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Abstract

Background: To elucidate the interaction of dynamics among modules that constitute biological
systems, comprehensive datasets obtined from "omics" technologles have been used. In recent
plant metabolomics approaches, the reconstruction of metabolic correlation networks has been
attempted using statistical techniques. However, the results were unsatisfactory and effective data-
mining techniques that apply appropriate comprehensive datasets are needed,

Results: Using caplllary electrophoresis mass spectrometry (CE-MS) and capillary electrophoresis
diode-array detection (CE-DAD), we analyzed the dynamic changes in the level of 56 basic
metabolites in plant follage (Oryza sativa L. ssp. joponica) at hourly intervals over a 24-hr period.
Unsupervised clustering of comprehensive metabolic profiles using Kohonen's self-organizing map
(SOM) allowed classification of the biochemical pathways activated by the light and dark cycle, The
carbon and nitrogen (C/N) metabolism in both periods was also visualized as a phenotypic linkage
map that connects network modules on the basis of traditional metabolic pathways rather than
pairwise correlations among memmbolites. The regulatory networks of C/N assimilation/
dissimilation at each time point were consistent with previous works on plant metabolism. In
response to environmental stress, glutathione and spermidine fluctuated synchronously with their
regulatory targets. Adenine nucleosides and nicotinamide coenzymes were regulated by
phosphorylaton and dephosphorylation. We also demonstrated that SOM analysis was applicable
to the estimation of unidentifiable metabolites in metabolome analysis. Hierarchical clustering of a
correlation coefficient matrix could help identify the bottleneck enzymes that regulate meubolic
networks,

Conclusion: Our results showed that our SOM analysis with appropriate metabolic time-courses
effectively revealed the synchronous dynamics among metabolic modules and elucidated the
underlying biochemical functions. The application of discrimination of unidentified metabolites and
the identification of botteneck enzymatic steps even to non-targeted comprehensive analysls
promise to facllitate an understanding of large-scale interactions among components in biological
systems.
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Background

In the post-genome era, comprehensive data from
"omics” technologies (genomics, transcriptomics, pro-
teomics, and metabolomics) have been extensively ana-
lyzed to elucidate the underlying biochemical networks
that elaborately regulate cellular mechanisms. Recent con-
tributions from metabolomics are panticularly notewor-
thy; they offer insights into metabolism that complement
information obtained from proteomics and transcriptom-
ics [1]. Correlation analysis of metabolic profiles has been
used effectively to distinguish silent phenotypes or genetic
alterations that are not noticeable superficially [2-4]. The
systematic integration of metabolomic-, proteomic-, and
transcriptomic profiles facilitates the unbiased, informa-
tion-based reconstruction of underlying biochemical net-
works [5,6]. Kohonen's self-organizing map (SOM)
analysis |7] was also an effective method to dlassify and
monitor metabolic alteration patterns with time-series
profiles [8,9].

However, with the current technology, unbiased recon-
struction from comprehensive and high-throughput data
is challenging; statistical tools are immature and inherent
measurement errors and biological noise continue to
present problems [10]. Moreover, two issues are relevant
to the exploitation of metabolomics data. First, it is crucial
to interpret metabolic profiles by focusing on a specific
rhythm in an appropriate time range and interval, since
plants have adapted their metabolism to different envi-
ronmental fluctuations such as the slow and steady diur.
nal rhythm, whereas metabolic levels change
dynamically. Second, currently available metabolomics
data are insufficient for the detection of new metabolic
networks. Even if non-target profiling were able to quan-
tify thousands of metabolites, at present there is no
method for estimating their reliability. As statistical infer-
ence requires large amounts of data measured under sim-
ilar conditions in transcriptomics [11], the verification of
network dynamics for known pathways must precede
attempts to identify unknown nerwork structures. It
appears that each metabolic profile is measured under
method-specific, presumably biased conditions.

Time-resolved target analysis is an effective way to observe
biochemical dynamics. We systematically measured the
level of 56 basic metabolites in rice leaves (Oryza sativa L.
ssp. japonica) at hourly intervals over a 24-hr period. Our
target and experimental conditions were strategically
determined: 1) we focused on primary metabolic path-
ways consisting of carbon fixation/respiration- and nitro-
gen  assimilation/dissimilation  pathways,  and
comprehensively quantified related metabolites, 2) the
photocycle was the sole environmental factor, and 3)
measurements were made at 1-hr intervals to allow the
observation of dynamic profiles.

http:/hwww.biomedcentral.com/1752-0508/2/51

High-throughput analysis was conducted with the capil-
lary electrophoresis - mass spectrometry (CE-MS) tech-
nology we developed earlier [12-14), and has been
applied to metabolic profiling in Bacillus subtilis extracts
[15] and monitoring of genetic and environmental pertur-
bations in Escherichia coli cells [16]. Each employed CE-
MS method was able to detect charged low molecular
metabolites in less than 30 min without requiring deriva-
tization. Combined with diode array deteaion (CE-
DAD), our technology is also applicable to quantifying
small sugar compounds. We previously developed a sam-
ple preparation protocol that could extract metabolites
with possibly minimal metabolic turnover [17]. By using
the CE-MS and CE-DAD, we also succeeded in analyzing
over eighty major metabolites (sugars, organic acids,
amino acids, and nucleotides) in rice foliage. The current
work is our first systematic time-course measurements of
rice foliage throughout a day.

We applied four information-based methods to analyze
the diurnal fluctuation of metabolites: 1) metabolic path-
ways were classified with SOM to monitor the metabolic
dynamics in each time-step, 2) a phenotypic linkage map
was constructed from the classified pathways by Sam-
mon's 2D-network layout [18], 3) unidentified metabo-
lites were predicted based on SOM analysis and chemical
structures, and 4) rate-limiting enzymes were identified
by hierarchical clustering on a correlation matrix. Here we
show that combining metabolome analysis and informa-
tion-based methods is an effective way to elucidate phe-
notypical metabolic network structures and underlying
biological functions under diurnal rhythm fluctuations.

Results

Time-course data acquisition

We extracted target metabolites existing in the primary
metabolism such as the glycolytic pathway, the reductive-
and oxidative pentose phosphate pathway, and the pho-
torespiratory pathway, the tricarboxylic acid (TCA) cycle,
and the amino acid biosynthetic pathway. Figure 1
presents the practical rice biochemical network that was
constructed with our target metabolites based on anno-
tated protein data from the KEGG pathway database [19],
Swiss-Prot database |20], or Rice Annotation Project Data
Base [21]. It shows the names of target metabolites and
the EC number of enzymatic reactions; black dots are
non-target metabolites. Although NH; (also R-NH;) and
CO, were non-target compounds, they are shown in green
to demonstrate in and out of carbon and nitrogen.

We selected eight enzymatic proteins that have not been
annotated at this stage to determine whether they func-
tion in the rice plant. These enzymes and the judgment
criteria are shown in Table 1. On the map, their EC num-
bers and lines are presented in gray.
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quta.bullc network of oryza sativa L. ssp. Japonica, Target membolites and practical enzymatic reactions are shown, The
number next to the line is the EC number. Colors indicate the ratio of metabalic levels in light and dark periods, Unidentified
metabalites are gray and gray lines and EC numbers identify non-annotated enzymadc proteins. The red- and yellow shade
show the glycolytic pathway and the TCA cycle respectively.
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Table |: Selected non-annotated proteins expected to function in rice plant

