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Abstract

Members of Congress do not write their own bills—their staffers do. We estimate the
importance of personal staffers relative to the members of Congress that they work
for in the US House of Representatives. To do so, we develop an extension of the
AKM mover design to team settings where an individual’s output is unobserved, and
estimate the importance of staffers using both frequentist and Bayesian methods. We
consistently find that staffers account for 40% or more of the difference in legisla-
tive productivity between high and low performing offices. Conventional estimation
methods are either infeasible, or misspecified and deliver estimates less than half as
large. We also find that the production function between the team of staffers and the
Representative is close to Cobb-Douglas, that staffers moderate ideological extrem-
ism, and that staffers have the greatest impact when they focus on issues that are less
politically divisive.
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1 Introduction

Congress produces over 10,000 bills a year, passes over 500 of these into law, and controls
a 5 trillion dollar budget. Although the media typically highlights the importance of
Representatives and Senators in the production and passage of bills, their staffers are the
ones who draft the actual text of these bills (Fox and Hammond, [1977). How important
are these staffers?

Some scholars have argued that staffers are no more than “extensions” of their mem-
ber of Congress (Kingdon, (1989 DeGregorio| 1988), who are “bound” to them (Salisbury
and Shepsle, 1981; Hall and Deardorff, 2006), and whose value after leaving Congress is
the connection to the specific member they worked for (Blanes i Vidal et al., 2012 Bertrand
et al., 2014)—a theory of staffers as “pawns.” Others have argued that staffers can act au-
tonomously (Romzek and Utter, (1997), shape policy and originate legislation (Hagedorn,
2015} Crosson et al., 2020), and influence legislative productivity (Ommundsen, 2023)—a
theory of staffers as “puppetmasters.” In this paper, we quantitatively estimate the im-
portance of personal staffers relative to the members of Congress that they work for in
the US House of Representatives.

Although some Congressional staffers eventually achieve a degree of fame (for in-
stance, President Lyndon B. Johnson was a Congressional staffer from 1931 to 1937), the
vast majority of staffers work away from the limelight. Their names do not appear on
the bills that they write, making it difficult to quantitatively assess their importance to
the legislative process. We make progress on this question by extending the canonical
value added model (or mover design, Abowd et al| (1999)) to team settings where the
contribution of each individual is unobserved. With this team-based mover model, we
are able to estimate the extent to which legislatively productive offices are productive be-
cause of their staffers, as opposed to their Representatives. Specifically, we estimate the
share of differences between above and below median output offices that is attributable to
the team of staffers. We develop two novel strategies to estimate the model dynamically,
allowing us to estimate the staffer share in an event study, as well as test for pre-trends
and model misspecification. We also demonstrate how to estimate this team-based model
using Bayesian methods, allowing us to flexibly extend the model and study a number
of related questions of interest. Our Bayesian approach is suitable for the estimation of
nonlinear models in teams larger than 2, a problem that the prior literature has had dif-
ticulty tackling. This estimation framework can be applied to any setting featuring team
production where individual output is unobserved.

We focus our attention on personal staffers to Representatives of the House. Our core



tinding is that these staffers account for 40% or more of the share of differences in leg-
islative productivity between above and below median offices. Using a simple linear
decomposition, we estimate that the staffer share is roughly 50% for the production of
both bills and laws. When instrumenting for staffer movements using election turnovers
and leave-out migration flows, we estimate an even larger staffer share. We then estimate
dynamic effects, beginning by estimating the staffer share in an event study framework.
We find no evidence of pre-trends and estimate a staffer share of 40%. An alternative ex-
ercise shows that we can dynamically predict when staffers move using nothing but their
out-of-sample fixed effect; this validates our estimation procedure. We also find minimal
contamination or spillovers from other staffers or the Representative. Finally, we estimate
the staffer share using Bayesian methods. We once again estimate a staffer share of 40%.
Including non-movers back into the design only increases the staffer share. These results
collectively demonstrate the importance of staffers to the legislative process.

The Bayesian approach also allows us to estimate a variety of model extensions. We
begin by testing the extent to which different jobs facilitate the production of bills. Un-
surprisingly, we find that legislative-facing jobs facilitate the production of more bills.
More surprisingly, we find that Chiefs of Staff are uniquely incapable of converting their
inherent skill into legislation—they would contribute more to legislative output even in
non-legislation-facing jobs. We then estimate the return to experience in Congress and
tind that experience on the Hill increases the legislative productivity of Representatives
but not staffers, a finding consistent with the literature. We also find small but significant
gains from diversity of all kinds: ethnic, gender, educational, and prior work experience.
Next, we estimate a nested CES production function to uncover the relationship between
staffers and Representatives. We find that while staffers within an office are highly sub-
stitutable for one another, Representatives and their teams of staffers have a production
function that is much closer to Cobb-Douglas. This production function yields a sim-
ple test of potentially Pareto improving trades of staffers between offices. We find that
there are very few such Pareto-improving trades in the data, implying that the majority
of offices hire staffers in a sophisticated manner that accounts for both team and Repre-
sentative skills. Finally, we examine the role that staffers play in shaping the ideological
content of bills. Along the first DW-Nominate dimension (the conventional left-right ide-
ological axis), we find that Representatives account for nearly all of the variation, with
staffers playing a small role in moderating extreme offices. However, along the second
DW-Nominate dimension (capturing less partisan policy issues), staffers account for a
much more substantial 80% of the share in ideological differences. These results suggest
ways in which staffers new to Congress can quickly make an impact: by getting into leg-



islative positions, working for Representatives that have high intrinsic productivity, and
by focusing on policy issues outside of conventional partisan divides.

This paper directly contributes to three strands of literature. First, on the estimation
of individual effects in team environments. To the best of our knowledge, Chan (2021),
Bonhomme| (2021), Bergeron et al.| (2022), and |/Ahmadpoor and Jones| (2019) are the four
papers that tackle this question. None estimate a nonlinear model featuring an average
team size greater than 2. We provide a framework that can efficiently estimate individ-
ual effects for arbitrarily sized teams, and utilize it in the context of Congressional House
personal staffs, where teams can contain up to 18 staffers. Other studies, particularly in
healthcare, have estimated individual effects in team environments without estimating
the effect of an entire team: in Chen| (2021), the analysis focuses only on estimating the
effects of the ‘main’ physician on a team, while in Silver| (2021), physicians work individ-
ually on cases but may be influenced by other nearby physicians via peer effectsﬂ We
extend on a large literature that uses the mover design in value-added models (Abowd et
al., 1999) E| to settings where production occurs in teams and individual contributions are
unobserved.

Second, we contribute to the literature on the effect that Congressional staffers have on
the legislative process. In economics, attention has primarily focused on the “revolving
door” phenomenon and the impact of staffers-turned-lobbyists (Blanes i Vidal et al., 2012}
Bertrand et al., 2014)E| Political scientists have long debated the role that staffers play in
Congress. Some have claimed that they are little more than extensions of their member of
Congressﬁ while others have argued for their ability to independently influence the leg-
islative processﬂ While this work has been largely qualitative, recent work has focused
on documenting the role of staffers through controlled correlations: Leal and Hess (2004)
tinds that House freshmen are more likely to hire experienced staffers, while Crosson et
al|(2020) finds that experienced staff can help new members of Congress and committee
chairs, but not the average member of Congress. Ommundsen! (2023) finds that legisla-
tive output is higher in committees with experienced staff. Although we touch on the
effect of staffer experience on office productivity in Section 6.2 our primary contribution

is to estimate the individual effect of staffers and decompose the differences in legisla-

1 Also related are [Freund| (2024),Iranzo et al. (2008), and Weidmann et al.|(2024), who directly estimate
individual effects and take them into team environments.

2See|Finkelstein et al.[(2021);|Abowd et al.|(2008); Card et al.[(2013); Bender et al. (2018); Song et al.{(2019);
Cantoni and Pons| (2022); Chetty and Hendren|(2018), among many others.

“Other studies on the revolving door include Shepherd and You|(2020) and |Lazarus et al.|(2019).

4Gee, among others, Kingdon| (1989); [DeGregorio| (1988); |Salisbury and Shepsle (1981); [Hall and Dear-
dorff] (2006)

°See, among others, Fox and Hammond (1977); [Romzek and Utter|(1997); Hagedorn| (2015).



tive output between Congressional offices into the effect of staffers against the effect of
Representatives. Closest to us in this regard is|Montgomery and Nyhan| (2017), who find
that Congress members who exchange important staffers are more similar in legislative
effectiveness and ideology, though they do not propose an identification strategy. In ad-
dition to providing a design to causally identify staffer effects, we are also able to speak
to mechanisms that make certain staffers more effective than others.

Third, this study contributes to the broader question of how political appointees and
bureaucrats influence the government and economy. A central tension in democracies
is that while politicians are elected, appointees and bureaucrats are not, but they may
nonetheless shape policy (Aberbach et al., [1981). Political appointees have been found
to be influenced by partisan cycles (Spenkuch et al., Forthcoming), and efforts to re-
duce the partisan influence on bureaucrats have increased their productivity (Aneja and
Xu, Forthcoming). We contribute to this literature by documenting the extent to which
staffers may mitigate partisan divides and contribute particularly to less-partisan legisla-
tion. A rich literature has studied the structure and incentives of bureaucracies theoret-
ically (Niskanen, 1968; Besley and Persson, 2009; Gailmard and Patty, 2012) and empiri-
cally (see Vogler (2022); Dahlstrom and Lapuente (2022) for two reviews). We contribute
to this literature by estimating a production function of legislative output involving both
politicians and a team of appointees.

Section 2 of this paper provides additional background on personal staffers in the US
House and the legislative process. Section 3 lays out the datasets used. Section 4 contains
a framework for estimation in team settings where individual contributions are unob-
served, and is self-contained for readers interested in applying this frameworkﬁ Section
5 estimates the staffer share of differences using a linear decomposition, a dynamic spec-
ification, and Bayesian estimation. Section 6 extends the Bayesian analysis to uncover
the role that jobs, experience, diversity, within-team interactions, and ideology play in

shaping staffers’ legislative impact. Section 7 concludes.

2 Background

2.1 Personal staffers in the House

The modern US Congress employs over 17,000 staffers each year, spread across the many
functions of Congressﬂ In this paper, we focus on the personal staff of Representatives

JAppendix B|contains more estimation implementation details.

These include personal staff to members of Congress in both the House and Senate, committee staff in
both the House and Senate, agency staff for the Congressional Budget Office, Government Accountability
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of the House. These personal staff perform a variety of functions for their office: they
respond to constituent concerns by phone or (e-)mail, they write speeches and other
public-facing communication, they meet with lobbyists and organize their Representa-
tive’s schedule, and they write bills that may someday become law.

Staffer turnover is relatively high. The hours tend to be long, and pay relatively low.
In Table (1} we show that the average staffer is compensated at just under $45,000 per year.
Given the difficulties of the job, staffers often exit Congress after a few years of work. The
average staffer in our sample stays in Congress for just over 2 years, and often leaves the
Hill for lobbyist jobs. Given the high turnover in staffers, Representatives are constantly
on the search for new staffers to hire and fill old roles. Priority in hiring is typically
given to anybody with experience on the Hill, with private mailing lists distributing job
opportunities first before the general public is notified of job openingsﬁ

Offices in Congress tend to be highly hierarchical. We show a typical org chart for a
Representative’s office in Figure |1, Immediately reporting to the Representative them-
selves is the Chief of Staff, who in turn leads Directors in multiple domains—Legislation,
Communication, Outreach, etc. The Legislative Director (LD) typically has Legislative
Assistants or Legislative Aides (LAs) working for them, while Legislative Correspon-
dents (LCs) perform the lowest level of work. Oftentimes, this is responding to con-
stituent mail, although LCs may also conduct background research or assist with the
drafting of legislation. Promotion up the job ladder often takes place within a year or
two of beginning the job; in our data, the average staffer holds a job title for around 1.3
years.

Each Representative is allowed to hire a maximum of 18 full-time staffers on a fixed
budget (known as a Member Representational Allowance)ﬂ Combined with the strict hi-
erarchy of job titles, this can make promotion within an office difficult (if not impossible) if
the staffer occupying the job above does not leave; thus, staffers often seek opportunities
in other offices for promotion. Although ideology may play some role in these moving
decisions, conditional on a Representative’s political party, many staffers note that oppor-

tunities for upward mobility represent the most important reason for switching officesm

Office, and Congressional Research Service, as well as capitol police, legislative clerks, leadership staff, and
others. See|Cross and Gluck|(2020) for a review of bureaucrats in Congress.
8Even entry into a full-time role in Congress is often predicated on securing an internship at Congress
first.
°In contrast, Senators may hire as many staffers as they like, although they are also subject to a budget
constraint.
19This has been described to us in multiple interviews with former staffers.



2.2 The Legislative Process

We provide a very brief summary of the legislative process in the US Congress, focus-
ing on bills that originate in the Houseﬂ Before a bill is introduced to Congress, it is
typically written by legislative staffers from one or more ofﬁcesE Upon introducing the
bill to Congress, the Representatives of these offices become known as the “original co-
sponsors” of the bill. The bill is then assigned to a committee, where it may be scheduled
for markup (amendments), debates, and hearings, before eventually receiving a commit-
tee vote. Most bills die in committee. However, if a bill makes it through committee, it
moves to the House floor where it is scheduled for debate and a roll call vote. A bill that
passes the House roll call vote is sent to the Senate to go through a similar procedure@
If a bill passes both chambers of Congress, it is sent to the President, who may either sign
the bill into law or veto it.

