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This protocol paper outlines an innovative multimodal and multilevel approach to studying the emergence and evolution of how children build social bonds with their peers, and its potential application to improving social artificial intelligence (AI). We detail a unique hyperscanning experimental framework utilizing functional near-infrared spectroscopy (fNIRS) to observe inter-brain synchrony in child dyads during collaborative tasks and social interactions. Our proposed longitudinal study spans middle childhood, aiming to capture the dynamic development of social connections and cognitive engagement in naturalistic settings. To do so we bring together four kinds of data: the multimodal conversational behaviors that dyads of children engage in, evidence of their state of interpersonal rapport, collaborative performance on educational tasks, and inter-brain synchrony. Preliminary pilot data provide foundational support for our approach, indicating promising directions for identifying neural patterns associated with productive social interactions. The planned research will explore the neural correlates of social bond formation, informing the creation of a virtual peer learning partner in the field of Social Neuroergonomics. This protocol promises significant contributions to understanding the neural basis of social connectivity in children, while also offering a blueprint for designing empathetic and effective social AI tools, particularly for educational contexts.
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1 Introduction

Understanding how we learn to form social bonds with others, and the roles that building of social bonds plays in our life, holds significant value as it promises to unveil the intricate processes through which individuals connect, form meaningful relationships, and cultivate a sense of belonging, ultimately contributing to personal wellbeing, societal cohesion, and the overall fabric of social interaction. As well as its importance in and of itself, connections with those around us also play a significant role in task performance where, for example, collaboration is improved when friends work together (Sainsbury and Walker, 2009). However, the picture is not all rosy, increasing even further the need to understand. While a significant literature demonstrates that when students feel a connection to their peers they learn more (Clark and Dumas, 2015; Madaio et al., 2018), there is also a literature demonstrating that some students may put so much energy into building a relationship with their peers, that they neglect the schoolwork on which they are supposed to collaborate. This is particularly the case for low-performing students, who may wish to distract their peers from collaborative work in order to avoid engaging in tasks they do not enjoy or do well (Godwin et al., 2016).

We have coined the terms “productive rapport” and “unproductive rapport” to describe the benefits and disadvantages for task performance of engaging in social bond-building behavior, adapting terms introduced by Nasir et al. (2022) to describe productive and unproductive engagement in groups of students. We employ the term “rapport”, the harmony, smoothness and warmth experienced by participants in interpersonal interaction, and that is also recognized by observers of that interaction (Spencer-Oatey and Franklin, 2009), to avoid the vagueness that can be introduced by referring simply to “social interaction”. In order for young people to flourish, it is important to understand the underpinnings of social connection, and to know how to support them in building social bonds, but also how to use social bonds to improve performance. And yet, despite an extensive body of literature on the neural correlates of mentalizing and an increasing literature on the neural aspects of social interaction, the specific neural mechanisms underpinning the formation of social bonds among peers remain unclear. In addition, there is an unspoken assumption that putting time into building social bonds is always a net positive, which impacts the kinds of analyses carried out, and the conclusions drawn from these studies. In this context, we emphasize the significance of investigating the neural synchrony between two children engaged in both social and task interaction. As well as including data on their educational performance, over the course of a longitudinal study, and over the course of middle childhood. The longitudinal study allows us to better understand the time course of rapport, while the developmental study allows us to better understand whether different behaviors contribute to social bonds with age, whether the relationship of social bonds to performance changes, and whether the areas of the brain implicated in productive rapport change with age. We choose this field of inquiry, this approach, and this age group, because it is critical to better understand how children develop the ability to build productive social bonds, and what neural structures and dynamics underlie it, as we know that social interaction is critical to linguistic, cognitive, and even neural development (Ladd, 2005; Blakemore, 2010).

The results of this study will also serve to implement a virtual peer that focuses on productive rapport. To do so, a homologous second study, identical to the first, but where one child is replaced by a social AI agent, a virtual peer or VP, then uses this VP as a scientific tool to further understand the results of the child-child study, and to also to serve as the framework for the implementation of a virtual peer learning partner. Here we use fNIRS with the one real child to investigate the similarity and differences between child-child and child-VP social and task interaction. In this sense, the work described here finds a home in the field of Social Neuroergonomics (Dehais et al., 2020), where it has been suggested that studies of the neural correlates of social interaction can serve to improve performance of machines such as VPs. In turn, it is argued, the ways in which individuals interact with these machines can inform theories of social interaction, as well as to serve as a tool for human use (here in education). Specifically we answer the call by Kostrubiec et al. (2015) and Henschel et al. (2020) to turn to human neuroscience tools, including mobile neuroimaging, to explore long-term, embodied human–AI interaction in situ.



2 Background

In what follows we first look at relevant literature from a number of fields relevant to the current study. We center our literature review on real-time social interaction, a domain characterized as the “dark matter” of social neuroscience (Schilbach et al., 2013), and of artificial intelligence (Bolotta and Dumas, 2022). The literature review leads us to lay out a framework for the study of children's social interaction in ecologically valid contexts, and to a series of claims about what we will find in such study. We then propose the design of a novel hyperscanning experimental paradigm to adduce evidence for these claims, using functional near-infrared spectroscopy (fNIRS) to investigate interactions between pairs of children aged 5 to 12 communicating over videoconference. Our proposed study brings together a full range of conversational behaviors, data on interpersonal rapport, task performance, and inter-brain synchrony (IBS), over a number of weeks, across middle childhood.

The framework advanced here demands a close analysis of the phenomena examined and the natural contexts in which they occur. While the cognitive science literature often relies on tightly designed laboratory studies that may or may not transfer to real world situations, studies of conversational interaction “in the wild” may carry out fine-grained annotations of behavior (Schegloff, 2007). Here behaviors in different modalities are annotated and analyzed for their function in conversation: patterns of language (Schegloff, 1968; Schegloff and Sacks, 1973), non-verbal behaviors, such as mutual eye gaze (Goodwin, 1980, 1986), and what are called paraverbal behaviors, such as shifts in speech rate (Walker, 2017). In order to understand the role of these behaviors in bringing about particular psychological states, such as lateral head tilts that may convey empathy (Ambady and Weisbuch, 2010), social psychologists instead correlate the instances of behaviors with independent ratings of putative psychological states. Here a well-validated technique divides videos of people interacting into 30 second “thin slices”, presents them to untrained independent observers, and collects ratings for levels of particular psychological states. The idea behind this approach is that 30 second thin slices of video are too short to give the annotators time to reflect on what behaviors are leading them to a particular rating of rapport. This therefore evokes more rapid and thus more holistic ratings of psychological states that, by definition, cannot be viewed, but only inferred (Ambady et al., 2000). We have previously looked at the range of behaviors across modalities that are described by conversational analysts, but have correlated them with, and used them to predict, thin slice ratings in order to discover their function in bringing about psychological states. For example, we have identified what behaviors across modalities bring about the state of curiosity in small groups of children (Sinha et al., 2022).

While previous research in the field of social neuroscience has explored subjective self-reported rapport (Nozawa et al., 2019) and related phenomena in teacher-student interactions (Zhang M. et al., 2020), such investigations have not extended to peer dyads and have yet to incorporate an analysis of the behavioral features of the interaction. However, the behavioral correlates of rapport are abundantly studied in social psychology (Tickle-Degnen and Rosenthal, 1990, and following), and in linguistics (Spencer-Oatey, 2005, and following). Rapport has also been studied in the context of AI, where studies have demonstrated that it is possible to automatically recognize it (Madaio et al., 2017a), and to automatically generate behaviors that elicit it in conversational agents (Abulimiti et al., 2023). Meanwhile, in neuroscience a focus on social interaction continues to gain momentum.

While a lay use of the term sometimes refers to a feeling of “instant rapport”, for the most part rapport is a psychological state that develops over time. Because of the significant body of prior work, and the identification of specific behaviors that appear to play a role, and whose use continues to develop over the period of middle childhood (Baines and Howe, 2010), rapport would seem to be an ideal concept to anchor a developmental study. Indeed research shows that children in this age group are sensitive to quite similar phenomena, such as affiliation and togetherness, and employ behaviors that involve two people, such as synchrony of movement (what we call “dyadic behaviors”), to identify social bonds (Bowsher-Murray et al., 2023). They also accept or reject peers in part based on their ability to use the conversational behaviors that play a role in rapport (Black and Logan, 1995). At the same time, middle childhood is a time of structural and functional social brain development (Decety and Cowell, 2016; Rice et al., 2016). And yet, outside of pathologies, the topic of children's social competence and actual social interaction with peers is quite new in both the behavioral sciences and neuroscience (Ladd, 2005).

In prior work we have found the following to be particularly significant in the building, maintaining and destruction of rapport: the verbal behaviors called conversational strategies, such as self-disclosure and reference to shared experience, the non-verbal behaviors of eye gaze, head nods, and facial expressions such as smiles, and the paraverbal behaviors of laughter and pitch excurses (large variations in intonation). In each case, reciprocal instances of these behaviors (where both interlocutors engage in the behavior at roughly the same time—laughing together, or disclosing intimate information one after another—and conjunctions of these behaviors across communication modalities (what is called “multimodal communicative behavior”), appear to carry the most weight (see Cassell, 2000; Schegloff, 2007 for a general discussion of conversational behaviors). In such analyses it is essential to require ground truth as to the strength of the psychological state of rapport, so that the behaviors and psychological state are independently assessed. To this end, the level of rapport between two individuals relies on assessment by naive observers, given a general definition of rapport, and using the thin slice technique pioneered by Ambady and Rosenthal (1993). This is in contrast to some recent neuroscience literature where annotators are told to use particular non-verbal behaviors, such as mutual eye gaze or head nods, to rate rapport. It is important to consider that conflating the presence of non-verbal behaviors with social bonds risks circularity in the analysis process.

In the neurosciences a considerable body of literature has focused on the cognitive roots and neural signatures of social interaction in adults, demonstrating, for instance, the complementary roles of the mentalizing system (MS) and the mirror neuron system (MNS) (Sperduti et al., 2014; Sadeghi et al., 2022) including during peer-learning (Clark and Dumas, 2015). Within these systems, several key regions emerge: the prefrontal cortex (PFC), the superior temporal sulcus (STS), and the temporo-parietal junction (TPJ) (Molapour et al., 2021). The PFC plays a key role in social decision-making and emotion regulation (Franklin et al., 2017), processes which allow individuals to engage in prosocial behaviors that may strengthen social bonds. The superior temporal sulcus (STS) region is well-known for its involvement in a wide array of processes required for social interaction, such as understanding another's actions and beliefs, language, face perception, and the interpretation of others' eye gaze (Carlin and Calder, 2013; Monticelli et al., 2021). Finally, the TPJ, with its involvement in theory of mind processes (Saxe and Kanwisher, 2003), plays a role in perspective-taking, fostering the ability to engage in the kind of cooperative interactions essential for forming meaningful social connections. Moreover, the TPJ has been recently demonstrated to serve as a hub between self- and other-related behavior at the sensorimotor level, and a key input to the PFC for a more representational level (Dumas et al., 2020). However, studies of the mentalizing process focus in large part on single individuals, adducing evidence for hypothesized prerequisites for social interaction, and not social interaction itself, as a process co-constructed in real time by two or more participants. There are now, however, relevant technologies to study actual social interaction, such as hyperscanning; that is, the simultaneous measure of brain activity of at least two individuals engaged in interaction (Montague et al., 2002). And there are now relevant techniques to analyze social interaction. These include dyadic data analysis (Kenny et al., 2006), analyses that take the dyad as the unit of analysis, and the coordination dynamics framework (Tognoli et al., 2020), that allows social dynamics to be understood at multiple levels of description. In fact, researchers have increasingly argued, not to discount the importance of social perceptual processes, but to also integrate phenomena that require looking at two or more interactants at a time. This argument has recently been made for cognitive science (Dingemanse et al., 2023; Hamilton and Holler, 2023). It was first made for neuroscience in a visionary article by Hari and Kujala (2009), reiterated by Dumas et al. (2010), and Schilbach et al. (2013), and it has been echoed repeatedly since then, including in a recent special issue (Schirmer et al., 2021). In each case, the authors call for studies that involve two or more people engaging in interaction with one another in real time, and they call for analyses that look at the dyad as the unit of analysis, as well as the role of the individual in the dyad.

At the intersection of cognitive science and neuroscience lie experiments that deploy the tools of each to both better understand and better support human social interaction in all its complexity. We specifically argue here that a better understanding of the neurobiological basis of social interaction between children is necessary, including how the building of social bonds with peers develops over the course of multiple interactions, and over middle childhood. Since learning is the primary “job” of children, as a part of this investigation we also examine how certain types of rapport may increase learning while others may be detrimental. These topics require a dyadic perspective of the kind described above, as well as a perspective that implicates multiple levels of data—conversational, psychological, and neurobiological, as well as multiple approaches to understanding their conjunction. As hyperscanning research has progressed and continues to grow rapidly (for reviews, see Babiloni and Astolfi, 2014; Czeszumski et al., 2020), including through the use of fNIRS (Pinti et al., 2018, 2020; von Lühmann et al., 2021), it has become possible to evaluate theories concerning the nature of social interaction through in-situ experimentation by enabling the concurrent examination of multiple brains. This is achieved through the measurement of IBS, which assesses the temporal coherence and/or consistency in phase and amplitude of neural or hemodynamic signals across a specified time period (Dumas et al., 2010). The advances in electroencephalography (EEG) and fNIRS hyperscanning have allowed recent studies to more directly address the neural signature of social interaction, including a number of studies looking at conversational behaviors. Jiang et al. (2012) found that IBS was more present in the left inferior frontal cortex during face-to-face dialogue than when sitting back-to-back, suggesting a role for non-verbal behavior. More recently, mutual eye gaze has been identified as a potential modulator of IBS in several studies (inter alia; Dikker et al., 2017; Cañigueral and Hamilton, 2019; Piazza et al., 2020). Kinreich et al. (2017) report the first hyperscanning study integrating detailed annotation of non-verbal behaviors—what they call gaze and positive affect. They found that IBS was present in romantic couple dyads and not stranger dyads, and that gaze was positively correlated with IBS, while expressions of positive affect were weakly correlated, with no effect found for speech content. However, affects are underlying psychological states, and are themselves correlated with a number of different observable non-verbal behaviors, which may have therefore obscured a correlation. In addition, content of speech was not defined, and specific functions of talk may be more related to IBS than others, as described above. This is also suggested by Nguyen et al. (2021b) where an fNIRS hyperscanning protocol examined free discussion between pre-school children and their mothers. Turn-taking, conversational relevance and content contingency were assessed and only the number of turn-taking instances was correlated with IBS. This study is one of few that examine the temporal dynamics of IBS. Results showed that IBS increased more over time in mother-child dyads than in random pairs, and increased turn-taking throughout the 4-min conversation was associated with greater IBS later in the conversation. However, the presence of silences was used to assess turn-taking, while research has shown that non-verbal behaviors such as eye gaze also play an essential role (Kendrick et al., 2023), and that turn-taking can include significant overlap in speech, as well as silences. For an informative review of studies such as these, see Kelsen et al. (2022).

