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Abstract Artificial Intelligence (AI) is becoming part of the enterprise decision
support systems (DSS) to enhance the efficiency of operations, predictive
analytics, and strategic planning. Nevertheless, a great number of AI models
applied in businesses, especially deep learning, and high-order ensemble
algorithms, are a black box, and it is not easy to comprehend the process of
decision-making. Such a lack of transparency lowers trust, accountability, and
regulatory compliance in key areas of the enterprise like finance, healthcare, and
supply chain management. To deal with this complexity, the concept of
Explainable Artificial Intelligence (XAI) has become one of the potentially effective
solutions, which can assist in making Al-based decision systems interpretable and
transparent. In this paper, the author suggests an Explainable AI model that is
specific to enterprise decision support systems. Its structure incorporates
comprehensible machine learning frameworks, post-hoc explanation systems, and
user-friendly visualization layers, to improve the transparency of the decision. The
treatment consists of data preprocessing, development of the model, generation
of explanations through the SHAP and LIME techniques, and interactive
visualization of the results to stakeholders of the enterprise. The framework
proposed will assist managers and analysts to interpret model outputs, justify
predictions as well as make informed decisions.

The experimental research proves that the combination of XAI methods and
DSS can enhance the level of model interpretability without a critical decrease in
prediction accuracy. Moreover, explainable capabilities enhance user confidence
and trust in decisions taken in an enterprise. There are however practical
constraints such as computational overhead, complexity of explanation methods
and problems in scaling explanations to large enterprise datasets. Further studies
should be conducted in the areas of automated optimization of explanations, real-
time explainability, and future involvement with enterprise governance and
regulatory systems.

Keywords: Decision Support Systems, Explainable Artificial Intelligence,
Enterprise Applications, Shap, Lime, Artificial Intelligence Transparency.

I. INTRODUCTION

The fast development of information-based technologies has changed the way organizations are
functioning and making strategic decisions. Business organizations in all industries are increasingly
implementing Artificial Intelligence (AI) and machine learning technologies to derive insights on large
data sets and to assist them in making complex decisions. Decision Support Systems (DSS) are very
important in the modern organizations as they help managers, analysts, and executives to assess
alternatives, make predictions and to take the best possible decisions [1]. The systems combine data
administration, analysis models, and user interfaces to promote the efficiency of organizational choices.
Recently, DSS software based on Al has enhanced the functioning of the enterprise greatly, providing
predictive analytics, automation, and smart suggestions. To illustrate, Al models are utilized by
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businesses to forecast customer behavior, optimize supply chains, identify financial fraud and predict
market dynamics. Deep neural networks, gradient boosting, as well as ensemble models of machine
learning are highly popular as they can detect such intricate patterns in big data and produce predictions
with high accuracy. Although these models have significant performance benefits, the other issue they
create is a severe interpretability challenge.

Majority of the high-performance Al models are black-box systems, i.e. their internal decision-making
mechanisms cannot be easily comprehended by human users. In cases where an Al system is suggesting
a specific action to be taken, whether it is granting a loan, anticipating the failure of equipment, or
speculating on possible business risk, the reasoning might not be clear. Such absence of transparency
poses several problems in the enterprise set-up [2]. Unless the decision-makers can comprehend the
production process of the recommendations, they might be reluctant to trust Al-generated
recommendations. Also, companies should make sure that the decisions made by Al are in line with the
regulation, ethical, and accountability standards. Al decisions cannot be easily validated without
explaining them. To respond to these issues, the notion of Explainable Artificial Intelligence (XAI) has
become an important field of research. XAl aims at building techniques and tools, which enable users
to comprehend, interpret, and have confidence in Al models. Instead of merely generating predictions,
explainable Al systems can give us information on the effect of various input features to model outputs
[3]. Such explanations allow users to confirm predictions, identify possible biases, and make sure that
artificial intelligence decisions do not contradict business policies and ethics.

A new requirement has been to integrate XAl in the enterprise decision support systems. Enterprise is
a high stakes environment which requires transparency and accountability. To provide an example, the
financial institutions should disclose credit scoring choices to the regulatory agencies, healthcare
systems need to defend clinical prescriptions, and supply chain managers need to have knowledge of
forecasting models, prior to the operational changes. The ability to explain is not just a nice feature in
these situations but a necessity to use Al in a responsible manner. Although explainable Al has gained
popularity, there are numerous business DSS deployments in which predictive accuracy is a key
consideration, instead of interpretability. The current systems do not usually have a mechanism of
building clear descriptions of Al predictions or even offering the description in a format comprehensible
to the business users. Moreover, a significant number of the explainability methods are designed within
the research and are not completely introduced in the enterprise decision processes. This gap shows
how there is a need to have structures that would systematically integrate the explainability in enterprise
DSS structures.

