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Abstract: A method that uses artificial intelligence for the taxonomical characterization of bone
remains in archaeological sites is shown. The main goal of this method is to help students and
archaeologists in the classification of samples in order to improve the efficiency of their tasks
during the campaigns at archaeological sites. The development of the system implies several
steps: training of classification algorithms, development of a user-friendly interface and
implementation of gamification techniques to improve learning motivation and the efficiency of
the system in the learning process. This system will help archaeology students to classify new
samples. In this prototype, by introducing characteristics of a sample, the system answers with a
possible animal “Family” related to the sample. This answer can be used by archaeologists as a
first clue to determine the species recovered, or by students as additional information to help them
in their learning process and self-regulation learning phase.

Introduction

The term artificial intelligence (AI) was coined by John McCarthy in 1956. Since then, many initiatives for
applying Al in the archacology domain have been developed. Puyol (1999) has presented some areas that could be
applied to archaeology: Knowledge Discovery in Databases (KDD), Visual Information Management (VIM) and
Multi-Agent Systems (MAS). Barcelo (2009) summarizes some of these initiatives, such as visual and non-visual
analysis in archaeology (Barcelo, 2010), shape analysis, texture and compositional analysis, spatiotemporal analysis
and an automated approach to historical and social explanation. In addition, Barcelo and Bogdanovic (2015) explain
some examples of mathematics of ancient artifacts, mathematics of archaeological time and space, and modelling
social action in the past. Azkarate (2018) also introduces the use of clustering analysis as a first step in quantitative
techniques in archaeology.

In the past, intelligent tutoring systems (ITS) and interactive learning environments (ILEs) were seen as the
two options of applying Al to education. Nowadays, the possibilities are seen as a continuum with a controlling tutor
at one end, and a completely controlling student at the other (McArthur, 2005).
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The goal of this work is to develop a system for automatic evaluation of bone fragments that can be used for
both archaeologists and students. In archaeological sites, sometimes the circumstances of the campaign imply that
the experts of a specific field are not available or even are not participating in the campaign at the moment when
their expertise is needed. For example, in a long campaign, the zooarchaeologists can be participants in the first half
of the campaign and finish their job at their workplaces during the second half. In this case, participants of the
second half of the campaign cannot benefit from their knowledge. In these cases, having a tool that can identify bone
fragments in real time, or at least give a first clue, could be of great help.

In the case of students, it can be helpful in two different ways. First, the automatic characterization of bone
fragments can be used for students when working on a specific fragment that must be identified. In this case, the
system can be a helpful substitution of the zooarchaeologist, who may not have time to answer all the requests made
by students in the case of large groups. An automatic tutoring system can be very helpful in this case to improve the
efficiency of the work in the archaeological site. This is a very important fact to take into account in archaeological
campaigns since sometimes the time for working in the field is strictly limited. A second potential application for
our system is related to learning or self-evaluation since students can use it to evaluate their accuracy when working
on bone fragments. In this case, the system can be used as a check tool or even as a final evaluation platform.

Thus, this article shows a method that uses artificial intelligence to develop an efficient platform for the
taxonomical characterization of bone fragments in archaeological sites. The main goal of this method is to help
students and archaeologists in the classification of samples in order to improve the efficiency of their tasks during
the campaigns at archacological sites and/or their subsequent laboratory analysis. The development of the system
implies several steps, which involve 1) initially the training of classification algorithms (Random Forests, Support
Vector Machines, Neural Networks, Naive Bayes and K-nearest neighbors (Cady, 2017)), 2) the development of a
user-friendly interface and 3) the implementation of gamification techniques to improve learning motivation and
thereby the efficiency of the system in the learning process.

Development of the Classification Algorithms

For the testing of our method, we have used data from the archaeological site of El Salt in Alcoy (Alicante,
Spain) (Perez et al., 2015, 2017) in the field of archaecozoology. The dataset we used had 3406 instances of
archaeological samples and 64 attributes (the last one is the predicted class). In Table 1, a descriptive analysis of the
sample is shown for the most relevant parameters, according to the classification algorithm with best performance in
the coarse, medium and fine granularities. Numerical attributes are described with count (number of not null values),
mean, standard deviation (std), minimum (min), maximum (max), quartile 1 (Q1), quartile 2 (Q2 or the median) and
quartile 3 (Q3). Categorical attributes are described with count (number of not null values), unique values, top
values and frequency of the top value (freq). To avoid categories with too small representation in the sample, we
have created a class called “unknown” where all these classes are included. The final categories are 420 bovidae,
516 cervidae, 240 equidae, 2164 leporidae and 66 unknown.

