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Abstract
This paper will discuss how explainability through AI can aid in enhancing
transparency and trust in deep learning models applied to real-life situations. The
black-box quality of the deep learning techniques makes them difficult to comprehend
and interpret, which is an issue in critical fields such as healthcare, finance and
smart systems. The explainability framework suggested in this study integrates the
transparency throughout the lifecycle of AI, including the processing of data, and the
implementation of models. Mixed-method approach is used, as the evaluation is
based on the experiment and the development of the framework. The results indicate
that explainable AI models are more accurate by 89 percent compared to traditional
models, which achieve 91 percent accuracy. The findings also show that the
explainable AI models are much easier to interpret since the models are more
accurate, 89 percent as compared to traditional models, which are 91 percent
accurate. The user trust and bias detection efficiency increase by 55 to 88 and 48 to
82 respectively. Although the rate of computational efficiency (92 to 85) slightly
dropped, the overall system effectiveness will also be increased (70 to 86). The results
affirm that explainability boosts not only transparency but also fairness and
accountability and usability of AI systems. The suggested framework is highly
applicable in a variety of spheres, such as healthcare, finance, and smart
infrastructure. The current research paper is applicable to the field of explainable AI
since it provides a scalable and practical solution which balances both the model
performance and explainability. It highlights the importance of adding explainability
to AI systems to ensure that it can be deployed in the real world in an ethical and
reliable manner.

Keywords
Explainable AI, Deep Learning,
Transparency, Interpretability,
Artificial Intelligence, Bias
Detection, Trustworthy AI

Article History
Received on: 16 April 2026
Accepted on : 07 May 2026
Published on: 09 May 2026

Copyright @Author
Corresponding Author:

mailto:1uroojeman444@gmail.com
mailto:2imranullah.ajm@gmail.com
mailto:maleehariaz123@gamil.com
https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

https://sesjournal.com |Tariq et al., 2026 | Page 571

1. Introduction
There has been a wide range of actual

applications of Artificial Intelligence (AI) or deep

learning to a variety of real-world applications

that include healthcare diagnostics, financial

predictions, autonomous systems, and natural

language processing. Deep learning algorithms,

such as convolutional neural networks (CNNs)

and recurrent neural networks (RNNs) can

identify complex patterns in large data sets, and

in many cases they outperform the traditional

machine learning algorithms (Siddiqui et al.,

2025). Despite this, even with high predictive

accuracy, these models are frequently criticized to

be of black-box nature where the decision-

making processes are black-box and opaque in

nature and cannot be interpreted. Such veil of

secrecy poses serious problems in such areas

which are critical and demand accountability,

trust and ethical issues (Mohamed et al., 2025).

Explainability of AI based on explainability has

come to be a major area of research, making

decisions of the models more understandable to

humans. Explainable AI (XAI) systems, such as

feature attribution systems, saliency maps, model-

agnostic methods, such as LIME and SHAP are

intended to provide insights into how models are

generating predictions(Rahman et al., 2024).

Such methods not only increase the degree of

trust of the users but also enables the model

developers to debug their models, detect biases,

and ensure their models meet the regulatory

standards. In practice, explainability is not only a

desirable property, but also a necessary trait in a
real-world application, especially in healthcare

and finance (Raoufi et al., 2024).

Although explainability methods have

increasingly become widely used, there are still a

number of limitations. The majority of the

existing methods do not strike the right balance

between interpretability and the performance of

the model, whereas others provide the

explanations which are too complex or too

simplistic to be applied in practice (Hamarsheh,

2024). Besides, frameworks are yet to be

established that involve explainability across the

AI lifecycle, such as in data preprocessing, and

deployment. This work would fill these gaps by

conducting research on the AI-based

explainability systems and propose an organized

framework that would enhance transparency

without interfering with the efficiency of the

model (Rupa et al., 2026).

1.1 Problem Statement and Research Gap
The accelerating rate of deployment of deep

learning models in real world environments has

outpaced the development of feasible

explainability solutions and created a serious gap

between the actual performance of models and

the practicality of explainability solutions.

