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1. INTRODUCTION

1.1 Motivation

Author name ambiguity in bibliographic databases lh@ng been recognized as an
important problem [e.g., Garfield 1969]. As it wile shown here for the case of
MEDLINE, almost 2/3 of authors hawn ambiguous name (where their last name and
first initial is shared with one or more other ar), an ambiguous name comprises ~8
different individuals on average, and over 1/5 athars with two or more articles have
variant names (where their last name, first name, or middlé&ahis recorded differently
across their articles). Furthermore, author nanaeckéng is a major strategy employed
by end users of bibliographic databases. Herskevial. [2007] estimated that of 2.7
million daily PubMed queries, 23% were formulatesing author names exclusively.
Thus, one may expect that a large portion of gaeaire unsuccessful because of author
name ambiguity, and that author name searching dviyel even more common if
ambiguity was not such a prevalent problem. Thesepoints call for large scafuthor
name disambiguation, a process in which one attempts to simultaneosesbarate cases
of ambiguous names referring to different individuand merge cases of variant names
referring to the same individual, across all naraed on all articles, within or across
bibliographic databases [Smalheiser and Torvik 2009

1.2 Literature review

Many different groups have tackled disambiguatismauration or data mining problem
in a variety of domains [reviewed in Smalheiser ahorvik 2009]. Fundamental
approaches include: a) manual assignment by ldmari[Scoville et al. 2003;
MathSciNet: http://www.ams.org/mr-database/mr-authors.fitmy) community-based

efforts [WikiAuthors: http://meta.wikimedia.org/wiki/WikiAuthols c¢) unsupervised

clustering that groups articles by similarity [Hatnal. 2005; Soler 2007; Yin et al. 2007]
d) supervised methods that utilize manually congpilleaining sets [Han et al. 2004;
Reuther and Walter 2006; On et al. 2005]; and ebhats that go beyond pairwise
analysis of explicit information to analyze gramml implicit information [Bhattacharya
and Getoor 2006, 2007; Huang et al. 2006; Culatih cCallum 2006; Kalashnikov
and Mehrotra 2006; Culotta et al. 2007; Galvez Buya-Anegon 2007]. Author name




disambiguation is also closely related to sevethkemodata mining problems such as
record linkage in administrative databases [Jaro 1995; Winkle®5t9Koudas et al.
2006], authorship attribution of anonymous or disputed documents using stylgmetr
[Holmes et al. 2001; Madigan et al. 2005], aadity resolution, e.g., mentions of a

personal name across multiple different websiteariMand Yarowsky 2003].

We have previously shown that different articlesitten by the same individual, will
tend to share certain characteristic article atteb, much more so than pairs of articles
authored by different individuals [Torvik et al. @]. We presented a probabilistic
model, “Author-ity”, that describes, for any twotieles bearing the same name (last
name, first initial), how similar the two articlese across 8 different dimensions: 1)
middle initial match, 2) suffix match (e.g., Jr. bF), 3) journal name, 4) language of
article match, 5) number of co-author names in comn®6) number of title words in
common after preprocessing and removiitte-stopwords, 7) number of affiliation
words in common after preprocessing and remouwiffigjation-stopwords, 8) number of
MeSH words in common after preprocessing and rengpwiesh-stopwords. These are

calculated solely from comparing corresponding MBRE fields.

The resulting multi-dimensional comparison vectorsimilarity profile, is computed for
the members of two large reference or training seésmatch set, consisting of many
(millions) pairs of articles very likely to be cathored by the same individual across
MEDLINE, and anon-match set consisting of many pairs of articles known to be
authored by different individuals. Thus, given gajr of articles bearing the same author
name (last name, first initial), we compute theikinty profile and observe its relative
frequency in the match set vs. the non-match s#td=value). If the observed profile is
much more frequent in the match set than in thematcth set, it is likely that the two
articles were written by the same individual. Thelability is easy to calculate using
this method, given an estimate of thepriori probability of a match for that name
[Torvik et al. 2005]. The pairwise model has beaplemented as the Author-ity ranking

tool, which is publicly accessible &ttp://arrowsmith.psych.uic.edhe user inputs a

specific name (last name, first initial) and is whoa list of articles bearing that name;



when the user chooses a specific article from i$te the output displays the articles

ranked in descending order of probability that theye authored by the same individual.

The Author-ity model shares features of previouprapches, but is unique in several
ways: It combines multiple dimensions of MEDLINEcoeds that incorporate implicit
relationships between articles as well as sharestufes, draws upon massive,
automatically generated positive and negative imgirsets, incorporates nonlinear and
interactive effects across dimensions, providesgulicit quantitative estimate of the
probability that two articles are written by thersa individual, provides a natural
clustering end-point (the maximum likelihood criter), and aims at both high precision
and high recall. Although the disambiguation methadd issues are here discussed in
the context of MEDLINE, they should also inform ahsbiguation efforts in other
bibliographic databases such as CiteSeer, DBLHyaBAstrophysics Data System, ACM

Portal, Web of Science, Scopus, and Google Scholar.

1.3 Our hypothesis and underlying assumptions

We hypothesize that the Author-ity model, using adata internal to the MEDLINE
database, will suffice to disambiguate author nafoeshe vast majority of articles in
MEDLINE. In order to test this hypothesis, this papxtends the earlier model to
describe a general approach to disambiguating aumes in bibliographic databases.
The enhanced model includes a) additional or ctedepredictive features (first names
and their variants, email addresses, and crosslations between specific last names
and specific affiliations), b) new ways of autornatly generating training sets, c) an
improved method of estimating the prior probabifiy any given name, d) an improved
algorithm for correcting transitivity violations dfie form p + p« > 1 + p, and e) an
agglomerative clustering algorithm that can stom dhigh precision” solution (where
articles are merged with high confidence only) ontnue to a natural “high recall”
clustering end-point (based on the maximum likedth@riterion). Using this approach,
we have generated a clustering solution for all emim the 2006 baseline version of
MEDLINE.



The resulting database, named Author-ity 2006y#&uated along several dimensions of
performance, not only to assess whether the paeasef our model are optimized but
also to test the following two assumptions of owrdel: 1) Authors’ publication output is
sufficiently coherent to form a single cluster @ning (nearly) all of their articles yet
distinguishing them from everyone else with the samme. 2) The single maximum-
likelihood clustering solution adequately coversaaticles in MEDLINE, old as well as
new, regardless of field, geography, ethnicity, énedjuency of names. In other words,
we are not simply aiming at high performance, whialm undoubtedly be improved by
employing additional information taken from outside MEDLINE, but rather aim to
develop a model that will assist in understandimg trategies and publication behavior

of scientists.

