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H I G H L I G H T S

∙ An explanation and an interpretation method are proposed for HDC on tabular data.

∙ The methods are fast as they employ HDC’s efficient arithmetic vector operations.

∙ The methods are faithful, validated with coherence checks and ablation studies.

∙ The deletion and insertion metrics are adjusted to apply to the HDC classifier.
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A B S T R A C T

Given the rise in the usage of artificial intelligence models and machine learning approaches in our day-to-day 

lives, it has become increasingly important to explain these models to increase user trust. Hyperdimensional 

Computing (HDC) has been introduced as a powerful, energy-efficient algorithmic framework that is intrinsically 

less opaque than (deep) neural networks. Nevertheless, the possibility of explaining and interpreting the HDC-

based classification model has not yet been explored explicitly. Therefore, this work proposes an explanation 

method and an interpretation method for the HDC-based classification model working with tabular data. The 

proposed methods have been successfully evaluated on three tabular data sets with a diverse number of samples, 

features, and classes. Their faithfulness is validated with coherence checks, the deletion and insertion metrics, 

and a feature ablation study. The results of the proposed explanation method align well with the well-studied 

LIME explanations.

1. Introduction

Artificial intelligence (AI) and machine learning (ML) models are in-

creasingly being used in our everyday lives. One of the main obstacles 

when it comes to trusting the model is (the lack of) explainability and 

interpretability of these models’ predictions, especially in critical ap-

plications such as medicine or autonomous driving. Therefore, a large 

body of research has been dedicated to designing explanation methods 

for mostly (deep convolutional) neural networks (DCNNs) which include 

feature attribution methods [1–6] and counterfactual explanation meth-

ods [7]. These methods often rely on backpropagation, gradients, and 

input perturbation where the prediction of an input is compared to the 

one of the input perturbed by masking out several subsets of features.

Hyperdimensional Computing (HDC) [8], also known as Vector 

Symbolic Architectures (VSA) [9], has been introduced as a powerful 

algorithmic framework that originated at the intersection of symbolic 

AI and connectionism, suitable for low-resource ML tasks. HDC trans-

forms input data into a hyperdimensional space, more specifically into 

hyperdimensional vectors, where it uses efficient, simple component-

wise operations. It has already been used in several classification tasks, 

such as text classification [10–12], speech recognition [13], human ac-

tivity recognition [14], hand gesture recognition [12,15,16], time series 

classification [17,18], classification of medical images [19,20], techni-

cal diagnostics [21,22], character recognition [23–26], robotics [27], 

and others [28–31].
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Several researchers have reported that HDC is—compared to the 

previously mentioned DCNNs—intrinsically less opaque because of its 

simple, reversible operations [32–35]. This is highlighted in several 

studies examining logical reasoning with HDC [8,30,36–39]. However, 

it is an open problem how an HDC-based classification model for tabu-

lar data can be explained on a local instance level and interpreted on a 

global model level [3]. Therefore, this article aims to propose a generic 

posthoc analysis using these simple, reversible operations to determine 

the individual features’ contributions in the HDC-based classification 

model with the following contributions:

1. An explanation and an interpretation method are proposed

for an HDC-based classifier trained with tabular data; the proposed 

methods are fast as they employ the efficient arithmetic vector 

operations of HDC;

2. The proposed explanation and interpretation methods are

shown to be faithful, validated by employing coherence checks, 

the deletion and insertion metrics, and a feature ablation study;

3. The deletion and insertion metrics are adjusted to be applica-

ble to the HDC-based classification model;

4. The proposed explanation method is shown to be aligned with

the well-studied LIME explanation method.

The remaining part of this article proceeds as follows: Section 2 in-

troduces and describes Hyperdimensional Computing. The third section 

provides an overview of the related work. This is followed by the 

description of the proposed framework for model explanation and inter-

pretation in Section 4 with the performed experiments and the obtained 

results in Section 5. Section 6 concludes this work.

2. Hyperdimensional computing 

2.1. HD vectors

In Hyperdimensional Computing (HDC), input data are transformed 

into high-dimensional (HD) vectors (also called hypervectors (HVs)) of 

dimension 𝐷, e.g., 𝐷 = 10, 000. Different HDC framework variants use 

their own types of HVs, with either binary [40–43], bipolar [44], real-

valued [45], or complex-valued [46] vector components.

As the majority of applications use HDC with dense binary vectors, 

i.e., vector components are either 0 or 1, and about half of the compo-

nents are 1, this article will focus on this type of HDC. Its atomic vectors 

are defined as randomly initialized dense binary HVs:

Property 1 (Dense binary HV). Each vector component of a randomly 

initialized dense binary HV v follows a Bernoulli distribution with probability
1
2 

P(v[𝑘] = 0) = P(v[𝑘] = 1) = 1
2

: 

with v[𝑘] the 𝑘th component of v. 

1

2.2. HD operations

HDC employs three simple HD arithmetic operations for computa-

tions on tabular data in the HD space: (1) similarity, to measure the 

degree of likeness between two vectors; (2) superposition, to combine 

and superimpose two or more vectors; and (3) binding, to associate 

vectors with one another.

2.2.1. Similarity

In binary HDC, the similarity 𝑠(a, b) between two HVs a and b is 

calculated using the normalized Hamming distance:

1 A list of symbols used in this article is provided in Appendix A (Table A.8).

𝑠(a,b) = 1 − 

𝐻(a,b)
𝐷

= 1 − 

|a ⊕ b|
𝐷

(1)

with 𝐷 the dimension of the HVs and ⊕ the component-wise exclusive 

disjunction (XOR) 

2 operation. A similarity of 1 between two vectors im-

plies having two identical vectors, while two opposite vectors will have 

a similarity of 0. The similarity between two vectors is approximately 

0.5 in the case of pseudo-orthogonal vectors. In the HD space, two ran-

domly initialized dense binary HVs (Property 1) are pseudo-orthogonal 

to each other, and converge to exact orthogonality with increasing HV 

dimension [47]:

Property 2 (Pseudo-orthogonality). Two randomly initialized HVs a 

and b are pseudo-orthogonal to each other, i.e., the similarity is approxi-

mately equal to 0.5:

𝑠(a, b) ≈ 

1
2 

2.2.2. Superposition

Superposition + is performed as the component-wise addition of HVs 

in binary HDC to obtain a compositional X, e.g., X = a+b+c, after which 

the compositional X is binarized into the HV x using the majority rule 

[ ] according to:

x[𝑘] = [X[𝑘]] =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

1 if X[𝑘] > 𝑛
2

0 if X[𝑘] < 𝑛
2

𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 

( 

1
2

)

if X[𝑘] = 

𝑛
2

(2)

with 𝑛 being the number of HVs in the compositional X and 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖( 12 

) 

the Bernoulli distribution with probability 1
2 to break ties when 𝑛 is an

even number. One of the properties of superposition useful for this work 

is Property 3. 3

Property 3 (Unstructured similarity). The compositional HV x = [a + 

b + c] is similar to each of its components a, b and c corresponding to a

similarity higher than 0.5:

𝑠(x, a) > 0.5, 𝑠(x, b) > 0.5 and 𝑠(x, c) > 0.5 

2.2.3. Binding

Binary HDC employs the component-wise XOR operation ⊕ for the 

binding/association of two vectors, e.g., a ⊕ b. Some properties of 

binding useful for this work are Properties 4–6. 3

Property 4 (Distributivity). The binding operation distributes over the 

superposition operation:

d ⊕ [a + b + c] = [d ⊕ a + d ⊕ b + d ⊕ c]

Property 5 (Invertibility). Since the XOR operation is its own inverse, 

i.e., a ⊕ a = 0, the binding c = a ⊕ b is invertible:

a ⊕ c = a ⊕ a ⊕ b = b

Property 6 (Structured similarity). The binding operation preserves 

structured similarity, i.e., given that a and b are two random HVs, and a

is similar to a’ and b is similar to b’, then d = a ⊕ b is similar to d’ = a’ ⊕ b’ 

[47]. Considering the special case of b = b’, the similarity of d to d’ is equal 

to the similarity between a and a’ [47]:

𝑠(d, d’) = 𝑠(a ⊕ b, a’ ⊕ b) = 𝑠(a, a’)

2 The XOR operation results in a value of 1 if exactly one of its operands is 1.
3 For a full list of properties, refer to [48].
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2.3. Data transformation to hypervectors

The transformation of a sample having 𝑑 features 𝑥 𝑖  

 

=
[𝑥 𝑖,1, 𝑥 

 

, with𝑖,2, 𝑥 𝑖,𝑑 ]   𝑥   

 

… ,
 𝑖,𝑗        

 

being the real value of the 𝑗th feature of
the 𝑖th sample, to 

𝐷an HV v  

 𝑥 ∈
𝑖

 {0, 1} can be divided into three
 

steps: representation of feature IDs, representation of feature values and 

representation of feature vectors.

2.3.1. Representation of feature IDs

All 𝑑 features are represented by feature ID HVs that are randomly 

initialized, resulting in HVs that are pseudo-orthogonal to each other 

(Property 2), denoted as

v 𝐼𝐷𝑗
for 𝑗 = 1 … 𝑑 (3)

2.3.2. Representation of feature values

Continuous feature values are ideally represented by HVs that pre-

serve similarity. For this, the feature value range [𝑙 𝑗 

, 𝑢 𝑗 

] is quantized into 

𝑄 quantization levels following the quantization function:

𝜙(𝑥 𝑖,𝑗 

) = 

⌈ 𝑥 𝑖,𝑗

𝑢 𝑗 − 𝑙 𝑗
⋅ (𝑄 − 1) + 

1
2

⌉ 

for 𝑖 = 1 … 𝑁 and 𝑗 = 1 … 𝑑

(4)

with ⌈ ⌉ the ceiling function. The 𝑄 quantization levels will be repre-

sented by the HVs

v 𝑞 for 𝑞 = 1 … 𝑄 (5)

These HVs are created by first initializing a random HV to represent 

the lowest quantization level v 1 

after which an HV for each subsequent

quantization level is obtained by flipping
𝐷∕2
𝑄−1 random components from

the HV of the previous quantization level where each flipped compo-

nent cannot be flipped back. As such, the HVs of the lowest and highest

quantization levels, i.e., v 1 

and v 𝑄, will be 

𝐷
2 components apart and thus

pseudo-orthogonal.

2.3.3. Representation of feature vectors

An HV for the entire feature vector 𝑥 𝑖 

is obtained by combining the 

association of each feature ID HV v 𝐼𝐷 𝑗
(Eq. 3) with the corresponding 

quantized feature value HV v𝜙(𝑥𝑖,𝑗 ) 

(Eq. 5):

v 𝑥 𝑖
= [v𝐼𝐷1 

⊕ v 𝜙(𝑥 𝑖,1) 

+ v 𝐼𝐷2
⊕ v𝜙(𝑥𝑖,2) 

+ ⋯ + v 𝐼𝐷 𝑑 

⊕ v 𝜙(𝑥 𝑖,𝑑 

) 

]

=

[ 𝑑
∑

𝑗=1
(v 𝐼𝐷𝑗

⊕ v 𝜙(𝑥𝑖,𝑗 

) 

) 

]

for 𝑖 = 1 … 𝑁 (6)

with [ ] the binarization function, i.e., majority rule (Eq. 2) and 𝜙(𝑥 𝑖,𝑗 

) 

the quantized feature value of the 𝑖th sample and 𝑗th feature (Eq. 4). This 

type of encoding is often referred to as record-based, value-ID, key-value, 

compositional, etc., encoding [49–51].

2.4. HD classifier

A class centroid or prototype is created for each class in the data set. 

More specifically, a class bundle is obtained by combining all training 

sample HVs that belong to that class:

C 𝑙 

=
𝑁 𝑡𝑟
∑

𝑖=1
{v 𝑥𝑖 | 𝑦 𝑖 = 𝑙} for 𝑙 = 1 … 𝐶 (7)

with 𝑁 𝑡𝑟 the number of training samples, 𝐶 the number of classes and 

𝑦 𝑖 

the 𝑖th sample’s class. This class bundle is binarized with the majority 

rule (Eq. 2) into a class prototype c 𝑙 

. For the classification of a sample, 

the similarity between the considered sample’s HV v 𝑥 𝑖 

and each class 

prototype c 𝑙 is computed (Eq. 1). The sample will then be classified to 

the class with the highest similarity.

An iterative training procedure is performed to improve the class pro-

totypes by using wrongly classified training samples. Namely, a training 

sample that has been misclassified will be subtracted from the class bun-

dle of the wrong class and added again to the class bundle of the correct 

class:

∀ v 𝑥 𝑖
∈ {v 𝑥𝑖 

| 𝑖 = 1… 𝑁 𝑡𝑟 

, 𝑦̂ 𝑖 ≠ 𝑦 𝑖 

} ∶ C 𝑦 𝑖 

= C 𝑦 𝑖 

+ v 𝑥𝑖 

∧ C 𝑦̂ 𝑖
= C 𝑦̂ 𝑖

− v 𝑥 𝑖

(8)

with 𝑦̂ = arg max =1… 𝑠(v𝑖 𝑙 𝐶  

  𝑥𝑖 , c 𝑙       

 

 

). Optionally, an extended procedure can
be used, in which besides the wrongly classified samples, correctly clas

sified training samples with a confidence 𝑐(v )4 

 lower than a predefined𝑥𝑖
threshold 𝛼 are also used to update the class bundles, as defined by [

-

52]:

∀ v 𝑥 𝑖
∈ {v 𝑥𝑖 

| 𝑖 = 1… 𝑁 𝑡𝑟 

, 𝑦̂ 𝑖 = 𝑦 𝑖 ∧ 𝑐(v 𝑥 𝑖 

) < 𝛼} ∶ C 𝑦 𝑖 

= C 𝑦 𝑖 

+ v 𝑥 𝑖

∧ C𝑦′𝑖
= C 𝑦′𝑖

− v 𝑥 𝑖
(9)

with 𝑦′𝑖 the class with the second highest similarity to the sample. When 

all training samples are passed, the updated class bundles are binarized 

again to obtain the updated class prototypes. This iterative training pro-

cedure can be performed for a predefined number of iterations or until 

a predefined accuracy on the training set or a validation set is reached.

