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Introduction

This guide is a reference tool for the
Affymetrix Statistical Algorithms used in
the expression analysis of GeneChip® probe
arrays. It provides the user with a basic
description of the mathematical concepts
behind expression measurements for either
single array or comparison analysis. Please
refer to the References section of this guide
for further information on published
documentation.
The Statistical
implemented in Affymetrix® Microarray

Algorithms  were

Suite version 5.0. Previous versions of the
GeneChip® Analysis Suite and Affymetrix®
Microarray Suite used the Empirical
Algorithms.

GENECHIP® TECHNOLOGY

A GeneChip® probe array is a tool used to
monitor gene expression for thousands of
transcripts. A transcript is represented as a
probe set. A probe set is made up of probe
pairs comprised of Perfect Match (PM) and
Mismatch (MM) cells. The
intensities of each probe pair are the key

probe

ingredients used to make an expression
measurement. This measurement is
calculated for each probe set and is
described in the form of qualitative and
Additionally, the

expression measurements of a baseline and

quantitative values.

experimental array can be compared to

understand the relative change in

abundance of a transcript.

DEVELOPMENT OF THE ALGORITHMS

The Statistical Algorithms were developed
using standard statistical techniques. The
performance was validated using an

experimental design called the Latin
Square. In this experimental design,
transcripts, naturally absent in the complex
background, were spiked in at known
concentrations.

Single Array Analysis

Single array analyses can be used to build
databases of gene expression profiles,
facilitate sample classification and
transcript clustering, and monitor gross
expression characteristics. In addition, the
analyses provide the initial data required to
perform comparisons between experiment
and baseline arrays.

This analysis generates a Detection p-
value which is evaluated against user-
definable

Detection call. This call indicates whether

cut-offs to determine the
a transcript is reliably detected (Present) or
not detected (Absent). Additionally, a
signal value is calculated which assigns a
relative measure of abundance to the
transcript.

DETECTION ALGORITHM

The Detection algorithm uses probe pair
intensities to generate a Detection p-value
and assign a Present, Marginal or Absent
call. Each probe pair in a probe set is
considered as having a potential vote in
determining whether the measured
transcript is detected (Present) or not
detected (Absent). The vote is described by
a value called the Discrimination score {R}.
The score is calculated for each probe pair
and is compared to a predefined threshold
Tau. Probe pairs with scores higher than
Tau vote for the presence of the transcript.
Probe pairs with scores /ower than Tau vote



intensities on expression arrays. During a
Comparison Analysis, each probe set on the
experiment array is compared to its
counterpart on the baseline array, and a
Change p-value is calculated indicating an
increase, decrease or no change in gene
expression. User-defined cut-offs (gammas)
are applied to generate discrete Change
calls (Increase, Marginal Increase, No
Change, Decrease, or Marginal Decrease).

— Robust Normalization

After scaling or normalization of the array
(discussed in the Comparison Analysis
overview), a further robust normalization of
the probe set is calculated. Once the initial
probe set normalization factor s
determined, two additional normalization
factors are calculated that are slightly
higher and slightly lower than the original.
The range by which the normalization
factor is adjusted up and down is specified
by a user-modified parameter called
This
normalization accounts for unique probe

perturbation. supplementary

set characteristics due to sequence
dependent factors such as affinity and
linearity. More specifically, this approach
addresses the inevitable error of using an
average intensity of the majority of probes
(or selected probes) on the array as the
normalization factor for every probe set on
the array. The noise from this error, if
unattenuated, would result in many false
positives in expression level changes
between the two arrays being compared.
The perturbation value directly affects the
subsequent p-value calculation. Of the p-
values that result from applying the
calculated normalization factor and its two
perturbed variants, the one that is most
conservative is used to estimate whether
any change in level is justified by the data.
The lowest value for perturbation is 1.00,
indicating no perturbation. The highest
perturbation value allowed is set at 1.49.
Increasing the perturbation value widens
the range allowed before a change is called.
For example, changes that were called
Increase with a smaller perturbation value,
may be called No Change with a higher
value. A default

perturbation was
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Figure 6. Data analysis output (.CHP file) for a Comparison Analysis illustrating Change
p-values with the associated Increase (I) or Decrease (D) call. Increase calls have Change

p-values closer to zero and Decrease calls have Change p-values closer to one.
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established at 1.1 based on calls made from
the Latin Square data set. The perturbation
factor and the Latin Square data set are
described in more detail in the Affymetrix
Technical Notes referenced in the back of
this guide.

— Change p-value

The Wilcoxon’s signed rank test uses the
differences between Perfect Match and
Mismatch as well as the
differences Match
intensities and background to compute

intensities,
between  Perfect
each Change p-value.