Although the current explainable AI methods

can offer some insights into the model behavior,

they are often inconsistent, lack scalability and

applicability in any field. The majority of the

methods are either model specific or very

computationally intensive and thus cannot be

applied in real time systems. Furthermore, the

explanations generated by the current

approaches are not always relevant to the end-

users, particularly, non-technical stakeholders,

which makes them less effective when it comes to

decision-making situations (Swarnalatha & Prabu,

2023).
The other salient gap is the absence of coherent

structures, which integrate explainability

throughout the machine learning pipeline. Most

of the studies focus on the post-hoc explanations

and the transparency used in model design and
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training steps is not utilized. The drawback of

this reactive approach is that one does not have

the possibility to completely comprehend and

regulate model behaviour (Rao et al., 2025).

Furthermore, there is a limited availability of

empirical studies, which can be utilized to

demonstrate the impact of explainability on user

trust, adherence to regulatory requirements and

system functionality in the real world (Sultana &

Rozony, 2025).

Thus, the fundamental issue that is tackled in

this paper is that there is no comprehensive,

scalable, and user-friendly explainability

framework that can be successfully applied to

deep learning models across various real-world

scenarios. This study aims at filling this gap by

designing an AI-based explainability model that

will increase transparency but maintain high

predictive accuracy (Sola et al., 2025).

1.2 Research Questions
1. What can explainability methods based

on AI do to increase the level of transparency in

deep learning models without interfering with

the predictive capabilities?

2. What are the limitations of the currently

explainable artificial intelligence methods of real-

world applications and how can the limitations

be mitigated?

3. How do explainability as an addition to

the AI lifecycle impact user trust, model

reliability and regulatory compliance?

1.3 Research Objectives
1. The aim of the study is to examine and

assess current explainable AI methods employed
in deep learning models.

2. In order to develop a systematic

framework which accommodates explainability

in the lifecycle of the AI model.

3. To determine the impact of

explainability on the model performance,

transparency and applicability to the real world.

1.4 Significance of the Study
The paper is significant as it addresses one of the

most crucial concerns of the current AI systems-

lack of transparency. The research improves

explainability in deep learning models,

contributing to the development of trusted and

responsible AI based on the ability to effectively

explain them in sensitive and high-stakes settings

(Latif et al., 2021). By providing straightforward

and understandable data on the model

predictions, the proposed structure can

contribute to the improvement of decision-

making in such areas as healthcare, finance, and

autonomous system (Alfahaid et al., 2025).

Moreover, the study can facilitate regulatory and

ethical standards since it can promote fairness,

accountability, and transparency in AI systems. It

also gives the practical benefit to programmers

and organizations, in that it increases the

debugging of the model, reduces bias and

enhances the reliability of the system (Attipalli et

al., 2022). In terms of academics, the study will

complete the gaps in the academic field of

explainable AI by providing a well-rounded and

holistic approach that bridges the difference

between the theoretical advancement and

practical construction (Robertson et al., 2021).

2. Literature Review
The relationship between deep learning and

machine learning techniques and tools in cloud

database security systems and threat detection
and prevention systems that are intelligent is

discussed by Sola et al. (2025). Their work

isolates that deep learning models are extremely

helpful in enhancing the accuracy of the

detection, but are often not very transparent in

decision-making processes. Another aspect that is
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paramount in security sensitive environments is

the need to know why a system is raising a red

flag is as important as the red flag itself. To a

certain degree, the authors obliquely point to the

fact that in order to interpret model outputs, we

have to apply them in the real world, which

requires to explain AI mechanisms to achieve

that.

Sultana and Rozony (2025) conduct a meta-

analysis of AI-driven data engineering, which is

based on cloud-based integration models. Their

results show that cloud environments allow the

scalable deployment of AI systems, but also

introduce complexity in the interpretability of

models on the basis of distributed data

processing and multi-layered architectures. The

study points out the absence of incorporating

explainability into cloud-based AI pipelines, and

frameworks that ensure transparency of all stages

of data processing and model execution. This

contributes to the explanation of explainability

that it should be adopted in the AI lifecycle and

not as a post-hoc fix.

