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Machine learning and topological
data analysis identify unique
features of human papillae in 3D
scans

Rayna Andreeva?, Anwesha Sarkar? & Rik Sarkar'™*

The tongue surface houses a range of papillae that are integral to the mechanics and chemistry

of taste and textural sensation. Although gustatory function of papillae is well investigated, the
uniqueness of papillae within and across individuals remains elusive. Here, we present the first
machine learning framework on 3D microscopic scans of human papillae (n = 2092), uncovering

the uniqueness of geometric and topological features of papillae. The finer differences in shapes

of papillae are investigated computationally based on a number of features derived from discrete
differential geometry and computational topology. Interpretable machine learning techniques show
that persistent homology features of the papillae shape are the most effective in predicting the
biological variables. Models trained on these features with small volumes of data samples predict the
type of papillae with an accuracy of 85%. The papillae type classification models can map the spatial
arrangement of filiform and fungiform papillae on a surface. Remarkably, the papillae are found to be
distinctive across individuals and an individual can be identified with an accuracy of 48% among the 15
participants from a single papillae. Collectively, this is the first evidence demonstrating that tongue
papillae can serve as a unique identifier, and inspires a new research direction for food preferences and
oral diagnostics.

The tongue is a highly sophisticated, heterogeneous anatomical structure and its operation is fundamental to
speech, friction regulation and oral processing of food. The surface of the tongue is covered with tiny projec-
tions known as papillae which enable perception of taste, texture and oral mechanics. Of these numerous ana-
tomical projections, fungiform papillae are considered as phenotypic markers of chemosensation of taste as they
house the taste buds', whereas filiform papillae that are devoid of taste buds are considered to be regulators of
mechanoreception? for textural perception. Women are believed to have more fungiform papillae and are classed
more frequently as supertasters®. On the other hand, increased number of papillae have been found to be associ-
ated with enhanced fatty perception*®. In addition to taste perception, papillae on the tongue are responsible for
mechano-sensing. Mechano-sensing refers to our ability to sense the texture, friction, lubrication and touch on
the tongue surface, and is carried out mainly by numerous filiform papillae that act as fine strain-amplified sen-
sors on the tongue surface. These sensory functions are critical for manipulation and transport of food and liquids
in the mouth?®. Such textural properties also influence our psychological reaction to food. For example, feelings
such as satiety and therefore hunger are influenced by perception of friction and lubrication”®. It has recently
been shown that our preference for certain food such as chocolates is driven by surface lubrication that can be
measured by artificial tongue-like surfaces’. Besides food preferences, there is burgeoning interest in understand-
ing the complex morphology of the tongue due to its involvement in various age-related oral conditions'®™*2,
mucosal degeneration and systemic diseases'>~!¢. Certain medical conditions!” and inter-individual differences
are known to be associated specifically with the morphology of the papillae and the tongue. Understanding the
finer details in morphology, differences in papillae structures can thus lead to fabricating novel bio-inspired
artificial surfaces in biomedical engineering, food engineering and therapeutics'®%.

The intricate geometry of the tongue at a microscopic scale can be appreciated in 3D scans (see Fig. 1). These
images are obtained via surface reconstruction of 3D optical scans of a silicone-polymer mask of a human tongue.
Fungiform papillae (Fig. 1b) are larger, sparsely distributed over the surface, and have a simple hemisphere-like
shape. The average diameter of a fungiform papilla is about 878 4m'8, and they are clearly visible in larger images
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Figure 1. 3D representation of a small portion of the dorsal part of the human tongue. Plot (a) shows the

3D mesh of tongue surface obtained from masks taken on a real human tongue. The color bar shows the
z-coordinate of the points on the surface representing the height. In plots (b) and (c) we see regions of the
tongue with (b) Single Fungiform papilla and (c) Multiple filiform papillae. We note the distinctive shapes of
papillae in plots (b) and (c), i.e. the dome-shaped Fungiform papilla in (b) and the crown-like shaped Filiform
papillae in (c). Impressions of human tongue was collected at University of Leeds (Ethics DREC ref: 120318/
AS/245, University of Leeds)'® from healthy adults (n = 15 subjects, 9 females, age 18-55 years).

(Fig. 1a). The filiform papillae show a more intricate crown shape (Fig. 1c). They are smaller (about 355um in
diameter) and substantially more numerous. A square centimeter of human tongue surface is estimated to contain
between 100 and 200 filiform papillae'®.

Although there has been significant research on the importance of papillae density, our understanding of
the papillae shapes and surface properties of the tongue suffers from the difficulty of extracting and analysing
geometry of papillae at microscopic scales. Previous studies have thus focused on manually localising papillae
from 2D images %, primarily focusing on fungiform papillae*.. Other works on biological surface data have used
conformal geometry and computational topology at larger scales. Examples of such techniques include shape
registration %%, segmentation and topological data analysis?*~*. Machine learning has recently emerged as a pow-
erful technique for diagnosis where large volumes of medical data or images are available?. These approaches
have largely focused on computing global functions such as a medical diagnosis from an image. However, to date
there is no machine learning model that can classify microscopic tongue papillae based on 3D data.

Herein, we present the first study of the 3D shapes of filiform and fungiform papillae in humans, with an
emphasis on the variations in the microscopic geometry seen in Fig. 1. We develop a machine learning based
framework applied to custom designed topological and geometric properties - called features — to understand
one fundamental issue: What separates one type of papillae from another? We also ask whether papillae are unique
across and within individuals based on finer geometric details. Instead of applying machine learning as a black
box application, we use statistics and explainable machine learning®**' to differentiate one type of papillae from
another and identify the most distinctive features.

We follow the process of Topological Data analysis, where implicit shapes in data are extracted as topological
features that form the basis of machine learning models. However, in addition to topological features, we also
make use of geometric features computed from discrete curvatures to understand the uniqueness of tongue
papillae. These features together are seen to have a high accuracy of 85% in correctly identifying the papilla type
(filiform or fungiform) in a small segment of a surface. As a result, we can now map the papillae arrangement
for the first time - including filiform papillae that are critical for developing biorelevant tribological surface and
unravelling mechano-sensing - as seen in Fig. 6.

Unprecedented analysis from our model reveals differences in papillae shapes across gender, age and indi-
viduals. We find that given a papilla, the age group and gender of the participant can be predicted to moderate
accuracy, and even the exact individual from among 15 participants can be identified with approximately 48%
accuracy, showing the first evidence for papillae to act as a unique identifier. This study demonstrating the
uniqueness of papillae geometry at microscopic length scales using discrete differential geometry and compu-
tational topology stands to benefit future development of 3D tongue models for enabling rational food design
diagnosis of oral medical conditions.

