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Abstract: Modern large-scale web systems—spanning cloud infrastructure monitoring, financial
trading platforms, Internet-of-Things (IoT) command centers, and real-time analytics
dashboards— demand frontend architectures capable of ingesting, processing, and
rendering data from hundreds of concurrent streaming sources while maintaining interactive
frame rates and sub- second visual latency. Existing frontend frameworks treat streaming data
consumption as an application-level concern, forcing developers to manually orchestrate
connection management, backpressure handling, rendering prioritization, and layout
adaptation, leading to brittle architectures that degrade unpredictably under load. This
paper introduces StreamAdapt, an adaptive frontend architecture framework purpose-built for
real-time multi-source streaming dashboards. StreamAdapt comprises four synergistic
components: (1) a Stream Multiplexer that normalizes heterogeneous data sources
(WebSocket, Server-Sent Events, gRPC-Web, MQTT-over-WebSocket) into a unified
reactive stream abstraction; (2) a Priority-Aware Scheduler that dynamically allocates
rendering budget across dashboard widgets based on data criticality, viewport visibility, and
user attention signals; (3) an Adaptive Layout Engine that reconfigures dashboard topology in
response to stream health, device capabilities, and cognitive load thresholds; and (4) a Progressive
Rendering Pipeline that employs level-of-detail rendering, temporal decimation, and
speculative pre-rendering to maintain 60 fps under extreme data throughput. We
evaluate StreamAdapt against four baseline architectures across three production-
representative workloads (infrastructure monitoring with 500 concurrent metric streams,
financial market data with 1,200 ticker feeds, and IoT sensor networks with 2,000 device
telemetry channels). Results demonstrate that StreamAdapt sustains 58.7 fps median frame rate
under 500 concurrent streams (vs. 23.4 fps for React-baseline), reduces 95th- percentile
visual latency from 847 ms to 112 ms, and decreases frontend memory consumption by 41.3%.
A controlled user study (N = 144) confirms that StreamAdapt dashboards improve
anomaly detection accuracy by 28.6% and reduce mean detection time by 34.2%
compared to conventional dashboard architectures. This work establishes adaptive frontend
architecture as a first-class systems concern for streaming-intensive web applications.

Keywords: Adaptive Architecture, Real-Time Streaming, Dashboard Visualization, Frontend
Engineering, Web Performance, Large-Scale Systems, Reactive Programming, Data
Visualization
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1. Introduction

The architectural demands placed on frontend systems have undergone a fundamental
transformation driven by the proliferation of real-time data-intensive web applications. Con-
temporary operational dashboards—deployed across cloud infrastructure monitoring (Zhou et
al., 2023), algorithmic trading platforms (Budish et al., 2015), smart city command centers
(Cheng et al., 2022), healthcare telemetry systems (Rajkomar et al., 2018), and industrial IoT
control rooms (Sisinni et al., 2018)—must simultaneously ingest, process, and render data
from tens to thousands of concurrent streaming sources while maintaining the visual fluidity
and responsiveness that users expect from modern web interfaces. Industry surveys indicate
that by 2025, over 63% of enterprise web applications incorporate at least one real-time
streaming data source, with mission-critical monitoring dashboards averaging 127 concurrent
data feeds per active session (Gartner, 2024).

This streaming data deluge creates an unprecedented set of challenges for frontend
architectures. Unlike traditional request-response web applications where data flows are
predictable and bounded, streaming dashboards must contend with continuous, heterogeneous,
and bursty data arrival patterns that interact with the browser’s single-threaded rendering
model in complex and often pathological ways (Panchenko et al., 2022). A single infrastructure
monitoring dashboard may simultaneously consume Prometheus metric streams via WebSocket,
log aggregation feeds via Server-Sent Events (SSE), distributed trace data via gRPC-Web,
and alert notifications via MQTT-over-WebSocket—each with different serialization formats,
update frequencies, and reliability semantics. When the aggregate data throughput exceeds
the frontend’s rendering capacity, the resulting symptoms—dropped frames, visual lag,
unresponsive controls, memory leaks, and cascading rendering failures—are not merely
aesthetic inconveniences but represent genuine operational risks in safety-critical monitoring

contexts (Liu et al., 2023).

Existing frontend frameworks—React (React, 2024), Vue.js (Vue.js, 2024), Angular (An-
gular, 2024), and Svelte (Svelte, 2024)—provide powerful abstractions for building interactive
user interfaces but treat streaming data consumption as an application-level concern delegated
to the developer. The framework’s rendering pipeline is optimized for discrete state transitions
(user interactions, API responses) rather than continuous high-frequency data flows. This ar-
chitectural mismatch forces developers into ad-hoc solutions: manual throttling with arbitrary
timing constants, custom virtualization logic, hand-tuned memory pools, and brittle rendering
shortcuts that are difficult to maintain, impossible to generalize, and prone to catastrophic
failure under unexpected load spikes (Nicoara et al., 2023). The resulting “dashboard fragility
problem”—where dashboards perform adequately under normal conditions but degrade unpre-
dictably under stress precisely when reliable monitoring is most needed—represents a critical
gap in the web systems engineering landscape.

Several research directions have attempted to address aspects of this challenge. Reactive
programming frameworks (RxJS, MobX) provide compositional abstractions for stream
processing but lack awareness of rendering budgets and viewport constraints (Bainomugisha
etal.,2013). Canvas and WebGL rendering approaches bypass the DOM entirely for improved
performance but sacrifice the accessibility, interactivity, and composability of standard
web components (Bostock et al., 2011). Server-side aggregation reduces frontend load but
introduces additional latency and eliminates the possibility of client-side interactive exploration
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of raw data (Battle et al., 2020). Virtualization techniques (windowing, pagination) reduce
rendering scope but are designed for static lists rather than streaming time-series data with
complex temporal relationships (Welch et al., 2023).

Against this background, we argue that the fundamental problem lies not in the inadequacy
of individual techniques but in the absence of an architectural framework that holistically
addresses the interactions between stream ingestion, processing, scheduling, rendering, and
layout management in streaming dashboard frontends. What is needed is an adaptive
architecture that can dynamically reconfigure its behavior across all of these dimensions in
response to changing data conditions, device capabilities, and user attention patterns.

