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Abstract
Dimensionality reduction (DR) techniques are essential for visually
analyzing high-dimensional data. However, visual analytics using
DR often face unreliability, stemming from factors such as inherent
distortions in DR projections. This unreliability can lead to analytic
insights that misrepresent the underlying data, potentially resulting
in misguided decisions. To tackle these reliability challenges, we
review 133 papers that address the unreliability of visual analytics
using DR. Through this review, we contribute (1) a workflow model
that describes the interaction between analysts and machines in
visual analytics using DR, and (2) a taxonomy that identifies where
and why reliability issues arise within the workflow, along with
existing solutions for addressing them. Our review reveals ongoing
challenges in the field, whose significance and urgency are validated
by five expert researchers. This review also finds that the current
research landscape is skewed toward developing newDR techniques
rather than their interpretation or evaluation, where we discuss
how the HCI community can contribute to broadening this focus.

CCS Concepts
• Human-centered computing → Visual analytics; • Mathemat-
ics of computing → Dimensionality reduction.
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1 Introduction
Dimensionality reduction (DR) serves as a backbone of data visu-
alization and visual analytics [26, 111, 154, 212]. DR techniques
such as 𝑡-SNE [199], UMAP [137], and RadViz [172] generate low-
dimensional representations of high-dimensional data while pre-
serving key structural characteristics of the original data, including
local neighborhood structure and global cluster arrangement. DR
projections are widely incorporated in many visual analytics sys-
tems and applications [37, 111, 151] across diverse domains such
as bioinformatics [5, 18, 37, 143, 150], natural language processing
[124, 194], and human-computer interaction [17, 126]. DR has also
been used to explain machine learning models [166, 222], including
cutting-edge foundation models like large language models [194].

Still, visual analytics leveraging DR can easily become unreli-
able: derived insights or knowledge from visual analytics may not
accurately reflect the underlying data, potentially leading to flawed
decisions. For example, because low-dimensional spaces have a
fewer degree of freedom than high-dimensional spaces, distortions
are inevitable in DR projections. These distortions can reduce the
accuracy of the projections [13, 87, 152], misrepresenting the origi-
nal data and potentially leading analysts to incorrect conclusions
about its structure. Such erroneous insights or decisions can cascade
downstream, negatively affecting subsequent analyses or research
that relies on them. To address these challenges, the visual analytics
community has thus conducted numerous studies to enhance the
reliability of visual analytics using DR.

However, we need more comprehensive guidance to help ana-
lysts address the full scope of unreliability when using DR. Existing
surveys [59, 154, 189] focus on guiding analysts in selecting DR
techniques that produce accurate projections for specific data or
tasks. For example, they recommend using 𝑡-SNE or UMAP to reli-
ably support neighborhood investigation tasks. While these surveys
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contribute to making visual analytics more reliable by increasing
practitioners’ awareness of the design and purpose of DR tech-
niques, unreliability can still arise for various other reasons, such
as suboptimal hyperparameter settings [106, 217] or the inherent
instability of certain DR techniques [106, 137]. Other approaches
beyond DR technique selection, including making DR more inter-
active [8, 71] or interpretable [21, 87, 122], are proposed to remedy
these problems.

Our research aims to coordinate these diverse efforts, thereby
contributing to achieving more reliable visual analytics with DR.
We first carefully review the literature, identifying 133 relevant
papers from diverse research fields, including data visualization,
human-computer interaction, and machine learning. Based on this
systematic review, we develop aworkflowmodel that outlines the
interaction between analysts and machines when conducting visual
analytics with DR. Grounded in the identified papers and previous
theories in visual analytics, this model enhances our understanding
of how analysts use DR in practice. It offers a comprehensive ex-
planation of DR usage, covering the entire analytic process—from
preprocessing to visualizations and sensemaking. Finally, we or-
ganize the reviewed papers into a taxonomy structured around
four dimensions: Stage, Problem, Aim, and Solution, each branch
mapped to a component of the workflow model or defined by those
components. A meta-analysis reveals six prevalent clusters of pa-
pers, offering deeper insights into the overall research landscape.

Our analysis identifies several ongoing challenges, including
the limited discussion extending beyond 2D scatterplots and the
lack of available libraries to support more advanced DR techniques.
Eight expert researchers in the relevant fields validated the signifi-
cance and urgency of these challenges. Furthermore, our survey
reveals an imbalance in the research landscape, with many papers
proposing new techniques but few focusing on their evaluation or
interpretation. To fill this gap, we call for the HCI community to
invest more efforts to enhance the interpretability of DR techniques
and make it easier to use DR reliably. As a seminal step, we develop
and release an actionable guide to help researchers navigate the
literature included in our survey.

In summary, this research makes four key contributions:
We present a workflow model that comprehensively details
the visual analytics procedure using DR.
We propose a taxonomy that categorizes 133 relevant studies
in the field.
We identify three significant and urgent ongoing challenges
in DR-driven visual analytics.
We reveal an imbalance in the relevant literature, where we
prompt the HCI community to mitigate it.

To the best of our knowledge, this is the first survey specifically
addressing the issue of unreliability in visual analytics for DR tech-
niques. We thus hope this research will serve as a valuable reference
not only for practical DR applications but also for future investi-
gations into reliable visual analytics. We provide an interactive
browser of this survey at https://dr-reliability.github.io/demo.

2 Related Work
We discuss three relevant areas of previous work: (1) existing sur-
veys on DR techniques and evaluation metrics, (2) investigations

on the practical usage of DR in visual analytics, and (3) theoretical
models for visual analytics.

2.1 Surveys on Dimensionality Reduction
We review existing surveys on DR techniques and evaluation met-
rics. These surveys share a common goal with our research: en-
hancing the reliability of visual analytics using DR. Our research
differentiates itself by addressing a broader spectrum of threats
that can compromise reliability, spanning various stages of the
analytical workflow beyond selecting DR techniques and metrics.
Surveys on DR techniques. These surveys aim to reveal the pros
and cons of existing DR techniques, providing guidance for practi-
tioners in selecting the most appropriate technique that matches the
analysts’ intentions, e.g., target tasks [44, 57, 65, 154, 189, 200, 224].
However, these literature reviews often lack quantitative validation
of the performance of DR techniques, e.g., accuracy in preserving
the structure of high-dimensional datasets, limiting the extent to
which their guidance can be applied. For example, a technique
may work appropriately for dense datasets but poorly for sparse
datasets [59]. Researchers thus contribute benchmark studies that
incorporate the measurements and analyses of projection accuracy
or scalability [12, 28, 59, 200] to fill this gap. Recently, Espadoto et al.
[59] conduct a large-scale study that shows how the performance of
DR techniques is affected by the dataset traits (e.g., dimensionality,
number of data points) or hyperparameter settings. Xia et al. [216]
and Etemadpour et al. [60] also contribute large-scale benchmark
studies, where they directly examine human task performance by
conducting user studies.

Surveys on evaluation metrics. Although DR techniques are
specialized to preserve certain aspects of the original data, they in-
herently cannot escape from distortions [43, 59, 87, 122, 154]. Thus,
many quality metrics are proposed to assess the accuracy of DR
projections in preserving structural characteristics of the original
high-dimensional data [42, 87, 89, 202]. As with DR techniques,
suitable use of quality metrics is essential in conducting reliable
data analysis. For example, to identify DR projections that reliably
support cluster analysis, metrics specialized to cluster structure
(e.g., Steadiness & Cohesiveness [87]) are recommended to test the
projections.

Reviews on DR quality metrics thus contribute as guidelines for
selecting proper metrics. For example, Nonato and Aupetit [154]
and Thurn et al. [196] taxonomize existing quality metrics based
on their target structural characteristics (e.g., local neighborhood
or global pairwise distance). Lee and Verleysen [116] provide an
extensive review of the quality metrics that assess the preservation
of neighborhood structure. A recent study from Jeon et al. [86] not
only conducts the review but deploys the surveyed metrics as a
unified Python library.

Our contribution. Existing literature reviews and benchmarks
enhance the unreliability of visual analytics by addressing a lack
of awareness about the disadvantages and advantages of DR tech-
niques and quality metrics in supporting diverse analytic tasks.
This is done by providing guidelines in selecting DR techniques and
metrics that optimally aligns with the analysts’ intention (e.g., task,
prior domain knowledge) and data. In this work, we demonstrate
that factors beyond optimality can compromise the reliability of
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visual analytics (e.g., interpretability or stability of DR techniques).
We also show that the efforts for addressing this unreliability go be-
yond the selection of proper techniques or quality metrics (Sect. 5).
For example, our survey shows that visual analytics systems that
explain DR techniques [46] or unified libraries [86] can even con-
tribute to enhancing reliability. Doing so offers a more comprehen-
sive taxonomy and actionable guidelines to help analysts conduct
more reliable visual analytics using DR.

2.2 Investigation on the Practical Usage of
Dimensionality Reduction

Given the wide usage of DR, several works investigate how DR is
used for visual analytics [24, 58, 175]. Brehmer et al. [24] conduct
interviews with data analysts, revealing a workflow of using DR
for analyzing cluster structure or interpreting the meaning of di-
mensions. Based on task sequences, they derive guidelines for a
more comprehensive evaluation of DR-based visualizations. Sacha
et al. [175] conduct a literature review to identify how analysts
interact with DR projections. They contribute a framework sys-
tematizing human-DR interaction and then use it to understand
and compare visual analytics systems using DR. They also use the
proposed framework to suggest research directions for enriching
interaction with DR. Espadoto et al. [58] explore workflows for
developing, evaluating, and deploying DR techniques for practical
applications. They further identify the toolkits or libraries available
for each workflow step. Furthermore, they discuss the challenges of
using such toolkits in practice, e.g., the lack of benchmark datasets
to evaluate DR techniques.

Our contribution. Previous research focuses on specific scenarios
to offer insights into using DR in visual analytics. In contrast, we
offer a more comprehensive explanation of DR usage, covering
the entire workflow from data preprocessing to visualization and
sensemaking. This approach gives a broader understanding of DR
usage in practice. Grounded in this workflow, our study compre-
hensively captures reliability problems in DR-based visual analytics
that previous studies have not fully explored.

2.3 Theoretical Models for Visual Analytics
Workflow

Visual analytics and data mining communities have proposed di-
verse models that explain how analytic procedures derive knowl-
edge from data. VanWijk [201] propose amodel of how each compo-
nent in visual analytics (e.g., perception, interaction, visualization
specification) affects knowledge. VanWijk’s model has been further
complemented by Green et al. [79]. Fayyad et al. [63] propose the
Knowledge Discovery in Databases (KDD) process, which describes
the data mining stages that raw data should go through to generate
knowledge. Chen and Jäenicke [36] explain the visual analytics pro-
cess by aligning it with information theory. Keim et al. [101] review
existing theories and models to comprehensively explain the visual
analytics process. Based on the previous workflow models, Sacha
et al. explain the role of visual analytics in generating knowledge
[174].

