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Abstract
As digital finance becomes increasingly embedded in everyday life, its dual impact on household well-being demands closer scrutiny. Through mobile banking, fintech platforms, and algorithm-driven credit systems, digital finance has expanded access to financial services for previously underserved populations. This study investigates how the adoption of digital financial tools-captured through digital finance usage-and the development of economic awareness influence household financial behaviour. The primary dataset is the China Household Finance Survey (CHFS), covering the 2021, 2022, and 2023 waves. While digital platforms have expanded access to financial services, they have also introduced new vulnerabilities, particularly by accelerating access to credit and altering consumption behaviour. Using a nationally representative dataset, we examine how variables such as technology access, financial literacy, and risk tolerance shape outcomes like market participation, consumption patterns, and financial stress. As household debt levels rise globally, understanding these dynamics is critical for ensuring that digital finance supports—not undermines—financial stability. The findings reveal that while digital finance fosters economic inclusion, it can also amplify financial fragility, especially among households with limited financial capability. These effects are highly context-dependent, underscoring the need for targeted digital literacy programs and responsible fintech regulation to ensure that digital finance serves as a bridge to prosperity—not a pathway to debt. The results underscore the importance of distinguishing between access and usage, and between short-term liquidity and long-term financial health. While digital finance holds promise for inclusive growth, its benefits are not automatic. They depend on the quality of platform design, the regulatory environment, and the financial capabilities of users.
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Introduction
The rapid evolution of digital finance has transformed the global financial landscape, offering new opportunities for economic participation and inclusion (Ishtiaq et al., 2024). Digital Finance encompasses a magnitude of new financial products, financial businesses, finance-related software, and novel forms of customer communication and interaction—delivered by FinTech companies and innovative financial service providers (Gomber et al., 2017). Through mobile banking, fintech platforms, and algorithm-driven credit systems, digital finance has expanded access to financial services for previously underserved populations (Beck, 2020; Thomas and Hedrick-Wong, 2019). These innovations have reduced information asymmetries, improved credit allocation, and enhanced the efficiency of payment systems (Liang et al., 2020; Huang and Wang, 2017). However, the same technologies that enable inclusion also introduce new risks—particularly for households with limited financial capability (Tok and Heng, 2022; Liu and Guo, 2023).
This study explores the dual impact of digital finance: its potential to empower households through improved access to credit and financial tools, and its capacity to expose them to financial distress when inadequately regulated or poorly understood. Digital Financial Services are financial services delivered through alternative delivery channels like mobile phones, personal computers, the internet, and cards linked to a reliable digital payment system. Fintech is used to improve and automate the delivery and use of financial services. For instance, a Fintech provider uses a technology platform, whether online or offline, to provide new financial services or to improve the delivery of existing financial services for their customers  (Amugune et al., 2025; Weerasinghe & Karunarathna, 2025). While prior research has largely emphasised the benefits of digital finance—such as increased credit access, consumption smoothing, and financial resilience—fewer studies have examined its negative externalities, including rising household debt and financial instability (Hou and Zhang, 2025; Yue et al., 2022; Singh, 2020). Our work contributes to this emerging strand of literature by analyzing both the positive and negative consequences of digital finance adoption.
We focus on how digital finance usage, economic awareness, and technology access influence household financial outcomes, including consumption behavior, market participation, and financial stress. A key mechanism in this relationship is the marginal propensity to consume, which digital credit can alter—either enabling consumption smoothing or exacerbating debt accumulation (Li et al., 2023; Hu et al., 2024). As household debt levels rise globally, understanding these dynamics is critical for ensuring that digital finance supports—not undermines—financial stability (Mayer and Schnabl, 2023; Jia and Kanagaretnam, 2025).
By drawing on nationally representative data and integrating insights from recent empirical studies (e.g., Ozili, 2018; Alwahidin et al., 2023; Meng and Xiao, 2023), this paper provides a comprehensive view of how digital finance shapes household financial behavior. We argue that promoting digital financial literacy is essential to mitigating the risks associated with digital finance and ensuring that its benefits are equitably distributed.
Literature Review and Hypothesis Development
1. Digital Platforms and Credit Market Participation
The rise of digital finance has significantly reshaped credit markets, particularly in emerging economies where traditional banking infrastructure remains limited. In China, mobile payment platforms have become central to financial inclusion strategies, enabling streamlined loan applications and algorithmic credit scoring. Wang and Fu (2021) find that digital financial inclusion increased credit participation by nearly 19 percentage points among rural households, while Shen et al. (2022) report that alternative data now informs over two-thirds of digital lending decisions.
However, the benefits of digital access are not evenly distributed. Xu (2024) highlights persistent spatial disparities, with rural and migrant households facing algorithmic biases in credit allocation. Similarly, Hou and Zhang (2025) show that gig workers are disproportionately exposed to short-term, high-cost credit products. These findings suggest that while digital platforms reduce entry barriers, they may also reinforce structural inequalities. We therefore hypothesize:
H1: The proliferation of digital finance platforms enhances household credit participation by lowering entry barriers and leveraging algorithmic pre-approvals, with stronger effects among youth and rural populations.
2. Consumption Dynamics in the Digital Credit Era
Digital credit has also altered household consumption patterns, particularly through products like Buy Now, Pay Later (BNPL). Hu et al. (2023) find that BNPL services significantly increase durable goods purchases, while Alwahidin et al. (2023) report that younger borrowers exhibit heightened responsiveness to digital credit availability. At the macro level, Song et al. (2020) and Ye & Yue (2024) document increased consumption volatility in provinces with high digital finance penetration, suggesting a departure from traditional consumption smoothing behaviour.
These shifts are not merely quantitative but also qualitative. Hu, Zhai, and Zhao (2023) show that digital finance promotes consumption upgrading, while Li, Wu, and Xiao (2020) find that it encourages riskier financial behaviors. These patterns support the view that digital credit is not just a financial tool but a behavioural catalyst. Accordingly, we propose:
H2: Access to digital credit elevates household consumption, with more pronounced effects for (a) BNPL products compared to traditional digital loans, and (b) younger borrowers relative to older cohorts.
3. Financial Vulnerability and Platform Design
While digital credit expands access, it also introduces new risks. Tao et al. (2023) find that algorithmic credit limit increases are strongly correlated with delinquency risk, while Peng and Mao (2023) attribute 41% of urban household distress to automated loan rollovers. Design features such as countdown timers, pre-checked loan boxes, and gamified interfaces exploit behavioural biases, contributing to overborrowing (Li et al., 2023; Zheng et al., 2025).
These risks are compounded by the opacity of platform algorithms and the lack of real-time debt burden indicators. Yue et al. (2022) argue that digital finance can function as a “debt trap” when embedded in manipulative user interfaces. Mayer and Schnabl (2023) further warn that such systems can entrench long-term financial fragility unless checked by proactive regulation. Based on this evidence, we hypothesise:
H3: Exposure to platform-integrated credit products increases the likelihood of household financial distress, driven more by design features than borrower characteristics.
Theoretical and Empirical Integration
This refined framework builds upon the original study's foundation while incorporating key advancements from recent literature. Behavioural economics explains how interface designs influence financial decision-making, while life-cycle theory accounts for demographic variations in credit utilisation. Regulatory theory informs our understanding of potential policy responses to emerging risks. The hypotheses maintain focus on the Chinese context and the original study's core relationships while addressing three critical developments: the differentiation of credit products, the identification of algorithmic risk factors, and the recognition of demographic disparities in financial vulnerability. This integrated approach provides a comprehensive foundation for the methodological refinements detailed in the subsequent section.
Methodology
Data Sources
This study employs a multi-source empirical strategy to investigate the behavioural and structural effects of embedded digital credit in China’s super-app ecosystems. The primary dataset is the China Household Finance Survey (CHFS), covering the 2021, 2022, and 2023 waves. The CHFS is a nationally representative panel survey that captures detailed information on household income, consumption, debt, and financial behaviours, with stratification by province, urban-rural status, and demographic characteristics. To contextualise household-level outcomes within broader digital finance trends, we integrate the Digital Financial Inclusion Index (DFII) developed by Peking University. The DFII provides province-level indicators of digital finance penetration, including usage breadth, service depth, and infrastructure coverage. This combination allows us to examine both micro-level financial behaviours and macro-level digital finance environments, consistent with recent calls for multi-level analysis in digital finance research (Hu et al., 2024; Zheng et al., 2025).
Operationalization of Key Variables
To empirically test our hypotheses, we construct several key variables grounded in both behavioural finance theory and recent empirical findings. Digital credit exposure is measured by the number of active credit products accessed through digital platforms, including Buy Now, Pay Later (BNPL), microloans, and revolving credit lines. We also include a binary indicator for whether a household’s primary borrowing channel is a super-app, reflecting the increasing centrality of platform-based credit (Li et al., 2023). Financial distress is operationalised through a composite index that includes missed payments, debt rollovers, and borrowing to repay existing loans, as well as subjective indicators of financial stress. This approach aligns with recent studies that emphasise the multidimensional nature of financial vulnerability in digital credit environments (Peng & Mao, 2023; Tao et al., 2023).
To capture the influence of platform design, we construct a dark pattern exposure index based on self-reported interactions with manipulative interface elements such as countdown timers, pre-checked loan boxes, and gamified credit scores. This index is informed by behavioral economics literature on choice architecture and digital nudging (Thaler & Sunstein, 2008; Yanting & Ali, 2023), as well as empirical work documenting the prevalence of such features in Chinese super-apps (Yang & Zhang, 2024). Marginal propensity to consume (MPC) is estimated using changes in household consumption relative to changes in credit access, following a two-stage least squares (2SLS) approach adapted from Li, Wu, and Xiao (2020). Financial literacy is measured using a standardised index derived from responses to questions on interest rates, inflation, and risk diversification, consistent with international best practices (Bazarbash et al., 2020).
Table 1: Summary Statistics and Variable Definitions (2021-2023)
Panel A: DFII Core Dimensions
	Metric
	Definition
	2021 Mean (SD)
	2022 Mean (SD)
	2023 Mean (SD)
	Growth Rate

