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Abstract
The increasing volume and complexity of data in many domains ne-
cessitate innovative approaches to data analysis and visualization.
This paper presents an interactive visualization notebook method
that integrates data management, processing, and visual analyt-
ics to facilitate knowledge generation and decision-making. We
demonstrate the effectiveness of this approach through a use case
in space weather exploration, where interactive visualizations are
used to analyze the impact of solar activity on global navigation
satellite systems. Our demonstrator shows that interactive visual-
ization notebooks can streamline workflows, enhance transparency,
and support reproducibility in data science and visual analytics
pipelines. We discuss the limitations and potential extensions of
this approach, highlighting the need for standardized data inter-
faces, customizable components, and high-performance computing
infrastructure to support large-scale data analysis. This research
contributes to the development of more efficient and effective data-
driven decision-making processes in various domains.

CCS Concepts
• Human-centered computing→ Visual analytics; Informa-
tion visualization.
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1 Introduction
The rapid increase in data generation [23] has significantly am-
plified the importance of data science (DS) as organizations rec-
ognize its potential to enhance performance and decision-making
[3, 12, 14, 15, 22]. DS focuses on extracting actionable insights from
complex datasets using advanced analytical techniques [17]. Unlike
traditional software engineering projects, DS projects prioritize data
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exploration, requiring a more adaptive approach [4]. Methodologies
like cross-industry standard process for data mining (CRISP-DM)
and the knowledge discovery in databases (KDD) process have
been developed to aid data scientists in navigating data processing
and model development [5, 18]. While these methodologies include
visualization as a means to understand and communicate results,
visual analytics (VA) puts more emphasis on the human component
in sensemaking [9]. Visualization makes data and models accessible
to users through perception, who in turn interact with the system
to fine-tune parameters and eventually gain insights by discovering
patterns and testing hypotheses [16].

Data scientists value notebooks for their flexibility and ease
of use, which facilitates dynamic data exploration and visualiza-
tion, leading to compelling insights for stakeholders [2]. However,
transitioning these exploratory notebooks to production settings
requires specialized skills beyond typical responsibilities, such as
software deployment and system integration [6]. VA systems have
especially high requirements for visualization and interaction in
order to support analysts best in sensemaking. In larger organi-
zations, dedicated engineering teams often assist in this process,
providing custom solutions that ensure best practices and efficient
model performance [6, 15]. Conversely, data scientists in smaller
organizations may need to take on these additional tasks, which
can overwhelm them and affect deployment quality [1, 2]. Yet, re-
cent improvements to notebooks and visualization ecosystems are
making them more viable to take on the full knowledge generation
pipeline from data management to interactive data visualization.

This paper investigates the applicability of interactive visualiza-
tion notebooks for data science and visual analytics pipelines. The
approach combines data processing, dynamic visualization, and
real-time interactive analyses to streamline workflows and ensure
a transparent and reproducible data handling process. We illustrate
this through a use case for the interactive exploration and analy-
sis of space weather, which examines model data based on solar
activity datasets to uncover patterns and trends.

2 Background
Data science (DS) providesmethodologies for a systematic approach
to data analysis that describe and formalize the process of extracting
knowledge from data. The cross-industry standard process for data
mining (CRISP-DM) framework encapsulates the common practices
of data mining professionals across various industries [18]. It is
composed of six phases: business understanding, data understand-
ing, data preparation, modeling, evaluation, and deployment. While
CRISP-DM is primarily used in industrial contexts, the knowledge
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discovery in databases (KDD) framework is more prominent in aca-
demic settings, focusing on pattern extraction from large datasets.
The KDD process is characterized by its iterative nature and the
potential for feedback loops between the various stages [5]. Based
on the requirements of the domain and stakeholders, the first step
is the selection of datasets or specific subsets that are relevant to
the discovery objectives. Next, preprocessing procedures enhance
data quality, collect additional information, and handle missing
data. In the transformation stage, salient features are identified and
selected. This may involve the application of dimensionality reduc-
tion techniques or transformation methods designed to minimize
the number of variables, thereby reducing the amount of data with-
out sacrificing critical information. The data mining phase applies
algorithms to discover meaningful patterns within the data. Such
patterns can manifest in various forms, including classification
rules, decision trees, regression models, and clusters. Interpretation
turns the discovered patterns into knowledge. This may require
revisiting earlier steps for refinement or re-evaluation. Visualiza-
tion techniques are crucial at this stage to communicate extracted
patterns and their implications. Finally, newly uncovered knowl-
edge is integrated into existing systems for practical application or
documented for stakeholders. Through this systematic approach,
the KDD process facilitates the extraction of valuable insights from
complex datasets, thereby enabling informed decision-making and
enhanced comprehension within the targeted application domain.