Our contribution. This research introduces a theoretical work-
flow model describing how analysts and machines behave when

conducting visual analytics (Sect. 4). Our model uses these previous
workflows as the theoretical backbone. For example, our model
follows the global structure proposed by Van Wijk [201]. Never-
theless, our model examines each component of the structure in
detail, providing a fine-grained explanation of how DR-based visual
analytics takes place. Moreover, we not only contribute a workflow
model but also discuss the unreliability that can arise within the
workflow, providing practical guidance to help analysts make their
visual analytics reliable.

3 Protocol
We discuss our search strategy for identifying relevant papers and
provide an overview of the papers we select. We then explain in
detail how we develop our workflow model and taxonomy.

3.1 Paper Selection
We outline our survey scope and the procedure for selecting papers.
We also provide examples of papers included and excluded in our
survey. Furthermore, we show how the papers are distributed across
the years and fields, confirming the wide coverage of our survey.

Survey scope. We search papers that address unreliability from vi-
sual analytics using DR. The survey does not focus on unreliability
primarily related to data-agnostic visualizations (e.g., overplotting
in scatterplots) or other machine learning techniques (e.g., cluster-
ing or regression). The example papers for inclusion and exclusion
are as follows:

Examples for inclusion:

Studies that improve the accuracy of existing DR technique,
e.g., by modifying loss functions or distance functions [88,
150, 195, 205]. These studies support analysts in conducting
their tasks more accurately.
Studies that propose new DR quality metrics [87, 147, 186] or
improving the reliability of existing metrics [89, 117]. These
studies help practitioners identify DR projections optimal for
their tasks based on metric scores.
Studies that propose visualizations or interaction techniques
that explain distortions in projections [13, 43, 87, 122]. These
studies contribute to making practitioners more aware of the
existence of inaccuracy of projections due to distortions.
Benchmark studies that provide an extensive comparison of
existing DR techniques [59, 60, 200, 216]. These benchmarks
help practitioners become more aware of the pros and cons
of existing techniques and select the most appropriate tech-
niques for given datasets and tasks.

Examples for exclusion:

Studies that deal with reliability problems for general visual-
izations and thus are not always relevant to visual analytics
using DR, e.g., visual perception of scatterplots [1, 90].
Studies that mainly focus on improving the computational
efficiency of existing DR techniques [69, 102].
Studies that aim to remedy reliability problems related to
other types of ML techniques, e.g., clustering [49, 123], or
visualizations, e.g., Parallel Coordinates Plot, glyphs, that are
used to analyze high-dimensional data [169, 221].
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Figure 1: Procedure of selecting papers (a-e) and their classification based on research fields (f). (a) We first search seed papers
published in major visualization and human-computer interaction venues ( ), and (b) filter out papers that do not fall within
our survey scope ( ). (c) We then extend our paper collection ( ) by screening the related works and backgrounds of the seed
papers. (d, e) Finally, by extensively reviewing and filtering out unrelated papers ( ), we finalize a total of 133 papers. (f) We
classify the papers based on their fields. The icons above each arrow represent the authors ( , , and ) that are involved in
the corresponding step.

Procedure. Our procedure of selecting papers is inspired by ex-
isting surveys in the data visualization field [165, 183, 207]. Three
authors search the papers in May 2024.

First, we search seed papers and filter irrelevant papers. A primary
author search papers published in the major visualization and HCI
venues—VIS (InfoVis, VAST, and SciVis), TVCG, PacificVis, EuroVis,
CGF, and SIGCHI affiliated conferences—using the corresponding
digital libraries: IEEE Xplore, Wiley Online Library, and ACM Digi-
tal library (Fig. 1a). We focus on visualization and HCI venues as
our primary focus is to investigate the use of DR in visual analytics.

The primary author query (“Dimensionality Reduction” OR “Di-
mension Reduction” OR “Multidimensional Projection” OR “Mul-
tidimensional Scaling” ) AND (“Reliability” OR “Trustworthy” OR
“Distortion” OR “Uncertainty” OR “Quality” ) for paper title and ab-
stract. We do not set specific time limits to make our list of papers
more comprehensive. As a result, we identify 85 papers in total
(Fig. 1a; ). Then, two authors screen the title, abstract, and in-
troduction of the papers and filter out papers that are out of our
scope (Fig. 1b; ). We filter out papers only if two authors agree
to reduce the risk of excluding relevant papers. The procedure ends
up with 39 seed papers.

Second, we extend the search space to the related works of seed
papers. The two authors conduct the second screening of the seed
papers to curate a list of papers that likely are within our survey
scope. We review the introduction section if a paper does not have
such sections. Note that a paper is included in our collection if at
least one of two authors thinks that the paper is relevant to our
study to minimize the risk of overlooking relevant papers. As a
result, we additionally find 180 papers (Fig. 1c; ). However, as this
extension is only done by reviewing the contents of seed papers,
two authors again screen the title, abstract, and introduction of

these new papers and filter out irrelevant papers (Fig. 1d; ), where
we conclude with 141 papers (including 39 seed papers) in total.

At last, we conduct the final screening and filtering of papers.
We review the title, abstract, introduction, and method sections to
ensure that our collection contains no false positives. An additional
author is involved in this step to bring a fresh perspective to the
screening. We keep papers only if all three authors agree to include
the papers. We exclude eight papers, resulting in a final collection
of 133 papers (Fig. 1e).

Metadata analysis. We want to identify the trends in relevant
research over different periods and research fields. For this purpose,
we classify the collected papers according to the research fields
of the journals, conferences, and workshops in which they were
published (Fig. 1f). We do so by reviewing the titles and descriptions
provided by the venues. We then investigate how the total number
of papers and the number of papers in each field have changed over
the years.

Our classification divides the papers into six groups: Visualiza-
tion and visual analytics, Machine learning, Data mining and statis-
tics, Multidisciplinary, Human-computer interaction, and Preprints
(Fig. 1 right bottom). The diversity of fields indicates that the relia-
bility of data visualizations using DR is crucial in many research
areas. This implies that our survey is likely to impact a variety of
domains and research fields. The result is unsurprising since DR
is widely employed to analyze high-dimensional data and present
findings in various fields [17, 37, 124, 126, 194] (Sect. 1).

We also find that relevant papers have increased significantly
since early 2000 (Fig. 2). This rise indicates that our topic is gaining
more importance in these fields. Overall, our metadata analysis con-
firms the need for comprehensive knowledge of how the reliability
of visual analytics using DR can be improved.
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Figure 2: The distribution of collected papers over the years.
The papers we identify are dominantly incorporated in ma-
chine learning (ML) and visualization (VIS) fields. The num-
ber of published papers dramatically increases around the
early 2000s.

3.2 Workflow Model and Taxonomy Design
We establish our workflowmodel (Sect. 4) and taxonomy (Sect. 5) by
conducting the iterative thematic analysis. Three authors involve
the process as coders. The detailed process is as follows.

Initial review and discussion. Three coders individually read
133 collected papers and write a description describing when and
why unreliability occurs in visual analytics and how the papers
address such a problem. In this stage, the coders note their findings
in free-form texts to add depth to the descriptions.

Workflowmodel design. Based on the descriptions, three coders
design the workflow model through iterative discussions. The
coders first establish three main considerations in the design pro-
cess through iterative discussions.

(C1) The model should clearly distinguish the role of analysts
and machines (i.e., computers).
(C2) The model should cover all analytic procedures (e.g.,
preprocessing, execution of DR, evaluation of projections).
(C3) Themodel should correspond to or translate into existing
models explaining visual analytics workflow.

We set C1 to clearly distinguish the role of humans (analysts) or
computers (machines) in conducting visual analytics using DR. C2 is
established to ensure that the workflow and the taxonomy (Sect. 5)
can comprehensively cover the reliability problems stemming from
all steps of the analytic workflow. Lastly, C3 is set to anchor our
model in well-established and validated previous research,reducing
its vulnerability to unexpected errors – a common approach in the
visualization field for building new theoretical models [19, 78, 174,
208].

Three coders collaboratively revise the model after one coder
drafts the model based on these considerations. The coders conduct
four meetings to reach an agreement, where three more authors

occasionally participate in this discussion. Please refer to Sect. 4
for a detailed model description.

Taxonomy design and paper classification. Based on the initial
description of papers and workflow model, three coders iteratively
design the taxonomy and classify papers. At first, three coders draft
the taxonomy together. The main consideration in this step is the
alignment of the workflow model and the taxonomy; every branch
within the taxonomy should be a component of the workflow or
explained by the components.

Using our initial taxonomy, three coders independently classify
the papers. The initial agreement measured by Cohen’s 𝜅 is 0.63
on average. Three coders then iteratively revise the taxonomy and
classification results until they reach an agreement. After two iter-
ations, the final taxonomy and classification are established, which
we detail in Sect. 5.

4 Workflow Model
Grounded by the papers we identified (Table 1) and previous the-
ories on visual analytics (Sect. 2.3), we design a workflow model
explaining how DR is used in visual analytics. The workflow model
enhances our understanding of how analysts conduct visual analyt-
ics using DR. In this study, the workflow contributes to building a
more comprehensive taxonomy of the papers we identify (Sect. 5).

Our workflow model (Fig. 3) consists of two main ac-
tors (Analysts and Machines) and six stages ( Preprocessing ,
DR or Dimensionality Reduction , Quantitative Evaluation ,
Visualization , Sensemaking , and Interaction ). The first four
stages are carried out by Machines, and the last two stages are
executed by Analysts. Inspired by van Wijk’s visualization model
[201], we describe visual analytics using DR as an iterative, looped
process where analysts continually adjust configurations to up-
date visualizations based on newly acquired knowledge. Our model
also reflects a common workflow of using machine learning tech-
niques through iterative monitoring and refinement of specifi-
cations [56, 98]. We further suggest that high-dimensional data
cascades from previous stages to subsequent stages executed by
Machines, with each stage enriching the data, for example, by
generating DR projections ( DR ) or evaluating their accuracy (
Quantitative Evaluation ).
In the following sections, we first detail the labor of Analysts and

Machines (Sect. 4.1). We then describe each stage of the analytics
workflow (Sect. 4.2).

4.1 Analysts and Machines
Visual analytics cannot be established without both data Analysts
and Machines. analysts initialize and update configurations that
capture both their intentions (e.g., task, requirements, hypothesis)
and knowledge, which is subsequently fed into Machines to guide
their behavior.

