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Toward Addressing Ambiguous Interactions and Inferring
User Intent with Dimension Reduction and Clustering
Combinations in Visual Analytics

JOHN WENSKOVITCH, MICHELLE DOWLING, and CHRIS NORTH, Virginia Tech

Direct manipulation interactions on projections are often incorporated in visual analytics applications. These

interactions enable analysts to provide incremental feedback to the system in a semi-supervised manner,

demonstrating relationships that the analyst wishes to find within the data. However, determining the pre-

cise intent of the analyst is a challenge. When an analyst interacts with a projection, the inherent ambiguity

of interactions can lead to a variety of possible interpretations that the system can infer. Previous work

has demonstrated the utility of clusters as an interaction target to address this “With Respect to What” prob-

lem in dimension-reduced projections. However, the introduction of clusters introduces interaction inference

challenges as well. In this work, we discuss the interaction space for the simultaneous use of semi-supervised

dimension reduction and clustering algorithms. We introduce a novel pipeline representation to disambiguate

between interactions on observations and clusters, as well as which underlying model is responding to those

analyst interactions. We use a prototype visual analytics tool to demonstrate the effects of these ambiguous

interactions, their properties, and the insights that an analyst can glean from each.

CCS Concepts: • Human-centered computing → Visualization; Visual analytics; Visualization design

and evaluation methods;

Additional Key Words and Phrases: Dimension reduction, clustering, interaction, intent, visual analytics

ACM Reference format:

John Wenskovitch, Michelle Dowling, and Chris North. 2024. Toward Addressing Ambiguous Interactions

and Inferring User Intent with Dimension Reduction and Clustering Combinations in Visual Analytics. ACM

Trans. Interact. Intell. Syst. 14, 1, Article 2 (January 2024), 35 pages.

https://doi.org/10.1145/3588565

1 INTRODUCTION

“With Respect to What” was first described as a usability issue with interactive projections by Self
et al [98]. In their Andromeda system, analysts are presented with the two-dimensional output of
a Weighted Multi-Dimensional Scaling (WMDS) Dimension Reduction (DR) computation.
By performing direct manipulation interactions on the observations in the projection [92], ana-
lysts communicate desired similarity and dissimilarity relationships to the system. This triggers a
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learning routine that attempts to create such relationships in the projection by altering weights
that are associated with each dimension. The process of inferring the intent of an analyst via such
direct manipulation interactions and updating the visualization in response is termed semantic

interaction [36, 38].
The usability issue that emerges from this interaction technique revolves around interpreting

analyst intent appropriately. In other words, when the analyst moves an observation to a new
position, what is that movement in relation to? Is this relationship assumed or somehow explicitly
communicated by the analyst? Possible interpretations for repositioning an observation in the
projection include but are not limited to moving the observation away from the source, moving the
observation toward a target, and moving the observation with respect to some other observation(s)
within the projection. In other words, what did the analyst move, and with respect to what?

Such interactive projections are an increasingly popular feature in interactive visual analytics
and human-centered Machine Learning (ML) applications [6, 8, 37, 69, 72, 79]. As a result, resolv-
ing this “With Respect to What” problem is increasingly important to accurately capture the intent
of the analyst. In our previous work, we proposed a cluster membership solution to “With Respect
to What,” utilizing interactive clustering reassignment to communicate similarity relationships in
the projection [126, 127]. This use of clustering algorithms is a sensible choice, as implicit clusters
often form naturally in dimension-reduced projections that display similarity relationships. Defin-
ing these clusters explicitly also enables explicit relationship communication to the system. Indeed,
DR and clustering algorithms perform similar functions: DR algorithms simplify a dataset by reduc-
ing the number of dimensions to the most important existing or synthetic features, whereas cluster-
ing algorithms simplify a dataset by reducing the number of observations through grouping [123].

However, ambiguity in the interpretation of these interactions does still exist after explicit clus-
tering has been introduced, as described in our motivating example in Section 3. In this work, our
goal is to detail the interaction space for the simultaneous use of DR and clustering algorithms,
particularly in interactive systems that feature a semantic interaction learning component. Ad-
ditionally, we propose a pipeline representation that can accurately reflect the nuances of these
interactions, identifying features such as algorithm order, how the models handle interactions,
and how data is manipulated within the system. We further demonstrate the effect of three types
of visually ambiguous interactions, showing their unique effects and commenting on the effects
of those interactions to the system and the understanding of the analyst. These interactions are
demonstrated on a prototype tool that uses WMDS for dimensionality reduction and a weighted
k-means variant for clustering. Specifically, we claim the following contributions:

(1) An analysis of the interaction space that exists when incorporating DR and clustering algo-
rithms in the same projection interface, and a summary of the design factors that should be
considered by visualization designers.

(2) A system pipeline representation to demonstrate and detail these interactions on both ob-
servations and clusters, along with an accompanying set of use cases to demonstrate the
flexibility of this representation to disambiguate between a collection of similar interactions.

(3) An exploration of three classes of interactions that are ambiguous within a prototype tool,
examining the effects of the interactions on both the underlying models and on the insights
that an analyst can recover from them.

(4) A discussion of additional implementation factors external to the “With Respect to What”
problem that should be considered by visualization designers.

This work extends our previous paper “With Respect to What” [124] from ACM IUI 2020 with
additional content in Sections 5 and 6, providing additional detail to the pipeline representation
and more thoroughly exploring the effects of these ambiguous interactions.
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2 BACKGROUND

In this section, we provide background information relevant to our contributions. In the first sub-
section, we briefly survey the use of DR and clustering algorithms in visual analytics systems,
both independently and in combination. Following this, we describe the “With Respect to What”
problem in the context of interactive DR (and occasionally interactive clustering) visual analytics
systems, demonstrating the interactions supported by such systems. We next examine other works
that have surveyed direct manipulation interactions in projections, as well as other pipeline repre-
sentations used in visual analytics. The section concludes with a discussion of metrics to measure
the quality of DR and clustering algorithm output.

2.1 DR and Clustering in Visualization

2.1.1 Dimension Reduction. DR algorithms strive to create a low-dimensional representation
of high-dimensional data that preserves high-dimensional structures such as outliers and clus-
ters [65]. Surveys of DR algorithms can be found in the literature [41, 44, 46, 73, 132]. Although
these representations can be of any number of dimensions smaller than the cardinality of the
high-dimensional space, DR algorithms are most often used to reduce the dataset into a two-
dimensional projection displayed as a scatterplot or node-link diagram. A number of DR tech-
niques are prevalent in the visual analytics literature. In Andromeda and SIRIUS, WMDS is used
to project a dataset into a two-dimensional representation [32]. Force-directed layout algorithms
are also common [6, 37, 126], whereas other systems project data using principal component anal-
ysis [8] or t-distributed Stochastic Neighbor Embedding (t-SNE) [18], among many others.

2.1.2 Clustering. The goal of clustering algorithms is to group sets of observations so that ob-
servations in the same group are more similar to each other than to those in other groups. Surveys
of clustering algorithms from various perspectives can also be found in the literature [19, 135].
Clustering algorithms can be classified into hierarchical and partitioning families, with the hier-
archical family further split into divisive (top-down) and agglomerative (bottom-up) types [123].
The variety of methods for presenting clusters in visualization systems is nearly as broad as the
variety of clustering algorithms themselves. Among others, the most common techniques are us-
ing color to denote cluster membership [2, 21, 47, 63], encoding clusters by position [20, 71], and
enclosing groups of observations with distinct boundaries [71, 126]. It is also common to use dual-
encoding [51] to reinforce cluster membership [18, 58].

2.1.3 DR and Clustering. The natural relationship between DR and clustering algorithms has
long been recognized. Indeed, Ding and He [28] proved that principal component analysis implic-
itly performs clustering as well as DR; the principal components are the continuous solutions to
the discrete cluster membership indicators for k-means clusters. Similarly, self-organizing maps
are a DR technique that can be interpreted as a set of clusters [59].

Observing this relationship, a number of visual analytics systems include both DR and cluster-
ing algorithms. These algorithmic combinations come in a variety of visual representations, and
the algorithms also process the data in a variety of ways. For example, iVisClustering [63] per-
forms both DR and clustering on the high-dimensional data, implying that a change in the layout
does not affect the clustering assignment. In contrast, both “Be the Data” [14] and Castor [126]
perform clustering on the output of the DR algorithm, rendering low-dimensional clusters that
are dependent on the positioning of observations in the projection. However, “Be the Data” uses
color encoding to represent cluster membership, whereas Castor takes the distinct boundaries ap-
proach. Reversing this algorithmic order, Ding and Li [29] create a system in which k-means clus-
tering is used first to generate class labels, followed by latent Dirichlet allocation DR for subspace
selection [29].
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2.2 “With Respect to What”

Given that the “With Respect to What” problem is defined by how the analyst interacts within the
projection, it is first important to consider common types of interaction schemes. First, many of
these interactions are considered Visual to Parametric Interactions (V2PI), which was defined
by Leman et al. [67] and explored by Hu et al [53]. At a high level, this paradigm considers interac-
tions that are performed directly within a projection of the data. Given an interaction, parameters
for the underlying projection model are learned, resulting in a new projection. As a result, ana-
lysts are able to remain within their cognitive zone [48], thereby enhancing analysts’ efficiency in
performing their analytic tasks.

Bayesian visual analytics as defined by House et al. [52] describes a probabilistic variation of
V2PI. However, the deterministic variations are more commonly seen across current visual ana-
lytic implementations, including observation-level interaction [39]. Observation-level interaction
specifically defines interactions on projected observations of data in which relative pairwise dis-
tances between a subset of points is defined by the analyst. From these pairwise distances, new
parameters for the underlying distance metric are learned, which in turn are used to produce an
updated projection of the data. Note how all of these schemes support incremental formalism [101],
which enables analysts to gradually concretize their hypothesis as they investigate the data.

