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Platform side

Service quality depends on
enough workers active at the right
time and willing to accept orders.

Customer side

Demand spikes by time,
weather, events, promotions,
and local competition.
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Platforms cannot always
schedule the labor it needs

Worker side
Workers decide whether to log on, Platform side
where to work, how long to stay, and Service quality depends on

which assignments to accept. enough workers active at the right
time and willing to accept orders.
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Platforms cannot always
schedule the labor it needs

Worker side

Workers decide whether to log on, Platform side

where to work, how long to stay, and Service quality depends on

which assignments to accept. enough workers active at the right
$/ time and willing to accept orders.
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Customer side

Demand spikes by time,
weather, events, promotions,
and local competition.
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“Be online and available” “Complete enough tasks” Drive 20 trips, make $50 extra
DoorDash active-time pay Uber Quest-style targets

These trips can be completed anytime between Mon 4:00 AM
through Fri 4:00 AM and anywhere in the San Francisco Bay

Area. If you want to aim higher, you can drive 80 trips and
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DoorDash active-time pay Uber Quest-style targets

These trips can be completed anytime between Mon 4:00 AM
through Fri 4:00 AM and anywhere in the San Francisco Bay
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Streak / progress

“Keep going across tasks or days”
Lyft/Uber consecutive-trip incentives

Lyft here! Earn an extra $6 for 3 rides
in a row. Head to your Streak Zone

and accept your first ride from 5PM -
6PM. See where to go: hitp://Ift.to/
NEELS




Platforms use incentives to
move different margins

Availability / hours

“Be online and available” “Complete enough tasks”
DoorDash active-time pay Uber Quest-style targets

2 DOORDASH

Streak / progress

“Keep going across tasks or days”
Lyft/Uber consecutive-trip incentives

Lyft here! Earn an extra $6 for 3 rides
in a row. Head to your Streak Zone

and accept your first rlde from 5PM -

Peak / zone
“Be intheright place
at the right time”

Boost/surge/ zone
bonuses

P Quest
Drive 20 trips, make $50 extra

These trips can be completed anytime between Mon 4:00 AM
through Fri 4:00 AM and anywhere in the San Francisco Bay
Area. If you want to aim higher, you can drive 80 trips and
make $200 extra. Track your progress in the Uber app.

LINCOLN-VILLA

Rose Bowl| Stadium

(/' $04 for 2
W— w
OLIVE HEIGHTS

Pasadena

The Huntington
Library, Art Museum... '@'

Stay in this Streak Zone

Accept a ride here, drive
anywhere after
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Day 1 Day 2 Day 3 Day 4 Day 5
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Promotions
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Earnby time . Consecutive trips Shopper / delivery
Availagililty instrument ;Zifﬁgga?t :\r?;rrti_etlrr]?e Progress instrument opportunities
>

Workers see a rotating menu, not one fixed contract.



Workers do not experience
incentives inisolation

Day 1 Day 2 Day 3 Day 4 Day 5

Active-time | Order/ride § Peak-time Streak / .
Promotions
guarantee target bonus sequence
. Complete X trips High-demand periods . . .
Earnbytime . Consecutive trips Shopper / delivery
Availability instrument Ig?&ﬁgﬁ?t :\r?strrter;[]—etlrr]?e Progressinstrument opportunities
>

Workers see a rotating menu, not one fixed contract.

Key: Incentives are not only payoff instruments;
they are state-transition instruments - Estimate paths!




What we know...

Flexible workers respond to compensation and value schedule
flexibility, but much of this evidence evaluates current incentives

or pay conditions rather than incentive paths.
(Cachon, Daniels, and Lobel 2017; Hall and Krueger 2018; Chen, Hu, and Lariviere 2019)
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What we know...

