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Introduction

Predictive modeling or biomarker discovery with modern genomics data is a popular
activity and is a critical component in delivering on the promise of the underlying
technologies. In addition to producing predictions of important binary, continuous, or
time-to-event traits, the methods can provide understanding of the scientific
mechanisms at play. Ideally, a small set of predictors can be gleaned from a much
larger set comprised of genotypes, expressed genes, small molecules, and/or other
clinical indicators and then used to predict endpoints like disease state with a high
degree of accuracy and in an interpretable fashion. In practice, there are many
difficulties and pitfalls that must be overcome to ensure that biomarkers from genomic
studies are selected in an unbiased manner. Reproduction of published biomarker
signatures has often been problematic, likely as a result of inconsistencies, overfitting,
and bias both in modeling methodology and the software used to implement it.

The MicroArray Quality Control (MAQC) consortium recently published
recommendations for best practices for predictive modeling with expression data. In a
series of papers that appeared in Nature Biotechnology and The Pharmacogenomics
Journal, MAQC authors compared results from numerous data analysis teams that used
diverse software and approaches to assess the same six data sets. The consortium
observed significant variation in performance across the various endpoints considered,
the predictive models used, and the teams deploying them.

While no predictive modeling software can comprehensively and completely automate
your biomarker discovery projects, the processes available in JIMP Genomics allow you
to select from a wide variety of methods, clearly define the parameters used in each
model, and compare them rigorously via several common performance metrics. In this
document, we will demonstrate the application of a number of these predictive modeling
tools in a step-by-step case study. We will use the GSE20194 breast cancer data sets
which are featured in MAQC Phase Il publications and can be obtained from Gene
Expression Omnibus.

Data Set Characteristics

GSE20194 consists of two independent Affymetrix HG-U133A data sets, one with 130
samples and the second with 100 samples. Each set of Affymetrix CEL files is imported
separately into a SAS data set using standard RMA parameters. (See the Data Import
document for details importing CEL files.) No subsequent filtering or normalization steps
are performed.
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Data Set Preparation

The imported data consists of a tall data set with probe identifiers and intensities in rows
and samples in columns, and a separate design data set with sample information. While
the tall form is convenient for quality control, normalization, and row-by-row modeling, a
wide form is preferred for predictive modeling. To go from tall to wide forms, the tall data
is transposed into a wide data set and joined with the sample information in the design
data set. Additionally, when working with separate training and test sets, the dependent
variable (endpoint) and expression predictors must have the same variable names in
both data sets. For categorical dependent variables, category levels must also be
named consistently across the two data sets.

Before combining intensity and design information, it is recommended that you have a
relatively short length for the name of the dependent variable in the design table. There
are length constraints in the software that require dependent variable names to be less

than 15 characters. If your dependent variable name is longer than this, please shorten
it before proceeding.

1. Select Predictive Modeling > Predictive Modeling Utilities > Transpose Tall
and Wide from the Genomics Starter.

{5 Transpose Tall and Wide - JMP ==
File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View Window
Help

Description

Transpose Tall and Wide (code name DataTranspose) ransposes a SAS data set More...

Tall -» Wide Wide -> Tall

Input Tall Data Set
C:\Users\dorobi\Documents\GSE20194 breast canceritraining
files\training_design_data.sas7bdat

Available Variables Variables Defining Wide Column Names
Unit G Probe_Set_ID L
Probe_Set_ID |
GSM505366
GSM505464
GSM505367
GSM505351
GSM505331
GSM505349
GSM505365
GSM505460
Plreﬂx for Wide Column Names
pr.

| Choose || Open | £

Design Data Set
C \Users\dorobi\Documents\GSE20194 breast canceritraining ‘

Choose || __ Open | \

files\training_design.sas7bdat

Output Wide Data Set

| wide_training

* Qutput Folder

IC.\Users\dombl\Documenis\GSEZM94 breast canceritraining files\ | Choose | Il | Open | ‘

* Required Parameter

| Run || Save.. || Load.. || Apply |[SetasDefault|| Reset ||UserGuide|| Cancel
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e Fill out the Transpose Tall and Wide Analytical Process (AP) dialog as
shown below (note path names will be specific to your computer and not
exactly as shown below).

{5 Transpose Tall and Wide - JMP [E=EIEl )
File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View Window
Help

Description

Transpose Tall and Wide (code name DataTranspose) transposes a SAS data set More...
Tall -> Wide I Wide - Tall

Input Tall Data Set
C:\Users\dorobi\Documents\GSE20194 breast canceritraining | Choose H Open
files\training_design_data.sas7bdat S
Available Variables Variables Defining Wide Column Names
Unit + [ > ||Prove_set D 2
Probe_Set_ID =
GSM505366
GSM505464
GSM505367
GSM505351
GSM505331
GSM505349
GSM505365
GSM505460
Prefix for Wide Column Names
| pr_ | 2
b Design Data Set
C:\Users\dorobi\Documents\GSE20194 breast canceritraining ‘] Choose || Open | H
files\training_design.sas7bdat -
Output Wide Data Set
| wide_training | 2
* Qutput Folder
C:\Users\dorobi\Documents\GSE20194 breast canceritraining files\ “ Choose H Open ‘ ?

* Required Parameter

| Run H Save... H Load... H Apply HSetasDefaultH Reset HUserGuideH Cancel ‘

e The Variables Defining Wide Column Names field should contain the probe
set identifier. If the identifier is not unique for each row in the tall data set, a
second identifier (e.g., row number) must be included to create unique
column names.

e The Prefix for Wide Column Names field should contain a character prefix.
In this case we are using pr_ to denote probe. The prefix placed in this field
should have as few characters as possible and not be the same as the
beginning of any other variable name in the design table. As you will see,
including this prefix provides the option to use list-style specification fields as
a shorthand way to identify groups of predictors.

