PAM
“Prediction Analysis of Microarrays”
Users guide and manual

Trevor J. Hastie  Balasubramanian Narasimhan Robert J. Tibshirani

Gilbert Chu?

Contents

(L PAM User Group Announcement 3

[2  Summary of Changes 3
2.1 ChangesinPAM2(0 . .. .. .. . . . . ... .. 3
2.2 ChangesinPAM 1.23 . . . . . . . . . . . . 4
2.3 ChangesInPAM 1.22 . . . . . . . . . . . . . 4
2.4 ChangesinPAM 1.20la . ... ... . . . . . . . . ... e 4
2.0 ChangesInPAM 1.21 . . . . . . . . . . . . e 4
2.6 ChangesinPAM 1.20 . . . . . . . . . . . . e e 4
2.7 ChangesiInPAM 1.12 . . . . . . . . . . . . . e 5
2.8 ChangesinPAM 1.10 . . . . . . . . . . . e 5
2.9 ChangesiInPAM1.06 . . .. .. .. . . . . ... . ... . . . 5
[2.10 ChangesiIn PAM1.05 . . . . . . . . . . . . . . . e 5

\3__Introduction| 5

4 Obtaining PAM| 5

*Department of Statistics and Department of Health Research & Policy, Stanford University, Stanford CA 94305.
Email: hastie@stat.stanford.edu

TDepartment of Statistics and Department of Health Research & Policy, Stanford University, Stanford CA 94305.
Email: naras@stat.stanford.edu

iDepartment of Health Research & Policy and Department of Statistics, Stanford University, Stanford CA 94305.
Email: tibs@stat.stanford.edu

$Department of Biochemistry, Stanford University, Stanford CA 94305. Eroail@cmgm.stanford.edu

1



[  System Requirements 6

lo__Installation| 6
6.1 Newlinstallation . . . . . . .. .. . 6
[6.2 Upgrading from Previous Version . . . . .. .. ... ... ... ......... 7

[/ Uninstalling PAM| 7

8__Documentation 7

9 _Examples 7

(10 Data Formats 8
(10.1 Batch Labels and Batch Adjustment . . . . . . . . .. .. ... ... ....... 9
(10.2 Normalization of experimemts . . . . . . . . . . . . . ... .. ... ... 9

(11 Handling Missing Datg 9

(12 Running PAM: classification problems 10
[12.1 Trainingthe Classifiler. . . . . . . . . . . . . 14
22 TestSetPrediclibn . . . . . . . . . i 22
[12.3 Using data in Multiple Sheeéts . . . . . . . . . . ... ... ... . . ... ..., 22
[12.4 Formatofthe Gene Listing . . . . . . . . . . . ... Lo 23

(13 Running PAM: Survival analysis and regression 23
[15.1 Basic idea of supervised principalcomponents . . . . . . . .. ... .. ... ... 23
(13.2 Opening SCreen . . . . . . . . . . 0 e e e e 25
[13.3 Training, Cross-validation and Test Set Predi¢ction . . . . . . ... ... ... ... 25
[13.4 Learning competing predictors from expression|data . . . . . .. ... .. .. .. 27

(14 Details of the R Excel Connection 27

(15 Frequently Asked Questions 27
[15.1 General Questions . . . . . . . . . .. e e 27
[15.2 PAM Registration Questigns . . . . . . . . . . .. 28
[15.3 Installation, Uninstallation Questions . . . . . . . . . . . . .. .. ... ...... 28
(15.4 PAM Usage QUestions . . . . . . . . . . . i i e 29

(16 Technical Details- Classification 32
[16.1 Detalls of the centroid shrinkage . . . . . ... . ... ... ... ......... 32
[16.2 Choosing the amountof shrinkage . . . . . .. ... ... ... ... ....... 33
[16.5 Class probabilities and discriminantfunctions . . . . . . . . . ... ... ..... 33

2



|16.4 Relationship to other approaches . . . . . . . . . . .. ... ... ... ...... 34

(17 Technical details- supervised principal components 37
[1/.1 Extracting supervised princapl components . . . . . . . . .. ... ... .. ... 37
[17.2 Tmportance scores and areduced predictor . . . . . .. ... ... ... ...... 39

List of Figures
11 Data Format and Highlightingdata . . . . . . .. .. ... .. ... .. ...... 11
2 ThePAMDialogBok . . . . . . . . . . . . 12
S The PAM Controller . . . .. ... ... . .. . 14
4 The PAM Controller aftertraining . . . . . . . .. .. ... .. ... .. ..... 15
....................................... 16

ore Ol8 . . . 17
e redictonDialgg . . ... .. ... .. . o o 19
(<] The PAM Prediction output for Khandata . . . . .. ... ... .. ........ 20
9 The test error and probability plots for Khandata . . . .. .. ... ... ..... 21
List of Tables

1 PAM User Group Announcement

To foster communication between PAM users and make new announcements, we plan to establish
a new Yahoo user group. When the group is active, we’ll put a notice in this manual as well as the
web site. Stay tuned.

2 Summary of Changes

The following are changes since the initial release of PAMR 1.02. Note that all releaBadét
for Excelprior to PAM 1.10 were internal releases.

2.1 Changesin PAM 2.0

Thsiis a major new release of PAM. We have implemented the “supervised principal components”
method for analyzing survival and regression outcomes. The old PAM survival method- discretiz-
ing the time axis and then applying PAM/classification, was not very effective and is no longer
available



2.2 Changesin PAM 1.23

Bug fix release.
e Fixed bug inpamr.predict and gene names in the correct order.

e Fixed bug innsccv affecting cv folds: balance and number of folds

2.3 Changesin PAM 1.22

Bug fix release.

e Fixed pamr.to.excel so that it now expects the gene id and gene names in the correct
order.

e Fixednsccv.R to match R handling of arguments. This resulted in cross validation failing.

2.4 Changesin PAM 1.21a

Changed the installer to include a Stanford Tool manager that would manage all Stanford tools.
PAM can be activated and deactivated using the menu.
Changedpamr.listgenes to fix a typo. This cause problems.

2.5 Changesin PAM 1.21

Fixednsscv so that unclass is used instead of codes. This used to make PAM bomb in R versions
1.9.0 and higher.

Changegpamr.listgenes so that it doesn’t bomb when significant gene list is of length 1.
Reported by Markus Ruschhaupt.

Fixedpamr.confusion bug that screwed up individual plots.

Long standing request of Rob Gentleman—to add a namespace. The excel pamr package
always had a namespace, but now Rob Tibshirani is syncing his source as well.

2.6 Changesin PAM 1.20

Added survival analysis capability. Replaced the default missing data imputation algorithm with a
faster and more accurate version; the old algorithm is available for reproducibility, but deprecated.
Streamlined the installation process to make it more user-friendly: PAM now installs and unin-
stalls like a standard windows application. Reorganized the controller buttons into more sensible
groupings.

Versions 1.13-1.19 were internal releases and skipped.



2.7 Changesin PAM 1.12

Bug fixes, mostly in installation process.

2.8 Changesin PAM 1.10

Fixed batch adjustment bug. New dialogs added and so the PAM GUI interface is a bit different.
Added test error and test probability plots. First public release.

2.9 Changesin PAM 1.06

The first stable version that was beta tested internally.

2.10 Changesin PAM 1.05

PAMR now has a companion: an Excel front-end that uses the R DCOM connector.

3 Introduction

PAM (Prediction Analysis of Microarrays) is a statistical technique for class prediction from gene
expression data using nearest shrunken centroids. Itis descrjbed in Tibshirani, Hastie, Narasimhan,
and Chu[(2002). The method of nearest shrunken centroids identifies subsets of genes that best
characterize each class. The technique is general and can be used in many other classification
problems. It can also be applied to survival analysis problems.

