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Abstract— Horizontal transitions are used in the Streaming of
Big Data when there is the need to change the aggregation level
of the data being presented. For example, data in a heat map
may be aggregated into a line chart. Although these transitions
have already been studied for quantitative streamed big data,
ordinal data remains unchecked. In this study, we conducted
an empirical study to explore horizontal transitions for ordinal
data using Graceful Degradation, a concept that allows an
overview of the received data at different periods via different
levels of aggregation. We chose four visual idioms (Histogram,
Ordinal Scatter Plot, Heat Map, and Line Chart), created several
transitions between them, and tested how effectively could people
perceive data in each idiom before, during, and after each
corresponding transition. Participants had to watch numerous
videos showcasing the idioms and transitions, and then they had
to answer a questionnaire for us to measure how effective was
their perception. All the four idioms tested were effective, and we
were able to define numerous design guidelines for the creation
of horizontal transitions in Streaming of Ordinal Big Data.

Index Terms—Information Visualization, Big Data Streaming,
User Study, Horizontal Transitions

I. INTRODUCTION

Information analysis is essential for data recognition and
decision-making in multiple areas of scientific study. The ad-
vancement of information technologies, such as smartphones
or IoT devices, has originated a growth in the amount of
accessible and valuable data created and stored by increasingly
more entities. When the dimensions of these datasets defy
computationally their representation, it is safe to say that the
dataset belongs in Big Data. Then, when data arrives in real-
time, it belongs to Data Streaming.

Let us imagine that a company needs to keep track of how
many people access their website and how they navigated it.
They have stored data since the company started working,
and have now millions of records to be visualized. However,
visualizing Big Data is an ongoing challenge because it is
hard to represent everything simultaneously without produc-
ing visual clutter, compromising the overall analysis. This
situation means that Big Data visualizations are obliged to
find adequate aggregation techniques to effectively represent
the whole dataset by reducing the overall complexity of the
data. For example, if not enough aggregation is applied, the
visualization may be forced to depict too many elements,
which most likely affects the system’s hardware performance.
Besides, the overdrawing of elements will make the visualiza-
tion impossible to understand. In both cases, the analysis is

compromised. However, the solution should not always apply
high aggregation levels because the visualization might lose
the ability to present valuable information. It should therefore
be dependent on the intended detail designers want to convey.

Now let us imagine that, at a certain moment, the company
started monitoring in real-time the same data records that
they had been storing since the beginning, and they were
receiving thousands of records per minute. This time, when
information is being received in real-time, regardless of being
Big Data, designers are faced with new challenges. Streaming
is characterized by the data’s moment of creation during the
observation of the visualization. The primary concern is the
representation of the data as soon as it is received, and without
it constantly changing due to the new data. One visualization
must be able to process information and show it as it is
received simultaneously. Unlike Big Data, visualizations must
use adequate visual idioms and internal structures to manage
information in real-time.

The company was now facing two different challenges,
Big Data and Data Streaming (Big Data Streaming) and new
issues need now to be solved. Since the data is streamed,
it cannot be processed before the start of the visualization.
Then, because it is Big Data, it needs to be aggregated to be
perceptible. Therefore, besides processing the data, the data
must be grouped in real-time. However, this grouping needs
to be handled carefully. If grouped too soon, the system could,
again, lose necessary information. If too late, the visualization
will hold too many visual elements, thus producing visual
clutter. Finally, the data timestamps should be explicit in the
visualization. Newer data is usually the focus of Streaming
visualizations. However, since Big Data information is ag-
gregated, older data may also contain important information.
Therefore, the visualization should allow an overview of how
the data evolves by presenting different data periods. The
company then decided that it needed a way to visualize the
data gathered since the beginning, and how data was evolving
in different periods.

