Using the Curriculum Vita to Study the Career Paths of Scientists and

Engineers. An Exploratory Assessment

James S. Dietz

Ivan Chompalov

Barry Bozeman
Eliesh O'Nel Lane

and Jongwon Park

Research Vaue Mapping Program
Schoal of Public Policy
Georgialnditute of Technology
GCATT Building, Room 120
250 14" Street, NW
Atlanta, Georgia 30318-0490

http://rvm.pp.gatech.edu
gt7631a@prism.gatech.edu

June 26, 2000

A version of this paper was presented at the American Evaluation Association meeting in
Orlando, FL, November 4, 1999.



Abstract

In this paper we assess the utility of the curriculum vita (CV) as a data source for
examining the career paths of scientists and engineers. CV's were obtained in response to
an emal message sent to researchers working in the areas of biotechnology and
microdectronics.  In addition, a number of CVs were obtained “passvely” from a search
of the Internet. We discuss the methodologica issues and problems of this data
collection drategy and the results from an exploratory andyss usng OLS regresson and
event higory andyss. In sum, despite difficulties with coding and variaion in CV

formats, this collection strategy seems to us to hold much promise.



Using the Curriculum Vita to Study the Career Paths of Scientists and

Engineers. An Exploratory Assessment

I ntroduction

Scientits and engineers  carer trgectories have much in common with other
professiond paths. Moativationa factors are not so very different, including income, need
for achievement and recognition, and desre for “interesting” work.  Scientits and
engineers face many of the same condraints as others, choosing jobs because of a
spouse's opportunities, the qudity of schools avaladle to children, distance from family,
and 0 forth. Thus, the standard models available to labor economists can tell us much
about scientists and engineers.

But there are some respects in which scientists and engineers differ dramatically
from dentigts or attorneys or airline pilots. Some are obvious like the peculiar forma
assts, such as paents and publications, that scientistss and engineers bring with them.
Other assets are more subtle, less forma, but perhaps even more important. Each
scientist and engineer can be thought of as a unique embodiment of “knowledge vaue'—
a waking set of knowledge, skills technical know-how and, just as important, a set of
sugtained network communications, often dense in pattern and internationd in scope.  In
previous work,? we outlined a knowledge value (which we then referred to as “scientific
and technicd human capitd”) modd as an dternative modd for ressarch evaudion,
originding in response to the limitaions of traditiond economic and date-of-the-art

models. The knowledge vaue modd puts more weight on the sustained ability of



scientists and engineers to enhance their own capabilities and those with whom they work
than do traditiond models® Knowledge vaue includes not only the researcher’s human
capita but the socid capitd he or she draws upon in creating knowledge and interacting
in vaious socid and professond contexts It includes not just the educationd
credentids normaly recognized in  traditiond  humen cepitd modds*® but the

researchers tacit knowledge,’*®

craft knowledge, and know-how. And, essentid to the
effective exploitation of al of these human capitd endowments is the socid capitd®*?
that scientists continudly exercisein engaging ther interests.

These endowments not only make the study of scientists and engineers career
trgectories more difficult (eg., less amenable to dandard labor models) but more
nuanced and more chdlenging. When a dentist changes jobs it is of interest chiefly to old
and new clients. When a stientis or engineer changes jobs the implications are often
profound: the movement of knowledge vdue is, aguably, a vitd dement of scientific
discovery, technologica innovation, and even economic deveopment. For knowledge
vaue transcends the intelect of any one individud. Individuad migraion paterns of
scientists and engineers can be likened more gppropriately to the movement of the “web”
of knowledge vaue that they possess—a web that continudly takes on new shapes and
patterns.

If the career trgectories of scientits and engineers are often a bit more
complicated and less predictable than dentists (or arline pilots or attorneys), they dso
leave more marks aong the trail. One of the great, dbet largely unexploited, advantages

of dudying the careers of scientiss and engineers is the near universd reliance on the

curriculum vita (CV). The utility of CV daa for sudy of knowledge vdue is driking, at



leest at firg blush, because of its tremendous richness—richness that must be tapped if
one is to move away from traditiond labor and productivity modes in favor of
knowledge vaue models.

The CV provides not only a clear-cut indicator of movement from one work
Setting to the next but is, in a sense, a representation of certain aspects of knowledge
vaue. The CV, unlike other data sources, often recounts the entire career of the scholar
in some deal. Thus, it is not smply a list of credentids, but a historical document that
evolves over time capturing changes in interests, jobs, and collaborations.  Whether
viewed as a higoricad record, a marketing tool, or a scientific resource, it is a potentialy
vauable datum for persons interested in career trgjectories, research evaluation, or, more
generdly, science and technology studies. Not only is the CV nearly universd, it is in
some respects sandard, and it is relaively eesly obtaned (sometimes even from the
public domain). Mog important, the CV contains useful, concrete information on the
timing, sequence, and duraion of jobs, work products (eg., aticles, patents, papers),
collaborative patterns, and scholarly lineege.  The CV is, indeed, a rich source of
longitudinal data, which lends itsdf especidly wdl to the study of phenomena associated
with careers and labor flows—precisaly the target of knowledge vaue.