PAM Software for the R packagée (lhaka and Gentleman, 1996) has been available for some
time now. This manual describes the same software adapted to an Excel front-end. Our goal was
to produce an environment much like that of the SAM (Tusher, Tibshirani, and Chu, 2001) except
with R as the computation engine. A key component that makes this possible is the R DCOM server
by Thomas Baier (sefattp://cran.us.r-project.org/other-software.html ).

The new version PAM 2.0 includes for the first time the “supervised principal components
'method for survival and regression outcomes. This utilizes the R package “superpc”. One can
build gene expression predictors for survival times, and can also compare them to existing clinical
predictors like grade, stage etc.

4 QObtaining PAM

PAM can be freely downloaded from the Inttp://www-stat.stanford.edu/"tibs/
PAM Please note that the Excel front-end isaaldlitionto PAM for R. Therefore, new users must
download both théAM for Rpackage and theAM for Excelpackage.


http://cran.us.r-project.org/other-software.html
http://www-stat.stanford.edu/~tibs/PAM
http://www-stat.stanford.edu/~tibs/PAM

5 System Requirements

PAM for Excel requires:

e The latest updates for your operating system available frtip//windowsupdate.
microsoft.com . To prevent any problems, access this and other Microsoft sites using
Internet Explorer rather than Netscape. Clicking on tReoduct Updateslink pops up
a box that will automate the installation of the latest patches. Beware that several (time-
consuming) reboots are usually needed and you might need administrative privileges to in-
stall the patches. It is generally a good idea to update your system for security reasons any
way.

e Microsoft Excel 97 or higher. We recommend that users install appropriate Microsoft Office
service packs that are available frdnp://officeupdate.microsoft.com . Of-
fice 97 users are especially encouraged to do so; there are two service packs for Office 97.
The Office 97 service packs are not easy to find; one often has to search the Microsoft web-
site to access them.

e The latestversion dR. This is freely available from the web-sté&p://www.r-project.
org . Use any of the mirrors and download a Windows executable version. The installation
is very simple; one has to merely run the setup program.

Please note that people have reported some problemsPaith for Excelwhen multiple
versions of R as installed on the same computer. If that is the case with your computer, you
might want to uninstall all but the latest version.

We have tested this version (1.20) of software with R version 1.7.1 on the following platforms:
Excel 97 and Windows NT, Excel 2000 and Windows 98, Excel 2000 and Windows ME, Excel
2000 and Windows XP, Excel 2002 and Windows XP.

6 Installation

Prior to version 1.20, the installation BAM for Excelwas quite involved. One had to install an R
package and follow it up with the installation of the PAM Excel addin.

The installation/removal is far simpler now, and will be for future versions. However, those
of you who are upgrading from earlier versionsREM for Excelshould follow the instructions
below quite carefully to avoid problems.

6.1 New installation

If you have not installedPAM for excebefore, this section is for you.


http://windowsupdate.microsoft.com
http://windowsupdate.microsoft.com
http://officeupdate.microsoft.com
http://www.r-project.org
http://www.r-project.org

Double click on thepamsetup.exe file and follow the instructions. If all went well, PAM
will be automatically available the next time you fire up Excel.

6.2 Upgrading from Previous Version

If you had previously installed an older versionRAM for Excel(i.e., a version earlier than 1.20),
this section is for you.

1. Fire up Excel and click on thEools menu. ChoosAddins and uncheck the box against
the phrasérediction Analysis for Microarrays or Pam

2. Use theControl Panel  to uninstall PAM software. If you are asked if shared compo-
nents should be kept and not discarded, elect to keep them as a conservative measure, unless
you are really hard-pressed for space.

3. Fire up R. In the command window, type the commamedhove.packages("pamr")
This will remove the R package.

4. Double click onpamsetup.exe and follow the instructions. PAM will be automatically
loaded the next time you fire up Excel.

7 Uninstalling PAM

To uninstallPAM for Exce] choose thé&ninstall PAM for Excel item from thePrograms
menu.

8 Documentation

After PAM has been installed, the manual is also available as a PDF file in the subdirdatory
of the PAM installation directory.

If you don’t already have a PDF reader installed, you can do so from the wehttte
/lIwww.adobe.com

9 Examples

Some examples of the use of PAM are in the direc@iProgram Files\PAMVB\Examples
in the default installation. All the examples contain essentially one dataset, that described in the

PNAS paper. They are meant to familiarize the users with the format in which PAM expects the
data.

We briefly describe the examples below.


http://www.adobe.com
http://www.adobe.com

khan Thisis the data discussed in the PNAS paper (Tibshirani et al.| 2002). It contains two sheets,
the data on one sheet and prediction data on another.

khan-missing  The same data as above with some missing values.

khan-multi The same data as the first but spread over multiple sheets. This allows one to
overcome the limitation of 256 columns in a single worksheet in Excel.

khan-multi-missing Same data as the one before with some missing values.

survival A dataset with censored survival times.

Instructions on using PAM on these examples is discussed in s¢ction 12.

10 Data Formats

The data should be put in an Excel spreadsheet. The format should be familiar to users of SAM.
PAM now handles three kinds of problems: a standard classification problem, survival analysis
and regression.

Standard Classification Problem PAM requires the training data set to contéltass Labels
Optionally, Sample LabelsandBatch Labelscan be specified when available. Although sample
labels are optional, they are highly recommended for identifying samples in PAM output. These
can appear in the first few rows of the data set in any order; all remaining rows have gene expression
data, one row per gene. The columns represent the different experimental samples.

e The first few rows can contain the class labels, sample labels and batch labels, in any order.
The last two are optional, but the class labels are required. The data must start at column 3.
See the examples for details.

e The remaining lines contain gene expression measurements one line per gene. We describe
the format below.

Column 1 This should contain the gene name. It is for the user’s reference.

Column 2 This should contain the gene ID, for the user’s reference. Note that the gene ID
column is the column that is linked to the SOURCE website by PAM. Hence a unique
identifier (e.g. Clone ID, Accession number, Gene Name/Symbol or LocusLink ID)
should be used in this column, if SOURCE web-site gene lookup is desired.



Remaining Columns These should contain the expression measurements as numbers. Miss-
Ing expression measurements can be left blank or codétAai$ desired. (The latter
Is done easily in a good editor editor or in Excel. In Excel, to change blank fields to
NA choose all columns, pull done tB&lit menu, choos&eplaceand themothing
(Blank)  with NA).
The expression measurements need not start directly after the label rows. They can start
further down. For example, rows 1 and 2 can contain the sample and class labels and
row 15 can be the start of the expression data. The intervening rows will be ignored.

Survival Analysis and Regression Problems For survival analysis, the data format is the same

as above, except that in lieu 6lass Labels one specifieSurvival time andCensoring status

Survival times must be real numbers, in any units (days, months etc.); the censoring indicator
can be coded as 1=event (e.g. death) and O=censored), or as “uncensored” and “censored”. For
regression, one specifies teitcome. For both suvrival and regression problems, sample labels

are not required but highly recommended. If you want to compare the gene expression predictor
to other competing predictors, sample lalbralsstbe present. Batch labels are optional as before.

10.1 Batch Labels and Batch Adjustment

When batch labels are specified, PAM adjusts the data for the estimated batch effect. Specifically,
a one-way analysis of variance is carried out for each gene, with batch as the grouping variable.
The residuals from this ANOVA are the adjusted data. In other words, each gene is centered to
have mean zero within each batch.

10.2 Normalization of experiments

Different experimental platforms require different normalizations. Theretbesyser is required
to normalize the data from the different experiments (columns) before running PAM

PAM does not do any normalizatiorl

For cDNA data, centering the columns of the expression matrix (that is, making the columns
mean equal to zero) is often sufficient.

