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Missing data is a widespread fundamental problem that cannot be ignored. It distorts the data, 

sometimes even to the point where it is impossible to analyze data at all. In emotion 

recognition, it was discovered that one of the best approaches to identify human emotions is 

by analyzing EEG (electroencephalography) results combined with peripheral signals. In this 

thesis EEG data is used to test which missing data techniques are more efficient and reliable in 

emotion recognition. During the research, the software was created, which implicates all the 

methods that are tested. In the end, author concludes which techniques should be used in 

emotion recognition and when.  
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Проблема наличия пропусков в массивах данных является фундаментальной 

проблемой. Она широко распространена в различных сферах деятельности и не может 

быть игнорирована. Эта проблема приводит к искажению данных, иногда до такой 

степени, что становится невозможным проводить какой-либо их дальнейший анализ. 

Учеными было обнаружено, что одним из наилучших способов распознать 

человеческие эмоции является анализ результатов ЭЭГ (электроэнцефалографии) 

вместе с периферийными сигналами.  В этой работе данные ЭЭГ используются для 

тестирования различных методов борьбы с пропусками, чтобы определить какие из них 

являются эффективными и надежными. В ходе исследования было создано 

программное обеспечение, которое реализует эти методы. В конце диссертации автор 

делает выводы о том, какие из методов должны использоваться в борьбе с 

пропущенными данными в распознавании эмоций и когда. 
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1. INTRODUCTION 

People use emotions to communicate with each other on a daily basis. Moreover, even a 

simple conversation between two people involves emotions to convey the message. This 

mechanism allows people to understand each other better and behave according to the 

situation, because the same sentence can be treated differently depending on emotions person 

who says it has. 

Due to the emotions being so important in human to human interaction, it is essential that 

interaction between human and machine is also based on emotions [1]. Furthermore, it has 

been proven that human would feel more comfortably engaging with machines that can react 

to their emotions [2].  

To be able to continue, it is essential that certain terms are defined to avoid ambiguity:  

 Emotion recognition is a technique that allows machines to detect and correctly 

recognize human emotions; 

 A facial expression is a visible manifestation of the affective state, cognitive activity, 

intention, personality, and psychopathology of a person [3]. 

Emotions can be expressed both verbally and non-verbally. It has been discovered that it is 

better to use non-verbal methods, because they yield more reliable information [1]. Using non-

verbal methods, information can be collected differently: by analyzing gestures,  facial 

expressions or even using electroencephalography or magnetoencephalography [4]. An 

electroencephalography (EEG) is a test that detects electrical activity in brain using small, flat 

metal discs (electrodes) attached to scalp [5]. Magnetoencephalography (MEG) a noninvasive 

technique that detects and records the magnetic field associated with electrical activity in the 

brain [6]. Detailed explanation and principles of EEG and MEG can be found in respective 

articles [7, 8].  

By being able to recognize emotions correctly we can make existing technologies more 

human-friendly as well as create new ones. For example, by using emotion recognition, 
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nursing robots can have smooth user interaction, which is especially important in this area [9]. 

Smart cities can also use this technology in order to have information about its inhabitants’ 

behavior. This will reduce crime rates and prevent several mental problems people might have 

by notifying respective specialists in time. Additionally, this feature can be used in Virtual 

Reality teaching [10]: by understanding what students can feel during the lecture, teacher will 

have some feedback about his work, which will give him an opportunity to improve.  

Despite its usefulness, emotion recognition has some major challenges and problems. In this 

thesis, we will focus on missing data.  

1.1. The research problem 

Missing data are observations which are planned and are missing [11]. This is a fundamental 

problem that can be stumbled upon during any experiments or surveys. Furthermore, any kind 

of data acquisition is always in danger of getting results with missing values. This is by no 

means exception to emotion recognition. Actually, getting missing data results is one of the 

main problems in recognizing emotions [1, 12, 13], particularly in face recognition [14-26].  

For example, during data acquisition process in EEG, some data is inevitably missed due to 

power line interference, motion artifacts, electrode contact noise and sensor device failure [1]. 

Consequently, missing data distorts the results, which may lead to incorrect conclusions 

regarding the emotion that is displayed. Nevertheless, this problem was completely ignored for 

decades and only recently started to get addressed [12]. 

If emotion recognition techniques will be used in the future, it is extremely important that 

human emotions are recognized correctly. For nursing robots, recognized emotions are 

deciding factor in how they would approach interaction with a person. In emotion recognition, 

handling missing data correctly will give researchers working on this technology more precise 

data, which will increase percentage of correctly recognized emotions. 
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1.2. Research objectives and questions 

Considering the research problem, there are three research questions: 

RQ1. What are the techniques that can be used to deal with missing data? 

RQ2. Which techniques are the most suitable to use in emotion recognition? 

RQ3. When each of those suitable techniques can be used? 

