


Dual focus of Technology Acceptance and Technology Resistant of Older Adults: Two-phased multi-analytical models tested in Sri Lanka



Abstract
Aim: Digital health care service receives increasing attention and there is an extensive portion of the elders that does not utilize digital health care services. The study aims to develop an integrated model based on a human-centric view, socio- technical traits, and aging specific constructs to offer an in-depth view of older adults’ acceptance and resistance of technology. 	Comment by Akeem Nafiu: This is not part of your topic. Restate.
Design: The study integrated Theory of Planned Behavior, Status quo bias, Equity-implementation model and Unified Theory of Acceptance and Use of Technology2 model to come up with a dual phenomenon conceptual model. Two-phased multi-analytical models were used. The scope of the study included older adults (people aged 65 years or older) in Sri Lanka.  
Results: The multiple regression analysis and Model 4 of the PROCESS macro results revealed that human centric, socio technical and aging specific factors significantly influence on elders to use technology; interestedly, human-centric factors negatively influenced. The data is trained and tested using a deep learning approach. The model can performed F-measure of 72.85% for predicting technology acceptance or rejection. 
Implications: Understanding personal variables such as human-centric and aging specific that affect the adaptation and resistant process in technology provides valuable information for inventors and social developers in the design and implementation of technology for the elder community.
Originality: The study extended the technology acceptance models based on human-centric perspective, socio-technical characteristics, and aging specific constructs for a more comprehensive understanding of consumer acceptance or resistance of technology.
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Introduction

It is appraised that the elder population (aged above 65 years) will increase to 149 million by 2050, people who aged between 75 to 84 years growing by 60.5%, and very older adults (above 85 years) is projected to reach 31.8 million (Lindberg & De Troyer, 2020; Tsai et al. 2020). Though improvement of life expectancy considered as an indicator of human and societal development, challenges related to healthcare systems receive major concerns. Due to weakening physiological conditions, high costs, transportation, and other issues (Kekade et al. 2018), elderly care becomes critical issue and requirement for a new approach to deliver health care becomes an emerging issue.  On these notes, digital health care for elders receives considerable attention (Alzougool, 2024; Melchiorre et al. 2018).	Comment by Akeem Nafiu: You are starting on a wrong note. This is misleading. What is appraised?
Digital health care includes multiple buzzwords such as electronic health (e-Health), mobile health (m-Health), telemedicine, telehealth, and many more (Merkel et al. 2020). Digital health care defined as providing digital data accessibility to both caregivers and patients to maintain an equal level of doctor-patient connection with collective decision-making and the democratization of care (Mesk´o et al. 2017; Nwagwu, & Onyancha, 2024). It is a widespread societal view that the elderly are distinctively opposed to technology usage (Lossec & Millar, 2021). Literally, majority of older adults are unable to alter with fast-moving technologies and they often provide different excuses not to use technology (Jones & Bednar, 2020; Cimperman et al. 2016). In this piece, elderly person’s acceptance to use and resistant to use of latest technologies remain a research problem and leading issue for using digital health caring services. 
Acceptance to use and resistance are twin concepts that bring into line with technological revolutions (Shirish & Batuekueno, 2021; Collerette et al. 1997). The aging population’s behavioral intention differ in three facets; biological, psychological and sociological (Heinz et al. 2013). Technological adoption literature opines that behavioral intention towards new technology significantly influenced by symbolic value or emotional value along with functional values (Talukder et al. 2020). Meanwhile, technological socialization has been acknowledged. In this regard, technology generation theory (Sackmann & Winkler, 2013) insists that birth cohorts differ according to the technological devices they have used while growing up. Talukder et al. (2020) further claimed that a unique symmetrical relationship indicates a significant effect of predictors on the desired outcome. However, because of the two variables are least likely to be asymmetric, symmetric and net effects are not applicable to all data sets; leading to misrepresentative. In this vein, we intend to integrate TPB, Status quo bias, EIM and UTUTA2 model to come up with a dual phenomenon conceptual model of technology acceptance and resistance, particularly in the aspect of elderly population. 
The study used two steps to analyze the proposed model. In first, multiple regression analysis and Model 4 of the PROCESS macro were used to examine significant determinants affecting technology acceptance and resistance. In second, a deep learning model was applied to confirm the findings in step 1 and form the relative importance of each determinant to the technology acceptance and resistance. The obvious advantage of using deep learning is to expand the feature space to a larger dimensional space and to be able to generate new nonlinear complex features using pre-trained word embedding vectors. However, the difficulty lies in how to ensure that the pretrained word embedding vectors (global or general level, not specific to a given set of data) are accurate when applied to make decisions on actual data (Basiri et al., 2021). In this study, we try to reduce more general features and only use features that appear in specific context data.

This study, we examine elder people’s extension of interacting with information processing technology like tablets, personal computers, and smart phones. The study contributes to the existing research in many aspects. Firstly, it integrates TPB, Status quo bias, EIM and UTUTA2 model to come up with a dual phenomenon conceptual model of technology acceptance and resistance. Secondly, it extended the technology acceptance models based on human-centric perspective, socio-technical characteristics, and aging specific constructs for a more comprehensive understanding of consumer acceptance or resistance of technology. Thirdly, two-phased multi-analytical models were used: multiple regression models 4 of the PROCESS macro for evaluating determinants of the technology acceptance and resistance, while deep learning model for validation on multiple regression outcomes. 

