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Fig. S1. Loading plot of PLS-DA model for samples data from (A) GC-MS TIC, (B) GC-
MS EIC, and (C) FTIR. VIP Score of PLS-DA model for samples data from (D) GC-MS
TIC, (E) GC-MS EIC, and (F) FTIR. The compounds are labeled according to elution
order in Table 1S.

Fig. S2. VIP score for PLS models with data from (A) GC-MS TIC and (B) GC-MS EIC.

The compounds are labeled according to elution order in Table 1S.

Fig. S3. VIP score for PLS model with FTIR data.

Fig. S4. Variable selection result for FTIR data with (A) siPLS and (B) UVE-PLS.
Fig. S$5. Residuals plot for PLS models.

Table S1. Identified compounds for arabica and conilon coffee by gas chromatography-

mass spectrometry.
Table S2. Confusion matrix for PLS-DA model.

Table S3. Performance parameters for training and prediction set of PLS-DA model.
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Fig. $1. Loading plot of PLS-DA model for samples data from (A) GC-MS TIC, (B) GC-
MS EIC, and (C) FTIR. VIP Score of PLS-DA model for samples data from (D) GC-MS
TIC, (E) GC-MS EIC, and (F) FTIR. The compounds are labeled according to elution

order in Table 1S.



5 T . - T - 45 3 . T : : ‘
. (12) @, 6 (B) |
(12)
35¢
(13)
3k
g 525-
= > (14) 3y
15} (25) 32
) 5) |32)
05H
0 10 20 30 40 50 0 10 20 30 40 50
Variables Variables

Fig. S2. VIP score for PLS models with data from (A) GC-MS TIC and (B) GC-MS EIC.

The compounds are labeled according to elution order in Table 1S.
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Fig. $3. VIP score for PLS model with FTIR data.



(A) i | (B)

0.25 1 025 ;‘\
02 1 02+ {
) @ M '
2 2 . H
N @ i
I 3 u H 1
g 0.15 1 o5 % :
%]
4 o) j AQ ‘ . 3
Q 1 .
< i 4
< W ot i
0.1F 1 0.1F £ ,{
t - i
I £
0.05 1 005f i ' \
1000 1500 2000 2500 3000 3500 500 1000 1500 2000 2500 3000 3500 4000
Wavenumber(cm-") Wavenumber(cm")

Fig. S4. Variable selection result for FTIR data with (A) siPLS and (B) UVE-PLS.
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Fig. S5. Residuals plot for PLS models.



Table S1. Chemical compounds of arabica and conilon coffees identified by SHS-GC-

MS.

Peak (r;?n) Compounds LRI t(a';?:)t Class

1 6.650 Dihydro-2-methyl-3(2H)-Furanone 1260 43 Furanone
2 7.309 Acetoin 1288 45 Ketone

3 7.741 1-Hydroxy-propan-2-one 1305 43 Ketone

4 8.649 2-Hydroxy-pentan-3-one 1339 59 Ketone

5 8.739 2,3-Dimethylpyrazine 1342 108 Pyrazine
6 8.917 1-Hydroxy-pentan-2-one 1349 82 Ketone

7 9.119 2-Methylpropyl 2-hydroxypropanoate 1356 45 Ester

8 9.603 1-Hydroxy-butan-2-one 1374 57 Ketone

9 10.487 2,5-Furandione 1406 54 Anhydride
10 11.222 Ethenylpyrazine 1432 106 Pyrazine
11 11.458 3-Ethyl-3,5-dimethylpyrazine 1440 135 Pyrazine
12 11.493 Acetic acid 1442 43 Carboxylic acid
13 12.079 Furfural 1462 96 Furan

14 12.377 1-(Acetyloxy)-propan-2-one 1473 43 Ester

15 12.608 3,5-Diethyl-2-methylpyrazine 1481 120 Pyrazine
16 12.993 2,5-Dimethyl-3(2H)-furanone 1494 112 Furanone
17 13.069 Furfuryl formate 1497 81 Furan

18 13.147 2-Acetylfuran 1500 95 Furan

19 13.379 Formic acid 1508 46 Carboxylic acid
20 13.455 Pyrrole 1511 67 Pyrrole

21 13.639 1-(2-Furyl)-propan-2-one 1517 81 Furan

22 14.177 2-Acetoxymethylfuran 1536 81 Furan

23 14.265 Propanoic acid 1540 74 Carboxylic acid
24 14.587 2-Methyl-1H-pyrrole 1551 80 Pyrrole
25 15.058 5-Methyl-2-furancarboxaldehyde 1568 110 Furan

