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 A B S T R A C T

Several uncertainties emerge in each component of the visual analytics (VA) cycle that hinder the user’s 
ability to make efficient and effective decisions, e.g., through missing data, model approximations, or visual 
mappings. Well-known VA strategies aim first at making users aware of these uncertainties, often through 
visual means. When visuals alone are insufficient to accurately quantify or communicate uncertainties, VA 
designers may rely on guidance to support users’ understanding of these uncertainties throughout the VA 
cycle. While prior VA research has attempted to conceptualize guidance, the ability and mechanisms for 
guidance to comprehensively address different sources of uncertainties remain an open question. In this 
survey, we characterize the relationships between uncertainties and guidance in VA literature. Our key 
contribution is a taxonomic framework that relates uncertainty sources to relevant guidance strategies and their 
respective profiles, i.e., roles, scopes, and features. Through this taxonomy, we discuss how guidance addresses 
uncertainties, identify research gaps, and promote a more comprehensive understanding of guidance strategies 
to support effective design for uncertainty in VA. Our survey underscores the effectiveness of guidance in 
navigating uncertainties with context-aware and multi-scope strategies. We highlight challenging opportunities 
for further research in this space, especially in the adjacent areas of accessibility and onboarding, and suggest 
new research areas, such as narrative and persuasion guidance to support uncertainty awareness in VA.
1. Introduction

Visual analytics (VA) supports users in deriving knowledge and 
insights in interactive sense-making loops to make more informed 
decisions [1–3]. However, uncertainties throughout the VA cycle are 
responsible for knowledge gaps. These gaps impede users’ trust in the 
system, their analysis, and their decision-making [4–6]. Sources of 
uncertainty can be encountered in all four main components in the VA 
cycle introduced by Keim et al. [7] as illustrated in Fig.  1: (1) data, (2) 
visualization, (3) hypothesis/model, and (4) insight. Yet, these sources 
of uncertainty may be interconnected, accumulating, and propagating 
through the entire VA cycle [8,9].

Recent research proposes guidance strategies to help users navi-
gate, interpret, and manage interconnected sources of uncertainty [6,
10,11]. The Oxford English dictionary defines guidance as ‘‘advice 
or information aimed at resolving a problem, difficulty, etc.’’ [12, 
p. 629]. In VA, Ceneda et al. [13, p. 112] define system guidance as ‘‘a 
computer-assisted process that aims to actively resolve a knowledge gap 
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encountered by users during an interactive visual analytics session’’. 
In this work, we employ the generic dictionary definition to enable 
a broader perspective on guidance in VA while considering guidance 
strategies for visual data analysis as an essential building block of 
VA [14]. Our interest is to examine guidance provided at any component
of the VA cycle — not exclusively in the ‘‘insight’’ component — and focus 
on the advice or information the VA system provides. These strategies 
can be of different types, such as explanations or recommendations, 
and ultimately help address uncertainties in the VA cycle and their 
corresponding knowledge gaps.

In our state-of-the-art report (STAR), we focus primarily on system 
guidance strategies [15] that support users in disentangling, under-
standing, or acting upon uncertainties. These strategies reflect the 
growing trend in the literature toward user-centered solutions. Our 
working definition for system guidance in VA under uncertainty is a 
system intervention that aims to help or advise the user in resolving a
knowledge gap generated by an uncertainty event in the VA cycle. This 
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Fig. 1. Depiction of how uncertainties spread within the VA cycle, highlighting the four VA components and their respective uncertainties in different colors [8]: 
data/dataset, model/hypothesis, visualization/visualization, and insight/insight/perception, interaction, and knowledge. Around the VA process, we integrate 
the five guidance roles proposed in our taxonomy, showing how they contribute to addressing uncertainties. The full list of papers reviewed in this state-of-the-art 
report — classified by guidance role, guidance scope, and source of uncertainty — can be found in Supplementary Table 1.
 

definition implies that work qualifying as guidance for uncertainty 
should incorporate the intervention as auxiliary or an extension to the 
system, and not as an essential component for the system to function. For 
example, a vehicle GPS helps the driver navigate the roads. The GPS is 
an auxiliary element, as the driver can still fully operate the vehicle 
without it. Thus, the GPS is a guidance tool. On the other hand, the 
braking system helps the driver stop and control the vehicle’s speed. 
The driver cannot fully operate a vehicle without the braking system. 
Thus, the braking system is not considered a guidance tool. Without 
guidance, a user should be able to complete tasks afforded by the 
system, although possibly with less efficiency, effectiveness, precision, 
or accuracy [13].

System guidance can be produced, for instance, by an expert sys-
tem that employs explicitly-programmed rules, operations, or inferences 
derived from intelligent strategies such as machine learning [16]. Rec-
ommender systems are also well-known examples of guidance that 
provide personalized suggestions based on the user’s past interac-
tions, preferences, and the context of the analysis. For instance, a 
recommender system can use inference models to suggest possible 
interactions to the user in the VA system [17].
Research questions and contributions. In this work, we explore how 
guidance mechanisms have been used in literature to address un-
certainty in diverse VA scenarios. We examine how these strategies 
enhance decision-making processes by providing support to manage 
and interpret uncertainties effectively despite the additional (and of-
ten competing) layer of complex information that uncertainties may 
introduce into the VA process.

In summary, we respond to three main research questions:

1. What role can guidance take w.r.t. the VA cycle in the presence of 
uncertainties?

2. To what extent can uncertainties (not) be addressed with the help 
of different types and combinations of guidance?

3. Which scope (strength and subtleness) of  guidance appears most 
valuable in a given context of uncertainty-aware VA?

To answer these questions, we systematically review the literature 
and propose a comprehensive taxonomy of guidance strategies that 
support users in addressing uncertainties introduced throughout the VA 
cycle in Fig.  1. In our discussion, we present gaps and rich areas of 
research. In addition, we map suitable guidance strategies to possible 
uncertainties in the VA cycle. Finally, we suggest future directions 
for research on guidance strategies to support users in addressing 
uncertainties in VA. In summary, we contribute to the literature by:

1. classifying system guidance strategies based on the guidance role 
and uncertainty source they address;

2. proposing whether and how guidance can address specific sources
of uncertainty in VA; and
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3. proposing vital research areas solidifying guidance strategies in 
uncertain VA scenarios to support the user.

2. Uncertainty in the VA cycle: Background

Uncertainty refers to the ambiguity, variability, or lack of confi-
dence in data, hypotheses/models, and interpretations generated within 
the cycle of VA [18,19]. The presence of uncertainty challenges
decision-making and interpretation across numerous fields. Among 
those, medicine and climate science are two prominent examples where 
uncertainty can significantly affect outcomes. In medical imaging, for 
instance, uncertainty might arise from inaccurate or noisy data, such 
as positional deviations in a CT scan due to patient movement [20], 
impeding diagnosis and treatment. In climate science, approximations 
in model predictions can hinder accurate forecasting or decision-
making [21]. When looking at the general VA cycle (see Fig.  1), 
uncertainty may originate from various sources [8]. Understanding, 
categorizing, and addressing these uncertainties is, therefore, crit-
ical for improving the robustness and reliability of the generated 
insights [22,23].

According to Griethe et al. [24], uncertainty can be defined as
error (outlier or deviation from a true value), imprecision (resolution 
of a value compared to the needed resolution), subjectivity (degree of 
subjective influence in the data), and non-specificity (lack of distinction 
for objects). Conversely, Tannert et al. [25] distinguished between
epistemic and aleatoric uncertainties. The former stems from a lack 
of knowledge about the data or processes, while the latter relates to 
inherent variability or randomness [25]. Uncertainty has been exten-
sively studied, leading to diverse categorizations [8,20,25–29]. Potter 
et al. [21] and Bonneau et al. [26] focused on uncertainty visualiza-
tion in weather forecasting and simulation scenarios, while Gillmann 
et al. [20] and Ristovski et al. [29] discuss medical imaging and 
visualization, respectively. Sacha et al. [19] further emphasized the role 
of human factors in uncertainty, such as perception and interpretation 
errors. Specifically, we selected Gillmann et al.’s taxonomy [8] as a 
starting point for this survey, being one of the few that directly link 
uncertainties to the VA process. While other taxonomies primarily focus 
on uncertainty from a philosophical or application-specific perspective, 
Gillmann et al.’s classification emphasizes how uncertainty emerges and
propagates through the analytical pipeline of VA. The taxonomy divides 
uncertainty into four components — namely derived from the dataset, 
hypothesis, visualization, and insights — to facilitate systematic identi-
fication and mitigation across the VA cycle. Gillmann et al. refer to the 
origin of uncertainty in these four component as an uncertainty event. 
These events are dependent on each other as they propagate throughout 
the VA cycle. In their work, Gillmann et al. use the concept uncertainty 
event to characterize the arise of uncertainties in the VA cycle. In the 
remainder of this survey, we use consistently the color scheme ■■■■ 
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to indicate, respectively, the aforementioned uncertainty components 
(see also Figs.  1 and 2).
■ Dataset Uncertainty Data forms the foundation of any analysis, and 
uncertainties here can significantly affect subsequent sources. Accord-
ing to the aforementioned definition of uncertainty by Griethe [24] and 
Tannert et al.’ s [25] categorization, examples of uncertainty here in-
clude aspects such as missing data points, limitations of the granularity 
of measurement tools, non-representative or biased sampling methods, 
and observational variability. Specific uncertainty events include those 
that primarily correspond to aleatoric uncertainty in Tannert et al.’s 
work:

• Data Incompleteness: Entire records or key attributes are absent 
from the dataset, causing incomplete evidence for analysis.

• Measurement Resolution: Values are captured with limited resolu-
tion or instrument precision, limiting reliability.

• Non-representative Sampling: The dataset systematically excludes 
relevant data points, distorting the analysis outcome.

• Variations in Observations: Fluctuations in repeated observations 
that introduce aleatoric uncertainty.

■ Hypothesis Uncertainty The hypothesis source involves developing 
models or theories based on the dataset, which implies that, in this 
source, we encounter epistemic uncertainties. Epistemic uncertainties 
include model incompleteness, where limited knowledge or computa-
tional constraints often result in models that fail to capture complex 
phenomena. This category also includes modeling approximations or 
assumptions, as well as uncertainties due to parameterizations [29,30]. 
Determining the optimal set of parameters and their subsequent fine-
tuning is a challenging topic that often introduces variability. Specific 
uncertainty events in this category include events that map to epistemic 
uncertainties in Tannert et al.’s categorization:

• Model Incompleteness: Simplifications or omitted factors in a model 
due to computational or theoretical limitations.

• Parameter Uncertainty: Unknown or imprecisely estimated model 
parameters that affect predictive power.

• Incompleteness of Measurand: Underlying model structures (e.g.,
assumptions) that might not fully capture reality.

• Model Approximation: Numerical or algorithmic shortcuts made to 
enable tractability, at the expense of precision.

■ Visualization Uncertainty Visualization translates data and hy-
potheses into interpretable visual representations. This translation stage 
introduces several sources of uncertainty [31,32], which, in our view, 
largely relate to the threats addressed by Munzner’s nested model [33]. 
While all levels in Munzner’s nested model can contribute to uncer-
tainty, we mainly focus on the data/abstraction (i.e., poor mappings 
between data and tasks) and visual encoding levels (i.e., ineffective 
representations). Although algorithm levels and the domain situation 
may also introduce uncertainties, they deal with the efficiency of an 
algorithm and understanding the target users’ problem context, goals, 
and tasks, respectively. Thus, they could be considered less central 
to the interpretability of a visual representation in this context. Spe-
cific uncertainty events include events that primarily affect how users 
interpret the visualization, regardless of the underlying data quality. 
Examples thereof include, but are not limited to [34]:

• Mapping Uncertainty: Ambiguities or inaccuracies in how data 
attributes are mapped to visual elements (e.g., axes, color scales), 
which can lead to misinterpretation.

• Integration Uncertainty: Errors or approximations that arise when 
combining multiple data sources or types into a single visualiza-
tion, potentially introducing inconsistencies.

• Interpolation Uncertainty: Inaccuracies introduced when estimating 
unknown data values between known points, often necessary in 
continuous visual representations like surfaces or curves.
3 
Fig. 2. Taxonomy of uncertainty events for each of the four VA sources, 
adapted from Gillmann et al. [8].

• Shading Model Uncertainty: Variability or inaccuracies in the ren-
dering process (e.g., lighting, shading) that can distort depth 
perception or visual salience, particularly in 3D visualizations.

■ Insight Uncertainty The insight generation source involves user 
interpretation of data, hypotheses, and visualizations (see Fig.  1). Here, 
uncertainties arise from human factors, such as perception issues, inter-
action variability, or gaps due to a lack of domain knowledge [19]. 
One further aspect to consider through the VA cycle is that uncer-
tainties at different sources are not isolated—they interconnect and 
propagate [34]. For instance, incomplete data can lead to flawed 
models, producing misleading visualizations and erroneous insights. 
Specific uncertainty events in this category highlight the role of human 
interpretation in generating potentially flawed conclusions [34]:

• Perceptual Limitations: Difficulty in accurately perceiving or recall-
ing visual encodings, especially in complex charts.

• Interaction Limitations: Differences in how individual users manip-
ulate or explore the interface may lead to divergent insights.

• Knowledge Gaps: Users lack the domain expertise or knowledge to 
draw correct conclusions from the presented data.

3. Scope, positioning, and methodology

We present a survey of guidance strategies by identifying the uncer-
tainty they address, see Fig.  2. We also describe the potential scopes of 
each guidance role, described in Section 4, and its typical features. In 
this section, we clarify our scope and outline our methodology, see Fig. 
4. We also present the inclusion and exclusion criteria that define our 
literature corpus, also outlined in Fig.  3.