These interaction schemes can be applied in a wide variety of applications. Each method has
implications for how the “With Respect to What” problem can or should be solved. For example,
using control points within a visualization is a common method for enabling interactive and itera-
tive refinement of the projection [6, 26, 30, 37, 55, 69, 72, 79, 99, 122]. Control points often take the
form of analyst-selected and manipulated points within the projection, but these control points
can also be represented as anchors on the projection boundaries as well. In either case, the analyst
is manipulating a given point with respect to the entire visualization. In other words, this inter-
action is meant to have an effect on a global scale rather than performing local refinements. This
concept is reflected in the fact that a single movement of one control point typically results in all
other non-control points moving themselves in relation to the control point’s new location.

Rather than using control points, some systems instead use manipulated points to describe de-
sired pairwise distances in a projection [8, 32, 90, 97, 126]. As a result, the information that is
communicated through this interaction is a desired set of distances expressed as relative pairwise
distances between the moved points, which often reflect similarity/dissimilarity relationships in
the data. Using these relative pairwise distances, the system learns a new distance metric, typically
by updating the parameters of the chosen distance function. The new distance function is then ap-
plied to all projected data, not just the interacted points, to produce an updated visualization. The
implied “With Respect to What” in such interactions is limited to the points the analyst interacted
with; all other points are ignored until the data is reprojected.

There are still other types of interactions that address this “With Respect to What” problem.
Podium [118] allows analysts to interactively alter the rank of any item in a table. Podium explicitly
defines this interaction to be with respect to the other rows that changed ranks as a result of
the interaction. Additionally, ReGroup [3] enables interactive cluster formations in which each
additional item that is added to a cluster results in updating a list of suggested items to add to the
cluster. Thus, this interaction is with respect to the existing items within the cluster. Andrienko
et al. [4] take yet another approach in which cluster definitions can be interactively altered by the
analyst, such as merging or splitting clusters. Such interactions are with respect to the involved
clusters (i.e., the clusters that are being merged together or which cluster is being split). Other
works that provide interactive steerable projections and steerable optimizations enable the direct
and indirect manipulation of axes and parameters [12, 42, 57]. These examples demonstrate the
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variety of manners in which the “With Respect to What” problem can be addressed, indicating the
vast design space present in this area.

2.3 Surveys of Projection Interactions

Interactive DR is currently a heavily researched area of visual analytics, and as such, several recent
surveys have been published that review various aspects of the space. For example, Sacha et al. [91]
present a structured literature review of DR, with portions of their analysis discussing the interac-
tive, semantic interaction-driven topics that are most relevant to this work. Other surveys of the
DR literature have been produced by van der Maaten et al. [114], Wismüller et al. [132], and Liu
et al. [68].

Still other surveys focus on interactions that underlie the ideas of semantic interaction and inter-
active model manipulation. For example, Buja et al. [10] present a review of interaction techniques
for high-dimensional data visualization, whereas von Landesberger et al. [117] construct an inter-
action taxonomy to track and analyze user interactions in visual analytics. Similarly, Brehmer and
Munzner [7] present a thorough description of DR tasks, whereas Yi et al. [136] reduce relevant
DR interactions to a set of low-level interactions.

2.4 Pipelines in Visual Analytics

Pipeline representations are used to visually communicate the flow of data within a visualization
system from one processing component to the next. The convention of showing the generation of
a visualization by dataflow to the right and interaction handling via flow to the left dates to at least
the information visualization pipeline [11], also appearing in the visual analytics task process from
Keim et al [56]. These pipelines present a summary representation for the process that transforms
raw data into a final visualization at the highest level, making them extremely generalizable.

For more specific use cases, such as interactive visualization systems that support semantic inter-
action, more detailed pipeline frameworks tailored to their purpose can be created. For example,
the V2PI [67] pipeline provides a statistical semi-supervised ML methodology for transforming
data into a visualization and also parameterizing a user’s interaction into a form that the system
can interpret. As a result, a new visualization is created based on the user’s interaction. The LAMP
framework described by Joia et al. [55] and its extension to iLAMP [31] demonstrate similar ap-
proaches toward local affine mappings. More recently, Dowling et al. [33] proposed a bidirectional,
multi-model pipeline for semantic interaction applications. In this pipeline structure, the projec-
tion is created by processing a sequence of “forward”computations, whereas the interactions are
handled by processing a similar but reverse sequence of “inverse” computations. The multi-model
capacity of this pipeline also provides an additional feature missing from V2PI, which focuses on
transformations that involve only a single model. Norambuena et al. [74] extend this model further,
including both low-level and high-level models to capture both local continuous details as well as
global discrete structures, supporting narrative visualization with semantic interactions.

With respect to interactive visualizations, specifically focused on projections of document cor-
pora, Endert [36] provide a generic pipeline representation of a model-driven system, further ex-
panded into a multi-model system by Bradel et al [6]. Other systems such as Dis-Function [8],
Piecewise Laplacian Projection [79], and the pipeline provided by Mamani et al. [69] create focused
pipelines to explain their data processing and visualization creation techniques. Wang et al. [120]
further present a survey of many analytical pipeline representations, displaying the broad variety
of techniques in visual analytics.

In this work (see Section 5), we adopt a similar pipeline approach to Dowling et al., summarizing
models and their interactions specifically in the case of DR and clustering models. In the case of a
visualization system that incorporates these processes, each of these algorithms would represent
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a separate model in the sequence. The order of these models in the sequence can therefore change
both the meaning and the behavior of the visualization.

2.5 Quality Metrics for DR

Techniques for evaluating the quality of a DR algorithm or dimensionally reduced projection focus
on projection error, searching for and quantifying errors in the low-dimensional projection. With
the exception of simple and sparse datasets, these errors are nearly always present due to the loss
of information when, say, reducing a dataset from 50 dimensions to 2 dimensions. There are a
variety of techniques used to quantify these errors.

The most common method involves distance measures, with the overall goal of ensuring
that pairs of observations close to each other in the high-dimensional space appear similarly
close in the low-dimensional projection (with a similar relationship for observations that are dis-
tant) [24, 25, 60, 75, 94]. Several techniques have been proposed and validated in the literature.
Simple measures are often used, such as mean squared error [40] or root mean squared error [86],
which measures the average squared difference between the high-dimensional distance D and low-
dimensional distance δ between pairs of nodes ni and nj . Kruskal’s stress [61] performs a similar
computation, whereas Sammon mapping [94] includes an additional term to cause small distances
to have a higher importance than large distances. Other distance-based techniques include approx-
imate geodesic distances [64, 108] and computing the residual variance, examining the correlation
between original and embedded distances [86]. Some metrics are also custom to particular DR
approaches. These include techniques such as topographic functions [116] and topographic prod-
ucts [5] for self-organizing maps.

Although distance metrics are more stable with respect to small changes in the low-dimensional
projection, rank-based metrics perform better with large changes or linear scaling in the projec-
tion [66], also behaving with more stability against outliers in the data [86]. One of the first rank-
based metrics to appear in the literature is Spearman’s rank correlation [102], which converts
high-dimensional distance D (ni ,nj ) and low-dimensional distance δ (ni ,nj ) into ranks r (ni ,nj )
and ρ (ni ,nj ), respectively. Similarly, continuity measures consider the rank of a high-dimensional
observations i and j, r̂ (ni ,nj ) according to pairwise distance between the pair of observations [115].
These rank-based metrics are often displayed with co-ranking matrices [25] or Shepard dia-
grams [100].

Other metrics consider group membership, focusing on the members of clusters within the low-
dimensional projection to ensure that they match clusters in the high-dimensional space. This
process is relatively straightforward when given labeled data [95, 121], but it is a more complex
measure when matching pairs of unlabeled observations. The process of neighborhood loss [86]
computes projection error using the k nearest neighbors of each observation in both the high-
dimensional space and the low-dimensional embedding. Similarly, mean relative rank error uses
rank to penalize very distant observations that intrude and very close observations into the k
nearest neighbors of each observation [65]. Trustworthiness metrics such as the local continuity
metacriterion [13] also measure the proportion of observations that appear too close together in
the projection [115]. Beyond pairwise measures, other techniques use weighted shortest paths to
connect many observations [89].

2.6 Quality Metrics for Clustering

Several methods exist for assessing the quality of clustering, each of which has drawbacks resem-
bling the subjective quality of human evaluation [43]. Thus, there is no single best method to
evaluate clustering, just as there is not necessarily a best clustering algorithm [82]. Techniques for
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computationally determining the quality of clustering are often divided into internal and external

validation methods.
Internal validation methods create a scoring scale that seeks high similarity within clusters and

low similarity between clusters. Such unsupervised evaluation techniques are once again based on
the choice of distance metric and linkage criterion used to ultimately judge the “similarity” of a pair
of clusters. One of the first internal validation methods is the Dunn index [35], which computes the
ratio between the minimum inter-cluster distance and the maximum intra-cluster distance, with
the aim of providing the best score to clusterings with dense, well-separated clusters. A similar
approach is found in the Davies-Bouldin index [22], which also includes each observation and
centroid in the ratio rather than simply computing the minimum distance between clusters and the
maximum distance within a cluster. More recently, the silhouette coefficient [88] was introduced,
which compares the average distance of each observation to other members of its assigned cluster
and contrasts this with the average distance to observations in an external target cluster, producing
a score in the range [−1, 1] for each observation. The mean score of each observation then provides
a measure for the quality of clustering across the entire dataset. Although these three techniques
are commonly seen, several other methods have been proposed, including the gap statistic [110],
the S_Dbw index [50], the PBM index [78], and the Xie-Beni index [133].

