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Abstract — There are a number of human diseases that are
caused by the epistatic interaction of multiple genes. De-
tecting these interactions with standard statistical tools is
difficult, because there may be an interaction effect, but
minimal or no main effect. Reconstructability analysis uses
Shannon’s information theory to detect relationships be-
tween variables in categorical datasets. We apply recon-
structability analysis to data generated by five different
models of gene-gene interaction, with heritability levels
from 0.053 to 0.008, using 200 controls and 200 cases. We
find that even with heritability levels as low as 0.008, and
with the inclusion of 50 non-associated genes in the data-
set, we can identify the interacting gene pairs with an ac-
curacy of 80% or better.

Keywords : Epistasis, reconstructability analysis, informa-
tion theory, gene-gene interaction, gene interaction model-
ing, Occam, genetics.

1 Introduction

Many human diseases are caused by the epistatic interac-
tion of multiple genes. Detecting these interactions with
standard statistical tools is difficult, because there may be
an interaction effect, but minimal or no main effect.

Great advances have been made over the last two decades
in developing analytic methods for detecting single genes
that are necessary, and often sufficient, to cause human
diseases. For the most part, however, diseases with such a
“simple” genetic etiology are relatively rare. Common dis-
eases (e.g., hypertension, cancer, dementia) are the result of
DNA sequence variations in multiple genes, many of which
interact in a non-additive, or “epistatic”, fashion, and thus
have a substantially more complex genetic etiology. Detect-
ing gene-gene interactions with traditional analytic methods
is problematic in the absence of main effects and the pres-
ence of sizeable interaction effects. As the number of possi-
ble candidate genes to consider increases, the number of
combinations likewise increases, and one is soon faced with
what has been referred to by Bellman [1] as “the curse of
dimensionality.” In this paper we show that for interactions
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involving only a pair of genes, this problem may well be
manageable.

Elsewhere in the literature, epistatic interaction of two
genes in a synthetic dataset has been detected by first creat-
ing a tool that could solve the problem of predicting the
disease based on gene data, and then examining the struc-
ture of the solution to determine which genes were contrib-
uting to it. For example, Hahn [2], used this approach with
multifactor dimensionality reduction, while Ritchie [3] ap-
plied it with artificial neural networks. With reconstruc-
tability analysis (RA), we examine the structure of the data
directly to detect relationships in subsets of the variables,
and use these to define the structural model. If the purpose
of the exercise is disease prediction, the variables identified
in the structural model can then be used in, for example, a
neural network; or RA might itself be used for this purpose.

We use the term model in two different ways in this pa-
per. When we speak of a genetic model, we refer to the
penetrance tables (1-5) given below. Penetrance is defined
as the probability that an individual gets a disease, given
that he/she has a particular constellation of alleles at the two
interacting gene loci. This probability is a function of the
respective allele frequencies. When we speak of a struc-
tural model, we refer to models generated by the RA soft-
ware, some of which are better descriptors of the data than
others.

We start by describing recent approaches to the simula-
tion of gene interactions. Then we briefly discuss the the-
ory behind reconstructability analysis. Next, we describe
the genetic models we used, and the datasets they gener-
ated. Finally, we show that RA successfully identifies the
interacting gene pairs in a range of situations.

2 Gene Interaction Modeling

In 2002, Moore [4], introduced a genetic algorithm tool
for producing genetic models characterized by equal mar-
ginal penetrance values for all gene pairs and maximum
variance among penetrance values. Five of the genetic
models represented in that paper were later used by Ritchie
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[3], to test their genetic programming approach to gene
interaction modeling. These models, and the heritability
values calculated by Ritchie are shown in tables 1-5. In
each model, each cell represents the probability of disease
given the particular combination of genotypes, for example,
p( D | geney, gene, ), where gene; has alleles GG, Gg, and
gg, and gene;, has alleles HH, Hh, and hh.

All models are in Hardy-Weinberg equilibrium, in which
the frequency of any particular genotype is determined by
the product of the frequencies of alleles involved and not by
evolutionary forces such as natural selection or sampling
error. The frequencies of the two alleles at each gene are
equal., which maximizes genotype variation. Given these
two conditions, all five models exhibit significant interac-
tion effects, but no marginal gene effects. Models were not
designed with reference to any predetermined biological
considerations. These five genetic models were used to test
the ability of reconstructability analysis to detect gene-gene
interactions.

