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ABSTRACT
R is an open-source programming language that allows for highly customizable analyses and
visualization capabilities within a more traditional computing environment. Statistical programmers within
the clinical trials industry have taken advantage of its flexibility to create specialized packages for the
creation of SDTM and ADaM data structures, tables, figures, and listings (TFLs), as well as import/export
capabilities to interface with SAS datasets and associated metadata. More general packages aimed at
users transitioning from SAS, providing critical functions such as descriptive statistical reports,
hypothesis-testing to assess parametric assumptions of normality, and nonlinear transformations are not
yet widely available for use on tabular data, as is typically the case when working with clinical data
structures. Rita, a software package providing these functions, uses feature-detection algorithms to select
for numeric columns (converting the type, if necessary), conduct normality testing on each field, and
perform all available transformations on each column, selecting for the best-performing transformation.
Rita is presented here to facilitate adoption of the package for transitioning users. This paper provides a
tutorial for the features presented above, as well as Rita’s several quality-of-life features, such as plotting
capabilities that automatically select the most fitting way to visualize each column, detection and removal
of null records, and the ability to customize which plots, normality tests, and transformations are applied if
one wishes to designate these settings. Lastly, a Shiny app is provided to demonstrate Rita’s features
with data from the CDISC Pilot 01 Study and used to explain core functions for interested readers.

INTRODUCTION
Have you heard chatter regarding the use of R at your organization? If not, it may be upon you soon –
The R programming language (R Core Team, 2021) seems to be gaining steam within the
pharmaceutical industry. Many acquainted with SAS® software have begun making this transition to
complement their coding of clinical data structures and tables, figures, and listings (TFLs). As budding R
coders, they may be hard-pressed, however, to find commands similar to what are offered in the SAS
Studio environment. Even frequent coders may find it difficult to find similar solutions.
Similarly, newcomers and veterans alike may find it tedious to write R scripts encompassing the steps
involved in the process of exploratory data analysis (EDA). These scripts are not only time-consuming to
write, but also often in need of large amounts of “google time” to determine the relative merits of
competing methods a programmer may consider to accomplish their work, such as for visualizations,
normality tests (Thode, 2002), or transformations (Osborne, 2002). This paper presents an exhaustive
solution that places a dataset “one command away” from the most common EDA requirements among
coders, just as a dataset might be “one PROC away” from other forms of output.
Rita is an R package for EDA available on the Comprehensive R Archive Network (https://CRAN.Rproject.org/package=Rita) (Mattei and Ruscio, 2022). It is my best attempt to cure the “Where’s the
PROC means?” syndrome that may be prevalent among transitioning coders. It’s also my best attempt to
provide not just a foundation, but a bridge between the initial investigations of descriptive statistics and
other aspects of EDA previously mentioned; visuals, normality testing and data transformations.
To that end, Rita uses a “one size fits all” approach prioritizing extreme ease of use that caters to novices
and veterans alike. This is in the spirit of the various PROC steps employed in SAS Studio. This approach
also aims to anticipate and alleviate the ‘supermarket dilemma’ of attempting to choose between
normality tests or transformations of unclear applicability or relevance. The remainder of the introduction
provides a brief outline of the package’s basic process and output before diving in more deeply.
When designing the Rita() function, tabular data were the expected form of input, which is what will be
focused on here (vectors are valid forms of input as well). It begins by generating descriptive statistics:
the five-number summary of the minimum, maximum, quartiles, and median as well as the mean,
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standard deviation, and skewness and kurtosis coefficients are presented for each variable after missing
values are removed.
Next, each of five nonlinear transformations/normalizations (Osborne, 2002) are performed on each
column, with the best-performing method selected and returned. The options are as follows:
(1) logarithmic transform
(2) inverse/reciprocal transform
(3) square-root transform
(4) arc-sine transform
(5) logit transform (Stevens et al., 2016)
When assessing which transformation performs best for a given column, R2 indicating the line of best fit
for corresponding pairs of transformed and theoretical normal quantiles is used from the Q-Q plot.
Options are available to perform just one transformation for each column and omit this selection criterion.
In addition, a sixth transformation, the Rankit (Bliss, Greenwood, and White, 1956) is provided yet omitted
from this process, as it disguises between-group differences despite achieving superior normality to
alternatives in a majority of cases.
Then, one of six normality tests (Shapiro-Wilk by default) (Royston 1982; Royston 1995) are performed
on each transformed column and presented to the user. Options are available to perform alternative
tests for each variable. In total the following options are available:
(1) the Shapiro-Wilk
(2) the Kolmogorov-Smirnov-Lilliefors (Lilliefors, 1967; Molin and Abdi, 1998)
(3) the Anderson-Darling (D’agostino and Stephens, 1986)
(4) D’agostino Pearson Omnibus (D’agostino and Stephens, 1986)
(5) the Jarque-Bera (Jarque and Bera, 1980)
(6) the chi-square (Moore, 1986).
Options are additionally available to perform all six tests on each transformed variable, with a Bonferroni
correction applied based on the # hypotheses and desired alpha level specified in the arguments.
Lastly, a feature detection algorithm is used to visualize each raw, untransformed variable as either a
histogram or a density plot. This algorithm is then used to further generate either a violin or a strip-plot for
each raw variable. Density plots for each transformed column are then presented to the user, with results
able to be panned within RStudio with the ‘Plots’ panel. Options are available to disable this automatic
plotting feature and instead generate the same plots for all variables, or no plots at all. These
visualizations are powered by the lattice package (Sarkar, 2008), an intuitive extension of R’s base
plotting capabilities to accommodate the storage of plots to be retrieved later within the R console.
The rest of this paper will focus on practical demonstrations with the mtcars dataset, and later, with
questionnaire data from the first CDISC Pilot Study (Clinical Data Interchange Standards Consortium,
2007). No further mention of the underlying calculations will be made; however, all are encouraged to see
Recommended Reading for suggestions of references.