Analysts. As demonstrated in the knowledge generation model
proposed by Sacha et al. [174], analysts’ main goal in our work-
flow is to perform Sensemaking , thereby generating knowledge
that is useful and also reliably reflects the original data. Detailed
descriptions of analysts’ actions are as follows.
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Figure 3: The illustration of our workflow model. The model explains how an Analyst and a Machine interact while conducting
visual analytics using DR. Each stage of visual analytics executed by analysts and machines is represented by red and blue
rectangles, respectively, and the input and output of each stage are designated by arrows.

At first, analysts initialize configurations. This is done by interact-
ing with Machines, e.g., by manipulating visualizations or writing
a program ( Interaction stage). The setup is done based on ana-
lysts’ knowledge (e.g., domain knowledge about the target data)
and intention. For example, analysts may configure machines to
execute DR techniques that focus on local structure (e.g., 𝑡-SNE
or UMAP) to perform local neighborhood investigation. Similarly,
when analysts’ domain knowledge informs that certain attributes
have low significance in the analysis, they can reduce the weight of
those attributes in the distance function. Operational knowledge,
encompassing the analysts’ expertise in configurations, serves as
a “mental toolbox” to support this process. Without prior knowl-
edge of the configurations that fit their needs, analysts will have
difficulty in establishing appropriate configurations. For example,
analysts may hardly use 𝑡-SNE or UMAP for tasks related to the
local structure if they do not know that such techniques fit the task
well.

Analysts then generate or update knowledge based on output visu-
alizations. After analysts deliver the configurations, the machines
process the input high-dimensional data and visually convey data
patterns to the analysts. Then, analysts perform Sensemaking ,

e.g., perceiving and interpreting data patterns, thereby updating
knowledge and intention. Please refer to Sacha et al. [174] or Kim
et al. [104, 105] for a general explanation of the sensemaking pro-
cedure in visual analytics.

Analysts again interact with machines to update configurations
based on the updated knowledge and intention. This happens when
analysts think the current configurations and resulting data patterns
can hardly validate new hypotheses. For example, analysts may
newly want to explore the detailed attribute values of clusters
they discovered in the current DR projection. In such a case, the
analysts need to reconfigure the Visualization , e.g., by adding
auxiliary views like parallel coordinate plots that can better depict
the detailed attribute values of the clusters.

Machines. In our workflow model, machines process the input
high-dimensional data based on the given configurations. It com-
prises four stages: Preprocessing , Dimensionality Reduction ,
Quantitative Evaluation , and Visualization . Each stage the ma-
chine executes enriches the data. The enriched data are summarized
as data patterns and delivered by visualizations. We detail the labors
of machines while we detail each stage in Sect. 4.2.
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4.2 Workflow Stages
We outline six workflow stages of our model. The stages’ compo-
sition draws inspiration from the KDD process model [63], which
describes how raw data passes through preprocessing, transfor-
mation, and data mining to yield final visualizations. Here, we
substitute the transformation and data mining steps to DR and
Quantitative Evaluation stages to better match with visual analyt-
ics workflow using DR. We thus describe the stages in the sequence
that are aligned with the KDD process. It is still important to note
that the nature of interactive visual analytics causes the execution
of these stages to be nonlinear: Analysts can interact with machines
to update configurations, which can cycle the analysis back to the
Machine-side stages (Sect. 4.1).

Preprocessing . The preprocessing stage involves a variety of
data manipulations that are executed before applying the DR tech-
niques. The step receives raw high-dimensional data as input and
outputs the preprocessed data based on the configurations specify-
ing preprocessing operations to execute. It can be largely divided
into row operations and column operations. Data imputation, sub-
sampling, or outlier removal are representative row operations.
Regarding column operations, attribute selection that samples out
or less weighs non-significant attributes is widely adopted. At-
tribute selection can also be conducted automatically, e.g., to reveal
hidden patterns [70] or maximize specific patterns like class sepa-
ration [186, 209]. Another typical column operation is to introduce
new columns that represent the original structure’s feature, e.g., by
executing clustering techniques and adding the resulting clusters
as labels to the datasets [212, 213].

Dimensionality Reduction or DR . This stage gets the pre-
processed data as input and executes DR algorithms, producing DR
projections as outputs. The stage is controlled by five configurations:
DR techniques, technique-specific hyperparameters, initialization
method, objective function (i.e., loss function), and distance func-
tion. The first two configurations should be necessarily set to exe-
cute the stage. The last three configurations are widely set for non-
linear DR techniques (e.g., UMAP, 𝑡-SNE, and Isomap [195]), which
work by optimizing the 2D positions of data points to preserve the
original distances between them. The initialization method defines
how the points will be positioned before starting optimization, and
the objective function defines how the preservation of distances
will be quantified. These configurations substantially impact the
resulting DR projections. For example, Kobak et al. [106] show that
initializing points using PCA before the optimization leads to more
accurate DR results than using random initialization. Lee and Ver-
leysen [118] show that the design of the distance function affects
the projection accuracy.

Quantitative Evaluation . This stage gets high-dimensional data,
preprocessed data, and DR projections as inputs and produces evalu-
ation results as numerical scores. These scores (1) explain how well
the projections support the analytic tasks of investigating high-
dimensional data or (2) the validation of hypotheses. For example,
when analysts want to conduct cluster analysis, it is important to
evaluate the projections in advance using the evaluation metrics
assessing the preservation of cluster structure [87, 186]. This stage

is affected by two configurations: metrics and metric hyperparam-
eters. For example, Trustworthiness & Continuity [202], which
examine how well DR projections preserve the local neighborhood
structure of original data, require a hyperparameter that desig-
nates the number of nearest neighbors to be considered. Note that
these quality metrics differ from “perceptual metrics” (e.g., Scagnos-
tics [48] or the class separation measure [16]), which focus on the
perceived patterns of 2D projections without accounting for the
original high-dimensional (HD) data. Please refer to Behrisch et al.
[19] for detailed descriptions on these metrics.

Visualization . Machines get all data cascaded from the previous
stages (raw high-dimensional data, preprocessed data, projections,
and scores) as input, generating a visualization or a set of visu-
alizations delivering data patterns. The main configuration that
affects the patterns is the visualization methods for depicting DR
projection. This incorporates the selection of not only the type and
number of visual idioms (e.g., 2D or 3D scatterplots [178]) but also
displays (e.g., 2D screen or VR headsets [84]) or the use of anima-
tions [11]. The way of encoding axes is another configuration that
affects the knowledge generation process. For example, when the
projection is made by selecting a few subspaces in Preprocessing
step, such information can be encoded in axes. Configuring how
monochrome scatterplots can be augmented also substantially af-
fects the resulting data patterns. Color-encoding the classes, for
example, could cause analysts to overlook the separation between
intrinsic clusters within the data [179]. Also, how and how much
projections suffer from distortions can be augmented by encoding
the scores from the evaluation on the projections [13, 87, 122], mak-
ing analysts be more aware of distortions. Finally, auxiliary visual-
izations can be configured to make the original high-dimensional
data more interpretable [33, 112, 219].

Sensemaking . Analysts make sense of data by investigating
data patterns delivered by the Visualization . The procedure starts
by perceiving the patterns, e.g., cluster [1, 90] or local neighborhood
[15, 121] patterns, aligned with the target task. The perception usu-
ally relies on the Gestalt principle of proximity and similarity [159],
where analysts perceive data points that have high proximity or
similar color to be closely located in the original high-dimensional
space.

Interaction . Analysts can also interact with data, meaning they
“signal” Machines to update configurations, thereby updating data
patterns to align with their intentions. To do so, Analysts first evalu-
ate whether the data patterns are suitable for validating hypotheses.
If not suitable, they can interact with Machines to correct the visu-
alizations. For instance, when analysts notice that the evaluation
scores of DR projections indicate insufficient accuracy to properly
support the target task, they can reconfigure the DR techniques or
adjust hyperparameters to correct the projections. TheMachines
then again process the data based on the updated configuration,
which leads to a new cycle of sensemaking.

Model applications. In Appendix A, we verify the completeness
and applicability of our workflow model by instantiating it on two
research works, contributing interactive visualizations leveraging
DR: AxiSketcher [112] and CommentVis [219].
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5 Taxonomy
Wederive four dimensions—Stages, Problems,Aims, and Solutions—
that explain existing research papers that address the unreliability
of visual analytics using DR. Our taxonomy builds upon the work-
flow model (Sect. 4): every branch of the taxonomy is incorporated
as an element in the workflow model or can be explained using
the elements. Our taxonomy provides a solid foundation for orga-
nizing and classifying relevant papers (Table 1), thereby helping
practitioners gain a clearer understanding of the field.

5.1 Stages
This dimension designates which workflow stage (Sect. 4.2) causes
unreliability. This dimension encompasses fourMachine-side stages:
Preprocessing , DR , Quantitative Evaluation , and Visualization .
Note that we do not include the Analyst-side stages ( Sensemaking
and Interaction ) because unreliable visual analytics implies these
stages to be problematic. In other words, all papers we identify face
issues in the Analyst-side stages. For example, if DR projections
become inaccurate due to distortions, this leads to inaccuracies in
both the sensemaking of the original structure and the interaction
with the projection (e.g., the clusters brushed by Analysts may
not represent actual clusters in the original space). Please refer to
Sect. 4.2 for detailed explanations of these stages.

Note that the stages where the unreliability is caused may not
necessarily align with the stages where the Solutions are imple-
mented. For example, accuracy issues in a dimensionality reduction
( DR ) technique may be addressed through the development of
novel DR approaches [88, 94] or by employing auxiliary visual
encodings to demonstrate where and how inaccuracies occur.

5.2 Problems
This dimension details why visual analytics using DR become un-
reliable. This dimension consists of eight classes.

Inaccurate. A stage is considered inaccurate when errors occur
during its execution, even though Analysts have set configurations
that align with their intentions. In terms of DR stage, this prob-
lem is widely represented by the term “distortion” [13, 87, 122, 154],
which is frequently characterized as an unavoidable [89, 186] er-
ror in projection arising from the intrinsic complexity of high-
dimensional data. For example, Lespinats and Aupetit [121] ad-
dress distortions of neighborhood structure in DR projections, and
Martins et al. [134] focus on the distortions that occur at the cluster
level. Few papers state that Quantitative Evaluation can also be
unreliable due to inappropriate design of DR evaluation metrics
[89] or study design [14].

Suboptimal. Papers addressing suboptimality problems focus on
situations where a particular configuration does not align with the
target task. For example, Narayan et al. [150] and Jeon et al. [88]
improve UMAP to better support the analytic tasks that examine
global structure (e.g., cluster arrangement, pairwise distances be-
tween points). Similarly, Meng et al. [138] and Hajderanj et al. [81]
claim that the original 𝑡-SNE does not well fit to classification task
and thus improved it be supervised. Some papers also tackle the
suboptimality in Visualization stage. For instance, Bian et al. [21]

improve the conventional scatterplot to better support the explo-
ration of subspace by changing the encoding of dots representing
data points.

