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Prediction of Germination of Korean Red Pine (Pinus densiflora)
Seed using FT NIR Spectroscopy and Binary Classification
Machine Learming Methods
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2 o & AFofA= -18°C & 4°CoflA] 18zt AH A E2F 9637H] disf FT NIR A ERH-E RAlste] 770 |
Al8yd HH(XGBoost, Boosted Tree, Bootstrap Forest, Neural Networks, Decision Tree, Support Vector Machine,
PLS-DA)S o] 43 FAputo} oS muS whET, 1 458 ulis}3ich. XGBoost 2 Boosted Tree Hle] o 2430] 7}
A easigion, Ay, QERES W AUC & 27 0.9722, 0.0278, 0.97353} 0.9653, 0.0347, 0.96470]%ith 27) el
oA FApLol FEE oISk Hl Slo] Atid Fox7t £9E 5470 g WS gt abddl= 24 67H(811~1,088
nm, 1,137~1,273 nm, 1,336~1,453 nm, 1,666~1,671 nm, 1,879~2,045 nm, 2,058~2,409 nm) 15 =& Us 4 NS
WS ofuliedl, MEREA, 0, A&, AA 9 5T FE A0R FAER ol AuE FHE ), £ A
4] @olzl FT NIR 2828 dlojejz} 27]0] sjdlely RUe Aupn Aa5Ae] ol $7-8 2hs 96% ol4ox of
23 5 Q7o) AV1A% B4 $AR Ll vnh g FEAAel S8 B8 4 9l AoE Az,

Abstract: In this study, Fourier-transform near-infrared (FT-NIR) spectra of Korean red pine seeds stored at -18°C
and 4°C for 18 years were analyzed. To develop seed-germination prediction models, the performance of seven
machine learning methods, namely XGBoost, Boosted Tree, Bootstrap Forest, Neural Networks, Decision Tree,
Support Vector Machine, PLS-DA, were compared. The predictive performance, assessed by accuracy,
misclassification, and area under the curve (0.9722, 0.0278, and 0.9735 for XGBoost, and 0.9653, 0.0347, and 0.9647
for Boosted Tree), was better for the XGBoost and decision tree models when compared with other models. The 54
wave-number variables of the two models were of high relative importance in seed-germination prediction and were
grouped into six spectral ranges (811~1,088 nm, 1,137~1,273 nm, 1,336~1,453 nm, 1,666~1,671 nm, 1,879~2,045 nm,
and 2,058~2,409 nm) for aromatic amino acids, cellulose, lignin, starch, fatty acids, and moisture, respectively. Use
of the NIR spectral data and two machine learning models developed in this study gave >96% accuracy for the
prediction of pine-seed germination after long-term storage, indicating this approach could be wuseful for
non-destructive viability testing of stored seed genetic resources.
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msfof s, At Belzba Ak Qo] AfE
Aol gick. A4 that £ xfolS o] gste] Bh
o HBA B AYH 54 BASHS FT NIR 23

Mo et

(Fourier transform near infrared spectroscopy)-2 H] i} %]
ojm, &7Fo] Algvto] dastil, f4 &£=7} warhe
A o] Qlo] HA1Z o] =R AAKChen et al., 2021; Shenk
ot al, 2007) Bk offe} 2ol FAEL W FeIA}
(Lestander and Oden, 2002; Qiu et al., 2018; Shetty et al.,
2011) Sl olgw1 grk

FREZAA G FEHEY(PLS-DA, partial least squares
discriminant analysis)2 4% Z74¢l FT NIR AHEH
& AuRsE A8t ALY ofne} gre Wuy v
SHo] i3t o] -E-F(binary classification) H @ o 2}
F ARgE]o] gFtH(Daneshvar et al.,, 2015; Tigabu et al.,
2020; Tigabu and Odén 2003; Xia et al., 2019). 1&ju}
525 BA7E 141 F (non-linear)?l 7, mE o] o] £
o] Wobdl 4= glm, mele] AAMES Hdets] 919
T}40] A (atent variable)7} ALSE 72, W4 A
of gt siAe] ojHYE & UTHMo et al., 2020;
Ruiz-Perez et al., 2020; Tian et al., 2023). H]A1& 34| 9]
olFET ElFS 5t WAy WHOZ = Decision
Tree, ©]& t©] WA A]Z] Bootstrap Forest, Boosted Tree %!
XGBoost 5°] Qom, E5 Support Vector Machine}
Neural Networks™ A}gE|37 QItH(Chen and Guestrin,
2016; Kumari and Srivastava, 2017; Narassiguin et al., 2016;
Rocha et al,, 2020). Al BPEe zkzko] 1.6 due|&
of w2 Aetol UL, HolE o G} Wt TA| 5
e} 2dlo] o S50 GebA7] wfZol ofH ol

B
g £e AA

et al., 2021; Sampaio and Brites, 2021; Wang et al., 2021).

