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Visualization is how most people make sense of data, and the web browser is where most people now
look at it. Big data strains browser-based visualization, however. Rendering millions of points can freeze
a page, transferring raw data can take minutes, and interactions that do not respond within a fraction
of a second break the flow of exploration. This article proposes an architecture for interactive big data
visualization built on HTMLS, JavaScript, and Bootstrap and backed by cloud services. The architecture
combines a responsive Bootstrap layout, a rendering layer that chooses between SVG, Canvas, and WebGL
according to data size, declarative specifications for linked interactive views, and a client data layer with
caching and prefetching. On the server side it uses a cloud aggregation service that sends summaries rather
than raw records, event-driven streaming for live data, and autonomous agents that keep the backend
responsive. It also connects visual insight to action through configurable workflows. Using a design-
oriented approach grounded in ten studies published between 2016 and 2025, the article sets out design
techniques for rendering, data reduction, responsiveness, and accessibility. It illustrates the architecture
with an insurance claims monitoring dashboard that combines tens of millions of historical records with
a live claims stream. It argues that interactive big data visualization depends on moving computation to
where it is cheapest and sending the browser only what it needs to draw.

streaming, cloud computing,
dashboards
INTRODUCTION

on fast feedback, and delays in response to filtering or
zooming disrupt the analyst’s reasoning (Battle & Heer,

Organizations collect data faster than they can analyze it.
Transaction logs, sensor readings, customer interactions,
and operational events accumulate into datasets of
millions or billions of records. Visualization turns such
data into patterns people can see, compare, and question.
Increasingly, visualization is delivered through the
browser, where it is accessible from any device without
installing software.

The browser, however, was not designed for big data.
Three limits matter most. First, rendering: drawing each
record as a separate element slows and eventually freezes
the page as data grows. Second, transfer: moving millions
of raw records over a network takes too long and uses
too much memory. Third, latency: exploration depends

2019; Moritz et al., 2019).

Modern web technologies and visualization research
offer answers. HTML5 provides SVG, Canvas, and WebGL
for drawing at different scales. JavaScript libraries and
declarative grammars such as Vega-Lite (Satyanarayan et
al., 2017) make interactive, linked views easier to build.
Research on scalable visualization shows how aggregation,
prefetching, and precomputation can keep interaction
fast over large data (Battle etal., 2016; Moritz et al., 2019;
Qin et al., 2020). Bootstrap provides a responsive layout
system for building dashboards that adapt from phones
to large monitors.

Visualization is also part of larger systems. Its data
increasingly arrives as live event streams (Sannidhanam,
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2021). Its computation runs on cloud infrastructure whose
architecture shapes performance and cost (Sannidhanam,
2020), and which autonomous agents may operate
(Sannidhanam, 2025). The insights it produces often need
to trigger action (Basireddy, 2022).

This article asks

How can interactive visualization of big data be delivered
through HTMLS5, JavaScript, and Bootstrap with fast,
responsive interaction and integration into enterprise
systems? It contributes a layered architecture, a set of
design techniques, and an illustrative application.

RELATED WORK

Declarative interactive visualization

Satyanarayan et al. (2017) introduced Vega-Lite, a high-
level grammar that specifies interactive visualizations
declaratively in JSON. It covers data, visual encodings,
and interactions such as selection, filtering, and linked
highlighting across views. Declarative specifications
separate what should be shown from how it is drawn, so
the same specification can run on different rendering back
ends and be generated by other software. For big data,
this separation lets a system rewrite a specification to use
aggregated data without changing its meaning.

Scalable interaction techniques

Qin et al. (2020) survey techniques for making data
visualization more efficient and effective. They cover data
reduction through sampling and aggregation, approximate
and progressive query processing, indexing, and methods
for recommending visualizations. Battle et al. (2016)
proposed ForeCache, which predicts which data tiles a
user will request next based on their recent interactions
and analysis behavior. It fetches those tiles in advance,
which significantly reduced latency when exploring large
datasets. Moritz et al. (2019) introduced Falcon, which
exploits the fact that in linked views users interact with
one view at a time. When the user starts interacting with
a view, Falcon precomputes compact indexes for it, so
brushing and filtering across linked views over large data
runs at interactive speed in the browser.

