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1 Objective 


A correlation between gamma count rate measurements and co-located radium-226 
concentrations in surface soil is needed to predict radium-226 concentrations in surface soils 
using gamma survey data.  The latter are easier and faster to collect, with far greater aerial 
coverage.  There are numerous methods to investigate correlation between paired data sets.  As 
such, it is necessary to evaluate 1) the inference of the relationship between the data sets and 2) 
the underlying statistical limitations of each test. This report also investigates the statistical 
significance of the correlations and quantifies the results.  


2 Regression Analysis 


The decision to use parametric or non-parametric methods in regression analysis is important to 
produce a reasonable statistical quantification of the relationship between paired datasets and to 
understand the limitations of this quantification.  


In general, a meaningful parametric correlation is dependent on the assumption that the data are 
sampled from a known distribution, or that the parameters of the distribution are well defined 
(NRC, 2011). Although parametric correlation methods are accurate if the underlying 
assumptions are correct, the statistics can be equally misleading if the assumptions are incorrect. 
This is primarily because a parametric correlation commonly uses information about the mean 
and associated statistical variability; information that is typically only known when the 
distribution is known. 


A non-parametric evaluation, alternatively, makes no assumptions about the underlying 
population distribution from which the data were taken. Instead of relying on the mean and 
variability, the non-parametric model uses ordinal scores, or ranks of the data for regression 
fitting. 


Regardless of whether the data are part of a parametric or non-parametric model, it is important 
that the general assumption for the data trends be established prior to performing the tests. For 
the purposes of this report it is assumed that the relationship between the gamma count rate and 
radium-226 concentrations in soil is mathematically linear. This assumption was made after 
evaluating the data collection techniques and the visual relationship of the data as summarized 
below.  


Prior to plotting the data, the methods of the collection of gamma measurements and soil samples 
were evaluated to determine any site characteristics that might influence the correlation. 
According to the field procedures (Powertech, 2011), the gamma count rates were collected at 
each of the 80 locations using a Ludlum Model 44-10 2-inch by 2-inch sodium iodide detector. 
The sample locations consisted of 5 biased and 75 random locations; the latter selected using 
Visual Sampling Plan. The gamma count rates were obtained using an integrated, one-minute 
count with the detector held approximately 18 inches above the ground surface. At the same 
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locations, the soil samples were collected at a depth interval of 0-15 cm and analyzed by an off-
site laboratory for radium-226 as well as other radionuclides. 


The counts obtained by the sodium iodide detector are expected to respond linearly to the 
activity of the source. To verify this assumption, several cesium-137 sources of different 
activities were counted in a laboratory on September 20th, 2013, using a Ludlum Model 44-10 
sodium iodide detector. The source activity was corrected to account for decay and integrated 
counts were obtained for one minute. The resulting detector counts and source activities are 
shown in Table 2-1. The corrected activity and detector counts are plotted in Figure 2-1.  


Table 2-1: Relationship between Sodium Iodide Detector Counts to Cesium-137 Source Activity 


Activity (µCi) Activity Date Counts (cpm) Activity Corrected for Decay 
(µCi) 


8.5 10/3/2002 93456 6.60 
5.2 1/4/2012 73599 5.00 
5 8/7/2003 64222 3.96 


4.81 6/16/1994 51482 3.08 
5.46 8/7/2003 67199 4.32 


Notes: 
cpm = counts per minute 
µCi = microcuries 
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Figure 2-1: Response of Sodium Iodide Detector to Cesium-137 sources of differing activity 


 


As expected, the relationship between the sodium iodide detector counts and the source activity 
follows a linear pattern with very little deviation. Using the same assumption for radium-226, it 
can be expected that the detector counts will also maintain a linear relationship with differing 
source activity. It is important to note, however, that the resulting correlation between actual soil 
sample concentrations and detector counts will have much greater variability. Based on field 
experiments, it is often evident that environmental factors have a large effect on gamma 
measurements. For instance, holding a sodium iodide detector lower to the ground may at times 
have much lower counts than those taken at higher points, despite the intuitive assumption that 
higher counts are expected closer to the source (ground). In this case, the detector response is 
likely influenced by gamma shine from a nearby source(s). In addition to changes in geometry, 
fluctuations in detector counts are also expected from heterogeneity in soil composition, 
moisture content, radionuclide content and level of progeny equilibrium, orientation, and density; 
all of which influence the wide range of gamma energies emitted by radium-226 and its progeny. 
When considering the extent of sampling locations over the large area of the Dewey-Burdock 
site, it is reasonable to expect some variability in the gamma measurements and radium-226 
concentrations, independent of sampling technique. 
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The data for the 80 sampling locations, which are presented in Table 2-2, were plotted in Figure 
2-2 to visually assess the assumption of linearity in the relationship between gamma count rates 
and radium-226 concentrations in soil.  