3 Data

3.1 Statements of Disbursement

The primary dataset that we rely on is the House’s Statements of Disbursement (SoD),
which record all spending conducted by the House. Critically, these include payroll
records that we use to identify the staffers who work for each office at a given point
in time. The SoD has been published electronically on a quarterly basis since 2016. We
utilize complete data on staffers from 2016 to 2022.

From 2.9 million payments made by Congress, we extract a total of 732 representa-
tives and roughly 15,000 staffers@ We identify roughly 2,800 staffers that switch offices
(“movers”) in our main sample and construct panel data, associating a staffer with a sin-
gle office in each quarter. A detailed description of the data construction process is out-
lined in We also use this payment data to construct a few other measures of

"For a more detailed but digestible version of the process, see https://www.congress.gov/
legislative-process, This process is explained in depth in [Smith et al. (2013). |Wilkerson et al.| (2015)
traces where policies come from across legislation.

120n occasion, bills are also given to staffers by lobbyists. These may be modified before introduction to
Congress.

131f the bill was first introduced in the Senate and passed the vote there, then it will be introduced to the
House with sponsors (but not original co-sponsors), and follow the procedure outlined above. Occasionally,
bills are simultaneously introduced to both chambers of Congress, in which case a bill will still have an
original co-sponsor in the House.

4We disambiguate names using LinkTransformer (Arora and Dell, 2023). This is manually validated in
the case of all Representatives; accuracy is generally high (over 99%).
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office spending, including usage of the franking privilege, spending on advertising, and
spending on technology (including spending on computers, software, and technology
service contracts).

We code the job title of each staffer in each quarter following the keyword coding pro-
cedure in (Crosson et al.[(2021). We classify jobs into five categories: legislative staff, po-
litical management, communications, office management, and constituency service. We
additionally code several job titles that are of relevance to the legislative process: Chief of
Staff, Legislative Director, Legislative Assistant/aide, and Legislative Correspondent.

We report summary statistics in Table [l We find that roughly one-quarter of staffers
work in a legislative role at any given point in time. In general, movers are not a repre-
sentative sample of all staffers. They are disproportionately likely to have longer careers,
higher wages, be in legislative positions, or to hold any sort of management title. Given
that we are primarily interested in understanding the importance of staffers on the whole
relative to members of Congress, rather than in the effectiveness of the average staffer, we
view this as a feature rather than a bug. The fact that movers are likelier to hold important
positions in an office makes us likelier to recover the true impact of staffers. However, the
fact that we exclude a substantial fraction of staffers from the main analysis means that
we are likely to underestimate the true effect of staffersﬁ

3.2 Other data sources

We supplement the House SoD with a variety of other data sources.

First, we collect bill activity from the Congress.gov API. We use this data to construct
our primary measures of legislative productivity: the number of original co-sponsored
bills by each Representative in each quarter, the number of these co-sponsored bills that
exit committee, the number of these co-sponsored bills that pass a House floor vote, and
the number of these co-sponsored bills that are signed into law.

We collect two sets of measures of legislative productivity from the Center on Effective
Lawmaking. First, we make use of their measure of “important” bills, defined as bills that
receive an end-of-the-year write-up in the Congressional Quarterly Almanac. Second, we
use two additional measures of legislative effectiveness: (1) the Legislative Effectiveness
Score (LES), a measure of the number of bills that an office produces, weighted by the
importance of the bill and its legislative success, and (2) the LES minus a benchmark
score that is a Representative’s expected LES based on their seniority, chair status, and
their party’s majority status (Volden and Wiseman, 2009)@

15Tn our Bayesian analysis, we are able to bring the non-movers back into the analysis and confirm this.

16More details on both sets of measures are provided in|Appendix Al
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Finally, we collect data on roll call votes and DW-Nominate scores from voteview.com
(Boche et al.,2018; Poole and Rosenthal, 1985). We also collect staffer-level covariates from

LegiStorm, including gender, education, and work experience, and impute ethnicity from

names in a procedure described in|{Appendix Al

4 A Mover Design for Team Environments

In this section, we present a framework for estimating the staffer share of differences

between high and low productivity offices.

4.1 Linear decomposition

In the canonical mover design, an individual level outcome such as wages (Abowd et al.,
1999), mortality (Finkelstein et al., 2021), or voting behavior (Cantoni and Pons, 2022) is
estimated using a linear combination of individual fixed effects and group (often location)
tixed effects:

Yijr = & + 77+ T + &ji
where i is an individual, j is a group, and t is a time period. In our setting, i is a staffer, j
is a Representative’s office, and t is a quarter.

Unfortunately, there are many circumstances in which group-level outcomes are in-
fluenced by individuals, but the specific contribution of each individual to the group is
unknown, making this equation impossible to estimate. For instance, in our setting, we
do not observe the specific legislation that each staffer produces. However, given that we
observe the movements of staffers across different offices, as well as the legislative output
of offices during these moves, we can exploit the information contained in these moves to
inform our estimates of each staffer’s productivity. Thus, we extend the standard mover
design to team environments, continuing to assume a linear value-added model, or pro-
duction function, of legislation Let m;j; = I[staffer i in office j at time t|. Then our

model is:
yit = Y aimi ] + 9+ T 4 € 1)
i

where m and y;; are data, and the remaining terms are parameters to be estimated. We
assume that E[ej¢|{i}m,,—1,/,t] = 0.

Our estimand of interest is the share of differences in legislative output between high
and low productivity offices that is attributable to staffers. Under the standard AKM

17We relax the linearity assumption in Section |§I and estimate a nested CES model, among others.
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mover design, this can be identified via a linear decomposition. A similar argument holds
when we estimate the team mover design in Equation

Let 7j = v + y']S.taff be the expectation of y;; over all time periods, where

otaff _ 1
7o = LYY
toq
Hence, for any two offices d, o:

Ja — o = (74— vo) + (752 — gttty )

Equation 2| shows that the difference in average office productivity between two offices
can be decomposed into two parts: the first part is the difference between the office fixed
effects 4 — 70, and the second part is the difference between staffer-specific components
y‘ztaff — 738, The share of the difference in office productivity between the origin and
destination office that is driven by staffers and offices (Representatives) is therefore:
S (d,0) = 11— 10,
Ya — Yo
—staff  —staff
SStaff(d,O) — yd_ y_O :1_Srep(d,0)

This allows us to estimate the staffer s}dlare oof differences between any pair of offices.
Throughout the paper, we estimate S™P and subtract it from 1 for a consistent estimate of
the staffer share Stff,

We focus on estimating the difference between two sets of offices O and D—for in-
stance, offices with above and below median legislative output. For an office level quan-
tity x4, let xp = ‘%‘ Y iep X4. Then the Representative and staffer share of differences is
simply:

§P(D,0) = 1R~ T10 _ 1 _ gstaff(p O) 3)
Yp — Yo

4.2 Two dynamic estimating equations

Estimating staffer shares dynamically In order to track changes in office productivity
around the timing of a staffer move, we can estimate an event-study version of Equation/T}
To do so, we extend the derivation in |Cantoni and Pons (2022) to a team setting. Let
r(i,t) = t — t7 be the time to a staffer i’s first move and p,(; ;) be the time fixed effect

relative to the move. Then we can modify Equation|I|as follows:
Yit = aimije + [ Y apmpj] + )+ 00 + T+ € 4)

i' i

Consider a staffer i who moves from an origin office o(7) to a destination office d(i).
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Let 6; = (i) — Yo(i), the difference in average office productivity between the destination
and origin office of staffer i. Equation [4/ can be rewritten as:
Yjr = aitije + Yo(i) + L >0 X S*P(d(i), 0(i)) x ;i + [Z “z"mi’jt] + T + Or(it) T €ijit
i' i
Let &; = a; + 77,(;), substitute I, ; ;> with indicators for time to move, and substitute

a

5; with its sample analogue §; = ﬁd(i) — Yo(i)- The event-study specification becomes:
Yjr = &imij; + 9r(i,t)5i +[) aimpj] + T+ prin) + €t
i'#i
where 0,; ;) is the Representative share of differences between offices at (i, ). This spec-
ification is computationally expensive to estimatem This motivates the use of the follow-
ing outcome:
9it = Ly >olVaye — Y Rty agiy el + Logipy<o[Yoie — Y &M o(i) o]
i #i i'#i
and event study specification:
Uit = & + 0,10 + Tt + 0r(ip) + E€it (5)

Notice that Equation [5|is equivalent to the prior event study specification, provided that
o = &,-H It has the advantage of being estimable by standard fixed effect routines as we
no longer have a variable number of fixed effects per observation to estimate. However,
it requires an unbiased estimate of &;, &;. Reusing &; from the same data is problematic
as it uses the data twice to validate the estimate. Instead, we split our sample into odd
quarters and even quarters. We first estimate Equation [I| above on odd quarters only.
Then, we turn to even quarters using the fixed effects estimates from odd quarters to
estimate Equation [5}

This delivers the estimand of interest 6,; ;), the share of differences between the desti-

nation and origin offices that are attributable to the Representative.

Predicting a staffer’'s movements We continue to analyze a staffer’s first move between

origin office 0 and destination office d. We develop a new estimation strategy to validate

18 As discussed in we estimate Equationusing the full design matrix containing indicators
for every staffer and O(JT) rows of data. However, once we move to an event study specification, we have
O(IT) rows of dataand I >> J.

YIn the case where &; = &;, the errors €;; = L (i ty>0€a(i),¢ + Lr(i p)<0€o(i) - This motivates clustering errors
at the representative level.

10



Equation [I]in a dynamic fashion. Specifically, we estimate:

4
Yaie = 3, I[r(i,t—=7) =0] (97561' + 1 (Z @i/mi/,d(i),t> + @r’?d(f)) + 0r(ip—7) T T+ E4i) ¢
=4 i Zi
(6)

where 0:&; captures the specific contribution of a staffer i to the destination office’s output
at each time lag 7, #7¢ <2i’7éi &i’mi’,d(i),t> captures the aggregate effect of other staffers on
the destination office’s output at each time lag 7, and {,4(;) captures the time-varying
Representative-level fixed effect at each time lag T@

If the model in Equation [1|is true, then we should expect the following to hold: (1) 0
should be equal to 0 prior to the move (because the staffer is not in the destination office),
and equal to 1 after the move (as they contribute exactly their fixed effect after moving),
(2) 7z should always equal 1, because the team of staffers at the destination office is always
present at the destination, and (3) { should always equal 1, because the destination office
Representative is always in the destination office. Note that if these conditions hold, then
Equation @ directly collapses to Equation |1} except stacked at the individual level@

Estimating this equation serves as a validation of the model in three ways: (1) a6 > 0
means that we can predict when a staffer has moved based purely on whether their fixed
effect appears to be contributing to the office’s output. Since &; is estimated out of sample,
this signals that an individual fixed effect is estimated with relative precision, (2) an 7.
and (; that remains constant over time serves as both a placebo test and a validation that
these fixed effects are well estimated, and (3) pre-trends can be tested across 6+, %, and
{1 for T < 0. Thus, we can test for anticipatory behavior in the staffer, their team, and the
Representative all at once. Finally, we note that by replacing the destination office with
the origin office in Equation [f} one can examine whether staffers have a persistent effect
on offices even after they leave.

4.3 Bayesian estimation

We next move to estimating the staffer share of differences using hierarchical Bayes.
Specifically, we re-estimate Equation [T} assuming that {«;};, {7;}; are drawn from a com-
mon distribution of staffer and Representative productivities respectively. We estimate
this model using Hamiltonian Monte Carlo (HMC), a type of Markov Chain Monte Carlo
technique. This method makes the estimation of problems with difficult geometries and

20We face the same problem as the prior dynamic estimation if the same data is used to estimate fixed
effects «;, 7;j as well as the main event study. Thus, we estimate these fixed effects on odd quarters and
estimate Equation@ in even quarters.

2IThis once again motivates clustering standard errors at the Representative level.
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large numbers of parameters tractable With estimates of these random effects in hand,
we can follow the procedure outlined in the sections above to derive the staffer share of
differences ]

We adopt a Bayesian approach for a few key reasons. First, in frequentist settings,
estimating a large number of parameters leads to issues with consistency. Our data-
generating process is such that the number of parameters (individual fixed effects) grows
with the size of the dataset, but we do not gain more information about individuals as the
dataset grows—collecting more years of data does not help when an individual has al-
ready left Congress. As the number of parameters increases, the errors in these estimates
do not necessarily average out, leading to biased or inconsistent parameter estimates (An-
drews et al., 2008). On the other hand, Bayesian estimation provides more stable and con-
sistent parameter estimates by allowing for estimation of the distribution of parameters
that a; and +y; are drawn from. This overcomes the consistency problem discussed above,
as well as issues like overfitting and multicollinearity that can arise when the number of
parameters to be estimated is large relative to the sample size@

Second, Bayesian estimation offers more flexibility than OLS, allowing us to explore
a richer space of nonlinear models. With Bayesian models, we can incorporate job infor-
mation to evaluate how staffers’ job titles influence their legislative productivity, estimate
how experience in Congress impacts productivity, incorporate CES functions to analyze
how staffers and Representatives might substitute or complement one other, and study
how staffers and Representatives both affect the ideological content of bills

Third, we depart from the empirical Bayes approach used by many economists in
favor of a pure Bayesian approach@ This is because empirical Bayes is dominated by
pure Bayes, in a sense made precise by a number of Complete Class Theorems

4.4 Discussion

In a recent review of personnel economics, Hoffman and Stanton| (2024) note that while

“understanding teams and team production is of huge practical importance,” the actual

22We describe HMC in more detail in To the best of our knowledge, the only other paper in
economics that makes use of HMC is|Childers et al.| (2022).