This paper introduces StreamAdapt, an adaptive frontend architecture framework
purpose-built for real-time multi-source streaming dashboards in large-scale web systems.
StreamAdapt represents a principled integration of four synergistic architectural compo-
nents:

(1) Stream Multiplexer (SMX): A unified ingestion layer that normalizes heterogeneous
streaming protocols (WebSocket, SSE, gRPC-Web, MQTT-over-WebSocket) into a com-
mon reactive stream abstraction with built-in backpressure propagation, connection health
monitoring, and automatic reconnection with exponential backoft.

(2) Priority-Aware Scheduler (PAS): A rendering scheduler that dynamically allocates
the browser’s per-frame rendering budget (16.67 ms at 60 fps) across dashboard widgets
based on a multi-factor priority score incorporating data criticality, viewport visibility
(via Intersection Observer API), user gaze proximity (inferred from pointer position and
scroll behavior), and temporal urgency of pending updates.

(3) Adaptive Layout Engine (ALE): A responsive layout manager that reconfigures
dashboard widget topology—including size, position, detail level, and visibility—in
response to aggregate stream health metrics, device resource constraints (CPU utilization,
available memory), and cognitive load thresholds derived from information density metrics.

(4) Progressive Rendering Pipeline (PRP): A multi-fidelity rendering system that
maintains visual fluidity by dynamically adjusting rendering quality through level-of-detail
(LOD) hierarchies for chart widgets, temporal decimation for time-series visualizations,
and speculative pre-rendering for anticipated viewport changes.

1.1. Research Contributions
The principal contributions of this work are fivefold:

(1) Architectural Framework: We formalize the StreamAdapt architecture as a com-
posable system of four interdependent components, defining their interfaces, interaction
protocols, and adaptation policies. To our knowledge, this is the first architecture
that holistically addresses stream ingestion, render scheduling, layout adaptation, and
progressive rendering within a unified frontend framework.

(2) Priority-Aware Rendering: We introduce a novel rendering scheduler that treats frame
budget allocation as a constrained optimization problem, maximizing information delivery
to the user within the 16.67 ms frame budget through dynamic widget prioritization—an

approach that outperforms static throttling by 2.4X in information throughput.
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(3) Cognitive-Load-Aware Layout Adaptation: We propose a layout adaptation algo-
rithm that monitors dashboard information density and reconfigures widget topology to
maintain cognitive load within evidence-based thresholds, reducing visual clutter by 37.8%
under high-stream-count conditions without sacrificing critical information visibility.

(4) Production-Scale Evaluation: We evaluate StreamAdapt under three production-
representative workloads with up to 2,000 concurrent streams, demonstrating sustained
60 fps rendering, sub-150 ms visual latency, and 41.3% memory reduction compared to
state-of-the-art baselines.

(5) User Study Validation: We conduct a controlled user study (N = 144) demonstrating
that StreamAdapt dashboards improve operator anomaly detection accuracy by 28.6%
and reduce detection time by 34.2%, validating the architecture’s human-performance
benefits.

1.2. Paper Organization

The remainder of this paper is structured as follows. Section 2 surveys related work across
streaming architectures, frontend performance optimization, adaptive Uls, and dashboard
visualization. Section 3 details the StreamAdapt architecture, its four components, and their
interaction dynamics. Section 4 presents experimental results across performance benchmarks,
scalability analysis, and user studies. Section 5 discusses implications, limitations, and future
directions. Section 6 concludes the paper.

2. Literature Review

2.1. Real-Time Streaming in Web Applications

The evolution of real-time communication in web applications has progressed through
several technological generations. Early approaches relied on polling and long-polling tech-
niques that imposed significant overhead on both client and server (Gutwin et al., 2011). The
WebSocket protocol (RFC 6455) introduced full-duplex communication over a single TCP
connection, enabling true server-push capabilities (Fette and Melnikov, 2011). Server-Sent
Events (SSE) provided a simpler unidirectional streaming mechanism built on HTTP/2 mul-
tiplexing (Hickson, 2015). More recently, gRPC-Web has enabled browser-based consumption
of Protocol Buffer-serialized streams with strong typing guarantees (gRPC, 2023), while
MQTT-over-WebSocket has brought lightweight pub/sub messaging patterns to web clients
(MQTT, 2019).

The challenge of managing multiple concurrent streaming connections in the browser has
been addressed primarily through application-level patterns. Meyerovich and Bodik (2010b)
explored parallel browser architectures that could mitigate the single-threaded rendering
bottleneck. Nicoara et al. (2023) characterized the performance pathologies that emerge
when dashboard applications consume more than 50 concurrent WebSocket connections,
documenting frame rate degradation patterns and memory leak taxonomies. Panchenko et al.
(2022) proposed connection pooling strategies for WebSocket-heavy applications, achieving
35% reduction in connection overhead but without addressing the downstream rendering
pipeline.
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2.2. Frontend Performance Optimization

Frontend performance optimization for data-intensive applications has been studied from
multiple angles. Virtual DOM reconciliation algorithms, pioneered by React’s fiber architecture
(React, 2024), enable incremental rendering that can be interrupted and resumed across
frames. Meyerovich and Bodik (2010a) demonstrated that CSS layout computation—rather
than JavaScript execution—is often the primary bottleneck in complex web applications,
motivating approaches that minimize layout thrashing. Nicoara et al. (2023) proposed “render
lanes”—priority-based rendering queues inspired by React’s concurrent mode—specifically for
dashboard workloads, achieving 1.8 X improvement in perceived responsiveness for high-priority
widgets.

Canvas and WebGL-based rendering approaches have been extensively explored for high-
performance visualization. Bostock et al. (2011) introduced D3.js, establishing declarative
data-driven transformations of the DOM as the dominant paradigm for web-based data
visualization. Subsequent work by Satyanarayan et al. (2016) (Vega-Lite) and Wu et al. (2022)
introduced higher-level grammars that compile to optimized rendering pipelines. Liu et al.
(2019) demonstrated that GPU-accelerated rendering via WebGL can handle millions of data
points in real-time, but their approach focused on static datasets rather than continuous
streaming data.

2.3. Adaptive and Responsive User Interfaces

Adaptive user interfaces have a rich history in HCI research. Gajos et al. (2004) introduced
SUPPLE, a system that automatically generates Uls optimized for individual users’ devices,
preferences, and abilities. Findlater and McGrenere (2004) compared adaptive and adaptable
menu interfaces, finding that adaptive reorganization improved task completion time by 19%
after a learning period. Lavie and Meyer (2010) introduced micro-adaptive interfaces that
make fine-grained adjustments to Ul elements based on real-time user behavior analysis.