Table 1. Model 1 Penetrance Values
(heritability = 0.053)

Table Penetrance Margin
penetrance
GG | Gg 99
(.25) | (.50) (.25)
HH (.25) | 0.00 | 0.10 0.00 | 0.05
Hh (.50) | 0.10 | 0.00 0.10 | 0.05
hh (.25) | 0.00 | 0.10 0.00 | 0.05
Margin 0.05 | 0.05 0.05
Penetrance

Table 2. Model 2 Penetrance Values
(heritability = 0.051)

Table 4. Model 4 Penetrance Values
(heritability = 0.012)

Table Margin
penetrance penetrance
GG Gg 99
(.25) (.50) (.25)
HH (.25) 0.00 0.02 0.08 0.03
Hh (.50) 0.05 0.03 0.01 0.03
hh (.25) 0.02 0.04 0.02 0.03
Margin 0.03 0.03 0.03
penetrance
Table 5. Model 5 Penetrance Values
(heritability = 0.008)
Table Margin
penetrance penetrance
GG Gg 99
(.25) (.50) (.25)
HH (.25) 0.00 0.04 0.08 0.04
Hh (.50) 0.06 0.04 0.02 0.04
hh (.25) 0.04 0.04 0.04 0.04
Margin 0.04 0.04 0.04
penetrance

Table Margin
penetrance penetrance

GG Gg 99

(.25) (.50) (.25)
HH (.25) 0.00 0.00 0.10 0.025
Hh (.50) 0.00 0.05 0.00 0.025
hh (.25) 0.10 0.00 0.00 0.025
Margin 0.025 0.025 0.025
penetrance

Table 3. Model 3 Penetrance Values
(heritability = 0.026)
Table Margin
penetrance penetrance

GG Gg 99

(.25) (.50) (.25)
HH (.25) 0.00 0.04 0.00 0.02
Hh (.50) 0.04 0.02 0.00 0.02
hh (.25) 0.00 0.00 0.08 0.02
Margin 0.02 0.02 0.02
penetrance

These five genetic models were used to test the ability of
reconstructability analysis to detect gene-gene interactions.

3 Reconstructability Analysis

Reconstructability analysis (RA) derives from Ashby [5],
and was developed by Broekstra, Cavallo, Cellier, Conant,
Jones, Klir, Krippendorff, and others. An account of its
origin is given by Klir [6]; an extensive bibliography is
available in [7], and a compact summary of RA is available
in publications by Zwick [8], [9]. RA resembles log-linear
(LL) methods [10], used widely in the social sciences, and
where RA and LL methodologies overlap they are equiva-
lent [11], [12]. In RA [13], a probability or frequency dis-
tribution or a set-theoretic relation is decomposed (com-
pressed, simplified) into component distributions or rela-
tions. When applied to the decomposition of frequency or
probability distributions, RA does statistical analysis. RA
can model problems both where “independent variables”
(inputs) and “dependent variables” (outputs) are distin-
guished (called directed systems) and where this distinction
is not made (neutral systems).

For example, assume we have a directed system, with in-
puts (genes) A, B, C and D, and output the disease status, Z.
Consider an observed frequency distribution f(A, B, C, D,
Z) which we write more simply as ABCDZ. RA decom-
poses such distributions into sets of projections such as
ABCD and ABZ, which taken together define a structural
model ABCD:ABZ, which is less complex (has fewer de-
grees of freedom) than the data. This model defines a calcu-
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lated distribution ABCDZagcp:asz, Obtained by maximum
entropy composition of the ABCD and ABZ projections,
that can be compared with the observed ABCDZ. The
ABCD:ABZ model asserts that A and B jointly predict Z,
while C and D have no predictive relationship with Z. (The
ABCD component of the model allows relationships be-
tween the inputs themselves, but we are not interested in
such relationships.) If ABCD:ABZ is a good model, one
could equivalently say that the “transmission” or “mutual
information” T(AB:Z) is high, while the transmission
T(CD:Z) is zero. By contrast, the model ABCD:Z, called
the “independence model” asserts that no input predicts Z.
The data itself, ABCDZ, also called the “saturated model,”
asserts that all four inputs jointly predict Z. Thus ABCDZ
has 100% of the predictive information in the data;
ABCD:Z has 0% of the predictive information in the data;
and all models between these two have some intermediate
measure of information content. The information content
of any model can be assessed for statistical significance
with the Chi-square distribution.

There are different classes of RA models. Models such
as ABCDZ, ABCD:ABZ, and AB:Z all have a “single pre-
dicting component,” i.e., only one component that includes
the output, Z. Such models are “loopless,” and a loopless
model essentially picks out a single subset of the inputs that
predicts the output. By contrast, the model
ABCD:ABZ:CDZ asserts that Z is predicted by A and B
jointly and also, separately, by C and D jointly. Models
with more than one predicting components have loops. RA
calculations for models without loops are simpler and fas-
ter, and all structural models considered in this paper are
loopless. For simplicity, the non-predicting component (in
the present case, ABCD) will from now on be omitted from
the model specification.

Calculations were made using the RA software programs
developed at Portland State University, now integrated into
the package Occam (for the principle of parsimony and as
an acronym for “Organizational Complexity Computation
And Modeling”). The earliest of these programs was de-
veloped by Zwick and Hosseini [14]; a review of RA meth-
odology is offered in [8], [9]; a list of recent RA papers in
the PSU group is given in [15]. A description of the OC-
CAM architecture is given in [16].

4 Methodology

The methodology used in this paper differs significantly
from that described elsewhere in the literature. The stan-
dard approach is to develop a tool to predict the presence or
absence of the disease as accurately as possible, and then to
examine the structure of the resulting tool. This requires a
training/testing process, with many-fold validation. For
example, [17] used genetic programming techniques to cre-
ate artificial neural networks that could separate cases from
controls, and then reported out the genes used as inputs by
the NNs. Our approach is more direct. We measure the

information content of the dataset directly, and then select a
model based on that. This means we have no train-
ing/testing dataset as such, and do not require cross-
validation.

