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ABSTRACT

Widespread adoption of automated decision-making by artificial intelligence (AI) is witnessed due to specular
advances in computation power and improvements in optimization algorithms especially in machine learning
(ML). Complex ML models provide good prediction accuracy; however, the opacity of ML models does not provide
sufficient assurance for their adoption in the automation of lending decisions. This paper presents an explainable
Al decision- support system to automate the loan underwriting process by belief-rule-base (BRB). This system can
accommodate human knowledge and can also learn from historical data by supervised learning. The hierarchical
structure of BRB can accommodate factual and heuristic rules. The system can explain the chain of events leading
to a decision for a loan application by the importance of an activated rule and the contribution of antecedent
attributes in the rule. A business case study on automation of mortgage underwriting is demonstrated to show that
the BRB system can provide a good trade-off between accuracy and explainability. The textual explanation
produced by the activation of rules could be used as a reason for the denial of a loan. The decision- making process
for an application can be comprehended by the significance of rules in providing the decision and contribution of

its antecedent attributes.

1 INTRODUCTION

Underwriting skill is learnt through several months of training and exchange of knowledge by
senior underwriters. This task requires underwriters to be fairly analytical, very organized, and accurate to
give informed decision to approve or reject a loan application. Underwriters concurrently analyze a large
quantity of information to find affordability, repayment history and collateral. Furthermore, sometimes
they are required to change the process due to a shift in regulatory and compliance standards, investor
requirements, and customer demands (Krovvidy, 2008).

New technology and strong machine learning (ML) algorithms have opened the doors for a
straightthrough loan application process. Artificial intelligence (Al) systems can execute rules and process
customers" information in a few milliseconds. Financial institutions have recognized the benefits of Al and
are using it in a different subset of the underwriting process and are keen to test and implement newly
introduced digital innovation. Al systems are expected to replicate human decision-making skills.
However, even today transformation of various algorithmic concepts into training data could be very

challenging to solve every instance of the problem for a range of lending products. It may not be able to
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solve a tiny subset of the problem (Aggour, Bonissone, Cheetham, & Messmer, 2006).

1. Explainable Al (XAl) in Financial Decision Making:

Authors: Miller, Tim. et al.

Summary: This seminal work introduces the concept of Explainable Al and its importance in the financial
domain. It highlights the need for interpretable models, especially in applications like loan underwriting,

where transparency is critical.

2. Interpretable Machine Learning for Credit Scoring: A Case Study on Peer- to-

Peer Lending:

Authors: Ribeiro, Marco Tulio. et al.

Summary: The paper discusses the application of interpretable machine learning models in credit scoring,
emphasizing the importance of understanding model predictions. The study showcases how

interpretability can be achieved without sacrificing predictive performance.

3 IMPLEMENTATION STUDY
Existing System:

In the current landscape of loan approvals in the financial services industry, traditional methods
typically rely on manual review processes and rule-based systems to assess applicants' creditworthiness.
These methods often involve subjective assessments by loan officers based on limited information such as
credit scores, income levels, and employment history. While these approaches have been effective to some
extent, they may suffer from inefficiencies, biases, and lack of scalability. Additionally, the use of manual
processes can introduce delays and inconsistencies in decision-making, leading to suboptimal outcomes for
both lenders and borrowers. As a result, there is a growing interest in leveraging artificial intelligence (Al)

and machine learning (ML) techniques to automate and improve the loan approval process.
Disadvantages:

® Limited Scalability
® [nefficiency

®  Lack of Transparency

Proposed System & alogirtham

The proposed system for loan approvals in the financial services industry aims to overcome the limitations of
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existing methods by leveraging advanced artificial intelligence (Al) and machine learning (ML) techniques,
while ensuring transparency and fairness through explainable Al (XAI). The system utilizes Al algorithms to
analyze a wide range of data sources, including traditional credit bureau information, alternative data
sources, and non-traditional data such as social media activity or transaction history..
4.1 Advantages:

Predicting traffic routes offers several advantages that can significantly enhance transportation

efficiency and convenience:

1. Reduced Congestion: By predicting traffic patterns, authorities can optimize traffic flow, suggesting
alternative routes to drivers before congestion builds up. This reduces overall traffic congestion and
minimizes delays.
2. Time Savings: Efficient route prediction helps drivers choose the fastest routes based on real-time
traffic conditions. This saves commuters time and reduces fuel consumption and emissions associated
with idling in traffic.

