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Abstract:

How do participatory institutions change over time? While previous research has focused on
exogenous changes such as legal reform or leadership replacement, institutions also evolve
endogenously through processes of behavioral and compositional change, on the parts of citizen
claimants and government officials. These processes can gradually reshape institutions to
become more responsive to either expert or non-expert claimants—which we refer to as brokered
and grassroots models of social accountability. In the context of Mexico’s access-to-information
system, we analyze nearly two million information requests and responses filed between 2003
and 2019, using new machine-learning based measures. We find evidence of claimants becoming
more sophisticated over time and officials becoming more responsive to these expert claimants,
both consistent with a brokered accountability model. Both quantitative and qualitative evidence
reveal mechanisms of behavioral and compositional change by citizen claimants and government
agents.
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l. Introduction

How do participatory institutions change over time? The past few decades have witnessed a
wave of research on participatory institutions of social accountability designed to involve
citizens in governance and oversight. These studies highlight exogenous shifts such as legal
reforms and leadership change, which led to the success—and later demise—of such institutions
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as Guatemala’s anti-corruption commission®, policy councils in Brazil”, and Madrid's municipal
participation platform.® However, more gradual endogenous processes can also lead to shifts in
function for these institutions—such as increasing orientation toward claims brought by different
classes of citizen claimants. Our study was inspired by conversations with Mexican activists,
who complained that Mexico’s celebrated access-to-information (ATI) system has become
increasingly difficult to navigate for lay citizens during its two-decade history.®

ATI systems belong to a class of institutions designed for social accountability, “an approach
towards building accountability that relies on civic engagement.”'® Many accountability
institutions around the world are similarly participatory: including citizen policy councils,*
participatory budgeting,? local assemblies,'? independent monitoring organizations,* citizen
anti-corruption bodies,*> complaint mechanisms,*® public reporting platforms,” and
ombudspersons.*® Defining traits of social-accountability institutions are that they: (1) feature
repeated interaction between ordinary citizens and state actors; and (2) are oriented towards
improving government accountability. Excluded from this category are participatory institutions
with no accountability orientation at all, such as pure co-production, and elite-driven or
“horizontal” (O’Donnell 1998) accountability institutions, such as auditing agencies, which lack
regular engagement with citizens.*®
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Such social-accountability institutions are potentially powerful tools for improving governance
while fomenting civic engagement.?° Widely promoted by the international development
community and bolstered by advances in digital technology that lower barriers to access, such
institutions have spread rapidly. To wit, the number of countries with ATI systems has expanded
from roughly 20 in 1990 to over 100 today.?* Yet, social-accountability institutions can be
difficult to sustain given their dependence on complex forms of engagement by a broad variety
of actors.?? Furthermore—and most relevant for our purposes—such institutions are subject to
“mission drift”?3 because they involve high levels of discretion in implementation and frequent
interactions between politicians and citizens, during which each has opportunities to learn and
adapt their behavior.

Of particular relevance are cases in which such institutions evolve to become more responsive to
elites. While ATI systems and other social accountability institutions purport to engender
relationships of accountability between citizens and the state, ordinary citizens often face
significant obstacles to make these systems work for their purposes. In contrast, economic elites
enjoy the means to contract lawyers and other experts to navigate institutional channels. While
existing literature has addressed the aspects of institutional design that lend themselves to broad
citizen empowerment,?* we focus on informal and gradual transformations that are more difficult
to observe. Our goal is, thus, to uncover the endogenous drivers of these kinds of institutional
evolution.

Our dependent variable—responsiveness—takes on a double connotation for ATI systems. At the
micro-level, responsiveness refers to the degree to which citizen claims receive actual responses
from government agents. Thus, responsiveness to an information request is reflected in the
timeliness and quality of information provided.?®> At the macro-level, responsiveness reflects
whether the institution lends itself to accountability-seeking forms of political activity, therein
enhancing democratic representation.?® At either of these levels, responsiveness can vary across
categories of claimants, such as elite civil society actors, grassroots activists, private firms, or lay
citizens.

Thus, a first contribution is to build a framework to understand differential responsiveness,
distinguishing between expert and non-expert claims. Existing research is often preoccupied with
the binary question of whether a given institution of accountability yields responsiveness. Such
studies typically focus either on processes involving individual lay citizens?” or—more rarely—
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scaled up demand-making by civil society organizations.?® However, institutions may prove to be
more responsive to some types of claimants than to others. Our approach thus foregrounds the
question of institutional bias in responsiveness. We distinguish between a grassroots model of
accountability, where institutions are most useful for general citizens’ routine needs and a
brokered model, where the institution is most useful for experts. By analyzing ATI, a type of
institution designed to serve both lay and expert claimants, we elucidate the process by which
Mexico’s ATI system transformed to favor the latter over the former.

A second contribution—both theoretical and methodological—is to diagnose the gradual
institutional change that unfolds over time in institutions of accountability. Until now, research
on information and accountability has typically focused on short time frames, such as the above-
cited experimental evaluations of informational treatments involving individual citizens. Some of
these studies have noted a feedback loop in which citizen claim making activity not only
enhances—hbut is also a product of—government responsiveness.?® However, under-
acknowledged are the gradual endogenous processes that produce transformations in how these
institutions function over extended periods of time. By incorporating insights from historical
institutionalism,® we develop a new framework for understanding gradual change in social-
accountability institutions. In so doing, we build on an incipient literature that analyzes gradual
processes of institutionalization and conversion in institutions of accountability in developing
and non-democracies.3! We also build on recent work demonstrating endogenous change in non-
state online institutions,®? both with a broader set of theoretical mechanisms and an application to
formal governmental institutions.

We identify and empirically demonstrate three mechanisms of endogenous change,
corresponding to government obligants (those charged with responding to citizen claims) and
citizen claimants (those making claims on the state). First, our findings reinforce previous
research detailing changes on the supply side of accountability: the behavior of obligants who
develop strategies to evade responsiveness or reduce workloads.3* More novel, we additionally
detail two modes of demand-side change: the changing composition of citizen claimants—
attrition or intensification by distinct groups; and behavioral change (or “learning”) by some
claimants who adapt strategies to navigate the institution. In terms of Mahoney and Thelen,34
these three mechanisms interact to create a self-reinforcing process of “conversion,” in which the
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informal rules of the institution evolve given high levels of discretion in interpretation and
enforcement.3®

Our approach combines quantitative analysis of textual citizen claims with qualitative evidence
of mechanisms driving institutional change. Our main analytical effort is based on all federal-
level information requests submitted to Mexico’s ATI system from its inception in 2003 until
2019, and their corresponding responses. We use machine learning based on a hand-coded
sample of nearly 5,000 requests to measure the full universe of traits such as the expertise of the
requester, the theme of information, and the quality of the response. We analyze these to
elucidate over-time change as citizen claimants and government obligants react to each other.
We pair these statistical approaches with qualitative evidence enabling us to better understand
changes among both civil society claimants and agency personnel. Our approach is inspired by
the increasing recognition that strong institutions of accountability are not simply a matter of
“getting the incentives right,” but are rather embedded in complex equilibria conditioned by the
behavior of diverse actors.

Our focus is Mexico, which in 2003 established a federal ATI institution and online request-
response portal. The 2002 federal law underpinning these innovations has been widely hailed as
one of the strongest in the world.*” Prior research demonstrates that Mexican citizens use this
pioneering system for both private needs and the pursuit of broader public goods such as rooting
out government corruption.®® Yet it is also clear that government officials have incentives to be
non-responsive to certain classes of citizen requests due to electoral motives, bureaucratic
constraints, and agency discretion.®® As the transitional democracy with the longest-lived and
perhaps most institutionalized ATI system, we consider Mexico to be a crucial case. We would
expect these processes of gradual change to be even more pronounced in systems that are less
institutionalized,*° such as ATI systems in South American countries.*!

Our quantitative findings confirm that Mexico’s ATI system has evolved to be significantly more
responsive to expert claimants. For instance, we found that in the earliest years of the system,
otherwise-typical “non-expert” requests (one standard deviation below the mean on our expertise
score) received responses three days faster than otherwise-typical “expert” requests (one
standard deviation above the mean). By the end of our sample (2019), non-expert requests were
receiving responses two days slower on average. Further analyses explore the mechanisms
behind this evolution, signaling both demand-side and supply-side processes that drive an
increasing expert bias. On the demand side, we find that an increasing portion of requests exhibit

3 While the present analysis does not address it empirically, social-accountability institutions are
also prone to “drift,” wherein institutional functions change as a result of shifts in the external
environment—such as broader changes in governance of relevant policy areas.
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expertise, with evidence consistent with both compositional and behavioral mechanisms. On the
supply side, we find that government obligants have increasingly responded better to more
“expert” requests over time. We further find that these shifts towards expert bias are driven by
precisely those obligants that receive more expert requests, indicating a feedback loop.
Qualitative evidence based on interviews with grassroots and expert civil society claimants and
government agents confirms the importance of both compositional changes among claimants and
behavioral changes by claimants and obligants. Further, this evidence highlights the specific
forms of learning, attrition, and intensification underlying these mechanisms, and the mutually
reinforcing nature of these processes.

We suspect that such processes of expert evolution occur in many social-accountability
institutions. The idea that these institutions privilege elite claims is not new. For instance, prior
research has found that policy councils fall prey to “elite capture”*? and that complaint
mechanisms “exclude the marginalized by design.”? In this vein, social-accountability
institutions are yet another example of a space where economic elites exercise outsized influence
to command greater representation, a tendency which has been well-documented in Mexican
economic policy.* We build upon this previous scholarship by illustrating the endogenous
drivers that gradually cause such a bias within institutions that were designed carefully to
function for all citizens equally.

Expert-favoring evolution is not inevitable, however. Participatory policy councils and budgeting
processes in Brazil, for instance, are social accountability institutions that evolved in a way to
empower an ever-expanding population of ordinary citizens over two decades.*® In the early
19th-century United States, increased petitioning activity drove legislators and officials to make
new investments in responsiveness that helped make the entire institution of petitions less elite-
oriented, at least for several decades.® In the conclusion we speculate about the conditions under
which elite evolution is most likely to take hold.

1. Grassroots and Brokered Accountability Institutions

Accountability institutions have commanded attention in both scholarly and policy communities
as elements of “second-generation” democratization. Most research has sought to explain either
the adoption of such institutions*’ or their immediate short-term causal impacts on policy or
election outcomes.*® To the extent that scholars look at longer-term processes, they focus on the
challenges of consolidation.*® While accountability institutions are often adopted with great
optimism, over time they may decline in usage or legitimacy. Accountability institutions in new
democracies are often beset by “second order collective action problems” in which their
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overseers—who themselves may be enmeshed in illicit activities—have little incentive to
comply.5® This problem produces a vicious cycle in which widespread corruption and the lack of
sanctions are mutually reinforcing. Breaking out of such cycles typically occurs during
momentous political transitions, which usher in new institutions.®! For instance, Mexico’s ATI
system originated in a campaign promise by Vicente Fox, the president that interrupted that
country’s long-lasting one-party dominance in 2000.52

For institutions that rely on frequent citizen participation—as opposed to horizontal institutions,
which are driven by specialized government agents—maintaining effectiveness is particularly
difficult. In order for these institutions of “social accountability”®3 to contribute to a desirable
equilibrium of good governance, citizens and/or organized civil society must find ongoing
participation worthwhile. This continued usage is reinforced by a system that is responsive to
citizen claims, for instance by providing information that they request or improving services
about which they complain.>* Conversely, breakdowns in either citizen usage or government
responsiveness can route these institutions into a vicious cycle in which they ultimately become
defunct.

Evolution in these institutions for better or for worse, however, need not be monolithic, but may
instead occur unevenly for different classes of claims. One dimension of such uneven
responsiveness—which is crucial for the principle of democratic representation—concerns the
expertise of claimants. Expertise describes the relevant knowledge and resources to make
effective use of a given institution. This may include legal know-how, policy-specific
experience, computational skills, or connections to government personnel. Lack of such expertise
is often a barrier to participation in many participatory settings.>® Expertise certainly is correlated
with class—wealthier citizens are more likely to have expertise, or to be able to contract the
service of experts—so an expert-biased institution would exacerbate representational distortion.
This malady has been amply diagnosed in the United States,®® but is perhaps even more insidious
in Latin America’s oligarchic democracies.®’ This expertise advantage, however, can be
tempered when ordinary citizens have expert brokers at their disposal to help navigate social
accountability processes.%8

We distinguish two ideal-typical models of accountability institutions regarding their suitability
for expert vs. non-expert claimants. Particular institutions may occupy an intermediate space or
exhibit variation across policy areas or administrative units.
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The grassroots accountability model is typified by low barriers to entry, broad usage, and
usefulness for lay citizens. In this model, thousands or even millions of citizens participate in the
system, for instance by submitting information requests or evaluating local services. This model
is desirable for its inclusiveness and capacity to generate a culture of civic engagement.>°
Participatory institutions—such as participatory budgeting in Brazil—are often designed with a
grassroots model in mind and have been shown to generate a host of benefits, both in deepening
democracy and in influencing policy outcomes to respond to the interest of often-marginalized
communities.®® Experimental evidence has found that interventions that encourage citizen
oversight of local service delivery can lead to improvements in quality and civic attitudes.®* The
grassroots model is not designed to produce responsiveness in all contexts, however. For one, it
presents challenges beyond the local scale, risking unsustainable workloads for federal
government personnel due to the high volume of claims. Second, the grassroots model may break
down in contentious issues of corruption or government failure, where atomized lay citizens lack
the expertise to overcome government agencies’ resistance.®? Given these limitations, the
grassroots model is perhaps most effective for addressing individual or local issues such as
exposure to petty corruption, employment, or access to services.