3.1. Relevance of our work

Guidance objective. The topic of guidance, i.e., providing system sup-
port to users for various tasks, is not new and has gained importance 
over the years. Silver [35,36] studied the importance of incorporating
decisional guidance into information systems. Several papers recently 
proposed design frameworks for adequate guidance during an ana-
lytical session [37–41]. Pérez-Messina et al.’s [42] typology proposes 
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Fig. 3. Outline of the inclusion and exclusion criteria for our survey.

a helpful task-driven classification of guidance strategies during the 
VA session. Also, Lee et al.’s [43] recommendation taxonomy offers 
helpful strategies to design guidance. Moreover, a few recent papers 
reviewed guidance strategies during an interactive VA session. Ceneda 
et al. [44] presented a comprehensive survey of guidance strategies in 
VA, showing how they can be used to support a variety of analytical 
tasks. Another objective of the survey by Ceneda et al. [44] is to 
improve the efficacy of human–computer collaboration. Conversely, the 
objective-oriented review of Collins et al. [45] outlines the user’s input 
into the guidance and the knowledge output of the employed guidance 
strategy. Similarly, Yanez et al.’s [41] taxonomy also emphasizes the 
importance of adapting guidance to users’ contexts and needs, by sur-
veying interventions as co-adaptive models in the VA cycle. Finally, in 
their review of 13 knowledge-assisted visual analytics (KAVA) systems, 
Böck et al. [46] investigate how explicit knowledge can be used to 
guide user analysis in industrial manufacturing. They position KAVA 
as the root of guidance. In contrast to previous surveys, our work aims 
to explicitly demonstrate how system guidance can play a critical 
role in explicitly resolving or mitigating uncertainties throughout the 
analytical process. By focusing on the intersection of uncertainty and 
guidance, we uncover how existing system guidance solutions address 
uncertainties and the corresponding knowledge gaps, as well as where 
they fall short. This perspective enables us to highlight key challenges, 
emerging research opportunities, and design considerations for devel-
oping more adaptive, context-aware, and uncertainty-resilient guidance 
mechanisms in VA.
Guidance strategies. Domova and Vortsou [47] review automation tech-
niques to guide the VA process. Additionally, Enge et al. [48] only 
partially address guidance in VA when reviewing STAR work on in-
tegrating sonification and visualization strategies, where the audio 
channel serves as a guiding tool to VA. Similar to these works, our 
survey also considers all modes of audiovisual guidance equally as long 
as the sound takes a supporting role in handling uncertainties in the VA 
cycle, i.e., the guidance is provided through sound. In other words, we 
exclude work that presents the audio channel as an essential analytical 
tool, not an auxiliary guiding tool. Although our work builds upon 
all these previous surveys, we intend to expand the categorization 
of guidance based on the role it takes to aid the user in resolving 
uncertainties, specifically . This aspect represents the first dimension 
of our taxonomy. Perpendicular to this dimension, we further classify 
uncertainties addressed by guidance strategies throughout the VA cycle 
components: dataset, hypothesis, visualization, and insights.

Considering guidance in a broader sense, our work also intersects 
with three surveys [49–51] that address guidance in an earlier com-
ponent of the VA cycle: the visualization design. Zhu et al. [49] survey 
semi-automatic and automatic strategies that recommend data-driven 
and knowledge-based visualizations to the user. Soni et al.’s [50] survey 
addresses a similar topic focusing on multi-view dashboards. Lock 
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et al.’s [51] survey is narrowed to urban dashboards. While we consider 
guided visualization design strategies, we review them from a new 
perspective. First, we only consider strategies that recommend visualiza-
tions for the user of a VA system, excluding automatic strategies that do 
not allow the user to make the final decision on the design. Second, we 
describe each guidance role’s potential scope and features as outlined 
in Section 4.

In summary, guidance and uncertainty in VA is a fast-developing 
research area. Thus, a comprehensive survey and a broader guidance 
classification are needed to integrate guidance tools into the VA cycle 
effectively. We expand and shape the knowledge of guidance roles 
based on our analysis of the recent literature on guidance. We propose 
the guidance roles and define them with examples. Analyzing the 
literature, we demonstrate how each role in the literature addresses 
uncertainties in the VA process. Demonstrating how guidance addresses 
the various uncertainties in the VA cycle can expand the breadth of 
uncertainty visualization methods and address some challenges in the 
domain, such as the complexity of the accumulated uncertainties. To 
allow the practical application of the roles, we define three guidance 
scopes and six guidance features, which we analyze for each guidance 
role to demonstrate how the guidance can address the uncertainties.

3.2. Search strategy and filtering

We followed a multi-stage process to select and filter the literature 
corpus, as outlined in Fig.  4. We reviewed the literature of the leading 
conferences and journal databases, such as IEEE Xplore, Wiley, and 
Eurographics Digital Library, through TU Bibliothek CatalogPlus (). 
We collected work published since the publication date of the last 
guidance survey in 2019 [44], i.e., our literature corpus includes work 
published from January 2019 through December 2025. However, as 
mentioned, in contrast to the existing surveys, we expanded our scope 
to include a broader definition of guidance to address different types 
of uncertainties. We queried keyword combinations from two sets. The 
first set (Set 1) includes visual data analysis and visual analytic* to ensure 
we narrow down results to the field of interest. We searched for the 
exact keyword from Set 1 in any field. In combination, we queried a 
keyword from Set 2 in publications’ titles. Set 2 includes roots of words 
and synonyms connected to guidance: predict*, anticipat*, forecast*, ex-
pla*n*, aware*, mediat*, communicat*, guid*, recommend*, suggest*, 
prescrib*, interven*, sense*, support*, boost*, facilit*, feedback, vali-
dat*, verif*, accesib*, disab*, *blind*, *impair*, sonif*, group decision, 
collabor*, participat*, decision support, *aid, steer*, assist*, direct*, 
spatial decision, and automat*. To compile the keywords of Set 2, we 
brainstormed terms that can describe guiding in VA and its context 
based on our knowledge of the domain. We also extracted terms from 
key literature on guidance as described in Fig.  5.

The initial query yielded 3500 papers. After filtering the duplicates, 
we screened 3351 titles to eliminate irrelevant work during the search, 
yielding 778 unique publications. Then, one of the authors reviewed 
the abstracts and introductions for eligibility. We identified 92 relevant 
papers, after which the same author snowballed more recent papers 
from the citations of selected relevant papers, yielding a total of 171 
papers. Then, a second author independently reviewed the abstracts 
and introductions of the papers based on the exclusion and inclusion 
criteria described in Section 3.3, also outlined in Fig.  3, and classified 
the papers based on the taxonomy of guidance roles described in 
Section 4. This process yielded 152 relevant papers.

3.3. Survey scope

Inclusion. The inclusion criteria are outlined in the left column of 
Fig.  3. Our survey reviews guidance strategies that support the user
throughout the VA cycle. The implication is that the guidance tool 
should play a supporting role to a self-standing VA system, and the
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Fig. 4. Methodology flowchart: The literature search and filtering process of this survey, as conducted in seven stages (including filtering of duplicates during 
the initial identification stage).
Fig. 5. We deduce guidance roles from actions that describe guidance function in key literature [42,44,45,52]. Accessibility guidance is a role that can be indirectly 
inferred, hence the dashed arrow to Accessibility.
user maintains the agency when making decisions. Guidance is a mixed-
initiative system where a system supports the user and the user guides 
the system, e.g., with appropriate feedback [13]. However, in this 
paper, we focus only on the guidance provided by the system to the user 
(and not vice versa), i.e., system-initiative guidance [15]. The reviewed 
papers describe guidance provided by the machine to the human as an
auxiliary to a VA system. The system can guide the user at any component 
of the VA cycle. Thus, our survey also includes guidance strategies for 
supporting the design of visualization.
Exclusion. The realm of guidance expands with the introduction of 
intelligent agents [53], i.e., AI strategies can be used to generate the 
guidance necessary for the user. However, this expansion also overlaps 
with AI strategies that automate domain decisions, which would not 
typically be considered guidance in VA [13]. Almost one-third of the 
excluded papers encompass work where intelligent agents (IAs) are pro-
posed to address knowledge gaps in VA with automated solutions. These 
strategies preclude humans from the process, even if they incorporate 
visual aspects. We also excluded papers describing works that propose 
visualization and VA to guide decision-making and intelligent models 
that are typically not visualized. We also excluded strategies where only 
user-initiative guidance is described. When reviewing mixed-initiative 
systems [54], we include the paper in our classification but focus on 
the system guidance aspect of the work as reflected in our working 
definition stated in Section 1. More than half of the excluded papers 
focus on users guiding intelligent agents through VA and visualization 
tools. These papers also included developing VA and visualization to 
guide decision-making in various domains, such as tools to explain 
intelligent agents to humans.

Finally, based on the criteria stipulated in this section, the authors 
conducted an additional check of the exclusion criteria during the 
analysis stage, yielding the exclusion of an additional 24 papers from 
the analysis, for a final sum of 128 reviewed papers. Three papers were 
excluded because they did not address guidance. Seven papers use vi-
sualization to guide analysts in analyzing big data to address usage and 
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thinking uncertainties. Since their methods use visualization to guide 
data analysis, not visual data analysis, the papers are excluded based 
on the first exclusion criterion. We also excluded two collaboration 
papers where all system features are integral to the proposed system. 
Moreover, based on the third criterion, we excluded five papers that do 
not present a guidance strategy auxiliary to a visualization or VA system. 
Finally, based on the fourth criterion, we excluded seven papers that 
propose either a fully-automated intervention or strategies to offload user 
tasks instead of guiding the user in the task. These strategies can take 
agency from the user in the analytical process.

3.4. Analysis methodology

To construct the taxonomy, we follow a hybrid deductive–inductive 
approach. In the two-stage process, the first author reviewed the lit-
erature on guidance (i.e., its conceptualization, typologies, and sur-
veys [42,44,45,52]) to systematically extract meaningful categories 
from the literature, as seen in Fig.  5. We then pivoted inductively by de-
riving possible guidance roles that we map to uncertainty components 
in the VA cycle.

To resolve disagreements in constructing the categories and coding 
the literature, we followed a systematic qualitative process to ensure 
the conceptual credibility of the design-space analysis. The categories 
and definitions were discussed and refined as we coded the literature 
corpus. Thus, we allowed the taxonomy to shape organically by the 
literature corpus. In the coding stage described in Section 3.2, we 
started with a dyadic negotiation between the two coders. Then, we 
transferred remaining disagreement to the bigger group for a consensus 
resolution and tie-breaking by senior co-authors. During the process, 
we assume that disagreement is due to conceptual rigor. Thus, we 
refine our conceptual boundaries in a formative process of taxonomy 
design space revision. Finally, in the analysis stage, authors conduct a 
final layer of strict negative case filtering protocol. The results of this 
protocol is described in Section 3.3.
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We review the 128 surveyed papers in three main sections. Through 
the lens of our proposed taxonomy, Section 5 discusses the papers 
(35) that conceptualize guidance and propose frameworks to design 
it. In Section 6, we start by discussing the uncertainties addressed by 
application and method papers (69). We primarily base our analysis 
on the uncertainty components and events in Gillmann et al.’s [8] un-
certainty taxonomy, as shown in Fig.  2. We explicitly characterize the 
uncertainty present in these papers and map their source(s) to guidance 
role(s). Where uncertainty events fulfills no or multiple descriptions in 
Gillmann et al.’s taxonomy, we decided the best fit among the authors. 
We highlight potential gaps in the uncertainty taxonomy in Section 8.4. 
Then, we discuss the potential scopes afforded by each guidance role 
and how the different scopes have been utilized to address uncertainties 
and describe the features in the reviewed guidance techniques. Finally, 
in relation to our proposed roles, Section 7 discusses papers (24) that 
presents guidance evaluation methods and studies.

4. Multidimensional taxonomy

In the following, we present our taxonomy of guidance strategies, 
seen in Fig.  6, focusing primarily on their roles in resolving or mitigat-
ing uncertainty events. We map each guidance role to the uncertainty 
component(s) it addresses, as seen in Fig.  1. Throughout the text, we 
highlight specific words based on the color map in Fig.  1. We also 
discuss two additional aspects of guidance, which we describe later in 
this section: its scope and multiple guidance features.
Guidance roles. A role emphasizes the overall motivation of a tool, as 
opposed to the goal [44], which describes the measurable targets of 
a tool. Each guidance tool may fulfill multiple roles depending on the 
context of the application to help and advise a human on performing 
a task. In our taxonomy, we see the guidance role as the pattern of 
behavior expected to achieve a goal. The patterns of behavior of each 
role manifests in each role’s scopes, as discussed below and described in 
Fig.  7. Meanwhile, the goal a guidance tool aims to achieve manifests 
in the addressed uncertainty, and the features of guidance that allows 
the fulfillment of the role. Thus, although analysis guidance can be seen 
as a higher level role that parents other roles, it can be distinguished 
through the pattern of behavior (scopes), uncertainty addressed, and 
guidance features. We identified five guidance roles:

 Analysis: This role supports users during sense-making or decision-
making when a need arises. This role refers to the original 
characterization of guidance in VA [13]. Analysis guidance strate-
gies can address uncertainties in insight, such as recommender 
tools [55] or sensory guidance [56]. It can also provide vali-
dation on exploratory decisions addressing uncertainties in hy-
pothesis, such as feedback [57].

 Accessibility: This role guides users with disabilities in using a 
visualization/VA efficiently and effectively. This role is present 
in contexts where the system remains usable by all users but not 
equally efficient or effective. Typically, these strategies address 
uncertainties in (insight-)perception or (insight-)interaction, 
such as using sonification strategies [58].

 Collaboration: This role augments knowledge from multiple users 
to support the analysis. The uncertainty addressed by this type 
of guidance is correlated to hypothesis or insight generation, 
such as using provenance to bridge the gap between experts and 
novices [59].

 Design: This role supports users on the most effective visual design 
given the data. The uncertainties addressed by these strategies 
are in the visualization or (insight-)interaction components of 
the VA cycle, such as recommending a visualization [60].
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Fig. 6. Proposed taxonomy diagram for uncertainty-aware guidance. We clas-
sify five roles, three scopes, and six features.