3. Related work

Two major types of explanation methods exist: feature attribution 

methods that identify the importance of each feature, pixel, or image 

region, and counterfactual explanation methods.

In the former category, there are two well-studied explanation meth-

ods applicable to tabular data. The first is LIME, i.e., Local Interpretable 

Model-agnostic Explanations [5]. This method randomly creates sam-

ples around the instance to be explained, which are weighted by their 

distance to the considered instance, and fits an approximate linear de-

cision model to obtain importance values for all features. SHAP, i.e., 

SHapley Additive exPlanations [2], is the second explanation method 

for tabular data based on the Shapley regression values. Each feature is 

assigned an importance value representing the effect on the model pre-

diction when including the considered feature, while considering feature 

dependencies.

The second category of methods produces counterfactual explana-

tions. These reveal which and how features of an instance should be 

changed to obtain a different outcome.

Although the explanation of HDC classification outcomes has not yet 

been explored explicitly in the literature, several studies have examined 

logical reasoning with HDC which can be seen as the foundation for 

explaining HDC outcomes [8,30,36–39]. These studies employ the disas-

sociation operation and the clean-up procedure of the HDC framework, 

which are also used in our proposed explanation and interpretation 

methods.

The studies of [33,53] are closest to this article. They identify the 

most meaningful electrodes of the EEG signal for the binary classifica-

tion of error-related potentials with HDC by measuring the similarity 

between the two class prototypes created with the data from only one 

electrode at a time. The smaller this similarity, the better the electrode 

discriminates between the two classes. For this, new class prototypes 

are created, whereas this article proposes explanation and interpretation 

methods that rely solely on the already constructed class prototypes.

The proposed explanation and interpretation methods can be classi-

fied as feature attribution methods, and the explanation method will be 

compared to the LIME explanation method. The methodology of SHAP 

and input modification methods will be used as coherence checks to

4 The confidence is defined as the difference between the similarity of the 

sample vector to the class vector with the highest similarity and the similarity 

to the class vector with the second highest similarity, i.e., 𝑐(v 𝑥𝑖  

) = 𝑠(v 𝑥𝑖  

, c 𝑦̂ 𝑖
) −

𝑚𝑎𝑥𝑙≠𝑦̂𝑖 𝑠(v𝑥 𝑖 

, c 𝑙 

) [52].
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identify the faithfulness of the proposed methods. Feature importance 

values are obtained by moving backward through the model with the 

disassociation operation which can be seen as similar to deconvolu-

tion methods that move backward through the network with gradients 

and/or backpropagation.

4. Proposed framework

The proposed framework first decodes the class prototypes from the 

HD space to the original input feature space. The explanation method 

(Fig. 1(a)) compares these decoded class prototypes to the sample 

to-be-explained to determine each feature’s contribution to the pre-

diction. In the interpretation method (Fig. 1(b)), the decoded class 

prototypes are compared to each other to rank the features based on 

their discriminative power.

4.1. Decoding the class prototypes

To decode the class prototypes into the original input feature space, 

we write the binarized class prototypes in a similar way as the samples 

(Eq. 6) such that:

c 𝑙 

= [v 𝐼𝐷1
⊕ v𝜙(𝑥𝑐𝑙 

,1 

) 

+ v 𝐼𝐷2
⊕ v𝜙(𝑥𝑐𝑙 

,2 

) 

+ ⋯ + v 𝐼𝐷 𝑑 

⊕ v 𝜙(𝑥𝑐 𝑙 ,𝑑 

) 

]

for 𝑙 = 1 … 𝐶 (10)

Each feature ID HV v  

 

is dissociated from the𝐼𝐷𝑗
  class prototype c 𝑙

one at a time:

v 𝐼𝐷 𝑗
⊕ c𝑙 

= v 𝐼𝐷𝑗
⊕ [v 𝐼𝐷1

⊕ v𝜙(𝑥𝑐 𝑙 

,1 

) + ⋯ + v 𝐼𝐷𝑗
⊕ v𝜙(𝑥𝑐𝑙 

,𝑗 

) 

+ ⋯ + v 𝐼𝐷𝑑

⊕ v𝜙(𝑥𝑐𝑙 ,𝑑 

) 

]

= [v 𝐼𝐷𝑗
⊕ v 𝐼𝐷1

⊕ v𝜙(𝑥𝑐 𝑙 

,1 

) + ⋯ + v 𝐼𝐷𝑗
⊕ v 𝐼𝐷 𝑗

⊕ v 𝜙(𝑥𝑐 𝑙 ,𝑗 

) 

+ ⋯

+ v 𝐼𝐷 𝑗
⊕ v 𝐼𝐷𝑑

⊕ v𝜙(𝑥𝑐𝑙 ,𝑑 

) 

] (Property 4) 

= [v 𝐼𝐷𝑗
⊕ v 𝐼𝐷1

⊕ v𝜙(𝑥𝑐𝑙 

,1 

) 

+ ⋯ + v 𝜙(𝑥 𝑐 𝑙 ,𝑗 

) + ⋯ + v 𝐼𝐷𝑗
⊕ v 𝐼𝐷𝑑

⊕ v𝜙(𝑥𝑐𝑙 ,𝑑 

) 

] (Property 5)

=

[

v𝜙(𝑥𝑐 𝑙 ,𝑗 

) 

+
𝑑 

∑

𝑓 =1
{v 𝐼𝐷 𝑗

⊕ v 𝐼𝐷 𝑓 

⊕ v 𝜙(𝑥𝑐 𝑙 ,𝑓 

) 

| 𝑓 ≠ 𝑗} 

]

for 𝑗 = 1 … 𝑑 and 𝑙 = 1 … 𝐶 (11)

The similarity of the disassociated class prototype (Eq. 11) to the 

stored HVs of all 𝑄 quantization levels (Eq. 5) is computed obtaining a 

vector of 𝑄 similarity values:

𝑠 𝑗,𝑙 = [𝑠(v 𝐼𝐷 𝑗
⊕ c 𝑙 

, v 1 

),… , 𝑠(v 𝐼𝐷𝑗
⊕ c 𝑙 

, v 𝑄 

)] 

for 𝑗 = 1 … 𝑑 and 𝑙 = 1 … 𝐶 (12)

Following the so-called clean-up procedure [47], the quantization 

level with the highest similarity to the dissociated class prototype can

be selected as the quantized feature value of the class prototype in the 

original space:

𝑞  𝑗,𝑙 = 𝜙(𝑥 𝑐 𝑙 

,𝑗 

) = arg max 𝑞 

𝑠(v 𝐼𝐷 𝑗 

⊕ c 𝑙 

, v 𝑞 

) for 𝑗 = 1 … 𝑑,

𝑙 = 1 … 𝐶 and 𝑞 = 1 … 𝑄 (13) 

