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Abstract. We study how to design and sequence incentives for platform workers using field evidence from a large on-demand
delivery platform. Incentives are expensive and widely used, yet most work evaluates one scheme at a time and overlooks how
past contracts shape current responses. In collaboration with the firm, we conducted a two-month switchback experiment in 30
expansion regions and three worker tiers. Each region cycled through weekly contracts from a 2 by 2 family that varies along two
dimensions: whether incentives target completed orders versus online hours, and whether they operate at daily versus multi-day
streak horizons. Using worker-day and order-level data, we estimate incremental supply hours and incremental cost per supply hour
by region cluster, worker tier, incentive type, and incentive sequence. Hour-based guarantees are generally more cost efficient than
order-based bonuses, but the ranking varies systematically across markets and worker tiers. We also document history dependence:
the same contract yields different responses depending on the incentive used in the previous week. These results provide guidance

for platforms on both which incentives to offer and how to phase them over time.
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1. Related Literature
This paper studies how a platform should design and sequence incentives when workers respond
not only to the current contract, but also to the state created by previous contracts. The setting
is a food-delivery platform where riders self-schedule, decide how long to remain active, and
choose how selectively to accept assignments. The platform’s incentive problem is therefore both
operational and behavioral. Operationally, incentives are used to acquire capacity in the right market
and time window. Behaviorally, incentives can alter routines, earnings expectations, and progress
toward goals, making the response to a contract history-dependent. Methodologically, these same
dynamics imply that a standard current-treatment comparison may not answer the platform’s policy
question when the policy object is a sequence of contracts.

Our paper contributes to four streams of research: incentive design and labor supply in flexible
work, behavioral responses to nonlinear and intertemporal incentives, learning and adaptation in
repeated work environments, and experimentation in platforms with interference and temporal

carryover.

1.1. Incentive design and labor supply in flexible platform work
A central challenge in on-demand platforms is that labor supply is not a fixed input. Workers decide

when to participate, how long to work, and how much effort or selectivity to exert conditional on



Sinchaisri: Designing and Sequencing Incentives for Gig Workers
2 Working Paper

being active. This distinguishes platform capacity management from settings where the firm directly
schedules labor. In ride-hailing and delivery markets, workers value flexibility and respond to
short-run earning opportunities, but these responses are heterogeneous and shaped by institutional
features of the platform (Hall and Krueger 2018, Chen etal. 2019, Mas and Pallais 2017). Operations
models of self-scheduled capacity similarly emphasize that platforms use prices, pay, and other
instruments to bring supply into alignment with time-varying demand (Cachon et al. 2017, Chen
and Sheldon 2016, Bimpikis et al. 2019, Ma et al. 2022). Recent empirical work shows that even
seemingly operational details, such as payment timing, can change labor supply, underscoring that
the relevant contract is not only the expected level of compensation but also how compensation is
structured over time (Chen et al. 2025).

The incentive-design literature provides a foundation for why contract form matters. Performance-
pay contracts can increase productivity by linking rewards to output, but they also change sorting,
effort allocation, and distributional outcomes (Lazear 2000, Shearer 2004, Bandiera et al. 2007).
Nonlinear contracts create thresholds and notches that can induce target-hitting behavior and
bunching near eligibility cutoffs (Oyer 1998, Saez 2010, Kleven and Waseem 2013). These insights
are directly relevant to platform incentives, where bonuses often require riders to complete a
minimum number of orders, work a minimum number of hours, or maintain performance across
multiple days.

Our contribution to this stream is to separate two contract primitives that are often bundled in
practice. The first is the qualification metric: whether the contract rewards availability, such as
online hours, or throughput, such as completed orders. The second is the reward horizon: whether
the contract resets quickly or creates state dependence through streaks or multi-day requirements.
This distinction matters because the same monetary value can activate different behavioral mar-
gins. Hours-based incentives primarily purchase presence. Orders-based incentives also change
the return to accepting marginal assignments. Streak-based incentives create continuation value
because current qualification changes the value of future participation. By organizing common plat-
form incentives around these primitives, we provide a tractable framework for comparing contracts

that are operationally familiar but behaviorally distinct.

1.2. Behavioral responses to reference points, goals, and progress
A second stream of work shows why workers may respond to the path of incentives rather than only
to contemporaneous marginal pay. Reference-dependent preferences imply that individuals evaluate

outcomes relative to an endogenous benchmark, with losses relative to the benchmark weighted
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more heavily than comparable gains (Kahneman and Tversky 1979, Tversky and Kahneman 1992,
Kd&szegi and Rabin 2006, Rabin 1998). In labor supply, this mechanism has been used to explain
income targeting and state-dependent work decisions among taxi drivers (Camerer et al. 1997,
Crawford and Meng 2011, Farber 2015, Goette et al. 2004). Although the empirical debate in
that literature concerns the magnitude and interpretation of daily income targeting, the broader
implication is important for platform incentives: recent earnings can become a benchmark against
which future work opportunities are evaluated.

This mechanism creates a natural reason why incentive sequences can matter. A generous
predecessor contract may increase current activity, but it can also raise the earnings reference point
for the next contract. If the successor is less generous or more uncertain, workers may evaluate it
as a disappointment even if its absolute expected value is positive. We refer to this as a paydown
channel: the platform must pay down an elevated reference point created by its own prior incentive.
This channel differs from standard incentive effects because it is not a property of the current
contract alone. It depends on the comparison between the current contract and the worker’s recent
experience.

Goal pursuit provides a second behavioral foundation for dynamic responses. Goal-setting theory
emphasizes that explicit goals can focus attention and increase persistence (Locke and Latham
2002). The goal-gradient literature further shows that effort can accelerate as agents approach a
reward threshold (Hull 1932, Kivetz et al. 2006, Nunes and Dreze 2006), while effort may be weakest
when agents are psychologically distant from both the starting point and the goal (Bonezzi et al.
2011). Related work on temporal landmarks shows that calendar boundaries can affect initiation and
re-engagement (Dai et al. 2014, 2015). More recently, evidence on streaks shows that consecutive-
success structures can increase persistence and that broken streaks can affect subsequent decisions
(Silverman and Barasch 2023, Silverman et al. 2023, Mehr et al. 2025).

Our horizon dimension is grounded in this literature. Daily contracts are memoryless within the
week: qualification today does not affect tomorrow’s eligibility value. Streak contracts are state-
dependent: qualification today changes progress toward a later payout. The model formalizes this
force through a progress premium, the incremental continuation value of qualifying today. This
yields a sharp empirical prediction that is absent from static labor-supply models: under streak
contracts, effort and participation should vary with progress toward completion, whereas reset

contracts should not generate the same within-week gradient.
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1.3. Learning, routines, and adaptation in repeated platform work

Workers on platforms also learn and adapt. The organizational learning literature frames repeated
decision-making as a tradeoff between exploration and exploitation (March 1991, Posen and
Levinthal 2012). Empirical work shows that performance incentives and goals can shape exploration
choices (Lee and Meyer-Doyle 2017, Raveendran et al. 2023), while cognitive-science evidence
shows that individuals use both directed and random exploration in sequential choice tasks (Wilson
et al. 2014, Schulz and Gershman 2019). In platform work, learning can occur along multiple
dimensions: where demand is high, which time windows are attractive, how to evaluate assignments,
and how to combine platform work with other obligations.

