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ABSTRACT 

 

This dissertation investigates the neural mechanisms associated with working memory 

across early childhood and working memory performance during in-person and video chat 

interactions. The neural mechanisms underlying the development of working memory during 

early childhood are largely unknown. This gap in knowledge is due to inappropriate 

neuroimaging methods and a lack of tasks that can measure working memory across a wide age 

range in a neuroimaging context. Furthermore, how children learn from in-person versus video 

chat contexts is under-investigated, and no research to date has examined neural activation 

associated with video chat learning.  

In chapter 2, we developed a new imitation task, the robots task. We tested 56 3- to 5-

year-olds on low and high memory load sequences. Performance decreased with increasing load. 

There was no effect of age on performance, showing that our parameterization of the task was 

successful. In chapter 3, we tested 32 3- to 8-year-olds on the robots task and the spatial 

sequencing task (SST), while functional near infrared spectroscopy (fNIRS) measured whole 

cortical activation. Children performed significantly better on the low than the high load, and the 

older children performed significantly better than the younger children. Overall, fNIRS results 

indicated task- and load-dependent frontal and parietal activation. In chapter 4, we tested 21 4- to 

8-year-olds on the robots task and SST, while fNIRS measured whole cortical activation, during 

in-person and video chat interactions. Performance was comparable during in-person and video 

chat conditions. Children performed significantly better on the low than the high load, and this 
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did not vary by condition. The older children performed better than the younger children. 

Overall, fNIRS results indicated greater engagement of prefrontal regions during the in-person 

than the video chat condition.     

This dissertation demonstrates age- and load-related changes in working memory 

performance, the involvement of frontal and parietal areas during working memory tasks, and the 

engagement of prefrontal regions during in-person compared to video chat conditions. As social 

connection and learning increasingly take place over video chat, understanding the behavioral 

and neural mechanisms that are characteristic of video chat processing is crucial for best 

educational practices. 
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CHAPTER I: INTRODUCTION 

 

The Digital Media Landscape 

The digital media environment, including content and the context in which it is used, 

continues to rapidly evolve. Despite increasing access to digital media, there is a scarcity of 

research assessing children’s naturalistic experiences with media and early learning from media 

(NICHD, 2018). With the introduction of the iPhone in 2007 and the iPad in 2010, the rapid 

adoption of touchscreen-enabled devices in the US has been reflected even in young children’s 

use of digital media: nearly all (98%) children aged 8 and under live in a home with some type of 

mobile device (Rideout, 2017). Ninety-five percent of US families have a smartphone, and 78% 

of families have a tablet (Rideout, 2017). However, it is not simply the access to digital media or 

the total amount of exposure to media, but also the type and quality of the content, the context in 

which it is used, and child-specific factors, that matter for early learning from digital media (Barr 

& Linebarger, 2017; Lauricella, Blackwell, & Wartella, 2017; Rusnak & Barr, 2020; Schroeder 

& Kirkorian, 2016). 

 Accurately assessing content and context has been problematic, with many methods of 

estimation leading to over- or under-reporting of media use (Vandewater & Lee, 2009). 

Comprehensive assessments are limited, and other demographic factors in the context of media 

use are poorly understood, including media use across socioeconomic status, race, and ethnicity 

(but see Connell et al., 2015). Yet, comprehensive assessments of children’s personal histories of 

media use will be integral to understanding how children process and learn from media (Barr et 

al., 2020). Some estimates of early media use have been reported. A nationally representative 

survey reported that preschoolers spend approximately two hours per day with screens (Rideout, 

2017). Preschoolers are increasingly using interactive applications (apps) and video chat to 
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engage in digital play and social connection. A majority of parents reported that they had 

downloaded apps for their children: among families of 0- to 8-year-olds, ~ ⅔ of parents had 

downloaded apps for their children (Rideout, 2017). In another study, 52% of parents of children 

four years and younger reported that they had downloaded apps on their mobile devices, half or 

more of which were downloaded specifically for their child’s use (Kabali et al., 2015). 

Furthermore, as many as one-third of children under the age of six years use video chat at least 

once per week (McClure, Chentsova-Dutton, Barr, Holochwost, & Parrott, 2015; Tarasuik & 

Kaufman, 2017), but other reports estimate much lower use (Rideout, 2017). Many parents 

report video chat experiences as an exception to their screen time or media rules, perhaps 

because it is often a tool used to maintain and strengthen relationships, such as those with remote 

grandparents (Ames, Go, Kaye, & Spasojevic, 2010; McClure et al., 2015; McClure & Barr, 

2017). Little is known about learning during such digital play and social interaction via video 

chat, and even less research has been conducted examining neural processing during digital play.  

 

Video Chat 

Children use video chat for social connection and education. Particularly with social 

distancing guidelines and stay at home orders during the coronavirus pandemic, children are 

engaging in frequent video chat interactions (Schwartz, 2020). Some research has examined the 

implications of social interactions via video chat, often focused on early childhood. For example, 

when toddlers could interact with a parent via video chat, they remained content to play in a 

room for a longer period of time than when they could access a parent through an audio-only 

telephone or when they were completely alone (Tarasuik, Galligan, & Kaufman, 2011; Tarasuik, 

Kaufman, & Galligan, 2013). Video chat allows for social contingency to be included in digital 
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media. Social contingency is the appropriate and timely back-and-forth manner of responses 

characteristic of in-person interactions (Beebe et al., 2010; Bornstein, Tamis-LeMonda, Hahn, & 

Haynes, 2008; Goldstein & Schwade, 2008; Tamis-LeMonda, Kuchirko, & Song, 2014; Troseth, 

Saylor, & Archer, 2006). Social contingency allows for temporally synchronous, reliable, and 

relevant content to be included in digital media. In addition to supporting social connection, 

social contingency over video chat supports learning. A responsive person on video may be seen 

as available for an interpersonal bond and prolonged interaction (Nielsen, Simcock, & Jenkins, 

2008), especially if this person provides information that is accurate and reliable, and could be 

seen as a trustworthy social partner (Koenig & Harris, 2005; Sabbagh & Baldwin, 2001; Scofield 

& Behrend, 2008). Compared to a prerecorded video with no contingency cues, video chat 

supports learning in imitation tasks (Myers, LeWitt, Gallo, & Maselli, 2017), object-search tasks 

(Troseth et al., 2006), and language-learning tasks (Roseberry, Hirsh-Pasek, & Golinkoff, 2014) 

during early childhood. Contingency from a two-dimensional (2D) source may focus young 

children’s attention on relevant information to encode from the screen (Kuhl, 2007) and facilitate 

symbolic understanding by connecting information on the screen to real-life information 

(Troseth, 2003). Together, these factors may reduce the cognitive load that is typically associated 

with transferring information from 2D to three-dimensional (3D) sources, known as the transfer 

deficit. While some research has examined learning from video chat in toddlers, little is known 

about how learning from video chat occurs for children entering preschool and elementary 

school.  

 

Transfer of Learning and the Transfer Deficit 

Young children experience a transfer deficit (Barr, 2010, 2013; Hipp et al., 2017), 

learning less from 2D sources (e.g., picture books, touchscreens, television) than they do from 
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in-person interactions (Anderson & Pempek, 2005; Barr, 2013; Roseberry, Hirsh-Pasek, & 

Golinkoff, 2014; Troseth et al., 2006). The transfer deficit persists until at least three years of age 

for more complex tasks (see Dickerson, Gerhardstein, Zack, & Barr, 2013; McCall, Parke, & 

Kavanaugh, 1977; Zelazo, Sommerville, & Nichols, 1999). Little research has examined the 

transfer deficit past 3 years of age, yet for older children as well, the extent of the transfer deficit 

seems to depend on task complexity and type of task. For example, 4- to 5-year-olds 

demonstrated the transfer deficit on a theory of mind task (Reiß, Krüger, & Krist, 2019), but 

children of the same age did not exhibit a transfer deficit on the Tower of Hanoi task (Tarasuik, 

Demaria, & Kaufman, 2017). In another study, 3- to 4.5-year-olds did not experience a transfer 

deficit on a puzzle task that may have been relatively easy for the age group (Learmonth, Lui, 

Janhofer, Barr, & Gerhardstein, 2019). Yet, it is possible that due to memory development over 

the first several years of life, older children may experience a transfer deficit under more 

complex conditions of learning.  

The memory system is less flexible during early childhood (Barr, 2010, 2013; Barr & 

Brito, 2014). Memory flexibility is the ability to retrieve cues in a context that is different than 

the one present during encoding (Barr, 2013). In the context of digital media, memory flexibility 

allows a child to generalize beyond the perceptually impoverished cues presented over 2D screen 

media to a 3D context. When memory is specific, as opposed to flexible, a factor that draws 

attention to the relevant information to encode, such as social contingency, may support transfer 

of learning. Memory specificity may also contribute to poor symbolic representation, as images 

on 2D media do not appear exactly as they do in real life. Immaturity in symbolic understanding 

limits children’s ability to understand that the objects and people on the screen represent objects 

and people in real life (DeLoache, 1995). Furthermore, repeated experience with non-contingent 
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video may teach children that the televised content does not stand for information in the real 

world, contributing to the transfer deficit. In contrast, socially contingent and interactive digital 

media may support transfer of learning, particularly if children have repeated, naturalistic prior 

experience with interactive media (Kirkorian & Choi, 2017; Kirkorian, Choi, & Pempek, 2016; 

Troseth, Casey, Lawver, Walker, & Cole, 2007).  

Making the connection between 2D symbols and their real-life referents may also be 

difficult if a young child cannot keep both representations in mind simultaneously (Troseth, 

2010). To transfer learning across multiple instances, children must update representations and 

ignore outdated information (Munakata, 2001). Working memory may help children reconcile 

contextual mismatch (Barr, 2013; Barr et al., 2016) and ignore outdated representations (Troseth, 

2010) to successfully update representations for subsequent trials. In fact, toddlers’ working 

memory predicted transfer success in prior studies (Choi, Kirkorian, & Pempek, 2018; Hartstein 

& Berthier, 2016). Choi and colleagues (2018) found that when toddlers were tasked with 

transferring information from a tablet to 3D objects (i.e., mismatched contexts), those with 

higher working memory performed better than those with lower working memory scores. 

Surprisingly, however, toddlers with lower working memory scores improved across trials. 

Furthermore, when toddlers were tasked with transferring information between tablets (i.e., 

matched contexts), toddlers made more perseverative errors by choosing what was correct on a 

previous trial, than when the contexts mismatched (Choi et al., 2018). While this latter finding is 

in opposition to prior research which indicates that transfer performance decreases across trials 

(Schmitt & Anderson, 2002), it does suggest complex interactions between different sources of 

cognitive load. Taken together, these findings suggest the need for more research which directly 

tests transfer of learning across multiple trials, on tasks of varying load. 
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 Neuroimaging techniques may help us understand demands under these complex sources 

of cognitive load when behavioral scores alone are insufficient. A task that parametrically 

manipulates load in the same way across a wide age range is also necessary, to examine neural 

activation patterns across age (Kharitonova, Winter, & Sheridan, 2015).  

 

Neural Mechanisms Associated with Digital Learning 

The neural mechanisms associated with learning from in-person and video chat 

interactions is unknown, and in fact, little research exists on the neural mechanisms associated 

with processing even non-contingent video. There is evidence of differential sensorimotor 

activation and mu suppression during non-contingent video compared to in-person 

demonstrations in infants (Shimada & Hiraki, 2006), toddlers (Ruysschaert, Warreyn, Wiersema, 

Metin, & Roeyers, 2013), children (Moriguchi & Hiraki, 2014), and adults (Carver, Meltzoff, & 

Dawson, 2006; Järveläinen, Schürmann, Avikainen, & Hari, 2001; Perani et al., 2001). These 

differences in processing may indicate that children and adults were unable to map information 

that had been demonstrated over video to the real world as they had done from the in-person 

demonstration. However, whether social contingency via media, in the form of video chat, would 

help children make the connection between dimensions, and thus result in comparable 

sensorimotor activation patterns, is unknown. 

 Differential mu suppression and sensorimotor activation following video compared to in-

person demonstrations have been suggested to indicate a correspondence problem when 

transferring information from 2D to 3D sources. Dickerson and colleagues (2017) proposed that 

temporal, spatial, and social disruptions in digital media interfere with mapping perception and 

action across dimensions. Specifically, as the human mirror neuron system (MNS) supports 

correspondence between produced and perceived actions, digital media—because of the 



 

 

7 

temporal, spatial, and social disruptions—would disturb its functioning (Dickerson, 

Gerhardstein, & Moser, 2017). More generally, it may be that digital media disrupts associative 

learning by the limited sensorimotor experience and interactions with others that occur via digital 

media. Associative learning results from exposure to a relationship between two events, and it 

requires contiguity and contingency between these events. Due to a lack of contingency between 

events over non-interactive media, associative learning in digital media may be disrupted. 

Furthermore, associative learning accounts of the MNS argue that the MNS is a product, as well 

as a process, of sensorimotor experience, which is often obtained through social interactions 

(Heyes, 2010). As Dickerson and colleagues (2017) argued, if the similarity between contexts is 

reduced, as with transfer of learning across dimensions, or if an individual has less experience 

with 2D contexts, then there may be less activation of the human MNS—or, more generally, 

there may be less activation of areas that would support the specific associative learning based 

on the sensory and motor information (Heyes, 2005, 2010; Pearce, 1987). MNS activity is 

modulated by sensorimotor experience (Calvo-Merino, Glaser, Grèzes, Passingham, & Haggard, 

2005; Cross, Hamilton, & Grafton, 2006; D’Ausilio, Altenmüller, Olivetti Belardinelli, & Lotze, 

2006; Haslinger et al., 2005; Margulis, Mlsna, Uppunda, Parrish, & Wong, 2006), which can 

enhance (Press, Gillmeister, & Heyes, 2007), abolish (Heyes, Bird, Johnson, & Haggard, 2005), 

and even reverse (Catmur, Mars, Rushworth, & Heyes, 2011; Catmur, Walsh, & Heyes, 2007) 

MNS activation in human subjects. It is possible that because sensorimotor learning often occurs 

through social interactions (Heyes, 2010), interactive experiences with media—such as social 

interactions over video chat or learning from apps—may support associative learning. In this 

way, prior experiences with interactive media may support later transfer learning (Kirkorian & 

Choi, 2017), or even in the moment learning (Kirkorian et al., 2016), by focusing children’s 
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attention on the informational value of the content. Thus, while non-interactive video 

demonstrations may be associated with less activation in sensorimotor areas than in-person 

demonstrations, because video chat allows for socially contingent interactions that would reduce 

the temporal disruptions, activation may not differ between video chat and in-person interactions.  

Activation between video chat and in-person interactions may not differ within mirror 

activation, but video chat and interactive media might engage other neural networks to support 

the type of learning characteristic of these interactions. While not yet directly tested, a theoretical 

model has been proposed for other neural activation patterns that may be associated with 

processing interactive media. Anderson and Davidson (2019) proposed that the dorsal attention 

network (DAN), which includes dorsolateral prefrontal cortex (dlPFC), frontal eye fields, 

inferior precentral sulcus, superior occipital gyrus, middle temporal motion complex, and 

superior parietal lobule, may be activated while young children engage with interactive media. 

The DAN is activated during tasks which require focused attention and responses, such as during 

video game play in adults (Havranek, Langer, Cheetham, & Jäncke, 2012; Sampaio Barros, 

Arájuo Moreira, Trevelin, & Radel, 2018; Weber, Alicea, Huskey, & Mathiak, 2018). In tasks 

that require focused attention, when the DAN is activated, the default mode network (DMN) 

tends to be deactivated (Kwon, Watanabe, Fischer, & Bartels, 2017; Lin et al., 2016). The DMN 

is activated when adults view film (Anderson, Fite, Petrovich, & Hirsch, 2006), during auditory 

processing, and when reading written narrative (Regev, Honey, Simony, & Hasson, 2013). Thus, 

DMN activation has been interpreted as necessary for more general narrative comprehension and 

the integration of contextual information across time (Hasson, Yang, Vallines, Heeger, & Rubin, 

2008).  
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While the DMN may support learning during narrative, receptive media and learning 

across a larger temporal and spatial frame, the DAN might promote learning during specific 

instances that are not involved in an ongoing narrative, when the child has to focus on specific 

associations within a narrow temporal and spatial window. Anderson and Davidson (2019) 

proposed that stimulus-response-goal associative learning is characteristic of interactive media, 

and thus the DMN would be deactivated, and the DAN would be activated, at the expense of 

learning about the larger temporal and spatial context. For example, West, Konishi, and Bohbot 

(2017) found that focused, fast, and frequent responses characteristic of video games were 

associated with activation of the caudate nucleus of the striatum, and therefore, associative 

learning. Some behavioral evidence with young children supports the idea that receptive and 

interactive media foster different types of comprehension. In one study, 4- and 5-year-olds used 

non-standard units to measure the height and length of images on a paper in front of them 

following a non-interactive or interactive screen demonstration; the extent of transfer varied by 

the cues that matched between demonstration and test and the scaffolds provided during the test. 

Neural activation was not measured, but behavioral results indicated that interactive screen 

media supported learning of focused, specific associations, whereas non-interactive screen media 

supported less-specific, contextual learning (Aladé, Lauricella, Beaudoin-Ryan, & Wartella, 

2016). With this model, engagement with interactive media—whether an interactive app, game, 

or video chat interaction—may be associated with DAN activation. However, there may not be a 

difference in activation between in-person and video chat interactions, if both conditions require 

interaction and focused responses.  

While Anderson and Davidson’s (2019) model has not yet been tested, one study has 

examined neural activation patterns following interactive and non-interactive media use. Li and 
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colleagues (2018) found that interactive media reduced cognitive load associated with fantastical 

media content in 4- to 6-year-olds. In that study, children were tested on the Go-No-Go 

inhibitory control task before and after they either viewed a video of fantastical content, or 

played an interactive game on a touchscreen device involving the same fantastical content. 

Performance was poorer after viewing the video, but not after playing the interactive game. 

Functional near infrared spectroscopy (fNIRS) was used to examine neural activation over the 

bilateral prefrontal cortex only during the inhibitory control task. There was higher activation in 

the left dlPFC during the inhibitory control task after watching the video than before watching 

the video. The authors suggested that viewing and processing fantastical content demands greater 

cognitive resources, but that interacting with content reduces cognitive load associated with the 

game.  

However, cognitive load reflected in neural activation while processing interactive media 

versus in-person interactions has not been examined. Transferring across dimensions requires 

children to hold multiple cues in mind, reconcile contextual differences, and update 

representations across time. While social contingency within interactive media, such as during 

video chat, may draw children’s attention to the important information to encode, learning during 

video chat interactions may still be associated with greater activation in frontal and parietal 

regions than during in-person interactions. In other words, learning from video chat interactions, 

even though they include social contingency, may act as a source of memory load. Increasing 

memory load is associated with activation in frontal and parietal networks in children 3 to 7 

years of age (Buss, Fox, Boas, & Spencer, 2014; Perlman, Huppert, & Luna, 2015). Furthermore, 

though the transfer deficit is thought to resolve by 3 years of age, the deficit may persist in older 

children with a more difficult task (i.e., greater memory load). Taken together, it is possible that 
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the combination of a transfer task and greater memory load may be associated with poorer 

transfer performance and greater frontal and parietal activation during a video chat relative to an 

in-person learning environment, even in older children.  

Based on this review, this dissertation seeks to address the gaps in neural mechanisms 

associated with working memory across preschool and elementary school ages, and the gaps in 

understanding in-person compared to video chat learning and underlying neural mechanisms. 

The following experiments have been conducted to: create a novel imitation task that can index 

working memory across preschool and elementary school ages and be used in a neuroimaging 

context; measure working memory across 3 to 8 years of age and underlying neural activation 

patterns; and assess learning from in-person and video chat interactions with behavioral and 

neural measures.  

In-person and video chat comparisons in a neuroimaging context have not been directly 

tested before, and there are several possible models for neural activation patterns that may 

emerge. First, the cognitive load hypothesis suggests that with a more difficult task during the 

video chat interaction, children will exhibit a transfer deficit. We would expect to see greater 

activation in frontal and parietal areas during video chat compared to in-person interactions. 

Next, MNS activity may differ between in-person and video chat interactions due to the 

correspondence problem, specifically due to disruptions in the temporal, spatial, and social 

contexts. We hypothesized that social contingency within a video chat interaction would limit 

these disruptions, so that no differences would be observed between conditions in MNS activity. 

Finally, interactive media may be associated with dorsal attention network activation. However, 

because both conditions required interaction, we did not hypothesize differences to emerge in 
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this neural network between conditions, but we did predict DAN activation during task 

performance compared to a resting baseline.     

 

The Dissertation Aims 

 

Aim 1: Developing a novel object sequencing imitation task to test the impact of memory 

load on preschoolers’ performance  

 The aim of the second chapter is to develop and test an object sequencing imitation task 

that can measure the impact of memory load on preschoolers’ performance. Chapter 2 examines 

3- to 5-year-olds’ performance on various memory loads of the task. The aim is to parametrically 

manipulate memory load so that children are tested on age-appropriate levels of difficulty of the 

task. We developed a task that provides a wide range of behavioral scores and can be adapted for 

a wide age range.  

Hypothesis: Based on prior literature, I predicted that children would perform better at 

low loads than at high loads. I also predicted that should our parameterization of the task 

succeed, there would be no age-related differences in performance across low and high memory 

loads in 3- to 5-year-olds. This task was developed so that it would be possible to collect 

neuroimaging data with children during an in-person task. 

 

Aim 2: Examining neural activation via fNIRS in two imitation tasks during in-person 

interactions with an experimenter  

 The aim of the third chapter is to examine behavioral performance on two imitation 

tasks—one with 3D objects, and one on a tablet—in 3- to 8-year-olds. The robots task from 

chapter 2 and the well-established spatial sequencing task (Subiaul, Anderson, Brandt, & Elkins, 

2012) were used to assess working memory performance across a wide age range, while fNIRS 
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measured whole cortical activation during demonstration of the sequences by the experimenter 

and test phases, specifically by low and high load sequences of the tasks. This study examines 

neural activation patterns while children interact with an experimenter during in-person 

interactions.  

Behavioral hypothesis: I predicted age- and load-related differences in performance, 

with older children performing better than younger children, and children performing better on 

low than high loads. 

FNIRS hypothesis: Based on the cognitive load theory described above, I predicted 

increased activation in frontal and parietal areas during demonstrations and test phases of the 

high load compared to the low load. Finally, following Anderson & Davidson’s (2019) model, I 

predicted activation of the DAN during task demonstration or performance compared to rest.      

 

Aim 3: Examining neural activation via fNIRS in two imitation tasks during in-person 

versus video chat interactions with an experimenter  

 The aim of the fourth chapter is to examine behavioral performance on the imitation tasks 

from chapters 2 and 3 while children learn from in-person and video chat interactions. In this 

within-subjects design, children were tested on imitation tasks during both in-person and video 

chat interactions, while fNIRS measured whole cortical activation. We sought to examine 

whether memory load associated with the tasks would interact with the condition to impact 

children’s performance and the neural activation patterns.  

Behavioral hypothesis: Based on chapter 3 findings and on prior literature, I predicted 

age- and load-related differences in performance, with older children performing better than 

younger children, and all children performing better on low than high loads. Consistent with the 

cognitive load hypothesis (i.e., that a high memory load task would interact with the video chat 
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condition to produce even greater conditions of cognitive load), I predicted a load by condition 

interaction, such that children would perform more poorly on the high load during the video chat 

condition than the in-person condition. 

