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Abstract 

AI-enabled fitness services collect continuous and sensitive data for monitoring and personalized 
feedback, which raises privacy and security concerns. Nevertheless, many users continue to engage 
with these services, suggesting a privacy–use tension. Using online survey data from 596 adults (age 
≥ 18), this study examines AI fitness use from a privacy-satisficing perspective. We construct a 
Deviation index (standardized privacy concern minus standardized risk acceptance) and model high 
willingness to use AI fitness services with a parsimonious probability approach. Results indicate that 
continued use varies systematically across the Deviation spectrum. In logistic regression analyses, 
Deviation, perceived transparency and safety (Information Control Level, ICL), and privacy–
convenience trade-off attitudes are associated with the likelihood of continued AI fitness use. 
Predicted probabilities vary gradually across the Deviation range. Overall, privacy concern and 
continued AI fitness use coexist in this sample, consistent with a bounded-rational privacy-satisficing 
interpretation. 

Keywords: AI fitness; privacy paradox; privacy satisficing; risk acceptance; perceived transparency; 
Deviation index 
 

1. Introduction 

AI-enabled fitness services collect activity, physiological, and location data for guidance and 
monitoring, which can create privacy and security concerns. Yet many users continue using these 
services while reporting privacy worry, a pattern often discussed as a privacy paradox [1,2]. 

Recent work suggests that the phenomenon varies by domain and is shaped by contextual 
constraints rather than simple inconsistency [3,4]. Scenario-based security education research 
demonstrates that heightened awareness of vulnerabilities does not automatically translate into 
protective behavior, especially when perceived benefits and convenience sustain continued 
engagement [8]. Compared with general social media, AI fitness involves more sensitive health-
related data and tangible, recurring benefits, making privacy--use tension salient in everyday 
decisions [5–7]. In this setting, examining how privacy concern and high use co-vary provides insight 
into how users manage perceived risk when disengagement is unlikely.  

Because data disclosure is continuous in this setting, it is useful to examine how privacy concern 
and high use co-vary along a spectrum rather than treating the paradox as a binary condition. 

From a governance angle, security education can improve awareness and protective practices 
[8], while studies on public-service platforms show that misaligned information and accountability 
chains may suppress usage even when services are technically available [9]. AI fitness presents the 
contrasting case: services are widely used despite unresolved privacy tension, raising a descriptive 
question about how users manage perceived risk when disengagement is unlikely. 

Building on the Satisficing Equilibrium (SE) perspective, which emphasizes “good-enough” 
configurations under bounded rationality rather than theoretical optima [10], this study examines AI 
fitness as a user-side, single-domain case. Using survey data from 596 adults (age ≥ 18), we construct 
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a Deviation index (standardized privacy concern minus standardized risk acceptance) and examine 
how fitted high-use probability varies across this index. Perceived transparency (Information Control 
Level, ICL) and privacy trade-off attitudes are included as contextual factors. The contribution is 
primarily descriptive: we describe how high-use likelihood varies across the worry–risk 
configuration across the worry–risk configuration and discuss the pattern in relation to privacy 
satisficing and governance-oriented discussions of security education and platform conditions [2–
5,8–10]. Figure 1 provides a conceptual overview. 

 
Figure 1. Conceptual illustration of the privacy satisficing perspective in AI fitness. Note. Deviation denotes 
standardized privacy concern minus standardized risk acceptance; ICL and privacy trade-off are contextual 
factors. The figure is conceptual; empirical results appear in Figure 2. 

 
Figure 2. Gradual privacy paradox in AI fitness: predicted probability of high use across the Deviation index 
(adult-only sample). Note. Fitted probabilities are plotted across Deviation with ICL and privacy trade-off held 
at their sample means. The shaded area indicates a 95% confidence band. Reference lines at p = 0.60 and τ are 
included for visual interpretation; side panels show the Deviation distribution and Pearson residuals. 

2. Theoretical Background 

The privacy paradox refers to the gap between stated privacy concern and continued disclosure 
or tracking acceptance [1,2]. In digital health and AI fitness, this tension can be salient because 
services rely on ongoing, health-related data while offering recurring benefits such as feedback and 
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self-management support [5–7]. Prior studies on fitness trackers and wearables similarly report that 
privacy concern may coexist with sustained use [5–7,11,12]. To organize this pattern, we adopt a 
privacy-satisficing lens grounded in bounded rationality and SE-oriented reasoning: rather than 
continuously optimizing privacy, individuals may tolerate a perceived risk level as long as benefits 
and basic safeguards appear “good enough” for everyday practice [10,14,15]. Related risk 
perspectives likewise describe behavior as adjusting around a subjectively acceptable risk level rather 
than eliminating risk [16]. 

Operationally, we define a Deviation index as the standardized difference between privacy 
concern and risk acceptance: Deviation = z(privacy concern) − z(risk acceptance). Lower (or negative) 
Deviation indicates lower concern and/or higher willingness to accept risk, whereas higher Deviation 
indicates a worry-dominant configuration. Treating Deviation as a continuous positioning measure 
allows us to examine whether fitted high-use probability varies smoothly across the worry–risk 
configuration rather than treating the paradox as a binary state. In the empirical models, we 
additionally account for perceived transparency (Information Control Level, ICL) and privacy trade-
off attitudes as contextual factors [5–7,10]. 

