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Abstract  

 

 This study is concerned in reducing high dimensionality problem of auxiliary variables in 

the calibration estimation with the presence of nonresponse. The calibration estimation is a 

weighting method assists to compensate for the nonresponse in the survey analysis. Calibration 

estimation using principal components (PCs) is new idea in the literatures. Principal component 

analysis (PCA) is used in reduction dimension of the auxiliary variables. PCA in calibration 

estimation is presented as an alternative method for choosing the auxiliary variables. In this 

study, simulation on the real data is used and nonresponse mechanism is applied on the sampled 

data. The calibration estimator is compared using different criteria such as varying the 

nonresponse rate and increasing the sample size. From the results, although the calibration 

estimation based on the principal components have reasonable outputs to use instead of the 

whole auxiliary variables for the means, the variance is very large compared with based on 

original auxiliary variables. Finally, we identified the principal component analysis is not 

efficient in the reduction of high dimensionality problem of auxiliary variables in the calibration 

estimation for large sample sizes.  

 

KEY WORDS: Nonresponse; Calibration estimator; Principal Component Analysis. 
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1. Introduction 

 Statistical information from surveys is essential for the purpose of assisting decision 

making. The character of the estimator in a survey is of great importance, since it affects the 

quality of the decision. The quality of the survey is affected by the presence of nonresponse. 

Bethlehem and Schouten (2004) define, “Nonresponse is the phenomenon that units in the 

selected sample, and eligible for the sample survey, do not provide information, or that the 

provided information is unusable.” Since the number of available observations decreases by 

nonresponse, nonresponse leads to an increment in variance in addition to possible bias if the 

nonrespondents and respondents are different in the point of preference. However, lower 

response rates are not implying an increase in nonresponse bias, (see, for example, Schouten, 

Cobben and Bethlehem (2009) and Groves (2006)). 

 To improve the quality of the estimates under nonresponse a kind of weighting one often 

use is calibration. The calibration estimation is one weighting method that helps to compensate 

for the unit nonresponse, mentioned for example in Kott (2006) and Särndal (2007). Calibration 

is a method of reweighting based on auxiliary variables (Särndal, 2007). To handle nonresponse 

in sample surveys two distinct types of models are described in Kott (1994). Calibration 

estimation is commonly used to reduce bias from the nonresponse (e.g. Bethlehem, 1988; Fuller, 

Loughin and Baker, 1994). The efficiency of the calibration estimator relies on how well the 

variability of the study variable is explained by the auxiliary variables or the auxiliary 

information (Särndal and Lundström, 2007, 2005; Alkaya and Esin, 2005). Groves (2006) also 

explains, in order to adjust for the nonresponse auxiliary variables are useful, so that the final 

estimation results count on the auxiliary variables quality. In Lundström and Särndal (1999), 

having information on good auxiliary variables will decrease the variance and the nonresponse 

bias of the calibration estimator.  

 Apart from the efficiency of the estimator, selection of auxiliary variables can be a 

problem when the available number of variables is large. This “high dimensionality” problem 

may lead to large scale computations for finding the appropriate set of auxiliary variables.  

 To decrease high dimensionality of the auxiliary variables, this article presents the 

calibration estimation using principal components. Principal component analysis (PCA) is 

defined as a method based on orthogonal transformation of a set of correlated variables into a set 
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of uncorrelated variables see, for example, Jolliffe (2002) and Abdi and
 
Williams (2010). In 

Bilen, Khan and Yadav (2010), the use of PCA is to reduce the dimension of the auxiliary vector 

in the statistical analysis. As mentioned in Filzmoser (2001), principal component regression 

(PCR) is a regression analysis which utilizes the selected principal components (PCs) of the 

regressors to estimate the values of the response variable. The reasons for using PCs in the 

regression of the study variable instead of regressing on the regressors are, the first one is that 

among the explanatory variables there is often multicollinerity. However, because the PCs are 

orthogonal, the multicollinerity can be removed using the PCs rather than the whole original 

explanatory variables. The second reason is that dimension of the explanatory variables would be 

reduced using a subset of the PCs in the computation. In this paper, we use the concept of PCR 

on the calibration estimation. To proceed with the calibration estimation, the selected principal 

components are used as auxiliary variables in the computation.  Särndal and Lundström (2005, 

2007) present another method in decreasing dimensionality of the auxiliary variables using 

indicators to select the powerful auxiliary variables and also to obtain an efficient calibration 

estimator. Specifically Särndal and Lundström (2007) show the assessment of powerful auxiliary 

variables to control nonresponse bias in calibration estimation. The main aim of this research is 

to compare the calibration estimator based on principal components with the calibration 

estimator based on the original auxiliary variables.  

 Section 2 defines the calibration estimator. Section 3 includes a discussion on the 

problems in selecting auxiliary variables using indicators proposed by Särndal and Lundström 

(2005). Section 4 contains a proposal for using the principal component methodology for the 

calibration approach. In Section 5, result of the simulation study is presented, where the 

properties of the calibration estimator based on original auxiliary variables and PCs are 

compared. Finally, in Section 6 we present the conclusions. 

                                 

2. Calibration Estimator 

 As presented in Särndal and Lundström (2005), nonresponse could occur in all surveys 

and the cause of nonresponse could be impossibility to contact the respondent or their refusal to 

respond to the questionnaire. There are two kinds of nonresponse: item nonresponse and unit 
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nonresponse (for example, Särndal and Lundström, 2005; Bethlehem and Schouten, 2004; Yan 

and Curtin, 2010). In item nonresponse, data is missed in at least one of the survey variables, 

whereas in unit nonresponse data is missed in all the survey variables. Unit nonresponse 

generally poses a much greater threat to survey research than item nonresponse. Item 

nonresponse causes additional threat to data quality since it reduces the sample size if only 

completed data are used in the analysis. Unit nonresponse is generally much larger quantitatively 

than item nonresponse. There are a wide variety of statistical techniques that have been 

developed to address unit nonresponse (Yan and Curtin, 2010). Unit nonresponse is weighted 

using calibration, whereas item nonresponse is adjusted for using imputation. There is also a 

combined approach which is using imputation in the item nonresponse and weighting is used for 

the unit nonresponse. In this paper we are seeking of best estimator in the presence of 

nonresponse, specifically unit nonresponse.  

Calibration estimation is a method of weighting in which the weights can be evaluated 

using auxiliary information see for example, Särndal and Lundström (2005), Kott (2006) and 

Särndal (2007). The weights would well adjust for the nonresponse, given that proper auxiliary 

data is used. Our interest is the building of auxiliary vector which decrease the nonresponse bias 

of the estimation as much as possible.  