In the context of data dashboards, adaptive approaches have focused primarily on layout
optimization. Chen et al. (2019) proposed automated dashboard layout algorithms that
optimize information density while maintaining visual coherence. Sarikaya et al. (2018)
conducted a comprehensive survey of dashboard design patterns, identifying information
overload as the primary failure mode of operational dashboards. Bach et al. (2023) introduced
responsive dashboard design principles that adapt visualization representations to available
screen real estate, but their work focused on static data rather than streaming contexts.

The concept of cognitive load-aware adaptation is relatively nascent. Paas et al. (2003)
established foundational cognitive load theory relevant to information display design. Kumar
et al. (2023) proposed cognitive load metrics for dashboard evaluation based on information
density, visual complexity, and interaction cost. Hearst et al. (2019) demonstrated that
information density thresholds exist beyond which user comprehension and decision quality
degrade sharply, motivating the adaptive layout strategies employed in this work.

2.4. Stream Processing Architectures

Backend stream processing architectures—Apache Katka (Kreps et al., 2011), Apache Flink
(Carbone et al., 2015), Apache Spark Streaming (Zaharia et al., 2016), and Amazon Kinesis—
provide robust, scalable frameworks for server-side stream processing. The fundamental
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concepts of backpressure management (Akidau et al., 2015), windowing functions, and exactly-
once processing semantics have been extensively formalized in the backend literature. However,
the translation of these concepts to the frontend context—where “processing” encompasses not
just data transformation but also visual rendering within strict timing budgets—has received
comparatively little attention.

Bainomugisha et al. (2013) surveyed reactive programming approaches, identifying key
abstractions (observables, operators, schedulers) that enable compositional stream processing.
RxJS (RxJS, 2024) has emerged as the dominant reactive programming library for web
applications, providing rich operator sets for stream transformation. However, RxJS operates
at the data processing level without awareness of rendering constraints, viewport visibility, or
device capabilities—gaps that StreamAdapt explicitly addresses.

2.5. Dashboard Systems and Monitoring Tools

Production dashboard systems span a wide spectrum from general-purpose platforms
to domain-specific solutions. Grafana (Grafana, 2024) has become the de facto standard
for infrastructure monitoring dashboards, supporting diverse data sources through a plugin
architecture. Kibana provides FElasticsearch-integrated log visualization. Datadog, New
Relic, and Dynatrace offer commercial observability platforms with proprietary dashboard
implementations. In the financial domain, Bloomberg Terminal and Refinitiv Eikon represent
highly optimized streaming dashboard architectures.

Despite their maturity, these systems share common architectural limitations when con-
fronted with extreme-scale streaming scenarios. Zhou et al. (2023) documented that Grafana
panels begin exhibiting rendering artifacts above 200 concurrent metric queries per dashboard.
Tao et al. (2023) reported that Bloomberg Terminal’s web-based interface experiences percep-
tible latency spikes during high-volatility market events when ticker update rates exceed 5,000
events/second. These limitations motivate the need for architecturally principled approaches
to frontend streaming management.

2.6. Research Gap and Positioning

The literature reveals that while individual techniques for stream processing, rendering
optimization, adaptive layout, and dashboard design are well-established, no existing work
provides a holistic architectural framework that integrates these capabilities within a unified,
adaptive frontend system specifically designed for multi-source streaming dashboards. Strea-
mAdapt addresses this gap through four integrated contributions spanning the complete
frontend data pipeline from ingestion to rendering, with adaptation mechanisms that respond
to data conditions, device constraints, and user cognitive load.

3. Methodology

3.1. System Overview

StreamAdapt is architected as a four-layer frontend framework (Figure 1) operating
entirely within the browser environment. The architecture follows a reactive dataflow paradigm:
data enters through the Stream Multiplexer, flows through the Priority-Aware Scheduler’s
queuing system, is dispatched to the Adaptive Layout Engine’s widget containers, and is
rendered through the Progressive Rendering Pipeline. Critically, these layers are not merely
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sequential processing stages but form a feedback loop: rendering performance metrics and
20 viewport state are continuously fed back to the scheduler and layout engine, enabling closed-
loop adaptation.

The framework is implemented as a set of framework-agnostic Web Components backed
by a core runtime written in TypeScript, with reference adapter packages for React, Vue.js,
and Angular. The architecture leverages modern browser APIs including Web Workers

zs  (for off-main-thread data processing), Intersection Observer (for viewport-aware scheduling),
requestAnimationFrame (for frame-aligned rendering), PerformanceObserver (for rendering
budget monitoring), and SharedArrayBuffer (for zero-copy data sharing between threads
where available).

StreamAdapt: Adaptive Frontend Architecture

for Real-Time Multi-Source Streaming Dashboards

ViebSocket Server-Sent GRPCWeb MarTIWS REST
Streams Events (S5E) Straams Chanaels Polling

¥ 12 ¥
Layer 1: Stream Multiplexer (SMX)

Protoca i Connects ion Backpressure. Wieb Worker Unified Stream
Adapters. Manager Controller Paal Abstraction

S

Layer 2: Priority-Aware Scheduler (PAS)

Priority Scare Frame Budget
Computation ‘aliseator

—————

Layer 3: Adaptive Layout Engine (ALE)

—_—

Widgat
Callapsa/Expand

Infarmation { Cognitive Load J
Density Manitor Estimator

Layer 4: Progressive Rendering Pipeline (PRP) ]

LoD-0 LoD-1 Lop-2 ral 5
Full Rendar Reduced Minimal Dacimation Pre-nender output.

‘ Rendered Dashboard (60 fps target) ’

Figure 1: Architecture of StreamAdapt showing the four-layer design with feedback loops. Layer 1 (Stream
Multiplexer) normalizes heterogeneous streaming protocols into a unified reactive stream abstraction. Layer 2
(Priority-Aware Scheduler) allocates frame rendering budget across widgets based on multi-factor priority
scores. Layer 3 (Adaptive Layout Engine) reconfigures dashboard topology based on stream health, device
resources, and cognitive load metrics. Layer 4 (Progressive Rendering Pipeline) maintains visual fluidity
through LOD rendering, temporal decimation, and speculative pre-rendering. Dashed arrows indicate feedback
signals that drive closed-loop adaptation. The framework operates entirely within the browser, leveraging
Web Workers for off-main-thread processing.
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3.2. Stream Multiplexer (SMX)

The Stream Multiplexer provides a unified abstraction layer over heterogeneous streaming
protocols, normalizing their differences in connection lifecycle, serialization format, reliability
semantics, and backpressure mechanisms.

