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Abstract classification model (FLSOM). In contrast to the widely

applied multilayer perceptron [3], prototype based classi

We present a general famework for association learning fication allows an easy interpretation, which is of parcul
in self-oragnizing maps (SOMs), which can be specified for interest for many applications. FLSOM leads to a robust
usage for supervised fuzzy classification new approach forfuzzy classifier where efficient learning of fuzzy labeled or
fuzzy classification of mass spectrometic data. In this way,partially contradictory data is possible. Additionallyl-F
we obtain a prototype based fuzzy classifcation model (FL- SOM gives the possibility to assess and to visuatilzess
SOM), which can be easily interpreted and visualized due similarities by inspection of the generated class map us-
to the fundamental properties of SOMs. Moreover, the pro- ing the visualization abilities of SOM [20]. However, FL-
vided extension gives the ability to detect class simiesit ~ SOM differs from other extensions of SOM for classifica-
We apply this approch to classification and class similarity tion like counterpropagation [14] or Fuzzy SOM [25] fun-
detection for mass spectrometic data in case of cancer dis-damentally: In contradiction to these models, in FLSOM
ease and obtain comparable results. We demonstrate thathe prototype adaptation is also influenced by the class in-
class similarity detection leads to clinically expectedsd formation of the data and, hence, optimized accordingly.
similarities. In this contribution, first we develop a general scheme
of association learning in SOMsvhich leads to a general
framework of prototype-based learning balancing unsuper-
vised aspects and additional information. Generally,grot
type based methods have the advantage of easy interpreta-
o ] tion whereas other models like MLP, for example, work as a

The self-organizing map (SOM) constitutes one of the pack box. Thereby, we restrict the description of the frame
most popular unsupervised approaches for clustering, Vi-york to the SOM model because of its excellent visualiza-
sualization and data mining of high-dimensional data [16]. tjon abilities. However, a transfer to other prototype boase
SOMs belong to the prototype based methods of data repremogels is straight forward. We show that FLSOM can be
sentation. Due to its inherent regularization abilitiesM¥0  geen as a special case of this more general approach. After
are also applicable in case of sparse data sets. Basicallyyyis theoretic part we apply the FLSOM to the classifica-
SOMs map the data nonlinearly onto a low-dimensional {jony cancer diseases based on the analysis of of mass spec-
regular lattice of neurons. This mapping is under certain yometic data obtained from MALDI-TOF. Thereby, rele-
conditions topology preserving, i.e. similar data points a yance learning for classification dependent metric adapta-
mapped onto nearby or identical neurons of the neuron gridiion can be used for the detection of potential biomarkers
[21]. Thereby, adaptation takes place as an unsupervisethased on the obtained feature ranking. We demonstrate the
prototype Iearnlng.. Several approaches are prODOSQd 10 eXapilities of the approch, which are comparable or supeoior t
tend the unsupervised learing scheme for supervised Oktandard tools for spectra analysis provided by commercial

semi-supervised adaptation. The approaches ranges frongyg|s as well as previous investigations [5],[6].
simple post-labeling [16], the utilization of auxiliary tda

information [19], to combination of SOMs with other su- . . ,

pervised neural network models like Learning Vector Quan- 2 Association learning in SOM's

tization (LVQ) [25], the multi-layer perceptron (MLP) [3]

(for example the counterpropagation model [14]). Before introduction of the association learning frame
Recently, a supervised counterpart of SOM is developedwork for SOMs we briefly introduce the basic concepts and

[23]. It allows the determination of a prototype based fuzzy principles of SOMs.

1 Introduction



2.1 The Self-Organizing Map are gradually adapted according to the neighborhood degree
of the respective neuron to the winning one by

As mentioned above, SOMs can be taken as unsuper-
vised learning of topographic vector quantization with a AWy = —chy (r, 5(V)) 9 (v, w,) )
topological structure (grid) within the set of prototypes ’ Oowy

k vectors). Thereby, roughl king, topol- . . . .
(ocgi/dgrgsoerva?igr? rsn)eans ;:tbgimi?aﬁgda){asgggt@/g argpo with a small learning rate > 0. This adaptation follows a
mapped onto identical or neighbored grid locations which stochastic gradient descent of the cost function introduce
have pointers into the data space (weight vectors). An exaclby HESKES[15]:
mathematical definition is given in [21]. The weight vec-
tors also are called prototypes, because they represdst par Esom = / 20(0 Z 55 Zh r,r') W, )dv
of the data space.

