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Abstract : Rather than relying on third-party rating agencies for credit scores, this paper proposes KIRTI, a
deep-learning credit-recommender system based on public blockchain. PBs and PLs will be able to make
smart loans to each other under the scheme. By securing, approving, and automating the loan grant process,
PL was able to speed up the disbursement process to PB. As PB's assets, liabilities, and transactions are
recorded on a public blockchain, KiRTi keeps track of their past operations. Based on the suggested lending
algorithms for both PB and PL, a long-short memory (LSTM) model retrieves and processes blockchain
sequence data.We update CS's edge weights in real-time based on PB and PL's boolean indications of
repayment success and loan default. Iterating the procedure gets better edge-weights and CS, ensuring that
PB is credible enough for future loans. In order to automate loan repayments, it is suggested that PB and PL
use smart contracts (SC). LSTMrecommender systems are trained by using German credit datasets from the
UCI repository. PB's credit histories are contained in this dataset. 700 of these have been repaid
successfully, and 300 have defaulted. Using KiRTi, 97.5% accuracy can be achieved with Fmeasure
0.98304. Based on the security assessment, KiRTi's compute and communication costs are 20.96 ms and
121 bytes respectively.

IndexTerms - Drug-related, Attack-related content, Positive online environment, Support Vector
Machines (SVMs), Random Forests(RFs).

I. INTRODUCTION

KiRTi's blockchain-based deep-learning credit- recommender scheme eliminates the need for credit rating
agencies to generate credit scores by facilitating smart lending operations between prospective lenders and
prospective borrowers. PL is therefore required to secure, approve, and automate loan grants to PB in order
to speed up the disbursement procedure. KiRTi records PB's assets, liabilities, and past transactions on a
public blockchain. As aresult of the PB and PL lending algorithms, a long-shortterm memory (LSTM)
model is used to retrieve sequencing data from the blockchain for the purpose of providing CS.As PB and
PL provide boolean indications of successful repayments and loan defaults, edge weights are updated in real-
time for CS.To make sure that PB is legitimate for future loans, the procedure is repeated until the edge-
weights and produced CS are as accurate as possible. It is suggested that PB and PL use smart contracts (SC)
to automatically set up loan repayments. We use a German credit dataset from the UCI repository to train our
LSTM recommender system. This dataset contains 1000 credit-histories of PB, 700 of which have had
successfulrepayments and 300 of which have defaulted.
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Existing system

The current method of disbursing loans is cumbersome and time-consuming. This is because of the intricate
web of relationships that exists among several factors, including as the borrower's credit history, the
frequency of defaults, and the duration of payback cycles. Additionally, the degree of uncertainty around
loan approvals varies according to the PL's expected profit margins. Some PL place less emphasis on gains
(repayments) than loss (defaults). PL's risk assessment is proportional as a result of the recommended models
providing different ratings for the same PB.Even a missing payments may impact CS, leading to the
computation of high risk; hence, this technique is faulty. Since recommender models do not include new
PB's credit histories, they also do not account for new PB with a strong reputation and significant assets.
Proposed system

The suggested system has a lengthy loan disbursement period. Prospective borrowers and lenders talkto each
other face-to-face. In order for them to understandall of the intricacies. Here, we read borrower evaluations
using a sentiment analysis. With the help of sentiment analysis, we can calculate the overall review score.
Reviews and the ratio of positive to negative ratings are taken into consideration by PL when deciding
whether to provide the loan. In order to make loans accessible to as many people as possible. The
information on the prospective lender's loan and the prospective borrower's payment history will be recorded
in the blockchain.

Il. LITERATURE SURVEY

Seemann et al. (2023) conducted a comprehensive study on abusive language detection, addressing the
challenge of model generalization. Despite the observed proficiency of models on training datasets, the
authors noted difficulties in extending performance to new datasets. In contrast to prior research, they
emphasized the use of homogeneous datasets,assuming enhanced generalizability. This study investigated the
degree to which datasets must be similar for effective model generalization and found that the training
method had a significant impact on generalizability. Four German datasets, including successive GermEval
challenges, were analyzed using two deep learning models and three traditional machine learning models.The
findings revealed partial generalization, even with nearly identical annotation schemes, highlighting that
generalizability is contingent on specific training set combinations, irrespective of theunderlying method.
Using online harassment to detect the severity of abusivecomments, Marshan et al. (2023) address the issue
of online harassment. An examination of the effects of text pre- processing and a comparison of machine
learning models is presented in the study, which also explores the impact of neural networks on the result. A
Random Forest model with bigrams performs best, achieving an accuracy rate of 94 percent, precision rate of
91 percent, recall rate of 94 percent,and F1 score of 92 percent.The research provides insights fortheory and
practical applications in combating abusive language on online platforms.

By introducing a Hybrid Deep Learning Architecture (HDLA), Kazbekova et al. (2023) address the
prevalence of offensive language on online social networks (OSNs). To distinguish nuanced communication
on OSNs, we propose amodel that combines Convolutional Neural Networks (CNNs) and Long Short Term
Memory (LSTMs). CNN reveals concealed offensive patterns by extracting spatial features, while LSTM
captures context-dependent dependencies. Various measures of precision, recall, and F1-score demonstrate
improved performance in detecting offensive language across a variety of subtleties and complexity
levels.The HDLA offers insights into how offensive content propagates and can be used to foster healthier
online communities through effective curation of digital content.