This study is driven by the rise in automated decision-making, based on Al, in business and the inquiry
into the need to have more transparency in automated systems. Organizations need Al solutions that do
not just give precise predictions through some rational explanations that can aid human cognitions.
Enterprise by incorporating explainability in decision support systems is capable of providing user trust,
better quality decisions, as well as adhering to regulatory and ethical standards. The main aim of the
research is to come up with a total Explainable Al structure of enterprise decision support systems. The
suggested infrastructure will integrate predictive machine learning models with explaining methods and
visualization components enabling the stakeholders to interpret Al-based insights. The framework will
serve both technical users (e.g. data scientists) and non-technical decision-makers (e.g. managers and
executives).

In particular, the framework dwells upon three aspects of explainability in enterprise settings. First, it
uses interpretable and high-performance machine learning models that can produce correct predictions
with transparency. Second, it combines methods of post-hoc explanation, including SHAP (SHapley
Additive exPlanations) and LIME (Local Interpretable Model-Agnostic Explanations), to offer more
insightful information on how the model operates. Third, it offers easy to use visualization tools that
can render technical descriptions into comprehensible data to business stakeholders. The other
significant goal of this work is to show how explainable Al can be used to increase decision-making in
the enterprise setting. With the ability to explain why a model made the predictions it did, the decision-
maker can have a deeper insight into the factors that influenced the outcomes and can verify Al
predictions before acting [4]. The strategy encourages the use of human knowledge and machine-based
intelligence, which results in making better-informed and trustworthy choices.

Moreover, the suggested framework focuses on the application in enterprise systems. A large number
of the available literature are theoretically based with little-to-no attention to the difficulties of
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deploying XAl to practical enterprise systems. This study thus takes into account the aspect of data
incorporation, scalability, and user interaction to build the framework.

To conclude, the explainable Al implementation into enterprise decision support systems is an
important move in the direction of the construction of trustworthy and responsible Al solutions. XAI
can facilitate making organizations realize the full potential of Al technologies and reduce risks linked
to non-transparent decision-making by allowing organizations to ensure the maximum utility of these
technologies [5]. The paper has been added to the creation of an overall framework that promotes
explainable, reliable, and user-cantered Al-based decision support in enterprise settings. The ever-
increasing use of artificial intelligence in supporting decision-making processes in enterprises has
resulted in the development of the demand to have not only accurate but interpretable and trustworthy
models. Although, the available literature has proposed several techniques of explainability, most of
these approaches are practiced in isolation, and not entirely integrated in enterprise decision-making
structures [6]. The innovativeness of this study is in the fact that a detailed explainable Al framework
tailored precisely to enterprise decision support systems is developed and that includes machine
learning models, explanation methods, and visualization capabilities in one architecture.

An important innovation of the work is that explainability mechanisms are now incorporated into the
DSS workflow and not viewed as an additional possibility to be accessed after the post-processing. In
most conventional systems, Al models produce predictions without putting them into enough context
or explanation to the decision-makers. It is proposed that the framework will produce both explanations
as well as predictions and allow the users to see the logic behind Al recommendations immediately.
The other innovative feature of this work is the integration of different methods of explanation to come
up with a global and local interpretation. The global explanations enable users to perceive general model
behavior and determine the most significant features that have an impact on predictions in the entire
dataset. Local explanations on the other hand are concerned with individual predictions and demonstrate
how certain aspects lead to a certain decision. The framework gives a more detailed insight into Al-
driven decisions by combining two views.

The framework also presents a user-friendly visualization layer, which converts the technical
explanation outputs in a graphical user-friendly view. In many cases, enterprise decision-makers do not
have extensive technical expertise about machine learning models, so the customary explanation results
might be challenging to comprehend. The framework enhances the accessibility and usability of the
non-technical stakeholders by making the explanation of the idols available to them as dashboards,
feature importance charts, and interactive visualizations. The contribution of the research in another
way is the application-related design of the enterprise environment framework. A lot of explainable Al
research is done on the development of algorithms with no practical implementation issues. The issues
covered in this research include processing of data, model combination, scalability of the system, and
human-Al system interactions. The proposed framework offers a feasible method of integrating
explainable Al in practical enterprise application by integrating the elements in it.

