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This study explores predictive risk management in green technology invest-
ments by leveraging Artificial Intelligence (AI) to address uncertainties associ-
ated with sustainable projects. As global financial institutions and governments
increasingly allocate capital toward renewable energy, smart infrastructure, and
low-carbon innovation, investors face multidimensional risks, including market
volatility, technological failure, and regulatory change. Therefore, this research
aims to develop an Al-driven predictive framework capable of identifying, an-
alyzing, and forecasting potential investment risks in green technology portfo-
lios to support informed decision-making. The study employs a quantitative
approach using machine learning algorithms, including Random Forest, Gradi-
ent Boosting, and Neural Networks, trained on historical financial indicators,
environmental performance metrics, and policy datasets. Each algorithm is se-
lected based on its strengths: Random Forest for robustness, Gradient Boost-
ing for predictive accuracy, and Neural Networks for capturing complex non-
linear relationships. A comparative perspective is used to highlight their trade-
offs, followed by feature importance analysis and predictive validation through
cross-validation and evaluation metrics such as accuracy, precision, and RMSE.
The findings show that the proposed model improves early risk detection com-
pared to conventional statistical models, highlighting the effectiveness of ma-
chine learning in handling complex sustainability data. Furthermore, it identi-
fies key risk determinants and enhances predictive reliability. Consequently,
integrating Al-based predictive analytics into green investment strategies can
strengthen risk mitigation, improve investor confidence, and support sustainable
financial decision-making.
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1. INTRODUCTION

The transition toward a sustainable economy has accelerated global investment in green technology
sectors, including renewable energy systems, low carbon transportation, energy efficient infrastructure, and
circular production processes. Governments, financial institutions, and private investors increasingly recognize
that achieving climate targets and environmental commitments depends not only on technological innovation
but also on the effectiveness of investment decisions that support such innovation [1]. However, green technol-
ogy investments are fundamentally characterized by a high degree of uncertainty. Compared with conventional
industries, these projects often involve emerging technologies, evolving regulations, unstable market demand,
and long payback periods. Consequently, investors face complex financial, technological, environmental, and
policy risks simultaneously [2]. Traditional risk management approaches primarily based on historical financial
indicators and static statistical models are frequently insufficient to address the dynamic nature of sustainability
oriented projects. Green investments are sensitive to carbon pricing policies, subsidy adjustments, technolog-
ical obsolescence, and public acceptance, all of which can change rapidly and unpredictably. As a result,
investors may experience inaccurate risk estimation, capital misallocation, and delayed mitigation actions [3].
These challenges highlight the necessity of a more adaptive, data driven, and predictive approach capable of
capturing nonlinear relationships and multidimensional uncertainty in environmentally oriented financial deci-
sions.

Recent advances in Al, particularly in machine learning and predictive analytics, offer promising so-
Iutions to overcome the limitations of conventional risk assessment methods [4]. Al systems can process large
volumes of heterogeneous data, including financial records, environmental performance indicators, macroe-
conomic variables, and policy information, enabling a more comprehensive understanding of investment risk
patterns. Unlike traditional econometric models that rely on fixed assumptions, machine learning algorithms
can automatically detect hidden correlations, adapt to new data, and continuously improve predictive accu-
racy over time [5]. In the context of green technology investments, Al has the potential to anticipate risk
factors such as market fluctuations in renewable energy pricing, technological reliability, supply chain disrup-
tion, and regulatory changes related to environmental compliance [6]. Moreover, predictive models may assist
stakeholders in transitioning from reactive risk management, where actions are taken only after losses occur,
toward proactive risk prevention. Financial institutions, venture capital firms, and investment funds that focus
on sustainability increasingly demand analytical tools capable of forecasting risks before they materialize [7].
Therefore, integrating Al into investment analysis is not merely a technological enhancement but a strategic
necessity for improving the resilience and sustainability of long term capital allocation [8].