The brokered accountability model characterizes institutions whose successful navigation
requires expertise and thus whose usage is mainly restricted to specialists (journalists, elite civil
society, large firms, lawyers) who act on their own account or as intermediaries for non-experts.
A brokered model presents obstacles that filter out lay citizens, such as complex paperwork for
filing claims, fees, or lengthy delays—i.e. “administrative burdens.”® This model is not
necessarily inoperative for non-expert claims, as has been alleged for ATI systems in the United
States and Great Britain.®* However, for such a system to be useful for non-experts, they may
require the support of an expert intermediary—or “social broker”®—who helps navigate the
institution and deploy it in collective political activity.5® Brokerage-based institutions are thus
perhaps less useful for ordinary citizens pursuing quotidian concerns, yet have the advantage of
affording considerable attention and resources to address the smaller number of inputs that are
successfully registered. The brokered model is thus amenable to high-profile accountability-
seeking purposes, such as high-level corruption or large-scale evaluation of government
programs.

The extent to which an institution tends toward one or the other of these two models can be
based on formal (de jure) or informal (de facto) traits. For instance, the United States” FOIA
system is formally designed for the brokered model, as users incur high financial costs and must
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have significant legal knowledge.®” In contrast, Mexico’s system was designed with a grassroots
model in mind, prioritizing ease of use and incurring no financial cost.%® Furthermore, Mexico’s
system is overseen by commissioners charged with adjudicating citizen appeals of unsatisfactory
responses. However, at least as important as these formal traits are informal norms that establish
how the system operates in practice. Systems that are designed for grassroots accountability may
present obstacles for lay citizens in navigating the bureaucratic process or may simply be
nonresponsive to inputs from citizens lacking social standing or insider knowledge. These
informal norms are particularly relevant for institutions of accountability, which are subject to
sizeable variability in their in-practice operation as they grant a high level of discretion to
authorities.

To study whether social-accountability institutions can evolve over time, to become closer to one
model or the other, we focus on the case of Mexico’s ATI system. This case selection is driven
by the opportunity to study a social-accountability institution both over a long period of time
(2003-2019) and with fine-grained and detail-rich data on individual citizen-government
interactions. Our expectation is that Mexico’s ATI system has become increasingly responsive to
expert claims over time. This expectation is based on anecdotal reporting by activists who
engaged with this system over its two-decade lifespan. Such an evolution would resemble the
phenomenon of “elite capture,” which has been well-documented in research on some
participatory institutions.%® At our research project’s onset, we had strong reason to think that
Mexico’s ATI system had evolved toward a brokered institution, but we remained open to the
opposite finding. In fact, as we describe below, officials at Mexico’s ATI institution have
devoted substantial effort to promoting broad participation by ordinary citizens. The three
hypotheses below allow us to test our expectation of evolution towards an expert-biased
institution.

Hypothesized Drivers of Evolution

To explain this gradual process, we draw on historical institutionalist approaches outlining
mechanisms that alter the de facto functioning of the system independent of any change in the
formal institutional framework.’® Contingent, gradual, and interactive, such processes may
unfold quite differently across government agencies, depending on the iterated actions and
reactions of citizen claimants and government obligants. Given the high degree of discretion in
enforcement, gradual change in social-accountability institutions mainly operates through
conversion, a process wherein “existing institutions are redirected to new purposes, driving
changes in the role they perform and/or the functions they serve”’* or through drift, in which
“changes in the operation or effect of policies occur without significant changes in those
policies’ structure.”’?
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If indeed Mexico’s ATI system has evolved over time to become closer to a brokered system,
then we should be able to observe empirical evidence of three different drivers of system-level
change. We theorize these drivers here, developing specific hypotheses.

We first predict demand-side drivers, having to do with the average level of expertise among
citizen claimants. We address two subsidiary mechanisms. Through repeated experiences with
the institution, claimants may undergo behavioral changes. This is particularly relevant for
expert claimants who, for instance, learn how to most effectively word an information request,
such as by citing relevant legislation. An additional mechanism relevant to claimants (but not to
obligants in the present context) is compositional change, by which certain groups of claimants
come to constitute a greater or lesser portion of total claims. This change may occur on an
extensive margin, as when positive experiences spread through word-of-mouth leading to greater
use within a given sector, or when some types of claimants “drop out” after poor experiences.
But compositional changes may also occur on an intensive margin, as when certain individual
claimants increase (decrease) their number of claims in response to prior success (failure). We
may expect higher levels of attrition among non-experts, who lack the time and knowledge to
confront administrative hurdles.

H1 (Demand): Demands exhibit gradual change in the level of expertise and will increasingly be
characterized by higher levels of expertise.

We additionally analyze supply-side drivers of evolution in which government obligants alter
their behavior in ways that affect patterns of responsiveness. Such behavioral change may consist
of capacity building, in which obligants accrue resources or develop processes to more
effectively handle citizen claims. In the ATI realm, capacity building entails the development of
systems and hiring or training of staff for managing records and large numbers of information
requests. Behavioral change may also be strategic, wherein obligants prioritize which claims to
be more or less responsive to. Such choices respond to incentives such as the likelihood of
appeals for poor responses, sanctions for noncompliance, or professional reprisals for aiding
corruption investigations into superiors.” We may expect supply-side change to favor expert
claims, who are more likely to appeal unsatisfactory responses.

H2 (Supply): Responsiveness to expert claims improves over time relative to responsiveness to
non-expert claims.

These drivers of change are possible in any institution featuring repeated interaction between
citizens (or non-state actors) and the state. We may expect that evolution toward experts (or
economic elites) is the norm in many cases in which the adoption of new state institutions is
followed by the proliferation and maturation of elite civil society or corporate actors that
specialize in navigating that institution. Tarrow, for instance describes the “coral reef”’* of
international human rights NGOs that were founded to navigate the international organizational
apparatus in the late-twentieth century. However, many of our implicit theories of state-society
relations assume a grassroots tendency in new institutions, as word of mouth spreads and
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ordinary citizens develop aptitudes. Participatory budgeting in Brazil,” and the rise of
petitioning in the early 18th-century United States,’® are two examples of new institutions that
successfully spurred capacity building and contagion to include increasingly broad participation.
Demonstrating a different form of compositional change, a recent analysis of Wikipedia editors
shows how gradual “population loss™ over time in response to differential success rates in
content disputes led to the eventual predominance of objective—as opposed to fringe—editors.””

Feedback Effects

Finally, these supply and demand-side drivers of change interact, producing “feedback effects”’®
that accelerate tendencies toward either a grassroots or brokered model of responsiveness. For
instance, compositional change among claimants may influence obligants’ choices about
resource investments. Thus, as non-expert claims come to predominate, obligants may invest in
staff and procedures to handle a large number of simple claims. Conversely, if expert claims
expand, obligants may invest in resources to handle more complex types of claims, such as more
specialized personnel and digital resources. As obligants become increasingly adept at handling
certain types of claims, their ability to respond to other claims may also atrophy, spurring the
disfavored class of claimants to further withdraw.

Obligants’ responses are conditioned by policies that create incentives (rewards and sanctions)
for effective responsiveness. The above-described scenarios assume that the institution offers
such incentives. However, obligant learning need not only function to improve responsiveness; it
may function to avoid responding to certain types of claims, such as those most likely to be
damaging to agency leadership. Such a response by obligants could discourage these types of
claims.

Entering or exiting the system (compositional change) is not the only response available to
claimants. They may also adapt their strategies of claim making in response to prior experience.
After repeated attempts at claim making, claimants may find that certain types of issues receive
better responses from obligants, or that their claims are more successful when presented in a
certain way. For example, if obligants prove most responsive to expert claims, some claimants
may learn to include markers of expertise in their claims, such as legal language or insider
information. Such behavior would accelerate tendencies toward a brokered accountability system
even in the absence of compositional change. Over time, these processes of endogenous change
can accumulate, fundamentally shifting the functioning of the institution in terms of whom in
society it best serves.

H3 (Feedback between demand- and supply-side changes): Agencies experiencing greater
increases in the level of expertise of claims they receive will exhibit greater shifts towards
responsiveness in favor of more expert claims.
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We test these hypotheses using quantitative and qualitative evidence to track changing patterns
among both claimants and obligants over time. Quantitatively, we examine shifts in the volume
and expertise of information requests, differential responsiveness to these requests, and
interactions between these. Qualitatively, we detail the distinct experiences and adaptations of
expert and non-expert requesters, as well as changing behavior of government officials.

1. Mexico’s Access-to-Information Institutions

ATI requests to the Mexican government constitute a particularly opportune venue to observe
over-time change in social-accountability processes. These requests offer a source of massive
and highly granular data about citizen-government interaction. Over nearly two decades,
Mexican citizens have made an average of nearly 200 information requests per day to the federal
government. More than twenty ministries and agencies regularly receive over 1,000 requests per
year, offering a wide range of policy areas in which to observe changes in responsiveness.
Mexico’s ATI system was founded with a vision of establishing the right to information as a
central component in Mexican democratization, following the 2000 demise of one-party rule of
the federal government.” The Federal Law on Transparency and Access to Public Information
was passed in June 2002, taking effect one year later. The law has often been praised as one of
the strongest in the world, in particular for its independent information commission, easily
accessible online platform, high usage volume, and quick response times and low denial rates.®
The Instituto Federal de Acceso a la Informacion (IFAL; later renamed INAI) was created to
promote awareness and usage of the new law, to monitor bureaucratic compliance, and to hear
appeals. The law also created an online information system, unique in the world at the time, for
citizens to file requests and receive responses.®

In Mexico’s federal ATI system, the obligants are the federal government agencies that receive
information requests.®? Government agencies established Transparency Units, which developed
diverse systems for handling large numbers of requests.®® Agencies are officially evaluated and
compared by IFAI on the basis of “success rates”—how often they respond to requests
positively, reporting that they have provided the information requested.® This system
incentivizes Transparency Units to prioritize efficiency, responding to as many requests as
possible. However, the large number of information requests precludes IFAI from exercising
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over time. Mexico’s 2016 transparency reform also made labor unions and political parties
subject to transparency requirements, but we similarly exclude these from analysis.

83 Rios Céazares, Castafieda, and Garcia 2017

84 Fox, Haight, and Palmer-Rubin 2011
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individualized oversight. As a result, agency personnel exercise significant discretion in handling
individual claims. Officials utilize this discretion in balancing conflicting incentives for and
against responsiveness, and often withhold information that could be damaging to agency
leadership.®> However, Transparency Unit personnel also value projecting an image of
competence and many are personally committed to transparency norms.8®

IFAT’s designers envisioned an institution that would be accessible to expert and non-expert
claimants alike. High-profile civil society and academic figures had been invested in the system
from the start, motivated by the potential of ATI to enable corruption investigations.” Thus, the
main challenge was to expand knowledge and use of the system among ordinary citizens amidst
a culture wherein public servants were understood to be “owners of government information.”%®
The hope was that this user-friendly institution would empower ordinary citizens as subjects in
Mexico’s newly pluralistic democracy. For instance, the original transparency law stipulated that
indigenous citizens could make information requests in their native language and would have
access to interpreters to help understand the responses.®°

A fledgling IFAI also encouraged grassroots organizations from throughout the country to make
public information requests a central part of their advocacy activities. Proyecto Comunidades
was an initiative by which IFAI hired facilitators to partner with low-resource organizations and
train them to make information requests and use public information in their advocacy. In an
interview, the director of Proyecto Comunidades attested to the social empowerment afforded
grassroots communities in the early years of IFAL:

“The project lasted from 2005 to 2009. And what it showed was that marginalized communities
only needed a process of accompaniment to be able to exercise their right to access
information...For us this is cause for enormous pride, because it shows not only their interest in
knowing, but also that they saw in those stacks of papers a source of power that they did not
have before—the power to confront the authorities without being misled. "

A 2006 international evaluation of IFAI highlighted its orientation to broad use by Mexican
citizens and organized civil society:

“There is an emphasis on extending the work of IFAI to as many groups and citizens as possible
to make the Transparency Law effective...The Transparency Law is largely an accomplishment
of the Mexican civil society that lobbied and won its passage. It is a law that stands for
unprecedented public openness in Mexico’s history. The underlying hopes are that each citizen

85 Berliner et al. 2021; Gill and Hughes 2005

86 Cejudo et al. 2014, ch.3

87 Lachenel and Ruiz Guerra 2013

88 Merino 2013

89 Lopez Aceves 2013, 11-14

% Author interview with Mayli Sepulveda, conducted online, December 10, 2020. Translation by
Author.
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throughout Mexico’s thirty-one states benefit, directly or indirectly, from the functioning of the
transparency laws and the discipline and educative support of IFAI. %

In sum, Mexico’s ATI system was founded as a multi-purpose institution, with characteristics of
both a brokered and a grassroots accountability institution. There are certainly signs that the
efforts to expand usage among ordinary citizens have been successful. According to a recent
government survey, roughly a quarter of citizens have accessed information through federal
government agencies’ transparency portals.®?> 72 percent of respondents to this same survey
agreed with the notion that all Mexicans have a right to the information generated by the
government. The INAI (as IFAI was subsequently renamed) itself reinforces this message and in
2019 launched a program called the National Plan for Socializing the Right to Information
(PlanDAL), including a mass media campaign and training sessions for grassroots civil society
actors.® Evidence also exists, however, that Mexico’s ATI system has professionalized,
increasingly becoming the purview of experts. In the early 2000s, an expansive ecosystem of
CSOs and academics emerged, joining together in the Network for Accountability (Red por la
Rendicion de Cuentas).®* As detailed below, these organizations have developed sophisticated
expertise in advocacy campaigns using information gathered through ATI requests. Furthermore,
levying information requests has become an important tool for private firms that do business
with the government or are subject to regulation.

