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Abstract

:

The global economy and the financial sector have suffered due to the COVID-19 epidemic. The banking industry has seen an increase in digital channels and payments, consumer behavior changes, regulatory and supervisory relief, and new operational resilience challenges due to the COVID-19 pandemic. Therefore, seniors have had to adopt new channels and technologies instead of traditional cash and traditional channels. However, older people in India are not tech-savvy and avoid e-banking. Thus, stakeholders (e.g., bank authorities, governments) must focus on variables affecting the older population’s use of e-banking to reduce financial isolation. Thus, this study uses an extended Unified Theory of Acceptance and Use of Technology (UTAUT) framework to examine senior citizens’ intentions to use e-banking. Data from “456” senior citizens from central India were analyzed using Partial Least Squares Structural Equation Modeling (PLS-SEM) techniques. The study identified different significant predictors (e.g., performance expectancy, effort expectancy, perceived risk, self-efficacy, perceived trust, and anxiety) of older users’ intention to use e-banking post-COVID-19. This is the first study from central India to determine elderly people’s intention to use online banking during and after the COVID-19 pandemic. The findings will help bank authorities and other stakeholders increase senior citizens’ financial inclusion in India.
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1. Introduction


Increases in health care, wealth, and standards of living have all contributed to a rise in life expectancy, which in turn has led to a dramatic increase in the number of people over 60. In 2020, almost 13.5 percent of the world’s population was 65 and older, making up more than a billion individuals. By 2050, experts predict it will have risen to 2.1 billion (Benu 2023). The older population in Asia will triple between 2006 and 2050, as shown in Figure 1. The period from 2021 to 2030 was designated “A Decade of Healthy Ageing” by the World Health Assembly in August 2020. It is estimated that 14% of adults aged 60 and over are unable to achieve their most fundamental needs, according to the baseline study of A Decade of Healthy Ageing (World Health Organization 2020). The three components that make up this functional capacity are self-grooming, medication compliance, and budgeting.



The widespread use of technology in the financial sector (Lee and Shin 2018; Savić and Pešterac 2019) has led to a boom in high-tech services around the world over the past 10 years. The rise of digital payment methods, such as mobile wallets, P2P e-banking, real-time payments, Fintech portals, and cryptocurrencies, is a major trend in the global payments industry. In recent years, cash and credit have lost ground to digital payment methods among businesses and consumers worldwide. The digital payments model has been criticized and looked into many times because of worries about privacy (Albashrawi and Motiwalla 2019), security (Ribeiro et al. 2016), and service quality (Jun and Palacios 2016; Shankar et al. 2020). However, the e-banking market has been growing, both in terms of consumers and service providers. From 2020 to 2027, the global e-banking market is predicted to expand by nearly 30% due to rising interest in the industry’s growth and intensifying competition (Borasi and Khan 2020). By 2025, the total value of all e-banking is projected to increase by 90% to $4.60 trillion (Statista 2021). Money transfers and bill payments were the most popular uses of e-banking, followed by shopping (via coupons and discounts) and transportation (via bookings and boarding passes) (Borasi and Khan 2020).



Since the COVID-19 pandemic started in 2020, it has been hard for people and institutions to deal with money transactions because of issues such as social distancing, total lockdowns, partial lockdowns, and forced and voluntary quarantines. These constraints have prompted people and institutions to adjust to the ‘new normal’ lifestyles, leading to feelings of helplessness and anxiety (Billore and Billore 2020b; Mogaji 2020; Shareef et al. 2021). Consumers’ behavior has also changed as a result of the stress and vulnerability brought on by epidemiological situations such as lockdowns (Abouzid et al. 2021). Due to the pandemic, many consumers were ready to explore and adopt digital solutions in a hurry, including those in India’s low-income segment who quickly adopted Fintech services (Billore and Billore 2020a). Consumers’ widespread adoption of digital payment methods such as e-banking services can largely be attributed to the COVID-19 pandemic (Auer and Böhme 2020; Darma and Noviana 2020). However, a balanced dynamic between customers, retailers, and financial institutions is essential to the long-term success of this shift in behavior.



To sustain consumers’ e-banking behavior, particularly among senior citizens in India, internet connectivity and people’s attitudes, needs, and faith in the system are very important. In terms of connectivity, high internet connectivity in cities and easy access to mobile and internet technology have helped the digital payment industry in India grow quickly. In terms of people’s needs and attitudes towards online banking in India, they changed after demonetization in 2016 (Sobti 2019). The Unified Payments Interface (UPI), a real-time payment system made by the National Payments Corporation of India, made it much easier for banks to send and receive money. In India, where the number of people who use the internet grew from 4% in 2007 to almost 50% in 2020, there has been a trend towards e-banking (Hameed and Nigam 2022). According to a study of Indian app users, the majority (85%) of banking customers between the ages of 27 and 37 have abandoned paper and plastic in favor of e-banking apps, but the trend among older people is not that encouraging. Further, the Reserve Bank of India has made it clear that it is prioritizing measures to ensure stringent security for e-banking in order to secure consumer confidence and trust and enhance convenience by guaranteeing offline payment options for e-banking. The paradox of developing nations such as India is that while the country has one of the world’s fastest-growing internet and mobile penetration rates, its use of digital finance is still in its infancy due to barriers arising from a lack of awareness and motivation (Akhtar et al. 2021). Those over the age of 55 have been found to be among the least likely to use digital financial services. According to a survey by one of the Big Four accounting firms, Klynveld Peat Marwick Goerdeler (KPMG), India, this group of consumers increased their use of the internet from 8% before the pandemic to nearly 30% after the first six months of the pandemic, spending the majority of their time on healthcare platforms and grocery applications (Bhatt and Mehta 2020). However, this demographic is also the last to adopt e-banking technologies (Statista 2021). According to Isa et al. (2022), elderly people require additional time and trust before adopting digital financial services. There are a number of layered reasons why people are hesitant to fully adopt financial technologies (Nguyen et al. 2022). Constant technological advancements, such as gaps in accessibility or a lack of motivation and opportunity, widen the digital divide between technology and the senior citizen as the technology user (Wong and Mohamed 2021). The elderly consumer base is distinguished by its low financial literacy, low income, and resistance to technological advancement (CBILAMGE 2015; Oluwatayo 2013). The elderly have been portrayed as resistant to technological adoption (Andalib and Hashim 2018; Gilly et al. 2012), and possessing low levels of confidence when it comes to using new systems and tools (Peacock and Künemund 2007; Teng et al. 2009). Past studies also indicate that seniors are less likely to have equal access to technological literacy (Olsson et al. 2019; Tan and Chan 2018).



