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Microdevelopment of Peer interaction and Scientific Reasoning 

in Young Children2 

 

Abstract 

Group data are often used as implicit models of the underlying processes, but recent 

research shows that this cannot be done if the ergodicity condition does not apply, 

which is the case for most processes of behavior and thinking. Traditional analyses of 

reasoning and interaction often describe the building of knowledge by comparing 

general outcomes of group data (e.g. average, frequencies, and percentages) and as a 

result, often neglect the underlying individual processes. In this paper, we present a 

case study of two dyads of children (M= 5.5 years) working on a problem-solving task 

in order to provide a methodological illustration of several techniques that capture 

the changes in a time serial data set. Particularly, we present the changes in the types 

of interaction and scientific reasoning skills (SRS) during a single problem-solving 

task. The three descriptive techniques implemented in the data analysis are: 1) a time-

series analysis to track the variability from moment-by-moment, 2) transition 

matrices to describe behavior changes and 3) a hierarchical agglomerative clustering 

(HAC), a hybrid clustering technique used to detect dyadic patterns. Our results 

capture the intra-individual variability of the dyads, which support the assumption of 

the non-ergodicity condition of psychological processes. We show that intra-

individual trajectories in the children’s behaviors are neither homogeneous nor 

stationary, but variable over time. 

Keywords: clustering, microdevelopment, non-ergodicity, peer interaction, 

scientific reasoning, time-series, transition matrices 

  

                                                           
2
 This chapter is based on Guevara, M., van Dijk, M., & van Geert, P. (2015), 

Microdevelopment of Peer interaction and Scientific Reasoning in Young Children. 
Manuscript submitted for publication. 
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1. Introduction 

Though most research on children’s learning and development is based on group 

analyses, there is an increasing attention to case studies that describe the individual 

processes that take place at the short-term (Granott & Parziale, 2002). In relation to 

this, Molenaar and Campbell (2009) have suggested the use of intra- individual 

analysis as the "new person-specific paradigm in psychology" (p. 112). The basis for 

this approach refers to the fact that psychological processes are neither homogeneous 

nor static (two characteristics known as ergodic principles). Instead, they are 

characterized by much variance across subjects and changes over time. By assuming 

this non-ergodicity, psychological studies cannot generalize the group-based findings 

to the level of the variation of the individuals. Molenaar argues that studying intra-

individual variation within single subjects is required to obtain valid information 

about developmental processes (Molenaar, 2010). In a similar way, Salvatore and 

Valsiner (2009) described psychology as an idiographic science and argue that 

individual cases provide information on psychological phenomena because they show 

how the actual processes take place in context. With regard to the relevance of 

individual variability, Kuhn, Garcia-Mila, Zohar and Andersen (1995) acknowledge the 

presence of individual differences by arguing that “at least part of the variability in 

performance across content resides in the subject, rather than exclusively in the task” 

(p. vi). 

Developmental researchers incorporating a complex dynamic systems approach 

have embraced a similar type of person-centered and ideographic perspective by 

using methods that capture the non-linearity and the dynamic nature of psychological 

processes. Therefore, they often use designs with smaller numbers of subjects but 

extensive collections of repeated measurements over extended periods of time 

(Nesselroade & Molenaar, 2010). In these studies, the within-person variation is the 

main source of information. 

In this methodological article, we demonstrate three techniques that enable us to 

capture the microdevelopmental changes in behaviors: time-series graphs, transition 

matrices and hierarchical agglomerative clustering. We illustrate this with the topic of 

scientific reasoning skills (SRS) and types of peer interaction behavior during a joint 

reasoning task. With the implementation of these techniques, we provide a process 

analysis in which it is possible to visualize and quantify the intra-individual 

differences that are characteristics of the psychological processes we are interested in.  

From the literature we know that dyadic interaction is relevant for the early 

development of social functions such as reciprocity and the development of 
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communicative skills (see Williams, Ontai & Mastergeorge, 2010). Interaction is also 

crucial for cognitive development because the construction of knowledge occurs not 

only during individual performances but also in the interaction with others (see Doise, 

Mugny & Perret-Clermont, 1976; Rojas-Drummond, 2009). For example, Srinivas 

(2011) states that collaborative learning contributes to both social and cognitive skills 

such as higher levels of thinking skills, empathy, interaction and familiarity among 

students and self-esteem.  

Related to the development of scientific reasoning skills (SRS), there exists a 

body of literature providing evidence that already young children can act as scientists, 

as they are able to formulate hypotheses, elaborate descriptions, predictions and 

explanations of events, make causal inferences, and do experimentations (Gopnik, 

Glaymor, Sobel, Shultz, Kushnir, & Danks, 2004; Gopnik & Meltzoff, 1997). However, 

Gopnik (2012) clarifies that conceiving the child as a ‘little scientist’ does not mean 

that the child's learning process happens in isolation. Instead, it happens in a social 

context, similar to how scientists interact in their scientific community. Though most 

studies on scientific reasoning are conducted in a lab context rather than in a 

naturalistic setting (Haden, 2010), social factors are always present and influencing 

the reasoning process. For instance, Morris, Croker, Masnick and Zimmerman (2012) 

highlight the social interaction and the cultural tools as factors that support scientific 

reasoning. In addition, studies on science education and cognitive development have 

described how reasoning skills are situated in social interaction (e.g. Crowley, 

Callanan, Jipson, Galco, Topping, Shrager, 2001; Mercer, Dawes, Wegerif & Sams, 

2004). For instance, collaboration enables children to integrate points of view 

(Fawcett & Garton, 2005), re-elaborating ideas in learning contexts (Mercer, 1996; 

cited by Thurston et al. 2007). Therefore studying the interaction process helps us to 

understand how the cognitive process occurs (Granott, Fischer & Parziale, 2002). 

