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Abstract

Interpretability has been recognized as an important property of machine learning mod-
els. Lack of interpretability brings challenges for the deployments of many black models
such as random forest, support vector machine (SVM) and neural networks. One aspect
of interpretability is the ability to provide explanations for the predictions of a model,
and explanations help users to understand the logical reasoning behind a model, thus
giving users greater confidence to accept/reject predictions. Explanations are useful and
sometimes even mandatory in domains like medical analysis, marketing, and criminal
investigations, where decisions based on the predictions may have severe consequences.

Traditional classifiers can be categorized into interpretable models (or white-box mod-
els) and non-interpretable models (or black-box models). Interpretable models are the
models whose internal structures or parameters are simple and can be easily explained,
the examples of interpretable models are decision trees, linear models, logistic regres-
sion models. Non-interpretable models are the models whose are complex and difficult
to explain, the examples of non-interpretable models are random forests, support vec-
tor machines and neural networks. Though the white-box models are intrinsically easy
to interpret, they usually fail to achieve comparative accuracy as the black-box models.
To facilitate the successful deployments of machine learning models when both of inter-
pretability and accuracy are desired, there exist two directions of research: (1) increasing
the accuracy of white-box models, and (2) increasing the interpretability of black-box
models.

Patterns are conjunctions of feature-value conditions, which are intrinsically easy to
comprehend, and they have been shown to have good predictive power as well. The
objectives of the thesis is to propose methods to utilize patterns to increase the accuracy of
white-box models by interpretable feature engineering and building interpretable models,
and help black-box models provide explanations.

First, we discuss the pattern based interpretable feature engineering. Pattern based
feature engineering extracts patterns from data, selects the representative patterns from
the extracted candidates and then projects the instances in the original feature space into
new pattern based feature space with a mapping function. The new pattern based features
can be more discriminative, and meanwhile they are interpretable.

Second, we propose a method to explain any classifier using contrast patterns. Given
a model and a query instance being explained, the proposed method first generates a syn-
thetic neighborhood around the query using random perturbations, then labels the syn-
thetic instances using the model, finally the method mines contrast patterns from the syn-
thetic neighborhood and selects top K patterns as the final explanations. The experiments
show that the method is able to achieve high faithfulness such that the explanations truly
reveal how a model “thinks”, moreover the method is able to support scenarios where
there exist multiple possible explanations.

Third, we analyse why some instances are difficult to explain. We investigate the cru-
cial process of generating synthetic neighbors for local explanations methods, as different
synthetic neighbors can result in explanations of different quality, and in many cases,
the random perturbation does work well. We analyze the relationship of local intrinsic
dimensionality (LID) and the quality of explanations, and propose a LID based method
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to generate the synthetic neighbors such that the generated synthetic neighbors are more
effective than the ones generated by other baseline methods.

Then we propose an interpretable model that achieves comparable accuracy with the
state of the art baselines using patterns. The proposed method is a pattern based partition-
wise linear models method that can be trained together with expert explanations. It divides
the data space into several partitions, and each partition is represented by a pattern and is
associated with a local linear model. The overall prediction for a query is a linear com-
bination of the local linear models in the activated partitions. The model is interpretable
and is able to work with expert explanations as a loss function in terms of explanations is
part of the ultimate loss function. The results show that the proposed method is able to
make superior reliable predictions and achieve competitive accuracy comparing with the
baseline methods.

Finally, we show how to construct a model to make both accurate and reliable predic-
tions by jointly learning explanations and class labels using multi-task learning in neural
networks. We propose a neural network structure that is able to jointly train the class
labels and the explanations where the explanations can be treated as another label infor-
mation. We fit a neural network in the framework of multi-task learning. The neural
network starts with a set of shared layers and then split into two separate layers where
one is for class label and the other is for explanations. The experiments suggest that the
proposed method is able to make reliable predictions.

In summary, this work recognizes the importance of interpretability of machine learn-
ing models, and it utilizes patterns to help improve the interpretability of machine learning
models through: interpretable feature generation, pattern based model-agnostic local ex-
planation extraction, pattern based partition-wise linear models and joint learning frame-
work with explanations and class labels. We also investigate why a particular instance is
difficult to explain using local intrinsic dimensionality. All work is supported by theoret-
ical analysis and empirical evaluations.



ix

Acknowledgements

Firstly, I would like to express my sincere gratitude to my supervisors Prof. James Bailey,
Prof. Kotagiri Ramamohanarao and Prof. Christopher Leckie for the continuous sup-
port of my Ph.D study and related research, for their patience, motivation, and immense
knowledge. Their guidance helped me in all the time of research and writing of this thesis.
I could not have imagined having better supervisors and mentors for my Ph.D study.

Besides my supervisors, I would like to thank my advisory committee chair Dr. Sean
Maynard and research coordinator Prof. Tony Wirth for their insightful comments and
encouragement, but also for the hard question which incented me to widen my research
from various perspectives.

I thank my fellow labmates Shuo, Xingjun, Donia, Yang, Simone, Moha, Sobia for
the stimulating discussions.

Last but not the least, I would like to thank my parents, to my love Yu and to her
parents for supporting me spiritually throughout writing this thesis and my my life in
general.






Contents

Declaration of Authorship

Preface

Abstract

Acknowledgements

1 Introduction

2

3

1.1  What is interpretability? . . . . .. .. ... ... ... ... ... ...
1.1.1  Why does interpretability matter? . . . .. ... ... ... ...
1.1.2  Trade-off between interpretability and accuracy . . . . . . .. ..
1.2 Explainablility . . . . .. ... ... ...
1.2.1 Different between interpretability and Explainability . . . . . . .
1.2.2 Typesofexplanations. . . . . ... ... .............
1.2.3 How to get the explanations? . . . . . . .. ... ... ......
1.2.4 Improving performance of models using explanations . . . . . . .
1.2.5 Properties of explanations . . . . .. ... ... ... ... ..
1.2.6  Decision making process with explanations . . . . ... ... ..
1.3 Relationship of physical world, machine learning model and human
1.4 A possible solution to improve explainability - patterns . . . . . . . . ..
1.4.1 How can patterns improve explainability of models? . . . . . ..
1.4.2  Patterns as explanations versus other forms of explanations . . . .
1.5 Thesisstructure . . . . . . . . . ..o
Background
2.1 Introduction . . . . . . . . ...
2.2 BasiCCONCEPLS . . . v v v o e e e e e e e e
2.2.1 Classificationand pattern . . . . . . . . .. ... ... ... ...
2.3 Explanations . . . . . . . ...
2.3.1 Representations of explanations . . . . .. ... ... .. ....
2.4 Evaluation of explanations . . . . . .. ... ... ... .........
241 Metrics . . . ..
2.4.2 Faithfulness and reliability . . . . ... ... ... ........

Literature Review
Introduction . . . . . . . . . .
3.2 White-boxmodels. . . . . . . . . e

3.1

3.2.1
322
323
324
3.2.5

Linearmodels. . . . . . ... ... ... ... . ... ... ..
Logisticregression . . . . . . . . . .. ... .
Decisiontree . . . . . ... .. ... ... e
Naive Bayes Classifier . . . . ... .. ... ... ... .....
K-Nearest Neighbors . . . . . . ... ... ... .........

Xi

ii

<
=2

e
e

LW W N NN = = -

N



Xii

3.3 Model-agnostic explanation methods . . . . . .. ... ... oL 21
3.3.1 Partial Dependence Plot . . . ... ... ... .......... 21
3.3.2 Individual Conditional Expectation . . .. ... ... ... ... 23
3.3.3 PFeature Importance . . . . . . ... ... oL oL 24
334 Shapley Values . . . ... ... ... ... ... ... ... ... 26
3.3.5 Local interpretable model-agnostic explanations . . . . . . . .. 27
3.4 Example-Based Explanations . . . . . .. ... ... ........... 31
34.1 K-nearestneighbors . . ... ... ... ... .. .. 31
34.2 Adversarialexamples . . . . . . ... ... ... L. 31
34.3 Counterfactual Explanations . . . . ... .. ... ... ..... 33
3.4.4 Prototypes and Criticisms . . . . . . . ... ... ... ..... 35
3.5 Summary of explanation methods . . . . . ... ... ... ... ... 37
Pattern based Interpretable Feature Generation 39
4.1 Introduction . . . . . . . . .. .. 39
4.2 Preliminaries . . . . . . . . .. ..o 40
4.2.1 Patterns in transactiondata . . . . . . . ... ... ... 40
4.2.2 Connection with patterns in other format . . . . . ... ... .. 41
4.3 Framework of pattern based feature generation . . ... ... ... ... 43
43.1 Patternmining . . . . . . .. ... 44
432  Patternselection . ... ... ... oL 45
43.3 Feature generation . . . . . . . .. ... ... ... 45
4.4 Pattern mining algorithms . . . . . . . . . ... L L oL 45
4.4.1 Frequent pattern mining . . . . . . . . . ... ... ... .. 46
442 Contrast pattern mining . . . . . . . . .. ... ... 48
4.5 Pattern selection approaches . . . . . . ... L oL L. 49
4.5.1 Post-processing pruning . . . . . . . . . . o.a .o e . 49
4.5.2 In-processing pruning . . . . . . . . ... oL 51
4.6 Pattern based feature generation . . . . ... ... ... ... ... ... 52
4.6.1 Unsupervised mapping functions . . . . . . .. ... ... .... 52
4.6.2 Supervised mapping functions . . . . . . ... ... ... L. 53
4.6.3 Feature generation for sequence data and graph data . . . . . . . 55
4.6.4 Comparison with similar techniques . . . . . . ... ... .... 55
4.7 Pattern based feature generation for classification . . . . ... ... ... 56
4.7.1 Problemstatement . . . . . . .. ... ... .. L. 56
4.7.2 Direct classification in the pattern space . . . . . . ... ... .. 56
4.7.3 Indirect classification in the pattern space . . . . . . . ... ... 57
474 Connection with stacking technique . . . .. ... ... ..... 58
4.8 Pattern based feature generation for clustering . . . . . . ... ... ... 58
4.8.1 Clustering in the pattern space . . . . . . . . . . . . ... .... 58
4.8.2 Subspaceclustering. . . . . . . ... L Lo 59
49 Conclusion . . . ... 60
Exploiting patterns to explain individual predictions 61
5.1 Introduction . . . . . . . . .. . .. 61
5.2 RelatedWork . . .. ... ... 62
5.3 Patterns as Explanations . . . .. ... ... ... ... ......... 65
5.4 Proposed Algorithm: PALEX . . . . . .. ... ... ... ... ... 65
54.1 Methodology . . . ... ... .. .. ... ... 66
5.4.2  Sampling in the frequent pattern space . . . . . . ... ... ... 68

5.4.3 Explanationselection . . . . . ... ... ... .......... 69



6

7

5.5

5.6
5.7

544 Example . ... .. ... 70
5.4.5 Complexity analysis . . . . ... ... ... ... ........ 71
Experiments . . . . . . . . . ... ... 72
551 Metrics . . . .. e 72
5.5.2 Experimentalsetup . . . . . ... ... ... .. ... .. ..., 72
5.5.3 Faithfulness to oracle on syntheticdata . . . .. ... ... ... 73
5.5.4 Faithfulness to decision trees on UCI data . . . . ... ... ... 74
5.5.5 Impact of sampling method . . .. ... ... ... ....... 75
5.5.6 Impact of explanation selection . . . . ... ... ........ 75
5.577 Impactof parameters . . . . . . . .. ... ... ... 78
Limitations and Future Work . . . . . .. ... ... ... ... .. 78
Conclusion . . . . . . . .. L 81

Improving the Quality of Explanations with Local Embedding Perturbations 83

6.1 Introduction . . . . . . . . . ... 83
6.2 Relatedwork . . . ... ... ... 85
6.3 Preliminaries . . . . . . . .. ... 85
6.4 ProposedMethod . . .. .. ... ... ... . ... ... ... ... 87
6.4.1 General framework of local explanations . . . . ... ... ... 87
6.4.2 Local perturbation operators . . . . . . ... ... ........ 87
6.4.3 Learning local explanations . . . . . ... .. ... .. ..... 87
6.4.4 LEAP - Local embedding aided perturbation . . .. .. ... .. 89
6.4.5 Local explanation extraction with LEAP . . . . . .. .. ... .. 90
6.5 Experiments . . . . . . . . ... e 91
6.5.1 Explanation metrics . . . . . .. .. ... ... ... ... ... 91
6.5.2 Settings . . . . . ... 91
6.5.3 Synthetic data and true explanations . . . . ... ... ... ... 92
6.5.4 UCI data and true explanations . . . . . .. ... ... ...... 93
6.5.5 [Evaluation on syntheticdata . . . . ... ... .......... 94
6.5.6 EvaluationonUCIdata. . .. .. ... ... .. ......... 94
6.5.7 Visualization of the quality of explanations for different methods . 94
6.5.8 Localityanalysis . . . . ... ... ... ... ... ... .. 97
6.5.9 Example: Why does the quality of explanations matter? . . . . . 99
6.6 Conclusion . . . . .. ... .. 100
Learning with Expert Supervision to Make Reliable Predictions 101
7.1 Introduction . . . . . . . . ... 101
7.2 Relatedwork . . . .. . ... ... 102
7.3 Preliminaries . . . . . .. ... 103
74 Methodology . . . . . . . . . . ... 104
7.4.1 Model description . . . . .. ... Lo 104
7.4.2 Model explanations of xPWL . . . . . ... ... ... ... .. 105
7.4.3 Objective function . . . . .. . ... 105
744 Lossfunctions . . ... ... ... ... . ... ... .. 106
7.4.5 Convexrelaxation . . .. ... ... ... ... .. ..., 106
74.6 Solution . . . . ... 107
7.5 Algorithm . . . . . . ... 107
7.6 Experiments . . . . . . . .. ... 109
7.6.1  Settings . . . ... .. 109
7.6.2 Evaluation . ... ... ... 110
7.7 Conclusion . . . . . ... L 113



Xiv

8 Joint Learning for Classification and Pattern Based Explanations
8.1 Introduction . . . . . . ... .. .. .. ...
82 RelatedWork . .. .. ... ... ... ... .

8.2.1

Multi-task learning . . . . . . ... ...,

8.3  Our Proposed Framework - ExpINet . . . .. ... .. ... ..

8.3.1
8.3.2
833
834
8.3.5

Explanationunit. . . . . ... ... ... ... ...
Overview . . . . . . . ..
ExpINet . . . . . . ... .
Contrast patterns as explanations . . . . . .. ... ...
Motivation example . . . . ... ... ... ... ...

84 Experiments . . . . . .. ... ...

8.4.1
8.4.2
8.4.3
8.4.4
8.4.5
8.4.6
8.4.7
8.4.8

Datasets . . . . . . .. . ...
Baselinemethods . . . . ... ... ... . .......
Experimental settings . . . . . ... ...........
Metrics . . . . . . L
Evaluation with expert explanation from a single tree . .
Evaluation with expert patterns from committee of trees

Impactofa . . . . . ... oo

8.5 Conclusion . . .. .. . ... ...

9 Conclusion and Future work
9.1 Conclusion . . . . . ... . . ...
92 Futureworks . . . . . . . . . ... ..

9.2.1
9.2.2

Bibliography

Collecting expert explanations . . . . . ... ... ...
Using explanations to improve predictive accuracy . . .

117
117
119
119
120
120
120
120
121
122
123
123
123
124
124
124
125
125
128
128

133
133
134
134
135

137



XV

List of Figures

1.1
1.2
1.3
1.4
1.5

3.1

3.2
33

34
3.5
3.6
3.7
3.8
39

4.1
4.2
4.3

5.1
52
53

6.1

6.2

6.3

Example of two accurate models based on different evidence . . . . . . . 2
Trade-off between interpretability and accuracy . . . . . . ... ... .. 3
Example of adecisiontree . . . . ... ... .. ... .. ........ 4
Demonstration of decision making process . . . . . . . . .. ... .... 6
Relationship of reality, model and human . . . . . ... ... ... ... 8

Partial dependency plots for the bicycle count prediction model and tem-
perature, humidity and wind speed . . . . . .. ... ... ........ 22
Individual conditional expectation plot of cervical cancer probability by age 24
The importance for each of the features in predicting bike counts with a

support vector machine. . . . . . . ... ... Lo 25
Shapley values for acertainday . . . ... ... ... .......... 27
Example to present intuition for LIME . . . . . . . ... ... ... ... 28
Example of LIME explanation on tabulardata . . . . ... ... ... .. 29
Example of LIME explanationon textdata . . . . . .. ... ....... 30
Making a panda look like a gibbon for a neural network . . . . . . . . .. 32
Demonstration of squared maximum mean discrepancy measure (MMD?2)

and different selections of prototypes. . . . . ... ... ... ... .. 36
Framework of pattern based generation. . . . . . .. ... ... ..... 43
Framework of pattern based generation. . . . . ... ... ........ 44
Constructing a pattern space using binary mapping function . . . . . . . . 53
Overview of PALEX process . . . . . . . ... ... .. ... ...... 67
Comparison of explanations generated by LIME, aLIME and PALEX. . . 71
Impact of parameters on faithfulness (F; score) . . . . .. ... ..... 80

[lustration of a ‘good’ neighborhood and ‘bad’ neighborhood (triangles
and circles are different labels). Given a test instance (filled circle) and the
underlying classification boundary (solid line), generating ‘good’ neigh-
bors (left) helps to mimic a local model (dashed line) that is similar to
the true local model, while a local model (right) from ‘bad’ neighbors is
far away from the true model. LID (local intrinsic dimensionality) is a
possible metric for the quality of the neighbors. . . . . ... ... .... 84
Demonstration of difficulty of explanation for different neighborhood gen-
erating methods. The black solid line is the classification boundary, and
difficulty (explanation quality) varies from difficult (red) to easy (yellow).
The average explanation quality is shown in the bottom-right of each figure. 97
Demonstration of the synthetic neighborhoods that are generated by dif-
ferent methods. The test instances are shown in blue color, and the syn-
thetic neighborhoods are shown in orange color. The quality of explana-
tions extracted from the synthetic neighbors is shown in the bottom-right. 98



XVi

6.4

7.1
7.2

7.3

7.4

8.1

8.2

Locality analysis (plot of the accuracy of the local models when increas-
ingtheradius . . . . . .. .. ..

Demonstrationof xXPWL . . . . .. ... oo oo
Impact of «. X-axis represents « and y-axis represents accuracy (left) and
reliability (right). . . . . . . ... ...
Impact of size of minSupp. X-axis represents minSupp and y-axis rep-
resents accuracy (left) and reliability (right). . . . . . ... ... ... ..
Impact of level of expert supervision. X-axis represents percentage of
expert supervision and y-axis represents accuracy (left) and reliability
(right). . . . . e

An overview of ExplNet structure. x is the input instance, L1,..., L, are
n shared fully connected layers, LE, ..., LE,, are m separate layers for
explanation units eq, e, . . ., ex, and LL1, . .., LL; are k separate layers for
classlabels ci,...,CL . . . . . . e
Impact of a. The accuracy and reliability results with respect to varying
ain [1074,1073,1072,1071,10%,10%,10%,10%,10%] . ... ... .. ..



XVvii

List of Tables

2.1

3.1

4.1
4.2
4.3
44
4.5
4.6
4.7
4.8
4.9
4.10
4.11
4.12

5.1
52
53
54
5.5
5.6

5.7

5.8
59

6.1

6.2

6.3

7.1
7.2

Example dataset . . . . . . ... . ... ... ... 11
Summary of explanation methods . . . . . ... ... ... ....... 38
Synthetic transactiondata . . . . . . ... ... L. 40
Frequent pattern set with threshold minSupp =06 . . . . . ... .. .. 41
Synthetic vector/tupledata . . . . . .. ... ... oL oL 41
Corresponding transactionaldata . . . . . . .. ... ... ........ 41
Synthetic sequencedata . . . . . . . ... ... L. 42
Example dataset 7 for contrast patterns . . . . . . . ... ... ... .. 43
Dataset used to illustrate the equivalence class . . . . . . . ... ... .. 50
Closed pattern and generator . . . . . . . . . . . . ... ... ... 50
The contingency table for pattern p indataset 7 . . . . . .. .. ... .. 54
Dataset in original feature space . . . . . . . ... ... .. ... .... 56
Dataset in pattern space . . . . . . . . . ... el 56
Connection between frequent pattern mining and subspace search . . . . 59
Comparison of local explanation methods. . . . . .. ... ... ... .. 64
Test instances to illustrate explanations. . . . . . .. ... ... ..... 70
Precision and recall results for syntheticdata. . . . . .. .. ... .. .. 74
F; (faithfulness) resutls for syntheticdata. . . . . . ... ... ... ... 74
UCI datasets description. . . . . . . . .. ... ... 74

Precision and recall results of PALEX, aLIME, LIME and Global on UCI
datasets (the best results are highlighted in bold, and standard deviations
are included in parentheses) . . . . . . . .. ... ... ... ... ..., 76
F; (faithfulness) results of PALEX, alLIME, LIME and Global on UCI
datasets (the best results are highlighted in bold, and standard deviations
are included in parentheses) . . . . . . . . ... .. oL, 77
Faithfulness (F; score) of different sampling methods on numeric data . . 77
Impact of selection process. #Expl denotes the number of explanations,
“before” denotes the metrics before the pruning process and “after” de-
notes the metrics after the pruning process. . . . . . . . .. ... ..... 79

Explanation quality on synthetic datasets (the best value in bold; ‘-’ means
method does not apply on corresponding dataset, e.g., Synthetic-1 is for
numeric explanation and binary explanation method does not apply). . . 95
Explanation quality on UCI datasets (the best value is highlighted in bold).

....................................... 96
Explanations extracted with Random(N) and LEAP for the comment "The
projects After Effects, Music, Foto, Web sites and another you can find and
buy here http..." which is classified as Spam . . . . . ... ... ... .. 100
Comparison of xPWL with traditional classifiers . . . . . . ... ... .. 102

Datadescription . . . . . . . . ... L 110



XViil

7.3

7.4

7.5

7.6

8.1
8.2

8.3
8.4

8.5

Accuracy results where expert explanations come from decision trees (with
the best values in bold). xPWL - our proposed method; PWL - Partition-
wise linear models; LR - Logistic regression; LR-PCA - LR with PCA
pre-processing; MLP - Multilayer perception; RF - Random forest. “*”
denotes that the corresponding method is trained with expert explanations
Reliability results where expert explanations come from decision trees
(with the best values in bold). xPWL - our proposed method; PWL -
Partition-wise linear models; LR - Logistic regression; LR-PCA - LR
with PCA pre-processing; MLP - Multilayer perception; RF - Random
forest. “*” denotes that the corresponding method is trained with expert
explanations . . . . . . ... ..
Accuracy results where expert explanations come from non-noisy fea-
tures (with the best values in bold). XPWL - our proposed method; PWL
- Partition-wise linear models; LR - Logistic regression; LR-PCA - LR
with PCA pre-processing; MLP - Multilayer perception; RF - Random
forest. “*” denotes that the corresponding method is trained with expert
explanations . . . . . ... L.
Reliability results where expert explanations come from non-noisy fea-
tures (with the best values in bold). xXPWL - our proposed method; PWL
- Partition-wise linear models; LR - Logistic regression; LR-PCA - LR
with PCA pre-processing; MLP - Multilayer perception; RF - Random
forest. “*”” denotes that the corresponding method is trained with expert
explanations . . . . . ... L.

Four scenarios on how reliability and accuracy of a prediction could in-
fluence a decision making process. . . . . . ... ... ...
A toy dataset about a person blowing aballoon. . . . . . ... ... ...
UCI datasets description. . . . . . . . .. ... ... ...
Input required for the proposed method and the baselines. “Y” represents
“Required” and “N” represents “Not required”. ExplNet - our proposed
network where the explanation units are from the oracle; ExplNet(CP) -
our proposed network where the explanation units are from contrast pat-
terns; NN - Neural network without explanation subnetwork; NB - Naive
Bayes; AdaBoost - AdaBoost; SVM - Support vector machine with RBF
kernel; RF - Random forest. “*” denotes models trained with expert ex-
planations in a multi-label setting. . . . . . ... .. ... ... ...
Reliability results where expert explanations are extracted from decision
trees (with the best values in bold). ExplNet - our proposed network
where the explanation units are from the oracle; ExpINet(CP) - our pro-
posed network where the explanation units are from contrast patterns; NN
- Neural network without explanation subnetwork; NB - Naive Bayes;
AdaBoost - AdaBoost; SVM - Support vector machine with RBF kernel;
RF - Random forest. “*”” denotes models trained with expert explanations
in amulti-label setting. . . . . . .. ... ... ... ...

111

127



8.6

8.7

8.8

%

Accuracy results with expert explanations are extracted from decision
trees (with the best values in bold). ExplNet - our proposed network
where the explanation units are from the oracle; ExplNet(CP) - our pro-
posed network where the explanation units are from contrast patterns; NN
- Neural network without explanation subnetwork; NB - Naive Bayes;
AdaBoost - AdaBoost; SVM - Support vector machine with RBF kernel;
RF - Random forest. “*”” denotes models trained with expert explanations
in a multi-label setting. . . . . . . .. ... oL oL oL
Reliability results where expert explanations come from decision trees
(with the best values in bold). ExplNet - our proposed network where the
explanation units are from the oracle; ExplNet(CP) - our proposed net-
work where the explanation units are from contrast patterns; NN - Neural
network without explanation subnetwork; NB - Naive Bayes; AdaBoost -
AdaBoost; SVM - Support vector machine with RBF kernel; RF - Ran-
dom forest. “*” denotes models trained with expert explanations in a
multi-label setting. . . . . . . .. ... ... .
Accuracy results where expert explanations come from decision trees (with
the best values in bold). ExplNet - our proposed network where the ex-
planation units are from the oracle; ExplNet(CP) - our proposed network
where the explanation units are from contrast patterns; NN - Neural net-
work without explanation subnetwork; NB - Naive Bayes; AdaBoost -
AdaBoost; SVM - Support vector machine with RBF kernel; RF - Ran-
dom forest. “*” denotes models trained with expert explanations in a
multi-label setting. . . . . . ... ...

XiX

130






Chapter 1

Introduction

1.1 What is interpretability?

Recently, interpretability has been recognized as an important metric for machine learning
models. Interpretability refers to the ability that users can understand that how a prediction
of a model is derived. An interpretable model is a model whose structures/parameters can
be understood by users to justify its predictions. E.g., decision trees, linear models and
pattern based methods are known to be interpretable models. The prediction paths in
decision trees, the weights/coefficients in linear models and the patterns in pattern based
methods are all understandable by humans.

1.1.1 Why does interpretability matter?

Interpretability of machine learning models can be essential for their deployments, espe-
cially in domains like medical analysis, criminal analysis, and marketing where wrong
predictions can result in severe consequences. This is due to the fact that most of tradi-
tional classifiers are solely trained to optimize loss functions in terms of the accuracy and
there is no guarantee that the logical reasoning of their predictions is reasonable or meets
experts’ expectation. Knowing that a prediction is made based on reasonable evidence
by the model, helps users to understand the prediction better. Thus they can accept or
reject the prediction with greater confidence. Moreover, explanations for predictions are
mandatory in some cases, i.e., the European Union’s new General Data Protection Regu-
lation, which took effect in 2018, grants users the right to ask for an explanation of any
algorithmic decision made about them, such as the refusal of a loan application (Goodman
and Flaxman, 2016).

Users need to understand the predictions of a classifier, especially when decisions
based on the predictions can have severe consequences. The explanation of a prediction
reveals the reason why a classifier makes a certain prediction and it helps users to accept
or reject the prediction with greater confidence. A prediction alone does not tell much
about the model or data, and it is no better than random guess if it cannot be explained in
a meaningful term. For example, in the medical diagnosis scenario, a patient cannot be
convinced of any result if the explanation is “the machine says so”.

Different classifiers may make the same prediction based on different evidence. Con-
sider the example in Figure 1.1, where the dataset consists of four instances such that
each instance is represented by three features (F;, F,, F3) and a class. Assume the true
underlying model is: class = 1 IF F; = true OR F, = true. Two decision trees, model 1
and model 2, are trained from the data. Although both of them are able to achieve perfect
accuracy, they make predictions based on different evidence. For instance x1, model 1
gives the prediction class = 1 because “F; = true", while model 2 gives the prediction
class = 1 because “F3 < 4". Since F3 should not be the supporting evidence, one could
easily tell the prediction made by model 2 is untrustworthy. Even though F; has predictive
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power, it is still the “wrong evidence". A similar example in a real-life problem can be
found in (Kaufman et al., 2012), where patient ID is associated with the class label in the
patient data, but its predictive power is unexpected.

F B F5 | class
x1 | true | false | 1 1
Xy | true true | 2 1
x3 | false | false | 5 0
X4 | false | true | 3 1

(A) Dataset

(B) Model 1 (C) Model 2

FIGURE 1.1: Example of two accurate models based on different evi-
dence

1.1.2 Trade-off between interpretability and accuracy

Though the predictions made by interpretable models (e.g., decision trees and logistic re-
gression models) can be easily explained from their structures or parameters, these mod-
els usually fail to achieve high accuracy. On the other hand, many state-of-the-art models
(e.g., neural networks, random forest and support vector machine) are able to achieve
higher accuracy, but they are difficult or even impossible to interpret due to their model
complexity. The trade-off between interpretability and accuracy is shown in Figure 1.2
(note that the figure shows the conceptual trend between interpretability and accuracy, but
does not reflect the relationship among these classifiers which may behave differently in
different circumstances). In general, the higher accuracy a model can achieve, the lower
interpretability the model has. High accurate models usually are non-linear, non-smooth
while the high interpretable models contain well defined relationships.

1.2 Explainability

Explainability refers to the ability that a model can provide explanations to justify its
predictions. The explanations reveal the logical reasoning behind a model and give users
greater confidence to accept or reject the predictions.

1.2.1 Different between interpretability and Explainability

Interpretability concerns that the internal mechanism of a model can be interpreted in hu-
man language and can be understood by users. For example, a decision tree is represented
as a set of paths from the root and each path is a prediction branch with the corresponding
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FIGURE 1.2: Trade-off between interpretability and accuracy

conditions. The internal structure of a decision tree can be easily interpreted and under-
stood such that very prediction made by a decision tree corresponds to a path in the tree
and the logical reasoning is obvious.

Explainability is an important aspect of interpretability. It does not require that the
internal mechanism of a model to be interpretable as long as the predictions of the model
can be explained with explanations. For example, the explanation for the prediction made
by a decision tree is the conditions in the prediction path.

Some models are interpretable and some models are not due to the complexity of the
models. However, all models can be explainable. For the interpretable models, the ex-
planations can be directly inferred from the internal mechanism of the models, and for
non-interpretable models, the explanations can be extracted by model-agnostic explana-
tion methods such as LIME (Ribeiro, Singh, and Guestrin, 2016c¢).

1.2.2 Types of explanations

The explanations can be categorized to types of explanations: global explanations and
local explanations. Global explanations are the model-level explanations that provide
insights for all predictions of a model, and local explanations are the instance-level expla-
nations that provide insights for the individual predictions.

Given the decision tree shown in Figure 1.3, the global explanation for the model
is that “features temperature, headache, cough, blood pressure, ... are used to build the
tree”. Given an instance (temperature = 38.5, headache = yes, ...), the local explanation
for this particular instance is that “features temperature and headache are used to reach its
prediction by the tree”.

The research of this thesis focuses on local explanations. Unless specified, explana-
tions refer to local explanations through this thesis.

1.2.3 How to get the explanations?

For interpretable models, the explanations can be directly inferred from the models’ struc-
tures/parameters. E.g., a prediction path in a decision tree indicates that what features and
feature values are used by the tree to reach the prediction; weights/coefficients in a lin-
ear model suggests the feature importance especially in the case where all feature values
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Temperature >38

Yes

Headache?

No Yes

Bloodpressure
>120

......

FIGURE 1.3: Example of a decision tree

are in the same scale which can be done via normalization; patterns in pattern based (or
called rule based) methods are intrinsically understood by users. We also refer these in-
terpretable models as white-box models.

On the other hand, for complex models like neural networks, random forest and sup-
port vector machine, it is difficult to directly extract explanations from the models’ struc-
ture/parameters. These models need model-agnostic explanation methods to help extract
explanations for them.

1.2.4 TImproving performance of models using explanations

Explanations are also the interface between the model and the users, and they can be
used to monitor the models. If the explanations do not look right, the users may know
what the problems are and further resolve the issues. For example, explanations can help
user to identify unexpected features that are used for training, e.g.,if a medical diagnosis
model keeps making decisions using the patient ID information, it can be retrieved that a
data-preprocessing procedure is required to remove the patient ID feature.

Besides, the explanations can be used to supervise the learning process as well. The
training data distribution may not be the close to the underlying true distribution, and
it is difficult to collect more training data because it is expensive or even the new data
can be more noisy. Our experiments suggest that by supervising with small amount of
explanations from expert knowledge, the performance of the models can be improved, as
the expert explanations may be able to cover the information that cannot be collected in
the data collection process.

1.2.5 Properties of explanations

We investigate two properties of explanations: faithfulness and reliability. Faithfulness
measures to which extend an explanation reflects the true logical reasoning of a model.
Reliability measures to which extend an explanation matches the domain information or
expert knowledge.
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Take the tree shown in Figure 1.3 as example. For a given instance (temperature
= 38.5, headache = yes, ...) and the tree model, assume a model-agnostic explanation
method returns an explanation saying that “feature headache and cough are used by the
model”. Suppose the tree structure is known and it can be inferred that true model (local)
explanation is that “features temperature and headache are used to reach its prediction
by the tree”, then the generated explanation is not faithful as it disagrees with the true
model explanation. Suppose the model structure is unknown, but a doctor sees the patient
information and make a diagnosis saying that “the disease is flu because of the temperature
and cough”, then the generated explanation is called not reliable, because it does not
match the expert knowledge.

When explanations are generated from white-box models, the faithfulness is not an
issue as the explanations are inferred directly from the model. However, when the expla-
nations are generated via model-agnostic explanation methods, being faithful is essential
as the explanations tell nothing about the predictions if they are not faithful.

Only if an explanation is faithful, can users decide whether it is also reliable or not.
E.g., users may choose to accept/trust a prediction if its explanation is reliable, or reject it
otherwise.

Other properties of explanations have been discussed in (Molnar, 2019):

e Consistency: it concerns that the explanations from different models that are trained
on the same task or used to predict the same instance are similar. The explanations
(e.g., the feature importance) generated from different models are consistent if they
are very similar. For example, a SVM and a linear regression model are trained us-
ing the same training data and both produce similar predictions, if both explanations
from these two model for the prediction of an instance agree with each other, these
explanations are consistent. This property may not be desired if there exist multi-
ple true explanations, and explanations from different models can all be reasonable
though they may not be similar.

e Stability: it concerns that the explanations of similar instances from the same model
are similar. While consistency compares explanations from different models, sta-
bility compares explanations of similar instances from a fixed model. For example,
given two instances that differ in only one feature and the difference is marginally
small, if the explanations of their predictions by a model are similar, the explana-
tions are stable. High stability suggests that slight variations in the features of an
instance do not substantially change the explanation (unless these slight variations
also strongly change the prediction). On the other hand, low stability suggests high
variance of the explanation method. High stability is always desirable.

e Comprehensibility: it concerns how well humans can understand the explanations.
This property is mainly associated with the representations of explanations and it
depends on the audience. Measuring methods include measuring the size of an
explanation (e.g., number of features in a vector explanation and number of condi-
tions in a pattern explanation) or testing how well humans can predict the behavior
of a machine learning model from its explanations. A complex transformation of
features could be less comprehensible than the original features, e.g., when kernel
methods are applied, the original features are projected into a new feature space
using the kernel functions and the new features might be difficult to interpret.

e Certainty: it requires that an explanation contains the information about the cer-
tainty of the predictions by a machine learning model. Many machine learning
models only return predictions without a indication about the models confidence



6 Chapter 1. Introduction

that the prediction is correct. An explanation that contains the certainty can be a
complimentary to a prediction.

1.2.6 Decision making process with explanations

The comparison of decision making process with and without explanations is shown in
Figure 1.4. In the traditional decision making process (Figure 1.4a), after a model is
trained on the training data, a query is passed to the model to reach a prediction, then
the prediction is used for decision making. In this case, accuracy of the model is the
main factor that is considered. In the scenario (Figure 1.4b) where the explanations are
involved, after a model reaches a prediction, the model and the prediction are passed to an
explanation system to generate an explanation for the prediction, then both the prediction
and the explanation are considered to reach a decision.

