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Abstract

From social media posts to the Internet of Things (IoT) sensors, the contemporary world
generates millions of terabytes of data each day. However, obscured behind this influx of
modern-day big data, is the vast sea of unutilized information from history waiting to be
analyzed to understand the evolution of society as we know it. Fortunately, a paradigm shift is
now underway and many initiatives such as the digitization of ancient manuscripts, etc are
underway to establish open-access archaeological data repositories. The immense wealth of
data accumulated over millennia is now becoming accessible, opening doors to a new frontier
in archaeological research. Amidst this newfound availability of data, mining, and analysis
techniques are increasingly being applied to uncover interesting insights, discern temporal
trends, etc. This newly emerging field of archaeological data mining serves as a bridge
between the wisdom of antiquity and the data-driven age, enriching our understanding of
human history and culture in ways that were once unimaginable.

The objective of this term paper is to explore the impact of data mining techniques in
archaeological research enhancement. To this effect, a detailed study of the various techniques
and latest research presentations that utilize data mining to derive previously unknown insights
from archaeological data was undertaken. Moreover, to demonstrate the applicability of data
mining in the field of archaeology, three case studies are also presented.

This term paper examines the use of data mining techniques in archaeology, examining
different approaches and how they may be applied to uncover insights from archaeological data
that were not previously known. The content delves into collaborative aspects of
interdisciplinary research and attempts to shed light on the broader implications of utilizing
data mining in the field of archaeology, a practice that contributes to a nuanced understanding
of societal structures and cultural exchange throughout history. The contents of this article aim
to capture the ongoing discourse of gaining insights into the past through the lenses of
contemporary analytical frameworks as archaeological research ventures into new and exciting
territories.
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1. Introduction

It can be argued that one of the main aims of the field of psychology is to conduct investigations
into gathered residual evidence in an attempt to understand social and societal contexts of the
past. When one thinks of archaeological excursions and information gathering exercises,
computers and databases are far from our mind. Instead, the image that comes to mind is that
of a group of people wearing hats kneeling with hand tools in the middle of sand filled desserts,
carefully sifting away to dig-up earthly goods from pat. Archaeology traditionally has been a
computer shy field but in recent years due to advent of advanced techniques many headways
have been made that have had the professionals in the field relying more on computers for
sound results [2-3]. From uncovering hidden Mayan civilizations through the application of
lidar technology [4] to digitally reconstructing the face of King Tutankhamun using advanced
computing methods [5], modern technology has fundamentally transformed the landscape of
archaeology, offering unprecedented insights and reshaping our understanding of ancient
civilizations.

In terms of statistical and data based analysis, techniques like clustering have been used in the
field of archaeology since the 1970s. An example of this is the work of Hodder et al [6]. Their
book on spatial analysis in archaeology has emerged as a pioneering study in the field of
application of modern statistical and quantitative techniques to archaeology. However, the use
of advanced data mining tools had been few and far between in the field up until a few years
ago. This lack of research can be attributed to the lack of availability of properly documented
data sources that lie at the centre of data mining analysis.

Each year, billions of dollars are spent by public and government funded private agencies to
carry out archaeological research [7]. However, despite the abundance of social context data
collected over many years, preservation and accessibility remain challenges. Long-range open-
source data, crucial for understanding phenomena like the loss of identity in migrant
populations, often lacks proper preservation. In the US, approximately 30,000 mandated
archaeological studies annually yield valuable results, but their storage in outdated formats
hinders practical use [8]. Fortunately, a paradigm shift is now underway. Initiatives such as
York University's Archaeological Data Service [9] and Oxford University's ORAU [10] are
now addressing these issues by preserving and providing accessible guidelines for sustainable
data storage in archaeology.

Today, archaeology is rapidly embracing 'digital humanities,’ leveraging well-documented
datasets and advanced analytics tools to revolutionize the field [11]. While archaeological
datasets may not rival those in core computational fields, the utilization of previously untapped
resources is reshaping research paradigms. Archives are increasingly digitized, and machine
learning and data mining uncover valuable insights. Traditional closed reading methods are
giving way to quantitative approaches, enabling a comprehensive perspective and revealing
previously imperceptible trends in findings [12].

In line with the present line of argumentation, this article explores the use of data mining
techniques in archaeology during present times, investigating diverse approaches to reveal new
insights from archaeological data. The article is divided into five main sections. The first and
present section serves as an introduction into the theme of the article. The second section
presents a detailed literature survey that explores past work done in the field with an aim to
capture the ongoing dialogue on understanding the past through contemporary analytical
frameworks, marking the exciting frontiers of archaeological research. Following this, three



case studies are presented to demonstrate the applicability of data mining principles in the field
of archaeology.

The first case study utilizes the Beazley Archive Pottery Database (BAPD) about ancient Greek
artefacts with the aim to understand the evolution of trends in pottery design over time and
what might these trends indicate in terms of cultural and socio-political shifts within the society
of ancient Greece itself. The second case study utilizes the Southern African Radiocarbon
Dating Database (SARD) to create a Random Forest classifier to predict the Archaeological
time periods to which an unearthed artefact might belong to in the African context. The third
case study utilizes the Digital Archive for Grave Goods: Objects and Death in Later Prehistoric
Britain to explore relationships amongst the burial site attributes with an aim to identify the
significance of specific goods occurrences within distinct cultural contexts. The conclusions of
the undertaking and some challenges facing the field in the future are also discussed. In the
section that follows, the important terms and some abbreviations used throughout the rest of
the article are tabulated.

1.1.Abbreviations and Important Terms

Table 1 below, presents a comprehensive list of the important terms and abbreviations that are
referenced throughout the remaining text.