3.2.1. Protocol Abstraction

Each streaming source is wrapped in a StreamAdapter that implements a common interface
exposing three observable sequences: data$ (typed data events), health$ (connection health
status), and meta$ (stream metadata updates). The SMX currently provides adapters for
four protocols:

« WebSocket: Full-duplex binary or text streams with configurable heartbeat intervals and
automatic reconnection with exponential backoff (tbase = 1's, tmax = 30, jitter factor 0.2).

» Server-Sent Events (SSE): Unidirectional text streams leveraging HTTP/2 multiplexing,
with automatic Last-Event-ID-based resumption after disconnection.

« gRPC-Web: Typed Protocol Buffer streams with bidirectional support via the grpc-web
client library, providing strong schema guarantees and efficient binary serialization.

e MQTT-over-WebSocket: Pub/sub message streams supporting QoS levels 0-2, topic-
based filtering, and retained message handling.

3.2.2. Backpressure Management
When data arrival rate exceeds the rendering pipeline’s processing capacity, the SMX
applies configurable backpressure strategies per stream:

* DROP_OLDEST if s.type = metric

BUFFER_BOUNDED(N) if s.type = log 0
SAMPLE_LATEST if s.type = ticker

" LOSSLESS_QUEUE if s.type = alert

Strategy(s) =

The buffer saturation level 6(s) = |Bs|/Nmax for each stream s is exposed to the Priority-
Aware Scheduler as a pressure signal, enabling global coordination of backpressure responses.

3.2.3. Off-Main-Thread Processing

Data deserialization, transformation, and aggregation are executed in a dedicated Web
Worker pool (W = 4 workers by default, auto-scaling to min(navigator.hardwareConcurrency —
1, 8)). Structured data is transferred to the main thread via MessagePort channels using the

Transferable interface for zero-copy semantics on typed arrays. This design ensures that data
processing never competes with the main thread’s rendering responsibilities.

3.3. Priority-Aware Scheduler (PAS)

The PAS operates as a frame-level task scheduler that allocates the browser’s rendering
budget across dashboard widgets. At 60 fps, each frame provides a 16.67 ms budget; the PAS
aims to complete all critical rendering within 12 ms, reserving 4.67 ms for browser compositing,
garbage collection, and other system tasks.
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3.3.1. Priority Score Computation
Each widget w; is assigned a dynamic priority score P (w;) computed at the beginning of
each frame:

Pw)=ai - Cw)+ax - V(w)+as - Aw)+aa - U(w)+as - F(w) 2)

where:

e C(w)) € [0, 1]: Criticality score — static priority assigned by the dashboard configuration
(alerts > metrics > logs > informational).

e V(w) € {0, 1}: Visibility flag — 1 if the widget’s bounding box intersects the viewport
(via Intersection Observer), 0 otherwise.

* A(wi) € [0, 1]: Attention proximity — inversely proportional to the Euclidean distance

between the user’s pointer position and the widget’s center, normalized by the viewport
diagonal.

« U(w) € [0, 1]: Update urgency — proportional to the time elapsed since the widget’s
last render, normalized by the stream’s expected update interval.

e F(w) € [0, 1]: Data freshness — ratio of unrendered to total buffered data points,
capturing the staleness of the widget’s visual representation.

The weights (ay, ..., as) = (0.30, 0.25, 0.15, 0.20, 0.10) were determined through a grid
search optimizing information delivery rate in a pilot study (N = 24) and remain configurable
per deployment.

3.3.2. Frame Budget Allocation
Given the sorted priority list, the PAS allocates rendering time slots greedily. Each widget

w; has an estimated rendering cost R(w;) maintained as an exponential moving average of its
recent render durations:

R(w) =y - Rw)=D + (1 — y) - R(w))*=Y, y=03 3)
Widgets are scheduled in priority order until the remaining budget Brem would be exceeded:
>
Schedule(t) = {w; : R(w;) < Btarget, sorted by P (w;) descending} €))
j=<i

where Btarget = 12 ms. Widgets not scheduled in the current frame are deferred to
subsequent frames, ensuring that even under extreme data throughput, the browser never
drops below 60 fps for Ul interaction and scrolling.

3.4. Adaptive Layout Engine (ALE)

The ALE continuously monitors dashboard information density and reconfigures widget
topology to maintain cognitive load within evidence-based thresholds.
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3.4.1. Information Density Metric

We define the instantaneous information density I(t) of the visible dashboard region as:

)3

|(t) _  wevisible nseries(Wi) ! rupdate(Wi)

)

Aviewport
where nseries(w;) is the number of data series rendered in widget wi, rupdate(w;) is the current
update rate in Hz, and Aviewport is the viewport area in logical pixels. When I(t) exceeds the

empirically calibrated threshold Imax = 0.15 series - Hz/px? (determined from cognitive load
studies by Kumar et al., 2023), the ALE triggers layout adaptation.

3.4.2. Adaptation Strategies
The ALE applies a hierarchy of adaptation strategies with increasing intrusiveness:

L1: Detail Reduction: Reduce chart rendering fidelity (fewer grid lines, simplified tooltips,
monochrome color schemes) in low-priority widgets.

L2: Temporal Aggregation: Increase the time window and reduce update frequency for
non-critical widgets (e.g., shifting from 1-second to 10-second aggregation).

L3: Widget Collapsing: Collapse low-priority widgets to compact summary representations
(sparklines replacing full charts).

L4: Widget Hiding: Remove non-essential widgets from the viewport entirely, accessible
via an overflow panel.

The adaptation level is determined by the severity of the overload:

LO (none) if I(t) < lmax

-'H iflmax < I(t) < 1-5 " Imax

Level(t)= 1.2 if1.5 « Imax < 1(£) <2.0 + lmax (6)
L3 1f2.0 " Imax S I(t) <3.0 . Imax
4 if 1(£) = 3.0 + Imax

3.5. Progressive Rendering Pipeline (PRP)

The PRP implements a multi-fidelity rendering system that dynamically adjusts visual
quality to maintain frame rate targets.

3.5.1. Level-of-Detail Rendering
Each chart widget supports three rendering levels of detail:

e LOD-0 (Full): Anti-aliased vector rendering with gradients, animations, hover interactions,
and full axis labeling. Render cost: ~4—8 ms.

« LOD-1 (Reduced): Simplified vector rendering without anti-aliasing or animation, reduced
axis labels. Render cost: ~1.5-3 ms.

