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Abstract 

 

Individuals process information to form expectations about future outcomes. 

This paper focuses on how students form grade expectations, and whether 

students’ measure of locus of control affects the way information is processed to 

form expectations. I find there to be substantial differences in the way 

expectations are formed based on locus of control. Students with an internal 

locus of control tend to condition on information about effort, while those with 

an external locus of control form expectations subject to information about their 

self-perceived ability. Further, students with internal locus of control hold higher 

grade expectations and perform better academically. This paper enhances our 

understanding of expectation formation and the role of locus of control in 

explaining academic outcomes.  
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1. Introduction 

In order to make decisions under uncertainty, agents often form expectations on future 

outcomes. However, how these expectations are formed and what information is used to 

generate these beliefs is still not well known. This is because few studies have focused 

on collecting data on subjective expectations and understanding how it is used to form 

expectations (Manski, 2004; Zafar, 2011b; Delavande, 2008). Recent theoretical work 

in this area suggests that agents choose to hold biased expectations because it provides 

direct utility benefits (Brunnermeier and Parker, 2004; Foster and Frijters, 2013b), 

which differs from traditional economic theory which asserts that expectations are 

realised without error and so there should be no bias.  

A more common approach to understanding expectation formation is via information 

sets. Under this framework, agents are assumed to use the same information processing 

rules to process information sets and form expectations. However, information often 

comes from different sources and may not always be processed in the same way. The 

overwhelming majority of studies which investigate differences in information 

processing rules have focused mainly on analysing subgroups of the sample based on 

easily observable characteristics, such as age or occupation (Dominitz, 1998; Smith et 

al, 2001; Lochner, 2007). This raises an obvious question about whether characteristics 

that cannot be easily observed, such as non-cognitive traits, may also affect how 

information is processed.  

While the understanding of the conceptual link between non-cognitive traits and 

expectation formation is limited, non-cognitive traits have been studied quite 

extensively in understanding choice behaviours. Filer (1986) found that personality 

traits and preferences are key drivers of occupational choices. Similarly, Heckman et al 
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(2006) examined the role of cognitive and non-cognitive traits in explaining observed 

behaviours such as occupational and schooling choices. In an educational context, 

Delaney et al (2013) found that a student’s measure of future orientation and 

conscientiousness is an important determinant of their attendance in lectures and self-

study time. However, to my best knowledge, no previous literature has associated non-

cognitive traits with expectation formation. Moreover, in order to better understand how 

student makes choices over their study behaviours, it is clear that an understanding of 

how students formulate and perceive returns to their effort is needed. The aim of this 

thesis is to fill in this gap in the literature by focusing on a specific non-cognitive trait: 

locus of control.  

Locus of control is defined to be “a generalized attitude, belief, or expectancy regarding 

the nature of the causal relationship between one’s own behaviour and its 

consequences” (Rotter, 1966). Locus of control is generally conceptualised as either 

being internal or external. Those with an internal locus of control are described to 

believe outcomes in life are due to their own actions, while those who believe outcomes 

are due to external factors and out of their personal control are described to have an 

external locus of control. This psychological concept has been studied extensively 

within economics and has been found to have a significant influence on earnings, 

occupational attainment and academic performance (see Phares, 1976; Andrisani, 1977; 

Heineck and Anger, 2010; Osborne Groves, 2005; Andrisani, 1977; Baron and Cobb-

Clark, 2010). However, not much is known whether locus of control influences the 

cognitive process of expectation formation.  

I conjecture that information processing rules vary by an individual’s locus of control 

because it is associated to one’s belief of personal control on future outcomes. A student 
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with an internal locus of control believes he has control over outcomes in life and is, 

thus, more likely to expend effort and form expectations by conditioning on information 

about his expended effort. In contrast, a student with an external locus of control 

believes outcomes are due to external factors, and may be more likely to condition on 

information about factors they have no control over (e.g. innate ability). This suggests 

that locus of control will not only influence the information that is used to form 

expectations, it also suggests that students with an internal locus of control may perform 

better academically as they care more about outcomes and are more likely to expend 

effort. This thesis is particularly interested in assessing these predictions. 

To summarise, two questions are of primary interest in this thesis: How do differences 

in locus of control impact students’ information processing rules? And via this 

association with information processing rules, to what extent does an individual’s locus 

of control disadvantage them in terms of academic performance, if any? 

In order to answer these questions, I take advantage of a rich dataset of survey 

responses from business school students at the University of Technology, Sydney 

(UTS) and University of South Australia (UniSA). A measure of locus of control is 

obtained from a set of seven questions from the Pearlin and Schooler (1978) Mastery 

Scale. Based on the locus of control score, the sample is divided into two subgroups to 

indicate either an internal or external locus of control.  

I find that locus of control has a substantial effect on the information that is processed to 

form grade expectations. Results are generally consistent with my predictions. Students 

with an internal locus of control tend to form expectations by conditioning on 

information about their study behaviours, while information about their self-perceived 

abilities has no meaningful influence on expectations. On the other hand, those with an 
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external locus of control tend to condition on variables about their self-perceived 

abilities, while information about study behaviours has no meaningful influence.  

Additionally, my results indicate that students with an internal locus of control tend to 

expect and achieve higher grades. This difference is largely due to students with an 

internal locus of control receiving higher returns from their study behaviours than 

students with an external locus of control. This may seem surprising given that locus of 

control is a non-cognitive trait
1
, but is largely consistent with the literature which 

conclude that individuals with an internal locus of control tend to enjoy better economic 

outcomes. 

This thesis contributes to the growing literature on subjective expectations. More 

specifically, it enhances our understanding of how locus of control affects information 

processing rules in expectation formation. Few other studies have examined expectation 

formation in an educational context, with the exceptions of Stinebrickner and 

Stinebrickener (2008) and Zafar (2011b). While those studies benefit from collecting 

multiple expectations data from students over time, enabling the authors to analyse the 

dynamic aspect of expectation revisions, this study differs in that it is able to uncover 

differences in information processing rules by specifically examining the role of locus 

of control. Due to data constraints, this is an area which is still largely unexplored by 

researchers and my results highlight the importance of incorporating non-cognitive 

traits in understanding expectation formation. 

The remainder of this thesis is organised as follows. Chapter 2 reviews the literature on 

different models of expectation formation. Chapter 3 outlines the conceptual framework 

and Chapter 4 provides an overview of the data used in the analysis. Econometric 

                                                 
1
 Other non-cognitive traits include personality, self-efficacy, risk preference and self-esteem. They differ 

from cognitive traits which economists often regarded to be related to productivity and intelligence, such 

as ability, education and experience (Kuhn and Weinberger, 2005). 
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results are presented and discussed in Chapter 5. Finally, Chapter 6 concludes and 

provides a discussion of possible extensions in this area of research.  
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2. Literature Review 

This literature review will explore some of the main contributions by researchers in 

recent decades to the area of subjective expectations. I begin by examining early studies 

on rational expectations and discuss how researchers have explained expectation 

formation from a utility-based approach. I then examine an alternate approach in the 

literature which use information sets to understand expectation formation, and contrast 

this with recent research which has extended on this approach to understand the 

dynamic aspect of expectation revisions.  

2.1. Rationality of Expectations 

Early studies on expectations have focused on analysing whether expectations conform 

to the rational expectations hypothesis and assessing whether expectations are biased. 

These studies have mainly concentrated on testing the properties and finding the 

determinants of expectations. Hamermesh (1985) studied the accuracy of expectations 

by asking respondents about their expected probability of survival to a certain age. 

Using historic mortality data, he reported that expectations corresponded well to 

population mortality rates conditional on various health factors. He also found that 

individuals tended to have greater variance in their beliefs about their life expectancy 

compared to historic mortality data. However, his study was restricted to a small sample 

in which over half the respondents were male economists from academic institutions, 

who are familiar with expectations and probability theories. The non-random sample is 

problematic, as the historical mortality data used is generated from the population.  
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While Hamermesh (1985) found that life expectancies corresponded well with historical 

survival rates for middled-aged adults, a similar study by Fischhoff et al (2000) on 

adolescents found abnormally pessimistic beliefs about survival rates to the age of 20. 

They reported that the median subjective percentage chance of death before age 20 in 

their sample of respondents was 10%, compared to the mortality rate of only 0.4% at the 

time. A study by Locher (2007) also found that respondents substantially over-predicted 

the probability of crime victimization, such as robbery or burglary. While the authors 

cautioned against the interpretation that individuals are inaccurate about their 

expectations, contradictions in the literature suggest that the notion of rational 

subjective expectations is not very well supported. In fact, most studies have found a 

general tendency for individuals to hold biased beliefs about future outcomes (Zafar, 

2008; Delavande, 2008; Foster and Frijters, 2013). A question which then arises is how 

are these expectations formed, and what explains the beliefs that individuals choose to 

hold? 

2.2. Formation of Expectations: Utility-Based Approach 

Some recent studies in the economics literature have attempted to understand 

expectations formation from a utility-based approach, where agents are assumed to 

derive utility from their expectations. Agents maximise their expected utility by 

choosing to hold optimistic beliefs about the future, principally because it provides 

direct utility benefits. Brunnermeier and Parker (2004) construct a model in which 

expectations on future outcomes lead to direct utility benefits. They found that a small 

optimistic bias in beliefs led to a higher gain in anticipatory utility. This is because 

agents who care about future utility will want to overestimate the probability of a good 

payoff (Brunnermeier and Parker 2004). However, this study only provides a theoretical 
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framework for expectation formation and assumes that each agent’s subjective 

distribution of future outcomes can be accurately observed, making empirical estimation 

of this utility-based approach model a very difficult, if not impossible, task.  

The concept of expectations providing direct utility is a relatively new concept in 

economics, which differs from traditional economic theory which asserts that there is no 

utility-based reason for systematic biases in expectations. However, overconfidence and 

overoptimism are common observations in studies on subjective expectations. In 

expectation theory, overconfidence is described as the distribution of realizations 

exceeding the distribution of expectations, and overoptimism is defined as the central 

tendency for expectations to exceed the central tendency of realizations (Manski, 2004).  