Results

Our analytic framework processes the data, computes the features, and then applies machine learning driven
analysis. We briefly explain the data processing and feature extraction. Then we proceed with a machine learning
driven analysis of the feature set, prediction of gender, age and papillae type that reveals insights about papillae.

The data is obtained as 3D digital scans. The process starts with taking masks of the dorsal area of tongue of
participants on silicone polymers. These masks are scanned using a 3D scanner, which yields a set of 3D points.
These points are then passed through a surface reconstruction algorithm®? implemented in Meshlab®’, which
yields a mesh and a corresponding surface (see Fig. 1). This process was developed by Andablo et al.’s.

From this mesh data, we extract segments that are candidates for papillae. The extraction process is as follows.
Around a point P on the surface, select the set B of points within a radius 7 + 8, where r = max(*fungiform» "filiform)
pmand § = 100pm, which we find to work well in practice. A plane fit to B based on the RANSAC algorithm®*
represents our best approximation of the plane of the segment base. The local maximum m in the segment is
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defined as the point furthest away from the plane. This point is assumed to be the peak of a papilla, if present.
Finally, we cut a region of radius r around m representing a candidate mesh for a papilla. Figure 2a and b show
such extracted segments for a fungiform and filiform papilla, while Fig. 2c shows general surface area without
any papilla. These three kinds of elements are the basis of our study.

A total of 2092 segments extracted from scans of 15 participants were labeled manually as Fungiform, Filiform
or None. In the statistical workflow, a random subset of the segments (called the training set) is used to develop
statistical models, while the remaining (the test set) — whose labels are unknown to the model - are used to test
the accuracy of the models in a task of correctly predicting the label class (called classification). All accuracies
reported in this paper are accuracy on the test set of unseen data. The analysis and machine learning are carried
out on a large set of features (Table S1). In past work'8, baseline features height and radii have been found to be
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Figure 2. Papillae identification and topological feature characterization. Plots (a-c) show how the

candidates for papillae from one Participant (Participant id 3) as meshes, using the library open3d. They

are representatives from the 3 classes (a) Funigform, (b) Filiform and (c) None - no papilla. Plots (d-f) show
their respective topological representations of (a—c) in the form of persistent diagrams measuring two main
topological features: Hp — the connected components and H; - the equivalent loops. Plots (g-i) show the
equivalent representation of the persistent diagram in the form of a barcode, where the bars in red correspond
to the connected components and the bars in blue - to the loops. Each bar represents a persistent generator,
which is an interval where its left end point corresponds to the first filtration level where this topological feature
appears, and its right end point is the filtration level where it disappears. Plots (j) and (k) show the kernel
density estimate (KDE) using Gaussian kernels — plots representing the distribution of the lengths of bars from
the barcode (for a—c). Plot () reveals the curvature distribution across the different labels.
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distinctive between papillae types. Our more comprehensive segment dataset and computational models improve
upon these baseline features to attain high accuracy automated detection of papillae type and other tasks.

Features and feature visualisation

Features can be considered at different scales. At the global scale, a topological invariant of the entire papilla may
be a distinctive feature. At the local scale of the neighborhood of a point on the surface, geometric properties
- in particular, curvature of points in the neighborhood - best characterise the local shape of the surface. Local
properties can be aggregated over the entire papilla to obtain a global feature. We describe below the significance
of topological and geometric quantities in this context.

Topological features

In this work, topological properties are computed via persistent homology. In this approach, each vertex (for us,
a point on the reconstructed surface) is treated as the center of a growing ball, and the union of these balls is
observed for changing topology. One way to interpret computational persistent homology is that it monitors
topological features of different dimensions as they are born and die with the growth of the balls. Connected
components in 0-dimension, loops in 1-dimension, and higher dimensional spheres in higher dimeensions.
For a comprehensive introduction see the text by Edelsbrunner and Harer®. Figure 2d-i show the persistent
topological components for the three types of segments, where the scale is measured in pwm. Figure 2d—f show
the persistent diagram view, where each component manifests as a point indexed by its birth and death time. The
difference in distribution of the points across plots suggests that there are variations in topological features for
different segments. Figure 2g—i show an alternative view of the same data, called the barcode view - where each
bar shows the life duration of a topological component. From these sets of bars we can derive statistical features
based on the distribution of bar lengths and more sophisticated methods. The feature which we have used in this
work are based on persistent entropy, persistent images, persistence landscapes and amplitudes (please refer to
the "Methods" section for detailed definition of each of the features and Table S1).

The distribution of bars at different lengths for Hy (connected components) are shown in Fig. 2j,k as the kernel
density estimates. Fungiform bar lengths in Plot 2(j) have higher density for shorter bars of length between 0 and
10 as compared to Filiform and None (around 0.01), and then again in the mid range between 17 and 25, where
all densities achieve their maximum. There are considerably fewer longer bars for Fungiform as compared to
Filiform and None, which dominate the longer bar end of the spectrum. In plot (k) with densities H;, we note
that the density of short bars (lengths between 0 and 10) are higher for Fungifrom (0.07), followed by Filiform
(0.065) and None (0.06). Thus there seems to be one predominant region of major difference, while Hy shows
greater variation across types.

Geometric (curvature) features

Curvature is locally defined at each point and is a complete descriptor of a surface. Positive curvature occurs
where the surface matches a region of a sphere, for example at the top of a fungiform papilla. Sharp peaks are
characterised by high positive curvature, while gentle tops, such as at the top of the fungiform papillae, have
lower positive curvature. Negative curvatures are observed in saddle shaped neighborhoods, for example, around
the base of papillae.

In digital discrete data, where manifolds are piecewise linear (triangulated) meshes, as in our case, curvature
is computed at each vertex of the mesh as the angle deficit of the manifold (see "Methods" section for details).
For our analysis, we compute curvatures on a sample of points in the segment. The geometric features of a seg-
ment include quantities such as the maximum and minimum of Gaussian curvatures, percentage of points with
positive and negative Gaussian curvature, and other aggregated quantities (See Table S1).

The distribution of curvatures of the segments in Fig. 2a-c are shown in Fig. 2l. For all types of papillae,
most points are seen to be concentrated around small values of curvature close to zero. In particular, fungiform
papillae have more points of near zero curvature, as can be expected from fungiforms having mostly flat or
gently curving surfaces. In contrast, filliform and even generic surface areas are seen to have greater fraction of
sharper curvature points.