1.1.  Interaction and Scientific Reasoning 

The educational method of peer learning has been studied from different angles, 

with a focus on terms such as “peer tutoring”, “peer assessment’’ or “collaborative 

learning” (Riese, Samara & Lillejord, 2012). In the study of cognitive development, 

researchers report how scientific reasoning skills (SRS) are shown in different 

interaction conditions. For example, some studies have used the explanations in 

science classes during discussions and collaborative inquiry to examine the students’ 

comprehension (e.g. Kaartinen & Kumpulainen, 2002; Soter, Wilkinson, Murphy, 

Rudge, Reninger & Edwards, 2008); other studies on parent-child interaction in 

museum exhibitions examine how parents support the scientific reasoning of their 



 

 
26 
 

children (e.g. Anderson, 2011; Allen & Gutwill, 2009; Crowley & Callanan, 1998; Tare, 

French, Frazier, Diamond & Evans, 2011). There are also studies using computer 

based-environments to examine the relation between discourse and complexity of 

reasoning (Hogan, Nastasi & Pressley, 1999), discovery learning processes (e. g. 

generation and testing of hypotheses) in relation to the communicative activities 

between dyads (Saab, van Joolingen & van Hout-Wolters, 2005), the role of talk (e.g. 

generation of plans, predictions, hypothesis,) in children's peer collaboration (Teasley, 

1995). The use of problem-solving strategies during collaborative learning is analyzed 

with various purposes, for instance to identify the abstraction of rules (Howe, Tolmie, 

Greer & Mackenzie, 1995), to establish the impact of expertise in the collaborative 

interaction (Nokes-Malach, Meade & Morrow, 2012), or to analyze the effect of 

different levels of reasoning in collaborative learning (Gijlers, Saab, Van Joolingen, De 

Jong & van Hout-Wolters, 2009). 

With regard to the analysis of the data, most of the studies reported above focus 

on isolated elements of the interactions, such as the type of talk, the distribution and 

proportion of utterances, or the use of particular words related to reasoning process. 

Although this information is relevant, it is not sufficient to understand the processes 

of interaction and how such processes are related to the emergence of reasoning 

skills. This paper addresses the need of future researches of using alternative types of 

analysis to reveal the dynamics of peer interaction in greater detail (Staarman & Krol, 

2005).  Therefore, we are presenting some methodological tools that can be used to 

integrate the analysis of dyadic interaction and scientific reasoning. 

1.2.  Microdevelopment 

Because interaction and scientific reasoning show variations from moment to 

moment, we will describe the microdevelopment in the trajectories of children’s 

performance by using a microgenetic method which enables us to capture 

developmental changes over short periods of time ranging from minutes to weeks 

(Fogel & DeKoeyer-Laros, 2007; Yan & Fischer, 2007; Siegler, 2002a; Smith & Thelen, 

2003; van Geert & van Dijk 2002). This method has been used in different domains of 

learning and development, such as motor development (Spencer, Vereijken, Diedrich  

& Thelen, 2000; Thelen, Corbetta, Spencer, Schneider & Zernicke 1993), scientific 

reasoning (Pine, Lufkin & Messer, 2004; Siegler & Chen, 1998), conceptual change 

(Opfer & Siegler, 2004; Rhodes & Wellman 2013), language (Siegler, 2002b; Cox & van 

Dijk, 2013), and others. A microdevelopmental analysis aims to describe the 

variations of individual trajectories and to identify the emergence of regularities or 

patterns on the short-term timescale (Yang & Fischer, 2007). In addition, it describes 
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the process of change by indicating how development and learning processes occur 

(Siegler & Crowley, 1991).  

The focus on complex interactions is also shared by the complex dynamic 

systems approach (Thelen & Smith, 1994; van Geert & van Dijk, 2015), where 

development is seen as an iterative process. This means that the current state of 

learning (or reasoning) is dependent on the previous state of it, which at its turn is 

dependent on the previous one, and so forth. Dynamic systems are self-organizing, 

thus, the resulting developmental trajectories are non-linear and show considerable 

variability on different time-scales (Lewis & Granic, 1999; van Geert, 1998). The 

dynamic systems framework has been applied to different topics, such as  social 

interactions (e.g. Ensing, van der Aalsvoort & van Geert, 2012; Granic & Lamey, 2002; 

Steenbeek & van Geert, 2005), language development (e.g. Elman,1995; Ellis & Larsen-

Freeman, 2009; van Dijk, et al., 2013), and learning process (e.g. Fischer & Granot, 

1995; Nersessian, 1992).  

