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Supervised pattetn recognition
and experimental ar chaeologY

Rt-:st rl,tn
Les proc6dures de classification supervis6es en recon-

naissance cle sch€mas se caractdrisent par des rEgles de

d€cision a posteriori, employant des m6thodes statisti-

ques standards, comme, par exemple, l'analyse discrimi-

nante de Fisher. la m6thocle cle la vraisemblance maximale,

etc. Le but de cette classiflcation est la reconnaissance

d'un ensemble " inconnu , d'objets, qu'on appelle le /esr

se/, i partir d'un ensemble. connu ,,le learning se/. Un

exemple de ce type de classification est, selon moi, celui

de comparaison quantitative entre les donn6es arch6o-

logiques et les donn€es experimentales : c'est le cas cles

traces d'usure sur les outils arch€okrgiqr.res, c()mplrces

avec les traces que l'on obtient par exp€rirnentation sur

des outiis pr€par6s ad boc. Cet article pr6sente les carac-

tdres principaux de 1a classification supervis6e, et ensltitc

une illustration pratique de la comparaison de deux

chaines op€ratoires, 1'une arch€ologique et I'autre exp6-

rimentale, d'un ensemble du Moust€rien italien, en em-

ployant un systeme interactif de reconnaissance de

sch6ma.

Traditionally, pattern recognition can be de-

fined as the search for structures and statistically

meaningful regularities <tf a set of obiects in the
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Sr.rpervised classiflcation procedures in pattern rec-

ognitkrn consist in the a posteriori classification by

standard statistictl techniqr-tes, such as Fisher's discrimi-

nant analysis, linear naxitnttm likelihood, etc., of an

" unknown , set of oltjects. the so-called te.t/set, in terms

of a. known, set of objects,the learaing set. A classical

example of plactical application of such procechrres

may be provided, in nly opinion, lly the comparison

between the archaeological data and the data that have

been obtained by experirnent, sueh es thosc of Inicrowear

analysis on archaeological artilacts, ancl the clata obtained

experimentally by direct use of arJ hoc preparecl artifacts.

In this paper I will shortly discr,rss the main characteristics

of this rype of approach, using an interactive system of

pattern recognition, and also showing s()me pl:tcticll

results concerning experimental and archaeological

reduction sequences of Mousterian artifacts.

feature space (see, for instance, Duda and Hart,

\973) : every obiect is described in terms of these

" features ,, i. e. nltmerical parameters, both con-
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tinnor-rs and discrete. These strllctrlres, corrcspctncl-
ing to complex correlations between featlrres, are
often the starting point for the fonntrlation of
research hypotheses.

Pattern recognition has been wiclely r-rsed in
different fields - biology, bic>medics, engenecring,
etc. -, as can be seen fr<>m the various symposia
devoted to the topics (see, f<rr instance, Gelsema,
Kanal, 1980, 19i16), ll,rt only rarely ha.s been
appliecl, in its fr,rll sense, to archaeology (see, for
instance, Ilietti e/ al., I98).

In archaeology (and in particular in prehistoric
archaeology), pattern recognition is mainly used as
a classification of objects. There are, however, tlvo
differcnt types of classification procedures : the
flrst one, mctst widely used in archaeological
applications, can be called unsupervised classifica-
tion, ancl cleals mainly with tentative classifications
of clata sets where one lacks a pictri knowledge ,
where as the second type, sLlpeffisecl classiflca-
tion, is aimed at the recognition of unknown sets
of objects, starting from an aprioriknowleclgc, tl're
so-called. learning , set. 

'W'e 
are thr-rs dealing with

an a posteriori classification.
The first type of classification is well known in

archaeology, in the realm of multivariate procedure s,
such as clLlster analysis, for instance, while sr-r-
perwised classification is practically unknown, up
t() now (for a flrst attemDt see. f<rr instance. Bietti
et al., 1985 : 22I-223).