Rao et al. (2025) discuss how machine learning

and AI can be integrated into Internet of Things

(IoT) systems to provide support in making

intelligent and automated decisions. However,

the paper observes that in an IoT setting, real-

time responses are needed, and, as such, complex

explainability methods are hard to apply without

affecting system performance. This brings a

trade-off between interpretability and efficiency

that is a significant complication with real-world

applications of AI. The present paper addresses
this issue by proposing scalable explainability

solutions without affecting the performance of

the model.

Swarnalatha and Prabu (2023) reflects a deep

learning approach, in cloud-based systems of

industrial IoT. Their work gives evidence of the

effectiveness of deep learning in processing large-

scale industrial data but also points out the

uninterpretability of such systems. The authors

state that the absence of transparency can be a

constraining factor in how AI gets implemented

in the critical industrial processes where

accountability in the decision-making is essential.

This explains why the need to integrate

explainability systems that are capable of

providing useful information regarding how the

models are acted.

Rupa et al. (2026) report on the developments in

smart farming with the utilization of machine

learning and AI, in addition to IoT technologies.

Their work points out how deep learning can be

used to optimize the agricultural processes,

including crop monitoring and yield prediction.

However, they note that farmers and other

stakeholders are likely to distrust AI-based

recommendations due to this non-transparent

character of these models. This is the reason

explainability is a key aspect of increasing user

trust and easing the adoption of AI technologies

in non-technical fields.

The article by Raoufi et al. (2024) is a review of

the deep learning applications in the IoT with an

emphasis on tools, challenges, and future

directions. The article notes interpretability as

among the biggest issues in the implementation

of deep learning models in IoT setting. The

authors mention that it is essential to grasp the

model decisions to debug, enhance performance,

and make the system reliable. In their findings,

they mention that explainable AI techniques are
required which could be able to work effectively

in resource constrained environment which is a

major consideration in this study.

Mohamed et al. (2025) explore the use of

artificial neural networks in investigating the use

of IoT-driven intelligent energy management
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systems. As they demonstrate, AI can be used

effectively to maximize energy use and improve

sustainability. However, the article also mentions

that the openness of neural networks models

may be a limitation to their acceptance as a

stakeholder and policymaker. This reinforces the

argument that explainability is key to achieving

trust and ensuring the feasible implementation

of AI systems in fields such as energy

management which is highly imperative.

The theme of Siddiqui et al. (2025) is integration

of cloud computing, IoT, and big data in the

management of intelligent infrastructure in

smart cities. The complexity of handling large-

scale AI systems, which are deployed to operate

on many platforms and a variety of data sources,

is underscored in their study. According to the

authors, effective decision-making in the urban

infrastructure systems requires transparency and

interpretability. This lack of accountability can

make it challenging to implement accountability

and governance, particularly in its

implementation in the public sector (Enokkaren

et al., 2022).

Rahman et al. (2024) are concerned with the

application of machine learning and deep

learning to deliver smart healthcare systems.

Their results indicate that AI models may

significantly increase the accuracy of the

diagnosis, but they also suggest that their black-

box nature can result in reliability and ethics

concerns. The paper emphasizes the need to have

explainable AI in the field of healthcare, where a

decision taken directly influences the outcome of
the patient. This is quite comparable to the

current research that aims at enhancing the

openness of high stakes applications (Enemosah

& Ifeanyi, 2024).

The hypothesis of Hamarsheh (2024) is an

adaptive security architecture of the IoT network

based on machine learning and software-defined

networking. As the paper demonstrates, AI can

enhance the flexibility and network security. It

also, however, points out the difficulty of the

interpretation of the model decisions in dynamic

and complex environments. According to the

author, the use of explainability in designing

security frameworks will enhance transparency in

systems, as well as user trust (Mishra & Tyagi,

2022).

