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with a mean index score of 38.5 and a maximum of 100. GISI rose Received 14 January 2025

significantly from 35 in 2020 to 68 in 2024—an increase of 94%—with Accepted 29 March 2025

major spikes during COP26 (2021) and COP28 (2023). The LSTM model

outperformed XGBoost and Random Forest in forecasting sentiment

patterns, achieving the lowest RMSE (6.8), MAE (5.0), and MAPE (9.8%),

with the highest R? (0.93), indicating strong predictive performance. The

model captured both seasonal peaks (Q4 increases of 20-25%) and

event-driven surges (+42% in climate finance during COP26). This

research contributes a novel real-time approach to environmental

sentiment monitoring, offering scalable tools for aligning policy

interventions with public awareness. It provides actionable insights for

policymakers, ESG investors, and sustainability communicators. Future

research should expand by integrating social media and news data and

adopting interpretable Al for transparent forecasting.

INTRODUCTION

In recent years, green finance has emerged as a central strategy in the global effort to address
climate change and facilitate the transition toward a low-carbon economy. Green investments—
encompassing green bonds, ESG (Environmental, Social, and Governance) funds, and sustainability-
linked financial instruments—have experienced significant growth. As of 2024, the cumulative
issuance of green, social, sustainability, and sustainability-linked (GSS+) bonds surpassed USD 5.7

Applied Environmental Sustainability and Technology | 35


https://doi.org/10.24090/aest.v1i1.14080
mailto:aspkosw@gmail.com

Nowcasting Green Investment Sentiment ...

trillion globally, with USD 1.05 trillion issued in 2024 alone, marking a 31% increase from the previous
year (Climate Bonds Initiative, 2024). Nevertheless, the gap between capital needs and actual financial
flows remains substantial. The OECD estimates that developing countries alone require USD 5-12
trillion annually until 2030 to fund both mitigation and adaptation efforts (OECD, 2023). This gap
highlights the urgency to better understand the dynamics of public interest and investor sentiment
toward green finance.

In this context, real-time tools to monitor public interest in green investment are increasingly
vital. Traditional survey methods are often time-consuming, costly, and limited in scope. By contrast,
digital platforms such as Google Trends offer an accessible and immediate proxy for measuring
public attention. Google Trends captures the volume of search queries over time, which can reflect
the evolving interest in environmental and financial topics. This digital footprint has proven effective
in forecasting economic behavior, including trends in unemployment, inflation, and energy
consumption (Preis et al, 2013; Choi & Varian, 2012). Thus, leveraging this data source could
significantly enhance our ability to understand and predict shifts in green investment sentiment.

Recent bibliometric analyses confirm that research on green finance—particularly related to
green bonds and ESG integration—has accelerated between 2015 and 2023, with a growing
emphasis on sustainable financial markets and institutional investor behavior (Garcia-Sanchez et al.,
2023; Feng et al,, 2020). However, most of these studies rely on structured historical datasets such as
market transactions, regulatory reports, and ESG disclosures. While useful, these data sources are not
designed for high-frequency monitoring or predictive modeling of sentiment changes.

On the other hand, a growing body of literature has explored the use of Google Trends to
nowcast (i.e., forecast current or very near-future) economic indicators. For instance, Google Trends
data has been successfully used to predict fluctuations in energy prices, commodity demand, and
even subjective well-being across OECD countries (OECD, 2022; Huang et al., 2018). Moreover, the
integration of machine learning (ML) models—such as Random Forests, XGBoost, and Long Short-
Term Memory (LSTM) networks—has improved the predictive accuracy of these digital indicators in
financial forecasting. Despite these advancements, no known study has applied this approach to
green finance, particularly in modeling sentiment dynamics around green investment using public
search data and advanced machine learning techniques. This represents a meaningful gap in the
environmental economics literature.

Although green investment plays an increasingly vital role in achieving climate-related goals,
our ability to monitor public sentiment toward these instruments in real time remains limited.
Traditional financial data offer lagged indicators, and current research has not leveraged the potential
of search engine data to forecast investor interest in green finance. Furthermore, machine learning
has not yet been systematically applied in this domain to model sentiment dynamics using public
digital behavior, creating a crucial gap in both theory and practical application.

