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Abstract

Genome-Wide Association Studies (GWAS) aim to discover how genetic markers like Single Nucleotide
Polymorphisms (SNP) mutually interact with each other, enabling the manifestation of diseases or traits.
Full exhaustive analysis is prohibitive due to the exponentially increasing, with the numbers of markers
assumed to be involved and SNPs present in the human genome, of interactions to test. Common
approaches use machine learning techniques to rank SNPs according to their estimated predictive power
or create clusters for SNPs assumed to produce highly scoring interactions between them. The proposed
approach uses a genetic algorithm to search the parameter space of a gradient boosting machine in order
to find an optimal configuration. This configuration will produce a model in which the most prominent
features will coincide with the SNPs involved in interactions of highly predictive power for determining
wether a patient will manifest a certain trait or not, prompting an exhaustive search on that subspace
to find best scoring interactions. Optimal solutions for interactions of up to 5 SNPs where found or
closely approached with this approach on toy datasets where interactions of superior order where hidden
with controllable prediction power for the studied trait. The algorithm is an inference tool for GWAS
that works outside of common interaction orders studied, being able to find promising higher-order
interactions for further biological study without an exponential increase in time.
Keywords: Genetic-Wise Associaton Study; Higher-Order Epistasis; Genetic Algorithm; Exhaustive
Search; Interaction Order.

1. Introduction

The methods for acquiring comprehensive genetic
polymorphism datasets, representing occurrences of
alleles of genes within a population, progressed con-
siderably. This has facilitated the discovery of as-
sociations between a number of diseases and cer-
tain genetic markers, such as Single Nucleotide
Polymorphisms (SNPs). Comprehensive analysis in
datasets containing the expression of numerous ge-
netic markers in a genome-wide association study
(GWAS) is now feasible and not as time-consuming,
even if considering a large population of individu-
als. The same cannot be said for rigorous studies
that aim to detect if the phenotypic effect of a cer-
tain marker is influenced by the expression of one or
more other markers (epistasis), which, despite less
common than studies that focus on the phenotypic
effects of isolated markers, have proven to be of
great interest for the biochemistry and genetic sci-
ence communities [4][22]. These studies uncovered
significant findings on the heritability and gene reg-
ulatory network behind the manifestation of several
diseases, such as Crohn’s disease[10], Alzeihmer[20]
and obesity[6].

Performing an exhaustive search on a dataset for
epistatic interactions that might result in the phe-
notypic trait being studied is still burdened on inter-
actions of higher order by an exponential increase
in time complexity, due to the combinatorial na-
ture of the posed problem. Nevertheless, it is still a
relevant procedure that could lead to a better un-
derstanding of the genetic architecture of complex
diseases.
New state-of-the art approaches take advantage of
machine learning innovations, genetic algorithms
and artificial intelligence to produce alternatives to
an exhaustive search that can still uncover signif-
icant epistatic interactions while drastically reduc-
ing time complexity. However, these approaches are
still mainly focused on pairwise interactions.
With the use of machine learning methods to en-
hance searches and the use of heuristics for Artificial
Intelligence (AI) powered searches, new challenges
arise, possibly halting the search on sub-optimal in-
teractions, creating models on the SNPs interaction
power that overfit the data and produce erroneous
results and, for low complexity models, the costly
need of post-processing stages for the removal of
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false positives.
We introduce a method that aims to synergize the
combined efforts of a genetic algorithm for tuning
search parameters, a machine learning approach as
a filtering stage and an exhaustive search on a given
subspace of the data as a way to efficiently de-
tect significant higher-order epistatic interactions
on feasible runtime.