This stream is relevant because it suggests another source of history dependence. A contract that
induces participation today may expose workers to information that changes their productivity or
willingness to work tomorrow. Algorithmic decision-support research similarly shows that interven-
tions can shape human sequential decisions beyond the period in which advice or recommendations
are provided (Bastani et al. 2025). In gig work, prior evidence indicates that worker behavior
reflects both economic incentives and behavioral frictions, including inertia and adaptation (Allon
et al. 2023). Related work on multihoming further emphasizes that worker participation depends on
outside options and cross-platform opportunities, which can make retention and sequencing central
to platform strategy (Allon et al. 2025).

Our baseline theory focuses on two parsimonious inherited states: a participation friction and an
earnings reference point. The participation friction captures routines, habit formation, and platform-
specific familiarity in reduced form. The earnings reference point captures adaptation in earnings
expectations. We treat learning as an important alternative mechanism rather than embedding it as
a third primitive in the baseline model. This choice keeps the theory disciplined while preserving
an empirical role for learning: if sequence effects are stronger among less experienced workers,
persist after recovery periods, or operate through productivity rather than participation and earnings

intermediates, learning becomes a plausible complementary explanation.

1.4. Marketplace interference and switchback experimentation

A final challenge is methodological. Marketplace experiments often exhibit interference because
treated and untreated users interact through common prices, queues, congestion, and matching
mechanisms. In two-sided markets, individual-level randomization can therefore produce biased
estimates of the policy effect that would arise if the intervention were deployed market-wide (Blake

and Coey 2014). This issue is especially salient in delivery platforms: incentives assigned to one
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group of riders can change the order pool, wait times, and earnings opportunities faced by other
riders. For this reason, platforms often randomize policies at the market-time level rather than the
individual level.

Switchback experiments provide a leading framework for such settings. In a switchback design,
an aggregate unit, such as a market, is sequentially exposed to different treatments over time.
This design is well suited to platform operations because it respects marketplace-level interference
while generating repeated experimental variation (Bojinov and Shephard 2019, Bojinov et al. 2021,
2023). Recent work develops optimal designs and inference under carryover, surrogate adjustment,
data-driven design, forward-looking demand, and decision-oriented objectives (Chen and Simchi-
Levi 2025, Xiong et al. 2024, Wu et al. 2024, Ni 2025). Related work on long-term treatment
effects studies how short-term experiments can inform persistent effects when outcomes evolve
after treatment exposure (Huang et al. 2023, Tran et al. 2024).

We build on this literature but ask a different question. In much of the switchback literature,
carryover is a threat to estimating a current-treatment effect: past treatments contaminate current
outcomes, and the design seeks to control, bound, or exploit that dependence for more efficient
estimation. In our setting, carryover is also the object of interest. The behavioral model predicts
that prior contracts change the state of the workforce, and the platform’s decision is inherently
sequential: which contract should be deployed after which predecessor? The relevant estimand
is therefore not only the average effect of a current contract, but the sequence-specific mean,
namely the outcome under a predecessor-successor pair. Our design contribution is to connect a
behavioral model of state formation to a history-aware switchback design that creates support for

the predecessor-successor contrasts needed to evaluate incentive sequences.

1.5. Positioning and contribution

Taken together, the prior literature establishes that platforms can shape flexible labor supply through
incentives, that nonlinear and progress-based rewards can generate behavioral state dependence,
and that marketplace experiments require designs that respect interference and time dynamics.
What remains less understood is how these forces interact when platforms rotate a portfolio of
incentives over time. In practice, a platform rarely asks only whether one contract is better than
another in isolation. It asks whether an hours guarantee should precede an orders bonus, whether a
streak contract should be followed by a reset contract, and whether the answer differs across market

conditions and worker segments.
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This paper addresses that gap in three ways. First, we develop a behavioral operations model
that organizes platform incentives along two primitives, qualification metric and reward horizon,
and shows how these primitives activate distinct margins of worker behavior. Second, we show
that predecessor contracts can affect successor performance through two opposing state variables:
routine formation lowers future participation frictions, while reference-point adaptation raises the
earnings benchmark that future contracts must satisfy. This yields dynamic complementarity and
possible ranking reversals, so the best successor contract depends on the predecessor-induced state.
Third, we implement a history-aware switchback experiment in a large delivery platform, rotating
a two-by-two family of incentives across 30 regions and multiple worker tiers. The design links
theory to practice by estimating sequence-specific responses, not only contemporaneous treatment
effects. The result is evidence on both which incentive structures work and how they should be

phased over time.

2. Setting: On-Demand Food Delivery in Thailand

We study incentive design on a large on-demand food delivery platform in Thailand. The platform
matches consumers and restaurants with a flexible fleet of riders who decide when to work, how
long to remain active, and which assignments to accept. These decisions are central to service
performance. Demand varies sharply across hours, days, weather conditions, and local markets,
while rider supply is self-scheduled and costly to acquire precisely when demand is highest. The
platform therefore relies on short-horizon incentive contracts to manage capacity, stabilize service
levels, and encourage rider availability during operationally important windows.

Thailand is a useful setting for studying this problem for two reasons. First, the economic
structure resembles other large delivery markets. Platforms operate two-sided marketplaces with
time-varying demand, algorithmic dispatch, geographically localized matching, and independent
riders who retain discretion over their work. Public reports describe the Thai food-delivery sector as
alarge and competitive market organized around a small number of major platforms, similar in broad
structure to other concentrated delivery markets (Thairath Money 2024, Momentum Works 2024).
Second, the setting has institutional features that make incentive responses especially informative.
Deliveries are predominantly completed by motorbike in dense urban and peri-urban environments,
where travel-time uncertainty, weather exposure, and local route knowledge are operationally
important. In addition, switching platforms within a shift appears less frictionless than in settings
where workers can simply keep multiple apps open and reallocate attention continuously. Platform-

branded equipment, onboarding routines, market-specific operating practices, and eligibility rules
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can make same-day switching costly. These frictions strengthen the link between the focal platform’s
incentive policy and realized within-platform labor supply.

The setting is therefore well suited to our research question. Incentives are consequential because
the platform must acquire capacity from workers it does not directly schedule. At the same time,
incentive effects may be dynamic because riders repeatedly face platform contracts, accumulate
recent earnings experience, and respond to progress toward thresholds. The platform’s problem is
not only which incentive contract increases supply in a given week, but how contracts should be

sequenced when this week’s policy changes the workforce state encountered by next week’s policy.

2.1. Platform operations and rider decisions

The platform operates a dispatch-based delivery workflow. When a rider is active, the platform
surfaces delivery opportunities through its matching system. Each assignment is associated with
pickup and drop-off locations, expected travel and waiting time, and compensation information.
The rider then decides whether to accept. After acceptance, the rider completes pickup and delivery,
and the platform records timestamps, distance, completion outcomes, and pay components.

This workflow creates three behavioral margins. The first is participation: whether the rider
logs on at all during a day or week. The second is availability: how long the rider remains
online and whether that availability overlaps with peak demand windows. The third is acceptance
selectivity: conditional on being online, how willing the rider is to accept dispatched assignments.
These margins are operationally distinct. Increasing participation expands the active labor pool.
Increasing online time improves coverage, especially during peak periods. Increasing acceptance
can raise completed orders conditional on active supply, but may also expose riders to less attractive
assignments and interact with congestion, distance, and waiting time.

This multi-margin structure is the reason contract form matters. A contract that rewards online
hours directly targets availability. A contract that rewards completed orders targets realized through-
put and therefore also affects acceptance behavior. A contract with a daily reset targets current-
day behavior. A contract with multi-day requirements creates continuation value because today’s
qualification can preserve eligibility for a later payout. The experiment is designed around these

distinctions.