2. Click Run to start the process and wait until a SAS Message window displays the
output file name and file path, as shown below.
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£5 Results: DataTranspose - JMP [E=SNEE
File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View Window
Help

Slagd G @ Ri?22@ N PA+MSO O

4 Output SAS Data Sets

Process DataTranspose has generated the SAS data set(s) shown
below. You can view them using SAS labels by checking the box below,
otherwise SAS names are used. The checkbox is ignored if only viewing a
subset

V| Use SAS labels for JIMP column names

Wide data from DataTranspose| Qpen ‘

C:\Users\dorobi\Documents\GSE20194 breast cancentraining files\wide_training.sas7bdat

130 obs, 22309 variables

“Reopen Dialog|

Close This Window and Associated
Graphics and Results Tables

The number of observations is the number of rows in the newly created wide
data set; this equals the number of samples/individuals in the data. The number
of variables is the number of columns, which are comprised of probe-level gene
expression data plus all of the design file columns. Here we have over 22,000
gene expression measurements to predict only 130 outcomes. Overfitting the
data is a very serious risk and care must be taken at each analysis step to avoid
it.

Predictive modeling in JMP Genomics is not limited just to one kind of genomic
data, such as gene expression measurements. If other data, such as genotypes,
are available on the same individuals, you can include them as additional
predictors. You can join wide tables by using the Data Set Utilities > Tables >
Merge function. Refer to the JIMP Genomics User Guide for details on the use of
the Merge process.

Cross Validation Set-up

There are two primary steps in setting up a cross validation predictive model
comparison. The first is creating settings for the models to be cross validated and
second is selecting the hold out method.

Before proceeding, create a new folder in which to store the settings you will
create. When running predictive modeling in JMP Genomics, you may run the
same processes multiple times, creating new files and overwriting older copies.
Creating and using a defined settings folder ensures that you always have the
original settings used in all runs of all processes. Also, create a new output folder
for the predictive modeling results.
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There are a number of predictive modeling algorithms available in JIMP Genomics and
each offers a variety of different options. We will cover some commonly used methods
and options in this document, but this is not meant to be a comprehensive overview of
all processes. Refer to the Predictive Modeling chapter of the IMP Genomics User
Guide for more information.

1. From the Genomics Start Menu, select Predictive Modeling > Main Methods
> Radial Basis Machine.

[5] Radial Basis Machine - JMP =SS
File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View Window
Help

Description
Radial Basis Machine is a kernel method that uses radial basis functions to More..

General | Predictor Reduction 1 Predictor Reduction 2 l Analysis | Genetic Algorithm I Options

Input Data Set
C:\Users\dorobi\Documents\GSE20194 breast canceritraining ‘{ Choose |[ Open | 2
files\wide_training.sas7bdat e

Available Variables * Dependent Variable

Array T ‘ ER_status

Array_name

Predictor Continuous Variables

Title (

Sample_name (s ‘

Patient_ID

Cell_File

age Predictor Class Variables
race [ = |

ER_status

pCR_vs_RD

PRO_status Label Variable

description * 2 ‘ Patient_ID

List-Style Specification of Predictor Continuous Variables
[pr |2
List-Style Specification of Predictor Class Variables

Qutput Folder

C:Users\dorobi\Documents\GSE20194 breast canceritraining | Choose H Open ‘ 2
files\predictive modeling\results\ eSS

* Required Parameter

| Run || Save.. || Load.. || Apply |[SetasDefault|| Reset |[UserGuide|| Cancel |

e Choose the transposed wide data set for the Input Data Set. If there are
more than 5,000 columns in the data set, you will see a IMP Genomics
message listing the number of variables and suggesting that you will want to
use list-style specification when referring to the variables.

e The names of the first 5,000 columns in the input SAS data set are displayed
in the Available Variables field. Note SAS data sets may also have labels
for each column that can be different from the names.

Note: For all predictive modeling APs, the General, Predictor Reduction 1, and
Predictor Reduction 2 tabs are identical for all models with the exception of the
Survival AP. Each model will have Analysis options that are specific for that model and
take advantage of the model’s capabilities and parameters.
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¢ Inthis instance, we are using ER_status as the dependent variable. This
variable is binary and indicates whether or not each breast cancer sample
was Estrogen Receptor positive or negative.

Predictor variables are of two general types: continuous (quantitative) and class
(qualitative). The former are numeric and are used directly. The latter are typically
nominal (e.g. character-coded genotypes), and are converted to sets of 0-1 variables
indicating the nominal level. One method for specifying continuous and class variables
is to select variables from the Available Variables window, and then use the arrow
buttons to move them over to the appropriate field. Here we leave these fields blank
because there are too many variables to select directly.

e Patient_ID is specified as the Label Variable in order to label points in
subsequent output.

e Next are two fields for List-Style Specification corresponding to continuous
and class predictor variables. The term pr_: is entered into the continuous
variable field—this captures all of the gene expression measurements with a
simple syntax. The colon at the end of the string indicates that all variables
that begin with pr_ (identical to the Prefix for Wide Column Names specified
during the transpose step) will be entered into the predictive model.

e Choose the Output Folder as the new folder you created above and then
click on the Predictor Reduction 1 tab.

When performing predictive modeling, it is important to consider the impact of overfitting
a model. That is, with many predictors and few samples, a seemingly good model can
be created when in fact the model is highly specific to that data set and yet performs
poorly when tested with other data sets. A general rule is that you should not have more
predictors than samples entering into the model, although certain methods like Radial
Basis Machine and Partial Least Squares do accommodate more.

JMP Genomics performs predictor reduction (also known as feature selection) as part of
the cross validation process. That is, within each iteration, predictor reduction is
performed anew on the training set and then those predictors are applied to the holdout
test set. As a result, we gain an additional level of predictor validation, as typically a
different set of predictors is chosen for each distinct training set. If the predictors
remaining after an iteration of predictor reduction are dependent on which set of
samples gets included in the test data set, then they are not considered to be robust
predictors in general. Pre-selecting predictors, such as choosing a subset of statistically
significant genes as determined by other analysis methods (e.g., ANOVA), will introduce
bias into the modeling process. Consequently, we highly recommend that the initial data
set contain all potential predictors.
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2. Click the Predictor Reduction 1 tab.
e The Predictor Reduction 1 tab contains initial filters and a K-means
clustering option.

