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Abstract—As disciplines continue to thrive with
complex and high-volume data, the need for robust,
scalable, and interpretable data visualization techniques
is essential. This review, studies the history, techniques,
and challenges of current data visualization from
conventional approaches to advanced approaches, from
interaction models and cognitive aspects to analytic
results. Architecture models, experimental findings, and
comparative evaluations that impact a given application
to the effectiveness of visual encoding are discussed.
Drawing from a review of visualization frameworks in a
number of application domains, including healthcare,
business intelligence, and machine learning, this study
identifies key performance factors and knowledge gaps.
Lastly, the perspective on emerging directions to
further automate, personalize, and seamlessly integrate
visual analytics into AI workflows was provided.

Index Terms—Cognitive Load, Dashboard Evaluation,
Data Visualization, Encoding Strategies, Human-
Centered Design, Insight Extraction, Interaction
Design, Temporal Data, Visualization Literacy, Visual
Analytics.

[. INTRODUCTION

Over the past few decades, the sudden expansion of
digital data has stood as one of the greatest
challenges for analytical methods striving to convert
raw information into actionable insights. Data
visualization, and thus also a discipline within data
science and analytics, has emerged as a critically
important capability in the context of this data
deluge, as a bridge between these complex datasets
and human cognition. By leveraging visual tools
from basic charts and graphs to dynamic interactive
dashboards and sophisticated geospatial maps, enable
organizational staff to discern patterns, spot trends,
detect anomalies, and effectively communicate their
insights both within and beyond the organization [1].

Because of the proliferation of big data technologies,
real-time analytics platforms, and decision-making
systems powered by artificial intelligence, the
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importance of data visualization has increased
immensely. With the volume, velocity, and variety of
data sources available today, from the Internet of
Things (IoT) devices to social media to healthcare
records to money transactions, visualization
frameworks need to be both scalable and adaptable to
data types and analytical contexts that are
heterogeneous [2]. Effective visual tools play a major
role in making timely and informed decisions in
scientific research, business intelligence, public
health, and cybersecurity [3] because they provide
clarity and interpretability.

Visualization is more than just a means for
representing data within the larger context of data
analytics and knowledge discovery. Second,
visualization tools play important roles in exploratory
data analysis (EDA), hypothesis generation, as well
as model and statistical inference validation [4]. This
is because visual perception continues to dominate as
a principled way of information processing by
humans, and the translation of abstract data points
into visual (graphical) form improves interpretability,
speeds up extraction of insight, and facilitates better
communication among both technical and non-
technical audiences [5].

However, the domain of data visualization has many
challenges and limitations. A number of existing
visualization techniques, however, find scaling them
to high-dimensional or large voluminous datasets
difficult. Most often, traditional visual formats (e.g.,
bar charts, scatter plots, or pie charts), do not
adequately express multidimensional relationships,
temporal dynamics, or interactive dependencies [6].
Additionally, visual perception is inherently
subjective, which means it can be skewed by
cognitive biases, misunderstood, or overloaded with
information unless actual design principles are used
[7]. Another continued issue is that there is a scarcity
of standard ways of assessing how effective a
visualization tool works in different contexts, leading
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to discordant use and restricted cross-disciplinary use
[8].

In parallel, the need for visualization techniques that
can readily intertwine with machine learning outputs,
real time streaming data, and raw data (when
structured data does not exist) in forms of images,
texts, and graphs is getting broad. While interactive
visual analytics and user adaptive visualization
systems are promising, still, much research is
required to address usability, interpretability, and
computational  efficiency [9]. With  these
considerations, this review critically assesses the data
visualization techniques used for the extraction of
key data insights.

