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Personnel 
Principal Investigator:  

Yuan An, Ph.D., Drexel University 

Graduate Students:   

Yuan Ling, Ph.D., Drexel University 

Executive Summary/Abstract 
Objectives:  

In this project, we conducted research on author name disambiguation in citation records 

under the mentoring of Johnson and Johnson (J&J). Author name disambiguation has important 

applications in author-based information retrieval systems, such as Google Scholar, PubMed, 

DBLP, BDBComp, CiteSeer, etc. It is a challenging research problem due to two reasons: 

Synonyms problem - the same author may appear under distinct names, and Polysems - distinct 

authors may have similar names. In this project, we aim to solve the author name 

disambiguation problem for PubMed datasets, and develop algorithms and techniques to 

improve performance compared with existing methods. 

Methods:  

In this project, we explored several novel ideas for improving the performance of solutions to 

the author name disambiguation problem. The first idea is to create an ensemble method to 

improve the performance of individual methods. The second idea is to extract features from 

keywords and abstracts for improving the measure of similarity. The third idea is to use dense 

embedding word vector to represent the title and abstract features. The dense embedding 

word vector is a better way to represent the semantic distribution of words than the bag-of-

words count based model. We explored the combination of a recently developed Density Peaks 

(DP) clustering method and the Affinity Propagation (AP) method. The developed ensemble 

clustering approach is a fully automatic method that can improve the performance of current 

solutions that use individual methods. 

Results:  

We compare the ensemble method to individual methods and a baseline method. We also 

evaluate the impacts of different attributes on the author name disambiguation task. The 

experimental results have indicated that both the ensemble approach and exploring keywords 

and abstracts are promising directions for the improvement of author name disambiguation 

performance.  
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Conclusions:  

In this project, we developed a fully automatic unsupervised method (DP-AP ensemble) through 

combining a recently developed Density Peaks (DP) clustering [1] method with Affinity 

Propagation (AP) [2], two advanced clustering methods that have not previously been applied 

to the author name disambiguation problem. Based on the clustering ensemble method, we 

used title and abstract as features to improve the performance. We further applied word 

embedding vector to represent the internal semantic relations among words. The ensemble 

method can be effectively applied to various data sets.  

Differences from Current State of Art 
Different types of clustering methods have been explored in existing author name 

disambiguation research: (1) Partitioning clustering, such as k-means[3] [4] [5]; (2) 

Agglomerative clustering[6] [5]; (3) Density-based clustering, such as DBSCAN[7]; (4) Spectral 

clustering, such as K-way spectral clustering[8]. Clustering methods do not require training 

examples, but they usually require predefined thresholds or parameters, such as a predefined 

number of clusters[3] [4] [5] [8]. Other types of unsupervised methods that has been applied 

for unsupervised author name disambiguation includes probabilistic models, such as 

hierarchical naive Bayes mixture model[3], Markov Random Fields (MRF)[4] [9] , Topic 

models[10] [6] [11], etc. The probabilistic methods generally require richer attributes as input 

than the basic attributes used by previous clustering methods. Density-based Clustering, such 

DBSCAN[12], has been applied with SVM as a semi-supervised author name disambiguation 

method. DBSCAN requires two initial parameters:  neighboring distance, ε (eps), and the 

minimum number of points required to form a dense region.   

We worked on a fully automatic unsupervised method (DP-AP ensemble) through combining a 

recently developed Density Peaks (DP) clustering [1] method with Affinity Propagation (AP) [2], 

two advanced clustering methods that have not previously been applied to the author name 

disambiguation problem. In particular, we use the results of DP method as the preference 

parameter for the Affinity Propagation (AP) method to automatically cluster authors into 

groups. The DP-AP ensemble method can be effectively applied to various data sets. To further 

improve clustering accuracy, we also extract features from author-assigned keywords, 

abstracts, and cataloging terms such as MeSH terms, in addition to the commonly used 

attributes from citation records.  
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Results 
4.1 Methods (System architecture with components added or improved, new approaches) 

The author name disambiguation problem can be defined as follows: Given a set of Citation 

Records C, each citation record cj contains one or multiple author names. For the author name 

set X, each author name xi is associated with attributes for citation record a1

(cj)
 and attributes 

for author name a2
(xi)

. The goal of author name disambiguation is to find an assignment 

function E = θ(X) to map author name xi to corresponding author entity ej in E as shown in 

Figure 1.  

