
Cell Stem Cell, Volume 7 

Supplemental Information 

Commercialization and Collaboration:  

Competing Policies in Publicly Funded  

Stem Cell Research? 
Tania Bubela, Andreas Strotmann, Rhiannon Adams, and Shawn Morrison 
 

Figure S1: All-author co-citation analysis of most highly cited authors plus SCN PIs 
(structure matrix). This shows a two-dimensional representation of clusters of related fields 
that are in fact visualized in a three dimensional space. By examining the topics of the clustered 
papers, it is possible to identify the fields. The clusters of related fields reduce from 14 to 7 key 
fields of  specialization that were considered for the final statistical analysis. The clusters are as 
follows: F1; F2/F12; F3/F9/F13; F4/F6/F7/F10; F5/F14; F8; F11 (Ethics, Law and Societal 
Impacts Research) 

Figure S2: Error bars for the number of coauthors per SCN PI depending on institutional 
affiliation. The two most collaborative institutions were the British Columbia Cancer Agency, 
Vancouver (BCCA) and the Samuel Lunenfeld Research Institute (SNLI), Mount Sinai Hospital, 
Toronto for both network variables “coauthors” and “neighborhood”. There was one highly 
collaborative individual at Lawson Health Research Institute (LHRI). Other institutions are: 
Dalhousie University (Dal), Hospital for Sick Children (HSC), Institut de recherché Clinique de 
Montréal (IRCM), Laval University (LavalU), Memorial University of Newfoundland (MUN), 
McGill University (McGill), McMaster University (McMaster), Ottawa Hospital Research 
Institute (OHRI), Queen’s University (Queens), Sunnybrook Hospital (SunbrkHosp), University 
of British Columbia (UBC), University Health Network (UHN), University of Alberta (UofA), 
University of Calgary (UofC), University of Montreal (UofMont), University of Ottawa (UofO), 
University of Toronto (UofT), University of Waterloo (UofW), Vancouver General Hospital 
(VanGH). 

Figure S3. Number of Patents for SCN PIs versus Involvement in Start-Up Companies. 
Error bars for the number of patents of PIs involved in start-up companies (yes) versus PIs not 
involved in start-up companies (no). The difference was significant Welch’s two-sided t test: t = 
- 3.00, df = 15.34, p = 0.009. 





 

 



 



 Table S1.  Pearson correlation coefficients for continuous variables used in model creation. Some variables were log-transformed to 
meet the assumption of normality. 
 

 Pats.log Pubs.log H-Index.log 1st Years.log Pat:Pub.log Citation.log
Number of Patents.log 1.000 0.456 0.427 0.364 0.955 -0.280 
Number of Publications.log  1.000 0.850 0.774 0.230 -0.637 
H-Index.log   1.000 0.757 0.218 -0.270 
Year Since First publication.log    1.000 0.090 -0.349 
Patents:Publications     1.000 -0.135 
Number of  Citations.log      1.000 



Table S2.  Coefficient, standard error and p value for the independent Variable included in the 
two top generalized linear models of research collaborations of Canadian Stem Cell (SC) 
Network science principal investigators (PI) (institutions with a p<0.05 are bolded).  
 
Variable 
(N=79 PIs) 

Model One1: 
Coauthors

Coefficient ± SE (Pr 
(>|z|))

Model Two1:
  Neighborhood 

Coefficient ± SE (Pr 
(>|z|))

Intercept 
Log Citations 
Log Publications 
Log Patents 

-3.649 ± 2.321 (0.116)
2.406 ± 0.741 (0.001)
1.051 ± 0.202 (0.001)

-0.189 ± 0.082 (0.021)

-2.419 ± 2.931 (0.409)
3.161 ± 0.918 (0.001)
1.178 ± 0.255 (0.001)

-0.308 ± 0.102 (0.003)
Type of PI1: 
Bioengineers 
Clinicians 

-0.052 ± 0.351 (0.881)
-0.233 ± 0.313 (0.457)

-0.281 ± 0.510 (0.582)
0.014 ± 0.396 (0.971)

Field of Research2: 
F2. nervous system 
F3. SC growth & cancer 
F4. SC & early development 
F5. Muscles 
F8. Genetic vectors 

-0.235 ± 0.306 (0.442)
0.044 ± 0.257 (0.865)
0.229 ± 0.256 (0.371)
0.229 ± 0.256 (0.371)
0.004 ± 0.652 (0.995)