Flexible workers respond to compensation and value schedule
flexibility, but much of this evidence evaluates current incentives

or pay conditions rather than incentive paths.
(Cachon, Daniels, and Lobel 2017; Hall and Krueger 2018; Chen, Hu, and Lariviere 2019)

Goals, reference points, and streaks can shape effort and
persistence, but less is known about how those behavioral states

affect the next contract workers face.
(Kivetz, Urminsky, and Zheng 2006; Készegi and Rabin 2006; Mehr et al. 2025)

Switchback experiments are useful in marketplaces with
interference, but current-treatment

summaries can be incomplete when
the platform’s decision is o

seqguence-specific.
(Bojinov, Simchi-Levi,and Zhao 2023)
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Research Questions

RQ1: Does the same current incentive perform
differently after different predecessor contracts?

RQ2: Which mechanisms make some incentive
paths more effective than others?

RQ3: What should a marketplace experiment estimate

when history is part of the treatment exposure?

Model Design
Three worker margins History-aware switchback
Two inherited states: predecessor — current
« participation friction K Same currentincentive after
 earnings benchmark r different histories

Field Evidence

2-month field experiment.
Incentive response depends
sharply on predecessor.
Incentive horizon influences
stopping at goal crossing.
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Availability ~ Daily Hour (DH)
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today”

What behavior
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Participate?

Logonatall

Avalilability
metric

What behavior

is rewarded?
Throughput
metric

Participation margin

How long?

Online hours

Accept?
Which orders to take

Availability margin ~ Acceptance intensity

Does progress reset or carry forward?

Reset horizon

State-dependent

Daily Hour (DH)

“‘work X hours
today”
Daily Order (DO) Streak Order (SO)
“‘complete X orders “hit order target
today” across days”
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Does the active
worker accept?
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Does the worker keep
going afteragoal?
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X

Predecessor z;

Changes

participation and
earnings this week

Activation Conversion Continuation
Does the worker Does the active Does the worker keep
log on? worker accept? going after agoal?

Predecessor-created states meet current incentives

Inherited state
K activation
t friction
Current z, Outcome
. Hours
earnings Hoursvs orders
Orders
reference Reset vs streak
t . Acceptance
point
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m = = = = =
#1 Activationis entry decision

K:inherited
activity value activation
netactivityvalue  ynder contract z friction

ei: worker-specific
Miz(K, 6) — m, (9) — K — €. activation cost

* Lower K - itis easier to get workers online.

* The marginal workers are the ones whose activation costs
are close to the activity value.

P(worker becomes active) share of workers whose ¢ is low enough

Pz(Kae) — G(mz(e) _ K)

Intuition: a participation-building (hours-based) predecessor
lowers the barrier (K) the successor must overcome.
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Creating inherited states

Routine / activation state Earnings benchmark state
routine effect future toda_y’s
Kt—l—l = Kt — pXt7 P > () benchmark earnings

rir1 = (1 —n)re +nY;

High earnings today can raise the
benchmark the next contract must meet.

Participation today can lower the
friction of returning tomorrow.

A predecessor can help by activating workers,
but hurt by raising expectations.
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a_z"*(8,):acceptance P_z(K,,0,): share of
intensity induced by the riders who show up

current contract. under inherited state K.
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| Model
#2 Output requires

activation + conversion

/ * /
Qz(z ,Z) = 92 . az(ez) . Pz(KQ(Z ),92)
N ~ _y \/ \ J/ N ~ _y
successor output market conversion intensity active share inherited
after path Z,—>Z Opportunlty under current contract z from predecessor zl
Output - | Conversion -l Activation
a_z"*(8,):acceptance P_z(K,,0,): share of
let L "
Completed orders intensity induced by the riders who show up

require both margins. current contract. under inherited state K,.

Activation is especially valuable before a successor
that can convert active workers into completed orders.
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Successor Output Q, (normalised)
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== = Daily Hours (DH)
Sensitivity band, £25% on k

High K,: order targets can be
too demanding for marginal

activators, so an availability (hours)
contract can perform better.
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0.0

Low K,: enough workers are
active, so athroughput-
intensive (orders) successor
can performwell.
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Key qualification: the comparison is conditional on reaching the same order goal and on the streak target not already being secured.
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Model
Reset vs. streak: at the goal

% Daily Orders: hit target

— continuationvalue =0

0.4 1 — stopping hazard spikes
Emos * Streak Orders:
T S hit daily threshold
5 02 — streak progress preserved
) — hazardis flatter

