
ABSTRACT  

SÁNCHEZ, STACIE MARIE. Concept Sourcing for Mental Models: A Study of Mental Models 

& Expertise using a Video Game Context (Under the direction of Dr. Christopher B. Mayhorn). 

 

Mental models are knowledge structures whose organization provides insight into human 

behavior, reasoning, and decision making. The structural organization has been shown to be 

predictive of performance and expertise. By studying the structural attributes associated with 

various levels of experience, researchers can define what it means to be an expert and advise 

anywhere where expertise may be an influential factor (e.g., training). The paired comparison 

task is a common knowledge elicitation technique used to determine the relationship between 

key concepts in a domain. This technique relies on a set of key concepts for a domain. Experts 

are often used to elicit these concepts, but they are often a difficult population to source from and 

differences even between experts have been observed. Artifacts may be used as an alternative. 

However, little is known whether a concept source is better in certain instances or even whether 

sourcing from artifacts is comparable to sourcing concepts from experts. This study investigated 

whether the source of concepts used for a paired comparison task influenced the quality of 

elicited mental models. Further, it sought to replicate previous findings from Furlough and Gillan 

(2018) where they explored the mental models of online game players of League of Legends, a 

multiplayer online battle arena (MOBA). Participants were recruited from Amazon’s Mechanical 

Turk and completed a paired comparison task online. Participants rated 20 concepts either 

sourced from League experts or sourced from three online League wikis via automated 

processes. These ratings were then analyzed using Pathfinder networks.  

Results did not replicate Furlough and Gillan (2018). Overall low coherence was 

observed in both conditions and prevented intended exploration of knowledge structure 

characteristics. Coherence is a measure that estimates the internal consistency of relatedness 



ratings within a data set, with higher values indicating a more consistent network. Thus, network 

analysis would not have been appropriate with low coherences. Instead, exploratory analyses 

were conducted to determine possible sources of poor coherence and failure to replicate. No 

relationships were found between coherence values and measured variables. There are several 

possible sources for observed results, including issues with concept selection and interpretation, 

issues with methodology regarding task and/or domain selection, and sampling of participants. 

Any individual or combination of variables may have led to low coherence and failure to 

replicate previous findings. Overall, future studies may consider limiting study context, 

supporting participants by limiting factors such as cognitive load or survey fatigue, checking 

player understanding and interpretation of concepts, and using more stringent subject screening. 

While this study was unable to explore intended outcomes, it documents a means for web-

scraping concepts from online sources and details considerations for future mental model and 

expertise studies that use a paired comparison task. 
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1. INTRODUCTION 

In everyday reasoning, we assess a plethora of incoming information to make decisions 

and take action. We must make judgments while evaluating this information with limited 

processing capacity (Cowan, 1998). One of the ways we overcome our limited processing is by 

using mental models. 

1.1 Mental Models & Expertise 

Mental models are knowledge structures that embody how we conceptualize and organize 

knowledge about the world (Craik, 1943). We can consider them akin to cognitive blueprints, 

built from personal knowledge, experiences, and beliefs (Chermack, 2003; Ford & Sterman, 

1998; Jonassen et al, 1993). They are quick internal schematics by which we can begin to reason, 

to understand the variables and interactions at play, and to anticipate how events may unfold 

when specific actions are engaged in a given context (Dochy et al. 2003, Johnson-Laird, 1983; 

Segers, 1997). Mental models offer insight on human behavior and decision making by 

visualizing how knowledge is internally organized (Gentner and Stevens, 1983). The acquisition 

of a mental model has been associated with increased performance, recall, and learning in a 

domain (Cooke et al. 1986; Fein et al, 1993; Kiera & Bovair, 1984), while the structural 

organization has proven to be predictive of behavior, performance, and expertise (Dinet & 

Kitajima, 2011; Gary & Wood, 2010; Hmelo-Silver & Pfeffer, 2004; Schvanevelt et al, 1985). 

Understanding why certain attributes of mental models are associated with performance (e.g., 

organization, quality) has sparked much research into the differences between novice and expert 

mental models (Bradley et al, 2006; Chi et al, 1981; Larkin and Simon 1980). 

Since the 1960s, we have known that novice and experts organize knowledge differently 

(Chase & Simons, 1973; Chi, 1978; deGroot, 1965). The ability to overcome well documented 
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cognitive limitations in working memory to solve problems and outperform novices is often 

attributed to this difference (Chase & Simons, 1973; Chi,198; Engle & Bukstel,1978; McKeithen 

et al., 1981; Miller, 1956).  

Expert models are often more complete and complex than novice models. Expert models 

are based on underlying principles of a domain. They often represent domain knowledge using 

abstract concepts and organize ideas/functions that are commonly used together (DiSessa, 1983; 

Glaser, 2000; Greeno, 1983; Kay & Black, 1984; Voss et al, 1983). Expert structures reflect 

decentralized thinking, where the overall network of concepts includes more subnetworks (Gillan 

et al, 1992; Jacobson, 2001). In contrast, novice models are reflective of a shallower 

understanding of the domain, are centralized with fewer subnetworks, and based around concrete 

concepts (Jacobson, 2001; Williamson and Abraham, 1995). By studying the structural 

differences in the mental models of novices and experts, researchers can better define what it 

means to be an expert and advise anywhere where expertise may be an influential factor (e.g., 

training, improving systems).  

1.2 Knowledge Elicitation 

The study of mental models can prove to be elusive as they are implicit in nature and not 

externally observable (Rowe and Cooke, 1995). Mental models are elicited by researchers using 

knowledge elicitation (KE) techniques, ranging from direct (e.g., interviews and observations) to 

more conceptual measures (e.g., relatedness ratings, card sorting, concept mapping) (Cooke, 

1994; Marks et al., 2000; Shadbolt, 2015; Smith-Jentsch et al., 2000). Paired comparison ratings 

(i.e. relatedness ratings) is one of the most common techniques utilized in mental model studies 

(Goldsmith et al., 1991, Goldsmith & Kraiger, 1997; Langan-Fox et al., 2000; Matthieu et al., 

2000). It is valued for its ability to capture the relationship of domain concepts that are not easily 
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verbalized and has been shown to better elicit models that are predictive of performance in a 

domain than other techniques (e.g., diagramming, think-alouds) (Cooke, 1999, Rowe et al., 

1996). Participants rate the relatedness of key concepts in a domain (e.g., objects, tasks, etc.) 

(Mathieu et al., 2000; 2005). These ratings can be analyzed using a structural assessment 

technique such as the Pathfinder software to create a graphical representation of an individual’s 

mental model (Schvaneveldt, 1990). Determining a set of key concepts is imperative for this and 

similar conceptual techniques (Cooke, 1989).  

While much research has considered the influence of applied KE techniques, techniques 

for the acquisition of a set of key concepts has been relatively limited (Cooke,1994). Concepts 

utilized for paired comparisons are often obtained from subject matter experts (Ford & Sternman, 

1998). Experts can be a difficult sample to recruit and are experts for highly specific tasks 

(Shadbolt & Smart, 2015). Expert participants are often scarce and differences between experts 

have been observed (Horgan et al., 1989; Medin et al, 1997; Morange, Dubois, & Fontaine, 

2010). The terms fielded from these groups are likely not generalizable to other types or similar 

levels of expertise. In place of experts, artifacts (e.g., technical documents, digital archives) may 

be used to source terms. However, the literature does not support a firm conclusion about which 

method is more appropriate, or even if sourcing terms from artifacts can achieve equivalent 

results (Cooke, 1994). One purpose of this study is to bridge this gap by investigating whether 

the source for a set of domain concepts (expert elicited vs obtained through artifacts) has an 

influence on the quality of mental models.  

While artifacts offer an alternative to experts, literature has cautioned that not every 

domain has readily available documentation, and for those that do, concepts obtained may not be 

reflective of how users weigh the importance of concepts (Hoffman & Lintern, 2006; Shaw and 
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Gaines, 1988). This paper attempts to mitigate this limitation by exploring mental models using 

multiplayer online battle arena (MOBA) style video games and utilizing documentation that was 

created and is continuously managed by the relevant community. One such source is online, 

game specific wikis. Wikis are open access, online encyclopedias managed voluntarily by their 

appropriate communities.  