Table 1: Abbreviations and Terms

Term / Abbreviation Definition

Light Detection and Ranging. It is a remote sensing method used to examine the

lidar surface of the Earth.
ORAU Oxford Radiocarbon Accelerator Unit
BAPD Beazley Archive Pottery Database. Used for case study number 1.
SARD Southern African Radiocarbon Dating Database. Used for case study number 2.
GIS Geographical Information System
PCA Principal Component Analysis [38]
KCA Kernel Density Estimation Clustering Algorithm [39]
K-Means A clustering algorithm [40]
DBSCAN Density-based spatial clustering of applications with noise [41]
C4.5 Algorithm A decision tree generation algorithm [42]

Euclidean Distance
VGG-16
KNN
SVM

SSVM

Gabor Wavelet
Transformations

SIMCA
LDA

Distance calculation mechanism [43]

A convolutional neural network architecture [44]
K Nearest Neighbour [45]

Support Vector Machine [46]

Smooth Support Vector Machine [47]

Complex functions constructed to serve as a basis for Fourier transforms [48]
Soft independent modelling of class analogy [49]

Linear Discriminant Analysis [50]



Learning Vector Quantizer Artificial neural network algorithm that gives the optimal training instances [51]

fuzzywuzzy library Python string matching library [52]

Bagging Bootstrap Aggregation [53]
csv file comma separated files
Apriori Algorithm Association rule mining algorithm [54]

2. Literature Survey: Past Related Work

As mentioned in section 1, one of the earliest known examples of the use of modern data mining
tools in archaeology can be seen in the work of Hodder et al [6]. The authors through their
study show how various clustering techniques, when sensitively employed, can dramatically
extend and refine the information presented in distribution maps and other analyses of spatial
relationships. Clustering analysis remains, to this date, one of the most widely used data mining
technique in the field of archaeology and clustering capabilities are built into modern day GISs
which are indispensable to the field of archaeology. GIS stands for geographical information
system and is used in archaeology to study the spatial distribution of artefacts. Coupled with
strong clustering capabilities, this technology can help unveil settling patterns, artefact
deposition patterns, highlight activity hubs, and facilitate chronological and cultural phase
analysis. An example of such a system is ArGIS [13].

A study that uses a combination of different data mining techniques to investigate found
artefacts is the one conducted by Fermo et al [14]. In their work, they examined archaeological
ceramic shards belonging to three principal but distinct classes namely the African Red Slip
Ware, the Dougga ware, and the African Cooking ware from modern day Tunisia using various
different classes of mining techniques. They utilized algorithms such as PCA for pattern
recognition, KNN and SIMCA for classification and hierarchical clustering in their study to
unveil interesting patterns. Next, Sanchez-Romero et al [15] explore spatial analysis methods
in Palaeolithic site studies, assessing georeferencing, spatial modelling, density analyses,
hotspots, and unsupervised classification. Emphasizing interdisciplinary approaches, the paper
contrasts clustering algorithms like Kernel Density Estimation Clustering Algorithm (KCA)
and k-means for enhanced spatial archaeological insights.

In terms of novel archaeology specific algorithms, Casper et al [16] propose Archsphere, a
clustering algorithm that is designed specifically keeping in mind the nature of archaeological
data. Their proposed approach is positioned to work better than existing algorithms and
accounts for shortfalls in generic cluster algorithms like the difficulty to cluster point clouds
with varying densities in DBSCAN or the absence of a notion of noise in k-means. Their
algorithm detects clusters with varying densities, incorporating a structural parameter and
spatial location information, represented by connected spheres around each point, where two
objects are considered connected if their spheres touch or overlap; clusters are automatically
identified using Breadth First Search (BFS), with parameters for minimum cluster points,
weight, and noise, and distances are determined based on sightlines between monuments in
three dimensions.

In order to test the hypothesis of the existence of nine spatially distinct local residence groups
exiting within Lualualei archaeological records of Hawaii, Dixon et al [17] employed K-means
clustering analysis. The K-means analysis assumed nine clusters based on the initial grouping



of sites, with the goal of minimizing variability within clusters and maximizing variability
between clusters. The results indicated the presence of eight clusters, interpreted as local
residence groups, revealing spatial patterns and relationships within the archaeological data.
The study combined the K-means analysis with a rank-size analysis of permanent habitation
and ritual structures to further explore socio-political centralization in Lualualei valley,
providing insights into settlement patterns and land use practices.

Motivated to define a more suitable method for assigning samples to groups in archaeological
materials, Lopez-Garcia et al [18] presented a comparison between three non-supervised
model-based clustering methods focusing on the selection of informative variables and
assigning samples to groups. Once the important variables for clustering have been selected, a
data projection method called PSwarm [19] is used for the projection of high-dimensional data.

Bi et al [20] worked with spatial data from the Jiangzhai site in what is modern day China.
They worked with the relic distribution map of this region and transformed the images into
vector graphics and used these representations for mining information. The study uses decision
tree classification with the C4.5 algorithm and k-means clustering algorithm to analyze the
distribution rules of house groups and internal structure of the Jiangzhai site. Further, Rasheed
et al [21], present a novel framework to solve the problem of classification and reconstruction
of archaeological fragments. The proposed methodology consists of two phases: Classification
of Ancient Fragments (CAF), and Reconstruction of Ancient Objects (RAO). Classification is
performed based on texture and color properties extracted from images using a custom
Euclidean distance based approach. The proposed method achieved a success rate higher than
previous studies when applying the same test dataset.