[5] Radial Basis Machine - JMP [E=E
File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View Window
Help

Description
Radial Basis Machine is a kernel method that uses radial basis functions to More...

General Predictor Reduction 1 Predictor Reduction 2 | Analysis | Genetic Algorithm Options

Filter to Include Predictor Continuous Variables

wherel | 2
Filter to Include Predictor Class Variables

wherel I z
Standardization Method for Predictor Continuous Variables

Numerical Parameter for Advanced Standardization Methods

[¥] Use K-Means Clustering to Reduce Predictors I
Usage of K-Means Clusters 2

© Select One Representative Predictor from Each Cluster

Use the Cluster Means Themselves as Predictors

* Maximum Number of K-Means Clusters / Predictors

i ;
* Required Parameter
| Run H Save... H Load... H Apply HSet as Default|| Reset HUser GuideH Cancel ‘

Note: Criteria specified on the Predictor reduction tabs are applied in order. If options
are specified on the Predictor Reduction 1 tab, then only predictors that pass this filter
are used for Predictor Reduction 2. You may specify filters on either or both of these
tabs.

The Filter to Include... fields are used for restricting sets of predictor variables. For
example, if you have both genotypes and gene expression measurements as
predictors, you may wish to only consider one set of these for a particular model fit.

e For this example, we leave these fields blank.

Continuous variables can be standardized in this step by selecting a standardization
method in the dialog. Standardizing is useful when predictors are on different scales.
When you select this option, SAS PROC STDIZE is called behind the scenes to perform
this step. Further predictor reduction is possible using k-means clustering, which groups
multiple predictors. Depending on the option chosen, k-means will either use the
predictor closest to the cluster mean or the cluster mean itself as a predictor for the
group. The maximum number of clusters constrains the maximum number of predictors
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that can be passed into the next step, but it is possible that a smaller number of

predictors may be selected. We perform k-means clustering here with a maximum of
300 clusters and select one representative from each cluster. This is a great way to

remove redundancies in a large predictor set.

3. Select the Predictor Reduction 2 tab.

Radial Basis Machine - JMP

[E=EE]

Help

Description

[¥] Use Statistical Testing to Filter Predictors 2
Maximum Number of Filtered Predictors

i :
Statistical Testing Method for Conti Predictors

[Unequal Variance T-Test v | 2
Multiple Testing Method

[FoR B
-I-value) Cutoff

13

Absolute Mean Difference Cutoff for Continuous Predictors

i i

Absolute Proportion Difference Cutoff for Class Predictors
[ i

File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools

Radial Basis Machine is a kernel method that uses radial basis functions to More..

General l Predictor Reduction 1 Predictor Reduction 2 ] Analysis Genetic Algorithm

Add-Ins  View Window

Options

* Required Parameter

| Run || Save.. || Load.. || Apply |[SetasDefault|| Reset ||UserGuide|| Cancel

This tab sets the criteria for applying statistical tests to the predictors, which are applied

now to the variables selected from k-means clustering. In this case, the maximum

number of predictors will be 20, and we use an unequal variance t-test to filter them.

Several statistical methods are available at this step, with options for continuous

predictors shown below. Class predictors are filtered with the Fisher Exact test, and if
the dependent variable is continuous, it is discretized into seven groups prior to testing.
If the dependent variable is a class variable with more than two levels, all combinations

are tested.

T-Test

Shrunken T-Test

| Unegual Variance T-Test
Quadratic Trend Test
Radial Basis Test
Rank-Sum Test
Median-Score Test
Robust Chi-Square Test

Unequal Variance T-Test v

In addition to choosing a specific number of predictors, you can utilize multiple testing

corrections by specifiying a —log10(p-value) Cutoff. A —logio(p-value) of 1.3
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corresponds to p=0.05. The Absolute Mean Difference Cutoff or Absolute
Proportion Difference Cutoff can be set for Continuous or Class predictors,
respectively.

Set a mean difference value is set at 0.5. As the expression data are log,
normalized, this corresponds to a minimum of a 1.4-fold mean difference
(between the two levels of ER_status) that must be achieved for the predictor
to enter the model. Setting a fold-change cutoff in this fashion will often
produce a more reproducible set of predictors.

4. Select the Analysis tab.

Radial Basis Machine - JMP =R

File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View Window
Help

Description

Radial Basis Machine is a kernel method that uses radial basis functions to More..

General I Predictor Reduction 1 Predictor Reduction2 | Analysis l Genetic Algorithm Options

Type of Dependent Variable
|Binary v|2
Binary Dependent Variable Event Value

Prior Probabilities / Prevalences I
Equal

© Proportional

Variable Selection Method ?

© None
Genetic Algorithm

* Required Parameter

| Run || Save.. || Load.. || Apply |[SetasDefault|| Reset ||UserGuide|| Cancel

The options on the Analysis tab are different for the different modeling APs
and reflect the options that are available for each algorithm. In the Radial
Basis Machine dialog, the Type of Dependent Variable is specified as being
either Continuous or Binary, and here we choose Binary (reflecting the nature
of ER_status). In addition, you can specify the Binary Dependent Variable
Event Value. If this is blank then the second ordered category is chosen by
default. You can choose the type of Prior Probabilities/Prevalences used to
calculate the posterior probability estimates. Here we select Proportional,
which uses the observed proportions of ER_status from the input data set as
the prior probabilities.
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e You can optionally employ a Genetic Algorithm to select variables. We do

not select this here given previous choices for filtering. In addition, this
method can be very computationally intensive.
5. Select the Options tab.

[5] Radial Basis Machine - IMP = | B o
File Edit Tables Rows Cols
Help

DOE Analyze Graph Clinical Genomics Tools Add-Ins  View Window

Description

Radial Basis Machine is a kemel method that uses radial basis functions to More...

