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Abstract. In the article, the problem of missing items in a sample of statistical data is discussed. A short review is provided 

about known imputation techniques. As a solution, a software program is introduced, which allows to increase the accuracy 

of the statistical analysis while having incomplete data. The program finds the changing pattern of the data and attempts to 

fill in the missing cells with some values. It is using linear regression method to fill in the missing cells. Using the model 

of the impact of institutional factors on foreign trade, an approbation of the proposed algorithm is carried out for processing 

the statistical data by the method of mathematical regression. 

INTRODUCTION 

One of the most common tasks of economic research is the task of an analytical description of experimental 

dependencies. There is a large number of experimental studies, where one of the main technological problems is the 

presence of missing data, which does not allow to apply the research methods adequately and obtain the required 

results.  

Sometimes the information is simply not available. In any case, any type of response may disrupt subsequent 

analysis of this data. Although this study focuses on incomplete data where data are not available, imputation methods 

can also be used to correct the errors in the data editing process, since this is also related to a situation in which the 

true values are missing [1].  
Incomplete data cause problems in both efficiency and bias and displacement for data users. The lack of response 

to individual survey questions leads to less effective estimates due to the reduction in the size of the useful data set 

[2]. 

In this article, we introduce an algorithm for data imputation by method of mathematical regression, the application 

of which is demonstrated for multi-parametric modeling of the impact of institutional factors on foreign trade. 

Under institutional factors influencing foreign trade, we understand the conditions of the socio-cultural 

environment, moral and ethical attitudes and values that determine the behavior and interaction of foreign trade 

participants. Practically all results of existing studies confirm that these factors have a significant impact on foreign 

trade. Therefore, the measurement of this impact has both scientific and practical economic interest for the purpose of 

further forecasting and modeling of foreign trade policy.  

A variety of different organizations are currently engaged in measuring of various institutional factors. The indices, 

characterizing the quality of institutions, and the country ratings based on these indicators are published in open access 

and provide ample opportunities for conducting different research of the relationship between institutional factors and 

various spheres of life, including foreign trade. As a rule, the measurement of institutional factors is based on methods 

of sociological research, which usually takes a lot of time and effort to do. Despite the fact that researches are usually 

conducted on a regular basis by different international organizations, the step of the conducted studies is usually 

residual large. For example, in the World Values Survey each wave of research of all countries on a certain list of 
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criteria takes 4 years. Therefore, an empirical quantitative assessment of the influence of institutional factors on 

foreign trade is quite difficult. 

The novelty of our work is the algorithm of linear regression imputation method, applied on the empirical study 

of institutional factors while having missing values in the statistical data set. 

 

BACKGROUND. IMPUTATION OF MISSING DATA 

It is obvious that the best method for dealing with incomplete data is completely avoiding the problem through 

careful planning and good data collection [3].  

However, despite the great efforts of researchers, it is still not uncommon for a certain level of missing data to 

exist. To solve such situations, a number of methods have been developed [4]. Most of these methods use indirect 

approaches in which missing values are replaced using some form of imputation. 

There are three types of missing data: 

1. Missing Completely At Random: MCAR. 

2. Missing At Random: MAR. 

3. Missing Not At Random: MNAR. 

Let’s go deeper into missing data types. 

1.  MCAR: if the subjects whose missing data are a random subset of the full sample of subjects, the missing data 

is called missing completely [5]. According to another author, the values in the data set are called missing completely 

at random (MCAR) if the events leading to the absence of any particular data element are independent of both the 

observed variables and the missing parameters of interest and occur by chance [6]. When the data is MCAR, the 

analysis performed on the data is objective. However, the data is rarely MCAR.  

2. MNAR: if the probability of having a missing observation depends on information that is not observed, for 

example, the values of the observation itself, the missing data are called missing not at random (MNAR) [5]. In this 

case, the value of unobserved responses depends on the information that is not available for analysis and thus future 

observations cannot be predicted without bias with the help of any model.  