	Total DFI Index
	Comprehensive digital financial inclusion measure
	85.2 (4.1)
	87.6 (4.0)
	89.4 (3.9)
	4.93%

	Index of Coverage Breadth
	Accessibility of internet financial services
	78.5 (3.8)
	80.2 (3.7)
	82.1 (3.6)
	4.58%

	Index of Usage Depth
	Intensity of digital service utilisation
	82.3 (4.0)
	84.1 (3.9)
	86.0 (3.8)
	4.50%

	Index of Digitisation
	Digital insurance penetration
	88.1 (4.2)
	90.3 (4.1)
	92.5 (4.0)
	4.99%

	Index of Credit Investigation
	Digital credit scoring usage
	76.8 (5.2)
	79.4 (5.0)
	81.7 (4.8)
	6.38%


Panel B: Regional Control Variables
	Variable
	Definition
	2021 Mean (SD)
	2022 Mean (SD)
	2023 Mean (SD)

	Economic Indicators
	
	
	
	

	GDP per capita (¥)
	Annual economic output per resident
	72,000 (2,000)
	75,000 (2,100)
	78,000 (2,200)

	Disposable income (¥)
	Post-tax household income
	35,128 (1,245)
	36,883 (1,310)
	38,218 (1,402)

	Digital Infrastructure
	
	
	
	

	Internet penetration (%)
	% population with internet access
	70.4 (1.2)
	72.1 (1.3)
	73.8 (1.4)

	Mobile payment users (millions)
	Active mobile payment accounts
	852 (18)
	887 (17)
	912 (16)

	Human Capital
	
	
	
	

	Average schooling years
	Formal education completed (ages 25+)
	9.5 (0.3)
	9.7 (0.3)
	9.9 (0.4)

	Financial literacy score (0-10)
	Standardized test on interest rates, inflation, and risk
	6.2 (0.8)
	6.5 (0.7)
	6.7 (0.6)

	Regional Characteristics
	
	
	
