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ABSTRACT — Structured regularization is a mathematical technique which incorporates prior struc-
tural knowledge among variables into regression analysis to make a sparse estimation reflecting relation-
ships among them. Abundance of structural information in biology, such as pathways formed by genes, 
transcripts, and proteins, especially suits well its application. Previously, we reported on the first applica-
tion of latent group Lasso, a group-based regularization method, in toxicogenomics, with genes regulated 
by the same transcription factor treated as a group. We revealed that it achieved good predictive perform-
ances comparable to Lasso and allowed us to discuss mechanisms behind liver weight gain in rats based 
on selected groups. Latent group Lasso, however, does not lead to a sparse estimation, due to large group 
sizes in our analytical setting. In this study, we applied graph-based regularization methods, generalized 
fused Lasso and graph Lasso, for the same data, with regulatory networks formed by transcription factors 
and their downstream genes as a graph. These methods are expected to make a sparser estimation since 
they select variables based on edges. Comparisons showed that graph Lasso generated an accurate, bio-
logically relevant and sparse model that could not have been possible with latent group Lasso and gener-
alized fused Lasso.
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INTRODUCTION

In regularized regression analysis, a regression param-
eter  is estimated from a given n-sample dataset 
of explanatory variables  and their corre-
sponding response variables  by solving 
an optimization problem: 

where  is a loss function with a parameter ,  is a 
regularization (or penalty) term, and  is an arbitrary 
penalty parameter. While an estimation with L1-norm as 
a regularization term (known as Lasso) is known to gen-
erally leads to an accurate and sparse model (Tibshirani, 
1996), Lasso ignores structural relationships of explana-
tory variables (e.g. biological pathways).

Recently, various kinds of regularization terms, collec-
tively known as structured regularization terms, have been 
proposed to take such structural relationships into account 

as a prior knowledge in estimation of a regression mod-
el. Among such techniques is latent group Lasso (Jacob 
et al., 2009; Obozinski et al., 2011), which uses a group 
structure as a prior structural information and employs the 
following norm as a regularization term:

where  is a set of groups (the power set 
of ),  is a group that is a subset of indexes 
of parameter , and  is a weight for a group . 
This norm tends to select explanatory variables as unions 
of groups. In our previous study (Nagata et al., 2015), we 
applied latent group Lasso in toxicogenomics. Utilizing 
the TG-GATEs database, we built both Lasso and latent 
group Lasso classifiers to predict whether a chemical 
compound induces liver weight gain after 14-day repeti-
tive treatments in rats based on transcriptomic data after 
3-day repetitive treatments. We also used the transcription 

Original Article

Fundamental Toxicological Sciences (Fundam. Toxicol. Sci.)
Vol.3, No.2, 39-46, 2016

Vol. 3 No. 2

39



factor target gene sets from the MSigDB database as a 
prior structural information, since genes regulated by the 
same transcription factor are expected to be co-expressed 
and therefore should be selected to or discarded from 
a model together. Our study showed that latent group  
Lasso marked a good predictive performances compa-
rable to Lasso and had an advantage over Lasso in that 
the selected groups by latent group Lasso enabled us to 
discuss biological mechanisms behind liver weight gain. 
However, it also revealed that latent group Lasso selected 
a much larger number of genes than Lasso, which deemed 
a disadvantage.

This setback of latent group Lasso might be attribut-
able to large sizes of the groups that we used (often sev-
eral hundred genes). Since many of the genes regulated 
by transcription factors regulate other genes functioning 
as transcription factors themselves, relationships among 
genes in the form of groups can be rearranged into a 
graph structure by drawing edges between transcription 
factors and their downstream genes. Doing so, structured 
regularization methods on a graph structure are applicable 
as well for our setting. Graph-based structured regulariza-
tion methods such as generalized fused Lasso and graph 
Lasso select variables on edge basis, instead of group 
basis. Therefore, we expected that graph-based structured 
regularizations would lead to sparse as well as accurate 
and biologically relevant estimations which group-based 
structured regularizations cannot.