1.3 Multiplayer Online Battle Arena (MOBA) style video games 

MOBA games are an advantageous medium for studying mental model theory. MOBAs 

are action real-time strategy games where a player controls a character within a multiplayer team 

and competes with their team to destroy their competitor’s home base. They offer many 

advantages as a tool for studying mental models and expertise. MOBA games have player bases 

in the millions leading to a readily available pool of participants (Techacake, 2021). These games 

have a predefined measure of expertise defined by how players perform in the game that can 

serve as a proxy for expertise in studies and limit subjective categorization of expertise. They 

provide a reliable, dynamic task environment with clearly defined rules and outcomes that can be 

recreated for replication (Kim et al., 2016). Their popularity has spawned user-created and 

community-managed online wikis to promote instruction for improved understanding of game 

mechanics and performance within the community. Most importantly, MOBA games require 

players to hold an exponential amount of declarative and implicit knowledge to perform well, 

thus making them ideal for mental model research as it is assumed that players must create 

mental models to perform well in these games (Furlough and Gillan, 2018). Research into these 

games has additional implications for a wide range of research topics in mental models including 

expertise, decision making, and team dynamics, all of which will occur in a naturally competitive 

environment. 
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Only recently has a MOBA, League of Legends, been used to study mental models and 

expertise. Using League of Legends, Furlough and Gillan (2018) found specific structural 

differences associated with 3 levels of expertise. This study utilized concepts elicited from four 

subject matter experts. Our proposed study seeks to replicate and extend this work by employing 

concepts sourced from online, League of Legends dedicated wikis and comparing them to 

concepts previously sourced by experts. 

1.4 Study Objectives & Research Hypotheses 

The study objectives were to investigate whether concept sourcing (expert elicited vs 

web-scraped) influenced mental model structures at various levels of expertise using a MOBA 

game and to replicate previous findings from Furlough and Gillan (2018).  

1.4.1 Concept Source Hypothesis 

Previous work has shown that the choice of KE technique influences the type of 

information elicited and the mental model’s predictability of performance in a domain (Rowe 

and Cooke, 1995). While the choice of technique can influence predictability of performance and 

the type of information captured (Rowe and Cooke, 1995), most techniques have been shown to 

be reliable across experts and novices (Cooke, 1994). These studies focused on the techniques as 

a whole and have not been investigated using video games as the domain.  

It has yet to be established whether concepts gathered from different sources will 

influence the mental model networks and their characteristics when using a relatedness rating 

task. Based on the previous studies mentioned, we assume there may be differences.    

H1: There will be significant differences between mental models constructed from 

concepts obtained from online wikis and models built from concepts elicited by experts.  
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1.4.2 Expertise Hypothesis  

H2a: Structural differences associated with expertise are assumed to emerge in at least 2 

levels (novice and expert) (Bradley et al., 2006; Cooke & Schvaneveldt, 1988; Gillan, Breedin, 

& Cooke, 1992). 

Furlough and Gillan (2018) established a 3-level mental model development using 

League of Legends as the domain of inquiry. Their study used concepts elicited from experts. It 

has yet to be determined whether findings would be consistent or different if using other concept 

sources. We assume that under similar conditions, their study findings may replicate. If no 

significant differences between concept source conditions is observed, we might see differences 

between 3 levels of expertise (novice, intermediate, and expert). 

H2b: If H1 is not supported, then structural differences associated with expertise may 

emerge at the novice, intermediate, and expert level similar to Furlough and Gillan (2018).  

2. METHOD 

2.1 Design  

The intended study was a 2 (concept source) x 3 (expertise) between-subject design. The 

concept source condition was separated into two groups, whether the concepts were elicited from 

experts or pulled from online documentation curated (i.e., scraped) by the relevant community.  

2.2 Participants 

One hundred forty-six participants were recruited for the study. Seven participants were 

omitted from analysis, three for technical difficulties during the survey portion and four for 

completing the task incorrectly. A final 139 participants were included in the final data set. Refer 

to Table 1 for a concise summary of participants’ demographics. 
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Participants were recruited from Amazon’s Mechanical Turk (M-Turk) and were 

compensated $2 dollars for their participation if attention checks were passed. Participants were 

required to be 18, a US resident, and have recent experience playing League of Legends in a 

competitive setting. This recent experience was included because constructing mental models 

requires some level of knowledge about the domain (Furlough and Gillan, 2018). Additionally, 

to mitigate fraudulent and low performing respondents (e.g., bots that automatically respond to 

survey, scripts (code) that help human users respond quickly to questions), worker requirements 

were set pre-survey via M-Turk (i.e., ≥ 90% approval rate, ≥ 100 approved HIT, Chmielweski 

and Kucker, 2019). Consent was electronically obtained for each participant. 

Demographic differences between conditions were not observed. Significance was not 

observed between expert (M=35.79, SD=8.35) and scraped (M=37.92, SD=9.37) conditions for 

age, t(137) = -1.41, p = .16. A significant association between condition and gender was not 

observed, X2 (1, N = 139) = .74, p = .39.  

Table 1 Summary of participants’ gender and age demographics. 

 Expert Condition (N = 67) Scraped Condition (N = 72) 

 Male N Female N Male N Female N 

Gender 39 28 47 25 

 M SD M SD 

Age 35.79 8.35 37.92 9.37 

 

Participants’ rank was collected as a measure of experience, listed from lowest 

(Unranked) to highest (Challenger) in Table 2 (see Table 2 for concise summary). As of October 
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2020, mid to mid high ranked players in North America (i.e. Silver and Gold) made up ~61% of 

the player rank distribution, with ~12% making up higher ranks (i.e. Platinum rank and up) 

(Clement, 2020). Our sample data was collected between April and May of 2021. Comparably, 

our sample skews from the 2020 published distribution. Forty-four percent of our sample 

claimed to be ranked Silver and Gold, while 39% made up Platinum and up (see Table 2 for 

frequencies).  

Differences in participants’ rank between conditions were not observed. Significance was 

not observed between the expert (Md=5, N=67) and scraped (Md=5, N=72) conditions, U= 

2148.50, z=-1.12, p=.26. Experience level was then categorized into low and high experience 

based on rank level (see Appendix A for procedure). A chi-square test was performed to 

determine whether low vs high experience was distributed equally between conditions. 

Differences in participants’ experience level (low vs high) by condition were not observed. A 

significant association between condition and experience level was not observed, X2 (1, N = 139) 

= .03, p = .87. Supplementary measures of experience can be found in Appendix A.  
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Table 2 Summary of experience (low/high) variable and rank. 

 Expert Condition (N = 67) Scraped Condition (N = 72) 

Low Experience N = 26  N = 27  

 Frequency Percent Frequency Percent 

Unranked 3 4% 3 4% 

Iron 1 1% 6 8% 

Bronze 7 10% 4 6% 

Silver 15 22% 14 19% 

High Experience N = 41  N = 45  

 Frequency Percent Frequency Percent 

Gold 11 16% 21 29% 

Platinum 9 13% 13 18% 

Diamond 11 16% 4 6% 

Master 8 12% 7 10% 

Grandmaster 2 3% 0 0% 

Challenger 0 0% 0 0% 
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2.3 Relatedness Rating Task & Condition Concepts 

A relatedness rating task, or pairwise comparison, was used to elicit knowledge structures 

for League of Legends (LOL) gameplay. Twenty concepts were selected per condition. 

Goldsmith and colleagues (1991) found that reliability of knowledge structures to predict 

performance increased as a function of the number of concepts used. Ideally, researchers would 

select a detailed, comprehensive concept list that best reflects the domain. However, in a 

relatedness rating task, there are n(n-1)/2 pairwise ratings for n concepts, making a large concept 

sample impractical. Thus, twenty concepts were selected for each condition to balance practical 

considerations (e.g., participant fatigue, survey length and duration) while maintaining 

reasonable validity (Trumpower et al.,2010, Wouters et al.,2011). Of the twenty, eight concepts 

overlapped between the expert condition and scraped condition. Concept selection for each 

condition is detailed below.  

In total, participants completed 190 paired comparisons using a 1 (“Highly Unrelated”) to 

9 (“Highly Related”) Likert scale.  

2.3.1 Scraped Condition Concepts 

Twenty concepts were selected from online League of Legends wiki manuals for the 

relatedness rating tasks. Concepts were selected from 3 game-dedicated wikis, (Fandom, 

Gamepedia, & Mobafire). These wikis are open-source websites that collectively maintain 

information pertaining to our sample gaming community. These wikis are readily available to the 

public and document each game in a similar manner. Content is presented on separate pages and 

content is collaboratively modified by the users.  

Scraped condition concepts were selected using a two-part process. First, concepts were 

web scraped from the 3 game-dedicated wikis. Having a dedicated page and a high term 
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frequency-inverse document frequency (tf-idf) were metrics to determine concept relevance to 

gameplay in League of Legends. TF-IDF can be used to determine the relevance of a concept 

within corpuses or documents (Sparck, 2004; Zhang et al.,2011). A python library 

(BeautifulSoup) was used to download and parse text from wiki websites related to League of 

Legends. Python was used to collect terms with dedicated pages and calculate their tf-idf score. 

