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Human creativity relies on a multitude of cognitive processes, some of which are influenced by the neurotransmitter dopamine. This suggests that creativity could be enhanced by interventions that either modulate the production or transmission of dopamine directly, or affect dopamine-driven processes. In the current study we hypothesized that creativity can be influenced by means of binaural beats, an auditory illusion that is considered a form of cognitive entrainment that operates through stimulating neuronal phase locking. We aimed to investigate whether binaural beats affect creative performance at all, whether they affect divergent thinking, convergent thinking, or both, and whether possible effects may be mediated by the individual striatal dopamine level. Binaural beats were presented at alpha and gamma frequency. Participants completed a divergent and a convergent thinking task to assess two important functions of creativity, and filled out the Positive And Negative Affect Scale—mood State questionnaire (PANAS-S) and an affect grid to measure current mood. Dopamine levels in the striatum were estimated using spontaneous eye blink rates (EBRs). Results showed that binaural beats, regardless of the presented frequency, can affect divergent but not convergent thinking. Individuals with low EBRs mostly benefitted from alpha binaural beat stimulation, while individuals with high EBRs were unaffected or even impaired by both alpha and gamma binaural beats. This suggests that binaural beats, and possibly other forms of cognitive entrainment, are not suited for a one-size-fits-all approach, and that individual cognitive-control systems need to be taken into account when studying cognitive enhancement methods.
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INTRODUCTION

Creativity is an important skill in the human cognitive repertoire, it is useful in art and science and essential in day-to-day life. Unfortunately, however, research into creativity is rather cluttered and mechanistic models about how creativity might work are not available (Dietrich and Kanso, 2010). It is thus not surprising that there is no single, widely accepted definition of creativity. What can be said, though, is that many cognitive processes seem to be involved, and that sub-functions underlying creativity depend on both state (Baas et al., 2008; Davis, 2009) and trait (Akbari Chermahini and Hommel, 2010) characteristics. Of all the processes involved in creativity, Guilford (1950, 1967) identifies divergent and convergent thinking as its two main ingredients. Together with insight (a possible sub-component of convergent thinking; see Bowden et al., 2005), these are nowadays still considered the most important processes in creativity (Dietrich and Kanso, 2010). Accordingly, it was these two processes that we considered in the present study.

Both divergent and convergent thinking have been assumed to be influenced by positive mood (e.g., Baas et al., 2008; Davis, 2009), but the mechanism underlying this impact remains unclear. Based on the observation that schizophrenic patients, who suffer from an overdose of the neurotransmitter dopamine (for a review, see Davis et al., 1991), sometimes exhibit extraordinary creative performances (Keefe and Magaro, 1980; Nelson and Rawlings, 2008), some authors have assumed a strong link between creativity and dopamine (Eysenck, 1993). Indeed, positive-going mood is accompanied by phasic changes in the production and availability of dopamine in the mesolimbic and nigrostriatal systems of the brain (Ashby et al., 1999), which again is likely to facilitate cognitive search operations and related processes underlying creative behavior (Akbari Chermahini and Hommel, 2010; Hommel, 2012). If so, factors or techniques that are likely to modulate dopamine production or transmission could be suspected to have an impact on cognitive operations underlying creativity.

One phenomenon that has been suspected to propagate creativity is known under the name of “binaural beats”, an auditory illusion that can be considered a kind of cognitive or neural entrainment (Vernon, 2009; Turow and Lane, 2011). This phenomenon has encouraged sweeping claims about mind enhancement, and some websites even went as far as calling the illusion a “digital drug”. While binaural beats indeed seem to exert some effect on cognitive functioning and mood (Lane et al., 1998), and on neural firing patterns in the brain (Kuwada et al., 1979; Karino et al., 2006; Pratt et al., 2009; but see Vernon et al., 2012), it is as yet unclear how they do so. The binaural-beat illusion arises when two tones of a slightly different frequency are each presented to different ears. For instance, when a tone of 335 Hz is presented to the right ear and a tone of 345 Hz to the left ear, this results in a subjectively perceived binaural beat of 10 Hz. Hence, instead of hearing two different tones, most individuals will hear just one tone that fluctuates in frequency or loudness: a beat (Oster, 1973).

How exactly the brain produces the perception of these beats is unclear, but the reticular activation system and the inferior colliculus seem to play a role (Kuwada et al., 1979; McAlpine et al., 1996; Turow and Lane, 2011). In animals, binaural-beat producing stimulus conditions have been shown to produce particular neural patterns of phase locking, or synchronization, beginning in the auditory system and propagating to the inferior colliculus (Kuwada et al., 1979; McAlpine et al., 1996). Even though the neural response to objectively presented beats is stronger, binaural beats seem to elicit similar neural responses in both humans and animals (Kuwada et al., 1979; McAlpine et al., 1996; Schwarz and Taylor, 2005; Karino et al., 2006), suggesting that the illusion arises through pathways normally associated with binaural sound detection (Kuwada et al., 1979; Pratt et al., 2010). As in humans binaural beats have been found to affect cognitive functioning and mood (Lane et al., 1998; Vernon, 2009), and responses to binaural beats are detectable in the human EEG (Schwarz and Taylor, 2005; Pratt et al., 2009), it can be assumed that neuronal phase locking spreads from the auditory system and the inferior colliculus over the cortex. A spreading pattern of neuronal activation and synchronization might affect short- and long-distance communication in the brain, processes which depend on neuronal synchronization and, presumably, on particular neurotransmitter systems (Schnitzler and Gross, 2005), thus affecting cognitive processing.

If binaural beats affect cognition through neural synchronization, it is possible that the frequency of the beat matters. For instance, short-range communication within brain areas is often associated with neural synchronization in the gamma frequency, while long-range communication is associated with neuronal phase locking in the slower frequency bands (von Stein and Sarnthein, 2000; Schnitzler and Gross, 2005). Moreover, a variety of frequency bands have been considered to represent the “messenger frequency” of cognitive-control signals. For instance, synchronization in the gamma frequency range seems to play a role in the top-down control of memory retrieval (Keizer et al., 2009), which should be relevant for many creativity tasks. Also of interest, phase locking in the alpha band has been associated with lower cortical arousal in general (Fink and Neubauer, 2006) and enhanced top-down control in creativity-related performance in particular (von Stein and Sarnthein, 2000; Fink et al., 2009). Especially divergent thinking seems to be associated with alpha wave synchronization (Fink et al., 2006, 2009). It could therefore be reasoned that inducing a state of lower cortical arousal by presenting people with alpha frequency binaural beats temporarily increases their performance on a divergent thinking task. Given that the available evidence highlights the alpha and gamma bands as possible messenger frequencies of control signals in creativity-related tasks, we investigated whether binaural beats presented at these two frequencies might affect performance in convergent- and divergent-thinking tasks—as compared to a control condition.

Performance in creativity tasks does not only depend on current states but is also affected by trait variables. As suggested by Eysenck (1993) and Ashby et al. (1999), creative performance seems to depend on an individual’s basic supply of (striatal) dopamine. This suggestion fits with recent ideas about the interaction of frontal and striatal dopaminergic pathways in generating cognitive control. According to Cools and d’Esposito (2009), the frontal dopaminergic pathway (originating in the Ventral Tegmental Area) supports focusing on the current task while the striatal pathway (originating in the Substantia Nigra) facilitates the mental flexibility and switching between mental representations. Considering that this latter ability is particularly relevant for divergent thinking, it is not surprising that divergent thinking, but not convergent thinking, was found to be related to the spontaneous eye-blink rate (EBR; Akbari Chermahini and Hommel, 2010)—a clinical marker of striatal dopaminergic functioning (Karson, 1983; Shukla, 1985; Taylor et al., 1999).

Importantly for our study, markers of the individual striatal dopamine level (EBR) do not only predict individual performance in a divergent-thinking task, but also whether and how individuals are affected by state variables. Only recently, Akbari Chermahini and Hommel (2012) demonstrated that the creativity-enhancing effect of positive mood was restricted to individuals with low EBRs, i.e., low striatal dopamine levels. Indeed, tonic and phasic effects of neurotransmitters have often been assumed to interact in nonlinear fashions, in such a way that phasic changes can be more easily detected or are otherwise more effective if combined with a relatively low tonic baseline (e.g., Grace, 1991; Cohen et al., 2002). If so, and assuming EBRs reflect a fairly stable baseline level of tonic and phasic dopamine activity in the striatum, the hypothetical creativity-enhancing impact of binaural beats would be expected to be visible mainly in individuals with relatively low EBRs. We tested this hypothesis by analyzing performance in convergent- and divergent-thinking tasks, and beat-induced changes therein, as a function of low versus high EBR.

METHODS

Twenty-four first-year psychology or educational studies students (22 female, 2 male; 17–25 years) of Leiden University participated in exchange for course credit and/or pay. All participants had normal or corrected-to-normal sight and normal hearing, and no history of epileptic attacks or other neuropsychological illnesses. All participants were tested between 1 pm and 7 pm, and for each participant all sessions took place at the same time of the day. This was done to reduce variation due to normal daily fluctuations in EBR, mood, and related variables.

After the study procedure was explained to them by the experimenter, written informed consent was obtained from all participants. In the case of one underage participant, written informed consent was also obtained from the parents/caretakers. Participants were not made aware of the goal of the study beforehand, but all were debriefed after completing all sessions. The study was approved by the Leiden University Ethics Committee of the Institute of Psychology.

Participants came in for three sessions: one in which they were exposed to alpha frequency (10 Hz) binaural beat stimuli (the Alpha condition), one in which they were exposed to gamma frequency (40 Hz) binaural beat stimuli (the Gamma condition), and one in which they listened to a constant tone of 340 Hz (the Control condition). The order of these three conditions and the two creativity tasks was counterbalanced across participants by means of a Latin square design. In every session a participant would complete the same tasks in the same order but with different items (see below) to avoid learning effects. The order of the items within each session was the same for all participants. Before starting the tasks, spontaneous EBRs were measured, and participants listened to a 3 min sound file (inducing the binaural beats, or the control sound) during which they did not complete any task. While the sound file continued to play, participants then carried out the creativity tasks using pencil and paper. At the beginning and end of the session participants’ positive (PA) and negative affect (NA) was measured using the Positive And Negative Affect Scale—mood State questionnaire (PANAS-S), to assess possible mood changes over the session. To track possible changes in mood valence and arousal during the session, participants were also asked to rate their current mood on an affect grid immediately after completing each task. Both of the mood measures were completed on a computer. The task order for every session can be seen in Figure 1.
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FIGURE 1. Diagram of the task order in every session. Participants always completed the tasks in this order, regardless of beat frequency. Whether a participant completed the alternate uses task (AUT) before the remote associations task (RAT) (or vice versa) was randomized across participants.



