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Abstract

The role of Explainable AI (XAI) in the context of Business Intelligence (BI) dashboards needs
exploration, e.g., Colinda's loan tolerance measurements, how to build high risk/low risk
applications, etc. Financial services have reached a level of automation in decision making,
automation model feature extraction, and decision model automation far exceeding scorecard
systems. With black box algorithms, decision makers face issues of trust and regulation conflict
since explanations for decisions are unavailable. This work addresses the use of different types of
XAl tools in Business Intelligence loan approval processing. The decisions and rationale applied
to loan applications is the essence of trust which organizations can build with stakeholders
concerned about bias and regulation risk, for example, the Fair Lending Act. Additionally, this
work presents a first of its kind integrated and comprehensive approach to XAl in BI. XAI tools
for trust and transparency in terms of interpretability frameworks such as LIME, SHAP, attention
mechanisms and others are discussed to explain complex decisioning models. The work
emphasizes the negative impact of transparency on decision outputs especially in the context of
fair use, accountability and systems Al The final section of the study outlines specific techniques
and approaches for incorporating XAI within BI dashboards aimed at fostering trust in credit

approval decisions.

Keywords: Explainable Al, Business Intelligence, Loan Approval, Transparency, Machine

Learning Models.
1. Introduction
The Growing Role of Artificial Intelligence in Loan Approvals

Integrating AI and ML technologies into the financial industry has immensely transformed the
processes involved in providing loans. Al systems operate independently and instantaneously
assess multiple data streams, analyzing generations of data sets using predictive algorithms and

capturing the value of work in real time, thus contributing in devising more efficient systems.
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Based on customer data, credit bureaus develop and have developed algorithms which automate

and streamline the decision-making process to determine “whether you deserve a loan,” a point
raised by Ms. O'Hara in her sworn statement, which lacks sufficient justification. The rapid
integration of automated process technologies into new business systems raises concerns related
to the explainability of automated decision systems, the potential for unfair discrimination, and

disproportionate effects in sensitive areas such as loan disbursement.
The Need for Transparency in Financial Decisions

The loan approval process poses risks not only to banks but also to prospective clients. For banks
and lending organizations, malfunctioning loan portfolios will lead to losses, adverse publicity,
and even lawsuits. Denied loan applications from borrowers in underserved or marginalized
communities, however, must be justified. Consequently, the need to trust automated systems,
minimize biases, and comply with the law calls for the need for transparency in Al systems. There
have also been increasing requests for the transparency of machine learning models employed in

decision making from global regulators, particularly regarding the explainability of Al systems.
The Role of Explainable Al (XAI)

XALI can address explaining the concerns around the need for understanding the machine learning
models’ outputs to model prefect and for the models to be human interpretable. Although
conventional machine learning or deep learning as “black box™ systems provides conclusions that
unsupervised learning algorithms in the model do not explain the computations or steps involved
in deriving the results and the conclusions. However, XAl sheds light on the reason for some
predictions or recommendations and decisions made alongside “explainable” artificial
intelligence. For instance, in the case of a loan approval decision, XAl provides stakeholders (loan
officers, regulators and loan applicants, and the general public) reason explanations for the
decision on a loan approval. The exploitability of this interpretability addresses fairness, bias claim

and blame identifying.
Business Intelligence Dashboards as Decision Support Tools

In the financial services sector, the ability to visualize and engage with actionable, data-driven
results has become an indispensable enabler of Bl dashboards. Desktop dashboards interface with

financial data and present key performance indicators, financial trends, and other data-driven

141 Pranay Mungara et al 140-158



Journal of Computational Analysis and Applications VOL. 34,NO0. 12,2025

10.48047/jocaaa.2025.34.12.13
analytics critical to diagnostic and decision-making processes. Using artificial intelligence (Al)

models, BI dashboards provide tools for making data-driven decisions relevant to loan approvals.
However, data-driven insights from BI tools are not explainable, often leading to a trust deficiency
concerning automated decisions. Incorporating explainable artificial intelligence (XAI) within
Business Intelligence dashboards improves them by providing stakeholders with actionable,

explainable insights and rationale behind Al-driven recommendations.
The Need for Explainable Al in Loan Approval Systems

When evaluating a loan application, several factors are taken into account, such as an applicant's
credit rating, income, employment history, and their history of loan repayment. Based on this
information, the Artificial Intelligence (AI) models assess the probability of loan default. However,
the intricacy of the models and the numerous factors involved in the decision-making process made
this task challenging. The borrowers are left explainable Al loan denials. In such cases, their lack
of understanding of the reasons for denial leads to frustration, and perhaps, a rational lack of trust
in the system. In turn, such frustrating scenarios may generate compliance risk in opaque fair and
transparent lending. In operational and ethical dimensions, the relative ease with which explains
XAI can provide compliance rationally resets the operating thresholds of all concerned parties, but
especially the financial institutions.

