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This study compares the efficacy of a deep learning-based computer vision model against manual expert iden-
tification of multi-cell husk phytoliths from wheat (Triticum boeticum/dicoccoides), barley (Hordeum spontaneum),
and oats (Avena sativa). Conducted via an online survey in 2024 with twelve respondents (92% completion rate,
one respondent did not finish), the survey presented 18 phytolith images selected based on: 1) deep learning
performance, 2) manual diagnostic clarity, and 3) random control. The deep learning model achieved 100%
classification accuracy, while manual experts averaged 44%, with Avena proving the most challenging (26.39%
accuracy) compared to Hordeum (54.17%) and Triticum (48.61%). Statistical analysis confirmed significant ac-
curacy variations (p = 0.0016), highlighting Avena’s genus identification difficulty. Experience level influenced
performance, with less than five years post-PhD researchers scoring highest (72%), though completion time did
not correlate with accuracy. The algorithm’s superior performance, employing and appropriately weighting
features like wave pattern and papillae, underscores the potential of artificial intelligence to transform paleo-
ethnobotany by generating reliable, large-scale datasets. This research advocates for the integration of machine
learning tools within manual studies in the short-term, to enhance accuracy and efficiency in phytolith analysis,
paving the way for broader applications in environmental archaeology in the long-term.

1. Introduction 2023; Berganzo-Besga, et al. 2025; Berganzo-Besga, et al. 2022b; Cai and

Ge 2017; Diez-Pastor, et al. 2024; Diez-Pastor, et al. 2020; Power, et al.

Artificial intelligence (AI), the broad field of creating systems or ma-
chines that can perform tasks that typically require human intelligence, is
rapidly transforming the landscape of archaeology, with applications
ranging from pot sherd analysis (Orengo and Garcia-Molsosa, 2020;
Orengo et al., 2021) to phytolith identification (Andriopoulou, et al.

2015). Machine learning (ML), a subset of AI where systems learn from
data to make predictions or decisions without being explicitly programmed,
and deep-learning (DL), a specialized subset of ML that uses neural net-
works with many layers to analyse complex patterns, like image recognition
in large datasets, are becoming an increasingly common component of
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archaeological methodology. Al-tools are particularly effective for
mitigating the time intensive vision-based analyses and categorization
tasks that typify most archaeological analyses. Accordingly, computer
vision, which uses ML and DL to analyze visual data, is well suited to
archaeological research. The rapidly expanding application of DL-based
computer vision in archaeology generally falls under artifact/object
classification algorithms, such as ceramic typology or artifact type
classifications (e.g., Mnasri and D’Andrea 2025; Parisotto, et al. 2022;
Pawlowicz and Downum 2021; Yang, et al. 2025) and site/object
detection algorithms, such as mound detection, pot sherd detection, or
remote sensing artifact detection (e.g., Berganzo-Besga, et al. 2021;
Character, et al. 2025; Orengo, et al. 2020; Orengo and Garcia-Molsosa
2020; Orengo, et al. 2021; Turan, et al. 2023). This article contributes to
this fast growing body of research by comparing our previously pub-
lished DL-based computer vision model for phytolith classification
(Berganzo-Besga et al. 2022; Berganzo-Besga et al. 2025), with an
expert-based identification survey of multi-cell husk phytoliths.

Phytoliths, robust inorganic silica ‘casts’ of plant-cells, are a critical
component to both paleoethnobotanical and paleoenvironmental in-
vestigations. Phytolith analysts identify both single-cell phytoliths and
silica skeletons (multi-cell phytoliths). The algorithm compared in this
paper classifies multi-cell phytoliths. Single-cell and mutli-cell phyto-
liths present different “problems” in respect to identification. Single-cell
identifications are difficult to automate due to the variability in which
they can be found on the slide and the intrinsic variability of the mor-
photypes (3D shape). Whilst silica skeletons tend to present themselves
in a “flat” position, easier to image on a transmitted light microscope,
they also require more computationally complex DL models to effec-
tively evaluate the range of features that must be considered in rank
order to make classifications. Multi-cell cereal husk identification to
genus is challenging, requiring expertise and experience, but it is an
established practice (Rosen 1992) (Fig. 1). These challenges mean that
phytolith analysis is very time-consuming and remains subject to inter-
and intra-observer bias (i.e. inconsistent identifications or misidentifi-
cation) (see for example, Out, et al. 2024). This, at its crux, is the reason
why our original algorithm targeted multi-cell cereal husks, while they
potentially provide high levels of taxonomic specificity (genus-level) for
plant taxa that have great archaeological interest (e.g., prehistoric cereal
foodways and domestication), their morphological complexity con-
tinues to make manual identification potentially problematic. At the
same time, their morphological complexity provided an exciting chal-
lenge for testing the application of DL models.