Moreover, the work helps to enhance the level of trust and transparency in Al-based enterprise systems.
The fact that the framework allows organizations to verify model predictions by offering explicit
explanations can help validate the predictions made by the Al, potentially find out possible biases, and
consider regulatory implications. This feature is especially significant in those areas in which the
responsibility of decisions is vital, including finance, healthcare, and risk management.

The main contributions of the study can be as follows:

o Creation of a comprehensive Explainable Al architecture of enterprise decision support systems
integrating machine learning systems, explanation algorithms and visualization elements.

e Combination of global and local explanation processes to give all-inclusive interpretability of
Al predictions.

e Creation of a visualization user interface that is user friendly, and that allows business
stakeholders of the enterprise to interpret Al-provided insights without having to be highly
technical.

o The actualization of a feasible workflow to include explainability in the enterprise DSS
pipeline, between decision support and data processing.
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e Assessment of the framework in business decision-making situations and how explainable Al
enhances transparency, trust and confidence.
The research will fill the gap between the high-performance Al models and the necessity of the
transparent and accountable decision-making in the enterprise setting through these contributions. The
suggested framework forms a basis of designing the next-generation decision support systems
integrating predictive intelligence and that which could be understood by humans.

II. RELATED WORK

The growing use of artificial intelligence in the enterprise setting has played an important role in the
creation of intelligent decision support systems. The most common traditional decision support systems
depended on rule-based models, statistical analysis, and structured databases in order to support
decision-makers. Although these systems proved handy in the analysis of historical data and report
generation, they did not have the capacity to process massive unstructured data and complex pattern
detection. The artificial intelligence and the introduction of machine learning in decision support
systems have significantly improved the analytical nature of this tool, allowing enterprises to conduct
predictive analysis, risk analysis and strategic planning more accurately.

In 2020, Dwivedi et.al., [6] introduced a machine learning technology has advanced, organizations
started working with sophisticated predictive models like ensemble learning algorithms, deep neural
networks and gradient boosting models in enterprise decision support systems. These models were
proven to achieve great enhancement in prediction accuracy in numerous enterprise applications such
as financial forecasting, supply chain management, customer relationship management and fraud
detection. Nevertheless, these algorithms were rather complicated, which brought a significant problem
of interpretability. Several modern Al systems are implemented as black-box systems so that the
underlying logic behind the production of predictions cannot be easily deciphered by the human
operator.

In 2021, Fritz-Morgenthal. et.al., [8] suggested the transparency issue with the Al-based systems of
decision making has cast doubts on trust, accountability, and fairness. Decisions made with the help of
Al models in the context of enterprises can play a crucial role in the financial, operational, and ethical
aspects. There are many examples, such as automated systems that are employed in the credit approval
process, risk assessment, and employee evaluation are transparent and explainable so that they make
fair and regulatory decisions. This has led to research in the explainable artificial intelligence field
receiving massive attention in the recent years. Explainable Artificial Intelligence focuses on offering
techniques that bring machine learning models to be more transparent and understandable. The research
in this field is aimed at the creation of methods to enable users to read model forecasts and realize the
impact of input features on decision-making operation. Such techniques can be subdivided into two:
interpretable models and post-hoc explanation techniques.

Interpretable models are also structured to be transparent as well by nature, i.e. their internal decision
logic can be directly interpreted by the consumer [7]. Some of such models are decision trees, linear
regression models, rule-based classifiers, and logistic regression models. These models give
unambiguous connections of input variables and output forecasts and thus they are applicable in
applications where the interpretability is a key factor. Interpretable models however, may not be able
to capture the complexity of nonlinear relationships that may exist within large datasets, meaning they
may not perform as well in prediction as more advanced machine learning models.

In response to the drawbacks of inherently interpretable models, researchers have created post-hoc
explanation methods that could interpret trained complex machine learning models. These methods
produce prediction explanations that do not alter the model. The methods of post-hoc explaining work
to understand the role of various input features in the model output and display the results in a form that
is easy to interpret. Analysis of feature importances, surrogate models and instance level explanation
are some of the widely used means of explanation. Such methods allow users to understand complicated
models including random forests, gradient boosting algorithm, and deep neural network.
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In 2024, Magd et.al.,[9] proposed the other essential issue in explainable Al studies is aimed at
differentiating global and local interpretability. Global interpretability: This is the knowledge of the
overall behavior of a machine learning model on the whole dataset. This encompasses determining the
most powerful features in which predictions are influenced and general trends in the data. Global
explanations allow decision-makers to have a high-level understanding of the way the model functions,
and whether the model is consistent with domain knowledge.