In the next section I will briefly summarize the
rnain capabilities of the superwised classification,
using as a reference an interactive system (ISPAHAN)

cleveloped for biomedical research (Gelsema,

Fig. 1. A. Simple tree structure of the ir is set, with the three a
prlori classes : setosa, versicolor and virginica. B. A more

" developed " tree structure.

t. Brr:'r"rr

19t30,1988), and in the third section I wil l crnpha-
size the importance of supervised classification in
experimental archaeolctgy, i. e.for thc applications
where the archaeological data arc comparecl with
purposefully . reconstructcd, data.

In the same section I will also briefly illustrate
an application of superwised classification to the
study of the redlrction scqltence in a Mousterian
assemblage of solrthern Latir-rm (Grotta Breuil),
where the main scopc of the analysis is the
comparison between an archaeological sample of
flakes ancl a similar experimental sample.

The main properties
of superuised classification

F<>r a practical illustration of the properties of
pattern classification we can take the classical
. theoretical , example of Fisher's data set of 150
iris flowers (Agrawala, 1977) subdividecl into three
classes : setosa, versicoktr and virginica. Every
flower is characterized by for-rr f'catnres, i. e. the
length and width of the sepal leaves ancl petal
leaves.

The first step is an apriori " tentative , classifi-
cation, and the data may bc arranged according to
the simple trec strLrctllrc shown in figure 1 : A, or
according to the more . cleveloped " tree structure
shown in figure 1 : Il, wl-rere the versicctior and
virginica are considered as . subclasses , of a MIX
CIaSS.

In principle these two structures are . tenta-
tive ", i. e. thcy rnr-rst by checked by statistical
analyses tl-rat should quantitatively establish if the
ciasses shown in figure 1 are really distinct and
meaningful. This is the principal aim of the unsr-r-
pervised classification. Actually, this term is nsr-rally
employed for clustering procedurres, i. e. the a
priori classification of objects in a mr,rltidirnen-
sional space (the feature space : in the case of the
iris set it is a four-dimensictnal space). In this paper,
however, unsupelised classification wili be con-
sidered in a broader sense, i. e. all the bulk of
possible techniques that can be r-rsed in order to
obtain the best partition into classes (if this is
possible) of the data set.

Besides the traclitional ch-rsterinp; techniques
between the objects, where the features are con-
sidered fixecl ancl well clefined (Q-mode analysis :

@
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the ISPAHAN system offers a series of well known
procedures, such as K-means ch-rstering, nearest
neighbor and hierarchical clustering (Gelsema,

1988)), we need also a - screening , of the features,
i. e. we have to establish which features are
diagnostic for the classification : it may well be that
some features are irrelevant or are . redr-rndant ,.

This may be achieved by standard univariate
tests (slrch as, for instance, thc Str,rdent's T-test), by
multiple partial correlation methods (linear stepwise
discriminant analysis) and by R-mode multivariate
techniqr-res, such as tl-re well known principal
c()mponent analysis. \We rnay need, in some cases,
where discrete f-eatr-rres are also present (this is not
the case for the iris set, but, zrs we shall see, it is
often the case in the archaeological data sets),
correspondence analysis as well, which is tradi-
tionally defined as a Q + R mode mr-rltivariate
procedure.

These statistical analyses should prc>vide r,rs, in
this hypothetical example, with the best partition
of objccts, i. e. a structure of the type illustrated in
figure 1 : A or B, and where, of course, as a resr-rlt
of the analyses, the objects are no more necessarily
surbdivided in equal amounts (as is the case of
fig. 1), but, for instance, we have now 48 flowers
in the class SET. 56 in the class VERS and 46 in the
class VIRG. The resulting tree strllcture is now a
well establishecl structnre, that may be called a
learning set.