Deville and Särndal (1992) are the first who introduced the idea of calibration estimator 

in the perspective of incorporating auxiliary information from data, which is obtained from 

survey. The auxiliary information is included in the estimation phase of the survey analysis. To 

obtain the estimated values for all the units of the response variable, auxiliary variables can be 

used (Montanari and Ranalli, 2005). In this approach, it is of interest to estimate the population 

total            
 
     of the study variable  . Many other population parameters can be 

expressed as functions of population totals such as the mean and the ratio of totals. 

Another important question about calibration approach is “why do we use calibration?” 

In surveys with the nonresponse presence, there are certain desirable properties regarding the 

estimator of population total such as small bias and variance, useful weighting system for 

estimating the total of study variables using auxiliary information. 
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As defined in Särndal, Swensson and Wretman (1992), auxiliary variable assists in the 

estimation of the study variable and its aim is to get an estimator with a better accuracy.  

Auxiliary vector is a combination of auxiliary variables under study.  We use the auxiliary vector 

in calculating the calibration estimator weights.  

In the calibration approach, we should first fix a suitable auxiliary vector from available 

variables. When selecting auxiliary vectors, we should be careful regarding some properties. The 

first one is “the auxiliary vector should explain the inverse response probability.” Second one is 

“the auxiliary vector should explain the main study variables.” These properties are described in 

Section 3 in  Särndal and Lundström (2005).  

Consider U= {1, 2,…, N} as the set of labels for a finite population. Let the sample be 

denoted by   which is selected randomly from the population. Let      be the probability of 

selecting any sample  . In other words      is the sampling design.                      

is defined as the inclusion probability of the     unit in the sample. Let (     ) values be 

observed for     units. The total of auxiliary vectors        is assumed known. If 

inclusion probabilities for the sampled units are known, the procedure of assigning weights to the 

population total of  ’s estimation can be derived using calibration estimator method. Here 

   
 

  
 ,       are sampling design weights. And assume the response set to be a random 

event and let the response influence to be     and it is defined as the inverse response 

probability,   . That is, 

                                                                                                                                  (1)                                     

As mentioned, for example, in Särndal and Lundström (2005), calibration estimator of the study 

variable   is 

                                                                                                                 (2) 

 

where the known    is calibrated weight.  

 Since calibrated weights are not unique, different set of calibrated weights exist for given 

auxiliary information. In order to examine calibration techniques, we intend to acquire some 

tools such as initial and final weights. 
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Initial weight corresponds to the inverse of inclusion probability   , which is already 

defined above in this section, 

                                                                  
                                               (3) 

Where     
                            

                                                           (4) 

   
             

The calibrated weights    satisfy the calibration equation        

  

 

3. Problems in Selecting Auxiliary Variables 

  In order to have an efficient auxiliary vector, the variance and the bias should be 

minimized. Since variance is usually small in large samples, the primary aim is to minimize the 

bias of calibration estimator in equation (2).   

As defined in Särndal and Lundström (2005), there are two rules to follow in order to 

reduce the bias of the calibration estimator by using auxiliary vector. These are the “auxiliary 

vector should explain the inverse response probability” and “the auxiliary vector should explain 

the main study variables.” If the first rule is satisfied, the bias of the calibration estimates will be 

reduced for the response variables. If the main study variable is explained by the auxiliary 

vector, the bias of the estimates will be reduced for the main study variable. As mentioned in 

Särndal and Lundström (2005), while searching for powerful auxiliary vector, statisticians 

should make list of prospective auxiliary variables and then pick the relevant ones. During the 

selection process, alternative auxiliary vectors should be evaluated and compared with each 

other. To construct good auxiliary vector, computable indicators are used as tools. These 

indicators should satisfy both rules. In Särndal and Lundström (2005), for the first rule, the 

auxiliary variables should explain the inverse response probability, there is           , which is 

given by:   
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with                      

with          
    and    

  is as in (4)                                                                         (5) 

The alternative indicator, which also satisfies principle 1, is denoted by            .  In 

this case as defined in equation (1),    is also unknown. The associated random variable    is 

defined as  

    
                               
                         

  

and             becomes 

              
            

 

             
 

 

 

where       
         

 
  

  
         and                   

For rule 2, there is           . It measures how close residuals are to zero. In order to 

obtain           , the SST and SSR should be first estimated which depend on study variable 

  .  

                       
            and                        

  

Then the estimators of these are: 

    
                   

 

   and     
                 

  

where        
         

       
  and       

             
  

  
            

In Sarndal and Lundstrom (2005) page 122, indicator2 is presented as 
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 Dealing with indicators needs the computation of high dimensional auxiliary vector. They 

can be computed using statistical software and using simulation. These indicators assist 

calibration estimation in the selection of auxiliary vectors with the presence of nonresponse. The 

indicators are functions of the auxiliary variables, and adding more auxiliary variables in the 

computation, generally increase the value of both indicators. The auxiliary vector with higher 

indicators value in general is considered in the estimation process. In this paper, an alternative 

approach is carried out on auxiliary vector as principal component analysis on the calibration 

estimation. Therefore, the dimension of the auxiliary vector would be reduced using the subset of 

PCs, instead of the whole auxiliary variables, which are useful in the computation of the weights 

of calibration estimator.  

 

4. Principal components used in calibration  

Principal component analysis (PCA), which is a linear orthogonal data transformation, 

was first introduced by Pearson (1901) and it is a multivariate technique used to explain a group 

of variables variance-covariance framework (Johnson and Wichern, 2007). This would be done 

through the variables linear combination which is principal components (PCs), smaller in 

number and they are orthogonal. Similarly as mentioned in Jolliffe (2005), in the analysis of 

large multivariate datasets, it is desirable to reduce the dimensionality by using PCA. Although 

the use of PCA in regression is introduced by a number of literatures in different research areas, 

the main study of this paper is bringing the idea in the calibration estimation technique. 

As detailed, for example, in Johnson and Wichern (2007), assume the random vector 

                with the covariance matrix    Assume the covariance matrix 

with        ,        , ,          pairs of eigenvalue eigenvectors with            

 .  

In order to calculate eigenvalues, variance-covariance matrix should be obtained. After 

that we should calculate the determinant of        as 

           

The eigenvectors can be calculated for the corresponding eigenvalues as 
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Then the     principal component, 

 

      
                      ,            

 

With the selections 

 

              
        ,           

and 

                              
       ,    =1,…, m. 

To examine the weight of auxiliary variables in the principal components, the correlation 

of principal components and auxiliary variables should be checked. Using the correlation, the 

contribution of the variables with the principal components is examined which variable is highly 

correlated with the principal component. The formula is expressed as 

      
  

        

    

   

where     is the variance of    . 

The proportion of total population variance explained by the     principal component is 

 

  

          
                 

 

 for           

 

    

Obtaining the optimum number of components to be kept is the main question in PCA. 

