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ABSTRACT
Use-wear analysis examines the macroscopic and microscopic patterns of traces left 
on tool surfaces as a result of use. Recently, machine learning (ML) has been employed 
as a promising method for automating and standardizing the identification of these 
traces. While the number of use-wear analysts using ML continues to grow, discussions 
regarding the effectiveness and appropriate implementation of these methods are 
ongoing. The main aim of this literature review is to provide recommendations for the 
more effective application of ML in use-wear analysis and archaeological research, by 
identifying trends, research gaps, and evaluating the quality of the models developed.

There are three key challenges identified. Firstly, the limited adoption of open science 
practices restricts the creation of large datasets and hinders reproducibility and 
transparency. Secondly, research efforts are concentrated within limited institutions, 
focusing on certain research questions, algorithms, raw materials, and use-wear traces. 
Thirdly, the inadequate quality, quantity, and diversity of data affect the performance 
of the models being developed.

To address these challenges, this paper advocates for the promotion of open science 
and the systematic gathering of experimental and analytical data. Involving a broader 
range of institutions can improve research quality and promote greater diversity of 
perspectives. Collaboration with computer scientists and computational archaeologists 
is essential to integrate the expertise necessary for designing and implementing 
effective ML methods. By addressing these factors, this paper facilitates the effective 
use of machine learning, enabling use-wear analysts and archaeologists to develop 
robust models that automate, accelerate, and improve their research.
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1. INTRODUCTION

Lithic artifacts play a pivotal role in the study of human 
evolution, as changes in their technology and typology 
are closely tied to the emergence of fundamental 
social behaviors (Ambrose 2001; Caneva 2001; Foley & 
Lahr 2003; Kuhn 2020; Lycett 2015; Režek et al. 2018). 
The variability observed in lithic, bone and wooden 
artifacts may be indicative of adaptive strategies shaped 
by environmental, demographic, and social factors 
influencing tool production and use (e.g., Foley & Lahr 
2003; Hovers & Belfer-Cohen 2013; Lemorini et al. 
2014; Shea 2017). Use-wear analysis, combined with 
experimental archaeology, provides further insight into 
tool use by establishing reference libraries against which 
archaeological artifacts are compared (Evans 2014; 
Fullagar 2014; Hayden 1979; Keeley 1980; Marreiros 
et al. 2015; Marreiros, Pereira & Iovita 2020). Based on 
experimental replications, diagnostic macro- and micro-
traces of use on bone and lithic surfaces are known to 
correlate with specific worked materials and motions 
(Marreiros et al. 2020). Bone surface modifications (BSM) 
are similar to use-wear traces but specifically apply to 
bone specimens, documenting alterations caused by 
humans, animals, or other natural factors, providing 
insights into taphonomy and subsistence patterns (Fisher 
1995).

During the last decades, several studies started 
implementing methods that allow a quantitative 
measurement of use-wear features (Borel et al. 2021; 
Evans & MacDonald 2011). These methods include the 
use of new imaging and metrology techniques, such 
as confocal microscopy, focus variation microscopy, 
interferometry, and atomic force microscopy for the 
acquisition and processing of 3D surface texture data 
(Evans & Donahue 2008; Faulks et al. 2011). More 
recently, artificial intelligence (AI) has been used as 
a novel approach that combines both qualitative and 
quantitative data, reduces time and user-based bias, as 
well as increases efficiency in the characterization and 
analysis of use-wear traces (Zhang et al. 2024).

AI is a broad field that encompasses various subfields, 
and its definition can vary depending on context (Samoili 
et al. 2020). In this article, we adopt the definition from 
Eurostat where ‘Artificial intelligence refers to systems 
that use technologies such as: text mining, computer 
vision, speech recognition, natural language generation, 
machine learning, deep learning to gather and/or use 
data to predict, recommend or decide, with varying 
levels of autonomy, the best action to achieve specific 
goals’ (Samoili et al. 2020: 9).

In the field of use-wear analysis, AI was first 
implemented in a doctoral thesis using expert systems 
(van den Dries 1998). Expert systems mimic the decision-
making abilities of human experts and are used for tasks 
such as student education, data analysis, and hypothesis 
validation (van den Dries 1998). Two interactive and user-

friendly applications were developed for this purpose. The 
Wear Analyzing and Visualizing Expert System (WAVES) 
was the first application used for analysis, guiding the 
process of use-wear identification and interpretation, and 
for evaluating interpretations made by more experienced 
students or analysts (ibid.). The second application was 
the Wear Analysis and Recognition Neural Network 
Prototype (WARP), which used wear attributes provided 
by the user to relate wear traces (specifically polish) to 
contact materials (ibid.).