At this point, going <>n with this . gedanken ,

experiment, let r-rs srlppose that I will grow in my
garden a series of iris flowers, say 120, and that I
want to know how I can classify these flowers. First
of all I will measure the lengths and widths of the
sepal and petal leaves, and then draw a tentative
a priori classification, similar, for instance, to the
one illustrated in figure 1 : A. Sr-rbseqLrently, as for
the Fisher's set, all the necessary statistical tests will
be performed, and we will end up, for instance,
wirh 42 flowers in the class SET, 38 in the class
VERS and 40 in the class VIRG.

I want now to establish if this is a correct and
significant classification as regards the " reference ,

data set, i. e. the Fisher's set . The set of my flowers
becomes a test set, a set on which one has to make
a posteriori clecisions starting from the Fisher's
learning set. Sr,rch a posteriori classification is just

what is r-rsually called supervised classification.
There is a series of procedures for superwised

classification. The ISPAHAN system, for instance,
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provides us with five diff'erent decision firnctions :
l. Fisher linear discriminant ;
2. Lineer maximum likelihood, minimizing the

Mahalanobis distance between the obiects of the
SetS I

3. Quadratic maximum likelihood ;
4. Ilayes, i. e. classification according to the

rr-rles of Bayes theorem : one has to indicate a
priori probabilities for each class ;

5. Classification accordinq to the nearest
neighbor method.

These clifferent clecision fr-rnctions assurme dif-
ferent hypotheses abor-rt the distributions of the
Features : in the case ol our iris example this may
be irrelevant, whereas, as we shall see in the next
section, for the archaeokrgical problems these
hypotheses may lead to serior-rs constraints in the
application of the classifiers.

In any case, the application of one of the
previous decision functions results in a. confr-rsion
rnatrix " which indicates the degree of classifica-
tion of the set to be tested in terms of the learning
set. For our fictitious example of the iris flowers,
ftgure 2 gives the confusion matrix for the flowers
<>f the garden, in the case of the tree structure of
figr-rre 1 : A : the classifier has been applied at the
node ROOT. As one can see, the classification is
perfect fbr the setosa class, whereas for the virginica
ancl versicolc>r there is some degree (less then
l0 nu)  of  mist ' lass i f icr t ion.

It is worth stressing that, if possible, more
snpervised decision proccdures should be applied
to the same learning and test sets : if the confusion
matrixes are essentially independent from the
decision function that has been employed, we can
be reasonably confident in the result of the classi-
fication.

As we shall see in the next secti<>n, howevcr, in
the archaeological problems the use of several
decision functions is seriously limited by the natllre
and the distribution of the features.

Applications to archaeology :
archaeological vs. experimental
data. A practical example

Unsuperwised pattern recognition, in the afore-
menticrnecl broader sense of tentative a Driori
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classification, has been extensively applied in

archaeological problems : there are a large numbcr

of applications of clustering techniques, ancl any

proceedings of conferences on mathematical and

statistical methods in archacology can provide

several excellent examples.
Less common is the application of sr-rperwised

classification procedures, the reason being, in my

opinion, in the lack of the neecl of a posteriori

classification in Archaeology : after all, as it is well

known, the archaeological data are all derived by

uniqr-re experiments (the excavation of a site, for

instance), so that the idea of a learning set, as itwas

explained in the previous section, is hardly con-

ceivable.

The sitr-ration changes, in my opinion, in the

case of experimental archaeology, i e where the

data coming fiom the archaeological sites have t<>

be compared with data experimentally repro-

clucecl.
A classic example is given by the prol>lems

arising from microwear analysis, the main topic of

the present symposium : experimentation <>f lithic

tools on severai materials (bone, wood, hide, etc.)

is absolutely necessary in orcler to have a ref'erence

basis of comparison : it is thr-rs clear that, in a

quantitative sense, the experiments provide us

with a learning set, whereas the archaeological
data consittrte the test set, according to the defini-

tir>ns given in the last section.