When the explanations are involved, they help to provide more information about the
predictions and give users higher confidence to make use of the prediction, thus potentially
facilitate the successful deployment of the model.
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FIGURE 1.4: Demonstration of decision making process

1.3 Relationship of physical world, machine learning model
and human
Machine learning models are trained on data collected from the physical world and used

to provide valuable information such as predictions or visualizations. We investigate the
three main entities that are involved: the physical world, the model and the human:
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e Physical world refers to the real world where humans live and large quantity of data
is being generated.

e Machine learning model refers to the algorithmic procedure that takes inputs and
returns outputs with machine learning techniques.

e Human can be any user who manipulates the models or handles the model outputs.

The relationship of physical world, model and human are illustrated in Figure 1.5.
Data is the connection from reality to model such that the data is collected from the
physical world and the model is trained on the data. Prediction is the connection from
machine learning model to human such that the prediction is the output of the model
and human retrieves information via the prediction. Knowledge is the connection from
physical world to human such that human gains knowledge (e.g., common senses and
physical laws) from the reality.

However, there are always gaps among them:

e The gap between physical world and model comes from the data collection process
which is practically impossible to make the training data distribution the same as
the underlying true distribution if there exits one.

e The gap between physical world and human is due to limitation of human’s percep-
tion about the physical world and is also inevitable.

e The gap between model and human is due to the lack of understanding about the
models that make the decision such that users do not know how a prediction is
made, when to trust the model, or how to fix errors.

Though the gaps cannot be erased, they can be mitigated. One connection between
any two entities can be used to mitigate the gap of other connections. For example, the
expert knowledge can help to mitigate the gap between physical world and model by
methods like data pre-processing and feature engineering.

How can explainability help? The prediction alone does not tell much about the data,
and it is useless to mitigate the gaps between reality and model, or between reality and
human. Only when the prediction of a model can be explained, can human gain valuable
insights from it to reach new knowledge, or can the flaws in data collection can be detected
and corrected.

1.4 A possible solution to improve explainability - patterns

Pattern based methods have been shown to have discriminative ability. Due to its nature
of being interpretable, we utilize patterns to improve the explainablity of classification
models.

Patterns are conjunctions of feature-value conditions, and they have been widely
adopted in the interpretability research community as they are intrinsically easy to in-
terpret. Given the data shown in Figure 1.1a, an example of pattern can be (F; = true,
F, = false) or (F3 > 4). In particular, every prediction path in a decision tree can be
reformed as a pattern.

We are interested in two types of patterns: frequent patterns and contrast patterns.
Frequent patterns are the patterns that occur frequently in a dataset. E.g., assume a dataset
consists of 100 instances and there is a user-specified threshold (called min support) which
is 0.2, then a pattern that matches more than 20 (100 - 0.2) instances is called a frequent
pattern. Contrast patterns are the frequent patterns that occur more frequently in a dataset
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FIGURE 1.5: Relationship of reality, model and human

than another. E.g., assume a frequent pattern occurs 10 times in a dataset and occurs 2
times in another dataset, and there is a user-specified threshold (called min growth ratio)
which is 5, then this pattern is a contrast pattern. Formal definitions of patterns are given
and discussed in Chapter 2.

1.4.1 How can patterns improve explainability of models?
Patterns can be used to improve the model explainablity as follows.

e Using patterns as features. When applying non-linear dimension transformation
methods like principal component analysis (PCA), new features might not be in-
terpretable, and when applying linear dimension transformation methods like lin-
ear discriminant analysis (LDA), the discriminative ability becomes an issue. Pat-
tern based feature engineering utilizes pattern’s discriminative power and its in-
terpretability such that the pattern features can be both discriminative and inter-
pretable.

e Using patterns as the representation of explanations. In this way, the problem of
generating explanations can be transformed to pattern mining problem.

e Using patterns to build interpretable models. A common way is to build ensemble
models with patterns. In particular, patterns can be used in partition-wise linear
models (Oiwa and Fujimaki, 2014), such that each partition is represented by a
pattern and associated with a local linear model. The pattern based partition-wise
linear models preserve the interpretability and improve the accuracy by patterns’
predictive ability.

Details of using patterns to improve the explainability will be discussed in the following
chapters.
1.4.2 Patterns as explanations versus other forms of explanations

Explanations also can be found in other forms such as vectors of weights and instances.
Vectors of weights use one number to represent the contribution of a feature, and instances
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are the examples that are similar to the query instances. Explanations in the form of
patterns have the following advantages:

1.5

Patterns can be easily interpreted. The meanings of numeric values of vectors of
weights can be confusing, e.g., a feature with contribution of 0.4 is not necessarily
two times more important than a feature with contribution of 0.2 given different
feature domains. Moreover, vectors of weights and instances are difficult to explain
for large dimensional data.

Patterns can be more precise. For example, patterns may contain the information
about the value range of a feature, which cannot be indicated in other forms.

Patterns can be found in complex data. For example, patterns are presented as
subgraphs in the graph data, and subtrees in the tree data.

Thesis structure

The thesis is organized as follows:

The background information and preliminaries that are used in the thesis are intro-
duced in Chapter 2.

The literature reviews about the trending interpretable models and model-agnostic
explanations methods are presented in Chapter 3.

Chapter 4 discusses the pattern based interpretable feature engineering methods.
The contribution of this chapter is to summarize the framework of pattern based
interpretable feature engineering and discuss different forms of mapping functions.

Chapter 5 presents the proposed method that helps provide explanations for any
classifier using contrast patterns. The contribution of this chapter is to propose a
pattern based model-agnostic explanation method that achieves higher faithfulness
than the baselines, and is able to generate multiple explanations when required.

Chapter 6 investigate the relationship of local intrinsic dimensionality and the qual-
ity of explanations, and proposes a novel method to generate the synthetic neigh-
borhood of a query instance, which is a crucial process for local model-agnostic
explanation methods. The contribution of this chapter is that the proposed method
improves the quality of local explanation methods and it can work with any existing
local explanation method that involves local synthetic neighborhood generation.

Chapter 7 proposes a pattern based interpretable classifier that aims to increase the
accuracy of white-box classifier by enriching the hypothesis set without increasing
the model complexity. The contribution of this work is propose an interpretable
model that is able to achieve comparable accuracy as the black-box classifiers.

In Chapter 8, we utilize the framework of multi-task learning in neural networks
to build a model that is supervised by the class labels and expert explanations.
The contribution of this work is to propose a method that is trained to make both
accuracy and reliable predictions while the traditional classifiers are solely trained
in terms of accuracy.

Chapter 9 gives the conclusion and discusses the future work.
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Chapter 2

Background

2.1 Introduction

In this chapter, we introduce the preliminaries that are used though this thesis. We start
with the basic concepts of machine learning. Then we give the definitions related to
patterns. Finally, the explanation terminologies and evaluation methods are discussed.

2.2 Basic concepts

2.2.1 Classification and pattern
Instance and dataset

An instance is a set of attribute-value pairs. The domain of an attribute can be discrete
(where the attribute is called nominal/categorical) or continuous (where the attribute is
called numeric/continuous). One nominal attribute is selected as the class/label of an
instance. A dataset consists of a set of instances, where all instances have the same at-
tributes with possibly different values. Such data is also known as tuple/vector data.

Example. An example dataset is shown in Table 2.1. This dataset consists of three feature
Fi, B, F5 and four instances x1, X2, X3, x4. F; and F, are nominal features (especially they
are also called binary features), and F3 is numeric feature. The class label has two possible
labels: 0 and 1.

F F F5 | class
x1 | true | false | 1 1
Xy | true | true | 2 1
x3 | false | false | 5 0
x4 | false | true | 3 1

TABLE 2.1: Example dataset

Classifier

A classifier is a mapping relation f(x) that maps an instance x (without class informa-
tion) to a class label. Some classifiers are able to provide a confidence (or probability
score) for the predictions.

Example. Given the dataset shown in Table 2.1, assume a classifier f is trained on the
dataset, the input format of the classifier is the same as the format of an instance in the
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dataset. Foe example, x1 without the class label is a valid input for the classifier, and if the
output of f(x) is the same the pre-defined class label of x; then the prediction is correct.

Pattern

A pattern is a conjunction of conditions. A condition may have one of three forms: 1)
A = aorii) B < b, oriii) C > ¢, where A is a nominal attribute, and B and C are
numeric attributes. Patterns in complex data like graph or sequence data are discussed in
Chapter 4.

Matching dataset

An instance x matches a pattern p if all conditions in p are true for x. The matching
dataset of a pattern p in a dataset D is the subset of D where all instances in the subset
match p, and is formally defined as mds(p, D) = {x € D|x matches p}.

Support
The support of a pattern p in a dataset D is the ratio of the size of the matching dataset to
the size of D, and is defined as supp(p, D) = %.

Growth ratio

The growth ratio of a pattern p in dataset Dp to dataset D, is the ratio of the corre-

supp(p.D1)
‘ supp(p,D2)"
GrRatio(p, D1, D;) = oo if supp(p, D2) = 0 and such patterns are known as jumping

emerging patterns (Fan and Ramamohanarao, 2006). Dy and D, can be two datasets, or
two subsets of a dataset (i.e., divided by class labels).

sponding supports, and is defined as GrRatio(p, D1, D2) = In particular,

Frequent pattern

A pattern p is called a frequent pattern in dataset D if its support is greater than a user-
specified threshold minSupp.

Contrast pattern

Given two datasets D1 and Dy, a frequent pattern p is called a contrast pattern when
the growth ratio GrRatio(p, D1, D7) is greater than a user-specified threshold minRatio,
which means p occurs more frequently in D;. Note that other metrics (e.g., support dif-
ference) can be used to define the contrast pattern. Interested readers can refer to (Dong
and Bailey, 2012) for a discussion and comparison of the possible metrics.

Example. Taking the dataset D in Table 2.1 as an example, consider two patterns p =
{F1 = true, F3 < 3},q = {F2 = false}. The matching datasets of p, g are mds(p, D) =
{x1,x2}, mds(q, D) = {x1,x3}, and the supports of both are supp(p, D) = supp(q,D) =
% = 0.5. Both are frequent patterns if minSupp < 0.5. Assume the dataset is split into
Dy = {x1,x2,x4} and D, = {x3} by the class label, and the task is to find contrast
patterns for Dy. Then the growth ratios of p, q are GrRatio(p, D1,D2) = 23 = +co,
and GrRatio(q,D1,D2) = %—;; = 2. p s called a contrast pattern for D; and g is not, if
minRatio is set to be greater than %
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2.3 Explanations

2.3.1 Representations of explanations

There are three typical representations of explanations: vector explanations, pattern ex-
planations and instance explanations.

Vector explanations.

Vector explanations are represented in the form of vectors of weights, where each entry
represents the contribution/importance of a feature.

Given a d-dimensional instance x = (x1,X2,...,X;) and a model f, the explanation
for the prediction f(x) is a d-dimensional vector erlx) = (e1,€2,...,e4). If e; is binary
such that e; € {0, 1}, e (y) is called a binary vector explanation, where ¢; is 1 only when
ith feature is important for the prediction of f(x). If e; is arbitrary numeric value such that
ei € R, ef(y) is called a numeric vector explanation, where e; represents the importance
of ith feature.

Example. Assume a dataset consists of three features a1, a,, a3, and given a query x and a
model f the explanation e of the prediction f(x) by f is (0, 0, 1), then e is a binary vector
explanation and it suggests that only feature a3 is important for the prediction.

Assume a dataset consists of three features ay, a», a3, and given a query x and a model
f the explanation e of the prediction f(x) by f is (0.5, 0.1, 0.2), then e is a numeric vector
explanation and it suggests that 2; > a3 > a5 in terms of the feature importance.

Pattern explanations.
Pattern explanations are represented in the form of vectors of patterns, where each condi-

tion in the pattern explains the logical reasoning of a prediction.

Example. Assume a dataset consists of three features a1, a, a3, and given a query x and
a model f the explanation e of the prediction f(x) by f is (a7 = 3Nay < 5), then e is
an example of pattern explanation. This pattern explanation can be converted to a binary
vector explanation as (1,1,0) which suggests that features a1, a, are important, but such
conversion may result in information loss.

Instance explanations.

Instance explanations are instances that come from the training data. A typical example
is the K-nearest-neighbor (KNN) model, especially when K=1.

Example. Given an instance x and a KNN model f for K=1, assume the explanation is
x* such that x* comes from the training data, it suggests that x* is the closest instance to
x and therefore they have the same class label f(x) = f(x*).

2.4 Evaluation of explanations

2.4.1 Metrics

Given a model f and a D-dimensional instance x, assume ¢/ = {¢/,..., e}, } is the true
vector explanation, and e = {ey, ..., ep} is the vector explanation generated. The quality
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of e is measured by its closeness to ¢’. Given two representations of explanations, we
define the following metrics.

When e, ¢’ are numeric explanations, where ¢;, ¢ € R, the quality of e, denoted by
Q(ele’), is measured using the cosine similarity:

e-é

@.1)
lef le']

Q(ele’) = |cosine_similarity(ele’)| =

where e - ¢/ is the dot product of two explanations, and |e| calculates the /2-norm of e.
The closer Q(ele’) is to 1, the higher the quality of e, and if it is 1 then e and ¢’ are
parallel.
When e, ¢’ are binary explanations, where ¢;, ¢/ € {0,1}, Q(ele’) is measured by
the I, score:

Q(ele') = 2 xrecall(e|e’) * precision(ele’)
~ recall(ele’) + precision(e|e’)

(2.2)

ZiDzl eike;
Tiliel
explanation values in ¢) are truly important (with non-zero explanation values in ¢’), and
D /
. . 1 epxe; . . . .
precision(ele’) = Lo ——, which indicates how many truly important features are chosen

i=1"%

where recall(ele’) =

which indicates how many chosen features (with non-zero

ine. Q(ele’) equals 1 if and only if e and ¢’ are identical, and is less than one otherwise.

Given a training dataset T, a model f and a D-dimensional instance x, assume p’
is the true pattern explanation and p is the pattern explanation generated, we define the
quality of the pattern explanations using Jaccard similarity:

n _ [mds(p, T) Nmds(p', T)|
Qplp') = \mds(p, T) Umds(p', T)]

2.3)

where mds(p, T) is the matching dataset of pattern p in the training data T. This metric
is 1 when to pattern explanations are identical.

2.4.2 Faithfulness and reliability

Faithfulness describes that the relationship of an explanation with the true model ex-
planation, which means that the true explanations should be extracted from models. An
explanation is faithful if it is similar to the corresponding model explanation.

Reliability describes that the relationship of an explanation with the true expert
explanation, which means that the true explanations should be extracted from experts
knowledge or domain information. An explanation is reliable if it matches the expert
knowledge. An explanation should be faithful in order to evaluate the reliability.

Both faithfulness and reliability can be evaluated using the metrics described in Sec-
tion 2.4.1 with different ground true explanations.

When evaluating the faithfulness, the true explanations are directly from the models.
Faithfulness is generally used to evaluate the quality of model-agnostic explanation meth-
ods (Ribeiro, Singh, and Guestrin, 2016¢), and a common way is to obtain the ground
truth from interpretable models while treating them as black-box models for the explana-
tion generation methods. It it worthy pointing out that it is impossible to exactly evaluate
the faithfulness of the model-agnostic explanation methods as the ground truth cannot be
obtained from the black-box models that need the explanation methods.

When evaluating the reliability, the true explanations are obtained from experts using
the domain knowledge (e.g., a doctor knows the symptoms to reach the diagnosis of a
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patient, or a marketing analyzer knows the characteristics that attract customers). The
reliability is used to evaluate the quality of the predictions of a model, and it differs from
accuracy in the sense that a model could make a correct prediction but its logical rea-
soning is totally false. For example, patient ID information is discriminative when the
patients are categorized by their diseases to arrange the ID, if such information is given
to a model, it may become dominant due to its high correlation with the class label, but
explanations using patient ID are not reliable.

Example. Given the decision tree given in Figure 1.3 and a patient’s information (tem-
perature = 38.5, headache = yes, ...), when providing the decision tree model to a model-
agnostic explanation method (e.g., LIME (Ribeiro, Singh, and Guestrin, 2016c)) to seek
an explanation for the prediction of the patient, if the explanation from the explanation
method suggests that features (temperature, headache) are used for the model to reach the
prediction, it is faithful as it agrees with the ground true model explanation (temperature
> 38, headache = yes).

Given the decision tree given in Figure 1.3 and a patient’s information (temperature
= 38.5, headache = yes, ...), when providing the decision tree model to a model-agnostic
explanation method (e.g., LIME (Ribeiro, Singh, and Guestrin, 2016c)) to seek an expla-
nation for the prediction of the patient, if the explanation from the explanation method
suggests that features (cough, bloodPressure) are used for the model to reach the predic-
tion, it is not faithful as it disagrees with the ground true model explanation (temperature
> 38, headache = yes).

Given the decision tree given in Figure 1.3 and a patient’s information (temperature
= 38.5, headache = yes, ...), the model gives the prediction “flu” and the explanation
(temperature > 38, headache = yes). If a doctor knows the true symptoms are temperature
and headache, then the prediction of the model is reliable as its explanation matches the
domain knowledge.

Given the decision tree given in Figure 1.3 and a patient’s information (temperature
= 38.5, headache = yes, ...), the model gives the prediction “flu” and the explanation
(temperature > 38, headache = yes). If a doctor knows the true symptoms should be
cough and headache, then the prediction of the model is not reliable as its explanation
does not match the domain knowledge.
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Chapter 3

Literature Review

3.1 Introduction

In this chapter, we introduce the general interpretable models and the model-agnostic
explanation methods that are related to our research. We also analyze the advantages and
disadvantages or these methods. Some detailed discussions and closely related works of
our proposed methods can be found in the corresponding chapters.

3.2 White-box models

White-box models are intrinsically interpretable and easy to use when the model inter-
pretability is required. Common white-box models include linear regression, logistic re-
gression, decision tree and pattern based methods.

3.2.1 Linear models

A linear regression model (Hastie et al., 2005) makes predictions using a weighted sum
of the feature values, and it assumes linearity relationships that are easy to interpret.
Given an instance x = (x1, X2, ..., X;), a linear model f gives the prediction as:

f(x) =wao+arx1 + aoxy + ... + agxy 3.1

where a is the intercept and a;(i > 0) are the feature weights/coefficients.

More discussion and the variants of linear regression can be found at (Hastie et al.,
2005).

The explanations for a linear regression model can be extracted from the weights/coefficients.
The explanations are represented as feature importance (FI), and the feature importance
of ith feature FI; can be measured by the absolute values of its weight:

FIZ' = ’061‘| (32)
or by the absolute values of the its t-statistic (Molnar, 2019):

ad

FI; =
Y o)

(3.3)

where o (;) is the standard deviation of the corresponding feature distribution. This met-
ric increases with increasing feature weight and decreases with increasing feature variance
(which means that we know less about the feature value). The sign of a weight indicates
whether the feature has a positive contribution or a negative contribution.
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Assume a linear model f is trained on a dataset that consist of three normalized fea-
tures a, b, ¢, and is represented as:

f(x) =5a—3b+4c—2 (3.4

It can be interpreted as: feature a has the most impact on the predictions. A unit
increase of feature a results in an increase of 5 for the outcome; A unit increase of feature
b results in a reduce of 3 for the outcome; A unit increase of feature ¢ results in an increase
of 4 for the outcome;

Advantages
The advantages of linear models include:

e The linear models are simple to implement and use.

e How the predictions is derived is clear: they are based on the weighted sums of the
feature values.

o It is guaranteed to find the optimal weights given the training data.

Disadvantages

The disadvantages of linear models include:

e This type of models is based on the assumption that the features and class labels
have linear relationships. For non-linear data, kernel methods or other feature trans-
formation methods can be applied, but doing this could increase the complexity thus
reduce the interpretability.

o The linear models usually fail to achieve high accuracy comparing with the state-
of-the-art models like random forest and neural networks.

e The explanation as a vector of weights can be misleading. A feature that is posi-
tively correlated with the class label may have negative weight and vice versa when
there are other features that are highly correlated with it.

e The features are required to be normalized or in the same scale in order for the
weights to be meaningful.

3.2.2 Logistic regression

While the linear regression works well for regression task, it fails to perform on classi-
fication problems due to the lack of the ability to output classification probability. The
solution for classification is logistic regression which utilize the logistic function:
- 1

~ 1+exp(—n)

Given an instance x = (x1,X2,...,X;), a logistic regression model gives the probability
p(y = C) of predicting a certain class label C, such that:

logistic(77) (3.5)

1
1 +exp(—(ao+ arx1 +agxo + ...+ agxg))

p(y=C) (3.6)
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The explanation of the weights in a logistic regression model and the explanation of
the weights in a linear regression model are different. The output in a logistic regression
model is a probability within the range [0, 1], and the weights do not affect the probability
linearly. The weighted sum of feature values is converted by the logistic function to a
probability score. One way to get an explanation for a prediction is to find out how the
prediction output changes when a feature x; is increased/decreased by 1 unit. This can be
done by applying the exponential function to both sides of the equation:

P(y=C)

m = odds = exp (o + a1x1 + ... + agxy) 3.7

Then the change is usually calculated by the ratio of these two odds:

dds.. vt ai(xi+1) 4.
oddsy 11 exp(aot+mxi+...+ai(xi+1)+.. +agxy) exp(a))  (8)
odds exp (o +a1x1 + ...+ aix; + ...+ agxy)

The explanation of the prediction of an instance x = (x1,xp,...,X;) is a vector
of weights (exp(a1),exp(az),...,exp(xy)) where each entry denotes that if there is a
change in feature x; by one unit then the odds ratio changes by a factor of exp(a;).

The advantages and disadvantages of linear model also apply to the logistic regression
model. One advantage over the linear model is that the logistic regression model is able
to give probabilities.

A disadvantage of logistic regression is that the explanation for a prediction is diffi-
cult to comprehend as the interpretation of the weights is multiplicative and not additive.
Complete separation could be an issue for logistic regression. If the data can be perfectly
predicted using only one feature, the logistic regression cannot be trained as the weight
for that feature would be infinite.

As logistic regression is an interpretable model, it can be improved from the perspec-
tive of accuracy for different tasks while its interpretability is preserved (Lv and Chen,
2018) (Kocbek et al., 2019) (Jovanovic et al., 2016).

3.2.3 Decision tree

Linear regression and logistic regression models cannot handle the situations where the
relationship between feature values and the class label is nonlinear. Tree based methods
split the data according to the cutoff feature-value pairs that are calculated by different
criteria. Each splitting creates several subsets of the dataset and the splitting process is
repeated until all instances in the subset belong to the same class or the maximum tree
depth is reached. The final subsets of the tree are called leaf nodes and the intermediate
subsets are called split nodes. When predicting an instance, it starts from the root of a
tree and reaches a leaf node along a prediction path on which the feature values of the
instance satisfy all the conditions of the slip node, and the average result (class labels for
classification and numeric values for regression) is the final prediction.

There exist many algorithms to build a tree, and they mainly differ in the criteria
that is used to find the splitting feature and values on a split node. The classification and
regression trees (CART) algorithm proposed in (Breiman, 2017) decides the feature-value
cutting pair by minimizing the variance of the prediction for regression tasks or the Gini
index of the class distribution for classification tasks. The variance reveals that how much
the predictions of the instances in a node are located around the mean value, and the Gini
index evaluates the impurity of a node, e.g., if class labels of the instances in a node are
equally distributed, the node is totally impure, and if all instances in a node belong to
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the same class, the node is pure. At each splitting process, the node select the feature-
value pair that results in the best partition with respect to the variance for regression or
Gini index for classification. CART keeps searching and splitting until the criterion is
satisfied.

The explanation of a prediction for a decision tree can be represented as a binary
vector or a pattern. A binary vector explanation is of the same dimensionality as the
instance, and each entry is 1 if the corresponding feature occurs in the prediction path. A
pattern explanation consists of splitting features and their conditions.

There are works that extend the decision trees to improve the accuracy while preserv-
ing the interpretability in domains where the interpretability is required (Lakkaraju, Bach,
and Leskovec, 2016) (Letham et al., 2015) (Wang and Rudin, 2015).

Advantages

The advantage of the decision tree models include:

e The interpretation of the prediction paths is arguably more intuitive and understand-
able.

e The tree structure can be visualized easily and rendered with the edges and nodes.

e The feature transformation is not need to learn a tree, while for the linear models, it
is necessary to transform categorical features into numeric features.

Disadvantages

The disadvantages of the decision tree models includes:
e Decision tree models can not capture linear relationships.

e The trees suffer from lack of smoothness. A small change to the training data can
result in a completely different tree; or if a different feature with the same variance
or Gini index is chosen as the split feature of the root node, the final tree structure
would be different as well.

e The trees cannot output confidence or probabilities for the predictions.

e Deep trees are not interpretable. The size of the explanations increases with the
depth or length of the prediction path. A large size makes the explanations difficult
to understand.

3.2.4 Naive Bayes Classifier

The Naive Bayes classifier proposed in (Maron, 1961) is constructed based on the Bayes’

theorem:

P(B|A)P(A)
P(B)

where P(A|B) is the conditional probability or the likelihood of event A given that B is
true, P(B|A) is the similar defined as P(A|B), P(A) and P(B) are the marginal proba-
bility of observing A and B independently.

The Naive Bayes classifier computes a class probability for each feature indepen-
dently and the final probability of a class given all features is based on the individual class

P(A|B) = (3.9)
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probabilities. Formally, the Naive Bayes classifier computes the conditional probability
of a class C as:

P(Clx) = %p(c:) ﬁpwc:) (3.10)

where Z is the scale parameter that guarantees that the probabilities of all classes sum
to 1.

The Naive Bayes classifier assumes that all features are independent, making it an
interpretable model such that it is clear to see the contribution of each feature to the final
prediction.

3.2.5 K-Nearest Neighbors

The k-nearest neighbor method (Altman, 1992) can be applied for classification tasks
and regression tasks. It makes predictions based on the nearest neighbors of an instance.
For classification tasks, the prediction of an instance is the majority class in the k nearest
neighbors of the instance. For regression tasks, the prediction of an instance is the average
prediction of the neighbors. The key procedure is to choose a proper value for k, and
decide the distance function for any two instances.

The k-nearest neighbor method is different from the previous interpretable models
because it is an instance-based learning algorithm.

The main advantage of k-nearest neighbor method is that it has no parameters to learn,
thus there is no need to interpret the modular parameters of structures.

The main disadvantage comes from the choice of the distance functions. First of all,
it is difficult to infer the underlying true distance functions from the data. Second, the
differences of the distances among the instances become small for high dimensional data
due to the curse of dimensionality.

Recently, many accurate interpretable models are built based on k-nearest neighbors
(Ezghari et al., 2017) (Kroupa et al., 2019) (Fuchs, Gertheiss, and Tutz, 2015).

3.3 Model-agnostic explanation methods

Interpretable models usually achieve lower accuracy comparing with the state-of-the-art
models like random forest, neural networks and support vector machine (SVM), which are
also difficult to explain. The lack of interpretability brings a challenge for the deployments
of these black-box classifiers. In this section, several model-agnostic explanation methods
are introduced.

3.3.1 Partial Dependence Plot

The partial dependence plot (PDP) proposed in (Friedman, 2001) is used to visualize the
interaction between the class label and the features. It is called “partial” as it is difficult
to plot the interaction between the class and all features, and usually it can plot the rela-
tionship of the class and one or two features. PDP is helpful when a model is dominated
by a few features.

Assume the input instance of a model f consists of n features, let zg be a chosen
subset of all features and z¢ be the complement subset, the partial dependence function is
defined as:

Fy(zs) = B [f(zs,2)] = [ flas,zo)p=c(zc)d(zc) G.11)

where zg are the chosen features for plotting the partial dependency (usually there are
one or two features in zg), and z¢ are the remaining features that are also used by the
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FIGURE 3.1: Partial dependency plots for the bicycle count prediction
model and temperature, humidity and wind speed

model f. p..(zc) is the marginal probability density of zc which is formally:

pzc(zc) = /p(25,2c)d25 (3.12)

where p(zg, z¢) is the joint density of all features, and the complement marginal density
can be estimated from the training data, then Eq. 3.11 can be calculated by:

F.(zs) = F(zs,28) (3.13)

S|
.MZ

N
Il
—

where N is the number of instances in the dataset, Z(Cl) are features values from ith
instance.

The partial dependence plot method provide global explanations in the sense that it
considers all instances in a dataset and analyzes the global relationship of a subset of
features with the class labels.

An example is given in Figure 3.1 (Molnar, 2019). The task is to predict how many
bikes will be rented on a given day. A random forest model is trained to analyze the
partial dependencies of features temperature, humidity abd wind speed. The results are
visualized in Figure 3.1. The first plot suggests that the number of rented bikes is high
when the temperature is warm (roughly around 20 degree). The second plot shows that if
the humidity is greater than 60%, the number of bikers reduces when the humidity keeps
increasing. The last plot indicates that the higher the wind speed is, the less the probability
that people go out for biking is. It is worthy noticing the that number of rented bikes does
not keep reducing after the wind speed exceeds 25 km/h, and one possible reason is that
the training data lacks instances where wind speed is higher than 25 km/h thus the model
fails to make accurate prediction in this range.
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Advantages

The advantages of partial dependence plot include:

e The definition of partial dependence is straight forward: the partial dependency of
a particular feature is the average prediction if the values of the chosen features are
applied to all instances and the rest features remain unchanged.

o If the chosen features are independent from other features, the PDP exactly reflects
the effect of the chosen features on the predictions.

e The method is easy to compute and implement.

Disadvantages

The disadvantages of partial dependence plot include:

e It assumes that the chosen features are not correlated with other features, and this
assumption usually does hold in reality. For example, when predicting a patient’s
diagnosis, it is not reasonable to assume that the blood pressure is not correlated
with the weight.

e Partial dependency method can hide heterogeneous effects of features as it only
computes the average effects. Assume a feature is positively correlated with the
class label for half of all instances, and it is negatively correlated with the class for
the other half, the partial dependency curve would be a flat line, as the effects of the
feature are canceled by each half of the dataset.

3.3.2 Individual Conditional Expectation

Individual conditional expectation (ICE) (Goldstein et al., 2015) is a local version of the
partial dependency plot, and it plots one line per instance to illustrate the effect for all
instances when a feature changes.

ICE plots disaggregate the result of the partial dependency plot, which reflects the
average partial effect of the chosen features, and it plots N estimated conditional expec-
tation curves for N instances in a dataset. The PDP curve is the average of N ICE curves.
Moreover, ICE can display the heterogeneous effects of features, which is a disadvantage
of PDP.

A formal definition of the individual conditional expectation is: In an ICE plot, for
each instance in {(zg),z(cl))}fi , the curve Fz(;) is plotted against zg), while any other
feature value Z(Cl) is fixed, where N is the number of instances, zg is the selected feature
for visualization, and z¢ is the complement feature set. Each curve of ICE represents the
conditional relationship between zg and the prediction at fixed values of z¢.

An example of ICE plot is shown in Figure 3.2 (Molnar, 2019). A random forest
is trained for the prediction of the probability of cervical cancer for a woman given risk
factors such as age. Each curve in the plot represents the probability across all ages for
one woman. It can be seen that for most women the probability of getting cancer increases
with increasing age. For some women with probability higher than 0.4, the age does not
affect the probability significantly, which suggests that if a women has a high probability
at a young age, then the probability will not change significantly with age.
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FIGURE 3.2: Individual conditional expectation plot of cervical cancer
probability by age

Advantages
The advantages of ICE include:
o It is clear to see the effect of a chosen feature on a particular instance.
o Unlike the partial dependence plots, the individual conditional expectation plots can
display heterogeneous relationships.
Disadvantages

The disadvantages of ICE include:

e ICE plot can only show the effect of one feature clearly, as two features would cause
the drawing of overlaying surfaces.

e [CE assumes the same as PDP such that the chosen feature is independent from
other features.

e With a large number of instances, the plot may become overcrowded.

e It is difficult to see the average influence from a ICE plot.

3.3.3 Feature Importance

The feature importance is defined as the increase of the prediction error (or the decrease
of the prediction accuracy) of a model if the values of a selected feature is permuted
to break the correlation between the class label and the chosen feature (Breiman, 2001)
(Gregorutti, Michel, and Saint-Pierre, 2017). A feature is important if the prediction error
increases by permuting its values, because the “absence” of the feature results in the loss
of predictive power of the model. A feature is not important if the prediction error remains
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FIGURE 3.3: The importance for each of the features in predicting bike
counts with a support vector machine.

unchanged when shuffling the feature values, in the sense that the selected feature can be
ignored.

A general framework (Molnar, 2019) for computing the feature importance for any
model can be described as:

1. Compute the model error e using loss functions such as mean absolute loss and
mean squared loss.

2. For each feature i, do:

(a) Generate a synthetic dataset by permuting feature 7 in the original data.
(b) Compute the model error ¢’ based on predictions of the synthetic instances.

(c) Calculate the feature importance of i by FI; = ¢/ /e orby FI; = ¢’ — e
3. Return the feature importance FI in descending order.

An example in shown in Figure 3.3 (Molnar, 2019). A support vector machine model
is trained for predicting the number of bikes that are rented, given the information of
weather conditions and calendar. Mean absolute loss is used as the loss function. The
figure suggests that temperature is the most important feature and holiday is the least
important feature.

It is possible that one feature that is important to model M; may not be important to
model M». The research of Fisher, Rudin, and Dominici (Fisher, Rudin, and Dominici,
2018) defines model class reliance (MCR) as the range of feature important values across
different models, taking into consideration that many prediction models possibly of dif-
ferent parametric forms can fit the data well.
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Advantages

The advantages of feature importance include:

e The meaning of feature importance is clear such that people with little technique
background can easily understand it.

o The feature importance methods implicitly take into account the correlations among
the features. When permuting the values of a feature, the correlation of feature with
other features are also destroyed.

e Many permutation based feature importance methods do not need the access to the
internal structure of a model or the training data.

Disadvantages

The disadvantages of feature importance include:

e The feature importance depends on the error of a model. Different error measure-
ments may result in different feature importance, and it is not clear to choose one
over the others.

e The permuting process may generate different unrealistic synthetic instances that
do not exist in reality, especially when the features are correlated. For example, it
does not make sense to generate an instance saying "gender is male, pregnant status
is yes".

3.3.4 Shapley Values

Shapley values can be explained with a simple scenario: when purchasing car insurance, a
car owner needs to answer several questions regarding to the vehicle information, parking
location and driver profiles, then the owner gets a quote. Assume the annual quote for the
owner is $1000 and the average quote for all cars is $600. In this scenario, one may ask
the question: how does each answer (e.g, car model, year, make, driver’s age) influence
the specific case comparing with the average prediction?

Shapley values can be adopted to answer this question. The calculation of Shapley
values is based on all possible coalitions of feature values with and without a selected
feature. However, exact calculation of Shapley values is computationally impossible due
to the large amount of the permutations. Strumbelj et al. (Strumbelj and Kononenko,
2014) propose an approach to estimate the Shapley value of jth feature with Monte-Carlo
sampling:

1 i i
¢ =% 1—21 (f(x-i-]') - f(x_j)> (3.14)
where j is the index of the feature that the Shapley value is computed for, K is the number
of iterations, f is the model being tested, and xi- is the prediction of a modified x where a
random number of feature values are replaced by the feature values of a random instance
z;, except for the jth feature. x' j 1s almost the same as fo- but the value of jth feature is
also from the randomly picked instance z;.

The Shapley value is different with feature importance in the sense that it does not
measure the difference if a feature is “removed”.

An example of the Shapley values is shown in Figure 3.4 (Molnar, 2019). A random
forest is built for predicting the number of rented bikes for a particular day, given the
information of weather and calendar. The average prediction for the rental bikes is 4518,
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FIGURE 3.4: Shapley values for a certain day

and the prediction for the selected day is 2409, which is 2108 less than the average pre-
diction. The Shapley values for all the features are displayed in the plot, from which it
can be seen that the humidity is the main reason why the number of rental bikes is small,
while the temperature still has a positive contribution to the prediction.

Advantages

The advantages of Shapley values include:

e Contrast explanation can be generated using the Shapley value by comparing an
instance to a subset of instances or a single instance, instead of comparing the query
to the entire dataset. This can be easily controlled by where the random instance is
drawn.

e Shapley value has a solid theory, which gives the explanations a reasonable foun-
dation.
Disadvantages

The disadvantages of Shapley values include:

e [t is computationally expensive and in most cases only the approximate solution is
feasible.

e The method need access to the training data.

3.3.5 Local interpretable model-agnostic explanations

Recently, a new framework local interpretable model-agnostic explanations (LIME) has
been proposed in (Ribeiro, Singh, and Guestrin, 2016c) to generate explanations for in-
dividual predictions of black-box models. LIME extracts local explanations from local
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FIGURE 3.5: Example to present intuition for LIME

surrogate models (e.g., linear models) that are simple and interpretable. The local surro-
gates are built to approximate the behavior of a model in the vicinity of an instance.