For oligonucleotide data, a stronger calibration may be necessary: for example, a linear nor-
malization of the data for each experiment versus the row-wise average for all experiments.

11 Handling Missing Data

PAM checks for missing values and imputes them if needed. Currently, the only engine that is used
is K-Nearest Neighbor. The default set up usd$ nearest neighbors. Here’s is a description of

9



how it works.

K-Nearest Neighbor In the other (default) option — missing values are imputed usitgaarest
neighbor average in gene space (defau 10):

1. For each genghaving at least one missing value:

(a) LetS; be the samples for which gen&as no missing values.

(b) find thek nearest neighbors to geneusing only samples; to compute the Eu-
clidean distance. When computing the Euclidean distances, other genes may have
missing values for some of the samplgsthe distance is averaged over the non-
missing entries in each comparison.

(c) impute the missing sample values in genasing the averages of the non-missing
entries for the corresponding sample from theearest neighbors.

2. If a gene still has missing values after the above steps, impute the missing values using
the average (non-missing) expression for that gene.

If the number of genes is large, the near-neighbor computations above can take too long. To
overcome this, we combine the K-Nearest Neighbor imputation algorithm viRéecarsive
Two-Means Clusteringprocedure:

1. If number of geneg is greater tham,,.. (default 1500):

(&) Run a two-means clustering algorithm in gene space, to divide the genes into
two more homogeneous groups. The distance calculations use averages over non-
missing entries, as do the mean calculations.

(b) Form two smaller expression arrays, using the two subsets of genes found in (a).
For each of these, recursively repeat step 1.

2. If pisless tham,,.., impute the missing genes using K-Nearest-Neighbor averaging.

This imputation part is actually self-contained and will appear in the near future as a stand-
alone R package.

12 Running PAM: classification problems

It is best to familiarize yourself with PAM using the examples provided. We’'ll assume that you
have loaded the data in the example klen-missing.xlsinto Excel. Generally, to begin, you
highlight an area of the spreadsheet that represents the data by first clicking on the top-left corner
and then shift-clicking on the bottom right corner of the rectangle. Then, click on the PAM button
in the toolbar. See illustration in figufé 1.

A dialog form shown in figurg]2 now pops up. Several input parameters have to specified.

10
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PAM Version 1.20

Khan Test Data

Figure 2: The PAM Dialog Box
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Class Labels Enter the row number that contains the class labels. For the Khan data example we
have provided, this is row 2.

Sample Labels Sample labels are optional, however, they are highly recommended. They allow
one to identify sample predictions in plots and other output. Therefore, it is possible that
they may be mandatory in the future.

The Khan data example has sample labels in row 1.

Batch Labels Batch labels are optional. If specified, they force a batch adjustment. This is useful
when combining expression data from different experiments.

An example file hame&hanbatch.xls containing batch labels is distributed with the
software . It has batch labels in row 1 class labels in row 3, sample labels in row 2.

Imputation Engine One can type in the number of neighbors required for the imputation. The
default is 10.

Web Link Option PAM can hyperlink worksheet cells to source database. The default is to do
no hyperlinking. (Some users of SAM worried that when they clicked things by accident
Stanford was “snooping” their genes! So we chose this default). There are several choices
for the criterion to search by, all self-explanatory.

Additional Sheets Additional sheets can be specified to overcome the Excel limitation of 256
columns. Control-click to make multiple selections.

Click the OK button to do the analysis. After some timé&AM Controller dialog shown in
figure[3 pops up. When tHeAM Controller is active, all input is directed to it (it is modal!). One
can dismiss this dialog any time. When needed it can be resurrected by clickingfeANhePlot
Control  menu button in Excel (right next to tH&AM Button).

If you had any missing data in your spreadsheet, a new worksheet with the same name as the
original sheet but suffixed bymputed) containing the imputed dataset is added to the workbook.
This data can be used in subsequent analyses to save time. If there is no missing data, this work-
sheet is not added. Note that since PAM addglimputed) suffix to an existing sheet name, it is
important that the existing sheet name not be too long. Otherwise, an error will occur.

PAM adds three more worksheets to the workbook. The one cBidd Plots will contain
plots that can be produced. The sheet naRéill Output will contain the list of significant genes
when it is asked for.

The remaining sheet callééAM Worksheet (Do Not Edit!) is used for writing intermediate
calculations and data used for plotting. The user can inspect this worksheet to see what the values
that were computed by R. As the name of the sheet warns, it is not meant to be edited; the columns
in this worksheet are linked to plots and changing anything could clobber a plot. One can use
the data to generate other plots as needed. Each column in this worksheet has a header field

13



that describes the column. Moving the mouse over any header field will provide a more verbose
description of what the column was used for.

PAM Menu

Restart | Exit Menu |

Training IEruss Validation | Test Set Prediction | Settings |

Plok: Tiramning Error | Plok Suryival Strata

[Misplay Confusion Mats Plotzentrofds st Sigmificant FEnes

Plot suryival Curves

Figure 3: The PAM Controller

12.1 Training the Classifier

When the PAM Controller first appears, the only thing one can deam the classifier. Just click
on the train button and the training should be done. Once the training is done, some other buttons
in the controller are enabled and a text field appears for settingtteshold. See figuré 4.

Here is an explanation of the controls.

Current Threshold is a textbox where one enters a threshold value to use for shrinkage and for
prediction. Until this is done, many of the other buttons are disabled.

The choice of the threshold is typically made after a judicious examination of training errors
and the cross-validation results.

Train will train the classifer. This is always the first step.

14



PAM Menu

Restart | Exit Menu | Threshold

Training | Cross Validation | Test Set Prediction | Settings |

Plot Training Error | Plot suryival Strata

Display Confusion Matrix Plot Centroids List Significant Genes

Plot suryival Curves

Figure 4. The PAM Controller after training

15



S10|d INVd :S @inBi4

[ e e |

ploysan ) ploysan)
¥

o
o

n
=1

10113 uopeasse IS
-
=
103 Buery

S At et oA ae asaeacoaeome -

£101d A [2NPIAIPU 3014 10143 Buures |

ploysayy
[

29/¢061'0 6/053E0 FEE9ZL O "qoid 0 0
EE] 19 ssep EEEEEEEEED 3
opnqus|q 1oyd LICBLFEFD D @
a5 ONY yoq| Isenued 0 0

D 18sPO )l 10017 Sse) SWY| 8N Sm3
sBupag [aweN sbumass {52 Z=ploysaiyl) xupep ucisnjuog Bujulell

10113 uopeIy|SSERSIY

C/F06L°0 BL059E°0 ¥BESZL O ‘qoid o
Sse|y £99999991 0
259569800
woa Isenuod i

D 18sPO 8)el 10017 sse)

10Id AD lle1sA0

e

S|X'BUISSIW-URYY - [29XT 3JOS0IOIN

16



s10ld INVd @0 :9 a.nbi

= | I__| | ] Apeay
[Beg==-%-F-¢ BPBECO \ -2k |9 4 ~meq|
/3G Invd FSs101d Iy ¥ (P3390 o) Siom Wd ) SBumes lnvd ) (peandun)seq uewy W 4

