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This study aims to examine the effects of FinTech development and financial inclusion on green growth in ASEAN-5 countries (Indonesia, Malaysia, the Philippines, Singapore, and Thailand) over the period 1995–2023. Using PMG, Panel FMOLS, and Panel DOLS estimators alongside wavelet coherence analysis, we investigate both the individual and interaction-based impacts of FinTech and financial inclusion. PARDL-PMG, Panel DOLS and Panel FMOLS results indicate that FinTech development and financial inclusion each exert a significant positive effect on green growth. At the same time, their interaction term highlights the complementary benefits of an inclusive digital financial (DF) ecosystem. Dumitrescu–Hurlin causality tests confirm a bidirectional relationship between green growth and the FinTech–inclusion interaction, as well as a unidirectional causality running from FinTech to green growth. Wavelet coherence analyses reveal particularly strong time–frequency co-movement patterns in Singapore, Indonesia, and the Philippines. Overall, the results suggest that digital financial ecosystems can support green growth, provided that targeted policies address structural asymmetries. This study fills a gap in the literature as the first comprehensive analysis of the long-run, time–frequency effects of the FinTech–financial inclusion interaction in the ASEAN-5 region. Given the contribution of digital financial systems to green growth, it is essential that policymakers develop inclusive, coherent, and structurally sensitive digital finance policies in order to fully realize this potential. These findings imply that policymakers should design inclusive digital-finance frameworks that balance innovation with sustainability.
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1 Introduction

The relationships among financial inclusion, FinTech, and green growth have emerged as a critical focus of academic research due to their potential to simultaneously support sustainable economic development and promote environmental improvement [1, 2]. In this context, financial inclusion is defined as the ability of individuals and businesses to access secure, affordable, and accessible financial products and services—such as transactions, payments, savings, credit, and insurance—that meet their needs. When delivered in an ethical and sustainable manner, these services can enhance financial wellbeing and support economic growth [3, 4]. Although financial inclusion is vital for promoting economic growth and social equity, systemic risks and digital divides pose challenges to ensuring universal access to these services [5–7]. Common obstacles include geographical constraints, low financial literacy, and limited access to digital financial (DF) services. Many individuals remain unbanked or underbanked, relying instead on alternative financial services. At this point, FinTech emerges as a transformative force in expanding access to financial services and plays a critical role in promoting financial inclusion through effective policy frameworks and the participation of diverse financial institutions [3, 8]. In other words, FinTech refers to the use of computers and related digital technologies in financial services, fundamentally reshaping the functioning of traditional financial institutions [9]. Innovations such as blockchain-based transactions, AI-driven risk assessments, digital banking applications, and mobile payment systems have transformed the operations of traditional financial institutions and significantly influenced their profitability, risk profiles, and market stability [10–12]. All these developments demonstrate that financial inclusion and FinTech not only impact economic and social prosperity but may also play a critical role in supporting environmental sustainability and achieving green growth objectives [13–17]. Over the past few decades, significant increases in greenhouse gas emissions and other forms of pollution have prompted shifts in the global economic growth narrative. At the same time, various technological developments have been recorded that positively impact the environment by reducing emissions, preventing pollution, and decreasing energy consumption and waste generation. This trajectory has led to the concept of green growth, defined as “the process of transition toward a low-carbon and resource-efficient society with economic development that safeguards the functioning of ecosystems and enhances human wellbeing and social equality” [1, 18].

Rising environmental risks at the global level have elevated the concept of green growth to a central position within economic development strategies. Traditional growth models, which often neglect environmental constraints, have contributed to ecological degradation, thereby hindering progress toward sustainable development goals. The needs of the present moment call for comprehensive strategies designed to curb the ecological impacts of economic activity. For emerging economies, steering growth onto a “green” trajectory is indispensable not only for safeguarding natural systems but also for broadening economic participation through digitalisation, expanded financial access, and technological innovation. Against this backdrop, the rapid diffusion of financial-technology solutions and the widening reach of financial services have come to occupy a central position in the scholarly and policy debate on sustainable development [19, 20].

Financial-technology solutions, grounded in ongoing advances in digital innovation, streamline financial intermediation while opening new avenues for eco-conscious investment, the trading of carbon credits, and cost-effective green finance [21, 22]. Recent studies report tangible sustainability gains tied to digital payment networks, online investment platforms, and peer-to-peer lending tools [19, 23]. These benefits arise through multiple pathways: FinTech encourages clean-tech R&D, speeds up the shift to low-carbon energy sources, and lessens information asymmetries in green-finance markets [24, 25]. Nevertheless, another line of research cautions that the rapid expansion of FinTech can, at least initially, elevate resource use and emissions by fuelling economic activity [26, 27].

Expanding access to formal finance can also serve as a catalyst for environmentally oriented investment. When households and firms are able to tap regulated savings products, credit lines, and insurance on equitable terms, the financial hurdles to launching or adopting green projects fall markedly [28, 29]. This is especially game-changing for lower-income groups, who can draw on affordable funding to acquire clean technologies or start eco-friendly businesses. Empirical work finds that, given a supportive policy environment, broader financial outreach is linked to faster uptake of renewables and better ecological indicators [17, 30]. Yet other studies raise red flags: if credit growth runs ahead of effective oversight, spending-driven surges in activity can lift energy use and CO2 emissions, eroding sustainability gains [31, 32]. Overall, the evidence implies that the green payoff from financial inclusion depends heavily on a country's regulatory architecture, the design of inclusion tools, and the quality of governance.

Recent scholarship has begun to zero in on how digitally delivered financial services influence environmentally sustainable development. Case studies from China, for example, show that digital-inclusive finance encompassing mobile payments, online lending, and data-driven insurance can stimulate green growth by fuelling innovation, fostering entrepreneurship, and accelerating industrial upgrading [16, 17, 33]. By contrast, the evidence for more traditional forms of financial inclusion is patchier, with outcomes differing widely across regions and institutional contexts. Consequently, a clear gap remains: few studies treat FinTech expansion and broadened financial access as interlinked facets of the digital transition and assess their joint impact on sustainability goals.

Spanning 1995–2023, this investigation probes how two facets of the digital financial revolution FinTech expansion and broadened financial outreach have influenced environmentally minded growth in Indonesia, Malaysia, the Philippines, Singapore and Thailand (the ASEAN-5). Over these years, smartphones, e-wallets and app-based lending have redrawn the financial landscape, promising to democratize capital flows and lower the cost of green investment. Yet their ecological footprint remains uncertain. The same nations contend with intensifying climate risks and resource bottlenecks, underscoring the need for creative mechanisms such as digitally delivered green finance that can reconcile development with environmental stewardship. Against a backdrop of the Asian and global financial crises, the COVID-19 shock and tightening climate policies, we employ panel techniques to gauge whether the twin forces of FinTech proliferation and financial inclusion have measurably shifted sustainability indicators across the bloc [28, 34–38]. In terms of FinTech and financial inclusion indicators, ASEAN-5 countries provide long-term, comprehensive, and internationally comparable data, while also constituting the majority of the region's GDP and serving as the main backbone of its digital financial ecosystem [39–42]. For the other five ASEAN members (Brunei, Cambodia, Laos, Myanmar, and Vietnam), FinTech development and financial inclusion indicators are not particularly suitable for long-term and international comparison. A consistent and complete dataset covering a long period such as 1995–2023 is accessible only for the ASEAN-5 countries. In particular, in the strategic documents of the ASEAN Secretariat, these five countries are predominantly referenced as the leading nations in the integration of FinTech and sustainability [43]. Therefore, analyses conducted on the ASEAN-5 can serve as a guiding framework for the region in terms of policy implications. Focusing the analyses on this core group of countries thus provides the most suitable framework in terms of both methodological consistency and policy applicability.

This study investigates the impact of FinTech development and financial inclusion on green growth across ASEAN-5 economies over the period 1995–2023. The period 1995–2023 is chosen as the most suitable starting point for long-term and comparable analyses due to limited data availability prior to 1995. Although early FinTech adoption was limited, the data reliably capture the long-term dynamics of financial inclusion and macroeconomic shocks on green growth. In the baseline empirical specification, green growth is designated as the dependent variable, while FinTech, financial inclusion, and their interaction term (FinTech × financial inclusion) are incorporated as the key explanatory variables. To account for macroeconomic and environmental dynamics, foreign direct investment, renewable energy consumption, and inflation are included as control variables. The empirical strategy employs the Westerlund [44] Durbin–Hausman panel cointegration test, the PARDL-PMG estimator, Panel FMOLS and Panel DOLS estimators, the Dumitrescu-Hurlin panel causality test, and wavelet-based analysis. In line with the empirical scope and theoretical framework of this study, the following five core research questions have been developed to investigate the effects of FinTech and financial inclusion on green growth in ASEAN-5 countries using a multidimensional approach:

• Research Question 1: To what extent does the development of digital financial technologies impact green growth in ASEAN-5 countries?

• Research Question 2: Can financial inclusion effectively promote green growth in the ASEAN-5 region?

• Research Question 3: Does the interaction between FinTech development and financial inclusion generate a composite and synergistic effect on green growth?

• Research Question 4: Is there a causal relationship between FinTech development, financial inclusion, and green growth?

• Research Question 5: Do the effects of the interaction between FinTech development and financial inclusion on green growth vary across countries, and do these effects exhibit variability over time and frequency domains?