Local surrogate models are interpretable models that are used to explain individual
predictions of black box machine learning models. Local interpretable model-agnostic
explanations(LIME) (Ribeiro, Singh, and Guestrin, 2016¢) is a paper in which the au-
thors propose a concrete implementation of local surrogate models. Surrogate models
are trained to approximate the predictions of the underlying black box model. Instead of
training a global surrogate model, LIME focuses on training local surrogate models to
explain individual predictions.

The intuition of LIME is illustrated in Figure 3.5 (Ribeiro, Singh, and Guestrin,
2016c). The black-box model’s underlying classification function f (that is unknown
to LIME) is represented by the blue/pink background, which cannot be approximated
well by a linear model. The bold red cross is the query instance that is being explained.
LIME generates synthetic instances in the vicinity of the query instance, gets class la-
bels (crosses or circles) using f, and weighs them by the proximity to the query instance
(represented by size). The dashed line is the learned explanation that is locally (but not
globally) faithful.

Mathematically, the framework of local interpretable model-agnostic explanations is
defined as:

explanation(x) = arg rgnelg L(f, g my) + Q(g) (3.15)

where x is the query instance whose prediction is to be explained, 77, is a proximity
measure between two instances to define the locality around x, G is a set of model candi-
dates from where the local surrogate is drawn, and ()(g) measures the complexity of the
local surrogate (e.g., the depth for decision trees and the number of none-zero weights for
linear models). The goal is to find a local surrogate ¢ for an individual instance x and the
explanation for the prediction of x is obtained from g.

The general procedure of LIME is described as following:

1. Select the instance to be explained.

2. Perturb the instance to get new synthetic instances in the vicinity of the query in-
stance.

3. Weight the new synthetic instances according to their proximity to the instance.
4. Train a weighted, interpretable model on the synthetic dataset.
5. Explain the prediction by interpreting the local model.

An example of applying LIME on tabular data is shown in Figure 3.6 (Ribeiro, Singh,
and Guestrin, 2016c). The task is to predict whether a mushroom is edible or not. Negative
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Prediction probabilities edible poisonous

el
poisonous [ ] 1.00 gill-size=broad

Feature Value
odor=foul True
gill-size=broad True
stalk-surface-above-ring=silky True

spore-print-color=chocolate =~ True
stalk-surface-below-ring=silky True

FIGURE 3.6: Example of LIME explanation on tabular data

(blue) features indicate edible, while positive (orange) features indicate poisonous. The
feature odor contributes most to the prediction. It can be expected that if the feature odor
is removed, the probability will reduce to 1.00 - 0.26 = 0.74.

An example of applying LIME on tabular data is shown in Figure 3.7 (Ribeiro, Singh,
and Guestrin, 2016¢). The task is to predict whether the topic of an email is atheism or
christian. Negative (blue) words indicate atheism, while positive (orange) words indicate
christian. If the words “Host” and “NNTP” are removed from the document, it can be
expected that the classifier predicts atheism with probability 0.58 - 0.14 - 0.11 = 0.31.

LORE (Local Rule-based Explanation) (Guidotti et al., 2018) follows the framework
of LIME and adopts decision trees as local models. It first generates a set of synthetic
neighbors through a genetic algorithm, and extracts a decision tree from the synthetic
neighbors. A local explanation is derived from the tree structure.

Unlike LIME and LORE that generate synthetic neighbors of a given instance, LACE
(Pastor and Baralis, 2019) selects K neighbors of the given instance from the training
data and the extracts a set of classification rules. To generate local explanations, LACE
requires access to the training data.

Advantages
The advantages of LIME include:

e LIME is able to work with different data types such as tabular data, text and images.

e LIME is flexible such that the local surrogate can be chosen from a variety of inter-
pretable models.

e LIME is model-agnostic and does not need access to the internal structure of a
model or the training data.
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Prediction probabilities atheism

atheism
christian

Text with highlighted words

From: johnchad @triton.unm B8l (jchadwic)

Subject: Another request for Darwin Fish
Organization: University of New Mexico, Albuquerque
Lines: 11

ISR - PSERE- BIONI : triton.unm

Hello Gang,

IS8 A8 been some notes recently asking where to obtain the
DARWIN fish.

This is the same question I [{@¥@ and I [l@¥@ not seen an answer on
the

net. If anyone has a contact please post on the net or email me.

FIGURE 3.7: Example of LIME explanation on text data
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Disadvantages

The disadvantages of LIME is described as follows:
e It is difficult to choose the proper distance measurement to define the locality.

e The process to generate the synthetic neighborhood of the query instance is critical
to the quality of the explanations, but LIME simply samples the instances from a
Gaussian distribution by random perturbations.

e The explanations are not stable. the explanations of two similar instances vary
greatly in a simulated setting. Also, when the sampling process is repeated, the
explanations that come out can be different.

3.4 Example-Based Explanations

Example-based explanation methods select representative instances of a dataset to explain
the behavior of machine learning models or to illustrate the underlying data distribution.
A intuitive example of these method is: if A is similar to B, and B is predicted as C, then
it is reasonable to predict A as C.

3.4.1 K-nearest neighbors

The K-nearest neighbors model (see Section 3.2.5) is a typical interpretable machine
learning model that provides examples as explanations. The selected neighbor instances
are the explanations for a given query instance.

3.4.2 Adversarial examples

Adversarial examples are synthetic instances that are generated to fool machine learn-
ing models. These synthetic instances are results of small feature perturbations to true
instances, and they cause a machine learning model to flip the predictions of the origi-
nal instances. The adversarial examples are explanations in the sense that they provide
insights of what costs to change the predictions and how vulnerable the models are.

For most adversarial example generation methods, the high level framework is to
minimize the distance between an adversarial instance and the query instance such that
the prediction of the adversarial example is shifted to the desired class.

The work proposed by Szegedy et. al (Szegedy et al., 2013) adopts a box-constrained
optimization method to generate adversarial instances to fool machine learning models,
and performs line-search to minimize the following function:

c-|r| +loss(f(x+7),1) (3.16)

where X is the query instance (image or a vector of pixels is used in their proposed
work), 7 is the change to x such that the new instance x + r is classified as [ by the given
model f, ¢ - |r| is the penalty function, and c is the penalty rate.

This method yields exact solution for convex loss functions and approximation solu-
tion for non-convex losses.

Goodfellow et. al (Goodfellow, Shlens, and Szegedy, 2014) proposed the fast gradient
sign (FGS) method to generate adversarial instances for image data. FGS calculates the
gradient of a model, and then computes the change based on the gradient such that the
query instance. A step size € is added or subtracted to the query instance/image according
to the sign of the gradient for each feature/pixel. The idea is to change the feature values
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T 4
esign(Va /(6. . 1))
“panda” “nematode” “aibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

FIGURE 3.8: Making a panda look like a gibbon for a neural network

along the direction of gradient and intentionally alter the prediction. Formally, the fast
gradient sign method is formulated as:

x'=x+e-sign(s7.J(6,x,y)) (3.17)

where \/,J is the gradient of the loss function of the model in terms of the input fea-
ture/pixel vector x, y is the true class label for x and 6 is the model parameters (e.g.,
the weights of neural networks). The method only computes the sign of the gradient and
does not need to calculates the exact value of the gradient. A positive sign represents that
increasing the pixel value can increase the value of the loss function, and a negative sign
represents that increasing the pixel value can decrease the loss.

An example of Goodfellow’s work is shown in Figure 3.8. The original image (left
image) that is classified as “panda” is then classified as “gibbon” (right image) by adding
small perturbations (middle image) to the it, while the new generated “gibbon” image still
looks like a panda to humans.

While, the FGS method of Goodfellow needs to change many pixels to in order to
generate an adversarial example, the method proposed by Su et. al (Su, Vargas, and
Sakurai, 2019) shows that it is possible to generate the image adversarial by modifying a
single pixel.

The 1-pixel attack method aims to modify an image to be predicted as a desired class
label by changing only one pixel. The method employs differential evolution (Storn and
Price, 1997), which is a population based technique for complex multi-modal optimiza-
tion, to find how to perform the manipulation (e.g., which pixel should be changed and
what is the change value) on a query image. The perturbation is encoded into an ar-
ray (candidate) and then is optimized using differential evolution. A candidate contains
a fixed number of perturbations and each perturbation is a vector that contains five ele-
ments: x-y coordinates and RGB values. The initial number of candidates (population) is
400 and another 400 candidates (children) are added at each following iteration by using
the differential evolution formula:

xi(g+1) = x1(8) + F- (xr2(g) + x:3(8)) (3.18)

where each x; is an element of the candidate solution, 71,77, 73 are random numbers, g is
the index of current generation, and F is the scale parameter (which is set to 0.5). Each
new child candidate solution represents a pixel that contains the information about the
coordinates and RGB colors and each value is a mixture of three parent pixels that are
randomly chosen. At each iteration, each candidate competes with the corresponding
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parents according to the index of the population and only the winner survives for next
iteration.

The work of Brown et. al (Brown et al., 2017) proposes adversarial patch that can be
printed and added to any scene and presented to a image classifier such that the prediction
of a query image is different with the prediction of the patched image. This method
differs from other adversarial example generation in the sense that it does not require the
new image to be close the query, and instead it place a patch on the certain location of an
image.

While the methods that are discussed previously require the model structures to be
known, the work by Papernot et. al (Papernot et al., 2017) proposes a black-box adver-
sarial attack method and shows how to create adversarial examples without knowing the
internal model structure or the training data.

Advantages

The advantages of adversarial examples include:
e They have good mathematical theory based on the models to be explained.

e There are many sophisticated optimization solvers that can be used to find adver-
sarial examples.

o It works for most data types.

Disadvantages

The disadvantages of adversarial examples include:

e They are not “good” explanations due to their nature of being used to “attack”
models instead of explaining models.

e There exist numerous adversarial examples given an instance, and it provides less
meaningful or actionable information than the counterfactuals (see Section 3.4.3).

e The methods are computationally slow.

3.4.3 Counterfactual Explanations

Counterfactual explanations tell that how an instance can be modified to change its pre-
diction. While most explanations serve the purpose to inform users how a prediction is
reached, counterfactuals help to understand what could be changed to receive a desired
prediction for a given instance. An example of a counterfactual explanation is similar to
the following statement: “An applicant is rejected by a university because the math score
is 60, if the math score is greater than 80, the applicant would be given an offer.”

Counterfactuals differ from adversarial examples mainly in the sense that counterfac-
tuals aim to provide actionable and meaningful advice such at the changes to an instance
are reasonable and understandable bu humans, while adversarials are designed to attack
models and the changes are significantly small.

The work in (Wachter, Mittelstadt, and Russell, 2017) generate counterfactuals by
solving an optimization problem. Given any classifier f and the query instance x, the
counterfactual x/ for x is obtained by minimizing the following objective:

mi/nm/?x Af(x"),y") +d(x,x") (3.19)
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where d(x, x') is a distance function that measures the distance of the conterfactual x’ and
the query instance x, and A balances distance of features values and the distance of the
predictions. The optimization can be solved by iteratively solving for x’ for a fixed A and
then increasing A until a desired solution is found.

An example can be found in (Wachter, Mittelstadt, and Russell, 2017) that shows
counterfactual explanations for predicting the risk scores of diabetes for women of Pima
heritage. The data consists of eight predictive features such as age, BMI, number of preg-
nancies and so on. A three-layer fully-connected neural network with two hidden layers
of 20 neurons is trained to predict the risk scores, and L1 or Manhattan distance is used as
the distance function in Eq. 3.19.. The counterfactuals are generated to answer the ques-
tion: what can be done for an individual to have a risk score of 0.5? The counterfactuals
found are:

e Person 1: If the 2-hour serum insulin level was 154.3, the risk score would be 0.51.
e Person 2: If the 2-hour serum insulin level was 169.5, the risk score would be 0.51.

e Person 3: If the Plasma glucose concentration was 158.3 and the 2-hour serum
insulin level was 160.5, the risk score would be 0.51.

The work in (Laugel et al., 2017) proposes an alternative way to discover the coun-
terfactuals using the Growing Spheres algorithm. Instead of solving a time-consuming
optimization problem, this method proposes a search algorithm. The method starts with
a sphere around the query instance, and generates synthetic instances within the sphere.
Then the synthetic instances are labeled by a given model. If none of the synthetic in-
stances yields the desired prediction, the method contracts or expands the sphere until a
counterfactual instance is found.

Advantages

The advantages of counterfactual explanations are:

e The counterfactual explanations are comprehensive, and can be easily understood
by humans.

e The methods of generating counterfactual do not need to access the data or the
models.

e The counterfactual methods can be applied to other non-machine-learning systems,
as long as the systems take inputs and return outputs.
Disadvantages

The disadvantages of counterfactual explanations include:

e There are generally multiple counterfactual explanations and it is difficult to decide
which one is the best.

e There is no guarantee that a counterfactual for a given query instance can always
be found.
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3.4.4 Prototypes and Criticisms

Prototypes are the a set of representative instances that are characterization of important
aspect of a dataset. Case-based reasoning (CBR) (Slade, 1991) (Aamodt and Plaza, 1994)
is a general paradigm for reasoning from past experience. It fits a new solution by retriev-
ing and modifying previous solved problems, which can be treated as the prototypes.

However, CBR does not learn the underlying data distributions or structures. The
work in (Kim, Rudin, and Shah, 2014) combines CBR and Bayesian generative frame-
work and proposes Bayesian Case Model (BCM) to generate prototypes for classification.
BCM finds prototypes by applying clustering algorithms that returns the center points as
prototypes, and then uses the prototypes to infer the model parameters.

Using prototypes to summarize data relies on the assumption that the data distribution
is well defined such that the prototypes are sufficient to represent the data, e.g., we only
need two points (a center point and a border point) to represent a dataset if all points are
uniformly distributed within a circle. However the assumption does hold in most cases.
Thus it is important to provide insights about the part of input space where the prototypes
do not provide good explanation. Another type of instances that do not fit a model is
called criticism. Together with prototypes, criticisms help to better describe the data and
model.

Kim et. al (Kim, Khanna, and Koyejo, 2016) proposes MMD-critic to discover both
prototypes and criticisms based on maximum mean discrepancy (MMD). The maximum
mean discrepancy (Gretton et al., 2007) measures the difference of two distributions P, Q
, and it is defined as:

MMD(F,P,Q) = JS[ug(Exw[f(X)] — Ez0[f(2)]) (3.20)

When F is a reproducing kernel Hilbert space (RKHS) with a kernel function k, the
suprenum is obtained at:

f(X) = Ex/,\,p[k(x, X,)] — Ex/NQ[k(X, X,)] (321)

The function f is called the witness function that maximum discrepancy between the two
expectations in JF.
MMD-critic approximate the MMD using sample expectations by:

1 n
MMD?(P,Q) = — "Zlk Xi, Xj) — — Zlk Xi2j) + -3 Zlk zi,zj)  (3.22)
1,j= 1] i

with the witness function:

1 1

n
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)

flx) = ik (x,z)) (3.23)
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§

where k is a kernel function, 7 is the number of samples x; from distribution P, and
m is the number of samples z; from distribution Q. MMD is 0 when two distributions are
indistinguishable.

The process of finding prototypes is to minimize MMD?(X, Xs) where X is the
dataset and Xs C X is the prototypes. The criticisms are the instances that achieve the
largest values of the witness function (Eq. 3.23).

MMD-critic can improve the interpretability of machine learning models by providing
the prototypes and criticisms as explanations that improve users’ understanding of the
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FIGURE 3.9: Demonstration of squared maximum mean discrepancy
measure (MMD?2) and different selections of prototypes.

data. Moreover, they can also be used to explain the global behavior of any model by
examining the prototypes and the criticisms together with their predictions.

An example is shown in Figure 3.9 (Molnar, 2019). The top-left plot shows the data
that consists of two features x1 and x2, and the density estimation is illustrated with
shaded background. Each of the other plots shows the different selections of prototypes,
and the MMD?2 values are shown in the titles. The prototypes are illustrated by large red
dots and their distribution is shown using contour lines. The best selection of prototypes
is shown in the bottom-left plot where the prototypes best cover the data and the MMD?2
value is the lowest.

Advantages
The advantages of MMD include:

o MMD-critic can work with density estimates of a dataset.
o MMD-critic can be used to select both prototypes and criticisms, and finding criti-
cisms is independent of the process of finding prototypes.
Disadvantages

The disadvantages of MMD include:

e Users need to specify the number of prototypes and criticisms, which introduces an
additional parameter for the method.

e Users need to choose the kernel function and the kernel scaling parameter.

o All features are took into consideration when computing MMD, disregarding the
fact that some features might not be relevant for predicting.



3.5. Summary of explanation methods 37

3.5

Summary of explanation methods

In this section, we compare the above explanation methods using the following criteria:

Explanation type. What is the explanation type? is it for global explanations or
local explanations?

Explanation representation. What is the form/representation of an explanation?
Vector of weights, pattern, or instance?

Model-agnostic. Whether the method is model-agnostic or not? Does the method
need to know the internal structure/parameter of the models?

Local linearity assumption. Does the method assume that the data is locally linearly
separable?

Support multi-explanation. Is the method able to generate multiple explanations for
multi-explanation scenario?

The summary is shown in Table 3.1.
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Method Explanation type wa_mbm:o: representa- Model-agnostic? hoom_.:bnmﬁ@ as- m:wwon. multi-
tion sumption? explanation?

Partial Dependence plot (PDP) (Fried- Global Vector of weights Yes No No

man, 2001)

Individual Conditional Expectation .

(ICE) (Goldstein et al., 2015) Local Vector of weights Yes No No

Feature Importance (Breiman, 2001) .

(Fisher, Rudin, and Dominici, 2018) Local Vector of weights Yes No No

Shapley Values (Strumbelj and .

Kononenko, 2014) Local Vector of weights Yes No No

LIME (Ribeiro, Singh, and Guestrin, Local Vector of weights Yes Yes No

2016c¢)

LORE (Guidotti et al., 2018), LACE

(Pastor and Baralis, 2019) Local Pattern Yes No No

Counterfactuals (Wachter, Mittelstadt,

and Russell, 2017) Local Instance Yes No Yes

Adversarial examples (Szegedy et al., Local Instance No No Yes

2013)

Prototypes and criticisms (Kim, Global Instance Yes No No

Khanna, and Koyejo, 2016)

TABLE 3.1: Summary of explanation methods
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Chapter 4

Pattern based Interpretable Feature
Generation

4.1 Introduction

Interpretable feature engineering plays a key part in interpretable machine learning, and
pattern-based feature engineering is an important aspect. This chapter introduces inter-
pretable pattern-based feature engineering, and surveys different methods to generate in-
terpretable features using patterns.

Feature engineering is the process of creating features for machine learning tasks.
Feature transformation is an important method of feature engineering, and it involves
transforming old features to new features in order to get more discriminative features.
However, if the transformation is complex, the new features might not be interpreted
easily. In this chapter, we investigate how frequent patterns can be used to generate dis-
criminative and interpretable features.

Frequent patterns are combinations of feature values that have a high frequency of co-
occurrence, which can represent interesting relationships among instances in the dataset.
For example, one may find that milk and bread usually appear together in a store’s trans-
actions, and thus {milk, bread} is a frequent pattern. Frequent pattern mining is a classic
problem in data mining research.

The intuition behind the idea of generating features using patterns is that feature com-
binations can be more discriminative than individual features (Cheng et al., 2007) (Dong
et al., 1999) (Loekito and Bailey, 2009). For example, in the case of document classifi-
cation, word phrases are more useful than single words. While exhaustive exploration of
possible feature combinations is usually computationally infeasible, pattern based tech-
niques provide a solution to reduce the search space for feature combinations and generate
features that have good predictive power.

Besides the discriminative ability of patterns, they can also result in features that are
highly interpretable. Compared with similar methods such as Principle Component Anal-
ysis (PCA) and other kernel methods, the interpretability of patterns enables users to rea-
son about why a data mining system (e.g., a classifier) yields certain outcomes, especially
when the outcomes contradict previous expectations.

Generating features using patterns generally follows three steps:

e Pattern mining. This addresses the question of how to generate patterns from a
dataset.

e Pattern selection. This process selects representatives with high quality and re-
moves useless patterns.
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e Feature generation. This constructs a new feature space based on patterns. In the
new pattern feature space, each instance is usually mapped to an m-dimensional
vector, where m is the number of patterns.

This chapter is organized as follows: some definitions and preliminaries used in this
chapter are represented in Section 4.2. The framework of pattern based feature generation
is given in Section 4.3. Approaches to generating patterns are discussed in Section 4.4.
Techniques to prune large pattern sets are given in Section 5.4.3. Strategies for construct-
ing new features using patterns are discussed in Section 4.6. Applications of pattern based
feature generation for classification and clustering are given in Section 4.7 and Section 4.8
respectively.

4.2 Preliminaries

In this section, the terminologies of pattern in the context other than vector/tuple data is
given and discussed.

4.2.1 Patterns in transaction data

Frequent patterns are sometimes applied to transaction data, which assumes that there is a
universal set of items in a given domain. Let Z = {Iy, I, ..., I; } be the set of all items.
A transaction T is a non-empty subset of Z (each transaction may also be associated
with a unique transaction identifier tid), and a dataset 7 = {Ty, T,..., T, } is a set of
transactions.

A pattern p is also a non-empty subset of Z. The length of a pattern is defined by
the number of items it contains. A pattern p is sometimes referred to as an [-pattern if its
length is /. A transaction T matches (or satisfies) a pattern pif p C T.

The matching dataset of a pattern p in a dataset 7 is denoted as mds(p, T ), which
is a subset of 7 where all transactions in the subset match p, and is formally defined as
mds(p,T) = {T € T|T matches p}.

The support of a pattern in a dataset 7 is denoted as support(p, T ), which is equal to

the proportion of transactions of mds(p, T ) in T, and is formally defined as support(p, T) =

%. A pattern p is called frequent if its support is greater than or equal to a user-

specified threshold minSupp.

Table 4.1 depicts a synthetic transaction dataset with five transactions (17, Ty, T3, Ty
and Ts). The first column shows the ID of each transaction, and the second column
shows the items in the transaction. Table 4.2 depicts the frequent patterns mined from the
above dataset with minimum support minSupp = 0.6. Each pattern has at least three
transactions in its matching dataset. For example, pattern ps = {a,c} is matched by
Ty, T, and T5 and thus its support is 3/5=0.6.

TID Items

T1 a, b, C, d
T a, c, e
T3 b, C, d
Ty a, e

Ts a,b,c

TABLE 4.1: Synthetic transaction data
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Pattern | Items Matching dataset support
P1 a Tl, Tz, T4, T5 0.8
p2 b T1 , T3 , T5 0.6
%) C Tl, Tz, Tg, T5 0.8
Pa a, C Tl.Tz, T5 0.6
Ps b, C Tl, T3, T5 0.6

TABLE 4.2: Frequent pattern set with threshold minSupp = 0.6

4.2.2 Connection with patterns in other format
Patterns for vector data

Vector/tuple data is commonly used in data mining tasks. For vector data, there is a pre-
defined set {Fl, E,..., Fm} of features/attributes, and each feature F; is associated with
a domain dom(F;), which could be numeric (continuous) or nominal (discrete). Table
4.3 gives an example of vector/tuple data. The dataset consists of three features Fy, F,
and F3 (TID helps to identify the instances and is not in the feature set), where F;, F;, are
nominal and F3 is numeric. In particular, dom(F;) ={ab,c}, dom(F,) ={yes,no} and
dom(F3) =[1,10].

As most pattern mining algorithms are designed for transactional data, vector data
is usually transformed into transactional data with a discretization process for numeric
features. For nominal features, the feature-value pair of an instance can be directly trans-
formed to an item in the form of “feature=value". For numeric features, the domain of
these features is divided into a finite number of disjunctive intervals, and the feature-value
pair of an instance is transformed into an item in the form “feature € interval", where the
value of the numeric feature must belong to the given interval. There are many discretiza-
tion approaches, including the following commonly used approaches (Dong and Bailey,
2012): 1) equal-width, which divides the domain of a numeric feature into intervals of
equal width, 2) equal-density, where all intervals have the same number of instances, and
3) entropy based discretization, which iteratively generates splitting points using informa-
tion gain (Dougherty, Kohavi, and Sahami, 1995).

The transformation of the dataset shown in Table 4.3 to the corresponding transac-
tional dataset is given in Table 4.4. Equal-width discretization is used for F3 where the
width is set to 5.

TID F F F
T a yes 1
T b no 3
T3 a yes 5
Ty c yes 9

TABLE 4.3: Synthetic vector/tuple data

TID Items

Th Fi=a, F=yes, F5 € [1,5)
T, Fi=b, F,=no, F5 € [1, 5)
T3 Fi=a, Fy=yes, F3 € [5, 10]
Ty Fi=c, F,=yes, F3 € [5, 10]

TABLE 4.4: Corresponding transactional data
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In the case of vector/tuple data types, a pattern is a conjunction of feature-value pairs
(e.g., {FL =aAF;€[510]}).

Patterns for sequence data

In sequence data, there is also a universal set of items denoted by Z = {I3, I, ..., Iy }.
A sequence is an ordered list of itemsets, and it is denoted by <51,52, .. .,sl>, where s;
is an itemset. A pattern in sequence data is represented as a subsequence. A sequence
(a1,ay,...,a;) is a subsequence of (by, by, ..., by) if there exit integers 1 < j; < jp <
. < j; < nsuchthata; C bji fori=1,2,...1L
Table 4.5 gives an example of a sequence dataset, where the set of items is {a,b,c,d, e, f, g}.

Each sequence is associated with a sequence identifier SID. An itemset within a sequence
is represented using brackets, and for brevity, when an itemset contains only one item, the
brackets are omitted. The first sequence (a(abc)(be)) contains three itemsets: a,(abc)
and (be). Sequence (abe) is a subsequence of S1, while (ade) is not.

SID Items

Sq (a(abc)(be))
S (a(ce)(bf)g)
S ((ab)(acd)(be))
Sy ((be)(dg))

TABLE 4.5: Synthetic sequence data

Patterns for graph data

A labeled graph G can be represented using a 4-tuple (V, E, a, B), where V is a vertex
set, E C V x V is a edge set, « is a function that assigns labels to vertices, and function
B assigns label to edges. A pattern in the scenario of graph data is a subgraph. Given two
labeled graphs G = (V,E,«, B) and G' = (V',E/, &/, B’), G is a subgraph of G’ iff

e VOV,
e Vo e V,u(v) =d(v),
e ECFE,

e Y(u,v) € E,B(u,v) =B (u,0).

Contrast patterns

Frequent patterns are mined in an unsupervised manner, where no class information is
considered. It is natural to extend this concept from a supervised perspective.

Suppose a dataset T is associated with classes/labels C1,Cy, ..., Ck, and T can be
partitioned into k disjoint groups 71, 75, ..., T where all transactions in 7; have class C;.
A contrast pattern or discriminative pattern is a pattern that occurs frequently only in one
subset with a certain class value while infrequently in the rest. In other words, the support
of a contrast pattern differs significantly between the subset of interest and the rest of the
dataset.

Assume dataset 7, labeled as Cj, is the subset that is being contrasted or discriminated
against the remaining subset 7y, where T, = U, 7;. There are two common ways to
define a contrast pattern: based on growth ratio or based on support delta.
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The growth ratio of a pattern p is the ratio of the support of p in 7, to the support
of p in T,: GrRatio(p, Ty, Tn) = support(p,T,)/support(p,Tu). The support delta
of a pattern p is the difference of the support of p in 7, and the support of p in 7;:
Supps(p, Tp, Tu) = support(p,T,) — support(p, Tn). A pattern is called a contrast
pattern or disriminative pattern if the chosen measure (growth ratio or support delta) is
at least equal to a user-specified threshold. All discussions in this chapter will be using
growth ratio to define a contrast pattern, and scenarios based on support delta extend in a
similar way.

TID F F F Class
Ty true false 1 1
T true true 2 1
T3 false false 5 0
Ty false true 3 1

TABLE 4.6: Example dataset 7 for contrast patterns

Take the data set 7 shown in Table 4.6 as an example. Consider two patterns p =
{F1 = true,F3 <= 3},q = {F2 = false}. The matching data sets of p,q are
mds(p, T) = {T1,Ta}, mds(q,T) = {T1,T5}, and the corresponding supports are
supp(p, T) = supp(q, T) = % = 0.5. Assume the data setis splitinto 7; = {Ty, T, Ty}
and 7, = {T3} by the class label, and the task is to find contrast patterns for 77. Then the
growth ratios of p, g are GrRatio(p, Ti, T) = 3 = —+o0, and GrRatio(q, 71, T2) = 1 =
1. Pattern p is called a contrast pattern for 77 and g is not, if minRatio is set to be greater
than 1.

4.3 Framework of pattern based feature generation

The framework of pattern based generation follows three steps: 1) pattern mining, 2)
pattern selection, and 3) feature generation. As shown in Figure 4.1, a pattern set Q is
first mined from the given dataset. Then Q is pruned to a set P of representative patterns
where insignificant and redundant patterns are removed. Finally, the remaining patterns
are used to build a new feature space and the original dataset is mapped into the pattern
feature space. The new feature space built on patterns is referred to as the pattern space.

Pruned
pattern set

Dataset | Pattern set

h 4

Pattern space

h 4
Dataset in

pattern space

FIGURE 4.1: Framework of pattern based generation

An example of the framework is given in Figure 4.2. The original vector dataset
contains 7 instances represented in feature space F| = (Fj,F,,...,F;). A pattern set
Q containing [ patterns is first mined from the original dataset. Then the pattern set is
pruned to a smaller set P = {pl, P2, pm}, which contains the representative patterns
with high quality according to user-specified measures. With the final pattern set P, the
new pattern space }’7” = (Fp,, Fy,, ..., Fp,,) is built based on these patterns. In the pattern
space, each feature is a pattern and its feature value is calculated by a mapping function
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¢i(x), which maps an instance in the original feature space into the feature value for
pattern p;.

Instance | Fy | Fo | ... | Fy
I U1 | Y12 | -+ | V1d |1 Pattern mining
To Vo1 | U222 | ... | Va4 4"(9 = {‘111(125 ceay QI}
Iy | Un1 | Un2 ‘ s | Und 2. Pattern selection

‘ 3. Feature generation

i P: {pl:‘pQ:"'?an}
Instance | Fj, F,, e Fy.
x} dr(x1) | d2(xe) | .0 | Pmlxy)
T d1(w2) | d2(z2) [ ... | dm(x2)
:f:;-i ‘ (a)l (J"n) | q'-rIJE{:rn) | s ‘ (.-'b?'n (:I:T'EJ

FIGURE 4.2: Framework of pattern based generation

For structural data types like sequence data and graph data, one follows the same
framework to convert the structural data into vector data, such that existing vector-based
algorithms (e.g., SVM) can be directly applied on the transformed data.

4.3.1 Pattern mining

Pattern mining is the initial step, where the inputs and outputs are described as follows:
e Input: 7 = {t1,t,...,t,}, minSupp, (optional) minRatio

e Output: Q = {ql,bhl---/ql}

T = {tl, tr, ..., tn} is the given dataset, the common types include: 1) transactional
data, 2) vector data, 3) sequence data, and 4) graph data. Transactional data and vector
data are usually handled in the same way as they are mutually convertible. For sequence
and graph data, extra information such as spatial distance should be taken into considera-
tion.

minSupp is the minimum support threshold. It is used to describe the degree to
which a pattern is called frequent in a dataset. Although it is the only required parameter
for most pattern mining algorithms, the quality of a pattern can be measured from other
perspectives, such as information gain, given different domains. Thus a small minSupp
is usually desired to avoid information loss.

minRatio is required in the case of contrast pattern mining. It is used to describe
the degree to which a pattern is considered significant in a subset while insignificant in
the rest of the dataset. Contrast patterns are more widely used for classification as they
capture the relationship between features and class labels. The choice of minRatio is
similar to the choice of minSupp and a small value is commonly used.

Q ={41,92,...,q:} is the output of mining process and is a set containing / patterns.
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4.3.2 Pattern selection

As minSupp and minRatio are usually set to small values, the pattern set size is usually
large and some of the patterns can be even noisy and useless. This motivates the problem
of pruning the pattern set and selecting representative patterns for a given domain and
task. The inputs and outputs are:

e Input: Q = {q1,92,..., 91}, s(p), r(pi, p;). eval (PS), k
e Output: P = {p1,p2,...,Pm}

Q = {41,92,...,q:} is a pattern set containing [ patterns, which is the output from
the previous mining process.

s(p) defines a scoring function for individual patterns, which evaluates the signifi-
cance of a pattern. Commonly used measures include support, growth ratio and informa-
tion gain.

r(pi, p;) evaluates the redundancy between two patterns p; and p;. It could be a
distance function or similarity function such as /; norm distance or Jaccard similarity.

eval (PS) measures the overall quality of a pattern set PS and it is usually the objective
function for the final task such as classification or clustering. It helps to find an optimal
or an approximately optimal pattern set in terms of the given tasks.

k is the constraint on the number of patterns, which means that at most k patterns are
desired.

s(p). r(pi, p;). eval (Q), k are all optional and the definitions of them depend on the
specific domains or applications.

P = {p1,p2,--.,Pm} is the output of the reduced pattern set containing m patterns.
If k is given, then m < k.

4.3.3 Feature generation

When the patterns are available, the next process creates new features based on these
patterns, and maps the original data into the new feature space. There are two strategies
to build the new feature space: 1) feature extraction, which creates new features using
patterns, and 2) feature filtering, which selects a subset of the original features based on
pattern information.

Feature generation using patterns creates new features and defines a mapping function
from the original feature space to the new pattern space. Assume a dataset has d features
and each instance in the dataset is a d-dimensional vector. Let F¢ = (F, B, ..., Fy)
denote the original d-dimensional feature space. The pattern set P = { P1, P2, -, pm}
is used to construct the new pattern space denoted by ' = (Fy,, Fp,, ..., Fp,,). Then a
mapping function ® : x — ¥/, x € F,x' € Fy! is defined to transform the original d-
dimensional instances into m-dimensional vectors in the pattern space, where each feature
corresponds to a pattern. After the new pattern space is generated, it could either be used
solely or combined with the original feature space for further analysis.

4.4 Pattern mining algorithms

Pattern mining is the first step for pattern based feature generation, and it provides a set
of candidate patterns for the next process. This section presents common techniques to
generate frequent patterns and contrast patterns. For each discussion, we first consider
the cases for transactional data and vector data, then extend to the cases for sequence data
and graph data where appropriate.
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4.4.1 Frequent pattern mining

Common pattern mining algorithms can be categorized into three types and their variants:
1) Apriori, 2) FP-growth, and 3) Eclat. These three basic algorithms are discussed in this
section.

Apriori

Apriori (Agrawal and Srikant, 1994) uses a level-wise search to find patterns, where -
patterns are used to find (I + 1)-patterns. It starts with patterns with length 1, and all
patterns in the initial set contain only one item. At each iteration, a pruning procedure
is conducted to remove patterns that do not meet the minimum support threshold. The
pruning process is based on the Apriori property: all non-empty subsets of a frequent
pattern must also be frequent. It stops when no more patterns can be found. The detailed
algorithm is given in Algorithm 1.

Algorithm 1: Apriori algorithm
Input: 7, minSupp
1 P; = {length-1 frequent patterns};

2¢c=2;

3 while P, # @ do

4 Temp, = generate length-c candidates from P,_1;
5 for every Tin T do

6 for every p intemp. do

7 if T matches p then

8 | p.count++;

9 end

10 end
11 end
12 | P.={p € temp.|p.count > minSupp = |T|};
13 end

14 Return U P;

The inputs include the dataset 7 and the minimum support threshold minSupp. Line
2 generates all length-1 frequent patterns from the dataset as initial pattern set. Lines 4-
10 repeatedly find length-c candidates from length-(c — 1) frequent patterns and remove
candidates whose supports are less than minSupp.

The main drawback of Apriori is that it needs to scan the entire dataset at every itera-
tion. Many variants (Han et al., 2007) have been proposed to improve the efficiency from
perspectives like hashing techniques (Park, Chen, and Yu, 1995), sampling techniques
(Toivonen, 1996) and distributed mining (Agrawal and Shafer, 1996).

Sequence patterns also follows the Apriori property: any non-empty subsequence of a
frequent sequence pattern must also be frequent. AprioriAll (Agrawal and Srikant, 1995)
and GSP (Srikant and Agrawal, 1996) are two approaches that mine sequence patterns
based on the Apriori property.

