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Abstract: This paper proposes a method for classifying true papers of a set of focal scientists and false papers of
homonymous authors in bibliometric research processes. It directly addresses the issue of identifying papers that are
not associated (“false”) with a given author. The proposed method has four steps: name and affiliation filtering,
similarity score construction, author screening, and boosted trees classification. In this methodological paper we
calculate error rates for our technique. Therefore, we needed to ascertain the correct attribution of each paper. To do
this we constructed a small dataset of 4,253 papers allegedly belonging to a random sample of 100 authors. We
apply the boosted trees algorithm to classify papers of authors with total false rate no higher than 30% (i.e., 3,862
papers of 91 authors). A one-run experiment achieves a testing misclassification error 0.55%, testing recall 99.84%,
and testing precision 99.60%. A 50-run experiment shows that the median of testing classification error is 0.78%
and mean 0.75%. Among the 90 authors in the testing set (one author only appeared in the training set), the
algorithm successfully reduces the false rate to zero for 86 authors and misclassifies just one or two papers for each

of the remaining four authors.
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Introduction

Since the pioneering work of Cole and Eales (1917) and the advent of Eugene Garfield’s
Science Citation Index, interest in and use of bibliometrics has grown steadily. In previous
decades, computational and data limits meant that work often focused on the national, field or
institutional level. However recently attention has turned to the individual level, as evidenced by
the attention paid to new measures such as the H-index and strong interest in studying social
networks in science (Newman 2001; Hirsch 2005). Accurate analysis at the individual level
requires that an individual’s oeuvre be correctly identified. This is a challenging problem for a
number of reasons. This paper addresses these challenges by developing advanced statistical
techniques to identify clean author paper sets.

Clean sets of publications written by focal scientists are typically retrieved by querying on
author names. However, there are potential problems: first, a single author may publish under
several different names. For example, women in particular may change their names, but others
may vary the use of initials or middle names. A second issue concerns common names, that is,
different authors may have the same name. On the other hand, the limits of databases exacerbate
the difficulty of differentiating names. For example, until 2006 Thomson Reuters Web of
Science (WoS) recorded first and middle initials rather than full names, reducing the number of
unique names in the data. To deal with these problems, name matching and name disambiguation
processes are needed (Kang et al. 2009). This paper seeks to improve name disambiguation and
views name matching as a separate process which must be completed before name
disambiguation can begin.

The homonymous name problem has recently drawn a lot of attention. Aksnes (2008)
showed that 14% (4,362 out of 31,135) Norwegian authors would share the same name if listed in
the WoS style. Radicchi et al. (2009) examined the Physical Review publication archive (1893-
2006) and estimated that in 92% of the cases, a unique name corresponds to a single author, in
other words, 8% of names correspond to multiple individuals. This problem is even more severe
for countries where some last names are extremely common, for example, China, Japan, and
Korea (Moed 2005; Tang and Walsh 2010). The homonymous name problem challenges not
only the validity of individual evaluation, but also the accuracy of the social network analysis.
Strotmann et al. (2009) showed that collaboration networks are significantly different before and

after name disambiguation.



A number of methods have been proposed for name disambiguation. This study proposes
a boosted trees method to discriminate true papers of the focal scientist from false papers of other
homonymous authors. The method has four steps: name and affiliation filtering, similarity score
construction, author screening, and boosted trees classification. Applying the boosted trees
algorithm on low false rate authors’ papers (i.e., 3,862 papers of 91 authors), a one-run
experiment achieves a testing misclassification error of 0.55%, testing recall of 99.84%, and
testing precision of 99.60%. The testing misclassification error of a 50-run experiment has a
median 0.78% and mean of 0.75%. The performance of this approach thus exceeds that of
previously proposed methods. However, it cannot automatically classify high false rate authors’

papers and leaves them to manual checking.

Existing methods

There are generally two ways to approach name disambiguation: one is to treat it as a
clustering problem and partition papers of different homonymous authors into clusters of papers
of single individuals, and the other is to treat it as a binary classification problem and decide
whether each paper is truly written by the focal author.

Many clustering methods have been proposed for name disambiguation, including K-way
spectral clustering model (Han et al. 2005b), the SVM-DBSCAN model (Huang et al. 2006),
stochastic graph partitioning (Kanani and McCallum 2007; Kanani et al. 2007), heuristic-based
hierarchical clustering (Cota et al. 2010), and so on.

Clustering methods rely on pairwise similarities between papers, which can be obtained
by either supervised or unsupervised methods. Supervised approaches typically start with
building a binary classifier to predict whether two papers are written by the same author, and then
use the classifier as the pairwise similarity matrix for clustering. Many classifiers have been
used, such as naive Bayes classifier (Burges 1998; Han et al. 2004), support vector machine
(Huang et al. 2006; Yang et al. 2006), maximum entropy (Kanani and McCallum 2007; Kanani et
al. 2007), and error-driven training (Culotta et al. 2007). On the other hand, unsupervised
approaches develop algorithms to predict the probability that a pair of papers belong to the same
individual based on the profile similarity between these two papers without training (Torvik et al.
2005; Torvik and Smalheiser 2009), or uses similarity coefficients, such as counts of common

names/words, Jaccard, Jaro, Jaro-Winkler, and cosine, to construct the pairwise similarity matrix
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directly from some features of the paper (Liben-Nowell and Kleinberg 2007; On et al. 2005; Yin
et al. 2007; Tang and Walsh 2010).