In light of the above discussion, researchers have begun to wonder if the senior consumer cohort’s behavior is affected by the permeation of the digital environment into the modern socioeconomic milieu and whether, as a result, the cohort’s attitudes and behavioral patterns towards technology may shift from reluctance to possible faster adoption. Elderly citizens, despite showing signs of fear and anxiety during the early stages of the pandemic, were observed to exhibit rapid behavioral adaptation and express positive changes in their attitudes towards adjusting to the demands of the new normal lifestyle (Berg and Liljedal 2022), suggesting a strong possibility for improved usage of technology by elderly consumers. Therefore, there is a need for additional research into the causes that may be the primary barriers to e-banking being widely adopted as the rapidly developing financial service of the future (Akhtar et al. 2021; Nguyen et al. 2022; Wong and Mohamed 2021). There are many frameworks available to assess and predict people’s intentions to use technology, but UTAUT is a widely recognized model in the field of information systems and technology adoption. It was developed by Venkatesh and colleagues in 2003 to explain and predict the acceptance and usage behavior of various technologies by individuals within an organization or a society (Venkatesh et al. 2003). The UTAUT model combines elements from four previously established technology acceptance models: the Theory of Reasoned Action (TRA), the Technology Acceptance Model (TAM), the Theory of Planned Behavior (TPB), and the Model of PC Utilization (MPCU). By integrating these models, UTAUT provides a comprehensive framework for understanding technology adoption and use. Initially, the UTAUT model had only four constructs (e.g., “performance expectancy”, “effort expectancy”, “social influence”, and “facilitating conditions”), but later researchers extended it by adding more situation-specific constructs. Therefore, this study aimed to extend the basic UTAUT framework by adding context-specific constructs to it. Furthermore, to test the proposed model, PLS-SEM was used. SEM is a statistical technique used for analyzing relationships between variables in a structural equation model. PLS-SEM (Partial Least Squares Structural Equation Modeling) and CB-SEM (Covariance-Based Structural Equation Modeling) are two different approaches to analyzing SEMs. PLS-SEM is often employed when data are not normally distributed, there is a strong emphasis on predicting the dependent variables, and the relationships between variables are not well understood. Therefore, PLS-SEM is used as a tool to validate the model.



To summarize, to the best of the author’s knowledge, no structured research has been conducted in India to explore the antecedents of senior citizens’ adoption of e-banking facilities following the COVID-19 pandemic. This paper addresses these knowledge gaps by investigating the important predictors of senior citizens’ adoption of e-banking following the COVID-19 pandemic. This paper also aimed to extend the UTAUT model by incorporating context-specific constructs. The main objectives of the study are to:




	
Assess senior citizens’ intentions to use digital technology for banking transactions;



	
Extend the UTAUT model to predict the key antecedents of older citizens’ e-banking intentions;



	
Validate the proposed model using the PLS-SEM technique.








The results showed that context-specific constructs, such as perceived risk and anxiety, are very important for extending and validating the basic UTAUT model.




2. Theoretical Foundation and Hypothesis Development


The relationship between users and technology is being examined, particularly in the context of the COVID-19 pandemic, which has forced people of all ages around the world to increase the use of digital services (Sheth 2020). Multiple models have been created to dissect the reasons for people’s acceptance of technology and their future plans for using it. These models are grounded in the Theory of Rationed Action (TRA) (Fishbein and Ajzen 1977), which proposes that users’ behaviors are determined by their rational evaluations of the consequences of those behaviors. Therefore, the individual’s beliefs play a pivotal role in setting expectations. Taking into account the significance of social influence on expectations and usage, the UTAUT model combines the most important relevant models from the 1990s (most notably the Technology Acceptance Model (TAM)) (Venkatesh et al. 2003). It has four constructs (i.e., expectations of effort and performance, social factors, and supportive conditions) and four moderating variables (i.e., age, gender, education, and voluntariness of use). Evaluation of behavioral intentions is also directly influenced by the constructs, along with various moderating variables (Venkatesh et al. 2003). The UTAUT model is commonly used to measure how well people adapt to new technologies (Williams et al. 2015). In recent years, predictive analytics (Brünink 2016), recommenders (Kadim and Sunardi 2023; Wang et al. 2015), and chatbots are just some of the technologies that have been evaluated using the UTAUT model (Kim et al. 2019). Understanding how senior people interact with e-banking tools and services may be revealed through the presentation and growth of acceptance. Finally, this study critically examines the widespread use of UTAUT as a theoretical basis for this study modeling. Despite the fact that research into the topic of technology acceptance is relatively well organized, many questions remain unanswered. There are ongoing discussions about the generalizability and validity of various technologies due to the wide variety of study populations, settings, and analyzed tools (Jena 2022a; Scherer and Teo 2019).



