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Figure 1: PRISMA flow. Adapted from (Moher et al., 2009)

Response to reviewers:
Dear Editors and dear Reviewers,

We have taken all the required minor changes into account (highlighted
in bold):

- We use now quotation marks as in this “example” and not as in this "ex-
ample”. We hope this was the suggested change.

- Section 2.4 was shorten and adapted as required

- Section 3.7 was updated to define the values used in table 4

- a few other minor bugs were corrected
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Abstract

This paper presents a survey on automatic or semi-automatic recommenda-
tion systems which help users to create dashboards. It starts by showing the
important role that dashboards play in data science, and give an informal
definition of dashboards, i.e., a set of visualizations possibly with linkage, a
screen layout and user feedback. We are mainly interested in systems that
use a fully or partially automatic mechanism to recommend dashboards to
users. This automation includes the suggestion of data and visualizations,
the optimization of the layout and the use of user feedback. We position
our work with respect to existing surveys. Starting from a set of over 1000
papers, we have selected and analyzed 19 papers/systems along several di-
mensions. The main dimensions were the set of considered visualizations,
the suggestion method, the utility /objective functions, the layout, and the
user interface. We conclude by highlighting the main achievements in this
domain and by proposing perspectives.

Keywords: Automatic Visualization, Dashboard recommendation, Multiple
View Interfaces

1. Introduction

In the world of data, visualization plays a vital role to explain abun-
dant and complex data with brief and crucial visual information. One object
that is widely used in this context is the dashboard (Pauwels et al., 2009;
Sarikaya et al., 2018; Tundo et al., 2020). As we will detail further in this
paper, there is not a single definition for this visual representation. We can
attempt to simply define a dashboard as a structured set of visualizations,
with interactions, that allow users to monitor a process, explore data and get
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insights about it. Dashboards are very common in many domains like busi-
ness intelligence, learning, data analysis, decision making, data storytelling
and presentation.

Creating an efficient dashboard is not as easy as it seems. Indeed, in the
industry (Mackinlay et al., 2007; Gowthami and Kumar, 2017; QlikTech In-
ternational, 2013; Sisense Inc, 2004; Tableau Software, 2007; Microsoft, 2015)
and the web (Luo et al., 2018; Database Group, 2018), there are many tools
to create dashboards. Such tools provide efficient interfaces to edit man-
ually a dashboard: this consists in selecting which data to visualize, then
which visualizations to use, how to organize them on the screen, and what
dependencies should exist between them like linking or brushing. However,
this series of choices is not easy to resolve. In the academic domain, many
researchers agree that creating a single visualization is not straightforward.
So creating a set of visualizations is indeed even more complex. For sev-
eral decades, researchers have studied how to automatically generate data
visualizations, to fulfill the user’s objectives. Such generative tools are being
integrated into the most advanced commercial software that suggest visu-
alizations and dashboards such as Tableau, PowerBI, Qlik Sense or Excel.
More recently, academic researchers have also studied how to automatically
recommend not a single visualization, but rather a set of visualizations, i.e.
a dashboard. Multiple visualizations help users make better decisions (Costa
and Aparicio, 2019) because the dashboard contains multi-views in contrast
to a single visualization. Many viewpoints can be defined in this process of
dashboard recommendation: data visualizations, generative algorithms, lay-
out, interfaces, user feedback, and finally the validation of such approaches
with user evaluations.

In this paper, we provide a state of the art of automatic dashboard
recommendations systems (ADRSs) focusing on approaches that contribute
to automatize this process with suggestion or recommendation mechanisms.
Section 2 defines the scope of this survey and explains the methodology
adopted to select and study papers. Section 3 explains the dimensions we
selected to describe the different systems. Section 4 presents a classification of
the considered systems. Section 5 discusses some core observations of systems
and guidelines for ADRSs, and finally concludes this survey by presenting
some perspectives and achievements in this domain.
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2. Scope and methodology

2.1. Problem statement and scope

There is no formal definition of a dashboard (Sarikaya et al., 2018). Many
authors are giving their own definitions, depending on the studied domain:
Stephen Few defined a dashboard as “a visual display of the most important
information needed to achieve one or more objectives; consolidated and ar-
ranged on a single screen so the information can be monitored at a glance”
(Few, 2006). Brouns et al. described dashboards as “an easy to read, often
single page, real-time user interface, showing a graphical presentation of the
current status (snapshot) and historical trends of an organization’s key per-
formance indicators (KPIs) to enable instantaneously and informed decisions
to be made at a glance” (Brouns et al., 2015). Others referred to dashboards
as “a container of indicators” (Ji et al., 2014) or as “an emerging perfor-
mance management system, for example, to monitor productivity, analyze
cost-effectiveness and improve customer satisfaction” (Park and Jo, 2015).

Dashboards can be considered as a special case of multiple view (MpV)
visualizations, a set of approaches which make use of several coordinated
visualizations to explore data. The distinction between them is not obvious
(Wu et al., 2021). One difference is probably the target users and tasks.



While a MpV visualization can include systems with advanced and specific
visualizations intended to be used by domain experts in a data mining con-
text, dashboard could consider simpler and commonly used visualizations and
a broader audience, i.e., novice users like citizens or business experts, who
would like to explore or monitor multidimensional data. However, the recent
progresses made in commercial software for instance are such that dashboard
creation/management systems are becoming more and more complex, thus
making the difference between dashboards and other MpV approaches thin-
ner.

ADRSs are the focus of this survey and can be defined as follows: an
ADRS is a system that generates a dashboard with the use of an automatic
suggestion mechanism. It is a tool that assists users in the conception and
implementation of a dashboard by formulating recommendations. Such rec-
ommendations can occur at any of the major steps of dashboard creation:
selection of data, selection of visualizations with their data mapping, lay-
out of the visualizations on the screen. Systems that rely only on manual
editing, even with user-friendly interfaces, are not considered as ADRSs. A
suggestion mechanism has to be used. Indeed, many ADRSs will also include
the possibility to edit the generated dashboard. Many of them can thus be
considered as semi-interactive or semi-automatic systems, i.e., with the use
of a tight coupling between a suggestion mechanism and a user interface. Fi-
nally, there exist several systems that suggest single visualizations to users,
and not dashboards. Hence we will not include such systems in our survey.