2%We leave a discussion of specific distributional assumptions and the prior to Sectionﬁ

24For more work on correlated random effects in the mover design, see for instance Bonhomme et al.
(2019).

We discuss specific model extensions in more detail in Section@

26For some examples of empirical Bayes used in value-added models, see examples such as Chetty et al.
(2014); |Angrist et al.| (2017); |Chetty and Hendren| (2018). Purely Bayesian approaches have also been used
before, as in|/Abowd et al.[(2015).

27For more details, see Ferguson|(1967);|Lehmann et al.| (1986); Berger| (2013).
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literature on teams is “relatively sparse.” We compare our approach to other leading
proposals in the literature, focusing on performance in our context, where teams may
contain up to 18 staffers@

Chan| (2021) uses an empirical Bayes procedure to estimate doctor productivity in a
setting where junior and senior physicians are paired together in teams of two. Extending
this estimation framework to our setting requires the estimation of between 1.2 million
and 1 quadrillion parameters, which is infeasible in our context where we lack this many
observations@ Bergeron et al.|(2022) and Bonhomme|(2021) both use a linear model to es-
timate individual effects. Their linear models are similar to ours and estimated similarly;
our contribution is to focus on a mean decomposition, which also allows us to estimate
two novel dynamic specifications. Bonhomme| (2021) also estimates a nonlinear model via
a variational Bayes (ELBO) procedure, restricting attention to teams no larger than two@
The ELBO procedure in our setting is infeasible largely for reasons of computational ef-
ficiency: a single call to the objective function requires over 1 trillion basic operations.
Finally, | Ahmadpoor and Jones (2019) provide an estimation routine that uses simple gra-
dient descent to solve a nonlinear least squares problem: recovering individual effects in
a CES production function. While their method is computationally feasible (albeit around
100 times slower than ours), it is numerically quite unstable. For instance, even in an ideal
case where we initialize all parameters to the CES problem with the oracle solution (with
Pstatf = 0.794), the method returns a result that is substantially different (fg.¢r = 9.461).
On the other hand, in we validate our procedure via simulation, showing
that our dynamic and Bayesian estimates do not suffer from the same problems.

In addition to the approaches above, researchers have also adopted misspecified mod-
els that fail to correctly account for the impact of teams. This typically involves conduct-
ing analysis at the individual level or only focusing on one key individual per team@ In
Section |5, we discuss how such misspecification would change our findings.

Thus, although we focus on estimating the effect of Congressional staffers in this pa-
per, we hope that the framework laid out in this section will be useful for many settings.
In domains ranging from healthcare to innovation to finance to the workforce at large,

28In our entire sample, the average team contains 12.94 staffers. In the mover sample, the average team
contains 4.91 staffers.

2 The specific number of parameters depends on how one extends the model. More details on this and
the other papers discussed in this paragraph are described in[Appendix B|

30Bonhomme| (2021) writes that “it will be important to devise computational strategies to efficiently
handle larger teams.”

31Constantine and Correial (2021) list many examples of papers that are misspecified in this way. They
provide an implementation of the linear model in Equation [T} but because their procedure cannot recover
the FEs (individual FEs are treated as nuisance parameters), it cannot be used for decompositions.
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there are many team environments where individual contributions are unobserved and

this framework may be applicable.

5 The Staffer Share of Legislative Productivity

How important are staffers relative to members of Congress? We answer this question
by estimating the share of differences in legislative productivity between high and low
productivity offices that is attributable to staffers. We adopt three sets of approaches to
estimating this quantity: we first estimate a series of static linear decompositions, then
estimate the staffer share dynamically, and finally use a Bayesian approach to estimate
the staffer share.

5.1 Linear decompositions

We begin by estimating a series of linear decompositions following Equation [1| of our
mover sample. This allows us to estimate staffer effects («;) and Representative effects
(7;) for each staffer and Representative in the sample. In each quarter, we identify the
above and below median offices for five legislative outcomes of interest: the number of
original co-sponsored bills introduced by the office, the number of these bills that exited
committee, the number of these bills that passed a House floor vote, the number of these
bills that were signed into law, and the number of “important” bills introduced.

We next calculate the representative share of differences between these high and low
productivity offices, S™P, following Equation 3, and subtract it from 1 to obtain a consis-
tent estimate of the staffer share of differences, S*®*ff. These staffer shares are plotted in
the blue bars of Figure 2l We form confidence intervals using the Bayesian bootstrap@

We find that staffers are a critical input to the most basic output of Congress: bills
and laws. 48.9% of the difference in bills produced between above and below median
offices can be attributed to staffers. As we move across the life-cycle of a bill, we find a
U-shaped pattern for the importance of staffers. Staffers account for only 20 to 25% of the
difference in the number of co-sponsored bills that exit committee or pass a House floor
vote. Given that each committee has its own staff who handle the text of bills, and the
importance of political considerations in ushering a bill out of committee and through a
House vote, we find the smaller role of personal staffers in these intermediate stages of
a bill’s life-cycle to be plausible. However, the importance of staffers appears to tick up
again, to roughly 40%, once we examine the share of differences in co-sponsored bills that

32More details on the exact estimation procedure are contained in|Appendix B.1
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eventually become law. After the passage of a bill through the House, it must also pass
the Senate and be signed by the President. Inter-branch negotiation and coordination
may require more manpower and connections, both of which personal staff may be able
to provide.

We also examine the staffer share of differences in the number of important bills co-
sponsored by the office. We find that staffers play a much smaller role in the introduction
of these important bills, with a point estimate of 14.1% and a staffer share of 0 falling
within the 95% confidence interval. We attribute this to several potential factors: first, it
is likely that an office’s most substantive bills are receive disproportionate attention from
the Representative, who may otherwise trust their staff to handle regular bills. Second,
bills are classified as “important” if they receive a year-end write-up in the Congressional
Quarterly Almanac; a bill may be likelier to receive such a write-up if the Representative
is spearheading the bill and promoting or advertising it, compared to bills originated from
the staff. Finally, we note that bills classified as “important” are likely to be the subject
of intense political dispute. An effective bureaucracy is likely to focus on issues of policy
rather than politics (Weber, [1968), which may make the bills less contentious and worthy

of a write-up.

Robustness, IV, and discussion For robustness, we also compute the staffer share of the
difference between top tercile and bottom tercile offices (plotted in green) and between
top quartile and bottom quartile (plotted in purple). We find that our estimates are very
similar, even when looking at the more extreme differences between offices.

We perform two validations of the staffer fixed effect estimates. First, we regress the
absolute value of each staffer’s fixed effect |a;|, to capture the impact of a staffer (good
or bad), against their wage w; in Table 2, Panel A. We find that a standard deviation
increase in a staffer’s impact is associated with a 5 to 10% standard deviation increase
in wages, consistent across outcomes. An attentive reader may notice that this regression
coefficient is not identified: the fixed effects of two staffers with identical moving histories
cannot be separately identiﬁedﬁ We take several steps to address this. In Panel B, we
restrict attention to only staffers with unique work histories (over 95% of the sample) and
tind extremely similar results. In Panel C, we collapse the data to the work history level
(taking an average across wages) and find similar results. Weighting observations by the
number of underlying staffers in Panel D also does not materially affect the estimate. To

demonstrate that this correlation is not driven by the difference between major job titles,

33While this regression coefficient is not identified, we emphasize that the staffer share of differences is,
due to the linearity of the underlying decomposition. Once we move to non-linear models, we use Bayesian
estimation, where the distribution on «; disciplines the staffer random effect estimates.
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in Panels E and F, we focus on the subset of staffers that are managers, or managers and
legislative staff. We find that, if anything, the relationship between a staffer’s impact and
their wage is stronger within these samples.

Second, we correlate staffer fixed effects across specifications and present results in Ta-
ble Despite the variation in staffer shares across outcomes, it appears that productive
staffers are helpful across all stages of the bill life-cycle: the within-staffer correlations are
consistently larger than 0.50 and statistically significant.

We also test for the staffer share of legislative productivity using the Center for Effec-
tive Lawmaking’s Legislative Effectiveness Score (LES) and the LES minus a benchmark
of Representative characteristics (including seniority, chair status in committee, and party
in the majority). We present results in Figure We estimate that the staffer share of
differences in legislative effectiveness is roughly 40% in both outcomes, consistent with
our findings of the staffer share in bill production and passing laws.

We stress the importance of using the team-based design in Equation[I|by comparing
it to misspecified approaches that fail to properly account for the presence of teams. In
Table Panel A, we present our baseline estimates from the team-based mover design.
Panel B presents estimates from the standard AKM design at the individual level. Across
outcomes, the estimated staffer share is at most half as large as the baseline. Focusing
on key individuals within the team does not help matters: in Panels C and D, we restrict
attention to Chiefs of Staff and Legislative Directors respectively, and find that the staffer
share of differences is similarly underestimated.

One may also be concerned about the exogeneity of the mover design. Although qual-
itative work suggests that opportunities up the job ladder represent the dominant reason
for moving between offices, there are many potential reasons as to why staffer produc-
tivity may be correlated with their movement@ We test for persistent or slow-moving
sources of endogeneity in Section[5.2land do not find evidence of endogeneity. This leaves
the possibility of fast-moving sources of endogeneity. We address these using an instru-
mental variables strategy.

We deploy two sets of instruments for staffer movements between offices: first, we
exploit the fact that following turnovers in Congress, staffers often move to other offices
within the same state (a home-bias effect), and use an indicator for a staffer’s origin of-
tice losing an election and the potential destination office being in the same state as an

instrument. Second, we draw on the migration literature and interact a “push” factor be-

34 For example, more productive staffers may be poached by more productive offices, while less produc-
tive staffers may be disproportionately fired by some offices; staffers may have ideological preferences in
choosing offices to work for, which may be correlated with productivity; staffers may go to offices where
they think they will be more impactful.
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tween two offices (the leave-out total flow of staffers between the origin and destination)
with a “pull” factor into the destination (the number of staffers who leave the destination
in that period). Given the high number of moves that we are instrumenting for, a very
strong first stage is required. To achieve this, we deploy machine learning methods to
estimate the first stage@ We present results from this estimation procedure in Figure
The IV estimates deliver more extreme staffer shares: the staffer share in co-sponsored
bills hovers around 80%, while the later stages of the bill life-cycle have point estimates
much closer to 0%. Interestingly, the staffer share of important bills also rises to 60-80%.
It is worth noting that the standard errors increase substantially, and for certain stages of
the bill life-cycle (bills exiting committee or passing a House vote), the confidence interval
covers virtually all plausible Values@ Nonetheless, we are unable to reject the hypothesis
that the OLS and IV estimates are different.

Finally, we discuss the interpretation of the estimated staffer shares. While we term
gstaff GreP the staffer share and Representative share respectively, in reality, they capture
all forces that are always associated with the staffer or the Representative. Thus, if there
are non-mover staffers who are always attached to the same Representative throughout
our sample, we will attribute this staffer’s impact to the Representative share, and hence
likely underestimate the true staffer share. Similarly, a Representative may appear effec-
tive not because of their inherent quality, but because of external factors (for instance,
they happen to be a committee chair for the entirety of our sample). However, Figure|A.1
suggests that these factors are not quantitatively important in contributing to the Rep-
resentative share of differences. Finally, lobbyists and other actors may follow staffers
rather than Representatives, and provide them with policy ideas or literal bills over the
course of their career; the impact of these people will be bundled into the estimated staffer
tixed effects. As such, the staffer share that we compute should be interpreted as repre-
senting the staffers’ contribution broadly construed, inclusive of all connections or other

permanent factors associated with them.

5.2 Dynamic estimation

We proceed by estimating two sets of dynamic specifications. This allows us to map the
pathway of staffer influence over time, as well as test for potential pre-trends and validate
our linear decomposition estimates.

35The complete estimation procedure is described in|Appendix B.1

36Given the lack of precision in these estimates, we prefer to interpret the IV estimates as a sanity check
that may help us to sign bias, rather than relying on the specific quantitative estimate.
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Dynamically estimating the Representative share of differences in legislative produc-
tivity We estimate event studies of the Representative’s share of differences in legisla-
tive productivity between a staffer’s origin and destination office. Throughout our dy-
namic analysis, we focus on the first move that a staffer makes to simplify the interpre-
tation of the estimated quantities. As noted in Section |4, we estimate all fixed effects on
odd quarters and estimate the event study Equation 5/ on even quarters. In Figure 3, we
plot the estimated 0, ; ;) coefficients, along with 95% confidence intervals with underlying
standard errors clustered at the Representative level.

We find no evidence to support pre-trends: across all specifications, the estimated coef-
ticient is never different from 0 with statistical significance at any time period. The differ-
ence between a staffer’s origin and destination office productivities J; are not correlated
with the origin office’s productivity §;;; (which includes the staffer’s own productivity
;). This supports the causal interpretation that we advance, as it rules out slow-moving
sources of endogeneity (such as a staffer becoming more productive over time, being no-
ticed by a high-productivity office, and hired for that reason).

