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Abstract 

This research investigated an expanded definition of intelligence that includes an 

individual’s performance on both general and emotional intelligence measures. 

Specifically, this study operationally defines global processing ability as an individual’s 

mean score on two psychological measures: an IQ measure (i.e. Raven’s Progressive 

Matrices) and an EI measure (i.e. Situational Test of Emotional Understanding). From 

there, I examined the relationship between inspection time for faces (i.e. emotional 

stimuli) and letters (i.e. non-emotional stimuli) with global processing ability, IQ, and EI. 

Results reveal that performance on inspection time for letters and faces independently 

predicted EI, IQ, and global processing ability. The experiment was constructed using 

open-source software and administered to 38 (n=38) participants that were recruited to 

take part in this experiment using Amazon’s MTurk. Further analysis and implications 

for the findings of this study, as well as avenues for future research, are formally 

discussed. 
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Chapter 1. 

Background 

 

In the broadest sense, intelligence can best be described as a set of traits or 

abilities that provide an individual with advantages to effectively solve problems and 

successfully navigate their environment. Evidence suggests that individuals endowed 

with optimized neurophysiological mechanisms that facilitate heightened information 

processing are more likely to thrive compared to individuals with limited ability to 

effectively manage incoming stimuli (Austin, 2005; Deary, 2013; Deary et al., 2010; 

Sternberg, 2012). Thus, an individual’s intelligence is characterized as the product of 

complex coordinated neural activity that synthesizes incoming stimuli in a fluid and 

flexible manner to assist in future problem solving (Austin, 2005; Deary, 2013; Gray et 

al., 2003; Sternberg, 2012). In practice, intelligence is measured by an individual’s 

performance on tests of fluid reasoning, more commonly known as intelligence quotient 

(IQ) tests. There is substantial evidence supporting the utility of IQ as it reliably predicts 

success throughout life and across a number of domains (e.g. academics, job 

performance, health) (Deary, 2013; Deary & Caryl, 1997; Sternberg, 2012).  

Although measures of IQ are useful indicators of fluid intelligence, they are not 

designed to capture all aspects of an individual’s overall- or global- processing ability 

(i.e. a gamut of higher order cognitive processes that may include general intelligence, 

emotional intelligence, etc.). Taking into consideration the idea of intelligence in the 
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most general sense—a set of abilities that assists an individual to thrive in their 

environment—a significant factor affecting an individual’s global capacity is their socio-

emotional ability (i.e. emotional intelligence; Mayer & Salovey, 1993). Accordingly, a 

growing body of research is focused toward developing a better understanding of the 

relationship between general and emotional intelligence and the influence these abilities 

have on an individual’s overall capacity to perform and succeed (Austin, 2005; Liu et al., 

2015; Mayer & Salovey, 1993).  

 

Emotional Intelligence 

Emotional intelligence (EI) is best defined as a set of skills or abilities that 

directly influence a person’s capacity to identify and understand the emotions of 

themselves, other individuals, as well as the capacity to use external and internal 

emotional information to guide future behaviors and decisions (MacCann & Roberts, 

2008; Mayer et al., 2001). EI is considered to be a fundamental unifying aspect of 

optimal cognition as emotions have evolved to maintain a critical role in our survival 

with specific influences on memory formation, decision-making, and reasoning 

(Damasio, 1998; Gazzaniga & Mangun, 2013). EI is directly responsible for an 

individual’s interpersonal skills as well as their capacity to use emotional information 

during affective situations (Austin, 2005; Mayer et al., 2001). Given the significance of 

emotions and EI, it seems necessary to extend on the basic characterization of 

intelligence by incorporating an affective domain.   

Research has investigated the relationship between EI, IQ, and performance in 

professional workplace settings. For example, Gondal and Husain (2013) found that EI, 
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rather than IQ, was significantly related to workplace performance based on the results 

observed in their cross-sectional study of over 300 employees. Specifically, the 

researchers found that increases in IQ alone were associated with decreased work 

performance. In contrast, individuals with increased performance on measures of EI were 

more likely to excel at their job. These results support EI’s unique influence on 

communication and interpersonal abilities, which positively impacts an employee’s 

capacity to effectively perform in the workplace (Gondal & Husain, 2013). The results of 

this research were corroborated by similar findings from Lam and Kirby (2002) 

suggesting EI contributes to increased work performance beyond what is explained by 

general intelligence. Analogous to studies in the workplace, research in academics 

revealed the impact of EI on academic performance. Parker and colleagues (2004) found 

a significant relationship between academic success and specific subfactors of EI (i.e. 

individual levels of intrapersonal capacity, adaptability, and stress management) when 

comparing college freshmen of different levels of academic success (i.e. students that 

made a B- or better vs. students that failed). The researchers found that they could predict 

which students would be academically successful with 82% accuracy and the 

unsuccessful students with 91% accuracy based on scores of EI variables. Furthermore, 

they found that the EI predictors explained between 8-10% of the variability in GPA for 

their sample. In summary, studies on workplace and academic performance suggest that 

EI is a critical domain of processing that is independent from IQ. Ultimately, these 

studies support the inclusion of EI in characterizing overall mental ability as EI uniquely 

influences cognition beyond that explained by IQ alone. 
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In order to investigate individual differences in global processing ability, it is 

necessary to examine the mental processes that influence both IQ and EI. In other words, 

research needs to consider if EI can be described using the same information processing 

approach as used in general intelligence (Austin, 2005). There are a number of 

psychological processes affecting individual performance on measures of IQ that could 

be useful tools for investigating EI (Austin, 2005; Mayer et al., 2001). These processes 

include: mental speed, reasoning ability, spatial awareness, and memory capacity (Deary, 

2013; Rindermann & Neubauer, 2004; Sternberg, 2012). While future research should 

consider each of these processes with respect to both IQ and EI, the current state of the 

literature suggests mental speed as an area of primary focus to investigate higher order 

cognition (Dodonova & Dodonov, 2012).  

Mental Speed 

Mental speed is a perennial topic of interest for cognitive scientists as the ability 

to quickly perform mental operations is associated with general intelligence as well as a 

marker of a healthy underlying nervous system (Burns & Nettelbeck, 2003; Kochunov et 

al., 2010; Schubert & Frischkorn, 2020). In fact, some researchers argue that the 

development of an individual’s IQ is dependent on their mental speed (Deary, 1995). 

Indeed, a review of the literature by Rindermann and Neubauer (2004), suggests that 

there is a strong correlation between IQ and mental speed: r value between .3-.6. 

However, an important factor to consider in the research is how mental speed is being 

measured. While almost all measures of mental speed require participants to perform 

some type of mental operation under a time constraint, they can differ significantly in 

terms of the difficulty and/or requirements of the task. The two primary measures of 
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mental speed traditionally used in psychological research are: reaction time and 

inspection time.  

Reaction time tasks are indirect measures of mental speed that require participants 

to make a quick voluntary movement in response to a specific stimulus (e.g. press a 

button as fast you can if you see a specific stimulus). The goal of the participant is to 

achieve maximum accuracy and minimum latency throughout each trial. In general, 

studies show that individuals with increased reaction time (i.e. the less time required to 

make a voluntary movement to make a decision about a stimulus) perform better on 

measures of general intelligence (Shepard & Vernon, 2008). However, some researchers 

have pointed out that reaction time measures require an instantaneous motor movement in 

response to presentation of a stimulus that could obscure results (Payne & Smith, 2013). 

In other words, some individuals may have a level of kinesthetic ability that either 

hinders or augments their ability, which misrepresents their true mental speed.  

Another indirect measure of mental speed is inspection time. Inspection time is 

defined as the amount of time required to accurately perceive a stimulus (Payne & Smith, 

2013). Inspection time tasks are designed to measure the minimum amount of time 

subjects need to consciously perceive a stimulus. Participants are briefly shown a 

stimulus and then asked a question about the stimulus displayed during the trial (e.g. Did 

you see the letter displayed during the trial?). Unlike reaction time measures, inspection 

time tasks don’t have a time constraint involved in answering the question. Researchers, 

such as Payne and Smith (2013), agree that inspection time provides a better method for 

measuring mental speed as the results are less confounded than those obtained through 

measures of reaction time. Specifically, inspection time tasks only measure the time it 



 

 6 

takes to accurately perceive stimuli rather than the time it takes to perceive the stimulus, 

make a decision about the stimulus, and then express that choice by rapidly pressing a 

button in response to the stimulus displayed during the trial. 