2.2. Methodology

To find a relevant set of papers we performed a systematic literature re-
view following the guidance proposed in (Schwendimann et al., 2016; Toasa
et al., 2018; Vazquez-Ingelmo et al., 2019; Abduldaem and Gravell, 2019).
Figure 1 illustrates our process of identifying papers from different resources.
It finally results in selecting 50 papers from which 19 are relevant to ADRSs.
We considered the following sources: Google Scholar, IEEE Xplore, ACM
Digital Library, Wiley Online Library, Springer Link, Science Direct, Seman-
tic Scholar, CHI, SAGE, EuroVis, HCI, and others. We were also interested
in other online articles/videos to gather information and knowledge. For
querying those sources, we used the following main keywords: “dashboard
automatic generation”, “visualization recommendation”, “dashboard gener-
ation”, “dashboard visualization”, “multiple view visualizations”, “business



intelligence dashboard”, “multiple visualization tools”, “multi-vision dash-
board”, “dashboard guideline and challenges”, “need of dashboard”. Our
last access to the resources was on 10th May 2022 with latest and updated
versions of tools/papers/systems.

Initially, we identified 1032 papers using different keywords from differ-
ent resources. We screened them on the bases of different dimensions like
number of citations, publishers, year of publication, and considered around
156 interesting papers. We discarded more papers based on new dimensions
like abstract reading, quick overview of sections, figures, dashboard interface,
layout, methodology, evaluation and users feedback. With these dimensions,
we got the basic idea of each of these papers which helps us to consider papers
for full-text reading. Finally, we came up with 68 papers for full-text read-
ing. We categorized these papers into four categories: survey papers, ADRS,
single-view systems, and miscellaneous (needs and challenges in ADRS, crit-
ics, pros and cons in ADRS, common algorithms in ADRS, guidelines to
develop ADRS, features and components of ADRS). We excluded the single
view systems (18) because our survey is specific to MpV visualizations. We
finally included 50 papers of three categories, 16 miscellaneous, 15 surveys,

and 19 ADRSs.

2.3. Related previous surveys

We reviewed several survey or state of the art papers that deal with
dashboards and ADRSs. Table 1 splits them into three parts. In the first
part (top of the table), several papers are devoted to dashboards in general,
their use in specific domains or in the industry. Such papers contribute to
clarify the context, domain and usage of dashboards. In the second part
(middle of the table), papers provide surveys with a more specific focus that
can be related to ADRSs. In the third part of the table (bottom), papers
present recommendation systems, and they can be compared to those of
our survey. (Kaur and Owonibi, 2017) reviewed different recommendation
strategies but for single visualizations, while we concentrate on complete
dashboards. (Law et al., 2020) analyzed 20 papers dealing with automated
insights along different dimensions. This paper does not deal with other kind
of recommendation systems used for dashboards.
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(Qin et al., 2020) performed a survey about making data visualization
more effective and efficient. (Zhu et al., 2020) performed a survey for an
automatic recommendation of infographics and visualizations. First, they
broadly classified all the considered systems into two categories: data-driven
and knowledge-based. Then they further classified them within these two
categories with different dimensions: statistical automatic visualization, au-
tomatic storytelling visualization, automatic annotation, etc. Both surveys
(Qin et al., 2020; Zhu et al., 2020) included all types of automatic visualiza-
tion generation systems independent of view types (single view systems and
MpV systems).

In our survey, we concentrate on ADRSs, they core recommendation
method for dashboards and its integration in a user interface, and provide a
more detailed analysis of such systems along 8 specific dimensions.

2.4. Specific inclusion or exclusion of systems

Our survey includes three systems that do not generate dash-
boards exactly but rather MpV structures. They use recommen-
dation methods of interest: ScagExplorer (Dang and Wilkinson,
2014), DataShot (Wang et al., 2019) and Calliope (Shi et al., 2020).

We have excluded also three systems. Qualdash (Elshehaly et al., 2020)
offers design principles and a process to generate dashboards from the anal-
ysis of tasks and requirements expressed by users. It uses a Metric Speci-
fication Structure, which, once defined, can be automatically turned into a
Vega-lite representation of the dashboard. However, this specification struc-
ture is determined by human experts, so we decided not to include Qualdash
in the detailed analysis, even if it represents a valuable work.

LADV considers the same principle of using initial user specifications
but with sketches or images (Ma et al., 2020): the user provides the system
with an image that represents the future dashboard, and LADV, using image
recognition methods, turns the graphical input into a dashboard. The user
must then determine the data to visualizations mapping, or possibly edit the
dashboard. Again, the initial specification is given by the user and not by a
suggestion algorithm. Hence we have not included LADV in our survey.

Voder (Srinivasan et al., 2018) is a system that helps users discover and
highlight data facts in a visualization. Voder has a simple suggestion mech-
anism for proposing alternative visualizations to represent data facts. How-
ever, Voder is more intended to generate one visualization rather than a MpV
visualization, so we did not include it in our survey.
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Important step/features in ADRS | Studied dimensions

Work origin System’s name, year and reference
Suggestion of visualizations Considered visualizations
Suggestion method

Utility functions

Layout Layout method

User’s viewpoint User feedback
User interface and evaluation
License

Table 2: The 8 studied dimensions for the 19 systems included in our survey.

3. Dimensions used to describe ADRSs

To describe the 19 collected papers/systems, we have defined 8 dimensions
that represent key characteristics of ADRS (see Table 2). Those dimensions
were derived both from what is observed in existing systems and also from

conceptual analysis of the main steps/features that should be present in an
ADRS:

e a recommendation method, that will consider a set of visualizations,
among which selected visualizations will be proposed by a suggestion
method, possibly using utility functions,

e a layout of the suggested visualizations, with several possible methods,

e a user’s viewpoint, with the possibility of providing feedback to the
system, the features of the user interface and its evaluation, and the
software license of the system which might limit its use.

In the following sections, we give more details about each dimension.

3.1. Year

This is the year the paper was published. This gives an idea of the
recentness of the work. Besides it, we added the paper/system reference.

3.2. Considered visualizations

The visualizations that can be integrated into the dashboard belong to a
predefined set. With this dimension, we want to characterize this set. Such
visualizations can be:



e standard and typical visualizations, such as scatter plot (SP), table (T),
bar chart (BC), pie chart (PC), line chart (LC), map (M), histogram
(HT), area chart (AC), gantt chart (GC), radar chart (RC), gauge (G),

frequency polygon (FP),

e mark type (MT) like cross, plus, circle, etc. Some systems propose the
choice of a mark type to generate visualizations. These mark types
are not considered directly as visualization types but ultimately they
are the main component of visualization (like a circle in the case of a
scatter plot),

e many visualizations (MV), a case in which many visualizations are
proposed (including the standard ones and many others).

In this dimension, we also mention the total number of visualizations avail-
able in the system. If we did not find this number of visualizations, we
indicate it by “not found” (NF).

3.3. Type of visualization suggestion method

This is an important dimension as it is a key component of an ADRS. We
want to classify here the different methods which are used to propose visual-
izations to the user. First we make a distinction between ADRSs according
to the overall functioning of the suggestion method:

e single and independent (SI), in which the suggestion of the dashboard
is done by proposing visualizations one by one, whatever the current
content of the dashboard, i.e. the previously selected visualizations,

e single and dependent (SiD), in which the suggestion method also pro-
poses visualizations one by one but taking into account the current
state of the dashboard,

e global optimization (GO), in which the method proposes a complete
set of co-adapted visualizations, thus performing a global optimization
of the suggested visualizations.

