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Abstract—Food data comprise records regarding nutrients,
ingredients, amounts of different vitamins and minerals that can
be found in foods. The wide variety of food products that can
be stored in large datasets makes the traditional analysis tasks
unfeasible and time-consuming when conducted manually by
the dietitians and related professionals. This paper describes
a method for visualizing food data using point placement
strategies to support specialists in tasks related to determining
similar food products that can be replaced in specific diets.
The proposed method generates a structured representation
for food data to be used as input to some state-of-the-art
and recent visualizations, such as PCA, t-SNE, UMAP and
TriMap. Experiments were conducted to assess the quality
of visualizations and the results reported that the nonlinear
visualizations presented satisfactory discriminability regarding
some food categories and better preservation of the data
patterns. A case study based on a visual exploration process
was also conducted and demonstrates the specialist successfully
finding substitute food products for planning a vegan diet plan.

Index Terms—food composition data, data visualization, vi-
sual data mining, point placement strategies

I. INTRODUCTION

The wide diversity of foods and its constituent com-
pounds (nutrients and ingredients) bring several challenges
to dietitians, nutrologist physicians and health-related pro-
fessionals, here called the domain specialists. However, the
large number of food products that may present several
compounds makes the task of analyzing such amount of data
infeasible when performed manually by the specialists. In
this sense, approaches based on machine learning and natural
language processing naturally appear as potential strategies
for knowledge discovery on food data that might support the
specialist in those tasks [1].

In the last two decades, several researches have employed
data mining strategies for identifying relevant patterns and
useful information from food datasets [2]. Morales-Garzón
et al. [3] proposed an unsupervised algorithm for adapting
ingredient recipes to user needs and preferences through a
method based on word embeddings. As well, Matej Petkovi’c
et al. [4] designed a AI workflow methodology named Di-
etHub to annotate and classify recipes with the food concepts

related to them, divided into representation learning and
two predictive modeling tasks, classification and hierarchical
multi-label classification.

Although the proposed methods were effective to support
the specialists in several tasks, interpreting the results pro-
duced by machine learning techniques can not be simple
and intuitive, as well as to understand the learning process
of the associated mathematical models. This scenario is
suitable to consider visualization techniques, which aims at
generating intuitive graphical representations of data so that
the specialists can interactively explore and gain insight of
the underlying data by means of visual analysis [5].

To the best of our knowledge, there is little research
regarding the use of point placement visualization techniques
to analyze food data. This motivated us to proposed a method
to study and explore point placement strategies for visual-
izing food composition data, in which also includes data
preprocessing step for generating a structured representation
of food data instances. One dataset were considered for
the experiments, which employed well-known metrics for
assessing the quality of the visualizations. Moreover, we
demonstrate a case study regarding the identification of food
substitutes based on their ingredients and nutrients.

The main contributions of this paper are enumerated as
follows:

• An interactive approach that retains user control for
visualizing food composition data;

• A structured representation of food data to be used as
input to the visualizations based on point placement;

• A comparative study exploring state-of-the-art point
placement strategies: Principal Component Analysis
(PCA) [6], t-Distributed Stochastic Neighbor Embed-
ding (t-SNE) [7], Uniform Manifold Approximation and
Projection (UMAP) [8] and TriMap [9].

This paper is structured as follows. Section II details
the proposed method and its constituting steps. Section III
describes the experimental results that were conducted on a
vegan food dataset and using qualitative evaluation metrics.
Section IV concludes this paper and discusses possibilities
for future work.



II. PROPOSED METHOD

The proposed method is divided into four steps: dataset
definition, preprocessing, visualization based on point place-
ment and evaluation of the visualizations quality as shown in
Figure 1. Each step is detailed in the following subsections.

Fig. 1. Flowchart showing the steps illustrating the proposed method for
visualizing food component data.

A. Dataset

To design the proposed method, we considered a Vegan
Food Composition dataset that presents 277 data instances,
described by 26 attributes as shown in Table I. This dataset is
useful to analyze the nutrition compounds of vegan products
in the Brazilian market, in which the target task is to identify
the relations among ingredients to assist dietitians when
preparing specific diets.

