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Machine Learning Modeling

Regression

e For continuous numerical
responses values

e Correlation- and error-based
metrics

e Examples: Linear regression, Ridge
regression, SVR
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Classification

e For discrete categories or labels

e Metrics like Accuracy, Precision,
Recall

e Examples: LDA, Logistic regression,
SvC



Metrics for regression-based models

R?, MAE, RMSEC

Regression-based

QSAR workflow Cross-validation Q2L00, Q-LMO,
statistics MAE-CV
Test set statistics Q2% Q%,, Q%




Metrics for regression-based models
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Metrics for regression-based models
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Metrics for regression-based models
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Internal vs. External Validation

External
validation

HEBE
[]
N B
Robustness Predictivity
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Different scenarios

High Q?, High Qs e Low@, High Qzext

High @2, Low Q2,,, Low Q% Low Q2
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Regression
models
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Sources of variations of model qualities

Descriptor type

\T

@rﬁ

Algorithm selection
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Determinants of
model qualities

Feature selection

Split type



Machine Learning Regression Workflow
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Data sets/Benchmark data sets

Aqueous solubility data logP values

6265 compounds 13745 compounds

a7nACh Receptor agonists BCF values 05

1453 compounds 603 compounds

Reorganization energy J. Chem. Inf. Model. 2017, 57, 36-49.

171 structures




Novel metrics

Qéabustness = QEV X (1 - JlR%rmn - ngl ) (1)

Qtz?eneralizabih'ty = ng X (1— v |QE'.?"V - ng' ) (2)

2 _ 3*n2 N2 \2 .
QPETfm'mance - JQRabusmess X (.QGeneraiizabiIity.) (3)

Toth’s criteria: J. Comput.-Aided Mol. Des. 2013, 27, 837—844
DITC

LAB



Training and validation set metrlcsl Novel Q2 metrics Test set
2F2ext

Division Model

DNN

CatBoost
XGBoost
ExtraTrees
Random Forest
Division 1{XGBRF

Data set 1

Low

GB
SVR
kNN
MLR
PLS
DNN

CatBoost
XGBoost
ExtraTrees
Random Forest
Division 2| XGBRF

GB

DNN

CatBoost
XGBoost
ExtraTrees
Random Forest
Division 3| XGBRF

GB
SVR
kNN
MLR
PLS




Training and validation set metricsl Novel Q2 metrics

Test set

Division Model

R2 Q2F2val |Q2robust IQden |Q2perform

DNN
CatBoost
XGBoost
ExtraTrees

Division 1

DNN
CatBoost
XGBoost
ExtraTrees

Division 2| XGBRF

DNN
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Q2F2ext

Data set 2



Division

Training and validation set metﬂcs|

Novel Q2 metrics

Test set

Model

Q2-10-fold

Division 1

DNN
CatBoost
XGBoost
ExtraTrees
Random Forest
XGBRF
GB

SVR

kNN

MLR

PLS

Division 2

DNN
CatBoost
XGBoost
ExtraTrees
Random Forest
XGBRF
GB

SVR
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SVR
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Data set 3



Dataset1
B 02F2ext @ 02Performance
Division1 Division 2 Division 3

DNN Do
<1 CatBoost <1 CatBoost

ML MLR.

Dataset2
8 02F2ext @ 02performance

Division 1 Division 2 Division 3

Dataset3
8 02F2ext @ 02performance

Division1 Division 2 Division 3

Data sets 1-3
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Set | Split Model | Q}ppustnes Qéeneratizabitity) Qherformance, STingency | Qizp
Test

1 Random | SVR | 0.618 0.762 0.710 | Pass 0.806
ED SVR | 0.618 0.742 0.698 Pass 0.802
Y- 'SVR | 0.631 | 0.772 l0.722 | Pass 0.783
stratified

2 | Random | GB | 0.333 0.454 0.409 | Fail 0.516
ED GB | 0.297 0.539 0.442 Fail 0.516
Y- SVR | 0.349 0.541 0.467 Fail 0.534
stratified

3 | Random | MLR | 0.533 0.59 0.571 Pass 0.715
ED PLS | 0.544 0.574 0.564 Pass 0.727
Y- SVR | 0.373 0.564 0.492 | Fail 0.623
stratified

