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Abstract
Demographic heterogeneity is a central theoretical construct in organizational demography
research. The most commonly used measure of demographic heterogeneity is the coefficient of
variation. I critically evaluate the rationale for using this measure and show that the use of the
coefficient of variation raises a number of methodological and interpretive problems. Empirical
analyses of turnover suggest that using the coefficient of variation may lead to incorrect

conclusions about the effects of demographic heterogeneity.



In recent years, organizational sociology has witnessed a rapid growth in research in the
field of organizational demography. Studies in this research tradition relate the demographic
composition of groups and organizations to a variety of organizational outcomes. The
organizational demography research program represents a promising and powerful structural
approach to understanding organizational behavior (Pfeffer 1983). Its strongest appeal lies in
being able to link individual and organizational attributes in a simple manner. Research in this
tradition covers an impressively wide range of organizational outcomes, including turnover (e.g.,
O’Reilly, Caldwell and Barnett 1989; Serensen 2000), social integration (e.g., Smith et al. 1994),
firm performance (e.g., Pegels, Song and Yang 2000), strategic behavior (Hambrick, Cho and
Chen 1996), and diversification (Wiersema and Bantel 1992).

Organizational demographers focus primarily on the consequences of demographic
heterogeneity in groups. Depending on a researcher’s substantive interests, such heterogeneity
can occur along a number of social dimensions, including race, sex, education and organizational
or group tenure. While there is some disagreement about the mechanisms linking group
heterogeneity to group outcomes, the most commonly posited intervening construct is social
integration (Carroll and Harrison 1998). Drawing on either the logic of social identity theory
(Tajfel and Turner 1986) or the similarity/attraction paradigm (Berscheid and Walster 1978),
organizational demographers expect that demographic heterogeneity lowers social integration
and attachment in groups (Williams and O’Reilly 1998). This leads to the expectation, for
example, that group heterogeneity will increase turnover rates (e.g., Wagner, Pfeffer and

O’Reilly 1984).



A large proportion of the organizational demography research conducted to date suffers
from a methodological shortcoming. This weakness lies in the measurement of demographic
heterogeneity (the central theoretical construct) with the coefficient of variation. As with other
theoretical constructs, demographic heterogeneity can be measured in a wide variety of ways.
Given its central theoretical role, it is important that organizational demographers take particular
care in measuring group heterogeneity, so that the measurement strategy at a minimum does not
lead to spurious conclusions. In this paper, I review and assess the adequacy of the coefficient of
variation, the de facto standard among organizational demographers for measuring group
heterogeneity. (The coefficient of variation is defined as the standard deviation of a variable
divided by its mean.)

Organizational demographers use the coefficient of variation because they wish to
standardize their heterogeneity measure to improve comparability across organizations.
However, this standardization comes at a minimum price of interpretive ambiguity. In some
cases, using the coefficient of variation may lead to incorrect conclusions about empirical
phenomena. Moreover, this standardization is often unnecessary and can be achieved -- with
less ambiguity -- through other means. As I will demonstrate, the coefficient of variation
therefore should be used with care, if at all.

The coefficient of variation is widely used in organizational demography research. Its
use can be traced back to some of the first empirical studies following Pfeffer’s (1983)
foundational article. Wagner, Pfeffer and O’Reilly (1984), for example, used the coefficient of
variation (in addition to a Euclidean distance measure) in tenure to predict executive turnover

among a sample of Fortune 500 firms. As an indication of how standardized this practice is,



consider the subfield of organizational demography that focuses on the organizational
consequences of heterogeneity in the tenure distribution. Carroll and Harrison (1998) review
twenty-one such studies. Of these twenty-one studies, sixteen use the coefficient of variation in
tenure as their measure of heterogeneity. The coefficient of variation is also commonly used in
other areas of organizational demography research where demographic characteristics are
measured using continuous variables (e.g., years of education). For example, Pelled, Eisenhardt
and Xin (1999) examine how age diversity affects conflict using the coefficient of variation in
age; Knight et al. (1999) investigate how the coefficient of variation on age, tenure and
education affect strategic consensus in top management teams.

