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a b s t r a c t

With the incredible growth of the scale and complexity of datasets, creating proper visualizations
for users becomes more and more challenging in large datasets. Though several visualization rec-
ommendation systems have been proposed, so far, the lack of practical engineering inputs is still a
major concern regarding the usage of visualization recommendations in the industry. In this paper, we
proposed AVA, an open-sourced web-based framework for Automated Visual Analytics. AVA contains
both empiric-driven and insight-driven visualization recommendation methods to meet the demands
of creating aesthetic visualizations and understanding expressible insights respectively. The code is
available at https://github.com/antvis/AVA.

© 2024 The Authors. Published by Elsevier B.V. on behalf of ZhejiangUniversity and ZhejiangUniversity
Press Co. Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Visualization maps abstract data to visual presentations (e.g.,
osition Gleicher et al., 2011, color Tseng et al., 2023, and shape
mart and Szafir, 2019) for users’ comprehension and is a pow-
rful way to reveal hidden insights and communicate compelling
tories from data (Battle and Ottley, 2023; Szafir et al., 2023;
orth, 2006). However, designing visualization for effective vi-
ual data communication is often challenging, labor-intensive
ime-consuming, and highly dependent on expertise such as vi-
ual communication design, user experience design, and data
nalysis (Szafir et al., 2023; Qin et al., 2020).
Recently, with the rapid growth of data scales and the rise

f artificial intelligence techniques, machine intelligence began
o be incorporated into the visualization process to improve the
ommunicative effectiveness for users (Chen et al., 2023). For
xample, some work focuses on the data level, such as auto-
atically selecting the dimension fields to be visualized within
omplex data (Cui et al., 2019a), recommending explainable data
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transformations (Wu et al., 2023a), and resulting valuable data
facts or insights (Demiralp et al., 2017). For a given input of data
or other modalities (Cui et al., 2019b; Yu and Silva, 2019), there
are also studies that explored the effectiveness of both data and
non-data visual encodings, e.g., data selection (Kaul et al., 2021),
color (Tseng et al., 2024), and ensembles (Szafir et al., 2016).
However, there are still challenges that need to be addressed:

• The existing visualization recommendation systems often
have limited and fixed recommendation rules or training
data, which are difficult to adapt to actual variable visual-
ization requirements that may be important for real-world
use cases such as various chart styles and customized de-
signs (Qin et al., 2020).

• Although existing recommendation systems can help gener-
ate visualization charts, communicating recommended in-
sights to target users from data still requires additional
efforts, such as organizing vivid data stories and written
descriptions (Shi et al., 2020).

To address these challenges, we propose AVA, an automated,
pen-sourced, and AI-driven intelligent visual analytics frame-
ork, to help developers with different experiences to make vi-
ualization efficient. We worked closely with experts from a data
ntelligence department in a well-established IT company and
xtracted requirements through iterative discussions with them.
sity and Zhejiang University Press Co. Ltd. This is an open access article under the
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n particular, these requirements are drawn from real-world com-
lex visual development scenarios. This motivates us to propose
VA, which mainly integrates two modules, namely, the base
odule and the recommendation module. The base module con-
ists of some basic syntax and rules to help with chart recommen-
ation. The recommendation module includes the main process of
ata visualization, such as data pre-processing, empirical-driven
ecommendation, insight-driven recommendation, and narrative
ata interpretation. We demonstrate the effectiveness and usabil-
ty of AVA through case studies and a comparative analysis based
on real-world scenarios. The main contributions of this paper are
as follows:

• An engineering framework for intelligent visual analytics
with low learning and customization costs and suitable for
diverse business scenarios.

• A visual recommendation pipeline that incorporates
empiric- and insight-based approaches and supports narra-
tive data interpretation.

The rest of this paper is organized as follows. Section 2 reviews
related work. Section 3 proposes the design requirements. Sec-
tion 4 introduces the architecture of the AVA framework. We
resent two case studies and a comparative analysis to validate
ur work in Section 5, discuss in Section 6, and conclude in
ection 7.