For graph data, typical Apriori-based techniques (Inokuchi, Washio, and Motoda,
2000)(Kuramochi and Karypis, 2001)(Vanetik, Gudes, and Shimony, 2002) discover graph
patterns starting with small-size graphs and iteratively increase the size by 1 to generate
larger graphs.
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FP-growth

Frequent pattern growth (FP-growth) (Han, Pei, and Yin, 2000) first compresses a dataset
into a frequent pattern tree (FP-tree) and then generates patterns directly from the tree.
Unlike Apriori that repeatedly scans the whole dataset at each generation of [-patterns
and generates a large number of candidates, FP-growth only scans the dataset twice and
does not generate candidates that are not frequent.

Given the dataset 7 and the minimum support threshold minSupp, FP-growth is
described in Algorithm 2.

Algorithm 2: FP-growth algorithm
Input: 7, minSupp

1 Scan the dataset and sort all length-1 patterns in frequency-descending order.;

2 Construct a FP-tree. Start with a root node labeled as “null” and associated with
a count 0. Then scan the dataset again. For every transaction, create a path
containing all the items in the 1-patterns’ order. If the path P and some branch
B in the tree share a common prefix, increase the counts of all nodes in the
prefix by 1, and then create new branch using the remaining suffix of P and link
it to the last node of B3 as a child.;

3P={};

4 Generate patterns from the FP-tree. Start with the root node with prefix={}, and
recursively process the node as follows: concatenate the given prefix with the
node being processed to form a new pattern and add it to P, then use the new
pattern as the new prefix and pass it to its child nodes whose associated counts
satisty the threshold minSupp.;

5 Return P.;

Experiments in (Han, Pei, and Yin, 2000) have shown that FP-growth is efficient
and scalable, and is typically an order of magnitude faster than Apriori. Several variants
have been proposed to improve FP-growth, and interested readers can refer to (Han et al.,
2007).

FreeSpan(Han et al., 2000) and its extension PrefixSpan (Han et al., 2001) are the
FP-Growth like approaches for sequence data. They mine sequence patterns by divid-
ing the dataset into smaller groups and generating longer patterns from shorter patterns
recursively.

For graph data, pattern-growth based algorithms maintain a frequent graph by adding
new edges in all possible positions incrementally. gSpan(Yan and Han, 2002) avoids
generating duplicates by performing depth-first search and using a right-most-extension
technique.

Eclat

Both Apriori and FP-growth mine patterns from datasets in horizontal data format {tid :
itemset}, where tid is the transaction identifier. Correspondingly, the datasets can be
transformed into vertical data format {item : tid_set}. Elact (Zaki, 2000) mines patterns
from vertical datasets.

First, the original dataset is transformed into a dataset in vertical form. Similar to
Apriori, it repeatedly generates (I + 1)-patterns from [-patterns using the Apriori prin-
ciple, and terminates when no patterns can be found. Unlike Apriori, Eclat does not
repeatedly scan the original datasets. However, if the tid_set can be quite long, then Eclat
faces the same challenges as Apriori. It has also been proven that Eclat works for the
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situation where a dataset contains many dense and long patterns (Han, Pei, and Kamber,
2011).

SPAD (Zaki, 2001) and SPAM (Ayres et al., 2002) transform horizontal sequence
datasets into vertical format, and mine frequent sequence patterns based on Apriori prop-
erty.

4.4.2 Contrast pattern mining

In this stage, the growth ratio is chosen as the threshold parameter to find contrast patterns.
The use of other thresholds such as support delta follows a similar approach.

Indirect contrast pattern mining

An intuitive approach for contrast pattern mining is to mine frequent patterns first, then
select patterns that meet the growth ratio threshold. The framework is described in Al-
gorithm 3. The inputs include the frequent pattern set FP, the minimum growth ratio
minRatio, the positive dataset 7, and the negative dataset 7;,. The procedure first calcu-
lates the growth ratios for every pattern and remove the patterns whose ratios are less than
minRatio.

Algorithm 3: indirectContrastPatternMining
Input: FP, minRatio, T,, Ty

1 CP={}

2 for every p in FP do

support(pi, Ty) .

3 p.ratio = support(pi 7o)

4 if p.ratio > minRatio then
5 | CP=cCPuU{p};

6 end

7 end

8 Return CP.;

The methods proposed in (Cheng et al., 2007)(Deshpande et al., 2005)(Cong et al.,
2005)(Dong et al., 1999)(Li, Han, and Pei, 2001)(Ma and Liu, 1998) all belong to this
two-step framework. The major problem of two-step mining is its efficiency.

Direct contrast pattern mining

Direct contrast pattern mining directly discovers contrast patterns without generating a
large number of candidates, thus it is more efficient than indirect contrast pattern mining.

The work in (Dong and Li, 1999) mines contrast patterns (which are called emerging
patterns by the authors) by manipulating the borders (collection of closed patterns and
generators).

The method proposed in (Bay and Pazzani, 2001) uses Apriori-like algorithms to
generate contrast patterns. When pruning length-k candidates, it also prunes the patterns
that does not meet the contrast criteria (support difference are used in this chapter). This
method suffers the same problem as Apriori that needs to scan the whole dataset at every
iteration.

DDPMine (Cheng et al., 2008) progressively reduces the data size by eliminating
instances that are covered by found patterns. It generates one pattern at each iteration and
removes the instances that match the pattern, and terminates when the remaining dataset
is empty.
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HARMONY (Wang and Karypis, 2005) uses a instance-centric approach to gener-
ate patterns. It ensures that every instance is associated with a pattern with the highest
confidence.

DPClass (Shang et al., 2016) generates patterns using a random forest. It first con-
structs a random forest from the dataset, and then transforms the path from the root to a
non-leaf node into a pattern for every tree in the forest. Although it is efficient even with
large datasets, the search space is smaller comparing with other techniques.

In the scenario where transactions can be inserted and/or deleted over time, repeatedly
running the mining algorithms is time-consuming. The works in (Li et al., 2004) (Bailey
and Loekito, 2010) propose methods to incrementally generate contrast patterns.

For sequence data, a direct mining algorithm is proposed in (Ji, Bailey, and Dong,
2007), which generates patterns using depth-first search in a lexicographic sequence tree
and checks the supports of patterns using an efficient bitset techinique. This algorithm is
efficient even with low support threshold.

For graph data, (Ting and Bailey, 2006) utilizes the connection of maximal common
edge sets and the minimal contrast edge sets to generate contrast graph patterns.

Though direct contrast pattern mining avoids the generation of a complete frequent
pattern set, it suffers the problem that some critical contrast patterns may be missing from
the search space.

4.5 Pattern selection approaches

The choice of the minimum support threshold minSupp has a major impact on the num-
ber of frequent patterns mined. The larger minSupp is, the smaller the pattern set size
is, and vice versa. In general, a relatively small minSupp is chosen because a large
minSupp also results in considerable information loss during the mining process. Thus
there are many frequent patterns, and exploiting all of them is redundant and usually
computationally infeasible. This calls for pruning these patterns to reduce the number of
patterns and choosing the best representatives to preserve the information in the dataset.
There are two categories of techniques to prune a pattern set: post-processing pruning
and in-processing pruning. Post-processing pruning techniques reduce the number of pat-
terns after pattern candidates are generated. It is independent from the pattern mining
algorithm, and thus can be employed for any existing mining algorithms. In-processing
pruning techniques prune the pattern size during the mining process. It can avoid gener-
ating a large number of candidates, thus improving the efficiency.

4.5.1 Post-processing pruning

Post-processing pruning follows a pattern mining procedure that typically takes data and
a minimum support threshold minSupp as inputs, and outputs a set of pattern candidates
denoted as P. The set P is then used as input to the post-processing pruning procedure,
optionally together with a threshold k, which means that at most k patterns are desired.
The goal of post-processing pruning is to remove weak patterns or redundant patterns
and output a pruned pattern set Q, which is a subset of P. The definition of the strength
or redundancy of a pattern varies in different domains or scenarios, and is discussed as
follows.

Equivalence class

The concept of an equivalence class helps to select representatives and remove redundant
patterns (Bayardo Jr, 1998) (Pasquier et al., 1999). The equivalence class of a pattern p in
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a dataset T is the pattern set EC(p) = {q|mds(q, T) = mds(p, T )}, where all patterns
in EC(p) have the same matching dataset as p. A pattern p is called a closed pattern if
there exists no superset g of p such that p C g and g € EC(p). Similarly, a pattern p is
called a generator if there exists no subset q of p such thatg C p andg € EC(p). Closed
patterns and generators are representatives of an equivalence class. An equivalence class
contains one closed pattern and at least one generator.

TID Items

T a, b, c
T a,b,c,d
T3 a,b,c,e
Ty b, g, f
T5 a, d

TABLE 4.7: Dataset used to illustrate the equivalence class

Equivalence class | {c}, {a, b}, {a, c},
{b,c}, {a, b, c}

Closed pattern {a,b, c}

Generator {c}.{a, b}

TABLE 4.8: Closed pattern and generator

Given the dataset shown in Table 4.7, an equivalence class is illustrated in Table 4.7.
Patterns {c}, {a, b}, {a, ¢}, {b, c}, {a, b, ¢} are in the same equivalence class as the
matching dataset of all of them is {Ty, T, T3 }. Pattern {a} is not in this equivalence class
as it is also matched by T}, which is not in the matching dataset of the others. Pattern {a,
b, c} is the closed pattern in this equivalence class and patterns {c},{a, b} are generators.

Though selecting closed patterns and/or generators reduces the pattern set size, the
number of patterns mined for further analysis is still large especially when the support
threshold is low. Pruning using equivalence class is usually used as the initial step, and
closed patterns or generators are commonly selected as pattern candidates for further
pruning.

Profile based techniques

A profile-based pruning method is proposed in (Yan et al., 2005). It first introduces a
statistical model to deal with frequent patterns. Patterns are clustered into k clusters, then
all patterns in each cluster are merged into one pattern profile. A probability distribution
vector is used to represent a pattern profile. For item set [ = {ay,ay,...,a;}, a pattern
profile is represented as p = {g(a1),g(a2),...,8(ax)}, where g(a;) is the probability
of item a; occurring in the pattern. Moreover, it uses Kullback-Leibler (KL) divergence
to measure the quality of a pattern. By using a probabilistic representation of patterns,
it enables the use of a “fuzzy match" which relaxes the strict match that a pattern should
be a subset of a transaction. When partitioning patterns into K clusters, it requires the
patterns to be strongly correlated in both composition and support.

These pattern profiles are representatives of the pattern clusters, and depend heavily
on the applied clustering algorithms (e.g., K means). The whole process requires good
design of distance measures for clustering. The interpretability of pattern profiles as new
patterns is another issue, as the profiles are just statistical counts of items.
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Redundancy based techniques

A redundancy-aware method is proposed in (Xin et al., 2006). Quality measurement of
pattern redundancy is based on the coverage of the pattern set on the data. This method
maximizes the coverage of patterns (or minimizes the number of transactions that are not
covered by any pattern). Similarly, another redundancy based method is KRIMP proposed
in (Vreeken, Van Leeuwen, and Siebes, 2011), which applies the Minimal Description
Length Principle (MDL) to find an optimal pattern set to cover the dataset best as well
as to reduce the redundancy of patterns. The exact optimizations of these two methods
are NP-hard, thus heuristic algorithms are used to approximate the optimal solution. Both
methods avoid the problem that similar patterns are ranked closely and pruned results are
not diversified. One drawback of these techniques is that they consider significance (e.g.,
support) and redundancy separately, thus the patterns mined can have low significance.

Probabilistic model based techniques

In (Wang and Parthasarathy, 2006), frequent patterns help to construct a graphical model
in the form of a Markov Random Field (MRF). During the construction of a MRF, a
pattern is pruned if it cannot introduce significant dependency to the current model.

The advantages of using a probabilistic model include: 1) fast inference using existing
algorithms (e.g., Chow-Liu tree (Chow and Liu, 1968)), and 2) a very good representa-
tion. While pattern mining remains a challenge for high dimensional and time series data,
probabilistic models can outperform traditional techniques. However, probabilistic mod-
els usually lack interpretability and assume the existence of prior distributions. Current
research mainly focuses on using mined patterns to build the probabilistic model, where
these patterns are still mined using classical algorithms.

4.5.2 In-processing pruning

Post-processing pruning can be treated as a two-step procedure, which filters patterns
from a large number of candidates that are generated using traditional pattern mining al-
gorithms. To avoid the generation of useless candidates, in-processing pruning techniques
are proposed. This is a one-step pattern mining approach, where the pruning strategy is
incorporated in the mining process.

Constraint based techniques

A constraint-based method is introduced in (Guns, Nijssen, and De Raedt, 2013). Two
levels of constraints are used: local constraints (significance of a pattern, e.g., support,
length) are imposed on individual patterns, together with global constraints (redundancy
in a pattern set, e.g., distances among patterns, coverage on data set) on the whole pattern
set. It has the advantage that it gives an optimal solution given two levels of constraints.
However, it depends heavily on the constraint programming solver and does not scale
well to large datasets. On the other hand, it still remains a challenge to design useful but
relatively small constraints, as the quality and efficiency is mainly affected by the choice
of constraints.

Bayesian theory based techniques

A classification-oriented technique KRSNB is proposed in (Gay and Boullé, 2012). In-
stead of having an unlimited growing pattern space, this method pre-defines a pattern
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space, together with a prior distribution on this space. The process of pattern mining be-
comes extraction of local optima, and each local optima is a pattern. Then these patterns
are used as classification rules.

The advantages of this method include: 1) It is a parameter-free method. 2) The
resulting classifier has a competitive performance compared with other state-of-the-art
pattern-based classifiers. 3) It is novel in the sense that it pre-defines a pattern space,
which is different to traditional pattern mining methods. 4) It can apply directly to numeric
data without requiring a discretization process.

However, it mainly suffers from problems that include: 1) The optimization process
is heuristic and does not guarantee to find patterns that maximize the classification per-
formance. 2) The performance depends heavily on the pre-defined pattern space.

Minimum Description Length (MDL) based techniques

KRIMP (Vreeken, Van Leeuwen, and Siebes, 2011) introduced earlier can also be cate-
gorized into this type of technique. SLIM (Smets and Vreeken, 2012) is an MDL based
method that directly applies to the data, instead of an existing pattern set. This is also
the main difference between KRIMP and SLIM. A code table is proposed to summarize
the pattern space, then heuristic optimization using branch-and-bound is applied to mine
good patterns following the principle of selecting highly frequent patterns with a short
length.

SLIM’s main advantages are: 1) It does not need to mine pattern sets using other
techniques and can be directly applied to the data, which is efficient compared with post-
processing methods. 2) It is parameter free. 3) It guarantees a good coverage of the
data. Meanwhile, SLIM is computationally expensive, and only performs well on small
datasets. When using SLIM on large datasets, given a limited time, early termination is
very likely to generate patterns of poor quality.

4.6 Pattern based feature generation

When the patterns are ready, the next step is then to create new features based on these
patterns, and map the original data into the new feature space. Given a dataset X =
{x1,x2,..., %, }, where x; is a d-dimensional vector and a pattern set P = {p1, p2, ..., Pm}
a mapping function ®(x) is defined to transform the original d-dimensional instances
into m-dimensional vectors in the pattern feature space, where each feature corresponds
to a pattern. Let F d — (F, B, ..., Fy) denote the original d-dimensional feature space,
and .7-";," = (Fp,, Fp,, ..., Ep,) denote the new pattern space. Then a mapping function
. d ; —

@ x> x,x € Fx' € Fis defined as @(x) = (¢1(x), P2(x), ..., Pm(x)), where
¢m(x) calculates the feature value.

4.6.1 Unsupervised mapping functions
Binary mapping function

Figure 4.3 gives an example of generating new features using patterns. The original data
contains three features gender, age and pclss, and the pattern set contains two patterns
p1, p2. Thus the new feature space consists of two features corresponding to py, p2. For
an instance x, the ith value of the corresponding vector in the pattern space is 1 if x
matches p;, and O otherwise. The first instance matches p; but does not match p», thus
the new instance is (p1 = 1, p» = 0). Similarly, instance 2 matches p, but does not
match p1, thus the new instance is (p1 = 0, p2 = 1).
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instance | gender | age | pclass
1 male | 20 1st _

2 female | 12 3rd instance | p1 | po

1 110

iy N 2 01

p1=(gender = male, age>18)
p2=(pclass = 3rd)

FIGURE 4.3: Constructing a pattern space using binary mapping func-
tion

In the above example, the mapping function is a simple binary function. Formally,
given a dataset X = {x1,x2,...,x,} and a pattern set P = {p1, p2,..., Pm}. the map-
ping function is defined as ®(x) = (¢1(x), p2(x),..., P (x)), where

1, if x matches p;
¢i(x) = { P

0, otherwise

Binary mapping functions are the most widely used mapping function for pattern
based feature generation. PatClass (Cheng et al., 2007) and DDPMine (Cheng et al.,
2008) use binary mapping functions to calculate the new values in the pattern space for
vector data. The work in (Zaiane et al., 2006) uses the binary mapping function for
sequence classification. The study in (Fei and Huan, 2008) transforms a set of graphs to
vectors using a binary mapping function.

Frequency based mapping function

Binary mapping functions treat all patterns as equally important features, which does not
hold for many cases. Patterns are either in good quality of poor quality given a user-
specified scoring function, and it is natural to use these measures as feature values in the
pattern space.

Support or frequency can be used as the indicator of pattern quality. The mapping
function based on frequency is defined as ®(x) = (¢p1(x), ¢p2(x), ..., pm(x)), where

support(p;), if x matches p;
pi(x) = | SUPF (pi) iches p;
0, otherwise

4.6.2 Supervised mapping functions
Confidence based mapping function

When using contrast patterns to build the new feature space, one can evaluate the confi-
dence of a pattern and use it as a new feature value. Given a dataset 7 and a contrast
pattern p that frequently occurs in a subset with class label ¢, the confidence of the pattern
is

i support(p,7T¢
confidence(p) = m

where 7 is the subset that contains all instances with class ¢ in 7T .
A mapping function using confidence is defined as (x) = (¢p1(x), P2(x),..., Pm(x)),
where
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confidence(p;), if x matches p;
$i(x) = :
0, otherwise

Growth ratio based mapping function

Similar to confidence, growth ratio is another indicator of the predictive power of a pat-
tern. A mapping function using growth ratio is defined as ®(x) = (¢1(x), p2(x),..., Pm(x)),
where

GrRatio(p;), if x matches p;
(Pi( x) — (P l) ' p 1
0, otherwise

The definition of growth ratio GrRatio(p;) can be found in Section 4.2.2. Similarly, one
can also use support delta as alternative to growth ratio, e.g., the work in (Huan et al.,
2004) uses support delta to measure the disriminative power of a pattern feature.

Chi-square based mapping function

The contingency table of a contrast pattern p associated with class label ¢ is shown in
Table 4.9. n1; is the number of instances that match p and are labelled as c; 11, is the
number of instances that match p but are not labelled as c; 7151 is the number of instances
that do not match p but are labelled as c; 717 is the number of instances that do not match
p and also are not labelled as c.

c -c Total
p n11 n12 a1
-p 121 N2 az

Total |7:|=0b1 |T-c|=bs |T|=N
TABLE 4.9: The contingency table for pattern p in dataset 7~

Given the contingency table of a pattern p, now we can define chi-square x> for the
pattern:
2 2 (n;; — Ejj)?
2 i j
=YY —F
i=1j=1 ij
2 ) 2 )
where E;; = (L i) :](Zkzl i) is the expected frequency count in the corresponding cell
of the contingency table.
Then the mapping function using x? is defined as ®(x) = (¢1(x), ¢2(x), ..., Pm(x)),
where

2 .
x-(pi), if x matches p;
(PZ'(X) = { ( )

0, otherwise

It is pointed out in CMAR (Li, Han, and Pei, 2001) that a higher )(2 value may favor
minority classes, and the authors propose to use a weighted x> measure to address the
issue. Interesting readers can refer to (Li, Han, and Pei, 2001).

Hybrid mapping function

The mapping function can also be defined from combinations of different criteria. For
example, CAEP (Dong et al., 1999) and work in (Ramamohanarao, Bailey, and Fan,
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2005) measure the pattern quality from both frequency and growth ratio. Similarly, the
mapping function can be defined as ®(x) = (¢p1(x), P2(x), ..., Pm(x)), where

GrRatio(p; :
oi(x) = % « support(p;), if x matches p;
l 0, otherwise

4.6.3 Feature generation for sequence data and graph data

The mapping functions discussed above can be directly applied on sequence data and
graph data. The process transforms the structured sequences/graphs into vector format,
where each sequence/graph is converted to a vector of feature values. Such transformation
helps bridge the gap between vector-data-based techniques and sequence/graph data, e.g.,
an SVM can be directly applied on a transformed graph dataset.

There may be some special considerations for sequence data and graph data, e.g.,
the spatial distribution of a subsequence/subgraph can carry important information. Here
we discuss a solution to build the mapping function using structural information from
sequence/graphs.

For example, in sequence data, an important property can be how spread out the subse-
quences are. This can be defined as a function to measure how many gaps are interspersed
within a subsequence. For example, given two strings “fare” and “father”, “far” occurs as
subsequence of both, but we may consider that its occurrence in “fare" is more import as
it is contiguous.

Given a sequence s and a subsequence pattern p, let I(s, p) denote the length of the
minimal contiguous sequence that contains p in s. For example, given the subsequence
“far”, “far” is the corresponding minimal contiguous sequence in “fare” thus the length
is 3, and “father” is the corresponding minimal contiguous sequence in “father” thus the
length is 6.

Now, we can define the mapping function as ®(x) = (¢1(x), p2(x),..., Pm(x)),
where

0, otherwise

I(x,p;), if x matches p;
Gbi(x):{( P y

4.6.4 Comparison with similar techniques

One may consider the difference between frequent patterns and similar methods such as
Principle Component Analysis (PCA) and Linear Discriminant Analysis (LDA) that select
or construct new features from the original features. PCA produces a new feature space
where features are ranked according to the amount of variance they capture in the original
feature space, but there is no guarantee that the components also have good discriminative
power and new generated features may not be interpretable. LDA aims to reduce the
dimensionality of the original features while preserving as much information as possible,
but it fails to capture relationships (e.g., correlations) among instances that belong to the
same class.

Kernel methods also create new feature spaces and map data into those new spaces.
However, designing good kernel functions is not easy and it is usually depends on domain
knowledge. The interpretability of newly generated features is another issue, as in most
cases they cannot even be understood by domain experts.

Spectrum kernel methods for sequence data and graph data are closely connected to
pattern based feature generation. They differ in the sense that spectrum kernel methods
enumerate all possible subsequences/subgraphs up to a maximum length, and do not take
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the discriminative power of each subsequence/subgraph into consideration. Also, gen-
erating all possible subsequences/subtrees is computationally expensive and can require
significant tuning afterwards.

4.7 Pattern based feature generation for classification

Classification is a major topic in data mining. In a typical classification problem, a classi-
fier is built on a training dataset, where the class information is known, then the classifier
is able to give predictions for unseen data where the class information is unknown.

This section presents existing solutions that employ patterns for classification. The
approaches fall into two categories: 1) direct classification in the pattern space, which
makes predictions directly from vector value of instances in the pattern space, and 2)
indirect classification in the pattern space, which trains a classifier on the transformed
dataset and makes prediction using that classifier.

4.7.1 Problem statement

Given a dataset 7 = {f1,t,...,t,} associated with label set C in feature space F =
(F1,F, ..., Fy) shown in Table 4.10, and a pattern set P = {p1,p2, ..., Pm} With new
feature space ]-";’7" = (Fp, Fp,, .., Fp,) shown in Table 4.11, T is transformed into
T' = {t},t5,...,t,} using a mapping function ®(t) = (¢p1(t),P2(t),..., Pm(t)). Clas-
sification in the pattern space predicts the class label of an unseen instance t,,.;, using
its projection in the pattern space.

B |E |...|E |C
f1 | 011 |02 | ... | O | C1
fp | U1 | U2 | ... | U2n | C2
f3 | v31 | U3 | ... | U3n | C3

TABLE 4.10: Dataset in original feature space

Fpl sz Ppm C
t L ¢i(t) ] da(t) | -] Pm(t1)] a1
th | ¢1(t2)| dat2) | ---| Pm(t2)] 2
t5 | pi(ts)| Pa(ts)| -] Pm(ts)| c3

TABLE 4.11: Dataset in pattern space

4.7.2 Direct classification in the pattern space

Every feature in the pattern space can be directly assigned with a class label, e.g., the
class that is.associated with a contrast pattern. Let ¢; denote the class label associated with
pattern p;. Given an unseen instance tyeqy and t),,,, = (91 (tnew ), P2 (tnew), - - - » P (tnew))
in the pattern space, the prediction for t,.;,, can be made directly from the feature values
of t,.,-

The pattern-class (p;, ¢;) pair in the pattern space means that if pattern p; is satisfied
then the class label is c;. Such rules provide IF...THEN... reasoning for classification,

and can be easily understood by users. Many recent works suggest that such rule based



4.7. Pattern based feature generation for classification 57

classifiers have the potential to be highly interpretable (Caruana et al., 2015) (Kohavi,
1995) (Letham et al., 2015) (Wang and Rudin, 2015), which is important for the user to
decide whether a model or prediction is trustworthy or not

Prediction by most probable pattern

One solution is to rank the feature values in t},,,, and find the feature F,,, with the highest
priority, and the assign the class label c; associated with p; to t;,.,,. Formally:

ind = argmax(cpi (tnew))

1
prediction(tpew) = Cing

In the case that the values are all Os in #,,,,, a default class label is generally desired,
and the default class is usually set as the class label that is associated with most instances
in the training dataset.

If there are multiple patterns/features have the same highest value, we can randomly
choose one as proposed in CBA (Ma and Liu, 1998).

CBA, CAEP (Dong et al., 1999) and iCAEP(Zhang, Dong, and Ramamohanarao,
2001) are implementations of using only one pattern for direct classification.

Prediction by pattern set

We can also use the feature values as weights of the corresponding patterns, and com-
pute the weighted votes for each class. This technique leverages the contributions of all
patterns.

To predict an unseen instance £, it first creates a k-dimensional vector vote, where k
is number of class labels, and then calculates the votes for each class using feature values

in the pattern space:
UOte[i] = Z (¢j(tnew))

jZC]‘:i

fori =1,2,...,k. Then the class label with the highest vote is returned as the prediction
for tyen.

CMAR (Li, Han, and Pei, 2001), CPAR (Yin and Han, 2003), JEP-C (Li, Dong,
and Ramamohanarao, 2001) and HARMONY (Wang and Karypis, 2005) all follow this
framework for vector data classification. The method in (Zhou, Cule, and Goethals, 2016)
is an implementation for sequence data.

4.7.3 Indirect classification in the pattern space

Though making prediction directly from values in the pattern space is easily interpretable,
the accuracy is still a bottleneck for this category of techniques. Another approach achieves
better performance at the cost of less interpretability. It is indirect classification that builds
a new classifier (it could be any classifier model) on the transformed data and makes pre-
dictions using the trained model.

The framework of the training process is shown in Algorithm 4. Given the training
dataset 7 and a mapping function ®(t), all the training instances are transformed into new
instances in the pattern space using the mapping function, and a user-specified classifier
is trained on the new instances.

The framework of predicting an unseen instance is described in Algorithm 5. The
unseen instance is first projected into the pattern space using the same mapping function
used in the training process, and then predicted using the trained classifier cl.
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Algorithm 4: indirectClassification
Input: cl, T, ®(t)
T~ ()
for every tin T do
= ®(t);
T =T U{t'};
end
cl.train(T');
Return cl;

N QN AW N =

Algorithm 5: indirectClassification_Predict
Input: cl, t, ®(t)

1t =0(t);

2 Return cl.predict(t');

PatClass(Cheng et al., 2007) and DDPMine (Cheng et al., 2008) belong to this frame-
work for vector data. The work in (Zaiane et al., 2006) gives an implementation for
sequence data, and (Huan, Wang, and Prins, 2003) (Fei and Huan, 2008) are proposed for
graph data.

For vector data, we can combine the original feature space and pattern space into a
larger feature space if the dimensionality is not a concern. The combined feature space
preserves the information of the original dataset and adds extra features that are discrimi-
native.

4.7.4 Connection with stacking technique

Stacking method (Wolpert, 1992) trains a combiner classifier on predictions of several
other classifiers. Several classifiers (that could be different types, or different parameter
settings of the same type) are trained on the given dataset first, then a combiner classifier
is trained to make predictions using all predictions of other classifiers as inputs.
Classification in the pattern space belongs to the framework of stacking techniques, as
all the pattern features can be treated as special classifiers that always output single labels.

4.8 Pattern based feature generation for clustering

The goal of clustering is to divide the data into groups where instances in the same group
are similar to each other. Most clustering techniques require the notion of pairwise sim-
ilarity, e.g., a distance function, which is crucial for their performance. The design of
a good distance function usually depends on prior domain knowledge. Recent works
(Aggarwal and Han, 2014) (Dong and Taslimitehrani, 2015) have shown that frequent
patterns can be used to help define the similarity between two instances, especially for
high-dimensional data where distance is not very meaningful (Beyer et al., 1999).

4.8.1 Clustering in the pattern space

One of the key steps in clustering is to measure pair-wise similarity between instances in
a dataset. While the definition of similarity differs in different data types, transforming
the original dataset into the pattern space provides uniform measures in terms of vector
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values in the pattern space, e.g., (Guralnik and Karypis, 2001) measures similarity of two
sequences in the pattern space using cosine distance:
/ /
. s -t
sim(s, t) = ———n
[Is"[H]#]]
where s, t are two sequences, and s', t’ are vectors that are projections of s, t in the pattern
space.
Another commonly used measure is Hamming distance for vectors in the pattern

space:
m

sim(s,t) = Y _ |si — ;]
i=1
where s, t are two sequences, and s’, ' are vectors that are projections of s, t in the pattern
space.

Clustering in the pattern space is similar to indirect classification in the pattern space,
where the given original dataset (which could be transactions, vectors, sequences, graphs)
is transformed into vectors in the pattern space, then traditional clustering algorithms
(e.g., K-means) are applied on the new dataset (Guralnik and Karypis, 2001) (Wang et al.,
2007).

4.8.2 Subspace clustering

In subspace clustering, no pattern feature space is generated, and patterns are used to filter
the original features. The basic idea of subspace clustering is that two instances may not
be similar over all attributes, but they are similar over a subset of attributes. A subset
of attributes is referred as a subspace. Defining similarity on the subspace can avoid
the influences of “irrelevant attributes". Exhaustive exploration of all possible subspaces
is computationally infeasible as there exist 2% — 1 subspaces for a d-dimensional dataset.
Frequent pattern mining is one approach to help generate subspaces. Reference (Aggarwal
and Han, 2014) gives the connection between frequent pattern mining and subspace search
as illustrated in Table 4.12.

Frequent pattern mining Subspace search
Item Dimension (attribute)
Pattern Subspace (set of attributes)
Frequent patterns ‘Interesting’ subspace

TABLE 4.12: Connection between frequent pattern mining and subspace
search

Suppose a pattern p is mined as a subspace. Traditional similarity measures such
as Euclidean distance and Jaccard distance can be applied on the attributes that occur in
pattern p. For example, given two instances x1 = {a,b,c, f}, xo = {b,c,d,e} and a
pattern p = {b,d}, and two instances are mapped to the pattern subspace as x; = {b},

x5 = {b,d}, then the Jaccard distance of x1, xp on subspace p is Jaccard,(x1,x2) =
_ lmne| 1

T |nmUxy] T 20

Jaccard(x}, x5)
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4.9 Conclusion

This chapter has discussed the use of frequent patterns as features for data mining tasks.
Frequent patterns are interpretable and have the potential to be highly discriminative fea-
tures. Techniques to generate patterns and to prune a large pattern set were first discussed.
Then we described techniques that employ frequent patterns to generate features for clas-
sification and clustering. We have also discussed scenarios where the underlying data type
is a sequence or graph.

There are still many open questions in this area:

1. Most mapping functions evaluate the feature values in the pattern space solely by
the significance of patterns, which can result in the domains of pattern features
containing only two values: the significance of patterns and 0. This motivates the
research direction to develop instance-level mapping functions that leverage the
significance of patterns and that of instances. The gap based mapping function for
sequence data is an example where the same pattern can exhibit different levels of
importance for difference instances.

2. Pattern mining techniques have been developed and applied in complex data types
such as spatio-temporal data and image data. It is natural to extend the framework of
pattern based feature generation to new data types as well, especially in an efficient
way.

3. Interpretability has drawn more and more attention recently. Pattern based tech-
niques are a promising class of data mining methods which are easy to interpret,
while having the capacity to be highly discriminative. It remains a challenge to
quantify the interpretability of patterns, and investigate the relationship between
interpretability and performance (e.g., accuracy for classification) of patterns.

4. The framework of pattern based feature generation can be divided into three in-
dividual steps: pattern mining, pattern selection and feature generation. In many
cases, these three steps are executed separately, which means that the objectives of
pattern mining and pruning may not be related to feature generation. It is interest-
ing to see how a pattern mining or pruning approach could directly consider feature
generation as the objective.
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Chapter 5

Exploiting patterns to explain
individual predictions

5.1 Introduction

This chapter proposes an explanation method called Pattern Aided Local Explanation
(PALEX) to provide instance-level explanations for any classifier. PALEX takes a classi-
fier, a test instance and a frequent pattern set summarizing the training data of the classifier
as inputs, then outputs the supporting evidence that the classifier considers important for
the prediction of the instance. To study the local behavior of a classifier in the vicinity of
the test instance, PALEX uses the frequent pattern set from the training data as an extra
input to guide generation of new synthetic samples in the vicinity of the test instance.
Contrast patterns are also used in PALEX to identify locally discriminative features in the
vicinity of a test instance. PALEX is particularly effective for scenarios where there exist
multiple explanations. In our experiments, we compare PALEX to several state of the
art explanation methods over a range of benchmark datasets and find that it can identify
explanations with both high precision and high recall.

It is desirable that classifiers are both interpretable and accurate. However, in most
cases users have to balance accuracy and interpretability when they select a model. The
challenge comes from the fact that complex models (e.g., random forests and neural net-
works) tend to be more accurate but less interpretable, while simple models (e.g., decision
trees and logistic regression) tend to be less accurate but more interpretable. This raises
the problem: can we increase the interpretability of complex models without sacrificing
their accuracy? In situations where interpretability is about the ability to provide expla-
nations, we can use model-agnostic explanation methods.

Early works (Craven and Shavlik, 1996) (Kurfess, 2000) (Barakat and Diederich,
2005) (Fung, Sandilya, and Rao, 2005) (Martens et al., 2007) on providing explanations
recognize the interpretability of patterns that are conjunctions of feature-value conditions,
and apply pattern based methods to explain complex models, such as neural networks and
SVMs, at the global model level. This category of explanations is called global explana-
tions, as it involves descriptions of the whole model. However, global fidelity does not
necessarily imply local fidelity (Ribeiro, Singh, and Guestrin, 2016¢), and global expla-
nations may not be very useful for understanding an individual prediction.

Patterns have been widely adopted in the interpretability research community as they
are intrinsically easy to interpret. Recent works (Robnik-Sikonja and Kononenko, 2008)
(Adler et al., 2016) (Wang et al., 2016) (Ribeiro, Singh, and Guestrin, 2016c¢) on instance-
level local explanations for individual predictions investigate the feature contributions
and generate a vector of weights as the form of an explanation. However, there are draw-
backs to this type of method: (1) A representation using a vector of weights for an ex-
planations is less precise, as the meaning of the weights can be ambiguous depending on
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the feature scales, which means that the same weight value could have different interpre-
tations for different features that use different value ranges (i.e., when a feature is in the
range of [0,100] and another feature in the range of [0, 50000]). (2) These methods only
produce a single explanation for a prediction, and are not suitable for situations where
there exist more than one reasonable explanation for a single prediction (e.g., in a dis-
junctive normal form where the result is true, there might be more than one true clause).

When extracting local explanations, existing methods typically generate a set of neigh-
bour instances of a test instance, and then find local explanations from the generated
neighbours given a classifier. The quality of the explanations depends heavily on the
quality of the generated neighbourhood. In order to precisely find the local explanation
for a test instance, the generated neighbour instances should be representative and contain
sufficient information about the local behavior of the classifier (i.e., the local classifica-
tion boundary). Unlike most techniques that use standard Euclidean distance to assess
the proximity of a test instance to its neighbours, we explore the use of patterns to assess
the proximity. Another key aspect is to extract explanations that reveal why the classi-
fier makes a given prediction about the test instance. For this task, we employ contrast
patterns to identify discriminative features for the given test instance.

