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Strand 20: Methods and Methodological Aspects in Science 
Education Research 

Adrienne L. Traxler¹ and Kason Ka Ching Cheung2 
1University of Copenhagen, Denmark 

2The Education University of Hong Kong, China 

Foreword 
The strand Methods and Methodological Aspects in Science Education Research (or informally, 
“the methodology strand”) is a slim but important part of the ESERA conference. Other strands 
employ a rich array of techniques and arguments in their studies, but for this strand, the primary 
focus is on the methods. Authors may use their work to showcase a methodological advance, to 
promote an existing technique to the community, or to invite critical discussion of their analysis 
structure and choices. Method is the key focus of this theme, while it can be integrated into a 
range of science education contexts set up in other themes. 

In this year’s proceedings, the methodology strand has two chapters. The first, by Sundstrom and 
collaborators, uses temporal exponential random graph models to quantify the existence and 
growth of structure in student collaboration networks in university science courses. The second, 
by El Karkri and collaborators, uses a Solomon Four-Group Design to probe for the effect of pre-
test sensitisation in secondary school science courses. Both studies are quantitative in focus, and 
both recommend further use of their tools in the science education research community. Temporal 
network models allow for the adaptation of popular pretest/post-test designs to incorporate 
network effects, and the Solomon Four-Group Design gives principled attention to the often-
neglected question of pretest effects that may damage the precision or reliability of findings.  

Integrating advanced methodology and data analyses make an important contribution to science 
education issues. We envisage that these advanced methodological considerations will gain 
increasing attention among researchers who work in different issues and disciplines in science 
education. For instance, the temporal exponential random graph models, which show student 
networks in physics education research in this conference proceeding, will interest researchers in 
chemistry and biology education.  The Solomon Four-Group Design, which attends to students’ 
scientific reasoning in different experimental conditions in this proceeding, will interest scholars 
working on experimental design that advances students’ nature of science and scientific practices. 
We believe that papers in this strand will extend our discussion on how to advance science 
education using methods. In the future, science education researchers will continually derive 
methodological frameworks based on the designs discussed in the two chapters. We thank the 
authors for their work, and look forward to the next stage in the conversation of methodological 
advances and practices in the field of science education research.  
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Measuring Classroom Network Dynamics with Temporal 
Exponential Random Graph Models 

Meagan Sundstrom1, Adrienne Traxler2 and Eric Brewe1 
1Drexel University, United States of America 

2University of Copenhagen, Denmark 

Interacting with peers has been shown to positively correlate with undergraduate science 
students’ performance and sense of belonging. Correspondingly, a growing number of physics 
education research studies have examined patterns of peer interactions using social network 
analysis. Time-dependent student networks are of particular interest, as they illuminate the ways 
in which student communities form. Existing studies of time-dependent student networks, 
however, rely on descriptive measures and/or simple statistical tests that do not account for other 
variables that may explain classroom network dynamics. In this study, therefore, we demonstrate 
the use of temporal exponential random graph models (TERGMs), a form of multiple regression 
for time-dependent network data. We apply TERGMs to pre- and post-semester peer interaction 
networks from two introductory physics courses in the United States taught using different active 
learning pedagogies: Peer Instruction (i.e., small groups of students answer poll questions during 
lecture) and SCALE-UP (i.e., small groups of students work on problem solving and laboratory 
activities in a classroom specifically designed for group work). We find that students form 
connections with small groups of three peers in both courses. In SCALE-UP, however, students 
are also unlikely to form connections that create long chains. These results are not extractable 
from the descriptive network measures alone, suggesting that TERGMs (or other similar models) 
are necessary for measuring classroom network dynamics. 
Keywords: Network Analysis, Collaborative Learning, Pedagogy 

Introduction 
According to the participationist framework, learning occurs as people engage with their 
surrounding community (Packer & Goicoechea, 2000). Collaborating with others allows for 
learners to revise upon their own thinking and co-construct understanding. In university-level 
physics classrooms in particular, researchers have demonstrated that social interactions with peers 
positively correlate with student outcomes such as academic performance, attitudes, and 
persistence (Bruun & Brewe, 2013; Dou et al., 2016; Zwolak et al., 2017). 

