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ABSTRACT
Classifier explanations have been identified as a crucial component
of knowledge discovery. 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 intrinsic 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.
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INTRODUCTION

There has been growing interest in interpretability of data mining
algorithms. One important aspect of interpretability is to provide
explanations for the predictions of a model. Explanations reveal
the logical reasons why a model makes such predictions. There are
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four scenarios where the explanations are useful: (1) they are used
as complementary information to the corresponding predictions
and give users greater confidence to accept/reject the predictions;
(2) they reveal logical errors and help to improve a model; (3) they
provide scientific insights/hypotheses; (4) they may be required by
law [11].
For white-box models that are inherently interpretable (e.g., decision trees, logistic regression and linear models), explanations for
predictions can be inferred from the parameters or model structures.
However, due to the simplicity of these models, they typically are
not able to achieve high prediction accuracy. On the other hand,
complex models (black-box models) like random forests and neural
networks are known for their state-of-the-art accuracy, but are difficult to interpret. Recently, many techniques have been proposed
to provide explanations for the predictions of black-box models. In
particular, we focus on local explanations that are explanations
from the instance-level given a (black-box) model. The usefulness
of local explanations has been shown in many applications [22].
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 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 blackbox 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 labelled by the model. As observed in [17], 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 conducted to improve the quality of explanations by
generating neighbor instances of good quality [8]. 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

instance from its neighborhood in the training data, to study the
difficulty 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 1). Based on this
observation, we propose a new approach for generating neighbor
instances of high quality. The contributions of our paper include:
(a) XOR dataset and the
classification boundary
(in solid lines)

• We investigate the importance of the generation of an appropriate neighborhood for local explanation methods.
• We analyze the relationship between local intrinsic dimensionality (LID) and the quality of explanations.
• We propose an effective neighbor generation method based
on LID, that facilitates local explanations of high quality.

(b) the test instance and
its nearest neighbors
in the training data,
LID=1.54
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(c) ‘good’ neighbors with
LID=1.73

(d) ‘bad’ neighbors with
LID=3.61

Figure 1: Illustration 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’ 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.

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 away
from the true classification boundary (as shown in Figure 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 paper 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 [14], 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 detection [14, 18] to characterize the complexity of the sub-manifold surrounding a test instance. In this paper,
we analyze the average LID of the synthetic neighbors of a test

RELATED WORK

Global explanations. Many works that focus on explanations aim to
provide explanations at the model level [20]. They typically train
an interpretable model (e.g., pattern/rule based models) to mimic
the behavior of a black-box classifier. Craven and Shavlik [6] train
decision trees and Kurfess [16] extracts classification patterns to
approximate neural networks, where the training data is relabelled
by the (black-box) neural network. Decision trees or classification
patterns are then learned from the new training data. Barakat and
Diederich [5], Fung et al. [9] and Martens et al. [19] apply the same
technique to provide explanations for SVMs. Instead of interpreting
the behavior of the whole classifier, SCaPE [7] uses patterns to
explain why a classifier is likely to make incorrect predictions
on a certain subgroup of the data. GoldenEye++ [13] explains a
classifier from the view of interacting attributes, by grouping those
attributes that are exploited by the classifier. However, as pointed
out in [22], global fidelity does not imply local fidelity — features
that are important at the model level are not necessarily important
at the instance level.
Local explanations. Recently, many methods have been proposed to
provide instance-level local explanations for individual predictions.
Robnik-Šikonja and Kononenko [24], Henelius et al. [12] and Adler
et al. [1] calculate a weight vector where each entry represents the
predictive power of the corresponding attribute. Parzen window
techniques [4] can be used to estimate the gradient of a given instance with respect to the prediction probability function, which
can then be used as the explanation for its prediction. Wang et al.
[27] similarly apply such techniques on images where the gradient
is an image mask. LIME [22] and its variant aLIME [21, 23] build a
locally interpretable model (a linear model in LIME, and patterns
in aLIME) in the newly generated neighborhood of a test instance;
the local model is then used as the local explanation. In both LIME
and aLIME, random perturbation is used to generate the neighbors; however, Fong and Vedaldi [8] also propose a meaningful
perturbation method for use with image datasets.
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 neighborhood 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