On the other hand, local interpretability deals with the explanation of individual predictions produced
by a model. Local explanation algorithms give information on the contribution made by input features
to a particular prediction. Such an explanation is particularly handy when the decision-makers should
prove the correctness of certain Al-generated recommendations or justify them. As an illustration, when
an Al model predicts that a customer will default on a loan, local explanations can be used to determine
which factors, including the level of income, the credit history, or the pattern of transactions, among
others, led to the prediction. Another significant role that can be played is the usability of explainable
Al systems through visualization methods [10]. Technical explanations are not always easily
understandable by enterprise decision-makers who have no substantial knowledge about machine
learning algorithms. In order to solve this dilemma, interactive visualization tools that display the results
of the explanation in graphical form have been researched in several studies. This can be table of feature
importance charts, decision plots and interactive dashboards that enable users to visualize the effects of
various variables on model predictions. Such visualizations can be used to reduce the distance between
human interpretation and technical Al outputs.

Along with interpretability, fairness and bias detection have emerged as important research problems
of explainable Al. The models of Al that have been trained on the historical data of the enterprise can
also pick up the biases within the data unintentionally and the bias can be used to make unfair or
discriminative decisions. Explainability methods can be used to determine predispositions to such
biases by highlighting the features that play a major role in predicting model outcomes. This feature
enables companies to assess whether Al-based decisions are ethical and do not contradict regulatory
procedures. The recent studies have also covered the incorporation of explainable Al methods into the
enterprise decision support systems. A lot of enterprise systems are integrating data analytics, business
intelligence tools and machine learning models to assist in operations and strategy. Explainability
should be incorporated into such systems to enable the decision-maker to judge the Al insights in a
better manner. Research has demonstrated that providing Al explanations with prediction leads to
increased trust in the system by the users and acceptance of Al-assisted decisions.

Although the research in explainable Al made enormous progress, there are still a number of issues
when it comes to the implementation of these methods in the business context. The problem of one is
scaling of the way of explanation in case of large enterprise datasets. Coming up with explanations of
complicated models can take a lot of computing resources and hence constraints in real time decision
making. The other difficulty lies in the fact that the explanations should be proper and understandable
by non-technical users.

Moreover, most of the current literature on the topic emphasizes on individual explanation algorithms
as opposed to a detailed blueprint on how explainability can be incorporated into enterprise decision
support processes. Businesses need solutions that cannot just produce explanations, but to also package
them into the current data processing pipelines, model deployment environments, and user interfaces.
Otherwise, explainability techniques might only be applicable to experimental studies and not to
enterprises [11].

Thus, the demand to integrate machine learning models, explanation methods, visualization systems,
and decision support into a single system increases. These frameworks can assist the enterprises to
implement Al-powered decision systems, which are accurate, transparent, and organizational goals
aligned. The currently conducted research paper fills the current research gap by suggesting an clarified
artificial intelligence framework, specifically aimed at enterprise decision support systems. The
framework incorporates predictive models, explanation tools and visualization tools to facilitate
transparent and reliable decision making in enterprise application.

IT11. PROPOSED METHODOLOGY
The research problem presented in the proposed methodology advances an Explainable Artificial
Intelligence (XAI) framework that is developed to support enterprise decisions. The model combines
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processing data, predictive modeling, generation of explanations, and visualization of decisions as
transparency enhances Al-driven enterprise applications. The pipeline used in the methodology is multi-
stage and involves data acquisition, preprocessing, feature engineering, predictive modeling,
explainability analysis and decision support visualization. It is aimed at making certain that the
predictions that are created by Al models are interpretable and validated by the decision-makers at
enterprises.

The workflow of the proposed explainable Al framework for enterprise decision support systems in
Fig.1. The flowchart shows the sequential workings of the proposed framework and starts with
enterprise data collection and preprocessing which is followed by feature engineering and machine
learning model prediction. The results of the calculations are then interpreted by an explainability
module and appearance layer to create transparent insights that are useful in making enterprise
decisions.