" ]
s|dwes £5

0z [IE] 05 g 0g 0z ol il 5|

LA A AL L S LTS

e S - 90
anl L} L] [l
[HVER] = (] .
9. a0

sane

qeqedd AD
u
&8

mane

.
-
sai

siauEn

mane

- shane Tl

¥l

- S0 &%

- - o (5£:Z=PIoUsa1UL) SPRIIGRAOId PaYepIeA-SS0ID =

zne

o
&

o

-— s

- PETETY

= e 9p21E0  Z9/70BLD B/0S9E0 PEESTLO "qo1d4 0 0z 0

[ S aN| sad 19 ssep SEEEEEEEED L an

(1o ajdwies) uopnguisIq Jobid LgZBPERDD L @ el

- - — e 6909EVZIE 189S ONY yioq| isenued 0 0 0 14

SEEESSS 1BA IOSHO i D 185 sjeljougssel))  SWH BN SM3I 18| paipaldient |
zsbumaeg :awep sbumag (g4 'g=PloysadyL) xuepy uoisnyued Bujure L

S

oowmo
mooo

— - mianae

e [EES)

9r/LED 29/606L0 B/0S9ED PEBIZLO “qo1d 0 14 o0
an Sh3 a=| S an EIE] 13 ssepn £99999991 D L ol
(1o ajdwies) uopnguisIq Jobid 7759569800 L [
£909EVZEE 1885 INY yi0q 1senuo) 0 0 o0
SEEESSS 1BA IOSHO i D 180 @lell0uIsse)  SWH| BN SMI 18] pasipaidiani)
LsBumasg awep sb (82r99 Z=Ploysa.L L) XLJRW UOISIIUOD AD

@wooo
»
2
o

A S S

-
n
b
.
.

d [ o [ W [w 3 [\ [ r Hsl 3 T Talalal ¥

- qif_mé
¥ e f|==is “2s|m===|0 7 a|<cui]= ey [ JBlI0U0 Wid e (@) = oMy < B oo sBmtsvupeER0RE
__ﬂ_m_ﬂ 1oy diEH MOPURR 3BT S|00T 3ewitd 3esul MR WpT &E [
SX*BUISSIW-UEL - [20X] 1JOS0I0IN B

17



Plot Training Error  will plot the training error and place the plot in tRAM Plots sheet.

Confusion Matrix button will output a training confusion matrix for a given threshold. The ma-
trix is deposited in th&AM Plots sheet as we decided not to fatten the workbook with yet
another additional worksheet. (This means that some of the plots could be obscuring the
confusion matrix!) If a threshold has not been entered already, then you are asked to enter
one.

Cross Validate will do a balanced 10-fold cross validation to enable one to choose a threshold
that minimizes classification errors.

Plot CV Curves will plot the misclassification errors obtained by cross-validation for various val-
ues of the threshold.

Plot CV Probabilities will plot classification probabilities for a specified threshold.

Plot Centroids will plot the shrunken centroids for a specified threshold.

List Genes will list the significant genes in the format described in sedtion|12.4.

Predict Test Set can be used to predict a test set. More on this in seftion 12.2.

Plot Test Error can be used to plot the prediction errors for a number of values of the threshold.

Plot Test Probabilities will plot the class probabilities for each sample in the test set for a speci-
fied threshold.

Show Prediction will create a worksheet with the prediction confusion matrix, if computable,
and a list of actual and predicted class labels along with the prediction probabilities for each
class.

The last four buttons are used in prediction and are further described in gectipn 12.2.

We emphasize that almost all of the button controls may appear to be enabled or disabled
depending on the stage of the analysis. For example, the bRltdrCV Probabilities remains
disabled until one has performed the cross validation and entered a valid threshold.

Please note that one can produce a number of plots and there is the very real problem of screen
real estate. Often one plot can get obscured by another. Furthermore, some generated plots usually
are more comprehensible when resized.

All the interactive capabilities that Excel provides for plots are available to the user. Of course,
these can only be exploited when one exitsP#éM Controller  menu because all events are
directed to the controller when it is active.

Figureg b anfl]6 show some of the plots produced by PAM for the khan data example.
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PAM Prediction Dialog

Drag out test data range by clicking on the underscore at the right corner of the
first field. Go to the workskeet containing the lest date ond select the region as
you did for the training data. Then click ouce again or the spreadsheet icon in

the field to come back to this dialog. The defoult values for other fields are
those that you specified for the training doia.

Do not include gene id and gene name columns!

Test Set Range _
Class label row 2
Sample labels row 1 {(Cofional
. 3
Expression data row
(1] 4 Cancel

Figure 7: The PAM Prediction Dialog
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12.2 Test Set Prediction

Before venturing into prediction, we note that the test data set for prediction is expected to have the
same number of genes as the training data set. All or some class labels cells for the test set can be
empty butthe class labels row must exiSimple labels are once again optional but recommended

so that one can identify the samples in prediction output. If specified, none of them should be
empty.

To predict class labels for a new test data set, one first clicks oRridict Test Setbutton.

A new dialog—seg¢|7—pops up. To select a test sample, one clicks on the underscore to the right
of the Test Set Rangdield. This has the effect of replacing all other dialdgmporarilywith a

new one with a spreadsheet icon at the right of the field. You can now navigate through various
sheets and select an area for prediction. If you were following along using the examgleafile
missing.xls there is a test data set available in the sheet nd#has Test Data. Click on the cell
containingTestl , scroll down to the right corner and then shift click on the right corner of the
data set. It is important that the selected area not contain the gene names or ids. After selecting the
area, click on the spreadsheet icon and you will get back to the previous dialog.

The rows containing class labels, sample labels and start of expression data are by default
assumed to be what one specified for the training set. They can be edited or changed depending on
your test data set.

Clicking on theOK button will prepare PAM for predicting the test set. If all goes well, the
buttons in the last row are all enabled.

At this point, one can plot the test errors and, if the threshold is set, plot the predicted proba-
bilities for the test set. Clicking on th&how Prediction button produces an output sheet with a
detailed summary. If the test data set contained all class labels, a confusion matrix is printed at the
top of the sheet. If the test data contains a few missing labels, they are highlighted in red color.
Sed 8.

12.3 Using data in Multiple Sheets

The maximum number of columns one can have in an Excel worksheet is 256 colthnsygh
V). If you have more than 256 samples, you can arrange the data in multiple sheets before invok-
ing PAM.

For example, consider the situation where you have 5000 genes and 300 samples. Assume you
don’t have sample labels or batch labels. Per the data format required by PAM, this means that the
data set would contais00 + 2 = 302 columns and 5001 rows. The extra two columns contain the
gene name and identifier and the top row contains the class labels.

One possibility is to put the first 256 columns in one sheet and the remaining 46 in another
sheet. Ora 100, 100, 102 split over three, not necessarily contiguous worksheets, is also possible—
it is your call. Then, highlight the regions in each sheet as usual by clicking on the top-left corner
of the rectangle and shift-clicking on the right-bottom corner. Then switch back to the sheet that
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contains the gene names and ids.

PAM must be invoked from the sheet that contains the gene names aRdildee to do so will
result in all kinds of hell breaking loose.

The PAM dialog will offer you the option of choosing the additional sheets. Control-click on
the sheets that contain the additional data. Proceed as usual after this point.

If any of then input sheets contains missing data, please note that PAM wilhagdhebets with
the prefix(Imputed).

12.4 Format of the Gene Listing

The gene listing has the following format:

ID The gene ID specified in the second column selected data rectangle. This is for the user’s
reference and is linked to the SOURCE website if so desired.

Gene Name The gene name specified in the first column selected data rectangle. This is for the
user’s reference.

These columns are followed by the centroid scores for the various classes specified in the data
set.

13 Running PAM: Survival analysis and regression

We give a briefer description of the survival and regression problems, highlighting the places where
they differ from the classification setting.

13.1 Basic idea of supervised principal components

Supervised principal components is a generalization of principal components regression. The first
(or first few) principal components are the linear combinations of the features that capture the
directions of largest variation in a dataset. But these directions may or may not be related to an
outcome variable of interest. To find linear combinations that are related to an outcome variable, we
compute univariate scores for each gene and then retain only those features whose score exceeds a
threshold. A principal components analysis is carried out using only the data from these selected
features.

