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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 q-values. We now
use exact delta values that is specified, rather than an estimated delta value that is closest to it.
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To do a gene set analysis in SAM, click the Gene sets option for Analysis Type and browse
for the gene set file (.gmt file) that you want to use. You may use any of the gene set files available
at

http://www-stat/stanford.edu/˜tibs/GSA

or one that you construct yourself.
A .gmt file is a tab-delimited text file, with one row per gene set. The gene set name is in

column 1 and the gene set description is in column 2 (this is for info purposes only; just fill the
column with whatever you like). The remaining entries are the symbols for each of the genes in
that gene set.

The entries in the .gmt file must use the same coding as that of column 2 of your expression
spreadsheet.

Further points:

� There are boxes where you can specify minimum and maximum gene set sizes.
Gene sets outside of these ranges are ingored.

� When you run Gene Set Analysis, a message might appear, saying that there was too little
overlap between your gene names and those in the .gmt file. This probably means that you
have not used the same coding for both, or that you have the gene names in the expression
sheet in the wrong column (they should be in column 2)

� When you run a Gene Set Analysis, the SAM plot looks different from the usual plot. Be-
cause the gene sets are usually of different sizes, the gene set scores cannot be directly
compared. Hence we convert each score to a p-value, using separate permutation distribu-
tions for each gene set to estimate FDRs. The Gene Set Analysis plot shows the FDR for
each p-value cutoff, both for positive and negative gene sets. The slider sets the FDR cutoff
that defines upper and lower p-value cutoffs, and the resulting number of significant gene
sets are shown in the top left part of the panel.

� A “Negative” gene set is one in which lower expression of most genes in the gene set cor-
relates with higher values of the phenotype y. For example, two classes coded 1,2, lower
expression correlates with class 2. For survival data, lower expression correlates with higher
risk, i.e shorter survival (Be careful, this can be confusing!)

� A “Positive” gene set is one in which higher expression of most genes in the gene set corre-
lates with higher values of the phenotype y.

� Under Significant Gene Set tab, you get a list of positive and negative sets, and you
can also type the number of each gene set to see the individual genes and their scores.
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� Gene set collection tab gives general info about the overlap between your list of
genes and the gene set collection.

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

� 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 xij , i = 1, 2, . . . p genes, j = 1, 2, . . . n samples, and response data yj , j = 1, 2, . . . n
(yj may be a vector).

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

1. Compute a statistic

di =
ri

si + s0
; i = 1, 2, . . . p (12.1)

ri is a score, si is a standard deviation, and s0 is an exchangeability factor. Details of these
quantities are given later in this note.

2. Compute order statistics d(1) � d(2) � � � � d(p)

3. Take B sets of permutations of the response values yj . For each permutation b compute
statistics d�bi and corresponding order statistics d�b(1) � d�b(2) � � � � d�b(p).

4. From the set ofB permutations, estimate the expected order statistics by �d(i) = (1/B)
P

b d
�b
(i)

for i = 1, 2, . . . p.

5. Plot the d(i) values versus the �d(i).

6. For a fixed threshold �, starting at the origin, and moving up to the right find the first i = i1
such that d(i) � �d(i) > �. All genes past i1 are called “significant positive”. Similarly, start
at origin, move down to the left and find the first i = i2 such that �d(i) � d(i) > �. All genes
past i2 are called “significant negative”. For each � define the upper cut-point cutup(�) as
the smallest di among the significant positive genes, and similarly define the lower cut-point
cutlow(�).

26



7. For a grid of � values, compute the total number of significant genes (from the previous
step), and the median number of falsely called genes, by computing the median number of
values among each of the B sets of d�b(i), i = 1, 2, . . . p, that fall above cutup(�) or below
cutlow(�). Similarly for the 90th percentile of falsely called genes.

8. Estimate π0, the proportion of true null (unaffected) genes in the data set, as follows:

(a) Compute q25, q75 = 25% and 75% points of the permuted d values (if p = # genes,
B = # permutations, there are pB such d values).

(b) Compute π̂0 = #fdi 2 (q25, q75)g/(.5p) (the di are the values for the original dataset:
there are p such values.)

(c) Let π̂0 = min(π̂0, 1) (i.e., truncate at 1). This estimate of π0 is analogous to setting
λ = 0.5 in the π̂0 proposed in [6]. For multiclass data, the scores are all positive, so we
use the 0th and 50th percentiles of the permuted values [NOTE: this was corrected in
version 2.0].

9. The median and 90th percentile of the number of falsely called genes from step 6, are mul-
tiplied by π̂0.

10. User then picks a � and the significant genes are listed.

11. The False Discovery Rate (FDR) is computed as [median (or 90th percentile) of the number
of falsely called genes] divided by [the number of genes called significant].