General 1 Predictor Reduction 1 Predictor Reduction 2 1 Analysis I Genetic Algorithm Options

Test Data Set

‘ Choose |

PROC GLIMMIX Statement Options

E

PROC GLIMMIX Fixed Effects

PROC GLIMMIX Additional Statements

Qutput Data Set Prefix

JWMP Script Output File Name

* Required Parameter

Run H Save.. H Load... H Apply HSetasDafau\t” Reset ”UsErGuldeH Cancel

On all predictive modeling APs, you can specify an external test data set file
here when running a whole model fit for training vs. a specific test set. We
leave this blank for now. This tab can contain other AP-specific options
available. For this example, Radial Basis Machine offers some more

advanced general options relating to SAS/STAT PROC GLIMMIX. We leave
these blank.

Saving the Setting

e Our model specification is now complete and we now save it for future use.
At the bottom of the AP window, select the Save button
* Required Parameter
[ Run || Save. || Load.. || Apply |[SetasDefault|| Reset ||UserGuide|| Cancel |
[ )

Using the Choose button, navigate to the settings folder you created earlier,
or copy-and-paste the folder directly into the text field.
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[5] Save Setting for RadialBasisMachine - JMP SN X
Settings Folder

C:\Users\dorobi\Documents\GSE20194 breast canceritraining ﬁl” Choose ||My Seﬂings\
Setting Name

RBM_20|
Existing Setting Names
|Update Setting Name| | Delete Setting|
Save to Workflow
[ ok || Can:i‘
> |w

Type in a setting name that has some description of what is in the model.
Here we use “20” in the name to reflect the fact that the number of predictors
will be filtered down to 20. Use an underscore ( “_") to separate words or

numbers. When finished, click OK, and the setting is saved.
Click the Apply button at the bottom of the AP window.

* Required Parameter

| Run || save. H Load.. || Apply ||SetasDefault|| Reset HUsevGuideH Cancel |

2 O

This instructs JMP Genomics to remember the parameters you have specified and
apply them in all subsequently opened dialogs for the remainder of the session. Any AP
that is opened will contain the same values for identical fields.

To turn off this temporary setting, select General Utilities > Clear Parameter
Defaults from the Genomics Starter menu.

To set up a second model, from the Genomics Starter, select Predictive
Modeling > Main Methods > Partition Trees. Examine the values in the
General, Predictor Reduction 1 and Predictor Reduction 2 tabs and
confirm that they are filled out identically to those in the Radial Basis
Machine.

6. Select the Analysis tab.
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s Partition Trees - IMP [E=EEES

File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View Window
Help

Description
Partition Trees recursively partitions data according to optimal splitting More...

General I Predictor Reduction 1 Predictor Reduction 2 Analysis l Pruning I Options

Type of Dependent Variable
‘Nominal v 2

Mode ?
Interactive
© Automated

Prior Probabilities / Prevalences 2
Equal
© Proportional
Automated Model Type 2
© Standard
Rule Mix
Boosted
Forest

Maximum Depth of Tree
] z
Minimum Number of Observations Required for a Branch
i :
Minimum Number of Observations Required for a Categorical
Value
i

[“iRegard Missing Values as Valid for Prediction 2

* Required Parameter

| Run || Save.. || Load.. || Apply |[SetasDefault|| Reset ||UserGuide|| Cancel

For running cross-validation, you must always select the Automated mode whenever
there is a Mode option. In the Partition Trees AP, you can select from four general kinds
of tree-based algorithms, and for each tree-type you can set the depth and minimum
numbers of observations for each branch and categorical values. The Pruning tab
contains further options for the Rule Mix, Boosted, and Random Forest models.

To save this model, click the Save button at the bottom of the AP, and save it in the
same directory as before. Continue creating an arbitrary number of desired models and
saving them. JMP Genomics is very flexible and powerful in this respect. In the MAQC
project, it was used to compare 100s models simultaneously. Keep in mind that
execution time will increase roughly linearly with each model you specify.

Cross Validation Model Comparison (CVMC)

You can cross-validate and compare saved model settings to find which models have
the best prediction performance. One iteration of a cross validation sequence consists
of creating a hold-out test data set, performing predictor reduction and model fitting on
the training data set, then applying predictions of that model to the hold-out test data
set. Since predictor reduction is performed within each cross-validation iteration, a
distribution of selected predictors can be examined as a part of the output.
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1. Select Predictive Modeling > Model Comparison > Cross Validation Model
Comparison from the Genomics Starter.

4% Cross Validation Model Comparison - IMP [E=RE=E )
File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View
Window Help

Sagd L@E@ k220N PpQA+ IS0 O

Description
This process performs cross validation on predictive model
settings you select and compares the results.

General I Analysis Options

* Qutput Folder
|C:\Users\dorabi\Documems\GSEZU194 breast canceritraining ﬁlﬂ Choose H Open ‘ ?

[F] Change Output Folder in Settings Moved to Right Panel 2
Folder of Predictive Modeling Settings
[CaUsers\dorobiiDocuments\GSE20194 breast canceritraif Choose | Open |

Available Settings * Settings to Cross Validate
> |[GLuSelect_lasso_sI_20
GLMSelect__lasso_sl_10 PartitionTrees__boost_20
GLMSelect__lasso_sI_15 Up I PartitionTrees__forest_20
GLMSelect__lasso_sI_20 Down | |PartitionTrees__rule_20
GLMSelect__lasso_sl_5 = PartitionTrees__std_20
B I RadialBasisMachine__RBM_20

|PartitionTrees__boost_20

PartitionTrees__forest_20 Apply |
PartitionTrees__rule_20 2o |
PartitionTrees__std_20
RadialBasisMachine__RBM_20 Clear |
* Required Parameter
[ Run || Save.. || Load.. ||UserGuide|| Cancel |

Creating columns for SAS data set.

e Choose the output folder. To keep from overwriting results, make sure this
directory is unique for every analysis that you want to retain for later review.

e Choose the folder that contains the model settings that were created earlier.

e Highlight the desired settings in the Available Settings in the left window,
and use the Arrow to move them to the right window as Settings to Cross
Validate. On the right hand side, highlight and remove any model settings

you do not want to compare.

