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FORCASTING STATISTICAL MODELS OF ARCHAEOLOGICAL
SITE LOCATION

1. INTRODUCTION

Forecasting statistical models are becoming increasingly important in
archaeological research (KoHLER, PARKER 1986). One of the reasons of this
popularity is that archaeological sites tend to present themselves in particular
environments so that forecasting models can help in identifying areas where
the probability is higher based on previously collected statistical information.
In the present paper we will consider a class of statistical models designed to
produce maps of the probability for archaeological site location (henceforth
ASL) which incorporate both deductive and inductive considerations.

Forecasting models for the probability of ASL can be classified into two
classes by distinguishing between models on a continuous space and models
on a discrete space. The output produced in the two cases is displayed in Fig.
1. In the first instance the models produce a probability surface for ASL (Fig.
1a). In the second instance the space is discretized by superimposing a grid of
contiguous quadrats and the output is an array of probability values (Fig. 1b).

In the present paper we will refer about the class of statistical models
on a discrete space. The approach based on a continuous space have been
exploited elsewhere (for instance by BENEDETTI, Espa 1995), but is not consid-
ered here.

The models described can be of help in practical circumstances ex-
ploiting the potentialities of data derived from satellite and aerial photographs
and can be easily implemented within the context of a GIS (Arrovo-BisHor 1995).

The paper is organised as follows. Section 2 is devoted to discuss one
of the currently most popular approach to forecasting modelling in archaeol-
ogy that is the “integrated strategy” of KwammEe (1983) and Warren (1990).
Starting from the weakness of this approach in Sections 3 and 4 we will
discuss possible extensions to correct the procedures using contextual infor-
mation, we propose a new methodology and we discuss the relative advan-
tages against the current practice. Finally Section 5 is devoted to some con-
clusions and to outline the research agenda in the field.

2. THE INTEGRATED APPROACH: LOGISTIC MODELS

One of the most popular approach to forecasting modelling in archae-
ology is the “integrated strategy” developed by KwamMe (1983) and employed by
several researchers like WARREN (1990). Kwamme strategy exploits the potentality
offered by a GIS to create and process large data sets through the logistic
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Fig. 1 — Probability maps of ASL expressed on a continuous space (a), and on a discrete space (b).

regression, a flexible statistical tools which allows to forecast binary variables.

Suppose we are analysing a study area where a number of ASL have
been identified by means of a field survey. The study area is discretized into
M contiguous quadrat cells. Suppose that in N of such cells (N<M) the site
survey was able to assess the presence or absence of an archaeological site.
On this basis we define a variable Y, such that:

1 if cell i contains an archaeological site
Y= X .
0 otherwise

An example is reported in Fig. 2.
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Fig. 2 — Continuous distribution of ASL in a study area (a) and its discretized version on a 5-
by-5 quadrat grid (b}.

Suppose further that for all M cells it is available a set of auxiliary
information about k independent variables X = (X, X ..., X, ) i = 1,....., M.
The independent variables could be related to the nature of the soil (slope,
erosion, exposure, etc.), to the topography (DTM), the hydrology (rivers,
channels, lakes, etc.), the topology (nearness to streets, to communication
routes, etc.), or to other variables derived from existing cartography, aerial

366



Forcasting statistical models

or satellite imagery, survey samples and other sources (CARLA’ et. al., 1995).
In such a situation we can define on the basis of the N observations a

model in which the probability of finding an ASL, say 6, = Prob{Y, = 1}, isa

function of the vector of predictors X and of a vector ¥ of parameters, that is:

1 6= X,y

In particular the linear logistic regression (Cox, SNELL 1989) specifies
the relacionship {1] as

(2] Prob{Y =1} = g = _xplxY]
' "1+ exp[x'y]

and similarly

31 Prob{Y,=0}=2¢ =1Te‘>]:3[>?ﬂ’

or, in general,

[4] Prob{Y = y}= nexplxyl
' 1+ exp[xy]

Model [2] and [3] can be estimated via a maximum likelihood proce-
dure by choosing a subset # (n<N) of the N selected cells (called training
sites), and cross-validated by contrasting the results with the (N-#) observed
sites. Finally the model can be employed to forecast the probability of ASL
on the (M-N) unobserved cells. The output is a probability map of the kind
displayed in Fig. 1b.