1.1. Motivation

While most works on genetic interactions focus on
relatively simple cases involving only two loci, i.e.,
fixed positions of genes or genetic markers on a chro-
mosome, high-order genetic interactions involving
three or more loci also occur and can have ma-
jor phenotypic effects[8]. Works that aim to map
changes in protein functions or noticeable traits,
such as disease manifestation, would benefit from a
wider availability of tools, namely ones that harness
the potential of the latest technological advance-
ments.
Current exhaustive search algorithms suffer from an
exponential increase in time and space complexity
regarding the order of the epistatic interaction to
detect. Datasets often represent hundreds of thou-
sands or even millions of SNPs. In such cases, the
only feasible option to produce fruitful results in
reasonable time-to-solution is to perform heuristic-
guided searches on reduced search spaces. Machine
Learning (ML) advancements and AI based algo-
rithms provide such heuristics, that while perform-
ing an incomplete search, can still detect pertinent
higher order interactions.
Most heuristically guided algorithms that work on
higher order interactions build on promising lower
order interactions in an effort to use a subset of
the SNPs involved in the lower interaction to re-
duce the search space of the higher order[24] [23].
This approach assumes that optimal solutions can
be found by recursively improving results found on
lower orders and thus does not consider other forms
of epistasis where strong epistatic interactions are
present between SNPs who possess unnoticeable in-
teraction power on lower orders.
We intend to avoid compromising the improved
time-to-solution typically associated with doing an
incomplete, but time efficient, search on a dataset
for interactions of a user-defined order by overfit-
ting to local optimal solutions of specific orders. By
enabling a search for several solutions of different
orders, where the information gathered for each so-
lution is the configuration of the filtering stage that
lead to it, not the SNPs, we aim to provide our
framework with tools that avoid trapping on local
optima and a continuous chance of improvement on
the solutions.

2. Background in Epistasis and Machine
Learning

The genetic material of an organism, its genome,
is comprised of nucleotides, the building blocks of
DNA (and RNA) molecules, which carry crucial ge-
netic instructions for the functioning of all forms
of life. A DNA sequence is built upon an alpha-
bet of four different units, the different nitrogenous
bases a nucleotype can possess (A, C, G, T ). To
a variation among individuals of a single nucleotide
in a certain position, when prevalent in at least 1%
of a population, we call Single Nucleotide Polymor-
phism (SNP) [2]. A sequence of nucleotides that
code a molecule that performs a function is called
a gene. If an SNP occurs within a given gene, it is
said to have more than one allele or variant form. A
presence of different observable traits on a popula-
tion can be a result of the individuals in said popu-
lation having different alleles of the same gene. The
effects of different alleles at one gene can be depen-
dent on the allele of another gene or genes, denoting
an epistatic relationship or interaction between the
SNPs that distinguish said alleles.
SNPs are one of the most popular classes of ge-
netic markers used in GWAS for the discovery of
genotype-phenotype associations, where a combina-
tion of alleles of interest an individual possesses (its
genotype) is assumed to be the cause behind how
said individual differs from others. In organisms
with two matching sets of chromosomes (diploid),
one allele is inherited from the male parent and
other from the female one, both in the same fixed
position of their respective chromosome - its locus.
If both alleles of a diploid organism are the same,
the organism is homozygous at that locus. If they
are different, the organism is heterozygous at that
locus. For the same gene, the effect on phenotype
of one allele, the dominant allele, masks the contri-
bution of a second allele, the recessive, at the same
locus. The studied genotypes of a SNP are usually
coded as {0, 1, 2} corresponding to homozygous
major genotype (e.g. AA, BB), where the individ-
ual posesses two copies of the allele that codes for
the dominant trait, heterozygous genotype (e.g.
aA, Aa, bB, Bb), and homozygous minor geno-
type (e.g. aa, bb), for individuals with two copies
of the recessive allele, respectively. The label of
an individual is a binary phenotype, being either
0 (control) if the individual does not manifest the
trait in question or 1 (case) if otherwise.

2.1. Role in Evolution
Common complex diseases, such as Alzheimer’s
disease[5], breast cancer[15], or diabetes[11], are
known to be influenced by more than one
gene. GWAS have been successful, for some
traits/phenotypes, with the identification of new
disease susceptibility genes in a one by one test for
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common SNPs across the human study population
genome, while other diseases have been less success-
ful through single-SNP GWAS. Single SNP varia-
tions, also called the marginal effect of said SNPs,
fail to explain the heritability of a phenotype, an
estimate on how, between the individuals of a pop-
ulation, the variation of a phenotypic trait is due to
genetic SNP variation[9].

A common statistic tool used to better under-
stand how the data is clustered and draw causal-
ity relations is a contingency table, a matrix where
the dimensions correspond to variable distributions
from which we wish to draw correlations. In the
contingency tables of Figure 1 we include a com-
parative simulated example of where a statistically
significant epistatic interaction takes place between
two SNPs where no marginal effect was detected
individually. On the two graphs on the left, where

Figure 1: SNP1 and SNP2 Contingency Tables

only the state distribution of a single SNP is consid-
ered, the number of cases and controls is evenly split
for all their possible combinations, which would sug-
gest on a surface analysis that neither of these SNPs
are relevant for the variation of the studied pheno-
type. Conversely, the three graphs on the right,
where the phenotype variation is studied on SNP2,
taking into account the genotypic state of SNP1 as
well, shows more disparity.