We note that there is a sharp increase in the Representative share in the exact quarter
that the staffer moves in all specifications. This share then stabilizes for the remaining
quarters. In Figure |3, Panel A, we find that the estimated Representative share of dif-
ferences in bills produced is typically around 60-70%, although the confidence intervals
frequently include the 50% quantity estimated in the linear decompositionlﬂ In Panels
B-D, we find that the Representative share of differences through the bill life-cycle also
hovers around the 50-60% range, implying a staffer share of 40-50%. In Panel E, examin-
ing important bills, we once again find that the Representative share is close to 100% (and
the staffer share close to 0%).

The relative stability of coefficients across quarters suggests that staffers immediately
have an impact upon moving offices—it does not take multiple quarters for their presence
to be felt. We additionally validate this finding with an in-sample estimation on the odd
quarters. We present results in Figure noting the absence of pre-trends, the immedi-
ate jump in Representative shares in the quarter the staffer moves, and the stability of the
coefficient in the periods afterward.

Taking these results on the whole, we once again find that staffers play a substantial

role in the legislative process.

37We note that the underlying shares estimated are different quantities: in the linear decomposition, this
is the share of differences between high and low-productivity offices, while in the dynamic specification,
this is the share of differences between destination and origin offices. Staffers do not systematically move
to higher productivity offices.
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Dynamically estimating staffer movement Instead of estimating the Representative
share of differences in legislative productivity, we can also dynamically predict when
staffers move offices. We take the estimated Representative and staffer fixed effects from
odd quarters and estimate Equation [p|in even quarters. In Figure[4} we plot the estimated
<, 11, (¢ coefficients, along with 95% confidence intervals with underlying standard er-
rors clustered at the Representative level.

We first note the absence of pre-trends across outcomes in a staffer’s own fixed effect
(6, plotted in red), once again supporting a causal interpretation. Prior to a staffer mov-
ing, there is no correlation between their own productivity «; and the destination office’s
output y,(;) . Strikingly, we are able to predict the presence of a staffer moving into an
office using only their (out of sample) fixed effect. Immediately upon moving, we are able
to detect the presence of the staffer from their impact on legislative productivity, and in
Panels A-C (where the outcomes are co-sponsored bills, bills exiting committee, and bills
passing a House vote), we are able to reject the null of the mover having no impact on
the office. This effect is persistent and stable over time@ Unfortunately, we are unable to
reject the null in Panels D and E (bills becoming law and important bills), largely because
these are low-frequency events that we are underpowered to detect@

We next turn our attention to the office fixed effect ({+, plotted in blue) and the other
staffers’” fixed effect (17, plotted in grey). Following the theoretical prediction of the
model, we find that these coefficients remain relatively stable over time, exhibiting only
minor deviations from the normalized coefficient at T = —1 in both the pre- and post-
period. This also lends empirical support to the model that we estimate.

One may wonder why the estimated staffer’s own effect 6 differs from 1 when a literal
interpretation of the model would suggest that it should be precisely 1 in the post-period.
This may be for several reasons: first and foremost, there may be substantial measure-
ment error in the estimated fixed effects, which should attenuate any of our coefficient
estimates. Second, our model may be misspecified—assuming linearity across all staffers
and the Representative is a strong assumption, and one that we explicitly test in Section [6]
We analyze these possibilities by presenting the in-sample validation on odd quarters in
Figure In-sample, we find that the own staffer coefficient 0 is now much closer to 1
in the post-period, indicating that measurement error may be substantial.

Finally, we estimate whether staffers have a persistent effect on their offices after they

leave. To do so, we re-estimate Equation |6, except we now use the output from the origin

3We are aware that the third quarter after a move is consistently slightly different from other quarters,
even with the inclusion of event-time fixed effects. We have not been able to find an explanation for this.

3We note that in Panel E, a joint test of the post-period own staffer fixed effects being different from 0
has a p-value of 0.103.
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office y,(;),; as the outcome instead. We plot results out-of-sample and in-sample in Fig-
ures We find that staffers have no persistent effect on their offices: in the very
quarter that they leave, we cannot distinguish their effect from 0, whereas the effect of
the Representative and other staffers remains constant. Thus, the impact of staffers on
legislation appears to be contingent on their physical presence, rather than any deeper
structural or cultural changes they may impart on an office.

5.3 Bayesian estimation

We next estimate our original team-based mover design model, specified in Equation
using Bayesian methods. We employ fully Bayesian methods in estimation for several
key reasons: First, we cannot guarantee consistency of fixed effects with frequentist in-
ference. However, we can consistently and efficiently estimate the distribution of these
effects under a hierarchical model with correlated random effects. Second, the Bayesian
approach allows us to estimate more flexible models, a feature that we exploit in Section|6}
Third, the empirical Bayes approach that is more popularly employed in the economics
literature is dominated by fully Bayesian ones.

In our baseline specification, we assume that a;,y; are distributed log-normally ac-
cording to (ya, 0y) and (1,0, ) respectively. As with all Bayesian estimations, the choice
of priors is important. We select weakly informative priors that are designed only to rule
out extremely implausible parameter estimates, and rely on the data to inform the poste-
rior. For example, the number of bills co-sponsored by an office in a quarter has a mean
of 16.3 and a standard deviation of 18.9. In our baseline specification, the prior for both
o and p, is N(0,10), meaning that the average Representative or staffer producing 0.0001
bills or 10,000 bills are all within 1 standard deviation of the prior mean. We believe that
this captures all reasonable levels of potential Representative and staffer productivity. In
we provide a full specification of the priors employed and other estimation
details. Throughout the remainder of this paper, we focus our attention on the number of
co-sponsored bills produced by an office, given that we are most powered to detect effects
for this outcome of interest.

We present a trace plot for the Representative share of the difference in co-sponsored
bills between above and below median offices in Figure 5, Panel A. We also report the
posterior mean, 2.5th, and 97.5th percentiles for the Representative share in Table 3, Panel
A. We find that the Representative share of the difference is just over 60%, or that the

staffer share is just under 40%, a very similar quantity to that estimated in the dynamic
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specification (Figure 3, Panel A)

In Figure |5, Panels B-D, and Table |3, Panel A, we present trace plots and summary
statistics for the posterior for the distribution of staffer effects and Representative ef-
tfects. All signs indicate model convergence. Specifically, we find posterior means of
(Bar00) = (—5.38,3.38) and (p,,0,) = (2.52,0.52). This implies that the average staffer
produces exp(pa + ‘72—"%) = 1.39 bills per quarter, and that the average Representative pro-
duces 14.22 bills per quarter. However, the median staffer produces roughly 0.004 bills
per quarter, in line with the fact that the majority of staffers do not work in roles directly
tied to legislative work. In Figure we plot the posterior distributions for log(«;) and
log(7;j). As expected, the vast majority of staffers have virtually no impact on the legisla-
tive process. However, there is a large right tail of staffer productivity, including a handful
of staffers who have productivities on par with Representatives. On the other hand, the
distribution of Representative productivity is much more concentrated, suggesting that
there is much less dispersion in Representative legislative productivity.

Robustness In Figure Panel A, we replicate the trace plot for the Representative
share of differences in co-sponsored bills for above versus below median productivity
offices. In Panel B, we show the Representative share for top versus bottom tercile of-
tices, and in Panel C, we show the Representative share for top versus bottom quartile
offices. Examining these alternate differences between offices does not materially change
the Representative share.

In Figure Panel A, we replicate the trace plot for the Representative share of dif-
ferences using our baseline log-normal distribution. In Panels B-D, we show the Repre-
sentative share using normal, Fréchet, and a mixture of normal distributions instead. All
display similar (if not slightly larger) staffer shares to the baseline log-normal distribu-
tion ]

In Figure Panel A, we replicate the trace plot for the Representative share of
differences in co-sponsored bills. In Panels B-E, we show the Representative share for our
alternate measures of legislative productivity: co-sponsored bills exiting committee, co-

sponsored bills passing a House vote, co-sponsored bills becoming law, and co-sponsored

“OIn Table [3] we also present 7, the effective sample size of the estimated parameter, and R, a mea-
sure of MCMC convergence (where closer to 1 is better). The effective sample size varies across param-
eters because it is decreasing in the within-chain correlation of sampled posterior values, which may
vary by parameter. For R, a common rule of thumb is that values beneath 1.05 are acceptable (see
https://mc-stan.org/rstan/reference/Rhat.html). We present additional properties of the sampler in
Table All diagnostics look normal.

41The mixture of normals captures the (potentially) bimodal nature of staffer productivities, between
those who are involved in legislative work and those who are not. We run the mixture of normals distribu-
tion MCMC for longer to better assess model convergence.
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important bills. We find that the Bayesian estimation tends to produce slightly larger
staffer shares than OLS [

While a variance decomposition cannot be conducted on the fixed effects estimated
via OLS, they can be on the Bayesian posterior. In Table 4} we decompose the variance
at the office level into a staffer component and a Representative component. We find
that staffers are responsible for 37% of the variance, a figure slightly below our mean
decompositions

Finally, a concern over the entire analysis presented thus far is that it does not account
for staffers who never move. For instance, if non-movers have productivities that are neg-
atively correlated with the movers, then it is possible that the staffer share is upwardly
biased. We are able to account for these non-movers in our Bayesian analysis, simply by
including the non-movers as well when estimating Equation In Figure we repli-
cate Figure 5, now including all non-movers into the estimation as well. Panel A reveals
that, as expected, accounting for this missing mass of staffers in the analysis pushes up
the staffer share to roughly 65%@

Taking stock of the linear decomposition, dynamic estimation, and Bayesian estima-
tion, we find a consistent throughline of staffers accounting for 40% or more of the differ-
ence in co-sponsored bills produced between offices. Although estimates for other stages
of the bill life-cycle and important bills are often less precise, we are typically able to
bound the staffer share away from 0 and often find staffer shares comparable to that seen
in the number of co-sponsored bills. Collectively, these results indicate that staffers play

a substantial role in the production of legislation.

6 Unpacking the role of staffers in Congress

In this section, we examine the role that various factors may play in determining the
impact of staffers.

#2The exception is in Panel E, important bills, where the estimated staffer share is close to 80%—we note
that this is similar to the IV point estimate, and still within the 95% confidence intervals of the dynamic
estimates.

“3The staffer and Representative variances sum to more than 100% due to the correlation between the
two.

4 Note that the distribution of effects of staffers who do not move, but do enter or exit the office (i.e.
staffers who join or leave Congress during our sample), is identified. For intuition, consider a staffer who
leaves an office at time t. If we see that the number of bills produced by the office substantially drops from
t —1 to t, that informs the productivity of the staffer. The most substantive assumption underlying this
analysis is that staffers who never move, enter, or exit are drawn from a common distribution to the other
staffers.

4SWe focus on the movers for the remainder of our analysis, as the much larger number of non-movers
compared to movers makes including them computationally expensive.
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6.1 Jobs

Which jobs along the career ladder best facilitate the production of bills? We estimate an
extension of the model in Equation[I|that allows for jobs to flexibly scale up (or down) the
productivity of staffers based on their individual productivity. Specifically, we estimate
the model:

Yjt = Zaiﬁ](i,t)mijt + Vi + T+ Ejt (7)
i

where ] (i, t) refers to the job that a staffer i holds at time ¢, and B is the new parameter
of interest. We separate jobs into four categories based on the legislative staffer career
ladder: Legislative Correspondent (LC), Legislative Assistant/Aide (LA), Legislative Di-
rector (LD), and Chiefs of Staff (CoS), as well as an “other” category for all other jobs. We
normalize the f for all other jobs to 1.

We present the estimated  parameters in Figure 6| We find that most legislative jobs
have a roughly similar amount of productivity (at 3-4 times the typical job), but that there
is a sharp drop-off when a staffer is promoted to being a Chief of Staff in their office (down
to 0.3). One reason for this may be that Chiefs of Staff are responsible for many different
domains, ranging from legislation to communication to regular office administration, and
may not be able to devote as much attention to legislative issues. As such, despite pro-
ducing legislation being a top priority for many Congressional offices, it appears that the
Chief of Staff has much less direct influence over the legislative output of an office when
compared to more junior positionsﬁ Indeed, the fact that the Chief of Staff coefficient is
well below 1 suggests that even holding non-legislative jobs will generally allow a staffer
to have greater influence over an office’s legislative output than being the Chief of Staff!

6.2 Experience

We next examine the role that experience plays in determining an individual’s legisla-
tive productivity. We estimate an extension of the model in Equation [1| that allows for
jobs to flexibly scale up (or down) the productivity of staffers based on their individual
productivity. Specifically, we estimate the model:

yir = Y_[oim; 1 Trorar (1, t)Pstesf] + Y (Totar (], £)Prer) + 1 + €jt (8)

1

46The coefficient for LCs is imprecisely estimated. This is likely due to the fact that LCs may be given
different responsibilities in different offices. Some LCs only handle constituent mail, while others are in-
volved in crafting legislation. Unfortunately, we cannot distinguish different types of LCs from the job title
information that we have.
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where T;,4,; reflects the total amount of time (in quarters) that a staffer or Representative
has spent in Congress, and the exponent ¢ is the parameter of interest.