FNIRS hypothesis: Again, based on cognitive load theory, I predicted that there would 

be increased activation in frontal and parietal areas during demonstrations and test phases of the 

video chat condition compared to the in-person condition. I did not predict differential MNS or 

sensorimotor activation, given that both the in-person and video chat conditions involved 

interactions with a socially contingent experimenter.  
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CHAPTER II: THE DEVELOPMENT OF THE ROBOTS IMITATION TASK TO MEASURE 

MEMORY FLEXIBILITY AND WORKING MEMORY IN PRESCHOOLERS1 

 

Introduction 

Early childhood is characterized by rapid increases in memory flexibility and working 

memory capacity. Memory flexibility allows children to retrieve memories despite changes in 

perceptual cues. Working memory is the short-term ability to retain and manipulate information. 

Imitation has been used to measure memory processing in infants and toddlers and provides a 

promising avenue for measuring working memory and memory flexibility in preschoolers. In an 

imitation paradigm, an experimenter demonstrates a series of actions on an object. Following a 

delay ranging from a few seconds to several weeks, children are given the opportunity to perform 

what they observed during the demonstration (Barr et al., 2016; Barr, Dowden, & Hayne, 1996). 

Recall performance is compared to that of a baseline control group, who is tested without having 

seen the demonstration of the target actions. A number of imitation tasks have been developed 

for preschoolers (see Dickerson, Gerhardstein, Zack, & Barr, 2013 for a magnet task with 2- to 

4-year-olds; Subiaul, Anderson, Brandt, & Elkins, 2011 for a computerized imitation task with 3- 

and 4-year-olds; Subiaul, Krajkowski, Price, & Etz, 2015 for a problem box task with 3- to 5-

year-olds; Williamson, Jaswal, & Meltzoff, 2010 and Wang, Williamson, & Meltzoff, 2015 for a 

sorting task with 3- and 4-year-olds, respectively). However, these imitation tasks have been 

limited by a small number of items (e.g., Dickerson et al., 2013), which reduces the stability of 

the measure. In other words, the limited range of scores does not provide enough variability to 

predict other outcomes. Having a task with multiple trials would allow trials to be aggregated to 

 
1 Portions of this chapter are currently under review: Rusnak, S.N., Rocha-Hidalgo, J., Blanchfield, O.A., 

Odier, M., Sawaf, T., & Barr, R. (submitted). The Development of the Robots Imitation Task to Measure 

Memory Flexibility and Working Memory in Preschoolers. 
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form composite scores with wider variability across participants. Furthermore, a task with 

multiple trials would increase the reliability of measurement and allow researchers to test 

memory concepts, such as memory load. Finally, a task which can test various memory loads 

would allow for multiple age groups to be tested.  

There are a number of methods by which imitation paradigms can be used to manipulate 

task complexity or memory load. The first is by changing the number of items or actions to be 

remembered (Barr et al., 2016; Hayne, 2006, for review). Memory load has been manipulated by 

changing the number of items to be remembered for infants (Bauer & Mandler, 1992; Kressley-

Mba, Lurg, & Knopf, 2005), toddlers (Barr et al., 2016; Dickerson et al., 2013), and preschoolers 

(Subiaul & Schilder, 2014). Across age, children remembered shorter sequences with higher 

fidelity than they remembered longer sequences. Differences in performance on shorter and 

longer sequences index working memory capacity, or the number of items or actions that can be 

retained and manipulated in short term memory. 

Memory load is also higher when children are tested on arbitrarily-ordered sequences 

(Barr et al., 2016; Bauer & Dow, 1994; Bauer & Fivush, 1992; Dickerson et al., 2013). In 

arbitrary sequences, the series of steps can be performed in any order to successfully reproduce 

the final goal (Barr et al., 2016), whereas steps in an enabling sequence must be performed in a 

specific temporal order to achieve the goal (Barr & Hayne, 1996). Arbitrary sequences may 

increase memory load by increasing the number of item relations that must be encoded (Barr et 

al., 2016). Children and adults perform better on enabling sequences than they do on arbitrary 

sequences (Barr & Hayne, 1996; Bauer & Shore, 1987). It is only by 22 months of age that 

infants can imitate the order of an arbitrary sequence. By 28 months, they can imitate arbitrary 

sequences in the correct order after a delay (Bauer, Hertsgaard, Dropik, & Daly, 1998). Memory 
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load can also be manipulated via the extent to which perceptual features match between encoding 

and test. It is more difficult for young children to imitate when the cues available at test do not 

perceptually match those available during the demonstration (Barr & Brito, 2014).  

Tasks that manipulate memory load may involve not only imitation of complex spatial 

sequences, but also systematic updating of spatial information across trials. Updating involves 

monitoring and adding or deleting information in working memory (Brito et al., 2019). Updating 

is a key characteristic of visual-spatial working memory (VSWM), the short-term ability to retain 

and manipulate non-verbal, visual, and spatial information (Baddeley & Hitch, 1974; Logie, 

1995; Scherf, Sweeney, & Luna, 2006). While many non-verbal VSWM tasks use reaching as 

infants’ and toddlers’ responses (e.g., A-not-B), imitation can also be used to measure VSWM in 

early childhood. For example, the Spatial Sequencing Task (SST; Subiaul, Anderson, Brandt, & 

Elkins, 2012; Subiaul & Schilder, 2014) is an imitation touchscreen task where the experimenter 

demonstrates a sequence by touching identical pictures in a particular spatial order (Subiaul & 

Schilder, 2014; Subiaul, Patterson, Renner, Schilder, & Barr, 2015; Subiaul, Zimmermann, 

Renner, Schilder, & Barr, 2015). Memory load is manipulated via the number of pictures that 

appear on the screen. Barr and colleagues (2016) also manipulated memory load by increasing 

the number of items. They tested 2-year-olds and manipulated the number puzzle pieces. In both 

tasks, working memory capacity constrains imitation success: preschoolers imitate significantly 

more at lower than higher loads (Barr et al., 2016; Subiaul & Schilder, 2014; Subiaul et al., 

2015). Higher memory load reduced toddlers’ ability to achieve the final goal (Barr et al., 2016). 

While prior imitation studies have focused on either age- or load-related changes in working 

memory capacity, we developed a novel task to test both age- and load-related changes in 

working memory.   
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  In the present study, a novel, non-verbal VSWM imitation task—the robots task—was 

developed to measure changes in preschoolers’ working memory performance. The robots task 

requires that children update their visual memory from movements they have seen and 

performed before to different spatial target actions for each new sequence, and thus relies on 

VSWM. To test the limits of working memory, we tested 3- to 5-year-olds on 2- to 5-step 

arbitrary sequences and calculated baselines for each sequence because well-designed imitation 

tasks must have low (at or near zero) and age-invariant baselines (e.g., Barr & Hayne, 2000; 

Meltzoff, 1990). Children imitated target actions to produce a final pose on a robot figure. The 

non-verbal nature of the robots task ensures that preschoolers do not perform poorly because of 

verbal demands (Brito et al., 2019). For each sequence, children were tested three times (i.e., 

trials) and received feedback on the accuracy of their final pose for each trial from the 

experimenter. This was done to assess how children update their memory for the sequence on a 

trial-by-trial basis. To allow for age-related changes in working memory, pilot testing established 

different sequence lengths for low and high loads for 3-, 4-, and 5-year-olds. We were also 

interested in whether the difference between low and high load sequences would influence 

performance and created two variants of the task (easy and difficult). The task yields a wide 

range of scores to analyze individual variability, because there are multiple trials for each 

sequence, and the number of items and the temporal order can be measured and combined across 

each load. We hypothesized that children would have a higher composite proportion score at 

lower loads and the easier variant than at higher loads and the more difficult variant. Because we 

parameterized the sequences for each age level and then calculated a proportion correct 

composite score, we hypothesized that if the parameterization of the task is leveled 
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appropriately, there would be no age-related differences in performance as a function of load or 

variant. 

Method 

Participants 

A total of 56 (33 males) 3- to 5-year-old children were tested in the Building Zone at the 

National Building Museum in Washington, DC. There were 18 3-year-olds, 19 4-year-olds, and 

19 5-year-olds. Children were Caucasian (n = 20), mixed (n = 5), Asian/Asian American (n = 4), 

African/African American (n = 2), and Latino/a (n = 3); 22 parents did not report. Participants 

were primarily from college-educated families (97% of families that reported education, 60.71% 

of sample reported). Sixteen additional children were excluded from the analysis due to failure to 

complete enough trials. Out of 39 parents who responded, one parent reported that their child had 

played with this robot before but performance did not differ from other children. Parents were 

asked whether their child has been exposed to two or more languages, the main language in the 

home and other languages to which the child is exposed, and the percentage of time they hear 

each language. While less detailed than the language measure used in prior studies examining 

bilingualism (see DeAnda, Bosch, Poulin-Dubois, Zesiger, & Friend, 2016), this questionnaire 

provided an estimate of the child’s language background. Out of 37 parents who responded, 11 

reported that their children heard 20% or more of a second language, and thus we classified them 

as bilingual. Data were collected between December 2018 and November 2019.  

In the present study, children were not given a baseline period. Therefore, we used data 

from the baseline periods of a subset of 3-year-olds randomly selected from another experiment 

(n = 13), additional 4-year-olds who participated in the Building Zone (n = 10), and 5-year-olds 

who had also participated in the robots task protocol in a longitudinal study (n = 24). Four- (M = 



 

 

20 

4.45 years, SD = 0.45) and 5-year-olds (M = 5.48 years, SD = 0.42) were Caucasian (n = 16), 

mixed (n = 7), Asian/Asian American (n = 2), African/African American (n = 1), and Latino/a (n 

= 4); 7 parents did not report. Participants were primarily from college-educated families (100% 

of families that reported education, 76.47% of sample reported). Demographics of the children 

tested in baseline were very similar to those tested in the demonstration condition. Children in 

the baseline condition were given the stimuli for a 1-minute period and were not shown any 

demonstrations of the target actions.  

 

Stimuli 

Small wooden robots (12-cm tall; Tobar, Figure 2.1) were used. Each robot can be 

manipulated to move its limbs and head into different positions. The limbs and head of the robot 

are connected to the body with an elastic cord, and the body contains spaces next to each limb 

and head, allowing for movement into the joints. The limbs and head of the robot can move into 

a total of 16 different positions. Three robots that were functionally identical but varied in color, 

head shape, foot shape, and body markings were used. 

 

2-step pose          3-step pose 4-step pose             5-step pose 

    

 

Figure 2.1. Examples of robot poses for 2-, 3-, 4- and 5-step sequences. See Table 2.1 for a 

description of individual actions associated with each pose and load.  
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Design and Procedure 

Children participated in an open area in the Building Zone during a single session lasting 

10-15 minutes per child. There were three phases presented in the same order: training, 

demonstration, and test. Robot A was used for training, robot B was used for demonstration, and 

children imitated the actions on robot A. In order to use the robot task at different ages in other 

studies, we wanted to assess the feasibility of children at different ages completing multiple trials 

at different loads. We were aiming for a completion rate of 70% in the low load and 50% in the 

high load. To achieve these goals, we tested two variants of low and high loads at each age. Half 

of the 3-year-olds were tested on 2- and 3-step sequences, and half were tested on 2- and 4-step 

sequences. Half of the 4-year-olds were tested on 2- and 4-step sequences, and half were tested 

on 3- and 4-step sequences. Half of the 5-year-olds were tested on 3- and 5-step sequences, and 

half were tested on 4- and 5-step sequences (Table 2.1).  

Table 2.1 

 The sequence of target actions for each pose  

 

Note. Each target action is defined by “P_O,” where “P” is the piece that is moved, and “O” is 

the orientation. The bottom panel defines the number associated with each piece, the number 

associated with each orientation, and provides an example.  
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Training phase. The experimenter demonstrated how to move robot B’s left arm forward 

twice and invited the participant to imitate the movement twice by stating, “Now it’s your turn! 

Can you show me what I showed you?” The experimenter also demonstrated how to move robot 

B’s right leg to the side twice and asked the participant to imitate the movement twice. This was 

done to ensure the participant could perform the movements.  

Demonstration phase. Participants were seated approximately 50 cm from the 

experimenter. The experimenter used robot C for each different pose demonstration. The 

experimenter performed the demonstration three times, making sure to capture the attention of 

the child throughout. The experimenter reset the robot between demonstrations outside of the 

child’s visual field. During the demonstration phase, the experimenter made nonspecific, scripted 

comments in order to keep the child engaged in the task (e.g., ‘‘Look at this!’’, ‘‘Isn’t that 

fun?’’).  

Test phase. Children were tested immediately following the demonstration. The 

experimenter placed robot A on the floor in front of the child and asked, “Can you show me what 

I just showed you?” The child was given robot A for all of the test stages to imitate the different 

poses. Children were asked to imitate the sequence three times (i.e., three trials) and received 

feedback from the experimenter following each trial. Following an incorrect trial, the 

experimenter said, ‘Oops! That’s not right!’ Following a correct response which resulted in the 

final pose, regardless of order, the experimenter said, ‘That’s right!’ 

Children were tested on eight sequences total, alternating between two low loads, two 

high loads, two low loads, and two high loads. This was a fixed order, such that all children were 

tested first on the low loads.  
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Results 

Coding 

All sessions were video recorded for later coding. Coders converted each video using 

Movavi Suite (https://www.movavi.com/) and ffmpegX (https://www.ffmpegx.com/) software to 

a format compatible with the Datavyu (http://datavyu.org/) software. Coding in Datavyu 

consisted of time-stamping each movement, indicating the piece, orientation, and any comments 

associated with the movement or the entire task. All statistical analyses were conducted in Stata 

16.0. 

Total correct movements score. The total number of correct pieces in the correct 

orientation at the end of the test phase.  

Order score. The score for the correct sequence of steps. This score refers to whether the 

child followed a correct sequence of two (a pair), three (a triplet), four (a quadruplet), or five (a 

quintuplet) steps, with the maximum possible correct order score depending on the pose. 

Composite proportion score. We combined the total correct movements plus the number 

of pairs that children achieved for each pose to create a composite score. To further increase 

range and to assess performance overall between groups, we combined composite scores on each 

pose to create a total composite score (see also Heimann & Meltzoff, 1996; Meltzoff, 1985; 

Strid, Tjus, Smith, Meltzoff, & Heimann, 2006). We divided the total composite score by the 

total possible maximum composite score to produce a composite proportion score. For the 

present analyses, composite proportion scores were computed separately for low and high loads. 

Inter-coder reliability. A primary coder for each child and each test was designated. A 

secondary coder coded the video for reliability purposes using the timestamps for each 

movement coded by the primary coder. For each time stamp, the reliability coder coded the piece 
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and the orientation moved. Videos of 21.4% of the participants were coded for reliability 

purposes. Inter-coder agreement on the type of piece and orientation (kpiece = .97, korientation = .99) 

were in the acceptable range, above .70 (Landis & Koch, 1977). 

 

Preliminary Analyses 

Missing data. For inclusion, children must have completed at least 12 of the 24 trials. Of 

the 56 children, 30 had complete data for all trials; the remaining children were missing between 

one and 12 trials, with an average of six trials. The missing data patterns did not differ across age 

or variant: Sixteen children did not have complete data for both the low and high scores (n = 9 3-

year-olds, n = 4 4-year-olds, and n = 3 5-year-olds), and this drop out did not differ by variant (n 

= 6 for the easy variant, n = 10 for the difficult variant). Ten children did not have complete data 

for the low (n = 3) and high (n = 7) load composite scores. Because children were tested on 

multiple sequences and trials, this allowed us to create composite proportion scores based on the 

tests that children completed. Thus for all children, we calculated the composite proportion score 

based on the trials they completed, out of the possible maximum score for that specific number 

of trials.   

Next, we examined the composite proportion scores based on the trials that children did 

complete. For the low load, the composite proportion score ranged from .27 to .94 (M = .65, SD 

= .15). Skewness of -.15 (SE = .32) and kurtosis of 2.72 (SE = .63) indicated that the composite 

proportion score for the low load was normally distributed with regard to both skewness and 

kurtosis. For the high load, the composite proportion score ranged from .11 to .82 (M = .46, SD = 

.15). Skewness of .02 (SE = .32) and kurtosis of 2.72 (SE = .63) indicated that the composite 
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proportion score for the high load was normally distributed with regard to both skewness and 

kurtosis. 

Trial analysis. Next, we conducted preliminary analyses to examine performance across 

the three trials. A 3 (trial number: 1, 2, 3) x 3 (age: 3 years, 4 years, 5 years) analysis of variance 

(ANOVA) on the total composite proportion score—combined across both low and high loads—

was conducted. The ANOVA yielded a main effect of trial number at trend-level significance, 

F(2, 54) = 2.95, p = .06, η2 = .10,  a main effect of age, F(2, 27) = 7.75, p = .002, η2 = .37, but 

no interaction between trial number and age, F(4, 54) = .89, p = .48, η2 = .06, see Table 2.2 for 

means. As performance by trial only varied at a trend-level of significance, we did not consider 

the trial number in further analyses. Age is considered in further models. 

Table 2.2 

Composite proportion scores (M, SD) by trial number and age 

Trial 3 years 4 years 5 years 

1 .76 (.31) .66 (.29) .51 (.28) 

2 .73 (.36) .63 (.31) .51 (.29) 

3 .69 (.39) .63 (.31) .51 (.29) 

 

Sex of the child & language status. We conducted separate regressions to examine the 

associations between the composite proportion score, child sex, and language status. There was 

no association between the composite proportion score and child sex, b = -.009, t(54) = -.28, p = 

.781. Furthermore, there was no association between the composite proportion score and 

language status for those children whose parents had reported their language status, b = .000, 

t(35) = .041, p = .998 (n = 37). Therefore, child sex and language status were not considered 

further.  
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Baseline comparison. We calculated a composite baseline proportion score for each child 

who had participated in a baseline period (see Participants section) for each load by dividing the 

total correct movements plus the number of pairs by the possible maximum score that children 

achieved if they corresponded to any of the sequences that were demonstrated.  

We examined performance by condition and age. A 2 (condition: baseline, test) x 3 (age: 

3 years, 4 years, 5 years) ANOVA yielded a main effect of condition, F(1, 97) = 6.62, p < .001, 

η2 = .90, no main effect of age, and no condition by age interaction. Because children in the test 

condition performed significantly better than those in the baseline condition, and this did not 

vary by age, we dropped baseline from further analyses. See Table 2.3 for means across age, 

condition, load, and variant.  

 

Table 2.3 

 

Composite proportion scores (M, SD) by variant and load 

Age Variant Low High 

3 years Baseline .005 (.008) .005 (.008) 

3 years Easy (2 & 3 steps) .62 (.20) .53 (.20) 

3 years Difficult (2 & 4 steps) .70 (.17) .41 (.21) 

4 years Baseline .005 (.009) .005 (.007) 

4 years Easy (2 & 4 steps) .69 (.13) .55 (.06) 

4 years Difficult (3 & 4 steps) .67 (.12) .46 (.11) 

5 years Baseline .011 (.016) .013 (.015) 

5 years Easy (3 & 5 steps) .64 (.19) .43 (.12) 

5 years Difficult (4 & 5 steps) .58 (.08) .42 (.09) 

Summary Experimental .65 (.15) .46 (.15) 

Summary Baseline .008 (.013) .009 (.013) 
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Multilevel Analyses 

Because the design of the study involves multiple trials per subject, we again conducted 

multilevel mixed effects models to account for the clustering of observations within subjects. To 

assess whether there was enough variance across children to use a multilevel model, we ran an 

unconditional random effects model predicting the composite proportion score. With children in 

the test condition, our intraclass correlation coefficient (ICC) was above the cutoff of .1, at .41 

(SE = .16), justifying a multilevel model approach. In all models, we used a random intercept to 

allow for children's average scores across loads to vary, but entered the slope for load as fixed. 

In Model 1, we conducted a random-effects regression model with load (low or high) at 

level 1, age (dummy coded) at level 2, and variant (easy or difficult) at level 2. There was a 

significant effect of load, such that children’s scores were .19 less in the high load compared to 

the low load, see Table 2.4 for coefficients. All other factors were non-significant.  
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Table 2.4 

 

Summary of Model 1 regression analysis 

 

 B SE 

Intercept .680 (.033) 

Load .-.188* (.023) 

Age   

     Four vs. three years .025 (.038) 

     Five vs. three years -.054 (.038) 

Variant -.038 (.031) 

Variance Components   

Level 1 variance .015 (.003) 

Level 2 variance .005 (.003) 

ICC .261  

Log likelihood 59.946  

*p < .001   

 

Note. Coefficients are unstandardized. Load was coded as low = 0 and high = 1. Age was 

represented as two dummy variables with 3 years of age serving as the reference group. Variant 

was coded as low = 0 and high = 1.  

 

In Model 2, we examined whether load interacts with age. We conducted a random-

effects regression model with the interaction terms between load and age and found no 

significant interactions. Once again, this revealed an effect of load, but that it did not differ by 

age, suggesting that our age leveling was effective, see Table 2.5 for coefficients.  
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Table 2.5 

 

Summary of Model 2 regression analysis 

 

 B SE 

Intercept .664 (.034) 

Load -.193* (.041) 

Four vs. three years .017 (.048) 

Five vs. three years -.055 (.048) 

Cross-level interactions    

Load*Four vs. three years .011 (.058) 

Load*Five vs. three years .004 (.058) 

Variance Components   

Level 1 variance .015 (.003) 

Level 2 variance .006 (.003) 

ICC .273  

Log likelihood 59.213  

*p < .001   

 

Note. Coefficients are unstandardized. Load was coded as low = 0 and high = 1. Age was 

represented as two dummy variables with 3 years of age serving as the reference group.  

 

In Model 3, we examined whether load interacts with variant. We conducted a random-

effects regression model with the interaction term between variant and load and found no 

significant interactions. Overall, there was a difference between high and low load but it was not 

qualified by a difference in the difficulty of the variant, see Table 2.6 for coefficients.  
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Table 2.6 

 

Summary of Model 3 regression analysis 

 

 B SE 

Intercept .650 (.028) 

Variant .003 (.039) 

Load  -.151* (.033) 

Cross-level interaction    

Variant*Load -.071 (.046) 

Variance Components   

Level 1 variance .015 (.003) 

Level 2 variance .007 (.003) 

ICC .316  

Log likelihood 58.849  

*p < .001   

 

Note. Coefficients are unstandardized. Load was coded as low = 0 and high = 1. Variant was 

coded as low = 0 and high = 1.  

 

In sum, as expected, we found that children performed significantly better in the test 

condition compared to the baseline condition. Baseline was consistently low. We also found that 

children performed significantly better in the low compared to the high loads, and that 

performance did not differ by age or variant. This suggests that each age group was tested on 

comparable difficulties of the task, and that our variant manipulation did not affect performance. 