There exists a wide range of applications in pattern _ . . 4
recognition ranging from spectral image processing to WereC (o) is a constant which we will drop in the follow-
bioinformatics. The mathematics behind the original SOM ing, andér is the usual Kronecker symbol checking the
model as proposed bydHONEN is rather complicated. In  identity ofr andr’.
particular, the training process does not follow a gradient One main aspect of SOMs is the visualization ability of
descent on any cost function for continuous data distribu- the resulting map due to its topological structure. Under ce
tions [9]. However, HsKESproposed a variant of the orig-  tain conditions the resulting non-linear projectign, _, 4
inal algorithm which, in practice, leads to at least very-sim generates a continuous mapping from the data spamato
ilar or identical results as the original SOM but for which the grid structure omd. This mapping can mathematically
a cost function can be established [15]. We will base our be interpreted as an approximation of the principal curve or
model on this formulation: its higher-dimensional equivalents [12]. Thus, as pointed

Assume that data € V' CR? are given distributed ac- out above, similar data points are projected on prototypes
cording to an underlying distributioR (V). A SOM is de- which are neighbored in the grid spade Further, proto-
termined by a setl of neurons equipped with weight vec-  types neighbored in the lattice space should code similar
tors (prototypesyv, € R%. The neurons are arranged on a data properties, i.e. their weight vectors should be close t
lattice structure, which determines the neighborhood rela gether in the data space according to the dissimilarity mea-
tion N(r,r’) between the neuronsandr’. Denote the set  sure€. This property of SOMs is called topology preserving
of prototypes byW = {w, }.c 4. The mapping description  (or topographic) mapping realizing the mathematical con-

of a trained SOM defines a function cept of continuity. For a detailed consideration of thisi¢cop
we refer to [21]. Successful tools for assessing this map
Uy_a:v e s(v)=argmin Y ho(r,r')¢ (v, w,,) property are the topographic function and the topographic
T4 pea @ product [21],[1].

wherele(r) = > .4 ho(r,v')¢ (v, w,) is the local
neighborhood weighted error of the distandes, w,.,).
¢ is an appropriate chosen distance measure, usually the
quadratic Euclidean normi (v, w,) = (v — w,)>. How-
ever, here we only suppogdv, w) to be arbitrary assum-
ing differentiability and symmetry and assessing some dis-

similarity. The function

2.2 Association learning in SOMs

Now we are ready to establish the general framework
of association learningn SOMs (AL-SOM). The essential
presupposition is that the unsupervised SOM model has a
cost function as introduced above. Further we assume that
for each data point €V an association object is avail-
N(r,r’) able such that AL-SOM model should learn the associa-

252 ) ) tion betweerv andx in a prototype based manner. Exam-
ples of such association models could be simple single val-

ho(r,1') = exp <

determines the neighborhood cooperation with ramge ues/vectors or complicate structures like linguistic otge
0. In this formulation, an input stimulus is mapped onto  (words, sentences ...) or graphs.
that positionr € A of the SOM, the local errofe (r) of Lety, be the association model of the prototypg and

which is minimum, whereby the average over all neurons y — {y.}. For the formal framework, we now introduce a
according to the neighborhood is taken. We refer to this general cost function for AL-SOM as
neurons(v) as the winner.

