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Abstract

Research shows that lawyers affect legal outcomes, but little is known about how clients choose lawyers.
We conduct an experiment with plaintiffs in the Mexico City Labor Court. We compare plaintiffs’ choice of
lawyers in a control group and two treatment groups: one that increases the plaintiff’s knowledge of likely
case outcomes and the other that facilitates meetings with public lawyers. The knowledge treatment group
contracts higher-quality lawyers, with whom they are more satisfied. The treatment halves the market share
of low-quality “ambulance chasers”. The meeting treatment increases the use of public lawyers but does not
increase satisfaction.
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1 Introduction

While the justice system is essential for the functioning markets, access to justice is mediated by lawyers.
Users rely on lawyers for legal advice – including whether or not to file a lawsuit – in a relationship plagued
by informational asymmetries (Sadka et al., 2024). Although research has shown that legal representation
matters for outcomes (Anderson and Heaton, 2012; Chemin and Aberra, 2020; Seron et al., 2001), we know
much less about how clients choose lawyers, the results of the matches in the market for lawyers, or whether
they end up being represented at all.

We conducted an experiment with the Mexico City Labor Court (MCLC) in which, in one arm, we
provide potential plaintiffs (workers) with information about the value of their case, and in another arm,
we reduce frictions the workers face in using state-provided free legal advice. Sadka et al. (2024) find that
providing information to parties in ongoing cases helps workers reach a beneficial settlement, but only when
the information is delivered directly to them, not through their lawyer. Here, we implement interventions
with dismissed workers before they hire a lawyer. Our aim is to test whether objective statistical information
about their case value or reducing the search frictions of finding a lawyer alters workers’ decision to file a
suit or their choice of lawyer conditional on suing.

The workers in our sample have been illegally dismissed and seek severance payments that are the basis
of Mexico’s employment security system. They face a variety of options in the market for legal services.
The government funds an Office of Public Attorney for the Defense of Workers (PRODET) to provide legal
representation without cost to plaintiffs in labor court cases. There are also low-quality private lawyers
locally called coyotes. These lawyers capture workers on the street outside the court, either directly or
through middlemen. Authorities explicitly warn workers not to employ them.1 The data we collect show
that coyotes command a significant market share, especially among low-wage workers. Finally, there are
private labor lawyers of varying quality (typically above that of coyotes) working from legal offices across
the city rather than on the street.

Which type of lawyer a worker chooses – or whether the worker chooses to sue at all – depends on the
worker’s beliefs about her case and her knowledge about the quality of services of different types of lawyers.
Notably, 94% of the workers in our sample are first-time users of the labor courts, earn a median of $375
USD per month, and have low levels of schooling. Workers approaching the court are incompletely informed
about how the institution works and about their most basic rights under the labor law. In fact, we find that
their subjective expectation of winning is 89%, while based on historical cases, the predicted probability of
winning is only 41%. Only 36% of workers know that the law entitles them to 90 days of severance pay. This
naivete makes them susceptible to choosing a lawyer who may misrepresent them.

Lawyer quality will vary in a well-functioning market, with higher-quality lawyers charging higher prices.
Plaintiffs will choose more expensive, higher-quality lawyers when there is more at stake and the lawyer
has a larger effect on the case outcome. However, there are several reasons to believe that markets for
lawyers are likely to function poorly. First, lawyer quality is difficult to observe. A significant theoretical
and empirical literature shows that informational asymmetries between experts and their clients hinder the
efficient operation of markets and give rise to both moral hazard and adverse selection problems.2 Second,
most people use courts infrequently and hence may be naive about legal processes and likely outcomes,
leading to mistakes in the choice of lawyers. Third, word-of-mouth reputation may not be enough to
overcome information deficiencies in the absence of a repository of case outcomes (Dranove and Jin, 2010).

1 See here, here, here, and here. “Ambulance chasers” is a related concept in English.
2 For theory on client-expert interactions see ((Dulleck and Kerschbamer, 2006b); (Wolinsky, 1993); (Fong, 2005); (Emons, 1997), (Alger
and Salanié, 2006), (Pesendorfer and Wolinsky, 2003), (Dulleck and Kerschbamer, 2006a), and (Dulleck et al., 2011) among others; for
empirical evidence of expert misbehavior see (Levitt and Syverson, 2008); (Hubbard, 1998), (Anagol et al., 2017), and (Egan et al., 2019).
Sadka et al. (2024) show in the same context as this paper that lawyers seem not to act in their clients’ best interest by hiding relevant
information.
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We design an experiment with workers in Mexico City to test whether either of two low-cost interventions,
both administered before workers hire a lawyer, lead workers to choose different and higher-quality lawyers.
The first intervention provides workers with personalized predictions of the range of likely outcomes for their
case (a calculator). We posit that by making workers more savvy, the information will improve their ability
to screen lawyers. If worker naivete allows low-quality lawyers to command a high share of the market, the
information intervention will reduce their market share, improve client satisfaction, and improve proxies of
plaintiff welfare. The second intervention provides workers with a $2 Uber ride to the Public Attorney’s
offices. The motivation for this arm is to test to what extent small transaction costs influence the matching
between clients and lawyers, and to sway small cases to the Public Attorney’s offices for consultation before
they are caught by coyotes.3 We ask whether the interventions influence: 1) workers’ expectations of likely
case outcomes, 2) the decision to file a case; 3) the type of lawyer chosen to file the case; and 4) satisfaction
with the lawyer’s performance, 5) proxies of welfare. We discuss how we interpret treatment effects as an
indication of market dysfunction.