This project, based in the Ramsey Laboratory for Environmental
Archaeology (RLEA) at the University of Toronto Mississauga (UTM),
aims to overcome these limitations by using Al to generate “big” pale-
oethnobotany data, to reconstruct past human environments and
transform our understanding of pivotal prehistoric events, such as the
origins of agriculture. Phytoliths from the Southern Levant (Israel and
Jordan) are only the first step of this research program, as demonstrated
in Berganzo-Besga, et al. (2022), where we first presented our algorithm,
which is capable of classifying between Triticum (wheat), Hordeum
(barley) and Avena (oat) multi-cell husk phytoliths with an accuracy of
93.68%. The broader aim is to develop DL models capable of analyzing
phytoliths from diverse regions, and differentiate reliably between
phytolith taxa with greater precision, including down to species, or
identify dynamics like growing environment (e.g., irrigation) or land-
scape burning. Although the integration of Al into paleoethnobotany
and archaeology is still in its early stages, it holds transformative po-
tential for the discipline (Andriopoulou, et al. 2023; Berganzo-Besga,
et al. 2021; Bickler 2021; Diez-Pastor, et al. 2024; Diez-Pastor, et al.
2020; Garcia-Molsosa, et al. 2020; Orengo and Garcia-Molsosa 2020;
Orengo, et al. 2021). Yet, the potential of Al in archaeology will only be
realized if researchers trust the results, accordingly in addition to
effective algorithms (e.g., the original algorithm (Berganzo-Besga, et al.
2022a)), we also opened the “black box” of our original algorithm, using
visual explainers, like heat maps, to show how the algorithm makes
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Fig. 1. Summary of main phytolith characteristics used to make manual
identifications. (Following Rosen 1992 Table 7.1, page 143). It is important to
note that Rosen did not record data for H. spontaneum, the species used in this
study. In addition, although Rosen recorded other information including long
cell width at different points in the husk (lower and middle husk), these metrics
were excluded as this survey demonstrates it tends not to be a regularly
employed characteristic.

classifications (Berganzo-Besga, et al. 2025). Finally, it is essential to
demonstrate that the proposed algorithm achieves significant improve-
ments over traditional methods to justify the continued development of
Al-based approaches.

In this paper however, we do not claim that Al-tools are ready to
overtake manual experts in the identification of archaeological phyto-
liths, indeed our original algorithm is not “archaeology ready,” it has not
been trained on appropriate “dirty” (i.e. imperfect) archaeology data.
Our original algorithm is trained entirely on “clean” modern compara-
tive plant materials. Accordingly, here, we compare the results of our
original algorithm to an online survey, composed of images taken from
the original testing data, completed by phytolith experts. Our aim is
simple; to evaluate how effective our original DL-based model is at
categorizing visually complex, “clean” modern phytoliths, compared to
human experts.

2. Methods
2.1. Training data and original model

The survey images used in this study were selected from the original
multi-cell phytolith dataset, which includes 378 microscope images
(original dataset via RLEA Zenodo: https://zenodo.org/records
/15692103 (Berganzo-Besga, et al. 2022): 121 images of Avena sativa
L. (32.01% of the total), 90 of Hordeum spontaneum C. Koch (23.81% of
the total), 142 of Triticum boeticum Boiss. (37.57% of the total) and 25 of
Triticum dicoccoides (Korn. Ex Asch. & Graebn) (6.61% of the total). The
comparative material was sourced from the RLEA plant collections,


https://zenodo.org/records/15692103
https://zenodo.org/records/15692103
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including the Mount Scopus Collection, collected over four seasons by The comparative material was prepared following established pro-
trained botanists in Israel, and the Hillman Collection, sampled from tocols: plant material was first cleaned using a lab wash bottle with
UCL’s comparative material originally collected by Prof. Gordon Hill- distilled water to remove dust. Once dry, the samples were sorted by
man in Turkey. anatomical part (leaf, culm, husk, awn). To isolate phytoliths, organic
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Fig. 2a. Algorithm results, arranged horizontally according to Genus and vertically according to how the survey image was selected. The algorithm’s
classifications are visually represented through colour coded tiles: red for Avena, green for Hordeum, and blue for Triticum.
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material was burned off in a muffle furnace at 500 °C for 3 h. The
resulting ash was then directly mounted onto slides using Entellan TM
and covered with a cover slip (protocol outlined in, Weisskopf and Lee
2016). To ensure taxonomic and anatomical variability was captured
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within each category, images of Avena, Hordeum and Triticum were taken
from multiple accessions (multiple slides of different plants from the
same taxa) (Avena: 2 (lab ID: 1843, 1847; Hordeum: 3 (lab ID: 1841,
1840, 1846); Triticum boeticum: 2 (Lab ID: 1842, 1839); Triticum

Avena Hordeum Triticum

Manual Selection Deep Learning Selection

Random Selection

Fig. 2b. Heat Maps (visual explainer) of algorithm results, arranged horizontally according to Genus and vertically according to how the survey image
was selected. The heat map images demonstrate what characteristics the algorithm emphasized (red) or deemphasized (blue) when classifying the phytoliths.
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dicoccoides: 1 (Lab ID: 1844) (Lab ID refers to unique number assigned in
RLEA Sample Tracker Database. Database includes all collector infor-
mation)). This process ensured that our results are not biased by the
unique characteristics of one plant or slide preparation. All images were
captured using a Leica DM500 (magnification: 400x) and a GXCAM-U3-
5 digital camera with ToupeLite software, producing images with a
resolution of 2560 x 1922-pixels.

