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1. Introduction 

Missing data appears as an immanent part of every quantitative research, considering that it is 

very unlikely that we gather every piece of the desired data during research. In the course of the 

past fifty years, researchers have developed several methods to handle and manage information 

loss resulting from the incompleteness of data. The most sophisticated state-of-the-art methods 

are the Expectation-Maximization algorithm (EM), the Full-Information Maximum Likelihood 

estimation (FIML), and Multiple Imputation (MI).   

Even though the aforementioned procedures provide an asymptotically unbiased and efficient 

estimate with more or less the same restrictions as if it was conducted with more prevalent 

techniques (T. D. Little et al. 2016; Dong and Peng 2013; Graham, Cumsille, and Shevock 2013; 

Enders 2010; Schafer and Graham 2002), researchers tend to use simpler solutions, e.g. listwise-, 

pairwise deletion or mean imputation, primarily based on implementation simplicity.  

By simplicity, we mean that applying such a solution does not require a deep understanding of 

the underlying mathematical principles, consequently, it becomes more likely for a popular 

software program to contain a version of them. Several studies were conducted on the meta-

analysis of handling incomplete data, deriving data predominantly from social, psychological and 

educational research fields (Roth 1994; Peugh and Enders 2004; Wood, White, and Thompson 

2004; Bodner 2006; Peng et al. 2006; Jeličić, Phelps, and Lerner 2009; Bell et al. 2014; Cheema 

2014). However, these papers merely use a small fraction of the published scientific articles in 

their field of research; the review and examination of such an extensive amount of papers would 

be a time-consuming and cumbersome attempt.1 But is there a more comprehensive and time-

saving method to conduct a similar analysis? 

The aim of this work is twofold. On one hand, we introduce a text-mining approach to collect 

and analyze papers while pointing out the advantages and disadvantages of this particular 

 
1 Some paper draws a simple random sample from the available population, some just narrows down the focus to 
the empirical studies. 
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approach. On the other hand, we try to examine the possible trends of the missing data handling 

methods across years and scientific fields.   

In the first part of the thesis we try to give a comprehensive overview of the missing data 

handling methods from the basic deletion methods to the more involved imputation and 

maximum likelihood estimation models, and briefly demonstrate the possible applications and 

limitations of them. After that, we present and describe the applied text-mining and web-scraping 

methods, and the sampling design. In the end, the results of the analysis will be presented. 

Although we are certain that this text-mining approach cannot entirely substitute the human 

resources used in the course of a meta-analysis, we assume that it can provide a different 

perspective for future research.  
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2. Overview of missing data handling methods 

The foundations of the missing data paradigm used nowadays were established in the 1976 

paper “Inference and missing data” by Donald B. Rubin. In his paper, Rubin formulated a general 

framework of the perception of missing data, emphasizing the role of the underlying mechanisms 

that cause the missingness in the observations.  

If a researcher encounters a considerable number of missing data during the data processing 

period, then it is strongly recommended to spend some time exploring the possible process that 

causes the missingness. Without doing so, the estimations of the desired parameter(s) could be 

biased. In this chapter, we are going to give a brief overview and explanation of these mechanisms 

and present the current state of the paradigm using mostly the work of Dong and Peng (2013), 

Enders (2010), Graham et al. (2013), and R. J. A. Little and Rubin (2019). 

2.1. Assumptions and mechanisms of missingness 

Let’s say that there exists a fully complete n × p dataset with no missing values and denote it 

with Ycom; n is the number of observations and p is the number of variables. 2 Such a dataset 

would contain every attainable information about a given phenomenon. However, in real life, it 

is more plausible, that a part of the information is missing or cannot be observed adequately. For 

this practical reason, we divide the hypothetical dataset of ours to a mutually exclusive observed 

(Yobs) and missing (Ymis) part. The former represents the information that is observed (or “real”) 

and the latter the unobserved (or “hypothetical”) information. For example, if we gather data 

about socioeconomic status or wealth, then the upper-tail of the income distribution could be 

missing due to non-response (Kośny 2019). That is the missing or unobserved part of the ideal, 

complete dataset. Nevertheless, we have no other option than to use the observed part of the 

data and make conjectures about the unobserved part.  

 
2 Because of consistency, throughout the thesis we use the notation of Enders (2010) 
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For a better understanding of the missing fraction of the data, Rubin (1976) introduced the so-

called missing data indicator variable R, which takes the value of 0, if a value of a given variable 

is missing, and 1 if it is not. If we have an n × p data-matrix, then the indicator variables are 

concatenated into an n × p Boolean matrix R, where n is the number of observations and p is the 

number of variables. Each R variable has a theoretically unknown probability distribution which 

determines the occurrences3 of the missing data and with the help of the association between 

the indicator variable and the observed data, we can formalize the following mechanisms. 

2.1.1. Missing Completely at Random (MCAR) 

The best-case scenario – but a quite unlikely one – is that the missing part of the acquired data 

is a random subsample of it, therefore the inference made from the incomplete dataset will be 

similar to the one made from the complete (the standard errors are going to be higher). 

Formally expressed: 

 𝑃(𝑅|𝑌𝑜𝑏𝑠, 𝑌𝑚𝑖𝑠, 𝜙) = 𝑃(𝑅|𝜙), 𝜙 ∈ 𝛷 2.1 

Where P stands for probability distribution, R is the missing data indicator variable, Yobs is the 

observed part,Ymis is the missing part of the data, and ϕ is an arbitrary parameter that describes 

the association between R and the data. (2.1) expresses that the missingness is independent of 

the data, i.e. neither the observed values, nor the unobserved values are related to the 

missingness in the dataset, but there is still an unknown parameter that defines the distribution 

of R (Enders 2010:12).  

 
3 There is a more visual representation of missing data, called „missing data pattern”, which basically shows where 

the 0-s and 1-s are located in the dataset and creates patterns of it. More information about this topic can be found 
in Little and Rubin (2019) 



8 
 

2.1.2. Missing at Random (MAR) 

The name “missing at random” could be deceiving, because the missingness in a variable will be 

random only if we control for the variables correlate with it. This case is closer to reality, since it 

is very likely that the variables in a dataset are somehow related to each other. Thus, the main 

issue in a MAR case is to find the variables which are associated with the missingness.  

More formally: 

 𝑃(𝑅|𝑌𝑜𝑏𝑠, 𝑌𝑚𝑖𝑠, 𝜙) = 𝑃(𝑅|𝑌𝑜𝑏𝑠, 𝜙), 𝜙 ∈ 𝛷 2.2 

Where P stands for probability distribution, R is the missing data indicator variable, Yobs is the 

observed part,Ymis is the missing part of the data, and ϕ is an arbitrary parameter that describes 

the association between R and the data. (2.2) says that the distribution of R is dependent on the 

observed part of the data and the immanent parameter of the missingness (Enders 2010:11). 

2.1.3. Missing Not at Random (MNAR) 

The most complicated and inconvenient case is the MNAR, where the missingness is related 

both partitions of the hypothetical, complete dataset. Therefore, it is a displeasing task to 

discover or identify the occurrence of MNAR. 

 𝑃(𝑅|𝑌𝑜𝑏𝑠, 𝑌𝑚𝑖𝑠, 𝜙) = 𝑃(𝑅|𝑌𝑜𝑏𝑠, 𝑌𝑚𝑖𝑠, 𝜙), 𝜙 ∈ 𝛷 2.3 

Where P stands for probability distribution, R is the missing data indicator variable, Yobs is the 

observed part,Ymis is the missing part of the data, and ϕ is an arbitrary parameter that describes 

the association between R and the data. (2.3) shows that the distribution of R remains the same 

because it depends on “everything” (Enders 2010:11). 
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2.2. Missing data handling methods 

The development of missing data handling methods led to more complex and versatile 

techniques created to access and/or reduce the missing information. These techniques have a 

well-traceable evolution, but their evolving speed differs in theoretical and applied research. The 

main reason behind this lag could be the complexity of the modern, cutting-edge techniques 

(Enders 2010; R. J. A. Little and Rubin 2019; T. D. Little et al. 2016; Schafer and Graham 2002) or 

just the slowness of the diffusion of scientific knowledge. Nevertheless, it is important to review 

and show the deficiency of the easy-to-use and often uneligible methods so we can learn from 

them. 

2.2.1. Deletion  

By far, listwise- and pairwise deletions (also called Complete Case Analysis and Available Case 

Analysis) have been the most popular and widely-used missing data handling methods until the 

turn of the millennium, thanks to their user-friendly applications and simplicity (Schafer and 

Graham 2002). Unfortunately, these methods require to assume an MCAR mechanism, which is 

rare to occur in empirical research.  

2.2.1.1. Listwise deletion 

In the case of listwise deletion, if an observation contains even one missing value in some 

variable, then the whole row of the data matrix corresponding to that case will be deleted. On an 

intuitive level, it is quite trivial that if we delete an entire case from our dataset, then it causes 

information loss. Beside information loss – assuming that MCAR is not fulfilled – the parameter 

estimates are likely to be biased and there is a serious loss of statistical power. Graham et al. 