The task could be modified so that children achieve different rates, which is considered further in 

the Discussion.   
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Discussion 

  

We developed a novel spatial imitation task, the robots task, to test memory flexibility 

and working memory in preschoolers. We tested working memory and updating in 3- to 5-year-

old children. Instead of one score across all sequence lengths, we wanted to examine how 

children performed across low versus high loads with multiple trials. We also wanted to test 

performance across easy and difficult variants of the task. We hypothesized that all children, 

across ages, would have a higher composite proportion score at lower loads and the easier variant 

than at higher loads and the more difficult variant. Because we parameterized the sequences for 

each age group and then calculated a composite proportion score, we also hypothesized that there 

would be no age-related differences in performance. We found a significant effect of load, such 

that children performed better in the low than the high loads. We did not find effects of age or 

variant, indicating that our parametrization of the task by age was indeed appropriate and that the 

variant manipulation did not make the task easier or more difficult. It is possible that the variant 

manipulation did not have an effect because of individual differences -- some children of the 

same age were able to complete all trials of all sequences, while others were not. We also 

hypothesized trial-related differences in performance. For children with complete data across all 

trials and sequences, we found only a trend-level effect of trial number on performance; that is, 

children performed similarly across all three trials, regardless of feedback. However, this result is 

from a relatively small sample across a wide age range. While our parametrization of the task did 

not reveal significant trial-by-trial or variant-related differences, the robots task does provide a 

wide range of scores that would allow future research to investigate individual differences that 

may emerge when the difficulty of the task is further manipulated.  
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We were particularly interested in establishing a task that would be appropriate across a 

wide age range, because performance on imitation paradigms provides evidence for the 

continuity of declarative memory over the first few years of life. For example, the Frankfurt 

imitation tests (FIT; Kolling & Knopf, 2015) assesses declarative memory in 12-, 18-, 24-, and 

36-month-old children. Imitation performance improves with age and correlates across ages. As 

these tests provide equivalent measures across ages, this facilitates the use of longitudinal growth 

modeling techniques to examine age-related changes in memory. Similarly, this initial test of the 

robots task shows measurement equivalence across age, suggesting that it would be a useful task 

for longitudinal studies in older preschoolers as well. In another study, infants were tested at 12, 

24, and 36 months of age. There were age-related increases in imitation across time, and there 

was some stability in performance with cross-age correlations highest between 24 and 36 months 

(Rose, Feldman, & Jankowski, 2005). Over an even longer time period, immediate nonverbal 

recall on imitation tasks at 20 months of age were significantly associated with nonverbal 

memory at 6 years of age (Riggins, Cheatham, Stark, & Bauer, 2013). Performance on imitation 

tasks in infancy is also associated with later cognitive outcomes: Using a median split approach, 

infants who performed poorly on 1-step imitation tasks at 9 months of age had poorer general 

cognitive abilities as measured by the McCarthy Scales of Children’s Abilities at 4 years of age 

than infants who had performed well (Strid, Tjus, Smith, Meltzoff, & Heimann, 2006). While 

previous tasks have been able to discriminate cross-age correlations in memory performance and 

associations with later cognitive outcomes (for review, see Brito et al., 2019), the restricted range 

of scores may have limited the predictive value of imitation learning. The robots task, with its 

wide variability in scores, may help us better predict long term outcomes, particularly by testing 

imitation learning in older children to allow for cross-age correlations across longer periods of 
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time. This would enable researchers to better link performance during infancy and later 

preschool memory performance.  

Not only can the robots task assess behavioral performance, but because of the multiple 

trials, it is also appropriate for neuroimaging studies. The task can be used to examine activation 

patterns during imitation learning, as a measure of VSWM. The behavioral limitations of 

VSWM, and the neural mechanisms underlying these limits, have been extensively studied in 

older school-aged children and adults (Moriguchi & Hiraki, 2013). Functional magnetic 

resonance imaging (fMRI) studies have demonstrated activity in the prefrontal cortex (PFC) in 

adolescents (Casey et al., 2005) and adults (Braver et al., 1997), as well as connectivity between 

PFC and parietal regions in adults (Nagy, Westerberg, & Klingberg, 2004) during VSWM tasks. 

Although the first five years are characterized by rapid improvement in working memory and 

rapid PFC growth (Dekaban & Sadowsky, 1978; Garon, Bryson, & Smith, 2008), the neural 

mechanisms underlying VSWM development in preschoolers and how they relate to behavior are 

under-investigated. Only recently has work investigated early VSWM development by using 

functional near infrared spectroscopy (fNIRS). This work has demonstrated PFC and parietal 

region activity in 3- to 7-year-olds during VSWM tasks -- particularly during the highest 

memory loads, manipulated either by the number of items to remember or the delay periods 

(Buss et al., 2014; Perlman, Huppert, & Luna, 2015; Tsujii, Yamamoto, Masuda, & Watanabe, 

2009; Tsujimoto, Yamamoto, Kawaguchi, Koizumi, & Sawaguchi, 2004). The robots are small 

enough such that when children are moving the pieces, this does not create excess motion 

artifacts for fNIRS data collection. The reduced motion artifact, multi-trial, multi-load features of 

the robots task make the task appropriate for use in fNIRS for further examination of activity 

during a VSWM task in preschoolers. Investigations are currently underway. 
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In addition to longitudinal and neuroimaging analyses, the robots task allows for a 

number of future directions. First, many VSWM tasks focus on perseveration, or the tendency 

for children to create what was correct in a previous trial. With multiple trials and multiple 

sequences, successful imitation of the robot sequences requires that children update their 

memory from one pose to the next. Thus, researchers can develop metrics to analyze 

performance that include measures of perseveration in the robots task. This may be particularly 

important to examine as the task difficulty is manipulated; it is possible that children would be 

more likely to perseverate following a sequence with more items to remember.  

Future investigations should also take advantage of the flexibility of this task. For 

example, the number of trials and sequences can be fine-tuned. We tested children on a total of 8 

sequences, with 3 trials per sequence. That is, children were tested 24 times. This was a 

demanding protocol for the youngest children, particularly as they were tested in an often busy 

and noisy museum environment. However, multiple variants were tested to examine precisely 

whether the protocol was age-appropriate, and future research could continue to titrate out the 

appropriate level of difficulty for each age group.    

Finally, it is difficult for children to label the robot poses. Prior deferred imitation tasks 

have demonstrated that children who are able to spontaneously label the goal perform better than 

those who are not (Moser, Olsen, Rusnak, Barr, & Gerhardstein, 2019). With the robots task, 

children very rarely labelled the pose that they were creating, and this phenomenon was too 

infrequent to analyze. Thus, it is unlikely that children can verbally describe these poses. Future 

empirical studies should directly prompt children to assess whether they are using any verbal 

strategies.  
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Taken together, the robots task can be used in cross-sectional and longitudinal studies to 

examine age- and load-related changes in memory flexibility and working memory. Because the 

robots task can be age-adapted, we demonstrated its utility in measuring VSWM across the 

preschool years. Because the sequence length can be varied, the task can be used with older 

children as well. With its wide range of scores, multiple trials, flexibility and novelty of 

sequences, and ability to adapt to multiple age groups, the robots task has high potential to be 

used to correlate imitation performance across time and holds predictive value. Finally, the low 

cost and small size make the task easy to administer in multiple settings and could have high 

acceptability in low- and middle-income settings.  
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CHAPTER III: IMITATION LEARNING AND FNIRS ACTIVATION DURING IN-PERSON 

INTERACTIONS 

 

Introduction 

Working memory (WM) is the short-term ability to retain and manipulate information 

while trying to achieve a goal. WM capacity, as well as the neural mechanisms that support WM, 

have been extensively studied in older school-aged children, adolescents, and adults. The 

processes of maintenance—the storage and rehearsal of information in short-term memory—and 

manipulation—performing complex operations upon that information—are poorer when there 

are more items to remember. This is true when examining WM capacity for visual information 

(Kharitonova, Winter, & Sheridan, 2015; Todd & Marois, 2004), verbal information (Jolles et 

al., 2011), as well as visuospatial information (VSWM; Scherf, Sweeney, & Luna, 2006). 

Functional magnetic resonance imaging (fMRI) studies with older children and adults have 

demonstrated that regions in the prefrontal cortex (PFC), namely lateral regions such as the 

dorsolateral PFC (dlPFC) and ventrolateral PFC (vlPFC; Braver et al., 1997; Casey et al., 2005; 

Courtney, Petit, Maisog, Ungerleider, & Haxby, 1998; D’Ardenne et al., 2012; D’Esposito et al., 

1995; Goldman-Rakic, 1995; Mürner-Lavanchy et al., 2014), as well as parietal regions 

(Ciesielski et al., 2006; Geier, Garver, Terwilliger, & Luna, 2009; Spencer-Smith et al., 2013; 

Todd & Marois, 2004) and the anterior cingulate cortex (ACC; Osaka et al., 2003) are activated 

during WM tasks.  

In general, activation in these PFC and parietal regions increases with an increasing 

number of items to remember, or memory load (Barch et al., 1997; Braver et al., 1997; Rypma, 

Prabhakaran, Desmond, Glover, & Gabrieli, 1999), until WM capacity is reached (Kharitonova 

et al, 2015). For example, activation in the dlPFC increases linearly with verbal (Braver et al., 

1997; Veltman et al., 2003) and spatial (Jansma et al., 2000) WM load, indicating load-
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dependent recruitment of dlPFC. Neural activation also scales with load when it is measured 

using functional near infrared spectroscopy (fNIRS), a non-invasive neuroimaging technique that 

records cortical hemodynamic activity. Functional activation is indexed by changes in the 

concentration of oxygenated hemoglobin (oxyHb). To establish the sensitivity of the fNIRS 

signal, Fishburn, Norr, Medvedev, and Vaidya (2014) collected fNIRS data with young adult 

participants during a 10-minute resting state scan followed by a letter n-back task, a verbal WM 

task, that varied in memory load. Five optical probes were placed over frontal and parietal areas, 

covering bilateral dlPFC, bilateral vlPFC, frontopolar cortex, and bilateral parietal cortex. 

Activation scaled linearly with WM load in bilateral dlPFC, with stronger activation in the left 

hemisphere. This load-dependent increase in activation in bilateral dlPFC is consistent with prior 

fMRI studies (Braver, Cohen, Nystrom, Jonides, Smith, & Noll, 1997; Jansma, Ramsey, 

Coppola, & Kahn, 2000; Veltman, Rombouts, & Dolan, 2003) and establishes that fNIRS is 

sensitive to memory load. FNIRS is a more suitable neuroimaging technique than fMRI for 

young children, because it is silent and allows participants to sit upright. 

Young children are also sensitive to increasing memory load. In young children, verbal 

WM tasks often result in floor effects with children under the age of 5 years (Brito et al., 2019). 

Therefore, non-verbal tasks that assess visual WM, the ability to remember visual information 

such as shapes, colors, or features of stimuli (Hughes & Ensor, 2005), spatial WM, the ability to 

remember information about locations and movement (Baddeley & Hitch, 1974; Diamond, 

Prevor, Callender, & Druin, 1997; Logie, 1995), as well as VSWM, the ability to retain and 

manipulate non-verbal, visual, and spatial information (Scherf et al., 2006) are used. Spatial WM 

and VSWM are indexed via imitation tasks. In imitation tasks, an experimenter first 

demonstrates a sequence of actions (encoding phase), and then children are tested to see if they 



 

 

38 

can reproduce the sequence of actions (retrieval phase). Spatial and visuospatial imitation 

performance is poorer when there are more items to remember (Barr et al., 2016). For example, 

the spatial sequencing task (SST; Subiaul, Anderson, Brandt, & Elkins, 2012; Subiaul & 

Schilder, 2014) is an imitation touchscreen task where the experimenter demonstrates a sequence 

by touching identical pictures in a particular spatial order (Subiaul, Patterson, Renner, Schilder, 

& Barr, 2015; Subiaul & Schilder, 2014; Subiaul, Zimmermann, Renner, Schilder, & Barr, 

2015). Memory load is manipulated via the number of pictures that appear on the screen. Barr 

and colleagues (2016) also manipulated memory load by increasing the number of items in a 

three-dimensional (3D) object sequencing imitation task for 2-year-olds. In both tasks, WM 

capacity constrained imitation success: Preschoolers imitated significantly more at lower than 

higher loads (Barr et al., 2016; Subiaul & Schilder, 2014; Subiaul et al., 2015a). Rusnak, Rocha-

Hidalgo, Blanchfield, Odier, Sawaf, and Barr (submitted) created a 3D task to test VSWM in 

children 3 years of age and older. The robots task requires that children update their visual 

memory from movements they have seen and performed before to different spatial target actions 

for each new sequence and thus relies on VSWM. The task was parameterized so that each age 

group was tested on the appropriate low and high loads. For each age group, children performed 

better on the low than the high load. There was no effect of age on performance, showing that 

leveling of the task across age was successful.  

Although the first five years are characterized by WM improvement and PFC growth 

(Dekaban & Sadowsky, 1978; Garon, Bryson, & Smith, 2008), the neural activation patterns 

underlying non-verbal WM at varying memory loads and how they relate to behavioral 

performance are under-investigated. Only recently has work investigated neural activation 

associated with visual WM and VSWM with fNIRS. In one study, 5- and 6-year-olds and adults 
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performed a spatial WM task, in which they had to keep locations of a sample cue in mind 

during a delay and then report whether the location of the test cue was identical to any locations 

of the sample cue. Although this was a spatial WM task, fNIRS data was collected from bilateral 

lateral PFC regions only and did not cover parietal regions. Adults had low load (two cues) and 

high load (four cues) conditions, whereas children were only given the low load condition (two 

cues). After cue presentation, adults showed significant bilateral activation of the dlPFC regions 

in the high load and weaker activation in the low load; children also demonstrated lateral PFC 

activity, though they tended to show right-hemisphere dominance (Tsujimoto, Yamamoto, 

Kawaguchi, Koizumi, & Sawaguchi, 2004). Using a longitudinal design, 5- and 7-year-olds were 

tested on the same task (e.g., two cues) while fNIRS data was collected from prefrontal regions 

(Tsujii, Yamamoto, Masuda, & Watanabe, 2009). Children performed significantly better on the 

task at 7 than 5 years of age. Children exhibited bilateral PFC activation at both ages. However, 

at age 7, activity was weaker, as indexed by less of a change in oxyHB; this suggests that as the 

task became easier, children were less likely to recruit these areas. Importantly, at age 7, children 

exhibited stronger activation in the right prefrontal regions than in the left prefrontal regions. 

Tsujii and colleagues (2009) suggested that consistent with findings in older children and adults, 

spatial WM induces right lateralization, whereas verbal WM induces left lateralization (Fishburn 

et al., 2014).  

To examine age- and load-related changes in spatial WM in even younger children, 

Perlman, Huppert, and Luna (2015) investigated activation patterns in the prefrontal cortex in 3- 

to 7-year-olds. Nearly 70 children were tested on a novel spatial WM task delivered on a 

touchscreen while their middle and lateral prefrontal cortex (LPFC) was imaged using fNIRS. In 

this task, load was manipulated by having short (2 s) or long (6 s) delay periods. Children had to 
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remember in which tree a monkey hid bananas. For each trial, the monkey first appeared, holding 

bananas, on one of six palm trees on the screen (2 s). The monkey then disappeared, and for the 

short or long delay period children had to hold the location in WM. After the delay period, red 

question marks appeared on the screen (3 s) and children were prompted to touch the tree in 

which the bananas were hidden. Behaviorally, overall, participants were more accurate on the 

trials with short delays than on those with long delays. Furthermore, older children were quicker 

to respond, and responded more accurately, than younger children did. There was greater 

activation in the LPFC in the WM blocks compared to rest. During the long delay (compared to 

the short delay), there was greater activity in both the right medial and left lateral PFC. Finally, 

left LPFC activation also positively correlated with age; the authors noted that this suggests that 

developmental changes in the PFC might underlie the development of executive functions, such 

that as neural mechanisms supporting WM develop, WM improves. The differences in laterality 

may be due to the diffuse nature of networks which support WM in early childhood, which 

become increasingly focalized with age (Bell & Wolfe 2007; Durston et al., 2006; Geier et al., 

2009; Perlman et al., 2014; Scherf et al., 2006). 

Buss, Fox, Boas, and Spencer (2014) demonstrated visual WM capacity limits using a 

change detection task in preschoolers. The change detection task is similar to the sample cue task 

described above: Participants are shown an array of cues and instructed to keep the array in mind 

during a delay phase. Then, participants see a test array where either all items are the same or 

some of the features are changed and are asked to report whether there were changes in the test 

array or not. Memory load depends on how many items are presented in the array (one, two, or 

three). Three- and 4-year-olds completed the task while fNIRS data was collected from 

prefrontal and parietal regions. Data was examined during the early phase, to capture the peak 

https://www.mitpressjournals.org/doi/full/10.1162/jocn_a_00824?casa_token=qU6w-B36MCkAAAAA:ZryciyjmUFDKkbwvzAgodcw2grFPRx6oxeTQ21zuxWmOvgxYLsXz-sGVOf4e01UKqLiv0v6j5A
https://www.mitpressjournals.org/doi/full/10.1162/jocn_a_00824?casa_token=qU6w-B36MCkAAAAA:ZryciyjmUFDKkbwvzAgodcw2grFPRx6oxeTQ21zuxWmOvgxYLsXz-sGVOf4e01UKqLiv0v6j5A
https://www.mitpressjournals.org/doi/full/10.1162/jocn_a_00824?casa_token=qU6w-B36MCkAAAAA:ZryciyjmUFDKkbwvzAgodcw2grFPRx6oxeTQ21zuxWmOvgxYLsXz-sGVOf4e01UKqLiv0v6j5A
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response to the onset of the sample array, and the late phase, to capture the peak response to the 

onset of the test array. Behaviorally, children performed worst at the highest memory load, and 

overall, 4-year-olds performed better than 3-year-olds did. Overall, activation in the left frontal 

areas and bilateral parietal areas was significantly stronger at higher memory loads. Frontal 

responses were weaker in amplitude relative to the parietal responses. This suggests possible 

immaturity of the frontal cortex relative to the parietal response in younger children (Moriguchi 

& Hiraki, 2009). There were age-related effects as well: 4-year-olds showed a more robust 

parietal response than 3-year-olds did. Furthermore, 3-year-olds showed an increase in the 

concentration of oxyHb in the early phase and a decrease in oxyHb in the late phase in both left 

parietal and right frontal cortex. The pattern of activation in the right prefrontal cortex was 

significantly correlated with behavioral performance, suggesting that as with spatial WM 

reported with prior studies (Tsujii et al., 2009; Tsujimoto et al., 2004), right frontal areas play a 

role in visual WM.   

In the present study, we tested 3- to 8-year-old children on two WM tasks while whole 

cortical fNIRS data was collected. We examined VSWM with the 3D robots task (Rusnak et al., 

submitted), and spatial WM with SST, a tablet-based task (Subiaul et al., 2012; Subiaul & 

Schilder, 2014). An experimenter demonstrated low and high memory load sequences, and then 

children were tested with multiple trials at each load, for each task. This study collects data 

during in-person interactions, which is a novel design, as prior studies have used screens to 

present stimuli. The robots task has never been used in a neuroimaging context, but SST was 

used in an fMRI study with adults (Renner, White, Hamilton, & Subiaul, 2018). Three- to 5-

year-olds were tested on two memory loads, which had been parameterized for their age (Rusnak 

et al., submitted). The robots task is a novel task, developed because of the lack of VSWM tasks 
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for young children—specifically, a lack of tasks with a wide range of scores and with multiple 

trials to increase the signal while collecting neuroimaging data. Six- to 8-year-olds were tested 

on four memory loads. The robots are small enough such that when children are moving the 

pieces, this does not create excess motion artifacts for fNIRS data collection. With its flexibility 

and novelty of sequences, the robots task creates a wide range of scores, allows for multiple trials 

which has utility for neuroimaging, and can adapt to multiple age groups. We examined 

performance across 3- to 8-year-olds because prior research has indicated that spatial WM 

continues to develop throughout childhood and adolescence and has still not reached adult levels 

by the age of 8 years (Gathercole et al., 2004; Luciana & Nelson, 1998; Luna et al., 2004). Prior 

fNIRS studies were limited in interpretations because of the small number of optodes—the 

whole brain was not covered, so only a priori hypotheses of predetermined regions could be 

tested (Aslin, 2012). However, the frontal and parietal regions might still be most important to 

examine in the present study (see Renner et al., 2018). For both the robots task and SST, we 

hypothesized that children would perform better on lower than higher loads, but that there would 

be no age-related interactions. We hypothesized greater activation in lateral frontal and parietal 

regions during the test trials relative to baseline and during test trials of high relative to low 

memory loads.  

Method 

Participants 

A total of 32 3- to 8-year-old children were recruited across the Washington, D.C. area 

and tested at Georgetown University. Children were divided into two age groups: there were 19 

3- to 5-year-olds (13 females; M age = 5.00 years, SD = 8.91 months), and 13 6- to 8-year-olds 

(3 females; M age = 6.92 years, SD = 9.91 months). Children were Caucasian (n = 24), 
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African/African American (n = 2), and Asian/Asian American (n = 1); five parents did not 

specify. Four children were identified by their caregiver as Latino/a; five parents did not specify. 

Participants were primarily from college-educated families, with a mean number of 18.44 years 

of education (SD = 1.01 years); five parents did not report their education. 19 families reported 

an income of > $90,000; the remaining 13 families did not specify. Data were collected between 

July 2017 and February 2020. Five additional children were excluded from the analysis due to 

failure to wear the fNIRS cap. 

 

Materials and Stimuli 

The Media Activity Questionnaire (MAQ; Barr et al., 2020) was used to assess media use 

in the household. Parents responded to questions regarding the quantity and type of their child’s 

media use as well as the frequency and type of puzzle or other spatial play.  

Parents of 3- to 5-year-olds reported their child’s executive function-related behaviors 

using the Behavior Rating Inventory of Executive Function-Preschool version (BRIEF-P; Gioia, 

Espy, & Isquith, 2003). Parents reported on their child’s behavior on 60 questionnaire items 

based on real-world experiences.  

Robots. Small wooden robots (12-cm tall; Tobar; Figure 3.1) were used. Each robot can 

be manipulated to move its limbs and head into different positions. The limbs and head of the 

robot are connected to the body with an elastic cord, and the body contains spaces next to each 

limb and head, allowing for movement into the joints. The limbs and head of the robot can move 

into a total of 16 different positions. On the day of the visit, the child saw three perceptually 

different robots: robot A during training and baseline, robot B during test, and robot C, which 
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was used by the experimenter to demonstrate the target actions. These robots were functionally 

identical but varied in color, head shape, foot shape, and body markings.       

 

2-step pose          3-step pose 4-step pose             5-step pose 

    

 

Figure 3.1. Examples of robot poses for 2-, 3-, 4- and 5-step sequences. The sequence of the 

2-step pose is head back and left arm up; the sequence of the 5-step pose is head back, right arm 

up, left arm up, right leg forward, left leg forward.  

 

Spatial sequencing task (SST). Children were presented with the motor-spatial version of 

the SST on a Microsoft Surface Pro tablet (Subiaul, Anderson, Brandt, & Elkins, 2011; Subiaul, 

Patterson, Schilder, Renner, & Barr, 2014; Figure 3.2). Identical, color images (3.81 cm × 5.08 

cm) appear simultaneously on the screen. On each trial for a particular sequence, their spatial 

configuration remains the same, while the identity varies. Children respond to target locations on 

the screen (as demonstrated) while ignoring the identity of pictures. For example, three identical 

pictures—A, A, A—appear simultaneously on the screen. Each picture has to be touched in a 

specific motor-spatial pattern: Atop → Abottom → Aright. From trial to trial, a different set of 

identical pictures—B, B, B—appears in the same spatial position and has to be touched in the 

same motor-spatial pattern as in the previous trial: Btop → Bbottom → Bright. The task uses a 4 × 4 

template in which pictures can appear in any of 16 non overlapping positions on the screen. 

