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Abstract 

Statistical disclosure control methods for micro data include the CSI-technique. CSI stands 

for “cloning, suppressing, imputing” and the technique implements imputation methods in the 

area of disclosure control. 

The purpose of this thesis was to explore a suggested optimization to the I-step of the 

technique, were the technique would be repeated several times and the best outcome (dataset) 

given a desired disclosure level would be chosen.  

The imputation methods used to explore the suggested optimization were methods that in a 

similar study by Quember and Hauser (2013) performed the best. These methods were nearest 

neighbor hot-deck and random hot-deck, both with interchanging values between donor and 

recipient. Results show that the suggested optimization improves the usability of the data 

compared to the mean outcome. 
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1. Introduction 

Researchers and policymakers demand an ever-increasing access to data. Usually it is the 

National Statistical Institutes (NSI’s) that collect, produce and disseminate the data. It is 

mandatory for the NSI’s to apply sufficient disclosure control to prevent disclosure of 

individuals and entities providing the data. Because of this, methods of disclosure control 

have been developed that either changes the data or suppresses critical details about the data. 

However, it is important to preserve the usability of the data for it to be useful when 

disclosure control is applied. Applying disclosure control to a dataset tends to disturb the data, 

see Figure 1 for an illustration of the balance between the disclosure risk and data usability. 

 
Figure 1: Disclosure risk and Data utility 

(Duncan, et al. 2001) 

 

Statistical disclosure control (SDC) methods for micro data include the CSI-technique. CSI 

stands for “cloning, suppressing, imputing” and the technique implements imputation 

methods in disclosure control. Imputation methods are more commonly used in order to 

create complete datasets in case of missing values, typically in situations of non-response in 

surveys. Imputation methods either replace missing values by reusing other available values 

in the dataset or replace the missing values from estimates. 

 

The first step of the CSI technique is that values on the variable that carries a risk of 

disclosure is cloned (C-step). The clone is then subjected to suppression were a chosen 

proportion of the values in the clone is suppressed (S-step). The suppressed values are then 

imputed with a chosen imputation method (I-step). Disclosure is introduced in the dataset 

because a proportion of the real values are replaced with imputed values. 

 

The CSI-technique is a relatively new notion in the area of disclosure control but it has been 

shown that some imputation methods in the technique are better than others to preserve the 
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usability of datasets while at the same time provide sufficient disclosure control (Quatemper 

& Hausner, 2013).  

The disclosure control introduced in micro data can be measured by the correlation between 

the original dataset and the dataset with applied disclosure control. A low correlation ensures 

strong disclosure control but may render the data useless for research, while a high correlation 

may not provide sufficient disclosure control. One aspect to consider when choosing an 

imputation method in the I-step of the technique is that some inherently preserve univariate 

moments on the values such as mean and variance, as this is an attractive property for users of 

the data. One method that has this ability is data swapping, in which values are exchanged 

between objects.  

 

The introduced disclosure control offered by the CSI-technique is not a deterministic process, 

which means one cannot be sure of how much disclosure is introduced or how correlation 

between variables in the dataset are affected. This is an unattractive property of the CSI-

technique. 

 

1.1 Purpose 

The purpose of this thesis is to explore a suggested optimization of the I-step of the technique 

to reach a chosen level of disclosure control and at the same time minimize error between 

variables in the dataset in order to preserve data usability. The suggested optimization is to 

repeat the I-step in the CSI-technique several times and then chose the dataset with the “best” 

outcome. 

Simulation is introduced to implement the suggested optimization to the I-step of the CSI-

technique.  

 

1.2 Outline 

In chapter 2 the need for SDC is further explained, common methods are described and a 

review of an earlier study is given. Chapter 3 describes the statistical methods used and in 

chapter 4 the design of the simulation for the suggested improvement to the I-step is 

described. In chapter 5 the results are presented. The thesis is concluded by chapter 6 in which 

we reconnect to the purpose of the thesis, conclude the knowledge that has been reached and 

give suggestions for future studies. 
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2. Background 

This chapter will present the need for SDC and common methods of SDC including the CSI-

technique. The chapter closes with a review of a study related to the topic of the thesis. 