<
0.1
0.0

1 2 3 4 5 6 7
Days Remaining in Week (n)

Prediction: conditional on reaching the same goal, stopping should
be sharper under Daily Orders than under Streak Orders

Key qualification: the comparison is conditional on reaching the same order goal and on the streak target not already being secured.
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® Daily Hours (DH) pred. A Streak Hours (SH) pred. friction

" Daily Orders (DO) pred. 4 No Incentive pred.
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Summary + Implications

1. Build 2. Then ask for
participation first conversion
Hours-style Orders-style

successorsare
predecessors

. . most useful when

make it easier for .

thereisalready an
the next contractto .

. active base to

get workers online.

convert.

3. Streaks change
stopping

Progress can carry
continuation value,
so streak contracts
should create less
stopping at the goal.

Design Implications: Three requirements:
Vary contract primitives: metric (hours/orders)
+ horizon (reset / streak)

Assign at market-time level
Generate predecessor-successor support
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specific inherited inherited

incentive state state
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History-aware Switchback

Week 1 Week 2 Week 3 Outcome
— — —
Recovery Predecessor Successor
) Sequence-
no region- creates meets specific
specific inherited inherited P
response

incentive state state
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History-aware Switchback

Week 1 Week 2 Week 3 Outcome
— — —
Recovery Predecessor Successor
) Sequence-
no region- creates meets specific
specific inherited inherited P
) ) response
Incentive state state
Assignment unit Key comparison
same current
region x week incentive, different

predecessor



Food Delivery in Thailand

The strong GMV growth is
on back of rise in basket $71Bn
size as well as increasing +11%

number of daily orders/

+26%  $4.2Bn

/ss.o Bn

$1.6 Bn

https://redseer.com/articles/baht-bytes-spotlight-on-thailands-on-demand-services/



Food Delivery in Thailand

LINEMAN wong@
~10% mShopeeFood

~44% LINE MAN

2019 2020 2021 2022 2023  1H2024

Market share

https://redseer.com/articles/baht-bytes-spotlight-on-thailands-on-demand-services/



Food Delivery in Thailand

278 Others'

~10% mShopeeFood

~44% LINE MAN
B

2019 2020 2021 2022 2023  1H2024

Market share

LINEMAN wong@

Expected earnings for this job

@ owsu 2,500 i lasSu 1,000
@ After you Central World Restaurant

999/9 Central World Plaza U 7 auuws:s1Un o
waunudu ngvinw 10330

®1owi  Estimated travel time: 10 mins
Q@ IDEO Q swin3

515 naula Ideo Q 0.5WIN3 wwavWaNN WASIWIND

nsvinw 10200 . .
Destination
Pass Accept the job

https://redseer.com/articles/baht-bytes-spotlight-on-thailands-on-demand-services/



Food Dellvery in Thalland
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'I_ ‘-’ "‘ : w ’ ﬁ ’

IS R T Y N - Workersneed to
B = TN N, PO e wear the uniform +
use the specialized
box to work.




Food Delivery in Thailand
o »&-“‘{m f": PPN ' Workers need to

i a’s»’».;%'b e —— .
S e e weartheuniform +
» | usethespecialized

box to work.

et

They also run POS systems at
restaurants so we can control for
demand for different channels.



Field Experiment Design

30 cities outside of Bangkok,
10 for each market type.

30 region-week experimental markets

N @— Chiangrai

A &) — Phayao
17— Lampang
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o — Trat

9— Chumphon
Andaman
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) — Suratthani (City) Gulf of
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— Nakhonsrithammarat ' hailand

9
Krabi

/@‘ Songkhla (City)
@— Hat Yai



Field Experiment Design

30 cities outside of Bangkok,
10 for each market type.

