Downloaded from UvA-DARE, the institutional repository of the University of Amsterdam (UvA)
http://hdl.handle.net/11245/2.30187

File ID uvapub:30187
Filename HS150805
Version unknown

SOURCE (OR PART OF THE FOLLOWING SOURCE):

Type conference contribution

Title The classification of (cell) samples using the population function
Author(s) A.W.M. Smeulders, G. Bosveld, R.PW. Duin

Faculty UvA: Universiteitsbhibliotheek

Year 1986

FULL BIBLIOGRAPHIC DETAILS:
http://hdl.handle.net/11245/1.424418

Copyright

1t is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s) and/or
copyright holder(s), other than for strictly personal, individual use, unless the work is under an open content licence (like
Creative Commons).

UvA-DARE is a service provided by the library of the University of Amsterdam (http://dare.uva.nl)
(pagedate: 2014-11-27)


http://hdl.handle.net/11245/2.30187
http://hdl.handle.net/11245/1.424418
http://dare.uva.nl

MEDINFO 86, R. Salamon, B, Blum, M. Jérgensen (Editors)
Elsevier Science Publishers B.V. {North-Holland)
IFIP-IMIA, 1986

649

The Classification of (Cell) Samples Using the Population Function

AWM, Smeulders, G. Bosveld, R.P.W. Duin

The Department of Medical informatics, Free University, 1007MB Amsterdam, and the Department of Pattern
Recognition, University of Technology, Delft, The Netheriands

Population classification Is a set of statistical techniques to classify
nopulations (e.g. samples) on basis of observatlions of +heir members (of celis).,

This decision making involves a cascade of classifiers:
and, based on the resulting classifications, one for the populations.

one for the members,
Also a

rule is to be glven how many members should he analysed before a statistically

sound declslon on +he population can be qiven.
view of the problem the population functlon Is

in search for a more integral
Introduced. Consideration of +he

poputation function Implies +hat rather +han fixIng the member classifier a

priori, it is better to use an ordinal memher classifier.

The concept of

sequential classification is use to reach the population declsion efficlently.

From model| studies,
compared to other technlques.

1. Definition of the problem.

Many instances of medical decision
making can be perceived as the result
of a partitioning of a feature domain.
The feature values represent the input
knowledge on which the classifier is
working, and the classifier transposes
a particular set of feature values into
the name of the corresponding
partition, A wide range of these
classifiers can be described as a
partitioning operation M working on a
multidimensional feature space W with
features w, yielding a decision
symbolized by a vector v from space v:
Y = Mo w. The decision v may be a code
or name (nominal classification),
possibly from an ordered list (ordinal
classification). Typical for this kind
of situation is the fact that the
decision rule M is directly working on
the input  feature values, as a
reduction of them. Decision rules
optimized for these situations are
found applying the appropriate
statistical or hierarchical pattern
recognition procedures.

In this paper, we describe a
basically different type of decision
procedure: population classification. A
decision now is made at the level of
the population (sample), whereas the
observations are made on the level of
the members of the population. To take
a simple example, when analysing a
sample of cells, each cell first is to
be recognised as a member of the normal
or the abnormal cell class. The