The remainder of this paper is organized as follows. I first discuss arguments in favor of
the coefficient of variation as a measure of demographic dispersion, focusing on Allison’s (1978)
oft-cited article on measures of inequality and its relevance to organizational demography
research. I then discuss a number of technical and substantive shortcomings associated with the
coefficient of variation in the context of organizational demography. I conclude with an
empirical example using data on turnover among television station managers in the United

States.

The Case for the Coefficient of Variation

Because organizational demographers are interested in how variation between group
members (along some demographic dimension) affects group outcomes, a natural measure of
heterogeneity for continuous variables is the variance. For example, the heterogeneity of a

group’s tenure distribution can be measured by the variance about the mean level of tenure p, or



E(x—;,t)2 . A characteristic of the variance (or equivalently the standard deviation) is that it is
sensitive to the scale on which the variables are measured: if all values are multiplied by a
constant ¢, the variance will increase by a factor of ¢ as well. When making cross-unit
comparisons, this scale dependence may -- if the differences in scale between units are not
substantively meaningful -- lead to spurious differences in heterogeneity between units. One
solution to this problem is to use the coefficient of variation, which is defined as the standard
deviation divided by the mean. Since the scaling factor ¢ would enter into both the numerator
and the denominator, the coefficient of variation is scale insensitive.

For many organizational demographers, this scale invariance is the reason for preferring
the coefficient of variation to the standard deviation as a measure of group heterogeneity.
Although not all researchers explain their choice of the coefficient of variation (e.g., Smith et al.
1994; Harrison 1998; Pelled, Eisenhardt and Xin 1999), those who do point to this scale
invariance as a desirable characteristic (e.g., O’Reilly, Caldwell and Barnett 1989: 25).
Wiersema and Bantel (1993: 495), for example, use the coefficient of variation “because of its
scale invariant properties, as compared to the standard deviation or variance.”

However, organizational demographers rarely make clear why they desire a scale-
invariant measure. A clue may be found in the most common citation used to justify the use of
the coefficient of variation: Paul Allison’s 1978 article of measures of income inequality (a large
share of the articles cited above cite Allison’s article). Allison’s article is a careful examination
of the properties of a number of common measures of inequality, including the coefficient of
variation, Theil’s index and the Gini coefficient. Allison’s principal concern is to compare

different methods for assessing relative levels of social inequality (particularly income



inequality) between social units. He presents three primary arguments in favor of using a scale
invariant measure of inequality, such as the coefficient of variation. First, the measured level of
inequality should not change in response to a change in the units of measurement. In the case of
cross-national comparisons of income inequality, for example, the desirability of a scale-
invariant measure is clear: “inequality of income should not depend on whether income is
measured in dollars or yen” (Allison 1978: 866). Second, scale-invariance is desirable if one
wishes to compare inequality across different quantities, such as energy consumption and
income, that are measured on different scales. Finally, Allison favors scale-invariant measures
because the ones he considers generally “respond in an intuitively appealing manner when a
positive constant is added to everyone’s score; specifically, they decline.” (Allison 1978: 867).
For example, a standard deviation in income of $10,000 dollars indicates a high degree of
inequality if the mean income is $20,000. However, if everyone’s income is increased by $1
million, the standard deviation remains constant but one may wish to conclude that the level of
inequality has declined.

Can we use the same reasons to justify a scale-invariant measure such as the coefficient
of variation in organizational demography research? Consider each of Allison’s reasons in turn:

Insensitivity to changes in units of measurement: This argument seems largely irrelevant

to organizational demography research, since demographers usually compare distributions
measured on the same scale. For example, organizations or groups are compared in terms of the
tenure of their employees. In fact, unlike the currencies used in measuring income inequality,
researchers typically set the measurement scale and can therefore avoid differences in scale

across observation units. One might argue in response that the “social meaning” of tenure or



other measures can differ across organizational contexts and that scale invariance is justified on
those grounds. However, no organizational demographers make this claim. It is also a claim
that should be subjected to empirical verification.

