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–McGraw Hill

“Under promise & over deliver.” 



–McGraw Hill

“Under promise & over deliver.” 



–me (this time)

“Over promise & under deliver.” 



My general 
research framework
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On the State of Computing in Statistics Education: Tools for Learning 
and for Doing. pre-print http://bit.ly/StateOfComputingPreprint

http://bit.ly/StateOfComputingPreprint


tools designed for learning statistics 
are typically: 

• graphical 
• interactive 
• intuitive 
• supportive of EDA 

but: 
• don’t support reproducibility 
• can’t handle real data

tools designed for doing statistics 
are typically: 

• powerful 
• flexible 
• reproducible 
• supportive of extensions 

but: 
• hard to get started using 
• not interactive



We need a bridge between the two
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We need a bridge between the two
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Could be software, or curriculum. Today, I'm 
focused on "curriculum." 
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Having a better IDE reduces 
friction, but students still get 

stuck on syntax



Syntax is the set of rules that govern 
what code works and doesn’t work in a 
programming language. Most programming 
languages offer one standardized syntax, but R 
allows package developers to specify their own 
syntax. As a result, there are many (equally 
valid) R syntaxes.  
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SUMMARY STATISTICS: 
one continuous variable:  
mosaic::mean(~mpg, data=mtcars) 

one categorical variable: 
mosaic::tally(~cyl, data=mtcars) 

two categorical variables: 
mosaic::tally(cyl~am, data=mtcars) 

one continuous, one categorical:  
mosaic::mean(mpg~cyl, data=mtcars) 

SUMMARY STATISTICS:  
 

one continuous variable:  
mean(mtcars$mpg) 

one categorical variable: 
table(mtcars$cyl) 

two categorical variables: 
table(mtcars$cyl, mtcars$am) 

one continuous, one categorical: 
mean(mtcars$mpg[mtcars$cyl==4]) 
mean(mtcars$mpg[mtcars$cyl==6]) 
mean(mtcars$mpg[mtcars$cyl==8]) 

PLOTTING: 
one continuous variable: 

hist(mtcars$disp) 

boxplot(mtcars$disp) 

one categorical variable: 
barplot(table(mtcars$cyl)) 

two continuous variables: 
plot(mtcars$disp, mtcars$mpg) 

two categorical variables: 
mosaicplot(table(mtcars$am, mtcars$cyl)) 

one continuous, one categorical: 
histogram(mtcars$disp[mtcars$cyl==4]) 
histogram(mtcars$disp[mtcars$cyl==6]) 
histogram(mtcars$disp[mtcars$cyl==8]) 

boxplot(mtcars$disp[mtcars$cyl==4]) 
boxplot(mtcars$disp[mtcars$cyl==6]) 
boxplot(mtcars$disp[mtcars$cyl==8])

WRANGLING: 
subsetting: 

mtcars[mtcars$mpg>30, ] 

making a new variable: 
mtcars$efficient[mtcars$mpg>30] <- TRUE 
mtcars$efficient[mtcars$mpg<30] <- FALSE

R Syntax Comparison : : CHEAT SHEET 

RStudio® is a trademark of RStudio, Inc.  •  CC BY Amelia McNamara •  amcnamara@smith.edu  •  @AmeliaMN • science.smith.edu/~amcnamara/  •  Updated: 2018-01

Dollar sign syntax

tilde

Formula syntax Tidyverse syntax
goal(data$x, data$y) goal(y~x|z, data=data, group=w) data %>% goal(x)

PLOTTING: 
one continuous variable: 
lattice::histogram(~disp, data=mtcars) 

lattice::bwplot(~disp, data=mtcars) 

one categorical variable: 
mosaic::bargraph(~cyl, data=mtcars) 

two continuous variables: 
lattice::xyplot(mpg~disp, data=mtcars) 

two categorical variables: 
mosaic::bargraph(~am, data=mtcars, group=cyl) 

one continuous, one categorical: 
lattice::histogram(~disp|cyl, data=mtcars) 

lattice::bwplot(cyl~disp, data=mtcars) 

SUMMARY STATISTICS: 
one continuous variable: 

mtcars %>% dplyr::summarize(mean(mpg)) 

one categorical variable: 
mtcars %>% dplyr::group_by(cyl) %>% 
dplyr::summarize(n()) 

two categorical variables: 
mtcars %>% dplyr::group_by(cyl, am) %>% 
dplyr::summarize(n()) 

one continuous, one categorical: 
mtcars %>%  dplyr::group_by(cyl) %>% 

dplyr::summarize(mean(mpg))

