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Description of doctoral research project (including research questions, theoretical 

background, planned methodology, current status)  

Research Questions 

a. Which statistical distributions are appropriate for modelling citation data? 

b. How can the appropriateness of the proposed models be assessed for citation 

data? Can these models be extended to altmetric data? 

c. What are the issues related to modelling in different disciplines and how can 

these issues be addressed? 

Theoretical background 

The use of an appropriate statistical method is important to not only understand the 

citation process (de Solla Price, 1976), but also to give empirical evidence. Vitanov 

and Ausloos (2012) argue that statistical approaches could be used to complement 

qualitative research in scientometrics, allowing knowledge diffusion for better 

understanding. 

Apart from citation, alternative metrics, also known as altmetrics (Priem & 

Hemminger, 2010) have recently been introduced to complement existing traditional 

metrics. Altmetrics uses a wide range of data from different platforms including social 

media platforms and online reference managers. Hence, it will be useful to assess the 

statistical procedures on non-traditional metrics, such as counts of numbers of readers 

of articles in the social reference sharing site Mendeley. 

A wide range of statistical models have been used previously to model citation data. 

The typically skewed (de Solla Price, 1976) and heavy-tailed nature of citation data 

adds difficulty to the task of identifying and fitting appropriate statistical distribution 

to citation counts. The skewness of citation counts indicate that obtaining the 

arithmetic mean of citation count or other central tendency statistics will be less 

useful (Leydesdorff & Milojević, 2012).  

General linear models, such as ordinary least squares (Gaussian) regression, have 

been commonly used to model citation counts (e.g. R M Borsuk, Budden, Leimu, 

Aarssen & Lortie, 2009). However, the general linear model assumes normality for 

the residuals of its explanatory variables, but this is commonly overlooked in the 

field, even though a comprehensive guideline on data exploration of citation counts 

has been given by Bornmann, Mutz, Neuhaus and Daniel (2008).  



Until recently, count data regression, such as the Poisson and negative binomial 

distributions, have been used to model citation data (e.g. Didegah & Thelwall, 

2013b). In cases where there are excess zeros, the zero inflated negative binomial 

(ZINB) models have been used  (Didegah & Thelwall, 2013a). However, it is difficult 

to justify the perfect zeros in citations for zero inflation. This is because whilst it is 

unclear when an academic paper would be cited, fitting a zero-inflated model assumes 

that there are some papers that due to their nature will never be cited.  The hurdle 

model, which models zeros and positive counts separately may be more appropriate 

than the zero inflated model, and has also been used to model citation data as it is 

sensible to assume the presence of a hurdle for a paper to obtain its first citation 

(Didegah & Thelwall, 2013b).  

Planned methodology 

a. Stopped sum distributions for citation data 

Stopped sum models for citation data are assessed for the first time and 

evidence of two processes influencing citing practises were found. The two 

processes, which are also known as waves, could occur either sequentially or 

simultaneously. The two wave interpretation used in stopped sum models 

could potentially model the ‘Matthew effect’ in citation (Merton, 1968), if for 

example, the mean distribution in the second wave is greater than that of the 

first wave. The assessed stopped sum distributions were fitted to covariate free 

citation data, it would be advantageous to include covariates into the model to 

expand its practicality, such as being able to evaluate factors that affect 

citedness of academic papers, thus revealing the true capability of the model.  

b. Other statistical distributions 

The discretised lognormal distribution has been suggested for citation data 

from a single subject (Thelwall & Wilson, 2014). However, due to the 

different citation behaviour across disciplines, it is important to incorporate 

the wide range of subjects in all analyses. 

The negative binomial models have also been fitted previously (e.g. Maurseth 

& Verspagen, 2002). Here the emphasis is on the mean, and the size parameter 

in the model for estimates are mostly neglected. Modelling this size parameter 



for estimates in negative binomial will allow us to obtain the variance of an 

estimated parameter, hence gaining a better understanding of the estimates.  

c. Model selection and validation techniques 

The Akaike Information Criterion (AIC) is a commonly used statistical 

method for model selection, whereby a model with the lower AIC is 

commonly being regarded as the better model (Bozdogan, 2000), and a 

difference of 6 or greater in the AIC would indicate a significant difference 

between models (Burnham & Anderson, 2003). 

According to Vrieze (2012), the AIC may not be consistent in selecting the 

true model and the AIC may be less efficient if the true model is not within the 

selection. Therefore further model validation should be carried out when 

possible, as model selection should not depend solely on AIC. It may be 

beneficial to determine the standard errors to assess the precision of estimates 

made by a proposed statistical model.  A larger standard error for an estimate 

would give a larger confidence interval, which would imply that the model is 

inadequate.  

Current status 

Initial results have shown that some of the stopped sum models have a relatively 

lower AIC than the discretised lognormal model, but these models produced very 

large standard errors, hence large confidence intervals, indicating the imprecision of 

estimates and impracticality of the model. Therefore, the discretised lognormal model 

is more suitable for covariate free citation data. Nonetheless, the stopped sum models 

showed evidence that there are two separate processes that governs citing practices. 

The initial findings also highlighted the importance of determining standard errors 

instead of being dependent on the AIC solely. 
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Motivation for student participation at the Doctoral Forum and the issues you wish 

to receive feedback on from the senior researchers. 

 

I am interested in the wide range of topics which would be discussed throughout the 

doctoral forum. This would definitely be an eye opening experience for me to learn, 

discover and understand the current challenges and implications in the field. 

Attending the doctoral forum will also provide a great opportunity for me to meet 

with experts and fellow doctoral students from all over the world, allowing me to 

broaden my horizon and further expand my appreciation to the importance of 

quantitative analysis in various topics.  

This forum will also promote opportunities for networking and help to develop my 

professional skills whilst meeting with people from different background, to learn and 

understand research from a different perspective. Such event will not only allow the 

exchange of ideas, but also promote knowledge transfer, thus expanding 

interdisciplinary knowledge and promoting an innovative research community. An 

opportunity to take part in the doctoral forum would be extremely beneficial for my 

professional development whilst enhancing my experience as a PhD student. 

The issues I wish to receive feedback from senior researchers are the statistical 

approaches in various topics in the field, especially in citations and altmetrics. An 



opportunity to attend the forum would be advantages for me to gain a better 

understanding on the analyses used whilst gaining an insight from experienced 

researchers.  

 


