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Abstract

Do platform workers inadvertently strengthen the algorithmic management (AM)
systems they seek to resist? Drawing on 37 interviews with digital labor platform
managers, this paper provides an organizational perspective on workers’ “algoactivism”
in food and grocery delivery. We reveal that platforms are not passive targets and
their reactions to algoactivist acts unfold through a dynamic cycle of sensemaking
across three stages: noticing, framing, and acting. We identify key determinants
at each stage, explaining why platforms react differently to worker acts. Unlike
traditional organizations with formal conflict management procedures, we suggest
that platforms operate as adaptive socio-technical systems, continually recalibrating
managerial mechanisms through experimentation. We find that workers exploit gaps
that platforms subsequently close, rendering them unwitting contributors to their own
control. Explaining workers’ algoactivism and its role in shaping AM practices, we situate
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sensemaking within the duality of AM, highlighting how its interpretive flexibility creates
tensions between intended design and actual use. We refine this conceptualization,
asserting that the recursivity of AM is not open-ended, as interpretive flexibility may
shrink with platforms continually adapting to algoactivist acts. While mutual shaping
persists, recursive dynamics may compress worker agency, exposing the limits of
algoactivism and challenging assumptions about its emancipatory potential.

Keywords
algoactivism, algorithmic management, duality, platform work, sensemaking, socio-
technical systems, worker agency

Introduction

Operating akin to an invisible hand, algorithms shape the foundation of platform work.
Digital labor platforms (DLPs) leverage algorithms to automate several functions and
processes that were traditionally the preserve of middle and line managers (Rosenblat and
Stark, 2016). A core feature of these work arrangements is the use of algorithmic manage-
ment (AM), which can be broadly defined as algorithmic systems that are delegated man-
agerial responsibilities of orchestrating the end-to-end labor process, thereby optimizing
the organization of work. This has permitted DLPs to distance themselves from conven-
tional employment liabilities and operate as a technological intermediary that connects
customers with service-providing, “independent contractors” (Duggan et al., 2020). While
the use of algorithms offers significant leverage for this business model to increase its
operational scale, there has been much criticism by academics, legal professionals, and
regulatory authorities. This is premised on their opaque mechanisms of control and for
being exploitative towards workers (Pulignano et al., 2024), restricting workers’ agency,
specifically their capacity to influence the circumstances under which they work.
Prominent DLPs (e.g., Uber, Deliveroo, Amazon Mechanical Turk) and their use of AM
have been examined primarily based on worker experiences and anecdotes (Anwar and
Graham, 2020; Newlands, 2021; Panteli et al., 2020; Rosenblat and Stark, 2016), propagat-
ing technologically deterministic narratives. In part, this has been due to the layered opac-
ity of algorithmic systems, manifesting as (a) intentional and institutional (rooted in
corporate secrecy and platform governance) and (b) technical and emergent (arising from
machine learning complexity) (Burrell, 2016). This underscores the dual challenges of both
access (Maffie, 2023) and comprehension (Burrell, 2016)—the “black box™ problem in
AM (Heiland, 2025). In the former, opacity is structurally embedded, arising from design
choices such as proprietary algorithms and inscrutable coding logics, which are largely
non-negotiable and reinforce a fixed asymmetry of power between workers and DLPs
(Ananny and Crawford, 2018; Burrell, 2016). By contrast, the latter manifests itself as
practical or performative, reflecting how workers experience limits in understanding and/
or navigating algorithmic systems (Ananny and Crawford, 2018). Even though this form of
opacity continues to limit transparency, there is evidence that it can be interpreted, adapted
to, and resisted by workers, albeit partially and unevenly (Curchod et al., 2019; Heiland,
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2025), via various actions they claim to undertake to outsmart the DLPs’ AM (Heiland,
2021; Moore and Joyce, 2020; Vasudevan and Chan, 2022).

Drawing parallels to worker resistance and activism in traditional employment and
organizational settings (Burrell and Fourcade, 2021), the extant literature documents a
broad portfolio of covert, individual-level worker acts around data obfuscation, and col-
lusion with various marketplace actors (e.g., customers and restaurants), along with
overt, collective actions such as undertaking strikes in the form of mass “logoffs” and
“ride-outs” (cf. Cameron and Rahman, 2022; Cini et al., 2022; Joyce et al., 2023;
Vasudevan and Chan, 2022; Woodcock and Cant, 2022; Yu et al., 2022). Typically dis-
persed, these actions, termed “algoactivism” by Kellogg et al. (2020: 368), are devised
by workers to address grievances arising from algorithmically controlled aspects of their
work by making sense of their “experiences with an algorithmic manager” (Mayberry
et al., 2025: 124). Therefore, this paper frames algoactivism as an expression of worker
agency in response to organizational constraints imposed by DLPs’ AM. This agency is
restricted, as it is shaped by technical characteristics and governance logics embedded in
the platforms” AM, which simultaneously enable and restrain action through codified
and opaque scripts and metrics (Curchod et al., 2019; Doherty et al., 2006; Kellogg et al.,
2020; Meijerink and Bondarouk, 2023).

While workers’ algoactivism has been suggested as a critical catalyst for change in the
evolution of AM practices (Meijerink and Bondarouk, 2023), existing scholarship offers
limited insight into how these algoactivist acts influence DLPs’ AM. In light of this and
contrasting the technologically deterministic perspectives, there has been a growing rec-
ognition of AM practices as being socially constructed (Kellogg et al., 2020), that is, not
only are they deeply influenced by human decisions, organizational strategy, choices, and
culture, but are also shaped by meanings and functionality attributed by users (Heiland,
2025). The dichotomy between the technologically deterministic and socially constructed
views suggests they are mutually exclusive, when they are not (Orlikowski, 1992). A
mutual constitution is the central premise of Orlikowski’s (1992) “duality of technology,”
which Meijerink and Bondarouk (2023) have drawn upon to propose the “duality of algo-
rithmic management.” They suggest that AM evolves recursively and possesses both ena-
bling and restraining features, implying that AM practices are “shaped and influenced by,
as much as it is shaping and influencing, the autonomy and value to workers” on these
platforms (Meijerink and Bondarouk, 2023: 3). Jarrahi et al. (2021) call for more research
to explore this phenomenon of the “mutual shaping” of work algorithms.

We contend that while the prevailing dominance of worker perspectives offers a use-
ful starting point, it may equally warrant research from an organizational perspective that
examines how DLPs perceive workers’ algoactivism, which is enacted as part of their
interactions through the worker—app interface. This would involve considering how
organizational managers discern and interpret variable and changing algoactivist acts,
particularly given that previous research has conceptualized “platform management
methods as a composite of technological and organizational forms that managers can
deploy, in various combinations” (Joyce and Stuart, 2021: 166). Understanding this
dynamic is important for assessing how algoactivist acts interact with, and influence
AM, as well as ascertaining their limits. Furthermore, considering research that suggests
that these interactions may manifest as a feedback loop that reshapes AM (Jarrahi et al.,
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2021; Meijerink and Bondarouk, 2023), there is little knowledge of the consequences of
these recursive dynamics and the influence of contextual factors. Addressing this lacuna
and associated calls for empirical evidence from the DLP perspective (see Cameron and
Rahman, 2022; Dasgupta et al., 2025a; Oyetunde et al., 2026), we ask: how do digital
labor platforms react to workers’ algoactivism?

To establish the organizational perspective, we draw on 37 in-depth interviews with 17
platform managers who have worked for 10 different DLPs in the food/grocery delivery
sector. We utilize the sensemaking lens (Weick, 1995), which prior research has used to
examine how workers’ interpretations of AM may shape certain algoactivist acts (Heiland,
2025; Vasudevan and Chan, 2022). We extend this lens to platform managers to examine
how they reciprocally make sense of and respond to workers’ algoactivism. This builds on
research showing that line managers in traditional organizations also engage in sensemak-
ing to identify and address potential workplace conflicts (Currie et al., 2017). As part of our
working theory guiding our research question, we posit that the duality of AM conceptual-
ization (Meijerink and Bondarouk, 2023) implicitly rests on sensemaking processes,
through which differing and potentially divergent interpretations by workers and platform
managers co-constitute the recursive shaping of AM and its associated outcomes.

The paper’s contributions are twofold. First, this study features the underrepresented
DLP perspective on workers’ algoactivism in platform work. Adding to the embryonic
literature that captures this view (see Franke and Pulignano, 2023; Meijerink et al., 2021;
Parth and Bathini, 2021), we argue that DLPs are not passive actors, and their reactions
to algoactivism unfold through a dynamic cycle of sensemaking. This is centered around
three temporally sequential response stages—noticing, framing, and acting. By situating
sensemaking processes within the duality of AM conceptualization and articulating a
range of determinants at each stage, we provide a more comprehensive understanding of
the variability in DLP reactions that arise from managerial decisions to alter AM prac-
tices. We elucidate that these decisions are embedded in broader organizational and con-
textual dynamics, rather than made in isolation. There is an associated empirical value
achieved by unpacking zow “human managers/software designers . . . (re)design HRM
algorithms” (Meijerink and Bondarouk, 2023: 2); a crucial stage identified in the recur-
sive development of AM.

Second, drawing on literature on workplace conflict management (Currie et al., 2017,
Lewin, 2001), we note how DLP reactions contrast traditional organizational responses
to worker resistance and activism that have formalized over time and adhere to estab-
lished employment and labor law frameworks (Greer and Labig, 1987; Griffin et al.,
1986; Vardi and Weitz, 2003; Wheeler, 1976). This led us to frame DLPs as adaptive
socio-technical systems (Muldoon and Raekstad, 2023; Pulignano et al., 2024) that are
capable of ongoing recalibration of managerial mechanisms through algorithmic experi-
mentation, thereby enacting a distinctive form of “governance” that diverges from con-
ventional organizational models (Vallas and Schor, 2020). Reflecting on this unique form
of governance, we offer insights into how workers may inadvertently contribute to the
creation of their own algorithmic control structures. In so doing, we add to existing
analyses of algorithmic control (Duggan et al., 2023; Kellogg et al., 2020) and refine
Meijerink and Bondarouk’s (2023) duality of AM conceptualization by attributing this
consequence to the mutual shaping of work algorithms and AM (Jarrahi et al., 2021). We
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contend that such recursive dynamics may shrink interpretive flexibility of AM and com-
press worker agency over time (Doherty et al., 2006), exposing the limits of workers’
algoactivism.