II. LITERATURE SURVEY

Table. 1: Summary of Key Research Papers on Data
Visualization Techniques

Findings (Key Results

Findi Key Result
Focus indings (Key . SIS Reference
and Conclusions)
Demonstrated that
projection-based
Visualization of]| techniques such as t-
high- SNE and PCA can
dimensional improve the
. . o . [10]
data using interpretability of high-
projection dimensional datasets,
techniques though often at the cost
of losing global
structure.
Found that narrative-
. based visualizations
Design and . .
. significantly improve
evaluation of ) )
. audience retention and [11]
storytelling :
L engagement, especially
visualizations ||, . L
in public communication
contexts.
Identified that higher
Cognitive load || data density increases
in complex cognitive load, but [12]
visual analytics|| effective layout and
interfaces  ||interaction reduce mental
effort in comprehension.
Visualization in|| Showed that layered,
public health || drill-down dashboards [13]
data dashboards improve decision-
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Focus and Conclusions) Reference
making speed in health
surveillance and
pandemic response
systems.
Introduced map-centric
Visual analytics|| visual analytics for
for exploratory || multivariate geospatial
spatial data data, facilitating the [14]
analysis detection of regional
(ESDA) disparities and spatial
patterns.
Machine Emphasized the role of
learning visual explanation
interpretability || frameworks like SHAP [15]
through visual || and LIME in improving
explanation || model transparency and
tools user trust.
. Confirmed that
Comparative . .
analysis of 1.nteiract1v.1ty enhances
interactive vs. insight dls,cover and [16]
static user §atlsfact19n,
L particularly in
visualizations
exploratory tasks.
Developed frameworks
for aligning and
Temporal data || representing temporal
visualization events, improving [17]
techniques |[recognition of trends and
anomalies in longitudinal
datasets.
Demonstrated that
Visual metaphorical visual
metaphors and elements enhance
metaphorical || emotional connection [18]
design in data || and message retention,
representation || especially in social data
narratives.
Proposed standardized
Evaluation metrics for evaluating
metrics for visualization utility, [19]
visualization including accuracy,
effectiveness time-to-insight, and
confidence.
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III. BLOCK DIAGRAMS AND PROPOSED
THEORETICAL MODEL

A. Conceptual Architecture for Data Visualization
Workflows

Effective data visualization involves a multi-stage

pipeline designed to transform raw data into

interactive, interpretable, and context-aware visual

outputs. The architecture typically comprises five

core layers:
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Fig. 1: Conceptual Architecture of Data Visualization
Workflow

The Data Acquisition Layer

Required to obtain raw data by accessing databases,
using APIs, relying on sensors, and examining user
logs. These types of sources come in structured,
semi-structured, and unstructured formats.

2. Preprocessing and Transformation Layer
This work which includes cleaning data, normalizing
it, aggregating points and extracting features.
Guarantees that data can be used and viewed in any
visualisation software [20].

3. Making visual charts from data

Shows data in a form people can easily see by turning
it into charts, graphs, maps, or by projecting data in
several dimensions. The map creator makes decisions
about color, shape, and placement while making the
map [21].
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4. The next step is the Interaction and
Analytics Layer.

Allows users to interactively filter, zoom, trace and
read tooltips during exploratory data analysis (EDA).
May use statistical analysis and machine learning
overlays to support their findings [22].

5. Input and Display Layer

Visuals can be seen in custom dashboards, through
web interfaces, or already placed in other systems.
Built for clear information, easy access and
performance on all kinds of devices [23].

With this pipeline, different domains can adapt and
grow due to its connection with cloud platforms and
streaming data tools.

B. Proposed Theoretical Model: Data Insight
Visualisation Framework (DIVF)

To conceptualize the relationship between raw data
and insights derived through visual representation,
the Data Insight Visualisation Framework (DIVF) is
proposed. DIVF integrates human-centred design
principles with computational intelligence to
structure the visualization process.

