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Abstract: The social aspect of education is an important part of the learning process. In this study 

two research questions were asked to explore this idea. Social network analysis provided multiple 

measures of AP Physics 1 students’ network centrality. These measures were used to predict physics 

achievement. Further, survey results measuring extroversion (EPI, alpha=.84-.94), motivation 

(PGOS, alpha=.64-.83), and self-efficacy (SOSESC, alpha=.94) were used to determine students’ 

personality characteristics. These personality results were used as moderators for the moderation 

analysis. The sample consisted of 106 students from a large, Midwestern, suburban high school 

taking AP Physics 1. Numerous centrality measures significantly correlated with physics 

achievement. Extroversion and self-efficacy increased the effect of centrality in most cases, whereas 

motivation did not change the centrality-achievement relationship. In most cases, having many, 

high quality connections was beneficial to learning physics, but personality characteristics must also 

be included in pedagogical decisions. Based on the results, teachers are strongly advised to account 

for personality and student connections when forming groups. 
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1. Introduction 

It is well-established that students learn effectively through social interaction (e.g.   

[1]). One way to estimate the degree of social interaction within a group is through social 

network analysis. Measuring interactions between individuals in a classroom for a range 

of purposes is not a new idea; for instance, authors have measured student interactions 

related to sense of community [2], self-efficacy [3], and class performance [4, 5]. Bruun 

and Brewe [5] examined the effect of student interaction on academic performance at the 

post-secondary level in math and physics classes.  

1.1. What is Social Network Theory? 

Social network theory (SNT) is a large umbrella under which many other social 

learning theories exist. SNT is related to and works in concert with Vygotsky’s 

sociocultural theory of cognitive development; from an educational perspective, SNT 

helps explain Vygotsky’s theory by examining learner interactions and the construction 

of knowledge [2].  

A social network analysis is a mathematical method of examining the social 

properties, connections, and interactions, along with the strength of these quantities 

between individuals within a group [2, 5–7]. In education, social networks have been used 

to demonstrate growth and types of student interactions [5]. It is within these interactions 

in the network that knowledge is created [8]. In short, social networks allowed researchers 

to examine the organization of a group from many perspectives, including how 

information and social norms were transferred [7, 9]. One way in to measure people’s 

How to cite this paper: 

Muehsler, H. (2023). At the center of 

it all: How personality amplifies 

centrality’s effects on physics ability. 

Open Journal of Educational Research, 

3(2), 122–134. Retrieved from 

https://www.scipublications.com/jou

rnal/index.php/ojer/article/view/661 

Academic Editor: 

Ahmed El Hashash 

Received: March 19, 2023 

Accepted: June 27, 2023 

Published: June 28, 2023 

 

Copyright: ©  2023 by the author. 

Submitted for possible open access 

publication under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license 

(http://creativecommons.org/licenses

/by/4.0/). 



Hans Muehsler 2 of 13 
 

 

interactions within a social network and ability to transfer information is through 

centrality. 

Network centrality measures the relative importance of people in a network [5]; it is 

often related to the perception of power. These measures are a quantitative facet of 

connections between people [5]. Centrality measures are the primary metrics of a social 

network which identify the most prominent, or central, individuals in the group [6]; it is 

often the people with greatest centrality who disseminate information to the group [2]. 

These people also have the most connections [7]. Centrality measures may simply count 

the connections between people or may be probabilistic in nature; regardless, all centrality 

measures describe the relative importance of a person in a network [5]. Researchers 

classify individuals’ connections or ties by their strength [6]. Further, it is assumed people 

influence each other within a network [5].  

1.2. Theoretical Framework 

 It is believed SNT is related to connectivism. Connectivism is a learning theory which 

states that knowledge is held within a network of ties and learning is the ability to gather 

and use those ties to access information [8–10]. Learning is no longer acquiring a body of 

knowledge; learning is using social ties to access needed information and assessing what 

is important to consider, process, and find patterns and connecting nodes within the 

tapped information [9, 10]. This research will use aspects of Siemens’ connectivist theory 

that intersect with social network theory, namely, knowledge is found in diverse opinions 

and learning is tapping and connecting with people and bringing this information back 

into the individual’s network, thus creating a cycle of knowledge creation [8–10].  

