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Abstract

Congress often relies on bureaucrats to provide information for policy production. How-

ever, scholars lack an empirical understanding of what drives information sharing between

bureaucrats and legislators. We argue that the partisan alignment between the two branches

can determine the amount and type of information transmitted between them. Using compre-

hensive data on the agency affiliation, appointment type, and agency-level characteristics of

each bureaucrat who testified in congressional committee hearings, as well as a new measure

of the informational content of their testimonies, we show that less analytical information is

transmitted under divided government. Further, we examine bureaucrat-legislator pair-level

interactions in committee hearings and show that bureaucrats provide less analytical informa-

tion when questioned by legislators who are presidential out-partisans than by legislators who

are presidential co-partisans, and that this behavior is heightened among bureaucrats who are

political appointees. These dynamics highlight the strategic information transmission between

bureaucrats and members of Congress.
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1 Introduction

The relationship between Congress and the executive agencies is central to the separation of powers

in American politics: Congress makes laws, and the executive branch executes the laws through

its system of bureaucratic agencies. Scholars have studied how partisanship across this separation

of powers system affects outcomes, such as legislative productivity, oversight and investigations,

and the degree of delegation to the bureaucracy. In particular, divided government or interbranch

partisan disagreement reveals how party competition drives tension between the legislative and

executive branches, dampens legislative productivity (e.g., Binder 1999; Coleman 1999; Howell

et al. 2000; Phillips and Kirkland 2018), and motivates the legislature to reveal executive violations

(Kriner and Schwartz 2008; Kriner and Schickler 2016) or reduce the degree of discretion given to

the bureaucracy (Epstein and O’Halloran 1996, 1999).

Beyond these outcomes, however, lies a broader information asymmetry between the two

branches: The division of responsibilities leads each side of the interbranch relationship to gain

different information and perspectives about policymaking (Banks and Weingast 1992; Bendor,

Taylor, and Gaalen 1987). Bureaucrats in executive agencies—who execute policy—acquire a

relatively higher awareness and on-the-ground knowledge about the realities of policy implemen-

tation and its consequences compared to lawmakers in Congress. While Congress also can collect

this information from others during the legislative process, bureaucrats remain one of their best

sources of expertise about policy implementation and execution (Gailmard 2002; Gailmard and

Patty 2012).

How, then, do partisan divides across the legislative and executive branches influence inter-

branch information sharing? We argue that the partisan alignment between the two branches drives

the amount and type of interbranch information exchange. A partisan divide between Congress and

an executive agency introduces party conflict into interbranch information sharing. Under divided

government, when the two branches are represented by opposing parties with divergent electoral or

political incentives, the flow of policy-relevant information may be impeded by the strategic inter-
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actions between legislators and bureaucrats who are both conscious of their partisan goals. While a

general increase in political messaging activity under divided government has been reported (Park,

2021), whether this disrupts Congress’s ability to gather information from bureaucrats requires

further examination.

Since the agenda and all other specific aspects of a committee hearing are determined by com-

mittee members, and witnesses can speak only if they are given the opportunity to respond to a

question from a legislator, the overall policy discourse that occurs in hearings is predominantly

shaped by legislators. Legislators may ask different questions that elicit different types of infor-

mation based on whether they are interacting with bureaucratic witnesses whose preferences are

aligned with their partisan goals. For example, a legislator may take the opportunity in having a

party opponent to score partisan points through grandstanding and increased political messaging

or aggressiveness. This incentive may crowd out searches for policy-relevant information, espe-

cially when legislators are interacting with bureaucrats under divided government, which imposes

constraints for policymaking and heightened interbranch party discord. Thus, the amount and type

of information revealed by a bureaucrat may be influenced by how the legislator, driven by the

partisan alignment between herself and the bureaucrat, elicits this information.

Simultaneously, bureaucrats have their own incentives that steer their interactions with Congress

and may play a similar role in determining the amount and type of information shared with

Congress. Bureaucrats’ behavior in sharing policy expertise with politicians may also depend

on who they are specifically interacting with from a bureaucrat’s perspective. Bureaucrats moti-

vated by partisan incentives may provide more information to assist presidential co-partisans than

they do to presidential out-partisans. As bureaucrats’ information can help (or hinder) Congress

in producing effective legislation or legislation that is aligned with the executive branch’s goals,

bureaucrats may provide more (or less) policy-relevant information to help aligned (or not help

unaligned) members of Congress. This divergent behavior may be more pronounced in politically

appointed bureaucrats, given the partisan nature of appointments. Thus, the amount and type of in-

formation provided to legislators also may be influenced by how the bureaucrat, driven by partisan
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alignment between herself and the legislator, responds to information requests.

We examine information sharing between bureaucrats and Congress in one major venue through

which Congress can request, receive, and publicly disseminate information from the bureaucracy:

committee hearings. Previous work has focused on hearings specific to oversight or investigative

matters (McGrath, 2013; Kriner and Schickler, 2016). Beyond the oversight context, hearings can

facilitate the exchange of information for legislative matters more broadly and, specifically, reveal

the content of the information provided to Congress (Quirk 2005). While there are other channels

through which legislators and bureaucrats can transmit information, such as in phone calls, written

correspondence, or private meetings, hearings represent a public, formal channel of information

transfer. This venue is perhaps one of the most impactful settings for information transmission and

dissemination, as the information is observed by other legislators, bureaucrats, and officials in both

branches of government as well as monitored by stakeholders in the policy area.

As not all information is equal, we use House committee hearing transcript data from 1997 to

2014 and a crowd-sourced supervised learning method to capture a specific aspect of information

conveyed in both bureaucrats’ and other types of witnesses’ testimonies. While there are vari-

ous ways to characterize informational content, we focus on a type of information that is closely

linked to policy expertise, central to technical policy development, and applicable across issue

areas: information that uses falsifiable statements on the policy under consideration, which we

term analytical information. This approach is a significant improvement over other measures of

information as it uses human judgment to measure the intensity of the concept of interest in the

committee hearing context, rather than using a binary classifier for analytical statements (Esterling

2011) or depending on a set of researcher-selected words that may be incomplete (Ban, Park, and

You 2023). Specifically, 1) we employed a highly sophisticated measurement process involving

large-scale human coding of sample testimonies using online workers, 2) trained multiple machine

learning algorithms to predict the level of analytical information conveyed in witness testimony,

and 3) combined their predictions through an optimization process to generate the final measure-

ment for each of the 981,633 testimonial statements that witnesses made in 14,092 hearings. We
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then conducted a set of extensive statistical and substantive validations of our new measurement.

We use this new measure of information in combination with a novel dataset on bureaucratic

witnesses from 1977 to 2014. We collect the federal agency affiliation and appointment type for

each bureaucrat who testified in all House committee hearings during this extensive time span, as

well as the content of their testimonies and their responses to questions from members of Congress

in all committee hearings. The result is a dataset that, for the first time, provides the name of the

agency of each bureaucrat who appeared in a congressional hearing (1977-2014), and links to the

content of information bureaucrats provided to Congress for a subset of the time period (1997-

2014). Further, while previous work on bureaucrats in hearings has been limited to aggregated

counts of hearings or witnesses at the Congress-level, this newly collected data enables bureaucrat-

and hearing-level analyses. We also create pair-level data at the politician-bureaucrat level by

parsing hearing transcripts, which allows us to analyze dyadic interactions between a member and

a witness.

We find support for our theoretical expectations. Under divided government, significantly less

analytical information is transmitted from bureaucrats to members of Congress in both legislative

hearings and oversight hearings. This pattern holds even after controlling for the member’s ques-

tioning style, which we capture by the amount of grandstanding, analytical keywords used, and

sentiment displayed. Using bureaucrat fixed effects, we also find that the same bureaucrat provides

significantly less information to members who are presidential out-partisans compared to presi-

dential co-partisans in the same hearing. The effect of partisan alignment is more salient among

political appointees in oversight hearings, hearings on more polarized issues, and in more presti-

gious and policy oriented committees. The effect is further amplified as the agency’s ideology is

further distanced from that of the committee, and for the agencies that are more aligned with the

president. A placebo test with non-bureaucratic witnesses shows that these information sharing

dynamics are not present for other types of witnesses, suggesting that partisan alignment has a

distinct effect on bureaucrats, which leads them to change their information provision to Congress.

Altogether, this article advances and tests a theory of how partisan alignment across govern-
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ment drives interbranch information sharing. Expertise and information are critical sources of

the bureaucracy’s power. While there has been ample theoretical attention devoted to information

asymmetries between the two branches, how the selection of bureaucrats can affect the develop-

ment of expertise within the executive branch (e.g., Gailmard and Patty 2012), and how bureaucrats

may act strategically in response to Congress (e.g., Potter 2019; Lowande 2019), there has been

surprisingly little attention paid to the resulting provision of information from the bureaucracy

to Congress. Our findings contribute to the literature by revealing how the presence of divided

government and the individual-level partisan incentives of legislators and bureaucrats affect how

much policy-relevant information is shared from the bureaucracy to Congress in both legislative

and oversight contexts. As information is the input to policy, our findings shed new light on how

the interbranch relationship can affect the policymaking process vis-à-vis information flows.

2 Interbranch Information Sharing

The information advantage that bureaucrats have concerning program implementation is a crucial

factor in the canonical power balance between Congress and the bureaucracy. While traditional del-

egation models, such as Huber and Shipan (2002), focus on how Congress can influence this power

balance by choosing the amount of delegation Congress gives to the bureaucracy, another way to

influence the interbranch relationship is by controlling information. It has been theorized that the

institution that has more information about the costs and consequences of policy implementation

holds an “informational advantage” in this interbranch relationship (Banks and Weingast, 1992;

Bendor, Taylor, and Gaalen, 1987).

What do we mean by policy-relevant information or expertise? Bureaucratic expertise has been

measured in various ways. For instance, Clinton et al. (2012) measures the policy expertise of fed-

eral bureaucrats in each agency using the proportion of technical and proportion of professional

employees. As another example, Richardson, Clinton, and Lewis (2018) use a survey approach,

and ask federal bureaucrats to rate their workforces from which they construct a measure of skill
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and competency for each agency. Their work shows that expertise varies across agencies and im-

plies that it varies across bureaucrats within agencies as well. In this paper, we focus on a type

of information that is closely linked to policy expertise and central to technical policy develop-

ment: information that uses falsifiable statements on the policy under consideration, which we

term analytical information (more explanation is provided in Section 4.2).

Scholars have documented that bureaucrats, who are responsible for the implementation and

evaluation of their agencies’ programs and policies, have deep familiarity and expertise specific to

their agency’s jurisdiction. This work has focused on how bureaucrats both bring expertise to, and

develop expertise on, their jobs. Research has argued that politically appointed bureaucrats bring

high levels of human capital, responsiveness, and energy to the executive agencies (Moe, 1985).

Career bureaucrats, especially those who have advanced through the ranks, are seen to possess

subject area expertise and public management skills (Helco, 1977), and research shows that this

translates into higher federal program performance (Lewis, 2007; Gallo and Lewis, 2012). Further,

Gailmard and Patty (2012) emphasize the ways bureaucrats learn and acquire expertise on the job,

saying that “bureaucrats are not born with all the skills they need” and that their expertise is gained

through incentives in public service.

Regardless of where bureaucratic expertise originates, it remains constant in the literature that

bureaucrats possess expertise and an informational advantage over Congress. Recent research has

shown that politicians do, in fact, seek to obtain and rely on this information, and that politicians’

preferences can indeed be shaped by how bureaucrats frame an issue (Blom-Hansen, Baekgaard,

and Serritzlew, 2020) and the ideological alignment with bureaucrats (Esterling, 2009; Bellodi,

2023).

Given that bureaucrats hold the informational advantage and Congress can benefit from this in-

formation when producing policy, how is information shared between the bureaucracy and Congress?

Congress can request information from bureaucrats through a variety of methods, including phon-

ing or writing to agencies (Lowande 2018; Ritchie 2023), but one formal, public way Congress

requests and receives information from the bureaucracy is through committee hearings (Quirk and
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Bendix 2011; Park 2017). In hearings, Congress can examine the amount of information bureau-

crats hold and request specific pieces of that information. Committees call bureaucrats to testify at

hearings and answer questions; they use the power of subpoena, if necessary (Heitshusen, 2017).

Perhaps the most conspicuous way bureaucrats appear in hearings is when committees conduct

oversight of the bureaucracy. Unsurprisingly, scholars have used oversight hearings as a measure

of the amount of oversight that committees conduct (Kriner and Schickler 2016; McGrath 2013).