For this study, we selected five models of gene-gene in-
teractions from the literature, [4], [17], and created thirty
datasets from each genetic model for each of two condi-
tions. First, for comparability with existing work, we used
two associated genes (actually, single nucleotide poly mor-
phisms — SNPs) and eight noise SNPs. Second, to demon-
strate the scalability of the approach, we used two associ-
ated SNPs and 50 noise SNPs. Unlike most machine learn-
ing problems, which seek to identify patterns in a random
selection of the general population, medical datasets are
often divided into two equal groups: cases and controls.
Cases are subjects who are known to have the condition at
issue. Controls are selected from the general population,
and are known to not have the condition. The distinction is
important when using penetrance tables to develop datasets,
because the two groups must be handled differently. Con-
trol allele patterns appear with the frequencies associated
with the general population, and show zero penetrance. For
example, pattern XX should appear for approximately 25%,
and XX/YY for approximately 6.25% of the controls. The
allele patterns for the cases appear with frequencies associ-
ated with both the relative penetrance and the overall popu-
lation frequencies. If, for example, allele pattern XX/YY
had a penetrance of 10%, and allele pattern Xx/Yy had a
20% penetrance, then the proportion of XX/YY in the cases
should be 12.5% = (.25 * .25 * .10)/(.50 * .50 * .20). For
both groups, the allele patterns of the non-contributing
genes can be assigned at random.

We developed 30 datasets for each of the five genetic
models and each of the two noise inputs. The interacting
genes were assigned on the basis of the penetrance tables,
while the values of noise SNPs were assigned at random.

The datasets were then run through the PSU Occam soft-
ware. By specifying suitable parameters, Occam searches
through the Lattice of Structures for structural models of a
particular class which have high information content. In the
present instance, Occam was asked simply to output all
loopless models with two predicting inputs, ordered by their
information content.

Table 6 (below) shows an example of Occam output for
Dataset 11 of Model 5. Column 1 identifies the data model.
Column 2 identifies the information content of the subject
model for the 8 noise SNP dataset. Column 3 identifies the
information content of the subject model for the 50 noise
SNP dataset. The two active genes are A and B. The table
is arranged in decreasing information content order, based
on the 8 noise SNP results. The first five rows are the top
five models identified in the 8 noise SNP dataset. Model
HZ was the single-gene model with the highest information,
and the information levels of models AZ and BZ are in-
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cluded to show that using even a correct single gene pro-
vides no usable information.

Table 6. Sample Occam Output, Model 5

Information Content
MODEL 8 Noise SNP 50 Noise SNP
ABZ 0.0722 0.0662
ACZ 0.0411 0.0038
CGz 0.0236 0.0143
DJZ 0.0206 0.0073
BGZ 0.0080 0.0042
HZ 0.0061 0.0036
AZ 0.0016 0.0007
BZ 0.0006 0.0002
Z 0.0000 0.0000

5 Results and Discussion

A summary of the results is shown in Table 7. Column 1
indicates the genetic model used, and Column 2 lists the
heritability of the disease in the genetic model (from [1]
and [2]). Columns 3 and 4 indicate the percentage of the
thirty datasets in which RA was able to identify the correct
gene model. In all but the lowest heritability model, RA
was able to consistently identify the two active SNPs, in the
first experiment out of a total of ten, and in the second, out
of a total of 52, based on datasets containing 200 cases and
200 controls. Even for the lowest heritability model and
the highest number of noise SNPs, RA was successful in
identifying the two active genes 80% of the time. This
compares favorably with previous work, which (with only
eight noise genes) found one of the two active genes 47%
of the time [17], and both genes 19% of the time [2].

Table 7. Effectiveness of reconstructability analysis in
identifying gene-gene interactions with both active and
inactive genes

Genetic | Heritability | % With Both | % With Both

Model Active Genes | Active Genes
in the top RA | in the top RA
Model Model
(8 noise SNPs, | (50 noise SNPs
n = 30) n = 30)

1 0.053 100% 100%

2 0.051 100% 100%

3 0.026 100% 100%

4 0.012 100% 100%

5 0.008 93% 80%

Ours is essentially a brute force approach. Since the ge-
netic models were designed with no main effect, no single
SNP is linked to the disease more than any other single

SNP, so no single SNP measure gives any clue about the
interaction effect involving the two active SNPs. One can-
not, therefore, reduce the set of SNPs to consider by look-
ing at any single SNP. However, pairs of SNPs that don't
include both active SNPs will also show no effect, so one
can simply look at all pairs of SNPs to find the active pair.
Using the Occam software, this is not a particularly burden-
some calculation; processing time for 400 records and 10
SNPs takes less than a second, and 400 records and 52
SNPs takes approximately 4 seconds on a Pentium-class
PC.

In summary, reconstructability analysis can readily detect
gene-gene interactions that predict disease in the absence of
any main (single gene) effect and in the presence of noise
genes.
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