 

2.1 The need for statistical disclosure control (SDC) 

The collection, production and dissemination of official statistics are mainly the National 

Statistical Institute’s responsibility. It should not be possible to disclose individuals or entities 

behind the statistics for two prime reasons. Firstly, it is mandatory by law in most countries 

that the NSI’s take measures to prevent disclosure of individuals and entities. Secondly, it is 

critical that a trust between people and the NSI’s is maintained. The disclosure of individual 

identities or sensitive company information may break this trust and this could lead to 

unwillingness to submit information in surveys or even the submission of false information. 

The latter would have devastating effect on many policy interventions.  

 

In Sweden the need for disclosure control is regulated in one of Sweden's most fundamental 

laws - the Press Act (1949:105) complemented by the 5-7§ of the Act (2001:99) on official 

statistics. The law applies to data released through micro-data files and data published in 

tables, databases, charts or maps.  

 

Different types of data to be published such as micro, frequency or aggregate data require 

different methods for disclosure control. Common methods include, aggregation, suppression 

rounding and data swapping which will be presented in this section. An explanation of the 

CSI-technique will also be provided. 

 

2.2 SDC for aggregate data or tables 

SDC methods for aggregate data or tables will not be explored in this thesis. However, as the 

area of disclosure control is new for many readers, we will take the opportunity to introduce a 

couple of common methods. The background to SDC for micro data, the area explored in this 

thesis, will follow this section. 
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Table 1: Common SDC methods for aggregate data or tables 

Method Principle Advantage(s) Disadvantage(s) 

Aggregation  A disclosure control method in 

which the cells that carries a risk 

of disclosure are merged 

together with other cells. 

Typically aggregation is 

implemented in tables with small 

frequencies. 

Provides strong 

disclosure control 

and is easy to 

implement. 

Tends to greatly 

reduce the 

usability of the 

data. 

 

Suppression A disclosure control method in 

which the cells that carries a risk 

of disclosure are replaced with a 

symbol, typically a cross or a 

dot. 

See Aggregation See Aggregation 

Rounding 

(deterministic) 

Every cell value (cell frequency) 

in a table is rounded to the 

nearest multiple of a chosen 

base, b. A common choice of b 

is 3. After disclosure control is 

applied the cells will only 

contain 0, 3, 6, 9 etc. which 

makes disclosure difficult. 

Fast and easy to 

implement. Can 

also be used to 

round estimates to 

emphasize 

uncertainty. 

Do rarely 

introduce enough 

disclosure control. 

Rounding 

(stochastic) 

Similar to deterministic 

rounding with the difference that 

the cell frequencies are rounded 

randomly up or down to the two 

nearest multipliers of a base, b. 

Stochastic rounding is mostly 

used in tables with cells 

containing small frequencies.  

Fast and easy to 

implement. Greater 

disclosure control 

introduced than 

deterministic 

rounding. 

Tends to reduce 

the usability of the 

data more than 

deterministic 

rounding. 

(Statistics Sweden 2015) 

To determine which cells are of risk of disclosure several rules have been developed such as 

the dominance-, p%- and the pq-rules. 
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For those interested in these rules I can recommend Wang (2013) for a detailed explanation 

and comparison of the most common rules. 

 

2.3 SDC for micro data 

The background to the disclosure control method used in this thesis will be explained here. It 

is the interchanging of values, called data swapping that will be used in the simulations.  

 

Data swapping is a protection method that exchanges values between objects. Data swapping 

is a special case of PRAM (post-randomization method) in which values are changed to 

prevent disclosure. 

The first step of data swapping is to choose a pair of values (individual or entity records) by 

the criteria that the two objects in every pair match each other by having the same or similar 

values on other variables. The second step is to exchange values between the matched pair. 

Pairs may be formed so that either the entire dataset is subjected to the swapping or only just 

a part of it (Willenborg & de Waal 2000). 

The advantage of data swapping is that variable distributions and univariate moments such as 

averages and variances are preserved for the values. An inherent disadvantage is that it is a 

perturbative method that changes the data. This often demands communication between user 

and data publisher to ensure usability of the data (Statistics Sweden 2015). Data swapping is a 

method that can be applied in the CSI-technique. 

 

The notion of the CSI-technique is that it is the implementation of imputation methods in 

disclosure control. Define 𝑌, values on some variable that carry a risk of disclosure. 

