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The original-objectives:

1. Bayesiamierarchicaimodel.

2. Credible intervals and probabillity of a
treatmentdifferences

3. Usingdifferent prior distributions for
sensitivity



2.3 Checkdata fooutliers
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Fig.1. Box plots of Glucose by Group and Patient.



Sample Quantiles
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Normal QQ and histograms
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Fig.2. QQ plots and histograms of Glucose and pGlucose by Group .
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Fig. 9. Optimization of parameter of B&ox transformation



We decided do not exclude on this stage any observations as
outliers, because

1. QQ plots look quite continuous.

2. Flat parts of QQ lines at min = 2.2 and max = 22.2 both for
Groups 1 and 2 indicate that measured values of Glucose
were truncated at these borders, when real values were
larger than 22.2 or less than 2.2 . Probably the measuring
device had scale between 2.2 and 22.2. That means we
should be very careful with measures of variability that use
max and min values and range(y) .

3. We see that distribution of aGlucose is closer to normal
than distribution of Glucose, because on Fig.2- Right
histograms are more symmetric and less skewed and QQ-
plots are closer to straight lines, than on Fig.2- Left, so for
higher accuracy we could consider analysis of aGlucose
Instead of Glucose. Optimization of e parameter of Box-Cox
transformation of Glucose, as at Fig.9 below confirms that it is
close to 0.5 too, but we will not do it for compatibility and
easier comparison with results of other authors.



Measuref glycemiovariability.

. Coefficient of variation CV is closely related with
these measures: IQR(y), range(y),

C'V = sd(y)/mean(y) (2)

M — value = a - mean(|in(y/5)*) + b - range(y) (3)
J — Indexr = (a - mean(y) + b - sd(y))* (4)
MAGE = mean(yg — y1.) (5)

MODD = mean(|Ay]) (6)

ARC =) " |Ay/At| (7)

ACM = Z |y — median(y)| (8)

CONGA = std(Ay) (9)



5.2 Comparison of Variability Measures

Fig.15. Pair plots for different variability measures and correlation coefficients.



