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Machine Learning (ML)
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What is ML?

Machine learning is one of research topic in Artificial Intelligence (Al).

Machine (computer) learns pattern from large amount data, and then make a model for
classification or regression ([EJ&).

cf. Al...Intelligence demonstrated by machine
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Application in Daily Life
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Application in Chemistry

e Biomedical science

Virtual screening of libraries of drug-like molecules for biological function.
- Seealso 160723 LS Shunichiroh_KATOH

e Organic chemistry

Assist with synthetic planning via retrosynthetic pathway.
- Seealso 160916 _LS Yuki_NAKAGAWA

Predict the product(s) of chemical reactions given a set of reactants and conditions.
(Wei, J. N.; Duvenaud, D.; Aspuru-Guzik, A. ACS Cent. Sci. 2016, 2, 725.)

Y\ HCI Br,, CCl,
—_— ? e ?

Predict the products of textbook questions.

Challenges... It is difficult to use for non-specialists
Multidimensionality of chemical structure



Predicting Reactions

e Predict from substrate scope

o O

OH Y DBU or MTBD (1.25-2.0 eq.) F
: + XY OF toluene (0.2-1.0 M), 48 h
N % yield
PyFluor (1.1 eq.) (% elimination)
F Me
NE F | F F o)
)\/N\
Ph v Me
MeO Ph Me : O,N Ph OMe
Me -
79% 79% 68% (>20:1) 43% (96%)
* not good for unhindered *
primary and secondary alcohols work well benzylic alcohol

compatible with unprotected amine E1cb elimination proceed

Chemical theory to understand the rule is needed.

1) Nielsen, M. L.; Ugaz, C. R.; Li, W.; Doyle, A. G. J. Am. Chem. Soc. 2015, 137, 9571



Predicting Reactions

e Linear regression model (¥ EF)

Site selective C-H amination (Bess, E. N.; Du Bois, J. et al., J. Am. Chem. Soc. 2014, 136, 5783)

ROSO,NH,
1 mol% Rh,(esp),
Phl(OAc),, i-PrOAc
y

R' R'
(a)
-RTIn(T/B) = AAG¥ = -0.01 — 0.86(c+) — 0.11(veo)(o+) + 0.17(veo) + 0.26(losw)

b -
(b) 309 0.86x+0.15 R? = 0.87

B Training Set i

254 m External Validations |
.  Outlier A
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e
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s
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n
0.0 <
| v I v L] v | v | v I v ]
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Measured AAG? (kcal/mol)

ROSO,HN

ROSO,HN
benzylic R’ tertiary
product product

selectivity correlates to
e Hammet 6" on R’
e two IR measures on R

Difficulties:
The users must hand-select parameters
according to known experience or theory.
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Buchwald-Hartwig Reaction 1)

R\1 R Pd, ligand, base R\1 R
R2 S R2
N\ incompatible

Useful reaction to synthesize pharmaceuticals.
But incopatible with heterocycles that contain heteroatom-heteroatom bonds (ex. isoxazole).

Pharmaceuticals containing an isoxazole core

ol
<
S
Q0
F;C —_
= ’ o oo N©
o) \V/] ’/
~ 7/ J S\
N N A\ N
H | N
O HyN
Valdecoxib (Bextra) leflunomide (Arava) Sulfamethoxazole
COX-2 inhibitor DMARD antibiotics

1) a) Paul, F; Patt, J.; Hartwig, J. F. J. Am. Chem. Soc. 1994. 116, 5969.
b) Guram, A. S.; Buchwald, S. L. J. Am. Chem. Soc. 1994. 116, 7901.



Intermolecular Reaction Screening 1)
Pd cat. (10 mol%)
additive (1 eq.) H
NH, X base (1.5 eq.) N
DMSO (0.1 M), 60 °C, 16 h N
SO G, = G
Me Me Z
X =CI, Br, |
X rX N O\N N

N~ N
R' = CF3, OMe, Et X: o-, m- Me
Aryl Halidesx15 Additivesx23 MTBD
N " B NM N’Et
t-Bu e
N” |2l
NH R PR, J Me,N— P\ ~R~Nme,
Pd—L i-Pr i-Pr MezN NMQZ MezN NMGZ
7 \
[ ot BTMG P,Et
\
Pd Catalystsx4  j-Pr Basex3

16x24x3x4 = 4608 reactions

1) Collins, K. D.; Glorius, F. Nat. Chem. 2013, 5, 597.



