04, 99.69% CI [.02, .09]; χ(1) = 6.16, p = .013*
	Cramer’s V = .04, 99.69% CI [.02, .09]; χ(1) = 6.16, p = .013*
	2



	NO
	NO
	NO

	78 % (2214)
	78 % (2214)

	82 % (676)
	82 % (676)

	79 % (2890)
	79 % (2890)


	YES
	YES
	YES

	22 % (608)
	22 % (608)

	18 % (144)
	18 % (144)

	21 % (752)
	21 % (752)





	(Contd.)
	(Contd.)
	(Contd.)


	NAME
	NAME
	NAME
	NAME
	NAME
	NAME

	b
	b

	SE
	SE

	OR
	OR

	OR 95% CI
	OR 95% CI

	p
	p


	(Intercept)
	(Intercept)
	(Intercept)

	–0.36
	–0.36

	0.48
	0.48

	0.7
	0.7

	[0.27, 1.78]
	[0.27, 1.78]

	0.452
	0.452


	Age
	Age
	Age

	0
	0

	0.01
	0.01

	1
	1

	[0.99, 1.02]
	[0.99, 1.02]

	0.592
	0.592


	Female (YES)
	Female (YES)
	Female (YES)

	–0.19
	–0.19

	0.12
	0.12

	0.83
	0.83

	[0.66, 1.05]
	[0.66, 1.05]

	0.117
	0.117


	Matrix Reasoning
	Matrix Reasoning
	Matrix Reasoning

	0.01
	0.01

	0.01
	0.01

	1.01
	1.01

	[0.99, 1.03]
	[0.99, 1.03]

	0.299
	0.299


	n-back
	n-back
	n-back

	–0.2
	–0.2

	0.13
	0.13

	0.82
	0.82

	[0.63, 1.06]
	[0.63, 1.06]

	0.133
	0.133


	Age × Matrix Reasoning
	Age × Matrix Reasoning
	Age × Matrix Reasoning

	0
	0

	0
	0

	1
	1

	[0.99, 1.00]
	[0.99, 1.00]

	0.236
	0.236


	Age × n-back
	Age × n-back
	Age × n-back

	0
	0

	0
	0

	1
	1

	[1.00, 1.01]
	[1.00, 1.01]

	0.05
	0.05


	Observed measures model: χ(7) = 11.83, p = .11, McFadden’s R = 0.01; N = 1,603
	Observed measures model: χ(7) = 11.83, p = .11, McFadden’s R = 0.01; N = 1,603
	Observed measures model: χ(7) = 11.83, p = .11, McFadden’s R = 0.01; N = 1,603
	2
	2



	(Intercept)
	(Intercept)
	(Intercept)

	–1.42
	–1.42

	0.87
	0.87

	0.24
	0.24

	[0.04, 1.34]
	[0.04, 1.34]

	0.104
	0.104


	Age
	Age
	Age

	0
	0

	0.01
	0.01

	1
	1

	[0.97, 1.03]
	[0.97, 1.03]

	0.985
	0.985


	Female (YES)
	Female (YES)
	Female (YES)

	–0.01
	–0.01

	0.1
	0.1

	0.99
	0.99

	[0.82, 1.21]
	[0.82, 1.21]

	0.934
	0.934


	Grit
	Grit
	Grit

	0.01
	0.01

	0.01
	0.01

	1.01
	1.01

	[0.98, 1.03]
	[0.98, 1.03]

	0.585
	0.585


	Ambition
	Ambition
	Ambition

	–0.02
	–0.02

	0.01
	0.01

	0.98
	0.98

	[0.96, 1.01]
	[0.96, 1.01]

	0.198
	0.198


	NAME
	NAME
	NAME

	b
	b

	SE
	SE

	OR
	OR

	OR 95% CI
	OR 95% CI

	p
	p


	Extraversion
	Extraversion
	Extraversion

	–0.01
	–0.01

	0.01
	0.01

	0.99
	0.99

	[0.97, 1.00]
	[0.97, 1.00]

	0.038*
	0.038*


	Agreeableness
	Agreeableness
	Agreeableness

	–0.02
	–0.02

	0.01
	0.01

	0.98
	0.98

	[0.96, 0.99]
	[0.96, 0.99]