2. METHODS

2.1 The MEDLINE dataset

MEDLINE is the National Library of Medicine’s (NLMpremier bibliographic database
covering the most important journals in biology anddicine dating back to 1950. Each
year a baseline version of MEDLINE is distributed ftp as compressed XML files. We
downloaded the 2006 baseline version, parsed thd. Xids and put data into two
separate MySQL database tables nasgitles andAuthors. Each MEDLINE record is
assigned a unigue PubMed ID number (PMID). Préicles table has 15.3 million
records of articles with the following fields eneald PMID, title, journal name, author
name(s), affiliation (when available), and medmabject headings (MeSH). Theithors
table has 46.7 million records of author name aerwes, each encoded by PMID,
author name position {1 2", 39 etc.), last name, first initial, middle initialvben
available), suffix (e.g., Jr,"2 when available), full first name (when availablend
email address (when available). An author recordnigjuely identified by PMID and
author name position. Author names have traditlprizden encoded in MEDLINE by
last name, first initial, middle initial (when alable), and suffix (when available),
whereas full first names have been included (whailable) only since 2002. Some first
names and email addresses were taken from outsiElBLNNE (see Results), and the

email addresses were assigned to author recondig asionservative rule-based heuristic



(see Results). It should be noted that the difficubf large scale author name
disambiguation in MEDLINE arises, in part, from tFact that records often lack of
primary identifying information such as affiliatisnfull first names and email addresses
(Figure 1).
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Fig. 1. Presence of affiliations, email addressesfall first names in MEDLINE records as a functiof
publication date. The affiliations have been inelddwhen available) since ~1988, most often coimtgithe
affiliation of the first-listed author or correspting author only. E-mail addresses, although reaedilable,
have been included in the affiliation field sinck995. Full first names have been included (wherilabla)
since 2002. Note that some first names and emaile extracted from bibliographic sources other than
MEDLINE (see Results).

Figure 2 shows the histogram of name counts achesentire 2006 baseline version of
MEDLINE. The name counts follow a power law: of tBemillion unique names (based
on last name and first initial), most occur onlyceror a few times, while a few occur
very frequently. Of author names, 95% correspondZtoarticles or fewer. Only 363
(0.012% of names) contaixn 3,000 articles, and only 31 (0.001%) contair8,000

articles; J. Lee has the most with 15,980 articles.
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Fig. 2. Histogram of name counts in MEDLINE.

A total of 98% of articles in MEDLINE have < 10 Aot names listed. A relatively small
number (729 articles) have over 50 authors lis&) of which are physics articles
(appearing inPhys. Rev. Letters which is indexed in MEDLINE). Thus, only 219
biomedical articles have over 50 authors in MEDLIN#owever, this class is worth
mentioning because these are likely to be impontearks, particularly when clinical

trials or sequencing consortia are involved, anthbee multi-author articles are likely to

increase in the future.

2.2 Outline of the disambiguation procedure

A 5-step procedure was used to generate the digaatieid MEDLINE dataset. It will be
presented here in a brief, straightforward fastbahwill be discussed in more detail in
the Results section.

Step 0 — “Block™:
Group all the articles in MEDLINE by author namasfl name, first initial) into so-called
blocks. In this study, blocks include all of theices that have a given name, but could

also include articles that have highly likely naxsgiants, share email addresses, or are



manually curated as belonging to that name. Eaotkks processed independently of all

others by the following steps:

Step 1 — Compute similarity profiles:

For each pair of articles within the block, compute similarity profile, a multi-
dimensional vectox = <X, X,... , X¢> Which is based on the different predictive
features extracted from the MEDLINE records. Soeeudres are based on attributes of
the author name (first name, middle initial, andfigy and some are related to the
attributes of the article where the name occutke (fjournal, medical subject headings,

co-author names, affiliation, and language). SesuRefor details.

Step 2 — Look up r-values:

For each pair of articles, an r-value is assigreskt on the similarity profiles stored in a
look-up table [Torvik et al. 2005]. For a given damty profile x, r(x) represents the
ratio of Pr{x|M}/Pr{x|N} where Pri|M} (and Pr{x|N}, respectively) is the probability of
observing the similarity vectox given that the two articles are written by the sam
person (or different people, respectively). Thealues are pre-computed by statistical
smoothing and interpolation of the training seterfik et al. 2005], and stored in a look-
up table. When a new similarity profile is not ihet look-up table, its r-value is
extrapolated from the existing similarity profilds.two special cases, the r-value is not
based on the similarity profile&Case 1:When the names on two different articles have
the exact same e-mail address, the r-value israssig very high value (e.qg., 2pwhich
implies a match probability of ~Case 2:When two identical names occur on the same
article, the r-value is assigned a very low valeig.( 10% implying a match probability

of ~0. This helps to distinguish people with theneaname who tend to publish together.

Step 3 — Compute a priori match probabilities and pirwise probability estimates:
The a priori probability (“prior”) is defined asdtproportion of pairs of articles within a
given block that are written by the same persore phor can vary dramatically from

name to name (e.g., unusual names have a greaeth@n common names). We use an



estimate that is tailored to a given name as fdlofn initial prior is estimated using the
following formula:

v = 1/(14_101.194”0.7975),
which represents the prior averaged across all samith a given number of articles
[see Results]. This formula is not very accuratg.(et severely underestimates the prior
for prolific authors with an unusual name), bytribvides a good starting point to convert
the r-values into probabilities using the followiBgyesian formula:

Py = L/(1 + (1-p)/(pm % 1) ),
after which the prior is re-estimated as the prtporof pairwise probabilities > 0.5. This
estimate is used together with the r-values toomepute the pairwise probability

estimates.

Step 4 — Correct pairwise probability estimates asgiated with triplet violations:
Given any 3 articles i, j, and k, a triplet viotatiis defined as a violation of the triangle
inequality, at least by a small positive quanéite.g.,6 = 0.05) [Torvik et al. 2005]:

Pt P—1 >R +5and pe<py, Pr
In this case, the lowest pairwise probability slkdobk adjusted up, counterbalanced by
adjusting the other two pairwise probabilities dof¥iervik et al. 2005]. The corrected
probabilities ¢, o, and ¢ are obtained by minimizing the weighted least sgsia

Wi (D5~ 04)% + Wie(P- Gie)  + Wie(Pi- Gio)’-
Each estimatepis weighted by the inverse of its variance, w1/(p;(1-p;)), and the
weights for the estimates below 0.5 are reduced ifgctor of 0.5. This ensures that
confident estimates (e.g., 0.999 and 0.001) aressell less in magnitude than the
probabilities close to 0.5, and allows greater sitifients to the lower probabilities. The
triplet correction algorithm iteratively scans thgh all triplets of articles to find
violations. During each iteration, each pairwiselqability is assigned a new probability
estimate that is the average of the values indichyeall the triplet violations where it is
involved. The iterations continue until there acemore violations (a maximum number
of 30 iterations is allowed to ensure that the algm does not spend an excessive time

making very small adjustments). The priors are tgdlaonce again based on the



proportion of probabilities > 0.5, and pairwise Ipabilities re-computed based on the

original r-values and all triplet corrections refezh

Step 5 — Carry out agglomerative clustering:
Given the set of pairwise probabilities, clusteringaddressed in a maximum likelihood
framework as follows:

maximizelq [pif; + (1-p)(1-f;)],

subjecttof + f + fx #2,0i<j<kand § O{0,1}.
Here the decision variabfg = 1 if the pair of articles is put in the samestéu, or = O if
the pair is assigned to different clusters. Thestramtf; + i + fix # 2, prevents the case
of labeling two out of three pairs of articles nfas. This objective is approximated by a
greedy agglomerative algorithm, which starts ouhvéll articles in singleton clusters,
and iteratively merges the pair of clusters witk thrgest average match odds. More
precisely, it merges the pair of clustersand ¢ that maximizes

Migerjoez (Py/[1-py])/(N(c)N(C2).
The algorithm terminates when the objective camoimproved any more (this roughly

translates to stopping when the largest pairwisbatility is < 0.5).

3. RESULTS

3.1 Improvements to the original disambiguation model

The basic pairwise model [Torvik et al. 2005] waaséd on the 2002 baseline of
MEDLINE. In this section we present additional potde features taken from the
MEDLINE records and supplemented with informatiotracted from publishers’ pages
on the internet (only the public, unrestricted fa@mes of online journals containing

tables of contents were used for extraction).

