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Abstract

Peer-to-peer (P2P) lending platforms generate substantial volumes of borrower information, which
complicates efficient investment decision-making. This study evaluates a Heterogeneous Ensemble
Learning (HEE) framework that integrates Random Forest (RF), Support Vector Machine (SVM), and
Artificial Neural Network (ANN) classifiers to predict funded and unfunded loan outcomes. Utilizing
105,666 Prosper loan records from 2018 to 2022, the framework was assessed using accuracy,
precision, recall, F-measure, and area under the receiver operating characteristic curve (AUC). The HEE
framework demonstrated superior predictive performance compared to individual models and reduced
unnecessary investor review of loan listings. In addition to predictive accuracy, the framework serves
as a decision-support tool by ranking approved loan listings based on their likelihood of receiving
funding, thereby facilitating more efficient investment screening. These results highlight the potential
of HEE to improve decision support in digital financial platforms and enhance the efficiency of investor
loan evaluation.
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1. INTRODUCTION

Peer-to-peer (P2P) lending platforms have transformed consumer lending by enabling individual
investors to directly finance borrowers through online marketplaces (Arner et al., 2015; Gomber et al.,
2018; Emekter et al., 2015). Unlike traditional lending, where financial institutions make lending
decisions internally, P2P platforms require investors to evaluate large numbers of approved loan listings
to determine which opportunities to fund (Goukasian & Ullman, 2018; Guo et al., 2016). As the volume
of available loans increases, identifying attractive investment opportunities becomes more difficult,
creating information overload and increasing the effort required for effective decision making (Babaei &
Bamdad, 2020).

Artificial intelligence (AI) and machine learning have become important decision-support tools for
financial applications, including credit scoring, default prediction, fraud detection, and risk assessment
(Ala'raj & Abbod, 2016; Khandani et al., 2010; Lessmann et al., 2015). However, financial datasets
frequently contain nonlinear relationships, noisy variables, missing values, and class imbalance, limiting
the ability of individual machine learning algorithms to consistently generalize across lending scenarios
(Fernandez et al., 2018; Chawla et al., 2002).

Ensemble learning addresses these limitations by combining multiple learning algorithms to improve
predictive performance and robustness (Rokach, 2010; Zhou, 2012). In particular, Heterogeneous
Ensemble Learning (HEE) integrates fundamentally different machine learning models whose
complementary strengths reduce the weaknesses associated with individual classifiers (Ala'raj & Abbod,
2016; Brown, 2010). Prior research has demonstrated that heterogeneous ensembles often outperform
standalone models when applied to complex financial prediction problems (Li et al., 2018; Xia et al.,
2018).

Although machine learning has been widely applied to credit evaluation and default prediction,
considerably less attention has been given to predicting whether an approved loan will ultimately receive
investor funding (Guo et al., 2016; Babaei & Bamdad, 2020). In P2P lending, approval represents only
the first step in the lending process; a loan must also attract sufficient investor interest before it is
funded. This funding decision depends on multiple factors, including borrower characteristics, loan
attributes, perceived risk, and expected return (Emekter et al., 2015). Despite its practical importance,
predicting loan funding outcomes has received relatively limited attention in the literature. Predicting
this second-stage outcome has important implications for improving investor efficiency and reducing
information overload.

To address this gap, this study evaluates a HEE framework that integrates Random Forest (RF), Support
Vector Machine (SVM), and Artificial Neural Network (ANN) classifiers to predict funded and unfunded
loans using data from a major U.S. P2P lending platform. The proposed framework is compared with its
constituent machine learning models using multiple performance measures and statistical validation
techniques.

This study makes two primary contributions. First, it examines the relatively understudied problem of
predicting loan funding outcomes rather than traditional credit approval or default prediction. Second,
it demonstrates that combining diverse machine learning algorithms provides a more effective decision-
support framework for identifying approved loans that are unlikely to receive investor funding, thereby
helping investors focus on more promising lending opportunities.