Incomplete. If analysts cannot find a single configuration that
matches their intention, the corresponding stage is incomplete.
This problemmainly occurs during Quantitative Evaluation stage.
Sips et al. [186] and Friedman et al. [67] account for the problem
that no existing DR evaluation metric examines class separability.
Johansson and Johansson [93] propose weighting DR evaluation
metrics to make the evaluation complete against arbitrary user
tasks. The problem also occurs in DR stage, where existing DR
techniques cannot cover diverse analytic tasks [67, 113].

Unstable. A stage is unstable if the output (e.g., projections in
DR stage) varies as configuration changes. For example, nonlinear
DR techniques like 𝑡-SNE and UMAP can produce different pro-
jections when different hyperparameter settings or initialization
methods are used [61, 106]. The randomness in the optimization
procedure can also make DR techniques unstable [95, 211]. The
papers thus make DR stage more robust to such changes [61]
or recommend the best configuration [106]. The researchers also
provide similar endeavors to remedy instability in DR evaluation
metrics ( Quantitative Evaluation stage) [7, 92, 117].

Uninterpretable. A stage is less interpretable if (1) the underlying
mechanism of the stage or (2) the input data to the stage is not
well explained to the Analysts. The former problem widely occurs
in DR and Quantitative Evaluation stages due to the intrinsic
complexity of DR techniques [33, 39] or evaluation metrics [116].
The latter problem mainly stems from Visualization stage. For
example, scatterplots depicting DR projections can hardly inform
the original attribute values to the analysts [53, 62, 112]. The scat-
terplots also mostly represent data items using dots, which have
problems depicting the original data format, e.g., text [97].

Unscalable against dimensionality. The unscalability prob-
lem occurs when the complexity of final data patterns grows with
increasing dimensionality, exceeding the available display pixels
or human cognitive capabilities. For example, DR stage can be
unscalable for subspace analysis as the number of subspaces to
explore increases exponentially against dimensionality [67, 114,
149, 198]. Some papers claim that the unscalability originates from
the Visualization stage due to the fundamental limitation of scat-
terplots: each scatterplot can only depict a single projection at once
[96, 181].

Irreflective of domain knowledge. If a stage hardly reflects
the domain knowledge of Analysts, it means that resulting data
patterns (external representation of data) do not align with the
internal cognitive map of the analysts [9, 10]. Kim et al. [103] and
Kwon et al. [112] address the problem that Visualization stage
becomes irreflective of domain knowledge as static scatterplots
cannot receive user input. Xia et al. [214] and Brown et al. [25] claim
that the problem originates from the DR stage as DR techniques
are executed independently with domain knowledge.

Uninformed. Analysts are uniformed to a stage if they are un-
aware of (i.e., lack operational knowledge on) diverse techniques
used in the stage. Every stage can thus be uninformed to analysts.
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Analysts are often uninformed about the other reliability problems,
e.g., suboptimal Quantitative Evaluation [14, 89]. The difference
between uninformed and uninterpretable is that the former can
lead analysts to establish inappropriate configurations, while the
latter incurs unreliability during Sensemaking and Interaction .

5.3 Aims
The Aim dimension is the ultimate objective that each paper seeks
to accomplish. While the first class (Enhance reliability) aims to
directly “fix” the problem, the latter two classes (Enhance awareness,
Enhance approachability) purpose to empower Analysts to help
them address the problem on their own.

Enhance reliability. The papers in this category aim to enhance
reliability by providing newly designed techniques regardless of a
stage or a problem [4, 85]. Some papers do so by introducing the
improved version of the existing techniques [88, 138, 150].

Enhance awareness. The papers inform Analysts to be more
aware of the possible configurations, addressing the problem that
the stages are uninterpretable [96, 112] or uninformed [154, 216].
This incorporates the efforts of making Analysts more aware of all
kinds of reliability problems, e.g., inaccuracy [13] and subopti-
mality [45].

Enhance approachability. These papers aim to make Analysts
easier to interpret techniques [31, 33], handle the instability of the
techniques [141], and more easily inject their domain knowledge
[103, 112].

5.4 Solutions
This dimension explains the contribution of the papers that materi-
alizes their Aim. The dimension is classified into eight classes. Note
that the first three categories (Improvements in Preprocessing ,
Quantitative Evaluation , and Visualization ) differ from the cat-
egories in the Stages; the former indicates where reliability is ad-
dressed, while the latter identifies where the reliability issues origi-
nate. There is no class entitled “Improvements in Preprocessing
stage” as we find no papers that provide solutions that improve
Preprocessing stage.

Improvements in DR stage. Papers in this category provide
solutions for improving the DR stage, thus addressing the problems
in the same stage. This includes the introduction of new DR tech-
niques [61, 190], improvement of DR techniques [88, 138, 205], or
the improvement of a certain subpart of DR techniques, e.g., initial-
ization [106] or distance functions of nonlinear DR techniques [25].
Jeon et al. [88], for instance, addresses the inaccuracy and subop-
timality of UMAP in representing global structure by altering the
optimization process.

Improvements in Quantitative Evaluation stage. As with the
previous category, these papers here provide solutions related to
the Quantitative Evaluation stage, aiming to address problems in
the Evaluation and previous stages. For instance, the papers in-
troduce new DR evaluation metrics both to address inaccuracy
of DR or Preprocessing stage [147] or to resolve incomplete-
ness or instability of the Evaluation stage [87, 116]. Another case

is a library offering DR evaluation metrics, which improves their
approachability [86].

Improvements in Visualization stage. These papers improve
the Visualization stage, addressing problems in not only the Visu-
alization but also previous stages. One notable types of paper in
this category depict where and how much the DR projections are
distorted by overlying such info over projections [87, 121] or dy-
namically relocating points to “correct” the distortions [82, 85, 191],
dealing with inaccuracy in DR stage.

DR framework. These papers contribute a framework that au-
tomatically specifies configurations across multiple stages. For ex-
ample, Choo et al. [38] propose a framework that establishes a
configuration that mixes two DR techniques, aiming to address
each technique’s suboptimality. Fujiwara et al. [70] aim to find a
set of configurations in Preprocessing and DR stage that maxi-
mizes the diversity of the patterns found in subspace analysis.

Visual analytics system. The papers in this category contribute a
visual analytics system, These works often address interpretabil-
ity issues of DR or Visualization stage to enhance awareness
of DR techniques [33, 46, 91] and resulting projections [215]. We
classify the papers to improvements in Visualization stage cat-
egory if they are more focused on proposing novel visualization
design and classify them to this category if their main contribution
is a dashboard system consisting of linked visualizations.

Literature review. The researchers contribute literature review
on DR techniques ( DR stage) [57, 154] and evaluation metrics
( Quantitative Evaluation stage) [86, 154], mainly aiming to en-
hance awareness of Analysts by informing their characteristics.
These papers serve as "guidelines" for Analysts in setting up appro-
priate configurations. We can interpret the contribution of these
papers as the authors’ effort to share their operational knowledge.

Human-centered experiment. This type of research work is
similar to literature reviews, but provides evidence about their
guidelines by conducting user studies [60, 216]. For example, they
determine the usability of DR techniques based on human task
performance on their projections. Their guidelines are thus easy
to apply in practice: configurations are directly mapped to suitable
tasks. These papers can be interpreted as the authors performing
Quantitative Evaluation and Sensemaking to gain and share
operational knowledge.

Computational experiment. The papers in this category serve
the same role as those in the human-centered experiment cat-
egory, except that the evaluation of DR techniques is conducted
computationally using DR evaluation metrics. Their guidelines are
thus less applicable compared to the ones from human-centered
experiment. For example, even if we use DR evaluation metrics that
examine the preservation of cluster structure (e.g., Steadiness &
Cohesiveness), we are not sure about whether metric scores directly
align with human performance in conducting cluster analysis.