V. Data and Measures

We use data from the publicly available system maintained by Mexico’s information
commission, including every request for government information filed with Mexican federal
government entities since the 2003 implementation of Mexico’s ATI law. Although the vast
majority (over 97%) of requests are filed electronically via this free online system, manual
requests filed on paper are also entered into the system by officials. We use requests filed
through the end of 2019 to avoid complications from the COVID-19 pandemic beginning in
early 2020. Additionally, we exclude requests filed with a set of non-federal entities (such as
state governments, the Supreme Court, and political parties) which were only incorporated into
the INFOMEX system following a 2015 policy change. The first panel of Figure 1 shows the
growing overall annual volume of requests for government information filed with federal entities
from 2003 through 2019.

FIGURE 1 HERE

These data include, for each request, the name of the government entity to which it was directed,
the date of request, the full text of each request including any attached request files (which we
scraped, digitized, and merged into the request text), the official category of response, and text of
response including attached files. The data also include the municipality and postcode of the

91 Sobel et al. 2006, 2

92 INEGI 2020

93 PlanDAI 2020

% See: https://www.rendiciondecuentas.org.mx/que-es-la-red-por-la-rendicion-de-cuentas/
95 Lachenel and Ruiz Guerra 2013
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requester. Initially mandatory, a 2016 policy change allowed requesters to omit this geographical
information; 34% of requests left these location fields blank from 2017-2019. As such, in some
analyses using location-based data we assess only requests through 2016. The publicly available
data do not include individual requester IDs, preventing us from knowing which specific requests
were filed by the same individual or organization.

Measure of Request Expertise

Testing our hypotheses requires additional measures: the level of expertise exhibited in the text
of each request and responsiveness of government obligants to each request. While ideally we
would measure request expertise using the actual identity of each user, this information is
protected by INAI. Further, given the INFOMEX system’s provisions to protect requester
identities, responding officials are typically only able to infer requester characteristics on the
basis of the request texts themselves, making our text-based expertise measure an appropriate
proxy. We worked with a team of six Mexico City-based research assistants, each with
professional experience with Mexico’s ATI system, to hand-code a random sample of nearly
5,000 requests for a variety of characteristics. We then used multi-label prediction®®—a machine
learning method for the supervised learning of multiple correlated and non-exclusive labels—to
produce predicted probabilities of these characteristics across the full set of requests. See
Appendices K and L for additional information.

To produce a text-based measure of request expertise, we combined nine of these predicted
measures. Each of the hand-coded requests was coded for the presence of formal, legal, or
technical language, yielding three separate predicted language measures. Requests were also
coded for any mention of specific persons, places, dates, institutions, organizations, or
documents; yielding six predicted specificity measures. Our measure of request expertise is thus
based on the revealed expertise suggested by the request text itself, on the basis of using more
formal, technical, or legal language; or greater specificity in describing the requested
information. Low expertise, on the other hand, is signalled by the use of more ordinary language
and description of the information sought in more general terms.

Our Expert Request Score is the of sum these nine measures, after first dividing the sum of the
language measures by three and the sum of the specificity measures by six, such that the two sets
of measures are weighted equally in the ultimate score. As an alternative, in robustness checks
we instead use the primary component (accounting for 30.5% of total variance) of a principal-
components analysis applied to all nine measures.

As a check on the validity of this measure, in Appendix B we graphically compare it with the
economic marginality (an index produced by Mexico’s Consejo Nacional de Poblacion) of the
municipalities from which requests are filed. As expected, we see that less-expert requests are
filed from poorer municipalities, and more-expert requests are filed from wealthier
municipalities.

9 Erlich, Dantas, et al. 2021
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Measures of Responsiveness

We construct five request-level measures to capture the different practical and legal dimensions
of responsiveness in the Mexican ATI context. The first two of these use official response
designations, consistent with other scholarly work and policy evaluations of Mexico’s ATI
system.®’ First, “Days to Response” measures the logged number of working days (corrected to
account for weekends and national holidays) from request to response. Not only do slow
responses violate legal time limits, but they also render the response less useful to claimants who
may have time-sensitive reasons to seek information. Second, “Official Inexistencia” measures
the occurrence of a frequently misused official response designation,® claiming that the
requested information does not exist.

Three additional measures employ machine predictions of the quality of delivered information,
drawing on the hand-coding procedure described above. Our third measure, “True Inexistencia,”
augments the Official Inexistencia measure to include responses that were misleadingly
classified as having provided the information. This variable takes values of one where either the
official response designation, or the actual text of the response letter, claims that the information
does not exist. The phenomenon of “misleading inexistencia,” whereby responses that are
formally categorized as having delivered information in reality only say that no information
exists, is much maligned among policy and advocacy communities in Mexico.®® Fourth,
“Uninformative Response,” takes a value of one where the request received either an official
denial or a response that is officially designated as positive but in fact provides less than half of
the information requested (using predictions based on hand-coding of the information contained
in the response). This variable thus gauges whether the requester received the information that
they sought, even if the response was legally compliant. Finally, our fifth measure,
“Noncompliant Response,” is only meaningfully observed for responses that are officially
designated as positive. Among these, this measure takes a value of one where no information is
provided, meaning that there was clear legally non-compliant official behavior in designating the
response as positive.

Control Variables

In some analyses we use control variables derived from the predictions of additional hand-coded
request characteristics. These include multiple indicators of the appropriateness of the request,
the complexity of the request, and the theme of information requested. We also control for
mechanical characteristics of requests, including the logged word count, the ratio of characters to
word, whether the request was filed electronically or manually, and did or did not include an
attachment. More information is available on all of these in Appendix A, along with summary
statistics of all variables in Appendix E.

97 Almanzar, Aspinwall, and Crow 2018; Lagunes and Pocasangre 2019; Cejudo, Rios, and
Lopez-Ayllon 2010

98 Fox, Haight, and Palmer-Rubin 2011
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Finally, in some analyses we also measure the wealth of the municipalities from which requests
were filed (bearing in mind that after 2016 some requesters left this field blank), by merging
requests with the municipal economic marginality index produced by Mexico’s Consejo
Nacional de Poblacion. We use marginality figures from 2000 to ensure that these precede the
period under study and that differences reflect only cross-sectional variation.

V. Analyses and Results

Assessing over-time change among claimants and obligants require distinct empirical analyses.
We first focus on understanding shifts over time in the expertise of claimants, and then turn to
focusing on changes in obligant responsiveness.

Assessing Claimant Compositional and Behavioral Changes

Our first analysis pertains to hypothesis one—evaluating over-time change in the expertise level
of information requests. The second panel of Figure 1 shows the average request expertise score
over time, indicating a clear trend towards greater expertise, in support of hypothesis one. This
trend is substantial in magnitude: the difference between the average score in 2019 and the
average score in 2003 is 0.33 of a standard deviation of the expertise score across all individual
requests.'® Further, the median request in 2019 has a higher expertise score than 75.5% of all
individual requests in 2003. This shift occurs gradually and does not align with external political
or formal policy changes. Increasing request expertise can be driven by two potential
mechanisms: (1) compositional change, whereby more elite users make more intensive use of
ATI requests, while more grassroots users make less intensive use or even give up entirely; or (2)
behavioral change, whereby some claimants increasingly incorporate markers of expertise.

Models in Table 1 help evaluate these two mechanisms. Importantly, we do not seek to formally
test between them as we think it most likely that both are at work. We do, however, seek to
demonstrate empirically that it is plausible that a learning mechanism of behavioral change
accompanies a mechanism of compositional change. The first model shows the basic finding that
requests exhibit increasing expertise over time. However, this alone does not indicate learning, as
this pattern could be driven by compositional changes of less expert users dropping out while
more expert users differentially enter, remain, and/or file more requests. If we had individual
user 1Ds, an ideal analysis would include fixed effects for every single user and assess whether
the within-user coefficient on Year remained positive. But since user IDs are protected by INAI
for personal data protection reasons, we must take an alternative approach.

TABLE 1 HERE

Instead, to discern the degree to which increasing expertise is attributable to claimant learning,
we add fixed effects for a series of increasingly fine-grained categories that mimic individual
users by capturing specific use-types. Model 2 adds fixed effects for each municipality, while
Model 3 adds fixed effects for each postcode (treated as nested within municipalities). Model 4

190 Figure C.2 in Appendix C presents histograms of the relative distributions of expertise score
in 2003 and 2019.
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uses fixed effects for each of 60,188 agency-municipality combinations, while Model 5 uses
fixed effects for each of 287,811 agency-postcode combinations. Finally, Models 7 and 8 use
fixed effects for each of 122,309 agency-municipality-theme combinations and for each of
436,251 agency-postcode-theme combinations, respectively. If we could assume that a single
user only ever files requests on a single theme to a single agency, and that no more than one such
user lives in each postcode, then this analysis would be identical to the ideal analysis using fixed
effects for individual user IDs. Of course, that is not the case in reality, and we do not claim that
this assumption is valid. As such, our results may still capture some compositional changes over
time within these categories.

Nonetheless, results are highly consistent across all these models. In each, the coefficient on
Year remains positive and statistically significant, indicating that requests increase in expertise
over time, within each of these categories as well as across them. Notably, the magnitude of the
coefficient generally declines as the categories become more specific (moving closer towards the
ideal situation of fixed effects for each user). However, even the smallest coefficient (0.0028) is
still 80% of the size of the original coefficient in Model 1 with no fixed effects. This suggests
that while compositional changes do account for a share of the overall increase in request
expertise over time, a substantial share is also accounted for by behavioral changes. These
coefficients are also substantively large in size. Even in the most fine-grained model, multiplying
the coefficient by sixteen years suggests a within-category over-time shift in average expertise
equivalent to 38.7% of a standard deviation of the request expertise score (0.12).

Assessing Obligant Behavioral Changes

We now turn to the second hypothesis, evaluating behavioral changes in the obligants of
Mexico’s ATI system, federal government agencies. We seek to assess both the extent to which
responsiveness to different types of requests changes over time, and whether or not these
changes reflect a mechanism of learning. Compositional change is not relevant here given the
non-voluntary nature of this policy for Mexican government agencies.

We model measures of responsiveness on request expertise. Given that more expert requests are
typically longer, more complex, and more likely to include multiple queries than the average
lower-expertise request, we control for these factors and test whether any differential
improvements over time in responsiveness to more and less expert requests are indeed
statistically distinguishable. We further assess if the extent of these trends are attributable to
agency-specific exposure to receiving more or less expert requests—which would be consistent
with learning-driven feedback loops by officials.

All models of responsiveness include fixed effects for each agency, as well as a series of controls
that we detail in Appendix A. For the logged days-to-response outcome, we use a linear model,
and for all other dichotomous outcomes we use linear probability models given the large number
of fixed effects. To ensure the results are not unduly shaped by entities that receive relatively few
information requests (such as individual government-run clinics and universities), we restrict the
sample to only entities that appeared in the top 100 by request volume in at least one year of the
2003-2019 period. The resulting sample includes requests to 209 agencies, which receive on
average 544 requests per year, with a range of 38 to 7,468 requests. In a robustness check in
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Appendix I, we instead use the full set of all 818 agencies that appear in our data, even though
many of these are relatively small entities.

In Table 2, we show results for our first five models of request-level responsiveness, with results
mainly in support of hypothesis two, pertaining to evolution in obligant responsiveness. Each
model uses a different measure of responsiveness as the dependent variable: logged working-
days-to-response, official “inexistencia” responses, true “inexistencia’ responses, uninformative
responses, and noncompliant responses. The latter three use information from the machine-
learning-generated predictions of hand-coded response characteristics. For all outcomes, higher
values indicate poorer responsiveness. Across all five models, the base coefficient for Expert
Request Score is positive, and statistically significant in four of these five. This suggests that,
initially, more expert requests received poorer responses than less expert requests. However, in
all five models, the interaction term between Expert Request Score and Year is negative (and
statistically significant in four of these five). This indicates that, over time, the responses
received by more expert requests improved faster than those received by less expert requests.