4.2. Model explanation

Explaining a model includes determining which features contributed 

the most to the classification of one particular sample and which fea-

tures contributed the least, i.e., local instance-level explanation [3]. For 

one feature at a time, the similarity between the test sample’s HV v 𝑥 𝑖 

disassociated with the corresponding feature ID HV v 𝐼𝐷 𝑗
, and all stored

quantization level HVs (Eq. 5) is calculated as in Eq. (12):

𝑠 𝑗,𝑖 = [𝑠(v 𝐼𝐷𝑗
⊕ v 𝑥 𝑖 

, v 1 

),… , 𝑠(v 𝐼𝐷 𝑗 

⊕ v 𝑥 𝑖 

, v 𝑄 

)] for 𝑗 = 1 … 𝑑

and 𝑖 = 1 … 𝑁 𝑡𝑠 (14)

The Spearman rank correlation coefficient is computed between the 

test sample’s similarity vector (Eq. 14) and each class’ similarity vector 

(Eq. 12) resulting in 𝐶 correlation coefficients per feature. An important 

feature for the classification of that sample can then be defined as one 

that has a larger correlation between the sample’s similarity vector and 

the similarity vector of the predicted class than the correlation between 

the sample’s similarity vector and the similarity vector of all the other 

classes. This is equivalent to maximizing the minimum difference in cor-

relation between the similarity of the sample to the predicted class and 

the similarity of the sample to the other classes. As such, the contribu-

tion of a feature 𝑗 to the classification of a test sample 𝑖 can be quantified 

as:

△𝑟 𝑗,𝑖 = min{𝑟(𝑠 𝑗,𝑖 

, 𝑠𝑗,𝑦𝑖 ) − 𝑟(𝑠 𝑗,𝑖 

, 𝑠 𝑗,𝑙 

) | 𝑙 = 1… 𝐶 ≠ 𝑦  𝑖 

} for 𝑗 = 1 … 𝑑 

and 𝑖 = 1 … 𝑁 𝑡𝑠 

(15)

with 𝑟(⋅, ⋅) being the Spearman rank correlation coefficient. 

4.3. Model interpretation

The interpretation or global model-level explanation of a model, i.e., 

understanding what the model has learned [3], is achieved by determin-

ing which features are the most discriminative for the classification task. 

For this, the pairwise linear correlation between the 𝐶 class similarity 

vectors (Eq. 12) is computed using Spearman rank correlation coefficient 

for each feature separately, resulting in 0.5 ⋅ 𝐶 ⋅ (𝐶 − 1) correlation co-

efficients per feature. These correlation coefficients are averaged across 

all class pairs for each feature, and should ideally be as small as possi-

ble indicating that the class prototypes have different feature values for 

the considered feature. Hence, the features can be ranked based on this 

average correlation coefficient:

Fig. 1. Proposed framework. An overview of the proposed explanation (a, Section 4.2) and interpretation (b, Section 4.3) method. Both methods start with decoding 

the class prototypes (Section 4.1).
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𝑟 𝑗 = 

1
0.5 ⋅ 𝐶 ⋅ (𝐶 − 1) 

𝐶 

∑ 

𝑙=1 

𝐶
∑

𝑘=𝑙+1
𝑟(𝑠 𝑗,𝑙 

, 𝑠 𝑗,𝑘) for 𝑗 = 1 … 𝑑 (16)

with 𝑟(⋅, ⋅) being the Spearman rank correlation coefficient.

5. Experimental evaluation 

5.1. Experimental setup

An HDC classification model is trained and tested on three data sets 

with a varying number of samples, classes, and features:

• The cardiotocography (CTG) data set [54] includes 2126 fetal CTGs,

i.e., 1701 training and 425 test samples that are classified according 

to their fetal state into three categories: normal (N), suspect (S), and 

pathologic (P) using 21 features.

• The UCIHAR data set [54,55] is obtained by recording the ac-

celeration and velocity with an accelerometer and gyroscope of a 

smartphone attached to the chest of 30 subjects who performed six 

activities, i.e., classes, during the recording. The data set includes 

7352 training and 2947 test samples, and 561 features.

• The ISOLET data set [54] is obtained by extracting 617 features from

speech signals collected from 150 subjects speaking each letter of the 

alphabet twice. There are 6238 training and 1559 test samples, and 

26 classes.

All feature values are scaled to a range of values [0, 100] by obtaining 

scaling parameters, i.e., the minimum and maximum, for each feature 

using the training set and applying them to both the training and the 

test set. Afterward, the feature values are quantized using Eq. (4) with 

𝑙 𝑗 

= 0, 𝑢 𝑗 = 100 and 𝑄 = 21. The feature vectors are then transformed to

HVs with dimension 𝐷 = 10, 000 following Eq. (6).

The confidence threshold 𝛼 is set to 4.0, 0.75, and 1.0 for the CTG, 

UCIHAR, and ISOLET data set, respectively [52]. The iterative train-

ing procedure is performed for 100 iterations, after which the classifier 

with the highest classification accuracy on the training set is selected. 

For this best model, the class prototypes are decoded into feature vec-

tors (Eqs. 11–13), and the feature importances are determined with the 

proposed explanation and interpretation methods. Since the HDC classi-

fication model relies on random initialization of HVs, all experiments are 

performed for five different initializations of the classification model for

Table 1 

The classification accuracy (in %) on the training and test sets of the CTG, 

UCIHAR, and ISOLET data set, averaged over all five random initializations.

CTG UCIHAR ISOLET

train test train test train test

88.40 ± 0.26 74.68 ± 1.33 91.09 ± 0.78 86.40 ± 2.78 98.05 ± 1.32 90.46 ± 1.65

Data are mean ± standard deviation across five random initializations.

each data set to account for this randomness. Table 1 reports the average 

classification accuracy on the training and test of the three data sets.

5.2. Model explanation validation 

5.2.1. Coherence checks

Adebayo et al.[56] propose two randomization tests, i.e., the model 

parameter and the data randomization test, to evaluate the adequacy 

of explanation methods. Both randomization tests are used to validate 

the quality of the explanations of the proposed approach. In addition, 

the results of the proposed explanation method are compared to feature 

importances that are completely randomly assigned.

Model parameter randomization test. A model with random, untrained

class prototypes is created. More specifically, the model is generated 

by assigning each class prototype c 𝑙 

a random HV which is then used 

to classify the samples. The proposed explanation method is applied to 

this random classifier, after which its output is compared to the output of 

the explanation method applied to the original HD classifier. Ideally, the 

output of the explanation method differs between the two models, indi-

cating that the proposed method depends on the learned parameters of 

the model. Otherwise, it can be concluded that the explanation method 

is insensitive to the model’s parameters. A quantitative comparison be-

tween the two outputs is established with the Spearman rank correlation 

averaged across all test samples of each data set, which should ideally 

be close to zero to indicate a dependence on the learned parameters of 

the model [56].

Data randomization test. Akin to the model parameter randomization

test, the data randomization test compares the output of the explanation 

method of the original classifier to the one of another classifier. In this 

case, the second classifier is also a trained model following Section 2.4. 