The paper is organised as follows. ‘Related Work’ describes the technology acceptance theories in opinion classification and hypotheses development; the ‘Method’ describes the two-stage model and data analysis and ‘Results’ describes two-phased multi-analytical models findings. The ‘Discussion’ presents the implications based on the findings of our research. Finally, the ‘Conclusion’ concludes the paper.
Related Work
Theoretical Frameworks 
The theory of planned behavior (TPB) (Ajzen, 1991) is recognized as an inclusive groundwork to elucidate the key predictors on adoption behavior. According to the TPB, people’s acceptance behavior is guided by three beliefs namely behavioural, normative and control. Technology Acceptance Model (TAM) (Davis, 1985) initiated the concept of individual’s adoption on technology. The TAM established with two key features; perceived usefulness (PU), perceived ease-of-use (PEOU). Venkatesh et al. (2003) established Unified Theory of Acceptance and Use of Technology (UTAUT) model by combining 8 altered theoretical models including the TAM. In 2012, Venkatesh and group modified and extended the original UATUT combining organizational aspect and consumer prospects and UTAUT2 determines user acceptance and utilization of innovative and compound technology (Venkatesh et al. 2012). UTAUT2 focuses on social, facilitating factors, and consumer’s emotional aspect (Talukder et al. 2019). Equity-implementation model (EIM) (Joshi, 1991) opined that the net equity is the key measurement to evaluate new technology implementation. The net equity is assessed by calculating the differences between outcome change and input changes after utilising new technology. Talukder et al. (2020) evolved the UTUTA2 model by including technology anxiety, resistance to change, and self-actualization, to investigate elders’ understands of wearable healthcare technology acceptance. 
The status quo bias theory identified as the grounded theory to inspect the occurrence of user resistance (Kim & Kankanhalli, 2009). Status quo bias theory (Samuelson & Zeckhauser, 1988) basically explains people’s fondness for preserving their present status (Lee & Joshi, 2017). As Samuelson & Zeckhauser (1988) describe, status quo bias used three key facets; rational decision making, cognitive misperceptions, and psychological commitment, to study user adoption and user resistance (Shirish & Batuekueno (2021).
Markus (1983) clarifies user resistance based on system collaboration and social context attributes. Martinko et al. (1996) posit that internal and external influences lead individual to pay attention to a new technology. Lapointe & Rivard (2007) presented technology resistant model based on five components namely; initial conditions, interaction, threats, behavior, and the subject and object of resistance. Initial conditions relate with the purpose of resistance (e.g., system features) and other components deal with perception of threats (e.g., loss of power). In addition, the literature proposed factors such as superficial fears, anxiety on loss of power, individualism, organizational change, complication, risk handling, for technology resistance (Matemba et al. 2020). Recently, integrating the specific theoretical lens (TPB, Status quo bias, EIM), Shirish & Batuekueno (2021) provided a conceptual model of user resistance by inspecting behaviour of IT employees in the French context. Interestedly, studying single aspect becomes incomplete and dual focus of technology use and technology resistance becomes an emerging arena for advance search (Beaudry et al. 2020).

Model develop and hypotheses
Proposed model of the study is shown in Figure 1. In the next sections, we discuss the development of hypotheses based on these antecedents.
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Figure 1: Conceptual Framework
Source: Authors own creation

Human-centric factors
People always encounter to study novel features and to get familiarize the deviations (Yucel & Gulbahar, 2013). As Matemba et al. (2020) argued foretelling genuine human behaviour is a difficult matter but research opportunity is open and entails integrated model of technology acceptance [resistant]. In line with that, the study proposes to include four context-specific factors namely; Hedonic motivation (HM), Self-actualization (SA), Self-efficacy for change (SEC) and Switching cost and benefits (SCB) to investigate user acceptance or resistance of technology in the aspect of older adults community. The following section explained the key rationalization of including the contextual factors. 
Human-centric under UTAUT2 model incorporates the HM that represents the simple joy of enjoyment of life (Venkatesh et al. 2012). The prior studies highlighted the significance of HM when predicting technological adoption. Gao et al. (2019) reveal that fitness device users care more about HM. Likothanassis et al. (2017) indicate that user acceptance of cloud computing can be explained mainly using the reason of HM. Particularly, elders highly concern on the gratification received when consuming products (Talukder et al. 2020). The elders in the society influence their feelings in their daily lives. In this vein, Gaitan et al. (2015) revealed that HM did not play a salient role in affecting the technology acceptance of elders and their acceptance of technology was significantly impacted by habit.
SA links with the sense achieving individual growing and possibilities (Phang et al., 2006). Thus, SA indicates the inspiration of accomplishing anything that one is proficient (Maslow, 1970). Users who often observe innovative ideas and skills are showing high delicacy on latest technological innovations (Talukder et al. 2020). In contrast, if users have low level of SA, they will be less likely to experience technologies available.
Bandura (1995) defines self-efficacy for change as an individual’s confidence on own skill to adapt to the new circumstances. Users characterize with high self-efficacy is able to face the challenging environment with more confident (Kim & Kankanhalli, 2009). This could be more obviously happen in performing the focal behavior such as familiarizing with the new technology (Dwivedi et al. 2015). 
Rahi & Ghani (2016) state that switching cost is an emotional cost emerged when consumers switch from one product to another. As per status quo bias theory, switching cost consists of three components, transition costs (expenses and losses associated with the change), uncertainty costs (feeling incompetence in the uncertain situation), and sunk costs (people do not want to forgo their past investment made) (Samuelson & Zeckhauser, 1988). Switching benefits denote to the superficial advantages that user believe in enjoying in switching to a new product. If users believe that shift to new product might generate performance enhancement and the corresponding rewards, can serve to develop less resistance to use technology.	Comment by Akeem Nafiu: This is correct
Based on the above arguments, this study postulated the following hypotheses:
H1a: Human-centric factors positively influence elders to use technology
H1b: Human-centric factors positively influence elders’ resist to use technology