2.2. Incentive contracts in the field setting
The platform’s incentive menus can be organized along two primitives: the qualification metric and

the reward horizon. The qualification metric determines what behavior makes a rider eligible for
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a bonus. In availability-based contracts, eligibility depends on online hours. In throughput-based
contracts, eligibility depends on completed orders. The reward horizon determines whether quali-
fication is rewarded immediately or affects future payout opportunities. Reset contracts determine
eligibility within a short window, typically a day. State-dependent contracts condition payout on
progress across multiple days or segments within a week.

Crossing these primitives yields the four contract families studied in the experiment. Daily Hours
(DH) rewards availability within a day. Daily Orders (DO) rewards completed orders within a day.
Streak Hours (SH) rewards repeated satisfaction of hours requirements over a week, sometimes
with mandatory high-demand days. Streak Orders (SO) rewards repeated satisfaction of order
requirements over segmented windows within a week. A no-incentive condition provides a baseline
in which riders receive standard compensation but no additional region-specific incentive.

The operational implementation is richer than this taxonomy but maps cleanly into it. Hours-
based incentives typically require both total online hours and peak-window online hours, reflecting
the platform’s need to acquire capacity when demand is most valuable. Orders-based incentives
use tier-specific order thresholds, reflecting the platform’s goal of increasing completed service
rather than merely online presence. Streak-style incentives create within-week state dependence.
Under SH, qualification on one day can preserve progress toward a weekly payout, especially when
mandatory days remain. Under SO, the week is divided into segments, and riders earn bonuses by
satisfying daily order requirements throughout each segment. In both cases, current qualification

changes the value of future participation.

2.3. Rider tiers and target calibration

The platform assigns riders to performance tiers based on recent activity and performance. In the
experiment, we refer to these tiers as low, mid, and top. Thresholds and payouts vary by tier so
that targets remain attainable for less active riders while remaining meaningful for highly active
riders. This tiering is operationally important because the same contract family can imply different
effective difficulty across rider segments. A daily order target that is routine for a top-tier rider may
be demanding for a lower-tier rider; a streak requirement that creates useful persistence for one
segment may be discouraging for another if the target is perceived as unattainable.

For this reason, rider tier is not merely a control variable. It is part of how the platform implements
incentive design. In the empirical analysis, we distinguish pre-experiment tier heterogeneity from
endogenous changes in activity that may occur after treatment. The tier structure also provides a
natural way to test whether contract primitives operate differently when thresholds are more or less

attainable.
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2.4. From setting to experimental variation
The field setting motivates two design choices. First, the experiment varies contract structure rather
than only incentive generosity. The four treatment families isolate the metric and horizon dimensions
that are central to platform operations and to the behavioral model. Second, the experiment varies
contracts at the region-week level. Riders in the same local market interact through a common pool of
orders and matching opportunities, so individual-level randomization would alter the environment
faced by both treated and untreated riders. Region-week assignment instead matches the platform’s
operational decision: which incentive menu to post in a given market and week.

The next sections formalize these ideas. The model shows why metric and horizon activate
different behavioral margins, and why predecessor contracts can shape successor responses through
inherited worker states. The experimental design then implements these theoretical requirements

by rotating the four contract families and a no-incentive baseline across regions and weeks.

3. Model Revised

The setting in §2 highlights three features that a model of platform incentives must capture. First,
workers respond along multiple margins: they decide whether to participate, how long to remain
online, and how selectively to accept assignments. Second, incentive contracts differ in what they
reward. A contract based on hours primarily rewards availability, whereas a contract based on
completed orders rewards realized throughput and therefore changes the return to accepting marginal
assignments. Third, platform incentives are not one-shot interventions. Workers repeatedly face
contracts over time, and prior contracts can change the behavioral state with which they encounter
later contracts.

We build a parsimonious model around these features. Contracts are characterized by two prim-
itives: a qualification metric, which determines what behavior makes a worker eligible for a bonus,
and a reward horizon, which determines whether current qualification is rewarded immediately or
changes the value of future participation within the cycle. Prior contracts affect future responses
through two inherited states: a participation friction K; and an earnings reference point r,. The first
captures routine formation and reactivation costs; the second captures reference-point adaptation.
The model does not attempt to structurally estimate the psychological primitives underlying these
states. Instead, it uses them to derive which incentive sequences should be informative, when static
contract rankings can fail, and why the experiment must estimate predecessor-successor responses

rather than only current-treatment effects.
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3.1. Worker decisions and output

Time is divided into contract cycles # = 1,2, each consisting of D subperiods indexed by d =
1,...,D. In the field experiment, a cycle is a week and a subperiod is a day. The platform posts a
contract z; € Z at the start of cycle 7. The contract applies uniformly to all eligible workers in the
market during that cycle.

A worker enters cycle ¢ with inherited state
Q; = (K, 1),

where K; is a participation friction and r; is an earnings reference point. In each subperiod d, the
worker chooses participation x;4 € {0, 1}, online hours 4,4 > 0, and acceptance intensity a4 € [0, 1].
The variable a,; summarizes the worker’s willingness to accept dispatched assignments, with larger
values corresponding to lower selectivity. If x;; = 0, then ;4 = 0.

Conditional on participation, completed orders are stochastic:

Qra ~ F (s tia), Hed = Orahiaasa, (1

where 6,, > 0 captures market conditions, including demand intensity, matching ease, traffic con-
ditions, and local order availability. The family F(-; i) is first-order stochastically increasing in u.

For an order threshold Q, let

Ag(h,a,6;0) =Pr(Q1q > Q | u=6ha)

denote the probability of attaining the threshold. We assume Ag is increasing in A, a, and 6, and
has increasing differences in (a,8). This condition captures the operational fact that increasing
acceptance intensity is more valuable when the market provides enough demand for accepted
assignments to translate into completed orders.

Worker earnings in subperiod d are

Yia = p1aQia + 7 (Sta, Xid» d), (2)

where p,, is baseline pay per completed order, y;; € {0, 1} is the contract-specific qualification
indicator, s,y is the within-cycle progress state, and 7, (-) is the incentive payout rule.

Per-subperiod utility is

utd(2) = Xtq [E{Yia — A(rs = Yia)+ } — Ki — ¢(hya) — hrag(asa)] s 3)
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where A > 0 is the loss-aversion parameter, c(-) is the disutility of online time, and h;yg(a;q) is
the cost of accepting less attractive work. The functions ¢ and g are continuously differentiable,
increasing, and convex, and the feasible choice set is compact.

The reference-dependent term follows the idea that workers evaluate earnings relative to an
endogenous benchmark rather than only in levels (Kahneman and Tversky 1979, K8szegi and Rabin
2006). In the present setting, this benchmark is shaped by prior platform experience. A predecessor
contract that raises recent earnings can therefore make a later contract less attractive, even if the

later contract is valuable in absolute terms.

3.2. Contract primitives
A contract z € Z consists of a qualification metric, a reward horizon, and contract parameters such
as thresholds, bonus amounts, peak-hour requirements, mandatory days, and tier-specific eligibility

rules. We focus on two qualification metrics and two reward horizons.