How analysts explore

Battle and Heer (2019) reviewed the literature on
exploratory visual analysis and studied analysts’
interaction logs from Tableau. They found that exploration
involves frequent, rapid interactions such as filtering,
adding fields, and switching views, and that analysts
pursue many related questions in sequence. This supports
designing for low latency on common operations and for
preserving the history of an analysis.

Streaming data
Many dashboards monitor live processes. Sannidhanam

(2021) examines real-time claims processing using event-
driven architectures, in which claims and status changes
are published as events and processed by independent
services in near real time. The same event streams can
feed live visualizations. A dashboard can subscribe to
aggregated updates instead of repeatedly querying the
database, which reduces load and delay.

Cloud backend architecture and operations

Big data visualization depends on server-side computation
to aggregate, index, and serve data. Sannidhanam (2020)
presents a comparative analysis of cloud computing
architectures for enterprise applications, showing trade-
offs in scalability, performance, cost, and security. The
comparison guides where aggregation and query services
should run. Sannidhanam (2025) examines autonomous Al
agents for cloud infrastructure operations, which monitor
systems and take corrective actions within set limits. For
visualization backends, whose load rises sharply when
many users open dashboards at once, such agents can scale
query services and keep interaction fast.

From insight to action

Seeing a problem is only useful if something is done
about it. Basireddy (2022) proposes configurable
enterprise workflow architecture, in which identification,
assessment, approval, escalation, and remediation are
defined as configurable workflows with audit trails.
Linking dashboards to such workflows lets an analyst who
spots ananomaly starta governed response directly from
the visualization.

ACCESSIBILITY

The Web Content Accessibility Guidelines 2.1 (W3C,
2018) set requirements for perceivable, operable,
understandable, and robust web content. These include
text alternatives for non-text content, sufficient contrast,
keyboard operability, and reflow on small screens.
Visualizations are often among the least accessible parts
of web applications, so these requirements need explicit
attention.

Research gap

These strands have developed separately. Little work
integrates them into a practical architecture for interactive
big data visualization with standard web technologies,
which this article provides.

RESEARCH METHODOLOGY

The study follows a design-oriented research approach.
The problem, that browser-based visualization breaks
down at big data scale, was identified from the literature
on scalable visualization. Requirements were derived
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Table 1: Architecture for interactive big data visualization on the web

Layer Location Responsibility Key techniques Supporting studies
1. Layout Client Arrange views responsively Bootstrap grid, cards, W3C (2018)
across devices collapsible panels
2. Rendering Client Draw marks efficiently at the ~ SVG, Canvas, or WebGL Qin et al. (2020)
required scale chosen by data size
3. Interaction Client Link views through selection, Declarative specifications, Satyanarayan et al. (2017); Moritz
filtering, and zooming linked views etal. (2019)
4. Client data Client Keep interaction fast Caching, prefetching, local Battle et al. (2016); Moritz et al.
indexes (2019)
5. Aggregationand  Cloud Reduce big data to what the Server-side aggregation, Qin et al. (2020); Sannidhanam
query browser needs binning, sampling (2020)
6. Streaming Cloud Deliver live updates Event-driven aggregation, Sannidhanam (2021)
push updates
7. Operations Cloud Keep backend services Autonomous scaling and Sannidhanam (2025)
responsive remediation agents
8. Action Enterprise  Turn visual insight into Configurable workflows Basireddy (2022)

governed response

triggered from views

from the reviewed studies: interactive latency, rendering
at scale, efficient data transfer, live updates, responsive
and accessible layouts, a scalable backend, and alink from
insight to action. The architecture and design techniques
were developed from ten studies and demonstrated
through anillustrative claims monitoring dashboard. The
demonstration shows feasibility and internal consistency.
Empirical performance evaluation is left to future work.

ARCHITECTURE

The architecture has eight layers, divided between client
and server (Table 1).

