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Many clinical studies report summary statistics
such as the median, quartiles, and range in
boxplots, rather than providing sample means and
standard deviations, which are crucial for meta-
analyses.

To bridge this gap, we propose a novel Bayesian
approach that utilizes the joint distribution of
order statistics and weakly informative priors to
estimate the mean and standard deviation while
also quantifying uncertainty. Ultimately, our
method enhances the reliability of quantitative
synthesis in clinical research.

Problem Setup

n = sample size

a = the minimum value
q, = the first quartile

m = the median

qs = the third quartile
b = the maximum value

S; = Scenario i

So = {x,s;n}

S1 ={a,m,b;n}

SZ — {CI1'mr CI3;n}

53 — {Cl, 1, M, {q3, b; TL}

Let x4, X5, ..., X,, be a random sample of size n from
the normal distribution N(g, %), and X (1) <

X(2) < - < X(n) be the ordered statistics of

X1, X3, -, Xn. For simplicity, let n = 4q + 1, with
g being positive integer.
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Figure 1 [llustration of the data structure for the
case n=4q+1 across all three scenarios.

Methods
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Figure 2 Relative Mean Square Error of the sample mean and sample standard deviation
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approximation, we can get our estimates for u and o,
denoted as X and S.