Besides the rule of thumb estimates there are numerous complicated methods for automatically 

selecting the dimensionality of the data to be used in the study. Using the probabilistic PCA 

model (for example, Minka, 2001; Kazianka and Pilz, 2009) proposed an approximate Bayesian 

model selection criterion. But in this paper we use the different criteria to pick strong principal 
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components such as scree plot that is usual visual presentation of principal components. It is used 

for formative a suitable number of principal components where corresponding eigenvalues are 

greater than unity. The other method is using the proportion of total population variance where 

the larger percentage of total variance explained is obtained by some of principal components 

(Johnson and Wichern, 2007; Draper and Smith, 1981; Himes, Storer and Georgakis, 1994). For 

large dimension of auxiliary variables the other principal components are omitted without much 

loss of information. In our case, using the idea in Johnson and Wichern (2007) and Draper and 

Smith (1981) the reasonable percentage of total population variance is considered. 

The idea of principal component regression (PCR) in regression analysis is not new. In 

older literatures, for example Kendall (1957) and in relatively recent literatures, for example, 

Draper and Smith (1981), Jolliffe (1982) and Hadi and Ling (1998), PCR is a method of 

regression analysis that is used to estimate regression coefficients. The PCR uses the PCA in the 

estimation procedure. When collinearity problem exists among the explanatory variables, the 

PCR is useful to overcome the problem. In PCR the principal components of the regressors are 

used rather than regressing the regressors on the response variable directly. 

In this study, the idea of PCR is used on the calibration estimation. Similar with PCR, we 

would carry out the PCs on the calibration estimation. The dimension of the PCs,   would be 

much less than the dimension of the auxiliary variables   (that is,    ). Using PCs instead of 

auxiliary variables, the weights in (3) becomes 

                                                                            
                                                (6) 

where     
                            

                                                          (7) 

and vector of PCs,   
           ,         

There are three possibilities to apply the PCA on the data such as applying the PCA under 

the population, under the sample and under the response set. Since we do the calibration 

estimation under the response set of the auxiliary variables, the PCA is also applied under the 

response set.   

In order to obtain score of the component, the loadings and the standardized values of the 

data under the population are used. To obtain the term      in (7), we standardize the 

population PCs using the mean and the standard deviation of the auxiliary variables under the 
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response set. For the rest of the expressions in (7),         and          
 , the PCs in the 

response set are standardized using its own (the response set) mean and standard deviation. 

 

5. Simulation 

 In this section, calibration method is applied on the real data that is obtained from Kling 

and Laitila (2008) using principal components and original auxiliary variables. The section 

describes the effective use of principal components on calibration estimation using different 

criteria such as varying the response function and varying the sample size.  

 

5.1 Real data description 

 The dataset contains observations from the survey conducted by Kling and Laitila (2008) 

concerning age (birth year), gender, civil-status, education level, post-code-area and fish-per-

month of individuals character. Apart from the birth year, all variables are categorical. There is 

multicollinearity among the dummies of the auxiliary variables that causes singularity of the 

matrix, which is under calibration estimation process. Therefore, we have considered the subsets 

of the auxiliary variables such as age (birth-year), gender and education level. Basic statistics 

regarding the auxiliary variables considered are displayed in Table 1. 

Table 1: Summary of the auxiliary variables Age (birth-year), Gender and Education level. 

Variable Number of Observations Code 

Gender 1046 0=Female, 1=Male 

Age (Birth year) 1014 none 

Education level 973 1=Less than high school; 2=High school; 

3=More than High school 
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5.2 Methods 

 The data from Kling and Laitila (2008) is used to generate a population with size 

N=100000. From the population, samples are selected using Simple Random Sampling (SI 

sampling) as a choice of     . The R-code of this section is presented in Appendix. 

The study variable is a linear combination of auxiliary variables age, gender and education level. 

Since gender and education level are categorical variables, dummy variables are generated with 

one dummy for gender and two dummies for education level. Therefore, the study variable is 

expressed as  

                                                           (8) 

with    is generated as standard normal random number and k=1,2,…,N. 

The study variable    in (8) refers to the income of an individual, since we don’t have the data 

for the individual study variable    , the regression coefficients from other study has been used, 

the regression of income on age, gender and education level. The study variable has a negative 

relation with gender in a rate of -0.4268448 and it has a positive relation with age and education 

with a rate of 0.188055 and 3.021397 respectively. In addition, 32.12% of the variation in the 

study variable is explained by the regression.                                                                       

Thus, the true total value of the study variable that we are going to estimate using calibration 

estimator is 

      
 

 

 To obtain the response set, nonresponse mechanism is applied on the sampled data of the 

auxiliary variables. In this paper, the idea in Kling and Laitila (2008) of the response function is 

used to generate the response set. The steps are as follows: 

1- Generate nonresponse function under the selected sample as    

                  k=1,…,n.                                                                             (9) 

2- Calculate cumulative distribution function of  , F( ), using standard normal 

distribution. 
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3- Generate a uniform random number u from U(0,1). 

4- Treat the unit as a response if u<=F( ), a non-response if u>F( ).  

 Since the auxiliary variable age (birth year) is continuous variable and the rest of them 

are dummies, the response set of the auxiliary vector is standardized using the response set mean 

and the standard deviation of the auxiliary vector. The corresponding population auxiliary 

variables are used to calculate the weights in the calibration estimator. It is standardized using 

the mean and standard deviation of the response set of the auxiliary variables. Therefore, the 

standardized data are used in the simulation of weights in calibration estimator. The definition of 

estimators and auxiliary variables are presented in section 2 briefly. 

 The PCA is applied on the response set of the auxiliary variables. As described in section 

4 to decide the number of principal components, different selection criteria such as the 

proportion of total variance explained by the     principal component and the eigenvalue greater 

than unity can be used (Johnson and Wichern, 2007 and Draper and Smith, 1981). In the 

simulations, the scree plot for the eigenvalue greater than unity criteria is used. The scree plot is 

obtained using the response set of auxiliary variables. In addition, the PCA is applied under the 

response set of the auxiliary variables.  

 In order to obtain the component score, the loadings and the standardized values of the 

data are multiplied. The selected components (scores) have been used in the calculation of 

calibrated weights in equation (6).   

 Using the original auxiliary variables and the principal components separately and 

keeping the sample size constant, different values of parameter   and parameter β are treated in 

the nonresponse mechanism function (9).  As a consequence, the mean, the variance and the bias 

of the calibration estimates can be studied under different response patterns. Further, different 

sample sizes are considered to compare the variance and the bias of the calibration estimation.   

 In order to estimate the study variable         using the calibration estimator 

                ,    in (8) is obtained using the response set of the auxiliary variables. (That 

is, for          where   is the total number of response set).   
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 Therefore, for the original auxiliary variables, the weights in equation (3) are calculated 

and the calibration estimator is estimated using equation (2). For the principal components, the 

weights in equation (6) are calculated and the calibration estimator in equation (2) is estimated. 

