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Communicating data science




The final piece of the pipeline

Preparatory work

« Problem definition predict, infer, describe
 Design conceptualize, build data collection device
« Data collection recruit, collect, monitor

Data operation

e Wrangle: import, tidy, manipulate
« Explore: visualize, describe, discover
e Model: build, test, infer, predict

Dissemination

o <« Communicate: to the public, media,
policymakers

o << Publish: articles, blogs, software

» Productize: make usable, robust, scalable

/‘V

Import — Tidy — Transform

Understand

Visualise

Program
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Communicating data science

"[1]t doesn’t matter how great
your analysis is unless you can explain it to others:
you need to communicate your results."

Hadley Wickham & Garrett Grolemund, R for Data Science
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Lasswell model of communication for data scientists

Laswell's framework of communication' dissects the task of communication along the following dimensions: (1) Who

communicates (2) what (3) in what form (4) to whom (5) to what effect?

Let's apply this to us. Data scientists communicate...

THD Lasswell. 1948. The structure and function of communication in society. In The communication of ideas (ed. Bryson L), 37-51. 6/ 70
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Lasswell model of communication for data scientists

Laswell's framework of communication' dissects the task of communication along the following dimensions: (1) Who
communicates (2) what (3) in what form (4) to whom (5) to what effect?

Let's apply this to us. Data scientists communicate...

What How To whom To what end
e Estimates e Spoken word e The public e Inform
e Uncertainty e Technical reports e The media e Influence
e Model implications e Academic papers e Policymakers e Instruct
e Substantive knowledge » Web applications e Other scientists e Motivate
e Product e Policy briefs e Managers / co-workers e Monitor
e Themselves e Document

What, how, and to what end you communicate depends on your audience/stakeholders because they will differ in
interest, contextual knowledge, data literacy, and motives.
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Statistical communication




Statistical communication

What we communicate

e The quantity of interest

e The selection/generation of data

e The empirical setup

e The model mechanics and results
(estimates/predictions/uncertainty)

Common challenges

e There's epistemological and statistical uncertainty.

e Effect sizes have implications that are often not easy
to grasp.

e Conclusions about data science output crucially
hinge on the validity of design aspects, which are
extremely difficult to communicate.

The NEW ENGLAND
JOURNAL o MEDICINE

ESTABLISHED IN 1812 DECEMBER 31, 2020

VOL. 383 NO.27

Safety and Efficacy of the BNT162b2 mRNA Covid-19 Vaccine

Fernando P. Polack, M.D., Stephen J. Thomas, M.D., Nicholas Kitchin, M.D., Judith Absalon, M.D.,
Alejandra Gurtman, M.D., Stephen Lockhart, D.M., John L. Perez, M.D., Gonzalo Pérez Marc, M.D.,
Edson D. Moreira, M.D., Cristiano Zerbini, M.D., Ruth Bailey, B.Sc., Kena A. Swanson, Ph.D.,

Satrajit Roychoudhury, Ph.D., Kenneth Koury, Ph.D., Ping Li, Ph.D., Warren V. Kalina, Ph.D., David Cooper, Ph.D.,
Robert W. Frenck, Jr., M.D., Laura L. Hammitt, M.D., Ozlem Tiireci, M.D., Haylene Nell, M.D., Axel Schaefer, M.D.,
Serhat Unal, M.D., Dina B. Tresnan, D.V.M., Ph.D., Susan Mather, M.D., Philip R. Dormitzer, M.D., Ph.D.,
Ugur Sahin, M.D., Kathrin U. Jansen, Ph.D., and William C. Gruber, M.D., for the C4591001 Clinical Trial Group*

ABSTRACT

BACKGROUND

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection and the
resulting coronavirus disease 2019 (Covid-19) have afflicted tens of millions of people
in a worldwide pandemic. Safe and effective vaccines are needed urgently.

METHODS

In an ongoing multinational, placebo-controlled, observer-blinded, pivotal efficacy
trial, we randomly assigned persons 16 years of age or older in a 1:1 ratio to receive
two doses, 21 days apart, of either placebo or the BNT162b2 vaccine candidate (30 g
per dose). BNT162b2 is a lipid nanoparticle—formulated, nucleoside-modified RNA
vaccine that encodes a prefusion stabilized, membrane-anchored SARS-CoV-2 full-
length spike protein. The primary end points were efficacy of the vaccine against
laboratory-confirmed Covid-19 and safety.

RESULTS

A total of 43,548 participants underwent randomization, of whom 43,448 received
injections: 21,720 with BNT162b2 and 21,728 with placebo. There were 8 cases of
Covid-19 with onset at least 7 days after the second dose among participants as-
signed to receive BNT162b2 and 162 cases among those assigned to placebo;
BNT162b2 was 95% effective in preventing Covid-19 (95% credible interval, 90.3 to
97.6). Similar vaccine efficacy (generally 90 to 100%) was observed across subgroups
defined by age, sex, race, ethnicity, baseline body-mass index, and the presence of
coexisting conditions. Among 10 cases of severe Covid-19 with onset after the first
dose, 9 occurred in placebo recipients and 1 in a BNT162b2 recipient. The safety
profile of BNT162b2 was characterized by short-term, mild-to-moderate pain at the
injection site, fatigue, and headache. The incidence of serious adverse events was
low and was similar in the vaccine and placebo groups.

CONCLUSIONS

A two-dose regimen of BNT162b2 conferred 95% protection against Covid-19 in
persons 16 years of age or older. Safety over a median of 2 months was similar to
that of other viral vaccines. (Funded by BioNTech and Pfizer; ClinicalTrials.gov
number, NCT04368728.)

The authors' affiliations are listed in the
Appendix. Address reprint requests to
Dr. Absalon at Pfizer, 401 N. Middletown
Rd., Pearl River, NY 10965, or at judith
absalon @pfizer.com.

*A complete list of investigators in the
€4591001 Clinical Trial Group is pro-
vided in the Supplementary Appendix,
available at NEJM.org.

Drs. Polack and Thomas contributed
equally to this article.

This article was published on December
10, 2020, and updated on December 16,
2020, at NEJM.org.

N Engl ] Med 2020;383:2603-15.
DOI: 10.1056/NEJMoa2034577
Copyright © 2020 Massachusetts Medical Society.

Credit Polack et al. 2020, NEJM
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Uncertainty

Chance of
Winning
Presidency
58% Clinton

Question to reflect on

Thinking about the task of publicly forecasting the U.S.

presidential election using polling data, what kinds of Popular vote P NN

) . margin y )
uncertainty would you have to deal with as a forecaster? Clinton +2.9 &
Popular vote margin &
OBAMﬁ'lz\\\\Nl E Ty

<o N Electoral votes PRl N

OBAMA '08 _\\\ /// 271 Clinton \\‘\ . ///,/
O F H ]

Clinton +1.4

FORECAST, in pct. points

Credit NYTimes.com at 9:20 p.m. Nov. 8, 2016
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Example: FiveThirtyEight 2020 election forecast

Biden is favoredto win the election

We simulate the election 40,000 times to see who wins most often. The sample
of 100 outcomes below gives you a good idea of the range of scenarios our
model thinks is possible.

Biden wins

89in100

Trump wins

10in100

. ®
J .
S F X +300 +200 +100 +100 +200 +300
s ! ELECTORAL VOTE

\ ,%‘ MARGIN
Dop -
Undt COUnt TIE
Ups (Fdog 0 the
surpfiet- Wing uty
i Sing p 9Ce ® Trump win ® Biden win

No Electoral College majority, House decides election

S FiveThirtyEight
ource VEIS 1007


https://projects.fivethirtyeight.com/2020-election-forecast/

Example: FiveThirtyEight 2020 election forecast

Every outcome in our simulations

All possible Electoral College outcomes for each candidate, with higher bars
showing outcomes that appeared more often in our 40,000 simulations

Trump wins —

More
likely

I

Biden wins —

S FiveThirtyEight
ource VEIS 1007
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Example: FiveThirtyEight 2020 election forecast

Weird and not-so-weird possibilities

The chances that these situations will crop up

Trump wins the popular vote

Regardless of whether he wins the Electoral College s o
Biden wins the popularyote 97 in 100
Regardless of whether he wins the Electoral College

Trump wins more than 50% of the popular vote 1 in 100
Regardless of whether he wins the Electoral College

Biden wins more than 50% of the popular vote 95 in 100
Regardless of whether he wins the Electoral College

Trulmp wins in a landslide N . <1 in 100
Defined as winning the popular vote by a double-digit margin

B|d_en wms.m g landslide N . 29 in 100
Defined as winning the popular vote by a double-digit margin

Trump wins the popular vote but loses the Electoral College <1 in 100
Biden wins the popular vote but loses the Electoral College 8 in 100
No one wins the Electoral College <1 in 100

No candidate gets 270 electoral votes and Congress decides the election

S FiveThirtyEight
ource VEIS 1007
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Example: FiveThirtyEight 2020 election forecast

How the forecast has changed

The forecast updates at least once a day and whenever we get a new poll. Click
the buttons to see the ways each candidate’s outlook has changed over time.

& m ELECTORAL VOTES | POPULAR VOTE
th e 89
getg € elepy. in
as o Close, Clon 100
wlth negt‘:’t; Swa ang
in
e 100

S FiveThirtyEight
ource VEIS 1007
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Example: FiveThirtyEight 2020 election forecast

How the forecast has changed

The forecast updates at least once a day and whenever we get a new poll. Click
the buttons to see the ways each candidate’s outlook has changed over time.

& CHANCE OF WINNING ELECTORAL VOTES POPULAR VOTE
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Example: How the sausage Is made

How FiveThirtyEight’'s 2020
Presidential Forecast Works — And

What's Different Because Of
COVID-19

Nate Silver

2020 Election ° ° °

Our presidential forecast, which launched today, is not the first election
forecast that FiveThirtyEight has published since 2016. There was our
midterms forecast in 2018, which was pretty accurate in predicting the
makeup of the House and the Senate. And there was our presidential
primaries model earlier this year, which was a bit of an adventure but mostly
notable for being bullish (correctly) on Joe Biden and (incorrectly) on Bernie
Sanders. But we’re aware that the publication of our first presidential
forecast since 2016 is liable to be fraught.

Source FiveThirtyEight
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https://fivethirtyeight.com/features/how-fivethirtyeights-2020-presidential-forecast-works-and-whats-different-because-of-covid-19/

Example: How the sausage Is made

How FiveThirty " ____ & -~~~
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Example: How the sausage Is made

Step 3: Account for uncertainty, and simulate
the election thousands of times

As complicated though it may seem, everything I've described up until this
point is, in some sense, the easy part of developing our model. There’s no
doubt that Biden is comfortably ahead as of the forecast launch in mid-
August, for example, and the choices one makes in using different methods
to average polls or combine them with other data isn’t likely to change that

conclusion.

What's trickier is figuring out how that translates into a probability of Biden
or Trump winning the election. That’s what this section is about.

Source FiveThirtyEight
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Example: How the sausage Is made

With that disclaimer out of the way, here are the four types of uncertainty
that the model tries to account for:

1. National drift, or how much the overall national forecast could change
between now and Election Day.

2. National Election Day error, or how much our final forecast of the
national popular vote could be off on Election Day itself.