This chapter proposes a pattern aided method (PALEX) to find supporting evidence
for the predictions of any classifier. The main contributions include:

o PALEX exploits frequent patterns for discovering local explanations for a test pre-
diction. In particular, it uses frequent patterns to better guide the generation of
a local neighbourhood around a test instance, rather than randomly generating it.
This neighbourhood is then used as the basis for formulating explanations.

o PALEX extracts contrast patterns as explanations, finding the discriminative fea-
tures for the class of an individual instance based on the local neighbourhood. It
does not make any assumption about local linearity.

e PALEX enriches explanation power by providing multiple explanations for an in-
dividual prediction.

5.2 Related Work

Pattern based interpretable models

One category of classifiers, called interpretable models, are inherently able to provide
explanations for their predictions. Since patterns represented as sets of attribute-value
pairs can be easily understood by users with or without a data mining background, pattern
based classifiers (Caruana et al., 2015) (Kohavi, 1995) (Letham et al., 2015) (Wang and
Rudin, 2015) are a promising class of data mining techniques that are easy to interpret.
For example, the path from the root to the leaf of a decision tree for a given instance can
be used to explain the prediction, or a matching rule in the rule list can also be used as
the explanation. The goal of this research field is to develop models that are interpretable.
For such models, there is always a trade-off between interpretability and accuracy (Freitas,
2014), and pattern based interpretable classifiers usually have lower accuracy than state-
of-the-art classifiers like random forests and neural networks. Thus it still remains a
challenge to achieve both high interpretability and high accuracy. Our proposed method
PALEX recognizes the interpretability of patterns and suggests a model-agnostic way to
help provide explanations such that users can choose any classifier without sacrificing the
interpretability.
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Global explanations

A common model-agnostic approach is to extract post-hoc explanations at the model-level
(Ribeiro, Singh, and Guestrin, 2016a). Early works trained pattern based models or ex-
tracted patterns to mimic black-box classifiers. Craven et al. (Craven and Shavlik, 1996)
build decision trees and Kurfess (Kurfess, 2000) extract patterns to approximate neural
networks. They re-label the training data using a trained network and then learn a deci-
sion tree or extract patterns on new training data. Similarly, Barakat et al. (Barakat and
Diederich, 2005), Fung et al. (Fung, Sandilya, and Rao, 2005) and Martens et al. (Martens
et al., 2007) extract patterns for SVMs from the re-labeled training data. Instead of inter-
preting the behaviour of the whole classifier, SCaPE (Duivesteijn and Thaele, 2014) uses
patterns to summarize the characteristics of the subgroup of data on which the classifier
is likely to make incorrect predictions. GoldenEye++ (Henelius et al., 2015) explains a
classifier from the view of interacting attributes by grouping the attributes exploited by
the classifier.

Explanations provided by these methods are model-level global explanations. As
pointed out in (Ribeiro, Singh, and Guestrin, 2016c¢), global fidelity does not imply lo-
cal fidelity, as features that are important at the model level are not necessarily important
at an instance level. Our method proposed in this chapter, utilizes this interpretability
of patterns which are easily understandable by humans, and identifies local explanations
represented using contrast patterns at the instance level.

Local explanations

Recent works have focused on instance-level local explanations, which are explanations
for individual predictions. Robnik et al. (Robnik-Sikonja and Kononenko, 2008), Henelius
et al. (Henelius et al., 2014), Adler et al. (Adler et al., 2016), and (Koh and Liang, 2017)
compute a vector of weights representing the predictive powers of attributes. Parzen
(Baehrens et al., 2010) calculates the gradient of the predictor with respect to a given
instance to explain its prediction, and Selvaraju et al. (Selvaraju et al., 2017), and Wang
et al. (Wang et al., 2016) similarly compute the gradient as an image mask.

LIME (Ribeiro, Singh, and Guestrin, 2016c¢) trains a local linear interpretable model
in the vicinity of an instance and uses this new model to explain the instance. aLIME
(Ribeiro, Singh, and Guestrin, 2016b) (Ribeiro, Singh, and Guestrin, 2018) is a variation
of LIME, and is the first method to use patterns (which are referred to as “anchor” rules in
aLLIME) as local explanations. Both methods use extra data preprocessing steps (i.e., nor-
malization) to calculate the distance function when assessing the vicinity of an instance.
Our proposed method generates the neighbours using a kernel-like distance function such
that no data preprocessing is needed. Moreover, unlike alLIME that uses a bottom-up
construction procedure that favors high precision to discover pattern explanations, our
method PALEX adopts contrast pattern mining techniques to generate contrast patterns as
explanation candidates.

Importantly, most existing explanation systems only provide a single explanation for
an individual prediction. In contrast, PALEX enriches explanations by providing multiple
explanation candidates, which is useful in scenarios where multiple plausible explanations
are reasonable. A comparison between PALEX and existing techniques is provided in
Table 5.1.
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Method Multiple Assumption Representation | Categorical | Extra
explanation that data is of explanation data support | information
support locally linearly requirement

separable

Feature selection based No No Vector of Yes No

(Robnik-Sikonja and weights

Kononenko, 2008) (Henelius

et al., 2014) (Adler et al., 2016)

(Koh and Liang, 2017)

Gradient-based (Baehrens et al., | No No Vector of No No

2010) (Wang et al., 2016) weights

(Selvaraju et al., 2017)

LIME (Ribeiro, Singh, and No Yes Vector of Yes No

Guestrin, 2016¢) weights

aLIME (Ribeiro, Singh, and No No Pattern Yes No

Guestrin, 2018)

PALEX (proposed) Yes No Pattern Yes Frequent
patterns from
experts/training
data

TABLE 5.1: Comparison of local explanation methods.
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5.3 Patterns as Explanations

There are two common representations of explanations: vectors of weights, and patterns.
When using vectors of weights as explanations, each weight corresponds to the predictive
power of an attribute. A vector of weights is arguably more complex for a user to compre-
hend than a pattern, given the simpler format of patterns. Moreover, if there exist multiple
explanations, a single vector of weights is unable to capture all the required information.
Patterns also have the potential to provide meaningful value ranges for numeric attributes.
Exploring meaningful value ranges is not considered in this chapter, but this direction
is an interesting area for future work. Next, we give a formal definition of patterns as
explanations (similar to the definition in (Martens and Provost, 2011)).

First, we introduce the notation G (f, x, p) that takes a classifier f, an instance x and a
pattern p as inputs (assume f(x) gives the class label c), and outputs the probability that
the prediction is still ¢ = f(x) if p is violated for x, and is defined as:

G(f,x,p) = Byex p[Pr(clx)] (5.1)

where [E[-] calculates the expectation, IP¢(c|x) is the probability that x is classified as ¢
by f and x\ p denotes all possible instances where all conditions in p are violated for x.

Assume a dataset consists of two features F;, F, € {v1,v2,v3} and class label ¢ €
{0,1}. Given an instance x : F; = v, F, = vy, apattern p : (F; = v1), and a classifier f
that give prediction f(x) = 1 with probability IP(c = 1|x) = 0.8, there are two possible
perturbations of x to violate p such that x\p = {xq,x2} where x1 : F; = v, F, = vy
and xo : F; = v3, F, = v1. Suppose x1, X are equally likely distributed, and ]Pf(c =
l|x1) = 04, Ps(c = 1fxa) = 0.3, then G(f,x,p) = Eyefy, v} [Prlc = 1|x')] =
3Pf(c = 1|x1) + 3Pf(c = 1|x2) = 0.35, meaning that the probability of being classified
as ¢ = f(x) is 0.35 if x is violated by p.

Exact calculation of Eycy\ ,[IPr(c[x")] is usually computationally infeasible (espe-
cially for numeric features when there are an infinite number of instances in x\p ), thus
the approximation is computed by G(f, x, p) = Eyep ,[Pf(c[x’)] ~ M I Ps(c|zi).
Here z; is a generated sample where feature values are the same as x for features that do
not appear in pattern p, and feature values are randomly chosen to violate p for features
that appear in p.

Next, we can define the notation of explanations using patterns. Given an instance X
and a classifier f, a pattern p is called an explanation for f(x) = c if:

1. x matches p,

2. le(c\x) > G(f,x,p).

The first property ensures that the explanation contains correct attribute values from x.
The second property says that if a pattern is violated, the probability of being predicted as
the same class label should drop. In other words, the explanation should be the supporting
evidence for the prediction.

5.4 Proposed Algorithm: PALEX

We next describe our proposed method - Pattern Aided Local Explanations (PALEX).
PALEX discovers a set of contrast patterns as the explanations for an individual pre-
diction. In order to study the behavior of a given classifier in the vicinity of the test
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instance being predicted, PALEX initially generates new neighbour samples for the in-
stance. PALEX uses frequent patterns to guide the generation of these neighbours, ac-
cording to the intuition that valid neighbours must contain matching frequent patterns in
order to be close to the test instance. Closeness is measured using a distance function
in pattern space. Then these generated instances are labeled by the given classifier: in-
stances with the same label as the testing instance are treated as the positive set and the
rest as the negative set. Contrast patterns for the positive set against the negative set are
then mined as explanations, and these patterns capture the discriminative features for the
testing instance against its neighbours with a different class label.

PALEX differs from LIME in two key aspects: (1) Unlike LIME which uses Euclidean
distance, PALEX uses the input frequent patterns to generate a more precise neighbour-
hood for the given instance. (2) Instead of using an interpretable model to mimic the local
behavior, PALEX applies a contrast pattern mining technique to capture locally important
information. Comparing with aLIME (Ribeiro, Singh, and Guestrin, 2018), a variant of
LIME, PALEX does not require successful detection of the local boundary, whereas for
aLLIME, a poorly detected boundary may result in degraded performance. alLIME employs
a bottom-up strategy to identify the explanation pattern and the construction process is tar-
geted towards high precision scenarios. PALEX selects the explanation pattern(s) from a
set of easily mined candidates (contrast patterns) and is targeted towards optimising both
precision and recall.

The number of explanations found by contrast pattern mining could be very large, and
needs to be pruned. An additional step to extract the top K representative explanations is
carried out in the final phase. We formulate this process as a linear optimization problem
with multiple constraints.

The steps of PALEX are shown in Algorithm 6, and graphically illustrated in Figure
5.1.

Algorithm 6: PALEX
Input: classifier f, instance x, frequent pattern set PS, number of samples N,
minimal support minSupp, minimal growth ratio minRatio, number of
explanations K
Output: K contrast patterns as explanations
nei = generateNeighbours(x, PS,N);
for z in nei do
| z.label = f(z)
end
cp = mineCPs(nei, minSupp, minRatio, x.label);
remove contrast patterns in cp that do not satisfy the explanation definition
properties in Section 5.3;
explanations = selectExplanations(cp, K, f) (Solve Equation 5.7);
8 return explanations;

QA Ut B W N =

|

5.4.1 Methodology
Input

The inputs for PALEX include:(1) classifier f, which can be any given classifier and it
is treated as a black box. The explanation process requires it to provide probabilities (or
similar scores) for the predictions; (2) instance x, which is the instance whose prediction
by f needs to be explained; (3) frequent pattern set PS, which can be considered as a
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FIGURE 5.1: Overview of PALEX process

summary or compression of the data. It can be mined from the data used to train f, or
provided by the users based on their domain expertise; (4) number of samples N, which
is the number of neighbours generated in the vicinity of x. A large value of N can slow
down the contrast pattern mining step. On the other hand, a small value of N is not suf-
ficient to simulate the behavior of f in the vicinity of x; (5) minimal support minSupp
and (6) minimal growth ratio minRatio are the thresholds used to mine contrast pat-
terns. If these two values are set too large, the number of contrast patterns mined may be
too small and thus useful explanations could be ignored. On the other hand, if they are
set too small, there will be numerous contrast patterns, which makes it harder to choose
representatives; (7) number of explanations K, which is the threshold for the number of
explanations such that at most K explanations are returned.

Output

K contrast patterns satisfying the definition (Section 5.3) are returned.

Process

The process of PALEX is as follows.

First, N neighbours of x are generated (described in Algorithm 6). PALEX perturbs
X to generate new instances by random perturbation such that at each generation for each
feature it tosses a coin to decide whether it should be perturbed or not, and if yes, assigns a
possible value (which can be any item for a categorical feature, or any value in the domain
range for a numerical feature) to the feature. Each newly generated instance z is weighted
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Algorithm 7: generateNeighbours

Input: instance x, frequent pattern set PS, number of samples N

Output: N instances

1 nei = {};

2 while nei.size < N do

3 | z=ux.copy();

4 uniformly select a subset of features z and uniformly assign a possible value
to each chosen feature.

5 | zweight = exp~ (PisH(x2IPS))* (where Dist(x, z| PS) is defined in Equations

5.2 and 5.3);

6 | nei=neilU{z}

7 end

return nei;

=)

by exp_(DiSt(x'ZwS))Z, where Dist(x,z|PS) (see Equations 5.2 and 5.3) is the distance (in
frequent pattern space based on PS) of z to x.

Second, the class labels of the newly generated samples are predicted by f.

Third, contrast patterns that occur frequently in the samples with the same class label
as x and infrequently in other classes are extracted. The pattern mining algorithm should
be able to handle weighted instances, as the neighbours are weighted by their distances

to the test instance. For example, a common strategy is to calculate the weighted support
Zx]-emds(p/[)) x]uZUEight

by supp(p,D) = s xweight > Where mds(p, D) is the matching dataset of p in

D. For example, given a dataset D = {x1, xp, x3} where the instances are weighted by

xy.weight = 0.1, xo.weight = 0.2, x3.weight = 0.3, and a pattern p that matches x;

. . _ x1.weight+4-xp.weight _
and x, the weighted support of p is supp(p, D) = T eTghE T s ToeTgh T % weTghE = 0.5.

Most contrast pattern mining methods that are able to deal with instance weights can
generate good explanation candidates. For efficiency purposes, we use a random forest
based mining process that was proposed in (Shang et al., 2016) (similar to (Kang and
Ramamohanarao, 2014)), and one can also replace this with other mining methods that
have similar performance with the same thresholds. For other contrast pattern mining
algorithms, interested readers can refer to (Dong and Bailey, 2012).

Lastly, K patterns are selected from the set of contrast patterns. Patterns that do not
meet the definition of an explanation are removed, then at most K contrast patterns are
selected with an optimization step (outlined in Section 5.4.3) from the remaining set.

5.4.2 Sampling in the frequent pattern space

We assign weights to the newly generated instances using a distance function that mea-
sures the distances of these instances to the given test instance, such that a closer instance
is assigned a higher weight, making it more influential in the explanation process that
follows.

Given a frequent pattern set PS = {p1, p2,..., pPm}, an instance x is mapped to an
M-dimensional numeric vector x’, where the i-th feature is non-zero if x matches p;,
representing the strength of p; (support is used in this chapter). The distance between two
instances x, z is measured by D(x/,z’), where x’,z’ are their projections in the frequent
pattern space. D(x’,z") can be any traditional distance measure and /; distance is used in
this chapter. Formally,

Dist(x,z|PS) = D(x,2') =) _ |xj — z| (5.2)
i
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where x’ = (x],...,x},) such that

¥ = p(x) = {supp(pi), X matcl'les pi (53)
0, otherwise

and z’ is defined similarly.

This technique with a feature map ®(x) = (¢(x1),...,¢(xn)) is similar to a ker-
nel method that maps the original features into a certain feature space. Frequent patterns
mined from the training data (or obtained from experts with background knowledge) con-
tain information about important correlations. When generating a neighbourhood (vicin-
ity) around the instance, it is important to preserve correlations (frequent patterns) pos-
sessed by the test instance. Intuitively speaking, a frequent pattern that is shared between
the test instance and its neighbours acts as a connection between them. The more con-
nections two instances have, conceptually the closer they are (like in a social network the
more mutual friends two people have, the higher the probability that they are friends).
Measuring distance in the frequent pattern space calculates the connections (shared cor-
relations) between instances.

Sampling in the frequent pattern space can be treated as an example of sampling in
the local embedding (see Chapter 6) if the patterns are generated from the vicinity of an
instance, and the coordinates of the local space consists of the patterns.

5.4.3 Explanation selection

This process requires the classifier f to be able to provide probabilities or similar confi-
dence scores for its predictions in order to evaluate the power of a contrast pattern as an
explanation. The scoring function of contrast pattern p is defined as

SCOVe(P|x:f) = IPf(C|x) - g(f,x, P) = IPf(C’x) - lEx’ex\p[IPf(C‘x/)] (5.4)

where ¢ = f(x) is the prediction of x by f, and IP¢(c|x) is the corresponding probability.
G(f, x, p) is the probability that the prediction is still c if p is violated (see Equation 5.1).
Note that the scoring function is different from the support or growth ratio of a pattern, as
the scoring function measures the prediction probability/confidence change if the pattern
is violated, while the support or growth ratio is an intrinsic property of the pattern in the
data.

Given contrast patterns CP mined from Step 3, the choice of K of them as explanations
is formulated as the following optimization problem:

expl(x) = argmax{L(f, P) —aQ)(P)}
PCCP (5.5)
subject to |P| < K

where L(f, P) = Y_,cpsupp(p) x score(p|x, f) which is a weighted summation of the
pattern score, « is the regularization rate (we set it to 1 as the experiments suggest that
it achieves best performance on average when multiple explanations are required) and
Q) (P) computes the average overlap of pair-wise patterns as the penalty term. We use the
Jaccard similarity, which is defined as

|mds(pi) N mds(p))]
|mds (pi) Umds(pj)|

QP =)

pi,pjEPi#]

(5.6)
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Other overlap measuring methods can also be used. The overlap constraint forces the
selected patterns to be as diverse as possible.

This optimization problem can be re-formulated as a MIP (Mixed Integer Program-
ming) problem and solved by a stochastic MIP solver. It is re-formulated as:

m%x a; x score; — bjj x penalty;
a;,bij

subject to Z”i <K

z (5.7)
a; + aj — sz] < 1,Vi,j
ai,bi]‘ € {0,1}
where a;, bij are the decision variables, a; = 1 if pattern p; is chosen and bij = 1if
. o . - |mds(pi)nmds(p;)|
patterns p;, p; are chosen, score; = score(p;|x, f) and penalty;; = s (prOmds(p )] L he
i ]

first constraint makes sure that at most K patterns are selected. The second constraint
defines the relation of a; and b;j, and the last constraint defines the type of the decision
variables. Users can also add other optional constraints of their own choice. We have
tried constraints in terms of pattern length, support and ratio, but there is no significant
improvement.

In particular, if K = 1 and only one explanation is required, the problem is trans-
formed to find the explanation with the highest weighted score in Equation 5.4.

5.4.4 Example

The example is adopted from the UCI balloon data with a custom classification rule. The
dataset D consists of four features: color, size, act, age that are denoted as x1, xo, X3, X4 re-
spectively, such that x; (color) € {YELLOW, PURPLE}, x; (size) € {SMALL, LARGE},
x3(act) € {STRETCH, DIP}, x4 (age) € {ADULT, CHILD}, and the class label ¢ €
{T, F}. Assume the underlying classification model f is:

T, (x1=YELLOW Ax,=SMALL) V (x3=STRETCH Ax4=ADULT)

flx) = .
F, otherwise

Two test instances x1 and xp are shown in Table 5.2. Three methods PALEX, LIME and

aLIME are used to generate explanations for the predictions of x1, x by the underlying
model f while treating f as a black box.

color size act age
x1 | YELLOW | SMALL | STRETCH | CHILD
x2 | YELLOW | SMALL | STRETCH | ADULT

TABLE 5.2: Test instances to illustrate explanations.

Single explanation case

Instance x1 is used to test the single explanation scenario. The results are shown in Figure
6.1c. For instance x1, it can be inferred from the model f that the true explanation is
“because color is YELLOW and size is SMALL”. LIME gives a vector of weights rep-
resenting the contributions/importance of each feature, and it gives higher importance to
features act and age which are not precise. aLIME gives an explanation that includes



5.4. Proposed Algorithm: PALEX 71

Method Explanation

LIME (0.29, 0.28, 0.51, -0.47)
aLIME | {size =SMALL, act=STRETCH}
PALEX | {color = YELLOW, size = SMALL}

(A) Single explanation case

Method | Explanation
LIME | (0.29, 0.26, 0.52, 0.49)
aLIME | {size = SMALL, act = STRETCH}
{color = YELLOW, size = SMALL} OR
PALEX {act = STRETCH, age = ADULT}

(B) Multiple explanations case

FIGURE 5.2: Comparison of explanations generated by LIME, aLIME
and PALEX.

feature act but ignores feature color. PALEX provides an explanation that matches the
true explanation.

Multiple explanations case

One advantage of PALEX is its ability to generate multiple explanations. Not only does
it enable users to choose the best explanations from a small number of candidates, but it
also naturally fits the scenario where there exist multiple true explanations. Instance x; is
used for testing the multiple explanations scenario, the results are shown in Figure 6.1d.
Given the classification rule and the instance, it is clear that the two possible explanations
are “because color is YELLOW and size is SMALL” or “act is STRETCH and age is
ADULT”. LIME gives a single explanation suggesting all features are important, but fails
to capture the underlying truth, while aLIME gives a single explanation saying “because
color is YELLOW and act is STRETCH”. In contrast, PALEX generates both of the two
explanations.

Multiple explanations can be useful in the scenario where the users want to generate
exploratory insights from a model. Each explanation/insight can reveal some logical rea-
soning ideas from the model, and it is left to the users to verify whether it holds in reality
or not.

5.4.5 Complexity analysis

PALEX consists of three major steps: synthetic neighbour generation, contrast pattern
mining and pattern selection. Neighbour generation iteratively computes distances in the
pattern space for N neighbours, and its complexity is O(NL), where L = |PS| is the
size of the pattern set and will be influenced by data dimensionality if the pattern set is
mined directly from the data. For contrast pattern mining, it is desirable to employ an
efficient mining process. We use the random forest based mining method whose com-
plexity is O(TNd), where T is the number of trees and d is the maximum tree depth.
For the pattern selection process, solvers normally take polynomial time in terms of the
number of variables and constraints, thus the complexity is O(S?¢), where S is the num-
ber of contrast patterns generated by the previous step, and ¢ is some positive number
(e.g., 2.5 for Karmarkar’s algorithm (Karmarkar, 1984)). Overall, the total complexity
is O(N(L + Td) + S*°). An important challenge in scaling for large datasets is that a
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frequent pattern set summarizing the training data is required as input, but since this min-
ing process happens only once, existing efficient pattern mining methods for big data (see
(Aggarwal and Han, 2014)) can be applied. Moreover, this problem can be avoided if the
frequent patterns come from expert knowledge.

5.5 Experiments

In this section, we evaluate the quality of explanations in order to answer the question
of whether the explanations are faithful to the model. The core idea of measuring the
faithfulness of the explanations is to compare them with the true ones that are completely
faithful to the model. In our experiments, the true explanations are either pre-defined
using known generation of synthetic data, or extracted by looking inside an interpretable
model (decision trees are used in this chapter). The impact of the explanation selection
process is also discussed.

5.5.1 Metrics

We adopt the explanation evaluation method of Eq. 2.2 in Chapter 2. Given a true expla-
nation e, a D-dimensional instance x and a model f whose explanation for x is e, the
faithfulness of the explanation is measured by the F; score:

F =2 prec.is‘ion * recall (5.8)
precision + recall

S aq _ ZdeD |ed><€true,d‘
where precision (e, etpye) = B Sners
_ ZdeD |ed><etrue,d‘

the explanation that are true, and recall(e, esr,e) = e

represents the fraction of features occurring in

represents the fraction
of true features that the explanation covers.

5.5.2 Experimental setup

The experiments are conducted on four synthetic datasets and ten UCI datasets. For the
synthetic data, the oracle classifiers and true explanations are predefined. For UCI data,
decision trees are built on training data and the true explanations are extracted from the
structures (prediction paths) of the trees. The averaged metrics over the testing data are
calculated.

Benchmarks. Our method PALEX is compared with LIME, a local explanation sys-
tem that computes the contributions of features for an individual prediction, aLIME (a
variation of LIME), and a global explanation method (denoted as Global). For LIME,
a set of features with values that are in favor of the prediction and with a contribution
(weight) greater than 0.01 is extracted to form an explanation pattern (contrast pattern)
that supports the prediction. For aLIME, the anchor rule generated is used as the expla-
nation. The parameters used for LIME and aLLIME are chosen via a validation process
(similar to the process described later for PALEX) for optimal performance. For Global
(similar to (Koh and Liang, 2017)), the training data is relabeled by the given classifier,
and a set of classification rules are generated, then the matching rule is selected as the
explanation.

Parameter settings In our experiments, for PALEX, the initial frequent pattern set
is obtained from the training data via FP-growth (Han, Pei, and Yin, 2000) with min-
imal support = 0.1. Parameter optimization via a nested validation process during the
training process is a common way for classification tasks, however, it is difficult for ex-
planation systems due to the fact that true model explanations are always unavailable
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when deploying such systems in real-life problems. A solution to decide the parameters
is to generate a parameter setting using validation datasets whose true model explana-
tions are available, and then apply the same setting for any new dataset. To simulate
such a process, we apply PALEX with different parameter settings of three major pa-
rameters N, minSupp and minRatio on four separate UCI datasets (adult, crx, hepatitis
and ILPD, which are different from those in Table 8.3 used for evaluation) as validation
datasets, then the recommended parameter setting (that achieves the best F; score on av-
erage over the validation datasets) is used for all the datasets whose results are reported
for comparison and analysis in this section. More specifically, each validation dataset
is randomly split into two groups such that 80% is for training as T7 and 20% is for
test as T>. Then grid search is used to find the optimal parameter setting. Every possi-
ble combination (N, minSupp, minRatio) where N € {50,200, 500, 1000, 3000,5000},
minSupp € {0.1,0.15,0.2,0.3,0.4} and minSupp € {0.1,0.15,0.2,0.3,0.4} (the possi-
ble values are commonly used in pattern based methods) is tried on T; and evaluated on
T, for all four validation datasets. There are 150 possible combinations, and the combi-
nation (N*, minSupp*, minRatio*) with best performance on average is chosen as the
parameter setting for the rest of our experiments. The parameter setting that we find is
N* = 500, minSupp* = 0.1, minRatio* = 5. Similarly, the parameters for the bench-
mark methods are obtained via the same validation datasets, and a fixed setting is used for
all other test data.

For the choice of the number of explanations K in PALEX, unless otherwise specified,
we set it to 1 for evaluation purposes as all baselines generate only one explanation.

When deploying the PALEX system in real-life problems, users can employ their
own validation dataset (i.e., one can use explanations that come from domain experts
to approximate true model explanations) to repeat the process of generating parameter
settings.

5.5.3 Faithfulness to oracle on synthetic data

We first conduct experiments on synthetic data. The advantage of using synthetic data is
that we can test the explanation systems with an oracle classifier and easily obtain the true
explanations. Four synthetic datasets are generated using the following DNFs:

L. (fiNfaAf3)V(=fi A faA f5), where fi, ..., fs are binary attributes.

2. (i == DALARB)IVIAL ==2)Afunfs) V(L ==3)Afe A fr)V
((fi==4) A fg A fo), where fi is numeric and f5, ..., fg are binary attributes.

3. (ANf2)V(fsNAfa)V(fsAfe)V (f7 A fs), where fi, ..., fg are binary attributes.

4. t(f%)/:fz Af)V (faNfsAfe) V (fr A fs A fo), where fi,..., fo are binary at-

For each generation of the synthetic datasets, the feature values are randomly chosen and
the class label is T(true) if the corresponding DNF is satisfied. As the DNFs are used to
construct the oracle classifier, no training data is required. Since the negation of a DNF
rule is also a DNF, it is sufficient to examine the explanations for instances with label T.
Synthetic-1 and Synthetic-2 are used to test the single-explanation case and the other
two datasets are used for the multiple-explanation case (where the number of generated
explanations K is set to 2). The true explanation for an instance with label T is the set
of features that occur in the clause satisfied by the instance. For example, assume the
rule is (f1 A f2) V(f3 A fa), for instance (f1 = true, fo = true, f3 = false, f4 = true),

the satisfying clause is (f1 A f2), thus the true explanation is {f; = true, fo» = true}.
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Similarly, for instance (f; = true, fo = true, f3 = true, fy = true), there are two
possible explanations { f1 = true, fo = true} or { f3 = true, fy = true}.

Results and discussion. For the multiple-explanation case, results are the average
value of all the possible explanations. The results are reported in Table 5.3 and Table 5.4,
and the results show that PALEX is more faithful to the oracle classifier.

Precision Recall
Dataset| PALEX| LIME | aLIME | Global | PALEX| LIME | aLIME| Global
Syn-1 | 1.00 0.44 0.89 0.65 1.00 1.00 0.65 0.87
Syn-2 | 0.99 0.50 0.48 0.44 0.82 0.74 0.27 0.77
Syn-3 | 0.87 0.48 0.83 0.65 0.94 1.00 0.83 0.88
Syn-4 | 1.00 0.54 1.00 0.61 0.76 0.80 0.47 0.69

TABLE 5.3: Precision and recall results for synthetic data.

F; (faithfulness)
Dataset| PALEX| LIME | aLIME | Global
Syn-1 | 1.00 0.68 0.74 0.72
Syn-2 | 0.86 0.59 0.34 0.64
Syn-3 | 0.90 0.64 0.83 0.76
Syn-4 | 0.83 0.70 0.62 0.63

TABLE 5.4: F; (faithfulness) resutls for synthetic data.

5.5.4 Faithfulness to decision trees on UCI data

We conduct experiments on a variety of UCI datasets. The true explanations are extracted
in the same way as LIME: decision trees are trained from the training data, and the true
explanations for the test data are obtained from the trees, though the explanation systems
treat the decision trees as black boxes.

Data. The datasets used are described in Table 8.3. Each dataset is randomly split into
two groups such that 80% is used to train the classifier and the remaining 20% is used to
evaluate the explanations.

Dataset #inst | #nomAttr | #numAttr | #classes
Balloon 16 4 0 2
Blood 758 0 4 2
Breast-cancer | 596 8 0 2
Diabetes 768 0 8 2
Tonosphere 351 0 34 2
Iris 150 0 4 3
Labor 57 8 8 2
Musk 6598 0 168 2
Titanic 3772 22 7 2
Vote 435 16 0 2

#inst - number of instances, #nomAttr - number of
nominal attributes, #numAttr - number of numeric
attributes, #classes - number of classes

TABLE 5.5: UCI datasets description.
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Classifiers and true explanations. Decision trees are trained for all datasets. The
true explanation for the prediction of an instance is the set of features that occur in the
path from the root to the leaf corresponding to the prediction.

Results and discussion. The metrics averaged over all test instances for each dataset
are reported in Table 5.6 and Table 5.7. For precision, PALEX is able to achieve the best
results in 7 out of 10 datasets. For recall scores, PALEX still wins in 6 out of 10 datasets
and achieves comparable results with LIME and aLLIME in the others. In terms of the
F; score, PALEX wins in 8 out of 10 datasets. It also can be seen that PALEX achieves
stronger precision than recall when there is only one explanation that is generated, which
is desired as the explanation is the selected most representative pattern from many candi-
dates. When increasing K - the number of explanations, it can be expected that the recall
would increase and precision may drop as more features may occur in the explanations.

5.5.5 Impact of sampling method

Gradient based sampling techniques have been widely used in the field of adversarial
classification, where nearby instances with the opposite class label to a given instance
are generated. We compare a gradient based sampling method with the proposed pattern
based one. In the gradient based sampling method, the objective function is defined as
g(x") = dist(x,x") + L(Pr(y|x), Pr(y|x")), where dist(x,x") is the cost of modifying
x to x" (I, distance is used) and L(Pr(y|x), Pr(y|x") measures the prediction probability
difference (/1 distance is used). To find the instance of the opposite class with minimal
cost, the given instance x is moved towards the direction —AAg(x’) where A is the step
size. Because the gradient based sampling method always generates samples along one
direction towards a local optima, we run the methods several times until the desired num-
ber of samples are found and add a constraint that new generated instances should be far
enough to instances that are found in the previous runs. The desired number of samples is
set to 500 in this experiment. We also report the results of a random generation method,
which randomly selects a feature, uniformly assigns a new feature value and weights it
using the distance from the test instance at each generation of new instance, as used in
LIME. In this experiment, since gradient-based methods are applicable only on numeric
datasets, a process of conversion from nominal features to numeric features is conducted
beforehand. The experimental results (Table 5.8) show that gradient based sampling is
not as competitive as the proposed method, especially for high-dimensional data. One
possible reason is that given the same size limit on the sample set, the instances generated
by the gradient method are still not sufficiently diversified. Another major drawback of
the gradient based method is that it is difficult to apply to datasets with nominal features.

5.5.6 Impact of explanation selection

In this part, we investigate the impact of explanation selection (the last step of PALEX)
on the faithfulness of PALEX. The explanation selection process is a key step in the
proposed method. The goal of this step is to reduce the number of explanation candidates
and preserve the quality. The number of explanations K is set to 5. We compare the
performance (best F; score) of the explanations before and after pruning in Table 5.9. It
can be seen that the performance of the explanations before pruning is an upper bound for
those after pruning, because the explanations of the latter are a subset of the former. The
numbers of explanations (#Expl) show that PALEX before pruning generates more than
50 explanations for datasets with more than four features, and the selection procedure
consistently extracts less than four explanations, which suggests that the output remains
the same for any choice of threshold K that is greater than 4. In terms of the quality, the
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Precision Recall

Dataset PALEX aLIME LIME Global PALEX aLIME LIME Global
Balloon 1.00(0.00) | 1.00(0.00) | 0.5(0.00) | 0.5(0.00) | 0.88(0.22) | 0.88(0.22) | 1.00(0.00) | 0.75(0.18)
Blood 0.97(0.12) | 0.88(0.33) | 0.78(0.25) | 0.47(0.14) | 0.72(0.28) | 0.67(0.35) | 0.78(0.24) | 0.72(0.21)
Breast-cancer | 0.96(0.18) | 1.00(0.00) | 0.61(0.26) | 0.58(22) | 0.92(0.23) | 0.92(0.18 | 0.90(0.25) | 0.88(0.14)
Diabetes 0.98(0.08) | 0.97(0.13) | 0.79(0.27) | 0.67(0.20) | 0.82(0.19) | 0.70(0.22) | 0.58(0.28) | 0.78(0.16)
Iris 1.00(0.00) | 1.00(0.00) | 0.83(0.37) | 0.64(0.28) | 1.00(0.00) | 1.00(0.00) | 0.83(0.37) | 0.89(0.14)
Ionosphere | 0.90(0.21) | 0.83(0.29) | 0.21(0.16) | 0.44(0.25) | 0.57(0.24) | 0.55(0.26) | 0.33(0.34) | 0.79(0.32)
Labor 0.96(0.14) | 1.00(0.00) | 0.85(0.23) | 0.68(0.15) | 0.97(0.09) | 0.97(0.10) | 0.73(0.09) | 0.77(0.06)
Musk 0.91(0.12) | 0.84(0.18) | 0.79(0.14) | 0.56(0.15) | 0.81(0.18) | 0.64(0.22) | 0.75(0.11) | 0.68(0.33)
Titanic 0.78(0.18) | 0.96(0.16) | 0.62(0.28) | 0.58(0.15) | 0.82(0.22) | 0.64(0.26) | 0.50(0.24) | 0.69(0.21)
Vote 0.99(0.08) | 0.74(0.32) | 0.83(0.26) | 0.55(0.24) | 0.92(0.17) | 0.69(0.22) | 0.56(0.24) | 0.62(0.17)

TABLE 5.6: Precision and recall results of PALEX, aLIME, LIME and Global on UCI datasets (the best results are highlighted in bold, and standard
deviations are included in parentheses)
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F; (faithfulness)

Dataset PALEX | aLIME LIME Global
Balloon | 0.92(0.14) | 0.92(0.14) | 0.67(0.00) | 0.59(0.12)
Blood 0.79(0.20) | 0.74(0.32) | 0.72(0.14) | 0.52(0.20)

Breast-cancer | 0.94(0.20) | 0.92(0.12) | 0.70(0.22) | 0.77(0.22)
Diabetes | 0.85(0.12) | 0.79(0.17) | 0.63(0.23) | 0.68(0.24)
Tris 1.00(0.00) | 1.00(0.00) | 0.83(0.37) | 0.74(0.24)
Tonosphere | 0.63(0.15) | 0.65(0.27) | 0.22(0.14) | 0.54(0.28)
Labor 0.96(0.10) | 0.98(0.05) | 0.88(0.16) | 0.72(0.09)
Musk 0.86(0.12) | 0.72(0.21) | 0.76(0.15) | 0.64(0.31)
Titanic 0.77(0.13) | 0.73(0.21) | 0.52(0.23) | 0.61(0.19)
Vote 0.94(0.12) | 0.70(0.26) | 0.84(0.23) | 0.59(0.11)

TABLE 5.7: F; (faithfulness) results of PALEX, aLIME, LIME and
Global on UCI datasets (the best results are highlighted in bold, and stan-
dard deviations are included in parentheses)

Dataset Pattern-based | Gradient-based | Random
Balloon 0.92 0.88 1.00
Blood 0.79 0.69 0.72
Breast- 0.94 0.72 0.68
cancer

Diabetes 0.85 0.42 0.73
Iris 1.00 0.56 0.85
Ionosphere 0.63 0.35 0.49
Labor 0.96 0.65 0.59
Musk 0.86 0.64 0.56
Titanic 0.77 0.26 0.65
Vote 0.94 0.79 0.65

TABLE 5.8: Faithfulness (F; score) of different sampling methods on
numeric data
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explanations after pruning achieve comparable metrics in most datasets. The running time
(in seconds) is also reported. The running environment is on Windows 10 with processor
Intel(R) Core(TM) 17-5500U CPU 2.40GHz and 8.00 GB RAM.