It is visually apparent that the relationship follows a positive linear trend (i.e. radium-226 soil 
concentrations increase with increasing gamma count rates).  


Table 2-2: Gamma count rates and Radium-226 Concentrations in Surface Soil 


Obs. Sample ID Date Gamma Count Rate  
(cpm) 


Radium-226 Soil 
Concentration  


(pCi/g) 
1 SMA-B15 9/24/2007 8474 0.8 
2 SMA-B18 9/25/2007 8511 0.5 
3 SMA-B25 9/24/2007 9991 1 
4 SMA-B19 9/24/2007 10074 1.2 
5 SMA-B17 9/24/2007 10139 1 
6 SMA-B16 9/24/2007 10235 0.9 
7 RFA-B25 9/25/2007 10300 1.2 
8 SMA-B01 9/24/2007 10459 0.9 
9 SMA-B22 9/24/2007 10618 0.8 


10 MPA-R03 9/24/2007 10796 1.1 
11 MPA-R04 9/24/2007 10810 0.9 
12 SMA-B20 9/27/2007 10897 0.9 
13 RFA-B37A 9/26/2007 11170 0.9 
14 RFA-B44 9/25/2007 11436 1.4 
15 RFA-B39 9/25/2007 11478 1.1 
16 RFA-B26 9/25/2007 11791 1.1 
17 RFA-B41 9/25/2007 11806 1.2 
18 MPA-R05 9/24/2007 11850 1.2 
19 RFA-B38 9/25/2007 11852 1 
20 RFA-B31 9/25/2007 12221 1.3 
21 RFA-B45 9/25/2007 12242 1.6 
22 RFA-B35 9/25/2007 12290 1.2 
23 NEA-R01 9/24/2007 12302 1.1 
24 RFA-B30A 9/26/2007 12461 1.8 
25 RFA-B36A 9/25/2007 12465 1 
26 RFA-B40 9/25/2007 12629 1.1 
27 SMA-B24 9/24/2007 12662 1.3 
28 RFA-B07 9/25/2007 12700 0.9 
29 RFA-B24 9/25/2007 12766 1.3 
30 SMA-B09 9/24/2007 12879 1.2 
31 MPA-B03 9/25/2007 13006 1.3 
32 RFA-B20 9/25/2007 13113 1.3 
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33 RFA-B01A 9/26/2007 13115 1.2 
34 NEA-R02 9/24/2007 13176 1.3 
35 SMA-B10 9/25/2007 13184 1.4 
36 RFA-B33 9/25/2007 13221 0.9 
37 SMA-B13 9/25/2007 13252 1.7 
38 RFA-B43 9/25/2007 13264 1.7 
39 RFA-B02A 9/26/2007 13360 1.1 
40 RFA-B11 9/25/2007 13366 1 
41 RFA-B34 9/25/2007 13408 1 
42 RFA-B08 9/25/2007 13433 1.1 
43 RFA-B09 9/25/2007 13528 1 
44 RFA-B15A 9/26/2007 13535 1.4 
45 RFA-B16 9/25/2007 13675 0.9 
46 RFA-B19 9/25/2007 13689 1.2 
47 MPA-R01 9/24/2007 13749 1.4 
48 RFA-B27 9/25/2007 13794 1.5 
49 RFA-B06 9/25/2007 13819 1.7 
50 MPA-B01 9/25/2007 13824 1.4 
51 RFA-B18 9/25/2007 13835 1.7 
52 RFA-B14 9/25/2007 13872 1.7 
53 RFA-B04 9/25/2007 13963 1.1 
54 RFA-B13A 9/26/2007 13987 1.6 
55 RFA-B22 9/25/2007 14087 1.5 
56 MPA-B02 9/25/2007 14176 1.1 
57 RFA-B03 9/25/2007 14253 1.5 
58 RFA-B12 9/25/2007 14253 1.8 
59 RFA-B29 9/25/2007 14345 1.7 
60 SMA-B14 9/24/2007 14483 1.4 
61 RFA-B10 9/25/2007 14825 1.8 
62 RFA-B28 9/25/2007 15246 2.4 
63 SMA-B04 9/24/2007 15263 1 
64 MPA-R02 9/24/2007 16059 2.6 
65 SMA-B23 9/24/2007 16233 2.7 
66 RFA-B17A 9/26/2007 16283 2 
67 NEA-R03 9/24/2007 16393 2.2 
68 RFA-B21A 9/26/2007 16641 5.3 
69 SMA-B21 9/24/2007 16712 1.4 
70 NEA-R05 9/24/2007 17269 2.8 
71 SMA-B11 9/24/2007 17346 2.3 
72 NEA-R04 9/24/2007 17356 2.3 
73 RFA-B23 9/25/2007 19674 3.6 
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74 SMA-B03 9/24/2007 22410 1.5 
75 SMA-B07 9/24/2007 22925 3.2 
76a SMA-B28 9/29/2007 39061 6.4 
77a SMA-B26 9/28/2007 73243 11 
78a SMA-B30 9/28/2007 89139 34 
79a SMA-B27 9/28/2007 130293 40 
80a SMA-B29 9/28/2007 231041 29 


