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Abstract
Archaeological sampling is a critical yet inconsistently applied aspect of field methodology. Poorly designed
strategies produce biased or irreproducible results, especially when recovery is labor-intensive and research
expectations are high. This article addresses that challenge through the lens of spatial microrefuse analysis,
using simulation modeling to evaluate current practices and improve sampling design, training, and planning.
A review of 27 published microrefuse studies reveals wide variation in sampling strategies, unit sizes, and vol-
umes, with little evidence of statistical justification. To explore the consequences of this variation, I introduce
the Archaeological Sampling Experiment Laboratory (tASEL), an open-source simulation tool developed in
NetLogo and archived in the CoMSES model library. tASEL allows archaeologists to construct artifact distri-
butions and test random, systematic, or hybrid sampling frames with immediate visual and statistical feedback.
I used tASEL to conduct 22,000 virtual sampling experiments across two artifact distributions: a diffuse ran-
dom scatter and a highly clustered pattern. Results show that sampling performance varies significantly by
distribution, sample size, and frame design. Random strategies produced the highest accuracy and lowest bias.
I conclude by demonstrating how tASEL can be used in classroom and field contexts to improve sampling
literacy and support more robust archaeological practice.

Resumen
El muestreo arqueológico es un aspecto fundamental, aunque aplicado de manera inconsistente, de la
metodología de campo. Las estrategias mal diseñadas producen resultados sesgados o irreproducibles, espe-
cialmente cuando la recuperación es laboriosa y las expectativas de investigación son altas. Este artículo aborda
este problema desde la perspectiva del análisis espacial de microdesechos, utilizando modelos de simulación
para evaluar las prácticas actuales ymejorar el diseño, la formación y la planificacióndelmuestreo.Una revisión
de 27 estudios publicados sobre microdesechos revela una gran variación en las estrategias de muestreo, los
tamaños de las unidades y los volúmenes, con escasa evidencia de fundamentación estadística. Para explo-
rar las consecuencias de esta variación, presento el Archaeological Sampling Experiment Laboratory (tASEL),
una herramienta de simulación de código abierto desarrollada en NetLogo y archivada en la biblioteca de
modelos CoMSES. tASEL permite a los arqueólogos construir distribuciones de artefactos y probar marcos
de muestreo aleatorios, sistemáticos o híbridos con retroalimentación visual y estadística inmediata. Utilicé
tASEL para realizar 22 000 experimentos virtuales de muestreo sobre dos distribuciones de artefactos: una
dispersión aleatoria difusa y un patrón fuertemente agrupado. Los resultados muestran que el rendimiento del
muestreo varía de forma significativa según la distribución, el tamaño de la muestra y el diseño del marco. Las
estrategias aleatorias produjeron la mayor exactitud y el menor sesgo. Concluyo demostrando cómo tASEL
puede emplearse en contextos de aula y de campo para mejorar la alfabetización en muestreo y apoyar una
práctica arqueológica más robusta.
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Archaeological sampling decisions shape not only what we recover from the ground but also what we
can confidently infer about past behavior. Yet despite its importance, sampling remains one of the most
inconsistently practiced components of archaeological fieldwork (Banning 2021). It is often treated as
a matter of habit, logistics, or convention rather than as an integral part of deliberate research design
and evaluation. This has serious implications across archaeological contexts, but it is particularly conse-
quential in applications like spatial microrefuse analysis, in which labor-intensive recovery and analysis
amplify the costs (both monetary and analytical) of poor sampling decisions.

Microrefuse analysis offers archaeologists a high-resolution means of studying long-term patterns
in domestic space use through the material residues of daily life. These microremains are often more
stable than larger artifacts in the face of cultural and natural disturbances and are typically abundant
enough to support statistically meaningful interpretation (Dunnell and Stein 1989). Yet this potential
comes at a cost: the labor involved in collecting, processing, and analyzingmicrorefuse remains substan-
tial. Although recent innovations, such as automated sorting (Eberl et al. 2022) and distributed counting
systems (Ullah et al. 2015), have improved postexcavation efficiency, the front-end problem of sampling
design has received far less attention. This has perpetuated stereotypes that microrefuse analysis is too
laborious.

This article addresses that gap by asking two important questions: (1) What are the most common
ways that archaeologists sample for spatial microrefuse analysis? (2) How effective are these common
microrefuse sampling strategies? To answer the first question, I review 27 published spatial microrefuse
studies to determine trends in how archaeologists sample for this material. To answer the second ques-
tion, I created the Archaeological Sampling Experiment Laboratory (tASEL) and use it to conduct a
series of simulation experiments about current sampling methods. Simulation approaches, such as that
provided by tASEL, enable users to iteratively evaluate different sampling strategies against realistic
artifact distributions and to visualize the statistical consequences of their choices. Finally, I bring the lit-
erature review and simulation experiments together to examine how simulation modeling can improve
both planning and pedagogy related to sampling in our discipline. Although the focus here is on spatial
microrefuse analysis, the problems revealed by these analyses are broadly relevant to most aspects of
archaeological sampling—as are the tools and techniques that I suggest can fix them. The goal is not
only to support smarter sampling for microrefuse analysis but also to offer a practical framework for
improving archaeological sampling literacy more generally.