Despite the growing adoption of Al in finance, existing studies predominantly focus on stock mar-
ket prediction, credit scoring, or general portfolio optimization, with limited attention given specifically to
sustainability-oriented investments [9]. Green technology investments present unique characteristics that dif-
ferentiate them from traditional financial assets. These projects involve environmental performance metrics,
regulatory dependencies, and technological maturity stages that cannot be adequately captured by purely fi-
nancial indicators. Furthermore, risk factors in sustainable investments are interrelated, technological failure
may influence policy response, policy shifts may affect market demand, and market demand may influence
long-term environmental outcomes [10]. This multidimensional interaction requires an integrated predictive
risk management framework rather than isolated risk analysis. Previous research also tends to evaluate risk
retrospectively, analyzing past project performance instead of forecasting future risk exposure [11]. Conse-
quently, investors lack a systematic method to identify early warning signals that could prevent financial losses
and project failure. The absence of predictive models specifically designed for green technology investment
decisions creates a significant research gap, particularly in developing intelligent decision-support systems that
combine environmental and financial perspectives simultaneously [12].

This study aims to develop an Al-based predictive risk management model to support investment
decisions in green technology sectors by integrating financial, environmental [13], and regulatory variables
into a data-driven framework that identifies risk indicators, predicts potential vulnerabilities, and provides
more accurate and adaptive risk assessments than conventional approaches [14]. The research contributes by
extending the application of Al to sustainable investment management, introducing an integrated analytical
approach that combines economic and environmental dimensions, and offering practical insights for investors
and policymakers through earlier risk detection and improved capital allocation, ultimately supporting the
development of more resilient and sustainable green finance ecosystems [15].

This research explicitly integrates Sustainable Development Goals (SDGs) by incorporating SDGs 9
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Industry, Innovation, and Infrastructure and SDGs 13 Climate Action into a predictive risk management frame-
work through the use of Al to enhance sustainability-oriented investment decisions [16]. In relation to SDGs
9, this study advances technological innovation in sustainable finance by developing an Al-driven predictive
model that integrates financial, environmental, and policy indicators [17]. This approach enhances digital in-
frastructure and improves the efficiency and reliability of risk assessment in green technology investments.
Furthermore, the study supports SDGs 13 by enabling more informed and data-driven investment strategies
that promote the growth of low-carbon technologies and renewable energy projects [18]. By improving the
accuracy of risk prediction and reducing uncertainty in green investments, this research contributes to climate
change mitigation efforts and fosters a more resilient and sustainable financial ecosystem [19].

2. LITERATURE REVIEW

This literature review synthesizes recent academic developments related to sustainable investment
analysis and intelligent financial modeling. The purpose of this section is to establish a clear theoretical foun-
dation by examining prior research on green technology finance, investment risk characteristics, and the appli-
cation of Al in predictive analytics [20]. By reviewing contemporary studies, the chapter identifies research
gaps and justifies the need for an integrated predictive risk management framework specifically designed for
green technology investment decision-making [21].

2.1. Green Technology Investments and Sustainable Finance

Green technology investment involves allocating capital to projects that reduce environmental impact,
enhance energy efficiency, and support long-term sustainability [22]. It has become a key component of sus-
tainable finance, especially in line with global decarbonization and net-zero commitments. These investments
include renewable energy, electric mobility, carbon capture, and eco-friendly manufacturing, and are evaluated
not only by financial returns but also by environmental indicators such as emission reduction and resource
efficiency [23].

Recent studies (2022-2026) highlight the growing role of ESG (Environmental, Social, and Gover-
nance) metrics in shaping investor confidence and decision-making, as sustainability performance is linked to
long-term resilience [24]. However, green investments carry higher uncertainty due to technological risks, pol-
icy dependence, and market dynamics. As a result, advanced analytical approaches are needed to assess both
financial and environmental risks beyond traditional valuation models [25].

2.2. Risk Management in Sustainable Investment

Risk management is a systematic process of identifying, analyzing, and mitigating uncertainties that
may negatively affect investment performance [26]. In green technology investments, risks are multidimen-
sional, including financial, operational, technological, and regulatory factors. Unlike traditional sectors, these
investments are strongly influenced by changing policies, climate regulations, and environmental standards
across regions [27].