. Related work

.1. Insight extraction

Insight extraction focuses on extracting useful data facts, also
nown as insights, from the data (Battle and Ottley, 2023; North,
006; Gotz and Zhou, 2009). Insights can be classified into various
ypes, such as outstanding, dominance, top-k, outlier, increase
rend, etc Lin et al. (2018), Tang et al. (2017) and Ma et al.
2021). If the amount of data is not large, all possible fields can
e enumerated based on data type and name (Wongsuphasawat
t al., 2015). DataSite (Cui et al., 2019a) analyzes the data through
redefined algorithms, such as calculating Pearson correlation
oefficients (Benesty et al., 2009) for all combinations of nu-
erical attributes. There are also studies to evaluate insights by
esigning relevant metrics to identify more valuable insights. For
xample, Voder (Srinivasan et al., 2018) uses a set of predefined
euristics to group data facts into three tiers. Tier 1 consists of
he most prominent data facts. Ding et al. (2019) designed an
nsight evaluation algorithm to eliminate easily inferable insights
o achieve high-quality insight results. Mafrur et al. (2018) pro-
osed a hybrid objective utility function, which captures both the
mportance and the diversity of insights. Vartak et al. (2015) built
system, SeeDB, a DBMS middleware, that uses a deviation-based
tility metric to display large deviations from some reference.
As the dimensionality of the data increases, the space of pos-

ible insights becomes very large, making it difficult for the
omputational speed to meet the interaction requirements. In
rder to accelerate the computation, Foresight (Demiralp et al.,
017) proposed a sketch composition for fast approximate com-
utation of insight metrics. Calliope (Shi et al., 2020) which uses a
ogic-oriented Monte-Carlo tree search algorithm. The algorithm
voids the time-consuming enumeration of the data space via
reward function and a logic filter to ensure the quality of

he generation results. Databiting (Rey et al., 2024) supports
nteraction with personal data to provide enriched insight ex-
loration in mobile devices. Recent advancements in this field
nclude systems like XInsight (Ma et al., 2023b), which pro-
ides a general framework for explainable data analysis through
107
the lens of causality, offering qualitative and quantitative ex-
planations that significantly improve human understanding and
confidence in data analysis outcomes. Similarly, InsightPilot (Ma
et al., 2023a), an LLMs (Large Language Models)-based system,
simplifies the data exploration process by issuing a sequence
of analysis actions to explore the data and generate insights
from natural language questions. In addition, the industry has
developed systems with similar automatic insight generation fea-
tures like Microsoft Power BI,1 Google Sheets,2 and Amazon
QuickSight.3

Besides, novel visualization and visual analytics approaches
utilizing various statistical and modeling techniques have also
been proposed to guide efficient insight exploration under ana-
lytics contexts (Zhou et al., 2022a). For example, characterizing
empirical and statistical features as guidance (Ceneda et al., 2016;
Zhou et al., 2021; Kale et al., 2023), contextualizing data to
mitigate bias and paradox (Armstrong and Wattenberg, 2014;
Gotz et al., 2016; Dimara et al., 2018), aggregating datasets to
support meaningful interpretations (Xiong et al., 2019; Borland
et al., 2024; Wang et al., 2024), as well as analyzing insights under
domain-specific expertise and usage scenarios such as supporting
event sequence analysis (Gotz and Stavropoulos, 2014; Guo et al.,
2017; Jin et al., 2020), privacy and fraud analysis (Zhou et al.,
2022b, 2023; Nanayakkara et al., 2024), and geospatial insight
exploration (Wood et al., 2007; Chen et al., 2017; Zhou et al.,
2018). These methods underscore the ongoing focus of insight
extraction to support visualizations.

However, despite the rich set of methods provided by the
aforementioned works for insight extraction, there is a notable
gap in research and front-end tooling when it comes to determin-
ing the most effective visual representations for different types
of insights. Users may have different preferences across different
types of insights and tasks in visualization (Quadri and Rosen,
2021; Quadri et al., 2024), current practices may not fully exploit
the potential of visualization to enhance the interpretability and
impact of the extracted insights. In our work, AVA takes into
account the characteristics of the data itself as well as different
user preferences to control the output of the insight results.

