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Abstract

Purpose: Research dynamics have long been a research interest. It is a macro perspective tool 
for discovering temporal research trends of a certain discipline or subject. A micro perspective 
of research dynamics, however, concerning a single researcher or a highly cited paper in terms 
of their citations and “citations of citations” (forward chaining) remains unexplored.

Design/methodology/approach: In this paper, we use a cross-collection topic model to 
reveal the research dynamics of topic disappearance topic inheritance, and topic innovation in 
each generation of forward chaining. 

Findings: For highly cited work, scientific influence exists in indirect citations. Topic 
modeling can reveal how long this influence exists in forward chaining, as well as its influence.

Research limitations: This paper measures scientific influence and indirect scientific 
influence only if the relevant words or phrases are borrowed or used in direct or indirect 
citations. Paraphrasing or semantically similar concept may be neglected in this research.

Practical implications: This paper demonstrates that a scientific influence exists in indirect 
citations through its analysis of forward chaining. This can serve as an inspiration on how to 
adequately evaluate research influence.

Originality: The main contributions of this paper are the following three aspects. First, 
besides research dynamics of topic inheritance and topic innovation, we model topic 
disappearance by using a cross-collection topic model. Second, we explore the length and 
character of the research impact through “citations of citations” content analysis. Finally, 
we analyze the research dynamics of artificial intelligence researcher Geoffrey Hinton’s 
publications and the topic dynamics of forward chaining.
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1 Introduction

Research dynamics and topic evolution are hot topics in Scientometrics. These 
research works aim to discover the temporal research trends of a certain discipline 
or subject. Most previous works only focus, however, on the dynamics of inherited 
topics and the innovative topics of follow-up studies (through direct citations), but 
disappearing topics of the cited work remain unexplored. Disappearing topics are 
those that are not inherited (mentioned) by follow-up studies. These topics might 
be potentially emerging technologies in certain situations or “sleeping beauty” 
candidates for the future. Revealing the dynamic of disappearing topics is an 
interesting point. In this paper, we give our solution by using cross-collection topic 
models (ccTM). In ccTM, common topics and inclusive topics are drawn from 
collection independent words and collection-dependent words, respectively. In 
our use case, we draw disappearing topics, inherited topics and innovative topics 
from cited collection specific words, cited and citation shared words, and citation 
collection specific words, respectively.

Most of the studies on academic influence try to find an explicit answer to the 
impact of original work on follow-up research. For research elites or highly cited 
work, this impact may be long-lasting, not only directly on citations but also 
indirectly on citations of citations (Hu, Rousseau, & Chen, 2011). In this paper, we 
use forward chaining to reveal this impact and how long it lasts (as measured by 
citation generations).

This paper is organized as follows. In Section 2, we introduce related work, 
especially work on the cross-collection topic model and its variations. We give a 
detailed explanation of our topic model in Section 3. In Section 4, we use our model 
to reveal the research dynamics over each generation of forwarded citations 
stemming from artificial intelligence researcher Geoffrey Hinton.

2  Related work
2.1  Research dynamics method

To perceive or even predict temporal changes to the research landscape, 
researchers from various domains leverage topic models to revise the research 
dynamics of their domains. Beykikhoshk et al. (2016) use topic model to analyze 
the history of the autism spectrum disorder. Doyle and Elkan (2019) use Dirichlet 
compound multinomial (DCM) distributions to model the phenomenon of 
“burstiness.”. Wu et al. (2014) the study topic evolution of stem cell research 
literature. De Battisti, De Battisti, Ferrara and Salini (2015) analyze the links 
between topics and their temporal evolution. Wu et al. (2010) use topic models to 
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mine the literature in the field of bioinformatics and discover important research 
topics, quantifying the evolution of these themes and showing their trends. Hall, 
Jurafsky and Manning (2008) apply topic modeling to analyze historical trends in 
the field of Computational Linguistics from 1978 to 2006. Yan (2015) uses topic-
based approaches to reveal research dynamics, impacts and the dissemination of 
informetric studies.

2.2  Topic models for cross-collection datasets

There are various topic models since Blei et al. (2003) first introduced Latent 
Dirichlet Allocation (LDA). Since we want to demystify research dynamics through 
forward citations analysis, we are especially focused on topic models that can model 
correlations or differences between datasets. The first such models were Dynamic 
Topic Models like those of Gerrish and Blei (2010), Iwata et al. (2010), and Xu 
et al. (2014). These models incorporate time-varying variables in the topic model 
to reveal the temporal change of topics. The second such models were correlation 
topic models like that of Chang (2009), Chang and Blei (2010), and Li and Mccallum 
(2006). Unlike topic models that model two-layer multinomial distributions as a 
latent Dirichlet allocation they use Pachinko allocation to model correlations 
between topics, which are assumed to be in latent Dirichlet allocation.