0.257 ± 0.379 (0.498)
0.540 ± 0.336 (0.108)
0.789 ± 0.325 (0.015)

-0.295 ± 0.594 (0.619)
0.431 ± 0.824 (0.601)

Year became PI in the SCN: 
2002 
2004 
2005 
2007 

-0.125 ± 0.354 (0.724)
0.180 ± 0.314 (0.565)

-0.496 ± 0.307 (0.107)
-0.043 ± 0.228 (0.852)

-0.152 ± 0.449 (0.735)
-0.279 ± 0.386 ( 0.471)
-0.414 ± 0.348 (0.234)
-0.046 ± 0.279 (0.870)

Institution3 
Dalhousie University 
Hospital for Sick Children 
Institut de recherché Clinique de 
Montréal 
Laval University 
Lawson Health Research Institute 
Memorial University of 
Newfoundland 
McGill University 
McMaster University 
Ottawa Hospital Research Institute 
Queen’s University 
Samuel Lunenfeld Research Institute 
Sunnybrook Hospital 
University Health Network 
University of Alberta 
University of British Columbia 
University of Calgary 
University of Montreal 

0.268 ± 0.894 (0.764)
-0.124 ± 0.263 (0.637)
-1.651 ± 0.746 (0.027)

-2.529 ± 0.917 (0.006)
-0.182 ± 0.344 (0.596)
0.278 ± 0.876 (0.751)

-0.606 ± 0.568 (0.285)
-0.670 ± 0.465 (0.150)
-0.417 ± 0.368 (0.256)
-0.108 ± 0.823 (0.896)
-0.419 ± 0.329 (0.202) 
-0.543 ±0.595 (0.361)
-0.856 ±0.331 (0.010)
-0.980 ±0.546 (0.073)
-1.010 ±0.422 (0.017)
-0.392 ±0.405 (0.333)
-0.661 ±0.435 (0.129)

-1.467 ± 2.091 (0.483)
0.061 ± 0.317 (0.848)

-2.660 ±  1.334 (0.046)

-2.819 ±  1.391 (0.043)
-0.186 ±  0.412 (0.651)
0.420 ±  1.023 (0.681)

-1.275 ±  0.827 (0.123)
-0.881 ±  0.595 (0.138)
-0.310 ±  0.479 (.0518)
0.645 ±  0.932 (0.489)

-0.355 ±  0.389 (0.363)
-0.863 ±  .0774 (0.265)
-0.642 ±  0.387 (0.097)
-1.608 ±  0.843 (0.056

-1.098 ±  0.537 (0.041)
-0.512 ±  0.511 (0.316)
-0.459 ±  0.553 (0.406)



University of Ottawa 
University of Toronto 
University of Waterloo  
Vancouver General Hospital 

-1.309 ±0.497 (0.008)
-0.531 ± 0.295 (0.072)
0.060 ± 1.022 (0.953)

-1.701 ± 0.926 (0.066)

-1.351 ±  0.569 (0.017)
-0.181 ±  0.356 (0.611)
-0.002 ±  1.519 (0.999)
-2.488 ±  1.410 (0.078)

 
1 coefficients are relative to basic researchers 
2 coefficients are relative to hematopoetic stem cells 
3 coefficients are relative to the British Columbia Cancer Agency 
 

 

 



SUPPLEMENTAL EXPERIMENTAL PROCEDURES 
Here we present a detailed explanation of the bibliometric and statistical methods developed and 
used to analyse variables that may impact on coauthorship patterns of Principal Investigators 
(PIs) in the Canadian Stem Cell Network (SCN). The analyses and visualizations presented in 
the accompanying paper were based on six steps: 
 

1. collecting bibliographic summary data on the SCN PIs from the Thomson-Reuters’ ISI 
Web of Science citation index and from the Delphion world-wide patent information 
database. This data collection was based on a list of SCN PIs and funded publications 
provided by the SCN; 

2. collecting and cleaning bibliographic data from Elsevier’s Scopus citation index and from 
the National Library of Medicine’s PubMed bibliographic database to define a research 
area that both encompasses and is closely related to SCN funded research; 

3. constructing and visualizing a computational model of the coauthorship network 
extracted from (2); 

4. deriving network statistics for each of the SCN PIs from the network model developed in 
(3); 

5. performing an author co-citation analysis of the stem cell research field and attaching 
SCN PIs to subfields of stem cell research; and  

6. developing a series of generalized linear models (GLMs) to examine the influence of a 
series of metrics collected for each PI on network statistics from (4). 
 