During the adaptation process a sequence of data point¥ar,—som (W,Y) = (1 — 8) Esom (W)+8EaL (W,Y)
v € V is presented to the map representative for the data (5)
distribution P (V'). Each time the currently most proximate Thereby the second terfi,, reflects the accuracy of the
neurons(v) according to (1) is determined. All prototypes model with respect to association learning task. It has to be



prototype dependent to connect association learning withlattice. In this case the topological order of the protog/pe
the prototype adaptation, i.eZx;, = Ear, (W,Y). The should be transferred to the topological order of assagiati
parameters € [0, 1] balances between both criteria. For models such that we have a smooth change of the models
8 = 0, ordinary SOM learning is achieved. between neighbored grid positionsn the index latticeA.

To obtain a gradient based adaptation scheme we furtheiThis is the consequence of the following fact: the neigh-
assume thab's;, (W,Y) is differentiable inw,.. Then, for- borhood functioni,, (r,s) of the usual SOM learning (3)
mal derivation yields forces the topological ordering of the prototypes. In AL-

SOM, this ordering is further influenced by the locality ker-
OEAL-som _ (1-8) 9Esom (W) n ﬂaEAL (W.Y) nelg, (v, w,) (8). Hence, the prototype learning and order-
oW, oWy oW, ing (15) receives information of both data and association
(6) objects distribution. Thereby, for high value of the balanc
with non-vanishing term The general ap- ing parameter3 the latter term becomes dominant. Oth-
proach allows a broad variety ‘of task specific choices for erwise, the kerney., (v, w,) also triggers the association
EaL (W,Y). learning (16), which, of course, also dependents on the un-

A strategy, conformal with prototype based models, is to derlying learned prototype distribution and ordering. $hu
make association learning locally: The prototypes specifi- a consistent ordering of the labels is obtained in AL-SOM.
cally learn their associations in dependence from thei-sim

larity to the given data. In agreement with the neighborhood 2.3 Metric adaptation - relevance learning
concept in SOMs defined by Gaussians a consistent possi-

OEAL(W) )

ble choice of local association learning is As mentioned above, the general dissimilarity measure
) ¢ (v,w,) for the data spac¥ is often chosen as squared
EaL = Z/ -9y (viw,) - Ear (Y)dv (7). Euclidean metric such that the derivatidel-"x) simply

becomes-2(v — w,). Yet, other measures also can be
applied, for example correlation measures [24]. However,
more flexibility is obtained it (v, w,.) is parametrized and

(v, w,) the parameters are also subject of optimization according t
gy (v, W,) = exp (—22> (8) the given classification task [11],[10].

7 Generally, we consider a parametrized distance measure

and~ determining the locality range in the data space. In (v, w) with a parameter vectok = (1, ..., Ay) with
this way locality is separated from evaluation of the asso- Ai > 0 and normalizatior_; A; = 1. Then classification
ciation accuracy determined by, (Y). The choice of  task depending parameter optimization is achieved by gra-
the classification accuracy terfi;, as a sum of weighted dient descent, i.e. by con&deraﬂon%w Formal
data space distances is based on the continuity assumptiorgerivation yields
which is that data points, close to a prototypg, have cor-
respondingly similar association objects , i.e. a smoaih di

with thelocality kernel

OFA1L—som —(1-p) 0FEsom L ﬁaEAL (10)

tribution is assumed. ~ 2 N N

General approaches for the accuracy térmy, may be with
based on task specific similarity measures (edit distance
for symbolic da'ga, graph distances, generalizgd Minkqwski 9Esom _ Z/(se(v)P Zh (v Wr)dv
metric for functional data, etc.). For convenience, differ oN 3/\1
entiability with respect to the association objects is neeo (11)

mended. In this case, the Robbins-Monroe-formalism [13] and, supposind,, to be independent frorgr\ ,
immediately gives the adaptation rule as stochastic gnadie

descent with OFEAL / gy (v, Wr ) OEN(V, W) =
=— ExL (Y) P(v)d
OF W, Y OFaL (Y O\ Z oa DA (Y) Plv)dv
AL—SaOM (W,Y) =g, (v, w,)- gL( ) 9) . _ (12)
Yr Yr for the respecyve parameter adaptation.

