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ABSTRACT

A NOVEL APPROACH IN ARCHAEOLOGICAL PREDICTIVE
MODELLING: CASESTUDY FROM WESTERYE T, RKK
HELLENISTIC SETTLEME NTS

Er, Melek
Doctor of PhilosophyArchaeometry
SupervisorProf. Dr.ZeynepK al ayl e€éoj | u
Co-Supervisor:Assoc. Prof. DrElif Koparal

March2023 242 pages

The archaeological predictive models (APMs) have been developed since 1980s to
locate unknown archaeological sites. However, the major elements for the
development of APMs are still criticized: the archaeological input data, thélesria

used in prediction, the statistical analysis and the testing of resulting model.

This study aims to address each of these criticisms thrawugise study focused on

the pokis of the Hellenistic @riod in western Turkiye. A high quality of
archaeologial data and relevant variables for prediction are accepted into the
analysis. Elevation, ruggedness, slope, aspect, arable land, access to water and rock
types used in the city walls were assessqubasible predictive variableShe study

found that vambles such as ruggedness, slope, aspect, and arable land were highly
predictive. Additionally, the study introducechaw way ofuse for the road network

as a sociecultural variableglong with APMs

Unlike previous studies, this study developed a sizdismethod that allows for
polygonal representation of archaeological settlements while deriving landscape
characteristics of the site. At each step, the suggested statistical approaches were

tested for their repeatability and sensitivity to the sanipke $he resulting variables



were selected based on their performance, repeatability, and sensitivity to proceed the
unification of them as a final predictive map.

Keywords: Archaeological predictive modelling, statistics, Hellenistic Western
Tarkiye
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CHAPTER 1

INTRODUCTION

Introduction of GlShasallowedspatial analysis for large regions. Archaeology has
been one of thprimary disciplines finding place in such studies. Thee ofspatial
analysisin archaeologwtarted withmapvisualizationof archaeological survey area
and artefact distributions olussey results. It extended its use to the relationship
between the settlement and its physiographic environr@emtently, GIS is being
used in numerous archaeological research applicatiergs remote sensing,
geophysics, paleogeography, and prediatnelelling. In this thesis, our interest lies
in archaeological predicter modelling (APM) APM aims to support narrowing
down of the possible locatiormn which an unknown archaeological site can be
residing. When APM started to appear1970s the motivéion was to guide #n
cultural heritage managemediVheatley and Gillings 2002Europe and US& were
making use of predictive maps at governmental level. Nowadays, APM is being also
used to gain insight about the former humaghaviorin site selection inthe

landscape.

On the other handhé APMs arébeingcriticized since theirappearancé/Vheatley

and Gillings 2002, an Leusen 2002, Kamermans et al. 2009, Kamermans 2010,
Verhagen et al. 2019Thequality and quantityof archaeologicatlata (spatially ath
temporally) thetypes andveightsof environmental social and culturahputs in the

site selectionappropriateness atatistical analysis anaissedtesting/validation of
model are the major areas of criticismi$is study aims to contributeuggeshg
solutionsfor the above listed common problematic areas of APMs.problems are
addressedand solutions are developeder a case studylhe Hellenistic priod



settlements of the @stern Tikiye areselected as a case studiven though the
region iswell known with its rich ancient remains and archaeological settlements,
there are still anciemhajor settlements mentioned in thexts (Kadoi, Magnesia ad

Sipylum,Oroanna, Tisna/Titne etchut not locatedet.

This study will be the firsAPM studyused to identifythe possible locations of
unknown archaeological settlemenin sucha large scale in TurkiyeThe APM
resulting from this study is expected (tb contribute to the understanding of site
selection preferenseof humans in the Hellenistgeriod in the vestern Turkiye(2)
assistthe archaeologists with a spatial output displaythg areas where the
likelihood of finding archaeological sites is hjgind(3) be a start for the possible
useof such modelsn themanagementf the rich culural heritage of Urkiye.

1.1. Predictive Modelling Concept

Predictive modelling is a process of predicting some desired outcormesdyering
the relationships within the da{&uhn and Johnson 20L3Finance, marketing,
healthcare, and many other fields useedictive modeling to make informed

decisions about future events and gain new insights from data.

The application of predictive model found its place in the archaeological field as well.
Archaeological predictive models (APMs) are benefited in locatingnown
archaeological sites based on the locational characteristics of known archaeological
sites or on assumptions about hunbahavior(Kohler and Parker 1986The idea
behind thearchaeological predictive modelling that people who lived in the past

did not randomly choose the places where they ligeds the case today

A predictive model is typically built from a sample collection, which represents the

archaeological reality being studied, to test hypotheses derived from that sample.
Preconditios are assumed during the modeling process. If the sample is similar to
the model's prediction, this supports the hypotheses and provides more information

about the sample. If the sample is different from the prediction, this suggests the need



for further nvestigation. This cycle of testing, modification, and cycling leads to

continuous improvement in the mod@€llarke 1972 (Figure1-1).

—

7. Refmement Wlth new 1. Objectives
data or information

/ \

6. Deployment & 2. Data collection
Monitoring and Review
5. Model 3. Model
Validation Components

\ 4. Model ’

Development

Figurel-1 Model buildingprocess (adjustefrom Altschul (1988).

Building a predictive model follows a set of typical steps, regardless of what is being
modeled or how it is being modeled. These steps include defining objectives,
collecting and reviewing data, determining model componentsasudbpendent and
independent variables, developing the model methodyalithtingthe model. The
following sections describe these steps and other relevant concepits.

1.1.1. Model Objective(s)

The major objective of archaeological predictive models igéatify the potential
areas forarchaeologicakitesin an investigated areaithin the context ofcultural

resource manageme(@RM) or academic resear¢ierhagen and Whitley 2020

In CRM, predictive models are utilized during the planning stage of develapme

projects to avoid disturbing archaeological remaireey assist planners in making



strategic decisions, such as rerouting the project or conducting salvage excavations,

to preserve cultural heritage.

In an academic setting, predictive models provideyint into settlement patterns and
human interactions with the environment and other societies. They can also be used

aspre-survey research to reducests and increase efficien(gjstrud 2003.

Overall, the aim of archaeological predictive maeded to provide a more
comprehensive umstanding of the past, and to guad@servation and management

decisions in the present.
1.1.2. Model Components

Model components are separated as dependent and independent vaiaabésset

al. 2013. The dependent variabletise variable that is being predicted or explained
by the independent variableBhe independent variables are the variables used to
predict or explain the dependent variablEhe terms predictors, attributes,
descriptors, and variables are also commosgdunterchangeably with independent

variables

In archaeological predictive modelling, tHecation of archaeological siteis
modelled Based orethnographyand common senseifférent cultural groupsre
expected to havdifferent responses to the same@vironmentbecause they have
different norms, values, and ways of interacting with the world around. fhieis
variation between cultures and over time forms the basis for predicting human

locationalbehavior, which in turn helgaform the mode(Kvamme2008.

The archaeological data is recorded in a vanéfgrms(extensive/intensive surveys,
excavationsind usually for a long period.herefore, it is important to clean and
organize the collected dgpaoperlyfor the analysiswhen collecting archeological
data for the model, it is important to consider the following factors:

1 Comparabilityin terms of types



Comparability in term operiod
Locational accuracy
Geometry of sites

Number of sites

= =2 4 4 -

Distribution of sites

The consistency and accuracy afdaeological data greatly influence the

performance of the model.

The independentariablesinvestigated for a possiblelationship with the location

of archaeological sikeare commonly from physical environmie(Wheatley and
Gillings 2003. They are majdy derived from Digital Elevation Model®EM) (e.qg.
slope, aspect)There are other environmental variables used in the models derived
from geology, geomorpHogy, vegetation and hydrology.nironmental datas

widely used in the predictive models besathey are easy to obtain and ums€IS.

The ®cio-cultural variables are also used in predicting the location of archaeological
sites. Kvamme (2006) refers the soctkaultural variables as humameated
environment like markets, central placpslitical boundaries, and road netwotik
order to include such variables, the modelled area should be astudikd
archaeological regionData availability is rather rare abothe sociccultural

landscapes compared to the environmental data.

Altschul (1988 acknowledges that the selection of independent variables and their
correlation with archaeological sites represents a formidable task in the process of
model constructionThese variables can be sourced from available data and prior

knowledge, yet thegnay be identified through creative or intuitive approaches
1.1.3. Modelling Method

There arédwo main approaches employed in #rehaeological predictiveodelling
studies: dnductivetl at a d r i deductide! haenodr y o Im the wmdeictivie

approachpredictonsrely on the data of a sample collection expected to charaeteri



settlement location preferencés.the deductiveapproachthe location preferences

are hypothesizetirmulatedbased orexpert knowledge. The derived preferences in
both approaoks are used br a larger area to identifpossible locations for
archaeological settlement®n the other handyerhagen (2007emphasizeghat

there is not much difference between inductive and deductive approaches in practice.
In the data driven case, prioretiries are considered durimdpta and variable
selection, and similarly, expert knowledge is based on the exidtitg when

formulatingthe hypothese8oth approachesre naturally intermingleth that sense.

The key differences ithe employment ofthe two approaches are given within in
Figurel-2. In inductive approachhe research questias usually less well defined

and shaped arod the available datalhe focus is on discoveringatterns and
relationships in the data, raththan testing predefined hypothesédter data
exploration and variables selection, the modelling technique is determined. There is
training data, which is used to characterize the location of archaeological sites. After

building the modl, it is validdaed and deployed.

In the deductive approachhe research question is wekfined & it is formulated
prior to model building. he relationships between the variatilest should indicate
the location of archaeological sites are determin&sked on existg theories and
previous research in the fieldihe hypothess aretested with the collected datA.

suitable model is selected and evaluated. Finally, the model is deployed.



Inductive Approach

Data Collection

A large amount of data relevant to
the problem is collected.

NS

Data Analysis

The data is analyzed to identify
patterns and relationships.

NS

Variable Selection

The most relevant variables from the
data are selected to be used in th¢
model. This may involve creation of

new variables.

S

Model Selection

The modelling technique is selected.

N4

Model Training &
Validation

o

The model Is trained on the data an
then validated using statistical
techniques to ensure that it can
accurately predict new data.

Deployment &
Monitoring

After the finalization of model, it is
deployed and its performance is
monitored.

Deductive Approach

Formulation of
hypotheses

Ahypothesis based on existing
theories and previous research i
the field is formulized about the
relationships between the variablep

NS

Data Collection

The data relevant to the hypothes
is collected.

NS

Data Analysis

The data is analyzed using statisti¢al
techniques to test the hypothesis
the relationships between the
variables.

NS

Model Selection

A suitable model is selected.

NS

Model Evaluation

The model is evaluated using
statistical techniques to ensure th t
it can accurately predict new dat

NS

Deployment &
Monitoring

After the finalization of model, it is|
deployed and its performance is
monitored.

Figure1-2 Model building steps of inductive and deductive approach



1.1.4. Modelling Techniques

The statistical modelling techniquapplied in archaeological predictive studies are
varied very much including Boolean overlays, weighted additive layegsstic
regression, fuzzy logic, Bayesian statistics, machine learning based algorithms and
more (e.gSt an| i | and,SKwaarhmd ,H&Ankolaou etAl02003

Kal ay ¢HREnkeebal B)0PBalla et al. 201 3Diwan 2020 Yaworsky et al. 2020
Verhagen (2007) classifies the major statistical modelling techniques applied in APM

into the fdlowing types

Expert judgment / intuitive models
Deductive / expert judgment muttriteria analysis models
Correlative / inductive site density transfer models

Correlative / inductive regression models

= =4 4 A4 -2

Bayesian models

These techniques are primarily expkd below, based on Verhagé&n key

characteristics summary.

Expert judgement / intuitive models: Expert intuition forms thebasis for the
construction of intuitive mdels, which may comprise of a single or multiple
variables. An expert's statement, fastamce, may dictate that lowsloped areas are

more suitable for archaeological site location than their higlogred counterparts.

The modelbuilding process does not involve guantitative measurements and relies
solely on subjective evaluation. The \aulies are then mapped and categorized into
high, medium, or low classes on a base map. The absence of quantitative estimates
and confidence intervals means that the model's performance can only be assessed

through comparison with a tedataset.

Deductive/ expert judgement multi-criteria analysis models:Deductive models
are built from expertsd knowledge, which is

belief in the archaeological settlement choices. The expert selects the variables and



assigns scoreshights for the certain values of variables indicating relative
importance of them in site locatiomgble 1-1). The map is then generated through

the fusion of these variables in a Boolean overlay configurddonng this proces,

the weights are summed to show varying
region. The areas having higher summed weights are interpreted as more attractive.
Finally, the model is classified &ggh, medium, and low using the summed weights.

The efectiveness of the model can only be determined by congpério a validated

dataset or a trial survey prograas the absence of quantitative estimates and

confidence intervals prevents a more robust evaluation

Correlative / inductive site density trander models: The relationship between the
archaeological site location and the variables are explored through data. First,
whether there is a significadifference betweethe distribution ofarchaeological

site locations and the variable valdesthe wlole study areas compared usinthe
KolmogorovSmirnov test (KS test) the hi-square tesbr similar testsWhen such

a difference is detected is assumed that there ip@eference towards certain values

of the variableFor example, the high condeation of sites at slopes less than 10%
(as shown inFigure 1-3) suggests that these slopes faeouredfor settlement.
Weights to each range of variable values and arttoengariables are assigned based

on the elative frequency of sites. Then, the variables are combined as Boolean
overlays The summed weights highlight the areas of relative appeal within the
studied region. The quantification is in relative terms and no confidence limits are
established. The us# performance measures and optimizatidrthe modelis an

integral part of the modihg process.

This modeltype ispowerful in statistically assessing the strength and nature of the
correlation betweemarchaeologicakite locations and variabl€blaris 2013. The
arbitrary decisions are reduced and mbensparentjustifiable, and repeatable
modelis produced.