Research supports the experimental value of inspection time. For example, Deary 

and Stough (1996) found that inspection time explains more of the variance (20%) on 

fluid intelligence tests compared to any other factor. More importantly, Austin (2005) 

used structural equation modeling to demonstrate how performance on general and 

emotional intelligence measures as well as inspection time tasks of emotion and non- 

emotional information can be effectively explained by two distinct factors: an emotional 

speed factor and a general speed factor. Austin’s (2005) data suggests that the two-factor 

model was the best fit to their data. Moreover, it was argued that the EI can be considered 

using traditional psychometric methods of intelligence (Austin, 2005). Similarly, Payne 

and Smith (2013) used a novel inspection time task to examine the relationship between 

fluid intelligence and mental speed. Results of the experiment revealed that inspection 

time using basic letter stimuli was significantly associated with performance on measures 

of IQ.  

Therefore, this experiment is an extension of the research of Austin (2005) and 

Payne and Smith (2013). Using Payne and Smith’s (2013) inspection time task, this 

research will differ from most inspection time tasks in the literature as it includes: 

detection, identification, and discrimination. Most inspection time tasks only include a 

discrimination portion. Performance on measures of inspection time will be compared 

with performance on measures of IQ, EI, and global processing ability (i.e. general and 

emotional intelligence).  An advantage to using an inspection time task as an indirect 
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measure of mental speed is the ability to use simplistic low-level stimuli, which has been 

supported and suggested by a number of researchers (Austin, 2005; Liu et al., 2015; 

Payne & Smith, 2013). Using simple stimuli provides the ability to strip away extraneous 

detail so that the task is limited to measuring only the most basic underlying components 

and processes of cognition. Indeed, the elegance of the model represents a useful method 

to investigate relationships between inspection time and domains of higher order 

cognition through the use of low-level stimuli. Specifically, stimuli that most humans an 

enhanced ability to process. These types of low-level stimuli are emoji faces (e.g. J, L, 

K) and letters (e.g. R, B, or P). 

Faces & Letters 

Humans have a particular predisposition to process specific types of stimuli that 

facilitate evolutionary advantages such as increased social interaction, verbal and non-

verbal communication, problem solving, etc. (as reviewed in Gazzaniga & Mangun, 

2013). Two categories of visual stimuli fundamentally important in human social 

behavior are: faces and orthographic (written) language. Faces and orthographic language 

parallel in that they function to allow humans to identify and communicate non-verbal 

signals illustrating thoughts, ideas, and emotions. Interestingly, these types of stimuli 

parallel in structure and in function. At a neural level, each category of stimuli (faces and 

letters) is associated with a specific cortical area that just so happens to be located in the 

exact same location of the brain, just in opposite hemispheres- the visual word form area 

(VWFA) in the left fusiform gyrus and the fusiform face area (FFA) in the right fusiform 

gyrus (Haxby et al., 2000; Joseph et al., 2006; Kanwisher & Yovel, 2006; Polk et al, 

2002; Rossion et al., 2003). The VWFA and FFA seem to serve as the primary 
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mechanisms responsible for processing their corresponding stimuli as well as maintaining 

central roles in larger networks of information processing (Kanwisher & Yovel, 2006; 

Polk et al, 2002). Moreover, the activation of these neural pathways has been reported for 

both low and high-level feature stimuli in neuroimaging studies (e.g. pictures of emoji 

faces activates the same area as pictures of real faces in an fMRI study) (Binder et al., 

2006; Heinzel et al., 2008; Kanwisher & Yovel, 2006; Rossion et al., 2003). 

Aims & Hypotheses 

 The overall aim of this study is to examine the relationship between global 

processing ability, EI, IQ, and mental speed as measured by inspection time using faces 

and letters.  

Hypotheses 

Based on the results of the research discussed above, I hypothesize that 1) 

performance on measures of inspection time for faces and letters will reveal significant 

associations with performance on IQ and EI 2) performance on measures of inspection 

time for faces and letters will predict performance on measures of EI and IQ, 3) 

performance on measures of inspection time for letters will be significantly correlated 

with inspection time for faces 4) both inspection time for faces and letters will be 

correlated with and significantly predict global processing ability. A visual comparison of 

correlations should reveal stimuli and intelligence type that share the same domain (e.g. 

faces and EI) will show a stronger relationship as they rely on overlapping neural 

networks. It is necessary to understand how individual differences in processing speed of 

different categories of information relates to a person’s overall mental capacity (i.e. 
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global processing ability). Such insights may further elucidate the causal factors 

underlying differences in cognitive ability as well as the nature of cognition in general. 
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Chapter 2. 

Research Methods 

Participants 

 The COVID-19 pandemic significantly hindered the ability to perform studies in a 

normal laboratory setting. Therefore, the plan for my research had to be tailored so that 

participants could be both recruited and tested entirely over the internet. Thus, my study 

was constructed to interface with Amazon’s Mechanical Turk (MTurk). Seventy-seven 

subjects enrolled to take part in this study. Subjects that completed the study were 

financially compensated with a payment of $4.  

 This study was a quasi-experiment as the participants were not randomly assigned 

to a control or experimental group and each subject completed all the same tasks. Based 

on the goal and design of this study, it was necessary to utilize a quasi-experimental 

approach despite reducing the ability to establish causal relationships. 

Method and Measures  

Method 

 This experiment involved administering three (3) separate psychological measures 

to subjects: the Raven’s Progressive Matrices- short form (RPM), the Kenyon Speeded 

Measures (KSM) Inspection Time Task, and the Situational Test of Emotional 

Understanding- short form (STEU-b).  Each of the measures used in this study had to be 

developed and transferred into a web application using open-source software: jsPsych 
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and psiTurk (v3.2). jsPsych and psiTurk are open-source tools specifically developed for 

creating and deploying behavioral experiments online (de Leeuw, 2015; Gureckis et al., 

2016). The base framework of the entire experiment was constructed using jsPsych- a 

JavaScript library focused toward the construction of psychological experiments for 

online research (de Leeuw, 2015). In combination with jsPsych, I used the psiTurk 

platform for its built-in features, such as: a Python web server and direct compatibility 

with Amazon’s MTurk (Gureckis et al., 2016). Using jsPsych with psiTurk, streamlined 

the entire experimental process by facilitating the creation and transfer of consent forms, 

constructing the measures of the experiment, collecting data, participant debrief, and 

participant compensation (de Leeuw, 2015; Eargle et al., 2020; Gureckis et al., 2016). 

 One of the primary challenges to running an independent web-based experiment 

was hosting it in a secure yet accessible location for a reasonable price and minimal 

amount of additional technical difficulty. As the primary investigator, I had to ensure that 

participants working from their own computers received the experiment without 

functional decrements that would influence their performance on the experimental tasks. 

Moreover, I had to achieve this without compromising the security/confidentiality of the 

participants and/or myself. Overcoming these obstacles required a thorough examination 

of the methods and software that has commonly been used by other researchers.  

 After exploring various routes for running my study, I followed the advisement of 

Gureckis and colleagues (2016) and Eargle and colleagues (2020) to host the experiment 

as an application on the Heroku platform. Heroku’s cloud-based interface provided the 

security and performance capabilities to publicly host the experiment and securely collect 

data with minimal cost or technical difficulty. Importantly, Heroku was compatible with 
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the psiTurk platform, which utilizes a Python server to directly interface with Amazon’s 

MTurk. Heroku also solved the problem of real-time data storage by offering a public 

database that could securely hold participant’s data until final analysis. The data was 

stored in a private database created by Postgresql, an open-source database add-on with 

Heroku. Finally, Heroku provided the ability to publicly host the advertisement for my 

experiment, which potential participants could view before they chose to enroll in the 

study. This was a significant benefit as psiTurk’s advertisement server was deprecated in 

software versions 3.0 and beyond. The cost to use Heroku to host and store all of the data 

for the entire experiment was $50 a month. The experiment can be taken at the url: 

https://shielded-lake-89409.herokuapp.com/. Please note that you will not receive 

compensation unless the experiment is hosted on MTurk.  

 It is worth mentioning that a number of methods exist for securely hosting online 

experiments. Many of these techniques likely have a number of benefits that far surpass 

the methods and/or software used in this study. However, many of these techniques 

exceed the financial capacity of this study as well as far exceed my technical capability. 

The choice to build this experiment with open-source software and upload it as a cloud-

based application was the most efficient method that allowed me to focus on the research 

rather than becoming inundated with technical minutiae.  

 All data was encrypted on my system so that I was the only one able to access it 

throughout the study. Moreover, the database and all of the contents therein were 

promptly destroyed following final statistical analysis. The data was destroyed to ensure 

the rights and privacy of all of the participants that took part in the study.  
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Measures  

Raven’s Progressive Matrices- Short-form (RPM) 

 The subjects took an abbreviated form of the Raven Progressive Matrices (RPM) 

as an indicator of fluid intelligence (i.e. IQ). The RPM is a nonverbal measure of abstract 

reasoning that has been shown to be a reliable measurement of fluid intelligence. For 

example, according to Salthouse (2004), measures of abstract reasoning (e.g. the Raven’s 

progressive matrices) have a correlation of .89 with the hierarchical mental domain of 

reasoning.  Furthermore, the reasoning domain is a primary component of mental ability 

as in-depth factor analysis reveals a high loading factor of .97 on the general intelligence 

factor (g) (Salthouse, 2004). The RPM is widely agreed to be a valid non-culturally 

biased measure of general fluid intelligence (Arthur et al., 1999).   

