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Outline

1. What constraints labor market matching in LICs?

2. How can we raise total employment and match quality?
2.1 Certification and tests
2.2 Elicitation of preferences
2.3 Recommendation algorithm

3. How can we identify total employment and match-quality effects?
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® We have robust evidence that reducing job-search frictions improves the job finding
rate of treated jobseekers (with respect to controls) in LMICs

® And new evidence that reducing recruitment frictions leads treated firms to fill more
vacancies than the controls.
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We have robust evidence that reducing job-search frictions improves the job finding
rate of treated jobseekers (with respect to controls) in LMICs

And new evidence that reducing recruitment frictions leads treated firms to fill more
vacancies than the controls.

But what is the impact of these frictions on total employment and match quality?
This is hard to know:

® One-sided experimental designs do not quantify displacement
® Estimands often do not map to theoretical constructs, making structural estimation hard.

Key question in LICs, where increasing wage employment is an urgent policy priority.
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1. What constraints labor market matching in LICs?
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Fundamental challenge: Vast majority of applicants are
considered a poor match by firms.

Past vacancies queue: average size by category Average composition within firm

Not employable mean 92.8 « median 13
Employable but not great mean 9.4 + median 4 Composition 64%
Employable and great mean 4.7 « median 2
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Some vacancies are not filled, some are filled with poorly
matched candidates

a0 Hoped vs filled (N = 132, fill rate = 93%) Reasons for shortfall (N = 8)
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There seem to be several good matches available

Supply of "ideal" jobseekers per vacancy (N=276)
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Do poor match outcomes arise because good applicants are
unevenly distributed? (search location friction)

Total past queue (n=132)
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Or because firms are unable to identify the ability of all their
applicants? (screening friction)

Share of firms (%)

Would a certificate help me to distinguish between
productive and unproductive candidates? (N=196)

r
55.6%

Agree

** (p =0.018)
1
38.8%
5.6%
Neutral Disagree

Binomial test, Agree vs Disagree, Neutral excluded
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A model of location and screening frictions

® Recent labor market models can be used to parsimoniously integrate both frictions
in a single framework (Cai, Gautier, and Wolthoff, 2023; Cai, Gautier, and Wolthoff,
2025)

10/42



A model of location and screening frictions

® Recent labor market models can be used to parsimoniously integrate both frictions
in a single framework (Cai, Gautier, and Wolthoff, 2023; Cai, Gautier, and Wolthoff,
2025)

® Assume that workers are characterised by an ability type x € X. For simplicity, assume
that X = {x;,xy} for low (employable but not great) and high ability (employable
and great) types, with z the fraction of low ability type workers

10/42



A model of location and screening frictions

® Recent labor market models can be used to parsimoniously integrate both frictions
in a single framework (Cai, Gautier, and Wolthoff, 2023; Cai, Gautier, and Wolthoff,
2025)

® Assume that workers are characterised by an ability type x € X. For simplicity, assume
that X = {x;,xy} for low (employable but not great) and high ability (employable
and great) types, with z the fraction of low ability type workers

® Firms are characterised by a type y € Y = [y, y], and the measure of firms with types
weakly below y is J(y) with J(y) normalised to 1
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A random search process

¢ Under random search, a submarket Q(y) consists of all the firms of type y and all the
workers (of both types) who are exogenously assigned to this market

® Each worker places one application within the submarket.
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A random search process

¢ Under random search, a submarket Q(y) consists of all the firms of type y and all the
workers (of both types) who are exogenously assigned to this market

® Each worker places one application within the submarket.

Define:

® Expected queue length A\(y): the ratio between the total number of employable workers
and the number of firms of type y.

® Expected queue length of great applicants u(y): the ratio between the total number
of workers of high type x4 and the number of firms of type y.
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Modelling the search location friction

¢ Microfoundation: Participants to the submarket Q(y) are randomly placed on the
circumference of a circle according to a uniform distribution.

