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Where we are headed21

Y = α + βX + ϵ + ε

Source: https://towardsdatascience.com/linear-regression-explained-1b36f97b7572

There is often an easier map to quantitative 
analysis than qualitative analysis.
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The basic regression equation1
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Where:  

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

 (alpha) is the intercept. 
 (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



The basic regression equation1
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We will be coming back to this equation in a few weeks,  
but first we need to start by learning about our main 
cause (X) and outcome (Y) variables.



What can descriptive inference tell us that causal inference cannot? 

What are the basic descriptive statistics? 

Today’s motivating questions1

10



Motivating puzzle1

Political scientists spend much more time 
thinking about causal inference and data 
analysis than they think about conceptualising 
and describing their causes (X’s) and 
outcomes (Y’s). 

However, the former is of limited utility without 
the latter.
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Image source: https://imgflip.com/memetemplate/57007095/Wrong-tool-for-the-job
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Descriptive inference2
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https://jainworld.com/education/jain-education-material/jain-stories/elephant-and-the-blind-men/



Most people use real-world data without thinking about 
how they are generated and whether they capture 
what they think they do. 

Continuing from our measurement week2
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Moving from theory to test2

 
Independent variable (a concept) ------------Causal theory------- > Outcome (also a concept)

|                                                                                                                                   |
|                                                                                                                                   |
|                                                                                                                                   |

Operationalisation                                                                                          Operationalisation
|                                                                                                                                   |
|                                                                                                                                   |
|                                                                                                                                   |

Measured proxy-------------------------------- Hypothesis -------->Measured dependent variable

Figure adapted from Kelstedt & Whitten (2018: 10). 

Null hypothesis
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Source: Adcock & Collier (2001: 531). 

2
 Ameica Poiia cec eiwVl 5 o

 FIGURE 1. Conceptualization and Measurement: Levels and Tasks
 I

 Level 1. Backgl
 The broad constellati

 understandings associat

 Task: ConceF

 Formulating a systel
 reasoning about the
 light of the goals of I

 J

 round Concept
 ion of meanings and
 ed with a given concept.

 itualization Task: Revisiting Background
 matized concept through Concept. Exploring broader issues concerning
 background concept, in the background concept in light of insights about
 research. scores, indicators, and the systematized concept.

 Level 2. Systematized Concept
 A specific formulation of a concept used by a

 given scholar or group of scholars;
 commonly involves an explicit definition. 2.

 Task: Operationalization
 Developing, on the basis of a systema-
 tized concept, one or more indicators
 for scoring/classifying cases.

 Task: Modifying Systematized
 Concept. Fine-tuning the systematized
 concept, or possibly extensively revising it, in
 light of insights about scores and indicators.

 icators
 ures" and "opera- y

 Level 3. Indi
 Also referred to as "meas
 tinnalinztinns " In nlalitativ ,e research, these

 tions employed in
 ases.

 // are the operal
 / I - cl

 Task: Scoring Cases
 Applying these indicators to produce
 scores for the cases being analyzed.

 II,I %,.11..1i,.A,?I

 tional definit

 lassifying ca

 Level 4. Scores

 The scores for cases gener
 indicator. These include bot

 and the results of qualital

 relation between observations and the systematized
 concept; any potential disputes about the background
 concept should be set aside as an important but
 separate issue. With regard to scores, an obvious but
 crucial point must be stressed: Scores are never exam-
 ined in isolation; rather, they are interpreted and given
 meaning in relation to the systematized concept.

 In sum, measurement is valid when the scores (level
 4 in Figure 1), derived from a given indicator (level 3),
 can meaningfully be interpreted in terms of the system-
 atized concept (level 2) that the indicator seeks to
 operationalize. It would be cumbersome to refer re-
 peatedly to all these elements, but the appropriate
 focus of measurement validation is on the conjunction
 of these components.