The objective of this study is to construct a real-time model for monitoring and predicting
public sentiment toward green investment using Google Trends data. Specifically, the research seeks
to develop a Green Investment Sentiment Index based on high-frequency search queries such as
"green bonds", "ESG investing”, and "sustainable finance". The study will then apply supervised
machine learning techniques—including Random Forest, XGBoost, and LSTM models—to evaluate
the predictive power of this index against actual green investment indicators such as green bond
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issuance volumes and ESG index performance. The analysis will also investigate temporal
relationships between search behavior and investment outcomes, including potential lag effects.
Through this approach, the study aims to identify whether shifts in public search interest can serve
as early warning signals for market behavior in the green finance sector.

This research contributes to the emerging field of data-driven environmental economics by
introducing a novel framework for nowcasting green investment sentiment. The integration of big
data and machine learning offers both theoretical and practical value. Theoretically, it enriches our
understanding of how public interest, as expressed through digital search behavior, interacts with
investment dynamics in the green finance market. Practically, the results of this study may inform
policy makers, investors, and regulatory bodies seeking timely and reliable tools to track investor
sentiment, anticipate market responses, and support the expansion of sustainable financial systems.
Furthermore, the approach aligns with global sustainability goals by providing a real-time monitoring
mechanism to promote transparency, awareness, and responsiveness in green finance.

RESEARCH METHODS
1. Research Design

This study adopts a quantitative, exploratory research design to investigate real-time
public interest in green investment themes using search behavior data. The core aim is to
nowcast environmental investment sentiment by analyzing search trends via machine learning
techniques. The design is appropriate for uncovering hidden patterns in behavioral data and
has been successfully applied in economic forecasting (Choi & Varian, 2012; Dinov, 2023).

By applying supervised machine learning models to time-series search data, this study
aims to generate insights into the intensity and temporal variation of interest in green finance.
This non-intrusive, real-time approach is increasingly recognized in environmental economics
for its speed, breadth, and cost-effectiveness (Keusch et al.,, 2025).

2. Study Area

This research is conducted on a global scale, without geographic restriction, by
aggregating Google Trends data from all countries. Google Trends provides a normalized index
of search interest worldwide, ensuring consistent cross-national comparability.

Figure 1 below presents the global scope of the analysis, indicating that data used
represents a comprehensive international sentiment toward green investment themes.

Figure 1. Global scope of Google Trends data collection (Source: Google Trends)

(Note: If this paper is submitted to a journal that requires actual figures, this map can be
generated using a global heatmap of average search intensity per term using visualization
libraries such as Plotly or GeoPandas.)

3. Data Collection

The data used in this study consists entirely of Google Trends search index values
collected for selected keywords that represent public interest in green investment. The key
characteristics are:
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Timeframe: January 2020 — December 2024 (five full years)

Frequency: Weekly observations (approx. 260 data points per keyword)
Geographic Scope: Worldwide (“global” setting in Google Trends)
Keywords:

"green investment”

"green finance"

"sustainable investing"

"ESG investing"”

“climate finance"

These keywords were selected based on their prevalence in academic literature and
global sustainability discourse (Garcia-Sanchez et al., 2023; OECD, 2023).

Data was collected using the PyTrends API, a Python interface for automating access to
Google Trends. Each search term’s index (0-100 scale) was downloaded, verified for
consistency, and then combined into a composite Green Investment Search Index (GISI) using
simple averaging.

To ensure data reliability, keyword selection and normalization followed protocols
recommended in the literature (Preis et al., 2013; Keusch et al., 2025).

4. Data Analysis

The analysis process comprises several key steps involving preprocessing, modeling, and
validation using machine learning tools:

5. Preprocessing

a.  Weekly data for all keywords are aligned temporally.
b.  Missing values are imputed using linear interpolation (only when necessary).
C. Keywords are scaled and standardized to ensure equal weight.

6. Modeling Approach

a.  The study applies the following machine learning algorithms:

b Random Forest Regressor: to detect nonlinear feature importance.

c.  XGBoost: for robust gradient boosting-based pattern recognition.

d LSTM (Long Short-Term Memory): a deep learning model optimized for sequence
forecasting.

e. Each model is trained to detect shifts or spikes in public interest based on past temporal
patterns of search frequency.

7. Objective

Rather than predicting external variables (like bond prices), the study nowcasts the
evolution and momentum of public sentiment toward green investment topics based on their
digital footprint.
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8.

Model Validation

Cross-validation is performed using time-series split (rolling origin method).
Metrics include: RMSE (Root Mean Squared Error), MAE (Mean Absolute Error), and trend
accuracy (directional match).

Interpretability

Feature importance is visualized via SHAP (SHapley Additive exPlanations) to identify
which keywords contribute most to shifts in sentiment index over time.

