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Personnel 
Principal Investigator: 

Gail Rosen – Drexel University 

Graduate Students: 

Zhengqiao Zhao – Drexel University 

Executive Summary/Abstract 
Objectives: 

The project aims to develop and evaluate an incremental learning framework that can 

process high volumes of data without the need for retraining. The objectives are to: 

• develop multiple incremental learning algorithms (including semi-supervised and 

unsupervised) 

• evaluate the algorithms using simulated and real-world datasets.  

• develop a customized incremental learner for author name disambiguation problem 

with IAB member, Clarivate Analytics. 

Methods: 

The proposed framework can incrementally update the existing decision boundaries based 

on new data by a semi-supervised learner. Our framework doesn’t require retraining of the 

classifier or reprocessing old datasets. To accomplish this goal, we propose to use an 

incremental semi-supervised learner to update the model and concurrently leverage and 

update previous unlabeled data. Also, we worked closely with one of the IAB members, 

Clarivate Analytics, on incremental author disambiguation problem and proposed a 

customized incremental learner to tackle this problem. 

Results: 

We evaluated our incremental framework using simulated data and subsets of real-world 

digital libraries. Experiments on simulated data show our incremental learner can achieve 

comparable performance to a non-incremental classifier while improving efficiency and in 

experiments on real-world datasets, we show that our customized method outperforms 

other competing incremental algorithms in precision.   

Conclusion: 
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We developed three incremental learning algorithms using both semi-supervised and 

unsupervised approaches. We designed and conducted experiments to evaluate the 

proposed algorithms on simulated data and real-world datasets, the experiments show that 

the proposed methods have high precision as well as efficiency. The experiments also 

demonstrate the ability of our approach in solving the author disambiguation problem 

efficiently. Our approach can be integrated with many types of disambiguation systems, as 

it requires minimal parameters and just an initial set of disambiguation labels as inputs. 

Hence, a future extension of this framework can be applied to social networks and 

genomics. 

Differences from Current State of Art 
Overall review: 

Incremental learning is an increasingly viable option for machine learning system in cases 

where data acquisition and management is particularly efficient. One study [1] proposed an 

incremental learning algorithm that aimed to deal with concept drifting occurring in 

streaming data. Since characteristics of incoming data change over time, a classifier needs 

the ability to adjust decision boundaries to accommodate new data inputs. In addition to 

handling streaming data, the incremental learning support vector machine (SVM) proposed 

in [2] also provided a method to tackle the inefficiency problem of SVMs in large-scale data. 

The authors suggested that since batch learning is computationally expensive, one could 

instead create a classifier by presenting the training data in a variable manner using an 

incremental learning method. However, the greater challenge for large citation databases is 

the ability to effectively disambiguate new author names as they are added as part of new 

published and indexed data; accounting for concept drift is not sufficient here as this has 

the potential for the system to “forget” old data. In an unsupervised incremental learning 

algorithm proposed in [3], the authors refine the clustering phase by updating an 

Availability and Responsibility matrix with new data. The advantage of this method is that 

it adjusts the decision boundary to accommodate new inputs while taking old data into 

consideration. Again, this approach proved to be computationally heavy, as it requires 

access to existing data and an update of the distance matrix whenever new data is 

available. 

Our major application: 

One of the most appropriate application of incremental learning is incremental author 

name disambiguation. Name disambiguation is a perennial big data problem. As more and 

more data is created, knowing the correct provenance of authored information is critical 

for navigating our fast moving, information-rich world. This is particularly important for 

scientific and academic documents where the citations and linkages among scholarly work 
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create the global network of academic ideas and chart the path forward for scientific 

breakthroughs.  

Author name disambiguation can be viewed as both a micro and macro data challenge. 

Consider two papers written by “E. S. Kim” and “Edward S. Kim,” respectively. It is an 

author disambiguation problem to figure out if the same person wrote these specific 

papers. Formally, this is considered a pairwise author disambiguation problem. Supervised 

learning algorithms are suitable for such a problem as binary labeled data—1 for papers by 

the same author and 0 otherwise—is relatively straightforward to create. It is then easy to 

construct a machine learning model to work on this binary classification problem. But the 

classification result is then also binary and typically incomplete; hence, a clustering process 

is needed after pairwise disambiguation. On a larger scale, bibliographic databases, like 

digital libraries and citation indices, contain millions of metadata records and associated 

(potentially ambiguous) author names. One way to solve the author disambiguation 

problem in these larger datasets is by programmatically clustering all citation records 

written by the same author together. Unsupervised machine learning methods are 

intuitively suitable for this sort of problem as many unsupervised clustering algorithms can 

gather samples with similar characteristics together without knowing the number of 

classes in advance.  

 

Another dimension of the large-scale name disambiguation challenge is that more and 

more data—containing potentially more ambiguous names—is published continually and 

needs to be processed in an efficient way to keep any database or digital library up to date 

and accurate. Consider the example in Figure 1, which shows the growth in total items 

(citation records) added to Clarivate Analytics Web of Science per publication year. In 

order to accommodate new data, one can run the author disambiguation process on the 
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whole collection when new records in the dataset are greater than some predetermined 

minimal threshold. But this batch updating solution is computationally expensive and, after 

any one update, the system could potentially be out of date again nearly immediately. 

Furthermore, batch updates typically discard any existing clustering results.  

An ideal alternative would leverage existent disambiguation results together with the new 

data inputs. This type of solution is considered an incremental learning approach 

characterized by a continuous machine learner that uses any existing results as well as new 

samples to update the model without the cost of retraining the model or reprocessing the 

whole database. There are two main types of new samples in the incremental learning 

problem we are dealing with:  

• New samples from an existing class: these samples can be handled by most 

supervised or semi-supervised algorithms as they can be classified efficiently. An 

incremental learning approach uses the new samples as training data after the 

classifier predicts their labels to improve the classifier.  

• New samples from a novel class: most general supervised or semi-supervised 

learning algorithms do not handle these samples correctly as they are from novel 

classes that the classifier has yet to encounter; the new samples would be forced 

to be classified into existing classes by most general supervised or semi-

supervised learning algorithms. An incremental learning approach, on the other 

hand, is better suited for this situation and will first decide if any new data 

samples are from existing classes and then create new classes to accommodate 

them if necessary. Any effective author disambiguation solution needs to 

accommodate both types of new data inputs. Hence, an incremental approach is 

necessary for an optimal author disambiguation system. In this project, we 

propose an incremental learner to disambiguate author names in large-scale 

citation data such as digital libraries and bibliographic databases. 

 Related work in author disambiguation field: 

Author disambiguation methods are typically classified into two broad types of approaches 

[15]: (a) author grouping, which tries to group the citation records written by the same 

author together using some type of similarity among reference attributes ([4], [5], [6], [7], 

[8], [16]), and (b) author assignment, which assigns the citation records to the 

corresponding authors ([9], [10], [11], [12]). Generally, these methods use citation 

attributes available from curated bibliographic databases, although [13] shows that web 

information can also be valuable. Clustering techniques are essential to author grouping 

methods. These methods explore similarity functions to capture the likeness between 

various attributes of citation records; clustering is then applied to the similarity matrix to 
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determine which citation records to group. A particularly instructive study [16] proposed a 

large-scale author disambiguation framework that solved the lack of labeled data problem 

by implementing a self-trained disambiguation algorithm to obtain high precision clusters 

of citation records. A hierarchical clustering algorithm was then applied to merge clusters 

to generate author publication profiles. The authors also explored many high precision 

rules and similarity functions used in the self-training process. Their method was then 

tested on over 54,000,000 name instances from the Thomson Reuters Web of Knowledge 

dataset (now Clarivate Analytics Web of Science). These experiments demonstrated that 

their algorithm could disambiguate a high volume of citation records efficiently and 

precisely; however, their approach proved to be computationally expensive as their 

algorithm requires a complete reprocessing of the dataset whenever new items are added. 

