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Introduction

Although reliable estimates are hard to come by, there seems to be consensus
that data preparation consumes roughly 80% of the time required for a statistical
project (Press, 2016). This paper' provides an introduction to the unglamorous,
time-consuming, laborious, and sometimes dreaded “dirty work” of statistical
investigations - variously known as data wrangling, data cleaning, janitor work
(Lohr, 2014) or simply data management. JMP users can perform wrangling
operations within one software environment, without having to hop off and

onto different platforms.

A continuous process in an organizational context

Successful analyses require a disciplined process like the one shown here (SAS,
2016) wherein a question gives rise to fact-gathering, analysis and implementation
of a solution, which in turn is monitored and gives rise to further questions. Though
process is often portrayed as circular, this schematic has the added appeal of
connoting an infinite loop where data plays a central role. In this image, though,
the step identified as “Prepare” is not drawn remotely to scale. Also, in any phase
we may need to step back to an earlier phase. This paper will deal mainly with the
Prepare and Explore phases.

Though this paper focuses on data preparation, there are four other themes that
we'll keep in mind:

¢ Data projects occur within a work context. The questions that drive any study
arise from that context and in turn affect the scope and nature of the data
preparation required. Successful analysis requires domain knowledge and an
understanding of the nature and consequences of the issues under study.

¢ Workflow efficiency is valuable. Because data preparation is so time-consuming
and varies from project to project, it is vital to establish and follow procedures that
are efficient. JMP supports every stage of the process.

" Portions of this paper are adapted from my book Preparing Data for Analysis With JMP, SAS Press, 2017.
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¢ Reproducibility contributes to workflow efficiency. Some projects are one-time,
unique tasks, but many occur repeatedly. We need to preserve a complete record
of precisely how analysts transform raw data into the data used.

¢ Your mind is your most valuable analytical software. As powerful and efficient
as JMP is, it cannot determine if you and your team have collected data about
the right variables to answer your questions or whether your models make sense
within the work context. JMP will certainly make data wrangling more efficient,
but you must bring domain knowledge and critical judgment to the process.

Throughout the paper, we'll assume that readers are acquainted with the JMP menu
system and know how to access or create a JMP data table. For coverage of these
essential topics, see the "Discovering JMP” chapter in the JMP Documentation
Library (2019). This paper covers these topics:
¢ Essential database operations.
¢ Detecting and addressing common data hygiene problems.

o Messy data: Incorrect modeling types, inaccurate or obsolete data.

o Outliers and other dubious observations.

o Missing observations.

o Suspicious patterns.

¢ Issues driven by the analytic approach.

o Data requirements for different platforms.

o

Reshaping a data table.

o

Feature engineering: Transformations and data reduction.

Special consideration for time and date data.

(@)

¢ Concluding thoughts.

Essential database operations

Many statistical and analytics projects call for combining data from multiple sources,
selecting columns, filtering rows and other tasks ordinarily requiring database
software. JMP performs such operations via dialogs, without the need to write

SQL code.

In addition to locating all the variables that might be relevant, analysts often confront
the need to reconcile disparities across data sources. Nonstandard abbreviations

or coding schemes, differing representations of times and dates, varying units of
measurement abound. Before all the data can be assembled into a single well-
organized table suitable for analysis, the differences need to be ironed out.



JMP can import data from a large variety of software formats, as well as directly
from the internet or databases. In version 15, beyond reading data from Excel,

SPSS Minitab and other statistical packages, it is easy to import directly from a URL
or from a table within a PDF. In this brief section, we'll pick up at the point where you
may have a few JMP data tables and want to build a data set specifically for your
current project.

If the columns share at least one primary key column, there are three fundamental
approaches available within JMP:

1) Use Tables > Join to perform a standard join operation, selecting the desired
columns and placing them into a new data table or adding them to the
main table.

2) Use Query Builder to do the same. Query Builder supports multiple table joins
and greater flexibility in specifying conditions as you build an SQL query right from
JMP.

3) Designate columns with Link ID or Link Reference column attributes to enable
virtual joins that make columns from a table available to an analysis platform called
upon from a main table. This saves memory and storage by not creating
a third large combined table out of two tables.

Because Query Builder has such extensive functionality, here is a short example
drawn from my 2016 JMP Discovery Summit presentation. The presentation
described a project to understand the variation in the number of Olympic medals
awarded to different countries, using available demographic data from public
sources. The data wrangling required assembling data from four sources.

Data Preparation with JMP®
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Within Query Builder, one chooses the source tables, the columns that link the
various tables, and selects columns for the final data table. After identifying the
tables and specifying the join conditions, one sees a list of open tables, available
columns - each with prefix like t1, t2, etc., to indicate the source table - and basic
information about the columns selected thus far.

Note also that one can specify formats, aggregation criteria, filters and order by
(sort) sequences. JMP provides a preview of the resulting query table. This dialog
composes an SQL query, viewable in the SQL tab, and allows the user to save the
SQL code for future replication and documentation.

Detecting and addressing common
data hygiene problems

Every project is different, and each data set will have its own hygiene challenges.
That said, we can categorize typical issues broadly, and we can use those categories
to anticipate and diagnose problems. Kandel et al. (2011) suggest that the goal

of data preparation is to make data usable, credible and useful. Usable refers

to getting them into a form that is suitable for the intended analysis tools. JMP
analysis platforms require data to be in columns and rows, with proper data types
and modeling types. Credible data are representative of the target process or
population for the purposes of the study. Finally, useful data are necessarily usable
and credible and must also be “responsive to one's inquiry” (272).