1.3. Literature Review 

 Being in a social network conveys many benefits to its members. If an individual is 

in a friendship network, the person increases the chances of accessing many resources and 

gathering information about tasks [11, 12]. The flow of information and social dynamic 

through central individuals maximized the benefits of the network for these people; being 

more central in a network, or greater centrality increases the effect of these benefits [11, 

12]. The more centrally located a person is in the network, the greater the access of 

information from a variety of sources [11, 12]. This is a measure of the relative importance 

of a person in a network [5]. Centrality measures how well a person is connected or 

centrally located within a network [5, 6].  

The definition of academic achievement varies by researcher. Some researchers 

emphasize the multifaceted nature of achievement, highlighting application of skills and 

transfer of knowledge [13, 14]. Other organizations underscore the need for student 

engagement [15]. However, the common theme throughout the perspectives is the need 

to demonstrate proficiency and performance in an academic area [13–15]. Academic 

achievement is the attainment of specified goals in an instructional environment [14]. 

Schools often define achievement as reaching cognitive goals or acquiring knowledge and 

understanding in a certain subject [14]. Institutions create indicators of achievement such 

as grades or performance level on an achievement test, in an effort of demonstrate the 

cognitive capacity of an individual [14]. The following themes demonstrate these 

characteristics.  

1.4. Network Centrality and Achievement 

The findings regarding the relationship of network centrality to student achievement 

is mixed. One view is that more social, centrally located students perform better 

academically. Studies have demonstrated increased centrality correlated significantly 

with better grades [6, 11, 12]. Other researchers found that only particular centrality 

metrics corresponded to student achievement measures (e.g. [5]). Likewise, students who 

were not found easily in the network earned lower grades [5]. In contrast, some authors 
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found centrality negatively impacted student success (e.g. 12). While most of the evidence 

points to network centrality as a positive predictor for student success, more research is 

needed to resolve these conflicts.  

The structure of the social network and centrality of actors influences behavior within 

the network [16, 17]. These social norms often translate into behaviors affecting academic 

behaviors and outcomes [4, 16, 18]. For instance, Bond et al [4] stated friends’ academic 

success influenced an individual’s academic success. Bond et al continued by stating high 

achieving students often were more centrally located in a network and had an influence 

academically and behaviorally on other members. However, simply being in a high 

achieving network did not increase chances for success automatically [4]. In contrast, an 

individual in a low achieving network decreased achievement [4]. In essence, student 

centrality influenced peer academic behavior.  

Research further indicated a diversity of networks with many interactions among 

constituents of the network, along with strong connections to other groups (to act as a 

broker of information), and a cohesiveness within the group contributed to increased 

academic performance [2, 6]. These characteristics of an information bridge or broker 

allowed an individual access to a great diversity of information; it is up to the bridging 

individual to determine the quality of information between sending the information 

along. 

A student’s activity within the network predicted student success. In general, 

increased activity and engagement with the network were correlated with increased 

meaning-making, resulting in increased student performance [5]. Further, students with 

many connections between groups were more active within the networks [2]. 

1.5. Personality Characteristics, Network Centrality, and Achievement 

Emotional factors play a role in achievement. Extroversion describes people who are 

highly social, talkative, dynamic, and relate well to their environment [19–21]. These 

students draw their energy from being with people and actively search for social 

connections [21]. Self-efficacy is an important factor determining learning and 

achievement [22, 23]. Self-efficacy is one’s belief in their ability to successfully accomplish 

a task; in some ways, it is similar to self-confidence [22–24]. This self-perspective is 

strongly related to science competencies [23]. Motivation is a person’s desire to learn and 

maintain their learning status [25, 26]. Motivation is also related to the student’s 

persistence, interest, approach to learning, and self-efficacy [27, 28]. Overall, motivation 

is an important predictor of school achievement, roughly at the same level as intelligence 

[29].  

The reviewed literature was mixed regarding the influence of extroversion on 

achievement. Oluwadamilare and Adekunle [19] found a significant relationship between 

extroversion and physics achievement. In contrast, O’Connor and Paunonen [30] found a 

negative relationship between extroversion and academic achievement. Finally, Kalra and 

Manani [31] did not find a significant relationship between extroversion and achievement. 

