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Today's discussion
I 1 INntroduction

I 2 Descriptive inference

I 3 Descriptive statistics
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Week 1: Scientific method

Week 2: Causal theorising
Week 3. Research design

Week 4: Concepts and measurement

Week 5: Surveys and sampling
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I 1 L earning outcomes

Upon successful completion, students will have the knowledge and skills to:

I. explain the complexity of contemporary politics from the perspective of solid research
demgn and emplncal analy31s —

2. apply a range of methodological approaches by which to analyse such issues;

3. generate, explain, and visualise __‘-‘ tive asts and basic 1 ferentlal for
political phenomena using a statistical software package; and T

4. apply coneptual and analytical tool to a political phenomenon at a higher level of
study or in a professional working environment.

POLS2044 (2022) Course Guide | 2




Y=a+pX+e+c¢

Where we are headed

Y - Independent Variable

;; = Regression Line

e Data points

5 6 7
X - Dependent Variable

Source: https://towardsdatascience.co

m/linear-regression-explained-1b36f97b7572

There Is often an easier map to quantitative
analysis than qualitative analysis.
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Source: https://static1.srcdn.com/word 05/Elmo-Flames-Meme.|



https://static1.srcdn.com/wordpress/wp-content/uploads/2020/05/Elmo-Flames-Meme.jpg

I'he basic regression equation

/// Y=a+pX+e+e¢ \\\

Where:

Y is the outcome you are trying to explain.
X is the main explanatory variable.
a (alpha) is the intercept.

p (beta) is the estimated relationship between X and Y.
€ Is the systematic error.

(is the random error. J




I'he basic regression equation

We will be coming back to this equation in a few weeks,
but first we need to start by learning about our main

Lce\use (X) and outcome (Y) variables. J




Today’s motivating questions

\_

~

What can descriptive inference tell us that causal inference cannot?

What are the basic descriptive statistics”
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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 [imited utility without
the latter.

Image source:
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tps://imagflip.com/memetemplate/57007095/Wrong-tool-for-the-jo
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?)  Descriptive inference




Continuing from our measurement week

-

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

K what they think they do.

~

_
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I ) Moving from theory to test

Independent variable (a concept) ------------ Causal theory------- > Qutcome (also a concept)
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Source: Adcock & Collier (2001: 531).

FIGURE 1.

Conceptualization and Measurement: Levels and Tasks

Measurement

Level 1. Background Concept

The broad constellation of meanings and
understandings associated with a given concept.

\
/

Task: Conceptualization Task: Revisiting Background

Formulating a systematized concept through Concept. Exploring broader issues concerning
reasoning about the background concept, in the background concept in light of insights about
light of the goals of 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.

/N

Y

Task: Operationalization Task: Modifying Systematized

Developing, on the basis of a systema- Concept. Fine-tuning the systematized

tized concept, one or more indicators concept, or possibly extensively revising it, in
for scoring/classifying cases. light of insights about scores and indicators.

Level 3. Indicators
Also referred to as “measures” and “opera-

tionalizations.” In qualitative research, these
are the operational definitions employed in
classifying cases.

S
N\

Task: Scoring Cases Task: Refining Indicators

Applying these indicators to produce Modifying indicators, or potentially creating
scores for the cases being analyzed. new indicators, in light of observed scores.

Level 4. Scores for Cases

The scores for cases generated by a particular
indicator. These include both numerical scores

and the results of qualitative classification

/
\
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Defining descriptive arguments

\_

"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 ady
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I ) Moving from theory to test

Independent variable (a concept) ------------ Causal theory------- > Qutcome (also a concept)
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I ) Description and causal inference

- a

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.

\_ J
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That is not to say it is not important or influential.