Feature visualisation

The correlation matrix of features is shown in Fig. S4 in the Supplementary material. This set of features were
selected after removing features with correlation higher than 0.65. The features remaining on this matrix show
little correlation with each other, implying that they capture mutually distinct information, and thus they are
informative in our analysis. Correlations by papillae type are shown in Fig. S3. PCA-based embedding of the data
(Supplementary Fig. S2) shows overlap between classes. However, a non-linear method called Uniform Manifold
Approximation and Projection for Dimension Reduction (UMAP)*® does cluster the data in ways that show clear
separation between classes (Fig. S5), implying implicit distinction between the classes. Next, we examine these
features in order to quantify more closely their usefulness.

Feature analysis and feature importance

Various features may have different levels of importance in the distinction between papillae. The importance of
a feature is a fundamental question in the field of explainable machine learning, and is usually determined by
its contribution to a classification model. It is a somewhat complex measure that is difficult to derive by looking
at the feature in isolation. For our purposes, we use the technique called permutation feature importance®’, and
compute the contribution of these features to a class of standard classifiers called Kernel SVMs. The permuta-
tion feature importance method evaluates a feature f by nullifying f of the test data and observing the drop
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classification accuracy of the model. A large drop in accuracy implies fis an important attribute for the classifier
model. The effect of nullifying fis achieved by permuting the values of famong the test data points.

Figure 3 shows three most important features in determining each of the four labels of interest to us: the
papillae type, the gender, the age and the participant id. The main observation here is that certain topological
features are seen to be consistently important in these tasks (Fig. 3a-d). Topological features overall are also
found to contribute more to prediction accuracy than other features (Fig. 3e).

Type prediction features

The KDE plots of the most important features for the papillae type classification task are presented in Fig. S7,
and the box plots and the aggregated distributions are shown in Supplementary Fig. S1. The three distinctive
features are seen to have very different distributions for the different types of segments, which explains their
effectiveness in classification.

Gender prediction features

We have two topological and one curvature feature at the top three for gender prediction task, whose box plots
and aggregated distributions can be found in Fig. 4. Persistent entropy (0) (Fig. 4a), Maximum Gaussian cur-
vature (Fig. 4b) and Short bars (1) (Fig. 4c) are all important features for determining gender. Figure 4a, shows
that the female participants tend to have a higher median value of the max Gaussian curvature (which holds
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Figure 3. Feature importance across the classification tasks. The plots (a—d) represent the three most important
features in the individual classification tasks. In particular, in plot (a) we see the papillae type task feature
importance, in plot (b) Gender task features ordered by importance, in plot (c) the age task features and in

plot (d) the participant task features ordered by importance. The x-axis represents the accuracy drop when the
feature of interest is permuted, and the black line represents the standard deviation over 30 runs. In plot (d) we
see the relative importance of all features from each kind in each task. The curvature followed by topological
features are the most important for papillae type classification; the topological features are the most important
for the Gender classification task; the topological are even more important for the Age classification task. In
plot (e), we note the growing relative importance of topological features from 0.34 to 0.69 and the diminishing
importance of the baseline features from 0.22 to 0.04, from left to right. The curvature features are the most
important for the Type task with 0.44 and maintain consistent medium importance across the Gender, Age and
Participant prediction task with 0.28, 0.25 and 0.27, respectively.
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Figure 4. Important features for gender classification. The most important features for gender classification
and its aggregate distribution. Both the aggregate and individual distributions show that the females have lower
number of short bars than males.

for both Fungiform and Filiform) as compared to male participants, which could be linked to female papillae
being ‘sharper), or ‘pointier’

Age prediction features

Topological features also dominate the age-prediction task, as seen in Fig. 3. The box plots and aggregated dis-
tributions of the top three features are presented in Fig. 5 - Persistent entropy (0) (Fig. 5a), Amplitude(Image,0)
(Fig. 5b) and Maximum Gaussian (Fig. 5¢) are the most important features for the age classification task. The
baseline features (Height, Radius) are not amongst the most essential for this task, suggesting that their char-
acteristics do not differ much for the two age groups in this study. An interesting observation is that height is
more important than radius. The distributions can be seen in Fig. 5. Similar to the gender-prediction task, the
Maximum Gaussian curvature feature (Fig. 5b) is one of the most important. The median for the younger age
group is 0.269 (n = 840) and for the older is 0.166 (n = 640), implying some difference between the two groups,
with the younger group having ‘pointier’ papillae. This holds both for Fungiform and Filiform.
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Figure 5. Important features for age classification. The most important features for age classification and its
aggregate distribution.

Predicting gender, age and participant from papillae structure

Having understood the differences in papillae structure based on gender and age, we ask if one can easily predict
gender, age and the participant given a papilla. Specifically, we ask if the papillae and the features identified above
contain sufficient information to allow simple statistical methods to carry out accurate prediction.

Gender prediction

In this task we predict the biological gender of the participants. The classification performance is presented in
Table 1. The models trained on topological features result in accuracy of 65%, outperforming the curvature fea-
tures by 5% and baseline features by 14%. Using all the features together marginally improves accuracy to 67%.

Age prediction

The participants are split into two groups depending on their age. The cut-off is 29 to achieve a close to equal
split. The classification statistics are shown in Table 1. The results follow similar pattern to the gender prediction
task. The topological features on their own achieve classification accuracy of 0.73, closely followed by curvature
with 0.67. The baseline features are behind by almost 0.10, with a score of 0.58. Combining the features once
again improves accuracy to 0.75. Results for Leave One Group Out test, where the age and gender of an unseen
participant is predicted based on data from the others is shown in Supplementary Table S4.