A SIMPLE EXAMPLE: MTCARS
After installing and loading the package, let’s take a quick look at the mtcars dataset before we begin.
Doing so is simple, as mtcars is a built-in dataset. Here, we print the first 10 rows within the console:
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Display 1. A view of the mtcars dataset

EXPLORING THE RAW DATA
Rita is going to do quite a bit for us when we call its namesake function. To demonstrate its robustness,
Rita() will be called with the entire mtcars dataset as an input:
x <- Rita(mtcars)
The code above produces a descriptive statistical report of each column, results of the Shapiro-Wilk test
for each, and even plots of each variable in its raw and transformed form. First, we’ll take a look at the
report. This is going to consist of formatted output within the R console reporting a five-number summary,
the mean, standard deviation, and skewness and kurtosis coefficients:

Table 1. A descriptive statistical report of mtcars (all rows)
A great deal of information has been given to us, and quickly! Let’s hone in on the ‘mpg’ column. Across
all vehicles, miles per gallon (mpg) averages about 20 miles. The median seems to agree, telling us that
mpg is likely distributed in a reasonably symmetric manner across its center if we were to plot it. The
skewness, at 0.705, is a little high in the positive direction; this gives us reason to believe that that plotting
mpg would reveal a slight skew of the data to the right. In other words, some of the vehicles are outliers.
They have much higher mpg scores than the typical vehicle. Kurtosis is ~0.2, indicating that the tails of
this distribution will not be overly heavy.
It's a good idea to see if this pans out. Fortunately, our use of Rita() has already produced plots:
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Figure 1. Density plot of raw mpg scores
For the most part, our predictions appear to be correct, with a slight hiccup. This distribution is more
skewed than we gave it credit for. Moreover, we also have a better sense of the sample-size of this data,
as the plot provides the datapoints as well. In addition to this density plot, a violin-plot of mpg has also
been made available to us. This will provide us with visual indicators of the min + max, quartiles, and the
median:

Figure 2. A violin-plot of the mpg column
With violin plots, we get the pros of box-plots (visual indicators of the min + max, quartiles, and median)
as well as a good sense of the distribution of the data.
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EXPLORING THE TRANSFORMED DATA
With so few records, it may be a good idea to attempt to transform the data to a more normal shape.
Again, the call to Rita() has already done this for us in the previous section. Along with this plot, using
Rita() has also generated density plots depicting the best-performing transformation for each variable.
Let’s take a look at the plot for the transformed scores of mpg:

Figure 3. Density plot of the arc-sine transformed mpg scores
The arc-sine transformation is the winner! Its contenders were the log, square-root, reciprocal, and logit
transformations. Because the sample-size is low (just 32 vehicles), this plot may not seem appreciably
better than its raw equivalent. It’s probably best to consult some supporting evidence. What are the
descriptive statistics of the newly transformed scores?
Luckily, when we assigned the output of Rita() to an object (creatively named ‘x’ here), we received a list
of all the generated plots and a dataset containing the scores of the best-performing transformation for
each column. Let’s access these scores and submit them to Rita():
y <- Rita(data = x[[1]][ ,1])
The aforementioned dataset was stored within the first element of the ‘x’ list object. With x[[1]], we are
accessing this data. Then, we select for the first column of the dataset with [ ,1]. This works because the
data are stored similarly to the raw data; just as mpg occurred first in mtcars, the transformed version of
mpg, ‘mpg Arc-sine’, also occurs first. The data = argument is also made more explicit here. Let’s see
what our descriptive statistics look like:
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Table 2. Descriptive statistics of the transformed mpg column
Skewness and kurtosis coefficients are standardized. We can compare them directly to those for the raw
mpg column. We’ve managed to significantly improve skewness! Instead of 0.705, skewness is now much
closer to 0.00, -0.283. Unfortunately, kurtosis has risen from 0.194 to 0.997. Is this enough for us to
conclude that the transformation didn’t improve normality by much after all? What we really need is a less
subjective method of assessing the effectiveness of the transformation. It’d be a pretty good guess by
now that our initial call to Rita() has already taken care of this for us. That is indeed the case:

Display 2. Normality test results stored in ‘x’
Non-significance indicates normality. According to the Shapiro-Wilk test, the newly transformed mpg
column adheres to normality. One can also assess this independently of Rita(), with the SWTest()
function. This is simply a wrapper for the Shapiro-Wilk test included in base R. However, other functions
for all other tests mentioned in the introduction are included as well. Note that this applies as well to the
provided transformations.

WRAPPING UP MTCARS
In summation, this was our first call to Rita():
x <- Rita(mtcars)
In return, we received this:
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Display 3. The complete output received with Rita(mtcars)
And the following output within the RStudio plot viewer (as individual panels):

7

Figure 4. A composite view of all plots generated with Rita(mtcars)
Rita()’s autoPlot = argument, which equals TRUE by default, generates three plots for each column: A
plot of raw scores (density or histogram), a plot of transformed scores (density), and either a violin or dotplot. Accordingly, displayed above are three plots for each of 9 columns in the mtcars dataset. These
choices are made using basic feature-detection that is detailed within the Rita package documentation
(see Recommended Reading). Options are also available to generate just one type of plot, or no plots at
all.
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AN ADAM EXAMPLE IN SHINY
It’s time to play our cards a little less close to the chest! A website is available to you, at
https://danielamattei.shinyapps.io/Rita/, to allow you to test-drive Rita() for yourself without any coding
required. You may upload your own non-proprietary, open-source datasets and explore it with Rita’s EDA
features. Initially, an ADaM questionnaire dataset, ADSADAS, is available from the CDISC Pilot Study 01
conducted by Eli Lilly and Company (CDISC, 2007) for use:

Display 4. A shiny app for Rita with the CDISC pilot study showcased
Comments or tutorials on the ADaM basic data structure (BDS) are outside the scope of this paper. In this
case, scores for the Alzheimer’s Disease Assessment Scale–Cognitive Subscale (ADAS-Cog) were
recorded at Visit 3, with visits 8, 10, and 12 providing further datapoints. Missing post-baseline
measurements were imputed with last observation carry-forward (LOCF). Change-from-baseline values,
as required, were stored in the ‘CHG’ column.
The ADAS-Cog is a measure of cognitive function in those with Alzheimer’s Disease. Xanomeline itself is
an M1 muscarinic-cholinergic receptor agonist (Bodick et al., 1997; Kueper, Speechley, and MonteroOdasso, 2018). There is an abundance of M1 receptors within the hippocampus and cerebral cortex, to
which axonal projections from the nucleus basalis of Meynart connect. These projections originating in
the nucleus basalis have been observed to degenerate in Alzheimer’s patients, raising the possibility that
xanomeline may have a compensatory effect and preserve cognitive functioning.

WORKING WITH THE ‘CHG’ COLUMN
As demonstrated previously, we’ve seen that Rita() may work on all columns submitted to the data =
argument. We’ll examine the change of baseline of Adas Cog-11 subscores among those randomized to
high doses of xanomeline. This step can be completed within the website, as well as the code. We will
assume they have already been completed and run Rita() on the ‘CHG’ column:
x <- Rita(ADQSADAS$CHG, test = 4)
We’ve changed things up by specifying the test argument to = 4, which corresponds to the Jarque-Bera
test for normality. The Jarque-Bera test prioritizes the assessment of skewness and kurtosis in
determining normality. After examining the descriptive statistics of our data, this decision makes sense:
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Display 5. Results of Rita() for the CHG column
Excess kurtosis has exceeded 1, indicating fattier tails in the distribution. Skewness is not particularly
worrying in this instance, but a drift of scores may be noted in our visual assessment of the density plot
and violin plot:
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Figure 5. Distribution of raw scores for the CHG column

Figure 6. Violin plot of the CHG column
Luckily, as we saw prior to these visuals (Display 5), the Jarque-Bera normality test had reported that the
transformed CHG column is not statistically significant. This indicates that the data are normal (per
recommendations of the literature, this result was obtained empirically; see Rita documentation in
Recommended Reading). Let’s take a look at the plot of the transformed values:
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Figure 7. Distribution of the transformed values of the CHG column
Although the center of the distribution has shifted, most values have been pulled closer together and
away from the tails. This is a marked improvement from the raw plot, but a few outliers do remain. If we
have a theoretical justification for doing so, we may choose a different transformation with the xform =
argument. Let’s try things out with the Rankit transformation:
x <- Rita(ADQSADAS$CHG test = 4, xform = 7)

Figure 8. The effect of the Rankit transformation on the CHG column
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Much better! Unfortunately, the Rankit makes inferential comparisons based on the mean as a pointestimate extremely difficult, if not impossible, when it is applied to all groups prior to analysis. It is,
however, perhaps the most robust and effective non-linear transformation available when this is not an
issue.

CONCLUSION
In all, the Rita package provides a suite of descriptive statistical reporting, normality-testing, and nonlinear transformations to accommodate exploratory data analysis, corner to corner. The CRAN code itself
is appropriate when used ad-hoc for exploratory purposes, as well as the accompanying Shiny app
showcasing its use.
For industrial applications, please be aware that Rita’s code is hosted on a GitHub mirror that provides
service to the Comprehensive R Archive Network (CRAN), where Rita is available. Although advisable to
install the package within an IDE, the code for Rita may be inspected here:
https://github.com/DanielAMattei/Rita, which may be warranted for validation purposes. It is again
recommended to visit Rita’s CRAN page here: https://CRAN.R-project.org/package=Rita, for formal
metadata and to access its documentation, which further specifies the algorithms used and directs the
user to appropriate sources (see also the reference section and Recommended Reading).
Using the website is never appropriate for any business purpose; but the code is open-source and freely
available, as mentioned, under an MIT license.
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