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Introduction

Multi-modal reasoning and decision-making are vital elements of autonomous artificial intelligence
systems because, with their help, such systems are able to process various data, as well as to come up with
well-informed decisions. The area of research is focused on evaluating the effectiveness and reliability of
these systems, and the problems related to the challenges related to data integration, system resilience, and
precision of decisions are of primary concern [1]. The knowledge of these determinants is crucial in driving
AT abilities in practical settings.

Research Aim and Objective

Aim

The research aimed to assess the effectiveness of multi-modal reasoning and decision-making in
autonomous Al systems, focusing on their consistency and efficiency in working conditions.

Objective

> To assess the combination of several data forms in Al decision-making.

> To determine the consistency of AI systems in dynamic and uncertain
environments.

> To identify challenges and provide solutions for improving system robustness and

decision accuracy.
Problem statement

Independent AI systems rely on multi-modal reasoning to give judgments used by a continuum of data
sources. However, combining and processing the different modalities often becomes a challenge, thus
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compromising the reliability of the system and accuracy of decision-making [2]. The research aims at
closing the gaps in the evaluation of the performance and reliability of such systems, making them stable in
the practical implementation and functioning when uncertainty occurs.

Novel Contribution

The study offers a novel contribution by comparing the combination of various data types in autonomous
Al systems with a focus on the reliability and performance of the decisions. It suggests new approaches to
the evaluation of system robustness when it is exposed to dynamic circumstances and outlines the relevant
challenges of data fusion. Besides, the study defines measures to improve accuracy in decisions and ensure
the uniformity of Al systems in the context of complicated real-world situations.

Literature Review

Integration of Multiple Data Modalities in AI Decision-Making
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Fig. 1: Multimodal Models Explained: Combining Different Data Types for Better Al

The issue of AI decision-making becomes complicated when combined with several types of data [3]. There
are different benefits and difficulties presented by each modality [4]. Visual information supplies the
accurate perception of the environment, the auditory information enables the identification of acoustic
patterns, and sensor information offers real-time kinematic or thermal data [5]. Combining these data
streams improves the understanding of the system of its environment, improving the decision-making
processes [6]. The combination of different modalities prompts facing the major problems that include data
alignment, fusion and synchronization [7]. The relaxation of unit representation is brought forth by data
alignment and consolidation of raw data or features derived to form insightful results is referred to as fusion
[8]. The various fusion methods namely early fusion, late fusion and hybrid methods have their merits [9].
Early fusion is a combination of raw data, while late fusion is a combination of separately processed data
streams [10]. Depending on the application of interest, hybrid methods are more flexible, though it is
possible to select the technique accordingly [11]. Multi-modal integration is still laborious due to the
conflicting or ambiguous information [12]. As an example, sensor readings can be in conflict with visual
data [13]. In order to overcome this, Al systems need to be designed to combine and place weight on inputs
wisely hence ensuring the best decision results are achieved despite any discrepancies.

Reliability of AI Systems in Dynamic, Uncertain Conditions
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Fig. 2: Statistical perspectives on the reliability of artificial intelligence systems
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Reliability is a key factor when it comes to an autonomous Al system, especially in an unpredictable
environment [14]. These systems are forced to operate under proper decision-making in matters of
environmental changes and sensor malfunctions, like noise or unintentional impediments [15]. These
systems should be assessed through determining how resilient they are to such perturbation and the ability
to carry out adaptive actions in real-time [16]. A common example of Al systems to mitigate the unreliability
is the use of probabilistic reasoning or Bayesian networks to make decisions under uncertainty [17]. These
approaches help the evaluation of outcome probabilities, thus making decisions being made in cases of
uncertainty more informed [18]. The learning of rewards can further optimize decision making as Al can
make the changes it makes depending on its continuous engagement with the environment, thus increasing
reliability with time [19]. Ongoing education is also an important factor; as AI systems get new data, they
make decision models to increase performance [20]. However, the process of continual learning has to go
through a hard verification process to prevent the addition of errors or biases that would put the reliability
of the systems into risk [21]. Exposure to Al systems to a variety of dynamic conditions determines the
ability of AI to maintain a robust and accurate functioning in different situations.