C & [
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Abstract

This article identifies and addresses key conceptual and measurement issues raised by measures of state capacity in studies of civil
conflict. First, it reviews competing definitions and operationalizations of state capacity, focusing specifically on those that
emphasize (1) military capacity, (2) bureaucratic administrative capacity, and (3) the quality and coherence of political institu-
tions. Second, it critically assesses these measures on the basis of construct validity, focusing attention on whether they accurately
capture the theoretical concept of state capacity, and whether they allow the researcher to differentiate between competing causal
mechanisms. Third, it employs principal factor analysis to identify the underlying dimensionality of 15 different operationaliza-
tions of state capacity. State capacity is characterized by low dimensionality, with three factors — or dimensions of state capacity —
explaining over 90% of the variance in the 15 measures. While the first factor, rational legality, captures bureaucratic and
administrative capacity, the second, rentier-autocraticness, and third, neopatrimoniality, capture aspects of state capacity that cut
across theoretical categories. The article concludes by suggesting a multivariate approach to modeling state capacity, and that

(1) survey measures of bureaucratic quality, and (2) tax capacity are the most theoretically and empirically justified.

Keywords

civil conflict, construct validity, factor analysis, state capacity

Introduction

State capacity is a quality conspicuous both in its absence and
presence but difficult to define. Despite its importance for the
study of inter- and intrastate conflict, state capacity remains a
concept in search of precise definition and measurement. The
various contributions to this special issue, and the works on
which they build, may advance our understanding of the
causes of civil conflict, but they represent different notions and
operationalizations of the concept. The purpose of my contri-
bution is threefold: first, to review the definitions and opera-
tionalizations of state capacity in the civil war literature;
second, to assess their validity; and third, to determine whether
they point to a common quality — or set of qualities — that can
inform work relating state capacity to conflict.

Within the civil war literature, interest in state capacity has
coincided with a turn away from a debate over motive
(whether economic greed or societal grievance) and toward the
political opportunity structure that affects potential rebels’
decisions to fight. The political opportunity model (Tilly,
1978) places state capacity at the center. The decision to rebel
takes into account the government’s capacity for repression
and accommodation. If the state is capable of repressing, then

the likelihood of capture will be higher and rebellion will be

less likely. If the state is capable of accommodating grievances
via institutionalized channels, such as redistribution, the grant-
ing of autonomy rights, or the incorporation of dissident
movements within the party system, then the motivation for
violent rebellion will be lessened and conflict will be less likely.

In either the repressive or accommodative response sce-
nario, state capacity is central. For a state to repress, it must
identify potential rebels and apply coercion. For a state to
accommodate, it must redistribute resources and power. Yet
these are two very different notions of state capacity. The arti-
cles that comprise this special issue use at least seven different
definitions and operationalizations of the concept, with
another eight playing prominent roles in the literatures on
conflict and economic development. It is an open question,
however, whether these measures capture distinct theoretical
concepts or vectors of variance.

This article addresses three theoretical definitions of state
capacity: military power, bureaucratic/administrative capacity,
and the quality and coherence of political institutions. Deci-
sions about how to best operationalize the concept of state

Corresponding author:
cullen.hendrix@unt.edu
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24| Comparing causal focus across fields

Are political science topics
just different”

% of Total Articles

PO SO EC PSY ANT  NAT
Causation, Causality, Cause, Causal

Fig. 4. The disciplines compared, 1980—99

Notes: The share of all articles (not reviews, editorials, or other matter) within top journals in various
disciplines mentioning at least one of the following search terms: causation, causality, or causal. The
denominator of the ratio — total articles within each stipulated period — was provided by JSTOR’s data
support team and is available upon request. Searches conducted using the JSTOR on-line search function
1n November, 2008.

Political Science (PO) journals include: American Political Science Review, American Journal of Political
Science, and World Politics. Sociology (SO) journals include: American Journal of Sociology, American
Sociological Review, and Social Forces. Economics (EC) journals include: American Economic Review,
Quarterly Journal of Economics, and Journal of Political Economy. Psychology (PSY) journals include the
American Journal of Psychology. (The eight other psychology journals in the JSTOR collection are subfield
journals, and thus inappropriate for our purpose.) Anthropology (ANT) journals include: American
Anthropologist, American Ethnologist, and Journal of the Royal Anthropological Institute/Man. Natural
science (NAT) journals include all journals listed in JSTOR under the following disciplinary categories:
Biological Sciences, Botany and Plant Sciences, Developmental and Cell Biology, Ecology and Evolutionary
Biology, General Science, Health Sciences, Mathematics, and Zoology (N = 432).