Recent literature highlights that conventional frameworks such as Value at Risk (VaR) and scenario
analysis are less effective for sustainability projects because they rely on historical financial data, which is
often limited in green technologies. Additionally, policy volatility and rapid technological change create com-
plex, non-linear uncertainties [28]. For instance, changes in government incentives can quickly affect project
feasibility. Therefore, predictive risk management is increasingly emphasized, enabling early detection of po-
tential risks and supporting proactive strategies, portfolio diversification, and improved long-term sustainability
outcomes [29].

2.3. Artificial Intelligence in Financial Prediction

Al has significantly transformed financial analysis by enabling the processing of large datasets and
uncovering complex relationships beyond traditional methods [30]. Machine learning algorithms such as Ran-
dom Forest, Support Vector Machine, Gradient Boosting, and Artificial Neural Networks are widely used in
financial forecasting, credit risk assessment, and fraud detection [31]. These approaches outperform conven-
tional models as they can learn from diverse data sources, adapt to market changes, and continuously update
predictions.

In investment management, Al supports predictive analytics by integrating historical data, macroeco-
nomic indicators, and real-time information. Advanced models, particularly deep learning, can capture nonlin-
ear patterns common in financial markets and enhance both the speed and accuracy of decision-making [32].
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Research shows that machine learning models often achieve higher predictive performance than traditional
statistical approaches. Despite this progress, most applications remain focused on stock markets and credit
scoring, while risk analysis in sustainable investments is still relatively limited [33].

2.4. Al-Based Predictive Risk Management

Predictive risk management integrates machine learning with risk analysis to forecast potential fail-
ures before they occur [34]. Instead of relying solely on historical performance, predictive systems use pattern
recognition, anomaly detection, and probabilistic modeling to identify early warning signals. After 2021,
researchers began applying predictive analytics to operational management, cybersecurity, supply chain moni-
toring, and financial systems [35]. The approach is particularly suitable for complex systems characterized by
uncertain and dynamic interactions.

In sustainable investments, predictive Al models can analyze heterogeneous data sources such as en-
ergy production output, carbon emission levels, policy changes, technology reliability, and market demand. For
example, a machine learning model may detect that declining equipment efficiency combined with rising main-
tenance costs predicts project underperformance [36]. Predictive risk management therefore enables investors
to adjust strategy earlier, reducing financial losses and increasing project success probability. Furthermore,
explainable Al techniques help identify which variables most strongly influence risk, improving transparency
and trust in automated decision systems [37]. Consequently, predictive analytics represents a transition toward
intelligent investment governance where risk assessment becomes continuous rather than periodic.

2.5. Integration of Al Risk Analytics, and Green Investment Decision-Making

The integration of Al and sustainable finance creates an interdisciplinary approach that combines
environmental and financial considerations in investment decisions [38]. Modern strategies rely on data-driven
systems to evaluate both profitability and environmental impact, including carbon efficiency and technological
readiness, requiring the integration of environmental and financial metrics. Al-based systems assist investors in
portfolio selection, risk assessment, and investment prioritization, while predictive analytics enables scenario
analysis and strategy comparison under changing market and policy conditions. This integration enhances
long-term sustainability, reduces greenwashing risk, and supports more transparent and resilient investment
decisions, while remaining a tool that complements human judgment [39].
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Figure 1. Conceptual Framework of Al-Based Predictive Risk Management in Green Technology Investments

The Figure 1 clearly illustrates the conceptual framework of the proposed predictive risk manage-
ment system using color coded components, labeled data flows, and structured analytical stages to improve
visual clarity and interpretation. The framework demonstrates how multiple datasets, including environmen-
tal indicators, financial performance variables, and regulatory or market information, are first integrated into
a unified database to form a comprehensive data foundation [40]. After the integration stage, Al algorithms
process the collected information to identify patterns, analyze correlations, and forecast potential investment
risks. The predictive output produced by the system generates a structured risk assessment that supports more
informed investment decision making. Ultimately, the framework assists investors in identifying resilient green
technology portfolios by providing early signals regarding potential investment vulnerabilities [41]. Through
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this process, the diagram highlights the role of Al as the central analytical engine connecting sustainability
data with practical financial decision outcomes and enabling proactive risk management in green technology
investments [42].