The CSI-technique consists of three steps applied to values on the variable 𝑌: 

C-step (cloning): Cloning of the sensitive values y, which yields 𝑦𝐶 

S-step (suppression): Suppression of 𝑦𝐶 is carried out either locally or globally on the 

variable 

I-step (imputation): A given imputation method is implemented to impute replacements to the 

suppressed values in 𝑦𝐶 

(Quatember 2015). 

 

The performance of the technique depends on the suitability of the imputation method applied 

and by the proportion and selection of the suppressed values.  
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The CSI-technique was proposed by Quatember and Hausner (2013) in their article “A family 

of methods for statistical disclosure control”. In the article they implemented different 

imputation methods and compared their performances based on their ability to provide 

disclosure control, how well the sensitive values preserved univariate moments and how the 

correlation with other values in the dataset was affected.  

 

The data used by Quatember and Hausner consisted of 1000 simulated values (𝑦) from a 

right-skewed distribution, meant to represent income in a population. A variable 𝑥 with a set 

population correlation of 0.7 with 𝑦 were also generated. The values from the right-skewed 

distribution were cloned creating 𝑧 (C-step). 10% of the 1000 values of 𝑧 were randomly 

suppressed (S-step) and 16 different imputation methods were implemented successively to 

impute values as replacement to the suppressed values (I-step). The S- and I-step were 

repeated 10 000 times for each method yielding 10 000 datasets with applied disclosure 

control. The datasets were combined to calculate the overall mean estimator and mean 

squared error of the mean, variance and correlation between 𝑧 and 𝑥 in every dataset to test 

data usability. The mean correlation of 𝑦 and 𝑧 were calculated to test the disclosure control 

introduced by respective imputation method. 

 

I have selected to display the results of four of the 16 methods by Quatember and Hausner, as 

they were concluded to perform the best. All of these methods used imputation methods to 

indicate interchanges between values so they are all some form of data swapping. 

Table 2: Results from Quatember and Hausner 

3. Random hot-deck with interchanging the values of donor and the recipient 

4. Random hot-deck within classes of size k=5 according to x with interchange 

11. Nearest neighbor hot-deck without replacement and with interchange 

12. Nearest neighbor hot-deck with enhanced ‘neiborhood’ of size 50 without replacement and with interchange 

 Mean �̅�𝑈 Variance 𝑆2 Correlation 𝑝𝑍𝑋 Correlation
 𝑝𝑍𝑌 

Method Mean MSE Meana MSE Mean MSE Mean 

3 1657.1 0 6.905 0 0.552 0.022 59 0.800 

4 1657.1 0 6.905 0 0.700 0.000 000 073 84 0.904 

11 1657.1 0 6.905 0 0.700 0.000 000 000 000 012 23 0.913 

12 1657.1 0 6.905 0 0.694 0.000 049 82 0.903 

Reference values: �̅�𝑈 = 1657.1, 𝑆2 = 6.905 × 105, 𝑝𝑌𝑋 = 0.700 

a) × 105 

(Quatember & Hausner 2013). 
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The preserving properties of univariate moments in data swapping can be noticed in the 

results. The correlation between 𝑧 and 𝑦 is the measure of introduced disclosure control and 

the mean squared error (MSE) between 𝑧 and 𝑥 are a measure on how well relationships 

between variables in the dataset are preserved. 

The authors argue that method 4 and 11 had the best balance between disclosure control and 

data usability. However, the results shows there is great variation of introduced disclosure 

control and the how correlations between variables in the dataset are affected. In this thesis 

we will suggest a procedure to reach the optimal outcome. 
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3. Method 

This chapter describes the statistical methods used to implement the suggested optimization to 

the I-step of the CSI-technique. The methods are random hot-deck and nearest neighbor hot-

deck, both with interchanging values between the donor and recipient. 

 

3.1 Imputation methods 

Imputation methods are typically used to replace missing values in a survey or census. They 

can be classified into three categories: 

1. Deductive or Logical. Imputed values are possible to derive based on values on other 

variables. For example if the value of an individuals age is missing but information on the 

individuals date of birth is available, then age can easily be derived and the missing value can 

be replaced. 

2. Model-donor. Imputed values are derived from a model. Methods in this category may lead 

to imputed values that cannot be observed in the real world. 

3. Real-donor imputation. Missing values are replaced by other observed values. The 

observed value is called the donor, and the missing value that is replaced is called the 

recipient. 