TABLE 2 HERE

The first two panels in Figure 2 illustrate the substantive effects of these temporal change in
responsiveness interacted with expertise, based on Models 1 and 3 in Table 1. We compare
otherwise-equal but less-expert requests—with the expertise score set to one standard deviation
below its mean—and otherwise-equal but more-expert requests—with the expertise score set to
one standard deviation above its mean. To clarify, these are only hypothetical requests (holding
all other variables at their means) in order to illustrate the results, whereas actual requests reflect
a wide range of expertise scores. In the first year of the system, information requests with low
expert scores were predicted to receive responses in 10.8 days, while requests with high expert
scores were predicted to receive responses in 14.2 days. Yet after ten years, expertise appeared
not to be associated with response time at all. And by 2019, expert requests were receiving
responses 2.1 days sooner on average than non-expert requests. In all, over this period agencies
became 2.6 days faster at responding to expert requests, yet 2.8 days slower at responding to
non-expert requests, holding other factors constant.

The second panel in Figure 2 shows similar patterns for “inexistencia” denials that claim the
requested information does not exist — whether or not this was officially recorded or misleading.
This form of unresponsiveness grew worse for both expert and non-expert requests over time, yet
this trend was steeper for non-expert requests. While initially non-expert requests were slightly
favored in receiving fewer such responses, by 2019 non-expert requests were 4.3 percentage
points more likely to receive this form of response than were expert requests. Appendix G shows
similar plots for models with the remaining outcome variables, and Appendix H instead presents
the same results using interflex plots as suggested by.0*

FIGURE 2 HERE

Assessing Feedback Effects

101 Hainmueller, Mummolo, and Xu 2019
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Finally, we test our third hypothesis, pertaining to the interaction between request expertise and
responsiveness bias. If the trends over time are indeed shaped by the feedback loop between
changing requester composition and behavior on the one hand, and changing obligant behavior
on the other, then we should see greater changes in response behavior in those agencies for
which request characteristics have themselves shifted more. In this analysis, we replace the Year
variable with a new variable measuring, for each agency, the average expert score across all
requests received in the previous year. We then interact this measure with the same request-level
expertise score. This interaction helps capture potential positive feedback loops whereby
changing request characteristics in turn drive behavioral change on the part of responding
officials.

In support of hypotheses three, four of the five interaction terms in Table 3 are negative and
statistically significant, indicating that agencies demonstrate particularly large improvements in
responsiveness to expert requests when these requests constituted a large share of their total
requests in the prior year (reflected in a higher average expert score). This finding suggests a
learning mechanism whereby agencies facing larger volumes of more expert requests are more
likely to undertake behavioral changes which differentially improve responsiveness to such
requests. As detailed with qualitative evidence below, these behavioral changes include:
investing resources or staff in Transparency Units, improving internal systems for records
management and request tracking, and discerning requesters that are more likely to appeal
unsatisfactory denials.

TABLE 3 HERE

The bottom two panels in Figure 2 present substantive effects based on the results of Models 1
and 3 in Table 3. These illustrate the feedback effects between the composition of agencies’
requests and patterns of differential responsiveness to more and less expert requests. Where
agencies tend to receive less expert requests, their responsiveness shows no biases or even tilts in
favor of less expert requests. But where agencies tend to receive more expert requests, their
responsiveness shifts in favor of those more expert requests. At its highest points, this can result
in biases in favor of more expert requests as great as 5.4 days in response times or 14 percentage
points in the proportion of “inexistencia” responses.

In Appendix I, we show several robustness checks for both sets of models. First, we use an
alternative measure of request expertise based on a principal-components analysis of the same
underlying language and specificity measures. Second, we use the full sample of agencies rather
than omitting those smaller entities for which our theoretical framework is less applicable. Third,
we include additional indicators for time-specific periods reflecting the changing presidency and
the same legal and constitutional changes shown in Figure 1. Results are highly similar in all
cases. Additionally, following Fong and Tyler,'9? we repeat our main models using the original
hand-coded versions of each variable rather than any machine-learning predictions (with the
exception of the Agency Lagged Average Expertise measure, which we do not recalculate due to
the sparsity of coverage of hand-coded observations across individual agency-years). Results on

10z Fong and Tyler 2021
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our main coefficients of interest remain consistent in sign, but in some models are no longer
statistically significant due to the much smaller sample size. Finally, we also conduct interaction
term tests using the Hainmueller, Mummolo, and Xu method.% These show that although the
interaction terms depart from perfect linearity, all remain monotonic for each model where the
interaction term itself is statistically significant.

In Appendix F, we also return to the demand-side results presented in Table 1, to test for
feedback effects in the reverse direction: of agency responsiveness on request expertise.
Analogously to our tests for feedback effects thus far, we replace the time indicator that appeared
in the models in Table 1 with measures of the average responsiveness corresponding to requests
filed from each municipality in the prior year. We repeat this for each of the five different
response measures we use. We find clear evidence of expertise-increasing feedback effects for
three of these responses. Requests filed from municipalities where, in the previous year,
responses tended to be more delayed or more likely to receive “inexistencia” denials, tend in turn
to have significantly higher expertise scores. We find no significant patterns for noncompliant
responses. Finally, we see effects in the reverse direction for uninformative responses. This even
may help explain why results for this form of responsiveness diverged from the others in most of
our results in this paper. Receiving an only partially informative response may not induce lay
requesters to either give up or change behaviors in the same ways that appear to be driven by
receiving delayed or denied responses, but may instead instigate more follow-up requests of
similar expertise levels.

Overall, these results demonstrate the importance of our theoretical framework emphasizing
informal functional changes over time in social-accountability institutions. We find clear
evidence for all three hypotheses pertaining to evolution in (1) demand expertise, (2)
responsiveness bias, and (3) and interaction between these two. All three of these processes have
pushed Mexico’s ATI institutions in the direction of a brokered-accountability model, wherein
more claims exhibiting higher levels of expertise both make up increasing proportions of total
claims and receive increasingly superior responses vis-a-vis less-expert claim. Our results also
offer evidence consistent with mechanisms of learning by both claimants and obligants, and—to
a lesser extent—of change in the composition of claimants.

In the next section, we turn to qualitative evidence to both confirm these results and to further
investigate the specific mechanisms involved in these shifts.

VI.  Qualitative Evidence

In this section, we summarize field research evidence to illustrate the causal mechanisms
underlying the shift to a brokered-accountability model. We draw on semi-structured interviews
with representatives of 14 Mexican civil society organizations (CSOs) and staff employed in
federal government agencies’ Transparency Units. Interviews with CSOs were conducted over
Zoom by two of the authors between September 2020 and January 2021. Organizations were
selected to represent variation in sector (education, environment, gender rights, health, human
rights). Within each sector, we interviewed at least one “elite” organization—with a high level of

103 Hainmueller, Mummolo, and Xu 2019
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human and financial resources—and one “non-elite” organization with lower resources.'% This
evidence most strongly supports the mechanism of behavioral changes (learning) by both
claimants and obligants.

Obligant Behavioral Change: Favoring Expert Users

Throughout the first decade of the Mexico’s ATI institutions, federal government agencies
developed internal systems for handing information requests and devoted resources to build
capacity in information management.'% Interviewed transparency bureaucrats noted that during
the presidency of Felipe Calderon (2007-2012)—Fox’s successor—a culture of transparency
began to develop in government agencies. Transparency Unit staff members stated: “with
institutions like INAI, we have become more committed to transparency”'% and “since these
transparency laws started to come into effect now everybody knows | have to do everything
correctly.”107

As the ATI system became more sophisticated, government agents developed two main
tendencies favoring expert requests. First, obligant staff became increasingly attuned to the
imperative to avoid disclosing potentially damning evidence of corruption or governance failure
following high profile scandals that were uncovered by investigative reporters and civil society
organizations using information obtained from ATI requests. For instance, one Transparency
Unit director admitted that their superiors ordered them to deny any information request related
to Brazilian construction company Odebrecht—even those for information that was clearly
public—because such information could reveal evidence of kickbacks to agency leadership or
elected leaders.'%® Additionally, agencies became increasingly adept at detecting the identities of
claimants, either by violating the confidentiality of the request or by making inferences based on
the language used in the request text. Transparency Unit staff reported that they grew able to
predict which information requests would likely be followed by appeals to the INAI in case of an
unsatisfactory response: those that revealed expertise or insider knowledge on the part of the
claimant.%

The second mode of obligant learning corresponded to strategies of covert non-responsiveness—
avoiding responding to information requests while appearing to comply with the law. Interviews
revealed a host of such strategies, including: (1) requiring claimants to travel to agency premises
in person to pick up hard copy documents;'*° (2) requesting additional information to fulfill the

request; (3) providing information completely different from that requested; (4) claiming that the

104 See Appendix J for further details on case selection, interview methodology and ethical
considerations. We do not provide any identifying information about Transparency Unit staff
because these participants were promised anonymity.

105 Author interviews with TU1, Mexico City, March 14, 2017; and TU4, Mexico City, March
13, 2017.

106 Author interview with TU2, Mexico City, March 9, 2017. Translation by Author.

107 Author interview with TU3, Mexico City, March 9, 2017. Translation by Author.

108 Interviews, TU2, TU3.
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request corresponds to a different agency; (5) providing an enormous amount of documents,
forcing the claimant to search for the information requested; (6) providing information in
illegible or inconvenient formats, such as scanned images of spreadsheets rather than
manipulable Excel files. These tactics further disfavor non-expert claimants, who lack the time,
resources, and know-how to understand whether the response was legitimate. Non-experts also
face obstacles to legally appeal the responses through recursos de revision, which must be filed
within 15 days of the official response and provide a legal justification for why the response was
inadequate.!!!

The most frequently cited tactic of covert non-responsiveness was to claim that the information
requested does not exist at all. This strategy is particularly effective because it is extremely
difficult for the claimant to prove in an appeal that the information exists. Every single civil
society representative interviewed expressed frustration with these “inexistencia” denials. As one
activist put it, “I got the impression that they kept giving us that response because we couldn’t
find a way to get around it.”'*2 Beginning in 2010, agencies began labeling a higher percentage
of the “inexistencia” denials as having provided the requested information, after a controversial
decision by INAI commissioners authorized such responses in cases where the agency was not
legally required to have the information.*'® This decision allowed agencies to deliver
“inexistencia” denials without detection by INAI overseers. Following this, the total share of
such denials grew from 12.6 percent (of all requests) in 2010 to 20.3 percent in 2019, even as the
officially reported rate actually decreased from 7.2 percent to 4.3 percent.

Non-Expert Claimants: Attrition with Replacement

Given shortages in resources and expertise, non-expert claimants are limited in adapting to these
obfuscating tactics by obligants. Where grassroots (i.e. non-expert) organizations have had
enduring success in use of the ATI system, it has typically been because they partnered with
much more experienced organizations that were capable of mobilizing resources, contacts and
expertise.11* With these exceptions, grassroots civil society organizations were more apt to
simply drop out of the system after repeated failed requests, despite ongoing information needs.
A staff member at one organization explained that to make effective use of the system, “you’d
have to learn all of the reasons that they can deny your request and learn how to contest them.
Honestly, who has time for that?”*'® Such reports of “throwing in the towel” suggest that
compositional change is potentially part of the explanation for the increasingly expert-serving
nature of Mexico’s ATI system. A reduction in requests by non-expert users may be further
accelerated by the increasing availability of some of the most-commonly requested types of
information on agency websites,'® obviating the need to submit requests. However, the ever-

H1 Author interview with Mejora tu Escuela, conducted online, December 8, 2020.

12 Interview, Mejora tu Escuela, Translation by Author.

113 This decision is codified in Criterio 07/17. See:
https://www.ieem.org.mx/transparencia2/pdf/fraccionl/criterios/07-17.pdf

114 Author interviews with Controla Tu Gobierno, conducted online, November 13, 2020;
DVVIMSS, conducted online, November 13, 2020; Mayli Sepulveda.

115 Author interview with Poder, conducted online, November 25, 2020. Translation by Author.
116 Cejudo, Rios, and Lépez-Ayllon 2010
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expanding population of users suggests that non-expert claimants continue to constitute a large
portion of users of Mexico’s ATI system.

Expert Claimants Develop Best Practices

The most important mechanism favoring the brokered model on the claimant side is learning
(behavioral change) by expert claimants. Interviewed expert civil society organizations reported
several “best practices” that they developed through trial-and-error. First, these experts capitalize
on inner knowledge of agencies, facilitating requests that are specific (e.g. by mentioning
documents or officials by name) and appropriate to the agency in question. Second, experts
signal expertise by using technical or legal language. Representatives of expert organizations
learned that when they applied these strategies, their information requests were more likely to be
successful:

“One of the first lessons we learned was the need to be very specific in what we were
requesting. "'’

“Our great advantage is that we have all the context behind the question that we are asking,
making it easy to phrase the perfect question in a way that they cannot evade responding. "'

“I have seen that when your request has a legal justification, where you expressly reference the
article and section of the law, you get a more favorable response. The authorities take your
request more seriously. "*°

Finally, expert claimants describe capitalizing on superior human resources and political
connections. Several representatives reported that contacting agency personnel directly by phone
or email to follow up on information requests was the only way that they were able to finally
access the requested information.*?° An increasing proportion of expert requests is also
attributable to an intensive-margin compositional change as certain expert “super requesters”
developed “information request factories,” areas dedicated to submitting and following up ATI
requests, sometimes as many as thousands per year.'?