Following the work by van den Dries, subsequent 
research on use-wear analysis began to focus on 
Machine Learning (ML), a subset of AI with the capacity 
to learn and improve its performance through the use 
of computational algorithms (Bini 2018). There are two 
types of ML: supervised and unsupervised. These differ in 
the type of data they handle and the application they are 
used for (Raschka & Mirjalili 2019). Supervised learning 
uses labelled data (raw data annotated with labels) as 
input to build a model that can then make predictions 
regarding new, previously unseen data (Yravedra et al. 
2021; Zhang et al. 2024). Unsupervised learning uses 
unlabeled data (raw data without annotations) as 
input to explore the structure of the data and extract 
meaningful information (Courtenay et al. 2020a; Yezzi-
Woodley et al. 2022). Among the most commonly used 
algorithms in use-wear analysis are neural networks and 
deep learning, both of which are subsets of ML. Neural 
networks (NN) process data like the human brain using a 
single network of interconnected nodes, called neurons, 
that accept, store, and pass information to process input 
data to produce an output (Bini 2018). Deep learning 
(DL) uses NNs with multiple layers to learn hierarchical 
representations of data (Kubat 2017). Depending on the 
architecture and type of data used, there are different 
types of DL algorithms, such as convolutional neural 
networks optimized for image data and recurrent neural 
networks optimized for sequential data (e.g., time series 
and text; Raschka & Mirjalili 2019). The training process 
of both NN and DL models relies on backpropagation, 
an optimization method that adjusts the model’s 
parameters during training to minimize error and improve 
prediction accuracy (Bishop 2006). Examples of studies 
using DL in use-wear analysis include Luncz et al. (2022), 
who classified damaged versus undamaged surface 
structures on wooden tools, and Zhang et al. (2024), 
who classified polish based on contact material. In the 
context of BSMs, studies employing DL include Abellán 
et al. (2021), who classified carnivore tooth scores, and 
Courtenay et al. (2020b), who classified cut marks and 
trampling marks.

A common challenge in developing NN and DL models 
is the substantial amount of data required for training 
to increase the generalization of models (i.e., how 
well the model performs on unseen data; Merchant & 
Castleman 2022). The definition of a ‘minimum dataset 
size’ varies depending on several factors, including the 
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model’s complexity and type, number of predictors, and 
scientific domain (Xu et al. 2023; Zantvoort et al. 2024). 
For this review, we defined a small dataset as one with 
fewer than 200 samples. This threshold aligns with the 
definition of ‘small’ datasets in other archaeological 
studies that have applied DL, where datasets such as 
306 annotated tumuli samples for remote sensing 
(Berganzo-Besga et al. 2021), 150 polish samples for use-
wear analysis (Sferrazza 2025), and 216 tooth pit and 
score samples for bone surface modification (Courtenay 
et al. 2019) were considered small. Transfer learning, 
introduced by Yosinski et al. (2014), addresses this issue 
by reusing weights from related tasks, thus reducing 
data, computing power, and time needs (Goodfellow, 
Bengio & Courville 2016; Merchant & Castleman 2022). 
Its robustness as a feature extractor and classifier has 
also been demonstrated in use-wear studies (e.g., 
Pizarro‐Monzo et al. 2022; Zhang et al. 2024).

To date, two studies have evaluated the application 
of ML in the analysis of micro- and macro-traces of lithic 
and bone materials. Calder et al. (2022) provide a review 
of ML applications in archaeology, including use-wear 
analysis, and highlight key challenges such as ensuring 
rigorous data partitioning (e.g., train-test splits), cross-
validation methods, and reproducibility through data 
and code sharing. Similarly, McPherron et al. (2022) re-
examined a case study on bone surface modifications, 
emphasizing the importance of sample size, open-
science practices, and adherence to methodological 
standards in ML workflows.

Given that the application of ML in archaeology is a 
relatively new and rapidly evolving subfield, its methods 
should be adapted to meet the needs of archaeological 
datasets and research questions. To address these gaps 
and challenges, this study synthesizes available use-
wear and BSM studies that employ ML, providing targeted 
observations and recommendations to improve and 
expand its application. To achieve this aim, three main 
objectives were defined. The first objective investigates 
the introduction and evolution of ML in use-wear analysis 
of lithic and wooden artifacts, as well as BSM, focusing 
on trends in materials, topics, and algorithms. Despite 
differences in material types (lithics, bone, and wood) and 
the distinct research questions associated with use-wear 
analysis and BSMs, three key factors support a combined 
review of their ML applications. First, all three material 
types are analyzed using microscopy to examine macro- 
and micro-traces, employing comparable image-based 
and quantitative techniques for data acquisition (Fisher 
1995; Marreiros, Pereira & Iovita 2020). Second, they 
rely on similar types of input data, primarily 2D images 
or tabular datasets, which enables the use of shared 
preprocessing techniques, feature extraction methods, 
and analytical approaches in ML. Third, the limited number 
of case studies for each material type restricts the ability 
to assess variability in ML approaches, thereby hindering 
the identification of material-specific trends. Therefore, 

while material differences may influence the analysis to 
some extent, they do not preclude the identification of 
overarching trends. For a more comprehensive discussion 
of the archaeological aspects of lithic, bone, and wooden 
material analysis, readers may refer to Caruso Fermé & 
Aschero (2020), James & Thompson (2015) and Marreiros, 
Gibaja Bao & Bicho (2015). The second objective was to 
examine the variability in dataset size and class balance 
across the reviewed articles, considering their critical 
role in influencing model accuracy and generalization 
(Merchant & Castleman 2022). The third objective was 
to assess the quality of the models being developed to 
identify areas requiring improvement and the strategies 
required to address them. The critical assessment of 
published case studies aims to assist archaeologists in 
better understanding how ML can be effectively applied 
in their field, and to highlight the essential factors for 
developing robust models that can be used by other 
researchers for various materials and research questions.