2.2. Visualization recommendation

An increased level of interest has recently emerged in facilitat-
ing visual data exploration by recommending visualizations (Zhou
et al., 2022a). As early as 1986, Mackinlay (1986) proposed APT
to rank perceptual channels based on the type of data fields.
This provides a reference guideline for the visual encoding rec-
ommendation of data, which is employed in systems such as
Tableau (Mackinlay et al., 2007) and Voyager (Wongsuphasawat
et al., 2015, 2017).

Depending on whether the user explicitly specifies the pur-
pose of the analysis or implicitly infers user intent from the data,
the type of chart that is appropriate for that type of task can be
recommended (Gotz and Zhou, 2009; Zeng et al., 2021). For exam-
ple, in DataVizard (Ananthanarayanan et al., 2018), a line chart is
recommended when the user wants to see the trend of the data,
while when the user selects a numeric variable and a category
variable, it can be inferred that the user wants to compare the
number of different categories, which is where a bar chart is
recommended. In addition to those based on empirical rules,
prior studies recommend visualizations based on exploring users’
intents based on their behaviors or interactions (Gotz and Wen,
2009; Brown et al., 2014) as well as constraint-based optimization

1 https://www.microsoft.com/en-us/power-platform/products/power-bi/.
2 https://www.google.com/sheets/about/.
3 https://aws.amazon.com/quicksight/.

https://www.microsoft.com/en-us/power-platform/products/power-bi/
https://www.google.com/sheets/about/
https://aws.amazon.com/quicksight/
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sing off-the-shelf solvers for visual design criteria (Moritz et al.,
018; Lin et al., 2020). Besides, Data2Vis (Dibia and Demiralp,
019), VizML (Hu et al., 2019), as well as DataShot (Wang et al.,
019) employ end-to-end models to directly learn the mapped
elationships between data and encoding. Chen et al. (2021), on
he other hand, provides VizLinter, an architecture that includes
linter and fixer to check existing visualizations for violations of
esign guidelines and provide suggestions for fixes using linear
rogramming.
In addition, prior work investigated how to recommend visual

ncodings that involve aesthetics and perception. For example,
ADV (Ma et al., 2020) formalized several aesthetic metrics to op-
imize the grid layout of the dashboard. MobileVisFixer (Wu et al.,
020) employed a reinforcement learning framework to adjust
ayout parameters to generate more mobile-friendly visualiza-
ions. ColorCrafting (Smart et al., 2019) employed an algorithmic
pproach that models designer practices by analyzing patterns in
he structure of designer-crafted color ramps.

More recently, with the widespread development of machine
earning models, AI-powered tools have been proposed to support
isualization recommendations as well (Chen et al., 2023). Cal-
iope (Shi et al., 2020) and Autoclips (Shi et al., 2021) supported
utomated generations of data stories and videos from large
atasets. Viz2viz (Wu et al., 2023b) utilized diffusion models to
upport generating aesthetic stylized visualizations. ChartSpark
Xiao et al., 2023) further incorporated semantic context into
enerated pictorial visualizations with text-to-image models. The
ncorporation of LLMs in visualization tasks has opened new
ossibilities. Li et al. Li et al. (2024) showcases the effectiveness of
LMs, specifically GPT-3.5, in generating Vega-Lite specifications
rom natural language descriptions. ChartGPT (Tian et al., 2024)
ntroduced natural language interfaces to generate charts from
bstract natural language inputs with LLMs support. LIDA (Dibia,
023) is another example that combines LLMs with image gener-
tion models to produce charts and infographics. It defines a four-
tage task that combines LLMs and image generation models to
nterpret datasets and analysis objectives. Data Formulator (Wang
t al., 2023) introduces a paradigm where an AI agent separates
igh-level visualization intent from low-level data transformation
teps, enabling the automatic generation of desired visualizations
rom defined data concepts. The generative methods serve as
ood data creativity tools when generating charts, however, they
annot fit well with the employed data itself, resulting in low
erformance in generating actionable insights (Basole and Major,
024).
The aforementioned literature offers a variety of effective

ethods and means for automatically recommending chart types.
owever, in real-world engineering practice, there is often a need
or interpretability and certainty in the recommendation results,
s well as a user-friendly development approach on the engi-
eering side. AVA provides empiric- driven and insight-driven
isualization recommendation methods. It also offers an explain-
ble rule system and a suite of front-end tools centered around
utomated visualization. These features help to ensure that the
hart recommendations provided are interpretable and robust in
n engineering context. Besides, existing methods still require
sers to interpret the insights themselves after recommend-
ng visualizations. AVA further supports narrative visualization
nd helps users understand the information conveyed by the
isualization through descriptive text.