Note: All settings on the right hand side must have the same input data set and

dependent variable.

2. Click on the Analysis Tab.
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§% Cross Validation Model Comparison - JMP [E=REER)

File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View
Window Help
ERE L I k 2[®e e pa+ES0 O

Description
This process performs cross validation on predictive model
settings you select and compares the results.

General Analysis I Options |

Hold-Out Method
\Random Partition v ‘ g
Hold-Out Size, Specifyas... 2
@ K for K-Fold or 1/K Hold-Out
L for Leave-L-Out
P for P-Percent-Hold-Out
K for K-Fold or 1/K Hold-Out
|
L for Leave-L-Out

P for| Pj’ercem-Hold-Out

Number of Random Hold-Out lterations
i
Random Number Seed

[zssasret] |

* Required Parameter

| Run H Save... H Load... HUserGuideH Cancel |

Creating columns for SAS data set.

e Select the Hold-Out Method from the pull-down menu.

e Simple Random holds out a fraction of the data selected
completely randomly.

e Stratified Random holds out a fraction of the data selected
randomly within each trait group.

e Random Partition randomly partitions all of the data into groups
and holds out each group in turn.

e Block Partition partitions all of the data into blocks of consecutive
observations and holds out each group in turn.

e Split Partition partitions all of the data into k parts, with the ith part
consisting of observations i, i + k, i + 2k, ....

e All Subsets holds out all possible subsets of a certain size.
Currently only subsets of size 1, 2, or 3 are available.

e Next, select the method for defining the Hold-Out Size. Define the size in
the active window that corresponds to the hold-out size specification.

e Define the Number of Random Hold-Out Iterations. The first time you
run any new cross validation set, it is recommended that you set the
number to 2 to test the cross-validation process as at times errors will not
become evident until the end of the cross validation process.

Keep in mind that the run-time for each model can vary and the total time within each
model is linear with respect to the number of iterations. In the above example, there are
6 models and 10 iterations each, resulting in 60 iterations total.
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3. Inthe Options tab, you can set the number of samples for a test run if desired
(decreasing the number of rows in the input data set), and if you are adding to an
existing cross-validation result, you can set the start and stop nhumber for the
iterations.

4. Click Run.

CVMC Results

The results from CVMC provide information regarding the best model fit and also the
ranked predictors from each model.

RMSE l AUC I Accuracy I Reliability Diagrams Model Effects

Description
The plot shows the root mean square error (RMSE) for each
model.

More...

Select model points on the graph and then click the action button

[Plot P(ERstatus) vs rank of observations of selected methods|

4 ~/Oneway Analysis of RMSE By METHOD

0.49
0.47
0.45]
043
0.41]
039
037
035
0.23]
0.31]
0.20]
0277
0254 —
0237
0217
0.191

RMSE

:

With Best
Hsu's MCB
0.05

¢

M2_PT _boost_20| |

M3_PT forest 20
M4_PT rule_20
M5 _PT_std_20|

M6 _RBM_RBM 20|

M1_GLM lasso_sl 20

METHOD

The first tab shows a one-way ANOVA on the Root Mean Square Error (RMSE) for each
model. This is computed by taking the square root of the average square deviation of
each predicted probability from the true value of O or 1 (corresponding to the levels of
ER_status), so smaller values indicate better performance. A distinct RMSE value is
plotted for each iteration and box plots and mean diamonds are overlaid as summary
graphics. The horizontal reference line just below 0.49 indicates the expected value
from a simple model based on the observed prevalence.

Tabular reports below the figure provide specific values for each models mean,
standard deviation, etc. Ideally, you would like to see low RMSE mean values with a
tight distribution about the mean. This would indicate that the model fits well and that
the fit does not display a high variance across the data sets selected as the training and
test sets during the cross validation.
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e Using the mouse, select all points and click on Plot P vs. Rank of
Observations above the figure.

4~IM6_RBM_RBM_20, ER_status=N

4~/M6_RBM_RBM_20, ER_status=P

1
[ B ——

0.9+

1 0.7

0.5+

0.3+

Predicted Probability
of ER_status=N

Predicted Probability

1]
0.9+

of ER_status=P

0.1

ocooo0oooo
MWk O DN ®©
T P T A S
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Observations Ranked by Prediction
Averaged over CV lterations

T T T T T
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e e s
0 10 20 30 40 50 60 70 80
Observations Ranked by Prediction
Averaged over CV lterations

The resulting plots show the summary of accuracy of each sample for each iteration in
the cross validation process. The y-axis is the predicted probability of each response,
and the x-axis is the observation numbers ranked from high to low across the iterations.
Ideally, there will be many points above the dotted line which indicates the proportion of
samples with that trait value in the data set. Observations below the line are those
which were predicted poorly when included in test sets. You can view and explore the
JMP table behind this plot by double clicking on the table named pred_prob in the JMP

Window List window.

1. Click on the AUC tab.

RMSE AUC l Accuracy l Reliability Diagrams

Description

The plot shows Area Under the Curve (AUC) statistics for each

cross-validation model iteration.

Mere...

Select model points on the graph and then click an action button
|Plot

vs rank of ob of selected method: 1

Model Effects

1Plnt and compare ROC curves of selected methods‘

4~/ Oneway Analysis of AUC By METHOD

0.97 =S

AUC
o
=
@

L

__%_

——gre——

o D

M1_GLM _lasso_s|_20|

M2_PT_boost_20|

M3_PT_forest_20|

METHOD

M4_PT_rule_20|

M5_PT_std_20|

M6_RBM_RBM_20)

With Best
Hsu's MCB
0.05

This result shows a one-way ANOVA on the Area Under Curve (AUC) statistics from
Receiver Operating Characteristic (ROC) plots for each model. Note that this display is
created only when the dependent variable is binary; that is, it is categorical with two
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levels. The y-axis is the AUC and the x-axis is each model and the results are from a
one-way plot as described in the RMSE tab, although here larger is better.

e Using the mouse, select at least one point from each model.
e Click on the Plot and Compare ROC curves button above the graph.