gAY TS A AR Bol7] P 2] 2020
dak #7743 432% 9] A2 1990288 AL BESLL
=, 2T (Pinus densiflora Siebold & Zucc.)®] 735

= £719) 103%7} 204 o4 AR Holoix] el
717} Qs AFFo|tHKim et al, 2020). 7HEd WHE £A}
o] <A1gl0] E7I3ko] FT NIR 302 2571 4
Fel7] SaA B ol2Ase] melo] ajg 4Enict 3
FEolof st} ol A= YR AT (Larix kaempferi
(Lamb.) Carriére)2} HW(Chamaecyparis obtusa (Siebold
& Zucc.)) Endl) 5 271 =Fof tigh Atuto] HilE o]
AL Mojrh(Mukasa et al., 2018; Mukasa et al., 2019).

A12E A2E (2023)

ojof] & A= A IEHAoA 18WZE A
AE AR Ejo] ti3 FT NIR AHEY 247}
32 3}, 37019] A 2(pre-processing) HHH
Hel A EY dolHE d& &, 7709 m4led W
o|-g3to] FAPLoL 75 eS| AT & Q=
ZNrstalat = E e Hop Al Ao 2= (1) Ko
/452 A7 NIR 22 EF dlo]g 2] HAe(p
processing) WS 2Rlstal, (2) 7P =3t oS
Y RS Sst, 3) oA Al
fr7F &2 Hpet BdE sitas F4skalA) st
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1. 3% SAM=

T PAREFT Y rHAA AU ZJ LA
2003 of] 25| = o] =FAel ke A A E A AR
O] FARAAAL 2021 d71A] HEE o] IE A 27
SEFEIE 9 A E403)0] FuEA; seedlots2 2 ¢
Toll ARSI olE A B, A 9 SeHAdE 2
He A AHE ST Hsound seed)olH, FHps
5~7%%2 AZRE o] WEE T -18°C(HE 30%) U 4°C
(40%)oll A At 18 A7F A7 =] o] Uik
2. FT NIR AWEY =X

SEolt 7F AL EER 30099 FAE TA9 A
Zslo] % 120099 F48 FT NIR A3Eg 240
A3 T Quartz beam splitter?} Integrating sphere”} %
2=l MPA 11 (Bruker Karlsruhe, Germany)& ©]-&35}o] £
Z}Fo] FT NIR EHAHFAKdiffuse reflectance) 2~HEH-2
sk =4 HelE 12,481~3,995 em”, 74 1t
15 cm' 2 310w, 643] W= ZH(&E: 10 kHz)gho] 3
= 13] S4 digt glo|H & 3}¢laL, ©]i= background
W 2 24 W] FUsh 48wt 7 A0t}
33) vk 24sjol Waghs A% 29EY olH R o
oAk, T3 AR2H 8718 AHgsle] BE FA150 et
270] 71FH BAT A0 ool AES Sk 7}
Z2}19] FT NIR ZHAHIAL AZE R dlo]go) that 7|24
X A(baseline correction)™} Z-3(absorbance) Ho|E]| 22 H
2k2 OPUS Base Package (Version 8.0) £ZE o] 5 AlE-
sjo] sagick FT NIR A828 248 o BE $41s

A L{NSE Rofste] o] Fo) HAo| ALtk

3. Ao} A
FT NIR 28lE8 =o] 95¥ 1,2008) 2] A2 1%
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agar W] 7|7} S0l petri dishol 25914 A4}t
Petri dishe}o] £} 91215 7|85}0] 7} FApo] wopoln
ATHE g 440 FT NIR 2323 glo]eo] 533
A =L sheich. Petri dish 25°CO] Aol §7]31,
802 Eok 16417kS] % Helo} 8AI7ke] oF Xe]F slo]
A wrobs gEstelTh 802 E2t §i(radicle)o] 2 mm
ol Afgk A o AR 1 o] 9= “u]iop
FAE RS Wb BN 2|7t MAE A
RAoIEE 5 9637 Fjoll Tat op o] HlolE 2 ¢lof
WAleld BAo) A WSS yol groR AMEstTh

4, FT NIR &3 O|o|E{2] Het

9637 FAtol gk FT NIR A EE dHo|g o] tfsf
JMP Pro® 17 327134 9] “Functional Data Explorer” 7]&
(JMP Statistical Discovery LLC, 2022)2 ©]-8-3}¢] Savitzky-
Golay smoothing &312]Z(Savitzky and Golay, 1964)]
oJgt 22} thak2(o]a}l “SG 224 o2 #7]) WEl SG
2215) Ak glolgef gk 12} njE(0]s} “SG 2243} +
13} v|8P 02 H0)3f 27 ] R(o]5} “SG 241 + 27}
uEro R W) WMES Stk HEHOR WE 4s)e)
FT NIR 222 dloje(u]igt 9 gole] 1, gk o]
B 3)2 o %o] vjAlayd BAlo] ALgalach 7t lole
oA ErHS9] o] E(column name)L “ab0000” 2] O 2
HoJstded], dlZH4 “ab7004”= 7,004 cm' 2] T} W4
£ 9m3tth