Sequences always involve a change in direction (e.g., up, down, right).     
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2-step sequence       3-step sequence        4-step sequence        5-step sequence 

  

 

 

 

Figure 3.2. Examples of SST 2-, 3-, 4- and 5-step sequences.  

 

Functional near infrared spectroscopy (fNIRS). A 60-channel continuous-wave fNIRS 

system (CW6, TechEn, Inc., Milford, MA) was used to measure whole cortical activation during 

all phases of the study (Figure 3.3; see Procedure). FNIRS projects near-infrared light through 

the scalp and records optical density fluctuations resulting from metabolic changes within the 

brain. Because near infrared light easily penetrates biological tissues, including the cortex, 

fNIRS is well-suited for cortical imaging. Optical signals were recorded on two wavelengths 

(690 and 830 nm), which allows one to calculate changes in oxygenated and deoxygenated forms 

of hemoglobin, reflecting functional activation of cortical regions. Data were collected from 

detectors at a sampling rate of 20 Hz. 
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Figure 3.3. Image of child wearing the NIRS cap.  

 

Design and Procedure 

All phases occurred during a single session lasting ~60 min per child. There were four 

phases presented in the same order: training, interaction phase, robots random manipulation, 

robots demonstration and test, and SST demonstration and test, Figure 3.4. Training lasted ~3 

minutes, set-up with the fNIRS cap lasted ~5 minutes, the interaction phase lasted ~5 minutes, 

the robots random manipulation phase was 90 seconds, the robots task lasted ~18 minutes, and 

SST lasted ~14 minutes. Prior to each task (before the interaction phase, before the robots 

random manipulation, and before the SST demonstration), there was a 60-sec resting baseline; 

children sat still to collect resting fNIRS data. In these resting baselines, the experimenter invited 

the child to have a “staring contest” and to remain still with their hands in their lap or placed on 

the table in front of them. 

 

 

Figure 3.4. Procedure of the session.  
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For both the robots task and SST, 3- to 5-year-olds (e.g., “younger” age group) were 

tested on two loads: a low load and a high load. Three-year-olds were tested on 2- and 3- step 

sequences; 4-year-olds were tested on 2- and 4-step sequences; and 5-year-olds were tested on 3- 

and 5-step sequences. These loads were interleaved throughout the experiment; for example, a 3-

year-old was tested on two 2-step sequences, two 3-step sequences, two 2-step sequences, and 

then two 3-step sequences (Figure 3.5). Thus, 3- to 5-year-olds were tested on 24 trials total. 

These loads were determined to be age-appropriate in chapter 2 (Rusnak et al., submitted). 

 

 

Figure 3.5. Sequence of loads for the 3- to 5-year-olds, specifically for a 3-year-old.   

 

Six- to 8-year-olds (e.g., “older” age group) were tested on four loads, and these loads 

were presented in a fixed order: three 3-step sequences, three 5-step sequences, three 2-step 

sequences, and three 4-step sequences (Figure 3.6). Thus, 6- to 8-year-olds were tested on 36 

trials total. Seven of the 5-year-olds included in the 3- to 5-year group in later analyses were 

Low Load

2 step, 
sequence A

Trials 1-3

2 step, 
sequence B

Trials 1-3

High Load

3 step, 
sequence A

Trials 1-3

3 step 
sequence B

Trials 1-3

Low Load

2 step, 
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2 step, 
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3 step, 
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tested on this sequence of loads, but data for the 2- and 4-step sequences are not considered for 

these 5-year-olds. 

 

Figure 3.6. Sequence of loads for the 6- to 8-year-olds.  

 

Training phase. Training on both tasks occurred prior to placing the fNIRS cap on the 

child. For the robots task, the experimenter demonstrated how to move the robot’s left arm 

forward twice and invited the participant to imitate the movement twice by stating, “Now it’s 

your turn! Can you show me what I showed you?” The experimenter also demonstrated how to 

move the robot’s right leg to the side twice and asked the participant to imitate the movement 

twice. If the child did not complete movements, the experimenter guided the child to ensure that 

the child possessed the motoric ability to complete the movements; all children did. For SST, the 

experimenter demonstrated a 2- or 3-item sequence, emphasizing that she was pressing the items 
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in a specific order. Children were encouraged to “find ‘Jumping Man’” by touching the pictures 

in a target order. Children received social feedback from the experimenter and asocial (audio, 

visual) feedback from the computer following each response, whether correct or incorrect. An 

incorrect response terminated the trial. Incorrect trials generated a brief (~500 ms) “whoosh” 

sound, all pictures disappeared, the screen turned black for 2-sec, and the experimenter said, 

“Whoops! That’s not right!” Following a correct response, the computer generated a brief (~500 

ms) “bing” sound, all pictures remained on the screen, and the experimenter said, “That’s right!” 

When pictures were touched in the correct order, a 5-sec video clip of a man doing a backward 

somersault––“Jumping Man”––played in the middle of the screen accompanied by clapping, and 

the experimenter smiled and said, “Yay! You found Jumping Man!” Training ensured that 

performance did not reflect any lack of familiarity with the touch screen, experimenter, or 

procedure. In both tasks, if the child imitated incorrectly, the experimenter provided scaffolds, 

which was repeated until the child achieved the sequence correctly twice; under these conditions, 

all children were able to imitate correctly during the training phase.  

Resting baseline. Participants were asked to sit still for 60-sec while fNIRS data was 

collected. This was completed three times: prior to the interaction phase, prior to the robots 

random manipulation baseline, and prior to the SST demonstration and test period.  

Interaction phase. The experimenter first engaged in an interaction phase with the child 

using a task that maximizes joint attention and temporal synchrony. In this task, the experimenter 

and child played a collaborative touchscreen drawing game. Each had a touchscreen device and 

drew together on the same picture, such that each could see the other’s additions to the picture. 

The experimenter followed a script, asking the child to draw with her and add to the picture. 

Data from this task are analyzed in a separate paper.  
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Robots random manipulation baseline. The experimenter placed robot A on the table in 

front of the child and said, “It’s your turn!” Children were then given 90-sec from the time that 

they first touched the robot to interact with it. 

Robots demonstration and test. The experimenter sat across from the child. The 

experimenter used robot C for each different pose demonstration. The experimenter performed 

the demonstration three times for each sequence, making sure to capture the attention of the child 

throughout. The experimenter reset the robot between demonstrations outside of the child’s 

visual field. During the demonstration phase, the experimenter made nonspecific, scripted 

comments in order to keep the child engaged in the task (e.g., ‘‘Look at this!’’, ‘‘Isn’t that 

fun?’’). 

Children were tested immediately following the demonstration. The experimenter placed 

robot B on the table in front of the child and asked, “Can you show me what I just showed you?” 

The child was given robot B for all of the test trials to imitate the different poses. That is, they 

had to update the sequence on robot B but match the actions to a demonstration on robot C. 

Children were asked to imitate each sequence three times (i.e., three trials). Three- to 5-year-olds 

received feedback from the experimenter following each trial. Following an incorrect trial, the 

experimenter said, “Oops! That’s not right!” Following a correct response which resulted in the 

final pose, regardless of order, the experimenter said, “That’s right!” Six- to 8-year-olds, and 

seven of the 5-year-olds who were tested on the longer protocol, did not receive feedback on the 

accuracy of their responses: following a response, the experimenter said, “OK, can you show me 

what I showed you again?” 

SST demonstration and test. Following the protocol developed by Subiaul et al. (2012), 

for each sequence, the experimenter faced the child and said, “Watch me!” and then proceeded to 
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touch pictures in the target sequence. After having touched all pictures in the correct order after 

the first demonstration, the computer played a 5 second clip of “Jumping Man” accompanied by 

clapping. While “Jumping Man” was playing, the experimenter turned back to the child, smiled, 

and said, “Yay, I found Jumping Man!” The experimenter repeated this procedure for two more 

trials (total of three demonstration trials) for each sequence. Immediately after the third and final 

demonstration, the experimenter faced the child and exclaimed, “Yay! I found Jumping Man! 

OK, now it’s your turn. Can you find Jumping Man?” The participants had three test trials for 

each sequence. After each press and test trial, children received feedback from the computer and 

the experimenter as to whether they were correct or incorrect. 

  

Robots Task Behavioral Results 

Coding 

All sessions were video recorded for later coding. Coders converted each video using 

Movavi Suite (https://www.movavi.com/) and ffmpegX (https://www.ffmpegx.com/) software to 

a format compatible with the Datavyu (http://datavyu.org/) software. Coding in Datavyu 

consisted of time-stamping each movement, indicating the piece, orientation, and any comments 

associated with the movement or the entire task. All statistical analyses were conducted in Stata 

16.0. 

Inter-coder reliability. In chapter 2 (Rusnak et al., submitted), a primary coder for each 

child and each test was designated, and inter-coder agreement on the piece and orientation (kpiece 

= .94, korientation = 0.97) were in the acceptable range, above .70 (Landis & Koch, 1977). The 

same coders were involved in coding for the present analyses. 
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Total correct movements score. The total number of correct pieces in the correct 

orientation at the end of the test phase.  

Pair score. This score refers to whether the child followed a correct sequence of two 

steps, with the maximum possible correct pair score depending on the pose (e.g., for a 2-step 

sequence, the maximum pair score = 1).  

Robots score. Following Rusnak et al. (submitted), we combined the total correct 

movements plus the number of pairs that children achieved for each pose to create a composite 

score. To further increase range and to assess performance overall between groups, we combined 

composite scores on each pose to create a total composite score (see also Heimann & Meltzoff, 

1996; Meltzoff, 1985; Strid, Tjus, Smith, Meltzoff, & Heimann, 2006). We divided the total 

composite score by the total possible maximum composite score to produce composite 

proportion scores, separately for each load for each age group. This composite proportion score 

is the “robots score.”  

 

Preliminary Analyses 

Because children were tested on multiple sequences and trials, this allowed us to create 

robots scores based on the tests that children completed. For all children, we calculated the 

robots score based on the trials they completed, out of the possible maximum score for that 

specific number of trials.  

For the robots task, children completed on average 94.43% of the total trials (SD = 

13.55%). Means for each age group, by load and order of the task, are presented in Table 3.1. For 

the 6- to 8-year-olds, we collapsed across 2- and 3-step sequences and across 4- and 5-step 

sequences, to create their low and high loads, respectively. For the low load, collapsed across 
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both age groups, the robots score ranged from .37 to .93 (M = .66, SD = .16) and was normally 

distributed with skewness of -.02 and kurtosis of 2.08. For the high load, collapsed across both 

age groups, the robots score ranged from .24 to .83 (M = .51, SD = .14) and was normally 

distributed with skewness of .17 and kurtosis of 2.63.  

Preliminary analyses including sex of the child, load (low, high), trial number (1, 2, 3), 

age group (3-5 years, 6-8 years), and order of the study were conducted. Order of the study 

denotes whether children had participated in the in-person condition (versus the video chat 

condition, chapter 4) first or second and was used to examine any possible practice effects. There 

were no effects or interactions involving sex of the child (lowest p = .11) or trial number (lowest 

p = .29), so these factors were not considered in further analyses.   

Did children learn the robots task? To assess whether children exhibited evidence of 

learning the robots task that was significantly above baseline, we conducted a mixed ANOVA 

that examined the effect of condition (baseline, experimental), load (low, high), order (in-person 

first, in-person second) and age (3-5 years, 6-8 years) with repeated measures across condition 

and load on the robots score. There was a significant main effect of age group, F(1, 28) = 10.33, 

p < .01, η2 = .27, a significant main effect of load, F(1, 28) = 29.08, p < .001, η2 = .51, and a 

significant main effect of condition, F(1, 28) = 77.52, p < .001, η2 = .74. There was also a 

significant load by condition interaction, F(1, 28) = 34.75, p < .001, η2 = .55, a significant 

condition by order interaction, F(1, 28) = 6.76, p < .05, η2 = .20, and a significant condition by 

load by order interaction, F(1, 28) = 5.64, p < .05, η2 = .17. To follow up on the load by 

condition interaction, paired samples t tests indicated a significant difference between the low 

and high loads of the test phase, t(31) = 7.04, p < .001, but not between the low and high loads of 

the baseline phase, t(31) = -.69, p = .50. To follow up on the condition by order interaction, an 
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independent samples t test indicated a significant difference between the baseline scores when 

the order of the in-person condition was first versus second, t(30) = -3.86, p < .001, suggesting 

there was a practice effect between sessions. There was one anomaly in the baseline where the 

baseline scores went up for the high load for the second order of the study, and this resulted in 

the 3-way interaction. Still, the overall baseline was fairly stable, and the experimental condition 

significantly exceeded baseline performance in both orders. Overall, these findings confirm that 

children performed significantly above baseline during the test phases, indicating that they 

learned the task. Based on these analyses, we will not include the baseline, however, we will 

include age, load, and order, as it entered interactions in the final analysis focused on the test 

phase.   

 

Table 3.1 

Robots scores (M, SD) by load, age, and order of the study 

 3-5 years 6-8 years 

Load Order 1 Order 2 Total Order 1 Order 2 Total 

Low .62 (.12) .62 (.22) .62 (.15) .70 (.17) .77 (.12) .74 (.15) 

High .47 (.12) .42 (.14) .46 (.12) .63 (.16) .56 (.10) .60 (.13) 

Baseline .26 (.13) .37 (.11) .29 (.13) .28 (.05) .47 (.10) .38 (.13) 

 

Multilevel Analysis 

 The final analysis was focused on the experimental group. Because the design of the 

study involves two loads per subject, we conducted a multilevel mixed effects model to account 

for the clustering of observations within subjects. Specifically, we conducted a random-effects 
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regression model with load (low or high) at level 1, age group (3-5 years or 6-8 years) at level 2, 

and the interaction term between load and age group. Order of the study, and the interaction term 

between order of the study and load, were also entered at level 2. We used a random intercept to 

allow for children’s average scores across loads to vary but entered the slope for load as fixed. 

There was a significant effect of load, such that children performed .14 higher in the low load 

compared to the high load. There was also a significant effect of age group, such that children in 

the 6- to 8-years group performed .11 higher than children in the 3- to 5-years group. The order 

factor, the load by age group, and the load by order interactions were non-significant. See Table 

3.2 for coefficients. 
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Table 3.2 

Summary of regression analysis for variables predicting the robots score 

  B SE 

Intercept .61 (.03) 

Load -.14** (.03) 

Age group .11* (.05) 

Order .03 (.05) 

Cross-level interaction     

Load*Age group .02 (.04) 

Load*Order -.09 (.04) 

Variance Components     

Level 1 variance .01 (.002) 

Level 2 variance .01 (.004) 

ICC .63   

Log likelihood 47.89   

*p  <  .05, **p < .001  

 

Note. Coefficients are unstandardized. Load was coded as low = 0 and high = 1. Order of the 

study was coded as in-person first = 0 and in-person second = 1. Group was coded as 3- to 5-

years = 0 and 6- to 8-years = 1.   

 

Spatial Sequencing Task Behavioral Results 

Coding 

         The computer automatically recorded the sequence of presses for each trial for each 

sequence. A coder then merged the data into an Excel template to automatically calculate trial 

accuracy. 

SST score. The protocol for score calculation corresponds with those used in previous 

publications using this paradigm (Subiaul et al., 2012; Subiaul, Lurie, et al., 2007; Subiaul, 



 

 

57 

Romansky, et al., 2007). Trial accuracy was measured as 1 or 0, meaning that the child 

completed the sequence accurately on the trial or not, respectively. We summed the trial 

accuracy for all trials for each load, separately, to create a trial accuracy composite score. We 

then divided by the total possible maximum trial accuracy composite score to produce a trial 

accuracy composite proportion score for each load: the “SST score.” 

 

Preliminary Analyses 

As with the robots task, because children were tested on multiple sequences and trials, 

this allowed us to create SST scores based on the tests that children completed. Thus for all 

children, we calculated the SST score based on the trials they completed, out of the possible 

maximum score for that specific number of trials. Three children did not have fNIRS data for 

SST, and therefore are not considered in behavioral analyses.   

Children completed on average 94.30% of the total trials (SD = 17.09%). Of these 

children, one child only completed 25% of the total trials for their age group; the trials they did 

complete were only for one load. Thus, this child was not included in the analyses, leaving the 

average completion rate of trials to be 96.78% (SD = 10.90).  

Means for each age group, by trial and load, are presented in Table 3.3. For the 6- to 8-

year-olds, we collapsed across 2- and 3-step sequences and across 4- and 5-step sequences, to 

create their low and high loads, respectively. For the low load, collapsed across both age groups, 

the SST score ranged from .33 to 1 (M = .84, SD = .18) with skewness of -1.31 and kurtosis of 

3.93. For the high load, collapsed across both groups, the SST score ranged from 0 to 1 (M = .44, 

SD = .29) with skewness of .39 and kurtosis of 2.28. 
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Preliminary analyses including sex of the child, load (low, high), trial number (1, 2, 3), 

age group (3-5 years, 6-8 years), and order of the study were conducted. There were no effects or 

interactions involving sex of the child (lowest p = .14) or order of the study (lowest p = .14), so 

these variables were not considered in further analyses.  

 

Test Phase Analyses 

 Load, trial number, and age group analysis. We conducted a 2 (load: low, high) x 2 (age 

group: 3-5 years, 6-8 years) x 3 (trial: 1, 2, 3) ANOVA on the SST score. The ANOVA yielded a 

main effect of load, F(1, 26) = 52.27, p < .001, η2 = .67, a main effect of age group, F(1, 26) = 

35.28, p < .001, η2 = .58, a main effect of trial number with the Greenhouse-Geisser correction, 

F(1.622, 42.16) = 5.45, p = .01, η2 = .17, and a load by age group interaction, F(1, 26) = 5.87, p 

= .02, η2 = .18. Children performed .50 higher in the low compared to the high load. There was a 

significant effect of age group, such that 6- to 8-year-olds performed .17 higher than the 3- to 5-

year-olds. There was also a significant load by age group interaction, such that the difference in 

the SST score between the low and high load was 0.26 higher in the 3- to 5-year-olds than the 6- 

to 8-year-olds. No other interactions were significant (lowest p = .62). The main effect of trial 

number was due to a difference between trials 1 and 3, and the interaction was due to a smaller 

difference between the low and high load means for the older group than for the younger group.  
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Table 3.3 

SST scores (M, SD) by age group and trial 

Age group Trial 1 Trial 2 Trial 3 Low load High load Total 

3- to 5-years .47 (.18) .53 (.14) .57 (.17) .77 (.20) .27 (.19) .52 (.3) 

6- to 8-years .78 (.14) .82 (.13) .86 (.13) .94 (.05) .70 (.20) .82 (.1) 

 

Note. Three- to 5-year-olds were tested on age-appropriate low and high loads, following chapter 

2. For 6- to 8-year-olds, low load collapses across 2- and 3-steps, and high load collapses across 

4- and 5-steps.  

 

Is Task Performance Related to Other Measures? 

In order to compare task performance on the robots task and SST to other variables, the 

composite scores for each task were correlated with each other and with parent report measures.  

Spatial Play. 28 parents reported on the frequency of their child’s play with puzzles, 

Legos, stacking toys, and Magna-Tiles. For each, parents responded whether their child engaged 

in play never, rarely, sometimes, often, or always. We converted each type of response to a 

number from 0 (never) to 4 (always) and summed across the responses for each type of toy to 

create a spatial play frequency score, with a possible total of 16. The spatial play frequency score 

ranged from 1 to 12 (M = 6.07, SD = 2.81) and was normally distributed with skewness of .01 

and kurtosis of 2.61.  

BRIEF-P. Out of 20 parents of 3- to 5-year-olds, 17 parents completed the questionnaire. 

We examined correlations between the total robots and SST scores with selected scales of the 

BRIEF-P, including inhibit, shift, working memory (WM), plan/organize, emotional control, 

flexibility (composed of the shift and emotional control scales), inhibitory self-control 
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(composed of emotional control and inhibit scales), emergent metacognition index (EMI, 

composed of the working memory and plan/organize scales), and the global executive composite 

scores (GEC, composed of all scales). A higher score on the BRIEF indicates worse executive 

functioning. Therefore, a negative correlation between the BRIEF-P scales and the robots task or 

SST should be interpreted as a direct correlation. 

In the correlation table (Table 3.4), we examine the correlations between the robots and 

SST scores, with the spatial frequency score and scores on the BRIEF-P scales. Note that the 

correlations in this table with BRIEF-P includes only the younger age group. As expected, 

BRIEF-P scores were highly correlated. The spatial frequency score was not correlated with 

either the robots or SST score. Of note, we found significant correlations between the robots 

score and the shift, r(14) = -.51, p < .05 (Figure 3.7), and flexibility, r(14) = -.53, p < .05, scales. 

SST was not correlated with any BRIEF-P factor or index.  

The correlation between the robots and SST scores, controlling for age group, was not 

significant, r(27) = .07, p = .70. However, there was an age-related change in learning on both 

the robots and SST task and so we plotted the data as a function of age group (see Figure 3.8). 

When only examining the correlation between scores for the older age group, there was a trend-

level, positive association, r(11) = .54, p = .07.  
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Table 3.4 

Correlation table 

Measure 1 2 3 4 5 6 7 8 9 10 11 

1. Robots 

score 

- - - - - - - - - - - 

2. SST score -.24 - - - - - - - - - - 

3. Spatial 

Freq 

-.06 -.15 - - - - - - - - - 

4. Inhibit -.43† .15 0.37 - - - - - - - - 

5. Shift -.51* .10 .06 .68*

* 

- - - - - - - 

6. WM -.37 .01 .20 .73*

* 

.64*

* 

- - - - - - 

7. 

Plan/organize 

-.45† .14 .16 .63*

* 

.63*

* 

.87*

** 

- - - - - 

8. Em Ctrl -.48† .07 0.11 .85*

** 

.68*

* 

.60* .59* - - - - 

9. ISCI   -

.46† 

.12 .27 .96*

** 

.70*

* 

.70*

* 

.64*

* 

.95*

** 

- - - 
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Table 3.4 (cont) 

Measure 1 2 3 4 5 6 7 8 9 10 11 

10. Flexibility -.53* .08 .06 .81*

** 

.91*

** 

.68*

* 

.66*

* 

.91*

** 

.89*

** 

- - 

11. EMI -.39 .06 .19 .71*

* 

.68*

* 

.96*

** 

.96*

** 

.61* .70*

* 

.71*

* 

- 

10. GEC -.48† .11 .19 .88*

** 

.81*

** 

.89*

** 

.88*

** 

.85*

** 

.89*

** 

.90*

** 

.92*

** 

†p< .10, *p < .05, **p < .01, *** p < .001 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.7. Scatter plot between the robots score and the shift scale of the BRIEF-P.  
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Figure 3.8. Scatter plot between the robots score and the SST score by age group.  