Tablel-1. Example for judgmental weight assignment of variables for Neusius and
Neusius (198) in Harris(2013)

Variable Weight Weight
0-3%

4-9%

10-15%

=15%

terrace, floodplain, stream bench,
river bluff

Topographic Setting saddle, hilltop, ridge top

foot slope, toeslope

Slope

= = |

hill slope, side slope
south, southwest, east
northeast, southwest, flat

Aspect
north, west, northwest

no common direction
path located in block

path in one or more adjacent blocks
path one block distant

no path in vicinity

Proximity to Indian path

water source located in block
water source in adjacent blocks
water source one block distant

Proximity to water source

S b e [ | e | D | | | | S | | |

no water source in vicinity

60%
50%
40%
30% -~

20% ~

10% s

Percent of Site Locations
7/

35+

Percent Slope

BSite Locations @ Random (n=2000)

Figure1-3 Example of histograms comparing distributions of slope for site locatidn a
background values frotdarris 20132013)
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Correlative / inductive regression models Regressionanalysis is a statistical
technique that aims to examine the association betawvdependent variable and one
or more independent variablelsinear regression is the most commonly known

regression analysitn the most basic forra linear regression forntauis:

wherewis the dependent variable aads the independent variabl€he value ofw

is calculated from the value of However, in archaeological predictive mddwsd,

the dependentvariable is often binary (i.e. presence or abegn@ther than
continuous.Additionally, the relationship between the dependent variable and the
independent variable rotlinear (see Seain 2.9. To handle such scenarios, logistic
regression is used instead, which models the probability of the dagevatiable

belonging to a specific cajery (i.e. presence obaence):

W

p Q E

where w is the predicted value of thelependent variablep is the independent
variable,6 is the coefficient of the corresponding varialfsitive coefficients
show a relatinship between high values thie variable and the presence of #ite,
while negative coefficients signify that low valuedluévariableare associated with
the presence of the site. An example logistic regression noadebmefrom an
applicationin the prehistoric opedir sites of PinoiCanyon Archaeological Project,

located in Las Animas County, southeastern Colo(Edamme 1992is:

0 TROT C UBITIP ¢ N QB¢ oiad £ NI C X NG QQQ
MInp YMa o QmEr 1T ©IQQL
g i Qo GE@EAI O Qe ©QQ
I T eI o WHHE T Q¢ O'QQ
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The positive coeffients of aspect, relief and sheliedex indicate thatthe high
values of these variables are related to the -@pesite locationsThe model also
indicates that locations with low values of sloped aclose to drainages both
horizontally and verticallyvere preferred as opeair sites in the studied region (see
Kvamme (@992 for further detail).The calculated value indicates how likely a

location isopenair site with the enteredariable values.

It should be noted thatgjistic regressigrunlike theother modelling types mentioned

in the previous sectionsgquiresinformation on both the presence and absence of
archaeological sitest the model development stag@eabsene data is usuallgot

readily availableTo overcome this limitation, a commaolution is to sample data
randomlyfrom the backgroundlatg as the majority of the study area is typically

assumed to contain no archaeological si@s. the other hand, similarlyon

confidence limits are establisheshd themo d el 6 s per f measueed,c e c an

preferably based on a test dataset.

Logistic regression is the most commonly used predictiveetting technique in

archaeology due to its robustness and eastoassderstand its outcomes.

Bayesian modelsBayesian statistics is a method tbahincorporate both deductive
(based on prior knowledge and theories) and inductive (based on observed data)
elements irastatistical modiing, includng thearchaeological predictive modiel

(Verhagen 200,Finke et al. 2008 The Bayeétheorem isas follows

posterior belief = conditional belief * prior belief

Priorbeliefis theprobability of an event based on expert knowledge or former studies
outcomegHayes 2022 Conditionalbelief is the likelihood of an event occurring
based on the occurremof some other previous event. Postebigrefis the revised
probability of an event after taking into consideration the new informafibge.
method is applied in few archaeological predictive mod@Eleke et al. 2008

Verhagen2007) notes hat priorbeliefsare generally assumed as uniform for all map

12



categories. This assumption actually turn the situation where no prior information is
available. The main advantage of Bayesian models is inclusion of the prior
knowledge. The accuracy of prior knowleddhas a significant role in the

improvement of estimates.
1.1.5. Model Performance

The success of a model in archaeological predictive rmnges evaluated based on

its accuracy and precision. Accuracy refers to the degree to which the model correctly
predictsthe location of archadogical sites within the high potent@bne. Precision,

on the other hand, refers to the ability of the moderéziselydefine the boundaries

of the highprobability zone, as compared to the total study area. The goal is to
maximize both accuracy and precision, by correctly predicting as many site locations
as possible within avell-defined high potential zone. Figure 1-4 portrays the

differences between accuracy and precision.

EE
ool

Figurel-4 lllustration of the constrastetween accuracy and precisidime model
depicted on the left accurately identifies all sites, resulting in 100% accuracy. In
contrast, the model on the right misses a few sites, resintlog/er accuracy, but
higher precisior{ffrom Verhager(2007).

As the main aim of archaeological predictive model is to allocate the most likely

locations for the archaeological settlements in the study area, the performance of the
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model is measured byomparing the surface area percentage of high potential area
and the percentage of observed archaeological settlements in thRedaded index

is defined by Kvamme (1988) as followed:
. n

@] —
P n

where pis the percentage of area classifeexhigh ptential in the study area given
by the predictive map,sps the percentage of observed ardtagical sites within

this area, and G is gain.

The gainrangesfrom -1 to 1 gainnear 1 indicates the Hgst predictive utility, near

0 indicates lav or no predictive utility, and neat indicates reverse predictive utility
(Kvamme 1988 Negative values indicate that the sites are generally located outside
of the model area classified as potential. The gain approach is easy to apply and
enables comgrison of models from different studids.is the most widely used

method for the model assessment.
1.1.6. Model Validation

The performance of a model can be evaluated using either a test dataset or an
independent dataset. VerhagéP007) separates testing andalidation terms.
According to his descriptiongesting the model should be carried out exclusively
using an independent dataset in order to accept or reject the model, while validation
of the model can be performed using either a test or independert datdstermine

the model's performance. The true testing of an archaeological predictive model
requires collecting new data in the field, which can be-tor@suming and costly.
There are alternative validation techniques that can be considered firghosite
common of which is thgalidation set approacfJames et al. 20}3This involves
randomly dividing the available data into two partsraaning setand avalidation
set(also known as hold-out se}. The training set is used to build the modeljlevh

the validation set is used to assess the model's performance by observing the model's

14



response to the validation set. When the available data is small in size, it should be

used cautiously.
1.2. Overview of APM Studies

The roots of APMs go back to the pi@ng studies of Steward in 1938 and Wiley

in 1953 on settlement patterns and on the relationship of settlement to environmental
features (Kohler and Parker 1986). Predictive models are developed by subsequent
analysis of settlement pattern studies andagxtiating them to a larger area. It can

be said that APM studies developed in parallel with this trend in the 1960s when New

Archaeologyor Processuairchaeologywas on the rise.

The term fApredictive model 6 i n haeadyhaeol o
1970s Yerhagen and Whitley 20}2With the ease in access of researchers to
geographic information systems (GIS) software in the 1980s, APM studies gained
momentum. From this period on, numerous miaagimethods were devgled and

applied to arbaeology.

Whenarchaeologicgpredictive modéding was initiated in the 1970s through United
States Agencies such as the Bureau of Forestry and Mandgement, the main
purpose of therhas been in the context of cultural heritage management (King 1978).
The models created would be used to estimate the probability of an archaeological
site being in the area of any project site planned by the government agencies in a
region. This initiation had practical and economical reasons, but also had been the
main impetus for the development of predictive methods (Wheatley and Gillings
2002).

The pojectofMinnes ot a Depart ment oModeisadesgior t ,
the weltknown example developed at the gawmental level among the APMs
(Verhagen and Whitley 2W). The model aim was to predict prehistoric
archaeological site locations for entire state of Minnesota in order to support the state

transportation department at the planning stage of their transportation projects. The

15
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model has been in use since 1488nnesota Department of Transportation 2022

This is a rare project with its large scale and lamgn scope.

Following USA, Canada and later Europe started to develop archaeological
predictive models (e.gt an | i | ,Ejstrud2003 Th2 lh@dedsig number of
models had led to the discussions on their archaeological theory and n{&beds
200Q van Leusen et al. 20DFEven though the early models produced for the cultural
heritage management were criticized for lacking explanation of humamzageanal
systems, the valuable contribution of APMs could not be denieddarstanding the

distributions of archaeological sites, hence the hulbedraviour Kvamme 200h

David Clarke'o0k(1972) "Models in Archaeology," as its name suggests,onas
of the earliespublicatiors on the use of maas in archaeology-e listed the main

reasons why archaeologists should be concerned with models as follows

1 Personal opinions and approaches in archaeology are influenced by
subconscious mind models accuated over time.

1 Conceptual models are used to interpret observations and should be made
more explicit and testable.

1 Testing and modifying models is crucial for empirical and scientific
approaches.
Models are simplified expressioasunderlying theories
Models play an important role in hypothesis generation, testing, and

explanation in archaeology

The bookalsoexplorespossiblelocation models for archaeological settlemeats
example demonstratinpe predictive value aduchmodelsis given by lanHodder
(1972) on the study of the RomaneBritish settlements. The central place theory,
developed byChristaller (193), forms the basis of one of the modafgalysedoy

him. According to this theory, even in simple agrarian societies, certain regions
requre goods or services they cannot prodineemselves, leading to the creation of

central service centers for the exchange of these products. The centralization of these
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services minimizes the effort required to obtain them, making them more accessible
to the surrounding tributary areAs a resultan idealized pattern of settlemeast
formedin a triangular/hexagondattice. He, first, justifies the applicability of this
pattern to the RomanrBritish settlements. Theihg applies this idealized pattern as
locational model between the major centers and the smaller walled eigmse(-5)

and compares with the real distribution of the RooaBritish settlementsHigure

1-6) in order to predict major cemnte

Figurel1-5 Thediagrammatic representation of the Rom&miish settlement pattern
based on the Christaller's transportation principle (ffmmHodde(1972))
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Figure1-6 The application of elements Bfgure1-5 to the real distribution of
RomaneBritish settlements (frorfan Hodder(1972))

After the appearance of early examples of predictive models espeimalthe
prehistoric sites (e.ddettinger 1980Jochim 1981Parker 198p Kohler and Parker
wrote a chapter in 1986 in AdvancesAnchaeologicalMethod and Theory that
aimed to providebackground information for policy discussions on the use of
predicive models in cultural resource management (CRM) and to evaluate the
potential of these models for resear€his publication is often cited as timeain

source for the definition of archaeological predictivedelling:

APredictive | oc a toipeedd, lat aminie,|the loeatioh efmp t
archaeological sites or materials in a regiomded either on a sample of tmagion

or on fundament al notions concerning human

The authors discuss varioempiric correlative models for locationalgliction used
in both corporate and academic research, and contrasts them with models from a

deductive tradition. The weaknesses of the empiric models, such as inappropriate
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techniques, lack of consideration for validation, and low resolution, are noted.
However, some of the models reviewed are accurate enough for planning purposes.
The author notes that the underlying data could provide insight into settlement
systems and locational processes, but this remains largely untapeesurvey®n

which the modls were basechave produced a large amount of data and
environmental information, and the models have emphasized the importance of
environmental factors in site location. The models have also helped to understand the
role of onsite and catchment variableand have addressed the challenge of

incorporating norsubsistence variables.

In 1988, the US Department of the Interior Bureau of Land Management published a
book entitled "Quantifying th€resent and Predicting the Padteory, Method and
Application d Archaeological Predictive Modeliigontainingalmost everyaspect

of predictive modelling in archaeologyudge and Sebastian 1988he authors of
chapters were academic, federal and contract archaeologists. The book is about
majorly prehistoric archaéogy ard correlative modelswhich are mainly or
completely created through inductive methoH®wever, the boolalso includes
information onthe constructiorof explanatory models witldeductively derived
components.Model building process, statisticaisdussios and many other topics

are covered.

The perception of archaeological remains underwent a claftegehe introduction

of the National Historic Preservation AotUSA in 1966 Theyarenow regarded as

limited and norrenewable resources. Thisfsiwas firstapparenin the United States
andthenCanada through the implementation of nationwide predictive modeling in
archaeologySimilarly, European countries also began to adopt predictive modeling

in archaeology, following the signing of tBeiropean Convention on the Protection

of the Archaeological Heritagen 1992. The objective of the convention is to
safeguard the archaeological legacy, which serves as both a resource for the shared
history of Europe and a means of conducting historical eieatgfic researchThe

Netherlands developed their first nationwide predictive maglicatieve Kaart van
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Archeologische WaardeflKAW ) in 1997(Verhagen 2007 On the other handpi
the UK and France, fulkcale prospection is typically carried out idgrthe early
stages of development planning to assess archaeologicaMeksaigen 200)7 This
limits the opportunity to shape planning decisions, apart from utilizing existesy sit
and monuments records. The development of predictive maps in Exreyean

countries were rather late

At the same tirg, the effectiveness of predictive models in both management and
research was being questioned by the archaeological community in Europe and the
USA (Ebert 2000 van Leusen et al. 20081ehrer and Wescott@®5. The first
version of the Dutch predictive map, which was developed using an inductive
approach for cultural resource management, faced criticism for its suitability in the
Dutcharchaeologicatontext where much of the remains are buried undergrdiand.
improve the methods for protecting the Netherlands' archaeological heritage, the
Netherlands Organization for Scientific Research (NWSbablished a research
program. Ateam fromacademia and public archaeology was working togdther
advance prediote modeling. A baseline report, authored by Martijn van Leusen, Jos
Deeben, Daan Hallewas, Paul Zoetbrood, Hans Kamermans, and Philip Verhagen,
was published, providing a comprehensive overview of the relevant igsues
predictivemodelling an Leusen &dl. 2005 Verhagen 200)7 The report, which also

made international contributionf®cussed omsix improvement areas. These are:

The quality of the archaeological input data
Higher spatial and temporal resolution
Environmental input factors

The inclusion bsocic-cultural factors

(Spatial) statistics

= =4 4 A A -

Testing

! Indicative Map of Archaeological Values of the Netherlands
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Eachthemeis discussed in the following section.

Verhagen publishedhatherthoroughstudye n t i Gaseesulidies in Archaeological
Predictive Modellingin 2007 as part ofhis doctoral thesisHe focuses on the
enhancementdf archaeological predictivemodelling,provides practicahpplications
of methods and techniquesd enquires alternative methods$e contributes the
improvement areas mentioned above discussamgpling as a means to obtain the
data to develop and test APMs&ymmarizinghe main characteristics of the available
statistical modelling techniques, and, in particutaviewingthe model evaluation

and testing in depth.

Althoughthere is still no resolution on thesentroversial issuepredictive modeling
continue to advangginke et al. 2008Carleton et al. 201 Zarleton et al. 20)and
remains a significant aspect in archagidal spatial analysig\s notedby Doran in
1972,the explanatory value of a model is just as imporéanits predictivability.
There are applications of APMs all around the wameking valuable contribuins
to thearchaeological resear¢Wachtel et al. 201L®iwan 2020).

1.3. Criticisms in APM

The ongoing debates in APM theory and methods provides idatith of and

discussions on the major problems indginehaeologicgbredictive modelling studies.
The major problem areas mentioned in various soxEhagen 200,/Kamermans

201Q Carleton et al. 20)7re:

1 Quality and quantity of archaeological inmlata

1 Selection of variables

1 Used statistical methods during the model development

1 Testingof the developed model

The criticisms will be discussed within the scope of this study. The study is carried
out with a datadriven approaa on the Hellenistic griod polis settlements in a wide

area.
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1.3.1. Archaeological input data

Creating a comparable and accurate dataset for modelling studies is challenging due
to the fragmentary nature of archaeological data and its collection using various
methods. Datd@riven predctive models heavily rely on the quality and quantity of
archaeological data, which has received criticism for limitat{pas Leusen 2002
Kamermans 2000 Bias in the data during surveys can stem from various factors,
such as survey intensity, spataybut, sampling unit size, visibility of archaeological

remainsand recording practic¥erhagen 200/

To enhance the quality of data for modelling purposes, a national digital database can
be establishedespecially for large scale APMEBhe focus shdd be on consistency,

with clear descriptions of archaeologicites and identification of their periods
Examples of such databases &BCHIS in the Netherlands and VRE in
Luxembourg(Kamermans 2010 However, it isimportantto review the data to
minimize bias and evaluate its accuracy in settlement location, period, and type

before using it as model input.