Finally, these “supervised principal components” are used in a regression model to predict the
outcome. To summarize, the steps are:

1. Compute (univariate) standard regression coefficients for each feature
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2. Form a reduced data matrix consisting of only those features whose univariate coefficient
exceeds a threshold theta in absolute value (theta is estimated by cross-validation)

3. Compute the first (or first few) principal components of the reduced data matrix
4. Use these principal component(s) in a regression model to predict the outcome

This idea can be used in standard regression problems with a quantitative outcome, and also
in generalized regression problems such as survival analysis. In the latter problem, the regression
coefficients in step (1) are obtained from a proportional hazards model. The PAM handles these
two cases: standard regression and survival data.

There is one more important point: the features (e.g genes) which important in the prediction
are not necessarily the ones that passed the screen in step 2. There are other features that may
have as high a correlation with the supervised PC predictor. So we compute an importance score
for each feature equal to its correlation with the supervised PC predictor. A reduced predictor is
formed by soft-thresholding the importance scores, and using these shrunken scores as weights.
The soft-thresholding sets the weight of some features to zero, hence throwing them out of the
model. The amount of shrinkage is determined by cross-validation. The reduced predictor often
performs as well or better than than the supervised PC predictor, and is more interpretable.

Thus the user should think of the analysis in two distinct stages. In the first sthgeskold
is chosen, yielding a supervised principal component predictor which is fit to test data. Note that
this predictor has non-zero importance scores (loadings) for all genes. In the second stage, a
shrinkage  parameter is chosen, to reduce the number of genes with non-zero loadings. This
reduced predictor is the fit to test data. Hopefully, it will perform as well as the full predictor and
will use far fewer genes.

This two-stage view provides a useful way to consider the results from a microarray analysis.
First it looks for a global predictor than captures the overall prediction information in the genes.
Then it looks for a subset of genes that show the strongest correlation with this overall predictor.
This process separates out the discrete feature selection step, and acknowledges that there may be
many different gene sets that produce similar models over the data.

To summarize:

Steps in a typical supervised PC analysis

1. Training: compute Cox survival scores for each gene
2. Cross-validation use cross-validation to estimate best score threshold

3. Testing:use this threshold to construct the supervised PC predictor and apply it to predict test
data. Examine survival curves for the discretized predictor and the output from multivariate
model.

4. As a second stage, seek a reduced model by soft-thresholding the loadings. Form the result-
ing “reduced” supervised PC predictor and see how well it predicts.
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13.2 Opening screen

For survival analysis problems, you are askedSarvival Time andCensoring Statusinstead

of Class Labels For regression analysis problems, you will be asked foab&ome variable

Sample labels are not required in general, but are required if a comparison to competing predictors
is desired (details below)

13.3 Training, Cross-validation and Test Set Prediction

Here is an explanation of the controls.

Current Threshold is a textbox where one enters a threshold value to use for shrinkage and for
prediction. Until this is done, many of the other buttons are disabled. For survival or regres-
sion, this is the threshold for the univariate score that correlates each gene with the outcome.
Specifically- the Score statistics from the proportional hazards model for survival data, and
the standardized regression coefficient for regression problems.

The choice of the threshold is typically made after a judicious examination of training errors
and the cross-validation results.

Train will train the classifer. This is always the first step.

Plot Training Error  will plot the log-likelihood ratio statistic from the proportional hazards or
linear regression supervised principal components fit, and place the plot RA¥ePlots
sheet. Note that high values are better, in contrast to misclassification error.

List Gene scoreswill list the significant genes. The format is geneid, genename, importance
score- the loading of each gene on the supervised principal component, and the raw score-
the univariate score of each gene with the outcome.

Princ comp number of gene scoress where the user must choose which of the first 3 supervised
principal components (1,2 or 3) is to be used to compute gene important scores. The scores
are the loadings (inner products) of each gene with the supervised principal component.

Decorrelate with competing allows the user to first decorrelate the expression data from compet-
ing predictors (such as clinical stage, grade etc), before training the model. This encourages
the procedure to find a gene expression-based predictor that is independent of the competing
predictors. The training data for competing predictors are entered in a separate spread-
sheet, with the format shown on the “Get competing predictors” Dialog Box. An example is
given in thesurvival ~ workbook. Note that predictor names must contain only letters and

digits, with no spaces. In thEest set prediction menu,Decorrelate with
competing decorrelates the test set expression data from the test set competing-predictor
data.
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Fit with competing allows the user to compare the gene expression-based predictor to competing
predictors (such as clinical stage, grade etc) on test data. The test data for the competing
predictors are entered into a separate spreadsheet, with the format shown in the “Input Com-
peting Predictors” Dialog Box. An example is given in thevival  workbook. Note that
predictor names must contain only letters and digits, with no spaces. The user can choose
Fit with competing , whether or not they have decorrelated the expression data before
training. If they have decorrelated the training data, the will be reminded to also decorrelate
the test data, before proceeding with test set predictions.

Cross Validate will do two balanced 3-fold cross validations to enable one to choose a threshold
that maximizes the log-likelihood ratio statistic. The two cross-validations are then com-
bined.

Plot CV Curves will plot the log-likelihood ratio statistic. obtained by cross-validation for vari-
ous values of the threshold.

Seek reduced modelapplies soft-thresholding of variogirinkage  amounts to the gene load-
ings, to yield predictors that use a subset of the genes.

Plot reduced model will plot the log-likelihood ratio statistic. obtained by cross-validation for
various values of the shrinkage parameter. reshold s fixed a teh value entred in
the threshold box.

Predict Test Set can be used to predict a test set. More on this in seftion 12.2.

Plot Test Error can be used to plot the prediction errors (log-likelihood ratio statistic) for a num-
ber of values of the threshold.

Response Prediction plotcreates a plot and summary for the predictive model. For survival anal-
ysis, these are Kaplan-Meier curves for the categorized predictor, discretized at the appropri-
ate percentiles of the training data. For regression, this is a plot of predicted vs actual values.
Note that for survival test data, the cutpoints from the training set are used in the test data.
When the number principal components is bigger than 1, the results for individual compo-
nents are shown, as well as tbembined predictor that uses a weighted average of
all components (weights determined by the predictive model fit to the training data)

Output Prediction info Output the predicted value for each test sample, and summaries of the
proportional hazards or regression models that have been fit to test data.

Shrinkage value This Box allows the user to define a shrinkage value for soft-thresholding the
gene loadings. This produces a model that uses fewer genes. This reduced model is then
used if any of thePlot Test Error , Response Prediction plot or Output
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Prediction info buttons are pressed. The results, including the number of genes in
the reduced model, are listed in the prediction worksheet.

Number of Survival Classessetting indicates how many survival classes (2, 3, or 4) are to be
used in discreting the supervised PC predictor forRkesponse Prediction plot

Number of Principal components setting indicates how many supervised principal components
(1,2 or 3) are to be used in the predictive models.

13.4 Learning competing predictors from expression data

Since traditional clinical predictors liketage , grade andblood pressure  are often pow-

erful and useful, it is of interest to ask whether they can be “learned” from expression data. That is
whether a gene expression-based model can accurately predict them. The PAM package has all of
the tools needed to do this. For categorical competing predictor (eg. stage) , one would run PAM in
classification mode, with the competing predictor as the class label. For a quantatitive competing
predictor (like blood prressure), one would run PAM in regression mode. Finally the predicted
stage andblood pressure  can be used as competing predictors in PAM, in for example, a
model to predict patient survival. We have only briefly experimented with this idea, but it does
seem to have potential.