IMPLEMENTATION

1) Upload Loan Application Dataset: using this module we will upload dataset to
application and then application will read entire dataset and then find all class labels for
loan and reject reason and plot them in a graph

2) Pre-process Dataset: dataset contains missing value and both numeric and non-numeric
data so by employing label encoder class will convert all data into numeric format and
then normalized all dataset values to make it clean.

3) Split Dataset Train & Test: using this module will split Dataset in to train and test where

application using 80% dataset for training and 20% for testing

5 RESULTS AND DISCUSSION
1.1 SCREENSHOTS

To run project double, click on Brun.batf file to get below screen
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# Future of Loan Approvals with Explainable Al

Future of Loan Approvals with Explainable AT

Upload Loan Application Dataset Preprocess Dataset Split Dataset Train & Test
Train Al on Loan Approval Train AI on Loan Rejections Explainable AT Predict Loan Status using Test Data

£ Type here to search ﬁ

Vol 15 Issue 07,2024

In above screen click on @Upload Loan Application Dataset® button to upload dataset and then will

get below output
¢ _Future of Loan Approvals with Explainable Al
# Open x
1 ||« Dec23 » Loan » Dataset v o O Search Dataset als with Explainable Al
Organize ~ New folder =~ ™ @
@ OneDrive ] Name Date modified Type Dataset Train & Test
I This PC |61 loan_application 11-12-2019 0258 Microsoft Excel
T s Gheis 0] testData 15-12-2023 11:18 Microsoft Excel m Predict Loan Status using Test Data
e k
B Desktop

|4] Documents
& Downloads
b Music

(&1 Pictures

Bl Videos

‘i Local Disk (C:)

= Local Disk (E:)
v < >

File name: |loan_application ~]

[ e |

£ Type here to search ﬁ &F

In above screen selecting and uploading @loan_application.csv@ file and then click on

BOpenk button to load dataset and get below output
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loan_applic: - jashuva bandaru

