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ABSTRACT — Regression analysis such as linear regression and logistic regression has often been
employed to construct toxicogenomic predictive models, which forecast toxicological effects of chemical compounds in human or animals based on gene expression data. While in general these techniques
can generate an accurate and sparse model when a regularization term is added to a loss function, they
ignore structural relationships behind genes which form vast regulatory networks and interact with each
other. Recently, several reports proposed structured sparsity-inducing norms to incorporate prior structural information and make a model reflecting relationships between variables. In this study, assuming that
genes regulated by the same transcription factor should be selected together, we applied the latent group
Lasso technique on toxicogenomic data with transcription factor networks as prior knowledge. We compared generated classifiers for liver weight gain in rats between the latent group Lasso and Lasso. The
latent group Lasso was comparable or superior to the Lasso in terms of predictive performances (balanced
accuracy: 74% vs. 72%, sensitivity: 62% vs. 62%, specificity: 86% vs. 83%). Besides, groups selected by
the latent group Lasso suggested involvement of Wnt/β-catenin signaling pathway. Such mechanism-related analysis could not have been possible with the Lasso and is one of the advantages of the latent group
Lasso.
Key words: Structured regularization, Transcription factor network, The latent group Lasso
INTRODUCTION
Regression analysis assumes that there exists a relationship between an explanatory variable
and a
response variable
as follows:
where
is a model function with a parameter
In regularized regression analysis, retrieving
from a given
n-sample dataset
and
reduces to solving an optimization problem of the following form:
where
is a loss function with a parameter , is a
regularization (or penalty) term, and
is an arbitrary penalty parameter. For logistic regression (Peng et
al., 2002) on
(including the first dimension
indexed at 0 for intercepts) and ,
and
can be written as:

where

and

and

are:

Among the most standard choices for a regularization
term is the L1-norm, known as the Lasso regularization, which tends to estimate non-important components
of
as zero (Tibshirani, 1996).
Regression analysis such as linear regression and logistic regression has often been employed to construct toxi-
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cogenomic predictive models (West et al., 2000), which
forecast toxicological effects of chemical compounds in
human or animals based on gene expression data (Nuwaysir
et al., 1999). While in general regression analysis combined with the Lasso regularization can generate an accurate and sparse model, they ignore structural relationships
behind genes which form vast regulatory networks and
interact with each other.
Genes regulated by the same transcription factor, for
example, are expected to be co-expressed and therefore should be incorporated to or discarded from a model together. To achieve this, we applied the latent group
Lasso (Jacob et al., 2009; Obozinski et al., 2011), a variant of structured regularization techniques, on toxicogenomic data with transcription factor networks as a prior knowledge of structural relationships. Assuming that
we have a set of groups
(the power set of
), where each
is a group that is a subset of
indexes of
(except for the index 0 as an intercept), the latent group Lasso uses the following norm as a
penalty term:

where
is a weight for a group . This norm
tends to select explanatory variables as unions of groups
as non-zero covariates. While several papers reported
applications of structured regularization techniques in
biological fields (Ma et al., 2007; Obozinski et al., 2011;
Silver et al., 2012), there have been so far no direct implication of the latent group Lasso in toxicogenomic analyses. In this study, to compare the predictive performances and sparsity between the latent group Lasso and Lasso
classifiers, utilizing the TG-GATEs database, where
both microarray and toxicological data of more than
150 compounds in rats (in vivo and in vitro) and humans
(in vitro) are stored, we built both latent group
Lasso and Lasso classifiers that predict whether a chemical compound induces increases in liver weight after
14-day repetitive treatments in rats based on transcriptomic data of 3-day repetitive treatments. For the latent
group Lasso, we used the transcription factor target gene
sets from the MSigDB database as prior structural information and regarded each gene set as a group.
MATERIAL AND METHODS
Data sources
We used the TG-GATEs and MSigDB databases for
this study.
TG-GATEs is a toxicogenomic database developed by
Vol. 2 No. 4