2.2. Biologic and Statistical Epistasis

Biological epistasis refers to “the result of phys-
ical interactions among biomolecules within gene
regulatory networks and biochemical pathways in
an individual such that the effect of a gene on
a phenotype is dependent on one or more other
genes”[12]. The phenomenon of statistical epistasis
refers instead to the discovery of relationships be-
tween multilocus genotypes, namely the frequency
distribution according to the three mentioned possi-
ble states of a SNP, and phenotypic variation. Dif-
ferences in biological epistasis among individuals in
a population give rise to statistical epistasis.
Often, logistic regression is employed for epistatic
detection in case-control GWAS as a statistical
method for relating a linear combination of SNP

values and the probability (p) of that combina-
tion manifesting alongside the studied trait. Given
a dataset, we may fit a model where the x1 and
x2 variables represent the input variables (SNPs)
whose pairwise interaction we wish to test:

log

(
p12

1− p12

)
= β0 + β1x1 + β2x2 + β12x1x2 (1)

where β0 denotes the mean term of the model which
is determined by population prevalence and data
size; β0,β1 and β12 are modeled as the main ef-
fects and interactive effects, respectively; p12 de-
notes the conditional probability p(y = 1|x1, x2)
and the Odds Ratio (OR) is p

1−p . Proving causation
will always be a challenge due to an inability to ran-
domly assign people to genotypes as it is possible
with model organisms. However, evidence in favor
of an association can be significantly strengthened
through comprehensive efforts to address sources of
error and bias[12], such as staging statistical tests
on formed hypotheses or gathering more individu-
als for the genome-wide study.
Bayesian networks, such as the one represented in

Figure 2: Bayesian Network

Figure 2, provide a compact representation of the
dependencies between variables, consisting of a di-
rected acyclic graph, the disease model, where the
variables (SNPs) are represented by nodes and de-
pendencies between them for phenotypic expression
are represented by edges. In the figure, some nodes
display information on how the states of their par-
ent nodes influence their conditional probability in
the annexed bar graphics. Each bar aims to show
the frequency of cases, in orange, and controls, in
blue, conditioned on the state of the other nodes, as
described by the combination of SNP states below
each bar.

2.3. Challenges
The aim of this thesis focuses on the challenges that
arise with detecting epistatic interactions of higher
order that are statistically relevant for the presence
of the studied phenotypic traits, namely the prob-
lem that comes when trying to scale up algorithms
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that detect gene-gene interactions (k = 2) to higher
interactions. As an example, the time needed for
calculating the mutual information on a toy dataset,
in a MATLAB script, is shown in Figure 3. A more
detailed explanation on this measure is provided on
the section 2.4. For different values of k (number

Figure 3: Estimation of Time in Minutes for the
Calculation of Mutual Information

of SNPs involved in the measured interaction) the
figure denotes, on a logarithmic scale, in function
of the simulated number of individuals, that a lin-
ear increase in k is followed by an exponential in-
crease in the time complexity. For this dataset, only
thousands of SNPs were considered, but a typical
genome differs from the reference human genome
in about 4 to 5 million sites[3], setting the usual
number of SNPs for such studies at higher orders of
magnitude and exponentially costlier in time.

2.4. Objective Functions
For comparative purposes, algorithms rely on ob-
jective functions that score quantitatively the ef-
fect of an interaction between the SNPs in a subset
given as input, by using mathematical formulas to
relate the frequency of the different combinations
of SNP genoptypic combinations to the conditional
frequency of the manifested trait. The aim of an
objective function is to give a scalar score to an as-
sociation, based on the case-control distribution of
the studied population across the several states of
the SNPs in the considered association.

K2 Score
The K2 algorithm heuristically searches for the
most probable Bayesian Network structure given a
subset of SNPs and their instantiations across the
dataset plus the phenotype states as classification
targets. The nodes of the network will therefore
be the SNPs of the subset with the trait states as
leaves of the network[16].

f(i, πi) =

qi∑
j=1

(
log

[
(ri − 1)!