[22] employs a random perturbation 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 [8], 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 require 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 [17], a nearest
neighborhood (NN) based perturbation method is proposed 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 important 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) [10]
and its variations. In FGSM, an adversarial example x ′ of a given
instance x is computed by x ′ = x + ϵ · sign(∆д(x)), where ∆д(x)
is the gradient of the cost function of the model at x, and ϵ 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.
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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:
LIDF (r ) := r

(1)

whenever the limit exists. The (asymptotic) LID of F is then:
LID∗F = lim LIDF (r ).
r →0+

(2)

For our scenario, LID is computed with respect to the location
of a given instance q, and r represents a radial distance from q. The
LID model characterizes the order of magnitude of the growth of
cumulative probability measure F with respect to a neighborhood
of increasing radius. As it assesses the intrinsic dimensionality
of the local data submanifold around the instance q, it serves to
characterize the complexity (number of parameters) required by
the local data model.
Several estimators exist for calculating the local intrinsic dimensionality [2, 3]. We use the maximum likelihood estimation (MLE)
in our experiments as it is known to have good convergence 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 )) = −

PRELIMINARIES

We next introduce some important concepts that will be needed.
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 = {e 1 , e 2 , . . . , e D }, where ei ∈ R.
In a numeric explanation, every entry indicates the contribution of the corresponding feature. The higher ei 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 = {e 1 , e 2 , . . . , e D }, where ei ∈ {0, 1}.
In a binary explanation, the values of the entries simply indicate
whether the corresponding 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 local 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 within the tree may be important in a global

F ′ (r )
F ((1 + ϵ )r ) − F (r )
= lim
,
F (r ) ϵ →0+
ϵ F (r )



k −1
r j (x )  −1
1 Õ
log
k − 1 j=1
r k (x )

(3)

where r j (x) is the distance (the Euclidean distance is used in our
paper) 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 themselves.
Information dimension: Given a set of instances {x 1 , . . . , x N },
Í
we may also compute the quantity N1 i LID(x i , Nei(x i )). This characterizes the overall intrinsic dimensionality of the manifold occupied by {x 1 , . . . , x n }. In [25], 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).

4 PROPOSED METHOD
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 paper investigates the impact
of the generation of the neighbors in the first step.

4.2

Local perturbation operators

A perturbation operator is used to generate neighbors and is a map
P : RD 7→ RD , given a D-dimensional instance x. It is formally
defined as:
x ′ = P(x, η) = x + η

(4)

where η 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 η is drawn.
A simple but useful operator is the random Gaussian perturbation that is used in LIME [22]:
P(x, η) = x + η, η ∼ N(0, 1)

(5)

where N denotes the normal distribution from which η is drawn.
If the data is not normalized to the range of [0, 1], η 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 [10] is:
P(x, η) = x + η, η = ϵ · sign(∆д(x))

(6)

where ∆д(x) is the gradient of the cost function at the test instance
x and ϵ is the magnitude of perturbation.
Recently, a nearest neighbor (NN) based method was proposed
in [17]. It first finds the nearest instance xc of the given test instance x in the training data such that f (x) , f (xc ), where f is the
prediction model. The perturbation is then
P(x, η) = x + η, η ∼ Unif (range(x))
s.t. dist(x, P(x, η)) ≤ dist(x, xc )

−

Given a black-box model f and an instance x, the target of learning
the local explanation is to find a local model д from a hypothesis
set G in the neighborhood of x. The process can be formulated as:
m
1 Õ
L(д(x i ), f (x i )) + α R(д)
minimize
д ∈ G,x i =P (x,η i ) m
(8)
i=1
Locality_Constraint(x i ), i = 1, . . . , m.

where L is the loss function, R(д) is an interpretability regularization term to ensure that the chosen д is interpretable, α is the regularization rate, P(x, η) is the local perturbation operator that generates the synthetic neighborhood of x, and Locality_Constraint(x i )
is a constraint on the generated neighborhood to ensure locality
fidelity of the local explanations.
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 [8, 22, 23], 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 therefore 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 instances) surrounding a test instance (single
instance). Given a model f and a test instance x, assume there