This framing is consistent with security-awareness research showing that greater awareness 
does not necessarily translate into reduced use in high-benefit settings, where convenience, habits, or 
contextual pressures sustain continued engagement [8,10,13,17]. At a broader platform level, 
platform disconnection studies highlight how misaligned information, feedback, and responsibility 
chains can suppress usage even when services are technically available [9]. AI fitness presents a 
contrasting configuration: services are typically accessible and actively used, while privacy and 
security concerns may remain salient. Accordingly, we treat AI fitness privacy as a case of continued 
use under acknowledged risk and we focus on how Deviation, perceived transparency (ICL), and 
trade-off attitudes relate to continued use patterns within the observed sample, without assuming a 
single optimal level of privacy behavior [5–10,13,17,18]. 

3. Methods 

3.1. Data and Sample 

This study uses data from an online survey on AI-enabled fitness services administered via 
Tencent Questionnaire (Tencent Wenjuan), a widely used survey platform operated by Tencent 
Technology Co., Ltd. The survey page received 645 views and 633 submissions; after data cleaning, 
596 valid responses were retained. Invalid cases were excluded based on three criteria: (1) 
unrealistically short completion times (below 35 seconds); (2) duplicate response patterns across 
accounts or devices, with only one response retained per user; and (3) respondents under 18 years of 
age. The final dataset therefore consists exclusively of adult respondents (age ≥ 18). Tencent 
Questionnaire requires login via QQ, WeChat, email, or a mainland China mobile number and 
restricts each account to a single submission, which helps reduce duplicate entries. Most responses 
originated from mainland China (N = 537), with additional responses from the Republic of Korea (N 
= 58) and other regions (N = 1). The questionnaire covered platform use, perceived transparency and 
safety, service adequacy, willingness to use AI fitness services, privacy attitudes, and basic 
demographics (gender, age group, app-use experience). Perceptual items were measured using five-
point Likert scales. 

At the start of the survey, participants were informed (in Chinese and English) that the study 
targeted adults aged 18 and above, that participation was voluntary, and that no personally 
identifiable or sensitive information would be collected. Responses were anonymous, could be 
discontinued at any time, and were analyzed only in aggregated form for academic purposes. The 
study was designed as an anonymous, adult-only questionnaire without intervention, physical 
procedures, or the collection of identifiable personal data, and therefore falls within the scope of 
minimal-risk social science research. The research procedures were conducted in accordance with 
generally accepted ethical principles for human-subject research, including those articulated in the 
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Declaration of Helsinki. Institutional ethics review consultation is currently in progress, and the final 
ethics status will be reported in the journal version if required. 

3.2. Variables and Analytical Strategy 

The dependent variable is high willingness to use AI fitness services. The original five-point item 
on “willingness to use AI fitness applications/devices” is recoded into a binary indicator for 
descriptive grouping and a parsimonious probability model: respondents at or above the sample 
median are coded as 1 (high-use group) and others as 0 (low-use group). This operationalization 
follows a common practice in prior studies that contrast relatively higher versus lower intention 
rather than relying on the full ordinal scale [5,6,11,12]. 

The key explanatory variable is the Deviation index, defined in Section 2.1 as the standardized 
difference between privacy concern and risk acceptance (z-privacy concern − z-risk acceptance). 
Larger Deviation values indicate that privacy concern is higher relative to stated risk acceptance, 
whereas lower or negative values indicate the opposite configuration. Importantly, Deviation is used 
here as a descriptive positioning measure within the sample and should not be interpreted as an 
objective risk or compliance metric [2,11,12]. 

To capture perceived service context, we include two additional predictors. Perceived 
transparency (ICL) aggregates items on visible information, accountability expectation, and 
reliability/safety, summarizing how clearly respondents perceive information provision and safety-
related assurances [7,10]. Privacy trade-off is measured by an item capturing the stated willingness 
to exchange personal data for convenience or improved service, consistent with privacy-calculus 
discussions of protection–service trade-offs [2,11]. Both variables are treated as continuous indices 
derived from Likert-scale items; composite-score construction follows standard index-building 
guidance [21]. Gender (coded as 1 = female), age group, and prior app-use experience are included 
as control variables in extended specifications. 

The analysis proceeds in two steps. First, we summarize the distribution of key variables and, 
for descriptive presentation, classify respondents into low-, medium-, and high-Deviation bands to 
examine how the share of high-use respondents varies across the Deviation spectrum. Second, we 
estimate logistic regression models with high-use membership as the dependent variable and 
Deviation, ICL, and privacy trade-off as the main predictors, with optional demographic controls. 
Logistic regression is used to model a binary outcome and to present results in terms of fitted 
probabilities [19,20]. The goal is to assess whether the fitted probability of high AI fitness use varies 
smoothly across Deviation after accounting for perceived transparency and stated privacy–
convenience trade-offs, consistent with a privacy-satisficing interpretation framed as a descriptive 
pattern rather than a causal claim [10]. 