A very interesting application of classification in the archaeological domain is the work
presented by Canul-Ku et al [22]. They attempt to classify artefacts based on their three
dimensional representations by generating 3-Dimensional shape descriptors using the VGG-16
neural network. Once generated, these vectors were fed to classification algorithms such as
KNN and SVM/SSVM to predict the actual shape of the artefact. In terms of final outcomes,
while the performance of their KNN and SVM/SSVM was comparable and none had more
advantage in terms of actual accuracy metrics, because the KNN took greater time to classify
higher dimension neighbours and was more prone to overfitting, they preferred SVM/SSM.

Markidis et al [23] present a methodology for the automatic classification of archaeological
sherds. Sherds are fragments of relics with little to no marking on them making manual
classification and categorization difficult. They used features on the back and front of the
shards such as color, texture, chrominance etc and converted that into global descriptor vectors
and then used KNN to classify the sherds into one of the ground truth classes based on
previously classified samples. On the other hand, Li-Ying et al [24] classified ancient sherds
using solely texture-based features, which were extracted by applying Gabor wavelet
transformations. These features were then used to classify sherds using an unsupervised kernel
fuzzy clustering algorithm [25].

Archaeometry data provides information about the chemical composition of the found artifact
[26]. An early attempt to apply classification to archaeometry data was done by Kowalski et al
[27]. They used obsidian samples from around the region of northern California and used
clustering algorithms such as ISODATA to achieve hyperplane separation amongst the data
points and hence attempted to classify them into groups of similar artefacts. They also used the
k-nearest neighbour algorithm and experimented with different values of K to observe the
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evolution of produced clusters. Mussumarra et al [28] too worked with archaeometry data but
instead of working with ceramics, they attempted to use the percentage of acid soluble
components (ASC) and the aggregate granulometric distribution in mortars from two classes —
Gothic and Flemish wall painting plaster samples. For classification, they used the SIMCA
binary classification algorithm.

Further, Baxter [29] conducted a study applying data mining on Israeli glass data and analyzed
241 specimens with techniques like PCA, LDA, hierarchical clustering, k-means, k-medoids,
fuzzy clustering, KNN, logistic regression, SVM, and decision trees based on Gini index. The
glass specimens, based on seven chemical variables, were classified into five groups linked to
specific sites and furnaces by the original researchers. Garcia-Heras et al [30] used chemical
characteristics of archaeological ceramics and employed a PCA based clustering for
identification of distinct groups. In their article, Charalambous et al [31] utilize classification
techniques such as KNN classifier, C4.5 decision tree algorithm and a neural network based
Learning Vector Quantizer to classify a dataset of 177 ceramics obtained from early to middle
bronze age period from Cyprus. Their work reinforces the importance and support that data
mining offers to archaeologists by helping classify ceramics which could not be classified into
categories based on traditional ceramic petrography based approaches.

Moving on from Archaeometry to the problem of aerial photography classification, Kobylinski
et al [32] employed association rule mining and classification using the EdgeFlow algorithm
[33] for image segmentation. They worked to extract color and texture features from segmented
images, normalized them, and went on to create a visual dictionary with this information. They
built their image classifier using association rule mining on a learning set to identify key
relationships between image features and categories. This compact classifier automates
categorization by labelling new photographs based on matching rules, defaulting to a class label
if no rules are met.

Furthering the exploration of the use of rule mining, Wilcke et al [34] proposed the MINOS
pipeline which can be utilized to mine association rules in knowledge graphs with a particular
focus on archaeological applications. Their methodology is based on the SWARM association
rule mining algorithm [35] which is specifically designed for RDF or Resource Description
Framework data in the context of knowledge graphs to automatically mine semantic association
rules.

Another interesting study is the one conducted by Brown et al [36] that utilizes Text mining
approaches such as word frequency and n-grams to mine information from set of oral histories
from the anthracite coal mining region of north-eastern Pennsylvania, where the industry was
dying, and communities remembered work and the struggle to survive during the industry’s
decline. The most common word identified was “mines,” and there was also an emphasis on
family indicated with discussions that included terms like “father,” “mother,” “family,” “born,”
“married,” and “children.” There was also some evidence to suggest ethnic tensions and
identities in the community, as interviewees emphasized ethnic affiliations, such as “Polish,”
“Irish,” and “English.” These terms indicated a heightened awareness of collective identity and

ethnic differences.
Table 2: Overview of Surveyed Articles

Authors Algorithms Used Technique
Hodder et al [6] K-means Clustering Clustering
Fermo et al [14] PCA, K-Nearest Neighbour, SIMCA, Hierarchical clustering Clustering, Classification, Pattern



Sanchez-Romero et al
[15]

Casper et al [16]
Dixon et al [17]
Lopez-Garcia et al [18]
Bi et al [20]

Rasheed et al [21]
Canul et al [22]
Markidis et al [23]
Li-Ying et al [24]
Kowalski et al [27]

Mussumarra et al [28]

the Kernel Density Estimation Clustering Algorithm (KCA) , K-

Means Clustering

Archsphere Clustering Algorithm
K-means Clustering

PSwarm Clustering

Decision tree and k means clustering
Euclidian distance based approach
KNN, SVM

KNN

Fuzzy Clustering

ISODATA, KNN

SIMCA binary classification, PCA

Discovery

Clustering

Clustering

Clustering

Clustering

Clustering, Classification
Classification
Classification
Classification

Clustering, Classification
Clustering, Classification

Classification

PCA, LDA, hierarchical clustering, K-Means, k-medoids, KNN,

Logistic regression, SVM, ginny index based decision tree Classification, clustering

Baxter [29]

Garcia-heras et al [30] PCA based clustering clustering

KNN, C4.5 decision tree, neural network based Learning Vector

o classification
Quantisation

Charalambous et al [31]

Wilcke et al [34] MINOS Pipeline Rule Mining
Brown et al [36] Word Frequency and N-grams Text Mining
Kobylinski et al [32] EdgeFlow Algorithm and Association Rule Mining for Classification | Classification