 

FNIRS Results 

Coding and Processing 

         Timestamps. Coders watched video recordings of the robots task and SST and marked 

the onsets and durations of the resting baselines, the random manipulation of the robots, the 

demonstration phases by the experimenter, and the test phases. Specifically, coders marked the 

onset and duration of each individual test trial. Durations did not include feedback given by the 

experimenter regarding accuracy of the child’s robots performance or feedback from the 

computer during SST when either the video of Jumping Man played during the demonstration or 

test phases or when the screen blacked out after an incorrect response by the child during the test 

phase. These onsets and durations were used to mark the events within the NIRS recordings.  

Preprocessing. Preprocessing and activation analyses were performed in Matlab using 

the AnalyzIR Toolbox (Santosa, Zhai, Fishburn, & Huppert, 2018). Raw signals were converted 
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to changes in optical density. Data were lowpass filtered and downsampled to 4 Hz. Correction 

for motion artifacts was performed using the Temporal Derivative Distribution Repair (TDDR) 

method, which uses a robust regression approach to reduce the magnitude of extreme 

fluctuations in the signal (Fishburn et al., 2018). Detrending was performed to remove possible 

slow drifting of the signal. Raw optical density signals were converted to hemoglobin 

concentration changes using the modified Beer–Lambert law (Cope & Delpy, 1988). 

Interpretations focused on the oxyHb (HbO) signal, rather than the deoxyHb (HbR) signal, as 

HbO has been shown to be more robust and have a higher signal-to-noise ratio (Hoshi et al., 

2001). 

FNIRS analyses. Activation was quantified by convolving the boxcar function for each 

task with the canonical hemodynamic response function (HRF) and submitting to a general linear 

model. To account for variability in the HRF, the temporal and dispersion derivatives were 

estimated. Following this, a weighted mixed effects model was used to model condition as a 

fixed effect and subject as a random effect. For each contrast, the false discovery rate (FDR) 

correction was used to control for multiple comparisons associated with having multiple 

channels (Benjamini & Hochberg, 1995). 

Analyses for the test phases included only trials that were completed correctly (regardless 

of order). That is, if the child received positive feedback from the experimenter, the trial was 

counted as correct for fNIRS analyses. We also calculated the mean length of time for children to 

complete a sequence correctly, for each age and load. Trials that were completed correctly but 

were completed either two standard deviations below or above this mean trial time were 

excluded. Finally, for the robots task only, we calculated the mean number of movements 

(correct and incorrect) for children to complete a sequence correctly, for each age and load. 
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Trials that were completed correctly but were completed with a number of movements two 

standard deviations above this mean number were excluded.  

 

Preliminary Analyses 

For the robots task, on average, the younger age group completed 50.08% of trials 

correctly (SD = 19.95), and the older age group completed 70.72% of trials correctly (SD = 

18.85). For the younger age group, of the total trials dropped, 91.35% were incorrect, an 

additional 5.29% were dropped because of outlier test time length, and the remaining 3.37% 

were dropped because of excessive movements. For the older age group, of the total trials 

dropped, 81.60% were incorrect, an additional 11.20% were dropped because of outlier test time 

length, and the remaining 7.20% were dropped because of excessive movements. 

For SST, on average, the younger age group completed 50.96% of trials correctly, (SD = 

14.64%), and the older age group completed 79.81% of trials correctly (SD = 13.18%). For the 

younger age group, of the total trials dropped, 98.83% were inaccurate and an additional 1.17% 

were dropped because of outlier test time length. For the older age group, of the total trials 

dropped, 87.65% were inaccurate and an additional 12.35% were dropped because of outlier test 

time length. 

 

Analytic Strategy 

         First, we examined whether the tasks elicited activation compared to the resting baseline, 

to see whether the tasks activated regions that were hypothesized to be involved in working 

memory. We examined activation separately for the demonstration and test phases compared to a 

resting baseline, collapsed across low and high loads, collapsed and separately for both age 
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groups. Next, we examined the effect of load, separately for the demonstration and test phases, 

collapsed and separately for both age groups. In each analysis, we used the contrast “high load – 

low load,” to examine the hypothesis that at age-appropriate levels of load, there would be 

greater activation during the high load than the low load.  

 For the robots task, there was one result when correcting for multiple comparisons; the 

remaining results presented are uncorrected. For SST, there was one result when correcting for 

multiple comparisons; the remaining results, as designated, were uncorrected. Given that these 

values are uncorrected, I chose to focus on comparisons of activation during the demonstration 

and test phases compared to resting collapsed across age and to compare activation across loads 

as a function of age. 

 

Robots 

 Is there greater activation while children observed the demonstration phase compared 

to resting baseline? There was an increase in oxy-hemoglobin concentration during the resting 

baseline compared to the demonstration phase in several channels of the bilateral PFC, collapsed 

across age groups, p < .01, FDR corrected (Figure 3.9). Because the resting baseline involved a 

staring contest game between the child and experimenter, it is possible that activation is due to 

this focused engagement and attention during this period.   



 

 

67 

 

Figure 3.9.  FNIRS activation for the demonstration phase – resting baseline contrast for 

HbO at p < .01, FDR corrected for the number of channels.    
 

Is there greater activation while children observed the demonstration phase during the 

high load compared to the low load? There was an increase in oxy-hemoglobin concentration 

during the high load demonstration phase compared to the low load demonstration phase in one 

channel of the left occipito-temporal area, collapsed across age groups, p < .01, FDR uncorrected 

(Figure 3.10). There were no channels active when separated by age group at p < .01, FDR 

uncorrected.   
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Figure 3.10. FNIRS activation for the high load demonstration phase – low load 

demonstration phase contrast for HbO at p < .01, FDR uncorrected for the number of 

channels.    

 

Overall, for the robots task, activation patterns during the demonstration phase did not 

differ very much from the resting phase. This lack of differences may be due to the fact that 

children played a game (a staring contest) with the experimenter during the resting phase, which 

may have activated similar regions as were activated when children observed the actions during 

the demonstration phase. However, during the high load compared to the low load phase, where 

more complex sequences were demonstrated, not surprisingly there was more activation (at 

uncorrected levels) in the occipito-temporal region, consistent with research indicating this 

region’s involvement in holding visual stimuli in short-term memory. 

Is there greater activation while children performed the correct actions during the test 

phase compared to resting baseline? There was an increase in oxy-hemoglobin concentration 

during the test phase compared to the resting baseline in two channels of the left dlPFC, 

collapsed across age groups, p < .01, FDR uncorrected (Figure 3.11), consistent with prior 
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research which indicates recruitment of dlPFC during a working memory task compared to a 

resting baseline. 

 

 

Figure 3.11. FNIRS activation for the test phase – resting baseline contrast for HbO at p < 

.01, FDR uncorrected for the number of channels.  
 

Is there greater activation while children performed the correct actions during the high 

load compared to the low load, during the test phase? For the test phases, when collapsed 

across age groups, there was an increase in oxy-hemoglobin concentration during the low load 

test phase compared to the high load test phase in one channel of the left medial parietal area, p < 

.05, FDR uncorrected (Figure 3.12, top panel). For the younger age group, in addition to the 

medial parietal channel, there was an increase in oxy-hemoglobin concentration during the high 

load test phase compared to the low load test phase in two channels of the PFC, p < .05, 

uncorrected (Figure 3.12, middle panel). Finally, for the older age group, there was an increase in 

oxy-hemoglobin concentration during the low load test phase compared to the high load test 

phase in two channels of the left occipito-temporal region, or possibly intraparietal sulcus, p < 

.05, uncorrected (Figure 3.12, bottom panel). In an fMRI study, Renner and colleagues (2018) 
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found activation in the intraparietal sulcus (IPL) when adults were observing demonstration of 

the SST sequences. They suggested that the IPL may be specialized for the vicarious learning of 

spatial sequences. While the increased bilateral dlPFC activation is consistent with predictions 

regarding greater recruitment of PFC areas with greater load, the activation patterns within 

occipito-temporal areas and medial, posterior parietal areas are inconsistent with our load-

dependent hypotheses. It is possible that because of fewer correct trials during the high load, 

there were power issues and thus the analyses could not capture consistent load-related 

differences when the sample was divided by age groups.  

 

 

 

Figure 3.12. FNIRS activation for the high load test phase – low load test phase contrast for 

HbO at p < .05, FDR uncorrected for the number of channels. 
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Spatial Sequencing Task 

Is there greater activation during the demonstration phase while children observed the 

sequences compared to resting baseline? There was an increase in oxy-hemoglobin 

concentration during the demonstration phase when children observed the sequences compared 

to the resting baseline in one channel in the right dlPFC, collapsed across age groups, p < .10, 

FDR corrected (Figure 3.13). This result is consistent with our hypothesis that the task would 

engage working memory areas when compared to a resting baseline.  

 

Figure 3.13. FNIRS activation for the demonstration phase – resting baseline contrast for 

HbO at p < .10, FDR corrected for the number of channels. 
 

Is there greater activation during the high load compared to the low load during the 

demonstration phases? There was an increase in oxy-hemoglobin concentration when children 

observed high load sequences compared to the low load sequences during the demonstration 

phase in two channels in the left dlPFC, in the older age group, p < .10, FDR corrected (Figure 

3.14). When collapsed across age groups, and when only looking at the younger age group, there 

were no significant channels at p < .10, FDR corrected. For older children especially, more 
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activation in the dlPFC occurred during the demonstration phase compared to rest and at higher 

loads compared to lower loads, consistent with our load hypotheses.  

 

 

Figure 3.14. FNIRS activation for the high load demonstration phase – low load 

demonstration phase contrast for HbO at p < .10, FDR corrected for the number of 

channels. 

 

Is there greater activation while children performed correct sequences during the test 

phase compared to resting baseline? There was an increase in oxy-hemoglobin concentration 

during the test phase, collapsed across all loads, compared to the resting baseline in two channels 

in the left and right PFC, collapsed across age groups, p < .01, uncorrected (Figure 3.15). Again, 

this result is consistent with our predictions and prior research which indicates involvement of 

prefrontal areas in working memory, including superior frontal areas in VSWM.  
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Figure 3.15. FNIRS activation for the test phase – resting baseline contrast for HbO at p < 

.01, uncorrected for the number of channels. 

 

Is there greater activation when children performed correct sequences during the high 

load compared to the low load during the test phase? For the test phases, there was an increase 

in oxy-hemoglobin concentration during the high load of the test phase compared to the low load 

of the test phase in one channel in the left PFC, collapsed across age groups, p < .05, FDR 

uncorrected (Figure 3.16, top panel). For the older age group, there was an increase in oxy-

hemoglobin concentration during the high load of the test phase compared to the low load of the 

test phase in several PFC and parietal channels, p < .05, FDR uncorrected (Figure 3.16, middle 

panel). For the younger age group, there was an increase in oxy-hemoglobin concentration 

during the high load of the test phase compared to the low load of the test phase in one channel 

of the parietal area, p < .05, FDR uncorrected (Figure 3.16, bottom panel). There was also an 

increase in oxy-hemoglobin concentration during the low load of the test phase compared to the 

high load of the test phase in two channels of the right PFC, p < .05, FDR uncorrected (Figure 

3.16, bottom panel). The increase in activation during high load compared to low load within 

dlPFC, superior frontal, and parietal areas is consistent with our hypotheses of greater activation 

during the high load compared to the low load. For the younger group, practically, again, it is 

possible that because of fewer correct trials during the high load, there were power issues and 
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thus the analyses could not capture load-related differences when the sample was divided by age 

groups. See Table 3.5 for a summary of fNIRS results for the robots task and SST. 

 

 

 

 

 

Figure 3.16. FNIRS activation for the high load test phase – low load test phase contrast for 

HbO at p < .05, FDR uncorrected for the number of channels. 

 

 

 

 

 

 



 

 

75 

Table 3.5  

 

Summary of fNIRS activation for each task and contrast  

 
 Robots SST 

Demonstration phase –  

resting baseline 

Greater activation in bilateral 

PFC during resting than 

demonstration 

Greater activation in right lateral 

PFC during demonstration than 

resting 

High load demonstration 

phase – low load 

demonstration phase 

Greater activation in left 

occipito-temporal region during 

high than low load 

Greater activation in left lateral 

PFC during high than low load 

Test phase – resting baseline Greater activation in left lateral 

PFC during test than resting 

Greater activation in bilateral 

PFC during test compared to 

resting 

High load test phase – low 

load test phase 

Greater activation in left parietal 

region during low than high load 

Greater activation in left lateral 

PFC during high than low load 

 

 

 

Discussion 

 

 The present study contributes to our understanding of load-related differences in 

performance in two working memory tasks as well as neural activation patterns associated with 

this performance. First, we examined neural activation during in-person interactions between 

young children and experimenters. We tested children on a novel VSWM, 3D object sequencing 

task—the robots task—and on a tablet-based, 2D spatial imitation task—SST—which have not 

been used in neuroimaging studies with young children before. We examined behavioral 

performance and neural activation patterns associated with both the demonstration and the test 

phases of the tasks.  

Consistent with our behavioral hypotheses, and replicating the results of chapter 2 

(Rusnak et al., submitted), we found that children performed above baseline on the robots task, 

indicating that children were able to learn the task. We also found age- and load-related 

differences in performance, such that on both the robots task and SST, older children performed 
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better than the younger children, and all children performed better on the low loads than on the 

high loads. Furthermore, we found an age by load interaction in SST, such that the difference 

between the low and high load was smaller in the older children than in the younger children. We 

also found an effect of trial number on SST performance—children performed better as trials 

went on, but the fact that this did not interact with age or load indicates that across ages and 

across loads, all children performed better as trials progressed. This trial effect is consistent with 

the design of the task. SST provides children very specific feedback: Children must achieve the 

correct order of the sequence to receive positive feedback. Our results indicate that when 

children received feedback that their response was incorrect, they integrated this feedback on 

following trials and performed a different order of the sequences. On the other hand, the 

feedback on the robots task does not include specific information related to the order of the 

sequence, and we did not see an effect of trial on the robots task. Children only received 

feedback on the accuracy of their final pose, regardless of order. Thus, our results indicate that 

when children received positive feedback, even with an incorrect order, they continued to 

perform that order on following trials of the same sequence: Their composite proportion scores, 

composed of correct actions plus correct pairs of actions, did not improve or worsen across trials. 

Furthermore, older children received no feedback on the robots task, at all. Taken together, our 

findings replicate load-related findings of prior results (Rusnak et al., submitted; Subiaul & 

Schilder, 2014; Subiaul et al., 2015a), and extend the age range with which these tasks can be 

used.   

Finally, although it was a small sample size of younger children, we found significant 

associations between performance on the robots score and the shift and flexibility scales of the 

BRIEF-P. The shift subscale assesses children’s ability to move from one situation, activity, or 
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aspect of a task to another as the situation changes, and to solve problems flexibly. Although a 

speculative interpretation, especially given the small sample size, it is possible that children used 

strategies to solve the robots task (e.g., naming the final pose to resemble something familiar, “a 

dog” or “the robot is flying”). Furthermore, the robot used during the demonstration and test 

phases differed on perceptual features, so children needed to generalize across features, a 

property of memory flexibility.  

For the neural activation patterns, we hypothesized frontal and parietal regions would be 

activated in task demonstration or performance compared to rest, as well as greater activation in 

frontal and parietal regions during demonstration or performance of high loads compared to low 

loads. When corrected for multiple comparisons, two main findings emerged: For SST, there was 

greater activation in one right dlPFC channel during the demonstration phase compared to the 

resting baseline (collapsed across age groups), as well as greater activation in two left dlPFC 

channels during demonstration of the high load compared to the low load (for the older age 

group, only). These findings are consistent with our hypotheses of engagement of frontal areas 

during a working memory task and during observation of higher memory load compared to lower 

memory load sequences. This load-dependent increase in activation in older children only may 

be due to practical power issues within the younger dataset, as discussed below. Finally, our 

analyses revealed significant differences in activation between the demonstration and resting 

baseline phases of the robots task. While this is inconsistent with our hypothesis that the task 

would activate frontal areas compared to the resting baseline, it is possible that our resting 

baseline activation reflects processing as children engaged in a staring contest game with the 

experimenter. This game was included to motivate children to stay still as fNIRS collected 

resting data, but the attention and focus required in this task may have invalidated this period as a 
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proper comparison for the working memory task for the demonstration phase. We would still 

expect that observing sequences of the robots task would engage these areas, but perhaps the 

greater activation during the baseline reflects enhanced attention due to motivation to ‘win’ the 

staring contest against the experimenter (Engelmann, Damaraju, Padmala, & Pessoa, 2009).  

While no other results were significant at corrected values, we explored neural activation 

patterns at uncorrected values. For both tasks, we found greater activation in PFC channels 

during the test phase compared to the resting baseline. Specifically, for the robots task, there was 

greater activation in two channels of the left dlPFC during the test phase compared to resting 

baseline, collapsed across age groups. For SST, there was also greater activation in two PFC 

channels, one left PFC and one right dlPFC channel, during the test phase compared to the 

resting baseline. For load-related differences during the test phases, in the robots task, when data 

was collapsed across age groups, there was greater activation in the low load compared to the 

high load in one channel in the left parietal region. When separated by age groups, younger 

children had greater activation in PFC channels, one left and one right, during the high load 

compared to the low load. In SST, collapsed across age groups, there was greater activation in 

one left dlPFC channel during the high load compared to the low load; for the older children, 

there was greater activation in one right dlPFC channel and two left PFC channels. For the 

younger children, there was activation in PFC channels, one right dlPFC and one left PFC, 

during the low load compared to the high load. Taken together, our findings generally 

demonstrate load-related recruitment of lateral PFC regions, as well as task-related recruitment 

of these regions, given the greater activation during observation or performance of the task, 

compared to a resting baseline period.  



 

 

79 

The present study contributes to the growing, but still limited, literature on neural 

activation patterns associated with working memory in younger children. Because of the 

difficulty of using fMRI with younger children, a number of recent studies have used fNIRS to 

assess cortical activation during working memory tasks (Buss et al., 2014; Perlman et al., 2015; 

Tsujii et al., 2009; Tsujimoto et al., 2004). Although fNIRS has poorer spatial resolution than 

fMRI—so interpretations as to the precise spatial locations of neural activation must be made 

with caution—fNIRS does allow children to sit upright and engage in face-to-face interactions; 

this presents a more naturalistic context for studying imitation learning and working memory, 

which we used to our advantage in the present study. While prior fNIRS studies with young 

children have demonstrated greater activation in frontal and parietal regions during higher than 

lower loads, these studies only measured neural activation from these specific regions, which 

limits our understanding of the regions that may be involved in different types of working 

memory in young children. This is particularly important for developmental investigations of 

working memory, as it has been suggested that working memory may be supported by a more 

diffuse network of regions in early childhood (Bell & Wolfe 2007; Durston et al., 2006; Geier et 

al., 2009; Perlman et al., 2014; Scherf et al., 2006). In the present study, we measured whole 

cortical activation to address this limitation, yet, importantly, we mainly observed activation in 

the hypothesized frontal regions. Because of this, we are able to rule out that other regions (not 

measured in prior work) are involved in VSWM and spatial working memory tasks. Future 

analyses will focus on regions of interest that emerged in our whole brain analysis, as the whole 

brain correction may have been too stringent to detect findings at corrected levels of 

significance.  

https://www.mitpressjournals.org/doi/full/10.1162/jocn_a_00824?casa_token=qU6w-B36MCkAAAAA:ZryciyjmUFDKkbwvzAgodcw2grFPRx6oxeTQ21zuxWmOvgxYLsXz-sGVOf4e01UKqLiv0v6j5A
https://www.mitpressjournals.org/doi/full/10.1162/jocn_a_00824?casa_token=qU6w-B36MCkAAAAA:ZryciyjmUFDKkbwvzAgodcw2grFPRx6oxeTQ21zuxWmOvgxYLsXz-sGVOf4e01UKqLiv0v6j5A
https://www.mitpressjournals.org/doi/full/10.1162/jocn_a_00824?casa_token=qU6w-B36MCkAAAAA:ZryciyjmUFDKkbwvzAgodcw2grFPRx6oxeTQ21zuxWmOvgxYLsXz-sGVOf4e01UKqLiv0v6j5A
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Furthermore, prior studies are mixed with respect to the lateralization of activation, likely 

due to lateralization emerging during early childhood. The nature of the robots task and SST 

were also complex. In a prior fMRI study of 7- to 12-year-olds and adults, activation was left 

lateralized for verbal working memory, but right lateralized for spatial working memory 

(Thomason et al., 2009). In an fNIRS study with a younger population of 5- to 7-year-olds, 5-

year-olds did not demonstrate this lateralization, but 7-year-olds did (Tsujii et al., 2009). Our age 

groups collapse across years, potentially masking important developmental differences. Future 

work with greater sample sizes at different ages are needed to clarify this issue. The proof of 

concept that both the robots task and SST are feasible in this age range make them promising 

avenues to address this question in future research.   

The present study does have a number of limitations. One limitation of the present study 

may be a power issue related to the number of correct trials that could be included in the 

analyses. Specific load-related inconsistencies in activation patterns, particularly when divided 

by age groups, may practically be due to power issues related to the number of correct trials that 

could be included in the analyses. Because children performed more low load trials correctly 

than high load trials, it is possible that this was reflected in greater activation during the low 

loads than the high loads. Despite this, the fact that our analyses only reveal activation in 

hypothesized frontal and parietal areas, and occipito-temporal regions that may be related to 

holding visual stimuli in short term memory (Deprez et al., 2013; Song & Jiang, 2006), suggest 

that these tasks are engaging hypothesized regions.  

A second limitation was the small number of children tested at each age. Although we 

tested a wide age range, our sample size was not large enough to examine specific associations 

between behavioral performance, neural activation, and age in years. Thus, we could not 
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examine how performance or activation varied with age in years as a continuous measure, and 

instead could only examine activation in two discrete age groups. Prior work has demonstrated 

age-related differences in frontal and parietal activation. For example, 4-year-olds demonstrated 

a more robust parietal response compared to 3-year-olds in a change detection task (Buss et al., 

2014). Activation strengthens with age (Smith et al., 2017), and although the present findings 

also hint at such age-related change when we examined activation patterns collapsed and divided 

by age groups, we did not directly contrast younger and older age groups. While we achieved the 

goal of developing the robots task that parametrically manipulates working memory in the same 

way across age (Rusnak et al., submitted) to examine whether differences in activation are due to 

age- or load-related differences (Kharitonova et al., 2015), we did not have enough children in 

each age group to be able to examine neural activation patterns between 3-, 4-, and 5-year-olds to 

test if patterns were similar because the load associated with the task is equivalent, or whether 

patterns would differ as a function of age. Future research should collect larger sample sizes at 

each age to examine neural activation as it scales with age.  

In fMRI studies, maintenance and manipulation of information during working memory 

tasks is positively correlated with structural and functional connectivity between PFC and 

parietal regions (Nagy, Westerberg, & Klingberg, 2004; Oleson et al., 2003), specifically the 

DLPFC (Haberecht et al., 2001; Petrides, 1994). A prior study with fNIRS demonstrated 

increased connectivity between frontal and parietal regions during the n-back task (Fishburn et 

al., 2014). We plan to conduct functional connectivity analyses and predict connectivity between 

frontal and parietal regions during the test phase. In future research, it will be particularly 

important to test whether connectivity increases with age and if strength of activation increases 

with age. Additionally, because we tested children on multiple trials of sequences in both tasks, 
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we were able to examine effects of trial, but future analyses could also examine perseveration 

rates in behavioral performance and its relation to neural activation patterns. Finally, future 

analyses will also examine the relation between individual behavioral performance on these tasks 

and activation patterns. We found that in the older age group, behavioral performance was 

correlated across the two tasks. We predict that these analyses would reveal that better, 

individual performance on these tasks is positively associated with activation (Buss et al., 2014).  