We find that the calculator treatment has no effect on the share of workers who file a suit, but leads
workers with low-value cases to settle and those with higher-value cases to sue. Moreover, the information
provided by the calculator – information that contains no advice on which lawyer to hire – leads workers
to choose higher-quality lawyers, especially in higher-value cases. The calculator treatment decreases the
likelihood a worker hires a coyote or a public lawyer, and increases the likelihood she hires a formal private
lawyer, particularly so in the highest-value cases. The calculator reduces the market share of coyotes by more
than half. The fact that objective information decreases the use of coyotes suggests that misinformation was
generating their use. While part of the decrease in the coyote share in the calculator treatment group comes
from higher settlement rates of lower-value cases (which are more often handled by coyotes), we find that the
coyote market share decline is robust to controlling for case size deciles and other case characteristics. We also
show that workers in the calculator treatment group are more likely to hire lawyers who attended top-ranked
law schools, another indication of quality; are more satisfied with the lawyer’s performance, rating their
lawyer 0.22 standard deviations higher; and are significantly less likely to say they want to change lawyers.

The Uber / Public Attorney treatment has similar but more muted effects. We find that paying the small
$2 taxi ride increased the share of workers who talked with a public lawyer by 20 percentage points and led
to a large increase in suing with public lawyers. This significant effect from small reductions in search cost
mirrors results in Finkelstein and Notowidigdo (2019), Kling et al. (2012) and Bettinger et al. (2012), but in
the context of the selection of experts. As with the calculator, we find no effect on the likelihood a worker
files a suit, but there is a shift away from low-value cases and toward high-value cases. However, in contrast
with the calculator, there is no significant substitution away from hiring coyotes; the shift to public lawyers
comes at the expense of formal private lawyers. Moreover, workers are neither more nor less satisfied with
their lawyers, measured by either their desire to change lawyers or the satisfaction scale.

Our study contributes to the literature on expert behavior cited above and to a small literature on how the
market for lawyers works (Hadfield, 2011; Shepherd, 2023; Helland and Tabarrok, 2004). We are unaware of
empirical research documenting what affects lawyer selection or the ensuing consequences of the selection,
an important question.

Our study is also related to interventions that provide information and assistance with filing for social
benefits (Finkelstein and Notowidigdo (2019)), choosing a health plan (Kling et al. (2012)), or applying to
college (Bettinger et al., 2012). As in Belot et al. (2019), we provide personalized information to aid a search
process, but we do so in the context of looking for an expert agent instead of looking for a job.

3 Sadka et al. (2024) find no evidence of agency issues with public lawyers and they also find that clients of public lawyers are better
informed about their cases and labor law. Anderson and Heaton (2012) find that public defenders in Philadelphia generate better
outcomes for plaintiffs.
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2 Context

Severance pay is the basis for protection against the costs of job loss in Mexico, as in most middle-income

countries (Gerard and Naritomi, 2019) where there is no unemployment insurance. The severance payment

system in the private sector is governed by Mexico's federal labor law, with the adjudication of disputes in

most industries assigned to state-level labor courts. We work with the Mexico City Labor Court (MCLC), the

state court serving Mexico City. At the time of our intervention, the MCLC received more than 35,000 new

cases each year, making it one of the largest courts in Latin America. Over 95% of these cases are �led by

dismissed workers claiming they have not received lawful severance payments.

Dismissed workers are entitled to minimum severance payments of 90 days' wages and, depending on

circumstances, substantially more. Payments must be made even if the dismissal is due to loss of business

by the �rm. Although the law itself is generous, several factors make it di�cult for workers to prove and

collect severance. First, �rms often deny the existence of an employment relationship, and high levels of

labor informality (Kumler et al., 2020) make it di�cult for workers to prove their employment or wages.

Second, �rms use many methods to reduce their liability. For example, they may pay a portion of wages in

cash. As a condition of hiring, they often require the worker to sign an undated letter of resignation, and

then use this as evidence that the worker resigned voluntarily. Finally, even if the court �nds in the workers'

favor, they face challenges enforcing payments, which are made directly from the �rm to the worker. Assets

of �rms are seldom registered, making liens impossible, and smaller �rms often shut down to avoid paying,

and then re-open under a di�erent tax registration.

Types of lawyers. Workers must be represented by a lawyer at any hearing in Mexico's labor courts.

Choosing the right lawyer is critical because, once a case is �led, lawyers control the lawsuits almost

completely. 4 We classify lawyers as either public, coyote or �formal private� lawyers. Public lawyers are

formally employed at a �at wage by the city's Secretary of Labor and are available to workers at no cost.

Because each public lawyer handles about 400 case�les concurrently, several times more than the typical

private lawyer, they are said to more often advise workers to settle. However, knowledge of these services

is far from universal. An important fact for the design of our experiment is that the o�ce of the Public

Attorney is not at the court's premises, but about one mile away, 6-8 minutes by car.

Coyotes gather on the street outside the court and chase workers who come to the court seeking informa-

tion on how to �le a case. As we noted above, authorities routinely warn workers away from coyotes, who

are said to convince workers to sue even if they have a weak case because the fees they charge to �le (typically

$100 USD) represent a lucrative return on the time required to do so. 5 We identify coyotes in two ways.

First, we ask workers in our sample who �le a suit how and where they found their lawyer. We identify

those found `just outside the court' as coyotes. Second, because it is possible to be referred to a coyote by a

friend or family member, we also asked court personnel and judges to identify lawyers who routinely recruit

clients at the court entrance. We then use the fact that law o�ces typically list three lawyers on each case

to create a `coyote network' by tagging lawyers appearing on case�les with known coyotes. We iterate this

process until we obtain a complete coyote network. Third, we refer to all private lawyers who are not part of

the coyote network as formal private lawyers.

An initial indication that coyotes are lower quality than private formal lawyers comes from data on the

law schools they attended.6 We are able to identify the law school attended by each lawyer listed in a case�le

4 All lawyers require the workers they represent to sign a power of attorney. The standard power of attorney gives broad powers to the
lawyer, including dropping the lawsuit without the worker being present to ratify the decision. The court procedures do not oblige the
worker herself to attend any hearings.

5 The Mexican authorities warn that coyotes �abuse �red workers, encouraging them to sue to then take 50% of the proceedings.�
(Reforma.com 6-Dec-2021.) The president of the local labor court of the State of Queretaro was quoted as saying that the coyotes deceive
workers into believing that they will win a lot of money with a lawsuit. (El Universal, Querétaro, Sep 14, 2016).