Our work is based on cross-collection topic models (ccTM). These models include 
ccMix (Zhai, Velivelli, & Yu, 2004), ccLDA (Paul & Girju, 2009, 2010), the 
Inheritance Topic Model (He et al., 2009), Link-PLSA-LDA (Nallapati & Cohen, 
2008; Nallapati et al., 2008), the Differential Topic Model (Chen et al., 2015), 
RefTM (Shen, 2016), C-LDA and C-HDP (Zhang et al., 2015), cite-LDA and cite-
PLSA-LDA (Kataria, Mitra, & Bhatia, 2010), LTAI (Kim, Kim, & Oh, 2017), 
citation-LDA (Wang, Zhai, & Roth, 2013), content-citation LDA (Zhou, Yu, & Hu, 
2017) and the entropy-based topic model (Risch & Krestel, 2018). The most similar 
work (Dietz, Bickel, & Scheffer, 2007) devises a probabilistic topic model that 
explains the generation of documents; this model incorporates the aspects of topical 
innovation and topical inheritance via citations. 

To solve our problem of comparing topics of cited collection and citation 
collection, we borrow the idea of these cross-collection models in which common 
topics and inclusive topics are drawn from collection-independent words and 
collection-dependent words, respectively. In our topic model, we draw disappearing 
topics, inherited topics and innovative topics from cited collection specific words, 
citation collection independent words and citation collection specific words.

Studies like those of Elgendi (2019), Martínez et al. (2015), and Parker, Allesina, 
and Lortie (2013) also try to characterize highly cited papers by their citation counts, 
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views and other features. Based on our previous work (Chen & Han, 2019), we go 
further behind the citation statistics and analyze citation content by extending the 
ccTM model to find out what impact highly cited researchers have on follow-up 
studies, as well as how far their impacts go by measuring the number of influenced 
generations of forward citations.

3 Meth odology
We use cross-collection topic models (ccTM) to solve the problem of topics 

regarding several collections. In addition to independent document-topic and topic-
word distributions of each collection, ccTM also tries to capture the common shared 
knowledge among collections and the unique knowledge of each collection. This is 
possible because we can observe collection-dependent words and collection-
independent words.

In our study, we have two collections of documents: cited documents and 
citation documents. We have observations of cited-independent words (disappearing 
words), shared common words (inheritance words) and citation-independent words 
(innovative words). Cited collection documents are a combination of disappearing 
words and inherited words and citation collection documents are a combination of 
inheritance words and innovative words. In Section 4, we will introduce how we 
apply ccTM to reveal topic disappearance, topic inheritance, and topic innovation 
of cited collection and citation collection.

We state our problem as follows: given two collections of scientific articles, one 
collection is the cited collection, and the other is the citation collection. D is the 
number in the documents of citation collection. These two collections share K topics 
globally expressed over V unique words. θd is the k dimensional document-topic 
distribution of the citation document d. μd is the k dimensional document-
topic distribution of cited document d. σd is the k dimensional shared document-
topic distribution between cited document d and the citation document d. w is the 
V dimensional unique topic-word distribution of the citation document d. It is shared 
between the cited collection and the citation collection.

The ccTM model uses a shared topic-word distribution and a collection-specific 
topic-word distribution. In our use case, the shared topic-word distribution represents 
inherited topics and the cited specific topic-word distribution represents disappearing 
topics. Finally, the citation specific topic-word distribution represents innovative 
topics. We use these distributions to generate cited specific document-words, shared 
cited document-words and citation-specific document-words based on word 
observations. These three document-words should also combine to converge at the 
cited document-word observation and citation document-word observation at the 
same time.
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Figure 1 shows the plate diagram of our use case of the ccTM model. We rephrase 
the ccTM generative process in our use case as described:

1. For each topic k ∈1, … , K,
 a. Draw wd,k from the cited-specific topic-word distribution wd,k ~ Dir(βd).
2. For each document d ∈1, … , D,
 a. Draw θd from the document-topic distribution θd ~ Dir(α) of the citation document.
 b. Draw μd from the document-topic distribution μd ~ Dir(ε) of the citation document.
 c. Draw σd from the document-topic distribution σd ~ Dir(τ) of the citation document.
  For each topic, draw a Bernoulli distribution δk from Beta distribution 
3. δk ~ Beta(λs, λc)
4. For wd,i, which is the ith word in document d:
 a. The random variable s1, s2 obey Bernoulli distribution sd,i ~ Bernoulli(δk)
 b. Draw zd,d,i from the multinomial distribution zd,d,i ~ Mult(μd)
 c. Draw zih,d,i from the multinomial distribution zih,d,i ~ Mult(σd)
 d. Draw zin,d,i from the multinomial distribution zin,d,i ~ Mult(θd)
  i. If s1 = 1:
   1. Draw ws,d,i from the multinomial distribution ws,d,i ~ Mult(wd,k).
  ii. If s1 = 0:
   1. Draw ws,d,i from the multinomial distribution ws,d,i ~ Mult(wih,k).
  iii. If s2 = 1:
   1. Draw wc,d,i from the multinomial distribution wc,d,i ~ Mult(win,k).
  iv. If s2 = 0:
   1. Draw wc,d,i from the multinomial distribution wc,d,i ~ Mult(wih,k).

We implement ccTM via the Python package PyMC (Salvatier, Wiecki & 
Fonnesbeck, 2016), which expresses this generation process in an intuitive way. 

Figure 1. Pl at e diagram of ccTM.
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4 Demystifying the research dynamics of highly cited researchers

4.1 “Citations of citations” data  collection and description

We use Semantic Scholar Open Corpus (Ammar et al., 2018) to extract forward 
citations of 280 of Geoffrey Hinton’s publications. Publication and citation 
generations are hierarchical and tree structured. Publications are the root nodes r. 
First generation citations c1 are child nodes of the publications. Second generation 
citations c2 are child nodes of the first generation citations c1. The dataset can be 
denoted as D = {r, c1, c2, ·, cn}.

Figure 2. Publication number of each citation generation.

Since Semantic S ch olar Open Corpus is a closed collection, we are able to finally 
extract all forward citation chaining. To reach a steady state for citation collection, 
we have two kinds of possible state: the next extraction loop is either terminated 
with no more citations, as shown in Equation (1) below. or the next extraction loop 
is the current data, which means it is a self-loop in terms of citation generations, 
as shown in Equation (2) below. We use ss to denote the steady-state. Then 
we determine the steady-state to stop citation extraction based on the following 
two criteria:
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Through exhaustively extracting citations of citations from Semantic Scholar 
Open Corpus, we obtain the steady state for Equation (2). This state is one in which 
all citations have become a closed network. We get 36 citation generations and 
39,219,709 candidate documents in total. The publication number of each citation 
generation is depicted in Figure 2. We plot the yearly distribution of each generation 
of citations in Figure 3. In the legend, s refers to the original papers of Hinton, and 
the numbers represent the forward citation generation.

4.2 Data preprocessing

Though most topic models use bag-of-words representations, it is generally 
recognized that single words lack interpretability. Recent work by Cardenas et al. 
(2018) also reports that an entity can improve topic coherence compared to bag-
of-words. In our work, we use entities that are provided by Semantic Scholar 
Open Corpus.

Part of the extracted citation dataset, however, is biology-related or electronics 
related. To limit the data from the artificial intelligence field, we limit our search to 
publications that contain any of the top 100 entities of Hinton’s publications. After 
this refinement step, we get 341,570 publications and 1,520,389 cited connections, 
including 160 of Geoffrey Hinton’s publications.

Since we want to compare the cited document and each of its citation generations, 
another important step is to map Hinton’s original publication with every publication 

Figure 3. Yearly distribution for each citation generation and original cited paper.
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of the citation generations. One citation instance may be in-different citation 
generations. To avoid repeatedly calculating one single citation, we only count 
newly add citations in each citation generation.

Since there are isolated cited-citing tuples after the previous refinement step, we 
only get 30 citation generations and 328,105 publications that have been attached 
to the original paper by Hinton. These cited-citing tuples are then aggregated with 
entities merged. Cited-inclusive words, shared words and citing-inclusive words are 
calculated for each cited publication. We describe Hinton’s publication statistics 
over citation generation in Figure 4, and and we describe publication statistics of 
each citation generations in Figure 5.

Figure 4. Hinton’s cited publication number of each citation generation after preprocessing.

4.3 Topic dynamics

We apply the cross-collection topic model to the set of 30 cited-citing tuples. For 
each citation generation, we get topic disappearance, topic inheritance and topic 
innovation distribution. We illustrate the topic distribution results of the 8th citation 
generation in Figure 6, as well as the top 10 entities of each topic in Table 1.