We now make distinction between methods according to the core algo-
rithm used to make suggestions. Some methods use simple suggestion algo-
rithms with straightforward heuristics that do not involve learning or specific
adaptation to the data distribution:



e direct matching (DM) is one of the simplest methodologies that matches
data columns (categorical, numerical, temporal, etc) to visual attributes
of a simple visualization (in general BC, PC, SP) with simple and fixed
rules. It might use a basic decision model designed by hand from expert
knowledge,

e Predefined dashboard templates (T) can be used to propose a set of
visualizations with its associated layout. Templates can be determined
with expert knowledge or past user behavior.

We distinguish a second set of methods that try to adapt the suggested set
of visualizations according to statistical information about data or users, or
according to expert knowledge. We call them advanced suggestion methods
because they are not strictly fixed algorithms but methods which behavior
depends on data characteristics and user objectives. These methods use:

e design from User’s Initial Actions (UIAs) is a process that allows users
to initially choose particular columns (dimensions or measures) of the
given data. Then the system automatically generates and recommends
the visualizations relevant to selected data using heuristics often inspire
from expert or domain knowledge. This process typically supports
user interaction with different system features (drag and drop, selection
mechanism) to further manually edit the dashboard,

e visualization query language (VQL) and associated knowledge expressed
as constraints. The current situation (data, objectives) is turned into
a query and a method such as a constraint solver can output a set of
matching visualizations,

e statistical properties of the dataset (SD). Such method evaluates sta-
tistical properties (i.e entropy, variance, probability distribution, etc)
of the dataset to rank and recommend visualizations,

e behavior-based (BB) approach that considers users’ current or past
behavior as inputs, and possibly from a large usage history. Such an
approach infers knowledge about visualizations, or users’ intended task,
so as to recommend useful visualizations. They involve simple statisti-
cal properties or machine learning (ML) models.

Finally, a third set of complex suggestion methods can be distinguished,
and it uses:
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e ML models trained on a large set of behavioral observations. Many ML
methods are considered in this context: decision tree, learning to rank,
neural networks, reinforcement learning, long short-term memory, and
deep learning.

3.4. Utility functions

During the optimization process of a dashboard, the system might use
objective functions to evaluate the possible options before proposing them
to the user. These functions are evaluation functions that automatically
evaluate a criterion. It can be the expressiveness or effectiveness of the visu-
alization (Mackinlay, 1986), the coverage (are all important data attributes
represented in the dashboard), etc. We consider the following cases for utility
functions:

e insights (IN), i.e. the potential interest of the discoveries that can
be done with this visualization. For instance, to suggest a potentially
interesting scatter plot, a utility function can be the correlation between
the two axes. In this case, the system will prefer visualizations of
correlated attributes,

e “none”, when systems do not involve utility functions,

e ‘not found” (NF), for systems which do not give a clear idea whether
they used utility functions or not.

3.5. Layout

A dashboard is a set of visualizations that have to be organized on one
or more computer screen(s). This organization raises the problem of finding
a correct layout of the visualizations. It means that both the location on the
screen as well as the size of each graphic have to be determined. In addition,
the layout can be spread on several slides or pages. The possible options for
this dimension are:

e manual size (MS) or manual layout (MLa), in which the user has to
edit the size and location of the visualizations,

e imposed on a grid (IG) or a specific layout, or with an imposed size
(IS) for each visualization,

11



e optimized Layout (OL) or optimized size (OS), in which an optimiza-
tion algorithm is used to compute the layout,

e predefined templates (PT), in which the user has to select a template
that fits the given dataset,

e “none”, if the system does not support any kind of layout.

3.6. User feedback
We distinguish two main possibilities for user feedback:

e direct feedback (DF), in which the ADRS suggests choices and then let
the user immediately tell the ADRS if this suggestion is interesting or
not,

e behavioral feedback (BF), in which the ADRS can record what choices
the user has accepted or rejected, on a longer history, and can use the
recorded behavior to improve its suggestions. A typical case of BF
consists in collecting and labelling hundreds or thousands of observa-
tions so as to form a learning set that can be used to derived statistical
properties or to train ML models,

e “none”, if the system does not support any kind of user feedback.

3.7. User interface and user evaluation
User interface plays a key role in ADRS. Some ADRS provide features
such as:

e drag and drop (DD) of visualizations filters for dimensions selection,
icons, etc., in the control panel to design or modify suggested visualiza-
tions in a dashboard. These features allow users to edit a dashboard,

e selection mechanisms (SM), such as mark type selection, data dimen-
sions, color combination, global and local filters, at the local (particular
visualization) and global (for all the visualization in a dashboard) lev-
els. It makes the dashboard more user-friendly and appealing.

We also summarize in section 4.8 the evaluation performed for each
interface, and we use the following notations:

e “Sole” when the evaluation includes the studied system only,

e “Comp.” when a comparative evaluation with at least one
other system is conducted.

12



3.8. License

ADRSs have different types of license to come into the market: commer-
cial (C), open-source (OS), and freeware (F). If we did not find the license
of the system we indicate it as “not found” (NF).

4. A classification of ADRSs

4.1. Overview

In Table 3, we present the 19 systems included in our survey, with the
main values for the 8 studied dimensions. Before analyzing each dimension,
we present the main design rationale for each system, starting by the aca-
demic work.

ScagExplorer (Dang and Wilkinson, 2014) is a system that focuses on
scatter plots evaluated by utility functions, and that performs global cluster-
ing and optimization to produce a MpV visualization that summarizes such
plots. DashBot (Da Col et al., 2021) generates a dashboard considering user
immediate feedback and reinforcement learning. (Chen et al., 2020) (denoted
by CCP in the following for “Composition and Configuration Patterns”) uses
the combination of a behavior-based approach and statistical knowledge for
proposing dashboard layout. Exploration Views (Elias and Bezerianos, 2011)
proposes initial dashboard templates and a rich user interface to help novice
users. DynSpace (El Meseery et al., 2018) is a system designed for novice
users so as to ease the user exploration process with multiple workspaces.
VizDeck (Key et al., 2012) involves the user intervention as direct feedback
to choose the vizlet to add to the dashboard from the recommended hand
thumbnails, which in turn helps the system to improve a decision tree used
for recommendations. MultiVision (Wu et al., 2021) uses two deep learning
models, one siamese network for ranking visualizations with their data map-
ping, and one LSTM for assessing the quality of single or multiple charts.
Then a simple incremental heuristic is used to add chart to the dashboard,
maximising the assessment computed by deep neural networks. DeepEye
(Luo et al., 2018) performs an exhaustive search of visualizations and uses
ML to keep the good ones, and then it defines a partial order on visualizations
and selects the top-k to form a dashboard (Database Group, 2018). Draco
(Moritz et al., 2018) uses VQL specification for visualization recommenda-
tion with the use of logic programming and a constraint solver, but it does
not provide a user interface. Likewise, Zenvisage (Siddiqui et al., 2016) also