The architecture follows one principle: send the
browser only what it needs to draw. The raw data stays
in the cloud. The aggregation layer turns queries into
summaries sized to the screen, such as counts per time
bucket, per region, or per bin. The client adds caching,
prefetching, and local indexes so that most interactions
need no new server request.

DESIGN TECHNIQUES

Choosing the rendering technology

HTMLS5 offers three main drawing technologies, and the
right choice depends on how many marks must be drawn
and how interactive each must be (Table 2).

The scales in Table 2 are rough guides that depend on
the device and the complexity of each mark. A practical
rule is to use SVG for aggregated charts with few marks,
such as bar charts, line charts of binned data, and small
multiples. Canvas suits dense scatter plots and heatmaps.
WebGL suits very large point clouds and maps. Because
aggregation (Section 5.2) reduces most views to modest
numbers of marks, SVG and Canvas cover most dashboard
needs, and WebGL is reserved for views that genuinely
require individual records.

Reducing data before it reaches the browser

Datareduction is the mostimportant scalability technique
(Qin et al.,, 2020). Aggregation and binning summarize

Table 2: Choosing a browser rendering technology for visualization

Strengths Limitations

Technology ~ How it draws Practical scale

SVG Each mark is a document  Up to a few thousand marks
element

Canvas Pixels drawn by script Tens of thousands to hundreds
onto one surface of thousands of marks

WebGL GPU-accelerated drawing ~ Millions of marks

Slows as the number of
elements grows

Easy styling and events per
mark, crisp at any zoom,
accessible structure

Much faster for many marks No per-mark elements,
so interaction and
accessibility need extra

work

Very high throughput for
dense plots and maps

More complex to program,
varies by device
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records into groups matched to screen resolution. A time
series of a billion events becomes one value per pixel
column. A scatter plot becomes a density grid. Sampling
keeps a representative subset where individual points
matter but not all of them. Progressive loading shows
a coarse result immediately and refines it as more
data arrives, so the analyst never faces a blank screen.
Declarative specifications (Satyanarayan et al., 2017)
make these reductions easier, because the system can
rewrite a specification to query aggregated data on the
server while the chart still appears the same to the user.

Keeping interaction fast

Analysts interact frequently and expect immediate
feedback (Battle & Heer, 2019). Three techniques keep
interaction fast. Caching stores recent query results so
that returning to a previous view is instant. Prefetching
predicts likely next requests, such as adjacent time ranges
or the next zoom level, and fetches them in advance (Battle
etal., 2016). Precomputed indexes for the active view let
brushing in one chart update all linked charts without
a server round trip (Moritz et al., 2019). Together, these
techniques make most interactions local to the browser,
and the server handles only genuinely new questions.

Responsive layout with Bootstrap

Dashboards are viewed on everything from phones to
wall displays. Bootstrap’s grid arranges views in rows and
columns that reflow at defined breakpoints. On a large
screen, four linked charts may sit side by side. On a tablet
they form a two-by-two grid, and on a phone they stack
vertically, with less important views in collapsible panels.
Charts should resize with their containers. On small
screens they should also simplify, for example showing
fewer axis labels, larger touch targets, and summary
values in Bootstrap cards above the detailed chart. Key
figures shown as text in cards also help users who cannot
see the chart well.

ACCESSIBILITY

Following WCAG 2.1 (W3(C, 2018), every chart has a text
alternative summarizing its main message. Data tables
are available as an alternative view. Color schemes meet
contrast requirements and do not rely on color alone to
carry meaning. All interactions, including filtering and
selection, can be performed with a keyboard. Bootstrap
components provide accessible building blocks for
the controls around charts. Canvas and WebGL charts
need extra work because they lack per-mark document
elements, which is another reason to aggregate data so
that simpler, more accessible SVG charts can be used
where possible.

Live data and backend operations

Forlive dashboards, the streaminglayer maintains running
aggregates from event streams and pushes only changed

values to browsers (Sannidhanam, 2021). Autonomous
agents scale aggregation and streaming services within
approved limits when demand rises (Sannidhanam, 2025).