Generalized fused Lasso takes two regularization terms 
and can be represented as follows:

where  is a graph with vertices  and edges 
 (Tibshirani and Taylor, 2011). The first regularization 

term is L1-norm and the second is called the fused term, 
which penalizes pairwise differences between variables 
connected by edges (Xin et al., 2014).

On the other hand, graph Lasso is an extension of 
latent group Lasso for a graph , where  
(i.e. each edge of the graph is regarded as a group consist-
ing of two variables that it connects).

While several authors reported applications of struc-
tured regularization techniques in biological fields (Ma 
et al., 2007; Obozinski et al., 2011; Silver et al., 2012), 
there have been so far no direct implications of the graph-
based structured regularization based on the transcription 
factor network in toxicogenomics. In this study, we com-
pared the predictive performances, sparsity and biological 
relevance among Lasso, latent group Lasso, generalized 
fused Lasso and graph Lasso, when applied to the same 

setting as in our previous study. For generalized fused 
Lasso and graph Lasso, we converted the original group 
information into a graph structure and used it as a prior 
structural knowledge.

MATERIAL AND METHODS

We conducted this study based on our previous study 
(Nagata et al., 2015). Note that the methods shown here 
included the same or similar explanations as (Nagata et 
al., 2015).

Data sources
TG-GATEs is a toxicogenomic database developed by 

The Toxicogenomics Project (TGP), a joint government-
private 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 data-
base. TG-GATEs is now released for public as Open TG-
GATEs (http://toxico.nibio.go.jp). To construct a predic-
tive model for liver weight gain after repetitive doses of 
compounds based on transcriptomic data of a shorter peri-
od, from the TG-GATEs database, we used gene expres-
sion data (n = 3 per group) one day after 3-day repetitive 
doses (hereinafter 4D) in the liver of rats as explanato-
ry 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 fac-
tor. Hereafter, we call this set of groups the transcription 
factor target groups.
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Because genes are represented as human Entrez IDs in 
MSigDB, we mapped probe set IDs of Affymetrix Gene-
Chip Rat Genome 230 2.0 Array to Entrez IDs of their cor-
responding human homologue genes, following (Nagata  
et al., 2015).

Rearrangement of groups into graph
For generalized fused Lasso and graph Lasso, we rear-

ranged transcription factor target groups into a graph. 
Conversion process is depicted in Fig. 1. While the con-
verted graph is directed, generalized fused Lasso and 
graph Lasso does not distinguish directions of edges.

Data preprocess
Prior to the analysis, we have preprocessed gene 

expression data and liver weight data. First, gene expres-
sions were corrected and normalized by the MAS 5.0 
algorithm (Hubbell et al., 2002) to reduce inter-array var-
iances (Welle et al., 2002). Liver weights were trans-
formed 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 calcu-
lated as a ratio of an average value of a treatment group 
divided by an average value of its corresponding con-
trol 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, exper-
imental groups with liver weights satisfying fc > 1 and 
p < 0.05 were labeled as positive and otherwise as nega-
tive. 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 Lasso, latent group Lasso and graph Lasso analy-

ses, we used the MATLAB® (The MathWorks, Inc.) code 
based on the algorithm of (Meier et al., 2008) and (Jacob 
et al., 2009) available on Dr. Jacob's Homepage (http://
cbio.ensmp.fr/~ljacob/). For generalized fused Lasso, we 
used the MATLAB® code based on the algorithm of (Xin 
et al., 2014) available on Dr. Wang's Homepage (http://
idm.pku.edu.cn/staff/wangyizhou/).

We followed the procedure of (Nagata et al., 2015), 
which is based on the pathway analysis experiment 
for breast cancer data reported in (Jacob et al., 2009;  
Obozinski et al., 2011). To estimate the generalized pre-
dictive performances, we conducted a 5-fold cross valida-
tion 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. Secondly, 
internal 5-fold cross validations (internal CV), further split-
ting the training set, for each  
for Lasso, latent group Lasso, and graph Lasso, or  

for generalized fused Lasso, were conducted to select the 
best  based on the average balanced accuracy. Third-
ly, 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 sparsity and biological relevance, 
we used all the samples as the training set and conduct-
ed no external CV, whereas internal CV for selecting  