The DL model used in this study is based on a pretrained VGG19
convolutional neural network architecture (for further model and
training details see, Berganzo-Besga et al., 2022). It is designed to
classify or identify between wheat (Triticum), barley (Hordeum) and oats
(Avena). The classification process begins by dividing each original
image into 256 x 256-pixel RGB image tiles (see Fig. 2a). Each tile is then
individually classified, and the overall identification of the entire orig-
inal image is determined based on the highest number of tiles (or sub-
images) identified relative to the class (e.g., Triticum, Hordeum and
Avena).

The trained and validated model was tested with 190 microscope
images (50.26% of the total dataset), which were excluded from the
training phase. This test set included 64 images of Avena sativa (33.68%
of the total), 62 of Hordeum spontaneum (32.64% of the total) and 64 of
Triticum boeticum/dicoccoides (33.68% of the total). The model achieved
an overall classification accuracy of 93.68%. Amusingly, the model
achieved an average classification confidence greater than 98% for all
images and classes included in the analysis. For further details con-
cerning the training dataset, image preprocessing and classification
procedures, please refer to the original paper (Berganzo-Besga, et al.
2022a) and original dataset via RLEA Zenodo: https://zenodo.org/reco
rds/15692103.

2.2. Survey Design

The annonymised survey was designed using SurveyMonkey
(https://www.surveymonkey.com) an online platform that facilitates
the development of customized surveys aligned with specific research
objectives. The survey was structured to evaluate expert manual iden-
tification of multi-cell husk phytoliths using a targeted sample of 18
images comprising six each of wheat (Triticum dicoccoides/boeticum),
barley (Hordeum spontaneum) and oats (Avena sativa). These images were
selected from the original algorithm’s testing dataset (Berganzo-Besga,
et al. 2022). Image selection for the survey followed three criteria,
with two images chosen per category: 1) Manual Selection—images with
clear visibility of diagnostic characteristics used to make manual iden-
tifications, such as wave pattern and papillae (see Fig. 1); 2) Deep-
Learning Selection—phytolith images whose heat map outputs display
lots of red regions, indicating areas and features the DL model empha-
sized during classification (see Fig. 2b); and 3) Random Selection—im-
ages selected randomly to serve as a control. The images were
categorized and selected by M.N Ramsey. Manual selection images were
assessed based on M.N. Ramsey’s experience manually identifying
phytoliths. Deep-learning selection images were assessed by M.N.
Ramsey by evaluating the heat-map images. Random selection images
were selected by M.N. Ramsey manually scrolling and selecting images
from their file names (no visual cues). All data used in this paper,
including raw survey data, are available on the RLEA Zenodo (https:
//zenodo.org/records/15626668) (RLEA 2025b) and GitHub site
(links to these repositories are provided under the heading,
supplementary materials).

Each multi-cell phytolith image belonging to either wheat, barley or
oats was presented on a separate page, resulting in 18 individual survey
pages. Manual expert respondents were asked to identify the plant taxon
represented in each image and respond to accompanying questions
designed to elicit insights into their identification process. To facilitate
detailed visual inspection, each page contained a link to the RLEA
dropbox which allowed individual images to be downloaded if needed.
However, it should be noted, most phytolith researchers tend to identify

Journal of Archaeological Science: Reports 73 (2026) 105873

phytoliths directly under the microscope, making use of zoom and focus
adjustments to improve precision. Working from images gives the DL
algorithm an admitted advantage.

The first question on each page employed a sliding confidence scale
bar, ranging from 0 to 100, with higher values indicaiting a higher de-
gree of confidence that the correct identification had been made. This
measure was included to assess the relationsip between expert confi-
dence and classification accuracy, particularly in images that may be
difficult to identify, involving morphologically ambiguous or diagnos-
tically challenging phytoliths.

Following the confidence scale, respondents were presented with a
multiple-choice question asking them to note which morphological
characteristics they used in making their identification. This question
was based on criteria first outlined by Rosen (1992), and included: 1)
wave pattern (Fig. 1a), the negative space between dendritic long-cells;
2) papilla size, shape, and regularity (Fig. 1b) (a characteristic used to
differentiate between wild vs. domestic taxa), and; 3) the number of pits
around the papilla (Fig. 1c). The inclusion of this question aimed to
document the decision making process of manual experts by identifiying
both how and what features are considered during identifcation. Spe-
cifically, it sought to determine which diagnostic traits were consistently
referenced, underutilized or overlooked and whether there were com-
monalities in the features that were used or not used across respondents.
This information offers a valuable point of comparison for evaluating
differences in diagnostic feature prioritization between experts and Al-
based identification.

Finally, a comment box was included to allow respondents to provide
any additional information they deemed relevant to their identifcation
process. This open-ended response option served as a supplementary
component to the previous question, offering deeper insight into why
certain morphological features are potentially utilized over others.