During the task, a visual pattern was shown in a series of 3x3 matrices with one 

cell missing. Subjects were given 10 minutes to complete 21 problems. The experiment 

ended after 10 minutes regardless if the subject was finished or not. The task was 

designed so that the matrices became increasingly difficult as the subjects progressed 

through the test. Subjects were asked to analyze the matrix and choose the figure that best 

fits the overall pattern in the matrix. The pattern had to fit both vertically and horizontally 

across the matrix. Higher scores corresponded to higher levels of fluid intelligence (i.e. 

IQ).    

 The base code for the RPM task was created by Van Hedger (2020) using the 

matrix reasoning stimuli created by Matzen and colleagues (2010). In addition to a full 

RPM, Van Hedger (2020) created a short form using methods similar to Kane and 

colleagues (2004): taking the odd number trials from a full Raven’s test. Accordingly, the 
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RPM in this experiment was created using the odd number trials from List 1 of matrix 

stimuli created by Matzen and colleagues (2010) (see Matzen et al., 2010 for a full 

review of the stimuli). Furthermore, I administered the RPM under similar time 

constraints (i.e. 10 minutes for 21 questions) as researchers like Kane and colleagues 

(2004) to remain consistent with common practices in the field. (See Appendix 1 for all 

of the questions and stimuli that were in the RPM) 

Situational Test of Emotional Understanding- Short Form (STEU-b) 

The Situational Test of Emotional Understanding- short form (STEU-b) was a 

task used in my experiment to measure a person’s capacity for emotional understanding- 

a fundamental part of emotional intelligence (Allen et al., 2014; MacCann & Roberts, 

2008). During the task, participants were asked to identify either a correct emotional 

reaction or environmental stimulus that best corresponded to the situation described in the 

question. Higher scores corresponded to higher levels of emotional intelligence and 

understanding. Unlike the complete STEU, the STEU-b consisted of 19 items rather than 

44. Although the STEU-b did not have a time requirement, using the short-form required 

significantly less time to complete compared to the 44-item test. Psychometric testing 

showed that the STEU-b was a reliable psychological measure with a Chronbach’s alpha 

of .63 (Allen et al., 2014).   

The STEU and STEU-b have been traditionally administered directly to 

participants via paper and pencil. However, it was transferred into my experiment code 

and administered over the internet. Participants had to click on their answer for each 

question and once an answer was selected for a specific question, the participant could 

not return and change it later. Finally, four (4) catch-trials were included in the task to 
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ensure that participants were maintaining effort throughout the experiment. (See 

Appendix 2 to view all of the questions in the STEU-b task) 

Kenyon Speeded Measures Inspection Time Task (KSM) 

The Kenyon Speeded Measures Inspection Time Task (KSM) was an altered and 

expanded version based on Payne & Smith’s (2013) original task. Specifically, my KSM 

task expanded to include blocks with emoji type stimuli (i.e. J, L, K) as well as letter 

stimuli. Furthermore, certain changes were made to other aspects of the task. The goal of 

was to have each section mirror each other while only differing in stimulus type. For 

example, only three (3) letters (i.e. R, G, P) were used to create an equal number of 

different letters to match the use of three (3) different emoji faces during face trials. 

Moreover, stimulus presentation times had to be slightly altered for optimal online 

presentation and administration. Finally, catch-trials had to be randomly inserted 

throughout the different blocks to ensure effort and attention were maintained from 

participants (i.e. trials with exaggerated stimulus presentation lengths to measure if 

participants are actually paying attention to the task). 

As mentioned above, the presentation lengths had to differ from those used by 

Payne and Smith (2013) to allow the experiment to work on standard 60 Hz monitors. 

Without altering some of the presentation times (e.g.16 and 30 ms to 16.67 and 33 ms) 

users with a 60Hz monitor would have been displayed a blank screen for trials less than 

60 (see Moore, 2021 for a complete explanation of refresh rates and stimulus display 

times). 

Letter Detection & Identification The letter detection and identification block consisted 
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of trials where participants were displayed either a letter or a blank screen. Essentially, 

participants would be shown a stimulus and then asked two questions: 1) if they saw a 

letter displayed during the trial and 2) what the letter was displayed during the trial.  

 Participants were presented with a target stimulus: R, B, P or a blank screen 

throughout the 32 test trials of the detection and identification block. Each type of stimuli 

was randomly presented two times at the various presentation lengths (i.e. 16.67, 33, 60, 

and 80ms). Thus, each stimulus was presented for eight (8) out of the 32 test trials 

presented during the block. Four (4) catch-trials were included with 32 test trials for a 

total of 36 test and catch trials during the block. Catch-trials were constructed using one 

of the stimuli with an exaggerated presentation length of 1000ms to ensure participants 

were paying attention rather than just clicking buttons to move through the experiment. 

Again, trial order was completely randomized.   

 During the task, subjects were presented with a “Ready?” screen and then 

instructed to push the space bar to begin the trial. Each trial consisted of a foreperiod of 

500 ms. The foreperiod was followed by an exogenous attention capture (i.e. “#”) 

presented for 30 ms. The exogenous capture of attention used to specify the location for 

participants to focus their gaze. The imperative, or target, stimulus followed presentation 

of the exogenous attention capture. The imperative stimulus was presented for the 

designated stimulus duration for the specific trial (i.e. presentation for 16.67, 33, 60, or 

80 ms). Following presentation of the imperative stimulus was a backward mask 

stimulus: “#”. The backward mask was displayed for 300ms. Subjects were then asked to 

respond if they saw a target letter by pressing “Y” for yes or “N” for no on the keyboard. 

Next, participants were asked to specify the letter presented during the trial by pressing 
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the corresponding letter on the keyboard: press “R” if R was displayed, press “B” if B 

was displayed, press “P” if P was displayed or pressing “X” if no letter was presented 

during the trial. Two scores were calculated for each participant by analyzing the percent 

correct for both letter detection and letter identification. Higher average scores 

represented increased mental speed. Figure 1 displays the sequence of screens displayed 

to a participant during a letter detection and identification trial. 

 

 

 

 

 

Figure 1. Letter Detection & Identification Trial 

Figure 1 is a visual representation of the series of events that were displayed on the screen during a single 

letter detection & identification trial. The participant was presented with a “Ready?” screen with 

instructions to press the space bar when they were ready to initiate the trial. By pressing the space bar, the 

trial was initiated and the sequence was displayed. Following this sequence of events, participants were 

asked if a letter was displayed during the trial displayed during the trial. Participants responded by 

pressing “Y” for yes or “N” for no on the keyboard. Participants were then asked to indicate what letter 

they saw during the trial by pressing either “R”, “B”, or “P” on the keyboard. If the trial was blank, 

participants were instructed to press “X”. All letters and symbols (“#”) were displayed in size 36-point 

font. 

Letter Discrimination Letter discrimination was the second block of trials in the letter 

inspection time task. The letter discrimination block consisted of 36 total trials: 32 test 
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trials and four (4) catch trials. During each trial, two letters were presented together and 

participants were required to indicate if the letters presented were the same or different by 

pressing certain keys on the keyboard. The letters presented during trials were: BB, RB, 

PP, BP, RR, and PR. Similar to the letter detection and identification block, the target 

letters were presented for a varying amount of time (i.e. 16.67, 33, 60, or 80ms). Exactly 

16 trials presented pairs of letters that were the same (e.g. RR, BB, PP) and the other 16 

test trials were pairs of letters that were different (e.g. PR, RB, BP). Four catch trials with 

a 1000ms stimulus duration were also randomly interspersed throughout the test trials.     

 The trial layout for letter discrimination was the same as the letter detection and 

identification trials. The participant was instructed to press the space bar on the keyboard 

when they were ready to begin the trial. When the trial was initiated, a blank screen was 

displayed for 500 ms as a foreperiod. Following the 500 ms foreperiod was the 

exogenous attention capture: “#” which was presented 30 ms. The target stimulus was 

displayed after the exogenous attention capture for a varying length of time (i.e. 16.67, 

33, 60, or 80ms). The backward mask (i.e. the “#” sign) was presented for 300 ms after 

display of the target stimulus. See Figure 2 for a visual representation of the sequence of 

screens displayed during a trial. Participants were then required to indicate if the target 

letters from the previous trial were the same or different by pressing “1” for same and “3” 

for different.  