These research questions provide a holistic analytical framework aimed at understanding the impacts of digital financial transformation on environmental sustainability at both temporal and structural levels.

Given the possibility of bidirectional linkages between FinTech development, financial inclusion, and green growth, the study employs causal and time–frequency approaches to provide a comprehensive understanding of these relationships. While the long-run estimators (PMG, FMOLS, and DOLS) capture equilibrium associations, the causality framework identifies directional dynamics across horizons. Furthermore, the wavelet coherence analysis allows us to explore scale-dependent interactions that may vary across short-, medium-, and long-term cycles, thereby uncovering how synchronization between financial and environmental dynamics evolves over time.

The remainder of this paper is structured as follows: the second section presents the theoretical framework focusing on the relationship between FinTech development, financial inclusion, and green growth. In this context, it provides a comprehensive review of recent empirical studies in the literature, clearly identifies the research hypotheses, and highlights the existing research gap. The third section introduces the dataset used in the analysis, defines the variables, and explains the econometric methods in detail. The fourth section is dedicated to the presentation and evaluation of the empirical findings. In the fifth section, a comparative discussion is conducted in light of the obtained results and relevant literature. Finally, the sixth section summarizes the main findings of the study, evaluates the validity of the hypotheses, offers policy recommendations, discusses the study's limitations, and provides directions for future research.



2 Theoretical background, literature, and hypotheses


2.1 The impact of Fintech development on green growth

All scientific, technological, financial, and commercial processes necessary for the development of new products and services are considered within the scope of innovation [45]. The theorist Schumpeter, who introduced the concept of creative destruction, was among the first to emphasize technological progress as a determining factor in economic processes. According to Schumpeter, the main driving force of economic growth is the entrepreneur introducing new combinations through innovation, thereby dismantling the existing economic structure and replacing it with a more advanced one [46]. The role of technology in driving growth in the modern economics literature is largely based on the work of Robert Solow. Solow's theoretical growth model explains growth through physical inputs such as labor and capital, as well as a variable that reflects technological change [47]. Inspired by Solow, another line of research explores the relationship between finance and growth. Empirically, the works of researchers such as Ross Levine and Sara Zervos provide consistent evidence that financial markets offer crucial services that enhance a country's long-term economic growth [48]. In this context, all elements that make the financial system more efficient, improve the flow of information, and enhance payment mechanisms can be defined as financial innovation [49–51]. Today, technology is fundamentally transforming how the financial sector operates, leading to the widespread use of the term “financial technology” or simply “FinTech.” The term “financial technology” has existed for nearly 50 years and was likely first used in a research report published by Hanover Trust in 1972 [52]. Within this framework, FinTech is a structure born from the convergence of finance and technology, and it also represents a form of technological innovation. Emerging evidence indicates that financial-technology platforms have begun to act as engines of sustainable growth [22]. By streamlining intermediation and trimming transaction frictions, these digital systems are now viewed as practical tools for advancing environmental objectives [53]. They can, for example, channel funds into renewable-energy projects, facilitate electronic carbon-credit trading and enlarge the overall flow of climate-finance capital [54]. Because FinTech solutions lower borrowing costs and ease information bottlenecks, they widen access to affordable funding and broaden the menu of green investment opportunities for firms and households alike [55–57]. Taken together, these features position FinTech as a pivotal driver of green finance helping to bridge financing gaps for environmentally innovative projects by making credit cheaper and capital allocation more transparent [58].

Wu et al. [19] used machine-learning algorithms on a panel of 287 Chinese cities (2011–2021) to explore how digital-finance expansion shapes environmentally sustainable development. They conclude that FinTech growth strengthens inclusive green growth, with the largest benefits appearing in digital payments, investment services and credit provision. These gains arise because FinTech deepens employment in financial services, broadens the supply of capital and spurs eco-oriented technological innovation. Lou and Li [59] examined the impact of gold, silver, and oil prices along with FinTech on green growth in E-7 countries (Brazil, China, India, Indonesia, Mexico, Russia, and Türkiye) using the Method of Moments Quantile Regression (MMQR). The results indicated that FinTech improves the traditional economic cycle and promotes green growth. Li et al. [60] investigated the effects of FinTech, renewable energy production, and natural resource utilization on environmental sustainability in Belt and Road Initiative countries. Using CS-ARDL models and data from 1990 to 2020, they found that FinTech development positively influences carbon emission reduction by lowering the cost of financial services and increasing financial inclusion. Aziz et al. [21] analyzed the impact of FinTech on green growth in China by using energy transition as a mediating variable. The study revealed that FinTech enhances green growth both directly and indirectly by supporting energy transition. Drawing on panel data for 25 EU member states over 1990–2020, Ahmad et al. [24] show that wider FinTech adoption fosters the shift to clean energy, which in turn helps shrink countries' ecological footprints. Using province-level information for China (2011–2021), Xu et al. [61] report that FinTech progress bolsters green-finance activity largely by raising financial-sector efficiency and stimulating eco-innovation with the strongest gains occurring in regions that already possess deeper financial markets. Firm-level evidence from the Shanghai and Shenzhen exchanges (2013–2023) presented by Ren and Han [23] indicates that companies integrating FinTech more intensively tend to invest more in green technologies and, as a result, chart superior trajectories for environmentally adjusted productivity. Complementing these findings, Huang [25] employs a Quantile ARDL framework for China (1995-2021) and concludes that FinTech advances enhance the efficient use of natural resources, widen trade openness, and strengthen recycling and waste-management performance across both short and long horizons. Xu et al. [62], in a study covering the 2000-2022 period, used data from CIVETS countries (Colombia, Indonesia, Vietnam, Egypt, Türkiye, and South Africa) to analyze whether natural resource abundance promotes economic growth using next-generation methods such as CUPFM (Cross-sectionally Augmented Panel Fully Modified) and CUPBC (Cross-sectionally Augmented Panel Bias Corrected). Their findings revealed that digitalization and FinTech development contribute to reducing carbon emissions. Liu and You [63], using data from publicly listed polluting companies from 2012 to 2021, found that FinTech positively affects the development of green credit by reducing information asymmetry and improving credit allocation efficiency. Nenavath and Mishra [64] conducted a study using 2010–2021 data from Indian states and applied the two-step Generalized Method of Moments (GMM) to analyze the contribution of FinTech and green finance to sustainable economic growth. Their results indicated that FinTech supports green finance and contributes to environmental protection. Udeagha and Muchapondwa [65], using 1990–2020 data from BRICS countries, found support for the Environmental Kuznets Curve (EKC) hypothesis and concluded that green finance, FinTech, and energy innovation promote environmental sustainability. Wei [66] emphasized that FinTech development in China improves green economic efficiency and showed that FinTech integrated with mobile internet and big data enhances environmental efficiency. Zhou et al. [22], using provincial panel data from China for the 2011–2018 period, examined the effects of FinTech and green finance on green growth. Their results demonstrated that both FinTech and green finance significantly promote green economic growth. Some studies in the literature, however, suggest that FinTech may have varying effects on green growth indicators. For instance, Razzaq et al. [26], using Structural Equation Modeling with data from 81 countries, found that while FinTech promotes economic growth, it also increases CO2 emissions, thereby reducing environmental quality. These results highlight the challenge of balancing technological and economic advancements with environmental sustainability. Topaloglu et al. [27] using ARDL bounds testing with data from Türkiye between 2005 and 2023, found that FinTech development has a positive short-term effect but a negative long-term impact on the environment. Megat et al. [67] surveyed 247 respondents in Malaysia and found that FinTech factors such as green finance and green investment significantly impact green growth sustainability. However, blockchain-based smart contracts were found to play no significant role in the relationship between FinTech factors and green growth sustainability.

The findings from the empirical literature reveal that FinTech development supports green growth and environmental sustainability through both direct and indirect channels. In particular, FinTech has shown positive environmental impacts through mechanisms such as enabling green finance, accelerating energy transition, promoting technological innovation, and enhancing financial inclusion. However, some studies also indicate that FinTech may trigger negative environmental consequences by accelerating economic growth, highlighting the potential for FinTech to exert dual effects. Based on this context and the relevant literature, the following hypothesis is tested in this study:

H1: FinTech development has a positive and significant effect on green growth in ASEAN-5 countries.



2.2 The Impact of financial inclusion on green growth

Financial inclusion, whose guiding principle is to provide every household and business with affordable, reliable and commercially viable access to formal financial products, can act as a lever for environmentally sustainable growth. First, by making credit, savings and insurance widely available, inclusive finance allows firms and individuals to invest in machinery and practices that minimize waste and raise resource productivity an outcome emphasized by the resource-efficiency view [68, 69]. Second, easier access to capital lowers the barrier to research and development, speeds up the rollout of clean technologies and thus reinforces green-growth dynamics, as argued by the innovation-and-diffusion perspective [20]. Third, the market-development lens suggests that greater purchasing power enlarges demand for eco-friendly goods, which motivates producers to expand their sustainable product lines, creating a virtuous cycle of greener consumption and production [20, 70].