In table 2 above, a brief summary of the research articles surveyed has been provided.
3. Applications of Data Mining in Archaeology: A Case Study Approach

In this section of the article, three case studies are presented to demonstrate the practical
applicability of data mining techniques in the field of Archaeology. The first case study utilizes
a dataset on ancient Greek pottery. Using the KModes algorithm, we cluster the data points
across different time frames to understand the shift in the kind of pottery production patterns
and practices. In the second case study, we work with a radiocarbon dating dataset to create a
random forest classifier that given information about a given material can help predict the
Archaeological period to which that material might belong. Finally, in the third case study, we
work with a dataset about ancient graves across the United Kingdom to identify frequently
buried object sets using the Apriori algorithm. A detailed description of the data sources, the
pre-processing steps, the application of data mining techniques, and the consequent results and
inferences drawn are presented in the sections below.

3.1. Case Study 1 — Clustering with Greek Pottery

In this case study, the KModes clustering algorithm has been applied to the data across different
timelines helped identify trend groups across different geographical locations and the shift and
spread in pottery techniques. The case study works with data obtained from the Beazley
Archive Pottery Database (BAPD) which is the world’s largest database that contains
information on ancient Greek painted Potter. The BAPD is currently being maintained by the



Classical Art Research Centre at Oxford University [37]. The dataset is composed of
information on ancient vases most of which are estimated to have been created during the
period from 6th to 4th century BC. For the present case study, a subset of this data containing
information about the vases was worked with. The figure X below illustrates an initial snapshot
of the data utilised.
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Figure 1: Initial Snapshot Of The BAPD Dataset

The dataset in its raw form contained 29 columns with information such as the shape, of the
vases, their provenance or location of origin, estimated date of creation, inscribed text, etc. In
addition to such relevant columns for our present application, additional columns such as URI,
LIMC ID, etc were also present that were not of use for the present application and were hence
removed. Furthermore, an initial look into Null values indicated that columns such as
measurement, volume, weight, etc had 99-100% of their values as null values, so these were
also filtered out. This resulted in a dataset containing seven most relevant columns for the
present analysis. These were — ['Vase Number', 'Fabric', 'Technique', 'Shape Name',
'Provenance’, 'Date’, 'Inscriptions'’]. This is shown in the figure below.
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Figure 2: Cleaned BAPD Dataset

Furthermore, the Inscriptions attribute initially contained the actual textual inscription
embedded on the pots and about 65% of the rows had Null value for this attribute. Since it is
difficult to predict or impute actual inscriptions but at the same time the presence or absence
of inscriptions is an important indicator, a modification was made to this column. A Boolean 1
was put to indicate the presence of inscription and a 0 was put to indicate the presence of



inscriptions. Next, after performing preliminary analysis on the attributes, it was observed that
all the selected columns had categorical values. The Fabric column had very skewed values
with about 3/4" of them having the value “Athenian”. Further investigation into the dataset
revealed that since the data is primarily about Greek pottery most of which was created using
clay from within the region, a majority of artefacts having the Fabric value of “Athenian”
makes sense. However, since this might not contribute to trend identification since the value is
pretty uniform , this column was ultimately not considered in the classification task.

Further, to prevent multiple representations of the same item, the fuzzywuzzy library in python
was used for approximate string matching. This library uses the Levenshtein distance algorithm
in tandem with a threshold value to calculate the minimum number of single character edits
that would be required to change one string to another. This string matching helps to group
together similar categorical values to have cohesive non repetitive categories in the dataset.
This resulted on the final dataset that was used for K-modes clustering.

3.1.1. The KModes Algorithm and Cluster Generation

For the present application, the K-modes clustering algorithm was selected. This was because
the entire dataset is composed of categorical values and K-modes is an algorithm specifically
designed to handle this type of data. Unlike traditional clustering algorithms that use distance
metrics, K-modes uses the most frequent values within each cluster to determine the centroid.
A sample pseudocode outlining the algorithm is shown in the figure below.

Algorithm: k-Modes Clustering

Input:
- Dataset D with categorical attributes
- Number of clusters k

Procedure:
1. Initialize Centroids:
- Randomly select k data points as initial centroids.

2. Repeat Until Convergence or Max Iterations:
a. Assign to Clusters:
- For each data point d in the dataset D:
- Calculate Hamming distance to each centroid.
- Assign the data point to the cluster with the closest centroid.

b. Update Centroids:
- For each cluster:
} Identify the mode (most frequent categorical value) for each attribute among its
assigned data points.
- Update the cluster's centroid with these mode values.

3. Output:
- Return the final assignments of data points to clusters and the updated cluster centroids.

Figure 3: Pseudocode For The K-Modes Clustering Algorithm

Just like all k parameter based clustering algorithms, the choice if k is a pivitol consideration.
For the present application, we divide the dataset into sections based time periods and then ran
a silhouette score analysis on the above chunks of the data. The results produced by the
Silhouette analysis are shown in the figure below.
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Figure 4: Silhouette Score For Different Time Based Subsets Of The BAPD Dataset

Observing the silhouette scores and consequently the number of optimal clusters, it can be
observed that while for most of the defined time period, two clusters remain the standard
distribution, there is a period of 4 time frames where there is a slight shift observed and we
thus focus our attention to these periods. From -550 to -500 the optimal number of clusters is
2 but then from -500 to -450, the number of optimal clusters jumps to 4. From -475 to -425 this
value falls to 3 and then again to 2 in -400 to -300. The optimal cluster number remains pretty
uniform at 2 for the next time periods. Based on the obtained optimal K values, the KModes
clustering analysis was performed separately for all these k periods and the most common
behaviour for each of the clusters in each of the time periods was identified. A detailed
presentation of the results and their implications are discussed in the section below.