As mentioned above, unsupervised SOMs generate a eltrslgase ok (v, w) being thescaledsquared Euclidean
topographic mapping from the data space onto the proto— A _ \ (13)
type grid under specific conditions. If the association ob- Z
jects are consistently distributed in the object space with o
respect to the varying data, one can expect for topographicWith A; > 0 and >, \; = 1) the derivative becomes
AL-SOMs that the association modets of the prototypes w = —-2-A-(v—w;) with A is a diagonal ma-

become ordered within the grid structure of the prototype trix and itsi-th diagonal entry is\;.



The parameter optimization of thscaled squared  distributions this topographic class processing leadsde p
Euclidean metric allows a useful interpretation. The para- totypes with unclear decision, located between prototypes
meters); weight the dimensions of the data space. Hence, with clear vote. Further, if classes are not distinguisteab
optimization of these parameters in dependence on the clasthere will exist prototypes responsive to those data which
sification problem leads to a ranking of the input dimensions have class label vectors containing approximately the same
according to their classification decision relevance. @her degree of class membership for the respective classes. In
fore, metric parameter adaptation of the scaled Euclideanthis way FLSOM may be used for class similarity detection.
metric is calledrelevance learning In case of zero-valued
\; this can also be seen as feature selection. 3 Experiments

24  Example - Fuzzy-Labeled SOM (FLSOM) We applied the FLSOM in classifaction of overab6

] o ) proteomic expression profiles generated by MALDI-TOF
Here, we give an explicit example for the above intro- 555 spectroscopy (MS) ranging within a mass-to-charge-
duce general framework of association learning: The re-atig of 1000 to 11000Da. The data were used before sep-
cently published Fuzzy-Labeled SOM (FLSOM, [23]) for  grately in different investigations [5],[6]. The standiassi

fuzzy classification can be described in this scenario. circumstances for sample collection are described in Idetai
Let N(c) be the number of possible data classes. Now, jn [7].Using standardized peak-picking procedure retgtdc
the association objects are class label vectdns) € RV () to the range ofl000 to 3500Da the spectra are reduced to
whereby each component < [0,1] determines the soft  97.dimensional data vectoss The scaled, squared Euclid-
class assignment of to classi fori = 1,...,N(c). Ac-  ean distance (13) is used as dissimilarity measure.
cordingly, the association modeys of the prototypes are The data set containé subgroups (A —63 colorectal
taken as fuzzy class-label vectgrs € [0,1]¥() which de-  cancers, B =50 controls, C —76 benign bowels, D 77

termines the portion of prototype, associated with the  preast cancers), see Fig. 1.1t has been postulated that MS
respective classes. We take for the accuracy teun =

¥ (x (v),yr) describing the dissimilarity of the label vec-
torsx andy,. Usually, the squared Euclidean distance
9 (x(v),y:) = (x—y,)” is chosen. However, as in the
case for the dissimilarity in the data space, other defini-
tions are possible.

The gradient off o1, with respect tow, now yields

a-EAL _ / g’\/ (V,W!.) 85 (vvwr),ﬁ
oWy 4~2 oW,

(x(v),yr) P(v)dv
(14)
Thus the complete prototype update for FLSOM becomes

B o€ (v,w,)
Aw, = —€(1—=70):hs(r,s(v)) w. (15)
9y (v, w,) ) 9 (v, w,) .
+ef3 e e J(x(v),yr)-
The gradient ofa1,—sowm with respect to the label de- Figure 1. top) Data set of the proteomic pro-

termines the adaptation rule for the prototype labels. Be- files (linewise). The darker the pixel the
causeEsow is independent on the prototype labels the re-  higher the intensity. The 4 subgroups A — D

spective derivative vanishes and we simply get (see text) are separated by lines. bottom) The
arrows indicate the most relevant frequen-
Ayr=eaf gy (v,w,) (X —y,) (16) cies for distinction of the classes for the 2-

_ ) ) _ class-problem (colorectal cancer versus con-
with learning rate; > 0. This learning scheme can be seen o]y and the full 4-class-problem obtained by

as a weighted average of the data fuzzy labels of those data g gom.
v close to the associated prototyys.