PLOTTING: 
one continuous variable: 
ggplot2::qplot(x=mpg, data=mtcars, geom = "histogram") 

ggplot2::qplot(y=disp, x=1, data=mtcars, geom="boxplot") 

one categorical variable: 
ggplot2::qplot(x=cyl, data=mtcars, geom="bar") 

two continuous variables: 
ggplot2::qplot(x=disp, y=mpg, data=mtcars, geom="point") 

two categorical variables: 
ggplot2::qplot(x=factor(cyl), data=mtcars, geom="bar") + 

facet_grid(.~am) 

one continuous, one categorical: 
ggplot2::qplot(x=disp, data=mtcars, geom = "histogram") + 

facet_grid(.~cyl) 

ggplot2::qplot(y=disp, x=factor(cyl), data=mtcars,  
geom="boxplot") 

WRANGLING: 
subsetting: 
mtcars %>% dplyr::filter(mpg>30) 

making a new variable: 
mtcars <- mtcars %>%  
dplyr::mutate(efficient = if_else(mpg>30,  TRUE, FALSE))

the pipe

The variety of R syntaxes give 
you many ways to “say” the 
same thing

read across the cheatsheet to see how different 
syntaxes approach the same problem

http://bit.ly/R-syntax-sheet

http://bit.ly/R-syntax-sheet
http://bit.ly/R-syntax-sheet


base mosaic

> mean(mtcars$mpg[mtcars$cyl==4])
[1] 26.66364
> mean(mtcars$mpg[mtcars$cyl==6])
[1] 19.74286
> mean(mtcars$mpg[mtcars$cyl==8])
[1] 15.1

> mean(mpg~cyl, data=mtcars)
       4        6        8 
26.66364 19.74286 15.10000 

dplyr

> mtcars %>%
+   group_by(cyl) %>%
+   summarize(mean(mpg))
# A tibble: 3 x 2
    cyl `mean(mpg)`
  <dbl>       <dbl>
1     4        26.7
2     6        19.7
3     8        15.1

Summary statistics three ways



base lattice

plot(mtcars$disp, mtcars$mpg) xyplot(mpg~disp, data=mtcars)

ggplot2

qplot(x=disp, y=mpg, 
    data=mtcars, geom="point")

Scatterplot three ways







Formula syntax 

• lattice graphics (or now, ggformula) 

• mosaic statistics 

• mobilizr additional functions 



–Mike McCarthy / mosaic package philosophy

“Less volume, more creativity.” 



"tidyverse" syntax

• Expects "tidy" data  

• Uses the pipe (%>%, often pronounced "then") to 
string together verbs 

• Verbs include select(), filter(), mutate(), group_by()



https://cran.r-project.org/doc/manuals/r-release/R-intro.html
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http://varianceexplained.org/r/teach-tidyverse/
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https://simplystatistics.org/2016/02/11/why-i-dont-use-ggplot2/


https://simplystatistics.org/2018/07/12/use-r-keynote-2018/

https://simplystatistics.org/2018/07/12/use-r-keynote-2018/


Lots of opinions!



Lots of opinions!

But, not much data…



https://twitter.com/AmeliaMN/status/1016569243947724800
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Stats ed research



Konold, C. et al. “Data seen through different lenses.” 
Educational Studies in Mathematics, 2014. 



The Development of Graph 
Understanding in the 
Mathematics Curriculum 
Jane Watson and Noleine 
Fitzallen



Contrasting emerging conceptions of distribution 
in contexts of error and natural variation 

Richard Lehrer and Leona Schauble 



•  types of variability:  
•  variability due to errors of measurement 
•  variability due to multiple causes 
•  sample to sample variability

Exploring informal inference with interactive 
visualization software

Andee Rubin, James Hammerman and Cliff Konold

http://bit.ly/InformalInference

http://bit.ly/InformalInference


• Identifying focus, beginning from irrelevant and local information 

• Describing variability informally in raw data 

• Formulating a statistical hypothesis that accounts for variability 

• Accounting for variability when comparing groups using 
frequency tables  

• Using center and spread measures to compare groups 

• Modeling variability informally through handling outlying values 

• Noticing and distinguishing the variability within and between 
the distributions in a graph. 