These two observations can be found in studies by Zafar (2009) and Stinebrickner 

(2011), who observe that students are both overconfident and overoptimistic about their 

future GPA expectations. Controlling for ability and actual performance, Foster and 

Frijters (2013a) also find that higher-ability students hold more optimistic expectations 

of their future grades. Researchers who have investigated the sources of overoptimism 

and overconfidence have generally favoured a utility-based explanation, where holding 

high expectations provides direct utility benefits. Frijters et al (2012) studied the effect 

of income expectation on life satisfaction, and found that optimistic beliefs are 

associated with direct happiness. This result is also consistent with other literature, 

which has identified strong positive effects of holding optimistic expectations on current 

satisfaction and utility (Loewenstein, 1987; Senik, 2008; Knight and Gunatilaka, 2010).  

Another notable study by Foster and Frijters (2013b) aimed to develop a more rigorous 

approach to expectations formation. The study compared and analysed three different 

theories about expectation formation in an educational context and provided empirical 
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evidence about the components that contribute towards a student’s grade expectation. 

They conclude that the neoclassical theory of expectations, where the agent’s optimal 

belief is realized with no systematic error and hence provides no utility, is not very well 

supported by the data compared to their other models which incorporate a form of 

utility benefit from holding high expectations. Their second and third models provide an 

outlet for the agent to experience some utility from expectations, by conceptualising 

expectations as a consumption good and a reflection of self-esteem, respectively. By 

treating expectations as a consumption good in the second model, agents “savour” 

future outcomes because of the associated utility benefits, explaining why there is a 

general tendency for overoptimism in expectations. Their third model considers 

expectations as a reflection of self-esteem. Utility benefits come from inflated 

perceptions of own ability, which entail a degree of self-delusion as agents produce 

biased beliefs about their own ability as they process informative signals about 

themselves. They conclude that the concept of optimistic expectations providing utility 

to agents is well supported. An agent’s inflated self-perception of their own ability is 

strongly related to utility and associated to holding high expectations. However, all their 

models are highly parameterised and also rest on relatively strong assumptions which 

make generalisation of their results to choice behaviour difficult.  

2.3. Expectation Formation: Information Sets 

Some other studies have taken an approach of understanding how expectations are 

formed from information sets. An implicit assumption in this literature is that 

expectations are formed as a function of all past and current information that an agent 

has available. Experimental economists have studied how students update their beliefs 

with new information. In an experimental study by Wiswall and Zafar (2011) about the 
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determinants of college major choice, respondents were asked about their beliefs 

regarding expected earnings upon graduating with certain majors. Respondents were 

then provided with information about the true population distributions of earnings 

conditional on major choice and the experimenters observed how this new information 

caused subjects to revise their beliefs. They observed that expectations are revised in 

logical ways when faced with new information. This is consistent with the results of 

Viscusi and O’Connor (1984) and El-Garmal and Grether (1995), who demonstrate new 

information causes agents to revise their assessment of future outcomes via learning 

mechanisms. Experimental studies like these, however, are often conducted within 

controlled and highly stylized environments, which focus on learning over very short 

time periods.  This makes interpretation of their results about expectations formation 

over longer periods and in less restrictive scenarios difficult and unreliable, as 

expectation formation in real life often requires persons to process information 

generated from a wide range of sources (Manski, 2004).  

Increasingly, more researchers are trying to understand expectation formation from 

information sets in less restrictive contexts. Smith et al (2001) used survey responses to 

understand how elderly individuals formed longevity expectations. They find a strong 

relationship between longevity expectations and information about the respondent’s 

general health, physical activity level and income levels. In another study on the 

criminal justice system, Locher (2007) models beliefs about the probability of arrest 

using the individual’s own criminal and arrest history. In studies within an educational 

context, Willis and Rosen (1979) and Manski and Wise (1983) both assume that 

students form future grade expectations conditioning on their past test scores. A 

common observation in this literature is a strong association between information about 
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past events and expectations that agents hold, while also asserting that agents all process 

information in the same way. However, information processing rules are likely to differ 

as expectations may not be conditioned on the same variables. Substantial heterogeneity 

is usually observed in subjective expectations. This is especially evident in a study by 

Dominitz and Manski (2004), who found substantial heterogeneity in consumers’ 

expectations of a mutual fund’s chance of increasing in value. They argue that 

individuals do not have any meaningful private information and so any observed 

variation is a reflection of differences in the way public information is processed only. 

They report that some of this heterogeneity is systematic to certain demographics and 

optimism tended to be higher for males and increased with education and age. Thus, if 

analysis could be completed for subgroups of the sample based on specific traits, a 

deeper understanding can be gained in terms of how heterogeneous agents process 

information to form expectations. Unfortunately, this is an area that remains largely 

unexplored and analysis on sub-groups has generally been based on easily observable 

characteristics, such as age or occupation. The role of non-cognitive traits, such as risk 

aversion, locus of control and personality, may also contribute towards the observed 

variations in subjective expectations. 

A small but growing strand of literature has examined the dynamic aspect of 

expectation formation, which models how expectations are revised as new information 

is acquired. This differs from previous studies which estimate a static model of 

expectation formation. Panel data on the respondent’s expectation and information set is 

collected, which enables the researcher to identify the causal impact of new information 

on revisions to expectation. While this approach relaxes many assumptions of 

expectations formation in a static framework, this area is relatively unexplored as it 
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requires following a large sample of individuals over time, as well as obtaining data that 

can accurately identify new information acquired by agents. 

In one of the first notable studies on the dynamic aspect of expectation formation in an 

educational context, Zafar (2011b) examined how subjective expectations change over 

time regarding choice of major and probability of graduating conditional on choice of 

major. He also examined how students’ GPA expectation changed as information sets 

were updated. In order to understand the mechanisms that cause individuals to revise 

beliefs, he used two surveys which collect data on, amongst other things, student 

expectations on GPA and information about the student’s academic ability, such as test 

scores. This approach enables identification of the causal effects of new information on 

expectation revision. He finds a strong negative relationship between number of weekly 

study hours and GPA expectation, which he suggests as evidence that ability and study 

time are substitutes (Zafar, 2011b). He also shows that, based on the assumption that 

expectation revisions are based on new information acquired between the two dates of 

the survey only, new information about the student’s academic ability does not normally 

update short-term GPA beliefs or lead to revision of long term GPA expectation, 

suggesting that short terms shocks from new information are unlikely to impact long 

term expectations. GPA expectations only adjust upward if the information content is 

very positive, or negative if the information content is very negative (Zafar, 2011b). 

This is consistent with the results of Arcidiacono et al (2010) and Stinebrickner and 

Stinebrickner (2008), who conclude that negative information is associated with 

students switching their choice of majors or dropping out of university.  

In summary, despite identifying a causal relationship on how new information and study 

time affects GPA expectation, the contribution by Zafar (2011) is limited to increasing 
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our understanding of the expectation formation process. The study was based on a 

sample of 117 second year students only with expectations collected twice. 

Expectations are also assumed to be affected by new information about the student’s 

academic ability only (i.e. taking exams, receiving assessment feedback), disallowing 

the role of unobserved motivation or unanticipated shocks to also affect GPA 

expectation. There are also substantial difficulties in identifying the information sets 

that are processed by individuals to update their beliefs, as information arrives from 

many different sources and the information processing rules differ between individuals. 

Since data on subjective beliefs is limited and data with repeated measures on subjective 

expectations is even more uncommon (Manski, 2004; Zafar, 2011b), replication of these 

results is difficult and the results can only be interpreted as preliminary evidence on 

how expectations are formed in a dynamic context with information updates.  

2.4. A unifying framework? 

To adequately explain observed choice behaviour, one would need to model the process 

of expectation formation and how information is processed to generate beliefs (Manski, 

2004). The literature discussed so far provides some conceptual frameworks to model 

expectations, but there is still no unifying structural representation for expectation 

formation, which is crucial for predicting how individuals make choices under 

uncertainty (Arcidiacono, 2010; Zafar, 2011b; Klaauw, 2012). Further, little is known 

about what information individuals possess and use in forecasting future outcomes 

(Manski, 2004; Delavande, 2008). Empirical research in the area of expectation 

formation is still limited and substantial difficulties remain in collecting subjective 

expectations, understanding how information is processed and developing a robust 

conceptual framework. 
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The literature so far has proposed models for expectation formation which can be 

broadly grouped into two main areas: expectation formation via a utility-based approach 

and expectation formation from information sets. Substantial heterogeneity is often 

observed in subjective expectations, which may reflect differences in the way 

information is processed. These differences are commonly explained through easily 

observed characteristics, leaving the role of personality or non-cognitive traits largely 

ignored. Using rich survey data, I follow the conceptual framework of previous 

researchers and estimate a model of expectations formation on grades from information 

sets. In particular, I examine how information about study behaviours and self-

perceived ability is processed differently to form beliefs about grades. I also examine 

how study behaviours affect a student’s actual grade in order to construct conceptual 

link between expectations and observed outcomes. The non-cognitive trait that I 

explicitly investigate is locus of control. Thorough explanation of this trait and detailed 

information about the data used is discussed in the following chapters. 
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3. Conceptual Framework 

My aim is to understand whether students believe ability and effort influence their 

expected grades and the extent to which these beliefs differ according to their non-

cognitive traits. The common approach in the literature is to estimate one model of 

expectation formation for the entire sample. This approach, however, makes a strong 

assumption that all agents process information in the same way to form expectations, 

neglecting the existence of any heterogeneity in information processing rules. In an 

attempt to understand how information processing rules differ in expectation formation, 

I first propose and predict a model of expectation formation based on information sets, 

and then re-estimate the model on subgroups of the sample based on their locus of 

control in order to better understand differences in the way grade expectations are 

formed. This analysis aims to enhance our understanding of expectation formation, a 

large subject area in which there is still little known.   