6 In the pre-analysis plan, we propose to measure lawyer quality by the quality of the case�le. We hired labor lawyers and asked them to
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using the Mexican government's registry of lawyers. 7 We are not aware of any ranking of law schools within

Mexico. We use inclusion in the QS world rankings as a proxy of high quality, and for each lawyer we

generate an indicator for graduating from a QS-rated law school. 8

We �nd that coyotes are signi�cantly less likely to have graduated from a QS-listed law school than

formal private lawyers. There are 1,609 case�le / lawyer pairs in our experiment. Among the 287 that we

tag as coyotes, 34% (98) attended a QS-listed school. This compares to 47% (309 out of 663) of formal private

lawyers and 33% of public lawyers (218 out of 659). We discuss this in more detail in the results section

below. We also measure lawyer quality through two client satisfaction questions included in the two-month

follow-up surveys. We asked those �ling a case if they wanted to change their lawyers (allowing responses

yes, no, or don't know) and then asked them to rate their lawyer on a scale of 1 to 10. Among those workers

in our control group, 41% with coyote lawyers say they want to change their lawyer even two months after

�ling the case, compared with 16% (17%) who want to change their formal private (public) lawyer. Plainti�s

report being less satis�ed with coyote lawyers as well. On a scale of 1 to 10, control-group respondents with

coyote lawyers rate their lawyer 0.51 s.d. lower than those with formal private lawyers and 0.21 s.d. lower

than those with public lawyers. These data are purely descriptive; we discuss experimental e�ects on these

outcomes below.

3 Intervention and Data

Sample. We work with a population of dismissed workers approaching the MCLC in search of information

about their rights and how to �le a lawsuit. Together with the court, we established an information booth

at the court's only entrance, announced on a large banner on the wall of the court building. Approaching

the booth for information was optional, and we estimate that around one-third of those coming to the court

stopped at the booth. The booth operated between September 2017 and July 2019.

Experimental Design. Project research assistants with a law degree operated the information booth. All

workers approaching the booth were provided with a schematic map of the court and basic information

about the items that are included in the calculation of severance payments. They were then allocated to a

control group or one of two treatment groups. Randomization was at the day level, and the two treatments

were implemented in sequential blocks of time as we describe below. 9

� Control. In both treatment windows, the control group was given only a brochure (Appendix Figure OA-2)

showing a map of the court and explaining the worker's main legal rights.

� The calculator. We used outcomes from 5000 historical case�les to predict each worker's outcome based

on their case characteristics, as described in Sadka et al. (2024). The Sadka et al. (2024) calculator

used extensive information from the case�le to make predictions. In our experiment, workers had not

yet �led a case, so we collected information from them to predict outcomes. Therefore, we use only

information on wages and tenure in the �rm in a simpli�ed version of the earlier calculator. Appendix

Figure OA-4 shows the calculator in the format we provided. The worker is shown: (a) details of their

personalized job, so that they can verify that the prediction is based on the correct information; (b) the

rate the quality of case�les from our historical data base, but were unsuccessful. Despite incentivizing the ratings (by paying a bonus
based on how closely they predicted the actual case outcome), there was a very low correlation between ratings of the same case�le
across di�erent lawyers. Hence, we instead focus on the three measures of lawyer quality that we describe here.

7 https://www.cedulaprofesional.sep.gob.mx/cedula/presidencia/indexAvanzada.action

8 There are �ve Mexican schools in the 2025 QS Law and Legal Studies rankings. Results are similar if we use those ranked in the top
100 (UNAM and ITAM), or use UNAM only, the biggest and highest ranked law school in Mexico.

9 The experiment was pre-registered at https://www.socialscienceregistry.org/trials/2339. The full design included control plus three
treatment arms. We exclude the arm that provided the calculator and a letter of appointment with the court's conciliator. Those given
the bundled treatment were 10 pp (33%) less likely to �le a suit, making it challenging to isolate the e�ect of the treatment on lawyer
quality. In order to maintain the narrower focus of this paper and given space restrictions, we write separately about that treatment.
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25th and 75th percentiles of the settlement amounts (reported as days of salary) predicted from the

historical case�les, with language telling them that �the majority of settlements are within the range...�

between these two numbers; (c) the percentage of cases proceeding to a court judgment that are not

resolved four years after �ling; (d) what percentage going to court did not win or recover a positive

amount. Workers in this arm were also provided a more detailed description of their legal rights, as

shown in Appendix Figure OA-3. We administered this treatment on random days between September

2017 and August 2018.

� Uber. The second treatment provided workers with an Uber ride to the Public Attorney's o�ce. We

administered this treatment between August 2018 and July 2019.10The mean cost of the Uber ride was

MXN 40 (USD $2). We did not provide the predicted case information because public lawyers provide

similar information when meeting with potential clients. Take-up of the Uber treatment, measured by

taking the Uber ride to the Public Attorney's o�ce, was 66%. However, 46% of those who did not take

the Uber ride report in the two-week survey that they talked to a public lawyer. Including these brings

the Uber take-up rate to 82%.11

Theory suggests that consumers' inability to judge quality may lead to a market equilibrium in which low-

quality suppliers survive (Armstrong and Chen, 2009). The aim of the calculator treatment was to increase

the sophistication of plainti�s and test whether this would lead them to choose higher-quality lawyers. Our

aim in the Uber treatment was to increase access to justice measured by having a consultation with a public

lawyer. Given the results in the literature we cited above, we expected that talking with a public lawyer

would lead to lower use of coyotes and better outcomes.

Survey data. We administered three surveys: an in-person baseline survey on the day the participants

�rst approached our booth, and telephone surveys two weeks and two months later. The baseline survey

collected information on gender, wage, tenure, industry, and the date of �ring; it also asked for the subjective

probability of winning in a court judgment. We recorded the worker's name and contact information. We use

the wage, tenure, and industry from this survey to provide personalized case predictions to those randomized

into the calculator treatment. For those receiving these personalized predictions, we also implemented an

immediate follow-up surveythat re-asked the expectations questions after they received the predicted outcomes.

