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Summary 

The rapid increase of ~omics datasets generated by microarray, mass spectrometry and 
next generation sequencing technologies requires an integrated platform that can combine 
results from different ~omics datasets to provide novel insights in the understanding of 
biological systems. MADMAX is designed to provide a solution for storage and analysis 
of complex ~omics datasets. In addition, analysis results (such as lists of genes) can be 
merged to reveal candidate genes supported by all datasets. The system constitutes an 
ISA-Tab compliant LIMS part, which is linked to the different analysis pipelines. A pilot 
study of different type of ~omics data in Brassica rapa demonstrates the possible use of 
MADMAX. The web-based user interface provides easy access to data and analysis tools 
on top of the database.   

1 Introduction 

To better understand how phenotypes emerge, increasingly series of ~omics technologies 
(genomics, transcriptomics, proteomics, metabolomics) rather than individual measurements 
are necessarily used within a single study. Such efforts boost the demands of both data storage 
and data analysis of different high-throughput approaches. However, in the past it was hardly 
possible to store metadata from different ~omics technologies in the same repository. To 
accommodate this demand the ISA-Tab [1] format was proposed to build up a common 
structured representation of the metadata of studies from a combination of technologies. This 
also triggered attempts to develop data processing tools tailored to the needs of biologists. 
Unfortunately most of these tools have high demands on hardware requirements, or contain 
non-intuitive command line-based interfaces. 

                                                 
* To whom correspondence should be addressed: jack.leunissen@wur.nl 

C
op

yr
ig

ht
 2

01
1 

Th
e 

A
ut

ho
r(

s)
. P

ub
lis

he
d 

by
 J

ou
rn

al
 o

f I
nt

eg
ra

tiv
e 

B
io

in
fo

rm
at

ic
s.

 
Th

is
 a

rti
cl

e 
is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

-N
oD

er
iv

s 
3.

0 
U

np
or

te
d 

Li
ce

ns
e 

(h
ttp

://
cr

ea
tiv

ec
om

m
on

s.
or

g/
lic

en
se

s/
by

-n
c-

nd
/3

.0
/).

Journal of Integrative Bioinformatics, 8(2):160, 2011 http://journal.imbio.de

doi:10.2390/biecoll-jib-2011-160 1



Here we present MADMAX, a multi-purpose database for the management and analysis of 
data from multiple ~omics experiments. It includes an ISA-Tab compliant backend database 
and a series of analysis pipelines for transcriptomics, metabolomics and genomics datasets; 
these pipelines are connected to the database through webservices such that other pipelines 
can be easily integrated into the current system (Figure 1). The currently supported pipelines 
include gene function annotation for next generation sequencing of genomes, quality control 
and statistical analysis (such as Gene Set Enrichment Analysis [2], GSEA) using R [3] and 
Bioconductor [4] for different microarray platforms, and the Metalign software [5] for LCMS, 
GCMS and GC-GC-MS metabolomics studies. Because the quality of the gene function 
annotation is the key to reliable transcriptomics and metabolomics analysis in newly 
sequenced species, MADMAX uses the ProGMap database for orthologous group information 
[6] to obtain the function annotation for each gene. Besides the original output from 
microarray and metabolomics analyses, it will further mine the results and generate over- and 
under-expressed genes from microarray studies and genes responsible for producing enzymes 
that affect steps in the pathways of metabolites detected in metabolomics studies. The 
intersection of genes listed in different omics results may lead to a manageable number of 
candidate genes for experimental validation. 

 

 
Figure 1: Architecture and pipeline of MADMAX 

Through the web interface, the user can store a complete experiment with all fields required in 
ISA-Tab format, sufficient to allow for subsequent analysis or even repeating the experiment 
later. Another section on the website is the central access to different analysis pipelines. Both 
individual analysis results and combined gene lists can be retrieved in the system for 
download. Centrally stored experiments and analysis results can only be accessed by the 
creator by default and will be accessible for other users only if the creator desires to share the 
data. The system is on an automatic backup schedule.  

MADMAX can be reached at http://madmax2.bioinformatics.nl/ and is available upon request 
by sending an email to madmax.request@bioinformatics.nl. 

