The Impact Factor of Managers
Ignacio Palacios-Huerta1 Andrea Prat2
21 June 2012

Abstract: In organizations where agents face cognitive costs, communication patterns should
reflect the relative value of their members to the organization. We propose to measure the impact
factor of an agent by applying the Invariant Method–also known as Google’s PageRank algorithm–
to electronic communication data. To explore the validity of this measure, we analyze email
exchanges among the top executives of a large retail company. We construct their individual impact
factors based only on email patterns and we compare them to standard economic measures of
organizational importance. We find that: (i) The impact-factor ranking of executives mirrors
perfectly their hierarchical ranking; (ii) Impact factor variability is significantly correlated with
salary differences; (iii) Subsequent promotions (dismissals) affect executives with unusually high
(low) impact factors. We conclude that simple communication-based impact factors may be a useful
tool to measure the relative importance of agents in organizations. We also apply our measure to a
publicly available email corpus (Enron): individual impact factors are significantly correlated with
rank.

1. Introduction
The great mass of economic activity and much of social activity takes place not in the
market but within the internal environments of organizations. As Kenneth J. Arrow (1974)
emphasized in his classic work on the economics of organizations, “the purpose of
organizations is to exploit the fact that many (virtually all) decisions require the
participation of many individuals for their effectiveness.” The decisions that individuals
take are a function of the information that they have, and the acquisition of information is
itself the result of their own decisions. This means that the actual structure and behavior of
an organization depends heavily upon its internal structure of information and
communication. That is, the value of creating organizations of a scope more limited than
the market as a whole is partially determined by the characteristics of the network
information and communication flows.
If internal communication is a central activity of most organizations and information
transmission requires time, energy, and resources, the we should expect communication
patterns between agents to reflect – at least in part – the goals and the values of the
organization. To optimize communication, organizations tend to rely on a hierarchical
structure: raw data is processed at the bottom, while agents in charge of high-level
decisions receive more synthetic or complex information (Radner 1993, Van Zandt 1999,
Bolton and Dewatripont 2004, Garicano 2000).
_______________
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Organizations should then display two related features: the familiar hierarchical structure
and a pattern of communication that reflects the chosen hierarchy. This insight occupies a
central role in analysis of organizations, and has led researchers to hypothesize that “if we
record the frequency of communication between different nodes, we [will] find that the
pattern is not uniform but highly structured. In fact, the pattern of communication
frequencies [should] reflect, approximately, the pattern of authority. … We should not
imagine an even flow of messages from all nodes of the network to all others, but instead a
highly patterned flow that is characteristic of nearly decomposable structures.” (Simon
1986, p. 151, italics added). Thus agents who make more important decisions on behalf of
the organization should occupy more central positions in the organization’s communication
network.
If this effect is sufficiently powerful, it should be possible to infer the importance of an
agent within an organization just by looking at data on communication among agents. Our
goal in this paper is to see whether this inference can be performed in a very simple way,
that uses very limited information on communication patterns.
To this goal, we need two distinct classes of measures: one for the importance of agents
within the organization, the other one for communication flows between agents. Regarding
the first class of measures, we relate the “value” of individual agents within the
organization to standard organizational observables, like formal rank, salary, and career
trajectory (e.g. promotions and dismissals).
For the second class of measures, we will use data on email traffic and we will define
centrality on the basis of the Invariant Method. The Invariant Method is a natural choice,
inspired by the literature on link analysis in networks. Among all possible ranking methods,
only the Invariant Method satisfies four natural properties: invariance to reference intensity,
weak homogeneity, weak consistency and invariance to splitting of nodes (Palacios-Huerta
and Volij 2004). The Invariant Method, also known as PageRank (Pinski and Narin 1976,
Page et al. 1999) forms the basis of Google’s search engine. This method is also
increasingly used to compute the impact factor of scientific journals (Bergstrom 2007).
Economists have used it to study supply networks and the transmission of volatility
(Acemoglu et al 2010)
It is useful to explore the application to scientific articles because our organizational setting
bears a parallel to academic publishing. The importance of a journal depends not only on
how often other publications cite it, but also on how “important” those publications are.
The Invariant method is the unique fixed point of a specific operator which calculates the