Õ

LID(x i , Nei∗ (x i ))

x i ∈Neis (x )

1
|Nei∗ (x ) |

Õ

LID(x j , Nei∗ (x j )) |

(9)

x j ∈Nei∗ (x )

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 development of tight
estimators of LID [3]). Under this assumption, we can approxiÍ
mate |Nei1∗ (x )| x j ∈Nei∗ (x ) LID(x j , Nei∗ (x j )) by LID(x, Nei∗ (x)). The
divergence becomes:
divg(Neis (x ), Nei∗ (x )) ≈ |

1
|Neis (x ) |

Õ

LID(x i , Nei∗ (x i ))
(10)

x i ∈Neis (x )
∗

− LID(x, Nei (x )) |

As Nei∗ (x) is unknown, we approximate it using the k nearest
neighbors of x in the training data, which is denoted as Neik (x).
Then the empirical divergence is:
divg(Neis (x ), Nei∗ (x )) ≈ |

Learning local explanations

subject to

1
|Neis (x ) |

divg(Neis (x ), Nei∗ (x )) = |

(7)

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.

4.3

exists a true neighborhood Nei∗ (x) of x, such that we can train a
local model д that is a perfect local surrogate for f , without incurring an increase in local intrinsic dimensionality. When using
local perturbation operators to generate a synthetic neighborhood
Neis (x), in order to extract a faithful explanation from Neis (x), we
want the LID of Neis (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 [25], or correlation dimension [15]) as an
estimator for the divergence (dissimilarity) of the explanability of
Neis (x) and Nei∗ (x):

1
|Neis (x ) |

Õ

LID(x i , Neik (x i ))

x i ∈Neis (x )

(11)

− LID(x, Neik (x )) |

In the ideal case divg(Neis (x), Nei∗ (x)) is close to 0 and we have:
1
|Neis (x ) |

Õ

LID(x i , Neik (x i )) ≈ LID(x, Neik (x ))

x i ∈Neis (x )

(12)

Now, we can formally refine the optimization problem as:
minimize

д, x i =P (x |η n , f )

m
1 Õ
L(д(x i ), f (x i ))
m i=1

m
1 Õ
LID(x i , Neik (x i )) − LID(x, Neik (x)) ≤ ϵ
m i=1
(13)
where д is chosen from the interpretable model set G ∗ , the term
LID(x i , Neik (x i )) measures the LID of a generated instance x i with
respect to its k nearest neighbors in the training data, and ϵ is a sufficiently small value. Intuitively, the LID constraint checks whether
the LID of the test instance x is sufficiently close to the information
dimension of its generated neighborhood. For a ‘good’ neighborhood, we expect these terms to be very close, as demonstrated in
Figure 1.
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 learning a local subspace of
appropriate local intrinsic dimensionality around x, and applying
random perturbations within this local subspace.

subject to

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 approximating 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 embedding. 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 1. 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.
Output: Z is the set of M generated instances.
Process:
Step 1 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 learning technique
(we use PCA in the experiments, but kernel PCA or LDA are alternative possibilities) using LID(x, Neik (x)) as the target dimensionality
for the embedding.
Step 2 After the local embedding has been found, the given
instance x is then projected to x̂ on the local embedding.
Step 3 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 operator is applied to x̂ to get ẑ 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 ẑ and x̂ as exp(−dist(ẑ, x̂)). These weights can be
optionally used by explanation extraction methods. The pseudo
code can be found in Appendix A.

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).

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.