TABLE I
DESCRIPTION OF THE VEGAN FOOD COMPOSITION DATASET’S

ATTRIBUTES.

Attributes Type Cardinality
Food category Nominal 1
Product’s name Nominal 1
[Ingredients] List of Nominals 1
{Nutrients} Numerical 23

B. Preprocessing

As food datasets can present attributes from different
types (numerical and nominal), a preprocessing is required
to generate a new structured representation containing only
numerical attributes to allow their input to the visualization
techniques.

We employed the one-hot encoding approach to transform
the attribute “Ingredients” to binary attributes once each food
product can present a variable number of values (ingredients).
The procedure consists of mapping each value of “Ingre-
dients” to a new binary attribute indicating the presence
or absence of the underlying characteristic. Furthermore,
the remaining numerical attributes (nutrients) presenting real
values were normalized, in which all obtained values for each
attribute are in the range [0, 1].

The preprocessing step produces a high dimensional fea-
ture vector for each data instance, in which the entire dataset
defines a high dimensional space.

C. Visualization based on point placement

The goal of visualizations based on point placement is to
map high dimensional objects to lower dimensional points in
two-dimensional space in such a way that similar objects are
placed by nearby points and dissimilar objects are placed
by distant points in the visual space [10]. As a result, the
visual analysis of the graphical representation (also known

as layout) takes advantage from the human perception system
to interpret and identify the global and local patterns of the
underlying data according to their similarity relationships.
The specialist can view the layout and identify groups of
points as well as their visual properties, such as the shape
(sparse, dense) and size of those groups.

Four state-of-the-art and recent visualization techniques
were considered in the proposed method: Principal Compo-
nent Analysis (PCA) [6], a statistical technique, reduces data
dimensionality by performing a linear mapping of the data
in a high dimensional space to a lower dimensional space
by taking into account the variances of each attribute and
their relations to generate the transformed data; t-Distributed
Stochastic Neighbor Embedding (t-SNE) [7] approximates
two probability distributions modeled over the pairwise dis-
similarities of the objects in the high dimensional space
(Gaussian distribution) and the corresponding data points
in the visual space (t-Student distribution) using the Kull-
back–Leibler divergence; Uniform Manifold Approximation
and Projection (UMAP) [8] computes a weighted graph
based on the similarity relations for each pairwise distance, in
which the graph’s weights are determined in an optimization
process that defines the low dimensional embedding; and
TriMap [9] generates the visual space by preserving the
distance properties regarding the nearest neighbors principle
for each triplet of objects in such a way to retain the global
and local structures.

D. Evaluation of the Visualizations’ Quality

The specialist’s performance using the proposed method
highly depends on the quality of the produced layouts.
Thus, the visualizations are evaluated using two state-of-
the-art metrics to measure the neighborhood preservation,
the separability between groups of points and the similarity
preservation among instances. These metrics were selected
since we are following the quality assessment strategy pre-
sented in related researches [11].

The separability between groups of points in the layout
regardless the data labels is evaluated using the silhouette
coefficient (SC). For visualization purposes, SC is appropri-
ate for only computing the separability between groups of
points, which are determined using a clustering algorithm in
the visual space [12]. For an instance x, the cohesion a(x)
is computed according to the mean intra-cluster distances,
while the separation b(x) is obtained by the minimum
distance between x to any other instance belonging to another
cluster.

In order to compute SC, the points in the visual space must
be clustered using an algorithm. Here, we chose K-Medoids
algorithm to determine K clusters since medoid centers are
more appropriate representatives than mean centers due to the
presence of categorical values in the dataset. The Euclidean
distance is considered for K-Medoids and for computing
the silhouette coefficient. The analysis of the clustering
results was performed by running K-Medoids and varying K
within the range [2, 30], in which the silhouette coefficient is
computed for each obtained clustering. Finally, we compute
the mean and standard deviation from those values.

