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Today’s discussion
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Bivariate regression1
Interpreting results2

Understanding a regression table3



Bivariate regression
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Why and how do we run a bivariate regression? 

Why and how do you interpret regression results 
(both yours and others)?

Today’s motivating questions
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What if we are interested not just if there is a statistically significant difference in a sample 
(goodness of fit) or pairs of samples (difference of means test) or whether two 
variables are correlated? 

Rather we want a more complex understanding of the directionality and significance in 
the relationship between an X and Y? 

Or perhaps we want to predict our outcome as we vary values of our independent 
variable?

Why run a regression?
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Latin for “other things equal.” 

Also short for “all other things being equal.” 

Regression helps us control for other factors to better 
isolate the effect of the variable we care about.

Ceterus paribus assumption
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Taken to the extreme
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Abstract
Despite decades of research, there is no consensus as to the core correlates of 
national-level voter turnout. We argue that this is, in part, due to the lack of com-
prehensive, systematic empirical analysis. This paper conducts such an analysis. We 
identify 44 articles on turnout from 1986 to 2017. These articles include over 127 
potential predictors of voter turnout, and we collect data on seventy of these vari-
ables. Using extreme bounds analysis, we run over 15 million regressions to deter-
mine which of these 70 variables are robustly associated with voter turnout in 579 
elections in 80 democracies from 1945 to 2014. Overall, 22 variables are robustly 
associated with voter turnout, including compulsory voting, concurrent elections, 
competitive elections, inflation, previous turnout, and economic globalization.

Keywords Elections · Turnout · Extreme bounds analysis · Meta-analysis

Introduction

A common challenge in the study of comparative politics is balancing theoretical 
and empirical comprehensiveness with substantive importance. Consider voter turn-
out. If we ask what the most statistically significant and substantively important pre-
dictors of national-level voter turnout in democratic elections are, even after more 
than 50 years of comparative voter turnout research, there are few certainties beyond 
the fact that compulsory voting increases turnout. For example, several studies 
including Radcliff and Davis (2000) find larger district magnitudes increase turnout 
while others like Tavits (2008) find either no significant relationship or even a nega-
tive one (Fumagalli & Narciso, 2012).
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and political factors (e.g., 19 articles include the number of political parties in their 
models). It is also notable that (regardless of the criteria we rely upon and exclud-
ing geographical dummies) the most robust turnout predictors are political while (as 
we saw above) previous research focuses more on institutional and socioeconomic 
factors.

Finally, it is worth highlighting our models’ average substantive effects. Figure 2 
summarizes the coefficient distributions for Table 5’s robust predictors. Each square 
represents a variable’s average estimated impact on national-level voter turnout, 
and the bars on either side of these coefficients represent Leamer’s upper and lower 
extreme bounds. Holding all else equal, concurrent elections increase turnout 7.9% 
over elections without candidates competing for executive office. Proportional rep-
resentative election systems are associated with higher levels (5.2%) of voter turnout 
than states without this electoral system. The variables that (on average) depressed 
turnout the most in the fixed effects models are the time trend (which estimated a 
lowering of average turnout by 6.9% from 1945 to 2014) and economic globaliza-
tion (− 4.3% average effect across its observed range).

Time trend

Econ. globaliz.
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Closeness/compet.
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Fig. 2  Robust predictors of voter turnout, mean coefficients and extreme bounds. Note Results from fixed 
effects models reported in Table 5. Table A7 includes complete results. *Identifies core variables in all 
fixed effects models. The only core variable found to be (Sala-i-Martin) robust is proportional repre-
sentation. Population is a core variable but not included in figure due to the disproportionate size of its 
extreme bounds
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Estimating the relationship between X and Y
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The work horse OLS model
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Where:  

Y is the outcome you are trying to explain. 
X is the main explanatory variable. 

 (alpha) is the value of Y when X=0. 
 (beta) is the estimated relationship between X and Y. 
 is the systematic error. 
 is the random error. 

Y = α + βX + ϵ + ε

α
β
ϵ
ε
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Estimating the relationship between X and Y
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Today’s example
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Source: https://en.wikipedia.org/wiki/Anscombe%27s_quartet#/media/File:Anscombe's_quartet_3.svg

Anscombe’s quartet

17

Almost identical descriptive 
statistics but very different 
underlying value distributions.

1



Source: https://xkcd.com/1725/
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Here are my regression results for happiness regressed on GDP:  = 0.845; se= 0.060. 

