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Figure 1: The ANNOLENS system, recreating the annotations made by participant P1 in our pilot study, showing: (a) a scatter plot
and relevance score contours, (b) bar charts depicting summary data about attributes for each lens and linking identical attributes,
(c) primary lens, (d) secondary lens, (e+f) annotations, and (g) the hotbar with multiple buttons for annotation and navigation.

ABSTRACT

Annotation is often a time-consuming but fruitful activity in data
analysis contexts. The manual labor required to create useful an-
notations is a barrier that keeps users from documenting their anal-
ysis, especially intermediate results. To address the needs of ex-
ploration and annotation alike, we propose integrating annotation
with lens-based interactions, combining both with guidance. We
investigate the exploration-annotation requirement space, identify-
ing challenges and extracting five design requirements for annota-
tion in exploration contexts. Based on this investigation, we de-
signed ANNOLENS—a concrete instantiation of such a system that
lets users explore and annotate dimensionality-reduced multivariate
data. It employs a dual-lens approach for contrastive exploration,
using guidance to steer users toward interesting data subsets and
attributes. Annotation is directly integrated into the lenses, letting
users quickly annotate hunches and discoveries. Automated merg-
ing and linking serve to simplify annotation management and re-
duce disruptions. In a pilot study, we conducted a preliminary eval-
uation of our approach, which indicated that users find it easy to an-
notate data and were able to incorporate their knowledge and unique
perspective into the process. A free copy of this paper and all sup-
plemental materials are available at https://osf.io/zpu6c/.
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1 INTRODUCTION

Data exploration is an integral part of many visual analytics solu-
tions. Documenting insights and rationales can help users recall
their analysis process, present their findings, and collaborate with
others [23, 28, 37]. While exploration aims to help users uncover
insight, externalizing these insights can be costly work that is of-
ten performed post-hoc. How low-cost interactions that let users
externalize quickly can be integrated into visual analytics solutions
and how they affect the sensemaking process is an active area of re-
search [2, 22, 30, 24]. In this article, we take another step towards
integrating annotation into data exploration with the help of guid-
ance, making three contributions: First, we discuss the exploration-
annotation requirement space, looking at challenges and diverging
needs based on prior work. Second, we present ANNOLENS, a con-
crete system that combines guidance with interactive lenses to fa-
cilitate rapid exploration and annotation for dimensionality-reduced
multivariate data (cf. Figure 1). In contrast to highly automated or
completely manual approaches, ANNOLENS guides users towards
interesting features or data subsets, but leaves the decision to an-
notate up to them. It prioritizes quick interactions, allowing users
to create unique annotation maps that reflect their individual view-
point as it evolves during exploration. Third, we reflect on observa-
tions regarding workflow differences and annotation outcomes from
a pilot study with three participants which can inform future work.

2 RELATED WORK

Annotations in visualization exist in the form of highly structured
data [11], free-form sketches [30], or storytelling devices [29].
They can serve to document insights [11, 14, 27, 31], communicate
a narrative [29, 33], or label data for machine learning [6]. Anno-
tations can be seen as a part of provenance, although provenance
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often exceeds the goals that annotation pursues. Provenance can
include recording and analyzing interaction logs, data transforma-
tions, or visualization states for user modeling, replication, steering
models or evaluating systems [28, 37]. In fewer cases, annotations
directly aim to inform the sensemaking process—both functionally
and visually—through tight integration with other system compo-
nents. Click2Annotate [11] lets users annotate findings using dif-
ferent templates that describe different data patterns, but disrupts
the data exploration and is less suitable for intermediate results and
ideas that are still subject to change. Zhao et al. [38] designed AN-
NOTATIONGRAPHS, an interactive system that supports the docu-
mentation of insights through user-authored annotations, emphasiz-
ing extensive and deliberate annotation. The system combines data
analysis and annotation, arranging annotations as a graph laid out
through a mixed-initiative approach, though experts felt the process
of creating annotations was generally time-consuming. Kandogan
[19] introduced “just-in-time descriptive analytics,” providing auto-
mated labels for patterns in scatter plots based on user interactions.
They help users to find and understand patterns in a data-driven
manner, but do not allow users to create their own annotations.

