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1 Important Announcement

To foster communication between SAM users and make new announcements, a new Yahoo group
has been established. See http://groups.yahoo.com/group/sam—-software.

2 Summary of Changes

The following are changes since the initial release of SAM 1.0.

2.1 Changes in SAM 5.0

We built a new web application using Shiny. We have written instructions on how to use this new
application in section [7] and removed instructions for the previous version. Slight changes have
been made when calculating the estimated miss rates, false discovery rate, and g-values. We now
use exact delta values that is specified, rather than an estimated delta value that is closest to it.


http://groups.yahoo.com/group/sam-software




The method for estimating the tail strength standard error was changed. The existing method
produced estimates that were generally too small.

2.8 Changes in SAM 2.21

e SAM now reports the overall tail strength for the dataset on the SAM plot. See Taylor and
Tibshirani (1995)- http://www-stat.stanford.edu/ tibs/ftp/tail.pdf for details.

e A bug in the plotting routine that bombed when there were more than 32,000 points (a
limitation of Excel) was fixed.

e Some better error reporting was added.

2.9 Changes in SAM 2.20

e A new facility for assessment of sample sizes has been added!

e For time course data, SAM now uses the internal standard error of the slope or signed area
from each time course (thanks to Kate Rubins for the suggestion).

e As aresult, for unpaired time course data, it is now allowable to have only one time course
in one or more classes. SAM computes the gene scores but warns the user than the SAM
plot and FDRs will be unreliable. [Since there is not enough data to carry out permutations].
Similarly for paired and one class time course data.

2.10 Changes in SAM 2.10

e Added more thorough error checking of the input data response row (1)

e Sped up the computation of the significant gene list, and made local FDR computation op-
tional in the controller window. The default is now false, which speeds up the gene list
computation.

e Fixed some small bugs

2.11 Changes in SAM 2.01

Version 2.01 corrects several problems since release 2.0. We believe it is much improved as a
result.

e Fixed One-sample case bug where a large number of samples resulted in large storage allo-
cations



e Fixed small problem with gene list and qvalues, when only 1 gene called significant
e Fixed problem with g-value, when only positive (or negative ) genes are significant

e Fixed the validation checks when data is in multiple sheets

2.12 Changes in SAM 2.0

This is a major new release of SAM. The numerical computations are now done using the R
package samr version 1.0. In addition there are many new features:

e Facilities for two class, one class and paired time course data

e Non-parametric tests- wilcoxon and rank regression

Pattern discovery via eigengenes

Local false discovery rates, and miss rates

A faster, more accurate imputation engine

Changes were made in estimation 7y for the multiclass option, and in the score for the
quantitative section. See section [12]for details.

Due to changes in the internals of SAM, results using SAM 2.x will be close to, but not exactly
those obtained with earlier versions of SAM.

2.13 Changes in SAM 1.21

Two bugs were fixed.

e A bug relating to what SAM perceives as a large number of permutations was fixed. The
default was very naive.

e A bug in adding the imputed data sheets for multiple sheets was fixed.

2.14 Changes in SAM 1.20

e SAM can now handle a large number of samples. Input data can span several sheets (con-
tiguous or non-contiguous). An example file, named twoclassbig.x1ls included with
the distribution.

e A bug in the calculation of FDR for paired data, with a fold change specified, was fixed.

Versions 1.16—1.19 were skipped.



2.15 Changes in SAM 1.15

Bugfix release. A bug that caused SAM to bomb during the calculation of 7y was fixed.

2.16 Changesin SAM 1.13

Bug fix release. A bug was fixed in the calculations for Censored Survival data. Everyone is
advised to upgrade to this version.

2.17 Changes in SAM 1.12

This is mostly a bug fix release. Users of SAM 1.10 should immediately upgrade to this release.

e Bug fix: An error in the calculation of the fold-change was fixed. The criterion for applying
fold-change to significant genes was also corrected. We thank alert users for catching this.

e By popular request, a new column called Fold Change has been added to the significant
genes list. This applies only to Two-class and Paired responses. Where the fold change
cannot be calculated, it is flagged with an NA for “Not Applicable.”