Another example is provided by the techno-

logical studies on the lithic industries, and, in
particLllar, the str-rdies of the reduction sequences
(" chaines operatoires ,) of the debitage : the ex-
periments, the tentative reproduction of the hy-

potl-resized redr-rction sequences, are ot param()unt

importance in the understanding of the debitage.

Once again, the data obtained by the experiments

can be considered as a learning set, and the

archaeological data, the test set, may then be

classified according to surperuised procedures.

Confusion Matrix
(Horizontal : posteriori Venical : priori)

Setosa Versicolor Virg in ica

Setosa
Versicolor
Virginica

0
0

0
35
3

0
3

37

Fig.2. Confusion matrix for an hypothetical set of 120 ir is
flowers, where the learning set is given by the Fishels set

represented in f ig. 1-A.

A. RIrr t r

For practical applications the main difficr,rlty

c()mes, in my opinion, from the particr-rlar nature of

the archaeological data ancl, more preciscly, frorn

the nature of the features involvecl : sLrch a diffl-

culty is obviously present also in any problem of

tentative a p ri o ri clas sification. The f-eatr-r res clefln-

ing an archaeological object are, in fact, sometimes

continuous (for instance length, width, etc.) and
more often discrete (e. g. presence/absence of

some character), and it is very difficult to make

hypotheses abor-rt the statistical distribution of

these featr,rres.
Taking the microwear analysis as an example,

any flint specimen is characterized by a set of

f'eatr-rres regarcling the polish. Some of them are

continuorls (the distribution over the surface, for

instance) and many others discrete : the dep;ree of

clevelopment, the contrast with the unursed part of

the olrject, the brightness and the texture, for

instance. There are, furthermore, other featr-rres

connected with the morphology and the longitr-rdi-

nal cross section of the edge, etc.

A priori classification procedurres sr-rch as Str-r-

dent's T-test (univariate) and principal compc>nent

analysis (multivariate) are not applicable in this

case. The use of stepwise linear discriminant

analysis can however provicle intcresting results,

and correspondcnce analysis is probably one of

the best rnr-rltivariate procedures that can be em-
ployed in a rnixed situation, with the simultaneous
presence of continuous and discrete features.

I will tr-rrn now to a factual example. An

extencled program of research is in progress for the

Molrsterian site of Grotta Breuil at Monte Circeo, in

Sor-rthern Latium : besides the studies on strati-
graphy, site formation processes, fauna (mostly of

archaeozoological character), there is a special

branch of research concerning the microwear

traccs and the technological studies on the reduc-

tion sequences in the lithic industry. The rnicrc>wear

studies are carried on by C. Lemorini ancl have

already provided some interesting resr-rlts (see, for

instance, Lemorini, 1990-7991). Tl-re total number

of artifacts showing microwear traces that has been

examined so far is, however, still too limited tcr

represent a suitablc basis f<rr a statistical analysis,

and more precisely, for reliable applications of
superv iscd c l rss i f i t 'a t  ion.

On the other hand, the technological studies on

the possible . chaines op6ratoires , in the lithic

industry can provide r-rs with a sounder statististical
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basis, and I will try to illustrate briefly an example

of sr-rpervised classiflcation derived fiom the analy-

sis of the attribr-rtion of flakes of an archaeological

sample, compared with experirnental samples.

The archaeological sample has been collected

in the lower strata of Grotta Breuil (layer )O(, sec,

for further details, IJletti et a\.,7990-7991), and the

starting point of the analysis is a tentative rech-rction
seqLlence of the cores, schematicaliy shown in

figure 3 (Rossetti, Zanzi, 1990-7997). The full lines

in figure 3 indicate the " primary " and " independ-

ent 'debitage processes, whereas the dashed lines

may be interpreted as " continuous , processes : in
this sense, the " protocentripetal " cores could be
interpreted as " transition , forms between the

unidirectional and bidirectional cores on one side

and the centripetal cores as final step of the
reduction seqllence. For more details on these

hypothesized redr-rction sequences for the industry

of Grotta Brer-ril see, for instance (Rossetti, Zanzi,

7990-799I; Bierri er a1.,7997).