® Each jobseeker applies clockwise to the nearest firm.
® The probability that the firm receives n applications follows a geometric distribution:

n
1%\ (1%\) . The mean of the geometric distribution is exactly .
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Modelling the search location friction

¢ Microfoundation: Participants to the submarket Q(y) are randomly placed on the
circumference of a circle according to a uniform distribution.

® Each jobseeker applies clockwise to the nearest firm.
® The probability that the firm receives n applications follows a geometric distribution:

n
1%\ (1%\) . The mean of the geometric distribution is exactly .

® Add a parameter k to vary the intensity of the location friction.

® Think of k as the probability that at the end of the screening process the candidate is
still interested and accepts the offer

® Firms receive, on average, kA(y) employable applicants.
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Modelling the screening friction

The applicants to firm y are randomly ordered in a queue.

The firm interviews the first applicant and learns her type.

With probability o € [0, 1] the firm can interview another applicant and learn her type.

® o is the screening friction: firms may fail to identify the high quality of some appli-
cants.
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Bringing the two together

® The probability that a firm y in submarket Q(y) screens at least one worker of high
type - and this worker accepts the offer - can be written as:

Py, A) = Kl+a,u —I—M(l—a))\ (1)

® The probability that the firm screens at least one employable worker that accepts the
offer is: ¢p(A,A) = m(A) = kA/(1 4+ ))

14/42



Hiring

® The firm hires the screened applicant with the highest type.

® A match between firm y and worker x produces net output f(x, y).
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Hiring

® The firm hires the screened applicant with the highest type.

® A match between firm y and worker x produces net output f(x, y).

® The expected surplus is therefore:

S(ps A y) = m(Nf(xe, y) + o, A) [f(xm, y) — F(xe, ¥)] (2)
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Outline

2. How can we raise total employment and match quality?
2.1 Certification and tests
2.2 Elicitation of preferences
2.3 Recommendation algorithm
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Raising ~ and o will increase employment and match quality

o A) = w3 +M(1 — o)A (3)

S(ps A y) = m(Nf(xe, y) + o, A) [f(xm, y) — F(xe, ¥)] (4)
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Our experiment

® We run a two-sided experiment with firms and jobseekers in Addis Ababa, Ethiopia
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Our experiment

® We run a two-sided experiment with firms and jobseekers in Addis Ababa, Ethiopia

We sample the universe of firms posting vacancies in 4 white-collar occupations

® We recruit active jobseekers interested in jobs in these occupations

® \We measure:

® Firms’ preferences over worker attributes and jobseekers' preferences over job attributes.
® Jobseeker skills (in great detail)
® Qutcomes three months after treatment
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Two treatment arms: Recommendations & Certificate

® In T1 we aim to raise k: we share with the jobseeker a personalised list of vacancies
that are a good match for her profile

® We decrease the location friction by encouraging jobseekers to apply to more of their
close-by vacancies.

® In T2 we aim to raise o: we offer T1 & provide the jobseeker with a skill certificate
® Probability firm screens one more applicant 1

® We cross-randomize the two treatments (ie, we split each group in C, T1, T2 and only
make recommendations within group).
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Outline

2. How can we raise total employment and match quality?
2.1 Certification and tests

20/ 42



Tests

Each jobseeker completes a battery of cognitive, personality, and skill tests.

Domain Test Targeted construct
Cognitive Raven’s Progressive Matrices  General intelligence

Hard Skill  Mathematics Mathematics proficiency
Hard Skill  Ambharic literacy Ambharic language proficiency
Hard Skill  English English language proficiency
Personality Big Five (BFI-44) Conscientiousness
Personality  Big Five (BFI-44) Emotional control
Personality ~ Grit (12 items) Perseverance

Social Reading the Mind in the Eyes Perspective taking
Cognitive  Stroop Executive function
Personality — Self-efficacy Confidence / initiative
Personality ~ Growth mindset Learning orientation
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Certificate

Issued to

JOBSEEKER SKILLS CERTIFICATE

This certificate helps jobseekers present their skills and find jobs that fit them well. It is provided by
TalentConnect, a partnership between researchers at the University of Oxford, Peking University, and Vrije Universiteit
Amsterdam. See the second page for detailed explanations and how performance bands are defined.

