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ABSTRACT

We introduce the python software package Kernel Mixed Model (KMM), which allows users
to incorporate the network structure into transcriptome-wide association studies (TWASs).
Our software is based on the association algorithm KMM, which is a method that enables
the incorporation of the network structure as the kernels of the linear mixed model for
TWAS. The implementation of the algorithm aims to offer users simple access to the algo-
rithm through a one-line command. Furthermore, to improve the computing efficiency in
case when the interaction network is sparse, we also provide the flexibility of computing with
the sparse counterpart of the matrices offered in Python, which reduces both the compu-
tation operations and the memory required.
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1. INTRODUCTION

THE ASSOCIATION MAPPING between gene expressions and phenotypes offers the community an oppor-
tunity to understand the functional relevance of genes to the traits of interest. Although this topic has
been investigated for decades (Ding and Peng, 2005; Meinshausen and Biihlmann, 2010; Zou and Hastie,
2005), it recently becomes important again as one essential step in Transcriptome-wide Association Study
(TWAS) (Barbeira et al, 2018; Gamazon et al, 2015; Gusev et al, 2016) to continue the endeavor to
investigate the missing heritability of complex traits. In this article, we aim to introduce a software that
facilitates the study of the association between transcritome and phenotypes.

Our contribution follows a simple idea that incorporating the network structure of genes will likely
improve the association study. Although this idea was explored a decade ago (Li and Li, 2008), and has
been extensively followed up in machine learning and data science community, we notice that the resultant
software has not been widely adopted by geneticists. One possible reason behind the insufficient usage of
these software that can incorporate the network structure knowledge into association study is that these
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software do not provide an estimation of the statistical significance of the discovered association, probably
due to the fact that introducing structural knowledge through regularization greatly increases the statistical
difficulty in reporting p-values.

Motivated by the importance of TWAS, and the necessity of introducing an association method that can
incorporate the network structure and report p-values, we introduce the Kernel Mixed Model (KMM)
software implementing the KMM described in Wang et al (2022).

2. IMPLEMENTATION DETAILS AND EFFICIENCY EXPERIMENTS

In addition to the implementation of the algorithmic contribution reported in Wang et al (2022), we also
add a few new functions to overcome possible usage barriers one may encounter in using our software in
practice. In particular, we add functions that address the following challenges in the implementation: (1) the
possibility that the Laplacian matrix that the software needs to inverse based on our algorithm is uninvertible,
and (2) the fact that operations over dense matrices may take significantly longer time than sparse matrices.

2.1. Approximating the inverse of a matrix and corresponding experiments

Our algorithm requires one operation of the inverse of the normalized Laplacian matrix for the calcu-
lation of the kernel of the mixed model, where the Laplacian matrix is obtained from the network structure.
However, in practice, we notice that not all the Laplacian matrices (constructed from various of network
structures) are full rank (thus, not all of them are invertible). Therefore, a vanilla usage of the Python matrix
inverse operation will lead to an error message and termination of the computation.

Fortunately, since we only need to inverse the normalized Laplacian matrix, of which eigenvalues are
all <1, we can safely implement the following procedure to approximate the calculation of the inverse matrix:

L '=d-H) ' ~I+H+H.

To have a quantitative understanding of the advantages and the limitations of this approximation, we test
the error of this approximation in terms of the mean squared errors of the elements of the resultant matrices
and report the result in Figure 1.

In our experiment, we compare the differences of inversing 1000 matrices for each of the sparsity levels
listed in Figure 1, where the x-axis denotes the fraction of zeros over all elements in the matrix. Our results
show that as the sparsity level increases, the matrix is less likely invertible (thus, our implementation is
more important), and also that the approximation error gets smaller.

It is worth mentioning that we believe, in practice, the network structure is highly sparse, which means
the corresponding Laplacian matrix is likely uninvertible, and thus our implementation is essential. How-
ever, even in the situation where the Laplacian matrix is invertible, the introduced approximation error is
fairly small as shown in Figure 1.
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FIG. 1. The error of approximation (box plot) and the percentage of uninvertible matrices (bar plot) at different
sparsity levels of the matrix.
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2.2. Sparse matrix implementation and corresponding experiments

Another challenge we notice is that the memory required to store the network information scales
quadratically with the number of all genes to be tested, even though there are much fewer genes in the
network. Thus, to avoid the unnecessary usage of the memory when the matrix is sparse and to accelerate
the computation, we implement the sparse version of the KMM. To encourage the usages, the software will
automatically detect whether it will run the sparse version or the original version given the input network
structure.

To demonstrate the effectiveness of using the sparse version of the implementation, we run a simple
experiment to compare the run time of the matrix multiplication using the original matrix implementation
and the sparse counterpart, respectively. We notice that over 1000 runs of multiplying 5000 x 5000
matrices, the sparse implementation is 2000 orders of faster on average than the original implementation
when the input matrix is indeed sparse.

3. USAGE INSTRUCTIONS

Users can download or install the software from https://github.com/HaohanWang/KMM, and use the
software with a simple command line:

$ python kmm.py —gene <expression values> \
—pheno <phenotype values> \

—net <network structure> \

—cov <covariate values to regress out> \

—out <output file>

where files for gene expressions, phenotypes, and covariates (optional) are csv files with headings. The
network structure file is expected to be lines of gene names. For each line, the first gene is connected with
the remaining genes.
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