Second, concepts with the highest tf-idf scores were reviewed by four researchers. Previous 

literature noted that concepts selected from documents may not reflect how users weigh the 

importance of concepts, and thus need to be validated against human participants (Cooke, 1994; 

Shaw and Gaines, 1988). Fandom wikis can mitigate this limitation because they are collectively 

managed and updated by users in each gaming community. However, four researchers with 

varying experience with LOL evaluated the concepts and removed noise not caught by the code 

via discussion. Researchers separately chose twenty concepts. The final 20 concepts, listed in 

Appendix A, were chosen once researchers reached a consensus via discussion. Concepts needed 

to meet the following criteria: 1) Concepts needed to be unique. When multiple concepts shared 

overlapping definitions (e.g., tank vs tanking), a single concept was chosen; 2) Concepts needed 

to be holistic. When concepts fell under the category of another concept, the category concept 

was chosen (e.g., items vs a specific, named item); 3) Concepts needed to be related to elements 

and mechanics that directly contributed to overall gameplay (relevant vs irrelevant concept, e.g., 

turrets vs champion skins in LOL; and 4) Concepts excluded proper nouns (e.g., champion 

names such as Volibear or Jinx). These criteria were used to include a breadth of concepts that 

describe the game and were unique to gameplay.  

The final 20 concepts were split into abstract or concrete. Like Furlough and Gillan 

(2018), we define concrete concepts as game objects (e.g., towers, minions) and abstract 
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concepts as ideas or strategies (e.g., tanking, jungling). Final categorization (abstract vs concrete) 

was determined once all four researchers reached consensus via discussion. Any matching 

concepts between the scraped and expert condition were given the same categorization.  

2.3.2 Expert Condition Concepts 

The 20 concepts utilized in Furlough and Gillan (2018) simulated concepts elicited from 

experts and replicated conditions found in the aforementioned study. These concepts, listed in 

Appendix B, were originally collected from four subject matter experts via concept listing. For 

details on concept sampling and demographics on the subject matter experts, please see Furlough 

and Gillan (2018). These concepts were also split into abstract and concrete, (see Appendix B).  

2.3.3 Concept Relevance Ratings  

Concepts were rated for relevance on a 1 (not at all) to 5 (very relevant) Likert scale for 

each condition. As shown in Table 3 below, the grand means for the 20 concept relevance ratings 

were similar between the expert (M = 3.65, SD = .09) and scraped (M = 3.64, SD = .10) 

conditions.  

Table 3 Grand mean for the 20 concept relevance ratings for each condition. 

 Expert Condition (N=67) Scraped Condition (N=72) 

 M SD CV M SD CV 

All Concept Relevance  3.65 .09 .03 3.64 .10 .03 

Note: Concepts were rated from 1 Not Relevant to 5 Very Relevant 

 

2.4 Pathfinder 

 Pathfinder was used to produce a referent structure for participants’ mental models. This 

algorithm produces a network that visualizes the organization and interrelationships of objects 

(e.g., concepts) based on proximity data (e.g., participants’ relatedness ratings) (Goldsmith et 
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al.,1991; Lim & Klein, 2006; Schvaneveldt, 1990). Networks consist of two components, nodes 

that represent the object of interest (i.e., concepts) and links that denote the relationship between 

those concepts. The pathfinder algorithm highlights closely related nodes by directly linking two 

nodes while connecting less related nodes indirectly via one or more nodes. Two parameters, r 

and q, are used to control the pathfinder algorithm. The parameter r is used for calculating 

distances via the Minkowski distance metric. For a path P made up of k nodes with link weights 

w, the Minkowski distance, W(P) =∑𝑘
𝑖=1 (𝑤𝑖

𝑟)1/𝑟. The parameter q is the limit of path lengths 

meant to be observed. When r=∞ and q=n-1, where n is the total number of nodes, the pathfinder 

algorithm produces the minimal pathfinder network (Schvaneveldt, 1989). Figure 1 shows the 

transition from proximity data to a pathfinder network using an example proximity data set from 

Schvaneveldt et al. (1989) and Goldsmith et al. (1991). When r= ∞, Minkowski’s r distance 

metric is equivalent to finding the maximum weight in a path (e.g., if r= ∞, A → D→ E = 4), and 

the minimum path weight (A→ E < A→ D→ E) is used to determine the minimum distance 

between any nodes. If r= ∞, the minimum distance between D and E is through A since D→ A→ 

E=3 and D→ E = 4. Thus, the direct link between D and E is removed in favor of the shorter 

path D→ A→ E. The q parameter limits the length of the path between any two nodes, which 

sets the density of the network and controls which paths are included in the network (e.g., if q= 

2, only paths less than or equal to 2 will be observed). The minimal pathfinder network finds the 

fewest links between objects in a dataset and was used for this study.  
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Figure 1. The left shows the proximity data and the corresponding datanet. The right shows 

the minimal pathfinder network for the proximity data. This example is from Schvaneveldt et 

al. (1989) and Goldsmith et al. (1991). The minimal pathfinder network, r= ∞, q=n-1, finds the 

fewest links between objects in a dataset. Minkowski’s r is a distance parameter that uses the 

maximum weight in a path (e.g., if r= ∞, A → D→ E = 4) and the minimum weight (A→ E < 

A→ D→ E) to determine the minimal distance between any nodes. If r = ∞, the minimum 

distance between D and E is through A, since D→ A→ E=3 and D→ E = 4. Thus, when r= ∞, 

the direct link between D and E is removed in favor of the shorter path D→ A→ E. The q 

parameter limits the length of the path between any two nodes, which controls whether the 

paths are included in the network (e.g., if q= 2, only paths less than or equal to 2 will be 

observed).  

 

2.4.1 Network Characteristics Dependent Measurements  

A number of characteristics have been posited to help distinguish models of high vs low 

expertise. Furlough and Gillan (2018) outlined and measured six characteristics: density (number 

of links), level of abstraction (proportion of links between concepts that are connected to abstract 

concepts vs concrete), semantic (proportion of links between concepts that use natural language 

vs domain language), procedural (proportion of links between concepts that share a task), and 

centralization (proportion of central nodes vs subnetworks). Five of these measures were used to 

closely mirror Furlough’s and Gillan’s study for replication (2018): density, level of abstraction, 

semantic, and centralization (central nodes and subnetworks). A combination of r and python 

code was used to count the proportion of these structures using participants’ relatedness ratings 
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and to link output of each participants’ network generated from JPathfinder. For a concise 

summary of these characteristics and how they were measured, see Appendix C.  

2.5 Procedure 

The consent form and online survey were administered electronically via Qualtrics. The 

Qualtrics survey link was posted to Amazon’s M-Turk. Participants gave consent and confirmed 

they fit the required criteria to participate in the study (see section 2.2). A questionnaire on 

participants’ LOL experience assessed rank and average number of hours played a week in LOL 

(casual gameplay vs ranked gameplay). Next, a description of the relatedness rating task was 

presented, and practice trials administered prior to the relatedness rating segment. Next, concepts 

for the randomly assigned condition (expert concepts vs scraped concepts) were presented to 

participants prior to the relatedness rating task to provide some frame of reference to facilitate 

making meaningful comparisons between concepts (Clariana, 2010; Cooke & Schvaneveldt, 

1988; Furlough and Gillan, 2018). Participants completed 190 relatedness ratings. Three 

attention checks were randomized between the relatedness rating items (Appendix D). 

Participants then rated how relevant the concepts from their assigned condition were on a 1 (not 

at all) to 5 (very relevant) Likert scale. This was followed by a questionnaire on participants’ 

demographics and general video game experience. After completing the survey, participants 

were assigned a code to receive compensation via M-Turk.  

3. RESULTS 

The goal of the current study was to investigate whether concept sourcing (expert elicited 

vs artifact scraped) influenced mental model structures at various levels of expertise and 

replicate previous findings from Furlough and Gillan (2018). We were unable to replicate 

Furlough and Gillan (2018). Further, coherences measured from our collected sample (defined in 
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section 3.1), were markedly lower than the required threshold for network analysis in both the 

expert and scraped conditions. Coherence is a measure that estimates the internal consistency of 

relatedness ratings within a data set, with higher coherence values indicating a more consistent 

mental model framework (further elaborated in section 3.1). Network analysis would not be 

appropriate with overall low coherences, or networks with low internal consistency. As we were 

unable to conduct the planned analyses, we conducted exploratory analysis to investigate 

potential contributors for overall low coherences. Additionally, exploratory analyses of 

subsample (section 3.2 and Appendix E) and subset (Appendix F) groups with coherences above 

.15 were documented to determine if any patterns emerged. 

3.1 Low Coherences in Sample 

Pathfinder software generates a coherence value. Coherence is a Pearson’s correlation 

that evaluates how consistent the responses are within a data set of relatedness ratings (Interlink, 

1992). Given the example set [X, Y, Z], if the relationship between XY is described as highly 

related, then there is an assumption that the relationships between XZ and YZ ought to be rated 

similarly. The higher the coherence value, the more consistent the network generated by 

Pathfinder (Interlink, 1992). Coherence has been used as an indication of experience, with higher 

values associated with higher experience vs lower (Casa-Garcia et al., 2011).  