Challenges in Enhancing System Robustness and Decision Accuracy

Fig. 3: Robustness in deep learning systems

There are several challenges that hinder the enhancement of system strength and decision quality [22]. The
first challenge is related to data quality [23]. The quality and consistency of data are crucial for Al systems
to function correctly [24]. Incomplete or noisy data may hurt decision-making [25]. Then, sophisticated
data cleaning and preprocessing packages are obligatory to guarantee the accuracy and completeness of
input data [26]. The second barrier is the computational complexity. A combination of these flows of data
increases the computational requirements, including efficient algorithms that can operate in real time [27].
Artificial intelligence-based decision models need to be optimized to process heterogeneous data at complex
levels without reducing the performance [28]. For ensuring the validity of decision-making, there is a need
to balance computational facilities and maintain high precision in the task of computing [29]. Complex Al
systems also have an issue of interpretability [30]. These systems are getting more complex, which means
that it is even harder to explain how a decision is reached [31]. Explainability is an important concern of
trust in safety-critical systems, like autonomous driving. Studies on explainable AI (XAI) are aimed at
making AI systems more surface-level, and, in particular, in high-stakes environments, to give the user
insight into the reasoning behind decisions.

Literature gap

Despite significant advancements achieved in terms of multi-mode AI systems. Gaps in research areas still
exist in terms of efficient combination of the different types of data, resolving data contradictions, and
ensuring stability of the system when subjected to dynamic circumstances [32]. The difficulties of making
decisions in real-time when dealing with uncertainty settings are discussed in a few studies, and the entire
package of solutions to strengthen the system, improve precision and readability of the findings is
underdeveloped, particularly in the context of systems related to safety.
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Methodology

Research Design

The study design is a quantitative research design. Multi-modal artificial intelligence servers are tested
through performance measures, graphic displays and strength testing in various dynamic scenarios. The
information of varying modes such as images, text and sensor information is processed, fused and analyzed
to determine the accuracy of decision making, reliability of the system and decision-making abilities under
uncertainty.

Data Collection and Preprocessing

The first stage of this approach is the methodical collection and processing of cross modal information such
as images, texts, and sensor recordings. Every type of data goes through cleaning and standardization to
make them homogeneous and to reduce noise. The data are then matched ensuring that data points with
similar pairs of modalities correlate with each other. Textual data is converted into text and resizing and
scaling sensor data into resized data and text respectively is used to encourage compatibility in a later
fusion.

Multi-Modal Fusion and Model Training

The different types of data are combined into a single feature space using the multi-modal fusion models
after preprocessing. The fusion strategies may be carried out in a number of configurations:

Early Fusion: Prior to being analyzed by any deep learning model, data from many modalities is integrated.

Late Fusion: Each of the modals is worked out separately and the results brought together in post-
processing.

Hybrid Fusion: The merger of both early and late fusion mechanisms is done to grant the benefits of both.

It is based on the deep-learning models that can process multi-modal input (Convolutional Neural networks
(CNN) to handle image data and Long Short-Term Memory (LSTM) to process sequential data, e.g., text
and sensor readings). This multi-modal solution is critical to the creation of sound and strong decisions,
using intricate data input.

Mathematically, the multi-modal decision-making process is expressed as:

y=f(Wy.xg + Wy x4....+W,.x,)

Where:

° y is the output decision.

° fis the decision-making function.

° X1, X5...,%; are the different modalities (image, text, sensor data).
° W, , W,,...,W, are the corresponding weights for each modality.

Performance and Reliability Evaluation Plots

In order to evaluate the performance and reliability of the model, a number of plots as well as visualizations
are produced to determine the strengths and weaknesses of the model under different conditions.

Radar Plot (Spider Chart): This plot compares the model to several criteria (such as accuracy, resistance
to noise, depth of reasoning, and speed) where one visualizes the comparisons between the different
models.

Performance-vs-Complexity Plot: This plot demonstrates the accuracy of a model in relation to
increasing complexity of the visual scene with variations that can be explained by factors such as the density
of data points in a scene or the number of objects contained in a scene.

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 1608
Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.



Journal of Information Systems Engineering and Management
2026,11(2s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

Confusion Matrix (Multimodal): The Confusion matrix displays the specific modalities or situations
that most often result in misclassification and, thus, reveals those modalities that are the most problematic
with the model.

Confidence Calibration Curves: These graphs relate predicted confidence and actual accuracy, which
helps in evaluating the capability of the model to identify uncertainty or possible errors.