(Laaksonen 2000). 

 

3.2 Hot-deck imputation 

Hot-deck is an imputation methods in which missing values are replaced by a value from 

another unit and therefore belongs to the Real-donor imputation category. An inherent 

advantage with hot-deck methods is that one will always replace missing values with values 

that are possible to observe (“real” values) (Andridge & Little 2010).  

 

Nearest neighbor hot-deck 

In nearest neighbor hot-deck the donor is chosen by replacing the missing value with a value 

of a unit that is the most similar to the unit with the missing value. Typically, the donor is 

selected by being closest to the unit with the missing value on some other variable than the 

variable that has the missing value. Nearest neighbor is a deterministic since there is no 

randomness involved in the selection of the donor (Andridge & Little 2010). 
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Random-hot deck within classes with interchange 

Random hot-deck is a variant of hot-deck when the donor is chosen randomly from a pot of 

potential donors, called a donor pool (Andridge & Little 2010).  

 

Nearest-neighbor hot-deck and random hot-deck are in some instances equivalent. For 

example, if the donor in nearest neighbor hot-deck is selected from a variable that is 

categorical then the donor is usually selected by random sampling, which would be the same 

as random-hot deck. 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 10 

4. Design of simulation 

In this chapter the simulation built to implement the suggested optimization of the I-step of 

the CSI-method is described. The simulation was built in R version 3.3.2 and the code can be 

found in the Appendix. R is a language and environment for statistical computing and 

graphics. 

 

4.1 Simulation setup 

The simulation begins with generation of data and then the C-step (cloning), S-step 

(suppression) and I-step (Imputation) are implemented. The S-step and I-step is repeated 10 

000 times leading to 10 000 different datasets with applied disclosure control. Imputation 

methods used in the I-step is nearest neighbor hot-deck and random hot-deck within classes, 

both with interchange, which means that the donor and recipient will interchange their values. 

The simulation will be repeated two times, one time for each imputation method. 

 

Generation of data 

The first step is the generation of 𝑦, containing 1000 values randomly drawn from the beta 

distribution with parameters 𝛼 = 4 and 𝛽 = 1 200 000, replicating the dataset used by 

Quatember and Hauser (2013). 

Figure 2: Histogram of 𝑦 

  
�̅� = 1707.535 ; 𝑠𝑦 = 878.4061 

 

The second step is the generation of 𝑥, an auxillary variable with population correlation set to 

0.7 with 𝑦, this was achieved by taking the values of 𝑦 and dividing each value by 889 and 

adding a stochastic component. The stochastic component were a random generated value 
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from the normal distribution with mean = 0 and standard deviations = 1. 

Figure 3: Histogram of 𝑥 

 

�̅� = 1.933046 ; 𝑠𝑥 = 1.415228 

 

C-step 

Copy 𝑦 and name the copy 𝑧. Combine the three variables. 

Example: The first 10 values on 𝑧, 𝑦 and 𝑥 

 

 

S-step 

In the suppression step, 10 % of the values in 𝑧 are randomly set to not available, NA. The 

values with NA indicate which in the second column, 𝑦 that should be subjected to the 

interchange. 
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I-step 

Implement the interchange. 

 

Repetition of the S-and I-step 

Repeat the S-and I-steps 10 000 times.  

Define disclosure as the correlation between 𝑦 and 𝑧 and mse as the mean squared error 

between 𝑧 and 𝑥. Save disclosure and mse for every repeated S- and I-step. 

 

The suggested optimization is to pick the dataset with the minimal mse, given a desired 

disclosure. This “optimal” dataset will be compared to the mean disclosure introduced by the 

10 000 repetitions and the overall mean of the mean squared error between 𝑥 and 𝑧. 
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5. Results  

In this chapter the results obtained from the simulation are presented. The results of the 

nearest neighbor interchange are presented first and the random hot-deck interchange will 

then follow. As a remainder, the disclosure level is measured by the correlation between the 

original dataset and the dataset with interchanged values. The mse is the mean squared error 

of the correlation between values with applied disclosure control and the auxiliary variable 𝑥 

and serves as a measurement for the methods ability to preserve correlation between 

variables. The dots in the scatter plot are the 10 000 datasets of repeated S- and I-steps. Every 

point is a dataset. 