In a complex dynamic systems approach, short-term and long-term development 

are seen as “coupled timescales” (Smith & Thelen, 2003; Steenbeek  & van Geert 

2006), meaning that the performance emerges at the micro level (e.g. during a specific 

problem solving task) and that it shapes development over the long term (an 

increased global capability to solve problems). At the same time, the macro level of 

development impacts the problem solving behavior in any new task setting (micro-

level). For this reason, the study of the microdevelopmental time scale is of crucial 

importance. In this study we provide a detailed description of scientific reasoning in 

dyadic interaction in a microgenetic perspective. 

1.3.  About this Study 

The purpose of this article is to illustrate the implementation of techniques that –

combined-- capture the short-term variability and the emergence of real-time process. 

The relevance of this study consists in the demonstration of techniques that 

contribute to the characterization of intra-individual trajectories in terms of their 

changes, and the identification of patterns between co-occurring processes. Although 

previous studies has been done at the group level to model learning in the 

performance of  the balance-scale task (see  Jansen, Raijmakers & Visser, 2007; 

Schmittmann, Visser & Raijmakers, 2006), the contribution of this study points to a 

different direction. The focus is not on the content of the task, but on the processes of 

reasoning and interaction.  Therefore, the main contribution of this study is to provide 

insights about the changes in real-time trajectories of the interaction and reasoning of 

dyads, which can also occur in the context of real classrooms. In addition, this study 
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extends the findings about the intra-individual variability in children's reasoning (e.g. 

Meindertsma, van Dijk, Steenbeek & van Geert, 2014). The techniques presented in the 

current article enable us to answer the following questions: 

(1) How do the interaction and scientific reasoning skills of dyads emerge as 

short-term processes? 

(2) How do changes in interaction and scientific reasoning of dyads relate with 

each other at this short-term time scale? 

2. Method 

2.1. Participants 

Two dyads of 4 to 6-year-old children (M= 5.5 years) participated in the study 

with the consent of their parents (we will call them: Willie and Tyler, and John and 

Ivan) 3. Participants were all students at  an International school in The Netherlands. 

The criterion of being fluent in English was a condition to join this study. The dyads 

were formed of two children from the same classroom who are comfortable working 

together according to their teacher. The dyads were selected from a sample of 13 

dyads. Since this study has a variability frame, any of the dyads can be selected to 

illustrate particular trajectories and patterns of interaction and SRS. 

2.2. Material 

The task used in this study was a horizontal balance-scale task (see Figure 1), 

similar to the task used in numerous studies on reasoning (e.g. Jansen & van der Maas, 

2002; Siegler & Chen, 1998; Shultz, Mareschal & Schmidt, 1994). The task consists of 

rectangular weights to be hung on it and 10 pegs in each beam. Above the pegs a 

specific perceptual clue is provided to distinguish the pegs within the same distance 

from the fulcrum. 

 

Figure 1. The balance-scale task. 

                                                           
3 The names have been changed to preserve the anonymity of the children 
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2.3.  Procedure  

The task was presented to the dyads in a single session of 15-20 minutes and was 

videotaped. The children were asked to work together   ̶ ( ‘I want you to work together 

as partners to figure out how this game works’)  ̶   in order to solve seven problems 

based on three simple types of balance scale items (Siegler & Chen, 1988). There were 

two ‘balance’ items (equal number of weights, same distance to the fulcrum), two 

‘weight’ items (unequal number of weights, same distance) and three ‘distance’ items 

(equal number of weights, different distance). The items were presented in the same 

order, requiring the use of SRS as follows: First, the children were asked to predict 

what would happen in a particular arrangement of weights, whether the scale will tilt 

to one of the sides or would remain straight (i.e. what would happened if someone  

hangs  [# or weights] here, and [# or weights] there?). After the children hung the 

weights, they were asked to give descriptions (what happened?) and explanations 

(why?). Finally, for the non-balance items, children were asked to use an extra weight 

to find the balance.  

The items used in this study required the use of Rule I and Rule II in order to 

predict the correct direction of tilt problems focusing on the side with more weights 

(Siegler, 1981). Rule I considers the number of weights and Rule II considers the 

distance from the fulcrum when the number of weights is the same. Children using 

these rules can succeed at weight and distance problems. 

2.4.  Coding system 

Each particular child’s behavior (‘event’) was coded separately by using two 

coding schemes. The codes were based on the observations from a larger sample 

(thirteen dyads). The coding scheme of interaction (see Table 1) involves the criterion 

of ‘engagement’ shown by each child of the dyad, such as (a) being engaged with the 

task and/or (b) with the peer. Five types of interaction were identified and coded with 

values from 0 to 4. It is important to note that the categories of ‘copy work’ and 

‘collaborative work’ are associated to a particular interaction of the other member of 

the dyad. Therefore, ‘copy work’ can only be present if the other child is showing a 

‘parallel’ interaction, and ‘collaborative work’ only can be present if both children are 

sharing the same goal. For the coding scheme of SRS, all the children’s verbalizations 

were characterized and scored with values from 0 to 4 (see Table 2). We coded 

explanations as being more complex than predictions because they involve causal 

relations. In contrast, predictions are constrained to establish whether the balance-

scale will tilt or not. 
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Table 1 

Interaction Coding Scheme 

Category Score Description  

No work 0 No engagement with the task or the partner 

Passive work 1 Engagement with the task without participating 

actively 

Copy work 2 Engagement with the task, repeating their partner’s 

behavior  

Parallel work 3 Engagement with the task without considering their 

partner’s perspective 

Collaborative 

work 

4 Engagement with the task by considering their 

partner’s perspective 

 

The coding procedure started with the first verbalization of one of the children. 