HARD SKILLS

8) General intelligence: Shows strong reasoning and problem-solving ability.

Mathematics proficiency: Can use practical mathematics and numerical reasoning in work tasks.

=3) Amharic proficiency: Can understand and communicate clearly in Amharic for workplace tasks.

00)English proficiency: Can understand and use English for workplace communication.

SOFT SKILLS

) Conscientiousness: Is diligent and can be relied upon to follow instructions.

©) Emotional control: Is emotionally stable and resilient.

) Grit  perseverance: Keeps going and does not give up when work is difficult

0) Perspective taking: Understands others and works smoothly with colleagues or clients,

00) Executive function: Stays focused and avoids mistakes under time pressure.

Self-efficacy: Is confident and takes initiative without close supervision.

=) Growth mindset: Is eager to learn and improve when facing challenges

Issue date: 06 May 2026

L. Hewnel

Professor Lukas Hensel
Principal Investigator, TalentConnec

Verification:
4251972239787 | +25

Top-third in
7/11 skills

Performance band

Top third

Top third

Top third

Top third

Bottom third o

Middle third

Top third

Top third

Middle third

Bottom third -

72154787
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Outline

2. How can we raise total employment and match quality?

2.2 Elicitation of preferences
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Discrete choice experiment

Identify manager in the firm that has most control on the hiring process.
® Each manager completes 10 binary choice tasks in a discrete choice experiment (DCE)

With multiple vacancies, manager completes a separate DCE for each vacancy
® We instruct respondents to assume that all candidates are identical except for the
characteristics explicitly mentioned in the exercise

® \We run a similar DCE for jobseekers
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What information do we elicit with the DCE?

® |n each task, the hiring manager chooses between two hypothetical applicants that
differ along 8 randomly varied attributes:

® Education, experience, location, gender, 1st soft skill, 2nd soft skill, random soft skill,
hard skill

o After selecting the candidate, we ask the respondent to also state:

® The maximum monthly wage she would be willing to pay for each candidate
® The likelihood the candidate will accept the job
® Willingness to pay to receive one extra candidate with those characteristics
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Occupation specific preferences

® \We estimate vacancy v's preference vector f3, as:

F .
By = \b,./ + Yo(v) + Nv ) v ~ N(O’ dlag(a
_ ~—— ~~
population mean occupation shift vacancy-specific deviation

® "Vacancy" utility can then be written as:
Uv,j = BVVV_/ tEvy

with € ~ i.i.d. and W; a vector of jobseeker j's characteristics

® Two-step process:

1. Step 1: (bF, {7Vo}orres, o) are estimated by simulated maximum likelihood
2. Step 2: vacancy specific deviations 7, are estimated by empirical Bayes

F))
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Estimated coefficients

Experience

(per year above 5)
High school

only

Less than

high school
University

Male
candidate

Outside
Addis Ababa
Ssame
subcity

Ambharic (top)
Conscientiousness (top)
Emotional Control (top)
English (top)

Grit (top)

Growth Mindset (top)
Math (top)

Raven / Reasoning (top)
RME / Social (top)
Self-Efficacy (top)

Stroop / Attention (top)

Firm preferences: Mixed Logit, Empirical Bayes-shrunk population parameters
(N = 267 firm-vacancies from 208 firms)

34
L 4
<& 4
b <& 4
b <& 4
&
04
<@
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L
L4
<
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L 4
L 4
&
-4 -2 0 2 4

Empirical Bayes-shrunk population mean coefficient (whiskers = g, population spread)
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Outline

2. How can we raise total employment and match quality?

2.3 Recommendation algorithm
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The recommendation algorithm

® The sample is partitioned into independent sub-markets by treatment group {C, T1, T2}
and target occupation.

