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Definitions
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Model performance against test sets improves
if and only if
the variation of sensitivity and the variation of specificity is greater than zero
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An example

Predicted Predicted
+ - + -
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_ Internal test set External test set

Pos. Prevalence 0.900 0.900

Sensitivity 0.710 0.680 Decrease

Specificity 0.890 0.850 Decrease

MCC 0.377 0.329 Decrease

Accuracy 0.728 0.697 Decrease

Bal. accuracy 0.800 0.765 Decrease

Pos. Predictivity 0.983 0.976 Decrease

Neg. Predictivity 0.254 0.228 Decrease Lhasa

Limited

Kappa 0.284 0.239 Decrease



The issue

Predicted Predicted
+ - + -
< T | 639 | 261 < t | 408 | 192
- )
© ©
< <
- 11 89 - 60 340
_ Internal test set External test set
Pos. Prevalence 0.900 0.600
Sensitivity 0.710 0.680 Decrease
Specificity 0.890 0.850 Decrease
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The issue

Predicted Predicted
+ - + -
< T | 639 | 261 < t | 408 | 192
) )
© ©
< <
- 11 89 - | 60 | 340
_ Internal test set External test set
Pos. Prevalence 0.900 0.600
Sensitivity 0.710 0.680 Decrease
Specificity 0.890 0.850 Decrease
MCC 0.377 0.52 Increase
Accuracy 0.728 0.748 Increase
Bal. accuracy 0.800 0.765 Decrease
Pos. Predictivity 0.983 0.872
Neg. Predictivity 0.254 0.639 Increase Lhasa
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Kappa 0.284 0.502 Increase



Take home message

When a change/shift of prevalence occurs:

Comparing metrics such as MCC or accuracy might not be a good idea

If possible, use the same test set or maintain the same prevalence.

If not possible, use the balanced accuracy (or sensitivity and specificity)
Or if balanced accuracy (or sensitivity and specificity) is (are) not
appropriate for the study, well that’s a “cul de sac” or is something wrong
with the data”?

Unless there is a way beyond balanced accuracy...

This is the topic of my talk...
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Before we start...
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Accuracy

+ Predicted -
+ Sen - Pre*-N (1—Sen)-Pret-N
Actual
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Accuracy

+ Predicted -
+ Sen - Pre*-N (1—Sen)-Pret-N
Actual
-|(1—-Spe)-(1 —Pre*)-N Spe- (1 —Pre*)-N
4 TP +TN
CC =
N

= Acc = Sen X Pre™ + Spe X (1 — Pre™)
Lhasa

Limited




From accuracy to balanced accuracy

Acc = Sen X Pre™ + Spe X (1 — Pre™)

Sensitivity = 0.71
Specificity = 0.89

0.50
Test Set Prevalence



From accuracy to balanced accuracy

Acc = Sen X Pre™ + Spe X (1 — Pre™)

1.00-

\ when Pre™ = 0.5 then

| 1 1
. Acc’ ==X Sen + = X Spe
%U.SU' 2 2
Sensitivity = 0.71
. Specificity = 0.89 _ Sen ; Spe — Bal Acc
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Balanced accuracy is an accuracy calibrated
to a prevalence of 0.5.

AccP™®” = Sen x Pre* + Spe x (1 — Pre™)
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+ Predicted -

+ Sen-Pre*- N (1—Sen)-Pre*-N

Actual
-|(1—-Spe)-(1—Pre*)-N Spe- (1 —Pre*)-N

TP-TN —FP-FN

MCC =
V(TP + FP)(TP + FN)(TN + FP)(TN + FN)
Sen + Spe — 1
=>MCC =
Pre

\/[Sen + (1 — Spe) (1 — +)] [Spe + (1 — Sen) = Pre” +)]
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From MCC to balanced MCC

Sen + Spe — 1
MCC =

\/[Sen + (1 — Spe) d ;:;Zeﬂ] [Spe + (1 — Sen) a Pre” +)]

— Pre
Sensitivity = 0.71
Specificity = 0.89

MCC

0.5
Test Set Prevalence



From MCC to balanced MCC

Sen + Spe — 1
MCC =

\/[Sen + (1 — Spe) d ;rizeﬂ] [Spe + (1 — Sen) a Pre” +)]

— Pre
: m when Pret = 0.5 then

gensgﬁvityi 0.71 MCCOS5 = Sen + Spe — 1 _ Bal MCC
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Use cases

« Applicability domain

« External and internal test sets (the issue at the beginning of the
presentation)

* Non-stationary data streams

 Cluster splits
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Tale of two MCCs

Predicted

+ -

+ | 816 | 384

- | 120 | 680

Predicted

+ -

639 | 261

11 89

_ Test set no AD Test set with AD

Pos. Prevalence 0.600 0.900
Sensitivity 0.680 0.710
Specificity 0.850 0.890
MCC 0.520 0.377
Bal. MCC 0.538 0.610

Increase
Increase 6

“balanced or not balanced”

Decrease
Increase @
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Back to the issue

Predicted Predicted
+ - + -
< T | 639 | 261 < t | 408 | 192
) )
© ©
< <
- 11 89 - | 60 | 340
_ Internal test set External test set
Pos. Prevalence 0.900 0.600
Sensitivity 0.710 0.680 Decrease
Specificity 0.890 0.850 Decrease
MCC 0.377 0.52 Increase
Accuracy 0.728 0.748 Increase
Bal. accuracy 0.800 0.765 Decrease
Bal. MCC 0.610 0.538 Decrease
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Final words

Mind the prevalence

Balanced metrics
Pros Cons

Does not represent the metric
value at the real prevalence.

If it is known the metric can be
calibrated to that prevalence (the test dataset
Under investigation has
a different prevalence).

Fair comparison
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Thanks for listening
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Positive predictivity (PPV)
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From PPV to balanced PPV

Sen - Pre*
Sen - Pre* +(1 — Spe) - (1 — Pret)

PPV =

when Pret = 0.5 then

.5’—‘:_:
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Negative predictivity (NPV)

+ Predicted -

+ Sen-Pre*- N (1—Sen)-Pre*-N
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TN
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From NPV to balanced NPV

Spe - (1 — Pre™)

NPV =
Spe:-(1—Pre*)+ (1 —Sen)-Pret

when Pret = 0.5 then

. Spe
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+ Predicted -

+ Sen-Pre*- N (1—Sen)-Pre*-N

Actual
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From kappa to balanced kappa

2-(Sen+ Spe—1)

) (1— Pre+)] [Spe + (1 — Sen) (1 frlf:eﬂ]

K =

[Sen + (1 — Spe

1.0-
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Sensitivity = 0.71
Specificity = 0.89

0.5-

Lhasa

Limited

-1.0-

0.00 0.25 0.50 0.75 1.00
Test Set Prevalence



	Slide 1: Ninth Joint Sheffield Conference on Chemoinformatics – 20th June 2023
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15: Balanced accuracy is an accuracy calibrated to a prevalence of 0.5.
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24: Thanks for listening
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31

