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Abstract 

Geographical Information Systems are a powerful tool for the processing of geographical 

data and can be used to implement predictive modelling for the purpose of archaeological 

research. The study presented here proposes a predictive model based on multi-criteria 

evaluation, and aims at analysing the parameters of known Upper Palaeolithic decorated caves 

in the Périgord noir, in southwest France. The main objective was to show that known decorated 

caves have enough parameters in common to create a predictive model that would describe 

zones of possible decorated caves’ occurrences in the area. A hybrid methodology was 

developed to extract significant pieces of information from the selected variables in order to 

design the predictive model. 

Elevation, slope, aspect, and proximity to water were selected as the four variables to build 

the model. They were processed individually and were standardised using a numerical rating 

scale. Each criterion was weighted individually through the rating methodology in order to be 

aggregated using weighted linear combination. The model created showed that areas close to 

water streams were more likely to contain undiscovered decorated caves from the Upper 

Palaeolithic period. The validation statistic Kvamme Gain was finally used to assess the model 

and the value that was calculated showed that a large proportion of known caves were contained 

in a relatively restricted area, confirming the model’s predictions. 
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Abstract (French) 

Les Systèmes d’Information Géographique constituent un ensemble performant d’outils 

dans le traitement des données géographiques. Ils peuvent par exemple être utilisés pour mettre 

en œuvre un modèle prédictif dans le cadre de recherches archéologiques. L’étude proposée ici 

décrit la création d’un modèle prédictif basé sur une analyse multicritère, et vise à analyser les 

paramètres des grottes ornées connues datant de la période du Paléolithique supérieur dans le 

Périgord noir. Les principaux objectifs sont de démontrer que les grottes ornées possèdent assez 

de caractéristiques en commun pour le développement d’un modèle prédictif qui décrirait les 

zones d’intérêt archéologique. Pour se faire, une méthodologie hybride a été développée afin 

d’extraire des informations pertinentes à partir des critères sélectionnés. 

L’altitude, la pente, l’orientation, ainsi que la proximité du réseau hydrographique sont les 

quatre variables utilisées pour développer le modèle. Chaque couche a été traitée 

individuellement, et l’ensemble des données a été standardisé par le biais d’une échelle 

numérique. Des poids ont été assignés à chacun des critères afin de les agréger par le biais d’une 

combinaison linéaire pondérée. Le modèle ainsi créé montre que les zones proches des cours 

d’eau semblent plus propices à la découverte de nouvelles grottes ornées datant du Paléolithique 

supérieur. La variable statistique de Kvamme a enfin été utilisée pour tester et valider le modèle. 

La valeur calculée démontre qu’une large proportion de grottes se trouve dans une zone 

relativement restreinte, validant ainsi la pertinence du modèle ici développé.  
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1 Introduction 

 Framework 

Geographical Information Systems (GIS) constitute a powerful tool for the processing of 

geographical data in a variety of fields. This study presents the use of GIS in the implementation 

of multi-criteria analysis and weights of evidence predictive modelling to locate Upper 

Palaeolithic decorated caves in the Périgord noir, in southwest France. Predictive modelling is 

a methodology that has been applied in numerous case studies in various parts of the world and 

for different archaeological time periods (Balla et al., 2013; Gillespie et al., 2016; Graves, 2011; 

Kondo et al., 2012; Parow-Souchon et al., 2021). Yet, it has never been implemented in the 

Périgord noir, despite the area containing a large number of prehistoric vestiges. 

The design of a predictive model comprises various steps which can be combined and 

adapted depending on the chosen methodology and the available datasets. For instance, Balla 

et al. (2013) have proposed a methodology based on multi-criteria evaluation (MCE) to locate 

Macedonian tombs dated from the late classical and Hellenistic period (4th century BC - 2nd 

century BC) in Northern Greece. They describe the different stages of MCE as the formation 

of a problem, the quantification of the selected criteria, the calculation of the criteria weights, 

and the aggregation of the criteria in the form of probability maps, which relates to the definition 

given by Verhagen (2007). Moreover, Greene et al. (2011) highlight “the variety and 

complexity of multi-criteria decision analysis methods (MCDA)”, with diverse ways of 

selecting the criteria, putting them on a common scale, weighting them and combining them to 

produce probability maps.  

The selection of the different criteria in particular appears as critical in the implementation 

of a MCDA in the scope of predictive modelling. Malczewski (1999) states that “a set of criteria 

should be complete, operational, decomposable, nonredundant, and minimal” in order to be 

used in a multi-criteria GIS analysis. He also presents an examination of the relevant literature, 

analytical studies, and surveys of opinions as three fundamental techniques to perform an 

appropriate selection of criteria. Most models seem to incorporate similar sets of variables 

divided into environmental and sociocultural parameters. The behaviours of Neanderthal and 

Homo sapiens should then be studied in more details in order to select the most appropriate 

criteria in the building of a predictive model. 

Predictive modelling aims at enriching archaeological knowledge, but also limiting the 

costs of field work and developing tourism and heritage-related activities. This study presents 
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a hybrid methodology based on the review of archaeological background found in the literature 

for the selection of the different criteria. The numerical rating scale technique will be used for 

the standardisation of the selected criteria as it appears as an accurate rescaling technique. Pixels 

in the different GIS layers are assigned values according to their probability. A value of 1 

usually represents a very low probability, while a very high probability is represented by a 

higher value, 5 or 10 in general. The rating methodology will be used for the weighting of the 

criteria. It consists in defining a value for each criterion on a common scale, all weights adding 

up to a defined value, usually 1, 10, or 100. Finally, the weighted criteria will be aggregated 

using weighted linear combination (WLC), as it constitutes a risk-neutral technique according 

to Greene et al. (2011). The different techniques used for processing the data are explained in 

more details throughout the study. 

 Motivation 

This project was developed to highlight the potential of the Périgord noir in terms of 

archaeology and heritage-based tourism. The Upper Palaeolithic historical period is a very 

interesting period and much is still to be discovered about the behaviours of human beings who 

lived during that time. Decorated caves, in particular, are enthralling because researchers and 

scientists are still unsure about the meaning of the engravings and paintings found in the caves. 

Developing a model to help in the understanding of settlement patterns could then potentially 

help in the interpretation of cave art.   

 Aim and research questions 

The literature and field surveys have shown that a great number of Upper Palaeolithic 

decorated caves are found in the Périgord noir. In that perspective, the aim of this thesis is to 

see if those decorated caves share similar parameters, and if it is then possible to develop a 

predictive model to detect areas where undiscovered decorated caves could be located. To this 

end, the following research question will be investigated: 

RQ1: Do the values extracted from the selected criteria allow the formation of a model to 

predict the location of Upper Palaeolithic decorated caves in the Périgord noir?  

RQ2: If so, is modelling based on a multi-criteria methodology using a numerical rating 

scale, the rating weighting methodology, and weighted linear combination aggregation 

technique efficient in the detection of Upper Palaeolithic decorated caves in the Périgord noir? 
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 Thesis structure 

This research project includes an extensive literature review showing the archaeological 

potential of the Périgord noir and focusing on predictive modelling and multi-criteria evaluation 

techniques. It presents the area of study as well as the selected procedures to extract meaningful 

values from the different layers and create a predictive model. It shows the application of the 

predictive model in the form of probability maps and explains its assessment through the 

Kvamme Gain validation statistic. The results of the different analyses are finally displayed and 

discussed in relation to the aim of the study and the research questions. 
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2 Study area 

Due to its high archaeological potential as the literature review will show, the Périgord noir 

will be the study area for this analysis. The name “Périgord” is the name of a former historical 

region of southwest France now known as Dordogne, which is today a department located in 

the region of Nouvelle-Aquitaine (Figure 1). Bordeaux is the administrative centre of the region 

Nouvelle-Aquitaine and Dordogne is the third largest department in France, with a population 

of about 400,000. This area is an important place for tourism, especially during the summer 

season, with nature-based activities such as canoeing, hiking, and horse riding, but also 

internationally renowned cultural places such as the Lascaux Caves and the archaeological sites 

of the Vézère valley. There were 4.3 million tourists in Dordogne in 2020 despite the 

restrictions related to the Covid-19 pandemic according to the daily paper Sud Ouest (2021). 

The different administrative layers are presented in Table 1, along with their respective areas 

derived from the administrative layer obtained from the French government database. 

 

 The location of the Périgord noir in relation to larger administrative 

layers 
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Table 1. Administrative layers within which the Périgord noir is located and their area 

Administrative layer Name Area (km²) 

Country France 539,861 

Region Nouvelle-Aquitaine 84,748 

Department Dordogne 9,210 

Subsection Périgord noir 2,321 

The Périgord noir is then an unofficial subsection of the Dordogne department but still has 

defined boundaries. Figure 2 displays the four different Périgord subregions: 

 The Périgord vert (green), in the north, which is named after its luxuriant vegetation. 

Brantôme is the largest town in this subsection and is known as “the green Venice”. 