Insert  Pagelayout  Formulas ew Help  Q

i g‘; ; [calibri -] A A 22 Wrap Text General - [D:'J g = %( (i} Ay O v
Pa = B2 U~ B & ESlMergeaiCenter ~ | B9~ 9 3 | %8 8 Fi:r:min':lv F;;:::tjs s:;;"v Insert Delete Format | Fisﬁr;a: ;:',":dsi Add-ins
Clipboard 15 Font ] Alignment [} Number [F] Styles Cells Editing Add-ins ~
@ POsSIBLEDATA LOSS  Some features might be lost if you save this workbook in the comma-delimited (.csv) format. To preserve these features, save itin an Excel file format. | Don'tshowagain | | SaveAs.. | x
R2 ~ = S -73 ~
4 A | 8 | ¢ | o | E | e | 6 | w | v | ¥ | & | & | M | N | o | ®° | o | s | T | w El
1 |SK_ID_PRISK_ID_CUINAME_CC AMT_ANNAMT_APP AMT_CREI AMT_DOV AMT_GOC WEEKDAY HOUR_AP FLAG_LAS NFLAG_LA RATE_DO\ RATE_INTIRATE_INTINAME_CA NAME_CC DAYS_DEC NAME_PA CODE_REJ NAMI
2 2030495 271877 Consumer 1730.43 17145 17145 o 17145 SATURDAY 15Y 1 0 0.182832 0.867336 XAP Approve: -73.Cash throtXAP
3 | 2802425 108129 Cashloan: 25188.62 607500 679671 607500 THURSDAY 1y 1 XNA Approved 164 XNA XAP Unact
4 2523466 122040 Cash loan: 15060.74 112500 136444.5 112500 TUESDAY 1y 1 XNA Approved -301 Cash throtXAP Spou:
5 | 2819243 176158 Cash loan: 47041.34 450000 470790 450000 MONDAY 7Y 1 XNA Approved -512 Cash throtXAP
6 1784265 202054 Cash loan: 31924.4 337500 404055 337500 THURSDAY 9y 1 Repairs Refused -781 Cash throtHC
7 | 1383531 199383 Cash loan: 23703.93 315000 340573.5 315000 SATURDAY 8y 1 Everyday (Approved -684 Cash throtXAP Famil
8 2315218 175704 Cash loans o o TUESDAY 1y 1 XNA Canceled -14 XNA XAP
9 | 1656711 296299 Cash loans 0 o MONDAY 7Y 1 XNA Canceled -21 XNA XAP
10 2367563 342292 Cash loans o o MONDAY 5Y 1 XNA Canceled -386 XNA XAP
11| 2579447 334349 Cash loans 0 o SATURDA 15y 1 XNA Canceled -57 XNA XAP
12 1715995 447712 Cash loan: 11368.62 270000 335754 270000 FRIDAY rird 1 XNA Approved -735 Cash throtXAP Unac
13| 2257824 161140 Cash loan: 13832.78 211500 246397.5 211500 FRIDAY 10y 1 XNA Approved -815 Cash throtXAP Unact
14 2330894 258628 Cash loan: 12165.21 148500 174361.5 148500 TUESDAY 15Y 1 XNA Approved -860 Cash throitXAP Unac
15| 1397919 321676 Consumer 7654.86 53779.5 57564 0 53779.5 SUNDAY 15y 1 o XAP Approved -408 Cash throtXAP Unact
16 2273188 270658 Consumer 9644.22 26550 27252 o 26550 SATURDAY 0Y 1 o XAP Approved -726 Cash throtXAP
17| 1232483 151612 Consumer 21307.46 126490.5 119853 12649.5 126490.5 TUESDAY 7Y 1 0.103971 XAP Approved -699 Cash throtXAP Unact
18 2163253 154602 Consumer 4187.34 26955 27297 1350 26955 SATURDAY 12Y 1 0.051324 XAP Approved -1473 Cash throtXAP Unac
19| 1285768 142748 Revolving 9000 180000 180000 180000 FRIDAY 13y 1 XAP Approved -336 XNA XAP Unact
20 2393109 396305 Cash loan: 10181.7 180000 180000 180000 THURSDAY 14y 1 XNA Approved -700 Cash throtXAP Unac
21| 1173070 199178 Cashloan: _ 4666.5 45000 49455 45000 SATURDAY 16y 1 Everyday Refused -584 XNA HC =
loan_application (O] [«I | ]
Ready  (*p Accessibility: Unavailable H —-—8——+ 100%
= R Q sen L O CE=S = N Bve L e

In the above screen explains the what about in loan _application data set.

¢ Future of Loan Approvals with Explainable A

Future of Loan Approvals with Explainable AT

Upload Loan Application Dataset Split Dataset Train & Test
Train AI on Loan Approval Train AT on Loan Rejections Explainable AT Predict Loan Status using Test Data

/D.

E:/venkat/Dec23/L csv loaded

SK_ID_PREV SK ID_CURR NAME_CONTRACT_TYPE ... DAYS_LAST DUE DAYS_TERMINATION NFLAG_INSURED_ON_APPROVAL
2030495 271877 Consumer loans ... -42.0 -37.0

0
1 2802425 108129 Cash loans 365243.0 365243.0 1.0
2 2523466 122040 Casl &) Figure 1
3 2819243 176158 Cash
4 1784265 202054  Cash Loan Application Status Graph Reject Reason Graph
[5 rows x 37 columns] 15000 4
12500 1
4 10000 4
c
3
8 7500 4
5000
2500 A
o4
Approved Canceled Refused Unused offer CLIENT HC UMIT SCO SCOFRYSTEMVERIF XAP XNA