The survey was also designed to record the total completion time,
beginning with the first question and running until completion. This
metric aimed to account for possible delays during the identification
process and to capture the inherently human element, distraction, which
may result from a variety of external factors — helping to demonstrate a
critical benefit of the Al-based approach, speed.

To minimize order effects, the pages of the survey were randomized
for each respondent. This was implemented by randomizing the
sequence in which page numbers appeared—for example, one respon-
dent may start on page 18 followed by page 6 whereas a second
respondent may start on page 14 followed by page 8. For consistency in
analysis, the data was recorded and interpreted according to the original
numerical sequence of pages.

2.3. Survey respondents

Survey respondents were solicited by first inviting established lab
directors and professors, who have published papers featuring cereal
husk identifications and therefore demonstrated the appropriate
expertise to participate in this survey, those researchers then forwarded
the survey invitation to their appropriately trained lab members. This
resulted in twelve researchers, at various stages of their careers, ulti-
mately participating in the survey, although one individual did not
finish. Respondents experience level was arbitrarily catigorized based
on their years of experience post PhD, resulting in 3 experience cate-
gories (PhD Candidates (n = 2); “Less than 5 years” post-PhD (n = 2);
“More than 5 years” post-PhD (n = 7). Whilst this is not a large survey,
the group of researchers with appropriate “expertise” is limited.
Accordingly, it was decided that we had an adequate survey size. But,
this lack of available phytolith experts, a reality any site director can
attest to, only emphasizes why Al tools holds such transformative po-
tential, not only for improving the speed, volume and accuracy of
phytolith analyses, but also for improving access to phytolith analyses.
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3. Results

The online phytolith identification survey was conducted during the
summer and fall of 2024, with twelve respondents and a completion rate
of 92% (1 respondent did not finish) (see supplementary materials,
available via the RLEA Zenodo (https://zenodo.org/records/15626668)
and GitHub sites). On average, respondents completed the survey in
fifty-two minutes. The survey presented 18 multi-cell husk phytolith
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images — six each from wheat (Triticum boeticum/dicoccoides, barley
(Hordeum spontaneum) and oats (Avena sativa). These images had pre-
viously been analyzed (but not used for training) with our original DL
model. The complete anonymised survey dataset, including respondent
comments are available via the RLEA Zenodo (RLEA 2025b) and Github
repositories (links provided below under the heading supplementary
materials). The DL model correctly classified all survey images and
did so instantaneously. Fig. 2a (tiles) and 2b (heat maps), illustrate the
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identification process employed by the algorithm. As shown in figure 2a,
each image is divided into smaller tiles, which are then individually
categorized; the final classification of the image is determined by the
category with the highest number of identified tiles. For example, in
Fig. 2a, image k, the algorithm correctly identified the Hordeum (barley)
multi-cell phytolith. However, the tiling process reveals that individual
tiles within the image were variably classified as Avena (oat), Triticum
(wheat) and Hordeum (barley) as indicated by red, blue and green tiles
—red for Avena, blue for Triticum and green for Hordeum. This example
demonstrates how the algorithm integrates information across the
image, even when some tiles are classified incorrectly.

As part of a recent publication (Berganzo-Begsa, et al. 2025) visual
explainers such Guided Grad-CAM were employed to clarify the internal
decision making process of the DL model and address the so-called ‘black
box’ problem. One of the methods employed, Grad-CAM, involved the
use of heat maps as shown in Fig. 2b. These maps highlight the areas of
the phytolith image that the algorithm emphasizes (red) or deem-
phasizes (blue) during the classification process. The application of vi-
sual explainers not only enhances transparency but also facilitates
refinement of the training dataset. By revealing which morphological
features may be confusing or misleading to the model, we can then
strategically curate and augment training data to improve classification
accuracy. More broadly, the integration of explainable AI methods is
essential for demonstrating the integrity of DL approaches, thereby
fostering wider acceptance of these models and tools within paleo-
ethnobotany and archaeology.

The survey respondents only achieved an average accuracy of 44%
(the average accuracy was calculated by adding up the number of cor-
rect responses from all respondents for each image and dividing that by
the number of respondents, this value was then converted into a per-
centage). These results are broken down generally in Fig. 2c, and in
more detail in Figs. 3-7. An analysis of the survey results (Fig. 3) reveals
notable differences in identification accuracy among the three taxa:
Avena, Hordeum, and Triticum. Avena exhibited the lowest correctness
rate at 26.39%. In contrast, Hordeum had the highest correct identifi-
cation rate (correctness) at 54.17%, followed closely by Triticum at
48.61% (correctness was calculated by dividing the number of correct

100

80

Average Correct Answers (%)

Avena

Hordeum
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answers by the total number of answers).

Statistical analysis confirmed that these differences were significant.
An ANOVA test indicated a meaningful variation in identification ac-
curacy between groups (p = 0.0016), prompting further pairwise com-
parisons (a one-way ANOVA was prepared using the means displayed in
figure 3). Independent t-tests indicated that both Hordeum and Triticum
were identified significantly more accurately than Avena. However, the
difference in correctness between Hordeum and Triticum was not statis-
tically significant, indicating comparable levels of accuracy in identifi-
cation for these taxa.