5.1

Explanation metrics

Given a model f and a D-dimensional instance x, assume e ′ =
′ } is the true model explanation, and e = {e , . . . , e } is
{e 1′ , . . . , e D
1
D
the explanation generated by an explanation system (e.g., LIME).
The quality of e is measured by its closeness to e ′ . Given two representations of explanations, we define the following metrics.
When e, e ′ are numeric explanations, where ei , ei′ ∈ R, the
quality of e, denoted by Q(e |e ′ ), is measured using the cosine similarity:
Q (e |e ′ ) = |cosine_similarity(e |e ′ ) | =

e · e′
|e | |e ′ |

(14)

where e ·e ′ is the dot product of two explanations, and |e | calculates
the l 2 -norm of e.
The closer Q(e |e ′ ) is to 1, the higher the quality of e, and if it is
1 then e and e ′ are parallel.
When e, e ′ are binary explanations, where ei , ei′ ∈ {0, 1},
Q(e |e ′ ) is measured by the F 1 score:
Q (e |e ′ ) =
ÍD

2 ∗ recall(e |e ′ ) ∗ precision(e |e ′ )
recall(e |e ′ ) + precision(e |e ′ )
e i ∗e i′
′ ,
i =1 e i

i =1
where recall(e |e ′ ) = Í
D

(15)

which indicates how many chosen

features (with non-zero explanation values in e) are truly important (with non-zero explanation values in e ′ ), and precision(e |e ′ ) =
ÍD
′
i =1 e i ∗e i
Í
,
D
i =1 e i

which indicates how many truly important features are

chosen in e. Q(e |e ′ ) equals 1 if and only if e and e ′ are identical,
and is less than one otherwise.

5.2

Settings

We conduct our experiments on six synthetic datasets and nine UCI
datasets. The proposed 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 perturbations and local linear models.
Random(N) - Numeric explanation method with random perturbations (Eq. (5)) and linear models, which is the default method
used in LIME.
NN(N) - Numeric explanation method with nearest neighbor
perturbations (Eq. (7)) and local linear models.
Gradient(N) - Numeric explanation method with gradient-based
perturbations (Eq. (6)) and local linear models.
LEAP(B) - Binary explanation method with the proposed local
embedding perturbations and decision trees.
Random(B) - Binary explanation method with random perturbations (Eq. (5)) and decision trees.

NN(B) - Binary explanation method with nearest neighbor perturbations (Eq. (7)) and decision trees.
Gradient(B) - Binary explanation method with gradient-based
perturbations (Eq. (6)) and decision trees. Details about the parameter setting can be found in Appendix B.

The baselines are first compared on the synthetic datasets. We
generate six synthetic datasets using four synthetic functions. The
explanations are directly derived from the synthetic functions such
that the explanation for an instance is the gradient at its closest
point on the classification boundary. Details about the generation
of the synthetic datasets can be found at Appendix C.
The results (Table 1) show that the local explanation method
with LEAP achieves the highest performance across these datasets.

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 explanation 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 explanation 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.
We also demonstrate some synthetic neighborhoods that are
generated by different methods in Figure 3.

5.4

5.6

5.3

Synthetic data and true explanations

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 the logistic regression and
the decision tree as used in [22]. For the logistic regression, the true
explanations are numeric explanations and are obtained directly
from the model parameters (the coefficients). For a D-dimensional
instance x, e true (x) = (ω 1 , ω 2 , . . . , ω D ), which is the vector of the
coefficients and ωi is the coefficient for the ith attribute. For the
decision tree, the true explanations are binary explanations and
are obtained from the structure of the tree. For a D-dimensional instance x, e true (x) = (e 1 , e 2 , . . . , e D ), ei is 1 if the ith attribute occurs
in the prediction path from the root to the leaf, and 0 otherwise.
For each dataset, an interpretable model is trained from the
training data, and the true explanations for the test data are obtained from the model, though the explanation systems treat the
interpretable model as a black box.
Then the local explanation method (LIME framework) with different neighborhood generation methods is used to extract explanations for the instances in the test datasets, while treating these
interpretable classifiers as black-box classifiers. Specifically, 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 2 show that LEAP has excellent performance
in comparison to the three baselines.

5.5

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])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])2 )
to the test point being explained. The quality of explanations for
different neighborhood generating methods is shown in Figure 2.
For Random(N) (used in LIME), an instance that is close to the

Locality analysis

We compare the locality for different baselines. The same data
and ground truth explanations as in Section 5.5 are used, and we
adopted the locality measurement that was proposed in [17]. 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 σ . σ 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 σ . Results for
the locality of the baselines are shown in Figure 4. It can be seen
that LEAP achieves the highest locality for smaller radius values,
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
[17]). It is desirable for the locality to drop with increasing radius,
because our target is to achieve a ‘local’ explanation model. For
NN, a similar decreasing trend is evident, but the locality (accuracy
of the local models) is lower than LEAP.