Ultra-High-Throughput Experimentation

1536-well platex3

4608 reactions

Stock solutions in DMSO (200 nL each) was
added with Mosquito HTS liquid handling robot.

catalyst, aryl halide internal standard
additive, base

(di-tert-butylbiphenyl)

sealed, 60 °C, 16 h

800-

UPLC analysis
UV210 nm detection

600 -

Count
B
o
o

200-

25

50 75 100
Yield



Descriptor

Descriptor: Variable that descripts chemical property of the substrate.

Software automates descriptor

generation
I il
Fo®e’ )
v .
420/‘ I
y |
R Calculation with Spartan *QKO\W" L
input structure B3LYP/6-31G* A 9

shared molecular, atomic
and vibrational descriptors

e Additive Descriptors (n =19)

(Enomor ELumo» Dipole Moment, Electronegativity, Hardness, Molecular Volume, Molecular
Weight, Ovality, Surface Area, *C3 NMR Shift, *C3 Electrostatic Charge, *C4 NMR Shift, *C4
Electrostatic Charge, *C5 NMR Shift, *C5 Electrostatic Charge, *N1 Electrostatic Charge, *O1
Electrostatic Charge, V1 Frequency, V1 Intensity)

e Aryl Halide Descriptors (n = 27)
e Base Descriptors (n = 10)

e Ligand Descriptors (n = 64)
14



Prediction Procedure

70%

total: 4608 reactions

30%

——3 training set

—3 test set

Prediction with calculated model was evalueted.

(randomly chose from whole data)
relationship between yield and descriptors was evaluated by
each method. (linear regression model and other ML methods)

(R?, root mean square error(RMSE))

Training set and test set must be differrent to make reliable algorithm.

70%: training set

30%: test set

C>ooo

@)

o O

o O
@)

1. Split into 70:30
2. Learn from 70%
3. Test with 30%
4. Evaluate



A

Observed Yield

Linear Model
100N BE =067
RMSE =15.5
75-
50-
25-

Bayes GLM
100-MBR==I0.67
RMSE = 15.5
75-
50~
25-

Prediction Results

kNN

R? = 0.64
=/~ RMSE=16.3

R2 = 0.66
RMSE = 15.8

SVM

Neural Network
R2 =0.87 S ERa=
sy RMSE =9.7 e RMSE
) 1 1 1 1 1 1 ] T T
75 100 -25 0 25 50 75 100 -25 0

Predicted Yield

Random forest model was best fitting.

100



Random Forest Model

training set: 70% of whole reaction

1. make B (bootstrap)samples
oo (duplication allowed)
samplei sample2 sampleB
3. results from randomly generated
cond. x1| |cond. y1 cond. z1 trees was combined (average value
cond. x2 cond. y2 cond. z2 is the predict yield)
high predictive algorithm obtained
cond. xm| |cond.ym cond. zm bycombining many low-prcision
I
d1>a d1<a * models
d2>b| d2<b  d3>c |d3<c ’
d4>e | d4<e ”
n% 0% p%
1%  m% regression tree ”’
2. prediction model (regression tree) ””
was generated with each sample
d1, d2, d3, d4: randomly chose descriptors random forest

See also 160723 LS Shunichiroh_ KATOH .
7



Problems in ML

“Activity cliffs”

...modest changes in chemical structure can lead to notable changes in reaction outcome
(Cruz-Monteagudo, M. et al., Drug Discov. Today 2014, 19, 1069.)

Observed Yield

100~ 100~

75- 75+

o
Q
>
kel
50- g 50-
Q
8
(@)
259 25-
0- 0-
0 25 50 75 1(I)O 0 25 50 7I5 1(I)O
Predicted Yield Predicted Yield
Training: aryl bromide Training: aryl bromide
Test: aryl chloride Test: aryl iodide
-> overpredicted -> underpredicted

—training data need to spread across the chemical space of interest.

