
Chi-squared = “Badness of Fit”
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The Dancing χ2 Landscape
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χ2 distribution 
N degrees of freedom
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Constructing  χ2
N  from N Gaussians


•  Sum of squares of  N  independent Gaussian random variables
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Data points with no error bars  
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Sample Variance S2 :     Unbiased for  σ2 
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Evaluation of Cov( Xi , X ) 
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Sample Variance S2 :  Unbiased for σ2
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N   data points:  X
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sqrt( S2 ) is biased

•  The sample variance S2  is unbiased for σ2. 

•  Is the sqrt( S2 ) unbiased for σ ? 

•  No.  The square root introduces a bias:
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Example:   Correct the Bias in sqrt(S2)
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“Robust” estimation methods

•  Robust => less sensitive to 
“bad” data.


•  Example: using median             
rather than mean:


•  Sample Mean X minimizes the  

    Sample Variance:
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•  Median XM minimizes the

 “Mean Absolute Deviation” :




•  The median is less sensitive to outliers 
than the mean.












•  The median is unbiased, but not a 

minimum-variance estimator.


•  Note how the standard deviations of 
the median and of the mean vary with 
sample size.
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“Proof” that the Median minimises the MAD
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Finding the Median without Sorting


•  A useful application:
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Median Filter and Sigma-Clip

Median filter: 


–  window of N points centred at time t

–  medfilt( t ) is the median of the N points.






Sigma-clip: 


–  Fit all points by minimising χ2

–  Set threshold K and check for outliers at ± K σ or more

–  Repeat fit omitting largest outlier

–  Iterate until set of rejected points converges.


Window


Reject


Reject




Various “Badness-of-Fit” Statistics
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χ2 =  Sum of Squared Normalised Errors
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A “clipped” Badness of Fit Statistic
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