Human-in-the-Loop (HITL) Evaluation

Human-in-the-Loop (HITL) assessment is a comparison of AT and human decision-making services based
on two main scores. The Model vs Human Agreement rate chart compares the agreement of the Al system
with the human decision, which reveals the opportunity areas. The Preference Score Matrix (Elo Rating) is
a method of ranking the decision-making of the model using feedback of human annotators, comparing the
quality and consistency of the reasoning in tasks of the model.

Execution of Key Metrics

Performance measures used to assess multimodal AI systems include Accuracy/F1 Score (measuring the
correctness of classification), Recall (measuring the ability to retrieve), FID (Fréchet Inception Distance),
(generative representation) like synthetic sensor view simulation, Error Rate vs. Domain Density
(measuring the ability to reason and chart tasks) and focusing on the quality of performance respectively to
domain complexity. This generalized approach guarantees accurate, credible, and understandable
resolutions of the AI systems that are going to work in a changing environment and consists of the
performance assessment, visualization of reasoning, and a strong root of robustness.

Architecture diagram
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Fig. 4: Architecture Diagram

The diagram explains the aspects of assessment and dependability of multimodal reasoning in autonomous
AT systems with a focus on the combination of different data inputs, testing procedures, and the results in
the context of performance, security, and fairness. Simulations, field tests, and stress tests are part of the
testing and validation methods to address challenges such as uncertain environments, data quality, and
edge cases.

Flowchart

Fig. 5: Flowchart Diagram

The flowchart illustrates the main aspects in multimodal reasoning in autonomous Al systems and includes
the evaluation issues in this system, which include accuracy, performance, safety, robustness, bias analysis,
testing approaches, and difficulties of reliable decision-making.
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Pseudocode

Program start
Initialize Multi-Modal AI System (Visual, Impitc, Sensor Data, Text)
Initialize Evaluation Rspects (Accuracy, Real-Time Performance,
Context Understanding)
Initialize Reliability Aspects (Safety & Risk Inalysis, Robustness
Testing, Blas & Fairness)
Start infinite loop
Call function EvaluatePerformance with input Multi-Modal AI
System
EvaluatePerformance returns evaluation metrics (Reccuracy,
Performance, Context Understanding)
Output evaluation metrics to performance report
Call function CheckReliability with input Multi-Modal AT System
CheckRelisbility returns relisbility metrics (Safety, Risk,
Robustness, Fairness)
Output reliability metrics to performance report
Increment data processing step
If data processing exceeds threshold
Call function TestSystem (Simulation, 3tress Testing, Field
Testing)
TestSystem returns validation results
Output validation results to system log
Reset data processing step to 0
End if
Call function HandleChallenges (Data Quality, Uncertain
Environments, Ancmalies)
HandleChallenges returns updated system status
Output updated status to log
Call function Delay for 500ms
End infinite loop
Program end

Fig. 6: Pseudocode

This pseudocode describes how a multi-modal autonomous Al system is continuously assessed and tested
for dependability. It manages difficulties, analyzes inputs, assesses performance, verifies dependability, and
periodically delays system validation.

Result And Discussion
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Fig. 7. Radar Plot

The radar plot analyzes the performance of the three models, CNN Model (blue), Hybrid Fusion (orange),
and LSTM Model (green), in different criteria such as accuracy, adaptability, depth of reasoning and speed.
The CNN model is more accurate and reasonable in its conclusions, whereas the LSTM model demonstrates
the most adaptive one. The Hybrid Fusion is well-balanced with all criteria.

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 1610
Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.



Journal of Information Systems Engineering and Management
2026,11(2s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

Performance vs. Complexity
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Fig. 8. Performance vs. Complexity

The models (CNN Model in blue, Hybrid Fusion in orange, and LSTM Model in green) are accurate with
growing scene complexity in this plot. The more complex the model, the better, yet the CNN Model always
leaves the highest accuracy of approximately 9o percent. The increase is lowest in the LSTM Model, whereas
Hybrid Fusion is in between the two and it exhibits a moderate improvement to scene complexity between
low and high.
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Fig. 9. Sensitivity Plot of Perturbation

The bar chart demonstrates the accuracy of the models with dissimilar levels of noise: No Noise, Low Noise,
Medium Noise, and High Noise. CNN Model has the highest accuracy of 85% when no noises are imposed
and it becomes 50 percent when there is high noise. There is also a decline in performance in Hybrid Fusion
and LSTM with Hybrid Fusion recording the lowest accuracy of 55 in high noise and LSTM recording the
lowest with 65% accuracy in the medium noise setting.