Definition 1 (Qualification metric) A contract is availability-based if qualification depends on

online hours. In the simplest case,

XZ[ =1{hyy > H}.
A contract is throughput-based if qualification depends on completed orders:
Q — 1 > 9
X[d {Qtd = Q}'

Definition 2 (Reward horizon) A contract has a reset horizon if payout depends only on current-

subperiod qualification:
m.(s, x.d) =b(2)x.
A contract has a state-dependent horizon if current qualification changes a progress state,
St.d+1 = Tz(std’Xtd, d),
and thereby changes payout opportunities in later subperiods of the same cycle.

Crossing these two primitives yields the four incentive families used in the field experiment:

Reset horizon State-dependent horizon

Availability metric Daily Hours (DH) Streak Hours (SH)
Throughput metric Daily Orders (DO) Streak Orders (SO)
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The metric dimension determines which behavioral margin the contract directly activates.
Availability-based contracts reward presence. Conditional on being online, the bonus does not
directly depend on accepting a larger share of assignments. Throughput-based contracts reward
conversion. Raising acceptance intensity increases the probability of meeting an order threshold,
and this marginal value is larger when market conditions are favorable. The horizon dimension
determines whether qualification is memoryless within the cycle. Reset contracts reward current
qualification in isolation. State-dependent contracts create continuation value because qualification

today changes the value of future participation.

3.3. Within-cycle progress value

The worker’s value from subperiod d onward is

Va(Ki, 14, 81452) = Ecnlflg {utd(Z) +BE [Vd+l(Kz,”z, St.d+152) | S1a> h, a] } ) “4)

with terminal value normalized to zero after subperiod D. The incremental expected value of

qualifying in subperiod d at progress state s is

Ag(s;z2) =m,(s,1,d)—m,(s,0,d)
+ﬂE [Vd+1(Kl‘7 rl,TZ(S, l,d),Z) - Vd+1(Kt7 rlaTZ(S,()’ d),Z)] . (5)

We refer to Ay(s;z) as the progress premium. Under a reset contract, the continuation term is
zero and the progress premium equals the immediate bonus. Under a state-dependent contract, the

continuation term can be positive because qualification advances the worker toward a future payout.

Assumption 1 (Progress premium) For any state-dependent contract z, the transition rule
T,(s, x,d) is weakly increasing in s and y. In addition, the continuation value gain from qualifying

is weakly increasing in current progress:
Var1 (K, 7, T;(s,1,d);2) = Vas1 (K, 7, T;(5,0,d); 2)
is weakly increasing in s.

Assumption 1 captures the goal-gradient logic underlying streak contracts. When a worker is
close to completing a streak or segment, qualifying today can be especially valuable because it
preserves eligibility for a later reward. The assumption generates a within-cycle prediction: under
state-dependent contracts, effort and participation should increase with progress toward completion,
whereas reset contracts should not exhibit the same progress gradient. The appendix verifies the
condition in a canonical streak environment and the empirical analysis tests the corresponding

within-week pattern.
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3.4. Cross-cycle state transitions

Sequencing enters because current contracts affect states that persist into the next cycle. Let

D

Ni(z) =B | ) xiy(2)

d=1

denote expected active subperiods under contract z, and let
1 D
V(2= HE| D V()
d=1
denote expected mean earnings per subperiod. The inherited states evolve according to
K1 = @(Ky, Ni(z1)), Tt+1 :T(”t,Yt(Zz))~ (6)

Assumption 2 (State transitions) The function ® is weakly increasing in K, and strictly decreas-

ing in N;(z;). The function Y is weakly increasing in both arguments and strictly increasing in

Yt(zt)-

The transition for K; captures a routine channel. Recent participation lowers future activation
costs, either because working becomes more habitual or because workers accumulate platform-
specific knowledge about routes, demand windows, and operating routines (Wood and Neal 2007,
Allon et al. 2023). The transition for r, captures a paydown channel. Higher recent earnings raise
the benchmark against which later contracts are evaluated, so a successor with lower or more
uncertain earnings is more likely to fall below the inherited reference point (K&szegi and Rabin

2006, Camerer et al. 1997, Crawford and Meng 2011).

Assumption 3 (Monotone successor response) For every successor contract z, the market-level

outcome functions N (K,r;z), H(K,r;z), and Q(K,r;z) are weakly decreasing in both K and r.

Here N(K,r;z), H(K,r;z), and Q(K,r;z) denote aggregate participation, online hours, and
completed orders under successor contract z, evaluated at inherited state (K, r). These functions
aggregate optimal worker choices over the distribution of riders in a region-week. Assumption 3
states that higher activation frictions and higher earnings reference points weakly reduce the

response to any successor contract.
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3.5. Platform objective

The platform’s one-cycle payoff from posting contract z; in state (K, r;) is
I, (K, 715 20) = Ry (H (K, 743 20), Q(Ky, 143 20)) — C(Ky, 13 21)

where R,(+) is the gross value of acquired availability and completed service, and C(-) is expected
incentive cost. The two-cycle design problem is

max_{I1(Ky,r1;21) + 0B [I12(K2, r2;22)] }

21,226

where (K3, ;) is induced by the predecessor contract through (6).

This problem illustrates why a platform cannot generally rank contracts by contemporaneous
performance alone. A contract may generate high output in the current cycle but leave the platform
with an elevated reference point that weakens the next contract. Another contract may generate
more modest current output but lower future activation frictions and improve the effectiveness of a
later throughput-oriented contract. The relevant managerial object is therefore not only the effect
of contract z, but the effect of contract z after predecessor z’. The next section formalizes this point

and derives the implications for experimental design.

4. Theory and Design Implications Revised

The model yields two sets of implications. The first concerns contract form: the qualification metric
determines which behavioral margin is directly rewarded, while the reward horizon determines
whether current effort creates continuation value within the cycle. The second concerns sequencing:
because contracts change inherited participation frictions and earnings reference points, the effect of
a current contract depends on the predecessor-induced state in which it is implemented. This section
formalizes these implications and shows why they lead naturally to a history-aware switchback

design.

4.1. Contract primitives and behavioral margins
We first compare contracts that differ in their primitives but are evaluated at the same inherited
state. The metric result is about the margin the contract activates. The horizon result is about how

incentives evolve within a cycle.

Proposition 1 (Contract primitive effects) Fix an inherited state (K, r).
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1. Metric. On states where the order threshold is attainable but not guaranteed, a throughput-
based contract adds a bonus-related return to acceptance intensity relative to an availability-
based contract. This incremental return is increasing in market conditions 6.

2. Horizon. Under Assumption 1, the progress premium A4(s; z) is weakly increasing in progress

s for any state-dependent contract and is constant in s for any reset contract.

The metric result clarifies why hours-based and orders-based incentives should not be inter-
preted as interchangeable increases in compensation. Under an availability-based contract, the
bonus depends on time online and does not directly reward accepting marginal assignments. Under
a throughput-based contract, the bonus depends on the probability of clearing an order threshold.
Since that probability is increasing in acceptance intensity and has increasing differences in accep-
tance and market conditions, the throughput contract creates the strongest incremental return to
acceptance precisely in markets where additional accepted assignments are most likely to convert
into completed orders.

The horizon result clarifies why daily and streak incentives are behaviorally distinct even when
they reward the same metric. A reset contract rewards current qualification in isolation. A state-
dependent contract makes current qualification valuable because it changes the worker’s progress
toward a later payout. The resulting progress premium generates a within-cycle prediction: effort
and participation should rise as workers approach completion under state-dependent contracts,

whereas reset contracts should not exhibit the same progress gradient.