More specifically, the classifier is trained using a copy of the data set 

where the labels of the samples are randomly permuted. Again, the ex-

planation output should ideally differ between the original classifier and 

this second classifier, meaning that the proposed method is sensitive to 

the labeling of the data. The Spearman rank correlation averaged across 

all test samples of each data set is computed to quantitatively compare 

the two outputs, which should again be as close to zero as possible [56].

Random importance test. In contrast to the model parameter and data

randomization test that still constructs an HD classifier, the random im-

portance test does not rely on a classification model. Instead, it generates 

the model explanation output by randomly assigning values between −1 

and 1 to indicate the importance of features as a minimum difference in 

correlation. These random importances are again compared to the out-

put of the explanation method applied to the original classifier with the 

Spearman rank correlation averaged across all test samples of each data 

set.

Results. Fig. 2 shows the decoded class prototypes for the origi-

nal classifier and the randomization tests for CTG and one random

Fig. 2. Decoding the class prototypes. The class prototypes of the considered classifiers decoded to their quantized feature vector in the original space, i.e., [0, 100] 

21 ,

following Eq. (13) for the CTG data set and one random initialization of each model.
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initialization of the model. It is clear that the class prototypes of the 

model parameter randomization test have random values for each of the 

21 features, while all three class prototypes of the data randomization 

test appear to be quite similar to each other and to the prototype of the 

Normal class of the original classifier. The latter may be because the CTG

data set is highly imbalanced, i.e., 77.37 % of the training set belongs 

to the Normal class. Therefore, when the labels are permuted in the data 

randomization test, all three class prototypes will be constructed with 

and dominated by the many training samples of the Normal class.

The importance of each feature and each test sample is computed for 

the original classification model and the coherence check models for the 

three data sets and the five different initializations (Figs. B.5 and B.6 in 

Appendix B.1). Fig. 3(A) and (B) show the similarity between each class 

prototype and the stored HVs of all quantization levels (Eq. 12), and be-

tween one test sample HV of the CTG data set and the stored HVs of all 

quantization levels (Eq. 14) for the five most and five least discrimina-

tive features, respectively. The sample’s similarity curve of the original 

classifier is closest to the similarity curve of the Normal class (i.e., the 

predicted class) for the five most discriminative features. In contrast, 

the five least discriminative features tend to show a sample’s similarity

curve that is closer to the similarity curve of the Pathologic class. Hence, 

these features did not contribute to classifying the sample to the Normal 

class. It is trivial that the sample’s similarity vector is highly dissimi-

lar from those of the random class prototypes of the model parameter 

randomization test. The similarity curves of the data randomization test 

are all very alike, which is expected since the considered test sample be-

longs to the Normal class and all class prototypes are highly represented 

by samples from that class. It can also be seen that the original classifier 

is more confident in its classification of the sample compared to the two 

randomization tests, which is measured as the difference in similarity 

between the two highest-ranked classes.

We can see from Fig. 3(A,a) that the sample has been classified into 

the Normal class since it has a low percentage of time with abnormal 

long term variability (ALTV), an average number of uterine contrac-

tions per second (UC), an average mode of the fetal heart rate (FHR) 

histogram (Mode), a high FHR histogram tendency (Tendency) and a low 

mean value of short term variability (MSTV).

Table 2 contains the average Spearman rank correlation between the 

explanation output of the original classifier and the output of the co-

herence check models for the three data sets. The table highlights that

Fig. 3. Model explanation. The similarity vector for the five most discriminative (A) and five least discriminative (B) features of one test sample (Eq. 14) and the 

three class prototypes (Eq. 12) of the CTG data set for the considered classifiers, obtained for one random initialization of the models.
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Table 2 

Model explanation. The average Spearman rank correlation between the expla-

nation output of the original classifier and the output of the coherence check 

models and the LIME explanation method [5] for the test samples of the CTG, 

UCIHAR, and ISOLET data set, averaged over all five random initializations.

CTG UCIHAR ISOLET

Model rand. 1 0.024 ± 0.078 −0.022 ± 0.015 −0.018 ± 0.007 

Data rand. 2 −0.080 ± 0.082 0.077 ± 0.010 0.205 ± 0.011 

Rand. importance 

3 −0.005 ± 0.007 0.000 ± 0.001 0.000 ± 0.001 

LIME [5] 0.560 ± 0.037 0.159 ± 0.012 0.133 ± 0.020

Data are mean ± standard deviation across five random initializations.
1 Model parameter randomization test.
2 Data randomization test.
3 Random importance test.

the correlation coefficients concentrate around zero, indicating that the 

explanations of the proposed method are adequate.

5.2.2. Deletion and insertion metric

Petsiuk et al.[4] propose two automatic evaluation metrics to vali-

date explanations: deletion and insertion. For this, features are removed 

from or added to a test sample one by one 

5 while keeping track of the 

model’s ability to classify that test sample correctly. The removal or 

inclusion of features is established by replacing the feature-ID bound 

vector (v 𝐼𝐷 𝑗
⊕ v 𝜙(𝑥𝑖,𝑗 

) 

) of the considered feature(s) with a randomly gen-

erated HV in Eq. (6). Features are removed or added based on their 

importance predicted with the proposed explanation method with de-

creasing importance, i.e., the most important feature is removed or 

added first while investigating the effect on the classification perfor-

mance. In the original article [4], the classification performance is 

measured through the probability of the predicted class. The higher this 

probability, the lower the probability of the other classes, because they 

sum up to one. In contrast, the similarities between the test sample’s HV 

and the class prototypes do not sum up to one. Therefore, a relative sim-

ilarity is needed as a measure of classification performance which can 

be defined as the confidence with which the class of the considered test 

sample is predicted [52]:

𝑐(v𝑥𝑖,𝑓 ) = 

{

𝑠(v𝑥𝑖,𝑓 , c 𝑦 𝑖
) − 𝑠(v 𝑥𝑖,𝑓 

, c 𝑦̂ 𝑖 

), if 𝑦̂𝑖 ≠ 𝑦 𝑖

𝑠(v𝑥𝑖,𝑓 , c 𝑦 𝑖
) − 𝑠(v 𝑥𝑖,𝑓 

, c𝑦′𝑖 ), if 𝑦̂𝑖 = 𝑦 𝑖
for 𝑖 = 1 … 𝑁 𝑡𝑠

(17)

with v𝑥  

the sample’s HV
𝑖,𝑓

 excluding
 

𝑓 features, 𝑦̂ 𝑖 = 

arg max 𝑙=1… 𝐶𝑠(v𝑥 )
𝑖,0
, c  and𝑙  

′
  

 

𝑦 the𝑖  class with the second highest 

similarity to the sample. As such, the confidence will be positive when 

the sample has been correctly classified, i.e., the similarity of the sample 

to the prototype of the correct class 𝑠(v𝑥 is
𝑖,𝑓
, c 𝑦 )𝑖   higher than the  

  

one
  

to the other classes, and vice versa. Hence, a higher confidence value 

indicates better classification performance.