 

Nearest neighbor hot-deck with interchange 

Figure 4: Scatter plot of the results for nearest neighbor hot-deck 

 

There is great variation in the disclosure level introduced by the method. The green triangle 

(the one to the right) represents the mean disclosure introduced by the method. The red 

triangle (the one to the left) indicates the dataset we would have chosen if we implemented 

the optimization in the I-step. In table 3 we see the results clearly. 

Table 3: Results for nearest neighbor hot-deck 

Mean dataset Dataset with optimization of the I-step 

Disclosure MSE Disclosure MSE 

0.8316796 0.01430339 0.8314949 0.006105546 
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We note a decrease in mse, having also reached the same disclosure level as the mean dataset, 

by using the optimization of the I-step. 

 

Random hot-deck with interchange 

Figure 5: Scatter plot of the results for random hot-deck 

 

The results for random hot-deck is similar to nearest neighbor hot-deck. Still, the green 

triangle (the one to the right) represents the mean disclosure with this method and the red 

triangle (the one to the left) indicates the dataset we would have used if we implemented the 

optimization in the I-step. 

Table 4: Results for random hot-deck 

Mean dataset Dataset with optimization of the I-step 

Disclosure MSE Disclosure MSE 

0.823436 0.01536572 0.8193097 0.007332066 

 

We also note a decrease in mse for the randon hot-deck method, while keeping a similar 

disclosure control to the mean dataset, by using the optimization of the I-step. The results for 

both methods are very similar. Both seems to work well with the optimization of the I-step. 
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6. Discussion and conclusions 

In this thesis we explored the CSI-technique in statistical disclosure control for micro data 

and a suggested optimization were successfully implemented for data swapping with nearest 

neighbor and random hot-deck for indication of the interchanges. This was done by 

generating data from a variable that follow a right screwed distribution and applied the CSI-

technique to introduce disclosure to the values. 

The results showed that the optimization procedure made us choose a dataset with almost the 

same disclosure as the mean dataset of the method, but correlation with other variables in the 

dataset were better preserved than in the mean dataset. 

 

Comparing the results of the methods to Quember and Hausner (2013) we get on average a 

lower disclosure control in the datasets when trying to replicate the same method on the same 

distribution of data. A reason is probably that there is randomness both in the generation of 

data and the suppressed proportion that affects the level of disclosure introduced. We also do 

not know their procedure of the generation of the auxiliary variable, and this may also cause a 

difference in the obtained results. 

 

Future studies can be made to see how the results change with different suppressing 

proportions or with data following different distributions. One area that also could be 

explored is how to find the optimal level of disclosure in micro data.  

 

Contribution to the research was that we found a fast procedure to obtain the best possible 

micro dataset, given a desired level of introduced disclosure control. 
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Appendix 

Code in R 

#Nearest-neighbor hot-deck with interchange 

0.1 -> bortfallsandel 

 

#Generera data 

n <- 1000 

YZ <- matrix(data=rbeta(n,4,1.2*10^6)*5*10^8,nrow=n,ncol=2) 

newX <- YZ[,2]/889 + rnorm(n) 

cor(newX,YZ[,2]) 

 

#### LOOP TO TRY OUT MANY TIMES AND THEN COMPARE 

10000 -> trials 

disclosure <- NULL 

mse <- NULL 

 

xx <- rep(1:200,each=5) # 200 classes in order 

for (j in 1:trials) { 

   

  ##### LOOP FOR INTERCHANGE IN A SINGLE DATASET 

  Ctemp <- YZ # copy of C to do interchange within 

  Ctemp[,1][sample(1:n,size=floor(bortfallsandel*n))] <- NA # suppress values to indicate 

interchange 

   

  interchange <- NULL #save row numbers of those that have been interchanged previously in 

this vector 

 

  nas <- which(is.na(Ctemp[,1])) #which rows are NA? 