5.5.7 Impact of parameters

We also conducted experiments on a range of UCI datasets (blood, diabetes, ionosphere,
titanic and vote) to investigate the impact of the parameter settings used by PALEX, and
the results are shown in Figure 5.3. The performance (F; score) increases as the sample
size N increases, then becomes stable after N > 500. A large sample size may slow
down the running time as it has an impact on the later contrast pattern mining process
(the higher the sample size is, the slower the mining process will be), and the experiments
show that N = 500 is a reasonable setting as it is the minimum threshold that achieves
good performance on average.The performance increases as minSupp increases, and then
it reaches a maximum and decreases after minSupp is greater than a specific value (which
is usually between 0.1 to 0.2, and depends on the specific dataset). PALEX achieves the
best metrics on average when minSup = 0.1. The performance decreases as minRatio
increases and achieves the best results on average when minRatio = 2. As in the case of
high minSupp and high minRatio the number of patterns reduces substantially, hence it
misses many valid explanations and causes degradation in the the performance as can be
seen in Figure 5.3b and Figure 5.3c.

At last, we investigate the impact of « (regularization rate in the explanation selection
process), and K is set to 5 (K is required to be larger than 1 to enable the influence of
«). A small & would generate explanations that are similar to each other, thus misses
some explanations of good quality, and a large « pushes the explanations to be distinct to
each other while significantly ignoring their quality. The performance (best F; score of K
explanations) is plotted in Figure 5.3d and it achieves best performance on average when
a =1

5.6 Limitations and Future Work

We have shown the effectiveness and usefulness of PALEX and compared it to the bench-
mark methods, and now we turn to its limitations and possible directions for future work.

One limitation is that PALEX assumes the availability of a set of frequent patterns that
summarizes the possible local classification regions/subspaces of the training data. If the
pattern set is not of good quality (e.g., it cannot cover the whole sample space, or there
is too much overlap), then the generation of neighbours will be degraded. It would be an
interesting direction to push the frequent pattern mining phase within PALEX, to provide
control over what type of frequent patterns are generated, with a view to optimisation of
the downstream explanation task.

Another limitation is with respect to the evaluation challenges. The most common
evaluation strategy is to evaluate the explanations extracted by the explanation extraction
methods with a white-box model (from which the true model explanation can be inferred),
and the model is treated as black-box for these methods. When evaluating with a real
black-box model, the true explanations are never be available. One alternative might be
to collect the true explanations from experts with background knowledge, but the issue is
that there is often a gap between the model and the experts.

We also hope that local explanation methods encourage the collection of explanations
while collecting the data. For example, the explanations could come from doctor reports
in the medical diagnosis area, or from user reviews in a recommendation system. With



79

5.6. Limitations and Future Work

pue ssao01d Surunid 9y 210Joq SOLIIOW I} SIJOUP ,,210J2q,, ‘suoneue[dxa Jo roquinu 9y sajouap [dxg# "sseooid uonoses jo edwy 6°¢ 914V

'ssa001d Surunid oy 191je SOLIOW AY) SAJOUAD  JNJE,,

¥e0 0T0 91 Y91 | ¥60 | 00T | 260 | 00'T | 660 | 00 910A
L0 &0 £7C ves | LLO| T6'0 | 280 | 960 | 8L0 | 68°0 oruel],
008S | ¥S0€ | 8¢ | I'STL | 980 | 880 | I80 | €80 | 160 | 160 SN
1670 £€C0 0C | 925 {960 | 00T | L60 | 00T | 960 | 001 10QeT]

8L'¢ o'l 9C | 9¥vC | €90 | 180 | LSO | 980 | 060 | €6'0 aroydsouoy

14\ 800 I'e 08 00T | 00T | 00T | 00T | 00T | 00X SHT
€01 ¥9°0 v [9L | S80 | 960 | <80 | L6'0 | 860 | 00°L S91eqeI]

IQ0ued

8C0 LT0 0C | €LST | ¥6°0 | Y60 | T6'0 | T60O | 960 | 96°0 Jsearg

el SIo e €9 6L0 | 060 | CLO| S80 | L6O | 00T poorg

ele 18°0 0l ¢S’ 1 T6'0 | 260 | 880 | 880 | 00L | 001 uoofreq

I9)ye 210J3q | Jd)Je | 210Joq | JdYe | 2AI0Joq | JAe | I0JOq | JAe | AI0JOq jaseje(

(s) swmn Suruuny] [dxg# Ly [reooy UOISTOAI]




(A) Impact of sample size (with minSupp = 0.1,
minRatio = 5).
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(B) Impact of minSupp (with sample size N = 500,
minRatio = 5).

1 — blood
09 = diabetes
--------------- =t =+=jonosphere
—
08— — L) = =titanic

“x == vote

Faithfulness

‘0 10y o,

lo. 0p 0, 0, 2
&04 ‘001 ‘01 v
alpha

(¢) Impact of minRatio (with minSupp = 0.1, N = (D) Impact of a (with minSupp = 0.1, N = 500,

500)

minRatio = 5)

FIGURE 5.3: Impact of parameters on faithfulness (F; score)
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such additional information, we may be able to improve a classifier to make more reliable
predictions whilst the accuracy can be preserved.

5.7 Conclusion

In this chapter we proposed PALEX, a pattern aided approach to provide explanations for
individual predictions. PALEX exploits the intrinsic interpretability of contrast patterns
and uses them as a form of explanation and generates the vicinity of the instance being
predicted using frequent pattern spaces. An explanation selection process is also proposed
to prune large candidate sets. Experimental results show that PALEX is more faithful to
models compared to benchmark methods and the selection process is able to effectively
choose K representative explanations.
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Chapter 6

Improving the Quality of
Explanations with Local Embedding
Perturbations

6.1 Introduction

Local explanations evaluate the behavior of a classifier in the vicinity of a given instance.
A key step in this approach is to generate synthetic neighbors of the given instance. This
neighbor generation process is challenging and it has considerable impact on the quality
of explanations. To assess quality of generated neighborhoods, we propose a local in-
trinsic dimensionality (LID) based locality constraint. Based on this, we then propose a
new neighborhood generation method. Our method first fits a local embedding/subspace
around a given instance using the LID of the test instance as the target dimensionality,
then generates neighbors in the local embedding and projects them back to the original
space. Experimental results show that our method generates more realistic neighborhoods
and consequently better explanations. It can be used in combination with existing local
explanation algorithms.

When evaluating an explanation for the prediction of a black-box model, the quality
of the explanation refers to the degree to which the explanation reflects how a model truly
‘thinks’. If an instance is difficult to explain, an extracted explanation with poor quality
is not useful, as it fails to provide insights about the the logical reasoning of the model.
An important question arises: why is a particular instance difficult to explain? We aim to
improve the quality of explanations by addressing this question.

A general framework to obtain local explanations from a black-box model is to first
generate a set of synthetic neighbors of a given instance, and then extract an explanation
from these neighbors after they are labeled by the model. As observed in Chapter 5 and
the work in (Laugel et al., 2018), the quality of an explanation for a prediction depends
heavily on the quality of the generated neighbor instances of the instance. Despite the
importance of the quality of the neighborhood generation, few studies have been con-
ducted to improve the quality of explanations by generating neighbor instances of good
quality (Fong and Vedaldi, 2017). Existing local explanation methods generally employ
random perturbation and use Euclidean distance to threshold/weight the newly generated
instances.

From another perspective, extracting the local explanation from a given test instance
is similar to identifying the local classification boundary of a given model. Suppose that
the local classification boundary lies within a local subspace around the test instance,
we can categorize synthetic neighbor instances into ‘good’ neighbors and ‘bad’ ones.
We could build a local model that is similar to the underlying true model from ‘good’
synthetic neighbors, whereas a local model trained on the ‘bad’ synthetic neighbors is far
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FIGURE 6.1: Tllustration of a ‘good’ neighborhood and ‘bad’ neighbor-
hood (triangles and circles are different labels). Given a test instance
(filled circle) and the underlying classification boundary (solid line), gen-
erating ‘good’ neighbors (left) helps to mimic a local model (dashed line)
that is similar to the true local model, while a local model (right) from
‘bad’ neighbors is far away from the true model. LID (local intrinsic
dimensionality) is a possible metric for the quality of the neighbors.

away from the true classification boundary (as shown in Figure 6.1). One reason that an
instance is difficult to explain is that there are too many ‘bad’ synthetic neighbors and
thus explanation extraction methods fail to detect the true local classification boundary.
Therefore, a synthetic neighborhood of poor quality can result in an explanation of poor
quality.

Our goal in this chapter is to generate ‘good’ synthetic neighbors and avoid ‘bad’ ones
to find a neighborhood of high quality, thus improving the quality of the explanation for
a prediction. To facilitate this, we employ a measure of the local intrinsic dimensionality
of the data, LID (Houle, 2017a), which can be regarded as capturing the number of latent
variables required to represent the distribution of data within the vicinity of a reference
location. As the LID rises, the number of parameters required in modeling the local
distribution rises, which in turn indicates that the complexity of explaining the local model
is also rising.

The LID measure has been successfully applied in similarity search and anomaly de-
tection (Houle, 2017a; Ma et al., 2018) to characterize the complexity of the sub-manifold
surrounding a test instance. In this chapter, we analyze the average LID of the synthetic
neighbors of a test instance from its neighborhood in the training data, to study the dif-
ficulty of its explanation. We find that when the average LID of the synthetic neighbors
is largely different from the LID of the test instance, the neighborhood is unlikely to be
‘good’, hence the instance is difficult to explain, (as shown in Figure 6.1). Based on this
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observation, we propose a new approach for generating neighbor instances of high quality.
The contributions of our chapter include:

o We investigate the importance of the generation of an appropriate neighborhood for
local explanation methods.

e We analyze the relationship between local intrinsic dimensionality (LID) and the
quality of explanations.

e We propose an effective neighbor generation method based on LID, that facilitates
local explanations of high quality.

6.2 Related work

Locality of synthetic neighbors.

Generation of a synthetic neighborhood for a test instance that needs explanation is a
necessary step in most local explanation methods. The realism of the synthetic neighbor-
hood is related to the accuracy of the local model/surrogate that is fitted on the synthetic
neighborhood, thus determining the quality of the local explanation extracted from the
local model. LIME (Ribeiro, Singh, and Guestrin, 2016c) employs a random perturba-
tion technique that draws the synthetic neighbors from a normal distribution centered on
the test instance. A risk here is that random perturbation may hide features with local
influence and benefit those with a global influence, and thus the extracted explanations
may reflect global influences rather than local. In (Fong and Vedaldi, 2017), image data is
perturbed through deletion of pixels; however, this technique cannot be directly extended
to general tabular data, as deletion of features is problematic in this setting: tabular data
models requires a fixed number of features, and setting missing feature values (the basic
strategy for deleting a feature) can greatly alter the results of distance-based comparisons.
In (Laugel et al., 2018), a nearest neighborhood (NN) based perturbation method is pro-
posed that generates synthetic instances within a hypersphere whose radius is determined
by the nearest instance of the opposite class label in the training data. Locality is also im-
portant in adversarial learning, as adversarial examples are designed to be close to a test
instance. A common way to find an adversarial example is the gradient-based method that
is introduced in fast Gradient Sign Method (FGSM) (Goodfellow, Shlens, and Szegedy,
2014) and its variations. In FGSM, an adversarial example x” of a given instance x is
computed by ¥’ = x + € - sign(Ag(x)), where Ag(x) is the gradient of the cost function
of the model at x, and € is the magnitude of the perturbation. FGSM differs from local
explanation methods in that only one neighbor instance is generated, usually along the
direction towards a local optimum.

6.3 Preliminaries

We revisit some important concepts from Section 2.3 that will be needed in this chapter,
and the concept off local intrinsic dimensionality is also discussed.
Explanation. An explanation for the prediction of a D-dimensional instance by a given
model is a D-dimensional vector where each entry represents the contribution/importance
of the corresponding attribute/feature.

We allow two representations for explanations, namely numeric explanations and
binary explanations.

Given a D-dimensional dataset, a numeric explanation is an explanation in the form
of a weight vector as a D-dimensional vector e = {el, e,..., eD}, where ¢; € R.
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In a numeric explanation, every entry indicates the contribution of the corresponding
feature. The higher e; is, the higher the contribution of the ith feature.

Given a D-dimensional dataset, a binary explanation is an explanation in the form of
a bit vector as a D-dimensional vector e = {ey,ey,...,ep}, where ¢; € {0,1}.

In a binary explanation, the values of the entries simply indicate whether the corre-
sponding feature is relevant or not. For example, for a prediction made by a decision tree,
only the features that occur on the prediction path are relevant.

Local explanation. A /ocal explanation is an instance-level explanation that explains the
behavior of a classifier in the vicinity of a given instance, and it directly discriminates the
given instance from its neighbors. It differs from a global explanation, which explains the
behavior of the classifier for all instances. A globally important feature is not necessarily
also locally important; for example, a decision tree may be constructed using all features,
but a prediction (decision tree branch) may use only a subset of the features. All features
occurring with the tree may be important in a global sense, but only those features that
occur on the prediction path are locally important for the prediction of an instance.
Local intrinsic dimensionality (LID). Let a function F be positive and continuously
differentiable over some open interval containing r > 0. The LID of F at r is defined as:

__ F'(r) .. F((1+e)r)—F(r)
LIDg(r) :=r ) ~ ell)rggr cF{r) , 6.1)
whenever the limit exists. The (asymptotic) LID of F is then:
LID} = lim LIDg(r). 6.2)
r—0t

For our scenario, LID is computed with respect to the location of a given instance
g, and r represents a radial distance from g. The LID model characterizes the order of
magnitude of the growth of cumulative probability measure F with respect to a neigh-
borhood of increasing radius. As it assesses the intrinsic dimensionality of the local data
submanifold around the instance g, it serves to characterize the complexity (number of
parameters) required by the local data model.

Several estimators exist for calculating the local intrinsic dimensionality (Amsaleg
et al., 2018; Amsaleg et al., 2019). We use the maximum likelihood estimation (MLE)
in our experiments as it is known to have good convergences properties and is easy to
implement. Given an instance x, and its k nearest neighbors Nei(x) sorted by the distance
to x in ascending order, the MLE estimator of LID(x, Nei(x)) is:

LID(x, Nei(x)) = — (ﬁ killo ri(x) )*1

Llog55 (6.3)
where 7;(x) is the distance (the Euclidean distance is used in our chapter) of the jth
neighbor to x.

Note that no explicit knowledge of the underlying function F is needed by the MLE
estimator - this information is implicit in the distribution of neighbor distances them-
selves.

Information dimension: Given a set of instances {x1,...,xy}, we may also com-
pute the quantity - Y_; LID(x;, Nei(x;)). This characterizes the overall intrinsic dimen-
sionality of the manifold occupied by {x1,...,x,}. In (Romano et al., 2016), it was
shown that this type of average is in fact an estimator of the well known information
dimension over the sample domain (or manifold).
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6.4 Proposed Method

6.4.1 General framework of local explanations

Given a model/predictor f and an instance x, a typical framework for extracting local
explanations for f(x) consists of three steps: (1) generating neighbor instances of x;
(2) labelling the neighbors using f; (3) extracting local explanations from the generated
neighbors.

Existing methods mainly differ at the third step - how to extract local explanations. In
contrast, this chapter investigates the impact of the generation of the neighbors in the first
step.

6.4.2 Local perturbation operators

A perturbation operator is used to generate neighbors and is a map P : RP — RP, given
a D-dimensional instance x. It is formally defined as:

x'=P(x,n)=x+7y (6.4)

where 77 is the perturbation term or the change that is applied to the given instance. Next,
we will describe some common perturbation operators that differ in how # is drawn.

A simple but useful operator is the random Gaussian perturbation that is used in
LIME (Ribeiro, Singh, and Guestrin, 2016¢):

P(x,y) =x+mn, n~N(01) (6.5)

where A denotes the normal distribution from which 7 is drawn. If the data is not normal-
ized to the range of [0, 1], # is usually multiplied by a scale term representing the feature
range. One major issue with this operator is that it is likely to generate ‘bad’ neighbors
located off the sub-manifold of x.

Another operator is a gradient-based sampling technique that has been widely used in
the field of adversarial learning, whereby nearby instances with the opposite class label
to a given instance are generated. The strategy used in FGSM (Goodfellow, Shlens, and
Szegedy, 2014) is:

P(x,n) =x+1n, n=e-sign(Ag(x)) (6.6)

where Ag(x) is the gradient of the cost function at the test instance x and € is the magni-
tude of perturbation.

Recently, a nearest neighbor (NN) based method was proposed in (Laugel et al.,
2018). It first finds the nearest instance x. of the given test instance x in the training
data such that f(x) # f(x.), where f is the prediction model. The perturbation is then

P(x,n) =x+1n, 1~ Unif(range(x))

s.t. dist(x, P(x,n)) < dist(x, xc) o7

where dist(x,z) measures the distance of two instances x and z, range(x) denotes the
possible value ranges of the features, and Unif denotes the uniform distribution.
6.4.3 Learning local explanations

Given a black-box model f and an instance x, the target of learning the local explanation
is to find a local model g from a hypothesis set G in the neighborhood of x. The process
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can be formulated as:

minimize : % iﬁ(g(xi)/f(xi)) +aR(g)

8€G,x;=P(x,1; (6.8)

subject to Locality_Constraint(x;), i =1,...,m.

where L is the loss function, R (g) is an interpretability regularization term to ensure
that the chosen g is interpretable, « is the regularization rate, P(x, 77) is the local perturba-
tion operator that generates the synthetic neighborhood of x, and Locality_Constraint(x;)
is a constraint on the generated neighborhood to ensure locality fidelity of the local expla-
nations.

The main challenges for solving this problem are: (1) interpretability constraints are
subjective and difficult to formulate; (2) the underlying local classification boundary is
unknown and thus it is difficult to formally define the locality constraints.

In existing methods (Ribeiro, Singh, and Guestrin, 2016c¢; Ribeiro, Singh, and Guestrin,
2018; Fong and Vedaldi, 2017), the first challenge has been addressed by restricting G to
a set of interpretable models G* (such as decision trees, rules or linear models). We there-
fore focus on the second issue, and approach it from the perspective of local instrinsic
dimensionality, by defining an LID based locality constraint.

LID can be used to characterize the complexity of the neighborhood (a set of in-
stances) surrounding a test instance (single instance). Given a model f and a test instance
x, assume there exists a true neighborhood Nei* (x) of x, such that we can train a local
model g that is a perfect local surrogate for f, without incurring an increase in local in-
trinsic dimensionality. When using local perturbation operators to generate a synthetic
neighborhood Neig(x), in order to extract a faithful explanation from Neis(x), we want
the LID of Nei;(x) to be as close as possible to that of Nei*(x). Here, we use the average
LID of the neighborhood (an estimator of information dimension (Romano et al., 2016),
or correlation dimension (Houle, 2017b)) as an estimator for the divergence (dissimilarity)
of the explainability of Neis(x) and Nei*(x):

1

divg(Neis(x),Nei*(x)):w Y LID(x;, Nei*(x;))
x;€Neis (x)

1
- LID(x;, Nei* (x;
N, e, DN ()

(6.9)

As Nei™ (x) is the true neighborhood of x, we assume that any instance in Nei* (x) should
have a similar LID to x (this natural assumption has been recently used in the develop-
ment of tight estimators of LID (Amsaleg et al., 2019)). Under this assumption, we can

approximate ‘lew Y jeNei* (x) LID(x;j, Nei*(x;j)) by LID(x, Nei*(x)). The divergence
becomes:
. . N Nei (v
divg(Neis(x), Nei* (x)) N ()| XiENZa;S(x) LID(x;, Nei* (x;)) 6.10)
— LID(x, Nei*(x))

As Nei* (x) is unknown, we approximate it using k nearest neighbors of x in the training
data, which is denoted as Neiy(x). Then the empirical divergence is:

1

diog(Neis (x), Nei (x)) ey

2 LID(xi,Neik(x,-))
x; €Neis (x) (6.11)

— LID(x, Nei(x))
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In the ideal case divg(Neis(x), Nei*(x)) is close to 0 and we have:

1

Ne (@] Y LID(x;, Neig(x;)) ~ LID(x, Neig(x)) (6.12)

x;E€Neis (x)

Now, we can formally refine the optimization problem as:

1 m
minimize  — Y L£(g(x;), f(x;
& xi=P(x[nn,f) M 1:21 (g( ) f( >) (6.13)

LID(x;, Neir(x;)) — LID(x, Neix(x))| < €

m
subject to —

i=1

where ¢ is chosen from the interpretable model set G*, the term LID(x;, Neii(x;)) mea-
sures the LID of a generated instance x; with respect to its k nearest neighbors in the
training data, and € is a sufficiently small value. Intuitively, the LID constraint checks
whether the LID of the test instance x is equal to the information dimension of its gener-
ated neighborhood. For a ‘good’ neighborhood, we expect these terms to be equal.

There isn’t, however, an available closed form solution for the above optimization
problem. Thus we propose a heuristic method to find an approximate solution by learn-
ing a local subspace of appropriate local intrinsic dimensionality around x, and applying
random perturbations within this local subspace.

6.4.4 LEAP - Local embedding aided perturbation

Random perturbations can introduce noise that push an instance far from its underlying
local sub-manifold, thereby effectively increasing the number of parameters required for
an adequate local model. The LID distribution of instances in the synthetic neighborhood
may then be very different to the LID of the test instance. Our proposed method mitigates
the effect of noisy perturbations that do not conform to the local manifold, by first ap-
proximating a local embedding/subspace around the test instance and then generating the
neighbors within the local embedding. So as not to increase the complexity of the local
data model, the LID of the test instance is used as the target dimensionality for the embed-
ding. Since we uniformly generate synthetic neighbors within the local embedding, the
newly generated instances can be expected to preserve the LID of the test instance. Our
proposed method (LEAP - Local embedding aided perturbation) is shown in Algorithm 8.
The details are described as follows:

Inputs: x is the test instance whose prediction needs explanation. M is the required
number of instances to be generated in the vicinity of x. T is the training data on which the
given model is trained. k is the number of nearest neighbors of x used for LID estimation.
A is the dimension relaxation for the approximation of LID.

Output: Z is the set of M generated instances.

Process:

Step 1 (Lines 1-3). The initial step is to fit a local embedding in the vicinity of x. We
first select a set of neighbor instances of x from the training data using k-nearest-neighbor
search. Then a local embedding is extracted from these instances using a subspace learn-
ing technique (we use PCA in the experiments, but kernel PCA or LDA are alternative
possibilities) using LID(x, Nei(x)) as the target dimensionality for the embedding, and
a dimension relaxation A (small A may miss some important features thus result in low
recall of explanations, and large A can introduce noisy features thus result in low precision
of explanation, an appropriate value of 5 is suggested by the author of (Houle, 2017a)) is
added to the target dimensionality as LID(x, Nei(x)) is just an approximation.
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Step 2 (Lines 4-5). After the local embedding has been found, the given instance x is
then projected to £ on the local embedding.

Step 3 (Lines 6-11). The last step is to generate the required number of instances to
form the local neighborhood of x. At each generation step, the random perturbation oper-
ator is applied to £ to get Z and then the newly generated instance is mapped back into the
original feature space, and its weight is (optionally) set according to the distance between
Z and X. These weights can be optionally used by explanation extraction methods.

Algorithm 8: LocalEmbeddingPerturbation
Input: Instance x, number of generated neighbors M, training data T, KNN
threshold k, dimension relaxation A
Output: Z = {z1,2,...,2m}
nei = getkNearestNeighbors(x, T, k);
lid = LocallntrinsiDim(x, nei) ;
le = new LocalEmbedding(nei, lid) + A ;
% = le.project(x);
Z={}
while |Z| < M do
uniformly generate an instance Z within the local embedding;
z = le.projectToOriginal(2);
z.setWeight(exp (—dist(Z, £)));
Z=7ZU{z};
end
return Z;

o 0 NN A N R W N =

—
N = o

6.4.5 Local explanation extraction with LEAP

For any local explanation extraction method (e.g., LIME) that needs to generate local
neighbors, LEAP can be directly used to replace the generation process. We take the
given model f and the parameters that are required by LEAP as inputs, and return an
explanation for the prediction of the given x by f. First, the neighbor instances of x are
generated using LEAP. Then, all new instances are labeled by the given model f. Finally,
the local explanation is generated using a technique like LIME (e.g. with a linear model
or a decision tree). The process is shown in Algorithm 9.

Algorithm 9: Explanation_LEAP

Input: Model f, instance x, number of generated neighbors M, KNN threshold
k, training data Dy,

Output: ¢

Z = LocalEmbeddingPerturbation(x, M, k, Dy,,i,, C);

forz € Z do

| z.label = f(z);

end

e = extractExplanation(x, Z);

return e;

A U A W N =
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6.5 Experiments

In this section, we define the metrics that will measure the quality of the explanations,
and experimentally evaluate the performance of our proposed method. The experimental
settings are described, and then we demonstrate how the true explanations, which are
used as ground truth to evaluate the generated explanations, are found. Comparisons of
the performance of the proposed method and that of the baselines on several datasets are
reported. Finally, a case study is explained.

6.5.1 Explanation metrics

Recall from Section 2.4.1, given a model f and a D-dimensional instance x, assume
¢’ = {e},...,ep} is the true model explanation, and e = {ey,...,ep} is the explana-
tion generated by an explanation system (e.g., LIME). The quality of e is measured by
its closeness to ¢’. Given two representations of explanations, we define the following
metrics.

When ¢, ¢’ are numeric explanations, where ¢;, ¢/ € IR, the quality of e, denoted by
Q(ele’), is measured using the cosine similarity:

e-ée

Qlele’) = |cosine_similarity(ele)| = el

(6.14)

where e - ¢/ is the dot product of two explanations, and |e| calculates the /?-norm of e.
The closer Q(ele’) is to 1, the higher the quality of e, and if it is 1 then e and ¢’ are
parallel.
When e, ¢’ are binary explanations, where ¢;, ¢/ € {0,1}, Q(ele’) is measured by
the F; score:

/ o /
Qlele) = 2 x recall(e|e’) * precision(ele’) 6.15)

recall(e|e’) + precision(ele’)

ZlD: 1 exel
Yilie
explanation values in ¢) are truly important (with non-zero explanation values in ¢’), and
ZlD: 1 eixel
Z,'D:1 €
ine. Q(ele’) equals 1 if and only if e and ¢’ are identical, and is less than one otherwise.

where recall(ele’) = which indicates how many chosen features (with non-zero

precision(ele’) = , which indicates how many truly important features are chosen

6.5.2 Settings

We conduct our experiments on six synthetic datasets and nine UCI datasets. The pro-
posed neighborhood generation method (LEAP) is plugged into LIME, and compared
with three baselines for the numeric explanation case and binary explanation case. The
local neighbor generating methods we have compared are described as follows:

LEAP(N) - Numeric explanation method with the proposed local embedding pertur-
bations and local linear models.

Random(N) - Numeric explanation method with random perturbations (Eq. (6.5))
and linear models, which is the default method used in LIME.

NN(N) - Numeric explanation method with nearest neighbor perturbations (Eq. (6.7))
and local linear models.

Gradient(N) - Numeric explanation method with gradient-based perturbations (Eq.
(6.6)) and local linear models.
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LEAP(B) - Binary explanation method with the proposed local embedding perturba-
tions and decision trees.

Random(B) - Binary explanation method with random perturbations (Eq. (6.5)) and
decision trees.

NN(B) - Binary explanation method with nearest neighbor perturbations (Eq. (6.7))
and decision trees.

Gradient(B) - Binary explanation method with gradient-based perturbations (Eq.
(6.6)) and decision trees.

Parameter optimization via a nested validation process during the training process is
a common technique for classification tasks; however, it presents difficulties for explana-
tion systems, due to the fact that true model explanations are always unavailable when
deploying such systems in real-life applications. One possible solution is to generate a
parameter setting using validation datasets whose true model explanations are available,
and then to apply the same setting for any new dataset. To simulate such a process, we
apply LEAP with different parameter settings of two major parameters K and M on four
separate UCI datasets (crx, ILPD, sick and sonar, which are different from those used
for evaluation) as validation datasets, then the recommended parameter setting (K = 5D
where D is the dimensionality of data, and M=500) (that achieves the best faithfulness
score on average over the validation datasets) is used for all the datasets whose results are
reported.

6.5.3 Synthetic data and true explanations

The synthetic datasets are generated using synthetic functions described below as the
classifiers, and true explanations are then directly generated from these functions:

x[1] —4x[2] +2x[3] +3, x[1] <10
o fi(x) =< —2x[1] —3x[2] +x[2] —2, 10 < x[1] <20
3x[1] + x[2] —2x[3] +2,  «x[1] > 20
where x[i] € [0,30].

o fo(x) = (x[1])® — 2(x[2])* + 3x[3], where x[i] € [—100,100].
e f3(x) = x[1] — x[2] sin(x[2])? where x[i] € [—10,10].

o fa(x) = ((x[1] == D Ax[2] A x[3]) Vv ((x[1] == 2) Ax[4] Ax[5]) V ((x[1] ==
3) Ax[6] Ax[7]) V ((x[1] == 4) A x[8] A x[9]), where x[1] € [1,4] and x[2], ..., x[9]
are binary attributes.

For each synthetic dataset, the attribute values are drawn from a uniform distribution, and
fori =1,2,3, the class label is 1 if f;(x) > 0 else 0 otherwise. For i = 4, the class label
is 1if fu(x) = true else 0 otherwise. Six synthetic datasets (two for numeric explanation
scenarios and the other two for binary explanation scenarios) are generated as follows: for
the numeric functions f;(i = 1,2,3), the true explanation of a given x is the gradient of
the curve f; = 0 at the closest point on the curve from x. This is because we expect the
true explanation to be like a locally linear model. For the binary explanation function fy,
the true explanation is defined below.

o Synthetic-1 consists of three attributes (x[1], x[2], x[3]) and a class label. The func-
tion f; is used to label the instances. Given an instance x, the true local (numeric)
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explanation is defined as:

(1,—4,2), «x[1]<10
etrue(x) = ¢ (=2,-3,1), 10 < x[1] <20
(3,1,-2), «x[1] >20

e Synthetic-2 consists of ten attributes (x[1],x[2], ..., x19) and a class label. The
function f; used in Synthetic-1 is also used to label the instances such that the
other seven attributes are noise and not used in the prediction process. The true
explanations of the instances are defined similarly to Synthetic-1 dataset.

e Synthetic-3 consists of three attributes (x[1], x[2], x[3]) and a class label. The func-
tion f; is used to label the instances. Given an instance x, the true local (numeric)
explanation is defined as:

erme(x) = (3(x"[1])%, ~4x"[2],3)
, where x* is the closest point of x to the function f, = 0.

e Synthetic-4 consists of three attributes (x[1], x[2]) and a class label. The function
f3 is used to label the instances. Given an instance x, the true local (numeric)
explanation is defined as:

erue(x) = (1, —sin(x[2])? — 2(x[2])? cos(x[2])?)
, where x* is the closest point of x to the function f3 = 0.

e Synthetic-5 consists of nine attributes (x[1],x[2],...,x[9]) and a class label. The
function f; is used to label the instances. Given an instance x, the true local (binary)
explanation is defined as:

(1,1,1,0,0,0,0,0,0), x[1]=1
e () = (1,0,0,1,1,0,0,0,0), x[1] =2
(1,0,0,0,0,1,1,0,0), x[1] =3
(1,0,0,0,0,0,0,1,1), x[1] =4

e Synthetic-6 consists of twenty attributes (x[1],...,x[20]) and a class label. The
function f; used in Synthetic-3 is also used to label the instances such that other
eleven attributes are noise and not used in the prediction process. The true explana-
tions of the instances are defined the same way as in the Synthetic-5 dataset.

6.5.4 UCI data and true explanations

We also conduct experiments on nine UCI datasets. For the purpose of evaluating the
numeric explanations, all nominal attributes are converted to continuous and all attributes
are normalized into the range [0,1]. Two interpretable classifiers (from which we can
get the true model local explanations) are used as the black-box for local explanation
extraction methods. We use logistic regression and decision trees as used in (Ribeiro,
Singh, and Guestrin, 2016c¢), and the true explanations are extracted as follows

o Logistic regression. The true explanations are numeric explanations and are ob-
tained directly from the model parameter (the coefficients). For a D-dimensional
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instance X, ee(x) = (w1, |wa|, ..., |wp]|), which is the vector of the coefficients
and wj is the coefficient for the ith attribute.

e Decision tree. The true explanations are binary explanations and are obtained from
the structure of the tree. For a D-dimensional instance X, ex0(X) = (e1,€2,...,€p),
e; is 1 if the ith attribute occurs in the prediction path from the root to the leaf, and
0 otherwise.

The true explanations are extracted in the same way as in LIME: decision trees are
trained from the training data, and the true explanations for the test data are obtained from
the trees, though the explanation systems treat the decision trees as black boxes. Decision
trees are trained for all datasets. The true explanation for the prediction of an instance is
the set of features that occur along the path from the root to the leaf corresponding to the
prediction.

6.5.5 Evaluation on synthetic data

The baselines are first compared on the synthetic datasets. The results (Table 6.1) show
that the local explanation method with LEAP achieves the highest performance across
these datasets. In particular, LEAP is more robust to non-linear classification boundaries
as the explanation quality of LEAP is much higher than baselines on synthetic-3 and
synthetic-4 datasets. The reason will be discussed in details in Section 6.5.7.

6.5.6 Evaluation on UCI data

We train two white-box classifiers - logistic regression and decision trees - on the UCI
datasets. Then the local explanation method (LIME framework) with different neigh-
borhood generation methods is used to extract explanations for the instances in the test
datasets, while treating these interpretable classifiers as black-box classifiers. Specifi-
cally, LIME based on local linear models is used to evaluate the numeric explanations
for logistic regression, and LIME based on local decision trees is used to evaluate binary
explanations. The results in (Table 6.2) show that LEAP has excellent performance in
comparison to the three baselines. In particular,

6.5.7 Visualization of the quality of explanations for different methods

We conduct an experiment on a 2D synthetic dataset (we use 2D dataset for visulization
purposes), generated using the function f(x[1],x[2]) = sign(x[1] — x[2] sin(x[2])?),
where the true explanation for a point is the gradient (represented as a weight vector) of
the closest point on the classification boundary (x[1] = x[2] sin(x[2])?) to the test point
being explained. The quality of explanations for different neighborhood generating meth-
ods is shown in Figure 6.2. For Random(N) (used in LIME), an instance that is close
to the classification boundary is likely to be difficult to explain. This observation also
suggests that if an instance is far away from the classification boundary, finding an expla-
nation may be more obvious. LEAP and NN are particularly effective for instances close
to the classification boundary, with LEAP having an edge over NN in average explana-
tion quality. For the gradient-based method, the quality of the explanations is similar to
Random, and worst when the instance is far away from the boundary.