Exploration, in a visualization context, is “a hypothesis-
generation process” [20] that aims to build “rich mental models
of the data” [5] and involves “identifying questions of interest, in-
specting visualized data, and iteratively refining one’s questions and
hypotheses” [3]. It is a process that often starts without clear tasks,
during which questions and hypotheses arise by finding interesting
bits and pieces in the data. There are many techniques that support
exploration in interactive visual systems, including magic lenses.
Lenses let users interact with data neighborhoods, supporting rapid
exploration of that data. Tominski et al. [35] define the conceptual
lens model as a pipeline that is attached to the standard visualiza-
tion pipeline via selection and transforms the data to generate a lens
effect. A lens can apply different functions that transform or enrich
the underlying data: showing details about the data [7] or changing
the layout [34]. By employing multiple lenses [9, 21], users can
directly compare specific subsets of the data. Looking at the over-
lap between lenses and annotation, Bettio et al. [8] use annotations
to guide navigation of interactive lenses, focusing on annotations
that produce visual overlays. Similarly, Ahsan et al. [1] use audio-
visual annotation graphs to guide exploration in a cultural heritage
context. These works showcase how annotation data can serve as a
basis for guidance when combined with lens-based exploration, but
these annotations are static and provided by domain experts before-
hand. In contrast, we consider annotations created by users during
exploration that enable insight externalization, producing annota-
tion maps that reflect users’ current mental model of the data, based
on their unique knowledge and perspective.

3 REQUIREMENTS & DESIGN

Annotation can be a critical activity for analysis and reporting,
but it is often time-consuming. In this section, we introduce the
exploration-annotation-requirement space, identifying design chal-
lenges and opportunities. Based on this requirement space, we de-
tail our design decisions for ANNOLENS.

3.1 Requirements for Exploration-Annotation
Exploration and annotation are somewhat orthogonal activities dur-
ing sensemaking processes [25]. While exploration primarily takes
place during information foraging, annotating and recording find-
ings are important for supporting later stages when users create
schemas, build hypotheses, and report their findings. Data explo-
ration is the process of building understanding about a data space
by traversing it in some fashion. It starts out without clear tasks
with users wanting to find patterns and understand relationships in
the data [5, 17, 26]. Over the course of exploration, users can form
questions and hypotheses which typically change their information

needs [15]. Given this framing, facilitating exploration includes
making this data space traversal more effective. Effective in this
context means quickly finding interesting subsets or dimensions
that produce insight or point analysis into a more concrete direction.
Because finding these interesting subsets is not easy, approaches
for exploratory analysis often help users to query and view the data
from different angles. Related interactions must consequently en-
able users to efficiently formulate queries that shed more light on
data characteristics. When viewing annotation as a documentation
activity, it is more deliberate and slow, as users are trying to mold
their found insights into a more structured representation.

If we consider annotation as an activity that supports sensemak-
ing—where annotations represent not final insights but instead in-
sights as they emerge and change—then deliberate and slow inter-
actions are at odds with exploration requirements. For such a sce-
nario, annotation interactions should be quick and easy (R1), to
not disrupt the flow of exploration. Similarly, seamless (R2) tran-
sitions between modes of exploration and annotation prevent users
from excessive configuration and mode-switching, which can in-
crease cognitive load and lead to errors [32]. To document from
which data the insights were derived, annotations should contextu-
ally link (R3) to their data source [22, 28, 30]. Additionally, be-
cause they should mirror the user’s changing mental model of the
data, they must be easy to add, delete, and edit (R4). As annota-
tions accumulate, it becomes more challenging to maintain clarity
(R5), particularly when the visualizations themselves are already
visually complex. From these requirements derive a multitude of
interconnected design decision concerning the representation and
function of annotations in systems for exploratory data analysis:
When should which annotations be visible? Is it important that
annotations are placed in proximity to their context, the annotated
data? How should annotations influence each other; how do they
influence other system features? To answer these questions, design-
ers must investigate how users want to use annotations and which
information they need at which point in the workflow.

Subsequently, we present a system that combines lens-based in-
teraction, guidance, and annotation as complementing parts that let
users externalize and integrate insights into the exploration process.
Our approach can be described using both the knowledge-assisted
visual analytics conceptual model [12] and the model for guidance
in visual analytics [10]. In the former, our guidance is part of the
analysis that produces visualizations and alters the specification,
whereas annotations externalize tacit knowledge for consumption
by the system and user. For the guidance model, our approach me-
diates guidance both through the lens interactions and annotations.

