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ABSTRACT

In health and clinical research, as in many other scientific domains,
important discoveries stem from carefully exploring hundreds of
cases, sifting through their graphical representations or images.
Once the researcher has identified and validated typical cases, Arti-
ficial Intelligence techniques like clustering and classification, can
be leveraged to classify the remaining cases at scale. InViTAG is a
web application designed to support exactly this initial exploratory
phase, where machines can barely help. We present the main fea-
tures of this system on a use case where it helps discover categories
of sleep and activity patterns in wearable data.

Index Terms: Interactive Voronoi Treemap; Augmented Intelli-
gence; Arrangement and Grouping; Images Categorization

1 INTRODUCTION

An essential step before using data images in machine learning
pipelines is data and image curation [34]. For instance, systems
like ImageJ [30] help users enhance image quality using computer
vision techniques, and detect, identify, and annotate regions of in-
terest, enriching image data with expert knowledge. Another as-
pect of this data preparation relies on identifying and grouping data
into meaningful categories that will serve the training of supervised
classifiers [13, 25]. A critical part of this categorization process is
arrangement and grouping (A&G) actions, which are key [22, 12]
for domain experts to build trust and knowledge [32] while explor-
ing new data and generating hypotheses about groups. Enhanced
file managers like Tropy [6] make it easier to organize scientific
images but lack tools to scale up the grouping process. Human-
machine hybrid approaches have been proposed in the Visualiza-
tion community to support these tasks [13, 36, 14, 25]. We pro-
pose an Augmented Intelligence system [16] using interactive vi-
sualization aided with semi-automatic clustering and classification
called InViTAG, which stands for interactive Voronoi treemaps for
arrangement and grouping. The design rationale of this tool has
been presented in more detail in previous publications [8, 9, 10].
While InViTAG is still a prototype, we make it publicly available
to serve the scientific community and to collect feedback on the re-
lated GitHub page. The system can be accessed from the following
URL: https://github.com/michaelaupetit/invitag
where comments are welcome. In the sequel, we remind the main
design rationale and present the features of this system.

2 CONTEXT, DESIGN RATIONALE, AND TECHNICAL DETAILS

This system was initially designed to support a clinician-researcher
studying the physical activity and sleep of 264 patients suffering
various degrees of obesity and diabetes [17, 28, 18]. They were
equipped with wearable sensors capturing their level of physical
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activity every minute during one week, which was encoded for each
patient as a bar chart (Figure 1(Z)) with sleep (blue), sedentary,
moderate, and vigorous (orange to red) segments.

The clinician needed to visualize each patient’s data to allow
the visual discovery and categorization of activity and sleep pat-
terns that were likely unknown by the clinician and the health
community at large given the novelty of the technology at that
time [7, 18, 11, 21]. This process typically resorts to exploratory
data analysis tools like dimensionality reduction (DR) [27, 35, 26]
to convert multivariate measurements into scatterplots, or cluster-
ing techniques [36, 20, 31, 23, 15, 29] to create groups semi-
automatically. In contrast to these approaches, we opted for an
interactive visualization that can better capture the early stages of
the analytic process, where the external knowledge and intuition
used by the analyst are crucial to determine patterns of interest.
Such a system [35] records this knowledge-in-the-making through
the initial category seeds visually identified and manually grouped,
and learns from them the features’ importance and the multidimen-
sional metrics to use for further automation and assistance. As this
initial stage is fully manual and visual, grouping images requires
optimizing space to avoid clutter and overlap while keeping indi-
vidual images readable. Grouping also requires optimizing time
and interactions to reduce the burden of manual and visual explo-
ration and to ease the discovery of interesting patterns and populate
the corresponding groups [10]. Piling.js [24] proposes a pil-
ing metaphor to support the arrangement and grouping of images.
InViTAG enriches the piling metaphor with area-based grouping
and interactions [9] to create groups semi-automatically, replacing
the snap-to-grid or other DR layout arrangements with more flexi-
ble, space-efficient, and expressive power diagrams [8, 9].
InViTAG is a ready-to-use Flask application [3] for data scien-

tists and domain experts, using Scikit-learn [5] for automatic
classification and clustering [10] to scale the categorization process
by exploiting the initial groups the analyst forms with only a few
images. It uses d3.js [2] and Weighted Voronoi [1] with addi-
tional custom logic to realize the novel interactive Voronoi treemap
component. It embeds LineUp.js [19, 4] in the Features tab.

3 STRUCTURE, DATA, AND GROUP GENERATION

InViTAG interface comprises Data, Features, and Groups tabs.

Images and features The user starts from the Data tab, up-
loading a set of image files paired with a feature file containing a
vector of numerical features for each image. Images can come in
standard formats (PNG, JPG, GIF, or SVG) with various aspect ra-
tios and sizes. The feature file can be in CSV or JSON format and
must contain an image id column with image filenames. The same
file will be output, enriched with group name and group color
columns identifying the group name and color assignment of each
image to enable statistical analysis of the groups or training of ma-
chine learning models, and to allow reusing the same colors in ex-
ternal tools. InViTAG can be initialized with pre-existing group
names and colors by providing these columns in the input feature
file. Only the features are used by the semi-automatic clustering
and classification processes. The size and number of images and
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Figure 1: InViTAG grouping interface showing global (top vs bottom)
and local on-demand (Z) visual scaling. The Explore panel (right)
provides multiple actions (Section 3).