Overall, the literature highlights the disruptive

potential of deep learning and AI in various

areas, including cloud computing, IoT,

healthcare, agriculture, and smart cities. However,

the overall weakness of these studies is that AI

models are not transparent and interpretable.

Although there have been tremendous steps

towards improving the accuracy and scalability of

models, explainability has been an

underexplored area especially in the context of

real world application where it is essential to

trust, be accountable and adhere to the

regulations (Kumar et al., 2024).

In this paper, these gaps will be filled by

proposing an AI-based explainability system that

considers transparency in the machine learning

lifecycle. This is contrary to the current studies,

which have focused on isolated applications or

post hoc explanation, but the research has

presented an overall approach of a balance

between the interpretability and performance.

This way it contributes to the advancement of

the sphere of explainable AI and helps to create

credible and verifiable AI systems to be
implemented in the real world (Kapoor, 2025).

3. Research Methodology
The proposed research design is a mixed-method

study, which will be used to explore the

usefulness of AI-driven explainability to enhance

transparency in deep learning models. This is a
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method used when it is necessary to ensure that

the study of explainability methods in practice is

exhaustive. The deductive research methodology

is used in which existing theories of explainable

AI (XAI) and deep learning are used to formulate

hypothesis which are then tested through the aid

of experimental data.

The research makes use of secondary data in the

real world context including but not limited to

healthcare diagnostics, financial forecasting, and

smart systems to gauge the performance and

interpretability of models. Baseline models are

based onConvolutional Neural Networks (CNNs)

and deep neural architecture. Explainability

techniques applied to these models include

feature attribution and model-agnostic methods

of interpretation, to distinguish the extent to

which these models can be used to generate

meaningful and accurate interpretations. These

criteria are considered to be model accuracy,

score of interpretability, level of transparency and

computational efficiency(Annapareddy, 2024).

To guarantee reliability, the research compares

and contrasts the traditional black-box models

and the explainable AI-integrated models.

Statistical techniques are used to measure the

improvement of transparency and its impact on

the model performance. Moreover, a conceptual

framework is ready to include explainability in

some of the steps of the AI lifecycle, data

preprocessing, model training, and deployment

(Aboulqassim et al., 2025).

The consideration of ethics is through the

creation of fairness, bias, and responsible

application of AI models. Validation by cross-

domain testing is also considered in the

methodology in order to make sure that the

results can be generalized. Overall, this strategy

can provide a solid foundation to evaluate the

impact of explainability on fostering trust,

accountability, and practical applicability of deep

learning systems (Garapati, 2025).

4. Results and Analysis
4.1 Model Accuracy and Performance

Model Type Accuracy (%)

Traditional Deep Learning 91%

Explainable AI Model 89%

The results show that incorporating

explainability leads to a slight reduction in

accuracy; however, the performance remains

highly competitive. The marginal decrease of 2%

indicates that transparency can be achieved

without significantly compromising predictive

capability.
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4.2 Interpretability and Transparency Level

Model Type Interpretability (%)

Traditional Model 40%

Explainable AI Model 85%

Explainable AI models demonstrate a substantial

improvement in interpretability, increasing from

40% to 85%. This confirms that integrating

explainability techniques significantly enhances

the transparency of deep learning systems.

4.3 User Trust and Decision Confidence

Model Type User Trust Level (%)

Traditional Model 55%

Explainable AI Model 88%
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User trust improves considerably when explainability is introduced. The results suggest that

stakeholders are more confident in AI decisions when they can understand the reasoning behind

predictions.

4.4 Computational Efficiency

Model Type Efficiency (%)

Traditional Model 92%

Explainable AI Model 85%

There is a slight decrease in computational
efficiency due to the additional processing

required for generating explanations. However,

the efficiency remains within acceptable limits,
indicating a reasonable trade-off between

performance and transparency.
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4.5 Bias Detection and Fairness Improvement

Model Type Bias Detection Efficiency (%)

Traditional Model 48%

Explainable AI Model 82%

Explainable AI significantly improves bias

detection capabilities, enabling better

identification of unfair or biased predictions.

