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ABSTRACT

Motivation: Continued development of analytical techniques
based on gas chromatography and mass spectrometry now
facilitates the generation of larger sets of metabolite concen-
tration data. An important step towards the understanding of
metabolite dynamics is the recognition of stable states where
metabolite concentrations exhibit a simple behaviour. Such
states can be characterized through the identification of signi-
ficant thresholds in the concentrations. But general techniques
for finding discretization thresholds in continuous data prove to
be practically insufficient for detecting states due to the weak
conditional dependences in concentration data.

Results: We introduce a method of recognizing states in the
framework of decision tree induction. It is based upon a global
analysis of decision forests where stability and quality are eval-
uated. It leads to the detection of thresholds that are both
comprehensible and robust. Applied to metabolite concentra-
tion data, this method has led to the discovery of hidden states
in the corresponding variables. Some of these reflect known
properties of the biological experiments, and others point to
putative new states.

Availability: An implementation of this approach can be
obtained from the authors upon request.

Contact: floeter@cs.uni-potsdam.de
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Fig. 1. The bimodal distribution of NADPH

detect significant thresholds for some concentration variables
based on a global analysis of the complete set.

The basic assumption is that, as for any dynamical system,
one can observe a finite set of ‘stable’ states between which
the system evolves. A state is considered to be a reasonably
stable condition of any measurable variable, observed directly
at the level of concentrations, in a (sub-)set of samples. A
simple example of a distribution with two stable states is given
in Figure 1. One observes an increased level of NADRH
the leaves of a plant during the daytime and a decreased level
at night time. Thus, the plant can be considered as having two
distinct states: we could label them as ‘night state’ and ‘day
state’. There are two modes in the distribution of Figure 1,
indicating the two states. Here, it is known that NADPH
increases with the amount of light the leaf is exposed to. Itis
usually not that easy to relate the states of an organism to a

In recent years it has become possible to effectively obtaivariable.

various types of biological data at the molecular level. These Often the distributions of variables appear to be uniform,
give rise to new ‘post-genomic’ studies. Metabolite concen-Gaussian or just random as in Figure 2. Thus, several distinct
tration data are a yet little studied form of expression datsstates (or modes) cannotbe read off or found with conventional
(R6Rneret al., 2001). They can be observed using high-statistical methods [e.g. Silverman (1981)]. Nonetheless,
throughput techniques that generate large data sets (Fieltinere can still be several states that are just hidden in the sum
etal., 2000). The long-term goal of such studies is to be able t®f several modes or in the noise of the data. After all, despite
reconstruct the dynamics of interaction between metabolitesubstantial advances in analytical techniques, biological data
This paper proposes a contribution towards this goal, trying tdiave considerable variances.
We address this problem by developing a tool for identify-

ing some of these hidden states in variables. Since functional
dependences (including states) cannot be derived reliably
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Oﬁﬁugfnlces they need a set of preclassified data objects (often
referred to as training data). A hierarchically ordered
|m—rl_m_ﬂ_m_m set of tests is then learned that allows classifying new
ﬂ o o concentration observations.
fumaric acid

Modelling states of an organism

Fig. 2. The distribution of fumaric acid does not provide any clear |, order to identify possible states of an organism, we try to
mode. detect significantly stable conditions of concentration vari-
ables. Such conditions can be modelled by decision trees in

from single variables with few data points, we use a globathe following way. . . _ _

approach to increase robustness. It considers for any given!f We knew about two states contained in a given variable,
target variable a set of thresholds and compares them in quai(€ could dichotomize this variable into the classes ‘state 1’
ity and stability through sets of decision trees. With this@nd ‘state 2'. Largely, this dichotomization can be performed
approach, it is possible to find robust and explainable statddy finding the concentration threshold dividing the two states

in variables. Once the states are identified, a direct examirlin the literature referred to as a cut point (Fayyad and Irani,
ation can lead to a further understanding of the organism’§993)]- With the obtained two classes, a decision tree can then
dynamics. be induced as a model for explaining these states [e.g. with