Participant identity prediction

In this task we predict the participant from their papillae. The balanced accuracy of the topological features (39%)
are almost double that of curvature features (22%). This is illustrated by the most important features as well, as
all three of them are topological. Unlike in the previous two tasks for gender and age, here combining all the
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Baseline features 0.57 £ 0.02 0.52 4+ 0.03 0.18 4 0.02
Curvature features 0.66 & 0.02 0.59 +0.03 0.22 £0.02
Topological features | 0.72 £ 0.01 0.65 %+ 0.02 0.39 £0.03
All combined 0.74 + 0.02 0.67 £ 0.02 0.48 +0.02

Table 1. Balanced accuracies for age, gender and participant prediction tasks. The topological features
outperform the curvature and baseline features across all three tasks, and adding all features together does not
improve the accuracy significantly for the age and gender tasks (only 0.02 increase). However, this is not the
case for the participant prediction task, where the performance improves with 0.09. These results suggest that
the topological information is a good indicator of age and gender. Highest accuracy values are in bold.

features brings a significant improvement in the balanced accuracy score to 48%, suggesting that both the local
and global information can contribute to predicting the identity of the participant. Note that while accuracies
around 40% to 50% as seen here are not good on binary classification tasks, in this case the task is distinction
among 15 participants. A baseline rate of random prediction in this case will produce an accuracy of only 6%.
The features thus distinguish participants to a high degree of distinctiveness.

Papillae detection and type classification

The final result is the accuracy of the classification task for 3-class classification (fungiform vs. filiform vs. none)
based on the features (Table S1). The classification statistics are shown in Table 2. The accuracy of the topological
features is better than the baseline and the curvature features, and combining all features together provides the
best accuracy. We achieve balanced accuracy of 0.72 for the topological, 0.67 for the curvature and 0.62 for the
baseline. Combining all the features increases the performance to 0.85.

Baseline (height, radius) 0.62 £0.03 0.57 £0.03 0.59 £0.14 0.55+0.11
Curvature (our method) 0.67 +£0.03 0.60 +0.03 0.67 +0.05 0.65 +0.03
Topological (our method) 0.72 +0.03 0.67 +0.03 0.72 +£0.08 0.69 + 0.08
All combined 0.85 +0.02 0.80 £0.02 0.83 £ 0.05 0.80 £ 0.06

Table 2. Comparison of classification results for the classification task for 3-class classification (fungiform vs.
filiform vs. none) with random split and using Leave-One-Group-Out (LOGO), where the test data are taken
from a single participant and training is carried out on samples from all other participants. The models used
are support vector machines (SVM) and logistic regression (LR). The standard deviation for the baseline and
topological features is larger for LOGO, suggesting that there is higher variation between participants for these
feature sets. This is not the case for the curvature features, which appear to be more similar and stable across
participants. However, when all the features are combined, the balanced accuracy is improved and the standard
deviation is relatively low. Highest accuracy values are in bold.

Figure 6. Automatic identification of tongue papillae. Illustration of the result of our tool for positioning
papillae on the surface of the human tongue. Here our tool has detected the positions of fungiform (in blue) and
filiform (in yellow) on the tongue surface. It has found 14 fungiform and 40 filiform papillae. As a red dot we see
the centre of the papillae, which is determined as the local maxima for the structure with the highest distance
from a fitted plane, using the RANSAC algorithm.
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Application of classification model

The machine learning model developed can be used for accurate papillae detection and positioning on segments
from a single person’s tongue. Figure 6 shows the method accurately positions the fungiform form (in blue) and
filiform (in yellow) on a tongue segment from one participant. This automated approach can thus efficiently and
accurately construct maps or tongue prints from given tongue masks.

Discussion

We have presented here the first study of the 3D shapes of human papillae based on high resolution scans. Our
study is based on a novel framework combining geometry, topology and machine learning. Past research®** has
focused on fungiform papillae in 2D images. In contrast, our microscale 3D reconstruction based approach can
detect filliform papillae and non-papillated areas of the tongue, which are hard to distinguish with the naked
eye and 2D images. Recent research has shown that the human perception of food is governed not only by the
chemical sensation of faste, but also heavily by the mechanosensation, i.e. texture perceived by filliform papillae,
for example, in the perception of soft textured delicacies such as chocolates’. Of more importance, the framework
proposed here can be extended beyond the tongue papillae to the general study of shape and arrangement of
microscale surface elements such as finger-like projections that are omnipresent in biology.

To capture the intricate biological shape information, we have developed a pool of geometric and topological
features. While 3D geometric and topological transformations have previously been used to process biological
scan information***!, we employ a unique approach and treat them as statistical data that are fed to a machine
learning system. In this approach, curvature statistics are used for aggregated local information, while persistent
homology is used for global characteristics. Based on the subject of study, other features may be used. In our
analysis topological features turn out to be more informative in prediction. Recent research*? has suggested that
persistent homology can capture local shape information as well as global properties. Our results on tongue
papillae are consistent with this idea.

The analytics are based on machine learning models. The models themselves are built to predict the relevant
variables of type, age, gender and participant, but our objective was to gain a better understanding of variations
across classes and features. We thus used permutation feature importance to evaluate how each feature contrib-
utes to each model. From a pure accuracy point of view, large neural network models*® trained on big datasets
are considered the most successful current paradigm*. However, our objective in this study was to develop an
interpretable framework for investigation of biological surface features, operating on relatively few samples
from few participants. We have thus used simpler models that can be trained with smaller quantities of data. The
accuracy of the results with simple models gives us confidence in our conclusion of feature importances and in
the feasibility of highly accurate machine learning models in future research.

The tasks for prediction of age group and gender suffer from the small number of participants. Machine learn-
ing models for these tasks achieve balanced accuracies of approximately 74% and 67% respectively. Note that for
such binary prediction, a random prediction model achieves 50% accuracy. The results suggest that geometric
and topological features do vary to an extent across these variables, but more data will be needed to confirm the
result and the nature of variation. The higher max Gaussian curvature appears as an important feature for female
participants and the younger age group, suggesting more sharply curved or pointy shapes in these demographics.
In past research, women and younger people have been noted to have higher density of fungiform papillae, which
has been attributed to variations in taste perception, and women have been observed to be supertasters more
frequently®*>#6. The curvature variation implies a difference in papillae shapes that could be contributing to the
sensory differences as well. Fungiform papillae density has been noted* to drop above an age of 65. In our study
the participants were within the relatively young range of 22 — 37. The shape features show some variations to
reach a classification accuracy of 74% between age groups 22 — 28 and 29 — 37. The Leave One Group Out test
on age and gender (Supplementary Table S4) shows lower accuracy and greater variability. Certain individuals
seem harder to model in this task. Further investigation with more participants will be required to gain greater
insight into this issue.

The papillae type detection results are more accurate at 85% and based on a large number of papillae, which
gives us confidence that the model is truly accurate. To confirm that the models generalise to unseen participants,
we carry out the Leave One Group Out test, and find that the accuracy holds up even on samples from a com-
pletely unseen participant, which confirms that the models can be used to classify and localise papillae on new
tongue impressions. The papillae type model can thus be used to automatically identify filiform and fungiform
papillae on scans of new tongue impressions.