Outside of studies that examine the frequency of congressional oversight on agencies, there is

limited work on the information exchange between bureaucrats and members of Congress. May,

Koski, and Stramp (2016) find that bureaucrats’ testimony is an important conduit of expertise, and

that issue maturity and salience affect the supply and demand for this expertise. Their analysis,

however, is limited to hearings specifically concerned with critical infrastructure protection. Ban,

Park, and You (2023) find that when committees hold legislative hearings, they invite fewer bu-

reaucrats during periods of divided government and substitute for them with witnesses from think

tanks and universities. Eldes, Fong, and Lowande (2024), in analyzing the content of oversight

hearings, show that oversight hearings can be informational and confrontational at the same time,

and that confrontation decreases when the legislator shares the same partisanship with the presi-

dent. Bellodi (2023) analyzes legislators’ citation of bureaucratic information in floor and commit-

tee speeches and shows that ideological differences and agency independence are important factors

determining how often members of Congress cite the information provided by bureaucrats.

However, the existing research, neglects a fundamental question about the supply of informa-

tion presented to the legislature from the executive branch: What determines the information flow

from the bureaucracy to Congress? The answer to this question requires examining the incen-

tives of two groups of actors: legislators and bureaucrats. The behaviors legislators employ when

requesting information from bureaucrats can determine the amount and type of information they

elicit. Similarly, the way a bureaucrat provides information in response may affect the amount and

type of information transmitted to the legislators. We go beyond what the previous literature has

documented: we argue and provide evidence for how partisan alignment between the legislature
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and the executive branch influences legislator and bureaucratic behavior in committee hearings,

thus shaping interbranch information flows. In the next section, we start by developing our theo-

retical predictions.

3 Partisan Alignment and Interbranch Information Flows

One of the starkest divergences in partisan alignment happens under divided government, when the

majority party in Congress differs from the party in the White House. Research shows that the ma-

jority party in Congress strategically uses hearings to control the executive branch and exploit po-

litical benefits. Kriner and Schickler (2016), when examining oversight and investigative hearings

in particular, find that divided government—by pitting an executive branch of one party against the

legislative branch of the other party—introduces a strong partisan incentive that Congress uses to

their benefit at the expense of the president during investigative hearings. McGrath (2013) shows

that oversight hearings under divided government increased when the committee’s median ideol-

ogy was further away from the president’s ideology. We expect that these partisan incentives also

drive the behavior of legislators and bureaucrats in committee hearings beyond just the frequency

of oversight hearings and extend to the transmission of policy-relevant information—or analytical

information as described in the previous section—across all settings. We argue that interbranch in-

teractions reveal more analytical information when there is partisan alignment, relative to partisan

misalignment. We view partisan alignment at both the interbranch level (unified or divided control

of government) and the individual interaction level between a bureaucrat and legislator. Below, we

present our theoretical expectations in greater detail.

Under divided government, when the two branches are represented by opposing parties with

different electoral and partisan incentives, the flow of policy-relevant information may be impeded

by strategic interactions between legislators and bureaucrats. Divided government presents a more

difficult policymaking environment, as politicians between the legislature and the executive have

opposing leverage and face institutional impediments in the branch their party does not control.
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This challenging institutional environment has been the basis for theoretical arguments explain-

ing the complications that divided government brings to policymaking (Coleman, 1999; Howell

et al., 2000). When faced with the reality of a gridlocked or more difficult policymaking environ-

ment under divided government, legislators may shift the content of their public discussions with

bureaucrats, such as in committee hearings: legislators’ activities are likely to be more directed

toward messaging activities instead, potentially crowding out activities such as information gath-

ering for policymaking. The increase in majority party members’ messaging efforts under divided

government stimulates minority members as well—as minority party members tend to grandstand

more than majority party members in general (Coleman 2011)—resulting in higher grandstand-

ing levels from legislators of both parties. While this overall increase in messaging activity under

divided government has been reported (Park, 2021), whether this stalls Congress’s information

gathering from bureaucrats has not yet been tested extensively.1 We hypothesize that less analyt-

ical information will be transmitted from bureaucrats to Congress in committee hearings under

divided government compared to unified government.

We also consider how partisan alignment at the individual level may shape the behavior of

bureaucrats and legislators. Due to the heightened partisan competition for majority status in

Congress as well as the White House, legislators are looking for any opportunity to tarnish the

image of the other party in order to make the next election favorable to their own party (Lee 2016).

A legislator questioning a bureaucrat from an executive branch controlled by the other party is

presented with an opportunity to target the other party through messaging. Thus, the presidential

out-partisan legislator is likely to ask questions in a more aggressive tone or increase the political

messaging in their questioning to criticize the other party or to enhance the legislator’s own parti-

san reputation. While the legislator still could request information to assist in policymaking, the

incentive to target the bureaucrat presenting the interest of the other party for political points may

be dominant. When facing a bureaucrat from an executive branch controlled by their shared party,

1The study of oversight hearings by Eldes, Fong, and Lowande (2024) shows that confrontation does not crowd out
information-seeking efforts. However, our study examines whether this pattern broadly applies to legislative hearings
as well as oversight hearings.
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however, the legislator has less of an incentive to aggressively attack the bureaucrat and more of

an incentive to request information that can assist in forming a policy of their shared preference.

The literature on the bureaucracy also shows that bureaucrats can also act strategically. Bureau-

cratic subversion, shirking, and sabotage are well documented (Brehm and Gates 1997; Gailmard

2002) and bureaucrats have been shown to strategically use procedural tools, such as the timing of

final rule publication, to avoid oversight by Congress and other political actors (Potter 2017, 2019).

We adapt this view of strategic bureaucrats to congressional hearings and their interactions with

legislators. Motivated by partisan incentives, bureaucrats may be more willing to assist Congress

by providing expertise that allows legislators to develop effective policy if the bureaucrats feel that

Congress would use their information to pass a shared policy platform. When bureaucrats are mis-

aligned with Congress, however, as when the executive branch is of the opposite party of Congress,

bureaucrats are less likely to assist Congress in passing a diverging policy platform. Even consid-

ering that the question a legislator poses may shape how a bureaucrat responds, when holding the

question constant, bureaucrats are more likely to respond fully with more policy-relevant informa-

tion when questioned by a presidential co-partisan legislator than an out-partisan legislator.

Thus, combining the considerations for how partisan alignment at the individual level may

shape bureaucrat-legislator interactions, we hypothesize that less analytical information will be

transmitted between bureaucrats and presidential out-partisan legislators compared to bureau-

crats and presidential co-partisan legislators.

Bureaucrats vary across one stark partisan-driven characteristic: whether they are politically-

appointed bureaucrats or career bureaucrats. Legislators may find a closer link to the president

when they are interacting with political appointees. Thus, when presidential out-partisan legisla-

tors are motivated to publicly criticize the administration, they are more likely to target political

appointees than careerists. They will engage more in messaging activities and less in information-

seeking discourse when they face political appointees during hearings. At the same time, politically

appointed bureaucrats may face a different political context because their positions may be sub-

ject to that president remaining in power or to maintaining that president’s favor. Hence, they are
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more likely to have shorter-term outlooks that are more sensitive to the current political environ-

ment and thus are more responsive to the partisan goals of the president (Lewis 2008; Dahlstrom,

Fazekas, and Lewis 2021). Aligning with the party of their appointing president and working to

ensure that Congress produces (doesn’t produce) legislation that is aligned (misaligned) with the

president may be a more salient concern for politically appointed bureaucrats. Therefore, when

examining interactions between bureaucrat-legislator pairs, we also expect that the effect of the

legislator being an out-partisan on a bureaucrat’s information sharing will be more salient when

the bureaucrat is a political appointee than when the bureaucrat is a careerist (non-appointee).

4 Data and Descriptive Statistics

In this paper, we rely on two datasets. First, we construct the data on bureaucratic witnesses who

appeared in hearings in the House of Representatives for the period of 1977-2014. We use this data

to present the descriptive statistics on bureaucrats who testified in Congress. Second, we use House

hearing transcripts for the period of 1997-2014 to analyze the transmission of analytical informa-

tion from witnesses to committee members in these hearings. Using the hearing transcript data, we

introduce a new measure capturing the level of analytical information conveyed in witnesses’ tes-

timonies through text-analytic methods and construct various measures for committee members’

speaking tones. We then merge the two datasets and construct member-witness pair-level data for

the main statistical analysis, which covers the period of 1997-2014.

4.1 Data on Bureaucrats Testifying in Congress

We construct a new dataset on bureaucratic witnesses who testified in congressional hearings. We

begin by using data from Ban, Park, and You (2023), which were collected from the ProQuest

Congressional, to identify witnesses who are federal bureaucrats, and we focus on hearings in the

House. We then cleaned these affiliations to match them with the official name of the federal

agency. This is necessary because, while the witness data provide affiliations for bureaucratic wit-
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nesses, the way these affiliations are recorded varies significantly case by case. For instance, a

witness’s affiliation could be recorded only at a sub-agency level without the name of the parent

agency (e.g., “National Agricultural Statistics Service,” which is within the Department of Agri-

culture) or as an acronym (e.g., “AEC” for Atomic Energy Commission), which must be spelled

out manually to be matched with the agency data. Since most of the agency-level variables are

available at the parent agency level, we matched each bureaucratic affiliation to the parent agency.

We referred to various sources, such as the Office of Personnel Management (OPM) website,2 to

compile a complete list of federal government agencies and their parent organizations.3 We per-

formed both automated and extensive manual cleaning processes to identify the parent agency for

each bureaucratic witness’s affiliation.

Next, we use the OPM data to identify whether a bureaucratic witness is a political appointee or

a career bureaucrat. We use the data from BuzzFeed News’s Freedom of Information Act request

for federal government personnel records from 1977 to 2014.4 Following Lewis (2011), we define

an individual as a political appointee if the appointment type corresponds to one of the following

types in the OPM data: PAS (presidential appointments with senate confirmation), PA (presidential

appointment without senate confirmation), SES (senior executive service), and C (Schedule C

appointments).5 We merged this political appointee data to the witness data by a bureaucrat’s last

name, first name, agency name, and year. Due to the years covered in the OPM data, our data on

testifying bureaucrats spans from 1977 to 2014.

Through this process, we constructed a comprehensive dataset that includes 65,347 bureaucrat

witnesses, from 15 executive departments and 55 independent agencies, who testified in House

2OPM website: https://www.opm.gov/about-us/open-government/Data/Apps/Agencies/
3We additionally checked the US Government manuals to see if the sub-agencies were properly assigned to parent

Executive Departments or Independent Agencies: https://www.govinfo.gov/app/collection/GOVMAN
4https://www.buzzfeed.com/tag/opm. One limitation of this data is that it omits some agencies or individuals,

such as agencies directly related to national security. Given the substantial number of bureaucrats from the Department
of Defense in our dataset, we manually identified their political appointee status based on their titles that appeared in
the United States Government Policy and Supporting Positions (Plum Book).

5The OPM webpage (https://dw.opm.gov/datastandards/referenceData/1585/current?index=T)
provides 18 types of appointments for federal bureaucrats. Among them, the codes 36 and 46 are PAS; the codes
55, 60, and 65 are PA; the code 44 is Schedule C appointments; and the code 50 is noncareer SES. We consider the
remaining types as career bureaucrats.
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hearings from 1977 to 2014 with the official name of a parent agency for each bureaucrat. It is

important to note that outside of MacDonald and McGrath (2016), who recorded the agency infor-

mation for bureaucrats who testified in oversight hearings from 1999 to 2011, existing research has

only tracked the frequency of bureaucrats’ appearances in these hearings without examining the

variations of their agency affiliations. Our dataset, thus, provides the first opportunity to analyze

the features of bureaucratic agencies with which testifying bureaucrats are affiliated with, in all

types of House hearings from 1977 to 2014.

In addition, our dataset includes the following hearing-level information for each of the 25,230

House hearings in our data: the name of the committee that held a hearing, the type of the hearing

(legislative vs. oversight, including investigative),6 full-committee vs. subcommittee, and referral

vs. non-referral depending on whether a hearing refers to a specific bill or not), the type of major

issue discussed in the hearing, and the total number of witnesses.

Here we provide descriptive statistics of bureaucrats who testified in hearings. Figure 1 shows

the number of legislative and oversight hearings in which at least one bureaucrat testified by the

executive departments (a) and independent agencies (b). These graphs show significant variation

across departments and agencies. The Department of Defense (DOD) has the highest frequency

of hearings followed by the Departments of State (STAT), Treasury (TREAS), and Justice (DOJ).