Loan_Status Reject_Reason

x=y=131614

# €[ +Ql=

L Type here to search g

=11

In above screen dataset loaded and in text area can see few records from dataset and in first graph x-
axis represents loan status and y-axis represents Number of Records available in that loan status class label.
In second graph x-axis represents rejection reason and y-axis represents records size and in dataset we
have both numeric and non-numeric values so to convert to numeric data then click on @Pre-process

Datasetl button to get below output
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§ Future of Loan Approvals with Explainable Al

Future of Loan Approvals with Explainable Al

Upload Loan Application Dataset Preprocess Dataset Split Dataset Train & Test
Train AT on Loan Approval Train AT on Loan Rejections Explainable AT Predict Loan Status using Test Data

Normalized * Processed Features = [ 0.20751101 -0.06945259 0.45191549 ... 0.37707578 -0.39106526
-0.49585387)
[1.643087 -1.66214853-1.07302291 ... 2.62178964 2.53016275
201671503
[ 112749363 -1.5268431 -1.07302291 ... 2.62178964 2.33016275
201671503

140415263 105980545 197685389 .. -0.37673097 -0.39076936
0.49585587]
(168610751 076322848 -1.07302291 .. 037673097 039076936
0.49585587]
026773929 -0.11305651 -1.07302291 ...-0.37673097 -0.39076936
0.49585587))

P Type here to search 'ﬁ 5

In above screen dataset converted to numeric format and then click on BSplit Dataset Train & Test[

button to split dataset into train and test and then will get below output
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' Future of Loan Approvals with Explainable Al

Future of Loan Approvals with Explainable Al

Upload Loan Application Dataset Preprocess Dataset Split Dataset Train & Test
Train AT on Loan Approval Train AT on Loan Rejections Explainable AT Predict Loan Status using Test Data

Total records found in dataset = 20000
Total features found in dataset=33
80% dataset for training : 16000

0% dataset for testing : 4000

L Type here to search ﬁ @

In above screen can see dataset size with total number of features and then can see TRAIN and

TEST size and now click on B Train AO on Loan Status Approval button to train Al and get below output
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§ Future of Loan Approvals with Explanable A - 0

@ Figure 1

Upload Loan Application Dataset Preprocess Datase
Train Al on Loan Approval

Random Forest Loan Status Accuracy : 95.22500000000001
Random Forest Loan Status Precision : 84.549463008143599
Random Forest Loan Status Recall : 92.73629948821903
Random Forest Loan Status FScore : 87.89179302362297

RefusedJnused offer

True class

T
3
]
Y]
c
L]
v

Approved

Approved —
Canceled
Refused
Unused offer

Predicted class

#l¢9) #alz

A - - I 2
0 Type here to search “Q €oc r3@ma0mw soan

In above screen Al Random Forest got 95% accuracy on Loan STATUS and can see other metrics
also. In above confusion matrix graph x-axis represents BLOAN STATUS Predicted Labels@ and y-axis
represents TRUE labels and all boxes in diagonal contains correct prediction count and remaining blue
boxes contains incorrect prediction count which are very few. Now click on @Train Al on Loan Rejections

button to train Al on rejection reason and get below output
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o

0 Future of Loan Approvals with Explainable Al -

Future of Loan Approvals with Explainable AI

@ Fiqure 1

Uplas ot Appitciton Bt Rrepevcess DALy Random Forest Loan Rejection Confusion matrix
Train Al on Loan Approval

Random Forest Loan Status Accuracy : 95.22500000000001
Random Forest Loan Status Precision : 84.54946300814599
Random Forest Loan Status Recall : 92.73629948821903
Random Forest Loan Status FScore : §7.89179302362297

Random Forest Loan Rejection Accuracy : 90.47300000000001
Random Forest Loan Rejection Precision : 58.55455866239728
Random Forest Loan Rejection Recall : 49.04630149436437
Random Forest Loan Rejection FScore : 49.518681105027554