RQ: Can a HEE framework more accurately identify approved loans that are unlikely to receive investor
funding than individual machine learning models, thereby supporting more efficient investor decision
making?
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The remainder of this paper is organized as follows. The next section reviews the literature on P2P
lending, investor decision support, and HEE before presenting the study's research hypothesis. The
methodology section describes the dataset, model development, and evaluation procedures. The results
section presents empirical findings, followed by a discussion of the study's contributions, limitations,
and future research directions.

2. LITERATURE REVIEW
2.1 P2P Lending and Investor Decision Support

P2P lending platforms have transformed consumer and small-business lending by directly connecting
borrowers with individual investors through digital marketplaces (Arner et al., 2015; Gomber et al.,
2018). Unlike traditional financial institutions, where trained loan officers evaluate credit applications
and make lending decisions on behalf of the institution, P2P platforms shift much of the investment
decision to individual investors (U.S. Bank, 2022; Goukasian & Ullman, 2018). Once a loan is approved
using proprietary credit-assessment algorithms, investors determine which approved loans to finance
based on the information provided for each listing. This decentralized model expands access to credit
while creating new investment opportunities for individual investors seeking attractive returns
(Srinivasan & Kamalakannan, 2018).

Although P2P lending platforms provide borrower characteristics, credit scores, loan attributes, and
platform-generated risk ratings, investors are often presented with hundreds or thousands of
simultaneously available loan listings (Goukasian & Ullman, 2018). As the number of available loans
increases, investors must efficiently identify promising opportunities while avoiding loans unlikely to
attract sufficient funding. Unlike traditional lending, where the primary objective is determining borrower
creditworthiness, P2P investors allocate limited time and attention across already-approved loans.
Consequently, investor decision making centers on filtering, prioritization, and portfolio selection rather
than loan approval.

2.2 HEE Models

HEE integrates multiple machine learning algorithms with distinct learning mechanisms into a unified
predictive framework. In contrast to homogeneous ensembles, which combine classifiers from the same
algorithmic family, heterogeneous ensembles utilize algorithmic diversity to enhance predictive
accuracy, decrease reliance on individual models, and improve generalization performance (Ala'raj &
Abbod, 2016; Brown, 2010; Zhou, 2021). Empirical studies indicate that heterogeneous ensembles often
surpass individual classifiers in complex financial prediction tasks, as different algorithms identify
complementary patterns within the data (Munmun & Booker, 2021; Xia et al., 2018). Therefore, HEE
represents an effective framework for decision-support applications involving nonlinear, high-
dimensional, and imbalanced financial datasets.

2.3 RF within the HEE Framework

RF contributes a robust tree-based ensemble method grounded in bagging and variance reduction. RF
is commonly categorized within the decision-tree family of machine learning models (Akkizidis &
Stagars, 2015) and is considered a homogeneous ensemble because it combines multiple classifiers of
the same algorithmic type built from different subsets of the data (Kunapuli, 2023).

Within an HEE, RF provides stability against overfitting, strong performance with nonlinear relationships,
and resilience to noisy or imbalanced borrower characteristics. These capabilities complement the
margin-based optimization of SVM and the nonlinear learning capacity of ANN, making RF an important
contributor to overall ensemble performance.

2.4 SVM within the HEE Framework

SVM introduces a fundamentally different decision mechanism into the ensemble. SVM is a supervised
learning algorithm that identifies an optimal separating hyperplane between classes (Noble, 2006;
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Suthaharan, 2016). Its ability to maximize class separation margins makes it particularly effective for
high-dimensional financial datasets where borrower attributes exhibit complex decision boundaries.

Within the HEE framework, SVM contributes geometric precision that complements RF's tree-based
decision structure and ANN's nonlinear pattern recognition.

2.5 ANN within the HEE Framework

ANNs add deep nonlinear learning capability to the ensemble. ANNs process input data through multiple
interconnected layers that learn complex nonlinear relationships among variables (Gurney, 2018). Their
ability to approximate complex functions and capture subtle interactions among borrower characteristics
makes them particularly valuable for financial decision making.

ANN models have become increasingly common in loan-funding and credit-risk prediction because of
their ability to model highly complex relationships that may not be captured by traditional machine
learning approaches. Within an HEE, ANN contributes representational depth that complements RF's
interpretability and SVM's margin-based optimization.