The research tasks and objectives are: 

1. Definition and classification of missing data. 

2. Classification of techniques that are used to deal with missing data. 

3. Comparison of techniques and their uses regarding emotion recognition. 

4. Conclusion regarding use of different techniques in emotion recognition.  

1.3. Research methodology 

This research consists of three major steps:  

1. Acquiring theoretical background on missing data; 

2. Studying missing data in relation to emotion recognition; 

3. Implementing software to help with missing data problems in emotion recognition, 

testing it on real data. 

Based on these steps, detailed project plan that is used in this thesis is established: 

1. Defining missing data; 

2. Overviewing techniques that are used to address this problem; 

3. Studying missing data in relation to emotion recognition; 

4. Engineering software that will apply these techniques; 

5. Testing software on a real data; 

6. Concluding the results, finding the best technique. 
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1.4. Phases of the research 

There are total of 9 phases of research. Deadlines and results after each phase are concluded in 

Table 1. 

Table 1. Phases of the research. 

Phase Result Deadline 

Topic selection. Thesis topic is selected. 30.10.2017 
Research question formulation. Research questions are 

concluded. 
08.01.2018 

Literature review. Literature analysis is made, 
relevant articles are selected. 

25.01.2018 

Writing a proposal. Proposal is submitted. 01.02.2018 
Post-mortem of proposal. Proposal drawbacks are taken 

into consideration. 
02.02.2018 

Classification of missing data and 
techniques to deal with it. 

Chapters about missing data 
and techniques to deal with it is 
completed. 

30.02.2018 

Comparison of techniques and their 
uses regarding emotion recognition. 

Different techniques are 
compared, most suitable 
techniques are chosen for 
emotion recognition. 

30.03.2018 

Finalization of a thesis. Thesis is completed. 15.04.2018 
Preparing presentation. Presentation for thesis is ready. 27.04.2018 

1.5. Resources required 

Hardware and software 

 Personal computer and necessary software for the research.  

Time 

Time is strictly limited; research must be finished by 27.04.2018. 
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Relevant articles 

Due to research being based on other publications, relevant articles should also be 

considered as a resource. 

1.6. Outcomes of the research 

This research project has following outcomes by the end of the project: 

1. Different techniques for dealing with missing data are compared regarding their use in 

emotion recognition; 

2. The best technique to be used is proposed for different cases.  
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2. SYSTEMATIC LITERATURE REVIEW APPROACH  

Several databases are used to search for relevant articles, such as: IEEE, ACM, Springer, 
Web of Knowledge and LUT Finna.  

The keywords used for the search are: “missing data”, “face recognition”, “emotion 
recognition”, “missing data” AND “face recognition”, “missing data” AND “emotion 
recognition”.  

The search has been made for the articles using mentioned databases. Firstly, search has been 
made for the key phrase itself, then the results are narrowed down by using AND operation. 
Tables 2 and 3 provide information about the number of articles on each key phrase in 5 
different databases.   

Table 2. Number of articles in databases   

Database name  “missing data”  “face recognition” “emotion 
recognition”  

IEEE  2097 21476 5312 

ACM  249 432 401 

Springer  90457 17787 5163 

Web of  
Knowledge  

19037 21973 6780 

LUT Finna  185293 26323 9769 
  

 Table 3. Number of articles in databases  

Database name  “missing data” AND  
“face recognition”  

“missing data” AND 
“emotion recognition” 

IEEE  30 6 

ACM  0 0 

Springer  362 161 

Web of  
Knowledge  

35 3 

LUT Finna  488 332 
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It is important to mention that these tables only provide information about the quantity of 
articles. Some of these articles are irrelevant to the question, so only relevant articles have 
been chosen. If needed, it is possible to revisit these keywords to get more articles.   

 
Figure 1. Publication years for “missing 

data” keyword 

 
Figure 2. Publication years for “missing 
data” AND “face recognition” keyword 

Articles from Web of Science are analyzed using NAILS tool [27] to get an overview of 
field’s status. Analysis is shown in Figures 1 and 2. It is clear that even though missing data 
is popular around 2005 and lost its popularity, missing data in face recognition is gaining 
attention more and more in last 4 years.  
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3. OVERVIEW OF MISSING DATA 

3.1. Classification of missing data 

In the field of emotion (facial) recognition the missing data problem occurs quite often [1, 12, 

13]. This problem is widespread and occurs not only in this particular field, but also in 

sociology [28], political science [29], psychology [30], education [31] and communication 

[32]. Traditionally, reasons that lead to partial absence of data are impossibility of obtaining or 

processing data, distortion or intentional hiding of information. Consequently, incomplete data 

is thrown into input of programs that analyze data.  

 

Figure 3. Average temperature in Saint 
Petersburg throughout the year 

 

Figure 4. An example of missing data 
while measuring temperature 

Let’s take a look on an example of missing data. Complete data about average temperature in 

Saint Petersburg [33] is shown in Figure 3. Now, let’s assume that during April and October 

measurement equipment is broken and we couldn’t measure temperature during these periods 

of time. This means that now we have to deal with missing values in the middle of our 

measurement. An example of this is an illustration shown in Figure 4. As you can see, while 

the measurement is conducted, data for April and October went missing and we still have to 

put this data into analytic software, which leads to a problem. 
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So, how do we deal with this? To answer this question, we need to first determine if all 

missing data cases should be treated equally or not. And, as it turns out, missing values can 

have different nature and can generally be split into three groups [34]. Let’s go ahead and 

determine those groups first. 