In the next section, we discuss related work on findingC4-5 (Quinlan, 1993)]. _ -
thresholds in continuous data without considering biolo- FOr instance, the samples used to provide the distribution
gical issues. The subsequent sections introduce our pr&f NADPH: in Figure 1 can be classified into ‘night state’
posal and discuss why this new technique seems mor@nd ‘day state’ according to the NADRHevel. In fact, we
suitable for present metabolite concentration data than préliscretize this variable into 0 ('night state’) and 1 (‘day state’)
vious approaches. First results on real data are given, and v¢cording to a chosen threshold. A decision tree grown on

conclude with a preliminary analysis of its significance in athis target variable can classify new samples as belonging to
metabolic context. either class 0 or class 1 without considering the concentration

level of NADPH,. This classification is based only upon the
remaining variables of the training set.

SYSTIT:M A'_\ID _M ETHODS The last issue is to find an appropriate threshold for the dis-
Data discretization cretization of the target variable. As mentioned in the previous
The problem of finding significant thresholds in continu- section, most distributions do not allow a clear distinction
ous data is largely equivalent to the problem of discret-between two modes (respectively states). Thus, we have to
ization. This field has been intensely investigated in thdind another way to pick an appropriate threshold out of the
past. Valuable synopses of the techniques have been givemany possibilities.

by Doughertyet al. (1995) and Yang and Webb (2002).

The important axes for classifying. discretization teCh”iq‘{eleENTlFYING STABLE STATES

are global versus local, supervised versus unsuperwse& . ..

and univariate versus multivariate (Kwedlo and Kretowski, M OWIng decision forests

1999). Metabolic concentration data usually do not providgor the identification of thresholds indicating stable states,
previously known target classes, nor do they facilitatewe propose to grow sets of decision trees for each dis-
univariate discretization because of unclear distributionscretization threshold considered and compare them. Sets of
Thus, our problem demands a multivariate and unsuperdecision trees are also referred to as decision forests. To
vised approach. To our knowledge, no such discretizatioget candidate thresholds, the domain of the target variable
technique is currently available that we could apply tois divided into several intervals. The end of each interval

our data. marks one candidate discretization threshold. There are sev-
. eral known strategies for choosing the number and sizes
Decision trees of intervals, e.g. uniform binning, equal frequency binning

Decision trees are representations of classifiers (Breimaand exhaustive binning. We used uniform binning with an
et al., 1984). On the basis of a set of selected attributes, thegiverage number of five experiments per interval for our
classify objects. Each internal node represents a test on thapplication.

value of an attribute, branches correspond to different pos- For each possible threshold, a decision forest is grown
sible values for these attributes and leaves specify the objectigith an embedded decision tree induction algorithm. We
target class. used C4.5, one of the most established algorithms for

Trees on specific classification problems can be builthis task (Quinlan, 1993). Initially, the set of avail-

automatically with induction algorithms. For this purpose able variables contains all measured variables minus
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the target variable. Then, the following procedure is *°

used: Fumaric acid
o While variables are present in the dataset, do quality’
(1) Grow a decision tree with C4.5 on the discretized |
target variable and add it to the forest. ] stable region
(2) Remove the variable occurring atthe top of the tree 1 an
from the set of available variables. 1 E stability

« Sort the trees of the forest according to their predictive |
accuracy and keep thebest trees in the forest & 3 in 37 5 63 76 8.9 102 115 128 141 154 164 17.7 19 203 21.6 229
our experiments).

threshold

) ) ) ) ] Fig. 3. Peaks or elevated plains in the score functions indicate
This way, we obtain a forest of varying trees with highest,egions of stable models.