External validation methods use an external ground truth to evaluate the quality of the clus-
tering. These supervised evaluation techniques rely on class labels often created by expert hu-
mans [82]. For example, the Rand index [85] judges the number of correct decisions made by a
clustering algorithm, a ratio of the number of true positives and true negatives with all clustering
assignments. The F-measure [70] improves on the Rand index by permitting false positives and
false negatives to have differently weighted effects on the score through the introduction of preci-
sion and recall measures. Further variations of the Rand index ratio formulation are found in the
Dice index [27] and the Fowlkes-Mallows index [45].

A related problem to evaluating cluster quality is simply determining the number of clusters
that exist within a dataset. The ideal number of clusters represents a balance between permitting
an amount of error in the clustering and limiting the overall number of clusters. In other words,
increasing k without bound will eventually result in zero error when each observation is assigned
to its own cluster, but a substantially smaller number of clusters may be found that still has a small
amount of misclassification error. This tradeoff is the basis behind the elbow method [109], search-
ing for an “elbow” in a plot of number of clusters versus percentage of variance explained. At
such an inflection point, adding an additional cluster does not substantially reduce the amount of
error in the clustering assignments. Information criteria such as Akaike information criterion [1],
Bayesian information criterion [96], and deviance information criterion [103] can be used to fur-
ther evaluate the quality of introducing another clustering subdivision. This has been implemented
in the k-means extensionX -means [81]. Other clustering determinations make use of information-
theoretic measures such as rate distortion theory [104] and feature rescaling [23].

3 MOTIVATING EXAMPLE AND DESIGN SPACE OVERVIEW

To motivate our discussion of the DR and clustering interaction space, consider the example shown
in Figure 1. In this example, an analyst is provided with a dimension-reduced projection of an ani-
mal dataset [62], positioned according to their attribute relationships with initially equal weights.
The normalized attributes included in the dataset summarize the color, habitat, diet, and behaviors
of each animal, all weighted equally within the projection to create this initial view. A clustering
algorithm then groups the observations into discrete categories, following the “Dimension Reduc-
tion Preprocessing for Clustering” pipeline described in our previous work [123]. After viewing
the projection, the analyst wishes to manipulate the projection to continue exploring the data.
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Fig. 1. An analyst repositions the Grizzly Bear observation within the projection, indicated by the orange
arrow.

The tool supports steerable projections, permitting the analyst to influence those initially equally
weighted dimensions to bias the projection toward a subset of the dimensions. If the analyst de-
cides to explore the diet of these animals, the analyst may choose to reposition the Grizzly Bear
observation, removing it from one cluster and placing it into another. With this simple interaction,
the analyst could be trying to convey a number of possible intents to the system.

Perhaps the analyst is looking specifically at the relationships between the animals in the projec-
tion. For example, the analyst could be trying to convey a relationship about the starting position
of the observation (“the Grizzly Bear is not similar to the other animals near the source”) or a
relationship about the ending position of the observation (“the Grizzly Bear is more similar to the
other animals near the destination”). There is also the question of how many observations the
analyst considers; the analyst could be trying to communicate a relationship with respect to the
closest observation (“the Grizzly Bear is most similar to the Lion”), the closest n observations, all
observations in a cluster, or all observations in the projection. These types of relationships would
be best handled by the DR model.

Alternatively, the analyst may have mapped some semantic meaning onto the cluster groupings
in the projection, trying to communicate a membership assignment based on those groups (“the
Grizzly Bear is a better fit in the Predators cluster than in the Pets cluster”). Such relationships can
incorporate both the source and the target cluster, or perhaps a case where the target is irrelevant
(“the Grizzly Bear appears to be an outlier in the Pets cluster and belongs elsewhere”) or the source
is irrelevant (“the Grizzly Bear is a Predator”). These relationships would be best handled by the
clustering algorithm.

The analyst may also be trying to communicate a relationship that includes both observations
and clusters. In such cases, the relationship may be relevant to all observations within the cluster
(“the Grizzly Bear is more similar to the observations in the target cluster than the source cluster”),
or the precise positioning of the observation within the cluster may be important (“the Grizzly Bear
belongs in the Predator cluster, but it is not similar to the small Predator (Fox)”).

The examples in the preceding paragraphs suggest two primary dimensions to consider when
judging the intent of the interaction. First, the interaction could be applied to the observations, the
clusters, or both. Second, the interaction could be applied to a variety of cardinalities: the nearest
observation, the nearest n observations, all observations within a cluster, or all observations in
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Table 1. Collection of Example Intents That an Analyst May Wish to Communicate via Repositioning an
Observation or a Cluster in a Projection of the Animals Dataset [62]

Analyst Repositions

An Observation A Cluster

W
it

h
R

e
sp

e
ct

to
W

h
a

t

N
e
a

re
st

1

Observation The Grizzly Bear is most similar to the Polar Bear.
The Predators cluster shares few similarities with the Blue
Whale observation.

Cluster
The Grizzly Bear is similar to many of the other members of
the Predators cluster.

The Predators cluster is dissimilar from the Large Herbivores
cluster.

N
e
a

re
st
n Observations

The Grizzly Bear behaves similarly to animals such as Wolves,
Leopards, and Lions.

The Predators cluster shares few similarities with the aquatic
animals.

Clusters
The Grizzly Bear is a large Predatory animal, although still
similar to small Predatory animals and scavengers.

The Scavenging Predators cluster is similar to the small
actively hunting and large actively hunting predators.

C
lu

st
e
r Single The Grizzly Bear belongs in the Scavenging Predators cluster.

The Predators cluster is similar to the Grizzly Bear
observation.

Multiple The Grizzly Bear is a predator.
The Scavenging Predators cluster is a subset of the overall
Predators group.

A
ll

o
f

th
e Observations

The Grizzly Bear is more similar to the predatory animals on
the left than the herbivorous animals on the right.

The Scavenging Predators cluster is more similar to the other
carnivorous animals on the left than the herbivorous animals
on the right.

Clusters
The Grizzly Bear is more similar to the predatory animal
clusters on the left than the herbivorous animal clusters on the
right.

The Scavenging Predators cluster is more similar to the
carnivorous animals clusters on the left than the herbivorous
animal clusters on the right.

Creating unambiguous interactions to support each of these potential intents remains an open challenge.

the projection. These dimensions are summarized with respect to the Grizzly Bear observation
and Predators cluster in Table 1 and are expanded upon in the following sections. However, it is
also worth considering further aspects of the interaction and of the visualization itself. We discuss
several additional dimensions of this interaction space in the next section.

4 INTERACTIONS ON OBSERVATIONS AND CLUSTERS

This section presents interactions and their potential interpretations when interacting with both
DR and clustering algorithms. Given the discussion that follows, we summarize the following
factors that should be considered by a designer when mapping the intent of an analyst to an
interaction in this space:

• Interaction target: An interaction can be applied to the observations, the clusters, or both.
• Cardinality: An interaction can be applied to a variety of cardinalities: the nearest observa-

tion or n observations, all observations within a cluster, or all observations in the projection.
• With Respect to What: Is the relationship relative to a target at the source or destination

location, or both?
• Level of thinking: When performing an interaction, is the analyst is thinking high or low

dimensionally? In other words, is the analyst merely altering the coordinates of the obser-
vation, or are they considering multiple latent properties of a group of observations?
• Visual design: Is the intent of the interaction influenced by the way that observations and

clusters are encoded in the visualization?
• Algorithm order : Is the DR or the clustering processed first? Or are they simultaneous?

In this section, we first consider the possible interpretations that result when an analyst reposi-
tions an observation in the projection. We begin by describing interactions that affect observations,
before moving into interactions that affect clusters, and then turn to interactions that affect both.
Subsequently, we consider the possible interpretations that result when an analyst repositions
a cluster in the projection. This discussion begins by describing cluster movement interactions
that communicate a similarity relationship to other observations or clusters, followed by a discus-
sion for interactions unique to the cluster-to-cluster relationship. In some cases, we cite systems
that demonstrate interaction properties that we present. In other cases, no such system currently
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Table 2. Summary of Interactions by Cardinality, the Importance of the Interaction
Source (S), Target (T), or Both (B), and Whether an Analyst Is Typically Thinking

High Dimensionally (HD), Low Dimensionally (LD), or Both (B)
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Observation–Observation Similarity
Move observation toward another observation 1:1 T LD
Move observation away from another observation 1:1 S LD
Move observation toward several observations 1:n T LD
Move observation away from several observations 1:n S LD

Observation–Cluster Similarity
Move observation toward a cluster 1:1 T B
Move observation away from a cluster 1:1 S B
Move observation toward several clusters 1:n T B
Move observation away from several clusters 1:n S B

Cluster–Observation Similarity
Move cluster toward an observation 1:1 T B
Move cluster away from an observation 1:1 S B
Move cluster toward several observations 1:n T B
Move cluster away from several observations 1:n S B

Cluster–Cluster Similarity
Move cluster toward another cluster 1:1 T B
Move cluster away from another cluster 1:1 S B
Move cluster toward several clusters 1:n T B
Move cluster away from several clusters 1:n S B

Observation Change in Membership
Move observation into cluster 1:1 T HD
Move observation out of cluster 1:1 S HD
Move observation between clusters 1:n B HD
Move observation external to clusters 1:n B HD
Move observation within a cluster 1:1 B HD

Cluster Change in Membership
Move cluster into cluster 1:1 T HD
Move cluster out of cluster 1:1 S HD
Move cluster between clusters 1:n B HD
Move cluster external to clusters 1:n B HD
Move cluster within a cluster 1:1 B HD

Join/Split Clusters
Join clusters n:1 T HD
Split cluster 1:n T HD

Create/Remove Clusters
Create cluster 1 T HD
Remove cluster 1 S HD

exists, and so our presented interaction challenges are more speculative. We summarize some of
the properties of these interactions in Table 2.