 Informativeness: This role aligns knowledge between users and 
the system by providing additional information. These guid-
ance strategies address uncertainties in the data(set), hypothe-
sis, (insight-)perception, or (insight-)knowledge components, 
such as explanations [61].

Guidance scopes. The scopes describe the guidance’s strength and sub-
tleness in fulfilling its role. Our understanding of scope is primarily 
inspired by the concept of guidance degrees [13], which describe 
the extent to which guidance supports analysis (i.e. when it takes an
analytical role). However, we extend and abstract this concept to apply 
it across the additional roles we include in this survey. Additionally, 
we incorporate elements of Morana et al.’s content type [52], influencing 
how guidance is conveyed to the user. Thus, we describe three guidance 
scopes, highlighting how different guidance scopes are presented in the 
various guidance roles.

The scope can be  low,  intermediate, and  high. A low scope
refers to a weaker and more subtle guidance that does not provide 
direct or explicit actions to move forward. This scope is a less involved 
strategy that improves the users’ orientation and empowers them to 
find more appropriate actions for efficient and effective analysis. An
intermediate scope is expected to be the basis of the guidance and the 
most common scope. It refers to guidance explicitly presenting multiple 
options or evaluating multiple assumptions to guide the user. The 
guidance is more substantial (stronger) and direct (less subtle). Finally, 
a high scope refers to guidance that provides actionable step-by-step 
advice. It is more assertive and direct than the intermediate scope as 
it offers precise steps for only one, not multiple, path options, and it 
builds the recommendation on one assumption or hypothesis. It reflects 
more system certainty in the best analytical path. Having described the 
abstract concept of scopes, we now describe how the three scopes are 
instantiated for each guidance role.

 Analysis: With a  low scope, analysis guidance facilitates the an-
alytical process indirectly with hints to improve the user’s ori-
entation, for example, assessing images in an image selection 
task [62]. In an  intermediate scope, the system provides multi-
ple suggestions to support the analysis, for example, highlighting 
multiple areas of interest in the visualization [62]. Notice that 
the guidance becomes more explicit when suggesting options. 
However, with a  high scope, proposing a specific step-by-step 
analytical path is more assertive [63]. The guidance is more 
involved, but the agency remains with the user to accept the 
suggestion.

 Accessibility: In the accessibility role, a  low-scope guidance im-
proves the user’s mental map to make a task easier without 
getting directly involved, for example, mapping encodings to 
natural sounds [58]. An  intermediate-scope guidance includes 
strategies that assist users with disabilities during the VA pro-
cess by presenting multiple inferences, such as ranked chart 
insights [64]. With a  high scope, accessibility guidance presents 
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Fig. 7. The criteria that distinguish each scope level, i.e., low, intermediate, and high, for each of the five guidance roles. 
a higher form of involvement. The system integrates the guid-
ance into the analysis process to direct the user into one precise 
analytical step. For instance, presenting an inferred summary 
of a chart that could be useful to complete a task (notice the 
increasing level of assertiveness of the guidance) [65].

 Collaboration: With a  low scope, the collaboration guidance co-
ordinates the analysis between multiple users with an indirect 
augmentation of knowledge. The user is better informed by 
knowledge extracted from other users, but is not offered explicit 
recommendations on moving forward. Other users’ knowledge 
remains a reference to the user without recommending spe-
cific analytical paths or altering the underlying hypothesis. For 
example, when the system allows the user to explore dash-
board states from different stages of multiple user analytical 
provenance [66]. With an  intermediate scope, the guidance 
allows users to cooperate by suggesting multiple options to 
augment the knowledge and improve the analysis and underly-
ing hypothesis. For instance, the guidance can present multiple 
analysis options based on multiple user provenance [67]. Here, 
the guidance is more explicit by offering options. Conversely,
collaboration guidance presents  high-scope guidance when con-
solidating knowledge from multiple users into one entity. For 
example, the system can propose precise analytical steps based 
on analytical provenance from multiple users [68]. This strategy 
is more assertive.

 Design: This guidance can enhance the design at a  low scope
by proposing additions to the current visualization or VA sys-
tem without altering existing encoding or views [69]. This 
scope is subtle as it only enhances the existing design. With  
intermediate-scope guidance, the system recommends modifying 
existing encoding and views or replacing some of the views [70]. 
Notice here that the guidance is more involved in replacing 
components than adding to them. Conversely, a design guidance
can recommend a complete visualization design with a  high-
scope guidance [70]. This more assertive and involved strategy 
proposes a design that impacts all future analytical steps for the 
user.

 Informativeness: In a  low-scope context, the informativeness
guidance clarifies presented information without adding new 
information to the user, for example, clarifying underlying pa-
rameters [71]. This strategy is subtle as it does not provide new 
information to direct the user’s actions. Informativeness can be 
more assertive and explicit by offering an  intermediate-scope
guidance that explains the model or visual system components 
with more specific new information, for example, unlocking the 
black box of the model [71]. In a  high-scope context, informa-
tiveness becomes more assertive by presenting an explication, 
explaining the importance of something and its implication 
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on the analytical process [72]. This strategy directs the user’s 
analytical thinking in a specific direction as it connects the 
explanation to future implications, for example, explicating the 
impact of a specific analytical path [73].

Guidance features. The roles and scopes described above illustrate the 
different ways in which guidance can manifest in VA. However, re-
gardless of the specific role or the scope of involvement, each form 
of guidance can be further characterized by common underlying fea-
tures. Inspired by past surveys [44,47,48], we adopt six features that 
consistently apply across all roles and scopes. These features, derived 
from prior characterizations [42,44,45,52,74], enable designers and 
researchers to systematically identify the nature of the guidance being 
provided, compare strategies, and position their work in the literature. 
We describe them as follows:

• Goal (Why?): is the measurable target for providing guidance, 
such as boosting confidence or improving decision-making effi-
ciency. It refers to the goal of providing guidance, not the goal 
of the analysis. This can relate to the target and intention [52], 
goal [45], objective [44], intent [42], and purpose [74].

• Temporal setting (When?): is the instance at which the guidance 
is provided. The guidance can be continuously presented, or it can 
be displayed on-demand or on-gap identified. This can relate to 
the invocation and timing [52], analysis phase [42,45], and the 
needed moment [74].

• Spatial setting (Where?): is the position where guidance appears 
in relation to the visualization, such as the margins or as a pop-up. 
This can relate to the location [74].

• Apparatus (How?): is the tool and form used to construct the 
guidance, such as verbal or audio. This can relate to the for-
mat and directivity [52], modalities [45,74], and interaction 
methods [42].

• Algorithm type (What?): is the computer-based process and 
rules used to construct, such as AI-based or explicitly programmed 
algorithms. We also outline the input and the output of the 
method. This can relate to the mode [52], computing steps [45], 
guidance inference [44], and input and output [42].

• Typical user (To whom?): is the characteristic of humans to 
whom the guidance is intended, concerning their knowledge, such 
as users with domain or visualization knowledge gaps. This can 
relate to the audience [52] and target user [74].

5. Theorizing guidance

This section connects conceptualizations of guidance in the nine 
theory-related surveyed papers to our guidance role taxonomy and 
uncertainty components. The mapping grounds abstract models in a 
common vocabulary, letting us compare otherwise heterogeneous pro-
posals. It also reveals coverage and gaps in the design space, as pre-
sented across 26 model and framework-related papers. Section 5.1 
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summarizes the main conceptual lines that support effective guidance 
in VA. Section 5.2 shows how these models can be used to address 
uncertainties in practice. In this section, we do not present a new 
conceptualization for guidance. However, we collate the definitions and 
conceptualizations in relation to the taxonomy introduced in Section 4. 
Section 5.2 is thematically-structured to describe the anatomy of the 
design models.

5.1. Guidance conceptualization and theory

Across the literature, we identify one dominant role that aligns with 
our taxonomy: analysis [75]. The analysis guidance provides insights 
that directly address the user uncertainties, driving the VA knowledge 
generation process, aligning with the main goal of VA [75]. Sometimes 
the guidance is seen as an arrangement where humans and guidance 
are both agents interacting within a VA environment. This proposes 
a useful conceptualization where uncertainty is linked to the user’s 
behavior [76]. In contrast to these conceptualizations of guidance, 
which Miller [77] frames as recommendation-driven, some guidance 
is conceptualized as a different decision-support paradigm, where the 
uncertainty is mitigated by a system evaluation of the user’s analytical 
path. In the following, we summarize our findings for the five guidance 
roles.

 Analysis. Guidance in its analysis role is conceptualized as a deriva-
tion of knowledge-assisted visualization [75], where explicit knowledge 
is externalized by users and used to power the guidance process. 
Without the externalization of user knowledge, successive data transfor-
mations can only lead to lower information richness than the original 
dataset. This means that guidance, in its analytical role, needs user 
input and domain knowledge to provide something ‘‘more’’ than what 
could be achieved without it. In our conceptualization of guidance, this 
means that insight uncertainties can be overcome only by introducing 
information not present in the dataset (which are, from the system side, 
an external uncertainty). Otherwise, a problem could be automated, 
and there would be no need for a VA solution. Silva et al. [56] 
discuss foundations for eye tracking support in VA systems. They iden-
tify themes for integrating this technology for guidance as ‘‘modeling 
higher level intents’’ and ‘‘adaptive support’’, suggesting that analysis
guidance can also address hypothesis uncertainties.

Ottley [76] conceptualizes guidance using Monadjemi et al.’s agent-
based framework [78]. There, users and guidance are considered free-
acting agents interacting within a visualization environment. The af-
fordances of this environment are key to predicting user behavior and 
providing adequate analysis guidance. The uncertainties addressed in 
this strategy are mostly interaction and knowledge uncertainties. How-
ever, the source of prediction in this paradigm remains at the low scope 
of guidance (experience-driven).

Miller [77] offers a different perspective on guidance. The author 
contrasts recommendation-driven to what he proposes as hypothesis-
driven decision support, the former being system-initiative guidance 
while the latter is system-reactive, addressing uncertainty by proposing 
an evaluation of user hypotheses and decisions. Hypothesis-driven 
support acts as a second opinion that supports iterative refinement of 
solutions proposed by the user. This inversion of the initiative — the 
guidance only providing feedback to user decisions — is conceived as 
a way to reduce the uncertainty in user-driven choices, particularly in
knowledge uncertainty events such as decision-making bias and incom-
pleteness of knowledge. In this paradigm, low to medium scope guidance 
is discussed, but the high scope is discouraged as this would fall back 
into classic explainable AI, from which it departs.
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 Accessibility. Two articles from ACM Interactions stress the need 
for accessible visualization [79,80]. Haptic technologies and sonifi-
cation [48] can augment visual analysis tasks with guidance beyond 
the visual spectrum, not only for the visually or cognitively impaired. 
Elmqvist [79] proposes that the use of sound should go beyond screen-
reading (text-to-speech) and involve other sonification strategies to 
enhance disabled users’ experiences. They highlight the need for so-
lutions that do not require acquiring expensive special equipment. 
Marriott et al. [80] argue that blind users need ways to reason spatially 
about data, a type of communication not afforded by text or audio 
presentation. Elmqvist also proposes that addressing disabilities should 
go beyond blindness. An example of this has been developed by While 
et al. [81], named GerontoVis. This system recognizes older adults as 
an important group in need of guidance for impairments for which 
haptic technologies and sonification are not deemed suitable. Guidance 
here is aimed particularly at balancing visualization literacy. In our 
understanding, these works suggest translating data to media other 
than visual to address perception and interaction uncertainties.

 Collaboration. Concepts of guidance for collaboration have mostly 
focused on user-to-user, low scope guidance. In this direction, Bovo 
et al. [82] have proposed a cone of vision as a model that can effectively 
cue in collaborative settings to direct users’ attention. This model 
addresses an important and evident uncertainty in VA—namely, where 
should I look at? (knowledge uncertainty). This deictic function is key 
to bridging knowledge gaps between experts and novices (knowledge 
transfer) [82]. Kraus et al. [83] make a similar point for immersive 
analytics in remote collaboration scenarios, where participants share 
a common virtual background; thus, the guidance addresses several 
uncertainty events in the insight component.

 Design and  Informativeness. We report no recent literature that 
tackles uncertainties regarding design and informativeness guidance at 
the conceptual level.

In conclusion, recent literature conceptualizes guidance predom-
inantly in its roles of analysis, which mostly address knowledge and
hypothesis uncertainties. Analysis guidance conceptualizes the whole 
range of guidance scopes (as orienting, directing, and prescribing guid-
ance). There is, however, a potential for guidance in its accessibility role 
for addressing perception and interaction uncertainties. Collaboration,
Design and informativeness roles, as well as data uncertainties, have not 
been explored in these works.

5.2. Characterizing and designing guidance

Analysis guidance design models and frameworks are well-studied
[44]. Its theoretical foundations can also be used as generalizable 
design models for all other guidance roles. On the other hand, informa-
tiveness guidance is a trending topic in AI, i.e., AI explainability [84], 
but not within the context of VA. Interestingly, design guidance mod-
els and frameworks have also been a trending area of investigation 
recently [85–88]. This section discusses how the proposed models 
and frameworks address uncertainty in VA and the proposed design 
components.

Designing for uncertainty. Ottley et al. [89] emphasize integrating a 
mixed-initiative strategy to designing effective guidance. Their pro-
posed framework focuses on designing a mechanism to infer the user in-
tent, enabling the design of an effective mixed-initiative strategy. They 
propose modeling user behavior observations with a hidden Markov 
model. The generalizability of the method is its main challenge, es-
pecially in different analysis patterns. However, if accurate, inferences 
from users’ behavior can optimize when to address visualization uncer-
tainties in VA. It can also optimize how to address these uncertainties 
with guidance for different user backgrounds. Ha et al. [90] compare 
Ottley et al.’s [89] model to seven other modeling techniques. Their 
study reveals issues in the reproducibility of models. It also highlights 
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the challenge of generalizing models to different patterns of analysis. 
Ha et al. [90] find that accounting for bias is crucial to effectively 
implementing user intent prediction models.