Currently, there is yet no final solution to this issue. How-
ever, one system in development called VisMillion (fig. 1) has
been taking the first steps in Big Data Streaming Visualiza-
tions, in hopes of allowing people to have an overview of
data at different periods. However, all the work conducted in
VisMillion has assumed that data is quantitative. We question
how well would people perceive data depicted using this
prototype if ordinal data was applied instead. Therefore, our
goal was to choose visual idioms for streaming of ordinal
big data, we designed horizontal transitions between those979-8-3503-4573-5/22/$31.00 ©2022 IEEE
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Fig. 1. Our prototype of VisMillion depicting the concept of Graceful Degradation from right to left. In this example, the streamed data arrives at the
Heat Map, then it goes to the Line Chart via a horizontal transition, and then it goes to the Histogram with another horizontal transition. Each visual idiom
corresponds to a different aggregation level, which represents different periods.

idioms, and then we conducted a user study to measure
how accurately would people perceive both the information
depicted in the idioms and transitions between them. Our
major contribution is design guidelines for choosing visual
idioms and horizontal transitions for streaming of ordinal
big data.

II. RELATED WORK

Big Data Streaming imposes several challenges in different
domains [15], [16], [21] such as the social networks [23],
industry [13], educational sector, healthcare system [1], [20],
financial transaction, national security [18], oil and gas in-
dustries, and transportation [27], [32]. The datasets are often
dynamic and characterized by high variety and volatility [5],
[7], [21], [28], and their processing usually involves five steps:
cleaning, aggregation, encoding, storage, and access [5], [7],
[13], [15], [21], [28]. However, additional V’s such as Visual-
ization and Value have also been used to improve the definition
of big data [24]. For visualization, systems must be designed
to support real-time interaction, quick data processing, visual
scalability, user assistance, and personalization [5], [13], [17],
[29]. Machine learning, for example, is used to process vasts
amounts of data to feed systems who output structures that
help to predict and analysis trends and patters via visualization
techniques [13], [21], [29], [31]. These insights can then
be used for effective decision-making and reporting [13].
However, people must be able to have an effective overview
of the data depicted, and must be allowed to filter any detail
if needed [13], [29].

A. Challenges

There are a lot of popular visualization tools [21], [29],
but the majority of visualizations systems cannot handle the
size of Big Data datasets [5], [13], [15], [29] because of
limited computational and memory resources [5], which often

lead to overloading issues [5], [17], [21], [28]. Therefore,
data reduction techniques are usually applied. However, these
must be carefully applied. On one hand, interesting data
patterns may be lost due to careless aggregations. On the
other, if not enough aggregations are applied, the visualization
may become too dense or cluttered [7]. Regarding streaming,
systems need to allow real-time data exploration [5], [13], [17],
which may not be easy to accomplish due to the variability of
streamed datasets structures [5].

B. Solutions

Depending on the data structure, different visual idioms may
be used [8], [9], [12]. Dimension reductions techniques are
often designed with hierarchical visual idioms like the Tree
Map or Circle packing [5], [10]. Still, other solutions also
deal with the high data volume, variety, and dynamics, like
the Parallel Coordinates, or any Stacked Graph. The last type
in particular works better for temporal data [7] because they
allow to see data over time [14]. Then, designers may also
employ specialized software to deal with data storage, man-
aging, and analyzes [15], such as the MapReduce, Haddop, or
specialized techniques just as the PASS (Preserving Anomaly
and Semantics Sampling) [2].

Particularly in streaming, designers focus on having data
seen in separate timespans, each for a specific analysis [15],
[19]. If possible, people should be able to see data as it arrives
[4], [17], [33], for example, to detect anomalies in real-time
[10], [30]. Furthermore, the data must be processed without
burdening the system’s memory too much [7], [13]. Moreover,
if different timespan windows exist, designers should employ
techniques to preserve a viewer’s mental map of incremental
results [11]. To ensure this preservation, designers may choose
to use animation techniques to help users track how the data
evolves. [34]. For example, grouping objects by predefined
trending directions and by clustering their moving trends.
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C. Graceful Degradation

Recently, the concept of Graceful Degradation [3] has been
applied to Big Data Streaming in an innovative system called
VisMillion [26]. It was designed to depict time-series big
data streamed datasets in different modules, each using a
different visual idiom. With this concept, as data gets older,
it gets aggregated into different visual idioms. The core idea
is that recent data might need more detail than older data.
In VisMillion, each module presents data with a different
aggregation level. The data flows from right (most recent
data) to left (older data), where the left-most module depicts
information since the visualization started working.