While the research described in the previous section focuses on conversation for its own sake, another line of research has examined the association between IBS and performance. Here, for instance, in looking at problem-solving tasks carried out independently and in teams of four individuals, it was found that IBS, as measured by EEG hyperscanning, predicted collective performance, even when the team members did not self-report strong cooperation (Reinero et al., 2021). Mayseless et al. (2019) also found a relationship between cooperation and IBS, such that as cooperation increased over time, IBS decreased (see also the recent meta-analysis by Czeszumski et al., 2022). These findings parallel those from the rapport literature, where research has highlighted the increasing importance of coordination over the course of a relationship (Tickle-Degnen and Rosenthal, 1990), but where increasing coordination almost paradoxically is accompanied by reduced use of coordination behaviors such as head nods (Cassell et al., 2007), as the dyad has perhaps less need of them to coordinate. Just as strikingly, a study of college students in a lecture and discussion neuroscience class used a novel protocol to assess group IBS over the course of an 11-session semester. Results demonstrated that the extent of IBS across students predicted both student self-reported engagement in the class and the social dynamics of the group, as measured by both individual and group characteristics (Dikker et al., 2017). However, as the authors themselves emphasize, it is difficult to disentangle engagement from joint attention, as all students were participating in the same activities. In addition, the study did not integrate a measure of student performance, and student engagement by no means predicts performance (Nasir et al., 2022). A number of other studies allying IBS and education have found significant neural synchrony between teachers and students, starting with Holper et al. (2013), who showed increased synchrony when the lesson was successful (see also Zheng et al., 2018; Sun et al., 2020). This literature parallels our own research showing that rapport, both directly and as a mediating variable for conversational behaviors, improves performance on collaborative tasks (Sinha and Cassell, 2015a; Madaio et al., 2018).

While the studies summarized above demonstrate a relationship between IBS and some aspects of social interaction and some conversational behaviors, each study is limited in the behaviors it examines and the modalities included (among verbal, non-verbal, and paraverbal), limited in the nature of the interaction between the participants, and limited in the analysis of how IBS changed over time. In addition, to the best of our knowledge, while hyperscanning experiments have looked at teacher-student dyads and caregiver-child dyads, experiments with child-child dyads have not been previously published.



3 Framework

The research summarized here leads us to propose a next step in understanding the neural signature of social bonds through a multimodal, multi-level, dyadic, and temporally-sensitive framework that provides quantitative testable predictions. By multimodal we mean, as it is used in the social sciences, linguistics, and artificial intelligence literature, multiple communication modalities. Here we include verbal (language), non-verbal (such as eye gaze), and paraverbal (such as intonation). We use the term multilevel to refer to the set of data types that includes conversational behaviors, psychological states, task performance, and brain activity. By dyadic we mean the analysis of reciprocal and mutual behaviors and psychological states. And by temporally-sensitive we refer to analyses that take into account the time of a single interaction, the 6 weeks of a longitudinal study, and the period of middle childhood. The predictions derived from the framework can be summarized with the following 6 claims:

• Claim 1: Conjunctions of conversational behaviors across modalities better predict IBS. Understanding how social bonds among peers are reflected in IBS requires the integration across the conversational modalities: verbal, non-verbal, and paraverbal, rather than looking at one single conversational modality or behavior (such as eye gaze).

• Claim 2: IBS and rapport evolve similarly across time. We use Dynamic Time Warping to quantify the temporal similarity between the two representations of social connectedness, through dyadic measures at the neural and psychological level.

• Claim 3: IBS Granger-causes reciprocal conversational behaviors. Beyond temporal similarity, we expect that IBS is a precondition of successful dyadic conversational behavior and thus the emergence of rapport.

• Claim 4: Not all rapport is productive. We introduce the notion of “productive rapport”; that is, rapport that leads to learning gains in educational tasks, in contrast to unproductive rapport that is detrimental to learning. We therefore run analyses that examine whether there is a inverted U-shaped curve between rapport-building and performance.

• Claim 5: Rapport-building is a process that takes time. Rapport is rarely built in a 1-h session, and so we argue that a study design must illuminate the time course of rapport at both the time scale of an hour during a single interaction, and of several weeks in a longitudinal design.

• Claim 6: Brain regions evolve with age. It is well-known that the brain evolves across the period of middle childhood and beyond (Lebel and Beaulieu, 2011). We argue that with age we will find more reciprocal conversational behaviors, as children become more able to participate in interpersonal synchrony, and increasingly able to develop abstract shared mental representations with others. We predict that this will lead to greater IBS, and a progressive shift in activation from rTPJ to PFC.

Bringing these axes together we predict that we will find stronger and more generalized IBS where conversational behaviors (verbal, non-verbal, and paraverbal) are reciprocal. That is, in cases of mutual eye gaze and mutual smiles, reciprocal self-disclosure, and entrainment (sometimes called alignment) where the pattern of behavior is increasingly similar between members of a dyad, such as increasingly similar speech rate. We predict that these patterns of dyadic behavior will be followed by increased IBS and that, in turn, this will allow us to distinguish between productive and unproductive rapport on the basis of IBS that follows dyadic behavior. That is to say, IBS will be present in more regions of interest, and will be stronger, when it co-occurs with high rapport that accompanies (and just precedes) learning gains.

Here, due to its non-invasive nature, high safety profile, reduced sensitivity to participants' motion, and higher spatial resolution than EEG, the fNIRS technique can play an important role (Providência and Margolis, 2022). Its reduced sensitivity to movement makes it ideally suited to investigate the naturalistic phenomena that make up social interaction (Pinti et al., 2020), and particularly social interaction among children, who may find it difficult to stay completely still. While EEG captures responses to individual events at a high temporal granularity (single syllables, articulation of the face), fNIRS integrates over these to reveal the different brain region that are more or less active on the timescale of seconds, and therefore allows us to focus on overall task components, rather than events at the sensory modality level of resolution.

An earlier study conducted by Rabinowitch and Knafo-Noam (2015) found that ratings of closeness were higher for children who participated in a synchronous finger tapping exercise, a result thought to illustrate the positive effects of synchronous (non-conversational) interaction in children, but given the increased focus in neuroscience on actual social interaction, and the tools available to do so, it is time to study IBS in child dyads engaging in actual social interaction, with an eye toward better understanding and better implementation of supporting technologies.

In what follows we therefore propose a novel study and concomitant methodology to address some of the questions raised by prior work, and to adduce evidence for the claims laid out above. We have adapted an ecologically valid interactive task used in our prior work (Finkelstein, 2018; Cassell, 2022), attractive to children across middle childhood, that can be carried out by one child (solo phase), and by dyads (collaborative phase), while attached to fNIRS apparatus. The task has variations that allow children to engage several times over a period of weeks, each time with a solo phase and a collaborative phase, and calling on slightly different skills each time, but demanding the same amount of effort. In a subsequent study, the same tasks can be carried out by a child-virtual peer dyad (as has been demonstrated in our prior work). Because the results will also inform the design of that VP, which will interact with its child interlocutor through a computer screen, all phases of the child-child experiment take place via videoconference. This also facilitates matching children with strangers of the same age, so that all evaluations of rapport are based on interactions between children who have never before met. A recent study of interaction across videoconference has shown that neither mimicry nor levels of trust are significantly different from face-to-face conditions (Diana et al., 2023). However, other studies suggest that remote interactions exhibit reduced levels of IBS compared to in-person interactions (Schwartz et al., 2022). This observed reduction might be associated with the reduced turn-taking found in Zoom interactions (Balters et al., 2023), and is postulated to be due to a decrease in the intensity of face processing and social interaction (Zhao et al., 2023). Nevertheless, assessing IBS in dyads communicating via videoconference remains feasible (Wikström et al., 2022) and important, given the increased presence of videoconference interactions in everyday life.



4 Experimental paradigm

Analyzing children's behavior in natural settings is the most ecologically valid method of assessing how they build social bonds (Elliott and Gresham, 1987). Consequently, the methodology we propose involves a combination of familiar tasks, comprising hypothesis construction and free discussion. A videoconference setup will include a camera and high-quality microphone, allowing us to collect high-fidelity video and audio during the entire course of the experiment (Figure 2A), that we can then analyze (in large part automatically). Our data analysis pipeline uses new methods for allying the multiple streams of data: verbal, non-verbal and paraverbal behaviors in conversation, levels of rapport, task performance, and IBS.


4.1 Target population and sample

An a priori power analysis was conducted using G*Power 3.1.9.7 (Faul et al., 2007) to determine the sample size needed for the study. The analysis was based on an ANOVA with 4 age groups and 6 measurements, using an effect size of (d = 0.24), based on our pilot study results, and an alpha of 0.05. The results indicate that a total sample size of 176 dyads will be required to achieve a power of 0.95. This aligns with the recommendation of Bizzego et al. (2022), who suggested a minimum sample size of N = 150 to detect significant IBS. There are significant challenges in recruiting participants for hyperscanning experiments, and particularly for recruiting dyads of unfamiliar children. In the event of a smaller sample size, we can adopt an analytical approach, such as the non-parametric bootstrap test with a pooled resampling method, as proposed by Dwivedi et al. (2017), and cited in Bizzego et al. (2022), which has demonstrated satisfactory performance in cases of small sample sizes and non-normally distributed data. We will enlist equal numbers of dyads from 4 age groups: 5–6, 7–8, 9–10, and 11–12 years (44 dyads per group). As social interaction may differ between boys and girls at these ages (Underwood et al., 1999), dyads will be of the same gender (both boys or both girls), and half of our participants will be male and half female (88 dyads of girls and 88 dyads of boys). As described above, in order to assess the initial building of rapport, all children will be strangers to one another. Our videoconference set-up will facilitate this, as we will set up video-conferencing in 2 different schools or after-school programs.



4.2 Task description

Adducing evidence for the claims outlined above places a number of constraints on the kind of task we can use: in order to investigate neural synchrony during collaboration, the task must allow both a solo and collaborative mode, so that we can compare IBS between the two and ensure that it is not due to looking at the same stimuli (Hasson et al., 2008). The task also needs to encourage social exchange, as well as to be engaging for children in a quite wide age-range (5–12 years old). In order to measure performance, the task must have answers–either tasks with correct answers, or where the nature of answers can be assessed. The age of the participants indicates that they will have a relatively short attention span, meaning that the task must be able to be completed relatively rapidly. On the other hand, since a relatively rapid task may not give enough time for rapport to develop, we have designed a longitudinal component, whereby participants engage in slightly different but comparable tasks, spending 2 weeks on each of three tasks, for a total of 6 weeks, as we have done in prior research (Finkelstein, 2018; Madaio et al., 2018; Cassell, 2022). In order to collect high-fidelity data, the task needs to be displayed on the external screen in front of the child (rather than on a piece of cardboard laid on a table, for example) so that the child's face and body are oriented toward a webcam and microphone placed next to the monitor (the computer and keyboard will be located elsewhere to diminish distractions). Finally, because a subsequent study will integrate an AI learning companion that is based on optimal performance in the child-child task, the task must allow a virtual peer agent to collaborate with the child, as well as allowing two real children to participate.

Keeping all of these constraints in mind, we therefore designed a relatively simple paradigm: a set of three tasks (described below) that ask children to generate hypotheses and evidence for their hypotheses. The children work on each of the three tasks for 2 weeks, meaning that the entire study takes 6 weeks.

Specifically, in the first, solo, phase the children will be asked to describe out loud as much evidence as they can muster for claims they are making. While this kind of task may sound too scientific for 5–6 year old children, a significant body of literature describes children's ability to do just this, albeit without necessarily using the words “hypothesis” or “evidence” (Sodian et al., 1991; Ruffman et al., 1993). Indeed, requesting scientific thinking of this sort is a common style of educational activity for the entire age group. If the participants are still generating answers at 8 min they will be encouraged to wrap up, and after 10 min they will be stopped.

Next the children will be invited to collaborate by sharing their ideas with the other child in the dyad, in order to come up with a final list of claims and evidence for those claims that they will later present to an experimenter.

After the collaboration phase, the children will engage in a social phase, where they will be asked to chat with one another in free discussion for 8–10 min while the experimenters “get their paperwork together”.

After the social phase, we will turn off the children's cameras and ask them to self-report their feelings of closeness to the other child in two ways: first by rating their level of preferred closeness to the other child in the dyad, using a well-validated preferred closeness scale for children (Strayer and Roberts, 1997), and then by completing their feelings of closeness using the “Inclusion of Other in Self” (IOS) scale (Aron et al., 1992; adapted for children by Rabinowitch and Knafo-Noam, 2015). They will then present their task results to an experimenter located locally in each of the two venues, for no more than 8–10 min. The experimenter will give no feedback other than continuation markers such as “uh huh”. This phase will serve to assess the children's learning gains after each week. Figure 1 summarizes the experimental paradigm.


[image: Figure 1]
FIGURE 1
 Experimental paradigm of proposed study.


The first task, used during weeks 1 and 2, will present children with an image of an imaginary animal in a pastoral environment, and will ask them to make inferences about the creature's survival habits with regard to food, protection, and movement based on its appearance and the environment depicted. The second task, presented during weeks 3 and 4, depicts a girder and beam bridge made from square blocks. The abutments and piers are of unequal widths and are spaced unequally. Children will be asked about structural changes that would allow the bridge to support more weight. The third task, presented during weeks 5 and 6, depicts a ramp with a tennis or golf ball that could roll down the ramp. The length, degree of incline and material used on the surface of the ramp are shown to be adjustable. The children will then be asked to determine how the ramp parameters could be set to maximize the speed of a ball rolling down the ramp. The tasks are depicted in Figure 1.

In week one, prior to the solo phase, children will undergo training, in which the rules and mechanics of the tasks are explained and they will be guided through describing claims (what they think) and evidence (why they think that). The training is neither recorded nor timed and children are encouraged to ask any questions that they have about the experiment. After the training, during which fNIRS capping will also be carried out, fNIRS recording will begin and a first baseline recorded, during which the children will be asked to look at a white crosshair on a black screen for 60 seconds to determine resting brain activity. A second baseline will be collected before the collaborative phase of the game, and the mean of the two baselines will serve as the resting brain activity of each child.