2.18 Changes in SAM 1.10

e Bug fixes: a serious bug in the imputation was fixed. The bug caused some data to be
imputed with the value 65535. A symptom of this bug was that the plot would have a strange
appearance due to the scaling.

e A new facility for block permutations has been added, to handle different experimental con-
ditions such as array batches. See section

e In cases where the total number of possible permutations is small, the full set of permutations
is used rather than a random sampling.

e The “threshold” now is replaced by a “fold change” criterion, and now handles logged (base
2) and unlogged data appropriately. The fold change applies only to two-class or paired data.

e We have added a new output column to the significant gene list: the “g-value”: for each gene,
this is the lowest False Discovery Rate at which that gene is called significant. It is like the
well-known p-value, but adapted to multiple-testing situations. ()-values were invented by
John Storey [6].

e The reported False Discovery Rates are now lower and more accurate than in Version 1.0.
They are scaled by a factor 0 < 7y < 1, that is now displayed on all output. See Section
and reference [6]].



e Significant gene ids are now linked directly to the Stanford SOURCE web database. Several
options for search are provided. Default is by gene name.

e For two-class and paired data, one must now specify whether data is in log-scale or not.
e Stricter checks on response variable values are now performed.
e Several efficiency issues have been addressed.

e The web version of SAM is no longer under development. Hence we have removed it from
this manual. The old version still works for the time being, and the version 1.0 manual
contains documents it.

Due to changes in the internals of SAM, results using SAM 1.10 will be close to, but not exactly
those obtained with SAM 1.0.
We have also updated the FAQ with the latest information. See section [I3]

3 Introduction

SAM (Significance Analysis of Microarrays) is a statistical technique for finding significant genes
in a set of microarray experiments. It was proposed by Tusher, Tibshirani and Chu [9]. The
software was written by Michael Seo, Balasubramanian Narasimhan and Robert Tibshirani.

The input to SAM is gene expression measurements from a set of microarray experiments, as
well as a response variable from each experiment. The response variable may be a grouping like
untreated, treated (either unpaired or paired), a multiclass grouping (like breast cancer, lymphoma,
colon cancer), a quantitative variable (like blood pressure) or a possibly censored survival time.
SAM computes a statistic d; for each gene ¢, measuring the strength of the relationship between
gene expression and the response variable. It uses repeated permutations of the data to determine
if the expression of any genes are significantly related to the response. The cutoff for significance
is determined by a tuning parameter delta, chosen by the user based on the false positive rate. One
can also choose a fold change parameter, to ensure that called genes change at least a pre-specified
amount. See section [12

4 Examples

If you download the SAMR package from CRAN, some examples are stored inside inst folder.
We will upload examples in a separate place for convenience soon. These examples are meant to
familiarize the users with the format in which SAM expects the data.

We briefly describe the examples below.



Two Class An example of two class, unpaired data.
Two Class (Missing) Anexample of two class, unpaired data, with missing data.

Two Class (Blocked) An example of two class, unpaired data, with experimental blocks
defined.

Two Class (Big) Anexample of two class, unpaired data with multiple sheets

Two Class (Unpaired Timecourse) Anexample of two class unpaired timecourse data
Two Class (Paired Timecourse) An example of two class paired timecourse data
Paired An example of paired data.

One Class An example of oneclass data.

One Class (Timecourse) An example of one class timecourse data

Multi Class An example of multiclass response.

Survival Anexample of censored survival data. Note the format of the labels in the first row!
Quantitative An example of quantitative data.

Pattern Discovery Anexample of data for pattern discovery

Two Class Sequence An example of two class, unpaired data from RNA-seq experiments.

Paired Sequence An example of two class, paired datafrom RNA-seq experiments.

Instructions on using SAM on these examples is discussed in section

5 Data Formats

The data should be put in an Excel spreadsheet. The first row of the spreadsheet has information
about the response measurement; all remaining rows have gene expression data, one row per gene.
The columns represent the different experimental samples.

e The first line of the file contains the response measurements, one per column, starting at
column 3. This is further described below in section 5.1l

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






ratio from two labelled samples hybridized to a cDNA chip, with green denoting before treatment
and red, after treatment. Here the response measurement is redundant and is set equal to all 1s.

A Time course response means that each experimental unit is measured at more than one
time point. The experimental units themselves can fall into a two class, one class, or a two-class
paired design. SAM summarizes each time course by a slope or a signed area, and then treats
the summarized data in the same way as it treats a two class, one class, or a two-class paired
design. In Pattern discovery, no explicit response parameter is specified. Instead, the user specifies
the eigengene number, eg 1,2, etc. SAM then computes that eigengene (principal component) of
the expression data, and treats that eigengene as if it were a quantitative response. It looks for
genes that are highly correlated with that eigengene and also reports the eigengene itself. The only
difference with a quantitative response is the way in which permutations are generated (details
later).

5.2 Example Input Data file for an unpaired problem

The response variable is 1 = untreated, 2 = treated. The columns are gene name, gene id,
followed by the expression values.
The first row contains the response values.