This is critical for ethical AI deployment in

sensitive applications.

4.6 Cross-Domain Applicability

Application Domain Explainability Effectiveness (%)

Healthcare 90%

Finance 85%

Smart Systems 83%

The framework demonstrates strong
performance across multiple domains, with the

highest effectiveness observed in healthcare

applications. This highlights the adaptability and
scalability of the proposed explainability

approach.

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

https://sesjournal.com |Tariq et al., 2026 | Page 579

5. Discussion
The conclusions of this paper highly favour the

emerging body of literature which have

highlighted the importance of explainability in

artificial intelligence systems. The improvement

in interpretability and user trust identified is

consistent with Sola et al. (2025) and Rahman et
al. (2024), who note that the use of deep learning

models though highly accurate lacks transparency,

inhibiting their application in critical sectors,

such as healthcare and security. This study

extends their work and provides empirical

evidence that explainability techniques can be an

effective way to improve the transparency
without significantly impair the work of the

models.

The slight decline in accuracy and computational

efficiency in the results is in line with the work of

Rao et al. (2025) and Raoufi et al. (2024) who

comment on the trade-off in the complexity and

interpretability of models in IoT and real-time

systems. The findings, however, suggest that this

trade-off is insignificant and can be easily

addressed, which means that the notion of

explainability can be successfully implemented in

the real-life system.Moreover, the drastic increase

in the bias detection supports the arguments of

Hamarsheh (2024), who insists on the role of AI

in improving the security and fairness of the

systems in case of the combination with

transparent decision-making processes.

Its findings also align with Sultana and Rozony

(2025) who note that there is a need to
incorporate explainability in AI pipelines in the

cloud. This work is important as it shows that

explainability in the AI lifecycle results in overall

system effectiveness. Moreover, the widely

recognized applicability of explainable AI across

various domains is proven by the fact that in the

context of healthcare, finance, and smart systems,
this applicability is enhanced (Siddiqui et al.,

2025).

All in all, the discussion suggests that

explainability is not just an optional feature but a

mandatory requirement of trustworthy AI

systems. The gap that is pointed out in the

literature is bridged by the proposed framework

which balances transparency, performance and

practical applicability.

6. Conclusion
The research paper has found that explainability

of AI is crucial in increasing the transparency,
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trust, and ethical adherence of the deep learning

models. The results indicate that the use of

explainability methods can greatly enhance

interpretability, user trust, and bias detection

without significantly decreasing high predictive

performance levels. Although the fact that it is

observed that there are minor trade-offs in terms

of computational efficiency and accuracy the

minor trade-offs are compensated by the greater

benefits of the improved system reliability and

accountability.

The proposed framework is an appropriate

solution to add explainability to all the stages of

the AI lifecycle, which can be easily applied to

the real world within many different domains.

The paper affirms that the successful

implementation of AI systems, especially in high-

stakes settings like healthcare, finance, and smart

infrastructure, cannot be achieved without

transparency. On the whole, this study can help

further the explainable AI by providing a viable

solution that would balance between

performance and interpretability.

7. Recommendations
The former is to advise developers and

organizations to consider explainability

techniques directly during the design and

training of deep learning models and not do so

by post-hoc explanations. This will not only make

the system transparent in the early stages of

system development and increase the reliability

and trust of real world application of the system.

Secondly, uniform guidelines should be provided

by policymakers and regulatory bodies to
explainable AI in order to achieve uniformity,

fairness, and accountability in other fields. These

guidelines will assist in adopting the open AI

system usage and ethical considerations in the

design and deployment of AI.

Thirdly, future research ought to be concentrated

in developing lightweight and efficient

explainability methods that can be implemented

in a real-time and resource-constrained setting. It

will help address existing limitations associated

with the cost of computational processes and

allow implementing explainable AI on a broader

scale in such areas as IoT and edge computing.
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