Our survey yielded one framework that addresses uncertainties 
connected to collaborative analysis [91]. However, Alsaiari et al. [91] 
focus on the physical aspect of collaborative analysis. They propose 
a framework to optimize cross-device VA. The accessibility guidance
framework also addresses physical aspects of the uncertainty. These 
uncertainties are related to perception uncertainty, i.e., perceptual un-
certainty events, with frameworks to design accessibility guidance 
for users with various disabilities. However, the literature focuses on 
visual impairment disability [92–94]. Unlike simple screen-readers or 
methods integral to the VA system, they orient the user and guide their 
analysis by providing contextual and insightful information.

On the other hand, South and Borkin [95] propose a design frame-
work that addresses interaction uncertainties, i.e., thinking and usage
uncertainties events, in photosensitive users. They propose a method 
to mitigate risks for photosensitive users during navigation, filtering, 
and selection. Conversely, research on guidance design models for users 
with intellectual and developmental disabilities (IDD) is scarce [96,97].

Design guidance models and framework addresses uncertainties in 
visualization. They mainly focus on uncertainties in visual mapping [86,
88]. These models are also calibrated to address user-related uncer-
tainties, such as incomplete knowledge. For example, Wang et al. [88] 
propose to direct the design of visualization to assist the user who lacks 
expertise in the design of visualization and to save them time. Their 
framework proposes using a chart knowledge-based library to address
mapping uncertainties. This strategy can optimize recommendations for 
different data. However, it is only effective for statistical charts.

On the other hand, Qian et al. [87] focus on user-context. They 
propose to eliminate data dependency in the recommendations. Their 
framework proposes designing user-specific guidance by observing im-
plicit and explicit user feedback while addressing visualization uncer-
tainties.

Analysis guidance frameworks address uncertainties in the VA cycle’s 
user interaction, knowledge, and perception components. They propose 
general steps and guidelines and discuss design decisions and risks. 
The uncertainties are addressed by analyzing the analysis goals and 
knowledge gaps [98]. However, the generality of the frameworks can 
also present new uncertainties to the design space. Gómez et al. [99] 
propose a more specific strategy to address clinical application uncer-
tainties. Their framework specifically targets domain experts to tackle 
uncertainties in the user insight component. Specifically, the frame-
work addresses the uncertainties in thinking and interacting with com-
plex data. On the other hand, Lohfink et al. [100] address knowledge
uncertainties by framing their work as a knowledge-assisted system.

The literature presents different focal points. We reviewed agent-
based [78], task-driven [39], and co-adaptive [101] frameworks. A 
co-adaptive [101] design framework emphasizes a user-specific uncer-
tainty analysis. Its success is dependent on accurate models to exter-
nalize uncertainties in real time. Additionally, Monadjemi et al.’s [78] 
agent-based strategy considers the system’s behavior as an agent in a 
mixed-initiative process. This strategy boosts the design space; thus, it 
adds a new layer of complexity to design decisions.

Conversely, Pérez-Messina et al. [39] propose a methodology for
analysis guidance design that generalizes uncertainty through abstract 
tasks. Thus, uncertainty is framed as a pre-diagnosed problem. The 
result, which encompasses all scopes of guidance, follows from a struc-
tured analysis of uncertainty associated with each user search task.
The anatomy of design models. Design guidance frameworks present 
partial components to address specific problems, such as mechanisms 
to observe feedback for a user-specific recommendation [87] or a 
pipeline to design data-agnostic visualization recommendations [88]. 
Additionally, Ahmad et al.’s [85] pipeline focuses on boosting the 
performance and cost-efficiency of visualization recommenders. Con-
versely, Lei et al. [86] propose GeoLinter as a framework that guides the 
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user in addressing errors in mapping choropleth maps. Although they 
focus on one visualization type, Lei et al. [86] present a practical and 
complete design guidance framework. Their framework builds on three 
guideline components to classify recommendations, cartographic sym-
bology, and map projects, thus addressing visualization uncertainties, 
i.e., mapping uncertainty events.

The limitations in addressing different chart types are also present in 
frameworks to design accessibility guidance. Components to provide an 
overview or detail on request are an integral part of a VA system for 
visually impaired users delivered with screen-readers or touch-based 
assistance. However, the guidance aspect of the system is achieved 
with the context and insight-awareness elements. This strategy can be 
leveraged to address interaction or perception uncertainties. A context-
awareness component in the accessibility frameworks is a common 
aspect that orients visually-impaired users during the analysis [92,94]. 
However, for practicality, these frameworks must present more details 
on designing strategies to detect and convey context during VA. Context 
detection can be supported with element detection models [93]. This 
detection model can also be a helpful addition to the accessibility 
design framework that supports users with photosensitivities [95].

On the other hand, although they do not propose a framework, 
Lundgard et al. [102] discuss helpful sociotechnical design guidelines 
that can be incorporated into accessibility guidance frameworks. Un-
like frameworks for the visually impaired, guidelines to design IDD
accessibility guidance emphasize values and characteristics of the design, 
mainly empathy [97]. Wu [96] does not present a model to design
accessibility guidance. However, she proposes visualization guidelines 
that help integrate them into frameworks to design IDD accessibility 
guidance. Besides perception and interaction uncertainties, Wu [96]’s 
proposed guidelines can support designers in addressing visualization
uncertainty for an inclusive guidance design that considers the needs 
of visually impaired users.

Pérez-Messina et al. [42] propose a helpful typology that can sup-
port thinking about a guidance design framework. The four high-level 
questions, why, how, what, and when, offer a blueprint for decision 
trees that can develop guidelines for design frameworks. It can also 
offer a basis for analyzing design requirements and defining the design 
space. By identifying the flow of uncertainty to the user, the framework 
allows the designer to address interaction uncertainties by offering 
guidance at the optimal time—when needed and helpful only.

Analysis guidance offers an opportunity to adapt to different guid-
ance categories. Ceneda et al.’s [37] framework is a stepping stone for 
much work on analysis guidance in VA. It presents a comprehensive 
design framework. The framework maintains the broadness of the steps 
to allow for the model’s generalizability. However, the general steps
presented support guidance designers in the process in a practical 
way. It also discusses possible risks to consider. Ceneda et al.’s [37] 
framework, seen in Fig.  8, proposes four iterative steps supported by 
12 questions and five requirements. Thus, the designer’s reasoning 
impacts the framework’s applicability. However, more concrete eval-
uation methods are needed to assess the guidance design and design 
frameworks.

Moreover, externalizing analytical uncertainties and properties of 
users’ attitudes, such as confidence and trust [103], is a prerequisite 
for the practical application of the design framework. This prerequisite 
is also highlighted in the work of Sperrle et al. [40]. Their proposed 
framework introduces four linear elements with a partial iterative 
loop. The first two elements, guidance design space and specifica-
tions, inform the guidance engine’s iterative design and adaptation 
to the VA workspace. They emphasize a context-aware and strategy-
centered strategy supported by a guidance library to implement the 
strategies. Complementarily, Wang et al. [17] propose a workflow 
to externalize user intent. Their strategy could improve the guid-
ance design frameworks, especially user-centered design models. Jianu 
et al. [104] propose detecting thinking and perceptual uncertainties 
with the eye-tracking technology to provide timely guidance. Their 
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Fig. 8. A framework for guidance designers [37].

design framework emphasizes that the system should allow the user to 
maintain agency by finding the right balance between automation and 
guidance. The timeliness of guidance is also emphasized in the work 
of Pérez-Messina et al. [105], which address the issue of data size and 
complexity. Their work proposes a framework that couples guidance 
with progressiveness to prevent analysis from stalling.

Sperrle et al. [101] present a co-adaptive framework emphasizing 
user context. Their framework looks at guidance in the context of 
the overall VA process. The workflow is resource-intensive, which can 
hinder its applicability. These challenges are also present in the agent-
based framework of Monadjemi et al. [78]. However, their proposed 
framework is simplified at a higher level of abstraction. It does not offer 
clear guidelines and steps for designing guidance. A co-adaptive agent-
based strategy is concisely summed in the conceptual model proposed 
by Holter and El-Assady [106].

On the other hand, similar to Ceneda et al. [37]’s framework, Pérez-
Messina et al.’s [39] task-driven methodology allows domain-based 
generalizability by characterizing user and guidance tasks. Conversely, 
Gómez et al. [99] incorporate the analysis guidance design recom-
mendations within a more specific framework to design VA in clinical 
applications. The framework adopts a narrow scope; thus, it is challeng-
ing to generalize to other domains. Nonetheless, it offers an interesting 
strategy to incorporating guidance design decisions within the VA 
design decisions. It presents guidance as VA-specific and offers an 
opportunity to boost its effectiveness. Conversely, Lohfink et al.’s [100] 
work is narrow from the visualization perspective. They discuss design 
strategies for two chart types: a line graph and a spiral plot.

In conclusion, various frameworks for the design of guidance sys-
tems emphasize the importance of a user-context design, for example, 
by inferring user intent or optimizing guidance for user expertise. User 
context is particularly crucial in designing accessibility guidance that 
addresses the needs of diverse users with various disabilities. Moreover, 
proposing guidelines can be helpful in effectively following models to 
drive design decisions.

6. Guidance methods and techniques

This section examines how distinct guidance techniques have been 
leveraged to address uncertainty in diverse VA scenarios. We also 
illustrate how the proposed methods enhance decision-making by pro-
viding guidance to the user. Moreover, we highlight which guidance 
methods and encoding can work better than others to address specific 
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uncertainty events. We include a summary of the main results of the 
taxonomy in Fig.  9. In the supplementary material, a tabular overview 
provides a more detailed view of the survey results. The subsections 
are structured to correspond to the taxonomy discussed in Section 4. 
Each subsection reviews the literature thematically on: (1) the uncer-
tainty components and events addressed by the guidance role, (2) the 
guidance scopes useful for addressing uncertainties, and (3) the features 
of guidance and how they are implemented. We organize the first and 
second themes by the most prevalent in the literature. The third theme 
cross-discusses the six features of a guidance for comprehensibility and 
concludes with how guidance is implemented.

6.1.  Analysis

In this section, we discuss 30 papers that present techniques for
analysis guidance. Some proposed guidance strategies mend future 
knowledge gaps by addressing uncertainties in the hypothesis, insight-
perception, and insight-knowledge components of the VA cycle. Other 
strategies provide feedback to the user on their insight-interactions, 
i.e., confirmatory and predictive strategies. Although research on con-
firmatory and predictive strategies in VA is abundant, only a few prior 
works present solutions that act as analysis guidance to the user.
Uncertainties. Most of the work on analysis guidance seems to address 
user thinking and perceptual uncertainty events. Chen et al. [107] at-
tempt to also address memory and incomplete knowledge uncertainties 
by guiding users in a notebook environment. Their work focuses on 
revealing structures in the process and exploration provenance. Addi-
tionally, incomplete knowledge uncertainty was addressed in the work of 
Han and Schulz [38]. Contrary to Chen et al. their method addressed 
temporal uncertainties.

Leveraging a reinforced learning-based system, Shi et al. [108] ad-
dress usage uncertainty among users with low visual analytics expertise. 
Similarly, Jiang et al. [109] develop a guidance mechanism that can 
address the lack of expertise among some users. Their approach aims 
to address the complexity of exploring the data and the knowledge
uncertainty that comes with it.

Prediction models can be employed to provide analysis guidance. 
This strategy relies on predictions primarily to address thinking un-
certainty events [110–113]. Gadhave et al. [110] predict patterns in 
user intent, guiding the user by addressing thinking uncertainties. This 
strategy could also benefit collaboration guidance by addressing user
interaction uncertainties resulting from various expertise levels. On 
the other hand, Monadjemi et al. [114] propose that predicting user 
intent from their low-level interactions can help address exploration 
biases; thus, it addresses decision-making bias uncertainty (knowledge
component).

Besides thinking uncertainties, feedback in the analysis guidance can 
also address usage uncertainty events (interaction component). This 
technique helps the user by providing a better understanding of their 
interaction with the system [115,116], and the approach continuously 
monitors user actions during the analytical process. For example, Li 
and Zhu’s strategy [115] supports the user interaction in 3D analytics 
by providing constant feedback or feed-forward on their interactions. 
In comparison, Paden et al. [57] help users by providing feedback on 
their analysis not their interactions. An interesting guiding mechanism 
that infuses both analysis and informativeness guidance is proposed by 
Han et al. [117]. Their strategy addresses thinking, perceptual, and
memory uncertainty events in the insight component. On the other hand, 
the informativeness aspect addresses uncertainties in the knowledge as 
well as hypothesis components, i.e., incomplete knowledge and parame-
ter, respectively. Valdivia and Baca [118] finally propose a guidance 
mechanism that addresses interaction uncertainties while fostering user 
trust by adding a layer of explainability to guidance, i.e., explainable 
guidance [119].
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Fig. 9. A table depicting our main findings, following our proposed taxonomy w.r.t. guidance roles, scopes (low, intermediate, and high), and uncertainty 
components (data, hypothesis, visualization, and insight), with the purpose of showing which categories are still in need of further development. Although not 
very common, a guidance tool can address multiple uncertainty components.
Scope. In analysis guidance, guidance-enhanced VA designers prefer 
to present low-scope guidance when they target domain experts to 
avoid a conflict with users’ expertise and knowledge. This trend has 
been confirmed in the evaluation of Pérez-Messina et al.’s color-scheme 
guidance [62], seen in Fig.  10. They support the unexploded ordnance 
detection system with orienting guidance (low scope) and prescribing 
guidance (high scope). The user study showed that the expert domain 
users only used the orienting guidance and did not use the prescribing 
guidance. However, the orienting guidance does not seem sufficient to 
some users, especially in the presence of data uncertainty [11,120].
Analysis guidance can also be used to orient the user with low-scope
experience-based predictions [111–113]. For example, Wang et al.’s 
strategy [112] constructs analysis guidance by assessing the user’s ex-
perience in the VA, i.e., the user’s exploratory patterns. The low-scope 
is also preferred when providing the user with feedback on their 
interaction, i.e., feedback on whether the user’s interaction intention 
agrees with the system status after the interaction [115].