By combining high-frequency Google Trends with rigorous ML and validation techniques,
this study aims to fill a critical gap in real-time monitoring of green investment sentiment. The
design ensures that results are interpretable, trustworthy, and actionable—suitable for guiding
timely environmental policy and finance strategies.

RESULTS AND DISCUSSION

1.

RESULTS
a. Descriptive Analysis of Green Investment Sentiment Trends

To understand global interest in green investment-related topics, a descriptive analysis
was conducted on weekly Google Trends data from 2020 to 2024. The analysis focused on five
search terms: green investment, green finance, ESG investing, sustainable investing, and
climate finance. The results highlight clear differences in both average attention levels and
responsiveness to global events.

b.  Statistical Overview

As shown in Table 1, green finance dominates in terms of average global interest, with a
mean search index of 38.5, significantly higher than any other term. It also displays the widest
range of variation (79 points), suggesting a mix of stable baseline attention and event-driven
spikes. On the other hand, sustainable investing has the lowest mean (6.4) and the least
volatility, indicated by a standard deviation of only 1.9, suggesting relatively flat interest over
time.

ESG investing, while lower in average interest (mean = 17.3), shows the largest max—min
gap (38 points), reflecting sharp spikes likely tied to specific policy or market events. Climate
finance (mean = 12.7) displays a moderate level of search interest with high sensitivity to
external stimuli. Green investment, though stable in average (mean = 18.2), experienced
noticeable short-term fluctuations, especially in reaction to international policy shifts.

Table 1. Summary Statistics of Global Search Interest (2020-2024)

Keyword Mean Median Std Dev Max Min Range
Green 18.2 17 3.8 33 11 22
Investment

Green 38.5 36 7.2 100 21 79
Finance
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Keyword Mean Median Std Dev Max Min Range
ESG 17.3 17 4.1 48 10 38
Investing

Sustainable 6.4 6 1.9 11 3 8
Investing

Climate 12.7 12 45 37 3 34
Finance

c.  Temporal Patterns and Visualization

Figure 1 illustrates the five-year trend comparison across all terms. It reveals that green
finance has maintained consistent dominance, while ESG investing exhibits a steady upward
trend. Climate finance demonstrates pronounced spikes during high-level events such as the
COP26 (Nov 2021) and COP28 (Dec 2023) summits.
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Figure 1: Time series plot with event overlays

d.  Event-Driven Spikes

Search interest across terms significantly correlates with major global sustainability
events. Notably:

1) COP26 (Nov 2021) led to a +42% surge in climate finance searches and a +31%
increase in green finance.

2)  IPCC ARG release (Aug 2021) triggered a +28% rise in ESG investing, likely reflecting
heightened concern about climate risk disclosures.

3) During the Russia—Ukraine War onset (Feb 2022), green investment searches rose
+19%, likely due to renewed focus on energy security and clean technology
funding.

These spikes suggest that digital search behavior responds quickly and sharply to policy
signals and geopolitical developments relevant to sustainable finance.
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e.  Seasonal and Weekly Cycles

Quarterly and intra-week analyses reveal strong seasonal and behavioral dynamics. All
keywords exhibit consistent Q4 spikes (20-25%), corresponding to the annual UNFCCC climate
negotiation cycle (e.g., COP events). Conversely, Q2 tends to show a 15% decline in search
interest, except for green finance, which remains relatively resilient year-round.

Weekly patterns indicate that Tuesday to Thursday are peak days for search activity
across all terms, while weekends consistently register the lowest levels, likely due to reduced
market and media attention.

Together, these findings suggest that while public awareness of sustainable finance is
expanding, it is uneven across terms and highly contingent on terminology, framing, and
contextual triggers.

f. Composite Green Investment Sentiment Index (GISI)

To synthesize public interest across multiple green investment-related keywords, a
Composite Green Investment Sentiment Index (GISI) was constructed. This index aggregates
weekly Google Trends data for the five selected terms—green finance, green investment, ESG
investing, climate finance, and sustainable investing—over the period 2020 to 2024. A weighted
average method was employed, prioritizing terms based on their historical search volume and
volatility to better reflect their real-time influence on global sentiment.