26 15.318 Cyclopent-4-ene-1,3-dione 1577 68 Ketone
27 16.197 1-Methyl-1H-Pyrrole-2-carboxaldehyde 1610 108 Pyrrole
28 16.395 Butyrolactone 1618 42 Furanone
29 16.770 Butanoic acid 1634 60 Carboxylic acid
30 17.186 2-Acetyl-1-methylpyrrole 1652 108 Pyrrole

31 17.849 2-Furanmethanol 1680 98 Furan

32 17.884 3-Methylbutanoic acid 1682 60 Carboxylic acid
33 19.169 N-Acetyl-4(H)-pyridine 1733 80 Pyridine

to be continued
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continuation

Peak (r::i?n) Compounds LRI t(a’;g/;;)t Class
34 19.518 5-Methyl-2-furanmethanol 1746 95 Furan
35 19.870 2(5H)-Furanone 1760 55 Furanone
36 21.093 3-Methyl-but-2-enoic acid 1809 100 Carboxylic acid
37 21.565 N-Furfurylpyrrole 1834 81 Furan
38 21.658 2-Hydroxy-3-methyl-Cyclopent-2-en-1-one 1838 112 Ketone
39 22.110 2,3-Dihydro-5-hydroxy-6-methyl-4H-pyran-4-one 1862 128 Pyranone
40 22.168 2-Methoxyphenol 1865 124 Phenol
41 22.718 3-Ethyl-2-hydroxy-Cyclopent-2-en-1-one 1893 126 Ketone
42 23.121 2-Phenylethanol 1921 91 Alcohol
43 23.507 2-Thiophenemethanol 1942 114 Thiophene
44 23.794 2-Acetylpyrrole 1968 109 Pyrrole
45 24.215 Methyl 2-furoate 2007 95 Furan
46 24.239 Phenol 2009 94 Phenol
47 24.421 1H-Pyrrole-2-carboxaldehyde 2026 95 Pyrrole
48 24 472 4-Ethylguaiacol 2031 137 Phenol
49 24.601 2,5-Dimethyl-4-hydroxy-3(2H)-furanone 2042 128 Furanone
50 24.915 5-Acetyldihydro-2(3H)-furanone 2071 85 Furanone
51 25.135 Triacetin 2091 43 Ester
52 26.232 4-Vinylguaiacol 2204 150 Phenol
53 28.932 5-Hydroxymethylfurfural 2531 97 Furan
54 35.639 Caffeine 3160 194 Xanthine

tR — retention time (minutes); LRI — Linear retention indices calculated for VB-WAX column. The

calculated LRI were compared with reference values from literature data.!-2°



Table S2. Confusion matrix for PLS-DA model

Training (n = 70)

Reference\predicted Class1 Class2 Class3 Class4 Not-assigned

Class 1 13 0 0 0 0

GC-MS Class 2 0 11 0 1 1
TIC Class 3 0 0 24 0 1
Class 4 0 0 0 18 1

Class 1 11 0 1 0 1

GC-MS Class 2 0 11 0 0 2
EIC Class 3 0 0 24 0 1
Class 4 0 0 0 18 1

Class 1 13 0 0 0 0

Class 2 0 11 0 1 1

FTIR Class 3 0 0 24 0 1
Class 4 0 0 1 17 1

Prediction (n = 29)
Reference\predicted Class1 Class2 Class3 Class4 Not-assigned

Class 1 5 0 0 0 0

GC-MS Class 2 0 4 0 0 1
TIC Class 3 0 0 10 0 1
Class 4 0 0 0 8 0

Class 1 5 0 0 0 0

GC-MS Class 2 0 4 0 0 1
EIC Class 3 0 0 11 0 0
Class 4 0 0 1 7 0

Class 1 5 0 0 0 0

Class 2 0 4 0 1 0

FTIR Class 3 0 0 10 0 1
Class 4 0 0 0 8 0




Table S3. Performance parameters for training and prediction set of PLS-DA model.

Sensitivity Specificity Accuracy Error rate

Not-assigned

Model Class
(%)
Training (n = 70)
Class 1 100 100
Class 2 92 100
GC-MS TIC 99 4
Class 3 100 100
Class 4 100 98
Class 1 92 100
Class 2 100 100
GC-MS EIC 98 7
Class 3 100 98
Class 4 100 100
Class 1 100 100
Class 2 92 100
FTIR 97 4
Class 3 100 98
Class 4 94 98
Prediction (n = 29)
Class 1 100 100
Class 2 100 100
GC-MS TIC 100 7
Class 3 100 100
Class 4 100 100
Class 1 100 100
Class 2 100 100
GC-MS EIC 96 3
Class 3 100 94
Class 4 88 100
Class 1 100 100
Class 2 80 100
FTIR 9 3
Class 3 100 100
Class 4 100 95
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