To conclude, qualitative evidence affirms the evolution of Mexico’s ATI system to a brokered-
accountability institution and highlights the importance of claimant and obligant learning—
alongside change in the composition of claimants—as the principal drivers of this evolution.
Expert claimants—such as highly resourced civil society organizations based in Mexico City—
codified a set of “best practices” to navigate the system. At the same time, agency personnel
began responding more effectively to requests that signaled expertise and thus a high likelihood
of appealing unsatisfactory responses. Obligants also devised a set of tactics for “covert non-
responsiveness” that were particularly burdensome to non-expert claimants. To some extent,

U7 Interview, Mejora Tu Escuela, Translation by Author.

118 Author interview with Nosotrxs, conducted online, November 6, 2020. Translation by Author.
119 Author interview with Oceana, conducted online, December 14, 2020. Translation by Author.
120 Author interviews with Equis Justicia, conducted online, November 12, 2020; Nosotrxs.

121 Author interviews with Controla tu Gobierno, Equis Justicia, Mejora Tu Escuela.
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these behavioral changes were accompanied by changes in the composition of claimants,
particularly attrition by non-expert claimants who got fed up with the system.

VII. Conclusion

This paper analyzes the gradual internal processes of change that affect participatory institutions.
While much interest remains in the question of how these institutions consolidate and persist
over time, our focus is different. We address endogenous change that affects bias in favor of
certain classes of claims. Our results demonstrate that Mexico’s access-to-information system—
originally designed to serve expert and non-expert claims alike—has evolved into a “brokered”
system in which experts’ claims are more frequent and receive better responses. This
transformation owes both to compositional change, as expert claimants have come to make up an
increasing portion of total requests, and to behavioral change, as both claimants and obligants
have interactively adapted their modes of requesting and providing information.

While the increasing prioritization of expert claimants would appear to exacerbate class bias in
Mexican accountability politics, there is perhaps a more optimistic conclusion to draw from this
tendency. A request-based ATI system was perhaps never an ideal institutional design to foment
widespread participation by ordinary citizens. Rather, one of the most significant
accomplishments of Mexico’s ATI system has been the development of a large civil society
ecosystem that has developed sophisticated tools to use the ATI system productively. Many of
these organizations dedicate themselves to supporting grassroots groups throughout the country
in accessing information necessary to engage in advocacy around local issues. Strengthening
these information brokerage networks would likely be a strong step in favor of accountability.
On the other hand, the more routine informational needs, such as finding requests for bids for
government contracts or performance indicators of local schools could be better met through
proactive information systems, under a “targeted transparency” or “open government” model,'?
rather than a request-based system.

These forms of gradual change should be visible in other participatory institutions of social
accountability around the world as well. As anti-corruption agencies or ombudspersons
demonstrate better responsiveness to certain types of allegations or complaints, the body of
potential claimants will adapt in behavior and potentially evolve in composition as well. As
institutions like petitions, social audits, policy councils, participatory budgeting, and local
assemblies demonstrate more or less utility for different types of claims or policy areas, different
types of participants will be more or less likely to find them worthwhile and may learn new
strategies over time as well. Government obligants, in turn, also learn and adapt in response to
these changes. We suggest that, over time, these endogenous forms of gradual change can result
in institutions that are fundamentally different in their social and political functions, even
independent of formal rule changes or politically motivated sabotage.

However, future research should also explore the scope conditions that shape the generalizability
of our findings to other countries and other types of social-accountability institutions. We suspect
that ATI systems are particularly prone to the gradual and informal processes of change that we

122 Fung 2013
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identify because of the large scale of citizen-government interaction, providing repeated
engagement through which both claimants and obligants can learn and adjust their behavior.
Perhaps more time-consuming—and thus more rarely used—institutions such as anti-corruption
bodies may be subject more to external forces rather than internal forces of change. Another trait
of ATI systems is that they occupy an intermediate space in terms of how threatening they are to
government agents. Given the possibility of disclosing damaging information in response to an
information request, agency personnel certainly have some incentive to be non-compliant,
particularly when they suspect that a request comes from a political opponent or investigative
journalist.*?®> Some modes of social-accountability institutions are much less threatening to
government agents—such as policy councils—while others are much more threatening, like anti-
corruption commissions. We would expect more threatening forms of institutions to prompt
particularly acute processes of obligant learning to avoid compliance. Institutional incentives to
promote responsiveness are particularly important in these cases. We would also be eager to see
a replication of our approach outside of Mexico. The Mexican context was perhaps particularly
conducive to the trend toward brokerage given a highly developed ecosystem of civil society
organizations that specialize in political accountability.

More recently in Mexico, INAI itself has come under external threat as outgoing President
Andrés Manuel Lopez Obrador called for it to be eliminated due to purported ineffectiveness and
bloated budget (Villay Cafia and Dina 2023). In light of these attacks, our results suggest that
endogenous changes in the social function of institutions may also render them more vulnerable
to external political threats. Our results, however, also highlight the sheer scale of information
provision that INAI and its predecessor IFAI have managed over two decades, serving a broad
and diverse array of users and purposes across society. Were this institution to be eliminated
without a sufficiently effective and independent alternative, an immense social demand for
information of all kinds would be left unfulfilled.

More broadly, our findings hold two important lessons for future scholarship. First, scholars of
participatory and accountability institutions in transitional democracies should move past a
narrow concern with adoption and immediate performance, taking seriously the gradual forces
that alter the course of these institutions over time. Institutions evolve, both because of
environmental shifts and endogenous processes. Such change is felicitous when it yields stronger
and more useful tools for social accountability, in a process comparable to institutional lock-in
for welfare programs.'?* However, evolution that renders these institutions defunct or introduces
bias may be more common. Policy design could potentially take such evolutionary processes into
account from the start. For instance, in contexts where professionalization is a likely outcome—
as we have identified in the present case—reformers may empower a community of civil society
intermediaries to aid less-expert actors in navigating the increasingly sophisticated institution.

123 Gill and Hughes 2005; Berliner et al. 2021; Erlich, Berliner, et al. 2021
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Data

Replication files for this article can be found at https://doi.org/10.7910/DVN/OLRIAP.
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Model1  Model 2 Model3 Model4 Model5 Model6 Model 7

Year 00036 0.0037" 0.0033"" 0.0030"" 0.0028"" 0.0029"" 0.0029""

(0.0006) (0.0005) (0.0003) (0.0004) (0.0005) (0.0003) (0.0003)
Num.obs. 1,166,727 1,166,727 1,166,727 1,166,727 1,166,727 1,166,727 1,166,727
Adj. R2 0.0117  0.1062 02586  0.2356  0.3934  0.3690  0.4910

FE: 2,074
Municipality

FE: 27,275

Postcode

FE: Muni x 60,188

Agency

FE: 287,811

Postcode x

Agency

FE: Muni x 122,309
Agency x

Theme

FE: 436,251
Postcode x

Agency x

Theme

"p<0.01;"p<0.05 “p<0.1

Table 1: Linear models of request expertise, for requests 2003-2016. Standard errors clustered
by municipality. For each set of fixed effects, numbers indicate the number of distinct groups.



Model 1 Model 2 Model 3 Model 4 Model 5
Dependent Log Days- Official True Uninformative Noncompliant
Variable to-Response  Inexistencia  Inexistencia
Expert 1.181" 0.127** 0.126™ 0.155 0.134™
Request Score

(0.165) (0.036) (0.042) (0.098) (0.048)
Years 0.024 —0.000 0.010* —0.005" 0.006"

(0.004) (0.001) (0.001) (0.002) (0.002)
Expert —0.115" —-0.012"* —-0.019" —0.007 —0.007"
Request Score
X Years

(0.019) (0.003) (0.003) (0.008) (0.004)
Adj. R? 0.174 0.085 0.062 0.108 0.068
Num. obs. 1,610,997 1,611,289 1,537,385 1,537,385 924,920
Controls Y Y Y Y Y
Agency Fixed Y Y Y Y Y
Effects

"p<0.01;"p<0.05"p<0.1

Table 2: Linear models of request-level poor responsiveness. All models include agency fixed
effects and controls for the month-of-year, each request’s logged word count, readability,
medium, inclusion of an attachment, as well as predicted measures of request appropriateness,
complexity, and theme. Standard errors clustered by agency.



Model 1 Model 2 Model 3 Model 4 Model 5
Dependent Log Days- Official True Uninformative Noncompliant
Variable to- Inexistencia  Inexistencia

Response
Expert Request 1.374™* 0.113* 0.306™* 0.071 0.291*
Score

(0.378) (0.059) (0.074) (0.111) (0.079)
Agency Lagged 1.052* —0.258™* 0.840™ —0.742™ 0.527*
Avg. Expertise

(0.494) (0.086) (0.179) (0.208) (0.283)
Expert Request —7.199" —0.593" —1.880™" 0.049 —1.142™
Score x Agency
Lagged Avg.
Expertise

(1.851) (0.221) (0.351) (0.573) (0.408)
Adj. R? 0.173 0.085 0.059 0.107 0.066
Num. obs. 1,577,378 1,577,605 1,507,203 1,507,203 909,650
Controls Y Y Y Y Y
Agency Fixed Y Y Y Y Y
Effects

"p<0.01;"p<0.05 "p<0.1

Table 3: Linear models of request-level poor responsiveness. All models include agency fixed
effects and controls for the month-of-year, each request’s logged word count, readability,
medium, inclusion of an attachment, as well as predicted measures of request appropriateness,
complexity, and theme. Standard errors clustered by agency.
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Figure 1: Trends over time in overall volume of information requests (panel 1) and in the
average expertise score of information requests (panel 2), both by month. In each panel, the bold
line is a smoothed trend over time. Vertical grey lines mark new presidents taking office. Vertical
dashed lines mark the adoption of new constitutional or legal changes to Mexico’s ATI regime:
Reforms to Article 6 of Mexico’s constitution in July 2007 and February 2014, and the passage
of the General Transparency Law in May 2015.
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Figure 2: Visualizations of key results from Models 1 and 3 in Table 1 and Models 1 and 3 in Table 2.
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A Variable Definitions

Table A.1: Descriptions of Independent Variables

Variable

\ Measurement Approach

Expertise Score

Sum of nine request measures; three are language-based and six are specificity-based.
The language measures are classifier predictions of whether or not the request used
formal, legal, or technical language. The specificity measures are classifier predictions
of whether or not the request mentioned specific documents (by name or number), per-
sons (by name or title), dates (more specific than a year), places (more specific than a
state), governmental institutions (more specific than the name of the agency; for exam-
ple a sub-secretariat or internal area), or organizations (private or non-governmental).
The sum of the three language measures is divided by three, while the sum of the six
language measures is divided by six, before the two sums are added together, so that
the overall expertise score is comprised equally of language and specificity measures.

Expertise Score (PCA ver-
sion)

As a robustness check, we use the first dimension of the results of a principal compo-
nents analysis of the nine language and specificity measures discussed above.

Year

Measure of time in years (on the date a request is filed) counting 2003 as zero, but
varying by month (so that, e.g. February 2009 is 6.083 while March 2009 is 6.167).

Agency Lag Avg. Expert.

Average expertise score of all requests received by a given agency in prior year.

Log Word Count Logged count of words in the request text, including any attached files.

Readability Modified readability score of the request text. Since many requests consist of only a
single sentence, canonical readability metrics are not applicable here. Our readability
score is thus calculated as the ratio of the number of characters to the number of words.

Attachment An indicator of whether or not the request contained any attached files.

Non-electronic Request

An indicator for any requests filed non-electronically (and thus entered into the system
by officials). This only applies to 2.6 percent of all requests.

Inappropriate Request

Sum of four classifier predictions for indicators of requests that may be inappropri-
ate and thus reasonably denied or redirected for legally compliant reasons: Unclear
request; requested information not the competency of the agency; requested informa-
tion likely to be legitimately classified or confidential; and requested information not
likely to exist. This variable is particularly important to capture as inappropriate re-
quests (e.g, that can be redirected to another entity) can often be handled very quickly
by the agency’s Transparency Unit without needing to liaise with other agency admin-
istrative units or with the agency’s leadership, counsel, or information committee.

Multiple Queries A measure of request complexity based on classifier predictions of whether or not the
request had multiple distinct queries.
Multiple Areas A measure of request complexity based on classifier predictions of whether the request

had queries relating to multiple distinct administrative units of the agency.

Unrelated Queries

A measure of request complexity based on classifier predictions of whether or not the
request contained distinct queries that were unrelated to each other.

Info. Type-Datum

Classifier prediction of whether or not the request sought a single data point.

Info. Type-Data

Classifier prediction of whether or not the request sought multiple data points.

Info. Type-Database

Classifier prediction of whether or not the request sought a database.

Info. Type-Document

Classifier prediction of whether or not the request sought a document.