For each child, we coded the type of SRS and simultaneously the type of interaction 

that co-occurred. We repeated the procedure at the same point in time for the other 

child of the dyad. Every time a child changed a behavior, a code for interaction and 

SRS was inserted for their peer. This is how we ensured that both children have the 

same number of coded events in both variables in order to examine them 

simultaneously. 
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Table 2 

Scientific Reasoning Coding Scheme 

Category Score Description Example 

No answer 0 No answer      ̶̶̶ ̶ 

Others 

Verbalizations 

1 Refers to emotional 

responses 

“Yeah!”, “I do it!” 

Description 
2 Indicates perceptual 

details of the task 

“This is heavy”   

Prediction 

3 Indicates what would 

happen if some cards 

are hung on the balance 

scale 

“This will be tilted”  

Explanation 

4 Indicates reasons about 

the effect of hanging 

cards on the balance 

scale 

“This side is heavier 

because it is closer to 

the end” 

 

To determine inter-observer reliability, two raters (the first and second authors 

of this paper) independently coded the behaviors of the two dyads (total of 61 events 

of interactions and SRS). For the category of interaction, the inter-observer agreement 

was of 89% with a Kappa of .83 (almost perfect agreement). In the case of the 

scientific reasoning skills the inter-observer agreement was of 93% with a Kappa of 

.91 (almost perfect agreement). 

 

2.5.  Data analysis 

We are more interested in the temporal relations between different types of SRS 

and types of interaction than in the content of the task. Therefore, we present 

different techniques to depict the micro-developmental variability of interaction and 

reasoning of the dyads while solving the balance-scale problems. In order to contrast 

the traditional analysis based on descriptive statistics to an approach focused on the 

variability, we first introduce the general statistical description of children’s types of 

interactions and SRS. Second, we zoom in on the temporal relation of the data by 

applying the following techniques: (a) a time-series graph enables to track the 

variability from moment-by-moment, showing how interaction and SRS are tuned in 
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the intra- and inter-individual trajectories. The technique represents these 

trajectories as a pattern of two-dimensional quantitative variability, as a changing 

frequency or as a number that refers to a changing level of the variable (van Geert & 

van Dijk, 2002). In this study, each measurement point shows both the level of 

interaction and of SRS (see coding schemes). Furthermore, a time-series graph of the 

dyadic interaction of both children is presented to explore whether the children’s 

interactions are related through time, or not, (b) Transition matrices describe 

transition paths of each child from one type of interaction to another. Complementary 

to these time-series analysis (inter- and intra- individual), a simple Spearman 

correlation is used to test statistical associations between the trajectories of 

interaction and/or SRS. Finally, (c) The Hybrid hierarchical Agglomerative Clustering 

(HAC) is used to detect dyadic patterns across all variables.  

3. Results 

3.1.  Individual Differences in Terms of Averages 

A standard way to describe psychological processes is by their aggregated 

quantification over time, sometimes followed by the association with other aggregate 

measures, such as age, gender, and condition (experimental versus control group). 

Following this approach, Figure 2 shows the percentages of the types of interactions 

and SRS per child, indicating differences between children and dyads. For example, 

the interaction of Willie and Tyler was characterized by an asymmetric relationship: 

Willie predominantly shows parallel work (66%), while Tyler fluctuates between 

passive (39%) and parallel (34%) work. In contrast, John and Ivan showed a 

symmetric relationship: Both children contribute approximately equally to the 

parallel work (76% and 82% respectively). Despite the asymmetric relationship of 

Willie and Tyler, collaborative work appears in 27% of the observed events, while for 

John and Ivan, this type of interaction does not appear. 
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Willie-Tyler 

 
 

John-Ivan 

 

Figure 2. Percentage of the SRS and types of interaction used by the two dyads 

 

With regard to the use of SRS, Willie displayed more explanations (36%) and 

descriptions (14%) than his partner (5%) but the same amount of predictions (both 

25%). In contrast, John and Ivan showed a more homogeneous performance with high 

proportion of predictions (41% and 53%) and low proportion of explanations (16% 

and 6%) and descriptions (18% and 12%). In the next sections we present a process 



 

 
34 
 

analysis to examine the complexity of the ongoing interactions that are not visible in 

the global analysis (Figure 2). 