3. MAR: usually the missing data are neither MCAR, nor MNAR [8]. Instead, the probability that there is no 

observation is usually dependent on the information of the subject that is present, i.e. the reason for the absence is 

based on other observable characteristics [9]. This type of missing data is called randomly missing (MAR) because 

the missing data can indeed be considered random due to these other characteristics of the subject that determine their 

deficiency and which are available during the analysis [5].      

There are a number of approaches that, in different situations, are used to solve the problem of missing data. The 

choice of method depends on the type of missing data, on the volume data and other factors. These methods can be 

divided into two major groups: 

1. Complete case deletion 

2. Imputation methods 

One of the advantages of the method Complete case deletion in comparison with other methods is that it is simple 

and convenient in application. This is the main reason why this method is the most popular method for processing 

missing data, despite all its shortcomings. 

The next group of methods, on the other hand, is based on the idea of substituting the missing values with some 

numbers. You can use the observed or available data from other subjects to assess the distribution of the test result 

(which was initially absent) in the original population.  

The first and easiest method of single imputation is the method of Mean Substitution, where the average value of 

the variable is calculated for all existing values of this variable and then all missing values are replaced by this average 

value. If the data are approximately normal, and the missing values are of the MCAR type, the estimates of the non-

standardized parameters obtained will be fairly objective. But this method tends to decrease the variability of the 

variable since a constant value replaces any missing observation of the variable. In fact, a constant value is the average 

value, and this worsens the situation [10].  

An improvement of the Mean Substitution method replaces the missing values with the mean for groups that are 

relatively homogeneous in a variable with missing data. It should also be noted that the mechanism of missing data 

plays an important role here [11].  

The next method substitutes the missing values with regression.  Each variable regresses over all the other variables 

in the set using multiple regression. The resulting non-standardized solution is used to predict the value of the variable 



for missing cases. Dispersion and covariance are less underestimated compared to the mean substitution. There is still 

some degree of underestimation, since the imputed value lies directly on the regression plane. However, the variance 

of error terms can be estimated in regression. Expected errors that are extracted from the distribution of error members 

can be included. Thus, variance and covariance are better preserved [12].  

More elegant solution for replacing missing values is the Structural equation modeling approach. However, it 

should be noted that this approach to missing data works best when there are only a few missing data patterns. This 

can happen if in a large data set the missing data are present only for several variables.  

Another approach is Hot-deck imputation method. This method is very popular for survey research [13, 14]. In 

fact, it replaces the missing value with the actual value from a similar case in the current data set.  

More popular method, which has gained great popularity recently, is Expectation Maximization. This approach 

repeats the process of estimating missing data and estimating parameters in iterations. The criticism of this method, 

or in fact of any imputation method, is that standard errors are not valid.  

Most of the described methods can be applied manually, while calculation will take a lot of time and effort. 

Hereby, we present a software which is using regression imputation to automatically substitute missing data, thus 

excluding human-factor errors. The software is substituting the missing values of the data set with values which are 

obtained from the existing data. 

Thus, having considered the scientific literature, we can formulate a scientific deficit in empirical studies of 

incomplete statistics as a shortage of automated simple tools, the application of which is possible to multi-parameter 

modeling with varying harmony and periodicity of data. 

 

METHODOLOGY AND DATA 

The proposed algorithm for restoring missing statistical data is based on the principle of mathematical 

regression.  Most of the described methods can be applied manually, while calculation will take a lot of time and 

effort. 

Hereby, we present a software which is using regression imputation to automatically substitute missing data, thus 

excluding human-factor errors. The software is substituting the missing values of the data set with values which are 

obtained from the existing data.  

Linear regression is a method of restoring the relationship between two variables. 

The linear regression function looks like this [15]: 

𝑦 = 𝑎𝑥 + 𝑏 + 𝜀 

where a, b are the parameters of the model, and 𝜀 is the standard error of the model. The problem of finding the 

parameters is solved by the method of ordinary least squares (OLS). 

Software is constructing the regression dependency for each parameter of the data sample. The algorithm of 

imputation is described in figure 1. 