 Win:5.54 hours/27.58 orders
« Swing: 5.15 hours / 25.06 orders
e Lose:4.55hours/20.73 orders

30 region-week experimental markets

N @— Chiangrai
-/ — Phayao
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o — Trat
9 — Chumphon
Andaman
Sea
@~ Suratthani (Ci
(©) Gulf of
— Nakhonsfithammarat Thailand
9
Krabi

/®‘ Songkhla (City)

@— Hat Yai



Field Experiment Design

30 cities outside of Bangkok,
10 for each market type.

 Win:5.54 hours/27.58 orders
« Swing: 5.15 hours / 25.06 orders
e Lose:4.55hours/20.73 orders

5incentive conditions

30 region-week experimental markets
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-)— Phayao

17— Lampang

€D — Uttaradit — Nongkhai

@~ Udonthani O - sakonnakhon
/ | @— Khonkaen
Tak (Maesot) @_ NakFonsawan @— Yasothon
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Sea
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9
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/@‘ Songkhla (City)
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Field Experiment Design

30 cities outside of Bangkok,
10 for each market type.

 Win:5.54 hours/27.58 orders
« Swing: 5.15 hours / 25.06 orders
e Lose:4.55hours/20.73 orders

5incentive conditions
e Control: per-trip base

30 region-week experimental markets
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Field Experiment Design

30 cities outside of Bangkok,
10 for each market type.

 Win:5.54 hours/27.58 orders
« Swing: 5.15 hours / 25.06 orders
e Lose:4.55hours/20.73 orders

5 incentive conditions

e Control: per-trip base

» Daily orders (X trips today)

o Streak orders (X trips for Y days)

30 region-week experimental markets

N @— Chiangrai
&) — Phayao

|} —Lampang

€D — Uttaradit — Nongkhai

@~ Udonthani O - sakonnakhon
/ . @— Khonkaen
Tak (Maesot) @_ NakFonsawan @— Yasothon
0-— Sisaket
6— Saraburi (Nongkhae) D— Surin

o— Saraburi (Phraphutthabat)

/e— Nakhonnayok

@ Nakhonpathom ———— L) — Prachinburi

“
0— Sakaeo (Aranyaprathet)

Kanchanaburi —

74!) Ratchaburi (Banpong) —— @

1) Phetchaburi (Chaam) —(F) @
— Chanthaburi

o — Trat
9 — Chumphon
Andaman
Sea
@~ Suratthani (Ci
(©) Gulf of
— Nakhonsfithammarat Thailand
9
Krabi

/@‘ Songkhla (City)
@— Hat Yai



. .
Field Experiment Design

30 region-week experimental markets

N @— Chiangrai

30 cities outside of Bangkok, A
10 for each market type. D-tampr

@— Uttaradit )— Nongkhai
* Win:5.54 hours/27.58 orders , O veotan @ —saiomaton,
. : @—Khonkaen
« Swing:5.15hours/25.06 orders e @ Nakhonsawan O Yasothon
* Lose:4.55hours/20.73 orders © — st (Nonie) essk
Mhschandict _/ o— Saraburi (Phraphutthabat)
© wane S
. . iy < \Ratchaburi (Banpong) ——E \O—Sakaeo (Aranyaprathet)
5 incentive conditions D Pt el —@ -
0— ra
e Control: per-trip base &
A O—Chumphon
 Daily orders (X trips today) Sea
@- Suratthani (City) Gulf of
« Streak orders (X trips for Y days) oty Thaland
 Daily hours (X hours today) K,?
» Streak hours (Xhoursaday for Y days) D sngs e

- Hat Yai



. .
Field Experiment Design

30 cities outside of Bangkok, Month 1: July 2025

10 for each market type. ige Wzeiz Week 3
+ Win:5.54 hours / 27.58 orders | Predecessor | Successorz
“‘Recovery” Z creates meets
« Swing:5.15hours/25.06 orders No incentive inherited inherited
state state

e Lose:4.55hours/20.73 orders

5incentive conditions
e Control: per-trip base

Daily orders (X trips today)

Streak orders (X trips for Y days)

Daily hours (X hours today)

Streak hours (X hours aday for Y days)
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Field Experiment Design

30 cities outside of Bangkok, Month 1: July 2025

10 for each market type. ige Wzeiz Week 3
+ Win:5.54 hours / 27.58 orders | Predecessor | Successorz
“‘Recovery” Z creates meets
« Swing:5.15hours/25.06 orders No incentive inherited inherited
state state

e Lose:4.55hours/20.73 orders

Switchback design: Al
possible orders (without

. . iy repeats), by market type
5 incentive conditions + workers' tiers + week

e Control: per-trip base

Daily orders (X trips today)

Streak orders (X trips for Y days)

Daily hours (X hours today)

Streak hours (X hours aday for Y days)



Field Experiment Design

30 cities outside of Bangkok,
10 for each market type.