 

  for (i in nas) { # loop over nas - to interchange true values with those missing 

    potDonor <- setdiff(order(xx)[xx[i]==xx],i) # use the other in same class as potential donor 

    potDonor <- potDonor[order((Ctemp[potDonor,2]-Ctemp[i,2])^2)][1] # use nearest 

neighbour in the class 

    interchange <- c(interchange,sample(potDonor,1)) # sample one and add it to interchange, 

so that it will not be used in the future 

    Ctemp[c(interchange[length(interchange)],i),2] <- 

Ctemp[c(i,interchange[length(interchange)]),2] # make the interchange 

  } 

   

  #CALCULATIONS AFTER INTERCHANGE IN A SINGLE DATASET 

  disclosure[j] <- cor(YZ[,2],Ctemp[,2]) # disclosure factor 

  mse[j] <- (cor(Ctemp[,2],newX) - cor(YZ[,2],newX))^2 # MSE of correlation 

} 
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#If C[,2] is equal to Ctemp[,2], give 1, else 0 

prod(YZ[,2]==Ctemp[,2]) 

 

#If the same (ordered) values appear in C[,2] and Ctemp[,2], then give 1, else 0 

prod(sort(YZ[,2])==sort(Ctemp[,2])) 

 

#find the best dataset 

min(mse[disclosure<mean(disclosure)]) -> a 

which(mse==a) -> b 

#plot the 10000 datasets 

par(mfcol=c(1,1),cex=.5,cex.lab=1,cex.axis=1,cex.main=2) 

plot(mse,disclosure,pch=1,col="grey",font.lab=2) 

points(mse[b],disclosure[b],cex=2,pch=2,col=2,lwd=3) 

points(mean(mse),mean(disclosure),cex=2,pch=2,col=3,lwd=3) 

disclosure[b] 

mean(disclosure) 

mse[b] 

mean(mse) 

 

#Random hot-deck within classes of size k=5 according to x with interchange 

0.1 -> bortfallsandel 

 

#Generera data 

n <- 1000 

YZ <- matrix(data=rbeta(n,4,1.2*10^6)*5*10^8,nrow=n,ncol=2) 

newX <- YZ[,2]/889 + rnorm(n) 

cor(newX,YZ[,2]) 

 

#### LOOP TO TRY OUT MANY TIMES AND THEN COMPARE 

10000 -> trials 

disclosure <- NULL 

mse <- NULL 

 

xx <- rep(1:200,each=5) # 200 classes in order 

 

for (j in 1:trials) { 

   

  ##### LOOP FOR INTERCHANGE IN A SINGLE DATASET 

  Ctemp <- YZ # copy of C to do interchange within 

  Ctemp[,1][sample(1:n,size=floor(bortfallsandel*n))] <- NA # suppress values to indicate 

interchange 

   

  interchange <- NULL #save row numbers of those that have been interchanged previously in 

this vector 
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  nas <- which(is.na(Ctemp[,1])) #which rows are NA? 

   

  for (i in nas) { # loop over nas - to interchange true values with those missing 

    #i <- nas[1] 

     

    temp <- order((Ctemp[,2]-Ctemp[i,2])^2) 

    potDonor <- setdiff(order(xx)[xx[i]==xx],i) # use the other in same class as potential donor 

     

    interchange <- c(interchange,sample(potDonor,1)) # sample one and add it to interchange, 

so that it will not be used in the future 

    

    Ctemp[c(interchange[length(interchange)],i),2] <- 

Ctemp[c(i,interchange[length(interchange)]),2] # make the interchange 

  } 

   

  #CALCULATIONS AFTER INTERCHANGE IN A SINGLE DATASET 

  disclosure[j] <- cor(YZ[,2],Ctemp[,2]) # disclosure factor 

  mse[j] <- (cor(Ctemp[,2],newX) - cor(YZ[,2],newX))^2 # MSE of correlation 

} 

 

#If C[,2] is equal to Ctemp[,2], give 1, else 0 

prod(YZ[,2]==Ctemp[,2]) 

 

#If the same (ordered) values appear in C[,2] and Ctemp[,2], then give 1, else 0 

prod(sort(YZ[,2])==sort(Ctemp[,2])) 

 

quartz.options(width=5, height=5) 

min(mse[disclosure<mean(disclosure)]) -> a 

which(mse==a) -> b 

par(mfcol=c(1,1),cex=0.5,cex.lab=1,cex.axis=1,cex.main=2) 

plot(mse,disclosure,pch=1,col="grey",font.lab=2) 

points(mse[b],disclosure[b],cex=2,pch=2,col=2,lwd=3) 

points(mean(mse),mean(disclosure),cex=2,pch=2,col=3,lwd=3) 

 

disclosure[b] 

mean(disclosure) 

mse[b] 

mean(mse) 