A growing strand of empirical work links conventional financial-access measures to greener economic outcomes. Putra and Oktora [28], drawing on 2010–2021 data for 10 ASEAN economies, report that wider use of formal banking services coincides with stronger green-growth performance across the bloc. Using a Bayesian framework for 25 countries over 2005–2019, Oanh [71] likewise finds that broader financial outreach bolsters national green-finance activity and, by extension, sustainable development. Evidence from Dai et al. [29] shows a similar pattern for Regional Comprehensive Economic Partnership members: between 2004 and 2019, greater financial inclusion improved renewable-energy efficiency and secured more reliable low-energy inputs. Finally, Benedicta et al. [30] employ system-GMM on 19 OIC countries and reveal that Islamic-banking-driven inclusion reinforces green-growth momentum. Together, these studies suggest that when people and firms gain affordable, regulated financial access, the resulting capital flows can accelerate the transition toward cleaner, more resource-efficient economies. Unlike conventional banking, this effect was found to be statistically significant. The findings from these studies suggest that, when implemented with the right instruments and policies, financial inclusion can positively affect environmental performance. On the other hand, some studies argue that financial inclusion may negatively impact green growth indicators. For instance, Ahmad et al. [31] found that financial inclusion contributed to environmental degradation in BRICS countries using data from 2004 to 2018. Murtaza et al. [72], using data from 121 countries covering the period 2003–2022, found that financial inclusion, along with military expenditures, significantly increased ecological footprints. Said [73], in a study on 23 Sub-Saharan African countries; Mehmood [74], on South Asian countries such as Pakistan, India, Bangladesh, and Sri Lanka; Lin and Wu [75], in the Emerging Seven (E7) economies; Hussain et al. [76], on 26 Asian countries; and Le et al. [77], on 31 Asian countries, all reported that financial inclusion increases CO2 emissions. Furthermore, Abbas et al. [20], using FMOLS coefficient estimates in 12 developing countries showed that financial inclusion negatively affects green growth. Arsene [32] also examined the impact of financial inclusion and information diffusion on green growth in 36 Sub-Saharan African countries using data from 2004 to 2018. The findings revealed that financial inclusion, along with R&D and internet usage, increased CO2 emission intensity from production, thereby negatively affecting green growth.

Some studies in the literature have focused on digital financial (DF) inclusion and green growth indicators. Among these, Peng and Zeng [17] examined the impact of digital inclusive finance on green growth using data from 270 cities in China over the period 2011–2021. Their findings showed that digital inclusive finance strengthens regional green growth by promoting green technological innovation, increasing entrepreneurship, and transforming industrial structure. Wu et al. [15] analyzed 38 countries using the GMM method and found a significant positive relationship between DF inclusion and green growth. Ai et al. [78] studied 30 provinces in China with data from 2011 to 2020 and found that DF inclusion significantly increases green development, largely driven by technological progress channels. Song et al. [16], examining 265 Chinese cities during 2010–2017, reported that DF inclusion promotes green economic growth and has a notable positive spillover effect. Shen et al. [33], using data from 26 cities in China's Yangtze River Delta region between 2012 and 2018, found that DF inclusion improves agricultural green productivity, with technological progress playing a leading role in this increase; furthermore, digital and traditional financial inclusion were found to complement each other. Cao et al. [13] and Zheng and Li [14] also stand out as studies confirming a positive relationship between DF inclusion and green growth indicators in China. While research focusing on digital financial inclusion is largely concentrated on Chinese samples, these findings consistently support the positive effect of digital financial inclusion on green growth. Overall, the literature suggests that DF inclusion holds significant potential to support green growth and environmental objectives, whereas the impact of traditional financial inclusion on green growth is more complex. Within this framework, based on the relevant literature, the following hypothesis is tested in this study:

H2: Financial inclusion has a positive and statistically significant effect on green growth in the ASEAN-5 countries.



2.3 Research gap

Although there is a considerable number of empirical studies focusing on the relationships between FinTech development, financial inclusion, and green growth, comprehensive analyses specifically targeting the ASEAN countries are quite limited. Existing research generally examines the impact of FinTech on green growth [e.g., [19, 23, 59]] or the role of financial inclusion in environmental sustainability [e.g., [28, 29, 32]] individually; however, a holistic framework simultaneously assessing the interaction of these two variables remains unexplored. Moreover, the majority of studies addressing the relationship between FinTech development, financial inclusion, and green growth are based on country samples primarily from China, as well as India, Türkiye, and Malaysia. Regional or country group studies mainly focus on E-7, the European Union, BRICS, CIVETS, RCEP, OIC, and African countries. The only study addressing ASEAN countries is by Putra and Oktora [28], which investigates the individual effect of financial inclusion on green growth across 10 countries. This study aims to fill this gap by examining the effects of FinTech development and financial inclusion on green growth—both individually and interactively—using a long-term panel dataset covering the ASEAN-5 countries from 1995 to 2023. Advanced panel data methods that allow analysis of both long-term relationships and short-term dynamics (PARDL-PMG, Panel FMOLS, and Panel DOLS) are applied. Additionally, to reveal the temporal and frequency-based differences in the relationships between variables, country-level wavelet coherence analysis is conducted, providing a novel methodological contribution to the literature.




3 Data, model specifications, and methodology


3.1 Data

The variables included in the study, along with their definitions, measurement methods, and data sources, are summarized in Table 1.

TABLE 1 Variables and sources.




	Symbol
	Description
	Literature support
	Source of data





	GG
	Adjusted net savings, including particulate emission damage (% of GNI)
	Rasheed et al. [90], Sethi et al. [91]
	World Bank



	FTI
	FinTech index
	Ahmad et al. [24], Tang et al. [79], Sun et al. [92]
	



	FI
	Financial inclusion index
	Ayayi and Dout [93], Ansari et al. [101], Nguyen et al. [94]
	



	INT (FTI × FI)
	Interaction Term (FinTech index × Financial inclusion index)
	
	



	FDI
	Foreign direct investment, net inflows (% of GDP)
	Tawiah et al. [95], Xiao et al. [96], Ofori et al. [97]
	



	REC
	Renewable energy consumption (% of total final energy consumption)
	Tawiah et al. [95], Sun et al. [92]
	



	INF
	Inflation, GDP deflator (annual %)
	Mohd et al. [98], Thanh [99], Hidthiir et al. [100]
	






The variables presented in Table 1 were determined by considering sustainable growth, FinTech, financial inclusion, and ASEAN-5-based studies. Composite indices representing FinTech and financial inclusion were constructed by the authors using the Principal Component Analysis (PCA) method. By applying PCA, multicollinearity among variables was reduced, minimizing information loss and ensuring the creation of indices with high representational power. The FinTech index (FTI) is based on indicators such as mobile phone subscription rate, internet user rate, and fixed broadband access. The main reason for using infrastructure based indicators for the FTI variable is that direct FinTech indicators such as e wallet penetration, the number and value of digital payments, and mobile account usage are not consistently available across countries and years. Including these indicators in the analysis could have led to an unbalanced panel and data loss, thereby potentially weakening the statistical power of the estimations. Therefore, to avoid observation loss and preserve the integrity of the panel structure, FinTech development was measured through infrastructure proxies such as internet usage, mobile subscriptions, and fixed broadband penetration. The financial inclusion index (FI) includes the number of ATMs per 100,000 people, bank branch density, the rate of individuals owning bank accounts, and bank credits provided to the private sector. The study employs annual data for Indonesia, Malaysia, the Philippines, Thailand, and Singapore over the period 1995–2023, obtained entirely from the World Bank database, forming a balanced panel dataset across all countries and variables.

While the FinTech index primarily relies on infrastructure-based indicators (mobile subscriptions, internet usage, and fixed broadband access), this methodological choice reflects the limited availability of consistent and comparable FinTech transaction data across ASEAN-5 economies. Similar proxies have been adopted in prior cross-country studies [24, 79] to capture enabling digital conditions that facilitate FinTech diffusion and financial digitalization. Although these indicators reflect the broader digital ecosystem rather than direct FinTech applications, the robustness of the PCA-based composite index—verified through alternative equal-weight and sensitivity analyses confirms its validity for regional comparison.

Likewise, Adjusted Net Savings (% of GNI) is employed as a long-term proxy for green growth. Although this indicator measures weak rather than absolute sustainability, it provides the most harmonized, continuous, and internationally comparable dataset available for ASEAN-5 over the 1995–2023 period. Its use allows the study to capture long-run sustainability dynamics while maintaining data consistency across economies. Finally, during the preprocessing stage, the FTI and FI indices were z-standardized (mean = 0, SD = 1) before entering the interaction term. This standardization enables the coefficients to be interpreted as standardized effects and facilitates the analysis of marginal effects, while all other variables were included in their original form.



3.2 . Definition of the model

The model established in the study is expressed as follows:

GGit=α0+α1FTIit+α2FIit+α3(FTIxFI)it+α4FDIit       + α5RECit+α6INFit+εit      (1)

In the equation, GGit represents the green growth indicator, FTIit represents FinTech development, FIit represents financial inclusion, and (FTIxFI)it represents the interaction effect of these two factors. Direct foreign investment (FDIit), renewable energy use (RECit), and inflation (INFit) were included in the model as control variables. In the study, the FDI, REC, and INF variables were included in the model as control variables because they are fundamental macroeconomic factors that can influence green growth. FDI can influence green growth through sustainable investments and technology transfer. REC has the potential to influence environmental sustainability. INF was included in the model based on studies in the literature suggesting that it could create indirect effects on investment decisions and green growth by influencing macroeconomic stability.