We present trace plots of the estimated ¢sta¢r and ¢rep in Figure[/] We find that the pos-
terior mean for ¢rep is 0.17, implying that Representatives with 1 full session of experience
in Congress (8 quarters) are 42% more effective than a freshman with no experience, and
that Representatives with 10 full sessions of experience in Congress (80 quarters) are 210%
more effective than a freshman with no experience. On the other hand, we are unable to
reject the null of staffer experience being irrelevant, ¢q.¢r = 0. We note that although our
estimates are imprecise (a 95% confidence interval would just barely exclude gains com-
parable to Representatives, ¢q5r > 0.17), the lack of a detectable effect is consistent with
Crosson et al| (2020), who find that total legislative staff experience does not correlate
with lawmaking effectiveness@

6.3 Diversity

We also examine the impact of staffer diversity on legislative productivity. To measure
diversity, we calculate the share of staffers belonging to each major ethnic group (13 cat-
egories, such as “Greater African, Muslim” or “Greater European, British”), gender, edu-
cational degree (bachelor’s or below, MA, MPD, JD, or other advanced degree), and type
of work experience prior to Congress (private sector, policy-facing, local government, or
federal government) and compute the Herfindahl-Hirschman Index (HHI) for each office
in every quarter along these four measures. We then re-estimate Equation |1, adding each
one of these diversity measures in turn as an additional covariate.

We report coefficients and 95% credible intervals in Table |5 For each of these mea-
sures, we find that less concentration (more diversity) is associated with more productive
offices. Effect sizes are small but statistically significant: moving from the 1st quartile to
the 3rd quartile in ethnic diversity increases bills produced by 0.85% of a standard de-
viation, while the effect is 0.27% of a standard deviation for gender, 0.78% of a standard
deviation for education, and 0.28% of a standard deviation for prior work experience.
Thus, while we find that offices benefit from diversity, we also rule out extremely large
gains from diversity.

#7Specifically, Crosson et al(2020) finds that the average effect of legislative staff experience is indistin-
guishable from 0, but that experienced staff positively impact legislative productivity for committee chairs
and inexperienced members of Congress.
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6.4 Substitutes and complements

The linear model that we have assumed in Equation |Ijmay not be sufficiently flexible to
capture the full nuance of interactions between staffers and Representatives. For instance,
how does skill aggregate within the team of staffers—is it better to have a single super-
star staffer or two decent staffers? Is the team of staffers a substitute or complement to
Representative skill? To answer these questions, we estimate an extension of the model
in Equation (1| that includes a nested CES production function:

1/ prep

Prep / Pstaff
] + ’yfrep + T gy 9)

_ Pstaff
Yir = [Z% i
;

where oo and prep are the parameters of interest. Specifically, pgaf governs the degree of
substitutability of staffers within a team, while prep governs the degree of substitutability
between the team of staffers and the Representative.

We present trace plots of the estimated pgt.¢f, Orep, and Representative share of differ-
ences in Figure Recall that under perfect substitutes p = 1, and that under Cobb-
Douglas p = 0. We find that staffers within a team are highly substitutable for one an-
other. The posterior mean for pgafr = 0.79H This suggests that maximizing the sum of
staffer productivities «; is close to optimal, regardless of whether the skill is highly con-
centrated within one individual or spread over many. On the other hand, we find that
the production function for the team of staffers and the Representative is close to Cobb-
Douglas. The posterior mean for prep = 0.13@ Heuristically speaking, this means that
an office consisting of a superstar Representative but very unproductive staffers and an
office consisting of a very unproductive Representative and superstar staffers will both
be less productive than an office containing a more balanced mix of skill between Rep-
resentatives and staffers. Thus, Representatives facing a hiring trade-off between staffer
compensation and staffer skill should hire staffers that tend to reflect their own produc-
tivity.

Identifying Pareto improvements Do Representatives generally follow this guideline?
We formalize this by testing for potential Pareto improvements, circumstances under
which two offices may trade a staffer and both are left better off after the trade. We op-
erationalize this by additionally assuming that a Representative has access to a technol-

“8We omit the Representative share of differences for the job and experience model extensions because
they are extremely similar to the baseline estimate. Specific estimates are available on request.

“This translates to o = ﬁ =4.76.

50This translates to o = 1.15.
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ogy that produces bills with a linear cost function. One interpretation of this technology
could be Congressional interns—offices can hire interns for variable lengths of time (and
pay wages proportional to time worked) to assist with the production of legislation. This
generates the price of a bill, p

Consider two offices A, B which employ the set of staffers A and B respectively. Let w,
denote the wage of staffer 4. Then a Pareto improvement between the offices is possible
if there exists a € A and b € B such that the following holds:

r b 1/Prep
[ lxgstaff + Z lxglstaff]prep / Pstaft + ,)/irep _ % < H {X.Zstaff + Z aglstaff] Orep / Ostatt + ,)/grep]l/ Prep __ ﬂ
L a'€Aa' #a ] p a'c Aa'#a p
r T 1/Prep
Pstaff Pstaff Pre /p taff Prep wb Pstaff Pstaff Pre; /p taff Prep 1/Pre Wy
[+ Y, g Pt el [ e T N 7 e R
v eBp £b p VeBY £b p

with at least one inequality strict. We test for all possible Pareto improving trades un-
der the assumption that p = 50,000 ($50,000 of intern time produces an additional bill),
restricting attention to only trades of legislative staff between offices.

Out of roughly 10 million potential trades of staffers between offices, we find that
there are only 704 trades that lead to Pareto improvements. This is quite a small number
of potential improvements, suggesting that offices hire (legislative) staffers with some
degree of sophistication. Both the team’s productivity and the Representative’s produc-
tivity must be accurately incorporated into a hiring decision for this result to hold. The
relatively small number of Pareto improvements also suggests that the outcome we exam-
ine, the bills produced, is not an unreasonable proxy for a Representative’s (legislative)

objective function.

6.5 Ideology

We have demonstrated that staffers are important for the production of legislation, but
one may naturally wonder whether they matter for the ideological content of bills. We
conjecture that the ideological content of the bills produced by a Congressional office is
the weighted average of all individual’s ideological ideal points within the office:
L witimij + Wil
i Willh gt ]

+ &jt (10)

where w is a weight and : is the staffer or Representative’s ideal point. To estimate the

equation above, we compute the average DW-Nominate score of bills produced by an

SlUnlike staffers, intern skill is typically ex-ante unobserved. Assuming that intern skill is drawn from
a common distribution across offices thus supports a common price for bills p, unlike staffer wages which
may individually vary.
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office in each quarter (normalized within the party), and use this as the outcome ;. We
take our estimates of the staffer and Representative effects under the baseline Bayesian
model as weights, so that w; = a;, w; = 1;Vi, j—the assumption being that the producer
of a bill can control the ideological content of the bill that they produce.

We present estimates of the Representative share of differences along the first and sec-
ond dimensions of DW-Nominate in Figure[9] The first dimension of DW-Nominate corre-
sponds to the typical liberal /conservative or left/right ideological divide in the US, while
the second dimension has proven more difficult to characterize—scholars have hypoth-
esized that it captures a blend of policy issues that may not fall neatly along traditional
ideological lines. We find that Representatives are responsible for approximately all of
the (within-party) differences in ideology along the first DW-Nominate dimension, leav-
ing little room for staffers to influence ideology along typical partisan lines. If anything,
the posterior mean for the Representative share being 122% suggests that staffers play a
(weak) moderating influence on their Representatives; in their absence, the bills produced
by Congress would be 22% more extreme. However, staffers account for the lion’s share
of differences in ideology along the second dimension. The posterior mean for the Repre-
sentative share along the second dimension is a mere 16%, implying a staffer share over
80%. Staffers exert much more influence when focusing on these alternate, less partisan
issues. To verify the results of our estimation process, we regress the posterior means
of a Representative’s estimated ideology when writing bills against their DW-Nominate
score from roll call votes. Table shows that these measures tend to be significantly
correlated. Taken together, these results suggest that staffers are most impactful when
they pursue policy goals outside of the typical partisan debate, and that they may act as

a moderating force in partisan politics.

7 Conclusion

In this paper, we have laid out a new framework for estimating the impact of individuals
working within teams when individual contributions are unobserved. Through linear de-
compositions, dynamic estimation, and Bayesian methods, we have quantified the crucial
role that Congressional staffers play in the legislative process. Our findings indicate that
staffers are not merely extensions of their members of Congress but are influential con-
tributors to legislative productivity, accounting for 40% or more of the variation in pro-
ductivity between different Congressional offices. In extensions to our baseline model,
we further characterize the importance of staffers, identifying the legislative positions in
which they have the greatest impact, the complementarity between staffer and Represen-
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tative productivity, and the ways in which they can moderate ideological extremism and
contribute to non-partisan legislation.

Looking forward, there are many interesting questions to explore. First, the influence
of staffers likely reaches beyond legislative productivity to other areas such as constituent
services, media communication, and government oversight, as hinted in decompositions
of Congressional office spending (see Figure [A.T). What is the impact of Congressional
staffers in these domains? Future research may investigate this question. Second, al-
though this paper has focused on the impact of personal staff, committee staff also play a
large role in the production of legislation. It would be interesting to understand the role
that other staffers, and other non-elected members of government more broadly, play in
the legislative process. Third, this paper raises the question of whether staffers are able to
reduce polarization and make progress on non-partisan issues precisely because they are
non-elected. The role of electoral accountability on political polarization more broadly
speaking could be an important avenue for further research.

To conclude, we present one final speculative regression on the role that Congressional
staffers play in our political system. Representatives in the House were first allowed to
hire a single staffer in 1893. Over the course of the next century, Congress expanded the
maximum number of staffers that Representatives could hire fifteen times. In Figure
we present coefficients from a two-way fixed effect event study, regressing the maximum
number of staffers that Representatives can hire on the probability that the incumbent
wins an election. We find that a doubling in the number of staffers corresponds to a
roughly 20% increase in the probability that an incumbent wins. It appears that staffers

even influence the thing that politicians may care about most: re-election.
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Tables and Figures

Table 1: Summary statistics

Overall Movers Non-movers  t-test
Mean Min Max Mean Mean p:4=5
@ (2) ) (4) ©) (6)

Panel A: Staffer level

Career length (quarters) 9.30 0.00 468.57 15.50 8.28 0.000
(13.08) (11.76) (13.00)

Wage 11179.44 -8958.32 52911.11 11813.41 11075.48 0.000

(6440.21) (5402.13)  (6589.18)

Share career as legislative staff 0.23 0.00 1.00 0.33 0.21 0.000
(0.39) (0.41) (0.39)

Share career as managment 0.19 0.00 1.00 0.22 0.19 0.000
(0.35) (0.34) (0.35)

Share career as legislative director 0.03 0.00 1.00 0.07 0.03 0.000
(0.15) (0.18) (0.15)

Share career as chief of staff 0.04 0.00 1.00 0.05 0.04 0.005
(0.19) (0.20) (0.19)

Panel B: Staffer level (at least one year)

Job length (quarters) 5.14 0.11 41.43 4.28 547 0.000
(5.25) (4.19) (5.57)

Office length (quarters) 6.89 0.11 41.43 5.63 7.40 0.000
(6.68) (5.35) (7.09)

# jobs (per office) 1.34 1.00 7.00 1.32 1.35 0.000
(0.68) (0.65) (0.69)

Ever switch job category (in office) 0.88 0.00 1.00 0.88 0.88 0.844
(0.33) (0.33) (0.33)

# offices over career 1.36 1.00 132.00 2.74 1.13 0.000
(2.67) (4.76) (2.04)

Notes: This table presents summary statistics for personal staffers in the House of represents. In Panel
A, we present summary statistics for all staffers. Wages are in US dollars per quarter. In Panel B, we
present summary statistics for all staffers who work in the House for at least one year. Job length is the
amount of time (in quarters) that a staffer holds the same job title. Office length is the amount of time (in
quarters) that a staffer works for the same Representative. Standard deviations presented below means in
parenthesis.
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Table 2: Correlating staffer FEs with wages

FE source: Bills cospons. Laws passed Exitcomm. Pass House Importantbills Index
) @ ®) 4) ) (6)

Panel A: staffer level

abs(Staffer FE) 0.080*** 0.056** 0.114%* 0.119*** 0.042** 0.084***
(0.023) (0.022) (0.025) (0.025) (0.018) (0.018)

Panel B: staffer level, only those with unique work histories

abs(Staffer FE) 0.087%** 0.065*** 0.124*** 0.1277%** 0.042%* 0.0917**
(0.024) (0.022) (0.026) (0.026) (0.018) (0.018)

Panel C: history level

abs(Staffer FE) 0.084*** 0.062*** 0.121*** 0.125%** 0.042** 0.089***
(0.023) (0.022) (0.025) (0.025) (0.018) (0.018)

Panel D: history level, staffer weighted

abs(Staffer FE) 0.079*** 0.055** 0.114** 0.118*** 0.041** 0.083***
(0.024) (0.022) (0.025) (0.025) (0.018) (0.018)

Panel E: history level, managers only

abs(Staffer FE) 0.124* 0.203*** 0.3277%** 0.318*** 0.097% 0.221%**
(0.056) (0.065) (0.055) (0.056) (0.054) (0.047)

Panel F: history level, managers and legislative staff only

abs(Staffer FE) 0.099*** 0.101%** 0.169*** 0.170*** 0.048 0.123***
(0.033) (0.033) (0.036) (0.036) (0.031) (0.027)

Notes: Regressions are at the staffer level in Panels A-B, and at the work history level in Panels C-F
(independent and dependent variables for all staffers that are always in the same office at the same time
are averaged to a single observation). In Panel B, we restrict the sample to staffers who have a unique
work history. In Panel D, observations are weighted by the number of staffers who share that work
history. In Panel E, we restrict the sample to staffers who work in a management position. In Panel F,
we restrict the sample to staffers who work in a management or legislative position. Independent and
dependent variables of interest have been standardized to mean 0, and standard deviation 1. Staffer
fixed effects a; are estimated from the linear team model in Equation [I] Each column presents an
estimate using a different outcome variable, and column 6 is an index consisting of the sum of the prior
five columns, standardized. Wages are a staffer’s average wage over their career. Standard errors are
robust. * significant at 10% ** significant at 5% *** significant at 1%.
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Table 3: Bayesian model

Param Mean 25% 975% i R
1) (2) 3) 4) 6) (6
Panel A: baseline model

Ua -538 -720 -403 680 1.01
oy 2.52 243 260 647 1.00
Oy 3.38 2.77 418 545 1.01
Oy 0.52 0.48 0.57 405 1.00
ot 1280 991 1642 186 1.03
o 10.22 10.08 10.38 2361 1.00

Rep. share 0.63 0.59 0.66 1071 1.00
Panel B: CES model

Pstaf 079 062 089 4014 1.00
Orep 013 010 017 169 1.03
o 3996 -51.91 -29.22 1817 1.01
ey 236 224 247 450 1.02
Ca 998 750 1291 1680 1.00
oy 054 050 060 459 1.01
or 1265 9.60 1675 138 1.04
o 1005 991 10.19 5348 1.00

Rep. share 057 053 063 1133 1.00

Notes: This table presents parameter estimates
from the baseline model (Panel A) and CES model
(Panel B). Columns 2 through 4 display posterior
means, 2.5th percentiles, and 97.5th percentiles re-
spectively. Column 5 displays the effective sam-
ple size and column 6 displays the R, a measure
of MCMC convergence. i, 0, are the staffer mean
and standard deviation, y,, 0y, are the Representa-
tive mean and standard deviation. Both parame-
terize log-normal distributions. o is the time stan-
dard deviation, and ¢ is the error standard devia-
tion. Rep. share is the share of differences between
above and below median bill output offices that is
attributable to Representatives. pgaf, Orep are elas-
ticities of substitution within a team of staffers,
and between the staffers and Representative, re-
spectively.