Observed coherences for Amazon’s Mechanical Turk participants were markedly lower 

than recommended by the Pathfinder software documentation and previously observed in 

Furlough and Gillan (2018). Pathfinder software documentation suggested coherent knowledge 

networks be no lower than .15 (Schvaneveldt, 1990). Furlough and Gillan (2018) reported 

average coherences between .3-.4. Average coherences in both the expert (M=.03, SD=.15) and 

scraped (M=.01, SD=.14) conditions were under the lenient .15 threshold. Significance was not 
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observed between conditions for the average rating for the concept relatedness task, t(137) = -

.68, p = .50. Exploratory analysis was conducted to investigate whether any collected variable 

was associated with high or low coherence values. The authors of the current study considered 

how 1) participant demographics and experience may be associated with coherence (section 

3.1.1-3.1.2) and 2) how measurement related variables may be associated with coherence 

(section 3.1.3a-c). Lastly, an analysis of a subsample of participants with coherences above .15 

were examined (section 3.2), which included descriptive statistics on subsample demographics, 

an investigation of coherence values and the relationship, if any, to collected variables, and an 

examination of aggregated network coherences between conditions.  

3.1.1 Coherence + Demographics  

Age and gender as demographic variables were assessed as correlates of coherence. 

Coherence value is a metric of the internal consistency of the network derived from the outputs 

of Pathfinder and has been used as a measure of experience, with higher values reflecting greater 

experience or expertise (Casa-Garcia et al., 2011; Interlink, 1992; Rowe et al., 2007). While we 

would not expect coherence to be directly related to these demographic variables, prior research 

shows that there are significant differences in game genre selection, motivation, and gaming 

style across age and gender for video games (Birk et al., 2017; Ratan et al., 2015 & 2019; Yee, 

2011). For example, women tend to choose casual games, are completion-oriented, and choose 

supportive roles, whereas men tend to choose action games, are competitive-oriented, and choose 

non-support roles (Entertainment Software Association, 2020; Ratan et al., 2015; Yee, 

Entertainment). In relation to age, it was reported that older players shift their games of choice 

(e.g., increased preference for casual games with age) and motivation for playing (e.g., from 
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performance to completion oriented) (Birk et al.,2017). As such, we assessed age and gender as 

variables in an attempt to explain the oddities within our results but did not detect significance. 

Coherence was not observed to be correlated with participant demographics: age, r(137) 

= -.13, p = .13, and gender, sr(137) = -.06, p = .50. 

3.1.2 Coherence + Experience 

Additionally, rank and number of hours played were assessed as additional correlates (of 

coherence). Because coherence reflects expertise, it should be associated with their in-game 

rank. Further, a common metric assessed in expertise research is amount of practice. It stands to 

reason that individuals with greater numbers of hours played may have differences in their 

mental models of the game, than those with less playtime. Coherence was not observed to be 

correlated with any metrics of experience: rank, sr(137) = .03, p = .76, and average hours played 

per week, casual sr(137) = .03, p = .70 or ranked sr(137) = .02, p = .78 in League of Legends. 

This pattern was observed for each condition. Significance was not observed for the expert 

condition: rank, sr(65) = .01, p = .93, and average hours played per week, casual sr(65) = -.17, p 

= .16 or ranked sr(65) = .11, p = .37. Significance was not observed for the scraped condition: 

rank, sr(70) = .04, p = .77, and average hours played per week, casual sr(70) = .24, p = .04 or 

ranked sr(70) = -.04, p = .76. A positive association appears to be approaching significance for 

coherence and average hours played per week casually for the scraped condition, however this is 

not statistically significant when a Bonferroni correction is applied, α= .0045. 

3.1.3 Coherence + Survey Measurements 

Given that our prior assessments did not reach significance, we continued to examine the 

data by looking at pairwise ratings, concept relevance ratings, and survey duration. We 

hypothesized that there may be a data quality issue. 
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3.1.3a Coherence + Pairwise Ratings  

We analyzed the coefficient of variation for responses of relatedness ratings task and 

correlated them with coherence because the degree of variance may have impacted overall 

coherence. The grand mean of participants’ 190 relatedness ratings for each condition was 

explored. As shown below in Table 4, the grand mean for the 190 concept relatedness ratings 

were similar between the expert condition (GM = 6.21, SD = .99, CV= 16%) and scraped (GM = 

6.33, SD = 1.09, CV = 17%). Low standard deviations across participants’ relatedness ratings 

might suggest the full scale may not have been utilized, thus influencing the validity of the 

metric. Frequencies of range across relatedness ratings for all participants can be found in 

Appendix G. 

Table 4 Grand mean for the relatedness rating items for each condition. 

Full Sample  Expert Condition (N=67) Scraped Condition (N=72) 

 M SD CV M SD CV 

Relatedness Ratings (190) 6.21 .99 .16 6.33 1.09 .17 

       

Subsample Expert Condition (N=13) Scraped Condition (N=9) 

 M SD CV M SD CV 

Relatedness Ratings (190) 5.82 1.33 .23 6.23 1.30 .21 

Note: Participants made pairwise comparisons on a 1 Highly Unrelated to 9 Highly Related 

scale.  

 

Coherence was not observed to be correlated with the coefficient of variation for 

relatedness ratings in either condition: expert r(65) = .21, p = .09, scraped, r(70) = .19, p = .11.  
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3.1.3b Coherence + Concept Relevance Ratings 

Another measure of quality we assessed was the coefficient of variation for the concept 

relevance ratings, speculating that maybe how participants responded to concept relevance 

ratings may be related to coherence. Coherence was not observed to be correlated with the 

coefficient of variation for concept relevance ratings in either condition: expert, r(65) = .05, p = 

.71, and scraped, r(70) = -.19, p = .11. 

3.1.3c Coherence + Survey Duration 

Further, we investigated survey duration as one potential explanation of coherence 

values. Given that some participants may have rushed through the survey, it seemed feasible that 

the coherence values may have been linked to duration. Significance was not observed between 

expert (M=32.29, SD=19.08) and scraped (M=29.96, SD=15.28) conditions for survey duration, 

t(137) = .795, p = .43. Coherence was not observed to be correlated with survey duration, r(137) 

= -.11, p = .18.  

3.2 Analysis of Subsample with Coherences Above .15  

A subsample with coherences above .15 was explored. Meaning, only participants from 

the 139 with coherences above .15 were assessed in a subsample analysis. Twenty-two 

participants had a knowledge structure with a coherence score above .15: expert condition (F=4, 

M=9), scraped condition (F=2, M=7). Age and gender were again not observed to be different 

between conditions for the subsample. Significance was not observed between expert (M=32.92, 

SD=7.38) and scraped (M=31.44, SD=4.33) conditions for age, t(20) = .54, p = .60, nor was a 

significant association between condition and gender observed, X2 (1, N = 22) = .20, p = .66.  

Differences in participants’ experience between conditions were not observed. 

Significance was not observed in participants’ rank between the expert (Md=5, N=13) and 
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scraped (Md=6, N=9) conditions, U= 44, z=-.98, p=.36. See Appendix A for supplementary 

measures of experience.  

3.2.1 Subsample Coherences 

The average of individual participants’ coherences for the subsample were barely above 

the suggested .15 threshold in both the expert (M=.25, SD=.11) and scraped (M=.25, SD=.14). 

Significance was not observed between conditions for the averaged individual network 

coherences, t(20) = .10, p = .82.   

Experience was separated into low and high experience based on rank level. Averages of 

individual participants’ coherence by experience for each condition were not calculated due to 

insufficient number of observations, expert (low= 5, high=8), scraped (low=3, high=6). 

We again explored whether any variable in the subsample was associated with lowered 

coherence. Similar to the overall sample, no variables were associated with coherence (see Table 

5). However, a positive association was found to be approaching significance for coherence and 

the coefficient of variance for the relatedness rating items within the scraped condition (M= .24, 

SD= .20), r(6) = .73, p = .03, but not for the expert condition, (M= .27, SD= .16), r(11) = .41, p = 

.16. Meaning, as the variance of participant’s responses increased in the scraped condition, the 

coherence of the network increased. Similarly, a positive association was found to be 

approaching significance for coherence and the coefficient of variance for the relatedness rating 

items of the 8 shared concepts between conditions (M= .28, SD= .20), r(20) = .73, p = .03.  This 

observation may be spurious or indicate some condition effect where increased variance in 

participants’ responses were related to higher network coherence in the scraped condition. While 

these items were approaching significance, these are not statistically significant when a 

Bonferroni correction is applied, α= .0045. 
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Table 5 Correlations between coherence and participant demographics, experience, and 

variation in responses for subsample analysis. 