However, the initial proposal had abrupt cuts between
modules, meaning that data got aggregation between visual
idioms, but there were no visual cues to preserve the viewer’s
mental map of what was happening. Therefore, to enhance
VisMillion, horizontal animated transitions were implemented
[25]. Horizontal transitions are used between two modules to
depict how information gets aggregated. For example, between
a heat map that shows data distribution and a histogram that
aggregates data into categories. Then, vertical transitions were
also added to VisMillion [6], [22] to allow one module to
change its own visual idiom. Vertical transitions are used in
one module to change how the information is displayed. For
example, using a heat map, a trend shift might not be detected.
Therefore, a line chart would better emphasize this anomaly.

D. Discussion

As we have seen, Big Data Stream is an ongoing challenge
due to its datasets properties. There are ongoing attempts to
deal with variety and volatility [10], [15], [17], [21], and to
deal with Visualization, and Value [5], [13]. Then, in some
cases, viewers might be able to see information in different
periods [15]. From our literature review, VisMillion was the
system that has been actively trying to provide a complete
solution to big data stream regarding the visualization phase.
It receives Streams of Big Data that can be visualized with
different aggregations levels [26] using graceful degradation
[3], and it supports animation when data shifts between mod-
ules [25] or when viewers need to see information differently
[6], [22]. However, the studies conducted until now assumed
only quantitative data, and it is known that datasets in Big
Data Streams can vary significantly, and there is the need to
choose appropriate visualizations [12]. Therefore, we decided
to improve VisMillion by adding support to ordinal big data.

III. VISMILLION

VisMillion was conceived to support the Streaming of
Big Data. Pereira et al. [26] created a functional web-based
prototype. Our solution uses the three.js library to create,
manipulate, and display 3D or 2D elements. It is built on top
of WebGL, a JavaScript API that accelerates graphic elements
rendering in a web browser by shifting the drawing of the
elements to the GPU.

A. Dataset generator

Finding appropriate Big Data datasets for Streaming sce-
narios is not easy. Since our focus was not yet to test our
prototype with actual data, we used our dataset generator to
create, send, and manipulate ordinal data using a python server
script. For example, it allows the creation of a dataset whose
values have a positive trend.

B. Elements

The visual representations of data displayed in the visualiza-
tion are individual elements created by idioms and transitions
that manipulate these representations to convey information as
intended. All elements are instances of the three.js library, and
the required elements were the following:

• Dots: Simple, small rectangular planes that represent
individual data points.

• Lines: Rectangular plane, where its height and angle of
rotation are given by two x and y coordinates. The line
thickness can also be changed.

• Rectangles: Rectangular plane, with a single position. In
this case, the rectangle’s size or color can be changed. It
is also possible to draw borders surrounding the rectangle,
accomplished by creating lines for each border. This
approach means the rectangles are comprised of five
geometries instead of one.

• Polygon: This element is needed to create non-rectangle
polygons, and it is possible through a buffer geometry by
providing a list of vertices positions. This element allows
more flexibility since it does not restrict the shape of the
visual representation.

C. Visual Idioms

All idioms that we implemented shared an x-axis that
encodes the data’s timestamp, constantly updated in real-time
(fig. 2). Therefore, the visual elements move towards the end
of the visualization from the right (newer data) to the left
(older data) of the visualization. The y-axis also encodes the
ordinal value for the complete visualization.