However, an intermediate scope is also common with analysis guid-
ance. Analysis guidance often directs users by displaying ranked data-
driven forecasts [110]. This scope aims to address uncertainties in 
different contexts. For example, Leite et al. [121] add directing guid-
ance (intermediate scope) to their orienting guidance (low scope) to 
limit arbitrariness in the user’s analytical decisions. On the other hand, 
Han et al. [117] present an intermediate-scope guidance, presenting the 
user with several trajectories to drive their analysis. In this case, the 
user has the option to control how much guidance they receive. In 
strategies targeting the general public, the intermediate-scope guidance 
seems more helpful [107,122,123]. Yen et al. [124] break this trend 
by proposing a high-scope and low-scope guidance to a domain-agnostic 
solution.

On the other hand, mechanisms addressing a visualization problem 
seem to prefer using a high-scope guidance [63,125]. This scope is 
less common with analysis guidance. When designed, it is often added 
to other scope options. For example, for users with low visualization 
expertise, Shi et al. [108] present both intermediate-scope guidance in a 
suggestion panel and high-scope guidance with a step-by-step sequence 
of abstractions. Providing high-scope guidance seems more helpful when 
it provides feedback on their analysis, as this task requires higher 
accuracy [57]. Few methods attempts to focus on designing multiple 
scopes. In our surveyed analysis guidance, only Valdivia and Baca’s 
guidance mechanism [118] supports user analysis with three different 
scopes, low, intermediate, and high, based on their needs and the context.
Features. Analysis guidance can provide feedback on the system status,
model’s results, or thinking biases (Why?). In the papers surveyed, the 
guidance approaches provide feedback by tracking user’s interaction as 
an input to an explicitly-programmed algorithm (What?). The reviewed 
methods target all users of the system without considering specific user 
contexts (To whom?), and they usually present the guidance intrusively
on the visualization (Where?). The guidance can be presented to the 
user continuously or upon gap detection (When?).
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Fig. 10. Example of an analysis guidance; Pérez-Messina et al.’s [62] color 
scheme to guide the user in low scope (blue), high scope (orange), and no 
guidance (green).

For example, Li and Zhu [115] use animation to present a continuous
visual feedback on users’ interactions during a 3D VA session. Their 
strategy leverages the narration structure to maintain the user’s trust in 
the system. Their strategy uses light, color, and shape (cubes and bub-
bles) (How?) to boost users’ confidence in the usage of the system and 
to enhance the sense-making process. Similarly, Narechania et al. [116] 
use coloring as an intrusive strategy to orient the user about their 
interaction. However, they also present a quantification of the analytic 
behavior using three other non-intrusive guidance tools, such as tabular 
views and distribution plots, to allow the user to understand their 
analytic behavior better. Their guidance qualifies on which attributes 
the user focuses on.

Other strategies [57,117,126] aim to promote insight discovery and
mitigate bias by providing feedback to the user on their interaction. 
Paden et al.’s BiasBuzz [57], for example, provides haptic guidance of 
user thinking biases. This feedback is presented when a bias is detected, 
i.e., on-gap. Han and Schulz [126] also leverage vibrations as a channel 
to provide user guidance. However, their studies show that the vibro-
tactile cues are not better guidance forms than the visual cues (How?). 
It can be more effective to use both channels in a complementary 
fashion.

Analysis guidance can also support users with predictions. This 
guidance can be an ad-hoc to support specific domain users or they can 
be domain agnostic [110] (To whom?). They use prediction models 
(What?) to enhance the sense-making process (Why?) by suggesting 
ranked options in a separate box (Where?) on-demand (When). These 
suggestions are usually presented to the user with color highlighting 
(How?).

For example, Gadhave et al.’s strategy [110] presents ranked predic-
tions to guide the user in their analytical process. They input interaction 
provenance and user annotations into their intelligent algorithm. Al-
though they do not describe a complete guidance mechanism, Gotz 
et al. [111] and Wang et al. [112,113] present a partial structure of 
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prediction techniques, counterfactual operators, that can help design 
a guidance tool. Their proposed guidance can also be implemented 
for informativeness guidance. It aims to enhance users’ understanding 
and improve decision-making. Additionally, Wang et al. [113] present 
the Co-op library that proposes guidelines for visually designing the 
guidance from the counterfactual computations. On the other hand, 
Monadjemi et al. [114] present a practical Bayesian inference strategy 
to predict user intent. Their method can help design analysis guidance
based on user interaction. However, the paper stops short of proposing 
how these inferences can be visually integrated into the VA to guide 
the user in their analysis.

Other surveyed analysis guidance present a diversity in goals (Why?),
strategies (What?; How?), and settings (When?; Where?). The sur-
veyed strategies target users with different expertise levels (To
whom?). Several papers use Ceneda et al.’s [37] framework to design 
their analysis guidance strategies [118,120,127,128].

For example, Piccolotto et al. [120] propose four different guidance 
mechanisms to enhance the sense-making process. The mechanisms 
guide the user in selecting exploration parameters with an intelli-
gent algorithm that computes relations, correlations, and covariances. 
They present the guidance in several charts, such as tabular views, 
parallel coordinates plots, and line plots. This guidance is displayed 
non-intrusively in a separate box. Leite et al. [121] also integrate 
multiple components into their proposed guidance mechanism. They 
use a combination of chart views to direct the user and color highlights 
to orient them and preserve their mental map. Also, Musleh et al. [11] 
aim to preserve users’ mental maps by guiding them through the 
uncertainties in radiation doses in brain CT scans.

Musleh et al. [11] continue the trend of integrating a multitude 
of intrusive and non-intrusive mechanisms to guide domain experts. 
Their strategy considers a matrix of guidance detail-orientation and 
intrusiveness, presenting six combinations of guidance features that 
can be delivered on demand. Filipov et al. [63] also provide guidance 
on demand to support the exploration of a temporal network using 
coloring as a guidance mechanism.

Unlike the general trend, Li et al. [122] address uncertainties for a 
general user population that lacks analysis expertise (To whom?). They 
employ a long short-term memory (LSTM) model that uses sequences of 
view abstractions and interactions as input to recommend interactions 
to the user. Harris et al.’s [123] strategy also offers guidance through 
view abstractions. Their method infers insights from the charts and em-
ploys a ranking algorithm to output insightful visual recommendations. 
On the other hand, Yen et al.’s [124] strategy supports a general user 
population by presenting guidance as glyphs flashing on the screen 
to draw users’ attention to visual evidence of patterns. They also 
recommend visualizing other data features to the user in another view 
box. Their strategy enhances sense-making. Several papers [62,63,108,
127,128] present strategies to guide users in analyzing temporal data 
to promote insight discovery in time-series data. Shi et al. [108] target 
users with low VA expertise. To improve users’ understanding and 
facilitate the exploration, their strategy presents an analysis abstraction 
sequence with verbal insights.

The analysis guidance can also be presented when a knowledge 
gap is detected, i.e., on-gap. Identifying a gap can be a challenging 
task. However, Han and Schulz [38] propose to use a multiple-criteria 
decision analysis model to detect the need for guidance. Their strategy 
is domain-agnostic and uses visualization charts to guide the user. 
Ceneda et al. [98] propose facial recognition as another helpful mech-
anism to detect a need for guidance. Studies show that co-adaptive 
methods can help optimize guidance to address the uncertainties ef-
fectively [53,129]. Rodrigues et al. [129] propose using eye-tracking 
in optimizing recommendations to facilitate pattern discovery. On the 
other hand, Sperrle et al. [53] propose a mechanism, seen in Fig. 
11, that observes direct and indirect user feedback to decide when 
to provide guidance, i.e., on-gap. They support their verbalized guid-
ance with an explanation to boost users’ trust. User trust is further 
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enhanced with the verbalization form of the guidance. Srinivasan and 
Setlur [130] also leverage what they call conversational visual analysis
to provide trusted guidance. Their natural language-based algorithm 
uses metadata as input. Similarly, Witschard et al. [125] propose using 
multiple embeddings to compute text similarity. Their guidance is 
presented as glyphs that direct the user in setting the thresholds for 
each embedding.

Multiple contexts drive the design of analysis guidance. For example, 
Srinivasan and Setlur’s guidance is driven by the so-called context state 
object. This context-aware model is constructed with three components: 
active charts and mark selections, most recent utterance, and user 
interaction logs (attributes, values, intents). The latter item is used to 
calculate an interaction score. Although the context-aware approach is 
common in guided VA, the components of the analyzed context may 
differ. For example, Han and Schulz’s [38] framework analyzes who the 
users are, their goals and tasks, their resources and their environment. 
In their work, guidance implementation is a three-step process which 
builds on the context to further identify decision points and assess need 
for guidance.

6.2.  Accessibility

We reviewed nine papers discussing accessibility guidance strategies 
that support users with disabilities through the VA cycle. These mech-
anisms are part of a broader toolkit known as assistive technologies, a 
common term used to describe accessibility guidance.
Uncertainties. Accessibility guidance primarily addresses thinking uncer-
tainty in the interaction component of the VA cycle. In the reviewed 
papers, this uncertainty stems from users’ visual impairments, which 
limit their ability to perceive and, thereafter, think about and interact 
with visualizations. Guidance mitigates this with chart information at 
increasing levels of granularity and communicates it to the user through 
alternative sensory systems. For instance, AutoVizuA11y [131] surfaces 
low-level metadata as well as high-level summaries accessible through 
screen readers.

Guidance can also address other uncertainties in the insight compo-
nent. For example, TactualPlots [132] uses auditory feedback to address
usage uncertainty that arises from interacting with tactile plots, while
AutoVizuA11y [131] provides keyboard shortcuts for navigating the 
chart as well as retrieving different levels of information. In our papers, 
the uncertainty of incomplete knowledge is addressed with screen-readers 
that are integral for users with total visual impairment and, there-
fore, outside the scope of guidance. However, guidance can address 
incomplete knowledge for users with other grades or forms of visual 
impairments, e.g., low vision, focus impairment, and color blindness.

While these technologies also address limitations in visual per-
ception, we did not classify them as perceptual uncertainties due to 
Gillmann et al.’s [8] uncertainty taxonomy, which defines percep-
tual uncertainties as cognitive limitations. Uncertainty events have not 
been defined for VA users with visual impairments or other forms of 
disabilities.

Scope. The reviewed papers present varying scopes of guidance. Unlike 
the trend with analysis guidance, an intermediate scope that directs 
the user with multiple inferences is more common with accessibility 
guidance. For example, Alam et al. [64] provide intermediate-scope
guidance in the form of chart descriptions of varying granularity as 
seen in Fig.  12(a), e.g., metadata vs. descriptive statistics. On the 
contrary high-scope guidance, presents an assertive guidance with one 
inferred summary. For example, Obeid and Hoque [65] provide high-
scope guidance that gives users a single summary of the visualization 
with descriptive statistics to direct the user to a specific analytical path.

Only one paper by Chundury et al. [132] describes only a low-scope
guidance in the form of auditory feedback for finding insights. Couple 
of papers provide more than one scope of accessibility guidance. For 
example, as illustrated in Fig.  12(c), AutoVizuA11y [131] can provide
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Fig. 11. Example of an analysis guidance; Sperrle et al.’s [53] adaptive model to provide guidance; it highlights how indirect (orange) and direct (green) feedback 
is leveraged to construct a context-aware guidance (blue).
low-scope guidance, such as navigating chart elements of a bar graph. 
But it also provides intermediate-scope guidance, such as generating data 
descriptions of varying granularity or calculating statistical insights us-
ing keyboard shortcuts. Note that the scope of guidance depends on the 
grade/level of visual impairment. Take Hoque et al. [58] for example, 
which presents a strategy that provides natural-sound data sonification 
as a way to interpret the data as seen in Fig.  12(b). For users with low 
to partial visual impairment, this can be considered intermediate-scope
guidance that provides multiple analytical paths, e.g., visual and audio. 
For users with total visual impairment, data sonification is presented 
as a high-scope guidance that provides a single analytical path, if not 
integral to the system.

Features. In the papers reviewed, all systems were intended for users 
with visual impairments, specifically blind or low vision (To whom?); six 
papers involved their target users in the design and/or evaluation [58,
64,131–134]. The guidance mechanisms in these systems aim (Why?) 
to enhance understanding of the dataset, e.g., [64], promote insight 
discovery, e.g., [132], and facilitate usability and navigation of the 
chart, e.g., [131]. As mentioned in the scope section, some systems 
fulfill multiple goals by providing knowledge at different levels of 
granularity and insight [58,64,131].

Guidance given in the form of verbal/text (How?) can be generated 
and ranked using AI-based algorithms (What?), e.g., natural language 
generation [64,65], large language models (LLM) [131,133], or rule-
based [134–136]. In contrast, audio guidance strategies (How?) are 
generated only with explicitly programmed algorithms (What?).

Most accessibility guidance is on-demand (When?), except for
SeeChart [64] that provides chart summaries on-demand but updates it
continuously while the chart is being manipulated. Spatially, guidance 
in the form of text can appear in the margins of the system (Where?), 
such as beside or below the chart [64,65,134,136]. It can also appear in 
the screen-reader view [131] or in auditory space [58,132]. The timing of 
guidance is identified as a critical design consideration [44]. However, 
some papers do not explicitly describe the timing of their proposed 
guidance [65,135]. Moreover, Al-Kady et al. [135] do not specify the 
spatial setting of their proposed guidance.