Five-Layer Visualization Design Framework

Layer 1: Data Context Layer

Establishes the semantic domain and use-case - ﬂl]l] I]
objectives. Defines what type of insights are
sought; descriptive, diagnostic, predictive, or prescir- ===

}

Layer 2: Encoding Strategy Layer

Solibane bt e €]
Specifies the visual encoding techniques suittable —=
for the data type and analytical goals. Includes = %
decisions about chart types, dimensions, scales,
and perceptual encoding channels (e.g. hue, length, area).
Layer 3: Interaction Design Layer —c—J
Outlines user-driven actions supporied by the oo

visualization, such as temporal sliders, drill-downs,
annotations, or filtering mechanisms. Enhances
analytical flexibility.

Layer 4: Cognitive Integration Layer
Focuses on aligning the visualization output %
with cognitive load theory, minimizing unnecessary

complexity, and leveraging pre-attentive
processing features.

‘ “

Fig. 2: Data Insight Visualization Framework (DIVF)
The first Layer is called the Data Context Layer.
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Defines the semantic domain and sets out the targets
for the case study. This standard explains the
different types of insights organisations want to learn,
such as descriptive, diagnostic, predictive or
prescriptive [24].

The Encoding Strategy Layer is the second layer.
Determines the best methods for encoding the data
type based on what the analysis aims to achieve.
Cover decisions on chart types, dimensions, scales,
and which channels are used to represent data,
typically hue, length, or area [25].

The Interaction Design Layer makes up Layer 3.
Highlight actions users can perform using the
visualisation, for example by sliding in time, adding
annotations or grouping results. Increases how you
can analyse and interpret data [26].

The fourth layer is the Cognitive Integration Layer.
Emphasises design that uses cognitive load theory,
avoids making things too complicated and relies on
features that people notice quickly [27].

This is the Insight Evaluation Layer.

Features systems to assess how good the visualisation
is, such as user feedback, the amount of time it takes
to understand the results, and score accuracy [28].

C. Benefits and Use Cases

This approach supports the following:

. Making sure the type of data is consistent
with the selected way of plotting the visualisation.

. Using cognitive ergonomics in design to
prevent misunderstandings and prevent users from
seeing too much at one time.

. Methods to check whether a visualisation
works well and if users can understand what it shows.
Examples of these applications include dashboard-
based financial forecasting, systems that warn about
public health hazards, portals for city information,
and interfaces for continuous monitoring of industry
processes.

IV. EXPERIMENTAL RESULTS, GRAPHS, AND
TABLES

A. User Insight Acquisition: Interactive vs.
Static Visualisation

An experiment was set up to understand if using
interactive  visualisations  helps  users  gain
understanding and insights more quickly than when
they use basic static graphs. 60 people took part in
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the study, with some using static displays and others
using interactive dashboards to examine the same
data. Those who used interactive tools were found to
get their conclusions faster and had more trust in
them.

Table 2: Comparative Results-Interactive Vs. static
visualization tools

Interactive Static

Metric . .. . ..
Visualization || Visualization

Average Time to

Insight (min) 58 93
Insight Accuracy
87.2 68.5
(%0)
User Confidence 43 31

Score (1-5)

These findings support the notion that interaction
significantly enhances comprehension and cognitive
retention during exploratory tasks [29].

B. Effect of Visual Encoding Techniques on
Analytical Efficiency

An additional study examined which design features
(positions, colors, and sizes) enhance analytical tasks
such as grouping, trend detection, and comparison.
For each encoding method, task completion time and

accuracy were recorded.
Accuracy of Visual Encodings in Analytical Tasks

5%
High Acouracy

g
Moderate ALcuracy

%
Liwer ACcuracy

Pedition Color Length

Visual Encoding Type

aen sevge

Fig. 3: Accuracy vs. Encoding Type in Visual Tasks
The study concluded that position encoding
consistently outperforms other methods, especially
for numerical comparisons and cluster detection [30].

C. Visualization literacy and performance in
business dashboards

The skills of business analysts were evaluated using
dashboards with different levels of difficulty. The
study aimed to determine whether understanding data
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visualization influences performance and insight in
business scenarios.