Both supervised and unsupervised methods build the similarity matrices indirectly or
directly from features of papers and authors. Some studies found that coauthor information was
very effective (Torvik et al. 2005; Kang et al. 2009). Tang and Walsh (2010) viewed referencing
as a fingerprint of author’s cognitive knowledge base and used citation information for name
disambiguation. Other features used include: first/middle names, paper title, journal name, words
on the first page of paper, commonness of the author name, research themes, funding
organizations, and so on (Han et al. 2004; Culotta et al. 2007; Huang et al. 2006; Wooding et al.
2006; Kanani et al. 2007; Han et al. 2005a; Han et al. 2005b; Song et al. 2007).

Taking advantage of more features can improve the algorithm, but clustering requires
combining all the feature similarity scores into one single numeric value measuring the overall
distance between every two articles. To combine features, some took a linear combination of
weighted feature similarity values (Aswani et al. 2006; Lee et al. 2005), and some used the
geometric average (Yin et al. 2007). However, taking a weighted average may have problems
because of the redundancy or interactive effects in features (Torvik et al. 2005). Several
solutions are proposed to deal with this problem, such as probabilistic latent semantic analysis
(Hofmann 1999; Song et al. 2007) and latent Dirichlet allocation (Bhattacharya and Getoor 2006,
2007; Blei et al. 2003; Song et al. 2007).

Another challenge confronting clustering is the transitivity problem, that is, different
pairwise similarity judgments may give conflicting results. For instance, two papers with very
low similarity scores may both have very high similarity score to another paper. A small rate of
violation of transitivity may break down the agglomerative clustering. This problem can be
avoided by using triplet or higher order comparison among papers to bring in information beyond
pairwise comparisons (McCallum and Wellner 2003; Kanani et al. 2007).

Many studies also tried to bring in external information for a better disambiguation. To
calculate pairwise similarity, some studies searched for personal publication webpages with both
papers (Aswani et al. 2006; Kanani and McCallum 2007; Kanani et al. 2007), some compared
two Uniform Resource Locations (URLS) of two webpages containing each paper (McRae-
Spencer and Shadbolt 2006; Tan et al. 2006; Yang et al. 2006), and some brought in extra

external constraints, for example, an author is unlikely to publish more than 30 papers in a given
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year (Culotta et al. 2007). Smalheiser and Torvik (2009) provide a useful review of clustering
methods proposed for name disambiguation.

The second way to formulate the name disambiguation problem is to treat it as a binary
classification problem in which the aim is to discriminate between true papers of a targeted
author and false papers of homonymous authors. This approach takes the full set of papers listing
the name of a focal author and tries to identify a clean set of papers truly written by the focal
author.

D’Angelo et al. (2011) proposed a heuristic approach to map papers to scientists in the
Italian university system. They had an external database of over 60,000 scientists in the Italian
university system with their name, scientific disciplinary sector (SDS), university, department,
and official academic rank information available, and another database of 2001-2007 publications
listed in the Thomson Reuters Italian National Citation Report (I-NCR). They mapped papers to
focal scientists with several filtering processes using address, WoS-SDS, and shared SDS as
filters. The precision and recall of their algorithm was 96.4% and 94.3% respectively.

Onodera et al. (2011) firstly identified 2,595 “source” authors from 629,000 retrieved
“source” papers, and then retrieved WoS papers listing the “source” author names (last and first
initial). To discriminate between true and false papers, they firstly filtered papers by affiliation
address, and then used logistic regression to predict whether the paper was true, using variables
measuring how similar the paper was to the “source” paper of the focal scientist. Their algorithm
achieved a recall and a precision both about 95%.

These two studies achieve better recall and precision than most clustering approaches.
Important for this improved performance are three conditions: First, the studies use an external
database about focal scientists (Italian university system database and ““source” papers). Second
the binary classification problem itself is simpler than clustering, that is, binary classification
only needs to make a true or false decision while clustering has to determine the number of
clusters and assign papers to a number of candidate clusters. Third, clustering approach
confronts more complex situation where several authors are very productive while many are
unproductive, while classification for focal authors deals with a relatively more homogenous

dataset.



Proposed approach

This study takes the second approach, namely the binary classification approach. It is
motivated by our studies on research collaboration/co-authorship networks and attempts to
identify a clean publication set for each focal scientist to allow reliable network analyses. The
proposed method predicts whether a paper is a true paper of our focal scientist or a false paper of
homonymous authors. The real world application of our method to 54,853 papers of 1,315
authors is described in Appendix 1. In this methodological paper we calculate error rates for our
technique. Therefore, we needed to independently ascertain the correct attribution of each paper.
To do this we constructed a small development dataset of 4,253 papers allegedly belonging to a
random sample of 100 American scientists who are part of the larger study. The work described
here cleans the development data set and assesses the performance of the algorithms against the
independent human judgment of each paper’s true status.

Among these 100 authors, we observe several very common English and Chinese last
names (such as Smith and Wang). As expected, even after author name and affiliation filtering,
the resulting paper set still has a very high false rate. The term “‘false rate” of an author,
throughout this paper, refers to the percentage of papers under his/her name that actually were
written by somebody else.