While 176 dyads will engage in the phases described above, a small number of dyads will serve as a control. These children will engage only in solo work, and in a report to the teacher each week, with a pre-test and post-test as above, in order to differentiate between the impact on learning gains of simply engaging in the task and that of collaborating on that task. These tasks, annotation schemes and performance metrics, have been successfully used in both a child-child and child-VP longitudinal study with 7- to 8-year-olds (Finkelstein, 2018; Cassell, 2022), and have been successfully pilot-tested with 5–6 year-olds.

Because of the complexity of recruitment for longitudinal studies, and particularly those using neuroscientific methods with children, we will start by collecting data with 9–10-year-old dyads, and expect to analyze and publish the results from that work while collecting data from other age groups.




5 Data collection


5.1 fNIRS data acquisition

Functional NIRS data will be collected using two NIRx NIRSport2 machines. Each child will be connected to a separate machine with 16 sources and 16 detectors, using a sampling rate of 7.81 Hz, and wavelengths of 760 nm and 850 nm. The imaging montage of the fNIRS caps (pictured in Figure 2B) covers the 3 areas implicated in social interaction described in prior work above: the left and right PFC, STS, and TPJ. Eight short channels (8 mm source-detector separation, illustrated in Figure 2B) will be used to address systemic physiological artifacts (Wyser et al., 2020). Neural signals will be recorded using the NIRx Aurora and Hyperscan software packages, which automatically synchronize the recording from both NIRSport 2 machines via an ad hoc network. Because children may vary in head size, even within one age group, optodes that are destined to be placed in the same ROI may in fact capture data from a different region. Improved precision in channel localization will therefore be addressed by pinpointing the locations of the channels for each child in terms of the MNI coordinates, through digitization of fNIRS optode locations, as detailed by Hu et al. (2020). This method facilitates accurate spatial mapping of neural activation across participants.



5.2 fNIRS data pre-processing

For each subject, raw data will be visually inspected for evidence of artifacts that would result in poor data quality. Pre-processing will be carried out by MNE-NIRS, a dedicated Python library for pre-processing fNIRS data (Luke et al., 2021). To further enhance data quality, for each source-detector pair, the impact of systemic physiological factors will be attenuated by performing short-channel regression using the temporally embedded Canonical Correlation Analysis (von Lühmann et al., 2020). Raw intensity values will be converted into optical density values and then motion-corrected using temporal derivative distribution repair (Fishburn et al., 2019). The scalp coupling index (SCI), a measure of signal strength between the optodes and the scalp (Pollonini et al., 2014), will then be calculated for each of the 42 channels for the entire experiment. Any channel with an SCI value lower than 0.8 will be excluded from subsequent analysis (Pollonini et al., 2016). For the subsequent dyadic neural synchrony calculations (described further below), only shared channels with sufficient SCI will be used. Remaining data will then be converted into hemoglobin concentration values using the modified Beer-Lambert law (Baker et al., 2014). Data will be filtered in order to remove heart rate and respiration artifacts by applying a band-pass filter between 0.01 and 0.5 Hz (Yücel et al., 2021). Both oxygenated hemoglobin (HbO) and deoxygenated hemoglobin (HbR) will be analyzed, as HbO exhibits greater sensitivity to changes in cerebral blood flow (Jiang et al., 2012), while NIRS data acquired during verbal communication is most accurately represented by the HbR signal (Zhang et al., 2017), since speaking can influence end-tidal CO2 blood levels (Scholkmann et al., 2013).


5.2.1 Epochs

Before calculating IBS, we will segment the neural data from each phase into 30-second epochs, as described in Nguyen et al. (2021b). These 30-second epochs allow us to observe the change in IBS over time. As well as its use in prior neuroscience studies, 30 seconds is the time period used in our prior work estimating rapport, facilitating the behavior analysis pipeline we describe below.



5.2.2 Inter-brain synchrony

Inter-brain synchrony will be calculated using wavelet transform coherence (WTC), which allows comparison of similarity between signals in terms of spectral content (Czeszumski et al., 2020). WTC calculations will be conducted using the hyperscanning Python pipeline (HyPyP) developed by Ayrolles et al. (2021), across six regions of interest (left and right PFC, left and right TPJ, left, and right STS) within the low-frequency range 0.01 to 0.15 Hz. This range is chosen to filter out respiration and heart rate while still allowing a relatively wide range of frequencies implicated in free verbal interaction in prior work (specifically Mayseless et al., 2019; Nguyen et al., 2021b). Like these previous authors, however, we will carry out visual inspection and spectral analyses and add higher frequencies if motivated by the data.

For each dyad, we will obtain IBS values for each 30 second epoch and each ROI pair. We will also compute the average IBS across each 8–10 min phase of the experiment. In total, we will thereby obtain IBS values for each dyad, from each ROI, for the entire phase and for each 30-second epoch within that phase. To best capture the IBS evoked by social interaction, we normalize the values of the social phase by computing a Z-score, i.e., removing the average value of the solo phase and dividing by the standard deviation. This process is repeated for each dyad. To compare the difference between phases, then, we run a general linear model (GLM). Normalized IBS values are entered as the dependent variable with interactive phases (i.e., collaboration and discussion) and the interaction effect of ROIs (six per dyad) as fixed factors. To assess whether the observed neural activity is most likely due to exchanges between the children, as opposed to being primarily driven by the content of the task, we will also generate random pairings by calculating IBS with false dyads (the child's time-series paired to the time-series of another child coming from a different dyad during the same phase). We will create multiple such random pairs to generate the distribution of IBS expected under the null hypothesis (H0) (Nguyen et al., 2021a). The values of the actual real pairs will then be compared to these H0 distributions, thus providing an empirical p-value. An example of this analysis is illustrated for the feasibility study in Figure 5B. We will also generate a more conservative intra-pair comparison based on temporally shuffled behavior. In this case, the participants stay the same but the epochs are randomized to generate false dyads (Ayrolles et al., 2021).
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FIGURE 2
 (A) Representative set-up of one of the experimental rooms (here in the feasibility study). (B) fNIRS montage showing the regions of interest: PFC (blue channels), STS (yellow channels), and TPJ (green channels). Red and blue circles represent the sources and detectors, respectively.





5.3 Behavioral annotation

We argued above that it is not sufficient to focus on one single conversational behavior, nor one single modality of conversational behaviors, in order to understand the ways in which the behaviors of social interaction are related to IBS. Here we describe how we acquire the multimodal data. Conversation is influenced by the situational context (e.g., classroom vs. playground, brainstorming vs. class presentation), and by the interlocutor (e.g., adult vs. child, stranger vs. friend or family member). These differences underscore the importance of rigorous annotation, including using automatic extraction based on advances in signal processing to allow efficient treatment of large amounts of data, as well as hand annotation using coding manuals tested and normed for the culture and age group in question.

In terms of the automatic extraction of nonverbal behavior, we will employ OpenFace, a widely-used open-source computer vision framework that utilizes action units (AUs) to detect facial landmarks, allowing us to detect facial expressions in video (Baltrusaitis et al., 2018). AUs are translated into behavioral features such as smiles. This allow us, for example, to differentiate between the Duchenne or genuine smile and the polite smile (Ekman et al., 1990). We will next perform a manual check on 10% of the data at each age using the ELAN video annotation tool (Wittenburg et al., 2006) to ensure that the behaviors are correctly annotated by the software. We have conducted such checks in the past, and have found alignment between high inter-rater reliability hand annotation and OpenFace. If, however, this is not the case for these data for any reason, we will fine-tune the software with the annotated data to ensure alignment and then retest on a second sample of 10%. Second order behaviors (e.g., mutual smiles) will then be automatically extracted. Assessment of eye gaze in the videoconference-mediated conversations will be achieved using the framework developed by Tran et al. (2022) applied to the raw eye gaze data generated by OpenFace. This application enables the extraction of eye gaze direction employing a dynamic clustering algorithm. As with facial expression, we will then automatically extract the second-order behavior of mutual eye gaze.

In addition to non-verbal behavior, we will also extract prosodic features (e.g., pitch, loudness and speaking rate), which have also been shown to play a role in rapport management (Grimberg et al., 2022). These features will be extracted using a widely used open source audio analysis framework called OpenSmile (Eyben et al., 2010), which enables acoustic features in the audio to be extracted and then interpreted as prosodic features such as intonation, speech rate, and loudness. We will then automatically extract the second order behaviors (e.g., identical speech rate, entrainment of loudness, etc.).

Finally, we will annotate verbal or linguistic behaviors using the Elan software package, version 6.7 (Wittenburg et al., 2006), concentrating specifically on what are called conversational strategies—ways of speaking that serve particular interpersonal functions (such as using praise to “soften up” one's interlocutor, or hedges to avoid embarrassing the other person), that have been shown to play a role in building rapport among adults and young people (Zhao et al., 2014; Madaio et al., 2018). Our coding scheme for conversational strategies, refined and published in numerous papers over the last decade, is based on behavioral phenomena that have been shown in work by others and by our own team to impact rapport. Each coding scheme treats one verbal behavior. In the current work, we will annotate self-disclosure (revealing details about oneself that are not publicly available, such as “I love dogs”), reference to shared-experience (referring to an event that was engaged in together, such as “last week's problem was really hard, right?”), praise (such as “you're better at this than me”), and backchannels (sounds or words that indicate that the listener is following, such as “uh huh” or “yeah”). We will then use a grounded theory (Glaser and Strauss, 1967) bottom-up approach on a subset of the data from each age to understand if we have missed any relevant conversational strategies in the dataset and we will add them to the annotation scheme if so. Following this, we will automatically extract second-order conversational strategies, such as mutual self-disclosure (“I love dogs.” “Me too”). Annotation of conversational strategies will be carried out by experienced annotators whose inter-rater reliability on Krippendorf's alpha must be above 0.7 before they proceed to annotating independently (Krippendorff, 2011). Importantly, we will annotate only what is visible, and then correlate with the underlying dyadic psychological state of rapport, rather than placing annotation of putative underlying states such as beliefs (e.g., this child likes her partner), feelings (she looks happy), and/or intentions (she wants to convince the other child that she's right) on the same level as visible behaviors.



5.4 Rapport estimation

We argue that analyzing only conversational behaviors with respect to IBS without associating them to underlying psychological states obscures how those psychological states are produced dyadically through particular multimodal conversational behaviors. For this reason we will carry out careful objective estimation of the level of rapport between the children in each dyad by using the “thin-slice” method, described above, in which the video is divided into 30-second “thin slice” segments (Ambady and Rosenthal, 1993; Ambady et al., 2000). These segments will be presented in random order to four independent raters on an online micro-work platform (such as Amazon Mechanical Turk or Prolific). The annotators will be provided with a simple one sentence definition of rapport as harmony and ease of interaction, and asked to evaluate each slice of video on a Likert scale ranging from 1 to 7, where higher scores indicate higher rapport (Sinha and Cassell, 2015a). A single rapport value for each slice will be produced by throwing out the rater most distant from the other three, and then calculating intraclass correlation and Cronbach's alpha among the remaining raters to determine consistency and reliability, respectively (Ambady and Rosenthal, 1993; Madaio et al., 2018). The 30-second slices will then be reassembled in their original order, giving a picture of the temporal dynamics of rapport over the course of the interaction.

While we sometimes refer to feeling instantly “in sync” with somebody we have just met, for the most part rapport fundamentally has to do with the change of a relationship over time. In order to assess the changes in rapport over the course of the 6 weeks of the longitudinal experiment, we will rely on the concept of utopy (Sinha, 2016). Prior work has shown that statistical summaries such as a measure of central tendency or proportion of high and low ratings of rapport, collapse the temporal dimension and are not as robust as more stochastic-based models which capture the evolution of rapport over time (Sinha, 2016). We will thus fit a Markov chain of order 1 to the sequence of 16 to 20 rapport ratings for each session (8–10 min), the sequence of 32 to 40 rapport ratings over the two dyadic sessions (collaboration and open-ended chat) and the 192 to 240 rapport ratings for the two dyadic sessions over the entire 6 weeks, and use the resulting transition probability matrix to generate a measure of the “utopy,” or likelihood of the dyad being in a high-rapport state. This likelihood is calculated as the sum of each transition probability weighted by the distance of the transition (Sinha, 2016; Madaio et al., 2017b). This allows us to assess the temporal dynamics of rapport.

As described above, we will also ask children after each interaction to rate their preferred closeness and feelings of closeness to their partner.



5.5 Educational performance

We argue for two types of rapport to be distinguished: productive and unproductive. Both types are associated with important health and wellbeing benefits, such as feelings of social cohesion. However, we define productive rapport as that which serves not only to improve wellbeing, but also to increase learning gains when two children collaborate. Unproductive rapport, on the other hand, may serve to distract the learners and reduce learning gains. To assess what behaviors identify productive rapport, we will assess the learning gains of the individuals in each dyad, and the mean learning gain of the dyad, each week and over the period of the 6 weeks, as follows: as described above, the children will individually report their hypotheses and evidence to a locally-located experimenter each week, after the collaborative and free discussion phases are finished. This “reporting out” serves as a metric of performance on each week's work. In addition, the delta between a pre-test (before the 6 weeks begin) and post-test (after the end of the 6th week) will measure learning gains over the course of the 6 weeks for each individual and for the dyad in order to assess the relationship between IBS, use of conversational behaviors, level of rapport, and learning gains. The pre-test and post-test will be similar to the first task used in week 1 and 2, and they will be administered by the experimenter located in each venue. Here the experimenter will show the child an image of a new imaginary animal (a different animal for the pre-test than for the post-test), and several pictures of environments, and ask the child whether each of the environments would be a good or bad place for the animal to live in and why. After the child has given arguments for why each of the environments would be suitable or unsuitable for the imaginary creature, the experimenter will ask which of the environments would be best and why. Once again this will last no more than 8–10 min. The students' responses on the weekly read-out and the pre- and post-test will be annotated for instances of every-day science reasoning language (hypotheses, claims and evidence, expressed in lay language, such as “I think that he can climb trees because he has long claws”). The annotation will be carried out using a scoring manual for everyday science language that we developed for prior work (Finkelstein et al., 2013; Finkelstein, 2018), and that has achieved high inter-rater reliability. The manual was developed based on a significant body of prior work (inter alia, Lemke, 1990; Kafai and Ching, 2001; Kurth et al., 2002; Nemirovsky et al., 2004). The categories include “testing or evaluating ideas”, “causation”, “explanation”, sorting/classifying”, and “comparing”, among others. The children's interactions with one another, both during the collaboration phase and the social phase are also annotated for conversational behaviors and for rapport, as described below.