1) Ordinal Scatter Plot: Shows every ordinal value re-
ceived in real-time. The dots are restrained into invisible lines
representing each current ordinal value. This idiom is intended
to depict the arrival of data points and their distribution over
time, as each data point is represented in one dot. However,
since it applies no aggregation techniques, it designed only as
the starting idiom using Graceful Degradation.

2) Heat Map: The length of each cell encodes a period,
and the number of points inside the cell determines its color
saturation. This idiom is suitable for various periods, but most
suitable as a replacement for the Ordinal Scatter Plot.

3) Line Chart: We present, stacked vertically, one line
chart for each possible ordinal value. Each data point in those
line charts corresponds to the number of occurrences of that
particular value over a certain time interval. This allows us to
see the evolution of the distribution of values through time.
The vertical scale of the line charts is adapted in real-time so
that it can accommodate the values it has to depict at every
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Fig. 2. Visual idioms used in our user study. From left to right, Histogram, Ordinal Scatter Plot, Heat Map, and Line Chart.

moment, taking care to use the same scale for all lines to
facilitate comparisons. The idiom was designed to be used as
the middle module.

4) Histogram: It worked as the final visual idiom of the
data path because it contained information since the visual-
ization initialization. Each bar represented the number of data
points for one ordinal value, and the maximum length of the
bars was updated to fit the available space in the prototype.

D. Transitions

The transitions referred to in this work are called horizon-
tal transitions, which represent the continuity between two
idioms, by transforming the elements that represent the data
from one idiom to the following idiom’s element properties
[11], [34]. The goal is to perceptibly show that the information
is the same in different aggregation levels. We designed several
horizontal transitions, always considering the elements present
in the origin and destination visual idioms.

1) Growing Bars: It was applied between the Ordinal
Scatter Plot and Ordinal Line Chart (fig. 3). The dots converge
on top of a bar in the left boundary of the transition. As
a result, the bar will grow to its value in the ordinal line
chart. This bar is attached to a line that connects to the
following idiom’s latest line, creating a seamless connection
where there is always a line being produced and growing with
each entering dot, giving the idea that they are being grouped
by pilling up in a bar whose height is its number of dots.

2) Grouped Dots: It was applied between the Ordinal
Scatter Plot and Ordinal Line Chart (fig. 4). The dots converge
at the beginning of the respective line segment, giving the idea
that the dots group together on the group’s future on the ordinal
line chart. In addition, the lines’ opacity grows the closer they
get to the following idiom.

3) Pilot Lines: It is applied between the Ordinal Scatter
Plot and Histogram (fig. 5). By scaling the height to zero,
the dots convey being merged into a single point. The ordinal
values follow a line, and the scaling will almost be unperceiv-
able. After the first third, a single rectangle is created with the
dots’ size in the following idiom. Once these rectangles hit
the idiom boundary, they enlarge to a horizontal bar “pushed”
to the following idiom.

4) Morphing: It was applied when the destination visual
idiom was either a Heat Map or an Ordinal Line Chart
(fig. 6). The elements that leave in the first idiom gradually
transform into the elements present in the second. This idea
could be done by changing color, opacity, size, and rotation.
If more than one element was needed to represent the next
element, the first would only morph into a second portion.
The element morphing eases the visual transition, and the
proportion clarifies how much data is being grouped.

5) Line Squeeze: It was applied between the Ordinal Line
Chart and the Heat Map (fig. 7). In this transition, the lines will
move towards the boundary while horizontally straightening.
Then, after they reach their position in the Heat Map, they
increase in height almost as if they were squeezed against the
boundary. Multiple lines will likely represent one cell so that
each line will depict just a portion.

6) Squares: It was applied when the starting visual idiom
was the Heat Map (fig. 8). To understand the number of
points inside the expelled element, it divides itself into smaller
squares proportional to the total received points in that interval.
If the ending idiom is the Ordinal Line Chart, the created
squares will transform into small segments by rotating and
gradually resizing themselves. If instead, the ending transition
is a Histogram, then the squares will enter and increase the
size of a bar, like being pushed to the following idiom.