Socio-technical factors
Theoretically, it is equally important to ensure task technology fits factors together with social motivation and features to develop a framework to study the continuance intention to use technology by older adults (Pramod, 2023). On these notes, Technology anxiety (TA); Technology Readiness (TR); Social influence (SI); and Colleague Opinion (CO) are taken as directly depicting factors of socio-technological aspects.
Prior studies investigated the psychological traits of computer/smartphone users with regard to the anxious and negative attitudes toward technology (Tsai et al. 2020). Accordingly, without sufficient experience with technological devices users are scared that functioning those devices will lead to breakdown the devises. Chang & Im (2014) and Guo et al. (2013) mentioned that older adults’ lack of technological experiences leads to anxiety and they were more discomfort when using technology.
TR defined as a tendency of using technologies to achieve goals in personal and career life (Shirahada et al. 2019). The positive side of TR denotes enthusiasm for the technology and negative side implies a human disbelief. Advanced technologies presently available are considered by the elders were not accessible in their young ages. So, it is worth testing the influence of technology readiness on actual usage of technology like e-health and m-health.
SI can be demarcated as the degree of social force exercised on individual to espouse new behavior Chaouali et al. 2016). The opinions of family, friends; colleagues and experts can influence an individual’s decision to adopt new product/service. If people do not have prior experience on utilizing new product, opinions in their social circle make significant influences (Teo and Pok 2003). Aforementioned, if technology is novel to the older adults, social pressure becomes high influential factor on theiradoption decisions. Previous studies exhibited significant influence of social influence on technology usage (Rahi et al. 2019). Anxiety of noncompliance will lead to get the opinions from colleagues (Ajzen, 2002). Colleague’s original perceptions about switching costs and benefits about new product serve to reduce users’ uncertainty (Kim & Kankanhalli, 2009). Thus, colleague opinion could also affect usage and user resistance. Following above arguments, we proposed;
H2a: Socio-technical factors positively affect elders to use technology 
H2b: Socio-technical factors affect elders’ resist to use technology

Aging specific factors 
The predilection of elders to “age in place” is widely recognized. While there are a number of studies that have indicated the need for well-designed technologies that meet the needs of older adults, few have addressed user-related issues and barriers to the adoption of technologies (Wang et al. 2019). On these notes, we suggest to include five aging-specific factors namely; Self-image congruence (SIC); Aging Satisfaction (AS); Performance Expectancy (PE); Effort Expectancy (EE) and Functional Congruence (FC) to provide dual conceptual model on elders’ acceptance or resistance of technology 
Japutra et al. (2019) suggested that individuals show comfort behavior by consuming the products and services that are congruent with the image of a social group in which individuals aim to participate in. Therefore, intention to use technology would be influenced by individual’s social self-concept and SIC, and symbolic sense and functional values could derive individual to buy product (Wu et al. 2020). Johar & Sirgy (1991) defined the SIC as consuming product or service to show the symbolic meaning to portray the images. With related to elders, Tsai et al. (2020) opined that for elderly consumers SIC is often highly important and there is a strong association between SIC and brand commitment among elderly consumers. 
Aging satisfaction is a vital feature of elders and utilization of technology would be predicted by attitude on aging. AS means the sense of fulfillment about a current state compared with one in the past (Shirahada et al. 2019). If the elders have confident in their ability, they are willing to form their propensity to use a technology. However there might also have a relationship with the negative phase.
The opinion of technology as useful and valuable has strong connection with elder users’ behavioral intentions (Hoque and Sorwar, 2017; Muangmee et al. 2021). Performance expectancy defines as the extend of person’s believes that using technology will facilitate to obtain various benefits (Venkatesh et al. 2003) such as saving travel time and cost. Users’ collaborations with technology is characterized by purposeful action; however the elderly have different concerned with external parties (e.g.: children) than themselves. Jones & Bednar (2020) mentioned that elders use technology to communicate with family members. In here, family members stimulate their parents to use technology, believing that information technology enables communication. This is interesting because technology benefits are not directly affected to elders but for their family members. Jones & Bednar (2020) further insisted that elders believe technology makes people zombies and distracted eventually and they feel threatened by changes in technology.
The user’s adoption behavior is strongly connected with the level of easiness of using technology (Cimperman et al. 2016). Jones & Bednar (2020) and Talukder et al. (2019) argued that elders interpret technology in different ways and they feel high level of complication about the technology. In here, Jones & Bednar (2020) insisted that elders place effort to use technology that may seem like a necessity to do the things (example: communicate with family members) however familiarize with technology drives them mad. This is further evidence by Muangmee et al. (2021) indicating that familiarization of the technology utilization does not influence to the continued usage in long-term.  
FC under UTAUT2 model involves the perceived benefit of the technological invention and the monetary cost (Venkatesh et al. 2012). Accordingly, price is not simply sufficient to consider adoptability decisions. FC represents the perfect features of a consumer seeking from a product (Ahn et al. 2013). Individuals’ references and product’s utilitarian attributes are connected to their adoption decision
In information system research, features, comfort, and quality regarding website or apps affect the technology acceptance (Wu et al. 2020). Thus, we supposed that elders are profound with technology regarding material, weight, comfort, quality and features. Talukder et al. (2019) revealed that elders are highly influenced by the ergonomic design rather than monetary value particularly in digital health care system adoption. In line with this, technology should provide unique and practical aids to be involved in smoothing experiences.
The above arguments led this study to hypothesize the following: 
H3a: Aging specific factors influence elder’s to use technology
H3b: Aging specific factors positively influence with elder’s technology resistance

Finally, as Lossec & Millar (2021) opined elders’ interaction with technology is characterized by focused task and they will understand technology in altered ways. In this vein, the study examines the influence of human-centric perspective, socio-technical characteristics, and aging-specific factors on the level of interest the elderly have towards information technology. Thus, we proposed;
H4a: Elders with high sensitive to human-centric perspective have high propensity related to technology
H4b: Elders with high sensitive to socio-technical characteristics have high propensity related to technology
H4c: Elders with high sensitive to aging specific factors have high propensity related to technology

H5a: Propensity related to technology mediates the relationship between human-centric factors and elders to use technology
H5b: Propensity related to technology mediates the relationship between socio-technical factors and elders to use technology
H5c: Propensity related to technology mediates the relationship between aging specific factors and elders to use technology

H6a: Propensity related to technology mediates the relationship between human-centric factors and elders to resist using technology
H6b: Propensity related to technology mediates the relationship between socio- technical factors and elders to resist using technology
H6c: Propensity related to technology mediates the relationship between aging- specific factors and elders to resist using technology