Here, we explain the methods employed for each of these six steps and present supplementary 
results on the co-citation analysis and GLMs. Except where noted, data handling, bibliometric 
computational modeling and analyses were performed using software developed in Python by 
one of the authors (A.S.).  
 
Collection of bibliographic and patent summary data 
 
The SCN provided a list of current and former PIs and other members. From the SCN website, 
we determined additional information to help us identify the individual PIs in subsequent 
searches, including affiliation history and descriptions of research from personal or institutional 
websites. Affiliation information was used to identify the geographic location (city and Province) 
and institutional affiliation for each PI. 
 
For each PI, we developed individual search strategies to identify his or her patent portfolio in 
the Delphion (for U.S., European and Japanese patents) and Canadian Intellectual Property 
Office patent databases. The total number of patent documents (applications and granted patents) 
was used as a proxy measure for commercialization activity. However, only one member of a 
patent family was counted (i.e., multiple filings in different jurisdictions counted as one patent 
document).  
 
From the Web of Science, we similarly identified each PI’s set of publications indexed by the 
Institute of Scientific Information (ISI), and then determined the following bibliometric variables 
from the Web of Science: total number of indexed publications, total number of citations to these 
publications, the PI’s H-index (Hirsch, 2005), and number of years since first publication. These 
variables were used as proxy measures for research quantity, research quality, and seniority. 



 
Collection of data for the coauthorship network 
 
The SCN provided a list of all PIs who had been involved with or continued to be part of the 
network since its inception in 2000 and a list of all publications attributed to SCN funding. We 
used PubMed and the Scopus citation database to identify and collect (1) the unique Medline and 
Scopus indexed scientific publications funded by the SCN (n=507), (2) publications cited by and 
(3) citing those publications as indexed by Scopus, and (4) all publications cited in articles citing 
the core SCN publications. These searches were run between November 27th and December 3rd 
2007 and included all publications up to that time.  
 
The search strategy was as follows. The list of “seed” publications provided by the SCN was 
automatically converted to search strategies for the corresponding records from Elsevier’s 
Scopus database. The searches were run manually in Scopus, and the resulting full metadata 
results were retrieved, as were the full metadata for the literature citing these documents. After 
removing duplicates, a total set of 6,966 distinct full bibliographic records as indexed in Scopus 
were used as citing papers in subsequent analyses, including the 507 SCN funded seed 
documents and all those records in Scopus that were found to contain references to these seed 
documents at the time that the searches were run. 
 
These 6,966 records contained a total of 418,023 cited references or about 60 references per 
paper on average.  We made use of the National Library of Medicine's Batch PubMed Citation 
Matcher (at http://www.ncbi.nlm.nih.gov/entrez/getids.cgi) to expand cited references to full 
bibliographic records, using custom software to parse Scopus records and create Batch Citation 
Matcher queries. Our searches resulted in a hit rate of about 90% of all cited references (377,505 
of 418,023). In bibliometric studies, this is an excellent result (Torvik et al., 2005). 
 
The 377,505 references that were successfully matched against PubMed corresponded to 
162,555 distinct articles in PubMed. 
 
Data cleaning and construction of the coauthorship network 
 
In our analyses and visualizations, we rely on coauthorship of scientific journal publications as a 
measure of academic research collaboration intensity. The collection of roughly 400,000 full 
bibliographic PubMed records retrieved in the previous step contained complete lists of 
coauthors for all publications, a large majority indexed with their full names, but with a sizable 
minority of authors indexed only by their last names and initials. 
 
For coauthorship network studies, we are interested in links between researchers by way of 
coauthored publications (still the most reliable source of data as other data such as co-funding is 
largely unavailable). Unfortunately, PubMed does not have unique identifiers for individuals, 
and author names are notoriously unreliable as a means for identifying individuals. For example, 
the same author may be referred to as A. Smith, A.S. Smith, Adam Smith, or Adam S. Smith in 
the database, while the single name A. Smith may refer to ten different individuals in the same 
database. The latter is known to be a particularly serious problem for authors from China or 
Korea, where a small number of last names covers a large percentage of the population. Both 



China and Korea have strong programs in stem cell research. 
 