2 Implementation 

MADMAX is built upon an Oracle relational database on a Linux server and a computational 
analysis engine for different ~omics data on a second server. The transcriptomics and 
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metabolomics analysis pipelines are triggered by web services through a web-based user 
interface developed using Oracle Application Express. The genomics analysis is done 
separately outside of the database system, and loaded to the system when it’s done. Both 
metadata and analysis results of an experiment are stored in the database in ISA-Tab 
compliant format. Different ~omics analysis results can be further combined to yield system-
level measurements within one experiment.  

2.1 Database infrastructure 

The basic unit in MADMAX is the Experiment which contains the overall goals and means 
used in an experiment as with Investigation in the data model of the ISA-Tab standard. Each 
experiment can have one or more studies to record the sample preparation information. One 
study can be used for one or more assays if these assays share the same sample preparation. In 
an assay, each sample and the corresponding data file generated from it will be connected 
with additional information about the extracted material; the processed results from the 
computational server in MADMAX will be attached to the assay where the raw data are used 
in the analysis.       

2.2 Analysis pipeline 

Currently MADMAX can handle three types of ~omics datasets: gene models of a partial or 
complete genome, microarrays from Affymetrix, Illumina, or Agilent, and LC/GC/GCGC 
mass spectrometry data sets. By default, a list of genes will be generated from the different 
~omics data in an experiment, based upon gene models from genomics, over/under expressed 
genes from microarrays, and genes encoding the enzymes involved in the pathways of the 
metabolites detected in metabolomics analysis. Not all analysis pipelines used in the system 
can be accessed by the user interactively. As for genomics analysis, the complete gene models 
will be loaded in the system and annotated later by the system maintainer. Both microarray 
and metabolomics analyses can be accessed interactively through the web interface.  

2.2.1 Genomics analysis 

The de novo sequenced genomes using next-generation technology normally contain in silico 
predicted gene models. The gene models in FASTA format are then used as query sequences 
to BLAST against the ProGMap protein database, which includes protein sequences from 
Ensembl version 61_8, InParanoid version 7, OrthoMCL version 4, COG/KOG from 2003, 
eggNOG version 2, HomoloGene version 65, ProtClustDB from Nov 2010, PIRSF from Mar. 
9 2010, OMA from Nov 2010 and KEGG ORTHOLOGY database [7-16] from Apr 2011 (at 
the time of this writing). At present, 21,521,041 proteins sequences are used in the search with 
default BLASTX [17] settings. When the BLAST search finishes, the matched sequences are 
filtered through three thresholds: matched sequence length is greater than 100 amino acids, 
percentage of sequence similarity is greater than 40% and the e-value of the sequence is lower 
than 10E-20; the results are reformatted into a tab delimited file. Gene models will then be 
mapped to an orthologous group of databases mentioned above one by one using passed 
sequences. The criteria of orthologous group selection are mainly based on four features: 
database source, group evidence level, number of matched sequences in the orthologous 
group and sequence evidence level. Specifically, orthologous groups from the database with 
highest priority score in Supplementary Table S1 will be taken into account in the first place. 
Priority scores assigned to each database are determined on the basis of their curator, the 
number of protein sequences used, and the frequency of database release. The Ensembl and 
InParanoid databases get relatively low priority due to their pairwise comparison 
implementation, which may reduce the reliability for some conserved function group 
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detection. If more than one orthologous group comes from the same database or databases 
with the highest priority score, orthologous groups with the best group evidence level will be 
taken into account. The group evidence level is based upon the status of manual curation and 
only available in orthologous groups from KEGG, ProtClustDB and PIRSF. In case when 
several orthologous groups have the same group evidence level, the one with the highest 
number of matched proteins will be chosen. The annotation of each gene model is inherited 
from the description of the assigned orthologous group if available. If the orthologous group 
description is not present, a combination of the descriptions of those proteins with the best 
sequence evidence level within the assigned orthologous group will be made. The orthologous 
relationships between the species of gene models and its closest model organism(s) according 
to the relationships in NCBI taxonomy database will be deduced using both the OrthoMCL 
and DODO software packages [18, 19].            