4. Results 

4.1. Descriptive Patterns and User Types 

Overall willingness to use AI fitness services is moderate to high in this sample. Using a median 
split of the five-point willingness item, a majority of respondents are classified into the high-use 
group (Table 1). Privacy concern is generally mid-to-high, while risk acceptance shows greater 
dispersion, indicating heterogeneous tolerance for perceived risk alongside continued service interest 
[2,5–7,11,12]. 

Table 1. Descriptive statistics of key variables (N = 596). 

Variable Mean SD 

High willingness to use AI fitness (1 = high-use) 0.63 0.48 

Deviation (z-privacy concern − z-risk acceptance) 0.00 1.34 
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Variable Mean SD 

ICL (perceived transparency index, 1–5) 3.37 0.79 

Privacy trade-off (1–5) 3.86 0.79 

Gender (1 = female) 0.32 0.47 

Age group (ordinal, 1–4) 1.89 0.79 

App-use experience (1 = experienced user) 0.93 0.26 

Note. Variables are defined and coded as described in Section 3. Deviation is defined as z(privacy concern) − 
z(risk acceptance). ICL is reported on the original 1–5 scale in this table. 

For descriptive presentation, respondents are grouped into low-, medium-, and high-Deviation 
bands. High-use shares are compared across these bands as a simple descriptive check, motivating 
the probability-based analysis reported below [5–7,10]. 

4.2. Logistic Regression and the Gradual Privacy Paradox 

Table 2 reports logistic regression estimates with high-use membership as the dependent 
variable and Deviation, perceived transparency (ICL), and privacy trade-off as the main predictors. 
In this specification, the estimated coefficient for Deviation is positive. The coefficients for ICL and 
privacy trade-off are likewise positive, consistent with higher fitted probabilities of high use under 
greater perceived transparency and stronger acceptance of privacy–convenience trade-offs. 

Table 2. Logistic regression for high willingness to use AI fitness (N = 596). 

Variable Coefficient Std. Error 

Deviation 0.18 0.08 

ICL (perceived transparency) 0.78 0.13 

Privacy trade-off 0.47 0.14 

Constant –3.87 0.61 

Note. Coefficients are log-odds; standard errors are in parentheses. Results are interpreted using fitted 
probabilities (see Figure 2) [19,20]. 

To visualize the association for Deviation, Figure 2 plots fitted high-use probability across the 
observed Deviation range while holding ICL and privacy trade-off at their sample means. The fitted 
curve increases smoothly across Deviation, and the confidence band indicates uncertainty around the 
fitted relationship. Reference lines at p = 0.60 and τ* are included as visual aids. 

5. Discussion and Conclusion 

5.1. Gradual Privacy Paradox as Privacy Satisficing 

Across the models and visual summaries, fitted high-use probability varies systematically with 
the Deviation index. In this sample, higher Deviation (privacy concern higher relative to risk 
acceptance) is not accompanied by lower willingness to use AI fitness services; instead, fitted high-
use probability varies gradually across the observed Deviation range (Figure 2). This pattern is 
consistent with a privacy-satisficing interpretation under bounded rationality, where users may 
continue using high-benefit services while tolerating nonzero concern, provided perceived benefits 
and basic safeguards appear “good enough” for everyday practice [10,14–16]. 
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In relation to governance-oriented discussions, the pattern contrasts with platform 
disconnection settings in which services remain technically available but are underused due to 
misaligned information and accountability chains [9]. It is also consistent with security-awareness 
research suggesting that increased awareness does not necessarily translate into avoidance when 
convenience, habit, or perceived benefits sustain continued engagement [10,13,17,18]. Here, the 
empirical aim is to document the co-occurrence of concern and continued use in a simple, 
interpretable form rather than to attribute it to a single causal mechanism [2,5–7,10,14–16]. 

5.2. Implications and Limitations 

A practical implication is that awareness-raising by itself may not be sufficient to change usage 
patterns in high-benefit contexts. Governance and design efforts may therefore benefit from visible, 
usable privacy controls and clear communication of what data are collected and how they are 
processed, consistent with privacy-by-design approaches and calibrated reliance in automation 
[7,10,17,18,22,23]. Under a satisficing framing, the emphasis shifts from pushing users toward full 
acceptance or full rejection to keeping continued-use conditions transparent and auditable, with 
conservative defaults and actionable choices [7,10,14,15,22,23]. This study has limitations. The data 
are cross-sectional and self-reported, so associations should not be interpreted as causal, and 
bidirectional relationships cannot be ruled out. The sample reflects adults with interest or exposure 
to AI fitness and may not generalize to non-users or clinical populations. The modeling strategy is 
intentionally simple and intended for pattern description rather than exhaustive explanation [19,20]. 
The sample is China-dominant due to the survey platform and recruitment context, so cross-region 
generalization should be cautious. 

Future work could extend the approach using longitudinal designs or behavioral traces and 
compare the Deviation–use pattern across other AI-enabled services to assess domain variability 
[2,3,5–7,11,12]. 
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