4.1 Observation Interactions with Respect to Observations

As detailed by the left column of the intents in Table 1 and summarized in the previous section,
when an analyst repositions an observation, the system must determine what the analyst is moving
the observation with respect to. The analyst might be repositioning the observation to move it
away from something near the source, toward something near the target, or relative to any other
observation in the projection. The analyst might also be repositioning the observation relative to
the position of just a single observation or a collection of n observations.
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Fig. 2. Selection interactions in Andromeda [97]: nearest neighbor selection at the source (Polar Bear), radius
selection at the target (Blue and Humpback Whales), and additional observation selection in other regions
(Wolf).

Determining the other component(s) involved in the interaction is an additional challenge, par-
ticularly when differentiating between movements with respect to 1, n, or all observations. The
most straightforward solution to this challenge is to provide analysts with one or more selection
mechanisms. For example, Andromeda [97] implements several methods to permit the analyst to
choose all elements necessary for the interaction. At the source of the interaction, the nearest
neighbor is selected by default. At the target, all observations within a set radius of the target po-
sition of the interaction are selected. Following these default selections, the analyst is permitted
to select or deselect any observation in the projection. An example of each of this selection mech-
anism is shown in Figure 2, in which an analyst has repositioned the Beaver observation closer
to the whales, possibly signifying an interest in exploring aquatic-dwelling animal behavior. As
the nearest neighbor to the source, the Polar Bear was automatically selected as part of the inter-
action, as were the Blue Whale and Humpback Whale in the target radius. After this observation
was repositioned, the Wolf was also selected to denote dissimiliarity between land-dwelling and
water-dwelling animals.

The further possibility exists that the analyst does not wish to alter any underlying models with
the interaction they provide. Instead, they may be merely exploring the current projection. En-
dert et al. [39] define these categories of exploration as exploratory and expressive: exploratory

interactions provide an analyst with insight into the structure of the data, whereas expressive in-
teractions communicate an intent to the system and effect underlying models. For example, Castor
treats interactions that do not cross cluster boundaries as exploratory, allowing analysts to inves-
tigate relationships between observations without affecting the underlying learning system [126].
This is generally true for drag interactions in other systems that incorporate force-directed layouts,
such as ForceSPIRE [37] and StarSPIRE [6].

That said, StarSPIRE allows for explicit interactions by having the analyst overlap the bound-
aries of two documents. In this case, the system interprets this interaction as the analyst expressing
not just document similarity, but their immediate, close relatedness. Thus, StarSPIRE uses this in-
teraction to increase the weight associated with all shares entities between the two documents,
resulting in an updated projection that includes new documents discovered through semantic in-
teraction foraging [6].

4.2 Observation Interactions with Respect to Clusters

Repositioning an observation with respect to a cluster leads to a further set of challenges, primarily
centered around the means by which cluster information is encoded in the projection. This is due
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Table 3. Collection of Example Interactions and Intents That an Analyst Could
Communicate via Reclassifying an Observation with Respect to a Cluster in a Projection

That Uses Cluster Boundaries

Moving an Observation Intent Expressed by the Analyst

Into a cluster The Grizzly Bear is a predator.

Out of a cluster A Grizzly Bear is not a pet.

Between clusters
The Grizzly Bear is better classified as a hunting
predator than a scavenging predator.

External to all clusters
The Grizzly Bear is more like the large cats than
the wolves, although it belongs to neither group.

Internal to a cluster
The Grizzly Bear is a predator, and it is more like
the large predators than the small predators.

to the fact that the visual encoding of clusters leads to different affordances for interaction. An im-
portant consideration when introducing both DR and clustering interactions in the same interface
is determining the order of these algorithms. If the DR algorithm runs first, then the clustering al-
gorithm is computed on the low-dimensional data. In contrast, if the clustering algorithm runs first,
a layout needs to be constructed to appropriately project these clusters into the two-dimensional
view necessary for display. It is also possible to perform both computations in the high-dimensional
space at the expense of computational efficiency. Our previous work [123] discusses tradeoffs with
respect to algorithm order for such systems in more detail. Here, we first consider clusters defined
by an explicit border, as in the motivating example from Section 3 and Figure 1. After this discus-
sion, we summarize these interactions with respect to color and cluster hierarchies.

4.2.1 Boundaries. Explicit cluster boundaries in a projection suggest that repositioning an ob-
servation into or out of a cluster is communicating a membership assignment to the system, clearly
crossing a demarcation line between the content within the cluster and external to the cluster [112].
Such an interaction then can be interpreted in a variety of ways: an observation is being reposi-
tioned into a cluster, out of a cluster, between clusters, separate from all clusters, or internal to
a cluster. Regardless of the interaction performed, the observation is being repositioned with re-
spect to some cluster at the source or target of the interaction. As a result, a distance between
the repositioned observation and the source and/or target clusters is necessary to model the high-
dimensional relationship between these entities. A collection of example observation reclassifi-
cation interactions and their related intents are included in Table 3. Castor presents an example
of an explicit cluster boundary system, treating any observation reposition that crosses a cluster
boundary as an expressive interaction [126].

4.2.2 Color. If clusters are encoded by a mechanism other than boundaries, such as color, then
the natural interactions afforded by the system will change. Color is often used to demonstrate clus-
ter assignments in systems where items belonging to different clusters may be positioned nearby
in a projection [2, 18, 58]. In other words, explicit cluster boundaries are more easily interpreted
when cluster regions can be easily and accurately expressed by separate, non-overlapping regions.
Simply repositioning an observation into a multi-colored grouping of observations will not always
be sufficient to communicate a new cluster assignment. Instead, an alternative cluster reassign-
ment mechanism would be preferred. For example, clicking on an observation can cycle through
its possible colors and therefore its cluster assignment.

4.2.3 Cluster Hierarchies. If clustering is hierarchical, then the metric learning process becomes
more complex. Such a system must evaluate the intended position in the overall hierarchy at which
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an observation began and where it ended. To use the Animals dataset example, the Grizzly Bear
could belong to a Large Predators cluster, a subset of the overall Predators cluster which in turn is
a subset of a Carnivores cluster. If the Grizzly Bear is moved from its current position, then in ad-
dition to determining if the source of the interaction is important, the system must also determine
which level of the hierarchy is the relevant part of the source. Therefore, the learning relationships
may also depend upon not only the source and target cluster of the interaction but also the parent
clusters and their properties at each endpoint. A recursive computation of cluster properties and
weights may be necessary to consider the full hierarchical structure.

4.3 Observation Interactions with Respect to Both Clusters and Observations

In addition to the prior examples, an analyst may wish to communicate both position and member-
ship information simultaneously via an interaction on an observation. Again, consider the inter-
action in the motivating example from Section 3. The analyst may wish to communicate that the
Grizzly Bear belongs in the Predators cluster while also communicating that the Grizzly Bear is
more similar to the large predators in the cluster (Lion, Tiger) than it is to the small predators (Fox,
Bobcat). In such a case, factors from both of the previous two subsections must be considered.

4.4 Cluster Repositioning Interactions

Much like repositioning an observation with respect to another component of the visualization,
relocating a cluster to a new position may need to consider the source and target positions of the
cluster, as well as the positional relationships to other observations and clusters. The right column
of Table 1 summarizes some cluster intents with respect to both observations and clusters.

However, a significant difference between observations and clusters is the space used by each
interaction target in the projection—observations require a single point, whereas clusters require
a broader space. As a result, a visualization designer should consider how to compute the location
and value of a cluster in these interactions. Such computations could consider a simple centroid
of the cluster, or potentially a weighted centroid based on the position of each observation within
the cluster. Further, distances between a cluster and a second component of the visualization could
be computed in a variety of ways, including single linkage, average linkage, and complete link-
age [106]. Given that a cluster has a complex value that could be determined in a variety of ways,
determining how to update underlying weights based upon the result of an interaction is also a
complex decision.

There is further ambiguity with respect to drag interactions on clusters, particularly in the case
where cluster membership is encoded by boundaries. Consider the case in which one cluster is
dragged into another—is the analyst intending to join the clusters, or to express a hierarchical
relationship between those clusters? It is also possible to use a drag interaction to reposition the
boundary of a cluster without relocating the observations that it encloses. Such an interaction
can be used by an analyst to correct for misclassifications, encapsulating additional observations
within the cluster by performing an interaction to shift the boundary. This interaction should be
interpreted by the system with a very different meaning, as the analyst is again performing an
expressive interaction to reclassify observations.

4.5 Cluster-Specific Interactions

In addition to the repositioning relationships that can be implemented for clusters, a further set
of cluster-specific interactions are possible to implement through ambiguous operations upon a
projection. For example, consider the interaction in which an analyst drags one cluster toward
another until their boundaries slightly overlap. One potential interpretation for this interaction
is that the analyst is again providing a similarity relationship, indicating that these clusters are
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similar. However, the analyst could be intending that the clusters be merged into a single, larger
cluster.

Such ambiguity within a single interaction computation and across interaction computations is
not limited to joining clusters. For example, consider a sequence of interactions in which an analyst
drags some nodes to the left side of a cluster and others to the right. In the Castor approach [126],
such an interaction is interpreted as exploratory, and as such is not handled by either interaction
computation. However, the analyst could also be indicating an intent to split this cluster into two
smaller clusters. In this case, both clustering and DR interaction computations are necessary: the
clustering to create the new clusters and update assignments, and the DR to examine the dissimi-
larities between the groups that the analyst formed.