2.6 Synergistic Value of RF, SVM, and ANN in a HEE

The effectiveness of HEE depends on combining classifiers with complementary learning characteristics.
Because different algorithms capture different patterns and exhibit distinct error behaviors, integrating
diverse learners can improve predictive performance and generalization compared with relying on a
single classifier (Brown, 2010; Kuncheva, 2004; Rokach, 2010; Zhou, 2012). The strength of a
heterogeneous ensemble lies in combining these complementary learning mechanisms rather than
relying on any single algorithm. RF contributes robustness through variance reduction, SVM provides
effective margin-based classification, and ANN contributes nonlinear pattern recognition. Together,
these complementary capabilities produce a more stable and accurate prediction framework than the
individual models operating independently (Ala'raj & Abbod, 2016).

Prior research supports this approach. Munmun and Booker (2021) reported that an HEE selected the
strongest of its component models more than 85% of the time, while Xia et al. (2018) found
heterogeneous stacking models significantly outperformed several state-of-the-art benchmark models.
These findings provide strong empirical support for integrating RF, SVM, and ANN into a heterogeneous
ensemble for loan-funding prediction.

The central research question of this study is:

RQ: Can a HEE framework more accurately identify approved loans that are unlikely to receive investor
funding than individual machine learning models, thereby supporting more efficient investor decision
making?

H1: The HEE framework more accurately identifies funded and unfunded P2P loan listings than the
standalone RF, SVM, and ANN models, thereby reducing the number of unfunded loans investors must
review.

3. METHODOLOGY

This study employs a quantitative predictive analytics approach to evaluate a HEE framework for
predicting funded and unfunded loans within P2P lending platforms. The methodology includes data
collection, preprocessing, class balancing, model development, validation, and statistical evaluation. All
analyses were conducted in R using standard machine learning libraries to implement the RF, SVM, ANN,
and HEE models.

3.1 Decision-Support Framework Development

The proposed framework supports investor decision making by identifying approved loans with a low
probability of receiving investor funding. Rather than replacing investor judgment, the model serves as
an intelligent filtering mechanism that reduces the number of loans requiring manual evaluation while
allowing investors to focus on higher-probability funding opportunities.

©2026 ISCAP (Information Systems and Computing Academic Professionals) Page 4
https://iscap.us/proceedings/



2026 Proceedings of the ISCAP Conference ISSN: 2473-4901
Asheville, NC v12 n6813

The framework consists of three stages. First, borrower and loan characteristics are extracted from
approved loan listings. Second, these characteristics are processed by the HEE model to estimate each
loan's probability of receiving investor funding. Finally, the predicted outcomes classify loans as either
likely or unlikely to receive funding, allowing low-probability loans to be filtered or deprioritized during
investor review.
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Figure 1. Proposed Decision-Support Framework

3.2 Ensemble Framework Development

The HEE framework was developed using a stacking ensemble approach based on the methodology
described by Nanglia et al. (2022). In this approach, the predictions generated by three standalone
machine learning algorithms are used as inputs to a second-level stacking model, which produces the
final funded or unfunded loan classification.

The proposed HEE integrates RF, SVM, and ANN classifiers selected for their complementary learning
characteristics. As discussed in the literature review, these algorithms employ fundamentally different
classification strategies, allowing the ensemble to leverage algorithmic diversity while reducing
dependence on any individual model.

The ensemble was developed to classify funded and unfunded loans within a P2P lending environment.
By integrating tree-based learning (RF), margin-based classification (SVM), and nonlinear pattern
recognition (ANN), the ensemble exploits the complementary strengths of the individual classifiers to
improve predictive performance and classification consistency while reducing false-positive
classifications compared with standalone models.
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3.3 Data Collection and Population

The dataset was obtained from the Prosper P2P lending platform and consisted of approved loan listings
made available to investors between 2018 and 2022. This period was selected because determining
whether approved loans ultimately received investor funding required manually matching publicly
available SEC EDGAR listing reports with corresponding sales reports. The final dataset initially contained
105,666 loan observations with borrower and loan attributes including loan amount, Prosper score, FICO
score, borrower rate, employment status, debt-to-income ratio, credit history, revolving balance, loan
term, occupation, and funding status.