These criteria direct attention to questions about whether a data table contains
acceptable columns and rows. Do the variables (columns) adequately capture

the model constructs to serve the current purpose? Do the observations (rows)
suitably represent the subjects being investigated or modeled? If a study is about
organisms, do the rows represent organisms? Was there any systematic bias -
intended or otherwise - in sampling the data? These substantive questions speak
to the analyst's domain knowledge and understanding of the nature of the inquiry.

While Kandel's goals set the stage, data preparation deals in specifics. Kim et al.
(2003) have offered a comprehensive taxonomy of dirty data, including these
common obstacles:

* Messy data or data errors: Are there individual values that are simply incorrect?
Typographical errors are common when data were collected or digitized
manually. Sensors can malfunction and record impossible or implausible values.
Free-form survey data are plagued with inconsistent spelling and abbreviations.
Some such errors may be difficult or impossible to detect at scale, but the initial
investigation should seek them out. Some columns may contain correct values
but carry the wrong data or modeling types.



¢ Outliers: Are there extreme observations that might be erroneous or might
signal an observation that does not come from the target population? Some
continuous distributions are severely skewed and may include extreme values
that are accurate and hence should be retained, but that can potentially distort
a visualization or the results of the planned data analysis.

¢ Missing data: After assembling a data table, one finds empty cells. How prevalent
are they? Do they occur randomly or with meaningful patterns? If a model
requires complete cases for all variables in the model, we can lose entire rows if
there are any gaps across the variables. Might we infer meaning from a blank cell?
Might we sometimes be able to impute or estimate a suitable replacement value
for a blank and thereby retain the observation?

¢ Suspicious patterns: Many studies seek out meaningful patterns across columns
of data. In time series data, we typically investigate patterns across rows. But
sometimes, we find patterns that are suspicious - perhaps too good to be true.
Such patterns are worrisome because they can indicate fraud or human error.
Orel (1968) chronicles the controversial history of Gregor Mendel's pea data;
more recently, there has been considerable attention given to misconduct and
mistakes in medical studies (Adam, 2019).

Imagine downloading price data for a publicly traded stock and finding that
there is no variation at all. Or exploring several columns and finding near-

perfect correlations. Are the columns alternative measures of a single dimension?
Was one column computed from others by the creator of the data table? Some
strong patterns are legitimate, but the analyst may want to flag and investigate
suspicious patterns.

On the hunt for dirty data: Finding and fixing
common problems

Before one can clean a dirty data table, one needs to find the dirt. Veteran JMP
users are probably familiar with several approaches to data exploration to find errors
and unusual observations. In this section, we demonstrate several sensible ways to
start. These examples are intended to be illustrative as opposed to comprehensive,
because the quirks of any individual data table are so varied. This section illustrates
several classic problems and demonstrates JMP platforms that speed the work of
data wrangling.

Messy data

As a first example of messy data, consider the Color Preference Survey data
from the Sample Data Library in JMP. The data table contains responses from
80 individuals, simply inquiring about favorite colors. Responses to the survey
questions are character data, and the first three might be considered numeric,
depending on the planned analysis.

Data Preparation with JMP®
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The modeling type icons in the Columns pane are a good place to begin. Most
of the columns are nominal, which is appropriate, and a few are multiple response
columns. We see that Response ID is coded as continuous. Since it is just a
sequential identifier, it might be better changed to the Ordinal modeling type.
One can do this by right-clicking the icon and making the change right in place.

The next two columns are both time stamps presumably collected by the survey
software, but they have different types and formats. This is also evident in the header
graphs (new in JMP 15) at the top of each column. When we open the Column Info
for both, we see what is going on.

Time Started is numeric, its modeling type is continuous, and it uses one of the
date and time formats. In contrast, Date Submitted is a nominal character variable.
If these columns have no role in any anticipated analysis, these differences are
irrelevant. For any analytic purpose, though, the differences have implications.
Further, if one wanted to compute the amount of time each respondent spent
completing the survey, both columns would need to be numeric to perform

the calculation.



JMP provides several character and date extraction functions that allow for
straightforward conversion of a character string to a data and time column, should
that serve the analyst's purpose.

Another example of messy data in this table is the next-to-last column called What is
your favorite color? This is a free-response question on the survey, and respondents
typed in their favorite colors.

The header graph shows bars representing the frequency of five colors, and notes
that there are 24 more colors named in the column. Closer inspection shows that
two of the colors are Purple and purple. Glancing down the first 14 rows of the
column, we find seven varieties and spellings of blue. A bar chart of the column
would reveal all 29 colors. Again, depending on the goals of an analysis, we might
want to leave these as the users entered them, or convert them all to “Blue.” For
the latter purpose, the Recode platform in the Cols menu is the way to go. Here we
see a Recode dialog in progress, using the Group function to recode specified old
values into new values. Recode provides the option of changing the data in place
or to a new column. Best practices in data wrangling strongly lean in the direction
of conserving the data in its original form and placing revised values in a new
column. In this way, one can always go back.

Data Preparation with JMP®
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Note also the Scripting region of this dialog. JMP will preserve the sequence of
changes made during the recoding, and you can save the script right to the data
table by using a red triangle option. In this way, we have a record of changes made
to the data. This is our first encounter with reproducibility.

Notice also that there are a few entries here that will require the judgment of the
project team or the client. Is “red-orange” a useful color category? Or does it belong
with Red? Or Orange? The software gives us a way to implement the choice, but the
choice is on us.