The process is iterated 1000 times for each case. 

 Finally, the summary statistics such as the mean, the variance, the bias of the calibration 

estimate is generated for varying  , β and n, based on the original auxiliary values and using the 

PCs. The simulations have carried out based on the same set of data, both based on original 

auxiliary variables and based on PCs. Further, to check the significance of the mean difference of 

the calibration estimates based on the original auxiliary variables and based on the PCs, 

dependent t-test for paired samples is applied. The test is applied when there are dependent 

samples, which implies there is only one sample where it has been measured twice. In our case, 

this test compares the means of calibration estimator based on original auxiliary variables and 

based on PCs on the same data sets. 

 

5.3 Results 

 Figure 1 below illustrates the result of the scree plot using the methods mentioned in 

Section 5.2. Furthermore, Table 2 presents the summary of PCA for the response set of auxiliary 

variables. They are based on fixed values of  =0.02, β=0.01 in the response function (9) and 

n=1000. 
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 Figure 1 Scree plot of the principal components (PCs) 

Figure 1 shows the eigenvalues of the first two PCs (PC1 and PC2) is greater than unity.  

Table 2: A summary of Principal Components (PCs) Decomposition. 

PCs (principal 

components) 

Eigenvalues Proportion (%) of  

variance 

Cumulative Proportion 

(%) of variance  

  P1 1.698 42.5 42.5 

  P2 1.032 25.8 68.2 

  P3 0.968 24.2 92.4 

  P4 0.303 07.6 100.0 
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 From the PCA summary in Table 2, the first two PCs are accounted or explained 68.2% 

of the total population variation in the auxiliary variables. Table 2 also shows that the 

eigenvalues are greater than unity for the first two PCs. 

Table 3 and Table 4 show the selection of PCs in each replication. In these tables, 5 

different cases are considered. The simulations are carried out based on all cases which are 

presented from Table 5 to Table 10.  

The first five simulation results for varying   and keeping β and n fixed are shown in 

Table 3 below. Furthermore, the first five simulation results for varying β and keeping the rest of 

variables fixed are displayed in Table 4.  

Table 3: The PCA summary for the first 5 simulation results while varying  , β= 0.01 and 

n=1000. 

α= -1    

PCs (principal components) Eigenvalues Proportion (%) 

of  variance 

Cumulative Proportion (%) 

of variance 

P1 1.682 0.421 0.421 

P2 1.059 0.265 0.685 

P3 0.943 0.236 0.921 

P4 0.317 0.079 1.000 

 

 

α= -0.50    

PCs (principal components) Eigenvalues Proportion (%) 

of  variance 

Cumulative Proportion (%) 

of variance 

P1 1.638 0.410 0.410 

P2 1.075 0.269 0.679 

P3 0.941 0.235 0.914 

P4 0.342 0.086 1.000 
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α= 0    

PCs (principal components) Eigenvalues Proportion (%) 

of  variance 

Cumulative Proportion (%) 

of variance 

P1 1.737 0.434 0.434 

P2 1.018 0.254 0.688 

P3 0.976 0.244 0.932 

P4 0.271 0.068 1.000 

 

α= 0.3    

PCs (principal components) Eigenvalues Proportion (%) 

of  variance 

Cumulative Proportion (%) 

of variance 

P1 1.646 0.412 0.412 

P2 1.053 0.263 0.675 

P3 0.982 0.245 0.920 

P4 0.319 0.079 1.000 

 

α= 0.5    

PCs (principal components) Eigenvalues Proportion (%) 

of  variance 

Cumulative Proportion (%) 

of variance 

P1 1.677 0.420 0.420 

P2 1.098 0.275 0.694 

P3 0.935 0.234 0.928 

P4 0.289 0.072 1.000 
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 Table 3 shows for   values -1, -0.5, 0, 0.3 and 0.5, and fixed β=0.01 and n=1000, the 

eigenvalue greater than unity for the first two PCs (PC1 and PC2). For the case of  =-1, the 

eigenvalue for PC1 is 1.682 and for PC2 is 1.059 and the cumulative variance proportion for the 

first two PCs is 68.5. For the case of  =-0.5, the eigenvalue for PC1 is 1.638 and for PC2 is 

1.075 and the cumulative variance proportion for the first two PCs is 67.9. For  =0, the 

eigenvalue for PC1 is 1.737 and for PC2 is 1.018 and the cumulative variance proportion for the 

first two PCs is 68.8. For  =0.3, the eigenvalue for PC1 is 1.646 and for PC2 is 1.053 and the 

cumulative variance proportion for the first two PCs is 67.5. Lastly, for  =0.5, the eigenvalue for 

PC1 is 1.677 and for PC2 is 1.098 and the cumulative variance proportion for the first two PCs is 

69.4. 

Table 4: The PCA summary for the first 5 simulation results while varying β,   = 0.02 and 

n=1000. 

β = 0    

PCs (principal components) Eigenvalues Proportion (%) 

of  variance 

Cumulative Proportion (%) 

of variance 

P1 1.661 0.416 0.416 

P2 1.038 0.260 0.675 

P3 0.986 0.247 0.922 

P4 0.314 0.078 1.000 

 

β = 0.005    

PCs (principal components) Eigenvalues Proportion (%) 

of  variance 

Cumulative Proportion (%) 

of variance 

P1 1.643 0.411 0.411 

P2 1.044 0.261 0.672 

P3 1.000 0.250 0.922 

P4 0.313 0.078 1.000 
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β = 0.010    

PCs (principal components) Eigenvalues Proportion (%) 

of  variance 

Cumulative Proportion (%) 

of variance 

P1 1.698 0.425 0.425 

P2 1.032 0.258 0.682 

P3 0.968 0.242 0.924 

P4 0.303 0.076 1.000 

 

β = 0.015    

PCs (principal components) Eigenvalues Proportion (%) 

of  variance 

Cumulative Proportion (%) 

of variance 

P1 1.669 0.417 0.417 

P2 1.107 0.277 0.694 

P3 0.933 0.233 0.927 

P4 0.291 0.073 1.000 

 

β = 0.020    

PCs (principal components) Eigenvalues Proportion (%) 

of  variance 

Cumulative Proportion (%) 

of variance 

P1 1.677 0.419 0.419 

P2 1.051 0.263 0.682 

P3 0.972 0.243 0.925 

P4 0.300 0.075 1.000 

 

 Table 4, shows for β values 0, 0.005, 0.010, 0.015 and 0.020, and fixed   =0.02 and 

n=1000, the eigenvalue greater than unity for the first two PCs (PC1 and PC2). For the case of β 

=0, the eigenvalue for PC1 is 1.661 and for PC2 is 1.038 and the cumulative variance proportion 

for the first two PCs is 67.5. For the case of β =0.005, the eigenvalue for PC1 is 1.643 and for 
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PC2 is 1.044 and the cumulative variance proportion for the first two PCs is 67.2. For β =0.010, 

the eigenvalue for PC1 is 1.698 and for PC2 is 1.032 and cumulative variance proportion for the 

first two PCs is 68.2. For β =0.015, the eigenvalue for PC1 is 1.669, for PC2 is 1.107 and the 

cumulative variance proportion for the first two PCs is 69.4. Finally, for β =0.020, the eigenvalue 

for PC1 is 1.677 and for PC2 is 1.051 and the cumulative variance proportion for the first two 

PCs is 68.2. 