12. Fold change. Suppose �xi1 and �xi2 are the average expression levels of a gene i under each of
two conditions. These averages refer to raw (unlogged) data. Then if a nonzero fold change t
is also specified, then a positive gene must also satisfy j�xi2/�xi1j � t in order to be called sig-
nificant and a negative gene must also satisfy j�xi1/�xi2j � 1/t to be called significant. When
a fold change is specified, genes with either �xi1 � 0 or �xi2 � 0 (or both) are automatically
left off the significant gene list, as their fold change cannot be unambiguously determined.
When such fold changes are reported in output, they are indicated by NA.

13. The q-value of a gene is the false discovery rate for the gene list that includes that gene and
all genes that are more significant. It is computed by finding the smallest value of �̂ for
which the gene is called significant, and then is the FDR corresponding to �̂.

14. The local FDR for a gene is the false discovery rate for genes having a similar score di as
that gene. It is estimated by taking a symmetric window of 0.5% of the genes on each side
of the target gene, and estimating the FDR in that window. If 1.0% times the total number
of genes in the dataset is less than 50, then the percentage is increased so that the number of
genes is 50.
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12.1 Computation of s0

1. Let sα be the α percentile of the si values. Let dαi = ri/(si + sα).

2. Compute the 100 quantiles of the si values, denoted by q1 < q2 . . . < q100.

3. For α 2 (0, .05, .10 . . . 1.0)

(a) Compute vj = mad(dαi jsi 2 [qj, qj+1)), j = 1, 2, . . . n, where mad is the median
absolute deviation from the median, divided by .64

(b) Compute cv(α)= coefficient of variation of the vj values

4. Choose α̂ = argmin[cv(α)]. Finally compute ŝ0 = sα̂. s0 is henceforth fixed at the value ŝ0.

For Wilcoxon option, rank regression and pattern discovery, the s0 percentile is set at 5%. We
found that this offered better performance than automatic estimation of s0 in these cases.

12.2 Details of ri and si for different response types.
Quantitative response ri is the linear regression coefficient of gene i on the outcome:

ri =

P
j yj(xij � �xi)P
j(yj � �yj)2

(12.2)

where �xi =
P

j xij/n and si is the standard error of ri:

si =
σ̂i

[
P

j(yj � �yi)2]1/2
, (12.3)

and σ̂i is the square root of residual error:

σ̂i =
hP

j(xij � x̂ij)2

n� 2

i1/2
x̂ij = β̂i0 + riyj
β̂i0 = �xj � ri�yj (12.4)

If rank regression is selected, yi and each gene xij are first converted to ranks.

Two class, unpaired data yj = 1 or 2. Let Ck = fj : yj = kg for k = 1, 2. Let nk = # of
observations in Ck. Let �xi1 =

P
j2C1

xij/n1, �xi2 =
P

j2C2
xij/n2.

ri = �xi2 � �xi1
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si = [(1/n1 + 1/n2)f
X
j2C1

(xij � �xi1)
2 +

X
j2C2

(xij � �xi2)
2g/(n1 + n2 � 2)]1/2

If instead the Wilcoxon statistic is selected, The Mann-Whitney (two sample Wilcoxon)
statistic is computed.

NOTE: this was changed in version 2.0; in previous versions we used the regression of the
outcome on gene i. The current version is more consistent with the treatment of other data
types.

Censored survival data yj = (tj,�j). tj is time, �j = 1 if observation is a death, 0 if censored.
Let D be the indices of the K unique death times z1, z2, . . . zK . Let R1, R2, . . . RK be the
indices of the observations at risk at these unique death times, that is Rk = fi : ti � zkg).
Let mk = # in Rk. Let dk be the number of deaths at time zk and x�ik =

P
tj=zk

xij and
�xik =

P
j2Rk

xij/mk.

ri =
KX
k=1

[x�ik � dk�xik]

si = [
KX
k=1

(dk/mk)
X
j2Rk

(xij � �xik)
2]1/2 (12.5)

NOTE: A positive score (red genes in the SAM plot) means that higher expression correlates
with higher risk, i.e. shorter survival. The reverse is true for negative scores (green genes):
a negative score means higher expression correlates with lower risk, i.e. longer survival.

[ We had this wrong in some earlier versions of this manual]!