Method	Comment by Akeem Nafiu: Avoid stark heading.
Measurement of constructs
Utilizing a survey method representing the elderly community, we intend to test the statistical validation of the measurements and to test the above proposed hypotheses. The detailed of measurement items aligned with the sources are listed in Appendix A. The items were measured on a continuous, itemized rating scale (five-point Likert scale) with end points of strongly disagree and strongly agree. A well-structured questionnaire was initially developed in English and then translated into the Sinhala language to avoid respondents’ language barriers. The translated questionnaire was retested to ensure no translational errors. The questionnaire contains four sections; Section 1 portrays demographic information such as gender, living status, profession and income level. Section 2 and 3 consist of questions related to propensity related to technology and technology use/resistant respectively. Section 4 contains the questions that represent the concepts of human-centric, socio-technical and aging specific factors
Sample and Data Collection
The scope of the study includes older adults (aged above 65 years) in Sri Lanka. Sri Lanka is expected to become a super-aged society (20% of the population aged above 65) by approximately 2025 (Central Bank, 2018). In the absence of a proper sampling frame, a non-probability convenience sampling method was used in this study. In empirical studies particularly for elderly, convenience sampling method is commonly applied (Talukder et al. 2020). The questionnaire was personally distributed in Colombo, Gampaha and Kandy cities (main commercial cities in Sri Lanka) at various public places like shopping centers, parks and hospitals. Respondents’ verbal consent was taken after briefing the research aim and objectives and the privacy of their information. Participants were also counseled of their rights to withdraw from the study at any time without any negative consequences. The data collection was conducted for four months (from January to May 2024). Out of 1000 hard copies distributed, 784 received completed, indicating 78% response rate. There were 14 questionnaires with missing data that were omitted from further analysis. Out of 770 usable questionnaires, 396 received from elders who used at least one of the information processing technologies like tablets, personal computers, and smart phones. Remaining 374 were received from elders who were not using at least one of those technologies.
Data Analysis
The study tailed three steps in quantitative data analysis. First, a descriptive analysis of the sample was performed. Second, exploratory and confirmatory factor analysis, individual item reliability, construct reliability, discriminant validity and multicollinearity were tested to assess the measurement items adequacy. To test the hypotheses multiple regression analysis and Model 4 of the PROCESS macro (Hayes, 2012; 2013) was used as the third procedure. Taking the cue from Baron and Kenny (1986), Mooney and Duval (1993), Abu-Bader and Jones (2021), and Kalyar et al. (2021) the regression-based path analysis follows four steps to test the significance of mediating effects. The model’s second stage is then built using a deep learning technique. Figure 2 shows how the CNN classifier is structured. This CNN, which is shown in Table 1, consists of an input layer, three convolution layers, and two max- pooling layers. The activation function was the softmax function. The input layer was created using the output of the algorithm 1. For the first convolution layer and second convolution layer, we used 200 feature maps and 80 feature maps, respectively. Additionally, for the first and second convolution layers, we employed filters with sizes of 6 and 4, respectively. A max-pooling layer with a size of four follows each convolution layer. Each convolution layer’s final output was calculated by applying.

	Algorithm 1 Technology Acceptance and Rejection classification procedure

	Require: F , the training set of features, parameter θ and U , the test set
Ensure: A, the Acceptance class, and R, the Rejection class
1: for all record r ∈ D do
2:if (normalization value = 0 or 1) then
3:r = r = 0or1
4:end if
5:end for
6:TRAN = ∅ //the set of transactions
7:for all r r ∈ R do
8:tran = [r|r ∈ D, r ∈ D] //Represent review rev as a sequence that only includes term in T
9:TRAN = TRAN ∪ {tran}
10:end for
11: Apply CNN classifier for all records in A to classify reviews as A or R
12: return A = A and R = R



Table 1: CNN Model
	Input Layers
	1

	Convolutional Layers
	2

	Max Pooling Layers
	3

	Activation Function
	Softmax

	Training Algorithm
	Anuse and Vyas Traning Algorithm (Anuse & Vyas, 2016)


Source: Authors own creation
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Figure 2: CNN Architecture
Source: Authors own creation

To reduce the amount of time needed to train the model, we employed Anuse and Vyas’ training method Anuse & Vyas (2016). There are three stages in the training algorithm. Using pre-existing algorithms, the training process is completed in Stage I. The “knowledge transfer” process occurs inside the architecture during Stage II. Here, the neural network architecture free parameters (weights) are mostly left alone as the knowledge gained from the freshly trained samples is incorporated into the design. Stage III involves updating the weight in CNN (Anuse & Vyas, 2016).

Results
Among the 770 respondents, 45% were males and 55% were females. The majority of the respondents were aged between 65–69 years. The majority of the respondents were married, living with their children/relatives and engaging as bridge employees. The demographic detail of the sample of the study is given in Appendix B.

Measurement adequacy
First, the normal distribution test was performed to assess the normality assumption using Pearson’s Skewness and Kurtosis parameters. The values for asymmetry and kurtosis between -2 and +2 are considered acceptable in order to prove normal univariate distribution (Hair et al. 2010). As shown in Table 2, values of Skewness and Kurtosis parameters of the variables were within the standard range; thus concluding normal distribution of the data is. Secondly, the study examined common method bias (CMB) as we used cross-sectional survey data. The study applied principal axis factor analysis to recognize the number of factors critical for the description of variance (Podsakoff et al. 2003). The results indicated that a single construct was responsible for 51.28. 
In order to access the measurement model, internal reliability, convergent validity and discriminant validity tests were performed. Fornell and Larcker’s (1981) measure of composite reliability (CR) and Cronbach (1951) alpha were used to test the reliability of each variable. The CR and Cronbach’s alpha values for each construct falls within the acceptable reliability range (0.70) (Hair et al. 2010). Average variance extracted (AVE) was calculated to assess convergent validity. Table 2 further shows that AVE values exceed the respective threshold values (above 0.50). The discriminant validity was ensured as the square root values of all AVEs exceed the correlation values of the respective constructs (Fornell and Larcker, 1981) (Table 3). The values of the square root of the AVE are as given in italic along the diagonals in Table 3. Further, none of the correlation coefficient was above 0.85, indicating the absence of multicollinearity in the variables (Hair et al. 2010).