Before proceeding with the model estimation, the Principal Component Analysis (PCA) was applied to clarify the representational power of the variables in the model and to combine highly correlated indicators into a single composite measure. Through this method, information loss is minimized by reducing dimensionality, thereby enhancing the representational power of the variables.

Before conducting the Principal Component Analysis (PCA), the Kaiser–Meyer–Olkin (KMO) and Bartlett's tests were performed to determine whether the data were suitable for this analysis, and the test results are reported in Table 2.

TABLE 2 KMO and Bartlet results.




	Index
	KMO
	Bartlett's Test (χ2, p)





	FinTech index (FTI)
	0.78
	χ2[3] = 45.2, p < 0.001



	Financial inclusion index (FI)
	0.74
	χ2[6] = 85.4, p < 0.001






According to the Kaiser–Meyer–Olkin (KMO) test results reported in Table 2, the KMO values calculated for the FTI and FI variables are 0.78 and 0.74, respectively. Although these values are classified as average according to the KMO interpretation scale, both exceed the 0.70 threshold, indicating an adequate level of sampling adequacy for conducting factor analysis. In addition, Field [80] stated that the minimum acceptable limit for the KMO value is 0.50, below which the dataset cannot be factorable. Therefore, the KMO values obtained for both variables are considered adequate and suitable for the PCA application. In addition, when examining the results of the Bartlett's test, the null hypothesis suggesting that the variables are independent was rejected for both variables, indicating that the Principal Component Analysis (PCA) could be appropriately conducted.

After confirming that the variables were suitable for Principal Component Analysis (PCA), the analysis was conducted, and the results are presented in Tables 3, 4, which report the PCA performed for the Financial Technology (FTI) and Financial Inclusion (FI) variables and the corresponding outcome.

TABLE 3 PCA results of FTI and FI variables.




	Index
	Component
	Eigenvalue
	Explained variance (%)
	Cumulative variance (%)





	FinTech index (FTI)
	PC1
	2.93
	97.70
	97.70

 
	
	PC2
	0.06
	2.00
	99.70

 
	
	PC3
	0.01
	0.30
	100.00



	Financial inclusion index (FI)
	PC1
	3.36
	83.90
	83.90

 
	
	PC2
	0.40
	10.00
	93.90

 
	
	PC3
	0.23
	5.70
	99.60

 
	
	PC4
	0.02
	0.40
	100.00






TABLE 4 Factor loadins of PCA.




	Index/Indicator
	Factor loading (PC1)





	FinTech index (FTI)



	Fixed broadband subscriptions
	0.997



	Mobile cellular subscriptions
	0.982



	Internet users (% of population)
	0.987



	Financial inclusion index (FI)



	ATM density (per 100,000 adults)
	0.912



	Bank branch density
	−0.977



	Depositors with commercial banks (per 1,000 adults)
	0.939



	Domestic credit to private sector (% of GDP)
	0.830






According to the PCA results presented in Tables 3, 4, the first principal component for the FTI index has an eigenvalue of 2.93, explaining 97.7% of the total variance. This indicates that the variables representing mobile subscription rate, internet usage, and fixed broadband access are strongly correlated with each other and jointly capture a common dimension of digital financial infrastructure. The factor loadings (0.997, 0.982, and 0.987) further show that these indicators contribute almost equally to the FinTech index. For the FI index, the first component has an eigenvalue of 3.36, explaining 83.9% of the total variance. Examining the factor loadings reveals that ATM density (0.912) and deposit account ownership (0.939) contribute nearly equally, while bank branch density exhibits a negative loading (−0.977). This negative coefficient can be interpreted as a sign of structural transformation in financial inclusion, reflecting a shift from traditional branch-based systems toward more digital and accessible financial services.

After conducting the Principal Component Analysis (PCA), a sensitivity analysis was performed to test the robustness of the constructed indices, and the results are presented in Table 5.

TABLE 5 Sensitivity analysis results.




	Index
	Model
	Explained variance (%)
	PC1 correlation (with alternative models)





	FinTech
	Single-factor PCA
	97.7
	1

 
	
	Two-factor PCA
	99.7
	0.99

 
	
	Equal-weighted index
	–
	0.97



	Financial Inclusion
	Single-factor PCA
	83.9
	1

 
	
	Two-factor PCA
	93.9
	0.98

 
	
	Equal-weighted index
	–
	0.96






According to the sensitivity analysis results presented in Table 6, the single-factor PCA models explain 97.7% of the total variance for FTI and 83.9% for FI, and exhibit strong correlations with alternative model specifications. These findings confirm that the single-factor PCA structure is statistically sufficient and reliable for both indices.

TABLE 6 Descriptive statistics.




	Variable
	Mean
	Median
	Std. Dev.
	Skewness
	Kurtosis
	Jarque-Bera





	GG
	13.45910
	13.24843
	6.673552
	−0.43728
	2.970916
	4.626***



	FTI
	0.000002
	−0.14854
	1.000000
	0.420719
	1.908529
	11.475*



	FI
	0.000662
	−0.14909
	1.000000
	0.219077
	1.893712
	8.554108**



	INT
	0.698428
	0.584471
	0.993469
	0.637747
	4.354252
	20.90951*



	FDI
	22.35247
	22.54685
	1.051561
	−0.91386
	4.027699
	26.56370*



	REC
	26.48483
	25.58327
	15.21230
	0.179701
	2.626383
	1.623757



	INF
	5.828740
	4.080989
	8.088998
	5.220788
	41.43291
	9,582.780*





*, **, and *** Indicate significance levels of 1%, 5%, and 10%, respectively. FDI values were rescaled to a 0–1 scale for consistency. INF exhibited high skewness due to extreme observations; robustness checks with alternative transformations yielded similar results.






3.3 Methodology

To meet the necessary prerequisites in panel data analysis, a cross-sectional dependence test was first applied. The CD test developed by Pesaran [81] is expressed as follows:

CD=(2N(N−1)12∑i=1N−1∑j=i+1N[ρ^ij2((T−K−1)ρ^ij−μ^TijvTij)]      (3)

Here, N represents the number of units in the panel, T represents the time dimension, and K represents the number of estimated parameters. ρ^ij2 represents the correlation coefficient between error terms, μ^Tij represents the expected value of this coefficient, and vTij represents its variance.

To test the homogeneity of slopes, the Δ and corrected Δ (Δadj) statistics proposed by Pesaran and Yamagata [82] were used:

Δ=N(N-1SW~-n2n)~χ2      (3)

Δadj=N(N-1SW~-nv(T,n))~N(0,1)      (4)

In these formulas, SW~ denotes Swamy's slope difference criterion, n denotes the number of parameters, v(T, n) denotes the sampling variance, and Δ and Δadj denote the original and adjusted test statistics, respectively.

Taking into account cross-sectional dependence and slope heterogeneity, one of the second-generation panel unit root tests, the CIPS (Cross-sectionally Augmented IPS) test, was applied. The test equation is as follows [83]:

ΔMit=βit+βiZit-1+βiMt-1¯+∑m=0vβimMt-1¯      (5)

+∑m=0vβimZit-1¯+εit

Here, Mt-1¯represents the horizontal section averages. CIPS (Cross-sectionally Augmented Dickey-Fuller) results were obtained using the following equation [83]:

CIPS=N-1∑i=1NCADFi      (6)

Here, CADFi represents the augmented ADF test statistic calculated for each panel unit, and N denotes the total number of panel units.

To test for a long-term relationship among the panel series, the Durbin-Hausman panel cointegration test proposed by Westerlund [44] was applied. The test statistics at the group and panel levels are formulated as follows:

DHg=∑i=1nŜi(ϕ~i-ϕ^i)2∑t=2Têit-12      (7)

DHp=Ŝn(ϕ~-ϕ^)2∑i=1n∑t=2Têit-12

In these expressions, Ŝi and S^n denote scaling factors, ϕ~i and ϕ^i denote long-term coefficient estimates, and êit−1 denotes lagged values of error terms.

To analyze both short- and long-term relationships, the PMG (Pooled Mean Group) estimator based on the ARDL model proposed by Pesaran et al. [84] was used. The general form of the panel ARDL model is given below:

Xit=∑l=1rπil(Xi)t-l+∑l=0rξil(Zi)t-l+εit      (8)

In this model, the dependent variable Xit represents the lagged values of the independent variable (Zi)t−l, the coefficients πil and ξil represent the error term εit.

The error correction form of the model is specified as follows:

ΔXit=λi(Xi,t-1-ξiZi,t-1)∑l=1r-1πilΔ(Xi)t-l      (9)

+∑l=0r-1ξilΔ(Zi)t-l+εit

Here, λi represents the error correction coefficient, and Δ represents the difference operator; this term reflects short-term dynamics.

Finally, to test the causal relationships among the variables, the panel causality test developed by Dumitrescu and Hurlin [85] was applied. The model is defined as follows:

Yi,t=αi+∑k=1kγi(k)Yi,t-k+∑k=1kβi(k)Xi,t-k+ei,t      (10)

In this equation, Yi, t represents the dependent variable, Xi, t−k represents the lagged values of the independent variable, αi represents the constant term, γi(k) and βi(k) represent the lag coefficients, and ei, t represents the error term. This test analyzes whether X has a causal effect on Y.