Among the independent agencies, bureaucrats from the Environmental Protection Agency (EPA)

testified most often in hearings, followed by the Federal Reserve (FED), and US Agency for Inter-

national Development (USAID).7 Figure 2 shows the number of career bureaucrats and political

appointees testifying, by executive department in Panel (a) and by the top 15 independent agen-

cies who had the highest numbers of testifying bureaucrats in Panel (b). The ratio of testifying

bureaucrats who are political appointees ranges from 10% in Veterans Affairs (VA) to 49% in the

6We follow the classification by McGrath (2013) which relies on a set of keywords indicating investigative and
oversight hearings and the description of a hearing in the Policy Agenda Project database. We classify hearings that
are neither oversight nor investigative as legislative hearings. Among the hearings that have at least one bureaucrat
appearing, 73% are legislative and 27% are oversight.

7Appendix Figure A1 shows the over time trend of the share of oversight hearings among all hearings that featured
at least one bureaucrat. Consistent with the extant findings (e.g., Lewallen 2020), the share of legislative hearings with
a bureaucrat has declined and the share of oversight hearings with a bureaucrat has increased. Appendix Table A1
presents the distribution of major issues discussed in legislative and oversight hearings.
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National Transportation Safety Board (NTSB).8

Figure 1: Legislative and Oversight Hearings with Bureaucratic Witnesses, 1977-2014
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4.2 Hearing Transcript Data and A New Measure of Analytical Testimony

We develop a new measure that captures the level of analytical information conveyed in wit-

ness testimonies to test our hypotheses about what impacts bureaucrats’ information sharing with

Congress. This measure includes all testimonies made by both bureaucrats and non-bureaucrat

witnesses.

Witnesses can provide various types of information, such as an analytical, scientific analysis

of the current state of a program or its potential causes and consequences, personal experiences

of practitioners or those affected by a policy, or political information identifying groups benefiting

from or harmed by a policy. In this study, we focus on the analytical aspect of witness testimonies

for several reasons. First, previous studies have shown that legislators engage in searching for

“falsifiable” or “technical” information, which we alternatively call “analytical,” when making

laws (Esterling 2004; Krehbiel 1991). Second, analytical information is a necessary component

8In Appendix Figures A2 and A3, we present the over time patterns for the types of bureaucratic witnesses and the
share of political appointees.
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Figure 2: Career vs. Political Appointees among Bureaucratic Witnesses, 1977-2014
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of technical parts of a bill. Third, as recent studies find that the analytical capacity of Congress

has declined over time (LaPira, Drutman, and Kosar 2020), it is important to construct a valid

measurement for analytical testimony provided by external witnesses to Congress.

To construct this measurement, we employ U.S. House committee hearing transcript from Park

(2021) spanning 1997-2014 based on raw transcripts available on the Government Publishing Of-

fice website and a crowd-sourced supervised learning method that follows previously established

practices (Carlson and Montgomery, 2017; Park, 2021).9 This approach improves upon previous

methods such as in Ban, Park, and You (2023), which only used a dictionary of researcher-selected

words. Instead, by using large-scale human coding of sample testimonies and training machine

learning algorithms, we arrive at a significantly improved measure of analytical information for

testimonies in Congress.

First, we define a testimony as analytical if it is 1) fact-based, 2) verifiable through research or

9A supervised learning method is preferred over unsupervised learning models when a researcher has a preset idea
about how to classify texts. It provides a more delicate measure than a dictionary-based approach for two reasons. The
dictionary method is 1) often agnostic about the importance of each word in relation to the concept and treats each with
an equal weight and 2) has a potential problem with a homonym being used for a different meaning. Our approach
resolves these issues because it relies on human judgment which captures the concept of interest more holistically and
considers the context in which a word is used through a construction of n-grams or word-embeddings.
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data-driven analysis, or 3) objective. This set of concepts is largely consistent with the definition of

“falsifiable” information presented in Esterling (2004).10 Second, 3,929 sample statements were

coded by online workers at Amazon Mechanical Turk (MTurk). (See Appendix Section C.1 for

more details about the coding process.) We presented a randomly selected pair of two statements

to the online workers and asked them to choose the one that was more analytical. Using their

binary responses to 43,000 of these pairwise comparisons, we fit a Bradley-Terry model which

is a Bayesian model that facilitates estimating the probability that a document j will be chosen

when compared with another document i by a worker k using Hamiltonian Markov Chain Monte

Carlo sampling. The following equation presents the model specification and the priors for key

parameters

Pr(yi jk = j) =
exp(bk(a j −ai))

1+ exp(bk(a j −ai))
(1)

a j ∼ N(0,1) bk ∼ trN(0,σ2) σ ∼ trN(0,3) (2)

where N denotes the normal distribution, and trN denotes the normal distribution truncated at zero

to allow positive values only. The model estimates the analytical feature of each document, a j, and

each worker’s quality, bk. The model produced a score for each sample statement ranging from

-2.7 to 2.8.

Third, we randomly selected 3,500 sample statements to be used as a training set, reserved 426

statements as a validation set, and ran eight machine learning models.11 Fourth, we constructed

the final model using the ensemble Bayesian model averaging technique that assigns weights to

each model to achieve the optimal prediction performance (Montgomery, Hollenbach, and Ward

2012). Using the final model, we predicted the score for the entire corpus of witness testimonies

and rescaled the measurement to range between 0 and 100. In the remainder of the paper, we will

10To help clarify the concept, we also define what is non-analytical. A statement is non-analytical if it is 1) opinion-
based or normative, 2) anecdotal or experiential, 3) subjective or preferential (i.e., reveals preferences of certain
groups), 4) procedural statements, or 5) anything else not containing the analytical information as defined above.

11We constructed two document-level matrices: a term-document frequency matrix and a doc2vec matrix. For
each matrix, we fit four learners: support vector machine, Kernlab’s support vector machine, LASSO, and Gradient
Boosting Machine. These choices are explained in Appendix Section C.3.
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Figure 3: Distribution of the Analytical Score
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Notes: The left panel shows the distribution of the analytical score for the sample statements. The right panel
shows the distribution of the (rescaled) analytical score for the entire corpus of the witness testimonies for
the 105th-115th Congresses.

refer to the predicted score as the “analytical score.” The graph in the right panel of Figure 3 shows

the distribution of rescaled, predicted scores for all witness testimonies in the entire corpus.

To statistically validate the measurement, we checked how our final model predicts the human-

coded labels of the validation set that was set aside. The Pearson correlation coefficient between

the human-coded labels and the model predictions is 0.81, and the Root Mean Squared Errors

(RMSE) is 0.53 (see Figure 4). Compared to other prediction practices (Park 2021; Park and

Montgomery 2024) that used similar measurement processes, our model achieved a relatively high

level of prediction performance suggesting that it effectively captured the aspects of the latent trait

we intended to measure. Examples of analytical statements and additional validation of the scores

are in Appendix Section C.4.

Panel (a) in Figure 5 shows that there is more within-department variation than across-department

variation in the distribution of the analytical score. There are 55 independent agencies in our sam-

ple. Therefore, for illustrative purposes, in Panel (b) we present the analytical information score

distribution for the top 15 agencies with the highest number of bureaucrats who testified in hear-

ings. Agencies such as the National Science Foundation (NSF) show a higher median value than

other agencies, and bureaucrats from the Federal Reserve Board (FED) show significantly less vari-
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Figure 4: Validation of the Final Ensemble Model
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ance in their analytical scores than bureaucrats from, for example, the EPA. While there is more

variation across independent agencies than across executive departments, the amount of within-

agency variation still exceeds across-agency variation.

4.3 Legislator-Witness Interactions

To test the effect of partisan incentives on witnesses’ information sharing with members of Congress,

we aggregate the data obtained from hearing transcripts by legislator-witness pairs. In this pair-

level dataset, the unit of observation is a pair of a legislator and a witness who interacted in a House

committee hearing, and it covers the period 1997-2014. We define that an interaction occurred if

a member statement is immediately followed by a witness statement.12 We compute the average

analytical score measured based on a witness’s testimonies for each pair.

In total, we have 61,802 pairs of bureaucratic witness-member observations and 87,216 pairs

of non-bureaucratic witness-member observations from 6,686 hearings in the House for the period

1997-2014. For bureaucratic witnesses, on average, we have nine pairs of witness-member inter-

12Since witnesses speak only when they are given a chance to speak, most witnesses’ statements are preceded by
a member’s statement. This feature facilitates analyzing dyadic interactions between a member and a witness in a
hearing.
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Figure 5: Analytical Score Distributions By Agencies
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Notes: The bars’ ranges indicate the minimum and maximum values, the boxed area indicates the interquartile
range, and the red squares indicates each agency’s median analytical score.

actions per hearing, ranging from 1 to 102. On average, in a given hearing, two bureaucrats were

invited as witnesses and seven members asked them questions. For non-bureaucratic witnesses, on

average, we have 11 pairs of witness-member interactions per hearing, ranging from 1 to 131. On

average, four non-bureaucrat witnesses were invited and give members asked them questions.

5 The Effect of Partisan Alignment on Information Sharing

In this section, we empirically test our hypotheses regarding how incentives underlying the partisan

alignment between Congress and the executive branch, as well as the type of bureaucrat, drive the

amount of analytical information that bureaucrats share. Using the pair-level data, we estimate the

following regression:

Analytical Informationbmh = β1Divided Governmenth +β2President Out-partisanm (3)

+β3Member Questionbmh +ΓXbmh +αa +αc +αi +αp + εbmh
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where the subscripts indicate bureaucrat b, member m, hearing h, agency a, committee c, issue i,

and president p. The unit of observation is bureaucrat-member pair conditional on a member asking

at least one question of a bureaucrat in a given hearing. The outcome variable Analytical Informationbmh

is the average analytical score of bureaucrat b’s testimony in response to member m’s question in

hearing h.13

We measure partisan alignment between members of Congress and the executive branch with

two variables. First, we use an indicator for the presence of divided government (Divided Govern-

ment), which equals 1 if the majority party in the House is different from the party of the president

and equals 0 otherwise. In this case, we assume that the effect of the Divided Government vari-

able is homogeneous across all members: under divided government, bureaucrats’ testimonies

will exhibit lower analytical scores. However, this variable does not capture a bureaucrat’s varying

incentives to provide analytical information depending on which politician asks a question. To cap-

ture partisan misalignment at the member-bureaucrat level, we include the President Out-partisan

variable, which equals 1 if the questioning member’s party affiliation is different from the party of

the president and equals 0 otherwise. In some specifications, we include witness fixed effects to see

if the same witness transmits different levels of analytical information depending on a questioning

member’s party affiliation.

Crucially, members’ statements preceding a witness’s testimony can shape the witness’s re-

sponse, and the manner in which legislators ask questions can be correlated with the variables

that capture the partisan alignment. To account for this, we measure various features of members’

questioning styles (Member Question). Due to the public nature of congressional hearings, some-

times legislators may intend to use a hearing to send political messages and gain media attention

rather than to elicit analytical information from a witness. Thus, first, we address this underlying

incentive of legislators by controlling for the grandstanding score, which was constructed using the

House hearing transcript data from the 105th through 114th Congresses to measure the intensity

13We trimmed the observations with an outlier value of the outcome measures below 1% and above 99%. Including
these outliers does not change the results.
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of political messages conveyed in each member’s statement (Park 2021).14

Legislators’ grandstanding incentives, however, may not necessarily preclude the exercise of

their duty to check facts; they may pursue both at the same time.15 Therefore, to add another con-

trol for legislators’ intent when they interact with a witness, we also measure members’ incentive

to seek information by counting the number of keywords that are indicative of analytical infor-

mation in member statements. We use the analytical keywords introduced in Ban, Park, and You

(2023).

We also measure and control for members’ sentiment using pysentimiento, which is a

Python package providing a pre-trained BERT-based sentiment classifier (Pérez, Giudici, and

Luque 2021). For each analyzed statement, pysentimiento generates three continuous state-

ments for each statement: positive, neutral, and negative. Finally, we measure the number of

words in each member’s question because the length of questions may correlate with our measures

of members’ questioning tone. As these measures were constructed for each member statement,

we compute the average values of these measures for each legislator-witness pair in a hearing. Ta-

ble A2 in the Appendix shows the mean value for each variable that captures the questioning styles

of members.