Further, an analyst could also attempt to create a new cluster by repositioning a set of obser-
vations into a single region of the projection. Again, both clustering and DR computations are
necessary to judge this intention, as the analyst is creating a new cluster while also communicat-
ing similarity relationships among the collection of observations that are grouped together. Other
interactions such as removing clusters, growing or shrinking the size of a cluster, and increasing or
decreasing the importance of a cluster can be implemented through ambiguous interactions that
must be interpreted to understand analyst intent.

5 AN INTERACTION-BASED PIPELINE REPRESENTATION

To represent and disambiguate the nuances of these interactions, we propose a pipeline represen-
tation that extends the work by Dowling et al. [33]. In this pipeline representation, computations
to create visualizations and respond to interactions are encapsulated within independent models.
Each of these models includes an algorithmic component for each of those computations. Data
flows clockwise through the pipeline representation, initially creating a visualization by trans-
forming the initial data through the sequence of computations to produce a visualization (top of
the pipeline, left to right). When an analyst performs an interaction, the computational flow con-
tinues clockwise through a sequence of computations (bottom of the pipeline, right to left) that
may or may not execute depending on the interaction. These computations provide some update
to an underlying weight vector, which is then converted into a new visualization in response to
the interaction through a follow-up execution of the visualization creation direction.

The goal of this pipeline representation is to represent the plethora of ways that ambiguous
interactions may be interpreted and responded to by a system, while simultaneously displaying
the data transformations involved in presenting the grouped and reduced data to an analyst. Rep-
resenting these interactions using a pipeline representation is useful for system developers who
implement support for these interactions and for designers who must convey affordances and vi-
sual guidance to express the availability and effect of these interactions. This pipeline also serves
the purpose of communicating to analyst how a system will interpret one or more of their actions.

From this pipeline representation, we incorporate the following modifications for clarity of com-
municating an interaction:

• Nomenclature: We update the “forward” computations to instead be “projection” computa-
tions, and we update the “inverse” computations to instead be “interaction” computations,
clarifying the purpose of each computation.
• Edges: We annotate the edges that connect the data, models, and visualizations to demon-

strate the inputs and outputs that are updated by each model.
• Model computations: If a model projection or interaction computation does not need to exe-

cute, we gray out the computation to make it clear that the computation is not relevant to
the interaction in question.
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Fig. 3. A representation of the DR and clustering models described in this section, here shown as indepen-
dent processes before they are combined into the pipelines throughout this section. In this figure and the
subsequent pipeline figures, W = dimension weights, HD = high-dimensional data, LD = low-dimensional
coordinates, and M = cluster membership.

• Clusters: As we are considering updates to both observations and clusters, a mechanism
must exist in the pipeline representation to disambiguate between these possible inputs and
outputs (here, we simply add a glyph to the model).

5.1 Models

As detailed by the left column of the intents and interactions in Table 1 and described in the
previous section, when an analyst repositions an observation, the system must determine what
the analyst is moving the observation with respect to. The analyst might be repositioning the
observation to move it away from something near the source, toward something near the target,
or relative to any other observation in the projection. The analyst might also be repositioning the
observation relative to the position of just a single observation or a collection of n observations.

As the DR model is responsible for the positioning (and repositioning) of observations, it is most
natural to use the DR model to interpret the intent of the analyst in these cases. The projection com-
putation of the DR model (Figure 3(a)) takes dimension weights (weights) and high-dimensional
data (hd_data) as input and generates low-dimensional data (ld_positions) as output. In contrast,
the interaction computation of this model considers relative positions of observations that the
user has repositioned in the low-dimensional space (ld_positions′), and will generate new weights
(weights′) that will cause such relationships to appear in a subsequent projection when applied
to the immutable high-dimensional data. Such an approach is used by Andromeda [97, 98]. These
relationships can be expressed as follows:

ld_positions = DR_PROJECT ( weights, hd_data )

weights′ = DR_INTERACT ( hd_data, ld_positions′ ).

Repositioning an observation with respect to a cluster leads to a further set of challenges, pri-
marily centered around the means by which cluster information is encoded in the projection. This
is due to the fact that the visual encoding of clusters leads to different affordances for interaction.
For example, explicit cluster boundaries in a projection suggest that repositioning an observation
into or out of a cluster is communicating a membership assignment to the system. An interaction
then could be interpreted in a variety of ways such as those listed in the example interactions and
intents for reclassifying an observation with respect to a cluster in Table 3.

Using the visual encoding of the clusters in this manner means that a clustering model (Fig-
ure 3(b)) is now necessary to interpret these interactions. Clusters in the data are identified and
visualized with the projection computation of the model, once again using a set of weights (weights)
and the immutable high-dimensional data (hd_data) to assign observations to clusters (member-

ships). As with the DR model, the purpose of the interaction computation in the clustering model
is to learn a set of weights (weights′) that reflect the intent of an analyst when they perform a
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reassignment interaction, moving observations between clusters (memberships′). This set of
weight can then be applied to the high-dimensional data to influence the clustering, resulting
in an updated cluster membership assignment for each observation as the projection computation
runs again. These concepts are represented by the following equations:

memberships = CLUSTER_PROJECT ( weights, hd_data )

weights′ = CLUSTER_INTERACT ( hd_data, memberships′ ).

5.2 Model Composition for Interactions with Observations

The models’ relative locations in the system pipeline are relevant to both the projection and the
interaction. As discussed in our previous work [123], running the DR model before the clustering
model in the projection direction implies showing the clusters that exist in the low-dimensional
space. In other words, rather than using the high-dimensional data as input to the clustering model
projection, we instead use the current low-dimensional positions (ld_positions). If the projection
displays low-dimensional clusters, then a cluster reassignment can be interpreted as informing
the system that the high-dimensional interpretation of groups in the data does not match the low-
dimensional classification. In such a pipeline, the analyst is reasoning in high-dimensional space,
and thus the high-dimensional data should be considered when interpreting the interaction. The
combined projection direction then becomes the following:

ld_positions = DR_PROJECT ( weights, hd_data )

memberships = CLUSTER_PROJECT ( weights, ld_positions ).

Still, a distance between the repositioned observation and each of the source and target clusters
is necessary to model the high-dimensional relationship between these entities. The precise inputs
and outputs that are supported by the interaction computations are dependent upon the intent that
should be inferred from the interactions. In the case where crossing a cluster boundary should be
interpreted as a reassignment and the position of an observation within a cluster is relevant, both
interaction computations are necessary in the pipeline. The weight vector is thus transformed by
both models:

weights′ = CLUSTER_INTERACT ( hd_data, memberships′ )

weights′′ = DR_INTERACT ( hd_data, ld_positions′ ).

A pipeline that supports this relationship is provided in Figure 4. This pipeline has both an over-
arching projection direction to generate the desired visualization and an overarching interaction
direction to interpret analyst intent, with each of these computation directions spanning the DR
and clustering models.

In contrast, a pipeline that follows the “Clustering Preprocessing for Dimension Reduction” pat-
tern [123] implies a layout of cluster centroids of any dimensionality. In such a projection, reposi-
tioning an observation from one cluster to another implies that the high-dimensional classification
of the observation does not meet the expectation of the analyst during their current exploration.
Perhaps in this case only the interaction computation of the clustering model is needed to resolve
the change in cluster membership, and no consideration is given to the position of the observation
within the target cluster. In this case, the interaction computation of the DR model is not required.
Such pipelines are provided in Figure 5, with the unneeded computation grayed out in the figure
and removed from the following equation:

weights′ = CLUSTER_INTERACT ( hd_data, memberships′ ).
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Fig. 4. A representation of dataflow using a clustering model to interpret a change in cluster membership,
followed by learning distances with a DR model, to learn a new set of weights and hence a new projection. All
other pipeline figures also have these overarching projection and interaction directions. We do not include
them on the other pipeline figures because the concept remains the same; we only highlight the idea visually
here.

Fig. 5. Even when the projection direction of two pipelines begins with two different models, the interactions
that are supported by the pipeline may be the same.

If clusters are encoded by a mechanism other than boundaries, such as color, then the natural
interactions afforded by the system will change. For example, if clicking on an observation will
cycle through its possible colors and therefore its cluster assignment, the clustering model is solely
responsible for learning from the interaction. The position of the DR algorithm is therefore depen-
dent upon the method of projection, either identical to that shown in Figure 5(a) if the clustering
model is first to execute, or as shown in Figure 5(b) if the DR model is first to execute. However, it
is also possible to take the pipeline from Figure 5(a), maintain the order of the models in the pro-
jection direction, but exchange the interactions so that the pipeline supports layout manipulation
interactions rather than cluster membership reassignment operations. In this case, the DR model
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Fig. 6. A representation of dataflow using a clustering model first to interpret a change in cluster membership
to learn a new projection.

handles the interaction, not the clustering model:

weights′ = DR_INTERACT ( hd_data, ld_positions′ ).

Consider the case that an analyst is communicating both position and membership information
simultaneously via an interaction, such as the interaction in the motivating example from Section 3
in which the analyst may wish to communicate that the Grizzly Bear belongs in the Predators
cluster, while simultaneously communicating that the Grizzly Bear is more similar to the large
predators in the cluster than it is to the small predators. In such a case, both the DR and clustering
models are required to interpret the interaction. The precise pipeline to handle such an interaction
depends upon the projection meaning. If the DR output is used to inform low-dimension clustering
assignments, then the overall pipeline remains similar to that in Figure 4. Alternatively, if the
clustering output is used to position cluster centroids via DR, then a similar pipeline can be utilized
but with the model order swapped, as in Figure 6.