The paper is structured as follows. We begin by positioning our study through a
review of literature comparing DLP responses to algoactivism with those of traditional
organizations, highlighting worker resistance and agency in navigating opaque, highly
controlled AM systems. We then present our conceptual framework, integrating sense-
making into the duality of AM to better capture DLP reactions as unfolding, recursive
processes. This is followed by an overview of our research methods and analytical
approach, the presentation of our study findings, and a discussion of the theoretical and
practical contributions of our work.

Algoactivism in food/grocery delivery: Continuities and
departures in worker resistance and conflict management
approaches

Traditional approaches to identifying workplace conflict and resistance initially
relied on immediately apparent, adversarial acts characteristic of the Industrial
Relations (IR) era. Over time, these approaches evolved to incorporate management-
initiated diagnostic tools (e.g., employee surveys and observation of turnover/absen-
teeism) as the Human Resource Management (HRM) perspective gained prominence,
seeking to proactively detect conflict before it escalated into a dispute (Currie et al.,
2017; Lewin, 2001). This evolution reflects a shift from the IR view of conflict as
enduring and rooted in fundamental employer—employee power imbalances, which
require institutional interventions (e.g., disciplinary procedures, unions, collective
bargaining, labor law frameworks and regulations) (Greer and Labig, 1987; Vardi
and Weitz, 2003). Under the HRM view, conflict is instead seen as stemming from
poor management and can be addressed through managerial improvements and
cooperation (Currie et al., 2017; Lewin, 2001).

Alternative dispute resolution (ADR) mechanisms such as open-door and “speak-up”
policies, mediation, ombudsmen, and arbitration emerged alongside traditional griev-
ance and disciplinary procedures or litigation, particularly for individual employment
rights disputes. Interest-based bargaining and assisted bargaining emerged to handle dis-
putes involving groups or collective issues in both non-union and union firms, albeit with
different rationales and regional variations (Currie et al., 2017). The former typically
embraced ADR as a “union substitution” strategy, with the latter centered on fostering a
more cooperative employment relations climate (Currie et al., 2017: 498). The adoption
of such mechanisms was ad hoc and reactive when organizations were challenged, and
incorporated incremental amendments to conventional procedures, which were appropri-
ately socialized. Beyond ADR, the role of line managers within HRM’s business partner
model also expanded to promoting coaching and mentoring approaches for conflict pre-
vention and/or engaging in informal problem-solving (Currie et al., 2017). Employee
involvement and participation practices to encourage organizational citizenship behav-
iors and employee engagement also became commonplace. All things considered, the
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move has been toward more consensual processes that promoted the amicable settling of
differences.

A caveat of both IR and HRM approaches was their selective application to core, full-
time employees, who were considered “assets” or “capital” justifying the organizations’
investment in conflict reduction mechanisms. Part-time, temporary, and contract workers
were often viewed as an “expense” resulting in their exclusion from such structures
(Lewin, 2001: 477). DLPs appear to align with this view, given that platform workers, in
most jurisdictions, are classified as “self-employed” or “independent” “contractors” or
freelancers rather than having a formal employment relationship (Duggan et al., 2020:
121). This framing, when compounded with DLPs’ use of AM to displace accountability
and further depersonalize the relationship, has had a minimal effect on reducing conflict-
ing interests or power imbalances (Dasgupta et al., 2025b; Joyce et al., 2023; Kellogg
et al., 2020; Mayberry et al., 2025).

Understanding workers’ algoactivism in platform work settings requires awareness of
the operating context. DLPs can be broadly categorized as online web-based platforms,
where tasks are performed remotely and include human-intelligence digital/data work such
as transcription, translation, app/website development; and location-based, where tasks are
geographically bound, fulfilled locally such as food delivery and ride-hailing (ILO, 2021:
40). AM is universally leveraged by DLPs to match clients/customers with independent
contractors for on-demand, short-term tasks (Kuhn and Maleki, 2017). While all DLPs
employ AM, there are notable differences in the priorities of their respective algorithmic
systems, driven by variations in the services they offer (McDonnell et al., 2021). For exam-
ple, food/grocery delivery platforms rely heavily on algorithms for dispatching/assigning
orders to workers, monitoring task progress, and calculating fees; tasks deemed central for
efficiency and scalability (Heiland, 2025). The restaurant/grocery (supplier) represents
another additional stakeholder, alongside the customer and worker (Duggan et al., 2020).
Consequently, AM focuses on organizing and coordinating the work process between three
stakeholders, relying on real-time optimization of tasks through automated pricing, ranking
mechanisms, and real-time route decisions (Gandini, 2019).

The delivery workflow entails order assignment, where algorithms automatically
allocate customer orders to nearby couriers (workers) based on factors such as proximity,
estimated delivery time, food preparation time, and other organizationally determined
parameters. This leaves little room for input from the couriers themselves, who can
choose to either accept/reject the task offer within a brief time window (Duggan et al.,
2023). While couriers typically have the flexibility to log in at their discretion, this may
be tempered by restrictions that confine them to working in designated geographic deliv-
ery zones (cf. Heiland, 2021), which DLPs can adjust in real time based on supply—
demand factors. Furthermore, DLPs continuously monitor task progress, using GPS
tracking and metrics such as delivery time and acceptance rates by couriers to forecast
demand and supply within specific zones. Based on predictive data, they may even
incentivize the base fee over a specific timeframe to ensure an adequate supply of couri-
ers in areas where increased demand is anticipated (Heiland, 2025).

Payment structures are typically determined by a mix of base pay, travel distance,
and customer tips, with some DLPs incorporating automated surge pricing during peak
times. Consequently, worker earnings vary widely across DLPs and are based on their
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respective algorithmic logic and calculations. When couriers are carrying out tasks, com-
munication with the DLP is largely managed through the app, which provides updates,
instructions, and customer details. Human support is available in highly restricted forms
for dealing with on-the-job challenges, with couriers mostly relying on automated sys-
tems/contact forms for guidance and addressing grievances when they are not actively
working (Kougiannou and Mendonga, 2021). Essentially, the entire organization of work
on food/grocery delivery DLPs is algorithmically managed and controlled, with AM
playing the central decision-making role (Heiland, 2021, 2025). These subordinated
working conditions are exacerbated by opaque and shifting standards of performance,
pay, and outcomes, which undermine couriers’ capacity to make informed work deci-
sions (Muldoon and Raekstad, 2023).

Research suggests that couriers start to speculate and develop theories, essentially
“mental models” (Heiland, 2025; Sherman et al., 2025), about the algorithms’ mode of
operation, guided by their own experiences on the platform or through participation in
online networks/forums which provide opportunities for collective sensemaking
(Mayberry et al., 2025). Heiland (2025) identifies the use of different “cognitive frames”
by couriers, where some see the algorithm as a flawed but neutral system, while others
see it as a tool of control and therefore mistrust the DLPs’ intentions. These frames are
not necessarily mutually exclusive and can coexist, shaping how couriers interpret AM
and devise algoactivist acts in interfacing with the app, thereby navigating its controlling
dynamics. Mayberry et al. (2025) classify these algoactivist acts into (a) uninvolved, (b)
aligned, and (c) coordinated practices, indicating variation in workers’ reactivity
(Rahman, 2021) and willingness to engage. In “uninvolved practices,” workers express
frustration with the algorithmic system but refrain from engaging in algoactivism, often
due to fear of potential sanctions stemming from income/platform dependence (Rahman,
2021). “Aligned practices” involve workers experimenting with strategies to improve
earnings or exploit loopholes in the algorithmic system through trial and error. For exam-
ple, there is evidence of couriers swapping devices or accounts through which they
access work (Newlands, 2021), thus interfering with algorithmic surveillance and obfus-
cating performance data. Heiland (2021, 2022) observed couriers using fake GPS devices
to manipulate their location, thereby evading continuous algorithmic monitoring and
associated sanctions for working outside of their designated delivery zones.

In “coordinated practices,” workers act collectively, demonstrating solidarity by shar-
ing knowledge to demystify the algorithm and develop deliberate strategies to influence
the system. These manifest as ad hoc acts of labor withdrawal that disrupt the “circuit of
production” and create bottlenecks in the platform’s labor process (Newlands, 2021: 13).
This may involve couriers refusing to complete deliveries after collecting food from the
restaurant or logging off from the platform mid-task (Briziarelli, 2019). When under-
taken collectively, these practices can take the form of a protest or strike action, via
“coordinated log-offs” or “critical mass ride-outs” (Joyce et al., 2023: 11). Together,
these acts exemplify how traditional forms of individual resistance, commonly compris-
ing work avoidance, pilferage, foot-dragging, and work-to-rule strategies have been
reimagined, and also how elements of shopfloor organizing and collective action have
emerged, despite the material conditions of platform work precluding it (Burrell and
Fourcade, 2021; Kellogg et al., 2020).
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The variable nature of algoactivism makes it difficult to reduce it to opportunistic
behaviors or isolated acts of defiance. Algoactivism, therefore, encompasses a contin-
uum of worker actions, ranging from tactical or survival-driven adaptations to more
deliberate and organized forms of resistance. These actions are agentic, reflecting inten-
tionality, choice, and direction in how workers attempt to negotiate visibility, value, and
autonomy under conditions of algorithmic subordination (Curchod et al., 2019; Rahman,
2021). They demonstrate how workers challenge decisions and the constraints embedded
into these algorithms (Kellogg et al., 2020; Moore and Joyce, 2020; Newlands, 2021;
Vasudevan and Chan, 2022), by potentially influencing AM in unintended or unforeseen
ways (Meijerink and Bondarouk, 2023).