Source: Gerring (2012: 731)
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I 2 The challenges of description

e

oncepts—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?

" )




TOSHIRO MIFUNE

Why Is description so hard?

>
con MASAYUKI MORI - MACHIKO KYO - TAKASHI SHIMURA
PROD. DAIE FLM

"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)

Theretore, descriptions include an inherent subjectivity.

22
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Problematising memory

¥

S~

‘Rememlbrance of things past is not necessarily
the remembrance of things as they were.”

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




One way of addressin

Robusthess checks!

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

g descriptive

uncertainty

1

Political Analysis, 11:2(R)

Correlation versus Interchangeability: The Limited

Robustness of Empirical Findings on Democracy using

Highly Correlated Datasets

Gretchen Casper
Penn State University

Claudiu Thufis
Penn State University

This article shows that highly correlated measures can produce different
results. We identify a democratization model from the literature and test it
in over 120 countries from 1951-1992. Then, we check whether the
results are robust regarding measures of democracy, time periods, and
levels of development. The findings show that measures do matter: while
some of the findings are robust, most of them are not. This explains, in
part, why the debates on democracy have continued rather than been
resolved. More importantly, it underscores the need for more careful use
of measures and further testing to increase confidence in the findings.
Scholars in comparative politics increasingly are drawn to large-N
statistical analyses, often using datasets collected by others. As in any
field, we show how they must be careful in choosing the most appropriate
measures for their study, without assuming that any correlated measure
will do.

Introduction

Democracy, like representation or power, is a basic concept in political science that is
inherently difficult to measure. While different scholars have accepted different
tradeoffs between consistency and operationalization when constructing their measures,
resulting in a range of different measures of democracy, their measures correlate highly.
It would be a reasonable assumption for a researcher to treat the measures
interchangeably, selecting one that best fits the time period, number of countries, or
particular variables that she was interested in. However, as we show in this article,
despite high correlations, the use of these different measures can produce different
results

Authors’ note: We acknowledge generous advice from Frank Baumgartner, Scott Bennett, David Brown,
Suzanna DeBoef, Scott Gates, Barbara Geddes, and Quan Li.

Copyright 2002 by the Society for Political Methodology
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I ) Most of what we care about are latent concepts

f How do we measure latent, unobservable, unmeasurable constructs?\
Democracy
Corruption
Conflict

Development

N -

26



Descriptive statistics




et us get to know our data

-

\_

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.

-~

J
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Measurement metrics

Gael: —mployment status of survey respondent \

Values: "employed” or "unemployeq”

Variable type:

(1) categorical/nominal [unemployed, employed]

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

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




Q Latest release J Data download

Language used at home (LANP)

Census of Population and Housing: Census dictionary
Reference period: 2021

Categorical variables

Released 15/10/2021 Next release Unknown v Previous releases

Definition

This variable identifies whether a person uses a language other than English at home and if so, records the main non-
English language which is used. The purpose of this variable is to identify the main languages other than English

which are used in households across Australia.

Scope

All persons

We can put cases into categories based | ®o*

Language used at home (LANP) is classified using the Australian Standard Classification of Languages (ASCL),

O n t h e | r Va ‘ U e S y b Ut We C a n n Ot r a n k O r 2016. The categories are listed in groups below. The full list is available from the Data downloads on this page.
O rd e r th e m 1 Northern European Languages

2 Southern European Languages

3 Eastern European Languages

4 Southwest and Central Asian Languages
5 Southern Asian Languages

6 Southeast Asian Languages

7 Eastern Asian Languages

8 Australian Indigenous Languages

9 Other Languages

¢ € € € € <€ < < (| (<

Supplementary codes




A categorical (and count/continuous) variable example

Australia by State 2022

Magpie swooping attack percentages across

® ACT
@ NSW
@ QLD
@ SA
® VviC
® WA
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Ordinal variables

mariab\es for which cases have values where we can make universal ranking distincticra