Outliers

To illustrate the next few common problems, we'll use some data from the World
Bank’s collection of World Development Indicators (WDI). The WDI DataBank
(https://databank.worldbank.org/reports.aspx?source=world-development-
indicators) is a public use database of demographic and economic time series for
the nations of the world. Our data begins in 1990 and includes 27 measures in
addition to country and year identifiers. The table has 32 columns and 6,235 rows
(215 countries x 29 years). The World Bank collates data provided by the nations
themselves to various international agencies. To begin, we'll examine the first several
continuous columns. In a full study, we'd want to investigate all columns individually
or in meaningful groups, but the goal here is to demonstrate the approach and
methodology.


https://databank.worldbank.org/reports.aspx?source=world-development-indicators
https://databank.worldbank.org/reports.aspx?source=world-development-indicators

Before delving into outlier detection, let's briefly deal with another common
messy data issue: reconciling value sequences for an ordinal character variable.
With a curated database like the WDI, data errors are uncommon. However, when
importing the WDI data into JMP, Income Group was assigned a data type of
Character and modeling type of Nominal. While the data type is correct, for most
purposes it is preferable to treat Income Group as ordinal, since the World Bank
classifies countries in four groups from low income to high income. JMP software's
default ordering is alphabetical, but one can specify a Value Order (signified by a
bold asterisk * next to the column name), which is adjusted with the up and down

arrows in the Column Info dialog.
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The shape of this data table is stacked (sometimes called tall or narrow), meaning
that we have repeated observations of each variable stacked sequentially and Year
occupies a column. An alternative arrangement would be split or wide: There would
be a separate column for each variable for each year. In a wide table, for example,
we might have the annual number of airline passengers in 29 distinct columns such
as air_pass_1990, air_pass_1991, and so on.

Above, we see that the header graphs provide a quick view of the shape and range
of continuous columns as well as the levels of categorical columns. The first five
continuous columns are:

e air_pass: number of passengers carried by air transport, both domestic
and international.

* battle_deaths: number of battle-related deaths, combatant and civilian.

¢ broadband: fixed broadband subscriptions per 100 people.

e cell: cellular subscriptions per 100 people.

® co2_kgperPPP: CO2 emissions (kg per purchasing power parity $ of GDP).

The Columns Viewer platform in the Cols menu gives an overview of several
columns at once, and is an efficient way to screen for missing data, outliers and data
type irregularities.

Itis clear at once that there are many missing observations, and for battle_deaths
and broadband, more cells are empty than are present. Knowing that cell is the
number of mobile subscriptions per 100 people, we might question the maximum
value of approximately 328.8.



The high degree of missingness for battle_deaths is good news: During the 29
years of data, most countries had no battle deaths to report. On the other hand, in
a study of climate change, missing data for co2_kgperPPP, a measure of carbon
dioxide emissions, could impede analysis; one might want to ask when the time
series began and whether some regions of the world have been systematically

under-reporting. We'll come back to such missing data questions in the next section.

By clicking on the Distribution button, we open the distribution reports for the
five columns.

All five of the distributions are strongly right-skewed and all have numerous outliers.
This suggests that outliers are to be expected and probably are not, say, data entry
errors. In the fourth histogram, cell, the hover label shows that the oddly high
number of subscriptions per 100 persons was for Macao in 2017. By brushing the
few outliers in the boxplot, we would find that all of these extreme observations
come from Macao and Hong Kong, where cell phone usage is particularly popular.

For many inferential modeling techniques, one might prefer to avoid working
with such strongly skewed data. There are data transformations that can help
ameliorate the issue. For example, taking the natural log of a variable like co2_
kgperPPP creates a quite symmetric variable with far fewer outlying values than
the original column. In a later section, we'll discuss several ways to accomplish
data transformations.

Data Preparation with JMP®
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Beyond visual inspection in the Columns Viewer and Distribution reports, the
Analyze > Screening > Explore Outliers platform can be very helpful in deciding
how to address outlier issues for continuous columns. We'll continue to illustrate
using the same five columns.

Since there are multiple working definitions of “outlier,” JMP offers four basic
approaches to identifying extreme and unusual values. These are fully documented
in Fitting Linear Models within the JMP Documentation Library (2019), found on
the Help menu in JMP. We briefly summarize the distinctions among the four
approaches here, and then illustrate use of the options.

Note that each approach offers several user-controlled options. Here the goal is
to describe the four methods, drawing analogies to familiar contexts. The first two
options use univariate measures on selected columns, and the second two are
intended for multiple columns.

12



¢ Quantile Range Outliers: This method defines outliers as being points lying
beyond a multiple of an interquantile range specified by the user. The default
values are 0.1 and 3, meaning that points more than three times the difference
between the 90th and 10th percentiles are considered outliers.

¢ Robust Fit Outliers: This method computes robust measures of center and
dispersion for the variable. It then defines outliers as those lying more than
K times the robust dispersion measure from the robust center.

¢ Multivariate Robust Outliers: This method and the next method refer to outliers
from multi-column relationships for the columns selected. It calculates the
Mahalanobis distances between each point to the robust center of a multivariate
normal distribution, relative to the estimated correlations. In a bivariate context,
this is akin to looking for points lying “far” from a linear pattern.

¢ Multivariate k-Nearest Neighbor Outliers: Finally, this method takes a
fundamentally different approach. It computes the Euclidean distance of each
individual point from its Kth nearest neighbor, where Kis supplied by the user.
Hence, rather than expressing distance from a center, distance is relative to the
nearest of a subset of points.

Of course, once outlying values have been identified, there is the question of what
should be done, and those judgments require domain knowledge. Depending
on the context and the process by which the data were generated and captured,
the most appropriate approach will vary. In some instances, outliers are caused by
measurement error, instrument failure, or human error in recording or transcribing
the data. In others, outliers are best handled by a variable transformation such as
taking a logarithm.

