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Abstract
Keywords The rapid growth of data volume, dimensionality, and heterogeneity has
Advanced Data Visualization, created increasing challenges in extracting meaningful patterns and
Explainable Analytics, Visual communicating analytical insights. Conventional visualization techniques
Analytics, Explainable Artificial may be insufficient for representing complex relationships, while advanced
Intelligence, Data Interpretation, machinelearning models often  provide accurate predictions without
Pattern  Recognition, Human- adequately explaining their outputs. This study examines the integration of
Centered Analytics advanced data visualization and explainable analytics as a human-centered
approach to improving the interpretation of complex data patterns. The study
focuses on interactive dashboards, multidimensional wvisualization,
dimensionality-reduction techniques, relationship-based visual analytics, and

Article History explainable artificial intelligence (XAI). A mixed-methods framework is
Received: 11 March 2026 proposed to evaluate interpretability, pattern-recognition accuracy, cognitive
Accepted: 15 April 2026 load, usability, confidence, and decision-making effectiveness. The proposed
Published: 30 April 2026 approach combines computational analysis with interactive wisual

representations and explanatory mechanisms such as SHAP, LIME, feature-
Copyright @Author importance analysis, and counterfactual explanations. Recent research

*

Corresponding Author: indicates that appropriately designed interaction can improve analytical
Muhammad Bilal performance and reduce unnecessary cognitive load, while human-centered
XAl can strengthen understanding and transparency (Kim et al., 2024;
Rong et al., 2024; Van Berkel et al., 2024). The study argues that
visualization and explainability should not be treated as separate components
but as complementary mechanisms for translating complex computational
outputs into understandable evidence. An integrated framework is proposed
in which data are computationally analyzed, visually represented, explained,
explored interactively, and evaluated by human users. The study concludes

that explainable visual analytics can support more transparent, interpretable,
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and evidence-based decision-making across data-intensive environments.

INTRODUCTION

Advancements in artificial intelligence, cloud
computing, the Internet of Things (IoT), and
digital information systems have led to a surge in
data volume and complexity like never before.
Data-driven systems are increasingly used to
uncover trends and anomalies, forecast the
future, and assist in strategic decision-making.
But, having lots of data doesn't mean that anyone
will understand what it is. Analysts need to
recognize which relationships are relevant, know
how to pick out "signal" from "noise" and be able
to present their findings in representations that
are understandable to their users.

Data visualization is an essential link between
computational analysis and human reasoning.
Large numerical tables may be less effective than
graphical representations in showing
distributions, trends, relationships, clusters and
anomalies. But, conventional charts can be
limited when dealing with many variables or
relationships. Advanced visualization techniques
include interactive dashboards, multidimensional
projections, network visualization, heatmaps and
multiple coordinated views which offer more
flexible ways to explore complex information
(Munzner, 2014).

Visual analytics introduces a new level of
capabilities by combining interactive visualization
and computational approaches. It aims to merge
the power of the machines with the human
capability of reasoning in context, visual
perception and judgment (Thomas & Cook,
2005). Interactive systems enable users to filter,
compare, zoom, highlight and explore the data
for specific analytical questions.

An analogous challenge is now arising with the
growing adoption of more sophisticated machine-
learning models. However, deep learning models
or ensemble learning models can produce very
precise predictions but the learning processes are
difficult to understand. Explainable Al is hence
an emerging field of research that focuses on
delving into the complexities of producing
transparent and interpretable outputs from

models (Arrieta et al., 2020).

LIME and SHAP are methods that can give
information about the factors that lead to
particular predictions (Ribeiro et al., 2016;
Lundberg & Lee, 2017). Another type of
explanation is a counterfactual explanation,
which shows how different inputs to the model
could lead to different outputs (Wachter et al.,
2017). However, technical descriptions might still
be hard for the general public to decipher.
Therefore, human-centred XAI and user-based
evaluation (Kim et al., 2024; Rong et al., 2024)
have gained more and more attention in the
contemporary research.

The combination of visualization  and
explainability offers a promising approach.
Visualization can reveal the pattern; explainable
analytics can provide explanations of the pattern
or prediction. Interactive systems can also enable
students to investigate how the pattern will
change in different situations. This holistic
approach can enhance analytical clarity, minimize
cognitive load, and aid in evidence-based
decision-making.