It is fairly obvious, that only 2 cases are possible while using multiple variables [35]: 

1. Missing data problem occurs only in one variable; 

2. Missing data problem occurs in multiple variables. 

For the sake of simplicity, we will only look at first case. Let’s assume that we only have 2 

variables – X and Y. Let X be the variable that has all data in it, then Y will be the variable 

containing the missing data. You can see an example of missing data monotone pattern in 

Figure 5: here X is a complete variable, while Y is incomplete. 

 

Figure 5. An example of monotone pattern containing missing data in one variable [35] 

As Rubin and his colleagues suggest [34, 35], it is incredibly useful to classify the missing 

data mechanism according to whether probability of response: 

1. Depends on Y, and, possibly, on X; 

2. Depends on X, but not on Y; 

3. Independent from both X and Y. 
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In third case we can say that missing data is missing at random (MAR) and observed data is 

observed at random (OAR), thus data is missing completely at random (MCAR). This 

condition is very strict, so in reality data can pretty much never be considered MCAR due to 

the nature of experiments [36, 37]. 

In second case we can say that missing data is missing at random (MAR). It means that data is 

missing equally not throughout the entire variable, but inside groups of variables. For 

example, if during a sociological research missing data is more likely to occur in men’s 

responses than women’s, but inside those 2 groups will occur at random, then this data is 

MAR. 

In first case, data is neither MAR or OAR. In this case we can say that data is missing not at 

random (MNAR). As a rule, reason behind missing data in this case is hidden in the field of 

study itself.   

Additional information about missing data mechanisms can be found in related materials [34, 

35, 38-40]. 

3.2. Techniques for dealing with missing data 

While applying different techniques for dealing with missing data, it is important to know 

what kind of missing data you encountered: MCAR, MAR or MNAR [35]. If data is 

complying to MAR condition or MCAR condition as more strict, then missing data 

mechanism is ignorable and different techniques of dealing with missing data can be applied. 

However, if data is not complying with these conditions (is considered MNAR), then missing 

data mechanism is non-ignorable and knowledge of this mechanism is essential for correct 

analysis of data. Moreover, MCAR and MAR provides unbiased parameter estimates, while 

MNAR gives us biased parameter estimates [41]. 

You can build tests that distinct between MCAR and MAR [42], but you can’t always 

recognize if missing data mechanism is ignorable or not. 
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So, what are the techniques that can be used to deal with missing data problem? There are a lot 

of techniques that can be used for this purpose [40]. However, it would be useful to split them 

into two separate groups: 

1. Available data analysis; 

2. Using imputation methods. 

Correspondingly, as shown on Figure 6, all techniques can be split into two groups. 

 

Figure 6. Two groups of techniques for dealing with missing data  

As you might have noticed, two of imputation methods are missing on this list. They are 

Bartlett’s method [35] and ZET algorithm [43-45]. These methods are rarely used compare to 

all the other ones listed above. As a consequence, they are removed from this research due to 

their high complexity and low frequency of use. However, in future works, they should be 

included in experiments as all the other methods are. 

Now, let’s dive in and take a closer look at each of these groups. 
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4. AVAILABLE DATA ANALYSIS TECHNIQUES 

There are two techniques that can be marked out in this group of methods: 

1. Listwise deletion; 

2. Pairwise deletion. 

It is necessary that MCAR condition is met to use these methods. Quite often this becomes a 

big problem due to the fact that usually data is complying to MAR conditions, but not MCAR 

[36, 37]. Also, amount of absent data should be relatively small in order to use these methods, 

otherwise they will lead to biased parameter estimates, though bias can be considered minimal 

[46, 47]. 

Methods that are included in “Available data analysis” group are shown in Figure 7. 

 

Figure 7. Methods that are included in “Available data analysis” group  

4.1. Listwise deletion 

Listwise deletion (also known as complete case analysis) [40, 41, 48] is a method that comes 

to mind first when you think about missing data problem. The whole point of this method is to 

remove from data set all the results that have missing values in them. It does not require any 

restoration of data, only conducting following analysis without incomplete objects.  

Consider you have hypothetical data that has X as complete variable and Y as incomplete 

variable. It is easy to see how this method will affect data from illustrations shown on Figures 
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8 and 9: graph of full data and graph of data that remained after listwise deletion. Black dots 

represent complete data and red dots represent objects that have missing information about Y 

variable. 

This method is used by default by most researchers [49], although in reality it is “a method 

that is known to be one of the worst available” [32]. According to [49], this method should be 

given up in favor of hot-deck imputation method (see Section 5.3). 

