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Improving uncertainty in linear calibration experiments 

In the method validation process, we often come across the need to establish a linear calibration curve 
for our analytical instrument used.  Such instrument can be GC, HPLC, FAAS, ICP, UV-Vis, FI-IR, etc.  The 
principle objective is to generate predicted values of x (e.g., the concentration of an analyte in a test 
solution prepared) of prepared sample solution by interpolation with minimum uncertainty in the range 
of interest.   

The main issues for constructing linear regression are: 

 The number of different concentrations required in the calibration; 
 The number of replicates for each concentration; 
 The best distribution of x values, i.e., the range of concentration of the calibration solutions and 

the intervals between them. 

To minimize the uncertainty of a predicted value of x (for example, concentration of sample solution), 
we need first of all find out the standard error (or standard uncertainty) of such prediction, 𝑠   from the 
linear regression               y = a + bx with n number of data points, using the following equation [1]: 
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 where, the residual standard error of y, 𝑆𝐸(𝑦) = ( )  ; 

 𝑦  is the predicted yi - value calculated from the regression  yi = a + bxi ; 

 𝑦  is the average value of experimental y-value from replicated measurements; 

     and,  R is the number of replicated measurements for each y-value. 

From equation [1], we can see that minimizing the standard error of a predicted value can be achieved 
by: 

 Maximizing R, the number of observations or repeats on the test sample; 
 Maximizing n, the total number of independent data points during calibration; 
 Minimizing the error (𝑦 − 𝑦); 
 Maximizing (𝑥 − �̅�). 

Indeed, the uncertainty of predicted value is noted to be significantly reduced with an increase in the    
R number of repeats on the test sample, as there is a factor of 1/R in the equation [1].  Of course,        
the largest standard error of prediction is when R = 1.  
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For example, the following hypothetical calibration study of y by x gives a best fit regression line of             
y= 3.8 + 32.22x  with standard error of y, SE(y) = 16.99.  

Concentration, 
x 

Response, 
y 

0 5 
5 160 

10 342 
15 465 
20 658 

 

The Figure 1 shows the standard error of prediction (calculated by equation [1]) as a function of y for 
the above linear regression with successive curves featuring different R repeats on each test sample. It 
can be shown that as R increases from 1 to 3, the standard error of prediction drops by almost 35%, but 
further increases seem to be less and less effective. 

Figure 1: Standard error of prediction 𝑠𝑥 ̂  vs response, y with R repeats 

 

In fact, Figure 1 also clearly shows that the value of (𝑦 − 𝑦) is at a minimum at the centre of the 
regression, as the standard error of prediction did.  That is also why in the planning of the calibration, 
we must try to have the centroid to be closest to the concentration of most interest as it will deliver the 
smallest uncertainties.   

Would an increase in the total number of data points, n (i.e., independent observations) benefit a 
reduction of our prediction uncertainty?   
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The following Figure 2 shows the standard error of prediction for the same regression as in Figure 1 with 
increasing number n of dataset (x,y) observations during calibration with R being held constant at 1. It 
indicates that with 5 data points already present, increasing the number of points during calibration has 
relatively modest effects unless R is also increased substantially.  Figure 3 shows the similar behavior 
with R = 3.  It appears that using more than 10 independent data points is unlikely to provide worthwhile 
benefits compared with 5 or 6 paired points.  

Figure 2: Standard error of prediction 𝑠𝑥 ̂  vs response, y               
with n data points with R =1 

 

 Figure 3: Standard error of prediction 𝑠𝑥  ̂ vs response, y               
with n data points with R =3 

 

 

0.400

0.450

0.500

0.550

0.600

0.650

0.700

0 200 400 600 800

n = 5 n = 6 n = 10

n = 15 n = 30

0.250

0.300

0.350

0.400

0.450

0.500

0.550

0 200 400 600 800

n = 5 n = 6 n = 10

n = 15 n = 30



4 
 

 

Now, let’s see what would happen when we try to maximizing (𝑥 − �̅�) in equation [1] in our effort       
to reduce the standard error of prediction. 

It is obvious that ∑(𝑥 − �̅�) in the denominator of the equation can affect the distribution of the 
observations in the calibration experiment.  If we can maximize this sum, we will be able to generate 
uncertainties for a given number of observations.    

This can be done in two circumstances, first, by maximizing the calibration range, and second, when 
exactly half of the n data points are at the upper extreme of the calibration range and half at the lower 
extreme (i.e., we shall have only two-point calibration with appropriate replication).  When n = 3, the 
prediction uncertainty increases significantly. 

However, it is not advisable to jump to conclusion that a two-point calibration will be the best solution 
before considering other factors.  The important ones are (1) the need to have some check on the 
linearity of this calibration, and (2) the effect of various dilutions (leading to issues of serial volume 
uncertainty) used in making up calibration solutions. Using very large calibration ranges can only 
compound this problem. 

So, if using two-point calibration, it is essential to plan for at least one, and preferably two, quality check 
(QC) check samples with this calibration range to ensure satisfactory recoveries if the linearity 
assumption is justified.  We can conclude that while the best uncertainty can be delivered by a two-
point calibration strategy, this must be balanced against the need for more stringent QC and validation.   

 

 

 

 