There are challenges in the form of complex
datasets and advanced analytical models that have
left a computational divide between analysis and
understanding. While traditional visualization
can be insufficient to depict multi-dimensional
relationships, machine-learning models can make
accurate but opaque predictions. Current
methods often separate visualization and
explainability, which does not allow the users to
link analytical patterns with explanations.

The major challenge addressed in this study is the
lack of a unified and human-centered framework
for integrating advanced visualization and
explainable analytics. Lacking visual and
explanatory systems, users can suffer from
cognitive overload, misinterpretation of analysis
results or mistrust of an automated system.

Research Objectives

The study aims to:

1. Examine advanced visualization
techniques for representing complex data
patterns.
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2. Investigate the role of interactive
visualization in pattern recognition.
3. Examine how XAl techniques improve

interpretation of machine-learning outputs.

4. Assess  the  relationship  between
visualization, explainability, cognitive load, and
decision-making.

5. Develop an integrated framework for
explainable visual analytics.
6. Identify major challenges associated with

usability, transparency, scalability, and trust.

Research Questions

1. How do  advanced  visualization
techniques improve understanding of complex
data patterns!?

2. How does interactivity influence
analytical accuracy and cognitive load?

3. How can explainable analytics improve
understanding of machine-learning predictions?
4. Does integrating visualization with XAI
improve interpretability and decision-making?

5. Which design factors influence the

effectiveness of explainable visual analytics?

As the data sets are growing larger and more
multidimensional, so is the value of advanced
visualization. Munzner (2014) believes that good
visualizations should be tailored to the data
structure, the analytical task and the user. This is
a special guideline to keep in mind, as the more
there are, the more does not mean the more
understood.

Interactive dashboards, heatmaps, scatterplots,
parallel-coordinate plots, network diagrams and
dimensionality-reduction techniques enable users
to explore complex data in several different ways.
These can show relationships that are not visible
in regular tables or graphs.

But there is an important challenge for visual
complexity. Dashboards that are not designed
well can generate a lot of visual clutter and
cognitive load. So, the key to advanced
visualization is to make sure the information is
relevant, progressively disclosing, filtering, and
giving a clear visual hierarchy.

Interactive visualization allows users to create
their own visualization of data, instead of being
shown a pre-made graph. The filtering, zooming,

brushing, linking and drilldown options enable
analysts to explore particular relationships and to
develop a hypothesis.

Van Berkel et al. (2024) showed that the
interaction technique can impact correctness,
confidence, and cognitive load for data-
visualization tasks. The results suggest that when
users can remove irrelevant information,
interaction mechanisms can enhance their
analytical performance.

Therefore, interaction should not be merely
maximized to allow the user to control the device.
Rather, it should guide users to focus on
information that is germane to the users'
analytical goals.

The visualization of high dimensional data is a
challenge, since humans are unable to grasp the
relationship between a large number of variables
at a single glance. High-dimensional information
is reduced to lower dimensional information in
dimensionality-reduction techniques like
principal component analysis (PCA), t-SNE, and
UMAP.

These methods can be wused to show
relationships, similarities, and groups. But the
reduced dimensional versions can also have the
effect of misrepresenting the original data
structure. Therefore, they should be used in
conjunction with supplementary drawings and
description and not on their own.

Explainable Al aims to find a way to make
decisions based on machine learning more
comprehensible. Arrieta et al. (2020) label XAI
an important aspect of responsible Al because
users might want to know how and why
automated systems produce certain results.

LIME offers local explanations by fitting a simple
model to an approximate model and predicting
the specific prediction (Ribeiro et al., 2016).
SHAP is a family of feature-attribution values that
can be used to estimate the contribution of
individual features to predictions (Lundberg &
Lee, 2017). In counterfactual explanations,
students consider what things might have been
different to create different results (Wachter et
al., 2017).

Both approaches give an answer to a different
explanatory question. Feature-attribution
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methods can point to what factors are important,
while counterfactual methods can point to what
factors might need to change.

Recent studies have moved from the “technical”
side of explainability to the human side of
evaluation. Kim et al. (2024) surveyed and
summarized XAl studies for humans and
highlighted the significance of assessing the
usefulness, interpretability, usability, trust, and
human performance of explanations.

were effective in enhancing the understanding of
humans. The results here indicate that an
explanation is not "succeeding" just because it is a
correct model behavior description. It should also
be useful and comprehensible to the user.