1 1 2 2 1 1 2 2
GENE1 GENEIDI101 7.64 -050 -195 10.12 -10.77 -447 -7.65 7.58
GENE2 GENEID102 38.10 486 7.87 -13.59 -979 -1346 -891 -5.07
GENE3 GENEID103  21.15 596 320 -474 -370 -12.35 -10.17 0.63
GENE4 GENEID104 187.21 -23.81 16.76 14.10 -99.76 -89.11 -10.92 5.52

Table 2: Example Dataset for an unpaired problem

Note that there are two blank cells at the beginning of line 1. The gene expression measure-
ments can have an arbitrary number of decimal places.

5.3 Block Permutations

Responses labels can be specified to be in blocks by adding the suffix BlockN, where N is an integer,
to the response labels. Suppose for example that in the two-class data of section |2 samples 1,3,5,7
came from one batch of microarrays, and samples 2,4,6,8 came from another batch. We call these
batches “blocks.” Then we might not want to mix up the batches in our permutations of the data,
in order to control for the array differences. That is, we’d like to allow permutations of the samples
within the set 1,3,5,7 and within the set 2,4,6,8, but not across the two sets. We indicate the blocks
(batches) as follows:
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7 Running SAM

Download the samr package in R. Load in samr library and type in runSAM () to run SAM. Once
the SAM interface is up, upload an .xIsx data file by clicking on the Choose File button. Note
xls file will not work any more. The data has to follow the format specified in [5] Then, you
need to select the type of response variable, data type (microarray vs. sequencing), analysis type
(individual genes vs. gene sets), and if desired, any of the values of the default parameters. Each of
the response types require different selections and some buttons will appear and disappear based
on the response type. Figure [I|shows different selections for the quantitative option. You need to
provide a .gmt file to perform gene set analysis.

If you press the Run button, a result screen as in figure [2j will appear. Under the SAM Plot
tab, a SAM plot will show up. Positive significant genes are labelled in red and negative significant
genes are in green. The Delta Table tab lists the number of significant genes and the false
positive rate for a number of values of A. The Sample Size tab gives information on FDR and
power for various sample sizes.

Once the Run button is clicked, another panel shows up as shown in the figure These
parameters can change the values in plots and tables. For instance, you can change the A parameter
and examine the effect on the false positive rate. If you want a more stringent criterion, you can
try setting a non-zero Minimum fold change parameter (see section[I2|for details). Changes
in these parameters is reflected right away in the plots and tables and do not require you to press
the Run button again.

To save the results in excel, you need to specify where you want to save and what you want
to name the file and press the Save button. The default is the current directory and a file name
called result. It takes a few seconds to save plots and tables in an excel format. Note that if there is
already an excel file with the same name, the previous file is replaced with a new file. If you have
any missing data in your data, a new worksheet named Imputed Data 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 worksheet is not added.
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Figure 1: Selecting type of analysis to run
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e Gene set collection tab gives general info about the overlap between your list of
genes and the gene set collection.

e 100 or 200 permutations are OK for initial exploratory analysis, but to get accurate estimates
of FDR, we recommend at least 1000 permutations.

e Gene set analysis is only available for response types Two class unpaired, Two class
paired, Survival,Multiclass and Quantitative.

12 Technical details of the SAM procedure

The data is z;;, 7 = 1,2,...p genes, 7 = 1,2,...n samples, and response data y;, 7 = 1,2,...n
(y; may be a vector).

Here is the generic SAM procedure for array data. For sequencing data, the definition of the
score d; is different- see Section|12.5

1. Compute a statistic
T

d; = ci=1,2,... 12.1
SZ‘—FSO ! P ( )

r; 1s a score, S; is a standard deviation, and sg is an exchangeability factor. Details of these
quantities are given later in this note.

2. Compute order statistics d) < d(z) -+ < dp)

3. Take B sets of permutations of the response values y;. For each permutation b compute
statistics d;° and corresponding order statistics dﬁ’) < dz‘g) e < d?‘;’).

4. From the set of B permutations, estimate the expected order statistics by d(;y = (1/B) >, dz‘g
fort =1,2,...p.

5. Plot the d;) values versus the J(i).

6. For a fixed threshold A, starting at the origin, and moving up to the right find the first i = 7,
such that d;) — J(Z-) > A. All genes past ¢; are called “significant positive”. Similarly, start
at origin, move down to the left and find the first ¢ = 75 such that J(Z-) —d) > A. All genes
past iy are called “significant negative”. For each A define the upper cut-point cut,,(A) as
the smallest d; among the significant positive genes, and similarly define the lower cut-point

Cutlow(A).
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e Add §/(0;4/1/n1 + 1/n9) in class 2 to a randomly chosen set of k of these scores.

e Find the cutpoint c equal to the k largest score in absolute value

e Estimate the FDR and FNR of the rule |d;| > c. This is straightforward since we know
which genes are truly non-null (they are the ones that were incremented by )

3. Repeat Step 2 twenty times and report the median result for each k.

SAM does the above calculation for sample sizes n, 2n, 3n and 5n ( assuming the input sample
size factors are 1, 2, 3, 5) and reports the results both graphically and in tables on the SAM output
sheet. This gives the user information on how the FDR and FNR will improve if the sample size
were to be increased.