To create a cleaned and usable bibliometric data set for each focal author, we designed a
four-step method: The first step is downloading paper records from WoS using a name and
affiliation match. The second step constructs the pairwise cosine similarity matrices for all
papers under each focal author name, and then uses Eigen-decomposition and averaging to
construct a variety of numerical similarity scores to measure the distance between one paper and
all other papers under the same name. The method assumes that papers written by the same
author have characteristics in common while papers written by different authors are less likely to
be similar to each other. Affiliation filtering in the first step yields a set of papers with a majority
likely to be true, so we can assume that true papers will show a higher similarity to all other
papers, while false papers will have lower similarity to all other papers. This difference makes
possible classification. In the third step we eliminate a small number of authors with very high
false rates. In the fourth step we use boosted trees for classifying true and false papers for the

remaining authors.



The effectiveness of the boosted trees classification relies on the assumption that the
majority of papers under one author name are true ones, so we only use the boosted trees
algorithm for classifying papers of authors with false rate less than 30%. Therefore, an author
screening model (step 3) is constructed to decide whether each author is in the low false rate
group. Authors in the low false rate group will be included and their papers will be automatically
classified by boosted trees, while authors in the high false rate group are excluded and their
papers have to be manually cleaned.

The procedure of our method is summarized in Fig. 1. This paper will explain step 1, 2,
and 4 (name and affiliation filtering, similarity score construction, and boosted trees

classification) first, and then introduce the motivation and design of step 3 (author screening).

{ Nar_'n_e E.md [ Similarity Score | Author | Boosted Trees
{ Affiliation > . § pass—
" i . Construction Screemng | Classification
Filtering

fall

Manual Cleaning

Fig. 1 Proposed procedure

Name and affiliation filtering

In real-world evaluation practice, external databases concerning focal authors are typical
available before collecting bibliometric data. In our context, we have the whole affiliation
history information of each author available. In the data retrieval stage, we required a name
match (first initial and last name match) and affiliation match (at least one of the author
affiliations in WoS record matches one of the affiliations in the focal scientist’s history and
publication year not before his/her active career). 4,253 papers matched in total for all 1200

authors.



Similarity score construction

Six paper features available in WoS are chosen to measure similarities:
e names of authors
e cited journals
e combined keywords (author keywords + WoS added keywords)
e title words (excluding stop-words)
e abstract words (excluding stop-words)
e subject category
Choice of these features is based on previous literature and data availability in WoS.
Affiliation is found to be of particular importance for name disambiguation, but not included
here, because we have used affiliation filtering in the first step. Authors with the same name are
more likely to be one person, if they coauthor with same coauthors. Coauthor name has been
found to be effective for name disambiguation, so we use the “names of authors” information
available in WoS. Based on the idea that papers written by the same author should share
something similar, a variety of aspects have been used in previous methods. For example, same
author may tend to cite the same literature, and references information is widely used in name
disambiguation practice. We use “cited journal” but not cited references at the article level,
because the former information is much cleaner and more ready for analysis in WoS and the
similarity matrix will be too sparse if using cited reference at the article level. Furthermore,
many studies try to extract content/meaning information from articles and then measure their
content similarities, and features investigated include title, words on the first page, and so on.
Following this logic, we take advantage of well-structured “combined keywords,” “title words,”
and “abstract words” data from WoS. Finally, similarity in research themes would help
disambiguation, so we use “subject category.”
For names of authors, cited journals, combined keywords, title words (excluding stop-
words), and abstract words (excluding stop-words), the procedure of constructing similarity score

is presented in Fig. 2.



paper-feature - pairwise - similarity score
matrix similarity matrix
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KW1 KW2 KW3 KW4 KW5 P1L P2 P3 P4 PS5 KWEIG KWAVG

P1 1 0 0 0 1 P1 1.00 0.00 0.00 0.00 0.00 P1 0.00 0.00
P2 0 1 1 0 0 P2 0.00 1.00 0.50 0.82 0.82 P2 0.62 0.43
P3 0 1 0 1 0 P3 0.00 0.50 1.00 0.82 0.82 P3 0.62 0.43
P4 0 1 1 1 © P4 0.00 0.82 0.82 1.00 1.00 P4 0.73 0.53
P5 0 1 1 1 © P5 0.00 0.82 0.82 1.00 1.00 P5 0.73 0.53

Fig. 2 Similarity score construction

Take “combined keywords” as example, we firstly take all papers under one author, build
a matrix (paper-feature matrix) between paper and all keywords used, the ij™ element is the
number of times the i paper used j keyword.

Second, based on paper-feature matrix, we calculate the cosine similarity coefficient

between each pair of papers, COS;;, which is defined as:

P.-P,
cos, = ——

PP

where P; is the i row vector in the paper-feature matrix.

The last step is to project the pairwise similarity matrix into a single numerical similarity
score for each paper, indicating its distance to all other papers under the same author name. To
project distances into single dimension, we use Principal Coordinates Analysis, a metrical
multidimensional scaling method based on the Principal Component Analysis (Johnson and
Wichern 2007). That is, distances are projected on the eigenvector of the largest eigenvalue to
give the KWEIG measure. Furthermore, in cases when author has diverse publishing profile and
KWEIG values wouldn’t let us differentiate between true and false papers, we make an
alternative projection on the unity vector to give the KWAVG measure.