 The Périgord blanc (white), in the centre, which is named after its limestone soil. Périgueux 

is the largest city and the administrative centre of Dordogne. 

 The Périgord pourpre (purple), in the southwest, which is named after its vineyards. 

Bergerac is the largest city in this area and Monbazillac is renowned for its white wine. 

 The Périgord noir (black), in the southeast, which is named after its holm oak trees and the 

truffles found in the area. Sarlat-la-Canéda is the largest city and most prehistoric sites can 

be found in this subsection of the department. 

 

 The four Périgord subregions 
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The Périgord noir (Figure 3) is an area with rather touristic places such as Montignac-

Lascaux, Sarlat-la-Canéda, and Les Eyzies. It also has two major rivers, namely the river Vézère 

and the river Dordogne, the latter being named after the department. Those two rivers, along 

with all their tributaries, play a very important role in tourism and cultural activities nowadays. 

They may also have influenced the settlement of prehistoric individuals (Pôle d’Interprétation 

de la Préhistoire, n.d.). They shaped the area because of the friable nature of calcareous soil, 

and allowed the development of diverse biomes, which partly explains why the area has been 

inhabited for so long as described by the Interpretation Prehistory Centre, or Pôle 

d’Interprétation de la Préhistoire (PIP).  

 

 The Périgord noir
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3 Literature review 

 Historical and archaeological background of the Périgord noir 

 The role of environmental and cultural parameters in the settlement of 

prehistoric populations in the Périgord noir 

The Pôle d’Interprétation de la Préhistoire has described the state of archaeological 

research in the Périgord noir, especially in the Vézère Valley, in the course of the last two 

centuries. Several parameters make the area the capital of prehistoric archaeology according to 

the PIP (n.d.). First of all, the calcareous nature of soil in the region has preserved numerous 

remains from the prehistory, and from more recent historical periods. Indeed, according to 

Kibblewhite et al. (2015), some environmental factors play a major role in the preservation of 

cultural artefacts and buried material in the soil. When it comes to metal artefacts for instance, 

the authors state that “preservation in alkaline soils formed from calcareous parent materials 

may be augmented by protective carbonate coatings”. More generally, Kibblewhite et al. (2015) 

indicate that soils can be a great predictor in the finding of buried infrastructures. In this way, 

limestone is a particularly favourable type of soil in the formation of caves as it is friable and 

can dissolve in water. Indeed, rainwater turns into a weak carbonic acid solution when it 

“absorbs some carbon dioxide as it passes through the atmosphere” (Davies and Morgan, 1991), 

but also when entering in contact with decaying organic material. Carbonic acid will then wear 

away parts of the soil and create caves under the effects of time. Karst landforms could then 

indicate the existence of caves on a geological point of view and raise the probabilities of 

decorated caves’ occurrences in the area.  

Another important parameter described by the PIP to explain the settlement of prehistoric 

individuals is the existence of an important hydrographic network, as well as a favourable 

climate and topography. The area of study has two main rivers, namely the river Vézère and 

the river Dordogne each having several tributaries, which could have played an important role 

in the occupation of the area throughout time. Basafa and Davari (2020) have studied the 

formation of prehistoric settlements of Kashfarud Basin in Iran and the role of effective factors 

and cultural parameters in that process. They concluded that “suitable environmental conditions 

including climate, important rich water resources, especially Kashfarud River, easy access to 

plant and animal food resources and ecological structure of the region for intra-regional and 

extra-regional communications, cause the formation and emergence of habitat systems to use 

resources”. In the Périgord noir, the combination of similar factors (important hydrographic 

network, climate, and topography) resulted in the creation of numerous and diverse biotopes, 
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offering a wide range of resources even during glaciations according to the PIP. The calcareous 

soil as well as the environmental factors presented above could then have contributed to 

continuous settlement in the area. Other variables such as the elevation, the aspect, the wind 

exposure and the sun exposure of the caves’ entries could also have played a role in the selection 

of the sites by prehistoric individuals. 

 Neanderthal settlements in the Périgord noir: a demonstration of early 

cognitive capacities 

The PIP describes the first occurrences of human settlements in the Périgord noir, 

especially in the Vézère valley, around 400,000 years Before Present (BP) with Neanderthal, 

who disappeared around 30,000 years BP. Soler and Soler (2016) depict Neanderthal as 

hominids who “were perfectly adapted to the land and its resources […] and survived all the 

climate and environmental changes that had occurred throughout the Pleistocene for hundreds 

of millennia”. They also state that Neanderthal disappeared for mysterious reasons “upon the 

arrival of anatomically modern men, who originated in Africa”. Yet, Klein (1995) suggests that 

“anatomically modern Africans largely or wholly replaced archaic Eurasians” due to their 

modern capacity for culture based on more developed cognitive and communicative abilities. 

Still, Neanderthal were able to produce tools as well as art using environmental features. Douka 

and Spinapolice (2012) for instance report that tools made of stone varieties discovered in 

Mousterian sites in southern Europe can be dated from 110,000 years BP to 50,000 years BP 

and can then be considered resulting from Neanderthal making. Aranguren et al. (2018) present 

“a series of wooden tools in an open-air stratified site referable to late Middle Pleistocene” 

which was radiometrically dated around 171,000 years BP. Moreover, uranium-thorium dating 

of carbonate crusts has been used by Hoffmann et al. (2018) in three sites in Spain to 

demonstrate that cave paintings dated from more than 64,000 years BP and were then most 

probably from Neanderthal origin. The authors described the paintings as using two colours, 

namely red and black, and representing “various animals, linear signs, geometric shapes, hand 

stencils, and handprints”. This shows a certain reason of Neanderthal in the choice of 

settlements as well as a sensitivity and behaviours that go beyond primal instinct. 

More importantly, intentional Neanderthal burials occurred in the Périgord noir and in 

surrounding areas, depicting “modern cognitive capacities and behaviours” (Balzeau et al., 

2020). In that perspective, the prehistoric site of the Regourdou in Montignac, Dordogne, is 

depicted by Pelletier et al. (2017) as being “potentially the oldest burial in Western Europe”. 

Furthermore, Rendu et al. (2014) studied Neanderthal burials in La-Chapelle-aux-Saints, in the 
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neighbouring department of Corrèze, and concluded that the Neanderthal remains found on the 

burial site were “deposit in a pit dug by other members of its group and protected by a rapid 

covering from any disturbance”. As for the study by Balzeau et al. (2020), Rendu et al. (2014) 

described their findings as presenting the fact that Neanderthal had the cognitive capacity to 

produce such memorial site. The discovery of those sites gives precious pieces of information 

on the way Neanderthal lived and on its physical and social characteristics according to the PIP. 

Burial sites thus allow the study of the general state of health of buried individuals, potentially 

the age and the cause of death. Artefacts can also be found in or near the sites, which can help 

in the dating of the remains and features. Social characteristics could also be deduced from 

burial sites through the way sepulchres are organised. 

Four main sites presenting traces of Neanderthal have been discovered in the Périgord noir. 

The site of La Ferrassie in Savignac-de-Miremont (Dordogne) has been excavated in the early 

20th century by Denis Peyrony. It was “recently re-excavated and dated Pleistocene site in 

southwest France with evidence of Neanderthal activity spanning MIS 5 to MIS 3” (Pederzani 

et al., 2021). MIS 3, or Marine Isotope Stage 3, started 57,000 years BP, while MIS 5 started 

130,000 years BP. The site of the Regourdou in Montignac was excavated in the 1950s and “a 

Neanderthal burial of a young adult (Regourdou 1) was found in Layer 4” (Pablos et al. 2019). 

Layer 4 corresponds to MIS 4 which started 71,000 years BP. The remains of at least two 

Neanderthal individuals were discovered in the Regourdou resulting from archaeological 

research. The third main site presenting traces of Neanderthal activity in the Périgord noir is 

Roc de Marsal in Campagne (Dordogne). Aldeias et al. (2012) have studied “a series of well-

preserved fire features associated with artefact-rich Neanderthal occupations” resulting from 

new excavations at the prehistoric site of Roc de Marsal. The remains of one Neanderthal 

individual were discovered on this site in 1961 by Jean Lafille. Finally, an adolescent 

Neanderthal skeleton was discovered at Le Moustier (Dordogne) in 1908 by the Swiss 

Antiquary Otto Hauser (Daumas et al., 2021). Those numerous Neanderthal remains on such a 

small area show the richness of the Périgord noir in terms of archaeological potential. 

 Homo sapiens settlements in the Périgord noir and the development of art and 

artefacts 

Neanderthal disappeared around 30,000 years BP and were “swiftly replaced by another 

new civilisation which was very different and more dynamic” (Soler and Soler, 2016). This 

new civilisation is called Homo sapiens, or more informally Cro-Magnon, and arrived from 

Africa to settle in Europe around 40,000 years BP. The name of Cro-Magnon originates from 



12 

 

the name of a rock shelter in the village of Les Eyzies in Dordogne, where “human remains 

morphologically similar to recent humans were discovered by workers” (Thibeault and Villotte, 

2018). The term comes from the Occitan language, a Romance language spoken in the south of 

France and in some parts of Monaco, Spain, and Italy. Cro means hollow, or cave, while 

Magnon could either be the name of a local hermit, or mean large. 