The individual participant model shows 48% balanced accuracy and 51% raw accuracy. This score is not
impressive in a binary classification task, but our participant prediction task is a multi-class one, with 15 pos-
sible classes. A papilla could have belonged to any one of the 15 classes, and a random predictor would have
an accuracy of only 6.66%. Considering the sample sizes from different participants, (Table S2) a predictor that
always predicts the largest class can achieve an accuracy of 11%. In comparison, the model achieves between 4 to
8 times the accuracy of these baselines based on the distinctiveness in the data of a single papilla. This distinctive-
ness may have multiple contributing factors - these can be true inter-individual variations as well as variations
in experimental conditions in collecting the masks. The exact cause of this difference will require further study.
Note that while the age, gender and participant identification tasks suggest unique individual characteristics,
the success of the type identification task suggest a complementary conclusion of significant similarity within
types and across individuals. Larger studies can potentially address some of these issues using larger models and
more complex features, such as persistent homology of curvature functions.

The framework and discriminative models presented here enable deeper study of the papillae structure and
their variations and arrangements. The model for localising and classifying papillae (as seen in Fig. 6) enables
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the study of the overall tongue surface, or fongue prints. Such arrangements of papillae are known to influence
the surface properties of the tongue and its perception abilities'®. Our data and past research have shown that
the distribution of papillae vary across individuals. A detailed study of this variation across various demographic
parameters could reveal insights into preferences, cultures and medical conditions. Arrangements identified by
our models could be used to build generative models that can fuel such insights and can create more realistic
surfaces for use in food engineering and development of oral diagnostics. Ultimately, this study offers a new
dimension showing papillae as an unique identifier for the first time in the literature which needs further valida-
tion using this developed method for a larger dataset of participants.

Methods

Data collection

Collection of human tongue silicone impressions

The data in this study has been obtained from 3D optical scans of masks of real human tongues from 15 healthy
participants performed using an Alicona InfiniteFocus (IF), details of the data collection has been described in
a previous publication'®. Negative impressions of the upper surface of the tongue were collected from (n = 15
subjects, the mean age in years is 29.1, SD=3.7), 6 male and 9 female. More detailed information can be found
in Table S3.

Experimental protocol

The study adhered to all relevant guidelines and regulations. Signed informed consent was obtained from all
participants before undertaking the experimental protocol. The ethics declaration is included at the end of this
section.

Dataset generation for papillae

Each participant’s point cloud was split into two smaller parts of approximate size 13mm by 9mm in order to
reduce the size of the point cloud. On each part, The Screened Poisson surface reconstruction®? in Meshlab*? is
applied. Then, a number of circular segments of radius r + 8, where r is set to match max(*fungiform» "filiform) b
and § = 100, were extracted according to our algorithm for extracting candidates for papillae locations described
below. Based on previous work'® and our experiments in detecting papillae, we find that Tfungiform = 439 Tfiliform =
177.5 work well for automated detection. These segments have been manually labelled into one of three classes:
fungiform papillae, filiform papillae or None (neither a fungiform nor a filiform). The final dataset consists of
414 fungiform, 1489 filiform and 190 None, resulting in 2092 tongue segments in total. The number of segments
per participants can be found in Table S2.

Finding candidates for papillae locations

The pipeline for segment extraction works as follows. First, we pick a random point P on the surface. Then, we
select a radius r + § of points around P, where we set r to match max(rfungiforms *filiform) m. Note that the distance
from P is computed as the 3D Euclidean distance in the ambient space. If the set of points contain disconnected
components, then components not containing P are discareded from the computation. We set § = 100 to fully
cover any papilla in the region. After that, we fit a plane based on the RANSAC algorithm* and identify the point
M furthest away from the plane, which will be a local maxima. We identify it to be the centre of the segment.
Finally, we cut a region of radius r around m as a candidate segment. This process is applied repeatedly to identify
multiple papilla segments. In future iterations, any maximum within a previously processed segment is ignored.
Number of iterations and samples in our experiments were limited by the need for manual labelling. In applying
our model for mapping papillae (e.g. as in Fig. 6) the process can be continued until no new papillae is found.

UMARP for visualisation

UMAP*® represents data by fitting it to non-linear manifolds and thus can capture complex information. We have
used the supervised version of the method for visualisation. The supervised method explicitly tries to separate
known classes by embedding their connectivity graphs. We use it to test presence of distinction between classes.

Baseline, curvature and topological features
Three sets of features are extracted from each of the selected segments — baseline, curvature and topological.

Baseline features

We use geometric measurements for baseline feature identification, which comprises of two quantitative shape
characteristics of the papillae: height and radius. From the data presented in Table in ref.'®, based on Tukey’s
test for statistical significance of the means and standard deviation, the diameter (and the radius, respectively)
and height are different between fungiform and filiform. Therefore, they can serve as features for distinguishing
between the three classes.

We note that defining the height and radius automatically is a challenging task due to the irregular nature
of these structures and to our knowledge no unambiguous definitions exist in the literature to date to identify
these features accurately. Human participants do this manually by observing the continuity of the papillae from
the base to the tip.

We compute height and radius as follows. The point m, identified as the local maximum for the segment, as
the centre of the structure. Then we define the radius r as the radius value of the sphere, centered at M, which
contains 90% of the points in the segment. We compute this iteratively, by first guessing the value of the radius
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i as a small value (100pum), and count the number of points in the neighbourhood of radius i (we use KDTree
with FLANN® for nearest neighbor search). We then increase i by 10, until the number of points contained
in the neighbourhood exceeds 90% of all points. The value of i at the stopping condition is our candidate for
radius value, r. The computation of the height, h, is dependent on the value of . It works as follows: we first cut a
region around the centre of radius r, we then fit a plane using the RANSAC algorithm® and find the maximum
distance from the plane to the local maximum point M. This value is our height value, h. All the computations
have been performed using the Python libraries open3d and numpy. The algorithm is mimicking the manual
procedure which a tongue expert would use to compute these values. An illustration of the procedure can be
found in Fig. S8.

Curvature features

For each x € H, where H is the surface generated by the Poisson surface reconstruction process, we compute
the discrete curvature as defined by Meyer et al.”. The definition in the discrete case on the triangular mesh is
via the vertex’s angular deficit kg (v;) = 27 — ZjeN(i) 0jj, where N(i) are the triangles incident on vertex i and
8jj is the angle at vertex i in triangle j. The way that Gaussian and mean curvatures are computed uses averaging
Voronoi cells and the mixed Finite-Element/Finite-Volume method™. We use the existing implementation from
the Python version of Meshlab, called pymeshlab®.