The results show that the “Boltzmann” topic is the major disappearing topic. The 
“Markov” topic and the topic about “artificial neural networks” are the top-most 
inherited topics. The “numerical” topic is the most innovative topic. Due to limited 
space, we will not illustrate all results of each citation generation.
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Figure 5. Publication number of each citation generation after preprocessing.

Figure 6. Disappearing topic, inherited topic, and innovative topic distributions of the 8th citation generation.

The main aim of this part is to see the dynamics of disappearing topics, inherited 
topics and innovative topics over citation generations. In the following section, we 
list the top topic entities among disappearing, inherited and innovative topics. 
Though we have 30 citation generations, the generations after generation 22 only 
contain less than 30 publications, which is not sufficient to draw meaningful 
conclusions. Thus we only include 22 citation generation topic results in this paper.
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Table 1. Topic-entity distribution of the 8th citation generation.

Topic Top 10 Topic Entities

1 numerical analysis, simulation, Monte Carlo, artificial intelligence, dynamic programming, 
probability, principal component analysis, experiment, Markov chain, controllers

2 algorithm, simulation, Markov chain, Monte Carlo method, Monte Carlo, artificial intelligence, 
principal component analysis, experiment, program optimization, artificial neural network

3 artificial neural network, algorithm, fingerprint, genetic programming, biological neural networks, 
CPU cache, backpropagation, neural network simulation, gradient, discontinuous Galerkin method

4 artificial neural network, Boltzmann machine, restricted Boltzmann machine, generative model, 
backpropagation, pixel, speech recognition, deep learning, MNIST database, mixture model

5 fault tolerance, data mining, artificial neural network, brute force search, algorithm, asymptotically 
optimal algorithm, backpropagation

  Table 2. Disappearing topics over each citation generation.

Gen Top 10 Disappearing Topic Entities

1-2 generative model, Boltzmann machine, restricted Boltzmann machine, algorithm, inference, pixel, 
latent variable, gradient, Markov chain, approximation algorithm

3-18 artificial neural network, algorithm, generative model, backpropagation, nonlinear system, deep 
learning, gradient, speech recognition, hidden Markov model, pixel

19 artificial neural network, generative model, machine learning, algorithm, restricted Boltzmann 
machine, convolutional neural network, image resolution, value ethics, Boltzmann machine, 
gradient

20 artificial neural network, hidden Markov model, Markov model, nonlinear system, 
backpropagation, unsupervised learning, speech recognition, time series, cluster analysis, cognition 
disorders

21 artificial neural network, nonlinear system, generative model, factor analysis, MNIST database, 
anatomical layer, deep learning, mixture model, unit, gradient

22 pixel, restricted Boltzmann machine, gradient, artificial neural network, speech recognition, 
Boltzmann machine, unsupervised learning, statistical model, deep learning, network architecture

4.3.1  Disappearing topic dynamics

We list the top 10 disappearing topic entities in Table 2, in which several citation 
generations are merged with regards to topics with similar meanings. For direct 
citations and first indirect citations, the same disappearing topics are related to 
“generative” and “Boltzmann.” Citation generations 3 through 18, 20, and 21 
abandon Hinton’s notions of “backpropagation” and “deep learning.” Citation 
generations 19 and 22 also abandon topics related to “generative” and “Boltzmann.”

The indirect citations of citation generations 2 to 22 should contain all of Hinton’s 
notions, because they do not directly cite Hinton’s publications. Topics like 
“generative” and “Boltzmann” are kept by several middle citation generations. 
Topics like “backpropagation” and “deep learning” are kept by several end citation 
generations. This, however, is more explicit in the inherited topics results.
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  Table 3. Inherited topics over each citation generation.

Gen Top 10 Inherited Topic Entities

1-7 artificial neural network, algorithm, deep learning, backpropagation, speech recognition, hidden 
Markov model, neural network simulation, machine learning, test set, nonlinear system

8-9 algorithm, simulation, Markov chain, Monte Carlo method, Monte Carlo, artificial intelligence, 
principal component analysis, experiment, program optimization, artificial neural network

10-14 artificial neural network, backpropagation, generative model, Boltzmann machine, restricted 
Boltzmann machine, computer data storage, deep learning, speech recognition, feedforward neural 
network, nonlinear system

15-16 simulation, Monte Carlo method, Monte Carlo, algorithm, numerical analysis, Markov chain, 
dynamic programming, solutions, coefficient, experiment

17 artificial neural network, gradient, matching polynomial, nonlinear system, spline interpolation, 
hidden Markov model, generative model, approximation algorithm, Bayesian network, factor 
analysis