3.1. Expectation Formation via Information Sets 

In this expectation formation model, I start from a basic setup that expectations are 

formed from information sets. This follows the theoretical framework that agents 

process all current and past information available to form expectations. Students form 

grade expectations conditional on their information set: 

           (      |   )    (1) 

Here,     represents the information set which the agent uses to form his expectation. In 

this setup, the information set consists of information about the student’s overall ability 

and effort.  This builds on a similar approach to Foster and Frijters (2013b), where 

effort and ability is associated to grade expectations.  
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In the following model of expectation formation via information sets, the baseline 

model that I estimate takes the following form: 

                                                             

                          

(2) 

In this specification,  (      ) represents the expected grade outcome in course j; 

                                 are the self-reported lecture attendance, tutorial 

attendance and average weekly out-of-class study time, respectively. These measures 

are reported at the student-course level.          is a vector of student ability measures; 

         is a vector of student characteristics and         is a vector of course effects. 

In this specification, the information set that the student uses to form his grade 

expectation is information about study behaviours and self-perceived ability. 

Several other researchers in economics have also examined expectation formation in 

terms of information sets. Smith et al (2001) explicitly assumes longevity expectations 

are formed from information about current and past health conditions. Willis and Rosen 

(1979) and Manski and Wise (1983) both assume that students form expectations 

conditioning on their test scores. Zafar (2011b) specifically estimates a model of 

expectation revisions by identifying new information the student acquires about his 

academic ability. However, his approach differs from mine in that he analyses the 

dynamic aspect of expectation formation by collecting high frequency data on 

expectations.  

3.2. Educational Production Function 

After estimating a model of expectations formation, I analyse the impact of self-

perceived ability and study behaviour variables on actual grade. Thus, I proceed to 
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estimate an educational production function in order to find the determinants of the 

actual grade. This enables a comparison of the variables which are important to 

formation of beliefs to those variables which have a significant effect on the actual 

mark. In order to compare the two models, the educational production function is 

assumed to take the same functional form as the expectation formation model, except 

now the actual mark becomes the dependent variable.  

                                                           

                          

(3) 

In order to make a fair comparison between the expectation formation model and 

educational production function, some assumptions need to be made. Firstly, both 

models are assumed to be of the same functional form. I do not estimate a different 

functional form for the educational production function as there is no way to know the 

true specification of either model and thus, there is no reason to estimate a different 

model. Secondly, study behaviours are assumed to be persistent. In the survey, students 

were asked about their average attendance at lectures and tutorials for each enrolled 

course enrolled. I interpret this measure as both the average attendance in the course up 

to the date of the survey, as well as the average overall attendance throughout the 

semester. Given that the survey was administered around mid-semester, it is likely that 

study behaviours reported in the survey are also reflective of the study behaviours 

throughout the semester.  

3.3. Locus of Control and Expectation Formation 

Few studies on subjective expectations have considered differences in information 

processing rules amongst agents. I specifically address this gap in the literature by 

examining how information sets are processed differently. More precisely, I examine 
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how a student’s locus of control may affect how information is processed to form their 

grade expectations. 

Locus of control is a psychological concept and is defined to be the extent to which an 

individual believes he has control over events that affect him (Rotter, 1966). This 

concept has been studied extensively by economists to understand its influence on key 

economic outcomes including earnings, employment and educational attainment 

(Osborne-Groves, 2005; Baron and Cobb-Clark, 2010; Heineck and Anger, 2010; 

Becker et al, 2012). By definition, individuals with an internal locus of control (ILOC) 

believe they can take control over outcomes in their life through their own actions. In 

contrast, individuals who believe that outcomes in life are determined by external 

factors, such as luck or their given ability are described to have an external locus of 

control (ELOC) (Gatz and Karel, 1993). By extension, one may predict that individuals 

with an internal locus of control are more likely to expend more effort, condition 

expectations on their effort and achieve better outcomes. This is because ILOC 

individuals believe outcomes are contingent on their own actions and effort. 

In contrast, individuals with an ELOC may form their expectation by conditioning on 

their self-perceived ability because, by definition, they believe that their outcomes are 

unlikely to be altered through their own actions. Put another way, study behaviours will 

not matter as they perceive factors outside of their control such as innate ability to be 

more important in determining their expected grade. Expectations, thus, are more likely 

to be conditioned on their own perceptions of ability than on effort. In summary, while 

expectations are assumed to be formed from information about effort and ability, how 

this information is processed will likely differ depending on the individual’s locus of 

control.  
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In order to understand how locus of control affects the expectation formation process, I 

estimate the baseline model for subgroups of the sample based on their locus of control 

scores. Regression results for the two subgroups are then compared to understand 

whether there are any differences in the expectation formation process between ILOC 

and ELOC students. I also estimate the educational production function separately for 

the subgroups in order to understand whether there are differences in the determinants 

of actual performance between these subgroups.  

3.4. Oaxaca Decomposition 

My prediction is that ILOC students should expect higher grades and perform better 

than ELOC students. Outcomes between ILOC and ELOC students may differ for two 

main reasons. First, these two groups of students may differ in observable ways, such as 

ILOC students having a higher cumulative GPA than ELOC students. Second, the effect 

of covariates, and not just the covariates themselves, may differ between these two 

groups. For example, if ILOC students have a higher marginal benefit from lecture 

attendance, then this will lead to a difference in outcomes. A natural next step is to 

explain these differences in outcomes and the Oaxaca (1973) decomposition aims to do 

this by decomposing the difference into these two main channels. 

In other fields of economics, the Oaxaca decomposition is commonly used to 

understand discrimination in wage or inequality in health care (see Cobb-Clark and Tan, 

2011; Glewwe et al, 2000). In the context of this study, I use this method to explain the 

differences in (i) expected grades and (ii) actual grades between the ILOC and ELOC 

groups. 

Consider the following generalised expressions of equation (3) and (4), where y is the 

outcome variable explained by a vector of explanatory variables, x: 
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             (4) 

  
            

       
             (5) 

Suppose that ILOC students have better outcomes than ELOC students. The 

decomposition of the mean gap in outcomes can be then expressed by: 

  
       

            
            

    , (6) 

where   
     and   

     are vectors of explanatory variables evaluated at the means for 

ILOC and ELOC, respectively. Dropping the subscripts i, a more general specification 

for equation 6 is: 

                                                        (7) 

                                                                  . (8) 

This can be equivalently written as: 

                           . (9) 

As seen in equation 9, the differences in outcomes for ILOC and ELOC students can be 

decomposed into two parts. The first term on the right hand side,        , reflects 

differences in outcomes attributable to differences in observable characteristics. This is 

commonly referred to as the “explained” component. The second term on the right hand 

side,       , represents the “unexplained” component. This is the difference in 

outcomes that is attributable to differences in returns to characteristics. In studies on 

wage gaps in labour economics, this component would be the difference in wages that is 

due to discrimination (Oaxaca, 1973). In the context of my study, an analogous 

interpretation of the unexplained component would be the difference in outcomes due to 

ELOC students having different returns to their characteristics than ILOC students. 
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4. Data 

The data used in this thesis is generated from an online survey linked to administrative 

data from first and second year business school students at the University of 

Technology, Sydney (UTS) and University of South Australia (UniSA) in Adelaide 

during semester 2 of 2010. A sub-sample of the student population answered the online 

survey, where their responses were matched via their student numbers to the university 

administrative data to form the data set.  

Administrative data is available at the student-course level and includes each student’s 

enrolment history, the final mark achieved in that course, the student’s cumulative GPA 

as well standard demographic data (such as age, gender, international student status and 

so forth).  

The online survey included an array of questions about student characteristics and study 

behaviours
2
. These include self-rated ability in math and verbal skills; a measure of 

locus of control; and questions about their expected grade in each course enrolled in that 

semester. Students were also asked about their study behaviours including lecture 

attendance, tutorial attendance and number of weekly out-of-class study hours devoted 

to each enrolled course.  Details regarding the construction and recoding of variables 

from both the administrative data and survey responses is detailed in the following 

sections.  

                                                 
2
 An excerpt of the survey is available in the Appendix. 
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4.1. Expected Grade and Final Grade Variable 

Students were asked in the online survey to state the integer value of their expected 

grade (out of 100) for each course they were enrolled in that semester. This can be 

compared to the actual grade achieved in the course to illustrate the level of over or 

under-estimation in the sample. This is shown in Figure 1 where the difference between 

expected mark and actual mark is displayed. In general, students tend to over-predict 

their expected grade.  

Figure 1: Expected Grade minus Actual Grade 

 

In order to generate a realistic expectation, the survey was administered to students 

around half way through the semester. Conducting the survey half way through the 

semester gave students an opportunity to attend some classes and engage in learning the 

course material, providing them with some information to form their expectations while 

some uncertainty still remained about their expected grade.  
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4.2. Study Behaviours 

I choose to use study behaviours as a proxy for student effort because it is the 

demonstrated forms of effort in the course. This follows the approach of other 

researchers who proxy student effort through attendance and study time as well (Park 

and Kerr, 1990; Romer, 1993; Rivkin et al, 2005). Examining study behaviours, such as 

attendance, also provides policy relevance in the analysis. Since attendance is optional 

in most cases, understanding what role attendance has on expectation formation and 

actual grades is important to understanding choice behaviour and also informative to 

education stakeholders. 

Study behaviours are principally measured through three key variables – lecture 

attendance, tutorial attendance and study hours. These variables are self-reported by 

students in the online survey. Attendance was reported for each enrolled course and 

measured by an ordinal scale from 1 – 11, where a lower score indicated higher 

attendance, and study time was reported in average number of hours per week in each 

course. 

Given this is self-reported behaviour, there is reasonable assumption that some 

individuals may over-state their attendance rates due to social desirability bias 

(Bakhradnia, 2009). This is when respondents have the tendency to over-state in order 

to report in a way that will be viewed favourably by others (Bertrand and Mullainathen, 

2011). In this case, the measures of attendance are likely to be biased upwards. 

However, the online nature of the survey ensured anonymity and may in turn minimize 

the measurement error. An additional benefit of the online survey is that it would have 

also allowed habitual non-attenders to participate in the survey. 
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4.3. Self-perceived ability 

The student’s evaluation of his or her own ability level in math and verbal skills is 

measured through the two following questions: 

 My overall fluency in English – speaking, writing, reading, and understanding - 

is excellent. 

 My overall fluency with mathematics, statistics, and numbers generally – 

interpretations, manipulations, and illustrations of them – is excellent. 

