
cancer, the highest scoring bi-clique involved the joint effect of

CYP1A2 genotypes, SULT1A1 genotypes, and UGT1A1 genotypes.

In both races, the algorithm identified combinations of genes

involved in phase I catecholestrogen formation and in phase II

sulfation or glucuronidation in breast cancer etiology. CYP1A1 and

CYP1A2 genotypes are associated with the generation of

catecholestrogens, which have been associated with breast cancer

risk [35]. In addition, SULT1A1 and UGT1A1 act on both

estrogens and catecholestrogens, and therefore the potential effects

of combinations of many genotypes of phase I catecholestrogen

genes and phase II detoxification genes may identify mechanisms

by which multiple genotypes in common pathways may influence

breast cancer risk. In particular, the algorithm applied to empirical

data supports the hypothesis that the formation of catecholestro-

gens in the context of the sulfation and/or glucuronidation of these

compounds may be jointly associated with cancer risk. The

combination of catecholestrogen metabolism genotypes and

sulfation was previously identified in breast cancer risk [30] using

standard logistic regression methods.

In AA endometrial cancer, only one high-scoring bi-clique was

identified with a P-value of 0.0237. This may reflect the relatively

small sample size in this group. This bi-clique involved the joint

effect of CYP1A1*2C genotypes, CYP1B1*4 genotypes, and

SULT1E1 genotypes. CYP1A1 and CYP1B1 are involved in the

generation of catecholestrogens, while SULT1A1 is involved in the

sulfation of both estrogens and catecholestrogens. In EA

endometrial cancer, the highest scoring bi-clique was the main

effect of CYP1A1*2C genotype. This effect was previously reported

by our group[31] in analyses using traditional logistic regression

methods. Therefore, the CHAMBER approach has identified the

main effect of this genotype that was also identified by a standard

analytical approach. The second highest scoring bi-clique

observed here was the main effect of CYP3A4*1B genotypes,

which are associated with increased catecholestrogen formation,

and would therefore be expected to be associated with increased

endometrial cancer risk. This association was also observed in our

earlier paper [31]. This provides an additional assessment of the

CHAMBER algorithm’s ability to identify genotype combinations

Figure 2. Distribution of P-values and Odds Ratios for Four Simulated Datasets. Designated patterns in D2–D4 are shown as large filled
glyphs. Dataset D1 was modeled to have no factors that confer risk of being a case vs. a control. Datasets D2 and D3 contain a 2-gene and a 4-gene
risk pattern respectively. Dataset D4 simulated the situation of etiologic heterogeneity in which disease risk was conferred by different patternsin
different subsamples. The list of all discovered patterns was filtered to include only those with support.5% of cases, odds ratio.1, and P-value,0.05.
P-value was used as the FOM. Note that adding even a single high risk genotype (D2, D3) results in many patterns above the noise level (D1).
doi:10.1371/journal.pone.0004862.g002
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that may be involved in cancer risk that is an extension from our

prior main effects or first order interaction explorations of our

prior research [30].

Etiologic Heterogeneity
When more than one pattern is found to have a strong effect on

disease risk, it is relevant to ask whether the patterns represent

variations of the same risk factor, or distinct risk factors (i.e.,

etiologic heterogeneity). Simulated dataset D4 was designed to

model etiologic heterogeneity. Two disjoint genotype combina-

tions were simulated (i.e., D2 and D3, Figure 2 and Table 2), such

that enhanced risk could come from the D2 or D3 patterns. The

effect of each risk-conferring pattern was simulated such that no

additional risk was assigned to individuals who had both risk

patterns. For D4 (Figure 2), one of the bi-cliques of interest (G03,

G05) ranked first, but the second bi-clique (G01, G02, G04, G06),

with comparable odds ratio and P-value, was ranked tenth.

Etiologic heterogeneity in a ranked list of patterns was also

evaluated. Figure 4 shows the ORs and P-values for all pairwise

combinations of the patterns with OR.1 and P,0.05, as found in

D4 (black dots). Notie that the odds ratios and P-values for both

designated patterns alone in dataset D4 (filled blue) are worse than

the scores for the same patterns alone in the single-risk D2 and D3,

respectively (hollow blue). This is because the 26 2 table for one

pattern is skewed by the risk assigned to the other pattern, and vice
versa. In D3, the people who do not have the pattern found in D3

but do have the pattern found in D2 had a 90% chance of being

controls. When the pattern found in D2 also confers risk as in D4,

those same people have only an 80% probability of being controls.