True class

CLIENT

Predicted class

A€ 405 B

S . : ; 1217
v = ; 5 s e
P Tpeeretosearh 4 & - | , e oo B

In above screen Al on REJECTION got 90% accuracy and in confusion matrix graph x-axis represents
BERejection Reason Predicted Labels® and y-axis represents True label and in diagonal boxes we can see
correct prediction count and remaining boxes contains incorrect prediction count. Now click on

@Explainable AI® button to get below features explanation on prediction
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@ Figure 1

Upload Loan Application Datas

Train Al on Loan Approval

Random Forest Loan Status Accur;
Random Forest Loan Status Precis
Random Forest Loan Status Recall
Random Forest Loan Status FScor

Random Forest Loan Rejection Ac
Random Forest Loan Rejection Pre
Random Forest Loan Rejection Re|
Random Forest Loan Rejection FS(

DAYS_FIRST DUE
DAYS_FIRST DRAWING
NAME_PORTFOLIO

AMT CREDIT

DAYS_LAST DUE
DAYS_TERMINATION
AMT_ANNUITY

DAYS_LAST DUE_1ST VERSION
AMT GOODS_PRICE
NAME_PAYMENT TYPE

AMT APPLICATION
NAME_GOODS_CATEGORY
NAME_YIELD GROUP
PRODUCT COMBINATION

CNT PAYMENT

DAYS DECISION

NAME_TYPE SUITE
NAME_PRODUCT TYPE
NAME_SELLER INDUSTRY
SELLERPLACE AREA

m Class 0
I Class 2
I Class 1
I Class 3

0000 0.025 0050 0.075 0100 0125 0150 0.75

mean(|SHAP value|) (average impact on model output magnitude)

4¢3 +Ql3

R Type here to search (‘ @

& %

Vol 15 Issue 07,2024

In above SHAP explanation screen in each bar we can see 4 different colours and each colour

represents one class label and based on colour percentage we can say which feature names is contributing

how much to predict that class label. Now close above graph and then click on EPredict Loan Status using

Test Datal@ button to upload test data and then will get below prediction
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¢ Future of

Loan Approvals with Explainable Al

¢ Open

Hm
[&] Pi

B vi

Organize ¥
@ OneDrive

[ This PC
) 3D Objects
[ Desktop

4 <« Dec23 » Loan > Dataset

New folder
Name

8 loan_application

Documents

& Downloads

lusic
ictures

deos

‘i Local Disk (C:)
- Local Disk (E)

V| &

o Pl

Date modified

11-12-2019.02:58
15-12-202311:18

Search Dataset

)

Type

Microsoft Excel
Microsoft Excel

File name: | testData

L Type here to search

vals with Explainable AI

aset Train & Test
Predict Loan Status using Test Data

Vol 15 Issue 07,2024

) ENG

In above screen selecting and uploading testData.csv file and then click on BOpen@ button. In the

below screen explains the what about in testData.csv data set.