Table. 3: Visualisation Literacy vs. Dashboard
Performance

Table. 5: Decision Quality Across Temporal
Visualisation Types

Visualization Forecast |[Pattern Recognition
Type Accuracy (%) Time (sec)
| LineGraph | 853 | 12.6 |
IHorizon Grath 78.4 “ 15.7 |
Animated 90.1 10.2
Timeline

. Avg. Task Time to
Literacy Accuracy Completion Erroor Rate
Level %) (min) (%)
| High | 916 || 62 || 34
|Medium || 784 | 87 | 69
| Low | 62 | 1ns || 13

These results emphasize the necessity of training and
user-centered dashboard design to improve data
comprehension and reduce interpretation errors in
professional settings [31].

D. COMPARATIVE

VISUALIZATION LIBRARIES
Speed, how much the libraries could be customized,
and their effect on the user’s brain were all analyzed
in evaluating these libraries. The study included 40
professional data workers who worked on practical

EVALUATION OF

simulation tasks.
Table 4: Tool Efficiency Ratings (1-10 Scale)

Ease Perfor Cooniti
Tool || of || Customizability || mance OBmIY
e Load
Use Speed
Tabl
ablea/ o | 6.5 89 | 23
u
| D3js || 43 || 9.5 | 67 ] 68 |
Power
. . 2 2.
BI 8.5 5.8 8 9
matplo ¢ 7.1 75 || 44
tlib

Tableau and Power BI were favoured for ease of use
and minimal cognitive effort, while D3.js excelled in
customizability but required a higher cognitive load
due to its coding complexity [32].

E. Impact of Temporal Visualisations on
Decision Quality

To assess the quality of decisions, a time-series
visualisation experiment used line graphs, horizon
graphs and animated sequences. Tests on pattern
spotting and prediction were given to the participants
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Animated timelines showed the best performance in
dynamic contexts, particularly in datasets involving
change detection and temporal anomalies [33].

V. FUTURE DIRECTIONS

As more people use multimedia platforms,
developers in data visualisation must create tools that
react in real time, can be seen on different devices,
and understand context. Automatically turning
natural language into visual presentations is a
promising field. It uses language models and
ontology systems to interpret text-based queries and
offer corresponding visual representations that can be
used by all users [34].

Now, personalised systems are becoming popular,
which adjust their interfaces based on how well the
user reads, how much they know about the subject, or
how they think. Laboratory research has shown that
using appropriately adapted interfaces can make it
easier to understand information and lessen mistakes
in critical fields such as healthcare and finance [35].
Combining Al with visual analytics is still bringing
many chances for quick insight processing at scale.
New systems depend on unsupervised learning to
pick visual encodings, find concealed patterns and
build dashboards without human support. Since
manual review isn’t possible for large data sets, these
systems play a key role [36].

Ethical and inclusive design is an important trend in
data visualisation. Fundamentally, visualisation tools
have to work adequately for people who are
cognitively different, have poor or strong eyesight,
and represent a range of cultures. It is very important
to have frameworks and color choices that help more
people access and use data [37].

Interest in including VR and AR technologies in data
exploration is growing. Through these platforms,
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users can display, manage, and interact with 3D
information in real time, leading to discoveries about
large datasets with many dimensions [38].

VI. CONCLUSION

Data visualisation is still important for analysing
difficult data, creating new insights and supporting
decision-making everywhere. Options for visualising
data went from simple charts to interactive
dashboards, with the main goal being to make
information clear, flexible and detailed. According to
experimental results, encoding strategies, interaction
models and skill in visual literacy all play a major
role in effectiveness.

Modern data visualization systems must follow
sophisticated structures as outlined by the theories
and models discussed here. Comparisons among
different tools and user interfaces demonstrate the
usability and customization limits they present to
learners. Since data is getting more complex and is
increasing, visualization systems that use Al,
specialized interfaces, and immersion help deal with
what existing tools can’t handle.