5% ROC Curves - JMP [E=R =
File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View Window Help
B IR kl2#@ Me pa+ES0O

4~ /0verlay Plot

Sensitivity

T T T T T
0 0.2 04 0.6 0.8 1

1 - Specificity
Groups O —METHOD=M1_GLM_lasso_s|_20

+ —METHOD=M2_PT_boost_20
—METHOD=M3_PT_forest_20
—METHOD=M4_PT_rule_20
— METHOD=M5_PT_std_20
¥ —METHOD=M6_RBM_RBM_20
4 Association Statistics
Areaunder Standard Lower 95% Wald Upper 95% Wald

Method the Curve Error Confidence Limit Confidence Limit Somers'D Gamma Tau-a
M1_GLM_lasso_sI_20 0.97344  0.00485 0.96393 0.98295 0.94688  0.9474 0.44857
M2_PT_boost_20 0.95498 0.00764 0.94 0.96995 0.90995 0.90995 0.43108
M3_PT_forest_20 0.95032 0.00782 0.935 0.96564 0.90064 0.9056 0.42667
M4_PT_rule_20 0.94826  0.00789 0.9328 0.96371 0.89651 0.89695 0.42471
M5_PT_std_20 0.91943  0.00955 0.90072 093814 0.83886 0.855 0.3974
M6_RBM_RBM_20 0.96733  0.00594 0.95568 0.97897 0.93465 093971 0.44278

4 Overall Difference Test
Pr> Chi-

2E v

An average ROC plot for each of the models is created, and associated statistics are
shown below the graph. Note that in this case, the General Linear (GLM) model has the
highest area under curve. There is also an overall test of the null hypothesis that all of
the models have the same AUC.

2. Click on the Accuracy tab. The format of these results is identical to the previous
two tabs and shows the percentage of correct calls for each iteration of each
model.

3. Click on the Reliability Diagrams tab.
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> ——Linear Fit > Linear Fit
¥ ——Smoothing Spline Fit, lambda=0.1 Standardized ¥—— Smoothing Spline Fit, lambda=0.1 Standardized

The two reliability diagrams show the fraction of each level of the dependent variable, in
this case ER (estrogen receptor) status, vs. the mean predicted value for each level.
The closer the points are to the diagonal red line, the better the model fit. In the above
figure, there are slight deviations at the high and low end for each indicator, but the
overall fit is good.

4. Click on the Model Effects tab.

RMSE l AUC ‘ Accuracy ‘ Reliability Diagrams Model Effects

4| = Hierarchical Clustering

Method = Fast Ward
4 Dendrogram

"pr 205225 at
“pr 209603 at
“pr 209604 s a
=pr 212956 at
=pr_209602_s_a
*pr 203963 at
"pr 212960 at

=pr_202088_at
=pr_201508_at
"pr 218807 at
"pr 212208 at
*pr 202089 s al
=pr_218976_at
=pr_211235_s_at}
=pr 204863 s at’
"pr 203628 at
“pr 212492 s at
=pr_204881_s_at

®pr 221823 at
=pr 204862 s at
"pr 212151 at
*pr 218806 s at
=pr_212148_at
=pr 218195 at

This dendrogram shows the effect usage of each predictor overall and their usage in
each model ranked from high to low overall. To be included in these results, each
predictor must have been included in the model for at least one cross-validation
iteration. In this case, pr_205225 at is the most prevalent predictor and was chosen by
all of the models. This is evidence that this predictor is a very good one.

5. Inthe Tabs menu in the upper left-hand side of the results window, click on
Model Effects and select View Data.

This data table can be sorted from high to low on any column. (Note that if you sort it a
new data table will be created as the original table’s order is linked to the figure.) A
section of the table is shown below.
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— M1_GLM_lasso_sl_20 M1_GLM_lasso_sl_20 | M2_PT_boost_20 = M2_PT_boost_20 M2_PT_boost_20
- name OVERALL Model Count Model Count/50 Model Count Model Count/50 Average Importance
1 pr_205225_at 1 50 1 50 1 1
2|pr_217838_s_at 0693333 41 0.82 50 1 0.198958
3| pr_209603_at 079 38 0.76 50 2] 0.18427
4 |pr_215867_x_at 0593333 32 064 42 0.84 0.049013
5| pr_214440_at 0.633333 27 0.54 50 1 0.119107
6|pr_209604_s_at  0.733333 24 0.48 50 1 0.21615
7 pr_201508_at 0.416667 23 0.46 29 058 0.067814

Probe pr_205225_at is the top predictor overall. The column M1_GLM...Model Count
contains the number of times the predictor entered the model. Pr_205225 at was in the
model for all 50 iterations in M1... and pr_217838_s_at was in M1... for 82% of the
iterations. Turning our attention to M2_PT_boost... we can see that pr_205225 _at,
pr_327838_s_at and pr_209603_at and all other probes with a Model Count of 50
entered into the boosted model 100% of the time. The M2_PT_boost_20 Average
Importance shows how important the predictor was in the tree structure. The lower the
value, the further down in the splits. So we can see that pr_205225 at was consistently
used as the primary differentiator each each iteration of the boosted trees model, and
the other predictors were consistently lower.

The combination of these results allows you to find the best model and the highest
ranking predictors for the models. You can further refine models at this point (e.g.,
different selection criterial, different numbers of predictors, tree parameters, etc.) and
perform subsequent runs of CVMC. Once you have selected a model, you can run it
on the full data set to obtain a final model fit that can be used to predict future
observations.

Learning Curves

An important issue in predictive modeling is having too few samples or too many
predictors to generate a meaningful model. Too many predictors can be addressed with
predictor reduction techniques. Learning curves are a technique useful in determining if
there is an adequate number of samples.