4.2. Sequencing through inherited states
We next turn to sequencing. For any predecessor z; and successor z», define the successor-cycle

output as

Q:(z21,22) = Q (®(K1, Ni(21)), ¥ (r1,Y1(21)): 22) -

Analogous notation applies to participation N>, online hours >, and incentive cost C.

Proposition 2 (Sequencing decomposition) Within the baseline model, predecessor effects on

successor-cycle outcomes operate through the inherited states (K»,r). In particular,
Q(z1,22) = Q (P(K1,Ni(21)), ¥(r1,Y1(21)); 22) »

with analogous decompositions for Na, H,, and C.
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This decomposition disciplines the interpretation of history dependence. The predecessor does
not enter the successor response as an unrestricted sequence fixed effect. It matters because it changes
active participation and earnings in the predecessor cycle, which in turn update the participation
friction and the earnings reference point inherited by the successor. This structure yields two
channels. A predecessor that increases participation lowers future activation frictions through
the routines channel. A predecessor that raises earnings elevates future benchmarks through the
paydown channel.

The following definitions organize the main sequencing predictions.

Definition 3 (Sequence classes) Let P C Z denote participation-building predecessors, which
induce relatively high N1(z). Let R C Z denote earnings-setting predecessors, which induce rel-
atively high Y((z). Let T C Z denote throughput-intensive successors, for which a reduction in

participation friction generates a relatively large increase in completed orders.

These classes are not defined by the successor-period outcome being tested. In the empirical
analysis, participation-building and earnings-setting predecessors are classified using predecessor-
period intermediates such as active days and mean earnings, while throughput intensity is tied to the
contract primitive that rewards completed orders and to observed sensitivity of output to inherited

participation.

Lemma 1 (Routine channel) If z4 € P and z8 ¢ P with Ni(z4) > Ni(z5), then, holding the

inherited reference point fixed,
Q:(z4,2) > Q2 (78, 2) for every successor z.

Lemma 2 (Paydown channel) If z4 € R, z8 ¢ R, and Y,(z*) > Y,(ZP), then, holding inherited

participation friction fixed,
Q:(z1,2) <@:(Z8,2) for every successor z,

with strict utility loss whenever A > 0 and the successor exposes workers to positive downside risk,

PI‘(Ytd < rz(ZA)) > 0.

The two channels run in opposite directions. The routine channel is dynamically beneficial: a
predecessor that gets workers to show up lowers the future cost of activation and improves the state

in which the successor is implemented. The paydown channel is dynamically costly: a predecessor
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that raises earnings also raises the benchmark future contracts must satisfy. Hence a contract can
be attractive in isolation but unattractive as a predecessor if it leaves workers with expectations that
subsequent contracts cannot sustain.

For later interpretation, note that the gain-loss component implies

0
8_E [Y-A(r=Y):] =-APr(Y <r). 7)
’
Thus the paydown channel is strongest when the successor’s earnings distribution places substantial

mass below the inherited reference point.

4.3. Sequencing complementarity
The routine channel is especially valuable when the successor can convert a larger active work-
force into completed output. This complementarity is formalized through an increasing-differences

condition.

Assumption 4 (Increasing differences in successor output) The function Q(K,r;z) has increas-
ing differences in (=K, z) with respect to the throughput-intensity ordering. Equivalently, the output

gain from reducing K is weakly larger for successors in T than for successors outside T .

The assumption captures a simple operational idea. A throughput-intensive successor is useful
only if workers are active enough for the acceptance and conversion margins to matter. When
participation frictions are high, few workers are available to respond to the successor. When a
participation-building predecessor has lowered those frictions, a throughput-intensive successor

can convert the active worker base into completed orders.

Theorem 1 (Sequencing complementarity) Let z4 € P and z8 ¢ P with N1(z*) > N1(Z5).
Let 7' € T and z* ¢ T. Under Assumptions 2, 3, and 4, holding the inherited reference point
fixed,

Q (21, 2 - Qo (28,2 = Q. (4, 2H) - Q. (8, D).

Theorem 1 is the core sequencing result. It says that the value of a participation-building
predecessor is larger when the successor is throughput-intensive. The implication is not merely that
history matters. It is that the value of a predecessor depends on what follows, and the value of a
successor depends on the state created by what came before. Contract performance is therefore a

property of sequences, not only of individual contracts.
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4.4. Ranking reversal

The complementarity result implies that static contract rankings can fail. Define
G(K,r)=Q(K,r;z) - Q(K,r;z"),
where 77 € 7™ is throughput-intensive and z ¢ 7 is less throughput-intensive.

Theorem 2 (Ranking reversal) Suppose the conditions of Theorem I hold and Assumption 4 holds
strictly. Let
K'"=K,(z%), K=Ky (zY),

with K" > K'°. If
G(K",r)<0<G(K",r), (8)

then

Q (8,75 > @ (28, 27) and Q7" > Q (24, 2h).
Thus, the ranking of successors reverses across predecessor-induced states.

The reversal condition is substantive and testable. It requires the participation-building predeces-
sor to reduce K enough that the throughput-intensive successor changes from inferior to superior.
When this condition holds, a platform that ranks contracts by average contemporaneous perfor-
mance may choose the wrong contract for the state it faces. The same successor can be ineffective

after a weak predecessor and effective after a participation-building predecessor.

4.5. History-mixture representation
The ranking reversal changes the experimental object. Let Y,,(z’, z) denote the potential outcome
in region ¢ and cycle ¢ when the predecessor contract is z and the current contract is z. Define the

sequence-specific mean

up(z',z) =B [Yer(2',2) | B = b], 9

where B.; = b denotes a design block, such as a calendar week, market stratum, or their interaction.

Assumption 5 (First-order behavioral exposure) For the outcomes studied here, treatment his-

tory is summarized by the predecessor-successor pair:

th(zl:t) = th(Zc,t—l s th)-
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The exposure assumption does not rule out longer-run persistence. Rather, it defines the first-
order behavioral exposure targeted by the experiment. Recovery weeks in the field design reduce

sensitivity to earlier histories and allow empirical checks for longer carryover.
Theorem 3 (History-mixture representation) Let
Wy Izb—Pr(th 1 =z |ZCZ‘_Z’ ct = b)

be the predecessor weights induced by the assignment schedule within block b. Under random

assignment and Assumption 5,

]E[Yé)tbs | Zet=2,Be = Z Wy |zb,ub(Z Z)
7eZ

Theorem 3 shows that a current-treatment mean is a design-weighted mixture of sequence-
specific means. The weights are not structural parameters of the market. They are induced by the
assignment schedule. If u;,(z’, z) varies with 7/, then changing the predecessor distribution changes

the estimand recovered by a current-treatment comparison.

Corollary 1 (Incomplete static ranking) Under the reversal condition in Theorem 2, there exist

predecessor weight distributions for which
E[Y|Z=z"]>E[Y|Z=z"],

and other predecessor weight distributions for which
E[Y|Z=z"]<E[Y|Z=7"].

A design that varies only current treatments identifies an incomplete policy object when the plat-

form’s decision is which sequence to deploy.

This result complements the switchback literature. Existing designs provide rigorous tools for
estimating causal effects when treatment is assigned at a market-time level and outcomes may
depend on recent treatments (Bojinov and Shephard 2019, Bojinov et al. 2021, 2023, Chen and
Simchi-Levi 2025, Xiong et al. 2024, Ni 2025). Our point is substantive rather than corrective.
In incentive sequencing, predecessor history is not only a source of contamination. It is part of
the treatment exposure because prior contracts shape worker states. The policy-relevant object is
therefore uy(z’, z), the performance of a current contract conditional on the predecessor-induced

state.
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4.6. Implications for switchback design
The model implies three requirements for an experiment on incentive sequencing.