KWAVG for i paper is calculated as:

1 n
KWAVG,; = — > C;
i n_]_; ij



where n is the total number of papers of the author, and Cj; is the ij™ element of the
pairwise similarity matrix.

KWEIG for i" paper is calculated as:

“max {KWAVG, |
KWEIG, = [\/i % E1|X if1,2,..n1}

max {[\/i X E1|}

ief1,2,...n}

where V; is the pairwise similarity vector of the i paper and E; is the eigenvector
associated with the largest eigenvalue of the pairwise similarity matrix of the author. To
normalize the KWEIG value for each paper to between 0 and 1, the signs are removed and

transformation is further multiplied by the ratio between max }{KWAVGi} (the largest average
ie{l, n

i€{1,2,...)

similarity vectors for the author).

For subject categories the pairwise similarity matrix is constructed using additional
information from the Similarity Matrix among Subject Categories constructed by Porter and
Rafols (2009), which contains correlations of subject categories as cosines between their co-
citation vectors. We define the similarity between two articles as the maximum correlation
between their subject categories. Therefore, the ij™ element of the pairwise similarity matrix Cij

is calculated as max,, {corr(SC,,, SC, )}, where k e {1,2,...,number of SC for article i},

| € {L,2,...,number of SC for article j}, and SCin is the m" subject category of the i" article.

Then the same procedure as for other features is used to construct a single numerical similarity
score from the pairwise similarity matrix using averaging and Eigen-decomposition.
This process gives us twelve similarity scores for each paper:

e names of authors - AUEIG, AUAVG

e cited journals - CJEIG, CJAVG

e combined keywords - KWEIG, KWAVG
e title words - TIEIG, TIAVG

e abstract words - ABEIG, ABAVG

e subject category - SCEIG, SCAVG

In addition to the twelve similarity scores, we supply several other paper level and author
level variables for classification:
Paper level:
10



e number of authors - AUNO
e number of author affiliations - AFNO
Author level:

e number of papers - PUBNO

e FIELD, author’s research field: BIOL, CHEM, CS, EAS, or EE

e ASIAN: 1 if surname is Chinese, Korean, or Japanese, 0 otherwise

e Surname commonness - LASTC: use the occurrence frequency count of surnames
from 2000 U.S. Census (U.S. Census Bureau 2000)

Boosted trees classification

The boosted trees method is used for classification. Tree-based methods were first
proposed by Breiman (1984). The idea is to partition the feature space into two or more sub-
regions, and continuously split each sub-region into finer sub-regions. Eventually the whole
feature space is partitioned into many fine regions, and all points in the same region are classified
as the same class, which is the observed majority class in that region. Two fundamental issues in
the classification tree method are how to decide the splitting point (tree growing) and how to
control the size of the tree (tree pruning). In tree growing, the analyst chooses to minimize
misclassification error, Gini index, or cross-entropy, and the algorithm builds a tree with features
and splitting points that minimize the chosen criterion. Tree pruning criteria aim to minimize
penalized misclassification error. That is, the objective function to be minimized is not merely
the misclassification error, but the misclassification error plus a penalty on tree size. The weight
of penalty is typically chosen by cross validation.

Fig. 3 provides a simple illustration. We have 100 observations belonging to two
different classes: “in” and “out.” We plot all these observations onto a two-dimensional space
defined by SCEIG and AUEIG and try to classify these observations by their SCEIG and AUEIG
values. A binary classification tree is constructed by partitioning the feature space repeatedly.
To minimize misclassification error, we would predict all points in one sub-region as one class,
which is the class of the majority points in that region. Therefore, at step 0, we classify all points
as “in.” At step 1, we try to split the whole feature space by a vertical or horizontal line, and then
predict the class of each sub-region using majority rule. Among all possible vertical and

horizontal lines, the horizontal line (AUEIG=0.48) minimizes the total misclassification error, so

11



it is selected at step 1. The same procedure is repeated at step 2 and 3. Eventually, we establish a
three-step tree to split the whole feature space into four sub-regions and predict all points in the
top sub-region as “in,” all points in the bottom left sub-region as “out,” and so on.

The constructed tree can also be presented by the decision tree in Fig. 3. Classification
decision follows the procedure laid out by this tree, that is, if one observation has a AUEIG value
no less than 0.48, then we predict it as “in,” if not, we go to the next step, if its SCEIG is less than

0.53, then we predict it as “out,” and so on.

step 0 step 1
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Fig. 3 Classification tree illustration

One extreme is to split the whole feature space into so many sub-regions that each region
only has one observation; in this case the total misclassification error would be zero. However,
this solution would suffer from the over-fitting problem and has poor prediction power. To
address this problem, a penalty on tree size is added into the objective function. That is, to
minimize penalized misclassification error instead of only misclassification error. Thanks to
Therneau and Atkinson (2010), the “rpart” package is available in R to implement the
classification tree method.

The boosted trees method further adds an ensemble layer on top of the classification tree,

that is, it sequentially fits a classification tree to reweighted samples of the training data and then

12



takes a weighted majority vote of the sequence of classifications trees for prediction (Friedman et
al. 2000). With a committee of a number of trees, boosted trees can achieve lower
misclassification errors and higher stability than one single tree. We use the “ada” package in R
(Culp et al. 2010) to implement this algorithm, chose the committee size to be 50 trees, and use
Gini index as the tree growing criterion. Please refer to Hastie et al. (2009) for an introduction to

tree-based methods and boosted trees.