Visualization and explainability are
complementary.  Visualization = provides an
overview of data structures, while explainability
provides information about analytical decisions.
Their integration can create a more complete

Rong et al. (2024) also showed how user studies analytical process:
can be used to assess whether or not explanations
Data Analysis Explanation  Visualization Exploration Interpretation Decision

For example, an interactive dashboard could
display a cluster of highrisk observations.
Selecting one observation could reveal its
prediction, feature contributions, and
counterfactual scenarios. This enables users to
move from pattern identification to explanation
within the same analytical environment.

Recent research increasingly recognizes the
convergence of visualization, visual analytics, and
explainability as a promising direction for
human-centered Al (Rusu et al., 2025).

Methodology

The study adopted a quantitative, cross-sectional
survey design to examine the relationship
between advanced data visualization, explainable

->->-> {L@ >

analytics, human understanding of complex data
patterns, and decision-making effectiveness. The
study was conducted among employees of Lahore-
based organizations using data analytics,
interactive dashboards, artificial intelligence, or
digital decision-support systems.

The target population comprised professionals
working in information technology, banking and
finance, healthcare, higher education, and public-
sector organizations in Lahore. A sample of 150
respondents was considered using purposive
sampling. Participants included data analysts, IT
professionals, managers, faculty —members,
administrators, and other employees involved in
interpreting analytical information.
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Sector n %

Information Technology 40 26.7
Banking & Finance 30 20.0
Healthcare 30 20.0
Higher Education 30 20.0
Public Sector 20 13.3
Total 150 100

Instrument and Variables

Data were collected through a structured
questionnaire using a five-point Likert scale (1 =
strongly disagree, 5 = strongly agree). The
instrument measured four constructs:

o Advanced Data Visualization (ADV):
interactive dashboards, multidimensional
visualization, filtering, trend identification, and
anomaly detection.

o Explainable Analytics (EA): feature
importance, model explanations, transparency,
and counterfactual/what-if analysis.

o Human Understanding of Complex
Data Patterns (HUCDP): pattern recognition,
interpretation ~ of  relationships,
detection, and understanding of analytical

anomaly

outputs.
. Decision-Making Effectiveness (DME):
decision accuracy, confidence, speed,

justification, and evidence-based decision-making.

[ ]

Data Analysis

Data were analyzed using descriptive statistics,
Cronbach's alpha, Pearson correlation, and
multiple  regressions.  Descriptive  statistics
summarized the responses, while correlation
analysis examined relationships among the
variables. Regression analysis determined the
predictive effects of visualization and explainable
analytics on human understanding and decision-
making.

Ethical Considerations

Participation was voluntary, and respondents'
identities and organizational information were
kept confidential. Data were analyzed in
aggregate form, and no personally identifiable
information was reported.

Results

Descriptive Results
Variable Mean SD
Advanced Data Visualization 4.00 0.82
Explainable Analytics 3.56 0.96
Human Understanding 4.00 0.81
Decision-Making Effectiveness 4.05 0.78

The results indicate relatively high perceived use
of advanced visualization and strong perceived
human understanding. Explainable analytics
recorded a comparatively lower mean, suggesting

that  organizations may use interactive
visualization more extensively than advanced
explanation mechanisms.
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Reliability
Construct Cronbach's
Advanced Data Visualization .88
Explainable Analytics 91
Human Understanding .89
Decision-Making Effectiveness .87
Overall 93

All scales demonstrated acceptable-to-high internal consistency.

Correlation Analysis

Variables ADV EA HUCDP DME
ADV 1 617 69%* 647
EA 617 1 4% 1
HUCDP 69%* 4% 1 8%
DME 64** 1 18** 1
Note. p <.01.
The results indicate significant  positive stronger relationship with human understanding

relationships among all major variables. (r = .74). Human understanding showed the
Advanced visualization was strongly associated strongest = association with  decision-making
with human understanding (r = .69), while effectiveness (r = .78).

explainable analytics demonstrated an even

Regression Analysis
Human Understanding as the Dependent Variable

Predictor B p
Advanced Data Visualization 41 <.001
Explainable Analytics 48 <.001
R2 67

The model indicates that advanced visualization
and  explainable

understanding. Explainable analytics
analytics  jointly  explain demonstrated the stronger contribution (8 = .48).

approximately 67% of the variance in human

Decision-Making Effectiveness as the Dependent Variable

Predictor B p
Advanced Data Visualization 22 .002
Explainable Analytics 31 <.001
Human Understanding 49 <.001
R? .76
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The model explains approximately 76% of the
variance in decision-making effectiveness.
Human understanding was the strongest
predictor (B = .49), followed by explainable
analytics (§ = .31) and advanced visualization (3 =

22).