Insert  Pagelayout  Formulas  Data

Review

View  Help

testData - Excel

Q  Tell me what you want to do

jashuva bandaru

131

- =]
BE (o s s [ = =E o e FIEEIEEGIEETIE
Paste B I yu-~|HEH~|H-a~ Merge & Center ~ | &7+ 9 » < £4 | Conditional Formatas Cell Insert Delete Format | Sort& Find & | Add-ins
~ Formatting v Tablev Styles~ ~ ~ &~ Filter v Select ~
Clipboard Font ] Alignment [ Number 5] Styles Cells Editing Add-ins ~
@ rossiBLEDATA LOSS  Some features might be lost if you save this workbook in the comma-delimited (.csv) format. To preserve these features, save it in an Excel file format. | Don'tshow again | | SaveAs.. | 5
AL - fe || SK_ID_PREV v
400 s | c | o | E | F 6 | . wm | v | s | k | M N o | » e | R | s | T | W[
1] SK_lDAPR!SK_JD_CUl NAME_CCAMT_ANNAMT_APP AMT_CREIAMT_DOV AMT_GOC WEEKDAY HOUR_AP FLAG_LAS NFLAG_LA RATE_DO\RATE_INTIRATE_INTINAME_CA NAME_CC DAYS_DEC NAME_PA CODE_REJ NAME
2 | 1583704 315664 Cash loans 0 0 'WEDNESD 15y 1 XNA Refused -430 XNA HC
3 | 2352627 266560 Revolving loans o o 'WEDNESD 7Y 1 XAP Canceled -323 XNA XAP
4 | 1348316 104826 Revolving 22500 450000 450000 450000 MONDAY 1y 1 XAP Refused -183 XNA HC Unacg
5 | 1680090 144062 Consumer 11372.67 100300.5 85252.5 15048 100300.5 FRIDAY 10Y 1 0.163395 XAP Refused -2868 Cash throtSCO
6 | 2284847 454600 Consumer loans 27666 27666 [ 27666 THURSDAY 16Y 1 0 XAP Unused ol -357 Cash throt CLIENT
7 | 2526335 240822 Consumer 6767.325 91755 33718.5 59625 91755 SATURDA! 10Y 1 0.695678 XAP Approved  -2761 Cash throtXAP Famil
8 | 2180622 271919 Consumer 8533.53 71955 71172  7195.5 71955 WEDNESD 18Y 1 0.099997 XAP. Approved  -2184 Cash throtXAP Spous
9 | 1776835 449198 Cash loans 0 0 WEDNESD 13y 1 XNA Canceled -166 XNA XAP
10| 1140216 297314 Consumer 15969.06 94459.05 100687.5 4.05 94459.05 TUESDAY 8Y 1 4.38e-05 XAP Refused -2736 Cash throtSCO Childi
11| 1127838 183458 Consumer 3973.095 17959.05 13945.5 4459.05 17959.05 THURSDA 12Y 1 0.263865 XAP Approved -2762 Cash throi XAP Spous
=
13
|
g5
1oy
LIl
181
19|
20| i
21 [~]
testData @ [«] ] []
Ready (*Accessibility: Unavailable =) H -—8—+ 100%
|] = Q Search [ 5 Q @ ‘- e - ° & - b} ~ e g E:lG @ o 24-06-12223 a
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§ Future of Loan Approvals with Explainable Al - g X

Future of Loan Approvals with Explainable Al

Upload Loan Application Dataset Preprocess Dataset Split Dataset Train & Test
Train AT on Loan Approval Train AT on Loan Rejections Explainable AI Predict Loan Status using Test Data

Loan Approval dafus = Kefused
Loan Approval/Rejection Reason = HC

Test Data =[1.68009000e+06 1.44062000e+05 1.00000000e+00 1.13726700e+04
1.00300300e+05 8.52525000e+04 1.50480000e+04 1.00300300e+05
0.00000000e+00 1.00000000e+01 1.00000000e+00 1.00000000e+00
1.63395397¢-01 0.00000000e+00 0.00000000e+00 2.10000000e+01
-2.86800000e+03 0.00000000¢+00 0.00000000e+00 2.00000000e+00
2.50000000e+01 3.00000000e+00 0.00000000e+00 4.00000000e+00
1.90000000+01 2.00000000e+00 1.00000000e+01 1.00000000e+00
1.40000000e+01 0.00000000e+00 0.00000000+00 0.00000000+00
0.00000000e+00 0.00000000e+00 0.00000000e+00]

2.766600e+04 0.000000e+00 2.766600e+04 4.000000e+00 1.600000e+01
1.000000e+00 1.000000e+00 0.000000e+00 0.000000e+00 0.000000e+00
2.100000e+01 -3.570000e+02 0.000000e+00 0.000000e+00 2.000000e+00
1.700000e+01 4.000000e+00 0.000000e+00 4.000000e+00 3.000000e+01
2.000000e+00 0.000000e+00 0.000000e+00 1.400000e+01 0.000000e+00
0.000000¢+00 0.000000e+00 0.000000+00 0.000000e+00 0.000000e+00]

A Type here to search a@ i 6°C A GEE 7 ) WG

In above screen in square bracket, we can see test data and then in blue colour selected line next to
TEST data we can see LOAN STATUS prediction and REASON details. Scroll down above output to view all

predictions
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§ Future of Loan Approvals with Explainable Al