3.2. Intra- and inter-individual Trajectories analyzed by Using Time-

Series  

Time- series graphs are aimed at capturing and visualizing the trajectories of 

behaviors in a temporal frame. This is performed in a simple spreadsheet, with in the 

first column a timeline (e.g. events, seconds, minutes), followed by two columns with 

the sequence of interactions and SRS (events) respectively. These data is plotted in an 

XY-graph (see Figures 3 and 4). The graphs show the sequence of every single 

behavior presented by a child at a particular moment, represented as a measurement 

point on the x- axis (number of events observed on the single session), while the 

corresponding level of the behavior is expressed on the y-axis with values from 0 to 4. 

The time-series graphs in Figure 3 depict the changes in the intra-individual 

trajectories during a single task session, showing that children’s interactions and SRS 

were fluctuating over time.  For instance, Willie showed the use of predictions and 

explanations (see observations 16 to 25), during interactions that were mainly 

parallel and collaborative. In contrast to Willie, the variability of Tyler’s performances 

was initially characterized by the use of predictions during parallel and collaborative 

work (see observations 1 to 35) and later during parallel and passive work (see 

observations 36 until the end). In addition, his only two explanations were observed 

during the collaborative work. In contrast to the previous dyad, John’s and Ivan’s 

performances were more regular and homogeneous. This dyad showed parallel work 

during the elaboration of predictions and descriptions and the sporadic explanations 

were given during parallel work instead of collaboration as the other dyad.  

Complementary to the time-series, a Spearman correlation coefficient was used 

to explore the association of the intra-individual trajectories. Hence, we examine 

whether a shift on the interactions correspond to shifts on the SRS in the same 

direction. As a result, using the ordinal scale of the coding schemes, we observed if the 

skill levels are related to the interaction of the dyads. We found a high positive 

correlation between interaction and SRS (rs (42) = .563, p< .001) for Tyler, whereas for 

Willie there was no correlation rs (42) = -.030, p= .849). A high positive correlation 

between SRS and interaction was found at the individual level for John (rs (15) = .709, 

p< .001) and Ivan (rs (15) = .640, p< .01). This indicates that higher levels of reasoning 

occur during higher levels of dyadic involvement.  
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Willie and Tyler 
 

 

 
 

John and Ivan 
 

 
 

Figure 3. Individual trajectories of interaction and SRS of Willie (upper left), Tyler (lower left), 

John (upper right) and Ivan (lower right). Categories of SRS: No answer (0), Others (1), 

Descriptions (2), Predictions (3), Explanations (4). Categories of interaction:  No work (0), 

Passive work (1), Copy work (2), Parallel work (3), Collaborative work (4). 
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In summary, the trajectories of SRS and interaction revealed a higher variability 

of interactions for Willie and Tyler versus more homogeneity in the case of John and 

Ivan. In addition, each child showed diverse relations between types of interactions 

and SRS (e.g. elaboration of explanations during parallel and/or collaborative work), 

and for three out of four children (Willie, John and Ivan), the interactions correlated 

with their use of SRS. 

3.3. Microdevelopment of the dyadic Interaction by using a 

descriptive time-series analysis 

The time-series technique can also be applied to the interaction behaviors by 

plotting trajectories of both children in one graph. In Figure 4, the inter-individual 

trajectories of the dyads show moments of synchrony or simultaneous occurrence of 

interactions (parallel work) along the course of problem-solving. Willie and Tyler 

showed synchrony in part of their trajectories (see observations 35 to 44) with an 

overall high positive correlation (rs (42) = .687, p< .001). This indicates a high 

connection in the peer interaction. It seems that each child follows a particular pattern 

in his interaction, meanwhile trying to remain synchronized with the other child. For 

instance, when Willie displays parallel work, Tyler displays passive and parallel work, 

keeping this association almost until the end of the trajectory (observation 35). 

John’s and Ivan’s trajectories revealed a different dynamic of interaction such as 

considerable repetitions in their types of interactions, and rapid shifts from one type 

of interaction to another (see two moments: observation 1 to 10, and 11 to 17). John 

showed a pattern consisting of regular shifts from a stable type of interaction (parallel 

work) to a variety of types of interactions (i.e. parallel, no-work, passive, and parallel 

work). Simultaneously, Ivan shifts his interactions in the opposite way, by moving 

from irregular fluctuations (parallel, passive and copy work) to a stable interaction 

(parallel work). A Spearman correlation revealed a weak and non-significant 

statistical association between John and Ivan’s interaction styles at the real time level 

(rs (17) = -.253, p= .326). 

In general, we found that the dyadic interaction have different patterns.  One 

trajectory is characterized by a strong connection as a consequence of the  reciprocity 

of collaborative work (Willie and Tyler). The other dyadic trajectory is more 

independent (John and Ivan) without showing a clear coupling between the children’s 

behaviors. 
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Willie and Tyler 

 

John and Ivan 

 

 

Figure 4. Inter-individual trajectories of dyadic interaction: Willie-Tyler (5a) and John-Ivan (5b). 
Categories of interaction:  no work (0), passive work (1), copy work (2), parallel work (3), 
collaborative work (4). 

3.4. Summarizing the Individual Changes Between Interactions by 

Using Transition Matrices 

The transition matrix technique (Grinstead & Laurie, 1997) represents the 

conditional probabilities of moving from one state to another (like a Markov chain). 