Students evaluated the extent they agreed to each statement on an ordinal scale of 1 – 

11. The responses were coded into 3 dummy variables corresponding to high, medium 

or low levels of self-assessed ability in math or verbal skills.    

4.4. Locus of Control 

The survey also contains the Pearlin and Schooler (1978) Mastery Scale – a set of 7 

questions which measures locus of control. The scale measures the extent to which an 

individual believes outcomes in his life are within his own control. The responses to the 

7 questions were coded to create a locus of control index (ranging from 7 to 77) with a 

high score indicating a more internal locus of control. The set of 7 questions are 

provided in the Appendix.  

4.5. Summary Statistics 

In total, 401 students completed the survey, providing an unbalanced i x j panel data set 

of 1148 student-course level observations. As is common in surveys, there are a number 

of non-responses and changes to the data had to be carried out in order to compile the 

final data set. There were respondents who did not answer all the necessary questions 

for my analysis. A subsequent analysis of these students’ academic performance and 
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summary statistics did not reveal any substantial differences from the rest of the initial 

sample. Consequently, these observations were dropped, producing an unbalanced i x j  

panel data set of 955 observations from 370 students in the final dataset. 

Table 1 displays the summary statistics of the final data set. Both universities are 

approximately equally presented, with approximately 54% and 46% from UniSA and 

UTS, respectively. There is a higher representation of females at 56.7%. Overall, 

approximately 32% are international students, 57% are Australian born, 81% had 

positive weekly working hours and 15% were new students (i.e. first semester of study 

at the university).  

4.5.1.   Summary Statistics for ILOC and ELOC Groups 

A key part of this thesis is based on estimation of the regression models for subgroups 

of the sample based on their locus of control scores. The sample is divided into two 

groups
3
: those with a locus of control score below 46 were in the External Locus of 

Control (ELOC) group and students with a locus of control score above and including 

47 were in the Internal Locus of Control (ILOC) group.  

Summary statistics for these two groups are presented in Table 3. On average, ILOC 

students have higher expected grades, actual marks, cumulative GPA, study time and 

self-perceived verbal ability. They also tend to be slightly older and report lower levels 

of tutorial attendance. These differences are all statistically significant, raising the 

possibility that differences in study behaviours and ability may affect both their 

expected and actual grades. 

                                                 
3
 The models were also estimated with four subgroups, but inferences and statistical significance did not 

change much. I provide a detailed explanation in section 5.3.1 on why I split the sample into two groups 

and choose the threshold score to be 47.  
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Interestingly, around 45% of ELOC respondents are international students, compared to 

only 17% of ILOC respondents. A lower proportion of ELOC students are Australian 

born, are employed and study part time. From summary statistics, there are several clear 

differences between ILOC and ELOC students. I now turn to the econometric analysis 

for a more complete understanding of how these differences affect grade expectations 

and academic performance.   
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Table 1: Summary Statistics 

Variable Form Scale Mean Std Dev. 

  
    

Actual Mark Continuous 8 - 94 67.636 11.715 

Expected Mark Continuous 45 - 95 72.020 8.957 

Lecture attendance Continuous 1 – 11 8.789 3.019 

Tutorial attendance Continuous 1 – 11 9.615 2.276 

Study Time  Continuous 0 - 40 3.817 3.989 

Math Ability Categorical 1 - 3 2.142 0.646 

Verbal Ability Categorical 1 - 3 2.495 0.699 

Cumulative GPA  Continuous 0 - 87 65.223 10.623 

Uni (UTS=1, UniSA=0) Binary 0 - 1 0.539 - 

Age Continuous 18 - 53 21.96 0.493 

Female Binary 0 - 1 0.583 - 

International student Binary 0 - 1 0.322 - 

Australian born Binary 0 - 1 0.567 - 

Working Binary 0 - 1 0.814 - 

Part time student Binary 0 - 1 0.227 - 

New Student Binary 0 - 1 0.152 - 

Locus of Control  Continuous 7 - 77 46.994 14.502 

  
    

Number of Observations 955       

Number of Students 370       

Math and verbal ability was recoded into three ordered categories indicating “High”, 

“Medium” or “Low” ability.  
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Table 2: Summary Statistics for ILOC and ELOC groups 

 

ILOC ELOC 

  
  Mean Std Dev. Mean Std Dev. 

 

p-values 

  
     

 
Expected Mark 73.296 8.720 70.735 9.075 

 

0.000 

Actual Mark 68.735 11.364 66.529 11.967 

 

0.004 

Lecture attendance 8.716 3.107 8.863 2.930 

 

0.451 

Tutorial attendance 9.474 2.508 9.756 2.236 

 

0.067 

Study Time  4.443 4.766 3.975 3.002 

 

0.070 

Math Ability 2.169 0.662 2.116 0.630 

 

0.201 

Verbal Ability 2.745 0.503 2.243 0.775 

 

0.000 

Cumulative GPA 59.413 22.252 50.802 27.861 

 

0.000 

Age 22.357 5.104 21.658 4.191 

 

0.021 

Uni (UTS=1, UniSA=0) 0.514 - 0.571 -   

Female 0.605 - 0.569 -   

International student 0.177 - 0.452 - 

 

 

Australian born 0.676 - 0.462 - 

 

 

Working 0.910 - 0.706 - 

 

 

Part time student 0.282 - 0.172 - 

 

 

New Student 0.102 - 0.208 - 

 

 

  

  

    

  
Number of Observations 479   476       

Number of Students 191   179       
Two sided p-values are reported, taken from standard t-test performed to test the equality of means between 

the ILOC and ELOC group in the sample. 
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5. Results 

5.1.  Preliminary Analysis – Formation of Expectations 

I start the analysis by estimating the expectation formation model from equation (2). 

The results are presented in Table 3 using the full sample. Here, the information set 

about effort consists of lecture attendance, tutorial attendance and study time, while 

information about ability consists of cumulative GPA and self-rated ability in math and 

verbal skills. Dominitz and Manski (2004) find that some heterogeneity in expectations 

may be systematic to certain demographics, hence I control for student characteristics in 

the second column. Course fixed effects are additionally included in the third column. 

Key coefficients do not change much in magnitude or statistical significance, while the 

R-squared increases as more independent variables are included in the regression. 

The results indicate that information about ability and effort are strong predictors of 

expectations. In general, tutorial attendance and study time both have highly significant 

positive effects on the expected grade. This result is intuitive, as one would expect that 

more effort is associated with a higher expectation. Information about ability also has a 

highly significant positive effect on expectations, even when these ability measures are 

reflections of self-perceived ability. The higher the student rates his own perceived level 

in math or verbal skills, the higher is his expected grade. Under the assumption that all 

past and current information is processed to form expectations, the results give strong 

support to the concept that students form grade expectations using information about 

their expended effort and self-perceived ability levels. 

Interestingly, while tutorial attendance and study time have a significant positive 

relationship to the expected grade, the coefficient on lecture attendance is imprecisely 



36 

 

estimated and the perceived marginal benefit of lecture attendance is very small. This 

result suggests that students form grade expectations by conditioning over their tutorial 

attendance and study time only; whether or not students choose to attend lectures has 

almost no influence over their expected grade. While, to my best knowledge, no 

previous literature has examined the role of study behaviours on expectation formation, 

this result can be related to other studies in economics which report lecture absences to 

be common and rampant (Arulampalam, 2012; Romer, 1993). This is also observed in 

my data, where full lecture attendance is only around 44%. If the perceived benefit from 

lecture attendance is very small, this may explain the high levels of absence in lectures.  

5.1.1. Specification Check 

The specification of equations (2) and (3) assume linearity. To ensure the model is 

correctly specified, I introduced squared terms into the estimation of both models for 

variables which I suspect may have a non-linear relationship with the outcome variable. 

These variables included lecture attendance, tutorial attendance, study time and 

cumulative GPA. However, none of the squared terms had any conventional levels of 

statistical significance in either model, even when different combinations of squared 

terms were included in the regression. This suggests that linear specification may be 

appropriate for both models and so I proceed with the original linear specification. 
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Table 3: Expectation Formation from Information Sets 

Dependent Variable: Expected 

Grade 
(1) (2) (3) 

     

Lecture Attendance 0.053 -0.034 -0.006 

  (0.125) (0.123) (0.122) 

Tutorial Attendance 0.367*** 0.322*** 0.242* 

  (0.129) (0.130) (0.132) 

Study time 0.175** 0.133* 0.160** 

  (0.076) (0.078) (0.077) 

Cumulative GPA 0.0345** 0.261*** 0.263*** 

  (0.017) (0.044) (0.044) 

Verbal - High 2.936** 3.610** 3.276** 

  (2.936) (1.797) (1.834) 

Verbal - Medium 1.920 2.351 1.997 

  (1.529) (1.616) (0.228) 

Math - High 5.401*** 4.046*** 4.699*** 

  (1.339) (1.391) (1.429) 

Math - Medium 2.729** 2.414** 3.138*** 

  (1.280) (1.269) (1.285) 

Student Characteristics    

 Uni (UTS=1, UniSA=0)  1.067 1.634** 

   (0.783) (0.901) 

 Age  -0.014 -0.012 

   (0.064) (0.069) 

 Female  -0.539 -0.781 

   (0.729) (0.734) 

 International student  0.749 0.735 

   (1.376) (1.425) 

 Part time student  -0.319 -0.614 

   (0.854) 0.866 

 Australia born  -0.928 -1.052 

   (1.082) (1.136) 

 New Student  16.307*** 16.556*** 

   (3.004) (3.056) 

 Working  1.357 1.511 

   (1.059) (1.062) 

     

R-Squared 0.090 0.157 0.189 

No. of Observations 955 955 955 

No. of Clusters 370 370 370 

     
Student characteristics are controlled in (2). Student characteristics and course fixed effects are 

controlled in (3).  

Note: Standards errors in parentheses are clustered at the student level.  

*  p < 0.10     **   p < 0.05    ***   p < 0.01     
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5.2. Expectation Formation by Locus of Control Subgroups 

5.2.1. Determination of an ILOC and ELOC 

A focus of this thesis is to examine differences in information processing rules amongst 

heterogeneous agents, with locus of control being the primary source of heterogeneity. I 

investigate these differences through analysing sub-groups of the sample based on their 

locus of control scores, identifying whether certain types of information are more highly 

“weighed” depending on the whether the student has an internal or external locus of 

control.  

Implementing this analysis, however, would require me to subjectively split the sample 

into an ILOC and ELOC group. I decide to split the sample at the mean score of 46 in 

order to have approximately equal number of students in each group
4
. Students with a 

locus of control score less than or equal to 46 are grouped in the ELOC group and those 

above 46 are in the ILOC group. Since the locus of control score ranges from 7 to 77, an 

alternative would be to use a score of 42 to split the sample. However, analysis for the 

two subgroups based on a threshold score of 42 revealed no difference in statistical 

significance of key variables and only minor changes to coefficient estimates.  

5.2.2. Analysis for ELOC and ILOC subgroups 

Recall in Table 3, where the expectation formation model is estimated for the entire 

sample, information about both ability and effort is strongly associated with the 

expected grade. However, when the model is re-estimated for the ILOC and ELOC sub-

samples, I find that the information that students use to form their grade expectations 

                                                 
4
 I also experimented with splitting the sample into four groups, but found the results to be largely the 

same. These results are presented in the Appendix. 
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changes dramatically. Further, the fit of the model (as indicated by the R-squared) 

improves when the model is estimated for the subgroups. 

The results in Table 4 show the estimated coefficients when the expectation formation 

model is estimated separately for the ILOC and ELOC groups. In general, information 

on tutorial attendance and study time has a significant effect on the expectation for the 

ILOC group, while information about self-perceived ability has no significant effect on 

the expected outcome – with the exception of cumulative GPA. Since students with an 

ILOC tend to believe that outcomes in their life are within their control and success is 

contingent on their own actions, it seems intuitive that ILOC students form expectations 

subject to information about their own displayed effort (in terms of study behaviours). 

Beliefs about their self-perceived ability, on the other hand, do not influence their 

expectations in any meaningful way once ability, proxied through cumulative GPA, is 

controlled for. This is also consistent with my prediction in Section 3.3, where 

information about effort matters for performance in the ILOC mindset.    

There is also an interesting gender effect that emerges from column (1) in Table 4. 

Females with an ILOC expect on average up to 2.5 marks fewer than their males 

counterparts. This result is particularly striking, given that females do not generally 

perform any worse than males, as found both in this thesis and in other economic 

literature (Borg et al, 1989; Romer, 1993; Gregory and O’Connor, 2005). The highly 

significant negative effect implies that even when females believe they have control 

over outcomes in their life, they tend to set lower expectations of their performance 

relative to males. I also find that students who have international student status and are 

employed tend to expect higher grades.  
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The results in column (2) of Table 4 indicate that ELOC students have very different 

information processing rules to ILOC students. The results show that, of the variables in 

the student’s information set, only self-perceived measures of ability have precisely 

estimated effects on the expected grade. In particular, students who rate themselves as 

high or medium ability in math skills are estimated to have an average expected grade 

that is approximately 6.3 and 3.5 points higher than one who ranks himself as low 

ability, respectively. Verbal skills also demonstrate a similar positive relationship to 

expected outcomes. The highly significant positive effect of self-perceived ability is 

consistent with the prediction that ELOC students form expectations by processing 

information about their self-perceived ability rather than their expended effort. Since 

outcomes are generally perceived to be out of their control for ELOC individuals, it then 

follows that effort, in the form of study behaviours, will not matter to expectation 

formation because expending effort is unlikely to influence outcomes. Instead, factors 

outside their control, such as innate ability, should matter more. This is observed in the 

results, where information on study behaviours has no meaningful influence over the 

formation of expected grades for ELOC students. 

Reflecting a similar result in the full sample estimated model in Table 3, the results in 

Table 4 also indicate that information about lecture attendance is not significant to 

either ILOC or ELOC students’ grade expectations. The results suggest that even if 

students that believe outcomes are contingent on their own actions, information about 

lecture attendance only has a small role in the formation of expected grades. This is 

particularly surprising for the ILOC group, given that tutorial attendance and study time 

both have precisely estimated positive effects. The results appear to provide further 

support to my claim that lecture absence may be due to low perceived benefit from 
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lecture attendance. This may also be attributed to the fact that lecture attendance is 

commonly viewed as being optional and substitutable with self-study (Durden, 1995). 

Researchers commonly assume that agents form expectations in the same way. The 

results in this section shed a light on the existence of substantial heterogeneity in the 

way information is processed to form expectations between these two groups. These 

differences are highlighted when we compare the results to the initial full sample 

analysis in Table 3, which shows that information about effort and ability are in general 

strongly associated to expectations. In the sub group analysis, the results indicate that 

information about study behaviours have significant influence over beliefs for ILOC 

students, whereas ELOC form their beliefs based on their self-perceived abilities 

instead. 

A potential source of reverse causality is the possible effect of study behaviours on 

locus of control. An argument against this possibility is the case for the stability of locus 

of control. Cobb Clark and Schurer (2013) conclude that locus of control is generally 

stable over a one and four year period. Changes in locus of control are modest on 

average and do not appear to be associated to the demographic, health or labour market 

outcome of an individual. They conclude that locus of control can generally be used as a 

stable input into many economic decisions.  
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Table 4: Expectation Formation By ILOC and ELOC 

Dependent Variable: Expected 

Grade 

(1) 

ILOC 

(2) 

ELOC 

    
Lecture Attendance 0.026 0.023 

  

(0.162) (0.191) 

Tutorial Attendance 0.457*** 0.139 

  

(0.457) (0.214) 

Study time 0.254*** -0.173 

  

(0.080) (0.161) 

Cumulative GPA 0.322*** 0.203*** 

  

(0.050) (0.055) 

Verbal - High -0.389 3.398* 

  

(4.216) (1.936) 

Verbal - Medium -3.713 3.141** 

  

(4.179) (1.520) 

Math - High 1.407 6.320*** 

  

(1.630) (2.098) 

Math - Medium 0.693 3.529** 

  

(1.587) (1.847) 

Student Characteristics 

  

 

Uni (UTS=1, UniSA=0) 1.156 1.068 

  

(0.999) (1.266) 

 

Age -0.065 -0.069 

  

(0.092) (0.105) 

 

Female -2.537*** 1.231 

  

(0.994) (1.013) 

 

International student 3.204*** -1.715 

  

(0.096) (1.924) 

 

Part time student 0.115 -1.939 

  

(1.107) (1.305) 

 

Australia born 0.785** -4.267** 

  

(1.558) (1.756) 

 

New Student 20.746*** 12.072*** 

  

(3.712) (3.633) 

 

Working 3.309*** 0.192 

  

(1.544) (1.290) 

    R-Squared 0.211 0.172 

No. of Observations 479 476 

No. of Clusters 191 179 

    Course fixed effects are controlled for in (1) and (2). 

Note:  Standard errors clustered at the student level.   

*  p < 0.10     **   p < 0.05    ***   p < 0.01   

 



43 

 

5.3. Educational Production Function 

In this section, I estimate the educational production function given by Equation (3). 

The results from this regression are presented in Table 5. Column (1) presents the 

regression results for the full sample. Column (2) and (3) presents the results for the 

ILOC and ELOC sub-groups, respectively. 

Compared to the results in Table 4 for the expectation formation model, the results in 

Table 5 differ in several ways. The most obvious difference is that lecture attendance 

now has a precisely estimated positive effect on actual grade, compared to the 

insignificant and small effect on expected grade. This high level of statistical 

significance remains regardless of whether the model is estimated for the full sample, 

the ILOC group or the ELOC group. The large positive coefficient implies that students 

are potentially not very well informed about their study behaviour choices, since they 

perceive only a small marginal benefit from lecture attendance, while actual attendance 

to lectures is predicted to have an economically and statistically significant positive 

effect. A positive coefficient is also identified for tutorial attendance, although the level 

of significance is not high. The results observed appear mostly consistent with previous 

research, which have found attendance to be positively correlated with performance 

(Rodgers, 2002; Dancer and Fiebig, 2004) and absence from lectures to have a negative 

causal effect on average marks (Arulampalam et al, 2012). 

It may come as a surprise that the study time coefficient does not have any levels of 

statistical significance on the final grade at all, given previous research which has 

identified a causal impact of studying on academic performance (Stinebrickner, 2008; 

Eren and Henderson, 2011). A possible explanation may be due to the broad measure of 

study time that has been used in this thesis. Study time is self-reported and measured as 
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an average value across the semester. However, study intensity may vary over the 

course of the semester and so average study time may not be found to be significant. If 

study time can be disaggregated into smaller components, such as time spent per subject 

each week or time spent studying for an exam, the disaggregated measures of study time 

may be found to have statistical significance (Schmidt, 1983; Grave, 2011).  

Of the self-perceived ability measures, the results in the column (1) show that none of 

these measures have any significant explanatory power in predicting the final grade at 

all. Similarly, self-perceived ability has no effect on the actual outcome for ILOC 

students in column (2). Similar results are also observed for ELOC students, with the 

exception that the coefficient on high math ability is statistically significant and 

positive. Upon inspection of summary statistics, I find that the mean actual grade of 

ELOC students who rate themselves as having high math ability and those who do not 

to be 71.86 and 64.83, respectively. This difference is quite large and indicates that 

ELOC students who rate themselves to be high math ability do in fact perform better on 

average.  
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Table 5: Educational Production Function 

Dependent Variable: Actual Grade (1) (2) (3) 

 Full Sample ILOC ELOC 

Lecture Attendance 0.459*** 0.415*** 0.559*** 

  

(0.141) (0.175) (0.230) 

Tutorial Attendance 0.280 0.364 0.094 

  

(0.175) (0.203) (0.289) 

Study time -0.014 0.013 -0.052 

  

(0.088) (0.098) (0.194) 

Cumulative GPA 0.536*** 0.566*** 0.501*** 

  

(0.049) (0.067) (0.059) 

Verbal - High -1.250 -2.088 -2.014 

  

(1.872) (1.976) (-2.227) 

Verbal - Medium -1.980 -3.065 -1.475 

  

(1.578) (1.898) (1.787) 

Math - High 2.427 1.109 6.741*** 

  

(1.591) (2.040) (2.216) 

Math - Medium 0.639 2.194 1.485 

  

(1.423) (1.800) (1.883) 

Student Characteristics 

   

 

Uni (UTS=1, UniSA=0) 1.386 0.915 0.626 

  

(0.943) (1.334) (1.689) 

 

Age -0.149* -0.129 -0.263 

  

(0.088) (0.103) (0.134) 

 

Female 0.492 0.451 0.521 

  

(0.833) (1.042) (1.252) 

 

International student 0.134 -0.437 -1.082 

  

(1.601) (0.205) (2.225) 

 

Part time student 1.763 1.277 1.195 

  

(1.032) (1.191) (1.669) 

 

Australia born 1.484 3.095 -2.620 

  

(1.204) (1.391) (2.183) 

 

New Student 34.790*** 39.822*** 31.173*** 

  

(3.490) (5.011) (3.849) 

 

Working 0.451 1.853 0.426 

  

(1.254) (1.881) (1.571) 

     R-Squared 0.189 0.356 0.328 

No. of Observations 955 479 476 

No. of Clusters 370 191 179 

     Course fixed effects are controlled in (1), (2) and (3). 

Note: Standards errors in parentheses are clustered at the student level. 

* p < 0.10     **   p < 0.05    ***   p < 0.01     
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5.4. Oaxaca Decomposition 

The results of the Oaxaca decomposition (given by Equation 9) are presented in Table 

6. Two decomposition results are presented: one for the difference in expected grades 

and another for the difference in actual performance. The mean difference in outcomes 

between these two student groups is composed of characteristic effects (explained 

component) and coefficient effects (unexplained component). 

The overall mean difference in expected grades between the ILOC and ELOC groups is 

2.56 points. Over 58% of this gap is due to coefficient effects, or differences in the 

returns to characteristics between the two groups. The remaining 42% is due to 

differences in characteristics between the two groups.  

Table 6: Decomposition Results 

  

Panel A: 

Expected Grade   

Panel B; 

Actual Grade 

 
    Gap Std. error % 

 
Gap Std. error % 

 Unexplained Component 

        
1.492 0.585 58.26% 

 
1.278 0.513 57.96% 

 Explained Component 

        
1.069 0.357 41.74% 

 
0.927 0.695 42.04% 

  
Total 2.561 0.576 100.00% 

 
2.205 0.755 100.00% 

Note: Standard errors clustered at the student level. 

 

The results show that ELOC students not only tend to expect lower grades on average 

than ILOC students, but they also tend to perform worse on average. In the first column 

under Panel B, we see that there is a mean difference in actual outcomes is 

approximately 2.21 points. Differences in returns to characteristics account for 

approximately 43% of the gap, while the remaining 57% is due to the ILOC and ELOC 

group being different in terms of observable characteristics.  
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The results in Table 6 indicate that differences in returns to characteristics account for 

approximately half the observed gaps in expected outcomes and actual grades between 

the two groups. Typically, the explanation for this unexplained component is attributed 

to differences in the estimated coefficients. For example, using the results from Table 4, 

we would attribute the unexplained component in expected grades due to the differences 

in coefficients, such as ILOC students having higher perceived marginal benefits from 

their study behaviours than ELOC students. Similarly, we may also conclude that the 

unexplained component in actual grade is due to ILOC students receiving higher returns 

to ability than ELOC students. While most of the other coefficients are not precisely 

estimated, it is important to point out that they still contribute towards the unexplained 

component. That is, the unexplained component is not purely driven by the coefficients 

which are precisely estimated. 

The explanation given above would be satisfactory given the linearity assumption: that 

is, the marginal return to the coefficients, such as lecture attendance, is constant across 

the distribution. While I did not identify any statistical significance from adding in 

squared terms, there is still the possibility that ILOC and ELOC students are very 

different in terms of their observed characteristics. Again, using attendance as an 

example to highlight the linearity issue, if ILOC students choose to attend more lectures 

on average than ELOC students, then the estimated marginal benefit for lecture 

attendance would be based on different values of mean lecture attendance. This would 

make direct comparison of the estimated coefficients biased if there is suspicion of the 

existence of some non-linear relationship.  

Since I assume linearity in the specification of my models, one possible solution to 

address this issue is to draw a sub-sample from the ILOC and ELOC groups who are 
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very similar in terms of observed characteristics. Linear specification would then not be 

an issue, as the two groups would now be more comparable in terms of observed 

characteristics, with locus of control being the main distinguishing factor between the 

two groups. I use a propensity score matching approach to generate these sub-samples, 

which I implement and describe in detail in the next section. 

5.5. Comparing ILOC and ELOC: A Propensity Score Matching Approach 

5.5.1. Propensity Score Matching 

Propensity score matching is commonly used to compare outcomes between a treatment 

group and control group. In these types of non-experimental studies, it is quite common 

that the treatment group is very different from the control group in terms of observed 

characteristics, such as those who choose to attend university compared to those who do 

not, or those who access health services compared to those who do not (or cannot). 

Similarly, in the context of my study, ILOC and ELOC groups may be very different in 

terms of observed characteristics. ILOC students may choose to attend more classes and 

spend more time studying than ELOC students given they believe their outcomes are 

contingent on their own actions. Propensity score matching attempts to control for these 

differences by making the treatment and control group more comparable. It generates a 

scalar propensity score, or probability, for the likelihood of each observation being in 

the treatment (or ILOC) group. Two sub-samples of the ILOC and ELOC are then 

generated from matching propensity scores across the two groups. This method is 

generally sufficient to remove the bias due to observed covariates (Rosenbaum and 

Rubin, 1983). An average treatment effect is then estimated, which can be equivalently 

interpreted as the mean difference in outcomes due to one group having an internal 

locus of control and the other having an external locus of control. 
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5.5.2. Expectation Formation Model and Educational Production Function 

In Table 7, the results are presented for the expectation formation model using a sub-

sample in the ILOC and ELOC groups that was matched using the propensity scores. 

This procedure overcomes the issue with linearity discussed earlier and enables direct 

comparison of the estimated coefficients in the regression for both groups. A more 

compelling estimate of the unexplained component in the Oaxaca decomposition can 

also be obtained.  

The results for the expectation formation model is consistent with results already 

derived earlier without using propensity scores. However, some comparison between 

the estimates can now be made. For the ILOC students, information about study 

behaviours is more important in the formation of expectations. The perceived marginal 

benefit for tutorial attendance is 0.43 points, and an extra hour of study time is predicted 

to increase the expected grade by 0.25 points. Both of these coefficients are 

economically and statistically significant. Again, self-perceived ability does not matter 

for expectation formation to the ILOC group at all. In contrast, for the ELOC group, the 

marginal benefit for tutorial attendance and study time is much smaller and the 

coefficients are not precisely estimated at all. However, self-perceived ability has a 

highly significant and increasing relationship with the expected outcome. Compared to 

the results derived in Table 4, where the ILOC and ELOC groups were not matched, 

there are only minor changes in coefficients and virtually no change in statistical 

significance of key variables. However, there is a slight improvement to fit of the model 

compared to the results in Table 4, as indicated by the increase in the R-squared value 

for both sub-groups. 
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As I had also found in Section 5.2, information on lecture attendance has no statistical 

significance in expectation formation. The perceived marginal benefit of lecture 

attendance for the ILOC and ELOC groups is 0.008 and 0.053, respectively. The effect 

is small and is also not precisely estimated, implying that perceived marginal benefit 

from lecture attendance is very low and does not have a significant influence over 

expected outcomes. In the ILOC group, the negative effect of gender and positive effect 

of international student status remains. 

In predicting actual outcomes, however, the marginal effect of lecture attendance 

remains positive and precisely estimated. The marginal benefit of lecture attendance is 

0.415 points and 0.608 points for the ILOC and ELOC groups, respectively. Both 

estimates are statistically significant. A Chow test comparing the two coefficients 

produced an F statistic of 0.92 (p-value 0.338). Thus, I cannot reject the null that the 

two estimated marginal benefits of lecture attendance are statistically different from 

each other. The result, however, does show that increased lecture attendance improves 

academic performance for all students.  
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Table 7: Expectation Formation Using Propensity Scores 

Dependent Variable: Expected 

Grade 
(1) (2) (3) 

 Full Sample ILOC ELOC 

     
Lecture Attendance -0.022 0.007 0.053 

  

(0.123) (0.154) (0.197) 

Tutorial Attendance 0.303** 0.430** 0.064 

  

(0.129) (0.168) (0.211) 

Study time 0.139* 0.251*** -0.142 

  

(0.080) (0.086) (0.164) 

Cumulative GPA 0.265*** 0.334*** 0.207*** 

  

(0.043) (0.046) (0.056) 

Verbal - High 3.538* -1.022 3.137 

  

(1.855) (4.770) (2.152) 

Verbal - Medium 2.356 -4.296 3.184** 

  

(1.664) (4.801) (1.587) 

Math - High 3.875*** 1.910 6.251*** 

  

(1.400) (1.606) (2.103) 

Math - Medium 2.303* 1.362 3.307* 

  

(1.267) (1.448) (1.858) 

Student Characteristics 

   

 

Uni (UTS=1, UniSA=0) 1.189 0.966 1.172 

  

(0.796) (1.138) (1.255) 

 

Age -0.001 -0.023 -0.074 

  

(0.065) (0.083) (0.106) 

 

Female -0.66 -2.886*** 1.120 

  

(0.738) (0.960) (1.045) 

 

International student 0.806 3.265*** -1.674 

  

(1.403) (1.811) (1.965) 

 

Part time student -0.300 -0.178 -1.885 

  

(0.851) (1.059) (1.300) 

 

Australia born -0.823 0.318 -3.813* 

  

(1.123) (1.408) (1.953) 

 

New Student 16.494*** 21.424*** 12.455*** 

  

(3.029) (3.428) (3.728) 

 

Working 1.544 4.166*** 0.374 

  

(1.071) (1.530) (1.307) 

     R-Squared 0.112  0.253 0.238  

No. of Observations 674 361 313 

No. of Clusters 286 161 125 

     Course fixed effects are controlled in (1), (2) and (3)  

Note: Standard errors in parentheses are clustered at the student level.   

* p < 0.10     **   p < 0.05    ***   p < 0.01 
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Table 8: Educational Production Function Using Propensity Scores 

Dependent Variable: Actual Grade (1) (2) (3) 
 

 Full Sample ILOC ELOC  

      
Lecture Attendance 0.464*** 0.415** 0.608*** 

 

  

(0.142) (0.175) (0.217) 

 Tutorial Attendance 0.268 0.363* 0.078 

 

  

(0.175) (0.202) (0.289) 

 Study time -0.001 0.013 -0.112 

 

  

(0.088) (0.098) (0.210) 

 Cumulative GPA 0.537*** 0.565*** 0.474** 

 

  

(0.049) (0.067) (0.057) 

 Verbal - High -1.205 -2.084 -0.883 

 

  

(1.891) (1.976) (2.331) 

 Verbal - Medium -2.121 -3.062 -1.455 

 

  

(1.602) (1.898) (1.911) 

 Math - High 2.380 1.109 5.582*** 

 

  

(1.609) (2.039) (2.333) 

 Math - Medium 0.547 2.193 0.212 

 

  

(1.430) (1.800) (1.991) 

 Student Characteristics 

    

 

Uni (UTS=1, UniSA=0) 1.292 0.914 1.106 

 

  

(0.981) (1.334) (1.558) 

 

 

Age -0.155 -0.123 -0.255* 

 

  

(0.088) (0.102) (0.140) 

 

 

Female 0.500 0.451 0.836 

 

  

(0.829) (1.042) (1.271) 

 

 

International student -0.035 -0.432 -0.842 

 

  

(1.615) (2.057) (2.475) 

 

 

Part time student 1.676 1.277 1.195 

 

  

(1.029) (1.191) (1.814) 

 

 

Australia born 1.148 3.094** -2.678 

 

  

(1.232) (1.391) (2.314) 

 

 

New Student 34.503*** 39.820*** 28.566*** 

 

  

(3.518) (5.010) (3.762) 

 

 

Working 0.611 1.853 0.249 

 

  

(1.259) (1.881) (1.691) 

 

      R-Squared  0.201 0.352  0.361  

 No. of Observations 674 361 313 

 No. of Clusters 286 161 125 

 

      Course fixed effects are controlled in (1), (2) and (3)  

Note: Standard errors in parentheses are clustered at the student level.    

* p < 0.10     **   p < 0.05    ***   p < 0.01 
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5.5.3. Estimated Treatment Effect and Decomposition Effects 

With propensity score matching, I can now estimate the treatment effect as well as 

obtain the Oaxaca decomposition on the mean difference between the two groups. The 

treatment effect presented in Table 9 may be equivalently interpreted as the difference 

in outcomes that is observed amongst students who have comparable characteristics but 

only differ by locus of control. I provide estimates for these gaps using the nearest 

neighbour, radius matching and kernel method. 

Table 9: Propensity Score Matching 

Difference in 

Outcomes 
Expected Grades Actual Grades 

Nearest Neighbour 
2.031 

(0.913) 

0.896 

(1.251) 

Radius Matching 
1.824 

(0.716) 

1.072 

(0.874) 

Kernel Method 1.967^ 1.130^ 

^ Standard errors are not available for the Kernel Method. 

 

The results again indicate that ILOC students tend to hold higher expectations and also 

achieve better grades, even after the two groups are matched by their propensity scores. 

The difference in actual grade is around 1.1 marks and the difference in expected grade 

is around 2 marks. However, the propensity score matching methods above do not fully 

explain the difference in outcomes that is due to coefficient effects. Consequently, I also 

estimate the Oaxaca decomposition in order to identify the factors which are driving the 

differences in outcomes. The results are presented in Table 10. 

Since the ILOC and ELOC groups have been matched by propensity scores, the two 

groups are fairly comparable in terms of observable characteristics. The explained 

component, or the gap that is explained by differences in characteristics, is reduced as 

expected. A large part of the mean difference in outcomes is now explained by 
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differences in returns to characteristics instead, both for the difference in expected 

outcomes and difference in actual grades. However, since the two sub-samples are 

matched by a scalar propensity score, they are not truly identical in terms of their 

observed characteristics. Thus, there is still an explained component due to some 

remaining differences in observed characteristics between the two groups.  

 

Table 10: Decomposition Results for Expected Grades and Actual Grades 

  

Panel A:  

Expected Grade   

 

Panel B: 

Actual Grade   

    
Gap Std. error % 

 
Gap 

Std. 

error 
% 

 Unexplained 

Component 

        

1.961 0.884 86.01% 
 

1.859 0.718 77.85% 

 Explained Component 

        
0.319 0.652 13.99% 

 
0.529 0.477 22.15% 

  
Total 2.280 1.075 100.00% 

 
2.388 0.817 100.00% 

Note: Standard errors clustered at the student level. 

 

Under Panel A, the mean difference in expected grades is now 2.28 marks. 

Approximately 86% of this gap, or 1.96 marks, is due to differences in perceived returns 

to study behaviours. This is implied from the regression results in Table 7, where the 

ILOC group have much higher perceived marginal benefits from study behaviours than 

the ELOC group.  

A mean difference in actual performance of approximately 2.39 marks is observed 

under Panel B. Approximately 78% of this gap is due to differences in returns to 

characteristics (coefficient effects), with the remaining 22% explained by differences in 

characteristics. In effect, ELOC students are underperforming by almost 1.9 marks 
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because they have lower returns to their study behaviours, conditional on their 

productivity related characteristics. This is implied in the regression results in Table 8, 

where the marginal effects of study behaviours are generally higher for ILOC students. 

In other words, ILOC students get higher returns to effort than ELOC students. This 

result may be striking but is consistent with previous research which conclude that 

individuals with an ILOC tend to have better outcomes in employment (Andrisani, 

1977; Osborne-Groves, 2005; Heineck and Anger, 2010;)  and schooling (Phares, 1976; 

Stipek and Weisz, 1981). 

5.6. Perceived and Actual Marginal Benefit of Lecture Attendance 

The results provided in this chapter lead to a confident conclusion that the perceived 

marginal benefit for lecture attendance is low for both ILOC and ELOC groups. 

However, lecture attendance is found to have a statistically and economically significant 

positive effect on actual outcomes, as estimated in the educational production function. 

Given that lecture absence is common, but attendance is positively correlated to 

academic performance, why do students miss lectures? In particular, can my results 

regarding differences in the information processing rules shed a light on this 

observation? 

For the ELOC group, the perceived marginal benefit for lecture attendance (and the 

other study behaviour variables) is small. This result may not seem too surprising and is 

in line with my prediction, given that ELOC students don’t believe that expending effort 

will alter their outcome. Lecture absence for ELOC students may be explained by the 

fact that, in their mindset, attendance will not matter to their outcomes. Indeed, my 

results indicate that none of the study behaviour variables matter at all for expected 
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grades. This result is consistent with the argument that students tend to be absent from 

the least productive classes (Stephenson and Deere, 1994). 

Logically, students who feel more able to control outcomes should exert more effort. 

My finding that ILOC students have a low perceived marginal benefit from lecture 

attendance seems counter-intuitive, especially given that ILOC students believe that 

tutorial attendance and study time are both important to achieving their expected 

outcomes. A possible explanation for this result may be that ILOC students perceive 

lecture attendance to be substitutable with self-study. If the substitution of lecture 

attendance for self-study is indeed what is happening, the positive effect of lecture 

attendance on actual grades implies that ILOC students may not be very well informed, 

which is shown in my results where actual attendance to lectures has the highest returns 

to effort. I do note, though, that substitution for self-study may only be one of many 

other reasons for lecture absences. The time of the day, class size, lecture quality and 

travel time have also been suggested as possible reasons for absence in lectures (Romer, 

1993; Kirby and McElroy, 2003; Dolinicar et al, 2009; Arulapalam, 2012; Delaney et al, 

2013).  

The discussion above suggests that both ILOC and ELOC students are not very well 

informed about their choice over lecture attendance, but in ways that differ. ELOC 

students may not attend because of their general perception of low returns to effort. On 

the other hand, ILOC students may not be attending because they believe attendance 

may be substitutable, rather than effort itself not being important.  

Given that lecture attendance has an economically and statistically significant positive 

effect on actual grade, one might wonder if there is a case for a mandatory attendance 

policy. In general, policies aimed at improving attendance have been found to improve 
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overall attendance. However, there is no good evidence to support that academic 

performance is improved from these policies. Crede et al (2010) found that the 

introduction of a mandatory attendance policy had a positive effect on average grades, 

although the magnitude of this effect was small and not precisely estimated. In Rodger’s 

(2004) study of student performance in a statistics course at an Australian university, 

she found that policies aimed at encouraging attendance to tutorials did not improve 

performance at all. Moreover, schemes which penalise students for absence could result 

to double jeopardy for low-achieving at-risk students:  that is, when students are more 

likely to get lower grades and also be affected by attendance penalties (Crede et al, 

2010).  Given these results from the literature, it is not obvious that encouraging lecture 

attendance will necessarily improve performance.  Instead, my results suggest there may 

be a need for policies which aim to better inform students about their study behaviour 

choices instead.  
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6. Conclusion 

Agents process information to form beliefs about future outcomes. The common 

approach in the literature is to assume that all agents form expectations in the same way 

by conditioning on the same variables. Information processing rules, however, may be 

heterogeneous across agents. Studies which examine differences in information 

processing rules typically estimate expectation formation models for subgroups of the 

population based on easily observable characteristics, such as age or occupation. Due to 

data constraints, there has been limited work associating personal traits to expectation 

formation. This thesis fills in this gap in the literature by specifically examining the role 

of a non-cognitive trait (i.e. locus of control) on the process of expectation formation.  