(a) Bring-to-top (C) (b) Magnet (G)

(c) Clusterize (F) seeds & (d) groups generation

Figure 2: (a) All the images manually selected (S)(red frame) across
pages of the Uncategorized group (grey) have been moved (C) to
the first page. (b) The user generated (N) the Outlier group (pink)
with them and made it a target (red border). The Magnet action (G)
attracts closer to the target group the images of the Uncategorized
group with similar feature values. (c) Clusterize (F) shows six seed
images (centroids of K-means with K=6). (d) The user kept three of
them, which became the representative images (R) of the generated
groups (teal, green, orange), filled with the top-9 nearest images to
the centroids. The user always decides on selections and transfers.

features are only limited by the client browser’s memory and by
the server capacity for the automatic clustering and classification
part.InViTAG does not implement features-to-image nor image-to-
features transformations, as each application domain has special-
ized processing pipelines and visualizations. For instance, when
exploring natural images, features can be extracted from the im-
ages with computer vision techniques [33]; images can be com-
puted from the features, for instance, visualizing multivariate data
as radar plots; or features and images can be extracted from other
sources as in the proposed use case, where wearable data have been
processed to extract 16 features like average wake-up time or aver-
age duration of vigorous activity, and visualized as bar charts.

Once the data have been loaded, the user can proceed with
the Features or the Groups tab. The Features tab uses the
LineUp interface [19] for feature-based exploration (Figure 3b).
The Groups tab (Figure 1) is the core component of InViTAG that
allows group creation, exploration, and management. A typical user
proceeds with the following steps (All capital letters refer to Fig-
ure 1; see the GitHub project page for a complete documentation).

Optimize the visual space Users first set the size and num-
ber of images to fit the screen without clutter (M). They can page
through a group (I) when not all images are visible simultaneously.
The Explore side panel (A-O) shows the statistics of total (K)
and visible (J) images in each group, and enables access to semi-
automatic actions (A,B,C,D,E,F,G).

Explore patterns diversity Users explore the image patterns
diversity by paging the groups up and down (I). They can use the
Randomize action (B) to make a new random subset of images vis-

(a) Show inliers & outliers (b) Features (LineUp.js)

Figure 3: (a) The user collapsed all groups (L) except the Out-
lier group (pink), maximizing the visual space to clean it up. The
Inliers(D)/Outliers(E) actions show near the center, the most
feature-based typical (top)/outlying (bottom) images of that group. (b)
The Features tab uses LineUp to analyze group features.

ible in each group. They can drag images side-by-side to identify
common or distinct patterns, zooming in on an image transiently
(Z) to better see its details.

Generate groups Users start grouping manually, by select-
ing individual images of interest (red frame) (S) across different
pages. They move all the selected images to the first page with
Bring-to-top action (C) (Figure 2a) to check if they could form
a group, unselecting individual images that do not fit. They can use
line or lasso selection to select multiple images, or unselect all im-
ages (O). They create a new group (N) from the whole selection, or
create multiple groups, one selected image in each. They can also
use the Clusterize action (F) (Figure 2cd) to generate K clusters
of 10 images, using K-means in the feature space over the Uncate-
gorized group (grey). Each time a group is created, the seed or an
arbitrary image of this group is made its representative (bold frame
(R)). This image can be changed by users, and stays visible on any
page of that group to summarize its content.

Populate groups Once several groups have been created,
users can manually transfer single or multiple selected images from
one group to another by designing a target group (red border, Fig-
ure 2b). As the visual space gets crowded with multiple groups,
users can regain focus by collapsing some of them (H,L), leaving
only their representative image visible, and allocating freed slots
to images of the other uncollapsed groups in proportion to their
size (Figure 3a). Whole groups can be re-arranged or merged, too.
Once a group is big enough, users can run the Magnet action (G). It
uses multinomial logistic regression to order all images of the other
groups by their similarity in the feature space to the ones of the
target group. It arranges images closer to the target group axially
(Figure 2b) emphasized with a color overlay. Users can check and
select up to the page showing the last image deemed acceptable,
aided with a cVIL-like probability line chart (J) [25].

Check groups Users run the Show inliers/outliers ac-
tions (D/E), to visualize the most/least (feature-based) typical im-
ages in a group, bringing them upfront, arranged in a radial fashion
emphasized by color overlay (Figure 3a). Users can search specific
images by their names (image id) using the Search action (A).
At anytime, users can switch to the Features tab to visualize the
feature statistics of each group (Figure 3b). Any feature vector se-
lected in the Features tab (orange rows) corresponds to a selected
image in the Groups tab (S) and vice-versa.

Name and save groups The Manage tab of the side panel
allows renaming groups and downloading the group-enriched fea-
ture file as CSV or JSON, and the entire set of images organized into
group folders as a ZIP file.
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