It we treat an ordinal variable like a categorical variable, we are acting as if we have less
Qformation than we really do. J

182, 1% 193«

WE’I] lOVE YOUR FEEDBAGK .
Poor Outstanding Gen Alpha GenZ Millennials GenX Baby Interwar

0-9years  10-24years 25-39 years 40-54 years Boomers 75 years

Click a star to rate your experience
55-74 years ~ and over

Source: an email | received after recently ordering Dominos.
Source: https://www.abs.gov.au/statistics/people/people-and-communities/snapshot-australia/2021
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Continuous variables

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

They have equal unit differences.

Elevation
(metres)

- Over 600

. 0300

300-600

Below sea level

Highest mountain in each state

Source: https://www.ga.gov.au/ _data/assets/image/0013/12640/GA11759.qif
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Source: NASA (

Where Is “sea |level”?

-120 -80 -40 0 40 8O
Ocean Dynamic Topography (cm) Oct 3-12, 1992

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

2] No Valid Data

January 1993 - January 2016

I
135°W 90°W 45°W 0°E 45°E 90°E 135°E
B . .
-10 -6 -2 2 6 10

Sea Level Trends (mm/y)

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

Where |s "sea level

Source: https://www.weather-atlas.com/weather/images/city/0/3/2332830-1000-75.ipg
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Describing categorical variables

a N

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

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.

. J
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Quantile example

SAT 6 CollegeBoard

®

Understanding
Scores

2021

Percentiles for Total Scores

Nationally Nationally Nationally
Representative Representative Representative
Total Score Sample SAT User Total Score Sample SAT User Total Score Sample SAT User
1600 99+ 99+ 1180 78 72 760 9 8
1590 99+ 99+ 1170 77 70 750 8 7
1580 99+ 99+ 1160 76 69 740 7 6
1570 99+ 99+ 1150 74 67 730 6 5
1560 99+ 99+ 1140 73 66 720 5 4
1550 99+ 99 1130 71 64 710 4 3
1540 99+ 99 1120 70 63 700 4 3
1530 99+ 99 1110 69 61 690 3 2
1520 99+ 99 1100 67 59 680 2 2
1510 99 98 1090 65 58 670 2 1
1500 99 98 1080 63 56 660 1 1
1490 99 98 1070 61 54 650 1 1
1480 99 97 1060 60 52 640 1 1
1470 99 97 1050 58 51 630 1 1
1460 99 96 1040 56 49 620 1- 1-
1450 99 96 1030 54 47 610 1- 1-
1440 98 95 1020 52 45 600 1- 1-
1430 98 95 1010 50 44 590 1- 1-
1420 98 94 1000 48 42 580 1- 1-
1410 97 94 990 46 40 570 1- 1-
1400 97 93 980 44 39 560 1- 1-
1390 97 93 970 42 37 550 1- 1-
1380 96 92 960 40 35 540 1- 1-
1370 96 91 950 38 34 530 1- 1-
1360 95 91 940 36 32 520 1- 1-
1350 94 90 930 35 30 510 1- 1-
1340 94 89 920 33 29 500 1- 1-
1330 93 88 910 31 27 490 1- 1-
1320 93 87 900 29 26 480 1- 1-
1310 92 87 890 27 24 470 1- 1-
1300 91 86 880 26 23 460 1- 1-
1290 90 85 870 24 21 450 1- 1-
1280 89 84 860 23 20 440 1- 1-
1270 88 83 850 21 19 430 1- 1-
1260 87 82 840 20 17 420 1- 1-
1250 86 81 830 18 16 410 1- 1-
1240 85 79 820 17 15 400 1- 1-
1230 84 78 810 16 13
1220 83 77 800 14 12
1210 82 76 790 13 11
1200 81 74 780 11 10
1190 80 73 770 10 9

37



Describing continuous variables

-

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.

