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Abstract

This study investigates the application of artificial intelligence (Al), specifically machine learning (ML)
techniques, in enhancing decision-making processes on peer-to-peer (P2P) lending platforms. Traditional
financial institutions use Al in their decision-making processes. However, the use of Al in supporting
investor decisions in decentralized P2P environments remains limited. This research addresses a critical
inefficiency in the P2P lending process, where creditworthy loan applications approved by platforms often
go unfunded by investors, by developing a second-tier decision support model. Using historical data from
the Prosper platform, multiple ML models, including Logistic Regression, Support Vector Machines,
Neural Networks, and Random Forests, were evaluated for their ability to predict unfundable loans.
Findings indicate that Al-powered models can significantly improve funding decision accuracy and reduce
investor burden. Random Forest demonstrated the highest suitability among the models assessed across
multiple evaluation metrics. These results highlight the potential of Al to enhance the efficiency and
reliability of alternative lending ecosystems.
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Introduction

Artificial Intelligence (AI) has changed the landscape of financial decision-making, introducing
unprecedented capabilities in automation, pattern recognition, and predictive analytics. One of the most
significant applications of Al in financial technology (FinTech) is within the peer-to-peer (P2P) lending
sector, where machine learning a subset of Al is used to enhance decision-making at multiple stages of the
lending process. P2P lending represents an alternative financial model that facilitates direct connections
between individual borrowers and investors via online platforms, bypassing traditional financial
intermediaries such as banks (Arner et al., 2015; Boot et al., 2021). These platforms assess the
creditworthiness of loan applicants and determine which applications advance for potential funding by
investors. Consequently, the lending process involves two critical decision points: the first by the platform,
which evaluates creditworthiness, and the second by investors, who ultimately decide whether to fund the
loan.

Each platform employs proprietary algorithms to assess credit risk and select loan applications for investor

consideration. However, not all approved loan applications by the platform receive funding. This disconnect
can frustrate borrowers whose applications are approved but ultimately unfunded. Additionally, a surplus
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of unfundable yet approved applications burdens investors, who must navigate numerous listings to identify
desirable opportunities (Li et al., 2016; Liu et al., 2021; Yan et al., 2018). This study explores the potential
of implementing a second-tier decision support system to filter further loan applications presented to
investors. Specifically, the research investigates whether machine learning algorithms can accurately
predict which creditworthy loans are unlikely to be funded, thereby streamlining the investor's decision-
making process.

This study evaluates various machine learning models to determine their effectiveness in enhancing the
efficiency of the P2P loan funding process. The primary research questions guiding this study are:

1. To what extent can machine learning algorithms predict unfundable loans during the second
decision-making stage?
2. Which model offers the highest predictive accuracy and reliability?

A key contribution of this research lies in its focus on P2P loan applications approved by platforms but
ultimately unfunded. By identifying Common features of these unsuccessful applications, this study seeks
to develop a model capable of reducing investor burden and improving overall platform efficiency. The
remainder of this paper is structured as follows: a review of the relevant literature on machine learning
applications in loan decision support systems; a description of the research methodology; presentation and
discussion of results; limitations of the study; and directions for future research.

Literature Review

This study evaluates the application of artificial intelligence, specifically machine learning (ML) models,
in predicting unfundable loans during the second stage of peer-to-peer (P2P) lending—namely, the investor
decision-making phase following platform-level creditworthiness approval. Although Al has been widely
adopted across various domains in financial services, its usage in supporting investor decisions in P2P
lending remains underexplored. To better understand the capabilities of Al in this context, it is essential to
examine the machine learning algorithms that serve as the foundation for predictive decision-making. The
following section reviews widely used models in P2P lending, such as Logistic Regression, Decision Trees,
Support Vector Machines, and Neural Networks, assessing their predictive performance, suitability, and
limitations.

Machine Learning Models for Loan Prediction

Machine learning, a subfield of artificial intelligence grounded in computational learning theory, employs
data-driven algorithms to identify patterns and make predictions (Gollapudi, 2016). ML models adaptively
adjust parameters based on training data to improve predictive performance. The two dominant ML
paradigms are supervised and unsupervised learning (Mahesh, 2020). Supervised learning approaches,
including Logistic Regression (LR), Decision Trees (DT), Support Vector Machines (SVM), and Neural
Networks (NN), have been extensively applied in loan approval research. Unsupervised techniques, such
as K-means clustering, are less commonly used but have been seen experimental adoption in financial
analytics (James et al., 2021; Sinap, 2024). While much of ML-based loan prediction research has focused
on traditional banking systems, studies examining P2P lending remain comparatively limited (Munmun,
2023).
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Performance of Prominent ML Models for Loan Approval

Logistic Regression (LR)

Logistic regression is widely employed in binary classification tasks like loan approval and rejection.
Studies report high accuracy rates for LR models (78.5%-91%) in predicting loan outcomes (Dosalwar et
al., 2021; Rath et al., 2021; Shukla et al., 2021). However, LR performance diminishes in cases involving
unbalanced or sparse datasets, high-dimensional feature spaces, and missing values (Li et al., 2017; Khan
et al., 2021). Hybrid variants incorporating iterative computation or ensemble techniques have improved
performance (Zeng et al., 2017; Wei et al., 2018).