Consequently, DLPs may encounter distinct challenges in identifying algoactivism
while potentially adopting different approaches for managing it; a marked contrast with
traditional organizations. Due to the limited research available from the platforms’ stand-
point, we postulate that the transactional nature of the platform work relationship may
lead DLPs to identify algoactivism through continuous data tracking (algorithmic moni-
toring/surveillance), and to interpret it as non-compliance with terms of service or as a
failure to meet algorithmically defined performance standards (Rosenblat and Stark,
2016; Wood, 2021), thereby minimizing meaningful efforts to understand its underlying
causes. As a result, deviations from expected performance could be immediately flagged
as requiring disciplinary intervention or sanctions. Scholarship on algorithmic control
has identified “replacement” as one such disciplinary mechanism whereby the DLPs’
AM system automatically removes (deactivates) workers engaging in such activities or
otherwise enforces punitive consequences for failing to meet performance or compliance
thresholds (Kellogg et al., 2020). Research shows that couriers were penalized for late
deliveries or frequent order rejections' through reduced access to tasks or lower priority
in work allocation, which negatively affected their future earning opportunities. For
example, Deliveroo and Foodora workers who were ranked poorly found their access to
the best shifts curtailed (Ivanova et al., 2018). Studies have also noted couriers reporting
fee penalties for not following an “efficient route” recommended by the app (Rosenblat
and Stark, 2016).

While we can deduce possible DLP responses to workers’ algoactivist acts and the
corresponding repercussions for workers from the algorithmic control discourse, we urge
caution in conflating any inferences drawn, as the platform perspective is largely absent.
We also note that certain responses, while DLP specific, stand in sharp contrast to the IR
and HRM views on organizational conflict/dispute management. For instance, workers
may not be provided with an opportunity to contest algorithmic decisions or present their
own perspective (Rosenblat and Stark, 2016), all of which highlight the need to incorpo-
rate the organizational perspective.

The duality of AM

AM in platform work has been shaped by several competing views and perspectives, and
these debates are unfolding much like they have with emergent technologies in organiza-
tions. Early studies assumed technology to be an objective, independent force, with a
deterministic influence, often leaving little room for human intervention (Orlikowski,
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1992). Subsequent studies argued that technology is not an external entity but shaped by
continuous human actions, shared interpretations, and interventions (Klein and Kleinman,
2002; Pinch and Bijker, 1993). Within an organizational context, technology can be
adapted, that is, shaped by the strategic goals and decisions made by key stakeholders
(Heiland, 2025; Kellogg et al., 2020). The shared interpretations and meanings around
technology may direct future development and interactions with that technology (Pinch
and Bijker, 1993). The limitation, however, lies in the selective application of human
agency, where managers and/or technology designers are seen as having sole power to
shape technology.

The perceived shortcoming of this view was addressed by recognizing workers’ abil-
ity to influence and alter how technology is interpreted, appropriated, and used through
their actions, bringing into focus the socially constructed nature of technology develop-
ment (Burawoy, 1979; Heiland, 2025; Meijerink and Bondarouk, 2023). Another per-
spective, characterized by soft determinism, portrays technology as assuming objective
forms and functions that are gradually moderated through social shaping by users and
their contexts (Barley, 1986). In this vein, Orlikowski (1992) used Giddens’ (1979, 1984)
theory of structuration to propose the “structurational model of technology,” capturing
the dynamic and recursive relationship between technology and organizations.

The structurational model of technology asserts that “technology is created and
changed by human action, yet it is also used by humans to accomplish some action”
(Orlikowski, 1992: 405). This highlights the most fundamental properties of technology,
that is, its recursive lifecycle and interpretive flexibility. The explanation for the former
is rooted in the concept of “the duality of technology,” which arose in response to the
need to go beyond deterministic perspectives. Instead, Orlikowski (1992) contends that
technology is socially constructed by human actors based on different meanings they
ascribe to it, and the various features they emphasize and use. To illustrate with an exam-
ple from Orlikowski’s (1992) study of a large multi-national software consulting firm
(“Beta Corporation”) and its use of Computer-aided Software Engineering (CASE) tools,
senior managers (management) intended to introduce these tools to increase productivity
and reduce consulting time. The CASE tools were designed and built by technical con-
sultants (developers) based on a set of assumptions and procedures intended to standard-
ize the work. However, the way the tools were interpreted and used by the functional
consultants (users) varied. These consultants often found certain features inappropriate,
inadequate, or unduly restrictive. Consequently, they engaged with the tool’s interpretive
flexibility to create workarounds or circumvent certain constraints, thereby offsetting the
intended centralization of control by asserting agency. While the consultants succeeded
in bringing the tools’ problems into focus, which subsequently led to modifications, the
victory was “partial,” as the modified tools eventually became “reified” and “institution-
alized,” continuing to condition the work of newer consultants, while reinforcing the
firm’s overall system of control (Orlikowski, 1992: 419).

Based on this illustration, we suggest that Weick’s (1995) seminal work on sensemak-
ing is highly relevant. While Orlikowski (1992) does not explicitly articulate or use the
“sensemaking” terminology, the example highlights the existence of competing sense-
making processes among different actors (management, developers, and users), who
may bring different interpretations and meanings to the technology, and adapt it to
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pursue divergent objectives based on needs and interests. It shows that control may not
be inherent in the technology itself but is enacted through ongoing interpretive practices.
Furthermore, once technology becomes “reified” and “institutionalized,” it may begin to
appear as though it possesses the objective, structural properties of the organization,
seemingly detached from the human actors who originally constructed or imbued it with
meaning (Orlikowski, 1992). While this reification reinforces the “black box” perception
of technology by obscuring its underlying logic, it is more significant in highlighting that
human actions (agency) and structure are interconnected and influence each other. This
mutual influence suggests that technology is not a static tool, but a product of contesta-
tion and negotiation, thus continually being shaped by how humans design and use it,
afforded by its interpretive flexibility. This eventually manifests as a cyclical or recursive
ongoing process of shaping and reshaping (Orlikowski, 1992).

This fundamental idea serves as the foundation of Meijerink and Bondarouk’s (2023)
“duality of algorithmic management” conceptualization, which we leverage to situate
our understanding of AM in platform work. Meijerink and Bondarouk (2023) propose
the dualistic perspective as facilitating research that unpacks the complexity of AM and,
hence, reduces deterministic assumptions. Their core assertion is that algorithms, like
other workplace technologies, should neither be understood as an external force, dictat-
ing human actions, nor as solely a product of social construction (Meijerink and
Bondarouk, 2023). For instance, when designing AM, software developers tend to incor-
porate their knowledge, experiences, and perspectives, embedding various organization-
specific imperatives (e.g., norms, assumptions), which imbue algorithms with specific
meanings and affordances that typically enable and/or restrain the actions of those using
and interacting with them (Curchod et al., 2019; Heiland, 2025). However, through these
continuous interactions, AM tends to become a target of influence by users, thus making
them subject to evolution (Meijerink and Bondarouk, 2023). This can be attributed to
interpretive flexibility, which enables sensemaking whereby users discern the meanings
and norms embedded in AM by observing how outputs respond to different inputs and
strategically leverage this understanding to act within the system’s confines to achieve
desired effects.

In the platform work context, studies intimate that workers rely on sensemaking to
engage with AM’s interpretive flexibility (Mohlmann et al., 2023). This underpins their
algoactivism (Heiland, 2025; Vasudevan and Chan, 2022), empowering them to influ-
ence the algorithm’s enabling and restraining properties by creatively modifying various
inputs, that is, making certain actions more visible to the algorithm while hiding others
(Meijerink and Bondarouk, 2023). Enabling and restraining properties of algorithmic
systems define the scope of possible actions for workers, whereby, for example, AM
enables workers to earn flexibly and complete tasks efficiently, but restrains autonomy
by enforcing opaque task allocation, acceptance rate thresholds, constant monitoring,
and performance pressure to conform to DLP-defined standards. To rebalance these
properties in their favor, workers leverage their interpretive agency (Heiland, 2025) to
devise and engage in various algoactivist acts such as manipulating their availability
(e.g., by staging coordinated logofts) or location (e.g., using fake GPS) which can deter-
mine how tasks are distributed or what fees they get offered for the task, thus effectively
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reshaping (a) the system’s outputs, without altering the underlying algorithmic code and
(b) how enabling and restraining properties are experienced in practice.

However, these actions may prompt DLPs to change and/or maintain the rules and
norms embedded within their AM practices as part of their response repertoire to tackle
algoactivism (Meijerink and Bondarouk, 2023). This interplay points to AM’s socio-
technical nature (Jarrahi et al., 2021; Pulignano et al., 2024), where the materiality of the
technical subsystem (algorithms, digital interfaces, data infrastructures) is not merely
that of a calculative object (Curchod et al., 2019); it actively prompts actions and reac-
tions from actors within the social subsystem (workers, customers, managers, and other
stakeholders) (Parent-Rocheleau and Parker, 2022), and is thus entangled in producing
organizational realities. The duality of AM captures the entanglement of the social and
technical subsystems whose effects are both evolving and mutually constitutive (Jarrahi
et al., 2021). This entanglement may afford DLPs a distinct adaptive capacity, whereby
rules and norms remain fluid, contested, and subject to ongoing reconfiguration in
response to workers’ actions and organizational strategies (Meijerink and Bondarouk,
2023). This contrasts with the more standardized and institutionalized approaches by
which traditional organizations address worker resistance and activism (Currie et al.,
2017; Greer and Labig, 1987; Lewin, 2001; Vardi and Weitz, 2003).