In addition to quality, an appropriate sample size is vital for the validity of the model.
To achieve consistency, subgroups of different sitedygan be created, such as
administrative/economic/military centers, coastal/mountainous sites, or mixed types
(Kohler and Parker 198&an Leusen 2002However,given the limited number of

samples in many archaeological datasets, giadatity is oftera concern.

Another criticismis the presentation ofhe archaeological sites as poimsnost of

the APMs rather than as areaSuch a representation fails to capture the diverse
characteristics of the site's locatifMink et al. 2005 Carleton et al. 2[R, Carleton

et al. 2017. This can prove to be a statistically onerous task, particularly when the
surrounding area boasts multipléstinctive landscape featurg3n the other hand, i

is worth mentioning that while this approach may pose difficultiesnndxamining

the relationship between the site and certain variables, such as slope, it may not be as
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relevant when studying the relationship between the site and other variables, such as

proximity to a water source.

Finaly, Ebert (2000)criticizes the daninance of the siteentered approach in
inductive predictive modBhg. He posits that archaeological sites are not discrete
entities, but rather components of larger systems, and their locations are contingent
upon the positions of other elements withirat system, including other sites.
Furthermore, travel between sites, which has been shown to play a significant role in
shaping human systems, may in fact be even more crucial to consider than the sites
themselves, as some studies suggest that the tyajufrihumanenvironment

interactions occur during such travel.
1.3.2.Variables

The use of archaeological predictive models has been criticized for being overly
focused on environnmgal factors, such as slopsgil type, and proximity to water
(Wheatley 1993 Gdfney and wan Leusen, 1995). Howevehuman behavior is
influenced not only by the environment, but also by social and cultural factors, which
should be reflected in the archaeological rec@ttbg and Hill 197) Kvamme
(2006)suggests that associety lecomes more complethesocial variables become
increasingly important compared tihe environmental variablegFigure 1-7).
However, incorporating these sodialtural variables into models is challenging due

to a lack of relevat data and quantifiable metho@gerhagen and Whitley 2020
Factors such as road networks, religious centers, and political boundaries are not
easily accessible. Despite decadestofly in some regions, the available information

remains incomplete.
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Figure 1-7 The relative importance of natural and social environments in site location
analysis with respect to the cultural complexity (from Kvamme (2006)

According to Bintliff (2000) environmental determism plays a crucial role in
human adaptation to different landscapes. Understanding the topography and
environment of a region can be instrumental in comprehending cultural development,

making it a vital factor to consider.

Environmental vagbles are alsdeing criticized. The input data used for these
variables are from current landscape. The change of land since the period is
commonly neglectedsthe geological processes occur much slowly compared to the
humanlife spans. However, there are geologicalfynamic regions that this change

can be intolerable. Besides, depositional processes in the studied regions are also

important in the assessment of the quality of the archaeological data.
1.3.3. Statistical methods

As mentioned earlier,he practice of prediote modding in archaeology is
influenced by two major approaches: inductive and deducfivee inductive
approach, also known as dabaven or correlative, is criticized for its potential for

bias and lack of explanatioBuch modelsequire lage datass of previously known
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archaeological sites to produce significant res@ts the other hand, the deductive
approach, which is theofrivenor explanatoryis criticized for its subjective nature
Van Leusen20@) highlights that two other approaches mgdictive modeing,

possibilistic and probabilistic, are often overlooked.

According to the observatiord Ebert (2000), in a possibilistic modéhe gain is
limited and can never exceed a certain |¢vel 70%). This approach has sometimes
been cafused with the probabilistigpproach, which expresses the likelihood of an
area being used for a specific activity. Various statistical hindetechniques,
including possibilisti@and probabilistic approaches, are used in APMs, but most often
the posdiilistic one. Kvamme (1988)pointed outthat archaeological predictive
models do not predict the exdoication of an unknown settlement, but instead
indicate areas with similar characteristics based on known settlements and human

behavior beliefs.

The regession statistical modeig techniques require both sjpeesence and sie
absence data. However, sébsence data is often unavailable and collecting it can
result in similar characteristics to sipeesence dat@gKvamme 1992 To overcome
this, Kvammeproposed using pseuddosence data by randomly sampling from the
study areaNeverthelesghis argumenivas not convincing. Verhagen suggests using
the sitepresence to sitabsence ratio. Alternatively, statisticaodeling techniques

that do norequire siteabsence data can tdeveloped further.

Despitetheincreasing variety o$tatisticalmodelling techniques used in APMsis

still challenging to determine which technique performs best for a given data set
(Verhagen and Whitley 2020Also it shoud be noted thass the models become

more complex, it becomes increasingly difficult to interpret the resuissmportant

to consider that a particular data set may produce good results with one method, but
poor results with another, making it crucia determine the best method for any

given data sefJames et al. 20).3
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1.3.4.Model Validation

As all in the predictive models, how accuratel daow precise the archaeological

predictive model developed is a concern. The common practice is to separattatest d

at the beginning of study from

t he

dat aset

performance. fe ideal approach is to test/validate the model with new and

independently collected data.

Verhagen (200 mentions other techniques givenTiable 1-2 indicating their rare

use or wrong use.

Table1-2 Other internal validation methodisom Verhagen (2007)

split

sampling
(hold-out
method)

keeps a test set apart, usually half of the data
determines error rate with the test set

error rate of test set and original data set are
compared, not averaged

cross
validation

divides sample randomly into k subsets

withholds each subset from analysis in turn
constructs k models with remainder of data

and determines k error rates using withheld data
total error rate is estimated by averaging error rates
across models

leave-one-
out (LOO)

same as cross-validation, but k = n (1 observation
left out at a time)

jackknife

same as LOQ, but error rate determined differently

bootstrap

takes a random sample with replacement of size n k
times

determines the error rate using the original data set
total error rate is estimated by averaging error rates
across models

extended error rate estimators have been
developed

1.4. Archaeological Predictive Modelling in Turkiye

One of the earliestnd possiblythe onlyarchaeologicapredictive modelling study

in Turkiye could befor the settlement mounds at the Lake District of Anatolia,
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Konya, dating tothe period of 9000 BCE 5500 BCE with well defined
archaeological settlement type and perigda | ay c)é K 8 Ddines the
average settlement sizasd matctihe pixel size of each site with the calculated size
(i.e. 133 m x 133 m). dtal number of 64 sitasere presented &5 pixeldue to some
larger sitesHe employs logistic regression method to ¢ the predictive model.
Since logistic regression method requiabsence data, mandomlyselecs absence
sites (120 pixels) for 20 times, which results 20 different predictive models. The final
predictive model is acquired by taking averages ofetlobsained different predictive
models.Table1-3 shows the variables included to the logistic regression and found
in the equation of which predictive modak the end, héeaves out thePM6, PM7,
PM8, PM13 and PM1itom the firal predictive modebased on thie performance.
During the development ohé predictive modelmanycriticized topics were also
considered. Howeveg s Kal aycé states twarevery®s.t i ng
The dfect of sample sizen the logistic egression models could be explored.

On the other hand, settlement pattern studies are more common in Turkiye (e.qg.
Y°r¢kan 2009, Kopar al 2011, Ojuz 2013,
studies provide a base information for tirehaeologicapredictive modelling. An

APM attemptsto go a step further than settlement pattern analysis by extrapolating
the information to a larger populatiokdhler and Parker 1986For example, forts,

border marks and cult places found during the surveys of Klazonpaeeaonsidered
related toterritory border of the polis Koparal 2011 Figure 1-8) . When such
structures are known for a larger area, they can be evaluated as a possible socio

cultural variable.
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Table1-3 The variables prepared for the model building and their presence in the
equation produced by the logistic regression

= O N VO PR PO PP A= oo i R D L - o O 1
iR E iR 2
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Distance to River " s Y
Distance to Major Class s ~ b
Soil Depth SRR ECAES
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Figure1-8 Distribution ofvarious structuremarking he borders of Klazomenian
Territory (from Koparal (2011))
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1.5. Hellenistic Period in the Western Turkiye
1.5.1. Historical Background

The Hellenisticperiod spans for some 300 years beginning with the reign of
Alexander the Great (38823 BCE) until the conquest ohe last Hellenistic

kingdom in Egypt by Rome in 30 BCE. Alexander the Great was crowned as a king

at the age of 20 after the death of his father Philip II, who conquered and consolidated

most of the Greece. Alexander expanded the Gritsmedonian world wh his

military campaigns througlsia Minor, Egypt, Persia and India and carried the

Hellenic culture beyond the imagination of anyone in a very short time. His
unexpected death in 323 BCE resulted in resolution of his kingdom into several
kingdoms amondhi s successors with years of i nveze
(Antigonid Macedonia, Ptolemaic Egypt, Seleucid Asia, as well as Attalid

Pergamum, Mauryan India, the Anatolian kingdo(fgsmin 2014.

For over four decades, from 323 to 281 BCE, theessmrs of Alexander the Great,
known asDiadochoj engaged in battles across the emffiterden et al. 2014 Asia
Minor was under the control of Antigonos Monophthalmos in 321 BCE. He was
consideredsthe most dominant of the Diadochoi. However, his gimiko conquer

all of Macedonia led to his opponents forming an alliance against him. Eventually,
Antigonos was defeated by the coalition in the Battle of Ipsus in 301 BCE.
Afterwards, nearly all of Asia Minor, up to the Taurus Mountains, came under the
rule of the Thracian ruler Lysimachos. However, after Lysimachos was killed in the
Battle of Koroupedion in 281 BCE, the region was taken over by Seleucus I
(Grabowski 2019 By 281 BCE, the Seleucid Empire had gained control over a vast
territory that streched from Bactria in the east to Asia Minor in the wWEgurel-9).

Syria and Mesopotamia, however, remained the epicenters of Seleucid power
throughout the dynasty's long history.
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Figure1-9 The extension dbeleucidsn 281 BC(from Kosmin(2014)

Asia Minor, although situated remote, was not a peripheral area. Instead, it held a
significant place in Seleucid politics. All Seleucid kings from Seleucus | to Antiochus
[l put in great effort and vast resources to contnelwestern Asia Minor and the
majority of the large and prosperous Hellenistic cities along the ¢maghedynasty

with Macedonian origin and Hellenistic cultutiee significance of this peninsula was
notjust the economic resources it provided, but also its importance as a transit region
that directly linked the Seleid Empire with the Aegean Séachuler 2019hb

The Seleucid Empire was composed of a diverse collection of peoples and
communities and had eomplex structure. Its rulers struggled to strengthen their
control and maintain stability, as internal conflicts and wars with outside forces
constantly posed a challenge. In Asia Minor, there were independent kingdoms,
smaller dynasties, and Hellenistaty-states of varying levels of power. The
Seleucids faced opposition from the Attalid and Ptolemaic dynasties, among other

issues in Asia Minor. Eventually, the Roman army invaded and defeated the
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Seleucids in the Battle of Magnesia (190/189 BCE), $iigmdhe end of Seleucid
domination inthe western Asia. Despite its challenges, the Seleucid ruliaen

western Asia lasted approximately a century.

Alexander the Great greatly expanded the reach of Hellenic culture by establishing,
refounding, or renamg numerous citiedHis successors, particularly the Seleucids,
continued this practice. The Seleucid kings established many colonies in Lydia, the
central region of their rule in Asia Minor, and surrounding a&atuler 2019p

These colonies were stegfically placed along major roaflsosmin 2014 Schuler
20191 and while some were established as polis from the outset, many were initially
rural communitieskatoikiai). However, over time, during the Late Hellenistic and
Roman Imperial periods, many tfese rural communities grew into polis. In the
region under study, the settlements foundefbunded, or renamed by the Seleucids
included Hypaipa (refounded?), Tralleis (renamed and refounded), Nysa (newly
founded?), and Thyateira (renam@dill 2016). Kosmin(2014)also lists Antioch on

the Maeander, Apamea Celaenae, and Laodindke Lycus as refoundation.

1.5.2. Hellenistic Settlements

The Hellenistic priod major settlements were called @sdis. T h e tpelisom i
(plural: poleis) is commonly translated scityfstated si nce a pol i s is
but also politically, juristically, economically a sglbverning state. Hansen (2006)
identifies thirtyseven citystate culture around the world. There were manystaye

clusters in antiquity in the Ne&ast, Asia Minor, Greece and lItaly: the Sumerian,
Babylonian, Assyrian, Anatolian, Syrian, Phoenician, JNtite, Palestinian,
Philistine, Lykian, Greek and Etruscan egfates. Greece and Asia Minor was the

center 6 Greek citystates in Archaicgriod (c. 750- 500 BCE). At that time, there

may be local citystates in Asia Minor, but the whole region wéslenizedafter the

conquest of Persian Empire by Alexander the Giigahsen 2006

The pokis were comprised of relatively small citizen commugstithat shared a

common language, religion, and social values. Despite their small size, these
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communities engaged in a complex network of interactions and communications with
one another, recognizing each other as eqi#dsasen 2006Schuler 2019a They
entered into agreements with both close neigh and more distant partners.
However, it is important to notinat while these pas may have been considered
independent, this was limited to internal sovereignty, as they were frequently subject
to the athority of larger regional powers. In spite of this challenging political reality,
the Hellenistic period was not characterized by decline, but rather by resistance and

prosperity among thpoleis (Schuler 2019a

The term polis' canrefer specifically tothe urban center of a cistate, or to the
city-state as a whol&he surrounding countrysid# polis was called ashora The

polis was moreof afocal pointfor civic life and governanceyhile chora was vital
component of the polis, providingddand resources for the cityh& polis and chora

were intimately connected, with each playing a crucial role in the success and survival
of the citystate.The polis was also the center of political institutions, religious
ceremonies, defense, productiordarade, and education and entertainm@&hie
monumental remains of civic structuré®m the periodlike agora, acropolis,
temples, stoa, theaters, gymnasiums, baths, and city walls served as evidence of a

settlement being a polis.

Selfsufficiency was arcial for any polis to prosper economically. However,
achievzing economic independence wasallenging and complex. The role of chora

in promoting economic setkliance was noticeableas it was closely linked to land

use, agriculture, and tradoparal201]). Yet, seltsufficiency did not mean that a
polis could survive in isolation. Instead, each polis had to establish networks and
engage in trade with other poleis or communities to achieve autarchy, both
economically and politically. The economic powépoleis varied significantly, with
some relying more on trade and market economies, while others had a more
agricultural and househaclotased economyn addition to seksufficiency, theravere

also alliances between g, includingsynoikism where sttlements combine to

form a city, andsympolity where two cities share a political system but not
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necessarily unite physical{pifabio 2023. Although these alliances were not unique
to the Hellenistic period, they were strongly concentrated in litenadepigraphic

recordsof the Hellenistic period.