2. MATERIALS AND METHODS

2.1. ARTICLE SELECTION
We selected articles to cover both the introduction and 
breadth of ML applications in use-wear analysis. Articles 
applying statistical methods for classification tasks in 
use-wear and BSM analysis (i.e., Bonney 2014; González-
Urquijo & Ibáñez-Estévez 2003; Ibáñez, González-Urquijo 
& Gibaja 2014; Ibáñez, Lazuen & González-Urquijo 2019; 
Ibáñez & Mazzucco 2021; Ma et al. 2023) were also 
included, as they provided the basis for the application 
of ML (Friedrich et al. 2022). Following Bzdok, Altman & 
Krzywinski (2018), statistical methods focus on inference, 
using probability models to understand relationships 
in the data, while machine learning methods prioritize 
prediction, using general algorithms to identify patterns 
in complex and extensive datasets (Table 1).

Our review includes both open-access and restricted-
access articles published in English and available online. 
Google Scholar was the search engine used to identify 
relevant papers, applying combinations of the keywords 
‘use-wear analysis’, ‘machine learning’, ‘neural networks’, 
‘artificial intelligence’, ‘bone’, ‘lithic’, ‘tool’, ‘archaeology’, 
‘bone surface modifications’ and ‘taphonomy’. To 
expand the search and capture potentially overlooked 
articles not indexed by Google Scholar, we also used the 
AI-based scholarly discovery tool ResearchRabbit (Cole 
& Boutet 2023). All papers satisfying the above criteria 
were collected, reaching a total of 48 case studies. 
Nearly all case studies consisted of papers published in 
peer-reviewed journals, with the exception of one from 
a non-peer-reviewed source. Recognizing the potential 
limitations of non-peer-reviewed studies, the paper was 
examined and interpreted with caution. All identified 
papers were included in the review, covering the period 
from 1998 to the present.
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2.2. DATA COLLECTION
Data were collected manually by parsing the documents 
and entering the relevant information into a spreadsheet. 
The spreadsheet consists of 28 columns, each allocated 
to store numerical and categorical data related to distinct 
parameters, including (a) general information (i.e., 
authors, publication date and title, affiliation, country, 
access, type of publication, publisher), (b) use-wear (i.e., 
type of analysis, raw material), and (c) ML (i.e., sample 
size, data distribution, data dimensionality, type of ML 
and the specific algorithm used, type of analysis, use 
of script or software and its access, evaluation metrics, 
model accuracy, limitations, training, and validation loss). 
The limitations identified by the authors of the reviewed 
papers were grouped into five categories: ‘Archaeological 
constraints’ (parameters that affect the preservation 
and interpretation of traces such as taphonomy and 
equifinality), ‘Methodological issues’ (unbalanced or 
insufficient sample size), ‘Data acquisition process’ 

(limitations in creating or analyzing use-wear traces and 
BSM for ML models), ‘Resources’ (challenges related to 
the financial or temporal investment in developing ML 
models), and ‘Restricted open science’ (non-adherence to 
FAIR principles of findability, accessibility, interoperability, 
and reusability; Wilkinson et al. 2016).

To ensure consistency across the spreadsheet, 
semicolons were used to separate values, special 
characters (e.g., ñ) were replaced with basic Latin 
equivalents and empty cells were populated with 
‘NA’. Entries consisting of more than one word were 
either connected with underscores (e.g., cut_marks) 
or abbreviated to facilitate the subsequent creation of 
graphs (e.g., ‘CTREE’ for ‘Conditional Inference Trees’; see 
Table 1). Following data collection, the spreadsheet was 
converted into a comma-separated value (.csv) file and 
imported into Python scripts for data post-processing, 
analysis, and presentation. Descriptive statistics were 
used to summarize the characteristics and distribution 