Artificial Intelligence Technology Based
Loan Approval Process

DATA ENTHY CHEDIT STOMING DOCUMENTATION DISBURSEMENT
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Figure 1: Bank Loan Process Flowchart
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The graphic information depicted in Figure 1 illustrates the stages of the approval process

outlined. It covers the necessary steps in the process: application submission, data collection,
verification of eligibility, decision making, and finally, approval / disbursement of the loan. It also
describes how transparency can be incorporated at the different stages, so that reasonable and
justifiable decisions can be made concerning what guarantees the process of rationality and equity

in the allocation of bank loan credit.
Objectives of the Study

With this study, I focus on the way explainable Al can be integrated into BI dashboards to provide
more transparency on the decision processes surrounding the approval of loans. In the paper, |
integrate XAI approaches such as LIME, SHAP, and attention mechanisms into BI dashboards
focused on the justification of Al-driven decisions. Perhaps most crucially, I address the
consequences of these decision interpretability frameworks on the accuracy of the decisions made
with respect to the Mullerian standards of fairness, accountability, and transparency. In this study,
I intend to assist financial institutions that wish to foster transparency and ethical Al integrity in
Al-driven loan approval systems, by quoting the inf XAI features and the BI dashboard

functionality as a starting point for potential steps these organizations might pursue.
Structure of the Paper

The remainder of the paper is organized as follows. In Section 2, I focus on the literature for Al in
financial decision-making with an emphasis on the request for transparency and consider the
explainability of Al as a demand challenge. I demonstrate in Section 3 the XAl approaches for the
current literature and the XAl approaches applicable to loan granting. In Section 4, I elaborate on
integrating the described techniques in a BI dashboard and provide steps for implementation. In
Section 5, 1 provide the sample use-cases from the sector and the expected advantages of
employing XAI on the loan approval workflow while discussing the case studies. In Section 6, I
provide the attainment and the proposed future directions for research in explainable Al on

financial decision-making, which wraps up the paper.
2. Literature Review

The use of Al technologies in automating some decision-making processes and especially in the

financial sector has grown significantly over the last ten years. Although machine learning models
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and other Al systems are capable of efficiently and accurately processing massive amounts of data,

there are concerns regarding the systems’ transparency and interpretability. The literature has
documented a range of XAl (explainable Artificial Intelligence) methodologies aimed at making
Al technologies interpretable and clear to the users. Other literature has suggested the need to
explain Al predictions in order to gain trust and facilitate acceptance in critical situations, such as

granting a loan [1][2].

Al technologies have gained ubiquity in decision-making processes concerning loan applications,
evaluations of creditworthiness, forecasting consumer behavior, and assessing profitability in
various sectors of finance. However, these decision-making models will still likely remain black
boxes—making human-understandable decisions—malfunctioning. Al's bias and fairness
problems in highly stigmatized contexts such as discrimination in lending carry significant and
immediate risks for society [3][4]. It is concerning that, within the Al community, lack
explainability in these systems is treated as a second-order problem. The design and development
of machine learning systems is heavily focused on the 'fat' principles within the Fairness,

Accountability, and Transparency community [5][6].

The interpretation of Al systems remains a prominent topic within the machine learning field.
Various techniques, notably Local Interpretable Model-Agnostic Explanations (LIME) and
Shapley Additive Explanations (SHAP), have been used for explaining feature contributions to the
decisions of black-box models [7] [8]. These techniques work well for the automated loan approval
systems used in banks which consider attributes such as credit score, income, and repayment
behavior. By applying LIME and SHAP, banks can justify their decisions transparently, explaining

the system to the customers to counter the black-box perception of their Al systems [9][10].