 The cumulative variance proportion for the first two PCs accounted around 70% of the 

population variance in the response set of auxiliary variables for all simulations above.  Based on 

all the criteria for the eigenvalues, the first two PCs fulfill the condition. So that number of PCs 

is not fixed, but the result for the whole simulation cases leads to take the first two PCs. 

Therefore, two PCs are used for the calibration estimation analysis in the simulations. 

 For the simulation results in Table 5 and 6, the response function (9) is considered for 

different values of  , and fixed value β= 0.01. The sample size, n= 1000 is also fixed. The true 

value of the study variable   is 4157446. In each case the function is iterated 1000 times in order 

to obtain the mean, the variance and the bias of the calibration estimates. 
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Table 5: The response percentage, the mean, the variance and the bias of the calibration 

estimates based on the original auxiliary variables for different values of  .     

           Response 

Percentage 

        Mean             Variance                     Bias  

-1.00 34.7  4158999      30419218          1553.451 

-0.50 51.8 4159253      19277966          1806.890 

0.00 71.4 4159164      13696050          1717.711 

0.30 81.4 4158984      13051088          1538.530 

0.50 84.5 4159184      12009645          1738.430 

0.70 88.1 4159059      10939746          1613.297 

1.00 93.0 4159206      10719475          1760.633 

2.00 99.1 4159126      9878037          1679.682 

3.00 99.9 4159029      10228462          1583.567 

5.00 100.0 4159005       9871261          1559.122 

     

  

 According to Table 5, the mean of the calibration estimate is close to the true value for all 

cases. The variance of the calibration estimate for the response rate of 34.7 is 30419218 and for 

the response rate 51.8 the variance becomes 19277966, which shows the decrease in value and it 

keeps decreasing with increasing the response rate. Finally the variance becomes 9871261 for the 

100 percent response. In general, the table result shows decreasing in variance with the response 

rate or with the increment in   values. The bias is varying between the values 1500 and 2000, for 

example for the response rate of 34.7 it gives 1553.451, for the response rate of 51.8 it gives a 

value of 1806.890, where as for the response rate of 100, it has a value of 1559.122.  
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Table 6: The response percentage, the mean, the variance and the bias of the calibration 

estimates based on the PCs for different values of  . 

 

 Even if the mean of the calibration estimate is varying more in this Table 6, in general, it 

is not far from the true value. The variance for the response rate 34.7 is 465094067, for the case 

of 51.8 response rate it becomes 261972218 and,  it keeps decreasing with large amount with 

response rate or the value of   and finally for 100 response rate it becomes 125006613. 

Furthermore, the bias of the calibration estimates oscillates between 1000 and 2500. For the 

response rate of 34.7 the bias is 2452.795, for the response rate 51.8 it becomes 2320.992, it 

keeps decreasing with the response rate or   and then it increases to 2469.136 for the response 

rate of 93. 

       α Response 

Percentage 

        Mean        Variance                Bias  

-1.00 34.7  4159899 465094067       2452.795 

-0.50 51.8 4159767 261972218       2320.992 

0.00 71.4 4159742 185898008       2296.569 

0.30 81.4 4158866 168577551       1420.181 

0.50 84.5 4158934 158390929       1487.911 

0.70 88.1 4158885 164775315       1439.488 

1.00 93.0 4159915 134775806       2469.136 

2.00 99.1 4159223 129623834       1787.105 

3.00 99.9 4159297 127905485       1850.980 

5.00 100.0 4158446 125006613        999.772 
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 The dependent t-test is used in order to compare the difference between the means in 

Table 5 and Table 6. The null hypothesis for this test states that there is no difference between 

the means of the calibration estimates based on the original auxiliary variables and based on the 

PCs. (That is,              where    is the mean of the calibration estimates based on the 

original auxiliary variables and    is the mean of the calibration estimates based on the PCs). 

The p-value and the t-score for each of the simulation results are displayed in Table 7.  

Table 7: The p-value and the t-score for different values of  . 

 

From the result in Table 7, for example  =-1, the p-value is 0.6593 and t-score is 0.4411, 

when  =-0.5, the p-value is 0.6801 and t-score is -0.4124 and for  =0.00, the p-value is 0.7985 

and t-score is -0.2554. Since the p-value is greater than 0.05 for each of the simulation and the t-

score values are between the critical values -1.96 and 1.96. This implies that there is no 

         α      p-value      t-score 

-1.00 0.6593  0.4411 

-0.50 0.6801 -0.4124 

 0.00 0.7985 -0.2554 

 0.30 0.5243  0.6370 

 0.50 0.3531 -0.9290 

 0.70 0.4724  0.7189 

 1.00 0.7958  0.2588 

 2.00 0.9348 -0.0818 

 3.00 0.0857 -1.7200 

 5.00 0.2057 -1.2662 
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significant difference between the means of the calibration estimates based on the original 

auxiliary variables and based on the PCs. 

 Table 8 and Table 9 below presents the response rate for varying values of β and fixed 

value of  =0.02 in the response function (9). The sample size, n= 1000 is also fixed. The true 

value of the study variable is 4157446. The tables also presents the mean, the variance and the 

bias of the calibration estimates, for 1000 iterations in each case. 

Table 8: The response percentage, the mean, the variance and the bias of the calibration 

estimates based on the original auxiliary variables for different values of β.  

       β  Response              

Percentage 

        Mean             Variance                 Bias  

0.000 51.8 4159137     19766863      1691.329 

0.005 61.0 4159059     15417039      1612.915 

0.010 70.1 4159125     13853091      1678.786 

0.015 79.3 4159315     12349590      1868.694 

0.020 85.5 4159261     11344312      1815.283 

0.025 90.0 4158887     11323347      1441.337 

0.030 93.0 4159370     10702366      1924.051 

0.035 95.8 4159139     10386531      1692.670 

0.040 96.4 4159240     10373869      1794.377 

0.100 99.8 4159076      9579388      1630.122 

0.200 100.0 4159122      9305223      1675.954 
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The result of Table 8 shows that the mean of the calibration estimate is close to the true 

value of the study variable for all cases considered. Further, the variance for the response rate of 

51.8 is 19766863 and for the response rate of 61.0 it becomes 15417039 and it decreases 

gradually and finally for the response rate of 100, it becomes 9305223. The bias oscillates 

between the values 1500 and 2000. For example, for the response rate of 51.8 it is 1691.329, for 

the response rate of 61, it slightly decreases to 1612.915, for the response rate of 70.1, it 

increases to 1678.786, and it keeps increasing and decreasing with a slight difference in value 

with the response rate. The bias generally doesn’t show significant differences in value by 

increasing the value of β, which as a consequence increases the value of the response rate. 