Attribute Count [Mean, Std] [Unique, [Min, Max] [Q1, Q2, Q3]
Top, Freq]
Width 2036 [14.82, 8.97] - [0.99, 71.01] | [8.45, 13.43, 19.32]
Bone 3403 - [93, T, 374] - -
Thickness 714 [4.88, 2.87] - [0.46, 16.52] [3.07,4.59, 6.4]
Length 2492 [36.25, 28.28] - [2.42,284.96] [15.94, 27.20,
47.80]
Bone fragment 3242 [189.63, 204.90] - [1,555] [50, 111, 500]
Anatomical group 3399 - [11, Mp, - -
1275]
Long bone 1378 [2.52,1.10] - [1, 5] [2,2,4]
circumf.
X 1187 [1864.52, - [0,2167891] [8.51, 29, 67.75]
62922.28]
Y 1186 [1272.85, 30223] - [0, 803982] [11.80, 24.50, 63]
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zZ 1232 [403.04, 9767.16] - [-143.8, [-0.156130, 166.2,
342938] 192.6]
Manganeso 1416 [1.59, 0.83] - [1,5] [1,1,2]
Concretion 1177 [1.80, 1.03] - [1,5] [1,1,2]

Table 1: Exploratory Data Analysis of the dataset

There were 67% instances for the training set and 33% instances for the validating set. A pipeline with
standard scaler with a Synthetic Minority Over-sampling Technique (SMOTE) or Adaptive Synthetic (ADASYN)
method was used, together with 10-fold cross-validation.

The parameter that is wanted to be maximized is fl-score macro (it calculates metrics for each label, and
finds their unweighted mean; this does not take label imbalance into account). The Random Forest has been used
with parameters n_estimators [100,500,700], max_features [auto, sqrt, log2], class weight [balanced,None] which
are the number of trees of the forest, the number of features to consider when looking for the best split and weights
associated with classes respectively. Regarding the Support Vector Machine (SVM), the parameters have been
kernel [linear,rbf,poly], gamma [1e-2,1e-3,1e-4] and C [1, 10, 100], which are the kernel to be used in the algorithm,
the kernel coefficient, and the penalty parameter C of the error term. Neural Networks with parameters solver [lbfgs,
sgd, adam] and alpha [1e-4,1e-5] which are the solver for weight optimization and L2 penalty (regularization term)
parameter. And finally, the parameters used in the k-nearest neighbors (KNN) where n_neighbors [3,5,7,9] which
are the number of neighbors used. Naive Bayes was used without parameters. These algorithms have been
implemented using the Python library scikit-learn and the tutoring system has been implemented using Flask.

The results of the experiments demonstrated that random forest is the method that gives the best performance.
The generated confusion matrix of this method is shown in Figure 1.

Confusion matrix, without normalization

Bovidae &9 38 8 iy 0 700
B00
Cervidae 29 115 & 8 2 500
3 400
E Equidae 7 16 46 3 0
= 300
Leporidae 4 3 3 2 200
unknown 3 0 o 5 & 100
T T 0
& & & &S

Predicted Iabel

Figure 1: Confusion matrix of the random forest without normalization.

We have found that the first 10 more relevant attributes for the classification are width, bone, thickness,
length, bone fragment, anatomical group, long bone circumference, X, Y and Z. The best configuration for the

random forest was: {'classifier max features" 'auto', 'classifier class weight': None, 'classifier n_estimators'":
500}

Development of the Intelligent Tutoring System’s Interface

The interface of the intelligent tutoring system prototype has been developed in a user-friendly form in order
to be used by people without advanced knowledge in numerical algorithms. As mentioned previously, the target of
this platform is students or archacologists who will get new data of bones or fragments in archaeological sites and
need confirmation of the species most probably related to the fragment. In the case of students, this tool will be
helpful for them to automatically get a possible answer without having any help from the archaeologists. In the case
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of archaeologists, the tool can be helpful in the cases where it is not easy to find the species as the tool will give
them a possible answer that can be considered a first step or a clue to start the analysis of the fragment. In the
interface, shown partially in Figure 2, we can see open text boxes that allow users to include all the relevant data
from the fragment.

AT Co-funded by the
LS Erasmus+ Programme
R of the European Union

Intelligent Tutor System for archeological sites

Thank you Laia Subirats. Your prediction is: Leporidae.

Name™*:

Surname*:

Hueso: {0:'Ca’, 1:'T, 2:'Cx', 3:'F', 4'H', 5:'U', 6:'Fat’, 7.'Mtp', 8:'Mt2', 9:"Mc4', 10:'Mt4’, 11:'Cr', 12:'VI', 13:'Ved', 14:'Mc2', 15:'Ta', 16:'Hem’, 17:"1/1", 18:'Fa’, 19:'Mt3", 20:'Vc',
2117, 22:°'Mx', 23:'As', 24:'Pa’, 25:'R', 26:'Es', 27:'Fa2', 28:'Fa3', 29:'Mt5, 30: nan, 31:'Mc5', 32:'Ct', 33:'Vs', 34:'Vt', 35:'Mc3', 36:'V', 37:'Das', 38:'Dai", 39:'Da’, 40:'Esq’,
41:Esp', 42U'Lt1", 43:'L, 447'In', 457°Lt2", 46:'PI', 47:'Mt', 48:'M3/', 49:'M1/', 50:'Hy", 51:"Com', 52:'Lt3", 53:'Mc', 54:'P2/", 55:"P4/-M1/', 56:'Art', 57:'M/1', 58:'Cc’, 59:'PT', 60:'M2/",
61:"M/P', 62:'M/1-M/2'", 63:'P4/', 64:'M3', 65:'M1/-M2/", 66:'P/2", 67:'Et', 68:"I', 69:"M/X', 70:'P/M', 71:'R/U', 72:'Co', 73:'P/4', 74:'P/3-P/4', T5:'Se’, 76:"dp2l", 77:'P3/', T8:'MIX", 79:'P4l-
P3/', 80:'M/3', 81:'PTPer8', 82:'PTPle', 83:'PTPL', 84:'P/3', 85:'M/', 86:'M/2", 87:'Epi', 88:'M", 89:'Fa1-V", 90:'Fa2-II', 91:'Fa2-IV", 92:'Carpal’, 93:'VC’, 94:'T-Ta', 95:'Fi', 96:'Ta-Mt',
97:'Asta’, 98:'Coprolito’, 99:'/3", 100:'14', 101:"d/3', 102:'Mc2-3', 103:'1/2", 104:'CalTa"}