Here is a typical report after selecting Quantile Range Outliers. The user may
change the tail quantile and multiplier specifications and decide to color outliers
and/or exclude them from further analysis. For this discussion, let's focus on the
bottom of the report.

Data Preparation with JMP®
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Recall that there are more than 6,200 observations in the entire table. air_pass is
the column with the largest number of extreme values, with 62 cells lying beyond
the threshold limits, defined here as less than three times the 10th percentile or
greater than three times the 90th percentile. The first several outlying values are
listed in the last column of the report.

Earlier we investigated the maximum value of the cell subscribers column. In the
boxplot, there were numerous upper tail points more than 1.5 times the interquartile
range. However, by the quantile range criteria used here, there are no outliers at all.
The boxplot uses one widely accepted criterion for identifying outliers. The Explore
Ouitliers platform affords us several alternatives to meet the needs of a project

or organization.

To illustrate the multivariate outlier tools, let's consider two additional columns from
the WDI data table:

¢ gdp_pc: Gross Domestic Product, GDP, per capita (constant 2010 US$,
i.e., adjusted for inflation)

¢ gni_pc: Gross National Income, GNI, per capita (constant 2010 US$)

Both columns measure per capita income, but in different ways. Before exploring
outliers, let's look at a scatterplot of the two columns.

Clearly, there is a strong linear pattern. This makes sense, because both variables
measure different aspects of a single thing. However, it is also clear that some points
depart from the pattern. Let's see how the Multivariate Robust Outliers command
identifies outliers.



Data Preparation with JMP® [

This platform computes a Mahalanobis distance for each point, essentially
measuring how far a point lies from a multivariate distribution. Think of it as
analogous to a residual in this two-dimensional case, except that the distance

is orthogonal to the linear pattern rather than vertical. In the report, we see the
distance for each row in the table. | have changed markers and shapes for those
points with distances that appear to be considerably larger than the rest.

When we now look back at the scatterplot, we see which points stand out.

Most of the highlighted points are near the center of the gdp_pc distribution,
though high in the gni_pc distribution. Though we can inspect the scatterplot and
find such values visually, this platform not only finds them in a systematic way but
offers the option to exclude outliers from further analysis.
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Missing data

With real data, missing observations are very common and can profoundly affect
the analysis in a project. In this section we first consider some useful concepts
about reasons for missing data, then see some more tools to assess the scale of the
missing data problem. Finally, we illustrate four basic approaches to ameliorating
the problem. At the outset, we should note that the specialized missing data
platforms focus on numeric data, but missing categorical data is also potentially
problematic.

What do we mean by missing data, and why is it so important? In the most general
sense, it simply refers to empty cells within a data table. Sometimes we know or can
surmise the reasons that led to empty cells, and sometimes we cannot. Sometimes,
the very fact that an individual case has no value for a given column is informative in
its own right.

q

As an introductory example, consider the “Youth Risk Behavior Surveillance System’
that generated the data found in the JMP Sample Data table titled Health Risk
Survey. This iteration of the survey was taken in 2005, and researchers at the US
Centers for Disease Control and Prevention interviewed nearly 14,000 9th to

12th grade students asking a large number of questions about health and risky
teen behaviors. The most current User’s Guide (CDC, 2018) for this sample data
describes its methodology as follows:

The National Youth Risk Behavior Survey (YRBS) uses a three-stage cluster sample
design to produce a representative sample of 9th through 12th grade students.
The target population consisted of all public, Catholic, and other private school
students in grades 9 through 12. A weighting factor was applied to each student
record to adjust for nonresponse and the oversampling of black and Hispanic
students in the sample.

This description points to two kinds of missingness from the outset: Some target
populations are over- or under-represented due to the sampling method, due to
fact that some people decline to be interviewed, or perhaps due to the fact that
they have stopped attending school. Therefore, there are individuals - entire rows
of the table - absent from the sample whom researchers would have wanted to
include. Additionally, sampled individuals may have elected to skip some questions
while answering others. Why skip a question? Perhaps a student is not sure of an
answer or has forgotten. Perhaps the student simply didn't realize he had skipped
past a question. Or perhaps answering the question would be risky in some way.

Consider this question on the survey: “"Have you carried a weapon to school one or
more times in the past 30 days?” This is a Yes or No closed-choice question. Out of
13,760 respondents, 157 left the question blank. We do not know why an individual
omitted the question, but one might reasonably speculate that a 17-year-old who
had never brought a gun to school would answer “No.”



These kinds of challenges can occur in any type of data collection. Huge data
sets with many columns are infamous for their sparsity - an enormous number

of columns with mostly blank cells. Why is sparsity a challenge? Sometimes it is
about computational inefficiency and storage demands, but for the purposes of
this discussion, there are two big statistical issues when many numeric values are
missing: bias and unknown variability. Missingness affects both the estimator and
standard errors, meaning that inference is jeopardized.

The severity of the problems depends on (1) the amount of missingness relative

to the sample size and (2) the mechanisms giving rise to missingness. Similarly, the
choice of practical responses to missing-data issues also depend on how and why
those pesky blank cells occur in the first place. Even in cases where the reasons for
missingness are well understood, it may not be trivial to select the most appropriate
approach to data preparation and analysis. When the underlying mechanism is

not well understood, it is even more challenging but ultimately up to the analyst

to decide how to proceed. There is no purely statistical rationale that is valid in all
studies, and we have various options depending on the situation.