Table 9: The response percentage, the mean, the variance and the bias of the calibration 

estimates based on the PCs for different values of β. 

       β  Response              

Percentage 

        Mean             Variance                 Bias  

0.000 51.8 4158137    226456919       691.4075 

0.005 61.0 4159764    220310678       2317.661 

0.010 70.1 4159450    174323957       2004.262 

0.015 79.3 4159149    162692650       1702.967 

0.020 85.5 4160137    127591701       2690.981 

0.025 90.0 4159040    130792469       1594.514 

0.030 93.0 4159009    152284825       1563.014 

0.035 95.8 4159397    116550505       1950.659 

0.040 96.4 4159573    121832885       2126.769 

0.100 99.8 4159338    136997921       1892.438 

0.200 100.0 4159241    104940651       1794.859 
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 In Table 9 above, the mean of the calibration estimates are close to the true value of the 

study variable but it oscillates more here than Table 8, for example, for the response rate 51.8 the 

calibration estimate mean is 4158137, for 61.0 response rate it is 4159764 and for the response 

rate of 100 the mean becomes 4159241, which shows a slight mean value differences. The 

variance is decreasing with response rate similar with the above cases but in general its value is 

larger here than Table 8. For example, the variance for the response rate of 51.8 is 226456919 

and for 61.0 response rate, its value becomes 220310678 and finally, the value decreases to 

104940651 for the response rate of 100. When we come to the bias, it has higher oscillation here 

compared to Table 8, the maximum bias is 2690.981for the response rate of 85.5 and the 

minimum bias is 691.4075 for the response rate of 51.8. 

 The dependent t-test is used in order to compare the difference between the means in 

Table 8 and Table 9. The null hypothesis for this test states that there is no difference between 

the means of the calibration estimates based on the original auxiliary variables and based on the 

PCs. (That is,              where    is the mean of the calibration estimates based on the 

original auxiliary variables and    is the mean of the calibration estimates based on the PCs). 

The p-value and the t-score for each of the simulation results are displayed in Table 10.  
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Table 10: The p-value and t-score for different values of β.  

       β      p-value       t-score 

0.000 0.9404 0.0748 

0.005 0.0272 -2.2117 

0.010 0.0486 -1.9746 

0.015 0.8997 0.1260 

0.020 0.5629 -0.5788 

0.025 0.0114 -2.5336 

0.030 0.6574 0.4437 

0.035 0.5958 0.5305 

0.040 0.3136 -1.0082 

0.100 0.9054 -0.1188 

0.200 0.2716 -1.0999 

   

 

From the result in Table 10, for example when β=0, the p-value is 0.9404 and the t-score 

is 0.0748, when β=0.015, the p-value is 0.8997 and the t-score is 0.1260 and for β=0.020, the p-

value is 0.5629 and the t-score is -0.5788. Since the p-values are greater than 0.05, these results 

imply that there is no significant difference between the means of the calibration estimates based 

on the original auxiliary variables and based on the PCs. However, for three of the results in 

Table 10, the p-values are less than 0.05 and the t-scores are less than -1.96 (that is, for β=0.005, 

the p-value is 0.0272 and the t-score is -2.2117, for β=0.010, the p-value is 0.0486 and the t-

value is -1.9746 and for β=0.025 the p-value is 0.0114 and the t-score is -2.5336). The result 

shows that there is no significant difference for seven of the test results and there is significant 

difference for three of the test results.  
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Table 11 and Table 12 below are the results of 1000 iterations of the response rate, the 

mean, the variance and the bias of the calibration estimates, where the sample size is kept to 

changing between 300 and 100000. The response function, equation (9) is fixed for the choice of 

 =0.02 and β=0.01. The population size N=100000 and the true value of the study variable is 

4157446. 

Table 11: The response percentage, the mean, the variance and the bias of the calibration 

estimates based on the original auxiliary variables for different values of sample size. 

Sample size Response 

Percentage 

        Mean            Variance              Bias  

300 73.3 4159192    48084205     1746.379 

500 70.6 4159125    26608483     1678.995 

700 71.0 4158957    20751371     1511.176 

900 71.8 4159008    14783828     1562.507 

1000 70.1 4159125    13853091     1678.786 

3000 72.4 4159208    4394302     1761.716 

5000 71.5 4158994    2775473     1548.013 

10000 71.5 4159141    1400636     1694.796 

50000 71.2 4159107    284781     1661.273 

100000 71.4 4159113    137181     1667.423 

     

 

 In Table 11, the mean of the calibration estimates are close to the true value and the 

values close each other for all considered sample sizes. The variance for the sample of size 300 is 

48084205, and when we increase the size of the sample to 500, the variance decreases to 



31 
 

26608483. The variance in general decreases with increasing the sample sizes for all sample 

sizes considered, and finally when we increase the sample size to 100000 the variance 

significantly decreases to 137181. The maximum bias of the calibration estimate in this table is 

1761 for the sample of size 300, and the minimum is 1511.176 for the sample of size 700, and it 

oscillates between these values for the different sample sizes considered. 

Table 12: The response percentage, the mean, the variance and the bias of the calibration 

estimates based on the PCs for different values of sample size. 

Sample size Response 

Percentage 

        Mean           Variance              Bias  

300 73.3 4160316    768669991    2870.144 

500 70.6 4159095    348093785    1648.896 

700 71.0 4158562    247390699    1115.789 

900 71.8 4159927    146947342    2481.523 

1000 70.1 4159450   174323957    2004.262 

3000 72.4 4159276   45110737    1830.350 

5000 71.5 4159186   27693530    1740.229 

10000 71.5 4159103   9157301    1657.345 

50000 71.2 4159066   506089    1620.557 

100000 71.4 4159108   170297    1662.266 

     

 

 The result of Table 12 shows that the mean of the calibration estimate is close to the true 

value of the study variable but here there is a little bit oscillation than Table 8, for the sample of 

size 300, the mean is 4160316, for the sample of size 500 the mean slightly decreases to 
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4159095, for the sample of size 900 the mean slightly increases to 4159927, it keeps increasing 

and decreasing while increasing the sample size. For the sample of size 300, the variance is 

768669991and when the sample size increases to 500, the variance decreases to 348093785. 

When we keep increasing the sample size, the variance getting lower and lower in value and 

finally for the sample of size 100000 the variance significantly decreases to 170297. The bias 

gives the maximum value of 2870.144 for the sample size of 300 and gives the minimum value 

of 1115.789 for the sample of size 700. In general, the bias oscillates between the minimum and 

the maximum values with increasing the sample size. The response rate in general doesn’t 

change with increasing or changing the sample size. 