3. Correlated state error, which reflects errors that could occur across
multiple states along geographic or regional lines — for instance, as
was relevant in 2016, a systematic underperformance relative to polls
for the Democratic candidate in the Midwest.

4. State-specific error, an error relative to our forecast that affects only one
state.

Source FiveThirtyEight
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Example: How the sausage Is made

The components of our uncertainty index are as follows:

1. The number of undecided voters in national polls. More undecided

voters means more uncertainty.

2. The number of undecided plus third-party voters in national polls.

More third-party voters means more uncertainty.

3. Polarization, as measured elsewhere in the model, is based on how far
apart the parties are in roll call votes cast in the U.S. House. More
polarization means less uncertainty since there are fewer swing voters.

4. The volatility of the national polling average. Volatility tends to predict
itself, so a stable polling average tends to remain stable.

5. The overall volume of national polling. More polling means less
uncertainty.

6. The magnitude of the difference between the polling-based national
snapshot and the fundamentals forecast. A wider gap means more
uncertainty.

7. The standard deviation of the component variables used in the
FiveThirtyEight economic index. More economic volatility means more
overall uncertainty in the forecast.

8. The volume of major news, as measured by the number of full-width
New York Times headlines in the past 500 days, with more recent days

weighted more heavily. More news means more uncertainty.

Source FiveThirtyEight
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Example: How the sausage Is made
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HOW
6. The magnitude of the difference between the polling-based national FLIVE Uhhhhh...requests?

snapshot and the fundamentals forecast. A wider gap means more
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Uncertainty

What we are uncertain about Messurement Repressnation

Construct

Target
Fopulation
¥

 Measurement — uncertainty in single variables
« Model specification — uncertainty across multiple
variables and how they connect

Cowverage
Error

L

0

Sampling
- Parameter estimates — uncertainty about bias and Measurement e
precision
. Measurement ¥ Error
 Model outcomes — uncertainty about (out-of- ©_' SETNE"
¥,
sample) fit ——
o oo ¥, Monresponse
« Generalizability to other samples, the future ' Error
. .. . . Error '
Depending on the empirical setup, various specific ' mrestmom
sources of error might enter (e.g, survey data, digital Responss ; Ervor
¥ Postsurvey
trace data). Adjustments
¥.
\_ Sunrny_Stalis-l:ic

Vo

Credit Robert Groves, Total Survey Error
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Communicating uncertainty

The difficulty of communicating
uncertainty

e The concept is complex. Not all people think in
probabilistic terms.

e Many humans are bad at understanding (conditional
and unconditional) probabilities.

e Adding information about uncertainty might distract,
confuse, and undermine trust.

‘ Richard McElreath <&
@rlmcelreath

It has been 951 days since Bill Gates gifted every stats
teacher with this finely distilled tweet. It's so good,
because Gates is not dumb. There is nothing dumb
about not understanding conditional probability. It's
only human.

#8 Bill Gates &

Why | would rather encounter a shark in the wild than a
mosquito:

Mosquitoes kill more people in
one day than sharks kill in a year.

7 deaths (2017) 1,474 deaths (2017

Source: WHO, Global Shark Attack File (GSAF)

10:49 AM - Nov 22, 2021 - Twitter Web App

Credit Richard McElreath
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Communicating uncertainty (cont.)

Visualizing uncertainty Uncertainty by numbers
> broom: :tidy(model_out, conf.int = TRUE, conf.level = 0.95)
Error Bars Error Bars 2D Error Bars Graded Error Bars # A tibble: 4 x 7
—e—i | + ——g—— term estimate std.error statistic  p.value conf.low conf.high
| I <chr> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>
e + '+' - (Intercept) 13.4 0.175 76.7 @ 13.1 13.8
—e—i ——— distance -0.00405 0.000110 -36.9 5.53e-297 -0.00426 -0.00383
L e e — originJFK  -2.70 0.189 -14.3 1.46e- 46 -3.07 -2.33
originLGA -4.46 0.194 -23.0 3.04e-117 -4.84 -4.08
Confidence Strips Eyes Half-Eyes Quantile Dot Plot
+ + L] [ ] L ]
% Strategies by precision
——
et w N
' ' ' ' ' ' — ' i.  Afull explicit probability distribution
ii. Asummary of a distribution
iii. A rounded number, range or an order-of-magnitude assessment
Confidence Band Graded Confidence Band Fitted Draws

Decreasing iv. A predefined categorisation of uncertainty
precision v. A qualifying verbal statement
vi. Alist of possibilities or scenarios
vii. Informally mentioning the existence of uncenainty
= viii. Mo mention of uncertainty
ix. Explicit denial that uncertainty exists
Credit van der Bles et al. 2019

Source Claus Wilke
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Communicating probabilities with verbal expressions

Statistician Yes (n=226) [_] No (n = 655)

COM

o) means
8 always J/\ 97
<
g certain J/\ 97
Variability in the interpretation of probability phrases used = amost certain @\ 90
. . . . . . © 44__~&;=/f‘\\g;
in Dutch news articles — a risk for miscommunication g  amostaways 88
o very likely =N g7
very often 80
Sanne Willems, Casper Albers and lonica Smeets high chance &
generally 76
. . . . . A
Abstract Verbal probability phrases are often used in science communication to usea”y »
express estimated risks in words instead of numbers. In this study we look likely N 75
at how laypeople and statisticians interpret Dutch probability phrases that expected 75
are regularly used in news articles. We found that there is a large variability often 74
in interpretations, even if the phrases are given in a neutral context. Also, robable 69
statisticians do not agree on the interpretation of the phrases. We conclude P i
that science communicators should be careful in using verbal probability possible  __— AN 45
expressions. maype AN 000000 39
uncertain — O\ 42
Keywords Risk communication; Science and media; Science writing chance - AN 38
liabletohappen __ — A 0000 36
H doubtiul __  e——————— 35
Source Willems et al. 2020 .
sometmes e 0000 32
notoften __ s 21
low chance === 14

14
11

almost never 10

I N
h
A
almost impossible % 9

unlikely

rarely

very unlikely

never

~ » O

impossible

0 25 50 75 100
Numerical interpretation (%)
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Probabilities: confusing vote share with p(win

. . ape Lo g Certainy (LOESS) Certainty (OLS)
L] T -
Projecting Confidence: How the Probabilistic Horse i “Esimate poseniedas. |
ope . E j I
Race Confuses and Demobilizes the Public ;
k! 65.0% bt s s82%
g e
g 600% 60.0%: : fossn
-g certain
Sean Jeremy Westwood, Dartmouth College gesox sson
Solomon Messing, Acronym z
H H H 50.0% 50.0%
Yphtach Lelkes, University of Pennsylvania 8 P - e o o e
©19 029 ©5) ©71) ©8n Estimate at 55%
Election information presented to participant, (0.87)
vote share (probability)
< Reported vote share expected (LOESS) Vote share (OLS)
Recent years have seen a dramatic change in horse-race coverage of elections in the United States—shifting focus from late- i " Estimate presented as
breaking poll numbers to sophisticated meta-analytic forecasts that emphasize candidates’ chance of victory. Could this shift i T
in the political information environment affect election outcomes? We use experiments to show that forecasting increases 2w Bot oo ‘LE "J;'f' }E‘
certainty about an election’s outcome, confuses many, and decreases turnout. Furthermore, we show that election fore- E Vote share E ‘
casting has become prominent in the media, particularly in outlets with liberal audiences, and show that such coverage tends 8 EECRE P
to more strongly affect the candidate who is ahead—raising questions about whether they contributed to Trump’s victory g 00% etual vote share
50.0%
over Clinton in 2016. We bring empirical evidence to this question, using American National Election Studies data to show 2
that Democrats and Independents expressed unusual confidence in a decisive 2016 election outcome—and that the same E i
. . . Kﬁ 45% 475% 50% 525% 55% Vote share  Both P(win)
measure of confidence is associated with lower reported turnout. @19 ©29) ©50) o7 o8 Estimate at 55%
Election information presented to participant, (0.87)
vote share (probability)
Reported likelihood that Candidate A wins (LOESS) Likelihood of winning (OLS)
I don’t know how we’ll ever calculate how many people thought it was in the bag, because the percentages kept being thrown at people— T
“Oh, she has an 88% chance to win!” £ Estimate presented as A ey
—Hillary Clinton quoted in Traister (2017) ‘é 075 ors oo
2 proiot "
% Vote share Both w1 asew fv:.‘
- pommn e neullls wars
SOUI‘CE‘ WeStWOOd et al. 2020 §n'sn Actual vote share o
E
g‘m Actual win‘probablmy o
(4

45% 47.5% 50% 52.5% 55% Vote share  Both P(win)
0.13) (0.29) (0.50) (©.71) (©.87) Estimate at 55%
Election information presented to participant, 0.87)
vote share (probability)

Figure 5. Effects of probabilistic forecasts on perceptions of an election. Probabilistic forecasts create the impression that the leading candidate will win more
decisively, with higher certainty in judgments about which candidate will win, particularly for the leading candidate (top) and more extreme judgments of anticipated
vote share (bottom), even when accompanied by vote share projections (“both” condition). Participants are less accurate when attempting to judge the likelihood of
winning (middle) than vote share (top). Plots on the right show differences when vote share is fixed at 55% (.87 probability). Lines fit using LOESS in plots on the left;
results based on OLS regression in plots on the right, 95% confidence bands/intervals shown. Color version available as an online enhancement.
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Communicating data and analyses with report

The package The workflow
e The report package (part of D e e o e Tty ] D
. . Specific reports: Plagars the w7 thoaght . 761w
the easystats project) provides — report_participants() ot Pt e e« ok st
— report_sample() she S, s0 ool s0 i e coul s
verbal reports of models, tests, ~ report_system() e e

Thc daek side of easglals is a pallensy ta
wany abddies sowe comsidem o fe...

- report_packages()
and data frames. -

e In doing so, it helps ensure - et
standardization in reporting. e Shont textual summary
' GLMs report()

" Mixed models
Bayesian models
" data.frame

1.6 2.5
3.1 4.2

RN R R R NN

a T o | x

5.2 6.1

Direct access to subparts:
— report_text()

- report_table()

— report_model()

— report_statistics()
— report_parameters()

16 25 7.2 18 22
31 42 21 57 31
52 ®©1 58 24 82

o T oW | X
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https://easystats.github.io/report/
https://easystats.github.io/easystats/

Communicating data and analyses with report

The package

e The report package (part of
the easystats project) provides
verbal reports of models, tests,
and data frames.

e In doing so, it helps ensure
standardization in reporting.

Use with care

e Fully automating this part of
communication is probably not
a good idea (do you enjoy
talking to a bot?).

e The output is pseudo-objective
(reporting some quantities but
not others).