Table 4: Variance decomposition

Share 95% CI
1) 2)

Staffer share 37.04% [33.11%, 40.87%]
Office share 85.86% [82.77%, 88.90%]

Notes:  Variance decomposition from
Bayesian estimates of Equation[I] Column
(1) presents staffer and office shares of
variance at the office level, and column (2)
presents 95% credible intervals.
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Table 5: Effect of diversity on bills passed

Bills passed
1) 2) 3) 4
Race HHI -0.681
(0.025)
Gender HHI -0.975
(0.045)
Education HHI -0.591
(0.023)
Work experience HHI -1.346
(0.109)
95% CI [-0.729,-0.633] [-1.065,-0.891] [-0.636,-0.547] [-1.558,-1.133]

Notes: This table presents coefficients and standard errors from a Bayesian estimate of
Equation [T|that additionally includes the indicated covariate. HHI is the sum of squared
shares within the office for a given quarter. Column (1) presents results for different eth-
nicities, column (2) for gender, column (3) for the highest educational degree attained, and
column (4) for types of work experience prior to Congress (private sector, policy-facing,
state government, and federal government). 95% credible intervals are presented in the fi-
nal row.
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Note: Source https://www.politicopro.com/blog/congressional-office-org-chart/

Figure 2: Staffer share of differences in legislative productivity, linear decomposition

Staffer % share of difference

Note: This figure plots the staffer share of differences between offices that are above and below median in
legislative output in blue, as well as 95% confidence intervals. The staffer share is computed from fixed
effects estimated in a team-based mover design framework (Equation([). Staffer shares for the difference in
top and bottom tercile (quartile) offices are plotted in green (purple). Bars are arranged from left to right
in order of closeness to passage into law, except for ‘important bills’, which refers to the number of bills
referenced in the Congressional Quarterly Almanac year-end write-up. ‘cs bills’ refers to the number of
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Figure 3: Dynamic estimation of Representative share of differences in legislative productivity

Panel A: Co-sponsored bills
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Note: This figure plots coefficients and 95% confidence intervals for an event study specification (Equation5)
at the staffer-quarter level (for even quarters only). The x-axis shows quarters to a staffer’s first move.
Displayed coefficients are the Representative share of differences between the destination and origin office’s
legislative output. The specific type of legislative output varies by panel. Fixed effects for other staffers on
the team (estimated out of sample on odd quarters)3ge subtracted from the outcome. Standard errors are
clustered at the Representative level.



Figure 4: Dynamic prediction of staffer movement using fixed effects
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Note: This figure plots coefficients and 95% confidence intervals for an event study specification (Equation|6)
at the staffer-quarter level (for even quarters only). The x-axis shows quarters to a staffer’s first move.
The outcome is a specific type of destination office legislative output that varies by panel. Coefficients on
the moving staffer’s fixed effect are plotted in red, coefficients on the destination Representative’s fixed
effect are plotted in blue, and coefficients on the dggtination team of staffers’ fixed effect are plotted in
gray. These fixed effects are estimated out of sample on odd quarters. Standard errors are clustered at the
Representative level.



Figure 5: Trace plots for the baseline model, number of bills co-sponsored
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Note: This figure presents trace plots for a Bayesian estimation of the team-based mover design framework
(Equation[T). The x-axis represents samples from agspsterior drawn via MCMC. Panel A shows the Rep-
resentative share of differences between above and below-median offices in bills produced. Panels B and
D (C and E) display the staffer (Representative) log-normal distribution’s mean and standard deviation.
Values for 4 different chains are displayed.



Figure 6: Job  productivities
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Note: This figure presents posterior means and 95% confidence intervals for job-specific slopes on staffer
fixed effects (see Equation[7). LC: legislative correspondent, LA: legislative assistant/aide, LD: legislative

director, CoS: chief of staff. All other jobs are normalized to have slope 1.

Figure 7: Trace plots for experience model
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Note: This figure presents trace plots for a Bayesian estimation of the team-based mover design framework
featuring returns to time spent in Congress (Equation [8). The x-axis represents samples from a posterior
drawn via MCMC. Panel A shows the return for staffers and Panel B shows the return for Representatives.
Values above 0 indicate positive returns to experience. Values for 4 different chains are displayed.
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Figure 8: Trace plots for CES model
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Note: This figure presents trace plots for a Bayesian estimation of the team-based mover design framework
featuring a nested CES production function (Equation§). The x-axis represents samples from a posterior
drawn via MCMC. Panel A shows the Representative share of differences between above and below me-
dian offices in bills produced. Panel B presents the elasticity of substitution between staffers working on

the same team, while Panel C presents the elasticity of substitution between the team of staffers and the
Representative. Values for 4 different chains are displayed.
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Figure 9: Trace plots for ideology model
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Note: This figure presents trace plots for a Bayesian estimation of the ideology of bills produced by an office
(Equation[10), which is a weighted average of Representative and staffer ideal points. Weights are estimated
from the team-based mover design (Equation ). The x-axis represents samples from a posterior drawn via
MCMC. Both panels show the Representative share of differences between above and below-median offices
in ideology. Panel A estimates ideology for the first DW-Nominate dimension, the conventional left-right
partisan ideology. Panel B estimates ideology for the second DW-Nominate dimension, concentrated on
other policy domains. Values for 4 different chains are displayed.

Figure 10: The effect of additional staffers on the incumbency advantage
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Note: This figure presents coefficients and 95% confidence intervals from a two-way fixed effect event study
design. Each event is an expansion in the number of staffers that Representatives in the House were legally
allowed to hire (of which there were 15 total). The regression is at the Congressional district election year
level, with Senators included for the estimation of time-fixed effects. The outcome is an indicator of the
incumbent winning an election. Panel A plots the coefficient for the maximum number of staffers allowed
to be hired, while Panel B plots the coefficient for the log of the maximum number of staffers allowed to be
hired. Standard errors are clustered at the Congressional district level.
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Appendix A Data

Constructing a panel of staffers We construct panel data for staffers, associating each
staffer with a single office in each quarter, using the following procedure:

1.

2
3.
4

We drop all staffers that never move.

. We drop all staffers who are interns or part-time workers.

We keep only staffers that stay in Congress for at least one year (4 quarters).

. We drop any staffers that work for more than 5 offices in a single quarter. These

tend to be staffers in generalist positions (such as technology consultants) who are
outside the main focus of our study.

. For each staffer that works for multiple offices in a quarter, we assign an office to a

staffer based on the longest duration worked. We break ties randomly.

If a staffer has spent less than 40% of a quarter working for the office, we also drop
them.

We identify a job as a continuous period of time spent working for the same office,
with up to 1 quarter of interruption in the middle.

Important bills and the LES We quote the Center for Effective Lawmaking on their pro-
cedure for constructing important bills (which they term “substantive and significant”):

A bill is deemed substantive and significant if it was introduced during the
93rd — 113th Congresses, and had been the subject of an end-of-the-year write-
up in the Congressional Quarterly Almanac. For bills that were introduced
into the 114th to 116th Congresses, a bill is deemed substantive and significant
if it was mentioned on two or more occasions in the stories published in Con-
gressional Quarterly Weekly/CQ Magazine during that Congress. For bills
that were introduced into the 117th Congress and subsequent congresses, a bill
is deemed substantive and significant if it was mentioned on two or more oc-
casions in the stories published in Congressional Quarterly Weekly/CQ Mag-
azine during that Congress, identified as the subject of a key vote by Project
Vote Smart, and/or discussed in the Fact Sheets in the CQ House section of
CQ.com.

Many important bills have large numbers of co-sponsors (often in the dozens). Given
that we have no effective way to determine which offices were primarily responsible for
crafting the original text of these bills, we drop all important bills that received five or
more original co-sponsors.

The Legislative Effectiveness Score (LES) is constructed as a weighted average of bills
introduced, bills receiving committee action, bills passing the house, and bills becoming
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law, weighted by their importance. The benchmark is the predicted LES from an OLS re-
gression containing covariates Representative seniority and dummies for party majority,
and committee and subcommittee chair[l]

Measures of diversity To assess diversity at the office level, we develop a set of diversity
measures across race, gender, educational background, and work experience using the
Herfindahl-Hirschman Index (HHI). We begin by gathering staffer-level data from LegiS-
torm, a comprehensive database of congressional staffers. We use staffer names from
the Congressional Statements of Disbursement to search for corresponding profiles on
LegiStorm. Staffers who have profiles on LegiStorm are considered successfully matched
with the names from the Congressional Statements of Disbursement. LegiStorm provides
staffer information including gender, work history, and degrees attained, all of which can
be systematically scraped for each individual. This allows us to construct detailed profiles
for our analysis.

We construct data on race by employing an open-source tool called ethnicol which
predicts race and ethnicity based on staffer names. This tool is trained on census names
and is useful when race information is not available.

To quantify educational diversity, we parse the educational backgrounds listed on
LegiStorm profiles. By identifying and categorizing keywords such as "BS", "BA", "Bach-
elor", and equivalent terms, we classify the degrees attained by each staffer. Degrees are
categorized into levels such as bachelor’s, master’s, MBA, MD, JD, and PhD. This clas-
sification enables us to gauge the range and concentration of educational achievements
within an office.

In terms of work experience, we leverage the capabilities of GPT-4 to automate and
refine the categorization process. We first define categories for work experiences, includ-
ing internship, federal government, state government, policy, and private sector roles.
We then input the entire work history of staffers, focusing on experiences prior to their
first congressional role (excluding congressional internships), and use GPT-4 to classify
these experiences according to the predefined categories. GPT-4 is particularly useful
with this kind of task due to its extensive training on billions of texts across diverse do-
mains. This vast training enables GPT-4 to develop a deep understanding of language
patterns, context, and domain-specific knowledge, making it highly effective at tasks like
text classification. One concern with using language models like GPT-4 is the potential for
"hallucination," where the model might generate or infer information that isn’t present in
the data. However, in this specific use case, GPT-4 is effective for the following reasons:

1. GPT-4 is provided with specific work histories, which are real, structured inputs. It
is tasked with categorizing this information into predefined categories (e.g., federal
government, private sector). The process doesn’t involve generating new content
or making speculative interpretations; instead, it relies on its ability to recognize
patterns within the existing data.

2. The task is narrow and well-defined: to classify work experience into categories.

I The specific algorithm used is outlined in https://thelawmakers.org/methodology.
2More details of this package can be found at https://github.com/appeler/ethnicolr.
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This specificity reduces the likelihood of hallucination, as GPT-4 isn’t asked to ex-
trapolate beyond the information provided. It’s simply applying its understanding
to categorize text, which is a core strength of language models when given clear
parameters.

3. GPT-4 excels at understanding context, which is critical when distinguishing be-
tween different types of work experiences. For example, if the input describes a role
as a “Legislative Analyst," GPT-4 uses the surrounding context within the work his-
tory to categorize this role accurately. This ability to leverage context helps ensure
that the classification is based on the actual data, not on fabricated information.

4. We also implement a human-in-the-loop approach for validation. After GPT-4 cat-
egorizes the work experiences, we go through a review process that ensures the
classifications are accurate. This further mitigates the risk of potential errors or hal-
lucinations, ensuring that the final dataset is reliable.

Finally, we compute the HHI for each of the measures described above at the office-
quarter level.

Appendix B Estimation

Appendix B.1 Linear decomposition

Main model Under the typical mover design model, the number of fixed effects is con-
stant per observation (oftentimes three—one for the individual, one for the group, and
one for time). Common fixed effect estimation routines are able to quickly compute the
full set of fixed effects through a variety of optimization techniques. However, under the
team-based mover design model, the number of fixed effects to estimate varies per obser-
vation: a team with eleven staffers has five more fixed effects than a team with six staffers.
Although recent progress has been made in estimation when these fixed effects are inci-
dental parameters (Constantine and Correia, 2021), the recovery of the actual fixed effects
in a computationally efficient way is an open problem. As a result, to estimate the fixed
effects in Equation |1} we simply use the full design matrix containing indicators for all
staffers and Representatives when estimating this model, applying Frisch-Waugh Lowell
to residualize any time fixed effects and other incidental parameters.