4.2. Pairwise deletion 

Pairwise deletion (also known as Available case analysis) [40, 41, 48] is very similar to a 

previous one, except when having missing values in several variables, other variables would 

have counted in following analysis. This way, if respondent did not answer all the questions, 

his participation will not be ignored, unlike first case; questions that he answered will be 

analyzed, but questions he did not answer will not. 

The hypothetical data example is shown in Table 4. Here X is a complete variable, while Y, Z 

and T are non-complete variables. In this case, unlike listwise deletion, observations j and k 

will not be completely ignored:  non-complete variables Z and T of observation j will still 

contribute towards future analysis as well as T variable of observation k. 

 

Figure 8. Full data before listwise 
deletion 

 

Figure 9. Data set after listwise deletion 
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Table 4. Pairwise deletion example (hypothetical data) 

Variable Observation i Observation j Observation k 
X 54 35 25 
Y 67 ? ? 
Z 75 48 ? 
T 58 98 26 

Even though this method can get better results depending on circumstances, it still has the 

same problems as listwise deletion [35, 40]. 
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5. IMPUTATION METHODS 

Imputation methods are alternative methods to deal with missing data. The main idea of this 

group of methods is that instead of removing some entries in data in order to cope with 

missing data, new values will be assigned to them. This way, all the missing values will be 

filled in, so data set will look complete and can be analyzed further. 

Generally speaking, these methods provide better results compare to previous ones due to the 

reasons stated above [35, 40]. Nevertheless, imputation techniques require more computing 

power, which may be essential in some cases. 

 

Figure 10. Imputation methods 

This group of methods contains different techniques, such as: 

1. Mean substitution; 

2. Cold deck imputation; 

3. Hot deck imputation; 

4. Regression analysis; 
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5. Spline interpolation; 

6. Maximum likelihood (EM algorithm); 

7. Multiple imputation method. 

Figure 10 represents all the imputation methods that are discussed in this thesis. 

5.1. Mean substitution 

Mean substitution [40, 41, 48] is a wide-spread technique used by many researchers [50]. The 

core idea is that you simply replace missing values with mean of the values observed. In 

Figure 11 you can see an example of mean substitution on hypothetical data. Black dots here 

represent observed values; red dots represent missing values that have been replaced with 

mean. 

 

Figure 11. Mean substitution technique (hypothetical data). Mean value is around 21. 

This technique has a lot of problems. First of all, if there is a lot of missing values, it would be 

incorrect to replace them with mean value: it would lower the dispersion significantly [49]. 
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Also, considering the fact that quite often missing values can be much lower (or higher) than 

mean value, this approach should only been used in some specific cases and shouldn’t be go-to 

strategy for handling missing values [51]. 

5.2. Cold deck imputation 

In this method, missing data found in input data is simply imputed with static external value 

(usually 0) [52]. Quite often this value is based on the previous researches that have been done 

on the same topic.  

There is not much to be said on this method: it provides false data just to get rid of missing 

values, but it usually is better to just use available data analysis methods in this case. 

5.3. Hot deck imputation 

Main idea of this method is to substitute missing value with value of another observation that 

is the closest to this one [49]. The thinking process is as follows: if observation is close to 

another observation, then it should take all the similar parameters.  

Take a look at an example shown in Table 5. Here we have 2 observations: observation i and 

observation j. When we encounter observation k, that has Z variable missing we compare k to 

both i and j using X and Y. In this example, k is much closer to i than to j, which means that Z 

should be taken from there, making it 67. 

Table 5. Hot deck imputation example (hypothetical data) 

Variable Observation i Observation j Observation k 
Observation k 

(restored) 
X 53 25 45 45 
Y 85 76 84 84 
Z 67 23 ? 67 

Some researchers seriously advise to use this method instead of listwise and pairwise deletions 

as well as mean substitution [49]. This is mainly due to the fact that according to Roth [30], 

this method “can be both valid and simultaneously easy to use”. 
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This method also has a significant downside: a consistent theory is still not well developed on 

when and where to use this method, and what effect it has on statistical properties of data [53]. 

 

5.4. Linear regression analysis 

Linear regression analysis [54] is based on the assumption that variables are collinear 

(somehow distributed around the linear function). So, values of this linear function can be 

used to substitute the missing values. 

As Draper mentioned [54], if you consider data lying on the linear function, then this function 

can be calculated as follows (for 2 variables case):  

𝑦(𝑥) = 𝑎 + 𝑏𝑥. 

The coefficients a and b can be acquired using following formulas: 

𝑏 =
𝑛 ∗ ∑ 𝑥 𝑦 − ∑ 𝑥 ∗ ∑ 𝑦

𝑛 ∗ ∑ 𝑥 − (∑ 𝑥 )
 and 

𝑎 =
∑ 𝑦 − 𝑏 ∑ 𝑥

𝑛
, 

where n – amount of observed data values. 