Xbhm includes various bureaucrat-level, member-level, and hearing-level control variables (e.g.,

the number of witnesses in a hearing, the total number of words spoken by a bureaucratic witness).

To capture the partisan characteristics of a bureaucrat, we include the Political Appointee variable

which is coded as 1 if a bureaucrat is a political appointee requiring Senate confirmation (PAS).16

We also note whether a questioning member is a committee chair or a ranking member, the mem-

14The operational definition of grandstanding includes 1) denouncing or praising a person or an institution, 2) taking
a position on a policy (which includes a subjective interpretation of a policy-relevant situation), or 3) asking questions
designed to attack or embarrass a witness. The study defines non-grandstanding statements as those that 1) offer an
objective description of a policy-relevant situation or 2) question a witness a question for the purpose of fact-finding
or obtaining an expert opinion. The member statements that precede a witness statement, which are relevant to this
study, are likely to either ask questions of the witness for political purposes or to seek information. The score was
constructed using a crowd-sourced supervised learning method at the statement level and ranges from 0 to 100.

15See Eldes, Fong, and Lowande (2024) for relevant findings.
16Among 3,409 political appointees who appeared in hearings in our dataset, 73% are PAS. Twenty-four percent are

political appointees without Senate confirmation required (PA) and 3% are Schedule C (excepted service nonperma-
nent) appointees. For robustness, we also run the regression with defining the Political Appointee including all types of
political appointees and the results are presented in A4 in the Appendix. These results are similar to the main results.
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ber’s majority party status, and their legislative effectiveness score from Volden and Wiseman

(2014). Also, we include the members’ ideological extremism, measured by the absolute differ-

ence between a member’s DW-NOMINATE score and the decade-level median DW-NOMINATE

score for each party.17

We include bureaucrat’s agency fixed effects (αa) to control for agency-specific characteristics.

We also include issue fixed effects (αi) based on major issue codes from the Policy Agenda Project

(Baumgartner and Jones 2015) and committee fixed effects (αc). The Divided Government variable

varies at the Congress-level; to estimate the effect of this variable and to control for time-trend,

we include president fixed effects (αp). εbmh is clustered at the hearing-level. Appendix Table A3

presents the summary statistics on the variables included in the regression analysis.

5.1 Bureaucratic Witnesses and Provision of Analytical Information

First, we examine how partisan alignment affects the information sharing between bureaucratic

witnesses and members of Congress. Table 1 presents the results of estimating equation (3) for

legislative hearings and oversight hearings. Columns (1) and (4) show the results without includ-

ing members’ questioning styles. Across both types of hearings, partisan misalignment between

members of Congress and bureaucrats affects the amount of analytical information that bureaucrats

share during hearings. Overall, bureaucrats provide less analytical information in their testimonies

under divided government. They also provide less analytical information when they interact with

legislators who are president out-partisan. We include an interaction term between President Out-

Partisan and Political Appointee variables to examine whether the partisan incentives of bureau-

crats are more salient among political appointees. The results show that political appointees tend

to provide less analytical information when they respond to a member who is an out-partisan of

17Using the absolute distance from zero to measure a legislator’s ideological extreme is inappropriate because the
scale 0 is a latent variable and it has no substantive meaning. Instead, we use a global average over multiple years
for each party and treat a further deviation from the global average as more extreme. We use a decade (10 years)
to calculate a global mean and calculate the absolute distance between a legislator’s DW-NOMINATE score and the
median of the legislator’s party at the decade-level to measure the legislator’s ideological extremism.

22



the president and this pattern is particularly robust in oversight hearings.18

As we discussed in the theory section, the negative association between partisan misalignment

and the provision of analytical information by bureaucrats could be driven by legislators’ question-

ing styles. As Table A2 in the Appendix shows, under divided government, president out-partisan

members ask less analytical questions and their tone is more negative. These patterns of ques-

tioning styles also could influence how much analytical information bureaucratic witnesses share

during their testimonies. Columns (2) and (5) show the results when we include the variables

that capture members’ questioning styles. The results show that members’ questioning styles are

indeed correlated with the amount of analytical information in bureaucrats’ testimonies. When

members ask questions with higher grandstanding scores or a more negative tone, bureaucrats tend

to provide less analytical information. In contrast, when members ask questions that have a more

positive tone, more analytical words, and more words in total, bureaucrats’ testimonies tend to

include more analytical information.19

It is interesting to note that even after controlling for members’ questioning styles, the coeffi-

cients on the variables Divided Government and President Out-Partisan are negative and statisti-

cally significant, although the magnitude of the coefficients becomes slightly smaller. Of course,

the set of control variables for the members’ questioning styles may not fully capture members’

intentions. However, the result could suggest that bureaucrats may control the amount of ana-

lytical information they share with committee members depending on whether they interact with

president co-partisan or president out-partisan legislators. The results in Table 1 also show that bu-

reaucrats’ testimonies contain significantly more analytical information when they are questioned

by the committee chair and ranking member. At the hearing level, bureaucrats’ statements con-

tain more analytical information in hearings held at the subcommittee level as opposed to the full

committee level, which are hearings that feature more witnesses.

18We also estimate equation (3) with the number of words in bureaucrats’ statements as an outcome. The total num-
ber of words that bureaucrats spoke in each pair could be interpreted as the total amount of information that bureaucrats
shared with a member. The correlation between the analytical score and the number of words in bureaucrats’ state-
ments is 0.80. Table A5 in the Appendix shows the results. Similar to the results in Table 1, the partisan misalignment
between Congress and the executive branch is associated with fewer words in bureaucrats’ statements.

19The reference category is the share of neutral tone.
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Although we include agency-, issue-, and committee-fixed effects to control for the selection

issues, the frequency of bureaucratic invitations and the types of bureaucrats who are invited could

be different under divided vs. unified governments (Ban, Park, and You 2023). In addition, the

identity of the bureaucrats who receive questions from president co-partisan members vs. president

out-partisans could be different. To address this potential selection problem, we exploit our pair-

level data, which allows us to estimate equation (3) with witness fixed effects. We examine how the

same witness in a given hearing responds differently to different members.20 By including witness

fixed effects, we are unable to measure the effect of some variables that do not vary at the witness-

level such as divided government or political appointee, but this exercise is the most rigorous

estimation of how bureaucrats respond to partisan misalignment with politicians in hearings. We

use the same specification as before, but with witness fixed effects. Because we examine within-

bureaucrat variation in a given hearing, we do not include other fixed effects such as time, issue,

agency, or committee.21 Columns (3) and (6) of Table 1 show the results. We see consistent

results from the specifications including witness fixed effects: The same bureaucrat’s response

contains a lower level of analytical information when she responds to members who are president

out-partisans and this effect is more salient when the bureaucrat is a political appointee appearing

in oversight hearings.22

In terms of the substantive effect, each bureaucrat provides 3.1% less analytical information

when questioned by members who are president out-partisans and this reduction increases to 5.5%

when political appointees interact with president out-partisans in hearings.23 Given that 12,704

bureaucrats were invited to congressional hearings during the period of our study (1997-2014), and

20A unique witness ID is assigned at the witness-hearing level. If the same bureaucrat appeared in different hearings,
the bureaucrat is assigned different witness IDs.

21Note that the coefficient on the variables that do not vary at the witness-level such as Divided Government and Po-
litical Appointee as well as at the hearing-level (Subcommittee, Referral Hearing, Number of Witnesses) are subsumed
by the witness fixed effects.

22In Appendix Table A6, we further confirm that the negative coefficient on the interaction term President Out-
Partisan x Political Appointee is more salient under divided government when president out-partisan legislators are
the majority party members in Congress.

23This calculation is based on the results in Column (4) of Table 1. Given the mean outcome measure of analytical
information of 33.5, the coefficients on the variables President Out-Partisan and President Out-Partisan × Political
Appointee indicate the reduction of 3.1% (-1.115/33.5) and 5.5% ((-1.115-0.716)/33.5).
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Table 1: Bureaucratic Witnesses’ Provision of Analytical Information

Legislative Oversight

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

Divided Government -0.925∗∗∗ -0.719∗∗∗ -0.948∗∗∗ -0.889∗∗∗

(0.182) (0.166) (0.195) (0.175)
President Out-Partisan -1.296∗∗∗ -1.137∗∗∗ -1.181∗∗∗ -1.370∗∗∗ -1.124∗∗∗ -1.115∗∗∗

(0.143) (0.133) (0.156) (0.163) 0.150) (0.169)
Political Appointee 0.180 -0.336 0.573∗∗ -0.0481

(0.210) (0.197) (0.219) (0.199)
President Out-Partisan X -0.450 -0.191 -0.114 -0.946∗∗∗ -0.502∗ -0.716∗∗

Political Appointee (0.235) (0.216) (0.257) (0.243) (0.224) (0.251)

Majority -0.285∗ -0.276∗ -0.345∗ -0.255 -0.0945 -0.239
(0.133) (0.123) (0.145) (0.144) (0.133) (0.147)

Committee Chair 4.259∗∗∗ 3.841∗∗∗ 3.669∗∗∗ 4.211∗∗∗ 4.060∗∗∗ 3.693∗∗∗

(0.180) (0.165) (0.200) (0.205) (0.186) (0.209)
Ranking Member 1.101∗∗∗ 1.122∗∗∗ 1.023∗∗∗ 1.699∗∗∗ 2.022∗∗∗ 1.879∗∗∗

(0.265) (0.246) (0.291) (0.254) (0.234) (0.269)
Ideological Extremism -1.905∗∗∗ -0.475 -0.299 -2.725∗∗∗ -1.398∗∗ -0.663

(0.445) (0.419) (0.481) (0.463) (0.425) (0.473)
LES -0.0172 -0.0161 -0.00611 0.0181 0.00199 0.0190

(0.0427) (0.0393) (0.0472) (0.0454) (0.0411) (0.0457)
Subcommittee 1.233∗∗∗ 1.158∗∗∗ 1.852∗∗∗ 1.906∗∗∗

(0.195) (0.179) (0.213) (0.194)
Referral Hearing -0.201 -0.414∗ -0.354 -0.527

(0.223) (0.207) (0.370) (0.341)
Number of Witness 0.0567∗∗ 0.0561∗∗ 0.0493∗ 0.0738∗∗∗

(0.0210) (0.0190) (0.0220) (0.0220)
Grandstanding Score -0.136∗∗∗ -0.116∗∗∗ -0.108∗∗∗ -0.0900∗∗∗

(0.00793) (0.00959) (0.00831) (0.00928)
Share of Positive Tone 7.014∗∗∗ 5.977∗∗∗ 6.411∗∗∗ 5.159∗∗∗

(0.269) (0.325) (0.288) (0.333)
Share of Negative Tone -1.446∗∗∗ -0.353 -1.207∗∗ -0.844

(0.370) (0.442) (0.385) (0.431)
Analytical Word Count 0.169∗∗∗ 0.174∗∗∗ 0.155∗∗∗ 0.147∗∗∗

(0.0178) (0.0223) (0.0178) (0.0207)
(ln) Number of Legislator Words 1.926∗∗∗ 1.888∗∗∗ 1.817∗∗∗ 1.935∗∗∗

(0.151) (0.187) (0.169) (0.191)

Committee, Issue, President FEs ✓ ✓ ✓ ✓ ✓ ✓
Agency FE ✓ ✓ ✓ ✓
Witness FE ✓ ✓
Mean Outcome Measure 33.3 33.3 33.3 33.5 33.5 33.5
N 30117 30117 30117 27401 27401 27401
adj. R2 0.081 0.180 0.307 0.106 0.199 0.320

Notes: ∗ p<0.05, ∗∗ p<0.01, ∗∗∗ p<0.001. Standard errors are clustered at the hearing-level.
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27% of them were Senate-confirmed political appointees, at the aggregate level, this is a significant

reduction in the amount of analytical information that bureaucrats share with members of Congress.

5.2 Additional Analyses of Bureaucratic Witnesses

In this section, we provide additional analyses of bureaucratic witnesses and the interbranch pro-

vision of analytical information in hearings that may enhance our understanding of the dynamic

interactions between legislators and bureaucrats.

First, we conduct separate analyses for bureaucrats who come from the executive departments

and independent agencies. Because the tenure of political appointees in the independent agencies

does not perfectly overlap with the incumbent president, partisan dynamics may differ for political

appointees in the executive departments vs. the independent agencies. Table A7 in the Appendix

shows that career bureaucrats from both the executive departments and independent agencies share

less analytical information when they interact with president out-partisan members. However, we

observe a statistically significant negative relationship only for the interaction term, President Out-

Partisan X Political Appointee, among bureaucrats from the executive departments in oversight

hearings.