Similar to some analysis guidance tools [130], accessibility guidance 
is also driven by detecting the state of the chart and marking. However, 
the modeling of the guidance seems to be more constrained and less 
dynamic. For example, after detecting the context, Alam et al. [64]’s
SeeChart implements a template-based natural language general ap-
proach. The scope of the template is constrained to the evaluation 
conducted by the researchers for a particular work. This limitation is 
also present in the audio-based guidance in Susurrus [58], as seen in 
Fig.  12(b). Data is mapped to natural sound meaningful to the specific 
research, which may not be generalizable.
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6.3.  Collaboration

Collaboration guidance helps the user by augmenting and integrating 
knowledge from other users into the process. The guidance is imple-
mented as an auxiliary to a VA system. In this section, we discuss 
11 papers presenting collaborative strategies to guide users in VA. 
The proposed guidance role takes several forms, addressing multiple 
uncertainty types in the VA-cycle components.
Uncertainties. The collaboration guidance strategies address different 
uncertainty events within the insight component (Fig.  2). All the pa-
pers propose strategies to mitigate uncertainty events produced by the
knowledge component. The user’s incomplete knowledge (i.e., the uncer-
tainty) is a target concern of all the papers that presented collaboration 
guidance strategies. On top of that, few papers addressed user ignorance. 
This trend is prevalent in systems that aim to mitigate the gap between 
data scientists and domain experts [59].

For example, Langer et al. [59] address the ignorance of data scien-
tists in analyzing complex industrial data, see Fig.  13(a). They leverage
collaboration guidance to address this uncertainty with provenance for 
domain experts. Similarly, Liu et al. [137] augment insight generation 
from multiple users with diverse domain expertise. Also, the so-called 
Casual Collaborative VA by Ens et al. [138] leverages multiple tangible 
and immersive modalities and diverse user expertise to guide a user 
to make a knowledgeable decision. Contrary to both, Li et al. [68] ad-
dress ignorance uncertainty through an asynchronous guidance strategy. 
Their strategy merges VA abstracts and insights of multiple users to 
detect knowledge conflicts. In doing so, they also target the percep-
tual and thinking uncertainties. Similarly, Liu et al. [137] help users 
improve their cognitive ability to understand and think about volume 
data by leveraging knowledge from multiple users in multiple analysis 
modalities.

The uncertainty events in the perception and interaction components 
have also been addressed in other collaboration guidance strategies. 
Mathisen et al. [67] address three challenges, two related to uncer-
tainties in the collaborative context. Their strategy records details of 
an analytical session to address the diversity in expertise and interest 
levels on one hand and the non-linear collaborative analytics on the 
other. Thus, their strategy addresses memory uncertainty. Similarly, 
Park et al. [139] and Coelho et al. [66] propose strategies that guide 
the user through memory uncertainty. The latter also aims to address
decision-making bias, an important uncertainty event that should be em-
phasized more in the collaboration guidance strategies. Park et al. [139] 
also address the perceptual uncertainty in the perception component. 
This uncertainty is addressed by Garrido et al. [140] by leveraging 
the capabilities of Unity3D and virtual reality. Virtual reality is also 
leveraged in the strategies of Ens et al. [138] and Bovo et al. [141] to 
mitigate users’ interaction uncertainty, i.e., usage uncertainty.
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Fig. 12. Examples of accessibility guidance; (a) SeeChart generates natural lan-
guage summaries of D3 charts, Figure courtesy of Alam et al. York University 
from their work [64]; (b) Susurrus sonifies data (bottom) by mapping natural 
sounds (top right) to chart elements (top left) enabling users to perceive 
multiple data points in parallel [58]; (c) AutoVizuA11y provides multiple scope 
guidance via keyboard shortcuts by presenting intermediate-scope guidance 
(data descriptions) or low-scope guidance (navigation elements and statistical 
insights) [131].

Scope. Like accessibility guidance, an intermediate scope is more common 
when designing collaboration guidance. The synchronous collaboration 
tools, e.g., Reski et al.’s [142] hybrid asymmetric system, guide users’ 
analysis with real-time options of insights to pursue. This intermediate-
scope guidance is also afforded in Mathisen et al.’s [67], InsideInsights
seen in Fig.  13(b), data-driven narratives and Li et al.’s [68] guidance 
method. These strategies present multiple options to the user to resolve 
conflicts that arise from uncertainties in the perception component. 
However, these two guidance strategies also allow a high-scope guidance 
that directs the user’s analysis into one path by presenting a complete 
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Fig. 13. Examples of collaboration guidance; (a) Overview of Langer 
et al.’s [59] guidance design;(b) Mathisen et al.’s [67] InsideInsights guidance 
generate analytical narratives with intelligent algorithms.

resolution path to conflicts in insight arising from memory or thinking
uncertainties.

Collaborative guidance can address knowledge uncertainties by pro-
viding a low-scope guidance to raise user awareness of their decision-
making bias [66] and insufficient knowledge [137,138]. An interesting 
disagreement arises in the best guidance scope to address perceptual
uncertainties. While Liu et al. [137] direct the analysis by augmenting 
multi-user knowledge into one ideal path based on their assigned 
tasks. Conversely, Park et al. [139] propose a low scope of collaboration 
guidance by presenting a trail view of how users perceive different 
insights in similar VA tasks.
Features. Collaboration guidance strategies are multi-modal. Techniques 
that propose leveraging synchronous immersive analytics with physical 
systems (How?), such as augmented reality (AR), virtual reality (VR), or 
cross-virtuality (XR) [140–143], use real-time data as an input to their 
guidance techniques. The guidance output is also in the AR/VR/XR 
mechanisms and verbal communication (What?). Additionally, Garrido 
et al. [140] and Seraji et al. [143] present guidance in using color 
highlighting (How?). This guidance form is also used by Liu et al. [137] 
who use multiple physical machines and an explicitly programmed 
algorithm that inputs real-time data to output real-time insights and 
abstractions as guidance (What?). On the other hand, Ens et al. [138] 
propose leveraging tangible widgets [138] to support asynchronous 
analytics that uses insight provenance as an input to provide users with 
an analysis narrative as guidance (What?). In synchronous analytics, 
the guidance is continuous (When?). Contrary to the asynchronous 
strategies, where guidance is provided on-demand (When?). The guid-
ance in the strategies that leverage physical systems is presented in the 
VA pipeline and processes (Where?).

On the other hand, other techniques trace insight and abstraction 
provenance as input to generate guidance with explicitly programmed 
algorithms [59,66,68,139] or intelligent algorithms [67] to generate 
the guidance. These algorithms generate guidance as blockchains [66], 
insight graphs [68], abstracts graphs [139], or analysis narratives and 
annotations [67] (What?). The guidance is presented in different forms, 
such as glyphs [66], node-link diagrams [68,139], or verbal text [67] 
(How?). While Coelho et al.’s [66] and Li et al.’s [68] strategies present 
non-intrusive guidance in the margins, Mathisen et al. [67] and Park 
et al.’s [139] strategies provide the guidance intrusively on the visual-
ization (Where?). Li et al.’s [68] insight graph is provided on-demand, 
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similar to Park et al.’s [139] story facets. However, the algorithm of the 
guidance attempts to resolve conflicts on gap detection. This strategy is 
in contrast with Mathisen et al. [67] and Coelho et al.’s [66] strategies 
that present the guidance continuously during the analytical process 
(When?).

Finally, the collaboration guidance methods aim to promote insight 
discovery, enhance user understanding, and improve decision-making 
by sharing knowledge and creating mutual awareness between domain 
users of different expertise levels and backgrounds (Why? and To 
whom?). Some guidance in physical systems is calibrated for system 
experts as well [138,142]. Naturally, collaboration guidance in physi-
cal systems involves analytical communication between users [138]. 
Interestingly, other strategies also guide the user in communicating 
with external stakeholders [66,139]. Currently, this lies outside the VA 
cycle. However, we discuss this interesting gap in Section 8.3.

Opposite to the common context detection, collaboration guidance, 
guidance is driven by contextual mismatch. However, as most other 
guidance roles, observing user interactions and chart states is the main 
source for contextual detection. Collaboration guidance, unlike analysis 
guidance for example, is not called-up through an automated process. 
The user declares the need for guidance.

6.4.  Design

Design guidance supports users in effective visualization design by 
addressing visualization uncertainty. In this section, we discuss 11 pa-
pers describing guidance strategies that support users in designing and 
encoding visualization to support an effective VA.
Uncertainties. In the reviewed papers, uncertainties primarily stem 
from the limits of the user’s knowledge concerning visualization design 
and implementation. These limitations hinder the user from mapping 
data to visual variables to support analytical tasks. Guidance can help 
address a user’s visualization-mapping uncertainty by ranking visualiza-
tions using some measure of visualization expressiveness and effective-
ness for the given dataset [60,70,144,145] or generating intent-based 
visualizations to address uncertainties with task abstraction [145–147]. 
These strategies increase the time-efficiency of visualization construc-
tion by fully automating the design of recommendations [60,70,145–
149] or by providing users with ‘‘next steps’’ for the visualization de-
sign process [150]. Design guidance also addresses visualization-mapping
uncertainty by drawing attention to erroneous design decisions that 
may have been missed by the chart author [69,151]. One paper by Zhu 
et al. [147] touches upon insight uncertainty in addition to visualiza-
tion uncertainty, describing visualization recommendation as a way of 
exploring dataset possibilities and capturing overlooked insights.
Scope. The majority of reviewed papers describe a single scope of de-
sign guidance. Seven applications describe high-scope guidance that rec-
ommends and often ranks fully-designed visualizations to the user [60,
70,145–149]. For example, Chen et al. [70] recommend fully-designed 
visualizations based on the appropriateness of chart idioms and color 
aesthetics for a given dataset. Though full designs are given to the user, 
some applications allow the user to use portions of the recommended 
visualizations, e.g., [146] or adjust their visual design, e.g., [149].

Three papers present low-scope guidance enhancing the original, 
underlying visualization without altering it. Both VisualLint [69] and
EmphasisChecker [151] guide the user in avoiding visualization design 
pitfalls by adding annotations overlaying erroneous chart elements.
AdaptiveMaps [144] adds checkmarks next to visualization idioms that 
suit the input dataset but does not bar the user from exploring other 
idioms.

One application describes mixed scopes of guidance. Mystique [150] 
starts with low-scope guidance that suggests data mapping steps to the 
author without altering the visualization but ends with intermediate-
scope guidance by inferring visual encodings for the user.
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Features. In the reviewed papers, design guidance tends to have one of 
the following goals (Why?) and users (To whom?): (1) lower design 
and/or programming skill barriers for visualization novices, or (2) ease 
the discovery of insights for data workers. For the first goal, applications 
support visualization novices at the encoding level, e.g., glyphs [149], 
local level, e.g., individual chart [60], or global level e.g., dashboard 
compositions [146] as seen in Fig.  14(a). Applications can also meet 
the first goal by helping novices recognize visualization pitfalls. For 
example, VisualLint [69] guides chart authors with low visual literacy 
by rendering sketchy annotations on top of erroneous chart elements, 
as seen in Fig.  14(b). On the other hand, Dowsing [147] is an example 
of the second goal; this application generates task-based visualizations 
to help analysts explore the dataset and find insights.

Design guidance tends to present on-demand at the start of the design 
process (When?), as a main panel of a dashboard (Where?) displaying 
a list of ranked visualization recommendations (How?). This ranking is 
determined by an explicitly programmed or machine learning (neural 
network-based) algorithm (What?), and there is a balanced split be-
tween these two strategies in the reviewed papers. For example, Chen 
et al. [70] describe a neural network-based visualization recommender 
that displays ranked visualizations in a central dashboard panel. While 
Pandey et al. [146] describe an explicitly-programmed algorithm to 
score recommendations based on user-specified analytical intent, data 
attributes, and views of interest.

There are certainly exceptions to the norm. Systems with a low 
scope of design guidance provide support on-gap (When?). For exam-
ple, VisualLint [69] and EmphasisChecker [151] both provide guidance
only when erroneous design choices are detected. Spatially, these two 
guidance mechanisms also appear ‘‘in situ’’ (Where?) as sketchy an-
notations, overlaying the original chart for a more direct mapping to 
the source of error. Similarly, Mystique [150] provides guidance as 
visual cues overlaying the constructed chart. Some systems place the 
recommended visualizations in the margins of a dashboard (Where?). 
For instance, GlyphCreator [149] and Dowsing [147] generate recom-
mended charts in the margins, which are later added to a canvas by 
the user to organize or explore their ideas. Lastly, some mechanisms 
do not provide a ranked list of design options. These mechanisms show 
only one design possibility per input [69,146,148,150,151] or multiple, 
unranked design possibilities [144,149] (How?).

Design guidance is driven by an AI-in-the-loop workflow. For exam-
ple, GeoVis [70] and GlyphCreator [149] use a deep learning model 
to translate raw data into guidance. GeoVis generates a kernel density 
map from an input datasheet, wich is encoded with a deep learn-
ing method to generate visual chart recommendations. On the other 
hand, GlyphCreator is fueled by the observed user interaction. The 
system introduces the input image and data to a trained CNN model 
to recommend alternative examples of a circular glyph design.

6.5.  Informativeness

Informativeness guidance intersects with work on explainability in 
VA. The system primarily helps users in the presence of uncertainty 
by providing information to support their analysis. However, explain-
ability strategies are not always designed to guide the user in VA. For 
example, AI explainability strategies are often additional visualization 
representation that allows the user to guide the system.

In this section, we discuss eight papers that present informativeness
strategies that can be implemented as an auxiliary to a VA system. 
The proposed strategies guide users’ analysis by raising their awareness 
through interpretations or transparency. Scalability is an important 
challenge in developing informativeness strategies because additional 
information and visual cues can cognitively overload users.
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Fig. 14. Examples of design guidance; (a) Medley suggests dashboard composi-
tions based on user-specified analytical intent [146]; (b) VisualLint uses sketchy 
annotations to surface chart construction errors in situ [69].

Uncertainties. Unlike other reviewed guidance roles, reviewed informa-
tiveness guidance strategies proportionally and simultaneously address 
uncertainties in multiple components: model and insight. Informativeness
guidance are often integrate in VA processes supported by AI and 
ML models. For example, the guidance addresses the uncertainties by 
explaining dimensionality reduction (DR) models represented in scatter 
plots [152]. They also guide the user through the thinking uncertainty 
by providing different explanations. Tian et al.’s [152] explanatory 
technique, for instance, presents six different explanations for scatter 
plots that a user can explore. This technique is demonstrated in case 
studies but not evaluated for usability and efficacy.