We used this technique to obtain additional information about the changes of 

interactions over time. The procedure consists of creating a crosstab in which all the 

possible combinations of behaviors and their relative occurrences are listed. This 

procedure can be executed in a regular spreadsheet program using a pivot table. For 

the visualization of the matrices we created transition diagrams (see Figure 5). In 

these diagrams we transformed the frequencies of the transitions into percentages, 

showing the proportion of changes over the total of behaviors. The arrows in the 
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diagrams indicate the direction of the transitions from one type of interaction to 

another. 

 

Figure 5. Individual transition diagrams of interaction for each member of the dyad. 

In Figure 5, given all the shifts between interactions, we will describe the main 

paths that approximately add up to 80% of the transitions. In the  dyad of Willie and 

John, Willie presents a total of seven interaction paths four of which cover the great 

majority of transitions based on parallel and collaborative work, as follow: parallel-

parallel (49%), parallel-collaborative (14%) and collaborative-collaborative (14%). In 

contrast, Tyler shows a wide variety of transitions, presenting nine paths based on 

three types of interactions (i.e. passive, parallel and passive work). Tyler’s main five 

interaction paths were: passive-passive (21%), passive-parallel (14%), parallel-passive 

(12%), parallel-collaborative (12%) and collaborative-collaborative (12%). As to the 

John and Ivan dyad, John presents a total of three interaction paths consisted of 



 

 
39 

 

parallel and collaborative work. John’s main transition path was parallel-parallel 

(80%). His partner Ivan shows transitions between three types of interactions (i.e. 

passive, parallel, and collaborative work), resulting in seven interaction paths of 

which the following three were the most common: parallel-parallel (43%), parallel-

passive (14%), collaborative-parallel (14%).  

In summary, the transition matrices revealed individual differences in the 

transitions of children’s interactions. First, this technique reveals the number of 

interaction paths used by each child. Secondly, we identified the predominant changes 

in the interaction, as individual ‘styles’. And thirdly, the comparison of transitions of 

the dyads showed how similar or different the interactions within the dyad are. 

3.5. Looking for Similarities in the Dyads Trajectories by Using the 

HAC- Hybrid clustering 

A Hierarchical Clustering Analysis aims at grouping or clustering observations 

based on their similarities4. The HAC analysis is based on all the time series of 

interaction and SRS of each dyad separately, in order to search for the similarities 

across time. The result is a tree diagram (dendogram) grouping data in a bottom-up 

distribution. The optimal number of clusters is the one with the maximal contrast 

between internal homogeneity and external heterogeneity (Roy, 2010). We 

implemented a variation of the hierarchical cluster analysis, a hybrid procedure called 

Hierarchical Agglomerative Clustering (HAC), combined with a principal component 

analysis in order to specify the nature of the clusters. This is a two-step clustering 

algorithm helpful to identify the optimal number of clusters. The first step includes a 

fast clustering by K-means method to build low-level clusters. Second, the HAC uses 

these clusters to build a tree diagram indicating the best partitioning or number of 

clusters. Once the clusters are defined, the similarities of the internal cases are used to 

interpret them. 

  

                                                           
4 The HAC is technique is different from the classification obtained with a Hidden Markov 

Model (HMM), because it describes the structure of the latent variables that are grouped along a 

sequence of events (time series) but does not establish parameters to fit the data into a 

probabilistic model as it is done in a HMM. Instead, it provides a description of the underlying 

structure of the time series, by means of a principal component analysis.  
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Table 3 

Example of the arrangement of the time-series data to run the HAC 

Data Point 
Interaction  SRS 

Child 1 Child 2  Child 1 Child 2 

1 3 3  4 1 

2 3 3  2 2 

3 3 3  3 3 

4 3 3  3 3 

… … …  … … 

… … …  … … 

… … …  … … 

44 … …  … … 

Note. The codes correspond to the types of interaction and SRS defined in the coding 

schemas. The time-series are indicated each member of the dyad. C1= Child 1, C2= Child 

2. 

Once the data were arranged, we implemented the HAC and a principal 

component analysis using TANAGRA 1.4.485 (Rakotomalala, 2005), a free-data mining 

software. In our study, the HAC hybrid clustering is used to detect clusters in the 

dyadic trajectories of interaction and SRS (showed in Figure 3). The analysis 

complements the time-serial analysis in the sense that it describes the structure of the 

latent variables across time. Tables 4 and 5 show the clusters identified for both dyads 

by presenting the percentage of observations that are part of each cluster. Later, 

principal complement analysis was carried out with the obtained clusters in order to 

rank the latent variables inside each cluster. The test value is the resulting measure of 

the principal component analysis that shows how much each variable contributes to 

the cluster. This estimation is based according to how high (>1) or low (<-1) the latent 

variables are proportional to the total latent variables of the cluster. Therefore, the “ 

test value” ranks the latent variables given their relevance. Positive values refer to the 

variables in the cluster that are significantly higher than the average over the entire 

                                                           
5  To download TANAGRA: http://eric.univ-lyon2.fr/~ricco/tanagra/en/tanagra.html For 

detailed information of the HAC procedure, see the step-by-step tutorial http://data-mining-

tutorials.blogspot.it/2008/11/hac-and-hybrid-clustering.html  

http://eric.univ-lyon2.fr/~ricco/tanagra/en/tanagra.html
http://data-mining-tutorials.blogspot.it/2008/11/hac-and-hybrid-clustering.html
http://data-mining-tutorials.blogspot.it/2008/11/hac-and-hybrid-clustering.html
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sample, and negative values refer to those variables that are significantly lower than 

the average over the entire sample of observations. 