 The present study adds to the growing literature on the development of working memory 

across early childhood and the associated brain regions. Age- and load-related differences in 

working memory indicate that the two tasks are appropriate: Performance decreases as load 

increases, and older children perform better than younger children. Children learn during the 

robots task compared to the resting baseline, and children learn across sequences of SST as they 

receive specific feedback. Both tasks activate hypothesized frontal and posterior—including 

parietal and occipito-temporal—regions. Thus, both tasks are appropriate for working memory 

development investigation and feasible to use in a neuroimaging context with a wide age range. 

Taken together, the tasks and design of the present study hold promise for examining multiple 

open questions in the field of working memory development across the early years.  
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CHAPTER IV: IMITATION LEARNING AND FNIRS ACTIVATION DURING IN-PERSON 

AND VIDEO CHAT INTERACTIONS 

 

Introduction 

 

Children under the age of 8 years spend approximately two hours each day with digital 

media, including television (TV), tablets, and mobile devices (Rideout, 2017). Access to 

interactive digital media including interactive mobile applications (apps) increased from 38% in 

2011 to 84% in 2017 for children under 8 years of age (Rideout, 2017). Some studies have 

reported that as many as one-third of children under the age of 6 years use video chat at least 

once per week (McClure, Chentsova-Dutton, Barr, Holochwost, & Parrott, 2015; Tarasuik & 

Kaufman, 2017), and many parents of infants and toddlers report video chat experiences as an 

exception to their screen time or media rules (Ames, Go, Kaye, & Spasojevic, 2010; McClure et 

al., 2015). Other study estimates are lower (Rideout, 2017). These patterns changed for everyone 

during the coronavirus pandemic, when young children used video chat for social connection and 

distance education during social distancing and stay at home orders (Schwartz, 2020). Given 

how quickly the digital media landscape has evolved and will surely continue to evolve post-

pandemic, children’s experiences with and learning from video chat have not been extensively 

researched (Barr & Linebarger, 2017; but see Myers, LeWitt, Gallo, & Maselli, 2017; Roseberry, 

Hirsh-Pasek, & Golinkoff, 2014; Tarasuik, Galligan, & Kaufman, 2011; Tarasuik, Kaufman, & 

Galligan, 2013). Furthermore, research has not yet investigated the neural mechanisms 

associated with learning from media or social connection via media, with almost none at all 

comparing video chat with in-person interactions.  

Young children learn better from socially contingent than non-contingent media (Myers 

et al., 2017; Roseberry et al., 2014). Social contingency is the appropriate (Bornstein, Tamis-

LeMonda, Hahn, & Haynes, 2008; Hoff, 2006; Tamis-LeMonda, Kuchirko, & Song, 2014) and 
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timely (Beebe et al., 2010) back-and-forth manner of response that is characteristic of in-person 

interactions. Video chat allows for social contingency to be included in digital media and has 

been used to test children’s transfer of learning from screens to the real world. For example, 

Roseberry and colleagues (2014) taught 24- to 30-month-olds novel verbs in one of three 

conditions: in-person interaction, socially contingent video chat, or non-contingent video. While 

toddlers learned less from the non-contingent video than the in-person interaction, performance 

was comparable in the in-person interaction and socially contingent video chat conditions. In 

another study, 12- to 25-month-olds were randomly assigned to either a socially contingent video 

chat or a non-contingent video condition (Myers et al., 2017). Every day for a week, children 

learned novel words and actions, as well as patterns in a book reading task, via video chat or 

from the non-contingent video. After a week of daily training and interaction, children were 

tested on preference and recognition of the partner (compared to an unfamiliar experimenter), the 

novel words and actions, and the patterns associated with the book reading task. Compared to 

children assigned to the non-contingent video condition, children in the video chat condition 

preferred and recognized their partner, learned more novel patterns associated with the book, and 

the oldest children (22- to 24-month-olds) learned more novel words. Social contingency, via 

video chat, might help children draw a connection between dimensions and focus on the 

informational value of the content presented on a screen (Krcmar, 2010; Nielsen, Simcock, & 

Jenkins, 2008).  

Though social contingency in digital media supports transfer of learning, young children 

demonstrate a transfer deficit, learning less from two-dimensional (2D) sources (e.g., picture 

books, touchscreens, TV) than they do from in-person interactions (Anderson & Pempek, 2005; 

Barr, 2010, 2013; Hipp, Gerhardstein, Zimmermann, Moser, Taylor, & Barr, 2017). For 
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example, in Troseth and colleagues’ (2006) study, 2-year-olds who were given the opportunity to 

engage in a five-minute video chat interaction with the experimenter prior to the hiding event 

were able to locate the object during the retrieval event. In this case, the retrieval rate following 

the video chat interaction was statistically equivalent to the retrieval rate following the in-person 

interaction; however, it was still somewhat reduced, with a 77% errorless retrieval rate following 

the in-person interaction and a 69% rate following the video chat interaction. Transfer of 

learning can be tested via imitation paradigms, in which an experimenter first demonstrates a 

sequence of actions (i.e., the encoding phase), and then children are tested to see if they can 

reproduce the sequence of actions (i.e., the retrieval phase). Imitation tasks are ideal to measure 

transfer of learning because the retrieval phase can occur in a different context than encoding, 

requiring the child to transfer learning from the encoding context to the retrieval context (Barr, 

2013; Hipp et al., 2017). As with transfer studies testing other domains (e.g., language, object 

retrieval; Myers et al., 2017; Roseberry et al., 2014; Troseth et al., 2006), for infants and 

toddlers, the ability to imitate from non-contingent video lags behind their ability to learn from 

an in-person demonstration of the same action (Barr & Hayne, 1999; Barr, Muentener, & Garcia, 

2007; Barr & Wyss, 2008; Dickerson et al., 2013; Hayne, Herbert, & Simcock, 2003). Transfer 

performance is moderated by the degree of match between encoding and retrieval contexts. Zack 

and colleagues (2009) found that the transfer deficit is bidirectional, such that 15-month-olds not 

only had difficulty transferring learning from 2D to three-dimensional (3D) sources, but also vice 

versa from 3D to 2D contexts. However, when encoding and retrieval both occur within a 2D 

context, children can learn. Taken together, children’s ability to transfer learning between 

dimensions improves when the contexts match. It is possible that non-matching cues are 
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distracting, so other factors such as social contingency introduced via video chat and interactivity 

introduced via tablet games may help draw attention to the important information to encode.   

 Individual factors such as children’s age, use of interactive versus non-interactive media 

in the past (Kirkorian & Choi, 2017), and use of interactive apps during the transfer task itself 

(Kirkorian, Choi, & Pempek, 2016) influence transfer success. Kirkorian and Choi (2017) asked 

parents of 2-year-olds to report the number of minutes that children spent the previous day on 

interactive and non-interactive media. Toddlers’ naturalistic experience with interactive, but not 

non-interactive, media predicted their performance on screen-based object-retrieval tasks in the 

laboratory. Specifically, children who had more prior experience with interactive media 

performed better on the tasks. This association held regardless of whether children were tested in 

interactive or non-interactive video conditions. Experience with one type of transfer task also 

influences later performance: For example, 2.5-year-olds who were tested on an easier transfer 

task and then were tested on a more difficult transfer task performed better than those who were 

only tested on the difficult transfer task (DeLoache, Simcock, & Marzolf, 2004). Children who 

performed well on the easy task were also more likely to perform well on the more difficult task. 

These findings are consistent with prior research that has found that naturalistic screen media 

experience supports later screen-based learning (Troseth, Casey, Lawver, Walker, & Cole, 

2007). Troseth and colleagues (2007) tested whether 2-year-olds’ naturalistic experiences with 

video and photographs, as reported by parents, predicted their use of video and pictures for 

information in laboratory tasks. The strongest predictors of task success involved children’s 

exposure to a contingent video, specifically, seeing themselves on their parents’ camcorder 

screens and on store security monitors. Older children may be more successful on transfer of 

learning tasks because they have greater experience understanding that the contents of 2D 
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sources symbolize real things in the real world. Video chat may function similarly to these older 

technologies (e.g., camcorder, security monitor) as children are able to see themselves on the 

screen as well, and as they are able to experience a socially contingent interaction with another 

person via the screen.   

 The type of interactivity that is most beneficial for learning differs by age. Kirkorian and 

colleagues (2016) taught 24- to 36-month-olds novel words in one of three conditions: a non-

interactive video in which an actress on the tablet screen labeled an object in a box, a general 

interactive condition that required children to touch anywhere on the screen after the object was 

labelled to see it, and a specific interactive condition that required children to touch the box on 

the screen after the object was labelled to see it. This specific interactive condition draws 

children’s attention to information via deliberate responses to the target information (Kuhl, 

2007). Younger 2-year-olds learned best from the specific touch interactive condition, whereas 

older 2-year-olds learned best from the non-interactive video when they were tested with 3D 

objects. It is possible that while interactivity supported attention so that younger children could 

encode relevant information, the interactive features were distracting for the older children. 

 The developmental trajectories of brain networks that are associated with learning from 

non-interactive versus interactive media in studies with adults may help explain these age-

specific effects. The default mode network (DMN) is activated during non-interactive video 

viewing in adults (Anderson, Fite, Petrovich, & Hirsch, 2006) and is still developing in early 

childhood (Fair et al., 2008; Gao et al., 2009). Thus, in younger children, when the DMN is still 

developing, learning from non-interactive video might be particularly difficult. However, in tasks 

that require focused attention and responses, the DMN is deactivated while the dorsal attention 

network (DAN) is activated (Kwon, Watanabe, Fischer, & Bartels, 2017; Lin et al., 2016). 
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Anderson and Davidson (2019) suggested that interactive media supports learning in tasks where 

the child has to focus on specific associations, and thus frontal and parietal regions, including the 

DAN, might be activated during interactive media use.  

While neural activation during non-interactive and interactive media use has not yet been 

directly tested in children, there is evidence of differential neural processing of non-contingent 

video compared to in-person demonstrations in infants (Shimada & Hiraki, 2006), toddlers 

(Ruysschaert, Warreyn, Wiersema, Metin, & Roeyers, 2013), children (Moriguchi & Hiraki, 

2014), and adults (Carver et al., 2006; Järveläinen et al., 2001; Perani et al., 2001). Using 

functional near infrared spectroscopy (fNIRS), Shimada and Hiraki (2006) found that 6- to 7-

month-olds exhibited sensorimotor activation when observing a demonstrator acting on objects 

but not when observing objects that were manipulated by an invisible demonstrator during an in-

person demonstration condition. However, infants exhibited sensorimotor activation when 

observing video demonstrations of both action and object motions, suggesting that infants did not 

discriminate between body movement and object movement in the video demonstration. 

Furthermore, an EEG study of 18- to 36-month-olds found mu suppression when children 

viewed actions demonstrated in-person and when children imitated actions that had been 

demonstrated in person, but not demonstrated via video (Ruysschaert et al., 2013). As mu 

suppression is thought to index mirror neuron firing, to allow the mapping of behaviors from self 

to other (Cuevas, Cannon, Yoo, & Fox, 2013), this suggests that children were not able to map 

information that had been demonstrated over video to the real world as they had done from the 

in-person demonstration (Ruysschaert et al., 2013). Finally, in 5- and 6-year-olds, despite similar 

behavioral performance between conditions, there was less activity in the left primary motor 

cortex (and greater occipital activity) during observation of a video versus an in-person 
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demonstration as indexed via fNIRS (Moriguchi & Hiraki, 2014). Taken together, mu 

suppression and less sensorimotor activation during video compared to in-person demonstrations 

may indicate a disruption of the human mirror neuron functioning, or more simply associative 

learning (Dickerson et al., 2017). Specifically, the lack of contingency from video may disrupt 

spatial and temporal information, and so the video may not be perceived as relevant to children’s 

ongoing activities. As associative learning is supported by sensorimotor learning that is achieved 

through social interactions (Heyes, 2010), interactive experiences with media—such as social 

interactions over video chat or experiences with interactive apps—may support associative 

learning. In this way, experiences with interactive media may enhance transfer learning 

(Kirkorian & Choi, 2017; Kirkorian et al., 2016) by focusing children’s attention on relevant 

information and by supporting associative learning. However, the neural activation patterns 

associated with learning from video chat interactions and how they compare to in-person social 

interactions are unknown. 

While the transfer deficit is seen with imitation tasks until children are at least 3 years of 

age (Dickerson, Gerhardstein, Zack, & Barr, 2013; Hayne et al., 2003; McCall et al., 1977; 

Moser et al., 2015; Zelazo, Sommerville, & Nichols, 1999), it may persist if the memory load of 

the learning situation increases. In non-transfer tasks, imitation performance is poorer when there 

are more items of the sequence to remember (Barr et al., 2016; Subiaul & Schilder, 2014; 

Subiaul et al., 2015a). Furthermore, increasing memory load in non-imitation tasks places 

additional demands on frontal and parietal networks (Buss, Fox, Boas, & Spencer, 2014; 

Perlman, Huppert, & Luna, 2015). Increasing memory load via the number of items to imitate 

might hinder transfer performance for children older than 3 years of age. In fact, while prior 

research has not directly tested whether the transfer deficit persists in older children, the extent of 



 

 

90 

the deficit does depend on task complexity (Learmonth, Lui, Janhofer, Barr, & Gerhardstein, 

2019; Reiß, Krüger, & Krist, 2019; Tarasuik, Demaria, & Kaufman, 2017). Early childhood is 

characterized by memory specificity, such that it is difficult for young children to retrieve cues in 

a context that is different from the encoding context (Barr, 2013). As transfer of learning requires 

reconciling cues that are often perceptually impoverished in 2D sources with those that are richer 

in detail in 3D contexts, children must keep both representations in mind simultaneously 

(Troseth, 2010). Furthermore, to transfer learning across multiple instances, children must update 

representations and ignore outdated information (Munakata, 2001). Working memory may help 

children reconcile contextual mismatch (Barr, 2013; Barr et al., 2016) and ignore outdated 

representations (Troseth, 2010) to successfully update representations for subsequent trials in 

transfer of learning tasks. In fact, toddlers’ working memory predicted transfer success in prior 

studies (Choi, Kirkorian, & Pempek, 2018; Hartstein & Berthier, 2018), and transfer 

performance decreased across trials, due to perseveration to what was previously correct 

(Schmitt & Anderson, 2002). Taken together, these findings suggest that added memory load 

may hinder children’s ability to transfer learning. Because prior studies have demonstrated 

greater frontal and parietal activation with greater working memory demands (Buss et al., 2014; 

Perlman et al., 2015), it is possible that the combination of a transfer task and greater memory 

load may be associated with poorer transfer performance and greater frontal and parietal 

activation.  

In the present study, we manipulated memory load of the transfer situation by varying the 

number of items to remember in two imitation tasks. We examined learning during in-person and 

video chat interactions while cortical activation was measured via fNIRS. FNIRS is a non-

invasive technique for recording cortical hemodynamic activity. Because children rapidly learn 
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by imitation, it is possible to collect multiple trials while collecting neuroimaging data. We tested 

4- to 5-year-old children on low (i.e., easy) and high (i.e., difficult) memory load sequences that 

were parameterized for their age (see Rusnak et al., submitted; chapter 2). Six- to 8-year-olds 

were tested on a range of memory load sequences. We hypothesized that children would 

remember comparable, easy sequences during both video chat and in-person interactions; 

however, we hypothesized poorer imitation performance following difficult sequences during 

video chat than in-person interactions. Based on prior findings (chapter 3), we also predicted 

age-related differences in performance, such that the older age group would perform better than 

the younger age group. Because the two tasks activated frontal and parietal regions (Rusnak et 

al., submitted, chapter 3), we hypothesized greater activation of frontal and parietal regions 

during the video chat condition compared to the in-person condition. Children were tested on a 

3D object sequencing task (the robots task; Rusnak et al., submitted, chapter 3) as well as a 

touchscreen sequencing task (the spatial sequencing task, SST; Subiaul, Anderson, Brandt, & 

Elkins, 2012; Subiaul & Schilder, 2014). Thus, for the robots task, during the video chat 

condition, children viewed a 2D demonstration of the robots sequences and then were tested on 

the 3D robots; this involved a transfer from a 2D image to a real object. For SST, it is a tablet 

task so in the video chat condition, children viewed a 2D image and transferred that information 

to a 2D tablet. We explored whether there were task-related (tested on a 3D or 2D task) 

performance differences due to condition (in-person or video chat).   

 

Method 

 

Participants  

  

A total of 21 4- to 8-year-olds were recruited across the Washington, D.C. area and tested 

in two sessions, in-person and video chat conditions, at Georgetown University. Children were 
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divided into two age groups: There were 11 4- to 5-year-olds (8 females; M age = 4.64 years, SD 

= 6.05 months) and 10 6- to 8-year-olds (2 females; M age = 6.90 years, SD = 8.85 months). 

Between 14 and 122 days elapsed between the two sessions (M = 38.52 days, SD = 28.87 days). 

Twelve children participated in the in-person condition first (n = 7 4- to 5-year-olds, and n = 5 6- 

to 8-year-olds). Children were Caucasian (n = 16), African/African American (n = 1), and 

Asian/Asian American (n = 1); three parents did not specify. Two children were identified by 

their caregiver as Latino/a; four parents did not specify. Participants were primarily from 

college-educated families, with a mean number of 18.47 years of education (SD = 1.13 years); 

four parents did not report their education. Thirteen families reported an income of > $90,000; 

the remaining 8 families did not specify. Data were collected between July 2017 and February 

2020. Data from participants for the in-person condition only are reported in chapter 3. The 

children who had completed both tasks in both in-person and video chat conditions are included 

in the present study. Eight additional children were excluded from the analysis due to failure to 

wear the fNIRS cap or to detect adequate signal for one or both tasks, for one or both conditions. 

 

Materials and Stimuli 

The Media Activity Questionnaire (MAQ; Barr et al., 2020) was used to assess media use 

in the household. Parents responded to questions regarding the quantity and type of their child’s 

media use, including frequency of video chat, as well as the frequency and type of puzzle or 

other spatial play.    

Robots. Small wooden robots (12-cm tall; Tobar; Figure 4.1) were used. Each robot can 

be manipulated to move its limbs and head into different positions. The limbs and head of the 

robot are connected to the body with an elastic cord, and the body contains spaces next to each 
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limb and head, allowing for movement into the joints. The limbs and head of the robot can move 

into a total of 16 different positions. On the day of the visit, the child saw three perceptually 

different robots: robot A during training and baseline, robot B during test, and robot C, which 

was used by the experimenter to demonstrate the target actions. These robots were functionally 

identical but varied in color, head shape, foot shape, and body markings.  

 

2-step pose          3-step pose 4-step pose             5-step pose 

    

 

Figure 4.1. Examples of robot poses for 2-, 3-, 4- and 5-step sequences. The sequence of the 

2-step pose is head back and left arm up; the sequence of the 5-step pose is head back, right arm 

up, left arm up, right leg forward, left leg forward. 

 

Spatial sequencing task (SST). Children were presented with the motor-spatial version of 

the SST on a Microsoft Surface Pro tablet (Subiaul, Anderson, Brandt, & Elkins, 2011; Subiaul, 

Patterson, Schilder, Renner, & Barr, 2014; Figure 4.2). Identical, color images (3.81 cm × 5.08 

cm) appear simultaneously on the screen. On each trial for a particular sequence, their spatial 

configuration remains the same, while the identity varies. Children respond to target locations on 

the screen (as demonstrated) while ignoring the identity of pictures. However, from trial to trial 

within a particular sequence, the identities of the pictures change. For example, three identical 

pictures—A, A, A —appear simultaneously on the touch screen. Each picture has to be touched 

in a specific motor-spatial pattern: Atop → Abottom → Aright. From trial to trial, a different set of 
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identical pictures—B, B, B—appears in the same spatial position and has to be touched in the 

same motor-spatial pattern as in the previous trial: Btop → Bbottom → Bright. The task uses a 4 × 4 

template in which pictures can appear in any of 16 non overlapping positions on the screen. 

Sequences always involve a change in direction (e.g., up, down, right).  

 

2-step sequence       3-step sequence        4-step sequence        5-step sequence 

  

 

 

 

Figure 4.2. Examples of SST 2-, 3-, 4- and 5-step sequences.  
 

Functional near infrared spectroscopy (fNIRS). A 60-channel continuous-wave fNIRS 

system (CW6, TechEn, Inc., Milford, MA) was used to measure whole cortical activation during 

all phases of the study (Figure 4.3; see Procedure). FNIRS projects near-infrared light through 

the scalp and records optical density fluctuations resulting from metabolic changes within the 

brain. Because near infrared light easily penetrates biological tissues, including the cortex, 

fNIRS is well-suited for cortical imaging. Optical signals were recorded on two wavelengths 

(690 and 830 nm), which allows one to calculate changes in oxygenated and deoxygenated forms 

of hemoglobin, reflecting functional activation of cortical regions. Data were collected from 

detectors at a sampling rate of 20 Hz. 
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Figure 4.3. Child doing the robot task wearing the NIRS cap during the video chat 

condition.  

 

Design and Procedure 

         Children were assigned to participate in either the in-person or video chat condition first. 

In the video chat condition, the experimenter who interacted with the child was on an iPad screen 

video chatting with the child. The experimenter who interacted with the child differed in both 

conditions to eliminate familiarity effects. Experimenters were trained for the in-person and 

video chat conditions, such that they behaved similarly (e.g., with respect to affect and 

interaction style). 

Children performed the same tasks in the same order in both conditions. The only 

difference was whether the experimenter faced the child in an in-person interaction, or whether 

they were interacting with the child via video chat. For each condition, all phases occurred 

during a single session lasting ~60 min per child. There were four phases presented in the same 

order: training, interaction phase, robots random manipulation, robots demonstration and test, 
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and SST demonstration and test, Figure 4.4. Training lasted ~3 minutes, set-up with the fNIRS 

cap lasted ~5 minutes, the interaction phase lasted ~5 minutes, the robots random manipulation 

phase was 90 seconds, the robots task lasted ~18 minutes, and SST lasted ~14 minutes. Prior to 

each task (before the interaction phase, before the robots random manipulation, and before the 

SST demonstration), there was a 60-sec resting baseline; children sat still to collect resting 

fNIRS data. In these resting baselines, the experimenter invited the child to have a “staring 

contest” and to remain still with their hands in their lap or placed on the table in front of them. 

 

 

Figure 4.4. Procedure of the session.  

 

For both the robots task and SST, 4- to 5-year-olds (e.g., “younger” age group) were 

tested on two loads: a low load and a high load. Four-year-olds were tested on 2- and 4-step 

sequences, and 5-year-olds were tested on 3- and 5-step sequences. These loads were interleaved 

throughout the experiment; for example, a 4-year-old child was tested on two 2-step sequences, 

two 4-step sequences, two 2-step sequences, and then two 4-step sequences (Figure 4.5). Thus, 

4- to 5-year-olds were tested on 24 trials total. These loads were determined to be age-

appropriate in a prior experiment (Rusnak et al., submitted; chapter 2). 
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Figure 4.5. Sequence of loads for the 4- to 5-year-olds. Example for a 4-year-old.   