Figure 2: Form for archaeology students to introduce the data and receive the classification of the sample in the
coarse granularity.

When all possible data has been included, the algorithms included in the application will give a possible
answer about the “Family” that is related to the fragment. In the application, we have also included the option of
identifying the user in order to evaluate or identify their results. This identification is important both for
archaeologists and for students. In the case of archaeologists, it is important because the results obtained for every
fragment can be used in the future in other scientific publications and the authority must be clear. In the case of
students, the identification allows the students to follow their trajectory and learning improvement. On the other
hand, it is also necessary for the evaluation process.

Next Step: Development of Gamification Techniques

When using the platform as a self-evaluation or learning tool, we must design a motivating system that
increases the correct and frequent use of the platform by the students. An earlier pilot study (Comas-Lopez, 2018)
conducted with a similar tutoring system in a different higher education context (chemistry and chemical
engineering) identified a set of main challenges pertaining to student motivation. The first one is the need to increase
the students’ attention to task, which means that instead of only cursorily going through the tasks when practicing
with the tutoring system, they should focus on the items more closely. Another challenge was related to enhancing
the regular use of the tutoring system already from the beginning of the course instead of only practicing with it a
few days before the exam.

To this end, the use of gamification techniques is extremely relevant. Gamification refers to using game
thinking and game elements for turning a non-game activity into a game, making it more attractive and motivating
(Deterding et al., 2011; Farber, 2015; Kapp, 2012). Some typical examples include elements such as rewards, points,
badges, and leaderboards. However, specific gamified applications and elements may have a different — even
opposite — impact on different individuals (e.g., Hamari & Tuunanen, 2014; Lopez & Tucker, 2019), which makes it
difficult to design one solution that fits all.
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Therefore, we propose an approach where we first implement a “light version” of gamification elements to be
used by all students, in addition to which we can provide a set of optional tools tailored to different types of users
(e.g. those motivated by achievement, those motivated by social interaction, and those motivated by exploring the
environment; see e.g. Hamari & Tuunanen, 2014). In this case, we suggest that the light version be principally based
on badges, as they allow us to tap into many of the problematic elements identified in the pilot study. To mention
some examples, we can provide badges rewarding the regularity of use (e.g., on a daily or weekly basis), prediction
accuracy (i.e., performance), and the number of times all the tasks are completed (encouraging frequent rehearsal).
A pilot study can be run using the light version, and in case some gaps are identified, additional gamification
elements can be targeted specifically to fill them. For example, optional leaderboards may be made available to
those motivated by competition, and some advanced visualization of progress to those who value exploration.

Conclusions

In this article, we have proposed a tutoring system that can be a useful tool to archaeologists or students in
order to help them to classify bone fragments. The classification system has been developed from a sample of 3000
correctly identified bone fragments from “El Salt” archaeological site in Alcoy, Spain. For the classification system,
we have tested five different supervised classification algorithms and three different classification distributions
(coarse, medium and fine granularities). We have found that better results have been obtained by the random forest
method, with an accuracy and fl-score of both 0.86 in coarse granularity (with samples including bovidae, cervidae,
equidae, leporidae and unknown). Results from the classification algorithms indicate that the most relevant attributes
for the classification are width, bone, thickness, length, bone fragment, anatomical group, long bone circumference,
X, Y and Z. In order to make the system useful, we have developed a user-friendly interface that is connected to a
random forest classifier. This interface is composed of a questionnaire to introduce all the possible data from the
bone fragment, including 63 possible attributes. In order to improve the efficiency of the method, we have suggested
an approach where both generic and personalized gamification techniques (such as badges, leaderboards, and
progress visualization tools) are applied in order to encourage frequent and regular use of the tutoring system. This
approach is motivated by previous results showing that there was a need for solutions that encourage students to
focus on the tasks and to take up studying earlier than at the very end of the course. In our future work, the tutoring
system will be tested in the archaeological site of “El Salt” and the usefulness of the granularities will be compared.
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