Second, our main analysis focuses on the partisan alignment between Congress and the presi-

dent, and we assume that bureaucrats are under the control of the president. However, bureaucratic

agencies exhibit various ideological leanings (Chen and Johnson 2014; Richardson, Clinton, and

Lewis 2018), and individual bureaucrats have their own partisan leanings (Spenkuch, Teso, and Xu

2023). This implies that some executive agencies are more aligned with the president than others

depending on the partisanship of the president. To examine the role of an agency’s own ideology,

we conduct two additional analyses. First, we include the absolute difference between the com-

mittee chair’s DW-NOMINATE score and the ideology of the testifying bureaucrat’s agency, as

measured by Chen and Johnson (2014), to capture the partisan alignment between the committee

and the agency.24 Second, we divide agencies into those aligned and misaligned with the president

24Chen and Johnson (2014)’s measure of agency ideology is time-varying by presidency and is the Common Space
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in terms of ideology and examine whether the partisan dynamics of analytical information provi-

sion are more salient for bureaucrats from presidentially aligned agencies.25 Panel A in Table 2

shows that a larger ideological difference is associated with less analytical information provided by

bureaucrats in oversight hearings. The main results on the variables Divided Government and Pres-

ident Out-Partisan are robust. Panel B shows that bureaucrats from agencies that are aligned with

the president are less likely to provide analytical information to president out-partisan committee

members.

Third, we examine whether the effect of partisan alignment on bureaucrats’ provision of an-

alytical information varies by issue polarization and committee type. A full discussion of these

heterogeneous effects can be found in Appendix Section B. Overall, we find that bureaucrats pro-

vide significantly less analytical information when they appear in hearings that address highly

polarized issues. Moreover, the negative effect of partisan misalignment is larger in prestigious

and policy committees than in constituent service committees (Deering and Smith 1997).

5.3 Placebo Test: Non-Bureaucratic Witnesses

Finally, we examine whether these partisan misalignment effects are unique to bureaucrats or are

shared by other witnesses as well. Are non-bureaucratic witnesses, who are not employed in the

executive agencies, affected by the interbranch relationship between the legislative and execu-

tive branches? As a “placebo” test, we perform the same analysis on all other non-bureaucratic

witnesses.26 In total, we have 87,261 pairs of interactions between committee members and non-

bureaucratic witnesses for the period 1997-2014.

We measure the analytical score for all other witnesses, create a pair-level dataset for non-

score. Therefore, we can use it along with the member’s DW-NOMINATE score. However, the measurement only
covers the years up to 2012, which reduces the number of observations.

25Based on the measure of agency ideology developed by Richardson, Clinton, and Lewis (2018), we label agencies
as Democratic-leaning if the ideology is below the median (-.1256831). These agencies are coded as aligned with
the Democratic president. For Republican presidents, we coded these agencies as aligned with the president if the
agency’s ideology is above the median ideology.

26We exclude congressional staff, members of Congress, or affiliates of congressional organizations to focus on
non-governmental witnesses.
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Table 2: Incorporating Agency Ideology

Legislative Oversight

(1) (2)

Panel A: Including Agency Ideology
Divided Government -0.814∗∗∗ -0.935∗∗∗

(0.173) (0.195)
President Out-Partisan -1.284∗∗∗ -1.254∗∗∗

(0.140) (0.168)
Political Appointee -0.205 0.00214

(0.204) (0.217)
President Out-Partisan X -0.0834 -0.494∗

Political Appointee (0.224) (0.241)

|Committee Chair DW-NOMINATE - Agency Ideology| -0.133 -0.465∗

(0.206) (0.235)

N 27,194 22,545
adj. R2 0.184 0.207

Panel B: President Aligned vs. Not-Aligned Agencies
Divided Government -0.717∗∗∗ -0.863∗∗∗

(0.166) (0.175)
President Out-Partisan -0.876∗∗∗ -1.017∗∗∗

(0.154) (0.168)
Political Appointee -0.436∗∗ -0.318∗

(0.163) (0.159)
President-Aligned 0.302 0.113

(0.177) (0.199)

President Out-Partisan X -0.648∗∗ -0.623∗∗

President-Aligned (0.208) (0.222)

N 30,117 27,401
adj. R2 0.180 0.199

Notes: ∗ p<0.05, ∗∗ p<0.01, ∗ ∗ ∗ p<0.001. Standard errors are clustered at the
hearing-level. In all regressions, issue-, committee-, and president-fixed effects and
other control variables are included.

bureaucratic witnesses, and run the same specification as in equation (3) to examine whether there

is an effect of divided government and president’s out-partisan on the provision of analytical in-

formation. Table 3 presents the regression results for non-bureaucratic witnesses.27 Divided gov-

ernment is associated with less analytical information shared by non-bureaucratic witnesses in

legislative hearings but we do not observe the same pattern in oversight hearings. Importantly,

there are no statistically significant effects of the variable President Out-Partisan on the sharing

27With non-bureaucratic witnesses, we include witness type FEs (16 different types, such as corporations, nonprof-
its, and think tanks and academics) instead of agency FEs. A full regression result is provided in Appendix Table
A8.
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of analytical information by non-bureaucratic witnesses. This is in stark contrast to the previous

results for bureaucratic witnesses, where the same variable has statistically significant, negative

effects. Similarly, when we use the total number of words in each interaction as the outcome, we

do not see the negative effect of the President Out-Partisan variable among non-bureaucratic wit-

nesses. Overall, this placebo test suggests that the interbranch relationship has a unique effect on

the behavior of bureaucratic witnesses in sharing analytical information with committee members.

Table 3: Non-Bureaucratic Witnesses’ Provision of Analytical Information

Legislative Oversight

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

Divided Government -0.437∗∗ -0.310
(0.145) (0.204)

President Out-Partisan -0.0759 0.0375 0.0959 -0.0893 -0.0174 0.0625
(0.105) (0.151) (0.223) (0.156) (0.218) (0.313)

Witness Type, Issue, Committee, President FEs ✓ ✓

Witness FE ✓ ✓ ✓ ✓

Bureaucrat Appeared in Hearing ✓ ✓

Mean Outcome Measure 35.3 35.3 35.9 35.5 35.5 35.9
N 52217 52217 27401 28168 28168 14265
adj. R2 0.216 0.326 0.331 0.225 0.340 0.343

Notes: ∗ p<0.05, ∗∗ p<0.01, ∗∗∗ p<0.001. Standard errors are clustered at the hearing-level. Columns (3) and (6) present
the results for the hearings where non-bureaucratic witnesses appeared along with at least one bureaucratic witness.

6 Conclusion

In democracies, the people who make the laws are not those who implement the laws. This divi-

sion of labor results in disparities in the levels of knowledge and expertise between legislators and

bureaucrats. Information about policy implementation and its costs and consequences is gained

through on-the-ground working experience in the bureaucracy; legislators must rely on searching

for and acquiring that information. Compared to members of Congress, bureaucrats are closer to

policy implementation, and thus gain more expertise and specialized information. Scholars have

documented and theorized about the informational advantage held by bureaucrats, but the ques-
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tion of what affects the exchange of information between bureaucrats and Congress has remained

unanswered, especially empirically.

Using a new dataset that provides—for the first time—the federal agency affiliation, appoint-

ment type, and agency-level characteristics for each bureaucrat who testified in Congress over the

span of decades of congressional history, we find that the partisan alignment between the bureau-

cracy and Congress has a significant effect on the information shared between bureaucrats and

Congress. Under divided government, significantly less analytical information is transmitted be-

tween the two branches during committee hearings—a pattern that persists in both legislative and

oversight hearings. Moreover, when examining pair-level interactions between bureaucrats and

members of Congress, less analytical information is likely to be contained in a given bureaucrat’s

responses to questions from presidential out-partisans than their responses to questions from the

presidential co-partisans, even after controlling for features of those questions. We also find that

significantly less analytical information is shared when the bureaucrat is a political appointee and

is asked by presidential out-partisans in oversight hearings.

Our research and new data provide a refreshed foundation for continued work on the inter-

branch relationship between bureaucrats and Congress. As we show, the partisan alignment be-

tween Congress and bureaucrats has important implications for the information that members of

Congress collect through hearings. Even though the majority party in Congress holds more over-

sight hearings under divided government to monitor the executive branch, the quality and quantity

of information that members of Congress could receive from bureaucratic witnesses might be lower

than under unified government. Divided government has become more common in recent decades,

and this implies that the amount of analytical information for policy production that is shared

between Congress and the executive branch through hearings could diminish significantly.

Congress relies heavily on information provided by the executive branch to make policy de-

cisions with far-reaching consequences—especially concerning complex scientific issues facing

society today, such as climate change or pandemic response. Thus, understanding what affects

information sharing within government—between bureaucrats, one of Congress’s best sources of
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policy information, and Congress—is paramount. Future research should examine how the effect

of partisan misalignment on the provision of analytical information from bureaucrats through hear-

ings might affect politicians’ other choices for acquiring information from the executive branch.

For example, Congress has the statutory authority to request a variety of reports from the executive

branch, ranging from descriptive reports documenting agency activities to studies and evaluations

on emerging issues such as artificial intelligence (Egar 2020). Although these reports from the

executive branch could help the legislative branch become better informed, excessive requests

from Congress could be a burden on bureaucrats and reduce their capacity for other responsibili-

ties (Fahrenthold 2014). A fruitful extension of this study would be to examine various legislative

tools available to Congress to access executive branch information, and how the partisan alignment

between the two branches of the government affects the choice of tool or channel.
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Figure A1: Share of Oversight Hearings among Hearings that Featured Bureaucrats
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Figure A2: Types of Bureaucratic Witnesses Over Time
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Notes: The figure shows the number of career vs. political appointees among bureaucratic wit-
nesses for the period 1977-2014 in the House hearings. We combine the executive departments
and independent agencies.

Figure A3: Share of Political Appointees Over Time
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Notes: The figure shows the share of political appointees among bureaucratic witnesses for the
period 1977-2014 in the House hearings. We combine the executive departments and indepen-
dent agencies.

A2



Table A1: Distribution of Major Issue Areas that Featured Bureaucrats

Legislative Oversight

Rank Issue Percent Issue Percent

1 Defense 9.18 Defense 14.97
2 International Affairs 9.13 Government Operations 12.56
3 Domestic Commerce 8.53 Domestic Commerce 7.53
4 Government Operations 8.25 International Affairs 7.06
5 Health 7.43 Transportation 6.7
6 Environment 7.31 Health 6.38
7 Energy 6.01 Public Lands 6.24
8 Public Lands 5.88 Energy 5.32
9 Transportation 5.38 Environment 5.03
10 Law and Crime 4.74 Law and Crime 5.01
11 Technology 4.69 Technology 4.89
12 Agriculture 3.73 Agriculture 4.41
13 Foreign Trade 3.33 Macroeconomics 3.07
14 Labor 3.08 Housing 2.12
15 Macroeconomics 2.91 Labor 1.77
16 Housing 2.38 Civil Rights 1.65
17 Education 2.35 Social Welfare 1.51
18 Civil Rights 2.24 Foreign Trade 1.5
19 Social Welfare 2.17 Education 1.29
20 Immigration 1.28 Immigration 0.98

Total Hearings 17,958 6,742

Notes: We use the hearings in the House for 1977-2014 to present the statistics on major issues for
hearing topics. Unit of observation is at hearing-level.