In addition to its vadue as a sand-alone source of data, a great advantage of the
CV isthat it can be used in conjunction with other sources of data. The availability of a
wide aray of ctation data through the Science Citation Index is extremey vauable.
These same databases dso include information on the “power index” (i.e, the likdihood
of ctation) of journds. Similarly, the aggregate data provided by US Nationd Science

Foundation (NSF) databases, such as SESTAT, dso sarves as a potentidly fruitful



linkage. The problem, of course, is that the decision to use such benchmarks and cognate
data requires making significant “up front” decisons on data collection Strategies.

On the other hand, this agpproach is not without its limitations or problems. In
fact, severd of the advantages of using the CV as a data source can dso be viewed as
dissovantages.  First, because the information is sdlf-reported, it is subject to being
portrayed in a favorable light or even completely fabricated. But so too is any sdf-
reported questionnaire or interview data.  Second, the semi-sructured format fals short
of a purdy standardized template, thus risking the dimination of vauable information or
the incduson of extraneous nontrelevant data.  Perhgps most sgnificant, however, is the
enormous work involved in coding the CV for subsequent data analysis. Not only is the
coding time-consuming, but it is tedious and runs the risk of introducing error due to
coder fatigue. In some casesit is possible to have as many as 2,000 variables for one CV.

Despite its limitations, the potential of the CV as a research tool is enormous. Yet
it has been used only sparingly—and sometimes incidentaly—as a research device. We
seek to address this neglect, to explain it, and to assess the promise and obstacles to a
rescarch agenda employing the CV as primary data The deveopment of such a
methodology undoubtedly would provide a unique and potentidly useful dternative for

evauaing scientits and engineers careers.

Organization of the paper

Our interest in knowledge vaue, and the potentid of CVs as a research tool,

dems from a generd interest in assessing the impacts of government-financed research



projects. The Research Value Mapping (RVM) Program within the School of Public
Policy a the Georgia Inditute of Technology began in 1996, usng 30 intensve case
dudies of research projects as sources of both quditative and quantitative information
about the nature and intensity of the projects’ scientific and socioeconomic impacts.™

The Phase | work, sponsored by the US Department of Energy’s (DOE) Office of
Science, focused entirdly on DOE-sponsored projects in government and university labs.
We are now in Phase Il based on continued funding from DOE and with new funding
from NSF. Whereas Phase | focused on information developed in the case studies, Phase
II'is focusng on knowledge vadue impacts, using the CV as one research tool to examine
labor flows and career trgectories. The core hypothesis of Phase Il is that many of the
impacts of projects are not easily confined within norma project boundaries but occur
over consderable time as knowledge vaue diffuses into other settings.

We will ultimatdy test severa hypotheses about the connection between the
characterigtics of team-oriented R&D projects and the diffuson of knowledge vaue via
the projects dffiliales. A preiminary sudy (begun for this paper) of scientists and
engineers provides the opportunity to explore the use of the curriculum vita as a
methodologicd tool for garnering such informetion.

A mgor objective of this paper, then, is amply to determine the extent to which it
is possble to obtain ussful CV data and to assess the utility of various approaches to
collecting CVs. In next [third] section, we present a brief overview of the literature on
scientific careers. In the fourth section, methodologica issues are presented and
discussed with specific attention to several coding and data-rdaed issues.  In the fifth

section, we address issues of vdidity and rdiability, data congstency and qudity, and CV



accesshility.  After examining the prdiminary findings (Sxth section), we reflect more
broadly (fina section) on our assessment of the utility of a CV-based methodology,

including possble strategies for improving the quaity and consstency of data.

Scientific productivity and knowledge value

Studies of innovations have edablished the importance of close coupling for
knowledge transfer and the diffuson of innovations in the economy.!* The flow of
people from one organization, firm, or group to another is key in the process of
knowledge exchange. But, despite some good attempts™ 1 the extant literature has not
managed to fully capture the dynamic nature of these flows over time and across research
contextss. Carears ae inherently dynamic—evolving and intersecting in planned and
unplanned ways, but traditiond research evaluaion modds view them as datic or, a
begt, additive and cumulative over time.

Life cycde modds view the careers of scientists as a longitudind function of the
individud’s kill levels ad his or her incentives to act productively.!” ' The concept
originated in human capita theory from an economics tradition'® that sought to relate
invesments in human beings (education, training, job and life experiences, and persond
hedth) to an individud’'s earnings trgectory. At ealier dages of career building,
productivity incentives are strong while skills are growing. At the early to middle stages,
both incentives and sKills are strong as productivity pesks. And a middle to later stages,

20, 21

both wane, as does productivity. Although there is plenty of empiricd evidence to

support this notion of diminishing margind rates of productivity, such modds have faled



to explan much varidion in productivity.?> Moreover, as Stephan and Levin®® have
pointed out, many of thee life-cycle modds lack sufficient attention to the research
process and the indtitutiond setting of the process—something, incidentaly, more &kin to
our concept of knowledge value.