AUDITORY STIMULI

Auditory stimulation was presented through in-ear headphones (Etymotic Research ER-4B microPro), which provide 35 dB external noise attenuation. All sound files (44 kHz, 16 bit) were digitally generated in Audacity and played from the test computer using E-Prime 2. Sound levels at output were calculated from the voltages delivered at the earphone input as measured with an oscilloscope (Type Tektronix TDS2002) and the earphone efficiency as provided by the earphone manufacturer (180 dB sound pressure level (SPL) for 1 Vrms in a Zwislocki coupler, ER-4 datasheet, Etymotic Research, 1992). As beats are best perceived with a carrier frequency between 300 and 600 Hz (Licklider et al., 1950; Oster, 1973), both binaural beat conditions (10 Hz and 40 Hz) were based upon a 340 Hz carrier frequency. This 340 Hz carrier tone was presented to both ears in the control condition. The alpha frequency (10 Hz) beat was generated by presenting a tone of 335 Hz to the left ear and a tone of 345 Hz to the right ear, while the gamma frequency (40 Hz) beat was generated by presenting a tone of 320 Hz to the left ear and a tone of 360 Hz to the right ear. In all conditions, white noise (20 Hz–10 kHz band filtered) was added to the signal in both ears to enhance the clarity of the beats (Oster, 1973).

EYE BLINK RATE (EBR)

Participants’ spontaneous EBRs were measured for 5 min at the start of each session using a BioSemi ActiveTwo system (BioSemi Inc., Amsterdam). During measurement of the blinks participants were not presented with any auditory stimuli. Spontaneous EBR was measured using six Ag/AgCL electrodes: two placed next to the outer canthus of each eye (measuring saccades), and two placed above and below the right eye (measuring the blink). Two electrodes placed on the mastoids served as a linked online reference. Participants were instructed to relax and look (but not stare) straight ahead at a paper with a fixation cross that was taped on the computer monitor. This monitor was turned off during EBR measurement. As EBR is stable during the day but goes up in the evening (after 8.30 pm; Barbato et al., 2000), participants were never tested after 7 pm. Blinks were identified automatically, and then manually checked for errors (such as noise segments wrongly identified as blink) in BrainVision Analyzer. Individual EBR was calculated by dividing the total amount of blinks during the 5 min measurement period by 5.

DIVERGENT THINKING: ALTERNATE USES TASK (AUT)

In this task, participants were to name as many uses for certain common household objects as possible. This task was scored on four components: originality, fluency, flexibility, and elaboration. However, as flexibility is most strongly and reliably connected to EBR scores (Akbari Chermahini and Hommel, 2010), we focused on this score, which reflects the number of different categories a participant uses in his or her answer for each item. For example, folding a hat of a paper or using it for origami counts as one category (folding), whereas writing a note on it counts as another (writing). We used a Dutch version of this task, which consisted of six items: brick, shoe, paper, pen, bottle, and towel (baksteen, schoen, krant, pen, fles, and handdoek, respectively). Per session, participants were given two items to solve in 10 min.

CONVERGENT THINKING: REMOTE ASSOCIATIONS TASK (RAT)

In this task, participants were presented with three seemingly unrelated words (e.g., “market”, “star” and “hero”) for which they had to find a single compound word that could be associated with all three of these words (in this case “super”; creating the words “supermarket”, “superstar” and “superhero”). We used the Dutch version of this task, which consists of a total of 30 items (Cronbach’s alpha = .85; Akbari Chermahini et al., 2012). As our experiment consisted of three sessions per participant, we divided this task into three versions of 10 items each (Cronbach’s alphas = .70, .67, and .70), matched by the items’ discrimination value as reported in Akbari Chermahini et al. (2012). Participants were given 4 min to complete the 10 items.

POSITIVE AND NEGATIVE AFFECT SCHEDULE MOOD STATE QUESTIONNAIRE (PANAS-S)

This self-report mood scale consists of 20 items that provide a general measure of current mood in terms of PA and NA. Participants were given 10 positive (for instance, “interested” or “alert”) and 10 negative (for instance, “upset” or “guilty”) words, and had to indicate how applicable a word was to their current mood on a Likert scale between 1 (very little or not at all) and 5 (very or extremely). The PANAS-S was completed on a computer, where participants used the mouse to select an option on the Likert scale.

AFFECT GRID

Participants indicated their current pleasure and arousal level by means of a computer mouse, which served to place a single cross in an arousal × pleasure affect grid (Russell et al., 1989) presented on a computer monitor. The 9 × 9 grid was composed of a horizontal axis to code the current pleasure level (ranging from 1 [extremely unpleasant] on the left to 9 [extremely pleasant] on the right) and a vertical axis to code the current arousal level (ranging from 1 [low arousal] at the bottom to 9 [high arousal] at the top).

RESULTS

As a repeated measures analysis of variance (ANOVA) found no differences in EBR between the three sessions, F(2, 46) = 1.77, p = 0.18, we took the average across all three measures as an estimate of the individual EBR. To test whether binaural beats affected performance in the creativity tasks, repeated measures ANOVAs with auditory stimulation (Alpha, Gamma, Control) as within-participant factor were conducted.

The basic analysis of the AUT flexibility score (divergent thinking) showed no reliable effect, F(2, 46) <  1. However, adding the individual EBR as centered covariate (cf., van Breukelen and van Dijk, 2007) rendered the effect highly reliable, F(2, 44) = 5.22, p = 0.009, suggesting that the effect might be mediated by EBR. This was confirmed by regression analyses relating the individual Alpha benefit (performance in the Alpha condition minus performance in the Control condition) and the individual Gamma benefit (performance in the Gamma condition minus performance in the Control condition) to individual EBR. As shown in Figure 2, the relationships between both the Alpha benefit and EBR, F(1, 22) = 9.71, p = 0.005, and the Gamma benefit and EBR, F(1, 22) = 8.51, p = 0.008, followed highly reliable negative linear trends, while the quadratic trends explain lesser variance: F(2, 21) = 5.31, p = 0.014, and F(2, 21) = 4.23, p = 0.029, respectively. Interestingly, the distribution clearly crosses the zero line, suggesting that people with low EBRs (under 20 blinks per min) mostly benefit from both alpha, and benefit or are not impaired by gamma binaural beats, while people with higher EBRs do not benefit or are even impaired by binaural beat stimulation.
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FIGURE 2. Linear (solid line) and quadratic (dotted line) relationships between AUT flexibility benefit score from alpha frequency binaural beats and EBR (left-hand graph), and AUT flexibility benefit score from gamma frequency binaural beats and EBR (right-hand graph). Benefit scores were calculated by subtracting performance in the control condition from performance in the binaural beat condition (either alpha or gamma).



For the RAT score (convergent thinking) neither the basic ANOVA nor the ANCOVA with EBR as covariate yielded any reliable effect, F(2, 46) <  1. These non-significant relationships can be seen in Figure 3.
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FIGURE 3. Linear (solid line) and quadratic (dotted line) relationships between RAT benefit score from alpha frequency binaural beats and EBR (left-hand graph), and RAT benefit score from gamma frequency binaural beats and EBR (right-hand graph). Benefit scores were calculated by subtracting performance in the control condition from performance in the binaural beat condition (either alpha or gamma).



Given the assumption of a link between dopamine and mood or affect, we also explored whether the changes in performance were accompanied by changes in mood. This did not seem to be the case, however. For one, an (2 × 3) ANOVA of the NA score of the PANAS-S before and after the three sessions did not reveal any reliable effect, ps > .3. The same ANOVA of the PA PANAS-S scores produced a significant effect of time point, F(1, 23) = 11.07, p = 0.003 (indicating a slight reduction of positive mood from 29.9 to 28.3), but this effect did not interact with auditory condition, p > .18. The analysis of the affect grid data also found no indication for condition-specific effects on average pleasure, F(2, 46) <  1, or arousal, F(2, 46) <  1 scores.

DISCUSSION

The aim of this study was to investigate whether binaural beats, a form of cognitive entrainment, affect people’s creative performance, and whether such impact might be mediated by the individual striatal dopamine level, as assessed by means of EBR. The outcome provides a straightforward picture.

First, we found no evidence for any influence of binaural beats on convergent thinking, while divergent thinking was systematically affected depending on base-line EBR. This supports the assumption that convergent thinking, and other kinds of highly constrained top-down search processes, rely more on the frontal part of the frontal-striatal interaction constituting cognitive control (in the sense of Cools and d’Esposito, 2009), while divergent thinking, and other forms of mental flexibility, lean more towards the striatal part (Akbari Chermahini and Hommel, 2010; Hommel, 2012). Moreover, the observation of a differential effect on one of the two kinds of creative performance reinforces claims that human creativity is not a unitary function but consists of multiple components (Wallas, 1926; Guilford, 1967; Nijstad et al., 2010).

Second, we could not find any difference between the Alpha and the Gamma condition—both had the same kind and the same degree of impact on divergent thinking. This suggests that binaural beats do not so much trigger or facilitate a particular neural synchronization processes but rather support neuronal phase locking in general (Kuwada et al., 1979). For instance, they might impose some temporal structure on neural processes and thereby reduce cortical noise (Karino et al., 2006), which again may make task-specific processes that rely on neural communication and/or synchronization more reliable. In which frequency this temporal structure is operating might be less relevant.

Third, our findings clearly suggest that binaural beats do not represent a suitable all-round tool for cognitive enhancement. While participants with lower EBRs (20 blinks per min or lower) showed clear beat-induced benefits in divergent thinking, binaural beats impaired the performance of individuals with higher EBRs (20 blinks per min or higher; see Figure 2). As suspected, this suggests that beat-induced cognitive enhancement depends on the individual striatal dopamine level—an observation that parallels Akbari Chermahini and Hommel’s (2012) finding of equally selective mood effects on divergent thinking.

There are at least two possible, not mutually exclusive explanations for this observation. First, there is evidence that lower-than-average EBR levels are associated with less effective performance in divergent-thinking tasks, especially regarding flexibility (Akbari Chermahini and Hommel, 2010). Even though this difference just missed the significance criterion in our study (in the control condition, the flexibility scores of the low and high EBR groups were 10.58 and 12.83, respectively, p = .08), individuals with rather low striatal dopamine levels might have more room for improvement and are, thus, more sensitive to cognitive-enhancement procedures. For instance, it might be that binaural beats induce, or increase the size of phasic dopamine bursts, which might have a stronger impact in individuals with a relatively low tonic dopamine level. Individuals with a more suitable dopamine level may not need these extra or extra-sized bursts and may end up with more than optimal cortical noise. This would also suggest that EBRs mainly reflect tonic dopamine activity in the striatum, but this lies outside the scope of the current study and, thus, remains speculation for now.