Author assignment methods are typically based on supervised learning algorithms [10]. 

For these approaches, the training dataset is often a group of citation records and their 

authorship (label). The classifier is then taught to categorize them into one of the existing 

classes (author names) by minimizing a loss function. After the training process, the system 

can then effectively classify any unknown records into one of the existing classes. These 

methods are naturally incremental and efficient at accommodating new inputs, but it is 

unrealistic to acquire training data that covers the complete breadth of author names. 

Moreover, it is challenging to accurately estimate the total number of authors in a 

largescale citation databases. In addition, unsupervised learning approaches, which 

typically employ a probabilistic model to represent authors, have been applied to author 

assignment. Unsupervised methods can overcome labeling challenges inherent in 

supervised learning, but the model still requires the number of unique authors as input. 

Also, unsupervised methods often encounter convergence issues when dealing with high 

volumes of data. 

Related work in incremental author disambiguation field: 

Several studies on incremental author disambiguation have been published recently, and 

our research is informed by these works. Focusing specifically on scholarly literature data, 

[14] proposed an incremental unsupervised name disambiguation system for cleaned 

digital libraries that could identify whether new citation records are associated with the 

author of a group of citation records already present in a digital library and group them 

accordingly without any labeled data. This approach is seemingly efficient as it does not 

require disambiguation of the entire digital library in each update; however, it does require 

a comparison among all clusters in the digital library dataset. This can be computational 

expensive when applied to high volumes of data. In addition, the performance was 

evaluated on a small dataset that did not account for the high volume or large-scale citation 

indices. Another incremental author disambiguation method proposed by [17] uses 

heuristic methods. By computing the name similarity between new samples and existing 
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clusters, their proposed system determined the candidate set of clusters and then used 

other domain knowledge to help with clustering decisions. This work was based on a non-

incremental learning method proposed in [9], where the authors suggest that a Naive 

Bayes Classifier (NB) is an efficient albeit less effective method. Although the method from 

[9] proved more effective than NB, it relies on very specific fields in the datasets and 

ignores all other fields; hence, the flexibility of this method is limited. NB, on the other 

hand, is naturally incremental, and with the help of high precision rules proposed by [16], it 

could become increasingly more effective with no loss in efficiency. 

As mentioned above, due to the lack of labeled datasets, most prior work utilizes a 

simulated dataset or a subset of a real digital library to perform model evaluation. In 

addition, many supervised author disambiguation methods become inapplicable even 

though they can accommodate new samples efficiently. In this project, we conclude with an 

incremental author disambiguation approach based partially on an extension of [16] that 

maintains the efficiency of supervised learning without the requirement of labeled data. We 

also demonstrate that the evaluation of our author disambiguation algorithm on a real 

dataset without labels for all records is still helpful for understanding the behavior of the 

algorithm dealing with largescale data. 

Results 

We proposed three different incremental learning algorithms and one customized 

algorithm for incremental author disambiguation problem. They are: 

• Incremental Partition Affinity Propagation (IPAP)   

• Clustering Based Bootstrapping for Expectation Maximization (CBBEM) 

• Naïve Bayes Hierarchical Clustering (NBHC) 

• Incremental High precision rule based Naïve Bayesian Classifier 

And Clarivate Analytics and we filed a provisional patent application for the first three 

methods with the United States Patent and Trademark Office (application number 

62/465,919) 

1. Incremental Partition Affinity Propagation (IPAP) 

The algorithm comprises the following key elements:  1) builds pairwise similarity matrix 

of observations, 2) uses Affinity Propagation to cluster the observations and obtain 

Responsibility matrix and Availability matrix, 3) when new samples are available, construct 
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new similarity matrix and uses IPAP to update the clustering results. The following shows 

the work-flow of this algorithm. 

• 1. Build pairwise similarity matrix. 

• 2. Clustering samples: Incremental Partition Affinity Propagation. 

o a).  Initialize the Clusters:  Take the Similarity Matrix, S_0, from Step 1.  Use 

Partition Affinity Propagation to obtain initial availability (A_0) and 

responsibility (R_0) matrices. 

o b).  Incrementally update the clusters (as new documents are added):   

▪ i). As X new documents are added, calculate their similarities and add 

this to the S matrix. This will increase the S_t-1 matrix size by X-by-X 

dimensions to form a new S called S_t.  S_t, will be input into an IAP 

algorithm that expands the A_t-1 and R_t-1 matrices (by X-by-X 

dimensions) and applies an update rule that uses similarities between 

the old and new documents, to form the new A_t and R_t 

(respectively). 

▪ ii). To apply the update rule to the new documents only, we use PAP 

to cluster the new documents in the X-by-X subblock and form A and 

R of the new documents, A_nd and R_nd. 

▪ iii). The A_nd and R_nd (of the new documents subblock) are inserted 

back into the A_t and R_t matrix (in the lower right X-by-X block). 

▪ iv). Apply AP on the S_t, A_t, and R_t matrices to improve the cluster 

estimates of all the documents. 

▪ v). increment t and repeat steps i) to iv) for each batch update of X 

documents  

1.1 Overview: 

The framework first computes the pairwise cosine similarity matrices for features that have a 

weight in logistic regression model (such as address and institution). Then, those similarity 

matrices are combined by the logistic regression function to get a SCORE matrix. The system 

and method applies the Affinity Propagation to this SCORE matrix with responsibility (R) and 

availability (A) matrices set as default matrices. The system then outputs the cluster indices 
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together with responsibility (R) and availability (A) matrices. This framework may cluster both 

labeled and unlabeled data together. When there are new scholar documents arriving in the 

database, the framework may compute the new SCORE matrix and update the R and A matrices 

based on the SCORE matrix and apply the Affinity Propagation to the SCORE matrix with 

updated R and A matrices. In this way, the system reduces the re-clustering time for new data. 

The Affinity Propagation in this framework is an incremental version of traditional Affinity 

Propagation (AP) algorithm, called IPAP. 

1.2 Affinity Propagation: 

Affinity Propagation [22] was first proposed in Science in 2007. It only takes similarity matrix as 

input, cluster the data into different clusters. The advantage of this method is that it doesn’t 

need user to define the number of clusters. It automatically computes the cluster. The following 

describes the Affinity Propagation algorithm: 

step 1:  Initialize the availability matrix A to zeros: 

𝑎(𝑖, 𝑘) =  0⋯⋯⋯⋯(1) 

step 2: Update the responsibilities using the rule: 

𝑟(𝑖, 𝑘) =  𝑠(𝑖, 𝑘) − 𝑚𝑎𝑥𝑘′𝑠.𝑡.𝑘′≠𝑘{𝑎(𝑖, 𝑘
′) + 𝑠(𝑖, 𝑘′)}⋯⋯⋯⋯ (2) 

step 3: Update the availability using the rule: 

{

𝑎(𝑖, 𝑘) = 𝑚𝑖𝑛{0, 𝑟(𝑘, 𝑘) +∑ 𝑚𝑎𝑥 {0, 𝑟(𝑖′, 𝑘)}}, 𝑖 ≠ 𝑘
𝑖′𝑠.𝑡.𝑖′≠𝑖,𝑘

𝑎(𝑖, 𝑘) =  ∑ 𝑚𝑎𝑥 {0, 𝑟(𝑖′, 𝑘)}},                                        𝑖 ≠ 𝑘
𝑖′𝑠.𝑡.𝑖′≠𝑖,𝑘

⋯⋯⋯⋯(3) 

Step 4: repeat step 2 and 3 after a fixed number of iterations or converge. 

In the case above, the input would be SCORE matrix and the output may be the clusters of 

samples. 