6 Meta-Analysis on the Taxonomy
We systematically investigate how the classified papers (Table 1)
can be categorized at a higher level. Our analysis results help prac-
titioners quickly overview the papers we identify, thereby reducing
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Table 1: The list of 133 papers we survey (rows) and their classification based on the proposed taxonomy (columns). Papers within
each group and type are arranged in descending order of their total citation as of September 2024, based on Google Scholar.
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1 Roweis and Saul [171] 2000 ✓ ✓ ✓ ✓
2 Tenenbaum et al. [195] 2000 ✓ ✓ ✓ ✓
3 Friedman and Tukey [68] 1974 ✓ ✓ ✓ ✓
4 Friedman [67] 1987 ✓ ✓ ✓ ✓
5 De silva and Tenenbaum [185] 2002 ✓ ✓ ✓ ✓
6 Geng et al. [73] 2005 ✓ ✓ ✓ ✓
7 Venna et al. [203] 2010 ✓ ✓ ✓ ✓ ✓ ✓
8 Paulovich et al. [162] 2008 ✓ ✓ ✓ ✓ ✓
9 Lespinats et al. [122] 2007 ✓ ✓ ✓ ✓ ✓
10 Koren and Carmel [107] 2003 ✓ ✓ ✓ ✓ ✓
11 Wang et al. [209] 2018 ✓ ✓ ✓ ✓ ✓
12 Choo et al. [38] 2009 ✓ ✓ ✓ ✓
13 Lee et al. [119] 2014 ✓ ✓ ✓ ✓
14 Lehmann and Theisel [120] 2013 ✓ ✓ ✓ ✓
15 Novakova and Stepankova [155] 2009 ✓ ✓ ✓ ✓ ✓
16 Narayan et al. [150] 2020 ✓ ✓ ✓ ✓
17 Lee and Verleysen [118] 2011 ✓ ✓ ✓ ✓ ✓ ✓ ✓
18 Fadel et al. [61] 2015 ✓ ✓ ✓ ✓ ✓
19 Wang et al. [210] 2017 ✓ ✓ ✓ ✓ ✓ ✓ ✓
20 Zhou et al. [227] 2016 ✓ ✓ ✓ ✓ ✓
21 Hajderanj et al. [81] 2019 ✓ ✓ ✓ ✓
22 De bodt et al. [50] 2019 ✓ ✓ ✓ ✓
23 Colange et al. [42] 2020 ✓ ✓ ✓ ✓ ✓
24 Pagliosa and Telea [158] 2019 ✓ ✓ ✓ ✓
25 Amorim et al. [6] 2014 ✓ ✓ ✓ ✓ ✓ ✓
26 Castermans et al. [30] 2019 ✓ ✓ ✓ ✓ ✓
27 Jeon et al. [88] 2022 ✓ ✓ ✓ ✓ ✓
28 Hossain et al. [83] 2021 ✓ ✓ ✓ ✓ ✓ ✓
29 Molchanov and Linsen [142] 2019 ✓ ✓ ✓ ✓
30 Vu et al. [205] 2021 ✓ ✓ ✓ ✓ ✓
31 Meng et al. [138] 2024 ✓ ✓ ✓ ✓
32 Alcaide and Aerts [4] 2021 ✓ ✓ ✓ ✓
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33 Matute and linsen. [136] 2020 ✓ ✓ ✓ ✓
34 Joia et al. [94] 2011 ✓ ✓ ✓ ✓ ✓ ✓
35 Endert et al. [55] 2011 ✓ ✓ ✓ ✓ ✓ ✓
36 Liu et al. [128] 2018 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
37 Paulovich et al. [161] 2011 ✓ ✓ ✓ ✓ ✓ ✓
38 Gleicher [76] 2013 ✓ ✓ ✓ ✓ ✓
39 Dos santos amorim et al. [52] 2012 ✓ ✓ ✓ ✓ ✓ ✓ ✓
40 Liu et al. [130] 2015 ✓ ✓ ✓ ✓ ✓ ✓ ✓
41 Zhou et al. [226] 2015 ✓ ✓ ✓ ✓ ✓ ✓ ✓
42 Rubio-sanchez and Sanchez [173] 2014 ✓ ✓ ✓ ✓ ✓
43 Xia et al. [214] 2023 ✓ ✓ ✓ ✓ ✓ ✓ ✓
44 Jackle et al. [96] 2017 ✓ ✓ ✓ ✓ ✓ ✓
45 Cutura et al. [45] 2020 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
46 Bian et al. [21] 2021 ✓ ✓ ✓ ✓ ✓ ✓
47 Lai et al. [113] 2018 ✓ ✓ ✓ ✓ ✓
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48 Spathis et al. [190] 2018 ✓ ✓ ✓ ✓ ✓
49 Kruskal [110] 1964 ✓ ✓ ✓ ✓
50 Sips et al. [186] 2009 ✓ ✓ ✓ ✓ ✓
51 Johansson and Johansson [93] 2009 ✓ ✓ ✓ ✓ ✓ ✓ ✓
52 Leban et al. [114] 2006 ✓ ✓ ✓ ✓ ✓
53 Lee and Verleysen [117] 2010 ✓ ✓ ✓ ✓ ✓ ✓
54 Albuquerque et al. [2] 2010 ✓ ✓ ✓ ✓ ✓
55 Rieck et al. [167] 2015 ✓ ✓ ✓ ✓
56 Albuquerque et al. [3] 2011 ✓ ✓ ✓ ✓
57 Motta et al. [147] 2015 ✓ ✓ ✓ ✓ ✓ ✓
58 Aupetit [14] 2014 ✓ ✓ ✓ ✓ ✓ ✓
59 Rieck and Leitte [168] 2017 ✓ ✓ ✓ ✓ ✓ ✓
60 Tian et al. [197] 2021 ✓ ✓ ✓ ✓
61 Jeon et al. [87] 2021 ✓ ✓ ✓ ✓ ✓ ✓ ✓
62 Angelini et al. [7] 2022 ✓ ✓ ✓ ✓ ✓ ✓
63 Jeon et al. [89] 2024 ✓ ✓ ✓ ✓ ✓
64 Jeon et al. [86] 2023 ✓ ✓ ✓ ✓ ✓

Ju
dg

e

65 Zhang et al. [225] 2023 ✓ ✓ ✓ ✓ ✓
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66 Van der maaten and Postma [200] 2009 ✓ ✓ ✓ ✓
67 Cunningham and Ghahramani [44] 2015 ✓ ✓ ✓ ✓ ✓
68 Sorzano et al. [189] 2014 ✓ ✓ ✓ ✓ ✓
69 Venna and Kaski [202] 2006 ✓ ✓ ✓ ✓ ✓
70 Lee and verleysen [116] 2009 ✓ ✓ ✓ ✓ ✓ ✓ ✓
71 Espadoto et al. [59] 2021 ✓ ✓ ✓ ✓
72 Nonato and Aupetit [154] 2019 ✓ ✓ ✓ ✓ ✓ ✓
73 Kobak and Linderman [106] 2021 ✓ ✓ ✓ ✓ ✓
74 Sedlmair et al. [178] 2013 ✓ ✓ ✓ ✓
75 Engel et al. [57] 2012 ✓ ✓ ✓ ✓ ✓
76 Gisbrecht and Hammer [75] 2015 ✓ ✓ ✓ ✓
77 Lueks et al. [140] 2013 ✓ ✓ ✓ ✓ ✓ ✓
78 Rubio-sánchez et al. [172] 2016 ✓ ✓ ✓ ✓ ✓
79 Tatu et al. [193] 2010 ✓ ✓ ✓ ✓
80 Etemadpour et al. [60] 2015 ✓ ✓ ✓ ✓ ✓ ✓
81 Xie et al. [218] 2017 ✓ ✓ ✓ ✓ ✓ ✓ ✓
82 Xia et al. [216] 2022 ✓ ✓ ✓ ✓
83 Cutura et al. [46] 2018 ✓ ✓ ✓ ✓
84 García fernández et al. [72] 2013 ✓ ✓ ✓ ✓ ✓ ✓
85 Ventocilla and Riveiro [204] 2020 ✓ ✓ ✓ ✓ ✓ ✓
86 Atzberger et al. [12] 2024 ✓ ✓ ✓ ✓ ✓

In
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or

87 Johannemann and Tibshirani [92] 2019 ✓ ✓ ✓ ✓ ✓
88 Asimov [11] 1985 ✓ ✓ ✓ ✓
89 Cook et al. [51] 1995 ✓ ✓ ✓ ✓
90 Yi et al. [223] 2005 ✓ ✓ ✓ ✓ ✓
91 Nam and Mueller [149] 2013 ✓ ✓ ✓ ✓
92 Wang and Mueller [206] 2017 ✓ ✓ ✓ ✓ ✓Ex

pl
or
er

93 Liu et al. [127] 2016 ✓ ✓ ✓ ✓
94 Aupetit [13] 2007 ✓ ✓ ✓ ✓ ✓
95 Martins et al. [134] 2014 ✓ ✓ ✓ ✓ ✓
96 Lespinats et al. [121] 2011 ✓ ✓ ✓ ✓ ✓
97 Schreck et al. [177] 2010 ✓ ✓ ✓ ✓ ✓ ✓
98 Martins et al. [135] 2015 ✓ ✓ ✓ ✓ ✓ ✓ ✓
99 Seifert et al. [180] 2010 ✓ ✓ ✓ ✓ ✓ ✓ ✓
100 Heulot et al. [82] 2013 ✓ ✓ ✓ ✓ ✓ ✓ ✓
101 Colange et al. [43] 2019 ✓ ✓ ✓ ✓Ex

pl
ai
ne

r
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yp
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102 Jeon et al. [85] 2022 ✓ ✓ ✓ ✓ ✓ ✓
103 Kim et al. [103] 2016 ✓ ✓ ✓ ✓ ✓ ✓
104 Kandogan [97] 2012 ✓ ✓ ✓ ✓
105 Kwon et al. [112] 2017 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
106 Kaski et al. [99] 2000 ✓ ✓ ✓ ✓ ✓
107 Da silva et al. [184] 2015 ✓ ✓ ✓ ✓
108 Coimbra et al. [41] 2016 ✓ ✓ ✓ ✓ ✓
109 Faust et al. [62] 2019 ✓ ✓ ✓ ✓ ✓ ✓
110 Pagliosa et al. [157] 2016 ✓ ✓ ✓ ✓Ex

pl
ai
ne

r
(t
yp

e
2)

111 Sohns et al. [188] 2021 ✓ ✓ ✓ ✓ ✓
112 Jeong et al. [91] 2009 ✓ ✓ ✓ ✓ ✓
113 Brown et al. [25] 2012 ✓ ✓ ✓ ✓
114 Choo et al. [39] 2010 ✓ ✓ ✓ ✓
115 Stahnke et al. [191] 2016 ✓ ✓ ✓ ✓ ✓ ✓ ✓
116 Turkay et al. [198] 2011 ✓ ✓ ✓ ✓ ✓ ✓
117 Chatzimparmpas et al. [33] 2020 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
118 Buja and Swayne [27] 2002 ✓ ✓ ✓ ✓ ✓ ✓ ✓
119 Cavallo and Demiralp [31] 2018 ✓ ✓ ✓ ✓ ✓ ✓ ✓
120 Xia et al. [215] 2017 ✓ ✓ ✓ ✓ ✓ ✓ ✓
121 Mamani et al. [132] 2013 ✓ ✓ ✓ ✓ ✓
122 Liu et al. [129] 2014 ✓ ✓ ✓ ✓ ✓ ✓
123 Dowling et al. [53] 2019 ✓ ✓ ✓ ✓ ✓
124 Choo et al. [40] 2013 ✓ ✓ ✓ ✓ ✓ ✓
125 Fernstad et al. [64] 2013 ✓ ✓ ✓ ✓ ✓ ✓ ✓
126 Marcílio-jr and Eler [133] 2021 ✓ ✓ ✓ ✓ ✓ ✓
127 Self et al. [181] 2018 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
128 Ma and Maciejewski [131] 2021 ✓ ✓ ✓ ✓ ✓ ✓
129 Sun et al. [192] 2022 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
130 Li and Zhou [125] 2023 ✓ ✓ ✓ ✓ ✓ ✓
131 Ghosh et al. [74] 2022 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
132 Fujiwara et al. [70] 2023 ✓ ✓ ✓ ✓ ✓ ✓

A
rc
hi
te
ct

133 Molchanov et al. [141] 2020 ✓ ✓ ✓ ✓ ✓
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Pioneer

Instructor

Judge

Explainer

Explorer

Architect

Jeon et al. 
[VIS 2022]t㎿SNE UMAP UMATO

Contributed UMATO to address suboptimality of UMAP in supporting 
global structure investigation task

Joia et al.
[TVCG 2011]

Contributed LAMP, a DR technique that dynamically updates the projection 
algorithm based on user input to better reflect domain knowledge

Type 1

Type 2

Aupetit
[BELIV 2014]

Proposed to revise class labels to make a label-based evaluation of DR 
projections more accurate.  Jeon et al. [TVCG 2024] later introduced a DR 
evaluation metric that shares the common goal.

