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Abstract

We study how an occupation-wide wage increase affects the number and quality of job
applications and subsequent hiring. We use data from Extracadabra, an online platform
for short-term hospitality work in France, which records job notifications, applications,
and hiring decisions. The platform raised the default hourly wage for waiting-staff
jobs from €16 to €17 in October 2023 while leaving the defaults for three neighbour-
ing occupations unchanged. A difference-in-differences design shows that the wage
increase raised applications by approximately 23%, implying a wage elasticity of about
3.5. Mean applicant quality rose by 2%, an elasticity of approximately 0.3, with the
largest improvement at the bottom of the quality distribution. Hires rose by about 11%,
implying an elasticity of 1.8. Because the wage change may divert applications from the
comparison occupations, the usual no-interference assumption need not hold. We there-
fore estimate a model of application and hiring decisions that separates the equilibrium
response in the treated occupation from spillovers to neighbouring occupations. The
decomposition assigns about 6% of the application difference-in-differences estimate to
displacement from the comparison occupations and essentially none of the quality effect
to spillovers. The reduced-form estimates therefore closely approximate the equilibrium

responses in the treated occupation.
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1 Introduction

Employers in hospitality, construction, and health care often report persistent recruitment
difficulties, even when unemployment remains substantial. In a frictionless labour market,
wages would adjust to direct workers towards occupations with high labour demand. How
strongly workers respond to such wage differences is therefore central to understanding
both recruitment and the allocation of labour across occupations. Existing evidence largely
concerns the number of applications or hires. Much less is known about the quality of the
workers attracted by higher wages, partly because applications, applicant characteristics,
and hiring decisions are rarely observed in the same data.

This article studies how an occupation-wide wage increase affects the quantity and quality
of applications and subsequent hiring. We use data from Extracadabra, an online platform
for short-term hospitality work in and around Paris. The platform sets an occupation-
specific default hourly wage, which most employers adopt. On 5 October 2023, it raised
the default wage for waiting-staff jobs from €16 to €17, an increase of 6.25%, while leaving
the defaults for bar staff, runners, and receptionists unchanged. Comparing waiting-staff
vacancies with vacancies in these three occupations before and after the change identifies
the response to a change in an occupation’s relative wage rather than to a wage increase at

a single firm.

The platform data record the workers notified about each vacancy, their applications, and
employers” hiring decisions. We use these hiring decisions and rich worker—job characterist-
ics to construct an applicant-level quality index. The data therefore allow us to distinguish
four margins: the number of applications, the mean quality of the applicant pool, its lower

and upper tails, and realised hiring.

Our preferred difference-in-differences specification shows that the wage increase raised
the number of applications by approximately 23% relative to the comparison occupations.
Dividing the change in log applications by the change in the log wage gives an elasticity
of about 3.5. Mean applicant quality rose by approximately 2% of its pre-treatment mean,
implying an elasticity of about 0.3. The minimum quality in the applicant pool increased
more strongly, with an elasticity of approximately 1.7. The estimated effect on maximum
quality is small and statistically insignificant; the confidence interval rules out an elasticity
above approximately 0.4. Finally, the number of hires increased by about 11%, implying
an elasticity of 1.8. Thus, the wage increase attracted substantially more applicants and
modestly improved the applicant pool, primarily by raising its lower tail.

The reduced-form contrast does not, by itself, identify the equilibrium effect on waiting-



staff jobs. Workers can apply across occupations, so the higher waiting-staff wage may
divert applications from the comparison occupations. This interference violates the stable
unit treatment value assumption underlying a conventional difference-in-differences inter-
pretation. We therefore develop a model of workers” application decisions and employers’
hiring decisions. Workers differ in their productivity in two occupations and account for
both the wage and their probability of being hired. A higher wage can attract productive
workers, intensify competition, and discourage applicants with weaker hiring prospects.
The model separates the equilibrium response in the treated occupation from the spillover

to the comparison occupations.

Estimating the model shows that spillovers account for about 6% of the model-based ap-
plication contrast: the higher waiting-staff wage reduces applications to the comparison
occupations, modestly amplifying the difference-in-differences estimate. The remaining
94% reflects the equilibrium response in the treated occupation. The corresponding quality
spillover is negligible. The reduced-form estimates therefore provide close approximations

to the equilibrium effects of the wage increase on waiting-staff vacancies.

This article contributes to three literatures. First, it contributes to work estimating the elasti-
city of labour supply to firms and jobs using applications, vacancy duration, recruitment,
quits, and employment flows (Ransom and Sims, 2010; Staiger et al., 2010; Matsudaira,
2014; Banfi and Villena-Roldan, 2019; Dube et al., 2020; Marinescu and Wolthoff, 2020;
Bassier et al., 2022; Sokolova and Sorensen, 2021; Manning, 2021; Card, 2022; Hirsch et al.,
2022; Datta, 2023; Bassier et al., 2025). Banfi and Villena-Roldan (2019) and Marinescu and
Wolthoff (2020) show that higher-wage jobs receive more applications. Belot et al. (2022)
and Beerli et al. (2026) study how jobseekers respond to experimentally varied wage in-
formation. Hirsch et al. (2022) and Bassier et al. (2025) focus on recruitment outcomes
(vacancy duration and hires). Our source of variation differs from most of the literature
because the wage changes for an entire occupation. Our design allows us to capture both
the response to the higher wage and the reallocation of applications across contemporan-
eously available jobs. To our knowledge, our paper is the first attempt to decompose this
market-level effect between an effect on the affected occupation and spillovers. Another
contribution is that we can measure the impact on the number of applications, application

quality, and hires within the same setting.

Second, the article contributes to the smaller literature on how wages affect applicant com-
position. Dal B6 et al. (2013) provide experimental evidence that higher public-sector wages
attract a larger and more qualified applicant pool. Related work studies how wage inform-
ation and wage floors affect applicant selection, skill requirements, and the composition



of job offers (Clemens et al., 2021; Balgova et al., 2025). We observe applications, applic-
ant characteristics, and hiring outcomes on the same platform, allowing us to distinguish
changes in the number of applicants from changes throughout the quality distribution and

from realised hiring.

Third, the article relates to work on wage floors, reallocation, and occupational mobility.
Wage-setting policies can reallocate workers and firms across jobs, establishments, and local
labour markets (Cengiz et al., 2019; Harasztosi and Lindner, 2019; Dustmann et al., 2022;
Derenoncourt and Montialoux, 2021; Caldwell and Danieli, 2024; Azar et al., 2024; Deren-
oncourt and Weil, 2025; Giupponi et al., 2024), and can generate spillovers to untreated
workers, firms, or markets (Gopalan et al., 2021; Bassier, 2022; Demir, 2024; Giupponi and
Machin, 2026). Other work studies how information and search assistance affect mobility
across occupations and employers (Jager et al., 2024; Altmann et al., 2023; Belot et al., 2019,
2025, 2026; Klaeui, 2026). Our contribution is to estimate an occupation-level wage response
and to provide a framework for separating the response in the treated occupation from the

displacement of applications elsewhere on the platform.

Section 2 describes the institutional setting and data. Section 3 develops the conceptual
framework. Sections 4 and 5 present the reduced-form evidence on applications and hires.
Section 6 estimates the structural model and decomposes the reduced-form effects. Section

7 concludes.

2 Institutional context and data

2.1 The online platform

Extracadabra is an online platform in the French labour market that specialises in hospitality
jobs in and around Paris. Its clients are mainly restaurants, bars, hotels, and event organ-
isers. The platform advertises three types of arrangement: standard employment contracts
of fixed or indefinite duration, temporary-employment contracts, and self-employed con-
tractor arrangements in which workers supply services through their own businesses. We
focus on the last category, which is the most common on the platform and on which the
richest data are available. These assignments typically last from a few hours to a few days
and must be filled at short notice. In the French hospitality industry, such occasional shifts

are known as extras.

Extracadabra differs from a conventional job board because workers do not search the full

set of posted vacancies. An employer first provides the characteristics of the position to the



platform (Appendix A.1). A matching algorithm then identifies a set of suitable workers
and sends each of them a notification through the mobile application. Notified workers
can inspect the job details and either ignore the notification, decline the opportunity, or
apply (Appendix A.2). The employer is notified of each application, reviews the applicant
profiles, and selects one or more workers or leaves the position unfilled. Once a worker is
selected, the platform charges the employer the wage bill and its commission and holds the

payment in escrow.

After the job is completed, the employer can rate the worker on a scale from 1 to 5. Ratings
are usually either missing or equal to 4 or 5. A worker rated 4 or above becomes an
approved worker for that employer-occupation pair and receives priority in the matching
algorithm for the employer’s subsequent vacancies in the same occupation.

The platform also plays an unusually direct role in wage setting. It specifies a default
hourly wage for each occupation. Employers can depart from this default by asking cus-
tomer service to create a client-specific wage grid. Since 19 December 2023, they have also
been able to boost the wage when creating a position. Between April 2023 and May 2024,
94.6% of posted wages equalled the occupation-wide default, 4.5% equalled a client-specific
default, and 0.9% used the wage-boost option. Our empirical design exploits a change in

one of these occupation-specific defaults.

2.2 Data sources

The platform provides job-level, worker-level, and worker—job-level data.

Job-level data

For each job, we observe the occupation, workplace postcode, complete schedule (including
unpaid breaks), number of workers required, and the date and time at which the position
was created. We also observe the employer’s identity, location, sector, and, for bars and

restaurants, a detailed establishment category such as “Italian restaurant”.

Worker-level data

Workers must register before applying. Their profiles contain age, gender, postcode of res-
idence, declared skills, and previous work experience. The platform updates these profiles
as workers complete assignments, so at each date we observe a worker’s prior assignments
and the associated employer ratings. We also observe every time a worker connects to the

mobile application.