1.3. IPAP: 

The IPAP algorithm is mainly based on two other papers about Affinity Propagation besides the 

Affinity Propagation paper introduced above. The first one is Incremental Affinity Propagation 

Clustering Based on Message Passing [23]. This paper proposed an Incremental AP Clustering 

Based on Nearest Neighbor Assignment. In this algorithm, the R and A matrices are updated 

based on the previous R and A matrices information and the distances (or similarity) between 
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the new data and old data. To be specific, if two objects are similar, they should not only be 

clustered into the same group, but also have the same relationships (responsibilities and 

availabilities). Given the previous 𝑀𝑡−1 ×𝑀𝑡−1similarity, 𝑅 and 𝐴 matrices, 𝑆𝑡−1, 𝑅𝑡−1 and 

𝐴𝑡−1, and the new similarity matrix 𝑆𝑡, we can compute the new R and A matrices 𝑅𝑡, 𝐴𝑡 by: 

𝑟𝑡(𝑖, 𝑗) =

{
 

 
𝑟𝑡−1(𝑖, 𝑗), 𝑖 ≤ 𝑀𝑡−1,   𝑗 ≤ 𝑀𝑡−1

𝑟𝑡−1(𝑖′, 𝑗),        𝑖 > 𝑀𝑡−1,   𝑗 ≤ 𝑀𝑡−1

𝑟𝑡−1(𝑖, 𝑗′),        𝑖 ≤ 𝑀𝑡−1,   𝑗 > 𝑀𝑡−1

0,                       𝑖 > 𝑀𝑡−1,   𝑗 > 𝑀𝑡−1

⋯⋯⋯⋯(4) 

𝑎𝑡(𝑖, 𝑗) =

{
 

 
𝑎𝑡−1(𝑖, 𝑗), 𝑖 ≤ 𝑀𝑡−1,   𝑗 ≤ 𝑀𝑡−1

𝑎𝑡−1(𝑖′, 𝑗),        𝑖 > 𝑀𝑡−1,   𝑗 ≤ 𝑀𝑡−1

𝑎𝑡−1(𝑖, 𝑗′),        𝑖 ≤ 𝑀𝑡−1,   𝑗 > 𝑀𝑡−1

0,                       𝑖 > 𝑀𝑡−1,   𝑗 > 𝑀𝑡−1

⋯⋯⋯⋯(5) 

where 𝑖′ = 𝑎𝑟𝑔𝑚𝑎𝑥𝑖′,𝑖′≤𝑀𝑡−1{𝑠(𝑖, 𝑖
′)}. But one challenge is that this algorithm is unable to 

update the elements in the R and A matrices when 𝑖 > 𝑀𝑡−1,   𝑗 > 𝑀𝑡−1. And there is a theory 

in a second reference paper that can help overcome this problem. 

The second one is local and global approaches of affinity propagation clustering for large scale 

data [24]. In this paper, the authors proposed Partition Affinity Propagation algorithm. And the 

assumption of this algorithm is that it can implement Affinity Propagation on some subset of 

the whole data set, and run affinity propagation on the whole data set based on the R and A 

matrices generated by the subset affinity propagation. The following shows the algorithm of 

PAP:  

Step 1: Partition the matrix SNXN into k parts as an average. At each iteration, 1 < 𝑘 <
𝑁

4𝐶
, where 

𝐶 is the maximal number of clusters. So, the sub-matrices 𝑆11, 𝑆22, ⋯ , S𝑘𝑘  are all square 

matrices. The sizes of 𝑆11, 𝑆22,⋯ , S(𝑘−1) (𝑘−1) are all 𝑚 = 
𝑁

𝑘
 ; which is an integer less than or 

equal to N/k, and the size of  𝑆𝑘𝑘 is 𝑁 −𝑚(𝑘 − 1). 

Step 2: Use sub-matrices 𝑆11, 𝑆22,⋯ , S𝑘𝑘s as the input of AP, and run them respectively, then 

obtain k available matrices 𝐴11, 𝐴22, ⋯ , A𝑘𝑘 

Step 3: Combine 𝐴11, 𝐴22, ⋯ , A𝑘𝑘 diagonally to construct the A matrix with zeroes filled other 

positions in this matrix.  

Step 4: Run AP on the whole similarity matrix as an input as well.  
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The 𝐴 and 𝑅 matrix for 𝑖 > 𝑀𝑡−1,   𝑗 > 𝑀𝑡−1 can be updated using the algorithm proposed by 

PAP in this way, to yield complete A and R matrices updated by the proposed algorithm. 

Because this algorithm absorbs ideas from PAP and IAP it is called herein IPAP. The following 

are updating rules for IPAP: 

Given the previous 𝑀𝑡−1 ×𝑀𝑡−1similarity, 𝑅 and 𝐴 matrices, 𝑆𝑡−1, 𝑅𝑡−1 and 𝐴𝑡−1, and the new 

similarity matrix 𝑆𝑡, the algorithm can compute the new 𝑅 and 𝐴 matrices 𝑅𝑡, 𝐴𝑡 by: 

𝑟𝑡(𝑖, 𝑗) =

{
 

 
𝑟𝑡−1(𝑖, 𝑗),                                     𝑖 ≤ 𝑀𝑡−1,   𝑗 ≤ 𝑀𝑡−1

𝑟𝑡−1(𝑖′, 𝑗),                                    𝑖 > 𝑀𝑡−1,   𝑗 ≤ 𝑀𝑡−1

𝑟𝑡−1(𝑖, 𝑗′),                                    𝑖 ≤ 𝑀𝑡−1,   𝑗 > 𝑀𝑡−1

𝑟𝑛𝑑(𝑖 − 𝑀𝑡−1, 𝑗 − 𝑀𝑡−1), 𝑖 > 𝑀𝑡−1,   𝑗 > 𝑀𝑡−1

⋯⋯⋯⋯(6) 

𝑎𝑡(𝑖, 𝑗) =

{
 

 
𝑎𝑡−1(𝑖, 𝑗),                                     𝑖 ≤ 𝑀𝑡−1,   𝑗 ≤ 𝑀𝑡−1

𝑎𝑡−1(𝑖′, 𝑗),                                    𝑖 > 𝑀𝑡−1,   𝑗 ≤ 𝑀𝑡−1

𝑎𝑡−1(𝑖, 𝑗′),                                    𝑖 ≤ 𝑀𝑡−1,   𝑗 > 𝑀𝑡−1

𝑎𝑛𝑑(𝑖 − 𝑀𝑡−1, 𝑗 − 𝑀𝑡−1), 𝑖 > 𝑀𝑡−1,   𝑗 > 𝑀𝑡−1

⋯⋯⋯⋯(7) 

where 𝑖′ = 𝑎𝑟𝑔𝑚𝑎𝑥𝑖′,𝑖′≤𝑀𝑡−1{𝑠(𝑖, 𝑖
′)} and 𝐴𝑛𝑑 , 𝑅𝑛𝑑  are computed by the implementing AP on 

the new data set only.  

Then, the new clustering result may be computed by implementing AP on the new matrix 𝑆𝑡 

with the help of 𝑅𝑡, 𝐴𝑡. In this way, the system can accommodate new samples quicker than 

before.   

2. Clustering Based Bootstrapping for Expectation Maximization (CBBEM): 

The framework is based on Naive Bayes classifier, a classifier in the natural language processing 

field. Different from the traditional NBC, the system algorithm may use both labeled and 

unlabeled data to train the NBC model by using Expectation-Maximization (EM) algorithm. In 

addition, the algorithm may create new classes to accommodate samples that can’t be 

explained by existing classes during the learning process, which most of the semi-supervised 

classifiers can’t. The parameters of the NBC model may be saved for incremental learning 

purpose and the old sample information may not be required in the future. Hence the proposed 

framework will save both memory and time by updating the clusters incrementally. 

2.1 Naive Bayes Classifier 
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A Naive Bayesian classifier is a kind of probabilistic classifier that uses Bayesian rules to tackle 

classification problems. Naive refers to its assumption that features are independent from each 

other. 