(2013) argue that the loss of statistical power is a bigger problem than the biasedness of the 

parameters, because if the percentage of the missing data is relatively small, then the estimations 

will be not as inaccurate as we would suspect (Graham and Donaldson 1993).  

2.2.1.2. Pairwise deletion 

Pairwise deletion seems to account for the problem of information loss by preserving cases that 

contain missing data. This method eliminates an observation only if it contains missing data in a 



10 
 

variable that is sufficient when calculating a certain parameter. The most common example is the 

computation of covariance and correlation matrices: we use all the available cases which have 

complete pairs in the required variables. For this reason, the usual problem is that the resulting 

correlation matrix is not positive definite. Despite the fact, that the pairwise deletion method 

uses a different, more “complete” subsample of the dataset, it can result in biased estimates as 

well as the listwise method and overcomplicate the calculation of standard errors.  

2.2.2. Basic Imputations 

The next, widely-used group of missing data handling methods are the imputations or 

substitutions of given values to the “holes” of the dataset. These single-imputation methods could 

be tempting because unlike deletions, they produce seemingly complete datasets and keep the 

values which deletion methods would omit. The following techniques are sometimes overlapping; 

hence the categorizations are not strict.  

2.2.2.1. Mean, median and modus imputation 

One of the firstly implemented solutions to fill the missing parts of a dataset is using the 

unconditional mean, median, or modus. The aggregated values can be calculated on different 

levels e.g. group mean, total median, and it is quite easy to implement this method. As the above-

mentioned deletion techniques, these imputations have serious drawbacks as well: the variance 

calculated with the imputed scores will be too low (since they are all the same), and in the case 

of for example group mean imputation, the within-group variance is going to be lower and the 

between-group variance is going to be higher.  

2.2.2.2. Regression imputation 

A more effective, but still not the most efficient technique is to imputing the conditional mean 

to the missing places. This regression-based method4 uses the information from other variables, 

but results in a too high correlation between the imputed values and overestimates the multiple 

 
4 In this matter, one can use a deterministic or a stochastic regression model: there is an additional noise in the 

latter and produces better variances. 
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correlation coefficient (R2). Moreover, the values from the imputation could be hard to interpret, 

especially in the case of a notion measured on a Likert-scale.  

2.2.2.3. Hot- and cold-deck imputation 

The deck-imputation methods are mostly used in official statistics and only the source of 

substituted values distinguishes them from each other. “Hot” refers to the dataset which is 

currently used and “cold” refers to another, external dataset. The idea behind the technique is to 

substitute a missing value with a similar one. For example, it can be performed with the “k-nearest 

neighbor” algorithm, i.e. drawing randomly an observation from a subsample containing similar 

(and complete) observations in certain characteristics (e.g. demographics).  (R. J. A. Little and 

Rubin 2019:76).  

2.2.3. Advanced methods 

In this section, we introduce the cutting-edge techniques to handle missing data and provide a 

more substantial description of them. As we will see, these techniques are more involved than 

the previous ones, although there is a fundamental connection in the underlying mathematics.  

2.2.3.1. Expectation-Maximization algorithm (EM) 

The Expectation-Maximization algorithm is an iterative method formulated and generalized by 

Dempster, Laird, and Rubin (1977). There are many possible applications of the algorithm (factor 

analysis, clustering)5, but it was originally designed to give precise estimates from incomplete 

data.  Heuristically, the algorithm consists of two steps: 

1) Expectation-step (E) 

2) Maximization-step (M) 

In the E-step, using the available data ( Yobs ) we estimate sufficient statistics, and in the M-

step we use these statistics to give a Maximum Likelihood estimation of the desired parameters. 

It is a common misconception that the EM-algorithm imputes values to the missing places in the 

E-step. As a matter of fact, in the E-step we calculate the expectation of the sufficient statistics 

 
5 For further variations of the algorithm, see Little and Rubin (2019:187) 
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which contains all required information of the parameter, therefore from the missing part of the 

data ( Ymis ). The imputation is only happening at an abstract, informational level, but not on a 

technical level.  

In multiple examples, the algorithm is presented by assuming that the data came from an 

exponential family because, with this premise, the computations will be simpler. Nevertheless, 

here we describe the most general form of the algorithm based on its definition in the above-

mentioned paper of Dempster et al. (1977). At first, we need to introduce a function that 

calculates the conditional expectation of the log-likelihood function of the current parameter: 

 𝑄(𝜙′|𝜙) = 𝐸𝑌𝑜𝑏𝑠,𝜙 [𝑙𝑜𝑔(𝑓(𝑌𝑐𝑜𝑚|𝜙′))] 2.4 

Where ϕ′  is the parameter to be estimated given the current parameter ϕ , Yobs  is the 

observed partition of Ycom i.e. the complete data. Then one iteration of the algorithm goes as 

follows:  

1) E-step: Calculating Q(ϕ′|ϕ(p))  

2) M-step: Finding a parameter ϕ(p+1), which maximizes Q(ϕ′|ϕ(p)) 

Where p denotes the pth iteration of the algorithm. The benefit of the EM-algorithm that it 

produces unbiased estimates of the parameters under MCAR and even under MAR because 

during the estimation we use the conditional expectation, therefore we include the information 

which is in other variables. The drawbacks of the EM are that the algorithm can be quite slow6, 

and the fact that during the estimation, the algorithm does not provide standard errors of the 

parameter estimates. 

2.2.3.2. Full-Information Maximum Likelihood (FIML) 

The Full-information maximum likelihood approach is a widely used technique, especially in 

Structural Equation Modelling. It may seem redundant to use two techniques that are using ML-

 
6 There are modifications of the algorithm that are faster than the original one. For details, see for example 

Matsuyama (2003). 
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estimates of the parameters, but there are two main differences between FIML and EM: FIML is 

not an iterative method like EM and in the case of FIML, multivariate normality of the data has to 

be assumed. The assumption of multivariate normality can be challenged, but in this section (and 

in the thesis) we do not discuss this topic. Rather we show how this assumption yields desirable 

properties of the method. The FIML achieves unbiased and efficient estimations of the 

parameters with a small modification of the multivariate normal log-likelihood function (T. D. 

Little et al. 2016). The default log-likelihood function of the multivariate normal distribution can 

be written as follows: 

 𝑙(𝝁, 𝜮|𝒀) = ∑ [−
𝑝

2
𝑙𝑛(2𝜋) −

1

2
𝑙𝑛|𝛴| −

1

2
(𝒀𝑖 − 𝝁)𝑇𝛴−1(𝒀𝑖 − 𝝁)]

𝑁

𝑖=1

 2.5 

Where Y is an N × p matrix of incomplete data (i.e. Yobs), 𝝁 is the p-variate vector of unknown, 

population-level means of the variables in Y, and 𝚺 is the p × p, unknown, population-level 

covariance matrix of the variables in Y. 

In the case of FIML, the equation is modified to: 

𝑙𝐹𝐼𝑀𝐿(𝝁, 𝜮|𝒀) = ∑ [−
𝑝

2
𝑙𝑛(2𝜋) −

1

2
𝑙𝑛|𝛴𝑖| −

1

2
(𝒀𝑖 − 𝝁𝑖)𝑇𝛴𝑖

−1(𝒀𝑖 − 𝝁𝑖)]

𝑁

𝑖=1

 2.6 

The difference between equation (2.5) and (2.6) is the additional subscript of 𝛍 and 𝚺, which 

means that these parameters will be calculated for each ith observation. Thus, (2.5) computes the 

final aggregated parameters based on every accessible score. The disadvantage of FIML is that it 

was designed primarily for survey-type research and SEM, so the implementations of different 

research designs could be difficult. 

2.2.3.3. Multiple Imputation (MI) 

As we have shown previously, single imputation methods have several drawbacks particularly 

in the calculation of variances and standard errors. Multiple Imputation (MI) solves this problem 
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with the iteration and pooling of single imputations. In a nutshell, the estimation of a parameter 

with MI works in the following way: 

1) Single imputation of missing values 

2) Repeating 1) M times and fit an arbitrary model in every iteration to estimate a parameter 

�̂�(𝑚) 

3) Pool the parameters using Rubin’s rules 

The single imputation is usually a regression estimate of the missing data, but it can be hot-deck 

or other substitution as well. After the imputation of the missing data, we repeat this procedure 

M times to create a distribution from the substituted values. 7 The iteration of imputations and 

estimations permits the computation of between- and within imputation variance, which plays 

an important role in accessing the uncertainty of MI. At step 2), we end up with point estimates 

Q̂(1), Q̂(2), … , Q̂(m), … , Q̂(M)  from the repeated imputations. The so-called Rubin’s rules 

contain simple formulas to calculate the overall multiple imputation point estimate Q̅, which 

equals the arithmetic mean of the estimates: 

 �̅� =
1
𝑀

 ∑ �̂�
(𝑚)

𝑀

𝑚=1

 2.7 

where Q̅ is the pooled point estimate, Q̂(m) is the parameter estimate from the mth imputation, 

and M is the number of imputations. To calculate the overall variance or total sampling variance, 

we have to factorize it into between- and within-imputation variance. The pooled within-

imputation variance is the arithmetic mean of the M estimated parameters: 

 �̅� =
1
𝑀

∑ 𝑆𝐸
�̂�

(𝑚)
2

𝑀

𝑚=1

 2.8 

 
7 The value of M is up to the researcher, but in general, it is not greater than 100.  
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where U is the pooled within-imputation variance, SE
Q̂(m)
2

 is the squared standard error for the 

parameter estimate from the mth imputation, and M is the number of imputations. The between-

imputation variance measures the variability of the imputed values among all M imputations: 

 𝐵 =
1

𝑀 − 1
∑ (�̂�(𝑚) − �̅�)2

𝑀

𝑚=1

 2.9 

where B is the between-imputation variance, Q̂(m)  is the parameter estimate from the mth 

imputation, Q̅ is the multiple imputation point estimate, and M is the number of imputations. 

