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What drives a PhD student’s performance?

Diligence – Work hard!

...the university (funding, networks, resources)

Does a good department increase the probability of
working hard?
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Who am I talking to?



This Paper’s Family Tree

Bureaucratic Behaviour

Structural Accounts

Formal Authority

Independence
& Powers

Procedures
& Rules

Post-Delegation Dynamics

Informal Authority

Bureaucratic
Autonomy

Reputation
& Audiences

• Hanretty and Koop (2018)

More independent competition authorities → Regulatory Quality

• Maor and Sulitzeanu-Kenan (2016)

Reputational threat → Regulatory output
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Two Gaps, Two Goals



Bureaucratic/Organisational Reputation

Bureaucratic reputation is increasingly getting studied but without
cross-sectional and time-varying quantitative measures.
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The Origins of Reputation

Bureaucratic reputation – a set of symbolic beliefs about an
organisation embedded in a network of multiple audiences – allows
agencies to secure the policies that they favour despite the
opposition of even the most powerful politicians (Carpenter,
2001a, 3–4)

Reputation can explain the accountability behaviour of agencies
(Busuioc and Lodge, 2016, 2017)

Reputation can shape the external communication strategies of
agencies facing media attacks (Gilad et al. 2013)

But how can bureaucratic agencies build a strong reputation?
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The Origins of Autonomy

Autonomous agencies are able translate their own interests and
values into authoritative actions, without external constraints
(Gilardi and Maggetti, 2010, 3)

Empirical works on institutional independence → actual autonomy
reached different conclusions.

Let’s add another one...
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Two Goals

Methodological
Propose a measurement strategy that yields replicable,
cross-sectional, and time-varying measures of reputation.

Substantive
Structural and Post-Delegation Politics: Towards a Synthesis?
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Measuring Reputation



Options on the table

Carpenter (2001, 3):
Bureaucratic reputation is a set of symbolic beliefs about
an organisation embedded in a network of multiple audi-
ences.

• Archival and historical methods
• Elite interviews
• Surveys
• Valence of press coverage
• Sentiment analysis of parliamentary speeches
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Measuring Reputation from Parliamentary Speeches - Why?

Politicians delegate authority to agencies: expertise and credible
commitment

• Politicians are a key audience for the agency
• Capture other audiences’ beliefs
• Speeches (relatively) easy to access
• Across agencies and over time
• Suitable for quantitative analysis
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Step by step

UK as illustrative example.

• Sample of agencies from GlobReg Dataset (Jordana et al.
2018)
→ 115 countries, 17 policy sectors: 13 agencies in the UK

• Downloaded debates and speeches from 1925-2019 mentioning
agency with TheyWorkForYou API and twfyR package

• Extracted sentences mentioning agency
• Removed name of agency
• Dictionary-based sentiment analysis
→ Reputationi = PositiveWords − NegativeWords

∀ sentence i = 1, ...,N

Reputationt =

∑N
n=1 Reputationi

N
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Justification

Dictionary-based approach

• Easy to use
• Low-cost (both time and resources)
• No need to hand-code training data

...assuming training data is available
• Politicians use ”ordinary” language, easily captured by

dictionaries
• Noise should be orthogonal to policy sector, agency, party,

and time
• Year-level average tempers scepticism even more
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Some Checks

I use three different dictionaries (Lexicoder, NRC, LIWC)

Dictionary Lexicoder NRC LIWC
Lexicoder 1.00
NRC 0.49∗∗∗ 1.00
LIWC 0.50∗∗∗ 0.30∗∗∗ 1.00

Table 1: Correlation matrix.

14
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Figure 1: Density plots of standardised reputation scores (kernel density
estimator). 15



A few examples

While we await the results of the Veterinary Laboratories Agency analysis
of the potential disease risks to animals from illegal meat imports, will
she ask the Food Standards Agency to explain why it has failed to
conduct an analysis of the disease risk to human health from the illegal
trade in bush meat and other illegal meat imports into the UK?