3.1.1 Email addresses

These were extracted from the MEDLINE affiliatiomelfls and from publishers’
websites, using a heuristic algorithm to predicichhauthor had the email address. A
total of 1.46M MEDLINE records were associated véthemail address, of which 270k

10



unique email addresses occurred on two or more MBBLrecords. These emalil

addresses were assigned to individual author nam&EDLINE records as follows.

Condition 1 — a single author name (last name, first initiatcurs on all PMIDs

associated with a unique e-mail address (this aedi§7% of the email addresses), OR

Condition 2 — if multiple names occur on all PMIDs associatéth a unique e-mail
address, pick the one that contains the last naittenvihe prefix of the e-mail address
(this assigned an additional 27% of the email askirs).

During this process, MEDLINE records that had nupldtioccurrences of the matched
name (last name, first initial) were excluded. Ehegles capture individual emails and
exclude journal or corporate emails. As a result8k? unique email addresses were
assigned to 816k author records. Personal emaikasidnatch across two articles was
considered absolute evidence (i.e. a gold standhat)the two articles were written by

the same individual.

3.1.2 Author first names

Until 2002, MEDLINE fields did not record the firstame of an author, even if that
information was given in the article [NLM TechnicBulletin, Nov.-Dec. 2001]. The
Authors table has 46.7M author name occurrences of whigkl §19%) contain full first
names — this includes 6.1M taken from MEDLINE and\2 extracted from publishers’
websites. In order to bring first names into thmikirity profile between a pair of
MEDLINE records, we first generated two new tragquior reference sets (in addition to
the sets used for the original model): the matc¢tcersisted of ~2M pairs of names that
match on email addresses. The non-match set wasajed by randomly selecting 50k
names and computing all pairwise comparisons witferént last name and the same
first initial. (Two such non-match sets were getentado check for consistency and then
pooled to get estimates, resulting in 76M and 77airyy respectively.) Because the
names in the match set are more likely to confast iame information than in the non-

match set, the cases where first name was not diven x = 1, see below) were

11



excluded and assignegualue = 1. This left 849k pairs in the match sed &.2M pairs
in the non-match set.

Partial match on first names.

Exploring name variants in the match set, we disoed 9 general rules for partially
matching first names (see x 2, 3,... , 10 below). Given two first names onair f
articles being compared, the first name scarie #the greatest of the following:

11: exact match,

10: name with or without hyphen/space (jean-frasia@. jeanfrancois or jean-
francois vs. jean francois),

: hyphenated name vs. name with hyphen and ifjéah-francois vs. jean-f),

: hyphenated name with initial vs. name (jean-fi@an),

: hyphenated name vs. first name only (jean-franes. jean)

: nickname match (dave vs. david)

: one edit distance (deletion: bjoern vs. bjoeplacement: bjoern vs. bjaern, or
flip order of two characters: bjoern vs. bjeorn)

g1 o N 00O

4: name matches first part of other name and lengl{zak vs. zakaria)
3: name matches first part of other name and leadtlith vs. thomas)
2: 3-letter initials match (e.g., jean francoisgy jig)
1: one or both names are missing,
0: otherwise.
An existing list of common nicknames was utilized

[http://www.usgenweb.org/research/nicknames.ghnid supplemented with a list of

additional examples derived from examining altakeafirst names that were clustered

together correctly during preliminary clusteringg(e Stephan vs. Stefan).

The Authors table has two fields corresponding to first namese from MEDLINE and
one extracted from the publishers’ websites. Winemet was a discrepancy between the
two fields, the greater score was used. Also, mesgases, the first name field consisted
of two characters that represented the first anddtei initials. Therefore, when;x
received a score of 0, and the second characfimssbhame A matched middle initial of
name B, then xwas assigned 1 (missing first name) instead @hi@rfatch) and middle

initial score is given a match (seg=3, below) if not already so.

12



The match set contained 99.0% exact first name hreat¢x = 11), 0.92% partial first
name matches (% 2, 3,... , 10) and only 0.08% mismatch cases=(R). In contrast, the
non-match set contained 2.8% exact matches, 2.38alfast name matches, and 94.9%
mismatches. Thus, given an exact match on firstentre r-value is multiplied by an
average of 35 across all names (= 99/2.8) wheréas dirst name is a mismatch, the r-
value should be multiplied by 0.00Q8 0.08/94.9). The r-values for partial matchesewver
estimated separately, yielding r-values rangingiffb13 to 2.7 (see below).

Correction for first name frequency.

Very common first names, e.g., David, are morelyike match by chance than less
common first names, e.g., Shawn. To estimate tfectedf first name frequency, the
exact matches observed in the match set and thenatech set were partitioned by first
name. A random sample of first names was selectespan a wide range of counts in
MEDLINE (n = 1,111 to 87,827) and the r-values were compidecach of the first
names. A log-log plot of the r-values against tbents of the first names revealed a
strong linear correlation (data not shown). Lineggression resulted in the following
relationship: 1(x;) = 108 1092%jf x, = 11.

A list of first names that occur 10 or more timesoss all of MEDLINE was compiled,

together with their counts. If a name is not onlteeor occurs fewer than 10 times, the
count is assigned 10 which results in awalue of roughly 48,000 for very rare names.
For example, David will have an-value of 5.4 and Shawn = 368. In summary, the r

value contributed by the comparing first namesisguted as follows:

rl(xl) - 1§'6866n-1'0024if Xq = 11
43.9 ifx=8,9,or10

27 ifx=7
056 ifx=6
021 ifx=5
014 ifx=4
034 ifx=3
0.13 if =2
1 if Xx1=1
0.0009 ifx=0.
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3.1.3 Correction for interactive effects. name-specific correlations with affiliation words
Certain author last names were correlated closétyi the author’s affiliation (e.g.,
articles by Kim tended to come from Korea). In sgelses, pairwise comparisons would
frequently match on the affiliation field, and ifneorrected, this would bias the
comparison scores and tend to predict too oftentheatwo articles came from the same
individual. This was corrected by testing the claien between last name and affiliation
words, for all names, and carrying out name-spesifplisting of affiliation words (i.e.,
removing the contribution of those affiliation werdhat were correlated more than
expected by chance). All last names that occurredenthan 100 times in MEDLINE
were examined. For each last name we collectethalaffiliation words that occurred in
> 30% of the records and 10 times more than exggct, assuming no correlation was
present). As a result, a list of 1,721 correlatedt(name, affiliation word) pairs were
detected such as (Wang, China), (Lee, Korea), (Diaiwan), (Suzuki, Japan), and
(Kumar, India). Such affiliation words are stoptidtwhen comparisons are made for

those last names.

3.1.4 Summary of the improved pairwise model
The 10-dimensional similarity profibe= <xq, X,..., X;o> is computed as follows:

X1 =0,1, ..., or 11 first name match defined above

X, = 3 if middle initials match, 2 if both recordsiddle initials are missing, 1 if one
record is missing middle initial, O if middle irats are different

xz = 1 if name suffix matches (e.g., Jr vs. Jr), leoise

X4 = number of title words in common after preprogegsind stoplisting

xs = 1 if journal name matches exactly, O otherwise

Xs = number of MeSH in common after stoplisting

X7 = number matching co-authors names based ondast mand both initials (includes
matches with missing middle initial, e.g., JA Smith J Smith counts)

Xg = number of affiliation words in common after pregessing and stoplisting

Xo = 1 if both affiliations are given, 0 otherwise

X0 = 3 if language matches and both are non-Englisifi both are English, 1 if one is
English and the other is non-English, 0 if they 'damatch and both are non-English.
MEDLINE records that are encoded as “undetermiaedliage” (“und”) are treated
as any non-English language (i.e., are consideradtah with any other non-English
language).