𝑋 = (𝑥1, 𝑥2, 𝑥3,⋯ , 𝑥𝑛) is an observation with n features.  The probability of X coming from class 

𝑘 is: 

𝑝(𝐶𝑘|𝑥1, 𝑥2, 𝑥3,⋯ , 𝑥𝑛) =
𝑝(𝐶𝑘)𝑝(𝑋|𝐶𝑘)

𝑝(𝑋)
=
𝑝(𝐶𝑘)𝑝(𝑥1|𝐶𝑘)𝑝(𝑥1|𝐶𝑘)⋯𝑝(𝑥𝑛|𝐶𝑘)

𝑝(𝑋)
⋯⋯⋯⋯(8) 

So, the estimated class is: 

�̂� = 𝑎𝑟𝑔𝑚𝑎𝑥𝑘∈1,⋯𝐾𝑝(𝐶𝑘)∏𝑝(𝑥𝑖|𝐶𝑘)

𝑛

𝑖=1

⋯⋯⋯⋯(9) 

2.2 Expectation-Maximization (EM) Algorithm 

An EM algorithm can estimate the parameters in a statistic model. In this case, the framework 

implement EM algorithm to estimate the probabilities in the NBC model. Assume the 

parameter set is Θ0, these yield: 

E step: 

𝑄(𝑋) = 𝑝(𝑋|𝐶, Θ𝑡−1) ⋯⋯⋯⋯ (10) 

M step: 

Θ𝑡 = 𝑎𝑟𝑔𝑚𝑎𝑥Θ∫ 𝑄(𝑥) log 𝑝(𝑥, 𝑐, Θ)
𝑥

𝑑𝑥⋯⋯⋯⋯(11) 

2.3. Framework 

The Clustering Based Bootstrapping for Expectation Maximization (CBBEM) is a proposed 

incremental algorithm. It recurrently trains a Naive Bayesian (NB) Expectation Maximization 

(EM) algorithm with the help of an unsupervised clustering. The framework first uses the 

labeled data to train a Naıve Bayesian Classifier model, and uses the EM algorithm to update 

the decision boundary as new samples arrive. In an Expectation step, the system may classify 

the new samples by the old classifier. If the new samples can’t be classified into any existing 

classes confidently, they may be transferred to an undetermined data set. A new class may 

then be created by applying an unsupervised clustering algorithm to the undetermined set. And 

in Maximization step, the classifier may be updated by the model modified in Expectation step. 
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Part of the idea of CBBEM is adopted from another paper by Dalvi et al. 

(http://www.cs.cmu.edu/~bbd/ bbd_ecml13.pdf).  This paper proposed a general exploratory 

semi-supervised learning (SSL) that can learn the data when only a fraction of classes is known, 

the rest of samples may come from novel classes. It solves this problem by using EM algorithm 

together with a new class criterion. But the new class criterion is based on if the classifier get 

confused about the affiliation of a new sample. This situation, however, may happen when 

there are some samples staying between two classes (if the samples are Gaussian distributed 

for instance) and doesn’t necessarily imply the existence of new class. Moreover, the 

exploratory algorithm may create a new class for only one sample if the sample is picked up by 

the new class criterion. This may cause a challenge for the NBC classifier because it may take 

the prior probability into account. Only one in a class may be inadequate for NBC model to 

classify future unlabeled data into this class. Hence, the system improved these issues using a 

new class criterion and the way this new class was created. 

The selection of unsupervised learning clustering algorithm and new class criterion may be 

based on application. For example, assuming the samples are Gaussian distributed, the 

confidence interval may be found using: 

(𝑥 − 𝜇)𝑇Σ−1(𝑥 − 𝜇) ≤ Χ𝑝
2(𝛼) ⋯⋯⋯⋯(12) 

where p is the degree of freedom, and α is the probability that a random point falls outside the 

ellipsoid defined by the equation defined above. We can regard α as the confidence level. And 

use DBSCAN as the unsupervised clustering algorithm to find new clusters. Key codes for 

CBBEM are attached in Appendix I. 

Here is an overall work-flow of this method: 

• (1). Train a Naïve Bayesian Classifier based on the labeled data 

• (2). Use the model to classify the unlabeled data and compute the AICc score 

• (3). If the AICc score doesn't converge or the number of iterations is less than a 

threshold creates an undetermined set for the samples that can't be classified 

confidently. 

• (4). Apply clustering algorithm to find the samples that form densest cluster among 

the undetermined set and create a new class for those data. 
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• (5). Update the model based on Expectation Maximization algorithm and compute 

the AICc score. Go back to step (3). 

• (6). When new samples are available, go back to step (2).    

2.4. Simulated Data Set and Experimental Result: 

The simulated data set contains 1000 two-dimensional samples drawn from 10 Gaussian 

distributions, as shown in Figure 1. The left-hand side figure is the simulated data set 

visualization. And the right-hand side figure is the classification result.  All the samples inside 

the region covered by a same color were classified into the same class by CBBEM algorithm. The 

algorithm started with an empty training data set and iteratively learn from the unlabeled data 

set. 

The following table compares the performance of CBBEM with the performances of other 

widely used unsupervised clustering algorithms. 

 

Figure 1: Simulated data visualization 

 ARI Purity NMI Precision Recall F-measure 

CBBEM 0.9367 0.9710 0.9395 0.9426 0.9432 0.9429 

DBSCAN 0.6160 0.8370 0.7757 0.6750 0.6320 0.6528 

k-means 0.8092 0.8770 0.8878 0.7877 0.8750 0.8291 

Table 1: Performance comparison 

2.5. DNA Data Set and Experimental Result 

In a first case study, there wasn’t enough high value data to test different scenarios using 

citation data set, so this algorithm was tested on DNA to see how different incremental 
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scenarios act with this algorithm. The algorithm is applied to DNA data set to evaluate the 

performance. The simulated DNA data set contained 600 sequences from 6 different classes. 

The following Table 2 shows the performance of CBBEM and k-means. In this case, CBBEM 

started with an empty training data set and iteratively learn from the unlabeled data set 

(unsupervised case). 

 

 ARI Purity NMI Precision Recall F-measure 

CBBEM: 0.6123 0.9100 0.7259 0.8856 0.5397 0.6619 

k-means: 0.6004 0.7650 0.6809 0.6621 0.6718 0.6669 

Table 2: Unsupervised learning experiments 

Next the incremental features of this algorithm were evaluated. There are 3 cases 

corresponding to different scenarios in practice: 

Case 1: Assume all samples from the first 3 classes labeled and available. And all the samples 

from the rest 3 classes as new unknown data. The algorithm may train NBC model on the 

existing labeled data.  And when the new data arrives, it can account for the new data. On the 

contrary, traditional semi-supervised algorithm like semi-supervised NBC can’t account for 

samples from new classes. 

Case 2: Assume half of samples from the first 3 classes are labeled and available, all the rest of 

samples are unlabeled new data. In this case, the upcoming data contains samples from both 

existing classes and new classes. 

Case 3: Assume half of samples from each class are labeled and available, all the rest of 

samples as unlabeled new data. In this case, the algorithm is tested in a traditional case that 

no new class will be presented. 

The following Table 3 shows the performances of CBBEM in those three cases: 

 ARI Purity NMI Precision Recall F-measure 

Case 1: 0.7404 0.9100 0.7456 0.8295 0.8224 0.8260 

Case 2: 0.7476 0.9133 0.7709 0.8769 0.7175 0.7892 

Case 3: 0.8010 0.9200 0.8347 0.8709 0.7967 0.8322 
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Table 3: Semi-supervised learning experiments 

3. Naive Bayes Hierarchical Clustering (NBHC) 

3.1. Naive Bayes Classifier 

As discussed in 2.1, we use the Naïve Bayes model as our base classifier. Please refer to 

Equation 8 and 9. 

3.2. Incremental Framework work-flow: 

• (1). Train the Naïve Bayesian classifier based on labeled data. 

• (2). When the new unlabeled data are available, predict the label using the model 

from step (1).  