5.7

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 [26].
We split it into two groups with 70% for training and 30% for testing.
The class label is whether or not the comment is 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.

Dataset
Synthetic-1
Synthetic-2
Synthetic-3
Synthetic-4
Synthetic-5
Synthetic-6

Random(N)
0.88
0.82
0.73
0.65
-

Gradient(N)
0.65
0.71
0.42
0.61
-

NN(N)
0.82
0.78
0.51
0.75
-

LEAP(N)
0.97
0.90
0.83
0.90
-

Random(B)
0.87
0.81

Gradient(B)
0.78
0.62

NN(B)
0.76
0.74

LEAP(B)

0.92
0.88

Table 1: Explanation quality on synthetic datasets (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).

Dataset
Adult
Balloon
Blood
Breast-cancer
Diabetes
Hepatitis
Iris
Ionosphere
Labor
Titanic
Vote

Random(N) Gradient(N) NN(N) LEAP(N)
logistic regression (numeric explanations)
0.84
0.63
0.72
0.90
0.93
0.82
0.54
1.00
0.89
0.85
0.61
0.96
0.82
0.78
0.59
0.87
0.87
0.74
0.62
0.99
0.72
0.68
0.56
0.80
0.91
0.82
0.64
0.94
0.91
0.82
0.74
0.92
0.86
0.75
0.64
0.89
0.85
0.83
0.59
0.87
0.90
0.77
0.62
0.93

Random(B) Gradient(B) NN(B) LEAP(B)
decision trees (binary explanations)
0.64
0.61
0.57
0.73
0.92
0.81
0.50
0.94
0.94
0.58
0.92
0.97
0.65
0.57
0.50
0.70
0.80
0.47
0.71
0.80
0.82
0.38
0.72
0.87
1.00
1.00
1.00
1.00
0.92
0.66
0.89
1.00
0.88
0.64
0.77
0.95
0.74
0.73
0.66
0.79
0.82
0.66
0.50
0.89

Table 2: Explanation quality on UCI datasets (the best value is highlighted in bold).

Figure 2: Demonstration of difficulty of explanation for different neighborhood generating 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.
For this task, Random(N) produces 87.3% useful explanations
while LEAP produces 95.4% useful explanations. An example of
where Random(N) fails to find a useful explanation but LEAP succeeds, is shown in Table 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 modification fools the classifier successfully. Although humans may regard both modifications
as spam, the explanation of LEAP reveals how the classifier ‘thinks’.

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 excellent performance when
compared with state of the art alternatives.

6

7

CONCLUSION

We proposed a new approach for neighborhood generation, which is
a critical phase in local explanation systems. Our approach is based
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Figure 3: Demonstration of the synthetic neighborhoods that are generated by different methods. The test instances are shown
in blue color, and the synthetic neighborhoods are shown in orange color. The quality of explanations extracted from the
synthetic neighbors is shown in the bottom-right.

Method
Random(N):

Explanations
Spam: {http, and, ref, you}; Not
spam: {The, here, Effects}

LEAP:

Spam: {http, ref, Music, buy};
Not spam: {projects, Effects,
find}

Modified Comment using explanation
The The The The The The The The The
The The projects After Effects, Music,
Foto, Web sites and another you can find
and buy here http...

Classification
Spam
(label
of
Modified
comment not
flipped
as
expected)
Not spam (label
of
Modified
comment
is
flipped
as
expected)

projects projects projects projects
projects projects projects projects
projects projects The projects After
Effects, Music, Foto, Web sites and
another you can find and buy here
http...
Table 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