Stock and Watson's [86] Dynamic Ordinary Least Squares (DOLS) and Park's [87] Canonical Cointegrating Regression (CCR) are widely selected because both estimators tackle the bias that endogeneity introduces into long-run cointegration models. DOLS achieves this by augmenting the regression with leads and lags of first-differenced regressors, which filters out endogeneity and serial correlation to produce more dependable coefficients. CCR, in contrast, applies data transformations that remove the non-stationary components and orthogonalise the error term from the regressors, delivering greater efficiency and enabling standard asymptotic χ2 tests.

Wavelet coherence analysis (WCA) provides an effective framework for assessing how two non-stationary series co-vary across time and frequency. It rests on the Continuous Wavelet Transform (CWT), which projects each series onto a joint time–frequency plane via wavelet functions that are simultaneously localized in both domains. The coherence statistic is derived by normalizing the cross-wavelet spectrum, yielding a scale-specific measure of correlation between the two signals.

Rxy2(a,b)=|S(b-1Wxy(a,b))|2S(b-1Wx(a,b))2S(b-1Wy(a,b))2      (11)

In this formulation, S is a two-dimensional smoothing operator that averages along both the temporal axis and the scale axis [88]. The normalized coherence statistic, R2(a, b), is bounded between 0 and 1 and expresses the intensity of the linear association between the two series at every time–frequency coordinate. Values approaching 1 indicate pronounced synchrony, whereas values near 0 point to an absence of systematic linkage [89]. The accompanying phase angle, derived from the complex coherence, reveals the lead–lag relationship and relative timing between the signals.

The phase shift is represented by the function as follows:

ϕxy=arctan(lm[S(b-1Wxy(a,b))]RE[S(b-1Wxy(a,b))]),with ϕxy ϵ [-π,π]      (12)

Equations 11, 12 show that the real (Re) and imaginary (Im) parts of the smoothed cross-spectrum capture different signal features. Their ratio yields the phase angle ϕxγ, which conveys both the strength of association and the temporal ordering between the two series. In the wavelet power plot, right-pointing arrows ( → ) mark in-phase, positive co-movement, whereas left-pointing arrows (←) indicate out-of-phase, negative co-movement. A vector angled upward to the right (↗) signals that x(t) leads y(t), while one angled downward to the left (↙) shows that y(t) leads x(t) [88].



3.4 Econometric techniques

The empirical analysis in this study begins with the presentation of the descriptive statistics of the variables. To check for the severity of multicollinearity in the model, the Variance Inflation Factor (VIF) was used. Subsequently, Pesaran's [81] CD test was applied, followed by the Pesaran [83] CIPS test to examine the stochastic properties of the series. For empirical estimation, this study employed the PARDL-PMG estimator, which allows for the simultaneous analysis of long-run relationships and short-run dynamics. As a robustness check, the Panel FMOLS method was first used to estimate long-run coefficients. In the second stage, Panel Dynamic Ordinary Least Squares (DOLS) regressions were conducted to further assess the robustness of long-term relationships. Additionally, to test for causal relationships among the variables, the Dumitrescu and Hurlin [85] DH causality test was applied. Finally, to investigate the time- and frequency-dependent dynamics of the relationship between green growth and the FinTech–financial inclusion interaction (INT) variable at the country level, a wavelet coherence analysis was conducted. The tests applied in the study are illustrated in the flowchart presented in Figure 1.
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FIGURE 1
 Econometric techniques.





4 Econometric findings

Descriptive statistics of the variables including mean, standard deviation, skewness, kurtosis, and distribution characteristics are summarized in Table 6.

The descriptive statistics indicate notable differences in distribution among the variables. GG and FDI exhibit relatively lower skewness, whereas the INF variable stands out with high skewness and kurtosis values. The standardized indices, FTI and FI, display a more symmetric and balanced distribution. REC, on the other hand, is among the variables with the highest level of variability. According to the Jarque-Bera test results, all variables except for REC deviate from the normal distribution. To test for the presence of multicollinearity in the model, a VIF analysis was conducted. Examining Table 7, which presents the results, all VIF values are found to be below the critical threshold of 5. This result indicates that there is no multicollinearity among the independent variables.

TABLE 7 VIF results.




	Variable
	VIF
	1/VIF





	FTI
	2.973764
	0.336274



	FI
	2.428013
	0.411859



	INT
	1.311328
	0.762586



	FDI
	2.075149
	0.481893



	REC
	2.16509
	0.461875



	INF
	1.128415
	0.886199






Subsequently, the Pesaran CD test was applied to determine whether there is cross-sectional dependence in the panel. The test results are reported in Table 8. The findings led to the rejection of the null hypothesis of cross-sectional independence, indicating a significant level of cross-sectional dependence among the series.

TABLE 8 Pesaran CD test results.




	Statistic
	GG
	FTI
	FI
	FDI
	REC
	INF
	INT





	CD-test
	35.064
	274.657
	219.932
	81.421
	72.151
	79.394
	185.100



	Probability
	0.000*
	0.000*
	0.000*
	0.000*
	0.000*
	0.000*
	0.000*





*Indicates the 1% significance level.




Within the framework of the CD test results, the CIPS test [102], one of the second-generation unit root tests, was used to analyze the stationarity levels of the variables, and the results are presented in Table 9. According to these results, the variables are not stationary at the level but become stationary after taking the first differences.

TABLE 9 CIPS unit root test results.




	Variable
	I(0)
	I[1]





	GG
	−2.785
	−4.975*



	FTI
	−1.586
	−3.737**



	FI
	−1.149
	−3.026***



	INT
	−1.987
	−3.138***



	FDI
	−1.371
	−4.188*



	REC
	−1.674
	−3.282**



	INF
	−2.936
	−4.565*





*, **, and *** Indicate significance levels of 1%, 5%, and 10%, respectively.




To test whether the slope coefficients in the model are homogeneous, the Delta and adjusted Delta tests developed by Pesaran and Yamagata [82] were applied. The results of these tests are presented in Table 10. Upon examining Table 10, the null hypothesis of slope homogeneity is rejected; therefore, it is concluded that there is slope heterogeneity (variation) in the model.

TABLE 10 Slope homogeneity test.




	Test
	Test-stat
	Probability





	Δ
	7.749
	0.000*



	Δadj
	9.106
	0.000*





*Indicates a significance level of 1%.




To determine whether there is a long-term relationship among the panel series, the Durbin-Hausman panel cointegration test developed by Westerlund [44] was applied. The test results are reported in Table 11. The rejection of the null hypothesis indicates the existence of a long-term cointegration relationship among the variables.

TABLE 11 Westerlund [44] Durbin-Hausman panel cointegration test results.




	Model
	Tests
	Test-stat
	Probability





	GGit = f(FTIit, FIit, INTit, FDIit, RECit, INFit)
	DHg
	−7.373
	0.000*



	
	DHp
	11.149
	0.000*





*Indicates significance at the 1% level.




Within the scope of the empirical analysis, the Panel ARDL model was estimated to simultaneously analyze short- and long-term effects in the established model. The PARDL-PMG results are presented in Table 12.

TABLE 12 PARDL-PMG estimation results.




	Variables
	Long run
	Short run



	
	Coefficient
	Sth. Error
	t-stat
	Coefficient
	Sth. Error
	t-stat





	FTI
	0.769
	0.1365
	5.632*
	0.793
	5.217
	0.152



	FI
	0.398
	0.0745
	5.345*
	0.704
	0.382
	1.842



	INT
	0.879
	0.1554
	5.657*
	0.536
	2.735
	0.196



	FDI
	0.006
	0.0008
	7.536*
	−0.643
	0.5
	−1.287



	REC
	0.914
	0.114
	8.018*
	0.229
	0.309
	0.741



	INF
	−0.015
	0.003
	−4.920*
	0.358
	0.172
	2.082



	ECT(−1)
	
	
	
	−0.273
	0.0373
	−7.326*





*Indicates a significance level of 1%.




Lag lengths were selected using the Akaike Information Criterion (AIC) with a maximum of two lags. All models include country-specific intercepts but exclude deterministic trends. Long-run coefficients are constrained to be homogeneous, whereas short-run dynamics and intercepts are heterogeneous across countries. The Error-Correction Term (ECT) reflects the average adjustment speed toward equilibrium. Examining the PARDL-PMG estimation results presented in Table 12, the error correction term (ECT), which tests the existence of a long-term relationship, is found to be negative and statistically significant. This indicates that short-term imbalances in the model decrease by approximately 27% each year, returning to the long-term equilibrium. Looking at the long-term coefficients, a one-unit increase in the FTI variable raises GG by 0.769 units, demonstrating that digital financial services support environmental sustainability. The FI variable's contribution of 0.398 units indicates that financial inclusion promotes green investments. The positive coefficient of the interaction term INT shows that the impact of digitalization is strengthened through inclusive financial systems. Among the variables, REC has the strongest positive effect on GG (0.914), while INF has a limited but negative effect (−0.015), confirming the importance of macroeconomic stability for sustainability. The effect of FDI is positive but weak (0.006), indicating a limited impact of foreign direct investment on green growth. The short-term results for FTI, FI, INT, and REC variables show similarity in magnitude to the long-term findings, whereas FDI and INF variables differ. In the short term, increases in FDI reduce green growth, while INF increases it. In line with these findings, the marginal effects of FTI were calculated at low, medium, and high levels of FI to economically interpret the coefficient of the interaction term (INT). Since both FI and FTI variables were standardized in the analysis, the low FI level corresponds to one standard deviation below the mean (−1 SD), the medium level to the mean (0 SD), and the high level to one standard deviation above the mean (+1 SD). Accordingly, the marginal effect of FTI on green growth was estimated as −0.11 (0.769 + 0.879 × −1) at low FI, 0.77 (0.769 + 0.879 × 0) at medium FI, and 1.65 (0.769 + 0.879 × 1) at high FI levels. In addition to these findings, 95% confidence intervals were computed using the delta method to account for estimation uncertainty. The results show that the marginal effect of FinTech on green growth is statistically insignificant when financial inclusion is low (−1 SD), estimated at −0.11 [95% CI: (−0.51, 0.29)]. However, the effect becomes positive and statistically significant at and above the mean level of inclusion-−0.77 [95% CI: (0.50, 1.04)] at the mean (0 SD) and 1.65 [95% CI: (1.24, 2.06)] at high inclusion levels (+1 SD).

