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Fig 1. Visualization of the logistic regression model for the Pima dataset by means of a nomogram.

The contribution of each input variable x® (f® = w® x®) to the linear predictor is shifted and rescaled such
that each contribution has a minimal value of zero and the maximal value of all contributions is 100. Each
input variable is represented by means of a scale and the value of the contribution can be found by drawing a
vertical line from the input variable value to the points scale on top of the plot. Adding the contributions of all
input variables results in the total points. These can be transformed into a risk estimate by drawing a vertical
line from the total points scale to the risk scale. The importance of the inputs is represented by means of the
length of the scales: variables with longer scales have a larger impact on the risk prediction.

doi:10.1371/journal.pone.0164568.g001
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Fig 2. Visualization of the logistic regression model for the Pima dataset by means of a color plot or

color based nomogram. The contribution of each input variable x® (f® = w® x®)) to the linear predictor is
shifted such that each contribution has a minimal value of zero. To obtain a risk estimate for an observation,
the color corresponding to the input's value needs to be indicated. This color is converted to a point by means
of the color legend at the right. Repeating this for each input and summing the resulting points, yields the
score. This score is then converted into the risk estimate by means of the bottom most color bar. The
importance of the inputs is represented by means of the redness of the color: variables with a higher intensity
in red have a larger impact on the risk prediction.

doi10.1371/journal.pone.0164568.9002
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Fig 3. Performance of the approximation method (i.e. the expansion without the rest term G+ onthe

two circles data. (@) Latent variables of the SVM model with RBF kernel and the approximation. The
approximation is not able to approximate the latent variables of the SVM model. (b) Contributions of the
approximation of the SVM model and the rest term. The box-plots visualize the range of the different
contributions. The upper boxplot indicates the range of the latent variable of the SVM model. In this example
the range of the rest term cannot be ignored in comparison with the ranges of the other contributions. As
such, the approximation of this specific SVM model cannot serve as an explanation of the SVM model.

doi:10.1371/journal.pone.0164568.g003
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Fig 4. Performance of the approximation method (i.e. the expansion without the rest term
(a) Latent variables of the SVM model with RBF kernel and the
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approximation. The approximated latent variable is a good estimate of the latent variable of the SVM model.
(b) Contributions of the approximation of the second SVM model and the rest term. The box-plots visualize
the range of the different contributions. The upper boxplot indicates the range of the latent variable of the
SVM model. In this example the range of the rest term can be ignored in comparison with the ranges of the
other contributions. As such, the approximation of this specific SVM model will be able to explain the

classifier.

doi:10.1371/journal.pone.0164568.g004
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Fig 5. Visualization of the second SVM model with RBF kernel on the example of the two circles.

doi:10.1371/journal.pone.0164568.g005
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Fig 6. Visualization of the third SVM model (polynomial kernel) on the example of the two circles.

doi:10.1371/journal.pone.0164568.g006
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Fig 7. Nomogram of a logistic regression model including polynomial transformations of the input
variables for the two circles problem.  The non-linearities are visualized by the use of two axes for each
input.

doi10.1371/journal.pone.0164568.g007
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Fig 8. Performance of the approximation method (i.e. the expansion without the rest term G+ onthe
swiss roll problem. (a) Latent variables of the SVM model with RBF kernel and the approximation. The
approximation is not able to approximate the latent variables of the SVM model. (b) Contributions of the
approximation of the SVM model and the rest term. The box-plots visualize the range of the different
contributions. The upper boxplot indicates the range of the latent variable of the SVM model. In this example
the range of the rest term cannot be ignored in comparison with the ranges of the other contributions. As
such, the approximation of this specific SVM model cannot serve as an explanation of the SVM model.

doi:10.1371/journal.pone.0164568.g008
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Fig 9. Comparison of the performance of the approximations (i.e. the expansion without the rest

term (O ¢) of two SVM models on the checkerboard problem. (a)-(c): RBF kernel, (b)-(d): polynomial
kernel. (a)-(b): Latent variable of the approximation versus latent variable of the original SVM model. (c)-(d):
Range of all contributions in the approximation, the rest term and the latent variable of the SVM model. For
the RBF kernel, the rest term is much larger than the latent variable, resulting in an approximation that is
unable to explain the SVM model. For the polynomial kernel, the rest term is negligible in comparison with the
other terms and the approximation is nearly perfect.