Thijssen et al. [153] extend the work by exploring different explana-
tions to address these uncertainties. They further conduct a user study 
to test the efficacy of explanations in guiding users. Their evaluation 
shows that informativeness guidance can be helpful in the analysis of 
tabular data. However, they highlight that it cannot effectively address
dataset uncertainties, namely, missing data. Some strategies leverages 
natural language processing (NLP) to construct guidance. For example, 
Srinivasan et al.’s [154] NLP model generates guidance to inform users 
and guide them through thinking uncertainties. However, they highlight 
gaps in methods to evaluate the effectiveness of such guidance strate-
gies properly. Their work also proposes leveraging inference methods 
and narrative forms to address these uncertainties more effectively.

Some methods address uncertainties by assessing whether to show 
or hide information instead of revealing new information. For example, 
Behrisch et al.’s [71] strategy aims to guide users in analyzing relational 
data such as network graphs and matrices. Their method addresses
model parameters uncertainty in the hypothesis component. Distinctly, 
Belyakov et al. [73] guide users in analyzing cartographic images, seen 
in Fig.  15(b). Their method attempts to address usage and thinking
uncertainties stemming from the interaction component in the VA cycle.
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Fig. 15. Examples of informativeness guidance; (a) PCP and range line plot 
proposed by Thijssen et al. [153] to present the explanation to users; (b); 
Belyakov et al.’s [73] strategy processes information with intelligent algo-
rithms to show/hide information to guide the analytical process; (c) GUIRO
guides the user in analyzing relational data; figure courtesy of Behrisch et al. 
Utrecht University from their work [71].

Scope. Predominantly, most informativeness guidance methods do not 
merely provide more transparency to underlying information. Instead, 
they provide explanations (intermediate scope) using elaborate mathe-
matical and statistical equations without further elaborating on how 
this explanation might impact the analysis (high scope). Only one re-
viewed informativeness approach incorporates multiple scopes. Behrisch 
et al.’s [71] work presents a low scope, clarifying the underlying pa-
rameters. It also presents an intermediate scope in unlocking the black 
box of the model and a high scope in depicting the results of differ-
ent reordering algorithms with quality metrics and index comparison 
(explication). Contrarily, in managing the visibility of information, 
Belyakov et al.’s [73] strategy implies the impact of one specific anal-
ysis direction on the analysis process, thus presenting a high-scope
guidance.

Features. All informativeness methods presents the guidance on to do-
main experts (To whom?) on-demand (When?) to promote insight dis-
covery (Why?). Except for Behrisch et al.’s Guiro [71] that presents 
guidance on the left margin, informativeness techniques present the 
guidance intrusively on the visualization (Where?).

Techniques that address the understandability of DR plots present 
the guidance as an attribute-based explanation generated by an explic-
itly programmed algorithm that uses the metadata as an input (What?). 
For instance, Tian et al.’s [152] strategy allows the user to manipulate 
the guidance using a matrix view that controls the color-highlighting on 
the view. Alternatively, Thijssen et al. [153] incorporate the brushing 
and coloring technique through range line plots connected with a 
parallel coordinates plot, seen in Fig.  15(a) (How?). On the other 
hand, on-hoovering, Marcílio, and Eler [155] present the information 
in two tool-tips of line and dot plots and a side heatmap (How?). 
Corbugay et al. [156] integrate the guidance into the scatter plot view 
with contour maps. They focus specifically on interpreting non-linear 
DR projections, such as t-SNE. Also, Bibal et al. [157] integrate their 
explanation of the decision-tree errors (What?) into the scatter plot; 
however, they use direct coloring of the dots (How?).

Other strategies use intelligent algorithms to learn and select which 
information to show [73,154]. For example, Belyakov et al. [73] pro-
pose an algorithm that processes the map context data to show/hide 



M. Musleh et al. Computers & Graphics 140 (2026) 104739 
information on the map (What?)—the guidance updates based upon 
the user’s request. Belyakov et al. [73] evaluated their strategy with 23 
analysts to determine its usability and efficacy. They determined that 
the strategy was most effective in a time-constrained analysis setting. 
Their strategy also aims to improve decision-making [73].

On the other hand, Guiro [71], seen in Fig.  15(c), provides infor-
mativeness in a mixed-initiative framework. The guidance improves the 
model’s transparency to enhance the user’s understanding of the data 
topology (Why?). The method allows the user to manipulate modeling 
algorithms through the control in the left margin while illustrating 16 
reordering quality metrics and index comparison (What?). The tabular 
view (How?) intends to allow interpretability by users with various 
levels of expertise.

The need for informativeness guidance is detected through the con-
tinuous tracking of user interaction. For example, IXVC [157] detects 
the need for guidance by monitoring user knowledge gap. On the other 
hand, GUIRO [71], for example, relies on a manual user feedback to 
construct the guidance.

7. Evaluating guidance

Evaluations and evaluation methodologies (such as user studies) are 
the main ways designers assess the effectiveness of information displays 
to support specific perceptual tasks [158]. In this, user studies (either 
qualitative or quantitative) certainly play an important role in evalu-
ating the effectiveness of the guidance strategies themselves (i.e., to 
assess whether they were able to address specific knowledge gaps). 
They also highlight factors and weaknesses that could be addressed or 
partially solved with guidance-enhanced solutions. Standard evaluation 
practices in VA primarily focus on assessing visualization effective-
ness or task performance. Contrarily, evaluating guidance specifically 
requires considering how well the system addresses user knowledge 
gaps and supports decision-making throughout the analysis process. 
Besides measuring task outcomes, guidance evaluation investigates 
how it influences user behavior, trust, and analytical reasoning. While 
many evaluations still follow traditional user study designs, guidance 
evaluation demands additional criteria and tailored methodologies to 
capture these unique aspects. In this case, the results obtained could 
serve as additional input for designers and inform the development of 
future information visualizations and VA tools.

7.1. Evaluation approaches

We first analyze and describe evaluation strategies used to assess the 
effectiveness of guidance. To the best of our knowledge, the heuristic 
method by Ceneda et al. [159] is the only evaluation methodology that 
is specific for guidance-enhanced strategies. It describes a set of eight 
quality criteria that the guidance should uphold to be effective and a 
set of heuristics and questions to evaluate them in practical scenarios. 
For the rest, most strategies simply resolve to use traditional qualitative 
(e.g., [98]) and quantitative methods (e.g., [160]) that are typically 
used to assess VA methods (also, with no guidance) [158]. The acces-
sibility strategy of Amorin and Pugliesi [161] show the effectiveness 
of using dynamic flow maps as guidance means to support perceptual 
tasks such as path and route identification for people with visual 
impairment. Still, concerning accessible visualization research, Kim 
et al. [162] present two techniques (namely, structured navigation and 
conversational interaction) to help and guide visually impaired users 
to navigate and explore a visualization display. Considering analytical
strategies, Ceneda et al. [160] describe a guidance-infused strategy to 
support the analysis of cyclical patterns in time-series data, which is 
evaluated qualitatively employing questionnaires and user input. Still, 
Pérez-Messina et al. [62] employ a mixture of quantitative and qualita-
tive methods to assess a guidance methodology to support the selection 
of aerial images. The analytical strategy by Ha et al. [163] describes 
an AI-based guidance strategy that aims to support data exploration. 
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The strategy is evaluated qualitatively and quantitatively, considering 
various factors to investigate user behavior, trust, and guidance usage, 
shedding light on the design of human-AI collaboration strategies.

In collaborative environments, Block et al. [164] investigate how 
different types of provenance information influence analysts in a collab-
orative analysis task. Provenance can be considered a form of guidance 
in this context. It provides a structured way for analysts to under-
stand and build upon prior work by offering insights into what has 
already been covered (data coverage) or the sequence of actions taken 
(interaction history). Other forms of visual guidance are also present 
in prior work. Kang et al. [165] investigate collaborative learning 
dynamics in an immersive astronomy simulation, focusing on joint 
attention as an indicator of collaboration. Liu et al. [166] compare three 
collaborative visualization techniques (zooming, interactive lenses, and 
overview+detail) on large displays for map-based tasks. Interestingly, 
in confirmation scenarios of analysis guidance, we also witness non-
visual guidance: Alroe et al. [167] use haptic force feedback for 
user guidance in visualizations. Finally, in prediction strategies, Ha 
et al. [168] (see Fig.  16(a)) evaluate a mixed-initiative system designed 
to improve interactions with complex datasets and dense visualizations. 
The system has been designed to guide users’ focus on potentially 
interesting data points, adjusting the visualization to highlight relevant 
information in dense visualizations. The paper of Wang et al. [169] 
explores how counterfactual, hypothetical scenarios can improve users’ 
understanding of causal relationships in data visualizations. Broadly 
speaking, this is also a form of guidance, as their counterfactual 
visualization design aligns with principles of guided visual analytics, 
e.g., to lead users toward better understanding and decision-making.

7.2. Design and user studies

We now continue describing evaluation strategies whose results 
could be used as a base for enhancing existing or new VA strategies with 
guidance. As usual, we start describing accessibility guidance. The liter-
ature on accessibility consists mainly of strategies that investigate how 
persons with different types of intellectual or developmental disabilities 
interact, use, and visualize data (e.g., [170–173]). Most accessibility 
issues and problems are typically subjective and hard to identify before 
the analysis [174]. Thus, one of the main outcomes of accessibility 
research is that we need more personalized solutions that could adapt 
(the level of support, i.e., the scope) to the different abilities and 
severity of the disability. Wu et al. [96], for instance, suggest a set 
of guidelines — as the use of personalization and physicalizations — 
to improve the interaction with data. Engel et al. [175] present two 
studies that examine the perceived content of scatterplots in detail. 
The results, which align with extant explainable interfaces research for 
effective guidance [159] (see Fig.  16(b)), form the basis for creating 
chart descriptions for people with blindness or visual impairments. 
These descriptions reflect the perceived content of the chart. Elavsky 
et al. [176] describe a set of heuristics for evaluating the accessibility 
of visual interactive data displays. While the purpose of such heuristics 
is mainly evaluations, they could also serve as a base to derive the 
necessary guidance in accessible visualizations, e.g., if a problem is 
detected. For the analysis guidance, Sperrle et al. [177] investigates the 
efficacy of guidance strategies. Their study highlights the need for a 
co-adaptive guidance design that responds to the user context.

Within the frame of collaboration, we see several mixed-method 
studies that relate to immersive mixed reality environments [178–
180]. These works either investigate co-located AR collaboration using 
different display devices [178], evaluate immersion and collabora-
tion impacts on visual analytics [179], or explore team behaviors in 
shared spaces [180]. Bao et al. [181] investigate what public health 
analysts value in the design of visualization recommendation systems, 
highlighting the importance of domain context and user intent. Con-
versely, Zehrung et al. [182] explore how users trust human-made 
vs. algorithmic visualization recommendations. Their crowd-sourced 
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Fig. 16. (a) The interface of Ha et al.’s [168] mixed-initiative system designed 
to improve interactions with complex datasets and dense visualizations; (b) 
Methodological strategy that guides the evaluation design proposed by Ceneda 
et al. [159].

study indicates that although human recommendations are often pre-
ferred, recommendation relevance is often prioritized over its source. 
Finally, Seipp et al. [6] specifically target uncertainty, identifying 
effective visual variables (e.g., opacity, texture) for its communication 
and for helping users make informed, uncertainty-aware adjustments to 
improve analysis.

8. Discussion

This section outlines areas of sparsely researched guidance strate-
gies addressing uncertainties highlighted in the taxonomy section and 
why they are valuable to the community. We also discuss three gaps 
identified in our survey: onboarding, narrative, and persuasion guid-
ance. Finally, we present opportunities and challenges to addressing 
uncertainties with guidance, also highlighted in Fig.  17.

8.1. Gaps in reviewed guidance

Addressing disabilities. Accessibility guidance can support systems to be 
more accessible to a broader user pool. In our survey, we did not find 
application papers describing guidance strategies for disabilities be-
yond vision, such as attention-deficit/hyperactivity disorder (ADHD), 
IDD, physical disabilities, or situational disabilities. In such a context, 
guidance strategies can be instrumental, as accessibility issues are 
typically subjective, thus requiring subjective guidance solutions. The 
results of our survey are reflected by Wimer et al. [183], who note 
that accessibility research in visualization and VA is focused mainly on 
vision impairment. For a broader research agenda, the literature needs
a taxonomy of disabilities that can potentially influence user analysis.

Moreover, visual impairment can include users with focus impair-
ment, low-vision impairment, and color blindness. These visual im-
pairments may require different strategies to address their analysis 
uncertainties. Understanding the needs and requirements to address 
uncertainties under conditions of other disabilities can be challenging 
as it demands interdisciplinary research.

The chart types studied in the literature are also limited to stan-
dard charts, such as line, pie, bar, and scatter plots. It is unclear 
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Fig. 17. Our main recommendations: explore new guidance roles, improve 
uncertainty taxonomy, and address guidance gaps.

whether or how guidance can make bespoke and high-dimensional 
visualizations, commonly found in VA systems, more accessible. Often,
accessibility guidance work proposes summaries of insights to assist 
their target users with visual impairments. However, this type of guid-
ance can be equally helpful for sighted users. Thus, it is questionable 
whether these contributions should be positioned as strategies specif-
ically supporting users with visual impairments. There is a lack of
diverse solutions when addressing impairment-related uncertainties 
because of a limitation in classifying these uncertainties.

Guidance combination. Certain guidance tools can take several roles. In 
this paper, we classified the work based on the primary role of guid-
ance. However, investigating how a combination of roles addresses 
uncertainties can be intriguing. For example, a guidance strategy can 
guide the user to re-design the visualization and analyze the data 
simultaneously. Thus, investigating the secondary (or even further on) 
supporting roles demands a more extensive analysis. Such an investiga-
tion could lead to a more comprehensive guidance solution to alleviate 
the cognitive load in multiple ways during the analysis process.