Comparing inequality across different quantities: Organizational demographers may wish

to compare, for example, the degree of heterogeneity in an organization’s tenure distribution to
the degree of heterogeneity in years of schooling. In this case, researchers should use scale
invariant measures to compare levels of heterogeneity. Organizational demographers may also
be interested in determining the relative magnitude of the effects of different types of
demographic heterogeneity, like tenure and schooling. The standard concern in comparing
relative effects is that the raw coefficients depend on the units of measurement, and thus are not
directly comparable. While the standardization provided by the coefficient of variation is
attractive in this respect, it comes at the price of (often untested) assumptions about the form the
relationship between heterogeneity and the outcome of interest, as detailed below. Thus a more
attractive method for comparing relative effects may be to specify models correctly and then use
standard techniques like standardized regression coefficients.

Declines when a positive constant is added: This rationale for using measures such as the

coefficient of variation is more substantive than technical, and is tied closely to Allison’s interest
in income inequality. The underlying intuition is that variance of a given magnitude should
matter less when the mean is high than when the mean is low. Organizational demographers
may have good reasons for wanting to follow this intuition. One might expect, for example, that
a standard deviation of two years of tenure in a group is more consequential when the group has

a mean tenure of five years than when a group has a mean tenure of twenty years.



However, this is an assumption about the nature of social processes that can and should
be tested. It is particularly important for organizational demographers to test this assumption,
since they use the coefficient of variation as an explanatory variable. (Allison, by contrast, is
largely concerned with income inequality as something to be explained or compared.) It may be,
for example, that the effect of a particular level of variation does not change as the mean
changes. In this case, existing models are mis-specified. Use of the coefficient of variation
potentially obscures the true effects of demographic heterogeneity.

When assessed in light of Allison’s rationale for using scale invariant measures of
inequality, the arguments in favor of using scale invariant measures of demographic
heterogeneity are far from compelling. None of Allison’s arguments apply convincingly. Yet the
absence of benefits may not raise any problems, unless there are costs associated with using the

coefficient of variation.

The Costs of Using the Coefficient of Variation

There are three serious drawbacks associated with using the coefficient of variation. The
first and most important problem is that using the coefficient of variation may, as just described,
obscure the true effects of demographic composition on organizational outcomes. The
coefficient of variation confounds two characteristics of demographic distributions (the standard
deviation and the mean) that may have independent effects on organizational outcomes. For
example, the organizational demography literature predicts that heterogeneity in the tenure
distribution should increase turnover. At the same time, however, mean tenure is expected to

have a negative effect on turnover and other organizational outcomes (Pfeffer 1983; Katz 1982).
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Since each component is expected to have an effect, it is clearly problematic to combine the
tenure and dispersion in a single measure. Moreover, because the mean enters the coefficient of
variation in the denominator, its effects on turnover rates are inverted. If mean tenure has the
hypothesized negative effect on exit rates, the coefficient of variation may appear to positively
affect turnover even in the absence of any effects of tenure heterogeneity. (Similarly, one can
construct plausible arguments for why group outcomes should be affected by, for example, mean
education levels or mean ages.)

A second problem arising from the use of the coefficient of variation relates to model
specification. The coefficient of variation can be thought of as an interaction effect between the
standard deviation and the inverse of the mean. As noted earlier, theory may suggest that such
an interaction is appropriate if the effect of the standard deviation is thought to be dampened in
proportion to the mean. In that case, a fully specified model would be of the following form:

y=oa+Bi(I/M)+BS) +Bs(SM) +& (1)
where S is the standard deviation and M is the mean. However, the model estimated by
organizational demographers is typically:

y=a+B3(S/M) + ¢ (2)

This model may be justified if the researcher has a priori reasons for expecting the coefficients
on the standard deviation and the mean ($; and $,) to be equal to zero. No such justifications are
offered in the organizational demography literature.' It seems difficult to imagine, given
organizational demography theory, compelling reasons to expect these coefficients to be zero. If

in fact $; and $, are not both equal to zero, then the model in equation (2) suffers from omitted
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variable bias in the estimation of $3. A more conservative approach would therefore be to
estimate the full model in equation (1) first.