The next major step in data cleaning was therefore to disambiguate author names, because for 
our particular type of network analysis, we required some confidence that each author node in 
our network was indeed one individual. This has been a major unresolved issue in bibliometric 
studies (e.g., Andrade et al., 2006; Kang et al., 2008) and most solutions discussed in the 
literature are more of a theoretical nature. Practical solutions, such as (Torvik, et al., 2005) were 
computationally too expensive to run on our large-scale dataset. 
 
More recently, the state of the art in the area of author name disambiguation has significantly 
improved.  The forthcoming review by Lund, Smalheiser and Torvik (2009) states that "[t]he 
scale and intractability of the author name disambiguation problem are explicated [...] for the 
first time, along with a variety of techniques for reducing ambiguity", according to the editorial 
introduction to that issue (Blaise, 2009). While our own method (Strotmann, et al., 2009) was not 
perfect, it was quite practicable for our large dataset and adequately reliable for the requirements 
of this study (see below).  
 
The complete publication dataset from which we constructed our coauthorship network 
comprised records on 162,555 publications, with approximately six coauthors per publication on 
average. For author name disambiguation, we extracted from each record: (a) titles; (b) coauthor 
names; (c) journal or source name; (d) publication year; (e) volume of publication; (f) issue 
number; (g) page number(s); and (h) major MeSH terms. Based on this data, a deterministic 
author name disambiguation algorithm was used to assign publications to individuals.  
 
The algorithm iterated over all last-name-plus-first-initial combinations present in the dataset. 
For each such combination, the algorithm classified the set of document records into clusters that 
were likely coauthored by a single individual. Essentially, the algorithm considered two given 
clusters of documents as being authored by the same individual (rather than two different ones) 
if: 
 

1. All author names for this individual remain mutually compatible (Alice Smith and 
Andrew Smith are never in the same cluster); 

2. There is positive evidence that indicates that all documents in the resulting set refer to the 
same individual (e.g., overlaps in coauthors or in major MeSH terms); 

3. There is greater positive evidence for this particular choice than for potential alternatives 
(e.g., that a particular occurrence of A. Smith as coauthor of a document corresponds 
to the Alice Smith and not the Andrew Smith cluster).     
 

Preliminary explorations of the resulting coauthorship network showed that the clustering 
algorithm was overly pessimistic, separating known authors into several “individuals”. In a 
second phase of this algorithm, therefore, we balanced the observed excess of false negatives 
(i.e., missed identifications of individual clusters) at the expense of possible false positives (i.e., 
spurious identifications of two distinct individuals as one) in the hope of gaining a network with 
statistical properties that are more like those of the (unattainable) “correct” network of 
individuals and their coauthors.  
 



In this second phase of the author name disambiguation algorithm, we relied exclusively on 
coauthorship links: if two individuals have similar names and have at least one coauthor in 
common, but have never coauthored with each other, they are likely a single individual. For all 
sets of previously identified “individuals” who shared equivalent last name and first initial 
combinations, we therefore repeated the following three steps three times: 
 

1. constructing a graph linking two “individuals” whenever they had common coauthors; 
2. determining the connected components of this graph; and 
3. For each connected component, merging its member “individuals” into a single 

individual unless the resulting individual would end up being his or her own coauthor 
by doing so. 

 
The methodology was verified manually by a research assistant, using the SCN PIs to ensure that 
these individuals had been correctly identified. This is a common method in the literature using a 
set of test individuals, either the complete set of authors for small-scale studies, a small set of 
worst-case authors (e.g., Smith, J) or special-case authors, such as in our study where we verified 
all of the SCN science PIs (N=83 before excluding the 4 honorary members for the statistical 
analyses). 
 
There was a success rate of over 90% for the 83 science PIs. The network nodes and links for the 
SCN PIs that were not identified correctly algorithmically were manually corrected before 
calculating network measures for statistical analysis. All other nodes and links in the final 
coauthorship network remained unchanged to ensure that any algorithmic errors would affect all 
PI network variables equally, and presumably, randomly. Our manually calculated success rate is 
similar to others reported in the literature (Kang et al., 2008; Torvik et al., 2005). The resulting 
network identified a total of 361,064 individual authors. 
 
From the cleaned dataset of publications, we then constructed a coauthorship network which 
linked two individuals if their sets of publications overlapped, with link strength equal to the 
number of coauthored publications. The final coauthorship network contained 361,064 individual 
author nodes and more than two million weighted coauthorship links. Statistical analyses (Step 
6) were conducted on the full coauthorship network. 
 
