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Abstract 

For a long time, there has been a call for the use of real, multivariate data within statistical education (e.g. GAISE, 

2016) and to integrate civic data (e.g. ProCivicStat, 2018). 

On the other hand, there is some evidence that Simulation Based Inference, i.e. Bootstrapping and Permutation 

Tests can help to improve conceptual understanding of inferential statistics (see e.g. Chance et al., 2016; Maurer 

and Lock, 2016; Tintle et al., 2018; Hildreth et al., 2018; Lübke et al., 2019). In general, the permutation methods 

are considered to be more powerful than bootstrap (Berry et al., 2014) for calculating e.g. p-values. In permutation 

tests a test statistic is calculated for the observed data. Next the distribution of this test statistic is estimated using 

permutations of the observations over all possible arrangements (Kończak, 2016) or by Monte-Carlo Methods 

(Ernst, 2004). 

By the help of an interactive Shiny Apps (Doi et al., 2016) we combine these ideas, real, civic data and permutation 

tests: From the OECD Regional Well-Being (OECD Regions and Cities at a Glance 2018) data-set users can 

choose the indicators and the two countries they want to compare. By using ggplot2 graphics (Wickham 2016) we 

hope to ease the transition from learning to doing statistics (see e.g. McNamara, 2019). Currently the app is 

available in Polish, German and English. 
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1. Introduction 

Statistical methods allow comparison of population characteristics. Parametric tests such as 

t-test and non-parametric tests such as U-Mann-Whitney’s test are used to compare 

e.g. expected values or other aspects of the distribution. In recent years, computer simulation 

methods such as bootstrap and permutation tests have been increasingly used to compare 

population characteristics. The main goal of this paper is to present the idea of permutation tests 

with use of the real civic data with an interactive Shiny Apps. 

Permutation methods precede many traditional parametric statistical methods, but only 

recently permutation methods have become part of the mainstream discussion of statistical 
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tests. Permutation tests were proposed by Fisher (1925) and further developed by Pitman 

(1937). Berry et al. (2014) indicate that in 1923 Neyman (Spława-Neyman, 1923) introduced 

a permutation model for analyzing field experiments in agriculture, but the article was not 

translated into English until 1990. 

Shiny Apps are web-based applications that enable easy interactive analysis and can be 

programmed in R. Numerous examples for different purposes exist (Doi et al., 2016) and used 

in a consistent way they may also help to narrow the gap between learning and doing statistics 

(see e.g. McNamara, 2019) within the learning curve. 

To engage students and to show the value of statistics as well as the concept of permutation 

tests we use the OECD Regional Well-Being (OECD Regions and Cities at a Glance 2018) 

data-set in which users can choose the indicators and the two countries they want to compare. 

 

2. The idea of permutation tests 

Permutation tests were proposed by Fisher (1925) and Pitman (1937). These tests are computer-

intensive statistical methods. Instead of comparing the observed value of the test statistic to 

a known standard distribution, the reference distribution is generated from the sample data in 

permutation tests. These tests can give results that are as accurate as than those obtained with 

the use of traditional statistical methods. 

The concept of these tests is simpler than of the tests based on normal distribution. The idea 

of permutation tests is like the bootstrap method but in bootstrap samples are taken with 

replacement. The main application of these tests is a two-sample problem (Efron and Tibshirani, 

1983). 

The permutation testing is based on the 5 following steps (Good, 2006): 

1. Identify the null hypothesis and the formulate the alternative hypotheses. 

2. Choose a test statistic (T). 

3. Compute the test statistic (T0). 

4. Determine the frequency distribution of the statistic under the null hypothesis. 

5. Make a decision using this distribution as a guide. 

 

We will concentrate on testing equality of means of two distributions. The form of the null 

hypothesis is that the two distribution will be following 

𝐻0: 𝐹1 = 𝐹2 (𝐻0: 𝜇1 = 𝜇2) 

against the alternative    

𝐻1: 𝜇1 ≠ 𝜇2. 
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The form of the alternative hypothesis is not the simple negation of the null hypothesis. Due 

to the form of the alternative hypothesis the test statistics that discriminates between the null 

hypothesis and the alternative should be chosen, so instead of sample mean also sample 

proportion for categorical data can be chosen. 

Let us consider two samples S1 and S2 where S1={x1, x2, …,xn1} and S2 = {y1, y2, …, yn2}. 

We will consider the statistic 

𝑇 = 𝑋̅ − 𝑌̅      (1) 

where 𝑋̅and 𝑌̅ are respectively means of the first and the second sample. Lest us denote by T0 

the value of this test statistic for the obtained data. It is easy to notice that big absolute values 

of the test statistic T0 will lead to the rejection of the null hypothesis. To obtain a distribution 

of the test statistic under the null hypothesis data labels should be permuted N times. Let us 

consider the joined sample 𝑆 = 𝑆1 ∪ 𝑆2. The joined sample S should be N times randomly 

divided into two samples of sizes n1 and n2. For each case the value of the test statistic T is 

calculated. We obtain values T1, T2, ..., TN. The empirical distribution of these values is an 

estimate of the distribution of the statistic T under the null hypothesis of identical distributions. 

The achieved significance level (ASL) should be determined (Efron and Tibshirani, 1983). 

ASL is the probability of observing at least that a value as large as T0 when the null hypothesis 

is true. The value of ASL is determined based on a series of data permutations. 