The user specifies the hypothesized mean difference / and sample size factors si, s, s3, 4
(default 1,2,3,5). SAM then tries sample sizes s1n, Son, S3n, S4N

To get an idea of what values of the mean difference ¢ are appropriate or reasonable, the user
can look at the significant gene list from the SAM analysis. The Numerator column is the mean
difference for each gene.

In SAM version 2.1, sample size assessment is offered only for unpaired, paired, oneclass and
survival data types. For paired data, we take n; = ny = n/2 (remember n is the total sample size).
and all of the above recipe is the same. For one class data, var = o2 /n. For survival data with r;
equal to the numerator of the Cox score statistic, we assume that varr; = o2 /n and we interpret
0 relative to ;. That is for example, if in our pilot data the genes that we call significant have
|r;| > 100 (roughly), we might set § = 100 in our sample size assessment.

Here is an example. We generated some two-class data: 1000 genes and 20 samples, 10 samples
in each of classes. Each measurement was standard Gaussian (i.e. there was no difference between
the groups in the pilot data). We ran SAM (two class unpaired, logged) and entered a mean
difference of log, 2 = 1.0. Thus we are hypothesizing a difference of 2 fold for class 1 versus
class 2, assuming that the data are on a log base 2 scale. The results are shown in Figure [5
Remember that the quantity on the horizontal axis— number of genes— refers to both the
hypothesized number of truly non-null genes, and the number of genes called significant.

We see that, depending on the number of genes truly changed at 2-fold, the sample size should
be increased to 60 or 100, in order to get the FDR down to 10 or 5%. The false negative rate is
consistently low throughout.

12.5 Sequencing data

Data from RNA-seq experiments come in the form of counts for each gene or probe. They are
non-negative and can be very skewed (some large values). In addition, the sequencing depth for
each sample is typically different, creating bias in the counts for that sample. Hence one cannot
simply apply methods designed for microarray data to RNA-seq data.
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Figure 5: Sample size assessment plot
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Some approaches to RNA-seq data use the poisson or negative binomial distributions to model
the counts. While this is useful, we have found that at times it is not very robust or reliable [J5].
Hence we have developed a non-parametric approach to this problem, that involves a) estimating
the sequencing depths b) resampling from the data using these estimated depths, ¢) computing a
non-parametric summary measure (such as the Mann-Whitney-Wilcoxon test) on each resampled
dataset and d) averaging the summary measures over the resamples.

From a macroscopic point of view, this process simply replaces the SAM score d; with a new
score equal to the average summary measure. Then the rest of the SAM procedure, as outlined
above, is the same. We call this procedure “SAMSeq”. When the sequencing option is selected,
SAM carries out this procedure and also outputs the estimating sequencing depths. Full details may
be found in [5]].

13 Frequently Asked Questions

1. SAM generates an error when I run it on my dataset. What should I do?

Most often, errors are due to improper data formats.

e Please make sure that your data is formatted exactly as described in section[5] Particular
attention needs to be paid to the format of the response in the first row as described in

section[3.1]

e Please make sure that the response type you chose in the SAM panel shown in figure |I]
matches the format of your response.

In our testing, about 95% of the problems have been due to the wrong response format.

e [s there a gene with only one or zero non-missing value? If so, the imputation will fail.

2. Why does the random number seed stay the same? Can you not generate a new seed auto-
matically?

The random number seed allows one to reproduce an analysis. By default, it is set to
1234567. However, if one uses the default seed for every analysis, then the same sequence
of permutations are generated. This is not always desirable. It would appear that generating
a seed randomly using the clock or some such mechanism without bothering the user for
input might be better. Not necessarily. If reproducibility is important, then asking the user to
set the seed is preferable so that any analysis can be rerun to confirm results. We have come
down on the side of reproducibility. The user always has a choice of requesting a randomly
generated seed based on the clock by clicking on the Generate Random Seed button. Please
also note that the random number generator seed used in any analysis is always listed in the
output to ensure reproducibility of results.
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