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Large-scale transcriptome profiling studies 
of human health and diseases often involve 
hybridization of multiple samples from 
the same patient (1–3). For each sample, a 
series of experimental steps are performed 
to generate expression data, including 
sample collection, cell isolation, total 
RNA extraction, library preparation, chip 
hybridization, and scanning. The possi-
bility of mislabeling accumulates at each 
step and is further increased when multiple 
lab personnel and/or centers are involved. 
Standard operating procedures (SOPs) 
reduce such errors, but do not completely 
eliminate them (4). For example, from our 
experience with large-scale clinical studies 
of inflammation and host response to injury 
(www.gluegrant.org), which generates 
approximately 1500 arrays every year by 
one experienced research staff, the misla-
beling rate is about 5% even after imple-
menting SOPs. Such accumulated errors 
may degrade the power to detect gene signa-
tures, or even cause misinterpretation of 
the etiology (5). It is therefore important 

to utilize features of the transcriptome to 
track samples from different subjects, as an 
internal measure to prevent inadvertent 
human errors.

One candidate is the coding single 
nucleotide polymorphism (cSNP). SNP 
is genetic variation commonly used in 
association studies to identify individuals 
(6). Previous studies demonstrated that an 
individual can typically be identified from 
global human samples by tens to hundreds 
of informative SNPs or haplotypes (7). 
When genes are transcribed, genetic infor-
mation in cSNPs is passed into mRNAs, 
allowing samples from different subjects 
to be distinguishable. Furthermore, allele-
specific expression, the imbalance between 
allele-specific transcripts, was shown to be 
widespread across human genome (8) and 
manifest cell type-dependent patterns 
(9,10).

Therefore, we hypothesized that cSNPs 
can be used as the intrinsic markers for 
sample tracking. Here we demonstrated 
this possibility using the glue grant human 

transcriptome (GG-H) array, which incor-
porated cSNPs into the array design: for 
each of the approximately 89,000 cSNPs 
in transcribed regions, six probes were 
designed for each allele at -4, 0, and +4 
positions relative to the SNP locus on both 
strands (11).

For the test experiment, we constructed 
a data set of 91 samples from five randomly 
selected subjects in a large-scale study of 
trauma patients. Each patient was sampled 
for three different cell types (T cell, 
monocyte, and neutrophil) and up to seven 
time points (12 h and day 1, 4, 7, 14, 21, and 
28 post-injury). Patient enrollments, blood 
sampling, and microarray hybridization 
were described in References 11 and 12.

Using raw CEL files, we quantified an 
allelic imbalance score (AIS) of each cSNP 
as follows:

where A and a denote the two alleles, and 
Ii, j

A  is the signal intensity of the probe at 
position i  = {-4, 0, +4} of strand j  = {‘+’, ‘-’} 
of allele A. The AIS captures the genotype 
of a homozygous cSNP or the allele-specific 
imbalance of a heterozygous cSNP.

First, we tested if mislabeled samples 
can be detected as outliers. Using 500 
cSNPs with the most variable AIS, we 
performed hierarchical clustering using 
dChip (13). The clustering pattern clearly 
showed that all samples are clustered well by 
subjects, except S89, S90, and S91 (Figure 
1, highlighted in orange). Their distinct 
patterns clearly separate them from the rest, 
suggesting that these samples might belong 
to other subjects. This is further verified 
by reprocessing the three initial samples 
and showing that their redos (S89_2, 
S90_2, and S91_2, highlighted in green) 
cluster correctly with other samples from 
the same subjects. In addition, each of the 
outliers was also detected to have signif-
icant Mahalanobis distance (14) (calculated 
by R function mahalanobis) from the center 
of its mislabeled subject (χ2 test P < 0.05), 
while none of the redos was significant (P 
> 0.1). Overall, this analysis showed that 
the AIS pattern can identify mislabeled 
samples.

Next, we evaluated the number of 
cSNPs required for outlier detection. A full 
spectrum eigen-R2 analysis (15) revealed 
that subject identity is a dominant factor 
in the AIS variance across the whole range 
of the number of cSNPs used (Figure 2), 
with the weight ranging from 93% for 50 
cSNPs, to 87% for 500 cSNPs, and 41% 
for 50,000 cSNPs. We then repeated the 
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hierarchical clustering and Mahalanobis 
distance methods for the top 50 to 10,000 
most variable cSNPs and obtained the same 
separation as using 500 cSNPs (data not 
shown), showing that subjects’ separation 
by AIS pattern is a robust method over a 
broad range of cSNPs.

In addition to the separation by subjects, 
samples can also be clustered by their cell 
types within each subject, as shown in 
Figure 1. However cell type accounts 
only for less than 4% variance for the top 
500 cSNPs (Figure 2), indicating a much 
larger between-subject variance than the 
within-subject variance. Further studies 
are necessary to investigate the extent of 
potential cell-dependent allele-specific 
expression (9).

Here we present an approach to select a set 
of informative cSNPs based on their variance 
of AIS between individual samples in a given 
clinical study. Although the selected cSNPs 
likely include redundant information, this 
approach is simple to implement without 
the requirement of additional information 
of patient genotypes. In addition, since the 
identities of the cSNPs are not used in this 
analysis, a randomization can be performed 
at the array design step to “de-identify” the 
cSNPs to simplify procedures in patient 
recruitment and consent. Therefore, we 
implemented this approach in the simple 
clustering method with Mahalanobis 
distance-based outlier detection for sample 
tracking in our glue grant study.

In terms of whether a different set of 
cSNPs needs to be used for each project 
or whether a minimal and sufficient set 
of cSNPs can be derived that works for 
any project, we recommend a data-driven 
approach as described in the paper to 
identify a set of informative cSNPs for each 
study and use them for sample tracking in 
that study. According to Pakstis et al. (7), 
using DNA samples, ~100 SNPs should 
suffice to identify an individual from a set 
of global samples. However, the detection 
of sample outliers in mRNA profiling 
would require the genes of the cSNPs to 

be expressed in these samples. Since the 
expression of the vast majority of genes is 
tissue-specific, the minimal and sufficient 
set of cSNPs for sample tracking is most 
likely to be tissue-specific as well. Another 
potential consideration with typing a prede-
termined set of cSNPs is the requirement of 
additional patient’s consent. 

The current approach is applicable where 
more than one sample is obtained from each 
patient. However, if the cSNP genotypes of 
the patients are available, it will allow the 
preselection of an optimum set of infor-
mative cSNPs to distinguish individuals 

Figure 1. Hierarchical clustering of the AIS scores of the top 500 most variable cSNPs. Samples are well clustered by subjects (subject color bar: 1–5 denotes 
five patients) and cell types (cell color bar: T, T cell; M, monocyte; N, neutrophil), but not time points (time color bar: 1–7 denotes 12 h, day 1, 4, 7, 14, 21, 
and 28). Three mislabeled samples highlighted in orange (S89, S90, S91) are not clustered with the remaining samples of the same patients, while their 
redos highlighted in green (S89_2, S90_2, S91_2) are clustered correctly.

Figure 2. The percentage of variance explained by the three factors by eigen-R2 analysis (15). The  
x-axis indicates the number of cSNPs with most variable AIS included in the analysis.
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of the study for the outlier detections, 
likely without the requirement of multiple 
samples per patient. The increasing infor-
mation of personal genomes or exomes 
provides the possibility in future studies 
of direct sample tracking using cSNPs as 
intrinsic markers, as long as the proper 
patient consent can be acquired.
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