A

ulAled Bl Qo] dlole wak me A, 6|5
L Bl 7]E A 07 JMP® Pro 17 T2 WL o] 85}0]
et HEY F2] F3}Z(stratified random
sampling without replacement) ¥ | wz} 47} FT NIR
29 EY HolEHE £7(70%) ¥ HAEGBW%) AIEZ &
astgich olwf, Hrobft, A2k W seedlots®] H|E©]
glole E&of WrgE =S 53tk

JMP® Pro 17 X213 2] “Model Screening” 7]-5(JMP

=12
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Statistical Discovery LLC, 2022)& A3} 47] FT NIR
2HEY dolg o THAEE 77l WAl WRI(XGBoost,
Boosted Tree, Bootstrap Forest, Neural Networks, Support
Vector Machine, Decision Tree, PLS-DA)o]| Z-&3}a1, 748
WA Z(7-fold cross validation)2 534519t E2 A E
o] AZt|o|g A|E(validation data set)ol thaF AUC (area
under ROC curve), ©2-F-2(misclassification) I R? 7
AbEsto] HlolE i 9 Al Wil o skl
9] o&/4d5S Hlasith

7P 943t 545 Hol= FT NIR 29 EF Ho]
Bo} A9l 4719 HAlEY 2d(full model)S Al8s}a,
HAE AEof 2-85to] 2F e O] A= (accuracy), 24
H-&(misclassification), W17 (sensitivity, recall), Eo|%=
(specificity) & A = (precision) & AF&E3sle] 2A 9] o=
452 BT HAE, LERE, UHE, So|E 9
HUEL 7 ote] 495 positive, F4 1o} 44
£ negative ¥ v, ot Wl uldobEl A1A| Eho) vl
welo] ofs) |58 o} 9 wluol Exje] ulgo] o
2 x 2 53 < (confusion matrix)E TH50{(Table 1) T3

of Ao et Are gl

TP+TN
A S (accuracy) = TP+FN+TN+FP

QB =9 (misclassification) = 1 — FTHE
—TE
7% (sensitivity, recall) = rp+rn
TN
Eol& (specificity) = Tn+rp
TP
A= (precision) = rp+rp

A& &9 470 Bd Zhztof| tiste] A SaE
(relative variable importance)7} =2 HeRRS Z8f =4
H H(reduced model)2 THEJATHIMP Statistical Discovery
LLC, 2022). &, 8} W4 AA|e} 2 w42 nejst &

AbE A2 gste] AA) mdle] F4to R e A THtotal

>

Table 1. Confusion matrix for evaluation of model classification performance.

Predicted value

Classification

Positive (germination)

Negative (non-germination)

Positive (germination)
Actual value . L
Negative (non-germination)

TP (True Positive)
FN (False Negative)

FP (False Positive)
TN (True Negative)

TP (True Positive): Number of germinated seeds correctively classified as the germinated seeds by the model.

FP (False Positive): Number of germinated seeds mis-classified as the non-germinated seeds by the model.

FN (False Negative): Number of non-germinated seeds mis-classified as the germinated seeds by the model.

TN (True Negative): Number of non-germinated seeds correctively classified as the non-germinated seeds by the model.
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effect) Zko] 0.01 o]4Ql HpHS AH
=L, 7 AAESE
ME] &gt o=

& Hzdoz Mue

o
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=

6. /X malo] TpEiL Hlm

&40 7P 9at 27) mele] wi o] oft 3}
ZHwavelength, nm) G HE Pinus patula, P. massoniana,
P. elliottii, P. taeda ZA}o] g3t NIR AHEZ] LAy}
(Tigabu, 2003; Tigabu and Odén, 2003; Tigabu et al., 2019)
o} EQAAE NIR AHEY LA TN Schwanninger et al.,
2011) 18|31 Workman and Weyer(2012)9] *}=2} H]
stol 2gslRl, F WY FEO) U4 MRS Slskg]

om, 1M w4 Wt BHE HARS 33
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1. SXjoF U FT NIR AHEH

963711 FAF FolA WolE A= 54071(56.1%), v]Etol=

A12E A2E (2023)

4237)(43.9%) I tHTable 2). Fisher®] A 7 (Fisher’s
Exact Test) A3}, Ao whe wopgAte] vle &
USHA] FET(FEHA p = < 0.0001), 4°Cof| A &f ot
22} H| L] -18°C Hr} o Wgtt) o]} g Seedlotso]
U HolEAte] Bl FASIAHESAA p = 0.1527).