	0.011*
	0.011*


	Conscientiousness
	Conscientiousness
	Conscientiousness

	0.01
	0.01

	0.01
	0.01

	1.01
	1.01

	[0.99, 1.03]
	[0.99, 1.03]

	0.16
	0.16


	Emotional Stability
	Emotional Stability
	Emotional Stability

	0.02
	0.02

	0.01
	0.01

	1.02
	1.02

	[1.00, 1.03]
	[1.00, 1.03]

	0.043*
	0.043*


	Openness
	Openness
	Openness

	0.01
	0.01

	0.01
	0.01

	1.01
	1.01

	[0.99, 1.03]
	[0.99, 1.03]

	0.169
	0.169


	Cognitive Failures
	Cognitive Failures
	Cognitive Failures

	0
	0

	0.02
	0.02

	1
	1

	[0.96, 1.04]
	[0.96, 1.04]

	0.945
	0.945


	SES
	SES
	SES

	–0.01
	–0.01

	0.04
	0.04

	0.99
	0.99

	[0.92, 1.07]
	[0.92, 1.07]

	0.778
	0.778


	Exercise
	Exercise
	Exercise

	0.06
	0.06

	0.07
	0.07

	1.06
	1.06

	[0.92, 1.22]
	[0.92, 1.22]

	0.451
	0.451


	Education (Secondary)
	Education (Secondary)
	Education (Secondary)

	–0.32
	–0.32

	0.33
	0.33

	0.73
	0.73

	[0.38, 1.39]
	[0.38, 1.39]

	0.339
	0.339


	Education (Advanced)
	Education (Advanced)
	Education (Advanced)

	0.46
	0.46

	0.29
	0.29

	1.59
	1.59

	[0.91, 2.79]
	[0.91, 2.79]

	0.106
	0.106


	Age × Cognitive Failures
	Age × Cognitive Failures
	Age × Cognitive Failures

	0
	0

	0
	0

	1
	1

	[0.99, 1.00]
	[0.99, 1.00]

	0.971
	0.971


	Age × SES
	Age × SES
	Age × SES

	0
	0

	0
	0

	1
	1

	[0.99, 1.00]
	[0.99, 1.00]

	0.567
	0.567


	Age × Exercise
	Age × Exercise
	Age × Exercise

	0
	0

	0
	0

	1
	1

	[0.99, 1.00]
	[0.99, 1.00]

	0.603
	0.603


	Age × Education (Secondary)
	Age × Education (Secondary)
	Age × Education (Secondary)

	0
	0

	0.01
	0.01

	1
	1

	[0.99, 1.02]
	[0.99, 1.02]

	0.5
	0.5


	Age × Education (Advanced)
	Age × Education (Advanced)
	Age × Education (Advanced)

	–0.01
	–0.01

	0.01
	0.01

	0.99
	0.99

	[0.98, 1.00]
	[0.98, 1.00]

	0.259
	0.259


	Self-report measures model: χ(22) = 11.83, p = .11, McFadden’s R = 0.02; N = 3,295
	Self-report measures model: χ(22) = 11.83, p = .11, McFadden’s R = 0.02; N = 3,295
	Self-report measures model: χ(22) = 11.83, p = .11, McFadden’s R = 0.02; N = 3,295
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	Table 3 Logistic regression summary for predicting commitment to training by model.
	Table 3 Logistic regression summary for predicting commitment to training by model.
	Note: Unstandardized beta coefficients (b), the standard error (SE), Odds Ratio (OR), the 95% confidence intervals [lower limit, upper limit], and p-value are presented by model (i.e., first logistic regression with observed predictors on top and second logistic regression with self-report measures on the bottom. Model chi-square test, McFadden’s pseudo R, and sample size are also presented.
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	(Contd.)
	(Contd.)
	(Contd.)