(Nij + ri − 1)!

]
+

ri∑
k=1

log(aijk!)

)
(2)

where:
πi: Set of parent SNPs of SNPi;
qi: Number of all possible different genotype com-

binations of the parents of SNPi in the input
database (3s where s is the number of elements
on the set πi)

ri: Number of possible states (2 for trait nodes due
to the case-control nature of the GWAS and 3
for SNP nodes);

aijk: number of instances in the dataset in which
the attribute SNPi is instantiated with its kth

value, and the parents of SNPi in πi are in-
stantiated with the jth instantiation;

Nij: Number of instances in the database in which
the parents of SNPi in πi are instantiated with
the jth instantiation (

∑ri
k=1 aijk).

Information Theory measures
Information entropy has been defined as the aver-
age amount of information that is produced by a
stochastic source of data that can be used to mea-
sure the data distribution diversity, and to measure
the uncertainty of random variables[17]. Let p(xi)
be the probability of the ith genotype of a SNP vari-
able (X), observed in n individuals, the entropy of
X is expressed as:

H(X) = −
n∑

i=1

p(xi)log(p(xi)) (3)

However, entropy does not assess any information
on the hypotheses that several variables are either
correlated or independent. For that purpose, the
mutual information (MI) of two variables is more
adequate, measuring the mutual dependence be-
tween the two variables (amount of “information”
that one variable contains about the other) by how
similar its joint distribution is to the product of
the marginal distributions of both[21]. For exam-
ple, let X be an SNP locus and Y a phenotype
trait, the mutual information of both variables can
be described as:

I(X;Y ) =

2∑
i=0

1∑
j=0

p(xi, yj)log(
p(xi, yj)

p(xi)p(yj)
)

= H(X) +H(Y )−H(X,Y ) (4)

2.5. Machine Learning and Artificial Intelligence
The higher dimensionality and combinatorial na-
ture of the posed problem imply that no complete
search for higher-order (k > 2) epistatic interac-
tions will be attainable on the current scale of
GWAS datasets. If we consider the SNP data as
input and the trait to study as the output, the ob-
jective of a GWAS can be interpreted as finding a
function or mathematical model that computes the
output from any given input, a supervised classifi-
cation problem. ML helps performing such a task
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by iteratively reducing the error between the func-
tion output and the ground truth contained in the
dataset by updating the set of parameters that de-
fine the model function to build.

The choice of ML methods that trade accuracy
for low complexity as pre-processing stages allows
for a more diverse range of algorithms to integrate
in a full method.As an example, should the model
return a scalar weight for different SNPs, a further
exhaustive search can be conducted on a sorted list
of SNPs by their attributed weights. When explor-
ing adding a ML approach to a stage of an interac-
tion detection algorithm, the possibility of overfit-
ting the resulting model must be taken into account.
This occurs when the complexity of the algorithm,
allied with the noise that comes with the chosen
dataset makes the training stage overly sensitive to
the peculiarities of the dataset. Its predictive power
is then unable to be reproduced on any other input,
rendering the produced model unfit.

2.6. Decision Trees, Random Forests and Gradient
Boosting

Tree-based algorithms generate a directed acyclic
graph (DAG) where each node represents an input
variable (an SNP for GWAS data) and leaf nodes
represent a target classification (phenotypic trait se-
lection). They differ from bayesian networks as the
outputted model is deterministic and not stochas-
tic. In the Figure 4, the topmost decision is made by
the SNP2 node, the root of the tree, which means
that the greatest marginal effect for the presence
of the studied phenotypic trait comes from that
SNP, since it generates the least amount of entropy
(see section 2.3.1). A tree is learned from then on
by “splitting” the dataset into subsets based on a
value test for an input variable (i.e. SNP2 = 2 or
SNP1 6= 0) in a recursive manner until no further
discriminating value can be added to the prediction,
represented by the branch currently examined.

Figure 4: Example of decision tree grown from a
GWAS dataset

Random forests help avoiding the bias of select-
ing only one node as the root upon which all fu-
ture splits are conditioned by growing an ensemble

of trees and choosing the most prevalent trait in
the output of all trees. Furthermore, each tree is
trained on a new dataset, sampled uniformly and
with replacement, from the original dataset (boot-
strap sample) and at each node, the best split is
chosen from a randomly selected subset of the SNP
variables (feature bagging). By combining the pre-
diction of a diverse set of trees, bagging utilizes the
fact that classification trees are unstable but on av-
erage produce the right prediction.