Pair-level data



A distinctive feature of the data is that they cover each stage of the matching process. For
every job, we observe the workers notified by the platform, including those who do not ap-
ply. We then observe each application and its timestamp, whether and when the employer
ignored, rejected, or selected the applicant, and the workers who ultimately performed the
job. For completed jobs, we observe hours worked and the wage bill transferred through
the platform.

2.3 Sample and summary statistics

The analysis sample contains jobs posted between 5 April 2023 and 4 May 2024 for waiting
staff and three neighbouring occupations: bar staff, runners, and receptionists. We exclude

the small minority of jobs that platform staff intermediated manually.

The sample contains 26,297 job adverts posted by 1,475 firms at 2,200 venues, where a venue
is an establishment-location pair. At least one worker was hired for 47.1% of these jobs.
The worker sample comprises the 5,632 workers who submitted at least one application to
a sample job; together, they made 320,833 applications.

Table 1 reports job characteristics by occupation. Jobs last an average of 6 hours, and only
20% span more than one day. They include an average of 30 minutes of unpaid breaks and
are posted 3.5 days before they begin. Employers request an average of 1.3 workers per job.
Almost all jobs are in the Paris region, and 66-88% are within the city of Paris, depending
on the occupation. The platform notifies an average of 774-1,335 workers per job, of whom
8.2-19.4 apply. Employers hire an average of 0.55 workers per job, and approximately half
of all jobs result in at least one hire.



Table 1: Summary statistics for jobs

Waiting staff Bar staff Receptionist Runner Non-waiting staff

Number notified 1,335.09 898.50 1,159.87 773.99 885.07
(496.71) (297.72) (471.15) (197.59) (314.65)
Number of applications 13.77 10.61 19.38 8.15 10.74
(12.55) (9.63) (13.67) (8.31) (10.27)
Number of hires 0.55 0.61 0.59 0.49 0.57
(0.71) (0.78) (0.73) (0.66) (0.74)
At least one hire 0.46 0.50 0.48 0.43 0.48
(0.50) (0.50) (0.50) (0.50) (0.50)
Number of workers requested 1.31 1.27 1.35 1.23 1.27
(1.27) (1.30) (1.17) (1.30) (1.28)
Work hours 5.75 5.86 6.08 6.91 6.24
(1.94) (1.82) (2.03) (1.85) (1.92)
Break hours 0.30 0.33 0.39 0.40 0.36
(0.61) (0.55) (0.49) (0.55) (0.55)
Time until shift start (hours) 88.91 58.26 112.43 111.84 82.28
(141.89) (97.83) (151.39) (177.76) (138.49)
Located in Paris 0.66 0.69 0.88 0.71 0.72
(0.47) (0.46) (0.32) (0.45) (0.45)
Located in IDF 0.96 0.91 0.99 0.85 0.90
(0.21) (0.28) (0.12) (0.35) (0.30)
Morning 0.14 0.10 0.23 0.07 0.11
(0.35) (0.30) (0.42) (0.26) (0.31)
Lunch 0.44 0.43 0.48 0.26 0.37
(0.50) (0.49) (0.50) (0.44) (0.48)
Afternoon 0.27 0.31 0.39 0.27 0.31
(0.44) (0.46) (0.49) (0.44) (0.46)
Evening 0.34 0.30 0.32 0.24 0.28
(0.47) (0.46) (0.47) (0.43) (0.45)
Night 0.25 0.33 0.24 0.57 0.40
(0.43) (0.47) (0.43) (0.49) (0.49)
Number of working days
1 0.81 0.79 0.74 0.76 0.77
2 0.09 0.10 0.11 0.12 0.11
3 0.03 0.04 0.06 0.04 0.04
4 0.02 0.02 0.02 0.02 0.02
5 0.03 0.03 0.05 0.04 0.04
>5 0.02 0.02 0.03 0.02 0.02
Type of shift
Week 0.64 0.55 0.60 0.56 0.56
Weekend 0.06 0.09 0.12 0.08 0.09
Week & Weekend 0.30 0.36 0.29 0.36 0.35
Share of sample 0.48 0.29 0.06 0.17 0.52
N 12,677 7,530 1,491 4,599 13,620

)
Notes: The table reports summary statistics for jobs posted between 5 April 2023 and 4 May 2024 in the
waiting-staff, bar-staff, receptionist, and runner occupations. Standard deviations are reported in parentheses
below means. No additional statistic is reported below proportions.



Figure 1 shows the number of jobs created each month. Postings are strongly seasonal: de-
mand is highest in June and September and is approximately twice as high as in July and
August. Workers do not observe the employer’s name when applying, which helps prevent
employers and workers from bypassing the platform. Instead, they see a detailed category
describing the type of establishment. Figure 2 displays the distribution of establishment
categories. The largest categories are café-restaurants, Italian restaurants, fast-food estab-

lishments, three-star hotels, and catering services.

Table 2 reports applicant characteristics in Panel A and employer characteristics in Panel
B. Because workers can apply in several occupations, the occupation-specific columns are
not mutually exclusive. Waiting-staff applicants are 28 years old on average, and 54% are
women. Almost all (99%) live in Ile-de-France, and 74% live within the city of Paris. Their
homes are an average of 17 kilometres from the job: 29% live in the same département as
the workplace and 1% in the same postcode. Applicants are highly active on the platform.
Before receiving a job notification, 56% had connected within the previous hour and 86%

within the previous 12 hours. Their average rating is 4.5, and 0.8% have no previous rating.

Applicant characteristics are broadly similar across occupations. Gender is a notable excep-
tion: receptionist applicants are more likely to be women, bar-staff and runner applicants

are more likely to be men, and waiting-staff applicants lie between these groups.

Panel B describes the 1,475 firms in the sample. Because firms can post jobs in several
occupations, they may also appear in several columns. Firms posting waiting-staff jobs
operate an average of 1.5 venues, compared with approximately 1.2 among firms posting
in the other three occupations. Conditional on posting in an occupation, firms create an

average of 12 adverts during the sample period.



Figure 1: Monthly job postings
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Notes: The figure reports monthly job postings for waiting staff, bar staff,
receptionists, and runners from 5 April 2023 to 4 May 2024.

Figure 2: Job postings by establishment category
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Notes: The figure reports the distribution of job postings across establishment categories
for waiting staff, bar staff, receptionists, and runners from 5 April 2023 to 4 May 2024.
Categories with fewer than 50 postings are grouped as “Other”.



Table 2: Summary statistics of workers and firms

Waiting staff Bar staff Receptionist Runner

Non-waiting staff

Panel A: applicant characteristics

Age 27.96 28.55 26.98 29.06 28.37
(6.52) (6.42) (5.41) (6.89) (6.40)
Female 0.54 0.36 0.71 0.39 0.44
(0.50) (0.48) (0.45) (0.49) (0.50)
Avg. rating 4.53 4.53 4.55 4.50 4.53
(0.58) (0.56) (0.60) (0.63) (0.59)
Located in IDF 0.99 0.97 1.00 0.92 0.97
(0.10) (0.16) (0.07) (0.27) (0.18)
Located in Paris 0.74 0.78 0.90 0.80 0.81
(0.44) (0.42) (0.30) (0.40) (0.39)
Crow distance 17.31 17.85 15.39 17.24 17.21
(44.95) (53.39) (47.70) (51.94) (51.95)
Same department 0.29 0.34 0.33 0.33 0.34
(0.45) (0.48) (0.47) (0.47) (0.47)
Same postcode 0.01 0.02 0.02 0.02 0.02
(0.12) (0.14) (0.13) (0.13) (0.13)
Time since last connection
Connected in the last hour 0.56 0.58 0.51 0.50 0.54
Connected in the 6 hours 0.21 0.22 0.22 0.23 0.22
Connected in the 12 hours 0.09 0.08 0.09 0.09 0.09
Connected in the last day 0.08 0.07 0.10 0.09 0.08
Connected in last week 0.05 0.04 0.07 0.07 0.06
No recent connection 0.01 0.01 0.01 0.01 0.01
N distinct individuals 4,007 2,307 2,519 1,716 4,539
N 174,577 79,894 28,895 37,467 146,256
Panel B: firm characteristics
Number of venues 1.52 1.21 1.22 1.19 1.20
(2.44) (1.18) (1.04) (0.89) (1.05)
Number of postings 11.51 13.94 10.57 10.22 12.04
(28.54) (30.13) (19.45) (21.57) (25.85)
N distinct establishments 1,101 540 141 450 848
N 12,677 7,530 1,491 4,599 13,620

Notes: The table reports applicant and employer characteristics for waiting-staff, bar-staff, receptionist, and
runner positions advertised between 5 April 2023 and 4 May 2024. Standard deviations are reported in
parentheses below means. No additional statistic is reported below proportions.

Figure 3 plots monthly median and mean hourly wages in the four occupations. Because

most employers use the platform default, the median generally equals the default wage.



The default remained unchanged throughout the sample period for receptionists, runners,
and bar staff. On 5 October 2023, however, the waiting-staff default rose from €16 to €17,

an increase of 6.25%. The platform notified client firms of the change.

Mean wages are noisier because employers can use client-specific wage grids or boost in-
dividual postings. Boosting is particularly visible for bar-staff and receptionist jobs in
December 2023. Nevertheless, both panels show a clear increase in waiting-staff wages

relative to wages in the three comparison occupations.

We use this relative wage change to estimate effects on the quantity and quality of applic-

ations and on hiring.

Figure 3: Hourly wages by month and occupation
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3 Conceptual framework

We develop a model of application and hiring decisions on the platform. The model serves
two purposes. First, it clarifies why a higher wage need not increase applications from
every type of worker. A worker applies to a job not only because it pays well, but also
because the worker has a reasonable chance of obtaining it. A wage increase can attract
additional high-productivity applicants, lower the hiring prospects of other applicants, and
discourage some of them from applying. Second, the model shows how a wage change in
one occupation affects applications to other occupations through the value of continuing to
search.