2.2.2 Transcriptomics analysis 

MADMAX’s microarray analysis support is tightly integrated with the R and Bioconductor 
projects. R and Bioconductor are updated biannually and so is the MADMAX microarray 
analysis system. Annotation libraries are up-to-date and - consequently - new innovative 
scientific algorithms are available and accessible. The MADMAX analysis pipelines are split 
in 2 parts: microarray quality control and microarray statistical analysis. The quality control 
pipeline supports the 3 major microarray platforms: Affymetrix (via the affy and xps libraries 
[20]), Illumina (via the lumi library [21]), and Agilent (via the Limma library[22-26]). 
Madmax supports the latest microarray chips, such as the Affymetrix GeneTitan plates. The 
quality control pipeline creates an extensive quality control report in the pdf-format that is 
easy to browse. It contains various informative and descriptive plots, such as probe intensity 
plots (before and after normalization), clustering plots (e.g. PCA and correlation plots), NuSE 
and RLE plots, and so forth. In addition, an Excel file with normalized intensities and an 
extensive annotation (gene names, descriptions, chromosomal locations, GO descriptions, 
etc.) is generated and available for direct use. The statistical pipeline utilizes the Limma 
package and its Bayesian correction to obtain either paired or unpaired t-test results including 
FDR-corrected p-values. Again, an extensive Excel file is generated with the statistical results 
including extensive gene annotations. In addition, the Limma output is utilized for conducting 
GO enrichment analysis using ermineJ and performing Gene Set Enrichment Analysis 
(GSEA). The major microarray platforms are supported: Illumina and Agilent arrays are, 
during the normalization step, converted in a so-called expressionSet that serves as input for 
the other steps: group assignment, filtering, and the final statistics including ermineJ [27] and 
GSEA. For the Affymetrix platform, MADMAX lets the user decide whether the (outdated) 
Affymetrix probe annotation or a recent custom probe annotation is being used. The custom 
probe annotation libraries are provided by the Microarray Lab, Department of Psychiatry / 
Molecular and Behavioral Neuroscience Institute, University of Michigan and are updated 
once or twice a year. 

2.2.3 Metabolomics analysis 

Metabolomics analysis capability has been recently added to the MADMAX LIMS system. 
Initial capabilities are limited to targeted search capabilities in preprocessed metabolomics 
data. Metabolomics platforms for which analysis tools are provided are LCMS[28, 29], 
GCMS and GCGCMS. Preprocessed data can be acquired using the MetAlign software and 
stored in MADMAX. Targeted searches of the stored data involve matching of sample data to 
available libraries of annotated compound data. Two types of compound libraries can be 
stored in MADMAX: firstly, LCMS compatible entries containing compound identifier, 
compound retention and mass and retention and mass window used in searching sample data. 
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Secondly, GCMS / GCGCMS compatible NIST formatted spectral fingerprint libraries 
containing compound identifiers and fragment mass and (relative) intensity information. 
Using either publicly available libraries or personal, proprietary libraries MADMAX users 
can annotate their metabolomics samples. LCMS results contain quantitative information on 
the assigned compound in each sample, where GCMS/GCGCMS adds quality parameters 
based on fragment library match completeness. The metabolomics analysis tools available to 
MADMAX are implemented as web services, separating the computationally intensive 
algorithms from the database. Current on-going development aims to add untargeted data 
analysis and metabolomics sample alignment to MADMAX.   

2.3 Graphical web user interface 

MADMAX was developed as a database-driven web application using Oracle Application 
Express. Owing to the management and analysis purpose of MADMAX, the web interface 
constitutes four main tabs, after users pass the authentication from the login page. The 
“Home” tab displays a short description of the system and information about recent changes 
and/or updates; users are able to change their personal information in the “User Information” 
tab; metadata information of the experiment can be collected/viewed in “Experiment” tab; 
execution of different analysis pipelines can be triggered in “Analysis” tab; and finally, both 
individual analysis results and integrated results are available from the “Results” tab.  