Implementation and results

To use the boosted trees method, we need a training set to train the algorithm before
applying it to a dataset. Because in this paper we also are evaluating the algorithm’s
performance, we apply the algorithm to a small development dataset for which we have manually
checked all the 4,253 papers of the focal 100 authors. We randomly assign 2,835 of these papers
for training (2/3 of the set) and the remaining 1,418 papers for testing. In a real world
application, only the training set would need to be manually checked so the size of the dataset to
which the trained algorithm can be applied is limited only by computational capacity.

We code true papers written by the focal scientist as “in,” and false papers of
homonymous authors as “out.” The overall false rate is 7.69%, which is very low because we
have already filtered papers by affiliations. However, the false rate varies across scientists: most
scientists are lower than 10% while several are as high as 60% (Fig. 4). Therefore, the goal is not
only to reduce the overall false rate, but more importantly to reduce the false rate for each
individual and remove the structural biases across individuals.

[}
[}

g2

Frequency
10
|

o -

[ I I I I I |
00 01 02 03 04 05 06

false rate

Fig. 4 Histogram of false rate by author
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Pre-run results

Exploratory analysis on our development dataset of 4,253 papers published by 100
authors support our assumption that true papers have higher similarity scores, while false ones
have very low similarity scores. Fig. 5 illustrates the classification tree that we would use if we
were to use one tree for classification. The algorithm in R package “rpart” automatically
constructs this tree. This tree recursively split the data into seven regions and predicted all data
points in one region to be “in” or “out.” This tree shows that similarity scores are very relevant

for classification, and the tree partitions the space at very low values of certain similarity scores

many times.

- SCEIG== 015 -

TIEIG:- 0.0028

ﬂFNO-‘-ﬂE :
AUEIG== II} 00025 S

CJEIG:— 0. D@
(out)

Fig. 5 One tree for paper classification

Although the basic tree approach would stop with this one tree, with the boosted trees
approach, we fit 50 trees, and the prediction is based on the weighted majority vote of these 50
trees. For the boosted trees model, the testing recall is 99.69%, the testing precision is 98.79%,
and the overall testing misclassification error rate is 1.41%. This is higher than reported

previously in the bibliometric literature (D'Angelo et al. 2011; Onodera et al. 2011).

Application scope redefinition

The power of boosted trees classification relies on the assumption that the majority of

papers under one author name are true papers while only a few are false. Ideally, we would have
14



authors who publish many similar articles while having only several very different false papers,
but this might not always be the case in reality. Our classification algorithm may not have strong
power to classify papers of one author with a very high false rate, because the contrast between
true and false papers is not sufficient for discrimination. Furthermore, keeping authors with high
false rates may also reduce the prediction power on low false rate authors, because high false rate
authors’ papers may “contaminate” the training set and “mislead” the algorithm. Therefore, one
important challenge is to redefine the application scope of this algorithm, that is, to identify the
maximum author false rate we can tolerate. In other words, “application scope” in this paper
means the maximum false rate (author level) allowed for including the author into analysis. For
example, application scope 10% means we include only authors with false rate no more than 10%
and use only these authors’ papers for training and testing. Confronting this decision there is a
trade-off: on the one hand, we would like to include only authors with very low false rates to
improve the classification accuracy; on the other hand, we would like to include authors with
high false rates to save us from time-consuming manual cleaning.

Two criteria are used to balance this trade-off and redefine the application scope: (1) total
misclassification error, and (2) power to eliminate bias across authors. Table 1 compares the
overall performance of boosted trees on different application scopes. Because the highest author
level false rate in our random sample is less than 60%, the 60% group actually refers to the whole
dataset of 100 authors’ 4,253 papers. We use the previously randomly sampled 2,835 papers for
training and the rest 1,418 for testing. Then we reduce the scope step by step. For the 50% scope
group, we exclude all papers of 4 authors whose false rates are higher than 50% from both the
training and testing set, and only use the remaining training and testing set for analysis. In this
table we cannot see a clear decreasing trend of misclassification error as application scope
decreases. However, this is just one experiment. Results might be different if we take another
random sample of training and testing sets. In addition, it is also important to evaluate the

variance of error rates, so that a multiple-run experiment is required.
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Table 1 Application scopes comparison

60% 50% 40% 30% 20% 10%
in out in out in Out in out in out in Out
Train in 2621 0 2541 2 2537 2 2504 1 2391 0 2294 0
truth out 8 206 7 93 14 82 4 77 6 34 3 21
Test i 1301 4 1245 3 1242 4 1231 2 1160 2 1099 0
truth out 16 97 15 42 16 39 5 38 6 17 6 6
Train Author# 100 96 95 91 88 82
Mis.error 0.28% 0.34% 0.61% 0.19% 0.25% 0.13%
Recall 100.00% 99.92% 99.92% 99.96% 100.00% 100.00%
Precision 99.70% 99.73% 99.45% 99.84% 99.75% 99.87%
Test Author# 99 95 94 90 87 81
Mis.error 1.41% 1.38% 1.54% 0.55% 0.68% 0.54%
Recall 99.69% 99.76% 99.68% 99.84% 99.83% 100.00%
Precision 98.79% 98.81% 98.73% 99.60% 99.49% 99.46%

For each application scope, testing author number is one less than training author number, because there is one
author, all whose five papers are sampled in the training set, none in the testing set. “Mis. error’”: misclassification
error rate, that is, the fraction of all papers that are misclassified, for example, testing error of “60%” group is
(4+16)/(1301+4+16+97)= 1.41%; “Recall”: the fraction of truly-“in” papers that are classified as “in,” for example,
testing recall of “60%” group is 1301/(1301+4)=99.69%; “Precision”: the fraction of classified as “in” papers that are
truly “in,” for example, testing precision of “one tree prediction” is 1301/(1301+16)=98.79%.