. Design consideration

In this section, we provide an in-depth analysis of the actual
cenario of visualization development and present our design
oals.
108
3.1. Visualization development scenarios and issues

To better understand the problems visualization developers
encountered in practice, we conducted semi-structured inter-
views with three experts. All three experts are from an IT com-
pany; one is a product manager, one is a front-end engineer, and
the other is a designer. They all have extensive experience in de-
veloping visualization systems such as business intelligence. Typ-
ically, a product manager will come up with a requirement and
write a product requirements document. This document needs
to go through several rounds of reviews and iterations before it
becomes a formal requirement. After that, the project is sched-
uled. The front-end and back-end engineers will develop based
on the requirements document and the design drawings. After
the development is completed, it needs to go through self-testing,
front-end and back-end debugging, and regression testing, and if
bugs are found in this process, they need to be fixed. Finally, it
needs to be checked before it can be put online in the production
environment gradually. Three common issues were summarized
during the interviews.

I1 Lack of visualization expertise. The lack of visualization
design knowledge and development skills for developers
creates difficulties in implementing data visualization re-
quirements, especially in some innovation-incubated and
urgent projects.

I2 Diverse requirements for different businesses. Different
businesses will have different needs, such as the configu-
ration of the chart, and it often takes a lot of time to make
personalized changes in actual development.

I3 Difficult to choose the right chart. In the beginning, de-
velopers often do not know what form of visualization to
use for their data, which requires many iterations to find
the suitable one. In addition, differences in the data itself
can affect the comprehensibility of the charts.

3.2. Design goals

After learning about the problems frequently encountered by
people involved in visualization projects, we also interviewed
them about what features they would like to see in existing visu-
alization development frameworks to solve this problem. There-
fore, we summarized three design goals.

G1 Reduce development effort. Developers want to simplify
the workload and knowledge threshold in the visualization
chart development. Developers do not always want to be
involved in every step of the visualization pipeline. It would
ease their burden to recommend good visualizations, both
individual visualizations and collections of visualizations,
such as dashboards.

G2 Support personalized configuration. Support custom con-
figuration of charts to reduce tedious code adjustments.
It would be beneficial to open customization capabilities,
such as customizing specific recommendation rules on/off
and independently modifying a part of the recommenda-
tion process.

G3 Adapt to different data. Users want to be able to select
a suitable chart according to different data characteristics.
For example, a line chart usually reflects the trend well
for time-series data, but when there are many outliers in
the data, a scatter chart has a clearer presentation. On the
other hand, when users are faced with unfamiliar data, a
visualization generated adaptively based on the data can
help users explore the data quickly.
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. Architecture

In order to achieve the above goals, we propose AVA. The
AVA framework contains several steps from data to visualization,
as shown in Fig. 1. The framework is based on the visualiza-
tion declarative syntax antv-spec and the chart knowledge base
CKB. Data first goes through the data pre-processing module,
which generates processed data and related statistics. Two visual
recommendation paths are then available, empiric-driven rec-
ommendation and insight-driven recommendation. In addition,
AVA offers module NTV for the insight-driven recommendation,
which can provide a natural language description of the insight
conclusion. To integrate some of these aforementioned function-
alities, the framework offers a component library for extensible
capability.

4.1. Bases

The bases of the framework include a declarative syntax, a
chart knowledge base, the selected visualization rules, and a
declarative schema to support chart recommendations.

4.1.1. antv-spec
The definition of specifications is an important part of a vi-

sualization system. There have been proposed a variety of spec-
ifications such as Vega (Satyanarayan et al., 2015) and Vega-Lite
(Satyanarayan et al., 2016). But existing schemas neither can
cover the necessary aspects of automated visual analytics, nor fit
the rapidly changing visualization systems. Hence we also need
to define a unique JSON specification based on AVA’s demands.
Thus we proposed the antv-spec4 as a declarative grammar that
supports various technology stacks of AntV. As shown in Fig. 2, its
efinition consists of metadata, canvas attributes (e.g. width and
eight), data mapping attributes (e.g. marks), and data annotation
ttributes (e.g. data definition). Also, the antv-spec grammar can
e linked to G2Plot5 for rendering by an adaptor.