Homo sapiens developed rather sophisticated tools using different features from his 

environment. Otte (2010) describes assegai made from ivory, reindeers’ antlers or bones, but 

also flint tools used for leather working. Furthermore, Gauvrit Roux and Beyries (2018) 

describe hide scraping techniques using hand scrapers made from flint. They also state that “the 

tools were given a longer cycle of use resharpening, reshaping, reusing and adding use zones”, 

supporting the idea that those prehistoric individuals had more advanced cognitive capacities 

than their predecessors. This can be confirmed when studying prehistoric cave art dating from 

the Upper Palaeolithic in the area. 

 Production and preservation of prehistoric art and its interest for cultural 

activities and tourism 

 Decorated caves from the Upper Palaeolithic as the result of the combination 

of social behaviours and favourable environmental factors 

The PIP describes the Périgord noir, and the Vézère valley in particular, as a sanctuary for 

individuals, animals, and plants during the Palaeolithic with a virtually continuous occupation 

of the area throughout this time. In that context, rock shelters and caves played an important 

role in the development of activities of prehistoric individuals. Those geological features were 

used for flint cutting, meat cutting, or hide scraping but were also of major importance in a 

more symbolic perspective through sepulchres and cave paintings. Sites dated from the 

Magdalenian (17,000 years BP to 14,000 years BP) in particular, depict this combination of 

domestic and symbolic activities over long periods of time according to Pinçon and Fuentes 

(2020). Cave art through painting and engraving largely developed during the Upper 

Palaeolithic and show the behavioural abilities of Homo sapiens. For instance, the Grand Panel 

palimpsest in Cussac Cave (Dordogne) “constitutes a true composition whose additions were 

always intentional, […] and refutes the idea that any artist here intended to create a work of art 

for its own sake” (Feruglio et al., 2019). A ‘palimpsest’ is defined as “something such as a work 

of art that has many levels of meaning, types of style, etc. that build on each other” 

(‘Palimpsest’, n.d.). Cave art is also a representation of the world as thought by the artist and 
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its community, and delivers pieces of information on features that surrounded them and on their 

ways of living according to Pinçon and Fuentes (2020). 

Homo sapiens most likely took advantage of geomorphological criteria to create its art, 

using a rather wide range of themes and techniques. The Bernoux Cave in Bourdeilles, 

Dordogne, “revealed several major graphic discoveries” and seem to show “a Palaeolithic 

pictorial group on a larger scale” according to Petrognani et al. (2014). More generally, 

fingerprints, footprints, handprints and engraving are found principally on soft clay walls, while 

harder surfaces were used for sprayed paintings according to the PIP. Art was then adapted to 

the particularities and constraints of natural supports, with light and shades used to bring 

perspective in engraving works for instance. Jouteau et al. (2019) studied geological parameters 

and social behaviours in Cussac Cave, and found evidences “of a strong interaction between 

geological and cultural factors in the selection of the rock art panels” in the cave. More, they 

state that the “people that frequented Cussac Cave linked their cultural goals to what the cave 

had to offer in terms of geology, geomorphology and available space, [optimising] both the 

opportunities and constraints of the cave, thus demonstrating a strong interaction between 

geological and cultural parameters”.  

Several variables then seem to have oriented the choice of prehistoric individuals in the 

selection of caves to produce their art. The PIP describes the aspect, the wind exposure, the 

morphology of the cave, and the proximity to resources (water, food, flint…) as the main 

criteria. Jègues-Wolkiewiez (2007) studied the orientation of the caves and decorated 

Palaeolithic rock shelters, establishing a link between the enlightening of caves and art 

occurrences. The study seems to show that most decorated caves in France are oriented to the 

south, southeast, or southwest, showing a pattern in the selection of caves by prehistoric 

individuals. Those criteria could thus serve as a basis for implementing a predictive model in a 

Geographical Information System (GIS) to describe areas of potential archaeological interest. 

 Conditions of preservation and interest of prehistoric artefacts and vestiges 

related to cultural management and tourism 

Prehistoric artefacts and vestiges present an interest on an historical and archaeological 

point of view, and are important assets in the development of cultural activities and tourism in 

the Périgord noir. Cave paintings have been preserved due to several factors despite 

unfavourable conditions of temperature and humidity. Piguet (2014) describes that paintings 

were preserved because they were done rather deep into the caves, but also because pile of 

rubbles obstructed the entrance of some sites after a crumbling. This most probably preserved 
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the paintings and the walls from damage caused by erosion and humidity, but also from human 

activities. Allowing tourism in those fragile sites has proved to be devastating for caves 

containing prehistoric art. For example, the Lascaux cave in Montignac was discovered in 1940 

by Marcel Ravidat and his dog Robot and closed permanently in 1963.  

Martin-Sanchez et al. (2014) describe the microbial crisis in the Lascaux cave as resulting 

from mass tourism and the levelling performed to facilitate visits. More particularly, the authors 

describe damage on the paintings as “produced by visitors’ breath, lighting and algal growth” 

over a period of 20 years only which shows how fast vestiges can degrade. Understanding how 

microorganisms disperse can thus be an asset in proper cave management on a cultural point of 

view. For instance, the managers of the cave of Font-de-Gaume in Les Eyzies restrict the 

number of visitors that can enter the cave each day during the high season, and close the cave 

in the low season to balance carbon dioxide levels and humidity levels over the year. 

In addition of being important for a better knowledge of our history, prehistoric decorated 

caves attract many people in the Périgord noir every year and have large positive impacts on 

local businesses. Helping in the prediction of occurrences of new prehistoric sites could then 

present several positive outcomes. First, new valuable artefacts and vestiges could be 

discovered, which could improve current knowledge on the Palaeolithic time. Next, this could 

help in the development of tourism and cultural activities in spite of prehistoric vestiges being 

very fragile as shown by Piguet (2014) and Martin-Sanchez et al. (2014). In that perspective 

and as always in cultural management and tourism, a balance should be found between the use 

of a site and its preservation.  

 Predictive modelling 

 Defining predictive modelling and its applications 

Balla et al. (2013) describe the aim of predictive modelling in archaeology as “establishing 

a causal relationship between certain environmental parameters and known archaeological site 

locations, in order to create a statistical model based on that relationship that can be applied to 

unsurveyed areas”. The aim is then the identification of patterns, assuming the populations from 

the studied periods did not select the sites randomly, but that this selection was instead the 

“result of logical decisions based on geographical considerations and factors related to human 

activity” (Balla et al., 2013). This idea is also described by Brandt et al. (1992) who state that, 

assuming patterned human behaviours, “locational behaviours should exhibit non-random 

tendencies”. In addition, Verhagen (2007) specifies that those non-random-tendencies result 
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from the assumption that “certain portions of the landscape were more attractive for human 

activities than others”.  

Locational behaviours are still visible today as people tend to select places to settle related 

to more modern resources available nearby. For instance, Tallon and Bromley (2004) found out 

that British city centres were attractive in particular for the “convenience of being close to points 

of employment and consumption”. However, they also note that “the attractions […] are not 

uniform between social groups and across city centres”. Moreover, Thomas et al. (2015) 

conducted a survey describing the choice of a residential location in Great Britain as depending 

on several push and pull factors. They concluded that, for people aged 25-34, proximity to 

workplace, leisure and cultural facilities was determining in the choice of a residential location, 

being close to good schools was a main pull factor for people aged 35-54, and the proximity to 

green spaces was “the reason given most commonly by those aged 55 years and over”.  

Furthermore, predictive modelling can be used to enrich current archaeological knowledge 

and develop activities related to tourism and cultural heritage. It is also a very useful tool to 

save prospection time as it gives an initial representation of the potential distribution of 

undiscovered sites over a specific area. In that perspective, it appears as a convenient 

methodology to compensate for lacks of funding, in limiting excavation costs for instance. 

Indeed, Brandt et al. (1992) describe “the process of archaeological discovery [as] a labour-

intensive and expensive activity” with the need to make choices in order to find “the most 

suitable places to conduct the limited amount of survey it is possible to undertake given 

available resources”. Verhagen (2007) adds that predictive modelling is a central piece in 

Cultural Resource Management (CRM) and can be influenced by the academic or political 

contexts. 

Predictive modelling using a GIS to study potential occurrences of decorated caves from 

the Upper Palaeolithic in the Périgord noir has not yet been done. Nonetheless, predictive 

modelling is a tool that has been widely used in the field of archaeological research in the past 

decades to explain settlement patterns and artefacts occurrences in diverse areas and for 

different periods of time. For instance, Graves (2011) used a predictive model based on logistic 

regression to identify Neolithic chambered cairns, timber halls, and pits, as well as occupation 

activity in mainland Scotland. Gillespie et al. (2016) applied the maximum entropy algorithm 

Maxent to the Indian sub-continent for the location of Ashokan edicts, while Kondo et al. (2012) 

developed predictive models for palaeoanthropological research using the same algorithm. 