 The dependent t-test is used in order to compare the difference between the means in 

Table 11 and Table 12. The null hypothesis for this test states that there is no difference between 

the means of the calibration estimates based on the original auxiliary variables and based on the 

PCs. (That is,              where    is the mean of the calibration estimates based on the 

original auxiliary variables and    is the mean of the calibration estimates based on the PCs). 

The p-value and the t-score for each of the simulation results are displayed in Table 13.  
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Table 13: The p-value and t-score for different values of sample size, n. 

Sample size       p-value        t-score  

300 0.2088 -1.2576 

500 0.2186 -1.2311 

700 0.3069 -1.0224 

900 0.3430 -0.9487 

1000 0.1952 -1.2963 

3000 0.0655 -1.8437 

5000 0.8301 -0.2140 

10000 0.9948  0.0065 

50000 0.8900  0.0090 

100000 0.9371 -0.0790 

   

 

From the result in Table 10, for example n=300, the p-value is 0.2088 and the t-score is -

1.2576, when n=500, the p-value is 0.2186 and the t-score is -1.231 and for n=700, the p-value is 

0.3069 and the t-score is -1.0224. The p-value is greater than 0.05 for each of the simulation and 

the t-scores are between the critical values -1.96 and 1.96. This implies that there is no 

significant difference between the means of the calibration estimates based on the original 

auxiliary variables and based on the PCs. 

6. Conclusions    

 This paper is concerned with the use of principal components on calibration estimation 

instead of using indicators to obtain powerful auxiliary variables. Using principal components on 
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calibration estimation is new idea in literatures. Analogously, we use the idea of principal 

component regression (PCR) on the calibration estimation.  

 From the result section, using dependent t-test, based on the p-values and the t-scores, the 

mean of the calibration estimates based on the original auxiliary variables and based on the PCs 

do not show significant differences for varying   and varying sample sizes n. However, the tests 

show significant differences for some values of β. Thus, in general there is no evidence to accept 

the null hypothesis that there is no significant difference between the means of the calibration 

estimates based on the original auxiliary variables and based on the PCs. The variance of the 

calibration estimates, from Table 5 and Table 6 result decreases with increasing the value of  , 

which consequently increases the response rate. Similar results obtained in Table 8 and Table 9. 

Even if, the variance decreases with the response rate for both cases, based on the original 

auxiliary variables and based on PCs, the result shows larger variance value while using PCs. In 

case of Table 11 and Table 12, for varying sample sizes, we have seen the variance of the 

calibration estimates in both cases decrease with increasing sample size. But the variance is 

much larger when using PCs for calibration. Regarding the bias of the calibration estimates 

based on the original auxiliary variables and based on PCs, in Table 6, which is based on PCs 

shows a slight change in value than based on original auxiliary variables. From Table 8 and 

Table 9, the bias changes slightly in value more while using PCs with increasing the response 

rate. Table 11 and Table 12, also show the change in value of bias for varying the sample sizes. 

 Calibration estimation using PCs is new idea in the literatures. The previous studies of 

principal component regression (PCR) shows the regression of response variable on the PCs has 

effective output rather than regressing the whole explanatory variables on the response variable.  

Although, using PCs instead of the whole auxiliary variables brings smaller dimension of 

variables, the PC approach doesn’t give lower variance in our study. There are some limitations 

in the study, to consider high dimensional data or auxiliary variables and to investigate the 

difference of variance between the calibration estimator based on original auxiliary variables and 

based on PCs in detail. 

In future studies, variables selection criteria in the choice of auxiliary variables can be 

used, so that different number of PCs for different cases could be obtained. Further,   the use of 
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large size of auxiliary variables leads to varying the number of PCs in each simulation, for 

example, for varying   number of selected PCs would also be varying. Consequently, varying the 

set of auxiliary variables in the simulation would give a better calibration estimate. In this study, 

since the variance is high while using the PCs, further research test is recommended to reduce 

the variance.  
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Appendix 

##The real data calibration estimation  

data<-read.table("clipboard") 

colnames(data)=c("item","cumf","mb","sdb")  

attach(data) 

head(data) 

set.seed(100000) 

ryear=function(mbir,sdbir){       #function generating birth year 

if (sdbir == -999){ 

ryear=mbir 

} 

else { 

ryear=round(rtnorm(1,mean=mbir,sd=sdbir,lower=1900,upper=2000)) 

} 

ryear            

} 

M=100000 

cumf=cumf/100 

n=length(cumf) 

itemprob=numeric(n) 

itemprob[1]=cumf[1] 
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itemprob[2:n]=diff(cumf) 

rind=sample(1:n,M,replace=T,prob=itemprob) 

rpop=function(rind,item,mb,sdb){ 

M=length(rind) 

years=items=numeric(M) 

rpop=matrix(0,M,2) 

for (j in 1:M) { 

items[j]=item[rind[j]] 

years[j]=ryear(mb[rind[j]],sdb[rind[j]]) 

} 

rpop[,1]=items 

rpop[,2]=years 

rpop 

} 

 

G=rpop(rind,item,mb,sdb)  #population auxiliary variables 

 

xtrans=function(G){ 

y=numeric(5) 

y[1]=floor(G/10000) 

for (i in 2:5) { 
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G=G-y[i-1]*10^(6-i) 

y[i]=floor(G/(10^(5-i))) 

} 

y 

} 

##Split the population auxiliary variables  

splitpop=t(apply(G,1,xtrans)) 

colnames(splitpop)=c("Ed","Ge") 

attach(splitpop) 

age=2011-as.matrix(G[,2])  

splitpop=cbind(splitpop,age) 

 

##Education level dummy 

E=splitpop[,3] 

de=matrix(E,100000,2) 

de[,1]=1*(E==2) 

de[,2]=1*(E==3) 

##Gender dummy 

Gr=splitpop[,4] 

dg=matrix(Gr,100000,1) 

dg[,1]=1*(Gr==2) 
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popdum=cbind(de,dg) 

popauxdum=cbind(popdum,age) 

 

##Calibration estimator based on original auxiliary variables 

set.seed(100000) 

w=rnorm(100000) 

de1=as.matrix(de[,1]) 

de2=as.matrix(de[,2]) 

y=28.95288+0.1880055*age-0.4268448*dg+3.021397*de1+3.021397*de2+w #Generating 

study variable as a function of auxiliary variables 

X=sum(popauxdum)  #Summation of the auxiliary variables under the population 

Y=sum(y)    #True value of the population study variable 

N=100000    #Population size 

n=1000      #sample size 

dk=N/n      #inverse of the inclusion probability 

ycalb=numeric(1000) 

dim(ycalb)=c(1000,1) 

