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CHAPTER 5 

A  R E V I E W  O F  W I D E - A R E A  
P R E D I C T I V E  M O D E L I N G  U S I N G  

G I S ∗  

1  INTRODUCTION  

"Predictive modelling is a technique to predict, at a minimum, the location of archaeological 
sites or materials in a region, based either on the observed pattern in a sample or on 
assumptions about human behaviour" 

- Kohler & Parker 1986:400 

The above quote, from a paper published in one of the later edited volumes on New Archaeology theory 
and method (Schiffer 1986), encapsulates the principles of what, only a few years later, was to become a 
cottage industry of predictive models when GIS became more widely available to archaeologists (Scollar 
1999:7). Since then, several hundreds of articles and tens of edited volumes have appeared, most of them 
concerned with the predictive modelling of the location of as yet undiscovered archaeological remains, 
either in the context of cultural resource management (CRM) or of academic research. 

Archaeological predictive modelling can be conceptualised as a specialised form of what planners call 
location-allocation analysis, in which the object is to allocate ‘suitable’ locations to specific types of human 
activities (and, by extension, to their archaeological remains), and in which the criteria for suitability are 
derived by location analysis – the generation of behavioural rules from a set of observations about how 
people actually behave or have behaved in the past. The study of ‘spatial’ archaeology began in the 1970s, 
but had different origins in the USA (economic geography) and Britain (the diffusionist school). Although 
by the early 1980s archaeological theorists had largely turned away from the rule-based approaches 
advocated by the New Archaeologists, this type of reasoning and analysis still received a boost by the end of 
the 1980s when its implementation was much facilitated by affordable computers and GIS software (see the 
overviews by Kvamme 1990, 1999). 

As this new area of archaeological research unfolded, many became uncomfortable with the lack of 
theoretical depth and methodological rigour of most of the published work. In 1993 I presented two review 
papers on the role of GIS in locational modelling, one concentrating on then current approaches in Dutch 
archaeology (Van Leusen 1996), the other on its potential for archaeological resource management (Van 
Leusen 1995). More recently, I and others co-authored an updated review of predictive modelling in the 
Netherlands (Verhagen et al. 2000), concluding that basic concerns about the quality of published and 
ongoing work had not been adequately addressed in the meantime. Looking ahead, the current chapter is 
intended to assess the potential of predictive modelling for wide-area (regional and supra-regional) 

                                                   

∗ This chapter is partly based on my earlier review of Dutch approaches to archaeological predictive modeling (Van Leusen 
1996b). Many of the issues discussed here were developed and clarified in meetings of the 'bath-house' group, resulting in a 
preliminary version of this chapter, co-authored with Philip Verhagen and Milco Wansleeben, being presented at the 4th 
international conference 'Archäologie und Computer' in Vienna (1999, published as Verhagen et al. 2000), and the successful 
submission of a project proposal for an in-depth study of predictive modeling in Dutch archaeological resource management 
(Kamermans 2001). The current chapter, however, substantially reflects my own personal research and opinions with regard to 
predictive modeling. 
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archaeological research, and to argue the importance of adopting formal modelling procedures. In this 
introductory section I shall first discuss the range of aims and approaches to predictive modelling for which 
GIS has been used since the early 1990’s, followed by an evaluation of the underlying theory and concepts. 
In section 2 the scope and limitations of predictive models are discussed with reference to data quality and 
methodological issues. A concluding section looks at the future use of predictive models in both CRM and 
academic research. 

1.1 AIMS AND APPROACHES OF PREDICTIVE MODELLING 

Archaeological location models have been made with two types of aim in mind. In academic contexts, the 
aim has generally been to generate models that explain the observed distribution of archaeological 
remains, whereas in CRM contexts the aim has been rather to generate models that estimate the 
probability of an archaeological site being present anywhere within the study region. Whilst in theory 
these two aims might have been approached in different ways, as we shall see in practise there is little 
difference between the approaches adopted by cultural resource managers and academic archaeologists. 

Many conventional accounts of predictive modelling in archaeology attempt to draw a geographical 
distinction in which North American approaches are set against those prevalent in Europe. The North 
American attitude toward the use of GIS for predictive modelling is said to be ‘pragmatic’: GIS is a tool 
that can be used to apply traditional archaeological analytical methods to very large (previously too 
complex) data sets, especially in the context of CRM where it can be used for prediction as well as 
modelling the state of preservation and vulnerability of archaeological remains, and to provide 
management options (Wescott & Brandon 2000, chapters 3-5). In other words, society needs to manage 
and protect its cultural resources, and predictive modelling is a relatively cheap and effective way of doing 
this. 

The British, and to some extent European, approach is ‘idealist’: we must attempt to understand past 
behaviour before we can successfully attempt to predict it. These divergent approaches to the issue of 
archaeological prediction have been seen to exist since the early use of GIS in the late 1980s and early 1990s, 
and to be exemplified by the studies presented in two recent edited volumes (Lock 2000, Wescott & 
Brandon 2000). However, on closer reading we find that the papers published in the latter volume were 
originally read at the 1996 Society of American Archaeologists meeting, in reaction to the 1990-5 phase of 
early and uncritical enthusiasm about GIS, and a direct comparison with the papers in the former volume 
(presented at a 1999 symposium in Ravello) would be unfair. 

In addition to the ‘minimum’ aim of modelling the location of archaeological remains, predictive models 
could conceivably also be used to predict the type and quality of those remains, their current state of 
conservation and likely rate of deterioration, and from these deduce their cultural and scientific interest. 
Work in this direction has so far been limited to quality studies of known monuments (Darvill & Fulton 
1998) and theoretical work (Deeben et al. 1999). 

MANAGEMENT VS. RESEARCH BASED MODELS 

Predictive modelling was initially developed in the USA in the late 1970s and early 1980s, evolving from 
governmental land management projects in which archaeological remains became regarded as ‘finite, non-
renewable resources’, and gave rise to considerable academic debate (Carr 1985; Savage 1990). Until the 
start of the 1990s the emphasis of this debate was on the statistical methods used to evaluate the 
correlation between archaeological parameters and the physical landscape (e.g., Parker 1985, Kvamme 
1985). Within Europe, the Dutch practice of predictive modelling has been most clearly influenced by the 
American tradition, probably because archaeological predictive modelling was first introduced in the 
Netherlands relatively early on by Kvamme (Ankum & Groenewoudt 1990, Brandt et al. 1992), and has 
since been used widely for CRM purposes at regional and national scales (Verhagen 1995; Deeben et al. 
1997, 2001; Deeben & Wiemer 1999). 
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European academic interest in predictive models using GIS grew out of its long-standing concern with 
locational models in general, and has been largely directed at an understanding of the modelling process 
itself. The primary result of this has been a series of papers critical of the inductive, CRM oriented 
approach common in Dutch predictive modelling (van Leusen 1995, 1996; Kamermans & Rensink 1998; 
Kamermans & Wansleeben 1999); at the same time alternative methods and techniques were explored as 
well (Wansleeben & Verhart 1992, 1997, 1998; Kamermans 2000; Verhagen & Berger 2001). More 
recently, European researchers have begun to concentrate on the incorporation of social variables into 
their predictive models (Wheatley 1996; Stancic & Kvamme 1999; cf. papers in Lock 2000). 