 A score was computed by calculating the average test trial accuracy for each 

participant during the letter discrimination block. The higher the percentage correct 

corresponded to increased mental speed capacity.  
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Figure 2. Letter Discrimination Trial 

Figure 2 is a visual representation of the series of events that were displayed on the screen during a single 

letter discrimination trial. The participant was presented with a “Ready?” screen with instructions to press 

the space bar when they were ready to initiate the trial. By pressing the space bar, the trial was initiated 

and the sequence was displayed. Following this sequence of events, participants were asked if the letters 

displayed during the trial were the same or different. Subjects indicated their answer by pressing “1” on 

the keyboard for the same or “2” for different. All letters and symbols (“#”) were displayed in size 36-

point font. 

Face Detection & Identification The face detection and identification task were designed 

to match the parameters of the letter inspection time measures except replacing emoji 

faces for letters.  The target face stimuli: J, L, K were low-detail, animated faces that 

displayed three distinct emotions or states of being: happy J, sad L, and neutral K. The 

fourth target stimulus was a blank screen that participants had to detect and identify. The 

face detection and identification consisted of 32 test trials and four (4) catch trials similar 
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to the previous blocks of trials. Accordingly, each type of target stimuli was displayed for 

a total eight (8) times during the block.    

 A practice question and detailed answer were a part of these instructions. Again, 

participants didn’t begin the task, or the individual trials, until they indicated they were 

ready via pressing the space bar on the keyboard. More specifically, subjects were 

presented with a “Ready” screen and instructed to push the space bar to begin the 

subsequent trial.  

 When a trial was initiated, a blank screen was presented as a foreperiod of 500 

ms. An exogenous capture (i.e. “#”) was then presented for 30 ms. Following the 30 ms 

presentation of the exogenous attention capture was presentation of either a target face 

stimulus or a blank trial. A backward mask (i.e. “#”) was presented for 300 ms following 

the presentation of the imperative stimulus. Finally, subjects were asked to indicate if 

they saw a face during the trial by pressing “Y” for yes or “N” for no. Then, subjects 

were asked to identify the emotion by using the mouse to click one of the buttons on the 

screen labeled: happy, sad, neutral, or blank. The size of the face stimuli was 28-point 

font. Although this was slightly smaller than the 36-point font size used for the letters, it 

allowed both stimulus types to take up approximately the same amount of room on the 

screen. See Figure 3 for a visual representation of the sequence of screens displayed 

during a trial.  

 Two scores were calculated for each participant by analyzing the percent correct 

for both face detection and face identification. Higher scores indicate increased mental 

speed. 
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Figure 3. Face Identification and Discrimination  

Figure 3 is a visual representation of the series of screens that were displayed on the screen during a single 

face detection & identification trial. Following this sequence of trials, participants were asked if a face was 

present during trial. Participants responded by pressing “Y” for yes or “N” for no on the keyboard. 

Participants were then asked to indicate the face displayed during the trial by clicking one of the buttons 

on the screen labeled either “happy”, “sad”, or “neutral” on the keyboard. If the trial was blank, 

participants were instructed to press “blank”. The faces were displayed in size 28-point font and symbols 

(“#”) were displayed in size 36-point font so that the face image occupied approximately the same area on 

the screen as the letter and “#” symbols.  

Face Discrimination The face discrimination portion was the final condition of the KSM 

inspection time task as well as the final measure of the experiment. Again, participants 

were given a set of instructions and a practice question with a detailed answer that they 

were required to read through before proceeding to the test trials. 

 The trial layout for this block was consistent with the previous inspection time 

blocks above. The target stimuli were a pair of emoji faces which were either displaying 

the same or different facial expressions. Participants were required to judge if they were 
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the same by pressing “1” on the keyboard for same or “3” on the keyboard for different. 

See Figure 4 for an example of the screens shown during a trial. See Figure 4 for an 

example of the screens shown during a face discrimination trial. 

 

 

 

 

 

 

Figure 4. Face Discrimination Trial  

Figure 4 is a visual representation of the series of events that were displayed on the screen during a single 

face discrimination trial. The participant was presented with a “Ready?” screen with instructions to press 

the space bar when they were ready to initiate the trial. By pressing the space bar, the trial was initiated 

and the sequence was displayed. Following this sequence of events, participants were asked if the faces 

displayed during the trial were the same or different. They indicated their answer by pressing “1” on the 

keyboard for the same or “3” for different. The faces were displayed in size 28-point font and symbols 

(“#”) were displayed in size 36-point font so that the face image occupied approximately the same area on 

the screen as the letter and “#” symbols. 

The face stimuli displayed during the task were happy-happy (JJ), sad-sad 

(LL), neutral-neutral (KK), happy-sad (JL), happy-neutral (JK), sad-happy (LJ), 

sad-neutral (LK), neutral-happy (KJ), and neutral-sad (KL). The size of the stimuli 

was consistent with the previous block of face trials which were a size 28-point font. As 



 

 23 

previously mentioned, this was slightly smaller than the 36-point font for letters but 

ultimately made the letters and faces occupy approximately the same amount of area on 

the screen.  

There was a total of 24 trials in the block with 12 trials being “same” (i.e., the faces 

displayed during the trial were the same) and 12 trials being “different” (i.e., the faces 

displayed during the trial were different). The 24 trials in the block were randomized 

such that each of the four (4) stimulus durations (80, 60, 33, or 16.67 ms) were used 

during six (6) different trials. 

 A single score was calculated for each participant by analyzing the  percent correct 

for face discrimination. Higher scores indicate increased mental speed. 
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Chapter 3. 

Results 

 

Participants  

A total of 77 workers from Amazon’s MTurk attempted my online experiment. 

Only subjects that completed the entire experiment and achieved an accuracy of 75% or 

greater on the catch trials were included in my statistical analysis. Thus, 39 of the 

subjects were dropped from the database as they failed to adequately meet the 

performance standards. Specifically, the 39 participants performed significantly below 

75% accuracy on catch trials. Furthermore, many of these participants also seemed to be 

pressing the same button over and over again to quickly move through the experiment.  

Thus, only 38 participants (n= 38) adequately completed the experiment and used in the 

analysis. All participants that completed the study were compensated with $4 via 

Amazon’s MTurk.  

Procedure 

Participants were recruited through advertisements posted on Amazon’s MTurk. 

In order to enroll in the study, each worker was required to consent to a list of terms and 

requirements. The requirements of my study were: be 18 years or older, be a native 

English speaker, have normal vision (i.e. 20/20) or wear corrective lenses, use a desktop 

or laptop computer with a high-definition display (i.e. refresh rate of 60 Hz or higher), no 

smart phone or tablets, and subjects may only participate once. These requirements, as 

well as a brief outline of the purpose and design of the study, were discussed in both the 
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consent form and in the advertisement hosted on Amazon’s MTurk. The consent form 

also discussed the rights of the subject to discontinue participation at any time and for 

any reason. Furthermore, subjects were made aware of the need to remain focused as 

catch-trials were going to be inserted throughout the various tasks of the experiment. 

Subjects that agreed to these requirements consented by clicking “I agree” on the consent 

form. If a participant indicated they did not consent then they were immediately 

redirected away from the study.  

If a worker consented to take part in the study, they were immediately redirected 

to the home page of the experiment. The first task of the experiment was the RPM task 

(i.e. a measure of IQ). Subjects were given detailed instructions for the RPM that they 

were required to read and navigate through on the computer. Following the instructions, 

participants were given a practice question. The practice question was displayed exactly 

like the questions presented during the task. The practice question consisted of a 3x3 

matrix with eight (8) possible answer choices displayed below the matrix. Subjects were 

asked to click on the answer choice that best completes the overall pattern in the matrix. 

After choosing an answer choice, participants were shown a screen detailing what the 

correct answer was and why. Participants were instructed to press “Enter” on the 

keyboard when they were ready to begin the task.  

Questions on the RPM task were displayed one at a time to reduce clutter on the 

screen. Participants were continuously reminded that once they selected an answer for a 

given question, they would not be able to change their answer. Workers were given 10 

minutes to complete the entire task. After 10 minutes, the RPM task ended and the 
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participant was moved to the STEU-b portion of the experiment. No catch-trials were 

inserted throughout the RPM task. 

After arriving at the STEU-b task, participants were given an overview and 

instructions for the task. Again, participants were required to read through the 

instructions and then take a practice question. The practice question was followed by a 

detailed explanation of the correct answer. Participants were warned that selecting an 

answer during the STEU-b would move them to the next question and that they could not 

return to previous questions to change their answers. There was no time limit for the 

STEU-b task. Catch-trials were included throughout the STEU-b. A reminder about 

catch-trials was included in the STEU-b instructions to warn and incentivize participants 

to pay attention during the task. Catch-trials were questions similar to those in the STEU-

b except the correct answer was exceptionally obvious.  

 After completing the STEU-b, participants were redirected to the final task of the 

experiment: the KSM inspection time task. The KSM inspection time measure was 

comprised of two (2) different blocks of trials for each stimulus type. More specifically, 

the first part of the inspection time test was the letter portion, which consisted of two 

blocks: 1) Detection and Identification and 2) Discrimination. Accordingly, the second 

part of the task was the faces portion, which consisted of the two same blocks: 1) 

Detection and Identification 2) Discrimination.  