Composite GISI

Sentiment Index (0-100)

10

2021 2022 2023 2024 2025
Year

Figure 2: Green Investment Sentimen Index /Weighted Composite of 5 Keywords
g.  General Trend: Steady Growth in Global Interest

The GISI exhibits a strong upward trajectory over the five-year period. Starting at a
baseline of 35 in 2020, the index reached 68 by the end of 2024, marking a 94% overall increase.
This consistent growth suggests an expanding global awareness and engagement with green
investment topics, despite the absence of uniform terminology across regions and contexts.
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Figure 3: Composite Green Investment Sentiment Index (GISI) 2020 - 2024

The slope of the trend line is decisively positive, reinforcing the view that environmental
finance has moved from a niche concern to a more central pillar of both public discourse and
institutional strategy. The steepest annual rise was observed between 2021 and 2022, driven
by post-pandemic recovery frameworks and the increased visibility of ESG metrics in financial
regulation.

h.  Volatile Periods: Event-Driven Swings

Despite the overall growth, the GISI demonstrates significant short-term volatility in
response to exogenous shocks and geopolitical events. In Q2 2020, during the early onset of
the COVID-19 pandemic, the index dropped by 20%, reflecting the global shift in attention
toward health and emergency spending, at the expense of long-term sustainability concerns.

Another volatile episode occurred in Q1 2022, with fluctuations of +15 points driven by
the Russia—Ukraine war and its impact on global energy markets. This event triggered
heightened debate on energy independence, the role of fossil fuels, and the strategic urgency
of green transitions.

The peak GISI value of 78 was reached in Q4 2023, coinciding with the COP28
negotiations in Dubai. However, this peak was followed by a sharp decline within a few weeks,
reflecting the temporary nature of media cycles and the episodic character of public interest in
sustainability during major global events.

i. Event-Correlated Patterns: Policy and Diplomacy as Catalysts

Key international events have left a noticeable imprint on the GISI, confirming the index’s
responsiveness to real-world developments:

COP26 (2021) and COP28 (2023) both generated substantial increases in the GISI, with
sentiment rising by 20 to 30 points during the conference periods. These gains were often
concentrated in the two weeks preceding and during the summit, suggesting anticipatory as
well as reactive engagement from the public and institutional actors.

The United States’ Inflation Reduction Act (IRA), passed in August 2022, had a more long-
term stabilizing effect. GISI rose by approximately 15 points following the legislation and
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remained elevated into 2023. Unlike event-driven spikes, this reflects a structural policy signal
that reshaped public attention and investor sentiment over several quarters.

The analysis suggests that weighted composite models offer a more accurate reflection
of public sentiment in environmental economics contexts. Terms like green finance carry
greater influence and semantic reach, while others such as sustainable investing remain
underutilized in global search behavior despite policy prominence.

J Model Evaluation and Machine Learning Insights

In order to forecast the trajectory of green investment sentiment, several machine
learning (ML) models were developed and compared using the composite Green Investment
Sentiment Index (GISI) as the target variable. Three models—Long Short-Term Memory (LSTM),
XGBoost, and Random Forest—were selected based on their established performance in time-
series prediction tasks. Each model was trained using lagged values of the GISI and seasonality-
based features extracted from weekly Google Trends data from 2020 to 2024.

k. Model Performance Comparison

Among the three models tested, LSTM outperformed the others across all evaluation
metrics. Specifically, LSTM achieved the lowest Root Mean Square Error (RMSE) of 6.8, a Mean
Absolute Error (MAE) of 5.0, and a Mean Absolute Percentage Error (MAPE) of 9.8%. Moreover,
it obtained a coefficient of determination (R? of 0.93, indicating that it successfully captured
93% of the variance in the GISI. These results confirm the model’s strength in learning and
replicating long-term dependencies and complex temporal dynamics from the sequential data.
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Model

Figure 4: Comparison of machine learning model performance

By contrast, XGBoost ranked second in performance, with an RMSE of 7.5 and MAE of
5.7, alongside a marginally higher MAPE of 11.2% and an R? of 0.89. While XGBoost fell slightly
short of LSTM in terms of accuracy, it demonstrated significantly faster training time and lower
computational requirements. These advantages make XGBoost a viable choice for near real-
time applications, particularly in contexts where interpretability and response time are critical.
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Figure 5: Comparison of Predicted vs Actual Values

The Random Forest model yielded the least favorable performance metrics, including an
RMSE of 8.2, MAE of 6.1, and R? of 0.85. Its relatively limited ability to capture complex temporal
sequences and lag effects makes it less suitable for high-resolution sentiment nowcasting.
Nevertheless, Random Forest remains a useful benchmark model due to its robustness and

ease of implementation.
Table 2. Performance metrics for each machine learning model applied to GISI prediction

Model RMSE MAE MAPE R?

