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Risk perception remains a concerning issue for pilots in aviation. Accurate 

perception of risk is a foundational aspect of making the right decisions within each 

pilot's skill level. The purpose of this study was to examine the influence of 

personality factors on pilot risk perception, along with the indirect relationship 

between personality and risk perception through safety attitudes. The data was 

assessed in two stages: first, creating the statistical model and second for validation 

of the model. The review of existing literature presents studies related to safety and 

risk-taking in aviation, personality and risk, and safety attitudes in aviation. 

Review of the Literature 

Previous Studies of Safety and Risk-Taking in Aviation 

Ongoing research to understand the constructs of risk perception and risk-

taking behavior is essential to improving safety, especially in industries that are 

both complex and safety-critical. Sectors with characteristics of complex socio-

technical systems, such as aviation, have experienced a rich evolution in their 

approach to risk and accident prevention (Reason, 2016; Salmon et al., 2012). This 

evolution has moved from predominantly blaming the frontline operators—be they 

a driver, a pilot, or an air traffic controller—to awareness and recognition of an 

accident's organizational responsibility and a focus on the systems involved to 

support the operation (Newnam & Goode, 2015).  

Studies that focus on human factors constitute a significant part of the socio-

technical system and represent a significant contributing factor to aviation 

accidents—often between 70-83% of all occurrences (AOPA, 2018; Oster et al., 

2013; Reason, 1990; Woods, 2010). However, there is a growing requirement for a 

paradigm shift to examine the entire range of socio-technical and systemic reasons, 

to discover the deeper triggers for these occurrences, and to enable thinking towards 

total system resilience (Hollnagel et al., 2006; Levenson, 2004; Levenson, 2015; 

Salmon et al., 2012). 

Studies have indicated a need for systems that support a pilot's 

understanding of risk concepts, including risk tolerance and perception, decision-

making, goal setting, and strategy-selection may improve safety (Wiegmann & 

Shappell, 2017; Winter et al., 2019). For example, having a flawed perception of 

one's abilities (e.g., overconfidence bias) has also been a significant predictor of 

pilots' risk-taking behavior (Drinkwater & Molesworth, 2010; Orasanu et al., 2002). 

While working on improving total system resilience, the personal attributes 

involving a flawed judgment of risk (tolerance and behaviors) remain central focal 

points of accident prevention research (O'Hare, 1990; Molesworth et al., 2006).  

Abundant literature supports the premise that various factors can influence 

a pilot's unique relationship with risk and that these factors are often shaped by the 

individual's experiences and traits (Buch & Diehl, 1984; Causse et al., 2013). 

Studies examining pilots’ attitudes combined with age and experience support 

aviation safety by building on the body of knowledge to understand the 'what' and 
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'why' factors influencing a pilot’s risk perceptions. Pilots’ attitudes toward risk 

may, in part, relate to their amount of flight experience—usually measured in-flight 

hours—and their age (Cox & Cox, 1991; Drinkwater & Molesworth, 2010; Hunter, 

2005; Knecht, 2013; Lund & Rundmo, 2009; Molesworth & Chang, 2009). A pilot's 

attitude has been shown to have the propensity for pilots to take risks. This finding 

is of particular significance when associated with an attitude of complacency. 

Explicitly focusing on complacency, Knecht (2013) indicated that pilots with 

between 500 and 1500 hours are the most vulnerable to hazardous attitudes such as 

complacency.  

The pilot's aptitude or cognitive ability level has also been a factor in risk 

perception (Goeters et al., 2004), including pilots' cognitive abilities and age (Hardy 

& Parasuraman, 1997). Other studies investigated measuring risk-taking behaviors 

and perceptions as an outcome of an individual’s determined intelligence and 

cognitive ability (Yates, 1990; Yates & Stone, 1992). Ultimately, the cognitive 

ability of the pilot supports increased risk perception. 

Personality and Risk 

The relationship between personality type, risk tolerance, safety behaviors, 

and decisions in aviation has been examined since the 1950s when personality 

assessments started to be used for recruitment and selection of air traffic controllers, 

pilots, and other safety-critical personal (King et al., 2003; Taylor, 1952). It is 

essential to understand that personality variance is a continuum that can affect 

safety behaviors and risk-taking behaviors, operational decision-making, team 

performance, and even work ethics (King et al., 2003). Each individual's unique 

personality traits are developed from their exclusive personal experiences, which 

are interpreted and encoded as memories and mental frameworks influenced by 

previous experiences, relationships, bias, and heuristics (Goldberg, 1999). These 

mental frameworks and memories are stored in the long-term memory for future 

risk recognition, and judgment, decision making, and ultimately determine the 

individual’s behavior and actions (Baiocco et al., 2008; Endsley & Jones, 2012; 

Goldberg, 1999; McCrae & Costa, 1990).  

A reliable and generalizable taxonomy became popular in the 1980s, based 

on the foundational lexical research of many scientists who contributed to the 

refinement of today's ‘Big Five’ (Goldberg, 1999). The Big Five references five 

aspects of personality that individuals vary on; however, it does not categorize 

individuals into types (John & Srivastava, 1999). While many metrics assess the 

Big Five, this study utilized the 44-item Big Five personality inventory (John & 

Srivastava, 1999). The five personality traits as they relate to risk perception and 

behavior are described as follows: a) extroversion, b) openness, c) agreeableness, 

d) conscientiousness, and e) neuroticism. Below each trait is described in more 

detail. 
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Extroversion. Individuals who score high on this personality trait generally 

enjoy being social. They are considerate of others' feelings and emotions (McCrae 

& Costa, 1990). Studies have indicated that individuals who score higher on 

extroversion tend toward fast and spontaneous decision-making with action-

orientated outcomes (Chauvin et al., 2007; Scott & Bruce 1995). Quick and 

impulsive decision-makers often miss critical information and may not consider 

viable or safer alternatives (Riaz et al., 2012).  