Second, it might be that binaural beats do not operate directly on the individual dopamine level, be it tonic or phasic. Note that we did not find any systematic, beat-induced mood effects. To the degree that changes in dopamine levels are accompanied by changes in mood (Akbari Chermahini and Hommel, 2012), this might suggest that binaural beats facilitated or enabled processes that compensate for the individual lack of striatal dopamine. For instance, it might be that dopamine is functional in driving neural synchronization (Schnitzler and Gross, 2005). If so, a relatively low level of striatal dopamine may thus make it more difficult to set up synchronized neural states, and this difficulty may somehow be overcome through other, compensatory processes that are induced or facilitated by binaural beats. As speculated earlier, binaural beats may increase the temporal structure of idling neural activities and thereby reduce cortical noise, which again might facilitate setting up synchronized states. Again, it is conceivable that individuals with more optimal dopamine levels do not need, or may even be impaired by this alternative way to create the necessary synchronized states.

Irrespective of which of these two scenarios will turn out to be more realistic, it is clear that binaural beats do not represent a one-size-fits-all enhancement technique. They can be effective in enhancing brainstorm-like creative thinking in individuals with low striatal dopamine levels, but they can at the same time impair performance in exactly the same kind of task in others. On the one hand, this calls for more care in the propagation of binaural beats as a cognitive-enhancement method and a better understanding of the underlying neural and cognitive mechanisms. On the other hand, however, it also implies that previous failures to find positive effects of binaural beats on cognitive performance need not be taken as evidence against the efficiency of the manipulation. In fact, careful selection of individuals involving a systematic evaluation of their cognitive control profiles is likely to yield evidence of cognitive enhancement, even under conditions that proved ineffective by previous research.
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Researchers have devoted considerable attention and resources to cognitive training, yet there have been few examinations of the relationship between individual differences in patterns of brain activity during the training task and training benefits on untrained tasks (i.e., transfer). While a predominant hypothesis suggests that training will transfer if there is training-induced plasticity in brain regions important for the untrained task, this theory lacks sufficient empirical support. To address this issue we investigated the relationship between individual differences in training-induced changes in brain activity during a cognitive training videogame, and whether those changes explained individual differences in the resulting changes in performance in untrained tasks. Forty-five young adults trained with a videogame that challenges working memory, attention, and motor control for 15 2-h sessions. Before and after training, all subjects received neuropsychological assessments targeting working memory, attention, and procedural learning to assess transfer. Subjects also underwent pre- and post-functional magnetic resonance imaging (fMRI) scans while they played the training videogame to assess how these patterns of brain activity change in response to training. For regions implicated in working memory, such as the superior parietal lobe (SPL), individual differences in the post-minus-pre changes in activation predicted performance changes in an untrained working memory task. These findings suggest that training-induced plasticity in the functional representation of a training task may play a role in individual differences in transfer. Our data support and extend previous literature that has examined the association between training related cognitive changes and associated changes in underlying neural networks. We discuss the role of individual differences in brain function in training generalizability and make suggestions for future cognitive training research.
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INTRODUCTION

Cognitive neuroscience has begun to explore the possibility of enhancing working memory through the use of videogame-based training products. It has been demonstrated that such videogame training can have a positive impact on the performance of untrained tasks (Green and Bavelier, 2003, 2007; Boot et al., 2008, 2010; Thorell et al., 2009; Van Muijden et al., 2012). A predominant hypothesis of how this occurs is that training affects untrained tasks when they share overlapping cognitive or neural processes with the training (Jonides, 2004; Dahlin et al., 2008b). This extends an older hypothesis in which transfer of training is based on behavioral overlap between trained and untrained tasks (Woodworth and Thorndike, 1901).

Working memory is a cognitive construct that represents the ability to encode, store, and manipulate information in memory (Baddeley, 1992; D'Esposito et al., 1995). Several brain regions in the frontal and parietal cortices and striatum (caudate, putamen) are known to be involved in working memory, including the dorsal lateral pre-frontal cortex (Braver et al., 1997; D'Esposito et al., 2000; Funahashi, 2006), superior parietal lobe (SPL) and precuneus, (Cohen et al., 1997; Henson et al., 2000; Pessoa et al., 2002; Dahlin et al., 2008b; Koenigs et al., 2009), and caudate (Levy et al., 1997; Postle and D'Esposito, 1999, 2003; Bäckman et al., 2011). The involvement of these regions in working memory suggests that individual differences in the function of these regions may also be linked to individual differences in working memory performance (Kane and Engle, 2002). Similarly, previous research has demonstrated that individual differences in the volume of certain brain regions that are important for working memory and procedural learning, such as the striatum, predict learning in complex videogame training (Erickson et al., 2010; Basak et al., 2011).

While previous research has demonstrated working memory training transfers selectively to untrained tasks that share cognitive and neural processes (measured by functional MRI activation) with the training task (Dahlin et al., 2008b), it is undefined how training-induced changes in the neural representation of the training task are related to performance changes in untrained tasks. The neural representation of a task can manifest in a variety of contexts and neuroimaging measurements, but in the current study we use this term to refer to patterns of activation during the training task as measured by an fMRI blood-oxygenation-level dependent (BOLD) contrast between task engagement and quiet rest. As a trainee learns a task or skill, the neural representation of the task changes considerably, both within and between training sessions, including increases and decreases in activation (Garavan et al., 2000; Kelly and Garavan, 2005; Kelly et al., 2006; Dayan and Cohen, 2011). How these changes in the neural representation relate to performance changes in untrained tasks has yet to be examined; however, extending the shared cognitive processing and neural overlap hypothesis, it is reasonable to predict that the plasticity in working memory associated brain regions following working memory videogame training, as measured by changes in brain activation patterns during game play, should relate to changes in the performance of an untrained working memory task.

While it is understood that training can induce changes in task-associated brain activity, it is unclear whether these changes will be an increase or decrease in activation (Buschkuehl et al., 2012); therefore in the current study we remain agnostic to the direction of change in training-associated brain activity. Instead we assert that greater performance changes in a working memory task (Sternberg Memory Search, SMS) should be mirrored by greater plasticity (measured by post-minus-pre brain activity in the training task) in the brain regions associated with working memory. Working memory describes the cognitive processes of storing, manipulating, and updating information in memory (Baddeley, 1992). Similarly, the SMS task taps working memory by asking participants to store and update sets of letters in memory (Sternberg, 1966), and accordingly many other studies have used this task or similar tasks as a measure of the storage and maintenance of information in working memory (Awh et al., 1996; Rypma and D'Esposito, 1999; Raghavachari et al., 2001; Jensen and Tesche, 2002). Previous research has demonstrated that individual differences in working memory performance, assessed independently of MRI scanning, are linked to working memory task-based activation in regions associated with working memory, such as the prefrontal cortex and regions of the parietal cortex (Kane and Engle, 2002; Todd and Marois, 2005). These findings offer further support for the prediction that individual differences in training-induced frontal-parietal plasticity during a working memory oriented training task would relate to individual differences in performance changes in an untrained working memory task.

In the current study, trainees performed two untrained tasks before and after training with Space Fortress for 15 2-h sessions. Before and after training, participants also were scanned using fMRI while playing Space Fortress. To test whether performance changes in an untrained working memory task can be predicted by plasticity in regions associated with working memory, we first correlated pre-training brain activity during game play with changes in performance of two untrained tasks. We performed the same analyses on the post-training brain activity, and these “pre- and post-analyses” served as the basis of our “plasticity analysis,” in which we investigated the relationship between training-induced plasticity and performance changes in untrained tasks. To test whether the association between brain activity during Space Fortress would be related only to untrained tasks that shared cognitive overlap with Space Fortress, we used tasks that were cognitively similar or dissimilar to the processes occurring during the training task.

Space Fortress is an interactive, score based, complex videogame that has a long history of use as a multisensory training tool (Fabiani et al., 1989; Gopher et al., 1989; Donchin, 1995; Kramer et al., 1995, 1999; Vo et al., 2011); it makes high demands of working memory storage and updating, motor control, and attention. The structure of the SMS task has components that are directly related to activities in the Space Fortress training. Specifically, both tasks ask participants to store and update sets of letters for a subsequent response. Furthermore, the response pattern in the SMS task, whether a letter belonged to the most recent letter set, is mirrored directly by Space Fortress in asking participants whether the letter on screen refers to a “friend” or “foe,” which is determined by a letter set given before each Space Fortress trial. Given that Space Fortress engages working memory, and that the SMS task largely mirrors the working memory storage and updating components of Space Fortress, we hypothesize that individual differences in the neural representation of the Space Fortress game will relate to individual differences in performance changes in the SMS task. Furthermore, given that individual differences in the function of regions associated with working memory are likely related to individual differences in working memory performance (Kane and Engle, 2002), we further hypothesize that activity during Space Fortress in regions associated with working memory relates to individual differences in changes in SMS task performance. For our second untrained task, we used the Change Detection (CD) task. This task functions as a control task because while it taps into attention and working memory processes (Pashler, 1988; Rensink, 2002; Baddeley, 2003), the specific cognitive processes in the CD task are quite distinct from that of the Space Fortress game. For example, Space Fortress asks subjects to monitor changes in a symbol at the bottom of the screen, and if they respond when a dollar sign appears twice in a row, they can receive a bonus. This type of CD differs considerably from the CD task in which visual field changes are neither of a predictable type or location. Space Fortress is also a visually simple game, with easily discernable text symbols, and does not require identification of any masked changes; unlike the CD task, which involves both complex real street scenes, with subtly modified scenes, which are separated by a mask. Based on these differences in the both the dorsal and ventral visual attention components of these two tasks, we hypothesize that activity during Space Fortress will not be associated with individual differences in changes to performance in the CD task.

As hypothesized we show that individual differences in functional activation in pre and post fMRI sessions predict individual differences in performance changes to the SMS task; furthermore, we confirmed our hypothesis of no relationship between functional activation in either pre- or post-fMRI sessions and individual differences in performance changes to the CD task. The results of these two tasks taken together suggest that the neural representations of a training task relate more closely to learning in untrained tasks that share higher degrees of cognitive similarity with the training task, which supports previous research showing that training selectively affects untrained tasks with shared cognitive processes and neural overlap (Dahlin et al., 2008b). The results of these analyses gave us a set of regions to use in our subsequent plasticity analysis, in which we investigated the relationship between training-induced plasticity and performance changes in untrained tasks. As we hypothesized, our pre- and post-analyses only found significant results with the SMS task; therefore, we conducted the plasticity analysis on the SMS task and not the CD task.