My theory’s main empirical hypotheses are: 

H0 (null hypothesis):   = 0

H1 (alternative hypothesis):   0

To test these hypotheses we do a t-test, in this case we set null = 0. 

  

t = (0.845-0)/0.06 = 14.083. 

With ~118 degrees of freedom, with a two-tailed test at the 0.05 level the threshold t statistic is 1.984.  The estimated p-
value is 0.000. I therefore reject the null hypothesis in favour of the alternate hypothesis.

β

β

β ≠

β

t =
β − βnull

se( ̂β)

Two-tailed hypothesis testing of slope coeffi

19
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 We can estimate confidence intervals using the following equations: 

 

 

So my slope’s confidence interval is [0.726, 0.963]. 

 My intercept’s confidence interval is [-3.627, -1.324].

̂β + / − [t * se( ̂β )]

̂α + / − [t * se( ̂α)]

Confi

20
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  1. The population stochastic component is distributed normally with a mean of 0 and a variance 

of  where .   

This allows us to use the t-table to make probabilistic inferences about population regression 
given sample regression. 

It also assumes that the expected population errors are not biased one way or another. 

The variance is assumed to be the same across values of our Y and X.

σ2 σ2 =
∑n

i
̂u2

n − 2

Crucial regression assumptions: normal population residuals

21
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Heteroskedastic standard errors
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1

Source: https://stats.stackexchange.com/questions/389127/does-it-make-sense-to-use-residuals-as-an-independent-variable
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  2. There is no autocorrelation in the population random error terms. 

This is important to think about when you have multiple observations of the same units (e.g., people 
or countries) often through time-series data.

Crucial regression assumptions: Autocorrelation

24
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3. Independent variable (X) values measured without error. This allows us to assume that all 
deviations from the expected values are due to the population stochastic component (ui) rather than 
measurement error.

Crucial regression assumptions: Sample X

25
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4. No causal variables left out and no non-causal variables included in our model. 

5. The relationship ( ) between Y and X stay the same across all values of X. 

6. Our independent variable must vary. 

7. There must be more cases than parameters (e.g.,  and ). 

β

α β

Crucial regression assumptions: Model specifi
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Ordinary least squares regression is about fitting a line that minimises the (squared) distance 
between sample values and the line. 

A basic regression provides us with two important estimates: 

(1) the slope of the line summarising the relationship between X and Y 

(2) the intercept (expected value of Y when X=0). 

Multiple regression enables us to control for other factors that might understate or overstate our 
X-Y relationship if we do not include them.

Regression takeaways
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What on earth are we to make of this?

28
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Interpreting regression results

29
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Now we have some regression results, what do we do with them?

Interpreting regression output

30
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How do we interpret this table?
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1. Make sure the number of observations makes sense

32
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2. Remember the dependent variable: Happiness

33

2

My outcome is a country’s average 
happiness.



2. Remember the dependent variable: Happiness
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2. Remember the dependent variable: Happiness
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3. Find and analyse the independent variable: GDP
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Interpret the independent variable’s results
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4. Remember the standard limit theorem…

38

2

Sources: https://aiexplorations.in/2015/09/05/animated-mean-and-sample-size/; https://www.infragistics.com/community/blogs/b/tim_brock/posts/visual-explorations-of-sample-size 

https://aiexplorations.in/2015/09/05/animated-mean-and-sample-size/
https://www.infragistics.com/community/blogs/b/tim_brock/posts/visual-explorations-of-sample-size


5. Interpret the estimated coeffi

39

2
The slope of the regression line ( ) is also called the estimated 
coefficient.  

The  and its standard error ( ) lets you a hypothesis test 
using the same t-statistic approach as last week to see if we 
can conclude that it is statistically significant.

β

β α
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6. Interpret the intercept’s results

41
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7. Interpret the regression statistics: Multiple R

42

2
The Multiple R in this case is the correlation between our DV 
and IV.  

If we had more than one IV, this would be the multiple 
correlation between the DV and the IVs.



8. Interpret the regression statistics: R-square

43

2
The R-square or R2 is the coefficient of determination. In 
other words the proportion of the DV variation accounted for by 
the model.



9. Interpret the regression statistics: Adjusted R square

44

2
The Adjusted R Square is the R2 adjusted for the number of 
predictors (e.g., IVs) in the model. It will always be less than 
the R2. 

Where n is the number of observations and 
k is the number of independent variables.