Fig. 1. Schematic of Rearrangement Process of Groups into a Graph. Each group has a transcription factor (not a group member 
itself) and a set of regulated genes. Transcription factors and regulated genes are both represented in common identifying 
numbers (human Entrez IDs in actual analyses). For each group, edges from a vertex corresponding to the transcription fac-
tor to every vertex corresponding to the regulated genes are drawn. For example, two edges (1->2 and 1->5) are to be made 
for the first group in this schematic. Repeating this process for all the three groups makes an entire graph as shown here.
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were still conducted.
To make comparisons fair, similarly with (Nagata et 

al., 2015), we prepared dummy groups, each of which 
includes genes that were not included in any groups (one 
gene per group), in prior to latent group Lasso and graph 
Lasso analyses.

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 clas-
sifier is built, it is validated for its predictive performanc-
es with a test set (the first partition in this case). k-fold 
cross validation repeats this steps k times changing a par-
tition serving as a test set one by one. In the end, aver-
aged predictive performance over k validation steps is 
regarded as the predictive performance of a classification 
algorithm.

Following Jacob's implementation, we adopted the ran-
domized balanced cross validation approach, which ran-
domly distributes cases into partitions so that each parti-
tion 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 MAT-
LAB at the beginning of the process.

Predictive performance
We used the following parameters (Carrillo et al., 

2014; Florkowski, 2008) to compare predictive perform-
ances.

Balanced Accuracy: (Sensitivity + Specificity) / 2
Sensitivity: True Positive / (True Positive + False Negative)
Specificity: True Negative / (True Negative + False Positive)

Student's t-test
For statistical comparison at discretization steps of liv-

er weights between a compound-treated group and its cor-
responding control group for each compound conducted, 
the unpaired two tailed student's t-test without equal vari-
ance assumption was conducted.

Sparsity
For comparison of sparsity among methods, we eval-

uated three different metrics for generated classifiers: the 
number of selected genes, the number of selected groups, 
and the number of selected edges.

The number of selected genes is the count of covariates 

in an estimated parameter whose absolute values exceed-
ed a threshold. For each estimated parameter, we set a 
threshold as 1/1,000 of the maximum absolute value. We 
set a different criteria from our previous study (Nagata et 
al., 2015), where the threshold was set as zero, since the 
previous threshold was too strict for the generalized fused 
Lasso code used in this study.

The number of selected groups is the count of groups 
whose post-filtering coverage was 1 (i.e. all the filtered 
genes of the group were selected) (Nagata et al., 2015).

The number of selected edges is the count of edges 
in the graph whose connected vertices (corresponding to 
genes) were both selected.

We calculated the number of selected groups and edg-
es based on the same transcription factor target groups 
and the graph converted from these transcription factor 
groups, regardless of employed regularization methods. 
Note that edge groups temporarily prepared for graph 
Lasso were not used here. Also note that dummy groups 
in latent group Lasso and graph Lasso were not included.

Pathway analysis
Canonical Pathway analysis was conducted with  

QIAGEN's Ingenuity Pathway Analysis (IPA) software. 
Canonical pathway analysis answers how statistically sig-
nificantly the pre-defined sets of molecules based on lit-
erature were affected, considering how many molecules 
a user-specified set and each pre-defined set share. In 
this study, we used only the genes that can be mapped to 
human Entrez IDs for the analysis.

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

Predictive performance
We compared predictive performance of generated clas-

sifiers of Lasso, latent group Lasso, generalized fused Las-
so, and graph Lasso in 5-fold cross validations (Table 1).  
All the four methods achieved almost equivalent perform-
ances in terms of balanced accuracy, while generalized 
fused Lasso scored lower sensitivity and higher specifici-
ty compared to the other methods.

Group sparsity
We compared gene-level, group-level, and edge-lev-

el sparsity of generated classifiers for Lasso, latent group 
Lasso, generalized fused Lasso, and graph Lasso (Table 2).  
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As our previous study showed, Latent group Lasso led to 
a much larger number of selected genes (2,924) than Las-
so (83). Latent group Lasso selected 7 groups and 6,368 
edges, while Lasso selected no group or edges.