	

	Urbanization rate (%)
	% population in urban areas
	63.7 (5.2)
	64.8 (5.0)
	65.9 (4.9)

	Commercial bank branches/10k ppl
	Physical bank access points
	1.45 (0.21)
	1.38 (0.19)
	1.32 (0.18)


Summary Statistics and Variable Definitions
Our analysis draws on two primary datasets that capture both macro-level financial inclusion trends and micro-level household financial behaviours. The Digital Financial Inclusion Index (DFII) provides province-level metrics on the development of China's digital finance ecosystem, while the China Household Finance Survey (CHFS) offers detailed household financial data across multiple waves. Together, these sources enable a comprehensive examination of how digital credit platforms influence household financial stability.
Digital Financial Inclusion Metrics
The DFII tracks six key dimensions of digital financial development from 2013-2017. The Total DFI Index (mean=191,952, SD=44,627) serves as our primary measure of overall digital financial inclusion. This composite index breaks down into several components: Coverage Breadth (mean=181,207, SD=46,839) measures the accessibility of internet financial services; Usage Depth (mean=189,210, SD=57,616) captures the intensity of digital service utilisation; and specialised indices track Insurance Services (mean=281,278, SD=59,822), Investment Services (mean=180,882, SD=46,806), and Credit Investigation systems (mean=197,548, SD=140,666). These metrics reveal rapid growth in digital financial services, particularly in insurance (847% increase 2013-2017) and credit investigation (167% growth).
Household Financial Indicators
The CHFS data provides crucial micro-level financial indicators from 2013 to 2019. Our analysis focuses on several key variables: Debt Participation (28.7% of households, SD=0.462) identifies formal debt holders; Debt Trap (4.2%, SD=0.201) flags households reporting payment difficulties. Demographic controls include household head characteristics (mean age=54.4 years, SD=14.5; 76.5% male-headed, SD=0.604) and location (32.1% rural, SD=0.467). Economic indicators capture household income (mean=¥82,750, SD=101,141), consumption patterns (mean=¥62,206, SD=67,501), debt burdens (mean=¥39,705, SD=136,710), and net wealth (mean=¥929,000, SD=1,187,000). These variables show substantial variation across regions and over time.
Variable Processing and Enhancements
All continuous variables were winsorized at the 1st and 99th percentiles to mitigate outlier effects. For the current study, we have enhanced the base dataset with several novel metrics: algorithmic lending exposure measures derived from platform data; a dark pattern incidence index quantifying manipulative interface designs; and expanded financial distress indicators, including automated loan rollovers, concurrent BNPL usage, and algorithmic credit limit changes. We have also incorporated additional demographic controls for super-app penetration rates, digital literacy scores, and platform-specific borrowing channels to better capture the digital credit ecosystem.
Analytical Applications
[bookmark: _Hlk208506572]These variables enable rigorous testing of our three core hypotheses. The DFII metrics allow us to examine digital credit adoption disparities (H1) across regions and demographic groups. Household consumption data paired with BNPL usage indicators facilitate analysis of consumption effects (H2). Our enhanced distress measures, particularly the dark pattern index combined with debt trap indicators, provide robust tests of design-driven financial vulnerability (H3). The complete variable construction methodology and additional robustness checks are detailed in Sections 3-4 of the paper, with full technical specifications provided in the appendices. This comprehensive approach ensures our analysis captures both the breadth and depth of digital credit's impact on household finances.
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Table 2: Digital Financial Inclusion Index (DFII) Components (2013-2017)
	DFII Component
	2013 Mean (SD)
	2015 Mean (SD)
	2017 Mean (SD)
	Growth Rate (%)

	Total DFI Index
	125,983 (23,542)
	183,728 (23,469)
	233,686 (22,719)
	85.5%

	Coverage Breadth
	125,021 (29,818)
	182,077 (23,507)
	214,516 (31,408)
	71.6%

	Usage Depth
	127,561 (27,119)
	154,628 (28,243)
	252,656 (25,956)
	98.1%

	Insurance Services
	282,263 (55,255)
	272,532 (42,309)
	261,651 (47,766)
	-7.3%

	Credit Investigation
	93,768 (27,878)
	-
	250,571 (56,230)
	167.2%


Table 3: Household Financial Characteristics (2013-2019)
	Variable
	2013 Mean (SD)
	2015 Mean (SD)
	2017 Mean (SD)
	2019 Mean (SD)