We abstract from several institutional details. The framework contains two occupations: oc-
cupation A, which represents waiting-staff jobs and whose wage changes in the empirical
analysis, and occupation B, which represents the pooled comparison occupations. In Sec-
tion 6, we estimate the model’s parameters and use them to decompose the reduced-form
estimates into their equilibrium components. Appendix C provides more detail about the

conceptual framework, as well as the proofs.

3.1 Environment

Time is discrete. Workers are risk neutral and discount future utility by B. A non-employed

worker has type
9= (q4,95) € [0,1]%,

where g; is the worker’s productivity rank in occupation j. Higher values indicate higher
productivity. The joint distribution F(g4,9p) allows workers who are productive in one
occupation to be systematically more or less productive in the other.

In each period, a non-employed worker receives at most one notification. A notification
from occupation j € {A, B} arrives at a type-specific rate a;(q), which is observed from
pre-reform notification exposure. Upon receiving it, the worker observes a match-specific
payoff shock ¢;, distributed logistically with scale s;, and decides whether to apply. Apply-
ing costs ¢;. Employment in occupation j pays w; + ¢; per period and ends with probability
0. After their employment spell, the worker returns to search.

Each vacancy in occupation j notifies M; workers. Employers value both observed pro-
ductivity and an idiosyncratic employer-applicant match component. Specifically, em-
ployer j’s payoff from applicant i is g;; + v;j, where v;; follows a type-I extreme-value dis-

tribution with scale ;. The employer selects the applicant with the highest payoff, and
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the selected applicant is successfully matched with probability x;. Thus o; governs how
strongly employers sort applicants by observed productivity: selection approaches determ-
inistic ranking when ¢; is small and random selection when it is large. We derive the

resulting selection probabilities below.

3.2 Application decisions

Let U(g;w) be the value of remaining non-employed before the worker receives a notifica-

tion, where w = (w4, wp), and define the flow-equivalent continuation value

u(g;w) = (1= p)U(g;w).

The flow value of remaining available for work is b(q) = b+ b14, where § = (g4 + q5) /2.
This specification allows the value of continued search to vary with a worker’s average
productivity rank. Let p;(g;;w) denote the equilibrium probability that a worker is hired
conditional on applying to occupation j. After rescaling the application cost by the expected
duration of employment, the worker applies if and only if

pi(aj;w) [wj + & —u(g;w)] = ¢j. (1)
Conditional on a notification from occupation j, a worker’s application probability is

1

= . 2
1+exp{—[w]~—u(q;w)—cj/pj(qj;w)]/sj} @)

Aj(q;w)

Under equation (2), the application behaviour is different from a standard reservation-wage
model. With a fixed hiring probability, the worker compares the wage with a reservation

value. Here that reservation value is itself higher when the job is harder to obtain:
_9
pi(gj;w)

effective reservation value = u(q; w) +

A low-productivity worker may therefore decline a high-wage opportunity if the expected
cost of securing the job is sufficiently large.

The continuation value links the two occupations. With logistic shocks it can be written

u(g;w) = b(q) — ke{ZAB} we(q)Bskpi(qe w) logll — Aw(q;w)l, B = s ©

12



Better opportunities in A raise the value of waiting for an A notification. This makes a

current opportunity in B less attractive, even though wp has not changed.

3.3 Equilibrium competition

Application decisions determine the applicant pool and hence the probability of being
hired. The quantitative implementation solves the model on the empirical cells ¢ of the joint
(94,q8) distribution. Let w, be the population share of cell ¢, and let v;(c) « wca;(c) be the
distribution of workers notified by occupation j. Because the match component v;; is type-I
extreme-value, the probability that an employer selects an applicant with productivity g;,
conditional on a realised applicant pool, is the applicant’s index exp(q;/¢;) divided by the
sum of these indices over all applicants. We approximate the random sum of competitors’
indices by its expectation. The resulting hiring probability is

o exp(q;/0;)
P](q]/ ) ]exp(q]/aj) 4 D ( ) (4)
= M; Zv] exp(q;(c)/oj)Aj(c;w). 5)

The index Dj(w) summarizes effective competition from other applicants. An equilibrium
consists of application probabilities, hiring probabilities, and continuation values satisfying

equations (2)—(5).! The wage response of applications combines three forces.

Proposition 1 (Wages, competition, and application decisions). For a worker of type q,

Wi(w) _ Mol =A@l oy dulgw) G dpilgpw)
dwy, s J dwy, pi(qiw)?  dwy

(6)

Consequently, an increase in w; need not increase applications to occupation j for every worker type.

For the occupation whose wage rises, the first term in brackets is the direct wage effect.
The second term is an option-value effect: a higher wage raises the value of remaining
available for future opportunities and therefore makes the current job less attractive. The
third term is the competition effect. If the wage attracts additional applicants, D; rises and
p; falls. The resulting increase in ¢;/ p; is especially important for workers with low hiring
probabilities. For these workers, the competition and option-value effects can outweigh the
direct wage effect.

'The mean-field representation is an approximation. The exact Poisson-logit hiring operator and the full
equilibrium definition are given in Appendix C.
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Figure 4: Wages, hiring prospects, and application decisions
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Notes: The figure solves the model under an illustrative calibration. Panel (a) reports the average
probability of applying to occupation A, conditional on an A notification, at two wages. Panel (b)
reports the same probability as a function of w4 for three productivity ranks. Continuation values and
hiring probabilities adjust in equilibrium along each curve.

Figure 4 illustrates this possibility. Panel (a) compares application profiles at two wages.
The profiles cross because the wage increase raises applications among high-productivity
workers but lowers them for some lower-productivity workers. Panel (b) follows three
worker types over a wider wage range. Applications rise monotonically for the high-
productivity type. For the two lower-productivity types, applications first rise with the
wage and then fall once the induced increase in competition dominates the direct wage
incentive. The numerical values are chosen only to display the mechanism and are not
estimates.

The same expression clarifies spillovers. When w4 rises, applications to B have no direct

wage term:

_de p% dZUA

d)LB AB(l —/\B) du CB de
dZUA SB '

The increase in the continuation value tends to reduce applications to B. As those applica-
tions fall, competition for B jobs weakens and pp rises, which mitigates the initial decline.
The size and composition of the spillover depend on the joint distribution of g4 and gp: it
is strongest when workers who are marginal applicants to B also have good prospects in
A.
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3.4 Observable outcomes

The model maps application decisions into the three classes of outcomes studied empiric-

ally. Expected applications per vacancy are
Aij(w) = MY vi(c)Ai(c;w). (7)
c

The productivity distribution among applicants is the notified type distribution reweighted
by A(c;w). In particular, mean applicant quality is

L Su@g0Acw)
Qi(®) = =5 L Ohew)

(8)

The appendix gives the corresponding expressions for other functionals of the applicant
pool, including its minimum and maximum quality.

Finally, Poisson application arrivals imply that the job-filling rate is

Hj(w) = x; [1 - exp{—Aj(w)}] ©)

Applications therefore raise filling mechanically, but the marginal effect becomes small
when vacancies already receive many applications. Applicant quality has no similarly
mechanical response: it rises when the wage draws disproportionately more high-productivity
workers or discourages low-productivity workers, and falls under the opposite composi-
tional change.

Figure 5 illustrates these mappings. In the example, a higher w, strongly raises applica-
tions and average applicant quality in A, while slightly reducing applications to B.

These equilibrium links matter for the difference-in-differences design. The observed change
for occupation A includes the direct wage incentive and the endogenous responses of com-
petition and continuation values. Moreover, occupation B need not be unaffected: the
improved opportunity in A changes workers” outside option and can alter applications,
applicant quality, and filling in B. The structural analysis uses the estimated model to
separate these components.

15



Figure 5: From wages to applications and applicant quality
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Notes: The figure uses the same illustrative calibration as Figure 4. Occupation B’s wage is held fixed.
Applicant quality is the mean occupation-specific productivity rank among applicants.
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4 The impact of wages on applications

This section estimates the effect of the waiting-staff wage increase on the quantity and
quality of applications, using the other three occupations as the comparison group.

4.1 Empirical strategy

We compare outcomes before and after 5 October 2023 for waiting-staff jobs and jobs in the
three comparison occupations. Because employers can depart from the platform default,
the estimates are intention-to-treat effects.?

For the number of applications A; received by job j, we estimate the following Poisson
model:

IE[A] | X]] = exp (ﬁZO(]-)]l{t(j) > to} + X]{DC + Ao(j) + )Lweek(]') + (P] +In M]) . (10)
For an applicant-quality outcome Y;, we estimate the corresponding linear model:
Yj = BZy(jy1{t(j) > to} + X]’a + Ao(j) + Aweek(j) T Pj + € (11)

Here o(j) and #(j) denote the occupation and creation date of job j, Z,(; equals one for
waiting-staff jobs, and t( is the date of the wage change. The vector X; includes indicators
for morning, lunch, afternoon, evening, and night shifts; contracted work and break hours;
the day of the month, day of the week, and hour at which the advert was created; deciles
of the time between posting and the start of the job; indicators for the number of working
days spanned by the job; and indicators for weekday-only, weekend-only, and mixed jobs.

In equation (10), In M; is an offset for the number of workers notified about job ;.

All specifications include occupation and week fixed effects. The additional fixed effects in
¢;j vary across columns. Our preferred specification includes venue fixed effects, where a
venue is an establishment—postcode pair. The coefficient B captures the intention-to-treat
effect of the default-wage increase. For quality, we consider the mean, minimum, and

maximum score among applicants to each job.