Social network analysis (SNA) is an increasingly popular tool for analyzing peer interactions 
among physics education researchers (Grunspan et al., 2014). Many SNA studies administer a 
network survey to students, asking which peers they interact with about their physics course, at 
one point in time and use a combination of descriptive statistics, regression methods, and 
exponential random graph models (ERGMs) to make claims about patterns in the resulting 
interaction network (Bruun & Brewe, 2013; Commeford et al., 2019; Sundstrom et al., 2022b; 
Crossette et al., 2023; Pulgar et al., 2023). Other SNA studies examine how student interaction 
networks evolve over time by administering several network surveys throughout a physics course 
and analyzing changes in the resulting networks (Brewe et al., 2010; Bruun & Bearden, 2014; 
Commeford et al., 2021; Sundstrom et al., 2022a, Wolf et al., 2022). Such “time-dependent” 
student networks illuminate the ways in which student communities develop in a classroom and 
how classroom instruction may impact student network development.  

The existing studies of time-dependent student networks, however, have exclusively relied on 
descriptive statistics (e.g., network density) and/or simple statistical tests (e.g., t-tests) to make 
claims. These methods are limited because they do not allow for hypothesis testing: they measure 
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the effect of one variable at a time without accounting for other variables that may explain why 
networks change over time. More sophisticated tools, therefore, are necessary to make more 
nuanced claims about time-dependent student networks. 

In this study, we expand upon the SNA methods that have been applied in physics education 
research to meet the methodological needs of time-dependent networks described above. We use 
temporal exponential random graph models (TERGMs)–a form of multiple regression for time-
dependent network data–to measure network dynamics in two university-level, introductory 
physics courses taught using different active learning pedagogies. We aim to address the 
following research question: What types of peer interaction network structures form in different 
active learning environments in physics? 

Methods 
Data Collection 

We use data from two courses at different institutions in the United States that were collected as 
part of a prior research project (Commeford et al., 2021). The first was an introductory physics 
course at Drexel University containing 116 students. The course contained one combined lecture 
section and several smaller laboratory and recitation sections. The lecture component was taught 
in a large lecture hall using “Peer Instruction,” where the instructor asked students to discuss and 
respond to clicker questions. The second was an introductory physics course at North Dakota 
State University containing 71 students. The course was taught using the “SCALE-UP” 
pedagogy, where all students were in one course section that blended lecture, laboratory, and 
recitation activities. The course took place in a large room designed for group work: there were 
several round tables where students sat, and whiteboards were placed along the perimeter of the 
room. 

In each course, the instructor administered an online network survey at the beginning and end of 
the semester. Students responded to the following prompt: “Please choose from the list of people 
that are enrolled in your physics class the names of any other student with whom you had a 
meaningful interaction in class during the past week, even if you were not the main person 
speaking.” Below the prompt was an alphabetized course roster with associated check boxes, 
from which students could select as many names as they wanted. For the Peer Instruction course, 
the pre- and post-survey had response rates of 42% and 58% of enrolled students, respectively. 
For the SCALE-UP course, the pre- and post-survey had response rates of 70% and 66% of 
enrolled students, respectively. Responses made by students who did not consent to participating 
in the research were excluded from our analysis. 

Data Analysis 

We created undirected networks using the survey responses, with nodes representing students and 
edges representing a reported interaction between two students (regardless of which student 
reported the interaction on the survey), to reduce possible impacts of missing data due to non-
respondents. We calculated several descriptive measures for each network, as in prior work 
(Commeford et al., 2021), to characterize its structure: 

• Density: the proportion of all possible edges in the network that we observed 
• Transitivity: the number of two-paths (e.g., student A is connected to student B and 

student B is connected to student C) that are closed (e.g., students A and C are connected) 
• Giant component: the number of nodes that are contained in the largest connected cluster 

of nodes. 
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We then applied TERGMs to the data to measure whether different network structures (e.g., 
transitivity) are more (or less) likely to form in our observed post-semester networks than we 
would expect if the pre-semester networks evolved randomly. We used separable TERGMs in 
particular, as they model two distinct processes of network evolution: (1) formation–the tendency 
for new edges to form over time and (2) persistence–the tendency for edges formed early on to 
remain in the network over time (Krivitsky & Handcock, 2014). In line with our research goal of 
identifying the types of network structures that form in active learning classrooms, we only 
examine the formation process in this study.  