Table 2: Measurement adequacy
	Constructs 
	Skewness and Kurtosis
	AVE
	CR
	Cronbach's Alpha

	SC
Mean = 2.3619
SD = 0.51285
	-.617
.005
	0.72
	0.93
	0.71

	AS
Mean =  2.4952  
SD = 0.35093
	-.408
-.144
	0.56
	0.86
	0.69

	PE
Mean = 2.9048
SD = 0.41101
	.189
1.727
	0.86
	0.97
	0.82

	EE
Mean = 2.4381
SD = 0.47017
	-.201
-.680
	0.63
	0.90
	0.68

	FC
Mean = 2.0714
SD = 0.48053
	-.095
.054
	0.65
	0.87
	0.68

	TA
Mean = 2.1176
SD = 0.52250
	.761
.239
	0.71
	0.93
	0.83

	TR
Mean = 2.7146
SD = 0.43594
	.609
.700
	0.81
	0.94
	0.61

	SI
Mean = 2.8667
SD = 0.38405
	-.639
.719
	0.78
	0.95
	0.79

	CO
Mean = 2.5500
SD = 0.39577
	-.158
-1.518
	0.74
	0.95
	0.79

	HM
Mean = 3.0214
SD = 0.42019
	.662
.403
	0.73
	0.94
	0.84

	SA
Mean = 2.6286
SD = 0.39383
	.017
-0.466
	0.66
	0.92
	0.67

	SEC
Mean = 2.3929
SD = 0.27590
	-.502
.188
	0.58
	0.89
	0.65

	SCB
Mean = 2.8571
SD = 0.36786
	.138
.021
	0.58
	0.89
	0.67

	TU
Mean = 2.9143
SD = 0.35067
	-1.078
1.037
	0.83
	0.96
	0.71

	T
Mean = 2.9843
SD = 0.39609
	-1.005
.891
	0.58
	0.92
	0.76

	P
Mean = 3.0146
SD = 0.23116
	.475
.384
	0.79
	0.97
	0.67


Source: Authors own creation

Table 3: Correlation analysis and the square root of the AVE

	
	SC
	AS   
	PE
	EE
	FC
	TA
	TR
	SI
	CO
	HM
	SA 
	SEC
	SCB
	TU
	T
	P

	SC
	.85
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	AS   
	.01
	.75
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	PE
	-.36**
	.28**
	.93
	
	
	
	
	
	
	
	
	
	
	
	
	

	EE
	-.13**
	-.04
	.10**
	.79
	
	
	
	
	
	
	
	
	
	
	
	

	FC
	.20**
	-.21**
	-.30**
	-.11**
	.81
	
	
	
	
	
	
	
	
	
	
	

	TA
	.01
	-.01
	-.14**
	-.63**
	.25**
	.84
	
	
	
	
	
	
	
	
	
	

	TR
	.35**
	-.07*
	-.17**
	.26**
	-.24**
	-.10**
	.90
	
	
	
	
	
	
	
	
	

	SI
	-.20**
	-.12**
	.38**
	.30**
	.07*
	-.16**
	.11**
	.88
	
	
	
	
	
	
	
	

	CO
	.07*
	-.23**
	.17**
	.40**
	.07*
	-.46**
	.10**
	.23**
	.86
	
	
	
	
	
	
	

	HM
	.25**
	-.07*
	-.29**
	-.12**
	.22**
	-.22**
	-.08*
	.06
	.20**
	.85
	
	
	
	
	
	

	SA 
	.11**
	.02
	.25**
	-.02
	.15**
	-.33**
	-.11**
	.12**
	.24**
	.64**
	.81
	
	
	
	
	

	SEC
	.12**
	.10**
	-.04
	.30**
	.05
	.54**
	.01
	-.02
	.26**
	.18**
	.32**
	.76
	
	
	
	

	SCB
	.12**
	.00
	-.13**
	-.26**
	.30**
	.35**
	.01
	.13**
	-.14**
	.11**
	-.16**
	-.38**
	.76
	
	
	

	TU
	-.16**
	.26**
	.25**
	.03
	-.27**
	.12**
	.02
	-.06
	.01
	-.42**
	-.14**
	-.04
	-.12**
	.91
	
	

	T
	-.20**
	.19**
	.21**
	.15**
	-.24**
	-.04
	-.03
	-.01
	.12**
	-.27**
	-.05
	.06
	-.10**
	.64**
	.76
	

	P
	.23**
	-.05
	-.31**
	.11**
	-.04
	-.31**
	.39**
	-.08*
	.14**
	.34**
	.294**
	.36**
	-.03
	-.10**
	-.04
	.88


Correlation is significant at the 0.01 level (2-tailed). ** Correlation is significant at the 0.05 level (2-tailed).*
Source: Authors own creation

Regression analysis
The multiple regression analysis was used to examine whether the human- centric, socio-technical and aging-specific factors have any significant effect on elders’ propensity related to technology (Table 4).

Table 4: Multiple regression analysis (elders’ propensity related to technology)
	 R = .516
	R Square = .266
	Adjusted R Square = .260
	Std. Error of the Estimate = .20988
	Durbin-Watson = 1.828

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Tolerance
	VIF

	1
	(Constant)
	2.267
	.224
	
	10.141
	.000
	
	

	
	Human Centric
	.426
	.044
	.420
	9.707
	.000
	.680
	1.470

	
	Socio Tech
	.239
	.058
	.184
	4.115
	.000
	.941
	1.063

	
	Aging Specific
	-.418
	.064
	-.293
	-6.568
	.000
	.941
	1.063


Source: Authors own creation

As shown in Table 4, the predictive power of the model accounted 26.6%; indicating the substantial influence of factors such as human centric, socio technical, aging specific on elders’ propensity related to technology. Since the percentages of variance explained were closer to 30%, it indicates a satisfactory and substantive model. The standardized path coefficients should be significant at the level of p < 0.05 to confirm the desired hypothesized relationships. The findings reveal that hypotheses H4a and H4b were supported. However, aging specific and elders’ propensity related to technology has negative relationship; indicating that elders with high sensitive to aging specific factors have low propensity related to technology (H4c was negatively supported).  