 

for (j in 1:1000){ #1000 iterations of the calibration estimation 

m=0 

xhat=popauxdum[sample(100000,n,replace=FALSE),] 
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xhatr=matrix(0,nrow=n,ncol=4) 

for(i in 1:n){   #Nonresponse Mechanism function 

s=0.02+0.01*age[i] 

Fs=pnorm(s,0,1) 

u=runif(1) 

if( u<=Fs) 

{ 

xhatr[i,]=xhat[i,] 

m=m+1 

} 

 

} 

m    #The size of the response set 

xhatro=xhatr[(rowSums(xhatr)!=0),] #The response set of the auxiliary variables 

xhatroz=stdize(xhatro, center = TRUE, scale = TRUE) #Standardizing the response set of the 

auxiliary variables 

xhatro.pca=prcomp(xhatro, retx=TRUE, center=TRUE,scale.=TRUE) 

summary1=summary(xhatro.pca) 

score.xhatroz=xhatroz%*%xhatro.pca$rotation 

selected.score.xhatroz=score.xhatroz[,1:2] 

mean.xhatro=apply(xhatro,2,mean) 
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sd.xhatro=apply(xhatro,2,sd) 

pop.pca=prcomp(popauxdum, retx=TRUE, center=TRUE,scale.=TRUE) 

summary2=summary(pop.pca) 

popauxdumz=stdize(popauxdum, center = mean.xhatro, scale= sd.xhatro) #Standardizing the 

population auxiliary variables 

score.pop.pcaz=popauxdumz%*%pop.pca$rotation 

selected.score.pop.pcaz=score.pop.pcaz[,1:2] 

head(popauxdumz) 

gk=numeric(n) 

A=as.matrix(c(N,(apply(popauxdumz,2,sum)))) 

B=as.matrix(c(m,(apply(xhatroz,2,sum)))) 

J=t(as.matrix(apply(xhatroz,2,sum))) 

H=t(xhatroz)%*%xhatroz 

I=t(as.matrix(c(rep(1,m)))) 

tlambda=t(A-dk*B)%*%solve(dk*cbind(B,rbind(J,H))) 

gk=1+tlambda%*%rbind(I,t(xhatroz)) #The final weight of the calibration estimator 

w1=rnorm(m) 

yk1=28.95288+0.1880055*as.matrix(xhatro[,4])-

0.4268448*as.matrix(xhatro[,1])+3.021397*as.matrix(xhatro[,2])+3.021397*as.matrix(xhatro[,3

])+w1 #The response set of the study variable as a function of the response set of auxiliary 

variables 

ycalb[j,]=sum(dk*gk%*%yk1)   #The calibration estimate 
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} 

m 

Y 

mean(ycalb)   #The mean of the calibration estimate 

var(ycalb)    #The variance of the calibration estimate 

mean(ycalb)-Y  #The bias of the calibraion estimate 

 

##Calibration estimator based on principal components (PCs) 

set.seed(100000) 

w=rnorm(100000)  

de1=as.matrix(de[,1]) #The first dummy for education level 

de2=as.matrix(de[,2]) #The second dummy for education level 

y=28.95288+0.1880055*age-0.4268448*dg+3.021397*de1+3.021397*de2+w ##Generating 

study variables matrix as a function of auxiliary variables 

X=sum(popauxdum) #Summation of the auxiliary variables under the population 

Y=sum(y) #True value of the study variable 

N=100000  #Population size 

n=1000    #Sample size 

dk=N/n #Inverse of the inclusion probability 

ycalb=numeric(1000) 

dim(ycalb)=c(1000,1) 
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for (j in 1:1000){   #1000 iterations of the calibration estimation 

m=0 

xhat=popauxdum[sample(100000,n,replace=FALSE),] #Sample of the population auxiliary 

variables 

xhatr=matrix(0,nrow=n,ncol=4) # Nonresponse mechanism 

for(i in 1:n){ 

s=0.02+0.01*age[i] 

Fs=pnorm(s,0,1) 

u=runif(1) 

if( u<=Fs) 

{ 

xhatr[i,]=xhat[i,] 

m=m+1 

} 

} 

m 

xhatro=xhatr[(rowSums(xhatr)!=0),]                  #The response set of the auxiliary variables 

xhatroz=stdize(xhatro, center = TRUE, scale = TRUE) #Standardizing the response set of the 

auxiliary variables 

xhatro.pca=prcomp(xhatro, retx=TRUE, center=TRUE,scale.=TRUE) #The PCA analysis under 

the response set of the auxiliary variables 
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summary1=summary(xhatro.pca)            #Summary of PCA for the response set of auxiliary 

variables 

score.xhatroz=xhatroz%*%xhatro.pca$rotation #The score of PCA for the response set of 

auxiliary variables 

selected.score.xhatroz=score.xhatroz[,1:2] 

mean.xhatro=apply(xhatro,2,mean) 

sd.xhatro=apply(xhatro,2,sd) 

pop.pca=prcomp(popauxdum, retx=TRUE, center=TRUE,scale.=TRUE) 

popauxdumz=stdize(popauxdum, center = mean.xhatro, scale= sd.xhatro) #Standardizing the 

population auxiliary variables 

score.pop.pcaz=popauxdumz%*%pop.pca$rotation #The score of PCA for the population 

auxiliary variables 

selected.score.pop.pcaz=score.pop.pcaz[,1:2] 

gk=numeric(n) 

A=as.matrix(c(N,(apply(selected.score.pop.pcaz,2,sum)))) 

B=as.matrix(c(m,(apply(selected.score.xhatroz,2,sum)))) 

J=t(as.matrix(apply(selected.score.xhatroz,2,sum))) 

H=t(selected.score.xhatroz)%*%selected.score.xhatroz 

I=t(as.matrix(c(rep(1,m)))) 

tlambda=t(A-dk*B)%*%solve(dk*cbind(B,rbind(J,H)))  

gk=1+tlambda%*%rbind(I,t(selected.score.xhatroz)) #The final weight of the calibration 

estimatior 

w1=rnorm(m) 
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yk1=28.95288+0.1880055*as.matrix(xhatro[,4])-

0.4268448*as.matrix(xhatro[,1])+3.021397*as.matrix(xhatro[,2])+3.021397*as.matrix(xhatro[,3

])+w1   #The response set of the study variables as a function of the response set of auxiliary 

variables 

ycalb[j,]=sum(dk*gk%*%yk1) #The calibration estimator based on PCs 

} 

scree.plot(xhatr, title = "Scree Plot", type = "R", use = "complete.obs", simu = "P") 

m 

Y 

mean(ycalb)   #The mean of calibration estimates based on PCs 

var(ycalb)    #The variance of calibration estimates based on PCs 

mean(ycalb)-Y #The bias of calibration estimates based on PCs 

 

 

 

 

 

 

 

 

 

                                                                                                                                