Difabio (2022) argues that while synoikisms were attemptéia Minor, they were

often temporary or incomplete, and sympolities were not commaineimegion One
example of synoikisrm the western Tikiye is the attempted unification of Lebedos and
Teos, with Antigonos | seeking to bring the less significant city of Lebedos under the
umbrella of the more important Teos. Some speculate that an earthquake inB804 BC
spurred the plan, while others suggbst Antigonos | simply wanted to eslish a larger

city. However Lysimachostakeover of the city in 302 BEand the death of Antigonos

| prevented the plan from being realized. In 288E3Ceos, Kolophon, and Lebedos
attempted to relocate to Ephesusl dorm a larger city under the namelgfsimachos

wife, Arsinoe, but were unsuccessfab.

A sympolity in the western Turkiyesuggested byDifabio (2022)was between
Aphrodisias and its neighbor Plarasa dating back to the 2nd century BCE. The earliest
evidence of this was an oath between the joint demos of Plarasa and Aphrodisias, as well
as the demos of Kibyra in Kabalia and the demos of Tabenia, promising to protect one
another and not act against each other or Rome. Later evidence of shared cage coin
bearing the names of the two communities dated to the late 1st century BCE supports this
idea. The growth of Aphrodisias led to settlement movement that supported the city's
expansion, while Plarasa remained inhabited. Ultimately, Aphrodisias becammsithn

center of the area.

In conclusion, pais underwent significant changes and developmeiisng the
Hellenisticperiod One of the most notable characteristics of this time was the increase
in urbanization, with many cities becoming more denselyfaied. These settlements
were often diverse and cosmopolitan, reflecting the spread of Hellenic culture throughout
the Mediterranean and Near East. Rulers sought to consolidate their power and control
through a greater degree of centralization and buraaucrhe economic pwth of

Hellenistic period pais was driven by increased trade and commeg@eerall, the
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Hellenistic period was a time of significacttange and evolution for pas$, with many

new and diverse cultural, intellectual, and social dgwelents taking shapd his
dynamic political, military, and economic conditions dietregion during the
Hellenisticperiod resulted in a distinct settlement pattern. In a rare regional study of
the Hellenistic periodn this area, Hill (208) observed thaurbanization was

universal and homogeneous.
1.6. Aim of the study

As described above, the archaeological predictive modelling studies have various
problems thatr@ debated for long period. Curresttidy aimsproducinga predictive

map that displays the likhood of discovering archaeological site at a location for a
selected period and regioand contributing to the solutions of thgroblemsof

APMs. The problems foceslin this thesis are:

Quiality of archaeological data

Use of relevant variables

Incorpordion of sociecultural variables

Polygonal representation of archaeological settlements
Use of outof-box statistical methods

Statistical nethod not requiring nesite data

= =4 4 A4 A A -

Testing/Evaluation athe model

Towards these aimsyqduction of such a mawill be illustrated over the case of
AThe ur b apoliegcoé Hetleaistis perjfodwe st er n  Thegpodsibley e 0 .
contributionof the resulting predictive majo the archaeological research will be

expored with some examples. Thestadiescan beextended ¥ furtherstudies
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CHAPTER 2

MODEL DEVELOPMENT

There are many criticisms for the usage of predictive modelling in locating
archaeological site©n the other handhese criticisms also shawe potentialfor
improvement in the methodrhis thesis aims to concentrateon some of liese

problemsand developsolutiors. The subjectdocused orareas follows

Use of archaeological data set depicting the meaningful picture of the period
Determination obite selection riteria
Representation archaeological site§point vs. polygon)

Use of aut-of-box statistical approaches

= =4 4 4 -

Evaluation ofthe modebutput

In this thesis, wavill develop a model fothe Hellenisticperiod settlements othe
western Turkiyeand flowchart of the model framework is pided inFigure 2-1.

There are fivanmajor steps:

1- Database Creation Collection and review ddrchaeologicaflata

2- Variable Selection:Exploration of possible variables site selection criteria

3- Data Characterization: Statistical appoach development and analysis to
characterize the data for each selected variable

4- Method AssessmentExploration of prediction ability and reproducibility of
the resultgieneratedrom the selected variables

5- Model Evaluation: Creation of predictive map dnits performance

assessment
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This chapter gives the theoretical framework of model building steps and model
evaluationsteps. Application of these stepgiven inthenext chapterThe primary
approach utilized is based on the identification of sitetionacharacteristics of
known archaeological settlements within the study region, employing an inductive
approach while making informed choices of variables based on the site type and
period under investigation-ive stepsgiven aboveare displayedn the model

flowchart shown in Figure-2.

Select Period and General
Region of Interest

Define the Limit of
Study Area

Create Database Out of Relevan
AIchaeoIoglcal Data
Determine P0551ble Site
Selection Crlterla (Variables)

v
Possible Criteria

Leave Out Develop Statistical Approach to
Characterize the Site Location
Choices for Each Criterion

}

Compute Potential Maps for
Each Site Selection Criterion

Determine Prediction Ability 4
of Each Criterion
[

Low Prediction High Prediction
Ability Ability
Leave Out Test Reproducibility
of the Results
Leave Out the
> Potential Maps
NO i
YES Fail the Tests
A4
5

Combine Potential Maps of
All Site Selection Criteria into
Predictive Map

}

Assess the
Performance of
Predictive Map

Figure2-1 Flowchartof our archaeological predictive model
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2.1. Archaeological Settlement: Spatial Phenomenon

Archaeological settlement is a spatial phenomenon. An aragieal site either is
located in an area due to some features of that site which motivate the people to live
there or due to the interactions with its surrounding landscape or other archaeological

sites in a larger area.

Raster data type isommonlyused br the spatial analysifkaster data is formed of

pixels and each pixel has a value indicating an attribute of that location (e.g. elevation,
slope, land status etc.). Location of an archaeological site can be represented as one
pixel (point data) or a clalction of pixels (polygonal dataj{gure2-2). In this study,

both cases are used depending on the site selection moticaitieria and the

statistical approach developed

The polygonal representatiasf archaeological site issedwhere the immediate
surrounding of the archaeological site is thierest as in the topography.itibut

any hesitation, point data is expected to shade off the potentially diverse
characteristics oftopography that thesite lies on. The point data wege for
archaeological sites is one of the majorly criticized topicshamarchaeological
predictive modelling, especially when the environmental data is (wsedLeusen

2002 Mink et al. 2005 Carleton et al. 2012 Despite the critics, point data is
commonly used inhearchaeological predictive moddéSt an| i | ,dYaughrmal . 20C
and Crawford 2009 most probably since the use of this type of data is less labor
intensive and relatively easy for basic statistical analysis. However, there are studies
trying to include the size effect of archaeological site to their models. The authors of
one recent study suggest a new model, which they call in short as LAMAP (locally
adaptive model for archaeological potent{@arleton et al. 2002They use a radius

of 1 km around each knowsite as a sample area for each variable in their model.
They compare the density values of all knesites to the density of the study area

for the variables. For local adaptation, a distance decay function is used to give more
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weigh t to each | ocation of Il nterest based on

characteristics.

The Archaeological Site - Pergamum

Point data Polygonal data
(collection of pixels)

(one pixel)

Slope
(degree)

o
.,

Figure2-2 Raster data representing slope values for the study area as an example.
Pixels forming the raster datan be seen as zoomed in a certain area. The color ramp
shows the slope values stored as an attribute for each pixel. The location of
archaeological site, Pergamum, is also shown as a point data and polygonal data.
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Polygonal data clearly provides manéormation about the area under investigation.
More information allows making use of elaborate statistical analysis, hence, better
characterization of the sitBigure2-3 shows how diversified can be polygonal data
from settlemento settlement. Gradient of land (i.e. slope) is used as an example
variable for a better understanding of the effect. It should be rfwagddr polygonal

data, an ardaextent is required to define the archaeological site. This topic is
discussed fothe case evaluated in this study in Chapter 3.

The point representation of archaeological sites is also used in this gtardyoi
tessellation (Thiesserolygons) is employed to examine the relationship between
archaeologal sites and roads. Thiessastygons enable the evaluation of potentially

connected archaeological sites, as opposed to just relying on the distance between the
sites and other features.

Akmonia Colossae Pergamum
Slope Slope Slope
(degree) (degree) (degree)
-52.5 -52.5 -52.5
-_0 -_0 -—0
8 20 10
X N S g
= 6 =15 =
o (8] (8]
c c c 6
S 4 210 g
g N g4
I 2 I S I 2
0 0 0
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
Slope, degree Slope, degree Slope, degree

Figure2-3 Examples of slope raster data and their histograms showing the variations in

polygonal data (circle with a radius of 300 m) which belong to different archaeological
sites.
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2.2. Characterization of Archaeological Sites

Thearchaeological settlements are firimary input data to acquire the site selection

preferences. Their presentation affects how well the preferences are reflected in the

model.
2.2.1. Archaeological Sites a$’olygonal Area

Converting polygonal data of a variable to a value representing thaeatobical
site requiresparticular statistical concentration. In this stuthe polygonakreais
used wherthe topographicariables(i.e. elevation, slope, ruggedneasd aspect
and arable landensity are investigated as the site selection critdfiawever, the
approach can be used for any type of variable that is considered bettantdyzed
for a polygonal ared&lowchartof the statistical analysis developedachievesites 6

characteristicss given inFigure2-4.

Raster Map of Variable
- - v
Archaeologlcal Sites Fxiract Daia
with Polygonal |— .
. via GIS
Boundaries
A 4
Analyze Data Distribution for
Each Archaeological Site
Test Modality

|

v v

Unimodal Non-Unimodal
Bootstrapping Component Separation

\ |

v

Determine Median for Each
Archaeological Site with 95% CI

Figure2-4 Statistical steps tderivethes i t e s 6 ¢ h aavar@alleevhile st i c s
assessing the archaeological site as an area.
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The raster of variable in examination is clipped out for the polygon deforeeach
archaeological site. The valuelseach pixeln these polygons are exported from GIS
environment to data sheets. Afterwards, their histograms are pebdac each

settlementand some statistical analyses are conducted.

Statistical tools usede histogram, mean, mode, median, modality test, dispersion,
andconfidence intervalThese tools ankdowthey were usedre reviewed below for

readers' convenience.

Histograms: Histograms are one of the common ways of data visualization and show
the freqiencies of data such that the visualized distribution let us to observe which
values more commonly occur in the data set, how widely or narrowly spread the
values are, whether the data is skewed and/or have multiple modes. Even if the
individual distributons for a variable are illustrated for each archaeological site, the
challenging part is to cope with various types of distributions when all archaeological
sites in the data set is evaluated and determining the statistical parameters that will
representhe distributions.

Mean, Mode, Median In this study, since the values appearing more often in the
data set are expected to indicate the site preference feetthement, mode, mean

and median (i.e. measures of central tendency) of the data are giviah apection
(Figure2-5). Distributionwith one mode is called as unimodal, with two modes called

as bimodal and more than two modes called as multimbldalr t i gands Di p
Unimodality is used to determine hether the distribution is significantly non
unimodal, in other words, bor multimodal. Test measures the difference between
empirical distribution and the best fitting unimodal distribufidartigan J. A. 1986

Pac k diggesd fii?is usBd for thenimodality assessme(ilaechler 2015 It is
considered that each mode abveel in the histograms should contribute the

decision of settlement location.

2R is a programming languaged opersource software environment for statistical computing and
graphics
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Figure2-5 Basic graphical representation of ahtendency measures for unimodal
and bimodal distribution&Sirkin 201). xa Mean, Md: Median, Mo: Mode.

Mean and median are among the most commonly used values indicating the center
of a distribution. When a distribution is normal (symmetrical) and unimodal, its mean
and median values are identical and shows the typicaévalthe data. Instead, if

the distribution is skewed, mean is affected by extreme values in the data and is
dragged away from the typical value while median is not affected by extreme values
(Ho 2017%. Therefore, median is used while moving forward ® tilext step of the

statistical analysis.

Dispersion Dispersion, whicliescribes how closely or widely distributed the values
are in a data set, is another important property of a distribution that should be
consideredFigure 2-6 shows two distributions having same median, but exhibiting
different variability. This results in different ranges of plausible values for the
estimated statistics from observed data like median. The estimation range, which is
called as confidence interya determined based on the probability of containing the
true value of the investigated statistical parameter. The most commonly used

confidence intervals are 95% and 99%. In this study, 95% is selected as the
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confidence interval for median to be usethatfurther steps of the statistical analysis.
When a distribution is significantly dispersed then the median estimated with 95%
confidence interval should have a larger range compared to a distribution having less

variability.

— High variability

Figure2-6 Graphical representation of high and low variabillp 2017

Determination of Median: The final step involves estimating median values for
archaeological sites, which often have spamametric distributions that do rfotlow

a specific distribution for the evaluated variable. This presents a challenge in
determining a typical or representative valigeg.Figure2-3). The median values of
unimodal distributions are calculated usBaptstrappng method With this method,

it is possible to estimate the median without prior knowledge of the population
distribution type. The technique involves making inferences about the sample data
population, assuming that the data t@hnmodeled by resamplintself (Efron and
Tibshirani 1993 Mooney and Duval 1993 This technique allows assigning
measures of accuracy | i ke cmepldatod eanrcce
fisampl® f unct ii©oused for the dpplication of Bootstrapping method
(Clapham 208).

When there are multiple modes in the distribution, Hregeparated into components
using the Mmixtools package in RBenaglia et al. 20Q9Each component is assumed
to follow a normal distribution, and the median values for each component atbng wi

a 95% confidence interval are calculated. As the mean and median of a normal
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distribution are equal, the confidence interval for each component is computed as

follows:
6 & & QOO L‘@d)ﬁm—
= sample mean (equals maditoo since the distribution is normal)
Z = standard z score for the confidence level (here is 1.96 for 95%)
s = standard deviation
n = sample size

As an example, Figure 2.7 shows the decomposed normal distributions of slope
values forthe Akmoniaarchedogical settlement

Mixing Proportions 0.34 0.66

Median 3.82 14.33

T Median Upper Limit 3.97 14.67

Median Lower Limit 3.67 14.00
Standard Deviation 1.88 4.24
| Confidence Level 95% 95%

7/ component1  component 2

4 L Ni
5 10 15 20 25

Slope, degree

Frequency, %
o L] N w £ w o ~ -]

Figure2-7 Decompositioning of a multimodal distribution. Example shows the slope
distribution of the archaeological site Akmonia.

After following these steps for each archaeologittaland evaluating the variable as
a potential site selection criterion, a set of median values with varying frequencies
will be obtained. These frequencies can indicate the potential for the existence of sites

with those values in the entire study area.

Analysis of Circular Data: Among the topographicaiariables, aspectdiffers from

the others due to its data typespect is the direction of slope faces anelasured in
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degrees clockwise from nortBuch data is called circular data and requires special
statistical methodsAlthough aspectis a continuous data, most of the predictive
modelling studies often treat it as a categorical variable (i.e. N, NE, E, SE, S, SW, W,
and NW).