Given the similarity profile, the r-value is compdtby

r(x) = ru(Xy) ra(Xz) ra(Xs) ra(Xa, Xs, Xe, Xz, Xg, Xg), 1o(X10)-

14



Where i is defined above and, 3, r,, and i, were defined in [Torvik et al. 2005].

3.2 Estimating the prior probability for a given name

Given any pair of articles bearing the same autitame (last name, first initial), the
similarity profile is computed, and its relativeefuency is observed in the match set
versus the non-match set. The observed relativguémcies (= r-values) are then
smoothed, interpolated, and extrapolated for msfihat were infrequently (or never)
observed in the reference sets based on the fiexildnotonicity criterion, which takes
into account possible nonlinear and interactiveaf across dimensions. If the observed
profile is much more frequent in the match set timthe non-match set, it is likely that
the two articles were written by the same individi@arvik et al. 2005]. However, the r-
value is insufficient for estimating the probalyilihat a pair of articles are written by the
same individual: one also needs an estimate o&thdori probability of match for the
given name [Torvik et al. 2005]. For example, iethame is very unusual (e.g., D.
Gajdusek), the chances are better that any twooralydchosen articles with that name

are written by the same individual than if the nasneery common (e.g., J. Smith).

Initially, the a priori probability was estimated bsing information from articles within
the training sets that share no article attribjfewvik et al. 2005]. This proved to be
inaccurate in certain cases. We therefore adoptaternative 3-step approadfirst, a
preliminary prior probability was assigned basedtbe frequency of the name (last
name, first initial) in MEDLINE, andgecond after computing the pairwise probabilities
for that name, the prior probability was assignsdhe proportion of article pairs having
pairwise probability estimates > 0.bhird, using this preliminary estimate, we carried
out triplet correction, after which the prior was-estimated by the proportion of
probabilities > 0.5.

The preliminary prior was estimated by first takemgandom sample of ~200 names that

occurred om = 2, 3, 4 or 5 articles. These articles were miydésambiguated, and the

priors averaged for each On average, 90% of names that only occur on twoles in
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MEDLINE refer to the same person, and the proportlecreases with roughly in the
following fashion:

v = 1/(1+101.194n0.7975)_
For example, author names with= 100, 1,000, or 10,000 articles will have inifalors
pw of 0.28, 0.06, and 0.01, respectively. We plottezl estimated priors using the 3-step
procedure described above, to confirm that thisti@hship roughly holds fan > 5 (data
not shown). It should be noted that the initialopris not of critical importance (except
names with very low frequencies) because the 3-pregedure will customize the

estimates to individual names.

3.3 Correcting transitivity violations
The comparison vector, or similarity profile, docemts the extent to which two articles
share features explicitly. However, implicit infoation can also be used for

disambiguation. For example, an article writtenJofhompson and N. Willowloes not

share any co-authors with one written_by J. Thomm@swd W. FriedYet, if there exists a

third article by J. Thompson, N. Willow and W. HKfjet is quite likely that the same J.

Thompson wrote all three articles. The triplet ecotion procedure quantifies the extent
to which the explicit pairwise probabilities neaml lie adjusted in the light of another
article bearing the same author name [Torvik e2@05]. Given any 3 articles i, j, and k,
a triplet violation is defined as a violation oktlriangle inequality, at least by a small

positive quantitys (e.g., 0.05):
Pj + Pk —1>p+9, and < py, Pk

The corrected probabilities; gk, and ¢ are obtained by minimizing the weighted least

squares Wp;- 6;)° + Wi(pi- Gk) > + Wi(pi- Gik)>, which has the closed form solution:
0 = [wi (Wi + Wi + WiWie(1 + pic - p)] / den

O = [Wi(wij + Wi )Py + Wywic (1 + i - p)] / den

Ok = G + G — 1 = [ wwi(pyj + B - 1) + Wic (W + Wy )pic ] / den
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whereden = WjWijc + WjWic + WiWig.

The triplet correction algorithm iteratively scatisough all triplets of articles to find
violations. During each iteration, each pairwiseljability is assigned a new probability
that is the average of the values indicated bythadl triplet violations in which it is
involved. The connected components (obtained bypetimg the spanning tree induced
by linking pairs of articles with;p> 0.5) are computed before each iteration, amdetri
corrections are performed on each connected compaaparately. This dramatically
improves the CPU time, especially for the laterations, when the largest connected
component is often significantly reduced. The tiers continue until there are no more
violations (a maximum of 30 iterations is allowedensure that the algorithm does not

spend an excessive time making very small adjudsren

During initial testing it became clear that a fixedighting scheme (i.e.,jvw& Wy > wy =

1) for triplet corrections left room for improventeror example, the probabilities for
which we had high confidence (e.g., 0.999 or 0.0@de allowed to shift just as much as
the less confident probabilities (e.g., 0.5). ltukbbe better to weight an individual
probability estimate by a measure of its reliapilithus, the inverse of the variance is a
natural choice, as the weighted least squaresharm related to maximum likelihood
estimates. Because the inverse of the variancéeeanto dramatically different weights,

two additional intermediate schemes were testedsdfuare root and log-base.

INV: Inverse of the variance: = (p;(1- p,~))'1
LOG: Log of INV: w; = - log(g(1- py))
SQRT: Square root of INV: = (p;(1- p;)) ™2

Each scheme was tested with options of weightimghilgh probabilities more heavily
than the lower probabilities {wreduced by 0.5 if p< 0.5), as well as excluding
corrections of very high and very low probabilitigg, px > 0.95 and p < 0.05). All in

all 21 different weighting schemes were tested. ghdd standards, a total of 327

Community of Science (COShttp://www.cos.corh profiles were downloaded. COS
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profiles include PMIDs on their webpages, whicloa# for easy matching to MEDLINE
records. These profiles were selected by 1) hawimg or more of the strings Medic,
Surgery, Health, Bio, Pharm, or Chem in their etiperfield, 2) the name (last name,
first initial) had 4 or more profiles, and 3) thame had 100-500 articles in MEDLINE.
(Very common names had to be excluded because @@# profiles often contained
articles written by several different individual$his occurred because individuals
creating COS profiles were asked to select or desdrticles from a list of articles
bearing the same name, and people confronted withng list sometimes simply

accepted them all.)

When two different COS profiles from different intluals having the same name (last
name, first initial) were merged into a single aat then clustered, we found that the
inverse variance method of triplet correction wéigd (using reduced weight on lower
probabilities: vy reduced by 0.5 ifp< 0.5) gave the best performance in separating the
articles written by the two different individual$his weighting scheme was therefore

adopted generally in our project.

3.4 High-precision vs. high-recall clustering solutions

Pairwise comparisons were made for all author naoneall articles in MEDLINE that
share a name (last, first initial) within the authame field, and agglomerative clustering
was carried out in two different ways: stopped &igh precision point (p= 0.95) or at
the maximum likelihood point (p= 0.5). We found that high-precision clusters very
often split the articles written by one individiato multiple clusters, corresponding to
different groups of co-authors, different topic#fetent affiliations, etc. This problem
was minimized with the maximum-likelihood clustagistrategy, and surprisingly, we
found that maximum-likelihood clusters containethtigely little “lumping” of distinct
individuals into the same cluster (see below). Tlus maximum-likelihood strategy was

adopted generally in our project.