6 Data analysis

Intrinsic to the novel methodology we are proposing is the alignment of neural data with multimodal conversational data on the one hand, and ratings of interpersonal rapport on the other. Synchronization of the video, audio and fNIRS equipment will be carried out by event timings from PsychoPy (Peirce et al., 2019), as described above. For the analyses below, therefore, while potentially challenging due to the different time-scales of the different modalities, we use the mean calculated on each 30-second window for each data type, and can therefore synchronize the different behavior streams (audio, video, rapport estimations, and IBS) using the event codes recorded in the fNIRS data, prior to subsequent cross-data type analysis.


6.1 Claim 1: conjunctions of conversational behaviors across modalities better predict IBS

We argue that focusing on a single conversational behavior (such as eye gaze) under-estimates the complex interplay among modalities in their relationship to neural synchrony. To adduce evidence for this claim we will leverage Long Short-Term Memory (LSTM) networks to predict IBS on the basis of temporal sequences of behavioral data (see Table 1 for further details on the behavior types and variables). Since conversational behaviors are likely to lead to IBS with a certain lapse of time, we insert a 1 to 10 second time lag between the sequences of conversational behaviors and the IBS (Chang et al., 2022). The dataset will be structured into sequential behavioral data over time, each associated with a 30-second interval IBS value and normalized through a Min-Max scaling technique, ensuring consistent proportions across all features, while preserving the original distribution of the data.


TABLE 1 Data sheet.
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The study will employ a hierarchical LSTM model to process these multimodal inputs. Within this framework, different LSTM modules will be dedicated to distinct input modalities, with their outputs subsequently merged in the following stage. Given that each modality may generate inputs at varying frequencies, we will synchronize these signals, setting a uniform frequency for the temporal signals that aligns as a common multiple of their various frequencies. To overcome the inherent limitation of traditional LSTM models, which often lose track of initial inputs over time, we will incorporate attention mechanisms known for their effectiveness in preserving memory. Additionally, the LSTM model will feature a feed-forward network capped with a softmax function at its output, aiming to categorize the hidden representations into specific conversational behaviors. The model's weight functions will be honed through supervised learning, utilizing Back Propagation Through Time (Mozer, 1995). For the training of our LSTM model, we will employ cross-entropy loss as a key metric.

Training will involve temporal cross-validation, preserving the chronological order of sequences. Post-training, we will employ two techniques for feature importance analysis: an ablation analysis to selectively remove features in such a way as to evaluate their impact on model performance, and SHAP (SHapley Additive exPlanations), a model agnostic method proven effective in our prior work (Grimberg et al., 2022), for quantifying each feature's contribution to rapport predictions. The model's performance will be evaluated on a distinct test set, with adjustments made based on results. This comprehensive approach will allow us to not only predict IBS from behavioral data but also determine the contributions of specific behavioral features and combinations of features, shedding light on the factors influencing IBS dynamics.



6.2 Claim 2: IBS and rapport evolve similarly across time

After describing how we will assess the relationship between reciprocal conversational behaviors and IBS, we now turn to the relationship between the psychological state of rapport, as brought about by conversational behaviors, and IBS. To achieve this, we will establish a behavior analysis pipeline that preserves the temporality of the different data streams, while highlighting the relationship among them. Because the time scales of different behavior streams may differ, it can be challenging to analyze the potentially non-linear relationship between rapport and neural synchrony. Here we will therefore set up a pipeline using Dynamic Time Warping (DTW), a powerful method that has been previously used to compare the dynamics of brain activation between the time series of two participants (Azhari et al., 2019). In our own prior work, DTW has also been used to characterize how the conversational strategy usage for each partner in a dyad is aligned in time with that of the other partner (Sinha and Cassell, 2015b), allowing us to assess entrainment, and influence of each member of the dyad on the other. The application of non-linear transformations as carried out by DTW is particularly advantageous for the relatively slow fNIRS time scale compared to the observed behavioral events (Quaresima and Ferrari, 2019). The DTW method causes specific changes in the timing of events in two different data streams. These alterations are made in such a way as to allow for the best possible alignment or matching of the two time-series (Berndt and Clifford, 1994). DTW then provides a measure called “warping distance”, which helps us compare and quantify how different the two sequences are from one another, based on the changes needed to align them. Smaller warping distance values mean that the sequences are more similar, while larger values indicate greater dissimilarity.

To assess the relationship between rapport and IBS, we will therefore calculate the warping distance between IBS and rapport values for each dyad across 30-second intervals. In order to assess the statistical significance of the observed similarity between IBS and rapport curves post-application of DTW, a permutation test will be employed. This involves randomizing the time slices of one of the curves and recalculating the warping distance, repeating this process through 1,000 iterations. The resulting distribution of permuted distances facilitates the determination of a p-value, which, when the significance level is set, elucidates whether the observed pattern similarity is statistically significant. Subsequently, a two-way (2 × 7) repeated measures ANOVA can be conducted to explore the effect of experimental phases (collaboration and discussion) and brain regions (left and right PFC, left and right TPJ, left TPJ, left, and right STS) on the resultant warping values. This analysis will enable the assessment of overall differences in warping values attributable to each factor, as well as potential interaction effects between experimental phases and brain regions, providing a clearer understanding of the factors shaping the relationship between rapport and IBS. After having analyzed the relationship between the temporal dynamics of rapport and IBS, we will also run a mediation analysis, where we examine rapport as a mediating factor between reciprocal conversational factors and IBS, to test how conversational factors may influence the dyadic dynamics at both neural and psychological levels. This was the case in prior research where we found that rapport played a mediating role between conversational behaviors and learning gains (Sinha and Cassell, 2015b).



6.3 Claim 3: IBS Granger-causes reciprocal conversational behaviors

While the previous analyses give a sense of the relationship among time courses, they do not illuminate the direction of influence between one time course and another. To that end, we will compute Granger causality (Granger, 1969). Our prior work already shows that rapport Granger-causes increasing entrainment in some conversational behaviors, and particularly in speech rate (Sinha and Cassell, 2015b). It has also been employed to show that dual brain stimulation improves collaborative learning via the mechanism of spontaneous movement synchrony (Pan et al., 2021). Here we seek to understand whether rapport Granger-causes IBS or vice-versa and, subsequently, whether conversational behaviors Granger-cause IBS or vice-versa. Given the slower time scale of fNIRS signals, a relatively large time window will be used. That is, we hypothesize that it might take as long as 5 seconds for one of these phenomena to Granger-cause the other. The Granger causality approach relies on the accuracy of one time series in predicting the future behavior of another time series. In particular, we determine whether time series A (e.g., IBS) Granger-causes time series B (e.g., rapport or a relevant behavior feature) by assessing whether incorporating past observations of time series A in a linear regression model of time series B and time series A reduces prediction error compared to a model containing only previous observations of time series B.

In recent neuroscience studies, Granger causality has demonstrated the ways in which men in elderly couples Granger-cause competitiveness in their spouses in the first half of a competitive game, while there is no causality in either direction in the latter half of the game (Zhang et al., 2023). In recently-published research, it has been shown that mutual non-verbal behaviors, particularly mutual smiles, laughter, and body movement anticipate and Granger-cause IBS, even in the absence of a specific task (Koul et al., 2023). However, in that experiment participants were required to look at one another, and so spontaneous mutual gaze behaviors were not evaluated. In the current work, we compute the pairwise conditional G-causality in both directions. If no causality is evident in either direction, our prior work motivates looking at the causal relationships between the mutual behaviors previously revealed to be influential in rapport-building and IBS (described above). Therefore, in this case, time series A and time series B will refer to the average IBS value for every 30-second epoch and the rapport values/occurrence of a relevant behavior for each 30-second slice. The statistical significance will then be assessed through an F-test under the null hypothesis that one time series does not Granger-cause the other. This analysis can reveal both unidirectional influences, wherein one time series significantly Granger-causes the other (i.e., one time series tends to lead the other), and bidirectional influence, indicating that both time series Granger-cause one another in a reciprocal manner. Indeed, if past values of the time series A help improve the prediction of time series B, and at the same time, past values of time series B also help improve the prediction of time series A, then bidirectional influence is present.



6.4 Claim 4: not all rapport is productive: adding in performance data

While rapport is often seen as beneficial in general, and in particular for collaborative tasks, its impact on task performance is not uniformly positive. To investigate this, we propose integrating performance data into our analysis of IBS, conversational behaviors, and rapport. Methodologically, we will first compute the specific performance metrics relevant to the tasks undertaken by dyads in our study, as described above. In order to associate these metrics to conversational behaviors, rapport level, and IBS, over time, we count the number of hypotheses, and evidence statements supporting those hypotheses, in the read-out session between the children and the experimenter for each week, and we associate these performance metrics to the rapport utopy score for that week, and the mean IBS score for the collaboration phase for that week. Our hypothesis is that while a moderate level of rapport is likely to be beneficial for performance, either too little or too much rapport might hinder task effectiveness. This could be due to an overemphasis on maintaining harmonious interactions at the expense of task focus, or conversely, insufficient rapport leading to poor collaboration. We therefore expect to find a non-linear relationship, potentially inverted U-shaped, between rapport levels and task performance. To test this hypothesis we will employ regression models, including quadratic regression, to test the hypothesized inverted U-shaped relationship. This will enable us to assess the impact of varying levels of rapport on performance metrics while controlling for other variables. Furthermore, we will conduct subgroup analyses to explore if this relationship varies across different dyads, tasks, levels of IBS or ages, or over the 6 weeks of the study. This could involve stratifying dyads based on one of these variables. By integrating performance data, we aim to provide a more nuanced understanding of the role of rapport in collaborative tasks. This kind of analysis may be supplemented by machine learning models such as random forests, where the model is trained on a portion of the data, with the random forests constructing multiple decision trees during the training, and outputting the mean prediction of these trees. In essence this enables the model to recognize complex patterns, such as how different variables interact to affect task performance, thus potentially uncovering intricate relationships such as the hypothesized non-linear relationship between conversational behavior, rapport, and task performance. Techniques of this sort, however, require a significant amount of data as, after training, the model is validated on a separate dataset to assess accuracy. If 176 dyads are collected, the amount of data could be sufficient. The results could have important implications for how rapport is fostered in team settings, particularly in educational and organizational contexts, where performance outcomes are critical. The insights gained from this analysis could contribute to a more comprehensive model of interpersonal dynamics, extending beyond the simple premise that more rapport is always more beneficial.



6.5 Claim 5: rapport-building is a process that takes time

We will employ Dynamic Network Analysis (DNA) as the simplest way to address Claim 5′s exploration of the longitudinal interplay between IBS and rapport over the course of 6 weeks. In this analysis, each dyad will be represented as a network, with nodes denoting sensors and edges indicating the strength of IBS. The temporal alignment of these networks will ensure uniformity across different time points, enabling a consistent examination of changes in connectivity. Employing dynamic network metrics, including variations in edge weights, will facilitate a comprehensive capture of evolving patterns in dyadic interactions. Visualization techniques, such as animations, will be employed to enhance the intuitive comprehension of temporal dynamics within these networks. Rigorous statistical analyses will involve comparing metrics across different time points and identifying relationships between those changes in network patterns and the evolution of rapport.



6.6 Claim 6: brain regions evolve with age

We hypothesize that with age we will find more reciprocal conversational behaviors, as children become more able to participate in interpersonal synchrony, and increasingly able to develop abstract shared mental representations with others, leading to greater IBS. We expect to find IBS particularly in the TPJ for the younger age groups and in the PFC in the older age groups (Dumas et al., 2020). In the absence of prior research concerning the development across middle childhood of the neural correlates of social bond formation, we propose to study IBS across the 4 age groups in relationship to the task (solo vs. collaboration vs. discussion). To that end, following Wang et al. (2022), a GLM model will be used to estimate changes in IBS values across ROIs, pairs, and distinct experimental phases. To ensure robust statistical inference, False Discovery Rate (FDR) correction will be implemented. We believe that the identification of developmental dynamics in IBS will provide valuable insights into the critical cognitive processes at play in rapport, and will thus potentially play a role in guiding the design of interventions.




7 Modeling productive conversational behaviors in virtual peers

With advances in end-to-end machine learning models of conversation, the promise of usable virtual reality solutions for work and play in the Metaverse, and the introduction of large language model (LLM) chatbots, there has been a renewed focus on building embodied conversational agents (ECAs), i.e., conversational agents with computer-generated animated bodies that are displayed on a screen and that can both recognize and display language and non-verbal behavior to communicate with their human interlocutors. These systems are targeting challenges as varied as adherence to medical treatment (Bickmore et al., 2010; Tudor Car et al., 2020), lifestyle changes (Kramer et al., 2020), education (Lane and Schroeder, 2022), and even daily home tasks where individuals could benefit from the support of a personal assistant (Pham et al., 2018). However, a stumbling block in the implementation of systems that can engage with their users for more than a minute or two is the implementation of the kind of appropriate rapport-building social interaction strategies that in human interaction underlie successful collaborative task performance, and that are more sophisticated than simple meaningless chit-chat. Such strategies are particularly important for educational interactions where children in the classroom and in informal learning contexts constantly intersperse task and social talk, and where, as we described above, reasonable amounts of apparently off-task social talk has been demonstrated to improve collaborative learning (Madaio et al., 2017a). The study proposed here therefore has both basic science goals, identified above, and a translational motivation, which is to build more effective Embodied Conversational Agents (ECAs) for education. The design of ECAs and specifically of virtual peers (ECAs that look and behave like children) has relied on studies of real children, including our own work on peer collaborative learning (inter alia; Madaio et al., 2017a; Cassell, 2022). The use of neuroscientific data to enhance the learning properties of ECAs has not been studied, however. In fact, the majority of studies that look at neural activation in the context of virtual agents has been restricted to people viewing agents and not interacting with them. Exceptions are our lab's early work comparing brain activation in individuals interacting with a human MRI technician vs. an ECA MRI technician, in two conditions: where the technician (human or ECA) simply explained the MRI, or also engaged in social interaction. In the task-only condition, increased superior temporal gyrus activation was found for the virtual human technician over the real technician. For the social interaction condition, on the other hand, interaction with both the real and virtual technicians resulted in increased activation in areas associated with social cognition, but there was greater activation for the human technician (Gayda et al., 2008). More recently, work by Chaminade et al. (2018a,b) has compared interaction with a virtual head to interaction with a person, and shown increased activation in the TPJ for the interaction with a human. However, the virtual head used in the experiment was quite limited in its expressiveness and was piloted by a “wizard” rather than being driven by human-human data. We have also found increased involvement of the rTPJ during social coordination between individuals and a virtual partner represented by the human dynamic clamp (Dumas et al., 2020).