Example

R> library(report)
R> model ¢« 1m(Sepal.Length ~ Species, data = iris)
R> report(model)

We fitted a linear model (estimated using OLS) to predict Sepal.lLength
with Species (formula: Sepal.Length ~ Species). The model explains a
statistically significant and substantial proportion of variance

(R2 = 0.62, F(2, 147) = 119.26, p < .001, adj. R2 = 0.61). The model's
intercept, corresponding to Species = setosa, is at 5.01 (95% CI
[4.86, 5.15], t(147) = 68.76, p < .001). Within this model:

- The effect of Species [versicolor] is statistically significant
and positive (beta = 0.93, 95% CI [0.73, 1.13], t(147) = 9.03,

p < .001; Std. beta = 1.12, 95% CI [0.88, 1.37])

- The effect of Species [virginica] is statistically significant
and positive (beta = 1.58, 95% CI [1.38, 1.79], t(147) = 15.37,

p < .001; Std. beta = 1.91, 95% CI [1.66, 2.16])

Standardized parameters were obtailned by fitting the model on a
standardized version of the dataset. 18 |/ 70
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Written communication with R Markdown




Written communication

When to communicate in writing

e For communicating to the public and decision
makers, who want to focus on the conclusions, not
the code behind the analysis.

 For collaborating with other data scientists, who are
interested in both your conclusions and how you
reached them (i.e. the code).

Authoring as part of the workflow

e Many different formats, including reports, briefs,
blog posts, books, presentations, ...

e Form follows function: the write-up tool should talk
to the analytic toolset.

Source Kurt Newman
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https://www.pinterest.com/pin/424745808581131349/

The continuum of written data science communication

NUTRI-SCORE

Book Conference
proceeding,
journal article

NUTRI-SCORE

Foundations of
Machine Learning s con

NUTRI-SCORE

Technical report

NUTRI-SCORE

@z OB

Executive
summary

EXECUTIVE
SUMMARY

if‘w»

NUTRI-SCORE

: BROE

=

24 - - : - Josh Wils G o rotow
20Wm Analyics — Data Scientist (n.): Person who is better at
Coronavirus statistics than any software engineer and
[COVID-19 better at software engineering than any
Dashboards - statistician.

is e ADSEHERIN
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Authoring with R Markdown

What you already know

e R Markdown (and the rmarkdown package) helps you
create dynamic analysis documents that combine
code, rendered output (such as figures), and prose.
e You can use it to
o Do data science interactively with notebooks.
o Modify the layout of your report.
o Communicate your results with others.

e You take care of content, R Markdown of format.

More resources

e The official website
e The R Markdown Cookbook
e R Markdown - The Definitive Guide
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https://rmarkdown.rstudio.com/
https://bookdown.org/yihui/rmarkdown-cookbook/
https://bookdown.org/yihui/rmarkdown/

Authoring with R Markdown

What you already know What you probably don't know (yet)
e R Markdown (and the rmarkdown package) helps you e R Markdown can do much more than reports. You
create dynamic analysis documents that combine can use it to author
code, rendered output (such as figures), and prose. o Reports (in PDF, HTML, Word, etc.)

e YOU can use it to Interactive documents

o

o Do data science interactively with notebooks. o Dashboards
o Modify the layout of your report. o Slideshows
o Communicate your results with others. o Books
e You take care of content, R Markdown of format. o Websites
e |t stands on the shoulders of Pandoc, a program
More resources that converts markup files into virtually any other
format.

e The official website
e The R Markdown Cookbook
e R Markdown - The Definitive Guide knitr md pandoc
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https://rmarkdown.rstudio.com/
https://bookdown.org/yihui/rmarkdown-cookbook/
https://bookdown.org/yihui/rmarkdown/
https://pandoc.org/

RMarkdown formats

bookdown

e A package that facilitates
writing books and long-form
articles/reports with R
Markdown.

e See here for an overview of
books written with bookdown .

pagedown

e A package that lets you
paginate the HTML output of R
Markdown with CSS for print
(PDF).

o Lots of different templates
available.

7]

bookdown

-

pagedown

508

blogdown

e A package that lets you create
websites (not only blogs!) using
R Markdown.

e Itintegrates Hugo (or other site
generators).

xaringan

e A package that lets you crate
slideshows with remark.js
through R Markdown.

e These slides have been created
using this package.

xaringan

@
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https://bookdown.org/
https://bookdown.org/home/archive/
https://bookdown.org/yihui/blogdown/
https://gohugo.io/
https://pagedown.rbind.io/
https://github.com/rstudio/pagedown
https://github.com/yihui/xaringan
https://remarkjs.com/

The next generation of technical publishing: Quarto

What's Quarto?

e Quarto is software developed at Posit, the company behind RStudio.

e It's the "next generation of R Markdown" and also built on Pandoc. If
you know R Markdown well, you already know Quarto well.

e |t facilitates embedding code and output from R, Python, Julia, and
other languages.

e It combines the functionality of R Markdown and all the other tools
(bookdown, xaringan, etc.) into one single consistent system.

e Quarto is still fairly new and under active development. More and more
extensions are coming out that increase the flexibility of the suite.

e Check out the comprehensive guide to learn more.

Quarto and Jupyter

e Quarto's support for both Knitr and Jupyter means that you can use it to
create documentation projects that contain content from both systems.
o Something to keep in mind next semester and going forward! :)

quarto

Websites / Blogs

#u  pashboards

Articles
Presentations

Books

Knowledge Repos
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Interactive communication with dashboards
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What are dashboards?

Yeah, what are they really?

A (business or data) dashboard is a GUI that provides high-level
overviews of performance indicators or other quantities of interest.
It's a monitoring (and not so much analysis) tool.
Think of dashboards as a mash-up of data visualization and report.
Dashboards are increasingly popular in businesses and organizations to
synthesize data points from operative units (for strategic and analytical
purposes).
Data journalism has started to embrace dashboards in the context of
elections, the COVID-19 pandemic, and sports.
Common features are:

o Accessibility via web browser

o Featuring of interactives

o Heavy focus on comparative visualization

o Provision of trends on key performance indicators (KPIs)

Ci
$e00
..,._"‘-s..,.'-‘ -

Credit Tim Green

ustomer & Marketing Analytics Dashboard

O @

—

| _m
Credit

u
=
He

E
licallnsight OpenSourceBl
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https://en.wikipedia.org/wiki/Dashboard_(business
https://edition.cnn.com/election/2020/results/president
https://covid19.who.int/
https://projects.fivethirtyeight.com/2022-world-cup-predictions/
https://commons.wikimedia.org/wiki/File:MG_interior_%2829094966463%29.jpg
https://commons.wikimedia.org/wiki/File:Marketing_dashboard.png

Why are dashboards?

Why are they a thing?

e There is increasing abundance of data (often

process-generated) that cannot speak for itself. E—ﬁ' ‘_@_i
o If used wisely, these data can provide an important L _—— '-t [
Improves the akes it easy to
part of business intelligence and a basis for high- . s okt i omeas ol g
level evidence-based decision-making. = I HilsnBes 1 =
 Provide continuous quantification of indicators of He_-mwm | Wl Intelligence Fasiies rest g

your business Quick Navigation

|
interest (— monitoring). Y o2
o = ﬁ; T

« Reduce information differential between analysts
and stakeholders. peecos tre i B
. . . the system
« Also, measuring the health of organizations can
help stay in control (if only as a performative act)
and satisfy managers' need for micromanaging.

Credit towardsdatascience.com

28 [/ 70


https://stephanieevergreen.com/dashboard-conversation/
https://towardsdatascience.com/5-most-popular-business-intelligence-bi-tools-in-2019-4e060b98039a

Dashboards in the wild

Hires Per Month Hires Q4 OKRs

by department

June Business development 2 O 1 0 5

July Engineering
Corporate hires Ops hires Executive hires

[ —
66% 30 50%

August Facilities

September Finance

October

Operations Interview Activity

1,000

by source

Sourced

Applied
d July September
Referred

Av. time to hire Agency Offer Acceptance Rate

100%
@
[

Candidate Feedback

Very rapid process, and everyone was very welcoming at every stage
September

® Recruitment KPls

4

Credit geckoboard.com



https://www.geckoboard.com/dashboard-examples/company/company-dashboard/

Dashboards in the wild

Website visits Site performance Social
Current Visitors Recent mentions

(&ﬂ RT @corbininjapan: Get this if you are
75 O/ @ traveling in #0saka...

o WABI SABI OSAKA - 4 days ago
New visitors

~ Tk @\ RT @tollroadsnews: Bestpass Processed
® Over $1Billion in Tolls in 2019
https://t.co/0SsqYCM92X...

Bestpass - 7 days ago

g | RT @tollroadsnews: Bestpass Processed
3 2 % '® Over $1Billion in Tolls in 2019
o https://t.co/0SsqYCM92X...
Sessions Bounce rate Nick Crounse - 7 days ago

8,000
v 16% Vs last 30days

6,000

4,000

2m133 654

Av. time on site

Linkedin foll
~ 3.0% Vs last month inkedinifollowers

29 Dec 87%

‘ Company overview

Credit geckoboard.com



https://www.geckoboard.com/dashboard-examples/company/recruitment-dashboard/

Dashboards in the wild

Billing Scorecard

P NE 35 W 1

ORTHOPEDICS

OPTHALMOLOGY'

40.00% o )
20.00%  60.00%% Medicare Little Insurer, LLC
b

\ <\ 875,391 460,392
50% 15% 0.00% 80.00% Small Insurer, ...

480,713
25% 100%

Medicaid
125% 380,602

Credit idashboards.com



https://www.idashboards.com/dashboard-examples/healthcare-hospital-billing-scorecard/

oards in th

Parks and Recreation

Select a Region

Genesee

New York City ﬁ-

Saratoga/Capital
Historical Sites

—_— |
E 2 | I Golf Courses

Thousand Islands

Legend
M state Parks

] Nature Centers }
| |
B il

Legen Annual Attendance and Budget Trend (in Millions) Cost per Visitor

| [l Budget
| | 2003
| I Attendance | Al v
| |
TN
X 500 ———e—
oo 480 - : Z
o 4 < 9%
= 5460 { , , ;
kel S
Start Year 2010 v a | | 94
&40 %
Stop Year 2020 v 0] s ' 92 ($) Actual
% 400 5 |
e} é 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 '

A IR G e ERYERI TR SRR RS

Credit idashboards.com
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https://www.idashboards.com/dashboard-examples/government-parks-dashboard/

oards in the wild

Orders Calls Call Duration (minutes)
% of Target Actual Today (compared to target) Name PerHr PerHro 3 6 9 12 15 18 21
Jacobs, S 5 10 | e————
Hold Time | ] 63 ——m— '
McKinsey, J 5 13 | — I —
@ call Duration 4756 =—————" Smith, V 6 12 —
Abandonments [N 27 ——m~———— Wilcox, R 9 (LN
! ' — S ——
0% 50% 100% 150% 200% 250% (Time is measured in seconds) Clark, P 10 14
Simons, B 10 16 e W
Newman, A 11 15 ] i
Bailey, S 1 16 =
Reps Reps e e
I Today Online Barclay, T 1 17
75% 80% 85% Q0% 95% 100% 23 20 Jimenez, J 12 16 | el e
X Chou, A 12 17 | il S —
Kata, H 12 17 ] W—
Silverstein, C 13 18 ] i—
This Hour  Today This Month  Per Hour Today Schuster, P 13 18 el
Call Count 373 1,322 25934 —~—— Truman M 13 19 -
Order Count 234 925 17,834 —m X Pierce, B 14 PP [
i il E—
Reps Mean Hourly Calls per Rep Reps Mean Hourly Orders per Rep Fisher, J 4 20
i 12 Jung, T 14 20 | ———
10 10 English, S 15 21 | ——
8 8 Wiley, P 15 29 | — I —
6 6 Johnson, N 16 21 e e
4 4 X Lucas, J 16 22 e B e
2 2 Forester, R 17 23 el Ei—
0 0
04 59 1014 1519 20-24 2529 30-34 0-3 47 811 12115 16-19 20-23 24-27
0 Today — Last 30 Days I Today — Last 30 Days (X = Currently offine) 0 3 6 9 121518 21
.......... L/aol IVUC Reset Alerts | | Unfreeze Data Click rep to send instant message  (ll Good; ll Excessive; - Critical)

Credit Stephen Few
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http://perceptualedge.com/articles/Whitepapers/Dashboard_Design.pdf

oards in the wild

London 51.51 N, 0.13 W

Mon 9 Dec @ 16:02:42

Go to Map - Go to Grid - Change City
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Credit Idashboards.com
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Dashboards in the wild

strate
Proshact Line: Classic Cars ~ \ )

Credit carmel.es
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https://carmel.es/2018/10/26/6-examples-of-bad-dashboard-designs/

The problem(s) with dashboards

Design challenges

They say too little. Loss of information is fatal for
good decision-making when aggregating results into
few KPls.