Variables N Correlation Sig. (2-tailed) 

Rank + Coherence  22 sr = .10 p = .66 

Experience (Low vs High) + Coherence 22 sr = -.06 p = .80 

Avg Hrs Played Casual + Coherence 22 sr = .18 p = .42 

Avg Hrs Played Ranked + Coherence 22 sr = -.09  p = .68 

Coefficient of Variation for Relatedness 

Task + Coherence 

   

Expert 13 r = -.36 p = .28 

Scraped 9 r = .73 p = .03* 

Combined (Shared Concepts Only) 22 r = .55 p = .01* 

Coefficient of Variation for Concept 

Relevance + Coherence 

   

Expert 13 r = -.43 p = .14 

Scraped 9 r = .09 p = .82 

Combined (Shared Concepts Only) 20 r = -.25 p = .27 

Age + Coherence  22 r = -.34 p = .12 

Gender + Coherence 22 sr = -.12 p = .59 

Survey Duration + Coherence 22 r = -.34 p = .12 

*Non-significant with a Bonferroni correction, α= .0045 

3.2.2 Subsample Networks Coherences  

Individual networks with coherences above .15 were averaged to create an averaged 

network for each condition. The coherence of the averaged network for the scraped condition 

was .25, remaining above the suggested .15 coherence. However, the coherence of the average 

network for the expert condition was .08, below the suggested .15 threshold.  
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As a follow up, participants’ relatedness ratings were correlated to explore whether 

participants’ ratings were more or less associated with each other for each condition. 

Correlations between participants’ relatedness ratings were not observed to be significant in 

either condition (see Appendix E). Additionally, the grand mean of 190 relatedness ratings for 

the subsample in each condition was explored. The grand mean for the 190 concept relatedness 

ratings were slightly lower in the expert condition (M = 5.82, SD = 1.33, CV= 23%) than the 

scraped (M = 6.23, SD = 1.30, CV = 21%), but the coefficient of variation was similar between 

conditions. Low standard deviations across participants’ relatedness ratings may suggest the full 

scale may not have been utilized, thus influencing the validity of the metric. Further network 

analysis exploration would not have been appropriate. 

4. DISCUSSION 

Initial objectives were to investigate the potential influence of concept sourcing (expert 

vs scraped), if any, on the structural characteristics of mental models elicited from participants 

with various levels of expertise and to replicate previous findings from Furlough and Gillan 

(2018). Two main anomalies surfaced: overall low coherence values for participants’ pathfinder 

networks and low variation from the mean in participants’ responses for the relatedness rating 

task. Anomalies in the data sample prevented planned analysis for the study’s objectives and 

hypothesis testing (section 1.2), leading to exploratory analyses to investigate potential 

contributors. Low coherences were observed across all participants from Amazon’s M-Turk. 

Results from exploratory analyses were inconclusive as participants’ network coherence values 

were not associated with any of the study’s collected variables. However, low deviations from 

the mean in participants’ responses across relatedness ratings were found. Assuming participants 

responded in good faith, low deviations may suggest an issue with concepts selected or 
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methodology (relatedness rating task). However, it may be that participants were non-compliant 

with the task and/or responded at random.  

There are a number of possibilities as to why anomalies with coherence values and 

related ratings were observed. Speculations concerning concept selection, methodology, and 

sampling are discussed below with related considerations for future study.   

4.1 Speculations Concerning Concept Selection 

 Low overall coherence values and low deviations across relatedness ratings may be due 

to chosen concepts that were not suitable for this method. One possibility was that concepts had 

multiple interpretations, or were multifaceted, and introduced additional, incidental contexts. In a 

relatedness rating task, if concept X has two facets (A and B), facet A, B, or both may be used to 

make a relatedness rating with other concepts.  This can be problematic because when 

calculating coherence there is an assumption that any given concept will present consistently 

across the various comparisons in a relatedness task. Given the example set [X, Y, Z], if the 

relationship XY is described as highly related, then there is an assumption that the relationships 

XZ and YZ also ought to be rated similarly. If concepts are multifaceted, this could influence the 

coherence value and may result in allegedly incoherent mental model networks. Assuming 

participants understand the game, this may be a reflection of different interpretations of concepts 

during the task depending on the paired concepts presented. Likewise, it could influence how 

participants respond to relatedness ratings. Rather than considering concepts in a unified context, 

pairwise comparisons were made in isolation, leading to low deviation across relatedness ratings. 

In other words, any pair of concepts were considered “somewhat related” simply due to being 

associated with LOL.    
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Concepts may have become multifaceted over time due to changes in League of Legends. 

Consider the game of chess. The objective (e.g., capturing the king) and the rules of chess (e.g., 

the bishop only moves diagonally) have remained mostly stable for a long time. This has given 

the chess community ample time to build up a stable representation of the game in their 

knowledge structures. By contrast, League of Legends is a dynamic, living game. Over time, 

adjustments have been made to the game, known as patches. These patches include 

modifications to champions (playable characters), items, and map objectives. In chess, this is 

analogous to new pieces being introduced, removed, or modified to rebalance the game on a 

regular basis. The main game objective remains the same but, unlike chess, League of Legends 

has had many changes to its rules. Over time, this might alter how participants think about 

concepts as users adjust their strategies to patches, leading to multifaceted concepts. It is 

important to note, while there have been modifications to the rules, these changes are often 

minor so that players, regardless of skill level, can hop into a newly patched game and play. The 

concepts used in the expert condition were the same used in Furlough and Gillan (2018). While 

the study’s researchers took measures to replicate the survey design, it is possible that the 

concept meanings have changed since the 2018 publication (with data collection likely occurring 

years earlier to the 2018 publication). This is one possible reason that previous results were not 

replicated.  

Future considerations may include defining and limiting the context presented to 

participants and ensuring that participants clearly define and understand the study concepts. 

Participants were asked to rate how related concepts were to each other in the context of League 

of Legends. However, this context might have been too wide. Concept meanings may be more 

stable around game-related tasks (e.g., jungling, team fights), in the context of a specific position 
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(i.e., player role), or in relation to specific champions or groups of champions. Future research 

may consider limiting the context to these criteria. Additionally, the current study participants 

were shown 20 concepts prior to pairwise ratings, which previous research noted as a strategy to 

provide participants with a narrower contextual framework (Cooke & Schvaneveldt, 1988) and 

was replicated from Furlough and Gillan (2018). However, participants were given 190 pairwise 

comparisons to complete. It is possible that the length of the task interfered with participants' 

recollection of the 20 concepts. Future studies may benefit from supporting participants' 

recollection of the intended context by keeping it defined throughout the task (e.g., listing the 20 

concepts as participants complete the task). Due to the length of the relatedness rating task, 

participants were not asked to define the concepts. Future studies might consider this, asking 

participants to define concepts prior to giving relatedness ratings. Participants can then be 

grouped by their understanding of the concepts. Additionally, researchers may consider giving 

participants a knowledge questionnaire about the concepts. This ensures participants have a 

common understanding of the concepts and works to mitigate invalid responders. 

4.2 Speculations Concerning Methodology  

As noted earlier, the relatedness rating task is a common KE technique and chosen for its 

strengths in predicting performance over other techniques (Cooke, 1999). However, a known 

limitation of the relatedness ratings task is participant fatigue (Goldsmith et al.,1991; Trumpower 

et al., 2010). The reliability of knowledge structures to predict performance increases with the 

number of concepts utilized in the task (Goldsmith et al., 1991). However, large concept samples 

become impractical when we consider that, in a relatedness task, there are n(n-1)/2 pairwise 

ratings for n concepts. The current study used 20 concepts for practical considerations as 

recommended (Wouters et al.,2011) and to replicate conditions found in Furlough and Gillan 
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(2018). While duration to complete the survey, expert (M= 32.29, SD= 19.08), scraped (M= 

29.96, SD= 15.28) was not observed to be associated with coherence values, we speculate that 

the length of the task (190 relatedness ratings) was taxing and may have introduced participant 

fatigue. As discussed earlier, the length of the task may have distorted the context that 

participants used to respond to pairwise comparisons. Fatigue may have influenced the 

relatedness rating data and may explain inconsistency among ratings (as evidenced by the low 

coherence values). As discussed prior, future studies may consider ways to support participants 

through a demanding task, such as limiting cognitive load by keeping context well defined 

throughout the study. Additionally, future studies might consider limiting the number of concepts 

used or utilizing less demanding K.E. techniques, at the cost of predictability of performance. 

This may help limit fatigue by shortening the survey.  

Another consideration is that the domain chosen for the methodology may not have been 

ideal. Previous research has commented that domains with a more agreed upon paradigm, or 

central body of theory, may be more suitable for structural assessments that rely on concept 

consistency such as the relatedness rating task (Biglan, 1973; Wouters et al., 2011). Previous 

literature in mental models often utilized domains such as computer programming, education in 

bench sciences (e.g., physics), and system dynamics, all of which tend to have agreed upon 

principles (Chi et al., 1981; Cooke and Schvaneveldt, 1988; McKeithen et al., 1981). Domains 

with a generally agreed upon paradigm (e.g., topics like physics) have relatively well defined and 

stable concepts as opposed to domains with less agreed upon principles (e.g., topics like history) 

(Wouters et al.,2011). It has not been established if League of Legends has a clear central body 

of theory that players agree upon. Within the League community, gameplay strategy is 

contentious, with variation even existing amongst professional level teams. It is also important to 
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note that League of Legends is a team-based game with various established positions like 

baseball. Players, even at the professional level, may only have a good understanding of the 

game for their specific role or champion as it exists in the whole. Depending on their preferred 

role, players may have different perspectives for the objectives, rules, and strategies for League. 