As with extroversion and achievement, the literature was mixed regarding 

extroversion and network centrality. Olguin and Gloor [32] found extroversion was 

positively correlated with certain measures of centrality centralities. In contrast, Klein et 

al’s [33] research found that extroversion did not predict centrality and Cross et al [34] 

stated the connection between personality traits such as extroversion and network 

position was a “myth.” Cross et al [34] elaborated stating that network position is 

determined by a person’s “intentional behaviors” (p. 73). 

A number of authors have researched the relationship between self-efficacy and 

network centrality. For instance, Dou et al [3] found a relationship between students’ 

network position and changes in the source of self-efficacy. In a different study, Vardaman 

et al [35] demonstrated self-efficacy’s mediating role with network centrality and 

interpretations of controllable change. Brewe et al [36] and Fencl and Scheel [37] found 
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significant relationships between self-efficacy and final grades in introductory physics 

courses. 

A number of authors have researched the relationship between motivation and 

network centrality. In one study, Li and Stone [38] found significant relationships between 

scholastic motivation and network indices as well as centrality measures. Further, the 

higher the value of a student’s centrality, the stronger the student’s academic motivation 

was [39].  

While research has been conducted regarding social network measures and 

achievement with many groups, little research was found measuring the effect of student 

interaction at the secondary level among high-achieving students in an Advanced 

Placement (AP) physics. Further, little literature was found regarding the relationship 

between student interactions and personality characteristics with physics ability. This 

study aimed to address this gap in the literature. 

To address this research gap, a set of research questions was developed. These 

questions are: 

1) Are different measures of centrality related to student ability?  

2) Is network centrality moderated by personality characteristics? 

2. Materials and Methods 

For this study, AP Physics 1 students in a large, Midwestern, affluent, suburban high 

school were sampled. In this study, 59% were male and 41% were female. Of the 158 

available students, 106 students fully participated in the study. Students identifying as 

white comprised 46%, 45% of the students identified as Asian; the remaining students 

were African-American and Latino. Further, 79% of the students were juniors, 11% were 

sophomores, and the remainder were freshmen and seniors. 

Inspired by Bruun and Brewe’s [5] research methodology, for the centrality aspect of 

the study, students were provided with a list of all participating students and asked to 

indicate which students they interacted with and how many times during the week 

regarding problem solving and conceptual discussions. The survey was administered 

through Qualtrics at approximately 10 day intervals. 

To capture the personality aspect of the students, a battery of surveys was used. First, 

a demographic survey was administered. This survey contained items related to the 

participant’s year in school, race and ethnicity, gender, previous math and science classes 

taken and the respective grades for those classes, as well as the current math class and 

present grade in the class. Other administered surveys were Eysenck’s Personality 

Inventory (EPI) to measure introversion and extroversion, the Physics Goal Orientation 

Survey (PGOS) to measure motivation, and the Sources of Self-Efficacy in Science Courses 

survey (SOSESC) to measure self-efficacy. These surveys were administered over the 

course of two weeks, as time permitted and so students did not experience fatigue 

responding to so many items in one sitting. 

Scores from the final exam were used to capture the achievement aspect of the 

students. The final exam consisted of AP Physics 1-based items. The test consisted of 21 

multiple choice items, three of which were multiple response; the multiple response items 

were discarded from the study due to their complex nature. The exam also consisted of 

three free-response items; these items were not included in the study because of the 

subjective nature in scoring.  

2.1. Reliability and Validity 

One demographic and four personality surveys were administered to participating 

students, as well as a final exam. The EPI demonstrated satisfactory test-retest reliability 

with alpha between .84 and .94 [40]. Eysenck [40] identified three factors and Chapman 

[41] found significant correlations between the identified subscales. Further, Chapman 

[41] used factor analysis to find 6 facets for the extroversion scale to demonstrate construct 
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validity. Eysenck [40] also stated the EPI was closely related to the MPI demonstrating 

convergent validity. To add further validation to the EPI, comparisons were made 

between independent judges’ reviews of known extroverts and the results from the scale 

[40]. The SOSESC is a 33-item inventory in which students rated their confidence 

regarding physics classroom situations on a 5-point Likert scale [37]. Estimated reliability 

for alpha ranged from .68 to .8 for each subscale and .94 for the entire inventory [37]. The 