Researchers have dso called attention to the role of early career collaboration and
mentoring as spurs to longer-term sdientific productivity. Long and McGinnis®* found
that predoctoral collaboration with mentors had dgnificant and lagting effects on the
caears of biochemigs. The productivity of the mentor was postivdy and drongly
related to the biochemists own publication productivity six years later. For students who
had not collaborated with their mentor, there was no reaionship. Similarly, Reskin,®
sudying chemiss who obtained their Ph.D. in the late 1950s, found graduates from
higher “cdiber” departments were more likdy to have collaborated with their doctora
mentor and showed higher productivity after ther firs postdoctord decade than
graduates from lesser-prestige departments.  Zuckerma?® revedled that Nobd prize
winners viewed their doctora apprenticeship as crucid to ther later success.
Specificdly, they pointed to its role in building broad skills such as knowledge of proper
dandards of achievement, tastes in choice of research problems, and confidence in ther
work and abilities,

Life course modes can be thought of as an enhancement or conceptua expansion
of life cycle modds. The most important contribution of life course theories to the
understanding of the scientific careers and knowledge vdue, is the notion that human
lives are linked, or interdependent with each other, and—not just daticaly—but

dynamicaly over time. Mertor?’ recognized this in titling his book, On The Shoulders of



Giants in which he illustrates how Newton made his intdlectud advances using the
contributions of his scientific peers and forefathers. Elaborated by Elder,?® the life course
paradigm views individud lives as affected by the historical period in which events
occur, the deveopmentad timing ad sequence of events, and the involvement of the
individua in relevant socid relationships. Elder refers to the concept of human agency—
which, as applied to science, can be thought of as the unique set of abilities that each
scientist uses to trandate his or her training and kills into scientific outputs.  In a sense,
human agency is a recognition that individuds vary in the predigpostions (both srengths
and weaknesses) they bring to the construction of alife course.

The life course modd, with d of its subtleties about the sequencing and timing of
career events, seems to be amenable to examination through the coding and andyss of
CV data However, very few studies have employed CVs as data sources about trends in
job mohility in science.  Typicdly, when CVs are used in career studies, they are used as
a supplementa source of information that serves to fill in gaps left from other research
moddities®*3° Even when CVs*! are utilized as the primary or only data source® their
advantages o disadvantages are rarely discussed. The notion of using CVs as a research
tool is hardly a nove idea But the actud utility of CVs lies in answers to some quite

practica questions and the resolution of some fundamental methodologica issues.

Resear ch issues and concerns

A wedth of information is provided in mos CVs but the coding of the

information and its entry into a dadbase is not a dl draghtforoward. When one
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consders that some CVs include hundreds of publications and conference papers, many
with multiple authors, the costs of labor become apparent. The options are few. To
capture dmogt dl the information in a CV into standard databases would require a smal
amy of labor, wdl traned and perhgos not dl “low end” inexperienced data entry
personnd. The other option—limiting data capture—must, amost inescapably, be
pursued. Absent prodigious data entry resources, the only option is to forgo much data or
to categorize data a a relatively high level of abdraction (eg., smplify authorship order).
Unfortunately, however, too high a levd of daa aggregdion is incongruent with the
theoretical complexities of the knowledge vaue modd. The trick of the trade, then, is to
optimize time, data capture, and labor. The hazards include inauffident culling and
poorly predicted labor requirements. Can one develop heuristics or some empirical base
for making such decisons? That is one of our concerns in the paper and the overal
project.

With anything less than complete data capture, the particular operationdization of
CV data becomes vita. Even after whole sections of data are dismissed (in our case,
such sections as conference papers, courses taught, internd working papers), one dill
must grgpple with measuring the remainder.  Is it important, for example, to capture not
only article publications but aso author numbers and author order? How does one
represent data in more economical indices and, more to the point, how does one know
which indices are mogt useful without sufficient origind data to employ in indices? Are
data best represented in arrays, across time, or in cross-sectional detail? To be sure,

many of these answers depend upon specific hypotheses of specific sudies, but if the CV
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database is to serve as a general resource for multiple research objectives, pecific
hypotheses provide little relief.

An intereging problem is in identifying long versus short CV versons A great
many CVs get condensed or truncated (eg., “most recent publications’) and the
information that may seem important in an ealy caer (eg., dl conference
presentations) may be unimportant to the scientists later and may disappear entirdly from
the CV. The opposte problem is CV “embdlishment” where every career detall gets
recorded with seemingly equad weight. We are cetanly able to deete extraneous
information, but information not included is information lost. Asde from the detabase
problems such variaion can cause, there ae dgnificant vdidity issues and issues
regarding coding accuracy, coding labor and duration, and coder fatigue. And, despite
explicitly asking for long verson CVs, about one in five of the CVs submitted for this
study, were short versions.

Interestingly, the availability of CVs on the web has been hepful and hurtful to
those interested in the CV as data. The popularity of the web has meant that a great many
more CVs ae accessble, but the inditutiondization of webdtes has led to a syligtic
conformance of CVs, which is not itsdf a problem, and, typicdly, Sgnificant abridgment,
which can be a great problem. If the CV on the web is typicdly an inditutiona rather
than individud marketing resource, the rationd marketing approach is succinct
information about more people, rather than detailed informeation about particular people.