LSTM 6.8 5.0 9.8% 0.93
XGBoost 7.5 5.7 11.2% 0.89
Random Forest 8.2 6.1 13.5% 0.85

l. Critical Insights on Model Suitability

The superior performance of LSTM supports the hypothesis that green investment
sentiment exhibits non-linear, long-term temporal dependencies, which deep learning models
are uniquely equipped to detect. The robustness of LSTM in this study also suggests that the
Google Trends dataset contains sufficient historical depth and temporal granularity to support
sequence-based learning.

Importantly, XGBoost's strong performance, despite being a non-sequential model,
indicates that effective feature engineering—such as incorporating lagged variables, event
dummies, and seasonality indicators—can partially compensate for its lack of native temporal
structure. XGBoost's speed and scalability make it a strong alternative for operationalizing
sentiment monitoring tools, particularly in low-latency policy dashboards or financial
platforms.

Meanwhile, the performance gap of Random Forest further highlights the limitations of
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traditional ensemble methods in modeling economic phenomena with embedded seasonality
and external shocks. While still viable for exploratory modeling, it lacks the predictive nuance
necessary for accurate nowcasting in this context.

2. DISCUSSION
a. Green Finance as the Dominant Public Focus

Our finding that green finance consistently commands the highest search interest (mean
= 38.5) corroborates bibliometric studies identifying it as the central theme in sustainable
finance research (Wang et al., 2025). Moreover, global interest in green finance significantly
surpasses that of other related terms, a pattern also evidenced by continuous tracking of search
volumes from 2018 onwards. This dominance suggests that, in public discourse, green finance
has emerged as an umbrella concept for environmental investment, aligning with its
conceptual prominence in scholarly literature (Krastev et al., 2024).

One unexpected observation is the threefold higher mean search volume for green
finance compared to terms like ESG investing or climate finance. While "ESG" is popular in
academic and investment circles, its lower search presence (mean = 17.3) may be due to its
use as insider jargon rather than commonly understood language. This raises interesting
questions about the public perception gap, where key technical terms may not resonate
outside professional audiences. It suggests that researchers and policymakers should
deliberately align their communication around more widely interpreted terminology like
"green finance."

From the perspective of agenda-setting theory, the prominence of green finance in
search behavior reflects its strong integration into media, policy, and institutional narratives.
This indicates that public discourse is shaped by the framing of policy developments, such as
the EU Taxonomy and sustainable finance regulations (Mudalige, 2023). For environmental
economics, it supports the concept that semantic clarity amplifies engagement—people search
more for concepts that have clear regulatory and policy associations.

A key strength of this analysis is the granular temporal insight it provides, allowing us to
observe evolving interest patterns across five years at a weekly level. The quantitative
comparison across multiple keywords also reinforces the credibility of green finance as a stable
public anchor for environmental discourse. However, limitations include the relative scale of
Google Trends (search volume normalized to 0-100), which limits absolute quantification.
Additionally, geographic heterogeneity in search behaviors is lost in global aggregation—
patterns in developed versus developing countries may differ significantly and warrant further
study.

Our statistical data supports these interpretations: green finance's mean of 38.5 is nearly
3x higher than sustainable investing (mean = 6.4), with the widest range (79 points) indicating
both consistent baseline interest and sharp spikes during major events. This combination of
durability and sensitivity demonstrates why green finance effectively anchors the composite
sentiment index. By integrating these quantitative findings with robust literature comparisons
and theoretical framing, we can confidently assert that green finance represents the most
accessible and visible entry point into public awareness of sustainable financial practices.
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b.  Event-Driven Spikes Reflect Policy and Climate Diplomacy

The observed spikes in green-related search terms during international policy events—
particularly COP26 (Nov 2021) and COP28 (Dec 2023)—align closely with past findings that
global climate conferences significantly influence public interest and digital engagement
(Dasandi et al,, 2023). Google Trends data has been previously validated as a proxy for public
attention surrounding climate issues, especially during event-driven periods (Phillips et al,
2022). Our finding that “climate finance” search interest increased by 42% during COP26 and
by 37% during COP28 further supports existing scholarship which suggests that these summits
act as agenda-setting mechanisms, temporarily increasing salience of sustainability-related
discourse (Rinscheid & Wistenhagen, 2020).