3.1.2. Results and Implications

First, for the period from -550 to -500 the number of observed optimal k value is 2 and after
clustering, the centroids for the 2 clusters observed are shown in the image below.

Technique Date Inscriptions Shape Name Grouped Country_Province_Grouped

Clusters
0 BLACK-FIGURE -550 to -500 0 PYXIS ITALY
1 BLACK-FIGURE -550 to -500 0 ASTRAGALOS GREECE

Figure 5: Centroids For K-Modes Clusters For The Time Period -550 To -500

For the period from -500 to -450, the number of optimal clusters jumps to 4 and after applying
K-modes clustering, the centroids of the clusters are shown in the image below.

Technique Date Inscriptions Shape Name Grouped Country_Province_Grouped
Clusters
0 RED-FIGURE -500 to -450 0 ASTRAGALOS ITALY
1 BLACK-FIGURE -500 to -450 0 LEKANIS GREECE
2 RED-FIGURE -500 to -450 0 PYXIS GREECE
3 RED-FIGURE -500 to -450 0 KRATER GREECE

Figure 6: Centroids For K-Modes Clusters For The Time Period -500 To -450
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From -475 to -425 this value falls to 3 and after applying K-modes clustering, the centroids of
the clusters are shown in the image below.

Technique Date Inscriptions Shape Name Grouped Country_Province_Grouped
Clusters
0 RED-FIGURE -475 to -425 0 ASTRAGALOS ITALY
1 RED-FIGURE -475 to -425 0 LEKANIS GREECE
2 RED-FIGURE -475 to -425 0 PYXIS GREECE

Figure 7: Centroids For K-Modes Clusters For The Time Period -475 To -425

In -400 to -300 it falls down back to 2 and the centroid of the clusters are shown in the image
below.

Technique Date Inscriptions Shape Name Grouped Country_Province_Grouped

Clusters
0 RED-FIGURE -400 to -300 0 PYXIS GREECE
1 RED-FIGURE -400 to -300 0 ASTRAGALOS SPAIN

Figure 8: Centroids For K-Modes Clusters For The Time Period -400 To -300

From the results of the above clustering exercise, it can be seen that in the period from -550 to
-500, there are two main groups of Greek vases identified. The first is Pyxis shaped vases from
Italy with no inscriptions and black figure painting and the second is Astragalos shaped vases
from Greece with no inscriptions and black painted figures suggesting similar styles but with
distinct characteristic elements. This is indicative of cultural and goods exchange between the
two major identified communities — Archaic period Greece and Italy. Thus observation is also
backed by the existence of external evidence suggesting that while these were distinct
communities, significant trading was underway between them.

The clustering results of the period from -500 to -450 shows a sudden jump in the identified
pottery clusters. It indicates now that in Italy, Astragalos shaped pottery with red painted
figures and no inscriptions was prevalent - a shape and design characteristic of Greece in the
previous year frame. Within Greece itself emergence of new shapes and designs can be seen
indicating diversification of pottery production techniques. The next time period from -475 to
-425 is indicative of a decline in Krater shaped pottery which is an ewer like vessel used for
mixing vine with water. This could be indicative of a shift in social practices and preferences.
Lastly, from -400 to -300 BCE, the emergence of Red-figure Astragalos from Spain and Red-
figure Pyxis from Greece shows the further diversification in pottery styles possibly indicating
the dynamic nature of artistic expression and cultural diffusion across different regions within
this time period.

Thus, in conclusion it can be said that, the clustering analysis of ancient Greek pottery data
reveals distinct patterns in evolution, indicating cultural exchanges between Greece and Italy,
shifts in artistic preferences, and diversification of production techniques over various
historical periods. The clustering results offer valuable insights into the dynamic nature of
ancient societies and their interconnected artistic traditions reinforcing the utility of data
mining techniques in the field of archaeology for pattern detection and hypothesis support.
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3.2. Case Study 2 — Using Classification to Date South African Artifacts

This case study utilizes the Southern African Radio Carbon dataset as maintained by the
Radiocarbon Accelerator Unit at the University of Oxford along with a random forest classifier
in order to predict the Archeologic Period to which an artefact belongs. The South African
Radio Carbon Dataset or SARD is an open-access online data repository maintained at the
University of Oxford’s Radio Carbon Accelerator unit or ORAU [55]. The dataset contains
information on materials and their radiocarbon dates from South African Archaeological sites.
The raw form of the data is illustrated in the figure below. Initially the dataset constituted of
22 attributes. This is shown in the figure below.
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Site Stratigraphic Dating Lab Archaeological
Site DecdegS DecdegE Country ~ or RFZ  Biome orapnie miqus -~ ip Date Uncertainty
code district tect Period
Succulent  Area3, Y21, )
0 /hei-khomas HKO -28583  17.083 i"’r““" N‘”g:"‘ W Karoo Layer Unit2, °°"V°"“‘1’:‘<’:’ . P 0s 60 LSA  Cef
o pe Biome  7cm depth 5544
Succulent  Area 2, P32, .
1 Mei-khomas HKO -28583  17.083 i"’ﬂ“c"‘a Northern  \ "iaro0  LayerSLS2, °°""°""‘1’2g 5;";2 330 45 LSA  Ce|
Cape Biome 16 cm depth
Succulent  Area 1, N33, 3
2 Meikhomas HKO 28583 17088 e NOWEM w “iano layerBL s cOMemional  Pla 4 50 LSA  Ce
Biome cm depth
Succulent  Area 3, Y21, £
3 /hei-khomas HKO -28.583  17.083 5°“AMM"' Nofle W Kaoo LayeriBS3, °oMemiondl 5';‘;’6 1980 80 LSA  Cef
G Biome 18 cm depth
South  Northern Savanna Human burial conventional Pta-
4 Abmhamsdam ABH 28508 20610 gcuth Norhem g Sqramna HUTER U e il 380 50 NaN