 Task: Refining Indicators
 Modifying indicators, or potentially creating
 new indicators, in light of observed scores.

 for Cases

 ated by a particular
 :h numerical scores

 tive classification

 Measurement Error, Reliability, and Validity

 Validity is often discussed in connection with measure-
 ment error and reliability. Measurement error may be
 systematic-in which case it is called bias-or random.
 Random error, which occurs when repeated applica-
 tions of a given measurement procedure yield incon-
 sistent results, is conventionally labeled a problem of
 reliability. Methodologists offer two accounts of the
 relation between reliability and validity. (1) Validity is
 sometimes understood as exclusively involving bias,
 that is error that takes a consistent direction or form.

 From this perspective, validity involves systematic er-
 ror, whereas reliability involves random error (Car-
 mines and Zeller 1979, 14-5; see also Babbie 2001,

 531

 C *0

 E

 U)

 aa
 0
 E

 I

 I

 L

 Vol. 95, No. 3 American Political Science Review

 2

This content downloaded from 
             150.203.2.74 on Sun, 10 Jul 2022 05:00:54 UTC               

All use subject to https://about.jstor.org/terms

15



“A descriptive argument describes some aspect of the world.  

In doing so it aims to answer what questions (e.g. when, whom, out of 
what, in what manner) about a phenomenon or a set of phenomena.”  

(Gerring 2012: 722, emphasis added)

Defi2
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Moving from theory to test2

 
Independent variable (a concept) ------------Causal theory------- > Outcome (also a concept)

|                                                                                                                                   |
|                                                                                                                                   |
|                                                                                                                                   |

Operationalisation                                                                                          Operationalisation
|                                                                                                                                   |
|                                                                                                                                   |
|                                                                                                                                   |

Measured proxy-------------------------------- Hypothesis -------->Measured dependent variable

Figure adapted from Kelstedt & Whitten (2018: 10). 

Null hypothesis
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As Gerring (2012) makes clear, most current political science research focuses 
on causal inference rather than description. 

However, description and causality are intimately related and can often overlap. 

First, we need to understand the what before we can ask why.

Description and causal inference2
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That is not to say it is not important or infl2
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Comparing causal focus across fi2

20Source: Gerring (2012: 731)

Are political science topics  
just different?



Concepts—Economic output, population, democracy 

Measurement—GDP, Polity, V-Dem 

Why is falsifying descriptive arguments so hard? 

Describing a concept: What is democracy and how should we measure it? 

Causal argument: Does democracy increase the chance of victory in war?

The challenges of description2
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“A description of even the smallest slice of reality can never be exhaustive.”  
(Max Weber 1905, quoted in Gerring 2012: 738) 

“Any phenomenon of significance to social science is likely to call up multiple 
words, and multiple definitions of those words.”  

(Gerring 2012: 738). 

“To describe something is to assert its ultimate value,”  
(Gerring 2012: 740) 

Therefore, descriptions include an inherent subjectivity.

Why is description so hard?2
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2
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Source: http://shadedrelief.com/Everest-3D-Map/Everest-3D-Map-Type-EN.jpg



“Remembrance of things past is not necessarily  
the remembrance of things as they were.”  

Marcel Proust. 1922. In Search of Lost Time: Swann’s Way.

Problematising memory2
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Robustness checks!

We will come back to these 
techniques in a few weeks.

One way of addressing descriptive uncertainty2
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How do we measure latent, unobservable, unmeasurable constructs? 

              Democracy 

                           Corruption 

                                       Conflict 

                                                           Development 

                                                                                Skill 

Most of what we care about are latent concepts2
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Descriptive statistics3
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Now that we have some ways of describing our topic, let us look at a 
few ways that we can measure it. 

Remember that we should keep in mind how the data were 
generated so as to not try and take away more than we should from 
the data.

Let us get to know our data3
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Label: Employment status of survey respondent 

Values: “employed” or “unemployed” 

Variable type:  

(1) categorical/nominal [unemployed, employed] 

(2) ordinal [<5 hours, 5-15 hours, 15-35, >35 hours worked per week] 

(3) continuous/interval/ratio [time worked last week]

Measurement metrics3
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Categorical variables3
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We can put cases into categories based 
on their values, but we cannot rank or 
order them.



A categorical (and count/continuous) variable example3

31Source: https://www.magpiealert.com/Swooping-Magpie-Attack-Statistics-2022



Variables for which cases have values  where we can make universal ranking distinctions. 