positive eigenvector of an appropriately adjusted matrix of citations. It assigns to an entity i
a value that is a weighted average of some function of the citations it gets. Here not all
citations have the same value: citations by important entities are more valuable than
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citations by less important entities, and the importance of the entity is determined
endogenously and simultaneously with the importance of all other entities.
In our organizational context, we replace “A cites B” with “A sends an email to B.” The
underlying idea is that agents prioritize the time they devote to communication, directing it
where they believe it is most useful (Van Zandt 2004, Cremer et al 2007, Dessein and
Santos 2006). 1 The importance of an agent is reflected in the effort that other agents put
into emailing them, weighted by those agents’ importance which in turn is endogenously
determined within the communication network. We propose to measure such importance
through impact factors obtained through the application of the Invariant Method to email
traffic patterns.
To validate the use of this measure of agent value, we apply it to a database of email
communication between members of a particular organization. We then compare our
impact factors with other, independently obtained standard economic indicators of
individual productivity.
Impact factors are informative only when applied to a set of comparable entities. In the case
of publishing, such set is often identified with a scientific discipline. In an organizational
setting, it is natural to study a group of agents who belong to the same organization and
have a relatively similar job. In our application, we focus our attention on all the agents in a
managerial position who have an executive contract in a specific company.
We apply our methodology to two databases.
The first one – which constitutes the core of our analysis – contains information on wages,
the precise hierarchical structure and the volume of email communications – but not their
content – for 15 years (1995-2009) for all the executive positions of a large European
company. This company is one of the largest retailers in the world in terms of size, revenue
and profit, and is active in three types of retail distribution: hypermarkets, supermarkets and
hard discounters. The data corresponds to its operations in one European country and
includes the information for all the company’s managers in that country. For each executive
position – about 50 of them – we have the position in the organizational chart and the total
yearly compensation for the person who occupies it. Moreover, we observes dismissals,
voluntary separations, and promotions.
We construct individual impact factors for every year and every executive, based only on
email traffic in that year, according to the methodology above. Of course, this construction
does not use any information, besides emails sent and received. We then compare the
factors we obtain to standard economic measures of organizational importance: rank,
salary, and career development. We find that: (i) The impact-factor ranking of executives
mirrors perfectly their hierarchical ranking; (ii) Impact factor variability is significantly
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In a model of endogenous costly communication, it has been shown that the influence of an agent, measured
as the effect that a change on his local information has on actions taken by other agents, is asymptotically
proportional to his Invariant Method Index (Calvo-Armengol et al 2011).
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correlated with salary differences; (iii) Subsequent promotions (dismissals) affect
executives with unusually high (low) impact factors.
We also apply our methodology to the Enron email corpus (Klimt and Young 2004). This
database was made public by the Federal Energy Regulatory Commission in 2003 and it
contains about 1.5 million email messages sent and received by approximately 150 Enron
employees. The Enron organizational chart allows us to identify the rank of 17 employees
who send and receive email. When we apply our methodology to these 17 observations, we
find a clear and significant positive association between email-based impact factor and rank
within the company.
How does our paper relate to the existing literature on the study of intra-organization
communication, within and outside economics? Communication databases have already
been used to understand the underlying interactions among agents both within
organizations (Guimera et al 2003) and in other social contexts (Fisman et al 2006). The
novel contribution of the present work is to propose and validate the use of impact factors
using communication data to understand organizations. To the best of our knowledge, this
paper contains two original contributions. First, we use the Invariant Method to define and
compute email-based impact factors for workers. 2 Second, we are the first to link data from
electronic communication within firms with standard information on salary and rank.
It is important to reiterate that the goal of our paper is measurement, not the establishment
of a causal link. Our result is that a simple email-based impact factor of a manager is a
useful predictor (in a pure statistical sense) of the manager’s rank, salary, and career
progression. Tentative alternative interpretations of our results are discussed in the
conclusions.
The plan of this brief paper is as follows. In the next section, we present the results from
our main dataset. In Section 3, we analyze the Enron database. In Section 4, we conclude.

As we argue in the conclusions, our findings are consistent with a number of models and
our data does not allow us to distinguish between them. However, what our paper
establishes is that electronic communication follows patterns that are closely related to
standard notions on importance within the organization. Future research in this area

2. European Retailer
The data comprises all executive positions of a subsidiary, responsible for a large European
country, of one of the largest European retail companies. 3
2

We are inspired by Jackson’s (2008) example of an eigenvector centrality analysis on a network of advice
among managers.
3
Like most continental Europe, the country where our company operates uses collective labor contracts. This
creates a clear and stable distinction between employees who have a managerial contract and those who do
not.
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The organizational chart has been quite stable over the years. In 2009, it comprised the
following positions 10 high-ranking chief executives and 42 top senior managers
(directors). The ten C-level executives are the following:
1. The CEO (Chief Executive Officer) or Managing Director is the most important person
in the company, reporting to the Chairman of the Board and board members.
The next two executives in terms of responsibilities are:
2. The COO (Chief Operating Officer), who is the leading corporate officer with
responsibility for the daily operation of the company (in some countries it carries the title of
President), and
3. The CPO (Chief Product Officer), who is responsible for the product purchases of the
company;
The rest of the chief executives are:
4. The CFO (Chief Financial Officer) is the corporate official in charge of the company’s
finances;
5. The CIO (Chief Information Officer) is responsible for the company’s internal
information systems;
6. The CMO (Chief Marketing Officer) is responsible for the company’s marketing
strategy;
7. The CHRO (Chief Human Resources Officer) is responsible for the company’s human
resources policy;
8. The CEXO (Chief Expansions Officer) is responsible for the expansion of the company
within the country;
9. The CLO (Chief Logistics Officer) is responsible for the logistics of the company;
10. The CSO (Chief Supermarket Officer) is responsible for the operations of the
supermarkets.
In addition to these top executives, the organization has 42 Directors, or senior managers of
managers, who are typically responsible for a major business function. They directly report
to the corresponding C-level executive.
We compute the impact factor of each executive in our sample by applying the Invariant
Method to the matrix of email communications among these corporate officers. An entry in
the matrix is simply the number of emails that individual i received from individual j. When
an email is sent to more than individual, all the individuals that receive the email are
assigned the same share. If an individual is present in the sample at a given position in the
firm for only part of the period, we compute her impact factor based on email traffic during
that period. This methodology guarantees that, if the relative importance of an individual
relative to her colleagues is stable over time, her impact factor is the same independent of
the subperiod it is computed on. Finally, the measures of impact factor are normalized by
assigning a value of 100 to the individual with the top impact factor.
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We compare these impact factor measures, obtained solely from email data, with three sets
of organizational measures: the formal hierarchy, salary data, and promotions and
dismissals.
Figure 1 depicts the organizational chart of the company. Next to each executive, we report
his or her impact factor. We find that there is a striking correspondence between the
ranking derived from email-based impact factors and the hierarchical ranking. In fact, the
former never contradicts the latter: for all the 52 employees there is no single case in which
an agent with a superior ranked has a lower impact factor than an agent with an inferior
rank. More precisely:
1. The individual with the top impact factor is the CEO;
2. The two main executives that report to the CEO have a much greater impact factor (81
for the COO and 69 for the CPO) than the remaining executives whose impact factors range
from 6 to 18;
3. In each of the divisions of the organization, the C-level executive always obtains a
greater impact factor than all of the Directors that report to him.
Individual impact factors are stable over time: less than 3% of the total year/individual
variance is due to within-individual variance. There appears to be permanent differences
between individual managers (See Supplementary Material).
Given the stability of individual impact factor, this one-to-one correspondence between
rank and impact factor holds also for subperiods. For instance, the three points above are
also true if one restricts attention to each half of the sample or to the last five years.
Second, we study the connection between impact factor and financial remuneration.
Compensation should reflect individual contributions to the organization. If the hypothesis
that communication-based impact factors capture the intrinsic value of an agent, managers
with higher impact factors should be paid more.
Table 1 reports various correlation coefficients between impact factors and compensation
(salaries plus bonuses) both for the executive positions and within each division. The
correlations are positive and significant (p < 0.01) within the subset of the C-level
executives. And the same is true within the divisions for each of the divisions of the
company. This result is confirmed by additional analysis reported in the SOM, where
compensation is regressed on rank and impact factor. Everything else equal, a 10-point
impact factor increase is associated with a 5% pay increase. 4
Finally, we turn to career progression and study whether the decision to promote or dismiss
an executive or a director is related to her impact factor. As noted above, within-person
impact factors are stable over time. Under the null hypothesis, therefore, the impact factor
of the dismissed/promoted employee prior to the decision should not differ significantly
from the impact factor of the other managers. (This hypothesis does not exclude, for
4

There also appears to be a positive interaction between rank and impact factor. The link between impact and
pay is stronger for higher-rank executives.
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instance, that the impact factor of a manager increases after her promotion solely because
she now has a higher rank.)
The simple quantile analysis in Table 2 shows that promotions and dismissals appear to be
strongly related to impact factors: All individuals who are promoted were in the top quartile
of distribution of impact factors before the promotion decision, and all individuals who
were fired were in the bottom quartile.
In Table 3 we test our null hypothesis more formally. We find that the impact factor is a
significant determinant of whether an agent will be promoted or dismissed. In particular,
the results indicate that on average a 10-point increase in the impact factor increases the
likelihood of promotion by 64 to 67 percent, whereas a 10-point decrease in the impact
factor increases the likelihood of dismissal by around 55 percent.

3. Enron
The Enron email dataset contains email messages sent or received by 158 addresses
associated to Enron employees. 5
To recover the positions of these 158 people within the company, we utilize two sources:
(a) An organizational chart included in the Chapter 11 filing; 6 (b) The employees’ titles
available from the Federal Energy Regulatory Commission data. 7 This allows us to identify
the rank for 98 employees. The rank is expressed as distance in terms of direct reports from
the Chairman and CEO (Kenneth Lay) or the President and COO (Jeffery Skilling): 18
employees have rank 1; 31 have rank 2; 34 have rank 3; 11 have rank 4.
Of these 98 names, 50 can be found in the Enron email corpus. 8 However, a large portion
of the 50 remaining employees do not appear to send emails to nor receive emails from any
of the other 49. We are able to identify 17 employees who send or receive emails from the
other 16. The list is reported in Table 4 together with their impact factors computed in the
same way as in the previous section.
As illustrated in figure 2, there is an evident correlation between rank and impact factor.
The slope coefficient in the regression of the latter on the former is -0.039 (t-statistic 3.67).
The point estimate is lower than in the retailer case, as a unitary increase in the rank leads
to an increase in the impact factor of about 4%.
The Enron results have a number of drawbacks: most noticeably, there is no salary
information and the dataset it utilizable for only a small portion of the employees.
5

Available at the time of writing from a number of sources, including http://www.cs.cmu.edu/~enron/.
US Bankruptcy Court, Southern District of New York, Case 01-16034 (AJG), Appendix C to Third Interim
Report of Neal Batson, Court Appointed Examiner, “Role of Enron Officers”.
7
Available for instance on http://www.cis.jhu.edu/~parky/Enron/employees.
8
For unknown reasons, some key employees, like CFO Andy Fastow, do not appear in the Enron email
corpus.
6
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However, it is reassuring to note that, even in this noisy dataset, email-based impact factors
appear to be correlated to rank.

4. Conclusions
Inspired by organizational economics models of endogenous intra-firm communication, we
propose a methodology for computing email-based impact factors for workers. This
extremely simple measure relies exclusively on the number of messages sent and received.
In the data obtained from a European retailer, individual impact factors appear to be
excellent predictors of a range of standard economic indicators of individual value, such as
rank, compensation, and career development within organizations. A positive correlation is
also found – with strong caveats – in the only publicly available company email corpus.
As highlighted in the introduction, the goal of this paper was measurement. We have shown
that a parsimonious measure of email-based centrality is highly correlated with variables
that organizational economists are interested in. This suggests that data on internal
communication– which is now widely available – can be a powerful tool for understanding
how firms work.
The only conclusion that can be drawn from our results is that intra-firm communication
reflects quite accurately authority patterns. This, however, is consistent with a spectrum of
potential theories on the role of internal communication, from a purely informational one
favoured by most of the organizational economics literature (Garicano and Prat 2012) –
communication flows toward more important employees because this is optimal for the
organization – to a perfectly cynical view – email is a pure influence-seeking activity and it
flows toward more powerful people (it predicts career development because adulators know
who is slated for a promotion or a dismissal). Only more detailed information on text could
distinguish between such theories.
While our findings apply only to the firm that we study, our simple methodology can be
implemented in any organization with an email database. It can also be extended to other
forms of electronic communication, such as social networks. The methodology is simple
and there is a wealth of electronic communication databases. We hope that our findings will
stimulate other researchers to analyze the link between intra-firm communication and the
way firms allocate, organize, develop, and reward human capital, as first hypothesized by
Arrow (1974).
While the ability of impact factors to predict promotions and dismissals is of interest to
researchers, it may also create risks for firms. At first sight, this predictive power may
tempt companies into analyzing email patterns as part of their human resources policy, in
order to identify promising and problematic cases early on. On second thought, however,
this policy may lead to unwanted consequences. Agents who know that their actions are
observed may engage in inefficient activities, so much so that the organization might
actually prefer to commit not to observe those actions (Prat 2005). If communication data is
used to decide salaries and promotions, groups of agents may collude to generate email
traffic. An interesting question – which we leave to future research – is how an organization
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can design an informative but non-manipulable way to use communication data to select
and motivate its members.
Finally, the identification and understanding of patterns of human activity have important
consequences beyond organizations, reaching areas as diverse resource allocation, disease
spread and different social systems (Malmgren et al 2009). Impact factor measures
computed using data on the intensity of human interactions represent a promising avenue
for future research.
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Table 1 - Correlation Coefficients between Impact Factors
and Compensation (Salaries plus bonuses)
Among C-level Executives:

0.83 (p < 0.01)

Within each Division:
Operations
Product
Finance
Information
Marketing
Human Resources
Expansion
Logistic
Supermarkets

0.52 (p < 0.01)
0.58 (p < 0.01)
0.45 (p < 0.01)
0.37 (p < 0.01)
0.60 (p < 0.01)
0.52 (p < 0.01)
0.73 (p < 0.01)
0.25 (p < 0.01)
1.00 (p < 0.01)

Note: In parentheses the p-value of the test of whether it is significantly different from zero.
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Table 2 - Distribution of Normalized Impact Values and Source of
Promotions and Dismissals

Operations Division: Regional Directors
Product Division: Sector Directors
Rest of Divisions: Other Directors
Source of:
Promotions
Firings

N
13
5
24

Bottom
quartile
Q1
3
1
6

Q2
4
2
6

Q3
3
1
6

Top
quartile
Q4
3
1
6

4
6

Q1
0
100%

Q2
0
0

Q3
0
0

Q4
100%
0

Note: Impact values are normalized by substracting the mean impact factor and dividing by the standard
deviation within each division. The Directors are then grouped into four quartiles from the top quartile (Q4) to
the bottom quartile (Q1). Promotions include both within the company and to other companies.

Table 3 - Probit and Logit Regressions for Promotions and Dismissals
Promotions

Dismissals

Probit

Logit

Probit

Logit

Constant

-2.438***
(0.00)

-4.537***
(0.00)

-1.294***
(0.00)

-2.256***
(0.00)

Impact Factor

0.038**
(0.02)

0.073**
(0.02)

-0.013**
(0.56)

-0.023**
(0.61)

Department and Ranking Controls

Yes

Yes

Yes

Yes

Akaike Information Criterion

29.77

29.70

35.48

35.67

Notes: p-values in parenthesis, ** denotes significant at the 5% level, and * significant at the 1% level.
All regressions include interactions between impact factors and ranking level.
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Table 4: Impact Factors of Enron Employees
Employee

Rank

Position

Impact
Factor

John Lavorato

1

CEO, Enron America

0.200

Louise Kitchen

1

President, Enron Online

0.129

David Delainey

1

CEO, Enron Energy Services

0.062

John Arnold

2

Vice President, Enron Creditors Recovery

0.095

Richard Shapiro

2

Vice President, Regulatory Affairs

0.092

James Steffes

2

Vice President, Government Affairs

0.081

Steven Kean

2

Vice President and Chief of Staff

0.080

Kevin Presto

2

Vice President, Power Trading

0.070

Richard Sanders

2

Vice President, Enron Wholesale Services

0.029

Barry Ticholiz

2

Vice President, Enron North America

0.023

Shelley Corman

2

Vice President, Regulatory Affairs

0.010

Drew Fossum

2

Vice President, General Counsel

0.009

Rod Hayslett

2

Vice President, treasurer

0.006

Mark Haedicke

3

Managing Director, Legal Department

0.051

Mike Maggi

3

Director, Trading

0.047

Kevin Hyatt

3

Director, Pipeline Business

0.005

Vince Kaminski

4

Manager, Risk Management

0.010

Figure 2: Enron – Impact factor by rank
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Table S1
This table reports the average annual impact factor from 0 to 100 and, in parentheses, the
standard deviation for each executive position. For each year during the period of analysis
1995-2009, the impact factor is computed using the matrix of email communications
among the executive positions during that year. † denotes those positions that were
occupied by more than one executive during the period of analysis; for these positions the
average and standard deviation for each executive is reported in Table S2. An average
impact factor below 1 is simply reported as 1.
Chief Executive Officer
Chief Operating Officer
Director, Macroregion 1
Region 1A
Region 1B
Region 1C
Region 1D
Region 1E
Region 1F
Director, Macroregion 2
Region 2A
Region 2B
Region 2C
Region 2D
Region 2E

100 (0)
81 (3.38)
58†
34 (1.24)
32 (0.75)
31 (0.62)
39 †
32 (0.81)
18 (0.71)
42 (2.33)
30 (0.90)
30 (2.34)
20 (0.24)
16 †
18 †

Chief Financial Officer
15 (0.35)
Financial Dir. Macroregion 1 11 (0.41)
Financial Dir. Macroregion 2 9 (0.40)
Chief Information Officer
Security Director
Maintenance Director
IT Director
Merchandising Director

6†
3 (0.01)
2 (0.00)
1 (0.00)
1 (0.00)

Chief Marketing Officer
National Marketing Director
Research Director
Local Marketing Director
Fidelity Program Director

13 (0.59)
4 (0.02)
2 (0.00)
3 (0.00)
5 (0.03)

Chief Supermarkets Officer
Director Control Economico

Chief Product Officer
Director, Food
Director, Perishables
Director, Other
Director, Appliances
Director, Apparel

69 (3.00)
28 (1.22)
24 (1.16)
17 †
20 (0.32)
26 (2.33)

Chief Strategy Officer
Hypermarkets
Supermarkets
Gas Stations
Travel Agencies
Customer Credit

18 (1.29)
14 †
12 (0.80)
8 (0.00)
7 (0.44)
6 (0.33)

Chief HR Officer
Personnel Director
Training Director

14 (3.24)
5 (0.50)
5 (0.62)

Chief Logistics Officer
Director 1
Director 2
Director 3
Director 4
Director 5
Director 6

6 (0.78)
1 (0.00)
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6†
1 (0.00)
1 (0.00)
1 (0.02)
1 (0.01)
1 (0.00)
1 (0.00)

Table S2
This table considers the positions that were occupied by more than one person
during the period of analysis. It reports the average impact factor (IF), and in
parenthesis its standard deviation, of each of the employees in that position during
the period of time they were employed at the firm. For the type of separations: “F”
denotes that the executive was dismissed and “P” that he or she was promoted
within or to another firm. The symbol “–” denotes that he or she still works at the
firm at the end of 2009.
Position: Director Macroregion 1
#1. Period: 1/1992-3/2001
#2. Period: 4/2001- -

IF (std.dev)
61 (3.58)
55 (3.21)

Separation type
P
-

Position: Director Region 1D
#1. Period: 9/1994-3/2001
#2. Period: 4/2001- -

IF (std.dev)
43 (2.88)
36 (2.02)

Separation type
P
-

Position: Director Region 2D
#1. Period: 1/1995-12/2003
#2. Period: 1/2004- -

IF (std.dev)
10 (1.33)
21 (2.05)

Separation type
F
-

Position: Director Region 2E
#1. Period: 10/1991-9/1999
#2. Period: 10/1999- -

IF (std.dev)
10 (2.10)
19 (3.01)

Separation type
F
-

Position: Sector Director Others
#1. Period: 9/1994-12/2004
#2. Period: 1/2005- -

IF (std.dev)
12 (0.33)
21 (2.15)

Separation type
F
-

Position: Chief Information Officer
#1. Period: 1/1993-12/1996
#2. Period: 1/1997-9/2002
#3. Period: 10/2002-12/2007
#4. Period: 1/2008- -

IF (std.dev)
5 (1.00)
12 (3.02)
6 (0.22)
3 (0.08)

Separation type
F
P
F
-

Position: Director Hypermarkets
#1. Period: 1/1999-12/2003
#2. Period: 1/2004- -

IF (std.dev)
16 (1.32)
10 (0.55)

Separation type
P
-

Position: Chief Logistic Officer
#1. Period: 9/1993-12/2000
#2. Period: 1/2001-12/2007
#3. Period: 1/2008- -

IF (std.dev)
6 (0.69)
6 (1.34)
8 (2.02)

Separation type
F
F
-
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Table S3
This table reports two OLS regressions of compensation (salary and bonuses) on
Impact Factors (IF) and Rank (1 for C-level executives, and 0 for Directors). tstatistics reported in parentheses.

Variable

(1)

(2)

Intercept

30.86*** 28.76***
(0.000) (0.000)

IF

0.50**
(0.042)

Rank

20.03*** 18.33***
(0.005) (0.004)

IF*Rank

0.53**
(0.038)

1.31***
(0.004)
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