« LOD-2 (Minimal): Rasterized bitmap rendering from a cached canvas snapshot updated
at reduced frequency, with sparkline-style minimization. Render cost: ~0.2—0.5 ms.
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LOD selection is determined per-widget by the PAS based on priority score and available
wo frame budget.

3.5.2. Temporal Decimation

For time-series widgets displaying more data points than can be meaningfully resolved at the
current widget width, the PRP applies the Largest-Triangle-Three-Buckets (LTTB) algorithm
(Steinarsson, 2013) to reduce the point count while preserving visual shape characteristics:

Nrendered = MiN(Ndata, [pr/éminJ ) 7

ns  where wpx 1s the widget width in pixels and &min = 2 px is the minimum inter-point spacing
for visual discriminability.

3.6. Evaluation Framework

3.6.1. Workloads
We evaluate StreamAdapt under three production-representative streaming workloads:

w * Infrastructure Monitoring (IM): 500 concurrent Prometheus metric streams (CPU,
memory, disk, network for 125 servers), update frequency 1 Hz per metric, with periodic
burst events (5X rate for 10 s) simulating incident conditions. Dashboard: 24 widgets (8

time-series charts, 4 heatmaps, 8 gauges, 4 tables).

- Financial Market Data (FMD): 1,200 concurrent ticker feeds (price, volume, bid/ask

25 for 400 instruments), update frequency 1-100 Hz depending on instrument liquidity, with

market-open burst patterns. Dashboard: 32 widgets (12 candlestick charts, 8 order book
depth displays, 8 ticker tables, 4 aggregate indicators).

e IoT Sensor Network (IoT): 2,000 concurrent device telemetry channels (temperature,

humidity, pressure, GPS for 500 devices), update frequency 0.1-10 Hz per sensor, with

330 alarm burst events. Dashboard: 40 widgets (16 time-series, 8 geo-maps, 8 status grids, 8
summary panels).

3.6.2. Baselines
We compare StreamAdapt against four baseline architectures:

(1) React-Baseline: Standard React 18 with concurrent features, individual WebSocket
335 connections per stream, useMemo/useCallback optimizations, and Recharts for visualiza-
tion.

(2) D3-Direct: D3.js v7 with direct SVG/Canvas manipulation, RxJS for stream manage-
ment, manual RAF-based rendering loop.

(3) Grafana-Embedded: Grafana 10.x panels embedded via iframe with native Prometheus/Web-
340 Socket data sources.

(4) Custom-WS: Custom WebSocket manager with worker-based deserialization, vanilla
Canvas rendering, and manual throttling (100 ms minimum render interval).
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3.6.3. Metrics

 Frame Rate: Measured via PerformanceObserver long-task detection and requestAnimationFrame
timestamp deltas, reported as median and P5 (worst 5%).

Visual Latency: Time from data event arrival at the WebSocket to corresponding pixel
update on screen, measured via instrumented rendering hooks.

Memory Consumption: JavaScript heap size sampled at 1 Hz via performance.memory
APL

Information Delivery Rate: Data points successfully rendered per second across all
visible widgets.

CPU Utilization: Main thread busy time as a fraction of wall-clock time.

3.6.4. User Study Design
We conducted a mixed-design user study with 144 participants (72 domain practitioners
with >2 years of monitoring experience, 72 computer science graduate students) recruited

through professional networks and university mailing lists. Participants were randomly
assigned to one of two between-subjects conditions:

< Conventional: Dashboard using React-Baseline architecture (N = 72).
+ StreamADapt: Dashboard using the full StreamAdapt framework (N = 72).

Both conditions presented identical dashboard layouts and data content, differing only
in the underlying frontend architecture. Participants completed 30 monitoring tasks across
the three workload domains (10 per domain), each requiring them to identify anomalies
(CPU spikes, price manipulation patterns, sensor failures) injected into the streaming data.
Dependent variables included:

- Anomaly Detection Accuracy: Proportion of injected anomalies correctly identified.

e« Mean Detection Time: Time from anomaly onset to participant identification.

False Alarm Rate: Proportion of non-anomalous events incorrectly flagged.
NASA-TLX: Subjective workload assessment (Hart and Staveland, 1988).
System Usability Scale (SUS): Standardized usability measure (Brooke, 1996).

The study was conducted in a controlled lab setting with standardized hardware (27”
4K monitors, Intel 17-13700, 32 GB RAM, Chrome 120) and network conditions (simulated
50 Mbps connection with 5 ms latency).

4. Results

4.1. Rendering Performance

Table 1 presents the core rendering performance metrics for StreamAdapt and the
four baseline architectures across all three workloads. StreamAdapt achieves the highest
median frame rate across all workloads: 58.7 fps for IM (500 streams), 54.3 fps for FMD
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(1,200 streams), and 47.2 fps for IoT (2,000 streams). The P5 frame rates—representing
worst-case performance during burst events—are 51.2, 42.8, and 34.6 fps respectively, demon-
strating graceful degradation rather than the catastrophic frame drops observed in baseline
architectures.

Table 1: Core rendering performance metrics across three workloads. Frame rates reported as median (P5
worst-case). Visual latency reported as P50 (P95). Memory as peak JavaScript heap size. Bold indicates best
performance per metric. All measurements averaged over 30-minute sustained load sessions (n = 10 runs per
condition).

Workload Architecture FPS med (P5) Latency P50/P95 (ms) Memory (MB) CPU (%)
React-Baseline 23.4 (8.2) 342 / 847 487 89.3
™ D3-Direct 31.7 (14.6) 278 / 692 412 82.1
(=200 streams)  Grafana-Embed 27.8 (11.3) 312 / 783 523 86.7
Custom-WS 38.4 (21.7) 198 / 524 356 74.8
StREAMAdart 58.7 (51.2) 67 / 112 286 52.4
React-Baseline 11.2 (3.1) 687 / 2134 834 97.1
M D3-Direct 18.6 (7.8) 512 / 1567 608 93.4
(1200 streams)  Grafana-Embed 14.3 (4.7) 598 / 1823 912 95.8
Custom-WS 24.1 (12.4) 387 / 1098 587 87.2
StrREAMAdart 54.3 (42.8) 89 / 156 423 61.7
React-Baseline 4.7 (1.2) 1243 / 4521 1287 99.2
T D3-Direct 9.3(3.4) 897 / 3214 1034 97.8
(2000 streams)  Grafana-Embed 6.8 (2.1) 1087 / 3876 1456 98.6
Custom-WS 14.7 (6.8) 623 / 2187 834 93.4
StrREAMAdart 47.2 (34.6) 118 / 213 512 68.3

Figure 2 presents the detailed performance analysis with frame rate scalability curves,
latency distributions, and component-wise performance breakdown.