10. Interpret the regression statistics: Standard error

45

2
The regression’s standard error is average distance that the 
observed values fall from the regression line.  

The better the regression fit the smaller this value will be.



11. Interpret the regression statistics: F statistic

46

2
The regression’s F statistic is a measure of the regression’s 
overall significance measured using analysis of variance 
(ANOVA).

With the F statistic, you can do a 
statistical significance test using 
the F-distribution for 1 and n-2 
degrees of freedom

Equation source: Gujarati (2003: 140)
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How do we read a published regression table?3



Significance 

Sign

                Size

                                     

The three S’s
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Long (2016) 1 

Long, Abby. 2016. 10 Things to Know About Reading a Regression Table. Evidence in 
Governance and Politics (EGAP). Available from https://egap.org/resource/10-things-to-
know-about-reading-a-regression-table/ (accessed 1 July 2022). 

 

 

 

Abstract 

This guide1 gives basic information to help you understand how to interpret the results of 
ordinary least squares (OLS) regression in social science research. The guide focuses on 
regression but also discusses general concepts such as confidence intervals. 

The table below that will be used throughout this methods guide is adapted from a study done 
by EGAP members Miriam Golden, Eric Kramon and their colleagues (J. Asunka et 
al., “Protecting the Polls: The Effect of Observers on Election Fraud”). The authors performed 
a field experiment in Ghana in 2012 to test the effectiveness of domestic election observers on 
combating two common electoral fraud problems: ballot stuffing and overvoting. Ballot 
stuffing occurs when more ballots are found in a ballot box than are known to have been 
distributed to voters. Overvoting occurs when more votes are cast at a polling station than the 
number of voters registered. This table reports a multiple regression (this is a concept that will 
be further explained below) from their experiment that explores the effects of domestic election 
observers on ballot stuffing. The sample consists of 2,004 polling stations. 

 

 
  Table source: Long (2016)

3



Long (2016)
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Another example: methods anxiety
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Anxiety in undergraduate research methods courses: its nature and 
implications

Elena C. Papanastasioua* and Michalinos Zembylasb

aUniversity of Nicosia and European Psychometric Services, Nicosia, Cyprus;  bOpen University of 
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The study reported in this article examines the nature of anxiety that undergraduate
students experience in a research methods course and explores some of the factors that
influence their anxiety levels. Two questionnaires measuring the attitudes towards
research and the anxiety level were administered to 472 students enrolled in a research
methods course at the University of Cyprus between the fall of 2002 and the spring of
2005. The results showed that students’ self-perceptions seemed to influence the level of
anxiety in such courses, while the grades that students were expecting to earn did not
predict students’ anxiety. Another important finding was that students who considered
research to be important for their profession had higher levels of anxiety. Finally, the
implications of this study are discussed and teaching interventions are suggested to assist
students deal with their anxiety.

Keywords: research methods; attitudes; research anxiety; Attitudes Toward Research scale
(ATR)

Many undergraduate students in education need to take courses in research methods and/or
statistics or some combination of those, as part of their teacher education programme. Such
courses are important because they typically provide the only formal exposure to educa-
tional research concepts and practices received by undergraduate students in their teacher
education programmes. Undergraduate students suddenly find themselves being introduced
to completely new concepts that are often accompanied by mathematically based ideas.
Being confronted with new and challenging material is likely to trigger a number of
responses from these students including stress, uncertainty and anxiety. Indeed, recent
research on quantitative research methodology and statistics courses shows that college
students have difficulties and experience anxiety in such courses (Onwuegbuzie and Daley
1999; Murtonen and Lehtinen 2003; Onwuegbuzie and Wilson 2003; Murtonen 2005).

Our own experiences in teaching research methods courses to undergraduate students in
teacher education programmes over the last 10 years have confirmed over and over again
the anxiety these students feel over research methods: anxiety over the concepts taught, their
perceived level of difficulty, their applicability to real-life situations and the implications of
using these concepts in students’ future professional context. In all of the institutions we
have taught so far, research methods courses are usually designed to help students become
critical readers of research as well as prepare them to undertake a research project related
to educational issues. Such courses (often lasting one semester only) are mandatory to

*Corresponding author. Email: papanastasiou.e@unic.ac.cy
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The literature suggests that 
statistics anxiety negatively affects 
course performance.  