EC Number Enzyme name Criterion for judgement Ref.
1.1.1.29  hydroxypyruvate reductase; glycerate  Enzymatc reduction of hydroxypyruvic acid to D-glyceric acid In [27]
dehydregenase higher plants, Le. the leaves of pea, beet, tomato, radish, spinach,
parsley, lettuce, corn, kohlrabi, and carrot.
AKD&955S; Similar to 2-hydrosxyacid dehydrogenase RAP.DB*!
12013 glyceraldehyde-3-phosphate AKO71685; Similar co GADPH (383AA) (Fragment). AKS7755: RAP-DE
dehydrogenase Simifar to Glyceraldehyde-3.phosp dehydrogenase (EC
1.2.1.13) (Frq,mul:
1.3.1.78  arogenate dehydrogenase; prehenate  TyrAAT | (AF434681) :nd TyrAA‘!'l(A.HMEB’!] in Ambldopm [23]
dehydrogenase thaliana the Inta
Tyr in the presence of NADP. T;rrMT also uhlhlu prephenar.l
dehydrogenase activity.
QS5ZIH5_ORYS|; QSZIHI_ORYS); Q5ZEYI_ORYS), Putative Swiss-Prot/TrEMBL#
arogenate dehydrogenase isoform 2
15.1.12  dela-l-pyrroline-5-carboxylate AK121765; Similar to dela-|-pyrroline-5-carbozylate RAP-DB
dehydrogenase dehydrogenase
27131  D-glycerate 3-kinase GLYK family protein was purified and sequenced from Arabidopsis [24]
thaliana, identified a5 putative kinase-annoated single-copy gene
Ar|gB038. This article suggests that an Olyza sative PRK/UK:-like
protein, BAD73764, Os01g48990 Is grouped with the GLYK kinase
family.
3.1.3.24  sucrose-phosphatase AK063330, AK071525, AK064563; Similar to sucrose-phosphamse RAP-DB
4234 3-dehydroquinate synthase Penmfuncdonal aroma enzyme in Sacch cervisiae includ [25]
EC 42.3.4, EC42.1.10, EC 2.5.1,19, EC 1.1.1.25, and EC 2.7.1.71.
AK071977; Similar to 3-dehydroquinate synthase-like protein (EC RAP-DB
4,2.34). Four other proteins were annotated,
53.1.24  phosphoribosyl-anthranilate isomerase  J075072K08; Similar to phospheribosylanthranilate isomerase RAP-DB

*1: Rice Annotation Project Data Base [21]
*2: UniProt Knowledge base: Swiss-Plot and TrEMBL [20]

Sedoheptulose 1,7-bisphosphate (S17P) in the pentose
phosphate pathway was not identified because the stand-
ard reagent was unavailable. Xylulose 5-phosphate (X5P)
is a stereoisomer of Ribulose 5-phosphate (Ru5P) and
their peak overlap in CE-MS analysis makes the identifica-
tion even more. difficult. Glyceraldehyde 3-phosphate
(G3P) and oxaloacetate (OAA) were not accurately deter-
mined too, because they were readily reacted or decom-
posed.

The seventy selected 1arget metabolites were classified into
four groups according to their chemical structure-based
physiochemical characteristics (Table 2). Group A con-
tained amino acids and amines, group B organic acids and
sugar phosphates, group C nucleotides and coenzymes,
and group D sugars. Groups A, B, and C, consisting of
ionic substances, were analyzed with three CE-MS meth-
ods for cationic, anionic, and nucleotide metabolites;
analysis of group D was with a CE-DAD method. For CE
separation, we used conventional sample preparation
with simple and universal procedures without any deriva-
tization process. As common preparation procedures were
applicable under the four analytical conditions, we were
able to determine simultaneously a wide variety of chem-
ical compounds,

Plant seedlings were grown under a 13-hr light - 11-hr
dark photocycle for 20 to 21 days. The level of the 56
metabolites was successfully quantified at hourly intervals
over the course of 24 hr. We could identify the peak and
determine the peak area for S7P but could not quantify its
level, since the reagent was not available at the time of our
CE-MS measurement; we later qualitatively identified its
peak with the migration time ratio (MT/MT;g) of §7P 10
PIPES (internal standard). The other 13 metabolites were
under the detection limit (signal-to-noise ratio (S/N) < 3);
their names were colored gray in Figure 1.

In the course of 24 hr, the metabolites exhibited various
fluctuations (Figure 2). Rul5P, the precursor of carbon
fixation, manifested a variation synchronous with the
photoperiod; its intracellular concentration increased
under illumination and decreased in darkness, Several
metabolites exhibited similar light-dependent variations
in the reductive pentose phosphate pathway (3PG, R5P,
and Ru5P), the glycolytic pathway (3PG, 2PG, PEP, Pyr),
the TCA cycle (20G, Suc, and Mal), and in sugars (Scrand
Glc), Citrate, on the other hand, manifested opposite fluc-
tuation changes. In the amino acid biosynthesis pathway,
major amino acids (Ala, Asn, Gln, Glu, Gly, and Ser) accu-
mulated during the light period. Minor amino acids that
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Table 2: The 70 target boli bj i to analysis of time-resolved dynamics and thelr abbreviztion used in this article
Group A (CE-MS No.l) Group B (CE-M5 No2) Groyp C (CE-MS No.3)
Amino gcids Qrganic acids Nucleotides
Ala Alanine csAco chs-Aconitate AMP AMP
AAL fAlanine Cit Ciorate ADP ADP
GAEA rFAmincbutyrate BsoCit so-Clorate ATP ATP
Ant Anthranilate DHAP Dihydroxyacetonephosphate GDP GDP
Arg Arginine Fum Fumarate GTP GTP
Asn Asparagine Gee Glycerate Coenzymes
Asp Aspartate Geo Glycolate NAD NAD
Cer Citrulline Gox Glyesxylate MNADH NADH
Cys Cysteine Lac Lacrate NADP NADP
Glu Glutamate Mal Malare NADPH NADPH
Gin Glumamine 106 2-Onoglunarate Coh, CoA
Gh Glumthione red. PEP Phosphosnolpyruvate AcCoA Aceryl-CoA
Gly Glycine 6PG &-Phosphogluconate SucCoA Succinyl-CoA
His Histidine PG 2-Phesphoglycerate
Hse Homoserine PG 3-Phesphoglycerate
Leu Leucine Pyr Pyruvate Group D (CE-DAD)
lie ise-Leucine Suc Succinate Sugars
Lys Lysina Sugor Phosphate Fre Fructose
Om Ornithine E4P Erythrose 4-phesphate Gly Glucose
Phe Phenylalanine Fl&P Fructese | ,6-bisphosphate Suc Sucrose
Pro Proline F&P Fructose &-phosphate
Ser Serine GIP Glucose |-phosphate
Thr Threonine G&P Glucose é-phosphate
Trp Tryptophan REP Ribose S-phesphate
Tyr Tyrosine Rul5P Ribulose | 5-bisphosphate
Val Valine RusP Ribulose 5-phosphate
Amines S7P Sedoheptulose 7-chosphate
14BA | 4-Butanediamine
Spe Spermidine
Tyra Tyramine

are synthesized from specific organic acids through sev-
eral reaction steps (His, Ile, Leu, Lys, Phe, Trp and Val)
accumulated during the dark period.

Table 3 shows the status of adenine nucleosides and nico-
tinamide coenzymes in the light and dark periods.
Whereas the ratios of ADP, NADP, and NADH were
almost equal in the light and dark periods, the ratios of
AMP and NADPH were higher and those of ATP and NAD
were lower in the light period (see Discussion),

Self-organizing map and phenotypic linkage of metabolic

modules

To visualize the functioning networks throughout a 24-hr
period, we classified the metabolites according to similar-
ities in their time-dependent behavior by using Kohonen's
self-organizing map (SOM) and Sammon's 2D-network
layout (Sammon map). The time-dependent levels of each
metabolite were represented as a 24-dimensional vector.
On the SOM, the 57 metabolites were classified into a 24
* 24 lattice on the basis of vector similarity. The map was
roughly divided into two major groups (see the dark gray

line in Figure 3A). Metabolites with high levels in the light
period are in the left area; those with high levels in the
dark period are on the right in the map. On the SOM, each
group was further classified and assigned to subgroups
consisting of nitrogen- and carbon-assimilating com-
pounds, Certain amino acids were arranged near their pre-
cursor organic acids, e.g., Glu/20G. Gly, Ser, and Ala were
grouped with synthetic pathway intermediates such as Pyr
and Gce. The degree of similarity among metabolites was
quantitatively visualized on the Sammon map; it shows
approximate distances between metabolites on the SOM
according to the Eudidean distance of the input vectors
(Figure 3B). When we merged neighboring metabolites
on the Sammon map we obtained 12 subsets of metabo-
lites. Each subset is composed of metabolites that exhibit
synchronous, time-dependent fluctuations, a "metabolic
module®. Metabolites in the same module were often
neighbors in a traditional metabolic pathway network.
Products that accumulated during the light period were
arranged in subsets M1 - M8. They included the module
for the reductive pentose phosphate pathway (M3), the
photorespiratory pathway (M2), the latter half of the gly-