 Win:5.54 hours/27.58 orders
« Swing: 5.15 hours / 25.06 orders
e Lose:4.55hours/20.73 orders

5incentive conditions
e Control: per-trip base

Daily orders (X trips today)

Streak orders (X trips for Y days)

Daily hours (X hours today)

Streak hours (X hours aday for Y days)

Month 1: July 2025

Week 1 Week 2 Week 3
= Predecessor = Successorz
“‘Recovery” Z creates meets
No incentive inherited inherited
state state

Switchback design: Al
possible orders (without
repeats), by market type
+workers' tiers + week

Month 2: August 2025

Week 1 Week 2 Week 3
= Predecessor =~ Successorz
“‘Recovery” Z creates meets
No incentive inherited inherited
state state



Region Cluster July 2025 August 2025
W2 scheme W3 scheme W2 scheme W3 scheme
Saraburi (Phraphutthabat) Win o Daily Hours m Streak Orders — No Incentive
Chumphon Win o Daily Hours o Daily Hours — No Incentive
Nakhonnayok Win  m Streak Orders 0O Daily Orders 0O Daily Orders
Sakonnakhon Win  m Streak Orders — No Incentive m Streak Orders =
Saraburi (Nongkhae) Win 0O Daily Orders o Daily Hours — No Incentive 0O Daily Orders
Sisaket Win O Daily Orders — No Incentive o Daily Hours 0O Daily Orders
Trat Win - m Streak Orders — No Incentive 'm Streak Orders Ry o
Sakaeo (Aranyaprathet) Win 0O Daily Orders 0O Daily Orders m Streak Orders ...
Krabi Win  — No Incentive o Daily Hours e Streak Hours | o Daily Hours i M
Yasothon Win  — No Incentive |® Streak Hours  m Streak Orders o Daily Hours 2 ©- tampang .
Nakhonsrithammarat Swing o Daily Hours m Streak Orders ‘e Streak Hours  — No Incentive B~ Viotan @ _saiomton
Nongkhai Swing o Daily Hours e Streak Hours | o Daily Hours — No Incentive =~ v A aenrises
Surin Swing ® Streak Orders O Daily Orders 0O Daily Orders .
Tak (Maesot) Swing | m Streak Orders — No Incentive W Streak Orders s S @t?; L
Phayao Swing O Daily Orders o Daily Hours — No Incentive O Daily Orders i~ D
Lampang Swing 0O Daily Orders — No Incentive o Daily Hours O Daily Orders g’w"\:hf:”w_ e L@-Pracmnh"\rio_“ e
Phetchaburi (Chaam) ~ Swing [eSiréak Hours ' m Streak Orders' — No Incentive ‘M Streak Orders| o om0 i
Prachinburi Swing O Daily Orders 0O Daily Orders m Streak Orders 01 CAMBODIA
Kanchanaburi Swing — No Incentive o Daily Hours o Daily Hours ¢
Ratchaburi (Banpong) Swing — No Incentive | Streak Hours  m Streak Orders o Daily Hours <
— Suratthani (City)
Chanthaburi Lose o Daily Hours m Streak Orders ‘o Streak Hours ' — No Incentive Dotnc, Ttlnd
Suratthani (City) Lose o Daily Hours | Streak Hours | o Daily Hours — No Incentive
Nakhonsawan Lose  m Streak Orders O Daily Orders 0 Daily Orders |e Streak Hours i
Khonkaen Lose  m Streak Orders — No Incentive m Streak Orders e Streak Hours @_/H? e
Udonthani Lose 0O Daily Orders o Daily Hours — No Incentive 0O Daily Orders
Songkhla (City) Lose O Daily Orders — No Incentive o Daily Hours 0O Daily Orders VALRTEIA
Hat Yai Lose m Streak Orders — No Incentive ® Streak Orders
Uttaradit Lose 0O Daily Orders O Daily Orders m Streak Orders
Chiangrai Lose = — No Incentive o Daily Hours o Daily Hours
Nakhonpathom Lose — No Incentive |® Streak Hours  m Streak Orders o Daily Hours
Legend:
o Daily Hours (single-day, hours-based) _ (multi-day, hours-based)