	NAME
	NAME
	NAME
	NAME
	NAME
	NAME

	b
	b

	SE
	SE

	OR
	OR

	OR 95% CI
	OR 95% CI

	p
	p


	(Intercept) x Intermediate
	(Intercept) x Intermediate
	(Intercept) x Intermediate

	0.5
	0.5

	1.09
	1.09

	1.65
	1.65

	[0.20, 13.85]
	[0.20, 13.85]

	0.645
	0.645


	(Intercept) x Most
	(Intercept) x Most
	(Intercept) x Most

	0.06
	0.06

	1.1
	1.1

	1.06
	1.06

	[0.12, 9.14]
	[0.12, 9.14]

	0.956
	0.956


	Age x Intermediate
	Age x Intermediate
	Age x Intermediate

	0.01
	0.01

	0.02
	0.02

	1.01
	1.01

	[0.97, 1.05]
	[0.97, 1.05]

	0.712
	0.712


	Age x Most
	Age x Most
	Age x Most

	0.02
	0.02

	0.02
	0.02

	1.02
	1.02

	[0.98, 1.06]
	[0.98, 1.06]

	0.384
	0.384


	Matrix Reasoning x Intermediate
	Matrix Reasoning x Intermediate
	Matrix Reasoning x Intermediate

	0.01
	0.01

	0.02
	0.02

	1.01
	1.01

	[0.97, 1.05]
	[0.97, 1.05]

	0.505
	0.505


	Matrix Reasoning x Most
	Matrix Reasoning x Most
	Matrix Reasoning x Most

	0.01
	0.01

	0.02
	0.02

	1.01
	1.01

	[0.97, 1.05]
	[0.97, 1.05]

	0.622
	0.622


	n-back x Intermediate
	n-back x Intermediate
	n-back x Intermediate

	–0.34
	–0.34

	0.3
	0.3

	0.71
	0.71

	[0.39, 1.29]
	[0.39, 1.29]

	0.259
	0.259


	n-back x Most
	n-back x Most
	n-back x Most

	–0.19
	–0.19

	0.31
	0.31

	0.83
	0.83

	[0.45, 1.51]
	[0.45, 1.51]

	0.535
	0.535


	Female x Intermediate
	Female x Intermediate
	Female x Intermediate

	0.03
	0.03

	0.28
	0.28

	1.03
	1.03

	[0.59, 1.79]
	[0.59, 1.79]

	0.916
	0.916


	Female x Most
	Female x Most
	Female x Most

	–0.29
	–0.29

	0.27
	0.27

	0.75
	0.75

	[0.44, 1.27]
	[0.44, 1.27]

	0.278
	0.278


	Age x Matrix Reasoning x Intermediate
	Age x Matrix Reasoning x Intermediate
	Age x Matrix Reasoning x Intermediate

	0
	0

	0
	0

	1
	1

	[0.97, 1.05]
	[0.97, 1.05]

	0.554
	0.554


	Age x Matrix Reasoning x Most
	Age x Matrix Reasoning x Most
	Age x Matrix Reasoning x Most

	0
	0

	0
	0

	1
	1

	[0.98, 1.06]
	[0.98, 1.06]

	0.982
	0.982


	Age x n-back x Intermediate
	Age x n-back x Intermediate
	Age x n-back x Intermediate

	0
	0

	0.01
	0.01

	1
	1

	[0.97, 1.05]
	[0.97, 1.05]

	0.518
	0.518


	Age x n-back x Most
	Age x n-back x Most
	Age x n-back x Most

	0
	0

	0.01
	0.01

	1
	1

	[0.98, 1.06]
	[0.98, 1.06]

	0.5
	0.5


	Observed measures model: χ(16) = 28.24, p = .013, McFadden’s pseudo R = 0.02; N = 674
	Observed measures model: χ(16) = 28.24, p = .013, McFadden’s pseudo R = 0.02; N = 674
	Observed measures model: χ(16) = 28.24, p = .013, McFadden’s pseudo R = 0.02; N = 674
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	(Intercept) x Intermediate
	(Intercept) x Intermediate
	(Intercept) x Intermediate

	–2.69
	–2.69

	2.03
	2.03

	0.07
	0.07

	[0.001, 3.61]
	[0.001, 3.61]

	0.184
	0.184


	(Intercept) x Most
	(Intercept) x Most
	(Intercept) x Most

	1.22
	1.22

	2.03
	2.03

	3.39
	3.39

	[0.06, 181.30]
	[0.06, 181.30]

	0.548
	0.548


	Age x Intermediate
	Age x Intermediate
	Age x Intermediate

	0.04
	0.04

	0.03
	0.03

	1.04
	1.04

	[0.98, 1.12]
	[0.98, 1.12]

	0.212
	0.212


	Age x Most
	Age x Most
	Age x Most

	0
	0

	0.03
	0.03

	1
	1

	[0.93, 1.06]
	[0.93, 1.06]

