
Under the null hypothesis of no association between the 
markers and the trait under study, ESi=ni(n+1)/2. 

Our association statistic for any set of k markers is then 
defined as the sum of squared departures of the observed rank 
sums from the expected under no association.

qGTD has mean 1 under no association and is greater than 1 
when there is association between the markers and the trait. 

A greedy screening algorithm is applied to 5 million 
random subsets of markers and reduce these subsets to sets of 
markers that have local maxima of qGTD score.

Markers are ranked by the number of times they are 
retained by the greedy screening based on qGTD.

Objective
For a set of expression traits related to breast 
cancer, find their common regulators or 
inter regulation patterns via linkage AND 
association mapping.

Data: (GAW 15 problem 1)
18 transcripts from Morley et al. (2004) (see Figure 1)
2819 Autosomal SNP from the SNP consortium;
194 individuals from 14 CEPH families.
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2. Linkage Scan

1. Association Scan

Markers: M1, … Mk

Genotypes: G1, G2, …, G3^k

For individuals with genotype Gi, 
compute the rank sums Si

n=56 individuals (founders)

Trait values: t1, …, tn

Ranks of traits: R1, …, Rn

All 194 members of  the 14 CEPH families are used. 

MERLIN (Abecasis et al., 2002): 

o pedwipe: remove unlikely genotypes.;

o Regression-based linkage analysis for quantitative traits (Sham et al., 
2002) was applied with estimated mean, variance and heritability;

o We used linkage map information provided by Sung et al. (2006).

Results
1. Combine association scans with linkage scans
Genome scan results for transcripts are arranged in the rows of Figure 1. 

Black curves: LOD scores (the height of each row—LOD=5); 

Red ticks: top 50 SNPs with the strongest association signal in each row; 

Green triangle: the genome alignment locus of the given expression 
sequence of that row;

Gray dots: alignment loci of other breast cancer related expression 
sequences (found in OMIM, including those were not studied in this 
project).

2. Transcriptional hotspots

Linkage plot: the numbers of times SNPs are identified 
(LOD > 2, p<0.0024) for the 18 expression traits (black
vertical lines) .

Association plot: the numbers of times SNPs are 
identified (top 50 for each trait) (black vertical lines). 

For association plot, identified SNPs are aggregated into 
bins of  ≤ 5 cM by chromosomes. 

Green broken lines: bins with > 5 genetic regulators 
identified (out of a total of 524 bins). 

Red triangle: loci of breast cancer susceptibility genes.

Linkage signals overlap with 3 of these genes (2q, 11q, 
17q); Association signals overlap with 6 of these genes 
(two on 2q, 8, two on 17q, 22). 

Linkage and association overlap: BARD1 on 2q34-35 
and BRCA1 on 17q21. 

Fig 1. Association and linkage scans for the selected 18 breast cancer related 
expression traits.

Fig 2. Transcription hotspots identified by linkage 
and association scans.

3. cis-acting versus trans-acting
Evidence on cis-acting regulators found on several loci 

by association and for the locus of BRCA1;
TP53BP1 (a p53 binding protein) is shown to have a 

genetic regulator near BRCA1 (a breast cancer 
susceptibility gene). Discovered by Rauch et al. (2005), 
53BP1 binds to a promoter region of BRCA1.

Discussion and Conclusion

Transcriptional hotspots may be artifacts 
due to reasons such as highly correlated 
expression traits (Perez-Enciso, 2004; Wang 
et al., 2006). 

Correlation coefficients between all pairs of 
these 18 expression traits are shown in Figure 
3, with the highest value being 0.65. 

Shown in Wang et al. (2006),  it is less 
likely to have false hotspots for traits with 
correlations at this level. 

What we have observed in this article is 
more likely due to true regulatory activities.

Conclusion: a detailed joint study on a set of 
transcripts related to breast cancer, using both 
linkage and association information leads to 
interesting co-regulation patterns.

Fig 3. Correlations among transcripts studied.


