
I	am	writing	a	report	for	a	university	course	on	advanced	chemometrics.	I	have	
built	a	PLS	prediction	model	predicting	Real	Extract	in	beer	(40	samples)	from	
the	attached	VISNIR	spectra	(spectra.jpg)	and	yielding	the	regression	vector	in	
regressionvector.jpg.	I	am	asked	to	critically	describe	what	I	learn	from	the	
regression	vector	 

 

 

Great — thanks for sharing both the regression vector and the raw spectra. Let’s critically 
interpret what you can learn from the regression vector of your PLS model for predicting Real 
Extract in beer. I’ll structure this so you can adapt it directly into your report. 

 

1. Overall purpose of the regression vector 

The regression vector (sometimes called the regression coefficients or β-weights) shows how 
much each wavelength (variable) in the VIS–NIR spectrum contributes to predicting the 
response (Real Extract). 

• Positive coefficients mean absorbance at that wavelength is positively correlated with Real 
Extract. 

• Negative coefficients mean absorbance at that wavelength is negatively correlated with Real 
Extract. 

• The magnitude reflects importance, but must be considered relative to noise and spectral 
pre-processing. 

 

2. Observations from your regression vector 



Looking at the plot: 

• 400–1000 nm (visible to shortwave NIR): The regression vector is relatively smooth 
with modest peaks and valleys, suggesting that chemical features here contribute 
meaningfully to prediction. Peaks likely correspond to overtone and electronic transitions 
(colored compounds, Maillard products, phenolics, etc.) that correlate with extract. 

• 1000–1400 nm: You see strong oscillations, including a large negative dip around 1200–
1300 nm. This region often contains water and carbohydrate overtone bands, which 
makes sense since Real Extract is strongly related to sugar content. 

• 1400–2200 nm: The regression vector looks much noisier, with many high-frequency 
oscillations. This typically indicates less reliable information, perhaps due to weaker 
signal-to-noise ratio or overfitting in this spectral range. In practice, PLS sometimes 
attributes spurious weight here, so one must be cautious in interpretation. 

 

3. Link to the spectra 

From the spectra (second figure): 

• You see major absorbance features around 1450 nm and 1900 nm (water bands) and 
smoother carbohydrate-related absorption features in the 1100–1400 nm and 2000–2200 
nm ranges. 

• The regression vector shows strong weights near those regions, consistent with physico-
chemical relevance: Real Extract relates to dissolved solids (mainly sugars, dextrins, 
proteins) which absorb in these NIR regions. 

• The fact that coefficients around ~1200–1400 nm are pronounced suggests the model is 
leveraging sugar-related bands. 

 

4. Critical considerations 

• Noise vs. true signal: The noisy oscillations beyond 1400 nm suggest that part of the 
regression vector may be capturing noise rather than chemistry. This can happen with 
small sample sets (40 beers) and if the number of latent variables is high. 

• Interpretability: The regression vector by itself does not guarantee chemical 
interpretability. Peaks at known NIR bands (OH, CH, NH overtones) give confidence, but 
high-frequency wiggles should not be over-interpreted. 

• Collinearity: Because spectral variables are highly collinear, PLS spreads information 
across neighboring wavelengths. So, while the exact peak position in the regression 
vector may not map one-to-one to a chemical bond, the general region still points to 
relevant chemistry. 

• Practical use: The regression vector helps in understanding which parts of the spectrum 
carry predictive power. It also guides possible variable selection or preprocessing (e.g. 



focusing on 1100–1400 nm, where there seems to be the most chemically meaningful 
contribution). 

 

5. Conclusion for your report 

From the regression vector you learn that: 

• The model prediction of Real Extract is mainly driven by absorbance features in the NIR 
carbohydrate regions (~1100–1400 nm) and water-associated bands. 

• The visible region contributes less strongly but smoothly, possibly reflecting beer color 
correlations. 

• The highly oscillatory pattern above ~1400 nm likely reflects model noise or overfitting, 
highlighting the need for careful model validation and potential spectral range restriction. 

Link to original report:  

h0ps://chatgpt.com/share/68a76c51-e7a4-800f-a9b1-d313940f87b9 