Table A2: Summary Statistics of the Members’ Questioning Styles

Divided Unified

Variable Co-Partisan Out-Partisan Co-Partisan Out-Partisan

Grandstanding Score 44.8 42.9 43.4 45.5
Positive Tone Share 0.28 0.24 0.29 0.24
Neutral Tone Share 0.56 0.58 0.57 0.58
Negative Tone Share 0.16 0.18 0.14 0.18
Analytical Word Count 5.9 4.8 5.4 6.0
Word Count 131 109 123 133

N 14,716 23,088 14,115 9,883

Notes: The numbers indicate the mean value for each variable. Unit of observation is at member-
bureaucrat-hearing level.
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Table A3: Summary Statistics of the Variables at the Pair Level

Variables N Mean SD Min Max

Panel A: Bureaucratic Witness Analysis
Divided Government 61802 0.61 0.49 0.00 1.00
Analytical Score 61802 33.48 9.33 12.96 64.61
Number of Word (Bureaucrat) 61802 152.01 155.21 11.00 2603.00
Political Appointee 61802 0.35 0.48 0.00 1.00
President Out-Partisan 61802 0.53 0.50 0.00 1.00
Majority 61802 0.60 0.49 0.00 1.00
Committee Chair 61802 0.16 0.36 0.00 1.00
Ranking Member 61802 0.06 0.24 0.00 1.00
Ideological Extremism (Member) 61802 0.16 0.13 0.00 1.01
LES 61802 1.20 1.63 0.00 18.69
Grandstanding Score 61802 43.91 11.99 6.12 93.11
Share of Positive Tone 61802 0.26 0.28 0.00 0.99
Share of Neutral Tone 61802 0.57 0.25 0.00 0.98
Share of Negative Tone 61802 0.17 0.18 0.00 0.98
Analytical Word Count (Member) 61802 5.38 5.81 0.00 106.00
Number of Word (Member) 61802 121.79 120.98 10.00 1679.00
Subcommittee 61802 0.63 0.48 0.00 1.00
Referral Hearing 61802 0.10 0.29 0.00 1.00
Number of Witness 61802 5.64 4.49 1.00 76.00
Agency-Committee Ideological Difference 53358 0.93 0.65 0.00 2.65

Panel B: Non-Bureaucratic Witness Analysis
Divided Government 87261 0.58 0.49 0.00 1.00
Analytical Score 87261 35.44 11.03 11.80 67.59
Number of Word (Bureaucrat) 87261 212.15 238.15 10.00 3564.00
President Out-Partisan 87261 0.53 0.50 0.00 1.00
Majority 87261 0.65 0.48 0.00 1.00
Committee Chair 87261 0.26 0.44 0.00 1.00
Ranking Member 87261 0.06 0.24 0.00 1.00
Ideological Extremism 87261 0.17 0.13 0.00 1.01
LES 87261 1.46 1.90 0.00 18.69
Grandstanding Score 87261 42.30 13.50 3.05 94.08
Share of Positive Tone 87261 0.30 0.32 0.00 0.99
Share of Neutral Tone 87261 0.56 0.29 0.00 0.98
Share of Negative Tone 87261 0.14 0.19 0.00 0.98
Analytical Word Count 87261 4.48 6.06 0.00 317.00
Number of Word (Member) 87261 106.85 124.58 8.00 4817.00
Subcommittee 87261 0.71 0.45 0.00 1.00
Referral Hearing 87261 0.19 0.39 0.00 1.00
Number of Witness 87261 7.99 9.43 1.00 127.00

Notes: Unit of observation is bureaucrat-politician pair in a given hearing conditional on at least one
interaction. The data covers the hearings in the House of Representatives for 1997-2014.
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Table A4: Bureaucratic Witnesses’ Provision of Analytical Information: Including All Political
Appointees

Legislative Oversight

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

Divided Government -0.932∗∗∗ -0.728∗∗∗ -0.945∗∗∗ -0.891∗∗∗

(0.183) (0.166) (0.195) (0.175)
President Out-Partisan -1.164∗∗∗ -1.039∗∗∗ -1.084∗∗∗ -1.253∗∗∗ -1.013∗∗∗ -1.045∗∗∗

(0.151) (0.141) (0.167) (0.168) (0.155) (0.174)
Political Appointee 0.233 -0.194 0.705∗∗ 0.148

(0.198) (0.186) (0.216) (0.197)
President Out-Partisan X -0.674∗∗ -0.388 -0.314 -1.099∗∗∗ -0.694∗∗ -0.789∗∗

Political Appointtee (0.224) (0.207) (0.246) (0.235) (0.217) (0.242)

Committee, Issue, President FEs ✓ ✓ ✓ ✓ ✓ ✓
Agency FE ✓ ✓ ✓ ✓
Witness FE ✓ ✓
Member Question Controls ✓ ✓ ✓ ✓
Mean Outcome Measure 33.3 33.3 33.3 33.5 33.5 33.5
N 30117 30117 30117 27401 27401 27401
adj. R2 0.081 0.180 0.307 0.106 0.199 0.320

Notes: ∗ p<0.05, ∗∗ p<0.01, ∗ ∗ ∗ p<0.001. Standard errors are clustered at the hearing-level. Member-
and hearing-level control variables are included in the regression but not presented in the table. The Political
Appointee variable includes all types of political appointees: PAS, PA, and C.

Table A5: (ln) Number of Word in Bureaucrats’ Statements as an Outcome

Legislative Oversight

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

Divided Government -0.140∗∗∗ -0.117∗∗∗ -0.135∗∗∗ -0.127∗∗∗

(0.0164) (0.0145) (0.0179) (0.0152)
President Out-Partisan -0.120∗∗∗ -0.102∗∗∗ -0.107∗∗∗ -0.108∗∗∗ -0.0832∗∗∗ -0.0828∗∗∗

(0.0130) (0.0118) (0.0141) (0.0147) (0.0133) (0.0152)
Political Appointee 0.0651∗∗∗ 0.00140 0.0935∗∗∗ 0.0176

(0.0181) (0.0162) (0.0191) (0.0165)
President Out-Partisan X -0.0333 -0.00449 0.000424 -0.0853∗∗∗ -0.0377∗ -0.0558∗∗

Political Appointtee (0.0213) (0.0188) (0.0228) (0.0215) (0.0189) (0.0215)

Committee, Issue, President FEs ✓ ✓ ✓ ✓ ✓ ✓
Agency FE ✓ ✓ ✓ ✓
Witness FE ✓ ✓
Member Question Controls ✓ ✓ ✓ ✓
(ln) Mean Outcome Measure 4.6 4.6 4.6 4.6 4.6 4.6
N 30117 30117 30117 27401 27401 27401
adj. R2 0.131 0.255 0.356 0.139 0.267 0.370

Notes: ∗ p<0.05, ∗∗ p<0.01, ∗ ∗ ∗ p<0.001. Standard errors are clustered at the hearing-level. Member- and
hearing-level control variables are included in the regression but not presented in the table.
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Table A6: Bureaucrat’s Provision of Analytical Information: Divided vs. Unified Government

Divided Unified

(1) (2)

President Out-Partisan -1.028∗∗∗ -0.870∗∗

(0.198) (0.300)
President Out-Partisan X -0.909∗∗ -0.435
Political Appointtee (0.295) (0.457)

Witness FE ✓ ✓

Member Question Controls ✓ ✓

Mean Outcome Measure 33.1 34.5
N 19108 9041
adj. R2 0.338 0.272

Notes: The sample is oversight hearings in the House. ∗ p<0.05, ∗∗
p<0.01, ∗ ∗ ∗ p<0.001. Standard errors are clustered at the hearing-
level. Member- and hearing-level control variables are included in the
regression but not presented in the table.

Table A7: Bureaucrats from the Executive Departments vs. Independent Agencies

Executive Department Independent Agency

(1) (2) (3) (4)
Legislative Oversight Legislative Oversight

President Out-Partisan -1.170∗∗∗ -1.011∗∗∗ -1.200∗∗∗ -1.367∗∗∗

(0.180) (0.196) (0.303) (0.319)
President Out-Partisan X -0.159 -0.787∗∗ -0.120 -0.681
Political Appointee (0.301) (0.291) (0.481) (0.485)

Witness FE ✓ ✓ ✓ ✓

Controls ✓ ✓ ✓ ✓

Mean Outcome Measure 33.4 33.7 33.1 33.2
N 23045 21201 7072 6200
adj. R2 0.309 0.315 0.301 0.340

Notes: ∗ p<0.05, ∗∗ p<0.01, ∗ ∗ ∗ p<0.001. Standard errors are clustered at the hearing-
level. Member- and hearing-level control variables are included in the regression but not
presented in the table.

A6



Table A8: Non-Bureaucratic Witnesses’ Provision of Analytical Information

Legislative Oversight

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

Divided Government -0.437∗∗ -0.310
(0.145) (0.204)

President Out-Partisan -0.0759 0.0375 0.0959 -0.0893 -0.0174 0.0625
(0.105) (0.151) (0.223) (0.156) (0.218) (0.313)

Majority 0.686∗∗∗ 0.531∗∗ 0.597∗ 0.527∗∗ 0.203 0.380
(0.121) (0.170) (0.258) (0.169) (0.227) (0.334)

Committee Chair 4.248∗∗∗ 4.682∗∗∗ 4.562∗∗∗ 4.797∗∗∗ 5.471∗∗∗ 4.900∗∗∗

(0.148) (0.210) (0.304) (0.215) (0.281) (0.404)
Ranking Member 0.454∗ 0.633∗ 0.0844 0.965∗∗∗ 1.278∗∗∗ 1.161∗

(0.217) (0.302) (0.467) (0.266) (0.374) (0.561)
Ideological Extremism -0.922∗ -0.690 -0.182 -1.134∗ -0.933 -1.388

(0.409) (0.581) (0.882) (0.547) (0.753) (1.183)
LES 0.0891∗ 0.0603 -0.0423 0.118∗ 0.0630 0.0102

(0.0389) (0.0572) (0.0879) (0.0508) (0.0672) (0.103)
Subcommittee 0.887∗∗∗ 1.368∗∗∗

(0.163) (0.208)
Referral Hearing 0.00222 0.229

(0.150) (0.276)
Number of Witness 0.0375∗ 0.0372∗∗∗

(0.0170) (0.00930)
Grandstanding Score -0.159∗∗∗ -0.132∗∗∗ -0.152∗∗∗ -0.166∗∗∗ -0.140∗∗∗ -0.159∗∗∗

(0.00624) (0.00908) (0.0138) (0.00794) (0.0104) (0.0161)
Share of Positive Tone 9.223∗∗∗ 7.997∗∗∗ 8.307∗∗∗ 8.801∗∗∗ 7.678∗∗∗ 7.988∗∗∗

(0.206) (0.309) (0.469) (0.277) (0.397) (0.613)
Share of Negative Tone -0.501 -0.260 -0.689 -0.235 0.0599 0.305

(0.277) (0.396) (0.641) (0.366) (0.519) (0.820)
Analytical Word Count 0.0515∗ 0.0877∗∗ 0.00350 0.111∗∗∗ 0.152∗∗∗ 0.119∗

(0.0222) (0.0327) (0.0491) (0.0239) (0.0332) (0.0538)
(ln) Number of Word 0.0140∗∗∗ 0.0119∗∗∗ 0.0164∗∗∗ 0.0130∗∗∗ 0.0109∗∗∗ 0.0127∗∗∗

(0.00104) (0.00149) (0.00227) (0.00133) (0.00186) (0.00306)

Witness Type, Issue, Committee, President FEs ✓ ✓
Witness FE ✓ ✓ ✓ ✓
Bureaucrat in Hearing ✓ ✓

Mean Outcome Measure 35.3 35.3 35.9 35.5 35.5 35.9
N 52217 52217 27401 28168 28168 14265
adj. R2 0.216 0.326 0.331 0.225 0.340 0.343

Notes: ∗ p<0.05, ∗∗ p<0.01, ∗∗∗ p<0.001. Standard errors are clustered at the hearing-level.
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B Heterogeneous Effects
We examine whether the effect of partisan alignment on bureaucrats’ provision of analytical in-
formation varies by issue polarization, types of committees, and the presidents’ issue priorities.
First, for issue polarization, we create a vote-based measure of issue polarization for 20 major
issue areas, defined by the Comparative Agenda Project (Baumgartner and Jones 2015). Within
each issue area, for each passage or amendment roll-call vote, we calculate the percentage of each
party voting yea for these roll call votes and then calculate the absolute difference between these
percentages. We take the mean of these absolute differences across all roll-call votes in that issue
area in a given Congress to generate the issue polarization score by issue and Congress.

Then, for each Congress, we divide the issues into three groups (Bottom, Middle, and Top)
based on the degree of polarization between Democrats and Republicans. We merge the Congress-
specific issue polarization score to our hearing data based on the major issue code for each hearing.
Then, we run separate regressions of equation (3) with witness FEs for three different groups based
on the issue polarization categories. Figure A4 shows that the regression coefficients of the variable
President Out-Partisan and bureaucrats provide significantly less analytical information when they
appear in hearings that address highly polarized issues and this pattern is more salient in legislative
hearings.