They say too much (irrelevant things).

Dashboards often fail not in technology but in
communication (rooted in poor design).
"Dashboards are not for show. No amount of
cuteness and technical wizardry can substitute for
clear communication!" Stephen Few, Perceptual Edge
Dashboards are a subgenre of data viz, so all rules
of good/bad viz apply.

So, there is hope since we do know a bit about how
to design good visuals. (See here for a nice case
study on improving the design of a dashboard.)
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https://stephanieevergreen.com/problem-with-dashboards/
http://blogs.ischool.berkeley.edu/i247s12/files/2012/01/Dashboard-Design-Overview-Presentation.pdf
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https://stephanieevergreen.com/dashboard-conversation/

The problem(s) with dashboards

Design challenges

They say too little. Loss of information is fatal for
good decision-making when aggregating results into
few KPls.

They say too much (irrelevant things).

Dashboards often fail not in technology but in
communication (rooted in poor design).
"Dashboards are not for show. No amount of
cuteness and technical wizardry can substitute for
clear communication!" Stephen Few, Perceptual Edge
Dashboards are a subgenre of data viz, so all rules
of good/bad viz apply.

So, there is hope since we do know a bit about how
to design good visuals. (See here for a nice case
study on improving the design of a dashboard.)

Analytic challenges

Dashboards cater to the desire to be able to make
good decisions on the basis of few selected metrics.
This logic reflects a gross simplification of reality.
All challenges that pop up in careful analytic work -
Issues of selection, measurement, causality,
predictiveness - are still valid but will be obscured
when aggregating data.

Simple metrics can still be useful, but often you
need contextual knowledge (which is difficult to
communicate in dashboards).

Another consequence of "dashboarding" business
intelligence can be that by making decisions a
function of metrics, they stop working well because
they will be gamed.
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https://stephanieevergreen.com/problem-with-dashboards/
http://blogs.ischool.berkeley.edu/i247s12/files/2012/01/Dashboard-Design-Overview-Presentation.pdf
https://perceptualedge.com/
https://stephanieevergreen.com/dashboard-conversation/

Thoughtful dashboard design and usage

Checklist before you start]

1. Are you tackling a monitoring task that needs your
data/metrics to be updated frequently?

2. Who will use the dashboard and to what end? What
questions will they use it to answer? What actions
will they take in response to these answers?

3. What specific information should be displayed, and
Is it meaningful without much context?

4. What could lead to the metrics being
wrong/misleading?

Source: Stephen Few/Perceptual Edge
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http://perceptualedge.com/articles/misc/Dashboard_Design_Requirements_Questionnaire.pdf

Thoughtful dashboard design and usage

Checklist before you start] Design advice

1. Are you tackling a monitoring task that needs your y
data/metrics to be updated frequently? y

2. Who will use the dashboard and to what end? What .
questions will they use it to answer? What actions .
will they take in response to these answers? .

3. What specific information should be displayed, and
Is it meaningful without much context?

4. What could lead to the metrics being
wrong/misleading?

Source: Stephen Few/Perceptual Edge

Minimize distractions.

Focus on meaningful quantities of interest, not the
ones that look cool.

Don't overload with information.

Apply all rules of good data viz.

Use interactives with care (e.g., to make optional
content conditionally visible)

Try not to exceed the boundaries of a single screen.
Ensure desktop/mobile screen responsiveness.
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Dashboards in the wild: COVID-19 edition

& USA = 7 World 3 Health

Track Coronavirus Cases in
Places Important to You

Updated Nov. 23

Build your own dashboard to track the coronavirus in places across

the United States.
DAILY CASES PCT. OF DAILY DEATHS PCT. OF
PER 100,000 PEAK 14-DAY CHANGE PER 100,000 PEAK 14-DAY CHANGE
New York City, N.Y. > 17 | +55% — 0.09 -2%
New York > 34 . +56% — 0.17 -1%~—
United States > 28 . +27% 0.33 i -9% —
Add your state, county or metro area Edit your locations
14-day change trends are calculated with 7-day averages. Pct of peak indicates how an area compares to when cases or deaths were
at their highest.

S

Share this view of places with a friend ‘ https://www.nytimes.com/interactive/202 ‘

Save your dashboard across devices and get updates by email »

Credit NY Times
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https://www.nytimes.com/interactive/2021/us/covid-cases-deaths-tracker.html

Dashboards in the wild: COVID-19 edition

= = World Health

@ usa

Track Coronavirus Cases in
Places Important to You

Updated Nov. 23

Build your own dashboard to track the coronavirus in places across
the United States.

DAILY CASES PCT. OF DAILY DEATHS PCT. OF
PEAK

PER 100,000 14-DAY CHANGE PER 100,000 PEAK 14-DAY CHANGE

New York City, N.Y. > 17 | +55% — 0.09 1 -2%

New York > 34 - +56% — 0.17 1 -1%~—

United States > 28 . +27% 0.33 i -9% —
Add your state, county or metro area Edit your locations

ay change trends are calculated with 7-day averages. Pct of peak indicates how an area compares to when cases or deaths were

their highest.

Share this view of places with a friend: ‘ https://www.nytimes.com/interactive/202 ‘

Save your dashboard across devices and get updates by email »

Credit NY Times

COVID-19 Data Explorer
Download the complete Our World in
Data COVID-19 dataset.

Q Type to add a country...
Sortby = Country name 12

Canada

Germany

India

Italy

United Kingdom

United States

(J Afghanistan

O Africa

O Albania

O Algeria

OJ Andorra

O Angola

O Antigua and Barbuda

O Argentina

O Armenia

O Asia

X Clear selection

METRIC INTERVAL

Relative to Population

Confirmed cases 7-day rolling average

O Align outbreaks

Daily new confirmed COVID-19 cases per million people

7-day rolling average. Due to limited testing, the number of confirmed cases is lower than the true number of infections.

Germany

United States

Italy

Canada

United Kingdom

= India
0 T
Mar 1,2020 Aug 8,2020 Nov 16,2020 Feb 24,2021 Jun4,2021 Nov 22,2021
Source: Johns Hopkins University CSSE COVID-19 Data ccBy
P Jan 28,2020 O Nov 22,2021
CHART MAP TABLE SOURCES . DOWNLOAD <

Credit Our World in Data
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Dashboards in the wild: COVID-19 edition

‘$: Das Wichtigste zum Coronavirus

Ubersicht Intensivbetten Deutschland Impfung Weltweit

Deutschlandkarte Inzidenz in allen Kreisen und Stadten

Neue Flle verg. 7 Tage pro 100.000 Einwohner

bis5 5bis20 M 20bis35 35bis 50 50 bis 100 100 bis 200
W 200bis300 [ 300bis1000 [ 1000bis2500 [ ab2500

Daten zuletzt aktualisiert: 23.11.2021, 15:28 Uhr

Kartenmaterial:  OSM Quelle: Robert Koch-Institut

70,6 Prozent einmal geimpft

7,3Prozent
erneut geimpft

=
Jan Feb Marz  Apr  Mai Juni Juli Aug  Sept Okt  Nov
2021
Quelle: RKI, ZI

Credit SZ Online
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https://www.sueddeutsche.de/wissen/corona-zahlen-1.4844448

Dashboards in the wild: COVID-19 edition

‘$: Das Wichtigste zum Coronavirus

Die wichtigsten Corona-Zahlen

Deutschlandkarte Inzidenz in allen Kreisen und Stédten Aktualisiert heute, 15:20 Uhr - Zur interaktiven Corona-Karte fir Deutschland
Neue Fille verg. 7 Tage pro 100.000 Einwohner
bis 5 5bis20 M 20bis35 35 bis 50 50 bis 100 100 bis 200

W 200bis300 [ 300bis1000 [ 1000bis2500 [ ab2500

Q Deutschland

Zum Beispiel: Leipzig, Bayern, USA 42 1 ,9

Félle pro Woche
. . je 100.000
Sieben-Tage-Inzidenz .
e Stand: 22.N b
I 42119 A 40.945 Fiille gestern an ovember <35
+31% A
Wochentrend 35+
@50+

4.659 Aufnahmen/Woche 40.945 @100+

Falle gestern 200+
L 5,4 Mio. ©500+
m’ 3.987 > Intensivpatienten seit Beginn
- 16 % aller Intensivbetten
Q

400 Sieben-Tage-Inzidenz

Todesfille gestern

LI 180~ 99.915 seit Beginn
200
+
- c— 70 6 0 Geimpfte
Daten zuletzt aktualisiert: 23.11.2021, 15:28 Uhr — o 68,0 % vollstindig Mar Mai Jul Sep Nov Jan Mar Mai Jul Sep Nov
Kartenmaterial M Quelle: Robert Koch-Institut

@ Quellen und Methodik

70,6 Prozent einmal geimpft

Credit ZEIT Online

7,3Prozent
erneut geimpft

Jan  Feb Marz Apr  Mai Juni Juli  Aug  Sept Okt  Nov
2021

Quelle: RKI, I

Credit SZ Online
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Dashboards: another example

Schools Regions

g TUMAINI - PS1104104
Average score (/300) X v This measures the average of the total scores of each student (per-school) in the national examination consisting of six ; L
5 - . . . . . . . N Mkundi Ward, Morogoro Municipality, Morogoro
subjects: Swahili, English, Social Studies, Mathematics, Science, Civics (50 marks each). Region data uses the unweighted Region
FILTER SCHOOLS mean average of all of its schools. Type: Government, Total students: 445
Context (by council) « Unit: Marks out of 300 total PSLE Results Page
Urban ® Rural + Source: NECTA PSLE Results (Published annually. Accessed 5 Aug, 2023.) e off crrm Gl 49
Regions (26) AT T "I" — e m Number passed 40
Tshopo @ Percent passed (A-C) 81.63
x | ALL REGIONS X v Kampala Kenya
Average score (/300) 151.18
@
Councils (184) \Nalrobu Average score grade @
Maniema te. L
x  ALL COUNCILS X v acta® National gquintile middle

Mombasa Resources Data
Schools (16361)

o=
N
o
o

Pupil-to-Teacher Ratio 40.45

A AL SEOlolE oS s ¥] Pupil-to-Book Ratio std7 3.58
Tonga Book-to-Pupil Ratio Std7 0.28

f CG per student (TZS) 4,199

Ages mean (approx.) 9.26

Geospatial Features

H

wezi Haut-Katonga

AMiEhing Pop. 3km radius 913
Mucningc
100 Lubumbashi rovin m
Provi Co C{r(’“:'» d to closest school (km) 3.85
Cabo Delgado Komori ;=
Ndola yaill d to council HQ (km) 17.3
Zambia Malawi A ) (i]

Viasso

Source Lonny Chen, NECTA PSLE Dashboard 2022 | https://bit.ly/psle2022mvp /
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https://bit.ly/psle2022mvp

Dashboards with R

f lexdashboard package

Overview here.