Pags 5 of 13
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Metaholic time-courses in rice foliage at the th!rd—lﬂaf stage, Planders were grown under 2 |3-hr light— | [-hr dark
photocycle. We applied 3 CE-MS methods and a CE-DAD method to analyze 69 major metabolites. Dynamic changes In the
metabolite levels were assessed at hourly intervals over a 24 h period, Averages of 2 samples (+ SEM) are shown. The top bar

(shown in only Ala) indicates light and dark conditions.

colytic pathway (M4), the latter half of the TCA cyde
(M5), sugars (M7), and major amino acids (M1). Also
included in this group were NADPH and NADH (M6),
glutathione and spermidine (MB8). Subsets M9 - M12
included the first half of the glycolytic pathway (M9), the
first half of the TCA cycle (M10), and minor amino acids
(M11); also induded were the nucleoside tri- and diphos-
phates (M12). Thus, our SOM analysis correctly reflected

Table 3: 5 of adenl leasides and nicatinamid
coenzymes In the light and dark period
ATE ADP AMP NAD NADH NADP
AdN® ADN AN NIC® NIC NIiC NiC
Lighe® 021 040 040 036 010 0.09 0.44
Dark™ 045 043 O0J1 055 009 0.05 031

* AdN = ATP + ADP + AMP

*INIC = NAD + NADH + NADP + NADPH

*I The average of all dam throughout the light period
* The average of all data throughout the dark period

the phenotypic metaholic variations that indicate func-
tioning biochemical pathways, and therefore represents a
phenotypic linkage map (PLM).

The advantages of this analysis became even more appar-
ent upon time-resolved analysis of metabolite levels (Fig-
ure 3C), which allowed visualization of the dynamic
activity of these metabolic modules (see Discussion).

Discussion

Estimation of unidentified metabolites with SOM analysis
Although S17P could not be directly identified, we
hypothesized that its peak could be identified in CE-MS
data by combining SOM analysis with knowledge of the
chemical structure. We identified a candidate peak among
several peaks on selected ion electropherograms using a
simple estimation method. As electrophoretic mobility is
proportional to the ionic charge of the solute and
inversely proportional to the size of the ionic molecule
related to the hydrated ionic radius of a spherical mole-

Page 6 of 13
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Light th

“Dark 106 Dark 11h

Figure 3

Self-organizing map (SOM) Analysis. A, U-matrix. Measured metabolites (n = 56) were arranged in a 20 x 20 lattice on
the basis of diurnal change similarities. Light- and dark shading indicate high and low similarity, respectively, B. Phenotypic link-
age map (PLM). The linkage among mewbolites based on dynamic similarity is expressed as the distance on the quadratic plane,
The metabolites weare assigned to |4 metabolic modules that fluctuated synchronously; most contained traditional metabolic
pathway networks or similar compounds. M|, major amino acid; M2, related to photorespiratory pathway intermediates; M3,
pentose phosphate pathway; M4, latter half of the glycolytic pathway; M5, latter half of the TCA cycle; M6, environmental
stress response; M7, sugars; M8, NADH and NADPH; M9, first half of the glycolytic pathway; MIG; first half of the TCA cycle;
MI 1, minor amino acids; M|2, nucleoside tri- and diphosphates. C. Time-resolved layout. The relative levels of metabolites are
shov:n for every time point from the start of the light period to the end of the dark period. Light and dark shading indicate high
and low levels.
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cule [26], we used the cubic root of the molecular weight
as a substitute parameter for the radius. Indeed, the cubic
root of molecular weights of 3 metabolites of similar
chemical structure, Ru5P, F6P and S7P, were linearly cor-
related with migration time ratios (r> 0.999), when PIPES
was used as an internal standard (Table 4).

The estimate for S17P was performed using linear approx-
imation with Rul5P and F16P. The estimated migration
time ratio (MT/MT,s) of $17P was 0.941 (Table 4). Several
peaks were observed at a mass-to-charge ratio (m/z) of
369. A peak of MT/MT5= 0.909 (m/z = 369) was identi-
fied within £ 5.0% of the predicted values.

Next, the absence of other metabolites with similar chem-
ical structures was verified with the KEGG ligand database
[27]. Note that except for $17P, metabolites were cyclic or
non-anionic compounds.

Finally, we obtained the normalized time-course of the
putative $17P by calculating the ratio of the peak area of
putative S17P to PIPES. Integration of these data into the
SOM analysis showed that this putative §17P marker was
near metabolites in the reductive pentose phosphate path-
way (Figure 3A) or the metabolic module M3 in PLM,

Unfortunately, the above result includes some specula-
tion; most peaks of putative §17P were below the detec-
tion limits (S/N < 3) and the peak was not detected in the
dark pericd. In the SOM analysis, the peak area of such
undetected metabolite was calculated as zero, Neverthe-
less, the proposed estimation method seems to be effec-
tive in identifying unknown metabolites.

Detection of metabolic bottlenecks by pair-wise
correlation analysis

In previous studies, Peason's comelation coefficients of
metabolite pairs (pair-wise correlation) were applied to
construct a metabolic cormrelation network [5,10,28). A
correlation coefficient is an index of co-linearity between
two variables. If two metabolites, A and B, are always
equilibrated, i.e., [A]/|B] = K, (constant), then their rela-
tionship is linear and shows a high correlation. Although
real metabolic pathways are dynamic and constantly reg-

http:/hwww. biomedcentral.com/1752-0509/2/51

ulated by their influx and/or efflux, the pathway compo-
nents that are blocked by rate-limiting enzymes should
exhibit approximate linearity. For example, 3PG, 2PG,
and PEP in the glycolytic pathway are positioned between
two rate-limiting enzymes, phosphoglycerate kinase (EC
2.7.2.3) and pyruvate kinase (PK; EC 2.7.1.40), both of
which are regulated by the ATP/ADP ratio (Figure 1). The
correlation coefficients among these three metabolites
throughout a 24-hr period were over 0.90, whereas the
correlation coefficient between PEP and Pyr, limited by
PK, was under 0.50. Thus, pair-wise correlation analysis is
effective for the identification of metabolic modules that
are regulated by rate-limiting enzymes.

We used a hierarchical clustering algorithm, Ward's
method [29], to classify metabolites in the glycolytic path-
way (Figure 1) on the basis of their correlation matrix that
was computed using all data throughout the 24-hr period.
Indeed, a dendrogram identified the steps regulated by the
ATP/ADP ratio (Figure 4A). On the other hand, it did not
identify phosphofructokinase | (PFK-1; EC 2.7.1.11) as a
rate-limiting enzyme. Although it is regulated by the ATP/
ADP ratio in animal cells, another enzyme, pyrophos-
phate fructose 6-phosphate 1-phosphotransferase (EC
2.7.1.90), seems to be active in plant cells and may be
independent of the ATP/ADP ratio [30].

The same cluster analysis was also applied to the TCA
cycle intermediates (Figure 1), and the dendrogram
revealed the rate-limiting enzymes in the cycle again (Fig-
ure 4B): citrate synthase (CS; EC 2.3.3.1), and NADP-
dependent isocitrate dehydrogenase (ICDH; EC 1.1.1.42),
This suggests that the classification of metabolites along
enzymatic steps can help to reveal bottleneck enzymes.

Time-resolved carbon/nitrogen metabolomics

Inspection of the time-course of metabolic modules
allowed us to better understand the carbon and nitrogen
(C/N) assimilation/dissimilation process and their under-
lying function during a 24-hr period (Figure 3C).