Figure 9: An Initial Snapshot Of The SARD Dataset

For the present case study only a subset of these attributes was considered and the retained
attributes list is ['Country','Province or district', '‘Biome', 'Dating technique', 'Material dated',
'Archaeological Period', 'Site Type']l. From within the selected columns further cleaning and
pre-processing had to be performed to prepare the data for the classification random forest
model. Firstly, he country and province attributes were merged to obtain a unique location
identifier. Next, the fuzzywuzzy library was employed for the removal of redundant material
values through fuzzy logic. Finally, the missing values in the Archaeological Period Attribute
were taken care of using mode imputation. Following, the pre-processing the data distribution
of the target variable - the archaeological period - was visualized to get a better gauge on what
type of decision tree model would work best. This is shown in the figure below.

Distribution of Archaeological Periods

Count

o ¥
i é\v ¥

f
Archaeological Period

Figure 10: Distribution Of The Categorical “Archaeological Period” Attribute
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As can be seen from the figure above, the categorical data is skewed in nature and this issue
needs to be addressed to build a sound classifier. The method used to address of this issue, as
well as the decision tree model that was built are described in detail in the section that follows.

3.2.1. Addressing Skewness and building the decision tree classifier

Random forest classifiers are a class of ensemble learning classification algorithms that work
on the concept of using multiple weak learners and combining their classification power to
create a strong and sound prediction model. In our case, a random forest model with 100
decision trees was created and bagging or bootstrap aggregation was used in order to combine
the results of the prediction to produce the final classification results. Furthermore, since the
data in our case is skewed, we use class weights to improve the performance of the low
frequency classes. The pseudocode for the mechanism used for the creation of the present
random forest classifier is provided below.

Algorithm: Random Forest with custom class weights

Precondition:

- Training set S := (X, y) where X is the feature matrix and y is the target variable
- Features F

- Number of trees in the forest B

1. function RandomForest(S, F)
2. H < Empty set of decision trees
3. forji« 1toBdo
5. hi < RandomizedTreelearn(S with class weights and more emphasis on MSA)
6. H<« HU {hi}
7. end for

8. return H

9. end function

10. function RandomizedTrecleamn(S, F)
11. At each node:

12. f« RandomSubset(F)

13.  Split on best feature in f

14. return The learned tree

15. end function

Figure 11: Pseudocode For The Random Forest Classifier

The class weights parameter is used while creating the random forest classifier. While the two
biggest classes in the target variable are given the same weight, the class with the least number
of samples is given a higher weight. The results of the classification using the random forest
thus created are presented in the section that follows.

3.2.2. Classifier results and metrics

The random forest classifier created above was trained on test and train subsections of the data.
A ratio of 80-20 was used for the test train split exercise. The model was suitably trained and
the results of the classification are presented below.

Accuracy: 0.9207650273224044
Classification Report:

precision recall fl-score
Iron Age 0.99 0.92 0.95
LSA 9.93 0.96 0.94
MSA 0.47 0.40 0.43
accuracy 09.92
macro avg 0.80 0.76 0.78
weighted avg 9.92 9.92 0.92

Figure 12: Classification Results From The Random Forest Model
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As can be seen from the figure above, the overall accuracy of the model is approximately 92%.
This marks an overall 10% increase in accuracy from the case where oversampling was used
to address the target attribute’s class imbalance indicating that for our present application, the
class eight approach of handling skewness works better. As can be seen from the results
presented in the figure above, the precision which is a measure of the accuracy of positive
predictions, about 99% of the instances were predicted as positive correctly whereas for LSA
this number was 93% of the samples. In case of MSA however, this value is much lower at
47%.

Similarly for the Recall that evaluates the proportion of true positive instances correctly
identified by the model, The performance of Iron Age and LSA class is good at 92% and 96%
respectively whereas the performance of the model for the MSA class is quite low at 40%. The
F1 score which indicates the proportion of correct predictions made across the model values
are similarly high for Iron Age and LSA. This indicates that despite oversampling and class
weight metrics, the imbalance in class while not significantly impacting the overall model
performance, remains a significant disadvantage of our model. And while these skewness
handling techniques do help in improving the prediction capabilities in, the 89% difference in
values between MSA and the Iron age class in terms of samples can only truly be bridged using
more data. Overall, using the SARD we successfully built a reasonably performing model that
given characteristics about a sample can act as a precursor to complicated radio carbon dating
procedures and offer initial indicators about the time period of origin of an unearthed artifact.

3.3. Case Study 3 — Association Rule Mining on Buried Grave Goods

In this case study, the data repository maintained at the Digital Archive for Grave Goods:
Objects and Death in Later Prehistoric Britain as maintained by the UK’s Archaeology Data
Service was used. This database contains information on grave artifacts from the Neolithic,
Bronze Age, and Iron Age [56]. The objective of the study is to use the dataset to explore
relationships amongst the burial site attributes and the grave goods using association rule
mining to identify the significance of specific goods occurrences within distinct cultural
contexts and periods resulting in a holistic view of burial practices in older civilizations.

The dataset contains information on the goods found in excavated graves from the Neolithic,
Bronze Age, and Iron Age Britain, roughly from 4000 BC to AD 43. The database itself is
made up of multiple distinct csv files that can be linked together to create the entire
comprehensive data set. At first, each of these files was pre-processed and cleaned. Fuzzy string
matching was used to standardise the categorical values and mode imputation was used to
handle missing values. Following this, python programming language and the joins and group
by capability offered by its pandas library were used to combine the distinct csv files into one
central data frame. This final dataset with relevant attributes is illustrated in the figure below.