 Each part of the KSM inspection time task included: instructions, a practice 

question, and a detailed explanation of the correct answer. Participants were required to 

self-initiate each part of the task as well as each trial within. This offered participants the 
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ability to refocus between each trial and minimize the chance of participants experiencing 

cognitive fatigue.   

 Following completion of the final task, participants were congratulated on their 

success and debriefed on the experiment. My email was given (i.e. the principal 

investigator of the project) as the primary contact for any questions comments or 

concerns that the participants may have experienced during or after the experiment.  

When participants were ready to end the experiment, they pressed a button labeled: 

“Submit HIT”. By submitting the hit, the participants results were saved to the Postgresql 

database so that they could be verified for adequate completion of catch-trials and then 

used for my analysis. 

Data Collection 

Data was collected using a Postgresql database that was directly connected to the 

Heroku platform. A Python script was used to parse the data from Postgresql and then 

transferred into an Excel file where it would be sorted and transposed for transfer into 

SPSS. After transfer into SPSS, the data was analyzed to test the hypotheses of the 

experiment. All of the data was destroyed following final submission of this thesis to 

ensure the privacy and security of the participants. 

Data was collected from each participant on each trial of the experiment. More 

specifically, the experiment was coded such that data on each trial reflected: the worker 

ID, the trial accuracy, the trial question, the trial answer, and the response given. These 

specific columns of data were collected for a number of purposes: to check the 

participants accuracy for each trial, to provide the ability to keep track of and analyze 
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data by different question types, and to provide the ability to visually identify possible 

issues that exist in the code (e.g. all participants show that they got the question incorrect 

even though response column is equal to the answer column).     

A number of calculations were performed once the data was collected. First, data 

had to be reorganized for each participant so that it could be used for statistical analysis. 

Specifically, the trial-by-trial results for each participant were used to compute 

performance accuracy totals for the RPM and the STEU-b, performance accuracy on each 

speed measure for each stimulus type (i.e. accuracy for letter discrimination, face 

discrimination, letter identification, etc.), and performance accuracy on each speed 

measure for each stimulus type across different stimulus durations.  Total catch-trial 

accuracy for each participant was analyzed and used to remove participants that 

inadequately completed the catch-trials.  

Three (3) new variables were computed based on the tasks in the experiment: 

inspection time for faces, inspection time for letters, and global processing ability. 

Inspection time for faces and letters was computed by taking the participant’s average 

accuracy on the detection, identification, and discrimination trials for each respective 

stimulus type. Finally, a score of global processing ability was created by averaging a 

participant’s score on the STEU-b and RPM. 

 Descriptive statistics about each task are included. Descriptive data on 

participants was not collected for this study. I decided not to collect descriptive data on 

participants to maximize their confidentiality as this experiment was performed 

completely over the internet. Although future studies may benefit by including 

descriptive information- such as: age, sex, and/or highest level of education- there was no 
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direct theoretical necessity to include it.  The inferential statistics used for testing my 

hypotheses were: Pearson Correlations, General Linear Model- ANOVA, and both 

Simple and Multiple Linear Regression.  

Descriptive Statistics 

The descriptive statistics for performance on the RPM, STEU-b, and the 

inspection time task for faces and letters are listed in Table 1. Global processing ability is 

presented in the table and the data collected from the KSM task is listed in terms of a 

combined speeded measures score for each stimulus type (i.e. IT-Letters & IT-Faces) as 

well as three individual speeded measures for each stimulus type (i.e. Letter Detection, 

Letter Identification, Letter Discrimination, etc.). All of the data is described on the same 

scale as mean accuracy for each measure. 

The data shows that participants performed better on the measure of fluid 

intelligence (RPM) (M= .59) than on measures of emotional intelligence (STEU-b) (M= 

.54). Furthermore, the results indicate that on average participants performed better 

overall on the letter inspection time task compared to the face inspection time task. 

Inspection Time Tasks  

 Figure 5 illustrates average accuracy for each face inspection time condition as a 

function of stimulus duration and Figure 6 represents average accuracy for each letter 

inspection time task as a function of stimulus duration. Standard error bars are included 

to describe differences between type of speeded measure. In Figure 5, the graph shows a 

significant difference in face detection accuracy compared to identification or 

discrimination. Face identification accuracy was not significantly different across all 
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stimulus durations except 16.67 ms. These results are similar to those observed by Payne 

and Smith (2013) for letter inspection time.  

Figure 6 shows that letter identification does not significantly differ from 

detection across all stimulus duration lengths except for 33 ms and 16.67 ms trials. 

Moreover, the graph shows that letter identification was significantly different from 

discrimination trials across all stimulus durations except for 16.67 ms trials. These results 

were peculiar as they differed from the data observed by Payne and Smith (2013) for 

letter stimuli. Specifically, data for inspection time for letter stimuli from Payne and 

Smith (2013) were more consistent with results for face stimuli in this experiment, which 

showed that participants were significantly more accurate for detection trials as compared 

to identification or discrimination trials. In contrast, data for letter stimuli in this study 

showed that accuracy for detection and identification did not significantly differ while 

discrimination did. The differences from Payne and Smith (2013) could be the result of 

using fewer letters in our experiment although future experiments should be performed to 

further investigate these differences.  
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Table 1. Descriptive Statistics  

Variables Mean N Min Max Std. Deviation 

RPM .59 38 .29 .90 .17 

STEU-b .54 38 .11 .84 .22 

Global .57 38 .30 .80 .17 

IT- Letter .74 38 .46 .96 .11 

IT-Faces .69 38 .48 .95 .11 

Letter Detect .80 38 .38 1 .14 

Letter Ident .76 38 .38 1 .15 

Letter Discrim .64 38 .47 .88 .09 

Face Detect .83 38 .50 1 .12 

Face Ident  .61 38 .28 .88 .14 

Face Discrim .64 38 .21 1 .14 

RPM: Raven’s Progressive Matrices, STEU-b (measure of IQ): Situational Test of 

Emotional Understanding (measure of EI), IT-Letter: mean accuracy of letter detection, 

identification, and discrimination, IT-Faces: mean accuracy of letter detection, 

identification, and discrimination 
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Figure 5 Face Inspection Time Performance  

Average accuracy for detection, identification, and discrimination for faces. Standard 

error bars are included to describe differences between type of speeded measure. 

Detection is significantly higher than identification and discrimination. 

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

80 60 33 16.67

Av
er

ag
e 

Ac
cu

ra
cy

Length of Stimulus Presentation (milliseconds)

Inspection Time Performance 
Faces

Face Detection Face Identification Face Discrimination



 

 33 

 

Figure 6. Letter Inspection Time Performance  

Average accuracy for detection, identification, and discrimination for letters. Standard 

error bars are included to describe differences between type speeded measure. Detection 

and Identification are significantly higher from 33-80 ms. 

A 3x4x2 within subjects factorial General Linear Model ANOVA was performed 

to examine the effect of speeded measures (detection, identification, discrimination), 

stimulus duration (80, 60, 33, 16.67 ms), and stimulus type (letters and faces) on 

accuracy.  

Mauchly’s test indicated that the assumption of sphericity had been violated for 

speeded measures, c2(2)= 18.457, p<.001, stimulus duration, c2(5)= 21.750, p<.001, 
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stimulus type on speeded measures, c2(2)= 17.932, p<.001, speeded measures on 

stimulus duration, c2(5)= 134.068, p <.001, and speeded measures on stimulus duration 

and stimulus type, c2(20)=67.257, p < .001 therefore degrees of freedom were corrected 

using Greenhouse-Geisser estimates of sphercity (e=.714 for task type; e=.699 for 

stimulus duration; e= .464 for speeded measures x stimulus duration; e=.718 speeded 

measures x stimulus type; e=.682 for speeded measures x stimulus duration x stimulus 

type). Mauchly’s test indicated that the assumption of sphericity had not been violated for 

stimulus duration on stimulus type c2(5)=7.786, p=.169. 

There was no significant three-way interaction effect for speeded measures on 

stimulus duration and stimulus type found, F(4.092,151.417)=1.450, p=.219.  

There was a significant main effect for speeded measures (F(1.427,74)= 60.50, 

p<.001), stimulus duration, F(2.096,77.534)=68.330, p<.001, and stimulus type, 

F(1,37)=10.078, p=.003. However, simple main effect analysis were performed as 

multiple two-way interaction effects were found to be significant.  