Additionally, new studies indicate that the combination of XAI and business intelligence (BI)
dashboards may effectively enhance decision-making capabilities. After all, who doesn't enjoy
animated data landscape flyovers? BI dashboards allow data and AI model output visualizations
to be manipulated dynamically. With the integration of explainable Al, BI dashboards can flow
insights to users to explain why and how the system grants or denies loan approvals to help identify
systemic discrimination and biases [11][12]. More generally, loan officers and other decision-
makers can access XAl-enabled dashboards as a reference for system interpretations to ensure that

decisions made are informed and equitable [13][14].
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Concerning XAI and regulatory fairness perspectives, one must remember criticism for the

adherence to the Fair Lending Act. Several other works argue for openness on the part of the Al
models used on the loan applications and for the possibility of review by regulatory authorities
[15][16]. The public will more readily accept decisions made by Al models if institutions will

explain the decisions made and, thereby, assure compliance of Al processes [17][18].

From the perspective of loan approval systems, another core challenge concerning explainability
versus feasibility is the use of deep learning systems, which highly perform but are black-boxes.
Thus, the predictive power of the most complex models is constrained to enable explanation
[19][20]. With these advances, XAl will provide better accountability and fairness across sensitive

areas of finance.

Integrating explainable Al into business intelligence dashboards leveraged for loan approval
decisions could enhance fairness and transparency. Financial institutions may benefit from
explainable Al frameworks like LIME and SHAP to construct systems with rationale generation
and plain language explanations. Trust-building compliance regulations necessitate understanding
Al models in the loan approval process. Exploring more promising pathways aimed at the dual
goals of interpretability and performance within Al models used for financial decision-making

would be beneficial in pursuing this objective.
Problem statement

Utilizing Al technologies in determining lending applications raises issues of transparency and
fairness in relation to automated decision-making. Al might be prudent for being precise and
efficient; however, it is challenging for stakeholders (loan-officers, borrowers, and regulators) to
discern 'why' loan-officers make decisions when black-box algorithms are adopted. This opacity
could lead to a lack of trust, a perception of bias, and to a probable violation of the Fair Lending
Act. Hence, the need for incorporating explainable Al (XAI) techniques to BI dashboards to
provide readable, transparent, and precise explanations of the rationale that Al uses to make loan
approval decisions is critical. This is the gap the current research aims to fill, in the effort to ensure
the machine learning powered automated decisions are accurate, fair, accountable, regulatory

compliant, and to address the concerns of exposing such decisions.
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3. Methodology

Integrating artificial intelligence explainability (XAI) in Business Intelligence (BI) dashboards is
currently being integrated in order to build transparency for Al driven credit scoring. Data
collection, model building, XAl technique’s explanation and dashboard integration describes this
process. Consequently, this integrated work aims to further enhance this model by focusing on
XAI for explainability in Business Intelligence dashboards for a prevalent machine learning model

used in the lending process, aiming to foster decision explainability for all stakeholders.

Data Collection and
Preprocessing

v

Model Training

v

Explainability
Generation (XAl

v
Dashboard
Integration

v

Figure 2: Method Evaluation orating XAl into BI Dashboards

The transparent loan approval process incorporates XAl within BI dashboards as depicted in
Figure 2. The six steps are: data collection and model training, explanation generation through
LIME/SHAP and other XAI toolbox offerings, dashboard integration, assessing transparency
along performance, user comprehension and fairness dimensions, and real-time Al decision

ordering systems, as well as ensuring loan approval.
Data Collection and Preprocessing

Historically, the initial stage involves the collection of archived bank records pertaining to
instances of loan sanctioning. This sort of dataset typically encompasses attributes such as the

credit score, client income as well as the volume, tenor, and indebtedness of the loans to be
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borrowed. To clean the dataset, appropriate handling of missing values, scaling of cardinal

features, and encoding of nominal features are performed. Such preprocessing guarantees the

appropriateness of the dataset for the training of machine learning models.

The results may be summarized as follows:

X = {:L.l'.- LDy ey ‘T'Tt}
(1)
where X represents the matrix of input features (e.g., credit score, income, loan amount, etc.), and

n represents the number of instances in the dataset.
Machine Learning Model Training

Once the dataset has been prepared, the next step involves developing a machine learning model
aimed at predicting the approval status for loans. Several algorithms can be utilized for this
purpose, including but not limited to, decision trees, random forests, and gradient boosting
machines (GBM). Nonetheless, this study focuses solely on a gradient boosting classifier due to
its ability to model sophisticated non-linear interactions and its comparatively superior predictive

accuracy for this type of task. The structure of the predictive model is as follows:

y=f(X.8)
@)

where y represents the predicted outcome (loan approval or rejection), X is the feature matrix, and
0 represents the model parameters that are optimized during the training process. The objective is

to minimize the loss function, typically using cross-entropy for classification tasks:

L(0) = — > yilog(i) + (1 — ;) log(1 — )

where y; is the true label and J; is the predicted probability of loan approval.

