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Introduction
The functional impact of regulatory variation in the human genome remains largely unexplored. One
group of regulatory variants called expression quantitative trait loci (eQTLs) has become the focus of
recent large scale efforts to identify variants that effect gene regulation [2, 6, 9, 10]. eQTLs refer to
non-coding variants that influence the expression of a nearby gene such that individuals homozygous for
one allele of the gene will show decreased expression relative to individuals homozygous for the other
allele. In addition to influencing expression, eQTLs are enriched for disease causing variants and variants
that influence molecular phenotypes such as chromatin modifications [2, 4]. Thus, these variants are of
important biological interest for addressing disease etiology.
Until recently, the study of eQTLs has focused primarily on discovery using simple linear models
[2, 6, 9, 10]. Only a handful of studies have sought to build more complex models for the purpose
of eQTL classification [2, 4]; these studies have been limited in the scope of models investigated. In
this project, we examine four main classification methods for eQTL detection: 1) logistic regression, 2)
decision trees and random forests, 3) support vector machines (SVM), and 4) neural networks. Our goal is
to build a classification model to predict whether a variant influences gene expression using only publicly
available genomic annotation. This model will therefore be able to classify eQTLs rapidly without the
need of gene expression data, greatly improving our ability to interpret functional variation in the noncoding genome. In addition, by examining which features/annotations are most informative for eQTL
classification, we can make meaningful inferences regarding the underlying biology of eQTLs.

Data
The GEUVADIS Consortium recently conducted one of the largest eQTL studies to date on 373 European
derived lymphoblastoid cell lines (LCLs) [6]. Their genotype and expression data is publicly available
(http://www.ebi.ac.uk/Tools/geuvadis-das/). We re-ran their eQTL analysis to generate a list of
5738 high confidence eQTLs with FDR < 0.05. Additionally, we chose as our control set 5086 SNPs with
no significant association to gene expression.
Features for each SNP were obtained from the CADD resource, a publicly available database with over
90 annotations for nearly every base in the human genome (http://cadd.gs.washington.edu/) [5]. 68
features were selected from the CADD database for model training and testing. Features were selected
based on missingness rate (< 75%) and biological relevance. As a pre-processing step, we intersected our
list of eQTLs and controls with the CADD features. We matched each variant in the CADD database
for the specific alternative allele in our eQTL/control list. Our final dataset consisted of 10824 eQTLs
and control SNPs with 68 features per observation.

Features
The 68 selected features cover a range of genomic annotations, from estimates of selection and conservation
to measures of open chromatin and transcription factor binding. 16 features are categorical with number
of factors ranging from 2 to 26, while the remaining features are continuous or integer valued. For a
significant number of our 68 predictors, the missingness rate is quite high (35 predictors with missingness
> 0.50). The CADD resource gives guidelines for imputation of missing values for these variables, and
these guidelines were followed in construction of the final training and test sets. Missingness for some
of the predictors can be informative. For example, if one of the predictors is measuring the amino acid
change caused by a variant, missing data would indicate that the variant is not within a protein coding
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region. Therefore, for 10 predictors with missing values, additional binary categorical predictors were
created as indicators of whether the original predictor was missing or not for a given variant.

Models
Our goal is to predict using the annotations for a given regulatory variant whether that variant is an
eQTL or not. Formally, for regulatory variant i (i = 1, · · · , m), we define the class label:

1 : if variant i is an eQTL
yi =
0 : otherwise
Let xi be the feature vector for variant i. Our performance metric will be classification error. We
compared four main types of classification models: 1) logistic regression, 2) SVMs, 3) tree-based models,
and 4) neural networks. These models were chosen for their ability to handle the disparate feature types.
Additionally, our literature review revealed that tree-based and SVM-based methods have performed well
for similar problems focused on coding variation [1, 5]. Training was performed on 70% of the sample
(randomly chosen), while testing occurred on the remaining fraction (30%).
Logistic Regression Models: We first investigated a logistic regression model including the main
effects from 58 of the 68 features. The 10 binary features derived to account for missingness in other
predictors were not included in the model. No higher order interactions were investigated. This model,
termed the Full Model, is specified as follows:
P (yi = 1|xi ) =

1
1 + exp(β0 + β T xi )

where β0 is the intercept term and β is the vector of coefficient estimates. We then performed feature
selection on the Full Model using two methods: 1) forward-backward stepwise regression using AIC
(Akaike Information Criterion) and 2) L1-regularized regression (Lasso regression) [3]. The Full Model
and stepwise model were fit using the R functions glm and step, respectively. We used the R package
glmnet to fit the lasso model [3]. λ, the lasso penalty parameter, was chosen via 10-fold cross-validation.
SVMs: We considered three different SVM models defined by the choice of kernel function: 1) linear,
2) radial, and 3) sigmoid. These kernel functions are defined as follows:
klinear (xi , xj ) = xTi xj
kradial (xi , xj ) = exp(γkxi − xj k22 )
ksigmoid (xi , xj ) = tanh(γxTi xj )
1
By default, we set the coefficient γ = dim(x)
. Models were fit using the R package e1071 [8].
Tree-based Models: We considered two tree-based models: 1) a single classification tree and 2) a
random forest. For both models, the objective function minimized during model fitting was the training
classification error. The classification tree was fit using the R package rpart [11]. The full tree was fit
and then pruned by minimization of the 10-fold cross-validation error. The final, pruned tree contained
13 splits with a complexity parameter of 0.00261. The random forest was fit using the R package
randomForest [7]. The forest was grown to 500 trees; there were noprestrictions on tree size. The number
of predictors sampled in each split was set to the default, namely dim(x).
Neural Networks: Single hidden layer neural networks were fit using the R package nnet [12]. The
learning decay parameter was set to 0 (default) and the maximum number of fitting iterations was set
to 1000. In all, 20 models were trained, with models having h = 1, · · · , 20 nodes in the hidden layer.
Models were fit by minimization of the cross-entropy or deviance:

argmin
θ

m
X
i=1

−yi log f (xi ; θ) − (1 − yi ) log(1 − f (xi ; θ))
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where f (xi ; θ) are the predicted probabilities from the network for observation i and θ is the vector of
network parameters. The model that minimized testing error (i.e. the model with h = 7 hidden nodes)
was chosen for comparison to the remaining three model types.