This deletion and insertion procedure is performed for all test 

samples and five different initializations using the explanation output 

obtained not only for the original classifier but also for the coherence 

check models. As such, the deletion and insertion metric of the feature 

importances of the original classifier can be compared to those of the 

coherence check models. This study provides the first application of the 

deletion and insertion metric to the coherence check models.

A quantitative comparison of the different models’ deletion and in-

sertion curves is performed by calculating the AUC [4]. For this, the 

confidence values are min-max scaled to a range of values [0, 1]. A sharp 

drop or increase in confidence is expected at the beginning of the grad-

ual removal or inclusion of features, respectively, for a sample initially 

correctly classified by the classifier before removing any of the features,

5 Because of the large number of features in the UCIHAR and ISOLET data 

sets, the deletion/insertion of features is done in groups of 50 features.

i.e., the AUC should ideally be as small or as high as possible, respec-

tively. In contrast, the deletion or insertion curve of a sample that has 

been wrongly classified by the initial classifier should ideally have an 

AUC value as large or as small as possible, respectively, corresponding 

to a sharp increase or drop in confidence at the beginning of the deletion 

or insertion procedure, respectively.

Results. The deletion and insertion curves for a correctly and a wrongly

classified test sample of the CTG data set can be found in Figs. B.7 and 

B.8 in Appendix B.1. All average AUC values of the test samples of CTG, 

UCIHAR, and ISOLET for the various models are given in Table 3. The 

test samples are split into two groups based on whether they are cor-

rectly or wrongly classified by the original classifier. From the table 

it can be seen that the AUC values of the original classifier are lower 

(and higher) than those of the coherence checks for the correctly (and 

wrongly) classified samples. Consequently, the proposed explanation 

method can predict the feature’s degree of contribution to the classifi-

cation of a test sample faithfully. Please refer to Appendix B.1 (Fig. B.9) 

for additional results.

5.2.3. Alignment with LIME explanations

Although there are no HDC explanation methods available, Ribeiro 

et al. [5] proposed LIME as an explanation method suitable for any 

classifier. Therefore, the output of the proposed purely HDC-based ex-

planation method is compared to the output of LIME explaining an HDC 

classifier where the class similarities are min-max scaled to obtain prob-

abilities. For this, the LIME explanation method is applied to the five 

different initializations of the trained HDC classification model follow-

ing their publicly available tutorial 6 and code. 7 More specifically, 5000 

samples are sampled around the sample to be explained with Gaussian 

sampling, a Ridge regression model is learned on this neighborhood 

data, and explanations are computed for the one class with the highest 

probability.

Results. The obtained feature contributions (Fig. B.6(e) in

Appendix B.1) are compared to those obtained with the proposed 

explanation method using a Spearman rank correlation and the deletion 

and insertion metrics. Results are included in Tables 2 and 3 and 

Figs. B.7–B.9. The Spearman rank correlation is larger than zero 

indicating an alignment of the proposed explanation method with LIME 

explanations. However, the correlation for UCIHAR and ISOLET is low 

due to the large number of features. More specifically, the chance that a 

feature is ranked at exactly the same importance position decreases with 

increasing number of features. The average AUC values of the deletion 

and insertion curves are slightly worse than those of the proposed 

explanation method. Table 4 compares the average time needed by the 

proposed and the LIME explanation methods to explain the outcome 

of a test sample of the three data sets. The table highlights that the 

proposed explanation method, compared to the LIME explanation 

method, is roughly 34 times faster for the CTG data set, 17 times faster 

for the UCIHAR data set, and 4 times faster for the ISOLET data set.

5.3. Model interpretation validation 

5.3.1. Coherence checks

The random importance test described in Section 5.2.1 is employed 

to validate the output of the proposed interpretation method.

Results. The importance of each feature is computed for the classifi-

cation model of the three data sets and five initializations (Fig. B.10 

in Appendix B.2). Fig. 4(A) and (B) show the similarity between each 

class prototype and the stored HVs of all quantization levels (Eq. 12) for

6 https://marcotcr.github.io/lime/tutorials/Tutorial-continuousandcat 

egoricalfeatures.html.
7 https://github.com/marcotcr/lime/blob/master/lime/lime_tabular.py.
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Table 3 

Deletion and insertion metrics. The average area under the deletion (a) and insertion (b) curves using feature importance 

values obtained with the different models for the test samples split into two groups (i.e., those that are correctly and wrongly 

classified with the original classifier) of the CTG, UCIHAR, and ISOLET data set, averaged over all five random initializations.

(a) Deletion metric.

CTG UCIHAR ISOLET

Correct Wrong Correct Wrong Correct Wrong

original classifier 0.313 ± 0.006 0.639 ± 0.004 0.314 ± 0.005 0.586 ± 0.018 0.322 ± 0.007 0.443 ± 0.026
model rand. 1 0.500 ± 0.012 0.502 ± 0.011 0.546 ± 0.007 0.558 ± 0.014 0.587 ± 0.006 0.590 ± 0.011
data rand. 2 0.445 ± 0.024 0.489 ± 0.023 0.592 ± 0.018 0.600 ± 0.060 0.627 ± 0.006 0.630 ± 0.007
rand. importance 

3 0.478 ± 0.011 0.531 ± 0.013 0.450 ± 0.007 0.509 ± 0.007 0.499 ± 0.001 0.492 ± 0.010
LIME [5] 0.432 ± 0.011 0.570 ± 0.008 0.441 ± 0.010 0.511 ± 0.003 0.493 ± 0.003 0.494 ± 0.005

(b) Insertion metric.

CTG UCIHAR ISOLET

Correct Wrong Correct Wrong Correct Wrong

original classifier 0.643 ± 0.016 0.423 ± 0.017 0.618 ± 0.012 0.443 ± 0.012 0.663 ± 0.006 0.554 ± 0.022
model rand. 1 0.491 ± 0.024 0.493 ± 0.029 0.459 ± 0.010 0.451 ± 0.023 0.419 ± 0.002 0.417 ± 0.007
data rand. 2 0.508 ± 0.015 0.499 ± 0.036 0.454 ± 0.013 0.454 ± 0.037 0.388 ± 0.004 0.380 ± 0.009
rand. importance 

3 0.478 ± 0.010 0.534 ± 0.006 0.470 ± 0.007 0.507 ± 0.003 0.520 ± 0.003 0.505 ± 0.006
LIME [5] 0.518 ± 0.012 0.504 ± 0.012 0.478 ± 0.005 0.500 ± 0.005 0.527 ± 0.003 0.504 ± 0.003

Data are mean ± standard deviation across five random initializations.
1 Model parameter randomization test. 
2 Data randomization test. 
3 Random importance test.

Table 4 

Model explanation. The average time (in sec/sample) needed to explain 

the outcome of one test sample of the CTG, UCIHAR, and ISOLET data set 

for the proposed and the LIME explanation method [5], averaged over 

all five random initializations.