Thus, counts are shifted from the on-diagonal quadrant to the off-

diagonal quadrant of the 26 2 table, thereby reducing the OR.

In Figure 4, the score for the designated pattern pair ‘‘D2 or

D3’’ in dataset D4 (red) is much higher than its individual

components (filled blue). In fact, ‘‘D2 or D3’’ has the best score of

all individual (green) and paired (black) patterns in dataset D4.

The pair of patterns ‘‘D2 or D3’’ would not have been identified as

the designated pattern by considering D2 and D3 alone because

D3 ranked low for reasons discussed above. We were able to

identify as ‘‘interesting’’ the signal from D3 by examining pattern

pairs for high scores compared with the individual components.

We also evaluated the potential for etiologic heterogeneity in the

empirical dataset. We observed a combination in the AA breast

cancer results that suggested the presence of etiologic heteroge-

neity. The three highest ranking patterns were A: (UGT1A1 =

*1*28 and CYP1B1*4 = AG), B: (UGT1A1 = *1*1 and CYP1B1*4 =

AA and CYP1A1*2C = AA) and C: (UGT1A1 = *1*1 and SUL-
T1E1 = GG). We examined these 3 patterns for pairwise FOM

and support overlap. Pairs AB and AC scored noticeably higher

than their components, and had no support overlap, suggesting

separate etiologies. Pair BC scored slightly lower than its

components, and had 67% support overlap, suggesting that B

and C are parts of the same etiology. Bi-clique B has three genes,

bi-clique C has two genes, and they share one gene. Thus, the BC

pair is consistent with a four-gene motif having two paths

Figure 3. Dataset D2 partitioned by the 2 genes in the
designated pattern for cases (inner band) and controls (outer
band). The solid white sector represents the single feature G03without
G05. The checkered sector represents G03with G05. So the checkered
and white sector together represent all the people with G03. One can
see that generalizing the description of the risky pattern from G03and
G05 to simply G03 identifiesall the people with the high risk 2-gene
pattern, while picking up only a small fraction of low risk false positives.
Frequencies are rounded to 1%, and the ‘‘, ’’ symbol represents logical
‘‘not’’.
doi:10.1371/journal.pone.0004862.g003

Table 1. Relationships among top-ranking Bi-cliques from Simulated Dataset D2.

Rank G01 = 0.783 G03 = 0.0782 G05 = 0.8388 G08 = 0.8821 Fisher’s Exact Test P-value

1 T T 5.596 1027

2 S S S 7.556 1027

3 T T T 1.076 1026

4 S S S S 1.726 1026

5 T T 2.116 1026

6 T 2.596 1026

7 S S S 2.626 1026

8 R R 3.166 1026

Genes are labeled with their frequencies used for simulating the dataset. The designated high risk pattern, marked R, is ranked 8th. Some specializations of R, marked S,
are also high risk. Thus, bi-cliques ranked 2, 4, and 7 are specific instances of bi-clique 8, and include 78%, 69%, and 88%, respectively, of the same individuals as bi-
clique 8. All confer an approximately two-fold enhanced risk of disease. These patterns all contain the rare allele (7.8%) for G03, plus common alleles of G01, G05, and
G08. Thus, the chance of having the designated genotype pattern if the individual has G03 = 0.0782 is 84%, regardless of the genotypes at the other loci.Stated
differently, 84% of the individuals in bi-cliques 1, 3, 5, and 6 have the simulated combination of risk-conferring alleles. G03 is the single gene selected by our set
covering algorithm to be the most parsimonious description of all the significant risky patterns. Note that patterns containing G03 butnot G05, marked T, involve very
common genes combined with G03. This makes the population at risk from these patterns a large subset of the population described by G03 alone. Similar effects are
seen in datasets D3 and D4.
doi:10.1371/journal.pone.0004862.t001
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connecting common endpoints (a two-gene path in parallel with a

three-gene path) with one shared segment (Figure 5).

Discussion

The CHAMBER algorithm described here is an exploratory

technique that searches the complete space of all combinations of

putative risk factors and identifies the subset of features that are

most likely to be of etiological interest. In both our simulated and

empirical datasets, we show that the discovery of high-dimensional

combinations and heterogeneity in the etiology of a complex

disease may require not only computationally sophisticated

algorithms but also careful examination and interpretation of the

results of those algorithms to understand disease etiology. While in

theory the CHAMBER algorithm can be applied with an

unlimited number of genes and other risk factors, limited only

by computational constraints, the main utility of this model may

be to explore the effects of multiple genotypes and detect etiologic

heterogeneity in complex disease. In addition, while the

applications provided here focus on genetic variation, the

application of both genes and environmental exposures can be

explored using this algorithm. Given the numerous successes of

genome-wide association studies, CHAMBER may be a useful tool

for following up on the large number of ‘‘hits’’ from these scans.