Furthermore, Parow-Souchon et al. (2021) produced a model based on MCDA to locate Upper 
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Palaeolithic sites in the Southern Levant. A more experimental process was also tested by 

Mertel et al. (2018) with a predictive model based on machine learning and graph comparison 

to detect prehistoric sites in the Bohemian-Moravian Highlands. There is then a wide range of 

techniques that exist to create and apply predictive models which are mostly data-driven, as 

opposed to theory-driven models. As explained by Verhagen (2007), the data-driven approach 

is based on a set of statistical tests carried out to find relationships between known 

archaeological sites and the selected variables representing environmental factors. The model 

is then applied to a larger area to detect potential sites of interest. 

 Multi-criteria methodologies in the scope of predictive modelling 

Many studies in the literature imply the use of a multi-criteria approaches for building 

predictive models in archaeology. Andalecio (2011) states that multi-criteria approaches “may 

appear in the literature as multi-criteria analysis (MCA), multiple criteria decision-making 

(MCDM) or multi-criteria evaluation (MCE)”. Andalecio also states that, regardless of the 

terminology, multi-criteria approaches aim at the examination of different choice options. 

Greene et al. (2011) justify the development of MCDA from the 1970s as a “reaction to single-

criterion optimisation techniques, most notably linear programming”. In that perspective, 

Verhagen (2007) defines Multi Criteria Decision Making related to predictive modelling as “a 

set of systematic procedures for analysing complex decision problems”. He specifies that 

MCDM can be broken down into the definition of a goal, the selection of evaluation criteria, 

the integration of the decision maker’s preferences, the formulation of decision alternatives, 

and the calculation of the possible outcomes. 

 Selection of the criteria 

The selection of the different criteria is fundamental in the implementation of a MCDA in 

the scope of predictive modelling. For instance, Balla et al. (2013) performed “an extensive 

archaeological literature research, followed by field survey, in order to locate the tombs in the 

areas indicated by the literature references”, which resulted in the selection of “four 

environmental (altitude, slope, soil hardness, distance from rivers) and two cultural parameters 

(distance from settlements, distance from roads).” Their survey concluded that “the evaluation 

of the model demonstrated the validity of the proposed methodology”. Similarly, Nicu et al. 

(2019) selected three factors (soil type, heat load index, and slope position classification) to 

model and predict areas that were likely to host Eneolithic sites after studying the archaeological 

background in northeast Romania. They used 20% of the sites to validate the model and came 
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up “with a success rate of 72% [and] a prediction rate of 75%”. Elevation, slope, aspect, 

permanent water network and modern settlements were considered as parameters by Perakis 

and Moysiadis (2011) in the implementation of a predictive model regarding the archaeological 

sites of Magnesia in Greece. They derived high probability areas of finding new sites for further 

on-field research. Moreover, Graves (2011) describes “elevation, slope, aspect, local relief, 

distance to the nearest source of water, cost-distance to the nearest source of water, and 

viewshed” as the most commonly used variables when implementing an archaeological 

predictive model. She proposes “that areas attractive for settlement and occupation activities 

may have been identified by modelling locations of related sites”. Even though most studies 

cited in this paper have been mathematically validated, on-field confirmation still need to be 

carried out. 

In order to be usable in the analysis, the data layers representing the different criteria will 

usually have to be pre-processed to extract valuable and exploitable pieces of information. The 

aspect and the slope can for instance be derived from a Digital Elevation Model (DEM) using 

tools included in a GIS software. Another example could be the analysis of the proximity to 

water through the creation of buffer zones around hydrological features. As specified by 

Malczewski (1999) “each criterion should be represented as a map layer in the GIS database”. 

 Standardisation of the criteria 

Malczewski (1999) also states that the values contained in each layer used in an MCDA 

should be transformed to comparable units, which is supported by Greene et al. (2011) who 

describe “MCDA’s greatest strength [as] its ability to simultaneously consider both quantitative 

and qualitative criteria, as long as the latter can be represented using an ordinal or continuous 

scale”. Criteria then have to be standardised which can be done using different techniques such 

as linear scale transformation, probabilities, value/utility function, or fuzzy set membership. 

The use of a numerical rating scale will be applied in this report because it appears as a simple 

but rather accurate rescaling method. It relates to the definition of linear scale transformation 

given by Kalmijn (2014) and is achieved by assigning a value of “0” to the least favourable 

situation and a value of “10” to the best possible situation on a common rating scale. 

 Weighting of the criteria 

Once standardised, the selected criteria should be assigned a weight so that they are 

incorporated in the MCDA process. Weighting thus appears as essential in order “to express 

the importance of each criterion relative to other criteria” (Malczewski, 1999). Greene et al. 
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(2011) listed four weighting techniques which are ranking, rating, trade-off analysis, and 

Analytic Hierarchy Process (AHP). Ranking is described as a simple conversion of the rank of 

a criteria to a weight using rank sum, rank reciprocal, or rank exponent. Rating will be used in 

this research project and consists in assigning a value to each criterion on a common scale, all 

weights eventually adding up to a defined value (1 or 100 in general, even though any other 

value can be selected by the decision maker). Trade-off analysis and AHP both work comparing 

criteria pair-wise and can sometimes rely on fuzzy logic.  

The literature shows diverse uses of weighting techniques and different approaches 

regarding the selection of a method. Balla et al. (2013) used AHP in their work and defined the 

process as “a structured technique for organising and analysing complex decisions”. In the same 

way, Nsanziyera et al. (2018) have proposed a model based on AHP-weighted criteria in the 

Awsard area in Morocco to identify tumuli locations. They add that there are several levels in 

AHP with a main objective, different criteria, possible sub-criteria, and several alternatives for 

each criteria or sub-criteria. Nonetheless, Ishizaka and Labib (2011) point out some limitations 

of the AHP technique such as the assumption of criteria independence and the arbitrary choice 

of a hierarchy and of a judgement scale. 

Nsanziyera et al. (2018) in their study of Awsard area also assure that weights can be 

assigned using statistical analysis about known sites, personal knowledge, and expert opinion 

on the research subject. Parow-Souchon et al. (2021) convey the same idea stating that multiple 

datasets “can be weighted according to their perceived importance”. In addition, van Leusen 

and Kamermans (2005) insist on the fact that predictive models are usually partly subjective as 

they include expert judgement in the MCDM process. Balla et al. (2013) support a similar way 

of proceeding by showing that even AHP relies on the decision maker’s judgement. Finally, 

Stirn (2014) hypothesised on the significance of each criterion based on deductive reasoning 

and field observation, weighting the attributes “on a scale of observed frequency with 

unanimous weighted highest and occasional, lowest”. Highlighting the fact that models include 

a share of subjectivity is essential and shows they are imperfect by nature. Probability maps 

resulting from multi-criteria analyses should then be treated with care and serve as a basis for 

more advanced analysis. 
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 Aggregation of the criteria 

Weighted criteria should be combined to form the final prediction regarding the location 

of artefacts, vestiges, or decorated caves. Different procedures exist to aggregate criteria and 

Greene et al. (2011) present some of them in their study. The Weighted Linear Combination 

(WLC) for instance “multiplies normalised criteria scores by relative criteria weights for each 

alternative” and is used by Rua (2008) in the location of Roman villae in Portugal. This 

“weighted-map-layer-approach” is also used by Stirn (2014) in the location of late-prehistoric 

villages in the Wind River Range, Wyoming. Rua (2008) also proposes binary overlay as an 

aggregation technique, which is based on the attribution of 0-or-1 scores to each criterion. 

Greene et al. (2011) present fuzzy additive weighting and ordered weighted average as other 

aggregation methods. 

 Model accuracy assessment using Kvamme Gain 

The model that was created and applied to the area of interest should finally be validated 

in order to assess its relevance and its accuracy. As for all previous steps, several methods exist 

to perform such validation. This report focuses on a widely used tried-and-tested validation 

method called Kvamme Gain (KG), named after anthropologist Kenneth Kvamme. According 

to Harris (2018), the KG metric “would indicate what was to be gained over random 

predictions”. Diwan (2020) then proposes an equation of KG as: 

G =  1 −  (% PS / % GS) 

“Where G is the gain mode, PS is the percentage of the [total study] area characterized by 

the highest probability of hosting archaeological sites, and GS is the percentage of observed 

archaeological sites within this area”. Kvamme Gain produces values comprised between -1 

and 1. Galletti et al. (2013) affirm that a KG value approaching 1 indicates “the model performs 

better than random chance”. They also state that “negative values mean the model is working 

contrary to its intended purpose”. Finally, they assert that “a value of zero or near zero means 

the model performs no better than random chance”. Nicu et al. (2019) used KG as a validation 

procedure for their Archaeological Predictive Modelling (APM) study in northeast Romania, 

considering a KG of 0.56 as a satisfactory value. Verhagen (2007) described a medium 

probability of locating archaeological sites with a KG of 0.13 and a high probability of doing 

so with a KG of 0.663. 
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4 Model-building process 

 Formation of the problem and selection of a methodology 

The methodology presented in Table 2 was developed following a thorough review of the 

scientific literature. The selection of the different criteria is based on existing case studies, as 

well as on the archaeological background of the area of interest and personal judgement. The 

standardisation of the different criteria will be done through the definition of a numerical rating 

scale using frequencies, while weighting will be done using rating. Weighted linear 

combination will be used to combine the parameters and Kvamme Gain will be applied to 

validate the model. The study of the selected variables first aims at defining if common 

parameters exist between decorated caves. If so, the predictive model developed in this research 

should specify areas of high probabilities of Upper Palaeolithic decorated caves occurrences 

rather than specific point-locations as caves can cover a large underground area. 