For Willie and Tyler the results of the combined HAC  and principal component 

analysis characterized their trajectories of interaction and SRS into three clusters 

(Table 4). Two strong clusters (1 and 2) contain respectively 50% and 43% of all the 

observations, with a third cluster that contains around 7% of the observations. Cluster 

1 is characterized by high levels of SRS and interaction (Tyler) with a high interaction 

and a low reasoning (Willie). Cluster 2 corresponds to moments of high (Willie) and 

low levels (Tyler) of SRS with low values of interaction for the dyad. Cluster 3 consists 

of moments where the trajectories of the dyad present relatively low levels of SRS and 

interaction (Willie) with high levels of SRS (Tyler). This clustering pattern reveals the 

alternation of the dyad: While one child presents high values of SRS and interaction, 

his partner tends to remain relatively passive, displaying low values of SRS and 

interaction. 

Table 4 

HAC analysis of the dyad Willie and Tyler 

Cluster 1 Cluster 2 Cluster 3 

Observations [50,0 %] 
n=22 

Observations [43,2 %] 
n=19 

Observations [6,8 %] 
n=3 

Type Test Group Overall Type Test Group Overall Type Test Group Overall 

Variab. Value Mean Mean Variab. Value Mean Mean Variab. Value Mean Mean 

  
(SD) (SD) 

  
(SD) (SD)  

 
(SD) (SD) 

INT- T 5,41 3,55 

(0,51) 

2,50 

(1,27) 

SRS-W 4,14 3,63 

(0,60) 

2,50 

(1,56) 

SRS-T 1,1 2,00 

(1,73) 

1,11 

(1,43) 

SRS-T 3,85 1,95 

(1,40) 

1,11 

(1,43) 

INT-W -1,06 3,00 

(0,00) 

3,14 

(0,73) 

INT-T 0,7 3,00 

(0,00) 

2,50 

(1,27) 

INT-W 3,65 3,55 

(0,51) 

3,14 

(0,73) 

SRS-T -4,44 0,00 

(0,00) 

1,11 

(1,43) 

SRS-W -2,84 0,00 

(0,00) 

2,50 

(1,56) 

SRS-W -2,67 1,86 

(1,49) 

2,50 

(1,56) 

INT-T -5,82 1,21 

(0,63) 

2,50 

(1,27) 

INT-W -5,16 1,00 

(0,00) 

3,14 

(0,73) 

Note. SRS= scientific reasoning skills, INT= interaction, W=Willie, T= Tyler. 
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In the case of John and Ivan, three clusters with a different were identified 

structure (see Table 5). Cluster 1 contains more than half of the observations (60%) 

whereas clusters 2 and 3 contain a small proportion (23.5% and 17.6% respectively). 

Cluster 1 shows relatively high levels of interaction and moderate to low levels of SRS 

for both John and Ivan. Cluster 2 shows moderately low levels (Ivan) and very low 

levels (John) of SRS and interaction, while Cluster 3 show low levels of SRS (Ivan) and 

interaction (John and Ivan) with moderate levels of SRS (John). Here, the clustering 

pattern showed a coupling behavior between children instead of alternation: both 

children presented similar levels of interaction and SRS. 

Table 5 

HAC analysis of the dyad John and Ivan 

Cluster 1 Cluster 2 Cluster 3 

Observations [58.8 %] 
n=10 

Observations [23.5 %] 
n=4 

Observations [17.6 %] 
n=3 

Type Test Group Overall Type Test Group Overall Type Test Group Overall 

Variab. Value Mean Mean Variab. Value Mean Mean Variab. Value Mean Mean 

  
(SD) (SD) 

  
(SD) (SD)  

 
(SD) (SD) 

INT-J 2.51 3.00 

(0.00) 

2.41 

(1.12) 

INT-I 0.95 3.00 

(0.00) 

2.71 

(0.69) 

SRS-J 1.13 3.00 

(1.00) 

2.35 

(1.06) 

INT-I 2.05 3.00 

(0.00) 

2.71 

(0.69) 

SRS-I 0.41 2.50 

(1.00) 

2.29 

(1.10) 

INT-J 0.97 3.00 

(0.00) 

2.41 

(1.12) 

SRS-I 1.76 2.70 

(0.82) 

2.29 

(1.10) 

SRS-J -2.84 1.00 

(0.00) 

2.35 

(1.06) 

SRS-I -2.73 0.67 

(0.58) 

2.29 

(1.10) 

SRS-J 1.57 2.70 

(0.82) 

2.35 

(1.06) 

INT-J -3.78 0.50 

(0.58) 

2.41 

(1.12) 

INT-I -3.7 1.33 

(0.58) 

2.71 

(0.69) 

Note. SRS= scientific reasoning skills, INT= interaction, J= John, I = Ivan. 