Good for easy dashboard building
Just a document that looks like a
dashboard

Can be compiled into a static file
(just like regular Markdown)

Can only run interactive code client-
fleside (in embedded JavaScript)
Shiny and htmlwidgets (leaflet,
plotly, highcharter, etc.) can be
integrated (with all the up- and
downsides)

shiny package

Overview here.

More complex to program, but the
best option for complex apps.

Can implement any layout.

Needs a server behind it to execute
R code on user input.

Can run interactive code either by
processing serverside (in R) or
clientside (in embedded JavaScript).
The shinydashboard package
provides another way to create
dashboards with Shiny.
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Dashboards with flexdashboard

Functionality

e Use simple R Markdown
to build a dashboard.

title: "NBA Scoring (2008)"
output:
flexdashboard: : flex_dashboard:
orientation: rows
social: menu
source_code: embed

U {r setup, include=FALSE}
library(knitr)
library(d3heatmap)
library(flexdashboard)

url <- "http://datasets.flowingdata.com/ppg2008.csv"
nba_players <- read.csv(url, row.names = 1)

### Stats by Player {data-width=650}

S

d3heatmap(nba_players, scale = "column")

### Top Scorers {data-width=350}

U {r}
knitr::kable(nba_players[1:20,c("G", "MIN",

"PTS" 1)

NBA Scoring (2008)

|
|
] |
| |
|
(] |
- | ] ||
|
|
|
AR D B A Dp 2 A % 2
¢ *3337‘7;/\ (,f,‘f:v%c;o‘& /;‘b%%@ 0 % 6% % /),’2,"% (o9

Source: jjallaire

Paul Pierce
Richard Jefferson
Rudy Gay

John Salmons
Ben Gordon

0J. Mayo

Andre Iguodala
Joe Johnson
Vince Carter
Brandon Roy
Maurice Williams
Ray Allen
Rashard Lewis
Chauncey Billups
Jason Terry

Nate Robinson
Al Harrington
Tony Parker
Devin Harris
Deron Williams
Jamal Crawford
Richard Hamilton
Carmelo Anthony.
Caron Butler
Danny Granger
Chris Bosh
David West
Kevin Durant
Dirk Nowitzki
Antawn Jamison
LeBron James
Duwyane Wade
Kobe Bryant
Chris Paul

Shaguille O'neal
Pau Gasol
LaMarcus Aldridge
Dwight Howard
AlJefferson
Zachary Randolph
Amare Stoudemire
Corey Maggette
Josh Howard
Stephen Jackson
Allen Iverson
Kevin Martin
Michael Redd
Monta Ellis

Dwyane Wade
LeBron James
Kobe Bryant

Dirk Nowitzki
Danny Granger
Kevin Durant
Kevin Martin

Al Jefferson

Chris Paul
Carmelo Anthony
Chris Bosh
Brandon Roy
Antawn Jamison
Tony Parker
Amare Stoudemire
Joe Johnson
Devin Harris
Michael Redd
David West

Zachary Randolph

<

79
81
82
81
67
74
51
50
78
66
77
78
81
72
53
79
69
33
76

50

</> Source Code
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Dashboards with flexdashboard

Functionality Leyout by Cotumn

By default, level 2 markdown headers (-—-------------—--- ) within dashboards define

columns, with individual charts stacked vertically within each column. Here’s the

e Use simple R Markdown
to build a dashboard.

definition of a two column dashboard with one chart on the left and two on the right:

1 ---
2 title: "Column Orientation"
3 output: flexdashboard::flex_dashboard
e Arrange panels as blocks - P
5
0 0 6 Column
with flexible syntax. - D
8
9 ### Chart 1
10
11 - {r}
12
13
14 Column
15 —m -
16
17 ### Chart 2
18
19 " {r}
20
21
22 ### Chart 3
23
24 " {r}
25 oo
26
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Dashboards with flexdashboard

Functionality SCROLLING LAYOUT
By default flexdashboard charts are laid out to automatically fill the height of the

. browser. This works well for a small number of vertically stacked charts, however if you
° Use sim p I'e R Markd own have lots of charts you’ll probably want to scroll rather than fit them all onto the page.

i You can control this behavior using the tical_l t option. Specify fill to
to build a dashboard. | ‘ & the EEERERCIIEE oPton. Spectly Ul
vertically re-size charts so they completely fill the page and scroll to layout charts at

° Arrange panels as blocks their natural height, scrolling the page if necessary.

W|th ﬂeX| ble Syntax. For example, the following layout includes 3 charts and requests that the page scroll as
necessary to accommodate their natural height:

title: "Chart Stack (Scrolling)"
output:
flexdashboard: : flex_dashboard:
vertical_layout: scroll

### Chart 1

©WoNOU A WN P

10 - {r}

13 ### Chart 2

15 - {r}

18 ### Chart 3

20 " {r}
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Dashboards with flexdashboard

Functionality

e Use simple R Markdown
to build a dashboard.

e Arrange panels as blocks
with flexible syntax.

TABSETS

If you have several components you’d like to display within a row or column then rather
than attempting to fit them all on screen at the same time you can lay them out as a
tabset. This is especially appropriate when one component is primary (i.e. should be
seen by all readers) and the others provide secondary information that might be of
interest to only some readers.

Bicluster Heatmap Parallel Coordinates Data for Selected Cluster

In many cases tabsets are a better solution than vertical_layout: scroll for

displaying large numbers of components since they are so straightforward to navigate.

To layout a row or column as a tabset you simply add the {.tabset} attribute to the
section heading. For example, the following code lays out the second column in tabset:

o ---

2 title: "Tabset Column"

3 output: flexdashboard::flex_dashboard
4 -

5

6 Column

A e
8

9 ### Chart 1

10

11 " {r}

ITIRER

13

14 Column {.tabset}

150 ~ oo
16

17 ### Chart 2

18

19 " {r}

20

21

22 ### Chart 3

23

24 " {r}

25

26
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Dashboards with flexdashboard

Functionality

e Use simple R Markdown
to build a dashboard.

e Arrange panels as blocks
with flexible syntax.

e Add elements like gauges
and value boxes.
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Dashboards with flexdashboard

Functionality

e Use simple R Markdown
to build a dashboard.

e Arrange panels as blocks
with flexible syntax.

e Add elements like gauges
and value boxes.

e Couple it with shiny.

OCooNOOUI A WN

title: "Old Faithful Eruptions"
output: flexdashboard::flex_dashboard
runtime: shiny

“""{r global, include=FALSE}

# load data in 'global' chunk so it can be shared by all users of the dashboard
library(datasets)

data(faithful)

Column {.sidebar}

Waiting time between eruptions and the duration of the eruption for the
0ld Faithful geyser in Yellowstone National Park, Wyoming, USA.

e}
selectInput("n_breaks", label = "Number of bins:",
choices = c(10, 20, 35, 50), selected = 20)

sliderInput("bw_adjust", label = "Bandwidth adjustment:",

min = 0.2, max = 2, value = 1, step = 0.2)

Column

### Geyser Eruption Duration

e
renderPlot({
hist(faithful$eruptions, probability = TRUE, breaks = as.numeric(input$n_breaks),
xlab = "Duration (minutes)", main = "Geyser Eruption Duration")
dens <- density(faithful$eruptions, adjust = input$bw_adjust)
lines(dens, col = "blue")
1)

eoe jithub/intro-to-data-sci 1 ication - Shiny

http://127.0.0.1:4438/flexdashboard-shiny.Rmd | | Open in Browser ‘% Publish -

Old F: Eruptions

Column

Waiting time between eruptions and the duration of the eruption for the Old Faithful geyser in
Yellowstone National Park, Wyoming, USA.

Number of bins:

20 v

Bandwidth adjustment:

Geyser Eruption Duration

Geyser Eruption Duration

05
L

04
L

Density

0.0

Duration (minutes)

47 [ 70



Dashboards with flexdashboard

Flexdashboard theming demo  Components

Functionality

. a 1 2 3 4 5 6
LSRLILRALL A A R I ; : X
0 10 20 30 40 50 60 70 80 90 100 primary info success warning danger custom

e Use simple R Markdown

AL . Success Rate Warning metric Danger!
to build a dashboard. Y
2021-03-18 to 2021-03-18 91% 34 7

0 100 0 5 0 i

e Arrange panels as blocks

. . mpg cyl disp hp drat wt qsec Vs am gear carb

W I t h ﬂex I b le Sy n tax. Mazda RX4 210 6 160.0 10 3.90 2,620 1646 0 1 4 4
Mazda RX4 Wag 210 6 160.0 10 390 2.875 1702 0 1 4 4

. Datsun 710 228 4 108.0 93 385 2.320 1861 1 1 4 1

L Ad d e |.e m e n tS ll ke ga U geS Hornet 4 Drive 214 6 258.0 10 308 3215 1944 1 0 3 1
Hornet Sportabout 187 8 3600 175 315 3.440 1702 0 0 3 2

a n d Va l u e b Oxes Valiant 181 6 2250 105 276 3.460 2022 1 0 3 1
Duster 360 143 8 3600 245 3.21 3570 1584 0 0 3 4

. . . Merc 240D 24.4 4 146.7 62 369 3.190 2000 1 0 4 2

L CO U p le It W I th S h in y o Merc 230 228 4 140.8 95 392 3.150 2290 1 0 4 2
Merc 280 19.2 6 1676 123 3.92 3.440 1830 1 0 4 4

6 1676 123 392 3.440 1890 1 0 4 4

e Customize themes.
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Dashboards with flexdashboard

Functionality BT

akior

e Use simple R Markdown T |
to build a dashboard. L :

N P

0500

Shiny: biclust example

. Arrange panels aS blocks MetricsGraphics: Tor Project Shiny: kmeans clustering leaflet: nuclear waste sites
with flexible syntax. , —
. Add elements like gauges B W, me = ”
and value boxes. -'WI R | I
e Couple it with shiny. P P i i w
e Customize themes. ggpl;£ly: varié;s examp;les Pokemon characters wit;w Shiny: Old faithful eruptions ~ Sales report with
highcharter highcharter

e Explore more examples
here.