By most any standard, the coding of more than a few CVs is a daunting task. We
know that coding error rates from relaively tractable survey data range from about 5 to

10 percent.3*3* What about more difficult, less obvious CV data? While coding errors



can a least be determined with some ease, it is not clear even which standard is best for
coding reliability.3>*®  Moreover, good messures of intercoder reliability require a good
number of coders, agan accderating coss. Mog important of dl, however, is coding
vaidity. Except for the mogt draightforward issues, CV coding is dmost dways sure to
cause problems for any but the bedt-trained eye. Explaining to a coder how to ded with
vigting professors working at (epparently) three different places, in two stes, with three
ambiguous titles requires time, paience, and imagination. For example, the difference
between a postdoc and a felow may be vitd in some instances, not others. And how
does one determine if a proceedings publication is consequentid when working in a
number of very different fields. Is it possble to conveniently detaill such meatters for

coders in anything less than a 50- page codebook?

Data collection and coding

CV Callection

To test the practicdity of usng CVs to sudy the careers of scientigts and
engineers, four data collection approaches were used: an NSF database search, an
industry search, an Internet search, and a collection of CVs from a multi-inditutiond,
microelectronics research center headquartered a the Georgia Inditute of Technology.
We purposaly limited our collection to the broad fidds of biotechnology (and reated
filds such as hiochemistry and bioengineering) and microdlectronics-related areas®’ to
make the task a manageable one. The goa was to obtain an expected sample of 300-400

CVs from researchers with diverse backgrounds, working in diverse research contexts.
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We expected that these methods would not only ensure that mogt, if not dl, of the
potentia problems would surface (at least in these fidds), but that they would provide an
opportunity to test various data andyds methods, including descriptive datistics, OLS
regresson, and event history andysis. Thus, CVs were not collected to be representative
of any particular group, but to alow us to develop and test coding procedures and data
andysis gpproaches and to evduate various methods of obtaining CV's.

For the NSF, industry, and research center collections, an email message was
sent directly to potentid respondents who were asked to submit a full CV via emal. In
contrast, for the Internet search, various search engines and search phrases were tested to
identify a subgroup of web-posted CVs. Of the sample group, 50 CVs were solicited
from industry scientists and engineers, 200 from NSFfunded academic researchers, 100
from the web, and dl faculty and graduate students affiliatled with the multi-ingtitutional
research center and its primary research program (210).

A sample of 200 researchers funded by NSF's biotechnology program and
working a US inditutions was obtained from the NSF awards database. This Strategy
has the main advantage of identifying a group of active researchers (in any given fidd(s))
whose email addresses are provided by NSF. An emall was sent inviting the researchers
to submit their full CV. Approximatey 20 percent of the email addresses taken from the
database were erroneous or obsolete. The researchers attempted to obtain a current
address for al of undeivered emals usng inditutiond directories via the worldwide
web. No follow-up was done on the nonrespondents. Fifty-five CVs resulted.  Four
respondents formally refused and one clamed not to have been funded by NSF. The

effective response rate was approximately 28 percent.

14



Prior to conducting the industry search, the Science Citation Index (SClI) was
explored for the years 1995-99 usng the key word “biotechnology.” Over 3,100 titles
were returned.  Because searching each title for industry affiliation would have required
extensve time and would not necessarily have yidded useful results, we opted to identify
five journas®® that were likely to draw readers and authors from industry. Two®® of these
were not available on the SCI and were substituted by two additional journas*® Fifty-
nine emal notes were maled and 19 responses were received—a response rate of
aoproximately 32 percent. Based on ther emal addresses, thirteen of the industry
recipients did not resde in the U.S, seven appeared to work in government agencies
(which we conddered non-academic for our purposes), and two worked with university-
afiliated hospitas.

Our third group of CVs was acquired via a passve search drategy over the
Internet usng popular web search engines.  This agpproach has severa advantages. it is
non-intrusive, it utilizes CVs dready avalable in the public domain, it is cost effective,
and there is virtudly no wait time. On the other hand, two magor disadvantages were
identified: the sample indudes only people who posted their CV on the web, and web-
posted CV's tended to lack detail.

Web searches were conducted using the keywords “curriculum AND vita*** AND
biotechnology.” We tested ten search engines. Alta Vida, Excite, Google, Goto, Hotbot,
Infoseek, Look smart, Netscape, Snap, and Yahoo. The initia results usng standard
keywords were disgppointing since these search engines turned up too many irrdevant

web pages such as job search ligts, academic newdetters, job announcements or résumé
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writing guide pages—"noise”” Advanced search features were used to reduce the noise
level dramatically.*>  Ninety-four CV's were retrieved from the web.

Our fourth approach to CV collection was through a pilot sudy we conducted of
the Microdectronics Research Center (MIRC) a the Georgia Indtitute of Technology and
its mgor multi-inditutional collaborative research program, the Interconnect Focus
Center (IFC). We sought to collect al of the CVs of researchers and graduate students
afiliaed with MIRC (146) as well as researchers affiliated with the IFC (64). Like the
NSF and industry targeted collections, we sent emaill messages to the center's effiliates
asking them to submit ther CVs. Two follow up emails were sent to non-respondents.
Our overd| response rate was 41 percent for MIRC (52 percent for faculty and 37 percent

for graduate students**) and 73 percent for the IFC component.