® We use a deferred acceptance algorithm to identify the recommendations.

® Start from the cardinal preferences identified in the DCE.
® Convert them in ordinal rankings.
® Choose jobseeker-proposing or firm-proposing based on total ‘utility produced’

® Jobseekers receive the recommendations by SMS and are then nudged to apply with
a phone call.
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Are recommended candidates better than non-recommended?

Firm-side match quality: matched vs unmatched candidates

1.04
0.84 | |
. Hokok

<
8
@ sokok
=
9 0.6
S
a
£
S Hokok
c otk
T 0.4 Hohk

0.2 .

0.0+

Education Experience Gender Location Soft skill 1 Soft skill 2

W Matched candidates
Unmatched candidates

Hard skill

Result: Recommended candidates dominate every component of firm utility (except

gender) il Selection statistics Recommendation statistics

30/42



Outline

3. How can we identify total employment and match-quality effects?
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Worker-level, vacancy-level, and market-level experiments

We cannot identify total employment effects by running
® worker-level experiments
® Untreated workers may be displaced by the intervention.
® vacancy-level experiments
® Untreated vacancies may not be filled due to the intervention.

Market-level (e.g., city level) experiments would identify equilibrium effects, but
® These experiments are very costly to implement.

® And are near impossible in low-income countries with weak employment agencies.
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Two-sided experiments, dyadic data, structural estimation

We can identify a lower bound to total employment effects if we:
® Introduce two-sided randomization

Collect dyadic data

Assume displacement only occurs as a result of a unit matching with another unit
(e.g., applications that do not result in a match do not cause displacement).

Assume there is no displacement in the control group.

To go beyond the lower bound and identify the exact magnitude of the impact on total
employment, we will need a structural model.
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A simple illustration

. Control . . Treatment .
i V%V i V%V
N - S /R S N - S /R S
~ \ ~ \

® Blue edges: matches that would have formed regardless of treatment
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Unobserved worker displacement

Control Treatment
X | X |
Vi Vs Vs Vi Vs Vs
/S - /R "I S ST /R "SR
. \ - J

We add the Green edge — observed employment 1, but worker displacement
With two-sided randomization and dyadic data we can identify direct displacement
® ... an upper bound to total displacement as the displaced worker may rematch.

In this case, the lower bound to impact on total matches is 0.
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Unobserved vacancy displacement

Control
i VeV
N - S /R S

Treatment
i VeV
_b J3 J4 J5 J6

® \We add the Violet edge — observed vacancy filling 1, but vacancy displacement
® Again we can bound total displacement effect and impact on total matches
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A truly additional match

Control
i vV
/N - S /R S

Treatment
i vV
b kK S

® \We add the Red edge — observe vacancy filling, employment 7; no displacement

® Here we can correctly conclude we have increased total matches.
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Control displacement - absent intervention

x Control
Vi Vs Vs
/SR S SRY FRRY S

Treatment

Vs
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Control displacement - with intervention

Control
i VeV
N - S /R S

Treatment
i VeV
S~ /R "SR

® QObserved vacancy filling, employment 1; control displacement
® We introduce super-control weeks to test for control displacement.
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Back to the structural model: calibration of auxiliary
parameters

_ H
91, A) _K1+au+(1—a))\

S(ps A y) = m(NE(xe, y) + o, A) [f(xm, y) — F(xe, ¥)]
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Back to the structural model: calibration of auxiliary
parameters

_ H
912, A) _K1+Uu+(1—a))\

S(ps A y) = m(NE(xe, y) + o, A) [f(xm, y) — F(xe, ¥)]

® We can calibrate  and A from population statistics, properly weighted.