First, the treatment menu must vary the contract primitives that theory identifies as behaviorally
distinct. Varying only payout generosity would not separate the availability and throughput mar-
gins, nor would it separate reset incentives from state-dependent incentives. The field experiment
therefore crosses qualification metric with reward horizon.

Second, the assignment schedule must generate support for predecessor-successor pairs. A
sequence-specific mean pp (7', z) is not identified for histories that are never assigned. Full balance
over every ordered pair may be infeasible in a field experiment with limited market-weeks, but the
design should create support for the histories theory predicts to be most informative: participation-
building predecessors followed by throughput-intensive successors, and earnings-setting predeces-
sors followed by modest successors.

Third, assignment should occur at the market-time level. Riders in the same local market com-
pete for a common pool of orders and interact through dispatch and congestion. Individual-level
randomization would alter the environment faced by both treated and untreated riders. Region-week
assignment instead matches the platform’s operating decision and estimates the market-level policy
effect of posting an incentive menu in a given market and week.

The field experiment implements these requirements through a history-aware switchback design.
The design rotates four incentive families, Daily Hours, Daily Orders, Streak Hours, and Streak
Orders, plus a no-incentive baseline, across region-weeks. Each monthly cycle includes a recovery
week followed by two incentive weeks, so the Week-2 contract serves as the predecessor for Week-3
outcomes. Within each incentive week, assignments are balanced across win, swing, and lose market
strata. The design is history-aware rather than fully history-balanced: it is constructed to create the

predecessor-successor contrasts implied by the model, while preserving operational feasibility.

4.7. Empirical predictions
The theory yields five empirical implications.
1. Metric. Throughput-based contracts should generate larger changes in acceptance rates than
availability-based contracts, with the gap increasing in market strength.
2. Horizon. State-dependent contracts should generate within-cycle effort acceleration as workers
approach completion; reset contracts should not.

3. Routines. ForzA e P, 78 ¢ P, and 27 € T,

u(z4, 2% > u(28, 7).
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4. Ranking reversal. The ranking of a throughput-intensive successor z// and a less throughput-

intensive successor z can reverse across predecessor states:
L H .. .
77>z after weak participation predecessors,

while

7~ 7L after participation-building predecessors.

5. Paydown. For 72 e R, 78 ¢ R, and a modest successor z,

u(zt,z2) <u(z?,2),

especially when the successor exposes workers to substantial downside risk relative to the
inherited reference point.

The empirical analysis estimates sequence-specific outcome matrices for online hours, completed

orders, acceptance rates, and incentive cost. It then uses predecessor-week active days and earnings

to assess the routine and paydown channels, and examines learning as an alternative mechanism

using worker experience and persistence through recovery weeks.

5. Experimental Design

The theory in §3 and §4 implies that an informative experiment must do more than compare one
incentive against another. First, the treatment menu must vary the two contract primitives that shape
worker behavior: the qualification metric and the reward horizon. Second, the assignment schedule
must generate predecessor-successor variation, because the effect of a current contract may depend
on the state created by the previous contract. Third, assignment must occur at a market-time level
rather than at the individual-worker level, because riders operating in the same local market interact
through a common order pool, dispatch system, and congestion environment. The field experiment
was designed to satisfy these requirements while remaining feasible within the platform’s operating

constraints.

5.1. Experimental unit and market sample

The experiment was implemented in 30 expansion regions outside Bangkok. The unit of assignment
is a region-week. In each treated region-week, the platform posted one incentive menu that applied
to all eligible riders operating in that region during that week. This assignment level matches the
platform’s actual policy decision: which incentive menu to post in a market for a given planning

period. It also avoids the most direct form of within-market interference that would arise under
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rider-level randomization, where treated and untreated riders would compete for the same orders
while facing different incentives.

Before the experiment, the platform classified the 30 regions into three market strata based on
historical performance and competitive conditions: ten win markets, ten swing markets, and ten
lose markets. These strata were operationally meaningful to the platform because they captured
differences in market maturity, baseline supply conditions, and competitive pressure. They also
improved the experimental design by allowing treatment assignment to be balanced within broad

market types.

5.2. Treatment menu

The treatment menu follows directly from the contract space in the model. The first dimension is
the qualification metric. Availability-based incentives reward online hours, while throughput-based
incentives reward completed orders. The second dimension is the reward horizon. Reset incentives
determine qualification over a daily horizon, while state-dependent incentives condition payout on
progress across multiple days or segments within the week.

Crossing these dimensions yields four incentive families:
{DH, DO, SH, SO},

where DH denotes Daily Hours, DO denotes Daily Orders, SH denotes Streak Hours, and SO
denotes Streak Orders. The experiment also includes a no-incentive baseline, denoted by 0, in which
riders received the platform’s standard compensation but no additional region-specific weekly
incentive.

The treatment menu is therefore not an arbitrary collection of contracts. DH and DO isolate
the metric dimension under a reset horizon. SH and SO isolate the metric dimension under a
state-dependent horizon. DH and SH compare reset versus state-dependent incentives holding the
availability metric fixed. DO and SO compare reset versus state-dependent incentives holding the

throughput metric fixed. These contrasts map directly to the primitive effects in Proposition 1.

5.3. Timing and assignment schedule

The experiment ran over two consecutive months, July 2025 and August 2025. Each month followed
a three-week cadence. Week 1 was a recovery week with no region-specific weekly incentive.
Weeks 2 and 3 were incentive weeks, during which each region was assigned to one of the four

incentive families or to the no-incentive baseline.
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This cadence serves both operational and inferential purposes. Operationally, it matched the
platform’s planning rhythm for regional incentives. Inferentially, the recovery week attenuates
behavioral states inherited from the prior month, while the two consecutive incentive weeks generate
the predecessor-successor variation central to the theory. In each month, the Week-2 assignment
serves as the predecessor for Week-3 outcomes. The primary sequence-specific contrasts therefore
compare outcomes under the same Week-3 contract after different Week-2 predecessors.

Assignment was balanced within each incentive week and market stratum. Let C, denote the
set of regions in stratum g € {win, swing, lose}. For every incentive week ¢ and every condition

z€{DH, DO, SH, SO, 0}, the design satisfies

Z 1{Z,=z}=2 for each g,

ceCy

and therefore
30
D HZa=2)=6.
c=1

Thus, every incentive week contains all five conditions, and each condition appears in two win
markets, two swing markets, and two lose markets. This balance reduces reliance on functional-
form assumptions about common week shocks and broad market-type differences. Identification
of contemporaneous treatment effects comes from comparisons across regions within the same
calendar week and stratum, while identification of sequence effects comes from the predecessor-
successor variation generated between Weeks 2 and 3.

Table 1 reports the full region-by-week assignment schedule. The schedule is history-aware
rather than fully history-balanced. It creates support for the theoretically relevant predecessor-
successor contrasts, while preserving weekly treatment balance and operational feasibility. In the
empirical section, we report the realized transition-count matrix to make clear which ordered pairs

are identified with direct experimental support.