Of these regions in which pre- and post-analyses identified a significant association with performance changes in the SMS task, we hypothesized that greater plasticity in working memory associated regions would occur in individuals with greater performance gains in the SMS task. Therefore, for our “plasticity analysis” we created spherical regions of interest (ROIs) surrounding the statistical peaks of the group-level maps from the pre- and post-analyses. To measure the plasticity in brain activity in these regions, we extracted the mean percent signal change from these regions, and took a post-minus-pre difference of the game play compared to fixation contrast. We then used a multiple regression model based on the activity differences in these ROIs to predict performance changes in our untrained tasks. Our results support the neural and overlap hypothesis because we show that the post-minus-pre activity differences in regions associated with working memory, such as the SPL, predicted a significant percentage of the variance in performance changes in the SMS task. These findings suggest that changes in a trainee's neural representation of a training task may predict performance changes of untrained tasks that share cognitive or neural processes with training tasks. Furthermore, while some studies have found weakly significant or non-significant training-induced improvements in untrained tasks at the group level, our results demonstrate that analyzing the relationship between brain activity and untrained task performance at the individual level does reveal a significant association between training-induced plasticity and performance in untrained tasks.

METHODS

PARTICIPANTS

The University institutional review board (IRB) approved this study. We used flyers posted throughout campus as well as online advertisements to recruit participants. To determine eligibility, we asked potential participants to complete a survey about their video game habits, and experimenters determined the participants' eligibility with individual in-person interviews. These in-person interviews addressed the participants' health, as well as a more detailed assessment of their video game habits. All participants (1) played videogames less than 4 h per week, (2) were right handed, (3) were free from psychiatric illness, neurological disease, and metallic implants, (4) had signed an informed consent form, (5) had normal color vision, (6) had a corrected visual acuity of 20/20 or better, and (7) were between the ages of 18 and 30. For our final sample of 45 trainees, there were N = 27 females, with a mean age of 21.74 years (SD = 5.09) and mean education of 15.71 years (SD = 3.27). We also had a minimal-contact control group of 25 participants; however, given that the current study focuses on individual differences in the effect of Space Fortress training, we did not include the control group in our analyses.

SPACE FORTRESS

Space Fortress was developed to study the effect of different training strategies on learning, retention and transfer within the context of a rich and cognitively complex task (Figure 1). Playing Space Fortress requires complex motor skills, procedural learning, and working memory. The game score is compartmentalized into four subcategories measuring: (1) points: successfully destroying the space fortress with 10 successive missiles spaced 250 ms apart followed by rapid double shots spaced less than 250 ms; (2) velocity: keeping the ship's movement within a predefined speed range; (3) control: moving the ship only within a predefined allowable area in a frictionless environment without braking; (4) speed: handling friendly and enemy mines quickly and precisely. In addition to these tasks, the participant must maintain three letters in working memory that identify mines as friend or foe. Furthermore, the participant must monitor a stream of symbols that will occasionally present two dollar signs ($) in direct succession, which is an indication of a bonus for the player. For a more detailed explanation of Space Fortress, see Mané and Donchin (1989) or Lee et al. (2012).
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FIGURE 1. In this image, a Space Fortress schematic illustrates various components of the game. The player moves the ship, named “OWNSHIP” in this image, around the screen, while attempting to stay within the surrounding larger hexagon and firing missiles at the central hexagon, which represents the Space Fortress. Mines, bonuses, and other items come across the screen, to which the player must handle quickly and efficiently. The bottom gives indications to the player of their Points score, Control score, Velocity score, as well as the Space Fortress' vulnerability level, the identity of the mine on screen, the mine identification interval (not depicted), the speed score, and the number of shots the player has remaining. This image was taken from previous work using Space Fortress (Lee et al., 2012).



Training procedure

All participants watched a 20-min instructional video that explained the details of the Space Fortress game, followed by a 5-min summary video and six 3-min games to practice before entering a 3T Siemens Trio scanner. Over the next several weeks, the trainees played the game for a total of 30 h, split into 15 2-h training sessions. Following training, all participants were scanned again with the pre-training protocol.

NEUROPSYCHOLOGICAL ASSESSMENT BATTERY

The participants performed pre and post training neuropsychological tasks (i.e., untrained tasks) in three general categories: visual-attention, memory, and multimodal task performance, to measure baseline cognitive abilities and changes of performance as a result of extended Space Fortress practice. These tests have been previously described in detail (Lee et al., 2012). In the current study, we focus on two tasks including the SMS task and a CD task. We focus on the SMS task because this task closely mirrors distinct cognitive components of the Space Fortress training. For example, the SMS task requires subjects to consolidate and maintain visual information within working memory in a fashion similar to Space Fortress. We focus on a CD task because similarly to the SMS task it is thought to tap into attention and the working memory (Pashler, 1988; Rensink, 2002; Baddeley, 2003). However, it is important to note that the stimulus-response processes involved and the contents to be remembered in this task (scenes) are quite distinct from those in the Space Fortress training and SMS task (letters and symbols).

Sternberg memory search task

In the SMS task, participants viewed a set of 3 or 5 letters (duration: 1200 ms) followed by a pause (1500 ms), and then a brief presentation of a letter (Sternberg, 1966). Participants needed to respond as quickly and accurately as possible whether this letter belonged to the previously viewed set of letters. Our participants received accuracy feedback for 32 practice trials before being tested on 96 trials without feedback. The SMS task uses reaction times and accuracy as outcome variables. We used accuracy alone to measure performance, because unlike the SMS task, during Space Fortress, there is a delay before the stimulus can be flagged as friend or foe, therefore subjects are encouraged to respond accurately rather than quickly. Conversely, each trial in Space Fortress lasts, on average, longer than each trial of the SMS task, making larger demands on working memory maintenance and therefore accuracy of stimulus-recognition. Performance was measured by averaging accuracy scores in the 3 and 5 letter set conditions. The SMS task taps the storage and maintenance of information in working memory because participants are asked to store letter sets in memory over a delay period, and update this letter set in each trial (Sternberg, 1966).

Change detection

In a single trial the participants viewed a repeating cycle of four images: a street scene (240 ms), a gray interruption image (80 ms), a modified version of the original street scene (240 ms), and then another gray interruption image (80 ms), after which the cycle repeated. We asked participants to detect and report a difference between the original and modified image. If they did not detect the difference after 60 s of repeated cycling through the screens, they continued onto the next trial, for a total of 24 trials. We assessed CD accuracy by determining the percentage of correct trials out of all trials that contained a modified image (22 trials).

MRI DATA ACQUISITION

In the MRI sessions, we collected an MPRAGE T1-weighted high-resolution structural volume with 144 contiguous axial slices, collected in an ascending fashion and parallel to the anterior posterior commissure line (160 × 192 × 144 voxels, voxel size 1.33 × 1.33 × 1.30 mm, echo time (TE) = 3.87 ms, repetition time (TR) = 1800 ms, field of view (FOV) = 256 mm). Then, for the Space Fortress scans, we acquired three runs of T2* weighted EPI images for BOLD signal acquisition (TE = 25 ms, TR = 2 s, Flip angle 80°, voxel size 3.475 × 3.475 × 4 mm, 28 slices, 64 × 64 voxels matrix, BOLD volumes in each functional scan = 115). While in the scanner, the participants alternated between 30-s blocks of fixating on a central cross (Fixation), passively viewing a recorded session of an experienced player's Space Fortress session, and playing the full Space Fortress game (Space Fortress). We began with a sample size of 50 trainees, and we excluded participants based on excessive motion artifacts. All images were collected on a 3T Siemens TRIO MRI scanner.

MRI pre-processing and analysis

All pre-processing and subsequent analyses of the MRI data were performed using FSL (FMRIB Software Library) (Smith et al., 2004; Woolrich et al., 2009; Jenkinson et al., 2012). We applied rigid body motion correction using MCFLIRT (Jenkinson et al., 2002), and then used BET to remove non-brain structures (Smith, 2002). We applied spatial smoothing using a Gaussian kernel with an 8.0 mm full width half maximum and applied a temporal high-pass filter of 220 s to remove low-frequency signal of non-interest. For the individual-level analyses of each participant, the hemodynamic response was modeled and convolved with a double gamma function in each of the three individual-level runs. Each of the three runs was registered linearly to the subject's MPRAGE using FLIRT (Jenkinson and Smith, 2001; Jenkinson et al., 2002). Then, individual-level statistical maps were forwarded to a fixed effects analysis, and these results were linearly registered to the standardized 2 mm ICBM-152 Montreal Neurological Institute (MNI) Template (Mazziotta et al., 2001). See Figure 2 for flow chart of the current study's analyses and results.
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FIGURE 2. This figure serves as an outline of the current study. The top section describes the behavioral and fMRI inputs that we used to find statistical peaks in the relationship between Space Fortress BOLD signal and the individual differences in changes in performance to both the SMS task and CD task. We calculated separate pre- and post-analyses for both the SMS and CD behavioral data. Given that the BOLD signal only showed a relationship to the SMS task, we only created ROIs surrounding the statistical peaks in the SMS task fMRI analysis. We then extracted the percent signal change from all of these ROIs from both pre- and post-sessions, and subtracted the percent signal change of pre from post to obtain our metric of the change in neural representation of the Space Fortress task, which we operationalize as brain plasticity. Then, we applied the metrics of plasticity from the regions associated with working memory to a multiple regression analysis, to predict individual differences in performance changes in the SMS task. The plasticity values from all regions were entered into a separate multiple regression equation to assess whether regions not associated with working memory would supply a unique contributtion to the variance in individual differences in performance changes to the Sternberg task, which was not the case.



ASSOCIATING THE SPACE FORTRESS BOLD SIGNAL WITH CHANGES IN UNTRAINED TASK PERFORMANCE

It is likely that the BOLD signal in the Space Fortress > Fixation contrast is more informative of individual differences in working memory processing in the context of a complex task, compared to a Passive > Fixation contrast. Similarly, we assert that the Space Fortress > Fixation contrast is more informative than a Space Fortress > Passive contrast for the reason that in the Passive condition the participants may still engage in working memory processes, which we are interested in investigating in our study. Therefore, contrasting Space Fortress with Passive viewing may remove such working memory-associated activity of interest. Because of these reasons, we chose to focus on the Space Fortress > Fixation contrast in our analyses, and therefore, all mentions of brain activity and refer to this contrast.

For our higher-level analysis, the individual level of fixed effect images of the Space Fortress > Fixation contrast were submitted to a mixed effects group analysis in FSL's FEAT (Worsley, 2001). We performed these analyses for two reasons, first to investigate whether individual differences in brain activity before or after training relate to individual differences in gains in untrained tasks, and second, to find a targeted set of areas to use in our subsequent plasticity analyses of whether individual differences in training-induced plasticity relate to individual differences in performance change in untrained tasks.