11 Lo
Shiny: Diamonds explorer Shiny: Embedding Shiny: Neighborhood rbokeh: iris dataset

diversity (Source)
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https://pkgs.rstudio.com/flexdashboard/articles/examples.html

Web apps with shiny

Functionality

Building an App - complete the template by addi

iPage() and a body to the server functio

e Shiny's functionality is

Interactive Web Apps orary Gahiny = N e e aer o g ngpgUisan HTHLdocument sy Conbine e dlmentinta o “rleclemen
: : Add inputsto the Ul with *nput( functions , | +127 (P17 [ __inputs - collect values from the user ___] hese unctions (0 10id he eor Operation not alloved without an active reactive content.
with shiny Cheat Sheet i - o < rogoren s | Access the cunentvale of aninputobject wi nput ! Honstomedheearey e Fustareget -~
M learn more at shiny.rstudio.com mericinputinputid = s S<inputid>. Inputvalues are reactive. Trigger Modularize eIt (12", ) ms o
Tellserver o~ p? ihisen) arbitrary code runthis) N anze ) doreinpuc ), ‘
. the server function. To do this: ) cton actionButton(inputid, label, icon, ) Prevent reactions ) ==
@Studlo 1. Referto outputs with output§<id> sepyar < funcciond R
2 Refer —
o »n Link actionLink(inputid, label, ) sy gt e

Rzl m.mm

m 3. Wrap code in a render*() function before __| < fpanell)
0 0 savingto output [ — erver Inputsx m— o headerpanel) Saabarpanel)
yApp xpression() outputSy 'Add static HTML elements with tags,a st of
l I r l iy a0 s 2 b page (U1 connected 102 @ crcer chekboxGrouplnput(inputd, abe, B function that parallel common HTHL tag, e ﬂvwwunane\sandzlememsmmalaynum-tha
I tro d U Ce It O a CO U p I.e e e erven” Save yourtemplate 2 Itemativel,spi iR and server.R @ Crocsz  choices, selec E tagssal) <o fayout fnct

computerunning a

R fncions hatssentiean . s

e It certainly can do much

. o croces Create your own Render i
Uibrary(shiny) Update n ribut fluidRow(
o atdeame fluidrage: ukRconairs everyihing reactive values e reactive output atoutes, 0 -
¥y ‘umerd CInpUE(inputid L P N @ creckme  checkboxinput(inputld, label, value) Delay reactions “"| d:lm( tumn(width = 4),
o o - e . v eolurn(width 5. fse 23
of slides. Wait for the Sy i e ey
Users can maripulate the U, hichwil cause Server < funccioninpus. oueout) | [T atel
* ' ) outputshist gnup-'. ( #oserver i toserver. max, .
server o updatethe U isplays by uning R codc) e et unction it vy (o [__create your own reactive values | Render reactive output flowLayout() o
App template 3 s NER Y Worary i) *Input) functions render*() functions "nmayaul(ungle(u
Begin wiitinga new app with this template, Preview shinyApp(ui = ui, server = server) [, ¥ (see front page) (see front page) & dobear
thcapp by running thecode ot the & command fne ui < rutap ;
. __ [uracycnion (TR iy rane o €ach input fncton il Wil emncocen e Sdebarlayout) e pycpup
BE |ui < fwidragen) appR | foptional) defines objects available o both greates areactive value whenevera reactive value g e deumtavout(
R |server <= functionCinput, outeut) () [ globalk 1 erR Lawnchappsuit o flenputlinputd abel, mulip L | sored s it nputie> phenever s eact S L U ot
shimyApp(ui = ui, server = server) [ DESCRIPTION «—__foptional) used in showcase modie e e reactiveValues() createsa | Save the results to et Eisoute 15 owbr rmwmm
B README +————1_ (optional) data, scrpts, etc. shinpagpu, server) | Ustofreactive values shinyApp(, server output§<outputid> "
s

<other files> 17 {otenal drectryoesto rarewit web abel, value,
] ' 3

AR in maxsiep [ Preventreactions | Sonctnesd o pe e b s [:]”“‘“’“"“’
. 5te rigger arbitrary code W < fluidrags i< luidPs

+ srver-afuncionath nsuctonsons
bu\\ddndveLmdUeRuJ\eL)duu\a/edu heu Outputs - rend

() and *Output() functions work together to add R output to the U1 , Header 1 pitLayout fobiect 1.
isolate(expr) e

Runs a code bl )

Plstrong(iboran) s J

passwordinput(inputld, label, v2luc)
Returns a non-reactive ey

+ shinyap. combicsu and server o3
inconngpp WaputhrunApp) eating rom o ) s : b
more than dashboards | (R R ] e e
. © Choce A mz!o?unans(nn utld, label, choices, server <= . e B 0) Lo ot/ = !ﬂkilhyﬂ"ﬂ"“hlm‘
Shareyour app ensauoted delesfie) G P ""’5:::%:‘"‘5;“5’““"' funs codeinand i il T nee
e+ | selectinputinputd, sbel, choices ! values in st rgument Toinclude a Css fil y

isto host it on shinyapps.io, 2
Selectize, wif, change. See observe{) for L Piace te e n the waew Supdiectary

e Think of it as a tool to s ||

renderPlot(expr. vidh,

= v !
d — 2 Linktoitwith Layer tabPanels on top of each other,
1. Create 2 free or professional account at @, cnv, quoted, unc, i Modularize reactions Delay reactions = "style ) with;
it a widn) Lo e s b * Bipe - neext/casn href = néfile nane>m)
- Vale, step, found, Tormat, locale reactive(x, env, quoted eve?tneactvue(even(zxp. U s
Clickthe Publish icon in the Rtudio IDE. renderTable(expr, ., crv,quoied, nd)  tableOutput{outputic) Hieks, aniha ety e m\“m#;ﬂylwmm valueE; ol vt s ncideScrp( o St
create web apps that e s i s e st AT,
rsconnect::deployApp('<path to directory>") u(hex its value to reduce domain, ignoreNULL 2. Link to it with. i< Ilmsz ze( nay nP-IMI( -
ployAp( <p ) foo  renderTestlexprerv cuoies, ) textoutput{outputd contanes ning oy submitButton(ex, cor) Heron | Gmaston e d bpaab1 eoten =
- Rttt ] T [ ompen W?(.‘w,m.,, e, fpecare = netite moawmy) | | ool i)
Buid or purchase your own Shiny Server e 2 | goresanuitcoeln Saraeins!-conenis
erver/ env, quoed, wiOutputfoutputid, rlne, contaner, ) W9 inen s ha beonmeadared || 1 I gt o . IMABES Toinclude an image i navbarPagefile="Fage},
o . . Y = BmIOUtpUL{oUtpUd 1 e, contacr ) v | textinputlinputid, abel,valuc) avitoptot, sorer) | Call the expression with epntets seery | valogsin 15t argument 1. Place the ileinthe www subdirectory. abPanel(tab 1 contents
L 2 cionman e re0 [T | 2 Linkiotwith g (srcencrile mameon)  EoraneCl contenis.
fere— o i bt e p———— e ———rTTp—rY

RStutio® s rademark of Studi,Inc. « CCBY RStk nfo@rstadocom - B44-448 1212+ i com  Moe cheat sheets a hitps//wwnwstudio comresources/cheatsheets/ Learn more o shiny studi.comtutora - hiny 0120 - Updtec: 515

and cooked data.
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Web apps with shiny

p & cosima-meyer.shinyapps.io/conflict-elections/

licati
Select time period
NI Map BB Table A About © Github
D t l Election day v
e Ddla explorer
. Afghanistan - April 2019 N Bar charts Y
Select the type of violence
Battles 100
)
Violence against civilians < G and
Strategic developments / o o/ < “' ) —
Explosions/Remote violence 1 j /;K‘Y'// \f ( ~ 5 601
(2 L& AN ¢ \_ -
5 —_{ R 40
AT M o ;i
¢ ) o [)(/\ ﬂ\ ¢ > \/\\, //
AN ; \—? y /A //;: /J/ /z'\ ¢ Y 20
s 3 2
;J v~/ Li\ﬁx\" /wa%/—\j\ f/»" ol
K\'\ ) e \//\/\L»{\\j\ )’/‘ {'/" Battles
< =4 } e
o . J\_J_(v (, \,/—L /\;\\/\ . /«\[S )
) \/ > A .// ,)‘ U
e N AL FN =
|\ A AN 2’
K_/ \ f// Lk (\/ ) 250+
| A /) (
e /~ (N ‘ 200
AN I SN
3 | 2 D! 150
\ / ‘} /, e
/ i | / 100
/ | )
/ / /
( ‘ > 50
| |~
L _ od
Battl
@ < ' > atties
9
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Web apps with shiny

E Xa m p le 0 ® ] Not Secure — 134.155.108.111:3838/Populism/
A s list Attitudes NTRODUCTION HOW MANY POPULISTS C ONS INTERNAL STRUCTURE OF SCALES
applications

Akkerman et al. Scale - Dimensions and Aggregates (Brazil)

The correlation matrix allows you to assess the AP . . . .
Anti-Elitism Manichean Sovereignt Goertzian Bollen Sartorian
* D ata ex p lO re r strength of the correlations between the 25- 2] —_
subdimensions of populism. In addition, you can 32: i o i i o« 2
) | n te ra Ct I Ve a p p e n d I X assess the disparities of the composite scores derived 8(5): 0.44 053 058 081 =
from the Goertz, Sartori and Bollen operationalization 00- o 3
strategy. 0oe
0.75- cceeee . ) ) §
. Corr: Corr: Corr: 3
Populism Scale 050~ secece g
0.25- PSP 0.39 0.85 0.81 g
Akkermann et al. v 0.00- . 3
I , , =K
Country 050- ' ! ‘ Corr: Corr: %
) 0251 ] 0.65 0.77 E
Brazil v H 3
0.75- Q
050- ! Corr: 8
025- . i 0.88 g
0.00- ° .
075- | 4 =
' i | " - ] IQ‘ o]
o G ] e b :
025+ - E
.
 RIAT] DS I 1 B W ¥
= o

0.000250.500.75 0.000.250500.75  0.25 0.50 0.75 0.000.250.50075  0.250500.75  NoPop. Pop.
Data source: Castanho Silva et al. 2018 Replication Dataset

52 /70


http://134.155.108.111:3838/Populism/
http://134.155.108.111:3838/Populism/

Web apps with shiny

Example
applications

[ X J @ https://leeper.shinyapps.io/pdi X +

cC 0 @ leeper.shinyapps.io, @ Incognito

Count Words in a PDF Document
L D ata eX p lO re r Upload your file here: Total Word Count: 14564

e Interactive appendix e B

° WO rkﬂOW a p pS Page numbers (e.g.,

1:3,5:7):

Additional options:

Count numbers?