4 https://github.com/antvis/antv-spec.
5 https://github.com/antvis/g2plot.
109
Fig. 2. antv-spec, a declarative grammar that supports various technology stacks
f AntV.

.1.2. CKB
The chart knowledge base, CKB, is a library that offers a knowl-

dge base for chart wikis in a JSON format. We aim to build a
tandard wiki for every type of visualization. Thus users do not
ave to struggle with different names, aliases, or definitions of the
ame chart type via CKB. CKB enables users to quickly build their
wn chart dictionary product, for example, ChartCube.6 Besides,
ith AVA, users will be able to easily build a chart recommen-
ation system with CKB and their customized rules. The full
efinition of the knowledge bases can be found on Github.7

.1.3. Rules
The selected visualization rules, Rules, is a library that offers a

et of visualization rules that are important for industry usage
cenarios defined in CKB format. There are two types of rules,
ard and soft. While hard rules are mandatorily agreed on charts,
nd soft rules are weighted for computation. Previous works such
s Voyager (Wongsuphasawat et al., 2015) and Draco (Moritz
t al., 2018) both employ a lot of existing visualization rules
hich significantly raise the computational cost of the visualiza-
ion searching space. We aim to abstract the core rules for real
sage scenarios to make it more effective and reduce the com-
utational cost. With the help of a group of designers, analysts,
nd product managers, we abstracted 13 hard and soft rules in
ules which can faithfully describe the most important cases in
ndustry applications, such as the ‘‘data-check’’ rule, ‘‘data-field-
ty’’ rule and ‘‘no-redundant-field’’ rule. We also define different

6 https://chartcube.alipay.com/.
7 https://github.com/antvis/AVA.

https://github.com/antvis/antv-spec
https://github.com/antvis/g2plot
https://chartcube.alipay.com/
https://github.com/antvis/AVA
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eights for our soft rules based on the business demands. The full
efinition of the rules can be found on GitHub.8

.1.4. ntv-schema
In order to standardize the style of textual expression, AVA

mploys the concept of visual channel mapping from data visu-
lization theory to regulate the visual mapping representation of
ext and implement it in NTV.

To formalize this specification, AVA has designed a set of
declarative schemas for interpreting the text, namely ntv-schema.
This will facilitate the circulation of the schema among vari-
ous systems and also serve as preparation for future intelligent
recommendations.

The ntv-schema is divided into two layers: the structural layer
and the phrase layer. In terms of the structural layer, the whole
interpretation structure is called narrative, which consists of a
headline and multiple sections. Each section is composed of sev-
eral paragraphs, and each paragraph consists of multiple phrases.
The phrase layer reflects the most significant difference between
‘‘data-describing text’’ and ordinary text. Phrases are categorized
into three types: text, entity, and custom. The text type is or-
dinary plain text. The entity type represents phrases with data
meaning that map data to text, which is the main content for
visualizing the interpretation of the text. The custom type is
a phrase slot that allows users to customize, often used for
implementing phrase-level interactions.

4.2. Recommendation pipeline

The main process is visualization recommendation, which
includes data pre-processing, empiric-driven recommendation,
insight-driven recommendation, and narrative data interpreta-
tion.

4.2.1. Data pre-processing
Data pre-processing (Fig. 1-A) is the data processing and pre-

computing library of AVA. It contains general functions and
dataset components. The general functions are divided into four
parts: Analyzer, Statistics, Random, and Utils.

The Analyzer is used to analyze what type a value belongs to,
which may be one integer, float, date, string, or null, and can be
further classified into nominal, ordinal, discrete, etc. The Random
is a random value generator that can be used to generate mock
data as well as color palettes, etc. Some statistical information
of the data is calculated by Statistics, such as mean, quartile,
variance, and Pearson correlation. Utils consist of data type infer-
ence and utility data operations. To improve performance, Data
pre-processing also uses WeakMap9 to cache some statistics.