GID Number object records Number_hr records GID hr HR_type Case_study area Object_type Materials_summary Period

. "Batt . ['Pottery', ‘Organic Bronze

10013 2 1 73266 Cremation Cornwall ['Pot’, ‘Basket’] (Uncertain/Unspecified)] Age
10014 2 1 73267 Cremation Cornwall [Pot’, Knite' fBronza/ou Alofr Brorzel.  <Bwnze
Pottery’] Age

['Pot’, 'Whetstone *, ['Pottery’, 'Stone Bronze

10015 4 1 73268 Cremation Cornwall ‘] (Uncertain/Unspecified)] Age
10016 1 1 73269 Cremation Cornwall Pot Pottery Bronze

Age

10017 1 1 73270 Cremation Cornwall Pot Pottery B"’:;:
Bronze

10018 1 1 73274 Cremation Cornwall Dagger Bronze/Cu Alloy [Bronze] Age

Figure 13: Constructed Grave Goods Dataset
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The dataset had information on graves distributed across the following regions in the UK -
Cornwall and the Isles of Scilly, Dorset, Kent, East Yorkshire, Gwynedd and Anglesey, Orkney
and the Outer Hebrides. From within these regions, four geographically distinct areas namely
Cornwall, Kent, Orkney and the Outer Hebrides, and East Yorkshire were selected for frequent
item set mining. The data for each of these locations based on the ‘Case study area’ attribute
was extracted separately and Apriori algorithm was run on this dataset to identify frequent
goods sets buried with human remains across the study sites. The application of the algorithm
along with the results are discussed in the section that follows.

3.3.1. Application of Apriori algorithm to mine frequent object sets

The Apriori algorithm is one of the central techniques in data mining frequent item set
identification. Given a list of transaction like entries, this algorithm can effectively help
recognise items that most frequently occur together across the entirety of the provided data.
The key idea of Apriori is the "apriori property,” which states that if an itemset is frequent, then
all of its subsets must also be frequent. This property allows the algorithm to prune the search
space, making it more efficient. A Pseudocode giving an overview of the working of the Apriori
algorithm is provided below.

Algorithm: Apriori

Algorithm Steps:
1. Generate Candidate [temsets:

a. Start with individual items as 1-itemsets.

b. Iteratively generate higher-sized candidate itemsets by combining frequent (k-1)-
itemsets.

2. Calculate Support:
a. Count the support of each candidate itemset in the dataset.
b. Discard candidate itemsets below the minimum support threshold.

3. Generate Association Rules:
a. Create rules from the remaining frequent itemsets.
b. Evaluate rules based on metrics like confidence and lift.

Termination:
- Repeat the process until no more frequent itemsets or association rules can be generated.

Figure 14: Pseudocode For The Apriori Algorithm

In the present case study, we try to draw on this "apriori property" quality to identify frequently
occurring grave goods and study the implications of the results in the geographical context.
The apyori package’s Apriori library in python programming language was used in order to
implement this data on the given dataset. The results produced for the selected four
geographical regions and the implication of the results is discussed in the next section.

3.3.2. Results and Implications

Starting with data from the region of East Yorkshire, the application of the Apriori algorithm
produced the frequent item sets shown in the figure below along with associated support values.
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1. RULE: frozenset({'Brooch', 'Animal Remains', 'Pot'})
SUPPORT: ©.019480519480851948
2. RULE: frozenset({'Spearhead', 'Sword'})
SUPPORT: ©.012987012987012988
3. RULE: frozenset({'Scabbard', 'Sword'})
SUPPORT: ©.012059369202226345
4, RULE: frozenset({'Sword', 'Shield'})
SUPPORT: ©.012059369202226345
5. RULE: frozenset({'Spearhead', 'Shield'})
SUPPORT: ©0.01020408163265306
6. RULE: frozenset({'Scraper', 'Knife'})
SUPPORT: ©0.00927643784786642
7. RULE: frozenset({'Chariot/Cart', 'Animal Remains'})
SUPPORT: ©.008348794063079777
8. RULE: frozenset({'Spearhead', 'Sword', 'Shield'})
SUPPORT: ©.008348794063079777
9. RULE: frozenset({'Pin', 'Axe'})
SUPPORT: ©.0074211502782931356
18. RULE: frozenset({'Flake', 'Scraper'})
SUPPORT: ©0.0074211502782931356

Figure 15: Frequent Item Sets For The Region Of East Yorkshire

In this case, the presence of the set (Brooch, Animal remains, Pot) might suggest a burial
practice where individuals were adorned with brooches, and animal remains and pots were
included in the burial as offerings or for symbolic purposes. Further, he presence of spearheads
and swords together could indicate a warrior burial or a community with a strong martial
tradition. The presence of (Scabbard, Sword) set reinforces the martial aspect, suggesting the
inclusion of sword-related items in burials. In addition the presence of (Scraper, Knife) set
might suggest a burial related to craftsmanship or daily activities involving tools. The presence
of a chariot or cart along with animal remains might indicate a burial with elements of
transportation and perhaps a higher social status. Next, for the region of Kent, the item sets
shown in the figure below were identified.