Lexicoder = -8, NRC = -5, LIWC = 1.0

Much of the credit must go to the work of the Office of Rail
Regulation, which since 2004 has helped to deliver a significant
improvement in safety standards.
Lexicoder = 5, NRC = 2, LIWC = 99

..more validation coming soon.
Hand-coding of random sample, Krippendorff’s α
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N Speeches and Sentences

Agency Speeches Sentences
Bank of England 4,241 5,618
Care Quality Commission 424 443
Environment Agency 1,006 1,604
Financial Services Authority 649 695
Food Standards Agency 338 397
Health and Safety Executive 1,154 1,566
Health Care Products Regulatory Agency 112 117
Office of Communications 571 1,006
Office of Fair Trading 353 725
Office of Gas and Electricity Markets 484 743
Postal Services Commission 14 18
The Pensions Regulator 68 90
Water Services Regulation Authority 220 220
Total 9,741 13,273

Table 2: Number of debates and sentences mentioning the agencies. 17



And across Parties

Party Number of Speeches Percentage
Labour 2,999 30.8
Conservative 2,522 25.9
Liberal Democrat 546 5.6
Scottish National Party 191 1.0
Plaid Cymru 28 0.3
Speaker 15 0.2
Green 12 0.1
Independent 9 0.1
DUP 7 0.1
UUP 3 0.0
NA (Mostly pre-1997 debates) 3,499 35.9
Total 9,741 100

Table 3: Distribution of debates across political parties.
18



Just about ideology/partisanship?

19



Lexicoder NRC LIWC
(Intercept) 1.58 3.38 77.30∗

(1.60) (1.73) (34.95)
Conservative −0.76 −2.01 −19.29

(1.60) (1.72) (34.82)
DUP −0.21 −0.96 −16.70

(1.96) (2.11) (42.69)
Green −0.66 0.84 −75.06

(1.95) (2.11) (42.56)
Independent −3.23 −4.00∗ −46.24

(1.84) (1.99) (40.21)
Labour −1.34 −2.35 −23.07

(1.60) (1.73) (34.85)
Liberal Democrat −0.71 −2.28 −26.51

(1.61) (1.74) (35.17)
Plaid Cymru −0.69 −1.90 −12.90

(1.79) (1.93) (38.99)
Scottish National Party −1.98 −3.65 −60.35

(1.97) (2.13) (42.95)
UUP 0.71 −1.77 31.60

(2.26) (2.44) (49.25)
Party x Agency ✓ ✓ ✓
Agency FE ✓ ✓ ✓
Year FE ✓ ✓ ✓
R2 0.03 0.03 0.04
Num. obs. 8,546 8,546 8,546
RMSE 1.59 1.72 34.71

Table 4: Fixed-effects regression to check the effect of partisanship on
reputation. Reference category for party is the speaker. 20
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Empirical Applications



The Structural Origins of Bureaucratic Reputation

Can agencies cultivate a good reputation and more autonomy
regardless of their structural characteristics?

Argument
The initial institutional talents delegated to the agencies mark their
ability to cultivate their reputation among their political audience
and the day-to-day autonomy they enjoy when performing their
tasks. (1) More independent agencies, with more regulatory
competences, and operating in a more accountable fashion will be
more likely to build a good reputation among their political
principals. Similarly, (2) independent agencies are more likely to
accrue more autonomy than their non-independent counterparts.

22
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Test 1: Design → Reputation

Data from 6 countries: UK, US, DE, IR, IT, FR
Year: 2010

Variable Mean SD Min. Max. Agencies
Independence 0.36 0.65 -1.81 1.45 61
Reg. Powers 0.14 0.43 -0.99 1.20 61
Accountability 0.69 0.52 -0.56 1.82 61

Table 5: Descriptive statistics of main independent variables. Values
normalised ∼ (0, 1). Source: GlobReg Dataset (Jordana et al. 2018)

Reputation: web-scraped debates for IT and FR, IR and US
existing database, and DE GermParl package
LIWC Score: most suitable for multilingual sentiment analysis
Controls: (only) age, more soon

23
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Preliminary Findings

Reputation (LIWC)
Robust SEs Clustered SEs

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

Independence 3.325∗∗ 0.416 3.325∗∗ 0.416
(1.475) (1.298) (1.542) (1.248)

Reg. Powers 1.042 1.911 1.042 1.911
(2.676) (1.799) (2.969) (1.862)

Accountability 8.223∗∗∗ 3.552 8.223∗∗∗ 3.552∗∗
(2.582) (2.332) (1.826) (1.386)

log(Age) 1.735 1.735
(1.119) (1.208)

Constant 32.851∗∗∗ 27.267∗∗∗ 32.851∗∗∗ 27.267∗∗∗
(1.587) (3.337) (2.958) (3.362)