Visual analytics (VA) is “the science of analytical reasoning facil-
itated by interactive visual interfaces” [20]. It combines multiple
research areas such as visualization, data mining, and data manage-
ment to enable users to derive knowledge and support decisions
based on massive datasets, thereby augmenting human reasoning
with the computational power of machines [9]. As the name sug-
gests, VA integrates more fundamentally with visualization to com-
municate intermediate results of semi-automated analyses, which
users in turn steer through interactivity. Sacha et al. developed
a knowledge generation model that ties together established DS
process models and integrates them in a high-level description of
VA systems [16]. Their model is split into a computer and a human
part, which are linked through interaction and perception. On the
computer side, data serves as a foundation for models that are cre-
ated using processes such as the KDD and visualization of data and
models. The human side consists of exploration, verification, and
knowledge generation, which are modeled as loops to signal that
these processes are often happening in parallel and are spontaneous
in nature. The exploration loop describes the users’ interaction with
the VA system to generate new visualizations and models. They test
or reject hypotheses in the verification loop in order to eventually
gain insights in the knowledge generation loop, which manifests
itself as patterns in the data and their quality while also gaining
experience about the VA system itself.

3 Interactive Visualization in Notebooks
Computational notebooks are a popular choice to combine code,
data, visualization, and other interactive elements in a single doc-
ument [11]. Multiple platforms exist, but the most prominent are
Jupyter Notebooks [10]. Data science (DS) especially benefits from
this combined approach for iteratively building data workflows,

tracking processing steps and lineage, enriching code with doc-
umentation, and presenting results to gain insights and support
decision-making [11]. As a consequence, the whole DS pipeline can
be combined into a single notebook, thereby eliminating potential
friction points between different tools.

However, as more work is shifted into notebooks, their limita-
tions also become more apparent [2]. Most notably, notebooks are
not reproducible as results depend on the execution order of cells.
The management of dependencies poses significant challenges in
computational environments. The dissemination of results is of-
ten hindered by the difficulty of sharing findings across different
platforms. Furthermore, the reusability of code cells is limited, and
achieving interactivity within these frameworks is not a straightfor-
ward endeavor. Jupyter stores cells as well as their output in JSON,
and hence, small changes cause big diffs, thereby making it harder
to track changes between versions, e.g., when using git. Cells are
not reactive and must be re-run manually whenever the variables
they depend on change. Finally, the results cannot be easily shared
as a web or command-line application and, therefore, are often only
used for prototyping.

Marimo1 is an open-source notebook solution for Python that
aims to overcome these limitations. Being Python-first, marimo
notebooks are valid Python code and therefore suitable for ver-
sioning and furthermore integrate well with common tooling such
as package managers, linters, and code formatters. Cells are reac-
tive and automatically run when their input values change. Con-
sequently, marimo notebooks are executed in deterministic order
and therefore reproducible.

The combination of code and graphical output is a key reason for
the surge of computational notebooks [11]. Several Python libraries
exist to visualize information, which are especially useful in the
context of notebooks. The matplotlib library is the most popular,
but mainly produces static charts with limited and cumbersome
interactivity [13]. Other libraries, such as Plotly and Bokeh, are
based on web technologies and therefore inherently interactive;
however, this comes at the cost of limited customization options. In
contrast, Altair is a declarative statistical visualization library for
Python based on the Vega and Vega-Lite data visualization gram-
mars [21]. Hence, it is very flexible and can produce a wide range
of visualizations while supporting high levels of customization. Ba-
sic interactions are also supported as part of the specification and
therefore relatively easy to add . Marimo notebooks have additional
mechanisms to add interactivity to Altair charts automatically, and
can access filtered datasets from interactive charts reactively.

