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However, existing techniques such as computer vision and DNA barcoding are still insufficient to meet
the demand for rapid and accurate species discrimination, underscoring the need for methodological
innovation in wood identification. In this study, three morphologically similar Quercus species common
in trade: Quercus alba, Quercus mongolic, and Quercus robur, which are difficult to differentiate using
conventional anatomical methods, were selected as investigated species to acquire spectral fingerprint
data using Direct Analysis in Real Time-Time-of-Flight Mass Spectrometry (DART-TOF-MS). Four
machine learning algorithms, including logistic regression, multilayer perceptron (MLP), random forest
(RF), and k-nearest neighbors (KNN), were then applied to DART-TOF-MS data to assess their feasibility
for species classification. We further investigated the influence of different spectral preprocessing
parameters on model performance. The results showed that the logistic regression model achieved the
highest classification accuracy (89.5%), outperforming the other three algorithms. Distinct differences
were observed among the four machine learning approaches in their ability to handle complex spectral
features, and appropriate binning strategies-particularly threshold control and mass tolerance selection-
were found to be critical for optimal model performance, with the best results obtained at a parameter
setting of 3% relative threshold and 20 mmu binning tolerance. Although the three Quercus species
exhibited similarities in lignin monomers and their derivatives, significant differences were detected in
the distribution of flavonoids, lignin dimers, and ellagic acid. The present results demonstrated that
DART-TOF-MS combined with machine learning exhibited a strong capability for identifying the three
Quercus wood species examined in this study, providing a scientific basis and technical pathway for the
accurate identification of wood species.
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Tab.1 Information on three Quercus wood samples
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Fig.1 Macroscopic features of three Quercus species (I Q. alba; 11 Q. mongolica; 11 Q. robur)
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Fig.2 Microscopic features of three Quercus species (I Q. alba; I Q. mongolica; 111 Q. robur)
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Fig.3 Mass spectrometry spectra of three Quercus species
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Fig.4 Classification accuracy of four machine learning models under different binning parameters

AXRBEEM, 4FBE F B4 B HTE S 503%,_
20 mmu FiAL FE 5% A T SR B R ) HE T 2 0.895
[ By 6 bl 4 PR R R BT R0, AN RINLES 2% 3] 72
TEAL B A4 O REAE I A7 7E B S S I NTE 2 57
&gt

A 3 PR JE AR M AEA S B B B — e AR
P, E IO G 2 S 1R T & X DART-
TOF-MS Frffi 3R b F R AP AR 22 57, AT AR
43 R A PR AL T 22K #E . DEKLERCK Z51MHE
VSRR R A B S H (A ZE. X
e 5if 1 R S AR A D) $R Rl o R HER R
AIREME, FEMRRL 10 /SRR R F G B B AL AR AR
Bk, KU E N 0.780~0.822. AHF 7T 45 H it
— B EF T B AW KT DART-MS 1] A T AR A4R
IR
232 4FHLES IR MRS R 4 R AR
LB 2 I 5, % DART-TOF-MS Jiii it %45 #4
BB, AP R PRI L AR U B L
TIVESARHE o BT T T Ak 3 2 HO0 AR Bk i
WZ X AT, 3R 4 R SR RE B AL 3 2
(3% 20 mmw) WE FMVEREZE R 4 FIHLEEF
IR rh, B AR [ AR S B A A Sk R, L
XT3 R AR U HE A R A 0.895 . i AE LAY
R b U 2R v, 1T LI R AFERT A 31.59 s,
TR T 2 BRI S B AR

T4 HPHERF SIRBAMREELER
Tab.4 Performance comparison of four machine

learning models

R R JIZRETIE/s  Macro-F1{  Weighted-F1{
IR IA A 0.895 31.59 0.803 0.817
ZEEHANL 0.803 180.61 0.795 0.800
K-E&REE  0.724 108.72 0.700 0.714
FEATLARAR 0.645 15.60 0.599 0.620

VE « TAL B 2% A CRART W Si8 2 B0 2 22) 9 3% _20 mmu

B S R R S B IR G RE s . B ST
HU, 4 PR Y 6 TR 1) TR A A A R 2 B i 0.850,
S r AT AR PR R 32 [ ) 8 A R (O 1 e
3R E1.000 5 0.964. BLAN, (HSFEERE 45
R Xof 56 [ (AR IR0 R B 22, 18 4 [m] VA AR 7Y
BRI, RAITER RN 0.762.

R[] 26 20 51 B8 71 5 DART-TOF-MS Jifi
B PR S5 A = BT, AR 3L A A i
AIPOE S R A R R, RERT 2R B
SRR . b, B RSB S N1 IE
WA TA R T s e LRI TR, R T
PRz LB 1 SRt . Rk, FERRAE X 43 B
B s B s, R A SR PR
I B I TN A8, RS BT SRR S
TN, AR Folt 1) BT TR S B AR v R R T R
TF 90 25 Sk — 20 00 UF I 1% Y90 Ak 3 2 5 B K B Fol
WA IR, BT R ()38 B[] AR AR X6 3 Fp



28 ARAARHE GHRA %408
%4 E A A (LR) % B R R (MLP)
. 16 2 3 . 14 3 4 0.8
XE % WO (0.095) (0.143) 0.8 *H &tk WXl (0.143) (0.190) 0.7
0.6
& 0.6 &=
= 25 B 2 23 2 05
w X 0.037) ORZRY (0.037) 04 o XEHT 0.074) FOEERN (0.074) 04
Lol ' hal 03
1 0 27 0.2 1 5 24 0.2
EH10036) (0.000) [ROELN) R 0.036) (0107 ROESN | | )
0.0
XEE XEH i XEE X Eik
T A A T A A
K- 48 R AL AL (KNN) FEALARARER (RF)
1.0
‘ 10 5 g 08 ‘ 7 8 6
RE RPN (0238) ©286) | M o7 RE B 0333) (©381) (©286) M os
0.6
& & 0.6
' oz 5 20 2 0.5 ' ow | 14 4 .
W XEH 0.185) ORI (0.074) o W Rtk 0333) ROGON (0.148)
1 0'3 K 04
1 2 25 0 0 0.2
EH] 0.036) (0.071) HOXLD) 8'? FHE] (0.000)  (0.000)
’ 0.0

XEak REH K
B

Er ETTAE A EREN PRSI AZAEARLK G X R F SRR RAE AR L
El5 3MIRRAMEI IR FER

Fig.5 Confusion matrix of the classification for three Quercus species
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