The contrast between academic and CRM-driven predictive models is likely to continue to play an 
important role for the foreseeable future. Reflecting a European trend, all three Dutch universities with a 
European archaeology department (Leiden, Groningen and Amsterdam) have in recent years founded 
excavation firms1. The privatisation and commercialisation of the archaeological field has unmistakably 
increased the influence of tight schedules and customers waiting for the end product, on the actual work. 
Unlike academically employed archaeologists, commercial firms have only limited possibilities to 
investigate new lines of research, to contribute to the scientific interpretation of their finds, and to 
improve research methodologies. Good archaeological research in a commercial context is equivalent to 
efficient research: only a limited number of tried and tested methods will be applied. The development of 
new methods is restricted to situations where direct benefits are expected for the company. These 
benefits can be either a more efficient research strategy, or a new product that will attract the attention of 
potential customers. Predictive modelling in a CRM context has been employed in both ways: it can be 
used by consultancy firms to guide surveys more efficiently, and it can be used by planners to integrate 
archaeology in urban and rural planning at an early stage. In addition to prediction, GIS can be used for 
modelling the state of preservation and vulnerability of archaeological remains, and to provide 
management options. 

Since cultural resource management continues to be a driving force behind the development of predictive 
modelling methods using GIS, academic researchers now face the choice of ignoring this development 
altogether, or of attempting to establish a research programme that will result in the improvement of 
current management-oriented predictive models. For example, Lang (2000:216) noted that GIS “are 
becoming increasingly common tools for the national and local inventory records (… ), and are essential 
elements of the 30 or so Urban Archaeological Databases developed in England (… )”; hence, new 
research into spatial analysis in archaeology should be especially concerned with archaeological resource 
management. Within Europe, archaeological risk assessment – in which predictive models play a central 
role - will become a standard procedure in planning after the implementation of the Valletta treaty 
(Verhagen 2000:234). 

THE TYPICAL AND THE EXCEPTIONAL: TRENDS AND RESIDUALS 

Whereas predictive modellers typically attempt to discover and model patterns and trends in the 
characteristics of a set of archaeological site locations, these models can also be used to detect the 
converse – the exceptional or, in modelling terms, the residuals remaining after removal of the trend. The 
potential value of such an approach for both management and academic purposes, while recognised by 
some (eg. Altschul 1990:231), has remained largely unexplored. As we shall see below, their primary 
interest may be in removing broad environmental trends and focusing attention on less well understood 
aspects of the data. 

1.2 THEORY AND CONCEPTS 

Kvamme (1999: 171) recently reviewed the analytical capabilities of GIS, describing predictive models of 
archaeological location as ‘[models that] go a step further by multidimensional merging of what is known 

                                                   

1 respectively Archol, ARC and AAC. 
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through locational analysis. In one sense such models are descriptive statements that summarise the 
multivariate environmental and spatial pattern of archaeological sites; in another they form predictive 
statements because a good model can indicate likely locations of as yet undiscovered sites’ (my emphasis-
MvL). In what follows I shall discuss the various elements of this description. 

THEORETICAL BASIS: THE LOGIC OF PREDICTION 

A review of the literature reveals that much of the energy of the first generation of archaeological 
predictive modellers has gone into developing and debating an understanding of the theoretical basis for 
predictive modelling itself. This debate has generally been cast in the form of a series of dichotomies, the 
first two of which have already been mentioned: 

North America ßà  Europe 

CRM ßà  Academic 

Inductive ßà  Deductive 

Ecological ßà  Cognitive 

Parallel to the American/European divide and the CRM/academic contrast, debate has also raged on the 
appropriate logic of prediction, and has become polarised around the issues of the use of inductive vs. 
deductive logic, and of ecological determinism vs. social/cognitive models. I will briefly discuss the 
content and significance of these debates before proposing some alternative concepts on which to base 
archaeological prediction. 

Inductive vs. deductive approach 
Part of the early appeal of GIS for archaeological predictive modellers was its ability to handle and 
visualise large and complex data sets consisting of both archaeological site records and large numbers of 
mapped environmental variables. Querying these allowed researchers to derive the ‘properties’ of 
archaeological sites with ease, and to extrapolate likely locations of unknown archaeological sites on the 
basis of these properties in the form of maps. This has been termed the ‘inductive’ approach because it 
derives rules from observations rather than from theory. Inductive models have been popular in academic 
archaeology as well as in CRM, but more attention was paid to methodological issues than to actual 
‘working’ predictions of site densities. By the early 1990’s papers began to appear criticising the predictive 
models made for CRM as being rather crude, lacking a theoretical foundation and therefore failing to take 
into account the cultural and environmental mechanisms that produced the statistical correlations that 
were found (Wansleeben & Verhart 1992, 1997; van Leusen 1993; 1995; 1996). At the time, Ebert (2000) 
argued strongly against the then current practise of purely inductive predictive modelling, and for the 
need to include archaeological explanation within a systems theoretical context. In inductive models gain, 
he thought, might never get higher than about 70% because of inherent limitations to the approach 
(Ebert 2000:133). Yet cultural resource managers in the Netherlands as elsewhere have continued to 
produce inductive predictions, taking into account some of the methodological critique (Verhagen 1995, 
Wescott & Brandon 2000). 

The alternative, ‘deductive’ approach attempts to construct predictive models on the basis of our 
understanding of past human behaviour – especially economic behaviour. For a particular archaeological 
period and region an assumption of "self supporting agriculture without manuring, but with long fallow 
periods" might be made. On the basis of environmental variables that are relevant to this assumption, the 
site distribution is predicted and the known archaeological sites are only then used to evaluate the 
prediction. One early study which demonstrates the potential of this approach is Chadwick’s (1978, 1979) 
model of the Late Helladic (Mycenaean) settlement system, entirely on the basis of premises about 
environmental preferences and the prior Middle Helladic population distribution. Later, Kamermans 
introduced land evaluation into Dutch archaeology as a fully deductive way of predictive modelling 
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(Kamermans 1993, 2000; Kamermans et al. 1985; Kamermans & Rensink 1998). This work has to date 
not resulted in a formal methodology for deductive modelling that can easily be applied in the context of 
archaeological resources management, although some attempts in that direction have been made by Dalla 
Bona (1993, 1994, 2000) and Dalla Bona and Larcombe (1996). The trend to reject inductive models for 
deductive ones continues to gather pace in the USA as well as in Europe. In their concluding paper to the 
‘predictive modelling kit’ volume, Church et al. (2000) advocate adapting approaches from landscape 
ecology. And this is indeed the direction taken by subsequent modellers, witness Krist’s recent thesis on 
paleo-indian subsistence and settlement in northern Michigan (Krist 2001), and papers presented at a 
recent conference on the future of predictive modelling in Argonne (IL, USA; esp. Whitley 2000, 2001). 
However, it should be noted that several influential authors (among whom Kvamme) are resisting this 
trend and continue to point out the advantages of the inductive approach. 

