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Abstract

Objective: In the process of constructing a monitoring model for photovoltaic
project investment risks, this study proposes a systematic selection scheme for
identifying big data application monitoring indicators for internet finance plat-
forms, and validates it using actual cases.

Method: Employing a big data monitoring model, multi-source heterogeneous
data from the Solarbao platform was integrated. Expert judgment served as the
basis for project investment risk analysis. CHAID decision trees were utilized
to induce multi-dimensional monitoring indicator combinations, while R-Q type
factor analysis was applied to extract key indicators for investment risk identi-
fication.

Results: Eight indicator combinations for monitoring photovoltaic project in-
vestment risks and ten key indicators for identifying investment risks were ob-
tained.

Limitations: The specialized indicators in the R-Q type factor analysis require
further subdivision and the establishment of a dynamic update mechanism.

Conclusion: This selection scheme satisfies the indicator collection requirements
of big data monitoring models and provides valuable reference for investors
evaluating photovoltaic project risks, platforms screening suitable projects, and
regulatory authorities detecting systemic risks in this sector.
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Abstract

[Objective] This study proposes a systematic selection scheme for big data
application monitoring indicators for internet financial platforms in the context
of constructing a photovoltaic project investment risk monitoring model, and
verifies it through a real-world case. [Methods] We applied a big data mon-
itoring model to integrate multi-source heterogeneous data from the Solarbao
platform, used expert judgment as the basis for project investment risk anal-
ysis, employed CHAID decision trees to induce multi-dimensional monitoring
indicator combinations, and utilized R-Q factor analysis to extract key indi-
cators for identifying investment risks. [Results] The analysis yielded eight
monitoring indicator combinations for photovoltaic project investment risk and
ten key indicators for risk identification. [Limitations] The professional indica-
tors in the R-Q factor analysis require further refinement and a dynamic update
mechanism. [Conclusions] The proposed selection scheme meets the indica-
tor collection requirements of big data monitoring models and offers valuable
insights for investors assessing photovoltaic project risks, platforms screening
suitable projects, and regulators identifying systemic risks in this domain.
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2. Construction of Big Data Monitoring Model for Photo-
voltaic Project Investment Risk

The application environment of a big data monitoring model constitutes an
important foundation for selecting monitoring indicators. This study adopts
the Solarbao platform as the application environment for the monitoring model.
Solarbao is an internet-based financial service platform operating on a physical
asset leasing model, specializing in photovoltaic project financing leases with nu-
merous investment projects, making it an ideal research subject. The platform
combines features of crowdfunding and financial leasing: investors purchase
solar panels through the platform and entrust them to a leasing company that
rents the panels to power generation enterprises. These enterprises then use elec-
tricity sales revenue and government subsidies to pay the lease fees. Throughout
this process, customers never physically handle the solar panels but receive re-
turns through periodic rental payments—an upfront investment followed by later
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returns—thereby imbuing the platform with internet finance characteristics. The
application environment for the photovoltaic project investment risk big data
monitoring model is illustrated in [Figure 1: see original paper].

As shown in [Figure 1: see original paper|, the Solarbao platform serves as
an information intermediary between photovoltaic projects and investors. In-
formation regarding financing targets, power station operators, operating condi-
tions, and government subsidies is displayed through the platform, revealing the
fundamental conditions for project financing and subsequent operations. This
provides the basis for selecting photovoltaic project investment risk monitor-
ing indicators and forms the data foundation for the big data monitoring model.
The photovoltaic project investment risk big data monitoring model is presented
in [Figure 2: see original paper].

The model features a hierarchical information aggregation architecture. Risk
monitoring based on this architecture involves four steps: (1) Data extraction
and preprocessing. We employ a GoldenGate-based method for extracting multi-
source heterogeneous data, capturing data in real-time from platform online logs
and storing it in Trail format files. This step also addresses issues such as missing
data and outliers. (2) Data-level aggregation. We utilize Hadoop’ s MapReduce
parallel computing framework to accelerate data loading. The framework auto-
matically aggregates and sorts data, outputting final results to a SQL Server
database and information assistance system. The MapReduce framework en-
hances data loading speed, providing technical support for real-time, dynamic
data acquisition in the big data monitoring model. (3) Information-level ag-
gregation. Data mining techniques are applied to select photovoltaic project
investment risk monitoring indicators in real-time and dynamically, presenting
multi-dimensional correlations and key characteristics of risk monitoring indica-
tors and proposing similarity matching schemes for specific risk types. Previous
studies on project risk identification have employed various data mining tech-
niques, including association rules, Kano models, Kansei engineering, CHAID
decision trees, and R-Q factor analysis. A comparison of these techniques ap-
pears in .