Reasoning about Data Analysis. Dani Ben-Zvi 

http://bit.ly/ReasoningAboutDataAnalysis

http://bit.ly/ReasoningAboutDataAnalysis


http://bit.ly/ComparingBoxPlots

Comparing Box Plot Distributions: A Teacher’s Reasoning
Maxine Pfannkuch 

Teacher: Now I know the numbers are different, the males are bigger than 
the females, but it’s not that different, it’s not like one’s 100 and the 
other’s – you know? So, it’s another contributing thing, men’s stuff is 
more spread out. But it’s not massively different, especially when you see 
it on the graph, you know, it’s not that different, can you accept that? 
Okay, so at the moment, I’ve got some conflicting kind of information, 
right median – females are more clever, but when I look at the whole 
graph, the whole graph’s a bit more higher for males. They’re a little bit 
different in their spreads but you know, so I’m still not ready to say yes 
males have got a higher IQ than females. 

http://bit.ly/ComparingBoxPlots


http://bit.ly/GuidlinesForMakingTheCall http://bit.ly/AnimationsForMakingTheCall

Making the Call 
Chris Wild, Nick Horton, Maxine Pfannkuch, Matt Regan

http://bit.ly/GuidlinesForMakingTheCall
http://bit.ly/AnimationsForMakingTheCall
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Making the Call 
Chris Wild, Nick Horton, Maxine Pfannkuch, Matt Regan

http://bit.ly/GuidlinesForMakingTheCall
http://bit.ly/AnimationsForMakingTheCall


The Research Frontier: Where Technology Interacts with 
the Teaching and Learning of Data Analysis and Statistics

Susan Friel

• Technology is an amplifier of statistical power 

• Technology as a reorganizer of physical and mental work 

• Shifting activity to higher cognitive levels 

• Changing the objects on which an activity may focus 

• Focusing on transforming and analyzing representations 

• Supporting a situated cognition perspective 

• Understanding statistical concepts dynamically through the use of 
graphics  

• Confronting "representative ambiguity" 



Computer science 
(education) research



http://bit.ly/EvidenceAboutProgrammers
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http://bit.ly/AnalysingProgrammingData

BlueJ and BlackBox, Neil Brown

http://bit.ly/AnalysingProgrammingData


An Empirical Investigation into 
Programming Language Syntax 

 Andreas Stefik and Susanna Siebert
For this article, we conducted four empirical studies on 
programming language syntax as part of a larger analysis into 
the, so called, programming language wars. We first present two 
surveys conducted with students on the intuitiveness of syntax, 
which we used to garner formative clues on what words and 
symbols might be easy for novices to understand. We followed up 
with two studies on the accuracy rates of novices using a total of 
six programming languages: Ruby, Java, Perl, Python, Randomo, 
and Quorum. Randomo was designed by randomly choosing some 
keywords from the ASCII table (a metaphorical placebo). To our 
surprise, we found that languages using a more traditional C-
style syntax (both Perl and Java) did not afford accuracy rates 
significantly higher than a language with randomly generated 
keywords, but that languages which deviate (Quorum, Python, 
and Ruby) did.

http://bit.ly/EmpiricalProgrammingSyntax

http://bit.ly/EmpiricalProgrammingSyntax




Psychology, linguistics, 
…? research



Many analysts, one dataset: Making transparent 
how variations in analytical choices affect results 

https://psyarxiv.com/qkwst/

https://psyarxiv.com/qkwst/


Crowdsourcing Data Analysis, 
Martin Schweinsberg et al 



Crowdsourcing Data Analysis, 
Martin Schweinsberg et al 
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SUMMARY STATISTICS: 
one continuous variable:  
mosaic::mean(~mpg, data=mtcars) 

one categorical variable: 
mosaic::tally(~cyl, data=mtcars) 

two categorical variables: 
mosaic::tally(cyl~am, data=mtcars) 

one continuous, one categorical:  
mosaic::mean(mpg~cyl, data=mtcars) 

SUMMARY STATISTICS:  
 

one continuous variable:  
mean(mtcars$mpg) 

one categorical variable: 
table(mtcars$cyl) 

two categorical variables: 
table(mtcars$cyl, mtcars$am) 

one continuous, one categorical: 
mean(mtcars$mpg[mtcars$cyl==4]) 
mean(mtcars$mpg[mtcars$cyl==6]) 
mean(mtcars$mpg[mtcars$cyl==8]) 