Finally, it is not clear that the coefficient of variation accurately captures the concept of
demographic heterogeneity as used in organizational demography theories. The coefficient of
variation is used to compare organizations (either cross-sectionally or (less frequently) over
time) and see how differences in heterogeneity affect organizational outcomes. However, the
coefficient of variation can only be used to compare the demographic heterogeneity of different
organizations relative to their mean levels. Organizational demography theories are typically
formulated in terms of the absolute dispersion, not the dispersion relative to the mean.
Moreover, discussions of results using the coefficient of variation do not take its relativism into
account, but instead proceed as if the coefficient of variation captures absolute differences in
dispersion.

This raises a number of interpretive problems (Boone and van Offen 1997).
Organizations may have the same absolute dispersions (i.e., standard deviations) and different
relative dispersions (i.e., coefficients of variation), if their means are different. For example, if
the membership of a team does not change over time, its standard deviation in tenure will remain
constant but its coefficient of variation will tend towards zero as the mean tenure increases
(Carroll and Harrison 1998; Boone and van Offen 1997). Conversely, organizations with the
same relative heterogeneity may have different absolute levels of heterogeneity.

One solution to this problem is to re-formulate existing theories in terms of relative, as
opposed to absolute, demographic heterogeneity. At a theoretical level, such a reformulation

requires a specification of the reasons why the absolute dispersion becomes less consequential as
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the mean increases. As noted earlier, however, such a claim should be subjected to empirical
verification.

In summary, there are compelling reasons for organizational demographers to use caution
when employing the coefficient of variation. The observed effects of the coefficient of variation
cannot, by themselves, be unambiguously interpreted as evidence in favor of the argument that
demographic dispersion affects organizational outcomes. Moreover, as typically practiced,
models with the coefficient of variation are mis-specified and include untested implicit
hypotheses about how the effects of heterogeneity change with the mean. A better course of
action for organizational demographers would be to enter the components of the coefficient of

variation into their models separately.

Practical Consequences: An Empirical Example

As an empirical example, I examine the relationship between the tenure distribution of
top management teams and individual level turnover rates. The effect of demography on
turnover is one of the most commonly studied phenomena in the organizational demography
literature (Williams and O’Reilly 1998). Scholars have produced impressive empirical evidence,
covering a wide variety of settings, of a positive association between tenure heterogeneity and
turnover. Of nine published studies identified by Williams and O’Reilly (1998), only one found
no association between tenure heterogeneity and turnover (Wiersema and Bantel 1993). For
example, McCain et al. (1983) demonstrated that individual turnover rates in academic

departments increased with the size of the gaps between cohorts. O’Reilly et al. (1989), studying
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20 work groups in a convenience-store chain, concluded that turnover rates increased with
unevenness in the tenure distribution.

I analyze turnover rates among top management teams in commercial television stations
in the United States using data stations in 24 broadcast markets between 1953 and 1988.% 1

collected data from yearly volumes of the Television Factbook, an industry publication used as a

reference work by industry members and television advertisers. For each existing station the
Factbook includes information on ownership, technical facilities, network affiliations, and
executive personnel. The information comes from broadcast licenses and station surveys. A
manager enters the sample when first listed as a member of a top management team. A turnover
event is recorded when the manager is no longer listed with the station. To guard against errors
in the archival sources, I coded a manager as having departed only after he or she had been
absent from a management team for two years. All managers observed in the final year of data
collection were censored. I collected information on 9,503 managers, observed for a total of
37,411 person-year spells.

Some managers’ career histories are left-censored because they worked for one of 53
stations already in existence in 1953. The mean and standard deviation in tenure cannot be
computed for any team with a left-censored manager, so I exclude all teams with one or more
left-censored managers (and thus also all left-censored individual event histories). An excluded
team enters the sample as soon as the last left-censored manager departs. This exclusion rule
reduced the sample to 7,638 managers observed for 32,210 person-year spells.

I model turnover rates at the individual level using event history techniques.