Since COVID-19 began spreading, it has had serious negative effects on people’s health and ability to make a living, as well as the economy, the financial markets, and public employment (Vinerean et al. 2022). Even though e-banking systems have this flaw, they have been shown to work (Alghamdi and Basahel 2021; Haapio et al. 2021). To stop the COVID-19 pandemic from spreading around the world, most countries have put in place preventative measures such as national lockdowns and laws that separate people from each other (Vinerean et al. 2022). Due to the COVID-19 pandemic, people were also hesitant to use physical currency in their transactions with one another (Zhao and Bacao 2021). Furthermore, numerous health agencies have advocated the adoption of e-banking as one of the measures to reduce the spread of the COVID-19 pandemic, including “The Centers for Disease Control and Prevention” and the World Health Organization. Many people opted to keep their financial dealings to themselves during the pandemic by using the e-banking mode of payment (Daragmeh et al. 2021; Goel et al. 2022; Zhao and Bacao 2020). This has led to e-banking’s rapid growth over the past few years. Venkatesh et al. (2003) developed the UTAUT model by combining ideas from different well-known Information System (IS) theories (e.g., TAM, TRA, etc.). The UTAUT model’s “performance expectation,” “effort expectation,” “social influence,” and “facilitating conditions” are the four essential components that affect the intent and use of technology. Additionally, the moderating effects of age, experience, gender, and the recipient’s decision to participate in the study are taken into account. In addition, Venkatesh et al. (2012) proposed UTAUT2 after making some modifications to the UTAUT by including three new aspects, including “hedonic motivation”, “price value”, and “habit”. UTAUT2 has greater potential for comprehensiveness and for explaining individuals’ IT adoption behavior, so it has been heavily utilized by many researchers (Anshari et al. 2021; Aslam et al. 2022; Dhiman et al. 2020; Jena 2022b; Santosa et al. 2021). Later, with the help of extensive research, the UTAUT2 model was revised and improved to account for the spread of e-banking systems (Al-Saedi and Al-Emran 2021; Chauhan et al. 2022; Widyanto et al. 2022).



Reviewing past studies, it was found that the “Performance expectancy” (PE), “efort expectancy” (EE), “social influence” (SI), “perceived trust” (PT), “self-efficacy” (SE), “perceived risk” (PR), and “behavioural intention” (BI) are all important factors in achieving an appropriate extension of UTAUT to assess technology adoption (Al-Saedi and Al-Emran 2021; Chauhan et al. 2022; Widyanto et al. 2022). However, no study has used all of these factors together to predict how people will make use of technology. Thus, the suggested model is built around the basic UTAUT constructs and other pandemic-related constructs in order to identify the most important predictors of senior citizens’ e-banking adoption after COVID-19. Figure 2 shows the approach that is being suggested. The details of the constructs used in the proposed model and their relationships are presented in the form of hypotheses below:



Behavioral Intention (BI)


The term “behavioral intention” describes an individual’s plans to carry out a wide range of actions (Fishbein and Ajzen 1977). The construct BI was first proposed in the Theory of Planned Behavior (TPB) and the Theory of Rationed Action (TRA), and it has since been adopted by many other models for spreading new technologies. The TPB states that BI is the best predictor of human behavior (Ajzen 1991). Furthermore, previous research has shown that self-efficacy, social influence, perceived trust, perceived risk, and anxiety (ANX) are strong predictors of BI (Kamboj and Joshi 2021; Patil et al. 2020; Saha and Kiran 2022).




Performance Expectancy (PE)


According to Venkatesh (Venkatesh et al. 2003), performance expectancy is a term that is used commonly in the field of technology adoption to describe a person’s level of trust in a technology’s capacity to help them achieve certain goals or improve their performance at work. Similarly, in the field of e-banking, it implies that individuals are more likely to engage in such practices when they believe that doing so would lead to positive consequences. People with a higher perception of PE in e-banking are more likely to use such transaction techniques (Santosa et al. 2021). Furthermore, numerous researchers have demonstrated that PE and BI are positively correlated with e-banking implementation (Abegao Neto and Figueiredo 2022; Giovanis et al. 2019; Lu and Kosim 2022). Consequently, the following hypothesis is postulated:

H1: 

PE significantly influences users’ BI to adopt e-banking.








Effort Expectancy (EE)


“Effort expectancy” is defined as the perceived ease or difficulty of using a given technology (Venkatesh et al. 2003). Similarly, a user’s familiarity with, and comfort with, using e-banking services may affect their propensity to do so (Giovanis et al. 2019; Santosa et al. 2021). Furthermore, consumers who believe e-banking to be user-friendly are more likely to employ it in monetary transactions (Majumdar and Pujari 2022; Tripathi et al. 2022). The level of EE and BI towards employing e-banking methods was also found to have a striking correlation in previous studies (Abegao Neto and Figueiredo 2022; Giovanis et al. 2019; Lu and Kosim 2022; Saha and Kiran 2022; Sleiman et al. 2022). As a result, the following hypothesis is formulated:

H2: 

EE is a significant predictor of BI to adopt e-banking.