O Count table/figure captions?

Page

N N R R R R S T

[0 Count equation lines?
() Split hyphenated words?

() Tokenize URLs?

UTAUINIH OO0 H ORI OGN0 H LN U000 A U IHOWO0NIOUHM NI

o
N
=}
)
N
o
=)
a
=}
o

Words per page

Copyright Thomas J. Leeper (2018). MIT-licensed. Source code and R package available from: https://github.com/leeper/pdfcount
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Web apps wi

Example
applications

[ N J @ Power Calculator

& C @ @& egap.shinyapps.i wer_C: / g @ Incognito

Power Calculator

* D ata ex p lO re r This calculator can help you understand the power of your experimental design to detect treatment effects. You can choose between a standard design in which
. . individuals are randomly assigned to treatment or control and a clustered design, in which groups of individuals are assigned to treatment and control together.
L | nte raCt|Ve append IX [ Clustered Design?
() Binary Dependent Variable?
e Workflow apps
e Learning tools

Significance Level . .
Power Analysis: Hypothetical Treatment Effect = 5

Alpha = 0.05 v SD of outcome = 10
e
Treatment Effect Size g
&
2
5 B & g
>
12}
]
Standard Deviation of O Variable % © |
= o
et
10 @
z 3
Power Target i
® 0.8] il g o
S s
9]
H
< e |
S

T T T T T

Maximum Number of Subjects
0 500 1000 1500 2000

2000 Number of Subjects
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Web apps with shiny

Example
applications

L €% Shiny - Gallery

& Cc 0O & shiny.rstudio.com/g: /#demc D @ Incognito

Shi ny from Studio Get Started Articles App Stories Reference Deploy Help Contribute O

e Data explo rer Government / Public sector

Mostly open data
e Interactive appendix

s Phsture: ‘oxommrooi

N
e Workflow apps :
0 =
Lea rn I n g tO O |'S Freedom of Press Index Voronoys - Understanding Crime Watch Pasture Potential Tool for
voters' profile in Brazilian improving dairy farm profitability
o . a n d SO m u C h m O re| elections and environmental impact
— - Qo ORAFT = =
by
@fm
o3
\{—" o ;%b ]
Dublin Transport Info Locating Blood Banks in India Utah Lake Water Quality Profile  Animated NYC metro traffic
Dashboard
=
11 b, 4 I
New Zealand Trade Intelligence ScotPHO Profiles Tool Visualisation of soil profiles VISCOVER

Dashboard
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More Shiny resources

Online resources An overview of Shiny extensions
e Shiny official website e awesome-shiny-extensions
e Shiny official tutorial
e Shiny cheatsheet Some hlghllghtS
e Mastering Shiny, book by Hadley Wickham . _
. Many useful articles about different topics e shinythemes: Altering the overall appearance of
e Publishing own Shiny apps for free with shinapps.io Shiny apps
« Hosting your Shiny app on your own server e shinyjs: Enrich apps with JavaScript operations
. Debugging Shiny « leaflet: Interactive maps
e ggovis: Similar to ggplot2 but with focus on web and
Interaction

e shinydashboard: Tools to create visual dashboards
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https://shiny.rstudio.com/
https://shiny.rstudio.com/tutorial/
https://shiny.rstudio.com/images/shiny-cheatsheet.pdf
https://mastering-shiny.org/
https://shiny.rstudio.com/articles/
https://www.shinyapps.io/
https://deanattali.com/2015/05/09/setup-rstudio-shiny-server-digital-ocean/
https://shiny.rstudio.com/articles/debugging.html
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The science of science communication

Motivation

Next month's the election and we
need to communicate our forecast. Ideas?

e You have learned the basic rules of good visualization and reporting,
but what is the external validity of this advice?

e How are facts and figures perceived by the public, policymakers, or even
other scientists?
e How does science communication affect attitudes and behaviors?

Show us the data

e It turns out there's increasing evidence on how science communication
Is consumed by stakeholders, and to what effect.
e However, much more research is needed to better understand how what

we do and communicate travels to stakeholders.
e The following slides report some selected findings.
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Lawmakers, scientists, and evidence

|:| Control I RPC

Congressional Offices' Self
Report of Value of Using
Research Evidence
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Lawmakers' use of scientific evidence can be improved
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Core to the goal of scientific exploration is the opportunity to
guide future decision-making. Yet, elected officials often miss op-
portunities to use science in their policymaking. This work reports
on an experiment with the US Congress—evaluating the effects of
a randomized, dual-population (i.e., researchers and congressional
offices) outreach model for supporting legislative use of research
evidence regarding child and family policy issues. In this experi-
ment, we found that congressional offices randomized to the in-
tervention reported greater value of research for understanding
issues than the control group following implementation. More re-
search use was also observed in legislation introduced by the in-
tervention group. Further, we found that researchers randomized
to the intervention advanced their own policy knowledge and en-
gagement as well as reported benefits for their research following
implementation.

response to opportunities or crises (7, 8, 12, 13). Timeliness of re-
searcher engagement is particularly challenging since public policy
goals often shift suddenly in response to socio-political factors (9, 14).
Thus, there is a need for engaging researchers in real-time during
discrete, time-limited opportunities for policy change (10, 15).
Policymakers can decide to use research evidence for varied
purposes or intentions. A widely used typology in URE investi-
gations is informed by foundational work of multiple scholars
(16, 17). While researchers often deplore political uses of research
for persuading others, justifying, or challenging existing policy
proposals (i.e., tactical use), research evidence can also be used
to guide policy development itself. This includes instances in which
research is used to directly inform policy decisions (i.e., instrumental
use) as well as instances in which research is indirectly used by
changing the way policymakers think about problems or solutions

Value for Using Evidence

Child and Family Billsand URE Legislative
Language Introduced by Offices

2.51%,0R=1.43
NS

100+

80
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Value
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p<.05

Tactical c

Value Researchers' Change in Policy

Knowledge and Engagement
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i ile i i Knowledge of Belief Policy Level of
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observable in specific policy efforts, conceptual use may influence 60 Regulations Their Research  Policy Engagement

Source Crowley et al. 2021, PNAS

Proportion of Offices
Introducing Bill

|

Fig. 3. Effects of the RPC Intervention Model. (A) Congressional offices
participating in the RPC reported greater value of conceptual research evi-
dence than controls, but there were no significant differences in instru-
mental or tactical uses. (B) Offices participating in the RPC were 1) not more
likely to write more child and family bills, but were 2) more likely to include
research evidence terms in legislative language, and (3) were less likely to
introduce bills that did not include URE research evidence terms. (C) Re-

20.76%,0R=0.33
p <.05

Any cf}hild.f‘ Chi',': & Famlly Child & Family Bill searchers in the RPC reported improved (1) knowledge of current lobbying
Family B Ellegvivsllgss w NotJ;suI:ggéslanve restrictions and (2) belief that engaging with policymakers would improve
Language their own research. Their level of policy engagement was sustained, whereas

control group researchers declined in policy engagement.
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Study characteristics and appreciation

Weighing the Evidence: Which Studies Count?

Eva Vivalt* Aidan Coville Sampada KC*
April 30, 2021

Abstract

‘We present results from two experiments run at World Bank and Inter-
American Development Bank workshops on how policy-makers, practi-
tioners and researchers weigh evidence and seek information from impact
evaluations. We find that policy-makers care more about attributes of
studies associated with external validity than internal validity, while for
researchers the reverse is true. These preferences can yield large differ-
ences in the estimated effects of pursued policies: policy-makers indicated
a willingness to accept a program that had a 6.3 percentage point smaller
effect on enrollment rates if it were recommended by a local expert, larger

than the effects of most programs.

Table 5: Attributes and Levels used for IDB 2016 & 17, Nairobi, and Mexico City

Sample
Attributes Levels
Method Experimental, Quasi-experimental, Observational
Location Different country, Same country, Different country in the
same region
Impact —5, 0, +5, +10 percentage points
Organization Government, NGO
Sample Size 50, 3,000, 15,000

Table 6: Seeking Research Results by Type of Respondent

World Bank IDB
Policy-maker Practitioner Researcher Policy-maker Practitioner
(1) 2) ®3) (4) (5)
Impact 1.053*** 1.035* 1.014 1.023* 1.011
(0.017) (0.018) (0.021) (0.012) (0.019)
Quasi-Experimental 1.625%* 2.180*** 4.267*%* 1.331* 1.527*
(0.341) (0.469) (1.294) (0.224) (0.383)
Experimental 2.473%*%* 2.728*** 8.869%** 1.371%* 2.327***
(0.592) (0.677) (3.431) (0.218) (0.595)
Different country, 1.563%* 1.492* 1.077 1.556%** 2.118%**
same region (0.328) (0.325) (0.344) (0.236) (0.491)
Same country 1.728%* 2.011%** 1.386 2.363%** 2.537***
(0.369) (0.453) (0.346) (0.391) (0.674)
Sample size: 3000 1.455% 1.607** 6.413*** 2.007*** 3.095%**
(0.313) (0.380) (2.481) (0.325) (0.723)
Sample size: 15000 1.656%* 1.372 6.946*** 1.974%** 4.680***
(0.358) (0.309) (2.578) (0.321) (1.280)
Government 1.338* 1.015 0.951 0.948 1.434**
(0.208) (0.167) (0.209) (0.106) (0.243)
Observations 209 206 180 394 233

This table reports the results of conditional logit regressions on which impact evaluation was
selected, using odds ratios. The omitted categories are “Observational”, “Different region”,
“Sample size: 50”7, and “NGO”. The number of observations represents the total number of choices
made across individuals. The IDB results use only the pre-workshop sample. Standard errors are
provided in parentheses. * p<0.10, ** p<0.05, *** p<0.01.

Source Vivalt et al. 2022, working paper
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Reported uncertainty and public trust

The effects of communicating uncertainty on public

trust in facts and numbers
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Edited by Arild Underdal, University of Oslo, Oslo, Norway, and approved February 20, 2020 (received for review August 7, 2019)

Uncertainty is inherent to our knowledge about the state of the
world yet often not communicated alongside scientific facts and
numbers. In the “posttruth” era where facts are increasingly con-
tested, a ption is that c icating uncertainty
will reduce public trust. However, a lack of systematic research
makes it difficult to evaluate such claims. We conducted five exper-
iments—including one preregistered replication with a national
sample and one field experiment on the BBC News website (total
n = 5,780)—to i heth icating epi ic uncer-
tainty about facts across different topics (e.g., global warming, im-
migration), formats (verbal vs. numeric), and magnitudes (high vs.
low) influences public trust. Results show that whereas people do
perceive greater uncertainty when it is communicated, we observed
only a small decrease in trust in numbers and trustworthiness of the
source, and mostly for verbal uncertainty communication. These
results could help reassure all communicators of facts and science
that they can be more open and transparent about the limits of
human knowledge.

communication | uncertainty | trust | posttruth | contested

the general sense of honesty evoked [by uncertainty] . .. this did not
seem to offset concerns about the agency’s competence” (p. 491). In
fact, partly for these reasons, Fischhoff (1) notes that scientists may
be reluctant to discuss the uncertainties of their work. This hesita-
tion spans across domains: For example, journalists find it difficult
to communicate scientific uncertainty and regularly choose to ig-
nore it altogether (10, 11). Physicians are reluctant to communicate
uncertainty about evidence to patients (12), fearing that the com-
plexity of uncertainty may overwhelm and confuse patients (13, 14).
Osman et al. (15) even go as far as to argue explicitly that “the drive
to increase transparency on uncertainty of the scientific process
specifically does more harm than good” (p. 131).