® f(x,y) is given by the WTP question in the DCE
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Back to the structural model: calibration of the frictions and
the shocks to the frictions

_ H
912, A) _Kl—l-O'[L-f-(l—O'))\

S(ps Ay y) = m(A)f(xe, y) + @i, ) [ (xm, y) — F(xi, y)]

® « is identified by the vacancy filling rate in the control group;
® o is identified by the high-quality vacancy filling rate in the control group;

e ' and o’ are identified by the difference in vacancy filling rates and high-quality filling
rates in T1 vs C, and T2 vs C.

41/42



Bibliography |

ﬁ Balgova, Maria et al. (2025). Wage Information and Applicant Selection.

ﬁ Cai, Xiaoming, Pieter Gautier, and Ronald Wolthoff (2023). “Meetings and Mechanisms”. In:
International Economic Review 64.1, pp. 155-185. DOI: 10.1111/iere.12592

ﬁ — (2025). “Search, Screening, and Sorting”. In: American Economic Journal: Macroeconomics 17.3,
pp. 205-236. DOT: 10.1257/mac . 20240026.

42/42


https://doi.org/10.1111/iere.12592
https://doi.org/10.1257/mac.20240026

Firm requests a considerable number of additional applicants

Desired number of additional applicants (n=214)

/\ ---- median =4

—— mean = 10.3
share = 0: 47.2%
share = 1: 0.5%
share = 2+: 52.3%

0 10 20 30 40 50 60 70 80
Additional applicants desired (including zeros)
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Discrete choice experiment - Jobseekers

® Each jobseeker completes 10 binary choice tasks in a discrete choice experiment (DCE)

® |n each task, the jobseeker chooses between 2 hypothetical vacancies that differ along
7 randomly varied attributes, selecting the one she would apply to:

Location: Central / Non Central

Job type: Permanent / Temporary

Weekly working hours: 30 / 40 / 50

Paid leave days: 0 / 10 / 20

Training offered: Yes / No

Additional benefits (like health insurance): Yes / No
Schedule flexibility: Fixed / Flexible
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Discrete choice experiment - Jobseekers

® Before the exercise, we instruct respondents to assume that all attributes not shown
(e.g., the offered wage) are held constant across the two options
e After selecting the preferred vacancy, we ask the respondent to also state:
® What's the minimum monthly wage she would accept for each of these jobs (in ETB
gross)
® What's the likelihood of getting the job (conditional on having applied)

® How long do they expect to remain employed in this job (expected tenure conditional on
getting hired)
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Estimation strategy - Jobseekers &

® \We want to recover an individual preference vector Bj for each jobseeker j over the
stated vacancy attributes
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Estimation strategy - Jobseekers

® \We want to recover an individual preference vector ﬁj for each jobseeker j over the
stated vacancy attributes

® We exclude wages because pay is frequently not disclosed in job ads. The choice tasks

mirror the information set typically available at the application stage (Balgova et al.,
2025)

® \We use the individual-specific estimated preference vector Bj to rank vacancies. These
rankings feed into the matching algorithm that generates vacancy recommendations

® From the DCE we observe a sequence of choices for each jobseeker j, y;
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Estimation strategy - Jobseekers &

® We estimate a mixed logit (random-coefficients logit) on the binary choice data
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Estimation strategy - Jobseekers

® We estimate a mixed logit (random-coefficients logit) on the binary choice data
e Individual-specific preferences satisfy 8; ~ N'(b”, £7°)

e Step 1 (population): estimate hyperparameters (b’ ¥7°) by simulated maximum
likelihood

e Step 2 (individual): compute empirical Bayes posterior means
B = E[B; | yj, b, 27,

i.e., the posterior under plug-in hyperparameters, evaluated numerically

® Note that in practice we restrict the random-coefficient variance—covariance matrix to
be diagonal (£/° = diag(c?°)), which rules out correlation in tastes across vacancy
attributes. Given only 10 choice tasks per respondent, estimating a full matrix would
be weakly identified and likely yield unstable estimates
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Estimated coefficients &»