Thus, the total sampling variance is computed as the weighted sum of the between and within 

variance: 

 𝑇 = �̅� + (1 + 𝑀−1)𝐵 ≈  �̅� + 𝐵 (if M is large) 2.10 

where T is the total sampling variance, U̅ is the pooled within-imputation variance, B is the 

between-imputation variance, and M is the number of imputations. 

By and large, the modern missing data handling methods give unbiased and – in the case of MI 

– efficient estimates of the parameters, therefore the usage of them is highly recommended. As 

the rule of thumb goes, the modern approaches are at least as good as the old methods under 

MCAR, but they have other desirable properties which endorse the applications of such methods. 

Furthermore, the development and refinement of these modern techniques are happening right 

now in the scientific communities and there are lots of notable improvements (Tomita, Fujisawa, 

and Henmi 2018; Seffens, Evans, and Taylor Minority Health-Grid Network And Herman 2015; 

Ichikawa et al. 2019; Cham et al. 2017; Takahashi, Iwasaki, and Tsubaki 2017; van Buuren 2019; 

Takahashi 2017). 
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2.3. Previous results on missing data handling practices 

Before heading towards the main part of the thesis, we review the previous research results 

regarding missing data handling practices. As we noted beforehand, most of the works were 

conducted in the social, psychological, and educational research areas, probably because of the 

discipline-specific origins of the missing data paradigm and the applications in the survey-type 

designs. In every paper, the researchers choose a journal or a set of journals and draw a simple 

random sample from the papers that were published at a certain time interval. A well-

distinguishable and important demarcation line of the missing data handling practices in the 

abovementioned disciplines was the statement of the Task Force on Statistical Inference (TFSI) in 

which methodological standards were laid down concerning missing data handling (Wilkinson and 

Task Force on Statistical Inference 1999). The majority of the meta-analyses were conducted after 

this statement to examine the effect of it, for example by comparing papers from the before and 

after periods (Peugh and Enders 2004) or just describe the trends of practices (Peng et al. 2006; 

Jeličić, Phelps, and Lerner 2009). Despite the fact that the findings mostly pertain to social 

sciences (Roth 1994; Bodner 2006; Cheema 2014), further results from medical research are 

consistent with those mentioned above (Wood, White, and Thompson 2004; Fielding et al. 2008; 

Bell et al. 2014).  

A common result of these meta-analyses is that of listwise- and pairwise-deletion and single 

imputation methods are used widespread. Peugh and Enders (2004) point out, however, that the 

identification of the deletion methods in the selected papers is a difficult task because they lack 

the documentation of such methods. 8  Therefore, we must keep in mind that the reported 

frequencies are not entirely reliable. After the TFSI statement, there was a serious improvement 

in the documentation of missing data handling methods and a slight growing trend in the 

adaptation of “modern” techniques.  

  

 
8 The applied techniques for finding these methods will be utilized later in this thesis. 
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3. Methodology 

Because of the methodological nature of the thesis, this third chapter will be by far the most 

emphasized and detailed part of it. In this chapter, we introduce the text-mining approach we 

mentioned in the beginning. This section aims to guide the reader through the whole process 

from data gathering to analysis. We start with a short introduction of web-scraping techniques 

and then present the data collection. After building the corpus, we continue with a tedious but 

crucial task: data cleaning. As the data are prepared, we extract the relevant information with 

text-mining. In every step, we will point out the advantages and disadvantages of the methods 

and at the Limitations of the used methods section, we will give a more exhaustive discussion 

about the limitations and important considerations that come up through the process. At the end 

of the chapter, a possible analytic tool will be presented, which is the vector-space representation 

of words. 

Most parts of the work were conducted in Python (with Jupyter Notebook IDE). 9 The reason 

behind this choice is that there is a variety of very-well implemented text-mining, web-scraping, 

natural language processing (hereafter NLP), and visualizing packages and tools in this language. 

Furthermore, the community around the Python language is extremely active, helpful, and up-to-

date. All packages will be highlighted throughout the chapter like this: name of the package; 

the created script will be uploaded to GitHub10 and can be accessed freely. If it is necessary for a 

better understanding, some code chunks will be inserted into the text.  

One more thing has to be mentioned regarding the scripts: even though there are 

comprehensive learning materials for text-mining methods (Bengfort, Bilbro, and Ojeda 2018; 

Sarkar 2019; Mitchell 2018), it is inevitable to use unorthodox sources such as stackowerflow.com 

or stackexchange.com in some special technical cases. The reliability of these sources can be 

questioned, but each site we use in this thesis is strictly controlled and monitored to ensure the 

quality of the solutions and answers. Henceforth, the code chunks and scripts based on a 

 
9 There were some cases, when we used R, because of our familiarity in the classification methods and modelling 

in this language. IDE=Integrated development environment. 
10 https://github.com/BiliBraker/Thesis  

https://github.com/BiliBraker/Thesis
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Stackoverflow or Stackexchange source are referenced with “(SO, number of source)” and “(SE, 

number of source)”, respectively. 

3.1. Data collection 

A positive aspect of a text-mining approach is the acquisition of the required data, since there 

is no need for long preparations or surveying procedures; the data can be easily collected from a 

research room or even from home.11  On the contrary, this type of data collection lacks the 

favorable and important features of the solid academic methodology, more specifically the 

representativeness of the gathered sample or the reliable origin of the data. Primarily, these data 

are retrieved with web-scraping or via an Application Program Interface (henceforth API) from 

various sources, but naturally, they can originate from public libraries, companies, and official 

institutions. The goal is to obtain data that are as structured, transformable, and useable as 

possible. 

3.1.1. Data sources 

We used three main sources for collecting scientific papers: Google Scholar, arXiv, and Jstor. In 

this short subsection, we give a brief description of these sites.  

3.1.1.1. Google Scholar 

It seems plausible to use Google Scholar for searching academic works, but in our case using this 

site turned out to be a dead end. Despite the fact that Google Scholar is a highly effective tool in 

searching scientific papers, several problems emerge when it comes to the acquisition of the data 

from these papers. First of all, Google does not support web-scraper robots because of the 

misusage of data and the possible overloading of the server. Instead, the company provides an 

API, which can be used to gather the desired data from the website, but this service does not 

include Scholar searches (SE, 1). Therefore, there is no ethical, legal way to scrape data from 

Google Scholar and even if it was, other issues seem to appear. 12 With a little work, the metadata 

 
11 However, one can argue that the simplicity of data collection can vary depending on the research objective. 
12 Of course, there are attempts to by-pass these restrictions. 
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(titles, authors, dates, etc.) could be extracted from the search results, but the content of the 

papers oftentimes not, since several journals require a subscription to access the papers.  

3.1.1.2. arXiv 

As the organization states: “arXiv is a free distribution service and an open archive for scholarly 

articles in the fields of physics, mathematics, computer science, quantitative biology, quantitative 

finance, statistics, electrical engineering and systems science, and economics. arXiv is a 

collaboratively funded, a community-supported resource founded by Paul Ginsparg in 1991 and 

maintained and operated by Cornell University.”13 

The main benefits of using arXiv to collect scientific papers that are freely accessible, the files 

and metadata are easily scrapeable. Using the available API14, we scraped 953 papers from the 

site. It is worth noting, however, that the papers which were uploaded to arXiv are not necessarily 

peer-reviewed articles, thus the quality of the works is somewhat questionable. 

3.1.1.3. Jstor 

Just like arXiv, Jstor also allows researchers to freely access scholarly works, but in a greater 

volume: “JSTOR provides access to more than 12 million academic journal articles, books, and 

primary sources in 75 disciplines.”15 Nonetheless, there are several written documents which only 

available through a university proxy or subscription; in our case, such proxy was provided by 

Eötvös Loránd University. Furthermore, Jstor introduced a data providing service16 that helps 

researchers obtain the necessary scholarly works. One can make a customized search query of 

the papers with various filters, then download the metadata, n-grams, and references up to 

25000 items. There is a possibility to request full texts as well (with Optical Character Recognition), 

but it is more time consuming, because of the agreement and data protection procedures. All in 

all, using this opportunity resulted in receiving 33148 papers from Jstor’s archive within 3 weeks. 