Openness. This personality trait aligns with individuals with a propensity 

to have higher levels of imagination, intuition, and intellect (Goldberg, 1992; 

McCrae & Costa, 1990; Scott & Bruce, 1995). Personality types that score high on 

openness are considered to have higher emotional stability and awareness (Miller 

& Ireland, 2005). However, they may make judgments and decisions on ‘gut’ 

instincts (Goldberg, 1992; McCrae & Costa, 1990; Scott & Bruce, 1995). Although 

studies have shown that this personality type tends to positively predict an intuitive 

and fast decision-making style, they use their intellect and creativity to rationalize 

(Riaz et al., 2012).  

Agreeableness. Goldberg (1999) proposed the following facets for those 

individuals who score highly on agreeableness: sympathy, understanding, 

tenderness, morality, cooperation, warmth, and empathy. This type of personality 

tends to take a consultative approach to risk assessment and decision making (Riaz 

et al., 2012). This type of personality type will avoid confrontations, which in some 

circumstances may lead to agreeing with other more dominant personality types. 

However, agreeable personalities are generally less likely to engage in known risk 

(Chauvin et al., 2007; Riaz et al., 2012). 

Conscientiousness. Individuals with this dominant personality type are 

described as organized, controlled, and thoughtful of their environment, making 

their judgments and decisions based on a methodical collection of all the 

information (Goldberg, 1999). Conscientious individuals have a strong sense of 

responsibility. They are competent planners who are cautious and have a 

conservative and rational approach to risk (Baiocco et al., 2008; Chauvin et al., 

2007; McCrae & Costa, 1990; Scott & Bruce, 1995).  

Neuroticism. Individuals who score highly on neuroticism are described as 

prone to anxiety, impulsivity, and self-consciousness. However, the latter may be 

masked by anger and deflection tactics, especially in stress (McCrae & Costa, 

1990). Studies have shown that this personality type often identifies with feelings 

of depression and frustration (McCrae & Costa, 1990) and are frequently impulsive 

in their judgments and decision making (Batool, 2007; Shoemaker, 2010; 

Thunholm, 2004).  

Safety Attitudes in Aviation 

Ongoing research to understand the constructs of risk perception and risk-

taking behavior is essential to improving safety. Central to a pilot's operational 
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decisions are their attitudes, including a) their introspective attitudes about 

themselves and their abilities (self-confidence), b) their extrinsic attitudes towards 

safety (safety orientation), and c) their ‘relationship’ with risk perception and 

management (risk orientation). Research has shown that a pilot’s attitude does have 

a significant effect on their safety behaviors and their operational decisions, 

especially towards the perception and management of risk (Berlin et al., 1982; 

Hunter, 2005; Lubner et al., 2001; Platenius & Wilde, 1989; Sanders & Hoffman, 

1976).  

Safety Orientation. The FAA provides guidance to support and train pilots 

to develop a positive orientation around safety. This guidance includes training 

materials, courses, and manuals for pilots to learn to cultivate desirable safety 

attitudes, avoid hazardous attitudes, and embrace principles of safe aviation 

behaviors such as airmanship (Kern, 1997; Lamb, 2019). Pilots who indicate 

negative safety attitudes (e.g., hazardous thought patterns) have been directly 

linked to an overall lower safety orientation (Berlin et al., 1982; Hunter, 2005). 

Risk Orientation. Aviation regulators like the FAA and flight training 

organizations aim to produce pilots who possess safety orientated attitudes and 

accurate perception and risk management. With the objective that pilots who 

embrace these safety attitudes will have a greater awareness and be able to 

proactively avoid accidents and incidents (Berlin et al., 1982; Hunter, 2005). A 

study by Ji et al. (2011) found that Chinese airline pilots, who possessed a lower 

tolerance for risk, were primarily influenced by operational safety behaviors 

indirectly through affecting hazardous attitudes. Hunter (2002) explained that the 

level of risk a pilot is willing to take is often related to its importance or goal.   

The more ‘pressure’ a pilot feels to achieve the flight goal, the greater their 

risk tolerance. This 'pressure' to achieve flight objectives has been described as 

‘commercial pressure’ and has resulted in many aviation accidents (Bearman et al., 

2009; Shappell et al., 2006, 2007; von Thaden et al., 2006). Conversely, risk 

tolerance may be mediated by an aversion to a specific risk. For example, if a pilot 

is more fearful or dreads a possible outcome's perceived consequences, the 

tolerance for that risk will be reduced (Boholm, 1998; Mullet et al., 1993). As 

established, faulty judgments on aviation risk are a significant contributing factor 

to accidents. Pilots with the appropriate risk attitude and orientation are better 

equipped to operate safely, especially in times of commercial pressure and other 

stressors (Wickens et al., 1993). 

Self Confidence. Despite improvements in technology and education, over 

80 percent of all aviation accidents are related to human factors about faulty 

perceptions and risk management, poor attitudes relating to self-confidence (e.g., 

overconfidence bias), and safety orientations (FAA, 2009). Individuals who are 

either overconfident or lack confidence in their abilities, understanding, 

perceptions, and performance pose a severe threat to safe aviation operations 
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(Drinkwater, & Molesworth, 2010; Orasanu et al., 2002; Sulistyawati et al., 2011). 

The bipolar effect of confidence impairs risk perception, operational judgments, 

and situational awareness in many situations. It may also affect the other team 

members, resulting in overall poor performance (Flin et al., 2008; Moore & Healy, 

2008; Sulistyawatie et al., 2011). 

Existing Gaps in the Research and Current Study 

Studies have shown that the FAA's guidance material has helped improve 

the pilot's safety attitudes (Buch & Diehl, 1984; Diehl, 1991). However, there is a 

literature gap about how or if personality relates to safety attitudes and risk 

perception and if safety attitudes mediate any relationship between personality and 

risk perception. Other gaps exist in the literature on the relationships between 

personality, safety attitudes, and risk perception, specifically in aviation, to improve 

operational safety. There are many dimensions to consider when trying to 

understand human risk-perception. Previous studies have focused on the many 

factors that govern risk evaluation and how they are linked to the perceiver's 

interpretation and judgment (Bouyer et al., 2001; Slovic, 1987). However, these 

prior studies focus on non-aviation hazards and risks in a non-aviation environment 

with non-aviation professionals. Lastly, there remain some literature gaps relating 

to pilot attitudes, the more comprehensive facets of each personality type, and how 

they influence risk-taking perceptions.  

