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Abstract

This study investigates how algorithmic governance, a core feature of modern e-commerce
platforms, impacts the consumption behavior of its service providers—specifically, ride-
hailing drivers’ preference for high-calorie food. From an e-commerce ecosystem perspec-
tive, the dynamic interaction between platforms and their service providers is critical for
long-term value co-creation and platform sustainability. By examining how algorithmic
control mechanisms spill over into drivers’ off-platform behaviors, this research offers cru-
cial insights for designing more sustainable and human-centric platform business models.
Analyzing 710 survey responses from ride-hailing drivers in China via PLS-SEM, our find-
ings reveal that algorithmic tracking evaluation and behavioral constraints are positively
associated with high-calorie food consumption, with emotional exhaustion acting as a
key mediator. Notably, standard guidance algorithms showed no significant effect. These
results contribute to the e-commerce literature by demonstrating how platform-centric
control can inadvertently lead to adverse externalities that may undermine service quality
and provider well-being, ultimately posing a risk to the platform’s brand reputation and
operational stability. We offer practical recommendations for e-commerce platform man-
agers on optimizing algorithmic strategies to foster a healthier and more sustainable gig
worker ecosystem.

Keywords: e-commerce platforms; algorithmic governance; gig economy; service provider
behavior; interactive marketing

1. Introduction

The rise of e-commerce has fundamentally reshaped market dynamics, particularly
in the service sector through the gig economy model [1]. In this ecosystem, ride-hailing
platforms manage vast networks of independent providers not through human managers,
but through algorithmic control—an automated governance model relying on Al and big
data [2-5]. This model enables platforms to guide service providers’ behaviors through
predefined technical rules, transforming them from traditional partners into nodes within a
digitally managed system [6,7].

While algorithmic control significantly enhances matching efficiency and market
liquidity [8-11], its unintended consequences on the “off-platform” domain warrant
deeper investigation [12-15]. The existing literature has extensively examined the im-
pact of algorithmic governance on on-platform behaviors (e.g., order acceptance rates,
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service efficiency) [16-18]. However, research on its spillover effects into providers’ private
lives—specifically health-compromising consumption behaviors—remains limited [1,19].
This oversight masks long-term systemic risks: ignoring the erosion of provider human
capital (e.g., through poor health) ultimately undermines the reliability and sustainability
of the entire platform ecosystem [11,14,20].

This tension between algorithmic efficiency and provider health is particularly acute
in the context of dietary habits. Behind the burgeoning ride-hailing industry—with over
7.48 million drivers in China alone—lies an escalating health challenge. Due to rigid algo-
rithmic scheduling and the intense pressure to maintain performance, drivers frequently
endure long hours and irregular breaks [21]. Consequently, high-calorie food consump-
tion has become a prevalent coping mechanism for fatigue and hunger [13]. Given that
unhealthy diets are a primary risk factor for chronic diseases [22-25], understanding how
specific algorithmic governance strategies drive this consumption behavior is not merely a
public health concern, but a critical imperative for platform sustainability [26,27].

To address this gap, this study asks the following question: How does a platform’s
algorithmic governance strategy create spillover effects that influence high-calorie food
consumption among its service providers? We propose a conceptual framework linking
algorithmic governance to high-calorie food consumption, conceptualizing governance
through three dimensions: algorithmic standard guidance, algorithmic tracking and eval-
uation, and algorithmic behavior constraints [5,19]. Furthermore, we examine whether
drivers’ emotional exhaustion acts as a key mediator in this process.

This study advances the literature by shifting the narrative from a techno-centric
view to a human-centric one, offering three key contributions. First, we bridge the gap
between platform governance and behavioral health. By identifying high-calorie food
consumption as a critical spillover effect, we uncover the biological costs of digital gover-
nance, extending the research boundary from “organizational efficiency” to “off-platform
externalities.” Second, we offer a granular perspective. Rather than viewing algorithms as a
monolithic stressor, we differentiate between supportive (guidance) and coercive (tracking,
constraints) dimensions, clarifying which specific mechanisms trigger negative health out-
comes. Third, by integrating Conservation of Resources (COR) theory with Ego Depletion
theory, we delineate the psychological-to-behavioral pathway—from resource depletion to
willpower collapse—revealing the underlying logic of how digital nudges translate into
biological stressors.

2. Theory and Hypotheses
2.1. Research on High-Calorie Food Consumption

High-calorie food consumption typically refers to the intake of foods with high energy
content, measured in calories [28]. In nutritional science, calories quantify the energy
in food and beverages, with high-calorie foods often containing elevated levels of fat,
sugar, or protein. Numerous factors influence high-calorie food consumption, including
socioeconomic, environmental, psychological, and behavioral factors, as well as the effects
of policies and regulations [29,30]. Early research assumed that people begin eating when
their internal energy levels are low and stop when replenished, a model governed by
the body’s homeostatic energy regulation mechanisms [28]. However, this model does
not fully account for the widespread phenomenon of overeating seen in recent years,
particularly in modern dietary environments where high-calorie foods are abundant and
affordable. Therefore, comprehensively understanding high-calorie food consumption
requires considering a wide range of contributing factors [31].

