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Abstract
Archaeological context is a foundational concept, yet its definition remains ambiguous and inconsistent.
Traditionally, lithostratigraphic frameworks rooted in geology have long dominated, but recent computational
and spatial approaches increasingly redefine stratigraphic units. This shift raises a critical challenge: the lack
of clear and consistent terminology for defining stratigraphic units. To explore this issue, we applied natu-
ral language processing (NLP) to a broad corpus of Paleolithic literature, focusing on the use of key terms
such as “layer,” “level,” “occupation,” and “horizon.” Using SciBERT (Scientific BERT; BERT = Bidirectional
Encoder Representations from Transformers) to generate contextual embeddings, we compared their seman-
tic distributions with a control set of distinct terms (lithic, bone, flake, charcoal). The control set produced
stable, separable clusters, whereas contextual terms showed extensive semantic overlap and instability, reflect-
ing their interchangeable and inconsistent use. These results underscore that the problem is not only linguistic
but theoretical: without clear terminological baselines, newmethodological advances risk conflating analytical
tools with interpretive outcomes. We argue that terminological precision is essential for comparability across
sites and for cumulative research. NLP offers a replicable framework for auditing and clarifying terminology,
contributing to greater rigor and interoperability in archaeological interpretation.

Resumen
El contexto arqueológico es un concepto fundamental, pero su definición sigue siendo ambigua y se aplica de
manera inconsistente. Tradicionalmente, han predominado los marcos litoestratigráficos basados en la geolo-
gía, aunque los enfoques computacionales y espaciales recientes están redefiniendo cada vez más las unidades
estratigráficas. Este cambio plantea un problema crítico: la falta de una terminología clara y coherente para de-
finir dichas unidades. Para examinar esta cuestión, aplicamos técnicas de procesamiento del lenguaje natural
(PLN) a un amplio corpus de literatura sobre el Paleolítico, centrándonos en el uso de términos clave como
layer, level, occupation y horizon. Utilizamos SciBERT para generar representaciones vectoriales contextuales
y comparamos sus distribuciones semánticas con un conjunto de control formado por términos claramente di-
ferenciados (lithic, bone, flake y charcoal). El conjunto de control produjo agrupaciones estables y separables,
mientras que los términos contextuales mostraron un amplio solapamiento semántico e inestabilidad, lo que
refleja su uso intercambiable e inconsistente. Estos resultados demuestran que el problema no es únicamente
lingüístico, sino también teórico: sin bases terminológicas claras, los nuevos avances metodológicos corren el
riesgo de confundir las herramientas analíticas con los resultados interpretativos. Sostenemos que la precisión
terminológica es esencial para la comparación entre yacimientos y para el desarrollo de una investigación acu-
mulativa. El PLN ofrece un marco reproducible para evaluar y aclarar la terminología, contribuyendo a una
mayor rigurosidad e interoperabilidad en la interpretación arqueológica.

Keywords: context; data mining; machine learning; natural language processing; stratigraphy

Palabras clave: contexto; minería de datos; aprendizaje automático; procesamiento del lenguaje natural; estratigrafía

© The Author(s), 2026. Published by Cambridge University Press on behalf of Society for American Archaeology. This is an Open Access article,
distributed under the terms of the Creative Commons Attribution licence (http://creativecommons.org/licenses/by/4.0), which permits
unrestricted re-use, distribution and reproduction, provided the original article is properly cited.

https://orcid.org/0000-0002-2829-8430
https://orcid.org/0000-0003-0321-8892
mailto:jgalfi@ualg.pt
http://creativecommons.org/licenses/by/4.0


2 Jovan Galfi and João Cascalheira

In a broad sense, context has always been part of archaeological research, but efforts to conceptual-
ize it can be traced to the mid-nineteenth century (Trigger 2006). In the 1840s, Boucher de Perthes
(1847) recognized the stratigraphic association of extinct fauna and stone tools and interpreted them
as contemporaneous (Trigger 2006). Two decades later, Édouard Lartet (1861) used the superposi-
tion of associated assemblages to establish an early temporal organization of the Paleolithic. Although
his periodization relied primarily on faunal remains, later researchers shifted the emphasis to associ-
ated stone-tool types, helping to establish periods still used today—such as the Acheulean, Mousterian,
Aurignacian, Magdalenian, and Solutrean (Trigger 2006).

By the late nineteenth century, more careful consideration of spatial provenience emerged (Pitt-
Rivers 1892). The shift stemmed less from methodological innovation than from a changed theoretical
understanding of stratigraphic units. Artifacts began to be treated as meaningful assemblages reflecting
the behavior of their makers (Boas 1932), and stratigraphic units became the primary units of com-
parison for understanding changes in human behavior (Lyman and O’Brien 1999). Seen this way, a
stratigraphic unit is not only a methodological choice or terminological label; its use is grounded in
theoretical assumptions.