There was a significant two-way interaction effect found for speeded measures on 

stimulus duration, F(2.986,103.085)=5.284, p=.003. The interaction effect shows that 

accuracy on detection, identification, and discrimination was different between 16.67, 33, 

60, and 80 ms stimulus duration. Bonferroni-adjusted comparisons are reflected in the 

three tables below. Table 2 displays the two-way interaction effects for speeded measures 

x stimulus duration for detection only. The results show accuracy significantly increased 

as stimulus duration increased from 16.67 ms through 60 ms (all were significant at 

p<.001). There was no significant difference for detection accuracy between 60 ms and 
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80 ms trials (p=1.0). Table 3 displays the complete two-way interaction effects for 

speeded measures x stimulus duration for identification only. Identification accuracy 

significantly increased from 16.67 through 60 ms (p<.001). There was no significant 

difference for identification accuracy between 60 ms and 80 ms trials (p=.301). 

Discrimination trials reveals a similar overall trend with accuracy increasing as stimulus 

duration increases. However, accuracy for discrimination did not significantly increase 

between 16.67 ms and 33 ms trials (p=1.0) nor did it significantly increase from 60 ms to 

80 ms trials (p= 1.0). The complete discrimination data is shown in Table 4. 

Table 2. Interaction Effect: Speeded Measures Type x Stimulus Duration (Detection)  

Speed 

Measure 

Stimulus 

Duration 

(ms) 

Stimulus 

Duration 

(ms) 

Mean 

Difference  

Std. Error Sig. 95% Confidence 

Interval for 

Difference 

Lower 

Bound 

Upper 

Bound 

Detection 16.67  33 -.183* .029 .000 -.263 -.102 

60 -.294* .037 .000 -.398 -.191 

80 -.306* .039 .000 -.414 -.198 

33  16.67 .183* .029 .000 .102 .263 

60 -.112* .022 .000 -.173 -.050 

80 -.123* .023 .000 -.186 -.061 

60  16.67 .294* .037 .000 .191 .398 

33 .112* .022 .000 .050 .173 

80 -.012 .016 1.000 -.056 .033 

80  16.67 .306* .039 .000 .198 .414 

33 .123* .023 .000 .061 .186 

60 .012 .016 1.000 -.033 .056 

* Statistically significant at p<.001 level. Accuracy significantly increased as stimulus 

increased from 16.67 ms to 60 ms on detection trials. No significant difference occurred 

from 60 ms to 80 ms.   
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Table 3. Interaction Effect: Speeded Measure Type x Stimulus Duration (Identification) 

Speed  

Measure 

Stimulus 

Duration 

(ms) 

Stimulus 

Duration 

(ms) 

Mean 

Difference  

Std. 

Error 

Sig. 95% Confidence 

Interval for 

Difference 

Lower 

Bound 

Upper 

Bound 

Identification 16.67 33 -.158* .029 .000 -.239 -.077 

60 -.275* .034 .000 -.370 -.180 

80 -.316* .036 .000 -.416 -.215 

33 16.67 .158* .029 .000 .077 .239 

60 -.117* .022 .000 -.179 -.055 

80 -.158* .023 .000 -.223 -.093 

60 16.67 .275* .034 .000 .180 .370 

33 .117* .022 .000 .055 .179 

80 -.041 .020 .301 -.098 .016 

80 16.67 .316* .036 .000 .215 .416 

33 .158* .023 .000 .093 .223 

60 .041 .020 .301 -.016 .098 

*Statistically significant at p<.001. Accuracy significantly increased as stimulus 

increased from 16.67 ms to 60 ms on identification trials. No significant difference 

occurred from 60 ms to 80 ms.  
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Table 4. Interaction effect: Speeded Measure Type x Stimulus Duration (Discrimination) 

Speed 

Measure 

Stimulus 

Duration 

(ms) 

Stimulus 

Duration 

(ms) 

Mean 

Diff. 

Std. 

Error 

Sig. 95% Confidence 

Interval for 

Difference 

Lower 

Bound 

Upper 

Bound 

Discrimination 16.67 33 -.023 .031 1.000 -.109 .063 

60 -.170* .030 .000 -.254 -.086 

80 -.170* .033 .000 -.262 -.078 

33 16.67 .023 .031 1.000 -.063 .109 

60 -.147* .030 .000 -.231 -.063 

80 -.147* .035 .001 -.245 -.049 

60 16.67 .170* .030 .000 .086 .254 

33 .147* .030 .000 .063 .231 

80 1.110E-16 .024 1.000 -.067 .067 

80 16.67 .170* .033 .000 .078 .262 

33 .147* .035 .001 .049 .245 

60 -1.110E-16 .024 1.000 -.067 .067 

*Statistically significant at p<.001. Accuracy significantly increased from 33 ms to 60ms. 

No significant increase from 16.67 to 33 ms or 60 to 80 ms. 

There was a significant two-way interaction effect of stimulus type on task 

condition, F(1.436,53,149)=32.143, p<.001. The interaction effect shows that accuracy 

for faces and letters was different between detection, identification, and discrimination 

tasks. Bonferroni-adjusted comparisons indicated that detection accuracy for faces was 

.048 higher than for letters (p<.001). Results also indicated that identification accuracy 

for letters was .147 higher than for faces (p<.001). Discrimination accuracy for letters 

was .037 higher than for faces but the results were not statistically significant (p=.148). 

There was a final significant two-way interaction effect for stimulus type on stimulus 

duration F(3,111)=5.420, p=.002. The interaction effect shows that accuracy for letters 
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and faces was different across 16.67, 33, 60, and 80 ms stimulus durations. Bonferroni-

adjusted comparisons revealed a significant difference for accuracy of 60 ms trials 

between letters and faces with accuracy for letters being .078 higher than for faces 

(p<.001). Another significant difference was found for accuracy of 80 ms trials between 

letters and faces with accuracy for letters showing to be .08 higher than for faces 

(p<.001).  There was a non-significant difference for accuracy of 16.67 ms trials between 

letters and faces with accuracy for faces showing to be .03 higher than letters (p=.245). 

Another non-significant difference for accuracy of 33 ms trials between letters and faces 

revealed that letters were .054 higher than for faces (p=.057). 

Simple main effect analysis revealed a significant decrease in accuracy as 

stimulus duration increased from 16.67 ms to 33 ms (p<.001) and from 33 to 60 ms 

(p<.001). There was no significant change from 60 ms to 80 ms (p =1.0).  

Simple main effect analysis also revealed a significant difference in accuracy for 

stimulus type. Specifically, participants were significantly more accurate for letter stimuli 

trials (p=.003).  

Finally, simple main effect analysis revealed a significant difference in accuracy 

for speeded measures type. Specifically, detection trials are significantly more accurate 

than identification and discrimination. (p<.001). However, there was no significant 

difference between identification and discrimination (p=.290). 
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Table 5. Complete list of Pearson Correlations 

 
Variables 1 2 3 4 5 6 7 8 9 10 11 

1 RPM 1           

2 STEU .530** 1          

3 Global .846** .901** 1         

4 IT- Faces .439* .556** .575** 1        

5 IT- Letters .354** .456** .469** .722** 1       

6 Letter Detect  .334* .405* .425** .698** .944** 1      

7 Letter Ident .398* .425** .472** .708** .968** .936** 1     

8 Letter Discrim .176 .398* .341* .493** .735** .508** .584** 1    

9 Face Detect .369* .471** .486** .848** .806** .836** .823** .419** 1   

10 Face Ident .444** .544** .569** .905** .659** .577** .636** .552** .768** 1  

11 Face Discrim .300 .396* .403* .785** .398* .399* .372* .280 .428** .527** 1 

**. Correlation is significant at the .01 level (2-tailed); *. Correlation is significant at the .05 level
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Correlations 

 Table 5 provides a complete list of Pearson correlations.  Consistent with my third 

hypothesis, Table 5 reveals a significant positive association between inspection time for 

faces and inspection time for letters (r(36)= .722, p<.001). Therefore, I can reject the null 

for my third hypothesis because inspection time for faces is significantly correlated with 

inspection time for letters.  

Table 6 reveals correlations of performance accuracy on different speed measures 

or face and letter stimuli compared with performance on IQ, EI, and Global processing 

ability.  All relationships are significantly correlated except between IQ performance and 

performance accuracy on discrimination trials of face and letter stimuli.  

Table 6. Associations between performance accuracy on the different speed measures for 
letter and face stimuli on IQ, EI, and global processing ability 
 IQ EI Global 

Task  Faces Letters Faces  Letters Faces Letters 

Detection .369* .334* .471** .405* .486** .425** 

Identification .444** .398* .544** .425** .569** .472** 

Discrimination .300 .176 .399* .398* .403* .341* 

**. Correlation is significant at the .01 level (2-tailed) 

*. Correlation is significant at the .05 level (2-tailed)  

 

Table 7 reports the results from 2-tailed Pearson correlations measuring the 

relationship between inspection time for faces and letters with performance on the RPM, 

STEU-b, and global processing ability. The results communicate inspection time for 
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faces and letters has a positive significant association with EI, IQ, and global processing 

ability. Based on the data shown in Table 7, I reject the null for my first hypothesis.  