the population classification performance is favourably

decision on a cell will contribute each
own little weight to the decision of
the entire sample. It is the
combination of the decisions of many
cells which determines the decision on
the entire sample. Compared to standard
pattern recognition procedures now
three decision rules are needed in
stead of just one: One rule specifying
how to classify the members into two
(or more) member classes given a set of
features, one rule which says how many
members are to be analysed before a
statistically sound decision can be
made on the underlying sample and one
rule which combines the member
classifications into a decision for the
entire population. This is a cascade of
classifiers [1], the performance of
which is closely interrelated. They
should be taken into consideration
simultaneously when developing
optimized decision procedures, rather
than optimizing each of these
classifiers independently.
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Figure 1: Population classification or
a cell sample by a cascade of
classifiers,
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2. The population function.
Let the members of the I-th population
be numbered by index i, with
i=l,«..,n_.. To each member, there is a
feature v%ctor W.. The member decision
rule makes an ordering in the (more)
dimensional feature space by a
(non-)linear projection v = Mo w.
Examples of such an ordering may be
found in [2,3,4], though arbitrary
other ones may be thought of. For v is
a nominal decision, as is requested in
the simplified case discussed in [1],
much of the original information in the
feature w is lost., It is preferable to
take v ordinal, as is considered here.
Let v have a range v=1l,...,m. Thus i
is the ordered version of a featura
vector w.. As described above, v. can
also be %erceived as an ordinal c¢lass
label assigned to member i. Classifying
member by member of a pepulation I, the
resulting sum for each class is
accumulated in the row p.(v). It is
convenient to use the cumulative and
normalised version of Pr by
accumulating the sum of all classes
v<v'! in v' and dividing each sum with
n.. g.(v) Is the cumulative density
f&ncti%n of v on population I, and it
is a representation unique for
population I. Viewed upon otherwise,
qI(v') indicates the proportion of
mémbers of the classes upto including
class v' in that population I.
Populations of the same type form a
population class andg make up  a
distribution of rows d, called the
population function P(v,q(v)), see [5].
Each class of bopulations will have itg
own  population funetion PK(v,q(v)),
with R=1,,..,M being the Rumber of

Figurg 2: An example of two population
functions PK(v,q(v)), with the optimal

Specimen clissifier do{v) drawn in the.

frontmost value v=y',%ang the residual

errog Q(v',q (v')) indicated by
Shading. Mote he limited range (v, )
where P v.q(v)) differs sufficientEy

(
fpom P &v,q(v)), i.e. population 1 is
distinglishahle from population 2,

different population classes,

Operating on an unknown occupancy row
qI,(v) of population I', the population
d&cision rule will assign the
underlying population into one of the
population classes. For each member
class upto including v', the Bayes~rule
will give the optimal population
decision rule ag(v'), see figure 2. The
shaded area is Phe remaining population
classification error Q, making g=q_ the
population classifier with minimum
error for that v=y!, For two
populations (M=2) using the member
bound v', the population decision rule
assigns I to K=]1 for which
Pl(v',q(v')) > Pz(v',q(v')) and to K=2
for Pl(v',q(v')) < Pz(v',q(v')) leaving
the case where Pl(v',q(v')) =
Pz(v',q(v')) undecided.” So varying wv!
over v, q.(v) is defined implicitly by:
P (V'qB(Vg) = Pz(v, (v)), giving for
edch v the optirfal pgpulation decision
criterion q_(v). As a sidestep, it
should be ndted that if one wishes to
use only one member classifier, the
same in the analysis of all
bopulations, the optimal performance is
obtained using member bound v with v

= v | min 1 Q(v,q.(v)) 1. ThDs is tnB
theoretical solution for the problem
raised in [6]. Secondly it should be
noted that for a given member bound v',
the theoretical minimum population
classification error can be predicted

ot to be less than Q(v',qp(v')). Thus

one should not use the enti%e domain of
Vv, but select a range v, of v where
Q(v',q (v')) < B, wkn E, the
tolerated minimum performance 6f the
bPopulation classifier. The range v
indicates for what feature values o
the members Pl may be discriminated
from P2 at all.

3. Operational rules.,

In practice, analysing a population I,
we cannot dispose of d;.(v) exactly but
only an estimate q.{v) based on n
observed members or the moment
omitting the index I'). Rather than
comparing q(v) with 4.(v), we now are
comparing g (v) with qB(v). A very
efficient Y of doing” so, using a
Mminimal number of members to reach a
decision, is to use a sequential
procedure, similar to [7]. The null
hypothesis is that g (v) is a sample
row drawn from qB(v).nIn that case no

decision is taken on the population and
a following member of I' is analysed,
incrementing N. At the first n where
g (v) differs from a,(v) significantly,
£8r some bound v', tRe population I' is
classified to either class K=1 or class
K=2, depending on which PK(v',qQ(v'))
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is maximum. For v is nominal, a %-test
should be used. For v is ordinal a
distribution test is used to
demonstrate the significancy of the
difference of g (v) from g,(v). The
Kolmogorov Smirno¥ test may b€ used, or
the multiple nomial test [5]. To
guarantee a minimum performance of the
population classifier, the comparison
of q (v) with g_,(v) should be limited
to the range v,_, defined above.