 

Figure 1.  

The Latent Variable Model Depicting the Hypothesized Relationships in the 

Current Study 
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Justification of Factor Selection and Hypotheses 

The Influence of Personality on Risk Perception 

The literature that does exist suggests that personality type may have a 

direct relationship with risk perception (Bouyer et al., 2001; Slovic, 1987). For 

example, previous studies indicate individuals who score higher on aggregate traits 

of conscientiousness and agreeableness tend to have a lower appetite for risk-

taking. Individuals who score higher on aggregate characteristics of extroversion 

and neuroticism tend towards fast decisions, spontaneous behaviors, and have a 

more increased need for risk (Bouyer et al., 2001; Slovic, 1987). Those individuals 

who indicate higher scores on neuroticism and extroversion tend towards 

spontaneous and fast decision making, reflecting less on consequences and more 

on actions to achieve flight goals (Batool, 2007; Shoemaker, 2010; Thunholm, 

2004). 

Hypothesis 1: Personality will have a direct and positive relationship with risk 

perception. 

The Influence of Personality on Safety Attitudes 

 Attitudes and personalities are closely related constructs (Wilkening, 1973). 

Safety attitudes, including perspectives associated with high self-confidence in-

flight abilities and knowledge, safety orientation, and risk orientation, are indicated 

in the literature to be more prevalent in extroverted and neurotic personality types. 

Conversely, personality types that are more sensitive to others and methodical in 

their approach to risk may exhibit more conservative attitudes towards safety 

(Baiocco et al., 2008; Chauvin et al., 2007; McCrae & Costa, 1990; Scott & Bruce, 

1995).  

Hypothesis 2: Personality will have a direct and positive relationship with safety 

attitudes. 

Safety Attitudes influencing Risk Perception 

 Safety attitudes do not have rigid boundaries, there is overlap or fuzzy logic 

between attitudes of self-confidence, safety orientation, and risk orientation, and 

these affect the risk perception of the individual decisions (Berlin et al., 1982; 

Hunter, 2005; Lubner et al., 2001; Platenius & Wilde, 1989; Sanders & Hoffman, 

1976). Furthermore, it may be plausible that risk perception will be more effective 

by pilots who have a proactive safety attitude (Ji et al., 2011), including their 

attitudes and relationship with safety, risk, and individual assessment of their 

operational abilities. 

Hypothesis 3: There will be a direct and positive relationship between safety 

attitudes and risk perception. 

The Mediating Role of Safety Attitudes on Personality and Risk Perception 

Attitudes are shaped by the individual’s unique perceptions and experiences 

(Mullet et al., 1993; Teigen et al., 1988), and they may be related to personality. 
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Therefore, it is plausible to consider that there will be a mediating effect of 

personality type on the individual and the perception of risk. 

Hypothesis 4: Safety attitudes will meditate the relationship between personality 

and risk perception. 

 

Methods 

Participants  

Participants were members of the Aircraft Owner’s and Pilot’s Association 

(AOPA) in the United States. AOPA’s Air Safety Institute (ASI) assisted in 

deploying an email soliciting participation to approximately 10,000 randomly 

selected members. The email correspondence was sent to members in the middle 

of October 2019 and closed about four weeks later. A reminder email was sent to 

participants who had not responded to the questionnaire or read the initial email at 

the mid-point of the data collection period. Two thousand eight hundred and fifty-

seven individuals completed the survey resulting in a response rate of 

approximately 28%. 

Table 1 provides a summary of demographic data for all participants. The 

overall average age of participants was 59.94 (SD = 13.03) years. Participants 

reported an average total number of flight hours as 4,278 (SD = 6,313, Mdn = 1,550) 

hours. Participants were randomly divided into separate samples for the initial 

model assessment in Stage 1 and model validation in Stage 2. 

Stage 1 consisted of 1,429 participants. An initial screening of the data 

found 6 cases with excessive missing or incomplete data, which could not be 

remedied with imputation techniques, resulting in 1,423 usable cases. For the 

remaining items, the data appeared to be missing at random. Known value 

replacement was used to estimate missing values for reflective items (Hair et al., 

2016). Stage 1 participants reported an average age of 59.85 (SD = 13.19) years, 

and they averaged 4,654 (SD = 6,753, Mdn = 1,600) total flight hours. The average 

number of commercial flight hours was 3,085 (SD = 6,282, Mdn = 0) hours. 

Stage 2 consisted of 1,428 participants. An initial screening of the data 

found 6 cases with excessive missing or incomplete data, which could not be 

remedied with imputation techniques, resulting in 1,422 usable cases. For the 

remaining items, data appeared to be missing at random, and known value 

replacement was used to estimate missing values for reflective items (Hair et al., 

2016). Stage 2 participants reported an average age of 60.03 (SD = 12.87) years, 

and they averaged 3,903 (SD = 5,874, Mdn = 1,500) total flight hours. The average 

number of commercial flight hours was 2,551 (SD = 6,090, Mdn = 0) hours. 
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Table 1 

Summary of Descriptive and Demographic Statistics for all Participants 

Characteristics Subcategories Percentage (%) 

Gender Male 96 

 Female 3 

 No Response 1 

Ethnicity Caucasian 95 

 African descent 0.5 

 Hispanic descent 2 

 Asian descent 0.5 

 Other 2 

Pilot Certificates Private Pilot 56 

 Instrument Rating 49 

 Commercial Pilot 36 

 Multi-Engine Rating 34 

 ATP 23 

 Flight Instructor 26.5 

 Instrument Instructor 21 

 Multi-Engine Instructor 15 

 Student Pilot 3 

Primary Fly Part 91 Recreational 69 

 Part 91 Business 12 

 Part 121 8.5 

 Part 135 4 

 Part 91K 1 

 Other 5.5 
Note. Percentages rounded to nearest ½ percent. Participants were able to select more than one 

pilot certificate/rating. 

 

Materials and Stimuli 

The instrument was created and hosted using Google  Forms. Participants 

were first presented with a digital consent form to which they had to agree and 

indicate they were above 18 years old before proceeding with the questionnaire. 

