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Course Introduction

Design and Learning with Data
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Data Storytelling

* The ability to effectively communicate insights from a
dataset using narratives and visualizations.
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Data Visualization
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e Dimensional Visualization of Data
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1D Ordinal

* When you are interested in a single column containing
ordinal values (i.e., counting and ranking are allowed)
« E.g., # of cylinders column of the car dataset

the raw data
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« Each visualization can accommodate 1-2 extra columns with
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2D Nominal x Quantitative

« If you are interested in how one nominal and one
quantitative columns
* E.g., origin and horsepower columns of the car dataset

Higher Dimension

« Single charts usually cannot accommodate larger than 5
dimensions.
* However, we can use composite charts.

vl plots
* For example, we have used scatterplot matrix in the previous tutorial.
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2D: Quantitative x Quantitative

Aggregate (Count)
29  . counT
204 0 Qw
20 O=
w]® 2 ° Qu
160 0o
i =] 00 O-
! 1ol ege -
2 o OQo -
%0, O Qo
- o000 o -
c+0560 0
IR EE] L
BIN(Milos_por_Gallon)
o w0 PR —

Miles_per_Gallon



«-  The Importance of Context

6 basic problem types

* Making predictions

* Categorizing things

* Spotting something unusual
* Identifying themes

* Discovering connections

* Finding patterns

Craft effective questions
* SMART methodology

* Specific — does the question address the problem? Does it have a

context?

* Measurable — does it give the answer that can be measured?

* Action-oriented — will the info that we get help us devise an action
plan?

* Relevant — is it about a particular problem we are trying to solve?

* Time-bounded — are the answers relevant to the specific time being

studied?

Who, What, and How

» To whom are you communicating?

* It is important to have a good understanding of who your audience is
and how they perceive you. This can help you to identify common
ground that will help you ensure they hear your message.

* What do you want your audience to know or do?

you want to set for your communication.

* How can you use data to help make your point?

* It’s only after you can concisely answer these first two questions that
you’re ready to move forward with the third.

H ere are some action words to help act as thought starters
LIVE PRESENTATION .. ... ... WRITTEN DOC ¥ EMAIL as you determine what you are asking of your audience:
—~— accept | agree | begin | believe | change | collaborate | commence
| V.Z (i o 0 . .
= ﬁ Ji . | create | defend | desire | differentiate | do | empathize |
,r]\‘? Fr% "( y empower | encourage | engage | establish | examine | facilitate
'™~ 7l i (= | familiarize | form | implement | include | influence | invest |
Yow (,;W«u'éﬂ Audience invigorate | know | learn | like | persuade | plan | promote
= | pursue | recommend | receive | remember | report | respond |
amount of /,“'.[’” secure | support | simplify | start | try | understand | validate
CONTEOL
Yow have Ignore the nonsupporting data?
level of You might assume that showing only the data that backs
DETAIL- up your point and ignoring the rest will make for a stron-
il —, pyour p 9 9

Loy ger case. | do not recommend this. Beyond being misleading
by painting a one-sided story, this is very risky. A discern-
ing audience will poke holes in a story that doesn't hold up
or data that shows one aspect but ignores the rest. The right
amount of context and supporting and opposing data will
vary depending on the situation, the level of trust you have
with your audience, and other factors.

" SLIDEUMENT®



oy Data X

* Data science vs Data analytics
* Data ecosystem / Data life cycle / Data Privacy & Ethics

* Data Integrity / Data & Analytics Skills

Descriptive analytics Diagnostic analytics

* looks at data to examine, * goes deeper than descriptive
understand, and describe analytics by seeking to
something that’s already understand the “why” behind
happened. what happened.

Predictive analytics Prescriptive analytics

» relies on historical data, past » identifies specific actions an
trends, and assumptions to individual or organization
answer questions about what should take to reach future
will happen in the future. targets or goals.
4.STORAGE




Data Exploration
s o

Initial Phase of Data Analysis

Data
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Data

Sy Big Data Quality Assessment Framework

Dimensions Elements Indicators

= Whether a data access interface is provided
= Data can be easily made public or easy to purchase

1) Accessibility

1) Availability = Within a given time, whether the data arrive on time

= Whether data are regularly updated

s Whether the time interval from data collection and processing to
release meets requirements

2) Timeliness

= Data come from speqalized organizations of a country, field, or
industry
2) Usability 1) Credibility - F;pedr;s or specialists regularly audit and check the correctness of
t ta content
= Data exist in the range of known or acceptable values