After applying the standard OLS matrix algebra, we compute the Representative share
of differences between high and low legislative output offices and subtract it from 1 to
obtain the staffer share. We use the Bayesian bootstrap to compute confidence intervals,
weighting each observation by the square root of a random variable distributed exp(1).
Throughout the paper, we use 100 iterations of the bootstrap.

Instrumental variables Our instrumental variable strategy uses two sets of instruments
for staffer moves at time ¢:
1. Turnover: This is an indicator equal to 1 if the origin office lost their election at ¢ — 1
and the destination office is in the same state as the origin office.
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2. Migration push/pull interaction: This is the fully saturated interaction between a
push factor out of an origin office into a destination (the leave-out total number of
staffers who ever move between origin and destination) and a pull factor into the
destination (the number of staffers who leave the office at time ).

Both of these instruments are arguably uncorrelated with the moving staffer’s produc-
tivity, potentially satisfying the exclusion restriction. One may be concerned that the
turnover instrument may directly influence legislative productivity. We argue that this is
unlikely to be substantial for multiple reasons: first, the Representative fixed effect cap-
tures any persistent differences between Representatives who win versus lose re-election.
Second, the Representative that loses an election at t — 1 is no longer in the data at time
t, so a violation of the exclusion restriction would have to operate through an anticipated
loss affecting legislative productivity prior to the election. However, the incumbent ad-
vantage in the US Congress is large, mitigating this potential channel.

We begin by running a standard (linear) first stage, at the staffer-destination office-
quarter level. Results are displayed in Table We note that the most predictive covari-
ate is, unsurprisingly, the destination and origin office being the same. The instruments
are all positive and statistically significant, working in the direction that we would expect.
Results are robust to the inclusion of various fixed effects, and the F—stat is extremely
large. Unfortunately, running 2SLS produces extremely wide confidence intervals for
staffer shares (the 95% CI is roughly 300% wide). This is because we are simultaneously
instrumenting for every single staffer’s moves, meaning given I staffers, we have 41 in-
struments for I endogenous variables.

We address this issue by adopting and constructing a stronger first stage with machine
learning methods. Instead of predicting the first stage using OLS, we instead use an
XGBoosted random forest In Table we show that this meaningfully improves the
predictive power of the instruments. Column 1 shows the root mean square error and
accuracy of the linear first stage, both in and out of the sample. Although the accuracy
appears high, recall that a staffer can only be in one destination office at any period;
thus, a model that always guesses 0 as the outcome would achieve an accuracy of ﬁ =
99.77%@ Thus, the random forest model in Column 2 performs meaningfully better than
the linear model. The upside of the random forest is that it has better predictive power
and a stronger first stage. The downside is that it is less interpretable: it is difficult to be
sure that the instruments are being used by the model, rather than other features provided
to it. We provide suggestive evidence that this is not the case in Column 3, where we show
that re-estimating the random forest without instruments provides a worse fit both in and
out of sample. This suggests that the model is effectively using information provided by
the instruments. To formally test for this, we conduct a permutation test. We randomly
permute the instruments across observations and re-estimate the random forest model
1000 times. In every single case, out-of-sample performance using the true instruments
beats the model using permuted instruments, establishing that the predictive power of

3Dikkala et al.[(2020) provides a theoretical justification for non-parametric IV and, in particular, finds
that the random forest performs best when compared against a number of other non-parametric estimators.

“There are 435 Representatives in the House at any given point in time, plus the outside option of not
being in Congress.
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the random forest first stage is at least partially driven by the instruments.

To complete the IV estimation, we plug in first-stage estimates from the random for-
est into the design matrix and re-estimate the linear decomposition following the process
described above. The one technical note is that the Bayesian bootstrap must addition-
ally account for the first stage. To keep inference conservative, we independently draw
bootstrap weights across the first and second stages and take their product.

Appendix B.2 Bayesian estimation

Hamiltonian Monte Carlo We make use of Bayesian methods for inference. Specifi-
cally, we utilize Hamiltonian Monte Carlo (HMC) (Gelman et al.,1995), a Markov Chain
Monte Carlo (MCMC) method. Traditional Gibbs and Metropolis algorithms exhibit ran-
dom walk behavior, causing slow progress as they zigzag through the target distribution.
While re-parameterization and refined jumping rules can help, this inefficiency persists
in complex, high-dimensional models. HMC enhances the Metropolis algorithm by in-
troducing “momentum" variables, enabling iterations to cover more distance in the pa-
rameter space and mix more efficiently. Specifically, for each parameter 6; in the target
space, a corresponding “momentum" variable p; is added. Both 6 and p are updated to-
gether using a modified Metropolis algorithm, where the jumping distribution for 6 is
influenced by p. Each HMC iteration involves multiple steps, during which the posi-
tion and momentum evolve according to rules that mimic physical motion, allowing for
the algorithm to traverse the parameter space more quickly, including turning corners to
maintain the trajectory’s total “energy".

Specifically, HMC augments the posterior density p(6|y) with an independent distri-
bution p(p) for “momentum" variables, creating a joint distribution p(6, p|ly) = p(p)p(0|y).
We simulate this joint distribution but focus only on the 8 values. Again, the momentum
variable p helps the algorithm move more efficiently through the parameter space. HMC
requires the gradient of the log-posterior density, which must be calculated analytically
for efficiency. The momentum p is usually assigned a multivariate normal distribution
with mean 0 and a covariance matrix M that can be conditioned via warm-up. This setup
allows the components of p to be independent.

An HMC iteration involves three main steps:

1. Updating Momentum: Draw p from its prior distribution N (0, M).
2. Leapfrog Steps: Update 6 and p through a series of “leapfrog" steps:

¢ Half-step for p: Update p using the gradient of the log-posterior.

1 _dlogp(6ly)
PP g

 Full-step for 0: Update 6 using the momentum p.
0« 0+eM lp

* Another Half-step for p: Update p again using the gradient.

1 _dlogp(6ly)
R T
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3. Accept/Reject Step: Compute the acceptance ratio r based on the joint densities
before and after the leapfrog steps. Accept the new 6 with probability min(r,1);
otherwise, retain the previous 0.

This process is repeated until the MCMC algorithm converges, typically assessed by di-
agnostics like the R-hat statistic and effective sample size.

For challenging HMC problems, it’s ideal for tuning parameters to adapt as the algo-
rithm explores the posterior distribution. This involves scaling the mass matrix M to the
local curvature of the log density, adjusting the step size € to be smaller in high-curvature
areas, and setting the number of steps to be sufficient for effective exploration without
excessive circling. Extensions of HMC, like the no-U-turn sampler (NUTS), achieve this
adaptive tuning while maintaining detailed balance. In NUTS, the number of steps is
determined adaptively during each iteration, continuing until the trajectory reverses di-
rection. This ensures the trajectory explores the parameter space efficiently. NUTS also
includes a procedure to adaptively set M and € during a warm-up phase, which is then
tixed for the remaining iterations. We use Stan to run HMC with NUTS. Although tuning
HMC can be tricky, NUTS simplifies this by eliminating the need to predefine the number
of steps.

Our baseline model uses four independent chains, each run for 2000 iterations (with
the first 1000 serving as warm-up/burn-in). We typically set J (the target average pro-
posal acceptance probability) to 0.95H and the seed for sampling to 1. Our baseline prior
for both jt,, us is N(0,10), and our baseline prior for o, 0y, 0, 0 is N(0,25).

Appendix B.3 Comparison with other approaches and simulation

In this section, we provide details to the discussion of other leading approaches in the
economics literature contained in Section 4l

Chan| (2021) uses an empirical Bayes procedure to estimate doctor productivity in a
setting where junior and senior physicians are paired together in teams of two. He uses
a discrete type space, allowing for 6 types of juniors and 9 types of seniors (based on
tenure), and estimates a separate variance for each pair of types. Extending this approach
to our setting would require estimating a separate variance for each feasible combination
of types in a team (6 types of staffers among the 18 possible “juniors” in a team, and 9
types for the senior, the member of Congress). Assuming symmetry across individuals in
a team requires the estimation of 9 * (264) = 1.2 million parameters; without symmetry, this
is 6!8 x 9 = 1 quadrillion parameters.

Bonhomme (2021)) estimates researcher productivity using both a linear and non-linear
model. For his nonlinear model, he uses a variational Bayes (ELBO) procedure and re-
stricts attention to teams no larger than two. He estimates his model with K types of
workers (using K = 4 at baseline). Evaluating the ELBO objective function requires a
computing a nested sum containing (1) the number of individuals, (2) the number of
teams, and (3) the number of types for each individual on the team. For the simplest
case of a single office containing 18 staffers, this is 18 x 4! = 1 trillion operations. This

5This is higher than the default used in packages such as RStan, as it produces results that are more
robust when posteriors have high curvature, at the cost of computational speed.
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is a lower bound as there are many unique teams in the data (on the order of 10,000), al-
though not all of them hire the maximal 18 staffers. Actually estimation typically requires
many calls to the objective function.

Ahmadpoor and Jones| (2019) pose a nonlinear least squares problem that they solve
using simple gradient descent. In particular, they pick an informed initialization, run gra-
dient descent for one hundred thousand iterations, and conclude the procedure. When
implementing their procedure to our nested CES problem, we made use of the same learn-
ing rates as the original authors, but also experimented with a range of different rates. We
were unable to find a clearly better set of hyperparameters, and found results to be highly
sensitive to initial parameterization. In particular, we used the same history of moves as
our primary sample, and simulated staffer and representative effects using the same dis-
tributions as the baseline estimates presented in Table 3} Panel B, with a small amount of
noise (a standard normal draw). We then initialized all parameters to the CES problem at
the oracle solution (in particular, with pg¢r = 0.794). The method returns a result that is
substantially different: pgafr = 9.461, and the average value of @ compared to & is off by
roughly two orders of magnitude. Finally, we note that this procedure is also slower than
the Bayesian one that we adopt. Although a single run of their estimation procedure to
recover a point estimate takes roughly twice as long as ours, inference via 100 iterations
of the Bayesian bootstrap would increase total runtime by a factor of 100.

As discussed in the main text, Bergeron et al,| (2022) adopts a linear model similar
to ours. However, because output is non-parametrically estimated as a combination of
discrete types, this would still result in over 200,000 parameters to estimate in our context,
above the number of observations that we have.

In addition to these papers, we are also aware of Freund (2024), Iranzo et al.| (2008),
and Weidmann et al.| (2024), who all study the contribution of individuals in team envi-
ronments. Each of these papers directly estimates an individual’s effect, and uses these
estimates to study their impact on teams. [[ranzo et al. (2008) estimate individual effects
through a standard AKM wage regression, and plug these effects into their firm produc-
tion estimation procedure. Freund (2024) estimates individual effects through an aug-
mented AKM regression that takes the team into account, but the outcome data are ulti-
mately still individual-level wages. Weidmann et al.| (2024) directly measures individual
effects in the lab before randomly pairing individuals into teams.

Finally, we discuss the simulation procedure that we use to validate our estimates.
For the dynamic models, we simulate staffer and Representative effects using the same
distributions as the baseline estimates presented in Table 3|, Panel A. We then construct
a panel of movers that matches the main mover sample along the following moments:
the average and standard deviation for number of quarters spent in an office, the average
and standard deviation for number of moves between offices, and the average number of
quarters that a Representative spends in Congress. This leads to a Representative share of
differences between above and below median offices of 73%, and a Representative share
of differences between destination and origin offices of 8 to 12% (depending on whether
odd or even quarters are used). In estimation, we find a Representative share of differ-
ences between above and below median offices of 72%, with a 95% CI of [0.713, 0.733]. We
plot the dynamic estimate of the Representative share of differences between destination
and origin offices in Figure Panels A and B, and find them consistent with the true
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values. We also plot predicted staffer, Representative, and other team-member moves in
Figure[A.12} Panels C and D, and find results consistent with the discussion of Equation|6|
For our Bayesian procedure, we note that, by design, inference on the posterior is correct.
Nevertheless, we evaluate the nested CES estimation procedure and find that the true
parameter values fall within the 95% credible interval.

A9



Appendix C Tables and Figures

Table A.1: Correlating staffer FEs with each other

FE source: Bills cospons. Exit comm. Pass House Laws passed
1 ) ®3) 4
OLS: # orig. bills cospons. 1.000
()
OLS: # bills exit committee 0.358*** 1.000%**
(0.039) (0.000)
OLS: # bills pass House vote 0.528*** 0.570*** 1.000%**
(0.037) (0.040) (0.000)
OLS: # bills becoming law 0.537*** 0.592*** 0.985%** 1.000***
(0.038) (0.040) (0.007) (0.000)

Notes: Regressions are at the staffer level. FEs are sourced from an OLS estimate of Equa-
tion[T] Standard errors are robust. * significant at 10% ** significant at 5% *** significant at
1%.