Notes 
a Biased locations. 
 
Figure 2-2: Correlation Plot of Radium-226 Concentration and Gamma Count Rates  


 


Once the general assumption of linearity is justified, statistical tests can be performed on the data 
to determine the goodness of fit (Pearson’s Coefficient) or degree of correlation (Spearman’s 
rank correlation coefficient) and the statistical certainty of such correlation. 


One of the parametric correlations, the ordinary least-squares (OLS) regression model is 
plausibly the most well-known and used often to correlate the dependent variable y as a function 
of the independent variable x. Although the model is simple to use, the mathematical framework 
derived for the process places heavy demands on the model builder due to the generalized 
assumptions of the derivation. The primary assumptions for the OLS are summarized as (NRC, 
2011): 
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• The error associated with y is normally distributed with a mean of zero.   
• Each value of x, or gamma count rate herein, is measured without error, or with 


negligible error. 
• The variance of y (radium-226 concentration) for any value of x is constant. 


Because the OLS regression is derived from the relationship between the mean and standard 
deviation of a data set (assuming normal distribution statistics), the first assumption is a key 
component in the overall statistical significance of the least-squares regression coefficient. To 
test if the data come from a normal distribution, the Shapiro-Wilk Normality Test was chosen 
due to its popularity and availability. This test evaluates the null hypothesis that a sample came 
from a normally distributed population based on expected statistics (Shapiro, 1965). 


The mathematical software MatLab Version R2009a was used to analyze the dataset. All 
calculations are presented below. All external m-file libraries are included in Appendix A. 


>> [H,pval,W] = swtest(radium)  %Shapiro-Wilk parametric hypothesis test of composite normality 
>> H=1 
>> pval=4.2188e-015 
>> W=0.2918 


According to the test, an H=1 rejects the null hypothesis of composite normality. The result of the test is 
derived from the test statistic W- the correlation between given data and ideal normal scores.  In addition, 
the small value of pval (the p value) indicates a very low probability of observing the given result by 
chance (Type I error), given the null hypothesis is true.  The same test performed on the gamma count 
results in the same conclusion of non-normality: 


>> [H,pval,W] = swtest(gamma)   
>> H=1 
>> pval=2.8866e-015 
>> W=0.2741 


The conclusion of the test is expected, primarily due to the five biased paired data points.  By rejecting 
the null hypothesis for normality, it becomes necessary to evaluate the data using non-parametric statistics 
which, unlike parametric statistics, make no assumptions about the population distribution from which the 
data are taken. 


Following data assessment using non-parametric statistics, it is then possible to apply statistical tests to 
determine how well the data follow a linear pattern. Of the non-parametric coefficient tests, Spearman’s 
rank correlation coefficient is the most popular and commonly used (NRC, 2011). 


Spearman’s rho is used to test whether x and y are related and has the range of rho = [-1, 1]. Similar to 
Pearson’s Coefficient for parametric tests, a rho of zero is the null hypothesis that both x and y are 
independent of each other. Similarly, a rho close to +1 indicates a positive association of ranks, and a rho 
close to -1 represents a negative association of ranks. The Spearman’s rho was calculated for the gamma 
count rates and radium-226 concentrations using MatLab: 
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>> [rho,pval] = corr(gamma, radium, ‘type’,’Spearman’)   
>> rho=0.7698 
>> pval=7.2210e-017 


The rho of 0.77 indicates that the null hypothesis that the paired datasets are independent should be 
rejected.  This is formally tested below. 