(Zeidner 1991; Onwueg- buzie and Seaman 1995; Zanakis and 
Valenza 1997)  

Example: methods anxiety
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Source: Papnastasiou and Zembylas (2008: 158)

Example: methods anxiety
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158  E.C. Papanastasiou and M. Zembylas

conducted so far, is that the anxiety experienced by students is not necessarily due to the
students’ lack of ability or insufficient skills. Most likely, this anxiety is multidimensional
(Onwuegbuzie, DaRos, and Ryan 1997) and seems to be related to the students’ perceptions
about the rigid and formal nature of research methods; the fear of negative evaluation;
students’ prior experiences and attitudes; and the students’ fear to ask questions that would
reveal incompetence to their instructors and peers.1 For instructors of research methods this
is significant, because educators need to be able to identify students with high levels of
anxiety and use teaching and learning strategies that alleviate students’ negative feelings.

After all, there is a large body of research that has documented the implications of
statistics anxiety for students’ learning outcomes. The results indicate a consistent negative
relationship between statistics anxiety and course performance (Zeidner 1991; Onwueg-
buzie and Seaman 1995; Zanakis and Valenza 1997). In fact, statistics anxiety has been
found to be the best predictor of achievement in research methodology and statistics courses
(Onwuegbuzie and Wilson 2003). Similarly, it may be assumed that students’ anxiety about
research methods can have an impact on their learning, for example, on whether they have
difficulties in learning or whether they are motivated to learn and use those methods
(Murtonen 2005). Statistics anxiety can have a debilitating effect on course performance
(Onwuegbuzie and Seaman 1995; Onwuegbuzie and Wilson 2003) – e.g. preventing
students from finishing up a course or a degree programme – and thus educators need to
design course that reduce anxiety levels.

There have been a few reports focusing specifically on students’ research methods
anxiety – although the construct, i.e. ‘research methods anxiety’ is not theorized as such. In
a series of studies performed by Wilson and his colleagues (Wilson 1998; Wilson and
Onwuegbuzie 2001), it has been found that the main factors that contributed to the increase
of graduate students’ anxiety in a research methods course were those of the amount of work
required, the amount of material covered, test taking, difficulty of the material covered in
class as well as preparing individual research projects. Essentially, then, these studies refer
to anxiety caused by research methods course, but the authors do not name this anxiety as
such – a direction in which we want to follow particularly with undergraduate students who
are younger in age. It is possible that undergraduate students will have even higher levels
of anxiety than graduate students for two reasons. First, because the higher number of years
of education tends to decrease the anxiety of students; second, it is likely that it is more
difficult for undergraduate students to see the value of research especially if they enrol in
such a course early in their studies.

Finally, there are several implications from previous research on statistics anxiety in
relation to teaching and learning strategies that can alleviate anxiety. For example, Gal and
Ginsburg (1994) emphasized that in order to make statistics less threatening and more effec-
tive, attention should be focused on students’ beliefs and attitudes. Other researchers report
specific strategies that help reduce students’ anxiety levels; these strategies include: encour-
aging students, using humour, teaching gimmicks, helping students to understand the course
objectives, administering open book exams, using performance assessments, using effective
teaching style, provide extensive feedback, addressing ways to relieve anxiety, applying
statistics to real world examples and assigning students to work in groups (Onwuegbuzie
and Wilson 2003).

In general, our own work builds on previous literature related to statistics anxiety but
aims to push further the construct of ‘research methods anxiety’ theoretically and empiri-
cally by identifying the main factors that contribute to undergraduate students’ research
anxiety. In this way, we will create possibilities to understand research anxiety and relevant
attitudes and to ground ideas about course improvements. Given that little attention has been

3



Source: Papnastasiou and Zembylas (2008: 160)

Example: methods anxiety
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placed on mixed methodology courses, the present article introduces some insights into
students’ anxiety levels within a curricular framework that is just beginning to gain more
attention in the literature (Onwuegbuzie et al. 2005). The ideas discussed here can help
researchers to address research anxiety at the undergraduate level in a more comprehensive
manner, rather than drawing boundaries around quantitative and qualitative methodologies.

Research methods
The research questions that are examined in this study are the following: 

(1) What are the levels of anxiety experienced by undergraduate students enrolled in a
research methods class?

(2) What is the relationship between research methods anxiety and other anxiety types
and attitudes towards research?

(3) What variables can explain and predict the anxiety levels of these students?
(4) How does the students’ anxiety affect their achievement in the course?