It should be noted that the inductive-deductive dichotomy does not run parallel to the environmental-
cognitive dichotomy. More-over, the division between inductive and deductive approaches to predictive 
modelling itself is in practice not very distinct2. On the one hand, supposedly ‘inductive’ models 
incorporate many assumptions about past human behaviour – why else would one attempt to correlate 
the location of sites with, say, terrain slope? Critique by many post-processualists and some processualists 
that induction lacks a theoretical basis is therefore misguided (cf. Kvamme 1999:173). On the other hand, 
at least part of the archaeological ‘expertise’ that goes into deductive models is based on informal induction 
- Why do we think that the Linear Band Ceramic people in the southern Netherlands preferred loess 
soils? Because that is where we have found most of their settlements. For example, Dalla Bona (2000:90) 
claims no actual sites were used to generate his predictive model of boreal forests in Ontario (Canada) 
and therefore it is a deductive model. However, this is not quite true because the geographic rules 
established for prehistoric activities have been formed partly under the influence of known sites. Recent 
predictive models by RAAP and ROB have therefore been termed ‘hybrid’, since inductive statistics are 
only used to obtain a first impression of site location characteristics, and general knowledge about the 
locational behaviour of human societies in the past is then added to the model.  

Ecological determinism vs. Post-modernist approaches 
A second dichotomy which has unduly polarised the debate regarding the theoretical foundations of 
predictive modelling is to do with the perceived theoretical poverty of what has sometimes been termed 
‘ecological determinism’ (for an extensive treatment see Gaffney & Van Leusen 1995), usually contrasted 
with the theory-laden humanistic approaches advocated by various strands of post-modernist 
archaeologists. As a dispassionate evaluation of the practical differences in approach between the two sides 
in this debate shows, the only significant difference is in the use of ‘cognitive’ variables (see also the brief 
discussion by Kvamme (1999:182)). Since both sides in the debate have stuck to deterministic modelling, 
the middle ground in a theoretical sense may be said to be accurately represented by Renfrew and 
Zubrow's (1994) cognitive processualism. 

Alternative distinctions based on the Model Aims 
Our understanding of the logic of archaeological predictive modelling is therefore not helped by the 
above distinctions. I would therefore like to propose here two alternative sets of distinctions based on the 
model aims rather than its methods or theoretical stance. A first useful alternative classification of 
predictive models, into correlative and explanatory classes, bases itself on the ultimate aim of the modelling 
attempt. If the ultimate aim of a model is to understand aspects of past settlement and land use behaviour, 
then prediction is only the means by which that understanding can be tested, and the model may be 
termed explanatory. If, on the other hand, the ultimate aim is to conserve the archaeological heritage, then 

                                                   

2 Kvamme (pers. comm.) notes that the terms 'inductive' and 'deductive' were originally used to describe only the method by 
which the so-called layer weights in predictive models were determined; derivation by multivariate statistics was 'inductive', while 
derivation by expert judgement or intuition was 'deductive'. Later, these terms were applied to predictive models as a whole, 
leading to the current terminological confusion. He further notes that pure induction, though rare, has been used in prediction of 
archaeological site locations by regression analysis of satellite remote sensing data. 
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the task of prediction is to estimate, as accurately as possible, the probability of the presence of 
archaeological remains in all parts of the study region, and the model may be called correlative. This 
distinction was in fact made early on but has since been forgotten (cf. Sebastian & Judge 1988:4). 
Strangely, very little attention has been paid to a second alternative distinction, concerning the choice 
between two fundamentally different approaches to prediction: possibilism and probabilism. Almost 
without exception, archaeological predictive models have been possibilistic: they only indicate how suitable 
an area is for a specific activity. In a possibilistic model gain (see below) can never be very high – 
providing an explanation for Ebert’s (2000:133) observation that in practise it never seems to get higher 
than about 70%. Despite its restricted scope it has been confused with the probabilistic approach which 
expresses how likely an area is to have been used for a specific activity. 

MODEL ASSUMPTIONS AND EVALUATION 

Archaeological models are simplified representations of processes or phenomena occurring in reality 
(depending on whether they take an explanatory or a correlative approach). Their value as ‘predictors’ is 
constrained by their aims and assumptions, and by the means available for testing. The validity of the 
assumptions depends on the aims and vice versa. Testing can provide an independent method for 
evaluating the quality of a model. 

A fundamental but debatable assumption of all current ‘inductive’ (and, for that matter, most deductive) 
models is that the known archaeological remains are a representative sample of all extant archaeological 
remains. If a precise and accurate description of the known sample can be made, so the argument goes, then 
we will automatically have a precise and accurate prediction of the parent population of sites. As I have 
argued elsewhere in this thesis (chapter 3.1), this assumption has serious consequences for both our 
management and our understanding of archaeological resources. In management, predictive models are 
employed in order to locate and protect archaeological sites even in areas where no direct proof of their 
existence is available. As archaeological evidence only becomes apparent through the destruction of sites - 
surface finds and crop marks implying, for instance, that agricultural practices have damaged a site - we 
should expect the best preserved and therefore most valuable archaeology to be in areas from which none 
or few ‘sample’ sites are known. 

While, in theory, predictive models could attempt to predict one or more of location, quantity, quality, 
and nature of archaeological values (cf. Kuna 2000:181-2), in practise they have been almost exclusively 
concerned with predicting the location of archaeological settlement remains. The precision with which such 
predictions have been made varies widely, depending on the modelling approach taken. In the simplest 
case, illustrated here in figure 1, predictions are binary (a site is either present in a particular map area, or 
it is absent). In this approach there are only four possible ‘states’ of the model. In general, the correct 
prediction of site presence (state 1) and site absence (state 4) should be maximised, with the 
corresponding states of incorrect prediction of site presence (3) and absence (2) minimised, but 
archaeological resource management (ARM) concerns mean that a greater importance may well be 
attached to lowering the incorrect prediction that no site will be present (state 2). Predictive models therefore 
do not aim to obtain the statistical maximum. 

 P(site) P(no site) 

O(site) 1 2 

O(no site) 3 4 

Figure 1: predicted vs. observed presence /absence of sites 
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In addition to this simple approach resulting in nominal predictions, other approaches have been used to 
yield predictions at ordinal/interval (Boolean multivariate) and ratio (probabilistic multivariate) scales of 
measurement. Such approaches to prediction are possibilistic or weakly probabilistic in nature, that is, 
they only provide relative degrees of probability of site presence – usually of the ‘low, medium, high’ type. 
Such weak predictions can only be tested through an appropriate sampling scheme, which if properly 
executed will result in a particular probability that the prediction is correct, at some desired level of 
confidence. 