In the first half of the light period, some accumulation
emerged for carbon-fixed products: Pyr, 20G, and pho-
torespiratory pathway intermediates (metabolic module

Table 4: Estimated migration-time of unidentifiable metabolites based on the molecular weight of similar metabolites

Compound Formula MW, Mw.z MTMTg
RuSP CH,{OH)CO [CH(OH)},CH,0PO;H, 2300192 6127 1029
FeP CH,(OH)CO [CH(OH)],CH,OPO,H, 260.0298 6383 1.080
s7P CH,(OH)CO [CH(OH)],CH;0PO;H, 290.0403 6619 LI
RulsP CH,(OPO,H,)CO [CH(OH)},CH,0POH, 309.9854 6.768 0847
Flep CH,(OPO,H,)CO [CH(OH)],CH,OPOH, 339.9960 6.980 0895
si7p CH,(OPO,H,)CO [CH(OH)),CH,OPOH; 370.0065 7179 0.941*
*Estimated value, MT/MT s was calculated by linear approximation
Page 8 of 13
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Figure 4

Hierarchical cluster analysis. A. Cluster analysis (Ward's
method [26]) was applied to the correlation matrix com-
posed of metabolic intermediates in the glycolytic pathway.
The generated dendrogram was clustered into regulatory
units by the ATP/ADP ratio; hexokinase (EC 2.7.1.1), phos-
phoglycerate kinase (EC 2.7.2.3), and pyruvate kinase (EC
2.7.1.40). B, As well as in the TCA cycle, the dendrogram
was divided into two major groups at the rate-limiting steps;
citrate synthase (CS; EC 2.3.3.1), and NADP-dependent isoc-
itrate dehydrogenase (ICDH; EC 1.1.1.42).

M2). This coincides with carbon fixation by activation of
several light-dependent enzymes including rubisco (EC
4,1.1.39) at the start of light exposure [31], as shown by
the accumulation of Rul5P, Gee and triose derivatives at
the beginning of the light period (light 1 - 3 hr). The slow
accumulation was partly attributable to the very slow met-
abolic wmover of rubisco [32]. Likewise, major amino
acids and amines including Glu and Gln, the source com-
pounds of nitrogen assimilation as amino-group accep-
tor/donor [33,34], also accumulated in the first half of the
light period (M1). This coincides with the diumal meta-
bolic dynamics and the activities of key enzymes in
tobacco plant [35]. For example, NR activity is known to
remarkably increase immediately after the stan of light
exposure and decrease at midday.

On the other hand, the glycolytic pathway and the reduc-
tive pentose phosphate pathway intermediates reached
their highest levels (M3, M4) at midday, and sugars
peaked at the end of the light period (M7).

‘We can hypothesize that carbon fixed in the first half of
the light period moves down the glycolytic pathway and
the TCA cycle, and amino acid biosynthesis progresses
using generated Glu, Pyr, and 20G. In the latter half of the
light period, the flow of fixed carbon leads to the accumu-
lation of the intermediates in the pentose phosphate path-

hitp:/Awww biomedcentral com/1752-0509/2/51

way and to sucrose synthesis by inhibiting the production
of ammonia, Pyr, and 20G.

From the end of the light period through the first half of
the dark period, we noted an increase in sugar phosphates
from the first half of the glycolytic pathway (metabolic
module M9), Around midnight, the accumulation of a
few organic acids in the first half of the TCA cycle (meta-
bolic module M10) was observed, suggesting the activa-
tion of the TCA cyde.

In the latter half of the dark period, the level of minor
amino acids was increased (metabolic module M11),
although they are synthesized from diverse biochemical
pathways. The good correlation among these minor
amino acids, also reported in potato and wheat [36], is
attributable to the fact that the ratio between Gln and
20G regulate minor amino acids in bacteria and fungi
through the reaction Glu + 2-ox0 acid «» amino acid +
20G [37). Under our experimental conditions, the Glu/
20G ratio was much higher in the dark- than in the light
period (22.9 vs. 7.2) and the amino group can easily
transferred to 2-oxo acids to produce amino acids,

Adenine nucleoside and nicotinamide coenzyme status
ATP and ADP were placed in the dark-activated group in
PLM (metabolic module M12); they were accumulated at
the end of the dark period, and decreased by illumination
(Figure 3C). On the other hand, AMP was placed in the
light-activated group peaking at midday, The reasen for
fluctuations of adenylate is unknown. Previous observa-
tions also do not coincide in the adenylate levels during
the light- and dark period. In sugar beet leaves, all ade-
nylate levels increased in the light period [38]. In spinach
leaves and wheat leaf protoplast, ATP increased but ADP
and AMP decreased under light [39.40). In Crassulacean-
acid metabolism (CAM) species, on the contrary, ATP
decreased but ADP and AMP increased [41]. Such differ-
ences may result from different dynamics in cytosol, chlo-
roplasts, and mitochondria [40).

We extrapolate that the lower ATP ratio during the light
period was caused by an excess demand of ATP by intra-
and extra cellular processes for earbon fixation and nitro-
gen assimilation against ATP supply from photosynthesis.
In theory, the amount of ATP consumption in the reduc-
tive pentose phosphate pathway and the photorespiratory
pathway is more than ATP production in the photophos-
phorylation [42]. Beside this, nitrogen assimilation proc-
ess, intracellular ranspon of the assimilation products,
and sucrose synthesis and its translocation are also
accompanied by ATP. Therefore the dark respiration
makes a considerable contribution to produce ATP even
in the light However, granted that ATP supply is insuffi-
cient in the light, high metabolic turnover of adenylate
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kinase (EC 2.7.4.3) would immediately work to repro-
duce ATP from ADP that leads to increase of AMP. Further
investigation is necessary to clarify the adenylate dynam-
ics among cell compartments.

In our analysis, NADPH and NADH behaved similarly
(metabolic module M6), whereas NADP and NAD did
not. As NADPH and NADH were respectively generated
by their unique reaction of reducing NADP and NAD,
dependence on the intracellular oxidation-reduction state
shifted the formation of oxidation and reduction. In PLM,
however, NADP was placed in the light-activated- and
NAD in the dark-activated group. This suggests that highly
concentrated NAD in the dark is converted to NADPH via
NADP in the light period. It was reported that the
NADPH/NAD ratio is the inverse of the ATP/ADP ratio in
guard cell protoplast, which indicates that ATP phosphor-
ylates NAD in the light period by NAD kinase (EC
2.7.1.23) and the generated NADP is reduced to NADPH
in the course of photosynthesis [43].

The ratios of NADH to NAD and NADPH to NADP were
0.16-0.29 and 6.2-6.6. The observed difference in the
tendency of oxidized- or reduced form indicates their dif-
ferent cellular roles. NADH is used for oxidative phospho-
rylation, and a low NADH/NAD ratio constrains this
process. On the other hand, NADPH is used for the reduc-
tive biosynthesis of metabolites, and the high ratio of
NADPH/NADP favors the reduction of metabolites.

Environmental stress response

It is remarkable that Glt (GSH; gamma-glutamylcysteinyl
glycine) and Spe exhibited similar fluctuation patterns
(metabolic module M8). Both peaked at the end of the
light period and again just after midnight, suggesting the
existence of common regulatory factors. GSH plays a cen-
tral role in the antioxidant defense by eliminating harmful
peroxide during photosynthesis and oxidative phosphor-
ylation [44]. Polyamines, including spermidine, are also
effective antioxidants under various environmental stress
conditions [45]. During photosynthesis, GSH is converted
to oxidized dithiol (GSSH) to eliminate oxidative stress,
and upon the reduction of NADPH, GSSH can be con-
verted back to GSH by glutathione reductase (GR; EC
1.8.1.7, annotated in rice plant). Our finding that NADPH
reached its highest level at a few hours before the end of
the light period is consistent with the above observation
(Figure 3C), although the connection remains specula-
tive. The relative contribution of NADPH and NADH to
the generation of GSH and spermidine requires further
investigation.