The study outlined here is designed to better understand the relationship among conversational behaviors, rapport and IBS in pairs of children, in the context of an education-oriented task. In so doing it may thus show us the path to implementing a more effective VP, an AI system that looks (see Figure 3) and acts like a child, and that engages children in a set of conversational behaviors that can be shown to lead to productive rapport, and hence to learning gains. Implementing these behaviors in a VP gives us a way of evaluating our basic science results: do the behaviors that seem most effective in analysis turn out to be the most effective in synthesis? In the past our ECAs and VPs have always served this double role: a system that can play positive role in children's lives, and serve as a tool for better understanding the use of multimodal behaviors in interaction. In this sense, as described above, our work is tightly aligned with the goal of social neuroergonomics, that also proposes bringing together cognitive science, computer science and neuroscience in order to better understand how people engage in social interaction with one another, and how to build machines that better understand and support this interaction (Dehais et al., 2020).


[image: Figure 3]
FIGURE 3
 Child working with a virtual peer on a math problem (for illustration purposes).


As emphasized by Cross and Ramsey (2021), then, the incorporation of human-like attributes into a non-human entity, followed by the assessment of similarity using behavioral and neural measures of human interaction, offers an important way of investigating how to improve current AI systems. In our evaluation of the resultant virtual peer, we will therefore once again collect fNIRS data. Clearly, we will not collect IBS data in this context, however we will investigate the neural correlates of interaction with VPs, and compare it to that of child-child interaction for each age group.

While a full description of how to implement such VPs is beyond the scope of this article, it is important to emphasize that new techniques in artificial intelligence make this goal significantly more attainable. In particular, we have demonstrated that we can fine-tune LLMs such as DialoGPT (Zhang Y. et al., 2020) or ChatGPT3.5 (OpenAI, 2022)—that is, feed them many instances of a particular way of talking—and that the resultant machine learning model is able to then generate appropriate social language, such as hedges in the style of teenage peer tutors (Abulimiti et al., 2023). The complete methodology is depicted in Figure 4.


[image: Figure 4]
FIGURE 4
 Recapitulation of the methodology.




8 Feasibility study

In order to evaluate the feasibility of fNIRS hyperscanning over Zoom with dyads of children in this age group, and to assess the quality of the data collected in this manner, we ran a feasibility study. As we did not intend to look at performance metrics in the feasibility study, nor to gather data across multiple weeks, we chose to use a task that was familiar to children in this age range. We therefore developed a single-session paradigm based on a digital adaptation of the Guess Who game. Guess Who is a two-player board game that involves inferring an answer from a set of clues. The game has 24 possible characters with various distinguishing attributes (e.g., gender, facial hair, glasses, etc.). In the original board game, players randomly select a character card whose identity the player's opponent must guess by asking a series of yes or no questions. The children alternate between choosing a card, and asking questions of the other player to eliminate incorrect character possibilities on their game boards. In the experimental version, we adapted the game to be presented on a screen, with familiar characters from popular animated television and film that target this age group in France.

In addition to developing a digital version, we also adapted the game to allow both solo and collaborative modes. Thus, instead of asking the original game's yes-no questions about features pertaining to the character, children were given clues that were displayed one by one above the game board on the child's screen. In order to be suitable for pre-literate younger children as well as older, each clue was represented with a short one- or two-word label and a picture. In total, each character round consisted of four clues. Children were instructed to remove the characters that did not correspond to the clue by clicking on the character's image. In response, a red “X” appeared over the image of the character indicating that the character was eliminated. For example, if the clue was “garçon” (“boy”), the child saw a blue silhouette of a male human figure and should have eliminated all female characters. For the solo phase, this process was repeated for each of the four clues until only one final character was left un-eliminated. After only one final character remained on the board, the correct answer appeared in the middle of the screen. If the correct character was chosen, the character's image appeared outlined in green while if an incorrect character was chosen, the image was outlined in red. The game board then reinitialized, beginning again with a new set of clues leading to another character.

During the collaborative phase, on the other hand, each member of the dyad received different clues, which they had to compare and discuss with their partner, with whom they interacted via videoconference. For instance, one child may have received the clue “sourire” (“smile”) while the other child may have received “garçon” (“boy”). By sharing their clues, both children knew to eliminate all characters who were not male and not smiling. The game was designed to induce collaboration by making it impossible to correctly guess the final character without sharing clues.

After training and capping, the feasibility experiment was composed of four 7-min phases: solo task, first discussion, collaborative task, and second discussion. In order to allow for the capture of baseline neural activity, each experiment began with a 75-second baseline period, and there were 30-second baseline periods between each phase. Children were not in the same location and did not meet except by videoconference during the collaborative task and the two discussion phases. We note that while we had 5 baselines in the feasibility study, the time to explain them, set them up and focus the children added significant time to the experiment, and sitting still and staring fixedly was uncomfortable for the majority, and so we have reduced the number of baselines for the proposed study.

For the first discussion phase, the children were introduced over videoconference and it was suggested that they chat to get to know one another, and to discuss potential game strategies while the experimenters set up the next part of the experiment. The collaborative phase of the game was then played with the child peer partner, also for 7 min. During this phase the game board was presented on the left half of the screen and the videoconference featuring the other child was presented on the right half of the screen (see Figure 2A). The children's webcams were adjusted to capture their entire face and shoulders. A high-fidelity microphone captured the children's speech. Subsequently the children were instructed to chat freely while the experimenters set up the last part of the experiment. PsychoPy (Peirce et al., 2019) was responsible for maintaining the synchronization of the audio, video and fNIRS equipment.



9 What can we conclude from the feasibility study?

Five dyads of children participated, based on recruitment among local researchers and the social media accounts of a local babylab. The children in one dyad turned out to know one another beforehand, however they and the other four dyads were able to complete the task, and the data of all five are of high quality, and are included in the feasibility study analyses reported here. The five dyads are composed of 2 dyads of boys and 3 dyads of girls. The children had an average age of 10.2 years, with a standard deviation of 1.4 years.

As described in the Supplementary material, analyses conducted on HbO values showed that IBS was significantly greater during the two interactive phases (collaboration and social) than during the solo phase, specifically in the right TPJ (Figure 5A). As evidence that the presence of IBS is due to social interaction and not to looking at the same stimulus materials, during the initial discussion period, IBS for the rTPJ was significantly higher for the authentic dyads than for the random pairing of children (Figure 5B). These results resemble those found in parent-child pairs, for example in Nguyen et al. (2020), as well as for adults in similar situations (Jiang et al., 2012). The fact that the STS did not demonstrate significantly higher IBS in the collaboration or discussion phases than in the solo phase, as has been found in a number of studies looking at perception of faces (e.g., Lee Masson and Isik, 2021), may result from the videoconference set-up where, for example, it is more difficult to assess whether the other person is meeting one's gaze. This suggests that data collected in a face-to-face condition with fewer children should also be included during the proposed study in order to ensure that data collected via videoconference is substantially similar to that collected face-to-face.
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FIGURE 5
 (A) IBS across different experimental phases and ROIs was investigated for the five dyads. The Kruskal-Wallis test, a non-parametric analysis, revealed significantly elevated IBS in the right hemisphere and the left STS. Additionally, when comparing to the solo phase as reference, the non-parametric t-test identified significantly higher IBS levels specifically in the right TPJ during the collaboration and both discussion phases. (B) Analysis of authentic vs. random dyads for the right TPJ for each experimental phase. (C) IBS evolution in the rTPJ during the social phases for a representative dyad. Red points represent the occurrence of smiles for the associated 30-second epoch. (D) Dynamic Time Warping (DTW) was carried out on the same dyad to assess pattern similarities between the occurrences of smiles (blue line) and IBS in the rTPJ (magenta line) during the initial discussion. The x-axis reflects normalized values, while the y-axis corresponds to epochs, with each epoch equivalent to 30 seconds of the initial discussion phase.


Analyses of conversational behaviors showed more smiles than other non-verbal behavior throughout the experiment, however the smiles were differentially distributed. For dyad 1 for example (two 10-year-old girls), while smiles were present throughout, smile frequency was higher during the two discussion phases than during the collaborative phase (see Figure 5C). Looking at the interaction between conversational behaviors and IBS, the smiles during the initial discussion phase coincided with heightened levels of IBS. Consequently, to investigate this association, a DTW analysis was conducted to assess the similarity in temporal dynamics between smile occurrences and IBS levels during this phase. This demonstrated evocative results, as the warping distance was small during the initial 8 epochs, that is, during the first 4 min (Figure 5D). In terms of paraverbal behaviors, laughter was found in all phases.



10 Limitations

The study proposed here is ambitious in its goals, but we believe that the results obtained justify the paradigm. Nevertheless, a number of limitations need to be addressed. The number of participants in the feasibility study is too small to draw conclusions about child-child interaction from these data. They do however indicate the feasibility of carrying out hyperscanning of child-child dyads, over videoconference (for more details about the preliminary findings, see the Supplementary material). Longitudinal studies sometimes lose participants for subsequent sessions. We mitigate this risk by collecting more data than recommended by the power analysis, by working with schools, rather than bringing participants into the lab, and by conducting subsequent sessions during a range of dates, rather than insisting on one single date. However, in cases where children drop out, we rely on the statistical methods described above to account for missing data and smaller samples. The study must be carried out by videoconference, both to allow the matching of unfamiliar children, and to allow commonality in screen presence between the child-child and child-VP studies. Among other reasons, this allows us to take into account in both studies the influence of blue light emitted by screens, which may cause an increase in saccadic eye movements (Lee Masson and Isik, 2021). However, we recognize that data collected by videoconference may demonstrate attenuated IBS, and issues with the localization of eye gaze. Both of these limitations are addressed above, but must be kept in mind. Finally, in this study, we have focused on spatial rather than temporal resolution, by using fNIRS, but some short-term phenomena may not be captured. To address this, a future study might couple fNIRS to EEG for improved temporal resolution.



11 Discussion

By integrating the four types of data described above, we aim to gain a deeper understanding of how pairs of children deploy conversational behaviors to establish bonds during middle childhood, a developmental stage characterized by a heightened focus on peer interaction. This integrated approach can also shed light on the neural processes involved in the development of interpersonal rapport over the course of a budding relationship, and the development of rapport-building over the course of middle childhood, as well as the role of rapport in educational performance. We also argue that a better understanding of these mechanisms can play a translational role in improving technologies for education, in particular the development of virtual peers, artificial intelligence partners in learning. To achieve the goals laid out above, we propose a novel multimodal approach using hyperscanning via functional near-infrared spectroscopy to study the neural, behavioral, psychological and performance correlates of rapport in middle childhood, during remote social and task exchanges in an ecologically-valid context of collaboration. While literature directly addressing our topic is limited, an extensive review of literature in social neuroscience and concerning children's multimodal conversational behavior, and interpersonal bond formation allows us to formulate guiding hypotheses. Additionally, a feasibility study demonstrates our ability to collect high-quality hyperscanning data from children engaged in videoconference collaboration and conversation, and to analyze its relationship to these other types of data.

The specific methodology proposed here is designed to address the paucity of literature concerning how children in middle childhood build social bonds with their peers, and the nature of those peer relationships. It is further motivated by the need to develop new kinds of educational tools, based on AI techniques, but that are optimized for the way children naturally learn, by including a social infrastructure for learning. We choose to pair children across videoconferencing, an increasingly researched communication modality (Bodur et al., 2023) that became commonplace even among young children during the pandemic. To achieve these goals, we proposed a fNIRS paradigm that includes an engaging and ecologically valid task, aiming to evoke naturalistic conversations between unfamiliar children. We also propose a novel analysis pipeline to examine the relationship among conversational behaviors, interpersonal rapport, educational performance, and IBS. We argue that this multimodal, multilevel, and multidisciplinary design offers a more well-rounded approach to studying the development of social bonds between peers during a crucial period of children's lives.

Other methods, drawn from machine learning, could improve the assessment of interpersonal coordination of conversational behavior, and its relationship with task performance, rapport, and neural synchrony. Multimodal learning with transformers is one place to look for these analytic tools, and their development is currently a major focus of attention, as is their application to important fields of inquiry such as clinical diagnostics (Zhou et al., 2023). Other methods, too, may provide a more informative analysis of the temporal dynamics of each of these behavior streams, and the relationships among them, such as the relationship between rapport and IBS over the course of the 6 weeks. TITARL (Guillame-Bert and Crowley, 2012) is one such option, that we have used before (Zhao et al., 2016; Madaio et al., 2017b) and that produces a series of rules to predict an outcome event (such as high rapport) based on a series of prior events (such as laughter followed by mutual gaze, but in the absence of praise). Such methods are particularly important for fNIRS studies where temporal resolution is on the level of seconds rather than milliseconds, and investigating task components is both possible and necessary.

The initial experiment will take place in France, with French-speaking children, but a subsequent study, not addressed in the current article, may add an American English-speaking sample, as social bond-building behavior differs in interesting ways between the two cultures, which are usually seen as quite similar (Béal, 2010). This first instance of the experiment will focus on neurotypical individuals and questions addressing neurotype will therefore be included in the parent questionnaire. We envision subsequent iterations of the study to include neurodivergent individuals, in line with our prior work with that population (Tartaro et al., 2014).

Nevertheless, the methodology and study proposed here do hold the promise of demonstrating the range of socio-cognitive factors that impact children's ability to build rapport with their peers, and the neural signature of that ability. We hope, as well, to better understand the brain networks implicated in these processes at each stage of middle childhood, as there is a dearth of ecologically-valid prior work on the neuroscience of social interaction among peers in this age group. Our feasibility study already provides tentative neural correlates of rapport among pairs of children. We hope future studies will validate those correlates but also uncover the neural mechanisms of rapport at both intra- and inter-personal levels.



Ethics statement

The studies involving humans were approved by the Research Ethics Committee of the Paris Cité Université in May 2022, n°IRB: 00012022-31. The studies were conducted in accordance with the local legislation and institutional requirements. Written informed consent for participation in this study was provided by the participants' legal guardians/next of kin.