The Toxicogenomics Project (TGP), a joint governmentprivate sector project organized by the National Institute
of Biomedical Innovation, National Institute of Health
Sciences and 15 pharmaceutical companies in Japan,
and The Toxicogenomics Informatics Project (TGP2), a
follow-on project from TGP organized by the National
Institute of Biomedical Innovation, National Institute of
Health Sciences and 13 companies. Gene expression and
toxicity data in vivo (rats) and in vitro (primary cultured
hepatocytes of rats and humans) after treatments of more
than 150 compounds are stored in the TG-GATEs database. TG-GATEs is now released for public as Open TGGATEs (http://toxico.nibio.go.jp). To construct a predictive model for liver weight gain after repetitive doses of
compounds based on transcriptomic data of a shorter period, from the TG-GATEs database, we used gene expression data (n = 3 per group) one day after 3-day repetitive
doses (hereinafter 4D) in the liver of rats as explanatory variables and liver weight data (n = 5 per group) one
day after 14-day repetitive doses (15D) in rats as response
variables for this study. For each compound, only the data
of the highest dose group and its control group was used.
Of the 150 compounds, we omitted one compound and
analyzed the remaining 149 compounds because that one
compound was found to have killed animals before 15D
in the study and therefore no data is available for liver
weight of 15D.
MSigDB is a collection of annotated gene sets
(Subramanian et al., 2005) and publicly available on the
Broad Institute's website (http://www.broadinstitute.org/
gsea/msigdb/index.jsp). We used the 615 transcription
factor target gene sets as groups, each of which shares a
transcription factor binding site, from the motif gene sets
(C3) of the MSigDB database. Of the 615 groups, we
omitted those regulated by an unknown transcription factor.
Because genes are represented as human Entrez IDs
in MSigDB, we mapped probe set IDs of Affymetrix
GeneChip Rat Genome 230 2.0 Array to Entrez IDs of
their corresponding human homologue genes with the
aid of QIAGEN's Ingenuity® Pathway Analysis (IPA®.
QIAGEN. Redwood City, CA, USA. http://www.ingenuity.com/products/ipa) software. We confirmed that the
gene sets in the C3 set of MSgiDB "contain genes that
share a cis-regulatory motif that is conserved across the
human, mouse, rat, and dog genomes," according to the
website, and therefore such interspecies mapping is reasonable.
Data preprocess
Prior to the analysis, we have preprocessed gene
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expression data and liver weight data. First, gene expressions were corrected and normalized by the MAS 5.0
algorithm (Hubbell et al., 2002) to reduce inter-array variances (Welle et al., 2002). Liver weights were transformed into relative liver weight, a ratio of liver weight
divided by body weight to avoid large variations in body
weight skewing organ weight interpretation (Hall et al.,
2012). Secondly, values were averaged over individual
animals included in each experimental group. Then, for
each compound-treated group, a fold change was calculated as a ratio of an average value of a treatment group
divided by an average value of its corresponding control
group, to reduce inter-study variances (Cheng et al., 2009).
Finally, based on fold changes (fc) and p values (p) of
the student's t-test conducted between a compound-treated group and its corresponding control group, experimental groups with liver weights satisfying fc > 1 and p < 0.05
were labeled as positive and otherwise as negative. In general, numerical parameters in toxicity studies are judged to
be increased or decreased, based essentially on statistical
comparison with contemporary controls and, if available,
additionally on historical data (Festing and Altman, 2002).
In this study, we discretized liver weights based only on
statistical tests, as no historical data was available.
Data analysis
For the latent group Lasso and Lasso analyses in this
study, we used the MATLAB® (The MathWorks, Inc.,
Natick, MA, USA) code available on Dr. Jacob's
Homepage (http://cbio.ensmp.fr/~ljacob/). We basically followed the procedure of the pathway analysis experiment for breast cancer data reported in (Jacob et al.,
2009; Obozinski et al., 2011). Since the data set is unbalanced, we used the balanced logistic loss function, which
weighs each positive case with the proportion of negative cases and each negative case with the proportion
of positive cases respectively, and the balanced accuracy (Obozinski et al., 2011). We did not weight groups
(
) as the unweighted version outperformed the weighted version in (Obozinski et al., 2011).
To estimate the generalized predictive performances, we
conducted a 5-fold cross validation on the data set (hereafter external CV). First, in each step of the external CV,
we filtered 10,000 genes based on correlations with the
discretized liver weights. This type of filtering is common
practice in microarray data analysis (Obozinski et al.,
2011). Besides, we confirmed that the results were robust
to numbers of filtered genes. Secondly, internal 5-fold
cross validations (internal CV), further splitting the training set, for each
were
conducted to select the best based on the average bal-