13
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Figure 3: The time line representing the systems studied in our survey.

supports VQL for visualization recommendation but unlike Draco, it pro-
vides a user interface with different features. Voyager 2 (Wongsuphasawat
et al., 2017) is an advanced version of Voyager. Voyager 2 uses the concept of
wildcards for visualizations recommendation. “Engaging dashboards” (Aksu
et al., 2019) suggests the visualisations with a predefined simple decision
model established with expert knowledge. Datashot (Wang et al., 2019) gen-
erates all interesting facts from a data table, each fact being evaluated with
utility functions. Then it aggregates facts to form relevant fact sheets, using
a simple heuristic and a decision tree to turn facts into visualizations. Cal-
liope (Shi et al., 2020) has a similar behavior to generate data stories, but
to scan the huge search space of facts and stories, it uses a more advance
optimization algorithm.

There are numerous commercial tools for recommending dashboards, and
we selected well known tools in our survey: Tableau (Mackinlay et al.,
2007), Power BI (Microsoft, 2015), Qlik Sense (QlikTech International, 2013),
QuickSight (Amazon Web Services, 2016), and Sisense (Sisense Inc, 2004).
They use almost the same approach for visualization recommendation, with
a one by one suggestion of visualizations. These tools support imposed and
manual layout optimization with a lot of customization features in the user
interface. More importantly, these systems are designed for expert users.

4.2. Year

In Figure 3, we analyse the year of publication for each system. Af-
ter the pioneering work of (Mackinlay et al., 2007), this domain is active
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mainly since a decade. It does not represent so many papers compared to
other domains. It has been preceded by many works on single visualization
recommendation systems, starting in the 90’s. During this last decade, an
important contribution is done every year, with a slight increase in the recent
years.

4.8. Included visualizations

Through our analysis, we find that the minimum number of visualization
supported by a system is 1, in the case of ScagExplorer, while the maximum
can be hard to evaluate, several tens for commercial software, because of the
many possible variants. In this section, we consider the systems ordered by
increasing number of proposed visualizations, and we distinguish two kind
of systems: those with a small or medium number of proposed visualiza-
tions (8 or less), and those with a large number of proposed visualizations.
The first group of systems starts with ScagExplorer which supports only one
visualization, i.e. scatter plot. This system concentrates on this visualiza-
tion and is able to perform a precise evaluation of the visualizations with 9
utility functions devoted to scatter plots. Defining such functions for other
visualizations could be possible but was beyond the scope of ScagExplorer.
Dynspace supports only 3 visualizations, histogram, pie chart and scatter
plot, because this system is clearly designed for novice users. DeepEye sup-
ports 4 most frequent visualizations, bar chart, line chart, pie chart and
scatter plot, because it requires a learning set and expert rules, which take
time to establish. It does not specifically mention their target audience, but
it can be used by both novices and experts.

Multi-vision supports 5 visualizations, scatter plots, bar chart, line chart,
pie chart and area charts, because these are considered the most commonly
used visualizations. DashBot supports many visualizations, some of them
are: bar charts, pie charts, scatter plots and tables. VizDeck supports 7 vi-
sualizations, i.e. scatter plot, histogram, bar chart, pie chart, time-series plot,
line chart and maps, and their implementation as vizlets. Zenvisage supports
bar charts, scatter plots, heat maps, histograms and line charts, because this
system does not have yet a complete user interface. In Elias and Bezerianos
(2011), the number of visualizations supported by Exploration Views is not
clearly mentioned, but it seems to be around 8. Exploration views is intended
to be used by novice users and therefore it integrates common visualizations
only.
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The second group consists of systems that can propose many visualiza-
tions (>8). Voyager 2 supports many visualizations, i.e. histogram, scatter
plot, line chart and mark types, by making use and generalizing the vega-lite
specifications, as well as Draco. The number of visualizations in such sys-
tems increases the effort needed to update the knowledge base. “Engaging
Dashboards” supports multiple visualization types: bullet graph, heat map,
highlighted table, dot plot, sparkline, line graph, slope graph, stacked bar
graph, variance graph, boxplot, histogram, frequency polygon, spatial map.
It is designed to propose the most frequent visualizations used in dashboards.
CCP (Chen et al., 2020) supports 14 visualizations, 12 types of information
visualization as suggested in (Borkin et al., 2013), plus SciVis and Panel.
DataShot and Calliope supports many visualizations, and especially those
used for storytelling.
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Commercial tools studied in this paper, namely Tableau, PowerBI, Qlik
Sense, Sisense and Quicksight, form a sub-group in this category. They
propose many visualizations. Users of such systems are Bl experts, data
analysts and researchers, who might have a high level in data visualization,
so they can work with complex visualization in addition to common ones.
Another reason is that such systems charge users for their services, and in
return users expect to benefit of more advanced features and services.

In the first group, systems are more focused on limited set of standard
visualizations. Their design is more oriented towards novice users, who can
more easily understand common visualizations than others. In addition,
these systems might not have a fully developed user interface and so the
number of proposed visualizations is limited. In the second group, systems
include common visualizations but also advanced visualizations that experts
can understand and configure. They address different users. The inclusion
of complex visualizations also requires an important effort of design and
development that other academic works cannot afford.

4.4. Suggestion mechanisms

Here we discuss the automatic or semi-automatic algorithms and methods
used for the recommendation of dashboards as mentioned in Table 3, ordered
by increasing complexity of suggestion mechanisms (see Section 3.3):

Simple suggestion mechanisms. The systems, in this category, use simple
predefined suggestion methods, like direct matching or predefined templates.
DynSpace (El Meseery et al., 2018) focused on the management of multiple
workspaces to ease the user exploration process. DynSpace uses SD and DM
to propose visualizations and mapping, with simple heuristics: “histograms
are used for single dimensions, scatter plots for two numerical dimensions,
and bar charts are created when one dimension is categorical and the second
is numerical”. Once the user has selected a data attribute, DynSpace au-
tomatically provides visualizations for this dimension, according to the DM
simple strategy:.

“Engaging Dashboards” (Aksu et al., 2019) uses a similar strategy but
slightly more advanced: a simple predefined decision model for automatic
visualization recommendations is used. This model for KPIs visualization is
established from experts recommendations. It takes the form of a decision
tree, in which leaves are visualizations. Then, considering a description of
KPIs, it generates dashboards automatically using the decision model.
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Exploration Views (Elias and Bezerianos, 2011) also uses DM but in a
different context. Initially, Exploration Views proposes predefined dashboard
templates to users. Users can choose one of the template from the set of given
templates based on their domain knowledge and previous experience. Then
users can customize the initial dashboard by selecting data and visualization.
DM is used with simple heuristic to provide data mapping. The user interface
has interesting features for novice users, like undo or visual feedback.