We propose that in such data-driven, algorithmically depersonalized work settings, this
dynamism hinges on the visibility and interpretability of workers’ algoactivist acts. DLP
reactions to workers’ algoactivism are therefore contingent on sensemaking processes (Wu
and Liu, 2024). This reinforces the analytical value of sensemaking within the duality of
the AM perspective. In this view, sensemaking enables a processual understanding of the
potential malleability of DLP reactions to workers’ algoactivism through three interrelated
stages: (a) noticing activism cues (e.g., algorithmic deviations) from the stakeholder envi-
ronment, (b) framing activism implications, that is, retrospectively interpreting these devi-
ations (e.g., based on data capture and availability), and (c) acting in response to activism
by taking appropriate actions (e.g., introducing algorithmic adjustments) to address the
challenges posed (Maitlis and Christianson, 2014; Wu and Liu, 2024).

These processes are “triggered” (Meijerink and Bondarouk, 2023) when workers act in
unexpected ways that disrupt the expectations of the algorithmic system, much as workers
themselves rely on individual and collective sensemaking to navigate AM (Heiland, 2025;
Mayberry et al., 2025; Mohlmann et al., 2023; Vasudevan and Chan, 2022). Furthermore,
unlike traditional organizational settings where managerial sensemaking relies primarily
on interpersonal cues and direct observation (Currie et al., 2017), we suggest that platform
managers’ sensemaking is distinctively based on algorithmic outputs, which possibly ren-
der certain algoactivist acts that do not produce algorithmic deviations invisible.
Sensemaking, thus, becomes a central mechanism through which AM operates, produces
organizational realities, and recursively evolves in platform-contingent ways, shaped by
specific data infrastructures, governance logics, and managerial practices.

This integrative perspective enables us to grasp how AM evolves, influenced by organ-
izational choices, context, and social relations within which it is introduced (Guest et al.,
2022; Pulignano et al., 2024), thereby extending understanding beyond its functionality in
the organization of platform work. For instance, Lee et al. (2015: 1) describe
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AM as “software algorithms that assume managerial functions” such as the allocation,
optimization, and evaluation of work. Kellogg et al. (2020) extend this understanding by
outlining six main mechanisms, which they call the “6 Rs”: organizations use algorithms
to direct workers through “restricting” and “recommending,” evaluate workers by “record-
ing” and “rating,” and discipline them by “replacing” and “rewarding.” Duggan et al.
(2020: 119) refer to AM as a “system of control where self-learning algorithms are given
the responsibility for making and executing decisions affecting labor, thereby limiting
human involvement and oversight of the labor process.” While valuable in providing a
foundational understanding, these conceptual works overlook the broader organizational
and social dynamics and competing sensemaking processes involved in the development
and implementation of AM. Specifically, there is a need to look beyond the technical
aspects of AM, shifting focus toward organizational factors and social interactions, shap-
ing work algorithms and DLP-specific AM practices (Franke and Pulignano, 2023; Wood,
2024). This study provides a key contribution by examining algoactivism from the plat-
form perspective, hence advancing understanding of the duality of AM while revealing
the limits of worker influence within these socio-technical systems.

Methods

Research context

DLPs have undergone significant growth in the last decade, with the number of location-
based platforms offering ride-hailing and delivery services increasing from 142 in 2010
to over 777 in 2020 (ILO, 2021). Food delivery DLPs gained further popularity during
the COVID-19 pandemic as increased demand for their services solidified their role as a
staple in consumer life (Poon and Tung, 2024). Given the low barriers to entry and the
sector’s expansion into grocery, these DLPs are among the most prevalent and recogniz-
able forms of location-based platform work, with couriers representing a large portion of
the global platform workforce.

In this qualitative study, we examine the platform perspective on workers’ algoactiv-
ism, focusing on location-based food/grocery delivery DLPs. This perspective is a
strength of the study, given that DLPs rarely engage with external researchers or provide
access to their data unless the research is commissioned by them (Maffie, 2023).
Providing insights from platform organizations on how they perceive and respond to
these worker acts (see Cameron and Rahman, 2022) enables us to better balance the
dominant worker narrative in existing scholarship about why and how workers engage in
algoactivism (Dasgupta et al., 2025a; Mayberry et al., 2025). In total, we conducted 37
in-depth interviews with 17 platform managers, who have combined experience of work-
ing for 10 different DLPs in the food/grocery delivery sector.

Data collection

The project received ethical approval from the host university’s social research ethics
committee. Participants were recruited using a combination of purposeful, key informant,
and snowball sampling strategies (Patton, 2015). DLPs identify as technological
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intermediaries, so it was necessary to gather insights from participants across technical
roles and functional positions to understand how they organizationally react to workers’
algoactivist acts. Accordingly, the first step involved visiting company websites to become
acquainted with the naming conventions of typical roles. This also encompassed identify-
ing participants through the website in addition to LinkedIn. For the latter, names of prom-
inent DLPs operating in the sector, in combination with the identified functional roles,
were searched. We also included former employees under the assumption that they may
be more inclined to reflect on and share their experiences openly than those currently
employed by the organization, and that participation may be limited for them. We consid-
ered potential drawbacks of this approach; the main one being recall bias, as they may not
remember certain details or experiences accurately (Patton, 2015). We ensured that no
more than 2 years had passed since these participants had been employed by the DLPs to
reduce such limitations.

A total of 89 individuals, consisting of both current and former employees, were iden-
tified, and a LinkedIn invitation was sent by the first author. Of the 73 individuals who
accepted the invitation, 9 agreed to participate in an interview; 2 additional participants
who were identified through LinkedIn were recruited by leveraging mutual personal
contacts. A further six participants were recruited using snowball techniques (Patton,
2015). In total, 17 participants (12 current employees, 5 former employees) were
recruited and participated in this research (Table 1). They held middle and senior-level
technical roles (e.g., data scientists, machine learning engineers) and key functional posi-
tions (e.g., operations, product managers, strategy, public affairs). The participants were
based across several countries, reflecting the DLPs’ headquarters and operational
locations.

The purpose of the first interview was to introduce the research, understand the par-
ticipant’s background, and establish trust. Participants were asked to share their views on
the platform’s business model, their understanding of how AM practices are designed,
and the key factors considered during its development. In addition, they were invited to
discuss the expectations that DLPs have from different marketplace stakeholders—
workers, suppliers, and customers—and the challenges they face in managing these rela-
tionships both within and outside of the workflow.

The purpose of the second interview was to delve deeper into more contentious issues
with regard to how the DLP perceives and reacts to workers’ algoactivism. For example,
participants were specifically asked to reflect on challenges they encountered while man-
aging relations with their workforce in a marketplace model, which led them to discuss
operational issues that stemmed from certain worker actions. They were probed to share
the organizational view and strategy for dealing with these, and the impact they had on
the DLP’s AM practices. Follow-up calls were conducted with two participants to clarify
and elaborate on new insights that emerged during data collection and preliminary analy-
sis. Subsequently, it was determined that data saturation had been attained—when new
“categories” stopped emerging. The interviews lasted between 35 and 93 minutes and
were conducted virtually using Microsoft Teams between July 2023 and April 2024.

In-depth semi-structured interviews were used for several reasons. First, because of
the absence of publicly available, standardized protocols on how DLPs respond or have
responded to workers’ algoactivism. Second, although DLPs have developed internal
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Table 1. Participant details.

Identifier ~ Function Hierarchy Employment Current Previous DLP
status DLP
Resp 01 Machine learning Senior Current DLP | DLP 2, DLP 8
Resp 02 Engineering, pricing Middle Ex DLP | —
Resp 03 Product management  Middle Ex DLP 4 DLP 5,DLP 8
Resp 04 Data science, analytics ~ Senior Current DLP 5 DLP 2
Resp 05 Engineering, Senior Current DLP 5 DLP 6
experimentation
Resp 06 Product management  Middle Current DLP | DLP 6
Resp 07 Operations Middle Ex DLP | —
Resp 08 Product management  Senior Ex DLP | DLP 7
Resp 09 Strategy Senior Current DLP 3 DLP 9
Resp 10 Product management  Senior Current DLP | —
Resp || Public affairs Senior Current DLP | —
Resp 12 Product management  Senior Current DLP | DLP 10
Resp 13 Operations Middle Current DLP 2 —
Resp 14 Machine learning Senior Current DLP | —
Resp 15 Operations Senior Current DLP 2 —
Resp 16 Operations Senior Ex DLP2>9 —
acquisition
Resp 17 Operations Middle Current DLP | —

DLP: digital labor platform.

procedures over time, which we gathered from these interviews, documentation of these
procedures remains proprietary, and managers were only willing to discuss and share
their views orally under this study’s confidentiality agreements. Interviews allowed
nuanced exploration into the DLPs’ worldviews and interpretive processes. This included
their implicit assumptions and context-specific reasoning through which they understand
and respond to workers’ algoactivism while offering platform managers a space to articu-
late how organizations made sense of algoactivism.

Analytical approach

All interviews, with permission, were audio recorded. The first author transcribed and
anonymized the interviews, and unique identifiers were assigned (e.g., Resp 01 refers to
interviewee #1). This was followed by a preliminary analysis, which mainly involved
reading the transcripts, summarizing, and note-taking. NVivo 14 (Lumivero) was used
for data analysis. While the analytical process was conducted by the first author, the cod-
ing process was jointly discussed and reviewed among all co-authors. This helped resolve
ambiguous codes and arrive at a consensus regarding the final categories.

The analytical process involved the four stages of data reduction, display, categoriza-
tion, and contextualization (Miles and Huberman, 1994). Data reduction involved select-
ing and summarizing the data in light of our research question to ensure a focused
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approach. Data display involved organizing the data in a way that made it easier to make
sense of. This included creating a table, listing the main interview questions against how
the participants responded, which helped identify broad themes. This was followed by
data categorization, which encompassed line-by-line coding of the interview transcripts.
Finally, data contextualization was informed by the annotations made by the first author
throughout the coding process.

We followed an abductive approach to coding for generating, refining, and stabilizing
categories (Vila-Henninger et al., 2024). To generate categories, we drew on the out-
comes of the preliminary data analysis (open coding). Taking an in vivo approach, we
inductively identified first-order categories, directly from participants’ language, captur-
ing phrases or terms they used to describe specific worker actions on the platform and
their views on it, which we inferred from the literature as references to workers’ algoac-
tivism. This ensured that the categories reflected their authentic experiences and insights
(Patton, 2015). During this process, initial similarities and differences among partici-
pants’ views were noted.