Following this, they were presented with the following instructions, "You will be 

presented with some scenarios, and you will then be asked some questions about 

each scenario. Following that, you will be asked some demographic questions. The 

data collection process is anonymous, and your responses will remain confidential. 
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We expect that it will take you approximately 15 minutes to answer all the 

questions.” 

First, participants responded to the 44-item Big Five Personality inventory 

(John & Srivastava, 1999). Participants were given the following information, 

"Here are a number of characteristics that may or may not apply to you. For 

example, do you agree that you are someone who likes to spend time with others? 

Please select for each statement the extent to which you disagree or agree with that 

statement." The lead-in sentence read, "I see myself as someone who…” which was 

followed by a randomized presentation of the 44-items anchored by a five-point 

scale from disagree strongly to agree strongly, with a neither agree nor disagree 

neutral option. 

Next, participants responded to a modified Aviation Safety Attitudes Scale 

(ASAS) (Hunter, 1995). The original scale consisted of 27-items, but an earlier 

study by the research team found two items (items 21 and 25) did not properly load 

on the scale and were thus removed, resulting in a 25-item scale. Participants read, 

“Please rate your level of disagreement or agreement with the following 

statements," and then were presented with the statements in a randomized order. 

Responses were recorded on a five-point scale, anchored from strongly disagree to 

strongly agree, with a neutral option of neither disagreeing nor agreeing. 

Following this, participants responded to six questions asking how 

frequently they complete various safety activities, such as online courses, in-person 

seminars, and safety publications. Next, participants completed the 13-item Flight 

Risk Perception Scale (Winter et al., 2019). They read the following, “Please rate 

the level of risk present in the situation/scenario, if YOU were to experience the 

situation/scenario tomorrow," and then were presented with the randomized 13 

statements. The responses were anchored on a nine-point scale from 1 (Low Risk) 

to 9 (High Risk).  

These items concluded the related questions for the current study. As a 

result of the assessment being sent out by AOPA ASI, participants were asked to 

complete another questionnaire for a different study, provided demographics such 

as pilot certificates/ratings, total flight hours, age, gender, and ethnicity before 

being debriefed and dismissed. Participants did not receive compensation to 

complete the study. 

Design, Statistical Analysis, and Ethical Statement 

The study was conducted using a quantitative non-experimental predictive 

design. Structural equation modeling with mediation was implored as the data 

analysis technique due to latent variables and the direct and indirect effects between 

variables. The study was approved by the research university's Institutional Review 

Board (IRB) before conducting the research. All researchers held valid 

Collaborative Institute Training Initiative (CITI) certifications on human 

participants' proper treatment. This research complied with the American 
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Psychological Association Code of Ethics and was approved by the Institutional 

Review Board at Embry-Riddle Aeronautical University. Informed consent was 

obtained from each participant. 

Stage 1 - Results 

Exploratory Factor Analysis 

Since the three constructs (personality, safety attitudes, and risk perception) 

were each second-order factors, separate exploratory factor analysis was completed 

on each scale. For the Personality scale (John & Srivastava, 1999), the data was 

initially assessed and found to meet the requirements to be factorizable. A 

maximum likelihood analysis using a Promax rotation was conducted on the scales 

used to measure their factor structure before conducting the confirmatory factor 

analysis. An initial review of the factors demonstrated low factor loadings, 

significant cross-loadings, and the scales' failure to load as anticipated. As a result, 

an iterative process was conducted to remove items with significant cross-loadings 

or low factor loadings. This process was completed an item at a time, and values of 

less than .5 were considered low loading. The resulting analysis produced a 5-factor 

pattern matrix. For the final solution, the Kaiser-Meyer-Olkin (KMO) measure of 

sampling adequacy (MSA) was .858, which is considered ‘meritorious’ (Hair et al., 

2016), and Bartlett’s test of sphericity was statistically significant (p < .001), thus 

suggesting the data were appropriate for factor analysis. The Cronbach's alpha 

values for the five scales ranged from .67 to .82, indicating acceptable and high 

reliability. The pattern matrix for the scales can be found in Appendix A. 

For the Aviation Safety Attitudes scale (Hunter, 1995), the data was initially 

assessed and found to meet the requirements to be factorizable. A maximum 

likelihood analysis using a Promax rotation was conducted on the scales used to 

measure their factor structure before conducting the confirmatory factor analysis. 

An initial review of the factors demonstrated low factor loadings, significant cross-

loadings, and the scales' failure to load as anticipated. As a result, an iterative 

process was conducted to remove items with significant cross-loadings or low 

factor loadings. This process was completed an item at a time, and values of less 

than .5 were considered low loading. The resulting analysis produced a 2-factor 

pattern matrix. The Risk Orientation factor did not hold and was thus removed, 

resulting in a second-order factor with two first-order constructs, self-confidence 

and safety orientation. For the final solution, the Kaiser-Meyer-Olkin (KMO) 

measure of sampling adequacy (MSA) was .799, which is considered ‘middling’ 

but just under the ‘meritorious’ criteria of 0.8 (Hair et al., 2016), and Bartlett’s test 

of sphericity was statistically significant (p < .001), thus suggesting the data were 

appropriate for factor analysis. The Cronbach's alpha values for the five scales 

ranged from .74 to .78, indicating acceptable and high reliability. The pattern matrix 

for the scales can be found in Appendix A. 
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For the Flight Risk Perception scale (Winter et al., 2019), the data was 

initially assessed and found to meet the requirements to be factorizable. A 

maximum likelihood analysis using a Promax rotation was conducted on the scales 

used to measure their factor structure before conducting the confirmatory factor 

analysis. An initial review of the factors demonstrated low factor loadings, 

significant cross-loadings, and the scales' failure to load as anticipated. As a result, 

an iterative process was conducted to remove items with significant cross-loadings 

or low factor loadings. This process was completed an item at a time, and values of 

less than .5 were considered low loading. The resulting analysis produced a 3-factor 

pattern matrix. For the final solution, the Kaiser-Meyer-Olkin (KMO) measure of 

sampling adequacy (MSA) was .836, which is considered ‘meritorious’ (Hair et al., 

2016), and Bartlett’s test of sphericity was statistically significant (p < .001), thus 

suggesting the data were appropriate for factor analysis. The Cronbach's alpha 

values for the five scales ranged from .63 to .82, indicating acceptable and moderate 

to high reliability. The pattern matrix for the scales can be found in Appendix A. 