To summarize, in this category, the target users are novices. The sugges-
tion mechanism has to be autonomous without requiring any complex actions
from users. Furthermore, except for “Engaging dashboards” which does not
seem to have any user interface, DynSpace and Exploration views have rich
user interfaces with many specific features for novice users. These features
compensate for the simplicity of the suggestion method and the limited num-
ber of proposed visualizations.

Advanced suggestion mechanisms. These systems use more complex statisti-
cal models and methods involving statistical or knowledge based approaches.
CCP (Chen et al., 2020) uses a BB approach. Authors have analyzed visu-
alizations layouts proposed in many MpV visualization papers. They have
created co-occurrence matrices of visualizations that appear often together
in the same MpV interface, as well as representative layouts template with
their associated frequency. Then, they use this statistical knowledge to help
users determine the content and layout of their dashboard.

ScagExplorer is designed to explore data through a huge collections of
scatter plots. ScagExplorer is based on two suggestion mechanisms: GO and
SD. The system generates all possible scatter plots from the data, and evalu-
ates each of them with nine scagnostics measures which are utility functions.
Then ScagExplorer uses a clustering approach to produce groups of scatter
plots. Such a group is a list of plots with a leader that is used as a group pro-
totype. To visualize the clusters, a forced-directed layout technique is used
on leader scatter plots. About the interaction, users can select a leader to see
all similar plots in that cluster or filter scatter plots by their features. During
this process, the system uses statistical properties, i.e. density distribution,
for filtering scatter plots.

Several systems are using visual query languages to search and propose
visualizations. Voyager 2 is an advanced version of the original Voyager
(Wongsuphasawat et al., 2015) with a set of two new important extensions,
automating visualizations suggestions and avoiding redundant suggestions,
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as discussed in (Wongsuphasawat et al., 2017). In Voyager 2, automatic
visualization suggestions are supported by the wildcards concept and Com-
passQL (Wongsuphasawat et al., 2016) query. Wildcards in the dashboard
panel allow users to change the properties of a specification given in Com-
passQL query, thus letting the system suggest visualizations. It uses two
standard utility functions, expressiveness and effectiveness, to rank the pro-
posed visualizations. Zenvisage uses VQL for specifying the desired visual
patterns to be present in the visualizations. Zenvisage query language let the
user formulate a query, and then the system returns visualizations. Using a
small number queries, users can explore trends, patterns and insights of the
given data.

In this category of systems, one subgroup is formed with commercial
software, namely Tableau, Power BI, Qlik Sense, QuickSight and Sisense.
In general the user starts by selecting data of interest. Then these systems
recommend visualizations for the considered data. They use a one by one
strategy to suggest visualizations, and it seems that they do no take into
account the current state of the dashboard and the previously selected visu-
alizations. This one by one strategy is highly guided by the user who must
take crucial decisions. Visualizations can be deeply customized within a rich
interface, both from the visual and interactive points of view. So such sys-
tems require in general skilled users. In addition, they do not disclose how
their suggestion mechanism works.

Complex suggestion mechanisms. These are systems that use ML-based sug-
gestion mechanisms. The general idea in such systems is to acquire ex-
pert knowledge about visualization and dashboards through the learning of
a model trained on empirical visualization data. Such data can be for in-
stance the labelling of existing visualizations, or the comparison of several
couples of visualizations with the selection of the best one for each couple.
This train set can be augmented as users interact with the system.

Draco (Moritz et al., 2018) is based on a VQL used to query a knowledge
based model with constraints, hard and soft. Draco compiles a user’s query
including the dataset, the partial specification and the task, into a set of
facts and combines them with the existing knowledge base in the Answer Set
Programming framework. Draco then calls a solver (.clingo) to resolve the
constraints and obtain a feasible answer set. Finally, Draco translates the
answer set into a Vega-lite specification. To establish the weights associated
to soft constraints, Draco uses a support vector machine to learn such weights
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from empirical data, with a learning to rank approach that is empirically
more efficient than the use of experts weights.

DashBot (Da Col et al., 2021) generates a dashboard on a one-by-one
visualization basis using reinforcement learning. DashBot selects the most
relevant panel/visualization, i.e. data attributes, using SD (i.e. entropy,
variance, and coverage). It takes into account the panels already selected in
the dashboard. The user can provide immediate feedback, such as “yes” in
which case the panel is added to the dashboard, or “no with explanations”, in
which the use can tune the panel, or “no without explanations” in which case
a reinforcement learning algorithm is used to generate a new panel. Dash-
Bot supports two strategies, e-greedy and soft-max, each of them providing
different exploitation and exploration trade-offs for panel generation.

VizDeck (Key et al., 2012) uses the combination of two concepts, sta-
tistical function and vizlet model. A vizlet is defined as a 4-tuple which
includes two render functions (visualization producing thumbnails and in-
teractive version of the vizlet), a predicate (indicating compatibility with
dataset) and a scoring function (one of several signals used for ranking).
For recommendation purposes, a decision tree is trained to relate statistical
properties, like distinct values, entropy, coefficient of variation, kurtosis, or
periodicity, to a particular vizlet. User actions of promoting or discarding
vizlet allow the system to improve its learned model by collecting positive
and negative examples. VizDeck involves also the use of heuristics based on
human perception and these heuristics control vizlets recommendation.

DataShot (Wang et al., 2019) uses a large history of visualizations usage in
spread sheets to learn what models are often used and in what conditions. It
derives also a decision tree from this model to determine what visualizations
to use for a given data fact. It uses an exhaustive search of facts, followed by
a clustering/aggregation approach that takes into account the topic covered
by facts. Then it generates the corresponding fact sheet with the use of the
decision tree to turn facts into visualizations.

Calliope (Shi et al., 2020) also uses as a starting point a large database
of story telling videos which have been manually analyzed and annotated.
It does not scan the whole search space but it uses rather a tree-based opti-
mization method to select to most relevant facts and their organization into
a story (nodes of the tree are facts, a story being a path from root to leaf).
It provides a rich user interface to edit stories.

DeepEye proposes the use of two ML models. First, it generates all possi-
ble visualizations, and a first decision is made to discard “bad” visualizations
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and to keep only the “good” ones. This ML model is trained on a learning
set where users have established a ground truth. Then, a partial order is
established between the selected visualizations. A heuristic based on expert
knowledge, or alternatively a learning to rank approach, is used to select the
top-k visualizations that can be proposed to the user. In the evaluation of
these two methodologies, authors found the first mechanism based on expert
knowledge to perform better than the second one.