The next step involved refining and arriving at second-order categories, which
involved merging, splitting, and dropping categories to ensure “internal homogeneity”
(Grodal et al., 2021). At this stage, literature was referred to make better sense of an
emerging cyclical process of action and reaction between the DLP and worker arising
from divergent interpretations of AM (Meijerink and Bondarouk, 2023; Orlikowski,
1992), and further attempt to rationalize why DLPs’ reactions to algoactivism varied
(Pulignano et al., 2024). The final step involved revisiting these categories to explore
how these could be related and sequenced, leading to stabilized, aggregate categories.
However, this entailed recognizing the interpretive processes linked to how DLPs
respond to workers’ algoactivism. For this purpose, we revisited additional literature,
which led us to Weick’s (1995) work on sensemaking and Wu and Liu’s (2024) three-step
analytical model—noticing, framing, and acting—a valuable framework for breaking
down corporate responses to activism challenges. The latter critiques existing studies for
offering an overly simplistic view of the activism-response relationship, where the sense-
making processes in organizational and managerial decision-making are often under-
mined or overlooked (Wu and Liu, 2024).

Aligning with this, we organized our findings by distinguishing three stages: noticing,
framing, and acting, noting dynamism (Meijerink and Bondarouk, 2023; Wu and Liu,
2024) in how DLPs react to workers’ algoactivism (Table 2). We identify determinants
linked to each stage that reflect implicit and interpretive assumptions, including context-
specific reasoning that helped us understand the variability in DLP reactions. Engaging
in theory elaboration (Fisher and Aguinis, 2017), we explicitly recognized sensemaking
within the duality of AM conceptualization. We also extended and shed light on how
DLPs represent a new type of governance mechanism (Vallas and Schor, 2020), whereby
variability in responses signals the socio-technical process through which DLPs’ AM
practices evolve in response to algoactivism within a complex, multi-actor work envi-
ronment. The limits of algoactivism became apparent in our findings, which empowered
us to suggest that while the mutual shaping of AM remains valid (Jarrahi et al., 2021),
recursive dynamics theorized in the duality of AM conceptualization (Meijerink and
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Table 2. Overview of the coding process.

Initial categories (first order)

Tentative categories Stabilized (aggregate)

(second order) categories
e Outlier behavior, patterns, data signals Unusual or suspicious  Noticing
(e.g., decline in rider supply, order transactions
rejection rates, time spent on task, fake
orders, duplicate accounts, repeat courier
assignments)
Hard to spot and track down
Diffusion of tactics
e Inevitable and hard to eliminate: Couriers
finding loopholes in the system
e Order fulfillment issues Discrepancy in
e OMDNR platform metrics
e Frequency of claims, complaints
e Anomaly in payments/payouts
e Creating different hypotheses Process of Framing
e Cross-checking with the restaurant speculation
e Systems are not set up efficiently
e Playing with pay: Couriers trying to raise
fees locally
e Fraud happens when incentives are
involved
e Strikes are informed
e Market characteristics Integration of
e Region-based variability contextual references
e Legal, regulatory environment
e Socio-cultural dynamics
o Differentiating worker practices Evaluation against
e Fraudulent or risky transactions organizational
e Healthy business benchmark threshold
e Financial feasibility
e Impact of gaming on other couriers Assessment of
e Cash burn related to fraud financial, operational,
e Strike costs and loss of orders and reputational
e Customer experience impact
e Market volatility and investor perception
e Rider participation during strikes
e Organization’s priorities and policies Platform’s strategic Acting

Organization’s position on engaging with

unions and other external stakeholders

e Organization’s investment in detection
and prevention technologies

e Fraud and integrity department/team(s)

objectives

(continued)
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Table 2. (continued)

Initial categories (first order)

Tentative categories
(second order)

Stabilized (aggregate)
categories

e Piloting, soft-launching new algorithmic
features, and additional validations
(experimentation)

e Logic and trade-offs behind disciplinary
rules

e Laddering of actions and warning

communications

Rolling out new app versions

Fixed fee ceiling on all orders

Third-party background checks

Fraud/risk scoring for all marketplace

actors

e Shaping rider behavior

e Intra-organizational dynamics and
conflicting KPIs

e Feedback from external stakeholders
Involvement of organizational
stakeholders

e Real-time strike management and
operational continuity

e Capacity and maturity of technological
infrastructure to anticipate and adjust to
market conditions

e Resource availability for managing
contingencies

Technological
flexibility: balancing
the friction of new
mechanisms with
operational efficiency

Stakeholder interests
and conflicts

Perceived
reputational risk
levels

KPI: key performance indicator; OMDNR: order marked delivered but not received.

Bondarouk, 2023) is not open-ended and may shrink interpretive flexibility of AM and
associated worker agency over time (Doherty et al., 2006).

Findings
Noticing

Noticing refers to becoming aware of workers’ algoactivism. Our findings highlight that
due to the sheer scale of operations, platform managers face significant challenges in
isolating non-compliant or unusual transactions involving workers (or couriers, terms
used interchangeably). Identifying and pinpointing irregular worker activities become a
complex task, as they are easily obscured by the high transaction flow, and the subtlety
with which some workers may undertake these variable acts. All platform managers
expressed this concern and shared that the discovery of algoactivist acts often happens
“by chance” (Resp 14), or “luck” (Resp 17), as “it is really difficult to see . . . the issue
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in one or two weeks” (Resp 13), suggesting a temporal lag in identification. Furthermore,
as workers interact with the platform using the app’s algorithmic interface, managers rely
heavily on data signals to identify anomalies in worker activity, such as a courier com-
pleting an unusually high number of orders within a short time frame. While repeated
instances of such transactions may subsequently raise suspicion, as one platform man-
ager describes, “theres this really weird . . . thing happening in the data” (Resp 14); it
also reflects that they often struggle to discern the precise methods employed by the
couriers, which could have led to an atypical outcome.

Other cues shared by managers relate to anomalies in payments made by the DLP to
a courier, which they are unable to justify or explain based on the courier’s transactions
on the platform, or even from repeated claims raised by different customers against a
particular courier. Sometimes, managers have discovered specific acts when the entire
courier network within a particular market began to employ the same tactic at scale,
where such collective adoption produced broader network trends that showed up in the
DLPs’ performance metrics.

Challenges related to noticing algoactivism were often intensified when managers
had to deal with the diversity and the constantly evolving nature of worker acts, which
also made it hard to contain them. As one manager shared, “I think it’s constantly
changing because as soon as . . . we identify and stop one thing . . . another door will
openup . . . they just get more creative” (Resp 10). For instance, couriers might lever-
age their experiential understanding of how the DLP’s algorithm dynamically calcu-
lates fees, leading to a practice where they reject task offers in the hope that the system
will automatically amend and provide a higher fee. Other times, they may collude with
a restaurant to create fake orders on the platform—a practice since cracked down on by
the DLP:

Back then . . . if a restaurant . . . had already prepared the food and if the customer cancelled
the order, then [the platform] was legally bound to pay these merchants . . . because the food
had been prepared . . . Delivery partners [pretending to be a customer] used to place an order
through the restaurant and then after they collected the order, the customer would cancel the
order . . . From the restaurant side, it was like I had already given the food, so then from the
amount that the restaurant used to get, they used to pay something to the delivery partners . . .
(Resp 16)

Platform managers identified practices when tasks were being assigned to a handful
of couriers repeatedly, which was later attributed to couriers using “duplicate accounts”
(Resp 17) to increase earning opportunities, as well as examples where couriers resorted
to “spoofing GPS and started getting paid because of that” (Resp 01), or even reverse
engineering the app, which as one manager noted, led to a “chicken and an egg problem

. . we patch it or fix it, they hack it (Resp 05). Capturing this heterogeneity, we found
these practices most prominently stemmed from couriers figuring out “a loophole in the
system or rule” (Resp 14). Findings also show other worker acts such as falsely marking
an order as delivered, without making the delivery, or even withdrawing their service
from the app collectively.
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Framing

Framing refers to interpreting and distinguishing the acts of algoactivism. This entailed
speculation by platform managers, which began with managers inspecting whether their
algorithmic systems were set up efficiently or not. This was followed by developing
hypotheses based on initial observations and/or triangulating using various data patterns
or signals. For instance, upon encountering an act where workers repeatedly rejected task
offers for a revised and increased fee, one manager explained, “there are systems which
are not set up efficiently, and people are misutilizing it . . . like not accepting . . . let’s say
you reject 100 orders” (Resp 01). Managers noted that frequently, certain algoactivist
acts arose when couriers discovered a “bug” in the system by chance, and they exploited
this vulnerability.