5.4. Implementation of incentive families

All incentive menus were implemented through the platform’s standard posting and payout systems.
Within each incentive family, thresholds and payouts varied by rider performance tier. Riders were
assigned to three tiers, low, mid, and top, based on recent activity and performance. The platform
used tier-specific requirements to keep targets attainable for less active riders while maintaining
meaningful goals for highly active riders. In the empirical analysis, we distinguish pre-experiment

tier heterogeneity from endogenous changes in activity after treatment.
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Table 1 Region-by-week incentive assignment schedule in the 30-city experiment.
July 2025 August 2025
W2 scheme W3 scheme W2 scheme W3 scheme

Region Cluster

Saraburi (Phraphutthabat) Win o Daily Hours — No Incentive

Chumphon Win o Daily Hours o Daily Hours — No Incentive
Nakhonnayok Win O Daily Orders 0O Daily Orders
Sakonnakhon Win — No Incentive
Saraburi (Nongkhae) Win O Daily Orders o Daily Hours — No Incentive O Daily Orders
Sisaket Win O Daily Orders — No Incentive o Daily Hours 0O Daily Orders
Trat Win r — No Incentive
Sakaeo (Aranyaprathet)  Win O Daily Orders 0O Daily Orders
Krabi Win  — No Incentive o Daily Hours o Daily Hours
Yasothon Win  — No Incentive o Daily Hours
Nakhonsrithammarat Swing o Daily Hours — No Incentive
Nongkhai Swing o Daily Hours o Daily Hours — No Incentive
Surin Swing O Daily Orders 0O Daily Orders
Tak (Maesot) Swing — No Incentive
Phayao Swing O Daily Orders o Daily Hours — No Incentive O Daily Orders
Lampang Swing O Daily Orders — No Incentive o Daily Hours O Daily Orders
Phetchaburi (Chaam) Swing r — No Incentive
Prachinburi Swing O Daily Orders O Daily Orders
Kanchanaburi Swing — No Incentive o Daily Hours o Daily Hours
Ratchaburi (Banpong) Swing — No Incentive o Daily Hours
Chanthaburi Lose o Daily Hours — No Incentive
Suratthani (City) Lose o Daily Hours o Daily Hours — No Incentive
Nakhonsawan Lose O Daily Orders O Daily Orders
Khonkaen Lose — No Incentive
Udonthani Lose O Daily Orders o Daily Hours — No Incentive O Daily Orders
Songkhla (City) Lose O Daily Orders — No Incentive o Daily Hours 0O Daily Orders
Hat Yai Lose r — No Incentive
Uttaradit Lose O Daily Orders 0O Daily Orders
Chiangrai Lose = — No Incentive o Daily Hours o Daily Hours
Nakhonpathom Lose = — No Incentive o Daily Hours
Legend:

o Daily Hours  (single-day, hours-based) (multi-day, hours-based)

O Daily Orders (single-day, orders-based) - (multi-day, orders-based)

— No Incentive (control period)

Let H;.q; denote rider i’s total online hours in region ¢ on day d of week ¢, and let H}'f;tk
denote online hours during platform-defined peak windows. Let Q;.4; denote completed orders. Let
g(i,c,t) € {low, mid, top} denote rider i’s tier for the relevant region-week.

Under Daily Hours, arider qualified for a daily bonus by satisfying both a total-hours requirement

and a peak-hours requirement:

1{QualifyPlh = 1} = W{Hicar > Hyren - HHbogy > A .

icdt icdt = “g(ic,

The peak-hours requirement reflects the platform’s objective of acquiring availability when it is

operationally most valuable.
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Under Daily Orders, a rider qualified for a daily bonus by completing at least a tier-specific

number of orders:
{Qualify?? =1} = 1{Qicar = Ogic)}-

Unlike DH, this contract rewards realized throughput and therefore directly interacts with acceptance
behavior and market conditions.

The two state-dependent contracts preserve the same metric distinction while adding within-week
continuation value. Under Streak Hours, riders had to satisfy the hours requirement on a specified
number of days within the week and, in some implementations, on mandatory high-demand days.
Let M denote the mandatory-day set and let K, denote the required number of qualifying days for

tier g. Weekly qualification is

D
I{Earnfc? =1}=1 {Z Qualifyfgg > Kg(icn) (- rl Qualifygg.
d=1 deM

This structure creates continuation value because a rider who has already accumulated qualifying
days has more to lose from missing a later requirement.

Under Streak Orders, the week was divided into several segments, and riders could earn bonuses
by satisfying the daily order requirement throughout each segment. Let {Sr}f:1 denote the segment

day sets. Segment-r qualification is

l{EarnfC(t)’r =1}= 1—[ Qualifylegt,
deS,

and the rider’s total weekly SO bonus is the sum across completed segments. This segmented
structure creates multiple progress windows within the week and allows the platform to target
persistence across operationally important subperiods.

In the no-incentive baseline, riders received the platform’s standard compensation without any
additional region-specific weekly incentive. Platform-wide business-as-usual policies that applied

to all regions were not part of the experimental treatment.

5.5. Design estimands

The design supports two types of estimands. The first is the contemporaneous effect of a current
contract family. For outcome Y,,, this object compares Y., across region-weeks assigned to different
current contracts within the same week and market stratum. These comparisons estimate how the

four contract families differ in their average current-period effects.
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The second, and more central, object is the sequence-specific mean introduced in §4:

up(z',2) =E[Y (2, 2) | Ber = b,

where 7’ is the predecessor contract, z is the current contract, and B, denotes the relevant design
block. This object answers the platform’s sequencing question: how does contract z perform when
the market enters the week after predecessor z’? The design identifies these effects by comparing
Week-3 outcomes across regions assigned to the same Week-3 contract but different Week-2
predecessors, within the support created by the assignment schedule.

The sequence-specific estimands are especially important for testing the theory. The routines
channel predicts that successors should perform better after participation-building predecessors,
particularly when the successor is throughput-intensive. The paydown channel predicts weaker
responses when high-earning predecessors are followed by more modest successors. The design
therefore allows us to estimate not only which contracts work, but also which predecessor-successor

transitions are beneficial or costly.

5.6. Outcome measurement

The primary outcomes are chosen to map directly to the behavioral margins in the model. Par-
ticipation is measured by the number of active riders and the probability that a rider is active
in a region-day or region-week. Availability is measured by total online hours and peak-window
online hours. Throughput is measured by completed orders and orders per online hour. Acceptance
behavior is measured by acceptance rates and related selectivity measures, where available. Cost
outcomes include total incentive payout, incentive cost per incremental online hour, and incentive
cost per incremental completed order.

We also construct mechanism outcomes. To study progress incentives, we measure within-
week changes in participation, hours, and orders as riders approach or lose eligibility for state-
dependent bonuses. To study routines, we measure predecessor-week active days and online hours.
To study paydown, we measure predecessor-week earnings and the gap between current earnings
opportunities and prior earnings benchmarks. To assess learning as an alternative mechanism, we
examine heterogeneity by pre-experiment rider tier, tenure, and prior activity, and test whether

sequence effects persist after recovery weeks.
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5.7. Implementation fidelity and threats to interpretation

The assignment schedule was pre-specified and implemented through the platform’s standard
incentive-posting mechanism. We verify implementation using administrative records on posted
menus, eligibility flags, rider tier assignments, and realized payouts. Deviations due to operational
exceptions are documented and addressed in robustness checks.