 
13 https://arxiv.org/about/  
14 https://arxiv.org/help/api  
15 https://about.jstor.org/  
16https://www.jstor.org/dfr/about/dataset-
services?cid=dsp_j_dfr_01_2018&utm_source=jstor&utm_medium=display&utm_campaign=home_right_jstor_
dfr 

https://arxiv.org/about/
https://arxiv.org/help/api
https://about.jstor.org/
https://www.jstor.org/dfr/about/dataset-services?cid=dsp_j_dfr_01_2018&utm_source=jstor&utm_medium=display&utm_campaign=home_right_jstor_dfr
https://www.jstor.org/dfr/about/dataset-services?cid=dsp_j_dfr_01_2018&utm_source=jstor&utm_medium=display&utm_campaign=home_right_jstor_dfr
https://www.jstor.org/dfr/about/dataset-services?cid=dsp_j_dfr_01_2018&utm_source=jstor&utm_medium=display&utm_campaign=home_right_jstor_dfr
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3.1.2. Web-scraping 

We have mentioned earlier that one can obtain textual data from several sources. This 

oftentimes requires web-scraping techniques, since the acquirement of these data usually 

happens via the internet. Furthermore, during data processing, one might encounter tasks that 

can be completed using web-scraping techniques very effectively.  

Especially in the case of applied sciences, web-scraping is a convenient and powerful tool for 

obtaining a large amount of valuable data from the internet. In this section, we introduce the 

web-scraping methods that are used in this thesis and describe their technical details. For clarity, 

we briefly summarize the steps: 

1) Specifying the URL that will be used as a starting point 

2) Making a request with urllib 

3) Transform the source code with BeautifulSoup 

4)  Find the relevant HTML/XML tags 

5) Create a data matrix from the extracted data 

6) Save the data matrix 

The first step determines the sample that will be used throughout the research because we have 

to specify the keywords of the search. In the beginning, we searched for “missing data” in Google 

Scholar and set the date interval to 1999-2019. Then, we inspected the HTML source to identify 

the relevant tags from the information of papers that will be gathered. From this search query, 

the title, the author, the date of publication, and the link of the paper are important. This 

information can be easily collected by reference to the tags that encompass them (Figure 1). 

When one page of the query is done, an automated web-scraper robot can be made to loop over 

each page and extract the HTML source from them. The first problem emerges at this point, 

because of Google’s data protection and anti-scraper-robot policy: Google disables the IP-address 

if it requests too much data too fast. The second problem stems from the fact that even if we 

“own” the links of the papers, we cannot download them, because the query contains journals 
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that require a subscription for the scientific materials. The scrape of Google Scholar ended 

unsuccessfully. 

 

Figure 1 Html example (Google Scholar; 2020.03.15.; "missing data"; 1999-2019) 
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In the case of arXiv, these steps have turned out to be performable, since the organization 

provides an API to collect the data. After retrieving the metadata from a similar source code like 

Google Scholar’s, the information of papers was organized into a data frame with the pandas 

package (Figure 3). With their links being available, we were able to start the downloading process 

(Figure 2), which lasted for a few hours, but in the end, 953 PDF files were obtained. It is worth 

mentioning that finding the appropriate tags in the HTML code can be tedious and time-

consuming because oftentimes the necessary information is nested deep into the source code. In 

addition, the category of each paper can be found in the metadata. 

from urllib.request import urlretrieve 

 

def download_file(download_url,name): 

    urlretrieve(download_url, 'c:/Users/soirk/Krisztian/Egyetem/Survey 

Statisztika Msc/Szakdolgozat/arxiv_pdfs/'+name+'.pdf') 

    for i in links_list: 

    download_file(i,i[-7:]) 

    print(i[-7:]) 

Figure 2 The script for downloading papers from arXiv 

id title date category 

0812.1615v1 
Missing Data using Decision Forest and Computational 
Intelligence 

2016 stat 

1610.09075v2 Missing Data Imputation for Supervised Learning 2011 stat 

1102.3851v1 
Missing Data Imputation and Corrected Statistics for Large-Scale 
  Behavioral Databases 

2019 cs 

1904.12413v1 
A convolution recurrent autoencoder for spatio-temporal 
missing data 
  imputation 

2014 stat 

1409.0895v1 
Semiparametric Inference of the Complier Average Causal Effect 
with 
  Nonignorable Missing Outcomes 

2019 stat 

1912.12894v1 
On a simultaneous parameter inference and missing data 
imputation for 
  nonstationary autoregressive models 

2019 stat 

1903.03630v1 
Imputation estimators for unnormalized models with missing 
data 

2007 cs 

0704.3635v1 Rough Sets Computations to Impute Missing Data 2018 stat 

1801.03583v2 Graphical Models for Processing Missing Data 2019 math 

⋮ ⋮ ⋮ ⋮ 
Figure 3 Data frame of scraped metadata from arXiv 
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The computationally easiest part of the web-scraping was the one with Jstor because, after the 

documentation of the data request and other arrangements, the organization sent us the 

complete metadata of the papers in XML format. Consequently, steps 1) and 2) have been 

omitted, and just like in the previous cases with the HTML code, the search and collection of 

relevant tags were performed. At the end of the task, we received the metadata, full text (in TXT 

format), as well as the uni-, bi-, trigrams of 33148 papers. From the metadata, in addition to the 

previous cases, the titles of the journals were extracted to identify the category of certain papers 

(Figure 3), as the categories were not embedded implicitly into the metadata. In the next section, 

we describe the categorization methods.  

Overall, during the data gathering period, we have experienced three distinct types of web-

scraping. The first with Google Scholar was a difficult, and in the end, an unsuccessful attempt, 

because of the restrictions of Google, the different HTML sources, and the custom journal pages. 

In the second case with arXiv, the extraction of both the metadata and the texts were quite simple 

and fast, but the quality of the data is still questionable. Lastly, the Jstor data were the easiest to 

acquire in the terms of data extraction, and Jstor was the most reliable source of papers among 

the other two. Nevertheless, one should keep in mind that the data request procedure in this 

volume of data takes up to 2-4 weeks.  

id article_title date journal_title category 

30218857 
Lower Prices: The Impact of Majoritarian Systems in 
Democracies Around the World 

2008 
The Journal of 

Politics 
pol 

30218889 
Of Crusades and Culture Wars: â€śMessianicâ€ť 
Militarism and Political Conflict in the United States 

2008 
The Journal of 

Politics 
pol 

30218895 
Do Networks Solve Collective Action Problems? 
Credibility, Search, and Collaboration 

2008 
The Journal of 

Politics 
pol 

30218904 
United States Economic Aid and Repression: The 
Opportunity Cost Argument* 

2008 
The Journal of 

Politics 
pol 

30219444 
Financial Regulation, Monetary Policy, and Inflation 
in the Industrialized World 

2008 
The Journal of 

Politics 
pol 

30219448 
Measuring District-Level Partisanship with 
Implications for the Analysis of U.S. Elections* 

2008 
The Journal of 

Politics 
pol 

30219452 
Demography, Democracy and Disputes: The Search 
for the Elusive Relationship Between Population 
Growth and International Conflict 

2008 
The Journal of 

Politics 
pol 

30219456 
Race, Structure, and State Governments: The Politics 
of Higher Education Diversity 

2008 
The Journal of 

Politics 
pol 
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30219488 
Electoral Rules and the Size of the Prize: How Political 
Institutions Shape Presidential Party Systems 

2008 
The Journal of 

Politics 
pol 

⋮ ⋮ ⋮ ⋮ ⋮ 
Figure 4 Data frame of Jstor papers 

3.1.3. Data cleaning  

The cleaning procedure of the raw data is slightly different in the case of a string-type dataset 

because the units of the analysis are letters, words, or sentences i.e. tokens. The goal is to get a 

well-structured, tokenized text which can be easily and effectively analysed. To achieve that, we 

have to examine the current format of the texts (e.g. HTML, XML, PDF), and decide which methods 

are to be used. For example, there are several ways of stemming or lemmatizing17 words to our 

interest, but each type of algorithm has its advantages and disadvantages. In the following section, 

we will describe the cleaning process of the corpus.18 

In the first case, we had to write a converter19, because the papers from arXiv were in PDF 

format. It is crucial to have an easily readable text format with text-mining,20 since all information 

is stored within words and sentences. As we can see in Figure 4, even after a successful conversion, 

there is still a lot to do to tidy up our text: the equations from the paper became nonsense 

characters (Figure 5) and some words are stuck together. Another important aspect of cleaning is 

removing stop words21 and punctuations because these extra characters can increase the amount 

of required memory and slow down the runtime of the program. Eventually, we decided not to 

stem or lemmatize the corpus, because it could have led to the undesirable exclusion of important 

keywords like “listwise” or “pairwise”. An example of the result can be seen in Figure 6. 