• (3). If the likelihood that the new sample belongs to an existing class is greater than 

a threshold (𝜇 − (1 − 𝛼) ⋅ 𝜇, where 𝜇 is the mean of all the maximum likelihood of 

existing samples), we update the existing class by add this new sample to the class. 

Else, create a new class for it and update the NBC model. 

• (4). For the new classes, we can apply the hierarchical clustering algorithm to merge 

them. 

4. Customized incremental author disambiguation algorithm - Incremental High 

Precision Rule based Naïve Bayesian Classifier 

Our approach utilizes previous work by [16] in the initialization of the algorithm on the 

initial block. We then expand on this step to incrementally update the disambiguation 

results. Our method has three main stages: model initialization, new record classification, 

and model update. In the model initialization stage, if there are no existing disambiguation 

results available, this method will use the high precision rules [16] to generate labeled data 

and high precision clusters from the existing dataset.  
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Table 4: Positive High Prevision Rules 

If results are available, the model will instead adopt the clustering information from the 

existing disambiguated database. Then a NB classifier is trained to gain a probabilistic 

model representation for each cluster. In the second stage, when a new citation record is 

available, the NB classifier will compute the posterior probability of the record given each 

existing cluster. The clusters obtaining top posterior scores will be investigated by 

computing the coauthor similarities (Equation 4). In the third stage, based on the result 

from stage 2, the system will determine if the record belongs to an existing cluster or a new 

one. The disambiguation result and NB classifier will be updated based on the decision. 

When deciding whether to create a new cluster to accommodate new records or not, the 

proposed algorithm is very conservative. It generally creates more clusters than necessary, 

but the purity of each cluster is high. This choice is reasonable since in a digital library, 

human correction is very often an additional post-processing option. Hence, it is easier for 

humans to manually select and merge several clusters than to select correct individual 

papers from clusters and then place them together. The main steps of our method are 

described in Appendix II, and some notations used in this section are listed in Table 5. 
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Table 5: Notation Table 

A. Model initialization  

Like some previous research, we grouped each citation record into blocks defined by 

last name and first initial. Note that many papers have more than one author; in these 

cases, they will be assigned to more than one block based on the author names. The 

disambiguation tasks are independent from each block in our algorithm. Thus, for 

convenience, in the rest of this section, we will discuss the workflow in an arbitrary 

block. If the database was previously disambiguated, our model can adopt the 

clustering label from the result. Otherwise, we will apply a small set of high precision 

rules to the existing citation records dataset to form a tentative disambiguation result. 

The articles will be merged together if they are very likely to have been written by the 

same author according to the high precision rules. The output of this process is a set of 

high-precision clusters (tentative disambiguation result). The high precision rules were 

proposed by [16] in 2012. Table II shows the positive rules they proposed. These rules 

are called positive rules because they allow the merging of two articles if the two 

articles meet one of these requirements in Table 4.  

In addition to these rules, they also proposed some restrictions that disallow the 

merging of two articles (negative rules). 

“First, articles x and y may not be merged unless x’s (first, middle initial, last) is equal to 

y’s (first, middle, last) or x’s is a subset of y’s or y’s is a subset of x’s. For example, 

(William, J., Flinstone), would match (W., J., Flinstone), (William, Flinstone) and (W., 

Flinstone). Second, articles in two different non-English languages may not be merged. 
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Third, articles (with multiple authors) may not be merged unless they have at least one 

coauthor in common.” [16] The high precision rules can create very pure clusters of 

citation records. The performance of rule-based disambiguation can achieve 89% 

precision in [16]’s experiment, which is also the most precise algorithm compared with 

the other three methods. This is achieved at the cost of recall as it creates more clusters 

than ideal. But this is also acceptable, as we mention above, since it is easier for users to 

manually correct these during post-processing. In addition, it is also an effective 

algorithm for large-scale datasets.  

The resulting clustering labels (either from an existing disambiguation result or a rule-

based result) will be used to train a supervised classifier. NB classifiers are probabilistic 

models that exploit Bayes rule to tackle classification problems; “naive” refers to the 

assumption that features are independent from each other. This type of classifier is 

widely used in Natural Language Processing applications ([18], [19]). It has been 

proven efficient and easy to train. In addition, it is easily updated without the need to 

process the entire dataset when new samples become available. Moreover, it can 

provide a probabilistic classification result so that we can understand how close some 

classes are and which clusters are likely representing the same author. In our 

application, each feature is a word. Identical words with different attributes are treated 

as if they were different due to their contrasting effects on the posterior. We consider 8 

attributes, based on Web of Science data fields. They are address, coauthor name, 

subject, reference paper, language, publication year, abstract, and institution name. The 

training process of a NB classifier is simple. We use maximum likelihood to estimate the 

priors 𝒑(𝑪𝒌), which describes how likely we are at observing a new record from cluster 

𝑪𝒌, and other relevant probabilities such as 𝒑(𝒙𝒂,𝒋|𝑪𝒌), which describes how often we 

can observe word j in attribute a given the record is from cluster Ck. Equation 13, 14 

show the estimation of 𝒑(𝑪𝒌) and 𝒑(𝒙𝒂,𝒋|𝑪𝒌). 

𝒑(𝑪𝒌) =  
∑ 𝟏(𝒍𝒊 == 𝑪𝒌)
𝑳
𝒍𝒊

𝒏
⋯⋯⋯⋯(𝟏𝟑) 

𝒑(𝒙𝒂,𝒋|𝑪𝒌) =  
∑ ∑ 𝟏

𝑿𝒊
𝒂

𝒙 (𝒍𝒊 == 𝑪𝒌 & 𝒙 == 𝒙𝒂,𝒋)
𝑳
𝒍𝒊

∑ ∑ ∑ 𝟏
𝑿𝒊
𝒂

𝒙 (𝒍𝒊 == 𝑪𝒌)𝑨
𝒂

𝑳
𝒍𝒊

⋯⋯⋯⋯(𝟏𝟒) 

B. New records classification  

After initialization, the model is subject to be updated whenever new citation records 

are available. Given a new record, the NB classifier is first applied to find out the 

probabilities of clusters generating this record. Let 𝒙𝒊
𝒂 = (𝒙𝟏

𝒂, 𝒙𝟐
𝒂,⋯ , 𝒙𝒏

𝒂) be a bag of 
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words from attribute a of a new citation record 𝒊. The probability of Xi belonging to 

class 𝒌 is Equation 15: 

𝒑(𝑪𝒌|𝑿𝒊) =  
𝒑(𝑪𝒌)∏ ∏ 𝒑(𝒙𝒋

𝒂|𝑪𝒌)
𝑵𝒂
𝒋=𝟏

𝑨
𝒂

∑ 𝒑(𝑪𝒌)
𝑲
𝒌=𝟏 ∏ ∏ 𝒑(𝒙𝒋

𝒂|𝑪𝒌)
𝑵𝒂
𝒋=𝟏

𝑨
𝒂

⋯⋯⋯⋯(𝟏𝟓) 

where 𝑪𝒌 refers to citation record cluster 𝒌, and 𝑲 the total number of clusters. Then 

clusters corresponding to the top posteriors will be extracted from the database for 

analysis. The coauthor similarity between the clusters and the new records will be 

computed by the maximum Jaccard Index between the new record and a citation record 

in the cluster as shown in Equation 15 

𝑱(𝑨𝒖𝒊, 𝑪𝒌) =𝒎𝒂𝒙 {
𝑪𝒌

|𝑨𝒖𝒊 ∩ 𝑨𝒖𝑪𝒌,𝒋|

|𝑨𝒖𝒊 ∪ 𝑨𝒖𝑪𝒌,𝒋|
}⋯⋯⋯⋯(𝟏𝟔) 

where 𝑨𝒖𝒊 is the list of coauthors of new citation record 𝒊, 𝑨𝒖𝑪𝒌,𝒋 is the list of coauthors 

of a citation record in cluster 𝑪𝒌. 