 

Six- to 8-year-olds (e.g., “older” age group) were tested on four loads, and these loads 

were presented in a fixed order: three 3-step sequences, three 5-step sequences, three 2-step 

sequences, and three 4-step sequences (Figure 4.6). Thus, 6- to 8-year-olds were tested on 36 

trials total. Three of the 5-year-olds included in the 4- to 5-year group in later analyses were 

tested on this sequence of loads, but data for the 2- and 4-step sequences are not considered for 

these 5-year-olds. 

Low Load

2 step, 
sequence A

Trials 1-3

2 step, 
sequence B

Trials 1-3

High Load

4 step, 
sequence A

Trials 1-3

4 step 
sequence B

Trials 1-3

Low Load

2 step, 
sequence C

Trials 1-3

2 step, 
sequence D

Trials 1-3

High Load

4 step, 
sequence C

Trials 1-3

4 step, 
sequence D

Trials 1-3
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Figure 4.6. Sequence of loads for the 6- to 8-year-olds.  

 

Training phase. Training on both tasks occurred prior to placing the fNIRS cap on the 

child. For the robots task, the experimenter demonstrated how to move the robot’s left arm 

forward twice and invited the participant to imitate the movement twice by stating, “Now it’s 

your turn! Can you show me what I showed you?” The experimenter also demonstrated how to 

move the robot’s right leg to the side twice and asked the participant to imitate the movement 

twice. If the child did not complete the movements, the experimenter guided the child to ensure 

that the child possessed the motoric ability to complete the movements; all children did. For 

SST, the experimenter demonstrated a 2- or 3-item sequence, emphasizing that she was pressing 

the items in a specific order. Children were encouraged to “find ‘Jumping Man’” by touching the 

pictures in a target order. Children received social feedback from the experimenter and asocial 
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(audio, visual) feedback from the computer following each response, whether correct or 

incorrect. An incorrect response terminated the trial. Incorrect trials generated a brief (~500 ms) 

“whoosh” sound, all pictures disappeared, the screen turned black for 2-sec, and the 

experimenter said, “Whoops! That’s not right!” Following a correct response, the computer 

generated a brief (~500 ms) “bing” sound, all pictures remained on the screen, and the 

experimenter said, “That’s right!” When pictures were touched in the correct order, a 5-sec video 

clip of a man doing a backward somersault––“Jumping Man”––played in the middle of the 

screen accompanied by clapping, and the experimenter smiled and said, “Yay! You found 

Jumping Man!” Training ensured that performance did not reflect any lack of familiarity with the 

touchscreen, experimenter, or procedure. In both tasks, if the child imitated incorrectly, the 

experimenter provided scaffolds, which was repeated until the child achieved the sequence 

correctly twice; under these conditions, all children were able to imitate correctly during the 

training phase.  

Resting baseline. Participants were asked to sit still for 60-sec while fNIRS data was 

collected. This was completed three times: prior to the interaction phase, prior to the robots 

random manipulation baseline, and prior to the SST demonstration period.  

Interaction phase. The experimenter first engaged in an interaction phase with the child 

using a task that maximizes joint attention and temporal synchrony. In this task, the experimenter 

and child played a collaborative touchscreen drawing game. Each had a touchscreen device and 

drew together on the same picture, such that each could see the other’s additions to the picture. 

The experimenter followed a script, asking the child to draw with her and add to the picture. The 

purpose of the interaction phase was to establish that the experimenter over video chat was in 

fact a responsive partner. Data from this task are analyzed in a separate paper.  
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Robots random manipulation baseline. In the in-person condition, the experimenter 

placed robot A on the table in front of the child and said, “It’s your turn!” In the video chat 

condition, the experimenter in the room with the child placed robot A on the table in front of the 

child, while the experimenter on the screen said, “It’s your turn!” Children were then given 90-

sec from the time that they first touched the robot to interact with it. 

Robots demonstration and test. The experimenter used robot C for each different pose 

demonstration. The experimenter performed the demonstration three times for each sequence, 

making sure to capture the attention of the child throughout. The experimenter reset the robot 

between demonstrations outside of the child’s visual field. During the demonstration phase, the 

experimenter made nonspecific, scripted comments in order to keep the child engaged in the task 

(e.g., ‘‘Look at this!’’, ‘‘Isn’t that fun?’’). 

Children were tested immediately following the demonstration. The experimenter placed 

robot B on the table in front of the child and asked, “Can you show me what I just showed you?” 

The child was given robot B for all of the test trials to imitate the different poses. That is, they 

had to update the sequence on robot B but match the actions to a demonstration on robot C. 

Children were asked to imitate each sequence three times (i.e., three trials). Four- to 5-year-olds 

received feedback from the experimenter following each trial. Following an incorrect trial, the 

experimenter said, “Oops! That’s not right!” Following a correct response which resulted in the 

final pose, regardless of order, the experimenter said, “That’s right!” Six- to 8-year-olds, and 

three of the 5-year-olds who were tested on the longer protocol, did not receive feedback on the 

accuracy of their responses: Following a response, the experimenter said, “OK, can you show me 

what I showed you again?” 
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SST demonstration and test. Following the protocol developed by Subiaul et al. (2012), 

for each sequence, the experimenter faced the child and said, “Watch me!” and then proceeded to 

touch pictures in the target sequence three consecutive times. After having touched all pictures in 

the correct order after the first demonstration, the computer played a 5 second clip of “Jumping 

Man” accompanied by clapping. While “Jumping Man” was playing, the experimenter turned 

back to the child, smiled, and said, “Yay, I found Jumping Man!” The model repeated this 

procedure for two more trials (total of three demonstration trials) for each sequence. Immediately 

after the third and final demonstration, the experimenter faced the child and exclaimed, “Yay! I 

found Jumping Man! OK, now it’s your turn. Can you find Jumping Man?” The participants had 

three test trials for each sequence. After each test trial, children received feedback from the 

computer and the experimenter as to whether they were correct or incorrect.  

 

Robots Task Behavioral Results 

Coding 

All sessions were video recorded for later coding. Coders converted each video using 

Movavi Suite (https://www.movavi.com/) and ffmpegX (https://www.ffmpegx.com/) software to 

a format compatible with the Datavyu (http://datavyu.org/) software. Coding in Datavyu 

consisted of time-stamping each movement, indicating the piece, orientation, and any comments 

associated with the movement or the entire task. All statistical analyses were conducted in Stata 

16.0. 

Inter-coder reliability. In a prior experiment establishing the robots task (Rusnak et al., 

submitted, chapter 2), a primary coder for each child and each test was designated, and inter-

coder agreement on the piece and orientation (kpiece = .94, korientation = 0.97) were in the acceptable 
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range, above .70 (Landis & Koch, 1977). The same coders were involved in coding for the 

present analyses. 

Total correct movements score. The total number of correct pieces in the correct 

orientation at the end of the test phase.  

Pair score. This score refers to whether the child followed a correct sequence of two 

steps, with the maximum possible correct pair score depending on the pose (e.g., for a 2-step 

sequence, the maximum pair score = 1). 

Robots score. Following Rusnak et al. (submitted), we combined the total correct 

movements plus the number of pairs that children achieved for each pose to create a composite 

score. To further increase range and to assess performance overall between groups, we combined 

composite scores on each pose to create a total composite score (see also Heimann & Meltzoff, 

1996; Meltzoff, 1985; Strid, Tjus, Smith, Meltzoff, & Heimann, 2006). We divided the total 

composite score by the total possible maximum composite score to produce robots composite 

proportion scores, separately for each load for each age group. This score is called the “robots 

score”. 

 

Preliminary Analyses 

Because children were tested on multiple sequences and trials, this allowed us to create 

robots scores based on the tests that children completed. For all children, we calculated the 

robots score based on the trials they completed, out of the possible maximum score for that 

specific number of trials. We examined scores by age group, load, and condition (see Table 4.1 

for means).  
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For the robots task, for the in-person condition, children completed on average 95.11% of 

the total trials for their age group (SD = 14.30%). For the video chat condition, children 

completed on average 93.85% of the total trials for their age group (SD = 10.09%).  

For the in-person condition, collapsed across both age groups, the robots score ranged 

from .35 to .85 (M = .57, SD = .13) and was normally distributed with skewness of .12 and 

kurtosis of 2.70. For the video chat condition, collapsed across both age groups, the robots score 

ranged from .30 to .86 (M = .56, SD = .15) and was normally distributed with skewness of -.04 

and kurtosis of 2.44.  

Preliminary analyses including condition (in-person, video chat), load (low, high), sex of 

the child, age group (4-5 years, 6-8 years), trial number (1, 2, 3) and order of the study were 

conducted. Order of the study denotes whether children had participated in the in-person 

condition (versus the video chat condition) first or second and was used to examine any possible 

practice effects. There were no main effects of sex of the child (lowest p = .92) or order of the 

study (lowest p = .76), and these variables did not enter into any significant interactions, so they 

were not analyzed further.    

Did children learn the robots task? To assess whether children exhibited evidence of 

learning on the robots task that was significantly above baseline, we conducted a mixed ANOVA 

on the robots score. A 2 (load: low, high) x 3 (condition: in-person, video chat) x 2 (phase: 

baseline, test) x 2 (age: 4-5 years, 6-8 years) mixed ANOVA with repeated measures across load, 

condition, and phase was conducted to assess that children learned the task as indexed by 

performance significantly above baseline. There was a significant main effect of load, F(1, 19) = 

21.00, p < .001, η2 = .53, a significant main effect of phase, F(1, 19) = 79.51, p < .001, η2 = .81, 

and a significant main effect of age group, F(1, 19) = 7.31, p < .05, η2 = .28. There was also a 
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significant load by phase interaction, F(1, 19) = 18.26, p < .001, η2 = .49. Paired samples t tests 

indicated a significant difference between the low and high loads of the test phase, t(20) = 5.92, p 

< .001, but not between the low and high loads of the baseline phase, t(20) = -.54, p = .60. These 

findings indicated that children performed significantly above baseline during the test phases for 

both the in-person and video chat conditions, and phase (baseline or test) did not interact with 

condition, indicating that performance did not differ between the in-person and video chat 

conditions at baseline or test.  

 

Test Phase Analyses 

 Condition, age group, and load. We conducted a 2 (condition: in-person, video chat) x 2 

(age group: 4-5 years, 6-8 years) x 2 (load: low, high) ANOVA on the robots score. This analysis 

yielded a main effect of age group, F(1, 19) = 5.89, p = .03, η2 = .24, a main effect of load, F(1, 

19) = 25.57, p < .001, η2 = .57, but no effect of condition, F(1, 19) = .06, p = ns, and no 

interactions between any of the variables. During the test phase, children’s performance on the 

robots task did not differ between in-person and video chat conditions. Overall, all children 

performed better on low than high loads, and older children performed better than younger 

children, Table 4.1.  

 

 

 

 

 

 



 

 

105 

Table 4.1 

Robots scores (M, SD) by age, condition, and load 

Age In-person Video chat 

 Low High Total Low High Total 

4-5 yrs  .58 (.12) .44 (.11) .51 (.10) .55 (.22) .49 (.10) .52 (.15) 

6-8 yrs  .71 (.15) .57 (.13) .64 (.13) .67 (.21) .56 (.10) .61 (.14) 

 

 Condition, age group, and trial. We conducted a 2 (condition: in-person, video chat) x 2 

(age group: 4-5 years, 6-8 years) x 3 (trial: 1, 2, 3) ANOVA on the robots score. This analysis 

yielded a main effect of age group, F(1, 19) = 7.12, p = .02, η2 = .27, a main effect of trial 

number, F(2, 38) = 6.39, p = .004, η2 = .25, but no effect of condition, F(1, 19) = .02, p = ns,  

and no interactions between any variables. Once again, performance was better for older than 

younger children, there were no differences between the in-person and video chat conditions, and 

there was an overall decrease in performance across repeated trials of the same sequence on the 

robots task, Table 4.2.  

 

Table 4.2 

Robots scores (M, SD) by age group, trial, and condition 

Age group In-person  Video Chat 

 Trial 1 Trial 2 Trial 3 Trial 1 Trial 2 Trial 3 

4-5 years .49 (.14) .45 (.09) .46 (.10) .56 (.16) .50 (.13) .47 (.13) 

6-8 years .65 (.14) .62 (.13) .61 (.11) .60 (.13) .59 (.13) .59 (.10) 
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Spatial Sequencing Task Behavioral Results 

Coding 

         The computer automatically recorded the sequence of presses for each trial for each 

sequence. A coder then merged the data into an Excel template to automatically calculate trial 

accuracy. 

SST score. The protocol for score calculation corresponds with those used in previous 

publications using this paradigm (Subiaul et al., 2012; Subiaul, Lurie, et al., 2007; Subiaul, 

Romansky, et al., 2007). Trial accuracy was measured as 1 or 0, meaning that the child 

completed the sequence accurately on the trial or not, respectively. We summed the trial 

accuracy for all trials for each load, separately, to create a trial accuracy composite score. We 

then divided by the total possible maximum trial accuracy composite score to produce a trial 

accuracy composite proportion score for each load: the “SST score.” 

 

Preliminary Analyses 

As with the robots task, because children were tested on multiple sequences and trials, 

this allowed us to create SST scores based on the tests that children completed. Thus for all 

children, we calculated the SST score based on the trials they completed, out of the possible 

maximum score for that specific number of trials. 

For the in-person condition, children completed on average 95.90% of the total trials (SD 

= 12.50%). For the video chat condition, children completed on average 91.07% of the total trials 

(SD = 19.02%). For the in-person condition, collapsed across both age groups, the SST score 

ranged from .27 to .97 (M = .67, SD = .21) with skewness of -.21 and kurtosis of 2.05. For the 
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video chat condition, collapsed across both age groups, the SST score ranged from .17 to 1 (M = 

.68, SD = .25) with skewness of -.61 and kurtosis of 2.34. 

Preliminary analyses including trial number (1, 2, 3), sex of the child, load (low, high), 

age group (4-5 years, 6-8 years), and order of the study were conducted. There were no main 

effects or interactions involving sex of the child (lowest p = .22) or order of the study (lowest p = 

.43), and these variables were not included in further analyses.   

 

 Test Phase Analyses 

 Condition, age group, and load. We conducted a 2 (condition: in-person, video chat) x 2 

(age group: 4-5 years, 6-8 years) x 2 (load: low, high) ANOVA on the SST score. This analysis 

yielded a main effect of age group, F(1, 17) = 22.82, p < .001, η2 = .57, a main effect of load,  

F(1, 17) = 45.63, p < .001, η2 = .73, but no effect of condition, F(1, 17) = .14, p = ns, and no 

interactions between any of the variables. As shown in Table 4.3, performance in the in-person 

and video chat conditions did not differ, but children performed better on lower loads, and older 

children performed better than younger children on the SST task. 

 

Table 4.3 

SST scores (M, SD) by age group, condition, and load 

Age In-person Video chat 

 Low High Total Low High Total 

4-5 yrs  .75 (.22) .29 (.19) .52 (.15) .67 (.30) .35 (.17) .52 (.23) 

6-8 yrs  .94 (.05) .71 (.21) .83 (.11) .92 (.08) .77 (.22) .84 (.14) 
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 Condition, age group, and trial. We conducted a 2 (condition: in-person, video chat) x 2 

(age group: 4-5 years, 6-8 years) x 3 (trial: 1, 2, 3) ANOVA on the SST score. This analysis 

yielded a main effect of age group, F(1, 19) = 27.25, p < .001, η2 = .59, a main effect of trial 

number, F(2, 38) = 3.96, p = .03, η2 = .17, but no effect of condition, F(1, 19) = .36, p = ns, and 

no interactions between any variables, Table 4.4. The lack of a condition (in-person/video chat) 

by trial interaction suggests that the video chat condition per se is not adding additional 

processing load, at least at the behavioral level, on this score. 

 

Table 4.4 

SST scores (M, SD) by age group, trial, and condition 

Age group In-person  Video Chat 

 Trial 1 Trial 2 Trial 3 Trial 1 Trial 2 Trial 3 

4-5 years .48 (.18) .54 (.15) .56 (.19) .44 (.18) .48 (.31) .58 (.26) 

6-8 years .80 (.13) .83 (.12) .85 (.13) .82 (.17) .78 (.13) .89 (.12) 

   

As shown in Table 4.4, once again performance did not differ between the in-person and video 

chat conditions, older children performed better than younger children, and performance on the 

task increased across trials in both conditions and for both age groups.  

 

Is Task Performance Related to Other Measures? 

In order to compare task performance on the robots task and SST to other variables, the 

composite scores for each task were correlated with each other and with parent report measures.  
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Spatial play and media use. 17 parents completed the questionnaire. Parents reported on 

the frequency of their child’s play with puzzles, Legos, stacking toys, and Magna-Tiles. For 

each, parents responded whether their child engaged in play never, rarely, sometimes, often, or 

always. We converted each type of response to a number from 0 (never) to 4 (always) and 

summed across the responses for each type of toy to create a spatial play frequency score, with a 

possible total of 16. The spatial play frequency score ranged from 1 to 12 (M = 5.76, SD = 3.23) 

and was normally distributed with skewness of .15 and kurtosis of 2.31. 

Parents also reported on the frequency that their child video chats. Out of 17 parents who 

responded, 11 reported that their child uses video chat, while 6 reported that their child does not 

use video chat. Means on the robots score during the video chat condition did not differ between 

children who do (M = .56, SD = .09) and do not (M = .59, SD = .23) video chat, t(15) = .35, p = 

.37. Means on the SST score during the video chat condition also did not differ between children 

who do (M = .66, SD = .24) and do not (M = .75, SD = .23) video chat, t(15) = .69, p = .25.  

Parents also reported on the frequency with which children played games on mobile 

devices. Out of 17 respondents, 6 reported never, 4 reported one time per week, 6 reported 2-4 

times per week, and 1 reported daily. We converted each response to a numeric value to create 

three categories: never (0); once per week or two to four times per week (1); daily or several 

times a day (2). This score ranged from 0 to 2, M = .71, SD = .59. Due to the limited range in this 

measure, it was not included in the correlational analysis. 

We examined the correlations between the robots and SST scores and the spatial 

frequency score (see Table 4.5). As in chapter 3, the spatial frequency score was not correlated 

with either the robots or SST score. There was a significant correlation between the in-person 

robots and in-person SST scores, r(19) = .53, p < .05. There were significant correlations 
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between the robots and SST scores across conditions: the in-person robots and video chat robots 

scores, r(19) = .53, p = .01, Figure 4.7; the in-person robots and in-person SST scores, r(19) = 

.53, p = .01; the in-person robots and video chat SST scores, r(19) = .53, p = .02, Figure 4.8; and 

the in-person SST and video chat SST scores, r(19) = .75, p < .001, Figure 4.9.   

 

Table 4.5 

Correlation table 

Measure 1 2 3 4 

1. IP Robots  - - - - 

2. VC Robots .53* - - - 

3. IP SST .53* .29 - - 

4. VC SST .52* .03 .75*** - 

5. Spatial Freq -.45† -.27 -.42† -.32 

 

†p< .10, *p < .05, **p < .01, *** p < .001 

Note. IP robots = in-person robots score; VC robots = video chat robots score; IP SST = in-

person SST; VC SST = video chat SST.  
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Figure 4.7. Scatter plot of the in-person robots score and the video chat robots score.  

 

 

Figure 4.8. Scatter plot of the in-person robots score and the video chat SST score.  
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Figure 4.9. Scatter plot of the in-person SST score and the video chat SST score.  

 

FNIRS Results 

Coding and Processing 

         Timestamps. Coders watched video recordings of the robots task and SST and marked 

the onsets and durations of the resting baselines, the random manipulation of the robots, the 

demonstration phases by the experimenter, and the test phases. Specifically, coders marked the 

onset and duration of each individual test trial. Durations did not include feedback given by the 

experimenter regarding accuracy of the child’s robots performance or feedback from the 

computer during SST when either the video of Jumping Man played during the demonstration or 

test phases or when the screen blacked out after an incorrect response by the child during the test 

phase. These onsets and durations were used to mark the events within the NIRS recordings.  

Preprocessing. Preprocessing and activation analyses were performed in Matlab using 

the AnalyzIR Toolbox (Santosa, Zhai, Fishburn, & Huppert, 2018). Raw signals were converted 

to changes in optical density. Data were lowpass filtered and downsampled to 4 Hz. Correction 
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for motion artifacts was performed using the Temporal Derivative Distribution Repair (TDDR) 

method, which uses a robust regression approach to reduce the magnitude of extreme 

fluctuations in the signal (Fishburn et al., 2018). Detrending was performed to remove possible 

slow drifting of the signal. Raw optical density signals were converted to hemoglobin 

concentration changes using the modified Beer–Lambert law (Cope & Delpy, 1988). 

Interpretations focused on the oxyHb (HbO) signal, rather than the deoxyHb (HbR) signal, as 

HbO has been shown to be more robust and have a higher signal-to-noise ratio (Hoshi et al., 

2001). 

FNIRS analyses. Activation was quantified by convolving the boxcar function for each 

task with the canonical hemodynamic response function (HRF) and submitting to a general linear 

model. To account for variability in the HRF, the temporal and dispersion derivatives were 

estimated. Following this, a weighted mixed effects model was used to model condition as a 

fixed effect and subject as a random effect. For each contrast, the false discovery rate (FDR) 

correction was used to control for multiple comparisons associated with having multiple 

channels (Benjamini & Hochberg, 1995). 

Analyses for the test phases included only trials that were completed correctly (regardless 

of order for the robots task). That is, if the child received positive feedback from the 

experimenter, the trial was counted as correct for fNIRS analyses. We also calculated the mean 

length of time for children to complete a sequence correctly, for each age and load. Trials that 

were completed correctly but were completed either two standard deviations below or above this 

mean trial time were excluded. Finally, for the robots task only, we calculated the mean number 

of movements (correct and incorrect) for children to complete a sequence correctly, for each age 
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and load. Trials that were completed correctly but were completed with a number of movements 

two standard deviations above this mean number were excluded.  

 

Preliminary Analyses 

For the in-person condition, for the robots task, on average, the younger age group 

completed 44.57% of trials correctly (SD = 16.93%), and the older age group completed 69.47% 

of trials correctly (SD = 20.29%). For the younger age group, of the total trials dropped, 91.49% 

were incorrect, an additional 4.97% were dropped because of outlier test time length, and the 

remaining 3.54% were dropped because of excessive movements. For the older age group, of the 

total trials dropped, 83.17% were incorrect, an additional 7.92% were dropped because of outlier 

test time length, and the remaining 8.91% were dropped because of excessive movements. 

For the video chat condition, for the robots task, on average, the younger age group 

completed 48.38% of trials correctly (SD = 20.17%), and the older age group completed 61.57% 

of trials correctly (SD = 17.06%). For the younger age group, of the total trials dropped, 92.17% 

were incorrect, an additional 3.48% were dropped because of outlier test time length, and the 

remaining 4.35% were dropped because of excessive movements. For the older age group, of the 

total trials dropped, 90.51% were incorrect, an additional 6.57% were dropped because of outlier 

test time length, and the remaining 2.92% were dropped because of excessive movements. 

For the in-person condition, for SST, on average, the younger age group completed 

51.65% of trials correctly, (SD = 16.95%), and the older age group completed 79.66% of trials 

correctly (SD = 13.69%). For the younger age group, of the total trials dropped, 99.11% were 

inaccurate and an additional .89% were dropped because of outlier test time length. For the older 
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age group, of the total trials dropped, 85.92% were inaccurate and an additional 14.08% were 

dropped because of outlier test time length. 