In this study, a pailel methodology to the othegariables represented agalygonal
area (elevation, slope, ruggedness and arable land desgitgyeloped for aspect,
but employing circular data statistidsgure2-8). Why use of circuladata statistics
Is importantshownvia an exampledisplaying tw data points with the directions of
330° and 30° and mean of théRigure2-9). For the example rahmetic mean would

results in 180° inst of 09 although lhe latter value clearlpnakes more sense.

Raster Map of Variable

Archaeological Sites
with Polygonal |—>
Boundaries

Extract Data
via GIS

Analyze Data Distribution for
Each Archaeological Site

Test Uniformity

| No Mean Direction | Fitting von Mises
Distribution(s)

!

Determine Median for Each
Archaeological Site with 95% CI

Figure2-8 Flowchart forstatistical analysief aspect
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South

Figure2-9 An example showing circular raa (solid line) and the arithmetic mean
(dashed lingfrom (Kal ayl eépjl u 2020

Forthe statistical analysifirst the aspect values clipped out from the polygonal area

of each archaeological sitkater, each of thers explored for their frequencies,

spread and type of distribution. The aspect data of archaeological sites Akmonia,

Myrina and Teos are shown to better visualize circular &aare2-10). As seen in

Figure2-8, t he foremost step should be testing t
words, checking whether there is asignificant directionality in the distribution.

There are sever al uni formity tests having
spacing test, Kui per 6s itrecul ama fovkeet soad si n ef
uniformity assessmerLund et al. 201). Only one site out 051, namely Myrina,

has shown no significat di r e ct i o ndistributioys.havéeithereone psak t e s 0
(unimodal) or more peaks (multimodal). From the linear data distributions with

multiple modes, it will be recalled that thastlibutions were separated into

components (i.e. sudbistributions of a heterogeneous population), where each

component has a normal distribution. In circular statistics, von Mises distribution

takes the role of normal distribution.
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Probability densit function (f) of mixture of N number of distribution is given by:

Qa8 B
A QE— A Qd— 888p A A 88
h 0 -

where f,f>, é naarethe grobability density functions of von Mises distributions,
with paraneters ofdh=(11, 1),ah=(12, 2)a €& dva(und n) @nd membership
probabilities of p,pz, €. nand p

The von Mises probability density function for the angle x is given by:

. (o) AT O
“0ci * Hil
4 ¢‘c |l

wherec Il is the modfied Bessel function of order 0.

The par amesaeares am ad rody’grhgan andwariancehimtioe nérmal
distribution. In circular datay is the mean direction of sample angles and the
parameter is the concentration parameter indicatingyvhconcentrated the data
around the mean. The greater the value o the higher the concentration of the

distribution around the mean direction.

Packag A BAMBI 0 fosfitting she aspect maluéd of known archaeological

Si teds di ketmixturb af von Mises distrimutioti€hakraborty and Wong
2017). The fitted density estimations of Akmonia and Teos are showigure2-10

as examples. The mean values of each component with 95% confidence interval are

calculaed foreach archaeological settlement.

As in linear data, Wen all of these steps are followed for each archaeological site for
aspecta set of median values will be obtained having different frequencies, which

should indicate the potential of site exigte on those values in the whole study area.
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Akmonia

Raster Data

Aspect, deg

Circular Plot & Fitted von Mises
Distributions

180

M, = 199°
W, = 354°

Linear Histograms & Fitted
von Mises Distributions

Uniform
No Mean

n=114°

Figure2-10 Example aspect data of the archaeological sites Akmonia, Myrina and Teos

together with their circular plots and linear histograms overlaid witd fiton Mises

distributions (grayine).

2.2.2.Archaeological Sites as Network

The extent of territory of an archaeological site, its neighbours and relationship

among thenand its surroundingre import to understand the period of interest on a

regional scaleln order to defingpp o s si bl e

fiterritori,aso

spatialpartition method called agoronoi diagranms commonlyused(Wheatley and
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Gillings 2003. With this methoda surfaceis dividedinto regionsusing geometric

properties of a poindistribution andhe methodasavery wide application area.

The Voronoi diagrambkelp to examing¢he point patterrs (here archaeological sites)

in a region The study of point patterns are expected to provide explanatory insight
about the process regmible for creating i{Okabe et al. 2000The model of John
Bintliff can be given as an example in archaeology, which explains the development
of prehistoric and historic settlement by defining territory size through time with
Voronoi polygons based ohétwenty years of fieldwork data in Boeotia, Greece
(Bintliff 2000).

A Voronoi diagramcan be created bgrawing perpendicular line between the
midpoints of each two sites and intersecting these perpendiculatdinieginethe
polygon around every sit@-igure 2-11). The same Y¥ronoi diagram camlso be
created by drawing circles around each point with an increasing raditise radius

of circlesis exparded, the neighbouring circles touches to each othad starts
squishing each other forming a lingvhich definesthe boundary betweethe two
nearest neighbouringtes(Figure2-12). The region defined for each point is called

as Voronoi cells or Voronoi polygons, also known ag$semolygons.The later
method provides better visualization of how the territory of an archaeological site and
Voronoi cells area related.

In this study, Voronoi polygons are used when road network variainegstigated

for its possible contribution in locating the arebbbgical settlementsThe road
network variable includes the travel time between the archaedlsgittaments (see
Section 3.7. The Voronoi polygons are used as an indicative of possible neighbours
of a settlement. The travéime extracted for the dgment and its neighbours are

simply collected as the characteristic tratigie (Figure2-13)
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Figure2-11 Voronoi tessellation creation of a set of site poirging midpoims
between two sites

Figure2-12 Voronoi tessellation creation of a set of site points using expanding circles
around each sitd he radius of circle expands from top left to right bottom.
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Archaeological Sites
as points

Create Voronoi

Polvgons
Y
Identify the
Neighboring Voronoi Raster Map of
Polygons of Each Variable
Archaeological Site

Extract Data via GIS

Y
Simply Collect
the Data

Figure2-13 Steps to characterizke road networkariablewhen assessing the
archaeological site as poiand related with its nefifpours

2.2.3.Computation of Potential Maps

In previoussectionthemethod to collect thealuescharacterizinghearchaeological

sites aregiven Even though all the values are observed ones, they have different
frequencies indicating that the potential of site existence chance dlifieréocation

to location Stepsfollowed to compute the pential mapfor a variableis given in
Figure2-14.

Distribution of Data Characterizing the Archaeological Site Locationsin order

to classify the archaeological site existence poterfiial, the histogram of each
variable is dtained However, this was not straightforwanthenthe archaeological

sites represented as polygon, since the median of each archaeological site with 95%
Cl is actually an interval as a result of their changing dispersion and modality. For
example, Prierie s  m slope ia lmetweeh8.8 and 20.1 witB5% confidence. This

range is displayed with many closely valued poiassin Figure 2-15 for the

archaeological siteS’he histogram of medians of archaeological sites in the dataset

51



is built bringingthese pointsogether(Figure 2-16). In the figures, the archaeological
data ofGr80/20Set2(for detail of naming see Section 2.3.i5 used from the case
study to show the steps for the computation of potentigl as an example. The slope
around 5 degrees and between205degrees seem to be occurring more often
compared to the other values Figure 2-15, which is in compliance with the

histogram inFigure 2-16.

Distribution of
Archaeological Sites’
Location Characteristics

A 4

Estimate Kernel Densities
for the Distribution

v

Convert Raster Map of Variable

Raster Map of Variable »  into Potential Map using the
Kernel Density Estimates

A

Normalize
the Potential Map

Figure2-14 Flowchartto compute potential map forvariable

50 [@® Settlement Names
LA -
1-Aegae 2-Akmonia 3-Alabanda
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" Y - = 7-Antiochia ad Maeandrum 8-Apamea 9-Aphrodisias
[=] LY e -~ 10-Apollonis 11-Attouda 12-Bargasa
& 30 .r .. 13-Blaundos 14-Colossae 15-Cyme
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10 | g - - - 33-Myrina 34-Neonteichos 35-Notion
o0 8 36-Nysa 37-Orthosia 38-Pergamum
oy @ - - - 41-Pitane 42-Priene 46-Tabai
0 47-Temnos 48-Teos 49-Thyateira
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Median Slope Values, degree

Figure2-15 Median slope values @irchaeological sites with 95% @ir Gr80/20Set2
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Figure 2-16 Kernel density estimation curve overlaid the histogram of median slope
distribution of archaeologicaitesavailable in the dataset Gir80/20Set2

Kernel Density Estimation of Distribution: The prdability density curvdor the
distributionof each variable is obtained usikgrnel density estimatiofiKDE) in R
software(Figure 2-16). KDE is calculated by weighting the distances of all the data
points (Conlen 2018 The kerml density estimate is higher at a value if there are
more data points nearkitigher kernel density estimates indicate a higher probability

of occurrence of corresponding values in the dataset.

Conversion from Raster Map to Potential Map: The resulting krnel density
values are divided into small bins and the average valaes assigned to the
corresponding range of the variable, allowing for continuous potential value

assignment across the study afEable2-1).

Normalization of the Potential Map: Finally, the density valuegrenormalized to

a range between 0 and 1 to improve interpretability.

An example calculation for the transformation of KDE values to slope potential
values is provided iffable2-1. The resulting map presents a continuous assessment
of the site potential based on the evaluated variable (see Figure 2.17), with higher

values indicating higher potential areas compared to lower values.
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Table2-1 Example transformation of KDE values of slope to the final potential map
having values between 0 andiot Gr80/20Set2

Bin Sizein Range of Average of KDE Normalized
Slo(;):;:gje, \lfflfe Slope, SlopeValue, Value in the Value
degree degree Range btw0-1
0.0000 0.01648
0.0587 0.01701 0.0587 0-0.06 0.01675 0.321
0.1174 0.01755 0.0587 0.06-0.12 0.01729 0.332
0.1761 0.01810 0.0587 0.12-0.18 0.01783 0.342
0.2348 0.01865 0.0587 0.18-0.23 0.01838 0.353
cont.
cont.

Potential 0 [N o

Figure2-17 Slope potential map of Gr80/Z8et2

2.3. From Potential Maps into Predictive Map

In this study, the outcome maps of statistical methodology described until this section
were called apotential map. After the data analysis regarding each variable a
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potential map was created. The potential maps out of severablesrare unified

into apredictivemap
Towards the predictive mapyt issues were concerned:

1. Reproducibility of the results

2. Performancef the poterial maps

Figure2-18 provides the flowchart for the determination of potential maps to be used

in the predictive map. The steps are detailed in the following subsections.

All Known
Archaeological Sites

A 4
Split Sites Randomly as Training and
Testing Data in Different Ratios for
Sensitivity Analysis

Reproduce Such Data At Least 3
Times for Repeatability Test

I

Compute Potential Maps Using the Data
Sets for Each Site Selection Criterion

|
' |

Check Repeatability Check Sensitivity of
of Proposed Statistical Proposed Statistical
Method Method to Sample Size
A 4 Y v
Low Repeatability High Repeatability Low Sensitivity High Sensitivity
' } |
Leave Out TLeave Out

Combine Potential Maps into
Predictive Map

the Criterion the Criterion

Figure2-18 Steps fotthe determination gbotential maps of which variablesll be
used in the predictive map.
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2.3.1.Reproducibility of Results with the Proposed Statistical Method

The perfomance ofproposed stadtical method is investigated by evding its
repeatability andts sensitivity to the samplgize We will first describe regatability

and sendivity in our context

Repeatability: Repeatabilityests how successfully the proposed methodologysgive
similar results with a different datasétctually, this test can also provide insight
about how comparable the archaeological sites in the dataset are. The correlation
between the potential maps are computed using the Band Collection Statistics tool in
ArcGIS3. The correlation coefficient canka values between +1 anti, indicating

the strength and direction of the relationship between two variables. When there is a
positive correlation, an increase in one variable corresponds to an increase in the other
variable. Conversely, a negative cortela suggests that as one variable increases,
the other variable decreases. A correlation of zero implies that there is no association
between the two variables, and they are independent of eachHigiet. correlation

is expected between the three dats, when the proposed statistical method
produces similar result.able 2-2 shows the correlatiomatricesfor the resulting

potential maps for Gr80/20 as an example.

Table2-2 The correlation matrices between #lepepotential mapfiaving 80% of the
known archaeological data for the training.

Groups Gr80/20
Sets | Setl | Set2 | Set3
Setl 1 | 095 | 098

Gr80/20 |[setz Jo9s | 1 | 095
set3 | 098 | 095 | 1

3 ArcGIS is a commerciagjeographt information system software developed and maintained by Esri.
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Sensitivity analysis:Sensitivity analysis tests how the statistical method responds to
the different numbeof sample input. The studifrom eath sciences frequently
utilize sensitivity analysis because this analysis can help to understand where an
uncertainty was introduced to the modBurg et al. 201 The major approach
employed in this studys datadriven and it is important tobservethe effect of
training and testg data counts during the model developmémtorder to observe

the effect of sample size, the performance of each potential map is compared among
the datasetsPerformance is a function of percentage of succegsfatiated
archaeological sites and the percentage surface area of where they were Idhated in

study area (see Section 1)1.5

When potential map of anyariableis calculated, three sets of data is created by
selecting randomly having same number of glas for the examinedariablefor
repeatability analysis. F@ensitivity to the sample sizthe input data (i.e. training
data) having 90%, 80%, 70%, 60% and 50% of the all known archaeological sites are
included to the statistical analysiBhe remainig known archaeological sites from

the each ratio are used for tagtthe potential maps and tpeedictive mapAt the

end, 15 potential maps (i.e. 3 sets from repeatability x 5 groups from sensitivity) are
evaluated for any examinedriableto assesde applicability of the method and the
effect ofsample input numbeFigure2-19 shows the resulting potential maps for the
slopevariableas an example. Names of each potential map is given according to the
following structure:

Group Name for  Set Name for
Sensitivity Repeatability

Gr§9/20 —~Setl

£ 1
| l Set Number

Testing Data Percentage

Training Data Percentage

57



<€— Repeatability —>

Set2

Gro0/10

CPLAS-tr] 60 80 90 100
cPSA 34 51 70 78
CPLAS-tt] 80 100 100 100
Pvlimit | 0.80 0.71 0.61 0.52 0.81 0.71 0.63 0.50 0.77 0.70 0.60 0.53

Gr80/20

IcPLAS-tr] 60 80 90 100
cPSA 29 41 48 74
cPLAS-tt] 30 40 50 90
PVlimit] 0.73 0.65 0.60 0.39 0.86 0.79 0.66 0.57 0.74 0.67 0.58 0.52

Gr70/30

lcPLAS-r] 60} 80) 90| 100 60 80 90| 100 60) 80[ 90| 100}
CcPSA
lcPLAS ]
PVimit

Gr60/40

CPLAS-tr
cPSA

ICPLAS-tt|
PViimit| 0.64 0.55 0.48

<— 92|15 9|dwes 03 AJIAISURS —>

Gr50/50

CPLAS-tr
cPSA 35 54 60
ICPLAS-tt] 72 80 84

PVlimit] 0.79 0.67 0.64 0.19 0.83 0.77 0.71 0.65 0.63 0.55 0.45 0.36

= 1] [ ]| ]

cPLAS-tr 60 80 90 100 100
Potential Very High High Medium Low Very Low

Figure2-19 Example potential map outputachcolumnshowstraining datawith
same sample sizbut having different archaeological settlements for the repeatability
analysis. Each row shows trainingdetesting data ratios used in the statistical analysis
out of the known archaeological datasettfa sensitivity to sample sizmalysis.
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What would be expected at the performance of the model with changing training and
testing data is tried to be illtrated inFigure 2-20. The performance of training data

and testing data are compared to each other. When the training data is too few, then
its representativeness for the settlement locations could be low. Therefore, high
variation is expected at the performance of output ma@dethesample size of
training data fed to the modeéécreasesNVhen the testing data is too few, then their
respond to the model could not be seen properly. The model might have good results,
but due to he variation at the performance of testing data, its evaluation would not
be possibleWhen tte testing data is not few, it seeimsd to know what to expect

for the performanceof testing datebecause of the high variation in tpeoduced
potential mapsThese variations are expected to stabilize around at certain training
and testing data ratio indicating that the investigated variable can be used at the
predictive magproductionand that the output model can be assessed properly for its

performance

100 100
90 90
80 ? 80
o M N ¥ FooooTToTTT 70
60 60

50 50
40 40
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Gr90/10-Se
Gr90/10-Se
Gr90/10-Se
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Gr80/20-Se
o Gr70/305e
Gr70/30-Se
Gr70/30-Se
Gr60/40-Se
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o
-+
174
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Figure 2-20 Sketchof the exected model performance respemsvith the changing
samplesizesfor training and testing
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2.3.2. Performance Assessment

In APMs, the model performance is typically evaluatéal the pedictive map.
However, in this study, we also assessed the performaneelofariable’s potential

map.