Additionally, studies such as Schafer and Painter (2021) have emphasized the role of
international media coverage in amplifying such events, showing that public interest spikes are
often synchronized with the news cycle during multilateral negotiations like UNFCCC COPs.
The reaction to the U.S. Inflation Reduction Act (IRA) in 2022, which caused a 15-point
sustained rise in search interest for “green investment,” echoes insights from Pollin &
Chakraborty (2023), who highlight that large-scale fiscal stimulus tied to clean energy
accelerates both investor behavior and public attention.

One notable anomaly is the relatively limited spike in ESG investing compared to green
finance or climate finance during COPs, despite the increasing mainstreaming of ESG in global
investment strategy. This could reflect either a lag in public awareness of ESG's role in policy,
or a dilution of the term due to its overuse and emerging skepticism, as suggested by Amel-
Zadeh and Serafeim (2018). Also, the U.S.-centric nature of interest in the Inflation Reduction
Act, with less pronounced effects globally, suggests a regional sensitivity in policy response—
even when legislation has far-reaching implications.

This pattern is consistent with issue-attention cycle theory (Downs, 1972), which suggests
that public interest in environmental topics surges in response to visible policy events but may
decline after the "alarmed discovery” phase. In terms of environmental economics, these spikes
indicate nonlinear interest curves, where exogenous policy announcements act as catalysts for
public engagement. Policymakers should take this into account when planning climate
diplomacy communications, ensuring that peak moments of public interest are matched with
transparent, actionable narratives to sustain momentum.

A strength of the analysis is its temporal resolution, capturing weekly variation in search
interest, which allows precise attribution of attention peaks to specific events. The linkage
between events and interest levels was strengthened by clear temporal alignment, such as the
20-30 point increase in green finance and climate finance during COPs. However, a limitation
is the correlation-based inference: while temporal proximity suggests causality, definitive
attribution would require controlled experimental or survey validation.

Quantitatively, the +42% spike in “climate finance” and +31% in "green finance” during
COP26 is substantial. Additionally, post-IRA implementation, “green investment” interest rose
from an average of 17 to 33 in the U.S. within two months. These surges are consistent with
historical patterns in past literature, such as those documented by Wonneberger et al (2021),
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who found that policy events serve as inflection points for shifts in public opinion and behavior
toward sustainability issues
C. ESG Investing Is Emerging with Steady Momentum

Our analysis reveals that search interest in ESG investing has shown a steady and
measurable upward trend from 2020 to 2024, characterized by lower volatility but strong long-
term momentum. This observation aligns with global financial market developments and
academic research. For instance, Khan et al. (2023) report that ESG-focused funds have seen a
consistent inflow of capital, particularly after the COVID-19 recovery phase, driven by increased
stakeholder pressure on corporations to demonstrate sustainability performance.

Similarly, Boffo & Patalano (2020) from the OECD documented a surge in ESG-labelled
financial products, coinciding with the growing integration of environmental, social, and
governance metrics into institutional investment strategies. The strong R? value of 0.73 in our
linear trend model confirms that public attention to ESG investing is not merely reactive to
events but reflects a structural shift in market sentiment.

Despite its growing importance, ESG investing did not experience dramatic event-driven
spikes like “climate finance” or “green finance.” This was somewhat unexpected, especially
given major developments such as the release of the IPCC ARG6 report in 2021 and the global
ESG reporting mandate expansions by the EU and IFRS. One possible explanation is that “ESG
investing” has a broader and more technical audience compared to general public-facing terms
like “green finance,” which may limit its spike potential in search trends.

Moreover, there has been an increasing amount of criticism and confusion around ESG—
including claims of greenwashing and political pushback in the U.S. (Park & lliev, 2022)—which
may have somewhat flattened peak public interest. Yet, the consistency in growth suggests
that these controversies haven't reversed the broader trend of mainstreaming ESG principles.

From a theoretical standpoint, this trend supports institutional theory in environmental
economics, which argues that organizations adapt their practices in response to societal norms
and regulatory environments (DiMaggio & Powell, 1983). The increase in ESG investing interest
over time may reflect the growing institutionalization of sustainability metrics in financial
markets.

Environmentally, this trend has far-reaching implications. A steady rise in ESG-related
attention likely translates into increased pressure on firms to disclose carbon risks, reduce
emissions, and align operations with global climate targets. It also suggests a maturing investor
base that is becoming more sophisticated in evaluating long-term environmental risks—a shift
from reactive to proactive finance.