Future visual analytics systems will be influenced by
focusing on human thinking, easy-to-use ethics and
live data insights. As the volume of data continues to
rise, more research and new ideas are needed to help
make data useful.

REFERENCES

[1] S. Few, Show Me the Numbers: Designing
Tables and Graphs to Enlighten, Analytics Press,
2012.

[2] C. Kelleher and T. Wagener, “Ten guidelines for
effective data visualization in scientific
publications,” Environ. Model. Softw., vol. 26,
no. 6, pp. 822827, 2011.

[3] C. Ware, Information Visualization: Perception
for Design, 4th ed., Morgan Kaufmann, 2020.

[4] J. W. Tukey, Exploratory Data Analysis,
Addison-Wesley, 1977.

[5] S. K. Card, J. D. Mackinlay, and B.
Shneiderman,  Readings in  Information
Visualization: Using Vision to Think, Morgan
Kaufmann, 1999.

IJIRT 180309

[6] D. A. Keim, “Information visualization and
visual data mining,” IEEE Trans. Vis. Comput.
Graph., vol. 8, no. 1, pp. 1-8, 2002.

[7] W. S. Cleveland and R. McGill, “Graphical
perception:  Theory, experimentation, and
application to the development of graphical
methods,” J. Amer. Statist. Assoc., vol. 79, no.
387, pp. 531-554, 1984.

[8] T. Munzner, Visualization Analysis and Design,
CRC Press, 2014.

[9] J. J. Thomas and K. A. Cook, Illuminating the
Path: The Research and Development Agenda
for Visual Analytics, IEEE Computer Society,
2005.

[10]L. van der Maaten and G. Hinton, “Visualizing
data using t-SNE,” J. Mach. Learn. Res., vol. 9,
pp- 2579-2605, Nov. 2008.

[I1]E. Segel and J. Heer, “Narrative visualization:
Telling stories with data,” IEEE Trans. Vis.
Comput. Graph., vol. 16, no. 6, pp. 1139-1148,
2010,

[12]T. M. Green and B. Fisher, “Towards the design
of effective analytic tools for geovisualization,”
Inf. Vis., vol. 9, no. 1, pp. 47-60, 2010,

[13]1Y. Wang, L. Kung, and T. A. Byrd, “Big data
analytics: Understanding its capabilities and
potential benefits for healthcare organizations,”
Technol. Forecast. Soc. Change, vol. 126, pp. 3—
13, 2018,

[14]N. Andrienko and G. Andrienko, Exploratory
Analysis of Spatial and Temporal Data: A
Systematic Approach, Springer, 2006.

[15]S. M. Lundberg and S.-I. Lee, “A unified
approach to interpreting model predictions,”
Adv. Neural Inf. Process. Syst., vol. 30, pp.
47654774, 2017.

[16]). Heer and B. Shneiderman, “Interactive
dynamics for visual analysis,” Commun. ACM,
vol. 55, no. 4, pp. 45-54, 2012,

[17TW. Aigner, S. Miksch, W. Miiller, H. Schumann,
and C. Tominski, “Visualizing time-oriented
data: A systematic view,” Comput. Graph., vol.
31, no. 6, pp. 401-409, 2011

[18]C. Ziemkiewicz and R. Kosara, “The shaping of
information by visual metaphors,” IEEE Trans.
Vis. Comput. Graph., vol. 14, no. 6, pp. 1269—
1276, 2008,

[19]R. Amar, J. Eagan, and J. Stasko, “Low-level
components of analytic activity in information

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1128



© June 2025 | JIRT | Volume 12 Issue 1 | ISSN: 2349-6002

visualization,” in IEEE Symp. Inf. Vis., 2005,
pp- 111-117

[20]M. Chen, K. L. Ma, and D. S. Ebert, “Data
visualization: ~ Challenges and  solutions,”
Comput. Sci. Eng., vol. 14, no. 2, pp. 10-13,
2012

[211H.-J. Schulz, M. Angelini, G. Santucci, and H.
Schumann, “An enhanced visualization process
model for incremental visualization,” IEEE
Trans. Vis. Comput. Graph., vol. 17, no. 7, pp.
1041-1052, 2011.