Social Influence (SI)


The term “social influence” is used to describe one’s firm belief that others should follow one’s lead and adopt e-banking (George and Sunny 2021). As a result, prospective users often ask influential people in their lives what they think about e-banking systems before making a final decision (Giovanis et al. 2019; Sharma et al. 2017). Therefore, SI is very likely to significantly affect potential consumers’ actions (Al-Saedi and Al-Emran 2021; Patil et al. 2020). Additionally, many studies have shown a positive correlation between SI and BI when employing e-banking (Abegao Neto and Figueiredo 2022; Giovanis et al. 2019; Lu and Kosim 2022; Saha and Kiran 2022; Singh and Srivastava 2020; Sleiman et al. 2022). For this reason, it is anticipated that:

H3: 

SI significantly influences the user’s e-banking adoption.








Perceived Trust (PT)


The term “perceived trust” is used to describe an individual’s impressions of the institutional setting. This can include things such as having faith in financial institutions or telecommunications companies because of positive past interactions or a solid reputation (Al-Saedi et al. 2020; Anand and Abhilash 2022; Giovanis et al. 2019; Kaur et al. 2021). Initial trust affects a person’s BI, claims Widyanto (Widyanto et al. 2022). As a result, cognitive cues and other seemingly irrational factors are likely to play a role in fostering initial trust in new acquaintances (Shin 2009). Additionally, previous research has shown that PT and BI have a positive correlation in favor of e-banking adoption (Chawla and Joshi 2019; Giovanis et al. 2019; Lisana 2021; Saha and Kiran 2022). This leads to the formulation of the following hypothesis:

H4: 

PT significantly influences users’ BI to adopt e-banking.








Self-Efficacy (SE)


One’s confidence in one’s own ability to employ e-banking strategies in commercial transactions is known as “self-efficacy” (Kaur et al. 2021; Lisana 2021). Those who have a high level of e-banking SE are more likely to feel confident in their ability to use these payment methods effectively, deal with any difficulties that may arise, and be at ease with the associated technology (Luarn and Lin 2005). A low SE in e-banking is associated with a lack of comfort and confidence in using digital payment systems, which can make people reluctant to adopt them (Chao 2019; Lisana 2021). Additionally, prior studies have demonstrated that SE significantly predicts people’s BI to adopt and use e-banking (Al-Saedi and Al-Emran 2021; Chao 2019). This leads to the formulation of the following hypothesis:

H5: 

SE significantly predicts users’ BI to adopt e-banking.








Perceived Risk (PR)


The term “perceived risk” refers to the extent to which people worry that implementing e-banking strategies could result in unfavorable outcomes such as financial loss, fraud, or identity theft (Alhassany and Faisal 2018). As a result of this misconception, people may be hesitant to use e-banking because they worry about the legitimacy of the transaction (Chauhan et al. 2022). PR can range from low to high, depending on the user’s background, familiarity, and faith in the system in question (Yang et al. 2022). The development of efficient risk mitigation techniques relies on an awareness of the aspects that affect public relations in e-banking, which in turn relies on the acceptance and use of these payment methods by the general public (Abegao Neto and Figueiredo 2022; Zhao and Bacao 2021). Behavioral intentions under pressure depend on how individuals perceive risk. According to Xie et al. (2017), perceived risk has a negative effect on perceived behavior control. Several studies (De Bruin and Bennett 2020; Sobkow et al. 2020; Yang et al. 2022) have found that risk perception is a crucial predictor of proactive behavior. Various studies have found that risk perception is a crucial predictor of preventive behaviors (De Bruin and Bennett 2020; Sobkow et al. 2020; Yang et al. 2022). This encourages us to frame the following hypothesis:

H6: 

PR significantly impacts users’ BI to adopt e-banking.








Anxiety (ANX)


Anxiety is the term used to describe the emotions of apprehension, worry, and unease that some people may feel when utilizing e-banking techniques (Patil et al. 2020). Various factors, including worries about privacy and security, unfamiliarity with the technology, and the potential for mistakes during transactions, can contribute to this ANX (Celik 2016). People may be hesitant to adopt and use e-banking because of their fear of the unknown and the security risks associated with it (Bailey et al. 2017). Reducing ANX in e-banking is important for increasing e-banking’s uptake and utilization because it can enhance users’ views of the technology and boost their enthusiasm for employing it (Celik 2016). The influence of ANX on individuals’ BI and technological adoption has also been shown in previous studies of IT adoption (Bailey et al. 2017; Patil et al. 2020). Thus, the following hypothesis is postulated.

H7: 

Users’ BI is significantly influenced by ANX.









3. Methodology


The purpose of this study was to investigate the preference of senior citizens for the adoption of e-banking in light of the earlier discussion on technological challenges and attitudes toward digital finance. The scope of this study was comprehensive and cross-sectional. PLS-SEM (Partial Least Squares Structural Equation Modeling) is a cutting-edge statistical technique for estimating complicated cause-and-effect relationship models that include latent and observable variables (Hair et al. 2017). PLS-SEM calculates how well the model describes the target constructs of interest by estimating the associations between the latent variables (i.e., their strengths). PLS-SEM is becoming increasingly popular due to its ability to estimate extremely complex models and its lenient data requirements (Hair et al. 2017). Therefore, PLS-SEM was used in this study to validate the proposed model and test the hypothesis.



3.1. Measures


Since the study was conducted amongst senior citizens in India, the obvious choice of survey communication and questionnaire design was the region’s local language. The questionnaire was designed with a 5-point Likert scale to keep the scale measures simple and easy to understand for the elderly consumers and the finer differences between responses typically seen in a 7-point scale were avoided. The questionnaire was pre-tested on a group of ten elderly respondents, based on which some language and vocabulary-related changes were made to the instrument. This pre-testing also confirmed that the use of the 5-point scale was better than the 7-point scale for elderly respondents in this study (Table 1). The items used in this study can be found in Appendix A.