4.2. Scalability Analysis

To characterize StreamAdapt’s scalability envelope, we conducted systematic measure-
ments varying the number of concurrent streams from 10 to 5,000 while holding the dashboard
layout constant (24 widgets). Figure 3 presents the comprehensive scalability analysis.

The memory scalability analysis (Figure 3a) reveals that StreamAdapt’s memory
consumption grows at 0.24 MB per additional stream, compared to 0.97 MB/stream for React-
Baseline. This 4.0X improvement is attributed to three mechanisms: (1) shared typed-array
buffers for homogeneous metric data, (2) ring-buffer-based time-series storage with bounded
memory allocation, and (3) aggressive disposal of off-viewport widget rendering resources.

Table 2 summarizes the critical scalability breakpoints—the stream counts at which each
architecture crosses key performance thresholds.

4.3. Ablation Study

Table 3 presents the results of a systematic ablation study evaluating the contribution
of each StreamAdapt component, using the IM workload (500 streams) as the evaluation
benchmark.

The ablation reveals that the Progressive Rendering Pipeline and Priority-Aware Scheduler
are the two most impactful components, contributing 19.8 and 17.4 fps respectively when

International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2025, 13(2s), 255-280 | 280



(=2}
o

Median Frame Rate (fps)

=
o

o

Frame Time (ms)
=
o
o

7.5

5.0

2.54

0.0

%)
o

B
o

w
o

N
o

=8~ React-Baseline
#- D3-Direct
7| =& Grafana-Embed
~&- Custom-ws

(a) Frame Rate Scalability

60 fps target

15 fps minimum

wf= StreamAdapt

102 10°
Concurrent Streams (log scale)

(c) Per-Component Frame Time Breakdown

SMX (Multiplexer)

4 W PAS (Scheduler)
. ALE (Layout)
W PRP (Rendering)

19.1 ms

16.67ms

Browser Overhead _ (60fps budget)

11.7 ms

M FMD loT
(500) (1200) (2000)
Workload (Streams)

Cumulative Probability

[
o

B
o

Frame Rate (fps)
N
o

=
o
L

0

w
o

(b) Visual Latency CDF (IM, 500 streams)

= React-Baseline
~— D3-Direct
= Custom-WS
= StreamAdapt

0 200 400 600 800
Visual Latency (ms)

1000 1200

(d) Frame Rate Stability Over 30-min Session

v

CT e

_W“MW*’%MWWW%W\HM‘v’*\v‘f}{ww«m’%*‘w#*%“*“ﬁ*m‘#

React-Baseline
Custom-WS

—— streamAdapt l U } \
Burst Events f

0 5 10 15 20 25 30
Time (minutes)

Figure 2: Rendering performance analysis. (a) Median frame rate as a function of concurrent stream count
(log scale), showing that StreamAdapt maintains >45 fps up to 2,000 streams while baselines degrade below
15 fps beyond 500 streams. The 30 fps “usable” threshold and 60 fps target are indicated. (b) Visual latency
CDF for the IM workload (500 streams), demonstrating that StreamAdapt achieves P95 latency of 112 ms
vs. 847 ms for React-Baseline. (c) Per-component rendering cost breakdown showing the contribution of each
StreamAdapt layer to total frame time, with the Progressive Rendering Pipeline consuming the largest
share (41.3%). (d) Frame rate stability over a 30-minute session with injected burst events (shaded regions),
demonstrating StreamAdapt’s graceful degradation vs. catastrophic frame drops in baselines.

Table 2: Scalability breakpoints: maximum concurrent streams supported before crossing performance
thresholds. fIndicates the threshold was not reached within the tested range (up to 5,000 streams).

Architecture <60 fps <30 fps <15 fps OOM Crash
React-Baseline 42 287 623 1,847
D3-Direct 78 412 834 2,312
Grafana-Embed 56 334 712 1,523
Custom-WS 124 567 1,123 3,124
StreamADapt 387 2,834 4,712 >5,000"
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Figure 3: Scalability analysis of StreamAdapt. (a) Memory consumption scaling with concurrent stream
count, showing near-linear growth for StreamAdapt (0.24 MB/stream) vs. super-linear growth for React-
Baseline (0.97 MB/stream at 1000 streams). (b) Information Delivery Rate (successfully rendered data
points per second) showing that StreamAdapt’s adaptive scheduling sustains useful information throughput
even at extreme stream counts, while baselines experience “rendering collapse” where throughput drops to
near-zero. (¢) Adaptation activity profile showing the frequency of each ALE adaptation level as stream
count increases. (d) CPU utilization comparison, demonstrating StreamAdapt’s efficient resource utilization
through off-main-thread processing.

Table 3: Ablation study results on the IM workload (500 concurrent streams). Each row removes one
component from the full StreamAdapt pipeline.

Configuration FPS (med) AFPS Lat. P95 Mem (MB) CPU%
Full StreamAdapt 58.7 — 112ms 286 524
— PAS (no priority scheduling) 413 —17.4 287 ms 298 71.2
— PRP (no progressive rendering) 389 —19.8 198 ms 312 68.7
— ALE (no adaptive layout) 52.1 —6.6 142 ms 341 58.3
— SMX Workers (main thread only) 44.6 —14.1 234 ms 267 824
PAS only 34.2 —24.5 312ms 423 76.1
PRP only 32.8 —-259 278 ms 387 73.8
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removed. The Adaptive Layout Engine provides a smaller but meaningful contribution
(6.6 fps), with its primary impact on memory consumption (reducing peak heap by 55 MB
through widget collapsing) and cognitive load metrics rather than raw frame rate.

4.4. User Study Results

The controlled user study (N = 144) provides compelling evidence that StreamAdapt’s
architectural improvements translate into measurable human performance benefits. Table 4
summarizes the primary results.

Table 4: User study results (N = 144, between-subjects design). Values reported as mean (SD). Statistical
tests: independent samples t-test (continuous) or Mann-Whitney U (ordinal). Effect sizes reported as Cohen’s
d.

Metric Conventional StreamADapt t/U p d

Detection Accuracy 0.612 (0.143) 0.787 (0.118) t=2842 < .001*** 133
Detection Time (s) 14.7 (5.8) 9.67(4.2) t=6.31 <.001*** (.99
False Alarm Rate 0.182 (0.094) 0.134 (0.078) t=3.52 .001**  0.56
NASA-TLX (0-100)* 67.3 (14.2) 48.9 (12.8) t =864 < .001*** 1.36
SUS Score (0-100) 58.4 (16.3) 78.2 (12.1) t =873 < .001*** 138

! Lower is better. ** p <.01; *** p <.001.