Weekly hours |
(per 10h above 40)

Paid leave |
(per 10 days above 10)

Training |
provided

Additional |
benefits

Non-central |
location

Flexible |
schedule

Temporary |

contract

Jobseeker preferences: Mixed Logit population parameters

<

N4

-3 =2

-1

0

1

Population mean coefficient (whiskers = + &, population spread)
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Selection statistics

(a) Outcome breakdown (b) Tie-break winner | the two differ (n=170)

237 120 110
(65%)

N

ol

o
L

(58%)

—

(=3

o
L

200 A

150 4

110
(27%)

100

Number of submarkets
(among non-identical)
(day x treatment x occupation)

Number of submarkets
(day x treatment x occupation)
wu
o

Identical JS-optimal Firm-optimal JS-optimal Firm-optimal
(both sides agree) selected selected
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Selection statistics €D

Number of submarkets
(day x treatment x occupation)

Agreement between the two stable matchings

250 1

200 1

150 A

100 1

50 1

mean = 0.95

0.0

0.2 0.4 0.6 0.8
Jaccard overlap between JS- and firm-proposing DA
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Recommendation statistics @&»

What jobseekers did with our recommendations

(N = 915 vacancy-level responses)

Applied before recommendation 4 0.7% (n=6)

Applied after recommendation

25.5% (n=233)

Plans to apply 1

28.9% (n=264)

Interested, no application plan stated 4.7% (n=43)

Not interested

40.3% (n=36

0% 10%

20% 30%
Share of recommended vacancies (%)

40%
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Recommendation statistics @&»

Ci ive share of r ies by job: k

r over time (N = 915)
Interested vs not interested (cumulative)

Five-category breakdown (cumulative)
100%
—e— Interested —s— Applied before recommendation
—e— Not interested —e— Applied after recommendation
Plans to appl;
Interested, no application plan stated
80% —e— Not interested
2
2 60% 1
5
2
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S 409 ]
2 40%
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@(’a SEIIITPIIPIIIFIPPAIPEELIE PN S TP ITLITIIINIPITIPIPIPELES P
SRS A R N S S S SR SR S I R AR R G AR A S S S N S SR A S S I G G RS
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Recommendation statistics @&»

Why jobseekers are interested in the recommended vacancy
(N = 546 interested responses; multi-select)

Accurate recommendation

Skills fit

Experience fit 23.1% (n=126)

Good location 8.6% (n=47)
Good employer 4/0.5% (n=3)

Good pay 10.2% (n=1)

Other 40.0% (n=0)

87.2% (n=476)

83.7% (n=457)

0% 20% 40% 60% 80%
Share of interested vacancy-responses (%)

100%
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We need both two-sided randomization and dyadic data

Control

Vi Vs V3

Y - S /R - SRN

N

Observed vacancy filling, employment 1, but vacancy and worker displacement

Treatment
Vi Vs V3
S TR /R - SR

Observing two-sided impacts insufficient to conclude total matches 1

True impact on total matches could be zero
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Improvement in match quality

Control
Vi Vs V3
b ks A I s

Treatment
Vi Vs V3
JQ J3 J4 J5 J6

No change in vacancy filling, employment
Better match for V, (assuming J3's application is not crowded out)

Can identify this using measures of match quality

13/18



The recommendation market

® The market consists of:
® A set J of jobseekers, each with preferences ordering over vacancies
® A set V of vacancies, each with preferences ordering over jobseekers
® Quotas: each vacancy v can receive up to g, candidates (8 or 16 depending on the
number of open positions); each jobseeker receives up to gj = 5 recommendations.
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® The market consists of:
® A set J of jobseekers, each with preferences ordering over vacancies
® A set V of vacancies, each with preferences ordering over jobseekers
® Quotas: each vacancy v can receive up to g, candidates (8 or 16 depending on the
number of open positions); each jobseeker receives up to gj = 5 recommendations.
® The market is partitioned into independent sub-markets by treatment group {C, T1, T2}
and target occupation.
® The recommendation algorithm runs separately within each sub-market
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Ordinal rankings within an occupation