We use the maximum and minimum of the Gaussian and mean curvature as features, the ratio of positively
curved points to the number of all points in the mesh (kpositiveratio), and we introduced a new feature called
curvature ratio (kraso). Let x be the number of points of positive curvature, and y be the number of points of
negative curvature. Therefore, we define the curvature ratio kg4, to be krarip = % ify < xandkygrip = 2ifx < y.
The signs of the mean and the Gaussian curvature provide plenty of information about the local behavior of the
surface®?. We computed the discrete Gaussian and mean curvature for all meshes and calculated the number of
vertices of positive and negative curvature (after the Poisson surface reconstruction filter). The ratio of positively
curved points to the number of all points in the mesh is defined as kpositiveratio = ﬁ The full list and intuitive
interpretations are provided in the Supplementary material, Table S1.

Topological features
We subsample the 3D point clouds to 1000 points each and compute the Vietoris-Rips complex, using the Euclid-
ean distance as a filtration. Persistent homology*® of the 3D point cloud was computed using the giotto-tda
library® and ripser®. We then generate 12 features which are one number summary of the diagram, providing
different topological information. For more details on persistent homology, please refer to the Supplementary
material.

Short bars are the number of intervals of length between 0 and 10. We compute them both in homology
dimension 0 and 1. This features has been found to capture the local geometry of an object*?

Persistent entropy®>® is the measure of the entropy of the points in a persistent diagram. Concretely, let
D = {(b;, di)}ic1 be a persistent diagram with non-infinite death times, i.e. d; < oc. Then, the persistence entropy
of D is defined as Pg(D) = >, pi log(pi), where p; = (d"Li_Db") and Lp = Y ,;;(d; — b;). We compute persistent
entropy in dimension 0 and 1, and denote it by Persistent entropy (0) and Persistent entropy (1).

Persistence landscapes: Given a persistent diagram D = {(b;, d;) }icJ, its persistence landscape is the set { A }xen
of functions A (t) : R — [0, 0], where i (t) is the k-th largest value of the set {g(s, 4, (x)}/-,, where g4y = 0

ifx ¢ (b,d); gua) =x —bifx e (b, b;—d) and g0y = —x +difx € (H—d, d). The parameter k is called a layer.
In this work we consider the case when k = 1.

Persistence image: diagrams are converted to sums of Dirac deltas. The convolution with Gaussian kernel is
performed, where the computation is done over a grid with rectangular shape. The locations of the points are
evenly sampled from the values of the filtration, turning it into a raster image, which is then flattened into a
vector.

Amplitude can be defined as the distance from the persistent diagram to the empty diagram, which contains
only the diagonal points. Here we use 2 kernels (persistence landscapes®” and persistence image®®) and the
amplitude of the kernel is computed using the L2 norm, and 2 metrics (Wasserstein and Bottleneck). For the
computation, we use the default parameters in giotto-tda.

We here denote Persistence image amplitude by Amplitude (Image, 0) Amplitude (Image, 1) for the compu-
tation of the amplitude with the persistent image kernel (which is the is the L2 norm of that vector) in homol-
ogy dimension 0 and 1, respectively. Similarly, Amplitude (Landscape, 0) and Amplitude (Landscape, 1) is the
Persistence Landscape amplitude in homology dimension 0 and 1.

The Wasserstein amplitude of order p is the Lp norm of the vector of point distances to the diagonal, which

1
is Ay = #(Zid(di — b;)P)? . Here we use p = 2. Similarly, the Bottleneck amplitude, Ag, is defined by let-
ting p to oo in the definition of the Wasserstein amplitude. In other words, it is a fraction of the longest bar

A = % sup;c;(d; — b;). We denote them by Amplitude (Wasserstein, 0), Amplitude (Wasserstein, 1) and
Amplitude (Bottleneck, 0), Amplitude (Bottleneck, 1) respectively, corresponding to the different homology
dimensions.

Machine learning and statistics

Classification models

The experiments use classes of simple models — Support vector machines (SVMs) and Logistic regression models.
The implementations from scikit-1learn® were used without modification and with the default hyperpa-
rameters. The SVMs were used with a radial basis kernel (RBF). Details of these techniques can be found in any
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introductory book on machine learning. We use 20% of the data for testing and the other 80% for training using
arandom split. The procedure is repeated 50 times.

Performance metrics for machine learning

Accuracy represents the proportion of correct predictions made by the model out of the total number of predic-
tions. To adjust for the varying number of samples across classes, we compute the balanced accuracy. It calculates
the average of the correct classification proportions for both positive and negative observations.

Feature importance
The plots are based on classification by the best balanced accuracy split of the data, and 30 permutations of the
features for that split. The black line represents the standard deviation of the feature importance over the 30 runs.

Ethics declarations

Signed informed consent was obtained from all participants before undertaking the experimental protocol. Ethi-
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Received: 29 July 2023; Accepted: 2 November 2023
Published online: 14 December 2023

References

1. Miller, I J. Jr. & Reedy, E. E. Jr. Variations in human taste bud density and taste intensity perception. Physiol. Behav. 47,1213-1219
(1990).

2. Lauga, E., Pipe, C.J. & Le Révérend, B. Sensing in the mouth: A model for filiform papillae as strain amplifiers. Front. Phys. 4, 35
(2016).

3. Bartoshuk, L. M., Duffy, V. B. & Miller, I. J. PTC/PROP tasting: Anatomy, psychophysics, and sex effects. Physiol. Behav. 56,
1165-1171 (1994).

4. Jilani, H. et al. Association between the number of fungiform papillae on the tip of the tongue and sensory taste perception in
children. Food Nutr. Res. 61, 1348865 (2017).

5. Zhou, X. et al. Individual differences in oral tactile sensitivity and gustatory fatty acid sensitivity and their relationship with
fungiform papillae density, mouth behaviour and texture perception of a food model varying in fat. Food Qual. Pref. 90, 104116
(2021).

6. Sarkar, A., Andablo-Reyes, E., Bryant, M., Dowson, D. & Neville, A. Lubrication of soft oral surfaces. Curr. Opin. Colloid Interface
Sci. 39, 61-75 (2019).