SOSESC underwent expert review to demonstrate content validity and a CFA was 

performed to ensure the categories of items aligned with the way students felt about the 

questions for construct validity [37]. The PGOS is a 19-item survey intended to take less 

than five minutes to administer. Lindstrøm and Sharma [42] reported values of 

Cronbach’s alpha ranging from .64 to .83. The authors used CFA and stated a sufficient 

number of items with loadings greater than or equal to .6 were present, meeting Streiner’s 

[43] requirements. Overall, four stable factors were identified, with expected and 

acceptable loadings, demonstrating construct validity [42]. The PGOS underwent cross-

validation with student interviews from focus groups, as well as expert review for content 

validity [42]. 

For the 18 multiple choice items on the final exam, the items were in two primary 

constructs. Cronbach’s alpha for each construct was found to be .489 and .581. Item 

difficulty ranged from .3 to .9 and point biserial correlations ranged from .23 to .51. 

Although alpha was low, previous research has shown an alpha above .5 or near .6 may 

have acceptable reliability in social science and educational research [44, 45]. Further, a 

low alpha may be an artifact of a smaller sample size [46]. The exam items were created 

and agreed upon by subject matter experts; however, a CFA was not performed due to 

the small number of participants. 

IRT scaled scores from the exam were used as the dependent variable. IRT scaled 

scores were estimated by the item characteristic curve; this curve predicts the probability 

of a correct answer by the participants’ ability and the item difficulty [47]. 

2.2. Measures of Social Networks 

Many measures of social networks exist. One of the most common measures for 

individuals is centrality. A person who is more central or involved has many ties or 

connections [7]. Centrality comes in a variety of measures. The first, and the simplest, is 

degree centrality. Degree centrality is a measure of how well a node is directly connected 

to other nodes, the activity of the person or node, and the person’s importance in the 

network [6, 7, 48]. This measure of centrality is useful for finding well-connected or 

popular individuals who may hold the most information or who could find out 

information easily [48].  

Betweenness centrality is how many times an individual connects pairs of other 

individuals [6]. Betweenness is useful for identifying people who influence the flow of 

information in a network and quantifies how often a node acts as a bridge for the shortest 

path between two other nodes [48]. Each connection is of equal weight and 

communications flow along the shortest path [7].  

Closeness centrality indicates how connected an individual is to the entire network, 

connecting to others through a small number of paths [2, 6]. People with high levels of 

closeness can quickly interact with other people and may be more effective and efficient 

at disseminating information to others [7]. 

Eigenvector centrality is a measure of the node’s influence based on the number of 

connections to other nodes and also accounts for the connections’ links; eigenvector 

centrality finds people with influence over the entire network [48]. Eigenvector centrality 

is a good “all-around” network scoring mechanism, according to Disney [48]. 

A number of other measures of centrality also exist. Information centrality also is 

based on betweenness centrality and is similar to eigenvector and degree centrality, 

although it is a measure of closeness [7]. It focuses on information from all paths beginning 
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on a specific person [7]. Power centrality considers a person’s power as a function of the 

connections’ or alters’ power [49]. Stress centrality is similar to other measures of 

centrality in that it measures the potential ability of a node to control the flow of 

information in a network based on the shortest paths through the person in question [50]. 

PageRank centrality is similar to eigenvector centrality in which a person’s local 

connections and the connections’ ties determine the score for the node [5, 48].  

Finally, clustering measures the amount nodes cluster in a network [51]. The local 

clustering coefficient measures how close a node and its neighbors are to forming a clique 

[51]. This measure is found by comparing the number of actual ties to a node to the 

number of possible ties [51].  

To assess the personality dimensions using the surveys, the survey instructions were 

followed. Generally, this amounted to summing scores across responses for each 

participant. Prior to data collection, IRB approval was sought and gained (NIU IRB 

approval protocol number HS22-0193) 

2.3. Analysis 

After data were collected from each of the surveys and the final exam, the data were 

screened for missing data, outliers, and unusual values. If participants had more than 5% 

missing responses on a survey, their responses were discarded [52]. After these cases were 

removed, 106 cases remained. For the remaining cases, missing values were imputed 

using the “mice” [53] package for R [54].  