doi:10.1371/journal.pone.0164568.g009
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Fig 10. Visualization of the SVM model with polynomial kernel on the checkerboard example. Itcan
be seen that all contributions involvingx do not contribute in a large extent since the range of these

contributions is very small in comparison with the other contributions.

doi10.1371/journal.pone.0164568.g010
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Fig 11. Performance of the approximation method (i.e. the expansion without the rest term (¢ onthe
two Gaussians data. (a) Latent variables of the SVM model with RBF kernel and the approximation. The
approximated latent variable is a good estimate of the latent variable of the SVM model. (b) Contributions of
the approximation of the SVM model and the rest term. The box-plots visualize the range of the different
contributions. The upper boxplot indicates the range of the latent variable of the SVM model. In this example
the range of the rest term can be ignored in comparison with the ranges of the other contributions. As such,
the approximation of this specific SVM model will be able to explain the classifier.

doi:10.1371/journal.pone.0164568.g011
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Fig 12. Visualization of the SVM model with RBF kernel on the example of the two Gaussians.

doi:10.1371/journal.pone.0164568.g012
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Fig 13. Visualization of the SVM model on the IRIS data set.
doi:10.1371/journal.pone.0164568.9g013
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Fig 14. Performance of the approximation method (i.e. the expansion without the rest term G+ onthe
IRIS data. (a) Boxplots of the contributions of the approximation of the SVM model, the rest term and the
latent variable of the SVM model. The range of the rest term can be ignored in comparison with the ranges of
the other contributions. (b) Latent variable of the original model versus those obtained from the
approximation. The approximation is able to estimate the latent variable of the SVM model very accurately
and as such can be used to explain the SVM model.

doi:10.1371/journal.pone.0164568.9014
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Fig 15. Visualization of the SVM model on the Pima data set.

doi:10.1371/journal.pone.0164568.g015
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Fig 16. Performance of the approximation method (i.e. the expansion without the rest term G+ onthe
Pima data. (a) Boxplots of the contributions of the approximation of the SVM model, the rest term and the
latent variable of the SVM model. The range of the rest term can be ignored in comparison with the ranges of
the other contributions. (b) Latent variable of the original model versus those obtained from the
approximation. The approximation is able to estimate the latent variable of the SVM model very accurately
and as such can be used to explain the SVM model.

doi:10.1371/journal.pone.0164568.g016
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Fig 17. Visualization of the SVM model with polynomial kernel on the German credit risk data set.

doi:10.1371/journal.pone.0164568.g017
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Fig 18. Performance of the approximation method (i.e. the expansion without the rest term
(a) Boxplots of the contributions of the approximation of the SVM model, the rest

German credit risk data.

() onthe

term and the latent variable of the SVM model. The range of the rest term can be ignored in comparison with
the ranges of the other contributions. (b) Latent variable of the original model versus those obtained from the
approximation. The approximation is able to estimate the latent variable of the SVM model very accurately

and as such can be used to explain the SVM model.

doi:10.1371/journal.pone.0164568.g018
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Fig 19. Visualization of the second SVM model on the German credit risk data set.

doi:10.1371/journal.pone.0164568.g019
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Fig 20. Performance of the approximation method (i.e. the expansion without the rest term (¢ onthe
German credit risk data (using only three inputs). (a) Boxplots of the contributions of the approximation
of the SVM model, the rest term and the latent variable of the SVM model. The range of the rest term can be
ignored in comparison with the ranges of the other contributions. (b) Latent variable of the original model
versus those obtained from the approximation. The approximation is able to estimate the latent variable of
the SVM model accurately and as such can be used to explain the SVM model.

doi:10.1371/journal.pone.0164568.9g020
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Fig 21. Cumulative contribution charts for three applicants to illustrate the effect of the SVM model

on the German creditrisk data.  The bars indicate the value of the contributions. (a) applicant 1

(balance = 4, credit duration = 35, credit amount = 10000), (b) applicant 2 (balance = 4, credit duration = 35,
credit amount = 15000), (c) applicant 3 (balance = 4, credit duration = 50, credit amount = 10000).

doi10.1371/journal.pone.0164568.9021
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Fig 22. Nomogram of a logistic regression model including linear main and interaction effects for the
German credit risk problem with a reduced input set and 3 categories for the amount. Interactions are
dealt with by grouping main and interaction effects containing the same inputs. Interactions between
continuous inputs are only possible after categorization of at least one of these inputs.

doi10.1371/journal.pone.0164568.9022
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