Neural Networks (NN)

Neural networks, particularly deep neural networks (DNNs), have shown promising results in capturing
complex, non-linear relationships in loan data. Comparative studies indicate that NNs can outperform LR,
SVM, and DT under certain conditions (Wu et al., 2019; Abakarim et al., 2018). Nevertheless, their
effectiveness is contingent upon large, well-labeled datasets and substantial computational resources
(Zhang et al., 2019; Karthiban et al., 2019). Recent evaluations present mixed findings, with some
researchers ranking NN above SVM and DT (Lusinga et al., 2021; Pimcharee & Surinta, 2022), while
others report inferior performance (Chen et al., 2021; Peiris, 2022).

Support Vector Machines (SVM)

SVMs are particularly effective for small and moderately complex datasets, especially in binary
classification problems. Reported accuracies range from 62% to 98% (Li et al., 2017; Abedin et al., 2019).
SVM’s use of kernel functions facilitates performance with semi-structured data, a typical feature of P2P
lending platforms (Zhao, 2022; Thomas et al., 2022). However, SVM performance is highly sensitive to
hyperparameter tuning, and it has been ranked inconsistently across comparative studies (Sam et al., 2021;
Orji et al., 2022; Dabas et. al., 2024).

Decision Trees (DT) and Random Forest (RF)

Decision trees - more specifically ensemble variants such as Random Forests are among the most
extensively studied models in loan prediction tasks. RF generally outperforms single DT models, with
accuracy rates reported between 60% and 99% (Kelen & Emanuel, 2019; Hamayel et al., 2021). Ensemble
methods such as gradient boosting further enhance performance, achieving accuracy levels as high as 98%
in some studies (Karthiban et al., 2019; Kumar et al., 2019). Nonetheless, DT-based models may suffer
from overfitting and lack of generalization capacity compared to more robust ensemble or neural
architectures (Shukla et al., 2021; Naik & Manerkar, 2022).

Table 1 shows the summary of the most frequently used models used in loan approval prediction.

Table 1: Summary of The Models Used in Loan Approval Prediction
ML Model ‘ Accuracy Strengths Weaknesses
Range

Logistic Regression

78.5% —-91%

Strong for binary classification,

Struggles with small/unbalanced

Machines (SVM)

strong pattern recognition

(LR) easy to implement data, missing values
0/ _ 0RO IR - "
Neural Networks (NN) 67% — 98% Hand!es non lmear patterns, Requires .large datasets, high
adaptive learning computational cost
Support Vector 62% — 98% Works well with small datasets, | Sensitive to hyperparameter

tuning

Decision Trees (DT) &
Random Forest (RF)

60% — 99%

Simple, interpretable, strong
ensemble models

Prone to overfitting, lower
performance in small datasets
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Based on prior research, no single ML model consistently outperforms others in all scenarios. LR remains
a popular choice, while RF provides higher accuracy in ensemble-based approaches. SVM is effective for
small datasets, and NN shows promise in complex, large-scale applications. The results of the literature
review support the gap in current research regarding using ML to predict loan fundability in the P2P
industry while also indicating there are no clear "leaders" to apply to this decision support step.

Research Methodology
The research questions were:

1. How effectively can machine learning models predict unfundable loans in the second stage of
predictive modeling? and,
2. Which model demonstrates the highest accuracy and reliability?

Following the method used by Ilyas & Chu (2019), data was collected, cleaned, and prepared for analysis.
Preparation for analysis included running the descriptive statistics to validate no outliers, and appropriate
means and variances for the independent variables for logistic regression. Each ML was evaluated using
suitability measures, considering Accuracy, Recall, Precision, F-value, confusion matrix, and Area Under
the ROC Curve (AUC) (Hossin & Sulaiman, 2015). Each predictive model was validated using the entire
dataset. T-tests were used to compare the results of each model to the others.

The population for this study is all the United States (US)-based loan applications that had been funded by
the Prosper lending platform between 2018 and 2022. Individual loan data were collected from internal
secondary data on the SEC’s EDGAR to examine the relationship between lenders’ loan funding decisions
and loan characteristics. This data incorporated both loan listings and sales reports for Prosper. As stated
by Lo (2015), SEC collects loan data from the P2P lending industry The SEC is authorized to collect data
from various organizations, including those in the P2P industry, enhancing the validity and reliability of
the loan data used in this study. (The role of the SEC, 2023). The downloaded data had 105,666 instances
of loans approved by the platform, and whether the loan was funded or not by investors on the platform.
The data set was distinctive from traditional loan approval data in that the number of funded loans exceeded
the number of unfunded loans.