However the use of the logistic regression in such a context is statistically
incorrect since the model assumes a spatial independence in the Y’s (Cox,
SNELL 1989), an hypothesis which is patently violated in all geographical studies
where (as stated in Tobler’s — first law of geography —, ToBLER 1970) «every-
thing is related to everything else, but near things are more related than dis-
tant things». As a role archaeological sites tend to cluster in space and this
fact results into higher probability of sites in the neighbourhood of existing
sites. As a consequence closeness to other archaeological sites modifies (generally
increases) our expectation of other sites. On the other hand it is obvious that
neglecting such a contextual information is statistically inefficient and is doomed
to produce unreliable estimates and forecasts (see CRESSIE 1992; Areia 1993).

3. IMPROVING THE INTEGRATED APPROACH: THE AUTO-LOGISTIC MODEL

The formal way of incorporating the notion of contextual information
into binary response variable models has been introduced in the statistical
literature by Besac (1974).
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Define for each cell 7 constituting a study area (i = 1, 2, ...... M), the set
IN(i) which represents the set of neighbouring cells. For instance one could
assume a neighbouring scheme on horizontal and vertical direction {or “rook’s
neighbourhood” from the chess rook’s move) as the one depicted in Fig. 3:

[

Fig. 3 — Neighbouring cells to the i-th cell with a horizontalfvertical criterion.

Now we can model the probability of finding a cell containing an ASL
conditional upon the observations of the remaining cells as a function of only
the neighbouring cells N(i), and of a set of parameters

8, =Prob{Y,=1|Y,=1j=i} =f(Y,,jeNG),b)

Besag’s “auto-logistic” model is expressed as:

[5] @=ry= y.ly,,JGN(f))—exp[y.(ﬂo, > By, /[Hex.{ﬁo 2, ﬂy,J]

je N jenii)

where y, =[0,1], N(i) represents the sets of cells close to the i-th pixel of the
image and the By and the b.‘s are parameters to be estimated. In particular p,
is a location parameter which can incorporates the influence of the inde-
pendent variables selected from theory, and the remaining B‘s control for
spatial interaction, that is the intensity of the influence of local context on
archaeological site expectations (Arsia 1993).

Model [5] incorporates the notion of Markov dependency in spatial
processes and is also known in statistical physics as Ising’s law (see IsinG
1925 or Areia 1993 for a review). The spatial interaction parameters B, ‘s can
often be decomposed as

[6] Bii = B wii
with w, such that:

1ifj e NG)
7] w. =

ii .
0 otherwise

The parameter B embodies the degree of contextual information ac-
counted for in the model. Consider the following example. Suppose that in
Formula [5] we have B, = 1 each i, and B, = B w,, and consider the following
distribution of presence/absence of ASL reported in Fig. 4.
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- yi=1 ASL presence

yi=0 ASL absence

Fig. 4 — Distribution of ASL Presence/Absence in the neighbourhood of site i.

In this case Expression [5] becomes:
exp(1+38)
1+exp(14+3f5)

If there is no contextual information captured by the model we have
that B = 0 and Formula [8] becomes:

[8] 6 =Prob(Y,=1) =

exp(1)
1 + exp(l)

In contrast, if there is a positive expectation of finding ASL close to one
another, we have that B > 0. For instance, if B = 1/3 we have:

8. = Prob(Y = 1) = I—CJ::P)%)— = 0.88

and the probability is higher than in the case of no contextual information. If
we want to account for a higher degree of contextual information, for in-
stance § = 1, we have, instead:

8 = Prob(Y, = 1) = %&(;%)_ = 0.98

which further increases the probability.

The model described above can be estimated via a psendo-maximum
likelihood procedure or, alternatively through the so-called coding technique
(Besac 1974) by choosing a subset # (n<N) of the N training sites, cross-
validated by contrasting the results with the (N-n) observed sites, and em-
ployed to forecast the probability of ASL on the (M-N) unobserved cells.

0 =Prob(Y.=1)= = (.73

4. A JOINT LOGISTIC/AUTOLOGISTIC APPROACH

The approach presented in the previous section suggests that a gain in
the comprehension of ASL can be obtained by considering information col-
lected in the context where each observation is embedded. However, con-
trasting the logistic model presented in Section 2 which is statistically incor-
rect, we now have a model which is statistically correct, but does not take
into account in a sufficient way of any a priori knowledge on ASL derived
from auxiliary variables. It seems therefore reasonable to join the two ap-
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proaches and to introduce a third model that seeks to incorporate both con-
textual and auxiliary information.