Table 1. Predictor variables included in TERGMs. 

Variable Description R syntax 

Edges The number of edges in the observed network. edges 

Chains The number of two-paths (e.g., student A is connected 
to student B and student B is connected to student C) 
that are open (e.g., students A and C are not connected). 

gwdsp(decay=0.5, 
fixed=TRUE) 

Transitivity The number of two-paths (e.g., student A is connected 
to student B and student B is connected to student C) 
that are closed (e.g., students A and C are connected). 

 

gwesp(decay=0.5, 
fixed=TRUE) 

Degree 
Distribution 

The distribution of the number of edges connected to 
each node. 

gwdegree(decay=0.5, 
fixed=TRUE) 

 

We ran one TERGM for each of the two courses using the predictor variables listed in Table 1 
and the “tergm” package in R. We included these particular variables because we expected them 
to vary between the Peer Instruction and SCALE-UP classrooms based on prior work 
(Commeford et al., 2019; Commeford et al., 2021). For example, we expected that chains would 
be more likely to form in Peer Instruction classes, as students typically sit in long rows of chairs 
in stadium style lecture halls, than in SCALE-UP classes, where students work in small groups 
at a round table.  

Both models exhibited sufficient goodness-of-fit: the observed networks and a set of networks 
simulated from the resulting models had similar structural properties (Hunter et. al., 2008). 

Results 
Figures 1 and 2 show the pre- and post- semester networks for the Peer Instruction and SCALE-
UP courses, respectively. Table 2 contains descriptive measures for each network. The Peer 
Instruction network does not appear to change much over time. In both networks for this course, 
the majority of students are connected in the giant component, which contains a combination of 
chains and closed triangles. Quantitatively, the density and transitivity values are similar for the 
pre- and post-networks. The SCALE-UP pre-network contains some isolated small groups of 
students and a few edges that bridge together these groups. The SCALE-UP post-network, on the 
other hand, contains more edges (the density increases) and more strongly connected small groups 
(the transitivity increases) than the pre-network. 
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Figure 3 and Table 3 show the coefficient estimates for the TERGMs applied to the observed 
networks. Odds ratios that are greater (less) than one and significant indicate that the network 
structure represented by the predictor variable is more (less) likely to form in our observed 
network than we would expect if the pre-network evolved randomly. 

Figure 1. Pre- (left) and post- (right) peer interaction networks for an introductory physics 
course taught using Peer Instruction. Nodes represent students and edges represent self-
reported, in-class peer interactions. 

   
Figure 2. Pre- (left) and post- (right) peer interaction networks for an introductory physics 
course taught using SCALE-UP. Nodes represent students and edges represent self-
reported, in-class peer interactions. 

   
 

Table 2. Descriptive measures for the four networks. 

 Peer Instruction SCALE-UP 

 Pre Post Pre Post 

Nodes 116 116 71 71 

Edges 135 159 71 176 

Density 0.020 0.024 0.029 0.071 

Transitivity 0.209 0.231 0.327 0.517 

Giant component 67 80 34 58 
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In the Peer Instruction course, the only significant effect is transitivity: edges forming closed 
triangles are significantly more likely to form in our observed network than we would expect at 
random. Notably, this result is after controlling for the other effects included in the model and 
despite the raw transitivity values of the pre- and post-networks being similar (Table 2). The non-
significant effect of degree distribution means that edges are not more likely to form if they create 
either a highly skewed degree distribution (i.e., with many students having few connections and 
a few students having many connections) or a very uniform degree distribution (i.e., with all 
students having a similar number of connections). 

In the SCALE-UP course, we find that chains are significantly less like to form than we would 
expect at random and that edges that form closed triangles are significantly more likely to form 
than we would expect at random. Similar to the Peer Instruction course, we find no significant 
effect of degree distribution.  

Figure 3. Coefficient estimates for TERGMs. Error bars represent 95% confidence 
intervals and asterisks indicate statistical significance (***p < 0.001). 

Table 3. Coefficient estimates for TERGMs. SE indicates standard error and asterisks 
indicate statistical significance (***p < 0.001). 