Archaeological context in Paleolithic archaeology is commonly defined through stratigraphic units,
reflecting the nature of the record, where features such as dwellings, pits, or graves are rarely pre-
served. For this reason, this article will refer to context as the smallest identifiable unit established
during an excavation, defined by its stratigraphic position and sedimentary characteristics (Darvill
2003). In Paleolithic sites, these units are commonly equated with geological layers, separated by
their color or contents, using postulates taken directly from geology (Goldberg and Macphail 2005;
Lyell 1830–1833). Following rules such as superimposition, original horizontality, and lateral con-
tinuity of layers, researchers studying the human past create a robust and consistent context for
the interpretation of past human behavior. Yet geological determinism has been repeatedly cri-
tiqued: because natural sedimentary processes are not equivalent to anthropogenic input, a fun-
damental dissonance in interpreting human activity is created (Schiffer 1987; Shahack-Gross 2017;
Shott 1998). Although this problem is not unique to the Paleolithic, the scarce anthropogenic fea-
tures found belonging to this period limit archaeological interpretation to these sedimentary bound-
aries for defining units of analysis. Geological determinism has long been the norm in Paleolithic
research, but it risks conflation of units formed by natural depositional processes with discrete
episodes of human activity. This is where terminology becomes important, because the labels used
for these units can preserve or obscure the distinction between sedimentary formation and human
behavior.

As far as we are aware, the pioneer of controlled documentation of Paleolithic stratigraphy was
Dorothy Garrod in the 1920s through excavation in 5–10 cm spits within geological layers (Garrod
1937). Further advances, from profile recording and the Harris matrix (Harris 1979) to the adoption of
total stations in the 1980s, created the infrastructure for modern computational analysis of stratigraphic
and spatial data (McPherron et al. 2005). Building on this infrastructure, computational methods have
emerged as powerful tools for interpreting spatial distributions and are increasingly used to redefine
stratigraphic units after excavation (Arteaga-Brieba et al. 2023; Canals et al. 2003; Discamps et al. 2023;
Falcucci et al. 2024; Mielgo et al. 2024; Sossa-Ríos et al. 2024).

Here, we will use post-excavation stratigraphy (PES), following Discamps et alia (2023), as an
umbrella label for these approaches. PES approaches respond to problems that Paleolithic archaeol-
ogy has long recognized—including time-averaging, palimpsest formation, and the effects of different
site-formation processes (Bailey 2007)—by stepping back from geology and integrating new or existing
datasets into the interpretation of sequences. In doing so, PES approaches allow Paleolithic archaeol-
ogists to establish smaller contextual units and to observe human behavior at finer temporal scales.
Although still in their early stages, PES techniques have shown promise in addressing the limitations of
lithostratigraphy. At the same time, they also add complexity; it remains unclear how these new strati-
graphic units fit within established frameworks for defining stratigraphy, and how they relate to the
lithostratigraphic units they are meant to refine. This uncertainty leads us to a fundamental question:
What do we mean when we say “context?” Despite its foundational role, contextual units in Paleolithic
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archaeology often rest on inherited, inconsistently applied criteria. As new technologies and analytical
frameworks emerge, we must reexamine both traditional definitions and modern alternatives, begin-
ning with a stable and explicit terminological baseline capable of signaling, managing, and comparing
different concepts.

Stratigraphic Semantics: Considering Context in Paleolithic Archaeology
Formation processes theory (Schiffer 1972, 1987) has long emphasized that the archaeological record
results from the interaction of cultural and natural processes, and that the distinction between systemic
context and archaeological context is crucial when interpreting stratigraphy. From this perspective,
lithostratigraphic units represent only one part of a more complex formation history that also includes
postdepositional and cultural transformations.

In this light, researchers are making efforts to integrate methods of establishing context through the
application of different clustering techniques (Clark 2017), lithic or faunal refitting (Deschamps and
Zilhão 2018; Sossa-Ríos et al. 2024), machine learning (Arteaga-Brieba et al. 2023), and the integration
of taxonomy/typology/taphonomy along vertical sequence of a site (Discamps et al. 2023; McPherron
et al. 2005; Mielgo et al. 2024). Although these techniques retain the spatial logic of horizontal continu-
ity and superposition, they are also marked by two key differences: they are defined from the spatial
relationships among archaeological remains rather than sedimentary properties, and they are typi-
cally established or finalized after excavation is complete. However, such advances expose a persistent
problem: the lack of clear terminological boundaries. Without explicit definitions that specify both the
analytical purpose of a unit and the methodological criteria by which it is established, concepts risk
being conflated or applied inconsistently. This undermines reproducibility and can lead to conflicting
interpretations (Bicho and Cascalheira 2020).