C. Model updates  

If the co-author similarity is not greater than the threshold, we will create a new cluster 

to accommodate the new records. Otherwise, we will assign the new records to the 

corresponding cluster. The clusters and their word frequency vectors are stored in a 

dictionary and can be quickly indexed. To update the NB model, we can just add the 

word frequency vector to the word frequency vector of the corresponding cluster and 

recompute the probabilities for new records against that cluster. 

Citation datasets and experimental results: 

A. Datasets 

The proposed algorithm was evaluated on two real datasets, BDBcomp and CAWoS. 

BDBcomp is a subset from BDBcomp [20] (http://www.lbd.dcc.ufmg.br/bdbcomp) and 

CAWoS is a name block from Clarivate Analytics Web of Science.  

In BDBcomp, there are 361 citation records from 10 name blocks with each citation 

including author name, coauthor name, title, and venue fields. Table 6 shows the detailed 

information about BDBcomp.  

In CAWoS, we focused on authors with the last name “Kim” and the first initial “E.” CAWoS 

comprises 19,877 citation records associated with the “E. Kim” name block. This name 

block embodies the complexity of the author disambiguation problem and simultaneously 
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provides rich data and metadata including coauthors, addresses, institutions, subjects, 

abstracts, emails, languages, and reference papers. The complexity of this block is two-fold. 

First, it contains almost 20,000 publications (with several hundred having ground truth 

labels) of which the author names to be disambiguated have the same last name and first 

initial. Most of the citation records contain many types of metadata such as addresses and 

reference papers. To our knowledge, this is one of the largest name blocks ever used to 

formally evaluate the incremental author disambiguation problem. Second, the last name 

and first initial segmentation protocol is redundant for most East Asian names (like the 

author names to be disambiguated in CAWoS) because first names are often more 

informative than last names in helping to distinguish individual identity. Hence, 

segmenting authors by last name hampers the author disambiguation process for East 

Asian names. 

  
Table 6: BDBComp Overview 

B. Experimental Setup  

Performance on the two datasets are used to compare our proposed algorithm against 

implementations of INDi and INC, two incremental author disambiguation methods 

proposed by [14] and [17], respectively. Both methods are based on heuristics. Our 

implementation of these two methods are two variants of the original algorithms. For 

example, we did not implement the string comparison for author names because it is 

inefficient when comparing many names from the same block, as is the case with the 

CAWoS data. In addition, both algorithms require a disambiguated dataset to initialize their 

algorithm. We initialized the datasets by using High Precision Rules discussed in Section III 
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if applicable. For our BDBComp experiment, we used the same INDi/INC parameters as 

those used on the BDBComp data in [17]. For the CAWoS experiment, we set the INDi/INC 

parameters to be the same as those being used in the KISTI dataset (built at the Korea 

Institute of Science and Technology Information and containing about 30 Korean surnames 

in English) in [17]. Using parameters tuned on KISTI should be appropriate for CAWoS 

since the “E. Kim” block has mostly Korean authors.  

Like [17], we performed a parameter sweep for θ for the BDBComp dataset since there was 

no training data for this “real collection” [17]; therefore, θ was optimized for the 

precision/F-measure on BDBComp. ε was chosen arbitrarily (ε = 10) for BDBComp. Then 

the same θ (that was used in BDBComp) was applied to the CAWoS data while ε was 

increased to 100 to allow for more clusters. Values of the parameters are shown in the 

figure titles.  

For the authors in each name author name block who only had one paper (which was about 

15 authors per block on average) in BDBComp, we selected 4 authors to be included in our 

incremental testing dataset while the rest were used to initialize the algorithm. For the 

authors having more than one paper, we included half the citations (rounded down) during 

initialization and the remainder for testing.  

Table 7, Table 8 shows performance on various authors in BDBcomp dataset with INDi and 

INC and Table 9-12 with our proposed method.  

Block Precision Recall F-measure ACP AAP K 

a oliveira 0.96 0.13 0.23 0.98 0.53 0.72 

a silva 0.86 0.12 0.21 0.98 0.69 0.82 

f silva 1 0.16 0.29 1 0.84 0.92 

j oliveira 1 0.41 0.59 1 0.70 0.83 

j silva 0.89 0.14 0.25 0.97 0.61 0.77 

j souza 1 0.06 0.12 1 0.40 0.64 

l silva 1 0.24 0.39 1 0.67 0.82 

m silva 0.5 0.20 0.29 0.95 0.81 0.88 

r santos 1 0.67 0.80 1 0.95 0.97 

r silva 0.67 0.33 0.44 0.96 0.88 0.92 



24 
Confidential and Proprietary to CVDI 

Table 7: INDi Performance (𝛼𝑡𝑖𝑡𝑙𝑒 = 0,𝛼𝑣𝑒𝑛𝑢𝑒 = 0.1, 𝛿 = 0.4) 

 

Block Precision Recall F-measure ACP AAP K 

a oliveira 0.90 0.31 0.47 0.88 0.61 0.73 

a silva 0.75 0.37 0.49 0.89 0.81 0.85 

f silva 0.55 1 0.71 0.84 1 0.92 

j oliveira 0.88 0.39 0.54 0.94 0.70 0.81 

j silva 0.67 0.39 0.49 0.83 0.76 0.80 

j souza 0.88 0.26 0.40 0.88 0.55 0.70 

l silva 0.65 0.52 0.58 0.81 0.84 0.82 

m silva 0.36 0.80 0.50 0.73 0.95 0.83 

r santos 0.50 1 0.67 0.85 1 0.92 

r silva 0.33 0.5 0.40 0.81 0.91 0.86 
Table 8: INC Performance (𝜔𝑎 = 3,𝜔𝑐 = 3,𝜔𝑡 = 1,𝜔𝑣 = 1, 𝛾 = 2) 

 

Block Precision Recall F-measure ACP AAP K 

a oliveira 0.98 0.27 0.42 0.98 0.60 0.77 

a silva 0.97 0.29 0.44 0.98 0.76 0.86 

f silva 0.86 1 0.92 0.96 0.76 0.86 

j oliveira 0.90 0.78 0.83 0.94 0.89 0.91 

j silva 0.81 0.38 0.51 0.90 0.73 0.81 

j souza 1 0.21 0.35 1 0.52 0.72 

l silva 1 0.55 0.71 1 0.85 0.92 

m silva 1 0.80 0.89 1 0.95 0.97 
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r santos 1 0.67 0.80 1 0.95 0.97 

r silva 0.75 0.50 0.60 0.96 0.91 0.94 
Table 9: Customized Method Performance (𝜖 = 10, 𝜃 = 0.35) 

 

Block Precision Recall F-measure ACP AAP K 

a oliveira 0.71 0.29 0.41 0.74 0.67 0.70 

a silva 0.38 0.43 0.40 0.55 0.87 0.69 

f silva 0.11 1 0.19 0.33 1 0.58 

j oliveira 0.50 0.52 0.51 0.54 0.77 0.65 

j silva 0.43 0.64 0.52 0.55 0.87 0.69 

j souza 0.69 0.65 0.67 0.68 0.79 0.73 

l silva 0.61 0.82 0.70 0.69 0.95 0.81 

m silva 0.08 0.6 0.13 0.30 0.90 0.52 

r santos 0.12 1 0.21 0.41 1 0.64 

r silva 0.12 0.83 0.20 0.44 0.96 0.65 
Table 10: IPAP Performance (𝜖 = 0.9) 

 

Block Precision Recall F-measure ACP AAP K 

a oliveira 0.16 1 0.27 0.17 1 0.42 

a silva 0.06 0.95 0.11 0.08 0.95 0.28 

f silva 0.02 1 0.04 0.13 1 0.36 

j oliveira 0.12 0.80 0.21 0.19 0.90 0.41 

j silva 0.09 0.84 0.17 0.19 0.91 0.42 

j souza 0.23 0.75 0.35 0.37 0.85 0.56 
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l silva 0.06 1 0.12 0.09 1 0.30 

m silva 0.14 0.6 0.23 0.66 0.90 0.77 

r santos 0.15 0.67 0.25 0.75 0.95 0.84 

r silva 0.02 0.83 0.04 0.20 0.96 0.44 
Table 11: CBBEM Performance (𝛼 = 0.97) 