Confusion Matrix
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Fig. 10. Confusion Matrix
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This matrix shows how each model has performed during the prediction. In the case of CNN model (blue),
it is very satisfactory in predicting sunny days (78 percent) yet it performs poorly in rainy days (15 percent)
and textual data. Hybrid Fusion and LSTMs models are more successful at predicting rainy weather, yet
both are deficient in written and image-related predictions. The matrix offers clues regarding the
commonest types of misclassifications in all the modalities.

Confidence Calibration
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Fig. 11. Confidence Plot

The confidence calibration plot gives the comparison between predicted confidence and the real accuracy.
The plot is fundamental in computing the degree of the models that they should measure their own
uncertainty, with an ideal performance being reflected in a calibrated line indicating the correct level of
confidence estimation.

TABLE 1: Results Summary

Mod | Accu | Prec | Re F1 Error

el racy | ision | call | Scor | Rate
%) [ (%) | (%) | e (%)
(%)

CNN | 85 87 83 |85 15
Mod
el

Hybr | 78 75 8o |77 22
id
Fusi
on

LST 80 82 78 80 20
M
Mod
el

This table is a summary of the accuracy and performance of every model in major key measurements, such
as precision, recall, and F1 score as well as the error rate, and gives an overall picture of how every model
can perform in the task of decision-making using multiple modalities. The CNN Model has the highest
accuracy (85%), and precision (87%) and it proves its high competence in classification tasks. But the
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Hybrid Fusion and LSTM models have lower accuracy of 78% and 80 at the same time. Since both Hybrid
Fusion and LSTM models exhibit lower accuracy, both are more efficient when it comes to recall, meaning
that they are more efficient in recognizing relevant instances. The highest F1 score indicating the
equilibrium between the precision and the recall is CNN (85%), closely followed by LSTM (80%). CNN has
the lowest level of errors (15) and Hybrid Fusion has the highest level of errors (22), which reveals that CNN
is more effective in minimizing mistakes.

Discussion

The findings emphasize the existence of higher accuracy and depth in reasoning of the CNN Model in
performing various tasks, especially image processing. The LSTM Model, however, though with the best
adaptability, does not cope with high complexity and noise. The Hybrid Fusion models give it a compromise
performance that is not as accurate as the CNN Model. The noise sensitivity shows the vulnerability of the
models to the conditions that are dynamic. The calibration plots indicate that CNN is the most consistent,
but both Hybrid Fusion and LSTM might be improved by better confidence calibration that would allow
making more accurate predictions.

Limitations

° The models exhibited a behavior of different performance in a noisy environment, so additional
optimization of robustness is required.

° There is a possibility that the use of measures of evaluation at rest can be insufficient to reflect the
variability in real-life situations that are dynamic in nature.

Conclusion

The paper shows that multi-modal AI systems are effective in autonomous decision-making that would
benefit from the advantages of CNN models in their precision and the depth of reasoning. Hybrid Fusion
and LSTM models do not have a clear advantage, though they limit themselves to noisy and complicated
environments. The sensitivity of the models to perturbations and the problems with calibration of
confidence are evidence that the models could be improved further to ensure increased robustness and
increased reliability of the decision-making under a constant amount of time. Multi-modal integration has
potential, although further studies are necessary to overcome the issues of robustness, noise management,
and confidence of decisions.

Future Research:

Future studies in multi-modal AI systems are to be aimed at overcoming the limitations encountered in the
context of robustness, adaptability, and calibration of confidence in various and dynamic environments.
The formulation of more sophisticated methods or techniques of fusion is one of the main areas that can be
enhanced so that the models can accept conflicting or noisy data across the various modalities and the
resulting decision made is far more accurate in real-life situations. Another important action is to have the
models more resilient to noise and perturbations, particularly in autonomous systems used in
unpredictable conditions as in autonomous vehicles or in healthcare systems. Improving methods of
confidence calibration is another area that should be considered in the direction of future work. Despite the
fact that CNN Model presented the best calibration, there is a greater difference in how the Hybrid Fusion
and LSTM models predict, and this can affect the reliability of the decisions made. In future studies, it would
be necessary to investigate such methods as uncertainty quantification, model assembling, or self-
assembling techniques to enhance the confidence ratings and the accuracy of the made decisions. Lastly,
the human-in-the-loop (HITL) evaluation can be further examined to discover insights into the
enhancement of the reasoning of Al systems and better conformity to the human expert judgments.