\

We are primarily interested in the central tendency and

~

Al

60 GNI pc growth (annual %) (WB)

J
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Descriptive statistics

'

-

Measures of central tendency

~

- J
N\ ) ™

r

.

Mean Mode Median

. \.

Types of statistics \

Inferential statistics

Measures of variance

-

Standard deviation

-

.

(to come)

\_

Variance

.

,
N ( A (

-

Range
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Finding the mean

~
\_

Mean = sum of observations / number of observations

~
_/

k and the least squares property (to be discussed later).

Desirable properties are that the derivations from the mean are zero-sum

_/

40



Finding the standard deviation

ﬁ sample’s standard deviation (sd) is given by sd = \/ variance(y) \

Or more concretely:

. > (x; — x)?
Put simply, the average od = !
difference between an \ N — 1
observation and the mean
Where:

X IS your variable’s mean.

X; I1s an individual value.

K n s the sample size. j




The normal distribution

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

68% 95% 99.7% flz) = e 2\ o
o\ 27
: . Where:
3 -1 2 0 +1 +2 +3 3 -1 2 0 +1 +2 +3 3 -1 -2 0 +1 42 +3 K= mean
68% of all values are within 1 95% of all values are within 2 99% of all values are within 3 O =Stan d ard d eVi atiOﬂ
standard deviation of mean value standard deviations of mean value standard deviations of mean value
2 Investopedia

Source: https://www.investopedia.com/terms/n/normaldistribution.asp
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I 2 A descriptive distribution example from last week

2022

600

500

400

300

Afttack Count

200

100

Magpie swooping a

L_L—

\
N

N

&‘ﬁ

1/6 1/8

1/10

Week of Year

1/12

— 2022

Previous 6
year Avg.

Source: Magpie alert (https://www.magpiealert.com/Swoop

ing-Magpie-Attack-Statistics-2022)
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The normal (Gaussian) distribution

Danny DeVito
147cm

Steph Curry
188cm

1

Heights (in cm)

Tacko Fall

Source: https://www.investopedia.com/terms/n/normaldistribution.asp
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So outliers definitely do happen.

C » N @& grunge.com

The Sad Story 0f The Man Struck By Lightning 7 Times

The next time was 27 years later in July of 1969 when lightning came in through an open window
of the truck he was driving. Inside Nova reported he was knocked out for about 15 minutes and

when he came to his eyebrows, eyelashes, and hair were all singed.

AFTER THE FOURTH STRIKE, SULLIVAN WAS CONCERNED A
MALEVOLENT FORCE WAS AFTER HIM

According to the National Weather Service, the odds of being struck by lightning in an 80-year

lifespan is one out of 15,300, but on average, only 10% of people who are struck die from their
injuries, though the other 90% can be left with a variety of short- or long-term health issues. The

odds of being struck in any given year are one out of 1,222,000.

Source: https://www.grunge.com/605948/the-sad-story-of-the-man-struck-by-lightning-7-times/
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Example video on Wattle

C /@ 0O

S Ql LT About Surveys v Data Resources Survey participants v Compare institutions

Quality Indicators for
Learning and Teaching

Home / Graduate Outcomes Survey

Graduate Outcomes Survey

The GOS is completed by graduates of Australian higher education institutions approximately four to Recent/graduatesiof AuSTRITT O

six months after finishing their studies. The GOS measures short-term employment outcomes including undergraduate, postgraduate coursewd
research levels

22 Target population

skills utilisation, further study activities, and graduate satisfaction.