9637 £A}2] FT NIR AZE® Z2u}el2 |440 nmS}t
1,923 nm 3 Joeoll A A HS I =d|[Figure 1(A)],
0]= Pinus massoniana, P. elliottii X P. taeda°| A2 7
2ol 1,450 nm 2 1,936 nme} -3-AF5FSTHTigabu et
al,, 2019). WolgAl T159] Ht FF = B IEolA
npdop Z1gof Hisl o E ko WFigure 1(B)], dAIZ+=
AA 5 FdiollA F 2159 FA =7 15 1
Sk ApolS HolA] ¢l A2 FHE o] Qo] Ted]
o 3 AU EYUES o] gsto] FARToL {iRE

71 AR BRI

[¢)

1R o A

U

e

2. FT NIR AHE H0|E R0l 2 77] HAl2{ 4o
(TESS i)

PLS-DA & 77§ HAIHY

S 471 FT NIR A9 EF

Table 2. Number of germinated and non-germinated seeds by seedlots and storage temperature.

Seedlots (clone name) Storage temperature gerrlj;:feec; ::e ds non-gtlll;rr:ilzzec(l)fsee ds Total

-18°C 210 54 264

GB40 (Gyeongbuk 40) 4°C 57 135 192
Subtotal 267 189 456 (47.4%)

-18°C 189 78 267

GW11 (Gangwon 11) 4°C 84 156 240
Subtotal 273 234 507 (52.6%)

Total 540 (56.1%) 423 (43.9%) 963
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Figure 1. FT NIR spectral profile(A) and group mean absorbance spectral profile(B) for germinated (blue line) and non-germinated

(red line) seeds.
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glojgo] Heste] T-fold WAHZS ek A} 47 PLS-DA) Rt} © ©-2=519itHTable 3).

HAH Y W (XGBoost, Boosted Tree, Bootstrap Forest, glo]el o] =0 = 77 HAlgY = 94 Bt o=
Neural Networks)®] o] ZA45(AUC: 0.879 ~ 0942, QB2 A=9 u|wal A1}, SG 2213 + 1x}u]5 813} glo|& 7}
£ 0.122 ~ 0.196, R 0339 ~ 0.542)0] 47} dlo|g] mIofA] AUC ZF 4 o B=g %A oA Z+ZF H 0.876 L 0.1802
U Z] 371 "WH(Decision Tree, Support Vector Machine, 2 71 92=519 a1, R? Frol A= @58 SG 213 Wk

Table 3. Predictive performance of seven machine leaming methods on four FT NIR spectral data resulting from 7-fold cross-validation.

FT NIR spectral data Machine learning models AUC Misclassification R?

XGBoost 0.964 0.089 0.661

Bootstrap Forest 0.940 0.123 0.474

Boosted Tree 0.937 0.133 0.533

Neural Networks 0.904 0.191 0.422

Raw data Decision Tree 0.821 0.227 0.250

Support Vector Machine 0.735 0.338 0.108

PLS-DA 0.766 0.131 0.406

Mean (7 models) 0.867 0.176 0.408

Mean (top 4 models) 0.936 0.134 0.523

XGBoost 0.965 0.081 0.676

Bootstrap Forest 0.950 0.115 0.475

Boosted Tree 0.940 0.123 0.581

Neural Networks 0.914 0.167 0.435

SG (2™ polynomial) transformed data Decision Tree 0.850 0.193 0.328

Support Vector Machine 0.734 0.338 0.106

PLS-DA 0.749 0.249 0.371

Mean (7 models) 0.872 0.181 0.424

Mean (top 4 models) 0.942 0.122 0.542

XGBoost 0.956 0.086 0.610

Bootstrap Forest 0.946 0.123 0.488

Boosted Tree 0.936 0.124 0.534

y ‘ B o Neural Networks 0.891 0.190 0.395

SG (2 polynomial) + 17 derivative Decision Tree 0.843 0.247 0271
transformed data

Support Vector Machine 0.795 0.253 0.227

PLS-DA 0.762 0.236 0.369

Mean (7 models) 0.876 0.180 0.413

Mean (top 4 models) 0.932 0.131 0.507

XGBoost 0.900 0.173 0.350

Bootstrap Forest 0.890 0.185 0.353

Boosted Tree 0.880 0.184 0.376

g . L Neural Networks 0.844 0.241 0.277

SG (2" polynomial) + 2 derivative Decision Tree 0.821 0.259 0.122
transformed data

Support Vector Machine 0.733 0.287 0.174

PLS-DA 0.770 0.227 0.352

Mean (7 models) 0.834 0.222 0.286

Mean (top 4 models) 0.879 0.196 0.339
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Hlo|E|7} Hat 0.424= 7 =5} Gl cKTable 3). 121t
d &A% AFQ) 47)9] m Al (XGBoost, Boosted Tree,
Bootstrap Forest, Neural Networks)7H2 112{35}¢] 47H =]l
olEE HlaE, SG 27k e dlolElr} Al $4gt
At 9 ZAS(AUC: 0942, QB F8: 0.122, R™: 0542)~
B