From insight to action

Each view can offer context-specific actions. An analyst
who selects an anomalous region or time period can
open a case directly from the visualization. The selection
and its underlying query are attached as evidence, and a
configurable workflow routes the case to the right team
with an audit trail (Basireddy, 2022). Visual exploration
then leads directly to governed follow-up rather than to
screenshots sent by email.

ILLUSTRATIVE APPLICATION:
INSURANCE CLAIMS MONITORING
DASHBOARD

Consider an insurer with tens of millions of historical
claims and a live stream of new claims, which it processes
through an event-driven architecture (Sannidhanam,
2021). Claims managers, fraud analysts, and executives
need a shared dashboard.

Layout

The dashboard uses a Bootstrap grid. The top row holds
summary cards for today’s claims, average settlement
time, and the open fraud referral count. Below it are four
linked views: a map of claims by region, a time series of
claim volume, a bar chart by claim type, and a scatter
plot of claim amount against days to report. On a phone,
executives see the cards and a simplified time series, and
the other views are available in collapsible panels (W3C,
2018).

Scale

No view loads raw claims. The map shows counts per
region, the time series shows counts per time bucket
matched to the chart width, and the bar chart shows counts
per type, all computed by the cloud aggregation service
(Qin et al., 2020; Sannidhanam, 2020). These views use
SVG. The scatter plot shows a density grid by default using
Canvas. When an analyst zooms into a small region of it,
the individual claims in thatregion are fetched and drawn.

Interaction

The views are defined with declarative specifications
(Satyanarayan etal., 2017). When a fraud analyst brushes
arange on the time series, the other views update instantly
using precomputed indexes (Moritz et al., 2019). As the
analyst pans along the time axis, adjacent periods are
prefetched (Battle etal., 2016). Mostinteractions respond
without waiting for the server.

Live updates

New claims arrive continuously. The streaming layer
updates running counts and pushes changes, so today’s
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figures and the latest time bucket update within seconds
(Sannidhanam, 2021).

Operations

After a major storm, many staff open the dashboard at
once. The operations agent detects rising query latency
and adds aggregation service capacity within its approved
limits (Sannidhanam, 2025). Response times stay stable.

Action
The fraud analyst notices a cluster of high-value claims
reported unusually late in one region after the storm. She
selects the cluster in the scatter plot and opens a fraud
review case from the dashboard. The selection and query
are attached, and the configurable workflow routes the
case totheregional investigations team (Basireddy, 2022).
The case shows how aggregation, rendering choice,
client-side interaction techniques, streaming, autonomous
operations, and workflow integration together make a
big data dashboard fast, live, responsive, and actionable.

DISCUSSION

Implications

For research, the architecture connects scalable
visualization techniques with the enterprise systems
around them: streaming data, cloud backends, autonomous
operations, and workflows. It treats visualization as a
system rather than a single chart. For practitioners, the
most important choices are to aggregate on the server,
match the rendering technology to the number of marks,
and keep most interactions local to the browser.

Limitations and future work

The architecture was demonstrated through anillustrative
case and draws on a focused set of ten studies. Future work
should implement it and measure interaction latency,
rendering performance across devices, backend load,
and user task performance. Research is also needed on
automatically choosing the rendering technology and
aggregation level, on predicting user interactions for
prefetching in enterprise dashboards, on making Canvas
and WebGL visualizations accessible, and on measuring
how quickly insights from dashboards lead to action
through connected workflows.

CONCLUSION

Interactive big data visualization in the browser is
achievable with standard web technologies when the
architecture respects the browser’s limits. This article
proposed an eight-layer architecture that aggregates
data in the cloud and chooses the right HTMLS5 rendering
technology for each view. It keeps interaction fast through
declarative linked views, caching, prefetching, and
precomputed indexes, and arranges views responsively
and accessibly with Bootstrap. It also deliverslive updates
through event streams, keeps the backend responsive
with autonomous agents, and turns insight into action
through configurable workflows. The claims monitoring
case showed these elements working together. The central
conclusion is that scalable interactive visualization
depends on moving computation to where it is cheapest
and sending the browser only what it needs to draw.
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