Notably, in addition to correctness, we can also consider consistency.
Triticum O and P (Fig. 2a) are the same multi-cell phytolith cropped
differently, they are ‘twin’ images. Both images were selected for their
visible manual identification characteristics. Whilst this selection
occurred in error, they now provide an illuminating example of identi-
fication consistency or inconsistency. Seven out of twelve (7/12) of the
respondents (58.3%) provided the same identification for both images,
but only four respondents (33.3%, 4/12) correctly identified both as
Triticum. Two respondents identified both as unidentifiable. One
respondent identified both images as Avena. Five respondents (41.7%)
provided different identifications for the ‘twin’ images (RLEA 2025b).
Triticum O (Fig. 2c) has a correctness rate of only 25% and was more
commonly identified as Avena, while Triticum P (Fig. 2c) has a correct-
ness rate of 58%.

The survey results reveal variation in both performance and
completion time based on respondent experience level (Fig. 4). PhD
Candidates (green n = 2) completed the survey the fastest with a mean
completion time of 32 min. However, their average score (44.5%) was
lower than that of the “Less than 5 years” of experience group. Partici-
pants in the 5 years post-PhD “Less than 5 years” (orange N = 2) per-
formed best overall with an average score of 72%, but their completion
time was significantly longer (262.5 min on average). Notably, the
highest individual score, exceeding 80%, was achieved by a respondent
in this group, suggesting that recent training or more active engagement,
may contribute to improved performance. More than 5 years of expe-
rience, classed as those 5-years or more post-PhD (blue N = 7) had the
lowest average score (37.3%) and moderate completion time (89.3 min),

Triticum

Plant Type (Genus)

Fig. 3. Comparison of Correct Survey Respondent Answers Based on Genus The figure illustrates the mean correctness rates for each taxon included in the
survey: Avena sativa (26.39%), Hordeum spontaneum (54.17%), and Triticum dicoccoides/boeoticum (48.61%).
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Fig. 4. Survey Performance and Completion Time by Experience Level The figure shows the average identification accuracy (score) and mean completion time
for three respondent groups: PhD Candidates (green, n = 2), researchers with less than 5 years of post PhD experience (orange, n = 2), and researchers with 5 or more

years of experience post-PhD (blue, n = 7).

demonstrating that more experience does not necessarily correspond to
improved performance. However, it must be noted that because our
survey size is limited, the number of individuals in certain experience
categories is very limited (e.g., only 2 PhD Candidates). Accordingly,
outliers (particularly strong performers or particularly poor performers)
may have a disproportionate impact on our results.

Statistical analysis however found no significant correlation between
completion time and score, suggesting that time spent on the task was
not strongly associated with identification accuracy. Additionally,
although differences in mean scores were observed across experience
levels, these were not statistically significant, indicating that perfor-
mance did not vary meaningfully by experience group within this

40%
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Fig. 5 presents the frequency of unidentifiable phytolith identifica-
tions across genera, categorized by image selection type: DL, Manual,
and Random. Within the survey, an ‘unidentifiable’ classification refers
to cases in which respondents indicated that a phytolith lacked
discernible diagnostic features (as outlined in Fig. 1).

Among the three genera, Avena exhibited the highest overall un-
identifiable rate. Specifically, DL selected images of Avena had a rela-
tively high unidentifiable rate of 39.13%, manual selection images had
the lowest unidentifiable rate of 21.74%, and randomly selected images
showed an intermediate rate of 29.17%. For Hordeum, DL selected image
had a 0% unidentifiable rate, while manual and random images had

DL
B Manual
s Random

Triticum

Plant Genus

Fig. 5. Frequency of Unidentifiable Phytolith Identifications by Genus and Image Selection Type. Three image selection types are displayed (DL, Manual,
Random). Unidentifiable responses refer to cases where respondents indicated that diagnostic characteristics were not present. Data is shown for Avena, Hordeum and

Triticum across all three image selection categories.
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rates of 21.74% and 31.82% respectively. In the case of Triticum, DL
selected images had a mean unidentifiable rate of 13.04%, manual se-
lections had a mean unidentifiable rate of 29.17%, and randomly
selected images had the highest unidentifiable rate at 39.13%. Across all
responses, Avena accounted for 21 unidentifiable instances (30%),
Hordeum for 12 instances (17.65%) and Triticum for 19 instances
(27.14%).

Fig. 6 presents the confidence scores associated with correct and
incorrect identifications across all three plant types: Avena, Hordeum,
Triticum. Across all responses, the average confidence score was 45.6,
while correct answers had a higher average confidence score of 52.8.
Whilst the difference in confidence scores is statistically significant (p =
0.049), there is clear overlap between the two distributions, which
suggests confidence is not a good indicator for correctness. It is impor-
tant to note that this analysis includes only instances where an identi-
fication was made and excludes responses marked as unidentifiable.