 

Block Precision Recall F-measure ACP AAP K 

a oliveira 0.50 0.53 0.51 0.63 0.71 0.67 

a silva 0.15 0.73 0.24 0.45 0.82 0.61 

f silva 0.18 0.5 0.26 0.76 0.89 0.82 

j oliveira 0.46 0.65 0.54 0.62 0.77 0.69 

j silva 0.23 0.32 0.27 0.59 0.65 0.62 

j souza 0.46 0.59 0.52 0.63 0.73 0.68 

l silva 0.34 0.73 0.47 0.64 0.79 0.71 

m silva 0.1 0.2 0.13 0.72 0.81 0.76 

r santos 0 0 0 0.75 0.85 0.80 

r silva 0.05 0.17 0.07 0.69 0.84 0.76 
Table 12: NBHC Performance (𝛼 = 0.97) 
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For the experiment we performed on CAWoS, we want to take a closer look at the 

customized method we proposed for this application and compare it to two existing 

methods. We split the 19,877 citations from CAWoS dataset into 10 batches ensuring that 

each batch had 72 labeled citations in it. The first batch served as the existing citation 

library to initialize the algorithm and the other 9 batches arrived in the system 

sequentially. The incremental algorithm processed these 9 batches and updated 

accordingly. The experiments were conducted 10 times. Each experiment was initialized by 

a fold of the data and updated by the rest of batches. The mean and standard deviation of 

the performance for the ten experiments was computed. The following figures show the 

mean performance and standard deviation. 

The INDi’s and INC’s performance on the CAWoS data over time is shown in Figure 5 and 

Figure 6, and our proposed method’s performance is shown in Figure 7. 

 
Figure 5: CAWoS broken into 10 batches incremental experiment using INDi  

(αtitle = 0, αvenue = 0.1, δ = 0.6)  



28 
Confidential and Proprietary to CVDI 

 
Figure 6: CAWoS broken into 10 batches incremental experiment using INC  

(ωa =3, ωc =3, ωt =1, ωv =1, and γ=2)
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Figure 7: CAWoS broken into 10 batches incremental experiment using proposed method  

(ε = 100, θ = 0.35)  

C. Discussion  

From Table 7 and 12, we demonstrate that our customized incremental learning algorithm 

is superior in terms of the K-measure (a geometric mean of ACP and AAP) and yields better 

(6 out of 10 author blocks) disambiguation results in terms of F-measure and precision. As 

shown in the tables, the INDi algorithm can produce more pure clusters (highest ACP in 9 

out of 10 author blocks) than our proposed algorithm at the cost of lower Recall and AAP. 

In fact, there is a trade-off between precision and recall as it switches from clustering some 

citation records alone in their own clusters, to grouping similar citations with fewer 

clusters.  

Aside from evaluating the customized algorithm, we also evaluate the performance of other 

3 proposed method on this problem. As shown in Table 10-12, the other three algorithms 

don’t performance as good as those disambiguation algorithms. Especially for CBBEM, most 

of the citation records were put together by the algorithm. It is because this algorithm 

assumes the input data to be normally distributed. Thus, it is more appropriate to use it 
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when the input data is approximately Gaussian. IPAP performs the best among these three 

proposed methods because it requires the access of original data. One of the advantages of 

this method is that it can update the predicted label for original data as well. But this 

method may not be suitable for streaming data because the original streaming data is not 

likely stored.  

Figure 7 shows the performance of the proposed algorithm over time by simulating the 

new citation arrival in the CAWoS dataset. Our proposed algorithm, using the θ derived 

from BDBComp dataset, no longer achieves the highest F-measure (due to poor recall) but 

maintains its high precision performance. This may indicate that larger datasets may need 

different parameters to mitigate recall performance loss. 

For the proposed algorithm, shown in Figure 7, the precision starts to slightly decrease 

after 3 updates, and the average precision over 10 evaluations is 93.10 % (the average 

precision of INDi and INC are 70.57% and 81.84%, respectively). The performance shows 

that this proposed algorithm can be scaled up to large datasets while maintaining good 

precision. However, this comes at a cost of recall, with our recall dropping to 10% around 

the 5th update while INC’s hovers around 20% and INDi’s almost achieves 40%. Due to the 

recall, both INC and INDi achieve higher F-measure, but as mentioned prior, higher 

precision results in more high-purity clusters than are necessary, and these clusters can 

then be merged with manual intervention or with another automated process. Pulling out 

false positives from clusters is much harder to remedy. Hence, a higher precision method is 

more suitable for author disambiguation. 

Finally, it is of note that our algorithm only uses 2 parameters while competing methods 

use 3 and even up to 5. While there is not a one-size-fits-all setting for our parameters, the 

parameter sweep will be less computationally expensive than other methods when 

exploring different scenarios. Also, for the CAWoS data, our proposed algorithm’s 

performance does not vary as much as INC/INDi’s resulting in tighter error bars. This 

indicates that our algorithm is more robust and less dependent on the initialization batch 

than other methods. 
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Functionality of Innovation(s) 

We proposed three incremental algorithms and one customized algorithm. The innovations 

include:  

(1) IPAP combined an incremental affinity propagation method and a partition affinity 

propagation and shown that the updates rules are more appropriate.   

(2) One of the problem in incremental learning field is how to determine if a new sample 

belongs to new class or one of the existing class. We used the posteriors of Naïve Bayes 

classifier as the evidence of the existence of a new class.  

(3) We provide a customized algorithm for author name disambiguation problem which has 

superior K-measure performance and obtains high precision at the cost of recall, which can be 

preferable in scenarios where manual curation is desired 

(4) We demonstrate that incremental learning algorithm (CBBEM) can be applied to DNA 

classification. 

Conclusions and Recommendations 
Incremental Partition Affinity Propagation uses the distance matrix, responsibility matrix, 

and availability matrix to cluster the samples. When new data arrives, it can quickly update 

the responsibility matrix and availability matrix by the update rule and update the 

clustering result based on those matrices to realize incremental learning. The shortcoming 

of this method is that it requires the access of the original data. This requirement makes 

this method inefficient in dealing with streaming data. But the advantage of this method is 

that it can update the clustering result for not only for new samples but also original 

samples. This feature makes this method useful when the original sample still matters. 

Clustering Based Bootstrapping for Expectation Maximization combines Naïve Bayes 

classifier and a clustering method, DBSCAN, together to solve the incremental learning 

problem. The method initializes its model by existing data. And when new samples are 

available, the model will classify the new samples first. If the new samples can’t be 

classified confidently, the model will be updated. But the confident boundary is defined by 

a Gaussian contour which is effective when the data is normally distributed. Thus, it 

method is more powerful on Gaussian distributed data. As the experiment shown, this 
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method can outperform K-means in the simulated experiment. One big issue of this 

problem is the it is hard to implement this method to author disambiguation problem or 

other text classification problem because this method assumes the input data to be normal 

distributed. Thus, we proposed Naive Bayes Hierarchical Clustering. Naive Bayes 

Hierarchical Clustering uses the gram based Naïve Bayes classifier instead of Gaussian 

Naïve Bayes classifier. And it used Hierarchical Clustering to cluster the undetermined 

samples when NBC can’t classify them confidently. It is suitable when the underlying data 

structure is hierarchical. But the performance of this method on author disambiguation 

problem is still not good. Because the distance matrix can’t represent the true relationship 

between the citations. Hence, the Hierarchical Clustering phase can’t produce valuable 

result. In addition, NBC requires labeled data for training phase, but labeled data is 

extremely valuable in author disambiguation problem because the labels are very hard to 

obtain. Our final method, Incremental High Precision Rule based Naïve Bayesian Classifier, 

can be extended to an incremental author disambiguation approach that combines a 

probabilistic supervised learning algorithm with heuristic methods to continuously update 

disambiguation results when new data samples are available. Because of its probabilistic 

nature, the proposed method provides an automatic way to explore the complex metadata 

space to assist the disambiguation task and results in less free parameters needing to be 

tuned; the proposed method only uses 2 while other methods use 3 and 5. We evaluated 

our new approach using two real datasets and illustrated the precision/recall trade-offs. On 

a published dataset, our method has superior K-measure performance and obtains high 

precision at the cost of recall, which can be preferable in scenarios where manual curation 

is desired. An incremental learning framework is useful for dealing with the problem of 

large volumes of data arriving in batches that need to be clustered. Our approach is 

optimized for scientific publication citation data but could be integrated with many types of 

disambiguation systems as it requires minimal data and disambiguation results as inputs. 