GROUP CATEGORY SUB-CATEGORY DESCRIPTION

Machine Learning Instance-Based Methods KNN K-Nearest Neighbor

Decision Trees DT Decision Tree

CTREE Conditional Inference Trees

Ensemble Methods RF Random Forest

GBMAC Gradient Boosted Machines

GBMOD Generalized Boosted Model

Kernel Methods SVM Support Vector Machines

Probabilistic Methods NBC Naïve Bayes Classifier

GNB Gaussian Naïve Bayes

Neural Networks NN Neural Networks

CNN Convolutional Neural Networks

DCNN Deep Convolutional Neural Networks

Clustering Methods MS Mean-Shift

SLC Single Linkage Clustering

DBSCAN Density-Based Spatial Clustering Algorithm with Noise

Statistics Regression-Based LR Linear Regression

GLM Likelihood-Based Generalized Linear Model

CVLR Cross-Validated Logistic Regression

Discriminant Analysis LDA Linear Discriminant Analysis

QFDA Quadratic Discriminant Function Analysis

DA Discriminant Analysis

PLSDA Partial Least Squares Discriminant Analysis

MDA Mixture Discriminant Analysis

FDA Flexible Discriminant Analysis

SDA Shrinkage Discriminant Analysis

Dimensionality Reduction PLS Partial Least Squares

Table 1 List of algorithms used in the papers under review organized by the group and category of analysis, along with 
their abbreviations.
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of the values in our dataset (Starbuck 2023). The basic 
numerical operations were performed using the NumPy 
library (version 1.22.4; Harris et al. 2020). The Pandas (v 
1.4.3) and Geopandas (v 1.0.1) libraries were used for 
data manipulation and processing (Jordahl et al. 2020; 
The pandas development team 2024). The Quarto 
project with the Python scripts and data for replicating 
our method and generating all figures is referenced in 
the Data Accessibility section.

2.3. EVALUATION OF MACHINE LEARNING 
MODELS
An important component of this review is to assess the 
quality of ML models developed for use-wear and BSM 
in archaeology. Evaluating ML requires consideration of 
several factors, including the quality, quantity and type 
of data, preprocessing techniques, model selection, 
hyperparameter tuning, and evaluation metrics. In this 
study, several of these aspects were examined, focusing 
specifically on class imbalance, accuracy, loss, dataset 
size, and overfitting. These criteria were selected to 
provide a general overview of model performance. 
However, these metrics do not determine the overall 
quality of the reviewed papers, nor do they fully 
capture the broader contributions of the studies, such 
as methodological innovations, theoretical insights, or 
practical applications in archaeology. Rather, they serve 
as quantifiable indicators through which studies can be 
compared systematically. Additional evaluation criteria, 
such as underfitting, confusion matrices, and ROC-AUC 
curves, were not included because of limitations in 
data availability.

2.3.1. Model stability and robustness
Evaluation metrics quantify an algorithm’s performance 
based on correct (true-positives and true-negatives) and 
incorrect predictions (false-positives and false-negatives; 
Handelman et al. 2019). A common metric is the learning 
curve, which plots either the accuracy (proportion of 
correct outputs) or loss ( error rate or else proportion 
of incorrect outputs) of a model during training and 
validation (Raschka & Mirjalili 2019). The learning curve 
of a robust model should exhibit two important traits. 
First, it should be ‘relatively smooth and monotonically 
non-decreasing’ (Weiss & Tian 2008: 262) without abrupt 
changes or discontinuities as these may indicate an 
inappropriate learning rate or an insufficient training 
dataset (Goodfellow, Bengio & Courville 2016; Viering & 
Loog 2023). To detect the potential presence of these 
factors in the papers under review, we quantified the 
degree of roughness (r) in the loss curves during model 
validation. The curves were extracted as .png files from 
the articles, imported into the open-source software 
QuPath (version 0.5.1; Bankhead et al. 2017), digitized 
using the polyline tool, and then exported as GeoJSON 
files. The roughness index (r) captures the magnitude 

and frequency of fluctuations in a learning curve and is 
analogous to the International Roughness Index (IRI) 
used in engineering (Sayers 1995). Second, the gap 
between the training and validation loss curves should 
be minimal (Raschka & Mirjalili 2019). A large gap is an 
indication of overfitting, where the model fits the training 
data too closely and fails to predict previously unseen 
data (Singh 2019). To quantify the magnitude of the 
gap between the learning curves, we manually recorded 
the final loss values for both the training and validation 
curves across case studies (columns ‘max_loss_train’ 
and ‘max_loss_val’) and compared them using a box 
plot, with the upper and lower limits representing the 
final validation and training losses, respectively.

2.3.2. Quantification of class imbalance
A common issue in ML studies is the presence of class 
imbalance, referring to the phenomenon where different 
groups (classes) in a training set have an uneven number 
of examples, thus introducing the risk of poor model 
performance, inaccurate results and possible bias 
towards the majority class (Ghosh et al. 2024). Following 
Buda et al. (2018:251), two equations which characterize 
the distribution and intensity of class imbalance were 
used, calculated using the ‘data_distribution’ column in 
our dataset. The outputs of these equations were then 
summed to create a class imbalance index (i) for each 
case study.

3. RESULTS

3.1. TEMPORAL AND METHODOLOGICAL 
TRENDS
The period from the initial application of ML in use-wear 
and BSM analysis to its more systematic and continuous 
integration into the field spanned twenty years, from 1998 
to 2018 (Figure 1). During this period, ML publications 
ranged from zero to two papers annually. Between 2018 
and 2020, the publication rate of ML papers increased 
rapidly, reaching up to eight publications per year, 
followed by a slight decrease to five papers annually 
from 2021 to 2022. Between 2022 and 2024, the number 
of publications again showed an upward trend, reaching 
nine papers annually.

