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Abstract 

With smart home technologies influencing people’s behavior is easier than ever before. 

Introduction of innovative information systems (IS), including Green IS, should not ignore the 

users’ security and privacy concerns. To research the users’ perceptions of sustainable persuasive 

smart home technologies, we inspect a persuasive smart meter. We observe how Persuasive 

Systems Design (PSD) influences intention to continue using the system and how risk and self-

disclosure impact PSD features in the smart meter. We developed a research model and formed 

hypotheses by drawing on PSD model and Adaption Level Theory. We used a smart metering app 

enhanced with the persuasive features to illustrate a sustainable persuasive smart home technology. 

Findings provide insights for the further research of security issues in sustainable persuasive smart 

home technologies and for practitioners who introduce similar technologies to the users. 

Keywords 
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Introduction 

To achieve improvements in environmental sustainability, changes in human behavior are needed. 

Technical efficiency gains resulting from energy-efficient appliances tend to be overtaken by 

consumption growth (Midden et al. 2007). Physical and technical innovations imply behavior 

changes because individuals need to accept, understand, buy, and use the systems properly (Steg 

& Vlek 2009). Hence, Green IS research highlights user-centric solutions that encourage 

individuals to make sustainable behaviors choices routinely (Ijab et al. 2010). Smart metering 

technology and other artifacts for monitoring and influencing people’s behavior in household 

energy consumption have appeared in Green IS research (Brauer et al. 2016). This study refers to 

the opportunities offered by smartphone applications and their potential pursuit of green and 

sustainable agendas (Pitt et al. 2011). While the impact of persuasive systems design has been 

studied in health, well-being, and social platform contexts, research in the context of smart homes 

is scarce. With the recent surge in mobile app adoption, numerous health apps (e.g. Fitbit or 

Waterlogged) have been successful in encouraging people to keep healthy and fit by exercising or 

taking water regularly (Morreale et al. 2015). Thus, mobile applications have a potential to be 

effective in promoting sustainable behavior, such as encouraging environmentally conscious 

mindset with the use of smart thermostats at homes. We consider persuasive systems design (PSD) 

(Oinas-Kukkonen & Harjumaa 2009) as an approach to convince people to change behavior using 

IS. Findings of the health domain suggest that users favor applications with feedback and 
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monitoring features for tracking attempts to change behaviors. After a certain period, the users 

ignore or discontinue using the applications. Thus, until the post-adoption usage of the IS is 

confirmed, it is premature to claim successful adoption because the ultimate viability of an IS is 

dependent on its continued usage (Bhattacherjee 2001). If the enthusiasm over the initial adoption 

diminishes after individuals experience the IT, it will suffer from decreased usage and may be 

abandoned (Thong et al. 2006). Therefore, it is crucial not only to convince people to adopt a 

certain application, but also to ensure that its usage is continuous. Hence, the first research question 

is 

RQ1: How does persuasive systems design influence intention to continue using a smart metering 

system? 

Interconnectedness of devices brings convenience and benefits. However, with the positive aspects 

of it, numerous disadvantages regarding privacy and trust are often mentioned in IS literature. 

Nevertheless, the closely related concepts of self-disclosure and perceived risk are much less often 

discussed. With the increased human-computer interaction, we believe it is important to 

understand how the need of self-disclosure and the perception of risk impact peoples relationship 

with technologies, specifically persuasive mobile applications. Thus, the second research question 

is 

RQ2: How do risk and self-disclosure alter impact of PSD in a smart metering system? 

To answer the research questions, we examine persuasive factors affecting continued use of a smart 

thermostat system. The paper is structured as follows. First, the theoretical background of the 

relevant concepts is provided. Next, the research model and the hypotheses are introduced. After 

that, the research methodology is presented followed by the discussion of the findings and summed 

up by our conclusions. 

Theoretical Background 

Persuasive Systems Design and Smart-Metering  

Energy suppliers rarely inform their customers about all specifics of smart meters (Fox-Penner 

2010). Perceived privacy risk is assumed to directly impact usage intention of the smart meter 

consumers (Wunderlich et al. 2012); however, findings have shown no direct influence. Possibly 

this is due to a trade-off consumers make between privacy concerns and benefits (Malhotra et al. 

2004). Because user perceptions alter over time due to changing societal values or contemporary 

incidents (Wunderlich et al. 2012), we research further perceived risk and self-disclosure in the 

context of using smart meters. Existing smart meters do not fully tap into potential reduction of 

electricity consumption (Nachreiner 2015). Feedback is the most commonly used control of 

electricity consumption, which can be a powerful intervention that motivates consumption 

reduction (Allcott 2011, Fischer 2008, Vine et al. 2013) However, merely providing energy usage 

data is not enough to change the behavior based on a simple cause-effect relationship (Hargreavesn 

et al. 2010). The most effective designs incorporate multiple feedback and analysis options, 

including historical comparisons, motivational techniques, and electricity saving-related 

information (Fisher 2008, Hargreavesn et al. 2010). Nachreiner et al. (2015) proposed the 

following features: presenting action and problem related information, showing the relevance of 

consumption figures, offering socially comparative feedback or social norms, encouraging goal-

setting, initiating competitions, collecting points and giving incentives, providing general and 

tailored action-related information, providing reminders after commitment to a particular behavior 
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intention as well as information supporting an implementation plan. To extend this list and to 

provide a theoretical background, we refer to the Persuasive Systems Design (PSD) model. We 

propose that implementing its features is likely to equip smart meters with the full range of 

behavior-changing characteristics. Leveraging interpersonal and mass communication, web and 

mobile systems are ideal for persuasion (Oinas-Kukkonen & Harjumaa 2009). Persuasive systems 

are interactive IS designed for changing users’ attitudes or behavior. Behavior Change Support 

Systems (BCSSs) are persuasive systems, specifically, “sociotechnical information system(s) with 

psychological and behavioral outcomes designed to form, alter or reinforce attitudes, behaviors or 

an act of complying without using coercion or deception” (Oinas-Kukkonen 2013, p. 1225). PSD 

model is used to design and evaluate BCSSs (Oinas-Kukkonen 2013). PSD process has three steps: 

(1) addressing seven postulates related to the users’ perspectives, persuasion in general, and 

features of IS; (2) analyzing persuasion context (the intent, the event, and the strategy); (3) 

designing a system using four categories of features: primary task support, computer-human dialog 

support, perceived system credibility support, and social support (Oinas-Kukkonen & Harjumaa 

2009). Design principles of the primary task category provide support for achieving primary goals 

of the user. Design principles related to computer-human dialog facilitate interaction between the 

system and the user in order to accomplish established goal(s). Credibility support design 

principles increase persuasiveness of the system by making it more trustworthy. Design principles 

in the social support category introduce features that motivate users by leveraging social behaviors. 

Persuasive features enhance participation and engagement with the interventions (Kelders et al. 

2012). Positive results achieved by using persuasive systems were observed in management of 

habits and health-related behaviors (Oinas-Kukkonen 2013). PSD has been used to evaluate and 

create systems promoting sustainable behavior (e.g. Brauer et al. 2013, Corbett 2013, Shevchuk & 

Oinas-Kukkonen 2016); however, this area of research is less investigated and requires more 

attention. 

Self-Disclosure 

Personal information handling and self-disclosure online are areas of a major concern and are 

interconnected. Self-disclosure is voluntary and purposeful and refers to personal information 

individuals intentionally reveal about themselves to other individuals, groups, or organizations 

(Pearce & Sharp 1973). The target audience, how well it is known to the person disclosing 

information etc. could influence the quantity and quality of information disclosed (Jourard et al. 

1963). Self-disclosure has been studied in social psychology, sociology, interpersonal 

communication, marketing, social media, and e-commerce research (Kim 2015). Self-disclosure 

in social commerce is affected by the fairness of information exchange, privacy benefits and 

privacy apathy (Sharma & Crossler 2014). Fairness of information exchange is important in an 

online setting particularly when customers lose control over the information once it has been 

disclosed. Online vendors can misuse such information disclosed by customers for non-

transactional purposes including targeted advertising or sale to data aggregators (Balough 2011). 

Smart meter users are likely to have an experience with sharing information similar to the scenarios 

related to online shopping or social networking. Even if smart meter users are recognized as the 

owners of their data, this does not ensure full control over personal data. Assuming that the users 

are empowered to authorize or refuse data disclosure to third parties, the data remains subject to 

security breaches, inadvertent disclosure by the utility, and unknowingly authorized releases by 

the consumer to third parties – all of which would result in personal data reaching possibly 

unsecured areas online, where it may remain residing permanently (Balough 2011). 
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Perceived Risk 

Perceived risk is crucial in decision-making and can also be understood as “a combination of 

uncertainty plus seriousness of outcome involved” (Bauer 1960, p. 390). Perceived risk increases 

with the magnitude of the perceptions of the uncertainty, probability of loss, and the subjective 

feeling of adverse consequences (Cunningham 1967). Perceived risk is treated as a multi-

dimensional construct, encompassing several types of risk: financial, physical, functional, social, 

and time-loss risk (Schiffman & Wisenblit 2015). In IS, it is the perception of the possible exposure 

or potential violation of a user’s private information (Featheran & Pavlou 2003), e.g. service 

providers intentionally collecting, disclosing, transmitting, or selling personal data without a user’s 

knowledge or permission, or hackers intercepting information (Yang et al. 2015). Privacy risk 

belief is “the expectation that a high potential for loss is associated with the release of personal 

information” to others in online communities (Malhotra et al. 2004, p. 341). Perceived risk is also 

relevant in IS when users experience feelings of doubt, discomfort, anxiety (Dowling & Staelin 

1994) or conflict (Bettman 1973), which often occur when personal information is transferred via 

vulnerable communication infrastructures (e.g. the Internet). In relation to the Internet use, these 

concerns are found to be significant barriers (Hoffman et al. 1999), because online transactions 

involve more perceived risk than the traditional, face-to-face ones. Since the data gathered by 

smart meters involves data transmission over the Internet and allows service providers to identify 

the users’ lifestyle, perceived risk is a relevant concern. In this context, perceived risk constitutes 

the presence of a degree of uncertainty related to the use of smart meters and presents a possibility 

of suffering a loss while using the system. 

Adaption Level Theory 

Adaptation Level Theory (Helson 1964) suggests that individuals perceive new stimuli or 

experiences as deviations from the existing cognitions. New cognitions are viewed as a shift from 

their prior baseline or reference levels (adaptation levels). Hence, new cognitions tend to remain 

in the general vicinity of prior cognitions (which allow for the current optimum level – 

homeostasis), adjusted appropriately for any new positive or negative stimuli. Considering this, 

the later-stage cognitions can be viewed as an additive function of prior cognitions plus the 

deviation or discrepancy from those levels due to the actual experience (Bhattacherjee & 

Premkuma 2004). This theory is relevant to this study in two ways. First, it relates to the 

incrementality postulate included in the PSD model, and thus, it provides a clarification that the 

level of incrementality depends on how much the user’s existing cognition(s) differ from the new 

ones brought up by the process of persuasion. Second, the theory explains that the smart meter 

users’ beliefs, related to risk perception and self-disclosure, may be to some extent predetermined 

by the existing cognitions and depend on a combination of factors, ranging from internal (e.g. 

personal convictions, abilities etc.) to external stimuli that affect personal cognitions. Therefore, 

this notion provides a proof of the need to account for the existing cognitions of perceived risk and 

self-disclosure – the aspects associated with the use of IS connected to the web. 

Theoretical Framework 

The framework is based on the key parts of the process of persuasion, which involves the user, the 

system, and the outcomes. In our case, the desired outcomes are perceived persuasiveness, 

continuance intention, and consequentially, sustainable behavior.  
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Figure 1. Persuasion Process Framework 

According to the PSD model, seven persuasive postulates hold true for the overall process of 

persuasion, the user, and the system. According to the Adaption Level Theory, the user’s 

persuasion process depends on the existing pre-system usage beliefs and attitudes which determine 

the user’s ‘reference level’. Gradually going through the persuasion process with the help of the 

system, the user is able to achieve persuasion outcomes and consequentially modify own behavior. 

Both the persuasive postulates and the Adaption Level Theory emphasize that the user’s adaption 

to a new behavior is more effective when persuasion is incremental (i.e. the user steadily transitions 

from the established behavioral baseline to the new desired behavior) and when behavior change 

is achieved via either a direct or an indirect route (whichever is a better fit). Based on persuasive 

postulates, the system used for persuasion should be transparent, unobtrusive, useful, and easy to 

use. Additionally, the system incorporates persuasive design features (i.e. primary task support, 

dialog support, credibility support, and social support) to facilitate behavior change. The graphical 

summary of the framework based on the discussed theoretical background is presented in Figure 

1. 

Research Model and Hypotheses 

Based on the theoretical background and on the developed framework, we propose the following 

research model and hypotheses (summarized in Figure 2). 

 
Dialogue support motivates the user to use the system, helping to perform target behavior. 

Dialogue support promotes users’ positive affect and influences confidence in the source 

(credibility) (Halttu & Oinas-Kukkonen 2017, Lehto & Oinas-Kukkonen 2015, Lehto et al. 2012a-

b). Moreover, people tend to react to IT artefacts similarly to interacting in social situations (Al-

Natour & Benbasat 2009). Because many social relationships rely on technology-mediated 

communications, dialogue support is likely to influence social support. Dialogue support 

positively influences primary task support (H1a), credibility support (H1b), social support (H1c). 

Unobtrusiveness is one of the PSD postulates which reflects the fit of the system into the daily 

routine of the user (Lehto et al. 2012a). Influence of the fit between technology and its users 

impacts the individual performance (Goodhue & Thompson 1995). Therefore, dialogue support 

and credibility support are likely to be influenced by unobtrusiveness. Unobtrusiveness positively 

influences dialogue support (H2a), credibility support (H2b). 

The presence of perceived risk and the negative perceptions it evokes constitute a disturbance 

which prevents the system from fulfilling the user’s positive expectations including assistance with 
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Figure 2. Research model 
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carrying out the primary task. The amount of the perceived risk will define how much of the 

adverse impact the system has on the user’s routines. Thus, the more perceived risk is associated 

with using the system, the more obtrusive the system will be considered by its users. Perceived 

risk has a negatively influences unobtrusiveness (H3). 

Credibility support encompasses trust, believability, and reliability (Lehto et al. 2012a). 

“[C]redibility is an attribute of another person or an object of interest (to be credible)” (Everard & 

Galletta 2006, p. 60). A highly credible source is usually perceived as more persuasive than a low-

credibility one (Pornpitakpan 2004). If the users do not perceive the system as credible, they are 

more likely to abandon or not adopt it at all (Sillence et al. 2006). Credibility support has a 

positively influences perceived persuasiveness (H4). 

Primary task support is the means provided by the system to aid in performing the primary task 

(Oinas-Kukkonen & Harjumaa 2009). Primary task support is related to cognitive fit (Vessey & 

Galletta 1991), task-technology fit (Goodhue & Thompson 1995), and person–artefact–task fit 

(Finneran & Zhang 2003). Primary task support enables reflection on behavior, personal goal-

setting and tracking progress towards the goals (Locke & Latham 2002). Primary task support has 

a direct impact on perceived persuasiveness (Lehto et al. 2012a-b). Primary task support positively 

influences perceived persuasiveness (H5). 

Social support includes social network (groups, family ties), specific behaviors (emotional or 

informational support), and perceived availability of support resources (Uchino 2006). Social 

support is “an exchange of resources between two individuals perceived by the provider or the 

recipient to be intended to enhance the well-being of the recipient” (Shumaker & Brownell 1984, 

p. 11). Social support motivates users by leveraging social influence that is fundamental for pro-

environmental mindset and behavior (Gifford 2011). Social interaction with people with similar 

interests or goals can increase willingness to engage in sustainable behavior (Ebermann & Brauer 

2016). Social support positively influences continuance intention (H6). 

The increasingly social nature of smartphone applications and other web-based software (e.g. 

social network sites) places a privacy cost on users due to a default need for disclosure of personal 

information (Hansen et al. 2018). Self-disclosure is often a prerequisite to access services, make 

online purchases (Metzger 2006) or is requested for personalized services (e.g. recommendations, 

“one-click” purchasing) (Joinson et al. 2010). Thus, we hypothesize that the need to self-disclose 

and potential negative consequences associated with it are likely to diminish perceived 

persuasiveness of the system. Self-disclosure negatively influences perceived persuasiveness (H7). 

Perceived persuasiveness is an individual’s favorable impressions of the system. Perceived 

persuasiveness moderately but significantly impacts intention to adopt (Lehto et al. 2012a-b). 

However, the success or failure of an IS artefact depends on the consumers’ willingness to adopt 

it and engage with it (Anda & Temmen 2014). Various research models explain the factors that 

drive consumers either to resist a technology (e.g. Kim & Kankanhalli 2009) or to adopt (e.g. 

Venkatesh et al. 2003) and continuously use it (e.g. Bhattacherjee & Lin 2015). The users are likely 

to continue using the system if it makes a positive impression on them. Perceived persuasiveness 

positively influences continuance intention (H8). 

Research Methodology 

Hive Active Heating 2 was used to illustrate persuasive features in smart thermostats. Hive is 

widely known in the UK where data was collected. Hive provides control of heating and water, 
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lets users set schedules, enable holiday mode and adjust the zone temperature. Although the 

thermostat can be used as the sole control system in a house, most people use the mobile or web 

app to adjust the heating settings. Hive uses the phone’s GPS to monitor the user’s location and 

alert to turn off/on the heating when leaving/returning home. App or text message notifications 

that alert when the temperature reaches a specified level can be set up. ‘Holiday mode’ 

automatically lowers the temperature for the time the user is away, and increases it upon arrival. 

With the comfort of controlling the climate and energy use, the smart thermostat requires users to 

experience self-disclosure and perceived risk when using the system. Since the persuasive features 

are currently not implemented in Hive, we created enhanced graphical interfaces that incorporate 

them.  

Demographics Value # % Demographics Value # % 

Age 

18 - 24 
25 - 34 
35 - 44 
45 - 54 
55 - 64 
65 - 74 
75 or older 

6 
16 
7 
9 
6 
4 
1 

12 
33 
14 
18 
12 
8 
2 

Education 

Middle school 
High school 
Bachelor's Degree 
Master's Degree 
Doctorate/Advanced 
Degree 

1 
18 
15 
11 
4 

2 
37 
31 
22 
8 

Gender Female 
Male 

27 
22 

55 
45 Employment 

Employed full-time 
Employed part-time 
Self-employed 
Student 
Retired 
Unemployed 

24 
5 
2 
10 
4 
4 

49 
10 
4 
20 
8 
8 

Table 1. Descriptive Statistics of the Sample 
To validate and improve the questionnaire, a paper-based pilot survey session was 

conducted. Participants watched a PowerPoint presentation showing Hive enhanced with the new 

features, and were asked to fill out the survey afterwards. Based on this session, the survey was 

revised. In the actual survey, implemented in an online software Webropol 2 and distributed via 

email, the users were shown images of the enhanced interface and were asked questions regarding 

the researched constructs and the demographics. The items were measured using a 7-point Likert 

scale ranging from ‘Strongly disagree’ to ‘Strongly agree’ to determine to which extent 

respondents agreed with the statements. In total, 50 complete answers were obtained, one was 

omitted from the analyses due to the uniform responses to all items. There were no missing 

responses since all of the questions were set as required. Descriptive statistics of the sample are 

provided in Table 1. 

Data Analysis and Results 

We used SmartPLS 3 software with graphical user interface for variance-based structural equation 

modeling (SEM) using the partial least squares (PLS) path modeling method. PLS-SEM is used 

for exploratory research, rather than for testing established theory (Hair et al. 2011). PLS-SEM 

process has two-steps: (1) an assessment of the reliability and validity of the measurement model 

and (2) an assessment of the structural model. The convergent and discriminant validity of the 

measurement instrument is examined to verify that the constructs’ measures are reliable before 

drawing conclusions regarding relationships in the structural model. The sample size met 

requirement of the “rule of ten” (Hair et al. 2011). The variables were measured using the same 

instrument, thus common method variance (CMV) poses a potential threat to the validity of the 

results. To minimize CMV ex ante, the respondents were assured of the anonymity and 

confidentiality of the study, and that they should answer as honestly as possible. For the ex post 

test and possible control for CMV, a correlation matrix was inspected for values above .9 (a sign 

of CMV) (Pavlou et al. 2007). None of the constructs correlated so highly. Also, full collinearity 

(VIFs<5) indicates that CMV does not cause a detrimental effect (Appendix, Table 1). Items with 
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VIFs significantly above the criterion were deleted in order not to contaminate the corresponding 

variables they belong to. 

Assessment of Measurement Model 

The indicators of the measurement instrument were derived from several sources to operationalize 

the constructs (Appendix, Table 1). The survey items were analyzed to ensure that they suit the 

context of the study and demonstrate good face and expert validity. Item loadings, discriminant 

validity, and internal consistency were assessed. Item loadings and internal consistencies >.7 are 

considered acceptable (Fornell & Larcker 1981) (Appendix, Tables 1 and 2). The constructs 

display good internal consistency, composite reliability scores range from .878 to .965. Item cross 

loadings ranged from .812 to .969. Latent variable correlations and square root of the average 

variance extracted (AVE) demonstrates that all constructs share more variance with own indicators 

than with other constructs (Appendix, Table 2). AVE values were well above the suggested 

minimum of .5 (Fornell & Larcker 1981) demonstrating adequate internal consistency. 

Structural Model and Hypotheses Testing 

The research model was tested by applying parametric bootstrapping with 5000 subsamples 

(parallel processing, no sign changes). The path coefficients and explained variances for the model 

were obtained. All constructs were modeled as reflective and included in the model with 

corresponding indicators (Appendix, Table 1). Results of the PLS analysis (Figure 3) provide 

substantial support for the proposed research model since all hypotheses were supported. In the 

structural model, RISK explains 16% of the variance in UNOB, which explains 34% of the 

variance in DIAL. Together, UNOB and DIAL explain half of the variance in CRED. DIAL 

explains 35% of the variance in SOCI and almost 71% of the variance in PRIM. CRED, PRIM, 

and DISC explain 75% of the variance in PEPE. SOCI and PEPE explain 58% of the variance in 

CONT. A blindfolding procedure was used to observe the predictive validity of the model. The 

Stone-Geisser cross-validated redundancy value Q2>0 indicates predictive validity of endogenous 

constructs. All endogenous constructs demonstrate Q2 >0, indicating the path model’s adequate 

predictive validity in relation to an endogenous latent variable. Total effects and effect sizes for 

total effects were examined (Appendix, Table 3). Effect sizes (f2) determine whether the effects 

indicated by path coefficients are small (.02), medium (.15), or large (.35) (Cohen 1988). Effect 

sizes below .02 are considered to be too weak to be relevant. All effect sizes for total effects are 

above the .02 level, thus supporting their practical relevance.  

 
Figure 3. Results of the PLS-SEM analysis (***p≤.001 **p≤.01 *p≤.05) 

Discussion 

As expected, the persuasive system categories have a significant impact on perceived 

persuasiveness, which consequently influences continuance intention. Primary task support has a 

significant effect on perceived persuasiveness. Dialogue support has significant connections to 

primary task support, perceived credibility, and social support. It means that technologies are no 

Social Support (SOCI) 
R2=.353 Q2=.265 

 

Self-Disclosure (DISC) 

Perceived Risk (RISK) 
Continuance Intention (CONT)  

R2=.581 Q2=.475 

Perceived Persuasiveness (PEPE)  
R2=.752 Q2=.577 

Primary Support (PRIM)  
R2=.706 Q2=.592 

Credibility Support (CRED) 
R2=.502 Q2=.357 

Dialogue Support (DIAL) 
R2=.34 Q2=.234 

USER SYSTEM OUTCOMES 

 

Unobtrusiveness (UNOB) 
R2=.16 Q2=.106 

 

-.399*** 

.484* 

-.165* 

.427** 
.64*** 

.336** 

.84*** 

.369** 

.583*** 

.338* .594*** 
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longer merely reactive devices optimized to respond to user requests but rather more proactive 

devices (Lyytinen 2010). Current technological advances allow dialogue support to establish and 

maintain long-term human computer relationships (Bickmore & Picard 2005). Social support plays 

a vital role as it has a direct and statistically significant connection to continuance intention. It 

indicates that engagement with the other users of the system is important for continuous 

engagement with the system, leading to a higher impact on behavior change. Perceived credibility 

impacts perceived persuasiveness. Both credibility support and dialogue support are influenced by 

unobtrusiveness. The study introduced perceived risk and self-disclosure constructs in the context 

of persuasive smart thermostat systems. Interestingly, perceived risk has an impact on 

unobtrusiveness, i.e. the higher is the user’s perception of risk, the more obtrusive the user finds 

the system. Since self-disclosure decreases perceived persuasiveness, the higher level of self-

disclosure is associated with the lower favorable impression of the system. These findings confirm 

previous research: people do not automatically self-disclose important information about 

themselves, despite the innate desire for acceptance and relational formation (Altman & Taylor 

1973). Hence, if a persuasive smart thermostat requires self-disclosure, it may lead to negative 

consequences in the user-application interaction.  

The study facilitates further theory development on perceived persuasiveness and continuance 

intention of BCSSs. Future research should consider other persuasive postulates and aspects that 

form the users’ perceptions. For practitioners, it is beneficial to recognize which constructs impact 

perceived persuasiveness and prolonged use of the system. This knowledge will help designing 

and developing enhanced Green IS that encourage sustainable behavior. By presenting the adverse 

impact of perceived risk and self-disclosure, the study advises creators of Green IS to take 

measures for eliminating or at least reducing these unfavorable factors to improve the overall user 

experience and continuance intention. The limitations of the study need to be tackled in the future. 

The participants were from one country (UK), so the results may not be generalizable, as the 

cultural aspects might have influenced the obtained results. The sample was diverse in terms of 

age, education and employment status, yet a bigger sample should be investigated. However, it is 

important to recognize that not all users are the same, and thus the effect of the persuasive features 

will not be universal for all. 

Conclusion 

Risk, self-disclosure, and enhancing design of smart metering devices by adding persuasive 

features was researched. The findings showed that while risk and self-disclosure are detrimental 

to the user experience with the system, the PSD enhancements positively influence persuasive 

outcomes, i.e. perceived persuasiveness and continuance intention, which ultimately leads to 

behavior change. Theoretical framework of the persuasion process based on the PSD model and 

Adaption Level Theory was developed. The proposed theoretical framework augmented existing 

knowledge of using persuasive system features for encouraging pro-environmental behavior. This 

framework and the design of particular persuasive features are likely to have application in 

multiple contexts beyond the smart thermostat scenario. In future research, the constructs related 

to the process of persuasion should be researched further, and more testing on how they advance 

BCSSs should be conducted. Involving larger and more diverse samples will provide deeper 

insights about the desired outcomes of the persuasive process, for instance, the individuals’ 

perceived persuasiveness, continuance intention, and the actual behavior change.  
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Appendix 

Construct  Items L VIF 
Primary Task 
Support (PRIM) 
(Oinas-
Kukkonen & 
Harjumaa 2009) 

The SHT app makes it easier for me to reach my sustainability goals. 
The SHT app helps me in reaching my sustainability goals. 
The SHT app helps me keep track of my progress. 
The SHT app should guide me in reaching my goals through a process 
or experience. 

- 
.94
7 
.95
1 
- 

- 
2.79
6 
2.79
6 
- 

Dialogue Support 
(DIAL) (Oinas-
Kukkonen & 
Harjumaa 2009) 

The SHT app encourages me to reach my sustainability goals. 
The SHT app rewards me for reaching my sustainability goals. 
The SHT app provides me with appropriate feedback. 
The SHT app service provides me with reminders for reaching my 
sustainability goals. 

.88
4 
.92
4 
.92
2 
.92
1 

2.95
1 
4.12
7 
4.07
4 
4.25
0 

Credibility 
Support (CRED) 
(Oinas-
Kukkonen & 
Harjumaa 2009) 

The SHT app is trustworthy.  
The SHT app is reliable.  
The SHT app shows expertise. 
The SHT app instills confidence in me.  

.93
5 
.95
3 
- 
.89
5 

4.29
0 
5.03
4 
- 
2.56
6 

Social Support 
(SOCI) (Oinas-
Kukkonen & 
Harjumaa 2009) 

The SHT app allows me to observe actions and outcomes of other 
people’s sustainable behavior. 
The SHT app allows me to compare my sustainable behavior with the 
others.  
The SHT app shows me who and to what extent other people perform 
sustainable behavior. 
The SHT app gives me public recognition about my sustainable 
behavior.  