Another method that takes advantage of an en-
semble of weak predictors that combined make a
stronger predictor is a Gradient Boosting Machine
(GBM), which trades the bagging of features com-
mon to random forests algorithms for “boosting”.
In other words, the predictors are made sequen-
tially, not independently, and every new predictor
learns from the residual error of the previous one, in
an effort to reduce variance and individual variable
bias and possibly hasten learning, but heightening
overfitting risk. Here the weak predictors can be
chosen from a wide range of classifiers or regressors,
usually decision trees.

2.7. Genetic Programming Algorithms

Algorithms for SNP interaction detection have also
started to take advantage of evolutionary program-
ming heuristics, like swarm intelligence [7][19][18]
or logic regression using genetic programming[13].
On a genetic algorithm (GA), a set of individuals
called population undergoes adaptions. From there,
a selection process based on fitness leads to a new
generation of individuals. The common genetic pro-
gramming algorithm behavior is to:

1. Create an initial random population;
2. Perform the following steps on the current gen-

eration:
(a) Select individuals in the population based

on a selection scheme;
(b) Adapt the selected individuals;
(c) Evaluate the fitness value of the adapted

individuals.;
(d) Select individuals for the next generation

according to a selection scheme;
3. If the termination criterion is fulfilled, then

output the final population. Otherwise, set the
next generation as current and go to step 2.

The set of candidate individuals for a new genera-
tion is constructed by selecting one of three adap-
tation operations for each candidate individual:

Reproduction: Copying individuals from the cur-
rent generation.

Crossover: Combining monomials of two ran-
domly chosen individuals to create a new in-
dividual.

Mutation: Applying a random change to an indi-
vidual, such as inserting a new literal, deleting
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a literal, replacing a literal by a new literal,
inserting a new literal as a new monomial or
deleting a monomial.

3. Framework for Higher-Order Epistasis
Detection

We propose an approach (see fig. 5) that mitigates
the time complexity of an exhaustive search on a
given database relying on a GBM (1) whose param-
eters are tuned by a GA (2), in an effort to avoid
being trapped in a local sub-optimal search.
The GA randomly initializes a set of parameters
for the later stages as an individual. These receive
feedback of their performances in the form of the
fitness of the resulting GBM model and the inter-
action relevance of the exhaustive search provided
solution. Based on said information, the search will
create new offspring individuals via genetic opera-
tors (i.e., mutation, crossover).
The GBM (1) we implement consists of an ensemble
of decision trees with customizable number, depth
and other learning parameters. A learning and
testing set split of the data is employed as cau-
tion against overfitting. The outputted models then
serve as a filtering stage, ranking SNPs according
to their computed conditional variable importance.
The chosen SNPs for further exhaustive search on
a reduced space follow a customizable parameter as
well, a defined number of SNPs to take from the top
of the sorted list: top feats.

For the exhaustive search on the subset resulting
from the GBM stage, an objective function is then
employed as an indicator to compare each score on
the relevance and power of the proposed interac-
tions and biological significance of said solutions.

Figure 5: Architecture of the Proposed Algorithm

3.1. Initial XGBoost Parameter Configuration

XGBoost, as we intend to incorporate in our al-
gorithm, using the DART (Dropout meets Mul-
tiple Addictive Regression Trees[14]) booster has
several parameters we must take in consideration
to decide on the best starting configuration, what
parameters[1] to tune using the genetic algorithm
and which boundaries to impose on those:

subsample Fraction of the patients to consider at
each iteration.

colsample bytree/level/node Fraction of the
SNPs to consider at each iteration. The sam-
pling can occur at every different tree being
grown (tree), at each depth level of said tree
(level) or at the growth of every single tree
node (node).

max depth Limit to the depth of the longest
branch on a tree.

min child weight Necessary instance (hessian)
weight threshold for a split to occur.

eta This parameter refers to the learning rate of
the algorithm, a constant used for step size
shrinkage.

num parallel tree Number of trees to grow in the
random forest of a single iteration.

gamma A split will be performed on a node if the
predictive power of both its children outweighs
the predictive power of the unchanged node by
an amount larger than gamma.

rate drop While skip drop represents the prob-
ability that a dropout is performed on an it-
eration, rate drop represents the fraction of
trees that is chosen to be dropped, uniform to
all trees in the model.