We also examine whether the effect of the partisan alignment varies by the types of committees.
Deering and Smith (1997) divide committees into three types: (1) prestigious (Appropriations,
Budget, Rules, and Ways and Means); (2) policy (Financial Services, Education and Labor, Energy
and Commerce, Foreign Affairs, Judiciary, Government Oversight); and (3) constituency service
(Agriculture, Armed Services, Natural Resources, Science, Small Business, and Veterans Affairs).
Figure A5 shows the coefficients of the President Out-Partisan variable on bureaucrat’s provision
of analytical information across different types of committees. The negative effect of partisan
misalignment is larger in prestigious and policy committees than constituent service committees
and this pattern is more salient in legislative hearings.
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Figure A4: Heterogeneous Effects of “President Out-Partisan” by Issue Polarization
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Figure A5: Heterogeneous Effects of “President Out-Partisan” by Committee Type
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C Measuring Analytical Information

C.1 Coding Instructions for MTurk Workers
This task involves reading two statement excerpts made by witnesses invited to testify at congres-
sional committee hearings held from 1997 to 2018. Researchers will use your responses to better
understand the “tone” of each statement.

Your job is to read both statements and select the one that is relatively more analytical.
To give you some background knowledge, congressional committees hold hearings to collect

policy-relevant information from external experts, bureaucrats, citizens or any groups that can be
affected by policies that committees consider (e.g. trade associations, farmers, veterans, etc.).

In a typical hearing, witnesses give an opening statement and then answer questions that com-
mittee members ask during the Q and A session. Witness testimonies transmit various types of
information to committee members (e.g. analytical information, political information on prefer-
ences of certain group of people, etc.). Our study specifically focuses on identifying and measuring
analytical information that witnesses provide. To do so, you will help us by comparing two ran-
domly selected excerpts from witness testimonies and choosing the one that sounds relatively more
analytical.

We define a testimony as analytical if it contains statements that are fact-based, objective or
research/data driven. In contrast, a non-analytical testimony tends to contain statements that are
based on personal experience or opinion (which scholars call “ordinary knowledge” as opposed to
“expert knowledge”), subjective, or normative.

Your performance will be monitored as you complete these HITs. We will reject all work
done by workers who provide poor quality answers.

Do not allow your own political opinion to influence your decision. Your goal is to select the
statement that other workers would also recognize as more analytical.

A statement is analytical if it is . . .
1) Fact-based
2) Verifiable (Based on research or data driven analysis)
3) Objective

(Example) Fact-based statement:
“I have over 27 years of experience in the field of community and economic development. The

authority I represent has approximately 1,300 public housing units. We administer 4,600 housing
choice vouchers. We manage market-rate units and two office buildings. In 2010, we opened our
housing choice voucher waiting list for only 5 days and received over 6,000 applications. Our
public housing waiting lists are currently at 130 percent of our total units.”

(Example) Verifiable (Based on research or data driven analysis):
“The available evidence indicates that the response of individuals to increasing amounts of

THC is much more variable than it is for alcohol, so with alcohol, we have a considerable body
of evidence that can place risk odds at increasing levels of blood alcohol content. For example,
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.08 blood alcohol content is associated with about four times the crash risk of a sober person.
The average arrest is .15 THC. That’s associated with about 15 times the crash risk. Beyond a–
some broad confirmation that higher levels of THC are generally associated with higher levels of
impairment, a more precise association of various THC levels and degrees of impairment are not
yet available.”

“There are several options in some of the background in the literature, everything from taking
a budget level and determining what different levels of performance you can get for that same
budget amount versus different levels of performance for different budget level amounts versus
cost agency or even intraagency tradeoffs among requirements and budget responsibilities. So,
what we need to do from a piloting standpoint is look at these and say how can we test those
theories in various ways.”

(Example) Objective:
“When projects are authorized, when there is a Chief’s Report and the Congress authorizes a

project, the economic analysis that is done on that calculates a benefit to cost ratio. And that benefit
to cost ratio is based on a 3.125 discount rate.”

A statement is non-analytical if it is . . .
1) Opinion-based/Normative
2) Anecdotal or experiential (Based on personal experience)
3) Subjective or preferential (Revealing preferences of certain groups)
4) Procedural statements
5) All the statements that do not contain analytical information as defined earlier

(Example) Opinion-based/normative:
“We should do it this year. But we should adjust the system so that we get ready for 2017 when

more money is going out than coming in, and we can do it.”

(Example) Anecdotal or experiential (Based on personal experience):
“When Michael came home that night and I confronted him and was talking to him, he had eye

contact like we do now. But when he was sitting on the sofa and nobody was confronting him, he
was comatose. He was in the ozone. He was sitting with his mouth hanging open, staring at the
door. I knew that there was something wrong with him that night. I could tell that he had taken
something.”

“I guess we mistakenly believed that it was a secret location, and the only people who knew
about it were the EOD staff from both SFPD, the FBI and the Sheriff’s Office. Unbeknownst to us,
this particular individual, and I won’t say too much, but was a plumber in that area and apparently
had seen the officers going into that area and perhaps followed them in.”

(Example) Subjective or preferential (Revealing preferences of certain groups):
“–that we try to organize that under FEHB because there has been a concern from the employ-

ees of not moving away from FEHB. From our perspective, we’re okay to wait, as long as we get
the savings. The savings are what’s key to us. If I could put a chart up here.”
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(Example) Procedural statements:
“Thank you very much, Mr. Souder, and your staff for helping to deal me in today. I found out

about this yesterday morning, and I’m pleased to be here. I am a former college administrator and
teacher. My name is Dean, but I was one once.”

In summary, consider that all statements can be placed on a continuum ranging from 0 to
100, where 0 is the most extreme non-analytical statement and 100 is the most extreme analytical
statement. Some statements can be a mixture of analytical and non-analytical statements; some
may be moderately analytical. Consider that these instances can be placed between the two extreme
ends of the continuum.

For each HIT, you will receive two speech extracts. Your task is to read both and select which
of the two statements is more analytical in the following manner:

If statement A is. . . If statement B is. . . Then, choose
Analytical Non-analytical Statement A
Analytical Analytical The one that is more explicitly factual/verifiable/objective
Non-analytical Non-analytical The one that is more explicitly opinion-based/experiential/subjective

Please read each statement carefully and judge each by the standards listed above and the
information in the text. DO NOT make your judgments on your own knowledge of a person or a
policy in question or on definitions of analytical and non-analytical statements different from those
listed above.

Your performance will be monitored as you complete these HITs. We will reject all work done
by workers who provide poor quality answers.

This training module has two parts.
In Part 1, we will provide 5 practice HITs followed by instructions about how the statements

need to be coded.
In Part 2, we will give you 5 test HITs to complete. To receive qualification for the Compare

Witness Testimony task 2022, you must complete 4 out of 5 of these test HITs correctly.

C.2 Labeling Process
The sampling of the training paragraphs was a two-stage process. First, we originally planned sam-
pling 3,300 paragraphs from the corpus of witness testimonies. To do this, we randomly selected
3,300 hearings and took only the witness testimonies. To facilitate online workers’ comparison of
paired paragraphs, the length of paragraphs to constitute the training set was controlled through
the following process: 1) For the statements containing multiple paragraphs and more than 150
words, we divided each statement into paragraphs, but we skipped the paragraphs containing less
than 50 words to keep them together with the following paragraph so it was long enough; 2) then,
the paragraphs containing less than 50 words or more than 150 words were removed. From the
remaining paragraphs, we randomly selected 3,300 paragraphs. Each paragraph appeared 20 times
in the pair-wise comparisons generating 33,000 comparison tasks or HITs. Using the online work-
ers’ binary choices on these tasks and the labelR software (Carlson and Montgomery, 2017),
we fit a Bradley-Terry model to generate a continuous, human-coded score or label for the 3,300
paragraphs.
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However, our machine learning models fit on the random sample of the 3,000 paragraphs could
not predict the rest of the 300 paragraphs well. We suspected that this is because the training set did
not contain enough variation in the analytical information. Indeed, when we measure this concept
using the dictionary of analytical information used in Ban, Park, and You (2023), the measurement
has a highly skewed distribution with few statements scoring high. To solve this issue, we decided
to repeat the labeling procedure by over-sampling the statements containing the words in their
dictionary.

In the second stage, we used random-block sampling to select 1,000 paragraphs to be labeled.
For the pre-processed paragraphs from the 3,300 hearings, we computed the proportion of analyt-
ical words in the dictionary. Then, we partitioned the paragraphs into four blocks based on this
preliminary measurement with three cut-points: 0.05, 0.1 and 0.15. The number of blocks and the
cut-points were selected to ensure that we had a high enough number of statements in the block
with the highest proportion of analytical words when the equal number of statements are selected
for each block. Then, we randomly selected 250 statements for each of the four blocks.

In doing so, we included statements that were labeled in the first stage so they could be used as
a bridge to help the Bradley-Terry model learn the relative strength of the analytical information
for the paragraphs that were labeled only in the first stage and those labeled only in the second
stage. As the paragraphs labeled in the first stage were mostly populated in the blocks featuring
low proportions of analytical words, we sampled 150 paragraphs of them for each of the first and
second blocks. This renders 100 new paragraphs to be randomly selected for these two blocks. For
the third block, we included all 66 paragraphs from those labeled in the first stage and selected 184
new paragraphs. For the fourth block with the proportion of analytical words to be greater than or
equal to 0.15, all five paragraphs from those labeled in the first stage and 245 new paragraphs were
included. In summary, 371 paragraphs from the first labeling process and 629 new paragraphs
were labeled in the second phase.

Then, we fit a Bradley-Terry model on the combination of all the 43,000 HITs collected from
the first and second phases to generate our human-coded score of the analytical information for the
3,929 paragraphs.

C.3 Learning and Predicting the Analytical Information
First, we pre-processed the corpus by lowercasing, removing stop words, and stemming. However,
we decided to keep numbers as they can be an important feature of analytical information. Also,
we included both unigrams and bigrams as we confirmed that the prediction performance of the
model improved by including bigrams in addition to unigrams. For this test, Kernlab’s support
vector machine was used as it quickly fits and has relatively high prediction performance.

Second, we constructed document-level matrices using two approaches: term-document fre-
quency (TDF) and doc2vec. For the TDF matrix, we included only the most frequent 2,000 terms
due to the large size of our corpus.

Third, we randomly selected 3,500 paragraphs as a training set and held out 429 paragraphs to
validate the final model. Using the paragraphs in the training set, we fit the four best performing
machine learning models out of the six used in Park (2021) as our data and her data are from
the same source: House hearing transcripts. The four models are support vector machine (SVM),
Kernlab’s support vector machine (KSVM), LASSO, and Gradient Boosting Machine (GBM).
These models were fit on each of the two document matrices totaling eight models. The tuning
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parameters for each of the eight models were chosen through a grid search. For this, Kernlab’s
support vector machine was used.

Fourth, we used the EBMAforecast R package (Montgomery, Hollenbach, and Ward, 2012)
to conduct ensemble Bayesian model averaging to reach a final model that basically aggregates
all eight models by assigning weights to them to optimize the model prediction. Montgomery,
Hollenbach, and Ward (2012) reports that this method achieves better model prediction than any
single best machine learning model. Six models received non-zero weights. Table A9 presents the
tuning parameters and weights assigned for each of the eight models.

Table A9: Machine Learning Models

Document Matrix Model Parameters Weight
TDF SVM cost = 2 0.132
TDF KSVM epsilon = 0.1 0.164
TDF LASSO nlambda = 200 0.172
TDF GBM shrinkage = 0.1 0.061
Doc2vec SVM cost = 2 0
Doc2vec KSVM epsilon = 0.1 0.291
Doc2vec LASSO nlambda = 200 0
Doc2vec GBM shrinkage = 0.1 0.181

Using the final model, we predicted the score for the entire corpus and rescaled the score to
range from 0 to 100.

C.4 Validation of the Measurement
This section validates the measurement statistically and substantively. First, to validate the human-
coded labels substantively, below we present the five most analytical and least analytical para-
graphs from the human-coded set.

C.4.1 The most analytical paragraphs (in descending order)

[1] “I can probably take that, sir. For MIDRP, there is about $430,000. For the specific on wound
infections, there is $895,000. U.S. Navy wound infection research also gets money. I don’t have
the exact number right here. USUHS has a little over $4 million. For congressional special interest
projects on wound infection, there is almost $12 million. SBIR project is about $3.7 million. Dr.
Smith spoke about the Defense health programs and then war supplemental intermural projects,
there is about another $2.5 million, sir.”