	0.899
	0.899


	Grit x Intermediate
	Grit x Intermediate
	Grit x Intermediate

	0.01
	0.01

	0.03
	0.03

	1.01
	1.01

	[0.96, 1.06]
	[0.96, 1.06]

	0.769
	0.769


	Grit x Most
	Grit x Most
	Grit x Most

	0
	0

	0.03
	0.03

	1
	1

	[0.95, 1.05]
	[0.95, 1.05]

	0.999
	0.999


	Ambition x Intermediate
	Ambition x Intermediate
	Ambition x Intermediate

	0.02
	0.02

	0.03
	0.03

	1.02
	1.02

	[0.96, 1.08]
	[0.96, 1.08]

	0.566
	0.566


	Ambition x Most
	Ambition x Most
	Ambition x Most

	–0.03
	–0.03

	0.03
	0.03

	0.97
	0.97

	[0.92, 1.03]
	[0.92, 1.03]

	0.338
	0.338


	Extraversion x Intermediate
	Extraversion x Intermediate
	Extraversion x Intermediate

	–0.03
	–0.03

	0.02
	0.02

	0.97
	0.97

	[0.95, 1.00]
	[0.95, 1.00]

	0.098
	0.098


	Extraversion x Most
	Extraversion x Most
	Extraversion x Most

	–0.03
	–0.03

	0.01
	0.01

	0.97
	0.97

	[0.94, 1.00]
	[0.94, 1.00]

	0.032*
	0.032*


	Agreeableness x Intermediate
	Agreeableness x Intermediate
	Agreeableness x Intermediate

	0.03
	0.03

	0.02
	0.02

	1.03
	1.03

	[0.99, 1.08]
	[0.99, 1.08]

	0.119
	0.119


	Agreeableness x Most
	Agreeableness x Most
	Agreeableness x Most

	0.01
	0.01

	0.02
	0.02

	1.01
	1.01

	[0.97, 1.05]
	[0.97, 1.05]

	0.584
	0.584


	Emotional Stability x Intermediate
	Emotional Stability x Intermediate
	Emotional Stability x Intermediate

	0
	0

	0.02
	0.02

	1
	1

	[0.97, 1.04]
	[0.97, 1.04]

	0.791
	0.791


	Emotional Stability x Most
	Emotional Stability x Most
	Emotional Stability x Most

	0.01
	0.01

	0.02
	0.02

	1.01
	1.01

	[0.97, 1.04]
	[0.97, 1.04]

	0.671
	0.671


	Openness x Intermediate
	Openness x Intermediate
	Openness x Intermediate

	–0.05
	–0.05

	0.02
	0.02

	0.95
	0.95

	[0.91, 0.99]
	[0.91, 0.99]

	0.021*
	0.021*


	Openness x Most
	Openness x Most
	Openness x Most

	–0.01
	–0.01

	0.02
	0.02

	0.99
	0.99

	[0.95, 1.03]
	[0.95, 1.03]

	0.491
	0.491


	Conscientiousness x Intermediate
	Conscientiousness x Intermediate
	Conscientiousness x Intermediate

	0.04
	0.04

	0.02
	0.02

	1.04
	1.04

	[1.00, 1.09]
	[1.00, 1.09]

	0.072
	0.072


	Conscientiousness x Most
	Conscientiousness x Most
	Conscientiousness x Most

	0.02
	0.02

	0.02
	0.02

	1.02
	1.02

	[0.98, 1.07]
	[0.98, 1.07]

	0.279
	0.279


	Cognitive Failures x Intermediate
	Cognitive Failures x Intermediate
	Cognitive Failures x Intermediate

	0
	0

	0.05
	0.05

	1
	1

	[0.91, 1.11]
	[0.91, 1.11]

	0.92
	0.92


	Cognitive Failures x Most
	Cognitive Failures x Most
	Cognitive Failures x Most

	–0.14
	–0.14

	0.05
	0.05

	0.87
	0.87

	[0.79, 0.96]
	[0.79, 0.96]

	0.008*
	0.008*


	SES x Intermediate
	SES x Intermediate
	SES x Intermediate

	0.07
	0.07

	0.09
	0.09

	1.07
	1.07

	[0.89, 1.29]
	[0.89, 1.29]