Methodologically, it is important to model turnover rates at the individual, and not the group,
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level. As Carroll and Harrison (1998) show, simply aggregating individuals with negatively
declining turnover rates can generate a spurious positive association between the coefficient of
variation in tenure and turnover rates. I model the individual level turnover rates using a
piecewise exponential event-history model (Blossfeld and Rohwer 1995). This model allows a
flexible specification of the pattern of duration dependence without requiring any strong
assumptions about its parametric form. The tenure specific transition rate, 8(u), is specified as a
function of a matrix of covariates X and a tenure specific baseline hazard rate M(u):
8(u)=M@u)e™  (3)
The range of observed tenures is divided into K segments (a;, ay, ... ax), and separate constants
are estimated for each tenure segment:
M(w) =% (Ad) (4
where di is a dummy variable indicating whether a spell is in tenure segment k. This model
allows the baseline hazard rate to vary between tenure segments, but constrains it to be constant
within segments. Experimentation with different specifications led to the choice of seven tenure
pieces, beginning at 0, 3, 6, and 15 years of tenure.

Serensen (2000) shows that when there is negative duration dependence in turnover rates,
departures from the team in one year will lead to increases in the standard deviation in tenure in
subsequent years. This is because the individuals most likely to leave the team — other things
being equal — are those with low tenure. These managers are replaced with individuals with
even lower tenure, thus increasing the dispersion in tenure. The substantive implication of this is

that observed effects of tenure heterogeneity may be a spurious consequence of past turnover
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events. It is therefore important to control for recent departures from the team, as I do in the
models below.

I control for the rank of the position held by the individual managers (based on the job
title listed in the Factbook). I also include measures of two characteristics of the manager’s
career history: the number of previous employers within the sample and a dummy variable
indicating whether the manager has previously been promoted within the team.

Because an organization’s failure implies turnover for its managers, I include a dummy
variable indicating whether the station died at the end of the spell. Other station-level variables
capture differences in organizational resource endowments. Affiliates of the major broadcast
networks (ABC, CBS, NBC), stations broadcasting on the stronger VHF band and stations that
are owned by larger ownership groups have greater resources.

At the environmental level, I include the number of stations in a manager’s broadcast
market as well as the number of stations outside the market (including stations not in the
sample). Local market density captures not only the competitive pressures faced by the station
in its market (Hannan and Carroll 1992) but also the availability of jobs in that market. Nonlocal
density measures the growth of the television industry and the development of a national job
market for television executives. The models also include a series of period effects. Finally, I
include a dummy variable (“Data Gap”) to indicate spells that began in the year immediately
preceding a year in which the Factbook was not published (1961, 1974, and 1982). Managers
who did not reappear with a station after a year of missing data were coded as having departed in

the first year of available data.
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The mean and standard deviation in tenure are computed at the beginning of each year of
data. The coefficient of variation is computed as the standard deviation divided by the mean. In
the small number of cases where the mean tenure (and standard deviation) was zero, the
coefficient of variation was set to zero. Descriptive statistics are presented in Table 1.

Table 2 presents estimates from three models. The estimates in the first column represent
a “standard” organizational demography model using the coefficient of variation as a measure of
the dispersion in team tenure. As would be expected by organizational demographers, the
coefficient of variation has a significant, positive effect on the turnover rate, even after
controlling for recent turnover in the team. This suggests that group heterogeneity increases
turnover rates.

The second column of results in Table 2 contains estimates from a model where the
components of the coefficient of variation are entered separately. We see here that the mean has
a significant negative effect on turnover rates. In other words, turnover rates decline as the mean
tenure of the team increases. However, the standard deviation in tenure has no significant effect
on turnover rates. Thus it appears that we cannot attribute the effect of the coefficient of
variation in the first model to the heterogeneity in tenure within the team. Rather, the effect in
Model 1 appears to reflect the (inverted) negative effect of mean tenure on the turnover rate.

Model 3 tests the hypothesis implicit in the coefficient of variation: that an increase in the
standard deviation has less impact at high levels of mean tenure than at low levels. This would
imply a negative interaction effect between the standard deviation and the mean of tenure. This
model is an analogue to the fully specified model in Equation 1. Surprisingly, the estimated

interaction effect is positive and significant. In other words, the effect on the turnover rate of an
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increase in the standard deviation increases as the mean tenure of the team increases.
Heterogeneity is more detrimental to group functioning the longer the group has been together.
This finding stands in stark contrast to previous research, and is not readily explained by existing
theories of organizational demography. This may reflect the fact that high levels of
heterogeneity in a long-tenured group reflect a skewed tenure distribution with a small number
of newcomers to the group. Future research should therefore test the robustness of this result

and seek to explain it theoretically.