[2] “I’m not sure I have those numbers for seven years. I can tell you that during the last two
years, that number is in the range of $147 million of State money. That includes a Clean Water
Management Trust Fund. We put about 6.5 percent of remaining funds after the budget is complete
into a fund and that’s anywhere from $40 to $50, $55 million a year. And, in addition to that, we
just, of course, passed the Clean Water Responsibility Act. We’ve significantly increased our ag
share program, working with the farmers on BMPs and so forth; so, $147 million if you total that.”

[3] “Early data for cyber Monday 2017 by Adobe Analytics indicate that, collectively, shoppers
spent almost $3.4 billion on online purchases, a 17 percent increase over last year. Looking at
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the underlying data, over 50 percent of the virtual store visits and 40 percent of the revenue were
made from tablets or smartphones, an increase of 20 percent and 41 percent respectively over last
year. This could indicate that the online shopping experience is becoming more frictionless and
shoppers are feeling more secure with online transactions.”

[4] “The official service cost position for production is $39.8 billion. As I explained, sir, while you
were out, we put together what’s called an, we used the Air Force cost analysis group to develop
the service cost position. The group, in doing their analysis and developing an official cost estimate
for this program, estimated the cost at $40.8 billion, which included $1 billion of risk in the out
years, of risk that was unidentified. Without that $1 billion for risk, the estimate is $39.8 billion.”

[5] “Mr. Taylor, I believe I have an answer to your question. In 2004, the two polar icebreakers
cost over $3 million in fuel costs, $3,039,000. In 2005, both the Polar Star and Krasin together
cost $1,720,000 for fuel. Breaking that down, the Polar Star which had limited service during that
campaign, the fuel cost was $1,057,000, and the cost of the fuel for the Krasin was $662,739.”

C.4.2 The least analytical paragraphs (in ascending order)

[1] “OK. I will wrap it up there. With that, I just want to thank you. And I appreciate the opportu-
nity to be here today. This is something I am very passionate about, and I have a lot more I want
to share, but a lot of it is in my written testimony. So I appreciate the opportunity, Mr. Chairman,
thank you.”

[2] “I do have a problem here and I do share my colleagues’ concerns with this situation in the
VA. And what is the consequence for those staff that are not reporting or are not taking their duty
as they should, they are not properly carrying out that responsibility, what is the consequence for
them directly?”

[3] “I would say yes and amen to that. There are other things that need to happen in addition to
that. I think not just middle class people are concerned about crime. All people are concerned
about crime. Poor people are concerned about crime as well. I think the way Jolice Wilson talks
about it is—-”

[4] “No, it is not my view of that sort at all. And I would be happy that they would be very well
paid. My only perspective is that, in terms of the constitutional purpose, our focus should be on the
production of output. Now, obviously, a well-compensated artist and musician class is probably
important for long-run copyright output of creative works—-”

[5] “I hadn’t heard that we had that problem before. You mentioned earlier the comment about the
dike. I wish I could say more, and I would like to get back to the Committee on that point. Just
so that I don’t give you an impression that it’s all OK or it’s all bad, I’d rather go back and talk to
my—-”
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The paragraphs that received the highest scores tend to present verifiable information frequently
referring to numeric figures whereas those scored the lowest points tend to be procedural state-
ments, normative statements presenting their perspectives, or statements expressing uncertainty
about a policy situation. Therefore, these two sets of paragraphs provide us with confidence that
the human-coding process was conducted by closely capturing the concept that we intended to
measure as described in the coding instructions.

Following the suggestions from Park and Montgomery (2024), we took an additional step to
validate the human-coded scores by constructing our own coding on a 5-point scale on a random
subset of 120 paragraphs that were labeled by online-workers. Then, we compared the crowd-
sourced score to our 5-point scale coding to double-check if the online workers coded paragraphs
in a way consistent with our conceptualization of analytical information. The Pearson correlation
coefficient between the two measurements is 0.906, which provides both statistical and substantive
validation of our human-coding process.

Second, we validated the analytical score predicted for the entire corpus. Below we present the
ten most and least analytical statements, respectively. As some of the most analytical statements
are extremely long, here, we report only those with 150 words or less.

C.4.3 The most analytical statements (in descending order)

[1] “For the joint NBC defense program, which is the program that I manage, in the area of very
basic research–this is laboratory-level research for chem-bio–about $33.2 million for fiscal year
2001; in the area of applied research, $73.6 million; for advanced development programs, $46.6
million; for what we call demonstration validation of the technologies, $83.8 million; for engi-
neering management development, which is actually putting the technologies into the widgets and
doing the final operational and developmental testing, $100.8 million; and for overall management
of the program, publication of doctrine, training requirements and the training base for chem-bio
defense, about $23.9 million, for a total of $361.9 million for research and development. But
probably more importantly, we are going to be spending $473.9 million to physically procure new
equipment and putting it into the hands of the warfighters in all of those areas I discussed–detection,
identification, early warning."

[2] “Congressman, Gosar, thank you. The total energy- related revenues to the Nation are nearly
100 percent. They are–well over 90 percent of the general revenue funds come from royalties,
taxes, right-of-way fees, projects related to that. And Navajo Oil and Gas themselves contribute
to 10 to 15 percent or more of that total revenue. The other comes from other energy companies,
and our rate is rapidly increasing. I may also comment that relative to the energy delays, our very
first Navajo Nation issues–what are called operating agreements, not standard BIA leases–the first
operating agreement that the Council approved took over 400 days for BIA approval. The more
recent one was still approximately nine months. These type of days, when the company paid out
in excess of $4 million to the Nation’s general fund for the rights to explore this land, are just
economic–huge economic hurdles that we have to overcome.”

[3] “This fiscal year we are increasing commodities to the Colombian police–aircraft parts, tools,
avionics, field investigative equipment–from $7.4 million to $12.6 million. Training is at $1.5
million. Aircraft operations and so on are doubling from $4.1 million to $8 million. Military assis-
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tance would involve $2.5 million in commodities, $1 million in training and $1.5 million in other
programs. Judicial sector reform, we are now picking up support for this very important program
of $250,000, and we’re providing aviation services. We will be providing aviation programs at $14
million, and in addition, new equipment this year involving UH-1H helicopters valued at $10.8
million, Bell 212 helicopters valued at $9 million, and OV-10 Bronco aircraft valued at $84 mil-
lion. So actually that is a total of $147.8 million.”

[4] “Chairman Walberg, first of all, the intent of this regulation is to extend the most basic eco-
nomic protections to this workforce–the minimum wage and overtime protections. Contrary to
your opening statement, the department estimates that the average analyzed costs to employers to
familiarize themselves with the regulation would total about $4.7 million over 10 years; and that
the increase or transfer of–of transfers to home–of wages to home health care workers in the form
of increased minimum wage protections would be approximately $16.1 million; the payment for
time spent traveling between patients, approximately $34.7 million; and the payment of overtime
premium for hours worked over 40 hour–40 hours in a work week would range between $0 and
$180 million per year, on average. So consequently, the impact of this regulation is not $2.8 bil-
lion; it is actually rather modest–a modest proposal to extend significant economic protections to
this workforce.”

[5] “Yes, sir. So, you know, the Corps receives appropriations in different accounts: investigations,
construction, and operations and maintenance. And so the numbers that you heard today are only
one–they only reflect the Operations and Maintenance account. They don’t reflect the Construction
and the Investigations account. When you look at all appropriations across all the business lines
in 2011, we had: $72.8 million allocated and spent for flood risk management; $15 million for
navigation; $61.4 million for hydropower; $13.3 million for environmental stewardship; $800,000
for water supply; $21.6 million for recreation; and $87 million for environmental restoration. So
that was last year’s budgeted and spent amount, sir.”

[6] “That would be terrific. That would be great. The last program I would like to mention real
quickly is the State Drinking Water Security Responsibility. Since the events of 2001 as well as
the more recent events, hurricanes, wildfires and floods, states have taken on exceptional measures
to meet the security and emergency response-related needs of the drinking water community. They
provided assistance, training, information and financial support to their water systems and con-
tinually work toward integrating security considerations into all aspects of their programs. The
appropriated level in fiscal year 2009 was about $5 million or a little less than $100,000 per state,
and states have a tough time understanding why that level has been flat-funded since 2002. And
so we respectfully request $7 million in fiscal year 2010 for funding state drinking water security
initiatives.”

[7] “I’m not sure I have those numbers for seven years. I can tell you that during the last two
years, that number is in the range of $147 million of State money. That includes a Clean Water
Management Trust Fund. We put about 6.5 percent of remaining funds after the budget is complete
into a fund and that’s anywhere from $40 to $50, $55 million a year. And, in addition to that, we
just, of course, passed the Clean Water Responsibility Act. We’ve significantly increased our ag
share program, working with the farmers on BMPs and so forth; so, $147 million if you total that.”
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[8] “Another initiative provides funding for ocean conservation. In the refuge program about
$400,000 will go to the Palmyra Atoll Research Consortium, and we would also put about $500,000
into the Marine Debris Campaign to help clean up. It is a very serious issue in our coastal refuges.
As part of the Department’s Safe Borderlands initiative, we have requested $1 million to add six
new law enforcement officers in refuges along the southwest border. This would take us from 26
to 32. Now I will turn to discussing our budget request for the Service’s programs. For the refuge
system, the budget sustains the funding increase of $35.9 million that Congress approved in 2008.
And given the difference between the 2008 President’s request and the 2009 President’s request, I
believe that your work last year made a significant impact on OMB to help us sustain that increase.”

[9] “The President’s budget mark for the CFTC was $130 million. The House Agriculture Sub-
committee for Appropriations recently gave us $135 million. As a result of their efforts, we have
asked on top of the $130 for an additional $27 million, $21 million to increase our staffing levels
by roughly 100 FTEs to get us up to historic levels of where we need to be. Second, the implemen-
tation of the farm bill requires us to regulate new markets, known as exempt commercial markets.
This Committee helped enact this provision that will require additional staff as well. And, so we
have asked for an additional $6 million on top of the $21 million for a total of $27 million.”

[10] “Yes. I have the notes of who the entities are. You have got–Health and Human Services
was $811 million of the amount. Education was $530 million. The USAID was $169 million.
Commerce was $15 million. Energy, $13 million. Labor, $9 million. NASA, $7 million. Then a
bunch of other ones were the rest. Keep in mind, our analysis excluded things like Medicaid. It
was only limited to certain grant systems, and we looked at the payment systems that were–these
were payments made, so $1.6 billion of payments made related to grant programs at those specific
agencies.”

C.4.4 The least analytical statements (in ascending order)

[1] “I guess I don’t know what to think of it. I was surprised by it. I believe that they are friends
and–but I don’t know.”

[2] “Well, there shouldn’t be any more. There shouldn’t be any more.”

[3] “Some of it was, some of it was not. Most of it was.”

[4] “Well, there are some that are. There are some that are not.”

[5] “Of which they do very, very well. They do it very, very well.”

[6] “I do, but I don’t have that with me. But we do.”

[7] “No, no, no. I won’t do that. No. That is for you all.”
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[8] “But you have to do it, and we are doing it.”

[9] “I do. I don’t have it with me, but I do.”

[10] “We did not have that here. We did not have that here.”

These examples are consistent with the features characterizing the most and least analytical
paragraphs that were labeled as shown above. This suggests that our machine learning models
successfully predicted the analytical scores validating our prediction process.

The statements scoring high tend to contain falsifiable statements frequently involving statisti-
cal information and explanations of where revenue and funding for the issue at hand originates.1

One additional aspect found here is that highly analytical statements tend to be longer than
non-analytical statements, which is not the case for labeled paragraphs because their length was
controlled to facilitate human coding. The relationship between the length of statements and their
scores is intuitive because the statements that are too short to convey any meaningful information
are likely to be evaluated as less analytical.

Finally, we take a further step to validate our final, predicted measurement for analytical infor-
mation. As we did for the human-coded set, we manually constructed a 5-point scale measurement
on a random subset of 120 statements in the corpus that were not labeled by assigning the highest
score to the most analytical statements. The correlation coefficient between our manual coding
and the analytical scores is 0.876 suggesting that the analytical score captures the concept that we
intended to measure very well.

1One concern may be that words relating to money or financial matters may bias the measurement of the analytical
score. While words relating to money or financial matters do correspond with higher analytical scores, this substan-
tively reflects the type of information that we want to measure for the concept of analytical information—executive
agencies are funded by Congress and a main source of discussion and technical information provision is on how agen-
cies’ budgets are used and the financial cost and impact of their programs. As such, we do not view the correspondence
between money- or financial-related words and high analytical information as a problem.
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