 

Figure 1. Overview of Author Name Disambiguation 

Suppose there are N author names and M author entities, baseline methods generally require 

the comparison between any pair of xi and xj, so the computational complexity is O(N2). The 

common solution that has been applied to reduce complexity uses blocking strategy [13] [14] 

[7]. Blocking method is trying to group author names with high similarity (spellings) into the 

same ambiguous group, then applying methods to map author names to author entity in each 

ambiguous group separately. 

The overall method consists of 4 steps: 1) building ambiguous groups (blocking), 2) building 

initial clusters, 3) generating feature sets, and 4) applying ensemble clustering. These steps are 

built in a pipeline with internal iterations. Each step is briefly described as follows: 
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Figure 2. Author Name Disambiguation Framework 

STEP 1: Build Ambiguous Groups 
We use “initials + full last name” as criteria to build ambiguous groups. These author name 
records in each ambiguous group will have the same initials and full last name. 

STEP 2: Build Initial Clusters 
We classify author name’s attributes into two types: high confidence attributes and low 
confidence attributes. High confidence attributes include co-author names, author’s full name. 
We build initial clusters using high confidence attributes.  

STEP 3: Generate Feature Set for Initial Cluster 
We extract features from points in each initial cluster and integrate them into a feature set. The 
feature set can be generated from low confidence attributes in multi-levels. For each level, we 
use the feature set as evidence to further cluster points/initial clusters with high similarity into 
the same group.  

STEP 4: Apply Ensemble Clustering 
We apply the DP-AP ensemble method to each initial cluster to discover groups of names 
referring to the same authors. This process is iterative on different levels of feature set.  

In the following, we describe each individual method and the combination approach. 

A. Density Peaks (DP) 

DP provides a solution to measure how much a point can be picked as a center point by 
calculating two parameters: local density and the maximum distance from other points with 
high local densities. Distance dij can be calculated from similarity sij between data points. The 

local density can be defined as a cut-off Kernel or Gaussian Kernel. 

By using cut-off Kernel, the local density is defined as 

ρi = ∑ χ(dij − dc)

j
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χ(x) = {
1, x < 0
0, otherwise

 

By using Gaussian Kernel, the local density is defined as 

ρi = ∑ e
−(

dij

dc
)

2

j

 

dc is a cut-off distance, the suggested rule of choosing dc is that the average number of 
neighbors is around 1 to 2% of the total number of points in the data set.  

A distance value δi is defined to measure the minimal distance between point i and other 
points with higher local density value. If point i has the maximum local density value, δi is 
defined as the maximum distance with any other points. 

δi = {

max
j

(dij) , ρi is max

min
j:ρj>ρi

(dij) , otherwise
 

Cluster centers are chosen from these points with higher local density and higher distance 
value. A parameter γi = ρi × δi or γi = ρi + δi can be used to measure if a data point is 
suitable for being chosen as a cluster center.  

B. Affinity Propagation (AP) 

Affinity Propagation (AP) is a clustering method considering all points as potential “exemplars” 
and refining iteratively. AP [2] [15] takes as input measures similarity s(i, k) between point 𝑖 
and point 𝑘, and “preference” value s(k, k) for each data point.  

There are two types of exchanging messages between data points defined by AP: 
“responsibility” and “availability”. Responsibility r(i, k)reflects the accumulated evidence for 
how well-suited point k is to serve as the exemplar for point i, it is sent from data point i to 
candidate exemplar point k. Availability a(i, k) reflects the accumulated evidence for how 
appropriate it would be for point i to choose point k as it exemplar, it is sent from candidate 
exemplar point k to point  i. The responsibility and availability are initialized to zero: r(i, k) = 0 
and a(k, i) = 0. The updates for responsibility and availability are set as follows:  

r(i, k) ← s(i, k) − (a(j, i) + s(i, j))j:j≠k
max  

a(k, k) ← ∑ max {0, r(j, k)}

j:j≠k

 

a(k, i) ← min (0, r(k, k) + ∑ max {0, r(j, k)}

j:j∉{k,i}

) 

