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Figure S1. (a) Power of the QCL mid infrared laser varying its wave number from 900 to 

1240 cm-1 at the operation repetition frequency of 47.5 kHz. (b) Photoascoustic spectrum of 

carbon black tape as a reference sample. 
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Figure S2. Merged two images of the finger index varying the opacity of PA images from 

0%, 5%, 10% , 15%, 25%, 35% and 50% to 100% to visualize how the PA images co-register 

the optical microscopic photos.  

 

 



  

 
 

Figure S3. Mid infrared spectra of the sweat and the sebum components acquired by the 

photoacoustic spectroscopy system. The spectra of calcium lactate (a), lactic acid (b), 

tryglyceride (c), and artificial sebum (d). 

 

 



  

 
Figure S4. Multivariate regression models. The acquired spectrum data from the glucose 

correlation test was multiple measurements for 210 individual wavenumbers, which requires to 

analyze the data using multivariate statistics. To find a dependence between the spectrum data 

and glucose level, we need a regression analysis to create a mapping between two blocks of 

data: (i) spectrum data X and (ii) glucose level Y. (a) Multiple linear regression is the very 

simplest case of a predictor matrix X and a response matrix Y is known as simple linear 

regression and it is a problem of finding a regression coefficient b. However, because the size 

of the sampled data was smaller than the parameter of independent variables at the 

wavenumbers, the inverse problem to obtain b with 210 input parameters became an ill-

conditioned problem. (b) Principal component analysis (PCA) can be used for reducing the 

number of parameters, finding principal components in a rotated orthogonal space which 

explains the majority of the variances in the measured spectrum data block. After reducing the 

number of parameters using PCA, a regression model can be used to obtain glucose predictions 

in the reduced input space as shown in (d) which is Principal Component Regression (PCR). 

(c) PLSR also rotates the coordinate system of the data space and computes a new component 



  

called a latent variable, but it maximizes both the variance and the correlation between the 

dependent variables of the measured spectrum data block X and the reference glucose level Y. 

The regression with the reduced parameters is similar with PCR and is shown in (f). When the 

predictions by PCR and PLSR were compared, PLSR resulted in a slightly improved 

prediction(a MARD of PCR is 8.95 and the MARD of PLSR 8.67). Therefore, we used PLSR 

for the rest of the analyses. The associated references for the multivariate analysis are as 

follows:  
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