Note: This is a different problem from classic statistical sample size / power
calculations. Here we are concerned with how sample size relates to prediction
performance. The results will indicate if more samples are likely to help improve
performance.

Keep in mind that for every prediction problem there is a theoretical upper bound on
performance that is dependent on the phenomenon being predicted. In some
applications an AUC of 0.8 might be considered excellent whereas in others 0.8 might
be considered very poor. Learning curves can help you determine how close you might
be to achieving the best possible predictor.
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1. Select Predictive Modeling > Model Comparison > Learning Curve Model
Comparison from the Genomics Starter.

In this example, we will show results from the GLM model with 5 predictors, which was
the best model fit from refinement our previous CVMC exercise.

2. The General tab is filled out identically to that of the Cross Validation Model
Comparison window.
3. Click the Analysis tab.

¥ Learning Curve Model Comparison - JMP =[5 [l
File Edit | Tables | Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View Window Help
HeEd 5 a8 R|2#@ N PA+EASOO
Description
This process constructs and compares learning curves on predictive model settings you select. Learning curves plot predictive
performance against the size of the training set

General Analysis Cross Validation ] Options ‘
Number of Grid Points for Each Learning Curve
i
Minimum Size of Training Set
[_]:
Maximum Size of Training Set
[ ]z
Number of Random lterations
C :

Inner Loop Algorithm Z
© Models fit on full data (without test set), evaluate on test set
Cross validation on subsets, evaluate on test set
Cross validation on subsets, evaluate on corresponding hold-out sets
Cross validation on subsets, evaluate on both test set and hold-out sets
Outer Loop Test Set ?
© Hold Out
Fixed Test Set
Fixed Test Set
1 H Choose H Open | 2

Random Number Seed

[ovsirs] 0

* Required Parameter

‘ Run ‘\ Save... H Load... HUserGuldeH Cancel \

Learning Curve Model Comparison works by performing a series of CVMC runs along a
fixed grid of subset sizes of the full data set. In this instance, 5 points will be generated
for each learning curve. The points are logarithmically spaced between the maximum
and minimum sizes specified, or by default between 1/10 the size of the data set and
the size of the full data set.

The Number of Random Iterations specifies the number of times to iterate at each
point on the grid. So with 5 points on the grid and 6 random iterations, we have 30 total
iterations thus far.

The cross validation criteria can be set with the Inner Loop Algorithm selections. The
simplest is the first choice which mimics standard cross-validation. Further rigor can be
added by cross-validating on the subset training sets themselves, then specifying the
set for the evaluation set. The test data set the model is fit to can either be from the hold
out, or it can be a separate test data set. This latter mode can provide further
information concerning the quality of the separate test and training data sets.
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4. The Cross Validation tab is filled our similarly to that in Cross-Validation
Model Comparison. Note that the number of iterations specified here multiplies

those on the previous tab, so run times can be lengthy.

5. Click Run to start the process.

The results show the value for each iteration of the model at different training set sizes.

The first pane shows the RMSE.

Test Set Average and Individual RMSE I Test Set Average RMSE Range

Select a Model or Statistic for Individual Learning Curves

~/Currently Selected Model: All Models| ok
*/Currently Selected Statistic: RMSE E

4 = Test Set Average RMSE and All Models Individual Learning Curves

Test Set Average Accuracy Range

0.6

o o
IS o
1

Test Set Average RMSE
o
©

o
o

=3

R 4

) T T :
0 20 40 60
TRAIN_SIZE

e Click the red triangles above the figure to look at each model individually if
more than one model was used, and change the y-axis values from RMSE to

Accuracy or AUC.

Each dotted line represents one of the iterations and the points along the dotted lines
denote the sample sizes. The solid line is the mean of the iterations. What we see is
that at small sample sizes, in this case 12 and 21 samples, the RMSE is higher than the
final values and there is a large varation between iterations. Ideally for all the calculated
values, the variation between iterations will become less and the mean value will

stabilize.

A flattening of the learning curve for the upper sizes indicates that additional samples
will likely not improve performance. Conversely, if the curve is still sloping on the right

hand side, then more samples will likely help.

The subsequent tabs show the range of values of the iterations versus the training size.
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4 = Test Set Average AUC and Range of Individual Leaning Curves
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We can indeed see that the range of AUC in this instance is becoming small as the data
size increases and the range is small and stable at sizes greater than 60. For this
learning curve, it indeed appears that there is a sufficient number of samples in the data
set.

Test Set Model Comparison

Instead of CVMC, you may have one or more separate test sets against which you wish
to compare prediction results of different model fits from a training set. This is a simpler
situation than CVMC, as no iterations are required. JMP Genomics enables you to do
this in a simple interface.

1. Select Predictive Modeling > Model Comparison > Test Set Model
Comparison from the Genomics Starter.

2. The General tab is filled out the same as in Cross Validation Model
Comparison.

3. Click on the Test Sets tab.
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E_-? Test Set Model Comparison - JMP

B>

Window Help
HdREd L =]
Description

This process evaluates one or more test sets with predictive model
settings you select and compares the results.

General Test Sets I Options |

Folder of Test Sets

File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View

2#@|NS PA+ASO O

‘C'\Users\dombi\Documenls\GSE20194 breastcanter\validanonﬂleﬂ Choose J Open 2

validation_design

validation_design_data Clear
validation_design_gcpb

wide_validation

_processinfo

Available Data Sets * Test Sets
probemap_validation_design | =< ] wide_validation &%

* Required Parameter

[ Run H Save... ][ Load... HUserGuideH Cancel |

4
O
<

e Choose the folder that contains the test set(s). Note that you can select more

than one test set for this analysis.
4. Click the Options tab.