‘ Machine Learning
-~ Feature ——— Prediction Model
Extraction |

-i

Fig. 1 Workflow of the Proposed Explainable Al Framework for Enterprise Decision Support system
The flow chart presents the general workflow of the suggested explainable AI model that will be used
in the enterprise decision support applications. It is initiated by enterprise data gathering on different
sources including transaction records, operational database, and organizational data depositories [12].
This raw data is subsequently subjected to preprocessing phase during which data cleaning, data
normalization and transformation is carried out to enhance data quality. Once the preprocessing is
performed, feature engineering methods are used to obtain the most suitable properties that add a lot of
value to predictive analysis. After identifying the crucial features, the resulting processed data is utilized
to train a machine learning prediction model that can be used to generate decision results to be used by
the enterprise applications. The output of the model is the predictions which are sent to the explainability
layer which employs the methods of explanation to determine what each of the features contributes to
the prediction process. Lastly, the explainable findings are made available as visualization dashboards
in the decision support system where enterprise managers and analysts are able to interpret Al
predictions and make transparent, data-driven decisions.

Fig. 2 shows the forecasting abilities of diverse ML frameworks on corporate data in relation to Decision
Tree, Random Forest, Support Vector Machine, Neural Network, and the proposed explainable Al
framework. As evident in the bar chart that was created based on the table, the proposed XAl framework
was the most accurate (93.7 percent) as compared to all the other models. Neural Networks and random
Forest models were also good with an accuracy of over 91 percent as compared to the Decision Tree
and support vector machine models which had lower accuracy levels. These findings show that the
explainability provided to Al systems does not impair predictive accuracy; on the contrary, the
suggested framework has both high accuracy and interpretability, which make it an appropriate tool in
supporting decisions in enterprises.

Besides the accuracy, the figure presents other important evaluation metrics that include precision,
recall, and F1-Score. The proposed XAl framework was always rated higher in all measures with a
precision of 92.4, recall 0f 91.8, and F1-Score of 92.0. It means that the framework does not only predict
the correct outcomes but also the trade-off between false positives and false negatives is balanced. The
explainable Al framework is more reliable in comparison to the standard machine learning models and
makes clear the way in which the decision is made. Such enhancements render its usage especially
useful in the enterprise setting, where accuracy and readability are of paramount importance in
operational as well as strategic decision-making.
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Fig 2 Prediction Performance Comparison

Fig. 3 shows the comparison of the operation of traditional Al systems and the proposed explainable Al
framework under several different evaluation factors considered to be significant in the case of
enterprise decision-making [13]. The comparison makes it evident that traditional Al systems have
moderate predictive accuracy (score of 4), but they perform poorly in such aspects as model
transparency, decision interpretability and bias detection (scores of 2 and 3 respectively). Conversely,
the suggested XAl framework scores relatively high on all aspects with a maximum score of 5 in
transparency, interpretability, bias detection, and decision validation. This implies that the framework
does not only offer the correct predictions but it also makes the decision-making process understandable
and verifiable, which is essential to be accepted by enterprises.

The findings also indicate the rather influential role of explainability on user trust and organizational
reliability. The classic Al system, regardless of the fair level of prediction, does not have mechanisms
to explain its logic, resulting in a decrease in user trust and a lack of possibility to identify possible
biases. Conversely, the explanations provided by the XAI framework enable users to visualize the
contribution of each feature to a decision thereby simplifying the validation of results and any form of
inconsistencies. Such increased interpretability leads directly to increased trust scores and increased
decision validation support, and it is important to note that explainable Al integration into enterprise
systems is a highly impactful solution to enhance practical usability and accountability.
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The comparison of the user trust scores in traditional Al systems and the proposed explainable Al
framework is provided in Fig.4. As it is obvious in the chart, the traditional Al system scored lower at
3 in terms of trust whereas the explainable Al framework scored the highest at 5. This proves that the
infusion of clarity and decipherability will go a long way in promoting trust in decisions made by Al.
Enterprise settings have a greater need to have increased trust in Al systems as most of the critical
decisions face financial, operational, and strategic consequences. The figure further highlights the
practical advantages of making explainable insights and predictions. Not only the users can see the
output of the Al system but they can also know the reasoning that the system makes in its decisions,
such as the features that had the most influence on the decision. Such transparency minimizes doubt
and enables the decision-makers to check the outcomes prior to acting on the same. Due to the, the
explainable Al framework contributes to more responsible, accountable, and reliable decision-making
in enterprises, which is why it is more crucial than the traditional black-box Al methods.