14 Details of the R Excel Connection

A forthcoming document will provide more details on how to build applications using the R DCOM
server.

15 Frequently Asked Questions

15.1 General Questions

1. How is PAM licensed?
PAM is distributed under the GNU Public License 2.0.

2. Is there a version of PAM that works on Macintosh computers?

We have not tried it on Macintoshes. We know that SAM works on a Windows emulator
on Macs such as Virtual PC from Connectix Corporation. So the same is probably true for
PAM. Let us know if it does and we’ll update this answer.
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15.2 PAM Registration Questions

1. I registered for PAM and | have still not received an email confirming my registration.

This is most likely due to your email server being down. Hundreds of requests have been

successfully sent out to people. Our registration server tries every hour to remail the pending
requests.

If you do not receive your registration user-id and password within the day, you may always
register again and use another email address that works.

15.3 Installation, Uninstallation Questions
1. How do I uninstall PAM?

With the current and future versions, the uninstallation process is very simple. Click on
Start , thenPrograms and choosé&Jninstall PAM for Excel from the menu.

With versions of PAM prior to 1.20, the process is more involved. One pretty much reverses
the steps in the install process. However, please make sure you do it in the following order.

(a) Firstyou must unlink PAM from the list &ddins loaded into Excel. The list of addins
is available by choosing th&ddins item from theTools menu.

(b) PAM can be uninstalled via ti@ontrol Panel. Double ClickAdd/Remove Programs
and double click orPrediction Analysis of Microarrays.

(c) To be complete, you should also uninstall #%&M for R package by typing in an R
command windowemove.packages("pamr")

2. How do | install a newly released version of PAM? Do | just install it on top of the old
version?

Installing new software on top of old versions is a good way to hose your Windows machine.

If you want to preserve the little sanity that Windows has, you must first uninstall the old
version and then install the new version.

3. When | install PAM, | get an error that a library was not registered. However, at the end,

the program says that the installation was successful. Does this mean that PAM is installed
correctly?

No! Anytime an error occurs, it means that PAM is not installed properly. The problem
must be fixed before you can rely on PAM working for you. This often happens when the
prerequisites are not met. See sedfipn 5.

4. | am using office 97. Where can | download the Service packs for it?
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The last time we looked, it was at the following URitp://office.microsoft.
com/downloads/9798/sr20ft9/detail.aspx

If you don't find it there, search for the wordffice97 service releasat the web-sithttp:
/[office.microsoft.com . Beware these things keep being moved around!

15.4 PAM Usage Questions

1. PAM generates an error saying that it could not start the R server. What can | do?
For, versions prior to 1.20:

e Please make sure you have installed R!
e Please make sure you have installed the R package!

Remember thaPAM for Excel is a front-end taPAM for R and so the latter is needed.
For versions 1.20 and higher, this is probably a bug.

2. PAM generates an error when | run it on my dataset. What should | do?

The Excel R DCOM connection is quite brittle and is easily broken. In general, DCOM
errors can be hard to debug.

e Please make sure that your data is formatted exactly as described in §egtion 10. Par-
ticular attention needs to be paid to the class labels, sample labels or batch labels as
described in sectidn 12. It is easy to misspecify these rows.

For prediction, it is imperative that you not include the gene id and gene names columns—
they are implicit.

e Please make sure that you have chosen your data area appropriately as disgugsed in 12.
It is easy to highlight the wrong area or accidentally highlight unwanted cells.

e Have you installed several versions of R? We've seen some problems in such situations.

3. My plots are no longer interactive. Help!

When the PAM controller is active, all input is directed to it. To get interaction with plots,
exit the PAM Controller and click on the plot you want to interact with.

4. PAM generates an error saying that an illegal name was specified for a sheet.

Does your workbook have long names for worksheets? You might want to change such
names to shorter ones. There is a limit on the length of names for worksheets. The current
version is not very intelligent about naming sheets and it will be improved in subsequent

versions.
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10.

PAM generated an error. Now when | get back into Excel, | have several PAM buttons. Help!
This is an annoying bug that we doubt we can ever fix satisfactorily.

For versions below 1.20, fire Excel up again uncheck the PAM Excel addin. Quit excel.
Then bring up Excel again and check the addin. That should take care of the problem.

For version 1.20 or higher, just fire up Excel, exit and fire it up again. The multiple buttons
will go away.

PAM gave an error message:

The R server said this:
There is no package called ‘pamr’.

This can only happen with versions below 1.20. You did not instalP#k! for Rpackage.
We suggest upgrading to version 1.20 as outlined in section 6.2.

How come probabilities don’t add to 1 in the PAM Worksheet?

They do. Excel has the bad habit of rounding numbers for presentation purpose8.9hus
can appear as if there isn’t enough space to display two digits. Select the cell containing
the value and you can see the actual number.

| get pound signs (#) where | expect numbers. Why?

Excel will display pound signs in cells where it cannot fit the actual values. Just enlarge the
cell width and you should see the values.

How do | interpret the probablity plots?

Suppose you have three classes A, B and C. For each sample, three numbers plottted: the
prediction probability for class A, that for class B and for class C. Thus for a single sample,
threey values will be shown in different colors. The predicted class is the class correspond-
ing to the highest probability.

We also order the probability plot so that there would be three panels for the three-class
example. The panels are usually labelled.

When doing prediction, an extra panel is added, containing those samples for which no class
labels were specified. This panel is labelled “Unspecified.”

How large a dataset can PAM handle?

There is really no hard limiper sein PAM. Excel itself has some limit on the number of
rows and columns it can handle. There are additional overheads involved in marshalling the
data between Excel and the core of PAM. Therefore, the practical limit is lower. In general,
the more memory you have, the larger problems you can handle.
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11.

12.

13.

14.

15.

16.

How do | know what PAM is doing? Why don’t | see a Progress Bar?

At this point, there is no mechanism to show progress when one is deep in R computation.
This should be possible in the near future though, given some new developments. For now,
until the computation ends, successfully or in error, one has to simply wait.

This document does not answer my questions. Where should | look?

As we get asked new questions, we update this list of frequently asked questions with an-
swers. Please visit the unktp://www-stat.stanford.edu/ tibs/PAM where

you may find further information.

Where is the PAM manual?

It should be located il€:\Program Files\PAMVB\doc in the default installation. If
you used a different directory, then it should be in the analogous place.

In the worst case, search for the filam.pdf.

Where are the examples?

They should be located in thé:\Program Files\PAMVB\Examples in the default
installation. If you used a different directory, then it should be in the analogous place.

In the worst case, search for the fidean.xls.
What does the gene hyperlink lookup do? Does it mean that my identified genes are snooped
by Stanford?

The web lookup facility is provided merely a convenience. By default, it is off. One doesn'’t
have to use it.

Please remember that all websites have logs and surely your query gets recorded somewhere.
But as to what happens to it, we cannot answer as we have really no affiliation with that site.

So the bottom line is that if you are really concerned, you should just refrain from using that
feature.
Where can | go for help if | just cannot get PAM to work?

We are very interested in making PAM work for all users. However, before reporting prob-
lems or bugs, we'd really like you to make sure that the problem is really with PAM. The
following checklist should help.

e Please make sure you have installed all the prerequisites. See §éction 5.

¢ If the problem is with PAM usage, please make sure that you have formatted your data
exactly as mentioned in the PAM manual.
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¢ If you are having problem on a particular type of data, please make sure that you have
formatted the response labels appropriately and have chosen the correct applicable data

type.

If you still cannot get PAM to work, send email fmmm-bug@stat.stanford.edu
with complete details including

(a) The error message

(b) The system you are using (Windows 95, Windows 98, Windows ME, Windows NT or
Windows 2000)

(c) Whether you have installed all the prerequisites mentioned in the PAM manual.
(d) The dataset you used that generated the error.