Measurement Model Assessment 

 Confirmatory factor analysis (CFA) was conducted to assess the 

measurement model with the latent constructs and observed variables used in the 

study. IBM  SPSS  AMOS 26 was used to test the CFA model. An initial 

screening of the data verified the statistical assumptions. An assessment of the skew 

found all values were within acceptable limits of +/- 3.2, and all variables were 

within acceptable kurtosis ranges of +/- 7 (Byrne, 2016), except for RPS 1 (12.877) 

and RPS 4 (9.310). However, Brown (2006) suggests that kurtosis values of less 

than 10 are acceptable, and due to the exploratory nature of Stage 1, these variables 

were retained for data analysis.  

The Stage 1 sample size of 1,423 eligible cases satisfies the minimum 

sampling requirements for CFA and SEM use. Next, an assessment of multivariate 

outliers was conducted based on Mahalanobis-D2 values greater than 100. Twenty-

eight possible outliers were identified. The model fit statistics were compared 

without these outliers, and the values are shown in Table 2. Given the negligible 

difference in model fit and adequate sample size, these 28 cases were removed from 

the dataset for further analyses. 
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Table 2 

CFA Model Comparison Without and With Outliers 

Goodness-of-fit indices Sample without 

outliers 

Sample with 

outliers 

CFI 0.865 0.868 

NFI 0.830 0.833 

GFI 0.882 0.885 

AGFI 0.868 0.871 

RMSEA 0.048 0.047 

CMIN/df 4.155 4.105 

 

Following the initial data screening, model fit was assessed. Table 3 

indicates the values of the initial model fit. Given the lack of adequate initial model 

fit, modification indices (MIs) were used through an iterative model re-

specification process one at a time to achieve an appropriate model (Byrne, 2016). 

The final CFA model demonstrated a good model fit, and the associated values are 

found in Table 3 as the re-specified model.  

 

Table 3 

Model Fit Statistics Along with the Initial and Re-specified Values 

Measure Ideal Adequate Minimum 

Initial 

Model 

Re-specified 

Model 

Final Valid 

Model 

Absolute Fit Measures    
 

CMIN/DF 1 < 3 5 4.155 3.172 3.239 

SRMR < .06 < .08 0.10 0.0614 0.0547 0.0364 

GFI > .95 > .90 0.90 0.882 0.933 
0.961 

RMSEA < .05 < .08 0.10 0.048 0.039 0.040 

PCLOSE > .05 0.993 1.000 1.000 

Relative Fit Measures    
 

NFI > .95 > .90 0.90 0.830 0.875 0.935 

CFI > .95 > .90 > .80 0.865 0.911 
0.954 

TLI > .95 > .90 0.90 0.856 0.904 
0.947 

AGFI > .90 > .85 0.80 0.868 0.912 0.951 

 

After completing the model fit assessment, it is necessary to evaluate the 

CFA model's construct validity and construct reliability. Construct validity was 

assessed through convergent and discriminant validity. Convergent validity was 

determined through an assessment of standardized factor loadings and average 

variance extracted (AVE). Hair et al. (2016) suggested that both standardized factor 

loadings and AVEs should be 0.5 or higher to demonstrate good convergent 
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validity. Discriminant validity is assessed through maximum shared variance 

(MSV) less than AVE, the square root of AVE being higher than the inter-construct 

correlations, and correlations between factors being less than 0.7 (Hair et al., 2016). 

An initial assessment of construct validity and reliability identified problems, 

specifically with the first-order constructs of neuroticism, agreeableness, 

extraversion, safety orientation, and general flight risk. These constructs failed to 

demonstrate adequate AVE and reliabilities, and therefore, they were removed from 

the model.  

Table 4 depicts that all standardized factor loadings were greater than 0.5 

suggesting good convergent validity, except for openness, which was 0.48 but still 

considered adequate. All factors had AVEs greater than 0.5, suggesting good 

convergent validity of the CFA model. The final model fit numbers are depicted in 

Table 3 as the Final Valid Model, and Figure 2 shows the final valid CFA model. 

 

Table 4 

Convergent Validity, Discriminant Validity, and Construct Reliability 
Second-Order 

Factors 

First-Order 

Factors 

Factor 

Loadings 

Cronbach's 

Alpha 

Construct 

Reliability 
AVE MSV 

Personality Openness 0.48 .787 
.657 .510 .264 

 Consci 0.89 .742 

Flight Risk High Risk 1.00 .633 
.820 .705 .051 

  Altitude Risk 0.66 .825 

----- Self-Confi ---- 

.808 .813 .524 .264 

  ASAS6 0.79 

  ASAS8 0.78 

  ASAS9 0.72 

 ASAS13 0.58 

Not.: Consci = Conscientious; Self-Confi = Self-Confidence. 

 

 Discriminant validity was assessed using the three parameters described 

above. Table 4 demonstrates that all MSV values are less than AVE values. Table 

5 shows that the square root of AVE is higher than all other inter-construct 

correlations. Lastly, all correlations between factors were less than 0.6, suggesting 

adequate discriminant validity.  
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Table 5 

Discriminant Validity 

 Personality Risk Perception Self-Confidence 

Personality 0.714   

Risk Perception 0.226 0.840  

Self-Confidence 0.513 -0.064 0.724 

Note. Demonstrated by inter-construct correlations being less than the square root of AVE 

(diagonal in bold), and factor correlations are less than 0.6. 

 After completing the assessment of the data in the measurement model, the 

final CFA model is depicted in Figure 2. Table 6 illustrates the final constructs and 

items used in the model.  