This allows us to measure expectation updating. Both of these were done at the booth.

In a two-week follow-up survey, we asked whether the worker had consulted with a lawyer; whether the

lawyer was public or private; and, if the lawyer was private, how they found him. We also asked if they had

�led a suit, settled, or dropped the case. We had a 78% response rate. We conducted the �nal survey two

months after the initial contact. 12Here we asked if the worker had settled, dropped the case, or �led a suit.

If they sued, we asked how they contacted the lawyer they used. The survey also collected information on

the worker's knowledge of the main legal severance entitlement, a rating of their lawyer, and whether they

wanted to switch lawyers. The response rate was 81%.13Finally, as proxies for workers' welfare, we asked

whether they could pay for electricity, rent, and food, and about life satisfaction. 14

10The initial design called for the calculator and Uber treatments to be given in the same time window. However, the Public Attorney's
o�ce was damaged by the September 2017 Mexico City earthquake. For the next 11 months, the Public Attorney's o�ce moved to the
court, making Uber infeasible

11Most of the 34% who declined the Uber ride on the day said either that they had their own car or that they did not have all of the
documents they needed with them.

12The law establishes that the worker has 60 days from the date of dismissal to initiate a labor lawsuit.

13Questions for both surveys can be found in Appendix Section C.1 and C.2.

14Because we use both information from all three surveys in our analysis, our main sample is comprised of the intersection of these three
surveys. During the calculator treatment window, we collected 1530 baseline surveys, 1283 2-week surveys, and 1221 2-month surveys.
The intersection of the three surveys has 1118 observations. During the Uber treatment window we collected 1289 baseline surveys,
1159 2-week surveys, and 1100 2-month surveys. Their intersection has 1057 observations. Appendix Table OA-1 shows that baseline
characteristics for observations in the intersection and those outside the intersection are not statistically di�erent from one another.
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4 Results

4.1 Consultation and suing by type of lawyer

For the calculator to have an impact, the information we provide must be correcting beliefs. That is,

workers must have unrealistic expectations that the calculator helps calibrate. We show in Sadka et al. (2024)

that this is the case. On average, workers believe there is an 89% chance they will win their case, while the

calculator shows an average of only 41%. Almost a third (30%) of workers lower their expected likelihood

of winning when we re-ask them just after showing them the calculator information, though the average

drops by only 4 percentage points to 85%, still far above reality (Appendix Table OA-2). 15 Nevertheless,

these data indicate both that workers have unrealistic expectations and that the calculator helps to move their

expectations toward reality.

Turning to the choice of lawyer, Table 1 focuses on the types of lawyers workers talked with (two-week

survey columns 1-4) or sued with (two-month survey, columns 5-8). The treatment may a�ect whether a

worker �les a suit or not. Workers who do not �le a suit or do not have any lawyer are coded as zero for all

lawyer types. We report ITT regressions based on assignment to treatment. Panel A focuses on the calculator

treatment and Panel B focuses on the Uber treatment.

Calculator results. We �rst focus on which types of lawyers (if any) workers talk to. Panel A of Table 1

shows that the calculator does not a�ect whether or not workers consult with any lawyers (Col 1), nor does it

have an impact on talking with a coyote (Col 2). However, it reduces the fraction of workers talking to public

lawyers by 13 percentage points (Col 4), while increasing those that talk to formal private lawyers by 11

percentage points (Col 3). Our interpretation of these latter two results is that workers often go to the Public

Attorney's o�ce to obtain information, and the calculator treatment provides some of that information.

Columns 5 to 8 examine suing. Column 5 shows that the calculator does not have a statistically signi�cant

e�ect on the overall probability of suing, though the measured e�ect is slightly negative, consistent with

some lawsuits being generated by overcon�dent expectations the calculator corrects. 16A central result is that

the calculator reduced the share of workers that hire a coyote by 5 percentage points (Col 6), more than half

of the control mean of 9%. Among those who sue, the coyote share drops from 22% to less than 10%. This

suggests that disinformation sustains an important coyote market share. Note that this reduction comes even

though workers were no less likely to talk with a coyote (Col 2). Mirroring results on who they talked to,

workers are shifted from public lawyers (Col 8) to formal private ones (Col 7).

15Table 5 in Sadka et al. (2024) uses a sample that includes workers who responded to the baseline survey but not the follow-up surveys.
Appendix Table OA-2 shows that e�ects are very similar when we restrict the sample to the one we use in this paper, those responding
to all three surveys. We did not re-measure expectations after the Uber treatment.

16Table OA-3 shows there is similarly no average e�ect on settling or dropping the case.
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Table 1: Treatment e�ect on talking and suing with di�erent lawyer types

Talked to Sued with

Any Coyote Formal Public Any Coyote Formal Public
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Calculator Treatment

Calculator -0.01 -0.01 0.11��� -0.13��� -0.04 -0.05��� 0.05�� -0.05��

(0.03) (0.01) (0.03) (0.03) (0.03) (0.01) (0.02) (0.02)
Constant 0.62��� 0.06��� 0.25��� 0.42��� 0.38��� 0.10��� 0.12��� 0.16���

(0.03) (0.01) (0.03) (0.03) (0.03) (0.01) (0.02) (0.02)

Observations 1,111 1,111 1,111 1,111 1,111 1,111 1,111 1,111
R-squared 0.001 0.004 0.020 0.027 0.006 0.018 0.009 0.007
Dep. Var. Mean 0.62 0.06 0.29 0.38 0.39 0.09 0.14 0.17
BVC X X X X X X X X

Panel B: Uber Treatment

Uber 0.07�� -0.03�� -0.10��� 0.20��� -0.03 -0.02 -0.09��� 0.08���

(0.03) (0.01) (0.03) (0.03) (0.03) (0.01) (0.03) (0.02)
Constant 0.76��� 0.09��� 0.27��� 0.51��� 0.43��� 0.06��� 0.16��� 0.21���

(0.03) (0.02) (0.04) (0.04) (0.04) (0.02) (0.03) (0.03)

Observations 1,054 1,054 1,054 1,054 1,054 1,054 1,054 1,054
R-squared 0.012 0.010 0.021 0.045 0.001 0.005 0.017 0.014
Dep. Var. Mean 0.76 0.06 0.33 0.51 0.42 0.06 0.19 0.17
BVC X X X X X X X X

The table shows the e�ect of the main treatment arms on talking and suing with di�erent types of lawyers. Controls (BVC) include gender, tenure,
and wage. The dependent variable mean reported in each column corresponds to the control group only. Standard errors clustered at the day level in
parenthesis. *** p < 0:01, ** p < 0:05, * p < 0:1.