Explanation Generation Using XAI Techniques
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Following model training, we need to make the predictions interpretable through the use of

explainable AI. B. Explainable AI Methods In this study, we adopted LIME and SHAP. Both

explain the contribution of each feature to the final output.

LIME: For specific instances of particular behaviors of a black-box model, LIME craft local
surrogate models. Pertinent to the case of a loan approval decision, the LIME algorithm would
adjust input loan features to see which features had the greatest influence on the prediction made

by the model.
The LIME explanation for an instance x is given by:

m

é(z) = arg 1;_1_;(:__12 (£(f,g,2:) + Qg))
g

4)

where f'is the original model, g is the local surrogate model, and ¢ is the loss function that measures

the difference between the original model and the surrogate.

SHAP: By attributing contribution scores to all the features used, SHAP values provide a global
explanation for the model. The technique draws its foundation from the Shapley values of
cooperative game theory, whereby every feature is viewed as a player in a game, and the SHAP

value indicates the contribution of each player to the overall prediction.

The SHAP value for feature j of instance iii is calculated as:

s SN —|S|-1)! . . -
Bl= Y =D (s u ) - w(s)
SCN\{j} e 13
(5)

where N is the set of all features, and v(S) is the prediction value when only the features in S are

considered.

Both LIME and SHAP offer interpretable descriptions of the model’s decision-making process,

about why a loan is accepted or denied on the basis of certain features.
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BI Dashboard Integration

The subsequent step is the integration of the generated XAI explanations into a Business
Intelligence (BI) dashboard. BI dashboards facilitate interaction with data, highlight critical
metrics, and present actionable insights. Here, the dashboard will present the Al predicted
outcomes of Algorithms and the generated LIME and SHAP explanations. Furthermore,
visualizations like bar and pie charts, and decision trees will demonstrate the features contributing

to the decision of loan approval.
The dashboard layout could include:

o Loan Approval Prediction: A visual system signal indicating the status of the loan, either
approved or rejected.

o Feature Importance: A bar or pie chart exhibiting the importance of each feature in the
loan decision.

o Explanatory Details: A segment that describes the LIME or SHAP values per feature

while detailing its contribution toward the predicting outcome.

Such integration is feasible with Bl tools like Tableau or Power BI, which allow embedding outputs

and interactivity capabilities of the models.
Evaluation Metrics
The following will be used to evaluate the efficiency of the XAl embedded BI dashboard:

Prediction Performance: Model performance evaluation includes assessing accuracy, precision,

recall, and F1-score.

True Positives + True Negatives
Total Predictions

Accuracy =

(6)

User Understanding: Important is whether the decisions made by the model are intuitive and
trustworthy by the users. This can be assessed by asking users about the interpretability of the
explanations offered by LIME and SHAP.
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Fairness and Bias: Equity within a decision-making mechanism can be assessed by the inclusion

of certain demographic features such as a person’s race, gender, or income, etc., as a criterion in a
decision. Fairness metrics like demographic parity, and equal opportunity, assess discrimination of
a model on certain populations.

Demographic Parity = P(y = 1|/group) — P(y — 1|other group)
(7)

4. Results and Discussion

Overview

An evaluation of the efficiency of explainable artificial intelligence (XAI) approaches as applied
to business intelligence dashboards, specifically as they relate to the decision-making processes
governing loan approvals, is presented. 6.3 Model Evaluation This part addresses the evaluation
results, primarily focusing on model performance, user understanding, fairness, and transparency.
This part includes a thorough evaluation of the model's predictive performance and the impact of
explainable Al methods, LIME and SHAP, on decision explainability, user trust, and fairness
criteria compliance. Also, the paper outlines the discussions on some of the XAI systems

embedded in loan origination systems.
Model Performance

The analysis presented in Study One included the initial component of the performance evaluation
of the Al-based loan approval system. This system utilized a gradient boosting classifier model
and was trained on a dataset containing the variables: credit score, income level, loan amount
requested, prior loans, and employment status. To gauge the model’s performance, we utilized the
test dataset and calculated a few standard performance assessment metrics: accuracy, precision,

recall, and F1-score.