= Data provided are accurate

= Data representation (or value) well reflects the true state of the
source information

= Information (data) representation will not cause ambiguity

= After data have been processed, their concepts, value domains, and
formats still match as before processing
2) Consistency = During a certain time, data remain consistent and verifiable

e » Data and the data from other data sources are consistent or venifi-
3) Reliability able

1) Accuracy

» Data format is clear and meets the criteria
3) Integrity » Data are consistent with structural integrity
= Data are consistent with content integrity

= Whether the deficiency of a component will impact use of the data
for data with multi-components

4) Completonses » Whether the deficiency of a component will impact data accuracy
and integrity
» The data collected do not completely match the theme, but they
; expound one aspect
garbage in, garbage out 4) Ralovance 1) Fitness = Most datasets retrieved are within the retnieval theme users need

» Information theme provides matches with users’ retrieval theme

[garbage in, garbage out] «)
DEFINITION « Data (content, format, etc.) are clear and understandable
used to express the idea that in computing and ) ¥ T . ts casy to ;udgc that the data Pl’UVldCd meet needs
i 5) Presentation Quali 1) Readabili v by : .
orodues oty ot quetty etk ) y 1) Y Data description, classification, and coding content satisfy specifica-
tion and are easy to understand
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Descriptive

gt Descriptive

Descriptive statistics

Distribution Meas:;'?;:::;ntral Measures of variability
'
Mean Range
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Mode Variance

Interquartile range
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Statistical
graphics

N’

Univarniate/Multivariate Graphical
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poriey With Python

r
[ NN ] P Exploratory Data Anlysis | Dee. X =+ v
&« C {y & deepnote.com/workspace/fang-wan-9f34fd68-36fc-4869-b2cb-bda9010c988b/project/Exploratory-Data-Anlysis-4216a0b0-3afc-4a2a-854d-2535d81a10a1/ B % 4 @ E » O e

Fang‘W‘AN”v = Fang WAN / Exploratory D Anlysis | earthquakes_plotly < Sh W5 Publish w
phie.fwan@gr
Q  Search Project Comments History
® Machine offline. Restore variables from last session. B Run notebook v C
© Getting started n NOTEBOOKS +
85 Integrations 1 10_minutes_to_pandas
import plotly.express as px
i Settings & members import pandas as pd earthquakes_plotly
© test
PROJECTS kS
2] winequality_white
Exploratory Data Anlysis df = px.data.gapminder().query("year==2067")
fig = px.scatter_geo(df, locations="iso_alpha"”, color="continent”,
Starter Project &) hover_name="country", size="pop", INTEGRATIONS +
projection="natural earth")
PRIVATE - Fig.show() < .
9. ] i oW
1 - Introduction - Duplicate [ ]

Connect an integration

To view its schema and
query it with SQL

continent
® Asia
® Europe
Africa FiES +
® Americas T T
Ocakinla [f] Mag6PlusEarthquakes_190..
[] winequality-white.csv
ENVIRONMENT 23
Python 3.7 Basic ®
RAM: 0 GB CPU: 0%
TERMINALS +
(7 Fang's terminal #1
TABLE OF CONTENTS
Create a Heading block or a
(D 119 days left in your Team trial header in a Markdown cell.
® Explore
@ Chat & resources . VARIABLE EXPLORER 0
’ Deepnote Team gneacidaca
A df = pd.read_csv('Mag6PlusEarthquakes_1960-2013.csv') No variables in scope. Restore

[N
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Inferential

== Inferential Statistics

s Example: Statistical hypotheses to test an effect

* Null hypothesis: A 5-minute meditation exercise will have no effect on
math test scores in teenagers.

* Alternative hypothesis: A 5-minute meditation exercise will improve
math test scores in teenagers.

Step 1: Write your hypotheses and plan your research design

Step 2: Collect data from a sample

= Example: Statistical hypotheses to test a correlation

* Null hypothesis: Parental income and GPA have no relationship with
each other in college students.

 Alternative hypothesis: Parental income and GPA are positively
correlated in college students.

Step 3: Summarize your data with descriptive statistics

Step 4: Test hypotheses or make estimates with inferential statistics

Step 5: Interpret your results

Null hypothesis is ...