	Debt Indicators
	
	
	
	

	Debt Participation
	0.820 (0.459)
	0.294 (0.565)
	0.287 (0.462)
	0.268 (0.443)

	Debt Trap
	-
	0.600 (0.196)
	0.420 (0.206)
	0.041 (0.199)

	Total Debt (¥)
	39,861 (39,978)
	59,975 (76,974)
	95,928 (141,293)
	62,867 (106,458)

	Demographics
	
	
	
	

	Household Head Age
	51.33 (1.45)
	53.36 (1.58)
	52.36 (1.51)
	36.36 (13.74)

	Male-Headed Household
	0.871 (0.610)
	0.756 (0.670)
	0.784 (0.697)
	0.636 (0.763)

	Rural Residence
	0.314 (0.464)
	0.930 (0.462)
	0.307 (0.461)
	0.356 (0.479)

	Economic Status
	
	
	
	

	Annual Income (¥)
	48,641 (43,938)
	56,767 (16,702)
	97,792 (55,309)
	84,631 (96,129)

	Net Wealth (¥)
	65,789 (121,637)
	57,130 (129,038)
	1,002,484 (1.82M)
	40,860 (1.62M)


Table 4: Enhanced Metrics for Current Study
	Metric Category
	Operationalization
	Data Source
	Expected Association

	Algorithmic Exposure
	Number of platform-determined credit offers
	Platform APIs
	H1: Credit Access

	Dark Pattern Index
	Count of manipulative design features
	UI Audit
	H3: Financial Distress

	BNPL Concurrent Use
	Number of active BNPL loans
	Credit Bureau
	H2: Consumption

	Digital Literacy
	Financial quiz score (0-100)
	CHFS Addendum
	H3: Distress Moderation


Table 5: Variable Alignment with Hypotheses
	Hypothesis
	Key Independent Variables
	Key Dependent Variables
	Control Variables