Data Description

Each instance included the loan's characteristics and the borrower's credit profile. The original dataset had
a total of 28 independent variables. A definition for the dependent variable and the independent variables
is as follows:

Funded: Investor invested in the loan. (dependent variable)

Duration: How long it takes to get funding.

Loan ID: The number that uniquely identifies the listing to the public as displayed on the website.
Term: The length of the loan expressed in months.

Borrower APR: The Borrower's Annual Percentage Rate (APR) for the loan.

Borrower Rate: The Borrower's interest rate for this loan.

Lender Yield: The Lender yield on the loan. Lender yield is equal to the interest rate on the loan
less the servicing fee.

Borrower State: The state of the address of the borrower at the time the Listing was created.

e  Occupation: The Occupation selected by the Borrower at the time they created the listing.
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Employment Status: The employment status of the borrower at the time they posted the listing.
Employment Status Duration: The length in months of the employment status at the time the
listing was created

Homeowner: A Borrower will be classified as a homeowner if they have a mortgage on their credit
profile or provide documentation confirming they are a homeowner.

Prosper Score: A custom risk score was built using historical Prosper data to assess the risk of
Prosper borrower listings.

Prosper Ratings: Every loan application is assigned a Prosper Rating by Prospers’s proprietary
system that allows to maintain consistency in their evaluation. Prosper Ratings allow potential
investors to easily consider a loan application's level of risk because the rating represents an
estimated average annualized loss rate range to the investor.

FICO score: A person's credit score calculated with software from Fair Isaac Corporation (FICO).
First Recorded Credit Line: The date the first credit line was opened.

Current Credit Lines: Number of current credit lines at the time the credit profile was pulled.
Open Credit Lines: Number of open credit lines at the time the credit profile was pulled.

Total Credit Lines past 7 years: Number of credit lines in the past seven years at the time the
credit profile was pulled.

Open Revolving Accounts: Number of open revolving accounts at the time the credit profile was
pulled.

Open Revolving Monthly Payment: Monthly payment on revolving accounts at the time the credit
profile was pulled.

Inquiries Last 6 Months Number of inquiries: in the past six months at the time the credit profile
was pulled.

Total Inquiries: Total number of inquiries at the time the credit profile was pulled.

Current Delinquencies: Number of accounts delinquent at the time the credit profile was pulled.
Amount Delinquent: Dollars delinquent at the time the credit profile was pulled.

Delinquencies Last 7 Years: Number of delinquencies in the past 7 years at the time the credit
profile was pulled.

Public Records Last 10 Years: Number of public records in the past 10 years at the time the credit
profile was pulled.

Public Records Last 12 Months: Number of public records in the past 12 months at the time the
credit profile was pulled.

Revolving Credit Balance: The amount of revolving credit at the time the credit profile was
pulled.

Bankcard Utilization: The percentage of available revolving credit that is utilized at the time the
credit profile was pulled.

Debt To Income Ratio: The debt-to-income ratio of the borrower at the time the credit profile was
pulled. This value is Null if the debt-to-income ratio is not available. This value is capped at 10.01
(any debt-to-income ratio larger than 1000% will be returned as 1001%).

Income Range: The income range of the borrower at the time the listing was created.

Stated Monthly Income: The monthly income the borrower stated at the time the listing was
created.

Data Preparation

To prepare the dataset for analysis, descriptive statistics were performed to identify missing data, potential
outliers, and skewness. 1,206 records were removed due to missing values and outliers leaving104,460
instances for analysis of which 87,086 (83%) of loans were funded, and 17,374 (17%) of loans were
unfunded. One variable from the original dataset — Public Record in Last Twelve Months had 99% missing
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data and was dropped from the dataset. Other missing values were handled by an impute linear method
using R software (Li et al., 2014). Dummy variables were created for categorical variables with at least one
value used as the control value. Numeric variables that were not normally distributed were transformed
using log n, square root, and cube root as appropriate. After data cleaning and transforming the independent
variables, all the numeric continuous independent variables were normally distributed. To ensure the data
was normalized, each variable had a skewness score below +0.5 and a kurtosis score below +2.

This study employed a widely used sampling strategy for data segmentation (Jaafari et al., 2019), randomly
selecting 70% of loan acceptance observations for training and reserving the remaining 30% for testing.
The entire original dataset was used for validation. The dependent variable “Funded and Unfunded” was
not equally represented: 87,086 (83%) of data was Funded, and 17,374 (17%) of data was Unfunded.
SMOTE was the selected method for balancing the funded/unfunded data set for compatibility with a wide
range of MLs and recommended (Chawla et al., 2002; Fernandez et al., 2018), creating a 50:50 Funded and
Unfunded ratio for analysis for training the ML models.