As notebooks have evolved, they have become better suited to
take on the wide range of tasks required for data science and visual
analytics. Python supports data management well, mostly driven by
DataFrame libraries such as pandas2 and polars3, but also analytical
database systems such as DuckDB4. With the addition of scientific
computing libraries such as NumPy5 and SciPy6 and libraries for
machine learning, the full KDD process can be implemented in a

1https://marimo.io/
2https://pandas.pydata.org/
3https://pola.rs/
4https://duckdb.org/
5https://numpy.org/
6https://scipy.org/
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Figure 1: The combination of an object store to hold data and
a marimo notebook for data science processes such as the
steps of the knowledge discovery in databases (KDD) process
provides a comprehensive approach for visual exploration
and analysis of space weather model data for sensemaking.

Python notebook. In contrast, business intelligence (BI) focused
software for data visualization like Tableau7 is limited to data read-
ily available in specific file formats or databases. In combination
with the aforementioned visualization libraries for interactive data
visualization, notebooks can also provide the interfaces to the hu-
man sensemaking loop to implement the full VA pipeline in an
interactive notebook.

4 Space Weather Exploration Use Case
We demonstrate the applicability of interactive computation and
visualization notebooks for the visual analysis and exploration of
space weather. Space weather describes the conditions in Earth’s
ionosphere, which is mostly driven by solar activity. It affects
the quality of satellite communications, particularly during ma-
jor events such as solar storms. This, in turn, can impact global
navigation satellite system (GNSS) such as Galileo and GPS [19].
Hence, the space weather is closely observed using ground- and
space-based sensors, which produce large quantities of raw data.
Physicists model space weather using these data to analyze it and to
correct its effects on GNSS [8]. This demonstrator aims to visualize
and analyze the impact of space weather on GNSS satellite links
for a given location on Earth.

The demonstrator uses two key infrastructure components: On
one side, an object storage solution (e.g., MinIO8) serves as a cen-
tralized repository for all relevant data for further analysis. On
the other side, a Python-based marimo notebook enables in-depth
data processing as well interactive visualization and analysis. Im-
portantly, the notebook environment includes one or more code
cells that offer an array of visualization options (e.g., Altair[21],
mosaic[7]). These visualizations play a crucial role in displaying
the selected and transformed datasets, enabling clear understand-
ing and interpretation of the final patterns revealed during the
knowledge generation process.

Data exploration is modeled along the steps of the KDD process
(Figure 1). The NEDM space weather model serves as a dataset. It
provides global, three-dimensional electron density estimates based
on the F10.7 index for the solar activity and along satellite links [8].
Information on satellites and their orbits, as orbit mean-elements

7https://www.tableau.com/
8https://min.io/
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Figure 2: After preprocessing, electron density is aggregated
as the vertical total electron content and visualized as aver-
ages over the spatial H3 grid. The GNSS positions in view of
the selected receiver position are overlaid.

messages (OMM), is provided by CelesTrak9. In the preprocessing
phase, GNSS data from satellite identifiers are derived, focusing on
relevant GNSS satellites. A rolling average of the F10.7 solar flux in-
dex is computed, essential for assessing the impact of solar activity
on the Earth’s ionosphere. During the transformation phase, the
data for the data mining phase is selected. GNSS satellite positions
are calculated using the simplified general perturbations (SGP4). In
a second iteration, the electron density is aggregated on H310 grid
cells for improved spatial distribution (Figure 2). Relative positions,
such as elevation angle and distance, are computed to facilitate
interactive map selection. Processed data is stored using DuckDB
for integration into the final visualization. In the data mining phase,
physicists use the processed F10.7 data to create models of space
weather, which also predict ionospheric electron density. A visual-
ization of visible GNSS satellites and their parameters allows the
interactive selection of a subset of them based on a user-selected
receiver position (Figure 3). The vertical total electron content
(VTEC) and slant vertical total electron content (STEC) for accurate
evaluations are defined and calculated. The finalized visualizations
aid interpretation and showcase satellite positions alongside STEC
values. Users can interactively re-calibrate data based on results
and re-evaluate models, fostering an iterative process for deriving
insights.