%In the analysis sample, 95% of adverts post the occupation-wide default wage, 2% post a lower wage,
and 3% post a higher wage.
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We also estimate event-study versions of equations (10) and (11):

6
E[A; | X;] = exp ( Yo BiZogyM{m(j) =k} + Xja + Aoy + Aeek(j) + ¢+ In M])
k=—6, k#—1
(12)
6 .
Yj = Z :BkZO(])IL{mO) = k} + X]I"X + Ao(]) + )Lweek(j) + (P] + €j (13)
k=—6, k#£—1

where m(j) indexes event months relative to to; the month from 5 October to 4 November
2023 is zero, the next month is one, and so forth. The omitted category is the month
immediately preceding the change. Defining months around the event date ensures that
the default wage is constant within each event month.

Identification requires that, absent the wage change, outcomes in the treated and com-
parison occupations would have followed parallel trends. Occupation-specific trends or
seasonal patterns could violate this condition. Detailed job controls and venue fixed ef-
fects reduce concerns about changes in the composition of postings. Moreover, many of
the same firms post jobs, and many of the same workers apply, across the four occupa-
tions. Common demand- or supply-side shocks are therefore likely to affect more than one

occupation.

This overlap also creates interference: additional applications to waiting-staff jobs may
come at the expense of the comparison occupations. The reduced-form coefficient con-
sequently identifies a relative effect, not necessarily the equilibrium response in the treated
occupation alone. Section 6 uses the model to separate these objects.

4.2 Defining quality

We construct quality from employers’ revealed preferences over applicants. Specifically, we
use a class-weighted logistic model to predict whether worker i is hired for job j, condi-
tional on applying. Because the estimation reweights hires and non-hires to address class
imbalance, the fitted value is best interpreted as a hiring score rather than as a calibrated
probability. Quality is worker—job specific: the same worker can have different scores for
different jobs.

1
1+ exp(—z;)’

Sij = zij = Bo + XiiB + V() elj) (14)
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where Sl-]- is the quality score, Xij contains worker, job, and worker—job characteristics,
and () .(j) denotes establishment fixed effects indexed by establishment category and
employer. The predictors include whether the worker has previously worked for and been
approved by the employer, distance between the worker’s residence and the workplace,
the worker’s average rating, experience in the job’s occupation and establishment category,
gender, age, and time since the worker last connected to the platform. We estimate the
model using service-sector applications between 1 January 2023 and 30 December 2025.
Appendix B describes the sample, predictors, and estimation in detail.

We draw 20% of jobs at random to form the training sample and calculate scores for ap-
plications to the remaining 80%. The quality regressions in equations (11) and (13) exclude
all jobs in the training sample, preventing a job’s realised hiring outcome from being used

both to estimate and to evaluate its applicants” quality scores.

In the test sample, the area under the receiver operating characteristic curve (AUC) is 0.76.
At the selected threshold, sensitivity—the share of hires classified as hires—is 0.61. Figure 6
plots the score distribution separately for hired and non-hired applicants. Although the
distributions overlap, hired applicants receive substantially higher scores.

Figure 6: Applicant quality scores by hiring outcome

0.0 0.2 0.4 0.6 0.8 1.0
Quality

Hire Status [ | Hired [ | Not Hired

Notes: The figure reports the density of applicant quality scores by hiring outcome in
the test sample. The sample contains applications to service-sector jobs posted between
1 January 2023 and 30 December 2025, excluding jobs used to train the quality model.

4.3 Results

Table 3 reports estimates of equation (10). Column (1) includes occupation and week fixed

effects; column (2) adds establishment-category and postcode fixed effects; column (3) adds
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their interaction; and column (4) instead includes venue fixed effects. Across specifications,
the wage increase raised applications by 22-30% relative to the comparison occupations.’
In our preferred specification, § = 0.2104, corresponding to a 23.4% increase. The log

elasticity is 0.2104/ log(17/16) = 3.5.

Table 3: Effect of the wage increase on applications

Number of applications

1) (2) (3) (4)

Post x Treated 0.2662°*  0.1950***  0.2066*"* 0.2104***
(0.0204)  (0.0200)  (0.0209)  (0.0221)

Observations (jobs) 26,297 26,112 25,921 25,461
Share treated 0.482 0.48 0.478 0.474
Dependent-variable mean 12.2 12.2 12.3 12.2
Number of Venues 2,200 2,021 1,832 1,379
Controls v v v v
Occupation FE v v v v
Week FE v v v v
Category FE v v

Postcode FE v v

Category x Postcode FE v

Venue FE v

Notes: The sample runs from 5 April 2023 to 4 May 2024. All specifica-
tions are Poisson models with the number of notified workers as an offset.
Heteroskedasticity-robust standard errors are in parentheses.

*p < 0.01, *p < 0.05, *p < 0.10.

Figure 7 presents the event-study estimates from the preferred specification of equation (12).
The pre-treatment coefficients are small and statistically insignificant, providing no evid-
ence of differential application trends before the wage change. Applications rise gradually
after the change, reaching approximately 20% above the relative pre-treatment level after

two months. The effect persists through the end of the six-month post-treatment period.

3Percentage changes are calculated as 100[exp(//§) —1].
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Figure 7: Event study: number of applications
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Notes: The figure reports the estimated By coefficients from equation (12). The model includes occupation,
week, and venue fixed effects and uses the number of notified workers as an offset. The sample runs from 5
April 2023 to 4 May 2024. Bars show 95% confidence intervals.

Table 4 reports effects on the mean, minimum, and maximum quality scores in the ap-
plicant pool. Mean quality increases by 0.007-0.013 across specifications. In the preferred
specification, the estimate is 0.0095, or 2.0% of the dependent-variable mean, implying an
elasticity of approximately 0.3. The minimum score rises by 0.0307, or 10.6% of its mean,
implying an elasticity of approximately 1.7. By contrast, the maximum-score estimate is
0.0065, or 0.9% of its mean, and is statistically insignificant. The improvement in applicant

quality is therefore concentrated at the lower end of the distribution.

Table 4: Effect of the wage increase on applicant quality

Applicant Mean quality Minimum quality Maximum quality
@ @ ® @ Qi 6 @ ® ©® (10) (11) (12)
Post x Treated 0.0065**  0.0128*** 0.0107*** 0.0095*** 0.0292*** 0.0349*** 0.0329*** 0.0307***  0.0042  0.0095*  0.0060  0.0065
(0.0031)  (0.0030)  (0.0032)  (0.0034)  (0.0036)  (0.0037)  (0.0039)  (0.0043) (0.0052) (0.0051) (0.0053) (0.0057)
Observations (jobs) 19,503 19,388 19,207 18,773 19,503 19,388 19,207 18,773 19,503 19,388 19,207 18,773
Share treated 0.491 0.49 0.488 0.483 0.491 0.49 0.488 0.483 0.491 0.49 0.488 0.483
Dependent-variable mean ~ 0.484 0.484 0.485 0.485 0.289 0.288 0.289 0.289 0.726 0.726 0.727 0.728
Number of Venues 1915 1,800 1,619 1,185 1915 1,800 1,619 1,185 1915 1,800 1,619 1,185
Controls v v v v v v v v v v v v
Occupation FE v v v v v v v v v v v v
Week FE v v v v v v v v v v v v
Category FE v v v v v v
Postcode FE v v v v v v
v v v

Category x Postcode FE
Venue FE v
Notes: The sample runs from 5 April 2023 to 4 May 2024. All specifications are estimated by OLS.
Heteroskedasticity-robust standard errors are in parentheses.

p < 0.01, *p < 0.05, *p < 0.10.

v v

Figure 8 presents the event-study counterparts of columns (4), (8), and (12) of Table 4.
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The increase in mean quality is short-lived and statistically significant only in the first
two months after the event month. Minimum quality rises more sharply and remains
significantly higher throughout the post-treatment period. Maximum quality shows no

clear or persistent response.
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Figure 8: Event study: applicant quality
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Notes: Panels 8a—8c report the estimated By coefficients from equation (13) for mean, minimum, and maximum
applicant quality. All specifications include occupation, week, and venue fixed effects. The sample runs from
5 April 2023 to 4 May 2024. Bars show 95% confidence intervals.
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5 The impact of wages on hires

We apply the same difference-in-differences and event-study designs to the number of
workers hired for each job. Because the default wage is not binding, these estimates are

again intention-to-treat effects.

Identification requires parallel trends in hiring absent the wage change. The threats are
similar to those discussed in Section 4, and we use the same job controls and fixed effects.
Hiring differs from applying, however, because it reflects the joint decisions of workers
and employers. Employers may respond to the wage increase by changing their selection
standards or recruitment practices. The estimated effect on hires therefore combines the
application response with any wage-induced change in employers” hiring decisions.

Table 5 reports the effect on the number of hires. Across specifications, the wage increase
raises hires by 11-16% relative to the comparison occupations. In the preferred specific-
ation, B = 0.1087, corresponding to an 11.5% increase. The implied log elasticity is 1.8.
Figure 9 presents the corresponding event study. The post-treatment coefficients are gener-
ally positive but individually imprecise, so none is statistically distinguishable from zero.
The pooled post-treatment estimate in Table 5, by contrast, is positive and statistically sig-

nificant.

Table 5: Effect of the wage increase on hires

Number of hires

1) (2) (3) (4)

Post x Treated 0.1028***  0.1086***  (0.1481*** 0.1087***
(0.0338) (0.0342) (0.0354)  (0.0375)

Observations (jobs) 26,297 25,938 25,509 24,629
Share treated 0.482 0.478 0.476 0.471
Dependent-variable mean 0.6 0.6 0.6 0.6
Number of Venues 2,200 1,952 1,694 1,137
Controls v v v v
Occupation FE v v v v
Week FE v v v v
Category FE v v

Postcode FE v v

Category x Postcode FE v

Notes: The sample runs from 5 April 2023 to 4 May 2024. All specifica-
tions are Poisson models with the number of notified workers as an offset.
Heteroskedasticity-robust standard errors are in parentheses.