Little and Rubin differentiate among three types of missing data (2002; Gelman and
Hill, 2006; Penn, 2007; Sterne et al., 2009), which can be understood in the context
of the YRBS example.

* MCAR: Missing Completely at Random. Blank cells occur essentially without any
pattern, and the likelihood of missingness is the same for every case. Observed
values provide no information about the missing values. Missingness does not
depend on any observed data. A data value is missing because of a transcription
or data entry error that might occur for any subject in the study. When it is
justifiable to think that data are MCAR, such as when students are unaware of
skipping past a question, then complete case analysis is likely to be unbiased.

¢ MAR: Missing at Random. The probability that an observation of Y is missing is
a function of observed variables that are completely reported. When data are
MAR then analytic techniques that require complete cases may yield biased
estimates. For example, if it is plausible to assume that students’ propensity to
skip a question about drinking behavior depends on other factors such as age,
we might consider NAs for the drinking question to be MAR.

¢ MNAR: Missing Not at Random. If the pattern of missingness (not the values
themselves, but the fact that they are missing) depends on unobserved data, then
empty cells are missing not at random. In other words, “[e]ven after the observed
data are taken into account, systematic differences remain between the missing
values and the observed values.” (Sterne, et al., 2009, p. 157). If, for example,
the fact that a student engages in a non-reported illegal activity increases the
probability that the student will skip a question about something else, the NAs
would be missing not at random. MNAR data sets generally lead to biased
estimates. Another version of MNAR would be a student who feels so unsafe
at school that he or she doesn't complete the survey.

Data Preparation with JMP®
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In some studies, the very fact that some cells are blank carries meaning. As Sall
(2013) notes, "when you are studying the data to predict if a loan is bad and the
loan applicant leaves his income or his current debts missing, we are probably
better to assume that the applicant is being evasive here for a reason.” This would
be a case of MNAR - missing not at random. Rather than omit the case or attempt
to estimate a plausible income value, we might create a code to indicate that a
value is missing and include the case within the analysis.

There are several ways to work around missing data, but the mechanisms that give

rise to the blanks in a data set must be understood before undertaking to “fill in the
blanks” as it were. Before discussing workarounds, let's examine ways to detect the
severity of the problem.

We already know that the Columns Viewer platform counts the number of missing
cells in a column, and we have other platforms that go much further. Just below
Explore Outliers on the Analyze > Screening menu is the Explore Missing platform.
To begin illustrating this feature, let's return to the WDI data and continue to look at
four WDIs related to income. Earlier we examined inflation-adjusted, constant-dollar
GDP and GNI per capita. We now add two more columns:

e gdp_pc_lcu: GDP per capita (constant local currency)

e gni_pc_lcu: GNI per capita (constant local currency)

The initial Missing Value Report just shows the count of empty cells in the
four columns.



The platform includes five more commands, two of which visualize the multivariate
patterns of missingness, and three impute (infer) plausible values to fill empty
cells. We'll come back to imputation after considering the Missing Values
Clustering command.

Clustering generates a dendrogram, which is a hierarchical graph of missing
observations by column and row, and a cell plot. Blue areas show where
observations are present and red indicates missing observations. The idea in this
plot is to detect groups of columns with similar patterns of blank cells. When you
hover over one of the cells in the cell plot, a hover label lists the rows represented.
Iltis particularly valuable if we decide to use one of the automated imputation listed
among the commands. These are discussed later.

The Tables > Missing Data Pattern platform generates a data table related to the
dendrogram, with the additional advantage of including the frequency of each
pattern. If we think of the cell plot as a stack of 11 rows of four colored squares,

we see that the fourth row from the bottom is entirely blue. In other words, there are
some number of rows in the WDI data table that have a complete set of rows for the
four income variables. How many? We cannot tell from the cell plot, but the Missing
Data Pattern table provides the detail.

Data Preparation with JMP®
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We see that 3,628 rows are complete, and only 551 are missing all four variables.
The Patterns column indicates how many columns are missing, and which of the
four has blank cells. This can be very useful, for example, in choosing columns to
include in a multivariate model.

Strategies for dealing with missing data

There are four basic approaches to the problem, and there is no single strategy that
dominates all others. The best approach depends on the goals of the project, the
data types involved and the domain knowledge of the analyst.

Some statistical methods require complete cases (rows) of data to produce
estimates. For example, linear regression models need values of the response
variable and all factors for every row in a data table. Suppose we want to build a
model to estimate Y from three X variables. If X3 is missing for one subject and X2 is
missing for another, then both subjects are dropped from the analysis, which is likely
to bias the results except under certain restrictive assumptions.

In a study where data are being combined from several sources, the consequences
of missing data may be different for the ultimate user of the data than for the
original constructor of the database (Rubin, 1996). Depending on the study

goals, the analyst may be able to sidestep some missing values or use an analytic
technique that does not require complete cases. She may be able to impute values
to fill in blank cells or use a technique that treats missingness as informative.

Little and Rubin (2002, pp. 19-20) propose four categories of missing-data
strategies, and JMP implements all four.

1. Procedures based on completely recorded units. If there are relatively few missing
observations, use case-wise deletion and forge ahead. Similarly, if a variable has
mostly missing values, omit it from the analysis. This is an acceptable strategy
if the missing cases are rare and if one can reasonably assume that cases are
missing completely at random. Many analysis platforms drop cases with missing
data automatically.
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2. Weighting procedures. This is common with survey data where population
subgroups appear in the sample disproportionately to their occurrence in the
population. Many platforms in JMP anticipate the use of sampling weights, which
are often supplied with public-use survey data.

3. Imputation-based procedures. There are several methods described below that
fillin blank cells with plausible estimates, and then the analyst applies methods
that require complete cases. JMP offers several of the available methods
for imputation.