Sedlmair et al.
[TVCG 2013]

Compared the utility of 2D scatterplots, 3D scatterplots, and SPLOMs in class 
separability task, making analysts more aware of appropriate visual encodings

Lespinats & Aupetit
[CGF 2011]

Type 1

Contributed CheckViz that resolves inaccuracies in DR projections by 
visualizing distortions

Faust et al.
[TVCG 2019]

Type 2

Contributed DimReader that interprets how high-dimensional 
attribute values change over the nonlinear DR projections

Nam and Mueller
[TVCG 2017]

Introduced TripAdvisorN-D, a visual analytics system that supports the 
scalable exploration of data subspaces

Chatzimparmpas et al. [TVCG 2020]

Proposed visual analytics system called t-viSNE, which aims to better interpret 
underlying data and help analysts to be more aware of t-SNE technique

Figure 4: Example papers in each cluster we identify by conducting meta-analysis (Sect. 6). The problems (Sect. 5.2) that each
system resolves are highlighted in bold. Reference papers: Pioneer [88, 94], Judge [14], Instructor [178], Explorer [149],
Explainer [62, 121], and Architect [33].
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their cognitive load to understand the research landscape and make
their visual analytics more reliable. The analysis findings also serve
as a foundation for identifying ongoing research challenges (Sect. 7)
and imbalances in the research landscape (Sect. 6.3, 8.4).

6.1 Objectives and Design
We group papers that are similarly classified according to our tax-
onomy (Sect. 5). We follow the data-driven approach of clustering
papers proposed by the survey conducted by Shin et al. [183].

Cluster identification. We first convert the categorization of
papers into a data table. The rows of the data table correspond to
the papers, and the columns correspond to each category in our tax-
onomy (Table 1). Each paper is thus represented as a binary vector,
where each element is 1 if the paper belongs to the corresponding
category and 0 if it does not.

We then apply three different clustering algorithms (hierarchical
clustering [148], DBSCAN [108], and HDBSCAN [29]) while using
Jaccard distance to measure the dissimilarity between data points.
To find the optimal clustering results, we test various hyperparame-
ter settings with Bayesian optimization [187] while using Silhouette
coefficient [170] as a target variable. The total number of iterations
for Bayesian optimization is 100. We select the clustering results
with the best Silhouette coefficient score. We use scikit-learn
implementation (AgglomerativeClustering) [163] for clustering
algorithms and Nogueira’s implementation [153] for the Bayesian
optimization.

Manual validation. As clustering algorithms do not always out-
put optimal clustering results [20], two authors manually screen
the papers to validate the individual compactness and mutual sep-
arability of the clusters [20]. The authors revise the grouping by
merging clusters that have papers with similar characteristics (See
Sect. 6.2 for results).

6.2 Identified Clusters
We find that hierarchical clustering yields the best result, consisting
of seven clusters with a Silhouette score of 0.292. After manual
validation, the authors merge two clusters with papers with similar
purposes, resulting in six clusters: Pioneer , Judge , Instructor ,
Explorer , Explainer and Architect . The following are detailed
explanations of these clusters, characterized by their role in visual
analytics using DR. Please refer to Table 1 to the list of papers
within each cluster (linked by color). Also refer to Fig. 4 for the
example figures of the papers within each cluster we discuss.

Pioneer . Papers in this cluster “pioneer” reliable visual analytics
by contributing methodologies to produce better DR projections.
One branch of papers within this cluster proposes new DR tech-
niques [94, 136] or improves the existing DR techniques [73, 88, 138]
to address incompleteness, inaccuracy, and suboptimality in
DR stage (type 1; row 1–33 in Table 1). For instance, Jeon et al.
[88] address the limitations of UMAP in supporting global structure
investigation tasks. These papers contribute static DR techniques,
which means that they are not updated or affected by Interaction .
In contrast, the remaining papers propose DR techniques that in-
teractively update the inner logic based on user input (type 2; row

34–48). For example, Joia et al. [94] propose to dynamically up-
date the projection algorithm by reflecting the user interaction that
updates the 2D positions of points.

Judge . The papers in this cluster address problems regarding
Quantitative Evaluation stage by proposing new DR evaluation
metrics or strategies, supporting Analysts to reliably judge the qual-
ity of DR projections. For example, Aupetit [14] reveals inaccuracy
in evaluating cluster structure of projections by using class labels
as ground truth clusters. The paper not only makes aware of the
issue but also remedies it by proposing to revise the class labels to
better reflect cluster structure. Jeon et al. [89] later provide a more
tangible solution to this issue by introducing new DR evaluation
metrics.

Instructor . The papers in this cluster teach Analysts (i.e., make
them aware of) how to establish effective configurations, mostly
for DR stage. These papers mostly contribute literature reviews,
human-centered experiment, and computational experiment.
One exception is Cutura et al. [46], where the authors contribute to
a visual analytics system that explains and compares different DR
techniques. A few papers in this cluster also guide setting effective
configurations in Visualization stage. For example, Sedlmair et
al. [178] conduct an experiment comparing different visualization
types (2D scatterplot, 3D scatterplot, and SPLOM) in supporting
the class separability tasks using DR projections.

Explorer . These papers aim to make the exploration of subspaces
more approachable. These papers address the scalability problem,
which arises from the increasing number of subspaces that need to
be investigated as dimensionality increases. For example, Asimov
[11] propose to animate scatterplots to allow analysts to “tour” the
possible set of subspaces, and Nam and Mueller [149] elaborate this
approach based on the metaphor of tourism in our real life.

Explainer . The papers here mostly address inaccuracy or un-
interpretability of DR or Visualization stages by augmenting
scatterplots. In terms of accuracy, this is typically done by overlay-
ing how and where projections are distorted [13, 121, 135] or resolv-
ing distortions by moving them [82, 85] (type 1; rows 94–102). Sim-
ilarly, interpretability is addressed by overlying high-dimensional
attribute values to the scatterplots [62] (type 2; rows 103–111).

Architect . These papers architect visual analytics systems
that help people better understand DR techniques or underlying
data. For example, Jeong et al. [91] and Chatzimparmpas et al.
[33] contribute visual analytics systems that enhance Analysts’s
awareness of the inner logic of PCA and 𝑡-SNE, respectively. On
the other hand, Xia et al. [215] and Liu et al. [129] contribute visual
analytics systems that help users conduct more reliable analysis
despite DR techniques’ inherent incompleteness and instability.

6.3 Implication: Imbalance in the Research
Landscape

Our meta-analysis reveals the imbalance of research topics in the
field. While we identify 48 Pioneer -type papers (36.1%), we find
a relatively small number of papers for other types of papers. For
example, there exists only 17 (12.8%), and 22 (16.5%) of Judge -
type papers and Instructor -type papers. The situation is worse for
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Explorer , as it only incorporates six papers. The finding suggests
that the research community invests substantial effort in developing
new DR techniques but comparatively less effort in evaluating them
and making them interpretable. From the perspective of our tax-
onomy, this result suggests that while we have thoroughly studied
the improvement of low-level performance in DR techniques (e.g.,
inaccuracy, suboptimality, incompleteness), the challenges as-
sociated with their high-level usage remain underexplored (e.g.,
uninterpretability and the lack of reflection to domain knowl-
edge).

Such imbalance can potentially harm the reliability of visual
analytics. For example, the absence of Instructor -type papers can
result in Analysts being unaware of newly proposed DR tech-
niques, making it challenging to determine optimal configurations.
We discuss tangible solutions to remedy such imbalance in Sect. 7
and Sect. 8.4.

7 Research Challenges
After finishing the literature review and analysis, we again review
the papers we identify and conduct a post-review discussion to
reveal open challenges in the field. Six authors iteratively participate
in the discussions. As a result, we find three crucial challenges in
the field.

In this section, we first outline the challenges and suggest which
direction the visualization research community should pursue to
address them (Sect. 7.1). We then detail expert interviews that
verify the significance, urgency, and completeness of our challenges
(Sect. 7.2).

7.1 Challenges

Challenge 1: We lack human-centered evaluations. Human-
centered evaluations provide applicable guidelines to Analysts
(Sect. 5.4). However, we have identified a lack of human-centered
evaluations in the field. Among 22 Instructor -type papers, which
is already small (Sect. 6.3), only five papers contribute to human-
centered experiments.

We moreover identify that we lack recent human-centered eval-
uations. For DR stage, while we have three papers contributing
human-centered experiments to examine the utility of DR tech-
niques in supporting analytics tasks, they either do not cover certain
modern techniques (e.g., 𝑡-SNE or UMAP) [60] or limit their focus to
specific analysis tasks (cluster analysis) [216]. The situation is sim-
ilar for other stages ( Preprocessing , Quantitative Evaluation ,
and Visualization ); we need new experiments covering recently
proposed techniques that can keep our guidelines up-to-date. For
Preprocessing stage, there is no human-centered evaluation at all.
Addressing this problem is crucial as preprocessing, like normal-
izing data attribute values, significantly affects the resulting data
patterns [70]. This finding highlights a need for a comprehensive
human-centered experiment on modern popular techniques to offer
more valuable insights to Analysts.
Call for the research community. We suggest visual analytics re-
searchers to conduct more human-centered experiments across all
stages of our workflow model. We first highlight the importance of
benchmarking recent DR techniques as they affect data patterns
the most. We also want to prioritize the importance of conducting

human-centered experiments on DR evaluation metrics, examining
whether their scores align well with human task performance [193].
By knowing such alignment, we can approximate the potential
human performance on different DR projections based on compu-
tational experiments, which is muchmore cost-efficient. This will
thus enable practitioners to identify the most appropriate configu-
rations for DR stage that match the target task just by evaluating
DR projections using the metrics. The endeavor will also contribute
to mitigating the scarcity of Instructor - and Judge -type papers
(Sect. 6.3) by prompting practitioners to pay more attention to the
importance of evaluations.

We also recommend the community to incentivize replication
studies. As mentioned in Quadri et al. [164], visualization and
HCI communities lack replication studies, which prohibits knowl-
edge hardly maintained up-to-date or re-validated. Encouraging
researchers to conduct more replication studies will strengthen the
robustness of knowledge not only related to DR but also the ones
relevant to other areas in visual analytics and HCI. We thus also
resonate with existing efforts on incentivizing replication studies1.

Finally, we suggest researchers build computational models that
simulate human perception or cognition [1, 90, 160]. These models
cannot fully replace but still can approximate human-centered
evaluations in a scalable and cost-effective manner. Moreover, such
models can be integrated into the loss function of DR techniques,
thus contributing to not only finding effective DR techniques but
optimizing their projections [90].

Challenge 2: We require considerations of visual represen-
tations beyond 2D scatterplots. While reviewing the list of
identified papers, we notice that the visual representations used
to depict DR projections are excessively bound to 2D scatterplots.
2D scatterplots are certainly effective at showing spatial proxim-
ity between data points and also have high approchability, i.e.,
do not require high visualization literacy to understand. However,
we also notify that many reliability problems originate from the
use of 2D scatterplots in the Visualization stage. As described in
Sect. 5.2, the visualization can be unreliable as 2D scatterplots are
suboptimal or less interpretable [21, 45]. We also find that the
2D scatterplots are unscalable against dimensionality [11, 149].