7. Stribitcaia, E., Evans, C. E., Gibbons, C., Blundell, J. & Sarkar, A. Food texture influences on satiety: Systematic review and meta-
analysis. Sci. Rep. 10, 1-18 (2020).

8. Krop, E. M., Hetherington, M. M., Miquel, S. & Sarkar, A. The influence of oral lubrication on food intake: A proof-of-concept
study. Food Qual. Pref. 74, 118-124 (2019).

9. Soltanahmadi, S., Bryant, M. & Sarkar, A. Insights into the multiscale lubrication mechanism of edible phase change materials.
ACS Appl. Mater. Interfaces 15, 3699-3712 (2023).

10. Tamura, E, Kikutani, T, Tohara, T., Yoshida, M. & Yaegaki, K. Tongue thickness relates to nutritional status in the elderly. Dysphagia
27, 556-561 (2012).

11. Xu, E, Laguna, L. & Sarkar, A. Aging-related changes in quantity and quality of saliva: Where do we stand in our understanding?.
J. Text. Stud. 50, 27-35 (2019).

12. Hu, J., Andablo-Reyes, E., Mighell, A., Pavitt, S. & Sarkar, A. Dry mouth diagnosis and saliva substitutes-a review from a textural
perspective. J. Text. Stud. 52, 141-156 (2021).

13. Murphy, L., French, P, Waters, A., Clement, W. A. & Kubba, H. Dorsal midline tongue masses in children. Int. J. Pediatr. Otorhi-
nolaryngol. Extra 13, 40-43 (2016).

14. Porter, S., Mercadante, V. & Fedele, S. Oral manifestations of systemic disease. Br. Dent. J. 223, 683-691 (2017).

15. Huang, N. et al. Sars-cov-2 infection of the oral cavity and saliva. Nat. Med. 27, 892-903 (2021).

16. Jin, J. Absence of tongue papillae as a sign of disease. J. Am. Acad. Dermatol. 83, e425 (2020).

17. Maeda, M. Dermoscopic patterns of the filiform papillae of the tongue in patients with sjogren’s syndrome. J. Dermatol. 33, 96-102
(2006).

18. Andablo-Reyes, E. et al. 3d biomimetic tongue-emulating surfaces for tribological applications. ACS Appl. Mater. Interfaces 12,
49371-49385 (2020).

19. Arzt, E., Quan, H., McMeeking, R. M. & Hensel, R. Functional surface microstructures inspired by nature-from adhesion and
wetting principles to sustainable new devices. Prog. Mater. Sci. 120, 100823 (2021).

20. Nuessle, T. M., Garneau, N. L., Sloan, M. M. & Santorico, S. A. Denver papillae protocol for objective analysis of fungiform papillae.
J. Vis. Exp. JoVE 100, 52860 (2015).

21. Cattaneo, C. et al. Comparison of manual and machine learning image processing approaches to determine fungiform papillae
on the tongue. Sci. Rep. 10, 1-15 (2020).

22. Hong, W,, Gu, X,, Qiu, F, Jin, M. & Kaufman, A. Conformal virtual colon flattening. In Proc. of the 2006 ACM symposium on
Solid and physical modeling, 85-93 (2006).

23. Amézquita, E. J., Quigley, M. Y., Ophelders, T., Munch, E. & Chitwood, D. H. The shape of things to come: Topological data analysis
and biology, from molecules to organisms. Dev. Dyn. 249, 816-833 (2020).

24. Nicolau, M., Levine, A. J. & Carlsson, G. Topology based data analysis identifies a subgroup of breast cancers with a unique muta-
tional profile and excellent survival. Proc. Natl. Acad. Sci. 108, 7265-7270 (2011).

25. Oyama, A. et al. Hepatic tumor classification using texture and topology analysis of non-contrast-enhanced three-dimensional
t1-weighted mr images with a radiomics approach. Sci. Rep. 9, 1-10 (2019).

Scientific Reports |

(2023) 13:21529 | https://doi.org/10.1038/s41598-023-46535-9 nature portfolio



www.nature.com/scientificreports/

26. Krishnapriyan, A. S., Montoya, J., Haranczyk, M., Hummelshgj, J. & Morozov, D. Machine learning with persistent homology and
chemical word embeddings improves prediction accuracy and interpretability in metal-organic frameworks. Sci. Rep. 11, 8888
(2021).

27. Saadat-Yazdi, A., Andreeva, R. & Sarkar, R. Topological detection of Alzheimer’s disease using betti curves. In Interpretability
of Machine Intelligence in Medical Image Computing, and Topological Data Analysis and Its Applications for Medical Data: 4th
International Workshop, iMIMIC 2021, and 1st International Workshop, TDA4MedicalData 2021, Held in Conjunction with
MICCAI 2021, Strasbourg, France, September 27, 2021, Proceedings 4, 119-128 (Springer, 2021).

28. Khalil, R, Kallel, S., Farhat, A. & Dlotko, P. Topological sholl descriptors for neuronal clustering and classification. PLoS Comput.
Biol. 18, 1010229 (2022).

29. Cai, L., Gao, J. & Zhao, D. A review of the application of deep learning in medical image classification and segmentation. Ann.
Transl. Med. 8,713 (2020).

30. Molnar, C. Interpretable Machine Learning (Lulu. com, 2020).

31. Du, M,, Liu, N. & Hu, X. Techniques for interpretable machine learning. Commun. ACM 63, 68-77 (2019).

32. Kazhdan, M. & Hoppe, H. Screened poisson surface reconstruction. ACM Trans. Graph. (ToG) 32, 1-13 (2013).

33. Cignoni, P. et al. Meshlab: An open-source mesh processing tool. In Eurographics Italian Chapter Conference Vol. 2008 (eds Cignoni,
P. et al.) 129-136 (Salerno, 2008).

34. Fischler, M. A. & Bolles, R. C. Random sample consensus: A paradigm for model fitting with applications to image analysis and
automated cartography. Commun. ACM 24, 381-395 (1981).

35. Edelsbrunner, H. & Harer, J. L. Computational Topology: An Introduction (American Mathematical Society, 2022).

36. Mclnnes, L., Healy, J., Saul, N. & Grofiberger, L. Umap: Uniform manifold approximation and projection. J. Open Sour. Softw. 3,
861. https://doi.org/10.21105/joss.00861 (2018).

37. Breiman, L. Random forests. Mach. Learn. 45, 5-32 (2001).

38. Sanyal, S., O’Brien, S. M., Hayes, J. E. & Feeney, E. L. Tonguesim: Development of an automated method for rapid assessment of
fungiform papillae density for taste research. Chem. Senses 41, 357-365 (2016).