The example of this method is shown on Figure 12. As you can see, all missing values have 

been substituted with values that are lying on the line, which is determined with above 

formulas.  
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Figure 12. Substitution of missing values using linear regression method (hypothetical data). 

The main advantage of this method is that theory is well developed [55], however method also 

has a major downside. In order to use this method, you have to prove that variables are 

collinear, and in some areas collinearity problem has been recognized as a serious problem 

[54, 56, 57]. More information about collinearity problem in regression analysis can be found 

in paper [58]. 

5.5. Spline interpolation 

Spline interpolation method is a method that uses splines to predict missing values [59]. 

Firstly, you create a spline function using available discrete values. After that, you just use 

values of recreated function to substitute missing values. It is important to know that some 

splines like B-splines do not necessarily have to have observed values; but nevertheless, they 

use their weighted sum as a reference to create a function. 
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In this thesis, we will stick to use only B-splines, which can be acquired using Cox-de Boor’s 

algorithm [59, 60]:  

𝑦(𝑥) = 𝑁 (𝑥) ∗ 𝑦 , 

where k is an order of spline, 𝑁 (𝑥) is a function, described as: 

𝑁 (𝑥) =  
1

0
 
if 𝑥 ≤ 𝑥 ≤ 𝑥

otherwise
, 

𝑁 (𝑥) =
𝑥 − 𝑥

𝑥 − 𝑥
𝑁 (𝑥) +

𝑥 − 𝑥

𝑥 − 𝑥
𝑁 (𝑥). 

Main disadvantage of this method is that if you have a lot of missing values, then precision of 

recreated values will be very low, which means that recreated values will be very different 

from the ones that could be observed [59].  

 

Figure 13. Using spline interpolation method to acquire missing values 
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Figure 13 illustrates weather in Saint Petersburg throughout a year provided by [33]. The data 

for April and October is missing, so spline interpolation method was used to recreate it. Using 

observed values a function was created, which can be used to fill in the missing data. 

5.6. Maximum likelihood (EM algorithm) 

This method is proposed by Rubin and his colleagues [61] in 1977. EM algorithm is called so 

because it consists of 2 major steps: 

1. Expectation step; 

2. Maximization step. 

The core idea is to create a likelihood function of a statistical data provided by given 

observations and then find local maximums of this function. Detailed mathematical 

explanation of this method can be found here [61, 62]. The method is explained using an 

example provided in [63] (all pictures are taken from there as well).  

Let’s consider that we have a hypothetical data set that has 2 different groups represented by 

red and blue dots (Figure 14). We can easily calculate mean and other parameters that can 

characterize these groups. For example, mean value of a red group is around 3 and mean value 

of a blue group is around 7.  

As it turns out, using EM algorithm we do not actually need to know the colors of dots to 

calculate its statistical parameters (Figure 15).  

 

Figure 14. Hypothetical data set with 2 distinct groups of observed values [63] 
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Figure 15. Same data set, but groups are hidden [63] 

In order to do this, we should proceed following steps: 

1. Make a blind guess on initial value on the parameter we are looking for; 

2. E-step: Compute the likelihood that each parameter produces data point; 

3. For each data point we calculate weights that show the likelihood of the parameter 

producing those points; 

4. M-step: Calculate a better value for the parameter using maximization of likelihood 

function; 

5. Repeat steps 2-4 until parameter estimate converges or required number of steps is 

completed. 

The major problem is we never know how many groups of dots we have, so we have to make 

a guess here. 

A walkthrough of all the steps of the example: 

1. We have to make blind guesses here. Let us assume that we have 2 groups of dots with 

mean values of 1.7 and 9. This assumption gives us the distribution shown in Figure 

16.  

2. Now for each dot we calculate numbers that will represent probabilities of being in 

each group. In this case, with our current guesses the data point at 1.761 is much more 

likely to be red (0.189) than blue (0.00003). 
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3. Now we turn those numbers into actual probabilities by calculating their weights. For 

data point at 1.761 it would give us 99.98% chance of being in red group and around 

0.02% chance of being in a blue group. 

4. Now we calculate more suitable values for the mean parameters that we blindly 

guessed at step 1. 

5. Jump to step 2 and do a new iteration. 

 

Figure 16. Likelihood function provided by our blind guess [63] 

So, by calculating more and more iterations, we get better and better values for the parameter 

that we are looking for. Figure 17 shows first 5 iterations for our example (recent iterations 

have stronger appearance).  

 

Figure 17. Likelihood functions (recent ones have stronger appearance) [63] 
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And, finally, after 20 iterations we will have a picture shown on Figure 18 that will give us 

reasonably close mean values for both groups. Calculated mean values would give us 2.91 for 

red and 6.84 for blue dots, while real values are 2.8 and 6.93, respectively. 

 

Figure 18. Likelihood function after 20th iteration [63] 

5.7. Multiple imputation 

All previous imputation methods are also known as single imputation methods. This means 

that you replace missing value with one other value that is calculated by the algorithm.  