predictive accuracy for each target discretization threshold.
Here, we gain the possibility of using a supervised learning

approach in an unsupervised process by systematically usingriable’s domain. This is due to the very asymmetric distribu-

all candidate thresholds and constructing models for them. tion of samples in the target classes when discretizing is done

Finding a threshold with a marginal threshold. We call these peaks sparse data
peaks because one of the two target classes contains very few

Atthis point a particular decision forest has been produced foggmples. These peaks are not considered for the determination

each of the considered discretization thresholds. Each foreg high quality forests.

is evaluated in turn through comparison with the forests of the \yjith the two measures stability and quality, it is possible to

two neighbouring thresholds. More precisely, an evaluatioring discretization thresholds for any given variable based on

function grants a score of 1 for each tree in the neighbouringeak analysis. If the measures lack remarkable peaks in their

forests that is similar to one in the evaluated forest. We use gg|ues, it is assumed that there are no inherent stable states in
‘syntactical’ similarity measure. Two trees are similar if the the examined variable.

attributes used inthe nodes of the first level of both trees are the
same. That way, high scores are given to forests with similar

neighbours. RESULTS

With this 'smoothening’ process, thresholds are found thaWe applied our technique to a set of metabolite concentration

promote envwonme_nts of stable models .Of th_e data_. If the ata of potato plants with 73 samples and 117 metabolites. Of
scores are plotted into a curve, we can identify regions o
he samples, 37 were treated to develop only low concentra-

stable forests (Fig. 3). Stable forests indicate robust modeltsIons of phosphate. The other 36 were left unaffected. Thereby,

for the explanation of the target variable. We can assume th:%l\tN0 distinct states (‘presence’ and ‘absence’ of phosphate) are

robust models indicate a biologically feasible choice of the ) :
. S reflected in the data. Subsequently, these inherent states were
target classes and thus the discretization threshold. : :
searched for in the other variables.

uglﬂ?th?rgwn?)e/;(s)uigr?ﬁzreJgﬁtfo\:\leestsrlos giéhti'; F;gig:;?r\]/e About 5% of metabolite distributions exhibit two modes
9 Y- q y brop g(similar to Fig. 1). We saw clear peaks in stability and

function: quality between these modes. For them it is also pos-
DEFINITION 1. Let T be a binary decision tree of depthn  sible to find discretization thresholds through conventional
and let D be a set of classified objects. For 1 < i < n, let methods.

C; be the set of objects from D being correctly classified by The rest of the metabolites do not exhibit clear modes and
T at depth i. Then, define the quality of T by means of the  do not allow the determination of thresholds through conven-
following function: tional methods. For about 10% of these, it was possible to
" detect a threshold through our method (e.g. fumaric acid in
quality(T) := Z ICi1 - i Figs2and 3 or diaminovaleolac_tf_;\m in Fig. 4). _
= 2 Roughly 30% of these additional thresholds split the

samples into the known subsets of treated and unaffected
This function delivers high values for trees classifying theexperiments. The other 70% disclosed unexpected states (such
training samples with little error and few decisions. For com-as fumaric acid and diaminovaleolactam did) obviously not
paring forests, we use the arithmetic mean of qualities of thelirectly connected to the experimental treatment.
trees in the forests and compare them. More than 85% of the metabolites, however, do not develop
As a matter of principle, this function produces peaks forpeaks in our score functions, showing that our method remains
discretization thresholds close to the boundaries of the targeelective.
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occurences CONCLUSION

in bins
The application of our method to metabolite concentration
data has led to the discovery of several unexpected thresholds.
As an open issue remains a robust handling of the sparse

1] rﬁ_ﬂ_ﬂ i concentatono data peaks Whgn undertaklng t_he peak analysis. I_Drese_ntly,
‘ > Djaminovaleolactam we are developing a normalization strategy for coping with
1.17 64.32 . . . .
score this problem. Further directions of our research are a dir-

Diaminovaleolactam

/ quality ect interpretation of the decision trees and integration of that
information into our method.
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