How Are Microartifacts Sampled by Archaeologists?
Despite decades of research, no standardized field or laboratory methodology exists for microrefuse
sampling. This lack of consistency undermines both the interpretive quality and comparability of analy-
ses,making it difficult to identify spatial patterns or confidently reconstruct past behavior. To understand
how archaeologists have been sampling for microrefuse, I compiled and reviewed a corpus of 27 pub-
lished microrefuse studies conducted between 1982 and 2025, examining trends in unit size, sample
volume, sampling strategy, and reporting (Tables 1–4). I created the sample set of studies using an
advanced keyword search in Google Scholar with the search string “microrefuse OR micro-refuse OR
microartifact OR microartifacts OR micro-artifact OR micro-artifacts OR microdebris OR micro-debris
AND archaeology”; it enabled me to retrieve peer-reviewed journal articles, edited volume chapters, dis-
sertations, and theses matching the search terms sorted by date. I assessed each item for initial relevance
by reviewing its abstract, keeping those with a clear focus on spatial microrefuse sampling. The full text
of these items was accessed via online electronic copies or hard copies in my university library, or they
were retrieved by interlibrary loan. Less than five of the potentially relevant items could not be retrieved
andwere therefore excluded. Items not published in English or in sources not indexed byGoogle Scholar
may also have been missed. I reviewed the full text of each document, including those that reported at
least one of the relevant sampling dimensions—sample unit type, sampling strategy type, sample unit
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Table 1. Summary of Sampling Methods Reported in 27 Published Microrefuse Studies, 1982–2025.

Study Sampling Units

Converted
Average Sample
Patch Area (cm2)

Reported
Sample Sizes

Converted
Average Sample
Volume (mL) Sampling Coverage

# of
Samples
Processed

Fladmark 1982 10 cm squares 100 1 L 1,000 Systematic (center of 1 × 1 m units) 47

Hull 1987 Center of irregular
excavation units

Unknown 0.23 g 0.23 Systematic (center of excavation units) 94

Vance 1987 Unknown Unknown 50 g 50 Judgmental (“spread throughout the longhouse”) 24

Rosen 1989 20 cm squares 400 500−1,000 g 750 Judgmental 16

Metcalfe and Heath 1990 50 cm grid 2,500 1−3 L 2,000 Systematic (SE corner of 1 × 1 m units) and
Judgmental (hearths, middens)

42

Simms and Heath 1990 50 cm squares 2,500 1 L 10,000 Judgmental (hearths, middens) and pseudorandom 19

Healan 1995 Irregular 1 L 10,000 Judgmental (any feature of interest) 59

Sherwood et al. 1995 76 cm grid 5,776 600 g 600 Systematic (full grid coverage) 78

Rainville 2000 Appears to be point
samples

10 L 10,000 Judgmental (interior of structures) 365

Milne 2003 Pinch Unknown 2−3 g
(unclear)

2.50 Pseudorandom (“grab” samples in areas with
apparent high concentrations)

Unknown

Parker et al. 2009 50 cm squares 2,500 3.63 L
average

3,630 Judgmental (near architectural features) 87

Ullah 2009, 2012 50 cm grid 2,500 1−3 L 2,500 Systematic (full grid coverage) 35

Burkes 2014 Portion of bagged screen-
ings from excavation units
(2 × 2 m, 1 × 2 m, or 2 × 4 m)

40.000 24−539 g 281.50 Judgmental (only specific units were selected for
microrefuse analysis)

57

Ullah et al. 2015 Pinch (∼5 cm radius) 78.54 100−200 mL 150 Systematic (points on 15 cm triangular lattice) 19

Homsey-Messer and Humkey
2016

50 cm grid 2,500 3 L 3,000 Systematic (full grid coverage) 56

Parker and Sharratt 2017 25 cm squares 625 0.8−1.5 L 1,150 Systematic (SE corner of 1 × 1 m units) 59

Cereda and Romano 2018 50 cm grid 2,500 5 L average 5,000 Systematic (checkerboard) and Judgmental (full
coverage near architectural features)

33

Parker et al. 2018 50 cm squares 2,500 1.5−2.85 L 2,175 Judgmental 9

(Continued)
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Table 1. Summary of Sampling Methods Reported in 27 Published Microrefuse Studies, 1982–2025. (Continued.)

Study Sampling Units

Converted
Average Sample
Patch Area (cm2)

Reported
Sample Sizes

Converted
Average Sample
Volume (mL) Sampling Coverage

# of
Samples
Processed

Zadeh 2018 50 cm grid 2,500 1−3 L 1,500 Systematic (checkerboard) and Judgmental (full
coverage near architectural features)

40

Antolín et al. 2021 Unknown Unknown 10 L 10,000 Systematic (system unclear) 19

Brown et al. 2021 Point samples Unknown 10 L 10,000 Judgmental (from any areas of features of interest)
and systematic (one bucket of sediment taken from
1 × 1 m units)

27

Johnson et al. 2021 Pinch (posthole digger, 5
inch blade)

506.71 50 g 50 Systematic (points on 2 m square lattice) 50

Cereda et al. 2023 Unknown 2−20 L (9.95
L average)

9,952 Not reported, but micromorphology samples were
taken using a judgmental strategy, and so likely for
microrefuse as well

21

Franklin 2023 50 cm grid 2,500 12,500 cm3 12,500 Systematic 92

Harris 2023 50 cm grid 2,500 1 L 1,000 Systematic (full area or checkerboard), pseudoran-
dom (one random grid square)

102

Reid et al. 2023 50 cm grid 2,500 200 mL 200 Systematic 202

Gruškovnjak et al. 2025 50 cm grid 2,500 1 L (but only
half used for
microrefuse)

500 Systematic (grids covering full interior areas) 79

Mean 40,78.22 2,629.30 66.58

Median 2,500 1,000 48.50

Standard deviation 8,797.66 3 619 73.02

Notes: Included are details on the size and shape of sampling units, sediment volumes collected, sampling coverage strategies, and the total number of processed samples. When more than one publication referred to the
same analysis, I considered these to be the same study and used the earliest publication as the reference in the table.
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Table 2. Summary of Sample Gathering Methods Used in the 27 Reviewed Microrefuse Studies.