E-j Test Set Model Comparison - JMP

=X

Window Help
Hegd sand k|2 ® @O
Description

This process evaluates one or more test sets with predictive model
settings you select and compares the results

General | Testsets | Options |

[V] Separate Bar Charts for Each Test Set 2
[7] Separate Bar Charts for Each Model 2
[7] List SAS Output for All Model Fits 2

Where Clause for Input Data in Test Run
\ |2

Number of Rows in Input Data to Use in Test Run
?

Output Data Set Prefix

File Edit Tables Rows Cols DOE Analyze Graph Clinical Genomics Tools Add-Ins View

Jra+ms0oo0

* Required Parameter

[ Run I[ Save... “ Load... J[UserGuideH Cancel

e In this tab, you can choose how you would like to display the results.
Separate Bar Charts for Each Test Set is selected by default.

5. Click Run to start the process.
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Charts by Test Set

Shift-Click to Select Bars then Click Button

Plot and Compare ROC Curves,

A w Accuracy and AUC (higher is better) 4 «/ASE and MAE (lower is better)

12 =il v 0.30 Y

1.04 [ Accuracy 025 [ ~verage square Error

Area Under ROC Curve [l Vean Absolute Error

0.8+ 0.20+

uonepIiEA”apiM

uonepIiEA” apiM

> 0.6 > 0.15

0.10+

Jesisal
BELSRECTN

0.00- ——

M4_GLM_lasso_sl_§
M1_GLM_lasso_s|_10
M2_GLM_lasso_s|_15
M3_GLM_lasso_s|_20

M4_GLM_lasso_s|_5

M3_GLM_lasso_sl_20

M1_GLM_lasso_sl_10
M2_GLM_lasso_sl_15

Model Model

Four analyses are performed for each test set and model. The test sets’ Accuracy, Area
Under Curve, Average Square Error and Mean Absolute Error are calculated. ROC
curves can be generated from the AUC results by highlighting the bars of interest (hold
down the Shift key to highlight more than one) and clicking on the Plot and Compare
ROC Curves button above the chart.

Whole Model Fit, Training versus Test Set Comparisons

After selection of the final model, a whole model fit can be performed on the training
data set, and those parameters applied to the test set. This will assist in determining if
the model derived from the training set is generalizable across different analyses.

1. Select File > Load Genomics Setting from the JMP menu.
2. Go to the settings file created previously and load in the best model setting.
3. Click on the Options tab.
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1€ GLM Select - JIMP

e

Description

File Edit Tables Rows Cols DOE Analyze Graph Clinical

Genomics Tools Add-Ins View Window Help

GLM Select performs effect selection in the framework of general linear regression More...

Test Data Set

General | Predictor Reduction 1 | Predictor Reduction2 | Analysis 1 | Analysis2 | Genetic Aigorithm | Options

0194 breast cancer

C:\Users\dorobi\Docur
files\wide_validation.sas7bdat

PROC GLMSELECT Statement Options

PROC GLMSELECT Modeling Options

Output Data Set Prefix

JMP Script Output File Name

e Choose the desired test data set. On any of the Partition Tree processes, a
validation set can also be included in this process.
4. Click Run to start the process.

Model Results I ROC ] SAS Output ]

Predictor Reduction Settings: Stat Filter = Unequal Variance T-Test, Multiple Testing Method = FDR, -log10(p-value) Cutoff = 1.3, Mean Difference Cutoff = 0.5
Model Selection Method = LASSO, Stop Criterion = SL, SLEntry = 0.05, SLStay = 0.01, Priors = Proportional
pr_205225_at pr_209603_at pr_212956_at

Analysis Settings:

Final Selected Variables:

Test Set Criteria
Training Set Criteria:

Root Mean Square Error = 0.3321, Mean Absolute Error = 0.2312, Area Under ROC Curve = 0.9151, Accuracy = 0.8600, Accuracy_N = 0.8718, Accuracy_P = 0.8525
Root Mean Square Error = 0.2281, Mean Absolute Error = 0.1409, Area Under ROC Curve = 0.9798, Accuracy = 0.9615, Accuracy_N = 0.9200, Accuracy_P = 0.9875

The top of the dashboard gives the summary results for the training and the test set. We
can see that there are 3 final probes included in the model along with the same model-
fit assessments used in the learning curve model comparison. Below the summary, the
graphical summaries of each data set are displayed.

4|/~ Distributions DataType=Test

4|~ ER_status_true

| 4 (= Prob_Actual

4 (= Correct_Pred

1.1
14
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4 '~ Contingency Analysis of Predicted_Class By ER_status_true DataType=Test

4 Frequencies

Level Count
39
P 61
Total 100
N Missing 0
2 Levels

4 Quantiles

Prob 100.0% maximum
039000  99.5%
0.61000 97.5%
100000 ~ 90.0%

75.0% quartile

50.0% median

25.0% quartile

4 Frequencies

Level Count
No 14
Yes 86
Total 100

1 N Missing 0
078919 2 Levels
0.71098
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0.14000
0.86000
1.00000

4 Mosaic Plot
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4 = Contingency Table

Predicted_Class
Count N i
Total %
Col %
Row %
N 34 5
2 3400 500

ER_status_true

39
39.00
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From left to right are the distribution of the samples in the data set, the probability of
being in the correct group, followed by the distribution of correct vs. incorrect calls. So it
is very simple to see that there is a strong trend towards correct predictions and the
predictions are correct 86% of the time. The mosaic plot is a graphical representation of
misclassification. The values are summarized in the contingency table below the plot,
but in this instance we can see that the rate of misclassification is about equal between
the ER receptor positive vs. negative groups.

ROC plots and ROC plot statistics are shown on the second tab. A table is generated
which contains information on all of the samples so you can easily assess which
specific samples are misclassified. For some models (e.g., GLM Select), an additional
SAS output frame is generated which includes additional predictor selection results.

Conclusion

JMP Genomics offers a comprehensive set of routines for predictive modeling in a life
sciences context. You can simultaneously cross-validate and compare an arbitrary
number of model selected from nine different classes of algorithms, each with
numerous tuning options. Learning curves help you determine if large sample size will
improve prediction performance. You can also compare results against fixed test sets.
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