Coauthorship network statistics for SCN PIs 
 
From the full coauthorship network, we calculated two network statistics for each SCN PI: (a) 
the number of coauthors of each PI (“coauthor”), and (b) the number of coauthors of each 
coauthor of each PI (“neighborhood”).  
 



Author Co-Citation Analysis 
 
It is well-established in bibliometrics that different fields and different subfields of a field can 
have wildly different “cultures” regarding citation or coauthorship patterns. In a multi-
disciplinary field like that exemplified by the research of the SCN, any statistical analysis 
therefore needs to test whether a measured effect is solely due to differences between disciplines.  
Co-citation network analysis allows for the analysis of the intellectual structure of a discipline, 
i.e., for determining and visualizing sub-fields and their inter-relationships. It also allows us to 
assign individual authors to the disciplines they have influenced or have worked in. We chose a 
proven methodology (White and Griffith, 1981; White and McCain, 1998)  for this purpose, 
namely, author co-citation analysis (ACA), which has recently been adapted for use in the 
analysis of highly collaborative science fields (Zhao and Strotmann, 2008a,b). Our purpose in 
using ACA was to assign SCN PIs to a sub-field for inclusion as a variable for statistical 
modeling.  
 
ACA uses information on how authors are cited in the literature to define a field of interest. 
Through multivariate factor analysis and similar statistical procedures, co-citation analysis 
provides the following information: 
 

1. A high-level picture of intellectual domains that strongly influence that research field;  
2. How individual authors contributed to these intellectual domains; and  
3. How these domains are interrelated. 

 
In a series of recent publications, Zhao and Strotmann, have extended classic co-citation analysis 
methodology to apply to highly collaborative research fields such as stem cell research 
(2008a,b). This has been accomplished by taking full account of all coauthors of cited papers 
rather than only the first author of a cited reference. In the process, they also introduced a novel 
visualization technique for co-citation analysis results that is both simpler and more intuitive 
than traditional co-citation analysis visualizations (Supplementary Figure 1).   
 
The basic steps of the co-citation analysis were as follows: 
 

1. Selection of authors based on citation counts and SCN PIs (250 authors were selected, all 
either top cited or SCN PI or both); 

2. Creation of an all-author co-citation matrix for selected authors in the field;  
3. Multivariate Factor Analysis of the co-citation matrix with oblique rotation; 
4. Visualization of Factor Analysis results (Chen, 2007);  
5. Interpretation of resulting factor (= sub-field) structure by one of us (R.A.); and 
6. Assigning of SCN PIs to individual subfields 

 
This analysis yielded a 14-factor solution (Supplementary Figure 1) – too large a number of 
categories for regression analysis. However, the structure matrix component of the factor 
analysis with oblique rotation showed a clear sub-field/super-field structure (Supplementary 
Figure 1), in that certain smaller factors co-loaded highly with certain other larger factors. We 
therefore analysed this hierarchy of specializations within the field as displayed in the structure 
matrix, and mapped the smaller and less distinct factors in the factorization to their parent fields 



in the hierarchical structure. This resulted in a final set of seven stem cell research areas, namely: 
hematopoietic stem cells; stem cells and the nervous system; stem cell growth and cancer; stem 
cells and early development; stem cells and muscles (including cardiac); genetic vectors; and 
stem cell policy and ethics. We assigned the SCN PIs to these areas based on the degree to which 
they fit these areas according to the co-citation matrix factor analysis (highest factor loadings).  
 
Statistical Analysis 
 
The objective of the statistical analysis was to determine which variables influenced 
collaboration patterns, measured through coauthorship, of SCN PIs. We used generalized linear 
models (GLMs: McCullagh and Nelder, 1989) to examine the influence of a series of 
independent variables on the two network variables, “Coauthors” and “Neighborhood”. These 
were a series of positive integers, and were modeled as a Poisson distribution (Venables and 
Ripley, 1994; Crawley, 2002; Faraway, 2006). All analyses were conducted using the software 
package R (version 2.10.0 for Apple Macintosh).  There were no cases with missing data. 
 
The independent variables were: number of patents, number of publications, patent:publication 
ratio, total number of citations, average number of citations received per publication, H-index, 
years since first publication indexed in the ISI Web of Knowledge database, city, institutional 
affiliation, involvement in a startup company, involvement in Aggregate Therapeutics Inc., 
researcher characterization (basic, clinical, bioengineer), and research area (See Step 5 above). 
 