Dataset implements Series, a one-dimensional data structure,
DataFrame, a two-dimensional data structure, and Graph, a topo-
logical relational data structure. Representing the raw data in an
appropriate data structure facilitates the selection of specific vi-
sualization forms and insight extraction algorithms. The structure
of Data pre-processing is shown as Fig. 3.

4.2.2. Empiric-driven recommendation
Advisor is the empiric-driven chart recommendation (Fig. 1-B)

and lint lib of AVA. It employs a rule-based chart recommendation
model. The pipeline of Advisor can be illustrated in Fig. 4. Both
the recommendation and lint processes are based on empirical
rules. For a given dataset, the Advisor component will compute
the score through every type of chart among those rules, and

8 https://github.com/antvis/AVA.
9 https://developer.mozilla.org/en-US/docs/Web/JavaScript/Reference/Global_
bjects/WeakMap.
110
Fig. 3. The Data pre-processing contains the following components and
functions: (i) General functions and (ii) DataSet (non-entity concept).

Fig. 4. The Advisor contains two main tool functions: (i) Advise(), which rec-
ommends charts automatically and (ii) Lint(), which provides chart optimization
suggestions.

output the most influential one. The Linter component could
compute how the input chart can fit the empirical rules, then fix
the errors or give feedback to the user. The computation of both
components is based on the above Rules. The output will be a
set of visualization advice that would make the chart accomplish
all the hard rules and achieve the largest weight for the soft
rules. The advice follows the antv-spec grammar which could be
translated to G2Plot for rendering.

As shown in Fig. 4, for an input dataset, it would be fed into the
Advisor component first, which would output with visualization
advice. The advice would be adapted to G2Plot via antv-spec for
rendering as a chart. Finally, the chart would go through the
Linter component which could output visualization problems as
an optional output for users to improve their charts.

Besides, the two components can be used together or indi-
vidually. For example, users are allowed to input a manual chart
into the Linter to prettify it. In Ant Group’s business intelligence
platform, Linter helps users at every level to create charts and
get insights easily. Using smart and appropriate prompts, users
no longer need to look for the chart configuration and the chart
configuration will look for users automatically. When there are
some problems in a chart, Linter will find problems quickly and
prompt the user through the yellow breathing light. After that,
the user can follow the guide and fix problems, as shown in Fig. 5.

4.2.3. Insight-driven recommendation
GetInsights (Fig. 1-C) is the insight-driven visual exploration

ibrary of AVA. It employs a pruning-based insight exploration
odel, which classifies data by insight type through subspace
numeration, pruning, and pattern matching.
Then the insight score is calculated and the final output

ncludes the insight result, meta-data, and optional output struc-
ure. The insight score consists of numerical impact and task-
elated impact. The numerical impact reflects the importance of
he insight for the whole data set, which is defined on a specific
mpact measure (e.g., as a percentage).

https://github.com/antvis/AVA
https://developer.mozilla.org/en-US/docs/Web/JavaScript/Reference/Global_Objects/WeakMap
https://developer.mozilla.org/en-US/docs/Web/JavaScript/Reference/Global_Objects/WeakMap
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Fig. 5. An instance of using Linter to find and fix problems in a line chart.

Fig. 6. The pipeline of getInsights, which contains the following steps: (i) Data
pre-processing, (ii) Significance calculation, and (iii) Insight output.

Impact needs to be normalized and satisfy anti-monotonic
conditions in order to be fairly comparable. In practice, users
sometimes have interest preferences for specific data subjects
and insight types, so task impact is added to adjust the score of
the output.

For graph data, getInsights provides graph-based subspace
enumeration capability, In which subspaces can exist in the form
of both subgraphs and sub-tables. Insight of graph data can be
expressed by annotations and layouts. The pipeline of getInsights
can be shown in Fig. 6.

4.2.4. Narrative data interpretation
In the comprehensive presentation of the entire data analysis

process, besides visual charts, the utilization of textual descrip-
tions to depict data phenomena and provide insightful conclu-
sions for analysis (Fig. 1-D) is of great significance. Adding textual
information effectively avoids the ambiguity of visualization, and
precisely presents the background information and noticeable in-
sights to the readers. Moreover, as a visual presentation element,
text can emphasize key information through kinds of visualiza-
tion mapping channels, such as font color, background color, size,
icons, etc., thereby enhancing the efficiency with which users
obtain insights. Narrative visualization combines narrative and
storytelling with data visualization to communicate information
111
Fig. 7. An instance of insight-driven recommendation process for user P2.

effectively and expressively. It utilizes the norms of communica-
tive and exploratory information visualization to tell the desired
story.