According to the algorithm, firstly the X and Y are assigned, which match with the time intervals (X) and the 

corresponding values of the parameter (Y). Y is where the missing values can exist. Simultaneously the indices of the 

missing values are saved in the array index, so that not to double read the data set. When reading each value, a 

comparison is done to check if the value is present. In that case the values for x[i] and y[i] pair are kept in the variables 

a[k] and b[k], where k is the index of the appropriate value. If the value is missing, the index of that one is saved in 

the array index, as already mentioned. Then a system of linear algebraic equations is formed 𝐴𝛽 = 𝐵, where 𝐴 =

|𝑎11
𝑎21

𝑎12
𝑎22

|, 𝛽 =  |𝛽0
𝛽1

|, 𝐵 =  |𝑏0
𝑏1

| , 𝑎12 = 𝑎21 . After solving it, the missing values are found and substituted. On the next 

step the program is going through the list and substituting the missing values (according to the variable index) with 

the values that were found in previous step. 

To use the program, you need to format the data in a specific format, which is demonstrated in Table 1. 

 The suggested software gives a number of advantages. First of all, if compared with doing the same thing manually 

or using the software, it provides fast and automated processing opportunity, provides low level of errors.  

Secondly, when substituting some missing values for one parameter, we get a chance to keep already existing 

values of other parameters for the same period. Thus, the software helps us to avoid loss of data. And using the 

software provides bigger sample, which is the base of more accurate analysis.  

 The main disadvantage of the system is that the software is applying only linear regression imputation, and can 

be applied to data that have distribution close to linear. 



 

FIGURE 1. Algorithm of the regression imputation software 

 

 

TABLE 1. The required format of file for imputing missing data with the help of developed software 

 
Panel 

variable 
Time 

variable 

Dependent 

variable 

Independent 

Variable 1 

Independent 

Variable 2 

  

1 2002 Value Value Value 1 Name of panel variable item 1 

1 2003 Value Value Value 2 Name of panel variable item 2 

1 2004 Value Value Value   

2 2002 Value Value Value   

2 2003 Value Value Value   

2 2004 Value Value Value   

 



The implemented software was used for the analysis of the impact of institutional factors on foreign trade activity. 

The approbation of the proposed algorithm was carried out on the basis of the econometric model proposed by us to 

reveal the influence of institutional factors on foreign trade1.  The dataset covers 18 countries of Latin America: 

Argentina, Brazil, Bolivia, Chile, Colombia, Costa Rica, Dominican Republic, Ecuador, El Salvador, Guatemala, 

Honduras, Mexico, Nicaragua, Panama, Paraguay, Peru, Uruguay, Venezuela; over the period 2000-2015. As 

dependent variable of the model, the natural logarithm of the Foreign trade turnover per capita was taken, measured 

in international dollars USA. The dependent variable data were initially complete; thus no data were imputed for it.  

As a control variable added to the model to confirm the impact of institutional factors, we took the natural logarithm 

of GDP per capita, measured in international dollars USA. The obtained data for GDP also were complete, and there 

was no need of using the Imputation algorithm for this one too.  

In the model the trust is presented as Trust in Banks and Trust in People. The data were obtained from 

LationoBarometro surveys. Trust in Banks shows the proportion of respondents who answered that they trust banks 

«a lot» and «some». As Table 2 demonstrates, we had 42% missing in the data set for Trust in Banks. The missing 

values were substituted with linear regression using the implemented software.  

Similarly, Trust in People shows the proportion of respondents who answered that most people can be trusted. 

13.8% of data were missing for Trust in People variable; we used the Regression Imputation to fulfill the missing 

amount of data for this variable as well.  

Corruption is involved as Corruption Perception Index (from now CPI), which is provided by Transparency 

International that reflects an assessment of the level of perception of corruption by analysts and entrepreneurs. CPI 

was the variable with least percentage of missing data; only 2.4% were substituted with values obtained through the 

Regression Imputation software.  