4. Model-based procedures. These approaches involve modeling using the
observed data, applying maximum likelihood methods for estimation of
parameters and variability.

Because the focus of this paper is wrangling the available data to prepare it for
traditional analysis, we'll deal only with imputation-based procedures.

Imputation concepts and tools

When there are too many missing cells to ignore, it may be possible to use
educated estimates of those values so that we have complete cases to work with.
The methods used to construct plausible replacement values are known collectively
as imputation methods. In this section we look at examples of these approaches to
“filling in the blanks.”

A word of caution is important here: JMP will make the requisite calculations and
replacements but will not make judgments about whether a particular method

is logically, theoretically or practically justified in a given study. That responsibility
belongs to the analyst, who must have sufficient domain knowledge to make the
choice. Imputation has substantial consequences for model-building, and analysis
and should be approached with eyes wide open.

Earlier we mentioned the Health Risk Survey example, when we might logically infer
that a missing answer to a delicate question could be "Yes.” As another example, we
turn to the Aircraft Incidents sample data table. The data provide information about
1,906 US domestic aircraft accidents or other safety-related incidents (e.g., smoke

in the cockpit) in 2001. By far, most rows represent accidents. Two of the columns
are Injury Severity and Total Fatal Injuries. There are 1,551 missing cells in the Total
Fatal Injuries column and none in the Injury Severity column. Inspection shows

that only flights with fatalities have a value in the second column, and the rest are
missing. Clearly it makes sense to replace the blanks with 0’s in this column.
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The Explore Missing Values platform provides three imputation methods, very
briefly summarized here. They all require continuous variables. All three methods
presume that any missing values are missing at random, and each uses data from
other specified columns and rows to estimate the missing values. We illustrate here
using the four income columns from the WDI data.

¢ Multivariate Normal Imputation: User selects a group of columns, and missing
cells are populated with least squares estimates using data from the same row.
This method changes the current table in memory, and reports on the results.
After inspecting the imputed values for reasonableness, one can undo the
operation or save the data table under a new name.

¢ Multivariate SVD Imputation: When a data table has more columns than rows,
it may be advisable to use an imputation method that relies on singular value
decomposition (SVD). Initially, missing values are replaced with column means,
and then SVD transforms the data matrix as an iterative series of rotations
and rescaling.

¢ Automated Data Imputation (JMP Pro Only): This method is an extension
of multivariate SVD, and uses an approximation method known as matrix
completion. The user can set some parameters of the algorithm and can
choose among options for saving the new imputed data values.
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Special Considerations for Time Series

These imputation methods may not be appropriate for time series data. If a time
series is stationary, exhibiting only random variation, then it might make sense to
use a column average or to model the data based on other columns. However,

if the series exhibits cyclical movement or a strong trend, then one might turn to
the Time Series and Time Series Forecasts platforms. As a simple example, look
at primary school enrollments in Rwanda between 1990 and 2017. The series was
interrupted, presumably due to the civil war and genocide in the early 1990s, and
we are missing data for four years.

The black horizontal line is the mean value, which would be a poor estimate for
the missing years. Here are the results of an autoregressive model (AR(2,1)). We
see the fitted model and confidence region, and one may save the estimated

values to the data table, including interpolated values for the four missing years.
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Patterns

Consider a process that is continuously monitored by automatic sensors in which
a sensor fails and records a consecutive series of identical values. Or a data set
entered by hand, in which columns are transposed or some rows repeated.

The Explore Patterns utility performs several different quality checks looking for
suspicious patterns like duplicated values within a column, a long run of identical
values, or patterns across columns (e.g., replicated values or linear relationships).

To illustrate, consider the variable battle_deaths in the WDI data. The default
Explore Patterns report for that single column summarizes repeated values and
where they occur.

One might expect that the chaos of war would result in randomly varying numbers
of fatalities in a country. If a government were able to accurately account for deaths,
it would be surprising to find precisely the same number of battle-related fatalities
in several years, let alone consecutive years. And yet, this report shows that the
numbers 25 and 50 appear quite often in the data, and that there is a run of three
years in which a country reported 50 deaths. Using a red triangle option, we can
select that run, reported by Ethiopia for 2002 through 2004. The human cost of
conflict in that country since 1990 has been horrifying and highly variable. Scanning
the data table, it is clear that further investigation is warranted to determine what
happened in 2001.
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Data requirements driven by analytic approach

The analysis plan for a project should influence the data management and
preparation activities. Modeling methodologies have their own requirements for
the organization of a data table, for units of analysis and for data types. As a simple
and familiar example, models built on paired observations will expect to find data
pairs in separate columns.

Hence, one needs to be constantly mindful of the stages to follow when preparing
a set of data for analysis. Data preparation happens within the context of the full
investigative cycle for a reason, and that goes beyond variable selection. The shape
of the table must match the analytic goals, and data types and modeling types
must be suitable. For explanatory and predictive models, we may need to engineer
features from raw data and may want to manage the dimensionality of a table.

Data Preparation with JMP®

25



SAS White Paper

What shape is a data table?

Earlier, when first examining the WDI data table, we briefly discussed the shape of a
data table as being either wide or long/narrow in format. Perhaps the most common
reason for arranging data into a wide format is that we are working with longitudinal
or repeated measures data. Some analysis platforms may require that each repeated
measurement be treated as a variable (see, e.g., Grace-Martin, 2015, or SAS, 2019).
For some procedures, JMP can analyze data from a repeated measures design in
either wide or long format, as discussed in SAS 2016b. Because repeated measured
of the same subject or observational unit are likely to be correlated with one
another, they are better treated as multiple variables rather than a single variable.