Next, as we have two sets of respondents (396 – users and 374 – resisters), two separate tests were performed to determine whether the human centric, socio technical and aging specific factors have any significant effect on use of technology and resist using technology by elders. Table 5 illustrates the results with regard to the elders who used at least one of the information processing technologies like tablets, personal computers, and smart phones. Meanwhile, Table 6 shows the results with regard to the elders who did not use those technologies. 

Table 5: Multiple regression analysis (Users)
	Model: Human centric, socio technical, aging specific with elders’ technology use
	R = .533
	R Square = .284
	Adjusted R Square = .278
	Std. Error of the Estimate = .22293
	Durbin-Watson = 1.817

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Tolerance
	VIF

	1
	(Constant)
	2.393
	.237
	
	10.081
	.000
	
	

	
	Human Centric
	-.414
	.047
	-.380
	-8.898
	.000
	.957
	1.045

	
	Socio Tech
	.362
	.062
	.258
	5.849
	.000
	.714
	1.401

	
	Aging Specific
	.338
	.068
	.220
	4.994
	.000
	.636
	1.573





Source: Authors own creation

As shown in Table 5, the predictive power of the model accounted 28.4%; indicating the substantial influence of factors such as human centric, socio technical, aging specific on elders’ technology use. The p-values of human centric, socio technical and aging specific factors were less than 0.000. Hence, those factors are statistically significant predictors of elders’ technology use and hypotheses H1a, H2a and H3a were supported. Interestedly, human-centric factors negatively influence elders to use technology; thus H1a was negatively supported.  
Similarly, Table 6 results revealed that 23.4 per cent of the variation in elders’ resistant to use technology can be explained by human centric, socio technical, aging specific factors identified in this study. Interestedly, socio-technical factors was not a significant predictor (p = 0.087; > 0.05). Accordingly, the findings reveal that hypotheses H1b, H3b were supported. Furthermore, human-centric and aging specific factors negatively influence elders to resist technology. 
Table 6: Multiple regression analysis (Resisters)
	Model: Human centric, socio technical, aging specific with elders’ technology resistant
	R = .484
	R Square = .234
	Adjusted R Square = .228
	Std. Error of the Estimate = .34114
	Durbin-Watson = 1.174

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Tolerance
	VIF

	1
	(Constant)
	4.818
	.352
	
	13.683
	.000
	
	

	
	Human Centric
	-.680
	.075
	-.432
	-9.107
	.000
	.920
	1.087

	
	Socio Tech
	.146
	.085
	.084
	1.715
	.087
	.870
	1.149

	
	Aging Specific
	-.260
	.094
	-.133
	-2.780
	.006
	.908
	1.101





Source: Authors own creation

Mediating Analysis

Table 7 shows the results of regression-based path analysis on the six hypotheses (models) constructed in the study. According to the results propensity related to technology was a significant mediator on the relationships between Human centric and Technology use; Aging specific and Technology use; Human centric and Resist using technology; and Aging specific and Resist using technology. The findings reveal that hypotheses H5a, H5c, H6a and H6c were supported.  In contrast, mediating effect of propensity related to technology on Socio technical factors showed insignificant results (H5b and H6b were not supported). 

Table 7: Regression-based Path Analysis Results
	Model
	Total Effect
	Indirect Effect
	R-squared mediation effect
	Model R-squared
	Indirect effect Normal theory tests

	
	
	Effect
	BootLLCI
	BootULCI
	Effect
	BootLLCI
	BootULCI
	
	

	1
	-.4093
	.1317
	.0804
	.2107
	-.0629
	-.0954
	-.0413
	.2113
	Z = 4.92
P = .000

	2
	.4349
	.0080
	-.0034
	.0201
	.0047
	.0001
	.0085
	.0986
	Z = .871
P = .382

	3
	.4237
	-.0594
	-.8000
	-.0384
	-.0171
	-.0245
	-.0085
	.0581
	Z = -2.67
P = .007

	4
	-.7320
	-.1340
	-.1739
	-.0939
	-.0776
	.0413
	.1121
	.3911
	Z = -3.65
P = .003

	5
	.2605
	.0293
	-.0403
	.1061
	.0047
	-.0047
	.0267
	.2700
	Z = .642
P = .519

	6
	-.3064
	-.1020
	-.1851
	-.0232
	.0137
	.0000
	.0420
	.2634
	Z = -2.01
P = .044


Model 1: Mediating effect of propensity related to technology on Human centric and Technology use
Model 2: Mediating effect of propensity related to technology on Socio technical and Technology use
Model 3: Mediating effect of propensity related to technology on Aging specific and Technology use
Model 4: Mediating effect of propensity related to technology on Human centric and Resist using technology
Model 5: Mediating effect of propensity related to technology on Socio technical and Resist using technology
Model 6: Mediating effect of propensity related to technology on Aging specific and Resist using technology
Source: Authors own creation