3. 471 Hilgld REo| of|Eds Hlw

A&/ A9l 470 waleld 2d(full model)S SG 23
3 wal Hlolele] BlAE AEEssA)e] HEAZ A,
XGBoost o] 7}&} 4:5F o A S(AHE = 0.9688,
QLE=8:0.0313, AUC: 0.9661)2 R tHTable 4). L
A Bdo] o &A% Boosted Tree (0.9201, 0.0799.
0.9176), Bootstrap Forest (0.8889, 0.1111, 0.8801), Neural
Networks (0.8125, 0.1875, 0.8086)] <=0]2ith. 471 w4l
g 2o Hat A S4eS S E 0.8976, LwEFE
0.1025, AUC 0.8931= 107]] Z-A =2 -3t PLS-DA
2d(0.7326, 0.2674, 0.7297) Rt} =i}

478 wAley mElo] W Foll Fa 7 0.01 o4l
AL A (XGBoost: 287 ®H4>, Boosted Tree: 337,

A12E A2E (2023)

Bootstrap Forest: 157}, Neural Networks: 1957])3}o] &4~
2 d(reduced model)& WEI, HAE A Eo] 4835 2
I} XGBoost AR do] 7} 4531 & AS(HEE:
0.9722, @228 0.0278, AUC: 0.9735) E T Table
4). 47l 2A4ARE] H dESASLS HT = 0.9063, L5
58 0.0938, AUC 0.90392 107]] ZAHS, 3117 HS=
5}9)3F PLS-DA 4R (0.7431, 0.2569, 0.7381) =T}

23151, XGBoost 2 Boosted Tree ™
Aleyd WS SG 2213} 3t FT NIR AHE Y do]g] o

= 287 & 33719 Wam 7@:@!—5 0.9722
< 5=

Z_' ZF 2
: 0.0278, 0.0347)9] =
molt A% wue HYT 5 A9

4. XGBoost U Boosted Tree EADH

287 wWE 3= XGBoost HAHYS FQ
hyperparameter t©| max depth=6, alpha=0, lamda=1, gamma
=0, learning rate=0.1, iterations=30, classification decision
threshold=0.5, booster=gbtree (tree-based boosting algorithm)
o uf, FlAE AES] tia] A= 09722, LEF-E 0.0278,

Table 4. Comparison of the predictive performance of four machine leaming models on testing data.

Bootstrap Neural

Model XGBoost Boosted Tree Forest Networks 4 models mean PLS-DA

No. of variables 530 530 530 530 - 530
Accuracy 0.9688 0.9201 0.8889 0.8125 0.8976 0.7326
Misclassification 0.0313 0.0799 0.1111 0.1875 0.1025 0.2674
Full model AUC 0.9661 0.9176 0.8801 0.8086 0.8931 0.7297
Sensitivity 0.9877 0.9383 0.9506 0.8395 0.9290 0.7531
Specificity 0.9444 0.8968 0.8095 0.7778 0.8571 0.7063
Precision 0.9581 0.9212 0.8652 0.8293 0.8934 0.7673

No. of variables 28 33 15 195 - 311
Accuracy 0.9722 0.9653 0.8576 0.8299 0.9063 0.7431
Misclassification 0.0278 0.0347 0.1424 0.1701 0.0938 0.2569
lel‘(l)‘(‘l?ld AUC 0.9735 0.9647 0.8514 0.8258 0.9039 0.7381
Sensitivity 0.9630 0.9691 0.9012 0.8580 0.9228 0.7778
Specificity 0.9841 0.9603 0.8016 0.7937 0.8849 0.6984
Precision 0.9873 0.9691 0.8538 0.8424 0.9132 0.7683

Table 5. Comparison of the predictive performance of XGBoost reduced models on training, validation, and testing data.

Data Sample (N) Accuracy Miss-classification AUC Sensitivity Specificity Precision
Training 579 1.0000 0.0000 1.0000 1.0000 1.0000 1.0000
Validation 96 0.9792 0.0208 0.9924 0.9821 0.9750 0.9821
Testing 288 0.9722 0.0278 0.9735 0.9630 0.9841 0.9873
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of vl o e o) %
o2 Holuh 1 Hol7}
o AyzrEI). ch, A

Hro

gt % XGBoost %i 42 22 dlolgo] thsir® 28 dlojelo] thajA = A7 Boosted Tree A Eo] &
FARRE &85 BY Zer gzte AReE dl5d5-S Y A7l talixe ARl

XGBoost Z=42499] 287l 4= = 47)(ab4150, ab6001,
ab6881, ab7004)7} 0.1 ~ 0.1879] &} ZHS Hof thE
g Hrop A Fe =7 E9ttHFigure 2(A)]. o= 470
S50l Qo] B ME FApol {1 oS HES
ab70040] A9 ST 0.671 0|4k, ab6001- 0.6766 o]},

317] o9, 712l Hajo] dasiti AYztEct.