18 simulation, Monte Carlo method, Monte Carlo, computation, computation action, silicon, gradient, 
distortion, Markov chain, algorithm

19 artificial neural network, generative model, machine learning, algorithm, restricted Boltzmann 
machine, convolutional neural network, image resolution, value ethics, Boltzmann machine, 
gradient

20 artificial neural network, hidden Markov model, Markov model, nonlinear system, 
backpropagation, unsupervised learning, speech recognition, time series, cluster analysis, cognition 
disorders

21 artificial neural network, nonlinear system, generative model, factor analysis, MNIST database, 
anatomical layer, deep learning, mixture model, unit, gradient

22 artificial intelligence, mitral valve prolapse syndrome, greater than, power dividers and directional 
couplers, supervised learning, performance, meal occasion for eating, plasminogen activator, 
nominal impedance, platelet glycoprotein 4 human

4.3.2  Inherited topic dynamics

The dynamics of inherited topics are shown in Table 3. Citation generations 1 to 
7 and 10 to 14 all inherit topics related to “artificial neural network” and 
“backpropagation.” Citation generations 2 to 7 and 10 to 14, however, do not 
directly cite Hinton’s work, even though “backpropagation” was first proposed by 
Hinton. Citation generations 8 to 9, 15 to 16, and 18 all inherit topics related to 
“Monte Carlo.” Citation generation 19 inherits topics related to “Boltzmann” 
without directly citing Hinton’s publications. The remaining citation generations 
inherit topics related to “artificial neural network” and “Markov,” which were not 
invented by Hinton. The topics of “artificial neural network” and “backpropagation” 
are certainly the most lasting impact of Hinton’s academic contribution. Even 
without being directly cited, these topics saw an impact that lasted until the 14th 
citation generation. Another unpopular topic, “Boltzmann,” also inspired work 
during 19th citation generation. “Monte Carlo,” however, was not a part of Hinton’s 
original work, so its inherited topics here are actually shared topics.

The disappearing topics and inherited topics, however, are not complementary to 
each other in this model. This is because we model the document-wise observation 
of topics in 160 of Hinton’s publications. Some disappearing topics might also be 
inherited topics of the other documents, as well.
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  Table 4. Innovative topics over each citation generation.

Gen Top 10 Innovative Topic Entities

1 artificial intelligence, computation, machine learning, biological neural networks, experiment, 
neural tube defects, convolutional neural network, synthetic data, simulation, neural networks

2 machine learning, experiment, supervised learning, simulation, program optimization, sparse 
matrix, neural networks, neural network simulation, computation, unsupervised learning

3 greater than, solutions, classification, estimation theory, Eisenstein’s criterion, pattern recognition, 
cluster analysis, neural tube defects, feature selection, sensor

4 robot, Monte Carlo, Markov model, Eisenstein’s criterion, rule guideline, neural network 
simulation, coefficient, numerical analysis, dynamic programming, high and low level

5 numerical analysis, artificial intelligence, heuristic, experiment, solutions, Eisenstein’s criterion, 
computation, requirement, sensor, coefficient

6-21 artificial intelligence, Monte Carlo method, biological neural networks, neural network simulation, 
Bayesian network, Markov chain

22 principal component analysis, food, principal component, obesity, platelet glycoprotein 4 human, 
red meat, whole grains, eaf2 gene, diabetes mellitus, exercise

4.3.3 Innovative topic dynamics

The innovative topic dynamics of each citation generation are shown in Table 4. 
Each innovative topic of different citation generations varies in entities. There is no 
obvious pattern to the dynamics. Citation generations 1 to 2, however, are innovative 
in topics related to “artificial intelligence” and “machine learning.” “Monte Carlo” 
is the main innovative topic of citation generations 4 and 6 to 21. Citation generations 
3 and 5 are both innovative in topics related to “numeric.” On the other hand, 
citation generation 22 contains topics related to “health” and “physical.”

5  Conclusion and future work

Our work conducts citation content analysis, and it can provide powerful insights 
into research on dynamic evolution. Though not explicitly studied, this model can 
also be used for plagiarism detection if a large portion of inherited topics exist 
without direct citation. In this paper, we map topic dynamics through each citation 
level. Some disappearing topics appear on and off through the dynamic routines 
of the research, and some inherited topics lasted long, with new innovative topics 
emerging as well.

Finally, though our model reveals insights into the research dynamics of citation 
generations, our implementation of the ccTM model is still slow for each citation 
iteration. In future work, we will try batched variational inference, which is said to 
be faster than Gibbs sampling. The other direction to explore is how to obtain more 
robust topics through topic modeling.
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