Conclusion
We intended to analyze the rice plant metabolism and to
reconstruct its phenotypic networks in an effort to explain

hitp://www . biomedcentral.com/1752-0509/2/51

underlying biological functions. Our CE-MS technology
provided a comprehensive high-throughput system with
easy sample preparation and facilitated the generation of
high-resolution metabolic time-courses. Data mining
with statistical techniques and SOM analysis revealed syn-
chronous dynamics in metabolic modules downstream of
C and N assimilation and dissimilation processes and
stress responses. Our system was able to discriminate uni-
dentified metabolites and identify bottleneck enzymatic
steps. In a comprehensive approach such heuristics
become increasingly important because with current tech-
nology, the determination of all network components is
virtually impossible. For a more precise investigation of
biochemical networks, expansion of target metabolites
and determination of metabolite levels in each cellular
compartment may be suggested. There are technical hur-
dles, however, in separating organelles without disturbing
a wide range of metabolites inside them. Without much
technical advancement, therefore, it seems difficult o
repeat our time-course measurement for any single cellu-
lar compartment although there are reports for such a
challenge [46). Finally, for the analysis part, it is necessary
to couple biological information with computer simula-
tions based on large-scale time-resolved measurements of
metabaolites, proteins, and mRNAs,

Methods

Plant materials

Young seedlings of rice plants, Oryza sativa L. ssp. japonica
Haenuldi, at the third-leaf stage were cultured as follows.
Rice seeds were germinated on filter paper soaked with
Milli-Q water and kept at 30*C in a dark room for 2 days.
After germination, the plantlets were placed on rock fiber
(35 = 35 = 40 mm; Nittobo, Tokyo, Japan), and grown in
a growth chamber (FLI-301N, Tokyo Rika Kikai, Tokyo,
Japan) for 18 days. The temperature and light conditions
were 25°C and 365 pE-m-s for 9 hr (light), 20°C and 0
pE+-m2s for 11 hr (dark), and 150 pE-m2?s! for 2 hr
between light and dark. The plants were watered with Kas-
ugai water culture solution (18.9 mg/L (NH,),50,, 10.1
mg/L Na,HPO, - 12H,0, 4.7 mg/L KCl, 0.79 mg/L CaCl,,
3.0 mg/L MgCl,, 0.17 mg/L-FeCl;-6H,0, and HCI to
adjust the pH to 5.0 - 5.5) [47].

Reagents

Piperazine-1,4-bis(2-ethanesulfonic acd) (PIPES) was
purchased from Dojindo (Kumamoto, Japan), methio-
nine sulphone from Avocado Research (Heysham, Lanca-
shire, UK). All other reagents were obtained from
conventional commercial sources. Individual stock solu-
tions, at a concentration of 10 or 100 mM, were prepared
in Milli-Q water, 0.1 N HCI, or 0.1 N NaOH. The working
standard mixture was prepared by diluting these stock
solutions with Milli-Q water just before injection. All
chemicals used were of analytical or reagent grade. Water
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was purified with a Milli-Q purification system (Milli-
pore, Bedford, MA, USA)

Sample preparation

Leaves were harvested (fresh weight approximately 100
mg (6 seedlings)) and frozen in liquid nitrogen to stop
enzymatic activity. They were mashed in a Multi-Beads
Shocker (Yasuikikai, Osaka, Japan) at 2000 rpm for 10 sec
and 0.5 mL of ice-cooled methanol, including 400 uM
PIPES and methionine sulphone as an internal standard,
was added to dissolve phospholipid membranes and inac-
tive enzymes. Then 0.5 mL ice-cold Milli-Q water was
added and the sample was ultrafiltered through a 5-kDa
cut-off filter at 9058 g for 10 min to remove proteins,
phospholipids, chlorophyll, and other high-molecular-
weight impurities. The filtrate was analyzed by CE-MS and
CE-DAD methods. To obtain sufficient sensitivity for the
analysis of nucleotides, coenzymes, and sugars, the filtrate
was concentrated 5-fold by lyophilization [17].

Instruments

All CE-MS experiments were performed by Agilent CE c2p-
illary electrophoresis. We used a 1100 series MSD mass
spectrometer, a 1100 series isocratic HPLC pump, a
G1603A CE-MS adapter kit, and a G1607A CE-ESI-MS
sprayer kit (Agilent Technologies). CE-DAD experiments
were performed by Agilent CE capillary electrophoresis
with a built-in diode-array detector. G2201AA Agilent
ChemStation software for CE was used for system control,
data acquisition and analysis, and MSD data evaluation.

Analytical conditions
The compounds were analyzed in four groups using three
CE-MS methods and one CE-DAD method.

a) Cationic metabolites (amino acids and amines) were
analyzed with a fused-silica capillary (50 ym i.d, x 100 em
total length), with 1 M formic acid as the electrolyte. The
sample was injected at an injection pressure of 5.0 kPa for
3 sec (approximately 3 nL). The applied voltage was set at
30 kV, The capillary temperature was set to 20°C, and the
sample tray was cooled to below 5°C. The sheath liquid
(5 mM ammonium acetate in 50% [v/v] methanol-water)
was delivered at 10 pL/min. ESI-MS was conducted in pos-
itive ion mode; the capillary voltage was set at 4000 V. A
flow rate of heated dry nitrogen gas (heater temperature
300°C) was maintained at 10 L/min [12].

b) Anionic metabolites (organic acids and sugar phos-
phates) were analyzed with a cationic polymer-coated
SMILE(+) capillary (Nakalai Tesque, Kyoto, Japan). The
electrolyte for CE separation was a 50 mM ammonium
acetate solution (pH 8.5). The sample was injected at an
injection pressure of 5.0 kPa for 30 sec (approximately 30
nL), The applied voltage was set at -30 kV, and the capil-
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lary temperature was set to 30°C. ESI-MS was conducted
in negative ion mode; the capillary voltage was set at 3500
V. Other conditions were as in the cationic metabolite
analysis [13].

¢) Nudleotides and coenzymes were analyzed with an
uncharged polymer-coated gas chromatograph capillary,
polydimethylsiloxane (DB-1) (Agilent Technologies). The
electrolyte for CE separation was 50 mM ammonium ace-
tate solution (pH 7.5). The applied voltage was set at -30
kV and a pressure of 5.0 kPa was added to the inlet capil-
lary during the run. Other conditions were as in the anion
analysis [14].

d) Sugars were analyzed with a fused-silica capillary (50
pumi.d. x 112.5 cm total length, 104 cm effective length).
Basic anion buffer for CE (Agilent Technologies) was the
electrolyte. The sample was injected at a pressure of 5.0
kPa for 10 sec (approximately 10 nL). The applied voltage
was set at -25 kV; the capillary temperature, regulated with
a thermostat, was 25°C. Sugars were detected by indirect
UV detection using a diode-array detector. The signal
wavelength was set at 350 nm with a reference at 230 nm
[48].

Self-organizing map (SOM) analysis

A free software package, SOM -PAK [49], was used to com-
pute both the SOM and the Sammon map. Before SOM
analysis, the observed time-course data for 58 metabolites
(including an estimate of S$17P) were smoothed by aver-
aging the adjacent data points using a sliding window of
width 3, to reduce high-frequency noise presumably orig-
inating from individual differences in plant seedlings,
rapid oscillations in metabolism, or measurement errors.
The missing data points were extrapolated by linear
approximation between prior and subsequent data values:
Among the 57 metabolites evaluated at 26 time points,
only 30 data points could be extrapolated due to the
detection limit or contamination of other unidentifiable
peaks. The SOM is a map from the input n-dimensional
data space (input layer) 1o a two-dimensional amay of
nodes (ourput layer). The vectors in the output layer are
the parametric reference vector m;, which has n elements,
An input data vector, x, is compared with m;, and the best-
match vector, which is the smallest Euclidean distance [x -
my|, is mapped onto this location. During leaming, nodes
that are topographically close in the array up to a certain
distance activate each other to learn from the same input
vector, and the reference vectors are corrected so that they
become close to the input vector. Thus,

mt+ 1) = m(1) + h(t) [x(1) - m(0))

where t is an integer, the discrete-time coordinate, and
h,(t) is the neighborhood kernel, a function defined over
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the lattice points. The neighborhood size, N,, around
node c is a function of time, and h, is defined as

ha=a(t) (ieN,)
hy=0 (i€ N,

where «(t) is a monotonic decreasing function of time (0
<aft) < 1) called the “leaming rate”. The leamning rate
function was defined as

aft) = a(0)(1.0-4/T),

where «(0) is the initial learning rate and T the running
length (number of steps) in training, In this study, 58 met-
abolic time-courses were formatted and dlassified in a 24
» 24 hexagonal lattice. The applied SOM parameters were:
initial radius of the training area = 12, initial leamning rate
= 0.025, running length = 65 000.