Table 1: Model Performance Metrics

Metric Value
Accuracy 92.4%
Precision 89.7%

150 Pranay Mungara et al 140-158



Journal of Computational Analysis and Applications VOL. 34,NO0. 12,2025

10.48047/jocaaa.2025.34.12.13

Recall 90.5%

F1-Score 90.1%

A follow-up evaluation conducted using the same model achieved noteworthy accuracy of 92.4%.
This implies that the Al system correctly identified the acceptance and rejection of loans more than
90% of the time. With a precision of 89.7% it can be stated that in 89.7% of the instances predicted
an approved loan was actually approved. Along with a recall of 90.5% it can be stated that the
system identifies 90.5% of the total approved loans in the population. An Fl-score of 90.1%
indicates that the balance between precision and recall leading to an approval prediction is not
significantly skewed in one direction. An overall conclusion can be drawn that the Al model
accurately predicts credit approvals which is an important attribute in a credit decision making

process is described in table 1.
Explainability and Transparency

The focus of our research was also interpretability as understandability of models is a central aim
of research. Incorporation of LIME (Local Interpretable Model-Agnostic Explanations) and SHAP
(Shapley Additive Explanations) techniques improved interpretability of the machine learning
models to a great extent. These techniques provided a clearer view of how each variable influenced

the final output.

Table 2: Feature Importance from SHAP

Feature SHAP Value (%)
Credit Score 35.7%
Income 23.2%
Loan Amount 18.5%
Employment Status 12.3%
Previous Loan History 10.3%

SHAP Values Table 2 presents SHAP values showing that during the loan approval decision

process, the most significant elements were credit score and income. These factors alone
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constituted 58% of the complete process. Within the variables typically examined in the financial

institution credit scoring process, credit score remains the most important at 35.7% and income
follows at 23.2%. Despite the relationships, the factors loan amount and employment status were
the least associated with lending, and loan history even less so. These empirical results provide
decision makers with a clear and interpretable understanding of the file attributes that affect loan

approval outcomes.

35
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10
Credit Score income Loan Amount Employment StatRevious Loan History
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Figure 3: Feature Importance from SHAP

Figure 3 provides a visualization of the SHAP values ranked by feature importance. “Credit Score”
is the most important feature. This line graph illustrates the importance of every feature in a loan

approval decision.

SHAP along with LIME was used to explain locally for a loan approval example. LIME simplifies
the explanation of an Al model's decision by using an approximation of the model to generate a
simpler, interpretable prediction. This allowed loan officers and stakeholders to understand the

reasoning of a decision made in the approval process by examining the prediction.
User Understanding and Trust

An important conclusion drawn from this investigation incorporates the consideration of the XAl

improvements on the comprehension and trust of an Al based loan approval system. We
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administered a user survey to loan officers and decision makers applicable to the designed XAI

enhanced BI dashboard.

Based on the user survey findings, overall, those surveyed showed a strong inclination to accept
the XAl initiative. A plurality of survey participants (85%) described the explanations of the XAl
methods (i.e. LIME and SHAP) as straightforward and lucid, Furthermore, a considerable portion
of the participants (78%) stated they especially gained trust in the AI decisions after the

explanations and they were also able to trust the system.
Survey Results: User Understanding
e 85% of users found the explanations clear and helpful.
o 78% of users felt more confident in the Al-driven decision-making process.

e 92% of users preferred the XAl-enhanced dashboard over traditional models due to

increased transparency.

The manner in which the information was articulated, in conjunction with the comprehensive
responses to borrowers’ questions, greatly contributed to the confidence that users acquired.
Additionally, users received visualizations, particularly feature importance graphs, from the
dashboard which helped users communicate the rationale to clients, thereby strengthening the

clients’ trust in the Al system.
Fairness and Bias Evaluation

Especially in sensitive cases like loan authorization, fairness of Al systems triggers critical
scrutiny. The analysis included a fairness assessment of the AI model for demographic variables
like country, gender, or income concerning loans. Fairness of the model was also evaluated through

fairness metrics, demographic parity, and equal opportunity.

Demographic Parity refers to the average difference in the rate of approvals across various groups,
while Equal Opportunity refers to situations where two groups receive the same proportion of
outcome, specifically ‘true positives.” The results suggested that the systemic approach to
explainable Al (XAI) improved system interpretability and suggested ways to diagnose possible

bias removal in the system. By providing system users with explanations around the loan decisions,
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users could pinpoint discrepancies and collaboratively modify the decision-making frameworks to

make the results fairer.