 Peer Instruction SCALE-UP 

 Log-odds SE Odds 
ratio 

Log-odds SE Odds 
ratio 

Edges -3.872*** 0.653 0.021 -2.454*** 0.559 0.086 

Chains -0.117 0.083 0.890 -0.392*** 0.056 0.676 

Transitivity 0.584*** 0.133 1.793 1.343*** 0.175 3.831 

Degree Distribution -1.033 0.548 0.356 -0.035 0.543 0.966 

Discussion and Conclusion 
We have characterized the dynamics of student networks using a statistical tool not yet applied 
in physics education research: temporal exponential random graph models. Results indicate 
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structural differences in the types of connections students form with their peers in two 
introductory physics courses taught using different active learning pedagogies. In a Peer 
Instruction course, students form connections with small groups of three peers. In a SCALE-UP 
course, students also form small group of three peers, but they are unlikely to form connections 
that create open chains.  

We recommend for other education researchers to use TERGMs or similar models (e.g., 
stochastic actor-oriented models) when conducting time-dependent network studies, moving 
beyond descriptive and/or simple statistical approaches. In this study, for example, we found that 
after controlling for other effects in the model, some changes in network structure identified in 
the TERGMs differed from the descriptive statistics alone. 
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The Critical Role of Pre-test Sensitisation and the Solomon 
Four-Group Design in Science Education Research:  

A Transition From Uncertainty to Necessity 

Mourad El Karkri, Antonio Quesada, and Marta Romero-Ariza 
University of Jaén, Spain 

Pre-test sensitisation (PS) is a critical concern in science education research, as it can influence 
participants' responses to interventions and potentially distort study outcomes. When students 
are pretested, they might gain insights or knowledge that allow them to answer correctly during 
subsequent assessments, thereby affecting the validity of the results (Pan & Carpenter, 2023). 
Two studies, undertaken a Spanish-Moroccan team of researchers, were conducted in secondary 
schools over two consecutive academic years (2021–2022 and 2022–2023), both utilising the 
Solomon Four-Group Design (SFGD) as a tool to detect PS (Campbell & Stanley, 1966; 
Solomon, 1949). Despite this shared framework, a notable divergence emerged in the results: the 
first study revealed no evidence of PS, while the second clearly shows sensitization. This 
difference led to new considerations and perspectives, raising essential questions about the role 
of PS in science education research. Should it be regarded as a prestigious methodological 
element, or is its inclusion always necessary? These findings challenge established perceptions 
and highlight the need for a critical reflect on the methodological significance of PS. 

Keywords: Pre-test sensitisation, Solomon Four-Group Design, Quasi-experimental studies. 

Theoretical Background  
Numerous studies across different fields provide evidence supporting the presence of PS, 
demonstrating its impact on learning processes, attitudes, mental health interventions, and 
behavioural intentions (Hoogstraten, 1980; Lana & King, 1960; Spence et al., 2009; Spirito et al., 
1988; Swanborn & De Glopper, 1999). 

Conversely, many studies have reported the absence of PS, showing no significant effects on 
attitude change, behavioural measures, family interaction patterns, self-efficacy, or stress 
management scores (Jordaan et al., 2018; Kazdin, 1973; Lana, 1959; Parsons & Alexander, 1973; 
Rosa-Castillo et al., 2023; Rubel et al., 2010; Spence & Blanchard, 2001). 

A nuanced perspective on pre-testing is offered by Hollins et al. (2023), who challenged the 
assumption that pre-testing universally enhances memory. Their findings suggest that pre-testing 
benefits are limited to specific guessed information, providing a more detailed understanding of 
its role in memory. Similarly, Pan & Carpenter (2023) demonstrated that the pre-questioning or 
pre-testing effect can enhance learning, even when initial tests include incorrect answers, through 
the use of various educational materials. 

Taken together, these studies illustrate that while PS may not always manifest, its potential to 
influence participant responses remains substantial. This is particularly relevant in contexts where 
pre-tests and post-tests share identical formats, differing only in content and numerical 
measurements. Although the evidence does not provide definitive conclusions, it strongly 
indicates that PS is a plausible factor warranting careful consideration in research design and 
interpretation. 

 

 



 1779 
Research Questions  

This study seeks to address two interrelated questions concerning the phenomenon of PS in 
science education research through two implementations conducted in different secondary 
schools. First, it investigates whether PS might occur in science education contexts, examining 
its potential influence on research outcomes. Second, it explores whether PS should be considered 
as another aspect while research design, something that must be considered and accounted for, 
whenever possible to ensure methodological rigour. 