When the analytical goal involves explicitly viewing time as a factor or predictor, as
in time-series modeling or visualization, then a long format might be more suitable.
For example, a data table should be long to use the Time dimension in the JMP
Bubble Plot platform.

The Tables menu provides two platforms - Stack and Split - to rearrange data from
wide to long and vice versa. Without getting lost in the details of performing these
operations, let's look at the implications of shape and also take the opportunity to
see how JMP facilitates reproducibility of complex wrangling operations.

Stacking wide data

Wainer and Lysen (2009) report on a noteworthy historical example dating to 1951
when “famous graphic designer Will Burtin (1908-1972) published a graphic display
that was admired for the clarity and economy with which it showed the efficacy of
three antibiotics on 16 different kinds of bacteria. The dependent variable was the
minimum concentration of the drug required to prevent the growth of the bacteria
in vitro - the minimum inhibitory concentration (MIC)."

Burtin's intention was to clearly communicate the comparative efficacy of the three
antibiotics - penicillin, streptomycin and neomycin - in inhibiting the growth of each
specific bacterium. Burtin's data table is included in the JMP Sample Data Library as
Antibiotic MICs.

26



The 16 bacteria are in the rows, and the columns contain the genus and species
for each, as well as three variables representing the MICs for each of the three
antibiotics. Finally, the sixth column indicates whether “the bacteria in question
take up Gram stain or not (The stain is named after its inventor, Hans Christian
Gram [1853-1938])." An inspection of the data makes clear that the MICs span
several orders of magnitude. The widely differing scales pose a challenge for
graphing, and we'll take that up shortly.

The wide layout served Burtin's purpose of comparing the quantity of each
treatment to manage each species. However, for other types of analysis or
visualization, a long (stacked) format is preferable. In fact, this data table includes a
saved script (see the circled green arrow item in the Tables panel) as well as a usage
note in the Data Description Table Variable. The description reads as follows:

First, stack the MIC columns (run the script). Then, create a new column and take
the Log(MIC).

Background: In the fall of 1951 Burtin published a graph showing the
performance of the three most popular antibiotics on 16 different bacteria.

The response, the minimum inhibitory concentration (MIC), represents the
concentration of antibiotic required to prevent growth in vitro. The covariate
“gram” describes the reaction of the bacteria to Gram staining.

This data table has 16 rows and six columns (a 16x6 matrix). The creator of this data
table used the Stack platform to create a long data table, which turns out to be 48x5,
and hence larger. Rather than saving two data tables, they used a red triangle option
to save the script for the stacking operation within the original data table. Every JMP
dialog generates a JMP Scripting Language (JSL) script consisting of code that,
when executed, will perform the desired operation. When you run a JMP platform,
the resulting report, graph or data table has a red triangle menu that includes an
option to save the script, and one can easily save the script as a table variable in the
originating table. To regenerate the long table, one clicks the green arrow next to
the script title, in this case Stack MICs, to produce the data table.

Data Preparation with JMP®
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This table creator took the additional step of documenting the wrangling steps for
a reader by providing a data description note. The future reader could be another
team member, or it could be the initial wrangler returning to the data in the future.
This is a good illustration of the practice of "being kind to your future self”

Feature engineering: Common issues and appropriate strategies

In machine learning, practitioners speak about featurization or feature engineering,
the process of transforming available data into more useful factors to train a model.
The key drivers in deciding how to transform the data in a table are characteristics
of the data (outliers, skewness, missingness, high-dimensionality and so on) and
the plan for analyzing the data. For example, skewness is problematic for traditional
inference methods based on assumptions of normality, but it is not necessarily
troublesome with other techniques. For other modeling methods, the comparative
scale of model variables is an important consideration. Distance-based methods
like k-means clustering or k-nearest neighbors aim to gather observations that are
proximate in multidimensional space. When applying such techniques, it is often
advisable to express variables in a standard scale like z-scores.
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We can define four general types of data characteristics that lead us to transform a
variable; these are summarized in the table below. JMP provides all the solutions
listed in the table, sometimes in multiple ways and within multiple platforms. The
listis long, and it is beyond the scope of this paper to cover all the issues, but in
this section, we highlight a few that might be unfamiliar to many readers.

Category Common Problems Common Solutions

Distribution of observations

Binning, nominal
discretization, smoothing
(for time series)

Noisy data: high degree of
variation in continuous data

Functional transformation

Skewness or outliers ) i
(e.g., logarithmic)

Scale differences among

variables to be used Standardization

Too many levels in a categorical

. R i | i
variable ecoding, clustering

High dimensionality: Abundance of columns

Drop columns, principal
Correlated or redundant components analysis
variables (PCA), singular value
decomposition (SVD)

Sparsity (many Os) or missing

. PCA, SVD
observations across columns
Abundance of rows
Table partitioning for training, Create validation column,
validation and testing subset

Aggregation by strata,

Variety of observational units - :
cluster or time period

Date and time-related issues

Inconsistent date or time data Date functions
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Distribution of observations

In some situations, we want to tame either the shape or the variability of one or
more variables. We have already touched on functional transformations to address
outliers or highly skewed data. With continuous data, the red triangle Save options
include several alternatives to discretize, rescale or center a variable.