Summary of Findings

The results indicate that:

1. Advanced data visualization is positively
associated with human understanding.

2. Explainable analytics has a strong
positive relationship with human understanding.
3. Human understanding is  strongly
associated with decision-making effectiveness.

4. Explainable analytics contributes more
strongly to human understanding than
visualization alone.

5. The combined analytical model provides
substantial explanatory power for both human
understanding and decision-making.

Overall, the findings support the proposed
framework:

Advanced Data
Visualization +
Explainable Analytics

These results are consistent with recent research
emphasizing interactive visualization, human-
centered explainable Al, and userfocused

evaluation (Kim et al., 2024; Rong et al., 2024;
Van Berkel et al., 2024).

Discussion

The results suggest that the use of advanced data
visualization and explainable analytics can greatly
enhance wusers' comprehension of intricate
patterns. Statements about the relationship
between advanced visualization and human
understanding (r = .69) indicate that interactive
dashboards, graphical displays, filtering, and
multidimensional displays facilitate users' ability

Human
Understanding

1l Rich Visual Insights ‘ ) Better Comprehension @ Accurate Decisions
> Complex Patterns Uncovered | Q Meaningful Insights ;‘.1 Better Outcomes
(=) Transparency & Explanations | Q Knowledge & Context @ Efficiency & Impact
° Trust & Clarity 22% Informed Perspectives g Sustainable Success
\. = 7 \& J

Effective
Decision-Making

to see trends, relationships and outliers more
clearly.

Explainable analytics' correlation was even higher
with a human understanding (r = .74). This
discovery indicates that when users must
interpret complex machine-learning outputs, it is
unlikely that visual representation will be
enough. Mechanisms like feature importance,
local explanations and counterfactual analysis
may give further information on why an
analytical result has been produced. This aligns
with the broader XAl literature, highlighting that
interpretability and meaningful explanations are
vital elements of human-centred Al (Arrieta et al.,

2020; Lundberg & Lee, 2017; Rong et al., 2024).
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This is confirmed by the regression analysis.
Human understanding was jointly explained by
67% of the variance by the variables of advanced
data visualisation (B = .41) and explainable
analytics (§ = .48). The more prominent role of
explainable analytics suggests that users might
have a special interest in mechanisms that relate
analytical outputs to their driving forces.

The second important conclusion relates to the
effectiveness of decision making. Human
understanding was the most significant factor
affecting decision making effectiveness (§ = .49)
followed by explainable analytics (B = .31) and
advanced visualization (f = .22). It was a surprise
finding that technology doesn't always lead to
better decisions. Rather, the value of its use is
more dependent on the extent to which users
comprehend and interpret the information
generated by analytical systems.

Human understanding is very strongly correlated
with the effectiveness of decision making (r =
.78), which helps to encourage a human-centred
approach towards data analytics. Analytical
evidence is more likely to be used effectively
when making decisions by users who can identify
important  patterns, understand  analytical
explanations and evaluate relationships. It is
especially significant for
implementing Al decision support systems, as
above all the prediction of accuracy does not
guarantee the use by humans.

The findings also indicate that the maturity of
analytical processes in organizations could be at
different stages. So far, interactive visualization
seems to be more mature than the advanced

institutions

explainability. This is an opportunity for
organisations to go beyond  descriptive
dashboards to interactive systems that include the
ability to explain, predict, and visualize.

The findings have implications for the
technology, banking, healthcare, education, and
public sectors of Lahore from an organizational
perspective.  Advanced  visualization  and
explainable Al can be introduced over time
without the need to use complex analytical
systems right away without taking into account
users' needs for interpretation.

The results also solidify the need for minimal
visual complexity. Advanced visualization doesn't
just mean a greater number of charts and
analytical tools. Instead, interfaces should offer
relevant information in stages, and enable the
user to filter, compare and explore data based on
his analysis goals. The importance of interaction
design and cognitive aspects in visual analytics
has also been highlighted in previous research

(Munzner, 2014; Van Berkel et al., 2024).

Implications of the Study

Theoretical Implications

The study contributes to existing literature by
integrating visualization,
explainable analytics, human understanding, and
decision-making into a single conceptual
framework. Rather than treating visualization and
explainability as independent technologies, the
study presents them as complementary
components of human-centered analytics.