Research Design And Methods 
The Solomon Four-Group Design (SFGD) received its name from Richard Lester Solomon (born 
in 1918, passed away in 1995) and consists of four different groups of participants, each subjected 
to a different experimental condition, as outlined in Table 1:  

Table 1: Structure of the Solomon four-group design (Campbell & Stanley, 1966). 

Groups Assignment Pre-test  Treatment Post-test  

Group 1 (Experimental & Pretested) Randomly O1 Yes O2 

Group 2 (Control & Pretested) Randomly O3 No O4 

Group 3 (Experimental and Non-Pretested) Randomly  Yes O5 

Group 4 (Control and Non-Pretested) Randomly  No O6 

The treatment in both studies was planned as five sessions focusing on getting students familiar 
with reason patterns related to making a fair test with variable control. These lessons were 
inspired by those offered within the Cognitive Acceleration through Science Education, a broadly 
implemented program in various countries across Europe, America, Australia, and Asia (Adey et 
al., 2004). The pre-test and post-test used in the studies were composed of 10 questions extracted 
from activities, examples, and applications from CASE program, designed to be completed within 
1 hour. 

Findings And Interpretation 

Tables 2 and 3 present the SFGD for each study. Table 2 features a larger number of participants 
with a more balanced distribution across the four groups compared to Table 3. This difference 
arises from the availability of the study samples. 

Despite the less balanced sample in the second study, normality was verified before proceeding 
with parametric analysis, using IBM SPSS Statistics (version 26). The Shapiro-Wilk test 
confirmed normality in Study 1 for both the treated group (p = 0.469) and the untreated group (p 
= 0.240). Similarly, in Study 2, it indicated normality for the treated group (p = 0.496) and the 
untreated group (p = 0.254), supporting the assumption of normality and the use of parametric 
methods. 
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To visualise the interaction between the variables, we generated Two-Way ANOVA interaction 
plots, which are not commonly used or shown in comparable studies. In this approach, the 
quantitative variable Post-test Scores were set as the dependent variable, while the two qualitative 
variables, Pre-test Scores and Treatment, were assigned as fixed factors. This method produced 
the two interaction graphs displayed below (Figures 1 & 2), illustrating the effects of pre-testing 
and treatment on the Post-test Scores. 

Figure 1. Interaction between pre-testing 
and treatment on post-test scores in study 
1 (2023). 

 

Figure 2. Interaction between pre-testing 
and treatment on post-test scores in study 2 
(2022). 

 

 
Before giving interpretation of plots, some details need to be clarified. A line in an interaction 
plot does not represent a mathematical function. Instead, it is a visualization of group averages 
calculated from a statistical model. Each line connects these averages to make trends easier to 
interpret. The end points of the line correspond to the estimated marginal means for each 
condition, providing a clear summary of the data for different groups. 

Each line shows how the dependent variable (Post-test Scores) changes with the independent 
variable (Pre-test Scores) for a specific group (Treated or Untreated). The lines connect estimated 

Table 2. Distribution and composition 
of the Solomon four-group design in 
the 2023 Study. 

Groups Frequency Percentage 

Experimental 1 31 25 % 

Control 1 23 18 % 

Experimental 2 38 30 % 

Control 2 34 27 % 

Total 126 100 % 

 

Table 3. Distribution and composition 
of the Solomon four-group design in the 
2022 study. 

Groups Frequency Percentage 

Experimental 1 9 10 % 

Control 1 25 29 % 

Experimental 2 17 19 % 

Control 2 37 42% 

Total 88 100 % 
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marginal means from the statistical model and are straight, reflecting assumed linear 
relationships. This simplifies group comparisons and emphasizes trends, even if real-world 
relationships are not strictly linear. 

When lines in an interaction plot intersect, it means there is an interaction effect between 
variables. The effect of the treatment on the outcome depends on the condition of another variable 
(pre-test). Crossing lines show that the effect changes or reverses between conditions, while 
parallel lines indicate no interaction, meaning the effect is consistent across all conditions. 

Based on these reflections, In Study 1 (Figure 1), the lines are nearly parallel (in general, no 
intersection), indicating that there is no interaction between pre-testing and treatment. This shows 
that treatment effects were consistent and unaffected by pre-testing. 