3.5 Characterization of author-individual clusters
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In the Author-ity 2006 disambiguation dataset, ¢hare 46.7M author name instances on
15.3M articles, resulting in a total of 6.7M distirpredicted author-individual clusters.
About 46% of individuals have published only a #&ngrticle; the average number of
articles per individual is 6.9; and 95% of indivads have published 28 or fewer articles.
Because a given name may include multiple indivisiutae number of articles associated
with a given author name is somewhat greater, tiljt 35% of author names comprise
61 articles or fewer. Author-ity 2006 exhibits aglhirate of author name ambiguity.
Almost 2/3 (4.3M/6.7M) of individuals have an ambigis name (defined by last name
and first initial), whereas ambiguous names make-8imifferent individuals (clusters)
on average. Furthermore, ~1/5 (707k/3.65M) of ilials (clusters) with two or more

articles have variant first names, or variant/nnigshiddle initials.

3.6 Evaluation of the disambiguation dataset

Evaluation of clustering across all MEDLINE authdvas been a major effort - such a
large, heterogeneous and evolving dataset requiresriety of different types of
evaluation, covering a variety of error measuresfiseveral different perspectives. We
have looked at measures ofcall of the blocking procedurénumber of pairwise
comparisons in our dataset that refer to the saieidual / number of pairs of articles
written by the same individual across MEDLINBYmping (assigning articles by
different people to the same cluster), &plitting (assigning articles by the same person
to different clusters). Each of measure can paéntbe viewed from at least four
different perspectives: from the perspective ofvittials (or predicted author-individual
clusters), author names, articles, or article p&ics example, lumping a type of error
that will be defined and discussed in the present pasethe percentage of author-
individual clusters that contain articles by 2 oormindividuals (bearing in mind that
lumping can also be measured as the percentageicdés that are erroneously placed
into author-individual clusters, or the percentajeames that involve some degree of
lumping, etc.). Similarly, we will define splittingere as the percentage of articles written
by one individual that fail to be assigned to theajor author-individual cluster (bearing

in mind that splitting can also potentially be m@as as the percentage of individuals
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that have articles assigned to more than one cjustethe percentage of names that

involve some degree of splitting).

In principle, the performance of the disambiguatdataset might be limited by three
different factors: The internal parameters of thedei might not be fully optimized
across the MEDLINE article set, or may need to loelified for particular special cases
(e.g. extremely common names). Alternatively, tlypes of information that are
incorporated into the current model so far may suffice to give high performance in
disambiguation. Finally, the underlying assumptiafithe model will fail to apply to
scientists whose research output is diverse. Famele, Dr. Thomas H. Jobe, Professor
in Psychiatry at University of lllinois at Chicageas written articles on SPECT imaging
in patients with traumatic brain injury; theoretieaticles on cybernetics; and historical
articles on studies of depression in the severteestury (and beyond MEDLINE, has
published a book on the Kennedy assassination tm#ad by a Mafia Don’s daughter).
Another real-life factor concerns closely relatedividuals (with the same name) who
work in the same place, or in the same field. B@angple, Leonard A. and Leonore A.
Herzenberg are husband and wife, work in the saemariment at Stanford, share a
homepage on the internet and have published articigether. Such cases (e.g. when
lacking first name information) may represent a lleimge even for manual

disambiguation.

3.6.1 Evaluation of performance using a random sample of articles

First, 100 names of MEDLINE authors were choseraatiom, and then a pair of articles

was randomly chosen for each name; these pairs sisaenbiguated manually, using

additional information as necessary and availablg. (author or institutional homepages,
the full-text of the articles, Community of Scienpefiles, Google searches, etc.). Two
different raters did the task separately. We fotimat manual disambiguation is quite

difficult, and in a significant number of caseswias not possible to be sure whether or
not the two articles were written by the same imtial. In a few cases, one rater said
that the two articles were “definitely by differepeople” and the other said they were

“definitely by the same person”! After resolvingenrater differences, assignments that
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were uncertain or merely “probable” were ignoredyving 62 manual assessments which
were compared against the Author-ity 2006 assigimmBio articles from different
individuals were placed into the same cluster,@mlgt 1 case was found in which articles

from the same person were placed in different etgst

3.6.2 Evaluation of splitting using COS profiles, 1S highly-cited datasets, grant numbers,

and self-citation datasets as gold standards

First, a set of 20,085 COS profiles was chosemm@dom (among those having at least 2
PMIDs; names were excluded if a PMID had multiptewrences of the name, or if the
PMID did not match the name in MEDLINE). As discedsabove, it was necessary to
exclude names that were associated with > 300lestin MEDLINE. The average
number of articles per COS profile was 20.0 (SD =12 Bearing in mind that the
evaluated COS profiles are not entirely reliablgyalsl standards, and may overestimate
the incidence of splitting, we found that on aver®8.7% (SD = 6.1%) of the articles
were assigned to the largest cluster (i.e. spijtiffects 1.3% of articles), and 99.9% (SD
= 1.6%) of the articles were assigned to the twgdst clusters. Thus, in the few cases
when “splitting” did occur, it generally took therfin of assigning one article to a
singleton cluster. This suggests that a scientilslication output tends to be coherent

but often includes one or a few atypical articles.

Second, lists of curated publications were dowrdgoidrom the ISl Highly Cited

researchers databashttp://www.isihighlycited.corfy including only people having >

100 articles and whose listed expertise was relatddomedicine. Each citation on a list
was included according to the following rules: ¢ fiuthor name (last name, first initial)
had to be in the MEDLINE record, 2)90% of MEDLINE title words had to occur in the
title of the ISI record, and they had to be in $laene order. If multiple matches satisfied
the rules, the ISI citation was excluded. MEDLIN#e@rds with multiple occurrences of
the same name (last name, first initial) on anyglsimarticle were excluded. This left

2,313 individuals with an average of 85.8 (SD = .¥Q4articles. We found that on

average 98.2% (SD = 7.3%) of the articles weregassi to the largest cluster (i.e.
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splitting affects 1.8% of articles), and 99.5% (S[3.4%) of the articles were assigned to

the two largest clusters.

Third, over 1.3 million MEDLINE records have grantmbers listed. We assigned
standardized CRISP grant numbers to the MEDLINBnex using simple mapping rules
(taking into account some of the variations usedabthors to report grant numbers in
articles), and requiring that the name of the ppakinvestigator (PI) from the CRISP
record (retrieved fronmttp://crisp.cit.nih.goy be listed as an author in the MEDLINE

record. Then, all grants were grouped by PI (midtigrants were identified by grant
numbers co-occurring on at least one of their l@)¢ and then we collected all articles
with these grants listed. This resulted in 83,983ugs with 2 or more articles, with an
average of 12.6 (SD = 21.0) articles per groupeNbat a Pl may correspond to multiple
groups, for example, if the Pl had two grants numslibat never co-occurred in an
article. Within the CRISP gold standard we founat thn average 99.0% (SD = 5.7%) of
the articles were assigned to the largest clusterdplitting affects 1.0% of articles), and

99.9% (SD = 1.5%) of the articles were assignetieawo largest clusters.