Here, we illustrate this potential by applying the model in a

situation where main effects of genes had been previously

identified, and use the CHAMBER algorithm to detect novel

higher-order effects.

A key principle of association studies involving complex

diseases, and a feature accounted for by CHAMBER, is that

there is no one ‘‘correct’’ solution but instead there may be a set of

solutions that describe the relationship between risk factors (e.g.,

genotypes) and disease. In our simulation results, the ‘‘correct’’

solution was in fact identified based on the simulated data.

However, in real-life situations, it is possible that the algorithm

may identify more than one highly ranked pattern, particularly

when the signal from a bi-clique is weak. The results are

nonetheless valuable in guiding subsequent validation studies

and correlative laboratory experiments. Central to the application

of this algorithm is to recognize when two bi-cliques actually

represent the ‘‘same’’ allelic/genotypic combination. One metric

used here is the percentage of people two bi-cliques have in

common. For example, assume a bi-clique containing alleles A and

B is associated with increased risk in a sample of 500 cases. If the

number of cases with this pattern is 80 (i.e., 16% of all cases), the

‘‘signal’’ in this bi-clique may not be very strong. Nevertheless,

pattern AB may rank very high using this algorithm, but its

ranking may not be substantially different than the ranking of a bi-

clique that contains A only. Assuming A and B are in linkage

equilibrium, this would not be surprising if allele B were also

frequent in the sample. Thus, we expect that the majority of the

people who have pattern A also have pattern AB. These

observations imply that when higher-order combinations exist in

data, the algorithm may identify bi-cliques that include subsets of

the alleles found in the higher-order combinations. Thus, to fully

interpret the results of the CHAMBER algorithm requires not

only the identification of high-ranking bi-cliques, but also an

understanding of the lattice of relationships among bi-cliques.

We have compared the CHAMBER method with our

previously published results analyzed by logistic regression [30]

and by analyzing our simulated data by classification and

regression trees (CART). In our earlier analysis of pairwise

interaction using traditional logistic analysis methods, three

significant first order interactions were observed. In European

Americans, interactions between phase I CYP1A1 genotypes and

phase 2 sulfotransferase genotypes were observed in both AA and

EA groups. Similar interactions were also observed in the present

analyses using the CHAMBER approach, although additional

Table 2. Summary of Results of Set Covering Algorithm for Simulated Datasets.

Dataset Designated Risk Pattern Covering Pattern Coverage OR P

D2 G03 = 0.0782& G05 = 0.8388 G03 = 0.0782 30/33 (91%) 2.33 2.59E-06

None 3/33 (9%)

D3 G01 = 0.783& G02 = 0.2784&
G04 = 0.4529& G06 = 0.7125

G02 = 0.2784& G04 = 0.4529&
G06 = 0.7125

9/96 (9%) 1.98 1.06E-04

G04 = 0.4529 56/96 (58%) 1.39 3.98E-03

G02 = 0.1919& G07 = 0.3285 8/96 (8%) 1.78 8.42E-03

G02 = 0.2784& G06 = 0.7125 14/96 (15%) 1.38 1.37E-02

G08 = 0.8821 7/96 (7%) 1.56 3.84E-02

None 2/96 (2%)

D4 G03 = 0.0782& G05 = 0.8388 G03 = 0.0782 9/38 (24%) 1.76 2.37E-03

G01 = 0.783& G02 = 0.2784&
G04 = 0.4529& G06 = 0.7125

G02 = 0.2784& G04 = 0.4529 24/38 (63%) 1.44 1.29E-02

None 5/38 (13%)