As shows, association rules are unsuitable for risk judgment extraction and ex-
hibit high model complexity; Kano models focus more on extracting customer
preferences for project risks; Kansei engineering lacks the capacity to handle
multi-dimensional data; CHAID decision trees and R-Q factor analysis are rel-
atively applicable. These methods can use expert judgment as the basis for
project investment risk analysis, employ CHAID decision trees to dynamically
induce multi-dimensional monitoring indicator combinations, and utilize R-Q
factor analysis to dynamically extract key risk identification indicators. HBase
offers efficient distributed concurrent processing, easy scalability, and dynamic
flexibility. Consequently, we store the foundational data for data mining in
one-dimensional or multi-dimensional forms in HBase, supporting real-time, dy-
namic analysis by the data mining engine while responding to multi-condition
rapid combination queries in data monitoring. Hive backs up the foundational

chinarxiv.org/items/chinaxiv-201711.02021 Machine Translation


https://chinarxiv.org/items/chinaxiv-201711.02021

ChinaRxiv [$X]

data to facilitate offline computation and indicator optimization. (4) Decision-
level aggregation. We establish an index mechanism for monitoring indicators
in HBase, enabling low-latency, dynamic extraction of monitoring data during
data import. A Join engine then establishes mapping relationships between risk
types and cross-table data to monitor photovoltaic project investment risks in
real-time. Through these steps, we construct a big data application monitoring
model with dynamic monitoring processes and real-time results.

3.1. Using CHAID Decision Trees to Induce Multi-
Dimensional Monitoring Indicator Combinations

CHAID decision trees (Chi-square Automatic Interaction Detection Decision
Trees) feature supervised feature extraction and description capabilities. The
fundamental concept involves spontaneously constructing decision rules from
training datasets to classify other datasets. Each non-leaf node represents a
feature attribute, each branch represents the output value of this attribute, and
each leaf node stores a class. Rule formation begins at the root node, testing the
feature attributes of items to be classified and selecting branches based on chi-
square test results from the CHAID algorithm until reaching a leaf node, which
stores the final classification result. Since CHAID algorithms use chi-square test
results as branching criteria, decision tree pruning is unnecessary.

Based on basic information from Solarbao platform photovoltaic projects, this
study uses CHAID decision trees to dynamically induce multi-dimensional moni-
toring indicator combinations. As shown in [Figure 3: see original paper], basic
information refers to project details displayed in the Solarbao platform’ s in-
vestable project list interface. We define these as basic indicators, comprising
annualized return, product unit price, investment lock-up period, and interest
payment method.

Each basic indicator contains two attribute types representing decision tree
branches, while project investment risk type represents leaf nodes, including
low-risk, medium-risk, and high-risk categories, as detailed in .

presents a sample of Expert Judgment Questionnaire A for photovoltaic project
investment risk. If an expert considers a photovoltaic project with annualized
return $ $7%, product unit price $ $2,000 RMB, lock-up period $ $90 days, and
lump-sum principal and interest payment at maturity as low-risk, they would
mark “LR” in the questionnaire.

3.2. Using R-Q Factor Analysis to Extract Key Monitoring
Indicators

R-Q factor analysis (R-Q Mode Factor Analysis) is a multivariate statistical
method combining R-type and Q-type factor analysis. Due to the dual re-
lationship between these two approaches, variable points and sample points
can be projected onto the same factor space, with sample point types conve-
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niently explained by neighboring variable points. This dual relationship has
been mathematically proven, allowing Q-type results to be derived from R-type
results through orthogonal transformation—a mathematical process known as
correspondence analysis. In a uniformly scaled factor space, the proximity be-
tween sample points and variable points on the correspondence analysis graph
indicates the degree of explanation provided by that variable factor.

Based on basic and professional information from Solarbao platform photo-
voltaic projects, this study employs R-Q factor analysis to dynamically extract
key indicators for identifying project investment risks. In the example shown in
[Figure 4: see original paper], professional information refers to financing details
that appear after clicking on any project in the Solarbao platform’ s investable
project list. We define these as professional indicators, including photovoltaic
project operator information, construction progress schedules, relevant qualifi-
cations, and project security safeguards. Variable points consist of both basic
and professional indicators, as listed in .

Sample points represent project investment risk types, including low-risk,
medium-risk, and high-risk categories. provides a sample of Expert Judgment
Questionnaire B for photovoltaic project investment risk. If an expert believes
that indicator A1, “higher annualized investment return,” characterizes medium-
risk and high-risk photovoltaic projects, they would check the corresponding
options.

During questionnaire administration, if power sector experts encounter difficul-
ties understanding specialized financial terminology in Questionnaires A and B,
survey administrators provide detailed explanations to ensure accurate compre-
hension. Based on the survey results, we obtain expert judgments and statistical
data on project investment risks, then apply CHAID decision trees and R-Q fac-
tor analysis to extract multi-dimensional monitoring indicator combinations and
key indicators from expert judgments, thereby supporting the selection of big
data monitoring indicators for project investment risk.