3.1.1. Machine learning and open science 
approaches
In terms of the types of ML algorithms used (see Table 1), 
from 1998 to 2010, researchers primarily employed basic 
methods such as clustering algorithms and decision trees, 
alongside the earliest case studies using NN (Figure 2). 
In 2018, a noticeable increase and diversification in the 
application of ML methods were observed, without a clear 
preference for any specific approach. This balance shifted 
from 2019 onward, with a notable increase in both the 
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frequency and variety of ML algorithms used, including 
NN, kernel-based methods, ensemble algorithms, and 
instance-based approaches. The only method showing a 
nearly consistent preference was NN, which appears to 
dominate the landscape of use-wear and BSM papers, 
with 10 articles employing them in 2024. There are two 
main trends regarding the analytical tools used based on 
their type and accessibility.

Among the 48 papers reviewed in this study, 38 
used a programming language for their analysis, 9 
used software, and 1 paper did not specify the method 
(Figure 3). Open science practices were found to be 
limited, with 16 out of 38 papers using a programming 
language for analysis failing to provide their scripts, and 7 
out of 9 software-based papers using licensed software.

In terms of the preferred programming languages, 
MATLAB and Prolog were used in one paper each, R was 
used in 19 papers, and Python in 24 papers (Figure 4). The 
choice of programming language appears to be related 

to the dimensionality of the input data, with Python 
being preferred primarily for papers involving 2D and 3D 
imagery, while R is preferred for tabular data.

Figure 1 Annual publication rate of use-wear and BSM papers using machine learning.

Figure 2 Temporal trends in the frequency and categories of machine learning algorithms used in use-wear and BSM papers.

Figure 3 Number of papers using software or programming 
languages for analysis, categorized by whether the software 
is open source or licensed, and whether the code is shared 
openly or not.
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3.1.2. Geographical and institutional distribution 
of publications
The data exhibited recurring patterns in the institutions 
contributing to the field, the research topics explored, 
and the algorithms employed. Spain leads in the 
publication rate of articles, with the University of Alcalá 
accounting for nearly half of these publications, followed 
by Germany, and the United States (Figure 5). A smaller 
proportion of the total publications came from China, 
France, the Netherlands, Portugal, Switzerland, and the 
United Kingdom.

A preference was also observed in the materials 
being studied, with 33 papers focused on bone 
materials, 14 papers on lithics, and 1 paper dealing 
with wood. The majority of articles on bones focus 
on tooth marks, cut marks, and post-depositional 
effects (Figure 6), which are mostly explored with 
NN, followed by support vector machines (SVMs), 
and decision trees (DT) (Figure 7). The articles on 
lithic materials display a narrower diversity, mainly 
exploring the use-wear of polish on flint using DT and 
NN.

Figure 4 Programming languages used in the papers under review, grouped by data type (tabular, 2D images, or 3D images).

Figure 5 Frequency of countries, institutions, and laboratories or departments involved in publishing use-wear and BSM articles 
utilizing machine learning.
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3.1.3. Limitations and challenges
The authors of the reviewed papers indicated that the 
most common limitations they encountered were related 
to the lack of open science practices and methodological 
issues, such as the use of small and unbalanced datasets 
(Figure 8).

Other issues affecting the application of ML in 
use-wear analysis and BSM pertain to archaeological 
constraints, including equifinality, taphonomy, and the 
palimpsest phenomenon. Five out of fourteen limitations 
were related to the data acquisition process, including 
the type of raw material used, absence of protocol, user 
bias, and limitations of the analysis or acquisition mode. 
A small percentage is attributed to the resources needed 

for the development of ML models, particularly the costs 
associated with time and required training.

3.2. ANALYSIS OF CLASS IMBALANCE AND 
DATASET SIZE
Figure 9 illustrates the relationship between model 
accuracy, class imbalance, and dataset size in the 
reviewed papers. Across all studies, accuracy ranged from 
65% to 100%, and class imbalance from 1 to 15, with no 
apparent trend linking dataset size to accuracy or class 
imbalance. Most studies utilized datasets ranging from 
60 to 500 samples, with reported accuracies spanning 
from 40% to 100%, though the majority exceeded 
70%. Class imbalance varied between values of 1 and 6. 

Figure 6 Heatmap displaying the frequency of research topics explored across different raw materials.

Figure 7 Heatmap illustrating the frequency of different machine learning algorithms applied to various research questions.
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However, five studies exhibited higher imbalance ratios 
between 7 and 15, a range not observed in studies with 
larger datasets. Four studies used datasets exceeding 
1000 samples, with only one surpassing 1500. These 
medium-to-large datasets reported accuracy values 
between 69% and 96%, with class imbalance ratios 
ranging from 2 to 7. Data augmentation, indicated by 
red-outlined points, was predominantly applied in studies 
with smaller datasets, with only two studies employing it 
for medium-sized datasets.

3.3. QUALITY ASSESSMENT
The type and number of evaluation metrics used in the 
case studies varied. The majority of the papers (41 of 
48) included at least one evaluation metric, with the 
most commonly occurring being accuracy, F1 score, and 
sensitivity (Figure 10).

In terms of the number of different metrics used, 11 
papers included five or more metrics in their analysis, 
11 papers included four metrics, eight papers included 
three metrics, and 11 papers included two or fewer 

metrics. Additionally, 12 out of 41 papers included 
learning curve plots in their publication, suggesting that 
the metrics in the majority of papers were reported 
only within the text without detailed documentation on 
how the values were derived during model training and 
validation. Consequently, our evaluation of the model 
performance was based solely on publications that 
included relevant plots.

As illustrated in Figure 11, almost half of the case 
studies, represented in red and orange, exhibited low r 
(roughness) values ranging from 0 to 0.2 (0 is rough and 
1 is smooth), with one case study showing an r value of 
0.39.

In contrast, the remaining four case studies, 
indicated in cream and green, demonstrate medium 
to high r values, specifically ranging from 0.4 to 0.6 
and from 0.7 to 1, respectively. Figure 12 provides 
valuable insights into the performance of the loss 
curves, illustrating both the final loss values achieved 
by the models and the gap between the training and 
validation curves.

Figure 8 Frequency of distinct types of limitations discussed in the literature regarding the effective application of machine learning in 
use-wear and BSM analysis.

Figure 9 Scatterplot illustrating the relationship between class imbalance, dataset size, and the accuracy achieved in each case study.
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Figure 10 Matrix heatmap on the use and documentation of evaluation metrics. Papers using the largest number of metrics appear 
on the right, shaded in darker colors, while papers with fewer metrics (down to only one metric) are on the left with lighter shades. 
Blue squares indicate the presence of a metric, and orange squares indicate the presence of a metric along with supporting graphs 
rather than solely numerical values.

Figure 11 Roughness Index (r) calculated for the validation loss curves present in the reviewed papers. Smoother curves, indicated in 
red and orange, have lower r values. More irregular, rough curves, shown in yellow and green, have r values closer to 1.
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Eight out of ten case-studies show a small gap 
between their loss curves ranging between 0 and 0.2 
degrees and two cases showing a larger gap between 
0.4 and 0.8 degrees. In terms of the final loss values 
achieved by the models, there are four case studies 
where their value is below 0.2. The other six case studies 
demonstrated relatively low loss values ranging between 
0.2 and 0.7, and only two cases exceeded 1.0.

4. DISCUSSION

This paper aims to explore the state-of-the-art in ML for 
use-wear analysis and BSM along two key dimensions: 
analyzing its initial introduction, development and 
application over time, and assessing its application. 
The introduction of ML in use-wear analysis exhibits 
similarities, but also some differences, with the 
trajectory of ML in archaeology in general. Argyrou & 
Agapiou (2022) created a timeline showing the annual 
publications of ML in archaeology from 2000 to 2020 
based on two databases from Scopus of Elsevier (https://
www.elsevier.com/products/scopus) and Dimensions 
project (https://www.dimensions.ai/; see Supplementary 
Materials Figures 1 and 2). The overlap in the timeframes 
used in our review (from 1998 to 2024) and by Argyrou & 
Agapiou (2022) (from 2000 to 2022) offers an opportunity 
to examine how our work fits the wider discussion of 
ML in archaeology. Scopus’ results are comparable with 
Figure 1, showing the highest publication rate in 2019. 
However, the publication rate in archaeology is increasing 
at a smoother pace, peaking in 2020 with almost double 
the number of papers than the year before. The case of 
use-wear analysis and BSM differs, exhibiting a plateau 
in the publication of ML papers from 1998 to 2018 with 
very few fluctuations until it reached a peak in 2020 with 
eight papers, compared to six papers in 2019 and one 

paper in 2018. The results from the Dimensions project 
show a more gradual trajectory in the publication of ML 
papers in archaeology, with a minimum of 400 papers 
already from 2001 and with no apparent abrupt increase. 
The number of publications included in our study and 
that of Argyrou & Agapiou (2022) could be expanded 
by incorporating non-English sources, which may be 
considered in future research.

The body of ML publications in use-wear analysis and 
BSM is relatively small and uneven in terms of materials, 
algorithms, research questions, and contributing 
institutions. Current studies have mainly focused on 
flint and polish wear. Expanding research to include a 
wider range and greater quantity of raw materials (e.g., 
quartz, obsidian) and use-wear types (e.g., striations 
and edge damage) would better align with the diversity 
observed in the archaeological record and enhance 
model robustness by exposing algorithms to a broader 
spectrum of parameters, thereby improving their ability 
to generalize across different contexts (Rodriguez 
et al. 2020). Bearing in mind that Wolpert’s ‘no free 
lunch’ theorem (Wolpert 1996) states that there is no 
universally best model in ML that performs effectively 
on every task, a more comprehensive dataset would 
facilitate a systematic evaluation of ML performance 
across different archaeological materials, leading to 
more effective and context‐specific applications.

The potential of ML in use-wear studies is further 
constrained by its focus mainly on classification tasks. 
Over half of the ML papers (25 out of 48) in bone, wood and 
lithic materials use datasets of traces identified manually 
by researchers, a process that is time-consuming and 
prone to inter- and intra-user bias (Abellán et al. 2021; 
Calandra et al. 2019b; Courtenay et al. 2020a, 2020b; 
Marreiros, Pereira & Iovita 2020). Researchers in other 
subfields of archaeology, predominately in remote 
sensing (Guyot et al. 2021) but also in geoarchaeology 

Figure 12 Boxplot illustrating the final loss values mentioned in the publications for both the training (blue line) and validation curves 
(orange line) at the end of each model run.

https://www.elsevier.com/products/scopus
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(Zickel et al. 2024), archaeobotany (Barron 2023) and 
osteoarchaeology (Tanti et al. 2021), are using image 
segmentation in order to automate the process of 
identifying features which can be either macroscopic like 
structures, mounds, skeletal members or microscopic 
such as minerals or anatomical parts of grains. Image 
segmentation involves partitioning an image into 
separate regions (i.e., segments) by identifying individual 
features or boundaries that can later be measured 
or classified (Merchant & Castleman 2022). Use-wear 
analysts could thus benefit from expanding the use of 
ML in multiple aspects of their work in order to limit user 
involvement and increase efficiency (Zhang et al. 2024). 
Another significant step towards enhancing ML in use-
wear analysis could involve addressing the concentration 
of publications within a limited academic community 
(Argyrou & Agapiou 2022). Increasing multivocality in 
research by encouraging contributions from both more 
and non-solely Western institutions will enrich the 
quantity and quality of research by offering a larger and 
more diverse community to engage in discussion, thus 
advancing the field.

A major issue highlighted in the review is the current 
use of machine learning in use-wear analysis within 
the framework of open science, which presents two key 
challenges. First, the limited availability of large and 
diverse datasets contributes to class imbalance and 
overfitting. Open science practices can help mitigate 
these issues by depositing datasets in publicly accessible 
repositories using standardized formats (e.g., .csv, .json) 
and including detailed metadata (Calandra et al. 2019a). 
Establishing a dedicated open-access repository for use-
wear and bone surface modification (BSM) data, similar 
to IsoBank for isotopes (Shipley et al. 2024), the European 
Pollen Database for pollen (Davis et al. 2013) and 
Neotoma for palaeoecological data (Goring 2018), could 
further facilitate data sharing (Calandra et al. 2019a). 
While challenges such as data standardization, storage 
costs, and long-term sustainability exist, these can be 
addressed through strategic planning, standardized 
workflows and ontologies, and sustainable funding 
models led by individual labs or dedicated projects 
(Kintigh 2006; Nicholson et al. 2023).

Second, there is an evident preference for using 
proprietary software (e.g., SPSS, MATLAB) and limited 
sharing of coding scripts. While proprietary software has 
some advantages, such as user-friendly interfaces and 
technical support, adopting open-source alternatives 
(e.g., Orange Data mining), where feasible, could 
improve transparency and reproducibility (Amandeep, 
Bansal & Neetu 2015; Marwick 2017). Prioritizing script-
based, openly published workflows would further 
strengthen these outcomes by providing a detailed 
and verifiable record of the workflow followed (Marwick 
2017). The advancement of open science practices 
can be further supported through the involvement of 

institutions, academic journals, and funding bodies. 
Specifically, structured training programs (e.g., modules 
from the Center for Open Science; https://www.cos.
io/)), guidelines that encourage open-access publishing 
and data sharing (such as those implemented by 
the Journal of Computer Applications in Archaeology), 
and recognition systems that reward transparent 
research practices (e.g., the Journal of Archaeological 
Science Reproducibility Prize) can contribute to these 
efforts (Marwick et al. 2022).

The use of evaluation metrics in the papers under 
review shows a positive development, with some 
studies utilizing a variety of metrics that are thoroughly 
documented in their publications. However, it is 
important to note that a significant proportion of the 
studies relied on a small number of metrics and/or 
lacked comprehensive documentation. The limited use 
of evaluation metrics, in particular, can raise concerns, as 
‘if a study presents a single metric, one might question 
the performance of the classifier when evaluated using 
other metrics’ (Lever, Krzywinski & Altman 2016: 603). 
Limited access to information regarding a model’s 
performance during training and evaluation restricts our 
ability to fully assess its effectiveness (Viering & Loog 
2023). Therefore, it is essential to employ a diverse set 
of evaluation metrics that align with the needs of our 
data and are presented in publications through graphs or 
tables (Lever, Krzywinski & Altman 2016).

Overall, the papers under review present models 
of acceptable robustness and quality, capable of 
meeting their goals in classifying use-wear traces and 
BSM. Nevertheless, some models exhibit instability, as 
evidenced by irregular learning curves and gaps between 
training and validation loss curves, which can be connected 
to the use of unsuitable learning rates or small datasets 
(Goodfellow, Bengio & Courville 2016). The occurrence of 
gaps between training and validation curves may suggest 
potential overfitting where the model is memorizing the 
dataset, including its noise (Singh 2019). Furthermore, 
the high accuracies reported in some studies should be 
approached with caution, as they may arise from the 
use of small, unrepresentative or unbalanced datasets 
and multicollinearity (correlated samples; Ellis, Sander 
& Limon 2022; Goodfellow, Bengio & Courville 2016; 
Walsh, Pollastri & Tosatto 2016). Future research could 
benefit from exploring additional dimensions of ML model 
performance, such as underfitting, interpretability, and 
misclassification patterns, along with the influence of 
factors, such as the type of raw material, use-wear trace, 
and acquisition methods. The identification and resolution 
of these issues can be tackled through interdisciplinary 
collaboration, as partnerships with computer scientists 
and computational archaeologists can facilitate the 
integration of relevant scientific expertise (Courtenay et 
al. 2020a). Because each dataset is unique and influenced 
by its acquisition methods and material characteristics 

https://www.cos.io/
https://www.cos.io/
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(Lever, Krzywinski & Altman 2016), some studies may 
benefit from collaborations with researchers who can 
tailor the design, implementation, and interpretation 
of the ML workflow to address the specific biases and 
requirements of the data in question (Courtenay et al. 
2020a). By doing so, we will be able to effectively integrate 
ML into archaeological practice, ensuring that our 
analyses are thoughtfully aligned with the archaeological 
questions at hand, rather than being ‘determined by what 
the technology will do’ (Lock 2009: 82).

The efficiency of a ML model relies not only on its 
correct design and tuning but also on the input of high-
quality data (Merchant & Castleman 2022). Aspects 
such as pixel spacing, resolution, noise, photometry, and 
distortion affect the overall quality of images captured 
by microscopes (ibid.) and can directly impact a model’s 
ability to identify or classify various traces (Bustos‐Pérez 
& Ollé 2024; Courtenay et al. 2020a). The systematic 
acquisition of experimental and analytical data is vital 
to ensure their quality and reproducibility (Marreiros et 
al. 2020) as well as to provide homogeneous data for 
building ML models. Failure to do so may lead to incorrect 
or biased results, emphasizing the necessity for use-
wear analysts to adhere to thorough documentation and 
acquisition practices.

5. CONCLUSION

This article presents a review of ML applications in use-
wear analysis of lithic, bone and wood materials, aiming 
to provide constructive suggestions for expanding and 
strengthening its application. To achieve a comprehensive 
understanding of the state-of-the-art, we examined the 
origins and evolution of ML use in use-wear analysis 
and BSM studies. Using standard descriptive statistics, 
notable patterns were detected, highlighting the limited 
adoption of open science practices, the concentration of 
the publishing community around a few, geographically 
localized institutions, and the focus on specific research 
topics and materials.

Our contribution marks a notable advancement in the 
field of computational archaeology by (a) presenting a 
comprehensive review of ML applications specifically in 
use-wear analysis and BSM, and (b) aiding archaeologists 
in understanding the key components of a ML workflow, 
as well as the critical factors essential for successfully 
integrating these methods into their research. A set 
of quantitative approaches were employed to assess 
and compare the robustness of models from different 
research papers, enabling the identification of potential 
issues and areas for improvement. The absence of large 
and diverse datasets significantly affects the quality of 
the models being developed and the research questions 
being addressed, highlighting the importance of openly 
sharing data and ensuring their quality. Additionally, 

collaboration and interdisciplinarity emerged as essential 
factors for improving the efficiency of the models, given 
the need for specialized skills and understanding of ML 
concepts and workflows.

To fully benefit from ML’s ability to reduce bias, 
automate tasks, and perform powerful analyses, it is 
crucial to acknowledge and understand its limitations 
and requirements. This study provides a foundation for 
informed decision making regarding the use of ML in 
archaeology, covering important issues and aspects from 
data acquisition to model development and assessment. 
Since ML applications typically require more data than 
individual archaeological projects can generate (Argyrou 
& Agapiou 2022), collaboration through open science 
is not merely beneficial but essential for developing 
robust models (McPherron et al. 2022). Expanding and 
diversifying data repositories could enhance ML model 
performance (Courtenay et al. 2020a), while also 
strengthening research transparency, reproducibility, 
and accessibility (Marwick 2017). Developing reliable 
models can facilitate the study of archaeological 
materials by enabling the effective handling of larger 
datasets, automating the identification of features 
and patterns in a standardized manner, and allowing 
researchers to explore more complex research questions 
and ideas. Achieving this goal requires open-mindedness, 
communication, and transparency to enable ML to unfold 
its full potential in use-wear analysis and archaeology.
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