39. Valencia, E. et al. Automatic counting of fungiform papillae by shape using cross-correlation. Comput. Biol. Med. 76, 168-172
(2016).

40. Zhao, L. et al. Lines of curvature for polyp detection in virtual colonoscopy. IEEE Trans. Vis. Comput. Graph. 12, 885-892 (2006).

41. Sundaram, P., Zomorodian, A., Beaulieu, C. & Napel, S. Colon polyp detection using smoothed shape operators: Preliminary
results. Med. Image Anal. 12, 99-119 (2008).

42. Bubenik, P, Hull, M., Patel, D. & Whittle, B. Persistent homology detects curvature. Inverse Probl. 36, 025008 (2020).

43. Andreeva, R., Fontanella, A., Giarratano, Y. & Bernabeu, M.O. Dr detection using optical coherence tomography angiography
(octa): A transfer learning approach with robustness analysis. In Ophthalmic Medical Image Analysis: 7th International Workshop,
OMIA 2020, Held in Conjunction with MICCAI 2020, Lima, Peru, October 8, 2020, Proceedings 7, 11-20 (Springer, 2020).

44. Shahid, N., Rappon, T. & Berta, W. Applications of artificial neural networks in health care organizational decision-making: A
scoping review. PloS One 14, 0212356 (2019).

45. Fischer, M. E. et al. Factors related to fungiform papillae density: The beaver dam offspring study. Chem. Senses 38, 669-677 (2013).

46. Zhang, G.-H. et al. The relationship between fungiform papillae density and detection threshold for sucrose in the young males.
Chem. Senses 34, 93-99 (2009).

47. Karikkineth, A. C. et al. Longitudinal trajectories and determinants of human fungiform papillae density. Aging (Albany NY) 13,
24989 (2021).

48. Mclnnes, L., Healy, J. & Melville, J. Umap: Uniform manifold approximation and projection for dimension reduction. Preprint at
http://arxiv.org/abs/1802.03426 (2018).

49. Muja, M. & Lowe, D. Flann-fast library for approximate nearest neighbors user manual. Computer Science Department, University
of British Columbia, Vancouver, BC, Canada 5 (2009).

50. Meyer, M., Desbrun, M., Schroder, P. & Barr, A. H. Discrete differential-geometry operators for triangulated 2-manifolds. In
Visualization and Mathematics I1I (eds Meyer, M. et al.) 35-57 (Springer, 2003).

51. Muntoni, A. & Cignoni, P. Pymeshlab. Zenodo (2021).

52. Colombo, A., Cusano, C. & Schettini, R. 3d face detection using curvature analysis. Pattern Recognit. 39, 444-455 (2006).

53. Tauzin, G. et al. giotto-tda: A topological data analysis toolkit for machine learning and data exploration. J. Mach. Learn. Res. 22,
39-1 (2021).

54. Bauer, U. Ripser: Efficient computation of Vietoris-rips persistence barcodes. J. Appl. Comput. Topol. 5,391-423 (2021).

55. Chintakunta, H., Gentimis, T., Gonzalez-Diaz, R., Jimenez, M.-]. & Krim, H. An entropy-based persistence barcode. Pattern
Recognit. 48, 391-401 (2015).

56. Atienza, N., Gonzalez-Diaz, R. & Soriano-Trigueros, M. On the stability of persistent entropy and new summary functions for
topological data analysis. Pattern Recognit. 107, 107509 (2020).

57. Bubenik, P. & Dlotko, P. A persistence landscapes toolbox for topological statistics. J. Symb. Comput. 78, 91-114 (2017).

58. Adams, H. et al. Persistence images: A stable vector representation of persistent homology. J. Mach. Learn. Res. 18, 1-35 (2017).

59. Pedregosa, F. et al. Scikit-learn: Machine learning in python. J. Mach. Learn. Res. 12, 2825-2830 (2011).

Acknowledgements

RA is supported by the United Kingdom Research and Innovation (grant EP/S02431X/1), UKRI Centre for Doc-
toral Training in Biomedical AI at the University of Edinburgh, School of Informatics. This project has received
funding from the European Research Council (ERC) under the European Union’s Horizon 2020 research and
innovation program (Grant Agreement No. 757993). Dr. Efren Andablo-Reyes (School of Food Science and
Nutrition, University of Leeds) and Dr. Paul Hydes (School of Dentistry, Faculty of Environment, University of
Leeds are kindly acknowledged for collection of tongue masks and primary data development. The authors would
like to thank Camille Hammersley (School of Mechanical Engineering, University of Leeds) for her technical
support in using the Alicona InfiniteFocus instrument for 3D optical scanning of the tongue masks.

Author contributions

A.S. has collected the data, R.A. and R.S. conceived the experiment(s), R.A. conducted the experiment(s), R.A.
analysed the results. R.A. wrote the first draft. All authors discussed the results, commented on, revised and
reviewed the manuscript.

Competing interests
The authors declare no competing interests.

Scientific Reports |

(2023) 13:21529 | https://doi.org/10.1038/s41598-023-46535-9 nature portfolio


https://doi.org/10.21105/joss.00861
http://arxiv.org/abs/1802.03426

www.nature.com/scientificreports/

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-023-46535-9.

Correspondence and requests for materials should be addressed to R.S.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:21529 | https://doi.org/10.1038/s41598-023-46535-9 nature portfolio


https://doi.org/10.1038/s41598-023-46535-9
https://doi.org/10.1038/s41598-023-46535-9
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Machine learning and topological data analysis identify unique features of human papillae in 3D scans
	Results
	Features and feature visualisation
	Topological features
	Geometric (curvature) features
	Feature visualisation
	Feature analysis and feature importance
	Type prediction features
	Gender prediction features
	Age prediction features

	Predicting gender, age and participant from papillae structure
	Gender prediction
	Age prediction
	Participant identity prediction

	Papillae detection and type classification
	Application of classification model


	Discussion
	Methods
	Data collection
	Collection of human tongue silicone impressions
	Experimental protocol

	Dataset generation for papillae
	Finding candidates for papillae locations

	UMAP for visualisation
	Baseline, curvature and topological features
	Baseline features
	Curvature features
	Topological features

	Machine learning and statistics
	Classification models
	Performance metrics for machine learning
	Feature importance

	Ethics declarations

	References
	Acknowledgements