In order to examine the correlation between the BOLD signal and changes in performance in the untrained tasks, we used the performance change scores (i.e., the tasks performed before vs. after the completion of Space Fortress training) from the SMS and CD tasks as regression covariates in two separate group analysis design matrices for both the pre and post fMRI scan, yielding four total group analyses in total. We used a Z-statistic threshold of 1.96 and cluster p-value threshold of 0.01 for our mixed effects statistical maps. This Z threshold would be considered low for a standard GLM contrast; however, since in this analysis we correlated BOLD contrast with a behavioral variable, we believe that a Z threshold of 1.96 (two tailed Type I error rate of 0.05) and a cluster p-value threshold of 0.01 are reasonable. This analysis yields a statistical brain map of Z scores that reflect the strength of the association between individual differences in changes in untrained performance and the Space Fortress > Fixation contrasted BOLD signal, and we performed this mixed effects analysis in both pre- and post-fMRI scans separately (Table 1; Figure 3). The Harvard-Oxford Cortical Structural Atlas and Harvard-Oxford Subcortical Structural Atlas are the probabilistic atlases in FSL that defined our location labels of our ROIs.

Table 1. This table summarizes the locations of the fMRI activation predictors in the current study.

[image: image]


[image: image]

FIGURE 3. These figures display the location of the areas in the pre-training (A) and post-training sessions (B) in which the Space Fortress > Fixation BOLD signal demonstrates a significant correlation with individual differences in performance changes in the SMS task. The axial slices are arranged in ascending order, and the z coordinate value in MNI space is placed above each slice. Each axial slice contains at least one of the peak ROIs of this analysis. All peaks are shown, and for viewing purposes, the statistical maps are set to a Z threshold of 3.0 in (A), and 2.3 in (B).



MULTIPLE REGRESSION ANALYSIS OF BRAIN PLASTICITY

In order to investigate the effects of brain plasticity in Space Fortress on changes to SMS task performance, we created spherical ROIs, (10 mm in diameter and 264 mm3 in volume), surrounding the peak Z-statistic values from the pre- and post-mixed effects analyses. Since the pre- and post-mixed effects analyses looks for regions of the brain that have significant association with performance changes in the untrained tasks, we hypothesized that any generalized learning that occurs during Space Fortress training would manifest in brain plasticity in these same regions. Given that this analysis was based on these statistical peaks, the null mixed-effects results for the CD task prevented us from including the CD task in the multiple regression analyses. We extracted percent signal change (%SC) from these ROIs from both sessions' fMRI scan and took the post-minus-pre difference. This step allowed us to restrict our search to areas of interest that were related to performance changes in the SMS task, while not causing problems of statistical resampling because we created new metrics of plasticity in these ROIs by creating a post-minus-pre training BOLD contrast, rather than using the brain activity from either session alone. By entering these values into a multiple regression we were able to assess the percentage of variance in changes in SMS task performance that are accounted for by changes in brain activation during performance of the Space Fortress game.

We used SPSS to calculate a backward multiple regression, in which the full model of all variables is considered, and then each variable is iteratively removed and the significance of the model is reassessed. In all iterations, the variable that contributes the least variance to the model is removed until each remaining variable contributes significant variance to the regression. This method results in a regression model in which each independent variable predicts a significant percentage of the variance in the dependent variable, but unlike the stepwise multiple regression model, the backwards model is not biased by the order in which the variables are added to the model, since all are considered initially. Given that the working memory component of Space Fortress may contribute to changes in processing in the SMS task, our first multiple regression used plasticity values only from brain regions that have been shown to be involved in working memory: the SPL, caudate, precuneus, and postcentral gyrus (PCG) (Cohen et al., 1997; Levy et al., 1997; Henson et al., 2000; Pessoa et al., 2002; Dahlin et al., 2008a,b; Koenigs et al., 2009; Bäckman et al., 2011); we used backwards multiple regression to create a model from the plasticity in these regions. Since this analysis included only a restricted set of ROIs, a counter-hypothesis would be that any plasticity, regardless of brain region, could have significantly predicted performance changes to the Sternberg task. To confirm our hypothesis that the plasticity in working memory regions specifically accounted for the variance in performance changes to the SMS task, we compared the regression model of working memory regions alone, to a larger model, in which we added the remaining regions that were deemed significant in the mixed effects analysis: the supramarginal gyrus, temporal fusiform cortex, and the insular cortex.

RESULTS

PERFORMANCE CHANGES ON UNTRAINED TASKS AFTER SPACE FORTRESS TRAINING

On average, participants did not demonstrate significantly different pre-to-post scores in the SMS task [pre-training mean 94.4%; 95% CI = 93.2–95.6%; post-training mean 93.5%; 95% CI = 91.6–95.3%; paired t-test t(44) = 1.32, p > 0.05]. We also did not find significant pre-to-post differences in the CD task [pre-training mean 85.3%; 95% CI = 82.3–88.3%; post-training mean 86.8%; 95% CI = 83.9–89.8%; paired t-test, t(44) = 0.935, p > 0.05]. We did not find a reaction-time accuracy trade off from pre- to post-session for either of the tasks. The current study focuses on individual differences in performance changes of these tasks.

NEURAL REPRESENTATION OF SPACE FORTRESS VIDEOGAME PREDICTS INDIVIDUAL DIFFERENCES IN CHANGES TO PERFORMANCE IN AN UNTRAINED TASK

In our pre- and post-analyses we investigated the relationship between BOLD activity during Space Fortress performance and individual differences in performance changes in untrained tasks (SMS and CD tasks). We did so by using performance change scores as covariates of interest in a between-subjects analysis for both pre- and post-sessions separately (Table 1). We found that pre- and post-session BOLD signal in several frontal, parietal, and subcortical regions demonstrated a significant association with performance changes in the SMS task, but not in the CD task (Table 1). During the pre-training fMRI session, activity in the caudate, PCG, and SPL was positively associated to individual differences in performance changes in the SMS task (Figure 3A). In the post-training fMRI session, activity in the SPL, precuneus, and PCG were positively associated with performance changes in the SMS task (Figure 3B). These results corroborate our hypothesis that patterns of brain activation obtained during the performance of the Space Fortress task would be associated with individual differences in performance change in the SMS task and that these relationships would be manifested in regions of the brain known to be involved in working memory, such as the SPL, caudate, precuneus. These results also support our hypothesis that this relationship would exist for performance changes in untrained tasks sharing cognitive processes with the training and not those using dissimilar cognitive processes. Since we did not find any brain regions with a significant association between signal to performance changes in the CD task, and the ROIs for our regression analyses were created by extracting the data surrounding the statistical peak activations in the mixed effects analysis, we could not include the CD task in the multiple regression analyses.

FRONTAL-PARIETAL BRAIN PLASTICITY PREDICTS INDIVIDUAL DIFFERENCES IN IMPROVEMENTS IN AN UNTRAINED WORKING MEMORY TASK

In our plasticity analysis we investigated whether changes in the neural representation of Space Fortress predicted a significant percentage of the variance in performance changes in the SMS task. First, we included the mixed effects derived ROIs in the SPL, caudate, precuneus, and PCG, which have all been associated with working memory (Cohen et al., 1997; Levy et al., 1997; Postle and D'Esposito, 1999, 2003; Henson et al., 2000; Pessoa et al., 2002; Dahlin et al., 2008b; Koenigs et al., 2009; Bäckman et al., 2011). We found that using backwards multiple regression, changes in %SC predicted 32% of the variance in the performance changes to the SMS task [Working Memory Model-R2: 0.37; adjusted R2: 0.32; F(44) = 8.040, p < 0.01] (Table 2). Adjusted R2 is an estimate of how well the same model would perform in an independent sample taken from the same population. These results support the notion that plasticity in regions important for working memory would have an impact on working memory processes of similar tasks. Greater decreases in activity in the SPL and PCG (Standardized Beta = −0.347, and −0.264, respectively), and greater increases in activity in the precuneus (Standardized Beta = 0.392) were associated with greater improvements to the SMS task. These standardized beta values indicate the importance of each variable in the model. Therefore, the increases in activity in the precuneus, and decreases in the SPL and PCG contribute to our model's significant prediction in declining order of importance.

Table 2. This table summarizes the progression of the backwards multiple regression model from including the plasticity of several regions associated with working memory to including only the Precuneus, PCG SPL, and PCG.
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To test our hypothesis that the plasticity in working memory regions alone would account for the variance in performance changes to the SMS task we used all the ROIs from the mixed effects analyses in a larger multiple regression analysis. We added post-minus-pre activity change scores from ROIs in the SPL, caudate, PCG, precuneus, supramarginal gyrus, temporal fusiform cortex, and the insular cortex to the analysis. We found a non-significant 3% R2 improvement of the regression model from 37% (Figure 4) (working memory associated regions only) to 40% (all regions) (F = 1.300, p > 0.05). These results suggest that individual differences in activity-changes in working memory associated areas may be particularly important for predicting individual differences in performance changes in similar working memory tasks, and that plasticity in regions that have not been shown to be involved in working memory may not contribute to performance changes in such tasks. This result is important because it gives an insight into how individual differences in plasticity that occur during training can determine how the trainees change their performance on untrained tasks.
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FIGURE 4. A multiple regression equation using changes in brain activity in the SPL, PCG, and precuneus was able to predict 37% of the variance in performance changes in the SMS task. This scatterplot graphs this relationship. The X-axis corresponds to standardized predicted performance changes in the SMS task using the model based on change in brain activity, while the Y-axis corresponds to the actual changes in the SMS task. The squared correlation between the X and Y axes corresponds to an R2-value of 0.37.



DISCUSSION

IMPLICATIONS OF THE CURRENT STUDY

The findings of our plasticity analysis demonstrate that changes in BOLD signal in the SPL, PCG, and precuneus, from pre- to post-training using a videogame with a working memory component, predict changes in performance in an untrained working memory task. Previous research has simultaneously found significant changes in activation in working memory associated regions, such as the SPL and caudate, in response to working memory training along with improvements in an untrained working memory task (Dahlin et al., 2008b). Our findings extend this research by demonstrating that the changes in functional activation that occur during working memory training predict individual differences in changes in untrained working memory task performance. These findings suggest that as the functional processing of Space Fortress changes following training, so does the functional processing of the SMS task, which supports previous notions that the training-induced plasticity in brain regions associated with training and untrained tasks is associated with transfer to untrained tasks (Jonides, 2004; Dahlin et al., 2008b). These findings also confirm hypotheses of others suggesting that the frontal-parietal network serves as a basis for transfer between working memory tasks (Klingberg, 2010).

In our pre and post analyses we also found a distributed set of brain regions in which the Space Fortress > Fixation BOLD signal at either pre or post fMRI scan correlated with performance changes in a working memory task. This analysis included regions that have been associated with working memory in previous research, such as the caudate (Levy et al., 1997; Postle and D'Esposito, 1999, 2003; Bäckman et al., 2011) and SPL (Cohen et al., 1997; Henson et al., 2000; Pessoa et al., 2002; Dahlin et al., 2008b; Koenigs et al., 2009). Given that previous literature has demonstrated that these regions play an important role in working memory, our findings suggest that these regions may also play a role in the relationship between training in a complex videogame, such as Space Fortress, and individual differences in performance changes in a working memory task.