Any omics-based experiment contains metadata and raw/derived data generated using 
different omics techniques. The metadata are categorized into Investigation, Study and Assay 
in ISA-Tab format and are collected in the “Experiment”, “Protocol”, “Study” and “Assay” 
pages under the “Experiment” tab in MADMAX. LIMS data of the experiment will be 
collected in the system directly or with the reference URI in “LIMS data upload” page and 
can be retrieved in “LIMS data download” page.  A complete ISA-Tab compliant experiment 
can be imported to MADMAX via the “Import” page as long as investigation, study and assay 
files are all uploaded successfully. 

Microarray analysis listed in “Analysis” tab can be executed for either quality control or 
statistical purpose.  When the analysis is submitted, user will be redirected to a page with 
frequent updated progress information. The metabolomics analysis pipeline can be reached 
from the “Metabolomics Analysis” page.  

Gene model annotation of newly sequenced species will be shown on the “Genomics Analysis 
Results” page. On the same page, experiments with well-studied species like model organisms 
will use the existing gene model (protein) annotation in UniProt. Both microarray (quality 
control and statistical analysis) and metabolomics analysis will generate an archive file and a 
separate text file which will be used to nail down a set of genes if the run is chosen as 
standard for the assay. The text file from the microarray analysis is the normalized fold 
change of each probe and the one from metabolomics is the normalized intensity of targeted 
metabolites. Different gene lists can be obtained either from different analysis rounds of the 
same dataset or from the analysis of different ~omics data. These separate gene lists can 
subsequently be integrated in the “Integration” page under the “Results” tab.  
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a 

 

b 

c 

Figure 2: The web user interfaces of MADMAX. a. Form to fill in the sample related information 
which is content of study file in ISA-Tab specification, eg. sampling methodology, characteristics, 
factor value of each sample. b. Microarray statistical analysis interface in MADMAX. It need 
normalization, group assignment and filtering steps before user can run statistical tests. c. 
Analysis results download page. The individual analysis results of each assay can be downloaded 
and the detailed process information can be viewed as well.  The highlighted results are standard 
of each assay which can be used for the integration later. 

3 Case Study 

Brassicaceae, the mustard or cabbage family, includes several well-known species such as the 
crop species Brassica rapa (Chinese cabbage, turnip, etc.), Brassica oleracea (cauliflower, 
broccoli, etc.), Brassica nigra (black mustard, etc.), Brassica napus (rapeseed, rutabaga, etc.), 
Brassica carinata (Ethiopian mustard, etc.), Brassica juncea (Indian mustard, etc.) and the 
model species Arabidopsis thaliana). Brassica rapa is together with B. oleracea one of the 
most important economic vegetable crops all over the world. In the wake of discovery on the 
healthy function of a subset of the secondary metabolites glucosinolates, Brassicaceae also 
become more significant for nutritional studies. In order to determine which genes may take 
effect on producing seed- or seedling-specific glucosinolates in Brassica rapa, we combined a 
de novo sequenced Brassica rapa genome using next-generation sequencing technology with 
an experiment on transcript profiling of developing seeds from two genotypes over 6 time 
points after flower opening, as well as a targeted metabolomics study on mature seeds. 

3.1 Genomics analysis  

The reference genome sequence of B. rapa L. ssp. pekinensis inbred line “Chiifu” (~70x 
genome coverage) and the re-sequenced genome sequences of two other B. rapa accessions 
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(one rapid cycling oil-like accession and Japanese turnip accession, 27x genome coverage) 
has been sequenced and will be released publically soon (submitted to Nature Genetics). In 
total, 41,132 gene models are predicted from 43,201 scaffolds [30]; after orthologous group 
assignment, 29,009 gene models can be mapped to existing orthologous groups which have 
annotations either at the group level or protein member level. Further analysis reveals that 
8,635 of 29,009 genes have strong existence evidence on either group level (full or 
full/description) or protein level (1 or 2). Orthologous relationships between Arabidopsis 
thaliana and Brassica rapa were performed using two software tools: DODO and OrthoMCL. 
The first program found 17,677 pairs, the latter 26,226, while they have 13,135 genes pairs in 
common. A keyword search of 23 terms used against protein annotations, which contain all 
passed orthologous groups rather than the best one used in the final assignment, resulted in 
514 genes that are potential glucosinolate-related (Supplementary Table S2). Since 
glucosinolates have been well studied in Arabidopsis thaliana, to which Brassica rapa is 
evolutionary relatively close (both belong to the Brassicaceae), the orthologous relationships 
between the two genomes can be used to discover candidate genes resulting in 57 genes. Both 
the keywords and Arabidopsis thaliana genes used for the genomics analysis are coming from 
the latest version of known glucosinolate related metabolic pathways of Arabidopsis thaliana.  