Multiclass response yj 2 f1, 2, . . . Kg. Let Ck= indices of observations in class k, nk = # in
Ck, �xik =

P
j2Ck

xij/nk, �xi =
P

j xij/n.

ri = [f
X

nk/
Y

nkg
KX
k=1

nk(�xik � �xi)
2]1/2 (12.6)

si = [
1P

(nk � 1)
� (

X 1

nk
)

KX
k=1

X
j2Ck

(xij � �xik)
2]1/2 (12.7)

(12.8)

Paired data yj 2 f�1, 1,�2, 2 . . . � K,Kg. Observation �k is paired with observation k. Let
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j(d) be index of the observation having yj = d.

zik = xij(k) � xij(�k) (12.9)

ri =
X
k

zik/K (12.10)

si = [
X
k

(zik � ri)2/fK(K � 1)g]1/2 (12.11)

One class data yj = 18j.

ri = �xi =
X
j

xij/n

si = f
X
j

(xij � �xi)
2/(n(n� 1))g1/2 (12.12)

12.3 Details of Permutation Schemes
For unpaired, quantitative, multiclass and survival data we do simple permutations of the n values
yj . For paired data, random exchanges are performed within each �k, k pair. For one class
data, the set of the expression values for each experiment are multiplied by +1 or �1, with equal
probability. If blocks are specified, the permutations are restricted to be within blocks, as described
earlier. For pattern discovery, the elements within each row (gene) are permuted separately. This
gives a new data matrix, whose eigenvectors are then computed.

12.4 Assessment of sample sizes
Assessment of sample sizes for microarray data is a tricky exercise. What assumptions should one
make, and what quantities should be provided as output?

Some packages (e.g. the R package ssize) assume that the genes are independent and use the
Bonferroni inequality to set the type I error. Since genes in microarray experiments are far from
independent, this approach seems to be too conservative. They also report the power for each gene.
But how does one interpret this in the context of thousands of genes.

In our approach we start with the output from a SAM analysis for a set of pilot data. From
this we estimate the standard deviation of each gene, and the overall null distribution of the genes.
Then for a given hypothesized mean difference, we estimate the false discovery rate (FDR) and
false negative rate (FNR) of a list of genes. Since the calculation is based on the SAM scores
from permutations of the data, the correlation in the genes is accounted for. By working with the
scores rather than the raw data, we avoid the difficult task of simulating new data from a population
having a complicated (and unknown) correlation structure.Table 6 summarizes the outcomes of p
hypothesis tests of a set of p genes.
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Table 6: Possible outcomes from p hypothesis tests of a set of genes. The rows represent the true
state of the population and the columns are the result from a data-based decision rule.

Called Called
Not Significant Significant Total

Null U V p0
Non-null T S p1

Total p�R R p

Now FDR = V/R and FNR = T/(p � R), power = S/p1 and type I error = V/p0. For
simplicity, we assume that the number of genes called significant (R) is the same as the number of
non-null genes in the population (p1). This implies that 1� power = FDR and type I error=FNR.
Hence conveniently, the FDR can be interpreted as one minus the per gene power, and similarly
for the FNR.

Here are the details of the calculation for the two-class unpaired case. (Below we indicate
changes necessary for other data types). If n1 and n2 are the sample sizes in each group, The SAM
score is

di =
�xi2 � �xi1

si

where

si = [(1/n1 + 1/n2)f
X
j2C1

(xij � �xi1)
2 +

X
j2C2

(xij � �xi2)
2g/(n1 + n2 � 2)]1/2

If non-zero, the exchangeability constant s0 is also included in the denominator (i.e the denom-
inator is si + s0.) If σi is the within-group standard deviation for gene i (assumed to be the same
in each group), then si2 estimates

var(�xi2 � �xi1) = σ2
i (1/n1 + 1/n2)

(we assume that the proportion of samples in groups 1 and 2 remains the same as we vary the
sample size). Hence a shift of δ units in one gene for each sample in group 2 causes an average
increase in the SAM score di of δ/(σi

p
1/n1 + 1/n2). Here is the calculation in detail:

1. Estimate the null distribution of the SAM scores, and the per gene standard deviation σi.
from the set of SAM permutations.

2. For k (the number of truly changed genes) running from 10 to p/2, do the following:

� Sample a set of p scores from the permutation distribution of the scores
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� Add δ/(σi
p

1/n1 + 1/n2) in class 2 to a randomly chosen set of k of these scores.

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

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

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 δ and sample size factors s1, s2, s3, s4
(default 1,2,3,5). SAM then tries sample sizes s1n, s2n, s3n, s4n

To get an idea of what values of the mean difference δ 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 n1 = n2 = n/2 (remember n is the total sample size).
and all of the above recipe is the same. For one class data, var = σ2

i /n. For survival data with ri
equal to the numerator of the Cox score statistic, we assume that varri = σ2

i /n and we interpret
δ relative to ri. That is for example, if in our pilot data the genes that we call significant have
jrij > 100 (roughly), we might set δ = 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 log2 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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