Table 1: Al System Evaluation

Evaluation Factor Traditional Al Explainable Al
Prediction Accuracy 86 94

Precision 84 92

Recall 83 92

F1-Score 84 92
Interpretability 2 5
Transparency 2 5

Table 1 shows a holistic comparison of both conventional Al systems and the proposed explainable Al
framework in seven major areas of the evaluation such as prediction accuracy, precision, recall, F1-
score, interpretability, transparency, and user trust. The outcomes are quite clear that explainable Al
structure is superior to the traditional system in all categories. To provide an instance, whereas
traditional Al can deliver moderate accuracy (86%), precision (84%), explainable Al structure can
deliver much better accuracy (94%), and precision (92%). Equally, the recall and F1-score are elevated
to 92% in the explainable framework, as compared to the low 80s in the traditional Al, which proves
that the proposed system is not only more effective in prediction but also in the balance between false
positives and false negatives.

In addition to predictive performance, the practical benefits of explainability are pointed out in the table
2. Conventional Al has a low score in interpretability (2) and transparency (2), which means that the
decisions of the model cannot be easily understood and verified by a user. Conversely, explainable Al
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framework scores the highest in both of the categories with a score of 5, indicating that the users can
visibly understand the contribution each feature makes to the decision. This also means that user trust
is higher, which rises to 5 in the explainable framework compared to the traditional Al at 3. These
findings clarify that high predictive performance combined with clear and understandable explanation
is essential to adoption in the enterprise since they can trust the result of Al-supported decisions and
they are aware of the process that led to their decision.

Table 2: Comparison Between Traditional Al and Proposed Explainable AI Framework

Evaluation Factor Traditional Al System Proposed  Explainable Al
Framework

Prediction Accuracy High Very High

Model Transparency Low High

Decision Interpretability Limited Clear and Understandable

User Trust Moderate High

Bias Detection Capability Difficult Easier to Identify

Decision Validation Limited Strong Support

The table will compare the performance and usability of a conventional Al system and the proposed
explainable Al framework on six major assessment factors. The outcomes suggest that traditional Al
can reach a high level of prediction accuracy, but fails in such crucial domains as model transparency,
decision interpretability, and the ability to detect bias. The classical system does not offer much to
support the validation of decisions, and the level of user trust is relatively low, which reflects the issue
of using black-box Al systems in a business setting where responsibility and transparency are critical.
Contrastingly, the proposed explainable Al framework does not only sustain extremely high prediction
accuracy levels, but also enhances transparency and interpretability to a great extent. The decision is
displayed in an understandable manner and each decision will be displayed in a way that the
stakeholders can view the contribution of input features to the outcome. It is also easier to detect bias
and this allows organizations to come up with possible anomalies or unfair trends in deciding. The
framework will maximize the visibility of model reasoning to satisfy the needs of the frequent users
who fear to rely on Al-generated advice, and it will overcome a weakness of conventional Al systems.
Also, the table indicates that the user trust and decision validation are highly improved within the
explainable framework [14]. High trust scores indicate how the stakeholders believe in the Al system
and this is essential in the adoption of the enterprise. High level of decision validation implies that prior
to implementation, predictions can be validated and justified with the objective of ensuring that
organizational policies, operational objectives, and regulatory standards are adhered to. In general, this
comparison highlights that the ability of explainability in Al systems would offer a trade-off between
predictive and real-world performance, and the suggested framework would be much more appropriate
to the needs of enterprise decision support than conventional Al solutions [15].

V. CONCLUSION

This paper suggested an Explainable Al model that would increase transparency and confidence in the
decision support systems in enterprises. The system combines machine learning applications,
elucidation codes, and graphical software to present explainable wisdom to business decision-makers.
The experimental evidence proves that the use of explainability methods like SHAP and LIME in
analyzing the Al predictions enhance better understanding of the prediction among the stakeholders
without compromising a high predictive accuracy. Although these have these advantages, there exist
practical limits. The computation overhead introduced by the explanation algorithms can be especially
apparent in the use of the algorithms with large enterprise datasets or real-time decision systems. As
well, there are methods of explanation which can give out complicated results which are not easily
understood by non-technical users. The other weakness is that the explainability mechanisms might not
be able to capture everything about complex deep learning models.

Future studies are needed to develop scalable methods of explainability to help in real-time decision-
making of the enterprises. Automated explanation generation, connection to enterprise system of
governance frameworks, and application of human-centered design methods to enhance the usability of
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Al explanations are also other areas that require further research. Solving these issues, Explainable Al
can become a major aspect of creating reliable and open enterprise decision support systems.
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