Metabolic pair-wise correlation

Significance levels for Pearson correlation coefficient r
were computed depending on the number of metabolite
pairs n found throughout the light and dark period,
respectively, by calculating t-scores given byt =r (n - 2)03/
(1 - r)?5. The aitical t-score was set to correspond to the
commonly used p-value of 0.05 in two-sided tests.

Hierarchical clustering

Among several algorithms for clustering analysis, we
chose Ward's method [29] in JMP software (ver. £.0.0; SAS
Institute Inc. Cary, NC). Starting from trivial clusters each
containing one object only, Ward's method iteratively
merges two clusters that will resultin the smallest increase
in the sum of the square of their differences (i.e., vari-
ance). At each step, all possible mergers of two clusters are
tried and their variance is computed. The difference
between clusters is calculated by the equation:

d(a,b) = gfg{x. - z,)?
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ABSTRACT

Motivation: Liguid chromategraphy-landem mass spectrometry
(LC-MS/MS) Is a powerful tool in proteomics studies, but when
peptide retention information is used for identification purposes,
it remains challenging to compare multiple LC-MS/MS runs or
to match cbserved and predicted retention times, because small
changes of LC conditions unavoidably lead to variability in retention
times, In addition, non-contiguous retention data obtained with
different LC-MS Instruments or in different laboralories must be
gligned o confirm and utilize rapidly accumulating published
proteomics data.

Results: We have developed a new alignment method for peptide
retention times based on linear sclvent strength (LSS) theory. We
found that log kg (logarithm of retention facter for a given organic
solvent) in the LSS theory can be utilized as a 'universal' retention
index of peptides (RIP) that is indepandent of LC gradients, and
depends solely on the constituents of the moblle phase and the
stationary phases. We introduced a machine leaming-based scheme
to optimize the conversion function of gradient retention times (r,) to
log kp. Using the optimized function, 1, values obtained with different
LC-MS systems can be directly compared with each other on the
RIP scale. In an examination of Arabidopsis proteomic data, the vast
majority of retention time variabiiity was removed, and five dalasets
obtained with various LC-MS syslems were successfully aligned on
the RIP scale.

Contact: y-ishi@ttcikkeio.ac.|p

1 INTRODUCTION

Liquid chromatography-mass spectrometry (LC-MS) is a powerful
tool for the separation and identification of peptides in proteomics
studies, While several methods and software tools are available for
identifying peptides/proteins from mass spectra, the high complexity
of a digested prolcome and the vastly larger number of possible
peptide sequences make accurate peptide/protein identification
challenging. As the chromatographic retention times of peptides
depend on their amino acid sequences, their retention times
complement the information provided by MS and thus enhance their
identifiability (Palmblad er al,, 2002; Petritis er al, 2003).

“To whom ¢ should be add

Comparing multiple LC-MS/MS runs or matching observed and
predicted retention times for identification purposes remains a
challenging issue, because small changes in flow rate, column
length, column packing, veid volume and mobile phase composition
unavoidably lead to variability in retention times, In addition, it was
recently reported that even changing pore size of chromatographic
beads ms well as the ion-pair reagents such as trifluoroacetic
acid, heptafiuorobutyric acid and acetic acid in the mobile phase
affects the peptide relention times significantly (Ishihama er of,
2008; Krokhin, 2006), Furthermore, non-contiguous retention
data obtained with different LC-MS instruments or in different
laboratories must be aligned to confirm and utilize published
proteomics data.

A widely used approach to the chromatographic-alignment
problem is to fit a piecewise linear function to maximize the
correlation between the samples. Methods of this kind are often
characterized as correlaton optimized warping (COW) (Nieisen
et al,, 1998), and several derivative methods have been investigated
(van Nederkassel 7 ol.,, 2006), In principle, this approach can be
extended to aligning multi-dimensional data. However, the handling
of proteomics data is extremely difficult because the data are
typically characterized by a very large input dimension (i.e. tryptic
peptides). Thus, more sophisticated alignment algorithms are needed
to extract higher qualiry information from large-scale LC-MS-based
experiments,

Several approaches for the alignment of peptide retention times
have been developed and applied to high-throughput proteomics,
For example, in the accurate mass and time tag (AMT) approach
(Callister er al., 2006; Jaitly 1 al., 2006; Norbeck et al., 2005; Smith
eral., 2002; Zimmer ef al., 2006), results from different LC-MS or
MS/MS datasets are combined by finding the conversion functions
of mass and retention times that are required (o remove variability in
mass and retention time measurements between analyses. Machine
learning has also been applied to develop an ‘intelligent’ system
for comparing large numbers of LC/MS experiments. The genetic
algorithm (GA) has enabled the optimization of two variables of
the linear normalization function for each LC separation so as to
reduce the variance function of specific peptides, i.e. the regressed
retention times for each separation (Peitritis er af,, 2003). While this
approach bas generated excellent results, the normalization approach
becomes time-prohibitive as the number of peptides used increases
significantly, due to the many generations (iterations) required to
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Conversion of gradient retention time to RIP

align all analyses (Petritic o7 al, 200£). To remove this limitation,
Strittmatter er ol (2003) reg d, observed ion times of
confidently identified peptides to predicted normalized elution time
(NET) of the sequences using a quadratic function for each LC-M$S
run. The obtained quadratic equations were used to convert observed
retention times to observed NET, and all LC-MS runs could be
compared on scales of the NET. However, due to their use of an
in-house-built nanoflow pump with ultrshigh pressure tolerance,
it would be difficult to apply their NET scale to other datasets
obtained with commercial systems in other proteomics laboratories,
because their nanoflow pump generates exponential gradient curves
depeading on the flow-rate (Shen ef al,, 2001).

Here we report the development of a new alignment method using
log kg (Jogarithm of retention factor for a given organic solvent) from
linear solvent strength (LSS) theory (Stadalius er al., 1984), Peptide
LC-MS data are aligned by converting different gradient retention
time scales to a single scale of predicted logkg. We introduce a
GA 1o optimize the conversion function between retention tmes
and log kp. Using the optimized function, peptide retention times
obtained from different gradients and/or LC-MS systems can be
compared with each ather on the same log kp scale. Unlike other
functional optimization-based alignment techniques, realignments
after each new experiment are not required, and thus the technical
weaknesses of GA are overcome. The new method was applied to
the soluble fraction of Arabidopsis cells and d obtained with
various LC-MS systems were successfully aligned.

2 MATERIALS AND METHODS

2.1 Preparation of cell lysates

Escherichia coli MC4100 cells (see Section 3.1) were grown at 37°C in rich
medium as described (Kemer e al., 2005), and were lyzed by ultrasonication
und centrifuged at 3000 x g for 10 mn 1o collect the supematants, Arabidopsis

{ecotype Landsberg erects) cells were & generous gift from Dr H. Nakagami

(Riken, Yokchama, Japan). The frozen cells were disrupted with a Multi-
beads shocker (MB400U, Yasui Kikai, Tokyo, Jupan) and suspended in 0.1 M
Tris~-HC1 (pH 8.0). The supematants were collected by centrifugation at
1500z for 10min.