In terms of the LIDs, while the mean of the LID of the test instance in its vicinity
is 1.37, the average LIDs of the synthetic neighborhoods are: 1.4 for LEAP, 18.4 for
Random, 2.4 for NN and 6.9 for Gradient. It shows that LEAP achieves the closest LID
as the test instance.
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Dataset | Random(N) | Gradient(N) | NN(N) | LEAP(N) | Random(B) | Gradient(B) | NN(B) | LEAP(B)
logistic regression (numeric explanations) decision trees (binary explanations)

Adult 0.84 0.63 0.72 0.90 0.64 0.61 0.57 0.73
Balloon 0.93 0.82 0.54 1.00 0.92 0.81 0.50 0.94
Blood 0.89 0.85 0.61 0.96 0.94 0.58 0.92 0.97
Breast-cancer 0.82 0.78 0.59 0.87 0.65 0.57 0.50 0.70
Diabetes 0.87 0.74 0.62 0.99 0.80 0.47 0.71 0.80
Hepatitis 0.72 0.68 0.56 0.80 0.82 0.38 0.72 0.87
Iris 0.91 0.82 0.64 0.94 1.00 1.00 1.00 1.00
Ionosphere 0.91 0.82 0.74 0.92 0.92 0.66 0.89 1.00
Labor 0.86 0.75 0.64 0.89 0.88 0.64 0.77 0.95
Titanic 0.85 0.83 0.59 0.87 0.74 0.73 0.66 0.79
Vote 0.90 0.77 0.62 0.93 0.82 0.66 0.50 0.89

96hapter 6. Improving the Quality of Explanations with Local Embedding Perturbations

TABLE 6.2: Explanation quality on UCI datasets (the best value is highlighted in bold).
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FIGURE 6.2: Demonstration of difficulty of explanation for different

neighborhood generating methods. The black solid line is the classifi-

cation boundary, and difficulty (explanation quality) varies from difficult

(red) to easy (yellow). The average explanation quality is shown in the
bottom-right of each figure.

We also demonstrate some synthetic neighborhoods that are generated by different
methods in Figure 6.3.

6.5.8 Locality analysis

We compare the locality for different baselines. The same data and ground truth expla-
nations as in Section 6.5.7 are used, and we adopted the locality measurement that was
proposed in (Laugel et al., 2018). Given a test instance and the local model that is used
to extract the local explanations, a set of instances is drawn from a normal distribution
centered on the test instance with variance o. o is treated as a radius, and the average
accuracy for a local model applied to the set of test instances is defined as the locality
at radius ¢. Results for the locality of the baselines are shown in Figure 6.4. It can be
seen that LEAP achieves the highest locality for smaller radius, which is expected. On
the other hand, the locality of Random(N) is nearly uniform for all radii, illustrating that
LIME+Random(N) is impacted by global fidelity (a finding which accords with that of
(Laugel et al., 2018)). It is desirable for the locality to drop with increasing radius, be-
cause our target is to achieve a ‘local’ explanation model. For NN and Gradient, a similar
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FIGURE 6.3: Demonstration of the synthetic neighborhoods that are gen-
erated by different methods. The test instances are shown in blue color,
and the synthetic neighborhoods are shown in orange color. The quality
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bottom-right.
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decreasing trend is evident, but the locality (accuracy of the local models) is lower than
LEAP.
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FIGURE 6.4: Locality analysis (plot of the accuracy of the local models
when increasing the radius

6.5.9 Example: Why does the quality of explanations matter?

We have proposed LEAP to improve the quality of the local explanations, and we next
provide an example of how an explanation having higher quality can be beneficial for
taking an action. Our study is performed in the context of spam classification, on a dataset
containing 1956 comments from 5 different YouTube videos(Uysal, 2018). We split it to
two groups with 70% for training and 30% for testing. The class label is whether or not
the comment is a spam.

We train a Random Forest (with 100 trees) and extract explanations for test comments
using different synthetic neighborhood generation methods. Each explanation e for a test
instance x is evaluated in the following way: based on the explanation e, x is modified so
that the occurrence of the word that most supports the opposite class label is increased 10
times. If the class label of the modified instance is flipped (when the modified instance
is passed to the random forest), we say the explanation e is useful, since it facilitated a
perturbation to be made on the instance that had an intuitive effect. Conversely, if the
class label is not flipped, then the explanation is not useful, since the perturbation didn’t
operate as expected.

For this task, Random(N) produces 87.34% useful explanations while LEAP produces
95.40% useful explanations. An example of where Random(N) fails to find a useful ex-
planation but LEAP succeeds, is shown in Table 6.3. Random(N) finds the word ‘the’ is
the most supportive feature for class label ‘Not spam’ but the corresponding modification
is still classified as ‘Spam’. LEAP finds the word ‘projects’ and the corresponding modi-
fication fools the classifier successfully. Although humans may regard both modifications
as spam, the explanation of LEAP reveals how the classifier ‘thinks’.
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Method Explanations Modified Comment using expla- | Classification
nation
Random(N): | Spam: {http, and, ref, | The The The The The The The | Spam (label
you}; Not spam: {The, | The The The The projects After | of Modified
here, Effects} Effects, Music, Foto, Web sites | comment
and another you can find and buy | not flipped
here http... as expected)
LEAP: Spam: {http, ref, Mu- | projects  projects  projects | Not  spam
sic, buy}; Not spam: | projects  projects  projects | (label of
{projects, Effects, find} projects  projects  projects | Modified
projects The projects After | comment is
Effects, Music, Foto, Web sites | flipped as
and another you can find and | expected)

buy here http...

TABLE 6.3: Explanations extracted with Random(N) and LEAP for the
comment "The projects After Effects, Music, Foto, Web sites and another
you can find and buy here http..." which is classified as Spam

6.6 Conclusion

In this chapter, we proposed a new approach for neighborhood generation, which is a
critical phase in local explanation systems. Our approach is based on consideration of
the local intrinsic dimensionality of the instance whose predicted label is being explained.
Our method can be used as a modular procedure in any existing local explanation method
that requires neighborhood generation. We compared our proposed technique with the
baselines that are used in local explanation methods, and demonstrated it achieves excel-
lent performance when compared with state of the art alternatives.
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Chapter 7

Learning with Expert Supervision to
Make Reliable Predictions

7.1 Introduction

Recent advances to improve the interpretability of data mining models have taken two ma-
jor directions: (1) building new interpretable models that can achieve high accuracy, and
(2) improving the interpretability of complex models, i.e., by providing explanations for
their predictions. In both cases, interpretability can be viewed as a supplementary feature,
which does not directly influence model learning, since the training process solely focuses
on optimising accuracy. Consequently, there is no guarantee that such models will make
predictions which accord with domain knowledge. In this chapter, we propose the notion
of reliability, which refers to the the ability of a model to make a prediction (reach a de-
cision) for an instance based on features that match expert domain knowledge about that
instance. We develop explanation-based partition-wise linear models (xPWL) that can
make reliable as well as accurate predictions. XPWL uses extra information - expert ex-
planations for training instances - as expert supervision within the learning process to help
improve the reliability of the model. Contrast patterns are mined to partition the dataset
and used to represent local partitions. Every pattern is associated with a local linear model.
The overall prediction for a given instance is performed by generating an instance-specific
model from the local models associated with the matching patterns. Experimental results
demonstrate that XPWL is able to achieve competitive accuracy compared with the state-
of-the-art baselines, while achieving superior reliability. A further property we propose
in this section is the notion of prediction reliability. We say a prediction on an instance
is reliable if its explanation matches a gold standard (expert) explanation. In particular, a
prediction about an instance is reliable if the features occurring in its explanation match
with features that a domain expert considers to be the true explanation for the instance.
Explanation reliability measures how close the logical reasoning behind a model is to
the experts’ domain knowledge and reflects how reliable a prediction is. We believe that
the explanation reliability of a prediction can be as important as accuracy in situations
where the lack of reliability results in rejection of the prediction or has severe conse-
quences. For example, suppose a streaming video user likes comedy movies but does not
care about the actors (assume that the system has such information by preference setting),
and the video website gives the user a movie recommendation with an explanation that it
stars the same actor who appeared in a movie the user just viewed. Meanwhile, another
video website gives the same movie recommendation with an explanation that it is the
same type of comedy as the user’s last viewed movie. For the same prediction but with
different explanations, the user is more likely to take the second one as the explanation is
more compelling. Another example is a medical scenario, where doctors may administer
treatments or actions based on the explanations of a prediction made by a model. Though
the disease diagnosis might be correct, if it is inferred from incorrect features (symptoms)
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and the explanation consists of these features, treatment based on these features could be
adverse to the patient and may even worsen the disease.

Reliability can be a new metric for evaluating models, whereas traditional classifiers
are trained to focus on accuracy, and provide no guarantee about reliability. Our research
question is thus: how can one develop a model that makes both accurate and reliable
predictions? We address this question by proposing a new classifier called explanation-

.. . Proposed Method
Traditional classifiers (xPWL)
. Traini
Inputs Training data raining data .& expert
explanations
Inferred from Explained by an
model for explanation
Explanations . method for Inferred from the model
interpretable .
non-interpretable
models
models
. Loss function in terms of
Objective .
. Loss function in terms of accuracy both accuracy and
function L
reliability

TABLE 7.1: Comparison of xPWL with traditional classifiers

based partition-wise linear models (xPWL), which incorporates expert explanations about
training instances as additional expert supervision input. For example, user reviews of
movies can be extracted as expert explanations for a recommendation system; the diagno-
sis reports from doctors can be used as expert supervision for a medical diagnosis model.
Using this extra information, XPWL is able to make reliable explanations without sacri-
ficing accuracy. A comparison of our proposed xPWL with traditional classification is
shown in Table 7.1.
In summary, our contributions are:

e we propose the notion of reliability as an important property for predictions;

e we develop an algorithm, XPWL, that optimises both accuracy and reliability for its
predictions, modelled as a convex optimization loss function, so that xPWL is able
to provide explanations for its predictions;

e we demonstrate that xPWL can achieve greater reliability and competitive accuracy
compared to several baselines.

7.2 Related work

Partition-wise models. Partition-wise models refer to models that divide the input space
into multiple partitions (sometimes also called regions), where the instances in each par-
tition behave similarly and can be predicted by a local simple model (i.e., a linear model).
Partition-wise linear models (PWL) Oiwa and Fujimaki, 2014 divide the input space by
parallel splitting each coordinate/feature, and assign a linear model to each partition. A
prediction for a given test instance is made by a predictor that is a linear combination of
active partition-wise weight vectors. Our method xPWL improves PWL in two ways: 1)
instead of obtaining partitions by parallel splitting features, xPWL mines contrast patterns
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as partitions, which are shown to be more effective; 2) we add an explanation based regu-
larization term such that the model is trained to make reliable predictions. Other common
partition-wise models include LSL-SP (Wang and Saligrama, 2012), LLSVM (Ladicky
and Torr, 2011) and LDKL (Jose et al., 2013), and (Oiwa and Fujimaki, 2014) compares
them.

Pattern aided models. Pattern aided methods have shown promising results in terms of
accuracy as white-box classifiers, and they also belong to partition-wise models, as every
pattern represents a subspace of the input space. Decision trees and random forests are
well known examples where each path from the root to a leaf in a tree can be viewed
as a pattern, and each pattern is associated with a simple predictor that always returns
the label of the leaf node. Recently, a pattern aided classifier (PXC) has been proposed
(Dong and Taslimitehrani, 2016). PXC first generates contrast patterns according to the
“difficulty” of the dataset and then trains local classifiers on each partition associated
with a pattern. CBA (Ma and Liu, 1998) and similar techniques like CAEP (Dong et al.,
1999) and iCAEP (Zhang, Dong, and Ramamohanarao, 2001) extract contrast patterns
from the training data, and use the most probable pattern to predict a given instance.
PatClass (Cheng et al., 2007) and similar methods like DDPMine (Cheng et al., 2008),
DPClass (Shang et al., 2016), HARMONY (Wang and Karypis, 2005) and those proposed
in (Caruana et al., 2015)(Letham et al., 2015) extract contrast patterns as the classification
rules and predict a given instance by combining the results of matching patterns. Our
method xPWL differs from these methods by: 1) tuning the model parameters globally,
and 2) training with explanation.

Explanation systems. Recent works have focused on one important aspect of inter-
pretability - providing explanations for the predictions of a model. The methods proposed
in (Adler et al., 2018)(Henelius et al., 2014) (Robnik—gikonja and Kononenko, 2008) cal-
culate a vector of weights representing the predictive powers by perturbing the feature val-
ues. LIME (Ribeiro, Singh, and Guestrin, 2016c) and its variant aLIME (Ribeiro, Singh,
and Guestrin, 2018) train a local linear interpretability model in the vicinity of an instance
and generate explanations from it. They are called black-box explanation systems as they
provide an explanation for the prediction of a model without knowing the internal mech-
anism of the model. However, there is always a gap between the their explanations and
how the model truly “reasons”. This problem does not exist for white-box classifiers, i.e.,
logistic regression and pattern aided techniques, which are intrinsically interpretable and
from which explanations can be directly extracted. The main limitation with interpretable
models is that they may fail to achieve competitive accuracy with more complex models.
Our method is an interpretable model that is designed to improve accuracy via enriching
the model complexity by forming a 2IP |—hypothesis space from |P| partitions.

7.3 Preliminaries

Expert explanation.

Given a D-dimensional instance x, an expert explanation for x is represented by a D-
dimensional binary vector (ey, . ..,ep) where e; is 1 if the expert considers it’s reasonable
to use the ith feature when inferring the class label, and 0 if the expert considers it should
not be used when inferring the label. Note that different experts might produce differ-
ent explanations about an instance, according to different logic. We treat the generating
process behind an expert explanation as a black box.
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Model Explanation.

Given a D-dimensional instance x and a model f with classification decision f(x), the
model explanation is a D-dimensional vector (e, e, ..., ep) where ¢; is 1 if the ith feature
is used by the model to make the classification decision f(x) and 0 otherwise.

We assume there is some agreed procedure for determining when a feature is used
by the model to make the classification decision for white-box classifiers. For example,
the features used for classifying x in a decision tree are the 1’s in the explanation. For
a black box classifier, the explanations can be extracted with an explanation system like
LIME. The non-zero coefficients of a regression formula are the 1’s in the explanation for
all instances.

Reliability.

Reliability is one important property of the explanations and it measures the closeness of
the logical reasoning behind a model to the expert knowledge. There are many possibil-
ities such as Dice, Jaccard similarity or F; score to measure it and we adopt the F; score
(which is used in (Ribeiro, Singh, and Guestrin, 2016¢)) to quantify the reliability. Given
an expert explanation ey, a D-dimensional instance x and a model f whose explana-

tion for f(x) is e, the reliability of the model’s prediction is measured by the F; score:
- precisionxrecall LdeD |ed X etrued]

1 = “Yrecision+recall* Y aep leal
— Laep |aXeirued|

of features used by the model that are expert agreed, and recall(e, etye) = ) ]

where precision (e, etrue) = represents the fraction

represents the fraction of expert-agreed features that the model covers.

7.4 Methodology

7.4.1 Model description

Given a pattern set P = {pl, P2, P k }» the overall predictor is defined as:

D
flx) =Y Ap(x) Y agxg (7.1)
d=0

peP
where,

e Ay(x) € {0,1} is the activation function for x given pattern p, and is 1 if x matches
p.

e D is the number of features in each instance.

e a,isa (D + 1)-dimensional vector of coefficients associated with pattern p, where
a4, corresponds to d-th attribute and aop, is the bias term.

Moreover, f(x) can be viewed as a combined linear model f(x) = 2521 wgxg + wo,
where the d-th coefficient wy is wg = Y, A(x)aay, and the bias wo = Y-, Ap(x)agp. One
advantage of partition-wise linear models is that | P| vectors of coefficients can generate
2/PI possible linear models.

In particular, this chapter explores xXPWL for binary classification such that the class
label ¢ € {0,1}, and xPWL returns 1 if f(x) > 0 and O otherwise. It can be extended to
multi-class classification in the same manner as logistic regression, and xPWL can also
be applied for regression.



7.4. Methodology 105

do dq dp ds
p1 | 1.5 2.1 -0.5 -1.6
P2 | 2 1 15 -3
p3 | 0 0 1 3
ps | 16 |27 |-13 2
(A) Parameter matrix A (B) Instances (the test instance is in red.)

FIGURE 7.1: Demonstration of xPWL

An example of xPWL is shown in Figure 7.1, K patterns are mined from the train-
ing data and every pattern is associated with a linear model represented by a vector
of weights (shown in Figure 7.1a). Suppose that a test instance x (red point in Fig-
ure 7.1b) matches patterns p1, p> and p3, and these patterns are assigned with vector
(1.5,2.1,—-0.5,—-1.6),(2,1,1.5,—3) and (0,0,1,3) respectively. The instance-specific
predictor for x is the linear combination of the weights of matching patterns p1, p» and
p3, and the coefficient vector is (1.5,2.1,—0.5,—-1.6) + (2,1,1.5,—-3) + (0,0,1,3) =
(3.5,3.1,0, —1.6).

7.4.2 Model explanations of xPWL

S-importance. Given a D-dimensional instance x and an interpretable linear model
f(x) = YP | wyxy + wo, the d-th feature of x is considered d-important for the pre-
diction of x by f if the d-th coefficient |w,| > §.

Explanation of xXPWL. Given a D-dimensional instance x and an interpretable linear
model f(x) = 21?:1 wyxg + wo, the explanation for the prediction of x by f can be
represented by a D-dimensional vector (e1, ey, ...,ep), where e; = 1 if the d-th feature
of x is é-important. Formally, a function g(x|f) is denoted to give the explanation for x:

8(x[f) = (1(x[f), &(x[f), ..., gp(xIf)) (7.2)

where g;(x|f) = 1 ¥, Ap(x)ag,|>6)» and Tc is an indicator function that returns 1/0 if
the condition C is true/false.

7.4.3 Objective function

The objective function for the learning process is defined as:

| 1 1
H}L{n N;lucc(yn;f(xn)) +[XM ;lexp(exm,g(xm))
(7.3)

D
subject to Z Z ]l[udp#o} <u,
peP d=1

where A = (al, . p|) is the parameter matrix of XPWL, N is the number of train-
ing instances, ,M is the number of training instances whose explanations are provided,
and « is the reliability regularization rate. In the objective function, loec(Yn, f(x,)) de-
notes the loss function in terms of accuracy where v, is the true prediction for x,, and
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lexp(ex,,§(xm)) denotes the loss function in terms of explanation quality where ey, is
the expert explanation for x,,. The sparsity constraint enforces the requirement that only
a small number of entries in the patterns/partitions are active to mitigate the effect of
overfitting.

7.4.4 Loss functions

In (7.3) the objective function consists of two parts: an accuracy loss function /.. and an
reliability loss function ley).

Accuracy loss function /.. The loss function in terms of accuracy can be chosen accord-
ing to the specific application or domain. For classification, squared hinge or logistic loss
can be used. For regression, squared loss can be used. Logistic loss function is used as an
accuracy loss function for classification in this chapter.

Reliability loss function /., Given an expert explanation e, and a model explanation
¢(x|f) (defined in (7.2)) for an instance x and the predictor f, the loss function in terms
of the reliability is defined as

I
gl

lexp(ex, (x)) (8a(x1f) — exa)?
d=1
= 2
=) (1[\):,, Ap(%)agy| >8] — exd) (7.4)
d=1

I
gl

((1 — Zex,d)]l“ Ly Ap(x)agy|>4) + 8;2c,d>

U
I
—_

where § denotes d-importance, and it is a small value that is usually close to 0 (we use
0.001 in our setting, the experiments suggest that the performance is stable when § <
10~2. Because the last term ex 4 1s constant, we can drop it from in the loss function.
Finally, the reliability loss Ly is derived as:

D

lexp(ex, (%)) = Y (1= 2exa) 15 A, (x)ayy|20] (7.5)
=1

The reliability loss function in (7.5) is non-convex, which raises challenges for optimizing
the objective function. We employ a convex upper bound as the new loss functions:

lexp €x, g - Zex d | Yy Ap( )“dp‘>5]

(7.6)
(1—2ey4) \ZA Jagy| — 6 +1)

il
il

Also, the constant term § — 1 can be removed for optimization purposes. Then the final
reliability loss function is:

D
lexp Ex,g Z 1 - 2exd Z)‘P(x)adp‘ (7.7)
d=1 p

There also exist other possibilities to define the reliability loss function, i.e., a logistic loss
like function. The one used in (7.6) has shown promising results in our experiments, and
it will be left as future work to explore other possibilities.
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7.4.5 Convex relaxation

We consider the convex relaxation of (7.3) by a standard approach to adopt a L; constraint
that is convex and differentiable to replace the original Ly constraint. The new objective
function becomes:

D
min7 (A), subject to Z Z |agy| < u (7.8)
A pePd=1

where J(A) = % Yo lace(Yn, f(xn)) +
ad Y, YD (126, 4)] Yp Ap(Xm)agp|, A is the parameter matrix. Then we can re-
formulate (7.8) to the equivalent problem as follows:

D
min J(A)+B ), ) |ag| (7.9)

peP d=1

where f is the regularization weight corresponding to p.

7.4.6 Solution

This optimization can be solved via the proximal method (Parikh and Boyd, 2014), which
iteratively applies gradient steps and proximal steps to update parameters.
Assume that A(?) represents the parameter matrix A = (ag, . .. i p‘) at the t-th it-

eration. First, in the gradient step, AW js updated according to the gradient of 7. Note
that the accuracy loss function we used is the logistic loss function that is differentiable,
and for the reliability loss function, we approximate the gradient by making use of the
formula d,|x| = sign(x) when x # 0, where sign(x) returns 1 if x is positive and -1
otherwise. The gradient of the reliability loss function is then

0y OUA) = Y sign (3 Ay (v)agy ) (1 — 264, 0) A ()
m P

where Q(A) = a; ¥, Y0 (1—2ey, 4)] Yp Ap(xm)agy|. Formally, the update for
gradient step is:
A = 40—y 03, 7 (A) (7.10)

where n(t) is the step size, and d 4 the 1st-order derivative.
In the proximal step, parameters are updated by solving:

AD) = (Al (7.11)

where Mo(B) = argmin(3||A — B||> + 7B Y pep Y1 |aap))-
A

My (B) is a well-known soft-thresholding operator, and can be decomposed into an
element-wise problem (Oiwa and Fujimaki, 2014), and the update formula is as follows:

bap — 11", bap > 1B
Aap = 0, ‘bdp| < U(t)ﬁ
bdp—i_’?(t)ﬁ/ bdp < _W(t)ﬁ
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Algorithm 10: Learning process of xPWL

Input: training data X = {x1,x2,..., XN}, explanations E = {eq,ea,...,epm}s
minSupp

Output: P, A

P = minePatterns(X, minSupp);

Add a global pattern pg into P;

Initialize A©) with Os;

t=1;

while t <MaxlIteration do

/*gradient step*/ ;

Derive A(+3) by calculating (7.10);

8 [*proximal step*/ ;

9 Derive A(t+1) by calculating (7.11);
10 if termination condition is true then
11 | break;

12 end
13 end
14 return P,A;

S U B W [ S

pN ]

7.5 Algorithm

We describe the proposed explanation-based partition-wise linear models (xPWL) in this
section. First, a set of contrast patterns are mined from the training data. Then the vectors
of weights associated with the patterns are iteratively updated as discussed. The frame-
work of the algorithm is shown in Algorithm 10 and the details are also discussed.
Inputs. The input parameters of the learning process are:

e Training data X = {x1,xp,...,xn} contains the labeled instances to train the
model;

e Expert explanations E = {ey, ey, ...,en}, where M < N, is the expert supervision
provided to train the model. Every explanation in E corresponds to an instance in
X, but not all training instances are necessarily associated with explanations. Such
expert supervision could be collected by the experts when labeling the data. We
assume such information is given.

e minSupp is the essential parameter for pattern mining. The choice of small values
results in a large number of patterns that are computationally difficult to deal with.
On the other hand, the choice of large values may fail to find representative patterns.
The tree based mining algorithm (Shang et al., 2016) used in our experiments does
not need the user to specify the minRatio.

Pattern mining. The first step is to generate a contrast pattern set P = {p1,..., px}
from the data to represent partitions. Experimental results in (Dong and Taslimitehrani,
2016) have shown to be promising for the use of contrast patterns as local regions. One
advantage of contrast patterns is that they are able to find discriminative feature combi-
nations compared with traditional frequent patterns. Another advantage is that contrast
patterns are intrinsically interpretable compared with other partitioning techniques such
as spectral clustering (Arias-Castro, Chen, and Lerman, 2011) and parallel coordination
division (Oiwa and Fujimaki, 2014). We adopt a random forest based pattern mining
method (Shang et al., 2016), which does not require user-specified parameter minRatio,
to generate contrast patterns for its efficiency. There also exist many mining techniques
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for contrast pattern mining, such as GeGrowth (Li et al., 2005), subgroup discovery (Atz-
mueller, 2015) and exceptional model mining (Duivesteijn, Feelders, and Knobbe, 2016).
Interested users can refer to (Dong and Bailey, 2012) for further discussion about contrast
patterns. After the pattern set P is mined from the training data, every pattern/partition is
associated with a (D + 1) dimensional vector of weights, and these vectors of weights are
represented as a |P| x (|D| + 1) matrix A, where a4, is the dth weight associated with
pattern p. It should be pointed out that a partition can overlap with other partitions, and
the pattern set may not cover the whole sample space. Therefore, we always add a global
pattern, which is a synthetic pattern such that every instance matches it, to the pattern set.
The linear model associated with the global pattern can be treated as the global model, and
the linear models associated with other patterns can be treated as local residual models.
Parameter learning process. The task of learning the model is to find a parameter matrix
A* to optimize the objective function described in (7.8). A proximal method is adopted
to iteratively update element-wise Ay, vd = {0,1,2,...,D}, p € P. The termination
condition is that the differences in the objective values between the current iteration and
the previous one are less than 10~ in 10 consecutive iterations, as used in PWL. There
are many techniques (Ruder, 2016) to adjust the step size for quick converges.

Time complexity analysis. The learning process is mainly pattern mining and parameter
update. The time complexity of the tree based pattern mining method is O(RIE), where R
is the number of trees, [ is the number of instances on each level of a tree and E is the tree
depth threshold. At each iteration of the update, all the training instances are processed to
calculate the gradients, and every entry of A is updated once. Thus the time complexity
for the update process is O(T(N + |P|D)), where T is the number of iterations, |P| is
the number of patterns and D is the number of features. The overall time complexity is
then O(RIE + T(N + |P|D)).

7.6 Experiments

We evaluate the proposed method xPWL against several baselines in this section. We
demonstrate that how XxXPWL is able to use extra information to improve the reliability
of the predictions (which is similar to use user-specified examples as side information
to improve the clustering performance in (Xing et al., 2003) in the sense that we ). The
proposed method is compared with baselines that achieve high accuracy but are not able
to incorporate extra information directly in the training process. The experiments are
conducted on UCI datasets, and on two scenarios where the expert explanations arise in
different ways. The sensitivity to the setting of the main parameters is also investigated.

7.6.1 Settings

Data and pre-processing. Twelve UCI datasets (adult, balloon, blood, crx, diabetes,hepatitis,
hypo, labor, musk, sick, titanic, vote) described in Table 8.3 are used in this section, and
each data set is randomly split into two groups such that 80% is used to train the classifier
and 20% is used for testing. Non-numeric features are binarized using one-hot encoding
method, which are also treated as numeric features, then all features are normalized into
the range of [0, 1] using feature scaling.

Experiments settings. Two major model parameters 77 (step size) and 8 (sparsity regu-
larization rate) are set via a nested validation process. The training data are divided into
80% and 20%, where the latter 20% are used for validation to choose the settings with the
best performance. Then the chosen setting is applied on the whole training data to train
the model. The reliability regularization rate « is set to 0.5, and minSupp=0.1, and the
impacts of these two parameters are discussed in later subsections as well.
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Dataset #instances | #nominal_attr | #numeric_attr | #classes
Adult 48842 8 6 2
Balloon 16 4 0 2
Blood 758 0 4 2
Crx 690 9 6 2
Diabetes 768 0 8 2
Hepatitis 155 188 1 2
Hypo 2800 1 24 2
Labor 57 8 8 2
Musk 6598 0 168 2
Sick 3772 22 7 2
Titanic 3772 22 7 2
Vote 435 16 0 2

TABLE 7.2: Data description

The metrics including both the accuracy and explanation reliability are evaluated us-
ing 10-fold cross validation.
Benchmark methods. We evaluate the following methods: xPWL - Explanation-based
partition-wise linear models; PWL - Partition-wise linear models; LR - Logistic regres-
sion; LR-PCA - Logistic regression with PCA pre-processing; MLP - Multilayer per-
ception; RF - . Random forest. For black-box classifiers MLP and RF, the explanations
are provided by LIME. As the traditional methods are not able to work with the expert
explanations, we also evaluate the baselines in a way such that the expert explanations can
be used. As used in (Ribeiro, Singh, and Guestrin, 2016c), a pre-processing procedure,
which deletes the features (sets the feature values as missing) that are not considered as
important in the expert explanation for a training instance, can be employed for traditional
classifiers to utilize the expert explanations. The baselines with such procedure are de-
noted by the “*” symbol (e.g., RF* denotes that a random forest is trained with the expert
explanations).

7.6.2 Evaluation

Experiments on explanations from decision trees. In this test, we evaluate the perfor-
mance of the proposed method with benchmark methods on datasets where the expert
explanations are extracted from decision trees. For each UCI dataset, a decision tree is
trained on the dataset and then all instances are re-labeled using the decision tree, together
with the explanations for the instances. Note that a feature is considered important if it oc-
curs in the prediction path from the root to the leaf of the decision tree given an instance,
and expert explanations for all training instances are generated.

The accuracy results are shown in Table 8.6 and reliability results are shown in Table
8.5. It can be seen that xPWL achieves a large improvement in terms of reliability com-
pared with the baselines, as it wins in all tested datasets. In terms of accuracy, XPWL is
still able to achieve competitive performance. Therefore the experimental results suggest
that xPWL is able to make accurate and reliable predictions.

Experiments on UCI data with noisy features. In this test, we randomly add 50% noisy
numeric features to each original UCI dataset, then treat the original features as expert
explanations. For example, the Balloon dataset contains four features - age, act, color,
size, and we add two numeric features - 11,71, with randomly assigned values, then the
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expert explanation for all instances is (1,1,1,1,0,0), where the 1s represent the original
features. Full expert explanations for training data are used.

The accuracy results are shown in Table 8.8 and reliability results are shown in Table
8.7. For the case where expert explanations consist of non-noisy features, xPWL achieves
competitive performance in terms of accuracy. Moreover, XPWL wins in 10 out of 12
datasets in terms of reliability. It is worth pointing out that though PCA is known to
behave well in datasets with noisy features, xPWL is still able to outperform PCA.
Impact of . « manages the balance between accuracy and reliability. The evaluations
when varying « are shown in Figure 7.2. The results suggest that the accuracy slowly
decreases as « increases and becomes stable or better when « is greater than 10, while
the reliability increases as a increases until & = 10 and decreases when alpha > 10. In
general, it is good to set a in the range of [0, 1], and it achieves the best results on average
when « = 0.5.
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FIGURE 7.2: Impact of a. X-axis represents & and y-axis represents
accuracy (left) and reliability (right).

Impact of minSupp. In this part, we investigate the impact of the main parameter in
pattern based methods: minSupp. The impact of minSupp on accuracy and reliability
is shown in Figure 7.3, where the overall performance in terms of both accuracy and
reliability is stable at first (the value of minSupp depends on the specific dataset) and
then decreases with minSupp increasing. The results suggest that it is reasonable to set
minSupp in the range of [0.1,0.2].
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FIGURE 7.3: Impact of size of minSupp. X-axis represents minSupp
and y-axis represents accuracy (left) and reliability (right).

Impact of level of expert supervision. The performance results (in the scenario where
the expert explanations are from decision trees, and the trend is similar in the other sce-
nario) when varying the level of expert supervision from 0% to 100% with steps of 20%
are reported in Figure 7.4, i.e., 20% of expert supervision denotes that 20% of the training
instances are provided with expert explanations for learning. The results suggest that the
accuracy is stable when varying the level of expert supervision. The reliability increases
and becomes stable when the expert supervision is 20% and above, which suggests that
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providing a small fraction (20% in this case) of the training instances with expert super-
vision is sufficient to train xXPWL to make reliable predictions.

Accuracy and reliability. It can be seen from the experimental results that the accuracy
and the reliability do not necessarily contradict with each other. xPWL is able to improve
the reliability using expert supervision without jeopardizing the accuracy, while tradi-
tional classifiers focus solely on accuracy, and are not able to work with such information
during the training process.
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FIGURE 7.4: Impact of level of expert supervision. X-axis represents
percentage of expert supervision and y-axis represents accuracy (left) and
reliability (right).

7.7 Conclusion

This chapter proposes explanation-based partition-wise linear models (xPWL) that im-
prove the ability to involve explanations in the training process, in order to make reliable
predictions. By taking a small level of expert supervision as extra information, xPWL
is able to achieve high reliability as well as high accuracy. The experimental results
show that with less than 20% of expert supervision, xPWL is able to consistently achieve
more than 80% reliability, while the accuracy is as good as the baselines. xPWL is a
new promising interpretable model for scenarios (e.g., medical diagnosis, criminal anal-
ysis and marketing) where interpretablity is desired (explanations are required), and high
reliability of explanations is as important as high accuracy. We also expect that the ef-
fectiveness of this type of model will encourage the collection of data explanations when
possible.

The mainly limitation of xPWL is that while the expert explanation may increase the
reliability of the prediction, it also may constrain the model towards “well-known” rules,
making more difficult the discovery of new relationships among variables.
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Reliability
Proposed | Baselines without expert explanations Baselines with expert explanations
Dataset xPWL | PWL | LR | LR-PCA | MLP | RF | PWL* | LR* | LR-PCA* | MLP* | RF*
Adult 0.92 0.58 | 0.48 0.55 0.61 | 0.67 | 0.54 | 0.51 0.53 0.63 | 0.71
Balloon 1.00 0.68 | 1.00 0.67 0.67 | 0.67 | 0.60 | 0.00 0.66 0.67 | 0.67
Blood 0.89 0.59 | 0.59 0.71 0.83 |1 089 | 051 | 0.62 0.71 0.78 | 0.89
Crx 0.91 0.63 | 0.34 0.39 041 | 053 | 059 | 034 0.38 048 | 0.53

Diabetes 0.88 0.63 | 0.58 0.35 0.60 | 0.66 | 0.54 | 0.49 0.63 0.35 | 0.69
Hepatitis 0.86 0.22 | 0.23 0.17 0.25 | 0.08 | 035 | 0.11 0.24 0.04 | 0.61

Hypo 0.93 0.10 | 0.48 0.01 048 | 0.01 | 0.25 | 0.00 0.01 0.14 | 0.18
Labor 0.84 0.17 | 0.20 0.28 0.03 1 029 | 0.69 | 0.55 0.16 043 | 0.75
Musk 0.93 0.37 | 0.46 0.47 0.68 | 0.52 | 034 | 0.37 0.42 0.63 | 0.52
Sick 0.85 0.45 | 0.49 0.51 0.59 | 033 | 043 | 0.49 0.54 0.59 | 0.75
Titanic 0.81 0.48 | 0.58 0.35 0.12 | 0.56 | 047 | 0.39 0.44 020 | 0.72
Vote 0.95 0.19 | 0.35 0.17 0.10 | 0.61 | 0.17 | 0.39 0.20 0.34 | 0.74

TABLE 7.4: Reliability results where expert explanations come from decision trees (with the best values in bold). xXPWL - our proposed method;
PWL - Partition-wise linear models; LR - Logistic regression; LR-PCA - LR with PCA pre-processing; MLP - Multilayer perception; RF - Random
forest. “*” denotes that the corresponding method is trained with expert explanations
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Reliability
Proposed | Baselines without expert explanations Baselines with expert explanations
Dataset xPWL | PWL | LR | LR-PCA | MLP | RF | PWL* | LR* | LR-PCA* | MLP* | RF*
Adult 0.85 0.49 | 0.58 0.65 0.53 | 0.71 | 0.61 | 0.68 0.71 0.61 | 0.73
Balloon 0.96 0.78 | 0.57 0.89 0.72 1 040 | 048 | 0.67 0.80 0.40 | 0.40
Blood 0.98 0.73 | 091 0.80 0.70 | 0.54 | 0.89 | 1.00 0.80 0.71 | 0.61
Crx 0.72 023 | 0.14 0.17 032 | 042 | 023 | 0.19 0.28 0.36 | 042

Diabetes 0.83 0.74 | 0.75 0.80 0.77 | 040 | 094 | 0.86 0.80 0.58 | 0.43
Hepatitis 0.74 0.58 | 0.40 0.50 032 | 0.01 | 0.64 | 0.35 0.60 0.10 | 0.01

Hypo 0.64 0.57 | 0.17 0.36 0.11 | 0.00 | 0.29 | 0.11 0.54 0.04 | 0.00
Labor 0.75 0.68 | 0.38 0.59 0.11 | 0.01 | 0.52 | 0.47 0.65 0.02 | 0.01
Musk 0.82 0.57 | 0.59 0.48 042 | 0.61 | 0.60 | 0.71 0.51 042 | 0.69
Sick 0.91 0.65 | 0.48 0.43 052 | 049 | 0.64 | 0.59 0.53 0.56 | 0.67
Titanic 0.45 0.32 | 0.27 0.22 0.20 | 0.20 | 0.27 | 0.37 0.19 027 | 021
Vote 0.90 0.86 | 0.43 0.43 0.34 | 0.09 | 0.88 | 0.61 0.41 0.05 | 0.09

TABLE 7.6: Reliability results where expert explanations come from non-noisy features (with the best values in bold). xXPWL - our proposed method;
PWL - Partition-wise linear models; LR - Logistic regression; LR-PCA - LR with PCA pre-processing; MLP - Multilayer perception; RF - Random
forest. “*” denotes that the corresponding method is trained with expert explanations
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Chapter 8

Joint Learning for Classification and
Pattern Based Explanations

8.1 Introduction

Traditional classifiers such as decision trees and linear models that are of good inter-
pretability often suffer from low prediction accuracy. On the contrary, modern classifiers
such as SVMs and deep neural networks (DNNs) that have good prediction performance
are often difficult for humans to understand the reasoning logic associated with their pre-
dictions. Therefore, techniques that can address both accuracy and interpretability are crit-
ical for advanced and interpretable machine learning. In this chapter, we propose a neural
network based framework (named ExplNet) to simultaneously learn classification and ex-
planations. ExplNet is a multi-task learning framework that is trained jointly with class
labels (for classification) and pattern-based explanations (for interpretability) with two
different subnetworks on top of a shared base network. The explanation subnetwork pro-
vides explanations for the network’s prediction at the classification subnetwork. Contrast
patterns are used to train the explanation subnetwork to output a human-understandable
logical pattern at each of its output unit. We empirically show, on a range of bench-
mark datasets, that ExplNet is able to achieve superior interpretability with comparable
accuracy to classification-only classifiers. We also demonstrate that contrast patterns are a
good choice for explanations when ground truth explanations are not available, a common
scenario for real-world applications.