When encountering worker transactions that could not be explained or attributed to a
systemic deficiency, platform managers adopted a more open-ended approach. One man-
ager described their initial thoughts upon encountering a case of fake orders, “maybe it's
a scam restaurant . . . so all three parties are colluding in some way or form to run this

. which is leading to something fancy [implying the ingenuity behind these acts]”
(Resp 04). Rather than taking a definitive stance, the managers’ thought process involved
contemplating how different actors within the DLP ecosystem might be interacting in
ways that undermine the system’s integrity. They further reflected that instances of col-
lusion typically increased whenever the company introduced incentive schemes or offers
to target a specific marketplace actor, “maybe that incentive scheme is someway benefi-
cial to them, which we have not thought about” (Resp 04). Therefore, establishing these
connections through speculations was a crucial determinant for framing. Similarly, to
ascertain more layered practices around GPS spoofing, where couriers may fix their
locations to get allocated, but not necessarily carry out the task in reality, one manager
drew upon different data signals to establish the courier’s physical presence at the loca-
tion. Another manager mentioned that, in a similar case, they would verify with the res-
taurant whether the courier had personally collected the order for delivery:

When the rider accepted [the order], was that rider on Wi-Fi or on normal cellular tower?? And
looking at the tower strength, looking at the places where he is . . . trying to triangulate that . . .
trying to make sure . . . if the rider was still there or not. (Resp 06)

We found that the organizational threshold for these practices and the contextual ref-
erences to where these DLPs operated played a significant role in managers’ framing of
workers’ algoactivism. This was most evident in how managers distinguished between
these algoactivist acts as “gaming” (Resp 14), “fraud” (Resp 08), or “industrial relations
protest” (Resp 11). For example, one manager acknowledged that some level of gaming
is inevitable in any technological system, referring to the organization’s threshold for
these acts. Managers recognize how such acts add no value and possibly lead to ineffi-
ciencies that detract from the system’s overarching purpose:

There’s always gonna be some degree of gaming that is possible . . . but I think you want to
design a system that doesn’t reward people for . . . doing things that are not necessarily very
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efficient . . . you want to have a system . . . where people are taking actions that make sense,
that help us and then we reward them with money . . . not necessarily . . . having them run in
circles to . . . get extra money or whatever kind of tricks they figure out that they could do.
(Resp 14)

When classifying certain acts as fraudulent, one of the managers rationalized, “/ mean
on average . . . a healthy business would have less than 1% of fraud” (Resp 03), while
another manager noted, “fraud happens everywhere, but it happens in different ways
across all markets” (Resp 12). While the former statement denotes some degree of
organizational tolerance, the latter reflects a key distinction driven by market-based char-
acteristics or regional factors that influence how fraud manifests. For example, in con-
texts that are cash-intensive or favor cash transactions, one manager recollected
experiences around cash-related frauds—certain amount of cash is collected and then
its lost or not given back . . . so cash management and cash related conversations are
also a big, big problem” (Resp 04). Ultimately, any deviation from normal transaction
behaviors, that is, “any anomaly in payment” (Resp 01), could be construed as acts of
fraud. Given the serious implications of the term, one manager also shared their reserva-
tions around its usage for classifying these acts, “we re really careful in our own word-
ings as well, and we say, ‘potentially fraudulent’” (Resp 13). Another manager
emphasized the importance of considering socio-cultural dynamics when referring to
these acts as fraud:

You need to navigate . . . in which area you’re operating . . . What cultural references are
there? . . . How [do] people perceive it? Try and understand that more . . . because it may lead
to unnecessary confrontation even when you’re right. (Resp 06)

A clear distinction existed between acts that were seen as gaming or fraud, and those
considered worker strikes or protests. The latter, as described by a platform manager,
involved “a spontaneous withdrawal of service” (Resp 11). In this regard, managers
appeared to share a common understanding that pay was the primary driver of strikes,
“people always want more money . . . At end of the day and one of the best ways to get
that is to strike” (Resp 10). One manager noted, “strikes are generally planned” (Resp
12) and may not be viewed as “legitimate” within such a dynamic work arrangement if
they occur without prior notice, as this could lead the company to assume, “probably the
competitor is paying a lot of money; everybody went there” (Resp 01). The likelihood of
strikes occurring was also gauged in relation to the legal and regulatory environment in
different regions:

Largely in the UK, but there are portions here and there, like for example, it will never happen in
the Middle East because of the regulations. It’ll never happen in Singapore . . . It’ll never happen
in Hong Kong because the regulations are strict, so it can only happen in Europe. (Resp 01)

Finally, when framing algoactivism, managers considered how widespread these acts
were and their impact on the company or on other actors. For example, when couriers
engage in gaming by “spoofing” location using fake GPS devices, one manager noted
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how it “creates a bad atmosphere for other riders” (Resp 06), and leads to an uneven
playing field, allowing some to bypass the system’s checks and unfairly benefit at the
expense of others. Another manager shared, “we take it very seriously when there s some-
body attempting to game the system . . . because we view it that somebody else is losing
out on that basis” (Resp 11). This highlights the broader consequences of individual acts
on the courier network, and not just the DLP. Conversely, acts that were deemed fraudu-
lent were more directly linked to having a financial impact on the company. For example,
“this rider seems to regularly not deliver a product but mark/[s] it as delivered. That’s . . .
kind of our worst negative outcome basically, because we end up having to refund the
customer for the whole order” (Resp 10).

By contrast, worker strikes were noted as having a greater negative impact on
customer experience than on the company’s financial performance, since from an opera-
tional point, the DLPs’ “ability to fulfil orders goes down” (Resp 15) due to a drastic drop
in courier supply. However, one manager shared, “We 've not really seen in our biggest
markets like real massive strike action that'’s actually affected significant parts of the
volume on the platform” (Resp 10), suggesting how such impact can be contingent on the
market size held. Therefore, the impact of strike costs on the company was low:

Financially, like I can give you a rough estimate . . . there was a strike before Valentine’s Day.
We lost like 13k . . . which is like peanuts . . .from the business point of view. (Resp 01)

Another manager noted that “most of the time, the strikes are organized by smaller
groups of riders” (Resp 07), suggesting varying interest and participation levels. While
these excerpts highlight experiences of minimal financial and operational disruption dur-
ing worker strikes, one manager emphasized how strikes could potentially threaten and
jeopardize future investments or financial support from investors. This perspective is
captured in the following statement from a manager, which reflects concerns around the
reputational impact and the potential damage to the organization’s public image caused
by worker strikes:

Other than reputational risk . . . there’s no effect at all. Mostly, it is directed towards investment,
like if I was a rider, I would want to hit a company like [DLP 1] where it hurts the most, right?
It is a for-profit business. (Resp 01)

Acting

Acting entails specific initiatives DLPs take aligned with their strategic goals to tackle
workers’ algoactivism. Managers consistently referred to their respective organizations’
long-term objectives, operational priorities, and resources. For instance, one manager
noted, “if the policy is lenient . . . and if you want to just grow, then you just dont do
anything with this . . . So, it’s not . . . really breaking anything for these companies”
(Resp 03). Another shared,

Initially in 2015, 2016 . . . we knew a lot of fraud was happening . . . nobody cared about it
because we were growing business . . . But after that people became more cognizant about
fraud and trying to handle fraud. (Resp 01)
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Managers revealed that over the years, their organizations set up a fraud and integrity
team, “we 've got like an entire tech team dedicated to, you know, researching . . . finding
identifying, and eliminating fraud because . . . there’s a lot of vectors for attack in the
marketplace . . . when you’ve got as many parties involved as we have” (Resp 10). One
manager stated, “it’s always cat and mouse, right? [chuckles] . . . It’s always [the work-
ers who| come up with new strategies. You block the strategies; you build machine learn-
ing algorithms to block the strategies or rules to plot the strategies . . . they come up with
new strategies” (Resp 05). This highlights the demanding and perpetual nature of pro-
fessed managerial struggles to respond to workers’ algoactivism, which was echoed else-
where, “only in the last 4 to 5 years probably have these systems . . . become more robust
to handle these kind of tactics” (DLP Resp 08).

Managers discussed a range of scalable features, additional rules, and validations that
DLPs progressively and iteratively integrated into their systems to manage different acts.
For instance, DLP one implemented a fixed fee ceiling® on orders to prevent couriers
from gaming their algorithmic pricing system through fee increases; “You can't get
offered more than £45.00 . . . there’s a time limit to it as well, if it gets rejected for more
than 15 minutes, we tell the customer that . . . there are no riders . . . so it’s a configura-
tion [our organization] set up. It could be different in different cities” (Resp 01). The
same DLP introduced a “2-digit code” (Resp 10) as a verification system to confirm the
successful handover of deliveries and to constrain couriers from marking food as deliv-
ered without fulfilling the task. As a result, there was a significant reduction in such
incidents; “Previously, we had like a 2% rate of this . . . and we’ve dropped that down to
a tenth of what it was by increasing the number of times the handover code is used”
(Resp 10). Other examples include the implementation of facial recognition at regular
intervals to verify that couriers were still in charge of their accounts (Resp 10). To address
GPS spoofing, updated and “new versions” of the courier app were introduced (Resp 01),
with plans to implement a system that required couriers to “scan a OR code” upon arrival
to confirm their physical presence at the restaurant location (Resp 11). These examples
cumulatively illustrate how DLPs introduce new mechanisms to constrain workers’
algoactivism.

Beyond these constraints, managers also highlighted mechanisms to actively disci-
pline and discourage such acts. These mechanisms typically followed an escalation pro-
tocol, as one manager shared,

There are various levels—first, you tell [the courier]; “we are informing you that this has

happened” [that their action has been noted]; then we give them a warning; after the warning
. . if the corrected behavior is not addressed, then we block them for some time; if the problem

persists, then we block them completely. So, there is a laddering that happens. (Resp 04)

Another manager echoed this, stating that “the overall process needs to be vetted by
our legal team” (Resp 15). Another example of a disciplinary mechanism is highlighted
in the following extract:

We created this rule that the moment we get this signal [each time the system detects anomalous
worker transactions] . . . let’s say . . . you did something which hampers the growth of the
platform or creates a bad experience for a genuine user . . . we’ll block you off for couple of
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hours . . . [the courier] got that soft warning . . . “you did this and because of that you were not
able to get rides for the next couple of hours.” So ultimately, the idea was . . . how do we make
the ROI [return on investment] to create fraud negative for them? (Resp 06)

The manager further shared that by integrating this rule with the incentive system for
couriers, the DLP witnessed a remarkable reduction in gaming and fraudulent acts, and
“it changed the [worker] behavior in the sense that they realized that . . . either they can
lose all their incentive by doing a couple of mistakes or, if they stick to it [working as they
should], theyll still get the incentive” (Resp 06). Managers also mentioned implementa-
tion of vetting processes, and background measures such as fraud and risk scoring for all
actors—couriers, customers, and restaurants/grocers (Resp 10; Resp 06). This helped in
assessing and managing the risk levels associated with all participating marketplace
actors.