® For each jobseeker j we estimate preferences Bj over job attributes X,, and for each
vacancy v we estimate hiring-side preferences 3, over worker attributes W; (from the
vacancy-specific DCE)
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Ordinal rankings within an occupation

® For each jobseeker j we estimate preferences Bj over job attributes X,, and for each
vacancy v we estimate hiring-side preferences BV over worker attributes W; (from the
vacancy-specific DCE)

® We then compute match-specific systematic utilities (scores), omitting the idiosyn-
cratic error term:

Ui(v) = BiX, Yve, (5)
0,() =W, VjeT, (6)

where V, and J, denote the set of n vacancies and m jobseekers respectively in
occupation (submarket) o (and treatment group t)
® Using these scores, we can construct ordinal rankings for each side of the market:

Ui(vay) = Ui(v) = -+ = Ui(vm) Vi€ o (7)
O,Uwy) = Oulia)) = -+ = Ouligm)) Vv € Vo (8)



Why use a two-sided Deferred Acceptance (DA) algorithm?
 Back J

Definition (Stable matching)
A matching p is stable if:
(i) Individual rationality: every matched pair (j, v) € p is acceptable to both sides.
(i) No blocking pair: there is no (j, v) ¢ u such that j prefers v to at least one current
match, or has spare capacity, and v prefers j to at least one current candidate, or has
spare capacity.

e Commensurability: U;(-) and U, (-) are estimated from different models and therefore
live on different scales.

e Stability: we want to avoid recommendations that generate blocking pairs, i.e. jobseeker—
vacancy pairs that would mutually prefer each other to their assigned match.

® DA only requires ordinal rankings on each side of the market, making the procedure

scale-free and producing stable match recommendations.
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Selecting between Jobseeker

and Vacancy-Optimal Matchings

JS-proposing DA

JointUtility ;s = +1

Firm-proposing DA

JOthUtﬂityFirm = +05

Joint utility — sum over all matched pairs of z-standardised scores (within sub-market) so that firm &

jobseeker scales are comparable:

M) = 3 (G + )]
(,v) eM
J1— Vi appears in both matchings (fixed point) — only differing pairs tilt the comparison.

Rule: if JUjs > JUrm = keep JS-optimal allocation, otherwise keep Firm-optimal allocation (ties —

1<)
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Firm-level clustering and empirical Bayes shrinkage

e The DCE is observed at the vacancy level, but vacancies within the same firm share
unobserved firm-level heterogeneity. We cluster standard errors of the SML estimator
(bF,{A5},6F) at the firm level f(v).
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is recovered as the posterior mean under plug-in hyperparameters:

v = E["?v‘)/v, BF> {'3/0}7 &F], Bv = BF""AYO(V)""ﬁv'

18/18



Firm-level clustering and empirical Bayes shrinkage

e The DCE is observed at the vacancy level, but vacancies within the same firm share
unobserved firm-level heterogeneity. We cluster standard errors of the SML estimator
(bF, {0}, 56F) at the firm level f(v).

¢ Step 2 (individual posteriors). For each vacancy v, the vacancy-specific deviation
is recovered as the posterior mean under plug-in hyperparameters:

v = E["?V‘YV: BF> {0} 6,:]’ B\V = BF_‘_PAYO(V)—F??V'

® Empirical Bayes shrinkage. The posterior mean of 7, , is a precision-weighted
average of the data-implied estimate and the prior mean (zero):
Tv, k

ﬁv,k = Wy k ﬁv,ka Wy k= = ~7"
Tvk+1/62

When the DCE choices are uninformative about attribute k (low 7, x), wy x — 0 and
Bv,k is pulled toward the occupation-adjusted population mean B,f + Fo(v),k
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