Student connection information was used in the Social Network Analysis and 

Visualizer (SocNetV) application [55]. SocNetV is free, open-source software that 

calculates numerous properties of the entire network and for the individuals in the 

network. Because some cooperating teachers administered the network surveys only 

once, the ties were unweighted and the ties were considered reciprocal, as was true in 

over 80% of the cases. It is acknowledged that some information was lost in “flattening” 

the data, however. 

Once the students’ centrality measures were calculated, personality scores for each 

survey were calculated according to their respective manual’s directions. The centrality 

measures, personality scores, and demographic information were imported into SPSS v. 

26 [56].  

Next, simple linear regressions of IRT scores on each of the centrality measures and 

personality characteristics scores were computed. Moderation analyses also were 

performed to examine the effect of personality characteristics on the regression. To 

examine differences between areas in the spread of the independent variable, cutoff 

values were set at -1, 0, and 1 standard deviations. The moderation analyses were 

performed using the PROCESS macro [57]. The variables in the moderation analyses were 

grand-mean centered.  

3. Results 

First, the raw network data between the conceptual and problem solving was 

examined. No major differences between the two sets of raw data were found when 

comparing ties between students; less than 3% of the ties were different between the two 

sets of data. Comparisons were made by aligning the students between each set of data 

and determining if the value of the two sets of intersections were identical. Further, the 

data was “flattened” and assumed reciprocated for this study, becoming a 1 or a 0 

representing a connection or no connection. For this reason, only the conceptual set of 

network of data was considered for this study. The minimum power for the set of analyses 

was .905, based on a medium effect size of f=0.15, alpha=.05, N=100 (minimum sample 

size), with 3 predictors [58]. 

3.1. Relationships Between Network Centrality and Physics Ability 
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Simple OLS regressions were performed to examine the relationship between 

network centrality and physics ability. In all cases, regressions were screened for outliers, 

influential or high leverage points, and autocorrelation, as well as normality and 

heteroscedasticity in the residuals. A table of the statistically significant results of the 

simple regressions is presented in Table 1. Significance was set at alpha=.05. Most 

relationships between network measures and physics ability were weakly significant. 

Clustering had a negative correlation with physics ability. 

Table 1. Relationships Between Network Measure and Physics Ability 

Network 

Measure 
R pcor b t pt 

Betweenness .265 .003 0.003 2.758 .007 

Closeness .215 .013 458.0 2.248 .027 

Influence 

Range  

Closeness 

.228 .009 4.464 2.390 .019 

Eigenvector .209 .016 5.948 2.163 .033 

Information .287 .001 0.367 3.054 .003 

Degree .315 <.001 0.069 3.387 .001 

Power .242 .006 0.035 2.543 .012 

Stress .338 <.001 0.003 3.666 <.001 

PageRank .350 <.001 88.02 3.810 <.001 

 

3.2. Personality Traits’ Moderation on the Effect of Network Measures on Physics 

Ability  

To determine if personality characteristics moderated the direct effect of network 

measure on ability, several moderation analyses were performed. The classical, but 

generalized, moderation diagram is shown in Figure 1. In this case, X is the network 

centrality measure, M is the personality characteristic measure, and Y is physics ability.  

 

Figure 1. General moderation conceptual diagram. 

Significant results from the moderation analyses are presented in Table 2. Some 

values were included because they were marginally non-significant or had a confidence 

interval that nearly indicated significance, given the range of values. Only motivation, 

extroversion, and self-efficacy were found to be significant moderators of network 

measures and physics ability.  
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Table 2. Personality moderation results. 

Interact. CI [-0.257, 6.65] [-8.49, 173.4] [0.019, 1.56] [-0.612, -0.080] [-0.005, 0.216] [-4.401, 245.9] 

Interact. p 0.069 0.075 0.045 0.011 0.061 0.059 

Interact. t 1.837 1.8 2.033 -2.58 1.898 1.914 

Interact. F 3.373 3.239 4.132 6.656 3.604 3.663 

Interact. r2 

Change 
0.027 0.029 0.035 0.057 0.027 0.027 

Interact. df2 101 101 101 101 101 101 

Interact. df1 1 1 1 1 1 1 

p 0.0001 0.005 0.002 0.002 <.001 <.001 

F 6.854 4.044 4.723 4.607 8.786 9.241 

Model r2 0.217 0.144 0.158 0.157 0.258 0.268 

df2 101 101 101 101 101 101 

df1 4 4 4 4 4 4 

M Motivation Extroversion Extroversion Extroversion Self-efficacy Self-efficacy 

X Clustering 
Closeness 

Centrality 

Influence 

Range 

Closeness 

Clustering Degree Centrality PageRank 

 