Beyond the traditional homeostatic regulation model, insights from nutrition and
behavioral economics offer critical explanations. From a nutritional physiology perspective,
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stress and fatigue trigger the hypothalamic—pituitary—adrenal axis, leading to elevated
cortisol levels. This hormonal response biologically drives cravings for “comfort foods”
rich in sugar and fat to dampen stress responses [32]. Simultaneously, behavioral economics
suggests that under cognitive load or stress, individuals exhibit ‘hyperbolic discounting’'—a
tendency to prefer smaller, immediate rewards such as sensory gratification from food over
larger, delayed rewards like long-term health [33-35]. In the modern dietary landscape,
eating habits are increasingly driven by desire rather than pure energy needs. This shift
has been widely discussed in the literature, particularly in relation to failed self-control.
Prior research suggests that individuals often forgo long-term weight management goals
for immediate gratification when confronted with temptations [36], thereby engaging in
hedonic consumption. This pattern of hedonic eating is increasingly prevalent in contem-
porary society, facilitated by the high accessibility and relative affordability of calorie-dense
foods [37].

However, a significant gap remains in applying these behavioral theories to the emerg-
ing digital labor market. While the existing literature enumerates various stressors driving
high-calorie intake [36,38,39], it frequently treats dietary choices as isolated decisions,
overlooking the critical nexus between specific digital governance mechanisms and indi-
vidual physiological urges. Most health-related studies focus on general populations or
traditional office environments, failing to account for the unique algorithmic pressures
inherent in the gig economy. In the specific context of the platform economy, the governance
model—primarily executed through algorithmic control—serves as a pivotal environmental
factor shaping the daily routines of ride-hailing drivers [40]. Current research has yet to em-
pirically verify how the distinct features of algorithmic management (as opposed to general
work stress) trigger the resource depletion that leads to such health-compromising behav-
iors. Addressing this gap is essential to understanding the systemic health risks [41,42] that
threaten the platform’s overall operational stability [43].

2.2. Algorithmic Control and High-Calorie Food Consumption

Platform governance involves monitoring, guiding, and evaluating service provider
behavior. Traditional organizations often rely on top-down control, characterized by direct
human-to-human interactions [44,45]. However, with advancements in digital technologies,
many organizations have integrated algorithms into management processes, sometimes
even replacing certain responsibilities of human managers [19]. Algorithmic control is a
management approach in which organizations use intelligent algorithms and advanced
digital technologies to automatically guide behavior through built-in technical rules and
standardized processes, aligning service provider actions with platform goals [1]. Studies
indicate that, compared to how organizations implement algorithmic control, independent
service providers within the platform ecosystem (such as ride-hailing drivers) are more
influenced by the algorithmic control they “perceive”, and this perceived impact is often
greater. Accordingly, this study focuses on perceived algorithmic control among digital
platform ride-hailing drivers.

As a core mechanism of e-commerce platform governance, algorithmic control and
its fundamental functions and managerial consequences remain a subject of significant
debate. One stream of research emphasizes the positive role of algorithms [1,46]. This
perspective posits that through big data analytics, algorithms automate task allocation and
dynamic pricing, which not only enhances market matching efficiency but also mitigates
subjective bias and information asymmetry inherent in traditional human management,
yielding highly significant positive effects [19,47]. Conversely, another school of research
provides starkly contrasting evidence, revealing the detrimental impacts of algorithmic
control. These studies suggest that when algorithmic governance manifests as stringent
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real-time tracking, rigid performance appraisals, and punitive behavioral constraints, it
severely constrains the autonomy of gig workers [25,37].

Despite these extensive discussions, two critical research gaps persist in the cur-
rent literature. First, existing studies largely focus on the “on-platform” consequences
of algorithmic control (e.g., efficiency, turnover, compliance), while the “off-platform”
spillover effects—particularly regarding physical health outcomes like dietary habits—
remain underexplored. The central paradox in the current literature lies in the fact that
while standardized rules can improve operational consistency, they simultaneously create
technical black boxes and non-negotiable power structures, leaving drivers in a state of
passive stress. Second, most studies treat algorithmic control as a monolithic construct,
overlooking the heterogeneous impacts of its distinct dimensions. By failing to deconstruct
the algorithm, prior research obscures which specific governance elements act as benign
guidance versus detrimental stressors.

Grounded in this realization and drawing upon the work of Pei et al. (2021) [46], this
study categorizes gig workers” perception of algorithmic control into three dimensions,
algorithmic standardized guidance, algorithmic tracking evaluation, and algorithmic be-
havioral constraints [40], in an attempt to reconcile these scholarly disputes and address
the aforementioned gaps. Algorithmic standardized guidance refers to drivers’ percep-
tion of the process by which algorithms provide task assignments, service standards,
and decision-making information through standardized rules and procedures. Following
the conceptual framework established by Pei et al. (2021) [46] and validated in recent
studies [26,48], we conceptually distinguish this construct from traditional human-based
support. Unlike informational support or job clarity—which involve human judgment and
social interaction—algorithmic standardized guidance is rigid, automated, and deeply em-
bedded within the platform’s technical architecture [19]. Algorithmic tracking evaluation
encompasses drivers’ perception of real-time tracking and recording of their location, task
progress, and work demeanor, with performance assessments based on both customer feed-
back and platform criteria. Algorithmic behavioral constraints refer to drivers’ perception
of the reward and punishment mechanisms enforced by algorithms, which compel them to
adjust their behavior to align with the platform’s desired outcomes [25,37].