Boosted Tree &AM 90| 337 W4 3 47l(abl2311,
ab10229, ab4196, ab4474)7} 0.089 ~ 0.2139] =83} 7S
Hof mdlof thgh Ath4] FE7} U] 297 W=k
s£9kTHFigure 3(A)]. 47) 40| FHwo] upE FApuol

ab41502 0.8167 ©]Ak, ab68812 0.6877 oJAto =2 = uf, O o= EEL abl23119 A %= 0.6769 o)A,
HlolEata o)== 8HEo] =9ftHFigure 2(B)]. ab10229°= 0.6039 0|3}, ab4196L 0.7364 O] A}, abdd74=
337 42 3% Boosted Tree SARAL wHEo] 0.7376 o|3tZ = uj], WolExE o= FHEo| =9t}

8 stolHmatu]E  gro] number of splits per tree=7,

[Figure 3(B)].

learning rate=0.072, overfit penalty=0.0001, number of tree
layers=169, classification decision threshold=0.5 uwj], H]
2E NEJ g3 FEE 0.9653, 2EFE 0.0347, AUC
0.96479] o245 X THTable 6). XGBoost =4 HE

ajl

5. FT NIR I} B2 Hjm &
XGBoost AR 2] 287]] =2} Boosted Tree %J_E/‘ g
9] 337} Wol| thgt T AL NE P. patula, P. massoniana,

—
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Figure 2. Relative importance of 28 wavenumber variables of the XGBoost reduced model (A) and seed germination prediction
profile of each variables (B). The red Xs and black closed circles in the bottom of the Figure 2-B indicate non-germinated and
germinated seeds, respectively.

Table 6. Comparison of the predictive performance of Boosted Tree reduced models on training, validation, and testing data.

Data Sample (N) Accuracy Miss-classification AUC Sensitivity Specificity Precision
Training 579 1.0000 0.0000 1.0000 1.0000 1.0000 1.0000
Validation 96 0.9271 0.0729 0.9931 0.9362 0.9184 0.9167
Testing 288 0.9653 0.0347 0.9691 0.9691 0.9603 0.9691
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(A)

Spectra
variable
ab12311
ab10229
ab4196
ab4474
ab6881
abs183
ab7004
ab7297
ab4751
ab7976
abs794
ab4150
ab12327
abs5168
ab9735
ab11478
ab10028
ab5230
ab7853
ab9905
ab5986
ab9195
ab4181
ab9g12
ab10306
ab7467
ab11262
ab5153
ab11540
ab7451
ab11617
ab5276
ab11231

Main
effed
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Figure 3. Relative importance of 33 wavenumber variables of the Boosted Tree reduced model (A) and seed germination prediction
profile of each variables (B). The red Xs and black closed circles in the bottom of the Figure 2-B indicate non-germinated and
germinated seeds, respectively.

Table 7. Fifty-four wavenumber variables aligned by wavelength of the XGBoost and Boosted Tree reduced models.

Wave number variable XGBoost Boosted Tree
Group Variable name Wave n_l.llmber Wavelength Main effect Total effect Main effect  Total effect
(cm™) (nm)

ab12327 12,327 811 0.0069 0.0278

ab12311 12,311 812 0.0519 0.1307

ab12296 12,296 813 0.0092 0.0188

ab12265 12,265 815 0.0431 0.086

ab11926 11,926 839 0.0074 0.0159

ab11741 11,741 852 0.0127 0.0274

abl1617 11,617 861 0.0181 0.0712

ab11540 11,540 867 0.0081 0.0276

ab11509 11,509 869 0.0183 0.0477

ab11478 11,478 871 0.0127 0.0436

abl11262 11,262 888 0.0034 0.01
(Sllf’i?ggglnm) ab11231 11,231 890 0.0118 0.0268 0.0089 0.0326