Table 7. Association between performance accuracy on  
 

Stimulus RPM STEU-b Global 

Faces .439** .556** .575** 

Letters  .362* .418** .469** 

**.Correlation is significant at the .01 level (2-tailed) 

*. Correlation is significant at the .05 level (2-tailed)  

 

Interestingly, the relationship between inspection time with faces and intelligence 

tasks shows a larger correlation with EI and IQ compared to inspection time for letters. 

The strength of this relationship may be the result of both faces and EI belonging to the 

same domain of information.   

Finally, the correlations displayed in Table 7 reveal the significant association 

between inspection time for faces and letters with performance on global processing 

ability. Moreover, Table 7 reveals that inspection time for both letters and faces show 

larger associations with global processing ability than with the measure of IQ or EI alone. 

Again, global processing shows a stronger relationship with inspection time for faces 

than inspection time with letters. 

Table 8 presents correlations of accuracy on IQ, EI, and global processing ability 

against different stimulus presentation durations during the detection, identification, and 

discrimination measures for letters. For letter detection, performance accuracy is 
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significantly associated with IQ, EI, and global processing ability on 16.67 ms trials. 

Performance accuracy for EI and global processing ability is significantly associated with 

EI and global processing ability for 33 ms trials. Performance accuracy for 60 and 80 ms 

trials was not significantly associated with any measures of intelligence. For letter 

identification, performance accuracy is significantly associated with IQ, EI, and global 

processing ability for 16.67 and 33 ms trials. Performance accuracy for EI and global 

processing ability is significantly associated with EI and global processing ability for 60 

ms trials. Performance accuracy for 80 ms trials is not significantly associated with any 

measure of intelligence.  

 

Table 8. Correlations between stimulus duration on inspection time measures for letter 
stimuli with performance on IQ, EI, and global processing ability. 
Stimulus 
Exposure 
Duration 

Detection Identification Discrimination 

IQ EI Global IQ EI Global IQ EI Global 

80 .090 .274 .218 .143 .247 .229 .165 .429** .354* 

60 .151 .282 .255 .224 .338* .327* .162 .377* .320* 

33 .236 .367* .352* .321* .378* .402* .217 .067 .153 

16.67 .384* .274 .369* .427** .322* .422** -.213 -.010 -.103 

**.Correlation is significant at the .01 level (2-tailed). 

*. Correlation is significant at the .05 level (2-tailed).
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Table 9 displays associations of performance accuracy on IQ, EI, and global 

processing ability against different stimulus presentation durations during the detection, 

identification, and discrimination measures for face stimuli. For face detection, 

performance accuracy for 33 and 60 ms trials are significantly correlated with IQ, EI, and 

global processing ability. Performance accuracy for 16.67 and 80 ms trials were not 

significantly associated with any measure of intelligence on face detection. Similarly, for 

face identification, accuracy on 33 and 60 ms trials were significantly associated with IQ, 

EI, and global processing ability while performance accuracy for 16.67 and 33 ms trials 

are not significantly associated with any measure of intelligence. For face discrimination, 

performance accuracy for 33 ms trials was significantly associated with global processing 

ability. Also, performance accuracy for 80 ms trials was significantly correlated with IQ, 

EI, and global processing ability.  

Table 9. Correlations between stimulus duration on inspection time measures for face 
stimuli with performance on IQ, EI, and global processing ability  
Stimulus 
Exposure 
Duration 

Detection Identification Discrimination 

IQ EI Global IQ EI Global IQ EI Global 

80 .036 .284 .197 .163 .220 .222 .383* .493** .506** 

60 .376* .359* .418** .524** .558** .619** .107 .178 .167 

33 .376* .481** .495** .417** .510** .534** .285 .313 .343* 

16.67 .266 .272 .307 .230 .340* .332* .011 .060 .044 

**.Correlation is significant at the .01 level (2-tailed) 

*. Correlation is significant at the .05 level (2-tailed)  
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To be thorough, first order correlations were performed to examine the linear 

relationship between inspection time for faces with performance on measures of IQ, EI, 

and global processing ability while controlling for inspection time for letters. Inspection 

time for faces revealed a significant correlation with EI (r=.405, p<.013) and global 

processing ability (r=.407, p=.012). A first order correlation between inspection time 

with face stimuli and IQ was not significant (r= .277, p=.097). Conversely, first order 

correlations were performed on inspection time for letters and IQ, EI, and global 

processing ability when controlling for faces. Results revealed that inspection time for 

letters was not significantly associated with IQ (r=.078, p=.646), EI (r=.038, p=.823), or 

global processing ability (r=.068, p=.689) when controlling for inspection time for faces.  

Regression 

The original plan for this experiment was to perform a multivariate multiple 

regression to test if inspection time for faces and inspection time for letters significantly 

predicted performance on IQ and EI. Furthermore, I planned to run a multiple regression 

to test if inspection time for faces and inspection time for letters significantly predicted 

performance on global processing ability (i.e. the average accuracy from performance on 

the RPM and STEU-b). However, the data revealed that my model had an issue with 

multicollinearity as inspection time for faces and inspection time for letters were 

significantly correlated. When multiple regression models were run with both variables 

only one variable would explain a significant amount of the variance with the other 

variable adding a negligible amount to the overall model. Thus, I decided to write up a 

series of multiple and linear regressions for each dependent variable (i.e. IQ, EI, and 

global processing ability) to best detail the findings for both independent variable types. 
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While it may seem unnecessary, it offers a thorough analysis of the relationship between 

the different variables measured in this experiment.   

For example, a multiple regression was carried out to test if inspection time for 

faces and inspection time for letters significantly predicted performance on global 

processing ability. The results of the regression model indicated that the two predictors 

(inspection time for faces and inspection time for letters) explained 33.6% of the variance 

and the model significantly predicts global processing ability F(2,35)= 8.864, p<.001. 

While inspection time for faces contributed significantly to the model (b= .732, p<.05), 

inspection time for faces did not ( b=.166, p=.575). The final predictive equation for this 

model was: Global processing ability= -.065 + (.732*Inspection Time for faces) + 

(.166*Inspection time for letters).  

 Another multiple regression was carried out to test if six different predictor 

variables (average accuracy for letter detection, letter identification, letter discrimination, 

face detection, face identification, and face discrimination) significantly predicted 

performance on global processing ability. Interestingly, the results indicated that the six 

variables explained 36% of the variance (an increase from the previous multiple 

regression) and the model significantly predicts global processing ability F(6,31)= 2.904, 

p<.05). However, the results found that none of the six predictors were significant 

contributors to the model. Ultimately, I decided to perform the remainder of regression 

analysis using the inspection time for faces and inspection time for letters variables rather 

than the individual tasks (e.g. letter detection, letter identification, etc.). 

 A linear regression was performed to test if inspection time for faces significantly 

predicts global processing ability. Indeed, results indicated that the model explained 33% 
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of the variance and the model significantly predicted global processing ability F(1,36)= 

17.745, p<.001. The observed results support inspection time for faces is a significant 

predictor of global processing ability, which is consistent with my fourth hypothesis 

(b=.853, p<.001). The final predictive model is summarized by the equation: global 

processing ability = -.024 + (.853*inspection time for faces). Another linear regression 

was carried out to test if inspection time for letters significantly predicts global 

processing ability. Results indicated that the model explained 22% of the variance and it 

significantly predicted global processing ability F(1,36)=10.129, p=.003. These findings 

support my fourth hypothesis, inspection time for letters significantly predicts global 

processing ability (b=.693, p=.003). The final predictive model is explained by the 

equation: global processing ability= .052 + (.693*inspection time for letters)  

 A multiple regression was carried out to test if inspection time for faces and 

letters significantly predicts IQ as measured by performance on the RPM. Results 

indicated that the two predictors explained 19.6% of the variance and the model 

significantly predicted IQ F(2,35)= 4.258, p<.05. Results showed that neither inspection 

time for faces (b= .582, p=.089) nor inspection time for letters (b=.119, p= .723) 

significantly contributed to the overall model. The model is described in the equation: IQ 

= .099 + (.582*inspection time for faces) + (.119*inspection time for letters).  

 A linear regression was performed to test if inspection time for faces significantly 

predicts IQ as measured by scores on the RPM. Results indicated that the model 

explained 19.3% of the variance and the model significantly predicted IQ, F(1,36)= 

8.596, p<.01. In support of my second hypothesis, inspection time for faces significantly 
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predicted IQ (b=.668, p<.01). The predictive equation for the model was: IQ= .127 + 

(.668*Inspection time for faces) 

Another linear regression was performed to test if inspection time for letters 

significantly predicts IQ as measured by scores on the RPM. Results indicated that the 

model explained 12.6% of the variance and that the model was significant, F(1,36)= 

5.169, p<.05.  Again, these results are consistent with my second hypothesis as inspection 

time for letters significantly predicted performance on the IQ measure (b=.537, p< .05). 