For the video chat condition, for SST, on average, the younger age group completed 

55.15% of trials correctly, (SD = 15.80%), and the older age group completed 82.22% of trials 

correctly (SD = 16.16%). For the younger age group, of the total trials dropped, 96.63% were 

inaccurate and an additional 3.37% were dropped because of outlier test time length. For the 

older age group, of the total trials dropped, 85.14% were inaccurate and an additional 14.86% 

were dropped because of outlier test time length. 

 

Analytic Strategy 

         Due to the lack of condition by load effects in behavioral performance, analyses 

collapsed across loads. We examined activation during the demonstration or test phases of the in-

person condition compared to the demonstration or test phases of the video chat condition, 

collapsed across and separated by age groups.  

 

Robots 

Activation during the in-person condition compared to the video chat condition during 

the demonstration phase. There were no significant channels during the demonstration phase of 

the in-person condition compared to the demonstration phase of the video chat condition when 

collapsed across age groups, or for the younger age group only. There was an increase in oxy-

hemoglobin concentration during the demonstration phase of the video chat condition compared 

to the in-person condition, in one channel of the left PFC, for the older age group only, p < .01, 

FDR uncorrected (Figure 4.10).  
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Figure 4.10. FNIRS activation for the in-person demonstration phase – video chat 

demonstration phase contrast for HbO at p < .01, FDR uncorrected for the number of 

channels for the older age group only. Blue indicates more activation in the video chat 

condition than the in-person condition. 

 

Activation during the in-person condition compared to the video chat condition during 

the test phases. There was an increase in oxy-hemoglobin concentration during the test phase of 

the in-person condition compared to the video chat condition, in one channel of the left medial 

PFC, collapsed across age groups, p < .05, FDR uncorrected (Figure 4.11, top panel). The same 

channel was active in the older age group; in the younger age group, there was an increase in 

oxy-hemoglobin concentration during the test phase of the video chat condition compared to the 

in-person condition, in one channel of the right parietal region, p < .05, FDR uncorrected (Figure 

4.11, bottom panel).  
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Figure 4.11. FNIRS activation for the in-person test phase – video chat test phase contrast 

for HbO at p < .05, FDR uncorrected for the number of channels. Red indicates higher 

activation in the in-person than the video chat condition, and blue indicates higher activation in 

the video chat than the in-person condition. 

 

In sum, when comparing in-person versus video chat demonstration and test phases, older 

children exhibited greater activation during the video chat demonstration of the sequences 

compared to the in-person demonstration. However, this pattern flips for the older group in the 

test phase: Activation was greater in a left PFC channel during the test phase that followed the 

in-person demonstration than the video chat demonstration. However, for younger children, 
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activation was greater in a posterior right parietal channel during the video chat test phase than 

the in-person test phase.  

Although performance did not differ behaviorally, the finding with the younger age group 

during the test phases is consistent with our hypotheses that there would be greater activation 

during the video chat condition compared to the in-person condition because of greater cognitive 

load associated with transferring information between dimensions. For the older age group, 

although there was greater activation during the video chat than in-person condition for the 

demonstration phase (which is consistent with the cognitive load hypothesis), during the test 

phase the older group exhibited greater activation in a superior frontal channel during the in-

person compared to video chat interaction. Interpretations are considered in the discussion.   

 

Spatial Sequencing Task 

Activation during the in-person condition compared to the video chat condition during 

the demonstration phases. There was an increase in oxy-hemoglobin concentration during the 

demonstration phase of the in-person condition compared to the video chat condition in one 

channel of the left dlPFC (Figure 4.12, top left panel), and an increase in concentration during 

the demonstration of the video chat condition compared to the in-person condition in one channel 

of left occipito-temporal region, when collapsed across age groups, p < .05, FDR corrected 

(Figure 4.12, top right panel). When separated by age groups at p < .05, FDR corrected, the older 

age group did not show any significant channels, while the younger age group had the same 

significant left dlPFC channel as well as two channels in the right parietal-occipital region that 

were activated during the video chat demonstration compared to the in-person demonstration 

(Figure 4.12, bottom panel). That is, younger children showed frontal activation during the in-
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person demonstration compared to the video chat demonstration, and increased occipito-

temporal activation during the video chat demonstration compared to the in-person 

demonstration. While the increase in occipital activation may be due to watching the video (see 

interpretation in discussion), the increase in frontal activation is consistent with the robots 

findings above with older children.  

 

 

 

Figure 4.12. FNIRS activation for the in-person demonstration phase – video chat 

demonstration phase contrast for HbO at p < .05, FDR corrected for the number of 

channels. Top panel: all children. Bottom panel: younger children.  

 

Activation during the in-person condition compared to the video chat condition during 

the test phases. There was an increase in oxy-hemoglobin concentration during the test phase of 

the in-person condition compared to the video chat condition, in one channel of the right PFC, 

when collapsed across age groups, p < .05, FDR uncorrected (Figure 4.13). Given that collapsed 
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across age the uncorrected value was p < .05, when activation was examined by age group at p < 

.05, uncorrected, the pattern of results was quite inconsistent. As those results are likely 

inconsistent due to small sample sizes and the uncorrected significance level, the pattern of 

results divided by age group is not interpreted. Overall, the pattern of greater frontal activation 

during the in-person SST test phase compared to the video chat SST test phase is consistent with 

the robots task. See Table 4.6 for a summary of fNIRS results for the robots task and SST. 

 

 

Figure 4.13. FNIRS activation for the in-person test phase – video chat test phase contrast 

for HbO at p < .05, FDR uncorrected for the number of channels. 

 

Table 4.6 

 

Summary of fNIRS activation for each task and contrast 

 

 Robots SST 

In-person demonstration 

phase – video chat 

demonstration phase 

Greater activation in left PFC 

during video chat than in-

person 

Greater activation in left 

occipito-temporal region 

during video chat than in-

person; in left PFC during in-

person than video chat 

In-person test phase –  

video chat test phase 

Greater activation in left PFC 

during in-person than video 

chat 

Greater activation in right 

PFC during in-person than 

video chat 



 

 

121 

Discussion 

 

 The present study is the first, to our knowledge, to compare neural activation patterns 

while young children learn from in-person and video chat interactions. This research differs from 

prior fMRI research that can only compare learning via non-interactive video or video chat. We 

used two imitation tasks, the robots task and SST, and manipulated the memory load of the 

learning situation. In both tasks, children were tested on low and high load sequences. 

Furthermore, the robots task created a transfer of learning situation during the video chat 

condition, as children viewed a 2D demonstration and then were tested on the 3D objects. The 

demonstration and test phases of SST both occurred on a screen creating a complex 2D within 

2D learning experience. FNIRS measured whole cortical activation while children observed 

demonstrations and were tested on the sequences.  

 The findings in this study were consistent with prior age- and load-related findings 

(Rusnak et al., submitted; chapter 2). First, in the robots task, children performed above baseline, 

again indicating that they learned. This did not differ by condition, suggesting that children 

performed above baseline in both in-person and video chat conditions. Children performed better 

on the low loads than on the high loads, and older children performed better than younger 

children, in both tasks. We hypothesized that children would perform more poorly on the high 

loads during the video chat condition compared to the in-person condition, particularly for the 

robots task, which involved transfer of learning between 2D and 3D contexts. Contrary to our 

hypotheses, performance did not differ by condition, and there were no significant interactions 

between condition and load in either task. For the robots task, performance decreased across 

trials, but this did not differ by condition. That is, the decrement in performance across trials was 

comparable in both conditions. On the contrary, performance increased across trials in SST, and 
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again this did not differ by condition. The increase in SST performance is consistent with prior 

findings (chapter 3).  

Our main analysis of interest was whether performance would differ by condition, and 

whether this would interact with load. However, performance was comparable across conditions 

in both tasks. While these behavioral findings were contrary to our hypotheses, they are perhaps 

not surprising: Prior research has not found the transfer deficit past three years of age 

(Learmonth et al., 2019), and social contingency via video chat has been shown to ameliorate the 

transfer deficit (Roseberry et al., 2014). We hypothesized that at a higher memory load, even 

with the older age group, the added load of learning from a screen, even with contingency cues, 

would contribute to a transfer deficit. However, we found no behavioral evidence to support our 

hypotheses. Future research should examine other measures derived from performance on these 

tasks to confirm the lack of the deficit. Other measures could include reaction time and 

perseveration rates. Other research has indicated that transfer performance decreases across trials 

(Schmitt & Anderson, 2002), and perseveration rates may be a good avenue to explore cognitive 

load associated with multiple transfer trials.   

Although performance did not differ behaviorally, during the demonstration phase of the 

robots task, the younger age group exhibited greater activation in one left PFC channel during 

the video chat compared to the in-person condition. This is consistent with our prediction that 

there would be greater activation during the video chat condition compared to the in-person 

condition because of greater cognitive load associated with transferring information between 

dimensions. For the older age group, although there was greater activation during the video chat 

than in-person condition for the demonstration phase (which is consistent with the cognitive load 

hypothesis), during the test phase the older group exhibited greater activation in a superior 
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frontal channel during the in-person compared to video chat interaction. It has been proposed 

that contingency from a 2D source may focus young children’s attention on relevant information 

to encode from the screen (Kuhl, 2007). This could reduce the load associated with transferring. 

Although a speculative interpretation, it is possible that while it has been generally considered 

that non-interactive, 2D sources increase cognitive load due to the mismatched cues, contingency 

within media reduces load by focusing attention, and fewer overall cues within the video chat 

compared to in-person interactions may lead to lower demands of the video chat condition. More 

research is needed to disentangle the cognitive load associated with transferring from 2D 

sources, both interactive and non-interactive, and how it interacts with age, as older children 

have better memory flexibility (Barr, 2013).    

For SST, there was greater activation in one channel of the left dlPFC during the 

demonstration phase of the in-person condition compared to the video chat condition, but greater 

activation in one channel of the left occipito-temporal area during the demonstration phase of the 

video chat condition compared to the in-person condition. Increased occipital activation has been 

associated with watching televised demonstrations in studies with 5- to 6-year-olds (Moriguchi 

& Hiraki, 2014). In that study, behavioral performance was comparable between televised and 

in-person conditions. The authors suggested that, since activation was greater in sensorimotor 

areas (i.e., bilateral primary motor cortices) during the in-person condition, but greater occipital 

activation during the video condition, different areas of the brain were recruited to meet different 

task demands while behavioral performance was the same. Finally, during the test phase of SST, 

there was greater activation in one channel of the right PFC during the in-person compared to 

video chat conditions. This is consistent with findings during the robots task. Once again, the 

demands of the video chat condition may have reduced the number of cues that children were 
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processing, reducing the cognitive load of the transfer situation. Alternatively, the video chat 

context may not be as engaging as the in-person context and therefore associated with less 

activation in the dlPFC.   

Given the lack of behavioral differences between conditions, it is possible that social 

contingency within a video chat interaction supported learning just as well as an in-person 

interaction. Future research will need to replicate and extend these findings: A prerecorded video 

condition with no contingency cues would shed light on whether the transfer deficit exists under 

the same task parameters, or whether children ‘age out’ of the transfer deficit by preschool age. 

Aside from our load-related argument for differences in learning between conditions, there are 

other theoretical models which propose neural networks that may be relevant to learning from in-

person interactions, video chat, or non-interactive video, such as the default mode and dorsal 

attention networks (Anderson & Davidson, 2019) and the mirror neuron system (Dickerson et al., 

2017).  

Prior work in children and adults has demonstrated mu suppression and less sensorimotor 

activation during non-interactive video demonstrations compared to in-person demonstrations 

(Moriguchi & Hiraki, 2014), taken to index disruption of the mirror neuron system. Dickerson 

and colleagues (2017) proposed that less mirror neuron system activation is due to a 

correspondence problem, whereby temporal, spatial, and social disruptions in digital media 

interfere with mapping perception and action across dimensions. However, because sensorimotor 

learning often occurs through social interactions (Heyes, 2010), it is possible that social 

contingency within digital media may reduce these temporal and social disruptions. In the 

present study, we found no evidence of sensorimotor activation differences in our in-person 

versus video chat conditions. That is, we did not find greater sensorimotor activation during in-
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person demonstrations or test phases, suggesting that indeed, social contingency within digital 

media may ameliorate this correspondence problem.  

In another model, Anderson and Davidson (2019) proposed that because the default mode 

network—activated when adults process non-interactive video (Anderson et al., 2006; Nakano, 

Kato, Morito, Itoi, & Kitazawa, 2013)—undergoes development during early childhood, another 

neural network, the dorsal attention network (DAN), would support learning during interactive 

media. In tasks that require focused attention, the DMN tends to be deactivated while the DAN, 

including areas of the frontal eye fields (FEF) and intraparietal sulcus (IPS), is activated (Kwon, 

Watanabe, Fischer, & Bartels, 2017; Lin et al., 2016). Thus, the DAN might promote learning 

that is tightly bound to specific moments. The engagement of DAN during interactive screen 

media versus DMN during narrative media has not yet been directly tested. Based on these 

accounts, learning from interactive screen media, including video chat and apps, would be 

associated with frontal parietal activation. While the spatial resolution of fNIRS makes 

localization between nearby areas challenging, we did not find activation in the present study 

that is consistent with DAN. Recall that in chapter 3, there was evidence of DAN activation 

when comparing the in-person SST test phase to the resting baseline. Future research will test 

whether there is evidence of activation of the DAN network when comparing video chat to rest. 

In addition, both region of interest and connectivity analyses are planned to further examine 

neural activation within the DAN network. However, it is possible that as both conditions 

involved socially contingent interactions, we would only expect differences if we compared 

activation to a non-interactive video condition.  

There are likely individual differences that contribute to transfer success, even at older 

ages. For example, a history of interactive media use supports transfer of learning (Kirkorian & 
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Choi, 2017), so we used the media activity questionnaire (MAQ; Barr et al., 2020) to assess 

children’s prior experience with video chat. Of the parents who responded to the survey, 11 

parents reported their child used video chat, while 6 reported their child did not. The means on 

the robots and SST tasks during the video chat condition did not differ between children who did 

and did not use video chat. However, it is possible that rather than simply the binary measure of 

video chat use, the quality of video chat interactions would better predict transfer performance. 

For example, Myers and colleagues (2017) found that it was interactivity with an experimenter 

over video chat (i.e., when children responded to the experimenter’s prompts in a temporally 

synced manner), rather than simply engagement, which predicted learning outcomes. 

Furthermore, a responsive co-viewer who supported toddlers’ video chat interactions with 

another experimenter also supported learning from the screen compared to an unresponsive co-

viewer (Myers et al., 2018). This latter finding is consistent with research that indicates a benefit 

of joint media engagement; that is, learning from media is supported in young children when 

there is an adult that can scaffold the information presented on the screen (Fidler, Zack, & Barr, 

2010; McClure & Barr, 2017; Zack & Barr, 2016). In the present study, there was an 

experimenter in the room with the child during the video chat interaction, who was responsible 

for handing the child the materials needed for the tasks, placing the NIRS cap, resolving any 

technical difficulties, and, at times, redirecting the child’s attention to the screen. It is likely that 

the quality of the video chat interaction and the context surrounding the interaction, for example 

with a co-viewer, would be better predictors of future transfer success. It is possible that a child 

who engages in video chat interactions more often, with a responsive co-viewer, becomes a 

‘better video chatter’ (i.e., more temporally synced with the video chat partner) over time, and is 

able to better focus their attention on the important information on the screen. However, it is 
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important to note that in the present study, there was an extensive warm-up period with a highly 

engaged experimenter who introduced the child to a salient, contingent drawing activity 

(analyzed elsewhere) which in the present study may have overcome differences in children’s 

experience with video chat. Future research should investigate whether repeated experience 

would support symbolic understanding and, in turn, possibly transfer to enhance understanding 

of non-interactive media content.  

Taken together, this study contributes to our understanding of learning, under varying 

levels of memory load, from in-person and video chat interactions in a wide age range. We were 

able to test behavioral performance and measure cortical activation while children engaged in 

video chat interactions, a novel approach that is crucial as distance education becomes the norm 

in light of the coronavirus pandemic. Learning from in-person and video chat interactions was 

comparable at a behavioral level, which is likely to be reassuring to parents and educators. 

However, there were differences at the neural level indicating that task demands were associated 

with the differential recruitment of neural regions. These findings might also be consistent with 

the recently reported “Zoom fatigue” (Sander & Bauman, 2020), suggesting that at the neural 

level, differences between in-person and video chat interactions are detected. More research is 

needed to understand how learning from video chat interactions is supported and how the neural 

mechanisms underlying this type of learning differ across ages and individuals. Understanding 

the factors which contribute to learning from in-person interactions, interactive, and non-

interactive media will help us generate best learning practices for an environment that is likely to 

include both in-person and online learning environments.  
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CHAPTER V: GENERAL DISCUSSION 

 

 

 This dissertation contributes to our understanding of working memory and imitation 

learning during in-person and video chat interactions and the associated neural activation 

patterns in early childhood. A new object sequencing imitation task, which indexes visual spatial 

working memory, was created and tested with preschool-aged children. The task was 

parametrically manipulated to assess age-appropriate levels of low and high memory loads in 3- 

to 5-year-olds. With this benefit as well as the ability to test performance across multiple trials, 

the robots task was an ideal task to use in an fNIRS investigation of working memory across 3 to 

8 years of age. Neural activation patterns associated with working memory have been under-

investigated in the first years of life, despite the fact that behaviorally, working memory rapidly 

develops during this time period. Furthermore, working memory tasks in early childhood are 

often only used for a specific age or limited age range, but the robots task is non-verbal and can 

be used across a wide age range. Because the robots task demonstrated load-related differences 

in young children’s performance (Rusnak et al., submitted; chapter 2), we used it, as well as the 

well-established spatial sequencing task (SST), to measure cortical activation while children 

engaged with an experimenter during in-person interactions, a novel neuroimaging approach that 

is more ecologically valid for young children’s real-world learning. Finally, using a within-

subjects design, we tested children’s performance on these tasks and neural activation patterns 

during in-person versus video chat conditions. No study to our knowledge has examined neural 

activation during video chat interactions in young children. 

While other analysis approaches are necessary to investigate the significance of regions 

involved, in chapter 3, we found that both tasks elicited activation within hypothesized frontal 

and parietal regions. In both the robots and SST tasks, we found greater activation in the 
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dorsolateral PFC during the test phases compared to the resting baseline. There were load-

dependent increases in activation as well, with greater activation during the high load of the SST 

demonstration than the low load, and greater activation in frontal areas during the high load of 

the test phases compared to the low load of the test phases, in both tasks. These findings are 

consistent with our hypotheses of engagement of frontal areas during a working memory task, 

and generally load-dependent recruitment of lateral PFC regions. FNIRS measured whole 

cortical activation in the present studies, a novel approach in the growing fNIRS field. This 

approach allowed us to test whether other brain regions might support working memory in early 

childhood. As no other regions were involved, future analyses can utilize a region of interest 

based approach to counter the stringent whole brain correction that may be masking results at 

corrected levels of significance.  

We used both the robots task and SST to measure learning from in-person and video chat 

interactions in 4- to 8-year-olds. Social connection and distance learning are becoming 

increasingly commonplace via video chat, particularly during the coronavirus pandemic, which 

is likely to shift video chat use even long term, yet no research to date has examined neural 

mechanisms underlying video chat learning in young children. Though we hypothesized a 

transfer deficit during video chat learning at higher memory loads, all children learned 

comparably during in-person and video chat interactions. This was surprising given the difficulty 

of the tasks (we did not see any ceiling effects), yet this finding can be reassuring to parents and 

educators who may be concerned with distance learning via video chat. Though behavioral 

performance did not differ, we did find some neural differences between the in-person and video 

chat conditions (see Moriguchi & Hiraki, 2014, for an example of neural but not behavioral 

differences). Most notably, although there were examples of greater frontal activation during 
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video chat compared to in-person interactions, consistent with our hypotheses, our overall pattern 

of results demonstrates greater activation during the in-person compared to the video chat 

condition. A few speculations may shed light on these findings. While non-interactive, 2D 

sources are generally considered to increase cognitive load due to the mismatched cues, 

contingency within media may reduce load by focusing attention, and fewer overall cues within 

the video chat compared to in-person interactions may lead to lower demands of the video chat 

condition. Additionally, these findings might be consistent with the recently reported “Zoom 

fatigue” (Sander & Bauman, 2020), suggesting that at the neural level, differences between in-

person and video chat interactions are detected, as repeated video chat interactions may be 

exhausting.   

Our novel design demonstrates the feasibility of measuring neural activation while young 

children learn from others, on real objects or on tablets, during in-person as well as video chat 

interactions. Now that we established the feasibility of the design, we can manipulate additional 

factors in future investigations. The difficulty of the tasks can be manipulated within this design, 

and other measures could be tested that were not analyzed in this dissertation, including: 

perseveration rates, inhibition, performance following short and long delays, and learning from a 

familiar, rather than unfamiliar, experimenter. 

Furthermore, children’s individual histories of media use may predict transfer success, 

and this dissertation begins to associate parental reports of children’s naturalistic experiences 

with media with outcome measures. Prior work demonstrated that children’s naturalistic 

experiences with interactive media predicted transfer success (Kirkorian & Choi, 2017). While 

our binary measure of video chat use was not associated with performance on either task during 

the video chat interaction, this may be due to a number of factors. First, as with prior research 
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that has indicated that it is not simply the quantity of media use that predicts learning, but rather 

the quality, it may be that the quality of video chat interactions are better predictors of later 

transfer of learning than the sheer quantity. A particularly important aspect may be the quality of 

the responsiveness between the child and social partner via video chat. For instance, while 

children were engaged with both non-interactive videos and video chat interactions, it was the 

temporal synchrony of the video chat interaction that predicted learning (Myers et al., 2017). 

Finally, as with other forms of media, joint media engagement with another social partner aids 

learning from video chat (Myers et al., 2018). Particularly for younger children who have less 

experience with video chat, a social partner that scaffolds the video chat interaction, navigates 

any technical issues which arise, and helps to connect on-screen information with relevant, real-

world information may be particularly important. In chapters 3 and 4, we used the interaction 

phase to create a context in which children could learn that the partner on screen was responsive 

and provided relevant information. Experimenters prompted children to contribute to the shared 

drawings, asked questions, and commented on the additions that children made to the shared 

drawing. This activity may have overcome differences in children’s experience with video chat. 

The quality of the interaction during this phase, and neural activation as well, could be used to 

predict performance on the working memory tasks. Current analyses are underway to examine 

these hypotheses.   

This dissertation used novel approaches to test young children’s learning that is relevant 

to the real world. Because of how quickly the digital media environment shifts, it has been 

challenging for research to keep up with assessing children’s naturalistic experiences and 

learning that occurs under different conditions of media interactivity, task difficulty, and age of 

the child. This dissertation provides a design that can be used to assess behavioral and neural 
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measures associated with learning under these different conditions. In turn, these findings can 

inform best practices for early learning from media sources. This dissertation demonstrates that 

children from preschoolers to 8-year-olds can learn from socially contingent video chat 

interactions and that it is feasible and possible to measure neural activation in relevant, real-

world learning environments in this young age group.      
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