16 Technical Details- Classification

16.1 Details of the centroid shrinkage

Let z;; be the expression for genés= 1,2,...p and sampleg = 1,2,...n. We have classes
1,2,... K, and letC} be indices of they, samples in clask. Theith component of the centroid for
classk is z;, = Zjeck z;;/ni, the mean expression value in cldsfr gene;; theith component
of the overall centroid ig; = Z}‘Zl zij/n.
In words, we shrink the class centroids towards the overall centroids. However, we first nor-
malize by the within class-standard deviation for each gene. Let
Tik — Ty

mypg - S;

wheres; is the pooled within-class standard deviation for gene

57 = o _1 K Z Z(% — Zi)*. (16.2)

k 1€Cy

andmy; = /1/n; — 1/n makes the denominator equal to the standard error of the numerator in
d;x. Thusd;, is a t-statistic for gené comparing class to the other classes.

One important detail—in the denominator of the statistigsin (16.1) we add (the same)
positive constant, to each of thes; values. This guards against the possibility of ladgevalues
arising by chance, from genes at very low expression levels. Wg squal to the median valug
over the set of genes. A similar strategy was used in the SAM methodology of Tusher, Tibshirani,
and Chu[(2001), although instead of the median it chooses the quantile ef ¥iakies in an
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adaptive fashion. For this reason in the two-class case, the genes scores in SAM and PAM can
differ a little.
We can write

Tip = Tj + mysidyy, (16.3)
Our proposal shrinks eaethy, towards zero, giving/;, and new shrunken centroids or prototypes

The shrinkage we use is calledft-thresholdingeachd;; is reduced by an amoudt in absolute
value, and is set to zero if its absolute value is less than zero. Algebraically, this is expressed as

diy, = sign(die) (|din] — &) (16.5)

where + meanspositive part(t, = tif t > 0, and zero otherwise). Since many of thg
will be noisy and close to the overall meap soft-thresholding produces “better” (more reliable)
estimates of the true means (Donoho and Johnstone, [1994a; Tibshirani, 1996).

It has the nice property that many of the components (genes) are eliminated as far as class
prediction is concerned, if the shrinkage paramétas large enough. Specifically if for a gene
1, d;, 1S shrunken to zero for all classés then the centroid for gengeis z;, the same for all
classes. Thus genedoes not contribute to the nearest centroid computation. We chbdse
cross-validation.

Note that the standardization byabove has the effect of giving higher weight to genes whose
expression is stable within samples of the same class. This same standardization is inherent in
other common statistical methods, such as linear discriminant analysis (see[seclion 16.4).

16.2 Choosing the amount of shrinkage

The Plotcv  button plots cross-validation error as the shrinkage parameisrvaried. Shown
along the top of the plot is the number of genes retained (for the training data) at that particular
threshold.

We use balanced 10-fold cross-validation, ensuring that the classes were distributed evenly
among the 10 folds.

From this we choose a threshold value to select a list of gene?®hecentroids button
plots the shrunken differencdg; for only the genes having at least one non-zero difference.

16.3 Class probabilities and discriminant functions

We classify test samples to the closest shrunken centroid, again standardizing\eyalso make
a correction for the relative abundance of members of each class.
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Suppose we have a test sample (vector) with expression levelz7, 73, .. . ;). We define
thediscriminant scordor classk

p * _ ozl 2
op(x*) = Z M — 2log 7y, (16.6)

=1 ¢

The first part of[(166) is simply the standardized squared distancetofthe kth shrunken cen-
troid. The second part is a correction based on the giass probability 7, wherez,lf:1 e = 1.
This prior gives the overall proportion of clagsn the population. The classification rule is then

C(z*) = Cif §(z*) = miny dg(z*) (16.7)

If the smallest distances are close and hence ambiguous, the prior correction gives a preference for
larger classes, since they potentially account for more errors. We usually estimajelthe¢he
sample priorst, = ni/n. If the sample prior is not representative of the population, then more
realistic priors can be used instead, or even uniform prigrs 1/K.
We can use the discriminant scores to construct estimates of the class probabilities, by analogy

to Gaussian linear discriminant analysis:

s e~ 20k(@") 16.8

pr(z*) = W (16.8)

The Plot CV Probs button displays these probabilities, for each sample, for each class. At each
ascissa value, the class probabilities for a given sample are plottedPrétiet Test Setbutton
computes these probabilities for a test set.

16.4 Relationship to other approaches

The discriminant score$ (16.6) are similar to those used in linear discriminant analysis (LDA),
which arise from using th®ahalanobismetric in computing distance to centroids:

PN @) = (2 — 2) "W (2" — 7p) — 2log . (16.9)

Here we are using a vector notation, dndis the pooled, within-class covariance matrix. With
thousands of genes and tens of samples{ n), W is huge and any sample estimate will be
singular (and hence its inverse is undefined) Our scores can be seen to be a heavily restricted form
of LDA, necessary to cope with the large number of variables (genes). The differences are that

e we assume a diagonal within-class covariance matri¥ffqrwithout this LDA would be
ill-conditioned and fail.

e Wwe use shrunken centroids rather than centroids as a prototype for each class.

34



e as the shrinkage parametérincreases, an increasing number of genes will redléheir
dy, =0, k = 1,..., K due to the soft-thresholding i (16.5). Such genes contribute no
discriminatory information in[ (16]6), and in fact cancel[in (16.8)

Both our scoreq (16.6) and (15.9) are effectiviehgar in the z;. If we expand the square in
(16.8), discard the terms involving? (since they are independent of the class ind@xd hence
do not contribute towards class discrimination), and multiply-2y we get

p

- x<r 1 L4 x 2
on(z*) = Z Zs—;k -5 Z ;’; + log 7, (16.10)

i=1 v =1 ¢

which is linear in ther;. Because of the sign change, our rule classifies to the ladgest).
Likewise the LDA discriminant scores have the equivalent linear form

< 1
OEPA(x) = 2T Wz, — 55;;Tw—1;z; + log (16.11)

Both/Golub et al.[(1999) and Hedenfalk et al. (2001) present linear scoring procedures for the
two-class problem, which are very similar to each other, and also similar to our procedure and
hence LDA in the two-class case. Both methods essentially work by

1. selecting a set of genes based on a two-sample t-statistic, and then
2. forming a linear classifier in the selectedusing these t-statistics as weights.

We describe each in turn, using our own re-expression and terminology, but remaining faithful to
the original in each case.

Hedenfalk et al. (2001) use a standard t-test at levelselect differentially expressed genes in
two breast cancer types. They then construct a “compound covariate” class predictor, which they
threshold to classify a sample into one of the two classes. Their compound covariate is

ha®) = ) t] (16.12)

i€S(a)

wherez* is the gene expression vector for the sample to be classifisthe t-statistic for compar-
ing the two classes in the training data at lewebndS(«) is the subset of genes with a significant
t-statistic at levetv. They use as a threshold the same compound formala applied toz-) /2.
Now _ _

L1 — T42

fy= L2 (16.13)
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wheres; is the pooled within-class standard deviation for géms before, and hence (ignoring
constants im; andns)

H@) = h(') - b2
Ty — Tio)w; Ti — Zi2) (Tin + Tip
Ly GusE s G Gt

1€S(a) i€8(a)

(16.14)

They classify to class 1 iff (z*) > 0, else to class 2.