If we treat an ordinal variable like a categorical variable, we are acting as if we have less 
information than we really do.

Ordinal variables3
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Source: https://www.abs.gov.au/statistics/people/people-and-communities/snapshot-australia/2021

Source: an email I received after recently ordering Dominos.



Sometimes called interval variables or 
ratio variables (if they have a meaningful 
0). 

They have equal unit differences.

Continuous variables3
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Source: https://www.ga.gov.au/__data/assets/image/0013/12640/GA11759.gif

https://www.ga.gov.au/__data/assets/image/0013/12640/GA11759.gif


Source: NASA (https://climate.nasa.gov/internal_resources/2143/)

Where is “sea level”?3
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Source: NASA (https://climate.nasa.gov/ask-nasa-climate/2990/sea-level-101-what-determines-the-level-of-the-sea/)

https://climate.nasa.gov/internal_resources/2143/
https://climate.nasa.gov/ask-nasa-climate/2990/sea-level-101-what-determines-the-level-of-the-sea/


Source: https://www.weather-atlas.com/weather/images/city/0/3/2332830-1000-75.jpg

Where is “sea level”?3
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https://www.weather-atlas.com/weather/images/city/0/3/2332830-1000-75.jpg


Usually, we focus on the frequency distribution of categorical variables 
with a table, pie charts, or bar graphs. 

The only central tendency statistic is the mode (the most frequent value). 

Quantiles (including percentiles) are also used. They are a measure of 
position within a distribution.

Describing categorical variables3
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Quantile example3
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We are primarily interested in the central tendency and 
the distribution of values around this central tendency. 

We are also interested in outliers. 

The midpoint value is the median.

The average value is the mean. 

The dispersion around the mean is described by the 
standard deviation.

Describing continuous variables3
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Descriptive statistics

Types of statistics

Inferential statistics

Measures of central tendency Measures of variance

Mean Mode Median RangeVarianceStandard deviation

(to come)



Mean = sum of observations / number of observations

Finding the mean3
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Desirable properties are that the derivations from the mean are zero-sum 
and the least squares property (to be discussed later).



A sample’s standard deviation (sd) is given by  

Or more concretely: 

 

Where: 

 is your variable’s mean. 

 is an individual value. 

n is the sample size.

sd = variance(y)

sd =
∑ (xi − x̄)2

n − 1

x̄

xi

Finding the standard deviation3
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Put simply, the average 
difference between an 

observation and the mean



With only the mean and standard deviation we can tell a lot about our 
observations if they approximate the normal distribution.

The normal distribution3
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Source: https://www.investopedia.com/terms/n/normaldistribution.asp

Where: 
= mean 
 =standard deviation

μ
σ



A descriptive distribution example from last week2
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Source: Magpie alert (https://www.magpiealert.com/Swooping-Magpie-Attack-Statistics-2022) 

https://www.magpiealert.com/Swooping-Magpie-Attack-Statistics-2022


The normal (Gaussian) distribution3
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Source: https://www.investopedia.com/terms/n/normaldistribution.asp
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So outliers defi3
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Source: https://www.grunge.com/605948/the-sad-story-of-the-man-struck-by-lightning-7-times/



https://www.qilt.edu.au/surveys/graduate-outcomes-survey-(gos)

Example video on Wattle3
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https://www.qilt.edu.au/surveys/graduate-outcomes-survey-(gos)


Another example3

47



What can descriptive inference tell us that causal inference cannot? 

What are the basic descriptive statistics? 

Today’s motivating questions
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Motivating puzzle

Political scientists spend much more time 
thinking about causal inference and data 
analysis than they think about conceptualising 
and describing their causes (X’s) and 
outcomes (Y’s). 

However, the former is of limited utility without 
the latter.
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Image source: https://imgflip.com/memetemplate/57007095/Wrong-tool-for-the-job
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   Important Week 6 terms3
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Variable label 
Variable values 
Variable types 
-Categorical/nominal 
-Ordinal 
-Continuous/interval/ratio 

Equal unit difference

Central tendency 
Mode 
Quantiles 
Outliers 
Mean 
Median 
Variance 
Standard deviation



See you in workshop!
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