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1.638
1.308
1.060
0.823
0.512
[0.358
0.309
0.090
0.033

features

sample-wide peak count
maximum number of contnbutors
mimmum number of contnbutors
template DMNA amplified
locus-specific peak count
min/max observed peak heights
probability of dropout

minimum observed peak height
maximum observed peak height

size of locus



Table 2.

Summary metrics for six mac hine learmning algorithms' leamed models for number of contributor
classification. Training and testing accuracies are used to evaluate model convergence, and represent
total accuracy across all 4 classes. Hyperparameter tuning was limited to hy perparameters impacting
model variance, and the reported metrics describe optimized models.

Mumber of f1- Training/testing
Classifier Contributors Precizion Recall score Informedness Accuracy
F-NIN 1 0.96 099 098 0.940 0.981/0.955
2 0.958 097 097
3 0.98 0.87 092
4 0.79 0.98 086
CART 1 0.97 100 098 0.965 0.974/0.975
2 0.98 D98 098
3 0.99 093 096
4 0.93 098 0.9
Logistic 1 0.97 098 097 0.949 0.963/0.961
regression
0.97 095 098
1.00 0.6 094
0.83 1.00 090
MLP 1 0.97 D9 096 0.943 0.970/0.962
2 0.96 D97 096
3 0.96 095 096
4 0.95 1.00 097
SWM (linear) 1 0.91 096 094 0.842 0.912/0.8%4
2 0.89 0.90 0.89
3 0.89 077 082
4 0.88 0.9 092
SWM (non- 1 0.96 099 097 0.957 0.582/0.971
linear)

0.98 097 097
1.00 093 096
0.93 1.00 096
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Fig. 1. Learning curve for a number of contributor estimation model derived from a support vector machine with a Gaussian kernel.
The shaded area represents one standard deviation. Testing accuracy: 0.980. Note: the number of samples in this figure represent
t...
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Fig. 2. Accuracy rates for several number of contributor estimation models, PACE (dynamic threshold), MAC at 50rfu, 100rfu, 150rfu
and dynamic threshold.
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Table 2.
summary metncs for six machine learning algornthms’ leamed models for number of contnbutor
classification. Training and testing accuracies are used to evaluate model convergence, and represent
total accuracy across all £ classes. Hyperparameter tuning was mited to hy perparameters impacting
model vanance, and the reported metrics describe optimized models.

Mumber of f1- Training/testing
Classifier Contnbutors Frecision HRecall score Informedness Accuracy
r-NMN 1 0.96 095 098 0.940 0.981/0.955
2 0.93 0.97 097
3 0.93 0.87 092
4 0.79 098 0488

CART 0.97 1.00 093 0.965 0.974/0.975
0.98 098 093
0.99 093 09

0.93 098 096

R R



=10

RE

(+),

=3
bt
il

D FHER

11

FE(+),0)

-

—
=a

— \
liky

TAE(-)
BR21E (FN)

(BiEBEER)

=21 (TN)

BSTES
9 % (FOR)
S EN

P,

/i\ B

il
[

BRE - 2R(CEDHD(+)DEIG =

B (+)THoT FES(+)THZHAE
TPR), B, U —JL, BT BHEE

TP

~ X condition positive

B(CE (-)THDIC FEAN(+)THIEE (13T
FE FPR), TA—)L77D H(E& > TIABONDE),

X FP

(Eﬁﬁlil’:

Probability of False Alarm =

B LE tb (LR+) =

~ X prediction negative

SEEF FA8(+)
ae 5% (TP)
(+) g
H(C @ERE (FP)
(=) (5 178638R)
B4 89 = (PPV), TL>>3
— TP
TE& % Accuracy ~ I prediction positive
_ _STP+XIN — :
= T total population | -7/ VR -4 X)W - L—

b ERo>T BRDIAATUED

4 - T FP
¥ (FDR) = T prediction positive

I B9 S (NPV)
X TN

et LE b (LR-) =

= 3 prediction negative

X condition negative

TPR
FPR

FNR

TNR

(B (+)THIDC FEN()THD |
25 ({BM21EE FNR), BEUREER =

T FN
X condition positive

BT (1) THoT FEE(-)TH B

& (BEREE TNR), 52E
Specificity (SPC)

_ X TN
T condition negative

SHfE AW X H (DOR) = LR"



s T E &

https.//vvvvvv.slideshare.net/havatomaki9/|itmachine|earning



https://www.slideshare.net/hayatomaki9/litmachinelearning