Generalized fused Lasso selected 8,380 genes, even 
larger than latent group Lasso. The numbers of selected 
groups and edges by generalized fused Lasso were 3 and 
6,996, both comparable to latent group Lasso.

Graph Lasso selected 108 genes, much fewer than 
latent group Lasso and generalized fused Lasso and com-
parable to Lasso. Graph Lasso selected no group. The 
number of selected edges by graph Lasso was 73, in stark 
contrast to the other three methods.

Biological relevance
We further investigated 73 edges selected by graph 

Lasso. We extracted a subgraph that contains only the 
selected edges (Fig. 2). Then, we summarized the num-
bers of outbound and inbound edges for the selected 
genes included in the selected edges (Table 3).

Assuming that the genes with many outbound or 
inbound edges play key roles in liver weight gain in 
rat, we focused on top 5 genes (FOXO4, TAF9, TAF12, 
POU2F1, and HNF4A) with regard to the number of out-
bound edges and top 7 genes (FGF12, POU2F1, MAF, 
HNRNPA0, RBP2, S100G, and CDKL5) with regard to 
the number of inbound edges (We selected genes up to 
5th rank for each category. Note that the numbers are dif-
ferent between the categories since RBP2, S100G, and 
CDKL5 are tied 5th rank for the number of inbound edg-
es, and that POU2F1 appears in both categories). Inter-
estingly, we found that many of these genes are report-
edly linked to oxidative stress. FOXO4 was activated by 

oxidative stress generated by H2O2, through nuclear trans-
location and transcriptional activation of FOXO4, in cul-
tured cells (Essers et al., 2004). POU2F1, also known as 
OCT1, was dynamically phosphorylated following expo-
sure of cells to oxidative stress, and was essential for a 
normal post-stress transcription response (Kang et al., 
2009). Inactivation of HNF4A in cells resulted in an 
increase of oxidative stress, thus suggesting that HNF4A 
plays a key role in anti-oxidative defense mechanisms 
(Marcil et al., 2010). Growth factors including FGFs 
(superfamily of FGF12) stimulated H2O2 production upon 
binding to their receptors (Truong and Carroll, 2012). 
Gene knockout mice of MAF, also known as c-MAF, 
showed downregulated GPx3, an antioxidant enzyme, in 
the kidney (Shirota et al., 2006). CDKL5 is involved with 
oxidative stress observed in Rett syndrome with CDKL5 
mutation (Pecorelli et al., 2011). Therefore, at least 3 of 
5 genes with the most outbound edges and 4 of 7 genes 
with the most inbound edges are reported to be involved 
with oxidative stress.

Although the selected genes by Lasso (83) and graph 
Lasso (108) shared the majority of genes (60) in com-
mon (Fig. 3), all of the 5 genes with the most outbound 
edges and 5 of the 7 genes with the most inbound edg-
es (FGF12, POU2F1, MAF, HNRNPA0, and CDKL5) by 
graph Lasso were not selected by Lasso.

Canonical pathway analysis showed that the "NRF2-
mediated Oxidative Stress Response" pathway was sig-
nificantly (p < 0.05) involved with the selected genes by 
graph Lasso, but not with the selected genes by Lasso.

Table 1.   Comparison of predictive performance.
Lasso LGL GFL GL

Balanced accuracy (%) 73 ± 4 74 ± 8 75 ± 7 75 ± 4
Sensitivity (%) 62 ± 4 62 ± 12 56 ± 15 67 ± 14
Specificity (%) 83 ± 9 86 ± 8 93 ± 3 83 ± 9
Predictive performance for generated classifiers of Lasso, latent group Lasso (LGL), generalized fused Lasso (GFL), and graph 
Lasso (GL) was compared in 5-fold cross validations. Values are shown as mean ± standard deviation (%).