As already discussed above, predictive modelling rests on the assumption that human activities in the 
landscape are patterned in various ways and scales. Correlative approaches further assume that available 
archaeological data are representative of the ensemble of discovered and undiscovered archaeological 
remains (henceforward referred to as the 'soil archive') in general (a sampling-theoretical assumption), and 
that better (more, and more detailed) data and statistical techniques will result in better predictions. 
Similarly, explanatory approaches assume that past societies have particular structures and economies, and 
that taphonomic and post-depositional processes have transformed their remains into the current 
archaeological soil archive. Whilst it must be emphasised here that under both types of approach testing is 
crucial if any of these assumptions is to be falsified (proven incorrect), one important practical ‘advantage’ 
of the correlative approach is that it can be conceptualised as the modelling of the discovery of 
archaeological remains rather than of their presence. In other words, the prediction is not concerned with 
what may be in the ground, but only with what will be discovered in the ground if past mechanisms 
causing the discovery of archaeological remains continue to operate in the future - a defensible stance 
from a CRM point of view. However, in both approaches the issue of data quality remains crucial (see 
section 2.2). 

In the calculation of measures of statistical correlation between the location of archaeological remains and 
properties of the physical or social landscape, modellers implicitly rely on assumptions inherent in the 
statistical tools applied. Foremost of these is the assumption of normality, that is, the assumption that the 
values taken on by a variable, when plotted in a histogram, are distributed according to a normal or 
Gaussian curve. It can easily be shown that this assumption is incorrect for many of the variables typically 
used in predictive models (eg, the distance of sites from the nearest water source). In general, it cannot be 
assumed that any relevant population distribution is normal, and therefore non-parametric statistics such as 
logistic regression, discriminant analysis etc. are to be preferred unless the data can be normalized. 

A second inherent, but mistaken, assumption is that statistical tools developed for non-spatial 
applications (think of the drawing of red and white balls from a vase, familiar from high school statistics) 
can be applied to geographical data as well. It has long been observed that “… conventional statistical 
tests usually require independence among observations, something that is generally untrue of spatially 
distributed information, and these procedures are usually aspatial in nature and design” (Cliff & Ord 
1981). The most common methods of measuring the statistical relationship between a pair of variables - 
Pearson’s product-moment coefficient and rank order index and Kendall’s tau - do not consider the 
association that may exist between nearby locations (spatial autocorrelation) and cannot therefore be used 
for the analysis of spatial data in this form. However, some other non-spatial analytical techniques, such 
as Spearman’s rank-size rule and principal components analysis (PCA)3, continue to be important in 
archaeological analysis. Thus, Kuna (2000:37-41) uses factor analysis to determine diachronic change in 
settlement patterns from survey data in Bohemia (Czech Republic). Kvamme (1993:92) provided a clear 
demonstration of the significance of the ‘first law of geography’ in a GIS context by reshuffling his 
initially uncorrelated sample data to produce two obviously correlated spatial variables, which these tests 
would still claim to be uncorrelated. Statistically, a high degree of spatial autocorrelation means a lower 
effective sample size, thus lowering the significance of any correlations as measured by non-spatial 
statistics. 

                                                   

3 To perform principal component transformation on GRASS data layers, r.covar is used to get the covariance (or correlation) 
matrix for a set of data layers, m.eigensystem to extract the related eigen vectors, and r.mapcalc to form the desired components. 
Then, using the W vector, new maps are created of the principal components in the input data, in decreasing order of variance. 
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Most research on archaeological predictive modelling has concentrated on correlating a set of known 
archaeological sites to a multivariate environmental data set, and modelling the presumed distribution of 
such sites by extrapolation. Various rival methods have been developed, of which the main two are the 
logistic regression (logit) analysis perfected by Warren (e.g. Warren 1990, Warren & Asch 2000) and the 
rule-based methods exemplified by the work of most European researchers. Criticism of these methods 
has been targeted at both the theoretical underpinnings (as in the ‘environmental determinism’ debate, see 
Gaffney and Van Leusen 1995) and the methodology (Van Leusen 1996). Some researchers are turning to 
qualitative evidence derived from oral history and ethnographic studies in an attempt to construct 
predictive models that are partly based on cognitive factors (Pilon et al. 1997). Others, taking a leap of 
faith, interpret correlation as causation. A recent example of this can be found in Stancic & Veljanovski 
(2000), who interpret the statistically significant nearness of some Roman villas on the island of Brac 
(Dalmatia) to a geological unit known as ‘Brac marble’ as an indication that these villas were somehow 
associated with marble exploitation. 

Model Quality 
Since many alternative models could conceivably be made for any specific area and period, it is important 
to be able to rate the models relative to each other. How is one model 'better' than another? What is a 
‘good’ predictive model? Several answers to this question have been suggested, depending on whether 
one’s focus is on results, methodology, or explanation. 

• Specificity 

If the aim of a predictive model is to circumscribe the ‘allowable’ geographical space for a specific set of 
archaeological remains, then a good model might be one that circumscribes this space very narrowly – it 
should be specific. A non-specific prediction is a useless prediction. But of course the predictions made by 
a good model should also be accurate, because a very specific but also inaccurate prediction is worse than 
useless. The quantitative quality of a model should therefore be measured along both of these axes, and 
this is in fact done by Kvamme’s gain measurement (%sites - %area), popular mainly in the USA (cf. 
papers in Wescott & Brandon 2000). Because the proportion of sites included in the model is important 
in itself, and normalisation of the gain parameter is desirable, Wansleeben and Verhart (1992:103-7) 
advocate a refined measurement Kj=√(%sites * gain / %area without sites)4. However, it should be born 
in mind that such calculation of model gain are typically based on existing site records, and strictly 
speaking they therefore do not measure the quality of prediction at all, but rather of retrodiction. While for 
CRM purposes being able to predict the absence of archaeological remains might be extremely valuable, 
current approaches have no method for handling nonsite data - that is, the proven absence of 
archaeological sites in an area - exists. Such data are needed for a) exercising control over statistically 
derived predictive models and b) optimising any predictive model (see Kvamme 1983 for the role 
nonsites play in the calculation of probabilistic models).  

• Falsifiability 

From a procedural point of view a ‘good’ predictive model is one that follows a defined set of rules 
(protocol), is testable, and responds in predictable ways to new data. These characteristics ensure that models 
can be evaluated, without which no progress can be made in their scientific understanding. Many current 
models incorporate 'black box' stages of expert assessment and adjustment, and therefore fail on the 
criterion of protocol. Examples of good models in this procedural sense are presented by Warren 
(Warren & Asch 2000:6) and Dalla Bona (2000:77). 