In order to measure the preservation of the local structure
and similarity relations between neighbor data instances, we
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Fig. 2. Layouts produced by the visualizations based on point placement by considering both ingredients and nutritional values of the Vegan Food Dataset:
(a) t-SNE; (b) UMAP; (c) PCA; (d) TriMap.

compute the trustworthiness for each visualization [13]. For
each object in the high dimensional space, the proportion of
its k-nearest neighbor is computed and compared in relation
to the k-neighbor points in the visual space for the corre-
sponding 2D point. Finally, we compute this neighborhood
preservation rate for a neighborhood value k by averaging
the precision for all data instances. This rate value lies in
the range [0, 1], in which higher values are related to a better
preservation of the neighborhood structure of data instances
in the visual space.

III. EXPERIMENTAL RESULTS

In this section we performed experiments aiming to eval-
uate the quality of the employed visualization techniques
considered in Section II-C. The development of the proposed
method was based on Python 3.8 alongside with pandas,
scikit-learn, Plotly, umap and trimap libraries for data pro-
cessing and the multidimensional visualization techniques.
The source code is available in a GitHub repository 1.

In order to evaluate the quality of the selected visualization
techniques, we followed two steps: finding the best choices
of hyperparameters in each method and then comparing the
results with the previous mentioned evaluation metrics. To
choose the best hyperparameters of each visualization tech-
nique, we performed a brute force search. For that purpose,
we varied the values that are typically in a specific range.
For instance, the learning rate for t-SNE is usually in the
range [10.0, 1000.0], which can be found in the library doc-
umentation. Following, for each combination, we calculated
the trustworthiness value and the silhouette coefficient. After

1github.com/dudaholandah/sibgrapi2022 wuw

that, we plotted the point placement visualization layouts and
then compared the evaluation metrics for each technique so
that we selected the combination of values that yielded the
best results.

A. Evaluation based on Visual Analysis

The goal of the evaluation based on visual analysis consists
of interpreting the layouts by taking into account the points’
positioning so that we can identify global and local data
patterns. In order to enrich the visual analysis, the points in
the layout were colored according to the “Food category”
attribute for each dataset. The formation of groups of points
can be associated with the points’ colors (labels) in such a
way that the specialist can find similar food products sharing
similar ingredients and nutrients.

Figure 2 illustrates the layouts obtained by PCA, t-SNE,
UMAP and TriMAP for the Vegan Food Dataset. The visual
analysis in Figure 2(a) shows that t-SNE displays small
groups of points, meaning that the associated food products
are similar regarding their ingredient and nutrients. Some
groups presents points that belongs to the same category,
such as “Dairy 1”, “Dairy 2” and “Eggs 1”, while other
groups shows products from different categories, indicating
that they can be substitutes from each other when planning a
diet. In Figure 2(b) the UMAP’s layout presents some dense
groups of points regarding the labels “Dairy 1”, “Dairy 2”
indicating that the vegan products are way dissimilar from
the others. Figure 2(c) depicts the layout obtained from PCA,
which does not show satisfactory classes segregation, nor
visual perceptible groups of points since their colors are
mixed. The TriMap’s layout, shown in Figure 2(d), presents



three visible larger regions of points of the same categories:
“Dairy 1”, “Dairy 2” and “Dairy 3”.

B. Evaluation of the Visualizations’ Quality

We now compare the visualization techniques regarding
the preservation of the global and local structure of the
data in the high dimensional space in the layouts. Figure 3
presents the results of the trustworthiness for the considered
multidimensional visualizations. It suggests that PCA and
TriMap present better preservation of original neighbors in
the low dimensional space for the Vegan Food Dataset,
indicating that the local structure and similarity relations
were better retained than UMAP and t-SNE.

Table II describes the obtained SCs for the visualization
techniques on the Vegan Food Dataset. TriMap and UMAP
achieved the higher silhouette scores, while PCA and t-
SNE obtained similar scores. These results indicate better
overall separability between the generated clusters in the
visual space for TriMap and UMAP. It is worth noting
that SC is independent regarding the label “Category”, thus
emphasizing that the focus is to analyze the separability
between the groups of points in the layout.
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Fig. 3. Neighborhood preservation based on trustworthiness.

