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Abstract

Most multivariate statistical methods for gene expres-
sion data reguire a complete matrix of gene array values.
In this paper, a imputation method based on least squares
formulation is proposed to estimate missing values. It ex-
ploits local similarity structures in the data as well as
|east squares optimization process. The proposed local least
squares imputation method (LLSmpute) represents a tar-
get gene that has missing values as a linear combination of
similar genes. This algorithm showed better performance
than the other imputation methods such as k-nearest neigh-
bor imputation and an imputation method base on Bayesian
principal component analysis.

1. Introduction

Gene expression data sets often contain missing values
due to various reasons, e.g. insufficient resolution, image
corruption, dust or scratches on the slides, or experimen-
tal error during the laboratory process. Since it is often very
costly or time consuming to repeat the experiment, many al-
gorithms have been developed to recover the missing values
[3, 2]. In this paper, a local least squares imputation (LL-
Simpute) is proposed, where a target gene that has miss-
ing values is represented as a linear combination of simi-
lar genes. Rather than using all available genes in the data,
only the genes with high similarity with the target gene are
used in the proposed method. It is compared with k-nearest
neighbor imputation (KNNimpute) [3] and an estimation
method based on Bayesian principal component analysis
(BPCA) [2].

2. Local Least Squares I mputation

A matrix G € R™*™ denotes a gene expression data ma-
trix with m genes and n experiments, and assume m > n.
In the matrix G, a row gl € R1*™ represents expressions

of the ith gene for n experiments. In order to recover the to-
tal of ¢ missing values in any locations of a target gene g,
the k-nearest neighbor genes of g,

gl eRV™ 1<i<k,

are found. In this process of finding the similar genes, the ¢
components of each gene at the ¢ locations of missing val-
ues in g are ignored. Then, based on these k-nearest neigh-
bor genes, a matrix A € RF*(n=9) 3 matrix B € R¥¥4, and
a vector w € R("~9*1 are formed. The ith row vector a}’
of the matrix A consists of the ith nearest neighbor genes
gst € R'*" 1 < 4 < k, with its elements at the ¢ miss-
ing locations of missing values of g excluded. Each column
vector of the matrix B consists of the values of the jth lo-
cation of the missing values (1 < j < q) of the k vectors
gST The elements of the vector w are the n — ¢ elements
of the gene vector g whose missing items are deleted. Af-
ter the matrices A and B and a vector w are formed, the
least squares problem is formulated as

min | ATx — w||. (1)
X
Then, the vector u = (o a2 -+ )7 of ¢ missing values
can be estimated as

u=BTx=BT(AT)'w, 2)

where (AT)1 is the pseudoinverse of A7

For example, assume that the target gene g has two miss-
ing values in the 1st and the 10th positions among total 10
experiments. If the missing value is to be estimated by the
k similar genes, each element of the matrix A and B, and a
vector w are constructed as
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where o and aip are the missing values and gfl e ,gg

are the k genes that are most similar to g. The known ele-
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Figure 1. Comparison of the normalized RMS
errors of different methods and effect of the
number of genes for estimating missing val-
ues on GA.ENV data set. The results of the
methods that do not depend on the number
of genes are shown on the y-axis.

ments of w can be represented by
W~ Xj1a; + Xgag + - -+ + Xpay,

where x; are the coefficients of the linear combination,
found from the least squares formulation (1). And, the miss-
ing values in g can be estimated by

oy = By1xy + By X + - + By 11Xy,
g = By 9x1 + Bg oXo + - -+ + By oXy,

where a1 and ag are the first and the second missing val-
ues in the target gene. For estimating missing values of each
gene, we need to build the matrices A and B and a vector
w, and solve the least squares problem of Eqn. (1).

3. Resultsand Discussion

The data set we used was from a study of response to en-
vironmental changes in yeast [1]. It contains 6361 genes
and 156 experiments that have time-series of specific treat-
ments. A complete matrix of 2641 genes and 44 exper-
iments was formed after removing experimental columns
that have more than 8% missing values and then selecting
gene rows that do not have any missing value (GA.ENV).
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Given an initial expression data matrix, 5% of the data
elements of the matrix were randomly chosen and regarded
as missing values. The performance of the missing value es-
timation is evaluated by normalized root mean squared er-
ror (NRMSE). In KNNimpute, a weighted average of the
k-nearest neighbors of a target gene was used as an esti-
mate for each missing value in the target gene. The simi-
larity between two genes is defined by the reciprocal of the
Euclidian distance calculated with only non-missing com-
ponents. Then, a missing entry was estimated as an average
weighted by the similarity values. For LLSimpute, the sim-
ilar genes can be chosen by k-nearest neighbors or k-most
coherent genes that have large magnitude of Pearson cor-
relation coefficient. If a method uses k-nearest neighbors,
/L2’ is appended to its name, while it is based on k-most
coherent genes, a suffix, /PC’, is appended. Nonparametric
missing values estimation methods of LLS/L2 and LLS/PC
were designed by estimating an optimal k-value only using
non-missing parts. This k-value estimating procedure con-
siders some elements of the non-missing parts as artificial
missing values, and finds an expected k-value that produces
the best estimation ability for the artificial missing values.

In Figure 1, the NRMSE values of imputation methods
are presented. LLSimpute outperformed BPCA as well as
KNNimpute when k is large. Even though BPCA showed
better performances than KNNimpute for all data sets tested
in the study of BPCA [2], when genes have dominant local
similarity structures, BPCA may be less accurate than KN-
Nimpute [2]. However, LLSimpute takes advantage of the
local similarity structures as well as the optimization pro-
cess by the least squares, which is one of the most impor-
tant advance of LLSimpute.

4. Conclusion

The local least squares imputation (LLSimpute) is suc-
cessfully designed for the missing value estimation in mi-
croarray gene expression data.
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