Data sets 1-3
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Division

Huué-l 02 mei-tric:s

Dlivision |

DNN
CatBoost
XGBoost
ExtraTrees
Random For

Clivision 4

DNN

CatBoost
XGBoost
ExtraTrees
Random For

0,52
0.72 073
0.72 n.?3

Llivision 3

DNN
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XGBoost
ExtraTrees
Random For

0.74

06z 0.74
07z 074
073 074
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0.74
0.7z
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Test set
S =2
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Data set 4
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Division 1

Dataset 4
B 02perform B02F2ext

Division 2

Division 3
DNN
PLS .- 1"-catBoost

MLR’ GBoost
kNr{ raTrees

Data set 4



ivision Model ning and validation set mek MNovel Q2 metrics | |Test sex
@2robus| 32gen| 32perform | G2ZF 2ext

DHN 0.53 Undefine Undefined| <0
CatBoost 0.43 0.6z 0.55
KGBoost 0.36 0.55 0.50
ExtraTrees 0.42 064 0.56
Random For 0.4 060 0.53

Division | XGBRF 0.4z 0.55 0.5z
GB 0.45 0.E1 0.55
SYR 043 065 0.59
kNN 0.4z 0.49 047
MLR 0.62 Undefine Undefined
PLS 0.62 Undefine Undefined
DNN 0.51 0.43 0.50
CatBoost 0.4 0.57
¥GBoost 0.34 053
ExtraTrees 0.40 053 031
Random For 042 0ES 0.56

[livizion 4 KGBRF 0.4z 0.E1 0.54
GE 042 063 0.58
SVR 0.48 0.43 0.43
kNN 0.33 0.43 0.dE
MLR 0.45 0.54
PLS 0.48 0.54
DNN 0.47
CatBoost 0.54
XGBoost 0.4z
ExtraTrees 0.52
Random For

Divizion ] XGBRF
GB
SVR
kNN
MLR
PLS

Lo

High

Dataset5
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Dataset5

Dataset5
B 02perform @02F2ext
Division 1 Division 2

CatBoost
W R o DNN
gs...  XGBoost pig. CatBoost

kNN-""

XGBoost

SVR

XGBRF

MLR

kNN

Division 3




Alternate formula

Table 1. Head-to-Head Comparison of Models Selected Using Qﬁmﬂmmm and “Alternate Q;;E,.fummﬁ"

training validation external
data set,/split model selection criterion R Qs Q% Qs szj_m Q';:z;n
1/1 VR Qpesicemance 0.865 0509 0.813 0813 0.806 0.506
/1 MLE/PLS alternate Qerformance 0.757 0.753 0.743 0.743 0.732/0.731 0.732,/0.731
1/2 SVE Qexfiocmance 0.866 0810 0.5804 0.804 0.802 0.302
1/2 MLE/PLS alternate Q_:'w__-nmm 0.753 0750 0.737 0.737 0.737 0.737

“Best models are highlighted in “bold”.
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Conclusion
The proposed framework can be an efficient tool for
an unbiased selection of the best model from a set
of competing models.

This framework is neither overdependent on cross-
validation performance nor does it exhibit an
incorrect dependence solely on external validation
performance for model selection.

A simple guantitative value for a proposed metric
can easily guide researchers toward reliable model
selection, and the failed cases can prompt the
modeler to modify the model development protocol.
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Conclusion

In fact, a single best model selected from the three
best models originating from three training-
validation splits (based on the values of Q2 ¢ ormance)
can guide the modelers to also select the appropriate
data splitting algorithm without using external/test
set information.

In our view, this framework for the unbiased
selection of the best model from competing models
can be included in the “Best Practices for Model
Development, Validation, and Exploitation”
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using the modeling set information only. Three quantitative data
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RASAR Descriptor Calculator 3.0.3 is available now

RASAR 3.0.3

Lab software Home v  ClassicDTC Tools DataApps Webservices  Expert Systems  Other DTC Lab Tools

DTC Lab Tools

Supplementary site

Arithmetic Residuals in K Groups ...
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