3.2 Microarray analysis 

Based on the reference genome of Brassica rapa, a customized 8 * 60 K Agilent microarray 
was created for transcription profiling. Two double haploid (DH) lines (DH42 and DH78) 
from a DH population serived from a cross between Yellow Sarson and Pak Choi as female 
and male parent respectively are used in a pilot study to identify a stage of seed development 
when genes related to seed filing process are differentially expressed. The two parents differ 
in their seed color and flowering time: YS143 is yellow-seeded early flowering and PC175 is 
black-seeded and intermediate flowering. The two progeny lines DH line 78 is late flowering 
and DH line 42 is early flowering line. Seeds are the basic unit of plant life and play multiple 
roles of maintaining life, like establishment of the crop, but seeds can also represent the 
harvested plant parts, like for oilseed rape. To study the genetics of metabolite biosynthesis 
processes in seed, a gene expression study was conducted using developing seeds collected  
after 18, 20, 25, 30, 35 and 40 DAP (days after pollination) on 2-colour 60-mer microarrays. 
Two parallel experiments were carried out in a double-loop experiment on a pairwise 
combination of the parental accessions YS143 and PC175, and two progeny DH lines DH 78 
and DH 42. Each experiment consisted of 46 samples from two genotypes, six time points and 
dye-swap between two samples within the same time points.  After applying the quality 
control pipeline, one array (name genotype and time points used) had extremely low average 
intensities after background correction and hence was marked as bad quality, and omitted for 
the later analysis. As learned from previous studies on both Arabidopsis thaliana and 
Brassica napus, there is a certain time frame in which the gene expression related to seed 
metabolite regulating genes including glucosinolates occurs. After comparing a number of 
different group assignment combinations, it was concluded that at time points 25 and 30 days 
the expression intensity of the genes selected for their relationship with/role in glucosinolate 
metabolism  of two DH lines can generate the largest amount of differentially expressed genes. 

3.3 Metabolomics analysis 

Different types of GLS (glucosinolate) content were measured from mature seed of the DH 
population to understand the genetics of GLS metabolite content in seed. Seed metabolites 
content will be correlated with seed and seedling vigour traits to investigate the role of these 
metabolites in those traits. For Canola quality B. napus, glucosinolate levels need to be very 
low. The targeted metabolomics analysis showed 14 glucosinolate-related metabolites 
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(Supplementary Table S3); 11 of them have found with metabolomics search function in 
MADMAX in two genotypes while benzyl glucosinolate, 3-methylthiopropyl and 
hydroxybenzyl show no signal in both DH lines. Kegg compound ids are first retrieved by the 
names of the 11 metabolites and then 49 enzymes which have a link to the compound IDs are 
found using kegg webservices [31]. The enzymes EC numbers are used to search against the 
same protein annotation set used in genomics analysis which results in 369 gene models 
related.  

In total 20 candidate genes which are supposed to be responsible for the different 
glucosinolate levels between two DH lines are discovered by combining all genomics, 
transcriptomics and metabolomics experimental results (Supplementary Table S4). There are 
only enzymes included in the result lists because of the way used for the metabolomics 
analysis. It is well studied in Arabidopsis and Brassica that transcription factors like myb 
gene family can regulate the biosynthesis of glucosinolates [32, 33]. Using word “myb” to 
search against the assigned gene annotations gives 314 hits. These genes combined with the 
over-/under-expressed genes provide another 30 candidate genes where Bra002610, 
Bra006422, Bra006370 and Bra030743 can be mapped to the same scaffold as the highlighted 
three candidate genes (of 20) in table S4. Paps sulfotransferase, UDP-glucosyltransferase and 
cytochrome P450 are known to be expressed differentially during seed development from the 
previous study in Brassica species [34-36]. 