Another, m%re simple procedure may
be to fix v'=v" prior to the analysis
[1]. The best possible member
classifier for the discrimination of
the populations, i.e. v_. defined above,
is unlikely to be th® best or most
efficient member <classifier in the
analysis of each population. In the
ordinal distribution comparisons, v’
indicated the member classifier
tailored to population I'. Therefore,
fixing v' to v" is likely to lead to a
larger classification error and a
lesser efficiency of the population
classifier.

Two types of population
classification errors may occur. The
first one is due to the nature of the
problem, due to the overlap of
Pl(v,q(v)) with P, (v,q(v)). This is
eXpressed by Q(v,d(v)) controlled by
E._ . The other error comes from the fact
tﬁat qn(v) only is an estimated for

(v). This error may be reduced by
a%alysing more members as is controlled
by the level of confidence of the
statistical test.

4. Learning phase.

To estimate an population function,
there are good reasons to use the
following Parzen estimator, [8]:

~ 1 1 -:z
Polv,q(v)) = — 5 ———e
K NK sIVZ"T
IeK
with 2z = yl;qn(v)/s and s =

wherenq (v) is"the

—

q(
Vg, (v){I-q (v}}/n
estimate of q.(v) based "on the n
members analyse& from population I. N
is the number of populations in
population class K.

Note that doing so, nothing is to be
known about the a priori <class
membership of the members of the
learning set of populations.

5. Experimental results.

To establish the difference in
performance and efficiency of the above
mentioned methods, Monte Carlo
experiments have been performed [9] for
the discrimination of two populations
with a mixture of two member types. The

member types have overlapping feature
distributions. One of the member types
is rare in both population classes but
with higher probability more present in
K=2 than in K=1. The parametrisation of
the experiment displayed in figure 3
was such that theoretically in
experiment I an error of 8.4% was
anticipated, and in experiment ITI of
3%.

Monte Carlo experiment I:

Two classes of populations. Each
population has two types of members
with overlapping feature values taken
from uniform distributions. One member
type is in majority (on average 99% of
all members), one rare (on average 1%
of all members). The probability of
occurance of the two types is drawn
from a uniform distributions. The
circumstances are taken to simulate

normal and abnormal cell samples
[1,2,3,4,5].

Q

.3

ixed member classifier D]

Kolmogorov Smirnov

multiple nomial
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Monte Carlo experiment II: Similar to
experiment I, now using normal
distributions.

Q

1 \(iffd member classifier [1]

Iy
Kolmogorov Smirnov '\multiple nomial

100,000 200,000 n
Figure 3: Experimental results from
Monte Carlo procedures for two

population classes with two member
classes for three different methods.

The figure shows that, as exspected,
while analysing more members (n) before
coming to a conclusion will have a
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positive effect on the classification
error (Q). However, not all proposed
methods are equally accurate in taking
a decision on a 1limited number of
members. The figure shows that the
Kolmogorov Smirnov method and the
multiple nomial test are superior for
relatively small numbers of members
compared to the procedure with fixed
v'. This supports the theoretical
considerations that specification of a
member classifier a priori is inferior
to not using a member classifier.

Alternative parametrisations of the
Monte Carlo procedures are currently
being investigated [9].

6. Conclusion.

This paper introduced the population

functicn and its use in the

classification of populations, such as

samples of cells, leading to the

following results.

1) From theoretical considerations, it
is possible to formulate the best
possible a priori member classifier

v_.

2) Por common circumstances it is,
however, better not to use an a
priori member classifier (see figure
3). Rather, a distribution test is
to be preferred as it were tailoring
the member classifier to the
population after the analysig,

3) Using the range v of 0, the
error of the population classifier
due to the overlap of the
populations can be predicted and
controlled by specification of E .
The error due to the limited numb&r
of members analysed can be
controlled by the confidence level
of the statistical test,

4) It is not necessary to go through
the elaborous work of assigning
all members of the populations from
the learning set used to formulate
the decision rules. In stead, the
crosssection of the population

function gives the best decision
rule for discrimination of the
population classes.

5) It should be noted that in the case
of a more dimensional feature vector
W for the members, the quality of
the decision rule cannot be viewed
apart from the projection M,
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