We used the following log transformations for ratio data: the ratio A/B was transformed 
according to log(A+1)/log(B+1), using natural logarithms. 
 
Regression analysis assumes independence of independent variables (Zar, 1999); parameter 
estimation and model selection may be unreliable in the presence of multicollinearity. Therefore, 
we conducted a correlation analysis on continuous variables (Table S1) to avoid violating this 
assumption and no variables with a Pearson correlation coefficient ((|r| >0.7) were included 
within the same model. In addition, non-continuous variables that were logically correlated were 
not used in the same model. For example, we included only one variable that defined geographic 
location in each model.  
 
Categorical variables were included in the GLMs as “dummy variables”, created automatically in 
R. This allows levels of the categorical variable to be re-coded in a numerical fashion, allowing 
these to be used in model construction.  
 
Finally the standard errors of coefficient (beta) estimates were corrected for overdispersion 
following the procedure described by Faraway (2006). This was because models in the Poisson 
family (i.e., the response is a series of positive integers) assume that the mean is equal to the 
variance (Faraway, 2006). A violation of this assumption is known as overdispersion and it 
affects the standard errors for beta estimates by biasing them low. Our procedure removed this 
bias. 
 
Regression analysis and model selection for each dependant variable (coauthors and 
neighborhood) followed a 2-stage process. First, we constructed a set of ‘global’ models that 



included variables that were not highly correlated (Table S1). For example, in cases where 
multicollinearity was detected between variable “A” and variable “B”, a model was constructed 
that included “A”, and an otherwise identical second model was constructed that included “B” 
instead of “A”. This allowed for an evaluation of which variable (A or B) was a better predictor 
of the dependant variable, without violating the assumption of independence. Thus, no predictors 
were removed from the analysis at this step; rather, all predictors were included within the 
candidate model set. Interactions among variables were not considered due to sample size 
considerations. 
 
Model selection followed an information-theoretic approach using the Akaike Information 
Criterion (AIC, Akaike, 1998; Burnham and Andersen, 1998). We followed guidelines provided 
by Burnham and Anderson (1998) and Anderson et al. (2001) for interpretation and presentation 
of results. For each analysis, AIC differences (Δi) were calculated for each model set (Δi =AICi-
AICmin). These differences were used to identify the top model set. Burnham and Anderson 
(1998) provided several ‘rules-of-thumb’ for determining levels of support for each model using 
Δi values: Δi values from 0-2 have substantial support, 4-7 having considerably less support, and 
values >10 having little support (Burnham and Andersen 1998). 
 
Individual models within this top set were ranked according to their Akaike weights (ωi) 
(Burnham and Andersen 1998). Note that Akaike weights sum to 1, and therefore must be 
recalculated if any models are removed from the candidate set. The strength of evidence for 
models within a candidate set may be compared using evidence ratios (Burnham and Andersen 
1998) which are the ratio of ωi values for pairs of models.  
 
Once the top global model was identified, the second stage in our analysis was an attempt to 
simplify this model by removing any unnecessary predictor variables. The simplification process 
was conducted in a similar fashion to the information-theoretic approach described above, in 
which the value of removing specific variables was assessed using AIC values. This approach 
follows the concept of parsimony that strives to balance the predictive ability of the model while 
at the same time striving to reduce model complexity. 
 
The relative importance of independent variables on the response variable can be estimated by 
summing the weights for all models that include that variable (Burnham and Andersen, 1998; 
Anderson et al. 2000). In other words, a relatively higher weight for an independent variable 
(summed across all models in which they occur) suggests an effect of that variable on the 
dependent variable. 
 
The amount of deviance explained by the model (e.g. R2) was estimated according to Faraway 
(2006): 

R2 = 1 – RD/ND 
 

where RD was the residual deviance of the model and ND was the null deviance. We found that 
the top model for each network variable fit the data well. The amount of deviance explained was 
85.2% (R2 = 0.852) for “Coauthors” and 84.4% for “Neighborhood” (R2 = 0.844). 
The top model set for “Coauthors” consisted of one model with ΔAICC < 4.0. According to 
Burnham and Anderson (1998), this indicated ‘substantial support’ for this model. A PI’s 



institutional affiliation was a much better predictor for “coauthors” than “City” (sum of Akaike 
weights for models containing Institute was 1.0 whereas the sum of weights for City was 0.0) 
(Figure 1). There was strong support for the inclusion of “number of patents” as a predictor (sum 
of Akaike weights for models not containing “patent.log” was 0.00 whereas the sum of weights 
for models containing “patent.log” was 1.00). 
 