*p < 0.01, **p < 0.05, *p < 0.10.
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Figure 9: Event study: number of hires
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Notes: The figure reports the estimated pj coefficients from equation (12) for the number of hires. The model
includes occupation, week, and venue fixed effects and uses the number of notified workers as an offset. The

sample runs from 5 April 2023 to 4 May 2024. Bars show 95% confidence intervals.
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6 Structural decomposition of the reduced-form estimators

We estimate the model developed in Section 3. Our main purpose is to decompose the
difference-in-differences estimates into the equilibrium effect on the occupation in which
the wage increased and the displacement effect on the comparison occupations. A second-
ary benefit is that the richness of the platform data identifies structural parameters that are
typically difficult to recover, including application costs and the dispersion in workers” and
employers’ evaluations of a match. Details about the estimation and the decomposition are
available in Appendix D.

6.1 Parameters and moments

The model contains three groups of parameters. The first group is observed or calibrated
directly:
0o = (Ma, Mg, {aa(c),ap(c)}e, 6, B, {we, qa(c), qB(c) o).

The numbers of notified workers per vacancy M;, cell-specific notification rates «;(c), cell
weights, representative cell ranks, and mean match duration are observed on the platform.
The discount factor is fixed from an annual discount rate. Earlier versions of the quantit-
ative model used a Gaussian copula for the joint distribution of ranks; the current baseline

instead uses the empirical joint cells directly.

The second group contains occupation-specific matching efficiencies (x4, xp). Let A; denote
applications per vacancy and z; the fraction of vacancies that remain unfilled. Because

application arrivals are Poisson,

1-— Z]' (15)
K= .
I 1—exp(—A4))
We recover «; from pre-reform applications and filling rates.
The remaining behavioural parameters are estimated jointly:
0= (b/ bl/ CA,CB,SA,SB,UA, UB)/- (16)

The intercept b governs the attractiveness of remaining available for future work, and b;
allows this value to vary with the worker’s average productivity rank. The ¢;’s are applic-
ation costs, the s;’s govern dispersion in workers” application payoffs, and the 0;’s govern

dispersion in employers” evaluations of applicants.
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We construct pre-reform moments by crossing bins of g4 and gp. For every joint worker
cell c, we measure the probability of applying conditional on receiving a notification:

~ applications from cell ¢ to j
notifications received by cell ¢ from j

We also measure hiring probabilities conditional on applying. Consistent with the model,
p4 is estimated by g4 bin and pp by gp bin:

B hires from applications in rank bin x

pj(x) =

applications in rank bin x

The pre-reform moments additionally include applications per vacancy in each occupa-
tion. Appendix D describes the sample, weights, standard errors, and construction of the

representative comparison occupation.

Finally, we add the empirical difference-in-differences estimates for applications and aver-
age applicant quality. Let w’, be the pre-reform wage and w}; = @ + Awy the post-reform
wage. Solving the model at both wages gives

T(0) = [h(AY) — h(AY)] — [h(Ab) — h(AD)], (17)
24(6) = [Qx — Q] - [Q — Qpl, (18)

where h applies the same transformation as the empirical specification. Because the ap-
plication regression is Poisson, its coefficient is a change in the log application rate, so its
structural counterpart uses h(x) = logx. Applicant quality is expressed in occupation-

specific percentile-rank units in both the data and the model.

6.2 Identification

Identification follows the sequence suggested by the economic structure. Duration and no-
tification moments identify (4, B, a;(c), M;), filling and application rates identify x; through
equation (15), and the empirical cell weights identify the joint distribution of productivity

ranks used in the equilibrium computation.

The slope of hiring probabilities across productivity ranks identifies employer selectivity.
Rearranging the mean-field hiring equation yields
1j

— 1] =logD; — px (19)
]

lo %
& pi(4;)
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Thus the slope of transformed hiring probabilities in g; is —1/0;. A flatter hiring profile

implies more employer-side noise and a larger ;.

Conditional application probabilities identify the worker-side parameters. Define

Gi(q) = —aj(q)Bpj(q;)log[1 — A;(q)].

Combining the application rule with the continuation-value equation gives

Cj _
wi = b+ b7+ P](—]q]) +5j loglt[)\j(q)] +54Ga(q) +s5Gp(q). (20)
Across occupations and productivity cells, equation (20) is linear in (b, by, ca,cB,Sa,SB).
These parameters are point identified when the resulting regressor matrix has rank six.
Intuitively, variation in hiring probabilities identifies application costs, variation in applic-
ation rates identifies the worker-side shock scales, and behaviour across both occupations

and quality cells identifies the level and type gradient of the continuation value.

The pre-reform conditional moments are sufficient for point identification under these
rank conditions. The two difference-in-differences moments add economically important
overidentifying information. They discipline the parameter combinations that determine
continuation-value and competition responses to wages and require the model’s comparat-
ive statics to align with the reduced-form evidence. Appendix D states the formal identi-
fication result.

6.3 GMM estimator

Let 711 collect the pre-reform cell and aggregate moments and the two difference-in-differences
estimates, and let m(6) denote their model counterparts. We standardise each discrepancy

by its estimated standard error and stack the resulting moments in g(6). The estimator is

0 = argmin g(0) Wg(6). (21)

S
We impose positivity of costs and scale parameters by optimising their logarithms. The
weighting matrix uses the inverse of the jointly estimated covariance matrix of the mo-
ments. We estimate this covariance matrix with a common cluster bootstrap that recom-

putes all pre-reform and difference-in-differences moments in each draw.
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The overidentifying-restrictions statistic is

] = g(6)Wg(0),

which is asymptotically chi-squared with the number of moments minus eight degrees
of freedom. The cluster bootstrap also provides sampling uncertainty for the parameter
estimates and the decomposition.

6.4 Decomposition

~

For outcome Y, let Y](w 4;0) be the model outcome in occupation j when the wage in A is
w 4. Holding wp, the worker distribution, notification rates, and all estimated parameters
fixed, define
1. 0.p
AY; = Yj(wA,G) — Y]-(wA,G).

The structural counterpart of the empirical difference-in-differences coefficient is

= AY4 + (—AYp) : (22)

-
effect on treated occupation  control-group spillover

The first term is the full equilibrium response in A. It includes the direct wage incentive
as well as endogenous changes in competition and continuation values. The second term
measures contamination of the comparison group. If workers substitute away from B, then
AYp < 0 for applications and the DiD exceeds the equilibrium effect on A.

We further decompose the spillover on B. Along the equilibrium wage path,

dAp(q) _ Ap(q)[1 —Ap(q)] du(q) n Ap(g)[1 —Ap(g9)] ¢ dps(qs) 23)
= 5 .
dZUA o SB de, . SB pB(qB) dZUA )
continuationj;alue channel hiring-probz?l:;lity channel

The first channel normally reduces applications to B: a better opportunity in A raises the
value of continuing to search. The second channel often mitigates that reduction: fewer
applications to B lower competition and raise the probability of being hired there.

We aggregate each derivative over worker types and integrate it from w’ to w}. For

applications and average quality this yields

AYg = AYE+AYE, ' =AY, — AYE - AY].
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Table 6: Structural parameter estimates

Parameter Interpretation Estimate
b Baseline value of continued search 0.1637
b Slope of continued-search value in average quality rank  0.6737
CA Application cost, occupation A 0.1023
CB Application cost, occupation B 0.0875
SA Worker payoff dispersion, occupation A 0.4976
SB Worker payoff dispersion, occupation B 0.3106
oA Employer-choice dispersion, occupation A 0.7879
0B Employer-choice dispersion, occupation B 0.7366

Notes: The table reports GMM estimates of the behavioural parameters.

Table 7: Model fit and wage-change moments

Moment Data  Model Standardised residual
Pre-reform applications per vacancy, A 10.270387 9.626326 1.496912
Pre-reform applications per vacancy, B 7.735478 7.481372 0.817640
DiD: applications 0.210400 0.220075 -0.437778
DiD: average applicant quality 0.009500 0.003960 1.629384

Notes: Pre-reform applications are expressed in levels; the application DiD is expressed in log points;
and applicant quality is measured in occupation-specific percentile-rank units. The table reports the
data, their model counterparts, and standardised residuals.

The decomposition is performed in the same units as the empirical outcome. Appendix D

gives the aggregation formulas and numerical implementation.

6.5 Estimates and decomposition

This subsection reports the structural parameter estimates, model fit, and decomposition.

Table 6 reports the eight estimated behavioural parameters. The remaining inputs are cal-
ibrated directly from the pre-reform aggregate moments and the wage-experiment context.
Table 7 reports the aggregate moments most directly related to the wage experiment and
compares the targeted DiD moments with their model counterparts. The model closely
reproduces the pre-reform application rates and the wage-induced changes in applications
and applicant quality.

Figure 10 presents the main decomposition as an accounting identity. The equilibrium
effect on A and the contribution from spillovers onto the comparison group, —AYp, sum to
the structural DiD. The lower box reports the empirical DiD supplied to the estimator.
Table 8 reports the same decomposition and splits the B response into its two structural
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Figure 10: Structural decomposition of the DiD
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Notes: The control-group component equals minus the model response in occupation B,
so a decline in B contributes positively to the DiD. The arrow links the structural DiD to
its empirical counterpart.

channels: the continuation-value effect and the hiring-probability effect.

For applications, the model-based difference-in-differences effect of 0.214 log points com-
prises a 0.200-log-point increase in occupation A and a 0.013-log-point decline in occupation
B. Comparison-group displacement therefore accounts for about 6% of the contrast, while
the equilibrium response in the treated occupation accounts for the remaining 94%. Nearly
all of the response in B operates through the hiring-probability channel. For average applic-
ant quality, the response in B is close to zero, so the model-based difference-in-differences
effect is almost entirely attributable to the improvement in occupation A.
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Table 8: Decomposition of the reduced-form estimators

Decomposition of the DiD effect

Outcome Empirical DiD Model DiD  Effect on A Effect on B

Applications 0.210400 0.213645 0.200175 -0.013470

Mean quality 0.009500 0.003992 0.004050 0.000058
Decomposition of the effect on B

Outcome Continuation value Hiring prob. Adding-up err.