For the multiple-run experiment, for each application scope, we randomly select 2/3 of the
papers for training and the rest for testing, one boosted-trees model is fitted, and training and
testing misclassification errors are calculated. This process is repeated 50 times to generate 50
training and testing misclassification error observations. Therefore, we can get the empirical
distribution of misclassification error at each scope level (Fig. 6). There is roughly an increasing
trend of misclassification error as the scope level increases. Among these six groups, we can
expect to achieve the lowest misclassification error if we only work on authors with false rate no
more than 10%. However, the performance of the 30% scope group is adequate for our project.

At this level, the error rate is about 0.75% on average.
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Fig. 6 Misclassification error distribution from a 50-run experiment

The second criterion is whether the algorithm reduces the false rate for all authors. As
introduced before, the total false rate of our random sample before boosted trees classification is
already very low, most authors have false rate less than 10%. However, these errors are
distributed unevenly across authors, with some authors having error rates as high as 60%. For
individual evaluation or network analysis, we need to remove this bias across individuals. So we
further investigate the one-run experiment results. At each application scope level, we produce
the scatter plot of each author’s real false rate (in the testing set) against his/her misclassification
error rate (Fig. 7). Most authors’ false rates are successfully reduced to zero, that is, their paper
set is perfectly clean after boosted trees classification. However, errors for several authors are
still not removed or reduced to zero at all application scope levels, which are points above the
testing error=0 horizontal line on the scatter plots. For scope levels higher than 30%, there are
quite a few authors with remaining errors. Furthermore, all 10%, 20%, and 30% groups have

four authors with remaining errors.

17



10% . 20% m 30%

I:D_ = =

= paper# 11112313 2| paper# 11852431 2| paper# 1276/2535

| author 81 w| a@uthor &7 w| author# 50

2 mis#11,1,3 2 mis#1223 2 mis#1222

= | =] =]

o [} ]

4 ] bt

= ] o]
-
o . * o'
E cHe & = =y =P 1 ]
o5 0 02 04 06 08 0 02 04 06 08 0 02 04 0B 03B
e 40% . 50% . 60%
=y ] ]
% 2| paper# 1301/2635 2| paper# 13052643 2| paper# 1418/2835
- | authorst 94 - | authorf 85 - o| authors &8

o o o

-+ | =t | =]

= =] ] L]

o | L] bt *

= ] [ ] o]

. - -
- L] ]
i—H & L ] i—H Ly, & & i—H [ N 1 ] [ ] ‘
b 02 04 06 08 0 02 04 06 08 0 02 04 06 08

false rate

Fig. 7 Performance of the algorithm across authors. One point is one author, its false rate is the original false rate for
this author in the testing set (i.e., error rate before implementing boosted trees algorithm to clean the data), and its
testing error is the testing misclassification error rate of the algorithm for this author (i.e., error rate after
implementing boosted trees algorithm to clean the data). The ideal case is that all points are on the (testing error=0)
horizontal line, that is, for each authors, no matter how high his/her original false rate is, his/her paper set will be
perfectly cleaned by the algorithm. Points above the (testing error=0) horizontal line and below the 45 degree line
indicate that, for these authors, the algorithm improves data quality, but there are still remaining errors. Points on the
45 degree line indicate that, for these authors, the algorithm does not make the paper set “cleaner” nor “dirtier.”
Points above the 45 degree line indicate that, for these authors, the algorithm makes the data even “dirtier” than

before cleaning.

As an example, among these four challenging authors one biologist has one false paper
that is not identified by any of the scope group models except the 60% scope model. This false
paper is coauthored by a homonymous author from a hospital and another author from the same
graduate school as the focal biologist. The topic of this false paper is somehow similar to the true
papers of the focal scientist. Another similar case is that all group models fail to identify false
papers about biochemistry from a focal geologist’s papers, 10% group model fails all three
papers, 20% to 50% group models fail two papers, and 60% group model fails one. The third
case is also similar: all group models fail to identify two false papers about electronics from a
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computer scientist’s true papers. Furthermore, there is also a case in which the algorithm
misclassifies true papers as false. For example, there is a computer scientist who participated in
high energy physics projects and was listed as one author among hundreds of coauthors. All
group models classify two or three of these true high energy papers as false.

Overall, 10%, 20%, and 30% group models achieve very impressive performance in terms
of eliminating the bias across authors. They completely clean most authors’ paper sets, with only
six to eight incorrect predictions. In addition, none of the three groups is clearly superior.