7) Dissolving Lines: It begins in an ordinal line chart
and ends in a Histogram, which has the same logic as the
Squares transition for the same ending idiom (fig. 9). The only
difference is that instead of splitting the element into squares,
it “dissolves” the lines into segments during the transition.

8) Stacking Bars: If the ending idiom represents data
through rectangles, then this transition is applied (fig. 10).
Here, the starting elements transform into rectangles. After
transforming, the resulting rectangles make their way to the
end of the transition, where they stack on top of other
rectangles, giving the idea that they are being aggregated into
a single bar.

IV. USER STUDY

To evaluate the effectiveness of the proposed visual idioms
and transitions, we conducted a user study with 24 participants
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via questionnaires created with Google Forms. There were
in total six combinations of visual idioms that we could
test. Between the Ordinal Scatter Plot and the Histogram, or
Ordinal Line Chart. Between the Heat Map and the Histogram,
and Ordinal Line Chart. Finally, between the Ordinal Line
Chart and the Histogram, and Heat Map. For each combina-
tion, we created a questionnaire, and each participant filled
a questionnaire in an order generated using the Latin Square
distribution.

Each questionnaire started by explaining both visual idioms
used in the corresponding combination. After participants
learned how each idiom worked, they had to answer several
questions regarding the data presented in each one. Since each
idiom is used for different tasks, the corresponding questions
will be presented in the following sections.

Then, the transitions created for that combination were
presented, and, again, participants had to answer several ques-
tions. All idioms and transitions were presented via recorded
videos, thus ensuring that the data presented was always
the same between different participants (please see this link
1 to watch the videos used, plus a demonstration of how
VisMillion worked). Furthermore, it allowed them to rewatch
the videos if they needed. Since it was not our goal to compare
combinations between themselves, each questionnaire had its
set of questions created according to the corresponding idioms
and transitions presented. Finally, the data presented in the
videos were randomly generated to fit the needs of the study,
at 100 points per second. Again, since each transition conveys
different information, the corresponding questions will also be
presented in the following sections.

1https://bit.ly/3PtVsiR

Fig. 3. Growing Bars transition applied between the ordinal scatter plot and
the line chart.

Fig. 4. Grouped Dots transition applied between the ordinal scatter plot and
the line chart.

A. Results – Visual Idioms

For the Ordinal Scatter Plot, the video showed an almost
binomial distribution on one of the ordinal values, and then
suddenly, an agglomeration of points emerged on a distinct
ordinal value. The first question tested if participants were
able to identify which ordinal value had more data points. The
second question tested if they could identify any ordinal value
where the number of data points changed significantly. If they
did, they indicated which ordinal value via a third question.
Participants answered with 100% accuracy the first and second
questions, and the third with 83% accuracy. Therefore, the
Ordinal Scatter Plot was an effective visual idiom.

Fig. 5. Pilot Lines transition applied between the ordinal scatter plot and the
histogram.
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Fig. 6. Morphing transition applied between the heat map and the line chart.

The Heat Map’s video followed the same logic as the
Ordinal Scatter Plot, and the results were similar. 100% for the
first question, 95.7% for the second, and 87.0% for the third.
Therefore, the Heat Map was an effective visual idiom.

For the Ordinal Line Chart, only the first question was equal
to the Ordinal Scatter Plot and Heat Map. The second question
asked if they could detect if there were any ordinal values
with a positive or negative trend. Then, the third question
asked if participants could read the value encoded with the
line. The first two questions had high accuracy values, 95.7%,
and 78.3%. However, the third only had 56.5%. Therefore, the
Ordinal Line Chart was effective to convey information,
except to decode the exact average presented.

Finally, the Histogram’s video demonstrated a simple bi-
nomial distribution of points around one ordinal value. The
idiom was then tested with just two questions. In the first
question, we asked participants which ordinal value had more
data points, and in the second we asked the exact number
encoded in one particular ordinal value. Accuracy was high for
both questions, 100%, and 88.9% respectively. Therefore, the
Histogram was an effective idiom to convey information.