Uber results. Panel B of Table 1 shows the e�ect of the Uber treatment. We conjectured that reducing the

transaction cost of talking to a public lawyer would lead to more consultation with lawyers in general and

to a higher likelihood of talking to and hiring public lawyers in particular. The results con�rm both of these

conjectures. The Uber treatment led to a 7 percentage point increase in talking with any lawyer (Column 1)

and a 20 percentage point increase in talking with a public lawyer (Column 4). Thus, the increased contact

with public lawyers is only partially o�set by decreases in talking with a formal private lawyer or a coyote

(10 and 3 percentage points, respectively).

We had expected the Uber treatment to cause both an increase in settlement rates, since that is what

public lawyers often advise, and a shift away from coyotes, given that public lawyers also tend to handle

small cases. The data do not support either of these expectations. As with the calculator treatment, we �nd

that the Uber treatment leads to no signi�cant change in the likelihood of suing (Col 5). However, it increases

the use of public lawyers by 8 percentage points (Col 8). The higher use of public lawyers is mirrored by

a 9 percentage point substitution away from formal private lawyers (Col 7). These are large e�ects for a

light-touch intervention. The magnitude of the response speaks to how serendipitous and unstable lawyer

matches are, and how small frictions a�ect match outcomes.

4.2 Suing by lawyer and case size

Although neither treatment has a signi�cant e�ect on the likelihood that a worker �les a suit, the

treatments may a�ect the composition of the cases �led. We expect that workers who learn that their case

has low value will be less likely to �le a suit, and the opposite for high value cases. The left-hand top

panel of Figure 1 compares the densities of the predicted case value for cases that were �led in the control

group and in the calculator treatment. The right-hand top �gures show the same comparison for the Uber

treatment. With either treatment, we see that treatment shifts the density of cases to the right. Workers

in the treatment group with lower-value cases are less likely to �le, and those with higher-value cases are

more likely to �le. The lower three panels in each column split the cases �led by the type of lawyer hired.
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The sharpest e�ect is among workers hiring coyotes, with a very large drop taking place in low-value case

lawsuits. For formal private lawyers we see an increase in high-value cases �lings. Figure 1 is reassuring

because it indicates exactly the e�ects we would expect � and want � to see. Workers with more at stake hire

high-quality lawyers, while those with less at stake are not persuaded by coyotes to �le cases that are likely

to result in only small or no payouts. 17

The reduction in the use of coyotes is not only the result of workers with lower-value cases not suing.

While Figure 1 shows that fewer smaller cases are �led (and Table OA-5 shows that coyotes serve smaller

cases), Table OA-4 shows that controlling for case size deciles leaves the e�ects virtually unchanged. That

is, the calculator lowers the coyote market share within deciles of case�le size. Note also that because there

is a �xed cost of suing (including the � $100USD fee for coyote and formal private lawyers), it may be more

e�cient for su�ciently small cases not to sue, which is what both treatments achieve.

4.3 Lawyer quality and satisfaction with the lawyer

We showed above that workers receiving the calculator are less likely to sue with a coyote. Table 2 tests

for direct e�ects of treatment on lawyer quality, measured in several ways. We look �rst at the quality of the

law school the lawyer attended. We calculate the share of the (usually three) lawyers listed in the case�le

with a degree from a QS-ranked law school. Column 1 Panel A in Table 2 shows that the calculator treatment

causes plainti�s to hire a 30% higher share of lawyers from QS-rated schools. The regressions control for

case characteristics, including the variables that predict case value, thus controlling for some of the e�ect of

treatment on the decision to �le a case. 18

Second, Columns 2 to 7 of Table 2 focus on client satisfaction. Column 2 shows the results of regressing

treatment status on the desire to change lawyers. Among the control group in the combined sample, 21% of

plainti�s said they did want to change lawyers, while 49% said they did not want to change lawyers and 30%

said they �didn't know�. We report the treatment e�ect for the share saying �yes� (columns 2 and 3) and

�no� (columns 4 to 5). Plainti�s in the calculator treatment arm (Panel A) who received the calculator are

8 percentage points less likely than the control group to state that they want to change lawyers (Col 2) and

17 percentage points more likely than the control group to say they do notwant to change lawyers (Col 4).

This is consistent with the calculator helping to match workers to better lawyers. Finally, Column 6 reports

the results for stated satisfaction with their lawyer on a 1-10 scale. We �nd that the calculator increases

satisfaction by 0.37 points (0.22 standard deviations).

Columns 3, 5 and 7 conduct a mediation-style analysis by controlling for the type of lawyer hired by

the plainti� (coyote and public lawyers against the base group of formal private lawyers). The results in

Column 3 (Column 5) show that plainti�s hiring coyote lawyers are signi�cantly more (less) likely to say

they do (do not) want to change lawyers. Those hiring public lawyers are no more likely to say that they

want to change lawyers (Col 3), but signi�cantly less likely to say de�nitively that they do not want to change

lawyers. In Column 7 we see that plainti�s hiring either coyote or public lawyers report lower satisfaction

with their lawyer compared with those hiring formal private lawyers. Importantly, once we control for the

type of lawyer hired, the treatment itself has no direct e�ect on either satisfaction (Col 7) or wanting to

change a lawyer (Col 3). This suggest that the changes in satisfaction arise from changes in the lawyer-type

composition rather than the calculator information per se.