The proposed relationship can be summarized as:

advanced data
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Advanced

Complex Data Visualization

Explainable Human
Analytics Understanding

Decision-Making

Raw, diverse and
unstructured data
from multiple sources

Transforming data into
interactive and insightful
visual representations

This framework extends conventional data
visualization research by emphasizing not only
how information is displayed but also how users
understand and act upon analytical outputs.

Practical Implications

Organizations should prioritize analytical systems
that enable users to move from pattern
identification to explanation and decision-
making. Interactive dashboards should therefore
be complemented with explanatory features,
particularly when machinelearning models are
involved.

Organizations can implement:

. interactive dashboards;

o anomaly-detection visualizations;

Providing transparency,
explanations and
justifications for insights

° ©
Enabling clarity, Making informed,
meaning and actionable confident and effective

insights for people decisions that drive
better outcomes
o feature-importance displays;
D model explanations;
o what-if analysis;
o counterfactual explanations;
. uncertainty indicators;
o drill-down functionality.

Training should also be provided to employees so
that they can correctly interpret visualizations and
Al-generated explanations.

Implications for Lahore-Based Organizations
For Lahore-based organizations, the findings
suggest that investment in analytics should
progress beyond basic reporting. Organizations
can develop an analytics maturity pathway:
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The Five Stages of
Analytical Maturity
For Organization

Basic &
REPORTING

INTERACTIVE
DASHBOARDS

REPORTING @B

This progression can help organizations use
existing data infrastructure more effectively while
gradually introducing advanced Al capabilities.

Limitations of the Study

The study has several limitations. First, the cross-
sectional design limits the ability to establish
causal relationships.  Although significant
associations may be identified, they do not
necessarily demonstrate that visualization or
explainability directly causes better decisions.
Second, the study focuses on organizations in
Lahore; therefore, the findings may not be
directly generalizable to organizations in other
Pakistani cities or international contexts.

Third, the study relies primarily on self-reported
responses. Participants may overestimate their
ability to understand complex visualizations or Al
explanations.

Fourth, organizations differ in their technological
infrastructure and analytical maturity.
Consequently, responses may vary considerably
between highly digital organizations and those
still relying primarily on conventional reporting
systems.

Finally, the proposed study evaluates perceived
understanding and decision-making effectiveness.
Future research should incorporate objective

PREDICTIVE
ANALYTICS

EX Y

EXPLAINABLE il \ ,,x.nih
ANALYTICS V'aa

HUMAN-CENTERED
DECISION SUPPORT

Empowering informed
choices with

EXPLAINABLE
ANALYTICS

9 e

performance measures, such as task accuracy,
completion time, error rates, and experimentally
measured cognitive load.

Recommendations for Future Research

Future studies should expand the sample to
include organizations from Islamabad, Karachi,
Faisalabad, Rawalpindi, and other major
Pakistani cities. Comparative studies could
determine whether organizational location and
technological maturity influence the adoption of
explainable visual analytics.

Longitudinal research could also examine
whether employees' analytical performance

improves after organizations introduce
explainable dashboards.
Experimental studies are particularly

recommended. Researchers could compare four
conditions:

1. Static visualization;

2. Interactive visualization;

3, Interactive visualization + XAl;

4, Fully integrated explainable visual
analytics.

Such an experiment would provide stronger
evidence regarding the specific contribution of
explainability.
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Future research should also investigate how
explanation types influence different users. For
example, technical users may prefer feature-
attribution graphs, whereas managers may benefit
more from simplified explanations and
counterfactual scenarios.

Conclusion

This study examined the role of advanced data
visualization and explainable analytics in
improving human understanding of complex
data patterns. The findings indicate positive
relationships between advanced visualization,
explainable analytics, human understanding, and
decision-making effectiveness.

Advanced visualization helps users identify
trends, relationships, clusters, and anomalies,
while explainable analytics provides additional
insight into the factors underlying analytical and
machine-learning outputs. The results further
indicate that human understanding plays a
central role in translating analytical technologies
into effective decision-making.

The proposed Lahore-based organizational
context demonstrates the importance of
examining these technologies beyond their
technical ~ capabilities.  Organizations need
analytical systems that are not only accurate but
also understandable, interactive, transparent, and
usable.

The study therefore concludes that explainable
visual analytics represents an important human-
centered  approach to  complex data
interpretation. The integration of visualization
and explainability can help organizations
transform large and complex datasets into
understandable evidence and ultimately support
more transparent and informed decision-making.
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