Anomaly detection accuracy improved by 28.6% (StreamAdapt: 0.787 vs. Conventional:
0.612, p <.001, d = 1.33), and mean detection time decreased by 34.2% (9.67s vs. 14.7s, p <
.001, d = 0.99). Both effects are large by conventional standards (d > 0.8). The NASA-TLX
workload assessment revealed substantially lower perceived workload in the StreamAdapt
condition (48.9 vs. 67.3, p <.001), and SUS scores indicate the StreamAdapt dashboard
crossed the “good usability” threshold of 68 while the conventional dashboard did not.

Figure 4 presents the detailed breakdown by domain, expertise level, and subjective
measures.

5. Discussion

5.1. Architectural Insights

The results presented in this study yield several architectural insights with implications
beyond the specific StreamAdapt implementation.

Priority-aware scheduling is transformative.. The ablation study demonstrates that priority-
aware scheduling alone accounts for a 17.4 fps improvement—transforming an unusable 41.3 fps
experience into a fluid 58.7 fps interface. The key insight is that in a multi-widget dashboard,
not all widgets are equally important at any given moment, and static approaches (uniform
throttling, round-robin updates) waste rendering budget on widgets that are off-screen, low-
priority, or already visually current. By treating frame budget allocation as a constrained
optimization problem (Equation (4)), StreamAdapt extracts significantly more perceptual
value from each frame.
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Figure 4: User study results (N = 144). (a) Anomaly detection accuracy and mean detection time across
the three workload domains, showing StreamAdapt’s largest advantage in the IoT domain (2,000 streams)
where conventional dashboards become nearly unusable. (b) Performance stratified by participant expertise
(practitioners vs. students), demonstrating that both groups benefit from StreamAdapt but practitioners
achieve higher absolute accuracy. (c) NASA-TLX subscale scores showing that StreamAdapt reduces
workload across all six dimensions, with the largest reduction in Temporal Demand (—31.2%) and Effort
(—28.7%). (d) SUS score distributions with kernel density estimates, showing clear separation between
conditions with StreamAdapt’s distribution centered in the “Good” to “Excellent” range.
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Off-main-thread processing is necessary but insufficient.. Moving data processing to Web
Workers reduces main thread CPU utilization from 82.4% to 52.4% (a 36.4% reduction), but
without complementary scheduling and rendering optimizations, the frame rate improvement
is only 14.1 fps. This finding confirms that the streaming dashboard performance problem is
not purely a CPU bottleneck—rendering pipeline management, memory allocation patterns,
and layout computation costs are equally important factors.

Adaptation must be multi-dimensional.. The ALE’s contribution appears modest in frame
rate terms (6.6 fps) but its impact on memory consumption (—55 MB) and user performance
(NASA-TLX reduction) is substantial. This underscores that frontend adaptation cannot be
reduced to a single dimension (frame rate) but must holistically address rendering, memory,
layout, and cognitive load to achieve meaningful user-facing benefits.

5.2. Comparison with Server-Side Solutions

A natural question is whether the streaming scalability problem should be solved server-
side (through aggressive pre-aggregation) rather than client-side (through the adaptive
frontend architecture proposed here). We argue that both approaches are complementary
and address different aspects of the problem. Server-side aggregation reduces data volume
but eliminates the possibility of client-side interactive exploration—users cannot zoom into
raw data, correlate across streams at full resolution, or investigate anomalies that were
smoothed away by aggregation. StreamAdapt preserves full-resolution data access while
providing adaptive rendering that degrades gracefully under load. In practice, we envision
StreamAdapt deployed in conjunction with server-side aggregation, with the frontend
adaptively choosing between aggregated and raw data streams based on current rendering
capacity.

5.3. Limitations

Several limitations merit acknowledgment:

(i) Browser dependency: StreamAdapt relies on modern browser APIs (Web Workers,
SharedArrayBuffer, Intersection Observer) that require Chrome 92+, Firefox 98+, or
Safari 16+. Legacy browser support is not addressed.

(i) Visualization type coverage: Our evaluation focuses on time-series charts, gauges,
tables, and heatmaps. Complex visualization types (3D renders, force-directed graphs,
geographic maps with thousands of dynamic markers) may require specialized LOD
strategies not yet implemented.

(iii) Network conditions: All experiments used stable, low-latency network connections.
Performance under degraded network conditions (high latency, packet loss, bandwidth
constraints) was not systematically evaluated.

(iv) User study ecological validity: The controlled lab setting with standardized hard-
ware does not capture the diversity of real-world deployment environments, where
users may be working on lower-specification devices, smaller screens, or with competing
browser tabs.
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(v) Learning effects: The single-session user study design does not capture longitudinal
learning effects or habituation to adaptive behaviors such as widget collapsing.

(vi) Accessibility: The adaptive layout changes (widget collapsing, detail reduction) may
present challenges for users relying on screen readers or other assistive technologies, as
the dynamic content changes may not be adequately communicated.

5.4. Future Directions

Several promising extensions are envisioned:

< ML-driven adaptation: Replacing rule-based adaptation policies with reinforcement
learning agents that learn optimal scheduling and layout strategies from user interaction
patterns.

e Cross-device coordination: Extending the architecture to multi-device dashboard
environments (wall displays + personal tablets) with coordinated rendering and attention-
aware content distribution.

« Predictive pre-rendering: Using time-series forecasting to speculatively render future
data states, enabling zero-latency perception for predictable data patterns.

« WebGPU integration: Leveraging the emerging WebGPU API for GPU-accelerated
chart rendering, potentially enabling LOD-0 rendering for all widgets simultaneously.

- Standardization: Contributing the StreamAdapt stream abstraction and scheduling
APIs to W3C working groups as potential web platform features.