Fourth, although MEDLINE lacks citation informatioarticles that are cross-listed in
PubMed Central have citations listed. These chatidiave been mapped to the
corresponding MEDLINE records and can be retriemeloiatch-mode using Entrez Elink
Utility ( http://www.ncbi.nlm.nih.gov/entrez/query/staticfédi help.htm). Citation lists

were downloaded for 726k PubMed Central recordsselarticles collectively cited 3.53
million unique records in PubMed. Pairs of articldsere one cited the other (and share
an author name) was considered a potential selfimit. Some care was needed to
remove cases where the name referred to diffemplp. This set was therefore further
restricted to articles that 1) had been cited anmige; 2) did not have any names that
appeared multiple times; and 3) were included 2006 baseline of MEDLINE. A total
of 183,233 pairs of MEDLINE records were used tomstouct the gold standard by
considering each shared name separately. Thi828f274 unique “self-citing” examples
of the format <PMID of citing article, PMID of cidearticle, author name>. The self-

citation gold standard was made up of pairs o€lediand was therefore slightly different
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from the three other gold standards that had alsistearticles grouped by individuals. In
this case we measured the amount of splitting byptloportion of examples (of pairs of
articles) assigned to separate clusters. Withirsétfecitation gold standard we found that
97.9% (316,584) examples were assigned to the shmter (i.e., splitting affects 2.1%

of the pairs of articles).

These gold standards represent four different slafeMEDLINE authors that are not
necessarily typical of all authors in MEDLINE, himeir results all agree insofar as the
great majority (~98%) of articles belonging to agié person were assigned to the largest
author-individual cluster, and most splitting cated of assigning one article to singleton

clusters.

3.6.3 Evaluation of lumping

To estimate the overall incidence of lumping, wéembed all of the author-individual
clusters in our dataset that contained two or ndifferent first names not accounted for
by known nicknames or name variants (this analysis carried out before clustering of
the most common names was completed, so the datateded only names having <
3,000 articles). Of the author-individual clustarish at least one article with a full first
name given, 0.8% had two or more different firstnea. We took a random sample of
article pairs from these clusters bearing diffefast names, and found that about 2/3 of
the cases referred to the same person. Thus, dyntdsure, only about 0.27% of clusters
have articles by two different persons assignetthéosame cluster. This does not include
other cases of lumping (e.g. where the first nameaat given at all or where two
individuals share the same first name), but suggtst overall, lumping is a minor
phenomenon in our dataset. This percentage agriéesowr analysis in section 3.6.1,
where a random sample of 62 pairs yielded no casésmping. It also agrees with a
random sample of 148 COS profiles (correspondin@3odifferent names, each with
multiple COS profiles; and 14 articles per COS ieafn average), which yielded only 1
cluster (0.7%) with articles by two different peeplnd in this case a single article was

incorrectly assigned to a larger cluster.
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3.6.4 Robustness of the clustering solution

The clustering solution produced by the model’'swiae probabilities was examined for
robustness by randomly perturbing all pairwise philities up or down by a small
amount. A sample of 12 names was randomly seleai#ill a bias towards highly
frequent names, in order to estimate robustnessrumd/orst case scenario. The pairwise
probabilities were first computed in the usual nemnbut before initiating the
agglomeration algorithm each probability was ranoperturbed up or down by a small
quantityd: p-new = p; 9, fori >j=1,2, ..n, whered = 0.0001, 0.0005, 0.001, 0.005,
0.01. The perturbations shuffle the order in wtacticles are merged; this is particularly
significant when many probabilities are close ingmitude. The number of articles that
were re-assigned was used as a measure of robaiskhen at the greatest perturbation
(= 0.01), only 0.12% (+/-0.14) of the articles weeeassigned, and the majority of these
cases consisted of a single article removed fromerging with a larger cluster. Thus,
very few articles are assigned with marginal caarfice, even with very common names;

or stated another way, the clustering solutioreis/vobust.

3.6.5 Confidence of assignments

In order to estimate the proportion of a persomtilas that are significantly “atypical”
relative to the others according to the featureswf model, we examined a corpus of
COS profiles that contained at least 10 MEDLINEc#ets (avoiding names with more
than 300 articles in MEDLINE), leaving a total 02,175 COS profiles which are
regarded as gold standards. For each profile weoraly selected one article and
computed the pairwise probabilities for that indelicle against the remaining articles
listed on the same COS profile. Note that a prditpl@stimate less than 0.5 suggests
that the article is NOT authored by the same imtliml who wrote the index article (note,
however, that our predictions are based on a clogtsolution and are not precisely the
same as the pairwise probability estimate). Figdirshows the histogram of average
pairwise probability estimates. Overall, only a #npmoportion (1.6%) of articles had
probability estimates less than 0.5, and 90% ofQlxS profiles contained no articles at

all with p < 0.5. This suggests that the underlyasgumption of the model — that an
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individual tends to create a distinctively cohereotly of work — does indeed hold in the

vast majority of cases.
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Fig. 3. Histogram of pairwise probabilities averdgeer the corpus of COS profile gold standards.

3.6.6 Employing global summary parameters to characterize the performance of the
model in special cases

Because manual disambiguation of the dataset ifeastble to perform on a large scale,
particularly for common names, we sought an alteredsummary parameter” strategy
for identifying whether the performance of the miodeuniform across the dataset as a
whole. The following summary parameters were exanhifor each author name: a) the
number of predicted clusters (normalized for thenbar of articles associated with a
given name), b) the percentage of clusters thatsargletons (i.e., contain a single
article), c) the size distribution of clusters (tleey follow a power law?), d) the

percentage of articles that are “jumpers” (i.eatthre re-assigned to different clusters
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when the clustering process is carried out twoedéfiit times using slightly perturbed
probability estimates; see section 3.6.4), anthe@)percentage of clusters that exhibit two
or more first names in the same cluster (excludimgpwn nicknames and name variants;
see section 3.6.3). For example, one can ask whbigkly frequent names follow the

same summary parameters as do the infrequent n@wtdsh are much easier to

disambiguate manually). If so, then this suggestat tthe dataset behaves
homogeneously, and the performance exhibited hyeteduations can be extrapolated to
the rest of MEDLINE.

As shown in Figures 4-6, multiple summary paransetdrow consistent behavior for a
very wide range of name frequencies (up to 14,000les per name). This suggests that

the probabilistic disambiguation model is, indeealid across MEDLINE as a whole.
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Fig. 4. Number of author-individual clusters pemmaas a function of the number of articles per naradues

shown are mean $.D.
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distribution is the same for rare, moderate angt gemmon names. (There is a deviation from a tawegp law
for authors with many articles, which probably eefk the fact that individuals have a finite lifaspso no one

person can publish too many articles.)

3.6.7 Estimating the effect of blocking on recall
The current model requires that two articles masteha perfect match on author name

(last name, first initial) to be disambiguated. Hmwer, occasionally the same individual's
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last name is spelled differently on different detic To estimate the effect of this
blocking procedure on recall in our model, we cdega list of all sole-authored articles
in MEDLINE containing an email address that occdren exactly two articles in
MEDLINE (hence creating a gold standard of artiplairs arising from the same
individual). In this corpus, 1.2% of article paisere associated with more than one last
name: Of these, completely different last nameseweund in 10% of cases (e.g., two
articles written by J. Benson vs. J. Flynn bottemnefd to the same person, Judy Benson
Flynn) whereas last name variants (1-edit distaocesubsets of compound names)
accounted for 90% of the differences. Among théchixvariants, 19% showed hyphen
and space deletions (e.g., Olle-Goig vs. Olle Goid,e Roith vs. LeRoith), 24% showed
1-edit distance (deletion/addition, replacementl@racter pair order flipped e.g., ae vs.
ea), and 53% were cases where one name was a stiisgt of the other (e.g., de
Lacerda vs. Lacerda or McCarter vs. Carter). Tthesrecall of this blocking procedure
is estimated as 98.8% (i.e., 100% - 1.2%), and ¢his potentially be improved to

~99.88% if simple last name lexical variants amiporated into the model in the future.