Table 2.   Comparison of sparsity.
Lasso LGL GFL GL

Number of selected genes 83 2924 8380 108
Number of selected groups 0 7 3 0
Number of selected edges 0 6368 6996 73
Numbers of selected genes, groups, and edges for Lasso, latent group Lasso (LGL), generalized fused Lasso (GFL), and graph Lasso 
(GL) were compared.
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DISCUSSION

While generalized fused Lasso did not lead to a sparse 
estimation that latent group Lasso cannot achieve, graph 
Lasso succeeded in building a sparse, accurate, and bio-
logically relevant model for prediction of liver weight gain 
in rats based on microarray data and transcription factor 
network information. The reason behind this difference is 
that generalized fused Lasso makes a 'smooth' estimation 
(i.e. connected variables in a graph tend to be assigned 
close values) and this does not necessarily mean a sparse 
estimation. This characteristic of generalized fused  
Lasso renders it especially suitable for image processing 
such as a case reported in (Xin et al., 2014), where selec-
tions of few spatially connected regions in a brain image 
would help doctors understand a model and make a diag-
nosis of Alzheimer's disease based on that. However, this 
behavior of generalized fused Lasso is not as attractive in 
our case as in image processing, since selected genes do 
not need to be interconnected with each other.

Edge-based sparse selection of genes by graph Las-
so allowed us to infer that the mechanism behind liver 
weight gain is related to oxidative stress. It is well estab-
lished that oxidative stress induces liver weight gain (Das 
and Vasudevan, 2005; Lankoff et al., 2002) through induc-
tions of antioxidant enzymes (mainly phase 2 detoxifying 
enzymes) (Xu et al., 2008). While hepatomegaly with-
out histological or clinical pathological alterations indic-
ative of liver toxicity is usually considered an adaptive 
and non-adverse reaction, certain degrees of liver weight 

increase correlated with the subsequent development of 
irreversible toxicity such as fibrosis, necrosis, vacuoliza-
tion, fatty degeneration, and even neoplasia (Hall et al., 
2012). Therefore, the selection of edges by graph Lasso 
proved to be biologically reasonable, since the generated 
model consisted of many oxidative-related genes.

Interestingly, while Lasso and graph Lasso selected the 
majority of genes in common, most of the selected genes 
by graph Lasso with the most outbound or inbound edges, 
which led us to the oxidative stress as a putative mech-
anism, were not selected by Lasso. In addition, canoni-
cal pathway analysis suggested that the oxidative-related 
pathway was involved with the selected genes by graph 
Lasso, but not with the selected genes by Lasso. Taken 
together, with Lasso, it would have been much more dif-
ficult, if not impossible, to infer the oxidative stress as 
a putative mechanism shared among many compounds 
inducing liver weight gain. Although our previous study 
also showed that the selection of groups by latent graph 
Lasso suggested the involvement of oxidative stress in 
the process of liver weight gain, it was easier to reach 
the same conclusion with graph Lasso, as the number of 
selected genes were much limited. We should be cautious 
because the inferred mechanism is only hypothetical and 
has yet to be confirmed by additional in vivo and/or in vit-
ro studies. Nonetheless, the hypothesis induced from our 
approach would be valuable because it can pave the way 
for further experiments.

Sparse estimation brought by graph Lasso has anoth-
er advantage. While microarray gives us a rich source of 

Fig. 2. Subgraph of Selected Edges by Graph Lasso. Each point represent a vertex (corresponding to a gene) labelled with its gene 
symbol. Each line represents an edge with an arrow showing a direction from a transcription factor to its downstream gene.
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information that is useful for discussing putative mech-
anisms behind biological responses and constructing a 
discriminative model as in this study, screening many 
compounds in drug development based on construct-
ed models with microarray is expensive and labor-in-
tensive. If we need to evaluate at most 100 or so genes, 
we can use quantitative real-time PCR-based technolo-
gies such as RT2 Profiler™ PCR Arrays (QIAGEN) and  
TaqMan® Gene Expression Array Cards and Plates  
(Thermo Fischer Scientific), instead of microarray. Doing 

so, we can remarkably reduce the cost, labor, and time 
needed to select safer compounds.

Our approach is not limited to prediction of liver 
weight gain in rats from microarray, but can be applied 
to other cases where a graph structure is available. Espe-
cially, when structure information is given in the form of 
groups but their sizes are large, as is often the case in bio-
logical applications, and the groups can be rearranged 
into a graph, our graph-conversion technique would dra-
matically reduce the size of generated models while keep-
ing accuracy intact.
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