A major strength of this finding is the quantitative evidence of structural interest, rather
than one-off spikes, which validates ESG investing as a persistent trend. The use of Google
Trends across a five-year global timespan strengthens the robustness of the observation.
However, limitations remain: search volume does not always equal investment volume, and
semantic ambiguity in how “ESG" is used across sectors (e.g., finance vs. governance) could
slightly distort trend interpretations.

Furthermore, unlike “"green investment,” which is often policy-sensitive, ESG investing
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might lag slightly in public consciousness due to its technical framing and regulatory variation
across regions. Hence, while steady, the rate of search growth may underrepresent actual
market shifts occurring in institutional capital.

Quantitatively, "ESG investing” demonstrated a mean search index of 17.3 and a
maximum of 48, with relatively moderate standard deviation (4.1). While this puts it below
“green finance” in absolute visibility, its predictive consistency and R? of 0.73 in trend modeling
suggest it is the most stable upward trajectory among the terms studied.

Furthermore, we observed a notable 28% spike in ESG-related searches during the IPCC
ARG release in August 2021, a moment when scientific urgency was clearly communicated to
the public. This indicates that scientific events, rather than political ones, may be stronger
catalysts for ESG attention—differentiating it from other green finance terms.
d.  Green Sentiment Is Seasonal and Highly Volatile

The analysis of Google Trends data from 2020 to 2024 reveals that green investment
sentiment is characterized by strong seasonality and significant volatility. This aligns with
existing literature suggesting that public interest in environmental issues fluctuates cyclically,
often spiking around policy events or disasters and declining in routine periods (McAdam,
Boudet, & Farrell, 2020).

In their work on environmental attention cycles, Wonneberger et al (2021) demonstrated
that issue salience in green policy debates follows a pattern of spikes around international
climate negotiations. Our study reaffirms this with sharp search interest increases during Q4—
particularly around COP26 (2021) and COP28 (2023)—where we observed 20-30 point jumps
in Green Investment Sentiment Index (GISI). These trends mirror those discussed by Schafer &
Painter (2021), who noted that environmental awareness is highly sensitive to climate
diplomacy milestones, media amplification, and advocacy campaigns.

One surprising insight was the sharp post-event drop in sentiment following major policy
summits. For example, after peaking at 78 during COP28 in Q4 2023, GISI declined rapidly,
reflecting what some scholars call the "post-event attention gap" (Downs, 1972). This finding
is somewhat underexplored in recent empirical literature on climate communication,
suggesting a need for longer-term engagement strategies beyond summit moments.

Furthermore, while most green-related search terms spiked in Q4, Q2 consistently saw a
15% decline, indicating a reliable seasonal dip likely caused by fewer international events and
possibly by reduced media coverage or legislative recesses in many countries.

This volatility aligns with Agenda-Setting Theory, which posits that public attention is
shaped by media and political cues rather than underlying environmental urgency (McCombs
& Shaw, 1972). In the context of green investing, this means that sentiment is not purely driven
by ecological metrics, but is largely reactive to policy events, financial announcements, and
media narratives.

From an environmental policy standpoint, this volatility can be problematic. Short-term
spikes may lead to sudden bursts of interest and investment, followed by inaction or policy
fatigue. This supports the argument made by Dasandi et al. (2023), who emphasized the risk
of over-relying on “symbolic events” like COPs without follow-through on actionable

48 | Applied Environmental Sustainability and Technology



Koswara

investment frameworks.

A major strength of this study is its high-frequency temporal resolution, capturing weekly
sentiment cycles that previous annual reports often miss. The clear pattern of higher mid-week
interest (Tuesday-Thursday) compared to weekends suggests that institutional and media-
driven activity is a strong driver of public search behavior.

However, a key limitation is that Google Trends data reflects attention rather than actual
financial flows. While search interest can be a proxy for sentiment, it may not directly
correspond to capital allocation or investment behavior. Additionally, semantic variations in
terminology across regions and languages could introduce slight biases in capturing global
trends.

e. LSTM Shows Superior Capability in Capturing Sentiment Patterns

The results of this study show that Long Short-Term Memory (LSTM) models outperform
classical machine learning algorithms in predicting green investment sentiment, as measured
by Google Trends data. The LSTM model recorded the lowest RMSE (6.8), MAE (5.0), and MAPE
(9.8%), with an R? score of 0.93, indicating that it explained 93% of the variance in sentiment
trends. This confirms findings from Tao et al. (2023) and Mishra et al. (2024), both of whom
identified LSTM as particularly effective in modeling nonlinear and time-dependent data
patterns within financial and environmental datasets.