Findings of stage two model
We developed a deep learning model to predict the acceptance of technology among adults, utilizing a dataset divided into 75% for training and 25% for testing. Our model exhibited promising performance, achieving an impressive F-measure of 85.26% on the training dataset, indicating its ability to effectively capture patterns and relationships within the training data. Moreover, when tested on the separate evaluation set, the model maintained strong predictive capabilities with an F-measure of 72.85%. These results underscore the robustness of our CNN model in discerning factors influencing technology acceptance and resistance among adults, holding promise for practical applications in this domain.
Discussion of Results and Implications
The findings reveal that hypotheses H4a (Elders with high sensitive to human- centric perspective have high propensity related to technology) and H4b (Elders with high sensitive to socio-technical characteristics have high propensity related to technology) were supported. Elders with open mind attitude to new adventures, pay more consideration to the satisfaction of the products, have confidence on their own capability to adjust to the new situation and believe that switch to new product could result more benefits have high level of interests towards information technology (Gao et al.; 2019; Matemba et al. 2020). Moreover, elders who have less fear of making mistakes, keen to experience new adventures and backing-up with family members’ support and colleagues’ positive opinions exhibit high level of interests towards information technology (Pramod, 2023); Shirahada et al. 2019). In contrast, elders who purchase products or brands for both symbolic meaning and functional value, having negative attitude towards the aging process and believe that technology makes direct influence on their privacy and social exclusion lead serious consideration on propensity related to technology (Talukder et al. 2019; Wang et al. 2019).
Meanwhile, the results revealed that socio-technical factors were positively influenced elders to use technology. As Shirahada et al. (2019) opined, enthusiasm for the technology readiness, influences from family, friends; colleagues and experts and having conform feeling of experiencing new things positively influence on actual usage of technology like tablets, personal computers, and smart phones. Intently, the result further confirmed that socio-technical factor was not a significant predictor in elders’ resistant to use technology. Thus, technology anxiety and readiness cannot be categorized as the emotional barriers for elderly person’s resistant to use technology. The results in mediating effect analysis further emphasized that level of interests towards information technology does not make any significant influence on technology use or resist of elders who equip with task technology fit factors together with social motivation. On these notes, several decisions must be taken by e-health service inventors on the interactive experience of the service, such as visual characteristics and navigational, easy to apply, provide sufficient contact details and provide quick solution to the problems experienced
Interestedly, eventhough aging specific factors and elders’ propensity related to technology has a negative relationship; there was a positive influence of aging specific factors on technology usage. This result further confirmed that positive attitudes of elders towards their own aging (Wang et al. 2016), self-image congruence, believing that using technology will facilitate to organizing in the life (Choudrie et al. (2017) and more sensitive to ergonomic design of technology (regarding material, weight, comfort, quality and features) rather than price sensitivity (Talukder et al. 2019) are leading elders to seriously consider using the specific technology. This result is further confirmed by negatively influence of aging specific factors on elders’ technology resistance.
The findings in mediating analysis also certified that propensity related to technology was a significant mediator on the relationships between aging specific and technology use. Our findings suggest that e-service providers need to recognize importance of aging satisfaction towards usage of technology. The important thing is to inspire assurance in an elder’s current abilities and promote tech-savvy younger generational support to build elderly’s trust in technology.
However, human-centric factors negatively influence elders to use technology. Though elders with high sensitive to human-centric perspective have high propensity related to technology, their actual usage of technology was limited. This is what Jones & Bednar (2020) mentioned; elders wanted a technology because their family members (especially children) pressure them to adopting aspects of technology, thus technology benefits are not directly affected to elders but for their family members. As Jones and Bednar insisted, elders believe technology makes people zombies and distracted eventually and they feel threatened by changes in technology. The finding is further confirmed with the mediating analysis results; propensity related to technology was a significant mediator (negative) on the relationships between human centric and technology use. As such, the study shows that it is sufficient to pay attention on elders’ needs, it is necessary to concern the preference of family members in general as potential influencers when designing e-health service. In line with that e-service providers need to concentrate on stimulating the efforts of people who communicate with the elderly directly and keeping them educated about the conveyance of services.
The finding of negatively influence of human-centric factors on elders to resist technology is further interested. As Gaitan et al. (2015) argued, human psychological factors did not play a salient role in technology acceptance behavior of elders and their acceptance was significantly impacted by habit. As such, elders who are having higher sense of achieving personal growth and potential, face the challenges confidently and more concern on corresponding rewards involved in curiosity and uncertainty are less resisting to use technology. This result if further evident by mediating effect result indicating that propensity related to technology was a significant mediator (negative) on the relationships between human centric and resist using technology. Based on the findings, motivating the elderly to use new technology by influencing their attitudes towards personal youthfulness and self-efficacy, encouraging lifelong education to develop technology skills and delivering services that fulfill exact requirements of the elders may derive to the consumption of new digital technologies.
Conclusion and Future Research Direction
The results revealed that human centric, socio technical and aging specific factors significantly influence on elders to use technology. Mediating analysis results showed that propensity related to technology was a significant mediator on the relationships between Human centric and Technology use; Aging specific and Technology use; Human centric and Resist using technology; and Aging specific and Resist using technology.
The present study has demonstrated that there is a timely requirement to extend the technology acceptance models based on human-centric perspective, socio-technical characteristics, and aging specific constructs for a more comprehensive understanding of elder generations’ acceptance or resistance of technology. Thus, scholars should derive factors of technology acceptance or resistance based on physical, cognitive, emotional, social, technology fit, and aging satis- faction facets. The study reveals three important indicators of elders’ propensity to use, actual use and resist to use a technology. This study could be a vital beginning of starting the discussion on how digital health care systems should be established to stimulate the engagement of elders. 
The findings of the study lead to have useful recommendations in terms of the development of digital health care systems and enrich the usage and acceptance rate of digital services in Sri Lanka. The key findings could assist to provide suitable strategies to inspire older adults in Sri Lanka to use e-health services. Furthermore, the developed dual phenomenon conceptual model of technology acceptance and resistance could be utilized as a ground work to certify that users will gain advantages from e-service before initiating the project in Sri Lanka.
The research has several limitations. The study population was specific to older adults in Sri Lanka; therefore, the results might not be demonstrated generalizability. In line with that, the sample size for this study was 770 (396 – users and 374 – non users) and this may affect the statistical power of the findings. The data were collected using questionnaire method; it is not free from bias of the respondents and was taken at one point in time. In future research, alternative data collection methods should be used to gain a better understanding of factors that influence technology acceptance and resistance of elderly population. Though the sampling method used the study has a good exploratory power, future studies may be conducted with a larger sample size to gain a higher statistical power of the findings. In addition, future research may investigate further the factors influencing technology acceptance/resistance among different age, gender, education and experience groups to see if there are differences in terms of the striking factors among them. This will help e-service providers to better design specifically targeted services for users.    
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Appendix A
Table A: Measurement items
	Factor
	Construct 
	Measurement Items
	Source 

	Aging specific 

	Self-image congruence 
	SC1 - Good/service I purchase represents me
SC2 - Good/service I purchase can be matched with me
SC3 - Good/service I purchase are consistent with how I see myself
	Tsai et al. (2020)