The identification of exemplars is decided by the message-procedure and preferences input. In 
AP, all data points are equally suitable as exemplars. The preferences are set to a same 
common value. The value could be the median or minimum of the input similarities. As 
discussed in [16], it is difficult to find a “preference” parameter value that can yield optimal 
clustering results.  
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C. DP-AP Ensemble Method 

To create the ensemble, we use the parameter γi generated from DP as the “preferences” 

s(k, k)  input for AP. The combination step also takes the following two aspects of DP method 

into consideration: (1) DP takes the similarity matrix measuring the similarity between each pair 

of points as input, which makes it easy to automatically adjust to different similarity functions 

using different attributes. For example, it would be better to use edit distance to calculate the 

similarity between authors’ names, while cosine similarity would be better for publication titles; 

(2) DP provides a way to automatically decide center points. High productivity authors will tend 

to be selected as center clustering points and will be easily and automatically identified by DP. 

We pay more attention to high productivity authors and high precisionas, from users’ 

perspective, seeing different authors’ publications mixed together will be more confusing than 

single publication not being classified to the correct author [17]. 

D. Feature Engineering 

For the title and abstract attributes, instead of just using bag-of-words count based model for 

the feature representation, we explored to use embedding word vector trained from deep 

neural network [18]. Word vector will consider semantic relations and the order of words. It’s a 

better way to represent title and abstract information from a publication.  

4.2 Experimental Evaluations 

A. Datasets 

We use three datasets: DBLP, BDBComp1 and PubMed datasets. The DBLP dataset contains 

4,287 citation records with 220 distinct authors. BDBComp contains 361 citation records with 

205 distinct authors. DBLP contains 11 ambiguous groups and BDBComp contains 10 ambiguous 

groups. The average records per author are 20 in DBLP dataset, and 2 in BDBComp dataset. 

Each citation record contains author name, co-author names, publication title and publication 

journal/venue title.  

The third dataset is PubMed dataset. We use publications from “dietsupply” domain searched 

from PubMed2. The datasets we extract contains 658,904 total author names. The fields 

extracted for publications include pubmed_id, author name, co-author names, title, volume, 

issue, journal, published date. Author information contains last name, fore name, initials, and 

affiliation. The attributes author full name, author affiliation, co-author names, publication title 

and publication venue title have been used.  

                                                      
1
 http://www.lbd.dcc.ufmg.br/lbd/collections/disambiguation 

2
 http://www.ncbi.nlm.nih.gov/pubmed 
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Table 1. PubMed Attributes Availability 

Attribute Available 
Title 100% 
Journal 100% 
Firstname 87.5% 
Affiliation 25.5% 
Co-authors 99.3% 
Abstract 100% 
Keywords 9.8% 

 

Using the criteria “inititals + full last name”, we build 634,922 ambiguous groups. “inititals + full 

last name” is a unique identifier for each group. Each group has a list of publications with at 

least one author having the same “initials + full last name”. Among these groups, 629,327 

(99.12%) groups have only 1-50 publications.  

Table 2. Number of Publications and Ambiguous Groups 

Number of Publications Frequency/Number of Ambiguous Groups 

1-50 629,327 

50-100 3,429 

100-500 1,872 

500-1,000 174 

1,000-3,000 97 

3,000-5,000 20 

5,000-7,000 3 

 

B. Evaluation Metrics 

We evaluate experimental results based on three metrics: (1) Pairwise F1 (pF1) value, (2) K 
metric, and (3) accuracy.  

pF1 metric is calculated using pairwise Precision (pP) value and pairwise Recall (pR) value as 
follows. 

pF1 =
2 × pP × pR

(pP + pR)
 

pP value is calculated as the number of correctly predicted citation records pairs in the same 
cluster divided by the total number of predicted pairs in the same cluster. pR value is calculated 
as the number of correctly predicted citation records pairs in the same cluster divided by the 
total number of truth pairs in the same cluster. 

K metric is calculated using average clustering purity (ACP) and average author purity (AAP). 