In examining the impact of algorithmic governance on service providers, it is impera-
tive to distinguish between dimensions that function as supportive resources and those
that act as coercive stressors. According to management control theory, organizational
controls can be categorized into enabling and coercive forms [49]. Algorithmic standardized
guidance serves an enabling function by providing drivers with task assignment infor-
mation and decision-making support, thereby reducing job uncertainty and facilitating
task completion. In contrast, algorithmic tracking evaluation and algorithmic behavioral
constraints represent more intrusive and coercive forms of control, characterized by con-
tinuous surveillance and punitive or incentive-based pressures. From a Conservation of
Resources (COR) perspective [50,51], coercive mechanisms (namely, algorithmic tracking
evaluation and algorithmic behavioral constraints) act as hindrance stressors that deplete
personal emotional and psychological resources. Conversely, the supportive nature of
algorithmic standardized guidance provides a preliminary framework for tasks without
directly dictating or monitoring every action, and thus may not necessarily trigger an
equivalent level of resource depletion. This granular categorization fills a theoretical void
by clarifying how different algorithmic design choices exert divergent impacts on driver
well-being and subsequent consumption behavior.

According to Conservation of Resources (COR) theory [50], individuals possess a
fundamental drive to obtain, retain, and safeguard their stock of valued resources. Psy-
chological stress emerges when resources are threatened or lost, prompting individuals
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to take defensive actions to prevent further depletion [50,51]. However, the impact of
organizational control on this resource reservoir depends on the specific nature of the
control mechanisms involved. Specifically, algorithmic tracking evaluation and algorithmic
behavioral constraints function as coercive hindrance stressors. These mechanisms impose
continuous surveillance and rigid reward-punishment structures, significantly diminish-
ing drivers’ autonomy and individuality, which leads to a direct and intensive drain on
personal emotional and psychological resources [4,52,53]. For ride-hailing drivers, these
automated systems place them in a passive position with limited capacity to negotiate work
terms [13,54]. In contrast, algorithmic standardized guidance is theoretically character-
ized as an “enabling resource” that reduces task ambiguity by providing decision-making
support. Although algorithmic standardized guidance may facilitate task completion, it
remains embedded within the platform’s overarching algorithmic management regime.
Therefore, whether the supportive nature of algorithmic standardized guidance can offset
the inherent psychological costs of being managed by an automated system remains an
empirical question to be tested.

A core principle of COR theory, known as “loss primacy,” suggests that the negative
impact of resource loss is more potent and enduring than the positive impact of gaining an
equivalent amount of new resources [24,41]. In the context of high-calorie food temptation,
resisting such cues requires substantial self-regulatory resources and willpower [38]. When
platforms implement coercive algorithmic controls (namely, algorithmic tracking evaluation
and algorithmic behavioral constraints), the resulting resource depletion and emotional
exhaustion force drivers into a “defensive mode.” To preserve their remaining psychological
energy, drivers are more likely to abandon self-control in food choices, opting for the
immediate gratification of high-calorie “comfort foods” to dampen their stress response.
While algorithmic standardized guidance is more supportive in nature, we still propose a
general positive association for the overall construct to test for potential divergent effects
across these dimensions. Thus, we propose:

H1. Perceived algorithmic control is positively related to high-calorie food consumption among
ride-hailing drivers, specifically through its dimensions of (H1a) standard guidance, (H1b) tracking
evaluation, and (H1c) behavioral constraint.

2.3. Emotional Exhaustion as a Mediator

Emotional exhaustion refers to the depletion of psychological and physical resources
due to prolonged emotional tension and workload, resulting in feelings of exhaustion,
negativity, depression, and diminished confidence [55]. From a COR perspective, workplace
demands are conceptualized as stressors that tax an individual’s finite cognitive, emotional,
and psychological reserves. This progressive depletion of personal resources is what
ultimately culminates in emotional exhaustion [50,51].

In the context of algorithmic governance, the impact on emotional exhaustion is
contingent upon the functional nature of the control dimensions. Specifically, algorithmic
tracking evaluation and algorithmic behavioral constraints act as coercive stressors. The
real-time, continuous surveillance and rigid performance enforcement inherent in these
mechanisms create a state of ‘relentless alertness.” This constant pressure to conform to
automated standards without the possibility of human negotiation rapidly drains drivers’
emotional energy, directly culminating in emotional exhaustion [56]. Conversely, while
algorithmic standardized guidance is theoretically an enabling resource that provides task
clarity, its integration into a rigid, automated system means it still contributes to the overall
cognitive load and the feeling of being ‘managed by a machine’.
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To provide a comprehensive understanding of how this exhaustion translates into
dietary shifts, we integrate COR theory with Ego Depletion theory [57]. The coercive
demands of algorithmic governance require drivers to constantly suppress natural impulses
and maintain high levels of vigilance, a process that consumes self-regulatory resources
(willpower). When emotional exhaustion occurs, it signifies a state of resource bankruptcy
or ego depletion, where drivers experience a collapse in self-control.

Physiologically, this state of exhaustion triggers a biological drive for rapid energy
replenishment. Stress-induced hormonal changes (e.g., elevated cortisol) override rational
dietary goals, creating a biological craving for high-calorie ‘comfort foods’ to mitigate
negative affect [32]. From a behavioral economics standpoint, this depletion leads to
present bias [57], where the cognitive cost of prioritizing long-term health becomes too
high. Consequently, exhausted drivers lack the willpower to resist high-calorie temptations,
succumbing to immediate sensory gratification to restore subjective vitality. Therefore, we
argue that algorithmic control dimensions—particularly the coercive ones—induce a state
of resource depletion that manifests as emotional exhaustion, which in turn necessitates
high-calorie consumption as a maladaptive coping mechanism. Therefore, we propose the
following hypothesis:

H2. Emotional exhaustion mediates the positive relationship between perceived algorithmic control
and high-calorie food consumption among ride-hailing drivers, specifically through the dimensions
of (H2a) standard guidance, (H2b) tracking evaluation, and (H2c) behavioral constraint.

Figure 1 demonstrates the conceptual framework that integrates the hypotheses that
we have developed.

Algorithmic
standardized guidance

Algorithmic . . High calorie food
.S . Emotional exhaustion ,
tracking evaluation consumption
Algorithmic

behavioral constraint

Figure 1. Conceptual framework.

3. Methods
3.1. Participants and Procedure

We conducted a quota-based online survey of ride-hailing drivers in China from
April to May 2022, utilizing the professional survey firm Credamo for sampling and data
collection. Given that ride-hailing drivers are a specific and hard-to-reach population,
we implemented a rigorous multi-stage quality control procedure to ensure respondent
authenticity. First, the Credamo platform enforces a strict real-name authentication system
for all panelists [58]. Second, to prevent false reporting, we used “blind” screening questions
where participants had to select their occupation from a mixed list of industries; only those
identifying as ride-hailing drivers were admitted. Third, we embedded trap questions to
detect inattentive responses. The sample of drivers was comparable in gender, age, and
education level to the demographic data published in Cao Cao Travel’s “Ride-Hailing
Driver Portrait Analysis Report,” a leading ride-hailing platform in China. We initially
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collected 800 completed surveys. Following a data screening process, which included
checks for completion time and attentiveness, 90 responses were removed. This procedure
yielded a final valid sample of 710 participants (88.75% effectiveness rate). Furthermore,
the sample collection process was approved by our institution’s ethics committee.

Among the valid respondents, 82.39% were male (n = 585), with most drivers being
aged 31-45 (59.30%, n = 421). Most of the participants suggested that their highest level of
education was high school or lower (66.90%, n = 475). The largest group of drivers worked
6-10 h per day (54.65%, n = 388), and a higher proportion worked exclusively for a single
ride-hailing platform (68.17%, n = 484), as detailed in Table 1.

Table 1. Respondents” demographic information.

Categories Subcategories Numbers Percentage
Gender Male 585 82.39%
Female 125 17.61%
Age 18-30 years 144 20.28%
3145 years 421 59.30%
46 years or above 145 20.42%
Education degree High school degree 475 66.90%
or below

Associate degree 196 27.61%

Bachelor degree or o
39 5.49%

above

Workmg:;urs per Less than 5 h 90 12.68%
6-10 h 388 54.65%
11 h or above 232 32.68%
Multi-platform Yes 226 31.83%
No 484 68.17%

3.2. Measurement

To ensure the content validity and reliability of our constructs, we predominantly
utilized well-established scales adapted from high-impact studies, tailored to the specific
context of ride-hailing services. All constructs were measured using multi-item Likert
scales (1 = strongly disagree, 7 = strongly agree). The choice of measures followed the
principle of psychometric rigor and contextual relevance. All items underwent a rigorous
back-translation process and a pilot study with 30 drivers to ensure clarity and linguistic
equivalence in the Chinese context.

Perceived Algorithmic Standardized Guidance. We measured this variable by adopting
an 4-item scale derived from Pei et al. (2021) [46]. An example of an illustrative item from
the scale is “ Algorithms provide me with extensive information to support me in completing
my work tasks”.

Perceived Algorithmic Tracking Evaluation. The measure for this variable consisted
of three items modified from Pei et al. (2021) [46]. A sample item is “The algorithm
continuously tracks my work progress”.

Perceived Algorithmic Behavioral Constraint. This variable was measured with three
items adapted from Pei et al. (2021) [46]. A sample item is “The algorithm encourages me
to take orders at specific times by offering a cash bonus”.

Emotional Exhaustion. We evaluated emotional exhaustion through a 3-item scale
derived from Watkins et al. (2015) [59]. Subjects responded to items such as “I feel exhausted
when I think about having to face another day on the job”.

High-Calorie Food Consumption. We measured high-calorie food consumption using
the purchase intention of high-calorie food, as actual dietary intake is difficult to observe
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accurately in field surveys [38]. While purchase intention is a proxy, it is widely accepted
in marketing research as a reliable predictor of consumption propensity. It was assessed
with three items adapted from Wu and Lee (2016) [60]. A sample item is, “The likelihood
of purchasing high-calorie food is”.

Control Variables. To minimize potential confounding effects and ensure the internal
validity of the structural model, we incorporated five control variables based on the existing
gig economy and health behavior literature [4,5]. Gender, age, and education level were
included to account for demographic variations in dietary habits and health-related self-
regulation. Daily working hours were controlled to differentiate the psychological impacts
of algorithmic management from general fatigue caused by the length of the workday.
Finally, we controlled for multi-platform affiliation, as the complexity of juggling multiple
algorithms may influence a driver’s perceived control and stress levels, thereby affecting
their compensatory consumption behaviors. This inclusion allows us to more accurately
estimate the specific spillover effects of the primary algorithmic governance dimensions.

3.3. Testing of Common Method Bias

To safeguard participant privacy and foster candid responses, we guaranteed
anonymity and assured all respondents that their raw data would remain confidential.
While this procedure helps partially mitigate common method bias (CMB), a potential for
such bias persists, given that all variables were obtained solely through self-report [61].
We therefore formally tested for this possibility. An exploratory factor analysis, which
extracted a single factor, revealed that this lone factor accounted for well under the 50%
threshold for total variance, demonstrating that CMB is unlikely to be a significant concern
in this data [62]. However, acknowledging the limitations of Harman's test, we further em-
ployed the Unmeasured Latent Method Construct (ULMC) approach [63,64]. We explicitly
modeled single-indicator constructs to partition the variance of the indicators. The analysis
revealed that the average substantive variance (R1?) was 0.774, whereas the average method
variance (R2%) was only 0.005. The ratio of substantive variance to method variance was
approximately 170:1, and most method factor loadings were insignificant (as shown in
Table 2). These results demonstrate that CMB is unlikely to be a significant concern in
this data.

Table 2. Common method bias analysis.

Substantive Variance Method Variance

: 2 2

Latent Variable Items Loadings (R1) R1 Loadings (R2) R2
SG1 0.781 0.610 0.087 0.008
Algorithmic SG2 0.901 0.812 —0.054 0.003

standardized guidance
(SG) SG3 0.908 0.824 —0.046 0.002
SG4 0.848 0.719 0.017 0.000
TE1 0.945 0.893 —0.114 0.013
Algorithmic tracking TE2 0.952 0.906 —0.087 0.008
evaluation (TE) TE3 0.616 0.379 0.188 0.035
TE4 0.832 0.692 0.033 0.001
BC1 0.875 0.766 —0.002 0.000
Algorithmic behavioral
constraint (BC) BC2 0.858 0.736 0.013 0.000
BC3 0.887 0.787 —0.011 0.000
EE1 0.980 0.960 —0.066 0.004
Em(’“"“?}geE’;ha”s“"“ EE2 0.900 0.810 0.031 0.001
EE3 0.899 0.808 0.037 0.001
HCC1 0.897 0.805 0.005 0.000
High-calorie food HCC2 0.900 0.810 0.014 0.000
consumption (HCC) . . . .

HCC3 0.915 0.837 —0.019 0.000
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3.4. Data Processing and Analysis

The decision to utilize PLS-SEM instead of CB-SEM was grounded in two primary
considerations. From a theoretical standpoint, this study was characterized by theoretical
integration and extension rather than simple confirmation. By synthesizing Conservation
of Resources theory with Ego Depletion Theory, Self-Regulation perspectives, Behavioral
Economics, and Nutritional Physiology, we developed a new framework to predict the
unintended spillover effects of algorithmic governance. PLS-SEM is particularly suitable for
interdisciplinary theory development where the goal is to explain and predict variations in
key target constructs. From a statistical perspective, this choice stemmed from the inherent
characteristics of our survey data. Survey-based research often struggles to meet the
stringent multivariate normality requirements of CB-SEM. As a variance-based approach,
PLS-SEM offers greater robustness to non-normal data distributions. Additionally, given
the complexity of the model involving five key variables and multiple mediation paths,
PLS-SEM ensures higher statistical power and obviates the convergence issues common in
complex structural relationships.

4. Results
4.1. Reliability and Validity of the Measurement Model

First, we assessed the relationship between latent and observed variables. The indica-
tor factor loading values were significant, ranging from 0.812 to 0.930 (recommended factor
loading values > 0.5), for the respective constructs. The average variance extracted (AVE)
for all constructs was found to be between 0.705 and 0.858. As all values surpassed the
0.5 criterion, strong convergent validity was established [65].

The Cronbach alpha values for the independent variables (perceived algorithmic
standardized guidance, tracking evaluation, and behavioral constraint), as well as the
mediator variable emotional exhaustion and the dependent variable high-calorie food
consumption, were all above 0.8 (recommended Cronbach’s alpha > 0.7), which falls within
the commonly acceptable range [66]. Composite reliability (CR) values exceeded 0.9,
suggesting strong internal consistency reliability. The detailed results are presented in
Table 3.

Table 3. Assessment of measurement model.

Convergent Validity Consistency Reliability

Latent Variable Items VIF

Loadings AVE CR Alpha
Aleorithmic SG1 0.866 0.738 0.918 0.883 2.101
smﬁ Gardived SG2 0.845 2.285
! SG3 0.861 2.469
guidance (SG) SG4 0.864 2.303
Alsorithmic TE1 0.817 0.705 0.905 0.861 2.353
tg i TE2 0.862 2.577
lract. mgTE) TE3 0.812 1.691
evaluation ( TE4 0.866 2.190
Algorithmic BC1 0.870 0.762 0.906 0.844 2.020
behavioral BC2 0.874 1.971
constraint (BC) BC3 0.876 2.064
Emotional EE1 0.930 0.858 0.948 0.918 3.635
<hastion (EE) EE2 0.923 3.098
exhaustio EE3 0.926 3.201
High-calorie food HCC1 0.901 0.818 0.931 0.888 2.500
consumption HCC2 0.911 2.680
(HCC) HCC3 0.900 2.556
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To ensure that the model was free from collinearity, we inspected the variance inflation
factor (VIF) values. The observed VIFs for all items fell between 1.691 and 3.635. As this
entire range is substantially lower than the commonly accepted threshold of 5.0, our results
affirm the absence of significant collinearity issues.