Hence, a future extensions of this framework can be applied to social networks and 

genomics. 
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Impact and Uses/Benefits 

The contributions of our research are thus 3-fold: (1) We propose four incremental learning 

algorithms that can update the decision boundary for the new incoming samples of the 

classifier without retraining the classifier with the entire training set each time. Moreover, one 

of the methods, IPAP, can also update the decision for original data (2) We proposed a 

customized incremental learning algorithm (Incremental High precision rule based Naïve 

Bayesian Classifier) to update bibliographic datasets without the need for labeled information. 

The disambiguation results from an existing disambiguation system are also optional in our 

framework. The high-precision rule NBC algorithm demonstrates high precision on a large-scale 

name block comprising nearly 20,000 citation records. To our knowledge, this test dataset is 

one of the largest name blocks ever used in an incremental author disambiguation evaluation 

research project. (3) We successfully benchmark the performance of our proposed methods 

against other incremental approaches, where we demonstrate notable improvements.  
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Appendix 

I. Algrithm for CBBEM: 
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II. Algrithm for customized incremental laerning framework: 
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III. Evaluation Metrics: 

We used 9 different metrics to evaluate the performance. Precision/Recall/F-measure are 

generally used in clustering problems [15], ACP/AAP/K are used by [14], and 

Purity/AMI/ARI are used by [21].  

One may wish to measure how pure a cluster is despite its Precision/Recall. The measure 

of purity is defined as:  

𝒑𝒖𝒓𝒊𝒕𝒚(𝛀, 𝑪) =  
𝟏

𝑵
∑𝒎𝒂𝒙𝒋|𝝎𝒌 ∩ 𝒄𝒋|⋯⋯⋯⋯(𝟏𝟕)

𝒌

 

purity measures the fidelity of each cluster, it cannot measure the quality of the cluster 

number and size.  

Adjusted Mutual Information (AMI) can measure the quality of the clustering and the 

number of clusters. It is adjusted by the size of clusters so that we can relieve the adverse 

effect of unbalanced clusters:  

𝑨𝑴𝑰(𝛀, 𝑪) =  
𝑴𝑰(𝛀, 𝑪) − 𝑬(𝑴𝑰(𝛀, 𝑪))

[𝐦𝐚𝐱(𝑯(𝛀),𝑯(𝑪)) − 𝑬(𝑴𝑰(𝛀, 𝑪))]
⋯⋯⋯⋯(𝟏𝟖) 

where 𝛀 refers to the cluster result and 𝐂 refers to ground truth.  

Adjusted Rand index (ARI) computes the consistency of the computed vs. the ideal 

clustering. It is adjusted by the size of clusters so that we can relieve the adverse effect of 

unbalanced clusters as well.  

𝑨𝑅𝐼 =  
𝑅𝑰 − 𝑬(𝑅𝑰)

[𝐦𝐚𝐱(𝑅𝐼) − 𝑬(𝑅𝑰)]
⋯⋯⋯⋯(19) 

The following three metrics uses average purity to evaluate the disambiguation results: 

average Cluster Purity (ACP) evaluates the purity of the disambiguation results; Average 

Author Purity (AAP) evaluates the fragmentation of the empirical clusters with respect to 

the theoretical clusters; and the K metric gives a comprehensive evaluation based on ACP 

and AAP [14]. Average Cluster Purity:  

𝐴𝐶𝑃 = 
𝟏

𝑵
∑∑

𝑛𝑖𝑗
2

𝑛𝑖

𝑁𝑎

𝑗=1

𝑁𝑐

𝑖=1

⋯⋯⋯⋯(20) 

Average Author Purity:  
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𝐴𝐴𝑃 = 
𝟏

𝑵
∑∑

𝑛𝑖𝑗
2

𝑛𝑖

𝑁𝑐

𝑗=1

𝑁𝑎

𝑖=1

⋯⋯⋯⋯(21) 

K metric:  

𝐾 = √𝐴𝐶𝑃 ∗ 𝐴𝐴𝑃⋯⋯⋯⋯(22) 

where N is the total number of citation records, 𝐍𝐜 is the number of clusters generated by 

the algorithm, 𝐍𝐚 is the number of authors, 𝐧𝐢 is the total number of citation records in 𝐢, 

and 𝐧𝐢𝐣 is the intersection of total number of citation records in 𝐢 and 𝐣.  

The following three metrics are useful for evaluating author disambiguation results [16]. 

They scan through all pairs of articles in the database and check if they are correctly linked. 

Thus, they are pairwise metrics.  

Pairwise Precision: 

𝑃(𝑅, 𝐺) =
|𝑃𝑎𝑖𝑟𝑠(𝑅) ∩ 𝑃𝑎𝑖𝑟𝑠(𝐺)|

|𝑃𝑎𝑖𝑟𝑠(𝑅)|
⋯⋯⋯⋯(23) 

Pairwise Recall: 

𝑅(𝑅, 𝐺) =
|𝑃𝑎𝑖𝑟𝑠(𝑅) ∩ 𝑃𝑎𝑖𝑟𝑠(𝐺)|

|𝑃𝑎𝑖𝑟𝑠(𝐺)|
⋯⋯⋯⋯(24) 

Pairwise F1-measure: 

 𝐹1(𝑅, 𝐺) =
2 ∗ 𝑃 ∗ 𝑅

𝑃 + 𝑅
⋯⋯⋯⋯(25) 
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	III. Evaluation Metrics:
	We used 9 different metrics to evaluate the performance. Precision/Recall/F-measure are generally used in clustering problems [15], ACP/AAP/K are used by [14], and Purity/AMI/ARI are used by [21].
	One may wish to measure how pure a cluster is despite its Precision/Recall. The measure of purity is defined as:
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	purity measures the fidelity of each cluster, it cannot measure the quality of the cluster number and size.
	Adjusted Mutual Information (AMI) can measure the quality of the clustering and the number of clusters. It is adjusted by the size of clusters so that we can relieve the adverse effect of unbalanced clusters:
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	where 𝛀 refers to the cluster result and 𝐂 refers to ground truth.
	Adjusted Rand index (ARI) computes the consistency of the computed vs. the ideal clustering. It is adjusted by the size of clusters so that we can relieve the adverse effect of unbalanced clusters as well.
	The following three metrics uses average purity to evaluate the disambiguation results: average Cluster Purity (ACP) evaluates the purity of the disambiguation results; Average Author Purity (AAP) evaluates the fragmentation of the empirical clusters ...
	Average Author Purity:
	K metric:
	where N is the total number of citation records, ,𝐍-𝐜. is the number of clusters generated by the algorithm, ,𝐍-𝐚. is the number of authors, ,𝐧-𝐢. is the total number of citation records in 𝐢, and ,𝐧-𝐢𝐣. is the intersection of total number o...
	The following three metrics are useful for evaluating author disambiguation results [16]. They scan through all pairs of articles in the database and check if they are correctly linked. Thus, they are pairwise metrics.
	Pairwise Precision:
	Pairwise Recall:
	Pairwise F1-measure:

