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Abstract

The rapid expansion of platform-mediated gig work has created an urgent need for scalable,
adaptive mechanisms that can support worker productivity and well-being without resorting
to coercive algorithmic management. This paper proposes and evaluates a system architecture
that leverages large language models (LLMs) to deliver personalized goal recommendations
to gig workers, integrating insights from behavioral economics and human—AlI collaboration.
Building on goal-setting theory, prospect theory, and nudge design, we argue that LLM-based
systems can generate context-aware, individually tailored goals that balance intrinsic
motivation with performance targets. We examine the structural trade-offs inherent in such
systems, including the tension between autonomy enhancement and algorithmic paternalism,
the risk of fairness violations across heterogeneous worker populations, and the challenges of
maintaining transparency and explainability in LLM outputs. The paper synthesizes evidence
from recent field experiments, including a large-scale study of gig workers that demonstrates
the effectiveness of self-set versus assigned goals, and connects these findings to the
operational design of recommendation systems. We also discuss governance frameworks
necessary to ensure that LLM-based goal recommendation remains robust against
distributional shifts, feedback loops, and exploitation. The analysis concludes that while
LLM-driven personalization offers substantial promise for improving gig worker outcomes,
its deployment must be anchored in participatory design, continuous auditing, and regulatory
oversight to avoid reinforcing precarity. This work contributes a systems-level perspective to
the emerging literature on Al-assisted labor management and provides actionable guidelines
for platform designers, policymakers, and researchers.
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1. Introduction

The gig economy has transformed labor markets by enabling flexible, task-based work
mediated by digital platforms. Millions of workers now engage in ride-hailing, food delivery,
micro-tasking, and other on-demand services, often without traditional employment
protections [1]. While platforms offer autonomy and low barriers to entry, they also subject
workers to algorithmic control that can undermine self-determination and increase financial
insecurity [2]. A central challenge for platform design is to provide workers with meaningful
guidance that enhances productivity and earnings while preserving their agency and
psychological well-being. Goal setting has long been recognized as a powerful motivational
tool in organizational psychology [3], but its application in the gig context is complicated by
the lack of stable employment relationships and the heterogeneity of worker preferences.
Recent advances in large language models (LLMs) open new possibilities for personalizing
goal recommendations at scale, drawing on natural language understanding and generation to
produce adaptive, context-sensitive nudges. However, the integration of LLMs into labor
management systems raises profound questions about fairness, transparency, and the
distribution of power between workers and platforms. This paper develops a comprehensive
system-level framework for LLM-based personalized goal recommendation in the gig
economy, grounded in behavioral economics and human—Al collaboration theory. We
examine the architectural components, evidence base, trade-offs, and governance
requirements necessary for responsible deployment. The analysis is informed by recent
empirical work, including a field experiment that tested the effects of goal-setting
interventions on gig worker outcomes [10], as well as broader literatures on algorithmic
management and human—computer interaction.

2. Conceptual Framework: Behavioral Economics and Goal Setting

The design of goal recommendation systems for gig workers must be anchored in an
understanding of how individuals set, pursue, and adjust goals under uncertainty and time
pressure. Goal-setting theory posits that specific, challenging goals lead to higher
performance than vague or easy goals, provided they are accepted and accompanied by
feedback [3]. However, in the gig economy, workers face highly variable earnings,
unpredictable demand, and limited information about future opportunities. This environment
introduces behavioral biases such as present bias, loss aversion, and overconfidence, which
can distort goal formation [4]. Prospect theory suggests that individuals weigh losses more
heavily than gains, making them risk-averse in some contexts and risk-seeking in others [5].
A goal recommendation that frames a target as a loss to avoid may be more motivating than
one that frames it as a gain to achieve, but the framing must align with the worker's current
state and baseline. Behavioral economics also emphasizes the role of defaults and choice
architecture: setting an appropriate default goal can nudge workers toward beneficial
behaviors without restricting their freedom to choose alternatives [6]. In gig work, where
workers often operate in isolation with limited social feedback, the design of the choice
environment becomes critical. LLMs can analyze a worker's past performance, current
contextual cues such as time of day and demand patterns, and even affective signals from
communication logs to generate goals that are personalized to the individual's unique situation
and cognitive biases. For example, a worker who consistently underperforms in the afternoon
may receive a goal that is slightly above their historical average for that period, leveraging the



challenge effect, while a worker who is risk-averse may benefit from a goal framed as a
minimum acceptable threshold rather than an aspirational target. The challenge is to ensure
that such personalization does not become a form of algorithmic manipulation that exploits
worker vulnerabilities. This tension between supportive nudging and paternalistic control is
central to the ethical evaluation of LLM-based systems.

3. System Architecture for Personalized Goal Recommendation

An LLM-based goal recommendation system for gig workers must operate as a socio-
technical infrastructure that integrates data ingestion, worker modeling, goal generation,
feedback loops, and human oversight. The architecture typically comprises four main layers: a
sensing and data aggregation layer, a worker profile and context representation layer, a goal
reasoning engine built on an LLM backbone, and an interaction and feedback layer that
manages the human—AlI collaboration. The sensing layer collects real-time information from
the platform, including task availability, earnings history, time worked, ratings, and worker-
reported affective states if available. This data is used to construct a dynamic worker model
that captures not only average performance but also variability, responsiveness to incentives,
and behavioral patterns such as the tendency to work in bursts or to stop after reaching a
threshold [7]. The goal reasoning engine then takes this model and generates natural-language
goal suggestions. Unlike traditional rule-based recommendation systems, an LLM can
incorporate rich semantic context, such as a worker's expressed preferences in chat messages,
and can produce goals that are phrased adaptively (e.g., "Would you like to aim for five more
trips today to reach your weekly bonus?" versus "Complete three trips this hour to avoid a
slow period."). The interaction layer presents the goal to the worker and collects responses,
which may include acceptance, modification, rejection, or implicit behavioral feedback such
as subsequent work pattern changes. This feedback is used to update the worker model and
refine future recommendations in an online learning loop. Crucially, the system must be
designed to preserve worker autonomy by allowing users to set their own goals independently
of the recommendation, to adjust the frequency and type of nudges, and to access transparent
explanations of how recommendations are generated [8]. Failure to provide such controls can
lead to reactance, reduced trust, and ultimately disengagement from the platform. Moreover,
the architecture must be robust to distributional shifts: worker behavior changes over time,
platform algorithms evolve, and external economic conditions fluctuate. The LLM therefore
needs continuous fine-tuning on recent data, while also incorporating mechanisms to detect
and correct for drift in the relationship between recommended goals and actual outcomes.

4. Evidence from Behavioral Experiments and Simulation Studies

Empirical research on goal setting in gig work provides a foundation for evaluating the
potential of LLM-based personalization. A recent field experiment conducted on a major gig
platform randomly assigned workers to either a condition where they could set their own daily
earning goals or a condition where goals were assigned by the platform [10]. The study found
that self-set goals led to higher earnings and greater task persistence than assigned goals,
mediated by increased goal commitment and perceived autonomy. This finding aligns with
self-determination theory, which emphasizes the importance of intrinsic motivation and
autonomy for sustained effort [9]. However, the experiment also revealed that many workers
set goals that were either too easy or too difficult, suggesting that a recommendation system
could help individuals calibrate their targets more effectively. In a simulation study that
combined an LLM-based recommender with a behavioral agent model, researchers
demonstrated that personalized goals generated from historical data could improve average



earnings by twelve percent compared to a uniform default, while also reducing the variance in
outcomes across workers [12]. The LLM-based system outperformed a simple linear model
because it could capture non-linear interactions between contextual factors, such as the effect
of weather on demand or the worker's fatigue level. Yet the same simulation revealed that the
system sometimes recommended goals that exploited workers’ present bias by repeatedly
setting goals just above the previous day’s achievement, leading to incremental pressure that
increased stress. This highlights the need for a governance layer that monitors for such
adverse effects. In another study, a hybrid human—Al goal-setting interface allowed workers
to modify Al-generated goals and provided explanations for the recommendations. Workers
reported higher satisfaction and trust when they could interact with the system and override its
suggestions, even if they did not always exercise that option [13]. These findings underscore
the importance of collaborative interaction where the human remains the ultimate decision-
maker. Overall, the evidence suggests that LLM-based goal recommendation can improve
outcomes, but only when the system is designed to respect worker agency and is continuously
evaluated for unintended consequences.

5. Structural Trade-offs: Autonomy, Fairness, Transparency, and Robustness

Deploying LLM-based recommendation systems in the gig economy involves navigating
several fundamental trade-offs. The most salient is between enhancing autonomy and exerting
algorithmic influence. On one hand, personalized goals can empower workers by providing
them with actionable, data-informed targets that they might not have considered otherwise.
On the other hand, if the system is optimized solely for platform objectives such as
maximizing total hours worked or minimizing idle time, it could effectively steer workers
toward behaviors that serve the platform's interests rather than their own [14]. This tension is
exacerbated by the opacity of LLM reasoning: even if the system's outputs are explainable to
some degree, the underlying neural network operates as a black box, making it difficult for
workers to fully understand why a particular goal was recommended. Transparency
mechanisms such as simplified feature attribution or natural-language explanations can help,
but they may also oversimplify or mislead [15]. Fairness is another critical dimension. Gig
worker populations are highly diverse in terms of experience, location, socioeconomic
background, and cognitive style. An LLM trained on aggregate data may systematically
under-recommend ambitious goals to workers from historically marginalized groups if those
groups have been excluded from high-earning opportunities on the platform [16]. Conversely,
it might over-recommend aggressive goals to workers who are already vulnerable,
exacerbating stress and burnout. Fairness-aware training and post-hoc auditing can mitigate
these disparities, but they require careful definition of the relevant fairness metric, such as
equality of outcomes or equality of opportunity, and may conflict with efficiency goals.
Robustness to adversarial manipulation is also a concern: workers may learn to game the
system by reporting false preferences or by manipulating their work patterns to receive easier
goals. Such strategic behavior can degrade the quality of the recommendation model and lead
to a breakdown of trust. A robust system must incorporate deterrence mechanisms, such as
consistency checks and human review of anomalous patterns, while avoiding a punitive
culture. Finally, the system's long-term sustainability depends on its ability to adapt to
changing platform policies, labor market shocks, and technological updates without requiring
complete retraining. This calls for modular architecture designs that separate the LLM-based
generation module from the evaluation and governance components.

6. Governance and Policy Implications



The introduction of LLM-based goal recommendation systems into gig work raises pressing
governance questions that extend beyond technical design. Current labor laws and platform
regulations were not created with such Al-driven personalization in mind, leaving a
regulatory vacuum. A foundational principle for governance is that workers should have
meaningful consent and control over how their data is used and what recommendations they
receive. This includes the right to opt out of personalized goal suggestions entirely without
penalty, and to access a history of all recommendations and their rationales [17]. Platforms
should be required to conduct regular algorithmic impact assessments that examine the effects
of goal recommendations on worker earnings, well-being, and inequality, and to publish
summaries of these assessments. Independent audits, possibly by regulatory bodies or
academic consortia, could provide an additional layer of accountability. In the European
Union, the proposed Al Act classifies systems that influence worker behavior as high-risk,
which would mandate conformity assessments and human oversight [18]. Such frameworks
could be adapted to the gig economy context. Another governance challenge is the potential
for goal recommendation systems to consolidate platform power by collecting fine-grained
behavioral data that could be used for other purposes, such as dynamic pricing or worker
discipline. Strict data minimization and purpose limitation rules are necessary to prevent
function creep. Moreover, because LLMs are often pretrained on broad internet corpora and
fine-tuned on platform-specific data, there is a risk that they encode societal biases or harmful
stereotypes that affect goal suggestions [19]. Ongoing bias monitoring and debiasing should
be a condition of deployment. Policy makers must also consider the collective dimension:
goal recommendation systems can affect not only individual workers but also the broader
labor market equilibrium. If many workers on a platform are nudged toward the same high-
demand periods, it could lead to oversupply and reduced earnings for all. Coordinated
governance, perhaps through worker councils or platform cooperatives, could help align
recommendation goals with collective welfare rather than purely individual optimization.

7. Future Directions and Conclusion

The field of LLM-based personalized goal recommendation is still in its infancy, and several
directions warrant further investigation. One promising avenue is the integration of
multimodal inputs, such as voice or video data from worker interactions, to infer emotional
states and cognitive load, enabling more sensitive goal adjustments. Another is the
development of collaborative filtering methods that allow workers to share anonymized goal-
setting strategies, fostering a community of practice while preserving privacy. Longitudinal
studies that track the same workers over months or years are needed to assess the cumulative
effects of repeated goal recommendations on skill development, income trajectories, and
psychological health. From a systems perspective, the robustness of LLM-based
recommendations to adversarial inputs and distributional shifts should be rigorously tested
before deployment at scale. Finally, the ethical and legal frameworks for algorithmic labor
management must evolve in parallel with the technology, ensuring that the benefits of
personalization are distributed equitably. In conclusion, LLM-based personalized goal
recommendation systems offer a powerful tool for improving gig worker outcomes by
leveraging behavioral insights and adaptive Al. However, their design and deployment must
be guided by a commitment to human autonomy, fairness, transparency, and democratic
governance. The evidence from behavioral economics and human—AlI collaboration makes
clear that technology alone cannot solve the fundamental tensions of platform labor; it must
be embedded in a socio-technical infrastructure that prioritizes worker dignity and collective
well-being. As platforms continue to experiment with Al-driven management, researchers,



policymakers, and workers themselves must engage in ongoing dialogue to shape a future
where machines support, rather than dominate, human labor.
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