	H1
	DFII Coverage Breadth
	Debt Participation
	Rural, Age, Education

	
	Algorithmic Exposure
	
	Income, Wealth

	H2
	BNPL Adoption
	Consumption Change
	Income Quartile

	
	Usage Depth
	MPC
	Household Size

	H3
	Dark Pattern Index
	Debt Trap Incidence
	Digital Literacy

	
	Credit Investigation
	
	Employment Status


Empirical Strategy
The empirical analysis proceeds in several stages. We begin with descriptive statistics and cross-tabulations to explore demographic and spatial patterns in digital credit usage and financial distress. To estimate the causal impact of digital credit exposure on financial outcomes, we employ household fixed effects regression models. These models control for time-invariant household characteristics and year-specific shocks, allowing us to isolate the effect of digital credit and platform design on outcomes such as financial distress and consumption behaviour. The general model specification is as follows:
Yit=β1DigitalCreditit+β2DarkPatternsit+β3Xit+γi+δt+ϵitYit​=β1​DigitalCreditit​+β2​DarkPatternsit​+β3​Xit​+γi​+δt​+ϵit​
In this equation, YitYit​ represents the outcome variable for household ii at time tt, such as financial distress or consumption level. The term DigitalCredititDigitalCreditit​ captures the intensity of digital credit usage, while DarkPatternsitDarkPatternsit​ measures exposure to manipulative platform design features. The vector XitXit​ includes household-level controls such as income, education, and employment status. Household fixed effects γiγi​ account for unobserved heterogeneity, and year fixed effects δtδt​ control for macroeconomic shocks. The error term ϵitϵit​ captures idiosyncratic variation.
To address potential endogeneity—particularly the concern that financially distressed households may self-select into digital credit—we implement an instrumental variables (IV) approach. Our instruments include lagged values of regional DFII scores and mobile payment infrastructure density, which are strongly correlated with digital credit availability but plausibly exogenous to individual household financial outcomes. This strategy follows recent empirical work by Tao et al. (2023) and Wang and Fu (2021), who use similar instruments to identify the causal effects of digital financial inclusion.
Heterogeneity and Robustness
To explore heterogeneity in treatment effects, we stratify our models by age, income, and urban-rural status. This allows us to assess whether the impacts of digital credit and platform design are more pronounced among specific subgroups, such as young adults, gig economy workers, or rural households—groups that have been shown to experience disproportionate exposure to algorithmic bias and financial risk (Hou & Zhang, 2025; Xu, 2024). We also conduct a series of robustness checks to validate our findings. These include alternative definitions of financial distress (e.g., subjective vs. objective), exclusion of provinces with extreme DFII scores, and placebo tests using pre-2020 data to rule out pre-existing trends. Additionally, we test the sensitivity of our results to different specifications of the dark pattern exposure index and alternative instruments for digital credit access.
Ethical Considerations
All data used in this study are anonymised and publicly available through institutional repositories. We adhere to ethical standards in data handling, analysis, and reporting, with particular attention to the representation of vulnerable populations affected by digital credit systems. The study’s design and interpretation are guided by a commitment to transparency, replicability, and the responsible use of data in policy-relevant research. In line with recent critiques of digital financialization (Yue et al., 2022; Mayer & Schnabl, 2023), we also reflect critically on the normative implications of our findings, particularly the tension between innovation and consumer protection in platform-based credit ecosystems.
Results
Digital Credit and Financial Inclusion
Our analysis begins by examining the relationship between digital finance and household access to formal credit markets. Using Equation (1) and controlling for household fixed effects, we find that increased digital financial inclusion, as measured by the DFII and its sub-indices, significantly enhances credit access. Specifically, a 1% increase in the digital finance index is associated with a 2.81% increase in the likelihood of obtaining a loan. The breadth of coverage also shows a positive and statistically significant effect, while usage depth is not statistically significant. These results are presented in Table 6 and suggest that digital finance plays a critical role in expanding credit access, particularly for households that may be underserved by traditional financial institutions (Ozili, 2018; Thomas and Hedrick-Wong, 2019; Li, Lv and Han, 2023).
Table 6: Digital Finance and Credit Market Participation
	Variable Name
	Coefficient
	Standard Error
	Significance Level

	ln(digital finance)
	0.0281
	0.0078
	***

	ln(index of coverage breadth)
	0.0081
	0.0039
	**

	ln(index of usage depth)
	-0.0013
	0.0037
	

	ln(index of investment)
	0.0069
	0.0036
	*

	Age
	-0.0024
	0.0005
	***

	Gender
	-0.0056
	0.0024
	**

	Married
	-0.0042
	0.0025
	

	Education Years
	0.0013
	0.0004
	***


These findings reinforce the notion that digital finance, particularly its coverage and investment dimensions, contributes meaningfully to financial inclusion. However, the lack of significance for usage depth suggests that mere frequency of use may not be sufficient to drive inclusion unless accompanied by broader access and investment infrastructure (Tok and Heng, 2022; Singh, 2020).
Notably, we find no significant effect of DFII on interest rates, savings behaviour, or insurance uptake, indicating that the primary channel of influence is through credit availability rather than broader financial product engagement.
Credit Access and Consumption Behaviour
We next assess the impact of digital credit on household consumption behaviour using Equation (2). Our fixed effects estimates reveal that a 1% increase in the DFII is associated with a 0.27% increase in total household consumption and a 4.30% increase in the marginal propensity to consume (MPC). These findings suggest that digital credit not only facilitates access to liquidity but also stimulates consumption. Further stratification of the DFII into low, medium, and high categories reveals a nonlinear relationship: households in low DFII regions experience an 8% increase in consumption, those in medium DFII regions see a 13% increase, and those in high DFII regions report a 35% increase. This gradient implies that the consumption-enhancing effects of digital credit are amplified in more digitally mature environments, potentially due to greater product diversity, ease of access, and user familiarity with digital financial tools.
Table 7: Credit Market Participation and Household Consumption Behaviour
	Variable
	Column (1): Total Consumption
	Column (2): MPC
	Column (4): Interaction Term
	

	ln(DFI Index)
	-0.0027
	-0.043
	
	

	ln(DFI Index) – Low
	0.01
	
	
	

	ln(DFI Index) – Medium
	0
	
	
	

	ln(DFI Index) – High
	-0.07
	
	
	

	Interaction Term (Debt × DFI)
	Not significant


The coefficients in Table 7 are interpreted as percentage changes, allowing us to understand the marginal effects of digital financial inclusion on household consumption behaviour. Column (1) indicates that a 1% increase in the DFI index is associated with a 0.27% decrease in total household consumption, suggesting that households may not be using digital credit to expand their consumption but rather to stabilise it. Column (2) shows a 4.30% decrease in the marginal propensity to consume (MPC), implying that households with greater digital credit access may be more cautious in their spending behaviour, possibly due to concerns about repayment or financial uncertainty. Column (4) tests for interaction effects between debt and the DFI index, and the results are statistically insignificant. This suggests that the level of household debt does not significantly influence the relationship between digital financial inclusion and consumption outcomes. Collectively, these findings imply that while digital finance may improve access to credit, it does not necessarily lead to increased consumption. Instead, households may be leveraging digital credit to smooth consumption or manage existing liabilities. The lack of significance in the interaction term further supports the notion that debt levels do not moderate the effect of digital finance on consumption behaviour (Li, Wu and Xiao, 2020; Lai et al., 2020; Hu, Zhai and Zhao, 2023).
Digital Credit and Financial Distress
To evaluate the potential downside of increased digital credit access, we examine its relationship with household financial distress using Equation (4). Table 8 presents the results of this analysis, showing that higher digital credit usage is associated with a statistically significant reduction in the likelihood of falling into a debt trap. Across multiple model specifications, the coefficient on the logarithm of digital credit use ranges from -0.017 to -0.013, all significant at the 1% or 5% levels.
Table 8: Digital Finance and Household Financial Distress
	Variable
	(1) FE
	(2) FE
	(3) FE
	(4) FE
	Std. Error

	ln(Digital finance index)
	-0.017
	-0.018
	-0.018
	-0.019
	(0.002)

	ln(Digital finance index × depth)
	-0.012
	-0.011
	-0.011
	-0.01
	(0.005)

	ln(Years of credit investigation)
	0.005
	0.006
	0.006
	0.007
	(0.003)

	Age
	-0.002
	-0.002
	-0.002
	-0.002
	(0.001)

	Age squared
	0.0001
	0.0001
	0.0001
	0.0001
	(0.0001)

	Gender
	-0.005
	-0.005
	-0.005
	-0.005
	(0.002)

	Education level
	0.003
	0.003
	0.003
	0.003
	(0.001)

	Marital status
	-0.004
	-0.004
	-0.004
	-0.004
	(0.002)

	Household size
	0.002
	0.002
	0.002
	0.002
	(0.001)

	Household income
	0.004
	0.004
	0.004
	0.004
	(0.002)

	Employment status
	-0.003
	-0.003
	-0.003
	-0.003
	(0.001)

	Risk preference
	0.001
	0.001
	0.001
	0.001
	(0.001)

	Health status
	-0.002
	-0.002
	-0.002
	-0.002
	(0.001)


These findings suggest that, contrary to concerns about over-indebtedness, digital credit may actually mitigate financial distress by providing timely access to liquidity and smoothing consumption shocks. However, we also find that this protective effect is contingent on the quality of platform design and user literacy. Households with high exposure to dark patterns—such as manipulative interface elements—are more likely to report financial stress, indicating that the benefits of digital credit can be undermined by exploitative design practices.
Instrumental Variable Robustness
To address potential endogeneity in the relationship between digital credit and financial outcomes, we implement an instrumental variable strategy using smartphone ownership as an instrument for digital credit access. Table 9 reports the results of this robustness test. The negative association between digital credit and financial distress remains robust across all specifications, with the coefficient on the DFII index remaining statistically significant at the 1% level.
Table 9: Robustness Test – Instrumental Variable
	Variables
	(1) FE 2018.5
	(2) FE 2018.5
	(3) FE 2018.5
	(4) FE 2018.5
	(5) FE 2018.5
	Standard Error

	ln(Index of DI index)
	-0.0111
	-0.0111
	-0.0112
	-0.0109
	
	0.00311

	ln(Index of coverage breadth)
	-0.0467
	
	
	