MultiVision (Wu et al., 2021) learns deep learning models to guide a
recommender algorithm. The deep neural network are trained with labeled
data or data from the logs of the system. These networks can assess the
quality of a visualization and its data mapping, or the quality of a MV
visualization. The recommender is a simple heuristic that adds visualization
one by one so as to maximize the evaluation provided by the deep networks.

4.5. Utility functions

Systems which integrate utility functions use either advanced or complex
suggestion mechanisms for visualization generation. This is due to the fact
that utility functions are used to automate the evaluation of the generated
visualizations, opening the possibility to use optimization or ML algorithms.
Hence such functions are involved in either completely automatic systems like
ScagExplorer, MultiVision, DeepEye, DataShot, Calliope or systems that re-
quire minimal human intervention like Tableau or Voyager 2. DashBot, which
is a more interactive system than the previous ones, uses utility functions to
improve the suggestions proposed to the user. The literature for commercial
systems (QlikTech International, 2013; Amazon Web Services, 2016; Sisense
Inc, 2004; Microsoft, 2015) does not reveal anything about the use of util-
ity functions, and the other remaining systems do not seem to use utility
functions at all.

4.6. Layout

Finding an efficient layout for a dashboard is a complex problem that is
not well documented or studied in the literature. Its impact is also not clear
on the user’s performance. Al-Maneea et al. (Al-Maneea and Roberts, 2020)
proposed a tool to help users create and re-configure the layouts of different
MpV visualisations. In the 19 systems, the layout was determined as follows:

No layout. Draco (Moritz et al., 2018) supports the visualization recommen-
dation method but it has not been explicitly tested within a user interface.
Therefore, it does not solve at all the layout problem,
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Manual (user editing). In many systems (Tableau, PowerBI, SpagoBI, Qlik
Sense), the user has to entirely determine how to organize the visualizations.
Users have access to different features: resize, move, delete, edit, hover,
etc. MultiVision supports major user editing features: charts editing, lock,
move and resize in a responsive grid layout. Dynspace is certainly one the
most advanced manual systems, with its specific strategy to manage several
workspaces. Other systems (Exploration Views, Voyager 2 and (Chen et al.,
2020)) also support manual editing.

Templates and predefined layouts. Exploration Views (Elias and Bezerianos,
2011) proposes directly a compound set of visualizations with a pre-defined
template. One could say that expert knowledge is used to propose good
templates. Then users can choose a template based on personal knowledge
and understanding. In (Chen et al., 2020), the statistical analysis of previous
layouts published in research papers is used to suggest which visualization
to add and where to place it with respect to the current one.

Imposed layout. Several systems (Da Col et al., 2021; Key et al., 2012; Luo
et al., 2018; Siddiqui et al., 2016; Aksu et al., 2019; Wang et al., 2019; Shi
et al., 2020) do not let the user choose the layout, or propose a limited set
of alternatives (Wang et al., 2019). Instead, the system uses a fixed strat-
egy. In DashBot, the layout is a grid, to which the generated visualizations
are added one by one. Likewise, in the case of VizDeck, the user selects vi-
zlets one by one and the dashboard layout automatically changes with every
add-on of vizlet. DeepEye generates a multi-page dashboard with a list of vi-
sualizations based on the selected suggestion mechanism. Voyager 2 suggests
focus and related views which are automatically positioned on the dashboard
without users’ intervention. Like DeepEye, Voyager 2 also suggests the list
of visualizations in a multi-page dashboard.

Optimized layout. In this survey, only one system (Dang and Wilkinson,
2014) proposes an optimized visualization layout without users’ intervention.
ScagExplorer automatically determines the layout of the representative scat-
ter plots with a data projection method that takes into account the similarity
between scatter plots to position them in 2D and the cardinality of the cluster
to set the size of the thumbnail.
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4.7. User feedback

Dashboard recommendation is a process that follows a proper sequence
of steps during which the user feedback can be taken into account to im-
prove the suggestion of visualizations and other options. A special case
of feedback is the immediate feedback, but as far as we know only Dash-
bot really implements this strategy. Hence, this system is able to take into
account user’s advices given to the system. A second type of feedback is
the behavioral feedback. Here a large usage history is considered to learn or
improve an ML model. A slight distinction can be made between VizDeck
or Multivision and the other systems. In VizDeck, the systems learns from
the interaction between the user and the suggestion strategy. Recommen-
dations that are kept (respectively not kept) by the user are considered as
positive (respectively negative) examples that can be added to a training set.
The system strategy can be regularly updated and could be adapted to the
current user. Other systems consider large usage history of external systems
(e.g. from Excel), in order to learn knowledge about visualizations design
and efficiency. Here the behavioral feedback is obtained from other systems
than the current recommendation strategy. Hence adaptation is not specific
to the current users.

4.8. User interfaces and evaluation

In this section, we have ranked the studied systems from the simplest to
the most complex user interface. We start with Draco because it does not
provide any interface, but it outputs a Vega-lite code. Then some systems
do not provide any editing interface, but instead a direct visualization of the
suggested dashboard, as in “Engaging Dashboards”. Zenvisage and Voyager
2 provide minimal user interfaces.

Then a second group of systems provides advanced users interfaces, of-
ten with a focus on specific features. Dynspace concentrates on multiple
workspaces and other features for novice users, as does Exploration Views.
Other systems provide rich user interfaces with detailed view of the proposed
dashboards (ScagExplorer, MultiVision, DeepEye, DataShot, Calliope), ad-
vanced interactions devoted to user feedback (DashBot, VizDeck) or interac-
tive options selection (CCP).

Finally, commercial systems (Mackinlay et al., 2007; Gowthami and Ku-
mar, 2017; QlikTech International, 2013) support the most advanced user in-
terfaces with many customization features compared to other scientific tools.
These commercial tools propose a highly versatile dashboard interface. In
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System Type | U | Mode | Findings

CcCP Sole 20 | Online | Completion time, Ease of use
Expl.View | Sole 15 | Offline | Ease of use, chart creation
and customization

DynSpace Sole 8 | Offline | Selecting dimensions preferred

VizDeck Comp. | 32 | Offline | Completion time
MultiVision | Sole 12 Useful, convenient, easy to learn
Zenvisage Comp. | 12 | Offline | Completion time, accuracy,

usability and satisfaction
Voyager 2 Comp. | 16 | Offline | Supports focused analysis,
related views + wildcards helpful
Eng. Dash. | Sole 3 | Online | Dashboard improvement

Tableau Sole 10 | Online | Show Me + Add to Sheet useful
DataShot Sole 10 | Offline | Effective data fact extraction,
visual design, interactions
Calliope Comp. | 16 | Offline | Logicality, memorability,
comprehension, engagement,
dissemination

Table 4: A summary of the user evaluations performed in ADRSs. U denotes the number
of users involved in the evaluation.

return, the user has to be familiar with complex technical terminology and
interface set-up.