We conducted a two-pronged assessment to establish discriminant validity. Ini-
tially, we employed the Fornell-Larcker criterion; as detailed in Table 4, the square root
of the AVE for all constructs (all > 0.7) surpassed all corresponding correlation coeffi-
cients. Subsequently, we evaluated the HTMT ratios. The values for all constructs ranged
from 0.332 to 0.758 (Table 5), satisfying the <0.9 threshold. Collectively, these results
(Tables 3 and 4) affirm the model’s discriminant validity.

Table 4. The discriminant validity of Fornell and Larcker.

BC SG TE EE HCC
BC 0.873
SG 0.503 0.859
TE 0.648 0.478 0.839
EE 0.466 0.300 0.454 0.926
HCC 0.447 0.303 0.426 0.332 0.904

Note. SG = algorithmic standardized guidance; TE = algorithmic tracking evaluation; BC = algorithmic behavioral
constraint; EE = emotional exhaustion; HCC = high-calorie food consumption.

Table 5. The discriminant validity of HTMT.

BC SG TE EE HCC
BC
5G 0.581
TE 0.758 0.549
EE 0.527 0.327 0.499
HCC 0.516 0.332 0.479 0.367

Note. SG = algorithmic standardized guidance; TE = algorithmic tracking evaluation; BC = algorithmic behavioral
constraint; EE = emotional exhaustion; HCC = high-calorie food consumption.

4.2. Assessment of the Structural Model

The R2 values of the latent constructs, ranging from 0 to 1, indicate model strength.
The R2 values for emotional exhaustion and purchase intention were 0.258 and 0.244,
respectively, showing that the model explains 25.8% of the variance in the mediator
variable (emotional exhaustion) and 24.4% in the dependent variable (purchase inten-
tion), demonstrating the explanatory power of the research model. In addition, we as-
sessed the effect sizes f2 to determine the substantive impact of the independent variables.
The 2 values for the paths from algorithmic behavioral constraint and tracking evalua-
tion to high-calorie food consumption were 0.039 and 0.025, respectively. These values
exceed the 0.02 criterion suggested by Cohen (1988) [67], confirming that these dimen-
sions of algorithmic governance have a small but significant effect on drivers” unhealthy
consumption behaviors.

The Q2 values, calculated through blindfolding, further validate model appropriate-
ness, with values above zero considered adequate. The Q2 values for emotional exhaustion
and purchase intention were 0.218 and 0.197, respectively, both above zero, suggesting
model significance.

Additionally, the SRMR value was 0.050, below the acceptable threshold of 0.10,
affirming the structural model’s alignment [68].
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4.3. Hypotheses Testing

The empirical analysis of the hypotheses was conducted using a bootstrapping ap-
proach with 5000 samples (see Figure 2 for the results). Table 6 also presents the direct,
indirect, and total path results of the study. The t-values and p-values were used to deter-
mine whether to accept or reject each hypothesis. The outcomes for each hypothesis are
summarized in Table 7.
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Figure 2. Path estimates. Note. The p-values are in parentheses.

Table 6. Direct, indirect and total path estimates.

Confidence Intervals

Direct Path Beta SD t Values p Values
2.50% 97.50%

SG — EE 0.036 0.041 0.870 0.384 —0.043 0.118
BC — EE 0.284 0.045 6.309 0.000 0.192 0.366
TE — EE 0.253 0.040 6.347 0.000 0.176 0.333
SG — HCC 0.056 0.045 1.269 0.205 —0.029 0.143
BC — HCC 0.242 0.054 4.469 0.000 0.136 0.349
TE — HCC 0.189 0.057 3.341 0.001 0.076 0.300
EE — HCC 0.116 0.037 3.114 0.002 0.041 0.186
Indirect effects

SG — EE — HCC 0.004 0.005 0.797 0.426 —0.005 0.016
BC — EE — HCC 0.033 0.012 2.773 0.006 0.011 0.057
TE — EE — HCC 0.029 0.011 2.767 0.006 0.010 0.052

Note. SG = algorithmic standardized guidance; TE = algorithmic tracking evaluation; BC = algorithmic behavioral
constraint; EE = emotional exhaustion; HCC = high-calorie food consumption.

https:/ /doi.org/10.3390/jtaer21020066


https://doi.org/10.3390/jtaer21020066

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 66 12 0f 18

Table 7. The summarize of the hypotheses testing.

Hypotheses Coefficient Results

Hla 5G — HCC 0.056 Not supported
H1b BC — HCC 0.242 *** Supported
Hilc TE — HCC 0.189 *** Supported
H2a 5G — EE — HCC 0.004 Not supported
H2b BC — EE — HCC 0.033 ** Supported
H2c TE — EE — HCC 0.029 ** Supported

Note. ** p < 0.01 and *** p < 0.001. SG = algorithmic standardized guidance; TE = algorithmic tracking evaluation;
BC = algorithmic behavioral constraint; EE = emotional exhaustion; HCC = high-calorie food consumption.

Hypothesis Hla proposed that drivers’ perceived algorithmic standardized guidance
is positively associated with their intention to purchase high-calorie food. The statistical
results (f = 0.056, t = 1.269, p > 0.05) indicate that perceived algorithmic standardized
guidance is not significantly associated with drivers” purchase intention for high-calorie
food; thus, Hla is rejected.

Hypothesis H1b proposed that drivers’ perceived algorithmic tracking evaluation is
positively associated with their purchase intention for high-calorie food. The statistical
outcome (3 = 0.242, t = 4.469, p < 0.001) confirms this positive association, supporting the
acceptance of H1b.