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 1613
Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.



Journal of Information Systems Engineering and Management
2026,11(2s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

References

[1]

[2]

[3]

[4]

[5]

(6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]
[15]

[16]

[17]

[18]

Xu, X., Li, J., Zhu, Z., Zhao, L., Wang, H., Song, C., Chen, Y., Zhao, Q., Yang, J. and Pei, Y., 2024. A
comprehensive review on synergy of multi-modal data and AI technologies in medical diagnosis.
Bioengineering, 11(3), p.219.

Blasch, E., Pham, T., Chong, C.Y., Koch, W., Leung, H., Braines, D. and Abdelzaher, T., 2021. Machine
learning/artificial intelligence for sensor data fusion—opportunities and challenges. IEEE aerospace
and electronic systems magazine, 36(7), pp.80-93.

Hernandez, L., 2021. Strengths and challenges of distance learning modalities in the new normal: Basis
for intervention program. Journal of Humanities and Social Sciences (JHASS), 3(2), pp.80-87.
Abante, A.S., Cruz, R., Guevarra, D., Lanada, M.I.B., Macale, M.J.S., Roque, M.W.1.B., Salonga, F.R.,
Santos, L.C. and Cabrera, W.C., 2021. A comparative analysis on the challenges of online learning
modality and modular learning modality: A basis for training program. International journal of
multidisciplinary research and analysis, 4(4), pp.463-476.

Fei, T., Mukhopadhyay, S.C., Da Costa, J.P.J., RoyChaudhuri, C., Lan, L. and Demitri, N., 2024. Spatial
environment perception and sensing in automated systems: A review. IEEE Sensors Journal, 24(14),
pp-21813-21833.

Corral-Plaza, D., Ortiz, G., Medina-Bulo, I. and Boubeta-Puig, J., 2021. MEdit4CEP-SP: A model-driven
solution to improve decision-making through user-friendly management and real-time processing of
heterogeneous data streams. Knowledge-Based Systems, 213, p.106682.

Qin, Z., Chen, D., Zhang, W., Yao, L., Huang, Y., Ding, B., Li, Y. and Deng, S., 2025. The synergy between
data and multi-modal large language models: A survey from co-development perspective. IEEE
Transactions on Pattern Analysis and Machine Intelligence.

Torre-Bastida, A.I., Diaz-de-Arcaya, J., Osaba, E., Muhammad, K., Camacho, D. and Del Ser, J., 2025.
Bio-inspired computation for big data fusion, storage, processing, learning and visualization: state of
the art and future directions. Neural Computing and Applications, 37(28), pp.23097-23127.

Singh, L., Janghel, R.R. and Sahu, S.P., 2022. A hybrid feature fusion strategy for early fusion and
majority voting for late fusion towards melanocytic skin lesion detection. International Journal of
Imaging Systems and Technology, 32(4), pp.1231-1250.

Pereira, L.M., Salazar, A. and Vergara, L., 2023. A comparative analysis of early and late fusion for the
multimodal two-class problem. IEEE Access, 11, pp.84283-84300.

Widayanti, R., Chakim, M.H.R., Lukita, C., Rahardja, U. and Lutfiani, N., 2023. Improving
recommender systems using hybrid techniques of collaborative filtering and content-based filtering.
Journal of Applied Data Sciences, 4(3), pp.289-302.

Zhang, X., Gong, Y., Lu, J., Wu, J., Li, Z., Jin, D. and Li, J., 2023. Multi-modal fusion technology based
on vehicle information: A survey. IEEE Transactions on Intelligent Vehicles, 8(6), pp.3605-3619.

Sun, T., Feng, B., Huo, J., Xiao, Y., Wang, W., Peng, J., Li, Z., Du, C., Wang, W., Zou, G. and Liu, L.,
2024. Artificial intelligence meets flexible sensors: emerging smart flexible sensing systems driven by
machine learning and artificial synapses. Nano-Micro Letters, 16(1), p.14.

Trusilo, D., 2023. Autonomous Al systems in conflict: Emergent behavior and its impact on
predictability and reliability. Journal of Military Ethics, 22(1), pp.2-17.