Table 2. Multi-criteria methodology steps selected for the analysis and the building of the 

predictive model 

Step number Processing steps Procedure 

1 Selection Literature review and archaeological background 

2 Standardisation Numerical rating scale through frequencies analysis 

3 Weighting Rating 

4 Aggregation Weighted linear combination 

5 Model validation Kvamme gain 

 Selection of criteria and data collection 

The base of the predictive model presented in this study is then the collection of valuable 

data representing the criteria selected to build the predictive model. The selection of the criteria 

was made using the knowledge gained from the literature research and the available datasets 

for the area of study. The different criteria selected are elevation, slope, aspect, and proximity 

to water and are presented in Table 3, along with the datasets used to extract the variables. The 

metadata of the different layers are displayed in the Appendix section. Balla et al. (2013) used 

altitude, slope, and distance from rivers to build their model while elevation, slope, aspect, and 

permanent water network were used by Perakis and Moysiadis (2011) in a similar experiment. 



22 

 

Stirn (2014) only used elevation, sun exposure, and slope, showing that predictive modelling 

can be done using few criteria. The literature research also shows that the range of criteria used 

in predictive modelling for the location of prehistoric sites usually fluctuates between three and 

seven criteria. 

Table 3. Variables and datasets used in the predictive model 

Primary dataset Class Extracted variable 

Mérimée database Database Decorated caves 

Copernicus DEM Raster Elevation, slope, and aspect 

Copernicus Hydrological network Line Feature Proximity to water 

A DEM with a 25-metre resolution and a ± 7-metre RMSE vertical accuracy covering 

Europe, and the European hydrological network were downloaded from the Copernicus 

programme website (2016; 2019). The administrative boundaries of France were obtained from 

the database of the French government. The location of Upper Palaeolithic decorated caves in 

the Périgord noir was obtained through the website Monumentum (2022) and the Mérimée 

database of the French Ministry of Cultural Affairs (n.d.). Those organisations appear as two 

reliable sources of information for the listing of Upper Palaeolithic decorated caves in the area 

of study. Indeed, the Mérimée database lists all historical monuments in France from the 

prehistory to modern times and was used to gather a preliminary list of the decorated caves. 

The website Monumentum is linked to the Mérimée database and adds valuable pieces of 

information such as the precise localisation of the caves as point data. Both sources were then 

used concurrently to produce the list of twenty-two decorated caves presented in Table 4. This 

list serves as a basis for the development of the predictive model and for its validation. While 

the number of sites needed to build a predictive model is not clearly defined, the literature shows 

that Perakis and Moysiadis (2011) used a list of 56 known Neolithic sites in Greece, Gillespie 

et al. (2016) used the location of 29 Ashokan edicts in India, and Stirn (2014) only used the 

location of 6 prehistoric villages in Wyoming, USA, to build their model. 
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Table 4. The decorated caves from the Upper Palaeolithic in the Périgord noir, extracted 

from the Monumentum and the Mérimée database 

Location Name Type of art 

Campagne Grotte de la Muzardie Engravings 

Domme 

Grotte du Mammouth Engravings 

Grotte du Pigeonnier Engravings 

Grotte de la Martine Engravings and paintings 

Le Bugue Grotte de Bara-Bahau Engravings 

Les Eyzies 

Grotte de Font-de-Gaume Engravings and paintings 

Grotte de la Croze Not specified 

Grotte de la Mouthe Engravings and paintings 

Grotte des Combarelles I Engravings 

Grotte des Combarelles II Engravings 

Grotte du château de Comarque Engravings and sculptures 

Grotte de Nancy Engravings 

Marquay 

Grotte de Puymartin Engravings 

Grotte de la Grèze Engravings 

Meyrals 

Grotte de Bernifal Engravings 

Grotte de Sous-Grand-Lac Engravings 

Montignac Grotte de Lascaux Engravings and paintings 

Rouffignac Grotte du Cro de Granville Engravings and paintings 

Saint-Cirq Grotte du Sorcier Engravings 

Tursac Grotte de la Forêt Engravings 

Villac Grotte de la Sudrie Engravings 

Vézac Grotte du Roc Not specified 

Source: Monumentum.fr and French Ministry of Cultural Affairs (Mérimée database) 
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 Data pre-processing 

The various datasets presented were pre-processed in order to extract the criteria to be used 

in the analysis. All layers were assigned a 25-metre cell resolution and were projected to 

Lambert-93, which is a conformal conic projection based on RGF93 geodetic system. The 

reference parallels are 44°N and 49°N according to the French National Institute of Geographic 

and Forest Information (IGN, n.d.-b). The choice of Lambert-93 as a projected coordinate 

system relies on multiple motives. First, order 2006-272, which came into effect in France on 

March, 3rd, 2006 (Journal Officiel, 2006), defines Lambert-93 as the official projection 

coordinate system in France. The order states that all geographical data should be harmonised 

and projected to Lambert-93 in order to facilitate the production and exchange of datasets. 

Moreover, as a conformal conic projection, Lambert-93 map projection maintains directions, 

angles and shapes at infinitesimal scale (ESRI, n.d.). This is important in the processing of the 

aspect layer used in the analysis as it displays directions. Furthermore, ESRI states that a 

conformal conic projection does not preserve distances fully, with “distances [being] accurate 

only along the standard parallels”. The study area is located along parallel 45°N which could 

slightly distort distances away from the 44°N standard parallel. Nonetheless, the IGN (n.d.-a) 

specifies that the linear alteration is in the range of 500mm/km around parallel 45°N, which 

seems like a reasonable alteration for the creation of 300-metre wide buffer zones. All 

properties cannot be maintained when using projection coordinate systems, nevertheless, 

Lambert-93 maintains directions, angles, and shapes, and preserves distances to a certain extent. 

In that perspective, it appears as a suitable projection coordinate system for the implementation 

of a predictive model in the field of archaeology in the Périgord noir.  

The boundaries of the Périgord noir were then extracted from the administrative boundaries 

of France through a Select by attribute query. This layer is used as a mask for other layers 

composing the model and was presented previously in Figure 3. The layer containing decorated 

caves was created using point data from the Mérimée database. In order to produce that layer 

in particular, the coordinates of the different caves were compiled in an Excel file which was 

processed through the Coordinate table to point tool in ArcGIS. The resulting layer presenting 

the distribution of decorated caves from the Upper Palaeolithic is displayed in Figure 4. The 

Digital Elevation Model (Figure 5) was clipped to the study area through the Extract by mask 

geoprocessing tool. The slope (Figure 6) and aspect (Figure 7) were then derived from the 

DEM using Slope and Aspect geoprocessing tools respectively. The hydrological network 

(Figure 8) was also clipped to the study area using the Extract by mask geoprocessing tool. 
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 Distribution of decorated caves in the Périgord noir 
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 Digital Elevation Model (DEM) of the Périgord noir 
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 Slope (degrees) in the Périgord noir 
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 Aspect (direction) in the Périgord noir 
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 Hydrological network of the Périgord noir 
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 Quantification and standardisation of the criteria 

The different layers were then quantified in order to produce individual probability maps 

for each criterion. The four criteria were treated as factors in the multi-criteria evaluation 

process. Statistical analysis was carried out for the different criteria selected in order to decide 

on classes for each factor, similarly to Balla et al. (2013) who used the median value and its 

multiples for each point to define classes for their criteria. In this case study, all four factors 

were standardised so that they are distributed over a 1-to-5 scale, as derived from the 0-to-10 

scale presented by Kalmijn (2014). The value “1” represents a very low probability while the 

value “5” represents a very high probability (Table 5). The same procedure was used by Balla 

et al. (2013) who used a 0-to-5 scale to assign values to their factors. 

Table 5. Value-scale correspondence 

Value Probability 

1 Very low 

2 Low 

3 Medium 

4 High 

5 Very high 

 Elevation 

The Zonal Statistics as Table tool was used to determine the elevation of each decorated 

cave. The elevation in the study area ranges from 48 metres to 354 metres. Table 6 shows a 

range of statistics calculated for the twenty-two decorated caves situated in the Périgord noir. 