3.2 AnnoLens Design
With ANNOLENS, our goal was to create a system that lets
users simultaneously explore and annotate data, thereby reflect-
ing their unique perspective and treating annotations not as an
addendum or chore, but as an activity that supports the sense-
making process. We focus on exploration of dimensionality-
reduced multivariate data, which can be found in many domains
for different types of data. Based on the challenges and require-
ments identified previously, we describe our system design and
how it connects exploration and annotation activities with lenses
and guidance. The code for ANNOLENS is available online at
https://github.com/ArielMant0/anno-lens, with a demo hosted at
https://arielmant0.github.io/anno-lens/.

3.2.1 Supporting Exploration

To support data exploration we use lenses and guidance to tackle
three related questions: (i) which data attributes are relevant, (ii)
where similar data can be found, and (iii) how these data subsets
compare to each other. Lenses allow for quick, continuous traversal
of a data space by simply moving the cursor. They are a powerful
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and intuitive approach to supporting exploration for meaningfully-
arranged data, like in scatter plots [16], geographic maps [21],
and graphs [7, 34]. Simultaneously, lenses let users easily select
neighborhoods that are assumed to have some meaningful reason
for their spatial proximity—which we can use to identify the data
that annotations should be associated with. A scatter plot (cf. Fig-
ure 1 a) combined with a lens is our primary means around which
exploration is structured. ANNOLENS employs a dual-lens concept,
where the primary lens is connected to guidance in multiple ways:
First, the data under the primary lens is used to calculate relevance
scores for each data attribute. Second, the highest-ranked attribute
is used to color the dots in the plot according to their value. Third,
the secondary lens is placed at another plot location with the most
similar relevance score for the same attribute, if one exists. The rel-
evance score calculation depends on the attribute type, but always
tries to model the discrepancy between the attribute’s global distri-
bution and the lens data’s distribution. Attributes that are prevalent
under the lens but rare globally get a higher score than attributes
prevalent in both. Concrete calculations and more examples are
available in the supplemental material. Background contours in the
plot visualize the relevance scores for pre-computed lens positions,
giving further visual guidance. After being placed at its initial po-
sition, users can move the secondary lens to another location on
demand. Next to each lens, smaller lens copies (cf. Figure 1 c & d)
depict the same data colored according to other highly-ranked at-
tributes. They give users immediate visual feedback on the connec-
tion between different attributes, enabling direct comparison. Next
to the scatter plot, small histograms of all data attributes are shown
for each lens, sorted by their relevance scores (cf. Figure 1 b). His-
tograms for the same attribute are connected via links, indicating
how relevance scores compare between lenses.

3.2.2 Supporting Annotations

Annotating in ANNOLENS is tightly connected to the lenses and
consequently facilitated by the guidance that is combined with these
lenses. We define annotations as structured tuples that consists of
data ids, attribute labels, and optionally an attribute value. This al-
lows us to implement quick, single-click annotations (R1, R2, R4)
that are directly connected to the lens-based exploration (R3). Users
can choose from a set of single-click interactions, which creates an
annotation for the currently active combination of lens and attribute.
We chose to provide alternative ways for triggering the same action
to accommodate different user preferences, like for interaction pac-
ing [13]. A hotbar placed at the bottom of the window provides
five colored buttons that create an annotation in the respective color
(cf. Figure 1 g). The button can be clicked with the mouse, but
it also displays its associated key that can be pressed to annotate.
Clicking on an attribute label next to a lens copy also annotates
that attribute for the related lens data. The same principle is ap-
plied to switching the active attribute, for which we provide but-
tons, hotkeys, and interactions at visualization elements. By giving
users a set of different colors with customizable labels to annotate
with, they can create categories to which they can assign their own
meaning. Thereby, we aim to alleviate the limited expressive free-
dom users have for annotations, which are restricted to attribute
labels and values. During the design phase, we examined various
annotation representations and levels of detail. Initially, we consid-
ered showing labels inside the plot, but abandoned this approach
due to the potential for clutter (R5), especially given our lens de-
sign that already adds multiple visual elements to the plot. Imple-
menting different levels of detail can reduce clutter, but requires
the system to decide which information each level shows. Ulti-
mately, we chose to place annotations on the left and right sides of
the scatter plot (cf. Figure 1 e+f), dividing the available space into
non-overlapping areas based on the number of annotations. This
trades less visual clutter (R5) for reduced scalability, but allows us