5.3 Model Composition for Interactions with Clusters

Much like repositioning an observation with respect to another component of the visualization,
repositioning a cluster to a new position is most naturally handled by the DR model. The right col-
umn of Table 1 summarizes some cluster intents and interactions with respect to both observations
and clusters. In general, the DR model is most suited to measuring and responding to interactions
that cause distance changes between clusters and other visualization components.

In the case where cluster membership is encoded by boundaries, a drag interaction remains am-
biguous. Such an interaction could be implemented so that all observations contained within the
cluster are also repositioned with the cluster. For example, consider the interaction in which an
analyst drags one cluster toward another until their boundaries overlap. One potential interpreta-
tion for this interaction is that the analyst is again providing a similarity relationship, indicating
that these clusters are similar. Because the analyst is communicating a similarity relationship, this
interaction would be handled by the DR model, with the interaction computation of the clustering
model skipped since no clustering reassignments have occurred. Such an example is provided in
Figure 7. To demonstrate that an interaction computation is processing a cluster rather than an
observation, we use the glyph:

ld_positions = DR_PROJECT ( weights, hd_data )

memberships = CLUSTER_PROJECT ( weights, ld_positions )

weights′ = DR_INTERACT ( hd_data, ld_positions ′ ).

However, it is also possible to use a drag interaction to reposition the boundary of a cluster with-
out relocating the observations that it encloses. Such an interaction could be used by an analyst to
correct for misclassifications, encapsulating additional observations within the cluster by shifting
the boundary. This interaction should be interpreted by the system with a very different meaning,
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Fig. 7. A representation of dataflow for an interaction that repositions a cluster to another location in the
projection, only requiring the interaction computation of the DR model.

Fig. 8. A representation of dataflow for an interaction that repositions cluster boundaries to encapsulate
new observations, only requiring the interaction computation of the clustering model.

as the analyst is again performing an expressive interaction to reclassify observations. The cluster
membership reclassifications are then handled by the clustering model, as shown in Figure 8.

ld_positions = DR_PROJECT ( weights, hd_data )

memberships = CLUSTER_PROJECT ( weights, ld_positions )

weights′ = CLUSTER_INTERACT ( hd_data, memberships ′ )

However, the analyst could be intending that the clusters be merged into a single, larger cluster.
Alternatively, if the analyst drags one cluster fully into another, they may be demonstrating an
intended hierarchical relationship between these two clusters. Both of these potential interactions
are naturally handled by the clustering model, necessitating that the interaction computation of
the clustering model knows how to determine which of these analyst intents is best matched by the
interaction. Indeed, the interaction computations of the DR and clustering models require some
internal communication and negotiation to jointly determine the intent of the analyst, which could
be conveyed with additional edges in the interaction direction of the pipeline.

Resolving ambiguity in cluster interactions is complex, as all of the analyst intent is interpreted
by the clustering model’s interaction computation. As such, providing additional visual feedback to
communicate the interpreted intent can help to resolve any resulting issues from these interactions.
We further explore this difficulty with ambiguous interactions in the next section.

6 OPERATIONALIZING PIPELINES AND INTERACTIONS

Combining the pipelines from the previous section along with the interaction properties discussed
in Section 4 yields a methodology for displaying the structure of a system, the methods by which
data are processed by interactions, the effect that these interactions have on the underlying models,
and on the insights that an analyst could glean from performing those interactions. This section
begins by revisiting the motivational example from Section 3 to explore the effects of three am-
biguous intents that underlie that interaction within a prototype visual analytics tool:
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Fig. 9. A representation of using a DR model alone to interpret a change in observation position in a pipeline
that begins the projection direction with the clustering model.

(1) Only the clustering model is relevant: “The Grizzly Bear is a Predator.” Figure 5(a) reflects this
interaction.

(2) Only the DR model is relevant: “The Grizzly Bear is similar to the Lion.” Figure 9 reflects this
interaction.

(3) Both models are used: “The Grizzly Bear is a Predator and is more similar to the Lion than it
is to the Fox.” Figure 6 reflects this interaction.

Using our categories from Section 4, we can then summarize the properties of these interactions:

• Interaction target: The interaction is performed on an observation, the Grizzly Bear.
• Cardinality: This property of the interaction varies. Interaction #1 is performed considering

one cluster, Interaction #2 is performed considering only one other observation, and Inter-
action #3 is performed considering a cluster and two other observations.
• With Respect to What: In all three interactions, the source cluster and observations are irrel-

evant. Only the target cluster and/or observations noted previously are considered.
• Level of thinking: The analyst is considering many dimensions that constitute their intent in

their interaction rather than focusing on projection coordinates.
• Visual design: Clear cluster boundaries need to be crossed to perform each of the interactions.

The remainder of the interaction is left visually ambiguous for this exercise.
• Algorithm order : The tool that is used to demonstrate these interactions performs clustering

prior to the DR.

In the next subsection, we provide a brief overview of the Pollux tool that is used for this demon-
stration. Following that, we explore both the model updates that result and the insights gleaned
from each interaction above in the Animals dataset [62], followed by a similar analysis on a U.S.
State Census dataset [113]. We recorded measures before and after the interaction of the projec-
tion quality using Kruskal’s stress [61] and of the clustering quality using the Dunn index [35].
As both are distance-based measures, the logged values provide a measure of projection quality
(Kruskal) and a measure of cluster quality (Dunn) that are both affected by the weight vector up-
date that occurs in response to the interaction. These values further demonstrate the effects of the
weight vector update that may be more subtle in the visualization, particularly with respect to the
projection layout (with convex hull boundaries, changes to the cluster membership assignments
are more obvious). We also note insights that an analyst could gain about the data from the new
projection that resulted from performing the interaction.

6.1 Pollux: Clustering First

Pollux (the original version is described in more detail in previous work [127]) is a prototype tool
that was created to explore the design space for combining DR and clustering algorithms when the
clustering model is the first to execute in the projection direction. This relatively minor change
from a DR-first pipeline leads to substantial differences in the way that data is processed and
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visualized, resulting in a multi-level layout (i.e., a set of projections within a projection) to increase
the efficiency of the layout computation while also getting an accurate collection of clusters. In
the projection direction, the current dimension weights and the high-dimensional data are first
processed by the clustering model using a weighted k-means algorithm to produce a set of cluster
membership assignments. These groups of observations are then communicated to the projection
computation of the DR model to be placed in the projection. To do so, we first project the high-
dimensional coordinates of the cluster centroids into the projection, followed by projecting the
individual observations into groups around their respective centroids.

Computationally, the Pollux tool operates by passing a data object between modularized im-
plementations of clustering and dimensionality reduction algorithms, as well as a visualization
frontend. The data exchange follows the approach indicated by the pipeline figures from the pre-
vious section, in which the projection computations use a set of weights stored in the data object
to either cluster or project the raw high-dimensional data, whereas the interaction computations
update those weights as needed in response to user interactions in the visualization. We chose
to use a weighted k-means variant as a clustering algorithm and WMDS as a dimensionality re-
duction algorithm because of those interaction computations; our previous work has established
mathematical inversions of these projection and clustering algorithms to appropriately respond
to user interactions through those weight updates [32, 34, 97, 126]. Other clustering algorithms
(e.g., DBSCAN, Gaussian mixture modeling with expectation-maximization) and dimensionality
reduction algorithms (e.g., UMAP, t-SNE) could be substituted into the process if paired with an
interaction computation.

With Pollux, there are five different types of edges that can be considered, each of which can have
a different strength applied to them to deform the projection. In the case of the implementation
used here, edges that connect the cluster centroids are given a strength of 1.0, giving them the
greatest amount of influence in the overall layout. Edges that connect a node to its cluster centroid
are given a strength of 0.7, and edges that connect a pair of nodes that both belong to the same
cluster are given a strength of 0.5. This creates the effect of compact, non-overlapping clusters.
Edges that connect a node to other cluster centroids and edges that connect a node to nodes in
other clusters are not included in the instance of Pollux used in this demonstration. There are
arguments both for and against including such edges in the graph. One benefit of including these
edges is if, for example, Cluster B is positioned to the right of Cluster A, and a node in Cluster A also
shares many properties of other nodes in Cluster B, then that node will be drawn to the right side
of Cluster A. This further glimpse of similarity in the projection provides additional information
to an analyst, but with a drawback of the additional computational complexity required to handle
the influence of these edges on the graph. A primary argument for using this cluster-first pipeline
in the first place is to use the hierarchical structure to generate a more efficient projection that
does not require a completely connected graph.

In the original version of Pollux, only interactions in which an observation was moved into
a new cluster were considered relevant to updating the underlying weight vectors and models.
We kept this implementation for the cluster-only interactions and added the learning module for
Andromeda to handle the DR-only interactions (see Section 3.2 of Self et al. [97] for algorithmic de-
tails). These modules were executed in sequence for the interactions that used both algorithms. For
this demonstration, we maintain the visual ambiguity to demonstrate the potentially unexpected
effects that could occur without visual guidance and feedback, but we do implement interaction
responses that address the intent of the interactions noted earlier. After the necessary interaction
computations execute in the pipeline, the model updates are applied to all data in the projection. As
a result, the knowledge communicated by the interaction and learned by the models could result
in reclassifying an untouched observation into a new cluster, structurally rearranging the layout
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Fig. 10. The intent “The Grizzly Bear is a Predator” only uses the interaction computation of the clustering
model. The associated interaction produced several cluster reassignments relevant to the Predator cluster but
few overall layout changes. The green Grizzly Bear node indicates the observation that the analyst moved,
and the blue nodes indicate other observations that moved to other clusters, with lines pointing back to the
centroid (red square) of the cluster to which they were previously assigned.

of a cluster locally, and/or there being little evident change in the projection. We implemented the
three pipelines with interaction directions that correspond to cluster-only (see Figure 5(a)), DR-
only (see Figure 9), and both algorithms (see Figure 6) support into the Pollux system, selecting
the interaction used with a constant variable that is loaded as tool launches.