Fig. 7. Line Squeeze transition applied between the line chart and the heat
map.

B. Results - Transitions

The questions regarding the transitions always targeted
each transition’s aggregation, fluidity, and logic. Aggregation
represented how well participants understood how the data
shifted from one idiom to another. Fluidity represented how
smooth participants thought the transition was. Finally, the
logic represented what exactly was happening to the data
between visual idioms. In the first question, participants had
to answer with a Likert scale from 1 (Totally Disagree) to 5
(Completely Agree) to ”The data points are being aggregated.”
In the second question, again with a Likert scale from 1
(Little Smooth) to 5 (Very Smooth), to ”How smooth is
the transition?”. Finally, participants had to select one true
sentence from a set of three. Each one explained how the
transition worked, but only one was correct.

In some combinations, we proposed more than one transi-
tion (for example, between the Ordinal Scatter Plot and the
Ordinal Line Chart). To understand if there were statistically
significant differences (when two transitions were proposed)
for aggregation and fluidity, each combination of transitions
underwent a Wilcoxon Signed-Rank Test except for one tran-
sition that found a non-normal difference median distribution,
in which we tested with the Sign Test. Then, for the logic,
the question’s result had to be tested with the McNemar’s
Test. However, no significant differences were found in any
combination for the logic test.

1) From the Ordinal Scatter Plot: To the Ordinal Line
Chart, we proposed two transitions. The Growing Bars had
statistically significantly better results with p < 0.0005 in ag-
gregation and fluidity. Growing Bars had 5 (1) on aggregation
and fluidity. Grouped Dots had 4 (1) on aggregation and 3
(2) on fluidity. Therefore, the Growing Bars transition was
better than the Grouping Dots between the Ordinal Scatter
Plot and the Ordinal Line Chart.

2) From the Heat Map: To the Ordinal Line Chart, we
proposed two transitions. Morphing had statistically significant
better results with p < 0.008 in fluidity, but not on aggregation.
Morphing had 4 (2) on fluidity, and Squares had 3 (1) on

Fig. 8. Squares transition applied between the heat map and the line chart.
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TABLE I
THE MOST SUITABLE TRANSITIONS. HEAT MAP (HM), LINE CHART
(LC), HISTOGRAM (H), AND SCATTER PLOT (SP) COMBINATIONS.

HM LC H
SP - Growing Bars Pilot Lines

HM - Morphing Stacking Bars
LC Morphing - Stacking Bars

fluidity. Therefore, Morphing was a more suitable transition
between the Heat Map and the Ordinal Line Chart. To
the Histogram, The Stacking Bars had statistically significant
better results with p < 0.038 in aggregation and p < 0.005 in
fluidity. Stacking Bars had 5 (1) on aggregation and 4 (1) on
fluidity. Squares had 4 (2) on aggregation and 4 (1) on fluidity.
Therefore, the Stacking Bars transition is a more suitable
transition between the Heat Map and Histogram.

3) From the Ordinal Line Chart: To the Heat Map, we
proposed two transitions. The Morphing had statistically sig-
nificant better results with p < 0.002 in aggregation and
p < 0.001 in fluidity. Morphing had 4 (2) in aggregation
and fluidity. Line Squeeze had 3 (2) in aggregation and 3
(1) in fluidity. Therefore, the Morphing is a more suitable
transition between the Ordinal Line Chart and Heat Map.
In the Histogram, we proposed two transitions, and there
were no significant differences in aggregation and fluidity. The
preference values decided that the Stacking Bars is a more
suitable transition between the Ordinal Line Chart and
Histogram.

C. Summary

The Ordinal Scatter Plot, Heat Map, Line Chart, and
Histogram all showed positive results in the questionnaires,
with most questions answered correctly by most of the users,
proving to be good representations for ordinal data presented
in VisMillion. The Line Chart had good results in understand-
ing trends and for value comparison, yet the identification
of the exact values returned poor results. The most suitable
transitions of the suggested idiom combinations can be found

Fig. 9. Dissolving Lines transition applied between the line chart and the
histogram.