ab10923 10,923 915 0.0098 0.0212

ab10738 10,738 931 0.0242 0.0573

ab10306 10,306 970 0.0085 0.0268

ab10229 10,229 978 0.0317 0.0966

ab10028 10,028 997 0.0694 0.1987

ab9920 9,920 1,008 0.0171 0.0402

ab9905 9,905 1,010 0.0128 0.0489

ab9812 9,812 1,019 0.0099 0.0359

ab9735 9,735 1,027 0.0049 0.0142

ab9689 9,689 1,032 0.0219 0.0442

ab9195 9,195 1,088 0.0274 0.0977
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Wave number variable XGBoost Boosted Tree
Group Variable name Wav(e; r;l_l]l;nbér Wa‘(lsllﬁ;lgth Main effect Total effect  Main effect  Total effect
ab8794 8,794 1,137 0.023 0.0519 0.0146 0.0477
ab8778 8,778 1,139 0.0159 0.0327
(1’13G7r~°1‘jg7;1 oy 811 8,115 1,232 0.0191 0.045
ab7976 7,976 1,254 0.0023 0.0084
ab7853 7,853 1,273 0.0084 0.0261
ab7482 7,482 1,336 0.0095 0.0212
ab7467 7,467 1,339 0.0052 0.0207
ab7451 7,451 1,342 0.0051 0.0186
(]’33("6?351?“@ ab7328 7,328 1,365 0.0332 0.0741
ab7297 7,297 1,370 0.0154 0.0666
ab7004 7,004 1,428 0.0895 0.1833 0.0136 0.0423
ab6881 6,881 1,453 0.0472 0.1000 0.0351 0.1033
Group 1V ab6001 6,001 1,666 0.0884 0.1861
(1,666~1,671 nm) 45986 5,986 1,671 0.0165 0.0618
ab3322 5,322 1,879 0.0232 0.0606
ab5276 5,276 1,895 0.0047 0.0185
ab3261 5,261 1,901 0.0096 0.0278
ab5230 5,230 1,912 0.0176 0.0604 0.0171 0.0494
Group V ab5183 5,183 1,929 0.0168 0.0473
(1,879~2,045 nm)  ap5168 5,168 1,935 0.0488 0.0986 0.0193 0.0652
ab5153 5,153 1,941 0.0206 0.0671
ab5137 5,137 1,946 0.0382 0.0690
ab3075 5,075 1,970 0.0056 0.0136
ab4890 4,890 2,045 0.0069 0.0141
ab4859 4,859 2,058 0.0291 0.0581
ab4g44 4,844 2,064 0.0177 0.0376
ab4751 4,751 2,104 0.0211 0.0935
(Z,OSC;rS;,IztO\;Inm) ab4474 4,474 2,235 0.006 0.0226
ab4196 4,196 2,383 0.023 0.0771
ab4181 4,181 2,392 0.0075 0.0245
abd150 4,150 2,409 0.0567 0.1326 0.0518 0.1597

The variables highlighted in bold are present in both models.

P. elliottii, P. taeda°l| A1 Q-2 37NTigabu, 2003; Tigabu
and Odén, 2003; Tigabu et al., 2019) 2 Schwanninger et
al.(2011)2} Workman and Weyer(2012)2] A}=29} v]u sk
Ak, AA 5470 2 FAHE 67 LFOE s 5 9l
Qo 771 ok H4x(abl11231, ab8794, ab7004, ab6381,
ab5230, ab5168, ab4150)7} F HElof| A 35| Table 7).

Group -2 2372] ¥H(XGBoost: 107l], Boosted Tree:

147D 8 Zgslal glow, = mdlo] FEHE abl1231
(890 nm)E ZF& = ZHzF 0.0268 2 0.03260] itk P.
patula ZExFo A= 850~880 nm L 890~940 nm7} z+z}h il
Al 9 ©o] C-H 4137 5 (stretching vibration)2] 32} HY
2(third overtone) F )], 12| 1010~1030 nm+= =3
2 olu|=AHaromatic amino acids, ArNH2)2] N-H A1<%]
59 22} wj33} C-H A1%%1% 2 ¥ (deformation) 3 <]

T
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ojgtal 2% v} Qltk(Tigabu, 2003; Tigabu and Odén,
2003). Group I 4] 97 ¥H<(XGBoost: 5, Boosted Tree:
5, 3% D9 F9t) 852~931 nme} 57l H4(XGBoost:
2, Boosted Tree: 3)¢] <o) 1,008~1,032 nm7} ©o] &3}
SHE o] qlo] WA @, Jejar WS o ikt o
He Aow AYzter

Group IIo)|&= 57119] ®H4x(XGBoost: 37, Boosted Tree:
37M7E ZEGeH, F R FFHSE ab879%4
(1,137 nm)2 23 37+= Z+2F 0.0519 % 0.04770] A ch
P. patula Z2F) A 1,100~1,300 nm(Z4gE: 1,206 nm)=
CH;, CHH! C2H22Hg-7] ] QLo C-H 4521 22f vl
Addjetal 3}H(Tigabu and Odén, 2003), E3F At
(oleic acid)a} 2 A]HFXKfatty acids)> 1,180 nm %
Qoigol A Fagt W] AMERS Wty B}
(Sato et al., 1991). Group 112] 27} ¥H<= ab8778(1,139 nm)
2 ab8115(1,232 nm)7} 0|53t F3 = o] qlof At
TE Zlow AY7rE