Counter to our hypotheses, activation in brain regions aside from those associated with working memory and updating, such as the temporal-occipital fusiform cortex, were also associated with performance changes in an untrained working memory task. One interpretation of these findings is that the relationship between brain activity during Space Fortress and the untrained working memory task performance change is non-specific to regions associated with working memory. However, in follow-up analyses the multiple regression model that included these additional regions showed no improvement in model performance compared to the working memory model. This aids our interpretation of the results by indicating that the relationship between activity during Space Fortress and changes in performance in a working memory task are specifically explained by changes in activity in regions associated with working memory.

Space Fortress is a complex task, and it makes demands on working memory, motor control, and attention. While single components of the task are related to other cognitive processes, the training as a whole is different and more difficult than many individual cognitive tasks. In light of the multimodal nature of the training, one may expect that the learning that occurs during training would only be represented by performance changes in tasks similar to the whole training task. However, given that we found relationships between Space Fortress brain activity and changes in performance to the cognitively similar SMS task but not the cognitively dissimilar CD task, our results suggest that training-component similarity may be sufficient for the training to affect untrained tasks. Furthermore, this similarity may be important for assessing how individual differences in brain plasticity predict changes in performance in untrained tasks, which agrees with previous notions that cognitive overlap between training and untrained tasks is critical in predicting transfer of training (Jonides, 2004; Dahlin et al., 2008b). We interpret these results as suggesting that training on a complex task induces a change in the representation of the training task across a variety of functional brain networks, and that these changes may affect a group of untrained tasks that are limited to those tasks which are functionally represented in a similar manner as a component of the complex training task that induces significant brain plasticity. This interpretation is supported by previous literature suggesting that training should preferentially affect those tasks that share elements of neural (Dahlin et al., 2008a,b) or behavioral similarity (Woodworth and Thorndike, 1901).

LIMITATIONS

While our findings offer several suggestions that are in line with previous cognitive training literature, they should be interpreted with some limitations in mind. First, it is well known that a properly controlled cognitive training experiment should include a group which trains with a control training task that is selected or created to minimize the difference in expectancy effects between the training and the control group (Boot et al., 2011). In other words, all participants should be blind to whether they belong to an experimental or control group, which is thought to minimize the effect of their own expectations on their training outcome. This is quite difficult to achieve in most laboratory settings. Nevertheless, to investigate questions of the efficacy of specific training components, some researchers have used modified high and low interference versions of a working memory task as experimental and active control conditions, respectively (Oelhafen et al., 2013). Our study does not include such an active control group with the removal of a single training component. Therefore, we cannot make strong conclusions on the specific effect of the working memory component of Space Fortress training on our untrained working memory task. Furthermore, we cannot make claims that Space Fortress uniquely had such an effect, as compared to a similarly complex multimodal training task. Thus, our hypotheses concern directly how variation in an individual's representation of the training, recorded by fMRI here but which could also be assessed with sophisticated behavioral metrics such as eye-tracking, predict the trainability of those individuals. We believe our findings provide a good beginning toward the understanding of the inter-relationships between transfer and individual differences in the representation of the training task, which may help future studies assess how to guide this dynamic relationship with the training task to increase the transfer of training. While our findings agree with what previous findings and theory would suggest, future efforts should aim to include such targeted control groups to account for this effect.

IMPLICATIONS OF CURRENT FINDINGS ON QUESTIONS FOR FUTURE RESEARCH

The current study offers a variety of practical suggestions for future cognitive training studies. First, while a complex training task may have an effect on simpler untrained tasks that share little relationship with the training task in its entirety, the training task is more likely to have an effect on simpler untrained tasks that share cognitive processes with one or more components of the training task. Second, individual differences in the neural representation as well as changes in the neural representation of a training task can be predictive of how the training will affect untrained tasks. These findings suggest that such individual differences may play a critical role in the outcome of a cognitive training regimen. We suggest that future neuroimaging and cognitive training studies also perform assessments of participant motivation toward training, engagement in the task, and personality metrics, all of which may contribute to pre-training trait-like individual differences in how an individual will benefit from a cognitive training regimen. This information will help answer questions of how individual differences in cognitive training-based plasticity are related to individual differences in motivation, personality, and cognitive ability. Understanding these questions will not only allow for improvements in the development of cognitive training programs, but it will also help future researchers explore the topic of transfer with more clarity. Furthermore, in light of the importance of these individual differences, our findings support the suggestions of others that “one-size-fits-all” training regimens may be inappropriate, and training paradigms that cater to individual differences in trainability or other personal attributes may improve the effect of the cognitive training regimen (Jaeggi et al., 2011; Buschkuehl et al., 2012).

While the current study offers insight on how brain plasticity contributes to performance changes in untrained tasks, many questions remain. For example, one important future issue will be elucidating the difference in short-term vs. long-term brain plasticity that occurs within vs. between training sessions. By making these differences more clear, future cognitive training studies could investigate whether short-term and long-term learning uniquely contribute to performance changes in training tasks, or whether individual differences in these short-term and long-term learning lead to individual differences in generalizability of the training.

Finally, we suggest that future research focus on maximizing training-induced brain plasticity by combining cognitive training with other interventions that are thought to encourage states of plasticity, such as exercise, which increases many plasticity associated biomarkers, such as brain-derived neurotrophic factor (Cotman et al., 2007; Hillman et al., 2008; Van Praag, 2009), a protein that is thought to be important for the growth and differentiation of new neurons and synapses (Cotman et al., 2007). Trans-cranial current stimulation is another intervention technique that is thought to encourage neuroplasticity by raising levels of several biochemical markers of plasticity, including myoinositol (Hunter et al., 2013), which is associated with the long-term potentiation second messenger system, which is important for the growth of synapses (Rango et al., 2008). Given the relationship we found between plasticity in Space Fortress training and performance changes in an untrained task, we suggest combining these other intervention techniques with cognitive training may increase training-induced plasticity thereby increasing the transfer of training.
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in which the ROIs are located, as according to the Harvar-Oxford Cortical and Subcortical Structural Atlases. Each ROI name is accompanied by an L to donote
that it belongs to the left hemisphere, or an R to denote that it belongs to the rght hemisphere. In the second column, MNI coordinates of the same RO are
provided. The third column provides the signiicance level of the relationship between transfer and the BOLD signal for the Space Fortress > Fixation contast at
that given RO All ROIS in tis column passeda Z= 1.96 significance threshold and a p = 0.01 cluster threshol. The fourth column offers a reverse of the Fisher's
Z transtormation to offer an averaged Pearson’s 1 forall voxels contained in each 10mm peak ROI. These rualues were calculated based on the following formua:
F2, where Zis the significance value, and N corresponds to sample size.
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Model Summary

Model R A2 Adjusted R?  Std. error of the estimate
1 0614° 0377 0.259 0084
2 0614> 0377 0279 0082
3 0614° 0377 0.297 0081
a 0613¢ 0376 0314 0080
5 0609° 0370 0324 0.080

In backwards multiple regression, the first model begins with all available infor
mation, and in each round removes the least important variable untilt converges
on an optimal solution. This itorative modol attempts to maximize the adjusted
R?-value, which is an estimate of the explanatory power of this modelin an inde-
pendent sample drawn from the same population.

*Predictors: (Constant, SPL (32, ~42, 62}, SPL (26, - 44, 50), Caudate (~ 18, 8,
24), Precuneus (22, 56, 18), PCG SPL (28, ~36, 52), PCG (18, ~36, 48), PCG
(62, ~ 14, 28).

oPredictors: (Constant, SPL (32, —42, 62), SPL (26, -4, 50}, Precuneus (22,
56, 18), PCG SPL (26, ~36, 52), PCG (18, ~36, 48), PCG (62, ~ 14, 28).
<Predictors: (Constant), SPL (32, ~42, 62), SPL (26, 44, 50}, Precuneus (22,
56, 16), PCG SPL (28, ~36, 52), PCG (62, ~ 14, 28).

?Predictors: (Constant), SPL (32, ~42, 62), Precuneus (22, ~56, 18], PCG SPL
(26, -36, 52), PCG (62, - 14, 26).

ePredictors: (Constant), Precuneus (22, ~6, 18), PCG SPL (28, —36, 52), PCG
(62, —14, 28).
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TRAINING TASKS

Age - Trained Pre
Sex — Trained Pre
Education — Trained Pre
Age > ATrained

Sex — ATrained
Education — ATrained

Speed

0.28"

0.14*
-0.20*

0.03
-0.01
-0.05

Syllable span

-0.41%
0.09
0.17*

-0.12*

-0.04
0.11%

Parameters were constrained to be identical across training groups. *p < 0.05.
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RBANS list memory

Exp
FIXED PARAMETERS: TRAINED.

1 Syllable Pre 36" (68)

1 ASyllable 089* 23)
Syllable Pre — ASyllable ~0.20% (~028)
Outcome Pre — ASyllable 0.01* (0.13)
FIXED PARAVETERS: OUTCOMES

Syllable Pre < Outcome Pre  1.47* (0.36)
1~ Outcome Pre 50.2* (65)

1 AOutcome 149" 25)
Outcome Pre — AOutcome  ~0.35* (~0.45)
Syllable Pre — AOutcome 1.04% (0.09)
ASyllable — AOutcome 0.73(0.05)

RANDOM PARAMETERS: VARIANCES OF LATENT CHANGE

Outcome
Syllable

28.9* (82)
0.14% (0.93)

*p < 0.05. Equals signs indicates that the parameter was constrained to be equal for the experimental and control groups.

cntl

0.49* (13)

14.3% 2.4)

RAVLT list memory

Exp Cntl
36" 6.8 =
083*22) 084* 2.2)

~0.16* (-023)  —022* (-0.31)
0.01* (0.17) 0.00(0.03)

268*(0.39) =
475* 3.7 =

~6.8" (~0.70) 9.4* (0.95)

~032*(-042) 037" (~0.49)
59%(0.33) 202(0.11)
43%(017) 094 (0.04)
727% (0.79) =
0.14% (0.91)

RBANS story memory

Exp

36* (6.8)
0.86* (2.3)
0.22* (-0.30)
0.02* (0.20)

0.86* (0.32)
263 (5.2)
76* (16)
0.54* (~0.56)
19%(0.21)
1.2* (0.10)

170% (0.73)
0.13* (0.91)

]

0.46* (1.2)

814017

RBMT story memory

Exp cntl
36" 6.8 =
0.92* (2.4) 084 22)
—0.12* (<0.17)  ~0.22* (~030)
0.00(0.02) 0.00(0.05)
0.75* (0.23) =
14.4% 23)
3.0(0.45) 0.08(0.01)
065% (<059 —0.49* (~0.48)
17 (0.14) 22*(0.19)
2.7*(0.15) —0.40 (~0.03)
207*(0.77) =
0.14% (0.91)