Table 6. Statistics on decorated caves regarding elevation  

Elevation Value (metres) 

Minimum 93 

Maximum 229 

Mean 139 

Median 130 

The elevation ranges containing no decorated caves were classified in the low probability 

range (value 1). Classes of an equal width of 34 metres were then defined using the results of 

zonal statistics in the 93-to-228-metre range. The percentage of decorated caves inside the six 

classes were calculated and the value assigned according to the result (Table 8). 
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Table 7. Elevation classes 

Class (metres) Caves inside class (%) Value 

< 93 0 1 

93 to 127 41 5 

128 to 161 32 4 

162 to 195 18 3 

196 to 229 9 2 

> 229 0 1 

The DEM was then reclassified according to the values displayed in Table 7 in order to 

produce a probability map for the elevation criterion (Figure 9). 

 

 Probability map for the elevation criterion 
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 Slope 

A similar procedure was applied to the slope criterion in order to produce a probability 

map. Zonal statistics were first calculated to determine the slope of each decorated cave. Table 

8 shows statistics for the twenty-two decorated caves of the study area. The slope was calculated 

in degrees rather than in percentage. 

Table 8. Statistics on decorated caves regarding slope 

Slope Value (degree) 

Minimum 4 

Maximum 56 

Mean 26 

Median 28 

The slope ranges containing no decorated caves were classified in the low probability class 

(value 1). Classes of an equal width of 13 degrees were then defined using the results of zonal 

statistics in the 4-to-56-degree range. The percentage of decorated caves inside the four classes 

were calculated and the value assigned according to the results (Table 9). 

Table 9. Slope classes 

Class (degrees) Caves inside class (%) Value 

< 4 0 1 

4 to 17 23 3 

18 to 30 41 5 

31 to 43 32 4 

44 to 56 4 2 

> 56 0 1 

The slope layer was then reclassified according to the values displayed in Table 9 in order 

to produce a probability map for the slope criterion (Figure 10). 
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 Probability map for the slope criterion 

 Aspect 

The aspect layer was processed in a slightly different way in order to produce a probability 

map for that criterion. Zonal statistics were calculated once again to determine the aspect of 

each decorated cave. The minimum, maximum, mean, and median values do not appear as 

valuable elements for the processing of that layer because they only relate to directions. The 

different values were rather converted to directions in order to produce a probability map for 

the aspect variable (Table 10). 
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Table 10. Value-to-direction correspondence for aspect layer 

Value Direction 

-1 Flat 

0 to 22.5 North 

22.5 to 67.5 Northeast 

67.5 to 112.5 East 

112.5 to 157.5 Southeast 

157.5 to 202.5 South 

202.5 to 247.5 Southwest 

247.5 to 292.5 West 

292.5 to 337.5 Northwest 

337.5 to 360 North 

The aspect ranges containing no decorated caves were classified in the low probability 

range (value 1). Classes were then treated individually according to the direction and the 

percentage of decorated caves inside each direction class (Table 11). 

Table 11. Aspect classes 

Class (direction) Caves inside class (%) Value 

Flat 0 1 

North 23 5 

Northeast 0 1 

East 14 3 

Southeast 18 4 

South 0 1 

Southwest 18 4 

West 18 4 

Northwest 9 2 

The aspect layer was then reclassified according to the values displayed in Table 11 in 

order to produce a probability map for the aspect criterion (Figure 11). 
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 Probability map for the aspect criterion 

 Proximity to water 

The hydrological network layer was processed in a different way. Indeed, buffer zones 

were created to allow the extraction of valuable data to be used in the predictive model. In order 

to create appropriate buffers, the geoprocessing tool Generate Near Table was first used to 

calculate distances between features that are close with one another. The decorated caves layer 

and the hydrological network layer were used as “input” and “near” features in that process. 

The result is a standalone table showing the distance between each decorated cave and the 

closest point on the line features from the hydrological network layer (Table 12). 
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Table 12. Results from the Generate Near Table process showing the shortest distance 

between decorated caves and water streams 

Name Closest water stream Shortest distance (metres) 

Grotte de la Muzardie La Vézère 375 

Grotte du Mammouth La Dordogne 779 

Grotte du Pigeonnier La Dordogne 841 

Grotte de la Martine La Dordogne 283 

Grotte de Bara-Bahau Ruisseau de Ladouch 415 

Grotte de Font-de-Gaume La Beune 447 

Grotte de la Croze La Vézère 361 

Grotte de la Mouthe La Vézère 942 

Grotte des Combarelles I La Beune 163 

Grotte des Combarelles II La Beune 168 

Grotte du château de Comarque La Beune 133 

Grotte de Nancy La Petite Beune 139 

Grotte de Puymartin La Petite Beune 74 

Grotte de la Grèze La Beune 180 

Grotte de Bernifal La Petite Beune 222 

Grotte de Sous-Grand-Lac La Petite Beune 194 

Grotte de Lascaux Le Doiran 1,115 

Grotte du Cro de Granville Le Labinche 247 

Grotte du Sorcier La Vézère 759 

Grotte de la Forêt La Vézère 108 

Grotte de la Sudrie L’Elle 136 

Grotte du Roc Ruisseau de Pontou 532 

The values from the standalone table were used to design the buffers for the hydrological 

network layer. The distribution of decorated caves according to the shortest distance from a 

water stream (Figure 12) shows that the number of caves in a range decreases as the distance 

from water increases. Moreover, natural breaks seem to form approximately every 300 metres, 

a distance that will then be used to define buffers for the analysis (Table 13). 
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 Distribution of the decorated caves derived from the Generate Near 

Table geoprocessing tool 

Table 13. Distance to water classes 

Class (metres) Caves inside class (%) Value 

0 - 300 54 5 

300 - 600 23 4 

600 - 900 14 3 

900 - 1200 9 2 

> 1200 0 1 

The buffers were created using the Multiple Ring Buffer geoprocessing tool and the 

resulting layer was converted to raster using the Feature to Raster geoprocessing tool. The layer 

showing distances were then reclassified so that each class is assigned the values presented in 

Table 13. The derived probability map presenting the proximity to water criterion is then 

presented in Figure 13. 
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 Probability map for the proximity to water criterion 

The classes were then defined using statistical elements extracted from the different layers 

as described in the methodology. The criteria were then normalised on a common scale so they 

could be weighted and aggregated in order to produce a global probability map showing areas 

of high archaeological potential regarding Upper Palaeolithic decorated caves in the Périgord 

noir. 

 Weighting of the criteria 

The importance of each criterion was then defined depending on their degrees of 

significance. Weighting can be arbitrary and often highly depends on subjectivity and expert 

judgement as highlighted by Verhagen (2007). Balla et al. (2013) support the same idea, stating 

that the weights can be assigned using the perceived meaning and importance of the different 
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parameters. Moreover, Nsanziyera et al. (2018) depict the assignment of weights as relying on 

expert judgement, but also that criteria can be weighted or unweighted. Unweighted criteria are 

then assigned the same weight and are considered as being of equal importance. Choices were 

thus made during this research in order to define a weight for each of the four criteria. The 

rating method through the implementation of a 0-to-1 scale was first decided on as it appears 

as a relatively straightforward technique to assign weights to the selected parameters. All 

weights will then be comprised between 0 and 1, eventually adding up to 1. The literature shows 

that Stirn (2014) assigned a 0.5 weight to elevation, a 0.3 weight to slope, and a 0.2 weight to 

aspect. Parow-Souchon et al. (2021) weighted all datasets equally in their assessment of site 

expectancy in the Southern Levant. Mertel et al. (2018) described the access to water variable 

as highly significant compared to elevation and slope. It was decided to assign the same weight 

to all criteria as the literature does not state clearly if some criteria should be considered more 

important than others, even though some criteria are weighted higher than others in some case 

studies. The different references also show different treatment of the weights for identical 

criteria. Table 14 then presents a summary of the criteria and their characteristics to be used in 

the final step of the multi-criteria analysis. 

  



40 

 

Table 14. Selected criteria, standardised classes and criteria weights  

Factor  Description Classes Value Weight 

Elevation Altitude in metres < 93 and > 229 

196 to 229 

162 to 195 

128 to 161 

93 to 127 

1 

2 

3 

4 

5 

0.25 

Slope Slope in degrees < 4 and > 56 

44 to 56 

4 to 17 

31 to 43 

18 to 30 

1 

2 

3 

4 

5 

0.25 

Aspect Aspect in directions Flat, northeast, and south 

Northwest 

East 

Southeast, southwest, and west 

North 

1 

2 

3 

4 

5 

0.25 

Proximity 

to water 

Buffer zones in metres > 1200 

900 - 1200 

600 - 900 

300 - 600 

0 - 300 

1 

2 

3 

4 

5 

0.25 
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5 Results and model validation 

 Aggregation of the criteria and predicted zones 

The aggregation of the different criteria and probability maps is done using Weighted 

Linear Combination (WLC). The WLC methodology is used by Balla et al. (2013) who describe 

it as a method “whereby each criterion’s value is multiplied with the value of its weight and the 

results are summed”. The WLC methodology is also expressed mathematically through the 

equation: 

𝑆 = Σ𝑤𝑖𝑥𝑖 

Where: 

 S is the probability of Upper Palaeolithic decorated caves occurrence 

 wi the weight of a criterion  

 xi the value of a criterion. 