These marginal effects reveal that the impact of FTI on green growth shifts from weak to strong positive values as financial inclusion increases. In other words, when financial inclusion is low, an increase in FTI slightly reduces green growth (−0.11), whereas at high levels of inclusion, a one-unit rise in FTI enhances green growth by 1.65 units.

To test the robustness of the study results, the Panel FMOLS method was applied in the first stage, and the obtained results are presented in Table 13.

TABLE 13 Panel FMOLS.




	Variables
	Coefficient
	Std. Error
	p-value





	FTI
	0.678
	0.1462
	0.000*



	FI
	0.216
	0.0407
	0.000*



	INT
	0.221
	0.0351
	0.000*



	FDI
	0.002
	0.0003
	0.000*



	REC
	0.824
	0.0733
	0.000*



	INF
	−0.022
	0.0020
	0.000*





*Indicates significance at the 1% level.




The robustness tests conducted using the Panel FMOLS method were found to be largely consistent with the PARDL-PMG estimates. Both approaches show that the FTI, FI, and INT variables have a positive long-term effect on green growth. To further support the main estimates and more thoroughly assess the robustness of the long-term relationships, Panel DOLS regressions were applied. These regressions were performed within both trend-included and trend-excluded model structures. The results indicate that including a deterministic trend in the model did not provide a statistically significant improvement. This finding suggests that the core relationships are better captured without a linear trend component. Furthermore, the model was estimated using both one-lag and two-lag structures. The model was estimated under both one-lag and two-lag structures. Based on a comprehensive model evaluation using the Akaike Information Criterion (AIC), the one-lag, trend-excluded Panel DOLS model was identified as the most appropriate specification. Accordingly, the final interpretations are based on the one-lag, trend-excluded model, which aligns more closely with theoretical expectations and provides greater statistical reliability. As in the PARDL-PMG model, since the FI and FTI variables were standardized in the analysis, the low FI level corresponds to one standard deviation below the mean (−1 SD), the medium level to the mean (0 SD), and the high level to one standard deviation above the mean (+1 SD). According to this definition, when financial inclusion is low, a one-unit increase in FTI raises green growth by 0.46 units, by 0.68 units at the medium level, and by 0.90 units at the high level of financial inclusion. In addition to these findings, 95% confidence intervals were computed using the delta method to account for estimation uncertainty. According to the results, when financial inclusion is low (−1 SD), (0.16–0.75). At the mean level (0 SD), the effect becomes more pronounced (0.39–0.96), and at high inclusion levels (+1 SD), FinTech exerts a strong and economically meaningful influence on green growth (0.61–1.19). The corresponding results obtained from the Panel DOLS estimations are presented in Table 14 below.

TABLE 14 Panel DOLS estimation results: one-lag specification without deterministic trend.




	Variable
	Coefficient
	Std. Error
	p-value





	FTI
	1.420
	0.044
	0.000*



	FI
	8.170
	0.084
	0.000*



	INT
	9.720
	0.091
	0.000*



	FDI
	7.050
	0.074
	0.000*



	REC
	5.100
	0.028
	0.000*



	INF
	−0.230
	0.010
	0.000*





*Indicates significance at the 1% level.




The robustness tests conducted using the Panel FMOLS method were found to be largely consistent with the PARDL-PMG estimates. Both approaches show that the FTI, FI, and INT variables have a positive long-term effect on green growth. To further support the main estimates and assess the robustness of the long-term relationships, Panel DOLS regressions were applied. The model was estimated with one lag (k = 1), no deterministic trend, and country intercepts included.

According to the panel DOLS estimation results presented in Table 15, all coefficients are statistically significant at the 1% level. The variables FTI, FI, INT, FDI, and REC exert a positive effect on green growth. The positive sign of FTI indicates that the development of financial technologies enhances resource-use efficiency and thereby promotes green growth. Similarly, the positive coefficient of FI suggests that financial inclusion facilitates access to green finance and investment opportunities, strengthening the transition toward a sustainable economy. The interaction term (INT = FTI × FI) also exhibits a positive and significant impact, implying that the combined effect of financial technology and financial inclusion amplifies the contribution to green growth. This finding indicates that when digital financial tools become more accessible to a broader population, environmentally friendly investments are encouraged. Furthermore, foreign direct investment (FDI) promotes eco-friendly production through technology transfer and capital inflows, while renewable energy consumption (REC) reduces carbon intensity and supports sustainable growth. In contrast, the inflation variable (INF) negatively affects green growth, as price instability weakens investment confidence and disrupts long-term green financing channels. Overall, the coefficients align with theoretical expectations, and the estimated signs are consistent with those obtained from the MG and FMOLS models, reinforcing the robustness of the empirical findings. The marginal effects were also calculated for this model, as in the other estimations. In the calculation, the low FI level corresponds to one standard deviation below the mean (−1 SD), the medium level to the mean (0 SD), and the high level to one standard deviation above the mean (+1 SD). According to this calculation, when the level of financial inclusion is low, a one-unit increase in financial technology reduces green growth by 8.30 units. When financial inclusion is at the average level (0 SD), the same increase raises green growth by 1.42 units, and when financial inclusion is high (+1 SD), the effect rises to 11.14 units. This finding indicates that the impact of financial technology on green growth varies across different levels of financial inclusion. In addition to these findings, 95% confidence intervals were computed using the delta method to account for estimation uncertainty When financial inclusion is low (−1 SD), the marginal effect is negative and statistically significant (−8.50, −8.10), implying that FinTech expansion without sufficient inclusion may not translate into sustainable outcomes. At the mean level (0 SD), the effect becomes positive (1.33, 1.51), and at high inclusion levels (+1 SD), FinTech exerts a strong positive influence on green growth (10.94, 11.34). The long-term estimation results of the study are visualized in Figure 2.

TABLE 15 Dumitrescu-Hurlin panel causality test results.




	H0
	W-statistic
	W-bar statistic
	Probability





	GG↛FTI
	15.177
	4.886
	0.275



	FTI↛GG
	24.855
	14.694*
	0.000



	GG↛FI
	20.726
	−13.432
	0.000



	FI↛GG
	27.631
	9.353*
	0.000



	GG↛INT
	19.645
	7.557*
	0.000



	INT↛GG
	19.304
	10.377*
	0.000



	GG↛FDI
	12.999
	12.297*
	0.000



	FDI↛GG
	1.236
	0.374
	0.700



	GG↛REC
	17.284
	6.146***
	0.060



	REC↛GG
	18.438
	6.835**
	0.040



	GG↛INF
	14.449
	4.452
	0.100



	INF↛GG
	9.165
	8.0108*
	0.000





*, **, and *** denote significance at the 1%, 5%, and 10% levels, respectively.
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FIGURE 2
 Long-run estimation results.


To support the long-term estimation results, a panel causality analysis was conducted, and the results are presented in Table 15.

The panel causality analysis results presented in Table 11 indicate a bidirectional causal relationship between GG and both INT and REC variables. This finding suggests that the interaction between FinTech development and financial inclusion mutually influences green growth processes. Similarly, renewable energy consumption is also in a reciprocal interaction with green growth indicators. In addition, unidirectional causality is found from FTI and INF to GG, implying that advancements in financial technologies and fluctuations in price levels are among the driving forces of green growth. On the other hand, the observed unidirectional causality from GG to FDI suggests that trends in sustainable growth may enhance the attractiveness of economies to foreign investors.

To further explore the dynamic interaction between FinTech, financial inclusion, and green growth, wavelet coherence analysis was employed. This method enables the examination of how the strength and direction of relationships between variables evolve over both time and frequency domains, revealing short-, medium-, and long-term synchronization patterns across ASEAN-5 economies. It is important to note that wavelet coherence measures localized co-movement and lead–lag phase relations rather than statistical causality in the Granger sense. Therefore, the directional arrows in the plots indicate the relative phase differences between variables where one variable tends to lead or lag the other without implying formal predictive causality.

To further explore the time- and frequency-dependent dynamics of the relationship between green growth and financial inclusion, a wavelet coherence analysis was conducted. While traditional panel causality tests capture average effects across countries, the wavelet approach allows for the identification of country-specific co-movement patterns across different time periods and frequency bands. This method is particularly valuable for detecting the evolving nature of relationships under conditions of structural breaks, policy shifts, or external shocks.