The bottom half of Table 2 shows the results for the Uber treatment. Here we see no signi�cant e�ect of

the treatment on lawyer quality for any of the measures we have.

17Sadka et al. (2024) shows that about 40% of �le cases actuallylosemoney for workers after taking into account lawyer fees.

18Given the possibility that the QS rankings miss lesser-known but high-quality law schools, we also asked three professors from ITAM
� two of whom are also practicing labor lawyers � to list the top law schools in Mexico and then to rate, on a scale of 1 to 10, these law
schools plus a small number of other law schools that we selected based on the cedulas. Appendix Table OA-6 shows that the results
are very similar when we use this alternative ranking.
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Figure 1: Distribution of predicted value of amount won in case of settlement - Point-estimate (Random
Forest)

Panel A: Calculator Treatment phase

(a) Conditional on suing

(b) Conditional on suing with coyote

(c) Conditional on suing with a public lawyer

(d) Conditional on suing with a formal private lawyer

Panel B: Uber Treatment phase

(e) Conditional on suing

(f) Conditional on suing with coyote

(g) Conditional on suing with a public lawyer

(h) Conditional on suing with a formal lawyer

This �gure shows the distribution of the predicted value of the case, for cases that sued. To generate the case-value predictions, we trained a random forest
model using a separate administrative dataset of 5,000 completed case�les. The model uses the worker's daily wage, tenure, gender, and industry, the �rst
two variables are highly predictive since they feature on the legal formula to determine severance. For more detail see Sadka et al. (2024).
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Table 2: E�ects on lawyer quality: school, desire to change lawyers, and satisfaction

Share high-quality school Wants to change lawyer Satisfaction w. lawyer

QS Yes No Rating

(1) (2) (3) (4) (5) (6) (7)

Panel A: Calculator Treatment

Calculator 0.10��� -0.08�� -0.05 0.17��� 0.09�� 0.37� 0.14
(0.04) (0.04) (0.04) (0.05) (0.04) (0.21) (0.22)

Informal 0.27��� -0.34��� -1.17���

(0.06) (0.07) (0.27)
Public 0.01 -0.48��� -0.70��

(0.04) (0.05) (0.28)
Constant 0.32��� 0.22��� 0.15��� 0.41��� 0.71��� 7.93��� 8.58���

(0.03) (0.03) (0.04) (0.05) (0.06) (0.21) (0.26)

Observations 343 415 415 415 415 284 284
R-squared 0.026 0.015 0.083 0.028 0.219 0.034 0.105
Dep. Var. Mean 0.32 0.21 0.21 0.40 0.40 8.22 8.22
BVC X X X X X X X

Panel B: Uber Treatment

Uber -0.07� 0.00 0.01 -0.02 0.02 -0.22 -0.14
(0.04) (0.04) (0.04) (0.04) (0.05) (0.17) (0.16)

Informal 0.20��� -0.18�� -0.08
(0.07) (0.08) (0.23)

Public -0.00 -0.21��� -0.35�

(0.05) (0.06) (0.20)
Constant 0.40��� 0.17��� 0.14�� 0.61��� 0.74��� 9.09��� 9.25���

(0.05) (0.05) (0.06) (0.05) (0.06) (0.24) (0.26)

Observations 301 432 432 432 432 344 344
R-squared 0.017 0.006 0.032 0.015 0.054 0.022 0.032
Dep. Var. Mean 0.42 0.21 0.21 0.58 0.58 8.76 8.76
BVC X X X X X X X

This table focuses on hired lawyers, hence the smaller sample sizes. Column (1) shows the e�ect of the main treatment arms on the share of hired lawyers
that went to a top-rated law school according to the QS ranking. The remaining columns show the e�ect of the main treatment arms on wanting to change
lawyers and satisfaction. Columns (2) to (5) show answers to the question �If you could change lawyers at this moment, would you do it?�. Column (6)
and (7) show answers to the question �From 1 to 10, where 10 is perfectly satis�ed and 1 is terrible service, how satis�ed are you with your lawyer?�.
Controls (BVC) include gender, tenure, and wage. The dependent variable mean reported in each column corresponds to the control group only. Standard
errors clustered at the day level in parenthesis. *** p < 0:01, ** p < 0:05, * p < 0:1.

4.4 Well-being proxies

Not enough of the cases of the workers involved in the experiment are completed to conduct an analysis of

case outcomes. However, in the two-month survey, we asked workers several questions related to well-being.

In particular, we asked about general happiness, two questions about �nancial di�culties, and a question

about work. 19We examine the e�ect of treatment on responses to these questions on Table 3. The measured

e�ect on happiness (Col 1) is positive, though far from signi�cant. However, we do �nd that the calculator

treatment had signi�cantly positive �nancial e�ects. Respondents in the calculator treatment group are less

likely to report that they had trouble paying bills or did not have enough money for food (Cols 2 and 3).

Column 4 reports small and insigni�cant negative e�ect on the likelihood that the worker has found a job.

The bottom half of the table again shows the results from the Uber phase of the experiment. Consistent with

the previous results, we �nd no signi�cant e�ect of the Uber treatment on any of the welfare e�ects, though

the measured e�ects all go in the direction of improved outcomes.