Info. Type-Multiple Docs

Classifier prediction of whether or not the request sought multiple documents.

Info. Theme-Activities

Classifier prediction of whether or not the request pertained to institutional activities.

Info. Theme-Budgets

Classifier prediction of whether or not the request pertained to budgets or spending.

Info. Theme-Evaluation

Classifier prediction of whether or not the request pertained to evaluations or statistics.

Info. Theme-Contracts

Classifier prediction of whether or not the request pertained to external contracts.

Info. Theme-Personnel

Classifier prediction of whether or not the request pertained to institutional structures,
personnel, or human resources.

Info. Theme-Regulatory

Classifier prediction of whether the request pertained to regulatory matters or permits.

Info. Theme-Other

Classifier prediction of whether the request’s theme did not fall into the above themes.




B Comparison of Request Expertise and Municipality-Level
Economic Marginality
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Figure B.1: Comparisons of Request Expertise Score with municipality-level Economic Marginal-
ity. The first panel plots the average expertise score of requests from each municipality against
the logged 2000 Economic Marginality index of that municipality (with higher values indicating
poorer municipalities). Circles are scaled to the logged number of requests filed from each munici-
pality. The bivariate relationship (slope =-0.007) is negative and statistically significant, indicating
that more expert requests are filed from wealthier municipalities, and vice versa. This relationship
can be seen more clearly, with fewer confounding differences between different types of munici-
palities and areas of the country, in the second panel, which plots the same relationship but only
for the sixteen delegaciones (the equivalent administrative unit to municipalities within the Fed-
eral District) of Mexico City. Again the relationship (slope = -0.053) is negative and statistically
significant, as more expert requests are filed from wealthier delegaciones.



Histograms of the relative distributions of expertise score in

2003 and 2019

Distributions of Expertise Score in 2003 and 2019
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Figure C.2: Histograms of the relative distributions of request expertise score in 2003 (shaded in

gray) and 2019 (shaded with diagonal lines).



D Time series plots of measures of responsiveness to informa-
tion requests
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E Summary statistics

Min. Max. Mean Median SD

Log Days-to-Response  0.00  7.58  2.66 294 091

Official Inexistencia 0.00 1.00  0.06 0.00 0.23

True Inexistencia 0.00 1.00 0.16 0.00 0.36
Uninformative Response 0.00 1.00 0.56 1.00 0.50
Noncompliant Response  0.00 1.00 0.14 0.00 0.35

Expert Request Score  0.02  1.16  0.20 0.17 0.12

Year 042 1692 10.58 11.25 4.42

Agency Lagged Avg. Expertise 0.10 0.47  0.20 0.19 0.04
Log Word Count 0.00 16.45 4.14 397 1.16

Readability 0.29 845 1.83 1.83 0.10

Attachment 0.00 1.00 0.12 0.00 0.32

Non-electronic Request  0.00 1.00  0.03 0.00 0.17
Inappropriate Request  0.00 0.64  0.09 0.08 0.03

Multiple Queries 0.00 1.00 0.42 0.35 042

Multiple Areas 0.23  1.00  0.89 0.91 0.09

Unrelated Queries 0.02 0.99  0.52 0.54 0.22

Information Type - Datum 0.00 096  0.10 0.04 0.15
Information Type - Data 0.00 1.00  0.69 0.76 0.24
Information Type - Database 0.00 091  0.11 0.07 0.12
Information Type - Document 0.00 0.96  0.15 0.08 0.16
Information Type - Multiple Documents 0.00  0.99  0.19 0.11 0.20
Information Theme - Activities 0.01  0.98  0.45 0.45 0.20
Information Theme - Budgets 0.00 1.00 0.17 0.09 0.21
Information Theme - Evaluation 0.00 0.99 0.21 0.15 0.18
Information Theme - Contracts 0.00 1.00  0.15 0.05 0.23
Information Theme - Personnel 0.00 1.00 0.34 0.24 0.29
Information Theme - Regulatory 0.00 098  0.10 0.06 0.12
Information Theme - Other 0.00 0.23  0.01 0.01 0.01

Table E.2: Summary statistics of the full dataset analysed in the models in Table 2 of the main
paper.



F Analyses of Demand-Side Feedback Effects
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G Additional Interaction Term Figures Based on Main Paper
Tables 2 and 3
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H Nonlinear Interaction Test Figures

Figure H.1: Interflex Plots for Models 1-3 in Table 2 (Left Column) and Table 3 (Right Column)
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Figure H.2: Interflex Plots for Models 4-5 in Table 2 (Left Column) and Table 3 (Right Column)
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I Robustness Checks

01

02 03 04
Moderator: Agency Lagged Avg. Expertise

Model 1 Model 2 Model 3 Model 4 Model 5
Dependent Variable Log Days-to-Response  Official Inexistencia ~ True Inexistencia ~ Uninformative =~ Noncompliant
Expert Request Score (PCA version) 0.801*** 0.054*** 0.039 0.007 0.034
(0.085) (0.020) (0.026) (0.055) (0.028)
Years 0.000 —0.003*** 0.006™** —0.006*** 0.004**
(0.004) (0.001) (0.001) (0.001) (0.002)
Expert Request Score x Years —0.071%* —0.007*** —0.010"** —0.001 —0.003
(0.011) (0.002) (0.002) (0.004) (0.002)
Adj. R? 0.174 0.085 0.062 0.108 0.068
Num. obs. 1,610,997 1,611,289 1,537,385 1,537,385 924,920
Controls Y Y Y Y Y
Agency Fixed Effects Y Y Y Y Y

**p <0.01; *p < 0.05; *p < 0.1. Standard errors clustered by agency.

Table I.1: Robustness check with alternate version of Expert Request Score, using primary com-
ponent of a principal-components analysis of nine individual measures of request language and
specificity. Linear models of request-level poor responsiveness. All models include agency fixed
effects and controls for the month-of-year, each request’s logged word count, readability, medium,
inclusion of an attachment, as well as predicted measures of request appropriateness, complexity,

and theme.
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Model 1 Model 2 Model 3 Model 4 Model 5

Dependent Variable Log Days-to-Response  Official Inexistencia  True Inexistencia ~ Uninformative = Noncompliant
Expert Request Score (PCA version) 0.058 —0.017 —0.062*** —0.002 0.011
(0.035) (0.012) (0.018) (0.015) (0.015)
Agency Lagged Avg. Expertise (PCA version) —0.189 —0.201*** 0.256*** —0.424** 0.130
(0.246) (0.052) (0.079) (0.090) (0.133)
Expert Request Score x Agency Lagged Avg. Expertise —2.908*** —0.218** —0.621** 0.050 —0.377**
(0.456) (0.104) (0.175) (0.168) (0.170)
Adj. R? 0.174 0.085 0.059 0.107 0.066
Num. obs. 1,577,378 1,577,605 1,507,203 1,507,203 909,650
Controls Y Y Y Y Y
Agency Fixed Effects Y Y Y Y Y

*p <0.01; % p < 0.05; *p < 0.1. Standard errors clustered by agency.

Table 1.2: Robustness check with alternate version of Expert Request Score, using primary com-
ponent of a principal-components analysis of nine individual measures of request language and
specificity. Agency Lagged Average Expertise also recalculated on the basis of this alternate ver-
sion. Linear models of request-level poor responsiveness. All models include agency fixed effects
and controls for month-of-year, each request’s logged word count, readability, medium, inclusion
of an attachment, as well as predicted measures of request appropriateness, complexity, and theme.

Model 1 Model 2 Model 3 Model 4 Model 5
Dependent Variable Log Days-to-Response  Official Inexistencia ~ True Inexistencia ~ Uninformative =~ Noncompliant
Expert Request Score 1.170*** 0.128*** 0.125" 0.183* 0.146™**
(0.158) (0.034) (0.039) (0.094) (0.046)
Years 0.023*** —0.000 0.009*** —0.004** 0.006**
(0.004) (0.001) (0.001) (0.002) (0.002)
Expert Request Score x Years —0.114"* —0.012*** —0.019"** —0.009 —0.009**
(0.018) (0.003) (0.003) (0.007) (0.004)
Adj. R? 0.189 0.088 0.069 0.114 0.075
Num. obs. 1,728,620 1,728,922 1,646,272 1,646,272 1,000,529
Controls Y Y Y Y Y
Agency Fixed Effects Y Y Y Y Y

**p <0.01; **p <0.05; *p < 0.1. Standard errors clustered by agency.

Table 1.3: Robustness check with larger sample including all agencies that appear in the data.
Linear models of request-level poor responsiveness. All models include agency fixed effects and
controls for the month-of-year, each request’s logged word count, readability, medium, inclusion
of an attachment, as well as predicted measures of request appropriateness, complexity, and theme.
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Model 1 Model 2 Model 3 Model 4 Model 5

Dependent Variable Log Days-to-Response  Official Inexistencia ~ True Inexistencia ~ Uninformative =~ Noncompliant
Expert Request Score 1.214%* 0.096* 0.259*** 0.053 0.262***
(0.346) (0.055) (0.069) (0.100) (0.069)
Agency Lagged Avg. Expertise 0.976** —0.239*** 0.730%** —0.631"** 0.480**
(0.427) (0.072) (0.159) (0.177) (0.237)
Expert Request Score x Agency Lagged Avg. Expertise —6.482%** —0.521"** —1.689** 0.148 —1.025%**
(1.722) (0.201) (0.330) (0.522) (0.358)
Adj. R? 0.188 0.088 0.066 0.113 0.073
Num. obs. 1,686,212 1,686,445 1,608,148 1,608,148 980,072
Controls Y Y Y Y Y
Agency Fixed Effects Y Y Y Y Y

*p <0.01; *p <0.05; *p < 0.1. Standard errors clustered by agency.

Table 1.4: Robustness check with larger sample including all agencies that appear in the data.
Linear models of request-level poor responsiveness. All models include agency fixed effects and
controls for the month-of-year, each request’s logged word count, readability, medium, inclusion
of an attachment, as well as predicted measures of request appropriateness, complexity, and theme.

Model 1 Model 2 Model 3 Model 4
Dependent Variable Log Days-to-Response ~ True Inexistencia ~ Uninformative =~ Noncompliant
Expert Request Score (handcoded) 0.222* 0.075 0.183*** 0.173**
(0.111) (0.064) (0.063) (0.058)
Years 0.027*** 0.010*** 0.001 0.002
(0.007) (0.002) (0.003) (0.003)
Expert Request Score (handcoded) x Years —0.028** —0.009 —0.016"* —0.012*
(0.013) (0.008) (0.007) (0.007)
Adj. R? 0.065 0.031 0.055 0.056
Num. obs. 4,592 4,586 4,527 4,586

**p <0.01; *p < 0.05; *p < 0.1. Standard errors clustered by agency.

Table I.5: Robustness checks using hand-coded sample only. All classifier-predicted measures are
here instead replaced with alternate versions based on original hand-coded request and response
features. Linear models of request-level poor responsiveness.

Model 1 Model 2 Model 3 Model 4
Dependent Variable Log Days-to-Response ~ True Inexistencia ~ Uninformative =~ Noncompliant
Expert Request Score (handcoded) 0.720"** 0.052 0.127 0.170*
(0.186) (0.138) (0.116) (0.101)
Agency Lagged Avg. Expertise 2,127 —0.121 0.067 0.316
(0.699) (0.264) (0.194) (0.197)
Expert Request Score (handcoded) x Agency Lagged Avg. Expertise —3.674"** —0.191 —0.354 —0.449
(0.810) (0.726) (0.564) (0.456)
Adj. R? 0.064 0.026 0.057 0.058
Num. obs. 4,464 4,458 4,403 4,458

**p <0.01; " p <0.05; *p < 0.1. Standard errors clustered by agency.

Table 1.6: Robustness checks using hand-coded sample only. All classifier-predicted measures are
here instead replaced with alternate versions based on original hand-coded request and response
features; with the exception of Agency Lagged Avg. Expertise. Linear models of request-level
poor responsiveness.
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Model 1 Model 2 Model 3 Model 4 Model 5
Dependent Variable Log Days-to-Response  Official Inexistencia ~ True Inexistencia ~ Uninformative =~ Noncompliant
Expert Request Score 1.058*** 0.104** 0.138*** 0.120 0.122*
(0.150) (0.034) (0.042) (0.088) (0.051)
Years 0.020** —0.002 0.008"** —0.011** 0.001
(0.009) (0.002) (0.002) (0.003) (0.005)
Expert Request Score x Years —0.103*** —0.010"** —0.019*** —0.004 —0.007
(0.017) (0.003) (0.004) (0.007) (0.004)
Presidency: Fox —0.015 —0.003 —0.010 —0.075*** —0.048
(0.067) (0.021) (0.016) (0.025) (0.041)
Presidency: Calderon 0.072 0.005 —0.011 —0.056*** —0.025
(0.056) (0.015) (0.012) (0.016) (0.028)
Presidency: EPN 0.007 —0.002 —0.022%** —0.011 0.009
(0.022) (0.009) (0.008) (0.013) (0.019)
Policy Period 2 0.120*** 0.033*** 0.011 0.034** —0.005
(0.032) (0.008) (0.009) (0.017) (0.013)
Policy Period 3 0.117* 0.044*** 0.025* 0.046** 0.009
(0.049) (0.010) (0.014) (0.018) (0.018)
Policy Period 4 0.109** 0.038*** 0.029** 0.027 0.009
(0.051) (0.012) (0.014) (0.019) (0.021)
Adj. R? 0.178 0.087 0.062 0.109 0.069
Num. obs. 1,610,997 1,611,289 1,537,385 1,537,385 924,920
Controls Y Y Y Y Y
Agency Fixed Effects Y Y Y Y Y