In contrast, in Study 2 (Figure 2), the lines are non-parallel (in general, they intersect), indicating 
a significant interaction between pre-testing and treatment. This demonstrates how pre-testing 
influenced treatment outcomes, highlighting the variability of PS effects. 

Future Directions In Adoption  
By repeating the same experiment with the SFGD, we gain a broader perspective on the 
phenomenon of PS itself. This repetition allows us to determine whether PS consistently occurs, 
consistently does not occur, or varies depending on specific conditions. If the findings suggest 
variability, it implies that PS cannot be generalised across studies. Consequently, this variability 
underscores the necessity of accounting for PS in every research design to ensure methodological 
rigour and accurate interpretation of results. 

Historically, the Pre-test-Post-test Control Group Design, now viewed as a fundamental element 
of the "traditional" or "usual" approach to two-group experimental studies, was once considered 
a prestigious and innovative methodology (Huck & McLean, 1975). Similarly, the Solomon Four-
Group Design, often described as prestigious due to its ability to detect and account for PS, 
deserves a reassessment of its role in educational research.  

It is time to recognise this design not just as a specialised tool for select studies but as an essential 
approach for designing and conducting experiments in education. Adopting the Solomon Design 
as a standard methodology could significantly enhance the precision and reliability of findings, 
especially in contexts where the effects of pre-testing cannot be ignored. 

The absence of PS, as observed in Study 1 does not imply that researchers should revert to the 
usual two-group design of. Instead, it may encourage the adoption of a more rigorous approach, 
such as parametric analysis and meta-analysis, as proposed by Braver & Braver (1988). However, 
this lack of PS should not lead to a disregard for the Solomon Four-Group Design. Despite its 
perceived complexity, this design remains invaluable, particularly in fields like educational 
research, where the influence of PS should not be overlooked. 

Reflections Following Conference Feedback 
In light of the notes and discussion generated by attendees during the presentation of this work at 
the ESERA Copenhagen 2025 conference, it became clear that the topic of pre-test sensitisation 
(PS) continues to raise important methodological questions in science education research. The 
central purpose of the present article is therefore to foreground the significance, and in some 
contexts the practical necessity, of considering PS when designing and interpreting experimental 
or quasi-experimental interventions. Even when PS is not consistently observed across studies, 
its potential to shape participants’ responses can influence the magnitude and interpretation of 
treatment effects. For this reason, the article argues that PS should not be treated as a marginal 
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issue, but rather as a plausible source of variation that warrants explicit attention whenever 
research conditions make it possible. 

The discussion with attendees also brought out a practical question that many researchers face, 
which is how the analysis should proceed when a study includes a pretest, when it does not, or 
when it includes both conditions, as in the Solomon Four-Group Design. Put simply, attendees 
wanted to know what changes in the analytic strategy from one situation to another, and how to 
choose the most appropriate route for estimating treatment effects without drawing conclusions 
that the design cannot support. This ambiguity was subsequently addressed more extensively in 
a methodological contribution published in Review of Education (El Karkri, Quesada, & Romero‐
Ariza, 2025a), where the procedures and decision steps are clarified in a systematic manner, 
including guidance on how to proceed under the presence or absence of PS and how to select 
appropriate analyses for different types of outcome variables. 

Attendees also commented on the uneven distribution of participants across groups in Study 2 
(Table 3). The concern was not only about balance in principle, but about what such imbalance 
might mean for statistical power, the reliability of estimates, and the interpretation of the 
interaction term. Rather than treating this as a minor limitation, it was used to sharpen the 
methodological discussion and to explain more clearly how these issues can be handled and 
reported transparently. This line of critique was taken forward in a later empirical paper published 
in Brain Sciences (El Karkri, Quesada, & Romero-Ariza, 2025b), which examines the second 
study in greater depth and discusses its implications in a more detailed way. Taken together, the 
conference feedback and the follow-up publications help to clarify why PS deserves attention, 
how it can be analysed carefully, and how design-related concerns can be strengthened through 
systematic follow-up work. It was also suggested that Table 1 should clarify the random 
allocation of participants to groups.  Attendees also noted that Table 1 should clarify the random 
allocation of participants to groups, and this has now been reflected in the revised version. 
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