Author contributions

JB: Conceptualization, Writing – original draft, Writing – review & editing, Investigation, Methodology, Visualization. GD: Writing – original draft, Formal analysis. JC: Conceptualization, Funding acquisition, Methodology, Project administration, Resources, Supervision, Writing – original draft, Writing – review & editing.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. Funding for JB and JC comes from the Choose France/Choose Inria program, and the Agence Nationale de Recherche to the PRAIRIE Institute. GD was supported by the Institute for Data Valorization, Montreal (IVADO; CF00137433), the Fonds de recherche du Québec (FRQ; 285289), the Natural Sciences and Engineering Research Council of Canada (NSERC; DGECR-2023-00089), and the Azrieli Global Scholars Fellowship from the Canadian Institute for Advanced Research (CIFAR) in the Brain, Mind, & Consciousness program.



Acknowledgments

Warm thanks to the members of the Inria Paris ArticuLabo as well as to the Inria Paris IT staff, and the support staff at NIRx. Special thanks to Jade Jenkins, Charlotte Monnier, and Ioana Sederias for their invaluable help in collecting data for the feasibility pilot, and to Barbara Shinn-Cunningham, and Sho Tsuji for their generous comments that improved the manuscript. We also thank the parents and children who participated in the pilot study.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnrgo.2024.1290256/full#supplementary-material



References

 Abulimiti, A., Clavel, C., and Cassell, J. (2023). When to generate hedges in peer-tutoring interactions. arXiv preprint arXiv:2307.15582.

 Ambady, N., Bernieri, F. J., and Richeson, J. A. (2000). “Toward a histology of social behavior: judgmental accuracy from thin slices of the behavioral stream,” in Advances in Experimental Social Psychology (Academic Press), 201–271. doi: 10.1016/S0065-2601(00)80006-4

 Ambady, N., and Rosenthal, R. (1993). Half a minute: predicting teacher evaluations from thin slices of nonverbal behavior and physical attractiveness. J. Person. Soc. Psychol. 64, 431–441. doi: 10.1037/0022-3514.64.3.431

 Ambady, N., and Weisbuch, M. (2010). “Nonverbal behavior,” in Handbook of Social Psychology, Vol. 1, 5th ed (New York, NY: John Wiley and Sons, Inc.), 464–497. doi: 10.1002/9780470561119.socpsy001013

 Aron, A., Aron, E. N., and Smollan, D. (1992). Inclusion of other in the self scale and the structure of interpersonal closeness. J. Person. Soc. Psychol. 63:596. doi: 10.1037//0022-3514.63.4.596

 Ayrolles, A., Brun, F., Chen, P., Djalovski, A., Beauxis, Y., Delorme, R., et al. (2021). HyPyP: a hyperscanning python pipeline for inter-brain connectivity analysis. Soc. Cogn. Affect. Neurosci. 16, 72–83. doi: 10.1093/scan/nsaa141

 Azhari, A., Leck, W. Q., Gabrieli, G., Bizzego, A., Rigo, P., Setoh, P., et al. (2019). Parenting stress undermines mother-child brain-to-brain synchrony: a hyperscanning study. Sci. Rep. 9:1. doi: 10.1038/s41598-019-47810-4

 Babiloni, F., and Astolfi, L. (2014). Social neuroscience and hyperscanning techniques: past, present and future. Neurosci. Biobehav. Rev. 44, 76–93. doi: 10.1016/j.neubiorev.2012.07.006

 Baines, E., and Howe, C. (2010). Discourse topic management and discussion skills in middle childhood: the effects of age and task. First Lang. 30, 508–534. doi: 10.1177/0142723710370538

 Baker, W. B., Parthasarathy, A. B., Busch, D. R., Mesquita, R. C., Greenberg, J. H., and Yodh, A. G. (2014). Modified Beer-Lambert law for blood flow. Biomed. Opt. Expr. 5, 4053–4075. doi: 10.1364/BOE.5.004053

 Balters, S., Miller, J. G., Li, R., Hawthorne, G., and Reiss, A. L. (2023). Virtual (Zoom) interactions alter conversational behavior and interbrain coherence. J. Neurosci. 43, 2568–2578. doi: 10.1523/JNEUROSCI.1401-22.2023

 Baltrusaitis, T., Zadeh, A., Lim, Y. C., and Morency, L.-P. (2018). “OpenFace 2.0: facial behavior analysis toolkit,” 2018 13th IEEE International Conference on Automatic Face and Gesture Recognition (FG 2018), 59–66. doi: 10.1109/FG.2018.00019

 Béal, C. (2010). Les interactions quotidiennes en français et en anglais: De l' approche comparative à l' analayse des situations interculturelles. Lang Bern. doi: 10.3726/978-3-0351-0000-6

 Berndt, D. J., and Clifford, J. (1994). “Using dynamic time warping to find patterns in time series,” in Proceedings of the 3rd International Conference on Knowledge Discovery and Data Mining, 359–370.

 Bickmore, T. W., Mitchell, S. E., Jack, B. W., Paasche-Orlow, M. K., Pfeifer, L. M., and ODonnell, J. (2010). Response to a relational agent by hospital patients with depressive symptoms. Inter. Comput. 22, 289–298. doi: 10.1016/j.intcom.2009.12.001

 Bizzego, A., Atiqah, A., and Gianluca, E. (2022). Reproducible inter-personal brain coupling measurements in hyperscanning settings with functional near infra-red spectroscopy. Neuroinformatics 20, 665–675. doi: 10.1007/s12021-022-09562-x

 Black, B., and Logan, A. (1995). Links between communication patterns in mother-child, father-child, and child-peer interactions and children's social status. Child Dev. 66, 255–271. doi: 10.2307/1131204

 Blakemore, S.-J. (2010). The developing social brain: implications for education. Neuron 65, 744–747. doi: 10.1016/j.neuron.2010.03.004

 Bodur, K., Nikolaus, M., Prévot, L., and Fourtassi, A. (2023). Using video calls to study children's conversational development: the case of backchannel signaling. Front. Comput. Sci. 5:1088752. doi: 10.3389/fcomp.2023.1088752

 Bolotta, S., and Dumas, G. (2022). Social Neuro AI: social interaction as the “dark matter” of AI. Front. Comput. Sci. 4:846440. doi: 10.3389/fcomp.2022.846440

 Bowsher-Murray, C., Jones, C. R. G., and von dem Hagen, E. (2023). Beyond simultaneity: temporal interdependence of behavior is key to affiliative effects of interpersonal synchrony in children. J. Exper. Child Psychol. 232:105669. doi: 10.1016/j.jecp.2023.105669

 Cañigueral, R., and Hamilton, A. F. de C. (2019). The role of eye gaze during natural social interactions in typical and autistic people. Front. Psychol. 10:560. doi: 10.3389/fpsyg.2019.00560

 Carlin, J. D., and Calder, A. J. (2013). The neural basis of eye gaze processing. Curr. Opin. Neurobiol. 23, 450–455. doi: 10.1016/j.conb.2012.11.014

 Cassell, J. (2000). “Nudge nudge wink wink: elements of face-to-face conversation for embodied conversational agents,” in Embodied Conversational Agents (MIT Press), 1–27. doi: 10.7551/mitpress/2697.003.0002

 Cassell, J. (2022). “Socially interactive agents as peers,” in The Handbook on Socially Interactive Agents: 20 years of Research on Embodied Conversational Agents, Intelligent Virtual Agents, and Social Robotics Volume 2: Interactivity, Platforms, Application (Association for Computing Machinery), 331–366. doi: 10.1145/3563659.3563670

 Cassell, J., Gill, A. J., and Tepper, P. A. (2007). “Coordination in conversation and rapport,” in Proceedings of the Workshop on Embodied Language Processing - EmbodiedNLP'07, 41–50. doi: 10.3115/1610065.1610071

 Chaminade, T., Rauchbauer, B., Nazarian, B., Bourhis, M., Ochs, M., and Prévot, L. (2018a). “Brain neurophysiology to objectify the social competence of conversational agents,” in Proceedings of the 6th International Conference on Human-Agent Interaction, 333–335. doi: 10.1145/3284432.3287177

 Chaminade, T., Rauchbauer, B., Nazarian, B., Bourhis, M., Ochs, M., and Prévot, L. (2018b). “Investigating the dimensions of conversational agents' social competence using objective neurophysiological measurements,” in Proceedings of the 20th International Conference on Multimodal Interaction: Adjunct, 1–7. doi: 10.1145/3281151.3281162

 Chang, C. H. C., Nastase, S. A., and Hasson, U. (2022). Information flow across the cortical timescale hierarchy during narrative construction. Proc. Natl. Acad. Sci. 119:e2209307119. doi: 10.1073/pnas.2209307119

 Clark, I., and Dumas, G. (2015). Toward a neural basis for peer-interaction: What makes peer-learning tick? Front. Psychol. 6:28. doi: 10.3389/fpsyg.2015.00028

 Cross, E. S., and Ramsey, R. (2021). Mind meets machine: towards a cognitive science of human–machine interactions. Trends Cogn. Sci. 25, 200–212. doi: 10.1016/j.tics.2020.11.009

 Czeszumski, A., Eustergerling, S., Lang, A., Menrath, D., Gerstenberger, M., and Schuberth, S. Hyperscanning: a valid method to study neural inter-brain underpinnings of social interaction. Front. Hum. Neurosci. (2020) 14:39. doi: 10.3389/fnhum.2020.00039.

 Czeszumski, A., Liang, S. H-. Y., Dikker, S., König, P., Lee, C-. P., Koole, S. L., et al. (2022). Cooperative behavior evokes interbrain synchrony in the prefrontal and temporoparietal cortex: a systematic review and meta-analysis of fNIRS hyperscanning studies. eNeuro 9:e268. doi: 10.1101/2021.06.03.446922

 Decety, J., and Cowell, J. M. (2016). “Developmental social neuroscience,” in Developmental Psychopathology (New York: John Wiley and Sons, Ltd.), 1–21 doi: 10.1002/9781119125556.devpsy220

 Dehais, F., Karwowski, W., and Ayaz, H. (2020). Brain at work and in everyday life as the next frontier: grand field challenges for neuroergonomics. Front. Neuroergon. 1:583733. doi: 10.3389/fnrgo.2020.583733

 Diana, F., Juárez-Mora, O. E., Boekel, W., Hortensius, R., and Kret, M. E. (2023). How video calls affect mimicry and trust during interactions. Philos. Trans. R. Soc. B. 378:20210484. doi: 10.1098/rstb.2021.0484

 Dikker, S., Wan, L., Davidesco, I., Kaggen, L., Oostrik, M., McClintock, J., et al. (2017). Brain-to-brain synchrony tracks real-world dynamic group interactions in the classroom. Curr. Biol. 27, 1375–80. doi: 10.1016/j.cub.2017.04.002

 Dingemanse, M., Liesenfeld, A., Rasenberg, M., Albert, S., Ameka, F. K., Birhane, A., et al. (2023). Beyond single-mindedness: a figure-ground reversal for the cognitive sciences. Cogn. Sci. 47:e13230. doi: 10.1111/cogs.13230

 Dumas, G., Moreau, Q., Tognoli, E., and Kelso, J. A. S. (2020). The human dynamic clamp reveals the fronto-parietal network linking real-time social coordination and cognition. Cerebral Cortex. 30, 3271–85. doi: 10.1093/cercor/bhz308

 Dumas, G., Nadel, J., Soussignan, R., Martinerie, J., and Garnero, L. (2010). Inter-brain synchronization during social interaction. PLoS ONE 5:e12166. doi: 10.1371/journal.pone.0012166

 Dwivedi, A. K., Mallawaarachchi, I., and Alvarado, L. A. (2017). Analysis of small sample size studies using nonparametric bootstrap test with pooled resampling method. Stat. Med. 36, 2187–205. doi: 10.1002/sim.7263

 Ekman, P., Davidson, R. J., and Friesen, W. V. (1990). The Duchenne smile: emotional expression and brain physiology: II. J. Person. Soc. Psychol. 58, 342–53. doi: 10.1037/0022-3514.58.2.342

 Elliott, N., and Gresham, F. (1987). Children's social skills: assessment and classification practices. J. Couns. Dev. 66, 96–99. doi: 10.1002/j.1556-6676.1987.tb00808.x

 Eyben, F., Wöllmer, M., and Schuller, B. (2010). “Opensmile: the munich versatile and fast open-source audio feature extractor,” in Proceedings of the 18th ACM International Conference on Multimedia, 1459–1462. doi: 10.1145/1873951.1874246

 Faul, F., Erdfelder, E., Lang, A-. G., and Buchner, A. (2007). G*Power 3: A flexible statistical power analysis program for the social, behavioral, and biomedical sciences. Behav. Res. Methods. 39, 175–91. doi: 10.3758/BF03193146

 Finkelstein, S. (2018). “Alex speaks with my voice!” Rapport and science discourse with bidialectal virtual peers. [Unpublished doctoral dissertation]. Carnegie Mellon University.

 Finkelstein, S., Yarzebinski, E., Vaughn, C., Ogan, A., and Cassell, J. (2013). “The effects of culturally congruent educational technologies on student achievement,” in Artificial Intelligence in Education, eds. H. C. Lane, K. Yacef, J. Mostow, and P. Pavlik (Cham: Springer), 493–502. doi: 10.1007/978-3-642-39112-5_50

 Fishburn, F. A., Ludlum, R. S., Vaidya, C. J., and Medvedev, A. V. (2019). Temporal Derivative Distribution Repair (TDDR): a motion correction method for fNIRS. Neuroimage 184, 171–9. doi: 10.1016/j.neuroimage.2018.09.025

 Franklin, T. B., Silva, B. A., Perova, Z., Marrone, L., Masferrer, M. E., Zhan, Y., et al. (2017). Prefrontal cortical control of a brainstem social behavior circuit. Nat. Neurosci. 20:2. doi: 10.1038/nn.4470

 Gayda, J., Tartaro, A., Harada, T., Zhang, L., Cassell, J., Chiao, J., et al. (2008). “Neural basis of social perception of a human versus virtual human,” in 15th Annual Meeting of the Cognitive Neuroscience Society (CNS), San Francisco.

 Glaser, B. G., and Strauss, A. L. (1967). The discovery of grounded theory: Strategies for qualitative research. Aldine Publishing. Available online at: http://lib.myilibrary.com/browse/open.asp?id=620109andentityid=https://idp.brunel.ac.uk/entity (accessed May 7, 2024).