18



Out-of-Sample Prediction

Training set Test set

N Ph O\N N EtO,C N

e i\/( \(\_/z F

PH 1 2 3 Ph 4 Me O Ph— Oy BraN— O~
o o \ \ \ /
F
Sy M N Ph n Me 16 17 Me 18
\ /
o)
5 Me 6 C02Et 7 o\N Me o\N (/ o\N
\ / \ / \ /

12 Me

\O\N Meozc\@N Oy \ / M
S—l/ / @—l/ 22 'CO,Me 23 'OMe
Et0,C 13 14 15

\ Me \ Me
19 NBn, 20 N 21 CO,Me
()
C02Et EtO,C 11



Out-of-Sample Prediction

Train: 15 additives — Test: other 8 additives

Observed Yield

B Additive 16 Additive 17 Additive 18 Additive 19
1007 B2 _ 091 =il [RZ=085 7l | Be=iza R2 = 0.72
RMSE = 6.9 RMSE = 10.5 , RMSE = 13.7 RMSE = 14.8
19
50 -
25=
o :
Additive 20 Additive 21 Additive 22 Additive 23
100~ R2=0.89 . R2=0.86 . Re=0.79 . R2=0.90
RMSE = 8.6 »' RMSE = 11.8 RMSE = 12.7 RMSE = 9.2
75- %
50 -
25~

0 25 50 75 100 O 25 50 75 100 O 25 50 75

100 O 25 50 75 100

Predicted Yield

20



Mechanistic Analysis

It is difficult to interpret the outcome of ML.
Which is the important descriptor???

Descriptorl | Descriptor2 ' Descriptorl | Descriptor2 !
1 X, Y, 1 X Y,

2 X, Y, 2
_>
3 Xs Y, 3
Descriptor1
i Lo randomized
prediction

Random Forest

1004 R2=0.92 .
- RMSE =7.8 / —_—
S 757
g Prediction
3 get worse
8

25 0 25 50 75 100
Predicted Yield

Xm Y2
Xn Y3

i prediction

How much the mean squared error(MSE) increased.

If MSE increases a lot
... the randomized descriptor is important.

1) T. Hastie, R. Tibshirani, J. Friedman, “The Elements of Statistical Learning: Data Mining, Inference, ang;

Prediction” Springer, 2009.



Variable Importance Plot

Descriptor Increase in Mean Squared Error (%)
Additive *C3 NMR Shift -

Additive E LUMO -
Aryl Halide *C3 NMR Shift -

Additive *O1 Electrostatic Charge - 6
Additive *C5 Electrostatic Charge - 5 C \N 2
Additive Dipole Moment - \ /
Base Electronegativity - 4 3

Additive Molecular Volume =
Additive E HOMO -
Additive V1 Intensity -

o -
-
o
N
o
w
o
N
o

Authors said that “the descriptors suggest that the propensity of the additive to act as an
electrophile influences reaction outcomes.”

So author hypothesized oxidative addition of Pd to isoxazole was main side reaction, and
it was confirmed by experiment.

Pd(PPh3), (1 eq.) o OH
o C¢De, 60 °C, 9 h z SPd'Ln
N | | +
Y, N =N
3 CN
(5eq.) H 1:3.4

However, it is difficult to connect *C3 shift and oxidative addition.

Problem in this method is that if multiple correlated variables are present, each will
individually appear to have less importance.

22



Me

100 1

751

Observed Yield
()]
o

Short Summary

R2=0.92

Random Forest

RMSE =7.8

25 0
Predicted Yield

25 50

75

100

Pd cat. (10 mol%)
additive (1 eq.)
base (1.5 eq.)
DMSO (0.1 M), 60 °C, 16 h

ZI

R y R

16x24x3x4 = 4608 reactions e

The result of intermolecular reaction screening was predicted.

However, as additive consumption was not included in out put,
the algorithm will have problem when substrates with
embedded isoxazoles.

v Yield was predicted with high accuracy.
v’ All descriptor was calculated only by computer.
v Reaction performance can be predicted without chemical theory.

e Interpretation of valuable importance plot.

e In this report, aryl halides and isoxazoles were used as screening conditions. These
compound has large similarity in chemical structures.
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Dehydroxyfluorination

Nielsen, M. L.; Ugaz, C. R.; Li, W.; Doyle, A. G. J. Am. Chem. Soc. 2015, 137, 9571

(0 J0)
OH \\S// DBU F
= + R ~F toluene, 48 h )\
R™ R | _ > 7 R
N
PyFluor
(1.1 eq.)

thermally stable, inexpensive
diversity in sulfonylfluorides

The system is useful for acyclic secondary alcohol.
This protocol gave poor yield for activated alcohols, because the intermediate were attacked by DBU.
If the reaction didn't proceed well with "best condition”, alternative condition must be investigated.