Hypothesis Hlc suggested that drivers’ perceived algorithmic behavioral constraint
is positively associated with their purchase intention for high-calorie food. The statistical
results (3 = 0.189, t = 3.341, p < 0.01) confirm this positive association, supporting the
acceptance of Hlc.

This study also examines the mediating effect of emotional exhaustion on the relation-
ships between perceived algorithmic standardized guidance and purchase intention for
high-calorie food, perceived algorithmic tracking evaluation and purchase intention, and
perceived algorithmic behavioral constraint and purchase intention, respectively.

Hypothesis H2a proposed that emotional exhaustion functions as a pathway linking
perceived algorithmic standardized guidance with purchase intention for high-calorie food.
The statistical results for H2a (indirect effect = 0.004, t = 0.797, p > 0.05, 95% CI [—0.005,
0.016]) indicate that emotional exhaustion does not mediate this relationship. Therefore,
H2a is rejected.

Hypothesis H2b proposed that emotional exhaustion mediates the relationship be-
tween perceived algorithmic tracking evaluation and purchase intention for high-calorie
food. The statistical results (indirect effect = 0.033, t = 2.773, p < 0.01, 95% CI [0.011, 0.057])
confirm this mediation effect, supporting the acceptance of H2b.

Hypothesis H2c proposed that emotional exhaustion mediates the relationship be-
tween perceived algorithmic behavioral constraint and purchase intention for high-calorie
food. The statistical results (indirect effect = 0.029, t = 2.767, p < 0.01, 95% CI [0.010, 0.052])
confirm this mediation effect as well, supporting the acceptance of H2c.

5. Conclusions and Discussion

The findings of this study offer a nuanced interpretation of the unintended spillover
effects of e-commerce platform governance, revealing that distinct algorithmic mechanisms
exert divergent impacts on service providers’ off-platform health behaviors. Specifically,
our results confirm that the coercive dimensions—algorithmic tracking evaluation (H1b)
and algorithmic behavioral constraints (H1c)—function as significant drivers of high-calorie
food consumption, with emotional exhaustion serving as the pivotal mediating mechanism
(H2b and H2c).
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In contrast, algorithmic standardized guidance was found to have a non-significant im-
pact on both emotional exhaustion (H1a) and subsequent consumption behavior (H2a). We
argue that algorithmic standardized guidance functions as a challenge stressor rather than
a hindrance stressor. While it involves the inherent pressure of machine-led management,
its primary function is to provide task clarity and decision support, which are instrumental
in reducing role ambiguity. This enabling effect likely acts as a resource-replenishing
factor that offsets the minor psychological costs of automated coordination [7,9,11]. Conse-
quently, the net effect on emotional exhaustion is neutralized, explaining why this specific
dimension does not trigger the same physiological spillover as its coercive counterparts.
Furthermore, this result contributes to the ongoing scholarly debate regarding the nature
of algorithmic governance. While some monolithic perspectives characterize all forms of
algorithmic management as oppressive Digital Taylorism [9,11], our findings suggest that
service providers distinguish between helpful technical guidance and invasive surveil-
lance. In the specific context of the ride-hailing industry, drivers may have undergone
a process of habituation toward standardized instructions, such as GPS navigation and
service protocols. These elements become part of the ‘occupational background’ rather than
being perceived as active stressors that deplete self-regulatory resources. By establishing
this distinction, our study moves beyond describing the phenomenon to revealing the
psychological-to-physiological logic of how different algorithmic design choices influence
human well-being.

Overall, our findings clearly delineate the differential impacts of a platform’s algo-
rithmic governance tools. We demonstrate that coercive mechanisms, such as monitoring
and behavioral constraints, can trigger resource depletion and escalate high-calorie food
purchase intentions, while supportive mechanisms, like standardized guidance, appear
to be benign in this regard. Although purchase intention is a proxy for actual intake, it
serves as a critical indicator of a stress-induced propensity toward unhealthy consumption
behaviors. These findings suggest that the adverse externalities of platform governance
are not inevitable but are instead a function of specific algorithmic design choices. It is
noteworthy that the observed positive relationship between algorithmic control and food
intake signifies an adverse consequence for human capital sustainability, illustrating how
platform efficiency and provider health can be in conflict.

5.1. Theoretical Contributions

This study provides three key theoretical implications for the literature on e-commerce
platform governance and gig worker well-being. First, we shift the research focus from
on-platform efficiency to off-platform health externalities, effectively linking algorithmic
management with public health concerns. While prior research has predominantly ex-
amined how algorithmic control impacts organizational outcomes such as turnover and
service quality, we uncover the hidden “biological costs” of digital governance. By identify-
ing high-calorie food consumption as a tangible spillover effect, we demonstrate that the
impact of algorithms extends far beyond the app interface, eroding the physical health and
sustainability of the workforce. This offers a new perspective for evaluating the adverse
externalities of the platform economy.

Second, we advance understanding of algorithmic governance by moving beyond a
monolithic view to a granular, dimensional approach. We empirically demonstrate that
“not all algorithms are created equal.” By distinguishing between coercive mechanisms
(tracking, constraints) and supportive mechanisms (standardized guidance), we clarify that
stress arises specifically from monitoring and restriction, whereas guidance can be benign.
This nuanced finding refines the “technostress” narrative, helping scholars distinguish
between the functional and dysfunctional elements of algorithmic architecture.
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Finally, we enrich the theoretical framework by integrating Conservation of Resources
(COR) theory with Ego Depletion theory and physiological perspectives. Beyond the gen-
eral notion of stress, we delineate a complete psychological-to-behavioral pathway: algorith-
mic pressure acts as an external stressor that drains self-regulatory resources (willpower),
driving drivers into a state of ego depletion. This depletion, coupled with physiologi-
cal urges for energy replenishment, leads to “present bias” and hedonic consumption.
This multi-theoretical integration offers a robust explanation for why rational gig workers
succumb to irrational health behaviors under algorithmic pressure.