The set covering algorithm was run on the bi-cliques found in the three simulated datasets. The fraction of input patterns covered by each covering pattern is shown. In
dataset D2, 30 of the 33 input patterns could be covered by the single pattern G03 = 0.0782. This is consistent with the data in Table 1, where the common thread of
G03 was seen in all eight top patterns. The number of interesting patterns in D2 has been reduced from 30 to 1. Dataset D3 has a more complex risk (four genes), and
five patterns were needed to cover 94 of the 96 bi-cliques found in D3. Note that the first cover (3 genes, P< 0.0001) could itself be covered by the second cover (1 gene,
P< 0.0040) or the fourth cover (two genes, P< 0.0137). However, the cost model (Appendix S1, Step 5) determined that the difference in P values between these was too
large to generalize the three-gene cover pattern to a more parsimonious, but less significant, one- or two-gene cover pattern. Dataset D4, with risk from both the D2
and D3 patterns in the same population, is covered by two simpler patterns. Note that the first D4 cover is the same as the D2 cover. The other D4 cover is a simpler
version of the top D3 cover. This slight difference is not unexpected since, for reasons discussed in the text and Appendix S3, the odds ratios and P values are different
in the heterogeneous population D4 than in the homogeneous populations D2 and D3.
doi:10.1371/journal.pone.0004862.t002
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Table 3. Results of the CHAMBER Algorithm for the Detection of High-Dimensional Combinations: Estrogen Metabolism Genes in
a Population-Based Case-Control Study of Breast and Endometrial Cancer.

Group a
Exposed
Cases

Exposed
Controls

Unexp.
Cases

Unexp.
Controls N OR P-value COMT CYP1A1 CYP1A2 CYP1B1 CYP3A4 SULT1A1 SULT1E1 UGT1A1

AAa Breast
Cancer

11 4 146 365 526 6.88 0.0005 AG *1*28

49 71 106 294 520 1.91 0.0022 AA AA *1*1

41 59 118 312 530 1.84 0.0062 GG *1*1

57 95 112 292 556 1.56 0.0173 *1*1

15 17 128 333 493 2.30 0.0206 CC AG

58 108 115 308 589 1.44 0.0403 GG AA GG

28 46 131 349 554 1.62 0.0441 AC GG GG

19 29 108 296 452 1.80 0.0471 GG AA GG

EAb Breast
Cancer

53 39 344 482 918 1.90 0.0025 AA GG *1*28

51 38 530 740 1359 1.87 0.0030 AG

78 73 399 589 1139 1.58 0.0060 GA AG

41 34 463 662 1200 1.72 0.0153 AC AG

99 105 378 557 1139 1.39 0.0207 GG AA

115 122 313 435 985 1.31 0.0419 AA GG

AA Endo-
metrial Cancer

13 56 22 221 312 2.33 0.0237 AA AA AG

EA Endo-
metrial Cancer

43 58 388 960 1449 1.83 0.0031 AG

394 918 21 92 1425 1.88 0.0055 AA

113 210 269 681 1273 1.36 0.0149 AC AA

35 45 285 621 986 1.69 0.0182 AA AA GG

43 67 297 687 1094 1.48 0.0371 GG *1*28

aAA = African American.
bEA = European American.
doi:10.1371/journal.pone.0004862.t003

Figure 4. The designated pattern pair in dataset D4 is the highest scoring of all pairs. One of the components of the designated pattern
(filled blue) could not be identified among the individual patterns in dataset D4 (green dots). The same two components (unfilled blue) scored much
higher in single risk datasets D2 and D3.
doi:10.1371/journal.pone.0004862.g004
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(rs3736599), and variants in UGT1A1 (*28). These variants were

assayed as previously described [31].

CART Analysis
We implemented CART analysis using the Java version of

Quinlan’s C4.5 algorithm [41] called J48, as implemented in the

WEKA software [34]

Software
The software is written in Java and should run with little or no

modification on most OS’s. The data format is simple flat files (e.g.,

.csv files) with defined row and column semantics. There is a

command line interface to all the programs, and the overall process

involves running a small number of programs in sequence. IThe

method will easily scale to dozens of SNP’s, a useful range for

candidate gene studies, follow up of GWAS results, or other similar

studies in which genotypes have strong main effects or when main

effects are weak or non-existent but important higher order effects

exist. The computational complexity is near-linear in the number of

candidate partial solutions explored, but that number can grow

exponentially with the number of SNPs. In-line filtering, such as

support or feature count thresholds, can be used to extend the

practical range. If the landscape of solutions can be estimated, the

FOM measure can be selected to optimize the candidates kept in the

queue with respect to that landscape. Beyond that, it is necessary to

decompose the problem into (possibly overlapping) sets of SNPs and

to then make multiple runs. By iterating through promising

solutions, it is possible to explore somewhat larger problem spaces.

Parallel processing could be used to advantage in exploring such

decomposed problems. CHAMBER as currently implemented is

not intended for genome wide studies.
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