 Godwin, K. E., Almeda Ma, V., Seltman, H., Kai, S., Skerbetz, M. D., et al. (2016). Off-task behavior in elementary school children. Learn. Instr. 44, 128–143. doi: 10.1016/j.learninstruc.2016.04.003

 Goodwin, C. (1980). Restarts, pauses, and the achievement of a state of mutual Gaze at turn-beginning. Sociol. Inq. 50, 272–302. doi: 10.1111/j.1475-682X.1980.tb00023.x

 Goodwin, C. (1986). Gestures as a resource for the organization of mutual orientation. Semiotica 62, 29–50. doi: 10.1515/semi.1986.62.1-2.29

 Granger, C. W. J. (1969). Investigating causal relations by econometric models and cross-spectral methods. Econometrica 37, 424–38. doi: 10.2307/1912791

 Grimberg, G., Janssoone, T., Clavel, C., and Cassell, J. (2022). “Estimating rapport in conversations: an interpretable and dyadic multi-modal approach,” in International Conference Series on Hybrid Human-Artificial Intelligence (HHAI), Munich.

 Guillame-Bert, M., and Crowley, J. L. (2012). “Learning temporal association rules on symbolic time sequences,” in Proceedings of the Asian Conference on Machine Learning, 159–174. Available online at: https://proceedings.mlr.press/v25/guillame-bert12.html (accessed May 7, 2024).

 Hamilton, A. F. de C., and Holler, J. (2023). Face2face: advancing the science of social interaction. Philos. Trans. R. Soc. B. 378:20210470. doi: 10.1098/rstb.2021.0470

 Hari, R., and Kujala, M. V. (2009). Brain basis of human social interaction: from concepts to brain imaging. Physiol. Rev. 89, 453–79. doi: 10.1152/physrev.00041.2007

 Hasson, U., Landesman, O., Knappmeyer, B., Vallines, I., Rubin, N., Heeger, D. J., et al. (2008). Neurocinematics: the neuroscience of film. Projections 2, 1–26. doi: 10.3167/proj.2008.020102

 Henschel, A., Hortensius, R., and Cross, E. S. (2020). Social cognition in the age of human-robot interaction. Trends Neurosci. 43, 373–84. doi: 10.1016/j.tins.2020.03.013

 Holper, L., Goldin, A. P., Shalóm, D. E., Battro, A. M., Wolf, M., Sigman, M., et al. (2013). The teaching and the learning brain: a cortical hemodynamic marker of teacher–student interactions in the Socratic dialog. Int. J Educ. Res. 59, 1–10. doi: 10.1016/j.ijer.2013.02.002

 Hu, X-. S., Wagley, N., Rioboo, A. T., DaSilva, A. F., and Kovelman, I. (2020). Photogrammetry-based stereoscopic optode registration method for functional near-infrared spectroscopy. J Biomed. Optics. 25:095001. doi: 10.1117/1.JBO.25.9.095001

 Jiang, J., Dai, B., Peng, D., Zhu, C., Liu, L., Lu, C., et al. (2012). Neural synchronization during face-to-face communication. J Neurosci. 32, 16064–9. doi: 10.1523/JNEUROSCI.2926-12.2012

 Kafai, Y. B., and Ching, C. C. (2001). Affordances of collaborative software design planning for elementary students' science talk. J. Learn. Sci. 10, 323–63. doi: 10.1207/S15327809JLS1003_4

 Kelsen, B. A., Sumich, A., Kasabov, N., Liang, S. H. Y., and Wang, G. Y. (2022). What has social neuroscience learned from hyperscanning studies of spoken communication? A systematic review. Neurosci. Biobehav. Rev. 132, 1249–62. doi: 10.1016/j.neubiorev.2020.09.008

 Kendrick, K. H., Holler, J., and Levinson, S. C. (2023). Turn-taking in human face-to-face interaction is multimodal: gaze direction and manual gestures aid the coordination of turn transitions. Philos. Trans. R. Soc. B. 378:20210473. doi: 10.1098/rstb.2021.0473

 Kenny, D. A., Kashy, D. A., and Cook, W. L. (2006). Dyadic Data Analysis. London: Guilford Press, 458.

 Kinreich, S., Djalovski, A., Kraus, L., Louzoun, Y., and Feldman, R. (2017). Brain-to-brain synchrony during naturalistic social interactions. Sci. Rep. 7, 1–12. doi: 10.1038/s41598-017-17339-5

 Kostrubiec, V., Dumas, G., Zanone, P-. G., and Kelso, J. A. S. (2015). The virtual teacher (VT) paradigm: learning new patterns of interpersonal coordination using the human dynamic clamp. PLoS ONE 10:e0142029. doi: 10.1371/journal.pone.0142029

 Koul, A., Ahmar, D., Iannetti, G. D., and Novembre, G. (2023). Spontaneous dyadic behavior predicts the emergence of interpersonal neural synchrony. Neuroimage 277:120233. doi: 10.1016/j.neuroimage.2023.120233

 Kramer, L. L., Ter Stal, S., Mulder, B. C., de Vet, E., and van Velsen, L. (2020). Developing embodied conversational agents for coaching people in a healthy lifestyle: scoping review. J. Med. Internet Res. 22:e14058. doi: 10.2196/14058

 Krippendorff, K. (2011). Computing Krippendorff's alpha-reliability. Available online at: https://www.asc.upenn.edu/sites/default/files/2021-03/Computing%20Krippendorff%27s%20Alpha-Reliability.pdf (accessed May 7, 2024).

 Kurth, L. A., Kidd, R., Gardner, R., and Smith, E. L. (2002). Student use of narrative and paradigmatic forms of talk in elementary science conversations. J. Res. Sci. Teach. 39, 793–818. doi: 10.1002/tea.10046

 Ladd, G. W. (2005). Children's Peer Relations and Social Competence: A Century of Progress. New Haven: Yale University Press.

 Lane, H. C., and Schroeder, N. L. (2022). “Pedagogical agents,” in The Handbook on Socially Interactive Agents: 20 years of Research on Embodied Conversational Agents, Intelligent Virtual Agents, and Social Robotics Volume 2: Interactivity, Platforms, Application (Association for Computing Machinery), 307–330. doi: 10.1145/3563659.3563669

 Lebel, C., and Beaulieu, C. (2011). Longitudinal development of human brain wiring continues from childhood into adulthood. J. Neurosci. 31, 10937–47. doi: 10.1523/JNEUROSCI.5302-10.2011

 Lee Masson, H., and Isik, L. (2021). Functional selectivity for social interaction perception in the human superior temporal sulcus during natural viewing. Neuroimage 245:118741. doi: 10.1016/j.neuroimage.2021.118741

 Lemke, J. L. (1990). Talking Science: Language, Learning, and Values. Norwood, NJ: Ablex Publishing Corporation.

 Luke, R., Larson, E. D., Shader, M. J., Innes-Brown, H., Yper, L. V., Lee, A. K. C., et al. (2021). Analysis methods for measuring passive auditory fNIRS responses generated by a block-design paradigm. Neurophotonics 8:025008. doi: 10.1117/1.NPh.8.2.025008

 Madaio, M., Cassell, J., and Ogan, A. (2017a). “I think you just got mixed up”: Confident peer tutors hedge to support partners' face needs. Int. J. Comput. Suppor. Collabor. Learn. 12, 401–21. doi: 10.1007/s11412-017-9266-6

 Madaio, M., Lasko, R., Ogan, A., and Cassell, J. (2017b). “Using temporal association rule mining to predict dyadic rapport in peer tutoring,” in International Educational Data Mining Society.

 Madaio, M., Peng, K., Ogan, A., and Cassell, J. (2018). “A climate of support: a process-oriented analysis of the impact of rapport on peer tutoring,” in International Society of the Learning Sciences, Inc.[ISLS]. Available online at: http://www.justinecassell.com/publications/ICLS_2018.pdf (accessed May 7, 2024).

 Mayseless, N., Hawthorne, G., and Reiss, A. L. (2019). Real-life creative problem solving in teams: fNIRS based hyperscanning study. Neuroimage 203:116161. doi: 10.1016/j.neuroimage.2019.116161

 Molapour, T., Hagan, C. C., Silston, B., Wu, H., Ramstead, M., Friston, K., et al. (2021). Seven computations of the social brain. Soc. Cogn. Affect. Neurosci. 16, 745–60. doi: 10.1093/scan/nsab024

 Montague, P. R., Berns, G. S., Cohen, J. D., McClure, S. M., Pagnoni, G., Dhamala, M., et al. (2002). Hyperscanning: simultaneous fMRI during linked social interactions. NeuroImage 16, 1159–1164. doi: 10.1006/nimg.2002.1150

 Monticelli, M., Zeppa, P., Mammi, M., Penner, F., Melcarne, A., Zenga, F., et al. (2021). Where we mentalize: main cortical areas involved in mentalization. Front. Neurol. 12:712532. doi: 10.3389/fneur.2021.712532

 Mozer, M. C. (1995). “A focused backpropagation algorithm for temporal pattern recognition,” in Backpropagation: Theory, Architectures, and Applications (Mahwah: L. Erlbaum Associates Inc.), 137–169.

 Nasir, J., Bruno, B., Chetouani, M., and Dillenbourg, P. (2022). What if social robots look for productive engagement? Int. J. Soc. Robot. 14, 55–71. doi: 10.1007/s12369-021-00766-w

 Nemirovsky, R., Rosebery, A. S., Solomon, J., and Warren, B. (2004). Everyday Matters in Science and Mathematics: Studies of Complex Classroom Events. London: Routledge and CRC Press. Available online at: https://www.routledge.com/Everyday-Matters-in-Science-and-Mathematics-Studies-of-Complex-Classroom/Nemirovsky-Rosebery-Solomon-Warren/p/book/9780805847222 (accessed May 7, 2024).

 Nguyen, T., Bánki, A., Markova, G., and Hoehl, S. (2020). “Studying parent-child interaction with hyperscanning,” in Progress in Brain Research (Elsevier), 1–24. doi: 10.1016/bs.pbr.2020.05.003

 Nguyen, T., Hoehl, S., and Vrtička, P. A. (2021a). Guide to Parent-child fNIRS hyperscanning data processing and analysis. Sensors 21:4075. doi: 10.3390/s21124075

 Nguyen, T., Schleihauf, H., Kayhan, E., Matthes, D., Vrtička, P., Hoehl, S., et al. (2021b). Neural synchrony in mother-child conversation: exploring the role of conversation patterns. Soc. Cogn. Affect. Neurosci. 16, 93–102. doi: 10.1093/scan/nsaa079

 Nozawa, T., Sakaki, K., Ikeda, S., Jeong, H., Yamazaki, S., Kawata, K. H., et al. (2019). Prior physical synchrony enhances rapport and inter-brain synchronization during subsequent educational communication. Sci. Rep. 9:1. doi: 10.1038/s41598-019-49257-z

 OpenAI (2022). Introducing ChatGPT. Available online at: https://openai.com/blog/chatgpt (accessed May 7, 2024).

 Pan, Y., Novembre, G., Song, B., Zhu, Y., and Hu, Y. (2021). Dual brain stimulation enhances interpersonal learning through spontaneous movement synchrony. Soc. Cogn. Affect. Neurosci. 16, 210–221. doi: 10.1093/scan/nsaa080

 Peirce, J., Gray, J. R., Simpson, S., MacAskill, M., Höchenberger, R., Sogo, H., et al. (2019). PsychoPy2: experiments in behavior made easy. Behav. Res. Methods. 51, 195–203. doi: 10.3758/s13428-018-01193-y

 Pham, X. L., Pham, T., Nguyen, Q. M., Nguyen, T. H., and Cao, T. T. H. (2018). “Chatbot as an intelligent personal assistant for mobile language learning,” in Proceedings of the 2018 2nd International Conference on Education and E-Learning, 16–21. doi: 10.1145/3291078.3291115

 Piazza, E. A., Hasenfratz, L., Hasson, U., and Lew-Williams, C. (2020). Infant and adult brains are coupled to the dynamics of natural communication. Psychol. Sci. 31, 6–17. doi: 10.1177/0956797619878698

 Pinti, P., Aichelburg, C., Gilbert, S., Hamilton, A., Hirsch, J., Burgess, P., et al. (2018). A review on the use of wearable functional near-infrared spectroscopy in naturalistic environments. Japanese Psychol. Res. 60, 347–73. doi: 10.1111/jpr.12206

 Pinti, P., Tachtsidis, I., Hamilton, A., Hirsch, J., Aichelburg, C., Gilbert, S., et al. (2020). The present and future use of functional near-infrared spectroscopy (fNIRS) for cognitive neuroscience. Ann. N Y. Acad. Sci. 1464, 5–29. doi: 10.1111/nyas.13948

 Pollonini, L., Bortfeld, H., and Oghalai, J. S. (2016). PHOEBE: a method for real time mapping of optodes-scalp coupling in functional near-infrared spectroscopy. Biomed. Opt. Expr. 7, 5104–5119. doi: 10.1364/BOE.7.005104

 Pollonini, L., Olds, C., Abaya, H., Bortfeld, H., Beauchamp, M. S., Oghalai, J. S., et al. (2014). Auditory cortex activation to natural speech and simulated cochlear implant speech measured with functional near-infrared spectroscopy. Hear. Res. 309, 84–93. doi: 10.1016/j.heares.2013.11.007

 Providência, B., and Margolis, I. (2022). “FNIRS an emerging technology for design: advantages and disadvantages,” in 13th International Conference on Applied Human Factors and Ergonomics (AHFE 2022). doi: 10.54941/ahfe1001824

 Quaresima, V., and Ferrari, M. (2019). Functional near-infrared spectroscopy (fNIRS) for assessing cerebral cortex function during human behavior in natural/social situations: a concise review. Organ. Res. Methods. 22, 46–68. doi: 10.1177/1094428116658959

 Rabinowitch, T-. C., and Knafo-Noam, A. (2015). Synchronous rhythmic interaction enhances children's perceived similarity and closeness towards each other. PLoS ONE 10:e0120878. doi: 10.1371/journal.pone.0120878

 Reinero, D. A., Dikker, S., and Van Bavel, J. J. (2021). Inter-brain synchrony in teams predicts collective performance. Soc. Cogn. Affect. Neurosci. 16, 43–57. doi: 10.1093/scan/nsaa135

 Rice, K., Moraczewski, D., and Redcay, E. (2016). Perceived live interaction modulates the developing social brain. Soc. Cogn. Affect. Neurosci. 11, 1354–1362. doi: 10.1093/scan/nsw060

 Ruffman, T., Perner, J., Olson, D. R., and Doherty, M. (1993). Reflecting on scientific thinking: children's understanding of the hypothesis-evidence relation. Child Dev. 64, 1617–1636. doi: 10.2307/1131459

 Sadeghi, S., Schmidt, S. N. L., Mier, D., and Hass, J. (2022). Effective connectivity of the human mirror neuron system during social cognition. Soc. Cogn. Affect. Neurosci. 17, 732–743. doi: 10.1093/scan/nsab138

 Sainsbury, E., and Walker, R. (2009). “Motivation, learning and group work – the effect of friendship on collaboration,” Proceedings of The Australian Conference on Science and Mathematics Education. Available online at: https://openjournals.library.sydney.edu.au/IISME/article/view/6213 (accessed May 7, 2024).