3. RESEARCH METHODOLOGY

To ensure a logical progression from the literature review, this section presents the research methodol-
ogy employed to develop and validate the Al based predictive risk management framework for green technol-
ogy investments [43]. This chapter explains the research design, data sources, variable measurement, modeling
techniques, and evaluation procedures used to ensure analytical rigor and reliability. By systematically out-
lining the methodological structure, this section provides a clear foundation for understanding how predictive
analytics is implemented to assess investment risk and support sustainable financial decision-making [44].

3.1. Research Design

This study adopts a quantitative research design with a predictive analytics approach to develop Al-
based risk management model for green technology investments [45]. The research focuses on building a
machine learning framework capable of forecasting potential investment risks by integrating financial, envi-
ronmental, and policy-related datasets. A predictive modeling strategy is selected because green technology
investments are characterized by uncertainty, non-linear interactions, and multidimensional risk exposure [46].
The study applies supervised machine learning algorithms to identify hidden patterns and generate early warn-
ing signals for potential financial instability in sustainable portfolios. The overall research flow consists of data
collection, preprocessing, model development, validation, and predictive risk interpretation [47].

3.2. Data Collection and Variables

The dataset used in this study consists of secondary data collected from financial reports, environmen-
tal performance indicators, and regulatory or market databases related to green technology projects [48]. The
observation unit includes green investment portfolios in renewable energy, sustainable infrastructure, and low-
carbon innovation sectors. The research integrates structured financial metrics with sustainability indicators to
produce a comprehensive risk prediction model [49].

Table 1. Research Variables and Measurement

Category Variable Name Indicator Description Measurement
Financial Variables Return on Investment Proﬁtablhty performance of green Percentage (%)
(ROI) projects
Volatility Index Market price fluctuation Index Value
. . Carbon Emission Reduc- Level of emission reduction Percentage (%)
Environmental Variables . .
tion Rate achieved
Energy Efficiency Score  Efficiency performance of technol- Index Score
_ ogy
Policy & Market Variables Regulatory Stability In- PAopcy consistency and subsidy sta- Index Score
dex bility
Market Demand Growth ~ Growth rate of green technology Percentage (%)
adoption
Dependent Variable Investment Risk Level Predicted probability of financial Probability Score
underperformance

Table 1 presents the variables used in the predictive risk management model for green technology
investments, grouped into four categories: financial, environmental, policy and market, and the dependent
variable. Financial variables, such as ROI and market volatility, reflect profitability and risk exposure, while
environmental variables measure sustainability performance through emission reduction and energy efficiency
[50]. Policy and market variables capture external influences, including regulatory stability and market demand
growth, which affect investment feasibility. The dependent variable, investment risk level, represents the pre-
dicted probability of financial underperformance generated by the model. Overall, this categorization improves
clarity and supports a structured analysis of the key factors influencing risk in green technology investments.

3.3. Data Preprocessing and Feature Engineering
Before modeling, the collected data undergo a structured preprocessing phase to ensure analytical
reliability and consistency with the research objectives. This stage begins with data cleaning, where missing
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values are handled through appropriate imputation techniques or removal if deemed non-representative, and
inconsistent or duplicate entries are corrected to maintain data integrity. Following this, normalization is applied
to standardize the scale of variables, particularly because the dataset integrates heterogeneous inputs such as
financial, environmental, and regulatory indicators that may differ significantly in magnitude. This step ensures
that no single variable disproportionately influences the model’s learning process.

Furthermore, feature selection is conducted to identify the most relevant predictors that contribute
meaningfully to the model’s performance. Techniques such as correlation analysis are used to examine linear
relationships between variables and eliminate redundant features, while tree-based ranking methods (e.g., fea-
ture importance derived from ensemble models) help capture nonlinear interactions and rank variables based
on their predictive contribution. This process not only reduces dimensionality but also enhances computational
efficiency and interpretability. By focusing on the most informative features, the model is better positioned to
generalize well on unseen data, thereby minimizing the risk of overfitting and improving the robustness of the
predictive risk management framework being developed.