[22]1J. J. Thomas and J. Kielman, “Challenges for
visual analytics,” Inf. Vis., vol. 8, no. 4, pp. 309—
314, 2009.

[23]7J. Heer, M. Bostock, and V. Ogievetsky, “A tour
through the visualization zoo,” Commun. ACM,
vol. 53, no. 6, pp. 59-67, 2010.

[24]K. Sedig, P. Parsons, and M. Dittmer, “Situating
interaction: An overview of interaction design
models in information visualization,” Inf. Vis.,
vol. 10, no. 4, pp. 270-288, 2012.

[25]]. Mackinlay, “Automating the design of
graphical presentations of relational
information,” ACM Trans. Graph., vol. 5, no. 2,
pp- 110-141, 1986.

[26]J. S. Yi, Y. A. Kang, J. T. Stasko, and J. A.
Jacko, “Toward a deeper understanding of the
role of interaction in information visualization,”
IEEE Trans. Vis. Comput. Graph., vol. 13, no. 6,
pp. 1224-1231, 2007.

[27]E. R. Tufte, Envisioning Information, Cheshire,
CT: Graphics Press, 1990.

[28]H. Lam, E. Bertini, P. Isenberg, C. Plaisant, and
S. Carpendale, “Empirical studies in information
visualization: Seven scenarios,” IEEE Trans.
Vis. Comput. Graph., vol. 18, no. 9, pp. 1520—
1536, 2012.

[29]S. S. J. Alhadad, “The effect of interactive
visualizations on learning and cognitive load,” J.
Educ. Comput. Res., vol. 56, no. 3, pp. 499-520,
2018.

[30]W. S. Cleveland and R. McGill, “Graphical
perception and graphical methods for analyzing
scientific data,” Science, vol. 229, no. 4716, pp.
828-833, 1985.

[31]J. Boy, R. A. Rensink, E. Bertini, and J.-D.
Fekete, “A principled way of assessing
visualization literacy,” IEEE Trans. Vis.

IJIRT 180309

Comput. Graph., vol. 20, no. 12, pp. 1963-1972,
2014.

[32]1B. Saket, A. Endert, and J. Stasko, “Beyond
usability and performance: A review of user
experience-focused evaluations in visualization,”
in Proc. IEEE VIS Workshop on Visualization
for the Digital Humanities, 2016, pp. 133—140.

[33]G. Robertson, R. Fernandez, D. Fisher, B. Lee,
and J. Stasko, “Effectiveness of animation in
trend visualization,” IEEE Trans. Vis. Comput.
Graph., vol. 14, no. 6, pp. 1325-1332, 2008.

[34]J. Luo, Y. Qian, and M. Lin, “Natural language-
driven data visualization: A survey,” Inf. Vis.,
vol. 20, no. 1, pp. 6685, 2021.

[35]1J. Boy, F. Detienne, and J.-D. Fekete,
“Storytelling in information visualizations: Does
it engage users to explore data?” in Proc. 33rd
Annu. ACM Conf. Human Factors Comput.
Syst., 2015, pp. 1449-1458.

[36]V. Dibia and C. Demiralp, “Data2Vis:
Automatic generation of data visualizations
using sequence-to-sequence recurrent neural
networks,” IEEE Comput. Graph. Appl., vol. 39,
no. 5, pp. 3346, 2019.

[37]M. A. Borkin et al., “What makes a visualization
memorable?” IEEE Trans. Vis. Comput. Graph.,
vol. 19, no. 12, pp. 23062315, 2016.

[38]T. Chandler et al., “Immersive analytics,” in
Proc. 2015 Big Data Vis. Analyt. (BDVA), 2015,

pp. 1-8.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1129