Initially, the wavelet coherence analysis was performed using the level series of GG and INT. However, this approach encountered several technical limitations, particularly in implementing Monte Carlo–based significance testing. In certain cases, significance contours did not emerge, and the results lacked stability. These issues were directly associated with the non-stationarity (I[1]) of the level series and the presence of common stochastic trends, which violated key assumptions of wavelet analysis and compromised the statistical reliability and validity of the significance tests. To address these limitations, the analysis was conducted using the first-differenced series (ΔGG and ΔINT), thereby ensuring stationarity and enhancing the statistical robustness and interpretability of the observed co-movement structures. The wavelet coherence estimations were carried out individually for each ASEAN-5 country, allowing for country-specific insights and inferences. The statistical significance of the wavelet coherence estimates was assessed through Monte Carlo simulations based on 1,000 random permutations, following the methodology proposed by Torrence and Compo [88]. Under this framework, the null hypothesis posits no local relationship between the series at each time-frequency point. In the wavelet coherence plots, regions enclosed by bold black contours denote statistically significant coherence at the 5% level.

The wavelet coherence analysis employed the complex Morlet mother wavelet (ω0 = 6) with an AR[1] red-noise null baseline and 1,000 Monte Carlo permutations to compute significance contours. The color bar is fixed within [0, 1] across Figures 3–7 to allow cross-country comparison. Shaded regions outside the Cone of Influence (COI) indicate areas subject to edge effects and are therefore excluded from inference. Arrow directions follow the standard convention: → in-phase; ← anti-phase; ↗ x leads y; ↙ y leads x.


[image: Wavelet coherence graph showing the relationship between ΔGG and ΔINT in Indonesia from 1998 to 2022. The x-axis represents time, and the y-axis represents the period. The color gradient from red to blue indicates varying degrees of coherence, with red indicating higher coherence. The graph includes contour lines and arrows to show phase differences.]
FIGURE 3
 Wavelet coherence between ΔGG and ΔINT in Indonesia. Statistically significant regions at the 5% level are enclosed by black contours. Arrows indicate phase differences.



[image: Wavelet coherence graph showing the relationship between ΔGG and ΔINT in the Philippines from 2000 to 2022. The color scale ranges from blue to red, indicating different levels of coherence. Black arrows signify phase differences, with notable red areas post-2015, suggesting strong coherence in recent years. Period and time are labeled on the vertical and horizontal axes respectively.]
FIGURE 4
 Wavelet coherence between ΔGG and ΔINT in Malaysia.



[image: Wavelet coherence graph showing the relationship between ACG and AINT in Thailand from 2000 to 2020. Colors range from red to blue, indicating varying coherence levels, with higher coherence in red/yellow areas and lower in blue. Time is on the x-axis, and the period is on the y-axis.]
FIGURE 5
 Wavelet coherence between ΔGG and ΔINT in Philippines.



[image: Wavelet coherence graph comparing AGG and ΔINT in Singapore from 2000 to 2020. The color scale ranges from red to blue, indicating varying coherence levels, with arrows showing phase differences at certain periods.]
FIGURE 6
 Wavelet coherence between ΔGG and ΔINT in Thailand.



[image: Heatmap of wavelet coherence between AGG and â†INT in Malaysia from 1995 to 2020. The vertical axis represents the period, and the horizontal axis represents time. Colors indicate coherence strength, with red showing higher coherence and blue lower.]
FIGURE 7
 Wavelet coherence between ΔGG and ΔINT in Singapore.


As emphasized in Section 4, wavelet coherence detects localized time–frequency co-movements and phase leads rather than structural or Granger causality. Directionality is formally tested through the Dumitrescu–Hurlin panel-causality framework (Table 15). In that test, lag order was selected by the BIC with a maximum lag of 2, and cross-sectional dependence and heteroskedasticity were accounted for via bootstrap-adjusted critical values.

In Figure 3, the wavelet coherence graph for Indonesia reveals a statistically significant region of co-movement concentrated in the 2–4 year periodic band between 1998 and 2005. This region is depicted by the red area enclosed by thick black contours and is significant at the 5% level. The southwest-pointing phase arrows within this region indicate that changes in financial interaction (ΔINT) Granger-caused fluctuations in green growth (ΔGG) during this period. This finding suggests that developments in digital financial systems and shifts in financial inclusion mechanisms—such as the liberalization of capital flows or policy reforms in the early 2000s—may have played a leading role in shaping sustainable growth patterns. The observed out-of-phase relationship, where ΔINT leads, confirms that financial factors were influential in determining sustainability outcomes during that time frame. In contrast, outside the statistically significant period, co-movement appears generally weak, and no long-term or persistent synchronization is observed after 2010.

The wavelet coherence graph for Malaysia presented in Figure 4 does not exhibit any statistically significant region enclosed by thick black contours. Throughout the observed period, there is no clear time-frequency-based co-movement between the ΔGG and ΔINT variables. Although a moderate level of coherence—visually transitioning from orange to yellow—appears within the 2–4 year periodic band between 2015 and 2022, the absence of significance contours indicates that this relationship does not exceed the 5% significance threshold under Monte Carlo simulations. Therefore, the observed relationship lacks causal interpretability. This suggests that, over the past 30 years in Malaysia, the interaction dynamics between financial technology and financial inclusion have not systematically or temporally influenced green growth in a statistically or frequency-specific manner.

The wavelet coherence graph for the Philippines presented in Figure 5 reveals two statistically significant regions. The first region appears within the 2–4 year periodic band between 2015 and 2021, while the second emerges in the lower-frequency 6–8 year band spanning from 2013 to 2020. Both regions are enclosed by thick black contours, indicating significance at the 5% level. The phase arrows within these regions predominantly point to the southeast (↘), suggesting that changes in green growth (ΔGG) precede changes in financial interaction (ΔINT), implying a reverse-direction Granger causality dynamic. These findings suggest that green growth may act as a driving factor in the development of the financial system. Consequently, policies aimed at sustainable development could potentially trigger financial digitalization and inclusion processes, indicating that green growth initiatives may have a transformative impact on the financial system.

The wavelet coherence graph for Thailand presented in Figure 6 does not reveal any statistically significant region of co-movement. The absence of thick black contour lines clearly indicates this result. Although some medium-level coherence areas—visually indicated by a yellow-to-orange gradient—can be observed within the 2–4 year periodic band between 1997 and 2010, these regions do not exceed the 5% significance threshold under the Monte Carlo simulation framework. The lack of statistically significant time-frequency coherence suggests that there has not been a consistent co-movement relationship between green growth (ΔGG) and financial interaction (ΔINT) over the past 30 years. Moreover, the absence of phase arrows on the graph supports the conclusion that no directional or dynamic relationship can be inferred between the two series. In the case of Thailand, there has been no statistically significant and consistent synchronization between green growth and financial interaction over the past three decades. This implies that sustainable development policies have not been sufficiently integrated with the financial sector and that strategic alignment remains weak.

The wavelet coherence graph for Singapore presented in Figure 7 reveals two statistically significant regions. The first region is observed between 1997 and 2000 within the 2–3 year periodic band, while the second region appears between 2018 and 2022 within the 4–6 year band. Both regions are indicated by red areas outlined with thick black contours, denoting statistical significance at the 5% level. During the first period (1997–2000), the phase arrows predominantly point to the northwest (↖), indicating that changes in financial interaction (ΔINT) preceded changes in green growth (ΔGG), and that the two series exhibited an inverse phase relationship. This suggests that increased financial interaction during 1997–2000 in Singapore may have negatively impacted sustainable development efforts, leading to a decline in green growth. In contrast, during the second period (2018–2022), the phase arrows mostly point to the southeast (↘), indicating that changes in green growth preceded changes in financial interaction. This finding implies that, particularly during a time of intensified sustainability efforts, changes in green growth driven by sustainability initiatives began to influence financial interaction in Singapore.



5 Discussion

In this study, the effects of FinTech development and financial inclusion on green growth in ASEAN-5 countries were analyzed. Both short- and long-term estimates were conducted using the PARDL-PMG method, while long-term estimates were additionally carried out using Panel FMOLS and DOLS methods. According to the long-term findings obtained from these three methods, FinTech development, financial inclusion, the interaction between FinTech and financial inclusion, foreign direct investment, and renewable energy consumption have a positive effect on green growth, whereas inflation has a negative effect. The coefficient signs obtained from the Panel DOLS estimations are consistent with those derived from the FMOLS and PMG models. This consistency indicates that different econometric approaches reveal similar long-term relationships, confirming the robustness and methodological coherence of the results. Accordingly, the discussion section of the study is based on the common findings derived from the three estimators. When the marginal effects are interpreted collectively, it can be stated that the impact of FinTech on green growth depends on the level of financial inclusion across all models. In cases where inclusion is low, the effect of FinTech is weak or negative; however, once inclusion reaches and exceeds its average level, the marginal effect becomes positive and significant in all models. This suggests that the contribution of FinTech to green growth emerges only after financial inclusion surpasses a certain threshold level. However, minor variations in coefficient magnitudes across estimators may arise from differences in lag length and endogeneity correction procedures. In addition, structural and institutional heterogeneity among ASEAN-5 economies can partially explain the divergences observed across methods. Countries with mature regulatory frameworks and deeper digital-finance ecosystems (such as Singapore and Malaysia) are likely to experience more stable environmental outcomes, whereas early-stage markets with weaker institutional quality (such as Indonesia and the Philippines) may face transitional inefficiencies or temporary volatility during digital transformation. These asymmetries highlight that the strength and direction of FinTech–green growth linkages depend on the stage of digital and financial maturity across economies. Minor differences in coefficient magnitudes across estimators arise mainly from methodological heterogeneity and distinct normalization procedures, rather than inconsistent data preprocessing.