**p <0.01; % p <0.05; *p < 0.1. Standard errors clustered by agency.

Table 1.7: Robustness check including additional controls for time-periods of each presidency, and
of legal and constitutional changes in July 2007, February 2014, and May 2015. Linear models
of request-level poor responsiveness. All models include agency fixed effects and controls for the
month-of-year, each request’s logged word count, readability, medium, inclusion of an attachment,
as well as predicted measures of request appropriateness, complexity, and theme.
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Model 1 Model 2 Model 3 Model 4 Model 5

Dependent Variable Log Days-to-Response  Official Inexistencia ~ True Inexistencia ~ Uninformative = Noncompliant
Expert Request Score 1.366*** 0.138** 0.241%* 0.113 0.223%**
(0.422) (0.054) (0.067) (0.118) (0.077)
Agency Lagged Avg. Expertise 0.954 —0.070 0.307** —0.430** 0.045
(0.635) (0.134) (0.147) (0.196) (0.185)
Expert Request Score x Agency Lagged Avg. Expertise —7.106"** —0.704*** —1.555%** —0.172 —0.856"*
(2.022) (0.203) (0.311) (0.596) (0.371)
Presidency: Fox —0.011 0.027* —0.035"** 0.004 —0.040**
(0.049) (0.015) (0.011) (0.015) (0.016)
Presidency: Calderon 0.068 0.026** —0.031"** 0.004 —0.022
(0.049) (0.012) (0.009) (0.012) (0.014)
Presidency: EPN 0.011 0.007 —0.029*** 0.014 0.011
(0.022) (0.008) (0.008) (0.011) (0.012)
Policy Period 2 0.141*** 0.023*** 0.026*** 0.002 —0.004
(0.039) (0.009) (0.007) (0.017) (0.015)
Policy Period 3 0.143*** 0.032%** 0.045*** 0.005 0.011
(0.047) (0.011) (0.012) (0.018) (0.014)
Policy Period 4 0.125* 0.013 0.057*** —0.046** 0.008
(0.050) (0.013) (0.009) (0.018) (0.017)
Adj. R? 0.177 0.088 0.062 0.109 0.069
Num. obs. 1,577,378 1,577,605 1,507,203 1,507,203 909,650
Controls Y Y Y Y Y
Agency Fixed Effects Y Y Y Y Y

**p <0.01; *p <0.05; *p < 0.1. Standard errors clustered by agency.

Table 1.8: Robustness check including additional controls for time-periods of each presidency, and
of legal and constitutional changes in July 2007, February 2014, and May 2015. Linear models
of request-level poor responsiveness. All models include agency fixed effects and controls for the
month-of-year, each request’s logged word count, readability, medium, inclusion of an attachment,
as well as predicted measures of request appropriateness, complexity, and theme.
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J Qualitative Research Appendix

Qualitative field research consisted mainly of semi-structured interviews with representatives
of Mexican civil society organizations (CSOs) and staff employed in federal government agencies’
Transparency Units (Unidades de Transparencia). Qualitative findings reported in the paper draw
on interviews with 14 organizations (listed in Table J.1), seven government ministries or agencies,
and three individuals, previously affiliated with CSOs working in areas of transparency and/or INAI
(Juan Pablo Guerrero, Ana Joaquina Ruiz, Mayli Sepilveda). We do not provide any identifying
information about Transparency Unit staff because these participants were promised anonymity.

Interviews with CSOs were conducted over Zoom by two of the authors between September
2020 and January 2021. Organizations were selected to represent variation in sector (education,
environment, gender rights, health, human rights). Within each sector, we interviewed at least one
“elite” organization—with a high level of human and financial resources, typically based in Mexico
City—and one “non-elite” organization with lower resources, based outside the capital. We also
interviewed representatives of several “broker” organizations, which work in multiple policy areas
and specialize in navigating institutions of social accountability. Selection of cases was aided by
an institutional partner, Fundar, a leading think tank on transparency and accountability in Mexico
as well as snowball sampling.We provide names of organizations in this paper, but not the names
of the persons interviewed (although all consented to be identified). Interviews with CSOs were
audio recorded and transcribed using Amazon Web Services. We then coded transcriptions for
theoretically relevant variables using NVivo. Anonymized transcripts are available upon request.

Organization Sector Profile
Mejora Tu Escuela Education Elite
Centro Interdisciplinario de Desarrollo Alternativo  Environment Non-Elite
Mujeres de Caltongo Environment Non-Elite
Oceana Environment Elite
Equis Justicia para Mujeres Gender Rights  Elite
Instituto de Liderazgo Simone de Beauvoir Gender Rights Non-Elite
Derechohabientes Viviendo con VIH Health Non-Elite
Nosotrxs Health Elite
Mentte CEDAT Human Rights  Non-Elite
Poder Human Rights  Elite
Articulo 19 Broker Elite
Controla Tu Gobierno Broker Elite
Fundar Broker Elite
Social TIC Broker Elite

Table J.1: Civil society organizations participating in field research

Interviews with Transparency Unit staff were conducted in person by one of the authors and a
research assistant in March 2017. Seven entities were selected from among the twenty-five min-
istries and agencies with the highest total request volumes overall at that time, but with attention to
diversity across policy areas and functions (e.g., four of the seven were cabinet-level ministries).
Interviews were conducted in person at each entity’s offices in Mexico City. Some interviews were
audio recorded and transcribed, while for others the author simply took written notes.
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J.1 [Ethical Considerations

Prior to conducting field research with CSOs, we received approval from [REDACTED] In-
stitutional Review Board for the Protection of Human Subjects (Protocol No: HR-3662, “How
Do Accountability Institutions Change Over Time? Big Data and Access to Information in Mex-
ico,” 8/14/2020). Prior to conducting field research with Transparency Unit staff, we received
Institutional Review Board approval from [REDACTED] (Protocol No: 00005773, “Implement-
ing Access to Information in Mexican Government Agencies,” 2/21/2017). Both of these approval
processes determined protocols to be Exempt from Institution Review Board scrutiny. Nonetheless,
we took pains to uphold the highest standards of ethics. We summarize our practices in response
to excerpted principles from APSA’s Principles and Guidance for Human Subjects Research.

Power: “When designing and conducting research, political scientists should be aware of
power differentials between researcher and researched, and the ways in which such power differ-
entials can affect the voluntariness of consent and the evaluation of risk and benefit.”

Most participants in our study do not classify as low-power or vulnerable populations, as all
interviewees were either mid-level federal government officials or leaders of civil society organi-
zations. The possible exceptions are leaders of non-elite civil society organizations who in some
cases came from vulnerable (i.e. low-income, rural, and or indigenous) communities. In such
cases, we took extra efforts to explain the goals of the research and potential uses for informa-
tion gathered in interviews and to insist that participation in our study was entirely voluntary. All
organization leaders expressed eagerness to relate their organizations’ experiences and to draw
attention to shortcomings in state institutions of accountability.

Consent: “Political science researchers should generally seek informed consent from individ-
uals who are directly engaged by the research process, especially if research involves more than
minimal risk of harm or if it is plausible to expect that engaged individuals would withhold consent
if consent were sought.”

In compliance with our IRB proposals, we requested (and were granted) informed written
consent by CSO participants. For interviews with transparency unit staff, interviewees were given
a written consent document, and read a summary of this, but were not asked for signatures as
these would conflict with the assurances that they would not be individually identified. We have
no reasons to believe that risks posed to participants have changed significantly since we began
our project and thus have not returned to participants for continuing consent to use information
gathered in interviews.

Deception: “Political science researchers should carefully consider any use of deception and
the ways in which deception can conflict with participant autonomy.”

Our research did not include deception or covert methods.

Harm and Trauma: Political science researchers should consider the harms associated with
their research.

We agree with IRB appraisals that our human subjects research posed low risk of harm to
participants. Potential harm to civil society participants may result from reprisals from government
officials. Given that participants were engaged in public activism campaigns, they were aware of
such risks. Potential harm to Transparency Unit personnel may result from reprisals from agency
superiors. To minimize such risks—and to encourage participants to speak openly—we maintain
the names of these personnel and their agencies confidential.

Confidentiality: Political science researchers should generally keep the identities of research
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participants confidential; when circumstances require, researchers should adopt the higher stan-
dard of ensuring anonymity.

As stated above, we promised to (and sustain) the confidentiality of government agents that
participated in research owing to heightened risk of professional reprisals. We offered to sustain
confidentiality of civil society participants, but none requested it. In most cases, civil society
actors were eager to draw attention to their causes and had significant experience publicizing their
activities and demands to the media. We thus include the names of CSOs, but not the names of
their representatives whom we interviewed, given that we see little analytical benefit to be gained
from revealing the latter.

Impact: Political science researchers conducting studies on political processes should con-
sider the broader social impacts of the research process as well as the impact on the experience
of individuals directly engaged by the research. In general, political science researchers should
not compromise the integrity of political processes for research purposes without the consent of
individuals that are directly engaged by the research process.

This academic research project was accompanied by a significant knowledge exchange com-
ponent. Through this we sought to share methodological tools for evaluating the performance of
Mexico’s access-to-information system and recommendations to civil society actors and govern-
ment personnel to sustain optimal functioning of this system. We have taken pains to emphasize
that our recommendations are specific of the research team and do not reflect the opinions of any
research participants. At the onset of these activities we presented our research plan in listen-
ing sessions with officials from Mexico’s Access-to-Information Institute (INAI) and civil society
leaders and engaged in ongoing communication with these figures throughout the project. On the
invitation of INAI, we publicly presented key results of our study on [DATE REDACTED].

Laws, Regulations, and Prospective Review: Political science researchers should be aware of
relevant laws and regulations governing their research related activities.

All government data that we used for this project are publicly available under Mexican law,
including principally citizen requests for public information and corresponding responses from
government agencies. (Our dataset does not include requests for Personal Information, the texts of
which are not made publicly available.) Citizens submitting information requests are advised not
to include identifying information in the text of their requests. Nonetheless, on rare occasions, cit-
izens violate these norms. For this reason, we do not include information request texts themselves
in our publicly available replication data.

Shared Responsibility: The responsibility to promote ethical research goes beyond the indi-
vidual researcher or research team.

All members of our research team participated in drafting and upholding human subjects proto-
cols. To avoid any potential violation of confidentiality of citizens submitting information requests,
we refrain from publicizing information request texts themselves.

K Generating Training Data: Hand-coding

We drew a random sample of 6,000 requests (and their corresponding responses) to generate
our gold standard hand-coded data. Our random sample was composed of a simple random sample
of 4,000 requests for which the official response was that the information was provided electron-
ically (61.8% of the total), and thus for which response documents existed and could be analyzed
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further. In addition, we drew an over-sample of 2,000 requests pertaining to the forty agencies that
received the highest volume of requests over the 2003-2015 period (50 additional sampled requests
per agency). This oversampling was intended to ensure that our training data were appropriate in
particular for any future analyses that focused predominantly on these agencies.

To code variables for this sample of request-response texts, a team of six human-coders com-
pleted a questionnaire related to the 6,000 sampled requests and their responses mentioned above.
All members of this coding team were Mexican nationals and were fully fluent in Spanish. The
team manager (an author) had prior work experience with Mexico’s Access-to-Information Insti-
tute. All coders furthermore were graduates of CIDE—a well-recognized center for research and
higher education in Mexico with a particular focus on economics and the social sciences.

All human-coding of our request and response texts was completed in Spanish. A bilingual ver-
sion of the questionnaire that the coders filled out in an online interface is available upon request.
To ensure high inter-coder reliability, we conducted extensive training led by the two authors on
the present paper. This training was done in person in Mexico City and involved twelve hours of
preliminary training sessions as well as three calibration meetings after initial waves of test cod-
ings were conducted.! An initial pilot round of coding was excluded from further use. Of the
remaining sampled requests/responses, 543 were coded by multiple coders (between two and four
each) to enable assessment of inter-coder reliability. Not all of the 6,000 initially sampled requests
were ultimately hand-coded, due to time and resource constraints (but the order in which they were
coded was random). The final hand-coded sample to be used as training data for machine learning
models thus comprised 4,934 requests and their associated responses.

Our assessment of inter-coder reliability for the 543 multiply coded request-response pairings
suggests that a majority of our request and response features are valid as based upon the consistency
of our human-codings. In Figures K.la and K.1b, we report three traditional measures of inter-
coder reliability: the intra-class correlation (ICC), Krippendorff’s o and Kendall’s Coefficient of
Concordance (W) for our request and response variables, respectively. We also show the average
of these three reliability measures via the circles that appear on each plot.