3.6.8 Comparing performance with other approaches

Thomson Scientific and Elsevier, two commercial petitors, maintain subscription-

based bibliographic databases (Web of Science atopuS, respectively), each

containing ~ 30 million records (including MEDLINH)at have undergone author name
disambiguation. Their disambiguation methods areppetary and have not been

described in detail. However, the databases représe existing efforts to disambiguate

all the records in MEDLINE, and the disambiguatidatasets are available via their
query interfaces. In order to compare the accucddipe Author-ity 2006 dataset to that
of Web of Science and Scopus, a random sample @pabs of articles was taken from

the Community of Science gold standard describedv@bwhere each pair of articles is

known to be written by the same person.
A total of 61 cases had to be excluded either tsxthe corresponding records were not

found in the Web of Science or Scopus (13 case#/éf of Science and 3 cases in

Scopus), or the corresponding author name had etadbgen processed or lacked a high
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confidence assignment in Web of Science (46 cagaspng the remaining 139 cases,
the Author-ity model correctly assigned every gaithe same cluster, whereas Web of
Science and Scopus split 7.8% (11/139) and 18.7/1882) of the pairs into separate
clusters, respectively. Furthermore, in the 34 sasgkere Author-ity 2006 and Scopus
differed, Author-ity 2006 was incorrect only ondéus, the Author-ity model was more

accurate and exhibited a lower splitting rate agssed on this gold standard.

3.6.9 The effect of name frequency and publication date on splitting errors

We have estimated that the model split pairs dfleg by the same person ~2% of the
time across MEDLINE as a whole. However, author esuvary widely in terms of how
difficult they are to disambiguate. For examplefyveommon names and names that
occur on old articles tend to be harder to disanomtigs In order to measure the effect of
publication year (¥ and frequency of the namey>on the average splitting rate (y), the

self-citation gold standard dataset was used tbditfollowing logistic regression model.

y = 1/(1+exp(-b—b*x1 — b*log1o(X2))

The self citation dataset was selected becausadittiie broadest ranges of publication
dates and name frequencies of all the gold stasdafe regression model fit the
observed data very well. Goodness of fit was cardit by 1) plotting the observed data
against the fitted lines (not shown), and 2) refiftthe model with the interaction 4fx

logio(x2)] and the quadratic [k and logq(x,)?] terms, showing that they were statistically
insignificant. To check whether the curves werecspmeto self-citations, we separately
fit a logistic regression model using the ISI galhndard. This yielded very similar

curves (not shown).

Figure 7 shows the regression curves for spec#i@ry (1950 through 2000 at 10-year
intervals, and 2005). The disambiguation modelqrens very well on the most recent
articles (date of publication = 2005) where < 2%ittpg occurred among names with
frequency up to ~1,000, and the highest rate aftisyg) of 13% occurred for the most

common names. In contrast, the oldest articlesligatton year = 1950) are much more
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difficult to disambiguate. An estimated 17% of gaaire split for moderately frequent
names (1,000), whereas 2% splitting is achieved famlnames with a modest frequency
(~50). The high splitting rate among old articleflects the lack of information present
in the MEDLINE record.
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Fig. 7. Logistic regression curves showing thetspg rate (y-axis) as a function of name frequefcpxis)

and the year of publication (color coded curvedhinithe self-citation gold standard dataset.

To confirm our estimate of the overall prevalendesplitting across MEDLINE as a
whole, we computed the estimated splitting rate dach of the 46.7 million name
instances in MEDLINE based on the age of the artaohd name frequency using the
logistic regression model. This resulted in an allexverage splitting rate of 1.8% (and a
1% average for 2005). This method of estimationaess possible bias due to the having
more recent articles or more names of high frequeénche self-citation dataset than
MEDLINE as a whole.

It should be noted that the relative frequencie®giin names such as Lee, Wang, and

Kim have been accelerating since the mid-1980su(EigB). In contrast, the relative
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frequency of J. Smith has decreased at a constensince 1970. This suggests that the
disambiguation model should be further improved tie future by incorporating
information regarding names written in their nati@eguages (e.g., by publishers starting
to encode Chinese pictographs alongside the Engdisre equivalents [Qiu 2008]).
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Fig. 8. Frequencies of the six most common nam&EBLINE over time. The dots correspond to the

observed values, and the lines show fitted regrassirves.

3.7 Scalability and computational issues

Pairwise probabilities, triplet corrections and stkring were all computed in one
integrated process, requiring roughly 3 weeks tster all names in MEDLINE when
running 8 processes (on 4 dual-CPU machines eath4@ RAM or more). MEDLINE
data were extracted from XML files and stored i thtySQL tables: thé\rticles table
uses 7GB of disk space for 15.3M records, andAthtbors table uses 1.8GB of disk
space for 46.7M records. All the clusters and piaiewprobabilities (having values
0.0001; and> 0.01 for highly frequent names) were stored irt fiés requiring ~250GB

of disk space. A query index was generated an@dtiora MySQL table, which allows
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for quickly retrieving all clusters or pairwise jmabilities for a given name (last name,

first initial).

Initially, all programming was done in Perl, butander to compute the high frequency
names (>3,000 articles per name), memory allocdtamhto be controlled more closely,
so the final program was implemented using a coatlwn of Perl and C. The most
frequent name (J. Lee) had 128M (d8k pairwise probabilities that were stored in
~500MB of RAM when using 4 bytes storage per numibgsical for a floating point
number in C). As a result, the computer programfopered 1 million pairwise
comparisons per 30 seconds. There were a totdl.@Wtauthor name instances (on 15.3
million articles in MEDLINE), which corresponded @ total of 1.1x1¥ (= N%2)
possible pairwise comparisons. Restricting thesptir ones that match on name (last
name, first initial), reduced the total number airp to 1.2x1¢, which translated into
roughly 4 days CPU time. We expected that the cdenprogram would spend most of
its time on triplet corrections because each tripbzation takes O([ﬁ’z) where N is the
number of pairs within the block. However, in pieget the program spent roughly the
same amount of CPU time on triplets as performihgarwise comparisons for all but
the most frequent names. This was due to optimizivgg C code (storing as much
information as possible in memory and performindeas calculations as possible within
the innermost loop) and performing triplet corren on each connected component

separately (the spanning tree induced by linkirigspe articles with p> 0.5).

We expect that the computational feasibility wittend to other bibliographic databases
that are smaller than MEDLINE, such as CiteSeerl_BBarXiv, ACM Portal, and ADS,
as well as databases that are twice as large @cppus or Web of Science). The
computational complexity of our approach is clodidygl to the blocking procedure. The
“good news” is that blocking enables parallel comagions -- each block can be
addressed independently of all other blocks, wiictihe case of MEDLINE, reduces the
number of pairwise comparisons by a factor of ~@00, The “bad news” is that the
number of pairwise comparisons increases quadiigtigath the number of articles

within each block, and the number checks for ttipielations increases cubically with
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the number of articles within each block. Becauge algorithms were efficient enough
to process the entire MEDLINE database, we haveyebtexplored more restrictive
blocking procedures (e.g., excluding pairwise comgpas that mismatch on middle
initial for the most frequent names), or other fassspeed-ups suggested for related
computational problems such as adaptive blockirikpflBo et al. 2006], sparse quadratic
programming [Dominguez and Gonzalez-Lima 2006],rapimate joins in databases
[Koudas et al. 2006], and incremental (or onlingstering [Fisher 1987]. However, we
are planning to develop algorithms to update théhéwity database, in an online

fashion, as new records are added to MEDLINE.