Figure 4: Locality analysis (plot of the accuracy of the local
models for when increasing the radius
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APPENDIX A (CODE REPRODUCIBILITY)
In this part, we describe the pseudo code for LEAP in Algorithm 1.
Algorithm 1: LocalEmbeddingPerturbation
Input: Instance x, number of generated neighbors M, training
data T , KNN threshold k
Output: Z = {z 1 , z 2 , . . . , z M }
1 nei = getkNearestNeighbors(x,T , k);
2 lid = LocalIntrinsiDim(x, nei) ;
3 le = new LocalEmbedding(nei, lid) ;
4 x̂ = le.project(x);
5 Z = {};
6 while |Z | < M do
7
uniformly generate an instance ẑ within the local
embedding;
8
z = le.projectToOriginal(ẑ);
9
z.setWeight(exp(−dist(ẑ, x̂)));
10
Z = Z ∪ {z};
11 end
12 return Z ;

APPENDIX B (PARAMETER
REPRODUCIBILITY)
We describe the parameter settings used. Parameter optimization
via a nested validation process during the training process is a
common technique for classification tasks; however, it presents
difficulties for explanation 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 parameter settings 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 for 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 score
on average over the validation datasets) is used for all the datasets
whose results are reported.

APPENDIX C (DATASET REPRODUCIBILITY)
In this part, we give details about how the synthetic datasets and
the true explanations are generated. The synthetic datasets are generated using synthetic functions described below as the classifiers,
and true explanations are generated from these functions:

x[1] − 4x[2] + 2x[3] + 3,
x[1] ≤ 10



• f 1 (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].
• f 2 (x) = (x[1])3 − 2(x[2])2 + 3x[3], where x[i] ∈ [−100, 100].

• f 3 (x) = x[1] − x[2] sin(x[2])2 where x[i] ∈ [−10, 10].
• f 4 (x) = ((x[1] == 1) ∧ x[2] ∧ x[3]) ∨ ((x[1] == 2) ∧ x[4] ∧
x[5])∨((x[1] == 3)∧x[6]∧x[7])∨((x[1] == 4)∧x[8]∧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 for i = 1, 2, 3, the class label is 1 if fi (x) >
0 else 0 otherwise. For i = 4, the class label is 1 if f 4 (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 fi (i = 1, 2, 3), the
true explanation of a given x is the gradient of the curve fi = 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 f 4 , the true explanation is defined below.
• Synthetic-1 consists of three attributes (x[1], x[2], x[3]) and
a class label. The function f 1 is used to label the instances.
Given an instance x, the true local (numeric) explanation is:


(1, −4, 2),
x[1] ≤ 10



e true (x) = (−2, −3, 1), 10 < x[1] ≤ 20


 (3, 1, −2),
x[1] > 20


• Synthetic-2 consists of ten attributes (x[1], x[2], . . . , x[10])
and a class label. The function f 1 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 the Synthetic-1 dataset.
• Synthetic-3 consists of three attributes (x[1], x[2], x[3]) and
a class label. The function f 2 is used to label the instances.
Given an instance x, the true local (numeric) explanation is:
e true (x) = (3(x ∗ [1])2 , −4x ∗ [2], 3)
where x ∗ is the closest point of x to the function f 2 = 0.
• Synthetic-4 consists of three attributes (x[1], x[2]) and a
class label. The function f 3 is used to label the instances.
Given an instance x, the true local (numeric) explanation is:
e true (x) = (1, − sin(x[2])2 − 2(x[2])2 cos(x[2])2 )

where x ∗ is the closest point of x to the function f 3 = 0.
• Synthetic-5 consists of nine attributes (x[1], x[2], . . . , x[9])
and a class label. The function f 4 is used to label the instances.
Given an instance x, the true local (binary) explanation is:

(1, 1, 1, 0, 0, 0, 0, 0, 0), x[1] = 1



 (1, 0, 0, 1, 1, 0, 0, 0, 0), x[1] = 2


e true (x) =
 (1, 0, 0, 0, 0, 1, 1, 0, 0), x[1] = 3



 (1, 0, 0, 0, 0, 0, 0, 1, 1), x[1] = 4


• Synthetic-6 consists of twenty attributes (x[1], . . . , x[20])
and a class label. The function f 4 used in Synthetic-3 is
also used to label the instances such that the other eleven
attributes are noise and not used in the prediction process.
The true explanations of the instances are defined the same
way as in the Synthetic-5 dataset.