The final predictive model was: IQ = .192 + (.537*Inspection time for letters). 

 A multiple linear regression was carried out to test if inspection time for letters 

and faces significantly predicts EI as measured by the STEU-b. Results indicated that the 

two predictor variables explain 31.5% of the variance and the model is significant 

F(2,35)=8.064, p=.001. Only one of the predictor variables significantly contributes to 

the model as they are significantly correlated. When the inspection time for faces 

variables is entered first into the model it was found to significantly contributed to the 

model (b=.882, p<.05) while inspection time for letters did not (b=.214, p= .572)- note 

that these values were flipped if inspection time for letters was entered first. The final 

predictive model was: EI = -.228 + (.882*Inspection time for faces) + (.214*Inspection 

time for letters).  

 A linear regression was performed to test if inspection time for faces could 

significantly predict EI as measured by performance on the STEU-b. Results indicated 

that the model explained 30.9% of the variance and was statistically significant, 

F(1,36)=16.105, p<.001. In support of my second hypothesis: inspection time for faces 
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significantly predicted EI (b=1.037, p<.001). The final predictive model was: EI = -.176 

+ (1.037*Inspection time for faces).  

Another linear regression was performed to test if inspection time for letters could 

significantly predict EI. Results indicated that the model explained 20.8% of the variance 

and the model was statistically significant F(1,36)= 9.473, p<.01. Thus, these results 

support my second hypothesis as inspection time for letters significantly predicted EI (b= 

.849, p<.01). The final predictive model was: EI = -.087 + (.849*Inspection time for 

letters)                

 Based on regressions results, the data shows a significant ability to predict 

performance on IQ and EI measures based on inspection time for face and letter stimuli, 

which is consistent with my second hypothesis. Thus, I reject the null for my second 

hypothesis.                          

Results from the regressions analysis suggest that inspection time for faces and 

letters significantly predicts performance on measures of EI and IQ as well as global 

processing ability. Furthermore, based on results from Pearson correlations and 

regression analysis inspection time with letters and faces were found to be associated 

with and predict global processing ability. Thus, I can confidently reject the null for my 

fourth hypothesis. More importantly, the results of this study suggest emotional 

processing’s significant relationship with mental speed and intelligence. Possible 

implications and future directions will be formally discussed.  
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Chapter 4 

Discussion 

 

The primary goal of this experiment was to expand on the IQ-inspection time 

research of Payne and Smith (2013) and the EI-inspection time research of Austin (2005). 

Given the importance of emotional ability for success in everyday life, this study 

introduced a new term- global processing ability- that was characterized by an 

individual’s averaged score on measures of general and emotional intelligence. The 

purpose of including global processing ability served to expand on the traditional 

definition of intelligence to include an emotional domain. With that being said, this 

experiment utilized Payne and Smith’s (2013) novel inspection time task to investigate 

the relationship between mental speed and performance on IQ, EI, and global processing 

ability using low-level stimuli (i.e. faces and letters). In general, the results were 

consistent with the results of Payne and Smith (2013) and Austin (2005) although some 

interesting differences were observed.  

Results of this experiment reveal that inspection time for faces and letters were 

significantly associated with performance on EI, IQ, and global processing ability. 

Furthermore, regression models of inspection time for faces and letters were found to 

significantly predict performance on EI, IQ, and global processing ability. Interestingly, 

the results of this experiment support the utility of including emotional intelligence for 

measuring individual differences in cognition. Indeed, researchers, such as Austin (2005), 

have suggested the psychometric qualities of emotional processing. Specifically, the 
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results of this study suggest that that inspection time for both faces and letters had a 

stronger association with the measure of EI rather than IQ. However, global processing 

ability reveals the strongest associations with performance on inspection time for face 

and letters suggesting a more robust characterization of problem-solving abilities than IQ 

or EI alone. 

As previously mentioned, inspection time for faces was shown to be the best 

predictor of EI, IQ, and global processing ability. These results may represent face 

processing’s critical role in human behavior such that small differences in the ability to 

quickly perceive face stimuli reflects larger differences in the nervous system and 

processing ability of an individual. Thus, individuals with the ability to accurately 

perceive face stimuli after a brief presentation have the optimal underlying neural 

mechanisms facilitating higher order cognition.  

This research revealed significant information about the relationship between 

inspection time for emotional and non-emotional stimuli with the ability to predict 

performance on measures of EI, IQ, and global processing ability. However, a number of 

limitations exist that need to be discussed. 

Limitations 

A number of potential limitations exist in this experiment. One limitation from this 

experiment is the sample size. I was forced to drop 50% of the participants due to 

inadequate completion of catch-trials. However, due to difficulty with MTurk’s 

dashboard all of the participants that completed the experiment were receiving payment 

regardless of their catch-trial accuracy. Thus, instead of continuing to collect data I was 
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forced to cut the experiment short as I only had so much funding. If I were to perform 

this experiment again, I would ensure participants were not rewarded simply for 

completing the study rather they would need to perform the catch-trials to a certain 

minimum accuracy to receive payment. I would also incentivize effort by offering 

bonuses based on accuracy per trial. Increasing the number of participants would assist in 

achieving more meaningful data. 

 A possible factor of limitation to consider is the use of shortened measures. This 

includes the KSM inspection time task, which had significantly less trials than Payne and 

Smith’s (2013) version. Although the reliability of the short-form RPM and STEU-b have 

both been established, it is recognized that a simple mistake in the shortened version has 

a larger impact on the participant’s overall results. While these minor influences on an 

individual score may seem benign, they may cumulatively have a significant impact on 

the overall results of the study.  

Another potential limitation of this study is in the design. Specifically, 

participants were unable to change their answer on questions in the RPM and STEU-b. 

Pressing an answer choice moved the participant to the next question even if it was on 

accident. This may have slightly altered the true scores of some participants given that 

these were short-form versions of the RPM and STEU-b. Future versions should allow 

participants to change their answers while they are still on that task.  

Future Directions 

Future research should expand on the methods and procedures used in this study 

to further investigate the relationship between mental speed and specific types of higher 
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order cognition. Additional low-level stimuli should be added to the KSM inspection 

time task for further investigation. Future studies will also need to investigate other 

processes affecting individual performance on measures of IQ, which could also be 

useful for investigating individual differences of EI as well as other domains of higher 

order cognition (Austin, 2005; Mayer et al., 2001). These processes include: reasoning 

ability, spatial awareness, and memory capacity (Deary, 2013; Rindermann & Neubauer, 

2004; Sternberg, 2012).  

A critical future direction for this research is to investigate other measures of IQ 

and EI. The RPM and STEU-b only focus on specific factors related to general and 

emotional intelligence. Therefore, it is necessary to incorporate other measures of IQ and 

EI so that all factors related to general and emotional intelligence can be thoroughly 

investigated. Additionally, it may be necessary to incorporate descriptive data about the 

participants in future studies. For example, participant age, sex, and highest level of 

education may provide the data necessary to gain a greater understanding of the sample 

as well as the information needed for more meaningful analysis. 

 In general, using one or a combination of these suggestions will allow researchers 

to explore complex questions and processes of human cognition. More specifically, using 

inspection time (or another mental process involved in information processing) with 

simple stimuli and neuroimaging techniques, provides the opportunity for researchers to 

capture and analyze an almost infinitesimally small amount of cognition, which then can 

be used to model the activity of entire networks of the brain. From there, researchers 

could begin constructing computational models of neural activity to further develop our 

understating on how basic cognitive processing influences higher order cognition (or vis 
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versa). Creation of such models will have a significant impact on our ability to 

understand, treat, and/or augment the human brain through mastering the processes 

within.   
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Appendix 1. 

Raven’s Progressive Matrices (RPM) Stimuli 

 

Stimuli from List 1- short form created and published by: 

Matzen et al., (2010) 

 

Practice) 

 

 

 

 

 

 

 

 

 

Q1) 
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Q19)  

 

Q20) 

 

 

Q21) 
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Appendix 2. 

Situational Test of Emotional Understanding (STEU-b) Questions 

Situational Test of Emotional Understanding- Brief (STEU-B) Stimuli  

The Situational Test of Emotional Understanding- short form (STEU-b) is a test designed 

to measure a person’s capacity for emotional understanding. According to research, 

emotional understanding is a fundamental part of emotional intelligence (Allen et al., 

2014, MacCann & Roberts, 2008).  

The test consists of a series of 19 questions. In each question, a situation is given and you 

must choose which emotion listed in the answer choices is most likely to fit the situation 

described in the question. When you have decided which emotion corresponds to the 

situation described in the question, press the button labeled with that emotion on the 

screen.  

Practice) 
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Q2) 

 

 

 

 

 



 

 64 

Q3) 
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