anced accuracy. Thirdly, the model was built on the training set with selected and evaluated for its predictive
performances (the balanced accuracy, sensitivity, and specificity) on the test set. Finally, predictive performances
were averaged over each external CV step.
For discussions of group sparsity and biological relevance, we used all the samples as the training set and conducted no external CV, whereas internal CV for selecting
were still conducted.
The experiment of (Jacob et al., 2009; Obozinski et al.,
2011) omitted all the genes that were not included in any
groups in prior to the analyses, to ensure fair comparisons
between the latent group Lasso and Lasso, as the latent
group Lasso requires that all the genes belong to at least
one group. This process, however, downplays the difference between the two methods, since the group information is used even for the Lasso analysis. To better compare
the difference between the two methods, instead of omitting genes that were not included in any groups or unable to be mapped properly, we fabricated dummy groups,
each of which includes genes that were not included in
any groups (one gene per group), in prior to the latent
group Lasso analysis. This approach allows us to rightly
demonstrate the effects of prior knowledge, as the Lasso
analysis does not use group information, while still keeping the comparison between the two methods fair because
the same set of genes are used for both methods.
Latent group Lasso optimization algorithm
Jacob's implementation applies the approach for the
group Lasso proposed by (Meier et al., 2008) to the latent
group Lasso, by transforming the latent group Lasso problem into the group Lasso problem in the expanded space
(Jacob et al., 2009).
The group Lasso employs the L1/L2-norm of the following form as a penalty term (Bach et al., 2012):

where
is a set of groups,
is a group
and
is a weight for a group . As stated in (Jacob
et al., 2009; Obozinski et al., 2011), the latent group
Lasso problem with a loss function
that is dependent
on only through the inner products
(e.g. squared
error loss function for linear regression and logistic loss
function for logistic regression) can be equivalently transformed into the group Lasso problem in an expanded
space
:
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parameter
where
and
, in which explanatory variables of the original
are duplicated as many times as their occurrences in .
Jacob's implementation solves this optimization problem based on the block coordinate descent algorithm
(Meier et al., 2008) combined with the working set (or
active set) strategy (Roth and Fischer, 2008).
Cross validation
K-fold cross validation, is one of the standard methods
for evaluating predictive performances of classifiers. This
method divide a dataset into equally-sized k partitions (1,
2, ..., k). In the first step, the first partition (1) is reserved
as a test set and the other partitions (2, 3, ... k) are used
as a training set to build a classifier. Once a classifier is
built, it is validated for its predictive performances with a
test set (the first partition in this case). k-fold cross validation repeats this steps k times changing a partition serving as a test set one by one. In the end, averaged predictive performance over k validation steps is regarded as the
predictive performance of a classification algorithm.
Following Jacob's implementation, we adopted the randomized balanced cross validation approach, which randomly distributes cases into partitions so that each partition has the proportions of positive and negative cases as
close as possible to those in the whole data set. To ensure
reproductivity, we fixed the random seed to 0 in MATLAB at the beginning of the process.
Predictive performance
We used the following parameters (Carrillo et al., 2014;
Florkowski, 2008) to compare predictive performances.
Balanced Accuracy: (Sensitivity + Specificity) / 2
Sensitivity: True Positive / (True Positive + False Negative)
Specificity: True Negative / (True Negative + False Positive)