After the significant moderations in Table 2 were found, follow-up assessments were 

performed for each of the areas of data. The significant moderations were segmented by 

those above one standard deviation (SD), those between 1 and -1 SD, and those below -1 

SD. Graphs demonstrating the interactions between those regions were examined along 

with the range for the significant regions using the Johnson-Neyman technique.  

Overall, for low ability students, as clustering increased, physics ability decreased. 

Average and high motivation did not change the relationship between clustering and 

physics ability. Further, high levels of extroversion positively and more strongly increased 

the effect of closeness centrality and influence range closeness on physics ability than 

lesser levels of extroversion. In contrast, for high levels of extroversion, increased 

clustering tended to decrease physics ability; likewise, for students with very low levels 

extroversion, clustering had a positive effect on physics ability. When considering self-

efficacy, students with average and high levels of self-efficacy positively increased the 

effect of degree centrality and PageRank on physics ability. 

4. Discussion 

This research filled the gap regarding student network centrality and achievement at 

the secondary level in Advanced Placement Physics. Further, the gap regarding the 

moderation by personality characteristics on this relationship has been filled. The results 

and explanations of the results follow. 

4.1. Network Measures and Physics Ability 

The results from the first research question yielded results in agreement with several 

authors. Bruun and Brewe [5] found highly significant correlations between their 

considered network centrality measures and grades. The current study’s conclusions 

generally agree with Bruun and Brewe’s [5] in that students more actively participating 
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in peer interactions tended to earn higher grades or have higher ability levels. The 

correlations found in this current study are all similar in magnitude, but small. Further, 

students who were easy to find in a network or who had increased information flow had 

higher ability levels, in agreement with Bruun and Brewe [5].  

Clustering, which considers how close an individual is to a closed group, or clique, 

had a negative relationship with physics ability. This finding was not unexpected—the 

closer a person was to being in a clique, the less new information flows into the group. 

This finding, however, contrasts with Nichols and White’s [18] results in which they found 

those students in a clique experienced greater achievement. It was unfortunate there was 

not more diversity in responses from this present study between the conceptual and 

problem solving networks to verify Nichols and White’s [18] finding. Putnik et al [6] found 

larger degree centrality and betweenness led to higher quality work. If higher quality 

work may be a proxy for higher ability, this current research supports Putnik et al.’s 

findings; in fact, betweenness and degree centrality had two of the larger correlations with 

physics ability. 

4.2. Moderation of Physics Ability and Network Centrality by Personality 

Characteristics 

When considering the effect of moderation, motivation significantly moderated the 

clustering and physics ability relationship. For low motivation students, clustering and 

physics ability were positively related. This may have occurred due to the indication of 

tighter groups formed; while less information was flowing into these groups from other 

students, the clustering appeared to have helped these students succeed. These less 

motivated students at least had other students to exchange ideas; these groups may have 

also been closer friends that helped less motivated students along. Kriegbaum et al [29] 

also found motivation was an important predictor of achievement. While not directly 

comparable because this study did not seek to determine the relative importance of 

personality characteristics on achievement, motivation was found to have the largest 

coefficient of the three personality predictors of physics ability; this finding was in 

contrast to Chai et al [25], Howard et al [59], and Kriegbaum et al [29] who all found 

motivation played a smaller role in predicting scientific ability compared to other 

psychological factors. Highly extroverted students demonstrated more physics ability as 

influence range closeness increased compared to other groups. This effect may be because 

more highly extroverted students had additional connections bringing more information 

their way. This finding ignored the effects of motivation. Highly extroverted students also 

demonstrated more physics ability as closeness increased. These highly extroverted 

students may be more connected to the entire course network naturally and can gain 

information quickly, increasing their physics ability. Similar to Olguin et al [32] and in 

contrast to Klein et al, [33], network centrality extroversion was positively correlated with 

numerous centrality measures. Further, the findings in this study were in agreement with 

Oluwadamilare and Adekunle [19] and in contrast to O’Connor and Paunonen [30] and 

Kalra and Manani [31] in that extroversion positively predicted physics achievement.  