 

Figure 2 

The Final CFA Model After Adjustments 

 

 
Note. Adjustments based on model fit and validity re-specifications. The standardized regression 

weights are depicted. 
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Table 6 

Constructs and Question Items 
Constructs Items M SD 

Conscientious 

(John & 

Srivastava, 1999) 

BFI3: Does a thorough job. 4.49 0.66 

BFI13: Is a reliable worker. 4.76 0.49 

BFI18*: Tends to be disorganized. 3.82 1.14 

BFI28: Perseveres until the task is finished. 4.43 0.75 

BFI33: Does things efficiently. 4.26 0.74 

BFI38: Makes plans and follows through. 4.33 0.73 

Openness 

(John & 

Srivastava, 1999) 

BFI5: Is original, comes up with new ideas. 4.01 0.84 

BFI15: Is ingenious, a deep thinker. 3.84 0.87 

BFI20: Has an active imagination. 4.10 0.84 

BFI25: Is inventive. 4.01 0.91 

BFI40: Likes to reflect, play with ideas. 4.14 0.81 

Self-Confidence 

(Hunter, 1995) 

ASAS6: I am a very capable pilot. 4.06 0.72 

ASAS8: I am very skillful on controls. 3.92 0.75 

ASAS9: I know aviation procedures very well. 3.85 0.80 

ASAS13: I have a thorough knowledge of my aircraft. 4.29 0.72 

High Risk 

(Winter, Truong, 

& Keebler, 2019) 

RSP6: Fly in clear air at 6,500 between two thunderstorms 

about 25 miles apart. 
5.83 2.17 

RPS7: Make a traffic pattern so that you end up turning for 

final with about a 45-degree bank. 
5.95 2.24 

Altitude Risk 

(Winter, Truong, 

& Keebler, 2019) 

RPS8: Make a two-hour cross-country flight with friends, 

without checking your weight and balance. 
6.34 2.18 

RPS9: Fly across a large lake or inlet at 500 feet above 

ground level. 
7.04 2.06 

RPS11: Fly across a large lake or inlet at 1,500 feet above 

ground level. 
5.62 2.16 

RPS13: Fly across a large lake or inlet at 3,500 feet above 

ground level. 
4.29 2.06 

Note: * indicates a reverse-scored item. 

 

Full Structural Model 

 The full structural model was tested using structural equation modeling 

with IBM  SPSS  AMOS 26. The initial model did meet the parameters for 

good model fit, and thus no model re-specifications were conducted by examining 

the modification indices (MIs) (Byrne, 2016). The model fit statistics for the full 

structural model are shown in Table 7, and the visual depiction of the full model 

is shown in Figure 3. 
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Table 7 

Model Fit Statistics for the Full Structural Model from Stage 1 

Measure Ideal Adequate Minimum 

Initial 

Model 

Absolute Fit Measures   

CMIN/DF 1 < 3 5 3.239 

SRMR < .06 < .08 0.10 0.0364 

GFI > .95 > .90 0.90 0.961 

RMSEA < .05 < .08 0.10 0.040 

PCLOSE > .05 1.000 

Relative Fit Measures  

NFI > .95 > .90 0.90 0.935 

CFI > .95 > .90 > .80 0.954 

TLI > .95 > .90 0.90 0.950 

AGFI > .90 > .85 0.80 0.951 

 

Figure 3 

The Final Full Structural Model from Stage 1 

 
Note. Standardized regression weights are depicted. 
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The model was found to explain approximately 26.4% of the variance in 

self-confidence and 9.5% of the risk perception variance. Three of the four initial 

hypotheses in the study were supported or partially supported. A summary of the 

direct relationships is found in Table 8a and the indirect relationship in Table 8b. 

Personality was shown to have a significant positive relationship with self-

confidence and risk perceptions. Self-confidence was a significant predictor of risk 

perception but negative. This relationship was opposite to the originally 

hypothesized direction, so technically this hypothesis is considered not supported. 

The mediation analysis was completed using IBM  SPSS  AMOS 26 

and 2,000 bootstrapped samples. The 95% confidence intervals (CI) and p-values 

were assessed to determine if mediation was present. 95% CI’s that do not contain 

zero and p-values less than 0.05 indicate mediation. Self-confidence was found to 

mediate the relationship between personality and risk perception significantly. The 

inverse relationship suggests that as pilots’ self-confidence increases, their 

perceptions of risk decrease. This decrease may result from either a more accurate 

understanding of risk as they gain more experience, or pilots may become 

overconfident in their abilities, resulting in lower risk perception scores. 

 

Table 8a 

Hypothesis Testing Results for Direct Relationships 
Hyp. Relationship B SE B β Critical Ratio p-value Outcome 

H1 Personality -> RP 1.40 0.242 0.35 5.77 *** Sup. 

H2 Personality -> SA 0.916 0.091 0.51 10.07 *** PS 

H3 Safety Attitudes -> RP -0.545 0.166 -0.24 -4.70 *** NS 

Note. RP = Risk Perception; SA = Safety Attitudes; Sup. = Supported; PS = Partially Supported; 

NS = Not Supported. While H3 is significant, it is in the opposite direction than originally 

hypothesized.  

*** significant at the level of 0.01 

 

Table 8b 

 

Hypothesis Testing Results for the Mediation Hypotheses 
 

Hyp. Relationship β 
95% CI p-value Outcome 

Lower Upper   

H4 Personality -> SA (M) -> RP -0.13 -0.775 -0.301 0.001 PS 

Not.: RP = Risk Perception; SA = Safety Attitudes; Sup. = Supported; PS = Partially Supported; 

NS = Not Supported 

* significant at the level of 0.05; ** significant at the level of 0.01  
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Figure 4 

Standardized Regression Coefficients 

 
Note. The standardized regression coefficients for direct paths of the significant mediation model. 

Standardized regression coefficients for the indirect path are in parentheses.  

*** indicates p = or < 0.001. 

Stage 1 – Discussion 

 The results from Stage 1 present some interesting findings. Personality, 

specifically openness and conscientiousness, were significant predictors of risk 

perceptions in pilots. This finding suggests that, in general, as personality scores in 

pilots increase, they may be more likely to perceive higher risk levels given specific 

scenarios. Personality was also positively related to self-confidence, perhaps 

relating to the desire to do what is right. While in the opposite direction than 

hypothesized initially, self-confidence was negatively associated with risk 

perception suggesting that more confident pilots may be willing to take more 

chances and thus perceive a lower level of risk. Alternately, more self-confidence 

may be resulting in pilots more accurately assessing risk as they experience 

increases. Further research is necessary to understand this interesting relationship 

better. 