A model is a simplified version of reality; a useful model must suggest a hypothesis that allows the model 
builder to do an experiment or test. If a model generates no testable hypotheses, then it is useless. If the 
hypotheses generated by a useful model are not tested properly, then the model may be incorrectly 

                                                   

4 In cases where nothing is known about non-sites they revert to the simpler formula √(%sites * gain). 
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believed or disbelieved. The logical concomitant of a prediction is a test, resulting in a measurement of 
model quality, and in some cases even in a verification or a falsification of predictions made by the model. 
Whereas proper testing requires observations to be made 'blind' (i.e. independently of the model being 
tested), in practise such tests have rarely if ever been carried out. Instead, much weaker forms of testing 
have been used, usually by seeing how well the model fits existing evidence, or by looking for 
confirmatory evidence (e.g. by surveying areas of high predicted probability). 

• Expert consensus 

A ‘good’ model may also be defined as one that is recognisably congruent with patterns and processes 
occurring in the past. Since such a judgement can only be made by appropriate experts, this definition 
carries the seeds of circular reasoning - a model is 'good' if its results conform to the expectations of the 
experts. This criterion should therefore be discounted on procedural grounds. 

From this brief discussion it is clear that the choice of model assessment criteria is fundamental. The 
three potential criteria cannot be easily brought into accord with each other, and much therefore depends 
on the practical use to which the model will be put. For example, how specific and accurate archaeological 
predictive models should be is a question to be answered by planning scientists; current models such as 
the Dutch national Indicative Map of Archaeological Values (IKAW) get away with a high level of 
generalisation and predictions of unknown accuracy. On the other hand, the principle of public 
accountability requires that any models being employed in a formal sense to apply legal restrictions must 
be procedurally transparent. 

The contrast between the inductive and deductive approaches, discussed earlier, is also expressed here 
with respect to the role of expertise in the modelling process, and focuses on the question of whether 
models excluding expert knowledge can ever attain a high quality, and whether expert judgement can ever 
be formalised in a procedural sense. 

Testing 
As mentioned above, one way to assess the quality of a model is to test it. Generally, any useful model 
must suggest at least one hypothesis that allows the model builder to do an experiment. Since we are 
concerned here with predictive models, the logical test to perform would be to see if predictions of site 
presence/absence or probability are born out in field research. Ideally, such a test should result in the 
adjustment of confidence limits associated with the model being tested (an outright verification or 
falsification of model predictions is much less likely). Whereas proper testing requires observations to be 
made 'blind' (i.e. independently of the model being tested), in practise such tests have rarely if ever been 
carried out. Instead, much weaker forms of testing have been used, usually by seeing how well the model 
fits existing evidence, or by looking for confirmatory evidence (e.g. by surveying areas of high predicted 
probability). In the Netherlands, an opportunity for a rather stronger form of testing is presenting itself in 
the large-scale infrastructural and sand/gravel extraction works being conducted. First generation national 
and regional predictive models developed at the ROB are now being ‘field tested’ through archaeological 
watching briefs at these works. 

Both locational and predictive modelling relies heavily on the use of statistics in order to determine 
whether the characteristics of a particular set of locations (namely, those where archaeological sites of 
interest were found) is sufficiently ‘unusual’ to imply something of interest to the archaeologist. The 
‘unusualness’ of the sample characteristics may be tested against those of a random sample of the same 
size (requiring two-sample tests), against all locations in the study area (‘the population’, requiring one-
sample tests), or against a large number of random samples of the same size (Monte Carlo approach, see 
Kvamme 1996). 
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2 METHODOLOGY  

2.1 IMPACT ASSESSMENT 

It is not the presence per se, but the value of the archaeology which should result in the imposition of 
planning restrictions and the listing of monuments; any working predictive model should therefore 
incorporate a formal evaluative stage in which such a value is assigned. This is as much a political as a 
scientific decision and is therefore to some extent outside the scope of this review. Although researchers 
at the Dutch State Service for the Archaeological Heritage (ROB) have been active since the mid-1990s in 
studying the methods and data available for impact assessment (Groenewoudt 1994, Groenewoudt et al. 
1994, Groenewoudt & Bloemers 1997) and resource evaluation (Deeben et al. 1999), these developments 
lag some years behind those in England. There, at a national level, the Monuments Protection Programme 
(MPP) monument assessments indicate how important a particular monument is and how much it needs 
conservation (Darvill et al. 1987, Startin 1992, English Heritage 1996), mainly with a view of providing 
statutory protective designations to the most important monuments. Evaluation systems developed for 
this purpose unfortunately remain unpublished in order to prevent their being used as an automated 
judgement mechanism (English Heritage 1996:2-3). The MPP methodology to arrive at a national 
evaluation of a particular monument type consists of four steps: 

• classification and characterisation; relevant information is collected and a full monument type description 
is written 

• data collection; a thesaurus of monuments is created following consultation with experts, and sites of 
potential national importance are identified 

• assessment; site-by-site evaluation resulting in overall quantification and ranking 

• evaluation; conservation and management options are set out so that policy can be formulated 

The MPP evaluation system is based exclusively on known archaeological sites and landscapes, an 
approach also taken by CRM groups in the Netherlands and fundamental flaws in which I have discussed 
earlier (Van Leusen 1995, 1996). Formal models of threats to recorded archaeological remains in England 
were to be based on the national census of the condition and survival of archaeological monuments 
conducted by the Monuments At Risk Survey (MARS) project (Darvill & Wainwright n.d., Darvill & 
Fulton 1998, Anon. 1998), but so far none have been published. Furthest along in the implementation of 
actual threat models seems to be the Ontario Ministry of Natural Resources, where archaeologists have 
been building blocks of an ARM system for the past five years (Dalla Bona & Larcombe 1996, Dalla 
Bona 2000). This includes the detailed modelling of type and amount of damage (impact assessment) 
expected from the activities of the logging industry, which has a direct impact on the planning restrictions 
imposed (Gibson 1997). 

Nor are data regarding the survival of sites available in anything like the required amount. Many of the 
sites on record for more than a decade have disappeared by now. The two major factors here will be 
geology (erosion/deposition) and land use (drainage, building, deep ploughing; cf. Hinchcliffe & Schadla-
Hall 1980 and various books and papers on taphonomic processes by M Schiffer, e.g. Gould & Schiffer 
1981). 