We have included two parameters that describe religion: Confidence in Church, which shows the proportion of 

respondents who answered that they trust the Church «a lot» and «some»; and Religious Diversity, that is the diversity 

of religious denominations, and is determined through the Herfindahl-Hirschman index. Over 14% of each variable 

were substituted using the software.  

Language Diversity represents the diversity of languages, used in country and is determined through the 

Herfindahl-Hirschman index. We imputed the 25.3% of Language Diversity data with the implemented software.  

The model also includes Freedom to Trade Internationally, with only 6.2% missing data. This is an index provided 

by Frazer Institute, which measure a wide variety of restraints: tariffs, quotas, hidden administrative restraints, and 

controls on exchange rates and the movement of capital. And the last variable is Regulation - another index provided 

by Frazer Institute, which measures a wide variety of regulatory restraints in credit, labor, and product markets. We 

imputed 14.2% of Regulation missing data using the linear regression method.  

Table 2 shows the percentage of missing data per parameter that we had before using the Regression Imputation 

algorithm.  

 
TABLE 2. Missing data ratio per parameter 

 

Parameter Percentage of missing data 

Trust in banks  42% 

Trust in people 13.8% 

Confidence in Church 14.2% 

CPI 2.4% 

Religious Diversity 14.6% 

Language Diversity 25.3% 

Freedom of Trade 6.2% 

Regulation 14.2% 

 

For software approbation we have constructed two fixed-effects models. The one on incomplete data, before 

processing them with the Regression Imputation software; another after processing, with complete data. The fixed 

effects model is a statistical model that represents the observed quantities through explanatory variables that are treated 
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as if the quantities were not random. If we apply fixed effects, then we exclude temporary independent effects for each 

object, which may correlate with the regressors. 

The model also included dummies for years. Similar dummy variables are created to control the effects of the 

years. Effects of the years (better known as simple "Dummies of the years") capture the influence of aggregated trends 

(time series). 

 

RESULTS 

We should also note the initial model’s number of observation: 143. Stata, in the analysis data with missing values, 

just ignores the indentation, and does not replace them (this is fortunately, since some statistical software products 

automatically replace the missing values with 0-s, that rather distorts the results of the analysis). 

Table 3 represents the comparison results of these two models, their characteristics. 

Comparative indicators of the two models (without data recovery and data recovery) are presented in Table 3. 

TABLE 3. Comparison of fixed-effects models with data before imputation and after 

 
Characteristics Model with missing data Model with imputated data 

Numbers of observation 143       288 

R-squared 0.8824      0.8455 

Corr (u_i, xb) -0.2711      -0.2581 

F-statistic (95% conf. interval) 531.10      671.83 

Trust in banks Coef.: 0.14 

Std. err: 0.14 

Coef.: 0.24 

Std. err.: 0.13 

Trust in people Coef.: -0.73 

Std. err.: 0.22 

Coef.: -0.35 

Std. err.: 0.17 

Language diversity Coef.: 0.1 

Std. err.: 0.28 

Coef.: 0.23 

Std. err.: 0.27 

 
Table 3 shows that some of the model characteristics have improved. The main observed effect was the increase 

in the number of observations from 143 to 288, which made the data and the model more representable. The absolute 

value of corr(u_i, xb), showing the correlation between the coefficients and their estimations, has decreased; and it 

proves the improvement of the model. 

The f-test increased from 531,10 to 671,83 which shows that the new model is more likely to match fixed effects. 

Regarding the institutional factors, we can note that the standard errors for most of the parameters have decreased, 

and it speaks about having more accurate coefficients. So, for example, the standard error for the Trust in banks 

variable has decreased from 0,14 to 0,13, for Trust in people from 0,22 to 0,17 etc.  

We must also note that the coefficient of determination (R-squared) has decreased, which doesn’t confirm the 

improvement of the model, although this can be interpreted as improvement of the quality and reliability of this 

indicator, in terms of becoming more accurate. 