However, introducing every new mechanism, for instance, the implementation of the
“2-digit code” involved weighing trade-offs regarding the DLP’s overall network effects,
as couriers had to spend additional time obtaining and entering the code into the app.
When developing and implementing certain disciplinary mechanisms, managers noted
the involvement of external (ex-policemen, special service agents) and internal (organi-
zational) stakeholders:

The cross-functional teams sit down to look at . . . how do we tackle that issue. People in that
conversation are . . . involved in privacy law . . . involved in employment law. It’s not just the
developers. It’s not just the data scientists or the technical side. It’s . . . the policy and public
affairs too. Actually . . . the legal [team] is able to say . . . “this is where the guard rail is of
what’s allowed.” But we [policy and public affairs] also have a role in saying, “well, this is the
guard rail of what we think will be allowed.” So, let’s develop for the future. (Resp 11)

One manager also emphasized the influence of intra-organizational dynamics in the
introduction of new mechanisms—then there s always this battle with the country heads
where . . . if you are working in the fraud side . . . your OKR [objectives and key results]
or KPIs [key performance indicators] are actually against their OKR and KPIs because
they want growth, and we want the correct . . . the right growth, so there'’s always that
friction” (Resp 06). Collectively, these findings closely capture key organizational con-
siderations, as well as stakeholder interests that influence algorithmic adjustments or
“tweaks” (Resp 13) that DLPs introduce in response to algoactivism.

With regards to strikes, which carry consequences for the DLPs’ reputation and opera-
tional continuity, one manager noted, “we have to understand what's happening because
the algorithm can't fix that . . . no automated system can fix it. Like the riders have
decided collectively, or at least some of them, to remove their service for some particular
reason” (Resp 11), focusing on the organization’s stance on negotiating with courier
representatives, unions, and local city governments. Commenting on the DLP’s position,
the manager stated, “Where unions are constructively looking to work with [the platform]
to improve the situation for riders . . . we re open to discussions with them,” and further
added, “we 've matured quite a lot as a company in that regard in the last couple of years”
(Resp 11). Another manager highlighted how their company focused on preventing
strikes:



24 Human Relations 00(0)

So, we have a special team for whenever couriers protest. When . . . they’re not okay with the
kind of fare that you’re [the platform] providing . . . we take the request . . . and [in] most cases
they work as a union, right? And they have a common goal in mind . . . we [the platform] work
with them to sort of understand . . . what their needs are and try to find a common ground.
(Resp 15)

However, in the event of a strike, and based on the perceived reputational risk, the
focus remains on mitigating the strike’s immediate impact. This involves addressing
operational disruptions in real-time, ensuring service continuity, thereby safeguarding
the DLPs’ reputation and relationships with restaurants and customers. In this regard, a
manager shared that their firm’s (DLP 1) technological capabilities had evolved, making
them better equipped to handle such disruptions:

The algorithms are built for scale. They are built for a scenario where if your order volume goes
up significantly . . . you’re able to handle it. If your rider network goes down, you’re able to
handle it . . . If more and more people start ordering from McDonald’s, there is a system in
place which says, “okay, then move McDonald’s from the platform” because we will not be
able to serve those orders. So, there is a fallback mechanism . . . called the circuit breaker.
(Resp 12)

Therefore, DLPs also rely on automated configurations like “restaurant selection
reduction” (Resp 17) that detect rider supply issues during a strike and dynamically
reduce the number of restaurants available to customers. This minimizes the likelihood
of a negative customer experience due to delayed or unfulfilled deliveries.

To ensure operational stability, certain DLPs (e.g., DLP 1) enforced a “code freeze,”
that is, prohibited technical maintenance or engineering work, such as implementing new
code releases or updates during the duration of the strike. These actions carry a risk of
causing technical disruptions and service breakdowns, which could be erroneously
linked to the strike, or perceived as an outcome of the strike, impacting the brand’s
reputation:

We [the company] didn’t do any code releases . . . let’s say you do a code release, and something
breaks and [the platform] goes down . . . nobody could place their orders . . . The next day, the
[news] headline would be like, “riders could like completely destabilize [the platform]” . . .
which is not amazing. (Resp 01)

Another manager added that “some algorithms are put on different kind of modes”
(Resp 14), suggesting that their company’s reaction to worker strikes tends to be proac-
tive, involving planned adjustments to their algorithmic systems to manage any potential
disruptions efficiently and effectively.

Discussion

Workers engage in algoactivist acts to challenge DLPs’ mechanisms of control. In turn,
these acts prompt DLPs to reassess and modify their management practices, reflecting
the socio-technical foundations of AM, which is both shaped by and shaping workers’
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participation (Meijerink and Bondarouk, 2023). Algoactivism is attributed to workers
socially constructing AM through sensemaking, which guides their interactions with the
algorithm—a perspective well established in the literature (Heiland, 2025; Vasudevan
and Chan, 2022). Our study is one of the first that captures the DLPs’ perspective by
unpacking their role in this social construction and analyzing how they react to workers’
algoactivist acts.

Our first contribution is to reveal that DLPs, like workers, rely on sensemaking given
the often uncertain and equivocal nature of algoactivism (Weick, 1995). We frame that
DLP reactions unfold across three stages—noticing, framing, and acting—thereby illu-
minating how workers’ algoactivist acts trigger organizational sensemaking and its cen-
tral role in the (re)design of AM practices (Meijerink and Bondarouk, 2023). We
explicitly situate sensemaking (Weick, 1995) within the duality of AM conceptualization
(Meijerink and Bondarouk, 2023), suggesting that the process of sensemaking by both
workers and organizational (DLP) managers alike, facilitates engagement with AM’s
interpretive flexibility and drives its recursive development. Within this, we identify
critical determinants associated with each stage, enabling a deeper understanding of the
variability in DLP reactions toward these algoactivist acts (see Table 3). Notably, we
found temporal interdependence across stages, characterized by delays in identification,
speculation processes, organizations’ growth path, and the gradual roll-out of adaptation
mechanisms, revealing that DLPs’ reactions are rarely instantaneous.

Beginning with the noticing stage, we found that managers encountered significant
difficulties in detecting workers’ algoactivist acts, given the involvement of multiple
actors in the food/grocery delivery workflow and the volume of data generated from
transactions. They typically relied on deviations in DLPs’ performance metrics or outlier
patterns in the captured data for identifying and isolating atypical courier activity. The
framing stage entailed managers speculating and arriving at probabilistic interpretations
of how these workers’ acts interfered with and impacted the DLPs’ AM. This also
involved DLPs classifying acts as either gaming, fraud, or industrial action, based on
their accumulated experiences and thresholds for such acts, the operating multi-actor
environment, as well as contextual references rooted in the local and institutional setting
(Meijerink et al., 2021). Finally, the acting stage revealed that the DLPs’ strategies, pri-
orities, and resources fundamentally influenced how they chose to address worker acts,
leading to some algoactivist acts being prioritized for intervention, with others over-
looked. We gathered that DLPs have, over time, equipped themselves with specialized
teams to assess and manage algoactivism. They have invested in advancing their techno-
logical capabilities, which involved building sophisticated self-preservation mechanisms
to maintain operational continuity and safeguard against potential disruptions arising
from different algoactivist acts.

Focusing on the different mechanisms (i.e., additional validations, rules, and meas-
ures) that DLPs dynamically introduced to address or mitigate the impact of worker acts,
offered insight into organizational logics and trade-offs. These were shaped by manage-
rial interpretations of organizational policies and directives but also customer and sup-
plier needs and constraints within the multi-actor platform environment (Meijerink et al.,
2021). Managers referred to physical touchpoints shared by workers and other market-
place actors as key sites for collusion, which made it more difficult to attribute and
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contain certain acts. Consequently, certain mechanisms were devised with a dual purpose
of limiting undesirable or non-compliant worker actions and equally regulating workers’
interactions with customers and suppliers. This suggested that managers, like workers,
engaged similarly with AM’s interpretive flexibility when making sense of algorithmic
outputs arising from workers’ actions, considering plausible causes and explanations,
and deciding whether to enable or constrain such uses.

These interpretations manifested in the design of new and/or the recalibration of exist-
ing algorithmic mechanisms (Orlikowski, 1992), where managers alluded to a constant
cycle of adaptation and counteradaptation. As DLPs implemented measures to tackle
problematic algoactivist acts, workers responded by devising new acts of circumvention,
creating a “cat and mouse” dynamic. This highlights the tension between control and
agency, where the DLP attempts to shape worker behavior through AM, while workers
find newer ways to circumvent, manipulate, or resist (Meijerink and Bondarouk, 2023).
More importantly, this dynamic underscores the recursivity of AM (Meijerink and
Bondarouk, 2023), whereby competing interpretations from sensemaking processes gen-
erate an enduring friction between intended design and actual use (Orlikowski, 1992),
causing AM practices to continuously evolve in response to the actions and reactions of
both the DLP and workers.

Our second contribution is to identify how DLPs’ reactions differ from traditional
organizational responses to worker resistance and activism. While variability exists,
worker resistance and activism in traditional employment are now relatively well under-
stood and tend to follow recognizable patterns. Organizational responses have therefore
not only formalized over time, alongside evolving conflict management philosophies
and detection approaches (Currie et al., 2017; Lewin, 2001), but are also compliant with
established employment frameworks. They may be most commonly tied to direct mana-
gerial intervention, grievance processes involving optional mediation, disciplinary pro-
cedures (e.g., written warnings, suspensions, discharges) involving arbitration if
sanctions are challenged, HR interventions in line with organizational directives (e.g.,
open-door and “speak-up” policies), and bargaining processes for collective concerns
(Currie et al., 2017; Greer and Labig, 1987; Griffin et al., 1986; Vardi and Weitz, 2003;
Wheeler, 1976). In comparison, we posit that DLPs operate as adaptive socio-technical
systems (Pulignano et al., 2024) with the capacity to continuously recalibrate managerial
mechanisms, often by algorithmically adjusting organizational constraints.