Coding Methodol ogy

To develop a preliminary coding protocol, we reviewed a subset of the CVs from
each of the four respondent groups to identify problems and potential solutions. Over 30
potentidly useful variable “sets’ were identified. However, many of these variable sats
included multiple (i.e, up to 10) degrees received, multiple (i.e, up to 600) publications,
multiple (i.e, up to 50) patents, and so forth. The number of variables for each
respondent depends, unlike a questionnaire, on the length of the CV. Junior researchers
could have as few as 25 variables per CV; seasoned veterans could have as many as
2,000. Severa practice coding exercises were conducted to obtain information on
intercoder reliability, to improve the coding protocol and process, and to minimize coding

time.  After these prdiminary seps, the coding protocol was revised, retraining was
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implemented, and the coders proceeded to code the 281 CVs collected from the four
respondent groups. The goal was to design the coding process so that a work-study
gudent could be trained to code the typicd CV with minimd rdiability problems in 30
minutes or less.

To test intercoder reiability, we examined coding decisons of five coders on a
subset of 37 variables from two sets of 10 CVs  Various messures of intercoder
reiability have been proposed,**™>! but for our purposes we found Crittenden and Hill’'s
measure of intercoder reiability (Rs) the most useful and relevant. Tables 1 and 2
summarize the results from our firg prdiminay coding teds. Ovedl, the average
religbility coefficient value of .766 on the first round of coding shows that we would ke
wise to heed the advice to further refine the ingrument and coding scheme.  While there
is no widdy accepted “threshold leve” of intercoder rdiability, for this particular
coefficient anything below .850 should probably be consdered problematic and anything
below .600, outright unaccepteble. Only 16 out of 37 items saisfied the .850
requirement. However, 7 out of 37 items fell below .600. The principle coding problems
gemmed from the limited sandardization in CV formas (possble internationd effects
compound this problem), missng information, and coder error or the misinterpretation of

data.

Insert Tables 1 and 2 approximately here

A doser ingpection of the errors, however, demondrated that many of them were

due to coders coding information out of order (eg., coding the second publication in the
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third publication variable spot) which compounded to ensure future errors®  In addition,
coders had dgnificant problems with the origind codebook which was revised and
resubmitted to a second test (which we label coding experiment 2 in Tables 1 and 2)
using the same coders but new CVs. We expected there would be improvements due to
the enhanced codebook as well as learning effects, and we were correct. Tables 1 and 2
show that the mean intercoder rdiability rate increased to .805. There were 15 items that
scored above the .850 level and three that scored below .600. While, in generd, we felt
that these intercoder rdiability rates were ill unacceptably low, we recognize that the
complexity of the coding task a hand is such that we should expect rates below that
achieved in more typica questionnaire coding. But to address the problem directly, we
put in place a more eaborate coder training program and worked more closdy with
coders during the actual coding operations than we origindly expected. We aso rdied
more extensvely on post hoc data cleaning than may be typicdl.

Interestingly, we found in both experiments that coding time was unrdated to
eror rae suggesting that our rdiability problems were due either to the complexity of the
CVs, the complexity of our coding scheme, the motor skills and knowledge of our coders,
or dl three. The average time to code a CV was 18 and 24 minutes on the two, smal-
scde coding experiments conducted on a subset of the variables and about 30 minutes
(which ranged from 1 minute to 260 minutes) on average for the 281 CVs coded for the

data analysisthet is presented in the next section.
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Findingsand discussion

Adde from tegting the qudity of data in terms of its vdidity and reiability we
sought to test the “usability” of the data in various modes of andyss. Three data andyss
approaches were used: basic descriptive datistics, OLS regression, and event history
andyds.  The point of this andyss is not to record empirica findings about the careers
of scientists and engineers, but to demongrate that CV data can successfully be collected,

coded, cleaned, and used in common datistica anayses.

Insert Table 3 gpproximately here

Table 3 shows the results of the basc decriptive dtatistics induding the varigble
names and types, number of varigbles to a set, and number of coding categories for
categoricd data®® One data limitation that was identified through this andlysis concerned
the issue of missng data In coding CVs the digtinction between missng and null or zero
data is not dways clear. For example, if no patents or professona society memberships
or grants appear on a CV does this mean the respondent has zero patents, memberships,
or grants or has amply faled to lig them? In addition, the means and ranges for various
variables such as publications, awards, and patents show that the data are highly skewed,
making atistica analyses based on normdity assumptions questionable.

Second, we ran an OLS regressor® with publication rate (i.e, number of
publications per year after receipt of doctord degree) as the dependent variable and

number of publications during Ph.D. sSudies totd number of jobs time in assstant
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professorship rank, number of professional society memberships, and a patent dummy®°

(0 = no patents, 1 = patents) as independent variables.

Insert Table 4 approximately here

Because the knowledge vaue mode places emphass on capacity building and
human and socid capital, we chose to include variables that reflect those issues (at lesst
for preiminary demondration). Number of Ph.D. publications is a good indicator not
only of early ability but of early opportunity, accumulative advantage, and perhaps good
mentoring.  Tota number of jobs may be thought of as a measure of professona job
indability or even incompetence.  Alternatively, it may be an indicator of strong job
marketability or the possesson of skills in short supply. However, from a human
resources or knowledge vdue dandpoint it may indicate diverdty of professond
experience and exposure to a large number of professond contacts and culturd
environments.  As a result, we chose to enter this varigble in quadratic form, suggesting
that those in the extreme may be professiondly ill-adept, while those with some diversity
of experience may be more productive. We wanted to test at least one time-dependent
varidble, duration of assstant professorship rank, as a measure of professona ability.
Finaly, number of professonad society memberships was entered as a crude measure of
the gze of the professond network and the paent dummy as another measure of
professond diversity, that is, commercia applications of research.