Group IMlofl+= 77 Ib= H4~(XGBoost: 47}, Boosted
Tree: 57l)7F E£g=o] glom, & HAO FFHT=
ab7004(1,428 nm) 2 ab6881(1,453 nm)=. =& IH= 7H7}
0.1833 2 0.0423, 0.1000 2 0.10330]c) &R H$-
1,428 nmoj| 4] o] AHEZHo| MEZ A(cellulose) L +~H
ol 9lo] O-H AZHE 13} wj2o] oJ3t Zlojetn Hig
v} Q] © H(Schwanninger et al., 2011), Pinus patula, P.
massoniana, P. elliottii, P. taeda ZAFo)| A= 1,450 nmoj| A
o] 2:EE o] ROH, ThE, 1 9 48 5o] 9lo] O
W NH ASAE 1A 3 CH 2ol ot Ao 1
1% v} 9JrK(Tigabu et al., 2019). ©]S 1&j3lchH, Group
2] 271 25 W2=91 ab7004(1,428 nm) 2 ab6881(1,453
nm) Zp7F Al 22 gl 5, T19]31 ROH, @, A
9 SR e Jow Belth

Group IVoll&= 2709] ¥4 ab6001(1,666 nm)3} ab5986
(1,671 nm)7} Z3e| o] glom, 7} M40 F7 1= 0.1861
9 0.06182] %Itk ab6001(1,666 nm) = spruce Z-A|
(Schwanninger et al., 2011)°]] 21©] hemicellulose 2] CH;%}
€719] C-H 4535 F9el 1,666 nm} UX|5}1 S
™, ab5986(1,671 nm)= 2] 1H9] C-H A1Z2% 13} e
Pl 1,673 nme}t o9 7L FojolA] o]F 27 ¥
=X Z}7} hemicellulose ¥ 2] 1d3} = Aoz A7t
Hrk

Group Voil= 107¢] ¥4(XGBoost: 77}, Boosted Tree:
57M7F xZ3tE o] fler, & EEO FFHE abs230
(1,912 nm) 2 ab5168(1,935 nm)2 Z&IF= 2+ 0.0604
9 0.0494, 71231 0.0986 X 0.06520]%it}. P. patula A}

Lo

A12E A2E (2023)

S A= 1,850 ~ 2,050 nm F A 1,926 nmE FA]
2 ol 2uEY T4 Rolizd|, thldo|xe] C-0
221% 27} 02, HEAAS] O-H AZF% 2 HOH 3
(deformation) 2%, L7 SiolAe] O-H 2A
(bending vibration) 22} v JHtfjel Ao 7 HiE
Q1 tH(Tigabu and Odén, 2003). 3FH, Tigabu et al.(2019)-2
P. massoniana, P. elliottii, & P. taeda®] ZFA}o| A $EY
TRAKO] 2 1930 nm o] HAHR WolFAS o)
(embryo) 0] F/JE A ¢S FAHempty seed) = $19]
Z A 8(95°0)F 7135t $AHdead-filled seed)2} F-HA]7]
= geigjolu, ol WolEAr) o W wake] 45e
HA3 7540l 7] dlwolzhar gt vh ik ol=gt
AE IS, Group V& 27 W4 ab5153(1,941
nm) 9 ab5168(1,935 nm)= AU FALE] 23} T
o = Ae= yzhET

Group VIo|l= 77l19] H4x(XGBoost: 371, Boosted Tree:
S7N7F Z3tEe] glow, & Ruo] FF = abd150
(2,409 nm)°.2 welo] tjdt EaT= ZH2F 0.1326 2
0.15972 w9 =9kt} XGBoost 2 E 2] 27} ¥H<>(ab4859
2 ab4844)9] &SI T(2,058 nm, 2,064 nm)= THN A amide
TIEA N-H Al=21%E J9d)el 2,055 ~ 2,060 nm(Workman
and Weyer, 2012)2} “12] 37 Boosted Tree 2 0] 47 ¥~
(ab4751, ab4474, ab4196, ab4181)2] J (2,104 ~ 2,392
nm)= Ao Ao AE=A 2 2Jd9] O-H = C-H
Al&AF JA 2,092 ~ 2,384 nm(Schwanninger et al.,
2011 Z3 =] Qdodck gk, = =Y FF s abd150
(2,409 nm)9] Fh= WA aryl ZL1FA C-HO =5
9 H3l(bending) X152 A7t FHHQI 2,407 nm&} -9
A8 ATk ool ARE FFsHH, Group VIOl &3t
TN MY 37 o Foie A7 diE, AEes
9 2o, 2 WA aryl 5 2H712 2L Qe
polyunsaturated fatty acids@} o] Q= Ao 72 AyzreEch

Zooft o2t > o

[

g mEe
Savitzky-Golay 22} t}al4] HehS Foff dojxl AHEF
Glo]ElE The] vllely wlel 4 gete] EApiol
WS Q1 ol EF RS vEAL A5Ad5S vlud
A3}, XGBoost(287]] ¥4) L Boosted Tree(337]] M) =
amdo] Yok, e BRE W AUCOA thE HAlZY
rElEc) g 438 AL H 9tk XGBooste} Boosted
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