19We also asked them about the amount of time they had spent at the MCLC. There is a small positive and marginally signi�cant e�ect of
treatment on time spent at the court during the two months between treatment and the follow-up survey, which we do not detail here.
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Table 3: Well-being proxies

Happiness Stopped paying Lack of Works
services money

(1) (2) (3) (4)

Panel A: Calculator Treatment

Calculator 0.042 -0.058� -0.072�� -0.004
(0.131) (0.028) (0.027) (0.031)

Constant 8.175��� 0.577��� 0.546��� 0.532���

(0.105) (0.029) (0.029) (0.028)

Observations 1,097 1,108 1,109 1,111
Dep. Var. Mean 7.953 0.581 0.549 0.458
BVC X X X X

Panel B: Uber Treatment

Uber 0.089 -0.038 -0.015 0.035
(0.143) (0.030) (0.032) (0.032)

Constant 8.111��� 0.692��� 0.627��� 0.542���

(0.152) (0.035) (0.036) (0.034)

Observations 1,050 1,052 1,054 1,054
Dep. Var. Mean 7.727 0.625 0.509 0.395
BVC X X X X

The two-month survey for the experiment included questions measuring proxies for welfare. We asked (Happiness) On a scale of 1 to 10, where 1 means "not
happy at all" and 10 means "totally happy", in general how happy do you feel about your life lately?; (Stopped paying Serv.) In the past 3 months have you had to stop
paying for a basic service such as electricity, water or rent due to lack of money?; (Lack of money for food) In the past 3 months, have you lacked money to spend on
food one or more days?; (Work) Are you currently working?. The dependent variable mean reported in each column corresponds to the control group only.
Standard errors clustered at the day level in parentheses. *** p < 0:01, ** p < 0:05, * p < 0:1.

5 Conclusion

Markets for experts are characterized by asymmetric information and agency concerns. We experiment

with two ways to reduce frictions in the market for lawyers: providing personalized statistical predictions and

decreasing transaction costs. First, the theory papers cited above posit that the informational advantages of

experts can lead to equilibria where low-quality experts maintain a positive market share. Our results provide

some validation by showing that the calculator helped workers match with better lawyers and decreased

coyote market share by half, improving lawyer quality and proxies for well-being. The calculator also led

workers with low-value cases to settle or drop their cases more frequently and led those with higher-value

cases to pursue lawsuits more frequently. Our preferred interpretation is that calibrating expectations allows

workers to better interpret the sales pitch that lawyers give them and not be fooled into suing small and not

solid cases.

In a second treatment, paying for transportation to the Public Attorney's o�ce signi�cantly increased

use of public lawyers, suggesting that small frictions determine client-lawyer matching. However, this did

not translate into improved quality measures, raising the possibility that public lawyers provide low-quality

service.

Mexico passed a major labor law reform in 2019. Under the new law, workers must �rst �le a claim at a

conciliation center and attend conciliation hearings before �ling a lawsuit. Inspired by this research, some

conciliation centers will use a calculator to �ght coyotajebefore workers hire a lawyer (see El Economista

09-23-2024). As most workers hire a lawyer only after conciliation, the information will reach them in time

to a�ect their decisions on whether to sue and which lawyer to hire.
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OA-A Tables

Table OA-1: Intersection vs No-intersection sample balance

Calculator Treatments Uber Treatment

Full Surveys Intersection Comp. p-value Intersection Comp. p-value

Woman .43 .47 .25 .43 .48 .2
Probability Winning .9 .88 .16 .88 .9 .39
Daily Wage (pesos) 307.29 320.46 .55 359.68 321.78 .34
Tenure (yrs) 3.67 3.57 .72 4.18 3.62 .18
Retail Industry .21 .21 .94 .14 .16 .29

Observations 1118 412 1057 232

This table compares the samples we use in the paper (�Intersection� of baseline and two follow-up surveys) against its comple-
ment for both the Calculator and the Uber phases. It shows the means and the p-values of a t-test for the null hypothesis of
equality of means. Retail is built using NAICS code, according to the industry respondents reported.

Table OA-2: Immediate Expectation Updating

Probability Amount

Dummy (lowered) Continuous Dummy (lowered) Continuous

(1) (2) (3) (4)
Calculator 0.31��� -0.04�� 0.27��� 3310.40

(0.03) (0.02) (0.03) (4236.32)

Observations 948 948 437 437
R-squared 0.189 0.007 0.169 0.012
p-value RI 0.000 0.006 0.000 0.506

The table uses the Calculator treatment to estimate its e�ect on immediate expectation updating. The dependent variable in column (1) is an
indicator for �decreased expectations� (whether the subjective belief of the probability of winning measured in the immediate follow up survey
is lower than in the baseline survey). The dependent variable in Column (2) is the amount by which expectations changed. Column (3) is the
same as Column (1) except that the indicator refers to amount to be won conditional on winning instead of probability of winning, while column
(4) mimics column (2) referring to the quantitative di�erence of the amount the subject thought she might win. Standard errors clustered at the
day level in parenthesis.
*** p < 0:01, ** p < 0:05, * p < 0:1.
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Table OA-3: Treatment E�ects on Additional Outcomes

Resolved Other Outcomes

Without suing After suing Sued Not resolved Eventually resolved
(1) (2) (3) (4) (5)

Panel A: Calculator Treatment

Calculator 0.03 -0.01 -0.04 0.01 0.02
(0.03) (0.02) (0.03) (0.02) (0.03)

Constant 0.49��� 0.16��� 0.38��� 0.13��� 0.65���

(0.03) (0.02) (0.03) (0.02) (0.03)

Observations 1,111 1,111 1,111 1,111 1,111
R-squared 0.007 0.002 0.006 0.003 0.010
Dep. Var. Mean 0.48 0.18 0.39 0.12 0.66
BVC X X X X X

Panel B: Uber Treatment

Uber 0.05 -0.04 -0.03 -0.02 0.03
(0.04) (0.02) (0.03) (0.02) (0.04)

Constant 0.45��� 0.22��� 0.43��� 0.12��� 0.67���

(0.04) (0.03) (0.04) (0.03) (0.04)

Observations 1,054 1,054 1,054 1,054 1,054
R-squared 0.005 0.009 0.001 0.003 0.003
Dep. Var. Mean 0.46 0.18 0.42 0.12 0.64
BVC X X X X X

Notes: The table shows the e�ect of the main treatment arms on case outcomes. Resolved without suingis an indicator variable of value 1 if the
worker settled 2 weeks or 2 months after treatment and did not sue his former employer according to survey data. Resolved after suingis an
indicator variable of value 1 if the worker sued his former employer and the lawsuit ended in a settlement according to data obtained from the
court case�le. Suedis an indicator variable of value 1 if the worker answered "Yes" to the question Did you sue your former employer?at the two
month survey. Not resolvedis an indicator variable of value 1 if the worker answered "No" to the question Did you sue your former employer?at
the two month survey and did not settle by the two-month survey. Eventually solvedis an indicator variable of value 1 if the worker answered
"Yes" to the question Have you reached an agreement with your company?either at the two week or two month survey or if the worker sued and her
lawsuit ended in a settlement according to case�le data. Controls include gender, tenure, and wage. The dependent variable mean reported in
each column corresponds to the control group only. Standard errors clustered at the day level in parentheses. *** p < 0:01, ** p < 0:05, * p < 0:1.