The reaults indicate that the coefficients on Ph.D. publications, duration of time in

assgant professor rank, and having one or more patents were datisticdly significant.
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The coefficient on duration of time in assistant professor rank is negative indicating the
more time spent in that postion the lower the publication rate of the researcher.  Having
patents and refereed publications during Ph.D. dudies were podtively associated with
career publication rate.  The adjusted R for this model was a respectable .28.

Third, we modeled the rate of promotion of rank to full professor through
methods known as event history andyss, dynamic andyss, or surviva anaysis®®>°
While most past research has focused on how productivity affects advancement in
academic rank, it is certainly not the only determinant. Indeed, a number of sudies have
underscored the explanatory potentiadl of variables such as age®®®* gender,®>™° fidd of
research,”* and prestige of doctoral department.’> "

Mosgt of these studies employ cross-sectiond or limited time-varying approaches.
In contrast, CV data alow us to examine career advancement in a knowledge value
framework as an inherently dynamic process. We estimated two dynamic modds’ that
focus on the rate of advancement from dither associate or assistant professor’® to full
professor gatus as a function of time and severd covariates. The state of not achieving
full professor rank given tha the respondent had achieved assstant professor rank was
coded as 0, while the state of having achieved full professor given a previous assistant
professor job was coded as 1.

Mode One teds the effects of the following covariates on the rate of promotion to
full professor:  publication rate (caculated as number of publications from the beginning
of the fird assdant professor job divided by the number of years since first assgtant
professor job); age cohort;’” and disciplinary fidd of highes degree’® Modd Two

introduces two additiond varidbles gender (femde=0, mde=1) and a dummy variable
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denoting whether the respondent had registered a least one patent during the period of

interest.

Insert Table 5 approximately here

In Model One (see Table 5), three covariates have a dgnificant effect on the
hazard function. The partid corrdation R is highest for the fidld dummy ‘enginesring'.
The rik ratio (exp(B)) for this indicator varidble shows that, partialing out dl other
covariaes, the hazard of promotion to full professor for engineers is dmost 200 percent
higher than the hazard for promotion of biologists and biomedical researchers.  As would
be expected, publication rate aso affects postively the trandtion rate to full professor.
With every additiona publication per year, the hazard rate increases by 7 percent. Cohort
1976-85 impacts the hazard negatively. Controlling for other covariates in the modd, the
hazard of ataning a full professor status for this cohort is only 49 percent of the hazard
for the cohort who received their first degree prior to 1961. It is not clear to us why this,
rather than the most recent, cohort impacts the hazard rate negatively. It may be an
artifact of our data.

In Model Two, where gender and patents are added, the publication rate is no
longer sgnificant. Cohort 1961-65 joins cohort 1976-85 in dgnificantly affecting the
esimated hazard in a negdtive direction as compared to the reference group (the earliest
cohort). The effect sze for the two cohorts is about the same.  Findly, having one or
more patents prior to rank advancement aso sgnificantly affects the hazard rate—the

trandtion rate to highest academic rank is 133 percent higher for those with patents than



those without, holding other covariates congtant.  Since these modes are hierarchicaly
nested, we can compare the fit of the two models by performing a c? difference tes,
which in our case suggests that Modd Two leads to only a minor improvement in
goodness of fit over Modd One.

Findly, the assumption of proportiondity of the hazard which Cox regresson is
based upon holds with respect to one source of nonproportiondity—population
heterogeneity—but may not in the case of the second source (time dependence). We ran
diagnogtic plots (not shown here) dratifying the logarithmic survivor function separady
by gender, cohort, and field. All three plots showed gpproximate pardlelism between the
drata lines which upholds the assumption for proportiondity of the hazards. However,
when we look a the shape of the survivor function there is some evidence for non
linearity, which may suggest further exploration and consderation of dterndive surviva
andyss modds  Ovedl, the two modes demondrate the utility of usng CV data to

dynamicaly modd scientific productivity in aknowledge vaue framework.

Conclusion

Reaults from this prdiminary assessment of the use of CVs as data for research on
scientists and engineers career trgectories shows that the potentia of this gpproach is
mitigated by severd practicd problems, some essly remedied, some not. Our sudy
seems a leadt to provide some notion of the likely magnitude of problems.

One of the mogt basic issues is the availability of CVs and best approaches to

obtaning them. We found tha obtaning CVs was sometimes more difficult than
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expected. Since CVs are routingly requested for al sorts of purposes, we expected the
routine nature of our request would yield considerable returns. The results show tha
developing an adequate response likely requires consderable effort to ensure the
accuracy of the address data.  Allowing more time for response, in connection with a
follow up, will likely yidd better results as scientigts are highly mobile and sometimes do
not receive emal quickly. Further, those recelving large quantities of emal in dl
likelihood have some heurigic for triage and, quite likdy, our request would not survive
the triage.

