
Fast-track: Calibrating a DNA microarray and testing the calibration with real data 
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Rationale  Although microarrays are extensively used for examining the expression of 

genes, and for detecting single nucleotide polymorphisms (SNPs) and copy number 

variations (CNVs) in genomic DNA, uncertainty remains on the interpretation of 

microarray output.  The reason for this uncertainty is that different signal quantification 

algorithms often yield different interpretations of the same microarray dataset and 

different pre-processing and post-processing steps (normalization and scaling methods) 

can yield different results.  For example, several studies have shown that about 20 to 30% 

of the genes are identified as up- or down- regulated solely depending on the algorithm 

used (2,7,13). We argue that the source of these uncertainty lies in the poor knowledge of 

the physicochemistry of the probe-target hybridizations. Many bioinformatic approaches 

to data analysis deal with assumed "noise" in the experimental data, without properly 

defining it. Alternatively, bioinformatic approaches are based on parameters known from 

the physicochemistry of solution-based hybridizations -- although these have not proven 

to be applicable for arrays where surface interactions play a role (5,11,14,15).   

 Hence, even two decades after the introduction of microarrays, the interpretation 

of the output remains an elusive problem (3,6,12).  In retrospect, a signal quantification 

approach that does capture the behavior of probes on a microarray surface without 

extensive parameterization, normalization, or scaling, would be highly desired because it 

would substantially improve the interpretation of microarray data, eliminate the need for 

confirmatory analyses, such as qPCR (1,4,8), and enhance our ability to understand 

biological systems.  Here we provide such a solution. 

Factoid: Probe behavior on a microarray surface cannot be determined in silico (9,10) 

because every probe on a microarray surface has its own behavior governed by its 

binding affinities to targets, the concentration of the targets in solution, and the extent of 

noise in the fluorescent signal, all of which are unknown.   



Solution: Characterize the behaviors of all probes on a microarray empirically.  This can 

be accomplished by pooling labeled samples, making a dilution series, hybridizing each 

diluted sample to different arrays, and recording signal intensities.  We built three 

programs that users can use to average signal intensities, calculate the hybridization 

isotherm (i.e., the relationship between signal intensity and target concentration), and test 

the isotherm with experimental data.  Below is a synoposis of each program. 

 First software program: Averages the signal intensity of the probes (each probe 

is replicated ten times).  Input files #1 to #6 contain information on the probe identity and 

corresponding signal intensities, from 0.0625 to 2 times the recommended target 

concentration.  The output file contains information on the target concentration, the probe 

identity, the signal intensity average, and the standard deviation divided by average 

divided by the number of probes.  This information is needed for input to calibrate probe 

signal intensities (see next). 

 Second software program: Takes the output from the first program and fits the 

data to three different models (linear, Ln; Freundlich, F; Langmuir, (L)).  The fit of the 

best model is selected based of the R2.  The output of the second program is the probe 

identity, the coefficients of the selected model, the R2 of the model, and the model 

selected.   For example, in the case of Probe A_53_P100398, the probe signal intensities 

(SI) best fit a Langmuir model with the coefficients of 0.00069116 and 0.00325183 with 

a R2=0.997242.  The final formula for this probe is thus: 
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 Third software program: Allows a user to test the models with experimental 

data.  Here, the output file from the second program (containing model parameters) are 

used as input.  Also, the file containing signal intensities from an experiment are used as 

input.  The program determines the relative target concentrations based on the calibrated 

probes as well as provides an error term.  For example, in the case of Probe 

A_67_P18309499, the relative target concentration is 0.861463 dilution units, meaning it 

was less than 1 time of the recommended target concentration of the pooled sample.  The 



error term is 0.0310935, which is the standard deviation divided by square root of the 

number of replicates.  In other words, the error is 3.1%. 

 

 

Figure 1. Signal intensity of raw signal intensities (open circles) and averaged signal 
intensities (closed circles) by the pooled target dilution series.  In this example, the 
probe's behavior was best fitted to the Langmuir model.  Panel A, raw values; Panel 
B, log2 transformed values.    
  

Summary   Calibration and testing of microarray data requires three programs.  The first 

program averages signal intensities of the probes.  The second program calibrates the 

probe dilution series so that signal intensities of each probe is fitted to a model.  The third 

program allows users to test experimental data to determine the relative target 

concentration of a biological sample. 
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