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TOPICS

• Dimension Reduction
• Recoding
• Disproportionate Sampling
• Confusion Matrix and Cutoff Values
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Missing data (or missing values) occur when a value for a variable 
is not available for an observation. Understanding why values are 
missing is important and can lead to different strategies for 
dealing with the missingness. Data may be missing at random
within a variable, or missing completely at random across 
variables. In these cases, analyses may not be seriously impacted 
by the missingness unless a large number of observations have 
missing values. However, values that are missing not at random
are cause for concern. This occurs, for example, when a question 
on a survey is purposefully skipped or when sensitive information 
is omitted, potentially leading to biased analyses or incorrect 
conclusions. 

Common Problems with Data

Draft Chapter 3, Working with Data, Building Better Models with JMP Pro (SAS), 2015.
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Dirty or messy data are data that are inaccurate, have errors or 
typos, or are not complete. Data may be incorrectly coded, have 
inconsistent capitalization, abbreviations and spacing. Records may 
be duplicated, or variables may be redundant or highly correlated. 
For categorical variables, there may be an overwhelming number of 
categories, some of which have few values. Continuous data may be 
highly skewed or multi‐modal, and can have extreme observations 
or clumps of observations. 

Draft Chapter 3, Working with Data, Building Better Models with JMP Pro (SAS), 2015.



Other Modeling Considerations| Jim Grayson, PhD

5

Draft Chapter 3, Working with Data, Building Better Models with JMP Pro (SAS), 2015.

Incomplete data can relate to missing variables or not having 
enough data to perform an analysis. If critical variables are 
missing, the predictive model will most likely not perform 
well. If there aren’t enough observations, it may not be 
possible to estimate important model parameters and the 
model predictions may not be very precise. 
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Draft Chapter 3, Working with Data, Building Better Models with JMP Pro (SAS), 2015.

A flip side of this is extremely large data sets in terms of many 
variables or many observations. While this isn’t a shortcoming of 
the data or a data quality issue per se, it can pose a challenge for 
modeling. Having too many variables can be problematic when the 
variables are correlated with one another, are redundant, or don’t 
provide any useful information about the response. However, 
variable reduction methods can be applied, and “modern” modeling 
techniques are effective in dealing with a large number of 
observations and predictors. 
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Incorrectly formatted data are data in the wrong form or format 
for analysis. This can apply to the data table as a whole, or to the 
formatting of variables in the data table. For example, data might 
be stored in separate columns while an analysis requires data 
stacked in one column. Or individual variables in JMP might have 
the incorrect modeling type. Since the modeling type drives the 
analysis in JMP, having an incorrect modeling type may lead to the 
wrong analysis. Another issue relates to dates and times: Columns 
containing date or time measurements need to be formatted as 
date or time variables (in Column Info) in order to perform 
calculations, such as elapsed time. 

Draft Chapter 3, Working with Data, Building Better Models with JMP Pro (SAS), 2015.
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When a continuous variable has missing values, imputation is 
often used to replace the missing values with substituted values. 
Imputation in JMP Pro is available from the Explore Missing 
Values option under Cols > Modeling Utilities, and from many 
modeling platforms.

Draft Chapter 3, Working with Data, Building Better Models with JMP Pro (SAS), 2015.
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Informative Missing is another approach for handling missing 
values. How the missing values are handled depends on whether 
the variables are continuous or categorical. For continuous 
variables, the model will include the original variable with the 
mean value imputed for missing values and a second variable 
indicating whether the value is missing or not. For categorical 
variables, an additional level will be included that indicates that 
the value for the variable is missing. You could create these 
columns yourself using recoding and the formula editor, but JMP 
platforms with the option for informative missing do this 
automatically.

Draft Chapter 3, Working with Data, Building Better Models with JMP Pro (SAS), 2015.