Records with substantial missing data were removed, resulting in a final dataset of 104,460
observations, including 87,086 funded loans and 17,374 unfunded loans. The research sample was
manually collected from SEC EDGAR filings and organized in Microsoft Excel. Prosper files two relevant
reports: a loan listing report containing information on listed loan applications and a sales report
identifying loans that were funded. The two reports were compared and matched to identify funded and
unfunded loans. Because the dataset required extensive manual construction through SEC EDGAR
matching, the study was limited to loans issued between 2018 and 2022.

3.4 Data Preparation and Resampling

Descriptive statistics were used to examine continuous variables. Variables with substantial skewness
underwent transformation, including logarithmic and cube-root methods as appropriate, to reduce
skewness and enhance data quality for model development.

The dataset was randomly divided into training (70%) and testing (30%) subsets, following a widely
adopted sampling strategy (Jaafari et al., 2019). To address class imbalance, the Synthetic Minority
Oversampling Technique (SMOTE) was applied exclusively to the training subset, resulting in a balanced
50:50 distribution between funded and unfunded loans. The testing subset maintained its original class
distribution and was reserved solely for model evaluation. Three-fold cross-validation was conducted on
the balanced training subset to enhance model generalizability and minimize sampling bias (Valavanis
& Kosmopoulos, 2010). SMOTE was chosen because it generates synthetic minority-class observations
instead of duplicating existing records, thereby reducing the risk of overfitting and improving the model's
capacity to learn minority-class patterns (Chawla et al., 2002; Fernandez et al., 2018).

3.5 Model Evaluation and Statistical Analysis

Model performance was evaluated using Accuracy, Precision, Recall, Specificity, F-measure, Area Under
the Receiver Operating Characteristic Curve (AUC), Type I Error, and Type II Error.

4. RESULTS

The predictive performance of the proposed HEE model was compared with the standalone RF, SVM,
and ANN classifiers using multiple classification thresholds and evaluation metrics. Across all thresholds,
the HEE model consistently demonstrated superior overall performance, particularly in classification
accuracy, recall, F-measure, and overall predictive reliability (Table 1).
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Model | Threshold Acc Pre Recall Spe F mes AUC TIE TIIE

SVM 0.5 0.62 | 0.61995| 0.60 | 0.63376 | 0.60847 | 0.66 0.20 | 0.18312
SVM 0.6 0.60 | 0.68582 | 0.37 | 0.82903 | 0.48337 | 0.66 0.31 | 0.08548
SVM 0.7 0.53 | 0.77062 | 0.09 | 0.97391 | 0.15740 | 0.63 0.46 | 0.01304
ANN 0.5 0.60 | 0.64445 | 0.44 | 0.75830 | 0.52161 | 0.64 0.28 | 0.12085
ANN 0.6 0.59 | 0.65872 | 0.37 | 0.81067 | 0.47008 | 0.65 0.32 | 0.09467
ANN 0.7 0.57 | 0.67952 | 0.25 | 0.88453 | 0.35997 | 0.64 0.38 | 0.05774
RF 0.5 0.95 | 0.99785 | 0.91 | 0.99805 | 0.94918 | 0.99 0.05 | 0.00098
RF 0.6 0.92 | 0.99959 | 0.84 | 0.99966 | 0.91202 | 0.95 0.08 | 0.00017
RF 0.7 0.90 | 0.99994 | 0.80 | 0.99995 | 0.89145 | 0.95 0.10 | 0.00002
HEE 0.5 0.98 | 0.99656 | 0.97 | 0.99666 | 0.98182 | 0.99 0.02 | 0.00167
HEE 0.6 0.98 | 0.99856 | 0.95 | 0.99862 | 0.97483 | 0.99 0.02 | 0.00069
HEE 0.7 0.97 | 0.99908 | 0.95 | 0.99913 | 0.97227 | 0.99 0.03 | 0.00044