Rejected

Not rejected

True

Type | error
False positive
Probability = a

Correct decision

True negative
Probability =1-a

< Scribbr

Correct decision
True positive
Probability =1- B

Type Il error
False negative
Probability = B

Alternative hypothesis
(H,) distribution

Null hypothesis (Ho)
distribution

Type Il error rate Type | error rate
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A/B
‘Testing

*, - — —

Data-Inspired Design Data-Informed Design Data-Driven Design
"Customer data is a source of “Customer data helps you “Customer data makes
inspiration, but your intuition evaluate your design decisions and shows you
makes decisions." decisions.” what to design next."
Intuition _ , Data
decides *Data = qual./quant. customer data decides A
B
A3
4
+ AJB testing is a special kind of quantitative experiments o,
« where “A” representing the old control, and “B” representing a single / multiple experimental changes TO IMPROVE

« where the goal is to maximize single/multiple measurements of user behavior
« A/B testing is most useful when combined with qualitative methods (e.g. observation, survey, interview) v

<

+ A/B testing has multiple goals as listed below
« Finding a winner among many design variations
« Testing hypotheses of cause (design) and effect (user behavior)
« Gaining generalizable understanding of the task and the user population
« Developing a reusable platform for continuously running a series of A/B tests

THE FIVE STAGES

SURE TO THE HYPOTHESIZE

LTS EXPERIMENTAL CHANGE
FRAMEWORK >

+ A/B testing consists of five big steps | N
1. Choose a single (or couple) quantifiable measure(s) of user behavior

2. Construct hypotheses
3. Create design variations
4. Run the experiment
RUN IDENTIFY THE
5. Analyze the results XPERIMENT 4 VARIABLES AND

CREATE VARIATIONS



A/B

3. Run the experiment for multiple
behavioral cycles

Lots of user behaviors tend to have weekly patterns (e.g. on
Monday, people tend to be quite busy). To minimize the
risk of weekly biases, run the experiment for at least one

week (preferably two weeks or a month). However, it
depends on what the task is and who the users are.

When A/B testing is not worth What'’s the problem? How can we make it worth again?

» Without meaningful traffic you won't be able to tell anything about statistical

significance.
You don’t have * Reduce # variations
meaningful traffic (i.e. # - Wait until you have a big enough population
: : « Construct a hypothesis that you can indirectly test on a similar platform (e.g.
°
A/ B te Stlng IS nOt users) running A/B test of your streaming platform on YouTube users), crowdsourcing

silver bullet. thas 7%

a 1 Ot Of llmlt atl ons You don’t have enough * You will regret, “We should’ve finished our design first.”

. » Wait until you have enough time
resources for unning  Consider using existing tools for A/B testing. They are not mature yet, but still

and pltfalls . A/B test. useful for marketing.
, « Gather more information and perform EDA
You don’t have an « Treat A/B test like real science. Learn from lectures, case studies, and tutorials.
informed hypothesis_ Ask psychologists and data scientists who have conducted randomized controlled

experiments what hypothesis you can test for the given situation
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meneion - Ben Shneiderman’s information-seeking mantra

1. Overview first

Truch Nationsd | scmplo wew
oy Gosbows snndd Jobs Lamsen

2. Zoom and Filter

Sorted by Category (A->Z) Sorted by Ratio (small->large)

The initial view o

provides the doty

o 3. Detail-on-demand

ratio

7
wn

:::::
g

$56 $43 6 pcs

wsjypp

¢ india ‘7'

continent=Asia

gdp per capita=2,452.21
life expectancy=64.698
population=1110396331

ws|[esIaAIUN ue

suolBlj1 euonipen ued!

Mouse-over Tooltip Data table filtered by user selection
Most EDA tools allow viewers to see Most EDA tools offer data tables that shows raw data of
raw data of individual items as tool-tip currently selected items
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Uncertainty
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The Takeaways

In our life, study, work
Understand the intrinsic nature of data

Make use of it for our purpose



Time for
Course Evaluation

Your participation 1s important!
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Course Evaluation
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https://tis.sustech.edu.cn/

Course Introduction

Course Project | Final Showcase

* Final Project Showcase on Data Storytelling
* Submit first draft before Fri Jun 07 @ 12:00 | Present on Fri Jun 07 in-class
* Submit final version before Sunday Jun 09 @ 23:30

* ~ 8 mins presentation regarding your data-driven story
e ~2 mins Q&A




https://ds363.ancorasir.com/

Thank you~

Wan Fang
Southern University of Science and Technology
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