2.2 Sample preparation

Proteins from these cell lysates were dried and resuspended in 50mM Tris—
HCl buffer (pH 9.0) containing 8M urea. The mixtures were individually
reduced with dithiothreitol (DTT), alkylated with iodoscetamide and
digestad with Lys-C, followed by dilution and trypsin dig s deseribed

of 2400V was applied via the metal connector as described (1ctibuma or 2/,
2002). The injection volume was Sml and the flow rate was 500 nl/min.
The mobile phases consisted of {A) 0.5% acetic acid in water and (B) 0.5%
acetic acid in B0% scctonitrile. Four linear gradient conditions of 5% B o
60% in 30, 60, 120 and 180 min were employed. Four MS/MS scans (0.6¢
each) per one MS scan (1 s) were performed with the QSTAR. whereas the
top 10 precursors were selected for MS/MS scans for the LTQ-Orbitrap.
The scan range was m/z 350-1400 for the QSTAR and 300-1500 for the
LTQ-Orbitrap.

24 Data analysis
MS peak lists were created by scripts in Analyst QS (MDS5-Sciex) on
the basis of the recorded fragmentation spectra, and were submiired 1o the
Mascot database search engine (Matrix Science, London, UK) against the
SwissProt database (release 45.0) to identify proteins from E.coli samples,
while the TAIR version 7 (April 25, 2007) database was used for Arabidopsis
ples. The following search wmuwdmulleueudm.
maximum of two missed trypsin cleavag)
as a fixed modification and methionine tmdmon 2s & variable modlﬁulim
A precursor mass tolerance of 0.2Da and a fragment ion mass tol
of 0.2 Da were set for the QSTAR, whereas a precursor mass tolerance of
3p.pm. and a fragment ion mass tolerance of 0.8 Da were used for the LTQ-
Orbitrap. All peptides with scores less than the identity threshold (P 2 0.05)
or o rank >1 were automatically discarded.

2.5 Measurement of retention factors from
gradient analysis

The reversed-phase jon factor k is g iy described as

logk=loghs—5¢ (1)

where @ is the volume fraction of the less polar component in the water—

organic mobile phase, ky is the value of k for the solute at the stan of the

gradisnt in the initial mobile phase (¢ = 0) and § is a constant characteristic

for 2 given analywe and chromatographic system (Stadalive ef o7, 1584),
Solute retention time £y in gradient elution is given as

l,=(g)[lugijhb(%)+l]+tm+rg ®

where 1y is the column desd-time for 3 small solute molecule, 7, is the value
of gy for the solute in guestion, 1p is the dwell-ume of the gradient system
and b is 2 gradient parameter defined by

b=Sadn/ig (3)

Here the quantity g is the gradient time and A¢ is the change in ¢ during

(Saite et al., 200¢), The digested samples were then d I using StageTips
+with C18 Empore disk membranes (Rappsilber ef al., 2007).

2.3 NanoLC-MS/MS analysis

All samples were analyzed by nanol.C-MS/MS using a QSTAR Pulsar |
mass spectromeler (AB/MDS-Sciex, Toronto, Canada) equipped with an
Aplﬂlllﬁnmuﬂmwmp(wlkﬁlm&mmy)mmmﬂrﬁmm
spec (Ther G y) with a Dionex Ultimate
Jﬂﬂpum.p Inbmhsyms.mHTCH\menmph[CTEAnﬂyﬂuAﬁ
Zwingen, Switzerland) equipped with 2 Vaico C2 valve with 150 um pons
s an injecton valve was used. ReproSil-Pur 120 C18-AQ materials (3 wm,
mmma.ﬁmnmmtm.uumwg

the gr (A¢ =] for a 0-100% gradient) (Snyder, 1980). For smaller
solutes and larger pore panticles, Equation (2) can be approximated by

Agd
L= [{SMJ]Ing{zalnm( = )+::|+m+m C)]
By salving Equation (4) for ky, Equation (%) is derived:

15 (._ 14+ m'l'a.n’-uﬂ!wfn-fgl)
k= &)
A¢L.35m
Four gradient elution runs were performed for E.coff samples as described
above, and the observed 1, ig/A¢, Ky, Ip values were substiied ino
Equarion (4). A Microsoft Exce!l multi-line fiting program based on the semi-

(100pum ID, 6 um opening, 150mm length) with 2 nitrogen-g
colurmn loader cell (Nikkyo Technos, Tokyo, Japan) to prepare an analytical
coltumn needle with 'stone-arch’ frit (Ishihama e al, 2002), A spray voltage

N method was run to optimize § and kg values in arder to minimize
the sum of the differences between calculated and observed 7y values, The
obtained § and kg were used as observed values for further amalysis,
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Table 1. Experimental parameters for the genstic algorithm used

Experimental parameters Parameter value
Number of maximum generation G 200

Number of individual P 500

Crossover ratio ¢ (%) 45

Crossover strategy Uniform
Selection strategy Roulete
Mutation ratic m (%) 45

2.6 Implementation of the algorithm

Obtuined ky was used to the log ky p We employed a

three-layer artificial neural network (ANN) with back-propagation leaming.
Aﬂgmmdﬁmcumwulpphbdmcubmdcmmcw To reduce
ights) among nodes, the pruning method
was used as described (Shinnda et al, 2006). The ANN software used was
IMP software, version 6.0.2 (SAS Instirate, Cary, NC, USA). Experimental
rtteunun time (7;) was converted to predicted log ky using Equation (3)

ing several s (tg/Ad, fo, Ip, 5). Among them, 5§ was
prcdlct.cd for each identified peptide using @ previously reported ANN based
on the dependence of S on the amino scid composition (Ishihama, 2006),
and the remaining parameters (f6/A, fo, In) were optimized using GA. Our
GA was impl d in Perl language with the Al::Genetic module from
CPAN (www.cpan.org). The numerical experimental conditions are shown
in Table . These computational portions of our work were performed on &
Pentium 4 Xeon 2.0 GHz CPU.

unnecessarily arge (

3 RESULTS AND DISCUSSION

3.1 Prediction of log kg using an ANN

We analyzed E.coli samples under four different linear gradient
conditions and obtained the data pairs of logky and § for
278 peptides. The correlation coefficients between observed and
calculated 1, values per each peptide ranged from 0.9993 to 1.000
for four data points from 30 min to 180 min gradient runs, indicating
that LSS theory was valid for the peptides in this range. In order
to predict logkp values from peptide sequences, we trained an
ANN using the number of residues of each amino acid in the
identified E.coli peptides as inputs and obtained logkg as outputs
based on the assumption that log kg of peptides depends on amino
acid composition. We adopted three-layer architecture for the ANN
because it could approximate any function (Funahashi, 1989). We
tried hidden nodes ranging from 2 to 10, and the log kg response
curves of each input variable, constituting an approximate function
from sampled values, were used as the criteria for determining the
number of hidden nodes. We added hidden nodes until the response
curves were not too flexible or non-linear, Consequently, u.'cadapwd

Prodicted log k0

Measured fog k0

Fig. 1. The comelation b experi 1 d and pr d
log kg for all pcptlﬁu derived from E.coli K12 proteome thrmgb 10-fold
rwo-deep cross-validarions.

was 0.189+7.1% (relative standard deviation, RSD), These results
support the validity of our assumption that the log kg of peptides
depends on amino acid composition. ANNs have recently been
utilized for accurate modeling of peptide retention time (Petritis
et al., 2003, 2006, Shinoda er af., 2006), but application to log ko
prediction has not yet been reported, We used this ANN predictor for
the following GA-based optimization of the conversion function.