PLOTTING: 
one continuous variable: 

hist(mtcars$disp) 

boxplot(mtcars$disp) 

one categorical variable: 
barplot(table(mtcars$cyl)) 

two continuous variables: 
plot(mtcars$disp, mtcars$mpg) 

two categorical variables: 
mosaicplot(table(mtcars$am, mtcars$cyl)) 

one continuous, one categorical: 
histogram(mtcars$disp[mtcars$cyl==4]) 
histogram(mtcars$disp[mtcars$cyl==6]) 
histogram(mtcars$disp[mtcars$cyl==8]) 

boxplot(mtcars$disp[mtcars$cyl==4]) 
boxplot(mtcars$disp[mtcars$cyl==6]) 
boxplot(mtcars$disp[mtcars$cyl==8])

WRANGLING: 
subsetting: 

mtcars[mtcars$mpg>30, ] 

making a new variable: 
mtcars$efficient[mtcars$mpg>30] <- TRUE 
mtcars$efficient[mtcars$mpg<30] <- FALSE

R Syntax Comparison : : CHEAT SHEET 

RStudio® is a trademark of RStudio, Inc.  •  CC BY Amelia McNamara •  amcnamara@smith.edu  •  @AmeliaMN • science.smith.edu/~amcnamara/  •  Updated: 2018-01

Dollar sign syntax

tilde

Formula syntax Tidyverse syntax
goal(data$x, data$y) goal(y~x|z, data=data, group=w) data %>% goal(x)

PLOTTING: 
one continuous variable: 
lattice::histogram(~disp, data=mtcars) 

lattice::bwplot(~disp, data=mtcars) 

one categorical variable: 
mosaic::bargraph(~cyl, data=mtcars) 

two continuous variables: 
lattice::xyplot(mpg~disp, data=mtcars) 

two categorical variables: 
mosaic::bargraph(~am, data=mtcars, group=cyl) 

one continuous, one categorical: 
lattice::histogram(~disp|cyl, data=mtcars) 

lattice::bwplot(cyl~disp, data=mtcars) 

SUMMARY STATISTICS: 
one continuous variable: 

mtcars %>% dplyr::summarize(mean(mpg)) 

one categorical variable: 
mtcars %>% dplyr::group_by(cyl) %>% 
dplyr::summarize(n()) 

two categorical variables: 
mtcars %>% dplyr::group_by(cyl, am) %>% 
dplyr::summarize(n()) 

one continuous, one categorical: 
mtcars %>%  dplyr::group_by(cyl) %>% 

dplyr::summarize(mean(mpg))

PLOTTING: 
one continuous variable: 
ggplot2::qplot(x=mpg, data=mtcars, geom = "histogram") 

ggplot2::qplot(y=disp, x=1, data=mtcars, geom="boxplot") 

one categorical variable: 
ggplot2::qplot(x=cyl, data=mtcars, geom="bar") 

two continuous variables: 
ggplot2::qplot(x=disp, y=mpg, data=mtcars, geom="point") 

two categorical variables: 
ggplot2::qplot(x=factor(cyl), data=mtcars, geom="bar") + 

facet_grid(.~am) 

one continuous, one categorical: 
ggplot2::qplot(x=disp, data=mtcars, geom = "histogram") + 

facet_grid(.~cyl) 

ggplot2::qplot(y=disp, x=factor(cyl), data=mtcars,  
geom="boxplot") 

WRANGLING: 
subsetting: 
mtcars %>% dplyr::filter(mpg>30) 

making a new variable: 
mtcars <- mtcars %>%  
dplyr::mutate(efficient = if_else(mpg>30,  TRUE, FALSE))

the pipe

The variety of R syntaxes give 
you many ways to “say” the 
same thing

read across the cheatsheet to see how different 
syntaxes approach the same problem

http://bit.ly/R-syntax-sheet

http://bit.ly/R-syntax-sheet
http://bit.ly/R-syntax-sheet


Open questions

• Is it easier to pick up one syntax than another? 

• How do different R syntaxes impact users' 
conceptions of data? 

• Does a particular syntax have better transference?