The reaults for the web search for CVs were interesting and, despite disgppointing
returns, the learning curve was such that greater familiarity with particular search engines
is likdy to yidd improvement. At this point, the returns for the web search entall
consderable sdection effects since there is no reason to believe that the persons with
readily avalable web-based CVs are representative of the entire population of scientists
and enginears. It seems likdy tha the number of CVs on the web will continue to
increase for some time and, dong with the increase, will tend to be more representative.
However, if the web search has many flaws, the non-obtrusiveness of the web CVs has
great apped and, a leadt, this approach seems useful for preiminary studies, pretests,
methodologicd tests, and, especidly, hypothess development. It provides an
inexpensive means of getting started on CV-based research.

If the acquidtion of the CVs was somewhat more difficult than we expected,
coding was somewhat less of a time burden than expected. Coders were able to code
CVs in less than 30 minutes each, despite a consderable volume of data and a reaively

sophisticated codebook. The intercoder rdiabilty levels were not acceptable in many
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cases.  The coding chalenge is condderable, especidly if one anticipates using student
coders.  We found that the rdiability and validity of CV data depends crucidly on
extendve coder training and a dgnificat invesment of time in data deaning and qudity
checks. With these safeguards, we believe respectable reliability rates can be achieved.

It is clearly possble to perform reatively sophisicated datisticad andyses, such
as we did for this study, using the CV as a sole source of data. Both the OLS regresson
and event higory andyses show sgnificant and interesting potentid findings that confirm
the effects of age cohort, disciplinary fidd, and ealy publication productivity in
advancement in rank and in overdl publication output. What surprised us was the
relaionship between having patents and academic productivity and advancement.
However, these two interdisciplinary fidds defy the traditiona categories of basic versus
goplied research and it is possble that ther is more than a far share of comingling
between scholarly and commercid cues to knowledge vaue and productivity.

A less obvious, but potentiadly sgnificant, issue in assessng the quaity and utility
of CV dda is phenomenologica in naure.  Arguably, the CV means very different things
to different scientists and engineers and the respective congtructions of the CV may have
implications for sudy objectives. This is redolent of the point made by Latour and
Woolgar.”® For example, the CV of the recent graduate is perhaps best thought of as a
marketing tool whereby the CV's author seeks to maximize credibility®® to potentia
employers, usng such atifices as seem likdy to achieve employment objectives.
Smilaly, lae career scientigts may wdl view the CV more as a higtoricad record,
focusng chigflly on the chronicle of output and activities. These ae just two of the

condructions one might envison. Each congruction may wel embody different motives,
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different communication drategies (incduding variance in communicated content), and
different CV revison draegies. In dl likelihood, purveying a CV on the web can be
undergood in pat as a reflection of a particular set of congructions. The fact that S0
many scientigts have multiple versons of CVs (some more suitable for obtaining grants,
others more suitable for employment, sill others more suitable for consulting or service)
seems to reinforce the notion of multiple roles and congtructs for CVs.

In sum, the use of CVs as serious data for socid inquiry seems to us to have much
potentid. But despite the familiarity of this everyday atifact, knowledge of its socid
meaning, its research utility and the attendant practica problems in its research use is just
beginning to accumulate.  Usng CVs for research is not exactly a brave new world, hit

an old world seen anew way.
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Tablel. Intercoder Reliability and Time of Coding for 10 CVs

Curriculum Vita Rs(i) for Coding Time Rs(i) for Coding Time

Coding (in minutes) Coding (in minutes)

Experiment 1 Experiment 1 Experiment 2! Experiment 2
1 897 230 938 180
2 797 31.0 765 210
3 651 278 881 184
4 839 234 709 144
5 .868 240 792 156
6 .608 150 .830 16.0
7 756 304 .830 138
8 .800 194 630 218
9 728 198 832 180
10 714 222 849 10.0
Mean .766 236 .805 16.7
Std. Dev .090 5.02 .088 351

Note: Rs(i) stands for resume intercoder reliability.
T Coding experiment 2 used the same coderswith different CV's and an improved coding
protocol.



Table2. Intercoder Reliability for Coding 37 Items

Item Rs(i) Rs(i) Item Name

# Coding Coding
Experiment 1 Experiment 2!
1 933 682 CV versionisfull or partial
2 933 1000 Sex of respondent
3 .960 1000 Year of birth
4 920 800 National origin
5 920 .780 Citizenship
6 .880 1000 Degreetypeof first degree
7 .690 B840 Degreefield of first degree
8 .860 880 Degreetype of second degree
9 .880 670 Degreefield of second degree
10 .960 960 Degreetype of third degree
11 810 800 Degreefield of third degree
12 1.000 1000 Degreetype of fourth degree
13 1.000 1000 Degreefield of fourth degree
14 1.000 1000 Degreetype of fifth degree
15 1.000 1000 Degreefield of fifth degree
16 * 560 * 570 Jobtitle of first job
17 * 490 * 490 Jobtitle of second job
18 610 .770 Jobtitle of third job
19 .680 680 Jobtitle of fourth job
20 .600 410 Jobtitle of fifth job
21 740 1000 Publication type of most recent pub.
22 790 960 Publication type of second most recent pub.
23 630 860 Publication type of third most recent pub.
24 * 550 .860 Publication type of fourth most recent pub.
25 .880 .760 Publication type of fifth most recent pub.
26 620 .780 Dollar amount of first grant or contract
27 * 570 * 520 Funding source of first grant or contract
28 630 .760 Dollar amount of second grant or contract
29 * 580 680 Funding source of second grant or contract
30 .690 .760 Dollar amount of third grant or contract
31 *.560 .710  Funding source of third grant or contract
32 .690 .760 Dollar amount of fourth grant or contract
3 .660 620 Funding source of fourth grant or contract
A .660 .780 Dollar amount of fifth grant or contract
35 * 580 690 Funding source of fifth grant or contract
36 .893 960 Year of first patent
37 933 1000 Wasfirst patent licensed or sold?
Mean .766 .805
Std. Dev. 164 163