An illustrative case is the effort to associate Nubian technology and Neanderthals at Shukbah
cave (Blinkhorn et al. 2021). Blinkhorn and colleagues use varying terminology related to Shukbah’s
sequence, which includes “layer,” “occupation,” and “archaeological horizon” interchangeably. In con-
trast, the original excavator of the site, Dorothy Garrod, exclusively uses “layers” as the main contextual
units, describing them as units of different geological attributes (Garrod 1942). In their reply, Hallinan
and colleagues (2022) argue that Shukbah’s stratigraphic units represent time-averaged deposits and as
such cannot support a secure association between theNeanderthal remains and theNubian artifacts.The
exchange shows that questioning the chronological resolution of a deposit does not necessarily challenge
the broader assumptions used to define archaeological context. Addressing this issue requires recogniz-
ing that methodological innovation alone cannot resolve ambiguity unless it is grounded in a coherent
and explicit theoretical framework.

What’s in a Name?
Although definitions of stratigraphic and contextual units exist (Darvill 2003; Gasche and Tunca 1983;
Harris 1979), their application often depends on the author’s background (Gilbert and Goldberg 2017).
This points to a deeper issue in archaeological interpretation, because terminology should convey both
the analytical purpose of a unit and the methodological criteria used to establish it. Instead, definitions
are often inferred indirectly from archaeological dictionaries (Darvill 2003; Kipfer 2021) or excavation
methodology manuals (Harris 1979; Renfrew and Bahn 2004).

As a result, researchers frequently use different terms when describing the same stratigraphic unit
(SU), or the same term for units established through very different methods. Terms such as “level,”
“layer,” or “horizon” may appear superficially interchangeable, yet the methods used to define them can
vary substantially (Table 1), particularly with the rise of PES approaches. More complexity arises when
these are conflated with interpretative terms such as “occupation,” “episode,” or “event.” A “layer” iden-
tifies a bounded deposit or spatial distribution, whereas an “occupation” implies human presence and
activity within that unit. “Episode” suggests a more discrete phase of activity, whereas “event” implies
an even narrower and more closely contemporaneous occurrence; related concepts such as living floors
carry similar fine-scale behavioral implications (Malinsky-Buller et al. 2011; Vaquero 2008; Vaquero
et al. 2012). For example, there is often no explicit step in determiningwhen a layer bearingMagdalenian
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Table 1. Definitions, Analytical Bases, and Common Inferential Issues for Key Stratigraphic and Contextual Terms in Paleolithic
Archaeology.

Term Defined as Based on Issues References

Layer Geological unit
based on physical
traits of sediments

Observations in the
field; geoarchaeological
analysis

Often treated as an
occupation proxy;
boundaries can be
coarse/time-averaged;
sometimes “layer” is
used as a generic syn-
onym for “level” or
“horizon”

Gasche and Tunca
1983; Goldberg and
Macphail 2005; Harris
1979

Level Excavation unit or
slice of arbitrary
thickness

Methodological choices Defined as a nongeolog-
ical excavation unit but
often treated as a strati-
graphic entity in writing;
due to its mechani-
cal nature, it can cut
across lithostratigraphic
boundaries

Gasche and Tunca
1983; Harris 1979

Horizon A thin horizontally
traceable feature or
zone; often a correla-
tion unit rather than
a deposit unit

Observations in the
field; interpretation of
materials

It can be defined by
both geological and
archaeological entities
in the sequence

Gasche and Tunca
1983

Occupation Interpretive unit
implying human
presence/activity;
not a sedimentary
unit by default

Interpretation of
materials

A stratigraphic unit
is often equated to
occupation; implies
event/episode but usu-
ally time-averaged;
often inferred with weak
operational criteria

Bailey 2007;
Bicho and Cascalheira
2020; Discamps et al.
2023;
Machado et al. 2013

tools becomes a Magdalenian occupation, despite the very different inferential weight these terms carry.
The former may only designate the stratigraphic unit in which Magdalenian material was recovered,
whereas the latter implies that the material represents a meaningful phase or episode of human activity.
In practice, they are often used interchangeably to denote human presence (Bailey 2007). When this
inferential transition is left unstated, sedimentary, excavational, analytical, and behavioral units may be
treated as equivalent despite being defined through different forms of evidence. This matters because
archaeological analysis routinely operates across multiple unit types (e.g., layers, levels, assemblages,
phases) that organize time and structure subsequent interpretation (Bailey 2007; Discamps et al. 2023).
Formation-process theory has long demonstrated that archaeological deposits are not direct reflections
of past behavior (Schiffer 1972, 1987); consequently, different kinds of units support different levels of
behavioral or temporal inference.

Efforts to impose greater terminological precision are not new. In the 1970s and 1980s, Fedele (1976,
1984) proposed the concept of the “elemental sediment unit” (ESU), defined as the smallest geologically
recognizable entity. Around the same time, Gasche and Tunca (1983), following a series of workshops,
developed the Guide to Archaeostratigraphic Classification and Terminology. Their framework defined
the lithologic unit as the base stratigraphic unit: a three-dimensional homogeneous entity composed of
a dominant lithologic type or a consistent combination of several types. Both initiatives highlighted a
central problem: semantic inconsistency, in which identical units were given different names, or distinct
units were referred to with the same term.