	0.448
	0.448


	SES x Most
	SES x Most
	SES x Most

	0.08
	0.08

	0.1
	0.1

	1.08
	1.08

	[0.89, 1.31]
	[0.89, 1.31]

	0.417
	0.417


	Exercise x Intermediate
	Exercise x Intermediate
	Exercise x Intermediate

	0.23
	0.23

	0.17
	0.17

	1.26
	1.26

	[0.90, 1.76]
	[0.90, 1.76]

	0.171
	0.171


	Exercise x Most
	Exercise x Most
	Exercise x Most

	0.15
	0.15

	0.17
	0.17

	1.16
	1.16

	[0.83, 1.63]
	[0.83, 1.63]

	0.389
	0.389


	Education (Secondary) x Intermediate
	Education (Secondary) x Intermediate
	Education (Secondary) x Intermediate

	1.06
	1.06

	0.74
	0.74

	2.89
	2.89

	[0.68, 12.24]
	[0.68, 12.24]

	0.149
	0.149


	Education (Secondary) x Most
	Education (Secondary) x Most
	Education (Secondary) x Most

	1.47
	1.47

	0.81
	0.81

	4.33
	4.33

	[0.89, 21.02]
	[0.89, 21.02]

	0.069
	0.069


	Education (Advanced) x Intermediate
	Education (Advanced) x Intermediate
	Education (Advanced) x Intermediate

	0.55
	0.55

	0.64
	0.64

	1.74
	1.74

	[0.49, 6.11]
	[0.49, 6.11]

	0.391
	0.391


	Education (Advanced) x Most
	Education (Advanced) x Most
	Education (Advanced) x Most

	1.46
	1.46

	0.67
	0.67

	4.32
	4.32

	[1.16, 16.12]
	[1.16, 16.12]

	0.029*
	0.029*


	Age x Cognitive Failures x Intermediate
	Age x Cognitive Failures x Intermediate
	Age x Cognitive Failures x Intermediate

	0
	0

	0
	0

	1
	1

	[0.98, 1.12]
	[0.98, 1.12]

	0.952
	0.952


	Age x Cognitive Failures x Most
	Age x Cognitive Failures x Most
	Age x Cognitive Failures x Most

	0
	0

	0
	0

	1
	1

	[0.93, 1.06]
	[0.93, 1.06]

	0.017*
	0.017*


	Age x SES x Intermediate
	Age x SES x Intermediate
	Age x SES x Intermediate

	0
	0

	0
	0

	1
	1

	[0.98, 1.12]
	[0.98, 1.12]

	0.498
	0.498


	Age x SES x Most
	Age x SES x Most
	Age x SES x Most

	0
	0

	0
	0

	1
	1

	[0.93, 1.06]
	[0.93, 1.06]

	0.296
	0.296


	Age x Exercise x Intermediate
	Age x Exercise x Intermediate
	Age x Exercise x Intermediate

	–0.01
	–0.01

	0
	0

	0.99
	0.99

	[0.98, 1.12]
	[0.98, 1.12]

	0.092
	0.092


	Age x Exercise x Most
	Age x Exercise x Most
	Age x Exercise x Most

	0
	0

	0
	0

	1
	1

	[0.93, 1.06]
	[0.93, 1.06]

	0.572
	0.572


	Age x Education (Secondary) x Intermediate
	Age x Education (Secondary) x Intermediate
	Age x Education (Secondary) x Intermediate

	–0.03
	–0.03

	0.02
	0.02

	0.97
	0.97

	[0.95, 1.12]
	[0.95, 1.12]

	0.092
	0.092


	Age x Education (Secondary) x Most
	Age x Education (Secondary) x Most
	Age x Education (Secondary) x Most

	–0.03
	–0.03

	0.02
	0.02

	0.97
	0.97

	[0.93, 1.07]
	[0.93, 1.07]

	0.038*
	0.038*


	Age x Education (Advanced) x Intermediate
	Age x Education (Advanced) x Intermediate
	Age x Education (Advanced) x Intermediate

	–0.02
	–0.02

	0.01
	0.01

	0.98
	0.98

	[0.96, 1.12]
	[0.96, 1.12]

	0.208
	0.208


	Age x Education (Advanced) x Most
	Age x Education (Advanced) x Most
	Age x Education (Advanced) x Most