Our problem is the attriblrtion <>f the flakes t<r

the hypothizecl chain shown in figr-rre 3 : in other

words, the study of the flakcs should give r-rs

information which is complementary to that ob-

tained from the analysis <>f the cores.

The r-rseful parameters, the features, are defined

not only by the standard metric variables of the

flakes, such as length, width and thickness, but

also from a series of discrete variables. such as the

type of butt and, ln particular,the patterns of dorsal

SCATS.

The starting point for the classification of the
dorsal scars is the work on the Levallois debitage
done by n. goeda (1936), and in figure 4 one can
see a schematic classification of the different tvoes
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of dorsal scars. Ten discrete featr-rres have been

clefinecl starting fri>m the . ternplate , sh<>wn in

figr-rre 4 consiclering longitr-rdinal, lateral ancl ob-

lique (botl-r left and right) scars. F<>r more clctails on

the definition of these features, see Bietti, Grirnalcli,

7990-1991).

The archaeological sample consists of 1.32

" recognizable " flakes, and in figure 5 : A one can

see a tentative tree-strllcture (the analogue of the

iris set in fig. 1 : A'). Apriori classiflcation proce-

dures have been performed on this set of data and
in figure 6 one can see the scatter plot along the

first two principal axes of the correspondence
analysis : the flakes a priori attriburted to the

unidirectional and bidirectional cores are rather

well separated from the ones attributed to the
protocentriptal (cores with crossed striking plat-

forms) and centripetal cores.
In figure 5 : B one can sec the anaiogolls tree

strllctLlre ftrr an experimental set of U7 flakes : the

experiment was performed by S. Grimaldi in the

spirit <rf tlre continr-r<>r-rs lines of figr-rrc 3, i. e. tor zt

series c>f . prirnary ' and . indcpcnclent , rech-rction

processes. Correspondence analysis was also ap-

pliecl to tl-ris experimcntal set ancl the results were

similar to the ones obtained for the archaeoloqical

set  shown in f igLrrc Cr.
'We can now go further and try to perform a

superuised classification : the learning set is givcn

by the experimental structure (fig. 5 : B) and the
test set by the archaeological one (fig. 5 : A).

Before applying the superuised decision functions
we can also do some " screening " of the features ;
this may be easily done by means of the linear

stepwise discriminant anaiysis : the result is that

ourt of 14 featr,rres 9 are diagnostic for the two sets

Fig.5. A. tree structure for a sample of 132 flakes from the layer XX of Grotta Breuil, attributed to different types of cores.
PSP:pseudospr ismat ic ;UND:un id i rec t iona l  ;B lD:b id i rec t iona l  ; lNC:crossedp la t fo rms(pro tocent r ipe ta l ) ;CNT:cent r ipe ta l .

B. Same as A for an experimental sample of 87 flakes.
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and 6 are in common (for more details see Bietti
and Grimaldi, 7990-199I).

The choice of the superwised decision function

to be applied is unfortunately rather limited, and it

depends, as we have previously stressed, on the

nature of the archaeological features. Fisher discri-
minant analysis assLlmes normal distributions for

the features, and the same holds fcrr the maximum

likelihood methods. Moreover they are best suited
for continuous features. as it is also the nearest
neighbor classifier.

Ilayes' decision rule, on the other hand, as-

sumes only the independence of the features, and,
moreover, is well suited for discrete features.

In figure 7 (bottom) one can see the confusion
matrix using Bayes' decision rule for the tree

strulcture represented at the top of the same figure.
This is obviously the test set : the learning set is the

one represented in figure 5 : B. The results are
rather good for the flakes attributed to the
pseudoprismatic and to the bidirectional cores but

A. Brnrrr

much worse for the flakes attributed to the
protocentripetal and centripetal cores.