.90
7 
- 
.95
4 
.92
5 

3.32
4 
- 
5.04
3 
3.20
7 

Unobtrusiveness 
(UNOB) (Lehto 
et al. 2012a) 

Using the SHT app fits into my daily life.  
I find that using the SHT app is convenient. 
I always find time to adjust the SHT app settings. 
Using the SHT app does not interfere with my daily routine. 

.85
9 
- 
.87
3 
.90
7 

1.82
8 
- 
2.41
4 
2.42
0 

Perceived 
Persuasiveness 
(PEPE) (Oinas-
Kukkonen 2013, 
Lehto et al. 
2012a)  

The SHT app has an influence on me. 
The SHT app is personally relevant for me. 
The SHT app makes me reconsider my habits. 
The SHT app persuades me to adopt desirable sustainable behavior. 

- 
.89
8 
.95
4 
.92
4 

- 
2.90
9 
5.01
5 
3.43
6 

Perceived Risk 
(RISK) (Benson 
et al. 2015, 
Malhotra et al. 
2004) 

In general, it would be risky to give information to the SHT app. 
There would be high potential for loss associated with giving 
information to the SHT app. 
There would be too much uncertainty associated with giving 
information to the SHT app. 
It is safe to provide information to the SHT app. (reverse scaled) 

.85
4 
.85
3 
- 
.81
2 

2.63
3 
2.72
9 
- 
1.31
1 

Self-Disclosure 
(DISC) (Posey et 
al. 2010, Benson 
et al. 2015) 

It usually bothers me when mobile apps ask me for personal 
information. 
When mobile apps ask me for personal information, I sometimes think 
twice before providing it. 
It bothers me to give personal information to so many mobile apps. 
Usually, I feel certain providing personal information to mobile apps. 
(reverse scaled) 

.83
1 
.96
9 
.96
3 
- 

2.69
9 
4.63
5 
4.87
3 
- 
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Continuance 
Intention 
(CONT) 
(Bhattacherjee 
2001) 

I will be using the SHT app in the future.  
I intend to continue using the SHT app. 
I am considering discontinuing using the SHT app. (reverse scaled) 
I am not going to use the SHT app from now on. (reverse scaled) 

.96
8 
.96
4 
- 
- 

4.01
6 
4.01
6 
- 
- 

Note. Items in italics were deleted due to high collinearity (VIF >5). Loadings (L) and VIFs reported 
after the items were deleted. 

Table 1. Survey 
 

 CRA COR AVE CON
T 

CRED DIAL DISC PEPE PRIM RISK SOCI UNO
B 

CON
T 

.929 .965 .933 .966          

CRED .919 .949 .861 .787  .928        
DIAL .933 .953 .834 .655 .642 .913       
DISC .925 .945 .853 .340 .358 .388 .923      
PEPE .916 .947 .857 .725 .759 .714 .203 .926     
PRIM .890 .948 .901 .759 .753 .840 .388 .829 .949    
RISK .797 .878 .705 -.245 -.331 -.228 -.017 -.342 -.228 .840   
SOCI .921 .950 .863 .683  .697 .594 .165 .712 .693 -.179 .929  
UNO
B 

.855 .911 .774 .571 .618 .583 .078 .620 .508 -.399 .326 .880 

CRA = Cronbach’s alpha; COR = Composite reliability; AVE = Average Variance Extracted; 
Bolded cells = Square root of AVE 

Table 2. Latent Variable Properties 
 

 PRIM DIAL CRED SOCI UNOB PEPE RISK DISC CONT 
PRIM      .640***   .310** 

(.690) 
DIAL .840*** 

(2.404) 
 .427** 

(.241) 
.594*** 
(.545) 

 .681***   .531*** 

CRED      .336** 
(.195) 

  .163 

SOCI         .338* 
(.135) 

UNOB .490*** .583*** 
(.516) 

.618*** 
(.180) 

.347***  .521***   .369*** 

PEPE         .484** 
(.276) 

RISK -.196** -.233** -.247** -.138* -
.399*** 

-.208**   -.148** 
(.190) 

DISC      -.165* 
(.092) 

  -.080* 

CONT          
*** p ≤ .001; ** p ≤ .02; * p ≤ .05; (f2) = Cohen’s f2 (for direct effects only) 

Table 3. Total Effects and Effect Sizes (Cohen’s f2) 
 