4. Empirical Analysis and Results Discussion

We distributed 85 copies of Questionnaire A and 32 copies of Questionnaire B
to participating experts. We recovered 68 valid Questionnaire A responses (80%
valid response rate). Since each Questionnaire A contains 16 judgment results,
the CHAID decision tree modeling sample size was 1,088. We recovered 30 valid
Questionnaire B responses (approximately 93.8% valid response rate). With 12
judgment results per Questionnaire B, the R-Q factor analysis sample size was
360.

4.1. Summarizing Multi-Dimensional Monitoring Indicator Combi-
nations Based on CHAID Decision Tree

The CHAID decision tree achieved an overall classification accuracy of 66.9%,
with low-risk project classification accuracy at 84.2%, medium-risk at 45%, and
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high-risk at 70.2%. The decision tree generated eight decision rules, presented
in .

In , the eight decision rules follow an “if-then” format. For example, Rule
1 states: If a photovoltaic project’ s annualized return $ $7%, product unit
price $ $2,000 RMB (or >2,000 RMB), lock-up period $ $90 days, and inter-
est payment method is monthly interest payment, the project is classified as
low-risk. Rule 2 states: If annualized return >7%, product unit price >2,000
RMB, lock-up period >90 days, and interest payment method is lump-sum
principal and interest payment at maturity (or monthly interest payment), the
project is classified as high-risk. In these rules, each risk type is characterized
by four monitoring indicators, yielding eight multi-dimensional monitoring indi-
cator combinations based on the CHAID decision tree.

4.2. Extracting Key Monitoring Indicators Based on R-Q Factor
Analysis

presents the aggregated expert judgment results from Questionnaire B and the
R-Q factor analysis outcomes. The aggregated expert judgment results show
the percentage of experts who checked each indicator for each risk type relative
to the total number of returned questionnaires. The R-Q factor analysis results
indicate the correlation between monitoring indicators and project investment
risk types, measured by chi-square values.

Based on the R-Q factor analysis results, the correspondence analysis graph of
project investment risk types and monitoring indicators is shown in [Figure 5:
see original paper].

Three key findings emerge: (1) Low-risk projects cluster with indicators A4, A7,
A8, A10, A11, and A12, indicating that projects with higher interest payment
frequency, longer lessee company establishment duration, more complete lessee
company qualifications, larger expected annual power generation during the
project term, greater proportion of per-kWh subsidies in electricity sales price,
and richer on-site photos are classified as low-risk. (2) High-risk projects cluster
with indicators A1, A2, A3, and A5, suggesting that projects with higher annu-
alized investment returns, higher financing product unit prices, longer lock-up
periods, and longer total project investment periods are classified as high-risk.
(3) For medium-risk project identification, based on chi-square statistical signif-
icance, indicators A3 and A10 show chi-square values of 0.8 and 0.9 respectively
for medium-risk type, while indicators A6 and A9 also exhibit positive chi-square
values. We therefore classify these four indicators as auxiliary monitoring indi-
cators for medium-risk projects.

Further analysis reveals: (1) Higher annualized investment returns, higher
financing product unit prices, and longer lock-up periods indicate high-risk
projects, consistent with Rule 2 from the CHAID decision tree. (2) Higher
interest payment frequency indicates low-risk projects, consistent with Rules
1 and 5 from the CHAID decision tree. This demonstrates that three rules
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from the CHAID decision tree model are validated by the R-Q factor analysis
results, confirming the reliability of the selection scheme.

Conclusion

Selecting appropriate monitoring indicators represents a core challenge in con-
structing photovoltaic project investment risk monitoring models for internet
financial platforms. This study built a real-time, dynamic big data monitoring
model for photovoltaic project investment risk and proposed a corresponding in-
dicator selection scheme. By integrating multi-source heterogeneous data from
the Solarbao platform and using expert judgment as the basis for risk analy-
sis, we employed CHAID decision trees to induce multi-dimensional monitoring
indicator combinations and R-Q factor analysis to extract key risk identifica-
tion indicators. The research yielded eight “if-then” style monitoring indicator
combinations and ten key indicators for photovoltaic project investment risk,
demonstrating the scheme’s feasibility and compliance with model requirements.
The validation of three CHAID decision tree rules through R-Q factor analysis
confirms the scheme’ s reliability. The limitation lies in the need for further
refinement and dynamic updating of professional indicators in the R-Q factor
analysis.

Currently, internet finance in the power new energy sector plays an increasingly
important role in photovoltaic project financing, though accumulating credit
risks among financing entities cannot be ignored. Strengthening photovoltaic
project investment risk monitoring has become an objective necessity and urgent
priority for promoting sustainable, healthy development of internet finance in
this domain. The proposed big data monitoring indicator selection scheme ad-
dresses practical risk monitoring needs, providing a valuable tool for investors to
assess project risks, platforms to screen suitable projects, and regulators to iden-
tify systemic risks, thereby possessing both theoretical significance and practical
value.
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