On the other hand, multiple imputation method [35] replaces 1 missing value with multiple 

values complying with different models. Only a brief explanation of this method would be 

given in this thesis; additional information can be found in related sources [35, 64].   

So, how does this method work? From Figure 19 you can see that one missing value is 

represented by m different values. This way, if you have m models that can be used to impute 

values, at the end you will receive m new data sets with imputed values. In order to perform 

tests, you need to perform them on all possible values, which mean if you have n number of 

observations that you have to run the tests nm times. Simplified schema of multiple imputation 

method is given on Figure 20.  
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Figure 19. Multiple imputation method [40]  

 

Figure 20. Schema of multiple imputation method  

When implementing this method, extra caution should be given, because “…a naive or 

unprincipled imputation method may create more problems than it solves, distorting estimates, 

standard errors and hypothesis tests.” [65]. This is mainly due to its high demand on 

computer’s resources. 
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6. MISSING DATA IN EMOTION RECOGNITION 

Modern emotion recognition researches are based on circumplex model proposed by Russel in 

1970 [66]. Particularly, this model suggests that all human emotions can be found in two-

dimensional space. The successor to this model is Arousal-valence model (see Figure 21). 

This way, to determine person’s emotion it is enough to know his arousal and valence. And 

this is exactly what modern researchers do [1, 12, 67].  

 

Figure 21. Arousal-valence model [68] 

As it was already mentioned in introduction, missing data problem in emotion recognition was 

completely ignored until 2011 [12]. In his study, Wagner uses several methods to deal with 

missing data, such as: listwise deletion, pairwise deletion and cold deck imputation. 

Since then, only 2 studies addressed missing data problem in emotion recognition. One of 

these studies [1] used restricted Boltzmann machine, which is a maximum likelihood 

algorithm. As this study showed, their approach has much better results than methods used in 

previous study [12]. You can see related picture in Figure 22. 
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Figure 22. Graphs that represent comparison of Shu and Wagner’s studies [1] 

Second study [67], which was conducted after Wagner, involved use of EM algorithm, which 

is also maximum likelihood algorithm. Afterwards, restored data set was used in Bayesian 

network to make a decision. 
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7. EXPERIMENT 

Based on the research, software that copes with missing data problem is created. 

Unfortunately, not all methods discussed in this thesis are implemented due to strict time limit 

on research. From all the methods, easiest ones to implement and test are chosen. Methods that 

are successfully implemented are: 

1. Listwise deletion; 

2. Mean substitution; 

3. Cold deck imputation; 

4. Hot deck imputation; 

5. Linear regression analysis. 

The software is created using C# language due to its simplicity and flexibility. Necessary 

debugging and performance measurement is conducted using standard debugging tools 

provided by Visual Studio. An example of working software is shown in Figure 23. 

 

Figure 23. Software at work. In this example, linear regression analysis is used to restore the 

values. 
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Implemented functions for each method are available in Appendix. Full source code of an 

application is available online [69].  

7.1. Data description 

Data that is used to conduct the experiment is provided by [70-72]. The data itself is an EEG 

of 109 participants that were asked to do 14 different tasks. Each task took about 1-2 minutes 

to complete. Recordings of each of these tasks for each participant are located in a separate 

EDF file. Each of these files contains information about measurements of 64 electrodes 

located as shown in Figure 24. 

 

Figure 24. Location of electrodes [72] 

Using EEGLAB software [73], these EDF files were converted to  tab-delimited CSV files. 

This way, it is much easier to process them. Simplified structure of CSV files is shown in 

Table 6. 
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Table 6. Simplified structure of CSV files 

Time (ms) Electrode 1 Electrode 2 … Electrode 64 

0 -16 -29 … 25 

6.25 -56 -54 … 36 

… … … … … 

These files contain complete data (no missing values are present). This is done on purpose to 

be able to compare this data to software’s output to measure performance. Missing data files 

are created from these source files with 10% missingness (10% chance for each value to be 

lost). This way we can guarantee that we are dealing with MCAR data and all the methods are 

applicable.  

All methods work only with missing data files and have no access to source files. 

7.2. Results 

After the data has been processed, results are analyzed. Listwise deletion had the worst results 

among all methods. As you can see from Figure 25, pretty much all the data is deleted while 

using this method. From original 9760 entries we only have 14 left. This happened due to 

relatively high missingness in files. 
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Figure 25. Listwise deletion analysis. Data is taken from electrode Fc5 for first task by first 

participant. 

With 10% missingness every line only has 0.9  chance to make it to output, which leaves us 

with 11.5 lines on average for every EDF file, which originally has 9760 lines. Even if we had 

only 1% missingness in files, almost 50% of data would be lost anyways. Obviously, these 

results cannot be treated seriously and this method should never be used if there is any risk to 

get more than 1% of missing data. 

Imputation methods are much more promising. For imputation methods, least squares method 

is used to determine the best method.  Main idea of least squares method is that sum  

𝑆 = (𝑦 − 𝑦 )  



 
 

 
38 
 

should be minimized. Here 𝑦  is value that has been imputed, 𝑦  is value that was actually 

acquired during the experiment, 𝑛 is amount of missing values. The results are shown in 

Figure 26. 