4 Discussion 

The recent exponential increase in sequencing projects also accelerates the discovery rate of 
how phenotypes emerge for newly sequenced species at other ~omics levels. Managing, 
sharing, and comparing datasets from different high-throughput techniques thus have become 
in urgent demand and pose a big challenge for bioinformaticians. There are many freely 
available analysis systems for a single type of ~omics data but only few of them can also store 
the metadata, such as Galaxy for genomics, Gene Expression Browser for transcriptomics and 
metaP-server for metabolomics [37-39]. The MADMAX database was built to store, analyse 
and integrate the various ~omics datasets together, including their associated metadata. 
Besides of systems developed at the NCBI and EBI which cannot be installed locally, the only 
one which claims multiple ~omics analysis integration is Babelomics [40]. It can handle data 
from transcriptomics, proteomics and genomics experiments individually but not the storage 
and management of metadata. In contrast to the before-mentioned systems, the most 
predominant feature of MADMAX is the integration of analysis results from different ~omics 
level of an experiment. Hence the system can determine the correlation between experiments 
based on the analysis results of them. Concretely, the intersection of gene lists generated from 
different analysis pipelines in one experiment will be used to calculate the similarity 
coefficient with the one in another experiment. It helps biologists to determine which 
conditions may correspond to certain gene expression levels. Therefore, conditions can still be 
summarized and categorized manually even though some of the linked metadata do not use 
the controlled vocabulary or use different terms of a controlled vocabulary. 

Due to the reduced price of sequencing, new developed markers are mostly indels and SNPs 
that can be directly linked to the genome. Hence, normal QTL analysis can be merged into 
MADMAX for scaling down the candidate gene lists from a genetical point of view. The 
traits used for QTL analysis can be either a normal phenotype or gene expression/metabolite 
abundance. As mentioned in the case study, we used a rather unbalanced data set to come to 
the candidate lists which is quite different then in genetic studies where data of all genotypes 
are needed. Co-localizing QTLs and candidate genes from current analysis can be the extra 
filter. If QTLs are mapped to the regions which are distantly away from candidate genes, it 
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becomes quite interesting to figure out which individual ~omics analysis results can find back 
the pairs of QTLs and their localized genes. In other cases, QTL map position can also be 
very important information to validate the function annotation of genes we assigned in the 
system.   

Another requirement that may arise soon is the handling of gene expression profiling assays 
using the RNA-Seq technology. Moreover, special emphasis should be put on improvement of 
gene function annotation by incorporating statistical models into the current pipeline 
implementation.        
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A Supplementary Material 

 
Table S1: Some statistics of 11 orthologous group databases used in the pipeline as part of ProGMap database. Priority scores assign ed to each database are 
determined by their curate manner, number of protein sequences used and the frequency of database release. Ensembl and InPara noid database get 
relatively low priority due to their pairwise comparison implementation which may reduce the reliability for some conserved function group detection. 

Database Release Date Number proteins Number clusters Number species Manual Curate Cluster description Priority

KEGG Apr 2011 6,375,611 14,396 1,446 Y Y 5 

ProtClustDB Nov 2010 4,607,655 627,757 unknown Y Y 5 

PIRSF Mar 2011 1,952,041 33,741 unknown Y Y 5 

OMA Nov 2010 4,586,478 483,374 1,000 N Y 4 

eggNOG Sep 2009 2,483,276 224,848 630 N Y 4 

OrthoMCL Feb 2010 1,270,853 116,536 138 N N 3 

HomoloGene Feb 2011 241,946 43,726 20 N Y 3 

Ensembl Feb 2011 2,240,884 45,050,607 unknown N N 2 

nParanoid Jun 2009 1,940,193 21,378,256 100 N N 2 

KOG May 2003 60,735 4,852 7 N Y 1 

COG May 2003 62,139 5,665 66 N Y 1 
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Table S2: Keyword list used in the genomics analysis and the number of matched gene models of each keyword in sequenced Brassica rapa. Terms used here 
are curated from the pathways glucosinolates are involved in in Arabidopsis thaliana. A complete list of the matched orthologous groups was used instead of the 
best one assigned to each gene model and the keywords were searched against matched protein member annotations in each group. 