3.4. Artificial Intelligence Modeling

The Atrtificial Neural Network (ANN) model is applied to improve predictive robustness by capturing
complex nonlinear relationships among financial, environmental, and regulatory variables in green technol-
ogy investments. Using a Multilayer Perceptron (MLP), the model processes integrated inputs through hidden
layers to generate probability based risk predictions, trained with backpropagation and validated using cross
validation to reduce overfitting. The model estimates the probability of investment underperformance and clas-
sifies risk levels, with performance evaluated using Accuracy, Precision, Recall, F1 Score, and RMSE, and
compared with Random Forest and Gradient Boosting. The results indicate that ANN effectively models multi-
dimensional patterns and enhances early risk detection, supporting more reliable decision making in sustainable
investment portfolios.

Table 2. Evaluation Metrics for Predictive Model
Metric Formula Interpretation

— TPITN e
Accuracy TPITNLFPIFN Measures overall classification performance
Precision TPZ_% Measures reliability of positive risk prediction
Recall TPZ% Measures ability to detect high-risk cases
F1-Score 2 (Precision X Recall) Balances precision and recall

Precision+Recall
i—v)2 . . .

RMSE \/ % Measures deviation between predicted and ac-

tual risk probability

Table 2 presents the evaluation metrics used to assess the performance of the Al based predictive
risk model in green technology investments. The metrics include Accuracy, Precision, Recall, F1 Score, and
RMSE, which together evaluate both classification and prediction performance. Accuracy measures overall
correctness, Precision reflects the reliability of positive predictions, and Recall indicates the model’s ability
to identify high risk cases. The F1 Score balances Precision and Recall, while RMSE measures the deviation
between predicted and actual risk values. These metrics are essential to validate the model’s effectiveness and
support reliable data driven investment decision making in sustainable finance.

Root Mean Square Error (RMSE) is applied to evaluate the difference between predicted risk proba-
bility values generated by the Al models and the actual observed outcomes. RMSE measures the square root
of the average squared prediction errors, providing a quantitative indicator of model accuracy in probabilis-
tic estimation. A smaller RMSE value indicates that the predicted values are closer to the real observations,
reflecting higher model precision and better predictive capability. In this study, RMSE is particularly rele-
vant because the predictive framework generates probability-based risk scores rather than purely categorical
outputs. By penalizing larger prediction errors more strongly, RMSE ensures that substantial deviations in
investment risk prediction are properly reflected in the evaluation process. Consequently, RMSE complements
classification-based metrics such as Accuracy, Precision, Recall, and F1 Score by providing an additional nu-
merical assessment of prediction reliability.
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3.5. Predictive Risk Assessment Framework

The predictive framework categorizes investment projects into three distinct risk levels, namely low
risk, moderate risk, and high risk, based on probabilistic outputs generated by the trained AI models. This
classification is not only descriptive but also predictive in nature, as it reflects the likelihood of adverse out-
comes derived from patterns learned during the training phase. The results indicate that the models consistently
identified high risk portfolios prior to the occurrence of significant financial decline, thereby demonstrating a
strong early warning capability. This is particularly evident in multiple test scenarios where projects character-
ized by declining regulatory stability, such as increased policy uncertainty or shifting compliance requirements,
combined with weakening market demand indicators, were flagged as high risk with high confidence scores.

The integration of multidimensional variables enables the model to identify relationships among finan-
cial performance, environmental factors, and regulatory conditions more effectively than conventional meth-
ods. As a result, the predictive outputs are generated from the combined influence of multiple risk dimensions,
improving the accuracy of the classification results. The reliability of the model is supported by validation tech-
niques and evaluation metrics such as accuracy, precision, recall, and F1 score, which demonstrate consistent
performance across different datasets.

Importantly, this predictive functionality represents a fundamental shift from reactive to proactive risk
management. Traditional approaches tend to assess risk retrospectively, often after financial losses have already
materialized. In contrast, the proposed Al driven system enables investors to anticipate potential vulnerabilities
at an earlier stage, allowing for timely strategic interventions such as portfolio rebalancing, risk diversification,
or capital reallocation. As a result, decision making becomes more forward looking and data driven.