Table 1. Summary results for validating data model performance

At the 0.50 classification threshold, the HEE model achieved an accuracy of 98.21%, compared to
95.15% for RF, 61.56% for SVM, and 59.82% for ANN (see Table 2). HEE improved accuracy by
approximately 3.1 percentage points over the strongest standalone classifier (RF) and by more than 36
percentage points over both SVM and ANN. Similar improvements were observed across the remaining
evaluation metrics. The HEE model achieved a precision of 99.66%, recall of 96.75%, specificity of
99.66%, and an F-measure of 98.18%, demonstrating excellent balance between identifying funded
and unfunded loans. Although RF also performed well, its recall (90.50%) and F-measure (94.92%)
remained below those achieved by HEE. In contrast, SVM and ANN exhibited substantially lower
predictive performance, with F-measures of 60.85% and 52.16%, respectively.

The Area Under the Receiver Operating Characteristic Curve (AUC) further highlights the effectiveness
of the proposed ensemble framework. HEE achieved an AUC of 0.99779, approaching perfect
discrimination between funded and unfunded loans. RF also demonstrated excellent discrimination with
an AUC of 0.99119, whereas SVM and ANN achieved considerably lower values of 0.66217 and 0.64327,
respectively. Although the numerical difference between HEE and RF appears modest, it is meaningful
because AUC evaluates predictive performance across all classification thresholds rather than at a single
decision point. The near-perfect AUC achieved by HEE indicates exceptional ranking capability, an
important characteristic in financial decision-support applications where the cost of misclassification can
be substantial.

Error-rate analysis provides additional evidence of the robustness of the ensemble approach. HEE
produced the lowest Type I Error rate (1.63%) among the evaluated models, compared with 4.75% for
RF, 20.13% for SVM, and 28.10% for ANN. This represents approximately a 66% reduction in Type I
Error relative to RF and more than a 90% reduction relative to both SVM and ANN. Although RF achieved
a slightly lower Type II Error rate (0.098%) than HEE (0.167%), both rates were exceptionally small,
indicating that each model was highly effective at identifying funded loans. Overall, the substantially
lower Type I Error produced by HEE, combined with its superior accuracy, recall, F-measure, and AUC,
suggests that the ensemble provides the most balanced and reliable classification performance among
the evaluated models. Relative to RF, the HEE model reduced false positive classifications by
approximately 66%, while substantially outperforming both SVM and ANN (see Table 2).
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RF (0.04748)

HEE(0.00167)>
RF (0.00098)
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Acc Pre | Recall | Spe
HEE(0.98)> HEE(0.997)< HEE(0.96750)> HEE(0.99666)<
RF (0.95) RF (0.998) RF (0.90504) RF (0.99805)
HEE(0.98208)> HEE(0.99656)> HEE(0.96750)> HEE(0.99666)>
SVM (0.62) SVM (0.61995) SVM (0.59741) SVM (0.63376)
HEE(0.98)> HEE(0.99656)> HEE(0.96750)> HEE(0.99666)>
ANN(0.60) ANN(0.64445) ANN(0.43811) ANN(0.75830)
F-mes AUC TIE 'TIIE

HEE(0.98182)>
SVM (0.60847)

HEE(0.99779>
SVM (0.66217)

HEE(0.01625)<
SVM (0.20130)

HEE(0.00167)<
SVM (0.18312)

HEE(0.98182)>
ANN(0.52161)

HEE(0.99779)>
ANN(0.64327)

HEE(0.01625)<
ANN(0.28095)

HEE(0.00167)<

ANN(0.12085)

Table 2: Comparison of HEE and SVM, ANN, RF (Threshold 0.5)
BOLD indicates HEE >

4.1 Model Suitability Evaluation

Suitability measures were developed based on literature. For this study, machine learning algorithm
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; Li et al., 2017; Orji et al., 2022). The model suitability evaluation further validated the
effectiveness of the proposed framework at the selected threshold of 0.50.