	
	Aging satisfaction   
	AS1 - Things keep getting worse as I get older.
AS2 - As I get older, I am less useful
AS3 - I am as happy now as I was 
AS4 - I am very satisfied with who I am now 
	Shirahada et al. (2019)

	
	Performance expectancy  
	PE1 - My family members find technology useful in my daily life/tasks 
PE2 - My family members say that using technology helps accomplish things more quickly
PE3 - My family members believe that using technology will improve my performance 
PE4 - My family members believe that  using technology gives me the opportunity to improve myself  
	Venkatesh et al. (2011); Talukder et al. (2019)

	
	Effort expectancy  
	EE1 - Learning how to use technology is easy EE2 - I find technology is easy to use
EE3 - My interaction with technology is clear and understandable
EE4 - I find technology easy to use for daily tasks 
	Ghani et al. (2017); Talukder et al. (2019)

	
	Functional congruence
	FC1 - Technology is expected to be comfortable
FC2 - Technology is expected to be fashionable
FC3 - I believe that the technology has good facilities for users
FC4 - Technology is expected to be priced appropriately considering its quality
	Kumar and Nayak (2014); Wu et al. (2020); Talukder et al. (2019)

	Socio-technical 

	Technology anxiety 

	TA1 - Using technology would make me very nervous.
TA2 - Using technology would make me worried.
TA3 - Using technology would make me feel uncomfortable.
TA4 - Using technology would make me feel confused.
	Guo et al. (2013); Talukder et al. (2019)

	
	Technology readiness 

	TR1 - I find new technologies to be mentally stimulating 
TR2 - Technology gives people more control over their daily lives. 
TR3 - I think that technology is not designed for use by ordinary people
TR4 - Many new technologies have health or safety risks
	Shirahada et al. (2019)

	
	Social influence 

	SI1 - People who are important to me think that I should use technology.
SI2 - People who influence my behavior think that I should use technology.
SI3 - People whose opinions that I value prefer that I should use technology
	Talukder et al. (2019); Shirahada et al. (2019)

	
	Colleague opinion 

	CO1 - Most of my colleagues think the change to the new ways of life is a good idea
CO2 - My peers are supportive of the change to the new way of life 
CO3 - Most people whom I deal with encourage my change to the new ways of life 
CO4 - People around me have a positive attitude toward  the new ways of life
	Venkatesh and Davis (2000); Kim and Kankanhalli (2009); Vahdat et al. (2021)


	Human-centric 

	Hedonic motivation 

	HM1 - Life is fun
HM2 - Life is enjoyable 
HM3 - Life is entertaining 
HM4 - I feel close to others
	Talukder et al. (2019)

	
	Self-actualization 

	SA1 - I am superior to others
SA2 - I have stronger capability than other
SA3 - I have been able to learn an interesting new things
SA4 - Learning increases my feeling of self-fulfillment
	Talukder et al. (2019)

	
	Self-efficacy for change 

	SEC1 - When I hear about a new product/service, I look for ways to try it 
SEC2 - Among my peers, I am usually the first one to try a new product/service
SEC3 - It is easy to get to do what I want it to do
SEC4 - I am able to change to the new ways of life well on my own
	Taylor and Todd (1995); Kim and Kankanhalli (2009); Shirahada et al. (2019)

	
	Switching cost / benefits 

	SCB1 - It is too costly to use new way of life
SCB2 - I have to put a lot of time and effort into mastering the new way of life
SCB3 - Changing to the new way of life would improve the quality of the work I do than working in the current way
SCB4 - Changing to the new way of life would enable me to accomplish relevant tasks more quickly than working in the current way
	Jones et al. (2000); Kim and Kankanhalli (2009)

	Technology Use
	TU1 - I use technology in my daily life
TU 2 - I am willing to continue using technology
TU3 - I plan to increase my use of technology in the future
TU4 - I will recommend to use technology to my friends 
TU5 - I would not hesitate to use technology 
	Talukder et al. (2019)

	Technology Resistance 
	T1 - I do not need technology
T2 - I am unlikely to adopt technology in the near future.
T3 - I believe that technology is not for me
T4 - I do not agree with the change to the new way of life with technology 
T5 - I oppose the change to the new way of life with technology 
	Kim and Kankanhalli (2009) 

	Propensity related to Technology

	P1 - I think that using technology is a good idea
P2 - There is no age restriction to use technology
P3 - Times have changed; technology is going to make a lot of things better
P4 - I just think technology is good for communicating
P5 - I just think technology is good for learning  
P6 - Technology is not good for children  
P7 - Societal and cultural misconducts are happening because of technology  
	Hanson (2017)


 

Appendix B
Table B: Demographic profile 
	Characteristics 
	Users
	Resisters 

	Gender: 
Male 
Female 
	
242 (61%)
154 (32%)
	
110 (29%)
264 (71%)

	Age range:
65 – 70 years  
71 – 80 years  
	
374 (94%)
22 (6%)
	
308 (82%)
66 (18%)

	Living area:
Urban 
Rural 
	
220 (55%)
176 (45%)
	
193 (53%)
171 (47%)

	Marital status:
Single 
Married  
Separated 
	
66 (16%)
308 (77%)
22 (6%)
	
22 (6%)
330 (88%)
22 (6%)

	Living status:
Living alone 
Living with Children 
Living with relatives  
	
88 (22%)
264 (66%)
44 (12%)
	
110 (29%)
220 (59%)
44 (12%)

	Employed in:
Government sector
Private sector 
Self-employed 
	
132 (33%)
154 (39%)
110 (28%)
	
66 (17%)
220 (58%)
88 (24%)

	Currently employability
Yes
No 
	
220 (55%)
176 (45%)
	
308 (82%)
66 (18%)

	Income source:
Pension  
Savings 
Rental fee 
Receive from children / family members 
	
132 (33%)
198 (55%)
22 (5%)
44 (12%)
	
66 (18%)
132 (35%)
-
176 (47%)

	Monthly income: 
Rs.5000 to Rs.10,000 
Rs.10,000 to Rs.50,000 
More than Rs.50,000   
	
44 (11%)
330 (83%)
22 (6%) 
	
132 (35%)
179 (47%)
66 (18%)
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