The role of GIS within a wider archaeological information system has already become crucial in CRM in 
many parts of the western world. In the Netherlands, the second version of the IKAW and its local 
offspring are currently being used to help make planning decisions from the national to the municipal 
level (Deeben et al. 2001). A third generation of the IKAW, currently under development at the ROB 
(internal memorandum, 2001), aims to improve its potential as an advisory and decision-making tool, as 
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well as to gain more insight into the relations between the potentially extant soil archive, our current 
record of it, and the levels of threat and protection afforded by the current landscape. To this end, the 
IKAW must be enhanced with a data layer covering all land- and coastal surfaces, and assessing their 
paleogeographic, hydro- and pedological potential for preservation of cultural remains; a similar layer will 
be needed to estimate the probability of future degradation through land use (especially the piecemeal 
degradation through agricultural land use, forestry, and nature development), urban outlays and 
infrastructural works; and finally, procedures for legal protection of archaeological resources are to be 
reviewed in a manner similar to MARS and MPP, so that in future the value of a resource can be assessed 
using a scoring system based on the underlying IKAW data layers for rarity, preservation, group value, 
etc. (Deeben et al. 1999). 

2.2 DATA QUALITY 

Although I have in the previous pages already indicated that issues of data quality play an important role 
in limiting what can be done with predictive models, a more detailed discussion of issues relating to the 
quality of the archaeological and environmental input data follows. 

THE ARCHAEOLOGICAL RECORD 

The ‘official’ archaeological record contains only a small subset of both currently known and historically 
attested archaeological observations, a fact recognised by most if not all students of archaeological 
records. Lang (2000:225) neatly encapsulated the problem when writing about the gap between ‘current 
knowledge’ and ‘deposited knowledge’. Exactly how much of a gap there is, remains to be determined by 
appropriate studies, but the author's experience suggests that as little as one quarter of currently available 
knowledge (as measured in numbers of find spots) may have been deposited in the central archaeological 
archive of the Netherlands. The same impression is conveyed by Verhagen (2000:232) who suggests that 
“the amount of data that has never been published in an accessible form is probably staggeringly large”. 

We must therefore ask ourselves by what mechanisms archaeological observations in the past became (or 
did not become) part of the official record, and study the potential biases caused by this process (this 
thesis, chapter 4). We must further be aware that predictions based on the limited and biased subset of 
observations that has become part of deposited knowledge run the risk of being substantially incorrect – an 
insupportable situation from the management point of view if not from the academic one. Any regional 
predictive model should therefore be preceded by an assessment of the relation of deposited to current 
knowledge. 

Furthermore, the archaeological record is a historically accreted one, with varying amounts of quality 
control applied during the entry process and typically without the metadata required to assess the quality 
of the data (cf. Garcia Sanjuan & Wheatley 1999). When the contents of the Dutch ‘paper’ archives were 
being transferred into a relational database format in the early 1990’s (Roorda & Wiemer 1992), many 
records could not be transferred because the quality of the information (especially its geographical, 
chronological, and functional resolution) was too low. These latter records have therefore been, to all 
intents and purposes, lost to archaeological prediction. Undoubtedly, a large part of the knowledge that is 
not part of the formal archaeological record is still part of current individual or institutional knowledge of 
professional and amateur archaeologists; but it is also precarious knowledge in that, unrecorded, it will 
disappear with the death of its bearer. The use of ‘expert judgement’ in predictive archaeological models 
either through the Bayesian mechanism of ‘prior probabilities’ or for ‘tuning’ the results is therefore 
unstable for two reasons: firstly the expert judgement cannot be scrutinised because it is unpublished, and 
secondly it all depends on which expert’s opinion is being taken. 

Lang’s (2000) idea that CRM databases could function as test beds for research hypotheses, pattern 
detection, etc, rests on a belief that more data will do the trick; given the many problems with the quality 
and representativity of such data this may be doubted. A better understanding of the biases in deposited 
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as well as current knowledge is urgently needed (see chapter 4). 

PHYSICAL AND COGNITIVE LANDSCAPE PARAMETERS 

Problems associated with the quality and appropriateness of parameters of the current physical landscape 
have been the subject of abundant and detailed discussion, and need not be repeated here. Among the 
less thoroughly reviewed issues, especially relevant to predictive modelling in active geological areas, are 
the use of historical and palaeo-geographical reconstructions, and land evaluation based on methods 
developed for the world Food and Agricultural Organisation (FAO 1976). In most parts of Europe land 
evaluation, which present research suggests may become more widely used as a basis for ‘deductive’ 
landscape ecological modelling, will require detailed and extensive geopedological fieldwork and historical 
research if reasonably accurate landscape reconstructions are to be generated. The latter are again crucial 
in the evaluation of the presence, quality, value and sensitivity to threats of archaeological resources for 
management policies.  

Whilst for some regions and periods, historical sources and documents may provide some evidence of 
past cognitive landscapes, this will not be the case for most pre-modern landscapes. The use of cognitive 
landscape parameters in predictive models therefore rests in the main on ethnographic analogy, the 
simple transfer of modern landscape interpretations, or unsupported ‘narrative’ constrained only by the 
characteristics of the extant archaeological record. Foremost among the cognitive parameters investigated 
are landscape visibility and accessibility (and their converses), which are discussed elsewhere in this thesis 
(chapter 6). Recently, the context for their use has been mainly derived from landscape architecture and 
has been applied to relatively well-preserved archaeological landscapes such as the ritual landscape of the 
southern British chalk downs (see especially the papers in Lock (ed) 2000). Authors such as Lock himself 
have stressed the hypothetical and heuristic nature of such reconstructions, and it is not yet to what 
degree rule-based approaches to cognitive landscape reconstruction will be able to improve predictive 
settlement models.  

Both physical and cognitive factors tend to be used in the modelling of static patterns of archaeological 
settlement or ritual land use, and only implicitly of the processes that result in these patterns. This is 
largely due to the poor temporal resolution of the available archaeological data (see next section) and 
tends to hide the fact that the most obvious constraint to the use of the landscape at any particular 
moment is its current use – any activity resulting in recognisable archaeological remains is normally 
performed within the context of a fully developed, and continually changing, physico-cognitive landscape. 
It is the ‘how’ and ‘why’ of this change, the dynamics, that we ultimately wish to understand. Rather than 
the quality of the physical and cognitive map layers themselves, it may therefore be that the quality of the 
sociological-behavioural rules governing the actions and reactions of a society will become paramount in 
future predictive models, which will then become based on simulations rather than on locational analysis. 
One simple example of this could be the application of a ‘splitting threshold’ for communities to model 
the process by which agricultural colonisation of a region takes place.  

SCALE 

At all stages of a predictive model, it is necessary to specify aspects of scale. Scale refers both to the spatio-
temporal extent of the model and to the resolution of the data used by it. In addition to the relatively 
well-known importance of specifying and properly handling cartographic (spatial) scale (e.g., Sydoriak Allen 
2000), chronological (temporal) and analytical (functional) scales assume roles of central importance in 
archaeological predictive modelling5. Since the past processes being targeted for modelling also occur at a 
variety of spatio-temporal scales, the quality of a model cannot be said to depend on high-quality input 
data only (the ‘more is better’ approach); rather, the scale of the data must be appropriate to the scale of 
the problem. 