3.2. Data Collection


The sample size of the study was determined by SEM requirements. Boomsma and Hoogland (2001) state that a minimum of two hundred responses are essential to reduce the likelihood of bias in SEM findings. In this investigation, the survey aimed to obtain at least 200 valid responses from elderly Indians who are 60 years of age or older. A total of 800 questionnaires were distributed over the course of seven months (June–December 2022). The study area consisted of four states (i.e., Maharashtra, Madhya Pradesh, Odisha, and Chhattisgarh) in central India. Convenience and snowball sampling were used to find the right people to take part in the study. The majority of the participants were chosen from railway stations, city centers, large retail stores, shopping malls, hotels, bus stops, gram-panchayat offices, and other locations such as airports and train stations. The participants were informed about the study and assured that the data would only be used for academic research. Once the participants agreed to participate in the study, a link to the survey was sent through WhatsApp and Twitter with the assistance of research scholars from the local universities. The survey link was only sent to people who met the demographic criteria (older than 60). Scholars also verified that the respondent information provided in the responses was consistent with the study’s target respondent profile. Finally, 456 valid responses were used for data analysis after discarding 29 responses with missing or incomplete information. This relatively large sample size was used to reduce sampling error (Fricker 2016).




3.3. Sample Profile


The majority of the sample is composed of men (68%). Previous research has shown that elderly males in India were more likely to be financially literate, own assets, and manage those assets (Akhtar et al. 2021). Most of the participants were in the age range of 71–80. The majority of participants were graduates. Further, most of the participants were from urban India and were in self-owned businesses. Table 2 shows the profiles of the study respondents.





4. Data Analysis


Structural Equation Modeling (SEM) based on PLS was used to analyze the data obtained from 456 participants from central India. The data were analyzed in two stages: first, the scale’s and measurement’s validity and reliability were checked (measurement model assessment), and then the data were subjected to structural equation modeling to assess the proposed model and test the hypothesis (structural model assessment).



4.1. Measurement Model Assessment


The measurement model analysis aims to ensure that measurements are precise and accurately represent the theoretical component using the reliability and validity of the study instrument. Composite Reliability (CR) values were used to examine the degree to which the items were consistent with one another. Further, a cutoff of 0.7 was chosen for the reliability coefficient (Cronbach’s alpha) and CR (Hair et al. 2017). Cronbach’s alpha and item CR are presented in Table 3. The CR and Cronbach’s alpha values are above the cutoff values. Thus, the used instrument is found to be reliable.



Further, to ensure discriminant validity (DV), the extracted    A V E    values for each construct (shown in boldface in Table 4) to the correlation across all constructs are compared, as recommended by Fornell and Larcker (Fornell and Larcker 1981). The    A V E    value of each construct is greater than its correlation values with other constructs. Hence, DV is not a problem for this study.



From the above results, it is found that the overall statistical performance of the model constructs shows high levels of internal consistency, reliability, and validity.




4.2. Structural Model Assessment


Goodness-of-fit (GoF), path coefficients, and R2 were used to figure out how well the proposed model explained the relationship among variables. GoF value is calculated using the formula (  GoF =    A V E  ¯  ∗     R   2    ¯    ), as suggested by Alolah (Alolah et al. 2014). The GoF of the model is shown in Table 5.



The model’s calculated GoF value was 0.63, which is greater than the minimum threshold value of 0.36 (Alolah et al. 2014). Therefore, the proposed model was of sufficient quality, and PLS-SEM can be used for further investigation. The direct associations among PE, EE, SI, PT, SE, PR, ANX, and BI are presented in Figure 3. All the relations among BI and its antecedents are significant (shown in Figure 2) as the path coefficients are PE (0.36), EE (0.49), SI (0.38), PT (0.39), SE (0.42), PR (0.32), and ANX (0.33). Hence, hypotheses H1, H2, H3, H4, H5, H6, and H7 are supported.



The obtained R2 value of 0.63 shows that the proposed model is very good at making predictions. However, studies have shown that the R2 statistic cannot be used alone to judge the quality of a PLS-SEM structural model (Hair et al. 2017). Therefore, the predictive ability of the proposed model was determined using Stone’s Q2 Geisser’s test (Stone 1974). The blindfolded procedure is used to determine the Q2 value. Predicted variables have high predictive power if Q2 is greater than 0.3 (Hair et al. 2017). The Q2 value for the proposed model was 0.39, indicating high predictive relevance for the adoption of e-banking among the elderly.



Hypothesis Testing


To assess the significance of the hypotheses, the structural model’s path coefficients (β), p-values, and t-statistics are used in this study (Hair et al. 2021). The bootstrapping method is used to evaluate the structural model by looking at the significant value to determine the effect between factors. The hypothesis test results are shown in Table 6. All the proposed hypotheses are supported. The results revealed that perceived risk and anxiety among senior citizens negatively influence behavior intentions.



To better comprehend the proposed model, effect size values (    f   2    ) were determined. If     f   2     is above 0.15, the effect is believed to be good enough (moderate), less than 0.02 is a small effect, and anything above 0.35 is a big effect (Hair et al. 2021). Table 6 shows the     f   2     values of each hypothesis. The results show that the effect size varies from the highest effect size (EE→UI,     f   2     = 0.227) to the lowest effect size (ANX→BI,     f   2     = 0.109). The effect size of all the hypotheses is found to be moderate (>0.15).