As shown in Table 3, only the RF and HEE models satisfied all suitability requirements. Among the
evaluated models, HEE achieved the highest overall performance, with an accuracy of 98.21%, precision
of 99.66%, recall of 96.75%, specificity of 99.67%, F-measure of 98.18%, and an AUC of 0.9978.
Furthermore, HEE maintained very low error rates, with a Type I Error of 1.63% and a Type II Error of
0.17%. While RF also met all suitability criteria, its performance was consistently lower than HEE across
most evaluation metrics. In contrast, SVM and ANN failed to meet the minimum suitability thresholds,
particularly in accuracy, recall, F-measure, AUC, and error-rate measures. These findings indicate that
the proposed HEE framework provides the most effective and reliable approach for predicting loan
funding outcomes within the analyzed dataset.

Despite its superior predictive performance, the HEE model required more than 12 hours of training
using an HP 17-by4061nr laptop equipped with an Intel Core i5-1135G7 processor, 8 GB RAM, a 512
GB SSD, and Windows 11 Home, with R as the programming platform. In comparison, the standalone
models required approximately 2-4 hours of training.

Model Performances

voaer | Accz | Prex | Recall | spex | L, | nof [Tres| L EiS
s . . > 0.85 0.85 0.85 to 1 0.10 0.10

RF 0.9515 0.9978 0.9050 0.9980 0.9491 | 0.9911 | 0.0475 | 0.0009 Yes
SVM 0.6155 0.6199 | 0.59741 | 0.6337 | 0.6084 | 0.6621 | 0.2013 | 0.1831 No
ANN 0.5982 0.6444 | 0.43811 | 0.7583 0.5216 | 0.6432 | 0.2809 | 0.1209 No
HEE 0.9820 0.9965 | 0.96750 | 0.9966 0.9818 | 0.9977 | 0.0163 | 0.0017 Yes

Table 3. Models Suitability Evaluation

In practical terms, this means both the RF and HEE are suitable models for the goal of making investor
decision making more efficient. Table 4 focuses on the confusion matrix for those two models.
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To illustrate the practical decision-support outcomes of the proposed framework, Table 4 presents the
confusion matrix generated from aggregated out-of-fold predictions obtained through three-fold cross-
validation on the complete original dataset (N = 104,460). Each loan observation was classified when it
served as a validation observation during the cross-validation process. Synthetic observations generated
using SMOTE were included only during model training to address class imbalance and were excluded
from the reported confusion matrix. Therefore, Table 4 summarizes the classification outcomes for the
original loan observations and should be interpreted as a cross-validated summary of the model's
performance on the original dataset.

Decision-Support Outcome HEE RF

Funded loans correctly retained 86,826 86,911
Unfunded loans correctly filtered 14,538 8,651

Unnecessary investor reviews (False
Positives)

Missed funded loans (False Negatives) 260 175
Table 4. Confusion Matrix

2,836 8,723

As shown in Table 4, the HEE framework correctly identified 14,538 loans that remained unfunded,
exceeding the 8,651 correctly identified by the RF model. The HEE framework reduced the number of
unnecessary investor reviews from 8,723 to 2,836 loan listings, representing a reduction of
approximately 67.5% relative to the strongest standalone model. From a decision-support perspective,
this finding suggests that investors using the proposed framework would spend considerably less time
evaluating loans that ultimately fail to attract sufficient investor funding.

This improvement was accompanied by a small increase in missed funded loans. The HEE framework
incorrectly classified 260 funded loans as unlikely to receive funding, compared with 175 for the RF
model, an increase of 85 loans across the entire dataset. Although this represents a slight increase in
potentially overlooked investment opportunities, the tradeoff is accompanied by the elimination of 5,887
unnecessary loan evaluations. These findings indicate that the heterogeneous ensemble framework
achieves a favorable balance between filtering efficiency and preservation of viable investment
opportunities. The desirability of this tradeoff ultimately depends on investor preferences. Investors
seeking to minimize the possibility of overlooking any funded loan may prefer a more conservative
filtering strategy, whereas investors who prioritize reducing search effort and information overload may
find the HEE framework particularly beneficial.