The log/autolog model (as we will henceforth refer to this third model)
states that the probability of finding an ASL conditional on existing data and
on contextual information can be represented as:

exp(By+ 2By, + X'7)

[9] 6 =Prob{Y,=1|y,jeNG); X} = :
l1+ew(ﬂo + 2.8, +X'7)|

where B, is a constant, the B;’s are the spatial interaction parameters with an
analogous meaning to those introduced in the autologistic model (see For-
mula [8]), the vector X is a vector of independent variables like those em-
ployed in model [2] and [3] related to auxiliary information, and v the asso-
ciated parametrization.

Model [9] is conceived so as to remove the problems connected with
the non independence of the Y’s, and simultaneously, to augment the auto-
logistic model with information coming from auxiliary variable related to the
nature of the soil. As such it appears ideal under many respects in that it
manages to produce more reliable probability maps of ASL than the logistic
model used following the “integrated approach”, and to incorporate archae-
ologists’ prior knowledge on the study area. However, as we did in the previ-
ous sections while presenting the various models, it is fair to underline the
drawbacks of this alternative approach.

The main one seems to be that model [9] is formally more difficult to
treat than the other two models, and that some of the statistical problems
connected with its estimation are still unsolved. The statistical estimation
problem can be described as follows. The usual situation we have to deal
with is the case in which we have the study area discretized into M cells, but
observations are available for only N of such cells (see Fig. 5). Since observa-

Unsampled locations P
AlP
P Sampled location -
ASL Presence
A

Sampled location -

A ASL Absence PlA

PP

Fig. 5 — Hypothetical situation with M = 36 quadrat cells and N = 8 sampled locations.
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tions are not available for all the random variables which constitute the spa-
tial process, we are in the statistical situation termed “incomplete-data prob-
lem”. Some solution to this problem has been proposed in the literature (see
DEeMPSTER, Lairp, RusiN 1977), and modifications to account for spatial Markov
dependency have been attempted (QiaN, TITTERINGTON 1989; RATHBUN, CRESSIE
1994). However the effectiveness in the case in hand needs to be studied and
tested in practical cases.

5. CONCLUSIONS AND RESEARCH AGENDA

In the present paper we have criticised the use of the logistic regres-
sion for the production of ASL probability maps proposed by Kwamme (1983),
an approach known in the archaeological literature as the “integrated strat-
egy”. The application of the method is statistically incorrect since in archaeo-
logical studies it is violated the hypothesis of independence berween cells
which is at the basis of the logistic regression model.

To overcome such limitations we have proposed two alternative mod-
els. The first one is an autopredictive model in which the probability of ASL
is modelled as a function of the observations coming from field surveys in
neighbouring zones. This approach accounts for the problem of non-inde-
pendency of observations, but neglects a priori auxiliary information on
the archaeological area. The second approach is a more comprehensive one
which overcomes the problems of logistic regressions while preserving the
role of a priori information.

The research agenda in the field presents three major issues. First of all
it is necessary to test the autologistic model (Section 3) and the log/autolog model
(Section 4) on real data sets. Secondly the results obtained on a set of training
sites need to be compared with those obtained by using the standard “inte-
grated approach” based on logistic regression. Finally a purely statistical
problem needs to be faced while devising good estimators for the log/autolog
model where (as described in Section 4) we face an incomplete-data problem.
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ABSTRACT

Forecasting statistical models are becoming increasingly important in archaeological
research. One of the reasons of this popularity is that archaeological sites tend to present
themselves in particular environments so thart forecasting modc?s can help in identifying
areas where the probability is higher based on previously collected statistical information.

In the present paper we consider a class of statistical models designed to produce
maps of the probability for archaeological site location (ASL) which incorporate both
deductive anf inductive considerations. In the discussion we criticise the use o? the logistic
regression for the production of ASL probabiliry maps, a popular approach known in the
archaeological literature as the “integrated strategy”. The application of the method is
statisticalﬁr incorrect since in archaeological stugn{ies the hypothesis of independence
between sites, which is at the basis of the logistic regression model, is violated.

To overcome such limitations we propose two alternative models. The first one is
an autopredictive model in which the probability of ASL is modelled as a function of the
observations coming from field surveys in neighbouring zones. This approach accounts for
the problem of non-independency of observations, but neglets a priori auxiliary information
on the archaeological area. The second approach is a more comprehensive one which
overcomes the problems of logistic regressions while preserving the role of a priori informarion.
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