3.2. Genetic Algorithm
While genetic algorithms have been proposed in the
context on GWAS, for the purpose of identifying
epistatic interactions, the main approach seems to
use the SNPs themselves as part of the building
chromosomes. In our implementation, we instead
apply the genetic algorithm optimization to the set
of parameters discussed in the previous section in
order to reach configuration optima for detecting
SNP interactions of different sizes. In this work, the
tuned algorithm is XGBoost, which acts as a filter-
ing stage to select a subset of features to analyze,
followed by an exhaustive search with an objective
function — the K2 score.
for each trial run of XGBoost with a specific com-
bination, the GA collects information on how it
performed in discovering interactions of interest.
The earliest accessible metric is given by XGBoost
when it, at each iteration, evaluates the error of
the grown boosted tree model. From the exhaus-
tive stage comes the other metric, the minimum
K2 score found on all possible combinations among
the top ranked features from the resulting XGBoost
model by order of combination. A matrix with the
collected information is then built as input to a
function that will, from that information rank the
models according to an user score and thus select
which ones will have their information carried over
to the next generation.
In a separate structure, the algorithm keeps the
chromosomes of the best scored models across all
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generations, whether by their lowest K2 Score of a
specific order or testing set classification error. This
structure will provide the values of the parameters
used to build the best configurations, to then use
in the creation of the next generation. Some tested
priority functions for building the next generation
are:
2 best This function will crossover the best indi-

viduals from all previous generations according
to the K2 score by order of interaction with
the best individuals from the current genera-
tion following the same criteria;

err best This function will crossover instead the
all-time best testing set classification error with
the best individuals of the current generation
by lowest K2 score across all tested combina-
tions per order;

distn best These functions find across the current
generation which individuals have the furthest
configurations from the all time best scoring
individuals, using vector p-norms.

Repeated picks for the crossover operations are
to be expected so we then add a mutation to one
of the genes per chromosome. For most of the
parameters, the mutation is just a random small
quantity to add to the original value, taken from an
uniformly random distribution and ensuring that
it doesn’t surpass the previously stated optimal
ranges for the algorithm. With the intention
of ensuring convergence on the algorithm, the
mutations are limited to one per chromosome and
crossover happens on a single point, at the middle
of the chromosome.
A threshold on the classification error on the
testing set is imposed to limit which configuration
results will be analyzed in the exhaustive stage.
A configuration is rejected further analysis if its
classification error on the testing set surpasses 45%
and its parameter information will not be used in
the construction of the chromosomes in the new
generation.

3.3. Feature Importance
To use XGBoost as a filtering stage, we must gather
information from the model built to obtain a rank-
ing of all features used to grow the trees in it, ac-
cording to their importance on the process, and
then pick the top ranked, whether by a threshold
the importance of a feature must reach or a spec-
ified number of features. XGBoost offers several
metrics, all based on three attributes the features
used to grow the tree possess:
gain The contribution of every split involving that

feature;
cover The number of observations whose leaf node

was decided based on that feature;
weight The number of times a feature is used to

split the data across all trees in the model.
From these metrics, the gain is the most relevant
to quantify the relative importance of a variable.

3.4. Exhaustive Search
From the objective functions discussed in the state-
of-the-art, two possible candidates can be consid-
ered for the subspace search, which can involve up
to millions of repeated executions of the function,
the Bayesian K2 Score and the Mutual Information
Score. For an informed choice on which function
to use for this stage, we ran exhaustive searches on
a toy dataset with 100 SNPs and 1, 000 patients,
hiding an interaction with 85% classification accu-
racy on the first 10 SNPs. For both scores, we did
a search on the whole dataset for all combinations
of orders 2, 3 and 4.
For figure 6, we show in the x-axis, for each SNP,

Figure 6: Comparison of exhaustive stage objective
functions

the best score it got on all possible combinations of
the respective order involving the said SNP. For the
MI score, the best score is the highest and for the K2
score the lowest. On the y-axis, we show the differ-
ence between the best score across all combinations
featuring that SNP and the best overall score for
each k. On a absolute scale, the absolute distance
of the combinations greatly favours the K2 score.
As the order of the tested interactions increases, the
less discernible the best combinations will be from
the rest, no matter the objective function used. As