Violos, J., Mamanis, G., Kompatsiaris, I. and Papadopoulos, S., 2025. Cognition and context-aware
decision-making systems for a sustainable planet: a survey on recent advancements, applications and
open challenges. Discover Sustainability, 6(1), p.235.

Kamissoko, D., Nastov, B. and Allon, M., 2023. Improved model for continuous, real-time assessment
and monitoring of the resilience of systems based on multiple data sources and stakeholders. Structure
and Infrastructure Engineering, 19(8), pp.1122-1137.

Mehra, A., 2021. Uncertainty quantification in deep neural networks: Techniques and applications in
autonomous decision-making systems. World Journal of Advanced Research and Reviews, 11(3),
pPp-482-490.

Stanton, M.C.B. and Roelich, K., 2021. Decision making under deep uncertainties: A review of the
applicability of methods in practice. Technological Forecasting and Social Change, 171, p.120939.

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 1614
Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.



Journal of Information Systems Engineering and Management
2026,11(2s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

[19] Sun, Y. and Jung, H., 2024. Machine learning (ML) modeling, IoT, and optimizing organizational
operations through integrated strategies: the role of technology and human resource management.
Sustainability, 16(16), p.6751.

[20] Guleria, P. and Sood, M., 2023. Explainable Al and machine learning: performance evaluation and
explainability of classifiers on educational data mining inspired career counseling. Education and
Information Technologies, 28(1), pp.1081-1116.

[21] Shaheen, K., Hanif, M.A., Hasan, O. and Shafique, M., 2022. Continual learning for real-world
autonomous systems: Algorithms, challenges and frameworks. Journal of Intelligent & Robotic
Systems, 105(1), p.9.

[22] Moshood, T.D., Rotimi, J.O. and Shahzad, W., 2025. Impact of information quality on strategic
decision-making in construction organization: unravelling complexity and contingencies. Management
Research Review, 48(4), pp.578-603.

[23] Whang, S.E., Roh, Y., Song, H. and Lee, J.G., 2023. Data collection and quality challenges in deep
learning: A data-centric ai perspective. The VLDB Journal, 32(4), pp.791-813.

[24] Panwar, V., 2024. AI-Powered Data Cleansing: Innovative Approaches for Ensuring Database Integrity
and Accuracy. International Journal of Computer Trends and Technology, 72(4), pp.116-122.

[25] Guillen-Aguinaga, M., Aguinaga-Ontoso, E., Guillen-Aguinaga, L., Guillen-Grima, F. and Aguinaga-
Ontoso, 1., 2025. Data quality in the age of AI: A review of governance, ethics, and the FAIR principles.
Data, 10(12), p.201.

[26] AGAL, D.S., 2025. DATA WRANGLING AND PREPROCESSING. NOTION PRESS.

[27] Mustafa, A. and Hameed, N., 2023. Advanced computing techniques for real-time data processing and
high-performance computing. Journal of Advanced Computing Systems, 3(8), pp.1-8.

[28] Lazaroiu, G., Androniceanu, A., Grecu, L., Grecu, G. and Negurita, O., 2022. Artificial intelligence-based
decision-making algorithms, Internet of Things sensing networks, and sustainable cyber-physical
management systems in big data-driven cognitive manufacturing. Oeconomia Copernicana, 13(4),
Pp-1047-1080.

[20] Hammad, A. and Abu-Zaid, R., 2024. Applications of AI in decentralized computing systems:
harnessing artificial intelligence for enhanced scalability, efficiency, and autonomous decision-making
in distributed architectures. Applied Research in Artificial Intelligence and Cloud Computing, 7(6),
pp.161-187.

[3o0] Li, X., Xiong, H., Li, X., Wu, X., Zhang, X., Liu, J., Bian, J. and Dou, D., 2022. Interpretable deep
learning: Interpretation, interpretability, trustworthiness, and beyond. Knowledge and Information
Systems, 64(12), pp.3197-3234-

[31] De Bruijn, H., Warnier, M. and Janssen, M., 2022. The perils and pitfalls of explainable Al: Strategies
for explaining algorithmic decision-making. Government information quarterly, 39(2), p.101666.

[32] Radlbauer, E., Moser, T. and Wagner, M., 2025. Designing a system architecture for dynamic data
ollection as a foundation for knowledge modeling in industry. Applied Sciences, 15(9), p.5081.

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 1615
Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.