Table OA-4: Treatment e�ect on talking and suing with controlling for case value deciles

Talked to Sued with

Any Coyote Formal Public Any Coyote Formal Public
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Calculator Treatment

Calculator -0.01 -0.01 0.10�� -0.13��� -0.04 -0.05�� 0.05� -0.04�

(0.03) (0.01) (0.03) (0.03) (0.03) (0.01) (0.02) (0.02)

Observations 1,111 1,111 1,111 1,111 1,111 1,111 1,111 1,111
R-squared 0.615 0.066 0.365 0.337 0.379 0.095 0.185 0.158
Dep. Var. Mean 0.62 0.06 0.29 0.38 0.39 0.09 0.14 0.17
Deciles X X X X X X X X
Gender X X X X X X X X

Panel B: Uber Treatment

Uber 0.07� -0.03� -0.10��� 0.20��� -0.03 -0.02 -0.09��� 0.08��

(0.03) (0.01) (0.03) (0.03) (0.03) (0.01) (0.03) (0.02)

Observations 1,051 1,051 1,051 1,051 1,051 1,051 1,051 1,051
R-squared 0.796 0.077 0.313 0.617 0.416 0.061 0.169 0.228
Dep. Var. Mean 0.76 0.06 0.33 0.51 0.42 0.06 0.19 0.17
Deciles X X X X X X X X
Gender X X X X X X X X

The table is analogous to Table 1, except that it includes case size decile dummies as regressors.

OA - 3



Table OA-5: Who uses Coyotes?

Talked to Coyote Sued with Coyote

(1) (2) (3) (4) (5) (6) (7) (8)

Woman -0.02 -0.02 -0.02 0.00 -0.01 -0.01 -0.01 -0.04
(0.01) (0.01) (0.01) (0.04) (0.02) (0.02) (0.02) (0.04)

100% Con�dent of win 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.00
(0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.04)

Case Value Quartile=2 -0.03 -0.02 -0.02 -0.05 -0.07�� -0.07�� -0.07�� -0.13��

(0.03) (0.03) (0.03) (0.05) (0.03) (0.03) (0.03) (0.05)
Case Value Quartile=3 -0.06��� -0.06��� -0.06��� -0.07 -0.08��� -0.08��� -0.08��� -0.16���

(0.02) (0.02) (0.02) (0.04) (0.03) (0.03) (0.03) (0.05)
Case Value Quartile=4 -0.07��� -0.07��� -0.07��� -0.10�� -0.10��� -0.10��� -0.10��� -0.19���

(0.02) (0.02) (0.02) (0.04) (0.02) (0.02) (0.02) (0.05)
High School -0.02 -0.02 -0.03 -0.02 -0.02 -0.02

(0.02) (0.02) (0.04) (0.02) (0.02) (0.04)
Has Sued Before 0.05 0.02 0.01 0.03

(0.04) (0.07) (0.04) (0.08)
Knows Severance -0.02 -0.03

(0.03) (0.04)
Constant 0.10��� 0.11��� 0.11��� 0.17��� 0.14��� 0.15��� 0.15��� 0.34���

(0.02) (0.02) (0.02) (0.04) (0.02) (0.03) (0.03) (0.06)

Observations 1,008 1,008 1,008 403 1,008 1,008 1,008 403
R-squared 0.017 0.018 0.021 0.020 0.021 0.022 0.022 0.041
Dep. Var. Mean 0.06 0.06 0.06 0.10 0.07 0.07 0.07 0.18
Cond. on Suing X X

The table shows who talks to or sues with a coyote in the control group. Standard errors are clustered at the day level in parentheses. %100
Con�dent of win is an indicator variable of value 1 if the respondent said that they would win with probability of 1 at baseline. The Case
Value variables classify each case into quartiles according to the minimum amount of severance by law in the respective. The omitted category
corresponds to the �rst quartile, which includes the lowest-value cases. High Schoolis an indicator variable equal to 1 if the respondent attained
at least a high school level of education. Has Sued Beforeis an indicator variable of value 1 if the respondent answered Yesto the question �Have
you �led a lawsuit for dismissal before?�at the 2 week follow-up survey. Knows Severanceis an indicator variable of value 1 if the worker answered
correctly the question �In case of unjusti�ed dismissal, the law grants a constitutional severance pay. Do you know how many days of your salary this
compensation represents?�at the two-month follow-up survey. *** p < 0:01, ** p < 0:05, * p < 0:1.

Table OA-6: Treatment E�ect on Lawyer Quality � ITAM Rating & UNAM Lawyer

Share of Good Lawyers Share of UNAM
ITAM rating Lawyers

(1) (2) (3) (4)

Calculator 0.111��� 0.108���

(0.040) (0.039)
Uber -0.069� -0.068

(0.041) (0.041)
Constant 0.318��� 0.395��� 0.317��� 0.394���

(0.031) (0.049) (0.030) (0.049)

Observations 343 301 343 301
Dep. Var. Mean 0.323 0.429 0.319 0.422
BVC X X X X

The table uses two di�erent measures of law school quality and regresses them against treatment arms. First, the share of lawyers that went to
the best universities, where �best� is measured by the opinion of three ITAM lawyers (Cols 1-2). Columns 3-4 use the share of hired lawyers that
went to UNAM. Standard errors are clustered at the day level in parentheses. *** p < 0:01, ** p < 0:05, * p < 0:1.
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OA-B Material

Figure OA-1: Information Booth
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Figure OA-2: Flyer about legal rights after unjusti�ed dismissal
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