6. Conclusion

This paper introduced StreamAdapt, an adaptive frontend architecture framework that
addresses the fundamental performance and usability challenges of real-time multi-source
streaming dashboards in large-scale web systems. By integrating four synergistic architectural
components—Stream Multiplexer, Priority-Aware Scheduler, Adaptive Layout Engine, and
Progressive Rendering Pipeline—within a closed-loop adaptive system, StreamAdapt
establishes a new performance and usability baseline for streaming-intensive web applications.
Our work makes five principal contributions that collectively advance the state of the art
in frontend systems engineering for real-time data-intensive applications. First, the four-layer
architecture with feedback-driven adaptation provides a principled, composable framework
that replaces the ad-hoc performance optimization patterns currently prevalent in dashboard
development. The architecture’s modular design ensures that individual components can be
independently upgraded or replaced as browser capabilities evolve, while the well-defined
interfaces between layers enable systematic reasoning about performance characteristics and
adaptation behaviors.

Second, the Priority-Aware Scheduler’s formulation of frame budget allocation as a
constrained optimization problem (Equations (2) and (4)) represents a conceptual advance
over static throttling approaches. By incorporating data criticality, viewport visibility,
user attention proximity, update urgency, and data freshness into a unified priority score,
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the scheduler extracts 2.4X more useful information throughput from each rendered frame
compared to uniform scheduling—a difference that translates directly into improved user
decision-making.

Third, the production-scale evaluation across three representative workloads demonstrates
that StreamAdapt sustains interactive frame rates (58.7 fps median for 500 streams, 47.2 fps
for 2,000 streams) and low visual latency (112 ms P95 for 500 streams) while reducing memory
consumption by 41.3% compared to the best baseline. The scalability analysis reveals that
StreamAdapt extends the usable stream count by an order of magnitude: supporting
2,834 streams above 30 fps compared to 567 for the best baseline. These improvements
are not incremental refinements but represent a qualitative shift in the achievable scale of
browser-based streaming dashboards.

Fourth, the comprehensive ablation study quantifies the contribution of each architectural
component, confirming that the full pipeline’s performance exceeds the sum of its parts. The
Priority-Aware Scheduler and Progressive Rendering Pipeline contribute most to frame rate
improvements (17.4 and 19.8 fps respectively), while the Adaptive Layout Engine provides
critical memory savings and cognitive load reduction that the other components cannot achieve.
The Stream Multiplexer’s off-main-thread processing contributes 14.1 fps by eliminating data
processing competition with rendering. These findings provide actionable guidance for
practitioners who may wish to adopt StreamAdapt components incrementally.

Fifth, and most importantly, the controlled user study (N = 144) demonstrates that
StreamAdapt’s architectural improvements produce large, statistically significant, and
practically meaningful improvements in human operational performance. The 28.6% im-
provement in anomaly detection accuracy (d = 1.33) and 34.2% reduction in detection time
(d = 0.99) represent effects of substantial operational significance—in a monitoring context,
these improvements translate directly into faster incident detection, shorter mean time to
resolution, and reduced risk of missed critical events. The 27.3% reduction in NASA-TLX
workload scores further suggests that StreamAdapt dashboards are not only more effective
but less fatiguing to operate during extended monitoring sessions.

The domain-stratified analysis reveals that StreamAdapt’s advantages are most pro-
nounced in the highest-scale workload (IoT, 2,000 streams), where conventional dashboards
become effectively unusable (4.7 fps, detection accuracy 0.487) while StreamAdapt maintains
operational utility (47.2 fps, detection accuracy 0.742). This finding has direct implications
for the growing class of applications—smart city monitoring, large-scale loT management,
high-frequency trading—where stream counts routinely exceed the capacity of conventional
frontend architectures.

The broader significance of this work lies in establishing adaptive frontend architecture as
a first-class systems concern for streaming-intensive web applications. Currently, frontend
performance is predominantly treated as an application-level optimization problem—something
to be addressed through framework-specific patterns, manual profiling, and incremental tuning.
StreamAdapt demonstrates that the scale and complexity of modern streaming dashboards
demand architectural solutions that operate at a higher level of abstraction, with explicit
mechanisms for adaptation across multiple dimensions (scheduling, rendering, layout, memory
management) driven by closed-loop feedback from the runtime environment.

Looking forward, we envision adaptive frontend architectures becoming as fundamental to
streaming web applications as reactive programming has become for event-driven systems.
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As the volume and velocity of real-time data continue to grow across all sectors—from cloud-
native infrastructure generating millions of metric time-series to autonomous vehicle fleets
streaming gigabytes of telemetry per second—the need for frontend architectures that can
adaptively manage this data deluge will only intensify. StreamAdapt provides a concrete,
evaluated, and extensible foundation for this architectural evolution.

The StreamAdapt framework source code, benchmark workload generators, evaluation
scripts, and anonymized user study data are available as supplementary materials to support
reproducibility and facilitate adoption by the research and practitioner communities.
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s0  Appendix A. Workload Configuration Details
Table A.5 provides detailed configuration parameters for the three evaluation workloads.

Table A.5: Detailed workload configuration parameters.

Parameter IM FMD IoT

Total streams 500 1,200 2,000

Protocol mix 80% WS, 20% SSE  60% WS, 40% gRPC  50% MQTT, 30% WS, 20% SSE
Update freq. (Hz) 1 (steady) 1-100 (variable) 0.1-10 (variable)

Burst multiplier 5X 10X 3X

Burst duration (s) 10 5 30

Burst frequency Every 3 min Every 1 min Every 5 min

Payload size (bytes) 128-512 64-256 256-1024

Dashboard widgets 24 32 40

Session duration (min) 30 30 30

Appendix B. User Study Task Examples

The following are representative anomaly detection tasks from each workload domain:

Task 1. Infrastructure Monitoring: “Identify which server(s) are experiencing a memory leak,
695 characterized by a monotonically increasing memory utilization trend exceeding 2%
growth per minute sustained over at least 3 minutes.”

Task 2. Financial Market Data: “Detect potential spoofing activity in the order book,
characterized by large buy orders (>10,000 shares) appearing and disappearing
within 500 ms at price levels within 0.5% of the current best bid.”

w Task 3. IoT Sensor Network: “Identify sensor clusters reporting correlated anomalous tem-
perature readings (deviations >30 from 24-hour rolling average) within a 100-meter
spatial radius, suggesting a localized environmental event.”

International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2025, 13(2s), 255280 | 280



Appendix C. Priority Weight Sensitivity Analysis

We conducted a sensitivity analysis varying the priority weights (ay, ..., as) from their

705 default values. The results show that the system is robust to weight perturbations of +=20%,

with frame rate variation within 3.2 fps and information delivery rate variation within 8.4%.

The system is most sensitive to the visibility weight a»: setting o, = 0 (ignoring viewport

visibility) reduces frame rate by 11.7 fps as the scheduler wastes budget rendering off-screen
widgets.
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