O Daily Orders (single-day, orders-based)
— No Incentive

m Streak Orders (multi-day, orders-based)
(control period)



Static Benchmark

Averaging over
predecessor histories...

Daily Hours
Daily Orders
Streak Hours
Streak Orders



e
Static Benchmark

Averaging over Acceptance rate effect +30 135
predecessor histories... relativetonoincentive
(percentage points)
+1.3

DH DO SH SO

Acceptance
Daily Hours +1.3pp
Daily Orders +3.2 pp
Streak Hours +3.5 pp

Streak Orders +6.2 pp



Static Benchmark

Averaging over Acceptance rate effect +3.2 +3.5
predecessor histories... relative to noincentive
ercent int
order-based and streak- (percentage points)
based contracts move the +13

conversion margin. .

DH DO SH SO

Acceptance
Daily Hours +1.3pp
Daily Orders +3.2pp
Streak Hours +3.5pp

Streak Orders +6.2pp



=
Static Benchmark

Averaging over Acceptance rate effect +3.2 +3.5
predecessor histories... relative to noincentive
ercentage points
order-based and streak- (P ge points)
based contracts move the +13

conversion margin. .

DH DO SH SO

Online hours Orders Acceptance
Daily Hours +0.005 +0.012 +1.3pp
Daily Orders +0.002 +0.012 +3.2 pp
Streak Hours +0.002 +0.015 +3.5 pp

Streak Orders +0.000 +0.031 +6.2 pp



=
Static Benchmark

+3.5

Averaging over Acceptance rate effect +392
predecessor histories... relativetonoincentive

ercentage points
order-based and streak- b 9ep )

based contracts move the +1.3

conversion margin. .

DH DO SH SO

Online hours Orders Acceptance
Daily Hours +0.005 +0.012 +1.3pp
Daily Orders +0.002 +0.012 +3.2 pp
Streak Hours +0.002 +0.015 +3.5 pp
Streak Orders +0.000 +0.031 +6.2 pp

Static view: Modest volume effects, stronger acceptance effects.




Results

Where does sequence matter?

30 region-week experimental markets
@— Chiangrai
<) — Phayao

) —Lampang

€D uttaradit — = Nongkhai
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o— Trat
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— Nakhonsrthammarat | hailand
2
Krabi
/@‘ Songkhla (City)

@) Hat Yai



Where does sequence matter?

30 region-week experimental markets
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Where does sequence matter?

30 region-week experimental markets
@— Chiangrai
=) — Phayao

) —Lampang

€D uttaradit &) Nongkhai
@~ Uconthani O - sakonnakhon

Market Onlinehours Orders Acceptance A Dione
Tak (Maesot)

@— Nakhonsawan @— Yasothon

All30 borderline no no 0 suse

9— Saraburi (Nongkhae)
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WI n yeS n O n O .//o— Nakhonnayok
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) Phetchaburi (Chaam) —¢ @
— Chanthaburi

o— Trat
0— Chumphon
]
@— Suratthani (Ci y
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— Nekbongithemmarat | hailand
9
Krabi

/@‘ Songkhla (City)

@) Hat Yai



Where does sequence matter?