The long- and short-term results obtained through the PARDL-PMG, Panel FMOLS, and Panel DOLS methods in this study reveal a positive relationship between FinTech development and green growth indicators. These findings are consistent with numerous studies in the literature. For example, Wu et al. [19] found that FinTech promotes green growth in Chinese cities through payment systems, investment management, and lending; Lou and Li [59] reported that FinTech contributes to green growth in E-7 economies; Li et al. [60] showed that FinTech development reduces carbon emissions in Belt and Road Initiative countries. Aziz et al. [21] indicated that FinTech positively affects green growth in China by influencing energy transition as a mediating variable; Ahmad et al. [24], using data from 25 EU countries from 1990 to 2020, stated that FinTech facilitates green energy transition, indirectly reducing the ecological footprint. Ren and Han [23] found that between 2013 and 2023, the level of FinTech in companies listed on China's Shanghai and Shenzhen stock exchanges significantly promoted green technology innovation and increased green productivity. Xu et al. [62], using CIVETS countries' data from 2000 to 2022, showed that digitalization and FinTech development reduce carbon emissions; Nenavath and Mishra [64], with data from Indian states for 2010–2021, demonstrated that FinTech and green finance contribute to sustainable economic growth. Udeagha and Muchapondwa [65], using data from BRICS countries for 1990–2020, found that FinTech, green finance, and energy innovation promote environmental sustainability; Wei [66] reported that FinTech development enhances green economic efficiency in China; Zhou et al. [22], with provincial-level data from China (2011–2018), revealed the positive effects of FinTech and green finance on green growth. However, some studies have reached different conclusions from those of this research. For instance, Razzaq et al. [26], covering 81 countries, found that while FinTech promotes economic growth, it reduces environmental quality; Topaloglu et al. [27], analyzing Türkiye's data from 2005 to 2023, indicated that FinTech development has negative long-term but positive short-term effects on the environment.

The findings obtained through the PARDL-PMG, Panel FMOLS, and Panel DOLS methods in this study also reveal that financial inclusion is positively related to green growth indicators in both the long and short term. These results align with studies in the literature, such as those by Putra and Oktora [28] covering 10 ASEAN countries, Oanh [71] examining 25 countries, and Benedicta et al. [30] focusing on 19 OIC countries, all of which demonstrate the positive impact of traditional financial inclusion on green growth. Similarly, studies by Wu et al. [15] with a sample of 38 countries; Peng and Zeng [17], Ai et al. [78], Song et al. [16], Shen et al. [33], Cao et al. [13], and Zheng and Li [14] focusing on China also reveal the positive effects of digital financial inclusion on green growth indicators, supporting the findings of this research. On the other hand, some studies suggest that traditional financial inclusion has a negative impact on green growth. In this context, Ahmad et al. [31] for BRICS countries, Murtaza et al. [72] for 121 countries, Said [73] for 23 Sub-Saharan African countries, Mehmood [74] for South Asian countries, Lin and Wu [75] for E7 economies, Hussain et al. [76] for 26 Asian countries, Le et al. [77] for 31 Asian countries, Abbas et al. [20] for 12 developing countries, and Arsene [32] for 36 Sub-Saharan African countries report a negative effect of financial inclusion on green growth indicators, which contradicts the findings of the present study.

In light of this discussion, while FinTech and financial inclusion are strongly demonstrated as key tools supporting green growth, the varying results in the literature highlight the complexity of this field and the importance of regional and temporal dynamics. Future studies should carefully consider this diversity to develop policy recommendations that are more precise and context-specific.



6 Conclusion and policy implications

This study examines the impact of digital financial infrastructure and financial inclusion on green growth in ASEAN-5 countries using a multidimensional panel data approach. The findings indicate that digital finance and financial access support environmental sustainability. The PARDL-PMG estimator reveals a stable long-run equilibrium relationship, with short-term deviations corrected at an annual rate of 27%. FinTech development and financial inclusion have significant positive effects on green growth; a one-unit increase in the FinTech index raises green growth by 0.769 units, while financial inclusion increases it by 0.398 units. Additionally, the interaction between FinTech and financial inclusion further enhances environmental benefits. The results from the PARDL-PMG, Panel FMOLS, and Panel DOLS estimators consistently support the H1 and H2 hypotheses regarding the positive effects of FinTech development and financial inclusion on green growth.

The consistency across these three estimators confirms that different econometric approaches capture similar long-term dynamics between digital finance and green growth. This finding strengthens the empirical evidence that FinTech development and inclusive financial systems act as critical enablers of sustainable economic transformation. The positive and significant coefficients on foreign direct investment and renewable energy consumption further highlight the importance of international capital flows and energy transition for environmentally sustainable growth. Meanwhile, the insignificant inflation term indicates that price fluctuations exert little leverage over long-run environmental outcomes.

Dumitrescu–Hurlin panel-causality tests point to a two-way feedback loop between green growth and (i) the combined FinTech–financial-inclusion indicator and (ii) renewable-energy use. Put differently, digital-finance expansion and broader financial access not only foster environmentally friendly expansion but are themselves reinforced by it. The analysis also uncovers one-directional effects running from FinTech progress and from inflation toward green growth, highlighting the roles of digital financial technologies and price dynamics in shaping ecological outcomes. Conversely, causality that travels from green growth to inward foreign direct investment implies that economies charting more sustainable paths tend to become more attractive to international investors.

Wavelet-coherence results confirm that the strength and timing of the links uncovered in the panel regressions differ markedly across the five ASEAN economies. In Thailand and Malaysia, the FinTech–inclusion composite shows little or no synchronization with green-growth fluctuations, underscoring the fact that country-specific structures and policy regimes can deviate from the panel's average pattern. By contrast, Singapore, Indonesia, and the Philippines display pronounced, scale-dependent co-movement, suggesting that these three economies account for much of the panel-level signal.

Taken together, the evidence positions digital financial infrastructure and broad-based financial access as pivotal contributors to environmentally sound growth in the region. Policymakers should therefore widen the reach of digital financial services while pairing that expansion with strong programs in digital literacy and consumer protection. Because FinTech–inclusion synergies may also create potential sustainability trade-offs, supervisory frameworks need to monitor emerging systemic vulnerabilities closely. Targeted tools—such as green micro-loans and dedicated environmental credit facilities—can deepen inclusion without compromising ecological goals. The positive association between inward FDI and sustainability underscores the need to align investment-screening criteria with ecological priorities. Likewise, renewable-energy strategies must be customized to each country's infrastructure profile to ensure efficient transitions. Overall, a flexible policy mix that recognizes national structural differences will yield the greatest payoff, and governments should treat robust environmental performance as a core element of their strategy to attract foreign capital.

In line with these findings, the wavelet coherence results reveal heterogeneous patterns across ASEAN-5 economies. Singapore, Indonesia, and the Philippines exhibit strong and scale-dependent synchronization between FinTech–inclusion dynamics and green growth, suggesting that policies should prioritize advanced digital-literacy programs, cybersecurity frameworks, and green-finance innovations to maintain this synergy. In contrast, Thailand and Malaysia display weaker or short-term synchronization, indicating that foundational efforts—uch as improving broadband infrastructure, enhancing consumer protection, and expanding access to basic digital financial services—should be prioritized before expecting environmental co-benefits. Tailoring national strategies to these heterogeneity patterns can enhance the region's collective progress toward inclusive and sustainable digital transformation.

This study analyzes the impact of FinTech development and financial inclusion on green growth in ASEAN-5 countries using panel data techniques. However, several limitations should be acknowledged when interpreting the findings. First, the analysis is geographically confined to ASEAN-5 economies, which may limit the generalizability of the results to other regional or economic contexts. Future research could expand this framework by incorporating both qualitative and quantitative indicators that reflect the institutional, social, and cultural dimensions of digital financial transformation. Moreover, the green growth indicator employed in this study may not fully capture cross-country differences due to variations in data coverage and accounting methodologies, and it may contain a certain degree of accounting heterogeneity. Future studies could enhance the comprehensiveness of environmental sustainability assessment by incorporating complementary indicators such as the negative of per-capita CO2 emissions, renewable energy share, green total factor productivity (TFP), or the Environmental Performance Index (EPI). In addition, since the panel estimation techniques used in this study emphasize cross-country average effects, they may not fully capture country-specific structural shocks or disturbances. Although common-factor robust estimators such as CCE-PMG and CS-ARDL could not be fully implemented due to data and sample limitations, future research with longer time-series coverage could benefit from employing these models to further validate the long-run relationships identified in this study. In addition, the Johnson–Neyman (J–N) technique, which allows for a more precise identification of significance regions in interaction effects, may be applied in future research. In this regard, the application of structural vector autoregressive (SVAR) models in future analyses is also recommended to provide a more nuanced understanding of heterogeneous national dynamics. Although potential endogeneity and reverse causality cannot be fully ruled out in this study, the comprehensive methodological framework employed provides robust support for the overall direction of the findings. Nevertheless, the estimates should be interpreted with caution due to possible biases arising from endogeneity and reverse causality.
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