-> Reaction screening was conducted to understand the reactivity of sulfonyl fluorides.



Reaction Screening

sulfonyl fluoride (1.1 eq.) - -

base (1.5 eq.) 0\\/?

OH THF (0.4 M), 48 h s’ F
) )O“ R ) OO

32+5 alcohols L - internal standard

F

5 sulfonyl fluorides:

SO,F SO,F SO,F SO,F SO,F
| (Y | /©/ | | e |
~N
o ~ F,C O,N

Kee: 1 1.7 4.9 15 44000
-
reactive
4b :
ases N,t—Bu
N N Ny B I
N N, JE—
(\O N)\\N AN N
N
e | Me,N NMe, (Ny
Me
DBU MTBD BTMG BTPP
-

sterically bulky
32x5x4 = 640 reactions



Alcohols

Unctivated alcohols Activated alcohols N
Me\ i /\/\)O\H /Q \ .
N=N n-Bu
N N Me PN N
<\ | Trt— NN
N OH
'il i /\)V N\N/\OH O
Me M /
Ph Me e_u
Me

Ph Me
\/\/\OH OH

Ph Me

NBZZ /@/\OH "'Per\S
0]
OH 7\
\I(\/\ N N . oh 0/\0

Ph \

N HO </ | /) OH
Py N N - N MeOﬂ\Me
Ph/\|/
MeO
OH Me
OBzOBz \n/\/\o NO,
N ~_-Ph OH o



Alcohols

Cyclic alcohols Additional Substrate Classes
Me

Meﬁ_

TrtHN CO,Me —



External Validation Set

</N*N A OH

OH

o

2

OH

PhO )\
N Me

V4

¢ Q.O c

n'BuZN
¢5



Problem in Previous

100-
® : °® i S
" 1 o0 -7
® o’:r
75= .‘,’.o °
% ...o}/ S
; ° . o,,o
o 3 .o.‘ o"o. °
= 50- L4 .0. e’ :
o %0’ ®
g o..:‘ ’..! ’o..
. wedl.,
25- %
s
° ’fv":o :‘ ® ° R2 = 0'893
oy | c RMSE = 9.
0 25 50 75

Predicted Yield
R® = 0.893; RMS error = 9.3%

Prediction of 30% test set

Alcohol *O1 Electrostatic Charge -
Alcohol E HOMO -

Alcohol Molecular Weight -
Alcohol Dipole Moment -

Alcohol *H1 Electrostatic Charge -
Base Molecular Weight -

Alcohol *H1 NMR Shift -

Alcohol Molecular Volume -
Alcohol Ovality -

Alcohol Hardness -

Base Ovality -

Alcohol E LUMO -

Alcohol Surface Area -

Alcohol *C1 Electrostatic Charge -
Base Dipole Moment -

Alcohol *C1 NMR Shift -

Base *N1 Electrostatic Charge -
Sulfonyl Fluoride E HOMO -

10

o-

Increase in Mean Squared Error (% yield)®

Method

° 100- s
.’ s ® o = S
7 ® . ° o
‘e e N °® &, °® ’,’
S R B e e
75- e ° i ,.’

o 2 ) ,’/

g o2 .0’ CRSAE ’:, L

e ..o ° o

© 50- ® St L

E 97 0 @

» iz °

S e

> e L ]
25- 2 -
%
R2 = 0.163
gon BE RMSE = 24.6%
100 0 25 50 75 100
Predicted Yield

R’ = 0.163; RMS error = 24.6%

Prediction of external validation set
-> poor prediction

Overfitting appeared

Chemically irrelevant variables are highlighted in
valuable importance plot (left figure).

->too many descriptor makes the performance worse.