Order # Combinations MI Score K2 Score
k = 2 4950 0.277 0.050
k = 3 161700 4.115 2.088
k = 4 3921225 117.574 72.054

Table 1: Time elapsed in seconds for a complete
exhaustive search on the same dataset

we can observe from table 1, the deciding factor on
choosing the K2 score over MI was the computation
time where, on an identical environment, K2 man-
aged to process all interactions faster than MI, no
matter the order.
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4. Results

To better make an assessment on which type of
data each configuration of a parameter better per-
forms, datasets of different size (number of SNPs
and number of patients), hidden interactions of dif-
ferent number of SNPs involved (k), and overall
accuracy of the interaction in predicting the clas-
sification were created. As GWAS datasets usually
have significantly more variables due to the size of
the human genome than individuals, these datasets
were created in a way to mimic those sizes to limit
the parameter assessments to the tasks we aim to
use the algorithm for.

1. Specify desired size, desired interactions (or
just the k of the desired interactions, which will
then be created on randomly chosen columns
with randomly chosen states), desired accuracy
of the interactions on the classification of the
model and desired case to control ratio;

2. Initialize a NumPy matrix X with the desired
size and random integer values between 0 and
2 from an uniform distribution;

3. Initialize a NumPy matrix Y, with the same
row size as X and column size equal to the
number of interactions to hide in the datasets,
with binary values sampled from a distribution
that uses the desired case to control ratio (nor-
malized with respect to the column size), which
means that the actual case to control ratio will
only approximate the desired one;

4. Iterate along the rows of X and according to
the corresponding binary values of Y, change
the column values of each iteration to match
the state of it on Y. If for that interaction on
that row, the value of Y is true all values of X
on that are changed to the interaction defined
states if needed. If false and all values match
the interaction states one of them is chosen at
random and changed to remove that interac-
tion in the desired control;

5. Reduce Y to a single-column array by perform-
ing an and operation along the rows to get the
expected case-control classification;

6. Create another binary column array with the
same size as Y sampled this time from a dis-
tribution based on the desired accuracy that
will represent which rows in Y will be changed
to false classifications and xor that array with
Y to obtain the actual classifications. The ac-
curacy will then be an approximation of the
desired value.

When testing the cooperation of both filtering and
exhaustive stages together, we settled on a value of
25 for the parameter top feats, the number of top
ranked SNPs, according to the importance rank-
ing function, to exhaustively analyze. This value,
coupled with an exhaustive search from k = 2 up

to k = 6, was chosen to bring the execution time
of the exhaustive stage to the same magnitude of
that of the filtering stage. The worst-case scenario
of the exhaustive search is O(

(
top feats
max k

)
(3max k +

ind · max k)), where max k is the higher k ana-
lyzed at this stage and ind the number of configu-
rations produced by the GA for the filtering stage
at that generation. In figure 7, we can observe how

Figure 7: Evolution of the best scoring combina-
tions for different crossover methods in a toy dataset
with a hidden k = 6 interaction with 70% accuracy

the different crossover methods compared to each
other on the same dataset with 1, 000 SNPs and
100 patients. The number of SNPs was chosen to
allow an exhaustive search of k up to 5 in sustain-
able time. The full exhaustive search took over 25
hours. With said exhaustive search, we can com-
pare for k = {2, 3, 4, 5} the best scoring interac-
tion discovered by all individuals on each generation
with the score of the overall best scoring interaction
on the dataset, known beforehand and correspond-
ing to the value 0 in the y-axis, for those orders.
For k = 6, an exhaustive search would take years
to complete and thus become unreasonable for the
purpose of this work. We decide to compare instead
the best scoring combinations to another reference,
coming from the toy dataset used in the analysis.
We test the K2 score of all possible subsets of k = 6
from that interaction and choose the best score as
reference.
On this dataset, where the interaction hidden was
between 6 SNPs and had a prediction accuracy of
70%, we can observe that, while the optimal value
was not reached, we could notice improvements on
the scores not only at the beginning of the execu-
tion but also after several generations, especially on
higher orders. The dots serve to separate different
generations, being far apart on the all GA run due
to that method being responsible for an offspring
four times bigger than the other methods. The
number of offspring also changes from generation
to generation, as noted from the variable proximity
of the dots for all methods. This phenomena is due
to the threshold we placed for the classification er-
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ror a model must not reach so it can be exhaustively
searched in the follow-up stage. As expected, the
all method is more successful in obtaining better
scores, being a mixture of the other four methods,
outscoring the other methods on higher orders on
late generations. However, dist2 showed a quicker
score improvement, especially on k = 6.