                                                   

5 Note that this is not a reference to so-called ‘spatio-temporal’ GIS, the name for experimental systems that can handle four-
dimensional data (esp. Harris & Lock 1996). 
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Space, time, and function can be thought of as different axes along which the available data can be 
differentiated; and the smaller the scale, the less differentiation is possible. In the realm of cartographic 
scale this means that mapped variables are always averaged across an area of space, eliminating variations 
that may have archaeological significance. Along the temporal axis a smaller scale means that 
archaeological and palaeo-geographical dynamics become averaged over periods of hundreds of years or 
'bunched' into a small number of relatively well-recognised periods. Along the functional axis it means 
that many different types of human actions and their remains are lumped together to obtain a generic 
‘settlement’ model. Archaeological predictive modellers have been forced into using small scales because 
of the limitations of the available data (see previous section), resulting in models of low gain (Ebert 2000).  

Aggregate archaeological units 
One instructive and central scale problem in predictive modelling relates to the use of the ‘site’ (a point-
like feature on all but the largest-scale maps) as the basic unit of record and analysis. The statistical nature 
of much predictive modelling requires that careful thought be given to the archaeological ‘dependent 
variable’ being analysed. In essence, the problem consists of deciding which are the appropriate 
archaeological units to analyse, and under what circumstances should multiple observations (‘sites’) really 
be taken to represent one such unit6. One practical reason for aggregating ‘sites’ into larger units might be 
the fact that the resolution of most environmental maps is too low anyway to be able to say anything 
reliably about a single site (cf. Sydoriak Allen 2000:103).  

The Dutch State Service for Archaeological Investigations has attempted to tackle this issue by defining a 
new area unit, the Archaeological Resource Area (ARA), which typically includes a settlement and its 
‘infields’ up to a distance of 200m (Deeben et al. 1997), and in the context of Mediterranean archaeology 
it might entail the aggregation of features such as building remains, ceramic scatters, and terracing into a 
new unit ‘farm / rural villa’ (see also my discussion of regional database design, this thesis, chapter 13). 
The aggregation of a number of point-like observations into an areal unit of a variable size takes us into 
uncharted methodological waters. For example, the increase in the number of raster cells taken up by the 
ARA relative to the area of the ‘sites’ it was based on, affects the calculation of statistical measures of 
correlation because it produces sets of highly clustered ‘observations’ (Van Leusen 1996:190). Other 
unanticipated effects on the outcomes of our models are likely to occur as seemingly ‘technical’ variables 
such as our choice of analysis region, scale, and resolution impinge on the archaeological problem being 
analysed. Future predictive models, not only in the area of CRM but in academic usage as well, should 
contain safeguards against such fatal mistakes. 

2.3 DATA QUANTITY 

Although the need to create separate models for each significant chronological and functional subset of 
sites was already apparent by the early 1980s (Kohler and Parker 1986), subsequent CRM-oriented models 
often disregarded this aspect, and frequent reminders have therefore continued to appear in the literature 
(cf. Verhagen 2000:229-232 for a recent example). The reason for this lies in the inavailability of a 
sufficient number of observations. Methods for establishing the existence and strength of statistical 
correlations invariably require a set minimum number of observations to be made before a given 
confidence level can be reached. In many cases where the observations must be selected from a limited 
set of archaeological ‘site’ records of sufficient quality, this quantitative minimum can not be reached 
unless a very low confidence level is accepted. 

                                                   

6 Although not the subject of discussion here, it may be noted that an object-oriented approach to the construction of regional 
archaeological data sets seems the most appropriate in this respect. 
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2.4 EXTENSIONS 

Given the current state of predictive modelling methodology in the Netherlands, it may be claimed that 
the approach is not yet sufficiently matured to begin yielding high quality predictions. While data quality 
can only be improved with great effort and much time, better methods can be developed and adopted 
relatively quickly. The following four extensions are therefore proposed as likely avenues for the further 
development of an improved predictive modelling methodology. 

Bayesian inference 
Van Dalen (1999) experimented with the use of Bayesian inference techniques in models applied to 
archaeological data from the Rieti basin (Italy) survey. A formal Bayesian approach has the advantage of 
transparency – allowing methodological separation of expert judgement (= prior belief) and observations, 
and therefore represents a step towards the formalisation of the 'seat of the pants' archaeological 
predictive models typically used in Dutch CRM (e.g., Scholte Lubberink et al. 1994). Verhagen (2001) 
recently discussed the potential of this method as well. 

Fuzzy Logic 
Given the uncertainties inherent in mapped environmental data and, most worryingly, in archaeological 
records, predictive models would benefit from a methodology that can deal with uncertainty. Enabling 
fuzzy GIS and database types and operations may be one way in which uncertain data can be represented 
and analysed. Although fuzzy GIS operations are not entirely unknown in archaeology (e.g., Nackaerts et 
al. 1999), Crescioli et al. (2000) only recently introduced the use of fuzzy logic in the database part of a 
GIS. Using the public domain PostGreSQL-GRASS combination, they added fuzzy data types and 
functions in order to store, query, and display fuzzy age, gender, and chronology attributes for graves and 
skeletons of the Pontecagnano cemetery. In as much as this enables operators to store the many uncertain 
properties of both archaeological objects and cartographic representations of real-world features, this 
development has the potential of clearing the way for a considerably improved practise of predictive 
modelling. 

Landscape Reconstruction 
The potential of land evaluation as a formal method for modelling environmental potential and constraint 
has so far been explored in a limited number of case studies only, but can be applied to any early 
agriculturalist society for which the physical landscape can be reconstructed to a sufficient degree. Models 
based on land evaluation have the further advantage that they are generic (they can be applied to any area 
with a similar environment without reference to its archaeology) and falsifiable (they can be tested both 
against existing archaeological records and by a straightforward programme of fieldwork); they therefore 
offer hope of a more constructive and objective approach to the study of past landscapes than has 
hitherto been possible. Dalla Bona’s models of prehistoric non-agricultural occupation of the wooded 
Canadian landscape hold out the hope that the logic, if not the method, of land evaluation can be 
extended to cover pastoralist/arboricultural/hunting lifestyles as well (see also Kamermans 1993 for 
similar work in central Italy). Land evaluation is an important component of the RPC project (Van 
Joolen, forthcoming). 

However, since land evaluation will often require a large investment in palaeo-geographic reconstruction 
(coring programmes, palynological reconstructions), other means of reconstructing past landscapes 
deserve more attention as well. Early historic landscapes might, for instance, be reconstructed using 
additional sources of historical information deriving from place-name etymology, historic literary and 
cartographic sources, etc. 
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Spatial Statistics 
“Archaeology is an eclectic discipline; where it calls on scientific and statistical knowledge, few individuals 
combine all the necessary archaeological, scientific and statistical skills at a high level. Ideally, 
collaboration should take place between archaeologists and statisticians in those areas where a statistical 
input is of potential interest. Unfortunately, not all archaeologists regard statisticians as useful creatures 
and there are, in any case, not enough interested statisticians to go around.” 