For Avena, the average confidence score for correct answers is 49.2,
compared to 48.4 for incorrect responses. The nominal difference be-
tween the correct and incorrect scores suggest that participants’ confi-
dence levels remained relatively stable, regardless of accuracy. For
Hordeum, the pattern was reversed: the average confidence score for
correct answers is 49.5, whereas incorrect answers had a higher average
confidence score of 56. In contrast for Triticum, the average confidence
score for correct answers was 58.6, while incorrect responses averaged
just 29. As noted previously, the model achieved an average classifica-
tion confidence score greater than 98% for all images and classes
included in the analysis (see, Berganzo-Besga, et al. (2022) and original
dataset via RLEA Zenodo: https://zenodo.org/records/15692103).

The data displayed in Fig. 7 summarizes the correlation between
number of characteristics employed to make a correct or incorrect
identification. While the results on average weakly support the
commonly held assertion that using more characteristics produces more
secure or correct identifications for Hordeum (correct 1.6 vs. incorrect
1.4) and Triticum (correct 1.3 vs. incorrect 1.2), the results for Avena
(correct 1.7 vs. incorrect 1.8) indicate that correct identifications were
generally associated with the use of fewer diagnostic characteristics.

In reference to the histogram, these results demonstrate that whether
identified correctly or incorrectly, manual experts tend to employ one or
two characteristics (wave pattern and papillae shape) for Avena and
Hordeum, while they tend to favor employing only one characteristic for
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Triticum (wave pattern). This likely reflects the fact that Triticum has a
more distinct wave pattern. Overall, and perhaps surprisingly, these
results do not strongly support the commonly held assertion that using
more characteristics provides a more secure identification.

All respondent comments demonstrated careful consideration and
justification in the identification process. Wave Pattern was the most
consistently prioritized diagnostic feature across all three genera
(Table 1). Respondents frequently described wave pattern using termi-
nology aligned with Rosen’s (1992) typology such as “squarish” for
Hordeum, “lobed” or “crenelated” for Triticum, and “thin” or “pointed”
for Avena.

Papilla shape and number of pits was also commonly referenced,
though these features were often noted as difficult to evaluate due to
limitations in image focus, magnification, or visual obstruction. When
visible, pit counts were compared to reference materials (e.g., Rosen
1992), with specific counts (e.g., ~10 for Triticum, ~12-18 for Hor-
deum) contributing to identification decisions.

Many respondents noted challenges with image focus, magnification,
or overlapping silica skeletons, leading to unidentifiable classifications
or low confidence. Several expressed a desire for microscope-like control
(zoom, focus adjustment). Related to this, respondents often stated they
would not identify phytoliths in archaeological samples without clearer
images or additional features (e.g., morphometrics, stomata), reflecting
a cautious approach to Genus-level identifications. These comments
however also demonstrate that manual identification requires more
time, and can only be effectively employed on a small subset of images
because it relies on more features (that all need to be clearly displayed),
whereas automatic identification, even with blurred or partially out-of-
focus images, still achieves high efficiency.

The respondent comments provide critical insight into the realities of
manual phytolith identification. Hordeum K (Fig. 2a) was commented
on by one respondent as follows “Unclear / part of a husk where the
dendritic are v narrow — very tentatively barley, but almost said non-ID.”
This comment reveals the respondent's awareness of the phytolith's
specific anatomical context (part of a husk with narrow dendritics),
which influences identification. The tentative identification paired with
near-unidentifiable status shows a cautious approach, highlighting the
challenge of manual identification and the reality that many multi-cells
are considered unidentifiable by manual experts. When identifying
Avena E (Fig. 2a), one responded noted, “I was unsure about this one. I
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Fig. 6. Confidence Score Based on Correctness. Box plots showing the distribution of confidence scores for correct and incorrect responses.
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Triticum
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Fig. 7. Comparison of the number of characteristics used for correct (blue) and incorrect (red) responses. Characteristics included were Wave Pattern, Papilla

Shape and Pits around Papilla.

Table 1

Characteristics used by Survey Respondents to Make Identifications Based on
Survey Comments and Multiple-Choice Questions. Compiled using a Large
Language Model (LLM). LLM was provided with Excel file, ‘Multi-Cell Near East
Husk Identification Survey’, and prompted as follows: “This excel file summa-
rises the results of a phytolith identification survey. Can you pull out the survey
respondents comments for why they made certain identifications?” (RLEA
2025b).