Applications -0.000324 -0.013146  4.90 x 1010

Mean quality -0.000012 0.000070 7.61 x 10713

Notes: The model DiD equals the effect on A minus the effect on B. Within B, the continuation-value
and hiring-probability channels sum to the total B effect up to numerical path-integration error.
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7 Conclusion

We study an occupation-wide increase in the default wage on a platform for short-term
hospitality work. Raising the waiting-staff wage from €16 to €17 increased applications by
approximately 23% relative to three neighbouring occupations, implying a wage elasticity
of about 3.5. Mean applicant quality rose modestly, with an elasticity of approximately 0.3,
and the improvement was concentrated at the bottom of the applicant-quality distribution.
Hires increased by about 11%, implying an elasticity of 1.8. Together, these estimates show
that occupation-wide wage changes can affect not only how many workers apply, but also
the composition of the applicant pool and the probability that employers fill their vacancies.

The platform setting also makes clear why a conventional difference-in-differences estimate
need not equal the equilibrium response in the treated occupation. Workers receive oppor-
tunities in several occupations, so a higher wage in one occupation can divert applications
from another. Our structural decomposition shows that this spillover is modest. The decline
in applications to the comparison occupations accounts for about 6% of the model-based ap-
plication contrast, while the remaining 94% reflects the equilibrium response in the treated
occupation. The spillover in applicant quality is economically negligible. The reduced-form
elasticities therefore closely approximate the equilibrium responses of waiting-staff vacan-
cies, and the conclusion that the higher wage attracted substantially more and somewhat

better applicants is robust to interference across occupations.
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A Screenshots of the platform
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A.2 Worker user experience
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B Estimating quality

We use employers’ revealed choices to construct a quality score for each worker—job pair.
Let H;; indicate that worker i is hired for job j, conditional on applying. We estimate a

class-weighted logistic model and define the fitted score as

1
1+ exp(—zj)’

Sij = zij = Bo + XiiB + Ve(j)e(j)- (24)
The vector Xj;j contains worker-, job-, and pair-level characteristics, and Ye(j),e(f) denotes
establishment fixed effects indexed by establishment category and employer. Worker char-
acteristics include gender, age quintile, average rating, and time since the last connection
to the platform. The job controls include the number of workers requested. Pair-level
characteristics include quintiles of straight-line distance between the worker’s residence
and the workplace; indicators for living in the same postcode or département; whether the
worker has previously worked for and been approved by the employer; and detailed meas-
ures of previous experience. We group experience into the most recent assignment, the
second through fifth most recent assignments, and the sixth through tenth most recent
assignments. For each group, we include average ratings and indicators for whether the
experience was obtained through the platform, was in the same occupation or establish-
ment category as the current job, or was in a higher, lower, or undefined occupation within
the same family. We rank occupations within families by their mean posted hourly wage.
Missing-value indicators are included for age, average ratings, experience ratings, and time
since the last connection.

Hires are rare, so the estimation weights hired and non-hired observations inversely by
their respective sample frequencies. This weighting improves the model’s ability to rank
hires but changes the calibration of its fitted values. We therefore interpret S;; as a quality

score, not as the applicant’s actual hiring probability.

We randomly assign 20% of service-sector jobs posted between 1 January 2023 and 30
December 2025 to the training sample and use the remaining 80% as the test sample.
The broader service-sector data contain 22 occupations. Eighteen are not suitable com-
parison occupations for the event study, but they provide useful information about em-
ployers” hiring choices. Before estimation-specific exclusions, the training sample contains
382,201 worker—job pairs, 10,989 workers, and 23,165 jobs; the test sample contains 4,155,162
pairs, 20,708 workers, and 237,945 jobs. The effective logistic-regression sample contains
361,689 observations after fixed-effect and missing-value handling. Quality is pair-specific:
a worker can receive different scores for different jobs.
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Table A1 compares worker—job pairs in the training, test, and DiD samples. Although the
test group contains 80% of jobs, it contains 92% of pairs because applicant-pool sizes vary
substantially across postings. Random assignment makes the training and test samples
broadly comparable in worker demographics, geographic proximity, prior worker—employer
relationships, ratings, job requirements, and work experience. The DiD sample is instead
determined by the event-study period and four selected occupations. It consequently con-
tains more women, younger workers, and somewhat different occupational histories. We
obtain the quality outcome used in the DiD analysis by applying the model estimated on
the training sample to this analysis sample.
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Table Al: Summary statistics of worker-job pairs across samples

Training sample Test sample DiD sample

Female 0.44 0.37 0.49
(0.50) (0.48) (0.50)
Age 29.37 30.21 28.15
(7.15) (7.69) (6.47)
Same postcode 0.02 0.02 0.02
(0.13) (0.12) (0.13)
Same department 0.32 0.29 0.31
(0.47) (0.45) (0.46)
Prior worker-establishment history 0.08 0.06 0.07
0.27) (0.24) (0.25)
Average rating 4.59 4.58 4.53
(0.52) (0.53) (0.58)
Number of workers requested 1.32 1.21 1.33
(1.20) (1.13) (1.38)
Straight-line distance (km) 15.68 16.55 17.27
(41.37) (43.12) (48.26)
Experience (most recent)
Average rating 4.79 4.81 4.80
(0.83) (0.80) (0.82)
Same qualification 0.33 0.37 0.35
(0.47) (0.48) (0.48)
Same category 0.12 0.15 0.10
(0.33) (0.35) (0.30)
Rank 13.79 14.59 14.71
(4.79) (5.66) (4.81)
Same family, higher rank 0.27 0.21 0.13
(0.44) (0.41) (0.33)
Same family, lower rank 0.20 0.16 0.25
(0.40) (0.37) (0.44)
Different family 0.20 0.26 0.27
(0.40) (0.44) (0.44)
Experience (last 2-5)
Average rating 4.65 4.66 4.62
(0.94) (0.94) 0.97)
Same qualification 0.34 0.37 0.37
(0.48) (0.48) (0.48)
Same category 0.12 0.14 0.10
(0.32) (0.35) (0.30)
Rank 13.84 14.64 14.73
(4.69) (5.64) (4.78)
Same family, higher rank 0.28 0.21 0.12
(0.45) (0.41) (0.32)
Same family, lower rank 0.18 0.16 0.24
(0.39) (0.37) (0.43)
Different family 0.18 0.25 0.25
(0.39) (0.43) (0.43)
Experience (last 6-10)
Average rating 4.69 4.70 4.66
(0.84) (0.85) (0.90)
Same qualification 0.30 0.33 0.31
(0.46) (0.47) (0.46)
Same category 0.10 0.12 0.08
(0.30) (0.33) (0.28)
Rank 12.68 13.10 13.14
(5.91) (6.94) (6.46)
Same family, higher rank 0.26 0.20 0.11
(0.44) (0.40) (0.31)
Same family, lower rank 0.17 0.14 0.23
(0.37) (0.35) (0.42)
Different family 0.18 0.22 0.23
(0.38) (0.41) (0.42)
Worker—job pairs 382,201 4,155,162 320,833
Share of sample . 0.08 0.92 0.07
Y4

Notes: The table reports summary statistics for worker—job pairs in the training, test, and DiD samples.
Standard deviations are in parentheses. The DiD sample contains applications to waiting-staff, bar-staff,
receptionist, and runner jobs posted between 5 April 2023 and 4 May 2024.



Table A2 reports selected variables with the largest absolute coefficients in the service-sector
logistic model. These raw logit coefficients are descriptive of the fitted model; because the
regressors use different scales, their magnitudes should not be interpreted as a formal

variable-importance ranking.

Table A2: Selected large coefficients from the quality model

Service sector

)
Previously worked for and approved by the establishment 2.41%**
(0.009)
Missing average rating 0.619***
(0.129)
Last experience from the same qualification -0.941%**
(0.067)
Last experience from a higher qualification in the same family -1.17%
(0.068)
Last experience from a lower qualification in the same family -0.923***
(0.067)
Last experience from a different family -1.27%%*
(0.067)
Median qualification of the last 2-5 experiences is from the same qualification 0.605***
(0.050)
Median qualification of last 2-5 experiences is from a lower qualification in the same family 0.474***
(0.050)
Dependent variable mean 0.042
Observations 361,689
Pseudo R? 0.249
Establishment fixed effects v

Notes: The table reports selected coefficients with the largest absolute values in equation (24). Standard errors
are in parentheses.

Table A3 evaluates the quality model in the test sample. An AUC of 0.76 means that the
model assigns a higher score to a randomly selected hired applicant than to a randomly
selected non-hired applicant 76% of the time. At the threshold of 0.6, which maximises
Youden’s ], sensitivity is 0.605 and specificity is 0.785. Thus Youden’s | = 0.605 + 0.785 —
1 = 0.390. Precision is 0.15, reflecting the rarity of hiring: only approximately 3.7% of test-
sample applications result in a hire. These metrics show that the score contains meaningful

ranking information, while also illustrating the difficulty of classifying rare outcomes.
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Table A3: Prediction evaluation metrics

AUC Sensitivity Specificity Accuracy Precision Youden Index Threshold
0.76 0.605 0.785 0.774 0.15 0.390 0.6

Notes: The table reports classification metrics for the applicant-quality model in the test sample. The threshold
maximises Youden’s J, defined as sensitivity plus specificity minus one.

Figure A3 plots the receiver operating characteristic (ROC) curve. The curve lies above
the 45-degree line associated with random classification. Its shape illustrates the trade-off
between sensitivity and specificity: lowering the classification threshold increases both the
true-positive and false-positive rates. The AUC summarises the model’s ability to rank

applicants across all possible thresholds.