Results
The table below gives the training and test error for all 9 models. In terms of training error, the neural
network with 7 hidden nodes performs the best, followed by the tree-based models and SVMs with radial
and linear kernels. However, training error can be a misleading metric if over-fitting occurs. On test error,
the tree-based models perform the best followed by SVMs with radial and linear kernels. Surprisingly, the
lasso model performs quite well, given that it does not attempt to model higher order interactions unlike
models from the other three types. The neural network performs extremely poorly compared to the other
models and given it’s performance on the training data. This results argues strongly for over-fitting in
the neural network. In general, all models have a performance on the test set around 30 − 35%.
Model
Full additive logistic
Stepwise logistic
Lasso logistic
SVM Linear
SVM Radial
SVM Sigmoid
Decision Tree
Random Forest
Neural Net

Training (7577)
0.3561
0.3558
0.3212
0.3109
0.2746
0.3780
0.2736
0.2773
0.1334

Test (3247)
0.3631
0.3671
0.3366
0.3302
0.3234
0.4090
0.2937
0.2913
0.3723
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Figure 1: Lasso regression coefficient estimates (left) and Random Forest variable importance (right)

We were also interested in determining features highly predictive of eQTL status. Figure 1 shows
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the parameter estimates for features selected by the lasso regression (left) and the variable importance
(mean decrease in accuracy) plots for the random forest (right). Both models select very similar features as
highly predictive; these features are generally enriched for annotations regarding regulatory potential (ex.
TFBS or number transcription factor binding sites disrupted), distance to nearest gene (ex. minDistTSS
or absolute value of the minimum distance to transcription start site), degree of conservation/selection
(ex. GerpN, a measure of sequence conservation), and specific chromatin states (ex. Segway, a chromatin
segmentation map).

Discussion
Tree-based models achieved the best performance of all models considered, followed closely by SVMs with
radial and linear kernels. The neural network model performed rather poorly, showing strong evidence
of over-fitting. Surprisingly, the lasso logistic regression model performed quite well. This model is far
simpler than the tree-based and SVM models and is also more tractable and interpretable. For example,
from the random forest model we know the feature TG EUR (average allele frequency in European
populations) is strongly predictive, but interpreting it’s exact influence on eQTL classification is difficult
given the higher order interactions implicit in the model. However, from the lasso model, we see that
increasing TG EUR increases the probability of a variant being an eQTL. Moreover, given that the lasso
model only accounts for main effects, its strong performance suggests that the influence of higher order
interactions is relatively small. 87 parameters were estimated in the full logistic model compared to 54
for the stepwise model and 32 for the lasso model. Thus, many main effects also appear to be of little
predictive value.
The performance of our models was bounded below by 29% miclassification error on the test set. This
low performance is likely partly due to the resolution of our features. Most of the features have a resoltion
of 10-1000 base pairs; we are, instead, trying to predict class labels for single base pair variants. The high
degree of missingness in the feature set could also be limiting model performance. Lastly, the problem
could be confounded by the underlying biology. The number of non-coding variants in the human genome
is on the order of millions to tens of millions, yet the number of detected eQTLs is on the order of tens
of thousands. They are relatively quite rare, and we simply may not have observed enough of them to
determine how they differ from the background non-coding variation.
Finally, using the coefficient estimates from the logistic regression models and the variable importance
measures from the tree based models, we were able to quantify the relative influence of each of the features
on eQTL state. From these measures, we can make some interesting biological conclusions. For example,
minDistTSS was found to be highly informative in the random forest model. It was also found to have a
negative predictive effect (β̂minDistTSS = −7.21e − 6) in the lasso model, indicating that variants nearer
the site of transcription are more likely to be eQTLs, a result previously confirmed by other studies
[2, 10]. More broadly, we can infer that annotations associated with gene regulation, chromatin activity,
transcription factor binding, and conservation are highly predictive of eQTL state, while annotations
associated with protein function (ex. SIFTval, a measure of deleteriousness of a protein-coding variant)
are not predictive. These results provide evidence that the biological mechanisms influencing eQTLs,
and possibly other regulatory variants, are not shared by protein-coding variation. The development of
predictive models specifically for non-coding variations is, therefore, all the more pertinent.

Conclusion and Future Directions
We have presented one of the first studies to apply a diverse range of machine learning algorithms to
the novel task of eQTL prediction. We compared four general algorithms, and found that performance
was optimized by tree-based models followed closely by SVMs and lasso logistic regression. Using these
models, we were also able to make meaningful inferences regarding the underlying biology of eQTLs,
highlighting there distinction from protein-coding variation.
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Unfortunately, our classification error for all models was relatively high. Future work should focus on
error analysis to understand the source of this high error. Additionally, other large resources of regulatory
annotations could be used to increase the feature set, hopefully including novel features that improve
prediction. We can also use other databases of eQTLs to increase training and test set size [2, 9, 10]. More
long term, we want to explore these models in the context of other regulatory variation, e.g. variants
influencing transcript processing, chromatin modifications, and chromatin activity. We want to expand
our models to produce a resource for annotation of the entire non-coding genome, and, thereby, improve
our ability to interpret personal genomic variation.
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