About the evaluation of interfaces, commercial systems do not provide
evaluation results, except for Tableau. For Draco, DataShot and Scagkx-
plorer, no user was involved. The evaluation was a demonstration of func-
tionalities on use cases. For DeepEye, a machine based evaluation was per-
formed. For the remaining 11 systems, a user evaluation was performed, as
summarized in Table 4. 7 studies test the functionalities of the systems, while
only 4 perform a comparative study involving up to 3 different systems.

4.9. Market accessibility

Some systems (Dang and Wilkinson, 2014; Da Col et al., 2021; Chen
et al., 2020; El Meseery et al., 2018) are not available practically to be tested
and used. ADRSs have different types of licenses to come into the market:

e Commercial: systems (Mackinlay et al., 2007; Gowthami and Kumar,
2017; Elias and Bezerianos, 2011; QlikTech International, 2013; Aksu
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et al., 2019; Amazon Web Services, 2016; Sisense Inc, 2004) are com-
mercial, they do not allow users to modify their source code. And users
have to pay to use their services,

e Open Source: only two systems (Siddiqui et al., 2016; Wu et al., 2021)
are open source. This kind of systems allows users to make modifica-
tions to their source code for personal customization. MultiVision and
Zenvisage share their source code on GitHub. MultiVision is under
development,

e Freeware: Only one system (Luo et al., 2018) is a freeware that pro-
vides its service free of cost and without time constraints. Commercial
systems provide a free trial for a few days with time constraints.

4.10. Transverse categorization of systems based on methodologies and fea-
tures

In complement to the previous analysis of descriptive dimensions, we pro-
pose in this section different and complementary viewpoints on the analyzed
systems.

Commercial systems. These systems form a group with similar features.
They all propose many visualizations and advanced interfaces. They are
in general designed for experts users and are more difficult to use by novice
users. They generate visualizations in a dashboard with a one by one strat-
egy that relies on user choices to select the proposed options. They let the
user do a lot of customization in a user interface with many complex fea-
tures. They do not seem to use immediate feedback and in general they do
not disclose their suggestion method.

Proposing dashboards templates and layout. Several systems are proposing
predefined templates, either according to expert knowledge (Elias and Beze-
rianos, 2011) or usage history like CCP. This is helpful for users. However,
users need some expertise to select the right template that fits the data, and
manually edit the dashboard to finalize it. These two limitations are the
main difficulties for novices to use this kind of systems. In other systems,
the layout either relies on user manual editing or is imposed, usually with a
grid or tiled format.
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ML and Deep Learning algorithms. Several systems (Da Col et al., 2021; Wu
et al., 2021; Luo et al., 2018) use ML methods for visualization recommenda-
tion. These systems reduce human efforts and suggest precise visualizations
related to data. They avoid to formulate complex knowledge bases as in
Draco for instance. The authors of Draco also admit this fact as they use a
support vector machine to set up weights that are too difficult to be humanly
determined. They also show that human settings are experimentally less ef-
ficient. But these systems involve complex algorithms that do not explicit
the acquire knowledge. They can not explain why a suggestion is interest-
ing, or why a visualization is better than another one. They work as black
boxes, with an abstraction of the whole process, and users are only aware
of input and output. Another drawback is that these systems require high
computation costs in the learning phase as well as data acquisition, labelling
and preprocessing.

In our survey we have only one system (Wu et al., 2021) which uses
deep learning (Wu et al., 2021), with two different architectures (Siamese
network and LSTM). As for other ML approaches, Deep Learning has the
same drawback and advantages. It is not clear whether the actual quantity
of available labelled data is in favor to Deep Learning compared to standard
ML. Yet it is difficult to compare Deep Learning and ML algorithms because
this would require the same data and evaluation procedure.

Statistical algorithms. Many systems focus on the statistical properties of
the dataset for improving the quality of suggestions. They look for insights,
relevant information or common behavior in the data (Dang and Wilkinson,
2014; Da Col et al., 2021; El Meseery et al., 2018; Key et al., 2012). VizDeck
(Key et al., 2012) uses 5 statistical properties to generate top-k visualiza-
tion. DashBot (Da Col et al., 2021) uses aggregation function (min, max,
count, sum, avg) to compute other statistical properties like entropy and
variance in the data prepossessing phase (offline process) of dashboard gen-
eration. ScagExplorer (Dang and Wilkinson, 2014) uses statistical properties
for filtering the scatter plots. Similar to ML algorithms these systems also
involve high computation of datasets to find different statistical properties.
The algorithms behind calculating SD are not as complex as that of ML
methods.

Query based systems. Several systems (Da Col et al., 2021; Luo et al., 2018;
Moritz et al., 2018; Siddiqui et al., 2016) use knowledge based approaches
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with query languages. Those systems, in contrast to ML based approaches,
have an explicit representation of knowledge. Formulating such knowledge
can only be done by experts, it requires a lot of work, and such knowledge
bases might be difficult to maintain. But once established and validated,
it can be used to propose visualizations and to explain the results. Such
system do not require high computation to acquire knowledge, however, the
inference they perform might require a long time.

Completely automatic systems. Complete automation of dashboard creation
has two main advantages: for novice users, it is easier to obtain a complete
dashboard than to edit it, a task that requires knowledge of visualizations
and understanding of the user interface. Another advantage of such an ap-
proach is that it can cope with the huge search space involved in dashboard
creation. However, such systems are not so numerous, even if their pres-
ence is increasing over the recent years: ScagExplorer (Dang and Wilkinson,
2014), “Engaging dashboards”, DeepEye (Luo et al., 2018), DataShot (Wang
et al., 2019) or Calliope (Shi et al., 2020) support complete automation for
dashboard generation. These systems only ask users to upload a dataset as
an input and generate dashboards as the output. These systems generate,
recommend, and optimize the dashboard on the basis of dimensions and at-
tributes of the dataset. It is interesting to see that these systems however do
not support yet user interfaces with features like drag and drop, resize, move,
add, and delete the visualization. During the whole process of dashboard rec-
ommendation, these systems do not allow any kind of user intervention.

User technical skills. In the evaluation section of the studied papers (Elias
and Bezerianos, 2011; El Meseery et al., 2018; Luo et al., 2018), are defined
different levels (beginner, advanced, expert) of expertise for different users
(novice and expert) to understand BI tools. Technical skills (in data analy-
sis, data modeling, visualizations pros and cons, terminology) possessed by
users help them to decide their preference for a given system. (Elias and
Bezerianos, 2011) state that it is difficult for novices to understand the tech-
nical terminology used in the system interface to define different elements
and components of the dashboard. On the other hand, experts are familiar
with these technical terms. Similarly, (Saket et al., 2018) states that after
mathematical experiment and calculation, authors find that a scatter plot is
the best option to find anomalies in data because of its good performance
(in terms of time, precision and accuracy). But users equally preferred bar
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charts instead of scatter plots for the same task because users are more fa-
miliar with bar charts and they can easily interpret bar charts in contrast
to scatter plots. Systems (Elias and Bezerianos, 2011; El Meseery et al.,
2018) are more preferred by novice users because their terminology is easier
to understand in comparison to commercial systems (Mackinlay et al., 2007;
Gowthami and Kumar, 2017; QlikTech International, 2013) and open-source
systems (Wu et al., 2021) whose major users are experts and researchers.