Sampling Method Count

Square grid 10

Squares 7

Pinch/point 5

Irregular grid 2

Unknown / not reported 3

Table 3. Summary of Sampling Strategies Reported in the 27 Reviewed Microrefuse Studies.

Sampling Strategy Count

Systematic 17

Judgmental 12

More than one method 4

Pseudorandom 3

Random 0

Note:Methods were counted for each occurrence, even if another method was used in the same study. The number of studies that usedmore than
one method is reported as a separate line in the table.

Table 4. Model Entities and Their State Variables in tASEL.

Entity State Variables

Artifact agents Spatial location on grid

Survey patches Spatial location on grid, num_arts (number of artifacts present), sampled status (sampled or
unsampled), artifact density category (negative, low-density positive, high-density positive)

Global variables artifact_count (total number of artifacts recovered in sampled patches)
sample_size (number of sampled patches)
positives (sampled patches containing≥1 artifact)
negatives (sampled patches containing no artifacts)
percentage_found (% of total artifacts recovered)
percentage_positive (positivity rate of samples)
extrapolated_count (estimated total artifacts based on sampled data)
dif (difference between true and extrapolated artifact counts)
num_patches (total patches in the simulation)
tot_artifacts (true total number of artifact agents)
gridx and gridy (dimensions of systematic survey grid)
num_dense_patches (number of sampled patches above a set density threshold), mean_density
andmean_density_sd (true mean artifact density and its standard deviation)
calculated_density and calculated_density_sd (estimated mean artifact density from sample and its
standard deviation)
density_dif (difference between true and sampled artifact densities)

size, sampled volume, or number of samples—and recorded these values in a spreadsheet. When more
than one published document referred to the same research (same sample or analysis), I used the most
comprehensive or recent item as the main reference for that study.

I standardized the reported sample unit areas (cm2) and sediment volumes (mL) to enable direct
comparison in Table 1 and plotted the sample area, sample volume, and number of samples processed
in Figure 1A, 1B, and 1C, respectively. When sample sizes were reported in units of mass, I converted
these to volumetric measures using a soil density of 1g/mL. In these cases, total sample volume must
be considered approximate without direct knowledge of specific sediment densities. The distribution
of these three sampling measures is extremely right-skewed, indicating the presence of a few large
outliers such as Rainville’s (2000, 2005) study (Figure 1). Because the distribution is skewed, median
values are a more appropriate measure of central tendency than mean values, and the standard devia-
tions are inflated. The median sample unit area across these studies is 2,500 cm2, which can be seen on
a histogram illustrating sample unit areas (Figure 1A). This likely corresponds to the common use of
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50 × 50 cm squares. Sample volumes also exhibited high variability, with a median value of 1,000 mL,
with most studies using volumes of 2 L or less (Figure 1B). The median sample size is 48.5, although the
histogram of sample counts shows no strong modal pattern (Figure 1C). This indicates that the sample
count is the least standardized component of sampling practice across the different studies.

Most studies used either square sampling grids or discrete square sampling units; others employed
“pinch” samples (small-volume point samples) or irregularly shaped grids or sampling units, and some
did not report their sampling methods (Table 2). Systematic (units selected at regular spatial intervals)
and judgmental (units chosen based on expert assessment rather than probabilistic rules) sampling
strategies were most common, distantly followed by pseudorandom (units placed using an ordered or
partially randomized procedure that is not fully probabilistic) and mixed approaches (combinations of
systematic, pseudorandom, or judgmental elements; see Table 3). Notably, no study applied true random
sampling. This diversity reinforces the absence of shared methodological standards.

These patterns of sampling are consistent with the hypothesis that sampling strategies employed for
microrefuse analyses are not purpose-specific. One likely possibility is that microrefuse sampling strate-
gies tend to be inherited frombroader excavation practice, with limited adjustment to the distinct spatial
and volumetric characteristics of microartifacts. Sampling frames are commonly selected for logistical
ease over statistical rigor, and the number of samples processed seems to reflect available field and lab-
oratory labor, rather than any formal calculation of sampling sufficiency. These patterns echo Banning’s
(2021) broader critique of archaeological sampling, which has largely moved away from probability-
based approaches despite ongoing claims to representativeness. He notes that most archaeologists now
rely on judgmental or convenience-based sampling without accounting for potential biases or spatial
autocorrelation.The variability observed across microrefuse studies directly affects the reliability of spa-
tial interpretations. Even rigorously collected datasets risk yielding biased or misleading conclusions
when sample design is inconsistent or inadequately matched to the target distribution. This issue is
particularly problematic given the labor-intensive nature of microrefuse sorting.