- Baxter (1994: 219) 

This quotation is particularly relevant to the use of GIS by archaeologists, because the visual nature of the 
software makes it easy to remain unaware of, or disregard, the essentially quantitative nature of operations 
and the biased nature of the available data samples. 

Statistical decorrelation 

Earlier (Van Leusen 1996:190) I identified the failure of practitioners to deal with the regular occurrence 
of strong correlations between the variables typically used in predictive modelling as one of its principal 
methodological shortcomings. Yet methods do exist to remedy the statistical problem, albeit usually at the 
price of producing a set of decorrelated variables which cannot easily be understood in real-world terms7. 
Principal components analysis (PCA) can be used to construct a set of less correlated components from 
an original set of potentially strongly correlated cases (Q-mode) or variables (R-mode), followed by K-
means clustering of components in order to find out if interpretable clusters exist.  

Spatial Autocorrelation and Geostatistics 

As argued in section 1.2.2 above, statistical tests of significance must be used in a manner appropriate to 
the type of data being analysed. In particular, tests assuming independence between observations (cases) 
and/or normality of test distributions should be replaced by tests which take into account the degree of 
spatial autocorrelation displayed by each variable involved, and which either make no assumptions about 
the shape of their distributions at all (eg, Monte Carlo type tests), or make assumptions which can be 
shown to be realistic (eg, many distributions may resemble that of the Poisson curve). In spatial 
autocorrelation, nearby observations tend to be similar because geographic variables do not change 
quickly over short distances. If a set of archaeological observations is spatially clustered (as may result, for 
example, from an intensive survey of a small area) their geographical characteristics are likely to be similar, 
and could therefore lead to the derivation of overly strong locational 'preferences'. Dealing with this issue, 
Kvamme (1993) presented Moran’s I test, which attempts to measure the correlation of a single variable 
with itself over space - the distance between any pair of observations being measured, for example, as 
Euclidean distance (but any measurement of ‘distance’ is acceptable). Moran’s I statistic can be calculated 
on the basis of the covariance of the variables under consideration. Using the apparent sample size N and 
Moran’s I, a new corrected (lower) sample size may be calculated to which non-spatial ‘critical-point’ 
tables such as chi2-tables can be applied. In other words, the original cluster of observations is reduced to 
a lower number of observations from which more realistic 'preferences' may be inferred. 

Geostatistics are a body of theory and methods designed for the analysis of spatially correlated, 
geographical variables. Despite the reservations expressed by Barceló and Pallarés in their discussion of 
the theory and method of social space (1998:65), that geostatistical methods do not perfectly fit 
archaeological purposes because social action and, with it, social space is discrete rather than continuous, 
I believe that the construction of geopedological units on the basis of point measurements (corings) and 
areal observations (geomorphological units) is sufficiently similar to the construction of meaningful 
archaeological entities (eg, site catchment areas and urban manuring zones) on the basis of excavations 

                                                   

7 This need not be an objection if the model is not intended to further understanding, but rather to maximise predictive power. 
Factor analysis, which is an attempt to explain the correlations between observable variables in terms of underlying factors which 
themselves are not observable, may be a more appropriate technique if meaningful explanations are desired. 
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and surveys to warrant a further exploration of the potential of geostatistical models for variables such as 
artefact density. Methods such as constrained co-Kriging would even allow the use of correlated variables 
such as slope and distance to water, and the modeling of discontinuous variables. The underlying 
assumptions (eg, regarding the normal distribution of the variables) should of course be born in mind 
when applying geostatistical methods to archaeological data. 

3 CONCLUSIONS 

Wide-area predictive modelling using GIS is poised to play a very important role in CRM at the national 
level in most of Europe because of the imminent implementation of the Valletta Treaty, but at the same 
time it has remained an important tool for academic research as well. For both types of users the ability to 
generate formal, rule-based, and testable hypotheses in the form of predictive maps is fundamental, and 
these require a better understanding of the underlying theory, data and methods. In this article, I have 
identified and discussed several issues which are relevant to future wide-area predictive models. This leads 
me to the following conclusions: 

• research into, and discussion of, predictive modelling has been hampered by a lack of definition of 
core notions, e.g. what exactly is a predictive model supposed to predict? How do we decide what is a 
‘good’ model? Many ‘predictive’ models in fact do no more than describe the input sample of 
archaeological site data, and none have formal quality criteria that were actually tested. Such 
definitions and criteria should be a requisite part of any predictive model; 

• there are still major quality problems with current predictive models. They do not yet have sufficient 
spatial, functional, and temporal resolution to provide predictions to rival those of experts, they do 
not allow for the formal inclusion of archaeological theory and expertise, and they do not formally 
incorporate stages of source criticism (bias correction) and quality testing. The surest (and perhaps 
even fastest) way to improving predictive modelling of archaeological site distributions is to conduct 
properly designed field tests. Expert knowledge must be given a formal place in the process of 
predictive modelling, possibly through the use of Bayesian inference. 

• correlative predictive modelling rests on statistical procedures for determining presence and type of 
patterning in the input data. This has two important consequences. Firstly, improper use of statistical 
procedures strikes at the heart of the models; secondly, the ensuing predictions take the form of 
probabilistic statements which can easily be misunderstood by end users of predictive maps. It is 
therefore imperative that predictive models incorporate safeguards against incorrect use of statistical 
inference, and that a clear distinction be made between the predictive model itself, and any derivative 
maps that indicate the value and/or need for protection of the archaeological record; 

• Most known archaeological patterns are the result of archaeological research bias, whether this is by 
the influence of vegetation, the difficulty of detecting buried sites, or specific interests of 
archaeologists in certain kinds of sites and artefacts. A phase of source criticism of both 
archaeological and environmental input data should therefore be mandatory, and the modelling 
methodology should be sensitive to the characteristics of the available data set. Taphonomical maps 
that assess the nature and extent of the distortions of the known material heritage should be an 
integral part of any predictive model. If this is not done, ‘low potential’ zones run the risk of being 
regarded as ‘zones of no interest’, whereas they may in fact be zones of insufficient data within the 
archaeological record. Predictive maps run the risk of turning into self-fulfilling prophecies if these 
zones, because of their ‘low potential’, are not included in subsequent surveys. 

• predictive models, and especially the maps they give rise to, already play a significant and useful role 
in the cultural resource management (CRM) process, not just because they provide a structured and 
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formal archaeological participation in this process for the first time but, at a technical level, because 
they have helped shift attention from site-based to zone-based conservation. However, such models 
have barely touched the question of how to model quality, rarity, nature, and indeed ‘value’ of 
archaeological remains (Deeben et al. 1999). Incorporating these factors will bring predictive models 
closer to true expert systems and must be regarded as the next major stage in the development of 
geographical models for archaeological resource management. 
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