Lastly, self-confidence significantly mediated the relationship between 

personality and risk perception, suggesting this relationship is, at least in part, 

explained by self-confidence. This indirect effect was negative, meaning that even 

for pilots with high personality ratings, self-confidence could result in a lesser 

perception of risk and potentially greater risk-taking. A pilot’s self-confidence is 

likely to play a role in their assessment of risk, but it appears that high levels of 

self-confidence could lead to a reduction in risk perception by pilots. Caution needs 

to be observed to ensure that increases in self-confidence do not offset the flight's 

overall safety. 
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Stage 2 – Results 

Stage 2 was used to compare the model with a separate sample from Stage 

1 to offer validation. Table 9 provides the model fit statistics for the final model 

from Stage 1 and the initial model run from Stage 2. The model fit statistics are 

exceptionally close, which suggests a valid model was found in Stage 1. 

 

Table 9 

Model Fit Statistics for the Stage 1 and Stage 2 Models 

Measure Ideal Adequate Minimum Stage 1 Model Stage 2 Model 

Absolute Fit Measures    

CMIN/DF 1 < 3 5 3.239 3.615 

SRMR < .06 < .08 0.10 0.0364 0.0383 

GFI > .95 > .90 0.90 0.961 0.957 

RMSEA < .05 < .08 0.10 0.040 0.043 

PCLOSE > .05 1.000 1.000 

Relative Fit Measures    

NFI > .95 > .90 0.90 0.935 0.930 

CFI > .95 > .90 > .80 0.954 0.948 

TLI > .95 > .90 0.90 0.950 0.940 

AGFI > .90 > .85 0.80 0.951 0.945 

 

 Aside from assessing the model fit statistics, IBM  SPSS  AMOS 26 can 

test for model invariance between multiple groups. In this study, Stage 1 and Stage 

2 were treated as separate groups. There are two conventional techniques for 

assessing invariance between groups through either the chi-square difference test 

or the CFI differential (Byrne, 2016). Researchers have found the chi-square 

difference test to be overly stringent to assess invariance (Cudeck & Browne, 1983; 

MacCallum et al., 1992). Therefore, the CFI differential was selected to test for 

model invariance (Cheung & Rensvold, 2002). Cheung and Rensvold (2002) 

suggested a cutoff value of .01 between CFI for the various models when assessing 

for invariance between models. Table 10 provides a summary of the CFI difference 

assessment between the two stages. Due to all models having no greater CFI 

difference than .01, the two models are considered invariant, and thus, there are no 

differences in the model between the two groups. 
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Table 10 

Comparison of the Two Models by CFI Difference Assessment 

Model CFI Δ CFI 

Unconstrained 0.951 - 

Measurement weights 0.950 .001 

Structural weights 0.951 .000 

Structural covariances 0.951 .000 

Structural residuals 0.951 .000 

Measurement residuals 0.946 .005 

 

Stage 2 – Discussion 

 The advantage of assessing validation is to determine the predictive aspects 

of the model. Without model validation on an independent sample, the original 

model is limited to being descriptive toward the data used to create it. Additionally, 

due to the model re-specification required in Stage 1, the validation sample in Stage 

2 helps verify the final hypothesized structure found in Stage 1. By comparing 

model fit statistics with a secondary and independent sample and assessing model 

invariance between the two samples using CFI differential, the findings suggest that 

the current model is predictive of the relationships between personality factors, self-

confidence, and risk perceptions.  

General Discussion 

 The relationships of a pilot’s attitudes between facets of their personality, 

safety attitudes, and risk perceptions are not well understood within the aviation 

community. While research in various other domains has found links between these 

factors (c.f., Newnam & Watson, 2011; Seibokaite & Endriulaitiene, 2012; Wills 

et al., 2006, 2009; Wishart et al., 2017), these research initiatives have not been 

primarily initiated with a pilot-based demographic and cannot be reliably 

transferred to this field. Much of early pilot training focuses on tools such as the 

‘IMSAFE’ mnemonic (illness, medication, stress, alcohol, fatigue, eating/emotion) 

as risk assessment tools, but these types of items do not offer great depth in 

understanding risk perception. Garnering a more robust understanding of these 

relationships may provide a multitude of advantages to the aviation community, 

including selection and training, accident avoidance, and higher perceived 

organizational safety (Kern, 1997; King et al., 2003; Taylor, 1952; Lamb, 2019; 

Wickens et al., 1993). To facilitate and quantify the understanding of these gaps in 

the literature, our study aimed to identify any relationship that may exist between 

personality via the Big Five model, safety attitudes through self-confidence, safety 

orientation, and risk orientation, and risk perceptions through general flight risk, 

altitude risk, and high-risk perceptions (Figure 1). Using a structural equation 
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model (SEM) and split-sample cross-validation, we provide and validate a model 

that quantitatively describes these relationships. 

 The proposed and validated model provides a bridge in this literature gap 

by quantifying these three constructs’ relationship. Through psychometric methods, 

reliability and validity testing deliver evidence of a validated relationship between 

the personality facets of conscientiousness and openness with self-confidence and 

risk perception. Specifically, we found that aspects of personality have a positive 

significant predictive value of risk perceptions. Further, by employing a SEM 

approach, we gained the capability to generate direct and indirect relationships 

between personality and self-confidence and their combined effects on risk 

perception. The resulting mediation analysis indicates that while facets of 

personality (i.e., conscientiousness and openness) do have a significant impact on 

a pilot’s risk perceptions, personality also directly affects one’s self-confidence, 

which also has a significant inverse effect on risk perception. 

 The study’s exciting finding was the potentially offsetting mediating role of 

self-confidence between personality and risk perception. An inverse relationship 

was found with the mediator of self-confidence, suggesting that higher self-

confidence levels may lower risk perception ratings. Naturally, as a pilot gains more 

experience, their self-confidence would likely increase. However, if this self-

confidence would yield decreased risk perception and greater risk-taking, the 

overall safety level could be reduced. Further research is necessary to explore the 

possible offsetting aspect of self-confidence and its relationship to risk perceptions 

and risk-taking behaviors.  