In addition, as discussed earlier, League of Legends regularly experiences patch updates that 

include small modifications to champions, items, and map objectives. These modifications may 

influence the degree whereby players agree upon the game paradigm, if any even exists. 

Additionally, an ambiguous paradigm may contribute to multifaceted concepts, previously 

discussed. A less agreed upon paradigm may have influenced current responses to related ratings 

and may explain the low coherence values observed. Future studies may consider exploring and 

establishing how participants define and agree on League of Legend principles as mentioned 

earlier or limiting context to certain League roles. While the current study looked at individual 

player mental models for League of Legends, it may be more suitable to investigate team mental 

models or dynamics for this domain.  

 

4.3 Speculations Concerning Sampling 

The previous segments assumed participants responded in good faith. However, recent 

research suggests that the quality of responses from M-Turk has decreased and this might be 

compounded with the recent events of the coronavirus (Covid-19) pandemic.  

M-Turk is a crowdsourcing service that has become a common resource for researchers. 

M-Turk is a crowdsourcing service that allows researchers (and other interested parties) to post 

tasks (e.g., surveys, research tasks) for users to discover and complete in exchange for 

compensation. M-Turk has been increasingly utilized in psychology (Buhrmester et al., 2018; 

Paolacci and Chandler, 2014), including Furlough and Gillan (2018). Researchers have the 
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ability to set participant criteria through M-Turk (such as task success rate, i.e., approved HIT 

rate) and approve participants’ work to screen for invalid or non-compliant respondents. 

Previous research found M-Turk data quality to be comparable to other reliable data 

sources (lab settings, professional online panels), often replicated previously established 

experimental effects, and tended to have more diversity than student convenience samples 

(Behrend et al.,2011; Casler et al., 2013; Crump et al., 2013; Goodman et al.,2013; Kees et al., 

2017; Mullinix et al., 2015). However, recent evidence suggests the quality of M-Turk data has 

declined since 2018, authors noting an alarming trend for reduced validity and reliability of 

established measurements and with an increased rate of failure on response validity checks 

(Chmielweski and Kucker, 2019). Further, the use of VPN (virtual private network) technology 

allows users to masquerade as US participants and participate in tasks where they are not eligible 

(Kennedy et al. 2020). Prior research indicates that individuals who engage in this behavior often 

provide less useful responses (e.g., gibberish in open text fields, chaotic responses for other 

items) (Dennis et al. 2018).  

This trend may be exacerbated by the ongoing coronavirus (Covid-19) pandemic. Some 

authors noted minor differences in the levels of attentiveness for samples pre-Covid conditions 

and post-quarantine conditions, with higher rates of missed attention checks and inattentiveness 

found in post-quarantine samples (Arechar &Rand, 2021; Lee & Hoffman, 2020). However, 

these claims are a matter of conjecture, and more research is required. Rising unemployment and 

subsequent recession was among the devastating effects felt in the wake of the Covid-19 

pandemic, with nearly 22.1 million jobs lost between January 2020-April 2020 (Falk et al., 

2020). Even after the Covid-19 related recession, unemployment remains higher than pre-

recession levels (U.S. Bureau of Labor Statistics, 2021). M-Turk samples may be less attentive to 
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the task and more concerned with completing tasks for compensation given the economic 

influences of Covid-19. Further, inattentiveness may be influenced by a potential influx of new, 

less experienced participants seeking non-traditional forms of employment or some pre-Covid 

samples no longer able to take part in or access online studies due to financial hardship (e.g., loss 

of internet access, seeking essential work).  

Researchers took pains to replicate Furlough and Gillan (2018), in the structure of the 

survey and utilizing the same concepts previously used for the expert condition. When 

considering the possible change in quality of data provided by M-Turk and tentative influences 

of Covid-19, it stands to reason that the circumstances under which Furlough and Gillan (2018) 

were successful may be quite different from those present in the current study and may have 

some bearing as to why findings were not replicated. Inattentiveness could explain low 

coherences as participants are not responding consistently. Alternatively, low deviation across 

relatedness ratings may be reflective of samples influenced by conditions set off by the pandemic 

who are more concerned with completing tasks quickly and efficiently for compensation. 

This study’s researchers took measures to mitigate noncompliant responses by screening 

out participants, including setting participant criteria pre-survey via M-Turk’s worker 

requirements (see section 2.2) and placing several attention check questions throughout the 

survey. However, it is possible these contingencies were not stringent enough. Future studies 

may consider setting more rigorous pre-survey criteria on M-Turk such as setting higher HIT 

requirements to elicit responses from workers with high reputations on the platform (Peer et al., 

2014).  

Many of the variables (e.g., rank) were self-reported, and, as evident by concerns with 

bot and VPN use (Kennedy et al. 2020), there is no guarantee users are who they say they are. 
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Future researchers may want to consider implementing pre-screening procedures. A knowledge 

questionnaire on the domain of interest or the meaning of the study’s concepts could potentially 

eliminate fraudulent responders pretending to match study inclusion criteria while also 

addressing previous concerns with users' understanding of concepts.  

4.4 Other Limitations 

Concept sources for the current study were limited to two sources, previously elicited 

concepts from Furlough and Gillan (2018) and concepts sourced from 3 online League wikis.  

Furlough and Gillan (2018) elicited “expert” concepts from a convenience sample of 

League players with considerable hours played, however their experience may differ from 

experts who play at a professional level such as e-sports. Concepts selected for the expert 

condition of the current study may not have been as reflective of League as anticipated.  Future 

studies may consider resampling concepts from professional players and players with 

considerable hours invested to note any differences between samples. For the current study, 

concepts were also web scraped from wikis. Wikis are intended to document the entire game. 

Thus, concepts might be biased towards more general concepts that may be more interconnected 

with other terms. This may have been related to the observed low deviation in relatedness 

ratings. A consideration for later studies may be to limit the scope of the method as discussed 

previously by asking only about a specific task or position or including types of sources as 

discussed below. Additionally, wikis are maintained by many people and may represent a 

multitude of overlapping knowledge structures with various backgrounds and expertise levels. 

Other sources could have been considered such as video tutorials, transcripts of professional 

commentary of League games/tournaments, or article/book publications from players. These 

sources are less anonymous and can be categorized by type of player and experience. 
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Categorization may help produce more coherent concept selection and be reflective of 

knowledge from a specific group.  Future studies may consider studying different sources, 

singularly or in combination. Similarly, studies ought to consider the methods whereby concepts 

are sourced as this may influence concept quality and selection.  

5. CONCLUSION 

The current study investigated concept sourcing and its influence on mental model 

structures at different levels of expertise using League of Legends. Participants rated 20 concepts 

sourced from either League experts or web-scraped from online League wikis. These ratings 

were then analyzed using Pathfinder networks.  

Overall low coherence in networks prevented intended exploration of knowledge 

structure characteristics as investigated in Furlough and Gillan (2018). Appropriate power was 

not achieved for any exploratory analyses, and speculations made from analyses are limited. Low 

coherence values and low deviations from the mean across relatedness ratings were observed in 

both conditions. No relationships were found between coherence values and measured variables.  

There are several possible sources of error in the current study, including issues with 

concept selection and interpretation, issues with methodology regarding task and/or domain 

selection, and sampling of participants. Any individual or combination of variables may have led 

to low coherence and failure to replicate previous findings.  

Overall, future studies may consider limiting study context, supporting participants by 

limiting factors such as cognitive load or survey fatigue, checking player understanding and 

interpretation of concepts, and using more stringent subject screening. 
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Appendix A 

Participants’ rank was collected as a measure of experience. As of October 2020, mid to 

mid high ranked players in North America (i.e. Silver and Gold) made up ~61% of the player 

rank distribution, with ~12% making up higher ranks (i.e. Platinum rank and up) (Clement, 

2020). Our sample data was collected between April and May of 2021. Comparably, our sample 

skews from the 2020 published distribution. Forty-four percent of our sample claimed to be 

ranked Silver and Gold, while 39% made up Platinum and up (see Table 2 for frequencies).  

Differences in participants’ rank between conditions were not observed (see Table 3 for 

rank frequency). Significance was not observed between the expert (Md=5, N=67) and scraped 

(Md=5, N=72) conditions, U= 2148.50, z=-1.12, p=.26.  

An experience variable was created by categorizing rank into low and high experience. 

The mid-to-mid-high ranks (i.e., Silver and Gold) were used as a criterion to classify ranks as 

low or high. Low experience was made up of ranks that fell at or under Silver. High experience 

was made up of the ranks that fell at or over Gold. For a concise summary, see Table 2. A chi-

square test was performed to determine whether low vs high experience was distributed equally 

between conditions. Differences in participants’ experience level (low vs high) by condition 

were not observed. A significant association between condition and experience level was not 

observed, X2 (1, N = 139) = .03, p = .87.  