 

Figure 26. Analysis of imputation methods. Data is taken from electrode Fc5 for first task by 

first participant. 

Interestingly enough, three methods showed very similar results. It can be explained that mean 

substitution, cold deck imputation and linear regression analysis are essentially doing the same 

thing. Due to the nature of EEG, all the values are centered around 0, which means that: 

1. Mean value was 0; 

2. Cold deck imputed 0; 
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3. Linear regression function is very similar to X axis. 

This way, all of these three methods are imputing close to 0 values all the time. On the other 

hand, hot deck imputation method works differently; this is why his graph looks different 

comparing to others. 

7.3. Performance measurements 

During algorithm testing, performance of all implemented algorithms is also measured using 

debugging tools provided by Visual Studio. The conducted results are shown in Table 7.  

Table 7. Performance measurements 

 
Listwise 

deletion 

Mean 

substitution 

Cold deck 

imputation 

Hot deck 

imputation 

Linear 

regression 

Time (ms) 70 24 10 144048 33 

As we can see, 4 of these methods are quick (less than a second), while hot deck imputation is 

rather slow (around 2 minutes). 
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8. CONCLUSION 

The world of technology is rapidly developing. Only 50-60 years ago computers were size of a 

barn and their maintenance was quite expensive. Nowadays, we have insane (compare to what 

we had back then) computing power that can be and is used to make life of a researcher easier.  

As it is already mentioned in introduction, missing data is a widespread fundamental problem 

that cannot be ignored. It distorts the data, sometimes even to the point where it is impossible 

to analyze data at all. That being said, we can use computers to take care of that problem for 

us (at least partially). However, some algorithms do require serious computing power even by 

today’s standards; but nevertheless, it is still possible to use them in near future. 

In emotion recognition, it is discovered that one of the best approaches to identify human 

emotions is by analyzing EEG results combined with peripheral signals. As you may know, 

EEG generates quite a lot of data and is subject to a problem of missing data. This way, it is 

extremely important to find out the methods to cope with missing data that would be 

applicable and efficient. 

As this thesis has shown, there is no clear answer to this. You can say one thing for sure: 

listwise deletion method, which is so widely used and still is go-to strategy for most 

researchers, should never be used. Not only it removes huge chunks of data once missingness 

goes up making it impossible for data to be analyzed anyhow, it is not even cost-effective. It 

takes much less time to just use other methods instead, so what is even the point of it?  

Three other methods (mean substitution, cold deck imputation and linear regression analysis) 

have showed almost identical results. It is, however, related specifically to the way EEG 

works. All EEG data is spread around 0 in such a way that mean value becomes 0 and linear 

regression function is very similar to X axis. This way, all missing values would be replaced 

with 0 or with very close to 0 numbers for all three cases. This brings us to the point that 

specifically for EEG it is actually a good idea to use cold deck imputation, because of its low 

demand on computer resources and decent results. 
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And finally, hot deck imputation. This method proved to be the best of all tested methods. 

However, it is also the most demanding of them. This means that if you have an access to 

good computer, or your amount of data is relatively short so speed would not be an issue, then 

this method is the best choice. 

8.1. Answers to research questions 

During the study, all 3 research questions have been answered. Let us shortly summarize all 

the answers. 

RQ1. What are the techniques that can be used to deal with missing data? 

The techniques that can be used for this purpose are: listwise deletion, pairwise 

deletion, mean substitution, cold deck imputation, hot deck imputation, linear 

regression analysis, spline interpolation, maximum likelihood estimation and multiple 

imputation. 

RQ2. Which techniques are the most suitable to use in emotion recognition? 

Out of all tested techniques (see Chapter 7), most suitable techniques for emotion 

recognition are mean substitution, cold deck imputation, hot deck imputation and linear 

regression analysis. 

RQ3. When each of those suitable techniques can be used? 

If you have enough computer power or small amount of data, then you should 

definitely use hot deck imputation method. Otherwise, mean substitution, cold deck 

imputation and linear regression analysis are viable methods to use in emotion 

recognition. 

8.2. Future works 

It is worth noting that not all available methods are tested during this research. Pairwise 

deletion, spline interpolation, EM algorithm and multiple imputation methods should all be 
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tested. It might be one of them that is more suitable, than what we have now. Also, some 

methods that are not included in thesis (they are discussed in Section 3.2) should be tested as 

well. 

Moreover, these methods should be tested under big pressure as well. Using large amounts of 

data to process might also change behavior of these methods. So it is definitely something that 

should be done in future. 