 
17 Stemming and lemmatizing are methods to reduce words to their roots or base e.g. from “imputation” to “imput”. 
18 Throughout the cleaning, we used the nltk, string, and enchant packages. 
19 We used the tika and the textract package for the conversion. 
20 By „readable”, we are referring to the reading process of a program. 
21 In general, „stop words” are the most frequent words in a language which contain no additional information to 

the researcher, e.g. „that”, „or”, „an”. 
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[…]however it does require a model for the probability an 

observationnnhas complete data to provide flexibility the probabilities 

can be estimated us nning parametric and nonparametric methods a 

weighted and penalized objectivennfunction is proposed for variable 

selection of the linear covariates in the presencennof missing data 

nnconsider the sample yi xi zi ni with yi[…] 

Figure 5 Example of an arXiv paper after conversion 

[…]'however', 'require', 'model', 'probability', 'observation', 

'complete', 'data', 'provide', 'flexibility', 'probabilities', 

'estimated', 'using', 'parametric', 'nonparametric', 'methods', 

'weighted', 'penalized', 'function', 'objective', 'proposed', 

'variable', 'selection', 'linear', 'covariates', 'presence', 

'missing', 'data', 'consider', 'sample'[…] 

Figure 6 The cleaned and tokenized text from Figure 4 

The corpora from Jstor were cleaner than the one from arXiv, since the Jstor Support Team sent 

us the papers already in TXT format (Figure 7); therefore, the conversion part has been omitted. 

Besides tokenization and removing the numbers, punctuations, and meaningless characters, we 

had to extract the text from the XML tags and lowercase it. One may ask while looking at Figure 

8, that after the cleaning, why the stop word “at” stayed in the text? Well, we had to modify the 

set of stop words, since “at” occurs in the expression “missing at random”. 

<plain_text> <page sequence="1"> SOCIAl CAPItAl, ACADemIC AChIeVemeNt,  

AND POStgRADUAtION PlANS At AN elIte,  PRIVAte UNIVeRSIty NAthAN D. 

mARtIN Duke University ABStRACt: Many studies have explored how social 

capital influences  the academic experiences of secondary school 

students.[…] 

Figure 7 Example of a Jstor paper before cleaning 

'social', 'capital', 'academic', 'achievement', 'plans', 'at', 'elite', 

'private', 'university', 'martin', 'duke', 'university', 'abstract', 

'many', 'studies', 'explored', 'social', 'capital', 'influences', 

'academic', 'experiences', 'secondary', 'school', 'students'[…] 

Figure 8 The cleaned and tokenized text from Figure 6 
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The remaining part of the cleaning is more like a classification problem because we had to 

exclude those papers that explicitly deal with missing data handling methods. Our overall aim is 

to get a set of papers in which the researchers are only applying missing data handling methods 

during their examination and not making the research about them. A more elaborate discussion 

about this matter can be found in the Limitations of the used methods section. From a pragmatic 

point of view, we had to find a classification model, which can divide the two types of papers. 

After a short manual search through the papers, we saw that the titles contain a handful of 

information about the nature of the papers; which means that we can try to make a classification 

model using only the titles of the papers.  

The main idea is to choose n keywords that can characterize the titles and make them separable 

in an n-dimensional vector space spanned by these keywords. In our case, this vector space is 6-

dimensional, because we selected 6 keywords („missing”, „data”, „handling”, „observation”, 

„method”, „incomplete”). To quantify the keywords and place the titles in this space, we assigned 

a „weighting” vector22 to them which should grasp the importance of each keyword (Table 1). We 

define the value corresponding to the 𝑖𝑡ℎ keyword of the 𝑗𝑡ℎ  title in the weighting vector as 

follows: 

 𝑤𝑖𝑗 = 𝑘𝑖𝑗 ∗ (
1

𝐾𝑖
∗ 100) (𝑖 = 1 … 𝐼; 𝑗 = 1 … 𝐽) 3.1 

Where 𝑤𝑖𝑗 denotes the weight of the 𝑖𝑡ℎ keyword in the 𝑗𝑡ℎ title, 𝐼 is the number of keywords, 

𝐽 is the number of titles, 𝐾𝑖 is the frequency of the 𝑖𝑡ℎ keyword in all titles, 𝑘𝑖𝑗 is the frequency of 

the 𝑖𝑡ℎ keyword in the 𝑗𝑡ℎ title.23 

- id date category miss data handl obs method incomp 

1 1108.2835v1 2013 stat 0 0 0 0.474 0 0 
2 1404.5793v2 2014 cs 0.135 0 0 0.474 0 0 
3 1906.00494v2 2011 stat 0 0.051 0 0.474 0 0 

4 1910.00667v1 2019 stat 0.135 0.051 0 0.474 0 0 

5 1911.02205v1 2019 cs 0 0 0 0.474 0.25 0 
6 1904.07408v1 2019 cs 0 0 0 0.474 0 0 

 
22 It is similar to the inverse document frequency weight in word embeddings.  
23 In our case, 𝐼 = 6 and 𝐽 = 3415. 
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7 1209.2669v9 2015 stat 0 0 0 0.474 0 1.587 
8 1710.04977v1 2017 stat 0 0 0 0.474 0 0 
9 1711.07715v3 2017 cs 0.135 0.051 0 0.474 0 0 

10 0609377v3 2006 math 0.135 0 0 0.474 0.25 0 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 

Table 1 Example of keyword vectors (sorted by “obs”) 

For the sake of example, let’s look at the 4𝑡ℎ  row in Table 1. We have created the vector 𝒘4 =

(0.135, 0.051, 0, 0.474, 0, 0)  by concatenating 𝑤1,4, 𝑤2,4, 𝑤3,4, 𝑤4,4, 𝑤5,4, 𝑤6,4 . Let’s 𝑤1,4  denote 

the weight value corresponding to the keyword “missing” in the 4𝑡ℎ  title. The number of 

occurrences of this keyword in the titles is 743 and in the 4𝑡ℎ  title 1. Consequently, we get the 

equation: 

 𝑤𝑚𝑖𝑠𝑠𝑖𝑛𝑔,4 = 1 ∗ (
1

743
∗ 100) ≈ 0.135 3.2 

At first, to build a classification model we had to filter our dataset to include titles that contain 

at least one of the keywords, so the above-defined weighting vectors were assigned to a subset 

of the titles.24 For simplicity, let us 𝑆 denote this subset. To train our model, we sampled 100 titles 

from 𝑆 and fitted a logistic regression model to the selected training set (hence 𝑆𝑇𝑟𝑎𝑖𝑛). Generally, 

a logistic regression classifier is called a supervised learning approach in the statistical learning 

jargon, because we know the values of the outcome variable i.e. the classes.  

In this current setup, however, we had to manually fill the outcome variable in 𝑆𝑡𝑟𝑎𝑖𝑛 to give 

learning material to our model.25 With this semi-supervised technique, we have fitted the logistic 

model and made it ready to be tested in the remaining test part of the dataset (hence 𝑆𝑇𝑒𝑠𝑡). 26 

And again, to be able to test the “goodness” of our classifier, we needed to manually fill the 

outcome variable in a subsample of 𝑆𝑡𝑒𝑠𝑡. After we have fitted our model to the subset of 𝑆𝑡𝑒𝑠𝑡, a 

 
24 This means that from the 33739 title in our sample, we only used 3415 to build our model. 
25 Based on the titles, we have decided whether a paper eligible or not. 
26 For clarification: 𝑆𝑡𝑟𝑎𝑖𝑛 ∪ 𝑆𝑡𝑒𝑠𝑡 = 𝑆 𝑎𝑛𝑑 𝑆𝑡𝑟𝑎𝑖𝑛 ∩ 𝑆𝑡𝑒𝑠𝑡 = ∅. 
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confusion matrix  has been created of the results (Table 2). 27 As we can see from the confusion 

matrix, the classes are unbalanced, therefore if we calculate the accuracy, it will be most likely 

biased. To overcome this problem, we used the Matthews Correlation Coefficient (Matthews 

1975)28 to measure the goodness of our classification model. The MCC is 87.3%, which accounts 

for a good prediction ability of our model. At last, we applied the classifier to the whole dataset 

and excluded the papers which were about missing data handling; as a result, we excluded 973 

papers from our sample.  

 
Actual class 

Σ 
1 0 

Predicted class 
1 30 0 30 

0 6 64 70 

Σ 36 64 100 

Table 2 Confusion matrix of the classification 

3.2. Text-mining 

Working with textual data may seem like an unorthodox scientific method, but we hope that 

the following section will show that one can extract nearly as much useful information from text 

as from an entirely numerical data. In the following, we will discuss some of the tools that are 

used generally during text-mining and describe the exact methodology that we used in our 

research. As mentioned before, these text-mining approaches are rather applied techniques, 

therefore the concerning literature is not always from peer-reviewed journals or institutionalized 

scientific communities.  

After completing the data cleaning and the exclusion of ineligible cases from our dataset, we 

have ended up with a tokenized corpus ready to be analysed. The next task is to somehow identify 

the missing data handling methods that were used during the research. To approach this problem, 

we first need to explore the texts with keywords to get a picture of the distribution of the relevant 

 
27 TP = True Positive, TN = True negative, FP = False Positive, FN = False Negative. 

28 𝑀𝐶𝐶 =
𝑇𝑃∗𝑇𝑁−𝐹𝑃∗𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
. 