[® Sample size
Over 120,000 recent graduates

! Latest results ! Download report 4 About the GOS
3 Survey cycle

Conducted annually across three round
and May

~ GOS

Graduate Outcome Survey

2021 Domestic Results

Labour market outcomes by demographic characteristics

Labour market outcomes by 21 study areas
Labour market outcomes by 45 study areas
Median salary by 21 study areas
Median salary by 45 study areas
abour.market outcomes by university
et outcomes by NUHEI
Reasor working more hours
s for working in a job that doesn't fully utilise skills

Further full-time studies

Satisfaction by 21 study areas
‘ossary

Microsoft Power Bl 10f20 >

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


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

Another example

—

FIA Formulal
World Championshipmw

FORMULA 1 ROLEX BELGIAN GRAND PRIX 2024 - Spa-Francorchamps

Race History Chart
LAP 1 GAP TIME LAP 2 GAP TIME LAP 3 GAP TIME LAP & GAP TIME LAPS GAP TIME

16 1:51.912 16 1:50.240 44 1:49.109 44 1:49.808 [AA 1:49.376
44 0.788 1:52.700 44 0.397 1:49.849 16 1.013 1:50.519 16 1.001 1:49.796 16 1.119 1:49.494
1 1527 1:53.439 11 1527 1:50.240 1 2.004 1:49.983 1 1.986 1:49.790 1 2.506 1:49.896
81 2.336 1:54.248 81 2.260 1:50.164 81 2.725 1:49.971 81 2.764  1:49.847 81 3.473 1:50.085
63 2851 1:54.763 63 2.771 1:50.160 63 3.277 1:50.012 63 3.526 1:50.057 63 4.335 1:50.185
55 3.358 1:55.270 55 3.378 1:50.260 55 3985 1:50.113 55 4.059 1:49.882 55 4920 1:50.237 el

4 3815 1:55.727 4 4079 1:50.504 4 4704 1:50.131 4 4908 1:50.012 4 5687 1:50.155
14 4665 1:56.577 1 4859 1:49.828 1 5.494 1:50.141 1 5.741 1:50.055 1 6.503 1:50.138 N 3 napdragon

1 5.271 1:57.183 14 5.741 1:51.316 14 6.439 1:50.204 14 7.052 1:50.421 14 8.366 1:50.690
23 5409 1:57.321 23 6.452 1:51.283 23 7.146 1:50.200 23 7.648 1:50.310 23 8995 1:50.723
31 5.935 1:57.847 31 7.007 1:51.312 31 8.019 1:50.518 31 8.582 1:50.371 31 9.842 1:50.636
10 6.642 1:58.554 10 7.675 1:51.273 10 8.926 1:50.757 10 9.484 1:50.366 10 10.636 1:50.528
77 6.849 1:58.761 77 8.061 1:51.452 77 9.640 1:51.085 77 10.359 1:50.527 77 11.445 1:50.462

3 7.344  1:59.256 3 8645 1:51.541 3 10.354 1:51.215 3 11.2617 1:50.715 3 12.199 1:50.314
18 7.706 1:59.618 18 9.120 1:51.654 18 11.008 1:51.394 18 12.019 1:50.819 18 13.138 1:50.495
27 8.244  2:00.156 27 9804 1:51.800 27 11532 1:51.234 27 12.636 1:50.912 27 14.029 1:50.769
20 8836 2:00.748 20 10.328 1:51.732 20 12.136 1:51.314 20 13.332 1:51.004 20 14.743 1:50.787
24 9.209 2:01.121 24 11.068 1:52.099 22 13.425 1:51.051 22 14.475 1:50.858 22 16.055 1:50.956
22 9.729 2:01.641 22 11.880 1:52.391 2 14.186 1:51.366 2 15.150 1:50.772 2 16.889 1:51.115

2 10.278 2:02.190 2 12326 1:52.288 24 82684 3:01.122 24 85.252 1:52.376




Today’s motivating questions

Cw

\

hat can descriptive inference tell us that causal inference cann

What are the basic descriptive statistic

o

S”/

\J
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Motivating puzzle

@Htica\ 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.

Image source:

h

t

tps://imaflip.com/memetemplate/57007095/Wrong-tool-for-the-jo

b
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https://imgflip.com/memetemplate/57007095/Wrong-tool-for-the-job

Important Week 6 terms

Variable label

Variable values

Variable types
-Categorical/nominal
-Ordinal
-Continuous/interval/ratio
Equal unit difference

Central tendency
Mode

Quantiles

Outliers

Viean

Median

Variance
Standard deviation
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