Clustering was the exception to this trend in extroversion moderation. For increased 

levels of extroversion, increased clustering tended to decrease physics ability. If strongly 

extroverted students were in tighter clusters, they did not receive as much new 

information flowing into their localized network, decreasing their physics ability. It was 

also possible that being in a tighter cluster may impugn these students’ natural tendencies 

for extroversion, reducing their physics ability. Further, for students with very low levels 

of extroversion, increased clustering had a positive effect on physics ability. For students 

in this very low range of extroversion, forming a clique may have been the best way to 

gain ability; this social structure may fit their personality better. Watts and Strogatz [51] 

and Asendorph and Wilpers [60] reported similar findings regarding clustering and 

physics ability. 
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Self-efficacy was the final significant moderator considered. Students with average 

and high levels of self-efficacy had a significantly positive effect on the relationships 

between degree centrality and PageRank network measures and physics ability. Students 

with strong self-efficacy beliefs and who had connections to strong networks exhibited 

increased levels of physics ability. Students who had average levels of self-efficacy 

performed in a similar way, but with lower levels of physics achievement. More 

connections of higher quality may mean more feeding information into the student’s 

localized network and this increased amount of information reinforces the student’s belief 

in their ability. These findings are in general agreement with Lin et al [61] and Chang et al 

[47] in that students with high levels of emotional factors and self-efficacy scored higher 

in scientific literacy and general performance, which may be related to ability. More 

specifically, Brewe et al [36] and Fencl and Scheel [37] found significant relationships 

between final grades in introductory physics and level of self-efficacy, similar to this 

current study’s findings. Further, Dou et al [3] found a relationship between self-efficacy 

and network position, similar to that found in this research. 

5. Conclusion 

This study examined the moderating effects of centrality measures on the personality 

characteristics-physics ability relationship and the moderating effects of personality 

characteristics on the centrality measures-physics ability relationship. Overall, this study 

found network measures impacted physics ability, supporting Vygotsky’s work and the 

theory of connectivism. Further, extroversion, motivation, and self-efficacy all moderated 

the existing relationships between network centrality measures and physics ability. 

Clustering had a generally negative effect on physics ability when moderated by 

extroversion, except for weakly extroverted students. In general, the higher value ranges 

of the moderators saw the most positive impacts on physics ability. 

5.1. Limitations 

The main weakness in the study regarded data collection. This study relied on 

student surveys to assess with whom they talked, the topics of discussion, and the 

frequency and direction of contact during the week. This method required students to 

remember their discussions. Students may conflate their social network contacts and 

discussions with on-task discussions, making it difficult to disentangle the two networks. 

5.2. Recommendations 

First, educators must take into account student personality traits and connections 

within the class when forming groups. If educators form groups for the students, ensuring 

students with appropriate connections and personality traits will maximize learning for 

the student in question as well as the other members in the group. For instance, it may be 

prudent to place a student with low motivation in a tightly clustered group to facilitate 

the exchange of ideas. At the same time, placing an extroverted student in a tightly 

clustered group should be avoided; extroverted students may be able to bring more 

information into the group. Further, a student’s connections can amplify their self-belief 

which can increase learning outcomes. A teacher can account for personality 

characteristics to place students in groups to amplify their performance.  

Second, educators must monitor students’ course progress. If students are failing to 

achieve in physics ability, educators may encourage students to reach out to other 

students and seek their perspectives; the students will learn from each other by tapping 

the resources of the network. Educators also may reorganize groups to account for 

changes in connections and previously unseen personality traits as the course evolves.  

Third, students should be encouraged to not be alone in class, even if the students 

are not naturally extroverted. Finding a small group with which to work may help the 

student’s physics ability, as demonstrated in this research. Educators are encouraged to 
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monitor the networks to ensure correct and appropriate information is moving through 

their course networks. 

 
Data Availability Statement: Anonymized data available upon request. 

Conflicts of Interest: The authors declare no conflict of interest. 
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