We have also tried to apply Bayes decision rule

to another tree structure, which is shown in figure

8 (top). Another experiment, more in the spirit of

Fig. 7. (top). Tree structure as in fig. 5- A. (bottom) Confusion
matrixforthe archaeological data using Bayes' decision rule at
the nodeALLand the structure shown in f ig.5-B as learning set.

v . c z

- . o J

- . 4 4  A X  1  0 . 3 5

Fig. 6. Scatterplot of the flakes of the archaeological sample according to the first and second principal axes
of correspondence analysis : the large rectangles represent + one standard deviation around the mean

(small  rectangles) (from Biett i  and Grimaldi,  1990-1991).
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the dashed lines of f igr,rre 3, i. e.of a " continuolls,
reduction seqllence, consisiting of 82 flakes, has
been perf<rrmed : we have thus fwo learning sets,
one for each experiment, with the same structure
of the test set shown in figure 8 (top). Bayes'
decision rule has been nc>w applied to the nodes
OT and C : the flakes derivecl from bidirectional
cores have been excluded in the analysis because
the second experiment does not really consider a

" transition , through these types of cores.
In figure 8 : A one can see the confr-rsion matrix

with the second experiment as a learning set at the
node OT : the classification is perfect for the tlND
and PSP flakes, rather good for the INC and fair
(33 % of misclassification) for the CNT. The results
at the same node with the first experiment as a
learning set are shown in figure 8 : B : they are still
good for the UND and PSP flakes, br-rt the degree
of misclassification for the INC and CNT is reversed
in comparison with figr,rre 8 : A. In figure 8 : C and
D we have the anaiogor-rs of figr"rre 8 : A and ts
when the Bayes' nrle is applied to the node C : the
deqree of misclassification of the CNT flakes is
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always the same for the fi;vo experiments (32 oh

and 39 %) but the second experiment is more
surccessfirl fol the classification of the INC flakes.

As a conclusion, the tw<> experiments provide
essentially sirnilar results, s<> that we a.re not yet

able to decide, from the analysis of the flakes, if the
redr-rction sequence is more. continlrours " or more
. independent '. In any case, the sr-rpervisecl clas-
sification, especially the one shown in figr-rre 8, is
in agreement with the a priori resr-rlt given by
correspondence analysis (fig. 6) : it w<>urlcl be vcry
su rpris ing lf the a p o st e rt o ri classif icatio n res r,r I ted
in strcrng disagreement with the a priori <>ne I

As I have already stressed, the natLrr<: <>f the clata
establishes serious limits on the application c>f
severzrl decision functions. I can only add that the
application of the linear maximum likelihood has
given resr-rlts somewhat worse than the ones ob-
tained by means of the Bayes' rule, but still
acceptal>le, for the tree strllctllre shown in figure 8,
for the UND ancl PSP flakes.

I havc de.scribecl this examplc only as a demon-
stration of the capabilities ancl of the r-rsefulness of

Fig.8. (top). Developed tree structureforthe same archaeologicalsample i l lustrated in f ig.5-A. (bottom)Confusion matrixes obtained
using Bayes decision rule with. A. a second experiment with 82 f lakes as learning set at the node OT. B. The f irst experiment
(the set shown in f ig. 5-B) as learning set at the node OT. C. Same as a at the node C. D. Same as B at the node C. For further

exolanations see text.
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sllpervised classification when we are dealing with
comparisons befween archaeological data and
experimental data. The sample chosen is rather
peculiar : flakes in a very specialized c()ntext, i. e.
the Mousterian of Sor-rthern Latitrm, the so-called
Pontinian, where the indr-rstry is made from small
flint pebbles.

I am sure, hc>wever, that slrpervisecl classifica-
tion will Lrc al>le t() c()vcr a wicle range of archaeo-
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