Fig. 10. Stacking Bars transition applied between the line chart and the
histogram.

in table I. From our work, we were able to define several
design guidelines for Ordinal Big Data Streaming:

• The Ordinal Scatter Plot, Heat Map, Line Chart, and
Histogram are effective idioms.

• Line Chart is not good to identify specific means;
• The Growing Bars transition should be used between the

Ordinal Scatter Plot and the Line Chart;
• The Pilot Lines transition should be used between the

Ordinal Scatter Plot and the Histogram;
• The Morphing transition should be used between the Heat

Map and Line Chart and between the Line Chart and the
Heat Map.

• The Stacking Bars transition should be used between the
Heat Map and Histogram and between the Line Chart and
the Histogram;

V. DISCUSSION AND FUTURE WORK

Our prototype was able to fulfill some major goals of
Big Data Stream: real-time interaction, visual scalability, and
personalization [5], [13], [17], [29]. It now supports horizontal
transitions for ordinal and quantitative data, and vertical tran-
sitions for quantitative data, and allows customizing modules
with different visual idioms. However, VisMillion does not
yet support data processing and user assistance. Our data was
generated by use to test certain scenarios in our user study.

Furthermore, participants were able to see effectively see
data via the proposed visualizations, both in individual idioms
and corresponding transitions, which is also important in the
big data stream pipeline [13], [21], [29], [31]. Finally, Vis-
Million effectively conveyed information, giving the wanted
overview these systems need to have [13], [29]. We believe the
future for VisMillion is to integrate the missing components
needed for Big Data Stream. First, real streamed datasets are
usually dynamic [5], and their size leads to unprepared systems
overflowing [5], [13], [15], [29]. Then, due to this dynamic
restriction, VisMillion must be able to adapt according to the
data it received to help users detect anomalies [10], [30].
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VI. CONCLUSION

Big Data Streaming visualizations are currently a challenge
in research. There is the need to develop systems that handle
vast datasets in real-time, represent them without producing
visual clutter, and allow people to overview data across time.
VisMillion works as a solution by presenting information in
different periods, each with a specific visual idiom, via Grace-
ful Degradation, resulting in different levels of aggregation
between them. We proposed visual idioms and transitions for
the streaming of ordinal big data. We explored via a user study
which visual idioms and transitions were the most effective,
and defined guidelines for choosing combinations.
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animated transitions for dynamic streaming big data. In Proceedings of
the 17th International Joint Conference on Computer Vision, Imaging
and Computer Graphics Theory and Applications. SCITEPRESS -
Science and Technology Publications, 2022.

[23] D. Paschalides, D. Stephanidis, A. Andreou, K. Orphanou, G. Pallis,
M. D. Dikaiakos, and E. Markatos. MANDOLA. ACM Transactions on
Internet Technology, 20(2):1–21, may 2020.

[24] R. Patgiri and A. Ahmed. Big data: The v's of the game changer
paradigm. In 2016 IEEE 18th International Conference on High
Performance Computing and Communications; IEEE 14th International
Conference on Smart City; IEEE 2nd International Conference on Data
Science and Systems (HPCC/SmartCity/DSS). IEEE, dec 2016.

[25] T. Pereira, J. Moreira, D. Mendes, and D. Goncalves. Evaluating
animated transitions between contiguous visualizations for streaming big
data. In 2020 IEEE Visualization Conference (VIS). IEEE, oct 2020.

[26] G. Pires, D. Mendes, and D. Goncalves. VisMillion: A novel interactive
visualization technique for real-time big data. In 2019 International
Conference on Graphics and Interaction (ICGI). IEEE, nov 2019.

[27] J. Rafael, J. Moreira, D. Mendes, M. Alves, and D. Gonçalves. Graceful
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