From Wilcoxon’s signed rank test, a total
of three, one-sided p-values are computed
for each probe set. These are combined to
give one final p-value which is provided in
the data analysis output (.CHP file). The p-
value ranges in scale from 0.0 to 1.0, and
provides a measure of the likelihood of
change and direction. Values close to 0.0
increase in
the
experiment array compared to the baseline,

indicate likelihood for an

transcript  expression level in

whereas values close to 1.0 indicate
likelihood for a decrease in transcript
expression level. Values near 0.5 indicate a
weak likelihood for change in either
direction. Hence, the p-value scale is used
to generate discrete change calls using
thresholds. These thresholds will be
described in Change Call section.

-0z D 0939973
-0z [n] 09353935
-0.2 [n] 0999997
-0z D 09937632
-0 [n] 0933697
-0.3 [n] 0933505
0.3 D 1.000000
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0.6 | 0002283
0.9 | 0.000150
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0.4 | 0001246
0.6 | 0000028
0.4 | 0.00zo011
0.6 | 0001140
1.2 | 0000023
0.6 | 0000001

Tunable Parameter Tip:

Increasing the perturbation value can
reduce the number of false changes, but
may also decrease the detection of true
changes. Note: Changing perturbation
factor affects the calculation of the
p-value directly.

— Change Call

The final Change p-value described above is
categorized by cutoff values called
gammal(y,) and gamma2(y,). These

cut-offs provide boundaries for the Change
calls: Increase (I), Marginal Increase (MI),
No Change (NC), Marginal Decrease (MD),
or Decrease (D).

The user does not directly set y, and 7y5;
rather each is derived from two user-
adjustable parameters, YL and YH. In the
of v,, the
parameters are called y,L and y,H (defaults

case two user-adjustable
for probe sets with 15-20 probe pairs: y,L=
0.0025 and y,H=0.0025), which define the
lower and upper boundaries for 7;.
Gamma2 (y,) is computed as a linear
interpolation of y, L and v, H (defaults for
probe sets with 15-20 probe pairs: y, L=
0.003 and y, H=0.003) in an analogous
fashion.

The ability to adjust the stringency of
calls associated with high and low signal
ranges independently makes it possible to
compensate for effects that influence calls
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based on low and high signals. This feature,

however, is not used by default because the
defaults are set as y,L = y,Hand y,L = y,H.

It is important to note that, like in
Detection p-value calculation, the level of
photomultiplier saturation for each probe
pair is evaluated. In the computation of
Change p-value, any saturated probe cell,
either in the Perfect Match or Mismatch, is
rejected from analysis. The number of
discarded cells can be determined from the
Stat Common Pairs parameter.

In summary, the Change algorithm
assesses probe pair saturation, calculates a
Change p-value and assigns an Increase,
Marginal Increase, No Change, Decrease,

or Marginal Decrease call.

SIGNAL LOG RATIO ALGORITHM

The Signal Log Ratio estimates the
magnitude and direction of change of a
transcript when two arrays are compared
(experiment versus baseline). It is
calculated by comparing each probe pair on
the experiment array to the corresponding
probe pair on the baseline array. This
strategy cancels out differences due to
different probe binding coefficients and is
therefore more accurate than a single array
analysis.

As with Signal, this number is computed
using a one-step Tukey’s Biweight method
by taking a mean of the log ratios of probe
pair intensities across the two arrays. This
approach helps to cancel out differences in
individual probe intensities, since ratios are
derived at the probe level, before comput-

ing the Signal Log Ratio. The log scale
used is base 2, making it intuitive to
interpret the Signal Log Ratios in terms of
multiples of 2. Thus, a Signal Log Ratio of
1.0 indicates an increase of the transcript
level by 2 fold and -1.0 indicates a decrease
by 2 fold. A Signal Log Ratio of zero would
indicate no change.

The Tukey’s Biweight method gives an
estimate of the amount of variation in the
data, exactly as standard deviation measures
the amount of variation for an average.
From the scale of variation of the data,
confidence intervals are generated
measuring the amount of variation in the

A 95%

interval indicates a range of values, which

biweight estimate. confidence
will contain the true value 95% of the time.
Small confidence intervals indicate that the
data is more precise, while large confidence
intervals reflect uncertainty in estimating
the true value. For example, the Signal Log
Ratio for some transcripts may be measured
as 1.0, with a range of 0.5 to 1.5 from low
to high. For 95% of transcripts with such
results, the true Signal Log Ratio will lie
somewhere in that range. A set of noisy
experiments might also report a Signal Log
Ratio of 1.0, but with a range of -0.5 to 2.5,
indicating that the true effect could easily
be zero, since the uncertainty in the data is
The
associated with Signal Log Ratio are

very large. confidence intervals

calculated from the variation between
probes, which may not reflect the full
extent of experimental variation.

Figure 7. A representation of a range of p-values for a data set. The Y-axis is the probe set
signal. The arrows on the vertical bars represent the adjustable y values.The y, value is a

linear interpolation of y,L and y;H. Similarly vy, is derived from y,L and y,H.
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