to constantly depict all annotations, providing instant access (R3).
Annotations are integrated into the system in several ways to let
them act as more than notes. Whenever the currently active at-
tribute is contained in an annotation, the respective data points and
label are visually highlighted (R3). These highlights act as guid-
ance cues [10] that remind users of annotations they already made
and which data that concerns. To show connections between anno-
tations, ANNOLENS automatically links annotations based on their
overlap in labels. These links are visualized in the scatter plot when
the lens rests, encoding the amount of overlap via line thickness
(cf. Figure 1). We chose to show these links only on demand to re-
duce clutter (R5) and because we suspect that users care about these
links when they want to reason about their annotations—not when
moving the lens to explore. Lastly, ANNOLENS merges annotations
with an overlap in data points and the same labels, thereby reducing
unnecessary manual labor (R1, R2).

4 PILOT STUDY

In a pilot study with three participants (2 male, 1 female, all aged 25
to 30), we conducted an initial examination of ANNOLENS. Specif-
ically, we wanted to get an impression of annotation workflows, re-
sulting annotations, and usability hurdles. We recruited participants
from our own and other institutes based on their experience with the
dataset’s domain and visualization. Participant P1 is familiar with
the study dataset, P2 works in visualization and knows the domain
but not the dataset, and P3 is not familiar with the dataset, domain,
or visualization.

4.1 Study Datasets
The study used two different datasets, one for the training round
and one for the study task. For each dataset, we calculated a 2D
embedding using t-SNE [36] that is visualized in a scatter plot.
During the system demonstration and training phase, participants
worked with a dataset that consists of 80 different types of cere-
als, described through 16 attributes [18]. This dataset was chosen
because it contains different data types and its attributes require lit-
tle expertise to understand. The study task used a dataset of video
games collaboratively labeled by three coders [4]. It has 388 data
points and 256 attributes, which describe characteristics of a game
in a binary yes or no fashion. We chose this dataset for four distinct
reasons: First, it contains complex patterns that the authors are al-
ready familiar with. Second, it reflects characteristics of real-world
datasets such as highly correlated attributes and semantic inconsis-
tencies. Third, this data has attributes that are subjective by design,
leaving room for interpretation that participants can fill with their
pre-existing knowledge. Fourth, it is likely that we can find partici-
pants with different levels of knowledge for the data domain, which
likely impacts the annotations they will create.

4.2 Study Procedure
At the start, the experimenter explained the study and demonstrated
system capabilities using the Cereal dataset. Afterwards, partici-
pants were asked to perform a number of interactions and answer
basic comprehension questions as training. Then the main study
task began. We asked participants to imagine working in a game
development context where the experimenter is the superior, pro-
viding the data and task. Participants were instructed to extract in-
formation about clusters of platform games, a subset of skill-based
movement games, to find differences and similarities between them,
which they should present afterwards. This task design aimed to
imitate more realistic data exploration scenarios, in which users
have some level of pre-existing knowledge and a high-level goal.
Entirely free exploration may overwhelm users or lead them to ig-
nore system functionalities. Participants had 20 minutes to com-
plete the task and 5 minutes to present their results. We asked par-
ticipants to think aloud during the task and ask questions about sys-



tem features if they were unsure about them. At the end, we asked
six questions, described in the supplemental material, regarding the
use of annotations and general system utility.

4.3 Results
This section describes results from our pilot study, starting with
task performance followed by observations concerning differences
in user workflows and resulting annotations.

4.3.1 Task Results
All participants solved the study task to a satisfactory degree, find-
ing the three target clusters and describing at least two important
characteristics and differences. P1 was the most thorough, finding
more details than the other two, but taking longer to find the ini-
tial attribute that correlates with platform games. In the reporting
phase, all participants found the same high-level characteristics, but
diverged for the specifics, informed by their unique perspective.

4.3.2 Workflow Differences
Looking at the workflows of participants, we observed both simi-
larities and differences between them. For similarities, we saw that
all of them were a little reluctant to annotate directly, preferring
to explore for some time before starting to annotate. This may be
because they wanted to get an overview of the dataset before cre-
ating annotations, even if these are easily deleted. Another reason
may be that the system complexity was too overwhelming at the
beginning, requiring some initial warm-up. When asked how easy
or difficult it was to create annotations, all participants said they
felt it was easy as soon as they understood the concept and had an
idea of what to annotate. Although all participants started the task
in a similar manner—getting to know the dataset and finding the
platforming attribute—their approaches diverged after that initial
phase. P1 did not move the lenses too much, instead preferring to
get an in-depth understanding of all the related attributes for each
group. To inspect attributes, P1 often used the small lenses and
hotkeys, whereas P2 and P3 preferred looking at the histograms,
only changing the active attributes a few times to inspect distribu-
tions in the scatter plot. Participants only deleted annotations when
they made a mistake, preferring to add annotations once they felt
reasonably sure that their understanding was correct. All partic-
ipants noted the relevance contours as a positive component that
helped them in getting a quick overview and finding other interest-
ing spots easily. Similarly, everyone positively mentioned having
two lenses to make direct comparisons between data subsets.