Characteristic Description Number of
Mentions*

Avena

Wave Pattern thin and pointed 27 (60)

Papilla Shape ovoid and irregular in size 12 (36)

Long Cell Shape thin 8

Pit Count High number of pits around papillae 5(16)

Hordeum

Wave Pattern Squarish, flattened, even and low 42 (59)
aplitude

Papilla Shape Pointy (‘Hershey kiss’) 16 (33)

Pit Count Number of pits around papillae 10 (12)

Triticum

Wave Pattern Lobed, rounded (‘crenelated’), wiggly 46 (62)

Long Cell Shape,  Thick, rounded margins, highly 17
dendritic

Papilla Shape Ovoid, small 12(17)

Pit Count Number of pits around papillae 7 (8)

*The first value represents the number of mentions in the survey text box, while
the second value, in parenthesis, represents the number of times that charac-
teristic was selected in the multiple-choice question asking them to note which
morphological characteristics they used in making their identification.

thought the wave and cork cell shape looked like barley but the pits around the
papillae were more in line with wheat.” This comment highlights the wide
range of characteristics that manual experts employ, beyond those
outlined in Rosen (1992), but also highlights conflict arranging diag-
nostic features into an effective categorization hierarchy (barley-like
wave and cork shape vs. wheat-like pit count), showcasing the
complexity of phytolith identification. In contrast, another responded
cited “gut feeling” in their assessment of Triticum Q (Fig. 2a), although
their gut, unfortunately, was wrong (Avena). This candid admission,
acknowledging intuition, is honest, and reflects a feeling that often
comes with experience, perhaps one that experts should embrace
cautiously. In contrast, another respondent when identifying Hordeum
H (Fig. 2a) noted, “I suggest Hordeum, but in my opinion, Hordeum is very
difficult to ID reliably.” The explicit scepticism about the reliability of
Hordeum identification suggests a broader critique concerning the reli-
ability of manual phytolith identification to the Genus level. A scepticism
this survey demonstrates is warranted.
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4. Discussion

The findings of this paper challenge some of the commonly held
norms and expectations in manual phytolith analyses, including: the
idea that the husks of grass Genera and particularly cereal Genera can be
accurately and consistently identified through manual microscopy; that
analyst experience correlates with better results; that taking your time
with identifications should produce more accurate results; and that
using multiple diagnostic characteristics leads to more correct and
secure identifications.

First, the variation in identification accuracy observed across the
three cereal taxa reveals important insights into the challenges of
manual phytolith classification. Among the taxa evaluated, Avena was
consistently the most difficult for participants to identify with confi-
dence, showing the lowest overall accuracy. This pattern likely reflects a
combination of factors, including limited exposure to Avena in
comparative collections and more ambiguous or variable morphological
traits that complicate manual identification. In contrast Hordeum and
Triticum were identified with greater accuracy, and at statistically
similar levels. This increase in accuracy suggests that respondents may
be more familiar with these taxa or that their diagnostic features are
more readily recognized. Unfortunately, despite this increase in accu-
racy, overall identification rates for these taxa remain relatively low
suggesting that even for more familiar or morphologically distinct ce-
reals, manual identification continues to pose challenges. Regarding
consistency, our results suggest that even when faced with the same
Triticum image twice, only seven out of twelve (7/12) of the respondents
(58.3%) provided the same identification for both images, and only
33.3% (4/12) correctly identified both as Triticum. These results high-
light the limitations of manual identification. Importantly, the statistical
significant difference in identification accuracy between Avena and the
other two taxa emphasizes the need for targeted methodological im-
provements. For more challenging genera such as Avena, enhanced
training resources, expanded comparative collections, and refined
classification criteria may be necessary to support more consistent and
reliable manual identification.

Second, the survey results reveal that identification accuracy and
time to completion vary according to respondent experience, but not in a
straightforward or predictable manner. First, it is important to empha-
size caution when interpreting trends within this limited dataset (PhD
Candidates (n = 2); “Less than 5 years” post-PhD (n = 2); “More than 5
years” post-PhD (n = 7)). In spite of this, while one might expect that
greater experience would correspond to higher accuracy, the data sug-
gests a more nuanced relationship. Participants with less than five years
of post-PhD experience achieved the highest identification scores over-
all, despite requiring the most time to complete the task. This group also
produced the single highest score, indicating that recent training or
more active engagement in analytical tasks may be a more important
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factor than years of experience alone. PhD candidates, in contrast,
completed the survey in the shortest time on average, yet their perfor-
mance in terms of accuracy was more moderate. Respondents with more
than five years of experience post PhD tended to score the lowest on
average, suggesting that extended time away from ‘hands-on’ phytolith
analysis, or reliance on more general expertise, may not support accu-
racy in tasks requiring fine morphological distinctions. The presence of
outliers also reveals important behavioral patterns. Some individuals
completed the survey very quickly and performed poorly—raising the
possibility of inattentive or rushed responses in certain cases — whilst
others, took substantially more time than their peers, but still did not
achieve higher accuracy. Statistical analysis reinforces these qualitative
observations. There was no significant correlation between completion
time and accuracy, indicating that spending more time on the task did
not necessarily improve performance. Likewise, observed differences in
average scores across experience groups was not statistically significant.
Together, these findings suggest that neither speed nor experience level
can reliably predict success in manual phytolith identification. Instead,
effective performance may hinge on factors such as recent ‘hands-on’
experience, familiarity with specific morphological traits, and sustained
attention to detail, emphasizing the value of continual methodological
practice and targeted preparation for those engaging in paleo-
ethnobotanical analysis.