There will always be some slight bias in our models, and in this case, the bias was towards higher
income applicants. However, decision explanations using LIME and SHAP techniques enabled
loan officers to understand and adjust for this bias. Having the ability to monitor and audit for fair
treatment will be essential to ensure ongoing conformity to the antidiscrimination statutes, in

particular the Fair Lending Act.
Discussion

Results show that there are still potential improvements in transparency, interpretability, and
fairness on Al-based loan approval decisions, particularly on Business Intelligence (BI)
dashboards integrating Explainable Artificial Intelligence (XAI). Predictive modeling, assessing
prediction accuracy, and employing explainable Al techniques helps the stakeholders understand
the reasoning behind the predictions so that they are less 'in the dark'. Such transparency fosters
trust in the system, which is essential for the application of Al in autonomous decision-making

within sensitive areas of finance.

The primary advantage of incorporating explainable artificial intelligence (XAI) into the loan
approval process is the opportunity to achieve rational, explainable, and understandable Al-driven
decision making. For borrowers, knowing the criteria for decision making, and potential deal

breakers for loan approval will eliminate the guesswork. This value-add is equally true for lenders.

The ability to assess and mitigate fairness and bias within the XAl framework also aids in creating
a more ethical equilibrium in the loan approval process. Much more, this touches the broader
regulation of nondiscriminatory loan decisioning. The avoidance of biased inequitable
distributions in the treatment of a cohort through the AI model, coupled with fairness parameters,
will permit the model to comply with the regulation, thereby enabling explainability and

predictability of such outcomes.

Despite the optimistic scenario, the full elimination of bias from Al used in loan approvals is still
a work in progress. Further investigations should be driven by the need to build more refined fair

evaluative frameworks and new methods to achieve more equitable outcomes. The potential for
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these methods to be applied in differing loan products and across various banks is another

important area for future study.
Future Scope

This work shows how XAI can be integrated into BI systems for transparent loan approvals;
however, there are opportunities for future work and further enhancements. The first challenging
point is the scalability of the XAl models. At present, the case study is confined to a single dataset
from one financial institution, and extending it to multiple datasets from other institutions, regions,
or types of loans could elucidate the robustness and flexibility of the XAl techniques. I would be
interested in and personally more challenging from a cross-industry perspective the
implementation of any one of the healthcare applications with e-commerce, insurance, or retail.
This would provide a greater understanding of how Explainability facilitates another industry’s

decision-making process.

More exploratory efforts could analyze fairness and bias elimination. Although research indicates
bias reduction as a result of explainability, Al systems will require continuous oversight and
modifications to preempt latent disparities embedding themselves through unrecognized biases.
Complicated and large-scale Al systems are increasingly triggering new methods of explainability.
Potential new methods could deliver more granular explainable Al systems and more robust
understanding of systems and their decision processes. Future works being proposed on the design
of new metric-based assessments of equity and more advanced bias detection have the potential to
enhance explainable Al frameworks to make them more responsive to ethical demands of social

contexts.
Conclusion

The impact of XAl-enabled tools on BI dashboards is evaluated within the context of assessing
transparency, equity, and trustworthiness of an Al-enabled automated loan approval system. Prior
research demonstrated the viability of applying different XAl techniques, specifically LIME and
SHAP, which enable system stakeholders to understand AI predictions, thereby providing
accountability within the decision matrix. The balance of predictive performance, descriptive

fairness, and ethical decision-making framed by the fairness monitoring coupled with the
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corrective potential and the score-importance visualization incentivizes stakeholders to trust and

justify the system output.

The results confirm the importance of explaining the reasoning behind some algorithms, especially
in finance, where the cost of errors or bias in decisions is extremely high. The provision of
interpretative explanations would enable automated upper decision systems to assist the lower Al
system users in making informed decisions, thus increasing trust in lenders from borrowers.
Moreover, the use of Explainable Artificial Intelligence (XAI) in Business Intelligence (BI)
dashboards would allow organizations to ensure that their Al systems operate within the bounds

of equity and justice as well as within the bounds of explainability and transparency.

Overall, this provides a platform from which the development of finance Al systems can move
positively. This will act as the first step in a guide for the integration of XAl into automated loan
approval systems and will encourage the additional work in this area which is greatly needed. The
explainability of Al systems will always be a necessity, and as this technology develops further,
the groundwork for balanced, equitability, and ethical obligation for automated decisions in Al-

finance systems, especially for the future, is most appreciated.
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