6.2 Interactions on the Animals Dataset

The Animals dataset [62] used in this example is a high-dimensional, quantitative dataset that
contains 49 animals and 85 attributes, with the attributes expressing information about each ani-
mal’s color, habitat, diet, and behavior, among other properties. We have often used this dataset
in previous studies because of its general knowledge applicability. The dataset is normalized with
0–100 ranges for each attribute.

The Pollux projection direction initially created six clusters to encapsulate the animals within
this dataset. Using the three interactions pipelines previously detailed, we performed each of the
three interactions noted at the beginning of the section within the tool. Each of the three actions
was approximately identical, with the user dragging the Grizzly Bear into the Predators cluster
near the Lion; the interaction was just interpreted different by the system in each of the three
cases.

Cluster-Only Interaction. This interaction corresponds to the intent “The Grizzly Bear is a
Predator,” and the state of the visualization before and after the interaction is shown in Figure 10.
As a result of this interaction and the updates to the underlying weight vector, the layout measure
of Kruskal’s stress in the projection was reduced by 10.6%, whereas the Dunn index clustering
measure was reduced by 4.6%, yielding a more accurate projection with more compact clusters. As
shown in the figure, the interaction resulted in the ejection of several of the smaller carnivorous
animals (Rat, Raccoon, Weasel) from the cluster, as well as the Polar Bear being reassigned to a
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cluster with many of the aquatic animals. The three attributes that the models learned to be most
important to this interaction and underlying intent are Hunter, Domestic, and Fierce, each of which
are traits that are similar in larger predatory animals. The system does appear to respond well to
the intent of the interaction.

DR-Only Interaction. This interaction corresponds to the intent “The Grizzly Bear is similar to
the Lion.” Positioning the Grizzly Bear near the Lion in this implementation resulted in a reduction
of Kruskal’s stress by 2.2% but an increase in the Dunn index measure by 1.8%. This interaction only
removed the Rat from the Predator cluster, in contrast to the previous interaction that also removed
the Raccoon and Weasel. The resulting broader cluster explains the increase, since the Dunn index
relies on cluster compactness for part of its measure. The three most important attributes learned
by the models in this case were Meatteeth, Furry, and Fierce, all clear attributes that are shared by
the Grizzly Bear and Lion. The system again appears to respond well to the intent of the interaction,
focusing on slightly different attributes that are shared by two animals rather than the Grizzly Bear
and the full Predator cluster.

Both Algorithms Interaction. This interaction corresponds to the intent “The Grizzly Bear
is a Predator and is more similar to the Lion than it is to the Fox.” The result of this interaction
reduced both measures (Kruskal 5.0%, Dunn 6.3%), although not to the same degree as the cluster-
only interaction. As with that first interaction, the Rat, Raccoon, and Weasel were all removed
from the Predator cluster, but this time the Fox was removed as well. The Polar Bear also joined
the Grizzly Bear in the Predator cluster. The three most important attributes here were Big, Paws,
and Hunter, reflecting similarities between the Grizzly Bear and the other remaining animals of
the Predator cluster, as well as excluding the smaller carnivorous animals from the cluster due to
the importance of the Big attribute.

6.3 The States Dataset

Similar to the previous Animals data, this States dataset is both high-dimensional and quantitative.
It contains 35 dimensions that describe population, ethnicity, gender, age, education, and employ-
ment measures of the 48 contiguous U.S. states [113]. The dataset was not initially normalized, so
we processed the raw data to yield z-score normalized distributions for each attribute.

The Pollux projection direction again initially created six clusters to encapsulate the states. We
again perform interactions that affect the clustering model, the DR model, and both within the tool.
Each of the three actions was again approximately identical, with the user dragging the Pennsylva-
nia node into the small cluster of high-population states near New York. Pennsylvania was selected
for this interaction rather than other high-population states (e.g., Florida, Illinois) because of its
geographical proximity to New York for a DR-only similar measure.

Cluster-Only Interaction. This interaction corresponds to the intent “Pennsylvania is a high-
population state.” As a result of this interaction, both Florida and Illinois were also drawn into the
high-population states cluster. The updates to the underlying weight vector and hence to the layout
and clustering led to an increase in both Kruskal’s stress (4.2%) and the Dunn index (4.1%), both of
which are apparent effects of the inflated size of the High-Population cluster (Figure 11); evidently
these states do not share many properties aside from their populations. The three attributes most
important to this interaction learned by the models are Population Density, Income Per Capita,
and High School Graduation Rate.

DR-Only Interaction. This interaction corresponds to the intent “Pennsylvania is similar to
New York.” This interaction was unique in that it did not cause any other cluster reassignments
among the other states, only producing minor updates to the layout in other parts of the projection.
This indicates that the properties shared by Pennsylvania and New York are uncommon within the
rest of the dataset. The High-Population cluster did inflate again, resulting in another increase to
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Fig. 11. The intent “Pennsylvania is a high-population state” only uses the interaction computation of the
clustering model. The associated interaction produced several cluster reassignments relevant to the high-
population states cluster but few overall layout changes, although the High-Population cluster is noticeably
inflated. The green Pennsylvania node indicates the observation that the analyst moved, and the blue nodes
indicate observations that moved to other clusters, with lines pointing back to the centroid (red square) of
the cluster to which they were previously assigned.

the Dunn index (1.7%), but the global Kruskal’s stress decreased slightly (0.3%) as a result of the
other minor layout updates. The three most important attributes learned by the models from this
interaction are High School Graduation Rate, Area, and Population (not Population Density, as in
the previous interaction).

Both Algorithms Interaction. This interaction corresponds to the intent “Pennsylvania is a
high-population state and is more similar to New York than it is to California.” Adding the intended
measure of similarity between Pennsylvania and New York resulted in the High-Population cluster
excluding one high-population state but bringing in two others. As with the cluster-only interac-
tion, this intent resulted in Illinois being pulled into the High-Population cluster, but Florida was
not. Instead, Ohio and Michigan joined the cluster. The reason for this is evident from the impor-
tant attributes learned by the models, which in addition to Population Density include Proportion
of Farm Land and Age 65+. Florida notably differs from the other high-population states with less
farmland and higher proportion of elderly residents, leading to its exclusion from the cluster. The
cluster did inflate again, resulting in an increase to the Dunn index of 3.0%, as well as a moderate
increase to Kruskal’s stress of 1.5%.

7 DISCUSSION

In this section, we reflect on the results of our interaction demonstrations from the previous section,
as well as discuss several additional considerations that a system designer should factor in when
designing a system that incorporates an interactive projection with ambiguous interactions. In ad-
dition, we discuss bigger-picture considerations of this work, both with respect to the future of se-
mantic interaction and intent inference, as well as to the relationship between Human-Computer

Interaction (HCI) and ML. Further, we discuss the limitations of this work and present future
research opportunities in this interaction design space.

7.1 Reflections on the Interactions

The interactions that were provided in the previous section were purposefully left visually ambigu-
ous. As seen in the changes to the DR and clustering metrics in the preceding examples, each of
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the seemingly identical interactions that were performed in Sections 6.2 and 6.3 produced different
values in addition to different visual outputs. These values were driven by the individual pipelines
that modeled those interactions, with the activation and deactivation of varying interaction com-
putation(s) leading to the learning of unique weight vectors, emphasizing different attributes in
the data in response to the interactions.

In the Animals dataset example, the second interaction that used only the interaction computa-
tion of the DR model was unique in increasing the Dunn index measure for cluster quality, indica-
tive of clusters that did not fit the data as well as the default projection. In contrast, the other two
interactions resulted in decreases to both the Dunn index and to Kruskal’s stress. In addition to
unique visual output in both the layout and the clustering assignments, standard metrics of quality
differ as the interaction computations are activated and deactivated.

However, an increase in either (or both) of these metrics is not necessary a bad result. For ex-
ample, the first interaction in the States data example (only the clustering model had an activated
interaction computation) resulted in increases to both metrics. However, this is explainable from
an inspection of the data, seeing that although the states California, Texas, New York, Florida,
Pennsylvania, and Illinois all share a high-population property, there is little else in the data that
is a common feature of all of these states. Here, an analyst can see this conclusion visually with the
inflated cluster, but the underlying models also capture that result. Indeed, the visualization and
the quality metrics can be used in a complementary fashion when necessary to gain additional
insight about the effects of an interaction. A metric alone is simply a scalar value that will not
be sufficient to communicate the nuanced effects of the interaction, but it can be used to support
what an analyst is seeing in the visualization as a result of their interaction.

7.2 Visualizing Guidance and Feedback

As an analyst performs interactions in a projection, some of the ambiguity can be removed by
providing the analyst with visual guidance demonstrating how the system will interpret the inter-
action. Such features are similar to those seen in Explainable AI systems [49], as they reveal details
of the underlying model state. Some tools with interactive projections have already implemented
such feedback techniques. For example, StarSPIRE [6] includes a feature within the documents to
highlight words judged to be important by the underlying models. This feature is used by analysts
both to determine the overall importance of a document within the projections and to locate the
important phrases and sections of a document [122]. In contrast, early versions of Andromeda [97]
used a dynamic-length slider to indicate the weights applied to dimensions, whereas later versions
demonstrated changes in system-computed similarities [119]. Related techniques seen in visual in-
terfaces include changing the color of observations or colors (also seen in Andromeda) and drawing
boundaries around tentatively recognized clusters. Resolving the ambiguity in these interactions
is certainly complex. As such, providing additional visual feedback to communicate the system’s
interpretation of the user’s intent can help to resolve any resulting issues from these interactions.
Techniques such as visual scent [15–17, 83, 131] can be used to convey the effects of an interac-
tion to the analyst so that the analyst has the ability to correct their interaction before the system
begins to respond to the interaction.