Table A.2: Misspecified AKM designs, staffer share of differences

Outcome: Bills cospons. Laws passed Exitcomm. Pass House Important bills

(1) 2 ®) 4) )

Panel A: baseline, team-based AKM model

Staffer share 0.489 0.240 0.212 0.395 0.141
[0.416,0.591]  [0.055,0.458] [0.028,0.416] [0.152,0.575]  [-0.143,0.357]

Panel B: misspecified, standard AKM model (all staffers)

Staffer share 0.233 0.034 0.022 -0.019 0.066
[0.157,0.302] [-0.083,0.130] [-0.090,0.150] [-0.143,0.116] [-0.051,0.176]

Panel C: misspecified, standard AKM model (only Chiefs of Staff)

Staffer share 0.215 0.055 0.080 0.047 0.072
[0.188,0.248] [0.020,0.145] [0.010,0.167] [-0.036,0.104] [-0.014,0.154]

Panel D: misspecified, standard AKM model (only Legislative Directors)

Staffer share 0.218 0.049 0.050 0.047 0.006
[0.171,0.165] [-0.067,0.099] [-0.005,0.109] [-0.017,0.197] [-0.140,0.161]

Notes: This table presents the staffer share of differences between above and below-median
offices across a number of legislative outcomes. In Panel A, we present the baseline estimates
from the team-based AKM model as in Figure 2| Panels B-D present misspecified models that
run the standard AKM design at the individual level. Panel B includes all movers, meaning
an observation is repeated as many times as there are staffers in the office. Panels C-D restrict
there to be a single staffer per office. In Panel C, this is the Chief of Staff. In Panel D, this
is the Legislative Director. Standard errors are computed via 100 iterations of the Bayesian
bootstrap. 95% confidence intervals are displayed beneath point estimates in brackets.
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Table A.3: IV — linear first stage

oy 2) 3) 4)
Stay in same office 0.807***  0.807*** 0.798*** 0.798***
(0.002) (0.002) (0.002) (0.002)
Turnover 0.021***  0.021*** 0.021*** 0.021***
(0.005) (0.005) (0.005) (0.005)
Total moves from orig. to dest. ~ 0.019***  (0.018*** 0.019*** 0.019***
(0.001) (0.001) (0.001) (0.001)
#leaving dest. 0.000***  0.000*** 0.000%** 0.000%**
(0.000) (0.000) (0.000) (0.000)
Moves from O-D X # leave dest.  0.006***  0.006*** 0.006*** 0.006***
(0.000) (0.000) (0.000) (0.000)
Dist. in party share 0.000 0.000 0.000 -0.000%**
(0.000) (0.000) (0.000) (0.000)
N 21018181 21018180 21018180 21018180
F 42942.09 43095.46 36766.30 37176.89
RMSE 0.031 0.031 0.031 0.031
FE None Time + Orig./Dest.  + Staffer

Notes: This table presents regression coefficients and standard errors for the first
stage of the IV at the staffer-origin office-destination office-quarter level. Column 2
adds time-fixed effects, column 3 adds origin and destination-fixed effects, and col-
umn 4 adds staffer-fixed effects. Standard errors are clustered at the staffer-quarter
level. * significant at 10% ** significant at 5% *** significant at 1%.

Table A.4: IV — comparing first stages

OLS RF RF (no instruments) (2) <(3) p—val.
(1) () ) 4)
RMSE (in sample) 0.0310 0.0273 0.0274 -
Accuracy (in sample) 99.894% 99.915% 99.914% -
RMSE (out of sample) 0.0312  0.0266 0.0280 <0.001
Accuracy (out of sample) 99.892% 99.920% 99.912% > 0.999

Notes: This table presents in-sample and out-of-sample root mean square error (RMSE)
and accuracy for various IV first stages. Column 1 presents results from OLS (Table
Column 4). Column 2 presents results from an XG-Boosted random forest. Column 3
presents results from the random forest without instruments. p—values in column 4
are computed using a permutation test (permuting instrument rows then re-fitting the
random forest) with 1000 draws.
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Table A.5: Bayesian model, HMC NUTS sampler properties

Property Min. 25% Median Mean 75%  Max
@ @ 6 4) ®) 6 @

Panel A: baseline model

Acceptstat. 0.00 0.84 0.94 0.85 098  1.00
Step size 0 0.001 0.001 0.002 0.002 14.

Tree depth 0.0 8.0 8.0 79 8.0 10.0
N leapfrog 1 255 255 296 255 1023
Divergent  0.000 0.000  0.000 0.052  0.000 1.000

Panel B: CES model

Acceptstat. 0.00 0.94 0.98 0.94 1.00 1.00
Step size 0 0.0015 0.0079 0.0126 0.0089 10.95
Tree depth 0.0 9.0 9.0 8.9 10.0 100
N leapfrog 1 511 511 662 1023 1023
Divergent  0.000 0.000  0.000 0.016 0.000 1.000

Notes: This table presents sampler properties from the baseline
model (Panel A) and CES model (Panel B). Columns 2 through 7
display the minimum, 25th percentile, median, mean, 75th per-
centile, and maximum respectively. Accept stat. is the probabil-
ity that a proposal is accepted. Step size controls how far the mo-
mentum variable updates. Tree depth is the depth of the binary
tree used by NUTS, which determines the number of leapfrog
steps taken by the sampler to avoid random walk behavior. Di-
vergent transitions are instances when the Hamiltonian value
deviates substantially from the initial value, indicating potential
random walk behavior.

Table A.6: Correlation between Bayesian ideology estimates and DW-Nominate scores

1st Dimension 2nd Dimension

Dem. Rep. Dem. Rep.
(1) 2 3) 4)

DW-Nominate score  -0.0144 0.0184** 0.1468* 0.0296**
(0.0756) (0.0089) (0.0845) (0.0126)

Notes: This table presents regressions at the Representative
level, where the outcome is the posterior mean of a Represen-
tative’s ideology when writing bills, and the independent vari-
able is the Representative’s DW-Nominate score from roll call
votes. Columns 1 and 2 present results from the 1st dimension
of DW-Nominate, and columns 3 and 4 from the 2nd dimen-
sion. Odd rows restrict the sample to Democrats, even rows to
Republicans. Standard errors are robust. * significant at 10% **
significant at 5% *** significant at 1%.
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Figure A.1: Staffer share of differences in office spending, linear decomposition
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Note: This figure plots the staffer share of differences in office spending (first three columns) and legislative
productivity (last two columns), as well as 95% confidence intervals. The staffer share is computed from
fixed effects estimated in a team-based mover design framework (Equation[T). LES refers to the Legislative
Effectiveness Score.
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Figure A.2: Staffer share of differences in office spending, linear decomposition (IV)
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Note: This figure plots the staffer share of differences between offices that are above and below median
in legislative output in blue, as well as 95% confidence intervals. The staffer share is computed from in-
strumented fixed effects estimated in a team-based mover design framework (Equation[l), using a random
forest first stage. Staffer shares for the difference in top and bottom tercile (quartile) offices are plotted in
green (purple). Bars are arranged from left to right in order of closeness to passage into law, except for
‘important bills’, which refers to the number of bills referenced in the Congressional Quarterly Almanac
year-end write-up. ‘cs bills’ refers to the number of bills co-sponsored by the office.
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Figure A.3: Dynamic estimation of staffer shares, in-sample (odd quarters)
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Note: This figure plots coefficients and 95% confidence intervals for an event study specification (Equation5)
at the staffer-quarter level (for odd quarters only). The x-axis shows quarters to a staffer’s first move.
Displayed coefficients are the Representative share of differences between the destination and origin office’s
legislative output. The specific type of legislative output varies by panel. Standard errors are clustered at
the Representative level. A.15



Figure A.4: Dynamic estimation of staffer movement, in-sample (odd quarters)
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Note: This figure plots coefficients and 95% confidence intervals for an event study specification (Equation|6)
at the staffer-quarter level (for odd quarters only). The x-axis shows quarters to a staffer’s first move. The
outcome is a specific type of destination office legislative output that varies by panel. Coefficients on the
moving staffer’s fixed effect are plotted in red, coefficients on the destination Representative’s fixed effect
are plotted in blue, and coefficients on the destinatipg team of staffers” fixed effect are plotted in gray.
Standard errors are clustered at the Representative level.



Figure A.5: Dynamic estimation of staffer movement, from origin office
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Note: This figure plots coefficients and 95% confidence intervals for an event study specification (Equation|6)
at the staffer-quarter level (for even quarters only). The x-axis shows quarters to a staffer’s first move. The
outcome is a specific type of origin office legislative output that varies by panel. Coefficients on the moving
staffer’s fixed effect are plotted in red, coefficients on the destination Representative’s fixed effect are plotted
in blue, and coefficients on the destination team of spgffiers’ fixed effect are plotted in gray. These fixed effects
are estimated out of sample on odd quarters. Standard errors are clustered at the Representative level.



Figure A.6: Dynamic estimation of staffer movement, from origin office, in-sample (odd quarters)
Panel A: Co-sponsored bills

1.5

& Own FE
e QOffice FE
= Qther staff FE

# original bills cosponsored

0f-mmmm oo 1——{——4——%——}———%——%—-

-5 -4 -3 -2 -1 0 1 2 3 4 5
Quarter relative to move

Panel B: Bills exiting committee Panel C: Bills passing House vote
24 i 24 i
| |
| |
| |
1.5 I o 159 I
: H B 2 }“’ i
I P I ,,,{L,iz,,}ﬂ, - ownre oo I L o
2 it * Office FE 3 . * * Office FE
5 H° )‘“’ * Other staff FE 4 J I * Other staft FE
2 s % 5]
ot -——-- it ——i———é———}——i—— of-mmm- ‘ K ——i———i——%——ﬂi—f
T D B I R T T S
Quarter relative to move Quarter relative to move
Panel D: Bills becoming law Panel E: Important bills
1.5 ﬁ i 151 i
: | ‘ |
I W4 J___ 1 ] { i {
w : R e
i | i | EOIT
. « OwnFE g « OwnFE
8 5 * Office FE 3 s * Office FE
2 © Other staff FE ] © Other staff FE
of-—-—- % fi——i———ik——{—— S R —%——i———?——}—
-51 | -5 !
5 4 @3 =2 a4 0 1 2 3 4 5 5 4 @8 =2 4 0 1 2 3 4 5
Quarter relative to move Quarter relative to move

Note: This figure plots coefficients and 95% confidence intervals for an event study specification (Equation|6)
at the staffer-quarter level (for odd quarters only). The x-axis shows quarters to a staffer’s first move. The
outcome is a specific type of origin office legislative output that varies by panel. Coefficients on the moving
staffer’s fixed effect are plotted in red, coefficients on the destination Representative’s fixed effect are plotted
in blue, and coefficients on the destination team of Ataffers’ fixed effect are plotted in gray. Standard errors
are clustered at the Representative level.



Figure A.7: Posterior distributions of «;, ; from Bayesian estimation
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Note: This figure plots the posterior mean of log(«;) (in blue) and log(+y;) (in red) for each staffer and
Representative. Estimates for a; and 7; come from a Bayesian estimation of Equation

A.19



Figure A.8: Trace plots for Representative share of difference in number of bills co-sponsored,
varying share
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Note: This figure presents trace plots for a Bayesian estimation of the team-based mover design framework
(Equation[T). The x-axis represents samples from a posterior drawn via MCMC. Panel A shows the Repre-
sentative share of differences between above and below-median offices in bills produced. Panels B and C

display the Representative share of differences between above and below tercile and quartile offices in bills
produced. Values for 4 different chains are displayed.
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Figure A.9: Trace plots for Representative share of difference in number of bills co-sponsored,
varying distribution
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Note: This figure presents trace plots for a Bayesian estimation of the team-based mover design frame-
work (Equation[I). The x-axis represents samples from a posterior drawn via MCMC. Panel A shows the
Representative share of differences between above and below-median offices in bills produced when pa-
rameterizing staffer and Representative effects using a log-normal distribution. Panels B, C, and D instead
use a normal, Fréchet, and mixture of normals. Values for 4 different chains are displayed.
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Figure A.10: Trace plots for Representative share of difference, varying outcome
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Note: This figure presents trace plots for a Bayesian estimation of the team-based mover design framework
(Equation[T). The x-axis represents samples from a pysterior drawn via MCMC. Panel A shows the Rep-
resentative share of differences between above and below-median offices in bills produced. Panels B, C,
D, and E instead show the Representative share of differences for the number of co-sponsored bills exiting

committees, passing a House vote, becoming law, or being important bills. Values for 4 different chains are
dienlaved



Figure A.11: Trace plots for the model including non-movers, number of bills co-sponsored
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Note: This figure presents trace plots for a Bayesian estimation of the team-based mover design framework
(Equation[T). The x-axis represents samples from ag@gerior drawn via MCMC. Panel A shows the Repre-
sentative share of differences between above and below-median offices in bills produced. Panels B and D
(C and E) display the staffer (Representative) log-normal distribution’s mean and standard deviation. All
staffers (not just movers) are included in the estimation. Values for 4 different chains are displayed.



Figure A.12: Validation of dynamic estimation by simulation
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Note: This figure plots coefficients and 95% confidence intervals for two event study specifications (Equa-
tion[5]in Panels A and B, Equation[p|in Panels C and D) at the staffer-quarter level. The underlying data are
simulated. The x-axis shows quarters to a staffer’s first move. The outcome is bills produced. In Panels A
and B, coefficients on the Representative share are plotted. The true values are 8 and 12% respectively. In
Panels C and D, coefficients on the moving staffer’s fixed effect are plotted in red, coefficients on the desti-
nation Representative’s fixed effect are plotted in blue, and coefficients on the destination team of staffers’
fixed effect are plotted in gray. Standard errors are clustered at the Representative level.
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