This study uses the three-fold validation resampling, which is the recommended strategy by Valavanis &
Kosmopoulos (2010) as a commonly used process for machine learning modeling. Three-fold cross-
validation 1is iterative; fitting and evaluation are performed with each of the three subsets (Valavanis &
Kosmopoulos, 2010).

Model Evaluation Measurement

This study measures Accuracy, Sensitivity, Classification Error, Precision, F measure, and AUC. In
addition, this study also performed descriptive data analysis, inferential data analysis, and assumption
testing. The descriptive data analysis included measures of frequency, measures of central tendency,
measures of dispersion or variation, and measures of position. Inferential data analysis was carried out after
the descriptive analysis. Inferential data analysis included regression data analysis, ANOVA (Analysis of
Variance), one tail and two-tail t-tests. A one-tail and two-tail t-test were performed to test the hypotheses
of this study. According to the rules, the lower the p-value, the more substantial the evidence that the null
hypothesis is false (Shaffer, 1995). This study adhered to the 0.01 p-value threshold, considered highly
statistically significant, as the basis for determining whether to accept or reject the research hypotheses.

Results

The results present the actual funded/unfunded number versus predicted funded/unfunded ratio, model
performance evaluation, and t-test to determine suitability. Each model is measured at three stages of the
process and at three different thresholds: 0.7, 0.6, and 0.5. The stages are model training, model testing, and
model validating. Table 2 shows training results for actual observation versus each model’s prediction at
different thresholds. The actual funded number is set at 60,960, and the actual unfunded number is also set
at 60,960 for a 50:50 ratio.

Table 2 shows that all the models performed best when classifying a loan as potentially “unfunded” when

the threshold was set at .5. Results for the other thresholds were low for unfunded loan prediction. The
standalone models performed poorly for training data at .7 and .6 thresholds.
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Table 2: Actual Versus Predicted Results for Training Data

Training Data

Threshold
0.7 0.6

Model Actual Actual Predicted | Predicted | Predicted | Predicted | Predicted | Predicted

Funded Unfunded Funded Unfunded | Funded Unfunded | Funded Unfunded
LR 60,960 (50%) | 60,960 (50%) | 88% 12% 73% 27% 53% 47%
SVM | 60,960 (50%) | 60,960 (50%) | 94% 6% 73% 27% 52% 48%
ANN | 60,960 (50%) | 60,960 (50%) | 82% 18% 72% 28% 66% 34%
RF 60,960 (50%) | 60,960 (50%) | 60% 40% 57% 43% 53% 47%

Table 3 shows the testing model result for actual observation versus each model’s prediction at different
thresholds. The actual funded observation is 26,126, and the unfunded observation is also set at 26,126 for
a 50:50 ratio. In the testing stage, all the models performed best when classifying a loan as potentially
“unfunded” when the threshold was set at 0.5. LR (12% to 47%), SVM (6% to 48%) improved significantly
when the threshold changed from 0.7 to 0.5. RF (40%) performance does not change when the threshold
changes from 0.7 to 0.6; it increases by 1% from 0.6 to 0.5.

Table 3: Actual Versus Predicted Results for Testing Data

Testing Data

Threshold
Model Actual Actual Predicted | Predicted | Predicted | Predicted | Predicted | Predicted
Funded Unfunded Funded Unfunded | Funded Unfunded | Funded Unfunded
LR 26,126 (50%) | 26,126 (50%) 88% 12% 73% 27% 53% 47%
SVM | 26,126 (50%) | 26,126 (50%) 94% 6% 73% 27% 52% 48%
ANN | 26,126 (50%) | 26,126 (50%) 82% 18% 72% 28% 66% 34%
RF 26,126 (50%) | 26,126 (50%) 60% 40% 60% 40% 59% 41%

Table 4 shows the validating model result for actual observation versus each model’s prediction at different
thresholds. The actual funded observation is 87,086, and the unfunded observation is also set at 87,086 for
a 50:50 ratio. In the validating stage, all the models performed best when classifying a loan as potentially
“unfunded” when the threshold was set at 0.5. LR (12% to 47%), SVM (6% to 48%) improved significantly
when the threshold changed from 0.7 to 0.5.

Table 4: Actual Versus Predicted Results for Validation Data

Validation Data

Threshold

0.7 0.6
Model Actual | Actual Predicted Predicted Predicted | Predicted | Predicted | Predicted
Funded | Unfunded | Funded Unfunded Funded Unfunded | Funded Unfunded
LR 87,086 | 87,086 88% 12% 73% 27% 53% 47%
SVM 87,086 | 87,086 94% 6% 73% 27% 52% 48%
ANN 87,086 | 87,086 82% 18% 72% 28% 66% 34%
RF 87,086 | 87,086 60% 40% 58 % 42% 55% 45%
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Table 5 shows the model result for the original, unbalanced dataset values versus each model’s prediction
at different thresholds for original data. The actual funded observation is 87,086, and the unfunded
observation is 17,374. In the original data validating stage, LR, SVM models performed best when
classifying a loan as potentially “unfunded” when the threshold was set at 0.6. LR (8% to 20%), SVM (4%
to 20%) improved significantly when the threshold changed. RF model performed best when classifying a
loan as potentially “unfunded” when the threshold was set at 0.5. RF (1% to 8%) improved when the
threshold changed. ANN model performed best when classifying a loan as potentially “unfunded” when
the threshold was set at 0.7. ANN (49% to 24%) improved when the threshold changed.