Based on the two criteria (reducing overall error rate and removing individual biases), we
define our application scope to be 30%, that is, we will use the boosted trees algorithm to clean
authors with false rate no higher than 30%, while leaving higher false rate authors’ papers to
manual checking. Therefore, in our development dataset we apply the boosted trees method to 91
out of 100 authors and 3,862 out of 4,253 papers, while leaving 391 papers of 9 authors to
manual checking. The 50-run experiment shows that the testing classification error of the 30%
group is 0.75% on average. The result of one-run experiments shows that the testing
misclassification of the 30% group is 0.55%, testing recall is 99.84%, and testing precision is

99.60%, which surpasses the previously published name disambiguation results.

Author screening

Scope redefinition raises one important question: how to predict the false rate of an
author, before we actually know the true “in” or “out” value of all his/her papers. Therefore, we
need to develop an author screening model to predict the false rate of authors, and each author
needs to be screened before sending his/her papers to boosted trees classification. Only low false
rate authors’ papers are to be classified by boosted trees, while high false rate authors’ papers
need to be manually cleaned.

The idea of this model is as follows: if the false rate of one author is high, meaning there
are a lot of false papers mixed with true papers, then the maximum of the previously defined
similarity scores among all his/her papers will probably be low, because no one paper is very
similar to all other papers. Similarly, the average may also be low. Therefore, it is reasonable to
assume that the distribution characteristics of the paper similarity scores can help to predict if the
author has low or high false rate. Consequently we can ground our decision about the author’s

false rate on the characteristics of the distribution of similarity scores of his/her papers. To assess
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the distributions we use four statistics: maximum (MAX), minimum (MIN), average (MEAN),
and standard deviation (SDEV). The combination of twelve similarity scores and four statistics

produces 48 classifiers:

AU

cJ MAX
kw| (E1G) |MIN
Tl X{AVG}X MEAN
AB SDEV
sC

In addition to these 48 classifiers, four author level variables discussed before are also
used. They are PUBNO, FIELD, ASIAN, and LASTC.

The goal of this author screening process is to classify authors into two groups: “low”
group authors who have false rates no more than 30% and “high” group authors with false rate
higher than 30%. For this problem, we are more concerned about misclassifying “high” false rate
authors into “low” class, but less concerned about misclassifying “low” group authors into “high”
class, because the latter may increase the manual cleaning burden, but the former may reduce the
accuracy of boosted trees paper classification. In other words, we are willing to sacrifice some
recall (for “low” class) for a higher precision (for “low” class). We would like almost all authors
classified as “low” to be actually “low,” but can tolerant the situation of many real “low” authors
being classified as “high.”

To address this concern, we created the variable “CLASS15,” coding authors with false
rate higher than 15% as “high” and authors with false rate no more than 15% as “low.”
“CLASS15” is used for training the algorithm. The resulting algorithm will misclassify some
authors with false rate higher than 15% as “low,” but these misclassified authors will very likely
have a real false rate a little bit higher than 15% but still lower than 30%. By reducing the error
rate from 30% to 15% for training, we sacrifice recall to achieve the desired higher precision.
When evaluating performance, we still use the “CLASS30,” which is “low” for authors with false
rate no more than 30% and “high” otherwise.

We randomly assign 67 authors for training and the remaining 33 for testing. The same
boosted trees algorithm is applied, and one tree example is shown in Fig. 8, which is very simple,
but reveals that, as expected, SCAVGMAX is relevant for classifying author classes. In other
words, if the maximum of SCAVG (which is the similarity score between one paper and all other

20



papers under the same author name, based on subject categories, and constructed from pairwise
similarities by averaging) among all papers is less than 0.75, the paper set likely conflates many
false papers rather than containing only a few contaminating papers.

SCAVGMAX=0.75

(ow)
Fig. 8 One tree for author screening

A 50-run experiment is conducted and the distribution of misclassification error, recall,
and precision are plotted in Fig. 9. The most important indicator here is the precision (for “low”),
as discussed before. Testing precision has a median of 100%, and a mean of 97.64%, which is
satisfying. At the same time, we do not want the recall to be too low, which will require too
much manual cleaning for the predicted “high” authors. Testing recall has a median of 93.65%,

and a mean of 92.78%, which is also satisfying.
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Fig. 9 Author screening model performance

Discussion

This paper proposes a boosted trees method for name disambiguation that will improve
the quality and accuracy of bibliometric analysis, particularly in large-scale studies. It includes
four steps: name and affiliation filtering, similarity score construction, author screening, and
boosted trees classification. We randomly sampled 100 authors and manually checked their
4,253 papers. The results of the manual checking were used for supervised learning by the
algorithm. We only apply the boosted trees algorithm to papers of authors with false rate no
more than 30%. Therefore, before implementing the boosted trees paper classification, each
author is screened to determine if his/her papers can be classified using boosted trees, or whether
they will require manual checking. The 50-run experiment showed that the author screening
testing precision achieves median of 100%, and mean of 97.64%. In other words, among authors
whom we identified as having a low false rate (and therefore whose papers will be automatically
classified by boosted trees), only 2.36% of them actually have a high false rate and in fact should
not be submitted to the boosted trees algorithm.

Applying the boosted trees algorithm for cleaning papers from authors with no more than

30% false papers (i.e., 3,862 papers of 91 authors), the 50-run experiment shows that the testing
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misclassification error has a median of 0.78% and mean of 0.75%. The one-run experiment
achieves a testing misclassification error of 0.55%, testing recall 99.84%, and testing precision
99.60%. Moreover, among 90 testing authors (one author only appeared in the training set), the
algorithm successfully classifies 86 authors’ papers 100% correctly, and only for four authors
misclassifies one or two papers.