The Raster Calculator in ArcGIS appeared as the most convenient tool to aggregate the 

different variables in order to produce a map of the different probability classes. The weights 

of each criterion were multiplied for each cell in the different rasters and added as described in 

a mathematical way by the following operation: 

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑐𝑙𝑎𝑠𝑠 =  𝐸𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 ∗ 0.25 + 𝑆𝑙𝑜𝑝𝑒 ∗ 0.25 + 𝐴𝑠𝑝𝑒𝑐𝑡 ∗ 0.25 + 𝑃𝑟𝑜𝑥𝑖𝑚𝑖𝑡𝑦 𝑡𝑜 𝑤𝑎𝑡𝑒𝑟 ∗ 0.25 

The final probability map (Figure 14) resulting from the operation was reclassified 

according to Table 15 in order to design five distinct probability classes. 

Table 15. Reclassification parameters for the final probability map of Upper Palaeolithic 

decorated caves occurrences in the Périgord noir 

Range Reclassification value Probability 

1 - 1.8 1 Very low 

1.8 - 2.6 2 Low 

2.6 - 3.4 3 Medium 

3.4 - 4.2 4 High 

4.2 - 5 5 Very high 
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 Map results showing probability zones and distribution of known 

Upper Palaeolithic decorated caves in the Périgord noir 

The map displaying probability zones and distribution of known Upper Palaeolithic 

decorated caves in the Périgord noir shows that zones of very high probability seem to be close 

to water streams, especially the Vézère River and the Dordogne River. It also shows that known 

decorated caves seem to be distributed in areas of relatively high probability of finding 

undiscovered decorated caved. Areas farther away from water streams do not seem to have 

great archaeological interest as they seem mostly classified in the low-to-medium probability 

classes. In order to be valuable and quantifiable, those preliminary observations of the results 

need to be processed in some way and the model validated.  
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 Model validation using Kvamme Gain 

The results presented in this report shows that it seems possible to design a model from the 

values extracted from the selected criteria. However, according to Balla et al. (2013), “the fact 

that it has been possible to construct a predictive model does not in itself guarantee the accuracy 

of its predictions” and “the validation of the model must be examined with reference to the 

areas”. Thus, Kvamme Gain is described by Harris (2018) as presenting “what was to be gained 

over random prediction”. It then seems an appropriate method of measurement for assessing 

the accuracy of the predictive model and showing its relevance in the case of detecting areas of 

high archaeological potential for Upper Palaeolithic decorated caves in the Périgord noir. 

Kvamme Gain requires two main parameters, namely “the percentage of the area characterised 

by the highest probability of hosting archaeological sites (PS) and the percentage of observed 

archaeological sites within this area (GS)” (Diwan, 2020). The equation to be used as presented 

in the literature review then is: 

G =  1 −  (% PS / % GS) 

The attribute table corresponding to the map presented in Figure 14 was first analysed to 

get the number of pixels for each probability class (Table 16). The percentage of each area over 

the total area was also calculated to derive PS (Table 17). 

Table 16. Attribute table of the map showing probability zones and distribution of known 

Upper Palaeolithic decorated caves in the Périgord noir 

Probability value Count (number of pixels) 

1 350,829 

2 1,191,911 

3 1,123,795 

4 852,723 

5 181,861 

Total 3,701,119 
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Table 17. Share of each probability class in the map showing probability zones and 

distribution of known Upper Palaeolithic decorated caves in the Périgord noir 

Probability value Count (number of pixels) Share (%) 

1 350,829 9.49 

2 1,191,911 32.20 

3 1,123,795 30.36 

4 852,723 23.04 

5 181,861 4.91 

Total 3,701,119 100.00 

The value of PS is then 4.91%, meaning that 4.91% of the total area of the Périgord noir 

has a very high probability of containing undiscovered Upper Palaeolithic decorated caves. GS 

then needs to be determined as well in order to define the share of existing decorated caves 

inside PS. Table 18 displays the number of decorated caves inside each probability class as 

well as their corresponding percentage. 

Table 18. Distribution of decorated caves within each probability class of the map of 

probability zones for Upper Palaeolithic decorated caves in the Périgord noir 

Probability value Number of decorated caves Share (%) 

1 0 0.00 

2 0 0.00 

3 4 18.18 

4 7 31.82 

5 11 50.00 

Total 22 100.00 

With a PS of 4.91% and a GS of 50%, KG can now be calculated using the mathematical 

formula: 

G =  1 −  (4.91 / 50) 

The result of the calculation of Kvamme Gain is 0.9018, meaning that 50% of the known 

decorated caves in the Périgord noir fall in the very high probability area of 4.91% of the total 

study area. 
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 Application of the model to the rest of the department of Dordogne 

The model was applied to the rest of the department of Dordogne in order to check for its 

relevance on a wider scale. A list of seven caves containing Upper Palaeolithic decorated caves 

was compiled using the website Monumentum and the Mérimée database of the French 

Ministry of Cultural Affairs (Table 19). All four variables were processed in the same way as 

in the predictive model derived from the Périgord noir datasets, in order to produce a probability 

map for the whole department of Dordogne (Figure 24). 

Table 19. Additional list of known Upper Palaeolithic decorated caves found in the 

Dordogne department 

Location Name Type of art 

Bourdeilles Grotte des Bernoux Engravings 

Champeaux-et-la-

Chapelle-Pommier 
Grotte de la Font-Bargeix Paintings and engravings 

Couze-et-Saint-Front Grotte de la Cavaille Paintings 

La-Tour-Blanche Grotte de Jovelle Engravings 

Le Buisson-de-Cadouin Grotte de Cussac Engravings 

Saint-Martin-de-

Fressengeas 
Grotte des Fraux Not specified 

Vieux-Mareuil Grotte de Fronsac Engravings 

Source: Monumentum.fr and French Ministry of Cultural Affairs (Mérimée database) 
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 Map results showing probability zones and distribution of known 

Upper Palaeolithic decorated caves in the department of Dordogne 

The map presented in Figure 15 shows greater variability in the pixels values than the map 

focusing on the Périgord noir (Figure 14). Indeed, some areas close to water streams in the 

west and in the northeast of the Dordogne department seem to have very low to low probability 

of containing undiscovered decorated caves. This demonstrates that the model is not dependent 

on the proximity to water variable as the map of the Périgord noir could have suggested. The 

map of the Dordogne department also shows that the validation set of seven decorated caves 

seem to belong to medium to very high probability zones. The attribute table of the newly 

created raster file was thus analysed to confirm those observations. Table 20 shows that no 
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additional cave was to be found in the very low probability zone while four of them are in the 

medium probability class. Two decorated caves are found in either high or very high probability 

zones which denotes the model produces reasonable results when applied to the rest of the 

department. 

Table 20. Affiliation of additional decorated caves in the different probability classes from 

the Périgord noir predictive model 

Probability value Number of decorated caves within the probability class 

1 0 

2 1 

3 4 

4 1 

5 1 

Producing a validation dataset of seven decorated caves allows the calculation of a new 

KG value. Table 21 shows the number of pixel per probability class that was first analysed 

using the attribute table corresponding to Figure 15. The share of each probability class in the 

map showing probability zones and distribution of known Upper Palaeolithic decorated caves 

in Dordogne could then be defined (Table 22) as well as the distribution of decorated caves 

within each probability class (Table 23).  