The significance of the test may also be determined by comparing the coefficient to a critical value 
(Gauthier, 2001). Because the paired dataset size of n=80 is large, Equation 1is used as a good 
approximation to map the rho critical value to the popular t-statistic: 


𝑡 = 𝑟𝑠√𝑛−2


�(1−𝑟𝑠2)
 Eq. 1 


Where rs = Spearman’s rho 
n = the number of data pairs used in the Spearman’s coefficient 


 


Using a t-distribution lookup table (Table 2-3) with the use of a very conservative significance level, α = 
0.001, it can be shown that the critical value for the paired dataset is 3.416 (t-table, 2007). The fact that 
the calculated t-value (10.5) far exceeds the critical value clearly indicates a trend of increasing 
correlation between the gamma count rates and the radium concentrations. 


Table 2-3: t-Distribution Critical Values 
One 


Sided 75% 80% 85% 90% 95% 97.5% 99% 99.5% 99.75% 99.9% 99.95% 


Two 
Sided 50% 60% 70% 80% 90% 95% 98% 99% 99.5% 99.8% 99.9% 


25 0.684 0.856 1.058 1.316 1.708 2.060 2.485 2.787 3.078 3.450 3.725 
26 0.684 0.856 1.058 1.315 1.706 2.056 2.479 2.779 3.067 3.435 3.707 
27 0.684 0.855 1.057 1.314 1.703 2.052 2.473 2.771 3.057 3.421 3.690 
28 0.683 0.855 1.056 1.313 1.701 2.048 2.467 2.763 3.047 3.408 3.674 
29 0.683 0.854 1.055 1.311 1.699 2.045 2.462 2.756 3.038 3.396 3.659 
30 0.683 0.854 1.055 1.310 1.697 2.042 2.457 2.750 3.030 3.385 3.646 
40 0.681 0.851 1.050 1.303 1.684 2.021 2.423 2.704 2.971 3.307 3.551 
50 0.679 0.849 1.047 1.299 1.676 2.009 2.403 2.678 2.937 3.261 3.496 
60 0.679 0.848 1.045 1.296 1.671 2.000 2.390 2.660 2.915 3.232 3.460 
80 0.678 0.846 1.043 1.292 1.664 1.990 2.374 2.639 2.887 3.195 3.416 


100 0.677 0.845 1.042 1.290 1.660 1.984 2.364 2.626 2.871 3.174 3.390 
120 0.677 0.845 1.041 1.289 1.658 1.980 2.358 2.617 2.860 3.160 3.373 


 


A non-parametric linear regression was performed, given that the datasets are not distributed normally; 
and there is dependence between the sets of paired variables and an associated positive correlation. The 
Theil-Sen estimator (TSE) method, a non-parametric regression tool, was used to approximate a linear 
relationship between the datasets. The Theil-Sen estimator mathematically approximates the linear 
regression by calculating the median of every slope between every data point (Theil, 1950). The TSE has 
numerous advantages over least-squares regressions because it does not assume that the errors are 1) only 
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in the y direction and 2) normally distributed. One of the primary advantages of the TSE is that it is very 
robust and insensitive to outliers. It is because of this advantage that the set of paired gamma count rates 
and radium-226 concentrations can be evaluated while including the five biased measurements.  The 
following is a link to a TSE tool provided by the US Geological Society 
(webdmamrl.er.usgs.gov/g1/ggranato/software/KTRLine.html). 


The linear regression lines for both the TSE and OLS were calculated and plotted for the 80 pairs of data. 
The full plot is shown in Figure 2-3. The same plot is demonstrated in Figure 2-4 with the data range 
near the lower gamma count rate ranges. A comparison of the regression lines of the TSE and OLS shows 
that the linear trends are very similar with a visual divergence at the higher values. 


Figure 2-3: TSE and OLS Linear Regression Lines for Gamma count rates and Radium Concentration 
Data 
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Figure 2-4: TSE and OLS Linear Regression Lines for Gamma count rates and Radium Concentration 
Data (scale reduced) 


 


The dataset –less the five biased measurements- also was evaluated using TSE to demonstrate the 
robustness of the method. The resulting plot, shown in Figure 2-5, clearly demonstrates that the 
regression line is very similar in slope and offset to that which includes the biased measurements. A 
fourth plot, Figure 2-6, shows the same dataset; excluding the paired datum at location 68 (see Table 
2-2). The resulting plot further demonstrates that the exclusion of visually apparent outliers have little or 
no effect on the regression line.  