Third, the findings of this paper also challenge the common
assumption that using multiple diagnostic features inherently leads to
more accurate or secure identifications. While the use of more identifiers
appears beneficial for Hordeum and Triticum, for the more difficult to
identify Avena, it does not yield the same advantage. In fact, for Avena
greater use of characteristics was associated with lower accuracy, sug-
gesting that additional features may introduce confusion or lead to
overinterpretation. This underscores the importance of not only the
number but also the relevance and clarity of the features selected during
the identification process.

Critically, this paper demonstrates that the DL model consistently
and reliably detects diagnostic characteristics leadings to correct iden-
tifications, including images that pose a challenge for human identifi-
cation. As outlined in the original publication of this model (Berganzo-
Besga, et al. 2022), the VGG19 architecture features a deep stack of
convolutional filters which automatically learns and detects low-level
features (e.g., edges, textures) in early layers and progresses to higher-
level, composite patterns in deeper layers. For multi-cell grass husk
phytoliths, the most recent publication (Berganzo-Besga et al. 2025)
shows that the model excels at capturing the diagnostic morphological
characteristics originally defined by Rosen (1992) (see figure 1, and
figure 2a), such as wave pattern, but also demonstrated unexpectedly,
that different characteristics (papillae, dendritic long-cell shape, and
wave pattern) may be emphasized for different Genera. For example, in
Avena classifications, papillae are used in 94% of the images compared
to 84% of those using the wave-pattern. This is a notable result because
unlike the DL model, manual experts, as this survey demonstrates, al-
ways prioritize wave pattern. Berganzo-Besga et al. (2025) also found
that the algorithm employed dendritic long-cell shape, as a category on
its” own (i.e. rather than being an aspect of wave pattern). The subtle,
repetitive, and interconnected structural details of multi-cell husk phy-
toliths are challenging for human analysts due to similarity across
genera and form complexity. The DL algorithm’s ability to ‘see’ and
prioritize or weight different characteristics is simply superior to manual
experts.

It should be noted that such low accuracy among experts (44%) does
not indicate that this is common in their own research. Specialists may
have invested less time and effort than they would have done in their
own research; there were limitations due to specialists being given an
image of the forms rather than viewing them under a microscope where
the focus could be altered and different characteristics more clearly
observed; some specialists may use a non-permanent mounting medium
in their own analysis allowing phytoliths to be reangled aiding
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identification; and for difficult to identify forms specialists may use
higher-powered microscopy allowing a much clearer and detailed view.
Additionally, experts might choose not to identify many examples
within an archaeological assemblage if they are deemed unsuitable (e.g.,
obscured or lack of features, unclear). For this reason, along with the
others mentioned, the use of machine learning in phytolith identifica-
tion becomes more relevant, as Al will always dedicate the same amount
of time and effort to reliably generate its classifications.

Taken together, these findings emphasize the need for greater in-
vestment in both manual training and methodological refinement. In
addition, the findings of this paper make clear that supporting analysts
with better tools must include continued investment in the development
of Al-assisted approaches. We advocate investing first in developing Al-
assisted approaches for those morphotypes that manual experts already
identify to genus, particularly those with complex 3D morphologies (e.
g., Banana (Musa sp.); Enset (Ensete sp.). While a complete DL identifi-
cation workflow for archaeological phytoliths is still some ways from
being operational, developing targeted Al identification tools, such as
the Berganzo-Besga et al. (2022) DL algorithm for the identification of
multi-cell cereal husks, could in the short-term help reduce identifica-
tion errors and improve the reliability of phytolith analyses. This work is
currently being undertaken in the Ramsey Laboratory for Environmental
Archaeology (RLEA), at the University of Toronto (Mississauga), and
involves expansion of the training data set (e.g. new samples, multiple
accessions), mass imaging of higher quality images (e.g. automatic z-
stack imaging workflow development) and algorithm development (e.g.
employing ensemble or stacking methods (Diez-Pastor, et al. 2024)).

5. Conclusion

The comparative analysis of Al versus manual expertise in phytolith
identification presented in this paper, underscores a transformative shift
in paleoethnobotanical research. The DL algorithm’s flawless 100%
result in classifying multi-cell husk phytoliths from wheat, barley, and
oats starkly contrasts with the 44% average accuracy achieved by
manual experts in the same survey, revealing the limitations of tradi-
tional manual methods. Notably, the significant difficulty in identifying
Avena (26.39% accuracy) compared to Hordeum (54.17%) and Triticum
(48.61%) highlights inconsistencies in human performance, particularly
for less familiar taxa. The lack of correlation between experience,
completion time, and accuracy further challenges assumptions about the
reliability of manual expertise. By employing diagnostic features like
wave patterns and papillae with superior precision, the DL algorithm not
only outperforms human analysts but also offers, in the long-term,
scalability for generating robust and accurate datasets critical to
reconstructing past human environments. While manual expertise is still
necessary for the application of phytolith analyses to archaeological
contexts, this study advocates for the integration of Al-assisted tools to
enhance accuracy and efficiency, signalling that automation, far from
opposing expertise, is poised to redefine it.
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