Considering the level of technology that we have now, there is no real reason not to handle 

missing data. At very least, every researcher who is working with any kind of data acquisition, 

should know the basic ways to handle it. It will allow reducing amount of mistakes that are 

made because of incorrect data analysis and thus make the researches more consistent and 

reliable. Works similar to this one should be done in every field of science to determine the 

best suitable techniques for researchers to use. This way, we can build a solid basis which will 

help future scientists to conduct their researches more reliably. 
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APPENDIX 

public void ListwiseDeletion() 
{ 
    outputList = inputList; 
 
    for (int i = 0; i < outputList.Count; i++) 
    { 
        for (int j = 0; j < outputList[i].Length; j++) 
        { 
            if (double.IsNaN(outputList[i][j])) 
            { 
                outputList.RemoveAt(i); 
                i--; 
                break; 
            } 
        } 
    } 
} 
 
public void MeanSubstitution() 
{ 
    outputList = inputList; 
 
    double[] mean = new double[outputList[0].Length]; 
    double[] n = new double[outputList[0].Length]; 
 
    // Calculate mean values 
    for (int i = 0; i < outputList.Count; i++) 
    { 
        for (int j = 1; j < outputList[i].Length; j++) 
        { 
            if (double.IsNaN(outputList[i][j])) 
            { 
                continue; 
            } 
            else 
            { 
                mean[j] += outputList[i][j]; 
                n[j]++; 
            } 
        } 
    } 
 
    for (int i = 1; i < mean.Length; i++) 
    { 
        mean[i] /= n[i]; 
        mean[i] = Math.Round(mean[i], 2); 
    } 
 
    // Impute mean values istead of NaN 
    for (int i = 0; i < outputList.Count; i++) 
    { 
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        for (int j = 1; j < outputList[i].Length; j++) 
        { 
            if (double.IsNaN(outputList[i][j])) 
            { 
                outputList[i][j] = mean[j]; 
            } 
        } 
    } 
} 
 
public void ColdDeckImputation() 
{ 
    outputList = inputList; 
 
    for (int i = 0; i < outputList.Count; i++) 
    { 
        for (int j = 1; j < outputList[i].Length; j++) 
        { 
            if (double.IsNaN(outputList[i][j])) 
            { 
                outputList[i][j] = 0; 
            } 
        } 
    } 
} 
 
public void HotDeckImputation() 
{ 
    outputList = inputList; 
 
    for (int i = 0; i < outputList.Count; i++) 
    { 
        double[] squareSum = new double[outputList.Count]; 
 
        // Calculate squareSum for each row in relation to this row 
        for (int k = 0; k < outputList.Count; k++) 
        { 
            for (int l = 1; l < outputList[i].Length; l++) 
            { 
                if (double.IsNaN(outputList[k][l])) 
                { 
                    squareSum[k] = double.MaxValue; 
                    break; 
                } 
                else if (double.IsNaN(outputList[i][l])) 
                { 
                    continue; 
                } 
                else 
                { 
                    squareSum[k] += (outputList[k][l] - outputList[i][l]) * 
(outputList[k][l] - outputList[i][l]); 
                } 
            } 
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        } 
 
        // Use the one with least square sum 
        int leastSquareSumIndex = Array.IndexOf(squareSum, squareSum.Min()); 
 
        for (int j = 1; j < outputList[i].Length; j++) 
        { 
            if (double.IsNaN(outputList[i][j])) 
            { 
                outputList[i][j] = outputList[leastSquareSumIndex][j]; 
            } 
        } 
    } 
} 
 
public void LinearRegression() 
{ 
    outputList = inputList; 
 
    // Calculate necessary parameters for each electrode  
    double[] a = new double[outputList[0].Length]; 
    double[] b = new double[outputList[0].Length]; 
    double sumX = 0; 
    double[] sumY = new double[outputList[0].Length]; 
    double[] sumXY = new double[outputList[0].Length]; 
    double sumX2 = 0; 
    double[] n = new double[outputList[0].Length]; 
 
    for (int i = 0; i < outputList.Count; i++) 
    { 
        sumX += outputList[i][0]; 
        sumX2 += outputList[i][0] * outputList[i][0]; 
 
        for (int j = 1; j < outputList[i].Length; j++) 
        { 
            if (double.IsNaN(outputList[i][j])) 
            { 
                continue;  
            } 
            else 
            { 
                sumY[j] += outputList[i][j]; 
                sumXY[j] += outputList[i][0] * outputList[i][j]; 
                n[j]++; 
            } 
        } 
    } 
 
    // Calculate coefficients a and b 
    for (int j = 1; j < outputList[0].Length; j++) 
    { 
        b[j] = (n[j] * sumXY[j] - sumX * sumY[j]) / (n[j] * sumX2 - sumX * sumX); 
        a[j] = (sumY[j] - b[j] * sumX) / n[j]; 
    } 



 
 

 
51 
 

 
    // Use y = a + bx to substitute missing values 
    for (int i = 0; i < outputList.Count; i++) 
    { 
        for (int j = 1; j < outputList[i].Length; j++) 
        { 
            if (double.IsNaN(outputList[i][j])) 
            { 
                outputList[i][j] = Math.Round(a[j] + b[j] * outputList[i][0], 2); 
            } 
        } 
    } 
} 