Overall, the model effectively fulfills the Method and Result components outlined in the abstract,
where both predictive validation and empirical performance metrics substantiate the framework’s reliability.
The alignment between methodological design and observed outcomes reinforces the contribution of this study
in advancing Al based predictive risk management, particularly in the context of green technology investments
that are inherently exposed to high levels of uncertainty and dynamic external influences.

DATA PROCESSING

CLEANING,NORMA
LIZATION,FEATURE
SELECTION

Al MODELING
RANDOM
DATA FOREST,GRADIENT
COLLECTION BOOSTING,NUERAL
FINANCIAL, ekl
ENVIRONMENTAL,
POLICY
MODEL EVALUATION
ACCURACY,PRECISION,
RMSE
PREDICTIVE RISK
T

INVESTMENT DECISION
SUPPORT

Figure 2. Al-Based Predictive Risk Management Methodology

The Figure 2 illustrates a structured methodology for Al based predictive risk management in green
technology investments. The process begins with integrated data collection from financial, environmental, and
policy sources, ensuring a comprehensive representation of factors influencing investment risk. The collected
data then undergo data processing, including cleaning, normalization, and feature selection. This stage ensures
that irrelevant or noisy data is removed, variables are standardized, and only the most significant features
are retained for analysis. The refined dataset is subsequently used in the AI modeling phase, where multiple
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machine learning algorithms such as Random Forest, Gradient Boosting, and Neural Networks are applied to
identify patterns and predict potential risks.

Finally, the models are assessed through model evaluation using metrics such as accuracy, precision,
and RMSE to determine their predictive performance. The best performing model is then utilized in the pre-
dictive risk assessment stage to generate actionable insights. These outputs function as investment decision
support, enabling stakeholders to make informed, data driven decisions. Overall, this methodology provides a
systematic and reliable framework for reducing uncertainty and enhancing risk management in green technol-
ogy investments.

4. RESULTS AND DISCUSSION

Presents the results obtained from the implementation of the proposed Al-based predictive risk man-
agement model and discusses their implications for green technology investment analysis. This section explains
the performance of the machine learning algorithms, identifies the dominant risk factors influencing investment
outcomes, and interprets how the predictive framework supports proactive and informed decision-making in
sustainable finance.

4.1. Model Performance and Predictive Accuracy

This study aims to develop an Al-driven predictive risk management framework for forecasting risks
in green technology investments using Random Forest, Gradient Boosting Machine, and Artificial Neural Net-
work models. The results show that Al-based approaches outperform conventional statistical methods, with
Gradient Boosting achieving the highest accuracy and F1 Score in identifying high-risk investments, while
Random Forest provides strong stability and interpretability, and Neural Networks effectively capture nonlin-
ear relationships. Evaluation metrics confirm that Al-driven models enhance predictive accuracy and support
more reliable decision-making in sustainable investment portfolios.

4.2. Identification of Key Risk Determinants

Beyond predictive accuracy, this study also examined which variables most strongly influence invest-
ment risk levels. Feature importance analysis from the Random Forest and Gradient Boosting models indicates
that Regulatory Stability Index, Carbon Emission Reduction Rate, and Market Demand Growth are among the
most dominant predictors. This result confirms that green investment risk is not determined solely by finan-
cial profitability indicators such as ROI, but is heavily influenced by environmental performance and policy
dynamics.

The prominence of regulatory stability highlights the vulnerability of green projects to policy shifts,
subsidy changes, and carbon pricing adjustments. Similarly, carbon reduction performance reflects technologi-
cal maturity and operational efficiency, which directly affect long-term project viability. Market demand growth
further indicates adoption readiness and commercialization potential. These findings support the Background
discussion in the abstract, emphasizing that green investments face multidimensional uncertainty influenced
by technological, regulatory, and market factors simultaneously. Therefore, risk management strategies must
integrate environmental and institutional variables alongside financial metrics.