7.3 Shared or Separate Weight Vectors

Much of the discussion in the preceding sections has glossed over the changes made to the system
parameters after handling an interaction. In single-model systems like Andromeda, the weight
update is straightforward, as there is only one model learning weights. In multi-model systems
such as StarSPIRE, the weight update becomes moderately more complex, as a relevance threshold
needs to be learned in addition to set of term weights. Further increasing in complexity, SIRIUS [32]
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Fig. 12. A representation of dataflow using two independent algorithms, each of which maintains a separate
weight vector.

uses two separate weight vectors, one for the observation projection and one for the attribute
projection, each of which are computed separately but with some dependency between them as
interactions are performed.

Thinking more generally about a visualization system that incorporates both DR and clustering
algorithms, a designer should consider whether each model should maintain its own weight vector
or if a weight vector should be shared between models. The tasks supported and pipeline selected
both play a large role in this decision. For example, Castor [126] follows the “Dimension Reduction
Preprocessing for Clustering” projection pattern, with the cluster assignments naturally following
from the low-dimension positions of the observations. In such a case, it is natural to support a
shared weight vector between the models. In contrast, a system like iVisClustering [63], which
computes DR and clustering separately on the high-dimensional data without interaction between
the two (the “Independent Algorithms” pattern [123]), naturally supports separate weight vectors.
Such a system without dependence between the inputs and outputs of algorithms and separate
weight vectors is provided in Figure 12, demonstrated by the following equations:

ld_positions = DR_PROJECT ( weights1, hd_data )

memberships = CLUSTER_PROJECT ( weights2, hd_data )

weights2
′ = CLUSTER_INTERACT ( hd_data, memberships′ )

weights1
′ = DR_INTERACT ( hd_data, ld_positions′ ).

7.4 Toward Resolving Semantic Interaction Ambiguity

Semantic interaction aims to improve the quality of user interactions by enabling an analyst to
directly manipulate a projection rather than attempt to finesse the parameters of the underlying
mathematical model(s) [33, 37, 38]. However, this work demonstrates that the variety of possible
meanings and intents of an analyst’s interactions can be difficult to capture in a single tool. In other
words, interactions such as repositioning an observation are inherently ambiguous; this is the
“With Respect to What” usability challenge [98]. Introducing clusters can make some interactions
easier by introducing a hard target but also introduces added ambiguity (e.g., has the analyst moved
an observation into a cluster, or was their goal to move the observation closer to some of the
observations within the cluster?) [129].

Resolving this ambiguity is critical to the future of semantic interaction. The role that the analyst
is embodying at the current step of their analysis process can alter their interaction possibilities
as well [125], leading to a further dimension to consider when inferring user intent from interac-
tions. Future tools that make use of immersive spaces likewise have a need to infer the purpose of
even more complex interactions in supporting user sensemaking [107]. As such, several techniques
have been introduced to provide feedback to the analyst regarding how the system will interpret
their interaction [53, 105]. For example, Figure 2 displays the selection interactions in Andromeda,
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including nearest neighbor selection, radius selection, and additional observation selection. Pol-
lux also limits the interaction space to reclassifying observations and manipulating their position
within clusters [127]. However, limiting the interaction space can prevent analysts from learning
more about their data from forbidden interactions.

To truly allow for free-form interactivity and data manipulation in systems, there is an inherent
tradeoff between creating complex interactions that are precise but difficult for analysts to remem-
ber and perform and creating simple interactions that are ambiguous but easy for analysts. Precise
interactions can include components such as a double-click to indicate the importance of the source
of the target of the update, multi-touch to denote the cardinality of the interaction, and present-
ing visual feedback to the analyst before the interaction is handled by the system [17, 83, 131].
More ambiguous interactions could learn from a small training set and/or the interaction history
to match the intent of a user to the interactions that they perform, such as found in ActiveInk [87].
Such a training set could be generated by an elicitation study, understanding precisely how ana-
lysts wish to perform these interactions.

7.5 Complementary HCI and ML Perspectives

This work makes use of terminology from the ML community (“metric learning”) as well as from
the HCI community (“inferring user intent”). This choice is not accidental or unintentional, as the
research presented here exists at the intersection of both fields: we include discussions of both the
semi-supervised training of ML algorithms as well as design and interaction considerations for
interactive visualization tools. Perhaps the clearest example of such symmetry within this work
comes from the overlapping ideas of inferring the intent of a user and mapping that intent to a
learned metric in the system.

From the HCI perspective, we provide discussions of design considerations, suggestions for
responding to interaction ambiguity, and two representative interactive interfaces. For ML, we
focus upon some of the underlying mathematics, reference a number of implementations of in-
teractive systems that can learn from analyst interactions, and discuss learning issues within this
design space. Both of these perspectives address separate but complementary facets of the same
problem.

These perspectives are at the core of resolving the “Two Black Boxes” problem [128], which con-
siders the challenge of extracting human cognition from the black box of the brain and presenting
it to a machine intelligence to complement the Explainable AI challenge of extracting information
from the black box of the machine. With such considerations in mind, bias can be mitigated and
trust can be built between human and machine co-learners.

7.6 User Modeling, Provenance, and the Role of Individual Differences

The interaction implementations that we demonstrated in the previous section assumed a cold
start, with no advance knowledge of the user’s tendencies or behaviors, as well as no advance
knowledge of previous analyses that had been conducted on the data. Designing systems that
respond to not only the actions of a user but also to their tendencies and behaviors is an active
area of research [77, 130]. Surveys of the application of provenance data from Xu et al. [134] and
Ragan et al. [84] demonstrate that tracking the interactions, states, and data associated with the
exploration of the user can be analyzed to inform a system about that user. Methods for learning
about a user vary from simply tracking mouse click [9, 76] to more complex techniques such as eye
gaze [111] and fMRI measurements [80]. Understanding the unique behaviors and capabilities of
each user can assist with accurately personalizing interactions and their responses to the expressed
intent.
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7.7 Limitations

Although we overview the challenges of the “With Respect to What” problem as it pertains to DR
and clustering algorithms, we make no claim regarding the completeness of our survey of inter-
actions. For example, an additional portion of the interaction that can be considered is its speed.
Perhaps a quick interaction can be used to indicate a cluster reassignment only, whereas a slower
interaction can be interpreted as more carefully positioning the final location of the observation,
indicating a positional similarity interaction. Extending to a future extreme, a system can be de-
signed with speech recognition support to permit a user to explain their intent in natural language
while performing an interaction. The creativity of visualization designers is nearly boundless, and
we fully expect that future designers can extend this work.

We also note that our interaction evaluation from the previous section was limited in the quan-
tity of both datasets and types of interactions. In this work, we sought only to briefly explore and
demonstrate the effects for ambiguous interactions. A rigorous user study involving 20 to 30 par-
ticipants would yield much stronger results and better conclusions about what analysts can gain
from using these interactions. Further, we did not explore visualization tradeoffs in these tools.
For example, the participants’ insights might have been different had we rendered cluster mem-
bership with nodes of various colors rather than convex hulls. We plan to perform such a study
on the effect of cluster encoding on interactive clustering in the future; until then, some work in
the literature has touched on the non-interactive portion of this area [54, 93]. Finally, we limited
the interactions that were permitted in our tools to a small set of what is possible. We do plan to
undertake the elicitation study and expand on the details of this interaction space in future work.

The choice of algorithms included in our examples in Section 6 was driven by our past re-
search, to conveniently use previous implementations of interaction computations for WMDS and
weighted k-means, in which we identified the challenges that result due to ambiguous interactions
in the visual space. As a result, our focus on these algorithms ignores the complexities that can
result from ambiguous interactions in more complex projection spaces such as t-SNE and UMAP
and with more advanced density- or model-based clustering approaches. We leave a thorough
exploration of these matters for future work.

7.8 Future Work

This work is focused on a novel space at the intersection of DR, clustering, and semantic interac-
tion. Although a number of systems exist at the intersection of two of these three fields, only a few
can be found at the intersection of all three [126, 127]. As a result, some of our discussion of po-
tential interactions is speculative rather than demonstrative. We plan a future elicitation study to
determine how analysts will naturally wish to perform these interactions, as well as future imple-
mentations that provide such interactions. Semantic interaction is a relatively new field that is still
developing, and it presents several opportunities for future system and interaction development,
including the potential for a generic toolkit or system for semantic interaction.

8 CONCLUSION

This work models the complexity and ambiguity inherent in the interaction space of DR and clus-
tering algorithms in interactive projections. We framed this discussion in the context of the “With
Respect to What” problem, a research challenge in visual analytics identified by Self et al [98].
Through our discussion, we identified several factors necessary to consider for such interactions:
thinking in high- or low-dimensional space, interaction with observations or clusters, interaction
with source and destination, and cardinality of interaction. We presented a new pipeline represen-
tation that incorporates both a projection direction to generate the visualization and an interaction
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direction to handle the interaction and interpret the intent of the analyst. We demonstrated the
utility of this pipeline to disambiguate a series of potential DR and clustering algorithm projec-
tion and interaction computations, including both interactions on observations and interactions
on models. We demonstrated the utility of several of these interactions within a visual analytics
prototype tool, examining the changes to both insight and the underlying model as a result of
the interactions. Finally, we discussed additional considerations related to the implementation of
such systems, as well as supplementary interactions and visual metaphors that further assist in
communication and exploration.
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