Three threats are particularly relevant. The first is cross-region mobility. If riders frequently
work across region boundaries, treatment may spill over across assignment units. We measure
cross-region work patterns and report robustness analyses restricting the sample to riders whose
activity is concentrated in a single region during the relevant window. The second is anticipation.
If riders learn future assignments before they are posted, predecessor and successor effects may
be confounded by expected future incentives. The platform’s normal posting process limits such
anticipation, and the empirical analysis checks for pre-period changes before incentive weeks. The
third is longer-run carryover beyond the predecessor week. The recovery week reduces but need
not eliminate longer histories. We therefore test whether outcomes remain sensitive to second-
order histories after conditioning on the predecessor contract and observed predecessor-week state
variables.

These threats are not peripheral to the design. They reflect the same dynamic and marketplace
features that motivate a region-week switchback. The empirical strategy therefore pairs fixed-effects
estimates with design-based checks that respect the assignment schedule and reports sequence-

specific contrasts within the support of the experiment.
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Appendix A: Proofs
Proof of Proposition 1
Metric. Under an availability-based contract, the bonus term depends on & through the qualification indicator 1{h > H}

and does not directly depend on acceptance intensity a. Hence the bonus component has no increasing-differences

term in (a, #). Under a throughput-based contract, the expected bonus-relevant component is
Ad(s; Z)AQ (/’l, a, 9; Q),

where Ag4(s;z) > 0 whenever qualification has positive value. By assumption, Ap has increasing differences in (a, ).
Multiplication by the positive scalar A;(s;z) preserves increasing differences. Therefore, on states where the order
threshold is attainable but not guaranteed, the throughput-based contract adds an incremental return to a, and this
incremental return is increasing in 6. This proves the metric claim.

Horizon. Under a reset contract, the within-cycle state is payoff-irrelevant and current qualification does not change
future payout opportunities. The continuation term in (5) is therefore zero, so Ay(s;z) = b(z), which is constant in
s. Under a state-dependent contract, Assumption | states that the continuation value gain from qualifying is weakly
increasing in s. Since the current payout difference 7, (s, 1,d) — (s, 0, d) is nondecreasing in progress for the contract
class studied here, the sum of the current payout difference and the continuation value gain is weakly increasing in s.
Hence A, (s; z) is weakly increasing in progress.

To see why Assumption 1 is natural for streak-style contracts, consider a canonical contract in which the worker
receives a bonus B if at least k qualifying days are achieved by the end of a D-day cycle. Suppose, for this verification
only, that each remaining day has a fixed qualification probability ¢ € (0, 1). With n days remaining and j additional

qualifying days required, the continuation value is
BPr(Binomial(n, q) > j).
Advancing progress by one reduces the remaining requirement from j to j — 1. The marginal value of this progress is
B [Pr(Binomial(n, g) > j — 1) — Pr(Binomial(n, ¢) > j)] = BPr(Binomial(n,q) = j — 1).

Near completion, as the remaining requirement becomes small relative to the number of remaining opportunities, this
marginal value rises as the worker approaches the threshold. This is the canonical goal-gradient region captured by

Assumption 1. O
Proof of Proposition 2

By (6), the predecessor contract z; affects the cycle-2 inherited states only through
Ky =®(Ki,Ni(z1)),  ra=¥(r.Yi(z1)).
Given successor 73, the cycle-2 output function is Q(K>,r7; z2). Substituting the state transitions gives
Q(z1,22) =Q (P(Ki1, Ni(21)), ¥(r1,Y1(z1)): 22) -

The same substitution yields the analogous expressions for N>, H;, and C,. O
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Proof of Lemma 1

Since N;(z4) > N;(z8) and ® is strictly decreasing in participation by Assumption 2,
Ky(z%) < Ka ().

Holding the inherited reference point fixed at r, Assumption 3 implies that Q(K,r;z) is weakly decreasing in K.
Therefore,

Q(K>(z%),r;2) > Q(K2(28), r:2)

for every successor z. This is exactly

Qx(z4,2) > Qu(28,2).
O

Proof of Lemma 2
Since ¥;(z%) > ¥;(z?) and ¥ is strictly increasing in prior earnings by Assumption 2,
A B
r2(z%) > ra(27).
For a fixed successor contract and fixed choices, the reference-dependent component satisfies

9g [Y=A(r=Y),] ==APr(Y <r).
or

Thus, when A > 0 and Pr(Y < r,(z%)) > 0, increasing the inherited reference point strictly lowers expected utility.

Holding K fixed, Assumption 3 implies that the market-level output response is weakly decreasing in r. Therefore,
Q(K,r2(z*);2) < Q(K,r2(25); 2),

which yields
Q (2", 2) <@ (2%,2).

(]

Proof of Theorem 1

By Lemma 1,
Klo =K2(ZA) Sthi :KZ(ZB)-

Assumption 4 states that Q(K,r;z) has increasing differences in (—K,z) with respect to the throughput-intensity

ordering. Since z/ € 7 and z* ¢ 7, this implies
QK" ;™) QK™ ri2M) 2 QK™ 32" - QK™ ri2h).
Substituting K** = K> (z4) and K" = K, (z?) gives

Q (24, 7)) - @ (28, 21) = Qo (21, 2F) - @y (28, 21).
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Proof of Theorem 2

The first inequality in the theorem follows from G (K", r) < 0. By definition of G,
G(K",r)=Q(K" r;z") - Q(K",r;z") <0,
which is equivalent to
QK" r;izh) > QK" ri ).

Since K" = K,(zP), this gives

@ (2%, 2" > @ (2P, ).
The second inequality follows from G (K'?,r) > 0. Again by definition,
G(Klo, 7‘) — Q(Klo, r;ZH) _ Q(Klo, r;ZL) > O,

which is equivalent to

QK™ r; M) > QK" r; 2%).

Since K'° = K,(z%), this gives

Q (4,2 > @ (24, 2h).

Strict increasing differences ensure that G (K, r) is strictly decreasing in K. Hence a sufficiently large reduction in K

induced by a participation-building predecessor can move G (K, r) from negative to positive. O

Proof of Theorem 3

Under Assumption 5, the observed outcome satisfies
obs _
Ycz = It (Zc,t—l’ th)-
Fix a design block B.; = b and current contract Z., = z. By the law of total expectation over the predecessor contract,

[YObS|Zt—Z B =b]= Z Pr(th 1=2|Zet =2,B t—b)E[Yg;bs|Zc,t—1=Z,’th=Z,Bct=b]-
77eZ

Under random assignment and the exposure mapping,
Y | Zem1 =2 Zes = 2. Ber = D] = E[Yur (2.2) | Ber = b] = pup (2, 2).
Substituting this expression and defining
W =Pr(Zes-1=2" | Zer =2, Ber = b)

yields

[YObS |th =z,B = b] Z W2z, b,uh(z Z)
7’eZ
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Proof of Corollary 1

By Theorem 2, there exist predecessor states u and v such that
p(u, 2 = p(u, 25) > 0
and
,LL(V, ZH) - ﬂ(v’ ZL) < O

Consider a design that places weight w on predecessor u and weight 1 —w on predecessor v. The current-treatment

contrast between z and z% is
D(w) =wlp(u,z") = p(u, 2]+ (1 =w) [u(v, 2") = u(v,2)].

Atw=1,D(w)>0. At w=0, D(w) <0. Since D(w) is continuous in w, there exists an interior weight at which the
sign changes. Thus, the direction of the current-treatment ranking depends on the predecessor weights induced by the
design. A design that estimates only current-treatment means therefore does not identify a complete policy ranking

when the platform’s decision is sequence-specific. O

Appendix B: Additional Detail
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