Table 5: Actual Versus Predicted Results for Original Data
Original Data

Threshold
0.6
Model Actual Actual Predicted Predicted Predicted Predicted Predicted | Predicted
Funded Unfunded | Funded Unfunded | Funded Unfunded | Funded Unfunded
87,086 17,374 96,142 8,318 83,744 20,716 64,322 40,138
LR (83%) (17%) (92%) (8%) (80%) (20%) (61%) (39%)
87,086 17,375 1,00,672 3,788 83,286 21,174 62,368 42,092
SVM (83%) (17%) (96%) (4%) (80%) (20%) (60%) (40%)
87,086 17,376 79,783 24,677 66,015 38,445 53,071 51,389
ANN (83%) (17%) (76%) (24%) (63%) (37%) (51%) (49%)
87,086 17,377 1,03,816 1,01,383 3,077 95,634 8,826
RF (83%) (17%) (99%) 644 (1%) (97%) (3%) (92%) (8%)

Table 6 shows the Type 1 and Type 2 Errors from the model predictions using the original data. All the
models had the fewest Type I Errors when the threshold is set at 0.5. All the models had the fewest Type
II Errors when the threshold is set at 0.7.

inal Data Type I and Type II Error Performance

Table 6: Summary Results for Ori

Models Threshold
LR 0.5 0.40964 0.34312
LR 0.6 0.62461 0.16299
LR 0.7 0.81409 0.05843
SVM 0.5 0.41280 0.36619
SVM 0.6 0.63820 0.17096
SVM 0.7 0.91269 0.02608
ANN 0.5 0.32750 0.45593
ANN 0.6 0.44561 0.33086
ANN 0.7 0.60556 0.20467
RF 0.5 0.50207 0.00201
RF 0.6 0.82480 0.00038
RF 0.7 0.96311 0.00003

Prediction performance measures for loan funded and unfunded decision-making is tested by using
Accuracy (Acc), Recall, Precision (Pre), F-measure (F mes), Specificity (Spe), Type I Error (T I E), Type
II Error (T II E), and AUC. For the training model data, the LR, SVM, and ANN models performed best
across the criteria of Accuracy, Recall, F-measure, AUC, and Type I Error values when the threshold is set
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at 0.5. The rest of the criteria, Precision, Specificity, and the lowest Type Il Error values, the LR, SVM,
and ANN models performed best when the threshold is set at 0.6. For the training model data, the RF model
performed best across all eight criteria when the threshold was set at 0.5. Table 7 shows the training model
data results.

Table 7: Summary Results for Training Data Model Performance

o o Do R o o
0C 01C A : )

LR 0.5 0.62940 | 0.63730 | 0.60061 | 0.65819 | 0.61841 | 0.67841 | 0.19970 | 0.17091
LR 0.6 0.60390 | 0.69350 | 0.37239 | 0.83542 | 0.48458 | 0.65701 | 0.31380 | 0.08229
LR 0.7 0.55504 | 0.73756 | 0.17090 | 0.93919 | 0.27750 | 0.63821 | 0.41455 | 0.03041
SVM 0.5 0.62483 | 0.62897 | 0.60875 | 0.64090 | 0.61870 | 0.68145 | 0.19562 | 0.17955
SVM 0.6 0.61122 | 0.70317 | 0.38493 | 0.83751 | 0.49751 | 0.65374 | 0.30753 | 0.08125
SVM 0.7 0.53187 | 0.78579 | 0.08762 | 0.97611 | 0.15766 | 0.58135 | 0.45619 | 0.01194
ANN 0.5 0.59862 | 0.64532 | 0.43796 | 0.75928 | 0.52179 | 0.64323 | 0.28102 | 0.12036
ANN 0.6 0.58842 | 0.65957 | 0.36547 | 0.81137 | 0.47033 | 0.63203 | 0.31727 | 0.09432
ANN 0.7 0.56452 | 0.67951 | 0.24423 | 0.88481 | 0.35931 | 0.61356 | 0.37789 | 0.05760
RF 0.5 0.97211 | 1.00000 | 0.94423 | 1.00000 | 0.97131 | 0.99999 | 0.02789 | 0.00000
RF 0.6 0.92676 | 1.00000 | 0.85353 | 1.00000 | 0.92098 | 0.99999 | 0.07324 | 0.00000
RF 0.7 0.90448 | 1.00000 | 0.80896 | 1.00000 | 0.89439 | 0.99999 | 0.09552 | 0.00000

For the testing model data, the LR, SVM, ANN, and RF models performed best across the criteria of
Accuracy, Recall, F-measure, AUC, and Type I Error values when the threshold is set at 0.5. Rest of the
criteria, Precision, Specificity, and the lowest Type II Error values, the LR, SVM, ANN, and RF models
performed best when the threshold is set at 0.6. Table 8 shows the testing model data results.