The findings support H1. The hypothesis "H1: The HEE framework more accurately identifies funded and
unfunded P2P loan listings than the standalone RF, SVM, and ANN models, thereby reducing the number
of unfunded loans investors must review.” is accepted. Addressing the research question “RQ: Can a
HEE framework more accurately identify approved loans that are unlikely to receive investor funding
than individual machine learning models, thereby supporting more efficient investor decision making?”,
the results suggest that a HEE does more accurately identify approved loans that are unlikely to receive
investor funding.

In addition to enhancing predictive performance, the proposed HEE framework advances Information
Systems research by serving as a decision-support tool for investor loan screening. Instead of replacing
human decision making, the framework ranks approved loan listings based on their predicted funding
outcomes. This prioritization enables investors to concentrate on loans with a higher probability of
receiving sufficient funding and reduces the time spent on listings unlikely to be funded. This approach
illustrates how machine learning can improve decision quality and increase the efficiency of information
processing in digital financial platforms by converting extensive borrower data into actionable
investment insights.
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5. RESEARCH LIMITATIONS AND FUTURE RESEARCH
5.1 Limitations

Several limitations should be considered when interpreting the findings of this study. First, the proposed
HEE model was evaluated using a static historical dataset and therefore does not account for temporal
changes in borrower behavior, investor preferences, economic conditions, or platform policies that may
influence funding outcomes over time. As these conditions evolve, model performance may also change.

Second, although the HEE model demonstrated excellent predictive performance, the study emphasized
classification accuracy rather than model interpretability. Like many ensemble approaches,
heterogeneous ensembles operate as complex decision systems whose predictions may be difficult to
explain to investors, borrowers, and regulatory stakeholders. This limitation may affect adoption in
environments where transparency and explainability are important.

Third, the analysis was limited to borrower and loan characteristics available in the Prosper dataset.
Other factors, including investor sentiment, macroeconomic conditions, behavioral indicators, and
external market signals, were not incorporated and may further improve predictive performance.

Finally, this study focused on predictive effectiveness rather than operational deployment. Issues such
as computational scalability, implementation costs, integration with existing lending platforms, and long-
term maintenance were beyond the scope of this research.

5.2 Future Research

Future research should evaluate heterogeneous ensemble models using longitudinal and real-time
lending data to better understand their ability to adapt to changing market conditions and investor
behavior. Such studies would provide insight into the long-term stability and resilience of AI-driven
decision-support systems. Future work should also investigate explainable Al techniques, including
SHAP, LIME, and feature attribution methods, to improve model transparency and increase user
confidence in automated funding recommendations.

Finally, additional research should examine the practical implementation of HEE models within
operational fintech environments. Evaluating deployment costs, computational scalability, regulatory
considerations, user acceptance, and organizational impact would provide valuable guidance for
translating HEE from research into practice.

6. CONCLUSIONS

This study evaluated the effectiveness of a HEE framework for predicting loan funding outcomes within
P2P lending platforms. The results demonstrate that integrating RF, SVM, and ANN models into a single
ensemble provides more accurate and reliable predictions than the corresponding standalone classifiers.

Among the evaluated models, the HEE framework consistently achieved the strongest overall
classification performance, producing higher accuracy, recall, F-measure, and AUC while maintaining
very low classification error rates. More importantly, the ensemble substantially reduced the number of
approved loans requiring investor review, demonstrating its practical value as a decision-support tool
rather than simply a predictive model.

The findings also highlight the importance of algorithmic diversity in financial prediction. By combining
complementary learning mechanisms, heterogeneous ensembles reduce dependence on individual
classifiers and provide more robust and consistent predictions across complex lending data.

From an Information Systems perspective, this research extends prior work by addressing the relatively
understudied problem of predicting investor funding outcomes rather than borrower creditworthiness or
loan default. The results suggest that HEE can improve decision support by helping investors more
efficiently identify promising lending opportunities while reducing information overload.
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As Al continues to transform financial services, HEE offers a practical and effective framework for
enhancing predictive analytics and supporting more informed investment decisions within modern
fintech platforms.
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