Conclusion

It is a sign of the maturity of the organizational demography research tradition that
scholars have recently begun to call for a careful assessment of theory and research (Carroll and
Harrison 1998; Lawrence 1997). This response can be traced in part to empirical inconsistencies
in published research, and in part to the identification of gaps in theorizing about the processes
underlying the observed empirical relationships. Lawrence (1997), for example, urges scholars
to open up the “black box™ of organizational demography research and specify and test more
carefully the mechanisms linking group composition to outcomes. Carroll and Harrison (1998)
encourage scholars to forge tighter links between concepts and measures and introduce a set of
new measures to characterize group demographics.

In this paper, I assessed organizational demography research by focusing on a seemingly
narrow methodological issue: the use of the coefficient of variation in empirical organizational
demography research. I have argued that the widespread use of the coefficient of variation in

organizational demography is unwarranted and potentially problematic. While the use of the
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coefficient of variation appears to stem from a desire to use a standardized measure of
demographic heterogeneity, there are few compelling reasons for using a standardized measure.
The strongest argument in favor of using the coefficient of variation is the idea that a given
dispersion should be less consequential in groups with high as opposed to low tenures. Such a
claim, however, is an implicit hypothesis about social processes that should be subjected to
empirical verification. The empirical example in this paper demonstrates the importance of
actually performing such tests, since it indicates that tenure heterogeneity in fact increases in
importance with increases in mean tenure.

Moreover, using the coefficient of variation creates a number of interpretive and
methodological problems in organizational demography models. The coefficient of variation
creates interpretive problems for organizational demographers in particular, because they often
believe that both the mean and the standard deviation of demographic characteristics should
affect organizational outcomes. Combining the two into one measure obscures our
understanding of the social processes involved. Furthermore, models that include the coefficient
of variation alone will suffer in most instances from omitted variable bias, unless scholars can
safely assume that the main effects of the (inverse) mean and the standard deviation are both
zero. This will depend on the substantive area of application, and on the nature of demographic
characteristics that are being examined.

The empirical results presented in this paper highlight the importance of careful
measurement of demographic heterogeneity. Some may see these results as calling into question
one of the key findings of organizational demography research, namely the link between

demographic heterogeneity and turnover. However, the particular pattern of results may be

19



peculiar to the chosen setting; future research in other settings may suggest that the conclusions
reached in past research are robust to alternative specifications.

The careful measurement of key theoretical constructs is essential to the strength and
development of any research program. Demographic heterogeneity is perhaps the central
construct in organizational demography theory, but it has often been measured using the
coefficient of variation, without careful consideration of the theoretical and substantive
implications of this choice. In light of the arguments and evidence presented in this paper,
organizational demographers would be well served by revisiting this measurement issue and
adopting a variety of carefully considered means of measuring demographic heterogeneity.

The implications of this argument are not restricted to the coefficient of variation. The
use of ratio variables as independent variables is widespread. For example, students of
technological innovation routinely use R&D intensity (defined as R&D expenditures divided by
a firm’s capital) as a predictor (e.g., Jaffe 1986). In general, researchers should use caution
when using ratio variables. Most crucially, researchers should be sensitive to a) the interactive
nature of ratio variables and the attendant risk of model mis-specification, and b) the possibility
that the components of the ratio variable will both exert direct, and possibly different, effects on

the outcome of interest.

20



Works Cited

Allison, Paul D. 1978. “Measures of Inequality.” American Sociological Review 43: 865-880.

Blossfeld, Hans-Peter, and G6tz Rohwer. 1995. Techniques of Event History Modeling: New

Approaches to Causal Analysis. Mahwah, NJ: Lawrence Erlbaum.

Berscheid, Ellen, and Elaine Hatfield Walster. 1978. Interpersonal Attraction. Reading, MA:

Addison-Wesley.

Boone, Christophe, and W. van Offen. 1997. “The Confusing State of the Art in Top
Management Composition Studies: A Theoretical and Empirical Review.” Netherlands

Institute of Business Organization and Strategy Research Research Memorandum No. 97-

11, Maastricht.