Table 8: Summary Results for Testing Data Model Performance

Models Prediction Performances
Model Threshold  Acc Pre Recall Spe F mes AUC TIE TIIE
LR 0.5 0.63075 | 0.63831 | 0.60342 | 0.65808 | 0.62038 | 0.67874 | 0.19829 | 0.17096
LR 0.6 0.60541 | 0.69610 | 0.37419 | 0.83664 | 0.48673 | 0.65856 | 0.31291 | 0.08168
LR 0.7 0.55780 | 0.74529 | 0.17561 | 0.93998 | 0.28425 | 0.63874 | 0.41219 | 0.03001
SVM 0.5 0.61456 | 0.61894 | 0.59615 | 0.63297 | 0.60733 | 0.66001 | 0.20193 | 0.18351
SVM 0.6 0.60000 | 0.68388 | 0.37190 | 0.82809 | 0.48180 | 0.62978 | 0.31405 | 0.08596
SVM 0.7 0.53066 | 0.76897 | 0.08765 | 0.97367 | 0.15737 | 0.60001 | 0.45617 | 0.01317
ANN 0.5 0.59722 | 0.64246 | 0.43845 | 0.75599 | 0.52120 | 0.64336 | 0.28077 | 0.12200
ANN 0.6 0.58719 | 0.65674 | 0.36534 | 0.80904 | 0.46950 | 0.63387 | 0.31733 | 0.09548
ANN 0.7 0.56507 | 0.67955 | 0.24627 | 0.88387 | 0.36152 | 0.61396 | 0.37687 | 0.05806
RF 0.5 0.90354 | 0.99207 | 0.81360 | 0.99349 | 0.89401 | 0.94416 | 0.09320 | 0.00325
RF 0.6 0.90123 | 0.99857 | 0.80361 | 0.99885 | 0.89054 | 0.94087 | 0.09820 | 0.00057
RF 0.7 0.89646 | 0.99981 | 0.79308 | 0.99985 | 0.88453 | 0.93570 | 0.10346 | 0.00008
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For the validation model performances, Table 9 shows LR prediction performance as the best with Acc
(0.62980), Recall (0.60145), F-mes (0.61900), AUC (0.67851), and T I E (0.19927) at threshold 0.5. At
threshold 0.7, LR prediction performance is the best with Pre (0.73990), Spe (0.93943), and T II E
(0.03029). For the LR model, threshold 0.5 is chosen over the .6 and .7 thresholds because five categories
are the highest scoring versus three for threshold 0.7. The SVM prediction performance is the best with Acc
(0.61559), Recall (0.59741), F-mes (0.60847), AUC (0.66217), and T I E (0.20130) at threshold 0.5. At
threshold 0.7, the SVM prediction performance is the best with Pre (0.77062), Spe (0.97391), and T II E
(0.01304). For the SVM model, threshold 0.5 is chosen over .6 and .7 thresholds because five categories
are highest scoring versus three categories for threshold 0.7.

ANN prediction performance is the best with Acc (0.59820), Recall (0.43811), F-mes (0.52161),and TT E
(0.28095) at threshold 0.5. At threshold 0.7, ANN prediction performance is the best with Pre (0.67952),
Spe (0.88453), and T II E (0.05774). For the ANN model, threshold 0.5 is chosen over the .6 and .7
thresholds because five categories are the highest scoring versus three categories for threshold 0.7. RF
prediction performance is the best with Acc (0.95154),

Recall (0.90504), F-mes (0.94918), AUC (0.99119), and T I E (0.04748) at threshold 0.5. At threshold 0.7,
RF prediction performance is the best with Pre (0.99994), Spe (0.99995), and T II E (0.00002). For the RF
model, threshold 0.5 is chosen over the .6 and .7 thresholds because five categories are the highest scoring
versus three categories for threshold 0.7.