Predicted values of radium-226 concentrations in soil using the gamma count rate data in Table 2-2 and 
the OLS and TSE derived linear equations are summarized in Table 2-4.  As expected, based on Figure 
2-3, the summary statistics of the predicted radium-226 values using the OLS and TSE methods are very 
similar and the difference is not likely measurable when performing actual field-based gamma surveys. 
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Figure 2-5: Theil-Sen Estimator for Dataset Excluding Five Biased Paired Measurements 


  


Figure 2-6: TSE for Dataset Excluding Five Biased Measurements and an Additional Visual Outlier 
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Table 2-4  Summary Statistics of Predicted Radium-226 Concentrations for Non-parametric and 
Parametric Linear Regression Models (pCi g-1) 


Statistic 
Predicted Radium-
226 Concentration 
using TSE Method 


Predicted Radium-226 
Concentration using 


OLS Method 


Actual Radium-226 
Concentrations 


Mean 2.4 2.9 2.9 
Median 1.3 1.7 1.3 


Minimum 0.4 0.7 0.5 
Maximum 40.5 43.2 40 
Variance 28.1 31.5 41.7 
 


3 Results/Conclusions 


The analysis of the paired datasets indicates that a non-parametric linear regression model characterizes 
the relationship between gamma count rates and radium-226 concentrations in soil with good certainty. 
The TSE estimates the linear regression as follows: 


[𝑅𝑎𝑑𝑖𝑢𝑚 226  𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑖𝑜𝑛 (𝑝𝐶𝑖 𝑔−1)] = 0.00018042 ∗ [𝑔𝑎𝑚𝑚𝑎 𝑐𝑜𝑢𝑛𝑡 𝑟𝑎𝑡𝑒 (𝐶𝑃𝑀)] − 1.115 


In addition, Spearman’s correlation coefficient of 0.77 rejected the null hypothesis that the data are not 
correlated, even when considering the biased measurements as part of the dataset. The regression model is 
a robust relationship that can be used to reliably predict radium-226 concentrations from gamma count 
rates. 


While the TSE model is more robust and is not dependent on an underlying distribution or assumptions, 
this analysis demonstrates that the results for both the OSL and TSE are similar.  
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function [H, pValue, W] = swtest(x, alpha, tail) 
%SWTEST Shapiro-Wilk parametric hypothesis test of composite normality. 
 
if numel(x) == length(x) 
    x  =  x(:);               % Ensure a column vector. 
else 
    error(' Input sample ''X'' must be a vector.'); 
end 
 
x  =  x(~isnan(x)); 
 
if length(x) < 3 
   error(' Sample vector ''X'' must have at least 3 valid observations.'); 
end 
 
if length(x) > 5000 
    warning('Shapiro-Wilk test might be inaccurate due to large sample size ( > 5000).'); 
end 
 
if (nargin >= 2) && ~isempty(alpha) 
   if numel(alpha) > 1 
      error(' Significance level ''Alpha'' must be a scalar.'); 
   end 
   if (alpha <= 0 || alpha >= 1) 
      error(' Significance level ''Alpha'' must be between 0 and 1.');  
   end 
else 
   alpha  =  0.05; 
end 
 
if (nargin >= 3) && ~isempty(tail) 
   if numel(tail) > 1 
      error('Type-of-test indicator ''Tail'' must be a scalar.'); 
   end 
   if (tail ~= -1) && (tail ~= 0) && (tail ~= 1) 
      error('Type-of-test indicator ''Tail'' must be -1, 0, or 1.'); 
   end 
else 
   tail  =  1; 
end 
 
x       =   sort(x); % Sort the vector X in ascending order. 
n       =   length(x); 
mtilde  =   norminv(((1:n)' - 3/8) / (n + 0.25)); 
weights =   zeros(n,1); % Preallocate the weights. 
 
if kurtosis(x) > 3 
     
    % The Shapiro-Francia test is better for leptokurtic samples. 
     
    weights =   1/sqrt(mtilde'*mtilde) * mtilde; 
    W   =   (weights' * x) ^2 / ((x - mean(x))' * (x - mean(x))); 
 
    nu      =   log(n); 
    u1      =   log(nu) - nu; 
    u2      =   log(nu) + 2/nu; 
    mu      =   -1.2725 + (1.0521 * u1); 
    sigma   =   1.0308 - (0.26758 * u2); 
 
    newSFstatistic  =   log(1 - W); 
 