On a dataset with a hidden interaction of 10%

Figure 8: Evolution of the best scoring combina-
tions for different crossover methods in a toy dataset
with a hidden k = 6 interaction with 80% accuracy

higher accuracy, the algorithm significantly im-
proved its performance, as observed on Figure 8.
The best combination was met for k up to 4 by the
all method and by all methods for k = 2. By ana-
lyzing the dot concentration and the number of in-
dividuals, we can notice that relatively to the 70%
accurate dataset, more individuals per generation
were admitted to the exhaustive stage. For k = 3
the optimal solution was not met early on, as for
other orders, but after 30 generations.
Again, after all, dist2 was the method that had
the best performance, reaching solutions of equal
score for all k but 3 and 4, despite having a slower
improvement over generations than other metrics.
The optimal solution was not found for any met-
ric in the 50 generations run for the k = 5 analy-
sis. From the quick initial improvement for all and
the subsequent stagnation, we can draw the conclu-
sion that the algorithm found, for that order and
method, a local optima.

For a dataset with a hidden interaction of 90%,
our algorithm was able to find all optimal solutions
for k ≤ 5, as seen on Figure 9. Furthermore, the
optimal result was met on the first generation for
all methods on k = 2 and all but dist2 on k = 3,
which found it on the following generation. The err
method was also able to find the optimal solution
for k = 4 and fared the best overall, indicating that
its performance improves significantly on datasets
where the hidden interaction has a good accuracy.
all again managed to find the best solution for all
orders below 6 and equate err in solution score at
that order. For higher orders, the dist methods

Figure 9: Evolution of the best scoring combina-
tions for different crossover methods in a toy dataset
with a hidden k = 6 interaction with 90% accuracy

seemed to compete poorly with the other methods.
For a better understanding on how each model con-
tributes individually for the best score of a genera-
tion, Figure 10 shows the best score found for each
tested chromosome (the dots) for the algorithm run
on a dataset with a hidden interaction of k = 6 with
100% accuracy when determining the disease trait.
For methods like 2 best, we can observe how, up
to the generation the optimal score was found, dif-
ferent models returned different scores. Only after
the model scores started to converge to the optimal
solution, no pattern or trend being able to discern
from them before.
dist methods show the biggest variance between

model best scores in a single generation, as shown
on k = 6. Even after the optimal solution was found
and offspring generated using information from the
parameter configuration of XGBoost that lead to
it, some of these models can only score a K2 score
worse by over 10.

Figure 10: Evolution of the best scoring combi-
nations per XGBoost model for different crossover
methods in a toy dataset with a hidden k = 10
interaction with 100% accuracy

5. Conclusions
The proposed approach joins the configuration lib-
erty of using a machine learning algorithm as a fil-
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tering stage before an exhaustive search with the
heuristic power of genetic algorithms, using a multi-
objective fitness optimization, to encouraging re-
sults. Optimal solutions for k up to 5 where found
or closely approached on toy datasets manipulated
to include sufficiently accurate interactions. Due to
simultaneous improvement of different k solutions,
we can conclude that making the algorithm search
the best interactions on a range of k, as opposed
to a single-objective search, brings benefits to the
overall search. Fit genetic individuals for a certain
interaction order can lead to an improvement in the
solution not only in that order, as the exhaustive
stage searches for all k in the desired range.
By providing a viable alternative to a full exhaus-
tive search with a complex framework that uses its
retained information to continuously improve itself,
producing satisfying results, we designed an ap-
proach of considerable utility for detecting epistasis
without a restriction for interaction order. Optimal
solutions for k where exhaustive search would be
time restrictive were found on few generations and
the alggorithm was able to escape local optima and
show improvements after numerous generations of
stagnation in the best solution, using the top per-
forming all and dist2 crossover methods.
With this work we provided a useful inference tool
for GWAS that works outside of the common inter-
action orders studied, being able to find promising
interactions for further biological study without the
combinatorial explosion restriction of exhaustive or
depth-first searching algorithms.
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