Future of Loan Approvals with Explainable Al

Upload Loan Application Dataset Preprocess Dataset Split Dataset Train & Test
Train A on Loan Approval Train AI on Loan Rejections Explainable AT Predict Loan Status using Test Data

2.000000e+00 0.000000e+00 0.000000e+00 1.400000e+01 0.000000e+00
0.000000+00 0.000000e+00 0.000000¢+00 0.000000e+00 0.000000e-+00]

Loan Approval Status = Unused offer

Loan Approval/Rejection Reason = CLIENT

Test Data = [ 2.52633500e+06 2.40822000e+05 1.00000000e+00 6.76732500e+03
9.17550000e+04 3.37185000e+04 5.96250000e+04 9.17550000e+04
2.00000000e+00 1.00000000e+01 1.00000000e+00 1.00000000e+00
6.95678279e-01 0.00000000e+00 0.00000000e+00 2.10000000e+01
-2.76100000e+03 0.00000000e+00 2.00000000e+00 2.00000000e+00
6.00000000e+00 3.00000000e+00 0.00000000e+00 7.00000000e+00
5.20000000e+02 4.00000000e+00 6.00000000e+00 3.00000000e+00
1.00000000e+01 3.65243000e+05 -2.73000000e+03 -2.58000000e+03
-2.58000000e+03 -2.55700000e+03 1.00000000e+00]

Test Data = [ 2.18062200e+06 2.71919000e+05 1.00000000e+00 8.53353000e+03
7.19550000e+04 7.11720000e+04 7.19550000e+03 7.19550000e+04
6.00000000e+00 1.80000000e+01 1.00000000e+00 1.00000000e+00
9.99974943e-02 0. +00 0. +00 2 +01
-2.18400000e+03 0.00000000e+00 6.00000000e+00 0.00000000e+00

£ Type here to search 7 Q) ENG

In above screen can see other prediction output.

For Reason Rejected code you can read below description

g EditPlus - [E:\venkat\Dec23\Loan\DatasetLink.txt]

- =] X
File Edit View Search Document Project Tools Browser Window Help -8 %
FIed@kavB|sdmR X[ |SERE4AV=84 5 E@E\k‘?‘
Directory | Cliptext e S T ——————— AhR L A S A A - .- 5P - i
E] Bl| | Atips:
EE -
23 venkat 3
3 Dec23 4
%L;;:s & Rl oan purpose has high number of unknown values (X2
QWL oan taken for the purpose of Repairs seems to have highest default rate
Ty I/ very high number application have been rejected by bank or refused by client which has purpose as repair or other. This shows that
Elpurpose repair is taken as high risk by bank and either they are rejected or bank offers very high loan interest rate which is not feasible by the clients.
(=lthus they refuse the loan,
All Files (%) vill< >
1 o Datasetlinkitxt ¢ previous_applicatior & testData.csv
For Help, press F1

In9 col27 6 00 PC ANS|

L Type here to search "‘ &

In above screen read blue color selected text to know about REJECTED REASON codes
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6. CONCLUSION AND FUTURE WORK
CONCLUSION

In this paper, we presented the methodology to develop the belief-rule-based (BRB) system as an explainable
Al decision-support-system to automate the underwriting process of lend loans. Unlike blackbox models,
the BRB system can explicitly accommodate expert knowledge and can also learn from data by supervised
learning, though the acquisition of expert knowledge can be a time-consuming and labor-intensive task.
The decision-making process in this system can be explained by the importance of rules activated by a data
point representing a loan application and by the contribution of attributes in activated rules. Through a
business case study, we have demonstrated that the proposed Al decision-support-system provides a good
trade-off between prediction accuracy and explainability. The importance of activated rules and their
attributes in the rules help to understand the reasoning behind the decisions. The textual explanations
initiated by the chain of events in the factual-rule- base to the heuristic-rule-base could be sent to rejected
applicants as reasons for denying their loan applications.
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