Addressing such inconsistencies is especially important today, given that nonlithological approaches
to defining stratigraphy have become increasingly prominent. Incorporating new types of SUs into
existing interpretive frameworks without terminological standardization risks conflating methodolog-
ical tools with interpretive outcomes. Establishing consistent baseline vocabulary would not only align
Paleolithic archaeology with calls for greater standardization in geoarchaeology (Stein and Holliday
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2020) but would also mirror successful efforts in other disciplines. Controlled vocabularies in ecology,
linguistics, and the biomedical sciences, for example, have been crucial for ensuring interoperability and
cumulative research (e.g., American Psychological Association 2001; Ashburner et al. 2000; Farrar and
Langendoen 2003). Despite recognition of this need, a standard practice for defining and naming SUs
in Paleolithic archaeology has yet to be implemented.

Terminological Instability in Archaeological Contexts: A Case for NLP Integration
The persistent problem of vague and inconsistent terminology in archaeology requires systematic anal-
ysis across a wide range of subfields and research traditions. Conducting such a review manually would
be prohibitively time consuming, given the breadth of the archaeological corpus. Natural language pro-
cessing (NLP) is a field concerned with the computational analysis of human language. Drawing on
linguistics, computer science, and artificial intelligence, it enables large-scale analysis of terminology
across diverse publications (Devlin et al. 2019; Martín-Rodilla 2023).

Large language models (LLMs) such as BERT (Bidirectional Encoder Representations from
Transformers) or GPT (Generative Pre-Trained Transformer) are well-established tools that encode lan-
guage and represent it as measurable vectors (Brown et al. 2020; Devlin et al. 2019; Mikolov et al. 2013).
Although generative models have recently become integral to producing scientific text, other capabili-
ties of NLP (e.g., semantic similarity detection, clustering, terminology mapping) remain underutilized
in archaeology (see Brandsen 2023; Martín-Rodilla 2023).

Because data mining and NLP can rapidly process vast corpora, detecting language patterns, sen-
timent, or named entities, they are increasingly applied in the social sciences (Franzosi et al. 2022;
Macanovic 2022). Recent studies have used LLMs to investigate gender and ethnic stereotypes (Garg
et al. 2018), cultural markers of class (Kozlowski et al. 2019), and representations of intangible cultural
heritage (Ning and Chen 2023). In archaeology, ArchaeoBERT has demonstrated promise, demonstrat-
ing effectiveness in tasks such as named entity recognition (NER) and fill-mask completion. This model
was fine-tuned on archaeological texts in English, Dutch, and German (Brandsen 2024; Brandsen et al.
2022).

Our analysis focuses on the classification of predefined terms related to archaeological context. Each
term was observed within a defined window of neighboring words, converted into a high-dimensional
vector, and then visualized using dimensionality reduction techniques such as t-SNE (Van der Maaten
and Hinton 2008), Uniform Manifold Approximation and Projection (UMAP; McInnes et al. 2020),
and principal component analysis (PCA). By systematically mining archaeological literature in this way,
NLP can help standardize terminology, highlight inconsistencies, and generate tangible representations
of implied or assumed meanings.

Materials and Methods
Data Mining and Preprocessing
To compile a dataset suitable for semantic analysis of archaeological texts, we implemented a Python
workflow that automated data collection, cleaning, and formatting of publications for NLP. We used the
Scholarly Python library to interact programmatically with Google Scholar, creating an Excel database
that allowed for systematic screening of the queried articles. Because bulk downloading of articles
can lead to IP address bans from Google Scholar, each article was manually downloaded using the
URLs provided in the metadata. Although time consuming, this approach preserved the integrity
of the data collection process and allowed for further control and screening of the sampled arti-
cles. The data collection was performed in July 2024, which defines the temporal boundary of the
dataset.

Using the search string “paleolithic+occupation,” we retrieved 960 records from Google Scholar.
Because query-based searches introduce topical bias, this focus was deliberate: the aim was to examine
terminology in occupation-related Paleolithic contexts. For each record, we documented author, year,
title, and URL. Study selection followed PRISMA-style reporting principles (Page et al. 2021; Figure 1).
Records were screened by title and abstract, and subsequently, by full text. Articles were included if
they were peer-reviewed and addressed Paleolithic archaeology. No temporal restrictions were applied
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Figure 1. PRISMA-style flowchart outlining the corpus selection and screening process. Adapted from the PRISMA 2020 flow
diagram (Page et al. 2021).

so as to capture long-term patterns of terminological usage. Purely geological or nonarchaeological
publications were excluded. Although the search query centered on “occupation,” eligibility remained
broad within Paleolithic research (including site reports, syntheses, and methodological studies) to
capture varied uses of stratigraphic terminology.