In summary, the clusters identified the principal relations between the 

trajectories of the dyads. For instance, at certain moments the children present a 

similar level of interaction and SRS (e.g. cluster 1 and 3 - dyad of John and Ivan) while 

in other moments, a child presents an opposite level of behavior than its partner (e.g. 

cluster 1- dyad of Willie and Tyler), or the child presents a combination of matching 

the same level of his partner for one behavior but not for the other (e.g. cluster 2- 

dyad of Willie and Tyler). 
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4.  Discussion 

In this article, we have demonstrated the use of three techniques (time-series 

graphs, transition matrices and HAC), with the aim of analyzing the behavioral data in 

a temporal frame in which we describe the moment-to-moment variability. We 

examined the types of interactions and the use of SRS in dyads of young child in a 

problem-solving session. The current findings zoom in on children’s real time 

performance revealing diverse paths in the intra- and inter-individual trajectories.  

These results demonstrate that when the analysis of this type of variability is 

included, new information is obtained, such as the co-emergence between variables 

and the type of patterns across data series. In contrast to the traditional procedures to 

study psychological phenomena with a single measure, the three illustrated 

techniques require zooming in on the micro timescale of behavior, and thus require 

coding data in a very detailed way to capture the variability of the behaviors. The 

process analyses provide insights about the transactions of behavior in real time. For 

instance, the short-term analysis showed two patterns of dyadic interactions 

(connected and independent) revealing the presence of different levels of coupling 

behaviors of the two dyads.  For the SRS, we found that the dyad presenting a tight 

coupling (connected) showed higher variability in the use of SRS, while the dyad  in 

which the coupling behavior was not clearly identified, presented an homogeneous 

performance in the use of SRS. However, the intra-individual trajectories showed that 

the children presented their own pattern in the relation of types of interaction and 

SRS. The intra- and inter-individual trajectories show that the patterns of interaction 

and SRS of the dyads are idiosyncratic (Molenaar & Campbell, 2009). The evidence 

from the transition diagrams, the hierarchical cluster analysis and the time serial 

correlations showed that the differences between the two dyads are of a qualitative 

nature. Although some dyads can present the same amount of interactions and SRS, 

their trajectories have variations in their temporal emergence and in the qualitative 

nature of their interactions. 

The value of the techniques that were demonstrated in this paper lies in 

approaching processes in real-time characterizing the variable nature of development 

in micro and macro levels with microgenetic observations that enable researchers to 

reveal the emergence of patterns that otherwise would remain unnoticed. Therefore, 

the contribution of these techniques to the toolkit of the developmental psychologist 

is that they offer integrative temporal analysis of qualitatively different variables (in 

this case interaction and SRS). Although the analyses are descriptive, the repeated 

measures can be included in multivariate analyses with bigger samples, which would 
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do a greater justice to the richness of the variability and the dynamic of the underlying 

processes. Moreover, the quantitative nature of the individual cases allows us to test 

the differences within and between persons statistically, for instance by means of 

permutation techniques (see van Geert, Steenbeek & Kunnen, 2012). The techniques 

can be applied to many different datasets, from a micro or macro perspective, and 

complement the use of content analysis. Although we still need a sufficient number of 

individual case studies for making generalizations about the population level  

(Molenaar & Campbell, 2009), our findings are very appropriate for start addressing 

developmental questions such as: “how do dyadic interaction patterns support 

learning process or the emergency of particular reasoning skills?”, and “How does the 

interaction of dyads cope in real time during learning activities?”. In addition, 

researchers should take into consideration that if development is in fact highly 

idiosyncratic, as we have argued above, group averages do not reflect the (majority of) 

the population. Future researchers can combine the described techniques with the 

State Space Grids (SSG), a dynamic systems technique (Hollenstein, 2013; Lewis, 

Lamey, & Douglas, 1999) to identify possible dyadic patterns in longer trajectories of 

interactions and the connection between the short-term and long-term patterns (e.g. 

van Dijk, Hunnius & van Geert, 2012). 

 As regards educational implications, our findings on the quantitatively different 

patterns between dyads support the idea that we must be aware that the gain of 

knowledge during dyadic interaction can take different forms. Moreover, it is 

important to recognize that the individual variations are not random but constitute 

patterns that can be similar between groups of individuals. For future research, it is 

important to relate the microdevelopmental patterns of interaction and reasoning 

with the development on the long-term. For instance, this relationship can be used to 

investigate whether one type of interaction is related with a complex type of SRS or 

whether dyads of children solving problems present a predominant pattern of dyadic 

interaction in the long-term. In addition, it is important to know how the interaction of 

the children   ̶ as a dyad  ̶ changes over time in terms of their contribution to solve the 

tasks.  The integration of these microanalyses with more global measures of change is 

important to get a better understanding of the interaction and reasoning process at 

different levels of relations (e.g. parent -child, teacher- child, small groups) in natural 

contexts of learning and development (e.g. Cox & van Dijk, 2013; Kupers, van Dijk, & 

van Geert, 2015). 

 

 