    NormalSFstatistic =   (newSFstatistic - mu) / sigma; 







 
 


 
    pValue   =   1 - normcdf(NormalSFstatistic, 0, 1); 
     
else 
     
    % The Shapiro-Wilk test is better for platykurtic samples. 
 
    c    =   1/sqrt(mtilde'*mtilde) * mtilde; 
    u    =   1/sqrt(n); 
 
    PolyCoef_1   =   [-2.706056 , 4.434685 , -2.071190 , -0.147981 , 0.221157 , c(n)]; 
    PolyCoef_2   =   [-3.582633 , 5.682633 , -1.752461 , -0.293762 , 0.042981 , c(n-1)]; 
 
    PolyCoef_3   =   [-0.0006714 , 0.0250540 , -0.39978 , 0.54400]; 
    PolyCoef_4   =   [-0.0020322 , 0.0627670 , -0.77857 , 1.38220]; 
    PolyCoef_5   =   [0.00389150 , -0.083751 , -0.31082 , -1.5861]; 
    PolyCoef_6   =   [0.00303020 , -0.082676 , -0.48030]; 
 
    PolyCoef_7   =   [0.459 , -2.273]; 
 
    weights(n)   =   polyval(PolyCoef_1 , u); 
    weights(1)   =   -weights(n); 
 
    % Special attention when n=3 (this is a special case). 
    if n == 3 
        weights(1)  =   0.707106781; 
        weights(n)  =   -weights(1); 
    end 
 
    if n >= 6 
        weights(n-1) =   polyval(PolyCoef_2 , u); 
        weights(2)   =   -weights(n-1); 
     
        count  =   3; 
        phi    =   (mtilde'*mtilde - 2 * mtilde(n)^2 - 2 * mtilde(n-1)^2) / ... 
                (1 - 2 * weights(n)^2 - 2 * weights(n-1)^2); 
    else 
        count  =   2; 
        phi    =   (mtilde'*mtilde - 2 * mtilde(n)^2) / ... 
                (1 - 2 * weights(n)^2); 
    end 
 
    weights(count : n-count+1)  =  mtilde(count : n-count+1) / sqrt(phi); 
 
    W   =   (weights' * x) ^2 / ((x - mean(x))' * (x - mean(x))); 
 
    newn    =   log(n); 
 
    if (n > 3) && (n <= 11) 
     
        mu      =   polyval(PolyCoef_3 , n); 
        sigma   =   exp(polyval(PolyCoef_4 , n));     
        gam     =   polyval(PolyCoef_7 , n); 
     
        newSWstatistic  =   -log(gam-log(1-W)); 
    
    elseif n >= 12 
     
        mu      =   polyval(PolyCoef_5 , newn); 
        sigma   =   exp(polyval(PolyCoef_6 , newn)); 
     
        newSWstatistic  =   log(1 - W); 







 
 


    
    elseif n == 3 
        mu      =   0; 
        sigma   =   1; 
        newSWstatistic  =   0; 
    end 
    NormalSWstatistic       =   (newSWstatistic - mu) / sigma;   
    pValue       =   1 - normcdf(NormalSWstatistic, 0, 1); 
    if n == 3 
        pValue  =   1.909859 * (asin(sqrt(W)) - 1.047198); 
        NormalSWstatistic =   norminv(pValue, 0, 1); 
    end 
     
end 
 
% The p-value just found is for the tail = 1 test. 
if tail == 0 
    pValue = 2 * min(pValue, 1-pValue); 
elseif tail == -1 
    pValue = 1 - pValue; 
end 
H  = (alpha >= pValue); 
 


 


function [slope intercept] = Theil_Sen_Regress(x,y) 


[N c]=size(x); 


Comb = combnk(1:N,2); 


bls = regress(y,[ones(N,1) x]); 


theil=diff(y(Comb),1,2)./diff(x(Comb),1,2); 


b=median(theil); 


a = median(y)-b*median(x); 


scatter(x,y,4,'filled'); grid on; hold on 


plot(x,bls(1)+bls(2)*x,'r','LineWidth',1); 


plot(x,a +b*x,'g','LineWidth',1); 


theilstr = strcat('Theil-Sen Estimator (y=',num2str(b),'x+',sprintf('%.3f',a),')'); 


legend('Data',theilstr,'location','NorthWest') 


ylabel('Radium 226 Concentration (pCig^-1)') 


xlabel('Gamma count rates (cpm)') 


slope = b; 


intercept = a; 
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