Figure A3: Receiver operating characteristic curve
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Notes: The curve plots sensitivity against one minus specificity across all classification thresholds in the test
sample. Table A3 reports the corresponding evaluation metrics.

C Conceptual framework: derivations and equilibrium

This appendix derives the worker’s application rule, defines the exact Poisson-logit equilib-
rium, relates it to the mean-field representation used in the main text and estimation, and
proves Proposition 1. For compactness, some derivations use continuous notation. In the
structural estimation, these integrals are evaluated as sums over the empirical joint cells,

and «;(q) denotes the observed cell-specific notification rate.
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C.1 Worker problem

Let Wi(ej;q,w) be the value of an employment spell in occupation j with match-specific
payoff ¢;. Employment ends at the close of a period with probability ¢, so

Wi(ej;q,w) = wj+e;+ B [(1— 8)Wi(ej;q,w) + SU(q;w)] . (25)

It follows that

Wi(ej;q,w) — U(q;w) = ol +S]1__(El(l_f);)[(q'w) (26)

Before receiving a notification, the worker’s value satisfies

U(q;w) = by + b1 + BU(q; w)

RO max {0, ~5; + Bp; (g w) Wi(ejiq ) — Ulgw)] } |, (27)
je{A,B

where by is the baseline flow payoff while non-employed, § = (94 + gp)/2, and by allows
the value of waiting to vary with worker quality. Define

u=(1-p), ﬁ:#, cj =

and absorb the scale conversion of by + b17 into b(gq) = b+ b1j. Substitution of (26) into
(27) gives the application rule

pi(q;;w)[w; +¢ej — u(q;w)] > c;.

C.2 Application threshold

Rearranging the application rule yields the threshold

c;
e > E(qw) = —L— — [wi —u(q;w)].
= pilaiw) T
For a logistic shock with scale s,
Pr(e; > x) = L
=77 1+exp(x/s))
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Evaluating this survival function at €;(q; w) proves equation (2). Its index is increasing in
w; and pj, holding u fixed, which establishes the stated monotonicity.

The value of the option to apply can also be written in terms of the application probability.
For a logistic random variable,

IE[(SJ — Ej)—'_] = —S]' log(l — /\])
The transformed search value is therefore

u(g;w) =b— Y aj(q)Bsjpj(q;; w) log[l — Ai(g; w)],
jE{A,B}

which is equation (3).

C.3 Worker policy functions

Fix wages w and hiring probabilities p 4, pp. For each worker type, the continuation value
is the solution to

1
¥(up,w) = u—blg)+ Y aj(q)Bsipylog |1- o
iy j iPj 1 +exp{—[w; —u—cj/pj]/s;} o
Because -
ol 1+ Z tx]'(q),Bijj >0,

je€{A,B}
the worker problem has at most one solution. Its limits as © — —oco and u — +o0 have

opposite signs, so a solution exists. Denote it by m(p 4, pp; w). The worker policy functions

are
1

1 +exp{—[w; —m(pa, pp;w) —¢;/p;l/sj}

Ci(pa, p;w)

C.4 Exact Poisson-logit hiring operator

Let
aj(x) = exp(x/0;)
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be the employer-choice index. Conditional on a focal worker applying with productivity
q;, the logit probability of being selected is

a;(q;)
aj(q;) + Liea; aj(qij)

Applications from other notified workers form a marked Poisson process. Let v; denote the
distribution of productivity ranks among workers notified about an occupation-j vacancy,

and define
Aj(x;w) = E[A;(Qa, Qp;w) | Qj = x,an occupation-j notification)].

Using
a o0
TS —/0 aexp[—t(a+S)]dt,

the probability of being hired conditional on applying is

o]

pila) = x; [ ai(a;) expl—ta; )]
X exp {—M]- /[0 : [1—exp{—taj(x)}] A;(x;w) dvj(x)} dt. (29)
An exact equilibrium is a collection (pa, pp, Aa, A, u) satisfying
Aj(g;w) = Li(pa(ga; w), pe(ge; w); w), (30)
pi(g;;w) = Pi[A;(w)](q)), (31)

where P; is the operator in (29). The quantitative implementation assumes that this fixed

point is unique. More generally, the analysis requires a stable equilibrium selection rule.

C.5 Mean-field approximation

The exact operator requires a one-dimensional integral for each occupation and productiv-
ity point. The mean-field approximation replaces the random logit denominator by its
expectation:

aj(0)Aj(w) dvi(x),  p(gpw) = Kjaj(qj;ljiqgj(w).

D: — M.
j(@) T Jioa]
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This is the representation in equations (4) and (5). It preserves smooth employer choice,
productivity sorting, and the endogenous response of hiring probabilities to the applicant
pool while substantially reducing computation.

The limiting cases are useful for interpretation. As 0; | 0, employers select the highest-
productivity applicant with probability approaching one. As ¢; — oo, employers select
approximately at random among applicants and

—exp|[—A;
pj(qj; w) —» Kjl j][(w) ](w)],

independently of q;, where A; = M; [ Rj(x;w) dvi(x).

C.6 Proof of Proposition 1

Write equation (2) as

5j

M=L<wf”“””m), L'(z) = L)1 - L(2)].

Taking the total derivative along an equilibrium wage path gives

ar: Aa=A) [ du ¢ dp
= ll{JZk}—d— el I
k 5 W pj AWy

which proves equation (6). The first term is positive for an own-wage change, while the
other two terms need not be. Therefore the total derivative is not sign restricted. []

For completeness, define

Hj(q) = —sjlog[1 = A;(q)],  Kj(q) = Hj(q) +
Differentiating the continuation-value equation and using the envelope property gives

dvi(a:
du(q) B (q) P (9x) Ak(q) + B Lje 4,8y “j(q)Kj(q)M

duwy 32
T, T B cinm @) @) 2

Holding hiring probabilities fixed, an increase in wy strictly raises the continuation value
for workers with a positive probability of applying to and obtaining a job in k. Hiring-
probability adjustments can reinforce or attenuate this response.
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Under the mean-field rule,

dpj(q;) _ pjlq;) dD;
dwy Ll]'(q]') + D]' dwy,
dD; dA;(x)
=M. . / .
o, M; /[0/1] a](x) - dv](x). (34)

Equations (6), (32), and (33)-(34) form a linear fixed-point system for local equilibrium
responses.

C.7 Applicant-pool outcomes

Applications to an occupation-j vacancy form a marked Poisson process with rank-intensity
measure
ui(dx;w) = MA;(x;w) dvi(x), x € 1[0,1].

The expected number of applications is A; = | 0,1 # j(dx), and the probability of a nonempty
applicant pool is 1 — exp(—.4;). Conditional on a nonempty pool, mean quality is

— f[o,u xpj(dx)
SR

Let

Gy = [ wldo)  Tix) = [ pi(do),

Conditional on a nonempty pool, expected minimum and maximum quality are

C expl=Gi(x)] — expl—A4]

Qjmin = | 1_exp[_ F (35)
11— exp[-Ty()

O A] dx. (36)

These expressions must be adapted if the empirical analysis assigns values to vacancies

with no applications rather than conditioning on nonempty applicant pools.
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D Structural estimation and decomposition: additional de-

tails

This appendix describes the construction of the empirical moments, provides a formal
identification argument for the mean-field model, and gives the GMM moment conditions
and inference procedure. The current baseline estimation uses empirical joint cells and cell-
specific notification rates. Gaussian-copula notation appears only as an optional sensitivity

case.

D.1 Empirical moment construction
D.1.1 Reference population and productivity cells

All baseline moments are constructed from the stable pre-reform period and refer to the
same population of at-risk workers and vacancies. Worker quality measures must be de-
termined before the application decision and converted into occupation-specific percentile
ranks g 4,gp € [0,1]. Ranks are defined in the searching or at-risk population rather than in
the selected applicant pool. When quality is estimated, sample splitting or cross-fitting pre-
vents a worker’s realised application or hiring outcome for the same job from mechanically
determining that worker’s rank. Because the reduced-form score §;; is worker—job spe-
cific, we construct the worker-level ranks (g4, qp) by aggregating predicted quality across
potential jobs in each occupation before the application decision.

We partition each rank and cross the partitions. A joint cell ¢ contains workers with similar
(9a,q8). Its weight is the share of at-risk workers or worker-periods in that cell before
notification and application decisions. Applicant or hire shares are not valid cell weights

because they are endogenous outcomes.

D.1.2 Conditional application and hiring moments

For each joint cell, the application moments are

() = #{ A applications following A notifications in c} 37)
A #{ A notifications in ¢} ’

~ #{B applications following B notifications in c

As(c) = {B app g 3 (39)

#{B notifications in c}

The denominator is the relevant number of notifications, not the number of workers. Noti-

fications with no application remain in the denominator.
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The model implies pa = pa(ga) and pp = pp(qp). We therefore estimate

5(x) = #{hires from A applications in g4 bin x} (39)
Patx) = #{A applications in g4 bin x} ’
. #{hires from B applications in gp bin x

#{B applications in gp bin x}

Thus hiring probabilities are conditional on applying. Hires divided by notifications com-
bine p; and A; and are not the relevant moment. We merge the one-dimensional hiring
estimates back onto the joint cells for use in the application equations, but count each
distinct rank-bin hiring estimate only once in the GMM criterion.

D.1.3 Aggregate moments
For occupation j, the aggregate pre-reform moments are

Mj _ notifications sent by j ’ ./Tj _ applications received by j ’ 1)

vacancies in j vacancies in j

. vacancies ending without a hire __  at-risk worker-periods with a j notification
Z; = —— np = :
J vacancies in j ’

at-risk worker-periods
(42)

For each joint cell ¢, we also compute

j-notifications sent to worker-periods in cell ¢

wi(c) =

]( ) at-risk worker-periods in cell c
The aggregate @; is a weighted average of these cell rates, but the structural equilibrium
uses w;(c). Applications per vacancy are derived from M;, the cell application rates, and
the occupation-specific notification shares. The time unit used to calculate notification
rates is also used for match duration and discounting. Standard errors account for repeated
workers and common vacancy or time shocks using the clustering structure of the empirical
analysis.