5. Conclusion and perspectives

5.1. About this survey

In this paper, we have focused on automatic dashboards recommenda-
tion systems. This survey contributes to researchers and Bl experts, acting
as a resource and guideline for the design and development of ADRSs. It
also helps readers to categorize the level of considered visualizations and
complexity of suggestions methods used in ADRSs.

We found only 19 ADRSs starting from a pool of 1036 papers. It shows
the scarcity of such systems in the field of data visualization. We identify 8
dimensions to analyze these systems. The results of this analysis show that
there are many challenges that could be addressed in the future of ADRS.

5.2. Analysis of system launched year

Regarding previous surveys (Shen et al., 2021; Zhu et al., 2020) which
showed the evolution of automatic visualizations recommendation systems
(from 2001 to 2021 and from 2012 to 2020 respectively) and with our analysis
presented in Table 3, we can conclude that in last decade (2011-2021) there is
an increase in the number of ADRS. In addition to this growth, there is also a
transformation in technology used to develop such ADRSs, from simple and
manual to advance and automatic suggestion mechanisms respectively, with
the use of ML. It attracts researchers, data scientists and business intelligence
experts to develop new and advanced ADRSs. Based on this fact, we think
that the work in this domain will continue to increase over the years.

5.3. No dominant methodology and lack of experimental comparison

Various methodologies are used in ADRS. Indeed ML, Deep Learning
and Statistics are the most used and recent trends for developing ADRSs.
However, in our opinion, knowledge based approaches are still competitive
to other ML models, and this will continue as long as collected data about
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visualization usage will not be informative and voluminous enough, and as
long as explanations of MLL models will not be clear for users.

In addition, it is hard to determine which approach is the best. Yet the
only possibility to compare these systems is to study their evaluation method-
ology and obtained results, but due to different users, data and hardware,
this could be biased. Every system uses different evaluation methodologies
and dimensions to evaluate its performance and user experience. The most
valuable results of the evaluation are found through users’ feedback. But it
would be more beneficial to evaluate different ADRSs with the same datasets,
tasks, participants and hardware. In other words, to compare different sys-
tems performances, there is a need to perform experiments with all systems
in similar conditions, including quantitative results and users’ feedback. Zeng
et al. (Zeng et al., 2021) have proposed an evaluation focused framework to
contextualize and compare visualization recommendation algorithms. They
have demonstrated the proposed framework with 5 visualization recommen-
dation systems only. Alternatively, it would be interesting to develop a test-
ing platform that could use the same grounds for comparing all systems.

So there is not an approach that dominates the others, and studied sys-
tems are in a way complementary. This shows that we are still at an early
stage on the research about ADRS.

5.4. Nowice users

Recommendation systems are useful for all users, but they play a more
important role for novice users who need more guidance and help than for
others. System users (novices/experts) and the terminology of the system
directly affect each other. If users of the system are experts, in such a case
technical words used in the dashboard interface are fine, like in the case of
commercial systems (Mackinlay et al., 2007; Gowthami and Kumar, 2017,
QlikTech International, 2013). But on the other hand, if users are novices
in this case it can be very difficult for them to deal with the dashboard
interface. (Elias and Bezerianos, 2011) highlighted this issue during the eval-
uation through user feedback after the experiment. In addition, systems that
propose a complete dashboard without user intervention can be interesting
for novices who will not have to take difficult decisions. On the other hand,
expert users are more likely to make good suggestions to recommendation
systems through user feedback or manual editing.
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5.5. Dashboard interface

Dashboards can be extended and improved with specific visual and in-
teractive features. Such possibilities are a bonus for users because they help
them understand the data story quickly and improve user interactions with
the system.

Linking and brushing are common techniques to many systems, but addi-
tional and more specific features can be found, like dashboard annotation, an-
imation of visualizations, color combination, drag and drop, local and global
filters, undo/redo and visualization caption. (L’Yi et al., 2019) explains and
compares how the effects of annotation and animation help users understand
visualization quickly. (Yuan et al., 2021; Few, 2003) use a selection of the
right color pallet for different view types (widgets), which also help users to
quickly understand insights of the dashboard. We observe that commercial
dashboard interface supports many such features (pulse feature in Sisense,
narrate feature in Qlik Sense, story feature in Tableau, etc) compared to
other systems of Table 3. Hence the dashboards designed with commercial
tools are very appealing.

5.6. User feedback

The integration of user feedback is still rare but it is a major challenge
for future ADRSs. Only 4 systems (Da Col et al., 2021; Chen et al., 2020;
Key et al., 2012; Aksu et al., 2019) support user feedback. More specifi-
cally, the most popular commercial systems (i.e. Tableau, Power BI, Sisense,
Qlik Sense, QuickSight) do not propose user feedback feature. In addition,
comparative evaluation of user feedback methods is difficult, because of the
different testing conditions of each ADRS.

User feedback, either immediate or from logs recording visualizations us-
age, represents an important feature to help systems generate better sugges-
tions. Immediate user feedback involves the users actively during the process
of visualization recommendation and it can help the system to dynamically
understand the user’s aim and objectives. It can improve the quality of sug-
gested visualizations. User feedback based on large usage history concern
any kind of users and domains. It would be interesting to collect richer data,
and more information about users and their context. The collection of such
enriched data will open the way to more efficient ML models, that will not be
general to all users but more specific to some users. It could be interesting
to know about user context and level to make suggestions that are better
personalized.
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From this point of view, reinforcement learning could play an important
role because it is a learning paradigm that can take into account immediate
feedback. Also another paradigm such as semi-supervised learning or active
learning could be useful to personalize models to a given user.

5.7. Lack of open source and freeware ADRS

There are more commercial ADRSs in comparison to open source and
freeware systems. Indeed ADRSs attract researchers but also major investors
and enterprises. But there is still a scarcity of open source and freeware sys-
tems. Due to this scarcity, common users deprive of analyzing household
data using ADRSs, as these common users do not want to use enterprise
versions (commercial systems) and invest money to perform their domestic
tasks (electricity bills, daily sales analysis for street vendors, monthly ex-
penses, etc). Even in the last decade, we have observed that there is less
focus on open source and freeware ADRSs development in contrast to com-
mercial tools.
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