FN 

FP 

TN 

TP 
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words like “imputation”, “deletion”, or “listwise”. Afterwards, we can go deeper and gather the 

co-occurrences of the relevant words, called n-grams. The collection of n-grams is a widely used 

and efficient technique in text-mining, which helps to get a better understanding of the unknown 

corpus. In general, n-gram algorithms create a group from words that are next to each other by 

combining all possible co-occurrences. One can modify the value of “n”, thereby declare the 

cardinality of each group. For example, if we are interested in bi-grams (n=2), the algorithm 

creates groups from two words and counts the frequency of the co-occurrences of them (Figure 

9). In this case, the rule of thumb is to use a maximum 4 or 5 as the value of “n”, because above 

these it is more reasonable to tokenize the texts with sentence units instead of words. In other 

terms, the tokenization of a text using words as units means that we create uni-grams (n=1). By 

increasing the value of “n”, we will know more and more about the environment of the relevant 

keywords and we can start to formulate decision rules to identify the meaning of the co-

occurrences. 

 

Figure 9 Bi-grams of a text 

A similar, but more advanced representational text-mining technique is called bag-of-words, 

when we order the tokenized text into sentence vectors by counting the frequency of each word 

and assign a coordinate value to them (Figure 10). With a bag-of-words model, we can quantify 

⋮ 
over time: 11 

proportional electoral: 11 

data set: 10 

dependent variable: 9 

exchange rate: 9 

united states: 9 

data sets: 8 

electoral rules: 8 

iv data: 8 

price level: 8 

between majoritarian: 7 

fixed effects: 7 

seats votes: 7 

capita gdp: 6 

lower real: 6  
⋮ 
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the importance of sentences and words. One may recall that during the previous data cleaning 

phase, we utilized an approach similar to the bag-of-words by assigning a weight vector to each 

title based on the selected keywords. This consideration leads us to the next step of text 

representation and analysis, which is a widely used NLP technique: word embedding. With word 

embedding, we will be able to create word vectors from the texts and visualize them in an n-

dimensional vector space. Furthermore, the word embedding models can effectively grasp the 

semantic relations between words, because they use more complex weights to the words than 

simple binary or integer weights such as “term frequency-inverse document frequency” (tf-idf). 

Later on, we are going to use the weight vectors to visualize a part of our corpus in the Vector 

space representation section. To classify the papers in our corpus by the type of missing data 

handling methods, we use the raw frequencies of the keywords29 and the bi- and tri-grams to 

build a decision tree.  

 

 

Figure 10 Bag-of-words model 

We start the classification with the partition of papers into two classes: if either “imputation” or 

“substitution” is in the text, then it is classified into the “imputation” branch (Figure 11). 30 This 

 
29 All keywords can be found in the Appendix 
30 Not only these two words were used, but their other forms as well like “imputing” or “substituting”. Throughout 

this section, by mentioning a keyword, we are referring to all possible forms of that word. 

𝑆𝑒𝑛𝑡𝑒𝑛𝑐𝑒: “There are only four variables in the analysis for which we 

are missing data.” 

 

 𝑆𝑒𝑛𝑡𝑒𝑛𝑐𝑒: {'are': 2, 'there': 1, 'only': 1, 'four': 1, 'variables': 1, 

'in': 1, 'the': 1, 'analysis': 1, 'for': 1, 'which': 1, 'we': 1, 

'missing': 1, 'data': 1} 

 

𝑆𝑒𝑛𝑡𝑒𝑛𝑐𝑒: [1,2,1,1,1,1,1,1,1,1,1,1,1,1] 
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first division rule is quite raw because it tells us only whether a paper contains the previously 

mentioned keywords, and it assumes that our data 31  can be partitioned into two mutually 

exclusive categories. Let us continue with the “imputation” branch. In the next level, we aim to 

identify the imputation method by searching for “multiple”, “em-algorithm”, “fiml” in the 𝜀-wide 

environment of the first-level keywords. After manually reviewing some context of the keywords, 

we have decided to maximize the value of 𝜀 in 10, which means that in each occurrence of the 

first-level keywords, our algorithm checks whether the second-level keywords are in their [𝜀-10; 

𝜀 +10] environment. If so, then we reach the next leaf and our paper is classified into the 

“Advanced imputation” category. There is a further filter for the ones that are not classified as 

“Advanced imputation”, because we cannot be sure, that if a paper does not use an advance 

method, then it will use a basic one. For that reason, we applied again the previous classifier with 

different keyword parameters to search for co-occurrences and then finished the “imputation” 

branch with 3 categories: “Advanced imputation”, “Basic imputation”,” Undefined/other”. 

Moving to the other side of the tree, we would like to know whether a paper that was not 

classified to the imputation branch uses some sort of deletion method. After applying the second-

level keywords on this side, we have to go one step further again, since we need to narrow down 

to the exact deletion methods. At the end of this side, we end up with 2 categories: “Deletion 

method” and “Undefined/other”.   

 
31 The data is already cleaned from ineligible cases. 
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Figure 11 Decision tree for classifying papers with the number of cases in each class 
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3.2.1. Vector space representation 

A more involved and computationally intensive text-mining method will be briefly presented in 

this section, called Vector space representation of words (Repplinger, Beinborn, and Zuidema 

2018; Salton, Wong, and Yang 1975). To be able to place our words in a vector space, we have to 

utilize almost every tool that we have described in previous chapters. However, the most 

important aspect of the method will be word embedding, since these embedding weights will 

declare the place of each word in the vector space. With vector space representation, we gain 

not only a better visual insight into our corpus, but we can also formalize the interrelation of the 

words and sentences, by calculating the distance between them. Of course, the distance 

measures and embedding algorithms can differ, we have used the Euclidean distance and the t-

distributed stochastic neighbor embedding (t-SNE) algorithm (van der Maaten and Hinton 2008). 

Figure 12 shows the embedding result of 100 papers into a 3-dimensional vector space, which can 

be interactively modified thanks to the embedding projector provided by TensorFlow.32 We can 

see that words related to “missing” in these 100 papers are near to it and from the magnitude of 

each sphere it seems those occur more frequently. We want to emphasize that the building of 

embedding and representational algorithms requires deeper knowledge of neural networks and 

statistical learning which is out of the scope of this thesis.  

 
32 https://projector.tensorflow.org/  

https://projector.tensorflow.org/
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Figure 12 Vector space representation of words from 100 articles using t-SNE 
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4. Results 

All the results that will be presented in this chapter have to be interpreted cautiously, due to 

the limitations and concerns that will be described in the following Limitations of the used 

methods chapter. The time period of our research was 1999-2016; the created discipline 

categories can be seen in Figure 13. At the end of this chapter, 4 logistic regression models will 

be applied to explore the possible associations between disciplines, years, and missing data 

handling methods. 

4.1. Descriptive statistics 

The majority of the articles are from the social- and educational research fields (~47%), but there 

are a considerable amount of scientific works that are from biology (~22%), medical and health 

sciences (~16%), or other quantitative research fields such as computer science, statistics, or 

physics (~15%). The dominance of social- and educational science papers may lead to similar 

results to the previous research. 

 

Figure 13 Distribution of papers by disciplines (1999-2016) 
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For better interpretation, we use the relative frequency of the detected papers in the following 

diagrams. The number of cases differs among years, so the raw frequency of the detected papers 

would be misleading i.e. the proportion of them each year is more informative. First, let us have 

a look at the distribution of papers that were successfully detected with the missing data handling 

method (Figure 14). A paper is detected if we have managed to identify the missing data handling 

method that was used in it. In Figure 14, we can see that the relative frequency of not advanced 

methods is stagnating throughout the years (𝑆𝐷 = 0.63𝑝𝑝, 𝑀𝑒𝑎𝑛 = 6.2%), which could mean 

that the popularity of those techniques is undiminished. Besides, Figure 15 shows a significant 

widening between the relative frequency of advanced- and basic imputation methods. 

Furthermore, there is a major growing tendency in the usage of advanced missing data solutions: 

starting at 1.48%, the relative frequency reached over 7% in 2016. The more than 5 percentage 

point increase of the advanced methods could also indicate that over the years, more and more 

paper described the methods they used to handle missing data. Figure 17 strengthens this 

assumption, since it shows that the rate of successfully detected papers has grown in a similar 

vein as in the case of advanced methods. Additionally, a slightly decreasing tendency can be seen 

in the case of deletion methods from 4.69% to 3.45% (Figure 16). 
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Figure 14 Usage of advanced and not advanced techniques in papers 1999-2016 (relative frequency) 

 

Figure 15 Imputation usage in papers 1999-2016 (relative frequency) 
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Figure 16 Usage of advanced and deletion techniques in papers 1999-2016 (relative frequency) 

 

Figure 17 The rate of detected papers 1999-2016 (relative frequency) 
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As we will argue in the Limitations of the used methods section, detecting certain methods highly 

depends on the authors of the papers and the journals. We can identify a handling method only 

if it was appropriately documented in the article. Assuming methods from degrees of freedom or 

sample sizes would have been a more complicated task than a thesis like ours could tackle. 