Participants’ average hours played casual or ranked was collected as a supplementary 

measure of experience (refer to Table 3 for frequency). Differences in participants' average hours 

played for casual and ranked were not observed between conditions. Significance was not 

observed between the expert (Md=4, N=67) and scraped (Md=4, N=72) conditions for casual 

play, U= 2033, z=-1.71, p=.09, or ranked play, U= 2406.50, z=-.03, p=.98. 
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Table 6 Summary of participants’ Avg. Hrs Played per week Casual and Ranked. 

Avg. Hrs Played  Expert Condition (N = 67) Scraped Condition (N = 72) 

 Casual 

Frequency 

Ranked 

Frequency 

Casual 

Frequency 

Ranked 

Frequency 

“Never” 0% 0% 0% 1% 

“Less 1 hr each wk” 1% 1% 0% 3% 

“1-3 hrs each wk” 28% 6% 46% 38% 

“4-7 hrs each wk” 46% 28% 38% 36% 

“8-14 hrs each wk” 21% 45% 11% 13% 

“More than 15 hrs each wk” 3% 1% 6% 10% 

 

Subsample 

A subsample with coherences above .15 was explored. Meaning, only participants from 

the 139 with coherences above .15 were assessed in a subsample analysis. Twenty-two 

participants had a knowledge structure with a coherence score above .15 

Differences in participants’ experience between conditions were not observed in the 

subsample. Significance was not observed in participants’ rank between the expert (Md=5, 

N=13) and scraped (Md=6, N=9) conditions, U= 44, z=-.98, p=.36. See Appendix A for 

supplementary measures of experience.  

Participants’ average hours played casual or ranked was collected as a supplementary measure of 

experience. Differences in participants' average hours played for casual and ranked were not 

observed between conditions. Significance was not observed between the expert (Md=4, N=13) 
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and scraped (casual Md=4, ranked Md=3, N=9) conditions for casual play, U= 54.50, z=-.30, 

p=.79, or ranked play, U= 34.50, z=-1.69, p=.11. 
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Appendix B 

Table 7 Expert Concepts were taken from Furlough and Gillan (2018). These concepts were 

originally elicited from 4 subject matter experts using a concept listing task.  

* Items match concepts in the scraped condition. 

1. Attack Damage Carry  Concrete 

2. Baron Nashor Concrete 

3. Buffs Concrete 

4. Cooldown* Concrete 

5. Creep score Abstract 

6. Crowd Control* Abstract 

7. Ganking* Abstract 

8. Jungling* Abstract 

9. Last Hitting Abstract 

10. Map Awareness Abstract 

11. Nexus* Concrete 

12. Peeling Abstract 

13. Pressure Abstract 

14. Pushing Abstract 

15. Runes* Concrete 

16. Support Concrete 

17. Tank Concrete 

18. Team Communication Abstract 

19. Turret* Concrete 

20. Wards* Concrete 
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Table 8 Concepts were web-scraped from 3 online wikis dedicated to League. *Items match 

concepts in the expert condition. 

1. Ability Concrete 

2. Armor Concrete 

3. Build Abstract 

4. Champion Concrete 

5. Cooldown* Concrete 

6. Crowd Control* Abstract 

7. Damage Abstract 

8. Dragon Concrete 

9. Gank* Abstract 

10. Item Concrete 

11. Jungling* Abstract 

12. Mana Abstract 

13. Minions Concrete 

14. Nexus* Concrete 

15. Passive Abstract 

16. Range Abstract 

17. Runes* Concrete 

18. Summoner’s Spell Concrete 

19. Turret* Concrete 

20. Warding* Abstract 
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Scraped Condition: Two Step Process Concept Selection  

Scraped condition concepts were selected using a two-step process outlined below. 

Step 1. Concepts were web scraped from 3 League dedicated wikis (Fandom, Gamepedia, & 

Mobafire). To be selected as a concept, concepts needed to have their own dedicated wiki page 

and have a high term frequency-inverse document frequency (tf-idf) score. A python library 

(BeautifulSoup) was used to download and parse text from wiki websites related to League of 

Legends. Python was used to collect terms and count their frequencies, with a specific focus on 

terms with their own dedicated page. Information about the Python code and how wiki websites 

were scraped is available upon request. 

Step 2. The top concepts with high tf-idf scores and dedicated pages were reviewed. From these 

concepts, four researchers separately chose twenty concepts. The final 20 concepts were chosen 

once researchers reached a consensus via discussion. Concepts needed to meet the following 

criteria: 1) Concepts needed to be unique. When multiple concepts shared overlapping 

definitions (e.g., tank vs tanking), a single concept was chosen; 2) Concepts needed to be 

holistic. When concepts fell under the category of another concept, the category concept was 

chosen (e.g., items vs a specific, named item); 3) Concepts needed to be related to elements and 

mechanics that directly contributed to overall gameplay (relevant vs irrelevant concept, e.g., 

turrets vs champion skins in League of Legends; and 4) Concepts excluded proper nouns (e.g., 

character names such as Volibear or Jynx). These criteria were used to include a breadth of 

concepts that describe the game and were unique to gameplay.  
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Appendix C 

A number of characteristics have been posited to help distinguish models of high vs low 

expertise. Furlough and Gillan (2018) outlined and measured six characteristics: density (number 

of links), level of abstraction (proportion of links between concepts that are connected to abstract 

concepts vs concrete), semantic (proportion of links between concepts that use natural language 

vs domain language), procedural (proportion of links between concepts that share a task), and 

centralization (proportion of central nodes vs subnetworks). Five of these measures were used to 

closely mirror Furlough and Gillan’s study for replication (2018): density, level of abstraction, 

semantic, and centralization (central nodes and subnetworks). A combination of r and python 

code was used to count the proportion of these structures using participants’ relatedness ratings 

and the link output of each participants’ network generated from JPathfinder.  

Density. Density is the measurement of the number of links in a structure. This number 

was provided by the Pathfinder software. Networks with high density, or more links, have been 

associated with high experience vs low experience (Bradley et al., 2006). 

Level of Abstraction. Level of abstraction describes whether concepts are connected 

based on surface understanding (concrete) vs deep underlying principles of domain (abstract). 

More abstract connections have been associated with high experience vs low experience, which 

reflects a deeper understanding of the domain (Williamson and Abraham, 1995). Each concept 

was given an abstract vs concrete categorization (see Appendix A). For abstract links, links 

between two abstract concepts were counted as 1 while links between abstract and concrete 

concepts were given a half weight. The same was done for concrete links. These were used to 

calculate the proportion of abstract and concrete connections.  
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Semantic. Describes how a connection between concepts can be semantically described 

based on their colloquial meaning (natural) or what they represent in a domain. More 

connections based on the colloquial meaning (natural) tend to be associated with low experience 

than high experience, which is reflective of a surface level understanding of the domain 

(McKeithen et al., 1981). Researchers categorized relationships between each pairwise 

comparison for each condition until consensus was agreed on. The proportion of natural vs 

domain links was calculated.  

Central Nodes & Subnetworks. Central nodes and subnetworks are types of structures 

or elements that can be found in Pathfinder networks and are defined thoroughly by Gillan and 

colleagues (1992). More subnetworks tend to be associated with high experience vs low 

experience. Python was used to calculate the proportion of central and subnetworks. For a 

thorough definition of central nodes and subnetworks, see Gillan and colleagues (1992).  
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Appendix D 

Attention Checks. Three attention checks were randomized between the relatedness rating 

items. Each attention check asked participants to select a response (Highly Unrelated, Neutral, or 

Highly Related). Participants were required to get 2 of 3 attention checks.  

Rank Checks. Participants were asked about their rank at the beginning and end of the survey. 

Participants were required to have an approximately matched rank (+/-1). The smaller of the 

ranks was used as the final rank.  Rank differences greater than one deviation were tossed.  

 

Table 9  In-flow attention checks (AC) and rank checks were used to determine whether 

participants were included and compensated. 

  Rank   

  Perfect Match 

Approximate 

Match (+/- 1) Diff >= 2 

In-Flow ACs Pass 3 Pass Pass Toss 

 Pass 2 Pass Pass Toss 

 Pass 1 Toss Toss Toss 

 Pass 0 Toss Toss Toss 
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Appendix E 

Subsample Correlations 

 

Table 10 r values for correlations of participants’ relatedness ratings from the scraped 

condition. 

Participant 1 2 3 4 5 6 7 8 9 

1 1         

2 .48 1        

3 .99 .81 1       

4 .72 .87 .44 1      

5 .49 .37 .83 .89 1     

6 .06 .78 .33 .86 .13 1    

7 .58 .83 .33 .55 .37 .60 1   

8 .46 .74 .20 .66 .11 .78 .35 1  

9 .04* .79 .69 .65 .97 .88 .06 .13 1 

*Non-significant with Bonferroni correction, α= .0014. 
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Table 11  r values for correlations of participants’ relatedness ratings from the expert 

condition. 