Moreover, specific guidance methods and encoding may work better 
than others to address specific types of uncertainties. In our analysis, 
we noticed a heavy focus on addressing uncertainty events in the insight
component of the VA cycle. However, guidance strategies can expand 
their targets to address other uncertainties beyond insight compo-
nent. For example, collaboration guidance discussed in Section 6.3 
mainly addresses uncertainties in the insight component. Yet, it can 
potentially address uncertainty events that originate in the hypothesis
component by guiding the user in setting the parameters of a model, for 
instance, by augmenting and integrating knowledge from other users. 
Interestingly, none of the reviewed papers addressed uncertainties 
emerging from the data component. This gap could be due to the lack 
of incentive to build a visualization in the presence of data uncertainty, 
such as data incompleteness. Within this frame, data uncertainty can be 
perceived as an impediment to the visualization credibility.

In our work, we initially considered proposing two additional guid-
ance roles prediction and confirmation. Prediction guidance can support 
users by mending a future knowledge gap by addressing uncertainties 
in hypothesis, (insight-)interaction or (insight-)knowledge compo-
nents of the VA cycle, such as using predictive models [110]. On 
the other hand, confirmation relates to guidance that facilitates the 
analysis by validating user actions or hypotheses [167]. These two 
roles can be seen as sub-branches of the analysis guidance. Thus, we 
decided to integrate these strategies under the umbrella of analysis 
guidance to avoid an overly fragmented conceptualization. However, 
we recommend exploring these additional roles as separate strategies to 
guide users in VA in the future. They may present interesting and more 
robust solutions to address uncertainties emerging in the insight and
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hypothesis components of the VA cycle. Yet, a concrete conceptualiza-
tion separating these guidance strategies is needed to establish practical 
design guidelines.

In general, revisiting the conceptualization of guidance in VA 
is crucial to allow for more concrete design models and applications. 
We propose that the conceptualization of guidance should consider 
the role of the guidance in the VA cycle as a whole—going even 
beyond the analysis role. This characterization should also allow an 
inclusive understanding of guidance encompassing assistive tools in all 
components of the VA cycle.
Guidance scope. Our analysis in Section 6 reveals that design decisions 
in guided-VA ignore context-aware choices for guidance scope. Only 
a few papers consider multiple scopes. Studies reveal that a high scope
could be ineffective to users with advanced domain expertise [62]. 
Thus, instead of addressing the uncertainty, it risks producing more 
uncertainties and damaging user trust. In such cases, low-scope and
intermediate-scope guidance seem more appropriate for addressing the 
uncertainties of expert users, while high-scope guidance better suits 
the needs of novice users. Furthermore, switching between guid-
ance scopes and the timing of guidance remains a cumbersome 
research problem [44]. These research questions are crucial to address 
uncertainties in VA—yet, they remain largely unanswered.

Interestingly, we found a high proportion of high-scope design (7/11 
papers) relative to other guidance roles. This finding suggests that 
visual mapping is viewed by visualization designers as more chal-
lenging to make executive decisions about, particularly for a novice 
(e.g., data worker). Design is viewed as an end product or artifact 
resulting from the analysis session, and its process is not necessarily a 
priority in the VA cycle. Assuming there is a ‘‘best’’ visualization for the 
analytical task, it is thus more effective to design high-scope guidance 
that advises users on the entire visualization design while maintaining 
their agency. This strategy can unload cognitive burden and produce 
a more efficient VA process.

However, relying continuously on high-scope guidance could risk 
the integrity of the process, as it can propagate bias in the analysis. 
For example, in a high-scope collaboration guidance, the system asserts 
one option to augment knowledge that favors toward a dominant 
knowledge, which may contain certain biases. The strategies in collab-
oration guidance (Section 6.3) show that a user can benefit more from 
guidance when multiple scopes are present. They can rely on high-
scope guidance when they are entirely uncertain [138] but appreciate 
an intermediate scope when they have enough expertise to assess
multiple suggested analytical paths [67]. On the other hand, a low-scope
guidance seems to be accepted in most cases, especially when it is not 
intrusive [11,66].

8.2.  Onboarding as guidance

Onboarding, as defined by Stoiber et al. [74], is a way to support 
the usability of VA. Collins et al. [45] propose designing training 
systems (onboarding) as guidance tools. Guiding users through VA has 
been identified as one of the valuable objectives of a guidance system. 
However, Stoiber et al. [74] draw a distinction between onboarding 
and guidance in VA. The gap between these two perspectives is related 
to the analysis stage and the guidance goal.

In VA, onboarding often takes place before the analysis even starts. 
Thus, it cannot be seen as a guidance tool [74]. For example, Dhanoa 
et al. [184] distinguish onboarding from guidance by connecting the 
former to usability knowledge gaps and the latter to sense-making 
knowledge gaps. However, suppose the scope of investigation regards 
the entire process from data collection to decision-making: the on-
boarding system can be considered internal to the VA process. This 
consideration allows it to be viewed as a guidance tool in the VA 
cycle. Moreover, onboarding strategies can also be presented during the 
interactive session, not to support the user’s analysis and sense-making 
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but to support the tool’s usability. The purpose of analysis guidance is 
to support user insight, but the onboarding guidance supports usability 
and the user’s understanding of the system [74].

More recently, work on onboarding began to converge in theory 
with guidance. For example, Stoiber et al. [185] present onboarding 
as a guiding tool. In that sense, onboarding guidance can address un-
certainties produced by the user’s incomplete knowledge or ignorance
in interacting with a VA system (knowledge uncertainty component). 
Additionally, it can address usage uncertainty events in the interaction
component, as seen in Fig.  18.

8.3. Guidance through communication uncertainty:  Narrative and  
Persuasion

Through our analysis in Section 6.3, we identified communication 
as an additional source of uncertainty in the VA cycle. Only a few 
reviewed papers describe mechanisms intended to improve VA by 
improving the analyst’s ability to impart VA insights in the decision-
making process [66,139].

Communication uncertainty can arise when authoring visualizations 
and text to convey specific takeaways or messages about the data 
(e.g., [151]) to stakeholders during the VA cycle. This uncertainty is 
also evident in collaborative VA, which leverages social interaction 
for data exploration and analysis. For example, Coelho et al. [66], 
Mathisen et al. [67], and Park et al. [139] use provenance tracking 
to help analysts communicate the context and outcome of their visual 
exploration process to collaborators and viewers. The latter two also 
integrate presentation (slideshow) views, suggesting the importance of 
visually communicating insights during collaborative sense-making.

These uncertainties affecting VA communication, context, and mes-
saging can potentially be addressed by narrative guidance [186] that 
helps users tailor the communication of insights to specific stake-
holders, particularly to achieve rhetorical and persuasive goals [187]. 
Indeed, some of the aforementioned papers already draw inspiration 
from data-driven storytelling to design guidance for interpreting analy-
sis results, bridging the explorative and communicative aspects of data 
analysis [67,139].

Moreover, we infer another possible role from the theme of trust 
that emerges in guidance: persuasion guidance. This guidance role re-
lates to affective computing and persuasive systems design [188,189]. 
Oinas-Kukkonen and Harjumaa define persuasive systems as ‘‘systems 
designed to reinforce change or shape attitudes or behaviors or both 
without using coercion or deception’’ [190, p. 200]. As such, persuasion 
guidance can be deployed to address user knowledge uncertainties. It 
can be designed to change how the user conducts the analysis, given 
that a VA system is designed to be used for an extended period.

In consideration of possible social-ethical concerns [191], empha-
sizing that persuasive systems should not use coercion or deception is 
crucial. Moreover, to address uncertainties in knowledge, i.e., domain 
analysis, the guidance design should consider state-of-the-art knowl-
edge. Otherwise, persuasion guidance can be a tool that propagates bias 
in the domain. Although these issues are challenging, persuasion guid-
ance has the potential to effectively address uncertainties, presenting a 
forward-thinking strategy in guided VA design.

8.4. Limitations

We noted a crucial limitation in identifying the uncertainties ad-
dressed by guidance. These uncertainties were not explicitly discussed 
in the reviewed literature, and we had to explicitly infer and derive 
the uncertainty addressed by the reviewed papers. The most signifi-
cant challenge in doing this was working with existing taxonomies to 
connect existing tools to specific uncertainty categories described in 
literature taxonomies. Revising the taxonomy of uncertainties can help 
address uncertainties more efficiently and effectively.
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Fig. 18. We add potentially interesting guidance roles to explore to those in Fig.  1: onboarding, persuasion, and narrative guidance. In addition, we consider a 
new possible source of uncertainty: communication, i.e. uncertainty that arises when data is communicated to stakeholders.
In this STAR, we relied on Gillmann et al.’s [8] taxonomy that 
combines several taxonomies discussed in the literature. However, the 
description of the uncertainty events in this taxonomy is complex to 
break apart. For example, perceptual and thinking uncertainty events 
refer to the cognitive inability of the user to understand and think 
about visualizations, respectively. Distinguishing the user’s understand-
ing from thinking can be challenging; thus, it hinders the conclusive 
distinction between the two events. In design guidance, the techniques 
aim to address perceptual uncertainties in visualization to design visu-
alizations. However, in the taxonomy, this event refers exclusively to 
users’ cognition inability to read the visualization. This taxonomy can 
be improved by: (1) considering new uncertainty components, i.e., com-
munication uncertainty; (2) investigating impairment-related uncer-
tainty events; and (3) redefining current uncertainty events. Moreover, 
Gillmann et al.’s [8] taxonomy does not consider uncertainty accumula-
tion and propagation through the analytical process. In such scenarios, 
guidance can also help unravel how uncertainties trickle down the 
pipeline.

Our understanding of uncertainties develops as our understanding 
of the human use of VA tools improves. Contemporary VA tools and 
processes can invite new uncertainty events not identified previously. 
With current practices, the user is given more agency in altering the VA 
system, for example, having a say in the visualization design, whether 
at the start or during the analysis. Uncertainties in communicating 
insights to stakeholders outside the system and its users are also in-
creasingly influential in today’s VA and decision-making processes. To 
address this gap, it is also helpful to expand the traditional VA cycle 
model. The model should include communication as an extra component 
given the contemporary understanding of how decisions are taken—
including decisions through proxies, as seen in Fig.  18. For example, 
a patient can be seen as a user in the cycle, making decisions on 
their therapy plans through medical doctors as proxy users. Section 8.3 
explains how guidance can address uncertainties in the communication
component using narrative guidance.

Moreover, as discussed in Section 8.1, accessibility guidance tech-
niques can address the knowledge gap produced by uncertainties trig-
gered by several disabilities, such as visual impairment and IDD. How-
ever, taxonomies of uncertainties in VA, i.e., taxonomy in Fig.  2, need 
to consider events in the insight component generated by the physical, 
not only cognitive, disabilities. For example, the taxonomy refers to
usage and thinking uncertainty in the interaction component. Neither of 
them sufficiently reflects the uncertainty faced by a user with either 
a visual disability or IDD. As discussed in Section 8.1, identifying 
uncertainties emerging from disabilities can allow more inclusive VA
tools.

Furthermore, although our hybrid deductive-inductive approach 
to construct our taxonomy was conducted with rigor and extensive 
discussions among the co-authoring experts in visualization, visual 
analytics, and guidance, the inductive stage remains susceptible to 
bias. As highlighted in Section 3, two authors independently classified 
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the papers into the conceptualized roles to minimize discrepancies in 
understanding the roles. Additional co-authors further reviewed these 
classifications and reclassified papers where necessary. This process 
did not show any significant misinterpretation of any of the five roles 
in our taxonomy. Moreover, the definition of the roles were defined 
in an iterative process. Given the breadth of the reviewed literature, 
we reached a theoretical saturation, where the inductive approach is 
comprehensive.

Finally, our taxonomy enables generalizability and robustness in 
the design of guidance to address uncertainties in the VA workflow. 
However, because guided VA is currently a vibrant and rich field of 
research, many guidance approaches may seem like a niche ad-hoc tool. 
Thus, the taxonomy might not be sufficient in its own to address this 
challenge. Coupling this taxonomy with templating frameworks, such 
as the recent Visual Analytics Context Protocol (VACP) [192], may 
provide a vehicle for a more comprehensive solution. Such solutions 
can also address the bias in conceptualizing guidance, particularly, 
knowledge, anchoring, and label biases. These biases can contribute to 
challenges and disagreements in identifying and classifying guidance in 
VA.

9. Conclusion and future research agenda

This paper presents a survey of guidance tools addressing uncertain-
ties in VA. Our survey highlights several gaps in uncertainty taxonomies 
and guidance methods. Our work also highlights how guidance can 
effectively address uncertainties to overcome the challenges of quanti-
fying and visualizing uncertainties. Guidance can address uncertainties 
in the analytical process more subtly without damaging users’ trust. 
However, these tools can be improved when explicitly studied for their 
effectiveness in addressing uncertainties.

Our survey has revealed the need to extend the VA cycle. Also, a 
more comprehensive taxonomy of uncertainties is needed for future 
work to support more targeted guidance strategies. Moreover, guidance 
research must consider the appropriate design features based on the 
role of the guidance intervention. Future work can focus on expanding 
our understanding of uncertainties in VA and the application of guid-
ance. Future research must also explore new sources of uncertainty in 
VA, i.e., communication uncertainty, re-conceptualize existing strate-
gies as guidance, i.e., onboarding, and improve the richness of work 
that targets less-researched guidance roles, i.e., accessibility guidance. 
Finally, our work discusses six features of guidance. However, this 
survey does not go deep to taxonomize each feature. This endeavor 
is an open opportunity for future surveys as it is expected to enable 
researchers to improve choices in guidance design.

Reviewed papers key

Guidance roles:
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 Analysis (53);  Accessibility (29);  Collaboration (21);  Design 
(16);  Informativeness (9).
Uncertainty components:*
 Insight (58);  Visualization (11);  Hypothesis (6);
 Data (0)

Uncertainty scopes:*
 Low (17);  Intermediate (23);  High (12).
 Intermediate and High (6);
 Low and High (4);
 Low and Intermediate (2);
 All scopes (2);

* For papers reviewed in Section 6
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