Table 21. Attribute table of the map showing probability zones and distribution of known 

Upper Palaeolithic decorated caves in the department of Dordogne 

Probability value Count (number of pixels) 

1 2,175,209 

2 5,258,635 

3 4,978,621 

4 2,020,925 

5 279,023 

Total 14,712,413 
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Table 22. Share of each probability class in the map showing probability zones and 

decorated caves occurrences in the department of Dordogne 

Probability value Count (number of pixels) Share (%) 

1 2,175,209 14.78 

2 5,258,635 35.74 

3 4,978,621 33.84 

4 2,020,925 13.74 

5 279,023 1.90 

Total 14,712,413 100.00 

Table 23. Distribution of decorated caves within each probability class in the map 

showing probability zones and decorated caves in the department of Dordogne 

Probability value Number of decorated caves Share (%) 

1 0 0.00 

2 1 14.29 

3 4 57.13 

4 1 14.29 

5 1 14.29 

Total 7 100.00 

For the department of Dordogne, the value of PS is then 1.90%, meaning that 1.90% of the 

total area of the department of Dordogne has a very high probability of containing undiscovered 

Upper Palaeolithic decorated caves. GS was determined as having a value of 14.29% allowing 

the calculation of KG as:  

G =  1 −  (1.90 /14.29) 

The result of the calculation of Kvamme Gain is 0.8670, meaning that 14.29% of the known 

decorated caves in the department of Dordogne fall in the very high probability area of 1.90% 

of the total study area. Despite KG value decreasing slightly compared to the value calculated 

for the Périgord noir, the model seems to show reasonable performance when applied to the 

whole department of Dordogne, using a set of seven independent caves.  
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6 Discussion 

 Main findings of the study 

The multi-criteria analysis based on the use of GIS and predictive modelling used in this 

report was founded on a hybrid methodology using a range of techniques extracted from 

existing studies. The scientific literature showed that no predictive models have been applied 

to the Périgord noir before, presenting a knowledge gap which tried to be addressed in this 

study. The work carried out by Balla et al. (2013) was largely referred to throughout the report 

as it presented predictive modelling in a clear and organised way. Nonetheless, their model was 

adapted, especially with the use of a different methodology for the weighting of the criteria, 

using rating rather than the AHP technique. The criteria that were selected also differed slightly 

from their study as their work focused on the Hellenistic period. In that perspective, criteria 

related to roads and settlements could not be used for the Upper Palaeolithic period, and 

elevation, slope, aspect, and proximity to water appeared as the four main criteria selected to 

design the archaeological predictive model.  

The study by Parow-Souchon et al. (2021) was also determining in the choice of a 

methodology. Indeed, they presented clear and meticulous processes in their assessment of site 

expectancy in the Southern Levant. The processing of the data in the present report then largely 

referred to their work and revealed that the values contained in each of the four layers 

representing each variable allowed the building of a predictive model (RQ1). Indeed, the 

analysis of the different attribute tables showed that similarities existed between the known 

Upper Palaeolithic decorated caves regarding the four selected variables. An analysis of the 

frequencies was also carried out to design probability classes in the predictive model in regard 

to the parameters of the twenty-two decorated caves that were selected.  

The predictive model when applied to the Périgord noir also put to light that areas close to 

water streams were more likely to contain undiscovered decorated caves from the Upper 

Palaeolithic period. Areas close to the Vézère River and the Dordogne River in particular, as 

well as areas close to their respective tributaries, seem to have higher archaeological potential 

than areas farther inland. Basafa and Davari (2020) showed that important rich water resources 

were essential conditions to form habitat systems and provide resources, which supports the 

accuracy of the parameters of the model designed in this study. The fact that the four variables 

used in the model presented here were weighted equally also tends to demonstrate that the 

proximity to water criterion could be the main criterion for the selection of caves by prehistoric 
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individuals for the production of their art. It was also found that 36% of the known decorated 

caves were oriented to the south, southeast, or southwest, supporting the observations made by 

Jègues-Wolkiewiez (2007). 

The validation of the model finally appeared as essential to make the study presented here 

as reliable. In that perspective, Kvamme Gain was used as a validation metric to test the 

predictability and the performance of the model. The results of the different analyses showed 

that the model designed performed rather well in the area it was designed for. Indeed, the area 

of very high probability of containing undiscovered Upper Palaeolithic decorated caves defined 

by the model is rather small  (4.91%), while the number of known decorated caves found inside 

that area is quite consequent (50%). According to KG values from other case studies found in 

the literature, the model presented here seems fairly reliable with a good predictive capacity. 

Indeed, “a random model would place 50% of known sites in 50% of the study area” according 

to van Leusen and Kamermans (2005). More, Graves (2011) describes “gains above 0.50 [as 

being] within expectations for archaeological predictive models” meaning that the gain 

achieved in this study shows good predictability. In that perspective, Balla et al. (2013) describe 

the highest KG value they were able to reach as 0.812. Moreover, Nicu et al. (2019) described 

an APM with a KG with a value of 0.56 as reliable. Nsanziyera et al. (2018) found a gain of 

92.87% with a PS of 4.04% and a GS of 56.87%, closely relating to the results found in this 

study. They then qualified the high probability zone defined in their model as “a high potential 

zone for archaeological sites”.  

The KG values described in the references found on the subject of predictive modelling 

seem to indicate that the hybrid model built in this study through archaeological research, 

frequencies analysis, rating, and weighted linear combination is an appropriate way of working. 

The resulting KG value also shows the reliability of the model and the techniques used to design 

it. This supports the fact that the methodology chosen for predictive modelling in the Périgord 

noir seems reasonable (RQ2). The application of the model to the rest of the department of 

Dordogne also showed that the model developed performed rather well when applied to the 

department, as shown by the Kvamme Gain value calculated for that area (0.8670). This 

application revealed that some areas close to water streams were not in the very high or high 

probability classes of the model, highlighting the fact that the model is not too dependent on 

the proximity to water variable, or any other of the four variables.  
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 Limitations and shortcomings of the methodology 

The archaeological predictive model designed in this report was inspired from different 

studies found in the scientific literature and depended on available datasets for the area of 

interest. Even though the existing studies used between three and seven criteria, using four 

variables in this multi-criteria evaluation could appear as too few. Nonetheless, many studies 

that were referred to did use the same set of criteria which proves that the methodology is still 

appropriate. Another question that arose is the interdependency of the criteria. Indeed, it could 

be possible that the DEM and the hydrological network layers are too dependent on one another 

on a topographical point of view. This could have introduced biases in the analysis and that 

interdependency could probably be investigated further in future research. 

The soil layer was not included in the model despite calcareous soils favouring the 

formation of caves on a geological point of view as demonstrated by Davies and Morgan (1991). 

If the potential for geological caves is higher, then the existence of decorated caves should be 

higher in zones with calcareous soil. Nonetheless, very few studies did include the soil type in 

the predictive model which influenced the choice not to include it here either. An updated model 

containing the soil variable could be designed and compared to the model presented here in 

order to check for similarities and differences.  

The number of points used in the analysis could also be a source of error in the efficiency 

of the model as twenty-two decorated caves is a rather small sample. Nonetheless, some 

literature studies presented in the references present cases using even fewer points (Stirn, 2014). 

The weights assigned also could be refined to give more or less importance to the selected 

criteria. This would necessitate the gathering of data in various fields and should also be 

investigated further. Other weighting methods could also be applied and the results compared 

with the results presented here. 

 Further research 

In any event, the model created here is only a preliminary work to define areas of potential 

archaeological interest. The main interest of predictive modelling is then to avoid excessive 

excavation costs when doing on-field work and it should be crossed with other datasets 

(geology, speleology, etc.) and studies from other fields in order to be useful. The model could 

also be completed with other variables that could present a particular interest. On-field work 

could also help to reclassify areas in other probability zones as it adds an invaluable dimension 

to computer work. Finally, the landcover could be analysed in relation to the distribution of 
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decorated caves in the areas. Even though the time span is wide between the Upper Palaeolithic 

time and nowadays, there could be a correlation between the present landcover and past 

behaviours as suggested by some scientific articles.  
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7 Conclusion 

This report described a multi-criteria methodology to design an archaeological predictive 

model that can be applied to identify probability areas of Upper Palaeolithic decorated caves’ 

occurrences. The model is based on a hybrid methodology, presenting and testing four 

variables, namely elevation, slope, aspect, and proximity to water. A set of twenty-two known 

decorated caves was used and the values extracted for each criterion allowed the creation of a 

model to predict the location of Upper Palaeolithic decorated caves in the Périgord noir (RQ1). 

The prediction maps designed for each criterion appeared as satisfactory and presented valuable 

pieces of information to design the final model. The proximity to water streams seems to be a 

major variable in the selection of caves by prehistoric individuals for the purpose of art. Indeed, 

the final probability map shows patterned results with the highest probability areas along the 

Vézère and the Dordogne Rivers and their tributaries despite all criteria having the same weight. 

The methodology selected relying on a numerical rating scale for the standardisation of the 

variables, rating for the weighting of the criteria, and weighted linear combination for the 

aggregation of the different datasets then appeared as satisfactory (RQ2). Indeed, the validation 

of the model through the calculation of Kvamme Gain demonstrated the ability of the model to 

predict areas of great archaeological interest. A large percentage of known decorated caves was 

identified into a rather restricted area showing the predictability of the model. In that 

perspective, on-field costs should be limited to the confined areas that were defined as having 

very high archaeological potential. 

The predictive model presented in this study could also be extended to other areas as it 

showed good predictability when applied to the whole department of Dordogne. Other criteria 

could be included in the model in order to refine it or extend it to other archaeological artefacts 

or vestiges. The model should also be treated as a preliminary study and should be crossed with 

other data and on-field studies in order to be fully valuable, which could constitute the subject 

of further research on the matter. Finally, other techniques used in predictive modelling 

presented in the literature review, such as graph comparison or the Maxent algorithm, could be 

used to predict areas of high archaeological potential in the Périgord noir. The results should be 

compared to the present model and the similarities and differences explored. 
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