This embodies a distinctive form of “governance” (Vallas and Schor, 2020) where the
rationale, consistency, and timing (cause and effect) (Greer and Labig, 1987) of changes in
these organizational constraints are blurred by the DLPs’ experimentation logics, which
emerge from ongoing organizational sensemaking. This implies that workers’ algoactivism
is not met with one-off organizational responses but with ongoing algorithmic modifica-
tions that continually reshape working conditions. These recursive dynamics are not
reflected in existing analyses of algorithmic control (Duggan et al., 2023; Kellogg et al.,
2020), whereby power asymmetries are perpetually reinforced, with workers often, and
inadvertently, becoming producers of their own algorithmic control structures. For exam-
ple, when couriers collectively rejected orders to trigger surges (fee increases), DLPs
responded by implementing fee ceilings that constrained earning potential for all workers.
Similarly, GPS spoofing led to more invasive location monitoring even for compliant
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Duality of AM

Algorithmic Management

(AM)
Changes / Involves
maintains ! Recursivity is not open-ended
(Re)design by the platform
involves Algorithmic input,
Organizational processes, and output
sensemaking

(Noticing-Framing-Acting)

! Interpretive flexibility shrinks over time

Triggers Enable and restrain

Worker agency

e.g., Algoactivism to reclaim
autonomy & value

Figure |. Mutual shaping of AM.
Developed and adapted from Meijerink and Bondarouk (2023).
AM: algorithmic management.

workers. This demonstrates how certain acts may trigger system-wide constraints. In this
sense, the recursive development of AM could reduce interpretive flexibility and compress
worker agency over time (Doherty et al., 2006) (see Figure 1).

Recursive dynamics, therefore, expose the limits of algoactivism, an aspect that has
received limited attention in the literature. Research has largely focused on workers’
accounts of success and their ingenuity in devising algoactivist acts (Anwar and Graham,
2020), including the emancipatory benefits and opportunities for self-care these acts may
offer (McDaid et al., 2023). Seldom questioned is whether such acts enable workers to
exert influence that leads to lasting improvements in working conditions, rather than
temporary concessions. This study offers two noteworthy observations on this matter by
demonstrating how platform governance (cf. Vallas and Schor, 2020) can absorb and has
the potential to adapt to workers’ algoactivism by leveraging these acts as a recursive
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input for the systems’ evolution rather than treating them as a breakdown of labor-man-
agement dynamics.

First, echoing Joyce and Stuart (2021: 177) who suggest that “platform management
is not overthrown, but neither does it run without frictions caused by workers’ deliberate
actions,” we note that workers’ algoactivism linked to experimental stress-testing of AM
may generate “hidden” value for DLPs. This arises because the gaps workers exploit are
also those that are subsequently identified and closed by the DLPs by refining their AM
practices. In this regard, analyses of platform work that privilege algorithmic control
alone fail to account for the co-constitutive dynamics of control and agency, which shape
the continuous evolution of AM (Joyce and Stuart, 2021). While the resultant recursive
dynamics mean that algoactivism, rather than being emancipatory (McDaid et al., 2023),
often functions as an unwitting form of free labor for DLPs, where workers effectively
test and debug the AM systems that govern them. Arguably, this marks a fundamental
shift in how worker resistance and activism are organizationally perceived and processed
in platform work settings, particularly in how algoactivism reflects workers’ informal
involvement in shaping AM practices and their contribution to organizational innovation
(Courpasson et al., 2012).

Second, we contemplate that outcomes for workers are conditional, alluding to the
effectiveness of workers’ algoactivism. It may result in genuine improvements for work-
ers or, alternatively, trigger tighter controls, depending on DLPs’ approach, responsive-
ness, and the visibility of worker actions. For instance, when workers make a public
declaration of strike action, DLPs—although not bound by employment relations frame-
works or laws (yet)—may sometimes choose to engage in dialogue or selectively con-
cede to worker demands to safeguard longer-term objectives (Joyce and Stuart, 2021).
Whereas any attempts by workers to “game” the system, or their engagement in acts that
are deemed “fraudulent” and potentially disrupt the DLPs’ performance or ability to
fulfill orders, might be more than often met with countermeasures that affect all. These
likely asymmetric outcomes for workers enable us to further refine and enrich Meijerink
and Bondarouk’s (2023) conceptualization of the duality of AM through a more nuanced
understanding of “mutual shaping” of work algorithms and AM (Jarrahi et al., 2021).

Practical implications

Algoactivism by platform workers reveals their capacity to affect work conditions in the
short term, demonstrating notable agency, but within the constraints imposed by the
DLPs’ AM. However, given how these acts are unevenly executed and often speculative,
they can inadvertently and temporarily introduce new or reinforce existing inequalities,
disadvantaging workers who might not be engaging in such acts—an outcome also high-
lighted in manager accounts. Therefore, workers may benefit from recognizing the unin-
tended consequences of certain algoactivist acts, while considering how they could
impact their collective power to influence long-term structural conditions. Workers may
need to weigh whether covert, individual acts better serve their long-term interests, as
these can evade detection for longer but offer limited collective benefit. Alternatively,
they may consider collective action, such as strikes, consequences of which, while finan-
cially negligible for DLPs, may be more effective in securing dialogue and concessions
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as our study shows, than individual acts which tend to trigger system-wide constraints
affecting all workers.

We also note that DLPs’ capacity to absorb and recalibrate their AM in response to
workers’ algoactivism in a variable manner carries significant legal and regulatory implica-
tions. Given the evolutionary character of AM, a need for appropriate oversight emerges
from our findings. While regional bodies such as the European Union have been experi-
menting with regulatory instruments by setting guidelines (Council of the European Union,
2024), these efforts might need to be extended given the transnational presence of some
DLPs. This could mean developing a set of internationally harmonized “auditable” stand-
ards that establish the baselines for transparency, accountability, and fairness, which man-
date DLPs to undergo regular audits to ensure compliance (Susskind and Susskind, 2022).
This may also require suitably qualified and resourced audit firms/bodies with the techni-
cal, legal, and ethical capacity to evaluate complex algorithmic systems.

This study equally carries important implications for management practices in the
digital landscape of work. Foremost, DLPs need to recognize the role of workers’ algo-
activism in driving organizational innovation. Such awareness could encourage DLPs to
voluntarily employ a more participatory governance approach when it comes to optimiz-
ing their AM systems. We highlight organizational benefits in terms of cost savings and
resources that DLPs allocate to manage algoactivism and infer that there is significant
potential for these platforms to deepen their engagement with worker voices and con-
structively leverage worker experiences to evolve their algorithmic practices in a way
that fosters sustainable and inclusive organizational growth and mutually beneficial
outcomes.

Limitations and future research

We conclude by discussing the limitations of this study and noting future research direc-
tions that could advance our work. This paper is among the very few empirical studies to
investigate the DLP perspective. Given the challenge of accessing this underrepresented
stakeholder due to the proprietary nature of their work, we were pragmatic in our
approach and used a convenience-based, purposeful sampling strategy (Patton, 2015).
Although we acknowledge the potential limitations of this sampling method, including
the risk of response bias from relying solely on interviews as our data source, we observed
notable convergences in DLP experiences and approaches that offer credibility to our
study findings, while also capturing diverse perspectives from multiple platforms on an
organizationally sensitive topic.

Future research could build on our study, adopting a longitudinal case study approach,
using different data sources (e.g., company policies and reports, where access is granted)
to gain a thorough understanding of “organizational choice” (Pulignano et al., 2024), and
how individual DLPs adapt their AM systems and processes in reaction to workers’ algo-
activist acts over time. This could provide greater insights into the temporal dynamics of
how DLPs notice, frame, and act toward algoactivism. Such an approach would also
allow for a more in-depth examination of the recursive nature of AM and its associated
outcomes, revealing how DLPs adjust their policies and practices. By examining repeated
cycles, we could gain insights into how AM evolves in tandem with organizational strat-
egies, priorities, and resources.
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In addition, we recognize that diverse regulatory environments, cultural norms, and
market conditions influence how platform managers respond to workers’ algoactivist
acts. Future research could design a multi-context case study, providing insights into
how DLPs’ AM practices vary across institutional contexts (Meijerink et al., 2021). We
recommend the inclusion of worker perspectives for triangulation and comparative
designs, which could offer valuable insights by exploring different types of platform
work in more depth, identifying common patterns and divergences in how DLPs operate
and adapt their AM practices in reaction to workers’ algoactivism across different con-
texts and sectors.

More broadly, as AM systems mediate managerial sensemaking, organizational schol-
ars could examine how data, metrics, and algorithmic signals shape organizational know-
how and decision-making. This calls for greater attention to the socio-technical processes
through which algorithms and AM produce organizational realities and redistribute and
reconfigure control and accountability. Addressing these dynamics may require engage-
ment with theoretical perspectives and methodological approaches that are capable of
capturing these evolving forms of managerial judgment.
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through which workers can influence surge pricing or produce strike-like effects (Cameron,
2024; Joyce et al., 2023).

2 Wi-Fi networks and cellular tower triangulation can establish the presence of an individual at
a given location by utilizing data and signals that are generated. For example, when a work-
ers’ mobile device connects to a cellular network, DLPs can determine the workers’ approxi-
mate location based on signal strength on the device. Similarly, if the worker is connected to a
Wi-Fi network, their device is assigned an IP (Internet Protocol) address, which is associated
with a specific geographical region based on the Wi-Fi network’s location and can therefore
provide an estimate of the workers’ location.

3 Location-based DLPs in food/grocery delivery often use dynamic pricing models based on
demand and supply conditions (Mendonga and Kougiannou, 2023). For example, if fewer
delivery workers are available in an area, the platform might increase the fee per order to
incentivize more couriers to work in that location or come online. Groups of workers can
game this feature by deciding to reject orders or coordinating log offs (i.e., temporarily going
offline) in a specific area, creating the illusion of low courier supply (Joyce et al., 2023). This
triggers the algorithm to increase the order fee, after which the workers log back on, to take
advantage of the higher payouts. By setting fee caps/ceiling, platforms reduce the effective-
ness of this specific worker act.
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