CTG UCIHAR ISOLET

Proposed 38.74 ⋅ 10 

−3 ± 2.58 ⋅ 10 

−3 9.30 ± 0.39 32.22 ± 0.85
LIME [5] 1.33 ± 0.07 160.24 ± 0.84 124.33 ± 3.71

Data are mean ± standard deviation across five random initializations.

the five most and five least discriminative features, respectively, for the 

original classifier trained on the CTG data set for one random initializa-

tion of the model. It can immediately be seen that the similarity curves 

of the three classes of the original classifier are distinct for the five most 

discriminative features, while these are highly similar for the five least 

discriminative features.

The output of the proposed interpretation method reveals that the 

three most discriminative features (Fig. 4(A)) are the percentage of time 

with abnormal long term variability (ALTV) which is low for Normal, 

average for Suspect and high for Pathologic; the percentage of time with 

abnormal short term variability (ASTV) which is low for Normal and high

Table 5 

Model interpretation. The time (in sec) needed to interpret the 

classifier of the CTG, UCIHAR, and ISOLET data set for the 

proposed interpretation method, averaged over all five random 

initializations.

CTG UCIHAR ISOLET

Proposed 0.07 ± 0.03 15.05 ± 1.20 242.34 ± 5.98

Data are mean ± standard deviation across five random initializa-

tions.

Table 6 

Model interpretation. The Spearman rank correlation between the interpreta-

tion output of the original classifier and the output of the random importance 

test for the CTG, UCIHAR, and ISOLET data set, averaged over all five random 

initializations.

CTG UCIHAR ISOLET

random importance test −0.112 ± 0.323 0.009 ± 0.043 0.016 ± 0.027

Data are mean ± standard deviation across five random initializations.

Fig. 4. Model interpretation. The similarity vector for the five most discriminative (A) and five least discriminative (B) features of the three class prototypes (Eq. 12) 

of the CTG data set for the original classifier, obtained for one random initialization of the models.
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Table 7 

Feature ablation study. The area under the feature ablation curve of the training and test sets using feature importance 

values obtained with the different models, averaged over all five random initializations.

CTG UCIHAR ISOLET

train test train test train test

original classifier 0.589 ± 0.026 0.610 ± 0.024 0.499 ± 0.011 0.478 ± 0.005 0.532 ± 0.011 0.505 ± 0.010
rand. importance 

1 0.775 ± 0.011 0.739 ± 0.038 0.643 ± 0.012 0.612 ± 0.021 0.660 ± 0.005 0.623 ± 0.007

Data are mean ± standard deviation across five random initializations.
1 Random importance test.

for Suspect and Pathologic; and the minimum of the FHR histogram (Min) 

which is average for Normal, high for Suspect and low for Pathologic.

Table 5 includes the time needed to interpret the classifier for the 

three data sets, highlighting a fast execution of the proposed interpreta-

tion method.

Table 6 contains the average Spearman rank correlation between 

the interpretation output of the original classifier and the output of the 

random importance test for the three data sets. All Spearman correla-

tion values tend to be close to zero, demonstrating the quality of the 

proposed interpretation method.

5.3.2. Feature ablation study

The feature ablation study is highly similar to the deletion metric 

(Section 5.2.2) with the only difference being that the classification 

performance is quantified using the classification accuracy for the train-

ing and test sets. The study is performed on the original classifier and 

the random importance test. The classification accuracy ideally shows a 

sharp drop at the beginning of the feature ablation study because most 

important features are ablated first. This corresponds to an AUC value 

that is as small as possible.

Results. Fig. B.11 in Appendix B.2 shows the feature ablation curves

for the different models. The AUC values of the feature ablation curves 

for the different models for both the training and test sets of the three 

data sets are given in Table 7. The AUC of the original model is lower 

than that of the random importance test for all data sets such that the 

proposed interpretation method can be considered faithful.

6. Conclusion

This work proposes an explanation and an interpretation method 

using hyperdimensional computing and its efficient operations. This

method has been evaluated successfully on three tabular data sets with a 

diverse number of samples, features, and classes. Its quality is validated 

with randomization tests, and a feature ablation study and the deletion 

and insertion metric have highlighted the faithfulness of the method. 

The explanations obtained with the proposed method are shown to 

be aligned with the well-known LIME explanations. A natural progres-

sion of this work is to analyze how the operations of hyperdimensional 

computing can be employed to produce counterfactual explanations. 

Another further study could extend and/or adjust the proposed methods 

to be applied to other data types such as images.
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Appendix A. Notation

A summary of notation can be found in Table A.8.

Table A.8 

List of symbols (HV = hypervector).

Symbol Definition Symbol Definition

𝑥 𝑖 sample 𝑖 in feature space 𝑑 number of features (𝑗 = 1 … 𝑑)
𝐶 number of classes (𝑙 = 1 … 𝐶) 𝑁 number of samples (𝑖 = 1 … 𝑁 )

𝑁 𝑡𝑟 number of training samples 𝑁 𝑡𝑠 number of test samples

𝑙 𝑗 minimum value of 𝑗th feature 𝑢 𝑗 

maximum value of 𝑗th feature 

𝑦 𝑖 class label of 𝑖th sample 𝑦̂ 𝑖 predicted class of 𝑖th sample

𝑦′𝑖 class with second highest similarity

𝑠( ) similarity function 𝐻( ) Hamming distance 

𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖( ) Bernoulli distribution [ ] binarization function, i.e., majority rule

+ component-wise addition operator ⊕ component-wise XOR operator

𝜙( ) quantization function ⌈ ⌉ ceiling function

𝐷 number of components in HVs (𝑘 = 1 … 𝐷) 𝑄 number of quantization levels (𝑞 = 1 … 𝑄) 

v, a, b, c, d, x dense binary HVs X non-binary, integer HV, compositional HV 

v 𝑥 𝑖 
HV of 𝑖th sample v 𝐼𝐷𝑗

HV of 𝑗th feature

v 𝑞 HV of 𝑞th quantization level
C 𝑙 

bundle of 𝑙th class c 𝑙 prototype of 𝑙th class

𝑐(v𝑥 𝑖 
) confidence of 𝑖th sample 𝛼 confidence threshold

𝑠 𝑗,𝑙 vector of similarity values for 𝑞𝑗 ,𝑙 

estimated quantized value of

𝑗th feature and 𝑙th class𝑗th feature and 𝑙th class 

𝑟 Spearman rank correlation coefficient 𝑟𝑗 model-level importance value of 𝑗th feature

△𝑟 𝑗,𝑖 sample-level importance value of 

𝑗th feature for 𝑖th sample
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Appendix B. Additional results 

B.1. Model explanation

Fig. B.5 shows a CTG test sample’s feature vector and the class proto-

types of the considered classifiers mapped to the original feature space 

where the feature vectors contain the quantized feature values deter-

mined with Eq. (13). The similarities of the sample’s HV to each of 

the class prototypes are also mentioned. Given that the class prototypes 

of the model parameter randomization test are randomly generated, it 

is trivial that the sample’s HV and each class prototype are pseudo-

orthogonal, i.e., similarities are around 0.5. Since all class prototypes 

of the data randomization test are highly similar and the sample be-

longs to the Normal class, the similarities between each class prototype 

and the considered test sample’s HV are also comparable.