Moreover, our survey implies that scatterplots may not be the
best visual representations to make visual analytics more explain-
able. In Explainer cluster, accuracy and interpretability prob-
lems in DR techniques are addressed by augmenting 2D scatterplots
(See Fig. 4). However, interpreting such augmented plots requires
additional efforts. This barrier makes it difficult for these advanced
visualization techniques to be applied in everyday data analysis.
Call for the research community. We thus suggest investigating the
utility of alternative visualization representations. One possibility
is to investigate the utility of 3D scatterplots. As 3D space has a
higher degree of freedom compared to 2D space, 3D scatterplots
can reduce unreliability due to the distortion of DR. Previously,
Sedlmair et al. [178] verify that 3D scatterplots have no clear bene-
fit compared to 2D scatterplots in representing cluster separability
of DR projections in 2D displays, but other studies have shown
different results with immersive analytics technologies: although
not yet focused on DR projections and visual analytics, Yang et al.
1https://ieeevis.org/year/2024/blog/vis-2024-OPC-blog-replication

https://ieeevis.org/year/2024/blog/vis-2024-OPC-blog-replication
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[220] show that visual cues in immersive environments, especially
motion cues, positively affect cluster perception of 3D scatterplots.
Pursuing these efforts is also crucial as the effectiveness of immer-
sive environments in data analysis for experts has just started to
flourish [84].

We also recommend researchers investigate non-Euclidean lay-
out space [139]. Chen et al. [34, 35] show that mapping graph (i.e.,
network) data in a torus or sphere instead of a 2D plane significantly
improves the accuracy in identifying clusters. Since graph layout
can be interpreted as “projecting” data into a low-dimensional space
[109], these layout spaces can also be explored for DR. The machine
learning community has made contributions in this area [32], but
the utility of non-Euclidean spaces for DR has not yet been validated
through user studies.

Finally, we encourage researchers to investigate the utility of
visual idioms beyond scatterplots, such as parallel coordinates. To
the best of our knowledge, this area has been largely unexplored
and may hold significant potential for further study.

Challenge 3: We lack libraries. In our survey, we find only one
paper that introduces a library [86], which implements a collection
of DR evaluation metrics ( Quantitative Evaluation stage). This
is a surprisingly small number, particularly regarding the visual-
ization community’s acknowledgment of the success of libraries
(e.g., D3 [23], Vega-Lite [176], and ggdist [100]) and their substan-
tial contribution to the progress of research. The finding verifies
that we lack libraries that serve diverse methodologies in a unified
interface.

Outside of our survey scope, we have many libraries from the
machine learning field for Preprocessing and DR stages. For
example, scikit-learn [163] provides diverse DR techniques2
and preprocessing functions3 using the Python interface. From a
visualization perspective, DruidJS [47] supports four DR techniques
in JavaScript, aligning with the trend of web-based development
in the field. However, these libraries only support widely used DR
techniques (e.g., 𝑡-SNE, UMAP, Isomap), lacking support for diverse
techniques contributed by the Pioneer -type papers (e.g., LAMP
[94], LoCH [61], UMATO [88], NeRV [203]). Still, to the best of our
knowledge, no library exists to support the Visualization stage.

More libraries will also help address the shortage of Instructor -
type papers (Sect. 6.3), particularly those contributing to human-
centered and computational experiments. For instance, a library
that comprehensively encompasses DR techniques would greatly
simplify the execution of controlled experiments comparing these
techniques.

Therefore, although numerous methodologies to make visual
analytics using DR reliable exist, these contributions can hardly
be leveraged for practice. Few papers open-source their research
artifacts [59, 70, 87, 94, 138], but it is tedious to install and test
these codes individually. Analysts thereby may find it challenging
to apply these techniques in practice. They might identify a suitable
configuration that aligns with their intentions, perhaps by reading
this paper, but will struggle to access and execute the corresponding
techniques. To address this problem, we need more libraries that
serve various techniques with a unified interface.

2https://scikit-learn.org/stable/modules/manifold.html
3https://scikit-learn.org/stable/modules/preprocessing.html

Call for the research community. We advocate visual analytics re-
searchers to build and deploy more libraries that materialize the
methodologies contributed by the papers we survey. We especially
recommend to build libraries that support Visualization stages.
This will help reduce the shortage of Explorer , Explainer , and
Architect -type papers by allowing researchers to easily test their
new contributions with existing research artifacts.

However, similar to replication studies (see Challenge 1), imple-
menting existing techniques is unlikely to be seen as novel by the
community at this time. We thus incentivize the development of li-
braries of “existing techniques” as valid research contributions. This
will significantly save the time of researchers and analysts, allowing
them to dedicate more time and effort to do something truly “novel.”
Here, we want to also emphasize the importance of avoiding over-
reliance on libraries, as it can lead to unreliable research caused by
coding errors. To avoid such a problem, not only deploying libraries
but maintaining them should also be incentivized.

We additionally suggest making these libraries more unified. As
seen in our workflow (Sect. 4), Analysts should frequently move
back and forth between the stages. However, existing libraries sup-
port each stage individually, requiring analysts to integrate multiple
libraries manually. Providing libraries that allow analysts to estab-
lish and manage configurations of every stage simultaneously will
substantially enhance the efficiency of data analysis.

7.2 Expert Evaluation
We conduct an expert evaluation to verify the significance, urgency,
and completeness of the challenges we identify. Inspired by the
Deimos study [115], we recruit eight experts in DR, data visualiza-
tion, and machine learning and conduct semi-structured interviews
that ask the experts to evaluate the challenges.

7.2.1 Study Design. We detail how we recruit and interview par-
ticipants (i.e., experts).

Experts and recruitment. We recruit eight experts who have
published more than three papers related to or leverage DR in major
data visualization (e.g., TVCG, VIS, PacificVis, CGF, EuroVis), HCI
(e.g., CHI, IUI, TiiS), and machine learning (e.g., NeuIPS, Neuro-
computing) venues. We recruit experts by sending them e-mails.
The demographics of the experts are depicted in Table 2. As of
November 2024, the participants’ average number of citations and
h-index is 2165.9 (±3015.4) and 15.5 (±4.9), respectively, indicating
their sufficient expertise in evaluating our challenges.

Interview protocol. We conduct an interview for each expert,
where a single author manages all interview sessions. Once partic-
ipants give their consent, the author explains the purpose of the
research and the interview. The author explains that the challenges
are derived from the literature review and details our workflow
model and taxonomy. The main interview is then conducted. This
part is divided into three sessions, each corresponding to the three
identified challenges (Sect. 7.1). During each session, the author
outlines the corresponding challenge, including relevant examples
and our call for the community. This is done by making a presenta-
tion with prepared slides. The experimenter then asks experts to
gauge the significance and urgency of the challenge and provide

https://scikit-learn.org/stable/modules/manifold.html
https://scikit-learn.org/stable/modules/preprocessing.html
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Table 2: Demographic information of the expert interview participants. These experts confirm the significance, urgency, and
completeness of the research challenges we identify. “Exp.”, “Pub.” and “Venue” stands for the years of research experience,
the number of archived publications related to or leverage dimensionality reduction published before Nov 2024 (according to
Google Scholar), and the venues in which these papers are published, respectively. The main research domains refer to the
representative subareas of these DR-related papers. Also note that (A) and (I) stand for academia and industry, respectively.

Occupation Gender Age Exp. Pub. Main research domains Venue

P1 Assistant Professor (Prof.) (A) Male 32 10 7 DR acceleration and evaluation TVCG, VIS, EuroVis
P2 Senior Research Scientist (A) Male 49 20 20 DR evaluation and interaction TVCG, CGF, NeurIPS, Neurocomp., etc.
P3 Assistant Prof. (A) Female 31 7 3 Bioinformatics, XAI TVCG, CHI
P4 Assistant Prof. (A) Male 29 7 8 DR Interpretation, XAI TVCG, CGF, EuroVis, IVIS, PacificVis
P5 Research Scientist, Adjunct Prof. (A) Male 36 14 6 DR interaction, Clustering TVCG, IUI, VDS, TiiS
P6 Research Engineer (I) Male 30 5 11 DR algorithm and interpretation TVCG, C&G, IVIS, JoV, etc.
P7 Software Engineer (I) Female 30 7 4 Machine learning, XAI NeurIPS, Distill
P8 Assistant Prof. (A) Male 40 15 17 DR evaluation and interpretation TVCG, CGF, EuroVis, EuroVA, etc.

Table 3: The list of questions we asked experts to evaluate our challenges. Significance and urgency are asked for each question,
while completeness is assessed across all three challenges collectively.

Criteria No. Questions

Significance
Q1 The challenge addresses an important problem within its field.
Q2 Addressing this challenge has the potential to significantly advance current knowledge of our research field.
Q3 Addressing this challenge could lead to significant improvements in practical applications.

Urgency Q4 The challenge is urgent in the context of current trends in research.
Q5 Addressing this challenge will prevent negative consequences that can potentially happen in practice.

Completeness Q6 The list is complete; they cover important challenges that hinder making visual analytics more reliable.

their reasoning (questionnaires in Table 3; Q1–Q5). After the ses-
sions are finished, the experimenter asks the experts to review the
completeness of the set of challenges (Q6), also with reasonings.
To fully elicit the experts’ insights, we do not limit the interview
duration. Still, all interviews end within 50 minutes. An equivalent
of 20 USD is paid for the compensation.

7.2.2 Results and Discussions. We discuss how experts evaluated
our challenges. Overall, experts agree on the significance and ur-
gency of the challenges while having mixed perspectives on the
completeness.

Significance and urgency of the challenge 1 (Lack of human-
centered experiments). Experts generally agree with the signifi-
cance and urgency of Challenge 1. As seen in Table 4, the average
scores for all questions are greater than 4.00. Experts’ reasoning
also backs up the significance and urgency of this challenge. For
example, P2 note, “The way we perceive clusters or patterns is not the
way the machine computes such clusters and patterns.”.

Significance and urgency of the challenge 2 (Lack of investi-
gation on visual representations beyond 2D scatterplots). As
with challenge 1, the evaluation scores indicate that experts overall
agree with the significance of the second challenge (Table 4). Mean-
while, participants do not strongly agree on the urgency. Three
participants (P1, P2, and P8) mention that the challenge will be dif-
ficult to address as they also hardly imagine visual representations
other than scatterplots, which implies that more research endeavors
should be invested to resolve this challenge.

Significance and urgency of the challenge 3 (Lack of libraries).
The experts overall agree or strongly agree that this challenge is
timely and significant (Table 4). Six experts strongly agree with Q3,
which asks about the practical impact of addressing the challenge.
The experts also agree on the importance of building libraries from
a research perspective. P4 especially suggests that “It will be good if
we have a library in which everyone can build on top of it, just like
D3.”, reaffirming the need for the unified library that covers the
entire visual analytics workflow using DR.