Notes: Rs(i) standsfor item intercoder reliability.
" Coding experiment 2 used the same coders with different CV's and an improved coding
protocol.



Table 3. List of variableswith descriptive statistics.

Variable Type Number of
VariableNameor Variable Set Name (number of codes Range Mean Missing
(number of variablesin a set) for categorical Cases(N =
variables) 281) +
Coding time (in minutes) Continuous (1,260) 29.6 8
CV version Dichotomous 0,1) 676 1
(2: not full=0,
full=1)
Sex Dichotomous 0,1 797 27
(2: female=0,
male=1)
Y ear of birth Continuous (1917, 1976) 1951 199
Citizenship Categoricd (100) 212
National origin Categorical (100) 210
Y ear of bachelor’s degree Continuous (1938, 2000) 1977.6 36
Bachelor’ s degree institution String 33
Bachelor’ s degreefield Categorical (150) 42
Y ear of master’ s degree Continuous (1939, 2000) 19805 118
Master’ s degreeinstitution String
Master’s degreefield Categoricd (150) 126
Y ear of doctoral degree Continuous (1941, 1999) 1980.7 68
Doctoral degreeinstitution String
Doctoral degreefidd Categoricd (150) 75
Publication type (600) Categorical (9)
Publication year (600) Continuous
Total number of publications Continuous (0,553) 414
No. single-author, refereed journal Continuous (0,59) 28
articles
No. first author on multi-author Continuous (0, 139) 73
refereed journal articles
Number of multi-author (not Continuous (O, 403) 249
first)refereed journal articles
Total number of books or book chapters Continuous (0, 115) 45
Total number of other refereed Continuous 0,92 04
publications
Job type (30) Categorical (46)
Job Institution (30) String
Total number of jobs Continuous 0,23 55
Year became assistant professor Continuous (1955, 1999) 1982.6 157
Year became associate professor Continuous (1955, 1999) 1984.1 17
Year became full professor Continuous (1958, 2000) 19854 184
Dollar amount of grant or contract (50) Continuous
Funding source of grant or contract (50) Categorical (22)
Total number of grants and contracts Continuous (0, 50) 33 190
Avg. grant/contract size (those w/ Continuous (129, 359,74 218
awards) 5325000) 9
No. professional society memberships Continuous 1,25 45 46
(29
Number of patents (200) Continuous (0, 199) 8.7 124

Note: Variablesinitalicsare derived variables. + Missing data are problematic with some variablesin
that it isnot clear if the dataare missing or if they represent null or zero data (e.g., missing grant award
information may indicate respondent no grants or missing information).



Table4. OLSRegression Coefficients.

Independent Ungtandar dized Standar dized
Variable Coefficient Coefficient

Number of Ph.D. 401** 352

publications (.135)

Number of professional 231 170

society memberships (173

Duration in rank of - 476* 204

assistant professor (.204)

Number of jobs -.005 -155

(squared) (.004)

Has any patents? 2.063* 276
(:877)

Constant 3.582* 154

Adjusted R® 278

Notes: Numbersin parentheses are standard errors.

Dependent variableis publication rate.
*p<.05 **p<01
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Table5. Event History Analysisfor Promotion to Full Professor: Two Cox Regression Proportional

HazardsModes

Independent Variables

Model 1

Model 2

B wad R Exp(B)

B wad R Exp(B)

Publication rate
Cohort 1961-65
Cohort 1966-75
Cohort 1976-85
Cohort 1986-00
Engineering
Physical sciences
Gender (male=1)

Patent (yes=1)

-2Log Likelihood

N of observations

o 326 05 107
-713 232 -03 48
19 27 00 121

-71* 336 -06 49
-14 02 00 87

1.09*** 9,73

051 176 .00 105
-88* 339 -06 41
A3 A3 .00 114

-78 378 -06 46

13 01 .00 114

95%* 649 10 259
45 148 00 157
34 58 00 141

85%* 596 .09 2.33

433.85

124

Note: For Model 1 the likelihood ratio c2=18.54,df=7,p<.01 and the overall ¢2=18.03,df=7,p<.05. For
Model 2 the likelihood ratio c2=22.85,df=9,p<.01 and the overall c2=23.12,0f=9,p<.01. Thereference
(omitted) category for the cohort dummiesis cohort<1961; the reference category for engineering and

physical sciencesis ‘biology’.
**p<.05

*p<.10

***pn<.01 (two-tailed tests)