The ntv module serves as a tailored solution for this particular
scenario. Our module is based on two main components, Narra-
tiveTextSpec and NarrativeTextVis. NarrativeTextSpec is utilized to
declare standard JSON structures for text collections. Its outputs
are named as ntv-schema which presents the component infor-
mation of insights such as context, contradiction, attribution, and
recommendation precisely to the readers (See Section 4.1.4 for
details). This JSON schema can be widely applied in numerous
automated (including AI-generated content) scenarios and offers
good extensibility. NarrativeTextVis provides a react rendering
component that can be employed to visualize any text specifi-
cation described using ntv-schema. See the text elements in the
middle of Fig. 7 for an example.

Specifically, when processing textual information, it encom-
passes two primary processes. Firstly, the NarrativeTextSpec com-
ponent standardizes the definition of textual interpretation and
constructs the ntv-schema based on the input. Then, the ntv-
chema is passed to the NarrativeTextVis component for the ap-
lication of text visualization mapping, resulting in the display
f the interpreted text. When the required content types of the
ext exceed the default phrase and paragraph types of ntv-schema,
ustomization of plugins can be employed. By extending the
isplay and interaction through custom plugins, nearly all sce-
arios can be accomplished. Furthermore, the framework offers
he InsightCard based on ntv, enabling the presentation of data
nsights with rich visuals and explanatory charts in the form of
aptivating cards, as shown in Fig. 7.

.3. Extensible capability encapsulation

The framework also provides a plug-and-play React compo-
ent library based on the integration of AVA capabilities. This
ibrary consists of the NarrativeTextVis, which helps present data
nsights in text format, the AutoChart, which automatically sug-
ests and renders the right chart, and the InsightCard, which
isplays data insight in a combination of graphics and text.

. Evaluation

.1. Case study

We conduct case studies based on the empiric- and insight-
riven recommendation pipeline respectively with four analysts
nd designers from the industry (P1-P4). They all have over three
ears of project experience in visual design and data analysis.
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Fig. 8. An instance of empiric-driven recommendation process for user P1.

.1.1. Empiric-driven recommendation
In terms of our empiric-driven visualization recommendation

odel, all users agree that our tool contributed a lot on raising
he expressiveness of charts, which significantly reduces the time
ost when choosing appropriate charts based on empirical rules.
Fig. 8 shows an instance of how the expert P1 employs our

mpiric-driven recommendation tool. In this case, P1 selected
wo columns of data from a dataset that encompassed the cu-
ulative number of confirmed cases, fatalities, and recoveries at-

ributed to Covid-19 in three countries over the course of a week.
n the past P1 would have to try different kinds of charts to visu-
lize them better. However, our tool can generate recommended
ine charts to illustrate the trends in the number of confirmed
ases within the data, immediately when the columns are loading.
n addition, users can interact with the generated charts to obtain
pecific data information about a particular section within the
raph. All our users agree that this recommendation is helpful
n their usage scenarios.

.1.2. Insight-driven recommendation
When it comes to the insight-driven visualization recommen-

ation tool, the main feedback is that our tool can help users
nderstand the overview of data quickly and significantly reduce
he time cost for exploratory analysis.

Fig. 7 shows the process when the expert P2 is conducting
xploratory analysis within the dataset via our insight-driven
ecommendation tool. Under this circumstance, P2 loaded an
nfamiliar dataset, which pertains to the daily discounted prices
ver a certain period of time. In the past P2 would spend tens of
inutes to comprehend the overall nature of the data by using
ifferent analytical and visualization tools. Using our recommen-
ation process, we can show P2 overall insights extracted from
he whole dataset, including the trend and outliers. According
o users’ feedback, the insight-driven process can help them
nderstand new and unknown datasets faster and easier.