Khan et al. (2023) address the challenge of offensive language detection in low-resource languages like
Pashto. They propose a model trained on a Roman Pashto dataset created from 60,000 manually labeled
social media comments. The study evaluates three feature extraction approaches and employs traditional
classifiers alongside a deep sequence model. Combining random forest classification with n-grams yields
the highest accuracy(94.07%), whereas bidirectional long short-term memory gives the best overall accuracy
(97.21%). Researchers working in this field can benefit from the Pashto corpus provided by the authors.
Panchala et al. (2022) address the pressing issue of hate speech and offensive language in the cross-cultural
Internet era.With the surge in online condemnations, judgments, and trolling, the authors emphasize the need
for restoring peace and harmony. They highlight the challenges of automatically detecting such content,
especially in the context of 5G evolution and increased online engagement. Existing research is noted to be
language-specific, limiting its applicability. Social media platforms are increasingly being used for offensive
language, highlighting the importance of automatic methods to address the issue. Methods for detecting hate
speech on Twitter include machine learning and natural language processing. Social media platforms are
widely used to use offensive language, Hajibabaee et al. (2022) highlight its potential to harm individuals or
communities. In their study, modular cleaning, tokenization, embedding methods, and eight classifiers are
integrated into a robust model for text classification. TF-IDF embedding yields the best average F1- score
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when used on a Twitter dataset, with AdaBoost, SVM, and MLP showing the best results. To detect and
prevent offensive language online, the research contributes valuable insight to ongoing research efforts.

In the context of natural language processing, Sokolova et al. (2022) present a study of hate speech and
offensive language detection in Slovak.A database of short texts derived from Slovak social media is created
and processed inthe paper. In order to detect hate speech using sentiment analysis, recursive convolutional
neural networks are combined with components from convolutional neural networks.Notably, the study
reports a detection accuracy of 61.32% on a small set of training data, which is balanced in terms of positive,
neutral, and negative sentiments. In particular, it discusses Slovak language and social media content in the
context of hate speech detection.

In their paper (2022), Li et al. propose a deep semantic feature fusion approach for identifying offensive
languages. By combining BERT word-level embeddings and RCNN with an attention mechanism, the model
identifies languagesthat convey offensive meanings without using common offensive words. In this model, a
label encoder and an offensive predictor reduce the need for offensive language lexicons. By understanding
context, this model outperforms existing methods for detecting potential offensive meanings in Wikipedia
and Twitter comments.

Kumar et al. (2021) address the surge in offensive language on social media platforms by proposing an
automatic detection system. In contrast to other machine learning classifiers, they implement and compare
LSTM and BERT models based on the Davidson dataset. It was found that their deep learning methods,
especially LSTM and BERT, outperformed other classifiers in identifying offensive language in social media
posts.

The methods of deep learning were used by Yadav et al. (2021) in order to detect hate speech and offensive
language. This study examines recurrent neural networks (RNNs), convolutional neural networks (CNNs),
long short-term memories (LSTMs), and transformer-encoder representations from bidirectional encoders
(BERTS).The study investigates the impact of class weighting techniques on model performance. Findings
indicate that the pre-trained BERT model excels in hate speech classification, while RNN and CNN models
outperform others in offensive language classification. The study emphasizes the substantial improvement
achieved by employing class weighting techniques across all models for hate speech detection.

I1l. METHODOLOGY
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Fig 1: System Architecture
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SYSTEM DESIGN

The suggested system has a lengthy loan disbursement period. Prospective borrowers and lenders
talkto each other face-to-face. In order for them to understandall of the intricacies. Here, we read
borrower evaluations using a sentiment analysis. With the help of sentiment analysis, we can
calculate the overall review score. Reviews and the ratio of positive to negative ratings are taken into
consideration by PL when deciding whether to provide the loan. In order to make loans accessible to
as many people as possible. The information on the prospective lender's loan and the prospective
borrower's payment history will be recorded in the blockchain.

MODULES
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Sentiment Analysis
Payment Tracking
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PB AND PL REGISTRATION

Prospective borrowers and lenders will fill out their profiles and income data in the first module. In
addition, official papers provided by the government will be uploaded throughout the registration
procedure.

LOAN REQUEST BY PB

The information of registered potential lenders will be shown as a list in the second module when the
perspective borrower logs in. The borrower has the freedom to choose the lender and verify their identity by
seeing official government documents. After that, he might approach the lenders with the request. All
requests should be sent by a single PB to a single PL.

SENTIMENT ANALYSIS
The third module is where the lender's side lists the borrower's data. The lender has the right to verify the
borrower's identity and verify their personal information. He will proceed to sentiment analysis when he has
verified the fundamental procedures. By using sentiment analysis, the lender may determine the proportion of
favorable and negative ratings.
PAYMENT TRACKING

The last module involves storing the borrower's monthly payment on blockchain. In order for creditors to
be aware of when payments are due and if they are late or on time.

IV. RESULTS AND DISCUSSION
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V. CONCLUSION

Fig 2: Log in and account processing
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PBs are granted loans using recommender models by modern smart lending operations in financial
institutions. CS production and loan award reviews will be transparent through the proposed approach.To
enable a recommender ecosystem built on trust, KiRTi combines deep learning with blockchain
technology. To guarantee precise predictions on PB historical repositories, KiRTi applies the LSTM
model, and blockchain provides immutability in recorded data. In order to enhance decision analytics over
time and decrease bias, we created a feedback method that changes the edge-weights of LSTM in real-
time. SC need PB to PL to automate re-payments. In comparison to current credit systems, the anticipated

JETIR2404114 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org

| b120


http://www.jetir.org/

© 2024 JETIR April 2024, Volume 11, Issue 4 www .jetir.org(ISSN-2349-5162)

outcomes show that the program is effective. But in order to update CS, the LSTM model uses feedbacks,
which include latency overheads.

FUTURE WORK

To enhance the learning rate and optimize the loss functions, the authors want to enhance the
regularization parameters in the future by ending training samples early. This will increase the total
reaction time of CS generation, which will lead to speedier repayments while maintaining the appropriate
degree of security and accuracy. It will also induce responsive feedbacks.
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