, as following:

where
is the set of covariates
such that
and
.
In our study, we distinguished pre-filtering coverage
(denoted
) and post-filtering coverage
(
), as genes were filtered in each external
CV step and thus the group sizes
were different before
and after filtering. We regarded
as
the criteria that the group was considered to be selected in a generated classifier. This means that all the filtered
covariates (genes) of the group have non-zero coefficients. Note that dummy groups were excluded from this
discussion.
Pathway analyses
Pathway Analyses (Tox Function and Canonical
Pathway analyses) were conducted with QIAGEN's
Ingenuity Pathway Analysis (IPA) software. IPA Tox
Function and Canonical pathway analyses answer how
statistically significantly the pre-defined sets of molecules
based on literature were affected, considering how many
molecules a user-specified set and each pre-defined set
share. In our study, we used the adopted genes combined
with the transcription factors upstream of the adopted
groups as the user-specified set.
Computer
We used a personal computer with Intel Xeon E5620
CPU (2.40 and 2.39 GHz processors) and 48.0 GB RAM
for the analyses.
RESULTS

Student's t-test
For statistical comparison at discretization steps of liver weights between a compound-treated group and its corresponding control group for each compound conducted,
the unpaired two tailed student's t-test without equal variance assumption was conducted.

Predictive performance
We compared predictive performance of generated
classifiers between the latent group Lasso and Lasso with
5-fold cross validation (Table 1). For the latent group
Lasso, balanced accuracy, sensitivity, and specificity were
74 ± 8%, 62 ± 12%, and 86 ± 8% (mean ± standard deviation). On the other hand, the Lasso scored 72 ± 4%, 62
± 4%, and 83 ± 9%. Our comparison under the same condition showed that the latent group Lasso was comparable
or superior to the Lasso in predictive performance.

Group sparsitiy
For discussion of group-level sparsity of generated
classifiers, instead of covariate-level sparsity, we defined
a new metric, coverage of a group under the model

Group sparsity
We compared covariate-level and group-level sparsity of generated classifiers between the latent group Lasso
and Lasso (Table 2). The result showed that the number of
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Table 1. Comparison of predictive performance.

Table 2. Comparison of sparsity.

the latent group
Lasso
Lasso
Balanced accuracy (%)
74 ± 8
72 ± 4
Sensitivity (%)
62 ± 12
62 ± 4
Specificity (%)
86 ± 8
83 ± 9
Predictive performance of generated classifiers between the
latent group Lasso and Lasso was compared with 5-fold cross
validation. Values are shown as mean ± standard deviation (%).

the latent group
Lasso
Lasso
Number of adopted genes
3,214
86
Number of adopted groups
35
0
Covariate-level and group-level sparsity of generated
classifiers between the latent group Lasso and Lasso were
compared. Number of adopted genes is the number of non-zero
coefficients. Number of adopted groups is the number of groups
satisfying

