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Knowing how to build a predictive model is an important skill for anyone working
with data (De Veaux et al. 2017; Hicks and Irizarry 2018; Hardin et al. 2015).
Unfortunately, detailed explanations of many algorithms used by researchers to create
predictive models along with directions on how to use software to implement the
algorithms are not commonly found in undergraduate textbooks. The fifth edition of
the excellent text STATS Data & Models by De Veaux, Velleman, and Bock (2019)
devotes chapter 27 to statistical learning and data science. The text does a great
job of introducing and describing the standard types of problems in the statistical
learning/data science fields; however, the instruction is not sufficiently detailed for
the general reader of such a text to implement the ideas. The fact that statistical
learning is even mentioned in an introductory text is a testament to the importance
of statistical learning algorithms and their importance in the toolbox of practitioners
and undergraduates. One text that does cover both theory and implementation of
statistical learning algorithms (appropriate for advanced undergraduates or master’s
students according to its preface) is An Introduction to Statistical Learning with
Applications in R by James et al. (2017).

Hicks and Irizarry (2018) suggest the following five guiding principles when teaching
a data science course: “1) Organize the course around a set of diverse case studies;
2) Integrate computing into every aspect of the course; 3) Teach abstraction, but
minimize reliance on mathematical notation; 4) Structure course activities to realisti-
cally mimic a data scientist’s experience; 5) Demonstrate the importance of critical
thinking/skepticism through examples.”

One of the challenges instructors face when using a standard text is providing activities
that mimic a data scientist’s experience since data sets that accompany standard
texts are generally clean and ready to be analyzed. The challenge and the need to
expose students in applied statistics courses to unclean data is detailed in Zhu et al.
(2013). A second challenge is the plethora of R packages and differing syntax among R
packages one may choose to implement the numerous statistical learning algorithms.

The caret package solves the problem of differing syntax among R packages by
providing a unifying interface with consistent arguments for 238 models. For details
on one of the 238 models, one should consult the caret vignette at http://topepo.
github.io/caret/available-models.html. The caret package has many functions of
which only a small subset are needed to start building predictive models. Three of
the principle functions used for building predictive models from the caret package
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are createDataPartition(), trainControl(), and train(). The trainControl()
function controls the resampling method used to train a predictive model. In this
document, the method is either cross validation or repeated cross validation; however,
there are thirteen different resampling techniques one could specify. For complete
details, see the R help file for trainControl() by typing ?trainControl at the R
prompt. The ability to have a unified resampling method applied to any one of the 238
different models in caret permits the user to build predictive models that optimize
the bias variance trade-off. While a resampling method such as cross validation is
not conceptually difficult to understand, implementing a resampling method for a
particular algorithm can be challenging.

The links to the guided labs that accompany this document (constantly being updated)
introduce a case study where students integrate computing into a dynamic document
using R Markdown as advocated by B. Baumer et al. (2014), Hardin et al. (2015), De
Veaux et al. (2017), and Hicks and Irizarry (2018), create statistical models with a
consistent interface using the caret package, mimic the workflow of a data scientist by
using data that is of questionable integrity, and practice critical thinking/skepticism by
working with questionable data. The ability to create a dynamic document involving
predictive models with undergraduates that incorporates the full data science process
is innovative simply because the computational tools required to do so in a reasonable
amount of time have not previously been available. Transformations and model
validation are two aspects of model building that were particularly onerous that the
caret package simplifies immeasurably.

The guided labs have been used with both graduate and undergraduate classes. The
computational preparation for both classes was similar coming into the course where
the project was used. For the graduate students, the guided labs were implemented in
a course where the students were already using R, R Markdown, and had been exposed
to the grammar used in the ggplot2 package. The prerequisite for the graduate class
was a standard undergraduate (non-calculus based) introductory statistics course. The
undergraduate course (STT 3860) where the students used the guided labs also has as
a prerequisite a standard undergraduate (non-calculus based) introductory statistics
course in addition to a data visualization and management course (STT 2860). The
STT 2860 course introduces students to R (both base and tidyverse), R Markdown,
Git, and data management.

Both the graduate and undergraduate students had access to a University maintained
RStudio Pro server. While R, RStudio, and Git can be installed by students on their
personal machines, we found using a server virtually eliminates the time instructors
were spending providing technical support despite providing students with detailed
installation instructions. For instructors wishing to use a server without institutional
hardware or support, RStudio Cloud is a fantastic and free resource provided by
RStudio. In both the graduate and undergraduate courses where the project was used,
Git was used for version control. Specifically, GitHub Classroom was used to distribute
starter code for each class. While Git is not needed for students to complete the
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project, the instructors use Git issues to provide feedback which leaves a permanent
trail of comments the instructor provides to the students.

Predictive Model Building at https://stat-ata-asu.github.io/PredictiveModelBuilding/
provides an overview of linear regression and introduces a few algorithms generally not
found in undergraduate texts. After a brief explanation of the algorithms, the statistical
programming language R is used to build predictive models using a well-known data
set. Predictive Model Building includes parametric and nonparametric estimation of f ,
visualizing and checking data, preprocessing data, k-fold cross validation, and detailed
instructions for cleaning a data set.

To practice the material discussed in Predictive Model Building, three (more to come)
guided R Markdown labs are provided. The guided labs all have public GitHub
repositories with additional files that may be cloned to the user’s machine. Instructors
can also use the GitHub repositories to set up assignments with Github Classroom.
For the Git averse, the guided R Markdown labs are also provided as RStudio Cloud
projects where the R packages needed to answer the guided lab have been installed.
To use the projects on RStudio Cloud, the user will need to create an account on
RStudio Cloud. Since there are numerous R packages, the project will take a few
minutes to deploy the first time the user opens the project. To save a permanent copy
of the project, click on the red “Save a permanent copy” text in the upper right of the
RStudio title bar. Regardless of the approach one uses to work with the R Markdown
file, the end result is that the reader/student is creating a dynamic document that
records the steps used to solve the questions as advocated by B. Baumer et al. (2014),
Hardin et al. (2015), De Veaux et al. (2017), and Hicks and Irizarry (2018).

Guided Labs

1. Questioning and Cleaning the bodyfat data Lab:

• GitHub repository - https://github.com/STAT-ATA-ASU/AHL-GL-
BFcleaningSC

• rstudio.cloud project - https://rstudio.cloud/project/1164604

2. Linear models with the bodyfat data Lab:

• GitHub repository - https://github.com/STAT-ATA-ASU/AHL-GL-
BFlinearSC

• rstudio.cloud project - https://rstudio.cloud/project/1164829

3. Non-linear models with the bodyfat data Lab:

• GitHub repository - https://github.com/STAT-ATA-ASU/AHL-GL-
BFnonlinearSC

• rstudio.cloud project - https://rstudio.cloud/project/1169242
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