30 region-week experimental markets
@— Chiangrai
<) — Phayao

|)—Lampang

€D uttaradit — = Nongkhai
@~ Uconthani O - sakonnakhon

Market Onlinehours Orders Acceptance A Dione
Tak (Maesot)

@— Nakhonsawan @— Yasothon

All30 borderline no no O suse

9— Saraburi (Nongkhae)

— Surin
. Karchanabuii =24 /o— Saraburi (Phraphutthabat)
Win yes no no R 58 it
rachinburi
. ) Ratchaburi (Banpong) —— \0— Sakaeo (Aranyaprathet)
SWl ng yeS yeS yeS " €D~ Chanthaburi
o— Trat
e— Chumphon
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2
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Where does sequence matter?

30 region-week experimental markets
@— Chiangrai
=) — Phayao

) —Lampang

€D uttaradit &) Nongkhai
@~ Uconthani O - sakonnakhon

Market Onlinehours Orders Acceptance A Dione
Tak (Maesot)

@— Nakhonsawan @— Yasothon

All30 borderline no no 0 suse

9— Saraburi (Nongkhae)

. P © — s Prrghutraba)
Win yes no no 0 RO
. ?1) Ratchaburi (Banpong) —— I \0_ SikasoArapntinl
SWI n g yeS yeS yeS ) Phetchaburi (Chaam) —— - A
(738

Lose borderline yes no | 0 cury

@— Suratthani (City) Gulf of
sulf of

— Nekbongithemmarat | hailand
2
Krabi
/@‘ Songkhla (City)

@) Hat Yai



Where does sequence matter?

30 region-week experimental markets
@— Chiangrai
(55— Phayao
/) —Lampang
@— Uttaradit )— Nongkhai
®— Loonban o—Sakonnakhon

Market Onlinehours Orders Acceptance A il
Tak (Maesot)

@— Nakhonsawan @— Yasothon

All30 borderline no no 0 suse

e— Saraburi (Nongkhae)

. TR O © — saraburi (Phraphutthabat) ok
Win yes no no Y L e
. €1 Ratchaburi Barpoog) — (¢ O sakaco (ranyaprathe)
SWl ng yeS yeS yeS il im0 €D~ Chanthaburi
. (738
Lose borderline yes no | -
@— b it L) Gulf of
Thailand

) — Nakhonsrithammarat

/®‘ Songkhla (City)

@) Hat Yai

Swing markets are where predecessor-induced states matter most.




Where does sequence matter?

Orders
borderline no no

Market Online hours Acceptance
All30
Win yes no no
Swing yes yes yes

Lose borderline yes no

Sequence effects are largest when the
market is movable, not simply weakest.

30 region-week experimental markets

@— Chiangrai
O- Phayao
: 16 —Lampang
@— Uttaradit )— Nongkhai
®— Udonthani @) _ sakonnakhon
/ C @— Khonkaen
i3k Macsc) @— Nakhonsawan @— Yasothon
0— Sisaket

6— Saraburi (Nongkhae)
o— Saraburi (Phraphutthabat)
‘//o— Nakhonnayok
) — Prachinburi

EX
0— Sakaeo (Aranyaprathet)

s - surin
9)
Kanchanaburi —

@ Nakhonpathom

¢1) Ratchaburi (Banpong) —— (:

1) Phetchaburi (Chaam) —(F) @
— Chanthaburi

o— Trat
e— Chumphon
@— Suratthani (City) Gulf of
Thailand

(11 — Nakhonsrithammarat

/®‘ Songkhla (City)

@) Hat Yai

Swing markets are where predecessor-induced states matter most.




Activation before conversion

Swing markets
Currentincentive = Streak Orders
Outcome: Acceptance rate

Daily Hours 2> SO Streak Hours > SO Noincentive 2> SO Daily Orders > SO



Activation before conversion

+22.5 Swing markets
Currentincentive = Streak Orders
Outcome: Acceptance rate

+14.0

+9.1

Daily Hours 2> SO Streak Hours > SO Noincentive 2> SO Daily Orders > SO



Activation before conversmn

+22.5 Swing markets
Currentincentive = Streak Orders
Outcome: Acceptance rate

+14.0

+9.1

Gap=23pp

The current contractis identical.
The predecessor-created state
changes the response.