5. Discussion and Implications


The goal of this study was to find out what makes senior citizens likely to use electronic banking following the COVID-19 pandemic. Statistics show that despite the rapid growth of internet and mobile access in India (Statista 2021), the use of e-banking, Fintech services, and others is not growing rapidly (Keeley and Benton-Short 2019; Sobti 2019). There is an urgent need to find out what leads elderly people to use financial services made possible by technological advances. The study demonstrated that e-banking usage is lower among rural senior citizens, which is consistent with past studies (Fan et al. 2022). COVID-19 played a critical role in further outlining the antecedents of the adoption of digital finance and how they can be influenced by various measures taken both from a managerial and policy perspective, while technology-related behaviors are changing with the development of technology in India (Billore and Billore 2020a). The empirical data analysis has supported all the study hypotheses. Several antecedents, such as perceived usefulness (Giovanis et al. 2019), effort expectancy (Lin 2007), perceived risks (Featherman et al. 2021), social influence (Bhattacharjee 2010), perceived trust (Lin et al. 2013), self-efficacy, and anxiety (Mehmood et al. 2014), appeared to play a critical role in determining the behavioral intention to use e-banking facilities in post-COVID-19 pandemic India. Taylor and Todd (1995) indicate that elderly people are still wary about the use of e-banking platforms. The results of this study are also in line with the above result, as the antecedent (EE) has a higher influence on BI than other predictors. According to previous studies (Billore and Billore 2020b; Kaur et al. 2021; Senali et al. 2022), peoples’ behavioral intentions about e-banking were significantly influenced by their perceptions of the financial, privacy, performance, and psychological risks. Our study also found similar findings. Again, when compared to external influences such as visuals, online media, and print-based information, the effect of social influences on senior citizens’ BI to adopt e-banking was found to be significant, suggesting that interpersonal communication and the influence of in-circle friends and family have a greater impact on the elderly’s intentions to adopt e-banking. The UTAUT model’s overall explanatory power for behavioral intention was 63%, suggesting that there is a relatively high percentage of variation among the elderly in India regarding their intention to adopt e-banking as a mode of financial transaction. Even though the COVID-19 pandemic has led to a greater emphasis on digital finance and the digitization of India’s communication and infrastructure for a variety of goods and services, the likelihood that the behavioral intention of senior citizens will be influenced by proposed antecedents that can impact their intensity to use e-banking methods remains intriguing.



5.1. Academic Implications


By focusing on e-banking adoption in a developing country (i.e., India), this study adds to the existing understanding of senior citizens’ adoption behavior on e-banking. The importance of this research is highlighted by the current brawl between advanced technological progress in India and obstacles to its widespread adoption (Gupta et al. 2020). This study extended the UTAUT model to investigate the adoption of digital finance (Giovanis et al. 2019; Khasawneh and Irshaidat 2017), and more specifically, e-banking, due to the dearth of research employing this particular framework in this domain. In addition, this study found that perceived risk is a significant antecedent of BI to highlight the role that people’s worries about losing money, having their personal information stolen, or being unable to complete a transaction successfully (in this case, via e-banking) play in discouraging their use of digital finance tools. The effects of self-efficacy and the impressions of interpersonal sources can go either way, positively or negatively. Prospective customers for e-banking can be developed in the elderly segment by enhancing facilitating conditions and employing them as a tool for consumer conversions. To the author’s knowledge, this is the first study of its kind, providing nuanced insight into a unique empirical source by investigating senior citizens’ behavioral intentions for e-banking in a rapidly developing economy. In addition, the UTAUT can be used in conjunction with TPB predictors to provide a more comprehensive picture of the aforementioned sample group (Giovanis et al. 2019).




5.2. Practical Implications


The main reason for this study is that there seems to be a contradiction between the fact that technology-based services are becoming more available in India and the fact that older people do not use digital finance very much, especially in light of the COVID-19 pandemic and in the future. Many of the factors that influence e-banking behavior among the elderly in India have been identified through UTAUT analysis. There is wide use of mobile telephony in both rural and urban landscapes, but the author argues that there is still reluctance and latent fear towards the use of digital platforms for banking and financial transactions. The majority of companies around the world are currently transitioning from physical to digital locations, making this hesitation counterproductive. In that regard, the current state of affairs is consistent with earlier findings (Papias and Ganesan 2010) and has not changed significantly in the last decade or so. The study’s empirical analysis supports findings from prior research suggesting that peoples’ impressions of how safe and simple e-banking methods are may dampen their propensity to use them (Makanyeza 2017; Mudiri 2013). This suggests that the elderly are especially vulnerable to fraud because of their heightened sensitivity to financial insecurity (e.g., Ghilarducci 2022; Lee and Andrade 2015; Salignac et al. 2022). This highlights the significance of providing elderly consumers with not only information about their rights when using digital finance but also the knowledge and skills to exercise those rights effectively. Previous research on the topic has confirmed that it is essential to reduce users’ fears of and dissatisfaction with digital platforms and their service providers (Billore and Billore 2020a; Refera et al. 2016; Shankar et al. 2020). Furthermore, self-efficacy has a significant impact on behavioral intention, suggesting that elderly consumers’ digital literacy and digital comfort can be significantly attuned to stronger behavioral intentions for e-banking if the knowledge base of the user is strengthened along with relevant support structures. To achieve this goal, initiatives and financial literacy campaigns that target elderly consumers should be prioritized. During and after the COVID-19 pandemic, it is more important than ever to emphasize the correct way of disseminating technological innovations across all user cohorts, especially senior adults (Crespo and Del Bosque 2010; Rogers 1985). Uniform dissemination of innovation knowledge in society can help spread positive word of mouth and significantly reduce the impact of misappropriation and instances of financial fraud. Given the rapid pace at which technology is evolving and being integrated into everyday life, it is believed that such managerial actions can also reduce the percentage of digital exclusion, especially among elderly users (Olsson et al. 2019; Seifert 2020). The National Council on Ageing (NCOA) stresses the importance of further efforts to bridge the generation gap between senior adults and advanced technologies such as smartphones and tablets.