 

CONCLUSIONS 

Using the model of the impact of institutional factors on foreign trade we carried out an approbation of the proposed 

algorithm for processing the statistical data by the method of mathematical regression. The basic model was 

characterized by a shortage of statistical data and biased estimates of the econometric model. Thus, the basic model 

was characterized by the increased values of standard errors and the understated value of F-statistics. After applying 

the proposed algorithm for the imputation of statistical data, the number of observations increased, which led to an 

increase in the value of F-statistics and a reduction in standard errors. For easier use of the algorithm we also 

implemented a graphical interface, which provides a smooth interaction with Excel files. 

The obtained results can be useful mainly for econometric studies where there is a deficit of statistical data; as well 

as for improving the characteristics of the obtained econometric models. In addition, our findings will also be of 



interest to scientists exploring the impact of institutional factors on macroeconomic parameters and particularly on 

foreign trade activity.  

 

ACKNOWLEDGEMENTS 

The research is sponsored by Russia Science Fund Project № 15-18-10014. 

 

 

REFERENCES 

1. R. Chambers, “Evaluation criteria for statistical editing and imputation”. Report #28 in National Statistics 

Methodology Series. (Presented at UN/ECE meeting in Cardiff, UK, 2000). 
2. C.P. Montalto, J. Sung, “Multiple imputation in the 1992 survey of consumer finances”. Financial Counseling 

and Planning.  (1996), pp 133–141.  
3. W.S. De Sarbo, P.E. Green, J.D. Carroll, “Missing data in product-concept testing”. Decision Sciences. (1986), 

pp 163–185. 

4. P.L. Roth, “Missing data: A conceptual review for applied psychologists”. Personnel Psychology. (1994), pp 

537–560. 

5. D. B. Rubin, “Inferences and missing data”. Biometrika (1976, 63:581-90). 

6. D.F. Polit, C.T. Beck, “Nursing Research: Generating and Assessing Evidence for Nursing Practice”. Wolters 

Klower Health (Lippincott Williams & Wilkins, Philadelphia, USA, 2012).   

7. T. G. Clark and D.G. Altman, “Developing a prognostic model in the presence of missing data. An ovarian 

cancer case study”. Journal of Clinical Epidemiology (2003; 56:28 – 37). 

8. J. L. Schafer, “Analysis of incomplete multivariate data”. (Chapman & Hall/CRC Press, London, 1997). 

9. A. R. T. Dondersa, G.J.M.G. van der Heijden, T. Stijnen and K.G.M. Moons, SPECIAL SERIES: MISSING 

DATA “Review: A gentle introduction to imputation of missing values”, Journal of Clinical Epidemiology 

(Elsevier, 59 (2006) 1087-1091).  

10. M.R. Hawkins, V.H. Merriam, “An overmodeled world”. Direct Marketing (1991), pp 21–24. 

11. A. Olinsky, S. Chen and L. Harlow, “The comparative efficacy of imputation methods for missing data in 

structural equation modeling”. Stochastics and Statistics (Elsevier, 2002). 

12. A. Acock, “Working draft on working with missing data”. Presented at the Theory Construction and Research 

Methodology Workshop, National Conference on Family Relations (Kansas City, MO, 1996). 

13. B.L. Ford, “An overview of hot-deck procedures”. In: Madow, W.G., Olkin, I., Rubin, D.B. (Eds.), Theory 

and Bibliographies. In: Incomplete Data in Sample Surveys (Academic Press, New York, 1983), pp. 85–207. 

14. M.H. Rizvi, “Hot-deck procedures: Introduction”. In: Madow, W.G., Olkin, I. (Eds.), In: Incomplete Data in 

Sample Surveys (Academic Press, New York, 1983), pp. 351–352. 

15. S. G. Radchenko, “The Methodology of regression analysis: Monography”. (Korniychuk, 2011. ISBN 978-

966-7599-72-0.) p. 52.  

 
  


	Introduction
	Background. Imputation of missing data
	Methodology and Data
	Results
	Conclusions
	Acknowledgements
	References