Participants
The sample in this study includes 472 students who had completed a research methods
course at the University of Cyprus. The students who had taken part in the study were all
undergraduates that came from the field of education. The data were gathered between the
fall of 2002 and the spring of 2005. More specifically, all undergraduate students who were
enrolled in the required research methods course were requested to respond to a question-
naire on the last day of their class. Therefore, only the students who were absent on the last
day of class did not respond to this questionnaire. For validity purposes, it was not possible
to administer the questionnaire at the beginning of the semester. Although this had been
attempted, the researchers eventually realized that the students were not familiar with the
content that would be covered in research courses that would enable them to respond to the
questionnaire appropriately. The majority of the students in the sample were female
(87.3%), while the remaining students were male. This is due to the fact that the majority
of the students enrolled in the field of education in Cyprus are females. Since this course is
not offered to other academic majors that have a larger percentage of male students, it was
not possible to gather more data from male students.

In order to enter the University of Cyprus, the students have to take the fiercely compet-
itive entrance examination at the end of their high school studies. Among the majors that
are offered at the University of Cyprus, the elementary and kindergarten majors are the most
competitive majors (Zembylas and Papanastasiou 2005); only 150 students (out of the
approximately 3000 applications) are accepted each year. Consequently, the students who
are accepted and enrol in the field of education are among the highest achieving students in
the University entrance examinations (along with the field of Medicine). Therefore, the
students who have been used in this sample are overall high achievers.

Instruments
Two questionnaires were administered to the students for the purpose of this study. The
Attitudes Toward Research (ATR) scale (Papanastasiou 2005) as well as the Adult Manifest
Anxiety Scale-College Version (AMAS-C) (Reynolds, Richmond, and Lowe 2003).
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“AMAS-C is a 49-item self-report measure designed to assess chronic, manifest anxiety in the 
college student population. The students had to respond to the AMAS-C on a nominal true/false 
scale. The construct validity of the scale that was obtained through a factor analysis revealed four 
subscales: worry anxiety, physiological anxiety, test anxiety and social anxiety.” 

Papnastasiou and Zembylas (2008: 160) 

Note the scale is reversed in some models so that higher values suggest lower anxiety levels. 

Dependent variable: An anxiety scale
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32 questions measured on a seven-point Likert Scale ranging from 1 (strongly disagree) to 7 
(strongly agree). These questions are combined into five sub scales: 

Usefulness of research to students’ profession 
Research anxiety 

Positive attitudes to research 
Relevance of research to students’ personal lives 

Research difficulty 

 Papnastasiou and Zembylas (2008: 160)

Independent variables: student survey questions
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472 students enrolled in an undergraduate methods course for education students at the 
University of Cyprus from 2002 to 2005. 

What population do you think this sample is part of?

Sample
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F = 62.258, p = 0.000. 
R2=.452  

Separate analyses found gender differences in anxiety but not in difficulty. 

Source: Papanastasiou and Zembylas (2008: 162)

Anxiety results
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be difficult had higher levels of anxiety, while the students who considered research to be
useful in their profession also had higher levels of anxiety.

An attempt was also made to predict the research methods anxiety of the students with
the use of the AMAS-C (see Table 4). The aim of this analysis was to determine whether
other anxiety factors also influence the students’ research methods anxiety. The results of
this analysis were significant (F = 2.765, p = 0.034). However, the only factor that was
significant in predicting research methods anxiety was that of test anxiety (β = 0.69, t =
2.26, p = 0.027).

Gender and anxiety
An analysis of variance (ANOVA) was performed to determine whether there were gender
differences on the anxiety levels of the students. The analysis was significant (F = 9.04, p
= 0.003) with males having lower levels of anxiety compared to females. An examination
of Table 5 shows that in all eight questions that comprise the research anxiety factor, males
had higher scores, which because of the recoding indicated that they had lower levels of
anxiety. The item on which males and females had the highest discrepancy in their
responses was that of ‘research scares me’, while the item on which the two genders were
the most similar in their responses was that of ‘research is difficult’, indicating that both
genders found their research methods courses about average in difficulty.

Anxiety and achievement
In the last series of analyses, a regression was performed to determine whether the grade
that the students expected to receive in their research methods course had influenced their

Table 3. Predicting anxiety from the other ATR scales.

Unstandardized 
coefficients

Standardized 
coefficients

Subscales β Std. error β t Sig.

Constant 0.033 0.374 0.087 0.931
Usefulness for the profession −0.333 0.089 −0.255 −3.755 0.000
Positive attitudes 0.570 0.073 0.472 7.805 0.000
Relevance to life 0.118 0.081 0.086 1.465 0.144
Research difficulty 0.477 0.054 0.419 8.852 0.000

Table 4. Predicting research methods anxiety from the AMAS-C.

Unstandardized 
coefficients

Standardized 
coefficients

Subscales β Std. error β t Sig.

Constant 2.618 0.342 7.664 0.000
Worry anxiety −0.003 0.055 −0.010 −0.062 0.951
Physiological anxiety −0.025 0.066 −0.067 −0.386 0.701
Test anxiety 0.069 0.031 0.328 2.262 0.027
Social anxiety 0.069 0.063 0.164 1.104 0.274
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F = 6.56, p = 0.000 
R2 = 0.102.   
Source: Papanastasiou and Zembylas (2008: 163)

Grade results
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levels of anxiety. The regression analysis that was performed was not significant though (F
= 2.753, p = 0.101). So, there were no significant differences in the anxiety levels of the
students regardless of whether the students were expecting to receive high or low grades in
their research course.

However, an additional regression was performed to determine whether the five ATR
factors could help predict the student’s final grade in the course. The analysis was signifi-
cant (F = 6.56, p = 0.000), while the percentage of variance explained equalled R2 = 0.102.
The factors that were significant in predicting achievement were those of usefulness of the
profession and anxiety (see Table 6). More specifically, the students who considered the
course to be useful to their profession as well as the students who had low levels of anxiety
had higher grades in their research methods course.

In order to examine this relationship further, the anxiety levels of the students were
correlated with the students’ scores on the midterm and final examinations in the course
(see Table 7). The interesting result from this analysis showed that with the exception
of the factor of ‘usefulness for the profession’, the student’s attitudes were not corre-
lated with their midterm grades, although they were significantly correlated with their
grade on the final examination. All of these relationships were positive, indicating that
students with higher levels of anxiety factors also had higher grades on their final
examination.

Table 5. Gender differences.

Mean SD

Scale items Male Female Male Female

Research makes me anxiousa 3.90 2.88 1.92 1.57
I feel insecure concerning the analysis of research dataa 4.04 3.24 1.68 1.65
Research scares mea 4.70 3.59 1.79 1.75
Research is stressfula 4.12 3.16 1.88 1.72
Research makes me nervousa 4.53 3.60 1.86 1.75
Research is complicateda 3.90 3.30 1.65 1.52
Research is difficulta 3.83 3.25 1.63 1.57
Research is a complex subjecta 3.70 3.07 1.64 1.48

Note: aIndicates that the items have been recoded.

Table 6. Predicting the research methods course grade.

Unstandardized 
coefficients

Standardized 
coefficients

β Std. error β t Sig.

Constant 6.840 0.451 15.183 0.000
Usefulness for the profession 0.387 0.109 0.318 3.546 0.000
Anxiety −0.177 0.070 −0.190 −2.520 0.012
Positive attitudes 0.075 0.096 0.066 0.774 0.439
Relevance to life −0.128 0.097 −0.101 −1.319 0.188
Research difficulty 0.066 0.073 0.062 0.901 0.368
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Most of the time our independent variables use different 
measurement units. 

This makes direct comparison of regression coefficients difficult. 

Standardising the coefficients puts the coefficients on the same 
scale, which aids comparability.  

This comes at a cost of easily understanding one unit change in the 
independent variable.

Side note: Why standardise coeffi

59Source: https://ccnb.com.au/comparing-apples-with-oranges/
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Where: 

 equals the unstandardised coefficient for variable . 

 equals the sample standard deviation for variable . 

 equals the sample standard deviation for the outcome variable y. 

Side note: You can also standardise the variable instead of the coefficient. 
Source: Gujarati, Damodar N. 2003. Basic Econometrics. 4th edition. New York: McGraw Hill: 175.

β*
1 = ̂β1 (

sdx1

sdy )

̂β1 x1

sdx1
x1

sdy

Side note: Standardising coeffi
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Why and how do we run a regression?

Why and how do you interpret regression results?

Today’s motivating questions
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   Important Week 9 terms
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 Directional and non-directional hypotheses 
Parameters 

Parameter estimate 
Population error term 

Residual 
Model standard error 

R-squared 
Stochastic

4

T-ratio 
T-test 
Slope 

Intercept 
Ceterus paribus 
Autocorrelation



See you next week!
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