Table 3. List of adopted groups by latent group Lasso classifier.
Group
Pre-filtering Coverage
Post-filtering Coverage
Wnt/β-Catenin/TCF
HOXA3
0.47
1.00
ALX4
0.43
1.00
+
SF1
0.41
1.00
CUTL1
0.40
1.00
ESRRA
0.38
1.00
PAX5
0.38
1.00
MAZ
0.37
1.00
+
NFAT
0.37
1.00
SP1
0.37
1.00
MLLT7
0.35
1.00
PAX4
0.35
1.00
TCF8
0.35
1.00
+
TAF
0.35
1.00
LEF1
0.34
1.00
+
TCF3
0.34
1.00
+
MAZ
0.34
1.00
+
TCF3
0.33
1.00
+
NR1H4
0.33
1.00
TFAP4
0.33
1.00
SREBF1
0.33
1.00
MYOD1
0.33
1.00
+
REPIN1
0.33
1.00
TCF3
0.32
1.00
+
MEIS1
0.32
1.00
TCF3
0.31
1.00
+
TCF8
0.31
1.00
+
TCF3
0.31
1.00
+
MEIS1 / HOXA9
0.31
1.00
TFAP4
0.30
1.00
MYOD1
0.29
1.00
+
UBP1
0.29
1.00
EVI1
0.25
1.00
+
EVI1
0.22
1.00
+
PAX3
0.20
1.00
+
EVI1
0.19
1.00
+
The 35 groups adopted by the latent group Lasso are listed in order of pre-filtering coverage. Groups are represented by name of
transcription factors. Groups with a transcription factor confirmed to have a tie with the Wnt/β-Catenin/TCF signaling pathway in
literature are labelled with "+" mark. Note that there are some groups with the same transcription factor (e.g. TCF3), corresponding
to different binding motifs. On transcription factor basis (not distinguishing groups with the same transcription factors), there are the
total of 25 transcription factors in the list. Groups regulated by two or more transcription factors are shown separated with "/" (e.g.
MEIS1 / HOXA9).
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Table 4. Pathway analysis with IPA: tox function analysis.
Category
Annotation
p Value
Molecules
1,009
Liver Hyperplasia / Hyperproliferation
Liver Tumor
3.84×10-13
996
Liver Hyperplasia / Hyperproliferation
Liver Cancer
2.97×10-12
56
Liver Proliferation
Proliferation of Liver Cells
5.49×10-7
46
Liver Proliferation
Proliferation of Hepatocytes
1.37×10-6
49
Liver Cirrhosis
Cirrhosis
1.55×10-6
66
Liver Damage
Damage of Liver
1.29×10-5
63
Liver Necrosis / Cell Death
Cell Death of Liver
1.82×10-5
35
Liver Fibrosis
Fibrosis of Liver
2.83×10-5
17
Liver Hypoplasia
Hypoplasia of Liver
4.29×10-5
61
Liver Necrosis / Cell Death
Necrosis of Liver
5.35×10-5
IPA Tox Function analysis was conducted for the adopted genes and the transcription factors of the adopted groups in the latent
group Lasso classifier. Top 10 liver-related annotations are listed in ascending order of p values. Molecules is the number of
molecules of each annotation that are included in our set.

adopted genes in the latent group Lasso classifier (3,214)
was far larger than in the Lasso classifier (86). In addition, the number of adopted groups based on the post-filtering coverage criteria in the latent group Lasso is 35,
while the number for the Lasso is 0, thus meaning that no
group was adopted in the Lasso classifier.
Biological relevance
Looking further into the 35 groups adopted by the
latent group Lasso classifier, we found that all of the
5 groups regulated by TCF3 (TCF7L1) only, except
for those regulated by two or more transcription factors including TCF3 (e.g. TAL1 / TCF3), were selected (Table 3). In addition, 2 of the 5 groups regulated by
TCF8 (ZEB1) were selected. These transcription factors are members of TCF/LEF family and known to play
a key role in the Wnt/β-Catenin/TCF signaling pathway
(Kolligs et al., 2002). Other transcription factors are also
reported to be involved in the Wnt/β-Catenin/TCF signaling pathway. LEF1 binds to β-Catenin in response to Wnt
pathway activation and mediates the expression of downstream genes (Valdivia et al., 2011). EVI1 expression
is increased by β-Catenin activation (Wei et al., 2011).
PAX3 is a downstream target of the Wnt/β-Catenin signaling (Zhao et al., 2014). MYOD1 induction from the
alveolar RMS cells is significantly decreased in response
to human recombinant Wnt3a (Annavarapu et al., 2013).
Regulatory sites for MAZ have been reported upstream
of MT1-MMP, which is up-regulated in colon carcinomas
mediated by a direct interaction of β-Catenin/TCF4 complex (Hodar et al., 2010). ALX4 can bind LEF1 and may
modulate the β-Catenin/LEF1 signaling pathway (Church
and Francis-West, 2002).
Further, we conducted pathway analyses for the adoptVol. 2 No. 4