Table 9: Summary Results for Validating Data Model Performance

Models Prediction Performances

Model Threshold Acc Spe TIE TIIE
LR 0.5 0.62980 | 0.63761 | 0.60145 | 0.65815 | 0.61900 | 0.67851 | 0.19927 | 0.17092
LR 0.6 0.60436 | 0.69428 | 0.37293 | 0.83578 | 0.48522 | 0.66578 | 0.31353 | 0.08211
LR 0.7 0.55587 | 0.73990 | 0.17231 | 0.93943 | 0.27953 | 0.63256 | 0.41384 | 0.03029
SVM 0.5 0.61559 | 0.61995 | 0.59741 | 0.63376 | 0.60847 | 0.66217 | 0.20130 | 0.18312
SVM 0.6 0.60112 | 0.68582 | 0.37321 | 0.82903 | 0.48337 | 0.66148 | 0.31340 | 0.08548
SVM 0.7 0.53078 | 0.77062 | 0.08765 | 0.97391 | 0.15740 | 0.63461 | 0.45618 | 0.01304
ANN 0.5 0.59820 | 0.64445 | 0.43811 | 0.75830 | 0.52161 | 0.64327 | 0.28095 | 0.12085
ANN 0.6 0.58805 | 0.65872 | 0.36543 | 0.81067 | 0.47008 | 0.64675 | 0.31728 | 0.09467
ANN 0.7 0.56468 | 0.67952 | 0.24484 | 0.88453 | 0.35997 | 0.63589 | 0.37758 | 0.05774
RF 0.5 0.95154 | 0.99785 | 0.90504 | 0.99805 | 0.94918 | 0.99119 | 0.04748 | 0.00098
RF 0.6 0.91910 | 0.99959 | 0.83855 | 0.99966 | 0.91202 | 0.94789 | 0.08072 | 0.00017
RF 0.7 0.90207 | 0.99994 | 0.80419 | 0.99995 | 0.89145 | 0.94876 | 0.09790 | 0.00002

For the LR model, threshold 0.5 is chosen over the .6 and .7 thresholds because five categories are the
highest scoring versus three categories for threshold 0.7. Usually, individual models optimize at different
thresholds, although 0.5 provides the most optimization across models. Table 10 shows the best model
based on the optimum threshold.
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Table 10: Best Model Based on Optimum Threshold

Models Prediction Performances
Mode Best Threshold Pre_ F-
| (most suitable) Ace || _ PVL 190 e
LR 0.5 0.63 | 0.50 | 0.53 0.64 0.60 0.66 | 0.62 | 0.68 0.20 0.17
RF 0.5 095 | 0.50 | 0.55 | 0.998 091 0.99 | 0.95 0.99 0.05 | 0.00098
SVM 0.5 062 | 0.50 | 0.52 0.62 0.60 0.63 | 0.61 0.66 | 0.20 0.18
ANN 0.5 0.60 | 0.50 | 0.66 0.64 0.44 0.76 | 0.52 | 0.64 | 0.28 0.12

Models Suitability Evaluation

As mentioned earlier, based on the literature suitability measures were developed. For this study, MLa
suitability requires the following: Accuracy score over 90%, Specificity score over 85%, Type I Error score
under 10%, Type II Error score under 10%, Recall score over 85%, Precision score over 85%, F measure
score over 85%, and an AUC near to 1 (Chen et al., 2021; Demraoui et al., 2022; Karthiban et al., 2019;
Lusinga et al., 2021; Li et al., 2017; Ndayisenga, 2021; Orji et al., 2022; Pimcharee & Surinta, 2022). See
Table 11 for details. Based on this study's model evaluation measurements, LR, SVM, and ANN are not
suitable models, while RF is a suitable model for funded and unfunded loan decision-making.

Table 11: Models Suitability Evaluation

Model Performances
AUC Suitable

Spe>  Fmes>  °  TIE< ES™ Model?

0.85 0.85 1 0.10

LR 0.62980 | 0.63761 0.60145 | 0.65815 | 0.61900 | 0.67851 | 0.19927 | 0.17092 No
RF 0.95154 | 0.99785 | 0.90504 | 0.99805 | 0.94918 | 0.99119 | 0.04748 | 0.00098 Yes
SVM | 0.61559 | 0.61995 | 0.59741 | 0.63376 | 0.60847 | 0.66217 | 0.20130 | 0.18312 No
ANN | 0.59820 | 0.64445 | 0.43811 | 0.75830 | 0.52161 | 0.64327 | 0.28095 | 0.12085 No

Models 0.90 0.85 0.85

Best Acc > Pre> Recall>

Discussion

This study explored the use of machine learning (ML) to support investor-level decision-making within
peer-to-peer (P2P) lending platforms, specifically, predicting whether a loan will be funded after receiving
platform-level approval. This focus represents a shift from conventional research on creditworthiness
assessment to the less-explored domain of investor behavior modeling. The results show that ensemble
models, particularly Random Forest (RF), significantly outperform other techniques in identifying
unfundable loans. These findings highlight important issues of model divergence and identity in decision
support systems and contribute to the growing literature on FinTech and artificial intelligence in financial
services.