𝐴𝑆𝐿 = 𝑃𝐻𝑜{|𝑇| ≥ |𝑇0|}.      (2) 

The smaller the value of ASL the stronger is evidence against the null hypothesis. For 

a given significance level α (like 0.05, 0.1 or 0.01) we reject the null hypothesis if ASL is less 

or equal to α. Otherwise we do not reject H0. Usually the value of ASL is unknown. It can be 

estimated as follows: 

𝐴𝑆𝐿̂ =
𝑐𝑎𝑟𝑑{𝑖:|𝑇𝑖|≥|𝑇0|}

𝑁
.     (3) 

 

3. OECD Well-Being Data 

OECD Regional Well-Being data (2019) is used in the paper. The data shows how regions 

perform when it comes to education, environment, safety, and other topics important to your 

well-being. This interactive site allows you to measure well-being in your region and compare 

it with 402 other OECD regions based on eleven topics central to the quality of our lives. 

The data allows to measure well-being of 402 regions in 36 countries. There are included 

25 EU countries (without Bulgaria and Romania) and United Kingdom, Australia, Canada, 

Chile, Israel, Japan, Korea, Mexico, Switzerland, Turkey, United States. The number of regions 
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is differing for various countries from 1 in Luxembourg and 2 in Slovenia up to 51 in United 

States. Each region is measured in eleven following topics: income, jobs, housing, health, 

access to services, environment, education, safety, civic engagement and governance, 

community, and life satisfaction (for details see Table 1). A score has been calculated for each 

topic so that places and topics within and across countries could be easily compared. 

 

Table 1. Variables and quartiles for 402 regions in OECD Well-Being Data 

No. Variable Unit 

Region 

1st 

Qu. 
Median 

3rd 

Qu. 

1 Labour force with at least secondary education % 60.70 81.60 90.10 

2 Employment rate % 61.40 67.60 72.97 

3 Unemployment rate % 4.100 5.500 8.575 

4 Household disposable income per capita constant USD PPP 11362 17725 23136 

5 Homicide rate per 100000 people 0.700 1.200 3.700 

6 Mortality rate per 100000 people 7.100 8.050 9.400 

7 Life expectancy number of years 78.00 80.50 82.20 

8 Air pollution (level of PM2.5) µg/m³ 8.1 12.4 17.6 

9 Voter turnout % 56.17 71.00 83.30 

10 Broadband access % of households 67.00 78.00 86.22 

11 Number of rooms per person rooms per person 1.300 1.800 2.100 

12 Perceived social network support % 85.90 91.45 93.90 

13 Self assessment of life satisfaction index 0 to 10 6.025 6.800 7.375 

 

 

4. Permutation Test for OECD Well-Being Data 

The idea of the use of permutation tests is presented for the 1st variable Labour force with at 

least secondary education (Table 1) for two countries: Germany and Poland. There are 16 

regions in Germany (land) and 16 regions in Poland (voivodeship). The values for the 

considered variable for regions of Germany and Poland are the following (%): 

Germany: 85.1, 87.2, 87.6, 92.2, 84.1, 86.2, 85.6, 91.8, 85.5, 84.3, 83.8, 85.2, 94.0, 91.4, 87.0, 94.5. 

Poland: 93.5, 95.3, 96.1, 96.2, 93.2, 95.3, 93.2, 92.9, 95.1, 92.3, 93.3, 95.3, 93.9, 93.7, 90.3, 93.9. 

 

The mean values of the variable Labour force with at least secondary education are for 

Germany 87.844% and for Poland 93.969%. 

Note that the inference here is not from sample to population but about form sample to data 

generating process. 
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Figure 1. Observed difference for the variable Labour force with at least secondary education 

for Germany and Poland 

 

The values for considered regions and results of permutation testing are presented in Fig. 1. 

It could be seen that the mean in percentage of workers with at least secondary education in 

Poland is greater than in Germany. Fig. 2 show the empirical distribution of the test statistic T 

under H0 and the value T0 obtained for the original data. The difference of means for this 

variable for German and Poland regions data is equal to -6,125. The values of the test statistic 

T obtained for the N = 100 of data permutation are between -4 and 4. This leads to the rejection 

of the null hypothesis: it is very unlikely – if the model of no difference in distribution would 

be true - to observe such an extreme value in a sample as we actually did. So the data provides 

evidence that there is a difference in the distribution of Labour force with at least secondary 

education for Germany and Poland. 
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Figure 2. Permuted difference in means for the variable Labour force with at least secondary 

education for Germany and Poland 

 

 
Figure 3. Permutation distribution of difference in means for the variable Labour force with at least 

secondary education for Germany and Poland 

 

Fig. 4 shows a screenshot from the app (https://fomshinyapps.shinyapps.io/OECD-

Permutation) [access 2020.01.24]). 

 

 
Figure 4. Screenshot of the shiny app 
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5. Conclusions 

With real, civic data, available in an interactive way, students can be motivated to investigate 

data, learn about society for variables and countries they may be interested in – and not just of 

Labour force with at least secondary education for Germany and Poland as in our example. 

By using permutation tests, statistical thinking in terms of models, distributions, hypothesis, 

and randomness can be promoted: How would the sampled data look like if there would be no 

difference in the distributions?  

We think that such apps offer a nice opportunity for statistic teachers to ask good questions 

and to show why statistical literacy and thinking is such an important skill in times of big data. 
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