By default, the notebook operates in application mode, which
hides the underlying code blocks. Users can easily initiate re-runs of
the preprocessing, transformation, and data mining phases through
a user-friendly dashboard interface, enhancing engagement and
workflow efficiency.

5 Discussion
A use case was presented that illustrates the effectiveness of inter-
active visualization techniques within a data storage and program-
ming notebook environment. This approach enables customized
data processing and visualization that can be tailored to specific
9https://celestrak.org/
10https://h3geo.org
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Figure 3: The interactive visualizations show GNSS satellites
relative to a ground position and derived values. The scatter
plot visualizes their elevation angle in relation to the slant
vertical total electron content (STEC) based on the NEDM
model [8]. Finally, the map depicts the position of the se-
lected satellites.

use cases, allowing for insightful analysis and interpretation of
complex datasets. However, this method has certain limitations in
terms of generalizability, making it less adaptable for a wide range
of applications across different domains. Authors of such notebooks
require knowledge of programming, visualization, and data manage-
ment, as well as domain-specific expertise. In contrast, other low-
or no-code environments allow them to focus more on the domain
and analysis, albeit being less customizable. The implementation of
standardized data interfaces and configurable components would
mitigate this, yielding a more robust and adaptable framework.

The selection of libraries used in the demonstrator imposes con-
straints on the interactivity, thereby limiting user engagement with
the system. For instance, Altair and Mosaic offer interactive se-
lections within their systems, but these are not always accessible
programmatically for use in other code cells. The implementation of
custom visualization widgets could circumvent this, but at the cost
of additional effort and reduced integration with these libraries.

Large datasets pose a challenge for these visualization libraries,
especially for Altair, which includes the data used as JSON in its
specification. As a result, the chart is self-describing, but in turn,
performance suffers heavily when visualizing larger datasets. In
contrast, the Mosaic architecture decouples data processing from
visualization specification and thereby boasts high performance [7].
However, there is currently no Python API for Mosaic, and thus

the specifications must be provided directly as JSON, making its
use more error-prone and debugging errors more difficult.

When implementing a solution in a production environment, it
is vital to select a stable toolset and technology stack that aligns
with the project’s specific requirements. The current implemen-
tation of the use case is more suited as a proof of concept than
for full-scale deployment, as it does not yet possess the robustness
required for production. For example, interactions can easily trig-
ger re-evaluations of multiple code cells, which in turn reduces
reactivity of the notebook and negatively impacts user experience.
Integration of high-performance computing (HPC) infrastructure,
for example, with the widely used dask11 alongside scalable, highly
available data storage solutions, would improve reliability and facili-
tate more efficient data analysis, enabling near real-time processing
capabilities. This combination not only enhances computational
efficiency but also supports the management of large datasets, en-
suring that the system can adequately meet the demands of complex
data workflows in a production setting.

Finally, there is a need to confirm the utility of this notebook-
based approach for VA using quantitative and qualitative user stud-
ies. This includes applicability to different domains, as well as usabil-
ity and the effects on the quality of the insights found. Additionally,
scalability and responsiveness should be tested using real-world
scenarios as benchmarks to ensure that the user experience is not
negatively impacted by high workloads.

6 Conclusion
This paper presents a notebook-based approach to data science
and visual analytics that includes the full pipeline from data man-
agement and transformation to interactive, visual exploration and
analysis. The interactive environment is suited for real-time data
processing and dynamic visualizations, allowing users to engage
with and adjust their analyses instantly. This streamlined workflow
offers a comprehensive approach to the knowledge generation pro-
cess, ensuring transparency and reproducibility. We discuss current
limitations of this approach, yet also demonstrate its utility for a
space weather analysis use case that empowers users to conduct
thorough data analysis and produce impactful visual outputs that
effectively communicate their findings.
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