First, acutting vdue (PVIlimit) that classifies thstudyarea as having high potential
should bedetermined. W calculated tis valueat which 80% & the training data
(PLAS-tr) observed within thétigh potentiabrea Figure2-21 provides an example
to clarify the cutting valueln this case, the cutting value of 0.79 (PVlimit) was
calculated from the potential map, indicgtthat areas with values higher than 0.79
are more likely to contain archaeological sifEisis value is determined such that i
we control for trainingdata performance in this area, we wofittd 80% of the
trainingdata (PLASLr) in this highpotentid area Afterwards,we can lookfor the
performance ofesting datan this area. The analysis shows tB@#o of the testing
data PLASt) is in this highpotential areawhich accounts fod5% of the entire
study areaRSA) The cutting value for any pegntage of the training data can be
calculated if further exploration is desirefld di t i onal | vy, Kvammeos
be easily calculated using these valdd® long version odbbreviationsised in the

paragraph are as follows:

PVIimit: The valueof potential map defining the boundaay which 80% of the
training data (PLAS) is observed

PLAS-tr: Percentagef archaeological sitesbservedwithin the limited study area

from training dataset

PLAS-tt: Percentagef archaeological sitesbservedwithin the limited study area

from testing dataset

PSA: Percentageof surface areat which 80% of the &ining data (PLASr) is

observed
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Potential

0-0.79 (low to medium)
B 0721 (high)
25 50 km

PLAS-tr PSA PLAS-tt PViimit

80 45 90 0.79

Figure2-21 Boundary determined based on the cutting value at which 8@k¢ of
training dataPLAS-tr) observed within thatigh potentialarea(training data in black
dots, testing data in black triangles).

In cases where an archaeological settlement is represented as a point, its potential
value can be easily obtained by egaling the pixel value from the corresponding
location in the potential raster map of the variable being investigdtagever, in

this study, there are variables of which the archaeological settlements are represented
as polygons meaning that an archagmlal settlement has a range of potential values
inside the polygoniIn order to determine whether an archaeological site is
successfully located on a potential map, the highest 30% of potential values within
the polygon are compared with the PVIimit vauEor example, as shownkigure

2-21, at least 30% of the potential values within the buffer zone of each testing data
should be higher than the PVIimit value of 0.79 to be considered successfully located
in the potential mapThe successfully located archaeological settlements can be

ranked in descending order based on the potential values within the 30% area of the
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polygon. The higher the potential values filling 30% of the polygonal area, the higher
the ranking of the archalegicd settlement

2.4. Combining the Potential Maps

After the evaluation of potential maps as in the flowcharEigure 2-18, which
variable can be used in the predictive nnapletermined. The variabldhat give
repeatable resultgeincluded in the predictive map. The appropriate sample size that
can ke used for each variable adentified based on the response of model. If the
sample size is not sufficiendif any variable, this variable éxcluded.The selected
variablesareadded together to produce the final predictive map. Each potential map
has potential values between 0 and 1, providing a relative probability for site

preference.

It is expected that the controlled progress of the model starting fronattebles
level stould havesignificant contributionin improvement ofthe quality of final
model andin understandingf the influence of eackiariable (or interpretation of

outcomes) into the final model.

2.5. Evaluation of the Predictive Map

~

The word of i enstadd of théeerimesonf 0 fivsa luisdeadt iiono and At

the predictive mafo broaden the sense of performance analysis of the output model.

The ideal way of evaluating aWPM is to conduct a field survey to test the model.
While this may be feasible for prietlve models produced by government resources,

it is often challenging to find such resources for studies like this thesis. Therefore,
this study employs a commonly practiced method, which is to use the data itself for
testing the model. The data is digdlinto training and testing sets. The training set

is used as input for statistical analysis, while the testing set is usedetss dhe

performance of the APM (i . e. Kvammeds gain \
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To prospect for archaeological sites using the predictive mapyilvemploy two

methods:

1 Comparison with ancient texts: The study area contains archaeological
sites mentioned in historical texts. Although some of these sites have
approximate locations described in the texts, their exact locations are
unknown. We will ompare the higipotential zones identified in the
predictive map with these sites to see if they match.

1 Desktop research:The predictive map may also suggest highential
areas where sites could exist. In these cases, we will conduct desktop
research tdind supporting evidence for the possible existence of sites in

these areas.
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CHAPTER 3

CASE STUDY:
HELLENISTIC SETTLEMENTS OF WESTERNT | RKKYE

Tiarkiye has arich and dynamicsettlement historydating back to approximately
10,000 BCE. The caoury is home to numerous renowned archaeological sites such
as Catal h°y¢k, Troy, Ephesus, Hattuka,

the diverse civilizations that have thrived in the region throughout history.

In this studytheHellenisticpoleis (i.e. urban centersycated inthewesternT Urkiye
has been selected for the archaeological predictive modelling because:

A They are distinguishable by their common civic structures and are numerous
in the area.

A There are still undiscovered settlements fitws period that are mentioned
in ancient texts.

A Previous studies have mainly focused onpiiés level, making it possible to

make a significant contribution tberegional studies.

The aim of this study is to develop a predictive map displaying gfempedpolis
settlementlocations for the Hellenisticgriod using a datdriven approach. The
Hellenisticpoleiswere typically established on lelying, easily defensible hilltops

for security and near fertile alluvial plains for agricultural purpoBles.road network
also played a crucial role in ensuring mobility. Through quantifiable methods, this
study hopes tsupport archaeologists in the explanatiorthef natural and socio
cultural relationships that influenced the locations of Hellengsileis in the region.

The predictive map produced will serve as a complementary tool for archaeologists
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in their desktop research alongside other resources such as ancient texts, aerial

photography, and remogsensing.

At the end of the study, some potentigblagations will be explored for the predictive
map. However, it is hoped that the findings of this study will have a broader impact

on the field of archaeology.
3.1. Study Area Boundary

Forregionalstudies, thareacould be either physiographic behavioralas defined
by Kowalewski(2008. The physiographic region is described by places like drainage
basin, coastal plain, mountain chains etc. bkavioralregion is identified by the

interaction of settlements or central places forming an integrated sotiigl e

In this study, the physiographic regimasused to delimit the study area, particularly

the drainage bassnof BUyuk Menderes (anc. Meander), Kicik Menderes (anc.
Cayster), Gediz (anc. Her mos) andofBakér-ay
an area(Figure 3-1). The region is characterized by a haysiben system. The

topography saped by grabens (valleys) and horsts (mountain ridges) formed due to

the lowering and raising of fault blocks respectively. The rivers of Buyik Menderes,

Ké¢-¢k Mender es, Gediz and Bakér-ay flow at t
of Aydeén, nt8hd Kati@aj , Yu
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Figure3-1 The boundary of study area. The inclined dashed areas at the coast indicates
the current coastlines revised due to silting up.

3.1.1Coastal Changes in the Study Area

The western coastf dlrkiye has shown extensive and rapid changes at its river
mouths. Kayan (1999 defines three main stages explaining the sedimentary
development and geomorphological formation of the present delta plains in the
Aegean coast of Turkiyd-{gure3-2):

i ( Th Early Holocene is characterized by pgisicial transgression and dependent
sedimentation. (2) The Middle Holocene was the period when sea level reached the
present level, and apart from small fluctuations, stopped risingviation and
deltaic progradation were prevalent during this transition period from marine to
terrestrial environments. (3) The Late Holocene, deltaic progradation slowed down

and delta plains were covered by floodpl
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Figure3-2 Paleogeographical evolution of the coastal plains of the western Turkiye
(taken fromKayan (1999).

The same sequencharacterizedy these three stages can be seen throughout the

western coasts of Turkiye. The coastaanges in the Hellenistfgriod occurred in

the last stage landlacking the major port cities like Ephesus, Miletus and Priene by

the high sediment loads of the rivers.

The studies benefited for the change of coastal plains in the study area aas foll

T
1
1
T

Buyuk MenderegMillenhoff et al. 2005Knipping et al. 2008)
Kiguk Mendereg¢Bruickner 1996, Bruckner et al. 2017
Gediz(Yavuz Hakyemez et al. 199Bayan and Oner 26}

B a k & (Seebggr et al. 2013, Pint et al. 2015, Seeliger et al.)2019

The find study area is given iRigure3-1.
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3.2. Archaeological Data

The major data for naming and locating tpeleis (i.e. urban centers) in the
Hellenistic period in the study areavas collected from Pleiadésa joint project

incorporating the contents of following works:

1 RichardJ. A.Talbert (ed.), Barrington Atlas of the Greek and Roman World,
Princeton, 2000.

1 Michael McCormick, Guoping Huang, Kelly Gibsehal. (ed.) Digital Atlas
of Roman and Medieval Civilizatiof® ARMC), Harvard UniversityCenter
for Geographic Analysj2007

The inputsof which feature type is described settement and dated to Hellenistic
period within the study ared,19 in numbes, werefiltered out from the Pleiades
datasetAfter detailed examination of them, 51 sitag of 119 were considered as
suitable for the predictive modelling analydtsgure3-3, AppendixA). The aspects

of evaluation are gen in the followingsubsectiors.

A profoundevaluation of dataset provides consistent input for the model, expectedly
resulting comparable settlements (i.e. settlements having similar site selection
criteria). This should allow eventually comprehensive ehaaterpretation too.

However, here are still some uncertaintiestime final dataset. Even for a polis
settlementit wasvery difficult to confirm the datasetn order to assess the dataset
consistencythe results of each settlement will bgaminedseparately for each

variableduring the model development.

4 Pleiadeds an online database for places of ancient world. Current content quality is continously
upgraded. New content is also added by individual Pleiades usmrh. rEcordin the databse
undergoesome level of scholarly peer revieihe records include, for example, alternative names

of the place, chronological information, and relevant ancient and modern citations. Last access to the
site for data retrieval was April 2020.
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Figure3-3 Hellenisticsettlementsn the study area: selected archaeological settlements
(chosen as peis) for the study (numbered, black dotg)dremainingarchaeological
settlements (white dots).

3.2.1.Location and Period

The quality of dataset wamproved by reviewing additional literature, inspecting the

sites at another digital platform named ToposTart checking the archaeological

remains isually on the Google Earth Imageries for each site in the list16f

settl ement s. The key | itypegperiod and pcatioralv i e wed f o
confirmation included:

1 Individual articles for the city plan or any basic sketch of each settlewrent f
the assessment accurate locationAppendixA)

5ToposTexis an indexed collection of ancient Greek texts and provides also locations of those places
mentioned in the texts from the Neolithic period up through the 2nd centutyaGEaccess to the site
for data retrieval was April 2020.
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1 The annual meeting reports of excavation and survey results published by the
General Directorate of Cultural Assets and Museums of the Republic of
Turkiye

1 An Inventory of Archaicand Classical Pels edied byHansen and Nielsen
(20049

1 The recently published book of The Geography of Urbanism in Roman Asia
Minor by Willet (2020

1 Archaeology and the "Twenty Cities" of Byzantine AsiaHogs(1977)

Additionally, in order to ensure the locationaopolisin the defined period, the sites
having at least one public building dated to the period (e.g. a theater, an agora, a
gymnasium, a stadium, and/or city walls) was included to the study. The point
indicating the settlement was placed in the central part ohaobbgical remains, as

much as possible, paying attentionhe tlistribution of Hellenisticqriod remains.
3.2.2.Typology and Size

The ®ttlements are often hierarchically classified Zsd:order (town or city); 2nd
order (village or hamletB3rd order farmsteads and homesteadShey can be also
classified functionally likeeconomic center, administrative centand military

garrison etcThe functional characteristics can be a mixed type as well.

The source dataset has tags of major ancettiement andncientsettlement, but
for the Roman eriod. After the locational and periodical evaluation, 36 out of 51
selectecsettlementsverefound categorizecasmajor ancient settlementsnd15 of
themasancient settlemeat This categorization can lm®nsideed as equivalent of
citiesand towns indicating thalh¢ir physical sizewere most likelydifferent, but all

of them hierarchically were in the 1st order settlement type.

The source data did not includmy information indicative of the functional
characeristics of the settlementdowever,Hill (2016) describes thaniversalityof

polis in the region so that founding a polis could be considered as a package, which
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can be scaled up and down, exported and reproducedneroudocations.During
this study in which aspects the settlements were similar to each other or different

from each other would be explored for a possible contribtition

As outlined in Section 2.1, duririestatistical analysis, archaeological siel be
regarded as having a tixt spatial extent if it is more appropriate to treat the
investigated variable as an ardde ideal case would be to determine the true
settlement boundary for each settlement in the dataset for the selected period.
Unfortunately, the sources to reasiich boundaries were problematic:

The city walls enclosing the settlements were rarely fully preserved.
The preserved city walls were usually lacking of temporal details.
City plans with detailed temporal resolution were missing for most of the

settlements

Thereforetheliterature waseviewedto identify a representative artea the extent

of a polisin the Hellenistic priodin the western Tirkiye. The most relevant dass
considered as the CopenforaAgchaic aclassika Centr ed s
Poleis (Hansen and Nielsen 2004vhich wasthe first thorough study of pak.

Hansen (2006) ater, looked into the data collected further and calculated the sizes

of polis for 232 of the 1, 0@Fguredd)lHei s in the
strictly selected the cities whose walls enclosed the entire city and he found that

almost all poleis had an area of more than 5 ha; the average size is 65 ha and the

median sizes40 ha.