ed genes with the transcription factors of the adopted groups in the latent group Lasso classifier using
QIAGEN's Ingenuity Pathway Analysis (IPA) software.
Tox Function analysis revealed that the two annotations
under the "Liver Hyperplasia / Hyperproliferation" category ranked first and second, with 1,009 (p < 10-12) and
996 (p < 10-11) molecules, far distant from the third place
with 56 molecules (p < 10-6) (Table 4). In addition, the
third and fourth places are under the "Liver Proliferation"
category, also suggesting proliferative activity in the liver. Canonical Pathway analysis confirmed that the Wnt/
β-Catenin/TCF signaling pathway ("Wnt/beta-catenin
Signaling") is significantly involved (p < 10-5) (Fig. 1).
DISCUSSION
While the latent group Lasso classifier was comparable or superior to the Lasso classifier in predictive performance, the generated classifiers were quite different in
the number of adopted genes and groups. While the Lasso
classifier adopted only 86 genes out of the total of 31,099
genes, the latent group Lasso classifier adopted 3,214
genes. Besides, while the Lasso adopted no group, the
latent group Lasso adopted 35 groups out of the total of
439 groups. Thus, in terms of sparsity, the Lasso built a
far much more compact model than the latent group Lasso.
Although compactness is itself a virtue, it is often difficult for researchers to infer the mechanism underlying toxicological responses based on the generated classifier, since no relationships among genes are taken into
account. This was clearly demonstrated by the fact that
the Lasso classifier adopted no group in our experiment.
In stark contrast, the latent group Lasso classifier gave us
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Fig. 1.

Pathway Analysis with IPA: Wnt/β-catenin Signaling Canonical Pathway. IPA Canonical Pathway analysis was conducted
for the adopted genes and the transcription factors of the adopted groups in the latent group Lasso classifier. The “Wnt/βcatenin Signaling” pathway was found to be significantly involved with p = 4.79 × 10-6. Shown here is an illustration of the
pathway exported from IPA. The molecules included in our set are outlined in purple.

information in the form of transcription factor networks
involved with toxicological responses of interest. In this
study, we found that transcription factors with known ties
to the Wnt/β-Catenin/TCF signaling pathway had been
preferably selected in the model, thus suggesting that the
pathway plays some roles in liver weight gain in rats and
could be useful for predicting it.

Actually, there have been several reports that collectively suggest that the Wnt/β-Catenin/TCF signaling pathway is related to liver weight gain in rodents. (Tao et al.,
2013) reported that β-Catenin knockdown mice showed
severer liver injury than wild-type mice after feeding
with 3,5-diethoxycarbonyl-1,4-dihydrocollidine (DDC),
an oxidative stress inducer. They concluded that the Wnt/
Vol. 2 No. 4
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β-Catenin signaling is required for hepatocyte protection against oxidative stress-induced apoptosis via inhibition of FoxO3. Oxidative stress inducers are well known
to induce liver weight gain, and antioxidants counteract
it (Das and Vasudevan, 2005; Lankoff et al., 2002). This
is thought of as the result of an adaptive response mediated by NFE2L2 (Nrf2), a key player in the antioxidant
defense system, in which antioxidant enzymes (mainly phase 2 detoxifying enzymes) are induced to combat
oxidative stress (Xu et al., 2008), therefore leading to liver weight gain, hepatocellular hypertrophy, cell proliferation, and/or hepatocarcinogenesis (Hall et al., 2012).
While no direct link is so far reported between the Wnt/
β-Catenin/TCF signaling pathway and liver weight gain,
there are also reports that the Wnt signaling pathway
interacts NFE2L2 to regulate antioxidant metabolism in
hepatocytes (Rada et al., 2015). Taken together, the selection of groups in the latent group Lasso classifier deems
reasonable from the biological point of view. The pathway analyses with QIAGEN's IPA also suggested that the
adopted genes and the transcription factors of the adopted
groups are significantly related to the hepatocellular proliferative activity and Wnt/β-Catenin/TCF signaling pathway, thus supporting our hypothesis.
Therefore, our latent group Lasso classifier is not only
accurate but also informative, as we can discuss underlying mechanisms behind liver weight gain based on transcription factor networks. This is clearly an advantage of
the latent group Lasso over the conventional Lasso, while
both methods generated classifiers with comparable predictive performances.
While hepatomegaly as a consequence of hepatocellular hypertrophy without histological or clinical pathological alterations indicative of liver toxicity is usually
considered an adaptive and non-adverse reaction, certain
degrees of liver weight increase appear to be correlated
with the subsequent development of irreversible toxicity such as fibrosis, necrosis, vacuolization, fatty degeneration, and even neoplasia (Hall et al., 2012). Therefore,
early detections of hepatomegaly based on liver weight
or gene expressions could help select safer compounds in
pharmaceutical industry.
In this study, we applied the latent group Lasso technique on toxicogenomic data with transcription factor networks as prior knowledge to predict liver weight gain in
rats. This approach is, however, not limited to this setting.
For example, we can apply the same analysis with another type of genetic network such as biological pathways
reported in literature (Chuang et al., 2007; Obozinski
et al., 2011; Silver et al., 2012) and user-defined gene
clusters based on statistical metric (Ma et al., 2007).
Vol. 2 No. 4