Daily Hours 2> SO Streak Hours > SO Noincentive 2> SO Daily Orders > SO




Activation before conversmn

+22.5 Swing markets
Currentincentive = Streak Orders Gap =23 pp

Outcome: Acceptancerate The current contractisidentical.

The predecessor-created state
+14.0 changes the response.

\§

+9.1

Daily Hours 2> SO Streak Hours > SO Noincentive 2> SO Daily Orders > SO

Daily Hours — Streak Orders supports
the activation-before-conversion mechanism.




_
Effect appears in output

Swing markets
Current incentive = Streak Orders

Acceptance rate Completed orders
Streak Orders after Daily Hours: +22.5 pp Streak Orders after Daily Hours: +0.074
Streak Orders after Daily Orders: —0.7 pp Streak Orders after Daily Orders: —0.002
+225 +0.074
-0.7 -0.002

DH— SO DO — SO DH— SO DO — SO



Sequence Matrix (Acceptance)

Last week
\ Thisweek

No Incentive
Daily Hours
Daily Orders
Streak Hours
Streak Orders

‘ Column variation = predecessor sensitivity. ‘

DH

+4.5
+4.4
+0.6
+6.6

DO

+2.9
+2.2

+14.0
+12.8

SH

+35.5
+6.1
+5.3

+7.6

SO

+9.1
+22.5
-0.7
+14.0



Quits around goal crossing

P(quit after this order)

0.25 1

0.20 1

0.15 1

0.10 A

0.05 A1

0.00 A

]
1
T

=2 -1 0 1
Orders relative to goal crossing (0 = goal met)

T

2

-




Quits around goal crossing

P(quit after this order)

0.25 1

0.20 1

0.15 1

Daily Hours

Daily Orders
—@— Streak Hours
—@— Streak Orders

0.10 A
0.05 A1
0.00 A L @ & L 4
=5 -4 -3 —2 =1 0 1

Orders relative to goal crossing (0 = goal met)




Quits around goal crossing

P(quit after this order)

0.25 1

0.20 1

0.15 1

0.10 A

0.05 A1

0.00 A

Daily Orders

58.8% stop within 3 orders i
after reaching the target. i
More than1in 5 stop exactly :
at the target. |
i
Daily Hours i
Daily Orders
—@— Streak Hours
—@— Streak Orders
[ © 5 «
—r5 —]4 —]3 —r2 -1 0 1 2 3

Orders relative to goal crossing (0 = goal met)




Quits around goal crossing

Daily Orders .
0.25 1 58.8% stop within 3 orders i
after reaching the target. i
More than 1in 5 stop exactly :
0.20 1 at the target. !
g i
'Z 0.15 1 Daily Hours i
&= - Daily Orders
@ -@— Streak Hours
E 0.10 A —-@— Streak Orders
== |
Lok
= Streak Orders
0.05 1 Stopping response is
substantially attenuated. o - °
0.00 - & @ = & i
-5 —4 -8 -2 - 0 1 2 3 4 5

Orders relative to goal crossing (0 = goal met)




Quits around goal crossing

P(quit after this order)

Daily Orders

0.25 1 58.8% stop within 3 orders
after reaching the target.
More than 1in 5 stop exactly
0.20 1 at the target.

0.15 1 Daily Hours

- Daily Orders
-@— Streak Hours
—-@— Streak Orders

0.10 -
Streak Orders
0.05 1 Stopping response is
substantially attenuated. . — — °
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Orders relative to goal crossing (0 = goal met)

Daily goals create stopping points;
streak goals preserve continuation value.
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Inherited state Platform problem Better next instrument

Low participation Notenough workers pH/sH  Avallability Zhours
active Incentive

Active but low Workers online, but DO/SO Throughput / orders

acceptance orders not converting incentive

Near payout- Workers may stop at Streak / progress

relevant progress local goal incentive

Highrecent Next contract may feel Taper, recovery, or

earnings disappointing calibrated successor

Platform operators should diagnose the inherited workforce state,
then choose the next incentive instrument.




What’s Next?

Designing the incentives

for Bangkok to test our

insights from 30 cities.
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