WMS working memory

Exp

36* 6.8
095* (2.5
~0.31* (-0.44)
0.04* (0.43)

1.44* (0.64)
16.9% (4.0)
-33*(-12)
—~0.50% (~0.71)
3.2* (059)
2.6* (0.34)

592+ (0.87)
0.12* (0.80)

cntl

0.96* (2.4)
~0.42* (-0.58)
0.04% (0.42)

—~0.96 (-0.37)
—0.28* (~0.45)
17+ (0.34)
—0.07 (-0.01)
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Animal task Grid task

RT (ms) decrease t P df RT (ms) decrease t P df
20 Days group —246 -230 0.033 19 —691 -8.69 <0.001 19
10 Days group —481 -357 0.002 18 —722 —-5.12 <0.001 18
5 Days group 124 ~0.675 0.507 19 -743 19 <0.001 19
2 Days group -165 —154 0.147 14 -502 -4.62 <0.001 13

*Note: training data for one subject in the 10 Days group (both Animal and Grid) and one subject in the 2 Days group (Grid) were lost due to computer error; the
starting stimulus presentation time for the 10 days group was longer than the other groups (~ 150 ms longer in the Animal task and ~ 100 ms longer in the Grid task)
thus resulting in a relatively larger training gain in the Animal task, but not in the Grid task. See Figures 1, 2 for details.
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Animal task
20 Days Group —74(32)
10 Days Group ~156(47)
5 Days Group ~43(75)

2 Days Group —41143)

Grid task

—261(47)
~247(50)
—265(32)
—187(54)
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RBANS list
memory

Exp cntl
FIXED PARAMETERS: TRAINED
Age — Outcome Pre ~036* .
Sex — Outcome Pre 0.27* =
Education — Outcome Pre 0.14% =
Age — A Outcome ~0.15% =
Sex — A Outcome 0.16* =
Education — A Outcome 0.06
A Speed - A Outcome —0.30* —0.05
A Syllable — A Outcome 0.04

*b < 0.05. Equals signs indicates that the parameter was constrained to be equal for the experimental and control groups.

RAVLT list
memory
Exp Cntl
-0.37¢ =
0.25* =
0.1+ -
~0.26* -
007 =
0.08 =
~0.14 -008
0.14* 002

Outcomes

RBANS story
memory

Exp cntl

-0.28*
0.06
0.13*

-022*
0.03
0.02 =

-0.21 —0.08
0.08 =

RBMT story
memory
Exp cntl
~0.18*
-0.06
0.20%
-0.18*
-0.06
004 =
-0 005
012*  -004

WMS working
memory

Exp

-0.21*
—0.49
0.22*
~-0.07*
0.19
0.10*
—0.00
0.33*

cntl
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t df p Cohen's d
20 Days group 293 19 0.009 134
10 Days group 127 19 0220 058
5 Days group 095 19 0385 044
2 Days group 0.19 14 0854 0.10
0 Days group(Control) 0.19 19 0855 009
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Speed

Syllable span

RBANS list memory
RAVLT list memory
RBANS story memory
RBMT story memory
WMS working memory

Pre-test

Experimental

115.8 (83.8)
3.6(051)
50.1(7.8)
47.0 (12.6)
26.1(5.1)
14.36.0)
17.0 4.0

Control ~ Experimental

116.9(84.2) 47.7 (38.6)
36(056) 4.1(057)
503(7.7) 519076
48.1(13.4) 48.9 (136)
265(.0 273(4.9)
14564 15662
16845 183(4.2)

Post-test

Control

105.4 (75.8)
3.7 (059
51.3(7.3)
47.8(12.2)
27.6(5.1)
158 (6.4)
17.3 4.6)





OPS/images/fnhum-09-00658/fnhum-09-00658-t001.jpg
Recognition control Recollection training p-value

Pre Post Pre Post
M (SD) M (sD) M (SD) M (SD) Group Time Group x Time
GVLTI List 1-6 proportion accuracy® 0.7 0.10) 0.76 0.13) 070(0.15) 0.72(0.12) 011 0.86 049
CVLT-I SD free proportion accuracy® 0.80 (0.16) 0.81(0.18) 071(022) 075 (0.21) 015 023 043
CVLTI LD free proportion accuracy? 076 (0.24) 081(0.26) 076 (021) 078 (0.23) 086 050 0.50
CVLT-I total across lst intrusions 0.01(0.02) 0.05 (0.09) 0.05(0.12) 0.06 (0.15) 024 015 038
BVMT-R T1-3 proportion accuracy 069 0.21) 0.71(021) 071(0.11) 072(013) 070 046 097
BVMT-R DR proportion accuracy 0.83(0.15) 084(0.14) 083(0.13) 0.83(0.13) 094 073 095
Digit Span Forward® 10.60 2.01) 10.20 (1.40) 10.23(1.72) 10.70 (1.74) 089 087 004"
Digit Span Backward® 7.45 (2.42) 890 (2:36) 7.23(2:39) 7.97 (2.63) 035 0,003 031
Source memory spatial %° 6250(1531)  59.19(1420)  §8.15(1325)  67.39(12.10) 054 034 0.047*
Source memory temporal %4 6691(15.11)  6433(1143)  63.10(1367)  65.77(17.52) 009 099 036
Source memory voice %° 7279(16.82)  77.57(17.12)  7560(1382) 7351 (17.66) 089 061 020
Source memory item %2 94.26 (4.40) 93.24(7.22) 92.07(9.22) 9087 (10.99) 037 035 094
MMQ contentment (/72) 3933(12.08)  4238(10.77)  40.73(12.00) 41.73(9.87) 090 010 040
MMQ abity (/80) 46.1(9.20) 47.60(9.28) 48.00(10.78)  49.41(10.72) 049 024 097
MMQ strategy (/76) 41.10(8.74) 380(7.21) 35.93(10.92) 35.20 8:31) 009 014 036

CVLT-I List 1-5, Average proportion accuracy on Trials 1-5; CVLT-Il SD, GVLT-1l Short Delay; GVLT-II LD, CVLT-I Long Delay; BVMT-R T1-3, Average proportion accuracy on Trals 1-3;
BYMT-R DR, BYMT-R Delayed Recall. MMQ, Multifactorial Memory Questionnaire.
29)

<Sample size (n = 17,
9Sample size (n = 17, n = 21).
0 < 0.05; *p < 0.01.
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B SEB [ P

Pre-test 0.279 0.078 0.349 <0.001
Pre-test 0.289 0.077 0.361 <0.001

Training schedule 0.076 0.038 0.189 =0.052
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RBANS list RAVLT list RBANS story RBMT story WMS working h?

memory memory memory memory memory
List learning 081 060
List recall 090 093
List recognition 080 039
Immediate recall 092 100
Delayed recall 085 065
Story recall 084 095
Story memory 082 055
Immediate 087 100
Delayed 094 077
Letternumber sequencing 087 082
Digits backwards 061 038

RBANS, Repoatable Battery for the Assessment of Neuropsychological Status; RAVLT Rey Auditory Verbal Learning Test; RBMT, Rivermead Behavioral Memory
Test: WMS, Wechsler Memory Scale.
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Rank
Age

YOE

MoCA

Digit Span Forward
Digit Span Backward
CVLFILD

<005 p <001

Rank Age
100 0311
1.00

YOE

-0201
0.251
1.00

MoCA

-0.472"
-0.155
0266
1.00

Digit Span Forward

-0.049
-0.086
0.189
0.263
1.00

Digit Span Backward

-0.367"
-0.281
0.038
0.227
0435
1.00

CVLT-I LD Free

-0.392*
-0.225
0.259
0.353*
0.058
-0.059
1.00

Hierarchical Regression Analysis summary for Age, Years of Education (YOE), MoCA, CVLT-I Long Delay Free Recall (CVLT LD Free), Digits Forward, and Digits Backward

at basaine predicting rank.

Model

Variable

Age
YOE

Age

YOE

MOCA

Digit span forward
Digit span backward
CVLT LD Free

Model 1. F% = 0.18, R Adj = 0.12 (N = 29, p = 0.069).

Model 2. R? = 0.44, R Adj

29(N=29,p

.026).

0612
-0.847

0.236
-0.346
-1.024

1231
-1.403

-10.800

SEB

0.286
0513

0.287
0.509
0.600
0917
0.703
7.627

Beta

0.386
-0.297

0.149
-0.122
-0.305

0.240
-0371
-0.256

p-value

0.041
0.110

0.421
0503
0.101
0.192
0.058
0.170
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Score change in SPM Averaged training gain

20 Days group (n = 20)

—0.465*
10 Days group (n = 19**) +0.046
6 Days group (n = 20) -0.015
2 Days group (n = 14**) -0.135

*p < 005;

**training gain data were lost from one subject in the 10 Days group and one
subject from in 2 Days group so the n's here do not match the df's in Table 3.
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RBANS list memory
Exp cntl
FIXED PARAMETERS: TRAINED.
1 — Speed Pre 116.4% (1.39) =
1 - ASpeed 62.0%(0.82) 14.7 (0.26)
Speed Pre - ASpeed —0.82%(~0.90) —-0.29* (~0.42)
Outcome Pre— ASpeed ~0.70% (~0.07)  0.21(0.03)

FIXED PARAMETERS: OUTCOMES
Speed Pre & Outcome Pre  —137* (~0.21)

1 - Outcome Pre 50.2* (6.48) =

1 — AOutcome 210* (3.42) 16.7* (2.72)
Outcome Pre - AOutcome  —0.36* (~0.45) —0.31* (-0.41)
Speed Pre -~ AOutcome ~ —0.03" (~0.37)  0.00(0.04)
ASpeed — AOutcome —0.03* (~0.32)  -0.01 (~0.06)
RANDOM PARAMETERS: VARIANCES OF LATENT CHANGES
Speed 1179* 0.21)  2669* (0.81)
Outcome 30.1%(0.80)  26.9* (0.82)

*p < 0.05. Equals signs indicates that the parameter was constrained to be equal for the experimental and control groups.