In this thesis, I specifically examine differences in information processing rules by 

estimating an expectation formation model separately for subgroups of the sample based 

on their locus of control. This differs from other papers, which tend to assume 

homogenous information processing rules. I find that locus of control has a significant 

influence on how information is processed. Students who have an internal locus of 

control tend to form expectations subject to information about study behaviours, while 

those with an external locus of control condition on information about their self-

perceived abilities. These results enhance our understanding of the expectation 

formation process and suggest substantial differences exist in the information 

processing rules of students who differ by locus of control.  

By combining the above analysis with an estimation of an educational production 

function, I compare the factors which influence expectation formation to the 

determinants of actual performance. My results indicate that students with an ILOC tend 

to expect higher grades and achieve better academic outcomes. Moreover, both ILOC 
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and ELOC students have a low perceived marginal benefit of lecture attendance, but 

actual lecture attendance has a statistically significant and positive coefficient on actual 

performance. With students in tertiary education having high degree of autonomy, this 

result suggests that low perceived marginal benefit of lecture attendance may be 

associated to absence in lectures. 

The finding that non-cognitive traits have a substantial influence on the expectation 

formation process highlights the existence of some heterogeneity in the way information 

is processed. However, my results leave some questions unanswered. For example, 

given the importance of locus of control, will other non-cognitive traits, such as self-

efficacy or self-esteem, also influence how expectations are formed? A study by 

Delaney et al (2013) found students who are generally more future-oriented and 

conscientious tend to attend more lectures and put in more study time, but their results 

say little about the conceptual link between these personality traits and expectations. 

This also raises the question of whether cognitive traits may influence expectation 

formation. Heckman et al (2006) found that both cognitive and non-cognitive traits have 

important roles in explaining educational attainment. However, to my best knowledge, 

no studies have attempted to incorporate both cognitive and non-cognitive traits into an 

expectation formation model. In order to better understand choice behaviours or 

observed economic outcomes, it may also be informative for future studies to 

incorporate other measures of non-cognitive or cognitive traits into a model of 

expectation formation.  
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Appendix A 

A. Survey Excerpt 

The original online survey was administered to students in second semester of 2010. It 

was sent to students as part of a research project entitled “How do students of different 

abilities influence one another in business faculty classrooms?’. The survey consisted of 

115 questions spanning 22 pages. Due to its length, only questions from which 

responses were extracted to be used in generating the final dataset are included in this 

Appendix.  

A.1. Measure of Locus of Control 

Locus of Control is measured from the following seven questions in the Pearlin and 

Schooler (1978) Mastery Scale. Respondents rated their agreement to each statement on 

a scale of 1 (Strongly Agree) to 11 (Strongly Disagree). The first 5 questions were 

reverse coded, and a locus of control score was generated from the summation of the 

ratings to each of the questions. This generates an index ranging from 7 to 77. The 

higher the score, the greater the extent an individual has an internal locus of control. 

1. I have little control over the things that happen to me. 

2. There is really no way I can solve some of the problems I have. 

3. There is little I can do to change many of the important things in my life. 

4. I often feel helpless in dealing with the problems of life. 

5. Sometimes I feel that I’m being pushed around in life. 

6. What happens to me in the future mostly depends on me. 

7. I can do just about anything I really set my mind to. 
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A.2. Course Specific Questions 

Respondents were asked to answer the following set of questions for each course 

enrolled course. For example, a student who was enrolled in 4 courses would answer the 

following questions 4 times for each course. 

In relation to this subject:  

1. How often do you attend lectures? 

2. How often do you attend tutorials? 

3. On average, how many hours per week do you study for this subject, not 

counting class time? 

Question 1 and 2 are self-reported on a scale of 1 (Always) to 11 (Never), and have 

been reverse coded. Additionally, students reported their expected grades to the 

following question: 

4. Please list the subjects you are enrolled in at UTS/UniSA this semester and the 

final subject marks (percentages out of 100) that you expect in each. 

PLEASE LIST FULL NAMES OF SUBJECTS AND SEPARATE SUBJECTS 

WITH SEMICOLONS—For example: Business Statistics 80; Microeconomics 

70; Financial Accounting 75. 
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Appendix B 

B. Additional Data Information and Regressions 

B.1. Expectation Formation with 4 Groups. 

Table 11: Expectation Formation Model with 4 Groups 

Dependent Variable: 

Expected Grade 
Low ELOC High ELOC Low ILOC High ILOC 

      Lecture Attendance -0.057 0.064 -0.024 -0.068 

  

(0.281) (0.329) (0.281) (0.197) 

Tutorial Attendance 0.099 0.113 0.570** 0.243* 

  

(0.304) (0.322) (0.304) (0.132) 

Study time -0.322 0.123 0.243** 0.159** 

  

(0.276) (0.211) (0.276) (0.077) 

Cumulative GPA 0.271*** 0.213*** 0.320*** 0.363*** 

  

(0.097) (0.063) (0.097) (0.059) 

Verbal - High -3.032 7.113*** -2.727 3.275* 

  

(2.674) (2.320) (2.674) (1.834) 

Verbal - Medium -1.140 6.165*** -6.164 1.997 

  

(2.056) (1.936) (2.056) (1.652) 

Math - High 7.0834** 6.525* -0.045 3.540 

  

(3.040) (3.517) (3.040) (2.602) 

Math - Medium 5.34h3** 5.798* 1.277 0.228 

  

(2.296) (3.109) (2.296) (2.579) 

Student Characteristics 

    

 

Uni (UTS=1, UniSA=0) -1.339 5.086*** 1.275 1.634* 

  

(1.891) (1.852) (1.891) (0.901) 

 

Age -0.161 -0.034 0.101 -0.012 

  

(0.162) (0.189) (0.162) (0.069) 

 

Female -0.017 0.902 -2.950** -3.466** 

  

(1.483) (1.285) (1.483) (1.450) 

 

International student -4.072* 0.595 5.065** 0.771 

  

(2.286) (3.256) (2.286) (2.794) 

 

Part time student -0.423 -4.343*** -1.765 0.211 

  

(1.737) (1.976) (1.737) (1.537) 

 

Australia born -2.539 -3.262 1.401 -1.473 

  

(2.059) (3.321) (2.059) (2.622) 

 

New Student 16.496** 10.278** 19.698*** 20.550*** 

  

(6.435) (4.449) (6.435) (4.608) 

 

Working -2.861 2.953** 5.296 4.915** 

  

(2.006) (1.491) (2.006) (2.026) 

      R-Squared 0.266 0.340 0.278 0.350 

No. of Observations 256 220 244 235 

No. of Clusters 92 78 100 100 

      Course fixed effects are controlled. 

Note: Standard errors in parentheses are clustered at the student level.    

*    p < 0.10   **  p < 0.05       ***   p < 0.01  
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B.2. Expected Grade with LOC cut-off score at 42 

Dependent Variable: Expected Grade ILOC ELOC 

    Lecture Attendance -0.009 -0.067 

  

(0.147) (0.267) 

Tutorial Attendance 0.336** 0.152 

  

(0.152) (0.290) 

Study time 0.249*** -0.113 

  

(0.081) (0.214) 

Cumulative GPA 0.284*** 0.296*** 

  

(0.041) (0.090) 

Verbal - High 1.084 6.699** 

  

(2.929) (2.526) 

Verbal - Medium 2.957 -0.281 

  

(2.888) (2.004) 

Math - High 3.964** 7.806*** 

  

(1.613) (2.825) 

Math - Medium 3.217 5.036** 

  

(3.550) (2.265) 

Student Characteristics 

  

 

Uni (UTS=1, UniSA=0) 2.261 -0.839 

  

(1.069) (1.819) 

 

Age -0.019 -0.063 

  

(0.078) (0.175) 

 

Female -1.825** 0.236 

  

(0.822) (1.428) 

 

International student 3.656** -4.041* 

  

(1.584) (2.105) 

 

Part time student -0.749 -0.777 

  

(1.013) (1.662) 

 

Australia born -0.239 -3.212 

  

(1.378) (2.023) 

 

New Student 11.061*** 18.348*** 

  

(3.033) (6.020) 

 

Working 3.268 -2.281 

  

(1.225) (1.839) 

    R-Squared 0.187 0.198 

No. of Observations 631 324 

No. of Clusters 255 115 

    Course fixed effects are controlled 

Note: Standard errors are in parentheses are clustered at the student level.  

*    p < 0.10   **  p < 0.05       ***   p < 0.01 
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B.3. Actual Grade with LOC cut-off score at 42 

Dependent Variable: Actual Grade ILOC ELOC 

    Lecture Attendance 0.436*** 0.627*** 

  

(0.165) (0.269) 

Tutorial Attendance 0.253 0.249 

  

(0.199) (0.309) 

Study time 0.047 -0.189 

  

(0.996) (0.189) 

Cumulative GPA 0.581*** 0.465*** 

  

(0.054) (0.078) 

Verbal - High -2.086 -2.948 

  

(2.139) (3.014) 

Verbal - Medium -3.367* -2.483 

  

(2.007) (2.235) 

Math - High 1.558 7.584*** 

  

(1.856) (2.831) 

Math - Medium 1.109 2.542 

  

(1.163) (2.537) 

Student Characteristics   

 

Uni (UTS=1, UniSA=0) 0.290 1.567 

  

(1.140) (2.220) 

 

Age -0.093 -0.272* 

  

(0.098) (0.163) 

 

Female -0.037 0.722 

  

(0.964) (1.525) 

 

International student -0.353 -0.562 

  

(1.736) (2.466) 

 

Part time student 1.510 0.400 

  

(1.101) (1.972) 

 

Australia born 1.769 -1.160 

  

(1.367) (2.466) 

 

New Student 24.123*** 17.527*** 

  

(4.132) (4.609) 

 

Working 0.458 0.503 

  

(1.534) (1.970) 

   

 

R-Squared 0.332 0.342 

No. of Observations 631 324 

No. of Clusters 255 115 

    Course fixed effects are controlled 

Note: Standard errors in parentheses are clustered at the student level.  

*    p < 0.10   **  p < 0.05       ***   p < 0.01 
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B.4. Expected Grade Versus Actual Grade 

The 45 degree red line indicates the locus of points when expectations are 

realised without error. The large clustering of points above the red line indicates a 

tendency for students to over-estimate their grades. 
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