5.2. Practical Implications

The findings of this study highlight the varied effects of different dimensions of algo-
rithmic control on ride-hailing drivers” high-calorie food consumption, offering valuable
insights for platforms aiming to balance algorithmic efficiency with workforce sustainabil-
ity. Specifically, the study indicates that Algorithmic Tracking/Evaluation and Behavioral
Constraints are positively associated with drivers” high-calorie food consumption via the
mechanism of emotional exhaustion. Conversely, Standardized Guidance shows no signifi-
cant negative impact on such behaviors. Based on these empirical links, we propose the
following practical recommendations.

First, platform managers should reassess the intensity of coercive algorithmic con-
trols to mitigate drivers” emotional exhaustion. Our data suggest that rigid behavioral
constraints and excessive tracking are key stressors that drive unhealthy eating as a coping
mechanism. While complete removal of control is unrealistic in the gig economy, platforms
can implement “Health-Conscious Algorithmic Management.” For instance, instead of
purely maximizing order efficiency, algorithms could be optimized to detect prolonged
periods of continuous driving and automatically suggest or enforce “micro-breaks” without
penalizing the driver’s acceptance rate. By reducing the continuous cognitive load and
time pressure (the sources of emotional exhaustion identified in our model), platforms can
indirectly reduce the physiological and psychological drive for high-calorie comfort foods.

Second, considering the mediating role of emotional exhaustion, platforms can inter-
vene through supportive rather than punitive features. Our findings reveal that drivers eat
unhealthily largely to replenish energy or cope with stress caused by the system. Rather
than implementing costly offline counseling services, platforms can leverage their digital
interfaces to provide low-cost informational support. For example, platforms could in-
tegrate dietary health nudges into the driver app, such as recommending healthy, quick
meal options nearby during break times or providing brief educational tips on managing
energy levels without relying on sugar-heavy foods. This shifts the focus from invasive
psychological monitoring to proactive, supportive resource provision, which aligns better
with the autonomous nature of gig work.

Finally, referencing the null effect of Standardized Guidance, platforms should main-
tain clear operational standards while reducing micromanagement. Since standardized
guidance was not found to trigger unhealthy eating, platforms can continue to use clear
rules and standard operating procedures (SOPs) to ensure service quality. The distinction is
crucial: drivers accept clear rules (Guidance) but suffer from the stress of constant surveil-
lance and restriction (Tracking/Constraints). Therefore, managers should prioritize clear
communication of expectations over real-time, high-pressure monitoring. By fostering a
healthier driver pool, platforms can contribute to the long-term sustainability of the gig
workforce, reducing the invisible health costs transferred to drivers and society.
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5.3. Research Limitations and Future Research Directions

This study has certain limitations that should be acknowledged and addressed in
future research. First, although we employed rigorous screening procedures and validated
demographic representativeness against industry reports, our data relies on an online
panel. Respondents in online panels may be more tech-savvy or have different working
patterns compared to the general driver population, which could introduce sampling bias
regarding actual working conditions. Future research could utilize offline field surveys
or collaborate directly with platforms to validate the robustness of our findings across
broader driver populations [69]. Moreover, the data on ride-hailing drivers’ high-calorie
food consumption was gathered through self-reported measures, which may introduce
biases due to the subjective nature of self-reporting. Future research could utilize objective
data sources to further validate the robustness of our findings through multiple data
collection methods.

Second, our model provides a foundational understanding of the main effects, but
future e-commerce research should explore critical boundary conditions [4,5]. For instance,
does the platform’s compensation structure (e.g., fixed vs. incentive-based pay) moderate
these effects? How does provider tenure or their multi-homing behavior (working for
multiple platforms) influence their resilience to algorithmic pressures [70]? Furthermore,
future studies could adopt an experimental design to test the effectiveness of different
“supportive governance” interventions proposed in our managerial implications.

Third, this study employs purchase intention as a proxy for high-calorie food con-
sumption behavior, rather than measuring actual dietary intake. Although behavioral
theories (e.g., Theory of Planned Behavior) posit that intention is a strong predictor of
actual behavior, a gap between intention and action may still exist due to impulse control or
situational constraints. Consequently, our findings reflect drivers’ stress-induced desire or
propensity to seek comfort food, rather than a precise measurement of their caloric intake.
Future research could address this limitation by utilizing longitudinal diary studies or
objective platform transaction data to capture actual dietary behaviors more accurately [71].

Finally, the cultural and contextual specificity of the sample deserves further attention.
This study focused exclusively on ride-hailing drivers within the Chinese e-commerce
ecosystem. The intense competition within China’s gig economy, combined with specific
local dietary cultures (e.g., the high prevalence of affordable delivery-based high-calorie
foods), may influence how drivers perceive algorithmic control and react to stress. Future
research should investigate these mechanisms in different cultural contexts to enhance the
generalizability of our findings and to identify potential cultural moderators [72] in the
link between digital governance and behavioral health.
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