Practical Applications 

 Applications of this model are diverse and can include many 

implementations that consider a human pilot. For instance, personalities are 

intrinsic and based upon one’s life experiences (Goldberg, 1999). As such, any 

amount of training or intervention cannot likely change this factor about a pilot. 

However, knowledge could be gained by a pilot understanding their personality 

breakdowns, and this awareness could influence their decision-making and risk 

perception skills. For example, if a pilot is made aware of low levels of 

conscientiousness, they may be more cautious when perceiving risk levels. 

Additionally, our mediated model supports how some influence of 

personality on risk perceptions may be explained and modified due to self-

confidence. Of particular interest was the inverse impacts the mediator of self-

confidence had on risk perception, where increases in self-confidence resulted in 

lower perceptions of risk. Therefore, as pilots gain more self-confidence, they 

should identify if they are simply becoming more adept at assessing risk or taking 

part in riskier behaviors due to increased self-confidence. This finding is also 

relevant to flight instructors who may work with pilots on recurrent and continual 

training. In the training course, flight instructors could encourage a discussion with 
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the pilot about how their perceptions toward risk and risk-taking behaviors are 

evolving as they gain more flight hours. 

A further application of our model may provide a baseline to algorithmic 

pilot and co-pilot matching to adjust for possible safety or risk perception resonance 

(e.g., matching two pilots with similarly poor risk perception). Current pilot pairing 

algorithms rely on the availability and location of pilots, experience, and 

compatibility (Thiel, 2005; Yao et al., 2005). However, previously, with a 

fundamental understanding of how these factors influenced risk perception, 

algorithmically pairing aircrew to ensure compatible checks and balances of safety 

was not possible. A greater understanding of this information may be possible to 

implement pairing based on personality to create a low risk-tolerant flight crew in 

a validated form, although the logistics of this concept warrant further investigation 

of these relationships. 

Limitations 

 A few limitations bound the current study. The data collection utilized 

responses of members of the Aircraft Owner’s and Pilot’s Association (AOPA) in 

the United States. While any pilot can be a member of AOPA, the sample of 

participants in the current study focuses on Part 91 general aviation (GA) operations 

and not as much on Part 121/135 commercial airline operations. The AOPA 

membership body skews towards an older male population with high standard 

deviations for total flight hours in both GA and commercial operations. The 

researchers relied on honest and accurate participants' responses to self-report their 

answers on the survey form. However, it is recognized that future research should 

expand on the current sample to verify the findings from this study and increase the 

generalizability. 

The survey instrument's validity and reliability were assessed to ensure the 

data quality as part of the data analysis process, but certain items had to be revised. 

Further research to verify the validity of these instruments would seek to support 

the current study's findings and establish valid scales that could be used in many 

other research studies within the aviation field. Additionally, participating in 

activities such as seminars and online symposia, while a good practice, may not 

necessarily increase safety assessment or risk perception and further research is 

necessary to understand these relationships. Lastly, the low percentage of variance 

explained in risk perception suggests that more factors influence this variable. 

While the relationship between personality and self-confidence is interesting, along 

with the significant mediation of self-confidence, future research should examine 

what other factors influence pilots' risk perception.  

 

Conclusions 

 The purpose of the current study was to assess personality factors' influence 

on risk perception and the indirect effects through safety attitudes. A sample of 
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approximately 2,800 pilots was divided into two stages: model development and 

the other for model validation. Personality significantly influenced risk perception, 

while self-confidence was a significant mediator. The data indicated that high self-

confidence might result in reduced perceptions of levels of risk. Both the initial and 

validation models demonstrated a strong model fit.  
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Appendix A – Pattern Matrix from Exploratory Factor Analysis in Stage 1 

for the Three Second-Order Scales 

 
Big Five Inventory (BFI) (John & Srivastava, 1999) 

 

 Extra Open Consci Agree Neurot 

Cronbach’s Alpha 0.825 0.787 0.742 0.668 0.720 

BFI1 0.698     

BFI6* 0.697     

BFI21* 0.815     

BFI31* 0.618     

BFI36 0.668     

BFI17    0.673  

BFI22    0.552  

BFI32    0.592  

BFI42    0.557  

BFI3   0.729   

BFI13   0.543   

BFI18*   0.524   

BFI28   0.620   

BFI33   0.551   

BFI38   0.680   

BFI9*     0.560 

BFI14     0.601 

BFI19     0.678 

BFI39     0.628 

BFI5  0.785    

BFI15  0.632    

BFI20  0.547    

BFI25  0.800    

BFI40  0.528    

 

Note. Extraction Modes: Maximum Likelihood; Rotation Method: Promax with Kaiser 

Normalization; Rotation converged in 6 iterations; Extra = Extraversion; Open = Openness; 

Neurot = Neuroticism; Agree = Agreeableness; Consci = Conscientious; * indicates a reverse-

scored item. 
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Aviation Safety Attitudes Scale (Hunter, 1995) 

 Self-Confidence Safety Orientation 

Cronbach’s 

Alpha 
0.781 0.744 

ASAS2 0.621  

ASAS6 0.772  

ASAS8 0.735  

ASAS9 0.757  

ASAS13 0.533  

ASAS3 
 0.839 

ASAS15 
 0.744 

Note. Extraction Modes: Maximum Likelihood; Rotation Method: Promax with Kaiser 

Normalization; Rotation converged in 3 iterations. 

 

 

 

 

 

 

Flight Risk Perception Scale (Winter, Truong, & Keebler, 2019). 

 

 General Flight Risk Altitude Risk High Risk 

Cronbach’s 

Alpha 
0.799 0.825 0.633 

RPS1 0.698   

RPS2 0.745   

RPS3 0.566   

RPS4 0.737   

RPS5 0.569   

RPS6   0.495 

RPS7   0.656 

RPS8   0.655 

RPS9  0.609 0.307 

RPS10  0.471  

RPS11  0.923  

RPS13  0.826  

Note. Extraction Modes: Maximum Likelihood; Rotation Method: Promax with Kaiser 

Normalization; Rotation converged in 4 iterations. 
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