The collected articles were processed according to a workflow adapted from Hickman et alia (2022)
and Brandsen (2023) for extracting text from scientific articles (Table 2).The library PyMuPDFwas used
to extract the text from articles and prepare it for further processing. As an initial step, the first page and
references were removed. Stopwords and words shorter than three characters were removed, and the
remaining words were tokenized—that is, transformed into individual units using the Natural Language
Toolkit (NLTK) library (Bird et al. 2009). Each token was then lemmatized (e.g., “running” to “run”).We
established the LBFCdataset (lithic, bone, flake, charcoal) under the assumption that these four terms are
semantically distinct material-related terms. Although “flake” and “lithic” are related terms, including
them was done intentionally to test whether the NLP pipeline can detect more nuanced distinctions
within closely related terminology. For the main analysis, we generated the OLLH dataset (occupation,
layer, level, horizon), based on the terms identified above as central to defining archaeological context.

NLP and Semantic Analysis
Our analysis is based on SciBERT, a version of BERT trained on a large corpus of open-access scientific
articles (Beltagy et al. 2019). We opted not to use ArchaeoBERT (Brandsen 2024) given its preprint
status and the unavailability of the fine-tuning corpus, which constrains reproducibility. SciBERT is
limited to sequences of up to 512 tokens, constraining the analysis of scientific texts to abstracts (Danilov
et al. 2021). To mitigate this, we set up smaller windows of tokens containing the LBFC and OLLH
terms, testing the model on 10, 20, 30, and 40 token windows. The embeddings of all tokens in that
window from the model’s final hidden layer were averaged to produce a single 768-dimensional vector
per occurrence. We also tested windows of 10, 20, 30, and 40 tokens for each term, observing similar
patterns across settings (Supplementary Figures 1 and 2). The chosen range aligns with prior findings
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Table 2. Workflow for Text Extraction, Semantic Analysis, and Visualization of the Results.

Action Example Resources Used

1. Access an article: Sample text from Discamps et al. 2023: Google Scholar
• Create database “definition of the most precise stratigraphic layers possible during fieldwork, usable criteria are

obviously limited to what can be observed in situ in the excavation window. In practice, the
recovered archaeological material assigned to these field layers is subsequently grouped into
‘assemblages,’ which are then stored in museums following these units (i.e., they contain
homogeneous material), to reflect distinct occupation phase”

Scholarly
• Download articles PyMuPDF
• Remove first page Regex
• Remove references

2. Process: Article = [“definition,” “precise,” “stratigraphic,” “layer,” “fieldwork,” “usable,” “criterion,”
“obviously,” “limit,” “observe,” “situ,” “excavation,” “window,” “practice,” “recover,”
“archaeological,” “material,” “assign,” “field,” “layer,” “subsequently,” “group,” “assemblage,”
“store,” “museum,” “follow,” “unit,” “reflect,” “occupation,” “phase”]

Natural Language
Toolkit (NLTK)• Lowercase

• Stopword removal Regex
• Citation removal
• Lemmatization

3. Query: Layer = [“limit,” “observe,” “situ,” “excavation,” “window,” “practice,” “recover,” “archaeological,”
“material,” “assign,” “field,” “layer,” “subsequently,” “group,” “assemblage,” “store,” “museum,”
“follow,” “unit,” “reflect,” “occupation,” “phase”]

Transformers• Locate terms
• Tokenize terms (within a 20-word window)

4. SciBERT: Layer = [0.51, 0.12, −0.34, 0.29, 0.04, 0.18, −0.22, 0.06, 0.45, −0.18, 0.22, 0.37, −0.09, 0.13, −0.12, 0.09,
0.67, 0.31, −0.41, 0.58, 0.22, 0.25, . . . , −0.25, 0.27, −0.12, 0.15, −0.08, 0.04, 0.28 −0.16, 0.23, 0.42,
−0.07, 0.10, −0.15, 0.07, 0.56, 0.07, −0.18, 0.31, 0.11, 0.20, −0.19, 0.05]

Transformers
• Vectorize the window PyTorch
• Each term represented by a

768-dimension vector

5. Data analysis and visualization: Matplotlib
scikit-learn• Venn diagram

• UMAP
• Silhouette score
• k -NN
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Figure 2. Results of data mining. A total of 14,175 individual terms were extracted from 405 scientific articles: (a) the test -LBFC
group, (b) terms used for semantic analysis -OLLH group, (c) Venn diagram of the co-occurrence of the key contextual terms
across individual articles (note that the term “occupation” is not included). Figure prepared by Jovan Galfi.

that context windows between 10 and 50 tokens yield the best clustering performance, balancing local
term meaning and overall sentence semantics (Subakti et al. 2022).