The median size of 40 Weasselected as threpresentative area for the archaeological
sites used in the pradive modelling. This arewaspresented with a circle having

350 m of radius around each sites.

72



Distribution of City Size

~ o
o o
W w
[T

[ AN

30 =
20 i
10 . l
, M
0-4 5-9

10-19 20-49 50-99 100-149 150+

w = = [ ()
o (53] (=] (%]
% of Polis

(=]

Size, ha

Figure3-4. City size distribubn of Archaic and Classical Ra$

3.2.3.SampleSize

The sample size, or the number of settlements used in the study, can impact the
representativeness of the population being studied. A larger sample size typically

provides a more accurate representation.

The ratio d sample size to the total population sizasexploredusingthe study of
Hansen and Nielsef2004) on Archaic and Classical period polis territorighey
found that, intheir statistical analysis 0635 communities spread across a wide
geographythe pdeis had territories encompassing areaof 150 knf in average
The study area covers a total of 53,59C¢ Khable3-1 shows thesample sizes used
as traning data and thpercentage of tls@sample sizeto the estimated popuiah
sizein this study, withsatisfyingthe two rules of thumb often used for sample size
determinatioras a starting poina minimum of 30 sample@han 2023 Sirkin 2011

or 10% of the population sizZgdeff 2017 Ben 2022. Additionally, throughout the

study, sensitivity of the model to the sample size was assessed.
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Table3-1. Comparison of sample size to the estimated population size

Mean

Expected #

X , o Sample sizes| The ratio of sampe
Study territory size | of poleis in used as size to estimated
Area, km? of poleis, the study ~ O
km?2 training data | population size, %
m area

46 13

41 11

53,590 150 357 36 10

31 9

26 7

3.3. Model Variables

There is a general notion tfatearly eastern Greek settlementsre lying on low
hills and closely located to natutarborsand arable land@ill 2019). During the
variable selection, the knowledge available about the Hellerpstiod and the
general site location preferenagsreconsideredThe arguments for ehwariable is

given in the relevant subsection.

For the statistical analysis, the archaeological dataset separated into training and
tesing groups withchanging percent ratios 60/10, 80/20, 70/30, 60/40 and 50/50
respectively in order to inveghte tle effect of sample size the analysisn Table

3-2. Each ratio groupvasalso created three times selecting the archaeological sites
randomly among all known archaeologicaéésifor repeatability analysiét the end,

out of 5groups and 3 set$b datasetsvereanalyzedor eachvariable

Table3-2 Sample sizesf training and testing groups for the selected ratios for the
archaeological dataset

Number of Settlements

Groups Training Testing
Gro0/10 46 5
Gr80/20 41 10
Gr70/30 36 15
Gr60/40 31 20
Gr50/50 26 25
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3.3.1. Topography

Topography is the physical description of a land and is one of the most commonly
used environmental factors in archaeologradictive modelling studig@rgyriou

et al. 2017 Kal ay c,eVaught Gaed Crawford 2009 Topography as an
environmental factor has significant effect on the climate, landforms, soil types etc.
in returnit is expected tdave influenceon the #e selection of humans tettle
(Huggett and Cheesman 200Bintliff et al. (2000 based on hisa. twentyyearof
intensive archaeologicdield survey in Boeotia in Greece, haterpretsthat the
settlement pattern oftandard network of nucleated sites are more significantly
related tothe teritory and its limitationsspportunitiescompared to theonscious

Afsense of placeo.

Elevation, ruggednesslopeand aspect are the most common attributes used for
characterizing the topography of a place. In this study, these attniertesxplored

to define a set of criteria for the local topographywhichthe Helknistic settlements

were locatedDigital Elevation Model (DEM) of the study areasobtained from
EU-DEM elevation model provided by European Environmental Agency. The EU
DEM is a D raster dataset with elevations captured at 1 arc second postings (2.78E
4 degrees) or about every 30 meters. It is a hybrid product based on SRTM and
ASTER GDEM data fused by a weighted averaging approach. @thables (slope,
ruggedness and aspeat¢ a@erived from DEM.

Topogaphical analysewere carried out on polygonal data obtained from circular
area having 350 m of radius (from now on, mentioned as buffer zone) for each

settlementTheresultsof these analyseme discussed itne following subsctions.
3.3.1.1. Elevation

Elevation is one of the elements defining the tereaud has effects on the climate
and existing animal and plant species in a region. lcdsamony used in

archaeological predictive modellingowever, in this study,wk to the largsize of
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the study area, itvasconsidered that relative elevation (ruggedness, later discussed
in Section3.3.1.2) of a settlement to its surrounding area seems to be a more plausible
criterion in site selectiorilhere are few studies discussing the litnitas of use of
elevation in the APMRevert 2017Malaperdas and Zacharias 2018 this study,

the variable wastill investigated in order to control its possible contribution.

Distribution of Elevation in the Study Area

Elevation map and histogram peged for the study area are givenHigure 3-5.
Elevation in the study are@angedrom 0 to 2600 m, but the levels above 1500 m are
rarely observedThe low levelsoccurmoreoften towards the coastal area and at the
valley botoms. There is a second peak in the distribution ar&dm appearing
usuallyat the eastern and sowghstern part of the study area.

Characteristic Elevation Valuesfor Archaeological Sites

First,theelevation valueslipped out from the polygonal &®f each archaeological

site were explored for their frequencies, spread and type of distribution. The raster
maps and histograms of the archaeological sites\kwvhonia Aphrodisiasand
Harpasaare shown as examples for a better visualization of elevdéitaninFigure

3-6. The change of elevation values is rather low in an archaeological site, but it is
notably high between the settlements. The medians of Akmonia, Aphrodisias and
Harpasa are ca. 1000 m, 500 m and 170 m resplgcter this stepthe data for

each sitavasexamined for their modalityBased on their modality test resulisey

were processed accordingly to achieve median values with 95% confidence level
considering the statistical evaluation stepBigure2-4. The results are summarized

in Appendix B.Most of the settlements are lying on loglevation valuesand
generally have low diversity. Using these results, histogram of elevation changes for
all settlemerd is plotted Figure3-7). There is a significant clustering between 0 m

and 400 m indicating a tendency towards these elevations. Similarly, some preference
towards the elevation values between 400 m and 1300 m can be considered, but

relatively low.
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Figure3-5. Map (above) and frequency distribution (below) of the study area for
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Figure3-6 Exampleelevationdistributions at the archaeological sifdanonia,
Aphrodisias and Harpasa
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Figure3-7. Histogram of median elevation values together with KDE curve for all the
known archaeological settlements in the dataset

Potential Map of Elevation

The histograms based on the median elevation values of archaeologicalesées
plotted as described in Section 2.2. for each of the 15 datBggise3-8). Later, the
probability density curves fahe distributionsvere obtained using kernel density

estimation in R.

Estimated density valuageretransferred to the original elevation map with a very
smallbin size(i.e. 1.27 m) such that the data could be assumed coaginuastly,

the density valueweae normalized between 0 and 1 &vetter understanding. Final
potential maps for each growyere obtained by reclassifying the origireevation

map using the normalized was for each bin intervalThere are 1%elevation
potential maps produced rf®d groups and 3 sets for each group. The elevation
potential maps computed based on these groups and sets are slioguna-14.

In general, the potential maps indicate that the coastal areas and along the valley
bottoms are me likely places to locate an archaeological site for the studied period.
The east and soutmasternpart of the study area possess hardly any potential for
settlement. However, tharchaeologicaldata already included3 out of 51
settlements (25%) in thiarea. Their presence produegatively low KDE values

around 600 m and 1100 rit.was considered that the gradual and large change in
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elevation in the whole study area and therefore rather low diversity in each
archaeological site are not good indicatdor deriving the preferred settlement
location.This problem hd been mentioned as spatial autocorrelatitie paper of
Kohler and Parke(1986. The authors point out that for variables like elevation or
soil type whose values change more slowly wligtance may exhibit severe spatial
autocorrelation. They propose discarding the variable from the anaBesmse
approactwas applied and further processing of tlagiablewasstopped to avoithe

misleading conclusions.
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Figure3-8. Histograms of training data sets with changing percentages and overlaid
KDE curves for elevation
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Figure3-9 Potential maps computed for thkevationvariablebased on the s of 5
groups that have different training and testing data ratio
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3.3.1.2. Ruggedness

Ruggedness expresses the topographical unevenness of Rilagdet al.(1999
developed a measurement method to quantify this heterogeneity. Terrain ruggedness
index (TRI) kts us to track the elevation changes in a predefined area in an objective
way. The formula for TRI of a grid cell surrounded by immediate cells is as follows:

If each square represents a grid cell of digital
1,1 0,1 1,1 _
elevation model,

L0 | 00 | 10 YYO Bd @

-1,-1 0,-1 1,-1

wherew is elevation of neighbour cell to cell .

The size of predefined area requires caution when ruggedness is examined, because
it should be determined depkng on the question investigated. In this study, TRI
wascalculated for the circular area having a radius of 350 m (i.e. map resolution of
25 m x 14 grid cells), whictvassame as the buffer zone for each archaeological site.
Such sizewas expected to pnade information about the local accessibility and
defensgHuggett and Cheesman 2002

The city walls can be considered as the most itapoicharacteristics of the pdei
(Hansen and Nielsen 2004rhey were builtonly for defensepurposes They had

towes and gates. The gates were guarded during the waftheeopography was
used in favour while constructing the city wallie city walls ofPriene, Pergamum

and Ephesus are among the walbwn example@ the western Turkiye

The panners madealso use of step slope and terrain irregularitie® create
monumental townscapes the Hellenistic priod (Owens 199 For example,
theaterswvere built against hillsideA polis was beyond spreading the Greek way of
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life, it was a mean of propaganda. The Eeistic king had become benefactors of

poleis to show their power by supporting construction of greastumthing buildings.

It wasassumed reasonable to expacelationship betweeterrain ruggednesand
location ofa polis when defese system and towplanningvereconcerned. The more
rugged the terrainvasthe more cutting of surface would be needed, or the least

rugged the terraimasthe more construction block would be carried to the site.
Distribution of Ruggedness inthe Study Area

Ruggedness npaand histogram prepared for the study area are giveigume3-10.

TRI values in the region ranges from 0 to 225. Valleys and mountainous areas are
clearly seen with the changing TRI values. The higher TRI value is, the mgedrug

the land is. TRI is observed at similar percentages (ea5%) up to the value of 30.

The TRI values greater than 30 covers almost 40% of the study area.
Characteristic Ruggednesd/aluesfor Archaeological Sites

First,the TRI valuesclipped out fronthe polygonal area of each archaeological site
wereexplored for their frequencies, spread and type of distribution. The raster maps
and histograms of the archaeological sites of Priene, Sardis and Aphrodisias are
shown as examples for a better visual@aiof change of TRI data iRigure3-11.

Later, the data for each sigasexamined for their modality. After their modality
tests, theyvereprocessed accordingly to achieve median values with 95% confidence
level considering thestatistical evaluation steps iRigure 2-4. The results are
summarized irAppendix B In general, the archaeological sites are lying on low to
medium rugged landscape. Priene, Eumeneia and Aegae are seen among the
settlements fouwhon the highly rugged landscape. While the terrains of Aphrodisias
and Herakleia Salbakes show the lowest diversity for ruggedness, the terrains of
Ephesus and Priene show the highest variabllismg these results, histogram of

TRI changes for all sé¢étmens wereplotted Figure3-12). A significant peak around

TRI value of 30 is observed. The TRI values between 5 and 45 seem to be occurring

more often than the remaining values.
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Figure3-12. Histogram of median TRI values together with KDE curve for all the
known archaeological settlements in the dataset

Potential Map of Ruggedness

The histograméased on the median ruggedneskies of archaeological sites e
plotted as described in Section 2.2. for each of the 15 dat&sgise3-13). Later,

the probability density curves for the distributiomae obtained using keel density
estimation in R.

Whentransferringheseestimateal density values to the original ruggednesg ntiee

bin sizeof 0.107 TRI wa usedLater, he density valueswere normalized between 0O

and 1 fora better understanding. Finpbtential maps foeach group we obtained

by reclassifying the original ruggedness map using the normalized values for each
bin interval The ruggedness potential mdps15 datasetare shown irFigure3-14.

In general, the potential maps indiedhat the valley bottoms and mountain ridges
are less likely places to locate an archaeological site for the studied period.
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Setl Set2 Set3
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Gr80/20

Gr70/30

Gr60/40
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Potential 0 [N B F

Figure3-14 Potential maps computed for the ruggednvesmblebased on the 3 sets of
5 groups that have different training and testing data ratio

Repeatability of Staistical Analysis

The correlation matricdsetween the 15 potential mapsreileomputed{able 3-3).
The subsets of Gr90/10 and Gr80i2&e found strongly correlated having greater
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than 0.8 Rvalue. In general, the results indictitat the higher the training data ratio
is, the higher the correlation between each set. This meartkdhepeatability gets
better with thencreasing number of sampl@n the other handventhe three sets
of training data of Gr50/50 (trained witl® Rnown archaeological sites) have shown
good correlation with values greater than 0.720 R

Table3-3 The correlation matrices between the ruggedness potential maps8lue
is in light greenand 0.&value(0.65 is in light gay)

Groups Gro0/10 Gr80/20 Gr70/30 Gr60/40 Gr50/50

Sets| Setl | Set2 | Set3 | Setl | Set2 | Set3 | Setl | Set2 | Set3 | Setl | Set2 | Set3 | Setl | Set2 | Set3