The lack of interpretability for state-of-the-art black-box classifiers is an important is-
sue for their deployment. Traditional classifiers suffer from a trade-off between accuracy
and interpretability, such that interpretable models (e.g., decision trees, linear models)
usually achieve poor accuracy, while black-box models (e.g., SVMs, neural networks)
make it difficult for humans to understand their logical reasoning. Thus, we require tech-
niques that can improve interpretability without sacrificing accuracy. In this chapter, we
propose a neural network (called ExplNet) based on a multi-task learning framework that
is trained jointly with class labels and explanation units, and is able to provide expla-
nations as outputs. ExplNet has two separate layers (explanation layer and label layer)
following the shared layers, and the loss function is a weighted summation over the loss
functions for the two layers. The outputs for the explanation layer are the explanation
units where every unit represents a human-understandable logical pattern. Due to the
difficulty of collecting the explanation units in practice, we also propose a method that
uses contrast patterns as the estimation of the explanation units. Our experiments show
that ExplNet is able to achieve superior interpretability and comparable accuracy when
compared with several baseline classifiers, and that contrast patterns are a good choice for
explanation units when ground truth explanations are not available.

Recently, several techniques have been proposed to improve the interpretability of
black-box classifiers by extracting model-agnostic explanations (Ribeiro, Singh, and Guestrin,



118 Chapter 8. Joint Learning for Classification and Pattern Based Explanations

2016b) (Henelius et al., 2014) (Robnik—gikonja and Kononenko, 2008) (Ribeiro, Singh,
and Guestrin, 2016¢) (Ribeiro, Singh, and Guestrin, 2018). With these extracted expla-
nations, human decision-makers can gain insight into the classifier, particularly in regard
to feature importance and how the predictions are made. These explanations are often
compared with expert knowledge or some ground truth, and we call a prediction to be re-
liable if its explanation agrees with the expert ground truth. The reliability of a prediction
can be as important as its accuracy, especially in domains where decisions that are based
on the predictions might have severe consequences, for instance, in medical analysis and
criminal investigations.

High Accuracy Low Accuracy
High Reliability Users are most satisfied. The logic of the model might
be wrong.
Low Reliability The prediction could be un- | Model’s prediction is not
trustworthy. useful.

TABLE 8.1: Four scenarios on how reliability and accuracy of a predic-
tion could influence a decision making process.

In Table 8.1, we list four possible scenarios on how the reliability and accuracy of a
prediction could influence a decision making process. It is desirable that a prediction is
both accurate and reliable, that is, the prediction is correct and its explanation matches the
domain knowledge. If an explanation is of poor quality, then the prediction is no better
than a random guess as the logical reasoning behind the model could be misinterpreted. A
toy dataset that can help explain this point in more detail can be found in Table 8.2. There
are three features: person (who is blowing up a balloon), color (the color of the balloon),
pressure (how much pressure is used to blow up the balloon), and two classes indicating
whether the balloon will “burst” or not. According to human knowledge, pressure is
probably the most reasonable explanation for the future status of a balloon, whilst color
and person may be irrelevant features. In practice, a classifier might conceivably make
its decisions based on the “person”, which somehow relates to the “pressure” (e.g., a
person who has large lung capacity can produce large pressure). Then, the explanation
for a test instance might be: “the balloon explodes because it is John who is blowing",
which is an unreliable prediction even though it is correct. In contrast, if another classifier
learns to make decisions based on the “pressure”, then its predictions are reliable, since
the explanation is consistent with the domain knowledge.

Person Color Pressure | Bursts

John red high Y
John blue  medium Y
Jack red low N
Jack blue medium N

TABLE 8.2: A toy dataset about a person blowing a balloon.

Explanations improve model interpretability, but they are not directly addressed or in-
tegrated in standard machine learning models. Modern classifiers are often designed and
trained specifically to make accurate predictions and not reliable/interpretable predictions.
In this chapter, we attempt to close this gap, and answer the question: how can one train
a model to make both accurate and reliable predictions? Our intuition is that this can be
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addressed by multitask learning of two objectives, with one objective to learn a good clas-
sifier and the other objective to learn a good explainer. In this case of multi-task learning,
the two objectives, i.e., learning explanations and learning class labels, are highly corre-
lated. Therefore, we propose a neural network based approach with two subnetworks that
learn jointly from a shared base network. One subnetwork is a classification subnetwork
that takes inputs from the base network and outputs class probabilities, while the other
subnetwork is an explanation network that also takes inputs from the base network but
outputs their explanations. We denote our framework as ExplNet. Moreover, we propose
to use patterns as explanations and further design the explanation subnetwork to output a
human-understandable pattern at each of its output units.

Specifically, we propose an explanation loss function for explanation reliability, and
combine it with the traditional classification loss to train the ExplNet model. The over-
all loss function of ExplNet is a Lagrange function of the two losses with a balancing
Lagrange multiplier. The explanation loss can be regarded as a form of regularization
that can help ease overfitting to class labels and focus more on interpretable patterns. To
address the challenge that ground truth explanations are not always obtainable, we pro-
pose, alternatively, to use contrast patterns that are generated from the training data as
explanations. Our main contributions are:

e We propose a novel neural network based framework, namely ExplNet, to learn
simultaneously for classification and explanations in a multi-task learning scheme.

e ExplNet exploits contrast patterns as explanations for scenarios where expert knowl-
edge is not available.

e We find that learning explanations and learning class labels are complementary
tasks, and they can work jointly to improve each other under appropriate settings.

e We empirically show, on a range of benchmark datasets, that ExplNet can pro-
vide reasonable explanations and reliable predictions, with comparable accuracy to
classification-only models.

8.2 Related Work

8.2.1 Multi-task learning

In machine learning, a typical classification task is to optimize a single classification ob-
jective, and the model is usually fine-tuned until the objective function reaches an opti-
mum. During this learning process, useful information that helps better explain the model
can be easily ignored, as such information may not be included explicitly in the classifica-
tion objective but rather exists in some other related tasks. By sharing the basic represen-
tations between related tasks, multiple tasks can be jointly learned to achieve better per-
formance than learn individually. These methods are called multi-task learning (MTL).
Multi-task learning has been used successfully in many applications of machine learn-
ing, from natural language processing (Collobert and Weston, 2008), speech recognition
(Deng, Hinton, and Kingsbury, 2013), computer vision (Salvador et al., 2016) and drug
discovery (Ramsundar et al., 2015). MTL comes in many forms such as joint learning,
learning to learn, and learning with auxiliary tasks. Generally, MTL is to optimize more
than one loss functions at the same time, and we are effectively performing multi-task
learning (in contrast to single-task learning). In this chapter, we will exploit multi-task
learning to learn classification and explanations at the same time.
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8.3 Our Proposed Framework - ExplNet

X=»L; . Ly

FIGURE 8.1: An overview of ExplNet structure. x is the input instance,

Lq,...,L, are n shared fully connected layers, LEq, ..., LE,, are m sep-

arate layers for explanation units e, ey, ...,ek, and LLq,...,LL; are k
separate layers for class labels cq, ..., cp,

Overall
Loss

8.3.1 Explanation unit.

The explanation units for the prediction of an instance x is defined as a binary vector
(e1,€2,...,ex), where e; € {0,1} and K is the number of explanations. Each unit repre-
sents a human-understandable explanation, and we adopt patterns as the representation of
the explanation unit. Given a pattern set { p1, p2, ..., Px }. an explanation (ey, ez, . .., ex)
for a prediction means that pattern p; is one of the logical explanations for the prediction
if e; = 1. If ¢; = 0 then p; is not an explanation for the prediction.

8.3.2 Overview

We employ hard parameter sharing Ruder, 2017 for multi-task learning (MTL) in Ex-
pINet, which is one commonly used strategy for MTL with neural networks. The input
is first fed into a shared base network with multiple hidden layers, then the outputs of
the shared base network are passed into several task-specific subnetworks. The high level
structure of ExplNet is shown in Figure 8.1. The input layer is followed by n fully con-
nected shared layers L, ..., L,, then the last shared layer is connected to two separate
subnetworks: LE, ..., LE,, for the explanation learning task, and LL, ..., LL; for the
classification learning task. The explanation units eq, o, ..., ex are the outputs of layer
LE,, and the class labels (or probabilities) cy, . . ., ¢ are the outputs of layer LLy.

8.3.3 ExplNet

For ExpINet, we define the following notation: 7;; denotes the jth node in the L;-th
shared layer; ne;; denotes the jth node in the explanation subnetwork layer LE;; nl;;
denotes the jth node in the classification subnetwork layer LL;; W denotes the weight
matrix in the shared layers such that Wjj, denotes the weight for the connection from the
jth node in L; and the oth node in L; 1,7 = 0,1,...,n — 1 and Ly is the input layer; U
denotes the weight matrix in the explanation layers such that Ujj, denotes the weight for
the connection from the jth node in LE; and the oth node in LE; 4,7 = 0,1,...,m, in
particular LEyg = L, is the last shared layer and LE,, is the explanation output layer;
V denotes the weight matrix in the class learning layers such that V;;, denotes the weight
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for the connection from the jth node in LL; and the oth node in LL;1,i = 0,1,...,k, in
particular LLg = L, is the last shared layer and LLq is the class label output.

We use the sigmoid function as the activation function for all nodes (the exploration
of different activation functions is out of the scope of this thesis, and the sigmoid function
is sufficient to demonstrate the purpose of our method), such that the value of the oth node
in the shared layer L; is defined as:

Yio = (1+ e LiWiiorvicij) =1 (8.1)

where ZJ ijo * Yi—1,; 18 the weighed sum of the input connections from the previous
layer. We can similarly define ye; ,, the value of oth node in the explanation layer LE; and
yl; ,, the value of the oth node in the classification label layer LL;.

Given N input instances X = (x1, X2, ..., xy) with true labels T = (t1,t2,...,tN)
where t; = (ti1,ti2,...,t 1), and expert explanations S = (s1,52,...,5N) wWhere S; =
(Si1,Si2,---,Sik), then the loss function for ExplNet is defined as:

L(X,T,S) = Lace(X, T) + &Loxpi (X, S), (8.2)

where L, is the loss function for the accuracy layer output (¢1,...,cr), Lexpl is the loss
function for explanation layer output (ey, ey, . .., ex), and « is the Lagrange multiplier for
Leypr- We adopt the most commonly used loss function, cross entropy, for the classifica-
tion loss L;ec:

1 L
Ztl log(px,, C] (8.3)
j=1

Mz

Loee (X, T)

Il
—_

Z

where p i is the score on node Cj for x; (the predicted probability that x; is of class cj)-
The loss function for explanations is defined as the average binary cross entropy over
all explanation units:

L
Lexpi (X, S) (sijlog(px,,
exp 1:1 ]:1 Z] Xi 6] (84)

+ (1 - Si,j) log( - pxirej))’
where py, ¢ is the score on node e; for x; (the prediction probability that explanation unit

e is activated).
The overall loss function is defined as:

1 N L
L(X,S,E) = “NL thklog Pxic;)
) (8.5)
+a Z(sz]log(pxl e;) T (1 —s;j)log(1— Pex,,ej)))

I
—_

j

Standard stochastic gradient descent (GSD) with Adam optimizer (Kingma and Ba, 2014)
is applied to train ExplNet.

8.3.4 Contrast patterns as explanations

Ideally, the expert explanations for training should be provided by experts or extracted
based on domain knowledge. However, due to the difficulty of collecting such informa-
tion, there might be situations where ground truth expert explanations are not available. To
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handle these situations, we propose to extract contrast patterns directly from the training
data as the expert explanations.

The algorithm is described in Algorithm 11. It works with five parameters: (1) training
instances X = {x1,x2,...,xN}; (2) true class labels T = {t1,f5,...,tn}; (3) Lagrange
multiplier «; (4) support threshold minSupp; and (5) growth ratio threshold minRatio. In
particular, minSupp and minRatio are parameters for contrast pattern mining. The first
step is to extract contrast patterns from the training data. Then the explanation units S for
all the instances are constructed based on the contrast patterns extracted, such that every
contrast pattern p represents the meaning of an explanation unit, and it is 1 if an instance
x matches the corresponding contrast pattern. After the explanation units for all training
instances are ready, X, T and S are used as inputs to train ExplNet by minimizing Eq.
(8.2). The contrast patterns are only generated at training time and they are not needed
for testing.

We adopt a random forest based pattern mining method Shang et al., 2016 to generate
contrast patterns due to its efficiency. For multi-class scenario, the contrast patterns for
each class is generated in a One-vs-the-Rest manner. There also exist other techniques
for contrast pattern mining, such as GcGrowth Li et al., 2005, subgroup discovery Atz-
mueller, 2015 and exceptional model mining Duivesteijn, Feelders, and Knobbe, 2016.
We refer readers to Dong and Bailey, 2012 for further discussion about contrast patterns.

Algorithm 11: Learning process of ExplNet with contrast pattern explanation

units
Input: X = {x1,x2,...,xn}, T = {t1, t2, ..., tn }.x,minSupp, minRatio
Output: ExplNet, represented by the weight matrix

1 DP = miningPatterns_DPclass(X,T);

2 Select contrast patterns CP by filtering DP using minSupp, minRatio.;

3 K=|CP[;

4 S={};

5 for x; € X do

6 | Si= (811,82 - ,5K)s
7 for;=0,1,...,Kdo
8 if x; matches p; € CP then
9 ‘ Si,j =1
10 end
11 else
12 | sij=0
13 end
14 end
15 adds; to S
16 end

17 For any instance x;, use s; as the true explanation units for x;, together with label
t;. Train ExplINet by solving Eq (8.2) with E = {Eq, Ep,...,Exn}, X, T and a.;
18 return ExplNet;

8.3.5 Motivation example

We introduce an example to show the effectiveness of ExplNet. Consider the Titanic
dataset! of 29 features, where the goal is to predict whether a passenger would survive

Thttp://web.stanford.edu/class/archive/cs/cs109/cs109.1166/problem12.html
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or not. Assume that one possible explanation for a prediction is that: “if a passenger is
female and the passenger class is 3, then the passenger can survive". We compare two neu-
ral networks: ExplNet and a classification-only neural network (NN) with the explanation
subnetwork removed from ExpINet. For instances of passenger information ‘female=1’
and ’passengerClass=3’, ExplNet achieves 99% accuracy, much higher compared to the
91% of the classification-only NN. This implies that, with proper supervision of the ex-
pert explanation, the process of learning explanations can boost the accuracy of the final
classifier.

8.4 Experiments

In this section, we evaluate and discuss the performance of ExplNet with several baselines
in different scenarios.

8.4.1 Datasets

We conduct the experiments using UCI datasets and the Titanic datasets that are described
in Table 8.3.

Dataset #inst | #nomAttr | #numAttr | #classes
Adult 48842 8 6 2
Balloon 16 4 0 2
Blood 758 0 4 2
Breast-cancer 596 8 0 2
Diabetes 768 0 8 2
Magic 19020 0 11 2
Musk 6598 0 168 2
Titanic 3772 22 7 2
Vote 435 16 0 2

#inst - number of instances, #nomAttr - number of nom-
inal attributes, #numAttr - number of numeric attributes,
#classes - number of classes

TABLE 8.3: UCI datasets description.

8.4.2 Baseline methods

We evaluate the following methods: ExplINet - our proposed network where the true
explanations for training are from experts or domain knowledge; ExplNet(CP) - our pro-
posed network where contrast patterns are used as true explanation for training; NN -
Standard neural network without explanation subnetwork; NB - Naive Bayes; AdaBoost
- AdaBoost; SVM - Support vector machine with the RBF kernel; RF - Random forest.

In order to evaluate our approach and the baselines, we need to create a ground truth
for the explanations. To do this we manipulate the datasets by building an interpretable
oracle classifier from the data and relabeling the instances with the classifier, so that the
ground truth explanation is available from the interpretable oracle classifier and can be
used to compute a reliability score.

In order to train ExplNet, we need expert explanations, and this can be accomplished
by either using the ground truth from the oracle classifier (what ExplNet does), or by
mining contrast patterns using the training data (what ExpINet(CP) does).

Considering that traditional methods are not able to work with expert explanations,
we also evaluate the baselines in a way such that the expert explanations can be used.
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The explanation units and class labels are combined together forming a multi-label clas-
sification task where the explanation units are treated as the second type of class label.
We wrap the baseline methods with a One-vs-the-Rest (OvR) classifier such that each
class/explanation unit is represented by one and one classifier only. This is the most com-
monly used strategy for multi-label classification. The baselines with this procedure are
denoted by the “*” symbol (e.g., RF* denotes a random forest model trained with expert
explanations in a multi-label setting).

8.4.3 Experimental settings

Parameter optimization via a nested validation process during the training process is a
common approach for classification tasks, however, it is difficult for explanation systems.
This is mostly due to the fact that true model explanations are always unavailable when
deploying such systems in real-world scenarios. A solution to select the parameters is to
generate a parameter setting using validation datasets whose true model explanations are
available, and then apply the same setting for any new dataset. To simulate such a process,
we apply ExplNet with different parameter settings of three major parameters minSupp,
minRatio and « on four separate UCI datasets (annealing, crx, iris and ILPD, which are
different from those used for evaluation) as validation datasets, then the recommended pa-
rameter settings (minSupp = 0.15, minRatio = 3, « = 1) that achieve the best accuracy
score on average over the validation datasets is used for all the datasets whose results are
reported for comparison and analysis in this section. 10-fold validation is used to evaluate
ExplNet and other baseline methods, and the averaged metric scores are reported.

8.4.4 Metrics

We evaluate two metrics: accuracy and reliability. Accuracy is the percentage of the num-
ber of correct predictions over the number of all the predictions in the test dataset. Given
the true/expert explanation units (ei‘, (S 61*<) and the pattern representations (see Sec-
tion 3) P* = (p3, p3,..., pk). the reliability of the prediction of x with explanation units
(e1,€2,...,e0) and the pattern representations P = (p1, p2,...,po) is defined as the
Jaccard similarity of the triggered pattern sets. Note that if the true/expert explanations
are available, O is equal to K and P is identical to P*; if the true/expert explanations are
not available to the model and contrast patterns are used (see Section 8.3.4), P is different
from P* as P is obtained via pattern mining and P* is pre-defined for evaluation purposes.
Formally, the reliability is defined as:

Reliability(x) = mds(Q") N mds(Q)] (8.6)

|mds(Q*) Umds(Q)|
where Q* C P~ is the pattern set such that p; € P* and e} = 1, and Q is defined similarly
using P. mds(Q) is the union of all matching instances for every g € Q.

For our proposed method, explanations are obtained directly from the output of the
explanation subnetwork. For baseline methods, explanations are generated by LIME
Ribeiro, Singh, and Guestrin, 2016c (with decision trees as the local model) where the
models and their predictions are inputs for LIME and the pattern explanations are ob-
tained from the local decision trees.

8.4.5 Evaluation with expert explanation from a single tree

In this part, we evaluate the proposed method and the baselines in a scenario where ex-
planations are extracted from expert/domain knowledge. We simulate the experts by an
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oracle decision tree classifier, which is a common procedure for testing explanation sys-
tems Ribeiro, Singh, and Guestrin, 2016¢c. For each dataset, an oracle decision tree is
built on the training data, then it is applied to relabel all instances, and the explanations
are obtained from the prediction paths of the decision tree. An explanation unit e is trig-
gered (¢ = 1) when an instance is classified using the corresponding path of the model.
The oracle explanation units for training data are given to the model for learning, while
the oracle explanation units for the test data are used to compare the explanation out-
puts from ExplNet and evaluate the reliability. To simulate the scenario when the expert
explanations are not available, ExplNet with contrast patterns is used.

In this case, there exist K explanation units eq, ey, ..., ex, where each explanation
unit corresponds to a prediction path of the oracle decision tree that has K paths in total.
Among these explanation units, only one explanation can be triggered, since the paths in
a decision tree are exclusive.

The reliability results are reported in Table 8.5, while the accuracy results can be
found in Table 8.6. Overall, ExplNet outperforms other baselines in terms of reliability
across all tested datasets, and it also achieves comparable accuracy results to the baselines
(the average accuracy is 0.05 % less than the best accuracy). In the situations when the
expert explanations are not available, we mine contrast patterns as the explanation units
and it still outperforms other baselines in terms of reliability, while its accuracy is just
2.1% less than the best accuracy of the baselines.

8.4.6 [Evaluation with expert patterns from committee of trees

In this part, we simulate the scenario where expert explanations come from a bag of trees
where the bagging technique is used. A set of trees (a bagging classifier with trees) are
built on each training dataset, then all instances for each dataset are re-labeled by the
classifier, and the explanation units eq, e, . . ., ek are obtained from these trees. Assume
there are m trees and each tree contains K, prediction paths, then K = Y/" K;,, and the
explanation units are the union of the prediction paths of each tree.

Except for the generation process of the expert explanation units, we follow the same
settings and procedures as in the previous example.

The results are reported in Tables 8.7 and 8.8. It can be observed that ExplNet again
outperforms the baselines across all datasets in terms of reliability, and it is able to winin 5
out 9 datasets and achieves the best accuracy on average. Though the metrics with contrast
pattern explanations are lower than the metrics with expert explanations, it again shows
that contrast patterns could be a good choice when expert explanations are not available, as
it still outperforms the baselines in terms of reliability, and achieves comparable accuracy
with the baselines. It can be concluded that ExplNet works well, especially when the
underlying classification logical explanations are complex.

8.4.7 What happens when ExplNet and other models disagree?

It would be interesting to see how the explanation reliability changes when ExpINet and
baseline methods make different predictions. Though it is expected that models make
correct prediction when the explanations are reliable and vice versa, most models fail
to achieve it. In this part, we analyze the scenario when ExplNet disagrees with the
random forest (RF), and similar conclusions can be made for other baseline methods.
For each dataset D, the test instances are divided into two groups D1 and D;, where
D1 contains instances on which ExplNet and RF make the same predictions, while D,
contains instances on which ExplNet and RF make different predictions. We investigate
the reliability and accuracy on D and D; for ExplNet and RF. When ExplNet and RF



Chapter 8. Joint Learning for Classification and Pattern Based Explanations

126

Inputs ExplNet | ExpINet(CP) | NN | NB | AdaBoost | SVM | RF | NN* | NB* | AdaBoost* | SVM* | RF*
instances? Y Y Y Y Y Y Y Y Y Y Y Y
labels? Y Y Y Y Y Y Y Y Y Y Y Y
expert explanations? Y N N N N N N Y Y Y Y Y

TABLE 8.4: Input required for the proposed method and the baselines. “Y” represents “Required” and “N” represents “Not required”. ExplNet -

our proposed network where the explanation units are from the oracle; ExplNet(CP) - our proposed network where the explanation units are from

contrast patterns; NN - Neural network without explanation subnetwork; NB - Naive Bayes; AdaBoost - AdaBoost; SVM - Support vector machine
with RBF kernel; RF - Random forest. “*” denotes models trained with expert explanations in a multi-label setting.
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agree on predictions from Dj, ExplNet can achieve 95% accuracy on average compared
to 96% for RF, and the reliability is 0.95 and 0.43 for ExpINet and RF respectively. When
ExplINet and RF disagree on group D;, ExplNet can achieve 12% accuracy on average
compared with that of 13% for RF, and the reliability is 0.12 and 0.28 for ExplNet and RF
respectively. The results suggest that ExplNet is more likely to make correct predictions
when the explanations are also reliable and vice versa. While for other baselines such as
random forest, the correlation is less strong.

8.4.8 Impact of

In this part, we investigate the impact of « and analyze the relationship of accuracy and
reliability in the oracle explanation setting (similar trends can be found using contrast
pattern explanations).

We vary the value of & in [107#,1073,1072,1071, 10,10, 10%, 10%, 10%]. The results
for individual datasets are shown in Figure 8.2. The overall trend is that the performance
of both accuracy and reliability increases and then decreases when increasing «. These
results confirm the benefit of our joint learning process: joint learning of explanations and
class labels tends to yield better results than individual learning tasks (a small value of
« approximates the results of the individual learning class label task, while a large value
approximates the results of learning explanations only). One possible reason is that the
hard sharing structure greatly reduces the risk of overfitting, thus when the two tasks are
jointly learned, the proposed model ExplNet is able to find a representation that reduces
the chance of overfitting to the original tasks.

8.5 Conclusion

In this chapter, we studied the problem of simultaneously addressing prediction perfor-
mance and interpretability of classification models, and proposed a neural network based
multi-task learning framework, namely ExplNet, to jointly learn classification and expla-
nations. ExplNet has two subnetworks on top of a shared base network, with one clas-
sification subnetwork and one explanation network. The two subnetworks were trained
jointly with a Lagrange function of a classification loss and an explanation loss. We also
propose to use contrast patterns extracted from the training data as alternative explana-
tions for scenarios where ground truth explanations are not obtainable. We empirically
show that ExplNet can learn both accurate and reliable predictions. ExplNet can be eas-
ily applied to applications where explanations are as important as accuracy for decision
making.
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FIGURE 8.2: Impact of «. The accuracy and reliability results with re-
spect to varying & in [1074,1073,1072,10~1,10°,10', 10%, 103, 10*]



Accuracy(%)
Dataset ExplNet | ExpINet(CP) | NN NB | AdaBoost | SVM | RF NN* | NB* | AdaBoost* | SVM* | RF*
adult 94.7 94.2 947 | 94.7 56.5 56.5 | 95.6 | 95.6 | 87.8 87.8 82.6 | 82.6
blood 94.6 93.2 86.6 | 86.6 86.6 86.6 | 100.0 | 100.0 | 90.0 90.0 99.3 | 99.3
breast-cancer | 100.0 98.1 98.2 | 98.2 100.0 100.0 | 100.0 | 100.0 | 93.1 93.1 93.1 | 913
diabetes 90.2 88.4 86.3 | 86.3 83.1 83.1 | 85.7 | 85.7 | 883 88.3 92.8 | 83.1
ionosphere 91.5 90.5 929 | 929 91.5 915 | 971 | 97.1 | 929 92.9 915 | 943
magic 90.7 86.7 90.8 | 90.8 77.9 779 | 93.2 | 93.2 | 89.6 89.6 84.5 | 839
musk 97.0 95.6 949 | 949 76.5 76.5 | 945 | 945 | 88.7 88.7 849 | 825
titanic 94.4 93.1 87.0 | 87.0 82.5 825 | 91.3 | 91.3 | 913 91.3 88.5 | 88.2
vote 100.0 98.5 100.0 | 100.0 95.4 95.4 | 100.0 | 100.0 | 81.6 81.6 89.6 | 919
average 94.7 93.1 923 | 923 83.3 833 | 95.2 | 95.2 | 89.2 89.2 89.6 | 88.5
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TABLE 8.6: Accuracy results with expert explanations are extracted from decision trees (with the best values in bold). ExpINet - our proposed

network where the explanation units are from the oracle; ExplNet(CP) - our proposed network where the explanation units are from contrast patterns;

NN - Neural network without explanation subnetwork; NB - Naive Bayes; AdaBoost - AdaBoost; SVM - Support vector machine with RBF kernel;
RF - Random forest. “*” denotes models trained with expert explanations in a multi-label setting.
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Accuracy(%)
Dataset ExplNet | ExpINet(CP) | NN | NB | AdaBoost | SVM | RF | NN* | NB* | AdaBoost* | SVM* | RF*
adult 97.3 95.6 08.2 | 98.2 53.9 539 |1 99.1 | 99.1 | 904 90.4 834 | 834
blood 90.6 88.9 84.0 | 84.0 83.3 83.3 | 94.0 | 95.0 | 84.0 84.0 943 | 95.0
breast-cancer 98.2 95.5 96.5 | 96.5 91.3 91.3 | 96.5 | 96.5 | 86.2 86.2 879 | 879
diabetes 94.1 91.3 90.9 | 90.9 88.9 88.9 | 90.2 | 90.2 | 93.5 93.5 86.3 | 86.3
ionosphere 95.7 92.1 97.1 | 971 90.1 90.1 | 943 | 94.3 | 88.7 88.7 87.3 | 929
magic 95.5 914 93.1 | 93.1 79.5 79.5 | 953 ] 953 | 91.8 91.8 84.8 | 85.0
musk 97.6 92.6 96.7 | 96.7 80.5 80.5 | 94.8 | 94.8 | 88.7 94.8 928 | 924
titanic 94.5 914 91.2 ] 90.2 94.2 924 | 93.8 | 924 | 95.9 93.8 95.8 | 91.2
vote 94.8 90.8 9451954 97.4 97.4 | 92.5 | 95.1 | 98.5 94.3 924 | 954
average 95.3 92.2 93.5 | 93.5 84.3 84.1 | 945 | 94.7 | 90.8 90.8 89.4 | 899

TABLE 8.8: Accuracy results where expert explanations come from decision trees (with the best values in bold). ExplNet - our proposed network

where the explanation units are from the oracle; ExplNet(CP) - our proposed network where the explanation units are from contrast patterns; NN -

Neural network without explanation subnetwork; NB - Naive Bayes; AdaBoost - AdaBoost; SVM - Support vector machine with RBF kernel; RF -
Random forest. “*” denotes models trained with expert explanations in a multi-label setting.
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Chapter 9

Conclusion and Future work

9.1 Conclusion

Explainablity of machine learning models can facilitate the successful deployments or
help develop trust of the models in the domains like where the interpretability is desired.
Many complex models like neural networks, random forests are able to achieve the state-
of-the-art accuracy. However, their deployments can be limited due to their nature of
being black boxes. In many cases, machine learning models are used to explain data, or
to generate valuable knowledge. For example, in the business area, the machine learning
models are expected to generate meaningful business knowledge from data, and a business
manager is more likely to accept the recommendations if they are explained in business
terms (Bose and Mahapatra, 2001). This chapter discusses the use of explanations and
their applications in different area.

The main goals of explanations in machine learning models includes: (1) establishing
trust of the predictions of the model, and (2) enabling models to cooperate with expert
explanations to make reliable predictions.

The first goal requires the machine learning models to be able to provide explana-
tions and the second goal requires them to be able to utilize the expert explanations. The
first goal can be achieved by (1) using interpretable models such as decision tree and lin-
ear models, and (2) using model-agnostic methods as interpretable interface to provide
explanations for black-box models.

We achieve the first goal by:

e We propose a pattern based method PALEX (see Chapter 5) to generate explana-
tions for black-box models. Given a model and a query instance being explained,
PALEX first generates a synthetic neighborhood around the query using random
perturbations, then labels the synthetic instances using the model, finally PALEX
mines contrast patterns from the synthetic neighborhood and selects top K patterns
as the final explanations. The experiments show that PALEX is able to achieve high
faithfulness and support multi-explanation scenarios.

e We investigate the crucial process of generating synthetic neighbors for local ex-
planations methods, as different synthetic neighbors can result in explanations of
different quality, and in many cases, the random perturbation does work well. We
analyze the relationship of local intrinsic dimensionality (LID) and the quality of
explanations, and propose a LID based method LEAP (see Chapter 6) to gener-
ate the synthetic neighbors such that the generated synthetic neighbors are more
effective than the ones generated by other baselines.

e For the explanations to be meaningful, the features should also be interpretable.
Some feature transformation methods (e.g., the kernel methods) increase the com-
plexity of the feature, which makes the new features difficult to explain. We also
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present a framework to do interpretable feature engineering using patterns. The
framework consists of three main steps: finding patterns, selecting representative
patterns and transforming original features into new features using pattern based
mapping functions. The new pattern based features are discriminative and inter-
pretable.

The second goal of explanations can be achieved by: (1) using expert explanations
as additional features such that the explanations are used as input features for learning,
but the expert explanations are not required for predicting, (2) using expert explanations
as additional class labels, then the learning problem is transferred to multi-class learning
where there are more than one class label, and (3) using expert explanations to perform
feature engineering or data cleaning.

we achieve the second goal by:

e We propose a pattern based partition-wise linear models method xPWL (see Chap-
ter 7) that can be trained together with expert explanations. xPWL divide the data
space into several partitions, and each partition is represented by a pattern and is
associated with a local linear model. The overall prediction for a query is a linear
combination of the local linear models in the activated partitions. The model is in-
terpretable and is able to work with expert explanations as a loss function in terms
of explanations is part of the ultimate loss function. The results show that xXPWL is
able to make superior reliable predictions and achieve competitive accuracy com-
paring with the baseline methods.

e We then propose a neural network structure (see Chapter 8) that is able to jointly
train the class labels and the explanations where the explanations can be treated as
another label information. We fit a neural network in the framework of multi-task
learning. The neural network starts with a set of shared layers and then split into two
separate layers where one is for class label and the other is for explanations. The
experiments suggest that the proposed method is able to make reliable predictions.

9.2 Future works

9.2.1 Collecting expert explanations

We have shown that a model that can be trained with the expert explanations is able to
make reliable predictions such that the explanations for the predictions of a model match
the expert knowledge or domain information. However, currently the expert explanations
are still not available in practice. In this part, we discuss how to collect the expert expla-
nations in several practical areas where the interpretability is desired.

For example, recommendation systems have been widely used in marketing. Com-
panies like online bookstores, music or video online streaming providers employ the
recommendation systems to analyze the tastes of customers and generate product/item
recommendations to the customers. These systems can pull from reams of nuanced data
in order to reach final results from the behaviors, actions, etc.. As mentioned in (Zhang
and Iyengar, 2002), for recommendation systems, interpretability is a desired character-
istic to be considered in addition to the accuracy, and it can enable marketing analysts to
review and possibly modify the model. Nearest neighbor based methods are used to find
the recommendations based on a customer’s recent action in (Breese, Heckerman, and
Kadie, 1998). Generalized linear models like logistic regression are also widely used to
generate the recommendations are they are interpretable Cheng et al., 2016.
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Expert explanations can be obtained via customer feedback or customer survey where
the users are asked to provide information about what features are important for them.
For example, when successfully recommending a video to a user, the user can be asked
what features of the recommendation are considered.

The customers can also be provided with several explanation candidates and select
the most accurate one. These candidates can be generated with explanation methods that
support multi-explanation scenario such as PALEX.

In medical scenarios, the expert explanations in healthcare can be found from medical
documents such as a doctor’s report or any other form of diagnosis report. Then text
mining techniques can be used to extract the expert explanations in required forms.

9.2.2 Using explanations to improve predictive accuracy

The explanations for the predictions of a model can reveal that logical flaw of the model if
the explanation does not match the domain knowledge. An example is shown in (Ribeiro,
Singh, and Guestrin, 2016c) where a model is trained to predict whether a given image
is “husky” or “wolf”, and the explanation for a prediction is “because the background is
snow”, which ignores the animal in the image.

A natural question is how to correct the logical flaw of machine learning models and
consequently improve the models’ accuracy. Due to the limited availability of explana-
tions for the models, few research has been conducted in this direction. However, with
the field of explainable machine learning continuing to mature, this could be a promising
direction to improve the accuracy of machine learning models using the explanations, and
eventually lead to successful deployment of the models in real-life applications.
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