We've seen a logarithmic transformation applied to a right-skewed distribution.
One can create a new transformed variable as a new column in a data table, or
temporarily right within a platform so that transformations can be explored within
one's workflow with minimal disruption. There are many functions available as
temporary local transformations, visible by right-clicking a continuous column
name in Graph Builder, for example. These local transformations allow for rapid
exploration during analysis, without having to step back and create a new column
before knowing whether the transformation will be useful.
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High dimensionality: Abundance of columns

Traditionally, statistical analysts sought more data rather than less. In the current era,
we are often confronted with more variables and more observations than needed.
In this section, we consider a few strategies to overcome the embarrassment of
riches that can arise from the plethora of data now available. Recall the WDI data
table with four different measures of per capita income. If one wants to build

a model thatincludes an income feature, some of the columns are probably
superfluous. One strategy is just to select the single column that is most informative
for the modeling task.

On the other hand, we know that all four columns have missing observations.
Principal components analysis (PCA) is a technique to extract information content
from multiple columns, distilling the information into perhaps one or two columns
with complete observations. PCA creates a relatively small number of separate linear
combinations of several numeric variables in a way that captures as much of the
variation in the original variables as possible. An appealing characteristic of PCA

is that it can create usable components even in the presence of missing data or
columns with sparse data.

A full treatment of PCA is well beyond the scope of this white paper, but here is a
highly condensed introduction. Interested readers should consult the Multivariate
Methods portion of the JMP Documentation Library.

Data Preparation with JMP®
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Conceptually, given a set of m variables whose combined total variation is V, PCA
creates a set of m weighted linear combinations of the variables. The first principal
component is that linear combination whose variance is the maximum of all possible
combinations, capturing as much of the joint variability as possible. From there, the
algorithm finds a second component that is orthogonal to the first and therefore
uncorrelated with the first and that captures the maximum amount of remaining
variation. This process continues through all m components.

In the simplest case, if there were just two correlated columns under consideration,
the goal of PCA is to combine them in such a way that the first principal component
captures most of their combined variability and therefore we can build a model
using either the first component rather than two variables, or that we can use two
uncorrelated principal components and (in the context of linear regression) bypass
the issue of multicollinearity.

High dimensionality: Abundance of rows

[t may seem counterintuitive to suggest that there are times when we might want to
reduce our sample size. Particularly with data mining or machine learning projects or
with studies that use data sets with large numbers of observations, there are at least
three scenarios in which it may be advantageous or desirable to build models with
fewer rather than more rows:

¢ In general, we don't want to develop hypotheses and then test them with the
same data. When we have the luxury of an enormous number of observations,
we can productively use part of the data for model-building, and then validate
the models with a holdout sample. A standard practice in data mining is to divide
a body of data into training and test subsamples. In JMP, we can easily partition a
large sample for exploration, modeling and validation by creating a new two- or
three-level dummy validation column. Many analysis platforms support the use
of a validation column.

¢ If the observational unitis at a finer level than the modeling task demands, or
if we have data from multiple sources that use different observational units, we
may want to aggregate rows in some fashion. For example, we might find some
city-level data when we want county- or state-level data, or we have repeated
measures that we want to combine for each individual. The Tables menu and
Analyze > Tabulate provide the necessary functionality.

¢ When building models to predict rare events, we may want to over-sample the
rare event and under-sample others. Hence, we might randomly suppress rows
corresponding to the unusual target values using row selection options in the
Rows menu.



Date and time-related issues

In JMP, as in other software, times and dates are stored internally as numbers, but
may be displayed in a variety of more recognizable forms. JMP stores date-based
data internally as the number of seconds elapsed since Jan. 1, 1904, and provides
numerous formatting options as well as date and time functions to carry out the
special operations demanded by date data. Here again, JMP anticipates these
needs, and Column Info and Formula provide much of the functionality. In addition,
all analysis launch windows include temporary row functions.

Among the special issues for time and date data are these:

e Although time is continuous, ordinary arithmetic operations don't apply.

* JMP uses the 1904 bases, but not all programs do the same. For example, some
versions of Excel use 1904, while others use 1900 as the starting point. IBM SPSS
uses Oct. 14, 1582, and UNIX systems use Jan. 1, 1970. For projects drawing data
from various originating sources, it could be necessary to take these differences
into account.

¢ Sometimes, we may want to extract a part of a timestamp, for example the day
of the week from a date, or just the hour from a time.

¢ Similarly, we might want to aggregate rows across time, which could require
extraction of, say, the year from dates expressed as mm/dd/yyyy.

e For observations that have a time associated with them, sometimes we might
be less interested in a specific observation than in its change from a prior
value or in the prior value itself. This is easily accomplished with Differences
and Lags.
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Some date functions: Extracting parts

JMP has numerous functions for working with time-related columns, particularly
with respect to isolating portions of a time stamp. When analyzing stock price data,
one might want to focus on the month or quarter of a date. In another setting, one
might be interested in the hour of the day, or day of the week.

As a simple illustration, consider a stock price data table of daily prices that we want
to aggregate into weekly averages. Part of that process is converting a date into a
year plus week number format. I've done just that by creating a new column called
YearWeek, which is computed from the Date column, and illustrates one of the
many ways that date functions can be used.

Concluding thoughts

Data preparation is an essential and critical part of any project. It requires an
understanding of an organization's needs as well as statistical methodologies. With
the proper understanding and tools, one can wrangle data efficiently, at scale, and
within the iterative flow of a project. JMP anticipates a wide range of common data
wrangling needs and situations, and it permits users to clean and regularize dirty
data with ease. Rather than needing multiple software services to perform extract-
transform-load (ETL) operations, one can accomplish all of the entire ETL process
seamlessly within the analytic workflow. Moreover, the JMP environment can record
and document every aspect of data wrangling so that there are reproducible audit
trails. Users stay within the single software environment throughout.
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