D.1.4 Representative comparison occupation

The empirical comparison group contains several non-A occupations. In the two-occupation

approximation, we pool their notifications, applications, vacancies, and hires before con-
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structing the B moments. We define the representative pre-reform wage as

B N N _ nhotifications from occupation k
wp = Z Wy Wy, .

wl = (43)

keB all B notifications

This common wg is used in every joint cell. The approximation is most credible when B
occupations have similar wages and technologies and their notification mix is stable across
worker types and time. Robustness exercises can restrict the comparison set or model its

constituent occupations separately.

D.1.5 Difference-in-differences moments

The empirical DiD moments are the interaction coefficients from the paper’s preferred spe-
cifications for applications and average applicant quality. The application coefficient comes
from a Poisson model and is therefore a change in a log application rate. Its structural
counterpart must use /(x) = logx. The level and log(1 + x) transformations are relevant
only for alternative empirical specifications estimated in those units.

For quality, each A application is assigned the applicant’s g4 and each B application the
applicant’s gp. The occupation-period outcome is the application-weighted mean rank.
The empirical quality outcome is constructed in these occupation-specific rank units, so the

empirical and structural DiDs are directly comparable.

D.2 Formal identification

Let the directly observed or calibrated parameter vector be

00 = (5, B, B, Ma, Mg, k4,5, {aa(c), ap(c), we, qalc), qs(c) }e),

and let

0= (b/ bl/ CA,CB,SA,SB,UA, O-B)

be the behavioural parameter vector.
We impose the following conditions. First, the time unit, mean match duration, wages,
notification frequencies, notified workers per vacancy, and the empirical joint distribution

of productivity ranks are observed. Second, the conditional moments are interior:
0<Ai(g) <1, 0 < pi(q;) <x;.
Each occupation contains at least two productivity values with distinct hiring probabilities.
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Third, the mean-field equilibrium is unique or a stable equilibrium-selection rule is fixed.

Finally, the rank condition defined below holds.

D.2.1 Parameters identified directly

Suppose there are T model periods per day and mean match duration is L days. Geometric
separation gives

Given annual discount rate 7,

~ 7 _ [3
F=ep(~357) B 1-p1_0) (45)

Equation (15) identifies x;, while &;(c), the cell weights, and M; are direct notification and

risk-set moments. If a Gaussian copula is imposed as a sensitivity check and 7, is Kendall’s

rank correlation,
. (T
p = sin (ETq> . (46)
D.2.2 Employer-choice dispersion
Proposition 2 (Employer selectivity). Conditional hiring probabilities p;(q;), together with «;,

point identify o;. For two distinct ranks q;, 47,

2 — gl
o= — L . (47)
' loglki/pi(q?) — 1] —log[x;/p(q}) — 1]

Proof. The mean-field hiring equation implies

qj

zlong— m
]

1 N9
o _
8 pi(q;)

The slope in productivity rank is —1/0;. Differencing between two ranks yields equa-
tion (47). O

With more than two rank bins, linearity of transformed hiring odds and agreement of the

intercept with the equilibrium competition index D; provide overidentifying restrictions.
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D.2.3 Worker-side parameters

Define the observable objects

Gj(q) = —a;(q)Bp;(qj) log[1 — A;(q)]
For each joint cell 1, the two occupation equations can be written

CA

wpg=b+ blqn + ” + SA[IOgit()LnA) + GnA] + sgGyp, (48)
nA

wp = b—|—b1qn+pC—B+SAGnA+sB[logit(AnB) + Gyl (49)
nB

Stack the equations as
W = Xgur 9u — (b/ bl/ CA,CB,SA, SB)/-
The A and B rows for cell n are
1 .
XHA - <1I n, — 01 loglt()\nA) + GYZA/ GHB) ’
PnAa

1 .
XnB = (1/ 0711; 0, —, GnAI loglt(/\nB) + GnB> :

nB

Proposition 3 (Identification of worker-side parameters). If X has column rank six, then
0, = (X'X)"1X'W.

Thus the conditional application and hiring moments point identify (b,b1,ca,cp,Sa,SB).

Proof. Equations (48)—(49) give W = X0,. Full column rank implies that the null space
of X is zero, so no two distinct parameter vectors produce the same moment collection.
Premultiplying by (X'X)~1X’ gives the inverse. O

Theorem 1 (Mean-field identification). Under the interiority, rank, observed-primitives, and
equilibrium-selection conditions above, the mapping from admissible structural parameters (6, 6)
to the collection of aggregate, conditional application, and conditional hiring moments is one-to-
one. Its inverse is given sequentially by equations (44)—(45), the directly observed notification and

cell-distribution moments, Proposition 2, and Proposition 3.

The DiD moments are not required for this constructive point-identification result. They
overidentify the model and discipline its equilibrium response away from the pre-reform

wage.
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D.3 GMM moments

Let superscript M denote a model prediction at the pre-reform wage. For each joint cell,

the standardised application moments are

logit(A4,c) — logit(AYL (6))
8racll) = sfé[logit(XA,c)]

logit(/A\B,C) — logit()\g/fc(Q))
8rpel0) = sAe[logit(/A\B,c)] .

7

For each distinct occupation-specific rank bin, the hiring moment is

 log(®;/j(x) — 1) — log(%;/pM(x:6) — 1)

8px(0) = seflog(%;/p;(x) — 1)]

The estimator also includes pre-reform applications per vacancy:

1. AM
(6) = Aj = A7 0)
8A; —
se(A;)
Let 79 and ?QD ID denote the empirical coefficients. The DiD moments are

ZRID _ M ()

0) = ,
gDID,A( ) s/é(?EID)
=DID M

gpip,o(0) = o —%)
,Q SAe(%)ID)

Stacking all moments gives g(0). The estimator minimizes

Q(8) = g(8)'Wg(6).

(50)

(51)

(52)

(53)

(54)

(55)

Positive parameters are optimised in logarithms. A constructive estimate based on Proposi-

tions 2 and 3 provides starting values; the numerical estimator uses several dispersed starts

and retains the solution with the lowest criterion.

D.4 Weighting matrix and specification test

Let ) be the covariance matrix of the unstandardised empirical moments and let S be its

diagonal matrix of standard deviations. Because g contains standardised residuals, the
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efficient weighting matrix is the inverse correlation matrix
S iaa)\ ]
w= (51087

We estimate ) by a common cluster bootstrap that recomputes worker ranks when appro-
priate, cell probabilities, aggregate moments, and both DiD estimates in every draw. The
results in the main text use the resulting inverse correlation matrix.

At the optimum,

~

J=g(0)Wg(8) ~ x2,_s,

where m is the number of moments. We use its standard overidentification-test interpreta-
tion.

D.5 Structural decomposition

For each outcome Y, solve the model at the pre- and post-reform wages:

-~ -~

50 = 5(@094,30]3;9), 51 = 5(71)}4,&73,‘9).

These equilibria provide A]r.(q), p;(qj), and u"(q) for r € {0,1}. The occupation-level
changes are
AY; = Yi(€1) - Y(£9),

and the structural DiD is exactly
=AY, — AY3.

When the empirical regression transforms the outcome, Y; denotes that transformed out-

come before differences are taken.

D.5.1 Channels within occupation B

At each point on the wage path, decompose the application response as

dAg(q) Ap(q)[1 — Ap(q)] du(q)

dw, sB dwy =
dAg(q) _ As(q)1—As(9)] ¢z dps(gn) (57)
dw 4 SR pe(qp)?> dwa
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For applications per vacancy,

dA dA¥(c)
d AL d/\p( )
don = Mp Zv de . (59)
If the empirical outcome is h(.Ap), each derivative is multiplied by 1'(Ap).
Average applicant quality is
Gy = Leol0an(s(c)
Y vp(c)As(c)
For a perturbation dAY, where k € {u, p}, its directional derivative is
¢ Leva(c)(gs(c) — Qp)dAf(c)
dQp = . (60)
’ Y va(c)As(c)

The signs of these quality channels are unrestricted because they depend on which worker
types change their application probabilities.
Integrating along the observed wage change gives

wy dYk
AY{;:/OA 5@ b ke {up). (61)

0 dw

The adding-up restrictions are

AYp = AYE + AYE, = AYa — AY} — AYS,.

D.6 Numerical solution and inference

For each trial parameter vector, the model is solved at w?. Worker application probabilities
are obtained from the scalar continuation-value problem, conditional application probab-
ilities are integrated using the joint productivity distribution, and hiring probabilities are
updated from the mean-field competition indices. The iteration continues until the max-
imum change in log hiring probabilities is below the numerical tolerance.

The post-reform solution at w!, is initialized from the pre-reform equilibrium. These two
equilibria generate the model DiD moments. Numerical accuracy is assessed by tightening
the productivity grid, fixed-point tolerance, and relaxation parameter.

For the channel decomposition, we solve the equilibrium on a fine grid between w! and

57



1
wA.

centred finite differences approximate du/dw, and dpp/dw 4, which are inserted into

equations (56)—(60). We then use trapezoidal integration in equation (61). The difference

between the total B response and the sum of the two channels is reported as a numerical

adding-up error.

For inference, each bootstrap draw repeats the complete procedure:

1.

2.

3.

4.

5.

6.

resample at the clustering level used in the empirical analysis;
reconstruct the pre-reform and DiD moments;

recalibrate the directly identified parameters;

re-estimate the eight behavioural parameters;

solve the pre- and post-reform equilibria;

compute model fit and the structural decomposition.

Percentile or studentized intervals from this distribution incorporate sampling uncertainty

in both the reduced-form and structural stages.
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