	–0.03
	–0.03

	0.01
	0.01

	0.97
	0.97

	[0.93, 1.06]
	[0.93, 1.06]

	0.028*
	0.028*


	Self-report measures model: χ(24) = 61.93, p = .004, McFadden’s pseudo R = 0.04; N = 755
	Self-report measures model: χ(24) = 61.93, p = .004, McFadden’s pseudo R = 0.04; N = 755
	Self-report measures model: χ(24) = 61.93, p = .004, McFadden’s pseudo R = 0.04; N = 755
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	Table 4 Multinomial regression summary of predictors for completed sessions by model.
	Table 4 Multinomial regression summary of predictors for completed sessions by model.
	Note: Unstandardized beta coefficients (b), the standard error (SE), Odds Ratio (OR), the 95% confidence intervals [lower limit, upper limit], and p-value are presented by model (i.e., first logistic regression with observed predictors on top and second logistic regression with self-report measures on the bottom. Model chi-square test, McFadden’s pseudo R, and sample size are also presented. Socioeconomic Status (SES).
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	NAME
	NAME
	NAME
	NAME
	NAME
	NAME

	b
	b

	SE
	SE

	OR
	OR

	OR 95% CI
	OR 95% CI

	p
	p


	(Intercept)
	(Intercept)
	(Intercept)

	–0.32
	–0.32

	1.34
	1.34

	0.72
	0.72

	[0.05, 10.20]
	[0.05, 10.20]

	0.81
	0.81


	Age
	Age
	Age

	0.02
	0.02

	0.03
	0.03

	1.03
	1.03

	[0.98, 1.08]
	[0.98, 1.08]

	0.33
	0.33


	Female (YES)
	Female (YES)
	Female (YES)

	0.05
	0.05

	0.31
	0.31

	1.05
	1.05

	[0.57, 1.91]
	[0.57, 1.91]

	0.865
	0.865


	Matrix Reasoning
	Matrix Reasoning
	Matrix Reasoning

	0.01
	0.01

	0.02
	0.02

	1.01
	1.01

	[0.96, 1.06]
	[0.96, 1.06]

	0.737
	0.737


	n-back
	n-back
	n-back

	0.06
	0.06

	0.34
	0.34

	1.06
	1.06

	[0.55, 2.08]
	[0.55, 2.08]

	0.853
	0.853


	Age x Matrix Reasoning
	Age x Matrix Reasoning
	Age x Matrix Reasoning

	0
	0

	0
	0

	1
	1

	[0.99, 1.00]
	[0.99, 1.00]

	0.998
	0.998


	Age x n-back
	Age x n-back
	Age x n-back

	0
	0

	0.01
	0.01

	1
	1

	[0.99, 1.01]
	[0.99, 1.01]

	0.935
	0.935


	Observed measures model: χ(6) = 8.74, p = .189, McFadden’s pseudo R = 0.03; N = 318
	Observed measures model: χ(6) = 8.74, p = .189, McFadden’s pseudo R = 0.03; N = 318
	Observed measures model: χ(6) = 8.74, p = .189, McFadden’s pseudo R = 0.03; N = 318
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	(Intercept)
	(Intercept)
	(Intercept)

	6.26
	6.26

	3.69
	3.69

	525.54
	525.54

	[0.41, 867756.75]
	[0.41, 867756.75]

	0.09
	0.09


	Age
	Age
	Age

	–0.04
	–0.04

	0.06
	0.06

	0.96
	0.96

	[0.85, 1.08]
	[0.85, 1.08]

	0.485
	0.485


	Grit
	Grit
	Grit

	0.04
	0.04

	0.05
	0.05

	1.04
	1.04

	[0.95, 1.15]
	[0.95, 1.15]

	0.37
	0.37


	Ambition
	Ambition
	Ambition

	–0.04
	–0.04

	0.05
	0.05

	0.96
	0.96

	[0.87, 1.06]
	[0.87, 1.06]

	0.433
	0.433


	Extraversion
	Extraversion
	Extraversion

	–0.03
	–0.03

	0.03
	0.03

	0.97
	0.97

	[0.92, 1.02]
	[0.92, 1.02]

	0.223
	0.223


	Agreeableness
	Agreeableness
	Agreeableness

	–0.03
	–0.03

	0.04
	0.04

	0.97
	0.97

	[0.90, 1.04]
	[0.90, 1.04]