6. Conclusions


The goal of this study was to use an extended UTAUT model to identify the factors influencing e-banking adoption among senior citizens in India. To learn more about why Indian consumers over 60 use e-banking, the study analyzed the real-world impact of performance expectancy, effort expectancy, perceived risk, self-efficacy, trust, and anxiety on the behavioral intention of older people to use e-banking for financial transactions. To the best of the authors’ knowledge, this is one of the very few studies to use the UTAUT model to analyze premeditated user behavior in an economically dynamic country such as India. The results indicate that all proposed hypotheses are accepted, suggesting that all tested antecedents contributed to a good fit for the tested model. The study highlights some important positive factors (self-efficacy, effort expectancy) and negative factors (e.g., anxiety and perceived risk) that influence user behavior regarding e-banking, and these factors are consistent with statistical observations on the state of digital finance tools among the elderly in society. The obtained results have been supported by various studies in different contexts (Featherman et al. 2021; Bhattacharjee 2010; Mehmood et al. 2014). Given the rapid transition of financial services to digital platforms as a result of technological advancement and the COVID-19 pandemic situation, the discussion emphasizes the importance of improving digital literacy, confidence, and trust in e-banking services to increase their rate of adoption among older consumers.



Limitations and Future Scope


There are a number of limitations in this study, even though it has made important contributions. In the first stage of our analysis, this study mainly focused on the direct impact of independent variables on dependent variables, so it is not clear what role indirect effects and interactions play in this research paradigm. Thus, more research is needed on the factors that affect users’ intention to adopt e-banking, including the possible roles of mediators and moderators. Second, for a country to realize its cashless economy goal, e-banking must be accepted by all stakeholders, but this study only focused on how to increase older people’s openness to e-banking. However, more research is needed on the perspectives of other stakeholders such as retailers, banks, payment processing companies, and others to increase the widespread adoption of e-banking following the COVID-19 pandemic. Third, the data for this inquiry were gathered using a non-probabilistic sampling strategy rather than a probability sample, which may not be representative of the population at large. Thus, future studies should adopt more reliable sampling strategies. Fourth, this research concentrates on central India, where the socio-economic conditions are different from the rest of India. Studying the rest of the population, with representatives from all over India, could lead to a greater understanding and adoption of e-banking. Further, this research does not make use of additional important antecedents, such as complexity and time risks, that could be incorporated to extend the UTAUT for a more thorough understanding of e-banking adoption. Finally, a cross-cultural analysis of the elderly e-banking users of developing and developed countries would greatly benefit future digital consumer behavior research.








Funding


This research received no external funding.




Data Availability Statement


Data will be shared on request.




Acknowledgments


I acknowledge the support of my friends and colleagues in developing the paper.




Conflicts of Interest


The author declares no conflict of interest.





Appendix A




 





Table A1. Study Constructs.






Table A1. Study Constructs.





	
Constructs

	
Item Code

	
Items






	
Behavioral intention(BI)

	
BI1

	
I hope to begin/continue utilizing e-banking in the future




	
BI2

	
I anticipate using or continuing to use e-banking




	
BI3

	
I will continue to use e-banking often in the future




	
BI4

	
I will suggest to my friends and relatives e-banking services




	
Performance Expectancy (PE)

	
PE1

	
I feel that utilizing e-banking will save me time and money




	
PE2

	
I believe that by using e-banking, I can easily access my bank accounts from anywhere and at any moment




	
PE3

	
I believe that e-banking services fit my lifestyle




	
PE4

	
Overall, I find e-banking to be quite valuable in my financial activities




	
Effort expectancy (EE)

	
EE1

	
It is simple for me to learn how to utilize e-banking services for banking




	
EE2

	
I believe that learning how to complete banking tasks using e-banking services was rather simple for me




	
EE3

	
I believe that the e-banking website’s interactivity is simple




	
EE4

	
I believe that utilizing e-banking services provides me with a sense of security




	
Social Influence (SI)

	
SI1

	
Several influential persons in my life have suggested that I should use e-banking




	
SI2

	
Individuals who use e-banking have a good reputation




	
SI3

	
Using e-banking is a status symbol among my friends




	
S14

	
The majority of folks in my immediate vicinity use e-banking




	
Perceived Trust (PT)

	
PT1

	
In my opinion, e-banking is trustworthy




	
PT2

	
I have confidence in my bank to assist me in securing e-banking services




	
PT3

	
I trust providers of e-banking services to aid in ensuring the security of e-banking




	
PT4

	
I would rely on my telecom provider to provide reliable and stable internet connectivity for e-banking




	
PT5

	
I feel that e-banking is dedicated to offering honest financial services




	
Self-efficacy (SE)

	
SE1

	
I could use e-banking services even in the absence of assistance




	
SE2

	
I can use e-banking services even if others are not utilizing E-BANKING




	
SE3

	
By observing how others use the e-banking system, I may soon become skilled in it




	
SE4

	
While utilizing e-banking services, I can seek solutions to my problems




	
Perceived risk (PR)

	
PR1

	
Using e-banking services raises privacy concerns for me




	
PR2

	
I’m concerned about financial information being recorded in an unlawful manner




	
PR3

	
I’m scared that when I’m using e-banking, unauthorized people will take my account and password