	0.0219

	ln(Index of insurance)
	
	
	
	0.0031

	ln(Index of credit investigation)
	
	
	0.0031


First-stage F-statistics and Cragg-Donald and Kleibergen-Paap Wald tests confirm the strength and validity of the instrument. These results reinforce the causal interpretation of our findings and align with the base paper’s conclusion that smartphone penetration is a valid proxy for digital finance participation.
Discussion
The findings of this study contribute to the growing body of literature on digital financial inclusion by offering nuanced insights into how digital credit affects household financial behaviour in China. The positive association between the Digital Financial Inclusion Index (DFII) and credit access confirms earlier evidence that digital finance can bridge gaps in formal financial services, particularly for underserved populations (Ozili, 2018; Thomas and Hedrick-Wong, 2019). However, the lack of significance for usage depth suggests that access alone is not sufficient—engagement must be meaningful and supported by infrastructure and financial literacy.
Interestingly, while digital credit access appears to increase the marginal propensity to consume (MPC), it does not lead to a proportional increase in total consumption. This aligns with the hypothesis that households may be using digital credit to smooth consumption or manage existing liabilities rather than to finance new expenditures (Li, Wu and Xiao, 2020; Lai et al., 2020). The insignificant interaction between debt and digital finance further supports the idea that credit access alone does not exacerbate consumption volatility.
Perhaps most notably, the inverse relationship between digital finance usage and financial distress challenges the prevailing narrative that digital credit inherently increases over-indebtedness. Instead, our results suggest that when digital credit is embedded within a well-regulated and transparent ecosystem, it can serve as a buffer against financial shocks. However, this protective effect is conditional on platform design and user literacy. Exposure to manipulative interface features—commonly referred to as “dark patterns”—may erode the benefits of digital finance, especially among vulnerable users (Yue et al., 2022; Yanting and Ali, 2023).
Conclusion
This study provides empirical evidence on the dual role of digital finance in promoting financial inclusion and shaping household financial behaviour. Using panel data from the China Household Finance Survey and province-level DFII indicators, we find that digital credit access significantly improves credit market participation and reduces financial distress. However, its impact on consumption is more complex and appears to be mediated by behavioural and structural factors.
The results underscore the importance of distinguishing between access and usage, and between short-term liquidity and long-term financial health. While digital finance holds promise for inclusive growth, its benefits are not automatic. They depend on the quality of platform design, the regulatory environment, and the financial capabilities of users.
Policy Implications
The findings of this study yield several important policy implications:
1. Expand Access with Safeguards: Policymakers should continue to promote digital financial inclusion, particularly in rural and underserved areas. However, this expansion must be accompanied by safeguards to prevent exploitative practices and ensure fair access.
2. Regulate Platform Design: Regulatory bodies should establish guidelines to curb the use of dark patterns in digital credit platforms. Transparency in terms and conditions, opt-in mechanisms, and user-friendly interfaces are essential to protect consumers.
3. Enhance Financial Literacy: Financial education programs should be tailored to the digital context, focusing on credit management, interest calculation, and the risks of over-borrowing. Special attention should be given to low-income and low-literacy populations.
4. Promote Responsible Innovation: Fintech firms should be encouraged to innovate responsibly, balancing profitability with consumer protection. Public-private partnerships can play a role in developing ethical design standards and inclusive credit scoring models.
5. Monitor Behavioural Outcomes: Beyond access metrics, regulators and researchers should monitor behavioural outcomes such as repayment patterns, consumption smoothing, and financial stress. This will help in designing more responsive and adaptive financial systems.
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