	0.378
	0.378


	Conscientiousness
	Conscientiousness
	Conscientiousness

	0.02
	0.02

	0.04
	0.04

	1.02
	1.02

	[0.95, 1.10]
	[0.95, 1.10]

	0.582
	0.582


	Neurotic
	Neurotic
	Neurotic

	–0.02
	–0.02

	0.03
	0.03

	0.98
	0.98

	[0.92, 1.04]
	[0.92, 1.04]

	0.554
	0.554


	Openness
	Openness
	Openness

	–0.02
	–0.02

	0.04
	0.04

	0.98
	0.98

	[0.91, 1.05]
	[0.91, 1.05]

	0.63
	0.63


	Cognitive Failures
	Cognitive Failures
	Cognitive Failures

	–0.06
	–0.06

	0.09
	0.09

	0.94
	0.94

	[0.79, 1.12]
	[0.79, 1.12]

	0.477
	0.477


	SES
	SES
	SES

	–0.14
	–0.14

	0.15
	0.15

	0.87
	0.87

	[0.65, 1.18]
	[0.65, 1.18]

	0.362
	0.362


	Exercise
	Exercise
	Exercise

	–0.04
	–0.04

	0.29
	0.29

	0.96
	0.96

	[0.54, 1.69]
	[0.54, 1.69]

	0.877
	0.877


	Education (Secondary)
	Education (Secondary)
	Education (Secondary)

	0.21
	0.21

	1.45
	1.45

	1.24
	1.24

	[0.07, 21.62]
	[0.07, 21.62]

	0.883
	0.883


	Education (Advanced)
	Education (Advanced)
	Education (Advanced)

	–2.01
	–2.01

	1.2
	1.2

	0.13
	0.13

	[0.01, 1.31]
	[0.01, 1.31]

	0.095
	0.095


	Age x Cognitive Failures
	Age x Cognitive Failures
	Age x Cognitive Failures

	0
	0

	0
	0

	1
	1

	[1.00, 1.00]
	[1.00, 1.00]

	0.866
	0.866


	Age x SES
	Age x SES
	Age x SES

	0
	0

	0
	0

	1
	1

	[1.00, 1.01]
	[1.00, 1.01]

	0.269
	0.269


	Age x Exercise
	Age x Exercise
	Age x Exercise

	0
	0

	0.01
	0.01

	1
	1

	[0.99, 1.01]
	[0.99, 1.01]

	0.709
	0.709


	Age x Education (Secondary)
	Age x Education (Secondary)
	Age x Education (Secondary)

	–0.02
	–0.02

	0.03
	0.03

	0.98
	0.98

	[0.93, 1.04]
	[0.93, 1.04]

	0.548
	0.548


	Age x Education (Advanced)
	Age x Education (Advanced)
	Age x Education (Advanced)

	0.04
	0.04

	0.02
	0.02

	1.04
	1.04

	[0.99, 1.09]
	[0.99, 1.09]

	0.112
	0.112


	Self-report measures model: χ(18) = 26.02, p = .099, McFadden’s pseudo R = 0.13; N = 309
	Self-report measures model: χ(18) = 26.02, p = .099, McFadden’s pseudo R = 0.13; N = 309
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	Table 5 Logistic regression summary of predictors for most completed sessions by model.
	Table 5 Logistic regression summary of predictors for most completed sessions by model.
	Note: Unstandardized beta coefficients (b), the standard error (SE), Odds Ratio (OR), the 95% confidence intervals [lower limit, upper limit], and p-value are presented by model (i.e., first logistic regression with observed predictors on top and second logistic regression with self-report measures on the bottom. Model chi-square test, McFadden’s pseudo R, and sample size are also presented.
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	Figure 4 Aggregated performance trajectory across the entire sample (N = 263). Means and standard errors for each training session’s n-back level are illustrated.
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	Figure 5 Statistical models of latent growth curve models are divided into two aspects: spacing (A; left) and consistency (B; right) in engagement with the working memory paradigm. The left-most rectangles in each model represent the model predictors, which were used to investigate their relationship with learning curve attributes, including the intercept, slope, and log base 2 portions of the logarithmic curve. The rightmost squares represent performance across sessions 1 through 20, which contribute to th
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