The performance of this algorithm is impressive, but it has several limitations: First, as
discussed in the “existing methods” section when comparing classification with clustering, we
benefit from having an external database listing known authors and their affiliation history. If
authors and/or affiliations are not known in advance, clustering must be used and clustering is
more difficult in general and clustering for unknown authors works in a more complex
environment.

Second, we assumed that the name and affiliation filtering yielded a 100% recall dataset
for each focal author, which however might not be the case. The gathered author affiliation
information and author name records might be inaccurate or incomplete. Therefore, the name
and affiliation filtering step may reduce our actual recall, which is however not estimated in this
paper. Furthermore, we deal with only name disambiguation but not name matching. However,
both WoS and Scopus have started to record full author names and links between authors and
affiliations, which makes homonymous authors more differentiable. On the other hand, as the
amount of available information increases, problem caused by misspelling, spelling difference,
and name or affiliation change also become worse. Therefore, the name matching becomes more
urgent.

Third, there are still cases this algorithm cannot effectively deal with. It cannot identify
false papers that are very similar to true papers, and it may misclassify some true papers which
are not similar to the mainstream studies of the focal author. Our method has one assumption
that papers published by the same author are similar to each other. However, it is possible,
though rare, that an author may switch between two unconnected research streams during his/her
career. The algorithm would identify two authors in such cases. Alternatively, it is possible that
two homonymous authors work on very similar scientific topics, and the algorithm would
identify one author in such cases.

Fourth, an author screening is required before classifying papers, and this additional layer
may introduce error. Furthermore, although not found in our study, it is possible that author

screening fails. In one extreme case, it would be possible for a homonymous colleague to
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become a “usurper” if the focal scientist has very few publications, while the homonymous
colleague is very productive. In this case, the algorithm will mistakenly view this homonymous
colleague as the focal author. Author screening will classify this author into the “low” group, and
the paper classification will keep the homonymous colleague’s papers while cleaning out the
papers of the focal author.

Fifth, using boosted trees algorithms for paper classification assumes that the majority of
the papers are true ones, and this assumption restricts the applicable scope of this algorithm.
Some papers will be left for manual cleaning, in this example, 9 out of 100 authors and 391 out of
4,253 papers would need to be manually checked.

This limitation can be addressed by combining the boosted trees algorithm with other
approaches proposed previously. If we have more external information about the focal scientists,
we could add more layers of filtering to further reduce the false rate of authors, and then their
papers can be dealt with by boosted trees classification. Another possibility is to combine this
algorithm with clustering methods. Firstly use a “soft” clustering (which allows multiple
membership of papers) to cluster papers into groups with very high recall and relatively low
precision, and then apply the boosted trees algorithm to refine the cluster to achieve a higher
accuracy. Although this method is powerful, combining clustering and boosted trees would have
advantages because external information about focal scientists’ affiliation history can be replaced
by clustering and therefore is no longer required and the pairwise similarity matrices used in our
algorithm require the same data as clustering, so that this method will not introduce much extra
computational burden.

In conclusion, we have shown that boosted trees algorithms hold promise for improving
name disambiguation processes in bibliometric studies, possibly in combination with other
previously proposed solutions. We believe that 99%+ accuracy is possible if the right
combination of techniques is used, enabling large scale bibliometrics to move from the national
or institutional level to an individual level of analysis. This will serve to improve our

understanding of how the science system works and so improve science policy decisions.
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Appendix 1: real-world motivation and implementation

This study was motivated by a real-world problem confronting our research on the
collaboration networks of American academic scientists. It attempts to identify clean publication
sets for each focal scientist and link bibliometric data to survey data, thereby creating an
extensive and rich dataset of academic scientists, their networks, and related productivity. From
this approach, we hope that this methodological solution can inform other similar issues faced by
other researchers.

The data for this study comes from a 2006-2009 NSF-funded national study of academic
scientists and engineers in Research | universities in the United States (Women in Science and
Engineering: Network Access, Participation, and Career Outcomes, Grant # REC-0529642).
This NSF funded project involved a two stage online survey, collection of CV data for survey
respondents, including a complete history of focal scientists’ affiliation information, and
collection of lifetime bibliometric data for each focal author, requiring a name and affiliation
match. The object of the name disambiguation method presented in this paper was to clean
54,853 papers of 1,315 focal scientists in five disciplines (biology (BIOL), chemistry (CHEM),
computer science (CS), earth and atmospheric sciences (EAS), and electrical engineering (EE).

For the development dataset of 100 authors, we firstly excluded scientists with less than
five publications, because the similarity score might be unstable if the focal author has very few
papers, and then we randomly sampled 100 authors from the remaining 1,255 authors.

The method presented in this paper was implemented to clean the 54,853 papers of 1,315
authors, among them 4,253 papers from 100 authors were manually checked for supervised
learning. For the remaining papers, the algorithm automatically classified 44,777 papers of 1,025
authors, 156 papers of 60 authors were left for manual checking because these authors had less
than five papers, and 5,667 papers of 130 authors were left for manual checking because these
authors were predicted to have high false rates. Overall, the algorithm reduced the labor required
for manual data cleaning by about 80% (44,777 out of 54,853 papers were automatically

cleaned).
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