Golub et al. [(1999) use a very similar procedure. They screen the genes using the absolute
value of a “correlation measure” _ _
Ti1 — T42
S+ Sia
wheres;; ands;, are the class-1 and class-2 standard deviations for géltes is very similar to
a t-statistic, using a somewhat unorthodox estimate of the common standard deviation. They then
form a “weighted vote”, which amounts to using the linear function

pi = (16.15)

% «  Til T T2
o) = Xt - T
1€5(m)
- ¥ (Tin — Tip)a] 3 (Za — Tiz) (Tar + Tio)
iesSem) O T Siz iesm) i T Si2 2

(16.16)

Again, if G(z*) > 0, we assign to class 1, else class 2. The actual screening procedure used by
Golub et al.|(1999) is fairly complex, and depends on a parame{éne number of genes retained
per class)m is determined by cross-validation.

We can re-express our linear discriminant scores for the two class case. Rather than picking
the maximum ofé, (z*) and d,(z*), we can form the difference and threshold at zero. These
differences, after a little manipulation, can be seen to be

lz*) = 51(x*) — 52(31:*)
(@1 - jb)ﬁ (@1 - j22) (T3 + j;2) ™
-y Gy

log —
5 —l—og7T2

i€S(A) i€S(A) @

(16.17)

The sums are over the s&€tA) of genes remaining after soft-thresholding. Here it is clear that if
both genes are shrunk to the overall mean, they drop out of the sum.
The procedures are similar in form but differ in the detalils.

36



e The LDA score uses a pooled variancein the denominator, whereas the other two use
standard deviations. The variance is the natural quantity to use since it arises from the
squared standardized distance.

e The selection methods are different. Both Golub et al. (1999) and Hedenfalk et all (2001)
usehard thresholding of the t-statistics as the basis of selection (hard thresholding selects
only those genes whose t-statistics falls above a threshold). Our selection is based on soft
thresholding of t-statistics. Soft thresholding is known to perform better in other settings,
see e.g. Donoho and Johnstone (1994b).

e We use cross-validation to selekt and Golub et al! (1999) use it to select theirWe could
not determine whethér Hedenfalk et al. (2001) use cross-validation to ag{getould be
reasonable to do so).

e Our procedure can adjust the classification according to the class prior probabilities.
e Our procedure produces probabilities (16.8) for each of the classes.
e Our nearest prototype procedure works for more than two classes.

With more than two classes, nearest shrunken centroids soft-thresholds all of the differences be-
tween the class centroids and the overall centroid. In the process, it chooses different sets of genes
for characterizing each class.

We saw in Section 16|3 that our nearest prototype scpres| (16.6) are a restricted form of the
LDA scores|(16.9)

SFPA(2*) = (2% — 2p) "W (2" — 7).
Sincep > n, the within-class covariandd’ is singular, and so this solution is undefined. Nearest

shrunken centroids makés diagonal which solves the singularity problem; in addition it shrinks
thei’k.

17 Technical details- supervised principal components

The main references for this technique are Bair and Tibshirani (2004) and Bair et al. (2004).

17.1 Extracting supervised princapl components

We assume there agefeatures measured a¥ observations (e.g. patients). L¥tbe anN x p

matrix of feature measurements (e.g. genes),atiek NV-vector of outcome measurements. We
assume that the outcome is a quantitative variable; below we discuss other types of outcomes such
as censored survival times. Here in a nutshell is the supervised principal component proposal:
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| Supervised principal components

1. Compute (univariate) standard regression coefficients for each feature

2. Form a reduced data matrix consisting of only those features whose univariate coefficient

exceeds a thresholtin absolute valuei(is estimated by cross-validation)
3. Compute the first (or first few) principal components of the reduced data matrix

4. Use these principal component(s) in a regression model to predict the outcome

We now give details of the method. Assume that the columnX df/ariables) have been
centered to have mean zero. Write the singular value decompositiraef

X =UDV7? (17.1)

whereU, D,V are N x m, m x m andm x p respectively, anan = min(N — 1, p) is the rank
of X. D is a diagonal matrix containing the singular valdesthe columns olU are the principal
components:, us, . . . u,,; these are assumed to be ordered sodhat d, > ...d,, > 0.

Let s be thep-vector of standardized regression coefficients for measuring the univariate effect
of each gene separately gn

(17.2)

with ||z;|| = (/2T z;. Actually, a scale estimate is missing in each of the;, but since it is

common to all, we can omit it. Lef, be the collection of indices such that| > 6. We denote
by X, the matrix consisting of the columns Xf corresponding t@’y. The SVD ofX, is

Xy = UgDgVy (17.3)

Letting Uy = (ug.1, ug2, - - - ugm), We calluy; the first supervised principal componentXf and
so on. We now fit a univariate linear regression model with respgise predictotiy ;,

G =G+ 4 g,y (17.4)

Note that since ; is a left singular vector aKy, it has mean zero and unit norm. Herice- ugly,
and the intercept ig, the mean of (expanded here as a vector of such means).

We use cross-validation of the log-likelihood (or log partial-likelihood) ratio statistic to esti-
mate the best value éf
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Note that from|[(17]3),

U, = X,VyD,"
= X,W,. (17.5)

So, for exampley,; is a linear combination of the columns Xfy: uy; = Xpwy,. Hence our
linear regression model estimate can be viewed as a restricted linear model estimagd! k&g
predictors inXy:

gl = g+ Xogwg, (17.6)
= 7+ Xof, (17.7)

wheres, = Ywg 1. In fact, by paddingus; with zeros (corresponding to the genes excluded by
Cy), our estimate is linear in afl genes.
Given a test feature vectat, we can make predictions from our regression model as follows:

1. We center each component.of using the means we derived on the training data:«—
Tt — ;.
7 J

2. =G+ 4 w;Twos =7+ x5 Ba,

wherez;j is the appropriate sub-vector of.

In the case of uncorrelated predictors, it is easy to verify that the supervised principal com-
ponents procedure has the desired behavior: it yields all predictors whose standardized univariate
coefficients exceed in absolute value.

Our proposal is also applicable to generalized regression settings, for example survival data,
classification problems, or data typically analyzed by a generalized linear model. In these cases
we use a score statistic in place of the standardized regression coefficiepts jn (17.2) and use
a proportional hazards or appropriate generalized regressi (17.4)¢;(Betbe the log-
likelihood or partial likelihood relating the data for a single predictgrand the outcomeg, and
let U;(5o) = dl/dB|s=p,, 1;(B0) = —d*¢;/dB% 5-5,- Then the score statistic for predictphas
the form

(17.8)

Of course for the Gaussian log-likelihood, this quantity is equivalent to the standardized regression

coefficient (17.R).
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17.2 Importance scores and a reduced predictor

Having derived the predictar, ;, how do we assess the contributions of thiadividual features?
We compute th@mportance scoras the inner product between each centered feature that has been
selected andy ;:

imp; = (; — ij)T, Ug1) (17.9)

This is proportional to the loading for that gene. Featyragth large values ofimp,| contribute
most to the prediction aof.

In some applications we would like to have a model that uses only a small number of features.
For example, a predictor that requires expression measurements for a few thousand genes is not
likely to be useful in a everyday clinical settings: microarrays are too expensive and complex for
everyday use, and simpler assays like RT-PCR can only measure 50 or 100 genes at a time. In
addition, isolation of a smaller gene set could aid in biological understanding of the disease.

There are a number of ways to obtain a series of reduced models. One would be to apply the
lasso Tibshirani| (1996) to the datX, y°*°). The LAR algorithm Efron et al. (2004) provides
a convenient method for computing the lasso solutions. One drawback of this approach is that
the series of models will typically involve different sets of features, and this can be difficult for a
scientist to assimilate.

Here we take a simpler approach. We define

lhea = Y U (17.10)

[imp |>~

where/; = u;;flmj/dl, the loading for theth feature {; is the first singular value from the SVD
(17.3)). This predictor keeps only features with importance scomslarger, and weights these
features by their loadings. We illustrate this idea in the next section.
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