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ANOVA and regression calculations 

 

In analytical chemistry, we normally use the least-squares linear regression  of y 

on x to determine the best straight line through a set of data points.  This least-
squares method relies on a number of assumptions, namely: 

 The errors in the x values are negligible 

 The error associated with the y values are normally distributed in the 
calculation of confidence intervals and drawing inferences 

 The variance (and so are the standard deviations) of the error in the y 
values are constant across the range of interest. This is because simple 
least-squares regression gives equal weight to all points but in certain 
cases, this may not be true as some points might be much less precise 
than others 

 Both the x and y data must be continuous valued and not restricted to 
integers or truncated. 

However, when a curved calibration plot is calculated using the same least-
squares criterion, this is no longer the case: a least-squares curve might be 

described by polynomial functions such as y = a + bx + cx2 + …, containing 
different numbers of terms, a logarithmic or exponential function, or in other 
ways.  

Analysis of variance (ANOVA) is a powerful method for separating two sources 
of variation.  It also provides a useful alternative method in this subject, for 
both simple linear and polynomial regressions, with an important assumption 

that the errors occur only in the y -direction.  

In such situation, we look for the two sources of y -direction variation in a 
calibration plot.  The first is the variation due to regression, i.e., due to the 

relationship between the instrument signal, y, and the analyte concentration, x.  

The second is the random experimental error in the y -values, which is called 
the variation about regression.  

So, in regression problems, we study the average of the y -values of the 

calibration points, 𝑦 , which is important in defining these sources of variation.  
ANOVA is applied to separating the two sources of variation by using the 
relationship that: 
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the Total Sum of Squares (SS) about  𝑦   =  

the SS due to regression + the SS about regression (residual, error). 

Mathematically, it is expressed by general equation [1] below: 

Additive sum of squares:   ∑(𝑦 − 𝑦) = ∑(𝑦 − 𝑦) + ∑(𝑦 − 𝑦 )     .. [1] 

where, 

𝑦 is the average of yi’s, 

 𝑦 ′𝑠 are calculated yi values from the regression equation based on the xi 
value. 

For a linear regression where x (e.g., analyte concentration) is on the 

independent axis, and y (e.g., instrument response) is on the dependent axis, 
the general equation is : 

    y = a + bx    … [2] 

 Where 

 a is the y-intercept, 

 b is the slope or gradient of the straight line 

The gradient b and intercept a of the best fit straight line are calculated from 
the following equations: 

  𝑏 =
∑( ̅)( )

∑( ̅)
     … [3] 

  𝑎 = 𝑦 − 𝑏�̅�      … [4] 

We can easily use MS Excel® spreadsheet to do these calculations. 

In fact, the portion on SS (due to regression) can be further simplified to:  

 SS (due to regression) = 𝑏 × ∑(𝑥 − �̅�)  … [5] 

The SS (about regression) which shows the sum of squares of differences 
between the experimental y values and the calculated y-values is actually a 
measurement of error, or residual as a statistical term.   
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For example, the following table shows the data of responses of an instrument 
against six different analyte concentrations of calibration solutions prepared: 

Concentration, 

x, mg/L 

Response,    

y 

0 0 

2 24 

4 41 

6 60 

8 82 

10 103 
 

Upon calculations by equations [1], [3] and [4] using Excel spreadsheet, the 
following results were obtained:  

a = 1.095238;  

b = 10.11429;   

SS (due to regression) = 7160.914;  

SS (about regression, error) = 12.419;   

SS (Total) = 7173.333. 

The display of ANOVA results in a table after usual calculations for mean 
squares (MS), F-value and probability of significance, is similar to the usual 
ANOVA table that we have seen in other areas of statistical analysis, like one-
way or two-way ANOVA for the design of experiment (DOE) studies. In this case, 
the ANOVA table is shown below: 

Analysis of variance  (Response):    
      

Source DF 
Sum of squares 

SS 
Mean 

squares MS F Pr > F 
Regression 1 7160.914 7160.914 2306.429 < 0.0001 
Error (Residual) 4 12.419 3.105   
Total 5 7173.333       

 

In summary, we can present the general ANOVA calculation table for least-
squares linear regression, separating and comparing two sources of variation,  
as shown below: 
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Analysis of variance :    
      

Source DF Sum of squares SS 
Mean squares 

MS F  

Regression 1 𝑆 = 𝑏 × (𝑥 − �̅�)  MS1=S1/1 MS1/MS2  

Error (Residual) n-2 𝑆 = (𝑦 − 𝑦 )  MSo=So/(n-2)   

Total n-1 𝑇 = (𝑦 − 𝑦)        
 

It may be noted that the mean square terms are obtained by dividing the sum 
of squares terms by the degrees of freedom.  MSo is actually the square of the 
residual standard deviation.  

The critical value for F is the one-tailed F-value for the required significance 
level (normally at  = 0.05 for 95% confidence) and the degrees of freedom 
associated with the regression (1 for simple linear regression) and the residuals 
(n-2) where n is the total number of data points under study.  

For the above worked example, the F critical value is 7.709 for  = 0.05, v1 =1, v2 
= 4. The Excel function used for the F critical value can be either “=FINV(0.05,1,4)” 
or “=F.INV.RT(0.05,1,4)”.  The p-value is calculated using the Excel function: 
“=FDIST(2306.429,1,4)” or “=F.DIST.RT(2306.429,1,4)”. 

We can expect MS1 to be substantially greater than the residual mean square, 
MSo. This is because if the regression line fits the data well, the residual 
standard deviation (i.e., error) will be small compared with the range of the 
data.  In this case, the calculated F value will be large compared with the critical 
value for F, and so the p-value will be also very small.  

 

 

 

 

 

 

 

 

 