Even more stuff to 
study



Our path to better science in less 
time using open data science tools
Julia Stewart Lowndes, et al. Nature Ecology & Evolution v1. 
https://www.nature.com/articles/s41559-017-0160

https://www.nature.com/articles/s41559-017-0160


We thought we were doing reproducible science. For the first global 
OHI assessment in 2012 we employed an approach to reproducibility 
that is standard to our field, which focused on scientific methods, not 
data science methods. Data from nearly one hundred sources were 
prepared manually—that is, without coding, typically in Microsoft Excel—
which included organizing, transforming, rescaling, gap-filling and 
formatting data. Processing decisions were documented primarily within 
the Excel files themselves, e-mails, and Microsoft Word documents. We 
programmatically coded models and meticulously documented their 
development, (resulting in the 130-page supplemental materials), and 
upon publication we also made the model inputs (that is, prepared data 
and metadata) freely available to download. This level of documentation 
and transparency is beyond the norm for environmental science.

Our path to better science in less time using open data science tools. Julia Stewart Lowndes, 
et al. Nature Ecology & Evolution v1. https://www.nature.com/articles/s41559-017-0160

https://www.nature.com/articles/s41559-017-0160


Sharing methods and instruction. We use R Markdown not only for data 
preparation but also for broader communication. R Markdown files can be 
generated into a wide variety of formatted outputs, including PDFs, slides, 
Microsoft Word documents, HTML files, books or full websites. 

Our path to better science in less time using open data science tools. Julia Stewart Lowndes, 
et al. Nature Ecology & Evolution v1. https://www.nature.com/articles/s41559-017-0160

We decided to base our work in R and RStudio for coding and visualization, 
Git for version control, GitHub for collaboration, and a combination of GitHub 
and RStudio for organization, documentation, project management, online 
publishing, distribution and communication. 

Data preparation: coding and documenting. Our first priority was to code 
all data preparation, create a standard format for final data layers, and do so 
using a single programmatic language, R. Code enables us to reproduce 
the full process of data preparation, from data download to final model 
inputs, and a single language makes it more practical for our team to learn 
and contribute collaboratively. We code in R and use RStudio to power our 
workflow because it has a user-friendly interface and built-in tools useful for 
coders of all skill levels, and, importantly, it can be configured with Git to 
directly sync with GitHub online (See ‘Collaboration’). 

https://www.nature.com/articles/s41559-017-0160


Our path to better science in less time using open data science tools. Julia Stewart Lowndes, 
et al. Nature Ecology & Evolution v1. https://www.nature.com/articles/s41559-017-0160

https://www.nature.com/articles/s41559-017-0160


temp_long = coastal_fish_scores %>% 
            select(monitoring_area,core_indicator,taxa, score1,score2,score3) %>%
            group_by(monitoring_area, core_indicator,taxa) %>%
            gather(score_type,score,score1,score2,score3)%>%
            ungroup()

slope2 = slope2 %>%
        group_by(basin_name, core_indicator)%>%
        mutate(slope_mean_basin_indicator = mean(slope_mean_basin_taxa))%>%
        ungroup()

basin_n_obs = coastal_fish_scores_long %>% 
                            filter(score_type=="score1") %>% ## only select 1 score type so no duplicates
                            select(Basin_HOLAS)%>%
                            count(Basin_HOLAS)

https://github.com/OHI-Science/bhi/blob/draft/baltic2015/prep/AO/ao_prep.rmd

https://github.com/OHI-Science/bhi/blob/draft/baltic2015/prep/AO/ao_prep.rmd


ggplot(data = bechdel) +
  geom_point(mapping = aes(x = budget, y = domgross)) +
  geom_smooth(mapping = aes(x= budget, y = domgross))

We want to avoid 
this kind of repetition 

in programming

syntax within ggplot2



ggplot(data = bechdel, aes(x= budget, y = domgross)) +
  geom_point() +
  geom_smooth()

Mappings (and data) that 
appear in ggplot() will 
apply globally to every 

layer

syntax within ggplot2



ggplot(bechdel) + 

    geom_point(aes(x = budget, y = domgross))

ggplot(bechdel, aes(x = budget, y = domgross)) + 
    geom_point()

ggplot(bechdel, aes(x= budget)) + 

    geom_point(aes(y = domgross))
ggplot() + 

    geom_point(bechdel, aes(x = budget, y = domgross))

MANY ways to say the same thing

syntax within ggplot2



How can we study this?

• Observational studies (qualitative 😱) 

• Logs of code (🍝) 

• DataCamp (📞 call me) 

• Mechanical Turk? (🤖)



flickr: wicker-furniture

Thank you!

mcna6887@stthomas.edu
amcnamara@smith.edu
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