'
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Modified Method

o-"
: - N 0]
Descriptors relevant to the nucleophilic substitution was selected
and new categorical descriptors was added. \éﬂ)y

e Calculated descriptors _ alcohol base sulfonyl fluoride
- Alcohol - *C1 electrostatic charge/*C1 exposed areal/electronegativity

- Base - *N1 exposed area

- Sulfonyl fluoride - *S1 electrostatic charge/*F1 electrostatic charge/*OL1 electrostatic charge
e Categorical descriptors
- Alcohol — primary/secondaryl/tertiary/cyclic/4-membered ring/5-membered ring/6-membered

ring/7-membered ring/benzylic/allylic/homobenzylic/nomoallylic/a-carbonyl/p-
carbonyl/hemiacetal/amino alcohol

100 - | 1 = L

L] L
® ® i ® ® s 84
75 %»9“0 | 75 - P

50 - ® “es 7 oo

50-

Observed Yield
)
-]
Observed Yield

[ ]
25- - o® 25 - L6

gt R? = 0.93 £ R2=0.712

o- @e "o RMSE = 7.4% . RMSE = 16.1%
0 25 50 75 100 ' .
Predicted Yield

0 25 50 75 100
Predicted Yield
R® = 0.712; RMS error = 16.1%

Prediction of 30% test set Prediction of external validation set



Summary

Machine Learning was applyed to predict reaction performance
1. Intermolecular reaction screening

Pd cat. (10 mol%)
additive (1 eq.)

H
NH X base (1.5 eq.) N
2 S DMSO (0.1 M), 60 °C, 16 h S
+ | P R > | P R
Me Me

Reaction perfomance can be predicted well by automated caluculation.

2. Usual substrate scope

sulfonyl fluoride (1.1 eq.)
base (1.5 eq.) o 0
OH THF (0.4 M), 48 h

) o’\R—>)

Reaction perfomance can be predicted well by defining appropriate descriptor.




/

NH

Pd—L
\
OTf

MeO

i-Pr
XPhos

OMe

Pi-Bu2

i-Pr I i-Pr
i-Pr

t-BuBrettPhos

Pt-Bu2

i-Pr i-Pr

OaW

i-Pr
t-BuXPhos

i-Pr
AdBrettPhos



Descriptors

e Additive Descriptors (n = 19)

Eomor ELumo: Dipole Moment, Electronegativity, Hardness, Molecular Volume, Molecular Weight, Ovality,
Surface Area, *C3 NMR Shift, *C3 Electrostatic Charge, *C4 NMR Shift, *C4 Electrostatic Charge, *C5 NMR
Shift, *C5 Electrostatic Charge, *N1 Electrostatic Charge, *O1 Electrostatic Charge, V1 Frequency, V1
Intensity

e Aryl Halide Descriptors (n = 27)

Evomor ELumos Dipole Moment, Electronegativity, Hardness, Molecular Volume, Molecular Weight, Ovality,
Surface Area, *C1 NMR Shift, *C1 Electrostatic Charge, *C2 NMR Shift, *C2 Electrostatic Charge, *C3 NMR
Shift, *C3 Electrostatic Charge, *C4 NMR Shift, *C4 Electrostatic Charge, *H2 NMR Shift, *H2 Electrostatic
Charge, *H3 NMR Shift, *H3 Electrostatic Charge, V1 Frequency, V1 Intensity, V2 Frequency, V2 Intensity,
V3 Frequency, V3 Intensity

e Base Descriptors (n = 10)
Enomor ELumos Dipole Moment, Electronegativity, Hardness, Molecular Volume, Molecular Weight, Ovality,
Surface Area, *N1 Electrostatic Charge

e Ligand Descriptors (n = 64)

Dipole Moment, *C1 NMR Shift, *C1 Electrostatic Charge, *C2 NMR Shift, *C2 Electrostatic Charge, *C3
NMR Shift, *C3 Electrostatic Charge, *C4 NMR Shift, *C4 Electrostatic Charge, *C5 NMR Shift, *C5
Electrostatic Charge, *C6 NMR Shift, *C6 Electrostatic Charge, *C7 NMR Shift, *C7 Electrostatic Charge,
*C8 NMR Shift, *C8 Electrostatic Charge, *C9 NMR Shift, *C9 Electrostatic Charge, *C10 NMR Shift, *C10
Electrostatic Charge, *C11 NMR Shift, *C11 Electrostatic Charge, *C12 NMR Shift, *C12 Electrostatic
Charge, *C13 NMR Shift, *C13 Electrostatic Charge, *C14 NMR Shift, *C14 Electrostatic Charge, *C15 NMR
Shift, *C15 Electrostatic Charge, *C16 NMR Shift, *C16 Electrostatic Charge, *C17 NMR Shift, *C17
Electrostatic Charge, *H11 NMR Shift, *H11 Electrostatic Charge, *H3 NMR Shift, *H3 Electrostatic Charge,
*H4 NMR Shift, *H4 Electrostatic Charge, *H9 NMR Shift, *H9 Electrostatic Charge, *P1 Electrostatic
Charge, V1 Frequency, V1 Intensity, V2 Frequency, V2 Intensity, V3 Frequency, V3 Intensity, V4 Frequency,
V4 Intensity, V5 Frequency, V5 Intensity, V6 Frequency, V6 Intensity, V7 Frequency, V7 Intensity, V8
Frequency, V8 Intensity, V9 Frequency, V9 Intensity, V10 Frequency, V10 Intensity