𝐾 = √𝐴𝐶𝑃 × 𝐴𝐴𝑃 
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ACP evaluates the generated clusters include only citation records belonging to the same 
author entity. ACP is calculated as 

ACP =
1

𝑁
∑ ∑

𝑛𝑖𝑗
2

𝑛𝑖

𝑅

𝑗=1

𝑞

𝑖=1

 

R is the number of clusters manually generated; N is the total number of records in the 
ambiguous group; q is the number of clusters automatically generated by the method; nij is the 

total number of elements of cluster i automatically generated belonging to the cluster j 
manually generated; and ni is the total number of items of the automatically generated cluster 
i. 

AAP evaluates the fragmentation of automatically generated clusters with respect to the 
reference clusters. AAP is calculated as 

AAP =
1

𝑁
∑ ∑

𝑛𝑖𝑗
2

𝑛𝑗

𝑞

𝑖=1

𝑅

𝑗=1

 

R is the number of clusters manually generated; N is the total number of records in the 
ambiguous group; q is the number of clusters automatically generated by the method; nij is the 

total number of elements of cluster i automatically generated belonging to the cluster j 
manually generated; and nj is the total number of items of the manually generated cluster j. 

Accuracy is the proportion of correct results among all predictions. For PubMed dataset, we 
don’t have gold standard as DBLP and BDBComp datasets. After building initial clusters, we 
randomly pick points from initial clusters, and use these points as test dataset to evaluate the 
accuracy.  

Accuracy =  
correct new added points

new added points
 

C. Evaluation Results  

Table 3 shows the results comparing different methods: DP, AP, and DP-AP. 

Table 3. Best Results from Different Methods 

Methods pP pR pF1 ACP AAP K 

DBLP 

DP 0.74 0.60 0.66 0.77 0.64 0.70 

AP 0.76 0.53 0.60 0.79 0.58 0.67 

DP-AP 0.69 0.65 0.67 0.76 0.68 0.72 

BDBComp 

DP 0.63 0.41 0.38 0.85 0.78 0.80 

AP 0.72 0.48 0.53 0.92 0.79 0.85 

DP-AP 0.73 0.49 0.54 0.92 0.80 0.86 
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The experiment shows that original DP method works well for the DBLP dataset, but not 

BDBComp dataset. DP-AP has the best performances in both datasets. 

In Figure 3, we compare DP-AP with two-level DP-AP. Two level DP-AP means we deal with title 

feature and journal feature separately by applying DP-AP method twice. The results show that 

two-level DP will increase the recall, and improve the overall pF1 value and K metric.  

 

(a) DBLP 

 

(b) BDBComp 

Figure 3. The Comparison between DP-AP and Two-Level DP-AP 

Table 4 shows the comparison results between our method and the Heuristic-Based 

Hierarchical (HHC) Method as baseline method. The baseline method fuses clusters based on 

co-author names, title, and journal information.  

Table 4. Our Results and HHC  

 HHC Our Method 

pF1 K pF1 K 

DBLP 0.43 0.59 0.67 0.72 

DBDComp 0.30 0.64 0.54 0.86 
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Finally, Table 5 shows the impacts of different attributes to the author name disambiguation 

task.  

Table 5. Performance (%) (PubMed) 

Attribute Title  Abstract Keywords Address 

Accuracy 30.78 60.58 84.95 46.02 

Accuracy 
 (word vector) 

32.60 63.00   

Functionality of Innovation(s) 
In this project, we develop a clustering ensemble method for the automatic author name 

disambiguation tasks. Innovations include: 

 The proposed clustering ensemble method is a fully automatic method. It outperforms 

the two clustering methods mentioned and works well on different types of datasets for 

the author name disambiguation task. 

 Keywords and abstract are important attributes for the author name disambiguation. 

We applied word-embedding vector to represent the keywords and abstract features, 

and it provides better performance than simple count-based feature representation. 

Impact and Uses/Benefits   
Working with the IAB member Johnson and Johnson, we developed the ensemble clustering 

method for author name disambiguation. The method is a fully automatic clustering method; it 

can be applied and generalized to other tasks and datasets based on clustering. For the author 

name disambiguation tasks, we proposed to use extra features as abstract and keywords to 

improve performance. We have collected abstract information for two experimental datasets: 

DBLP and BDBComp. The enriched datasets can be used for general evaluation purpose. 
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