The evaluation of the similarities between the prototype
label vectors yields suggestions for the similarity of skss is a suitable tool for detecting presence/absence of multi-
i.e. similar classes are represented by prototypes in & locaple low-molecular-weight serum proteins which may serve
spatial area of the SOM lattice. In case of overlapping classa potential biomarkers of cancer disease.



To be comparable with the study in [5], we trained in a
first investigation a FLSOM with data only of the groups A
and B. Thereby we used7ax 3 FLSOM lattice according
to non-linear SOM-based PCA [2]. The balancing parame-
ter was = 0.85, which emphasizes the classification term
in (15) but prevents instabilities for higher values [22b T
be generalizing we used the inherent regularization adsilit
of SOMs by non-vanishing neighborhood rarge- 0.5 in
the neighborhood functioh, in (2). We obtained an accu-
racy (majority vote) 0f91.4% in a 5-fold cross-validation,
which is approximately the same accuracy as in [5]. The
relevance parameteps of the scaled Euclidean metric are
adapted parallely. This leads to a ranking of the input di-  Figure 2. Label distribution in the FLSOM lat-
mensions according to their importance for classification,  tice for the full classification problem. Each
see Fig. 1. The most important frequencies are indicated by ~ square represents a label vector y, of a pro-
streight arrows, dashed arrows refer to further highly rel-  totype w,. The position is according local-
evant frequencies. The result is also comparable to those ization r in the grid. The hight of the bars
obtained by means of the commercial analysis tool ClinProt  reflects the fuzzy ammount for the respective
(standard setting), which is provided with the spectromete  class as indicated above. One recognizes the
Both, Support vector machines (SVM) and advanced gen- ~ great overlapping region between the classes
eralized relevance LVQ (GRLVQ) achie9e% accuracy. A and C (colorectal/benign bowels) and some
Subsequently, we additionally proceeded a classification ~smaller overlaps between the classes A and
over the full data set, in the same manner as for the 2-class- D (colorectal/breast) as well as C and D. Oth-

case above. The non-linear PCA suggests<at lattice for erwise the controls (B) are clearly separated.
FLSOM, the other parameters remain unchanged. Here, a These findings are in agreement with clinical
overall accuracy 069.5% is achieved. The standard Clin- expections.

Prot tools obtair69% and61% for SVM and GRLVQ, re-
spectively. The most important relevances detected by FL-
SOM are depicted in Fig. 1. The most important frequen-
cies are indicated by straight arrows in F2f2, dashed ar-
rows refer to further highly relevant frequencies. These fr
guencies contribute substantially to classification aacyr
and, therefore, are important for distinction of the classe
We see that most relevant paramters are dependent on th
classification task.

As mentioned, AL-SOM/FLSOM has the additional fea-
ture to detect class similarities because of its underlying
topographic mapping property. Therefore, we take a closer
look to the distribution of the prototype labejs in the
FLSOM grid. We could expect that colorectal cancers

work for fuzzy classification obtaining the FLSOM model,
which takes class information of training data explicitely
into account for prototype adaptation. The visualization
abilities of SOMs based on the topology preservation prop-
arty of unsupervised SOMs can be used for visual inspec-
tion of the class labels of the prototypes, which allows a
better understanding of the underlying classification -deci
sion scheme. Further, the FLSOM is able to detect class
similarities.

The FLSOM is applied to classification of mass spectro-
metric data (profiles) of different cancer diseases, ctstro
and benign bowels. Beside a comparable classification ac-

(A) and benign bowels (C) have more similarities than i . .
colorectal cancers and controls (B), because tumor micro-c4racy the model automatically discovered the class sim-
i ilarities in good agreement to clinical expectation. Thus,

environmental protein expressions are frequently related oo .
analogue to inflammatory diseases [4],[17]. Further, lireas _FLSOM can be used not only for classification and visual-

cancer patients (D) should have more similartity to class A ization but also for detecting of class dependencies.

and C than to the controls. The obtained label distribution
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