Isoxazole Descriptors

*C3_elect *C4_elect *C5_elect*N1_elect*O1_elect
* —_ * —_ * — — —
C3_NMR rostatic__ C4—NMR rostatic__ C5—NMR rostatic_ rostatic_ rostatic _ E HOMO E_LUMO
_shift _shift _shift
charge charge charge charge charge

15 139.05 0.009 116.54 0.009 154.93 0.429 -0.25 -0.158 -0.2485 -0.0459
23 163.09 0.721 95.32 -0.581  155.72 0.241 -0.383 -0.106  -0.2605 -0.0587

V1 freque V1 intensidipole_mo Electrone molecular molecular : surface_ar
. hardness ) Ovality
ncy ty ment gativity _volume _weight ea
15 892.395 10.204 3.184221 0.15 0.1 12196 119.123 1.152 137.07
23 697.362 5.037 3.44567 0.16 0.1 164.92 171.152 1.343 195.35
(0
N
/
15
(0
EtO,C { 7N



Reaction of Isoxazole and Transition Metal

¢ Direct C-H arylation of Isoxazoles
(Fall, Y.; Reynaud, C.; Doucet, H.; Santelli, M. Eur. J. Org. Chem. 2009, 4041.)

PdCl, (cat.)
H AcOK

Ar
4 DMA, 130 °C, 20 h
ArX + ]\ / \
/N /N
(o) (o)

(Shigenobu, M.; Takenaka, K.; Sasai, H. Angew. Chem. Int. Ed. 2015, 54, 9572.)
[PdACI,(MeCN),] (cat.)

PPh
\ 2
] ) DPPBz (cat.) . ) |
| R R AgF (2 eq.) R R Z
DMA, 100 °C, 24 h PPh,
t N/ \ > N/ \ DPPBz
N 5 ~H
Me (0]

Me

e Oxidative addition of trinsition metal to isoxazole N-O bond
(Yu, S.; Tang, G.; Li, Y.; Zhou, X.; Lan, Yu.; Li, X., Angew. Chem. Int. Ed. 2016, 55, 8696.)

"

0 o [Rth*(MeCN)3](SbF6)2 (Cat )
¢« N PivOH (1-2 eq.), DCM, 100 °c (
+ \
7 W




Reaction of isoxazole with Pd(PPh,),

\
\[4 @:4”
163.09

*C3 8 (ppm) 139.05
Pd(PPh;), (1 eq.)
N0, C¢Dg, 60 °C, 9 h Pdu,_n °"'
| N
=N
X CN
(5 eq.)
31
P-NMR
Pd(PPhy), CO,Et
= TR | © P
(PPhj), + o
"free" PPh3 @//
(2) 1D JJ M y ,/fk o
2c 3 \é\l \(YCOZEt
ia+1c ! A N -0
(3) o FsC
i< @@
\ 5 /
( 4) 1b +1c LiL_,_N_J.L“MM L»__l / \%M__A\ZW,B‘; e A
40 35 30 25 20 15 10 5
ppm
Side reaction was predicted and determined by ML. 37

Important descriptor was extracted automatically by ML.



Combined Graph (Fluorination)

A highest - r=a0z highest
100 4 observed™ . 2" - A’/ predicted:
@
‘@..o 4
8, &% 15
0% "8
O 154 v ‘. ‘lo
E v ® op . : >
'>__ © L) = 0
b o] o * :’ 'Y L)
> 50 Vore o8 w
Q@ w °
) '0. o ° °
8 Al ® 2ag: A=2%
25 - ° ° .i. 2ah: A= 2%
.,.’. e ® 2ai: A=4%
P . " V 2ag: A=4%
3&: - ot  2ag:4=4%
0 - "s o B
0 25 50 75 100
Predicted Yield
Test Set External Validation Set
o | = ) v ¢ |
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