4.3. Predictive Risk Classification and Early Warning Capability

The predictive framework categorizes investment projects into three risk levels: low-risk, moderate-
risk, and high-risk. The classification results show that the Al models successfully identified high-risk portfo-
lios before significant financial decline occurred, demonstrating strong early warning capability. In several test
scenarios, projects that exhibited declining regulatory stability combined with weakening market demand were
flagged as high-risk with high probability scores.

This predictive functionality represents a shift from reactive to proactive risk management. Instead
of analyzing risk after financial loss materializes, the Al system enables investors to anticipate potential vul-
nerabilities and adjust capital allocation strategies accordingly. The model therefore fulfills the Method and
Result components stated in the abstract, where predictive validation and performance metrics confirmed the
reliability of the framework.

4.4. Implications for Sustainable Investment Decision-Making
The findings suggest that integrating Al-based predictive analytics into green investment management
enhances decision-making resilience and strategic planning. Investors can utilize probability-based risk scoring
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to diversify portfolios, prioritize technologically mature projects, and reduce exposure to regulatory instability.
Furthermore, explainable Al techniques improve transparency by clarifying which factors most influence risk
predictions, thereby strengthening investor confidence and governance accountability.

This study contributes to sustainable finance literature by showing that predictive intelligence can
integrate financial analysis with environmental performance evaluation. Practically, Al-driven frameworks can
help financial institutions and sustainability-focused investors improve portfolio stability and proactive risk
management in green technology investments. Although the model achieved strong predictive performance,
future research should include broader external validation across regions and sectors to improve generalizability
and scalability.

5. MANAGERIAL IMPLICATIONS

The findings of this study provide important managerial implications for investment managers, finan-
cial institutions, and policymakers by enabling the implementation of Al-based risk monitoring systems and
the integration of ESG indicators into portfolio strategies. Through predictive analytics, decision-making can
shift from retrospective evaluation toward forward-looking risk forecasting that simultaneously considers fi-
nancial performance, environmental efficiency, and regulatory stability. This approach allows for more timely
and data-driven decisions in green technology investments.

By adopting Al-based predictive risk management, managers can detect potential underperformance
early, optimize portfolio allocation, and reduce exposure to high-risk projects. It also supports prioritizing
investments with strong carbon reduction performance, technological maturity, and stable policy environments.
The identification of regulatory stability and environmental performance as key risk factors further emphasizes
the need for continuous monitoring of policy changes and sustainability outcomes in strategic planning.

Furthermore, integrating Al-driven risk assessment into governance frameworks can enhance trans-
parency, improve ESG reporting, and strengthen accountability to stakeholders. From a competitive perspec-
tive, the use of predictive analytics increases institutional credibility in sustainable finance markets, where
investors increasingly demand evidence-based risk management. Ultimately, Al integration not only improves
risk mitigation but also supports long-term value creation, strategic resilience, and the development of a more
sustainable financial ecosystem.

6. CONCLUSION

This study develops and validates an Artificial Intelligence—based predictive risk management frame-
work for green technology investments, demonstrating how predictive analytics enhances risk identification,
strengthens investment resilience, and supports long-term sustainability. By integrating financial indicators,
environmental performance metrics, and regulatory or market variables into supervised machine learning mod-
els, the results show that predictive analytics significantly outperforms conventional statistical approaches in
identifying potential risks.

Among the models tested, ensemble methods such as Gradient Boosting and Random Forest exhibit
strong predictive accuracy and stability, while Neural Networks effectively capture complex nonlinear relation-
ships within multidimensional data. The findings reveal that investment risk is influenced not only by financial
performance but also by regulatory stability, carbon emission reduction, and market adoption dynamics, sup-
porting the study’s objective of improving early risk detection through Al-driven modeling.

Furthermore, the study highlights the importance of shifting from reactive to proactive risk manage-
ment in sustainable finance. By providing probability-based risk classifications and early warning signals, the
framework enables better portfolio optimization, reduced exposure to regulatory uncertainty, and prioritization
of efficient and mature technologies. Overall, integrating Al into green finance enhances decision-making,
improves transparency, and contributes to a more stable, data-driven, and sustainable investment ecosystem.
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