The top model set for “Neighborhood” consisted of one model with ΔAICC < 4.0, which 
indicated ‘substantial support’ for this model (Burnham and Anderson, 1998). Again Institute 
was a better predictor than City (sum of Akaike weights for models containing Institute was 1.0 
whereas the sum of weights for City was 0.0). There was also strong support for the inclusion of 
“number of patents” as a predictor (sum of Akaike weights for models not containing 
“patent.log” was 0.00 whereas the sum of weights for models containing “patent.log” was 1.00).  
 
Following the effect size calculations of Agresti (2002) for Poisson GLMs, we interpreted  the 
coefficients as follows (using the log of patents in the model for coauthorship as an example): 

1. we calculated e^beta (which would be e^(-0.19) for coauthors). This provided us with e^-
0.19 = 0.83 

2.  the value in (1) is the multiplicative effect on the response variable (eg, coauthors) for a 
1 unit change in log(patents+1) 

3. Due to the multiplicative effect, the coefficient is interpreted as a 17% decline in the 
mean number of coauthors for a 1 unit change in log(patents+1). In other words, there is a 
17% change in the predicted number of coauthors given a change in patents. For 
example, if 100 coauthors was predicted, then a 1 unit change in log(patents+1) would 
suggest a decline to 83 coauthors. If 50 authors was predicted, then we would see a 
decline to about 41 coauthors for a 1-unit change in log(patents+1). 
 
 

SUPPLEMENTAL REFERENCES 
 
Agresti, A. (2002). Categorical Data Analysis. 2nd ed. (New Jersey: Wiley Interscience) 
 
Akaike, H. (1998). Information theory as an extension of the maximum likelihood principle. In 
Selected papers of Hirotugu Akaike. H. Akaike, E. Parzen, K. Tanabe, and G. Kitagawa, eds 
(New York: Springer-Verlag) pp 199-213. 
 
Blaise, C. (2009, in press). Introduction. ARIS&T 43. 
 
Burnham, K. P., and Andersen, D.R. (1998). Model selection and inference: a practical 
information-theoretic approach (New York: Springer-Verlag). 
 
Crawley, M. J. (2002). Statistical Computing: An Introduction to Data Analysis using S-Plus 
(Etobicoke: John Wiley & Sons Inc.). 
 
Faraway, J. J. (2006). Extending the Linear Model with R, 1st ed (Boca Raton: Chapman and 
Hall). 
 



Hirsch, J.E. (2005). An index to quantify an individual's scientific research output. PNAS 102, 
16569-16572. 

Kang, I.S., Na, S.H., Lee, S., Jung, H., Kim, P., Sung, W.K., and Lee, J.H. (2008). On co-
authorship for author disambiguation. Information Processing and Management 45, 84-97.  
 
Lund, N.W., Smalheiser, N, & Torvik, V. (2009, in press). Author name disambiguation. 
ARIS&T 43. 
 
McCullagh, P., and Nelder, J.A. (1989). Generalized linear models, 2nd ed (London: Chapman 
and Hall). 
 
Strotmann, A., Zhao, D., and Bubela, T. (2009). Author name disambiguation for collaboration 
network analysis and visualization. Proceedings of The American Society for Information 
Science and Technology 2009 Annual Meeting, November 6-11, 2009, Vancouver, British 
Columbia, Canada. 
 
Torvik, I.V., Weeber, M., Swanson, D.R., and Smalheiser, N.R. (2005). A probabilistic 
similarity metric for Medline records: a model for author name disambiguation. Journal of the 
American Society for Information Science and Technology 56, 140-158. 
 
Venables, W. N., and Ripley, B.D. (1994). Modern Applied Statistics with S-PLUS. Third 
edition (New York: Springer-Verlag). 
 
White, H.D., and Griffith, B.C. (1981). Author cocitation: A literature measure of intellectual 
structure. JASIS&T 32, 163 
 
Zhao, D., and Strotmann, A. (2008a). Comparing all-author and first-author co-citation analyses 
of Information Science. J. Informetrics 2, 229-239. 

Zhao, D., and Strotmann, A. (2008b). Information Science during the first decade of the Web: 
An enriched author co-citation analysis. JASIS&T 59, 916-937. 

 
 
 
 