CELL CLASSIFICATION DATA
UCI Machine Learning Repository

Breast Cancer Wisconsin (Diagnostic) Data Set
http://archive.ics.uci.edu/ml/datasets/Breast+Cancer+Wisconsin+%28Diagnostic%29

JMP Whitepaper
http://www.jmp.com/en_gb/whitepapers/classification-breast-cancer-cells-using-jmp.html
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11We use a publicly available data set, obtained from a study conducted at the University 
of Wisconsin [Mangasarian, Street, Wolberg]. The data set contains a total of 569 
records, of which 357 tumors are benign and 212 are malignant. Each tumor contained 
multiple cells, and image analysis was used to determine the following ten features for 
each cell:  

• Radius: Mean of distances from the center to points on the perimeter
• Texture: Standard deviation of gray-scale values
• Perimeter: Perimeter of the cell nucleus
• Area: Area of the cell nucleus
• Smoothness: Local variation in radius lengths
• Compactness: Perimeter2/area 
• Concavity: Severity of concave portions of the contour
• Concave Points: Number of concave portions of the contour
• Symmetry: Symmetry of the cell nucleus
• Fractal dimension: Regularity of the boundary (the contour) of the 

nucleus



DIMENSION REDUCTION
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An estimate can be unstable if 
highly correlated with other 
variables or there are more 
parameters in the model than 
can be predicted with the data 
and zeroed if the variable is a 
linear combination of other 
explanatory variables
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PRINCIPAL COMPONENT ANALYSIS
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JMP Book:  Multivariate Methods
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Mean Area
Max Concavity
SE Fractal Dim
Mean Smoothness
Mean Texture
SE Symmetry
Max Concave Points
Max Area
Max Texture
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=3/57=5.3%



REDUCING CATEGORIES / COMBINING 
CATEGORIES
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German Credit Case
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Column > Recode



DISPROPORTIONATE SAMPLING
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In certain situations there are a disproportionate number of “yes” 
responses to “no” responses when the response we want to model is a 
“yes”.  (For example, see this blog post)

http://blogs.sas.com/content/jmp/2011/07/13/sampling-data-to-build-validate-and-test-predictive-models-when-target-event-occurs-infrequently/
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When building models to predict a binary outcome variable, such 
as respond or not respond, the proportion in the desired category 
(respond) may be low. For example, in direct mail campaigns the 
response rate is often 1% or lower. In such cases, a predictive 
model is likely to learn how to predict the frequent outcome very 
well and the non-frequent outcome poorly.

There are various ways of ensuring better prediction of the non-
frequent class, such as assigning higher weights to the infrequent 
events; stratified sampling to include a higher ratio of target events 
in the model building, selection and testing samples than would 
occur at random; or assigning different profit/costs associated with 
the different correct and incorrect predictions.
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Suppose we want to predict customers who might default on a loan 
(based on a 2012 JMP Building Better Models presentation).  The 
response variable shown is DefaultRisk with Good meaning the 
customer is a good risk and Bad meaning the customer is likely to 
default.  As you can see there are 45,000 Good and 1500 Bad.
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Step 1
Tables > Subset

• Select Random – sample size 
(enter number of “positives” – in this case 1500)
• Check Stratify
• Select the target “column” (response column 
– in this case DefaultRisk)
• Keep all other default values
• OK
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Step 2

Verify the new data table (subset of 
original data table) has twice the 
number of responses as the “random 
sample size” – in this case, 3000.
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Step 2 - continued

Create validation column in the 
new subset tables with desired mix 
for training and validation (or 
training, validation and test).
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Step 3 -

Develop 
model or 
models, and 
assess model 
performance
.



CUT OFF VALUES
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Riding Mowers
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Can copy/paste into EXCEL or
File > Save as > EXCEL
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=IF(AND($G8=$I$6,$C8=$I$6),1,0)

=IF(AND($G8=$I$6,$C8<>$I$6),1,0)

=IF(AND($G8=$K$6,$C8=$K$6),1,0)

=IF(AND($G8=$K$6,$C8<>$K$6),1,0)

TP

FP

TN

FN
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