.2. Comparative analysis

We compared AVA to several commonly used data visualiza-
ion tools, libraries, and systems in the industry across various
imensions, including Tableau (Mackinlay et al., 2007), Echarts (Li
t al., 2018), Vega-Lite (Satyanarayan et al., 2016), D3.js (Bostock
t al., 2011), Matplotlib (Hunter, 2007), and Draco (Moritz et al.,
018). The following presents the results of the comparison (see

able 1).

112
In contrast to other JavaScript visualization libraries, AVA em-
bodies intelligence at its core. It not only simplifies chart configu-
ration, making it more user-friendly than D3.js but also surpasses
it by offering features such as insight mining and chart rec-
ommendations. These tools are implemented naturally with a
few extra lines of code, introducing an auto-suggest functionality
for chart types and specifics according to data and analytical
demands - a trait that is often absent in conventional visualization
tools.

When compared to alternate types of tools like Python li-
braries and software like Draco, AVA clearly comes out as a
beginner-friendly option. One of its strengths is that it is very
straightforward and transparent in its functions, making it easier
for engineers to learn and use. Comparatively, although Tableau
is user-friendly with its drag-and-drop feature, it has limita-
tions in its visual designs and customization options. AVA allows
users to adapt charts based on their data and needs, resulting in
intelligently personalized visualizations.

6. Discussion

In this section, we discuss the existing impact of AVA, its
imitations, and shed light on future work.

.1. Impact

The official 1.0 version of AVA was released on November 22,
020, and has gone through several iterations since then. AVA
urrently has over 1.3k stars on Github, reflecting its widespread
opularity. Since AVA is open source, community contributors can
lso submit code to improve AVA or develop their own products
ased on it. As a result, AVA’s features are constantly enriched and
mproved. Further, AVA is widely adopted in business intelligence
cenarios. For example, the Ant Group’s internal business intel-
igence platform DeepInsight uses AVA to automate the mining
f insights from large-scale data and ChartCube,10 an online
hart generation tool, also uses AVA to let users quickly create
isualization charts by drag and drop.

.2. Limitations

Despite its innovative features, AVA also has a few limitations
orth noting. First, it lacks support for configuration recommen-
ations, leaving the task of understanding and setting configu-
ations to the user. This could complicate the user experience,
articularly for those new to data visualization (Stolper et al.,
014). Second, AVA currently focuses on recommending statistical
harts. In particular, it does not provide comprehensive solutions
or complex chart types such as maps, graphs, or juxtaposed
harts, limiting its potential for higher levels of visualization
omprehension (Quadri et al., 2024). Another ongoing challenge is
o expand AVA’s coverage and recommendation capabilities while
aintaining its user-friendliness and ease of use with regarding
pen-course software best practices (Wilson et al., 2017).

.3. Future work

AVA has made initial attempts at intelligent visualization so
ar, and there are many valuable directions for future devel-
pment. First, we plan to summarize more design experience
rom visualization academia and industry for better visualization
ecommendation and linter. Second, the underlying declarative
yntax across AntV will continue to be improved, and interaction
yntax will be added to it so that interactions in visualization

10 https://chartcube.alipay.com/.

https://chartcube.alipay.com/
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Table 1
Comparison of visualization tools.
Library Insight

mining
Chart
recommendation

Usability Customizability

AVA ! ! Moderate Moderate
ECharts ✗ ✗ Moderate Moderate
Vega-Lite ✗ ✗ Moderate Moderate
D3.js ✗ ✗ Hard Powerful
Tableau ✗ ! Easy Limited
Matplotlib ✗ ✗ Hard Powerful
Draco ✗ ! Moderate Moderate
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charts can be recommended. Finally, the recommended visualiza-
tion charts are currently mainly limited to regular diagrams, and
we intend to add recommendations for visual forms such as maps
and graphs to suit more practical application scenarios.

7. Conclusion

This paper introduces AVA, an open-source framework that
ddresses the complexities of modern data visualization. AVA
ombines empiric and insight-driven methods, offering visually
ppealing and meaningful charts and narrative insight descrip-
ions. Through cases and comparative analysis, we show that
VA enables effective visualization recommendation with flexible
ustomization. As an open-source tool, AVA invites continuous
mprovement for further refinement in tackling more complex
ata and scenarios.
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