Country FE ✓ ✓

Observations 58 58 58 58
R2 0.282 0.578 0.282 0.578
F Statistic 7.053 7.297 7.053 7.297

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01 24
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Figure 2: Regression coefficients 90% CI. 25



Test 2: Independence → Autonomy

Sample: US Federal Administrative Agencies
Autonomy: Bureaucrats’ perceived degree of actual independence
when performing their job (Bertelli et al., 2013)
Independence: Binary variable [1 = Independent Agencies]
Data structure: Agencies survey at multiple tiems (up to 5) – 63
agencies, 408 agency-year observations
Method: Multilevel Longitudinal Model

26



Test 2: Independence → Autonomy

Sample: US Federal Administrative Agencies

Autonomy: Bureaucrats’ perceived degree of actual independence
when performing their job (Bertelli et al., 2013)
Independence: Binary variable [1 = Independent Agencies]
Data structure: Agencies survey at multiple tiems (up to 5) – 63
agencies, 408 agency-year observations
Method: Multilevel Longitudinal Model

26



Test 2: Independence → Autonomy

Sample: US Federal Administrative Agencies
Autonomy: Bureaucrats’ perceived degree of actual independence
when performing their job (Bertelli et al., 2013)

Independence: Binary variable [1 = Independent Agencies]
Data structure: Agencies survey at multiple tiems (up to 5) – 63
agencies, 408 agency-year observations
Method: Multilevel Longitudinal Model

26



Test 2: Independence → Autonomy

Sample: US Federal Administrative Agencies
Autonomy: Bureaucrats’ perceived degree of actual independence
when performing their job (Bertelli et al., 2013)
Independence: Binary variable [1 = Independent Agencies]

Data structure: Agencies survey at multiple tiems (up to 5) – 63
agencies, 408 agency-year observations
Method: Multilevel Longitudinal Model

26



Test 2: Independence → Autonomy

Sample: US Federal Administrative Agencies
Autonomy: Bureaucrats’ perceived degree of actual independence
when performing their job (Bertelli et al., 2013)
Independence: Binary variable [1 = Independent Agencies]
Data structure: Agencies survey at multiple tiems (up to 5) – 63
agencies, 408 agency-year observations

Method: Multilevel Longitudinal Model

26



Test 2: Independence → Autonomy

Sample: US Federal Administrative Agencies
Autonomy: Bureaucrats’ perceived degree of actual independence
when performing their job (Bertelli et al., 2013)
Independence: Binary variable [1 = Independent Agencies]
Data structure: Agencies survey at multiple tiems (up to 5) – 63
agencies, 408 agency-year observations
Method: Multilevel Longitudinal Model

26



Agency Autonomy

(Intercept) −0.52
(0.38)

Independence 0.83∗

(0.39)
Year 0.11

(0.07)
Year2 −0.01∗

(0.00)
AIC 1258.13
BIC 1282.19
Log Likelihood -623.06
Num. obs. 408
Num. groups: agency 63
Var: agency (Intercept) 2.06
Var: Residual 0.83

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Table 6: Multilevel Growth Model. ICC = 71.3% 27



Test 3: The Overall Theory | IND → c(REP, AUT)

Test on US Federal Agencies Dataset.
Steps:

• Measured reputation of those agencies,
• Multiple Responses (Autonomy and Rep) vary, Independence

doesn’t
• Standard regression analysis performs poorly with clustered

data
• Turn to non-parametric approach: NPC (Caughey et al.

2017).
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A Non-parametric Test of the Overall Theory

Permutation tests → multiple t-tests of the global null (βIND = 0).

1,000 random permutations t-tests (diff-in-means)
p-values based on the proportion of permutations with a t-test at
least as supportive of the alternative hypothesis as the one actually
observed
NPC matches p-values in a way that takes into account the
correlation of tests on the same sample, by combining the p-values
into a single global p-value, which suggests how strongly the data
deviate from the global null.

Response Variable Observed test statistic p-values
Reputation 9.3436 0.0009
Autonomy 0.8332 0.0009
NPC 0.0009

Table 7: NPC results.
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Conclusions



Conclusions

• Just observational study but there seems to be something

• Try with better data and design
• Autonomy is better explained by structural characteristics
• Although reputation ∼ accountability not bad
• NPC is just a taste, should know more about it

Thank you!
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