4.3.3 Annotation Differences
P1 treated annotation colors as different categories that signify how
the respective labels relate to each other and the dataset as a whole.
For example, labels that clusters have in common were marked as
dark green, whereas labels unique to a cluster were yellow. This
usage of the colors conforms with how we conceptualized it. In
contrast, P2 assigned a color to each cluster, giving them a name he
thought fitting, while P3 always used the same color. Looking at
the number of annotations, P1 annotated 19 labels distributed over
the 3 clusters, P2 annotated only 3 labels, and P3 annotated 10 la-
bels for the three clusters. P1 rigorously inspected and compared all
attributes for all clusters, thereby discovering and annotating more
details about cluster differences than other participants. In the dis-
cussion, P2 said that he felt that his previous knowledge allowed
him to only annotate a few labels as a reminder. Participant P3,
constrained her annotations to the highest ranking attributes due to
her limited knowledge about the domain.

5 DISCUSSION

We based our design requirements on the needs of exploration
processes, prioritizing quick interactions for annotation such that

users may easily annotate without interrupting their exploration
needlessly. The pilot study showed that all participants could
find relevant information and annotate it in a way that suited their
preference—using different interactions to annotate with different
levels of detail. The study task was more focused than completely
free exploration, to give users some guidance as to what they could
be looking for and to reflect realistic scenarios where data explo-
ration is subject to high-level goals. However, this also means that
annotation behaviors might change for other task scenarios that are
more open or more focused. Participants in the study agreed that
ANNOLENS made it easy to annotate, although they still started
the task by exploring for some time before actually annotating any-
thing. This may indicate that even low-cost annotation is only en-
gaged with after an initial familiarization phase that lets users form
an initial schema of the data. Integrating guidance, via attribute
sorting and relevance contours, was unanimously appreciated by
all study participants. Participants generally agreed with the guid-
ance on which attributes are relevant, but also annotated accord-
ing to their individual perspective, resulting in different annotation
maps. The annotations users create offer an opportunity to expand
guidance further, such as suggesting attribute labels based on their
occurrence in already annotated data. All participants had some ini-
tial difficulty in understanding the different system features. They
struggled a bit with navigating between attributes and understand-
ing how they could make use of the different annotation colors.
ANNOLENS trades expressive power of annotations for speed; users
can only annotate attribute labels and values in different colors.
While the colors give users some way to encode meaning, two par-
ticipants mentioned wanting to also take free-form notes, which
clashes with the need for quick interactions. Whether that poses
an undesirable disruption of the exploration process or is instead an
opportunity for users to structure their thoughts is an open question
for future work. Our work is a small step towards expanding our
understanding of annotation in visual analytics system. However,
larger studies are needed to test whether approaches like ours can
be used in a generalized way and to understand how they can best
support users.

6 CONCLUSION

ANNOLENS combines lens-based guidance with annotation to sup-
port externalization without interrupting the exploration process.
By integrating lens-based interactions directly with annotation in-
teractions, it makes annotating quick and less disruptive. Our
approach constitutes a step towards introducing fast and semi-
automated annotations for interactive exploration. In a small pi-
lot study, participants created unique annotations that reflect their
knowledge and unique approach. Every participant found it easy
to annotate, though usability issues and system complexity occa-
sionally posed problems. Guidance was viewed positively by all
participants and could be extended further by incorporating exist-
ing annotations for suggestions or visual cues. Extending the anno-
tation mechanism with foundation models could be an interesting
option to make annotation more powerful and personalized. Large-
language models (LLMs) could take over the burden of creating
more detailed reports from annotations, letting users focus on ex-
ploration. They could also try to describe what the user is looking
for based on the created annotations, thereby acting as a mirror that
could help users reflect on their results so far. ANNOLENS is a first
venture into the exploration-annotation space, opening up avenues
for improvement and extension in future work.
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