Completeness of the challenges. The diverging scores highlight
the eight experts’ differing opinions on the completeness of the
challenges (Table 4). For example, P5 generally agree that the main
challenges were well-covered, stating, “You have hit on three really
interesting areas to advance this field.”. On the other hand, P2 and
P3, and P8 raise concerns about the completeness of the study. For
example, they note that although scalability and computational
efficiency do not directly improve reliability, they can indirectly
do so by enabling the testing of more configurations. The find-
ings, overall, suggest that unknown challenges remain in the field,
and we should invest more effort in systematically identifying and
addressing them.

8 Discussions
We extend our discussion by emphasizing the practical value of
our contributions and proposing future work to strengthen such
aspects.
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Table 4: The experts’ evaluation on significance (Sig.), urgency (Urg.), and completeness (Co.) of our challenges. The experts
evaluate the challenges by answering the questionnaires (Table 3) in Litert Scale (1: strongly disagree, 2: disagree, 3: Neutral, 4:
agree, 5: strongly agree). We highlight the cell in red if the score indicates agreement, using an opacity scale where 0 represents
neutral (score of 3) and 100 represents strong agreement (score of 5), with a linear gradient in between. Overall, the experts
agree on the significance and urgency of our challenges while presenting mixed perspectives for completeness.

P1 P2 P3 P4 P5 P6 P7 P8 Avg.

C1 C2 C3 C1 C2 C3 C1 C2 C3 C1 C2 C3 C1 C2 C3 C1 C2 C3 C1 C2 C3 C1 C2 C3 C1 C2 C3

Sig.
Q1 4 4 4 5 5 5 4 4 5 4 4 4 4 4 4 5 4 5 5 5 5 5 3 4 4.50 4.13 4.50
Q2 2 4 2 5 5 5 4 4 4 5 4 3 4 5 4 5 4 5 4 3 5 5 4 4 4.25 4.13 4.00
Q3 3 5 5 5 5 5 4 4 5 4 4 5 5 5 4 5 5 5 5 5 5 5 3 5 4.50 4.50 4.88

Urg. Q4 4 4 5 5 4 5 4 4 4 5 5 5 5 3 4 5 3 4 4 4 5 5 3 4 4.63 3.75 4.50
Q5 3 4 2 5 4 5 4 3 4 4 4 5 5 4 4 3 4 4 5 4 5 4 4 4 4.13 3.88 4.13

Co. Q6 4 2 3 4 4 4 4 2 3.38

8.1 Call for the Analysts
This research mainly motivates visualization researchers to make
visual analytics using DR more reliable. We also detail research
challenges (Sect. 7) that researchers can put effort into. We believe,
however, that Analysts can also contribute to advancing visual
analytics, as they are the end users of the products contributed by
researchers. We provide two recommendations for analysts that
can enhance the reliability of visual analytics using DR.

Share the analysis if possible. We suggest Analysts deploy their
analysis if there are no ethical problems, e.g., data privacy. For ex-
ample, analysts can open-source their code and dataset or publicize
analytic dashboards made by business intelligence platforms, e.g.,
Tableau or Spotfire. This will help researchers build a knowledge
base for understanding visual analytics practices [156]. For instance,
the deployed codes and dashboards will support researchers in em-
pirically validating and revising our workflow model (Sect. 4).

Moreover, researchers can leverage these deployments to address
the challenges we identify (Sect. 7). For example, by investigating
which DR techniques or evaluationmetrics are widely used in visual
analytics, researchers can determine which techniques or metrics
should be prioritized when developing the libraries (Challenge 3).
Deploying datasets can also benefit researchers by enabling them
to include more diverse datasets in human-centered experiments,
resulting in more generalizable findings (Challenge 1).

Consider diverse configurations. We also recommend Analysts
consider diverse configurations. For example, we suggest analysts
test and leverage diverse DR techniques beyond 𝑡-SNE, UMAP, and
PCA. Although not yet validated, we observe that these three tech-
niques dominate the selection of DR methods in visual analytics,
despite being unsuitable for certain tasks like cluster density esti-
mation or global pairwise distance investigation [86, 144, 150, 216].
Using alternative techniques that better align with these tasks will
enhance the reliability of their analysis. Additionally, if analysts
more actively consider diverse configurations, it will motivate re-
searchers to contribute new techniques that address gaps in the
literature, creating a positive feedback loop for making visual ana-
lytics more reliable.

Here, a barrier to considering diverse configurations will be a
lack of operational knowledge. We thus suggest Analysts refer
to the Instructor -type papers, especially the ones contributed
human-centered and computational experiments to be aware
of the pros and cons of diverse configurations.

8.2 Reliability Problems Derived from Analysts
In our survey, we find many papers that aim to make analysts more
informed. They provide analysts with operational knowledge of
different configurations, thereby reducing the chances of analysts
making suboptimal configurations. However, though analysts are
aware of reliability problems and various configurations, visual
analytics can be unreliable due to human bias or errors. We discuss
two cases in which awareness does not guarantee reliability.

Suboptimal configuration (despite awareness). Analysts can
still make suboptimal configurations even though they are informed
of corresponding operational knowledge. As discussed in Sect. 7.1,
one notable factor is the availability of actionable codes or libraries.
Another factor potentially leading analysts to suboptimal configu-
rations is their preference for the projections. For example, Morariu
et al. [145] and Bibal and Frénay [22] quantitatively show that sepa-
rability between class labels significantly affect human preferences
for the projections. Such preferences can bias analysts in setting
configurations, e.g., by selecting DR techniques that emphasize
cluster structure like UMAP [89]. Identifying factors that can po-
tentially bias configurations and mitigate their effect will be an
important future avenue to explore. For example, we can explore
how visualizing distortions ( Explainer ) can mitigate the biased
preferences towards well-separated clusters.

Inappropriate Sensemaking. Even if analysts establish appro-
priate configurations, human Sensemaking can be unreliable. At
first, analysts are unstable in perceiving data patterns [89], which
means that their sensemaking varies by individuals and also by
time. Analysts may also place excessive trust in their configurations,
even for tasks that the configurations were not originally designed
to support (Sect. 8.1).
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These examples indicate that our survey does not yet fully cover
all potential reliability issues in visual analytics using DR, high-
lighting the need for future efforts to uncover problems that remain
undetected.

8.3 Limitations and Future Work
Our three main contributions—workflow model, taxonomy, and
challenges—are theoretically grounded by literature. As futurework,
we successively aim to verify their validity with real Analysts. For
example, we could crawl source codes from GitHub that involve
high-dimensional data analysis using DR and evaluate how well
they fit with our workflow and taxonomy. Additionally, we can
conduct an interview study with industry analysts to reveal their
daily challenges in practical data analysis and see how these align
with our taxonomy.

We also plan to make our findings to be more actionable. Our
survey informs that using proper evaluation metrics is crucial to
obtain accurate and optimal DR projections. However, as a paper,
it does not recommend specific metrics to use reflecting the current
intentions of analysts. Moving forward, we intend to develop a data-
base that houses specific knowledge extracted from the papers we
gather. This will facilitate the creation of an actionable framework
that enables analysts to query their intention and obtain responses
about the appropriate configurations, similar to the approach taken
by Draco [146] for general visualization design.

8.4 Call for the HCI field: Mitigating Imbalance
in Research Topics

Our meta-analysis (Sect. 6) reveals the imbalance of the relevant
research landscape: while numerous DR techniques are proposed
( Pioneer -type papers), only a few works that evaluate or inter-
pret these techniques emerged ( Judge , Instructor , Explorer ,
Explainer , and Architect -type papers) (Sect. 6.3). This imbalance
aligns with the dominance of papers from the visualization and
machine learning fields in our list, with only two papers originat-
ing from the HCI field. The true extent of the imbalance may be
larger, as our survey started by searching for papers primarily in
the visualization and HCI fields. Such findings indicate that the
HCI field should pay more attention to this issue. We call on the
community to invest more research efforts in two key perspectives:
System and Guidance.

Efforts in a system perspective. The HCI community has al-
ready verified its capability to build new systems that enhance
the explainability and usability of machine learning techniques.
For example, the community substantially contributes to the ex-
plainable AI (XAI) systems [54, 66, 77] and also designs numerous
methodologies to make AI techniques more user-friendly [80, 182].
We strongly suggest the HCI community utilize such capability
to make DR-based visual analytics more reliable and reduce this
imbalance. For instance, designing interactive systems that help
novice analysts easily be aware of inaccurcy of suboptimality
of DR techniques would be an interesting avenue to explore.

Efforts in a guidance perspective. The imbalance reveals that
while visualization and machine learning fields dedicate substantial
effort to advancing state-of-the-art DR techniques, their endeavors

are less human- or user-centered. These fields seldom invest in mak-
ing these techniques informed and approachable for everyday use
by analysts. As a result, expert researchers and analysts are often
familiar with these techniques, whereas novice analysts frequently
remain unaware of their existence or applicability. To address this
gap, we propose a shift in focus within the HCI community toward
creating practical, user-friendly guidance. For example, interview
studies can be conducted to investigate why practitioners are un-
informed of DR techniques or evaluation metrics. Based on the
insights from the studies, user-friendly guidance tailored to varying
levels of expertise can be established to improve the adoption and
usability of advanced methods.

As a seminal step in this direction, we provide a practical guide
to accompany our survey (Table 1) to help analysts select the most
relevant papers to read based on their expertise level and interests,
thereby helping analysts improve the reliability of their visual ana-
lytics using DR. This guide addresses a key challenge: While our
survey offers a comprehensive overview of the research landscape,
providing the same references to all readers is not effective because
analysts have varying levels of expertise in DR. In addition, many
analysts may not accurately assess their own expertise, making it
difficult for them to determine the appropriate next steps in their
learning journey. To address these challenges, our guide includes a
six-item checklist designed to help analysts evaluate their expertise
level. Based on this self-assessment checklist, we provide tailored
recommendations for reading papers. Our guide can thus be in-
terpreted as a suggestion for an optimal order for exploring the
literature, enabling a more comprehensive and systematic under-
standing of the relevant field. We release the guide as an interactive
web page to enhance readability and approachability, available at
https://dr-reliability.github.io/guide.

9 Conclusion
This paper presents several contributions based on a literature
review of 133 papers. This includes (1) a workflow model that
explains how analysts employ DR in visual analytics, (2) a taxonomy
to organize the relevant literature, (3) a meta-analysis that groups
the papers at a high level, (4) a discussion of ongoing challenges
validated by experts, and (5) an identification of the imbalance
in research landscape and the call for the action. Together, these
contributions substantially benefit visual analytics using DR by
making it more reliable.We expect our research to be a key reference
that initiates new endeavors to enhance the reliability of visual
analytics.
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