 Saxe, R., and Kanwisher, N. (2003). People thinking about thinking people: the role of the temporo-parietal junction in “theory of mind.” NeuroImage 19, 1835–1842. doi: 10.1016/S1053-8119(03)00230-1

 Schegloff, E. A. (1968). Sequencing in conversational openings. Am. Anthropol. 70, 1075–95. doi: 10.1525/aa.1968.70.6.02a00030

 Schegloff, E. A. (2007). Sequence Organization in Interaction: A Primer in Conversation Analysis (Vol. 1). Cambridge: Cambridge University Press. doi: 10.1017/CBO9780511791208

 Schegloff, E. A., and Sacks, H. (1973). Opening up closings. Semiotica 8, 289–327. doi: 10.1515/semi.1973.8.4.289

 Schilbach, L., Timmermans, B., Reddy, V., Costall, A., Bente, G., Schlicht, T., et al. (2013). Toward a second-person neuroscience. Behav. Brain Sci. 36, 393–414. doi: 10.1017/S0140525X12000660

 Schirmer, A., Fairhurst, M., and Hoehl, S. (2021). Being ‘in sync'—Is interactional synchrony the key to understanding the social brain? Soc. Cogn. Affect. Neurosci. 16, 1–4. doi: 10.1093/scan/nsaa148

 Scholkmann, F., Gerber, U., Wolf, M., and Wolf, U. (2013). End-tidal CO2: an important parameter for a correct interpretation in functional brain studies using speech tasks. Neuroimage 66, 71–9. doi: 10.1016/j.neuroimage.2012.10.025

 Schwartz, L., Levy, J., Endevelt-Shapira, Y., Djalovski, A., Hayut, O., Dumas, G., et al. (2022). Technologically-assisted communication attenuates inter-brain synchrony. Neuroimage 264:119677. doi: 10.1016/j.neuroimage.2022.119677

 Sinha, T. (2016). Cognitive correlates of rapport dynamics in longitudinal peer tutoring. Technical Report ArticuLab, School of Computer Science Carnegie Mellon University.

 Sinha, T., Bai, Z., and Cassell, J. (2022). A novel multimodal approach for studying the dynamics of curiosity in small group learning. arXiv:2204.00545.

 Sinha, T., and Cassell, J. (2015a). “Fine-grained analyses of interpersonal processes and their effect on learning,” in Artificial Intelligence in Education, eds. C. Conati, N. Heffernan, A. Mitrovic, and M. F. Verdejo (Cham: Springer International Publishing), 781–785. doi: 10.1007/978-3-319-19773-9_115

 Sinha, T., and Cassell, J. (2015b). “We click, we align, we learn: impact of influence and convergence processes on student learning and rapport building,” in Proceedings of the 1st Workshop on Modeling INTERPERsonal SynchrONy And infLuence, 13–20. doi: 10.1145/2823513.2823516

 Sodian, B., Zaitchik, D., and Carey, S. (1991). Young children's differentiation of hypothetical beliefs from evidence. Child Dev. 62, 753–766. doi: 10.2307/1131175

 Spencer-Oatey, H. (2005). (Im)politeness, face and perceptions of rapport: unpackaging their bases and interrelationships. J. Polit. Res. 1, 95–119. doi: 10.1515/jplr.2005.1.1.95

 Spencer-Oatey, H., and Franklin, P. (2009). Intercultural Interaction: A Multidisciplinary Approach to Intercultural Communication. Macmillan, UK: Palgrave. doi: 10.1057/9780230244511

 Sperduti, M., Guionnet, S., Fossati, P., and Nadel, J. (2014). Mirror neuron system and mentalizing system connect during online social interaction. Cogn. Proc. 15, 307–316. doi: 10.1007/s10339-014-0600-x

 Strayer, J., and Roberts, W. (1997). Children's personal distance and their empathy: indices of interpersonal closeness. Int. J. Behav. Dev. 20, 385–403. doi: 10.1080/016502597385199

 Sun, B., Xiao, W., Feng, X., Shao, Y., Zhang, W., Li, W., et al. (2020). Behavioral and brain synchronization differences between expert and novice teachers when collaborating with students. Brain Cogn. 139:105513. doi: 10.1016/j.bandc.2019.105513

 Tartaro, A., Cassell, J., Ratz, C., Lira, J., and Nanclares-Nogués, V. (2014). Accessing peer social interaction: using authorable virtual peer technology as a component of a group social skills intervention program. ACM Trans. Access. Comput. 6, 1–2.29. doi: 10.1145/2700434

 Tickle-Degnen, L., and Rosenthal, R. (1990). The nature of rapport and its nonverbal correlates. Psychol. Inq. 1, 285–293. doi: 10.1207/s15327965pli0104_1

 Tognoli, E., Zhang, M., Fuchs, A., Beetle, C., and Kelso, J. A. S. (2020). Coordination dynamics: a foundation for understanding social behavior. Front. Human Neurosci. 14:317. doi: 10.3389/fnhum.2020.00317

 Tran, M., Sen, T., Haut, K., Ali, M. R., and Hoque, E. (2022). Are you really looking at me? A feature-extraction framework for estimating interpersonal eye gaze from conventional video. IEEE Trans. Affect. Comput. 13, 912–925. doi: 10.1109/TAFFC.2020.2979440

 Tudor Car, L., Dhinagaran, D. A., Kyaw, B. M., Kowatsch, T., Joty, S., Theng, Y-. L., et al. (2020). Conversational agents in health care: scoping review and conceptual analysis. J. Med. Internet Res. 22:e17158. doi: 10.2196/17158

 Underwood, M. K., Hurley, J. C., Johanson, C. A., and Mosley, J. E. (1999). An experimental, observational investigation of children's responses to peer provocation: developmental and gender differences in middle childhood. Child Dev. 70, 1428–46. doi: 10.1111/1467-8624.00104

 von Lühmann, A., Li, X., Müller, K-. R., Boas, D. A., and Yücel, M. A. (2020). Improved physiological noise regression in fNIRS: a multimodal extension of the general linear model using temporally embedded canonical correlation analysis. Neuroimage 208:116472. doi: 10.1016/j.neuroimage.2019.116472

 von Lühmann, A., Zheng, Y., Ortega-Martinez, A., Kiran, S., Somers, D. C., Cronin-Golomb, A., et al. (2021). Toward Neuroscience of the Everyday World (NEW) using functional near-infrared spectroscopy. Curr. Opin. Biomed. Eng. 18:100272. doi: 10.1016/j.cobme.2021.100272

 Walker, G. (2017). Pitch and the projection of more talk. Res. Lang. Soc. Inter. 50, 206–25. doi: 10.1080/08351813.2017.1301310

 Wang, L., Ke, J., and Zhang, H. (2022). A functional near-infrared spectroscopy examination of the neural correlates of mental rotation for individuals with different depressive tendencies. Front. Hum. Neurosci. 16:760738. doi: 10.3389/fnhum.2022.760738

 Wikström, V., Saarikivi, K., Falcon, M., Makkonen, T., Martikainen, S., Putkinen, V., et al. (2022). Inter-brain synchronization occurs without physical co-presence during cooperative online gaming. Neuropsychologia 174:108316. doi: 10.1016/j.neuropsychologia.2022.108316

 Wittenburg, P., Brugman, H., Russel, A., Klassmann, A., and Sloetjes, H. (2006). “ELAN: a professional framework for multimodality research,” in Proceedings of the Fifth International Conference on Language Resources and Evaluation (LREC'06) (European Language Resources Association (ELRA)). Available online at: http://www.lrec-conf.org/proceedings/lrec2006/pdf/153_pdf.pdf (accessed May 7, 2024).

 Wyser, D., Mattille, M., Wolf, M., Lambercy, O., Scholkmann, F., Gassert, R., et al. (2020). Short-channel regression in functional near-infrared spectroscopy is more effective when considering heterogeneous scalp hemodynamics. Neurophotonics 7:035011. doi: 10.1117/1.NPh.7.3.035011

 Yücel, M. A., Lühmann, A. V., Scholkmann, F., Gervain, J., Dan, I., et al. (2021). Best practices for fNIRS publications. Neurophotonics 8:012101. doi: 10.1117/1.NPh.8.1.019802

 Zhang, M., Jia, H., and Zheng, M. (2020). Interbrain synchrony in the expectation of cooperation behavior: a hyperscanning study using functional near-infrared spectroscopy. Front. Psychol. 11:542093. doi: 10.3389/fpsyg.2020.542093

 Zhang, Q., Liu, Z., Qian, H., Hu, Y., and Gao, X. (2023). Interpersonal competition in elderly couples: a functional near-infrared spectroscopy hyperscanning study. Brain Sci. 13:600. doi: 10.3390/brainsci13040600

 Zhang, X., Noah, J. A., Dravida, S., and Hirsch, J. (2017). Signal processing of functional NIRS data acquired during overt speaking. Neurophotonics 4:041409. doi: 10.1117/1.NPh.4.4.041409

 Zhang, Y., Sun, S., Galley, M., Chen, Y-. C., Brockett, C., Gao, X., et al. (2020). DialoGPT: large-scale generative pre-training for conversational response generation. arXiv:1911.00536. doi: 10.18653/v1/2020.acl-demos.30

 Zhao, N., Zhang, X., Noah, J. A., Tiede, M., and Hirsch, J. (2023). Separable processes for live “in-person” and live “zoom-like” faces. Imag. Neurosci. 1, 1–17. doi: 10.1162/imag_a_00027

 Zhao, R., Papangelis, A., and Cassell, J. (2014). “Towards a dyadic computational model of rapport management for human-virtual agent interaction,” in Intelligent Virtual Agents: 14th International Conference, IVA 2014, Boston, MA, USA, August 27-29, 2014. Proceedings, eds. T. Bickmore, S. Marsella, and C. Sidner (Cham: Springer International Publishing), 514–527. doi: 10.1007/978-3-319-09767-1_62

 Zhao, R., Sinha, T., Black, A. W., and Cassell, J. (2016). “Socially-aware virtual agents: automatically assessing dyadic rapport from temporal patterns of behavior,” in Intelligent Virtual Agents, eds. D. Traum, W. Swartout, P. Khooshabeh, S. Kopp, S. Scherer, and A. Leuski (Cham: Springer International Publishing), 218–233. doi: 10.1007/978-3-319-47665-0_20

 Zheng, L., Chen, C., Liu, W., Long, Y., Zhao, H., Bai, X., et al. (2018). Enhancement of teaching outcome through neural prediction of the students' knowledge state. Hum. Brain Mapp. 39, 3046–3057. doi: 10.1002/hbm.24059

 Zhou, H.-Y., Yu, Y., Wang, C., Zhang, S., Gao, Y., Pan, J., et al. (2023). A transformer-based representation-learning model with unified processing of multimodal input for clinical diagnostics. Nat. Biomed. Eng. 7, 743–755. doi: 10.1038/s41551-023-01045-x

Copyright
 © 2024 Bonnaire, Dumas and Cassell. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fnrgo-05-1290256-g005.gif





OPS/images/fnrgo-05-1290256-t001.jpg
Level of data type

Conversational Behavior

Modality

Verbal

Dyadic status

Non-reciprocal

Specific variables

m Self-disclosure

m Reference to shared experience

m Praise

u Teasing

Reciprocal

Mutual self-disclosure

= Mutual reference to shared experience

= Mutual teasing

Paraverbal

Non-reciprocal

m Pitch shift

u Shift in speed of speaking

u Shift in loudness

Reciprocal

= Mutual pitch shift

= Mutual shift in speech rate

= Mutual shift in loudness

Nonverbal

Non-reciprocal

= Smile

= Head nod

= Gaze at other person

Reciprocal

= Mutual smile

= Mutual head nod

= Mutual eye gaze

Rapport State

Rapport rating (1-7) for each
30 second interval for each
dyad

Notes

Number of behaviors per 30
second epoch.

Educational Performance

Every week

Task 1-3, week (with x = 1-6)

= Number of hypotheses per
weekly 8-10 min read-out

= Number of pieces of
evidence per 8-10 min
weekly read-out

IBS

= Right hemisphere ROIs






OPS/images/fnrgo-05-1290256-g003.gif





OPS/images/fnrgo-05-1290256-g004.gif
<
8
g
£
3
$

Cupermentatprodigm

&

5 brain Conversational Inerpersonat Educationst
o | amenonytes enavior ropport pertarmance
8

o Gamy

E s

8 | o

s

£

Virtual Peer-child interaction





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Bringing together multimodal and multilevel approaches to study the emergence of social bonds between children and improve social AI



		1 Introduction



		2 Background



		3 Framework



		4 Experimental paradigm



		4.1 Target population and sample



		4.2 Task description







		5 Data collection



		5.1 fNIRS data acquisition



		5.2 fNIRS data pre-processing



		5.2.1 Epochs



		5.2.2 Inter-brain synchrony









		5.3 Behavioral annotation



		5.4 Rapport estimation



		5.5 Educational performance







		6 Data analysis



		6.1 Claim 1: conjunctions of conversational behaviors across modalities better predict IBS



		6.2 Claim 2: IBS and rapport evolve similarly across time



		6.3 Claim 3: IBS Granger-causes reciprocal conversational behaviors



		6.4 Claim 4: not all rapport is productive: adding in performance data



		6.5 Claim 5: rapport-building is a process that takes time



		6.6 Claim 6: brain regions evolve with age







		7 Modeling productive conversational behaviors in virtual peers



		8 Feasibility study



		9 What can we conclude from the feasibility study?



		10 Limitations



		11 Discussion



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher's note



		Supplementary material



		References

















OPS/images/cover.jpg
@ frontiers | Frontiers in Neuroergonomics

Bringing together multimodal
and multilevel approaches to
study the emergence of social
bonds between children and
improve social Al





OPS/images/fnrgo-05-1290256-g001.gif
'

P






OPS/images/fnrgo-05-1290256-g002.gif
IR
72

wrl- oo ©© - RiGHT












OPS/images/crossmark.jpg
©

|






OPS/images/logo.jpg
& frontiers | Frontiers in Neuroergonomics