At the same time, many organizations that produce and
communicate evidence to the public, such as the European Food
Safety Authority, have committed themselves to openness and
transparency about their (scientific) work, which includes com-
municating uncertainties around evidence (16-19). These at-
tempts have not gone without criticism and discussion about the
potential impacts on public opinion (15, 20). What exactly do we
know about the effects of communicating uncertainty around

Table 1. Overview of the conditions and manipulation texts of experiment 3 and 4

Format

Experiment 3

Control
(no uncertainty)

Numerical range with
point estimate

Numerical range
without point estimate

Numerical point
estimate +2 SEs

Verbal explicit
uncertainty statement

Verbal implicit
uncertainty statement

Verbal uncertainty word
Mixed numerical and verbal phrase

“Official figures from the first quarter of 2018 show
that UK unemployment fell by 116,000 compared
with the same period last year. [...]"

...by 116,000 (range between 17,000 and 215,000)...
...by between 17,000 and 215,000...
...by 116,000 (+99,000).. .

...by 116,000 compared with the same period last year,
although there is some uncertainty around this
figure: It could be somewhat higher or lower. [...]

...by 116,000 compared with the same period last year,
although there is a range around this figure: could be
somewhat higher or lower. [...]

...by an estimated 116,000. ..

...by an estimated 116,000 (+99,000). ..

>
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Fig. 3. The results of experiment 3: Means per condition for perceived
uncertainty (A), trust in numbers (B), and trust in the source (C). The error
bars represent 95% Cls around the means, and jitter represents the distri-

bution of the underlying data.

Source Van der Bles et al. 2020, PNAS
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Trust in science

Majorities have at least some trustin
scientists to do what is right

% who say they have trust in scientists to do what is
right for (survey public)

HAlot mSome Not too much/not at all

india | INCCH Tl o
Australia 14
Spain 48 32 17
Netherlands 14
Sweden 7
Canada 15
Germany 13
Czech Rep. 11
UK 17

us. 21

Italy 20

Singapore 20

France 31 43 23
Russia 18
Malaysia 25 41 33
Poland 17
Brazil 23 36 36
Japan 12
Taiwan 17 42 31
South Korea [ 57 23

MEDIAN 17

Note: Respondents who did not give an answer are not shown.
Source: International Science Survey 2019-2020. Q2d.
“Science and Scientists Held in High Esteem Across Global Publics

PEW RESEARCH CENTER

Those on the political right often less
trusting of scientists than those on left

% who trust scientists a lot to do what is right for
(survey public)

Left-Right
Right Center Left Difference
us. o ) +42
20% 62%
Canada ) ) +39
35 74
Australia | OE | +29
39 68
UK o O +27
35 62
Germany o0 +17
38 55
Italy o0 +16
31 47
Sweden o0 +15
42 57
Spain o0 +10
44 54
Netherlands [ ] +9
4857
Poland ® +5
2732
Brazil e 0
2222
France . -1
3435
South Korea [ ] -2
1416
Czech Republic o0 -11
38 49

Note: Statistically significant differences in bold. Respondents who
gave other responses or did not give an answer are not shown
Source: International Science Survey 2019-2020. Q2d.

Science and Scientists Held in High Esteem Across Global Publics

PEW RESEARCH CENTER

Source Pew 2020
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Trust in data science

Data scientists have the potential to help
save the world

By May 17, 2017

With an untold number of crises emerging every year, big data is

becoming increasingly important for helping aid organisations
respond quickly to chaotic and evolving situations.

HOW DATA SCIENCE IS SAVING
LIVES

o AVINASHN Sep 29 - 2minread

For all the people first priority is about their life. Life is one of the most
precious thing in the world. Can Data Science techniques save life, is it
possible? Yes, using Data Science techniques to analyze large data sets
today has a huge impact on saving lives.

Health

Artificial intelligence and covid-19: Can the
machines save us?

0000 [ -

Analytics And Data Science

Data Scientist: The Sexiest
Job of the 21st Century

Meet the people who can coax treasure out of messy, unstructured
data. by Thomas H. Davenport and D.J. Patil

How Al Will Save Thousands of
Lives

Sepsis is the problem; data are the cure

9 Drew Smith, PhD Jan 10,2020 - 5 minread *

00006 I -

STUDENTS

Data Science: Why It
Matters and How It Can
Make You Rich

64 [ 70



Trust in data science?

The Cambridge Analytica case:
What’s a data scientist to do?

The Cambridge Analytica controversy has
highlighted data ethics issues especially dear to
early career stage data scientists

Researchers just released profile
data on 70,000 OkCupid users
without permission

By Brian Resnick | @B_resnick | brian@vox.com | May 12, 2016, 6:00pm EDT

An Algorithm That ‘Predicts’
Criminality Based on a Face Sparks
a Furor

Its creators said they could use facial analysis to determine if someone
would become a criminal. Critics said the work recalled debunked “race
science.”

Data Failed the Election, But There's Still
Hope for Business
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The replication crisis

hat the crisis is about

e The finding that many scientific studies are difficult or impossible
to reproduce.

e Reproducibility is a cornerstone of science as an enterprise of
knowledge generation — bad.

actors fueling the replication crisis

e Solo, silo-ed investigators limited to small sample sizes
e Wrong incentives in science

e No pre-registration of hypotheses being tested

e Post-hoc cherry picking of hypotheses with best P values
e Only requiring P < .05

e No replication

e No data sharing

ublished research findings are
Psommmrs refuted by subsequent
evidence, with ensuing confusion
and disappointment. Refuraion and
controversy is seen across the range of
research designs, from clinical trials
and traditional epidemiological studies
[1-3] to the most modern molecular
research [4,5). There is increasing
concern thatin modern research, false
findings may be the majority or even
the vast majority of published rescarch
claims [6-8). However, this should
not be surprising, It can be proven
that most claimed research findings
are false. Here | will examine the key

The Essay sectl i t

factors that influence this problem and
some corollaries thereof.

Modeling the Framework for False
Positive Findings

nethodologists have

d out [9-11] that the high

rate of nonreplication (lack of
confirmation) of rescarch discoverics
isa consequence of the convenient,
yetill-founded strategy of claiming
conclusive research findings solely on
the basis of a single study assessed by
formal statistical significance, typically
for a pvalue less than 0.05. Research
is not most appropriately represented
and summarized by pvalues, but,
unfortunately, there is a widespread
notion that medical rescarch articles

should be interpreted based only on
pvalues. Research findings are defined
here as any relationship reaching
formal sraistical significance, e.g.,
effective interventions, informative
predictors, risk factors, or associations.
"Negative” research is also very useful.
“Negative” is actually 2 misnomer, and
the misinterpretation is widespread.
However, here we will target
relationships that § claim

Open access, freely available onfine

is characteristic of the field and can
vary a lot depending on whether the
field targets highly likely relationships
or searches for only one or a few

true relationships among thousands
and millions of hypotheses that may

be postulated. Let us also consider,

for computational simplicity,
circumseribed fields where either there
is only one true relationship (among
many that can be hypothesized} or

the power is similar to find any of the
several existing true relationships. The
prestudy probability of a relationship
being trucis R/(R + 1), The probability
of a study finding a true relationship
reflects the power 1 - B (one minus
the Type Il exror rate). The probability
of claiming a relationship when none
truly exists reflects the Type | error
rate, @ Assurning that exelationships
are being probed in the field, the
expected values of the 2 x 2 table are
given in Table 1. After a research
finding has been claimed based on
achieving formal statistical significance,
the post-study prebability that it is true
is the positive predictive value, PPV,
The PPV is also the complementary
probability of what Wacholder et al.
have called the false positive report
probability [10]. According te the 2
2 table, one gets PPV = (1 - B)R/(R
- BR + o). A research finding s thus

exist, rather than null findings.

As has been shown previously, the
probability that a research finding
isindeed true depends on the prior
probability of it being true (before
doing the study), the statistical power
of the study, and the level of statistical
significance [10,11]). Consider a 2x 2
table in which research findings are
compared against the gold standard
of true relationships in a scientific
field. In a research field both true and
false hypotheses can be made about
the presence of relationships. Let R
be the ratio of the number of "true

of broadinterest 16 a general medical audience.

PLoS Medicine | www plosmedicineorg
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among those tested in the field R
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Fostering trust in science through open science

Communicating the entire workflow

e Any decision - from conceptualizing measures to
formatting tables - is meaningful for your output.
o Tiny mistakes can have massive technical Visualise

consequences (— debugging). el
) —— Communicate

o Various decisions can have ethical implications Import — Tidy — Transform
(— next session). L/ Model
o For others to follow (and potentially invalidate)
your analyses, all the details are important.
e What makes the scientific endeavor unique is that it
has self-correcting mechanisms.
e Butin order for them to work effectively, you have to
be transparent about every step in your workflow.

Understand

Program
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Fostering trust in science through open science

Communicating the entire workflow

e Any decision - from conceptualizing measures to
formatting tables - is meaningful for your output.
o Tiny mistakes can have massive technical
consequences (— debugging).
o Various decisions can have ethical implications
(— next session).
o For others to follow (and potentially invalidate)
your analyses, all the details are important.
e What makes the scientific endeavor unique is that it
has self-correcting mechanisms.
e Butin order for them to work effectively, you have to
be transparent about every step in your workflow.
e That's a meta meaning of communication: tell
others, by publishing everything from input to code
to output, what you've done.

) Communicate
Communicate

g \ "

Import — Tidy — Transform

Communicate L/ MTEI

Understand

Visualise—" Communicate

Communicate

Program
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Towards open data science (cont.)

Good practice

e Pre-register designs osf.io, aspredicted.org
e Do version control GitHub

OPEN SCIENCE

(a) (O

QOFEM DATA OPEN S0URCE

o Publish all research outputs (and inputs if possible)
GitHub, plain-text formats

e Disclose and document software pipeline targets,
make

e Make analysis reproducible renv, Docker

e Make preprints accessible arXiv, osf.io

e Public in open access journals

OPENM MATERIALS PREREGISTERED
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Towards open data science (cont.)

Good practice

e Pre-register designs osf.io, aspredicted.org
e Do version control GitHub

OPEN SCIENCE

(a) (O

QOFEM DATA OPEN S0URCE

o Publish all research outputs (and inputs if possible)
GitHub, plain-text formats
e Disclose and document software pipeline targets,

make
e Make analysis reproducible renv, Docker
e Make preprints accessible arXiv, osf.io
e Public in open access journals

OPENM MATERIALS PREREGISTERED

Notice something?

After the last 10 sessions, you have already become
open science practitioners. You are welcome.
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