As can be seen in these figures, many of our individual request and response features demon-
strate a high degree of inter-coder reliability based off of our questionnaire items, while others less
so. Both plots report generally accepted? thresholds for good-to-substantial and substantial-to-
excellent inter-coder reliability of 0.6 and 0.75, respectively via a pair of vertical dashed lines. For
the request variables in Figure K.1a, 17 out of 28 (61%) lie above the good-to-substantial thresh-
old of 0.6 based upon average inter-coder reliability values, with several such variables exhibiting
substantial-to-excellent inter-coder reliability of 0.75 or higher. Only seven out of our 28 request
variables (25%) then fall below the value of 0.5 in their average levels of inter-coder reliability—a
threshold that could conservatively be seen as a reasonable cutoff for moderate-to-good inter-coder
reliability.> Importantly, note that a majority of these less reliably coded variables are not central
to our analyses. For example, of the nine variables that were used to construct our key independent
variable measure of request expertise, six (67%) had average inter-coder reliability values over the
0.6 threshold and eight (89%) had average inter-coder reliability values over the 0.5 threshold.

Our response variables’ inter-coder reliability scores in Figure K.1b indicate even more relia-

1. Coder training and human-coding were each undertaken during a single 10-week period in 2019.
2. E.g., Steiner et al. (2004), Tang et al. (2015), Béchtiger and Hangartner (2010).
3. See, e.g., Steiner et al. (2004), Tang et al. (2015), and Bichtiger and Hangartner (2010, Note 5).
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Figure K.1: ICR measures. Vertical dashed lines represent a cutoff of .6 and vertical dotted lines
represent a cutoff of .75.
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bility and coding consistency than was the case for our request variables. In total, 17 out of our
23 response variables (i.e., 74%) exhibited inter-coder reliability averages that were greater than
0.6 (i.e., our good-to-substantial cutoff for inter-coder reliability). Eight of these 17 measures (i.e.,
35% of all response variables) furthermore exhibited an average inter-coder reliability score greater
than 0.75—a level of inter-coder reliability that is commonly viewed as substantial-to-excellent
(Steiner et al. 2004; Tang et al. 2015; Béchtiger and Hangartner 2010, Note 5). Finally, we empha-
size that none of the response variables that fall below the 0.6 threshold have been employed in the
present analysis. Altogether this implies that our paper’s response-based human-codings (and the
measures subsequently derived from them) are highly reliable.

With these levels of inter-coder reliability established, we define a method for combining our
543 jointly coded request and response variables into single scores for use in our subsequent ma-
chine learning steps, alongside the variable scores produced by single coders only. Our method
for combining these jointly coded scores is as follows. For each observation and each variable that
was jointly human-coded: if the majority of the human-coders who coded the data point agreed on
a code, that majority-code was assigned for subsequent analysis. If the coders disagreed, we broke
the tie based on our ranked assessment of the coders’ ability and experience, with input from the
training session and coding manager. After combining these jointly coded request and response
variables, our full sample of human-coded requests and responses was passed on to a series of
supervised classifiers, so as to use these human-coded variables to classify all information request
texts and response texts in our sample. This machine learning methodology is described next.

L. Machine Learning Models
We now describe our supervised machine learning approach. This was separately developed

for our request- and response-level codings. We begin with a discussion of the methodology used
for our request-level variables, followed by our response-level machine learning efforts.
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L.1 Requests

Recall that our main paper’s analyses relied upon multiple request-level independent and con-
trol variables. As discussed therein, many of these variables were derived from our individual ATI
request texts using supervised machine learning. Examples include the level of expertise exhibited
by each requester (our primary independent variable) and control variable measures of the appro-
priateness, complexity, and theme of each information request. We now outline how we generated
these request-level variables using supervised machine learning methods.

Despite recent advances in supervised machine learning techniques applied to political texts,
a majority of these techniques are designed to predict a only single variable for each individ-
ual textual document. When faced with multiple target variables to predict from the same text,
researchers tend to ignore these target variables’ levels of interdependence during supervised clas-
sification. In this context, substantial gains in predictive performance may be obtained by treating
target variables as interdependent—Ileveraging each variable’s supervised predictions as features
during the supervised classification of all other variables (Erlich, Dantas, Bagozzi, Berliner, and
Palmer-Rubin 2021). This framework is known as multi-label classification.

In line with this multi-label framework, our own analysis requires that we use supervised ma-
chine learning methods to generate multiple request-level variables for each individual ATI request.
To classify our requests based on our hand-coded request sample in this manner, we therefore ex-
plored the benefits of the multi-label supervised machine learning framework described immedi-
ately above. This framework leverages the inter-label relationships among our request variables
so as to potentially improve the accuracy of predicting our non-mutually exclusive traits. In other
words, our predictive optimization task under this multi-label framework entails the joint classifi-
cation of all proper label sets for our unlabeled requests, instead of independent label prediction.

To this end, we first sought to verify the value-added of multi-label prediction in our particu-
lar application. Here we first estimated a selection of multi-label and non-multi-label supervised
classifiers on 80-20 (training-test) splits of our hand-coded requests for 26 distinct hand-labeled
request traits. The best performing binary classifier that did not take into consideration inter-label
dependence was an approach known as binary relevance (BR). The best multi-label classification
technique was found to be an approach known as ensemble classifier chain (ECC). Both approaches
are defined in detail in Erlich et al. (2021). We next present a comparison of these two best per-
forming techniques for our current application.

Our BR and ECC comparison focuses on the classification of our request trait labels within our
hand-labeled sample of 4,934 requests. We utilize 10-fold cross-validation alongside the 80-20
splits mentioned above. The hand-coded traits that we consider encompass the request variables
highlighted in the previous hand-coding and inter-coder reliability sections of this appendix. Where
applicable, polytomous measures were dichotomized aside from our hand-coded measure of each
requester’s request area,* which we maintained in its polytomous form.

The above features correspond to the “outcome variables” that our supervised methods seek to
predict. For the independent variables that we use in predicting these outcome variables, we pri-
marily leverage the vectorized response texts themselves. In addition to these vectorized response
texts, we then further optimize these models by providing our ECC and BR classifiers with the
following additional request level predictors: 1) agency, 2) year, 3) number of attached documents,
4) sector, 5) state, and 6) municipality. Across these varied features, we find that the vectorized

4. Le., if the request was academic/scholarly, commercial, monitoring-focused, personal, or impossible to say.
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text provides by far the best predictions.> This suggests that the additional predictors mentioned
above provide only a negligible contribution to our request labels’ predictions.

The overall results of the BR and ECC models are presented in Table L.1. Each set of reported
results represents the best performing (BR or ECC) model across a range of candidate base clas-
sifiers.® Given our multi-label context, we consider several specialized classification metrics to
compare our two supervised machine learning approaches, as opposed to traditional metrics such
as precision and recall (Erlich et al. 2021). As seen in Table L.1, the ECC model performed better
for 3 out of 5 metrics: subset accuracy, F1-micro, and F1-macro. Moreover, the improvements of
ECC over BR in at least two of these cases (i.e., subset accuracy and F1-macro) were substantial.
This is in contrast to the instances of superior performance by BR (i.e., hamming loss and ranking
loss), which each suggest relatively marginal improvements over ECC.

Algorithm Subset Accuracy Hamming Loss Ranking Loss F1-micro F1-macro
Ensemble CC (ECC) 8.22 % + 0.75 11.89%4+ 0.17 0.076 £ 0.002 77.59 £ 0.27 45.20+0.76
Binary Relevance (BR)  4.60% =+ 0.66 11.42% +0.19  0.071+£ 0.002 76.84+0.31 39.844+ 0.64

Table L.1: Results

We accordingly conclude that ECC—and hence multi-label prediction—is an optimal approach
for classifying our request traits. Our final step in generating these classified request features leads
us to re-train our ECC framework on our full set of hand-coded requests and labels. We then use
this full ECC model to predict our request trait labels for our full sample of ATI requests. Our final
request measures thus reflect these ECC predictions of each request label across all ATI requests.’

L.2 Responses

To classify ATI responses, we turn to our hand-codings of individual response texts. These
hand-coded responses correspond to the agency responses that were made to same 4,934 request
sample described above. Note, however, that we do not use any information about the requests
themselves—either in terms of vectorized request texts or request labels—for our response clas-
sifications. Rather, and using our response hand-codings and their underlying response texts, we
sought to predict our relevant response features for the entire universe of responses. In this case,
our primary response features correspond to our hand-codings of the actual responses and quality
of information provided to each requester. Recall that these dependent variable inputs denote our
assessments of whether an officially designated positive response was found to be misleading in
the sense that it actually included a denial, or if information was actually provided in that response.

5. In ECC, note that the “previous labels” are also used as features by design. The previous labels are not explicit
features, they are consequence of the chain of binary classifiers that are employed in the classifier chain model. We
employed the logistic regression as base classifier for all multi-label methods.

6. In particular, we considered logistic regression, gradient boosting, and random forests as base classifiers. Logis-
tic regression performed best as a base classifier for both BR and ECC.

7. All machine learning-based request-side variables in our analyses are in raw probability form rather than in
dichotomized-probability form. This means that we must use our ECC predictions—as opposed to our actual hand-
labels—for our approximately 5,000 labeled ATT requests within these variable measures, in order to ensure a consis-
tent measurement scale across all observations for each request variable within our primary analyses.
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For the supervised classification of our response features, we ultimately use binary classifi-
cation, not multi-label classification. One reason for our doing so pertains to the more limited
number of response features in this supervised classification context, when compared to our re-
quest traits application. As mentioned above, the efficacy of multi-label approaches to classify
political text-as-data was evaluated in different settings in Erlich et al. (2021). In general, when
features are abundant or more informative, the benefits of using multi-label models become less
salient in comparison to the performance of individual predictions for each label (i.e., BR).

Additionally, since multi-label methods have higher computational cost than BR, the trade-off
between performance and complexity/cost becomes less favorable if the performance gain from
multi-label classification is minimal. Altogether, these insights lead us to favor BR in the context
of our response predictions on theoretical grounds. That being said, we still directly compare
both classification approaches for response label prediction below. Within these experiments, we
found that the multi-label approaches considered did not yield a substantial enough increase in
performance to justify the added complexity that they introduced into our predictive framework.

To this end, there are at least two additional reasons for ECC’s relatively weak performance
in this context. First, the composition of responses are more standardized than that of requests,
owing to the larger heterogeneity in request text authors relative to response text authors. This
increases our ability to predict response features independently. In other words, since Mexico’s
ATI responses are written by officials, not the general public as in the case of requests, the word
distribution is narrower. Second, for our response texts, the additional features that were not
predictive in the request case—such as the number of documents and the length of the response—
were predictive in the response case. This is discussed in more detail below, and suggests that the
relatively higher extant gains in available predictive features for our response texts likely ensures
a more marginal multi-label contribution during prediction.

To more concretely present and assess the points made above, we now compare the predictive
accuracy of our favored multi-label approach (i.e., ECC) to that of several BR approaches. These
predictive evaluations follow a comparable structure to those conducted for our request evaluations
presented above in terms of training-test splits, cross-validation, and evaluation sample. These
details are hence not repeated here. In this response case, note that we also again consider the
same potential features as in the request case in addition to the vectorized text: 1) agency, 2)
year, 3) number of attached documents, 4) sector, 5) state, and 6) municipality. In this case, and
in addition to the vectorized text, we found that the number of documents and their length had
substantial predictive power. As noted above, this was not the case for our request text evaluations.

Our response classification experiments more specifically compare the results using our pre-
ferred multi-label classification method (ECC) to four different binary classification techniques:
random forest, logistic regression and XGBoost.® The results from these comparisons are re-
ported in Tables L.2 and L.3. Based upon Table L.2, we find that XGBoost performs best in
classifying our relevant hand-coded response characteristics. Indeed, this model often produces
competitive results without fine-tuning, especially in tabular data (Shwartz-Ziv and Armon 2021).
In Table L.3, we likewise find XGBoost to be the best performing model using our multi-label
evaluation criteria. Together these results suggest both that (1) BR-based approaches are superior
to multi-label methods such as ECC for response classification and that (2) XGBoost is particu-
larly optimal for our current response prediction tasks among all BR approaches considered. We

8. For details on XGBoost, see Chen and Guestrin (2016).
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accordingly re-train our XGBoost classifier upon our full set of hand-coded response texts and
labels, and use this classifier to in-turn predict all unlabeled response texts for each of our relevant
response traits. The dependent variables utilized in the main manuscript are accordingly based
upon supervised machine codings of response characteristics using XGBoost in a BR-framework.

Algorithm Average Accuracy Average F1
ECC 81.39 53.13
XGBoost 82.64 66.00
Logistic Regression 81.57 52.61
Random Forest 82.28 59.78

Table L.2: Standard Classification Statistics for Response Predictions

Algorithm Subset Accuracy Hamming Loss Ranking Loss F1-micro F1-macro
ECC 58.57 % 18.69% 0.010 79.23 58.57
XGBoost 58.89% 16.94% 0.008 81.23 66.97
Logistic Regression 56.60% 18.42% 0.009 79.28 52.60
Random Forest 58.24% 17.80% 0.010 80.04 59.34

Table L.3: Multi-label Classification Statistics for Response Predictions
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