4. DISCUSSION

The Author-ity model [Torvik et al. 2005] was dewpéd for estimating the probability
that two articles in MEDLINE sharing the same authame are written by the same
individual. The present paper extends the modehd¢tude: a) additional or corrected
predictive features (first names and their varigeisail addresses, and cross-correlations
between specific last names and specific affili@)p b) new ways of automatically
generating training sets, c) an improved metho@stimating the prior probability for
any given name, d) an improved algorithm for cdingctransitivity violations of the
form p; + p > 1 + @, and e) an agglomerative clustering algorithm $taps at a natural
“high recall” clustering end-point (based on theximaum likelihood criterion). Finally,
we created “Author-ity 2006”, a database that amsigach name on each article in
MEDLINE (Baseline 2006) to a predicted author-indiwal. Author-ity 2006 comprises
46.7M instances of author names appearing on 1%BMles, and a total of 6.7M

distinct predicted author-individual clusters.

About 46% of individuals in the dataset have putdis only a single article; the average
number of articles per individual is 6.9; and 95%irgividuals have published 28 or
fewer articles. Almost 2/3 of individuals have amldguous name; conversely, an

ambiguous name comprises ~8 different individualseerage.
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The disambiguated dataset was evaluated along adedanensions of performance
(splitting, lumping, recall, confidence, robustneaad consistency of global summary
parameters) under a variety of conditions: a) u&ingjfferent automatically generated
gold standard datasets (based on email addresaes ngimbers, self-citations, 1SI highly
cited profiles, and Community of Science profileb); manually inspecting a small
random sample of cases; c) comparing our approaather approaches (by Web of
Science and Scopus); d) comparing different cotafresticles based on publication date
and frequency of the name; and e) simulating rang@murbation of the estimated

pairwise probabilities to assess robustness.

Two fundamental assumptions of the model were dest§ Does an individual’s
publication output tend to be sufficiently coherémtform a single cluster containing
(nearly) all of their articles, yet distinguishitigem from everyone else with that name?
2) Does the model, which computes a single maxintiketihood clustering solution
over all articles in MEDLINE, give adequate perfamse across diverse cases (e.g., very
old vs. very recent articles, English vs. non-Estglhames, or very unusual vs. very

common names)?

Our analyses show that the first assumption isfeadi: On average, our model captures
the vast majority (~98%) of an author’s articlegdaor most individuals (~99.5%)
distinguishes them from all other authors with gs@me name. The major predicted
author-individual cluster corresponding to a givmarson fails to capture ~2% of that
person’s output, namely, those articles that awerdent from the others. Restricting
pairwise comparisons to the same last name exclud@8 of articles that have variant
spellings, misspellings or different last namesotiner words, theecall of the blocking
procedure is 98.8%.umping (putting two different individuals with the samame into
the same cluster) affects ~ 0.5% of clusters, wases@itting (assigning articles with the
same name written by the same individual to > $tel) affects ~ 2% of all articles. The

clustering solution was also shown to be highlyusib
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The second assumption also holds to a certain degfbe maximum likelihood
clustering solution works well across MEDLINE aw/hole, although some special cases
suffer from a high rate of lumping (e.g., Japanesmes that are very common yet lack
middle initials), and other cases suffer from ahhigte of splitting (e.g., highly frequent

names or old articles).

Although the overall performance of the extendedhartity model is excellent, there is

still room for improvement. Additional predictivedtures could be incorporated into the
model, e.g., grant numbers, self-citations, or ralots (similarity in abstract words or

“related articles” [Wilbur and Yang 1996]). As wellords used in the affiliation fields

could be mapped to canonical forms of affiliatipfsench et al. 2000] or mapped onto a
geographical system, i.e. to distinguish betweemds/dhat describe countries, cities,
institutions, departments, streets, etc. As showmén et al. [2006] and Kanani et al.

[2007], information that is external to the biblieghic record can also assist in
disambiguation. For example, Tan et al. [2006] etite title of each article as a phrase
search in Google, and compile a list of the URLat thre retrieved. Two articles are
compared according to how many URLs they shareglwted by various features). One
could also explore modeling techniques that go bdytiplets such as co-authorship
groups [Bhattacharya and Getoor 2006; Song et08l7]2 aggregate constraints [Culotta
et al. 2007], or so-called collective entity resmn [Bhattacharya and Getoor, 2007].

Finally, one might extend the scope of the modekéudl currently on exact match of last
name and first name initial) to take into accoumqgtient spelling errors, alternative
spellings of last names, compound last names,aknaimes and alternative first names
that do not share first initial (e.g., Jerry vs.r&@e). Nevertheless, there will always
remain a few articles that require manual disamddign, e.g., linking articles by authors
with entirely different last names due to marriageligious conversion, or gender
reassignment; linking old “stray” articles thatkdnformation; linking articles by prolific

authors who collaborate widely on diverse topiasseparating authors with the same

name who work in the same place or on the same.topi
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The computational complexity of our approach isselg tied to the blocking procedure.
The “good news” is that blocking enables parall@mputations -- each block can be
addressed independently of all other blocks, whitlthe case of MEDLINE, reduces the
number of pairwise comparisons by a factor of ~Q00, The “bad news” is that the
number of pairwise comparisons increases quadiigtieath the number of articles
within each block, and the number checks for ttipielations increases cubically with
the number of articles within each block. Becauge algorithms were efficient enough
to process the entire MEDLINE database, we didexpiore more restrictive blocking
procedures (e.g., excluding pairwise comparisoasfismatch on middle initial for the
most frequent names), or other possible speed-uggested for related computational
problems such as adaptive blocking [Bilenko eP@D6], sparse quadratic programming
[Dominguez and Gonzalez-Lima 2006], approximategoin databases [Koudas et al.
2006], and incremental (or online) clustering [EisSh987]. However, we are planning to
develop algorithms to update the Author-ity databds an online fashion, as new
records are added to MEDLINE.

The Author-ity 2006 database can be freely quergad the web (available at

http://arrowsmith.psych.uic.ediuThe user inputs an author name and is showst afli

predicted author-individual clusters ordered by thenber of articles in each cluster.
Each cluster has a simple summary showing the nuofbarticles, name variants, range
of publication dates, affiliation words, email adds(es), topics, a link to PubMed, as
well as a link to our in-house tool called Anne @t@& [Smalheiser et al. 2008], which
allows for more advanced summarization. Alterndyivehe complete dataset is available

upon request for non-profit academic research.

Author name disambiguation has strategic importalpeeause it allows information
retrieval and data integration to becopeeson-centered, not justdocument-centered. For
example, the existing dataset should allow one reate and analyze large-scale
collaboration networks in which each node represem individual publishing in
MEDLINE, and each link represents a co-authorshigpwben two individuals. This

should permit study of the factors that determiakaborations, both globally and with
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reference to specific situations. Just as we hae@iqusly developed tools for identifying
items and concepts that link two disparate liteegun a meaningful way [Torvik and
Smalheiser 2007; Smalheiser et al. 2009], so t@aam identifyindividuals who link

two disparate fields of study, e.g. identifyingiwiduals who have published in literature

A and who have collaborated with individuals whadaublished in literature C.

In conclusion, highly scalable author name disanmiign supports the development of
new data mining and social network tools, whichl gileatly facilitate the analysis of
scholarly activity (e.g. publishing and collabooatibehavior), both on the individual

level and on aggregate levels (research instituteisciplines).
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