Unlike traditional models such as Random Forest or XGBoost, which rely heavily on
manual feature engineering (e.g., lag features or moving averages), LSTM automatically learns
temporal dependencies and long-range correlations. According to Fischer and Krauss (2018),
LSTM s ideal for capturing memory-based fluctuations in financial sentiment and investor
behavior, especially when the signals are noisy or event-driven—just as we observe in the
highly volatile nature of green investment sentiment.

While LSTM's superiority was anticipated, XGBoost's strong performance was somewhat
unexpected. Despite being a tree-based model, it delivered competitive error metrics (RMSE:
7.5; MAE: 5.7; R% 0.89), suggesting that with sufficient feature engineering, even non-sequential
models can approximate sentiment dynamics. This finding aligns with Chen and Guestrin
(2016), who highlight XGBoost's robustness with tabular time series, particularly when using
engineered features like rolling means, first differences, or calendar-based flags (e.g., event
weeks or quarters).

Additionally, Random Forest, despite its simplicity, offered reasonable accuracy (RMSE:
8.2; MAE: 6.1), further reinforcing its value as a benchmark model, albeit less suited for highly
temporal patterns.

From a methodological theory perspective, this finding supports the “no free lunch
theorem” in machine learning: no single model is best for all problems, but for sequence-rich,
temporal datasets, deep learning models—particularly recurrent architectures like LSTM—tend
to outperform. The effectiveness of LSTM here suggests that green sentiment patterns exhibit
long-term dependencies, likely influenced by rolling policy changes, cumulative media
attention, and gradual shifts in public discourse. This supports work by LeCun, Bengio, & Hinton
(2015) on deep learning's capacity to model structured, hierarchical time-based information.
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In environmental economics, this has profound implications. If green sentiment can be
reliably predicted, governments and financial institutions can proactively adjust policy signals
and communication strategies to sustain engagement. For instance, the ability to forecast a
post-policy drop-off in sentiment could prompt more targeted follow-up campaigns or
incentive extensions to avoid "climate fatigue."

The strength of this study lies in combining large-scale digital behavioral data (Google
Trends) with machine learning-driven temporal analysis, offering a scalable, near-real-time
proxy for environmental sentiment. The LSTM model, in particular, demonstrated robustness
across nonlinear spikes and seasonal variations, which simpler models failed to fully capture.

However, there are limitations. LSTM models require substantial computational resources
and are often referred to as "black boxes" due to limited interpretability. Furthermore,
overfitting risk is non-trivial with smaller datasets or improper parameter tuning. Also, while
the model captures patterns, it does not infer causality, meaning that spikes in sentiment can
be predicted but not necessarily attributed with certainty to specific events without further
qualitative validation.

CONCLUSION

This study demonstrates that public interest in green investment, as proxied by Google Trends
data, has shown a significant upward trajectory globally between 2020 and 2024, with notable spikes
during major policy events such as COP26 and COP28. Among various machine learning models
tested, Long Short-Term Memory (LSTM) networks outperformed others in capturing the temporal
dynamics of sentiment, offering superior prediction accuracy and robustness against volatility. These
findings confirm that digital behavioral data, when processed with advanced temporal algorithms,
can serve as effective tools for real-time environmental economic monitoring.

The novelty of this research lies in its integration of machine learning and search trend analytics
to nowcast global sentiment around green investment. Unlike traditional approaches reliant on
lagging indicators like capital flows or survey data, this study offers a scalable and near-real-time
proxy for green financial sentiment. It also extends previous environmental economic studies by
empirically validating the effectiveness of LSTM in modeling event-driven, seasonal, and volatile
public sentiment within a sustainability context.

Based on the findings, it is recommended that policymakers and sustainability-focused
institutions adopt digital sentiment tracking tools, such as real-time dashboards driven by LSTM
models, to guide communication strategies and policy timing. For instance, aligning green fiscal
stimuli or disclosure regulations with peaks in public interest could amplify their impact. Additionally,
market practitioners—including ESG fund managers—could integrate sentiment indices into
portfolio timing or risk signaling frameworks to better anticipate inflows or public engagement
trends.

Future research should aim to expand the modeling framework by incorporating geospatial
sentiment differentiation to capture regional dynamics in green finance awareness. Incorporating
complementary data sources such as Twitter, news headlines, or financial disclosures could enrich
the model and increase causal interpretability. Further exploration into interpretable Al methods is
also warranted to increase transparency in deep learning models and enhance stakeholder trust in
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using such tools for public policy or green investment analysis.
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