Setl 1 093] 093)] 098 | 089 | 0.96 | 0.97 | 096 | 0.90 | 0.95 | 0.95 | 0.89 | 0.58 | 0.60 | 0.89
Gro0/10 (Set2 | 0.93 1 098 | 0.94 | 0.96 | 0.94 | 0.92 | 0.97 | 0.80 | 0.87 | 0.84 | 0.88 | 0.73 | 0.71 | 0.91
Set3 | 0.93 | 0.98 1 094|096 | 093 | 0.89 | 097 | 0.75 | 090 | 0.81 | 0.82 | 0.76 | 0.72 | 0.92
Setl | 0.98 | 0.94 | 0.94 1 0.86 | 0.98 | 0.93 | 0.97 | 0.83 | 0.96 | 0.90 | 0.86 | 0.66 | 0.67 | 0.94
Gr80/20 |(Set2 | 0.89 | 0.96 | 0.96 | 0.86 1 0.86 ] 0.87 | 0.94 | 0.76 | 0.83 | 0.81 | 0.84 | 0.74 | 0.68 | 0.82
Set3 | 0.96 | 0.94 | 0.93 | 0.98 | 0.86 1 091 | 098 | 0.78 | 096 | 0.86 | 0.80 | 0.69 | 0.75 | 0.97
Setl | 0.97 | 0.92 | 0.89 | 0.93 | 0.87 | 0.91 1 091 | 094 ] 085 | 0.95 | 0.91 | 0.45 | 0.48 | 0.82
Gr70/30 |[Set2 | 0.96 | 0.97 | 0.97 | 0.97 | 0.94 | 0.98 | 0.91 1 0.77]1 095 | 0.84 | 0.82 | 0.77 | 0.77 | 0.94
Set3 | 0.90 | 0.80 | 0.75 | 0.83 | 0.76 | 0.78 | 0.94 | 0.77 1 0.76 | 0.97 | 0.91 | 0.26 | 0.29 | 0.65
Setl | 0.95 | 0.87 | 0.90 | 0.96 | 0.83 | 0.96 | 0.85 | 0.95 | 0.76 1 0.85| 0.76 | 0.72 | 0.73 | 0.92
Gré0/40 (Set2 | 0.95 | 0.84 | 0.81 | 0.90 | 0.81 | 0.86 | 0.95 | 0.84 | 0.97 | 0.85 1 093] 0.40 | 0.43 | 0.75
Set3 | 0.89 | 0.88 | 0.82 | 0.86 | 0.84 | 0.80 | 0.91 | 0.82 | 0.91 ] 0.76 | 0.93 1 0.49 | 0.45 | 0.71
Setl | 0.58 | 0.73 | 0.76 | 0.66 | 0.74 | 0.69 | 0.45 | 0.77 | 0.26 | 0.72 | 0.40 | 0.49 1 092 | 0.74
Gr50/50 (Set2 | 0.60 | 0.71 | 0.72 | 0.67 | 0.68 | 0.75 | 0.48 | 0.77 | 0.29 | 0.73 | 0.43 | 045 | 0.92 1 0.81
Set3 | 0.89 | 0.91 | 0.92 | 0.94 | 0.82 | 0.97 | 0.82 | 0.94 | 0.65 | 0.92 | 0.75 | 0.71 ] 0.74 | 0.81 1

Sensitivity to the SampleSize

Figure 3-15 shows the potential maps colored based on the cumulative percentages
of successfully locatearchaeological settlements for the training data, particularly
60%, 80%, 90%, 100%. The corresponding cumulative percentage of surface area,
cumulative percentage of testing data and the determined limiting potential value are
also summarized under thaoh map. cPLASr of 80% isconverted to graphs to
compare the potential map outcom&gy(re 3-16). While Figure 3-15 provides a
bettervisualization the graph irFigure 3-16 providesa better understanding of the
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response of training and testing datad ahe influence of sample sizen the

performance oYariable

Figure 3-15, in general, shows valley bottoms and mountain ridges were less
preferred to th rest of the study area. This general trend is hard to be observed at the
northeastern part of the study area due to its different topography. Although the

outcomes of maps are similar in trend, they present some differences.

Figure 3-16 (A) shows the performance of testing data within the area where the
training data is successfully located. The best average gain is at Gr90/10 (0.42).
Unexpectedly Gr80/20Setl has the lowest gain. It has high cPSA (75%) and low
performance forhe testing data (cCPLAS, 40%). On the other hand, interestingly,
Gr80/20Set?2 has the lowest cPSA (33%) and a high cRttAS0%) resulting a gain

of 0.63. Its gain is calculated as an example in the below:
Gain = 11 cPSA / cPLASHt
Gain = 1i 33/90=0.63

Hi gh variation in Gr80/20 seems extraordinar
respond was sensitive to the combination of spatial distribution of training and testing

samples. The other groups show somewhat similar performances. Only thg testin

data of Gr50/565et3 has low performance (52%).
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Figure3-15 Comparison ofuggednespotential maputcome colored based on
successfully located archaeological sites of training data and overlaicegtitigtdata
locations.
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Ruggedness Potential Maps
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Figure3-16 Theeffect of sample sizen the potential surface area and the performance
of testing datamong the group@®) andKv a mme 6 s gain values
(B) when80%success ratis assumecth locating arbaeological sitesf trainingdata

for the ruggednesgriable

Basic Archaeological Results from Ruggedness Potential Map

The results of ruggedness potential mapee further looked for the archaeological
sites.All of the archaeological sitements available in the da&ts wee orderedwith
decreasingpotentialas explained in Section 2.3.@ppendix C). The top 5 and

bottom5 of themarelistedfor each ruggedness potential map3$atle3-4.
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The top 5 includes often the archaeotagisettlements of Hyllarima, Notion and
Philadelpheia
when terrain ruggedness is consideredhe bottom 5 includes fen the

archaeological settlements of Aegae, Eumeneia and Thy&eirae of he possible

These

settl ement s 6charaoteristitplacesn s

reason®f their low potential values can be as follows:

T These

set t | ecarebe nosa8 actumie astit was theught.

1 Their polygonal area may not be regeatative.
T These

1 Even though the locations were not preferf@dthe investigtedvariable

Table3-4 The list of 5 archaeological settlements (from either training or testing data)

settl ement s 0. Inlother wdrds,bey may baaven

contemporary settlements.

there might be other more important reasons for settling at that location.

C

be

different characteristics (e.g, cult center, early period settlements) than their

of which locations are amornbe most potential area in each ruggedness potential maps
(left) andthe least potential area in each ruggedness potential (ngig3in

alphabetical order

Most Potential Least Potential
Setl Set2 Set3 Setl Set2 Set3
Blaundos Akmonia Hyllarima Aegae Aegae Aegae
S Hyllarima Euhippe Amyzon Anaia Bargasa Bargasa
S | Hypaipa Hyllarima Notion Aphrodisias Eumeneia  Eumeneia
X | Notion Notion Nysa Miletus Pergamum Pergamum
O Philadelpheia Philadelpheia  Philadelpheia Thyateira Thyateira Thyatera
Akmonia Amyzon Blaundos Aegae Aegae Aegae
I Euhippe Erythrai Hyllarima Bargasa Bargasa Anaia
S | Hyllarima Hyllarima Hypaipa Eumeneia Eumeneia Bargasa
Q | Notion Notion Notion Pergamum Pergamum Eumeneia
o Philadelpheia Nysa Philadelpheia Thyatira Thyateira Thyateira
Akmonia Amyzon Akmonia Anaia Aegae Elaea
2 Euhippe Hyllarima Apamea Aphrodisias Bargasa Anaia
S | Hyllarima Notion Euhippe Eumeneia Eumeneia  Aphrodisias
= | Notion Nysa Metropolis Miletus Pergamum  Miletus
O Philadelpheia Philadelpheia ~ Philadelpheia Thyateira Thyateira Thyateira
Amyzon Hyllarima Euhippe Aegae Anaia Aegae
g Hyllarima Akmonia Akmonia Anaia Aphrodisias Anaia
S | Notion Euhippe Apamea Aphrodisias Elaea Aphrodisias
L | Nysa Notion Metropolis Miletus Miletus Eumeneia
o Philadelpheia Philadelpheia  Philadelpheia Thyateira Thyateira Thyateira
Colossae Antiochia adM. Amyzon Aegae Alinda Harpasa
3 Cyme Erythrai Hyllarima Bargasa Eumeneia  Aegae
S | Hierapolis Hierapolis Notion Eumeneia Orthosia Bargaa
0 | Myrina Stratonikeia Nysa Pergamum Priene Eumeneia
O Tripolis adM. Tripolis adM. Philadelpheia Priene Tabai Priene
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3.3.1.3. Slope

Slope is theangle ofa surfacerelative tothe horizontal The slope of terrain may

change from flat to steeph€ formula of bpe is as follows:

Yo € MEJQA Qi G 06

asiy

| lope Angle where"Ya € a1€Q'Qds'h degrees

Run

Slope isamongthe most commdy usedenvironmentalariables in APMSt an | i |
et al. 2000Vaughn and Crawford 200€arleton et al. 201, Diwan 2020. It can be
related to land use, political stability, transptidn and more. In Hellenisticepiod,

the region was politically unstable, and mobility of people was (Kgismin 2014.

The settlements then must have needed some protection but also ée éopaice

not difficult to access.
SlopeMap of the Study Area

Slope map and histogram prepared for the study area are git#egyune3-17. The

slope values in the study area shows a +#fjletved distribution. In other wordsgth
lower the slope values are the more common they occur in the study area or vice
versa. More than 50 % of study area has slope less8thagrees and the values

greater than 20 degrees are hardly observed.
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Figure3-17 Map (above) and frequency distribution (below) of the study aresidpe

Characteristic SlopeValues for Archaeological Sites

The $opevaluesclipped out from the polygonalea of each archaeological site were
explored for their fre@encies, spread and type of distribution. The raster maps and
histograms of the archaeological sitesAkmonia, Colossae and Pergamuane
shown as examples for a better visualization of chang®pédata inFigure3-18.

Later,the chta for each site veaexamined for their modality. After their modality
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tests, theyvereprocessed accordingly to achieve median values with 95% confidence

level considering the statistical evaluation stepsigure2-4. Theresults are given

in AppendixB. In general, the location of archaeological sites have low to medium

slope. While the locations oAphrodisias Elaea and Herakleia Salbakdémvethe

lowestvariation in slope, the locations of Priene, Bargasa, and Aeyastihe highest

variation. Using these results, histogram of sl@ghanges for all settlements was

plotted Eigure 3-19). The slopevaluesare moreoften observedaround7 and B
degreexompared to the remaining ones.

Akmonia Colossae Pergamum
8 20 10
8 8 g
~ 6 15 =
(8] o (8] 6
c c c
C 4 210 o
g g g4
L 2 L S L2
O 0\ \\\\\\\\\\\ TTTTTTTTITTITTI T T T I I ITITIo T O

0 5 10 15 20 25 30 35
Slope, degree

0 5 10 15 20 25 30 35
Slope, degree

0

5 10 15 20 25 30 35
Slope, degree

Figure3-18 Exampleslopedistributions at the archaeological sifdemonia, Colossae,

Pergamum
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Figure3-19. Histogram of mediaslope values together with KDE curve for all the
known archaeological settlements in the dataset
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Potential Map of Slope

The histograms based on the median slope values of archaeologicabstptotted
as described in Section 2.2. for each of the 15 datgSefure 3-20). Later, the
probability densi curves for the distributions we obtained using kernel density

estimation in R.

Whentransferringthese stimatel density values to the originslopemap, thebin

sizeof 0.058 degeewas used. Laterhie density valuegere normalized between 0

and 1 fora better understanding. Finpbtential maps for each group neeobtained

by reclassifying the originadlope map using the normalized values for edoth
interval The slope potertial mapsfor 15 dataset@re shown inFigure 3-21. In
general, the potential maps indicate that the valley bottoms and mountain ridges are

less likely places to locate an archaeological site for the studied period.
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Figure3-20. Histograms of training data sets with changing percentages and overlaid

KDE curves for slope
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Figure3-21 Potential maps computed for thi®pevariablebased on the 3 sets of 5
groups that have different training and testing data ratio

Repeatability of Statistical Analysis forSlope

The correlation matrices between the 15 potential magps computedTable 3-5).
Thesubset®f Gr90/10,Gr80/20and Gr70/3@vere found strongly correlated having
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greater than 0.8 Rvalue. In general, the results indicate that the higher the training
data ratio is, the higher the correlation between each set. This mearthethat
repeatability gets bett with the ircreasing sample siz€he low correlation between
thesubset$sr60/40 and Gr50/50 should indicate high variation in the results.

Table3-5 The correlation matrices between the slope potentipbriaalu€n.8 is in
light greenand 0.&value.65 is in light gay)

Groups Gro0/10 Gr80/20 Gr70/30 Gr60/40 Gr50/50

Sets | Setl | Set2 | Set3 | Setl | Set2 | Set3 | Setl | Set2 | Set3 | Setl | Set2 | Set3 | Setl | Set2 | Set3
Setl 1 |095|096|097|097|097|094|097|092|086|089 |08 | 085|081 0.78
Groo/10 |set2 |o095| 1 | 098] 097 | 095|098 | 0.83| 098 | 0.83|0.88| 0.77 | 0.76 | 0.92 | 0.84 | 0.87
Set3 | 096 | 098| 1 | 096|097 | 098| 0.82| 0.98| 088|091 |0.79 | 0.74 | 0.87 | 0.90 | 0.83
Setl | 097 |097|09| 1 |095|098|0.86|098]|084|091|0.79|0.77| 0.92| 0.77 | 0.87
Gr80/20 |[Set2 | 0.97 | 095|097 ] 095| 1 | 095]0.91| 098 | 0.90| 0.84 | 0.85 | 0.85 | 0.87 | 0.86 | 0.72
Set3 | 0.97 | 0.98 | 098] 098 | 095| 1 | 0.84| 0.98| 0.90 | 0.92 | 0.82 | 0.76 | 0.86 | 0.86 | 0.86
Setl | 0.94| 0.83|082|086| 091|084 1 | 085|087 066|093|097]|0.75]| 0.66 | 0.57
Gr70/30 |Set2 | 0.97 | 0.98 | 0.98 | 0.98 | 0.98 | 098] 085| 1 | 0.86] 093 | 0.78| 0.75 | 0.92 | 0.84 | 0.84
Set3 | 0.92| 0.83| 088 | 084|090 090|087|08 | 1 |O0.78| 095|082 0.63]| 0.87 | 0.57
Setl | 0.86| 0.88 | 0.91 [ 0.91 | 0.84 | 0.92 | 0.66 | 0.93 | 0.78] 1 | 0.62 | 0.51] 0.86 | 0.76 | 0.90
Gre0/40 |Set2 | 0.89| 0.77 | 0.79 | 0.79 | 0.85 | 0.82 | 0.93 | 0.78 | 095 ] 062 | 1 | 0.91] 059 | 0.74 | 0.47
Set3 | 0.86 | 0.76 | 0.74 | 0.77 | 0.85 | 0.76 | 0.97 | 0.75 | 0.82 | 0.51 | 0.91 | 1 | 0.65| 0.63 | 0.43
Setl | 0.85| 0.92| 087 | 092|087 | 0.86| 0.75| 092 | 063 | 0.86 | 0.59 | 0.65| 1 | 0.63| 0.86
Gr50/50 |Set2 | 0.81| 0.84 | 0.90 | 0.77 | 0.86 | 0.86 | 0.66 | 0.84 | 0.87 | 0.76 | 0.74 | 0.63 | 063 | 1 | 0.60
Set3 | 0.78 | 0.87 | 0.83 | 0.87 | 0.72 | 0.86 | 0.57 | 0.84 | 0.57 | 0.90 | 0.47 | 0.43]| 0.86 | 0.60 | 1

Sensitivity of Performance ofSlopePotential Map

Figure 3-22 shows the potential mapolored based on the cumulative percentages
of successfully located archaeological settlements for the training data, particularly
60%, 80%, 90%, 100%. The corresponding cumulative percentage of surface area,
cumulative percentage of testing data andd#ttermined limiting potential value are

also summarized under the each maEfpLAStr of 80% isconverted to graphs to
compare the potential map outcon{€gure 3-23). While Figure 3-22 provides a
bettervisualization the graph irFigure 3-23 providesa better understanding of the
response of training and testing datad ahe influence of sample sizen the

performance oYariable
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Figure3-22 Comparison of sloppotentid map outcomes colored based on
successfully located archaeological sites of training data and overlaid with testing data
locations.
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