Model Performance

Among the models tested, RF consistently delivered the highest prediction accuracy (95.15%), recall
(90.50%), and AUC (0.991), with error rates well below acceptable thresholds. This performance supports
earlier findings by Zeng et al. (2017) and Chen et al. (2021), who demonstrated the robustness of ensemble
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methods in loan classification and credit approval tasks. RF’s ability to manage nonlinearity and variance
through bagging and tree aggregation makes it especially effective in handling imbalanced and
multidimensional data—common characteristics in investor behavior datasets. y contrast, the lower
performance of Logistic Regression (LR), Support Vector Machines (SVM), and Artificial Neural
Networks (ANN) represent a divergence from studies like Wu et al. (2019) and Lusinga et al. (2021), which
reported competitive performance from these models in loan approval prediction. This divergence
underscores the importance of application context: models that perform well in platform-level approval
may not generalize to the investor funding stage. For example, ANN performance in this study may have
been constrained by training data limitations or insufficient model depth, factors less prevalent in platform-
side datasets but more critical in investor decision modeling.

Investor Identity and Second-Tier Decision Support

Investor behavior in P2P lending is heterogeneous, shaped by individual risk preferences, financial goals,
and interpretations of borrower attributes. This study proposes that a second-tier ML system, trained on
historical funding outcomes, can serve as a proxy for investor identity patterns that are otherwise difficult
to model explicitly. By aligning model predictions with observed funding behavior, the system implicitly
captures shared investor preferences without requiring explicit investor profiling. This approach builds on
conceptual insights from Yan et al. (2018), who emphasized the need for systems that bridge platform
evaluation criteria and investor trust formation. The high performance of the RF model suggests that ML
can identify recurring traits of loans that, while creditworthy, are unlikely to attract investor support. These
include potentially “soft” features such as borrower occupation, income range, or regional lending trends—
variables that investors may weigh differently than platform algorithms. By modeling this identity-driven
divergence, the proposed system helps reconcile platform and investor evaluations.

Practical Implications for P2P Lending Platforms
The integration of ML-based decision support at the investor stage offers several benefits for P2P platforms:

e Improved efficiency: Reducing the volume of unfundable loan listings streamlines investor
navigation and shortens decision cycles.

¢ Enhanced user experience: Investors receive more targeted recommendations, and borrowers face
less frustration from platform-approved but investor-rejected listings.

e Stronger platform credibility: By aligning platform approval with funding likelihood, platforms
may improve investor trust and borrower satisfaction.

For practitioners, these findings indicate that deploying an ensemble-based prediction system can reduce
manual screening tasks and improve the overall funding ratio—key metrics for platform growth and
sustainability.

Contributions to Information Systems Literature

This study contributes to the growing body of information systems research on intelligent financial
technologies by introducing a second-tier predictive framework that models investor behavior, not just
borrower creditworthiness. It also illustrates how data balancing techniques such as SMOTE can improve
model training on real-world class-imbalanced datasets. These contributions extend existing work on Al-
driven decision support systems by focusing on decentralized financial ecosystems and investor behavior
modeling. It also contributes to the growing body of literature on Al in FinTech by addressing a relatively
underexplored area: the second-stage decision-making process in P2P lending. While prior studies have
focused primarily on loan approval prediction at the platform level, this study shifts the focus to investor
behavior and the likelihood of funding. The findings align with and extend previous work (e.g., Zeng et al.,
2017; Chen et al., 2021) by demonstrating that ensemble models like Random Forest not only perform well
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in traditional credit scoring but also in decentralized lending platforms.

Limitations

Although SMOTE was effective for addressing data imbalance, future studies should explore advanced
resampling methods such as Borderline-SMOTE, ADASYN, or GAN-based oversampling to improve
realism in synthetic data generation. Furthermore, while this study evaluated four widely used ML models,
expanding the model set to include XGBoost, LightGBM, and explainable Al tools (e.g., SHAP, LIME)
could improve interpretability and adoption in real-world applications.he dataset used in this study was
sourced exclusively from the Prosper platform. While Prosper is one of the major players in the P2P lending
space, its borrower demographics, platform policies, and investor behaviors may not be representative of
the broader P2P industry. Future studies should consider multi-platform datasets to improve validity and
generalizability.

Conclusion and Future Research

This study addresses predicting whether a loan will be funded after platform-level approval using machine
learning. These findings indicate that ML can serve as a valuable tool for investors by helping them identify
loans with a higher likelihood of funding and improving the overall efficiency of P2P lending platforms.
The study contributes to the literature by addressing the P2P lending from the investor-level funding
perspective rather than the platform-level loan approval. It also highlights the importance of model selection
and data balancing techniques in achieving reliable predictions in imbalanced datasets.

There are several areas for future research. First, expanding the dataset to include additional P2P platforms
would enhance the validity of the findings and allow for cross-platform comparisons. Next, the exploration
of more advanced data balancing methods could improve model robustness and generalizability. Finally,
the inclusion of additional ML models may yield further performance gains. By addressing these areas,
future research can build on the foundation of this study to develop more sophisticated, scalable, and
interpretable decision support systems for the evolving landscape of decentralized finance.
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