TABLE II
EVALUATION METRICS FOR VEGAN FOOD COMPOSITION DATASET

Visualization Silhouette Coefficient
Techniques Mean Standard Deviation

t-SNE 0.428 0.059
UMAP 0.523 0.059
PCA 0.417 0.046

TriMap 0.541 0.037

It can be seen that the nonlinear point placement strategies
(t-SNE, UMAP and TriMap) presented better results regard-
ing the visual analysis and the preservation of the patterns of
the data according to the aforementioned metrics. As we are
seeking visualization techniques that can group points related
to similar food products, it is recommended to select those
which minimize as much as possible the similarity relations
regarding the ingredients and nutrients of food products.

The formation of small groups of points in the layouts
suggest the possibility of using the proposed method on
unlabeled food datasets, in which the specialist can assign
categories to the food products sharing similar ingredients
and nutrients. For that purpose, interaction tools and statisti-
cal analysis can be employed to support the specialist in an
exploratory approach for knowledge discovery on food data.

The next subsection describes a case study in order to
simulate the specialist visualizing the Vegan Food Dataset
based on the visual exploration proposed by Daniel Keim
[5].

C. Case study

We demonstrate the proposed method in a case study
regarding the finding of substitute products for a diet plan
in the context of vegan products. The idea relies on the use
of different ingredients in preparations that mimic animal
products commonly results in similar products from the
sensory point of view, but divergent with regard to nutritional
composition [14]. In this situation, suppose, for instance, a
diet plan consisting of the categories pork, fish and poultry.
If the specialist’s interest consists of finding appropriate
substitutes for pork, we can perform the following steps:

1. Global view of data: Here, the multidimensional vi-
sualization receives as input the Vegan Food Dataset and
displays the layout. We chose TriMap for that purpose
because, predominantly, it has shown the best evaluation
metrics results.

2. Zoom and filter: Assuming, for instance, the specialist’s
interest consists of finding appropriate substitutes for pork,
specially for “Pork 2”. The idea is to find groups of points
that present related products. For that purpose, using the
points’ color as a guide, the specialist can find groups of
points that includes “Pork 2” category, represented by the
dark purple points in Figure 4.

Fig. 4. TriMap Layout in which the rectangles present “Pork 2”-related
products.

3. Details on demand: The specialist can use interactive
techniques so that he can explore original information such
as the nutrients and ingredients according to his goal. After
zooming and filtering the layout by the requested category,
it is possible to select similar products in order to visualize
nutritional information or associated ingredients and evaluate
whether suitable similar products are found. For instance, if
the specialist zoomed in the group 1 referenced in Figure 4,
he would have obtained, depending on his goal, either ingre-
dients or nutrient values related to the products explored, as
it can be seen in Figures 5(a) and 5(b), respectively.

IV. CONCLUSION

This paper explored the use of visualizations based on
point placement for analyzing food composition data that
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Fig. 5. TriMap Layout detailing (a) ingredients associated and (b) nutritional information about “Pork 2” product and “Meat 3” similar product.

might support specialists in knowledge discovery tasks. For
that purpose, we proposed a method that comprised data pre-
processing for generating an appropriate representation of the
high dimensional food data prior the visualization techniques.
Here, we chose PCA, t-SNE, UMAP and TriMap as point
placement visualizations and compared their performances
regarding the quality of generated layouts.

The experimental results showed that the layouts obtained
by the nonlinear visualization techniques (PCA, UMAP and
TriMap) presented better separability between clusters in the
visual space according to the silhouette coefficients as well
as better neighborhood preservation, indicating that the main
structures of the data were retained in the visual space. The
case study showed the possibility to employ point placement-
based visualizations to support the specialists is tasks related
to finding food products from different categories sharing
similar ingredients and nutrients.

Future work can be guided to incorporate interactive tools
to enable users to obtain statistical information from selected
points in the layout. Furthermore, the exploration of other
tasks on food composition data that can lead to solutions
based on classification and clustering techniques is also a
potential possibility.
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