Accordingly, the differences between missing data handling methods in disciplines could also 

mean that the field-specific journals have different guidelines regarding the documentations. As 

we can see in Figures 18 and 19, if we split our data by discipline categories, then the graphs will 

become somewhat haphazard because of the small amount of data per year. Nevertheless, some 

interesting trends can still be examined such as the growing popularity of advanced missing data 

handling methods in Biology, Economics, Health- and Medical Sciences, or Other Social Sciences. 

There is a 1 percentage point increase from 1999 to 2016 almost in every previously mentioned 

category. On the other hand, the usage of not-advanced methods stays nearly unchanged 

throughout the years among disciplines: a weak decreasing tendency can be seen in Biology and 

Economics.  
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Figure 18 Usage of advanced methods among disciplines 1999-2016 (relative frequency) 
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Figure 19 Usage of not advanced methods among disciplines 1999-2016 (relative frequency) 
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4.2. Logistic regression models 

We have already seen the benefits and efficiency of logistic regression in the Data cleaning 

section where we have used it to classify the eligible and ineligible papers. In this section, however, 

we are interested in the potential associations between years, disciplines, and missing data 

handling methods. Due to this interest, we are not concerned with the classification accuracy of 

our models, but with the prediction ability of them. We have built 4 models with the same 

explanatory variables, but with different outcome variables. The explanatory variables are year 

and discipline, both of them as a categorical variable. The outcome variables are advanced 

imputation, deletion method, basic imputation, and not advanced method, respectively.33  

Model (1) shows that year has a positive and significant effect on whether a paper will use some 

sort of advanced imputation method. Except for 2000, every year has a significant and growing 

effect34 on the outcome variable, which means that as time passes, the log-odds of the usage of 

an advanced handling method increases. The reference categories are 1999 and Biology, which 

indicates that the coefficient of a category gives the log-odds-ratio of that category and the 

reference categories. For example, in the case of 2010, we have a coefficient of 1.434 and it 

results from the following equation: 

 log (
𝑜𝑑𝑑𝑠 𝑜𝑓 𝑎𝑑𝑣𝑎𝑛𝑐𝑒𝑑 𝑚𝑒𝑡ℎ𝑜𝑑 𝑖𝑛 1999 𝑎𝑛𝑑 𝐵𝑖𝑜𝑙𝑜𝑔𝑦

𝑜𝑑𝑑𝑠 𝑜𝑓 𝑎𝑑𝑣𝑎𝑛𝑐𝑒𝑑 𝑚𝑒𝑡ℎ𝑜𝑑 𝑖𝑛 2010 𝑎𝑛𝑑 𝐵𝑖𝑜𝑙𝑜𝑔𝑦
) ≈ 1.434 4.1 

We can conclude that there is more likely that a paper in 2010 uses an advanced imputation 

method than a paper in 1999 in the field of Biology.  

Nevertheless, the growing effect of year is not uniform: there are years where the log-odds-

ratio drops compared to the previous year e.g. 2002, 2006. 35  To phrase differently – and 

somewhat harshly –, as we move from 1999 to 2016, it is more likely that a paper uses some kind 

 
33 Because of our setup these are binary variables: 1-the method was used, 0-the method was not used. 
34 Because of the large sample size and the meaning of “statistical significance”, it would be misleading to rely only 

on the p-values of the parameters. The effect size of our model (i.e. odds ratios) is more informative.  
35 The change can be interpreted as growth because of the ordinal type of year. 
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of advanced imputation method. In the case of disciplines, it is not possible to create an ordering, 

since one cannot sort disciplines by any means. Consequently, all we can conclude from our 

models is whether a discipline category affects the usage of missing data handling methods. In 

model (1), Biology, Economics, Educational Science, Other Social Science, Sociology, and Statistics 

have a significant effect on the usage of advanced imputation methods. For example, the 

probability that a paper from Economics in 1999 uses an advanced missing data handling method 

is calculated as follows: 

 

𝑝(𝑎𝑑𝑣𝑎𝑛𝑐𝑒𝑑 𝑚𝑒𝑡ℎ𝑜𝑑 = 1|𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 = 𝐸𝑐𝑜𝑛𝑜𝑚𝑖𝑐𝑠) =
𝑒−4.422+0.252∗1

1 + 𝑒−4.422+0.252∗1
≈ 1.52% 4.2 

From model (2), one can deduce that year has a negative effect on whether there is a deletion 

method was used in a paper. In contrast with the previous model, fewer categories of year are 

significant, and the decreasing trend is more fluctuating. Interestingly, the log-odds-ratio of 

Educational Science category is greater in this model (2) than it is in (1). Model (3) and (4) do not 

provide additional information about the relationship between missing data handling methods 

and the explanatory variables, since these models seem to replicate the associations of the former 

two with a smaller magnitude. 

We would like to emphasize that from these models one can only infer whether the usage of a 

method is more or less likely in a certain year or discipline.  

Logistic regression models   
Dependent variable:    

Advanced 
Imputation 

Deletion 
method 

Basic 
Imputation 

Not Advanced 
method  

(1) (2) (3) (4)  
Constant -4.422*** -3.069*** -4.143*** -2.730***  

(0.258) (0.153) (0.254) (0.132) 

2000 0.196 -0.357* 0.210 -0.191  
(0.334) (0.212) (0.326) (0.178)      

2001 0.655** -0.362* 0.409 -0.118  
(0.305) (0.208) (0.308) (0.172)      

2002 0.515* -0.148 0.123 -0.078 
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(0.312) (0.198) (0.326) (0.171)      

2003 0.883*** -0.062 0.067 -0.026  
(0.295) (0.193) (0.329) (0.168)      

2004 0.886*** -0.403** 0.508* -0.101  
(0.289) (0.201) (0.296) (0.165)      

2005 0.992*** -0.377* 0.663** -0.014  
(0.285) (0.199) (0.288) (0.162)      

2006 0.896*** -0.127 0.644** 0.125  
(0.286) (0.185) (0.286) (0.156)      

2007 1.111*** -0.249 0.621** 0.041  
(0.279) (0.188) (0.285) (0.156)      

2008 1.289*** -0.372** 0.642** -0.021  
(0.273) (0.190) (0.281) (0.156)      

2009 1.460*** -0.448** 0.648** -0.061  
(0.270) (0.192) (0.282) (0.157)      

2010 1.434*** -0.398** 0.642** -0.035  
(0.269) (0.186) (0.278) (0.153)      

2011 1.703*** -0.217 0.626** 0.062  
(0.265) (0.178) (0.277) (0.150)      

2012 1.615*** -0.512*** 0.531* -0.152  
(0.266) (0.188) (0.280) (0.155)      

2013 1.703*** -0.288 0.586** 0.003  
(0.265) (0.181) (0.280) (0.152)      

2014 1.475*** -0.535*** 0.747*** -0.056  
(0.267) (0.189) (0.274) (0.152)      

2015 1.760*** -0.383* 0.523* -0.082  
(0.269) (0.200) (0.295) (0.164)      

2016 1.642*** -0.341 0.619** -0.014  
(0.276) (0.210) (0.302) (0.171)      

Economics 0.252*** 0.143 0.024 0.094  
(0.092) (0.105) (0.120) (0.080)      

Educational Science 0.339*** 0.388*** 0.036 0.251**  
(0.116) (0.131) (0.162) (0.103)      

Health and Medical 
Science 

0.135 0.097 -0.094 0.015 

 
(0.091) (0.104) (0.121) (0.080)      

Other Quantitative 
Science 

0.042 -0.027 0.245 0.104 

 
(0.141) (0.160) (0.162) (0.116)      

Other Social Science 0.483*** 0.127 -0.171 0.002  
(0.115) (0.149) (0.182) (0.117)      

Political Science 0.135 0.023 -0.239 -0.088  
(0.106) (0.123) (0.149) (0.096) 
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Psychology 0.075 0.237 -0.101 0.103  
(0.162) (0.166) (0.213) (0.133)      

Sociology 0.356*** 0.213 -0.048 0.107  
(0.113) (0.132) (0.160) (0.103)      

Statistics 0.284*** -0.098 -0.126 -0.114  
(0.106) (0.131) (0.148) (0.100)            

Observations 29,911 29,911 29,911 29,911 
Log Likelihood -5,824.750 -4,590.054 -3,528.387 -6,871.219 
Akaike Inf. Crit. 11,703.500 9,234.109 7,110.774 13,796.440  

Table 3 Logistic regression models (*p<0.1, **p<0.05, ***p<0.001) 
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5. Limitations of the used methods 

We have referenced several times to this section throughout the thesis because all the methods 

that were used in this research have their well-distinguishable methodological boundaries. The 

objective of this section is to point out and elaborate on these limitations and offer possible 

solutions to them (if any). At first, we examine the quality of the collected data and possible bias 

of the inference with the “Total Survey Error” (henceforth TSE) framework (Groves et al. 2009; 

Sen et al. 2019), then dive deeper into the challenges of the information extraction from the 

textual data.  