Carroll, Glenn R., and J. Richard Harrison. 1998. “Organizational Demography and Culture:

Insights from a Formal Model and Simulation.” Administrative Science Quarterly 43:

637-667.

Hambrick, Donald C., Theresa Sung Cho and Ming-Jer Chen. 1996. “The Influence of Top

Management Heterogeneity on Firms’ Competitive Moves.” Administrative Science

Quarterly 41: 659-684.

21



Hannan, Michael T., and Glenn R. Carroll. 1992. Dynamics of Organizational Populations. New

York: Oxford University Press.

Harrison, David A. 1998. “Beyond Relational Demography: Time and the Effects of Surface-

and Deep-level Diversity on Work Group Cohesion.” Academy of Management Journal

41: 96-108.

Jaffe, Adam B. 1986. “Technological Opportunity and Spillovers of R&D: Evidence from

Firms’ Patents, Profits and Market Value.” American Economic Review 76: 984-1001.

Katz, Ralph. 1982. “The Effects of Group Longevity on Project Communication and

Performance.” Administrative Science Quarterly 27: 81-104.

Knight, Don, Craig L. Pearce, Ken G. Smith, Judy D. Olian, Henry P. Sims, Ken A. Smith, and
Patrick Flood. 1999. “Top Management Team Diversity, Group Process, and Strategic

Consensus.” Strategic Management Journal 20: 445-465.

Lawrence, Barbara S. 1997. “The Black Box of Organizational Demography.” Organizational

Science, 8: 1-22.

McCain, Bruce, Charles A. O’Reilly and Jeffrey Pfeffer. 1983. “The Effects of Departmental

Demography on Turnover.” Administrative Science Quarterly 26: 626-641.

22



O’Reilly, Charles A., David F. Caldwell, and William P. Barnett. 1989. “Work Group

Demography, Social Integration, and Turnover.” Administrative Science Quarterly

34:21-37.

Pegels, C. Carl, Yong I. Song, and Baik Yang. 2000. “Management Heterogeneity, Competitive

Interaction Groups, and Firm Performance.” Strategic Management Journal 21: 911-923.

Pelled, Lisa Hope, Kathleen M. Eisenhardt, and Katherine R. Xin. 1999. “Exploring the Black

Box: An Analysis of Work Group Diversity, Conflict, and Performance.” Administrative

Science Quarterly 44: 1-28.

Pfeffer, Jeffrey. 1983. “Organizational Demography.” Pp. 299-357 in L.L. Cummings and

Barry M. Staw (eds.), Research in Organizational Behavior (Volume 5). Greenwich, CT:

JAI Press.

Smith, Ken G., Ken A. Smith, Judy D. Olian, Henry P. Sims Jr., Douglas P. O’Bannon and
Judith Scully. 1994. “Top Management Team Demography and Process: The Role of

Social Integration and Communication.” Administrative Science Quarterly 39: 412-438.

Serensen, Jesper B. 2000. “The Longitudinal Effects of Group Tenure Composition on

Turnover.” American Sociological Review 65: 298-310.

23



Tajfel, Henri, and John C. Turner. 1986. “The Social Identity Theory of Intergroup Behavior.”

Pp. 7-24 in S. Worchel & W. Austin (Eds.), Psychology of Intergroup Relations.

Chicago: Nelson-Hall.

Wagner, W. Gary, Jeffrey Pfeffer and Charles A. O’Reilly. 1984. “Organizational Demography

and Turnover in Top Management Groups.” Administrative Science Quarterly 29: 74-92.

Wiersema, Margarethe, and Karen Bantel. 1992. “Top Management Team Demography and

Corporate Strategic Change.” Academy of Management Journal 35: 91-121.

Wiersema, Margarethe, and Karen Bantel. 1993. “Top Management Team Turnover as an

Adaptation Mechanism: The Role of the Environment.” Strategic Management Journal

14: 485-504.

Williams, Katherine Y., and Charles A. O’Reilly III. 1998. “Demography and Diversity in

Organizations: A Review of 40 Years of Research.” Research in Organizational

Behavior 20: 77-140.

24



Table 1: Descriptive Statistics

Variable Mean F
Data Gap 0.117 0.322
Rank 2: General or Station Manager 0.152 0.359
Rank 3: Functional Manager 0.615 0.487
Rank 4: Asst. Func. Mgr. & Other 0.114 0.317
Ever Promoted in Team 0.124 0.330
N of Previous Employers in Sample 0.144 0.451
Station Died 0.010 0.100
Major Network Affiliate 0.611 0.487
VHF 0.703 0.457
Ownership Group Member 0.682 0.466
Local Market Density 7.117 3.057
Non-Local Density 721.055 149.750
Team Size 9.437 3.538
Departures from Team (t-1) 1.908 1.917
Departures from Team (t-2) 1.870 1.946
Coefficient of Variation in Tenure 0.936 0.442
Mean Tenure 3.860 2.651
Standard Deviation in Tenure 3.455 2.329

N=32,110
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Table 2: Piecewise Constant Hazard Rate Models of Managerial Turnover

@) 2) 3)
Tenure: -0.878** -0.951** -0.976**
0 -3 Years
(0.232) (0.232) (0.232)
Tenure: -0.967** -1.005** -1.013**
3 -6 Years
(0.235) (0.235) (0.235)
Tenure: -1.137** -1.120%* -1.123%*
6-15 Years
(0.234) (0.234) (0.235)
Tenure: -1.064** -0.973%* -1.023**
15+ Years
(0.241) (0.242) (0.243)
Data Gap -0.291** -0.298** -0.298**
(0.041) (0.041) (0.041)
Rank 2: General or Station Manager 0.124* 0.123* 0.121*
(0.049) (0.049) (0.049)
Rank 3: Functional Manager 0.233%#%* 0.240** 0.242%**
(0.044) (0.044) (0.044)
Rank 4: Asst. Func. Mgr. & Other 0.033 0.038 0.037
(0.056) (0.056) (0.056)
Ever Promoted in Team -0.021 -0.023 -0.024
(0.047) (0.047) (0.047)
N of Previous Employers in Sample 0.042 0.037 0.039
(0.025) (0.025) (0.025)
Station Died 0.927** 0.886** 0.868**
(0.067) (0.067) (0.067)
Major Network Affiliate -0.130** -0.108** -0.105%*
(0.030) (0.030) (0.030)
VHF -0.178%** -0.136%* -0.128%*
(0.033) (0.035) (0.035)
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Ownership Group Member 0.013 0.019 0.029
(0.029) (0.029) (0.029)
Local Market Density 0.041 0.039 0.039
(0.021) (0.021) (0.021)
Local Market Density Squared -0.002* -0.002* -0.002*
(0.001) (0.001) (0.001)
Non-Local Density -0.710%* -0.651%** -0.638**
(0.051) (0.051) (0.051)
Non-Local Density Squared (0000) 0.713%* 0.680** 0.673**
(0.032) (0.032) (0.032)
Team Size 0.002 0.005 0.007
(0.004) (0.004) (0.004)
Departures from Team (t-1) 0.025%** 0.020** 0.021**
(0.007) (0.007) (0.007)
Departures from Team (t-2) 0.036** 0.028** 0.030**
(0.006) (0.006) (0.006)
Coefficient of Variation in Tenure 0.096**
(0.030)
Mean Tenure -0.057** -0.083**
(0.010) (0.013)
Standard Deviation in Tenure 0.018 -0.011
(0.011) (0.014)
Mean x Standard Deviation 0.006**
(0.002)
Log-Likelihood -9,174 -9,155 -9,149
Spells 32,110 32,110 32,110

Note: All models include dummy variables for 5-year historical time periods (estimates not

shown).

* p <0.05 *ok p <0.01
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* I am grateful to Damon Phillips and Olav Sorenson for comments and advice. This work was
supported by the James S. Kemper Foundation Faculty Research Fund at the Graduate School of
Business, the University of Chicago, and by funds from the Kauffman Center for Entrepreneurial
Leadership.

! There is also no justification offered for the why the mean should enter the model as an inverse.
Like taking the logarithm of a variable, this will tend to amplify the effect of changes at low

levels of mean tenure and dampen the effect at high levels.

? The choice of 1988 as an ending time was dictated by data availability and by resource
constraints. [ have no reason to expect that this choice affected the substantive processes of

interest.
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