Fig. B.6 illustrates the contribution of each feature to the classifica-

tion of one CTG test sample for one random initialization of the model 

as the minimum difference in correlation coefficient calculated with Eq. 

(15); the higher the minimum difference in correlation of a feature, the 

more the feature contributed to the classification of the considered sam-

ple. There is no resemblance between the importance values obtained

with the coherence checks and those of the original model. In contrast, 

the output of the LIME explanation method and the proposed method 

on the original model roughly indicate the same features as most and 

least discriminative.

The deletion and insertion curves of one correctly classified test sam-

ple of the CTG data set using the model explanation output obtained 

with the original classifier, the coherence check models, and the LIME 

explanation method are shown in Fig. B.7. The figure also indicates to 

which class the test sample created with fewer features is classified, 

with the true class highlighted in green. Looking at the deletion curves, 

the confidence values of the original classifier decrease drastically when 

removing the first most important features after which the confidence 

values become negative. In other words, the model classifies the sample 

incorrectly when more than nine important features are not considered. 

In contrast, the deletion curves of the data randomization test and the 

random importance test show a more gradual decrease in confidence 

values. The model parameter randomization test shows a random behav-

ior regarding confidence values and class prediction. When comparing 

the deletion curve of the original classifier to those of the coherence 

checks, it can be concluded that the former shows the most desired be-

havior and that the proposed explanation method can determine which

Fig. B.5. Model explanation. A test sample’s feature vector and the class prototypes of the considered classifiers decoded to their quantized feature vector in the 

original space, i.e., [0, 100] 

21 , following Eq. (13) for the CTG data set and one random initialization of each model. The similarity of the test sample HV to each of the 

class prototypes is also mentioned.

Fig. B.6. Model explanation. The minimum difference in correlation coefficients (Eq. 15) of each feature for one test sample for the considered models, obtained for 

one random initialization of each model for the CTG data set. The five most discriminative and the five least discriminative features are highlighted in green and red, 

respectively. The other features are shown in blue.
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Fig. B.7. Deletion and insertion metric. Features are deleted (A) or inserted (B) 

with decreasing importance obtained with the different models for one correctly 

classified test sample of the CTG data set and one random initialization of the 

models. The confidence of prediction is shown in function of the number of 

features removed or added.

features contributed most to the classification of the considered test sam-

ple. When comparing the insertion curves of the coherence checks to the 

one of the original classifier, it is seen that the latter has an increase in 

confidence values and correctly predicts the sample after including the 

most important feature, while the former shows either no clear increase 

or a slower increase in confidence values. The deletion and insertion 

curves of the LIME explanations show a slower decrease and increase 

compared to the proposed explanation method, respectively.

The deletion and insertion curves of one wrongly classified test sam-

ple of the CTG data set using the model explanation output obtained with 

the original classifier, the coherence check models, and the LIME expla-

nation method are shown in Fig. B.8. The figure also indicates to which

Fig. B.8. Deletion and insertion metric. Features are deleted (A) or inserted (B) 

with decreasing importance obtained with the different models for one wrongly 

classified test sample of the CTG data set and one random initialization of the 

models. The confidence of prediction is shown in function of the number of 

features removed or added.

class the test sample created with fewer features is classified, with the 

true class highlighted in green. Looking at the deletion curves, the confi-

dence values of the original classifier increase drastically when removing 

the first most important features after which the confidence values sta-

bilize to a positive value. In the meantime, it is seen that the sample is 

constantly correctly classified when more than eight important features 

are not considered. In contrast, the deletion curves of the random im-

portance test show a slower increase in confidence values, and the one 

of LIME explanations does not stabilize to positive confidence values 

and fluctuates between a correct and wrong prediction. The randomiza-

tion tests show either a random behavior regarding confidence values
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and class prediction or a decrease in confidence values. When compar-

ing the deletion curve of the original classifier to those of the coherence 

check models, it can be concluded that the former shows the most de-

sired behavior and that the proposed explanation method can determine 

which features contributed most to the classification of the considered 

test sample. When comparing the insertion curves of the randomization 

tests to the one of the original classifier, it is seen that the latter has 

the desired decrease in confidence values and never correctly predicts 

the sample after including the most important feature, while the for-

mer shows random behavior or even an increase in confidence values. 

The insertion curves of the random importance test and LIME explana-

tions also show a decrease in confidence values, but these decreases are 

slightly slower than those of the original classifier.

Fig. B.9. Deletion and insertion metric. The deletion (A) and insertion (B) curves 

averaged across the CTG test samples that are correctly or wrongly classified 

with the original classifier for one random initialization for the considered mod-

els. The average confidence of prediction is shown in function of the number of 

features removed or added.

Fig. B.9 demonstrates the deletion and insertion curves averaged 

across all test samples of the CTG data set split into two groups, i.e., 

the samples that are correctly classified with the original classifier and 

those that are wrongly classified, for one random initialization of the 

models. These average curves are obtained by taking the average con-

fidence value across all correctly and wrongly classified test samples at 

each feature removal step. The average AUC values are also shown in 

the figure. The AUC values of the original classifier’s deletion curves are 

lower (and higher) than those of the coherence checks for the correctly 

(and wrongly) classified samples. Also, the insertion curves of the origi-

nal classifier show better AUC values compared to those of the coherence 

checks. Consequently, the proposed explanation method can predict the 

degree of contribution of features to the classification of a test sample 

faithfully.

B.2. Model interpretation

Fig. B.10 shows the discriminative power of each feature as the mean 

correlation coefficient (Eq. 16) for the considered models, obtained for 

one random initialization of each model for the CTG data set. The lower 

the mean correlation of a feature, the better the feature discriminates 

between the classes. The feature importance values of the two different 

models appear highly different from one another.

Fig. B.11 shows the feature ablation curves for the different models. 

The desired sharp drop at the beginning of the ablation is not seen for 

the original classifier. Instead, the decrease is rather gradual. This might 

be due to the property of structured similarity of the binding operation 

(Property 6). Namely, even if only one of the 21 features is removed, the 

remaining 20 feature value-ID bound pairs in the sample’s HV will stay

Fig. B.10. Model interpretation. The mean correlation coefficients of each fea-

ture (Eq. 16) for the considered models, obtained for one random initialization 

of each model for the CTG data set. The five most discriminative features and the 

five least discriminative features are highlighted in green and red, respectively. 

The other features are shown in blue.

Fig. B.11. Feature ablation study. Features are ablated with decreasing impor-

tance obtained with the different models for the CTG data set and one random 

initialization of the models. The classification accuracy for the training and test 

set is shown in function of the number of features ablated.
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similar to the corresponding 20 feature value-ID pairs in the class pro-

totypes. Hence, classification is not strongly influenced. Nevertheless, 

the feature ablation curve of the original classifier shows more desirable 

behavior in appearance and the AUC value than those obtained with the 

random importance test. Therefore, we can conclude that the proposed 

interpretation method faithfully identifies the features’ importance.

Data availability

The data sets are publicly available. 
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