Participant 1 2 3 4 5 6 7 8 9 10 11 12 13 

1 1             

2 .35 1            

3 .31 .12 1           

4 .43 .20 .42 1          

5 .23 .43 .90 .92 1         

6 .45 .37 .47 .16 .82 1        

7 .25 .75 .96 .09 .90 .75 1       

8 .87 .85 .43 .85 .61 .42 .77 1      

9 .42 .65 .90 .16 .37 .65 .51 .12 1     

10 .08 .03* .17 .16 .65 .35 .83 .62 .13 1    

11 .56 .62 .32 .64 .46 .66 .08 .21 .49 .62 1   

12 .30 .68 .62 .21 .04* .06 .16 .82 .38 .78 .38 1  

13 .51 .45 .11 .86 .37 .94 .85 .98 .70 .43 .43 .25 1 

*Non-significant with Bonferroni correction, α= .0006.     
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Appendix F 

Table 12 Subset concepts are common in both the expert and scraped condition. 

1. Cooldown* Concrete 

2. Crowd Control* Abstract 

3. Ganking* Abstract 

4. Jungling* Abstract 

5. Nexus* Concrete 

6. Runes* Concrete 

7. Turret* Concrete 

8. Wards* Concrete 

 

Subset Analysis with Coherences Above .15  

The expert and scraped conditions shared 8 concepts. A subset analysis with coherences 

above .15 was explored. Meaning, only concepts shared between both conditions were assessed.  

45 participants had a knowledge structure with a coherence score above .15 in the subset 

analysis: expert (F=11, M=14), scraped (F=8, M=12). Age and gender were again not observed 

to be different between conditions for the subsample. Significance was not observed between 

expert (M=36.48, SD=8.38) and scraped (M=37.85, SD=9.28) conditions for age, t(43) = -.52, p 

= .61, nor was a significant association between condition and gender observed, X2 (1, N = 45) = 

.07, p = .79.  

Differences in participants’ experience between conditions were not observed. 

Significance was not observed between the expert (Md=5, N=25) and scraped (Md=5, N= 20, 

conditions, U= 246, z=-.09, p=.93.  
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Subset Coherences 

An increase in participants with coherences above .15 was observed from the subsample 

(N=22) to subset (N=45). Coherences from the subsample were compared to the subset. T-tests 

were run on the absolute change in coherence from the subsample to the subset. In comparison to 

the subsample, 12 of the subsample participants with coherences above .15 moved from above to 

below the .15 threshold in the subset analysis, expert=6, scraped=6. Significance was not 

observed between expert (M=.38, SD=.31) and scraped (M=.29, SD=.16) conditions for the 

absolute change in coherence for participants who went above .15 to below, t(10) = .57, p = .58. 

35 participants who had coherences of .15 in the subsample moved from below to above the .15 

threshold in the subset analysis, expert=18, scraped=17. Significance was not observed between 

expert (M=.26, SD=.16) and scraped (M=.34, SD=.11) conditions for absolute change in 

coherence for participants who went from below .15 to above, t(26.85) = -1.6, p = .12. Levene’s 

test indicated unequal variance (F=4.12, p= .05). Degrees of freedom were adjusted from 33 to 

26.85.  10 participants held coherences above.15 in both the subsample and subset analysis, 

expert=10, scraped=3. 

Averages of individual participant coherences were above the .15 threshold in both the 

expert (M=.33, SD=.12) and scraped (M=.35, SD=.18). Significance was not observed between 

conditions for the averaged individual network coherences, t(31.49) = -.54, p = .59. Levene’s test 

indicated unequal variances (F = 5.27, p = .03). Degrees of freedom were adjusted from 43 to 

31.49. 

Taking experience into account, averages of individual participant coherences were 

above .15 in both low and high experience groups in both conditions: expert (Mlow= .35, 

SDlow=.15; Mhigh=.31, SDhigh=.10), scraped (Mlow= .31, SDlow=.20; Mhigh= .37, SDhigh=.17). An 
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ANOVA was conducted to examine the effect of experience level by condition on coherence. 

Significance was not observed in either group, F (2, 41) = 7.41, p = .75.  

We again explored whether any variable in the subsample was associated with lowered 

coherence. Similar to the overall sample and subsample, no variables were associated with 

coherence. See Table 9. 

Table 13  Correlations between coherence and participant demographics, experience, and 

variation in responses for subset analysis. 

Variables N Correlation Sig. (2-tailed) 

Rank + Coherence  45 sr = .01 p = .95 

Experience (Low+High) + Coherence 45 sr = .05 p = .77 

Avg Hrs Played Casual + Coherence 45 sr = -.08 p = .60 

Avg Hrs Played Ranked + Coherence 45 sr = -.11  p = .46 

Coefficient of Variation for Relatedness 

Task + Coherence (Shared Concepts Only) 

45 r = .17 p = .27 

Coefficient of Variation for Concept 

Relevance + Coherence 

45 r = -.11 p = .49 

Age + Coherence  45 r = -.27 p = .08 

Gender + Coherence 45 sr = .10 p = .51 

Survey Duration + Coherence 45 r = .04 p = .81 

    

Subset Network Coherences  

An averaged network of the subset participants’ networks was generated for both 

conditions using Pathfinder. The coherence for the averaged network of the scraped condition 

was .25, above the .15 coherence. The coherence for the average network of the expert condition 

was .04, below the .15 coherence.  
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An averaged network of the subset participants’ networks was generated that reflected 

combined conditions by experience level using Pathfinder. The coherence of the combined high-

experience averaged network was -.10, below the .15 threshold. The coherence of the combined 

low-experience averaged network was .43, above the .15 threshold. An averaged network of the 

subset participants’ networks was generated that reflected the experience level by condition 

using Pathfinder. The coherences for the averaged network of the participants with high 

experience were lower than participants with low experience in both the expert (Low: .35, High: 

.15) and scraped (Low: .32, High: -.23) conditions.  

As a follow up, participants’ relatedness ratings were correlated to explore whether 

participants’ ratings were more or less associated with each other for each condition. 

Correlations between participants’ relatedness ratings were not observed to be significant in 

either condition. (Data available upon request.) Further network analysis exploration would not 

have been appropriate. 
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Appendix G 

Frequencies for Range and Mode across relatedness ratings for sample (n=139) 

Table 14 Summary of frequency for range across relatedness ratings for all participants. 

 Expert Condition (N = 67) Scraped Condition (N = 72) 

Range Frequency Percent Frequency Percent 

1 1 1.5% 1 1.4% 

2 1 1.5% 2 2.8% 

3 8 11.9% 11 15.3% 

4 11 16.4% 12 16.7 

5 8 11.9% 16 22.2% 

6 11 16.4% 8 11.1% 

7 14 20.9% 9 12.5% 

8 13 19.4% 13 18.1% 
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Frequencies for Range and Mode across relatedness ratings for sample (n=139) cont. 

Table 15 Summary of frequency for mode across relatedness ratings for all participants. 

 Expert Condition (N = 67) Scraped Condition (N = 72) 

Rating Frequency Percent Frequency Percent 

1 0 0% 2 2.8% 

2 1 1.5% 0 0% 

3 2 3% 2 2.8% 

4 4 6% 3 4.2% 

5 5 7.5% 6 8.3% 

6 15 22.4% 17 23.6% 

7 27 40.3% 24 33.3% 

8 6 9% 16 22.2% 

9 7 10.4% 2 2.8% 
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Frequencies for Range and Mode across relatedness ratings for subsample (n= 22) 

Table 16 Summary of frequency for range across relatedness ratings for subsample 

participants. 

 Expert Condition (N = 13) Scraped Condition (N = 9) 

Range Frequency Percent Frequency Percent 

1 0 0% 0 0% 

2 0 0% 0 0% 

3 2 15.4% 0 0% 

4 2 15.4% 3 33.3% 

5 0 0% 4 44.4% 

6 2 15.4% 0 0% 

7 3 23.1% 1 11.1% 

8 4 30.8% 1 11.1% 
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Frequencies for Range and Mode across relatedness ratings for subsample (n= 22) cont.  

Table 17 Summary of frequency for mode across relatedness ratings for subsample 

participants. 

 Expert Condition (N = 13) Scraped Condition (N = 9) 

Rating Frequency Percent Frequency Percent 

1 0 0% 1 11.1% 

2 1 7.7% 0 0% 

3 1 7.7% 1 11.1% 

4 1 7.7% 0 0% 

5 0 0% 1 11.1% 

6 3 23.1% 2 22.2% 

7 5 38.5% 2 22.2% 

8 1 7.7% 2 22.2% 

9 1 7.7% 0 0% 

 

 

 

 

 

 