	
PR4

	
I’m afraid about using e-banking services since others could have access to my bank account




	
PR5

	
I’m apprehensive about using e-banking services since they may result in my bank account being hacked




	
Anxiety (ANX)

	
ANX1

	
The security of e-banking does not reassure me




	
ANX2

	
I’m concerned that I’ll forget my username and/or password




	
ANX3

	
I’m concerned that pressing the wrong key while using e-banking may cause me to lose important information




	
ANX4

	
I’m scared that by utilizing e-banking, I’ll make irrevocable errors




	
ANX5

	
I’m worried that the equipment I’m using for e-banking will be stolen, misplaced, or abused by others
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Figure 1. Projected older population (adapted from Bloom and Luca (2016)). 
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Figure 2. Proposed model. 
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Figure 3. Path Coefficients (Direct). 
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Table 1. Description of Study Instrument.
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Constructs

	
No of Items

	
Scale

	
Source






	
Behavioral Intention (BI)

	
4

	
Five-point Likert scale

	
Lisana (2021)




	
Performance Expectancy (PE)

	
4

	
Venkatesh et al. (2003, 2012)




	
Effort expectancy (EE)

	
4

	
Venkatesh et al. (2003, 2012)




	
Social Influence (SI)

	
4

	
Lisana (2021)




	
Perceived Trust (PT)

	
5

	
Yang et al. (2022)




	
Self-efficacy (SE)

	
4

	
Lisana (2021)




	
Perceived risk (PR)

	
5

	
Sripalawat et al. (2011)




	
Anxiety (ANX)

	
5

	
Patil et al. (2020)











 





Table 2. Sample profile.






Table 2. Sample profile.





	
Variables

	
Sample Category

	
Responses






	
Gender

	
Men

	
68%




	
Women

	
32%




	
Age

	
60–70

	
41%




	
71–80

	
46%




	
81 and above

	
13%




	
Education

	
High School

	
29%




	
Graduate

	
53%




	
Post Graduate

	
18%




	
Residence

	
Urban

	
61%




	
Rural

	
39%




	
Profession

	
Service

	
37%




	
Business

	
46%




	
Farming

	
17%











 





Table 3. Construct Reliability.






Table 3. Construct Reliability.





	Construct
	Loading
	Cronbach’s Alpha
	AVE
	CR





	Behavioral Intention (BI)
	0.81–0.89
	0.77
	0.66
	0.82



	Performance Expectancy (PE)
	0.71–0.82
	0.73
	0.63
	0.75



	Effort expectancy (EE)
	0.61–0.83
	0.78
	0.63
	0.84



	Social Influence (SI)
	0.65–0.82
	0.75
	0.65
	0.82



	Perceived Trust (PT)
	0.71–0.87
	0.76
	0.64
	0.78



	Self-efficacy (SE)
	0.73–0.83
	0.74
	0.62
	0.79



	Perceived risk (PR)
	0.73–0.87
	0.78
	0.66
	0.81



	Anxiety (ANX)
	0.62–0.83
	0.72
	0.61
	0.74










 





Table 4. Discriminant validity (Fornell–Larcker Criterion).
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	Constructs
	Mean
	SD
	BI
	PE
	EE
	SI
	PT
	SE
	PR
	ANX





	BI
	3.31
	0.11
	0.81
	
	
	
	
	
	
	



	PE
	3.63
	0.12
	0.34 *
	0.79
	
	
	
	
	
	



	EE
	3.09
	0.17
	0.32 *
	0.33 *
	0.79
	
	
	
	
	



	SI
	3.45
	0.22
	0.31 *
	0.30 *
	0.36 *
	0.81
	
	
	
	



	PT
	3.39
	0.31
	0.38 *
	0.31 *
	0.43 *
	0.41 *
	0.80
	
	
	



	SE
	3.79
	0.26
	0.34 *
	0.31 *
	0.35 *
	0.33 *
	0.36 *
	0.79
	
	



	PR
	2.89
	0.19
	0.41 *
	0.26 *
	0.34 *
	0.34
	0.41 *
	0.36 *
	0.81
	



	ANX
	3.01
	0.21
	0.29 *
	0.42 *
	0.41 *
	0.29
	0.31 *
	0.33 *
	0.37 *
	0.78







Note: * p < 0.05.













 





Table 5. GoF Index.
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Constructs

	
AVE

	
      R   2      






	
BI

	
0.66

	
0.63




	
PE

	
0.63




	
EE

	
0.63




	
SI

	
0.65




	
PT

	
0.64




	
SE

	
0.62




	
PR

	
0.66




	
ANX

	
0.61




	
Average Score

	
0.64

	
0.63




	
   GoF =    R   2   ∗ A V E    

	
0.63











 





Table 6. Hypothesis test results.
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	Relationship
	Coefficient (β)
	t-Values
	p-Values
	Result
	      f   2      





	PE→BI(H1)
	0.36
	6.09
	0.02
	Supported
	0.162



	EE→BI(H2)
	0.49
	7.89
	0.00
	Supported
	0.227



	SI→BI(H3)
	0.38
	6.31
	0.03
	Supported
	0.174



	PT→BI(H4)
	0.39
	6.92
	0.03
	Supported
	0.328



	SE→BI(H5)
	0.42
	7.19
	0.02
	Supported
	0.213



	PR→BI(H6)
	−0.32
	5.21
	0.04
	Supported
	0.189



	ANX→BI(H7)
	−0.33
	5.26
	0.03
	Supported
	0.109
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