Keyword list Number of hits Keyword list Number of hits

S-oxygenase 12 deacetoxyvindoline 4-hydroxylase 28 

desulfoglucosinolate sulfotransferase 24 2-hydroxylase 35 

UGT74B1 7 sulfotransferase 58 

Alkylthiohydroximate,carbon-sulfur lyase 18 epithiospecifier 19 

2-oxoglutarate-dependent dioxygenase 62 hydro-lyase 18 

3-isopropylmalate dehydrogenase 13 phenylalanine N-hydroxylase 10 

nitrile-specifier 16 methylthioalkylmalate synthase 11 

amino acid aminotransferase 14 thiohydroximate 28 

CYP79B 10 gamma-glutamyl peptidase 12 

CYP79F 9 myrosinase 64 

CYP81F 31 branched-chain-amino-acid transaminase 12 

CYP83B 3 Total 514 
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Table S3: 14 targeted metabolites with their intensities in two DH lines. 

Name pv-Br088042 pv-Br088078 Name pv-Br088042 pv-Br088078

2 propenyl or allyl glucosinolate 0.32 0.42 4-methylthiobutyl 0.25 0.04 

3-Butenyl 124.56 138.61 phenethyl 0.04 1.98 

4-pentenyl 0.41 34.34 5-methylthiopentyl 0.06 2.33 

2-hydroxy-3-butenyl 0.04 3.49 hydroxybenzyl 0 0.02 

2-hydroxy-4-pentenyl 0.04 0.17 3-indolylmethyl 0.01 0.07 

benzyl glucosinolate 0 0 4-hydroxy-3-indolylmethyl 0.64 1.64 

3-methylthiopropyl 0 0 underderivitized hoi 0.02 0.29 
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Table S4: 20 candidate genes which are supposed to be responsible for the different glucosinolate levels between two DH lines. Highlighted genes are located 
in the same scaffold with four hypothetical myb genes which are differentially expressed in our time course study. 

G E N E _ I D G R O U P _ I D D E S C R I P T I O N G R O U P _ E V I D

Bra015311 PIRSF000322 1-aminocyclopropane-1-carboxylate oxidase preliminary 

Bra021671 PIRSF000322 1-aminocyclopropane-1-carboxylate oxidase preliminary 

Bra032515 PIRSF000322 1-aminocyclopropane-1-carboxylate oxidase preliminary 

Bra021670 PIRSF000322 1-aminocyclopropane-1-carboxylate oxidase preliminary 

Bra001891 K13811 3-phosphoadenosine 5-phosphosulfate synthase [EC:2.7.7.4 2.7.1.25] full 

Bra033696 K13811 3-phosphoadenosine 5-phosphosulfate synthase [EC:2.7.7.4 2.7.1.25] full 

Bra027963 PIRSF000856 Paps sulfotransferase full 

Bra005921 PIRSF000856 Paps sulfotransferase full 

Bra027118 PIRSF000856 Paps sulfotransferase full 

Bra027666 PIRSF000856 Paps sulfotransferase full 

Bra008132 PIRSF000856 Paps sulfotransferase full 

Bra027117 PIRSF000856 Paps sulfotransferase full 

Bra030620 PIRSF000473 UDP-glucosyltransferase full 

Bra021743 PIRSF000473 UDP-glucosyltransferase full 

Bra033056 PIRSF000045 cytochrome P450 CYP2D6 preliminary 

Bra025351 PIRSF000045 cytochrome P450 CYP2D6 preliminary 

Bra017819 PIRSF000045 cytochrome P450 CYP2D6 preliminary 

Bra017818 PIRSF000045 cytochrome P450 CYP2D6 preliminary 

Bra011758 PIRSF000045 cytochrome P450 CYP2D6 preliminary 

Bra002747 PIRSF000045 cytochrome P450 CYP2D6 preliminary 
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