1. RULE: frozenset({'Bucket', 'Brooch'})
SUPPORT: 0.010666666666666666

2. RULE: frozenset({'Bucket', 'Brooch', 'Pot'})
SUPPORT: 0.010666666666666666

3. RULE: frozenset({'Bead(s)', 'Animal Remains'})
SUPPORT: @.008

4, RULE: frozenset({'Bucket', 'Animal Remains'})
SUPPORT: 0.008

5. RULE: frozenset({'Brooch', 'Bag'})
SUPPORT: @.008

6. RULE: frozenset({'Brooch', 'Cosmetic Set'})
SUPPORT: @.008

7. RULE: frozenset({'Scabbard', 'Strap fitting'})
SUPPORT: 0.008

8. RULE: frozenset({'Scabbard', 'Sword'})
SUPPORT: ©0.008

9. RULE: frozenset({'Sword', 'Strap fitting'})
SUPPORT: @.008

10. RULE: frozenset({'Bucket', 'Animal Remains', 'Pot'})
SUPPORT: @.008

Figure 16: Frequent Item Sets For The Region Of Kent

In the case of item sets identified for ancient graves in Kent, the presence of the combination
of a bucket and brooch might suggest a burial with items associated with personal adornment
and daily use. The identification of the (Beads, Animal remains) set could further indicate a
burial with a focus on personal ornamentation and the importance of animals in the cultural or
economic context. The combination of (Bucket, Animal remains, Pot) suggests a burial with a
mix of functional and symbolic artifacts. For the region of Cornwall, the frequent sets shown
in the figure below were identified.
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1. RULE: frozenset({'Brooch', 'Ring (Hand/Toe/Ear)'})
SUPPORT: ©.014814814814814815

2. RULE: frozenset({'Shell', 'Animal Remains'})
SUPPORT: ©.011111111111111112

3. RULE: frozenset({'Unknown Object', 'Animal Remains'})
SUPPORT: ©.011111111111111112

4. RULE: frozenset({'Assemblage', 'Bead(s)'})
SUPPORT: ©.011111111111111112

5. RULE: frozenset({'Brooch', 'Bead(s)'})
SUPPORT: ©.011111111111111112

6. RULE: frozenset({'Brooch', 'Unknown Object'})
SUPPORT: ©.011111111111111112

7. RULE: frozenset({'Unknown Object', 'Ring (Hand/Toe/Ear)'})
SUPPORT: ©0.011111111111111112

8. RULE: frozenset({'Bag', 'Animal Remains'})
SUPPORT: 0.007407407407407408

9. RULE: frozenset({'Pebble', 'Arrowhead'})
SUPPORT: ©0.007407407407407408

10. RULE: frozenset({'Assemblage', 'Worked Stone'})
SUPPORT: ©0.007407407407407408

Figure 17: Frequent Item Sets For The Region Of Cornwall

For Cornwall, the presence of (Brooch, Rings) set suggests a burial with items associated with
personal adornment, indicating a focus on aesthetics — similar to Kent. The presence of shells
and animal remains might signify a burial with items related to the natural environment or
possibly ritual practices. The (Pebble, Arrowhead) set is intriguing and may suggest a burial
with items associated with hunting or ritual significance. Finally for the region of Orkney and
Outer Hebrides, the frequent item sets shown in the figure below were identified.

1. RULE: frozenset({'Point (Unknown/Unspecified)', 'Animal Remains'})
SUPPORT: ©.015

2. RULE: frozenset({'Flake', 'Scraper'})

SUPPORT: ©.015

3. RULE: frozenset({'Flake', 'Scraper', 'Pot'})

SUPPORT: 0.015

4. RULE: frozenset({'Point (Unknown/Unspecified)', 'Assemblage'})
SUPPORT: ©@.01

5. RULE: frozenset({'Bead(s)", 'Awl'})

SUPPORT: ©8.01

6. RULE: frozenset({'Unknown Object', 'Basket'})

SUPPORT: ©.01

7. RULE: frozenset({'Bead(s)', 'Blade'})

SUPPORT: ©.01

8. RULE: frozenset({'Flake', 'Pounder/Rubber (Unknown/Unspecified)'})
SUPPORT: 0.01

9. RULE: frozenset({'Point (Unknown/Unspecified)', 'Assemblage', "Animal Remains'})
SUPPORT: ©@.01

10. RULE: frozenset({'Flake', 'Animal Remains', 'Pot'})

SUPPORT: ©.01

Figure 18: Frequent Item Sets For The Region Of Orkney And Outer Hebrides

The item sets identified in this region are by far the most characteristic and definitive of the 4
sites studied. The (Point, Animal remains) set could indicate a burial associated with hunting
or possibly ritual practices. The (Beads, Awl) and (Beads, Blade) sets suggest burials with
items related to craftsmanship or personal ornamentation. The (Flake, Scraper) and (Flake,
Scraper, Pot) sets suggest burials with items associated with tool use and possibly daily
activities. Thus Orkney and Outer Hebrides burial finds suggest a population with a strong
focus on hunting, craftsmanship, and daily tool use.

4. Conclusions

The amalgamation of ancient wisdom and contemporary analytics is reshaping archaeological
research. With a myriad of data now accessible, mining and analysis techniques serve as a
bridge between antiquity and the data-driven age, enriching our comprehension of human
history and culture in unprecedented ways. In this article, we provided a detailed overview of
utility of using data mining principles in archaeology. An overview of the historical
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relationship between the two fields along with the factors influencing research development
was provided. Additionally, a detailed survey of the current status of research was conducted
and a brief overview of some of the most promising work in the field was presented. Further,
in order to demonstrate the advantage of the use of data mining algorithms in archaeology data,
three comprehensive case studies were also presented each of which led to interested pattern
observations.

The findings of this article underscore the collaborative nature of interdisciplinary research,
where data mining becomes a tool to uncover societal structures and cultural exchanges
throughout history. And while it is evident that the exploration of the past through analytical
frameworks is an ongoing discourse, as data mining in archaeology continues to illuminate
hidden facts from our collective heritage, the excitement of venturing into new territories
through these tools is only increasing.
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