Obozinski et al. used the canonical pathways from
MSigDB for the latent group Lasso analysis with microarray data (Obozinski et al., 2011). Given that enrichment
analysis with such canonical pathways is very common in
microarray data analysis, this approach is straightforward.
But even if there are activated or inactivated pathways,
it doesn't necessarily mean that the majority of the genes
in those pathways are up- or down-regulated together. In
fact, such a case is rare, because those pathways consist
of various kinds of interactions among genes, proteins,
and the other molecules including ones that have no direct
effects on gene expressions (e.g. activation via phosphorylation). With this in mind, our choice of transcription factor network, where genes whose expressions are
regulated by the same transcription factor form a group
together, seems reasonable in that genes under the same
transcription factor are expected to be co-regulated.
It is also possible to choose another penalty term such
as the group Lasso (Bach et al., 2012). The reason why we
used the latent group Lasso, not the group Lasso, lies in
that the group Lasso selects intersections of complements
of groups, while the latent group Lasso selects unions of
groups as non-zero covariates (Bach et al., 2012). That is
to say, the group Lasso eliminates a covariate if one of
the groups including it is discarded, while the latent group
Lasso eliminates a covariate if all of the groups including
it are discarded. This property renders the latent group
Lasso especially suitable for setting where groups greatly
overlap with each other and variables belonging to several
groups should be selected if at least one of those groups is
selected. This is the case of transcription factor network,
where a gene is usually regulated by several transcription
factors, and therefore we utilized the latent group Lasso,
instead of the group Lasso.
One of the limitations of the current group Lasso method and its variants, including the latent group Lasso, is
that they don't take change directions of covariates into
account. That is to say, when a given gene is up-regulated, it is likely that the other genes under the same transcription factor are also up-regulated, and hence it is more
biologically reasonable that coefficients for those genes in
a generated classifier are all positive or negative if that
group is adopted.
Back to the compactness issue again, although the
latent group Lasso classifier gives us useful information
that the Lasso cannot, it is also true that the Lasso classifier has an advantage in that it employs only much smaller set of genes to predict the outcome. This advantage is
especially evident when we use the model to screen many
compounds in pharmaceutical industry, because we can
run a screen test using custom microarrays loaded with
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that small set of genes of interest, thus making the screening process much effective in terms of both cost and time.
Therefore, in such a circumstance, we propose first building a classifier with the latent group Lasso method, and
then eliminating genes with no or little contribution to
prediction based on techniques such as the forward or
backward selection methods. This procedure would create
a model satisfying compactness and informative.
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