The scheme of our alignment approach is illustrated in Figure 2.
§ values of identified peptides were computationally predicted using
a previously reported ANN (Ishihama, 2006) from amino acid
composition, The ANN predictor eliminated the need for multiple
chromatographic runs for derivations of § and enabled experimental
log kp to be obtained from & single LC-MS run. On the other hand,
the construcied ANN enabled predicied log kg to be obtained from
the amino acid composition of peptides. The conversion function
[Equation (5)] was optimized with a GA using the sum of squared
erors (SSE) funl:uon between experimental and predicted log kg as
an evaluation fi Optionally, we adjusted GA- apumedlogko
values using the linear relationship, if necessary. This conversion
enabled various LC gradient data to be compared on the same scale
of RIP. RIP is a converted log kg scale on a time scale of the log kg
predictor, which is specific for a given set of gradient analyses with a
given mobile phase and columns, i.e. the E.coli dataset in this article.
Using the optimized function, peptide retention times obtained from
different LC-MS5 systems and/or gradients can be directly compared
on the same RIP dimension and easily aligned.

32 Application to Arabidopsis proteome data
To demunsu-m rhe usabv:l:ty of our alignment algorithm, we

five nodes in the hidden layer and our ANN had a 20-5-1 ar
Other parameters for ANN training (training ratio, momentum
and random numbers for initial ANN weights) were determined
empirically. Each of the trainings was continued until the epoch
(iteration) reached 100 or until improvement of the optimization
function fell below a learning convergence criterion, Figure | is
a global comparison between predicted and measured logkg for
278 peptides through 10-fold two-deep cross-validations (Jonathan
et al, 2000). Overall, our results were satisfactory; the coefficient
of determination (R?) was 0.8895 and the mean prediction error

ducted an lidation smdy with real complex
samples (Ambldopm cells) The proteomics sample was prepared
according to the above protocol and analyzed using two different
LC-MS systems under five different LC conditions (Table ).
Peptides were identified for each LC-MS run using Mascot. The
number of identified peptides was 605, 1050, 980, 3861 and 5719
for conditions 1-3, respectively. Experimental 1, was converted
to RIP using Equation (5). Parameters were oplimized using the
GA so that the difference between predicted and converted RIP
of identified peptides was minimized. We used the GA because it
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Fig. 2. Schematic flowchart depicting the method. In this example, peptide
retention data (f,) obtsined with two different LC-MS sysiems (A and B)
are aligned. § and log kn of identified peptides are computationally predicted
using @ pretrained ANN based on amine acid compesition determined by
MS/MS ion search (e.g. Mascot). Parameters of the conversion functions
of #, to log ky are optimized for rach LC condition based on the predicted
5 and predicted logky values using a GA. The objective function is the
SSE between predicted and converted (experimental) log ko. After functional
optimization, datasets A and B are comparable on the same log kg (RIP) scale.
This algorithm is easily le 1o three of more samples.

can determine many parameters simultaneously with high accuracy,
and selected the real-coded GA (Jamkow and Michalewicz, 1991)
because it improves the optimization speed compared with the
conventional binary GA. The time required for one trial was ~1h,
The experiments were conducted in 50 trials with different random
seeds. Comparison of the trajectories shows that fitness values
decreased until ~60 generations (Fig. 3). The R® between the
predicted and experimental log ky was 0.9604-0.9968. These results
indicate the value of GA in functional optimization for gradient
retention time conversion, Unlike traditional non-linear regression,
GA-based approaches offer ad ges that include a capacity to
self-learn and to obtain optimized parameters without the pesd for
time-consuming manual tunings and detailed understanding of the
characteristics of functions.

The results of conversion using the optimized function are shown
in Figure 4, The converted log kg (RIP) of peptides identified among
the different LC conditions are plotted. On the RIP scale, most

Table 2. LC syriem and grad used for method validat
Condiion ~ LC-MS systems Gradient  Column
(min)

1 Agilem1100-QSTAR 30 Column 1 (100 um
ID/8emlL)

2 Agilent1 100-QSTAR 60 Columna | (100 um
ID/BemL)

3 Agilent] 100-QSTAR 60 Column 2 (100 um
ID1SemL)

4 Ultirnate 3000-Orbitrap 60 Column 2 (100 um
IDN15eml)

5 Ultimata3000-Orbirrap 120 Column 2 (100 um
I¥15emL)
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Fig. 3. Changes in the fitness values of best-of-generution individuals for
each experimental condition (1-5).

peptides are on the locus of y=x (Spearman r=0.9863-0.9988)
desplte the difference of columns (A), systems (B) and gradients
(C). RIP was still effective where columns, systems and gradients
were all different (D), Using RIP, retention of commenly identified
peptides can be compared on the same scale and we can easily
validate proteomic data across various LC-MS systems. Our
method is more effective when three or more differemt LC-MS
datasets should be aligned. RIP is & general parameter, and thus
reoptimization is not required even when a new dataset for
comparison is added.

3.3 Probability scores and A RIP

As RIP depends on the amino acid sequence, comparison of
predicted and experimental (converted) RIP allows validation of
peptide sequences determined by MS/MS ion search, i.e. peptides
which have ARIP sbove a cerain level are more liksly to be
false positives. The relationship between Mascot probability scare,
which indicates reliability of peptide identification, and ARIP for
Arabidopsis data is shown in Figure 5. This showed a negative
correlation between ARIP and score. Peptides with low reliability
(probability score <16) have a larger proportion of ‘outlier’ peptides,
while ARIP of a majority of reliable (>93%) peptides is less
than 0.5. This indicates the validity of the converted RIP and our
predictors. Among the reliable peptides, the threshold value of 2
5% outlier in ARIP was 0.552. This result indicates that peptide
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Fig. 5. Relationship berween ARIP (predicted-experimental) and Mascot
probability score. The resalt for condition 5 (Table 2) is shown. The bold
vertical line indicates probability score 16 (>16 scores indicme >95%
reliability).

identification where ARIP is more than 0.55 is very likely 10 be a
misidentification.

4 CONCLUSION

We have developed a new alignment method for LC-MS-based
proteomics data using GA-based optimization of the conversion
function between gradient retention times and the logarithm of
retention factor (log k). The method was applied to the soluble
fraction of Arabidopsis cells, and five datasets obtained with
different LC gradients were appropriataly aligned. Converted log kg
(RIP) values can be used between laboratories as long as the
stationary phase and the mobile phase are identical. This method

should be useful for comparing proteomics datasets between
laboratories and for utilizing the rapidly accumulating published
proteomics LC-MS data. In addition, this method is also applicable
for peptide mixtures containing partially modified amino acid
residues such as phosphorylated serine, threonine and tyrosine. Since
the post-translational modifications (PTM) such as phosphorylation
are quite important to understand cellular functions, this method
would be helpful to perform PTM proteome analysis, Further studies
are in progress in our laboratory.
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Abstract An enormous body of information has been obtained by
molecular and cellular biology in the last half century. However, even

Keywords

these powerful approaches are not adequate when it comes to Zonal metabolic heterogeneity, hepatic
higher-level biological structures, such as dssues, organs, and lobule, biological simulation, ammonia
individual organisms, because of the complexites involved. Thus, metabolism

accumulation of data at the higher levels supports and broadens

the context for that obtained on the molecular and cellular levels,
Under such auspices, an attempt to elucidate mesoscopic and
macroscopic subjects based on plentiful nanoscopic and microscopic
data is of great potential value. On the other hand, fully realistic
simulation is impracticable because of the extensive cost entatled and
enormous amount of data required. Abstraction and modeling that
balance the dual requirements of prediction accuracy and manageable
calculation cost are of great importance for systems biology, We have
construcied @ anunonia metbolisin model of the hepatic lubule,

a histological component of the liver, based on a single-hepatocyte
model that consists of the biochemical kinetics of enzymes and
transporters. To bring the calculation cost within reason, the
porto-central axis, which is an elemental strueture of the lobule, is
defined as the systems biological unit of the liver, and is accordingly
modeled. A model including both histological structure and
posidon-specific gene expression of mejor enzymes largely represents
the physiological dynamics of the hepatic lobule in nature, In addidon,
heterogeneous gene expression is suggested to have evolved to
optimize the energy efficiency of ammonia detoxification at the
macroscopic level, implying that approaches like this may elucidate
how properties at the molecular and cellular levels, such as regulated
gene expression, modify higher-level phenomena of multicellular
tissue, organs, and organisms.
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