The consequences of these ad hoc approaches are compounded when microrefuse analyses are
wrapped into wider interpretive frameworks such as “taskscapes” (Gruppuso and Whitehouse 2020;
Ingold 1993) or “habitus” (Arponen 2019; Bourdieu 1977). A taskscapes approach to microrefuse anal-
ysis aims to reconstruct spatially patterned domestic activity through microartifact distributions and
to nest these patterns within larger models of landscape use over time (Antolín et al. 2021). Using
microrefuse to understand habitus, in contrast, hinges on multitemporal analyses of microartifact dis-
tributions demonstrating habitual actions and how and when these change over long time spans (Ullah
et al. 2015). Achieving these or other wider or more theoretical goals with microrefuse data requires
more than just high-resolution recoverymethods; it also requires statistically grounded sampling strate-
gies capable of capturingmeaningful spatial structure. Banning (2021:55) identified training deficiencies
as a major roadblock to this goal, suggesting that archaeologists should “encourage students to think
critically about preventing their own preconceptions or vagaries of research from yielding biased char-
acterizations of sites, artifacts, or assemblages, or inferences of dubious validity.” Tools such as tASEL
offer a practical way forward by enabling archaeologists to simulate and refine their sampling strategies
in advance, addressing what Banning describes as both a conceptual and pedagogical gap in current
archaeological practice.

Overview of the tASEL Model
tASEL is an interactive spatial simulation model built in NetLogo (Wilensky 1999). A complete model
description follows the ODD (Overview, Design concepts, Details) protocol (Grimm et al. 2006, 2010,
2020) and is provided in the COMSES model library alongside the peer-reviewed model code (Ullah
2022). This section summarizes that documentation using the guidelines proposed by Grimm and
colleagues (2020).

The model’s core purpose is to promote “sampling literacy” by allowing archaeologists to visually
and statistically evaluate sampling strategies across a range of artifact distributions. It supports both
quick experimentation with different sampling frames and systematic testing under varied spatial sce-
narios. tASEL helps explore how sampling strategies affect artifact recovery, density estimation, and
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Figure 1. Summary of sampling methods from 27 published microrefuse studies (1982–2021), highlighting the variability and
inconsistency in sampling practices. Shown are (A) sample unit areas, (B) sediment volumes collected per sample, and (C) the
total number of samples processed.
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sampling efficiency, especially in labor-intensive contexts like microrefuse analysis. To ensure it is fit
for its purpose, it uses artifact distribution patterns (e.g., random, clustered, or mixed) commonly
observed in archaeological contexts, allowing density and spatial scale to be adjusted to match field
conditions.

The model includes artifact agents and survey patches as primary entities, with associated state vari-
ables summarized in Table 4. Global variables track model state across simulations. The model has no
fixed spatial resolution, allowing users to envision patches corresponding to common archaeological
sampling unit sizes (e.g., 1 × 1 m or 50 × 50 cm) and to set the NetLogo universe to any combination
of x and y dimensions. Likewise, there is no fixed temporal resolution; each simulation represents a
single sampling event or iteration series. The most important processes of the model include artifact
distribution setup, sampling frame construction, and sampling for artifact counts.

An important design concept of tASEL is that it operates in two distinct modes: manual, for
exploratory or instructional use, and iterative, for statistically robust experimentation. Other key design
concepts include stochasticity in artifact distribution and sampling selection, statistical summary out-
puts, and an emphasis on real-time visualization. The model’s intuitive interface makes it especially
effective in both classroom and planning contexts.

Simulations initialize with a blankNetLogo canvas patch-grid. tASEL requires no external input data,
relying solely on user-defined configurations, although these can be saved and imported.Users configure
artifact distributions and sampling strategies interactively. Individual distributions and sampling frames
are constructed with themanual interface, and experimental ranges are defined in the iterative interface.
Distributions and sampling frames (or ranges) can be saved and reused for consistency. Outputs from
tASEL simulations include summary statistics such as the positivity rate (number of sample patches
with at least one artifact), artifact density estimates, and extrapolated total artifact counts. These appear
graphically in the interface and are also exported in comma-delimited files.

Several tools have been developed to assist archaeological sampling design. DIDI/DICI (Tabrett and
Way 2020; Way and Tabrett 2018), DIGSS (Pestle et al. 2021), and SPACE (Banning et al. 2024) offer
statistically grounded methods for optimizing subsurface or pedestrian survey. DIDI/DICI was built in
NetLogo, making it structurally similar to tASEL, whereas DIGSS and SPACE use R and Shiny. tASEL
stands apart from these other tools in three ways: (1) tASEL’s user experience emphasizes interactive
visualization and ease of use, (2) tASEL’s source code is peer reviewed and preserved in the COMSES
repository, and (3) tASEL is designed for use in both educational settings and early-stage research
planning. These attributes make tASEL particularly well suited to bridging classroom training and real-
world application. To illustrate how tASEL supports this dual role, Figure 2 diagrams two common
workflows.

In teaching or training contexts (Figure 2A), instructors or learners configure distributions and sam-
pling scenarios using the manual interface. Users then explore sampling decisions and their effects on
recovery, accuracy, and bias, encouraging conceptual understanding of spatial sampling in “real time”
with intuitive visual and numerical feedback about sampling decisions. In applied contexts (Figure
2B), archaeologists use the iterative interface to model realistic distributions (ones similar to those
expected on site), to test sampling constraints, and to evaluate performance through repeated simu-
lations. Summary outputs guide the selection of strategies that balance statistical rigor with logistical
constraints. Because the “initiate,” “design,” and “simulate” phases are similar across both workflows,
tASEL can transition seamlessly between pedagogical and planning use.