RAVLT list memory

Exp

116.4* (139)
44.4% (0.59)
~0.81* (~0.90)
-0.38* (~0.07)

—227* (-0.21)
475* (3.66)
172% (1.74)

~0.26* (~0.34)

~0.04* (~0.36)

—0.02 (~0.19)

1183* (0.21)
84.9* (0.88)

Catl

135 (0.24)
—0.28* (~0.42)
0.23(0.05)

16.6* (1.60)
—0.34* (~0.45)
~0.01 (~0.04)
—0.02 (~0.09)

2662* (0.82)
74.9* (0.79)

Outcomes

RBANS story memory

Exp

116.4* (1.39)
52.6 (0.70)
—0.82* (~0.90)
~0.99* (~0.07)

—90* (<0.21)
26.3* (5.23)
16.7* (3.30)
—0.57* (~0.56)
~0.02* (-0.28)
—0.02 (~0.24)

1182* (0.21)
178* (0.70)

cntl

237 (042)
~0.29* (~0.42)
0.07 (0.01)

12.6* (2.75)
~0.40* (~0.44)
~0.01* (-0.18)
—~0.00 (~0.05)

2670 (082)
16.7* (0.81)

RBMT story memory
Exp Cntl

16.4* (1.39)

339%(045)  24.3*(0.43)
—081% (-0.90)  —0.29* (-0.42)
—0.58 (~0.05) 0.08 (0.01)
—82* (~0.16)

14.4% (2.33) =

1n7* (170 9.6" (158)
—0.64* (-0.57)  —0.49* (~0.49)
~002(-0.23)  ~001* (-0.18)
~001(-014) 0,01 (0.05)

1194%(021)  2670° (0.82)
327°(069)  225*(0.75)

WMS working memory

Exp

116.4* (139)
§33* (0.71)
~0.83* (~0.90)
~15* (~0.08)

—134* (~0.38)
178 (4.01)
5.6* (193)

—0.22* (~0.09)

~0.01 (~024)

—0.01(-0.16)

174* (0.21)
764* (0.91)

cntl

§7.7* (101)
—~033* (-0.42)
~16(-0.12)

35%(0.93)
—0.17* (0.28)
~0.00 (~0.10)

0.00 (0.00)

2628* (0.80)
6.20* (0.93)
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-2LL

df

MODELS WITH SPEED

RBANS List Memory

Model 1 —8243
Model2  —8175
Model3  —8125

Model 42 8107
RAVLT List Memory

Model 1 —8726
Model2  —8656
Model3  —8605

Model 42 8587

RBANS Story Memory

Model 1 —7925
Model2  —7856
Model3  —7808

Model 42 ~7790
RBMT Story Memory
Model 1 —8152
Model2  —8084
Model3  —8037
Model 42 ~8019

1
16
21
23

1%
16
21
23

1%
16
21
23

WMS Working Memory

Model 1 —7607
Model2  —7534
Model3 7492
Model 4°  ~7474

1
16
21
23

A2LL/A df

68/2
50/5
192

70/2
51/5
18/2

692
48/5
18/2

68/2
47/5
18/2

7312
42/5
18/2

IMODELS WITH SYLLABLE SPAN

RBANS List Memory

Model 1 -3630 14
Model 22 —3573 16
Model3  —3569 21
Model4 ~ —3567 23
RAVLT List Memory
Model 1 —4100 14
Model2 ~ —4043 16
Model 3 —4036 21
Model4 ~ —4035 23
RBANS Story Memory
Model 1 -331 14
Model 22 3252 16
Model3  —3247 21
Model4 ~ —3244 23
RBMT Story Memory
Model 1 —3555 14
Model2 ~ —3500 16
Model 3 -3495 21
Model4  —3493 23
WMS Working Memory
Model 1 -2884 14
Model 2~ -2824 16
Model 3°  —2814 21
Model4 ~ -2813 23

5772
a5
212

57/2
3
12

59/2
5/5
32

45/2
5/5
212

60/2
10/5
172

Alc

16515
16382
16292
16260

17481
17344
17252
17220

16878
15744
15659
16627

16333
16200
16115
16083

15243
15101
15026
14993

7288
7179
7180
7180

8229
8118
8115
8116

6650
6536
6536
6536

7140
7033
7031
7032

5798
5680
5670
5672

RMSEA (30% CI)

0.28 (0.24-0.31)
0.21(0.17-0.24)
0.13 (0.09-0.18)
0.00 (00-0.00)

0.28(0.25-0.31)
0.21(0.18-0.24)
0.14 (0.10-0.18)
0.00 (0.00-0.06)

0.28 (0.25-0.30)
0.20 (0.17-0.24)
0.14 (0.09-0.18)
0.00 (0.00-0.08)

0.28 (0.25-0.30)
0.21(0.17-0.24)
0.14(0.10-0.18)
0.00 (0.00-0.07)

0.28 (0.25-0.30)
0.20 (0.17-0.23)
0.15 (0.11-0.19)
0.03 (0.00-0.10)

0.18(0.15-0.21)
0.03 (0.00-0.07)
0.00 (0.00-0.07)
0.00 (0.00-0.05)

0.19 (0.16-0.22)
0.05 (0.00-0.09)
0.01 (0.00-0.08)
0.00 (0.00-0.05)

0.19 (0.16-22)

0.05 (0.00-0.09)
0.01 (0.00-0.08)
0.00 (0.00-0.07)

0.18(0.16-0.21)
0.05 (0.00-0.09)
0.01 (0.00-0.08)
0.00 (0.00-0.07)

0.20 (0.17-0.23)
0.07 (0.04-0.08)
0.00 (0.00-0.07)
0.00 (0.00-0.08)

Model 1, Fully invariant; Model 2, Model 1 + different latent intercepts; Model
3, Model 2 + different regressions; Model 4, Model 3 + different posttest

variances.

3Model selected as the best-itting model. CFI

for all best-fitting models.
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Number of Factors

RMSEA (90% CI)

EXPLORATORY FACTOR ANALYSES

2
3
4
5

0.167 (0.163-0.178)
0.152(0.136-0.165)
0.125 (0.107-0.143)
0.052 (0.025-0.078)

CONFIRMATORY FACTOR ANALYSES

4
5

0.101 (0.089-0.114)
0.074 (0.061-0.088)

SRMR  TLI

0.15 0.753
010 0795
0.07  0.860
004 0976
0.036 0.909
0.028 0951

BIC

306.64
163.53
4750
~-38.74

CFl
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Experimental

N 242
Mean age 75.6 (6.6)
No of women 140
Mean education 15.7 (2.6)

Standard deviations are in parentheses.

Control

245
75.0(6.3)
15
15.6 (2.5)
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Condition N Age (years) Grade

All optional features included 25 11.28,SD2.82 6.00,SD 2.38
No theme change 13 10.92,SD 1.71 5.77 SD 1.54
No points shown 19 12.21,SD2.20 6.84,SD 1.64
No prizes 15 8.40,SD2.03 3.33,SD 163
No explanation of lives/levels 11 9.82,SD 1.72 5.00, SD 1.61
No explanation of lives/levels or 12 10.83,SD.835 5.42,SD 0.52
certificates

No optional features included 12 10.00, SD 1.86  4.83, SD 1.64
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Condition N Estimated mean slope Standard error P partial n2
All motivational features 25 0.10 0.07 - -

No certificates given and no lives or levels displayed 12 —0.08 0.10 ns. 0.07

No theme changes 13 0.12 0.10 ns. 0.00

No prizes awarded 15 0.15 0.10 n.s. 0.00

No points displayed 19 0.35 0.08 * 0.15

No lives or levels displayed n 0.29 0.10 * 0.12

No motivational features 12 0.28 0.10 ns. 0.06

Slope here represents the linear model of training improvement calculated using the average n-back performance during each daily session. Slope is controlled for age
and baseline n-back level and means are estimated at age = 10.65 and baseline n-back = 2.49. Significance and effect size are drawn from each followi-up ANCOVA
that compares a single condition to the original, all motivational features group. Only the "No points displeyed” and “No lives or levels displayed"” differed significantly
from the “all motivational features” comparison group. *p < 0.05.
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Group Sub group

Gamers Early blind

Late blind

Subgroup totals/means
Directed navigators  Early blind

Late blind

Subgroup totals/means
Controls Early blind

Late blind

Subgroup totals/means
Totals/means

*No more than 1 year of O&M experience.

Gender

amiaf
sm2f
9miet
amit
ami3i
gmiet
2mp2t
omi3t
2mi5t
20m/18f

Age (years + SD)

24.00+6.76
2986734
2673+7.42
28294905
317141045
30.00+9.56
21.00+2.94
3333971
26294890
27.924851

Verbal memory (score + SD)

81.13£15.29
72.43+18.16
77071669
87.86:46.82
83.43+11.49
85.64£9.36
88.75:£7.37
89.33:+6.03
89.0046.27
82721325

O&M (years + SD)

14254778
1.040.00°
8074878
10.43+9.91
1.0£0.00*
5714832
1425171
14.0045.29
14.14:£329
833824
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(A)

Rank Age YOE MoCA Digit Span Digit Span CVLT-Il LD
Forward Backward free

Rank 1.00 0.311% —-0.201 —0.472** —0.049 —-0.367* —0.398*
Age 1.00 0.251 —0.155 —0.066 —0.281 —0.247
YOE 1.00 0.266 0.189 0.038 0.240
MoCA 1.00 0.263 0.227 0.336*
Digit Span Forward 1.00 0.435** 0.067
Digit Span Backward 1.00 —0.074
CVLTILD 1.00
*p < 0.05; **p < 0.01
(B)
Model Variable B SEB Beta p-value
1 Age 0.612 0.286 0.386 0.041

YOE —0.847 0513 —0.297 0.110
2 Age 0.2n 0.288 0.133 0.471

YOE —0.336 0.503 —0.118 0.51

MOCA -1.019 0.591 —0.303 0.098

Digit Span Forward 1271 0.909 0.248 0.176

Digit Span Backward —1.455 0.702 —0.385 0.049

CVLT LD Free -11.775 7549 —0.280 0.132

Model 1 R? = 0.18; R Adj = 0.12 (N = 29, p = 0.069).

Model 2 R? = 0.45; R Adj = 0.31 (N= 29, p

022).
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Recognition control

Recollection training

Day 1 Day 6 Day 1 Day 6

M (SD) M (SD) M (SD) M (SD)
Hit rate 0.86 (0.08) 0.87(0.07) 0.78(0.1)  0.77(0.12)
False alarm rate 0.09 (0.04) 0.06 (0.04) 0.11(0.07) 0.07 (0.06)
Discrimination (d’) 2.53 (0.49) 2.83(0.68) 2.26(0.53) 2.50 (0.74)
Bias (C) 0.15(0.21) 0.20(0.15) 0.27(0.27) 0.45(0.21)
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Recognition control Recollection training p-value

Pre M (SD) Post M (SD) Pre M (SD) Post M (SD) Group Time Group x time

CVLTI list 1-5 proportion accuracy® 0.77 (0.10) 0.76 (0.13) 0.70 (0.15) 0.69 (0.18) 0.059 0.76 0.84
CVLTI SD free proportion accuracy® 0.79(0.17) 0.82 (0.18) 0.71(0.22) 0.72 (0.25) 0.1 0.38 0.80
CVLTI LD free proportion accuracy?® 0.82(0.18) 0.84 (0.19) 0.78(0.21) 0.