5.1. Total Survey Error 

Of course, we cannot fit our methodology perfectly into the TSE framework, because it was 

formulated specially to survey-type research designs and ours is certainly not. Nonetheless, we 

can utilize the underlying elements of the paradigm such as the target- and frame population, 

coverage error, and measurement error.  

5.1.1. Coverage 

To be able to evaluate our research design with the TSE framework, we had to lay down the 

target population and the sampling design. Our target population was all the papers that used 

some kind of missing data handling methods between the time-period 1999-2016 and can be 

accessed digitally. Furthermore, those papers that explicitly examined missing data handling 

methods were ineligible. Our frame population, however, can only cover a small portion of the 

vast amount of relevant papers that were published in this period, but it would not be a problem 

if the frame population were a random subset of the target population. Evidently, this is a case of 

a generalization problem, because we cannot ensure that our sample is a random subset of the 

targeted population. Our papers are from the database of Jstor and arXiv, and there is not any 

empirical reason to believe that these two sources provide an eligible random subset of the target 

population. Moreover, there is a possibility of undercoverage bias, since the popular journals with 
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high impact factor likely to require a subscription to access their content, therefore the papers in 

these journals were not present in our frame population.  

An additional coverage error may arise because of our sample frame: for the search queries, we 

used the expressions “missing data” and “incomplete observations”, hence the sample frame 

contains papers which have one of these expressions in their title or the main text; furthermore, 

it is very likely, that there is a difference between the efficiency of the search engines of the 

platforms (e.g. Jstor uses OCR to process the files). 

5.1.2. Measurement error 

Our objective in terms of measurement is to identify the missing data handling methods that 

were used during each research. The measurement error, in this case, means that we do not 

measure exactly what we want. This error type has relevance in our research as well, since it is 

not guaranteed that we can successfully extract the proper information with the available tools 

during text-mining. As we have seen in the review of the previous results in this topic, even for a 

human being, it is challenging to identify whether the researcher used some kind of missing data 

handling method intentionally or just let the software take care of the missing values (Peugh and 

Enders 2004). Consequently, a classification algorithm can be as sophisticated as possible, but it 

cannot provide a precise answer about the nature of the missing data handling methods. And this 

problem does not occur only because of the limitation of the analytic tools, it also depends on 

the text parser and extraction techniques that were applied.  

5.1.3. Processing error and extraction problems 

We are certainly in a better position than researchers using survey design in a way that we do 

not need to scale and quantify the complex emotions or opinions of the respondents. During data 

processing and coding, researchers have to make serious decisions about the ways of 

quantification to transform the gathered data into a more feasible form. We are referring 

especially to those variables which are often reduced to categorical (e.g. age, education) and to 

the ones that are measured in an integer scale (e.g. trust, mood,). However, this does not mean 

that there are not any processing errors occurring in a text-mining design. The problem of 
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quantifying measured objects gains new meaning when we work with textual data, since our task 

not only consists of the transformation of words to numbers, but of the building of algorithms 

that do the transformations as well. Let us suppose that we want to count the frequency of the 

keyword “imputation” in a paper for creating a weight vector for a word embedding algorithm. 

As we have seen in the Data cleaning section, the first step is to convert the PDF file into TXT, 

XML, HTML, or similar “user-friendly” file-extension. There are several converting packages and 

programs that can be used 36 , but their performance is likely to differ: the identification of 

equations, numbers, images or the conversion of the PDF source code can cause severe 

differences in the resulting text (SO, 1; SO, 2); not to mention that sometimes even the words 

cannot be adequately converted.37 

Subsequently, the converted text has to be tokenized in order to get a useful structure for the 

later analysis and classification. As we have mentioned and presented before in the Data cleaning 

and Text-mining sections, there are a number of ways to tokenize a text depending on the unit of 

tokenization, and now we can expand this statement by pointing out that there are a considerable 

amount of tokenization algorithms among the packages as well. 38 The main difference between 

these algorithms usually lies in the way of handling punctuations and special characters. As a 

consequence, they could lead to different results and cause crucial information loss, especially in 

a case of words that contain dashes or other non-alphabetic characters. We emphasize dashes 

because one of the keywords is “em-algorithm” and with the RegexpTokenizer, we get “['em', 

'algorithm']” without dash as the tokenized words, but with a simple word tokenizer, we get 

“['em-algorithm']” 39 . This dissimilarity may seem negligible, however in the case of 

RegexpTokenizer, if we want to remove ineligible words whose length is smaller than 3 to make 

shorter runtime to our program, then we would unintentionally exclude “em” from the text. 

 
36 E.g. tika, PyPDF2, textract. 
37 This issue is solely related to the part of the corpus which is from arXiv. A good deal of words were attached by 

“n”-s, like “multiplennnimputation”, presumably because of the misidentification of whitespaces or line breaks. 
38 For example, the tokenizers in the nltk package: https://www.nltk.org/api/nltk.tokenize.html (2020.04.22.).  
39 The script for comparison: 

import nltk 

tokenizer = nltk.RegexpTokenizer(r"\w+") 

print(tokenizer.tokenize("em-algorithm")) 

print(nltk.word_tokenize("em-algorithm")) 

https://www.nltk.org/api/nltk.tokenize.html
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Additionally, if we check the tokens whether they are existing words in English with the enchant 

package, then with the simple word tokenizer, we end up omitting the whole “em-algorithm” 

token.  Fortunately, we were able to by-pass this problem with a few adjustments in our tokenizer 

tools.  

5.2. Further considerations 

There are a few more important aspects of the data processing that have to be mentioned, 

namely the categories of disciplines, the classifier model, and the volume of the data. We have 

described in the Web-scraping section that the discipline of each paper was available in the source 

code and we have managed to extract them. However, there are numerous fields of science, and 

it was inevitable to reduce the number of categories in our analysis, thus a lot of disciplines were 

merged into one.  

The logistic classifier model that was used in the Data cleaning section was a quite good model 

according to the MCC index, but its “goodness” was tested in a random sample (n=100) of the 

test set, therefore we cannot accept it without reservation. Furthermore, there likely exists a 

more robust and complex machine learning model that can perform better, but this question is 

out of the scope of this thesis.  

We also have to mention that the size of the data was relatively big (over 33.000 cases) and it 

caused unfortunate drawbacks many times during the research. To note an example, we have 

made use of “nested for loops”40 on several occasions during our research, and because of the 

volume of our data, the kernel41 of the IDE collapsed a number of times. 

  

 
40 https://wiki.python.org/moin/ForLoop  
41 The kernel of an IDE is a program, that executes the script. It is like the „engine” of the IDE. 

https://wiki.python.org/moin/ForLoop
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6. Conclusion  

The ubiquity of missing data in quantitative research is undeniable. During data processing, 

researchers must consider the magnitude and type of missingness, since it may cause an 

undesirable bias or information loss. As argued by Wilkinson and Task Force on Statistical 

Inference (1999), “[…] – listwise- and pairwise deletion of missing values – are among the worst 

methods available for practical applications.” This statement may seem slightly normative, but it 

highlights the fact that deletion- and basic imputation methods have serious limitations and 

drawbacks if those are used without attention. The required Missing Completely at Random 

mechanism is oftentimes not fulfilled, and the high proportion of missing data could introduce 

further problems. Instead, one should take into consideration the application of advanced missing 

data handling methods such as Multiple Imputation or Full Information Maximum Likelihood 

estimation.  

In this thesis, we had two major aims. On one hand, we sought to examine the usage of missing 

data handling methods across years and disciplines. On the other hand, we have introduced a 

text-mining approach to perform the analysis and pointed out the limitations of such a 

methodology. In the case of missing data handling methods, we have found that the popularity 

of advanced techniques had been growing over the past 20 years, but the not-advanced 

techniques are still in widespread use. There is a considerable amount of growth in usage of 

advanced methods in the field of Biology, Economics, Health- and Medical Sciences, and Other 

Social Sciences. The logistic regression models strengthened the increasing trend of the usage of 

advanced methods over the years and showed a moderate decline in the application of deletion 

methods.  

The applied text-mining techniques turned out to be not as time-saving as we have previously 

anticipated, and this approach suffers from the lack of generalizability as well. Furthermore, we 

have not been able to extract all the necessary and sufficient information to confidently state 

whether a paper used a missing data handling method, since it is difficult even for the “human 

eye” to decide. On the contrary, we have gained a new perspective that can be used as an auxiliary 

approach for further research on this topic: with text-mining techniques, some tasks such as the 
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data cleaning or keyword search can be automatized and the time-consuming parts of a meta-

analysis can be sped up. The word embedding and representational methods can also provide 

useful insights into the interrelation of certain words or sentences. 
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8. Appendix 

8.1. Keywords for classification 

8.1.1. Data cleaning: keywords to create weight vectors 

„missing”, „data”, „handling”, „observation”, „method”, „incomplete” 

8.1.2. Decision tree 

1. Level: “imputation”, “substitution” 

2. Level: “multiple”, ”em-algorithm”, ”full-information maximum likelihood”, 

“listwise”, ”pairwise”, “observation”, “case”, “value” 

3. Level: “mean”, “median”, “modus”, “neighbor”, “deck”, “regression”, “delete”, “omit”, 

“exclude” 