Evaluating Grid-Based Sampling with tASEL
I created two simulated artifact distributions in tASEL to evaluate the performance of grid-based sam-
pling, whichwas commonly used by studies in the literature review, compared to a true random sampling
strategy that did not appear at all in the sample. Artifact distributions were designed to approximate two
typical archaeological conditions: (1) a uniformly random “background scatter” of artifacts and (2) a
highly clustered distribution of artifacts. Both distributions were created with 2,500 artifacts distributed
across a 50 × 50 grid of NetLogo patches (2,500 total patches), producing a total theoretical mean den-
sity of one artifact per patch within the sampling universe. The first distribution randomly distributed
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Figure 2. Workflows supported by tASEL: (A) teaching and training workflow using Manual mode. Students define artifact dis-
tributions and apply sampling strategies interactively, observing results visually and statistically to understand bias, recovery,
and estimation accuracy; (B) research and design workflow using Iterative mode. Practitioners define realistic artifact distribu-
tions and test candidate sampling strategies through automated batch simulations. Both workflows begin with shared stages
(Initiate, Design, Simulate), facilitating smooth transitions between instructional and field planning contexts.

artifacts across the full sampling universe. The second divided the artifacts into 10 discrete clusters of
250 artifacts each. Cluster centers were randomly placed within the sampling universe and then spatially
diffused using a random walk process to simulate overlapping activity areas.

Figures 3a and 3b show the resulting artifact and density patternswithin the sampling universe for the
clustered and randomdistributions, respectively. tASEL uses the square patches of the NetLogo universe
grid as sampling locations, and although the model is scale free, the average density of artifacts in these
simulated distributions aligns well with empirically defined microartifact densities from Late Neolithic
house floors in Jordan (Ullah 2009, 2012; Ullah et al. 2015).

To assess sampling performance, I iteratively applied variations of grid-based and random sampling
frames across both distributions using tASEL’s Iterative mode to create a set of eight sampling experi-
ments (Table 5). The first set of experiments (EXP-01, EXP-02, EXP-05, EXP-06) explored variation in
sample size, intensity, and spatial arrangement.These included fully random sampling (EXP-01, EXP-05)
and systematic grid sampling with variable spacing and offset (EXP-02, EXP-06), with coverage ranging
from 0.04% to 100% (1–2,500 patches). Each of these experiments was run for 10,000 iterations, with
sample size and locations (random or grid interval and offset) varied per run.

A second set of targeted experiments narrowed in on sampling designs at the ∼2% coverage level,
approximating real-world practice as commonly reported in the reviewed studies. These included 50-
patch random samples (EXP-04, EXP-08) and fixed 7 × 7 grids with variable origin offsets (EXP-03,
EXP-07). These experiments were conducted over 1,000 iterations, using the same artifact distributions
as described earlier. Each iteration either re-randomized a set of 50 sample patches or randomized a new
grid offset, enabling evaluation of spatial sensitivity to sampling locations at ∼2% coverage.

Sampling performance was evaluated through summary statistics generated by tASEL during each
iteration. These included the artifact recovery rate, positivity rate, and estimated artifact density, along
with differences between sampled and actual values. Density difference was computed as the sampled
density minus the true underlying density of the distribution, where density was defined as the pro-
portion of sampled patches containing artifacts. All outputs were exported for further analysis using
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Figure 3. Simulated artifact distributionswith different sampling scenarios illustrating the effects of sampling strategy and arti-
fact distribution onmicrorefuse recovery. The left column shows a clustered artifact distribution scenario, and the right column
shows a random artifact distribution scenario. Sampling scenarios depicted in each row are full (100%) sampling results (a, b),
systematic 7 × 7 grid-based sampling (c, d), and random sampling of 50 units (e, f). Artifacts are shown as black points, and sam-
pled units are representedby colored squares. Negative samples are shown in red andpositive samples are showngreenor cyan,
where green represents a sample with only one artifact present, and cyan represents a sample unit with two or more artifacts
present.

the Pandas and Seaborn statistical and plotting packages in Python. The experiment identifiers summa-
rized in Table 5 (EXP-01 through EXP-08) are used throughout the results section to refer to specific
configurations.
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Table 5. Experimental Design of Simulation Scenarios Conducted with tASEL.

Experiment ID
Artifact

Distribution
Sampling
Frame Type

Sample
Size Range Iterations Notes

EXP−01 Random Random 1−2,500 patches 10,000 Full sweep across n for
baseline accuracy

EXP−02 Random Systematic grid
(varied)

1−2,500 patches 10,000 Random grid spacing and
offsets

EXP−03 Random Fixed grid (7 × 7)
w/ offset

49−56 patches 1,000 Controlled for realistic
low-coverage use

EXP−04 Random Random (fixed n
= 50)

50 patches 1,000 Comparison to published
sample sizes

EXP−05 Clustered Random 1−2,500 patches 10,000 Clustered distribution
stress test

EXP−06 Clustered Systematic grid
(varied)

1−2.500 patches 10,000 Alignment sensitivity in
clustered space

EXP−07 Clustered Fixed grid (7 × 7)
w/ offset

49−56 patches 1,000 Controlled for realistic
low-coverage use

EXP−08 Clustered Random (fixed n
= 50)

50 patches 1,000 Comparison to published
sample sizes

Notes: The eight experiments (EXP-01 to EXP-08) compared four sampling strategies (random sampling units, systematic sampling units, random
selection of 50 units, and systematic 7 × 7 grids) across two different artifact distribution scenarios (random and clustered). Each scenario was
replicated either 10,000 or 1,000 times to assess the accuracy and precision of samplingmethods in recovering artifact density and spatial patterns.

Results
Figure 3 provides an example of how spatial sampling experiment results can be visualized in tASEL.
Complete (100%) sampling of clustered (3a) and random (3b) distributions provides a baseline. In a
one-off set of sampling frames, systematic 7 × 7 (2%) grid sampling (3c, 3d) captures clusters well but
produces spurious spatial patterns against a diffused backscatter. A one-off random 50-patch (2%) sam-
ple (3e, 3f) inconsistently captured some clusters but captured the uniformity of the randomdistribution
well.When these experiments were repeated iteratively, altering the spatial configuration of the sampling
frames at each iteration, a broader picture of sample frame quality emerged (Figure 4 and Figure 5).

For the diffuse random artifact distribution (EXP-01 to EXP-04), random sampling outperformed
systematic sampling. Both full-range (EXP-01) and fixed-n (EXP-04) random strategies yielded tight,
symmetric distributions centered around the true value (Figure 4A and 4C). In contrast, systematic
sampling showed more variation. Whereas EXP-02 (systematic full sweep) was broadly unbiased (μ =
–0.06), EXP-03 (7 × 7 grids) introduced consistent negative bias (μ = –0.29), reflecting sensitivity to
grid offset at low coverage (Figure 4B and 4D).

The clustered artifact distribution experiments (EXP-05 to EXP-08) produced different dynamics. All
four strategiesmaintained distributions centered near zero (μ = 0.00 to 0.03) but with varying degrees of
dispersion (Figure 5). Random strategies again performed best: EXP-05 and EXP-08 had lower variance
(σ = 0.08, 0.19) than systematic counterparts.The 7 × 7 grid-based sampling frame (EXP-07) performed
better than expected with this specific clustered artifact distribution (μ = 0.01, σ = 0.13), suggesting that
grid-based sampling can still performwell under certain scenarios if cluster size, orientation, and density
are sufficient and grid alignment is favorable.

When the number of sample patches was allowed to vary iteratively in a “full sweep” between 1 and
2,500 (EXP-01, EXP-02, EXP-05, and EXP-06), simulation results show that sampling accuracy and bias
vary with both strategy and distribution type (Table 6). Figure 6 summarizes these full-sweep experi-
ments by reporting mean absolute density differences across binned sample-size intervals. The binned
results show the rapid decline in errors at low sampling intensities and the subsequent stabilization
once sample sizes reach several dozen patches, providing a clearer view of the diminishing-returns pat-
tern noted later. In general, density estimation improved with sample size, although benefits diminished
beyond 50–75 patches (i.e., a ∼2%–3% sample).
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Figure 4. Density difference distributions for four sampling strategies applied to a diffuse random artifact distribution. Plots
show the relative deviation between sampled and true artifact densities. Subplots illustrate (A) 10,000 iterations of random sam-
pling with different sample sizes and locations (n = 1 to 2,500), (B) 10,000 iterations of systematic grid sampling with different
sample sizes and origin offsets (n = 1 to 2,500), (C) 1,000 iterations of random sampling with fixed sample size but varying loca-
tions (n = 50), and (D) 1,000 iterations of systematic sampling with a 7 × 7 grid, but variable origin offset (n = 49 to 56). Vertical
dashed lines indicate the theoretical point where themean of the sampled distribution is the same as the real distribution; black
curves represent fitted normal distributions for comparison.

Overall, random sampling (EXP-01, EXP-04, EXP-05, and EXP-08) offered consistent accuracy and
low bias, as well as low variance across both distributions, especially at moderate to high sample
sizes (Table 6). Systematic strategies were more sensitive to alignment effects and exhibited higher vari-
ance; yet they still performed reasonablywell when coveragewas high or grid placementwaswell aligned
with spatial patterning. At low sample sizes, performance varied by context and frame configuration,
with particularly poor results for grid-based samples when grid spacing was wide relative to the under-
lying spatial structure. The fixed 7 × 7 gridded sampling frame, which most closely mimics the most
common practice in published microrefuse studies, performed moderately to poorly. Random sam-
pling with a fixed sample size of 50 consistently outperformed the fixed 7 × 7 gridded sampling frames
across both distributions, indicating that if the number of samples is limited due to logistical or other
constraints, better accuracy can likely be obtained through random sampling than by using grid-based
approaches. Given this, it is notable that none of the 27 published studies used true random sampling.

Discussion and Practical Guidance
The simulation experiments presented here (Figures 3–6, Tables 5 and 6) reinforce long-standing con-
cerns and extend recommendations that were introduced in earlier work on spatial microrefuse analysis
(Ullah et al. 2015). That earlier study advocated shifting from exhaustive, labor-intensive enumeration
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Figure 5. Density difference distributions for four sampling strategies applied to a clustered artifact distribution. Plots show the
relative deviation between sampled and true artifact densities. Subplots illustrate (A) 10,000 iterations of random samplingwith
different sample sizes and locations (n= 1 to 2,500), (B) 10,000 iterations of systematic grid samplingwith different sample sizes
and origin offsets (n = 1 to 2,500), (C) 1,000 iterations of random sampling with fixed sample size but varying locations (n = 50),
and (D) 1,000 iterations of systematic sampling with a 7 × 7 grid, but variable origin offset (n = 49, 53, or 65). Vertical dashed
lines indicate the theoretical point where themean of the sampled distribution is the same as the real distribution; black curves
represent fitted normal distributions for comparison.

toward scalable, statistically grounded methods attentive to spatial patterning and formation processes.
Although that 2015 study did propose new workflows for field collection in addition to laboratory sort-
ing and density estimation, colloquially it appears to have had more effect on those latter two areas; the
meta-analysis of microartifact sampling practices summarized here clearly indicates that persistent lim-
itations still exist in how archaeologists design and justify their field sampling frames, which is an issue
also fully demonstrated by the sampling experiment results outlined earlier (Section 5).

By operationalizing core concepts from sampling theory within an interactive simulation environ-
ment, tools like tASEL enable archaeologists to evaluate the effects of different sampling designs before,
during, and after field deployment. This contributes to a core goal of the study of Ullah and colleagues
(2015): balancing interpretive resolution with logistical feasibility. The clustering of sampling unit sizes
around 2,500 cm2 and volumes under 2,000mL in the literature (Figure 1; Tables 1–3) reflects a tendency
to prioritize convenience over statistical rigor. The results of the simulations (Figures 4–6) illustrate the
consequences of misalignment between sampling strategy and artifact distribution, which is a problem
frequently noted (Banning 2021; Ullah et al. 2015) but rarely tested. In particular, the results of these
analyses showcase how true random sampling produces the most robust statistical results for spatial
microrefuse analysis yet is essentially never employed by practitioners.

Demonstrating this finding by simulating thousands of sampling frames across plausible artifact
distributions moves beyond critique to provide a replicable way for archaeologists to directly see the
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Table 6. Summary of Results from Simulation Experiments EXP-01 to EXP-08.

Experiment ID
Artifact

Distribution
Sampling
Frame Type

Mean Density
Difference

Std Dev Density
Difference General Accuracy General Bias General Variance

EXP−01 Random Random (varied) 0.00 0.05 Very high Very low Very low

EXP−02 Random Systematic grid
(varied)

−0.06 0.57 Low to moderate Moderate to high Very high

EXP−03 Random Fixed grid (7 × 7) w/
offset

−0.29 0.48 Low High High

EXP−04 Random Random (fixed n =
50)

0.00 0.13 High Very low Low tomoderate

EXP−05 Clustered Random (varied) 0.00 0.08 Very high Very low Low

EXP−06 Clustered Systematic grid
(varied)

0.03 0.63 Moderate Moderate Very high

EXP−07 Clustered Fixed grid (7 × 7) w/
offset

0.01 0.13 Moderate to high Low Low tomoderate

EXP−08 Clustered Random (fixed n =
50)

0.00 0.19 High Very low Moderate

Notes: Sampling strategies were qualitatively evaluated for accuracy, bias, and variance in recovering true artifact densities under random and clustered artifact distributions. Accuracy indicates overall success in approxi-
mating the true distribution, bias reflects systematic over- or underestimation tendencies, and variance indicates consistency of performance across iterations. Qualitative categories reflect natural breaks in the numerical
results: accuracy is based on the absolute mean density difference (lower values = higher accuracy), bias on the signed mean density difference (values near zero = lower bias), and variance on the standard deviation of
density difference (smaller values = lower variance).
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Figure 6. Absolutemeandensitydifferenceplottedacrossbinnedsample-size intervals for the four full-sweepexperiments (EXP-
01, EXP-02, EXP-05, EXP-06). Each curve shows the mean absolute density difference within each sample-size bin derived from
10,000 simulation iterations. Lines connect bin-centered values, and vertical gridlinesmark bin boundaries.Missing points (most
visibly in EXP-06) occur where no simulation runs produced sample sizes falling within those bins.

implications of their sampling choices. These contributions are particularly timely as wider theoreti-
cal frameworks like taskscapes or habitus gain traction in microrefuse work. Reconstructing spatially
nuanced activity areas from microrefuse requires not only meticulous sorting but also sampling strate-
gies designed to capture meaningful spatial structure from the outset. As Dunnell and Stein (1989)
observed decades ago, microrefuse provides access to behaviorally meaningful residues that are oth-
erwise invisible. But without rigorous field sampling designs informed by sampling theory or by
simulations of the kind explored here, even the most meticulous lab work can produce misleading
results.

This pedagogical value is especially important given Banning’s (2021) broader critique of how
sampling is taught and practiced in archaeology. Rather than “cookbook” prescriptions or vague termi-
nology, Banning calls for sampling to be taught as a practical, problem-oriented dimension of research
design. He urges educators to help students think critically about how bias, sampling error, and design
decisions shape archaeological inference and to distinguish between sampling using theory and casual
or convenient usage. Improving sampling literacy in this way strengthens data quality across the entire
research processfrom field collection to final interpretation. Simulation tools like tASEL offer a response
to this call. They allow learners to explore “what if ” scenarios, visualize the effects of design decisions,
and develop an intuitive understanding of concepts that are otherwise taught abstractly. Because the
model’s code is open-source, tASEL also supports democratization of spatial archaeology by making
rigorous sampling design accessible to projects or educational settings with limited budgets or staffing.
To work with tASEL, all one needs is a working Java environment, NetLogo 6.1.1 or higher, and the
tASEL netlogo file, making installation simple, free, and cross-platform. To simplify use in classroom
settings, the tASEL model can be exported from NetLogo as a fully self-contained html file that can run
locally in anyweb browser or be hosted on awebserver for remote access (for example, https://isaacullah.
github.io/models/tASEL.html).

To support this dual pedagogical and applied mission, tASEL includes two core modes (manual and
iterative), which correspond to common instructional and field planning workflows. Figure 2 illus-
trates these workflows and highlights how the early stages of each (“initiate,” “design,” and “simulate”)
are shared across both use cases, enabling smooth transitions from classroom exploration to research
deployment.
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In a teaching or training setting, instructors can follow the workflow shown in Figure 2A to teach
sample design through manual experimentation. To enact this workflow in tASEL, students begin
by launching the manual mode where they first interactively use the artifact distribution tools to
easily create different types of distributions to experiment with (e.g., random, clustered, or mixed).
Students can then experiment with different sampling strategies (random, systematic, or judgmen-
tal) by applying them interactively to those distributions. After running a simulation, results are
displayed both visually (as color-coded sampled patches) and statistically (as summary metrics such
as the positivity rate, density, and estimation error). Instructors may ask students to run side-by-
side comparisons across sampling designs, identify sources of bias, or adjust their sampling frames
based on performance. Because the process is visual and iterative, students can develop a grounded
understanding of concepts such as sample size effects, spatial bias, and the challenges of recovering
clustered patterns. Two sample undergraduate laboratory assignments that embody this workflow are
provided in the supplementary materials (Supplementary Material 1 and 2): one is introductory, and
the other is advanced. These exercises are designed to introduce students to spatial sampling through
experimentation without requiring prior experience with simulation tools or the mathematics of
sampling.

In applied fieldwork planning, researchers can follow the workflow shown in Figure 2B to directly
create field sampling plans. To do so in tASEL, researchers first can use the manual mode tools to
create artifact distributions resembling those expected on site; these can be saved and loaded later
for replicability. At this point, the iterative mode in tASEL enables researchers to explore sampling
choices using a rigorous experimental process. After defining sample size, grid spacing, and offset con-
straints (perhaps based on budget or other practical field constraints), users can run thousands of
simulated sampling iterations to evaluate strategy performance. Summary statistics, such as extrapo-
lated artifact counts, variance, and estimation bias, help determine which frame is most appropriate
for a given context. The selected sampling frame can be exported to aid in field sample collection lay-
out. This allows archaeologists to test sampling designs in advance, minimize wasted effort, and justify
field strategies with empirical support. This approach is particularly valuable for projects with limited
time or resources, where mistakes in sampling cannot be easily reversed. A downloadable field plan-
ningworksheet encapsulating this workflow is provided in the supplementarymaterials (Supplementary
Material 3). This document guides researchers through the setup, execution, and evaluation of iterative
sampling simulations using tASEL, with a template for recording results and justifying final sampling
designs.

Together, these use cases underscore a strength of the simulation approach: its ability to foster crit-
ical sampling literacy while also enabling statistically grounded planning. Because the basic phases of
“initiate,” “design,” and “simulate” are consistent across both workflows outlined in Figure 2, students
can move easily from classroom experimentation to real-world application with the same tools. The
goal of this pipeline is to help archaeologists across all sectors (applied or academic) make better deci-
sions about how, where, and how much to sample, which are decisions that directly affect the quality of
archaeological interpretations.

Conclusion
Microrefuse analysis offers exceptional potential for uncovering spatially persistent traces of domes-
tic behavior, patterns often invisible through other archaeological proxies. Yet realizing this potential
requires deliberate, informed, and consistent approaches to sampling. This study has found that
archaeologists do not currently approach sampling in this way. This is particularly problematic in
microrefuse studies, because the labor-intensive nature of microrefuse processing means that poorly
designed sampling frames risk wasting effort or producing misleading results. This study demonstrates
how simulation-based tools like tASEL can help archaeologists design statistically informed sampling
strategies before data collection begins.

To further these goals, spatial sampling theory and methods training needs to be incorporated early
and more explicitly in the archaeological curriculum. Simulations approaches offer a way for students
to learn about sampling more intuitively and interactively, which may be especially helpful in North
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American archaeology programs where undergraduates often do not have to take advanced statistics or
math (Killick andGoldberg 2009). Because of that, I created tASELwith both pedagogy and professional
practice in mind. Whether used in undergraduate instruction, graduate research design, or professional
planning, simulation tools like tASEL enable practitioners to align sampling protocols with the spatial
complexity of archaeological contexts in an efficient and empirically grounded way. If integrated into
core archaeological curricula, simulation-based sampling approaches could help close the gap between
methodological training and field application.

Although the experiments presented here highlight the benefits of simulation for improving sam-
pling design, the current version of tASEL simplifies artifact distributions and does not yet incorporate
features such as architectural boundaries or more complex spatial behaviors. Future development will
expand the model’s realism, further enhancing its applicability. Likewise, empirical field validation
through comparison between simulated expectations and observed distributions would strengthen the
relevance of the simulation output.

As spatial microrefuse analysis continues to expand, the field would benefit from standardized
guidelines for sampling frame design, volume selection, and reporting practices. This is also broadly
applicable to many other types of archaeological research, from pedestrian survey design to excava-
tion practices to laboratory sampling procedures and beyond. The simulation results presented here
makes the cost-benefit trade-offs of sampling choicesmore transparent, but broader progress depends on
community-wide efforts to define and adopt best practices. To achieve this, I strongly urge fellow prac-
titioners to more explicitly publish—and justify—all aspects of sampling and analysis methodology and
to make a more explicit move toward a shared methodological foundation that supports comparability,
reproducibility, and confidence in spatial inference.
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