The distribution of the semantic patterns of different terms was displayed using Uniform Manifold
Approximation and Projection (UMAP). It is a widely used dimensionality-reduction technique given
that it balances scalability to large datasets with relatively low computational cost (McInnes et al. 2020).
It preserves relationships from high-dimensional space by identifying the nearest neighbors and main-
taining them in reduced space, managed by two parameters: predetermined number of neighboring
points and minimum distance allowed between the points. The minimum distance is defined as a
proportion of the normalized distance scale established by UMAP, and we used the recommended
value of 0.1, which best preserves both local and global relationships (McInnes et al. 2020). To eval-
uate robustness, we tested neighborhood sizes of 15, 30, 50, and 75, capturing both fine-grained local
structure (lower values) and broader global patterns (higher values). To test the quality of the UMAP
clusters, we have relied on silhouette score (Cunningham and Delany 2022; Rousseeuw 1987), proven
reliable in testing whether the structures created by UMAP reflect meaningful patterns or artifacts of
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dimensionality reduction (Dalmia and Sia 2021; Saha 2023). K-Nearest Neighbor (k-NN) evaluation
used stratified 10-fold cross-validation (Kohavi 1995) implemented with scikit-learn (StratifiedKFold),
with KNeighborsClassifier (k = 5, cosine) and metrics reported as per-term F1, Macro-F1 (mean ±
s.d.) and overall Accuracy (Pedregosa et al. 2011); permutation p-values followed a label-permutation
procedure (Ojala and Garriga 2010).

Results
Data Mining
The data collection process produced an initial set of 960 records from Google Scholar, which were
compiled into a structured datasheet to guide manual article retrieval. After accounting for access limi-
tations and relevance screening, the final dataset consisted of 405 articles. From these, a total of 14,175
individual term occurrences were extracted, divided between the LBFC group (“lithic,” “bone,” “flake,”
“charcoal”) with 6,429 terms and the OLLH group (“occupation,” “layer,” “level,” “horizon”) with 7,746
terms (Figure 2).

Among these, “lithic” is the most frequent (n = 2,980), followed by “layer” (n = 2,540), “level” (n =
2,389), “occupation” (n= 2,205), “bone” (n= 1,923), “flake” (n= 801), “charcoal” (n= 725), and “horizon”
(n = 612; Figure 2a–b). Visualizing co-occurrence revealed how often these terms appear within the
same article (Figure 2c). Although this does not necessarily mean that they are used interchangeably, it
indicates the frequency with which they are invoked together. Of particular note, 188 articles (46.5%)
include three of the terms (“layer,” “level,” and “horizon”). A further 140 (33.6%) contained both “layer”
and “level,” which are used together in 328 (81%) articles.The term “occupation” was not visualized with
the Venn diagram given that all of the articles contain it.

The Venn diagram highlights how rarely these terms appear in isolation: only 36 articles (8.8%)
employed them individually (Figure 2c). Although it is the least frequent term overall (4.3%), “horizon”
still appeared in more than half of the articles (n = 215), suggesting a distinct pattern of use compared
to the other terms.

NLP and UMAP Analysis
The results of our analysis display two distinct patterns between the LBFC and OLLH datasets. The two
datasets are shown to be distinct in both UMAP (Figure 4, Supplementary Figure 1), as well as k-NN,
which displays high separability between datasets, with an accuracy of 0.945 ± 0.006 and a macro-F1 of
0.945 ± 0.006 (Figure 4).

LBFC Dataset
Testing the NLP pipeline on the LBFC dataset demonstrated the expected outcome: clear semantic sepa-
ration among terms. Across all n_neighbors settings, the clusters remained stable in structure, with only
their positions shifting (Figure 4a, c, e, g). Contextualized embedding clusters for “lithic,” “flake,” and
“charcoal” remain proximate (Figure 4a), but their separation remains stable with increasing n_neigh-
bors. Contextualized embeddings were consistently distinct across all settings, forming a well-defined
cluster throughout.The silhouette scores remain between 0.48 and 0.49, showingmoderate butmeaning-
ful separation of terms. This is confirmed by k-NN, displaying a very high accuracy (Figure 3; Accuracy
= 0.952 ± 0.009; M-F1 = 0.937 ± 0.012)

Lithic contextualized embeddings produced two separate clusters, which become more distant with
the increase of n_neighbors (Figure 4a, c, e, g). Clusters of “lithic,” “flake,” and “charcoal” remain prox-
imate while maintaining separation. They start to diffuse as the n_neighbors value increases, implying
that their separation is stronger at amore global scale.The rest of the term embeddings remain separated
and stable throughout different n_neighbors values.

Although the clusters remained stable overall, limited intermixing was observed, such as small
numbers of “bone” and “charcoal” contextualized embeddings appearing within the larger lithic
cluster. This behavior is consistent with the design of the embeddings, which capture semantic con-
text rather than strict lexical similarity, and it reflects the heterogeneous character of the source
literature.
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Figure 3. Cross-validated k-NN results.

OLLH Dataset
In contrast, the OLLH dataset produced a markedly different pattern. Unlike the LBFC dataset, the
embeddings for “occupation,” “layer,” “level,” and “horizon” failed to form distinct clusters, instead
appearing widely dispersed with significant overlap (Figure 4b, d, f, h), with the layer cluster in particu-
lar collapsing into the other embeddings. Across all n_neighbors values, the results displayed extensive
intermixing with no stable separation of terms, reflected in a much lower silhouette score (0.06–0.08).
Although there are smaller separate clusters present, they are made up of intermixed contextualized
terms. Although the value for the k-NN test remains fairly high (Accuracy 0.876 ± 0.011; Macro-F1
0.855 ± 0.008; p = 0.005), their UMAP overlap is too extensive. The clusters maintain the same inter-
mixed structure throughout, showing that the intermixed structure of theOLLH embeddings is inherent
and independent of projection settings.

Summary
Comparing the two datasets highlights a sharp contrast: whereas LBFC embeddings reveal stable and
distinct clusters, OLLH embeddings show extensive overlap, suggesting that these terms are often used
interchangeably in archaeological literature. Although the results of k-NN display high accuracy for the
OLLHdataset (Figure 3), it is still lower relative to the LBFCdataset.This high accuracy is not reflected in
the UMAP projections, which maintain low silhouette scores and show extensive overlap. This apparent
contrast reflects the difference between local and global structure in the data: the k-NNclassifier captures
local distinctions in high-dimensional space, whereas the low silhouette scores and UMAP projections
indicate that these distinctions do not translate into well-separated clusters at a global level.

This interpretation is reinforced by the co-occurrence data, which shows that terms in the OLLH
dataset are rarely employed independently. The absence of terminological structure in the embeddings
therefore directly mirrors the semantic ambiguity documented in Section 1, underscoring the need for
clearer definitions and standardization in the use of contextual terminology.

Discussion
The results of this study demonstrate both the potential and the limitations of applying NLP to archaeo-
logical terminology. Using SciBERT within a structured workflow, we were able to establish a replicable



Advances in Archaeological Practice 11

Figure 4. UMAP structure across different neighborhood sizes.
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framework for analyzing scientific texts and their use of contextual terms. The LBFC dataset performed
as expected: embeddings separate into stable clusters across neighborhood values, with additional
nuance captured in the bifurcation of “lithic” embedding. In contrast, theOLLHdataset revealed seman-
tic instability, with overlapping embeddings reflecting that they are applied in closely related contexts.
These resultsmirror the interpretative challenges outlined above,where inconsistent terminology under-
mines the capacity to establish clear archaeological contexts. It is important to note that semantic overlap
in embedding space does not by itself demonstrate interchangeability. Terms such as “layer” and “occu-
pation” frequently co-occur in hierarchical constructions (e.g., “the occupation identified in level B”)
in which they operate at different analytical scales rather than as synonyms, and our approach can-
not distinguish such structured co-occurrence from genuinely synonymous usage. Our interpretation
of the OLLH collapse as terminological instability therefore rests not on the embeddings alone but on
their convergence with the qualitative evidence discussed at the beginning of the article, where the same
terms are demonstrably applied to units established through different criteria.

Importantly, our results provide quantitative evidence of semantic instability in archaeological
terminology.Whereas earlier critiques (e.g., Schiffer 1987; Shott 1998) highlighted these problems qual-
itatively, the NLP-based analysis empirically demonstrates the scale of overlap among terms such as
“layer,” “level,” “occupation,” and “horizon.”This strengthens the argument that terminological ambiguity
is not anecdotal but systemic, and it can now be visualized and measured.

The persistence of synonymy and polysemy in archaeological discourse is particularly evident in the
UMAP projections (Figure 4). Proximity and cluster overlap are consistent with synonymy, whereas pol-
ysemy is suggested by dispersed points. This reflects a broader disciplinary pattern: stratigraphic units
are often described in everyday language, relying on assumed meanings rather than explicit definitions.
Such ambiguitymay have beenmanageable when context was defined primarily by geological principles,
but with the advent of nongeological approaches to stratigraphic units, the risks of conflation are higher.
Terminology must therefore remain purposeful, both in local excavation contexts and in comparative,
cross-site analyses. When unit vocabulary is unstable, the consequences are concrete: cross-site corre-
lations may equate units that are not analytically equivalent; behavioral attributions may rest on units
that cannot support them, as at Shukbah, where a species–technology association stands or falls on what
“layer” designates; and aggregation platforms inherit incommensurable units, undermining the compar-
ative queries they exist to enable. Terminological instability is therefore systemic rather than anecdotal,
with direct consequences for how contexts are defined, compared, and interpreted.

This concern connects to long-standing theoretical debates. Concepts such as time-averaging,
palimpsests, and formation processes (Bailey 2007; Binford 1981; Lucas 2012; Schiffer 1972, 1987) have
long framed archaeological interpretation, and the coarse temporal resolution of the record itself con-
strains the inferences that analytical units can support (Perreault 2019). However, archaeology has been
slow to fully integrate its own material datasets into stratigraphic reasoning.

For much of its history, Paleolithic archaeology has relied on geoarchaeology as the primary media-
tor of context (Shahack-Gross 2017). Stratigraphy has been the backbone of cultural succession models
since the inception of the field, with cultures defined as fossil-like entities aligned to geological layers.
The introduction of PES approaches, however, means that stratigraphic units are no longer restricted to
lithological criteria; they aremultidimensional entities constructed from spatial, typological, and tapho-
nomic information. While promising, this transition carries risks: without theoretical integration, PES
can collapse into self-reinforcing interpretive loops, where behavioral inferences are used to justify the
very contexts from which behaviors are inferred (Discamps et al. 2023; Mielgo et al. 2024; Sossa-Ríos
et al. 2024). If Paleolithic archaeology is to strengthen its claim to scientific rigor, such inconsisten-
cies must be addressed (Marwick 2025). The central issue is not whether PES and similar approaches
should be adopted—they clearly expand the methodological repertoire—but whether they should be
described using the same terminological vocabulary as lithostratigraphic units. To do so risks conflating
methodological procedures with interpretive outcomes. Establishing clear terminological boundaries is
therefore essential to avoid undermining interpretability and comparability across sites. In this sense, our
results provide quantitative support for concerns that archaeological theory has articulated qualitatively
for decades (Bailey 2007; Lucas 2012; Malinsky-Buller et al. 2011; Vaquero 2008).



Advances in Archaeological Practice 13

Addressing the underlying challenges requires action that spans several tiers of archaeological knowl-
edge production. Even if small, operational differences among individual researchers are persistent
(Pargeter et al. 2023) and must be considered when proposing terminological unity. For this reason,
it would be too optimistic to ask for terminological consistency at an individual level, given that defini-
tions exist (Table 1). In our opinion, there is a greater need for transparency in reporting the excavation
and post-excavation methods of defining SUs (e.g., Diez-Martín et al. 2023). Our proposal is to make
the operational definition of contextual and stratigraphic units a peer-reviewed research output in its
own right (e.g., Discamps et al. 2023). By doing so, the archaeological community can move toward
a more coordinated framework in which researchers, reviewers, and editors collectively evaluate and
refine replicable operational standards.

Finally, the need for standardization extends beyond individual excavations. Large-scale databases
such as ROCEEH (https://hadw-bw.de/en/research/research-center/roceeh/digital-resources) and
PaleoCore (paleocore.org) are building integrative platforms for archaeological data. However, their
potential for cross-site comparison and cumulative knowledge building depends on consistent defini-
tions of stratigraphic units. As the core of archaeological interpretation, contexts must be integrated
into these infrastructures through interoperable vocabularies. Existing semantic infrastructures provide
a natural foundation for this effort: formal ontologies such as the CIDOC Conceptual Reference Model,
multilingual archaeological thesauri such as PACTOLS, and Linked Open Data initiatives already offer
community-maintained frameworks into which explicitly defined stratigraphic vocabularies could
be incorporated. Without such standardization, the promise of cumulative, comparative research in
Paleolithic archaeology will remain unfulfilled. Our study suggests that NLP can play a role in this
process, providing a replicable and transparent first step toward empirically grounded terminological
frameworks that align methodological innovation with theoretical clarity.

Conclusion
The issues raised in this study underscore that stratigraphic units in Paleolithic archaeology are often
treated as descriptive entities, their names functioning primarily as nominal markers that distinguish
one unit from another in sequence. However, the rise of computational and spatial recording meth-
ods now enables us to conceive of archaeological sequences as multidimensional datasets—point clouds
that can be interrogated through multiple variables. This shift challenges the traditional view of con-
text as a static framework. Instead, the boundaries between geology, taphonomy, and human behavior
increasingly blur, with each becoming one among many proxies used to define context.

Our results show that even when definitions exist, they are rarely applied consistently. Terms such as
“layer,” “level,” “occupation,” and “horizon” are frequently used interchangeably, with direct implications
for interpretive outcomes. Inconsistent terminology is not a trivial matter: it risks producing different
narratives from the same dataset. Although NLP provides a powerful means of detecting such incon-
sistencies, its role is diagnostic rather than interpretive. Models such as SciBERT allow us to map broad
patterns of usage, but their insights must always be contextualized through close reading and critical
engagement with archaeological questions.

Limitations also remain. SciBERT is trained on existing scientific literature and may reproduce
disciplinary biases embedded in that corpus. For archaeology, a field characterized by regional tradi-
tions and varied theoretical frameworks, this is a significant constraint. Developing domain-specific
models trained on archaeological texts could address this in the future, though such an effort
would need to account for linguistic diversity, disciplinary background, and the prevalence of non-
native English writing. The resources required for training may also outweigh the marginal gains in
accuracy.

Moving forward, we suggest two paths. First, at the practical level, archaeologists should strive
for consistency within individual publications by avoiding the use of multiple, overlapping terms for
the same stratigraphic unit. Second, at the theoretical level, the field must confront the unexamined
assumptions that have underpinned stratigraphy-related terminology since its inception. The problem
is not only linguistic but epistemological. Terminology reflects theoretical commitments, and outdated
or unchallenged frameworks continue to shape how we construct and interpret context. Addressing

https://hadw-bw.de/en/research/research-center/roceeh/digital-resources
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these issues is essential if Paleolithic archaeology is to build cumulative, comparable knowledge while
embracing the opportunities of new computational methods.
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