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Abstract: Deep Learning (DL) has gained enormous popularity recently; however, it is an opaque
technique that is regarded as a black box. To ensure the validity of the model’s prediction, it is
necessary to explain its authenticity. A well-known locally interpretable model-agnostic explanation
method (LIME) uses surrogate techniques to simulate reasonable precision and provide explanations
for a given ML model. However, LIME explanations are limited to tabular, textual, and image data.
They cannot be provided for signal data features that are temporally interdependent. Moreover, LIME
suffers from critical problems such as instability and local fidelity that prevent its implementation
in real-world environments. In this work, we propose Bootstrap-LIME (B-LIME), an improvement
of LIME, to generate meaningful explanations for ECG signal data. B-LIME implies a combination
of heartbeat segmentation and bootstrapping techniques to improve the model’s explainability
considering the temporal dependencies between features. Furthermore, we investigate the main cause
of instability and lack of local fidelity in LIME. We then propose modifications to the functionality
of LIME, including the data generation technique, the explanation method, and the representation
technique, to generate stable and locally faithful explanations. Finally, the performance of B-LIME
in a hybrid deep-learning model for arrhythmia classification was investigated and validated in
comparison with LIME. The results show that the proposed B-LIME provides more meaningful
and credible explanations than LIME for cardiac arrhythmia signal data, considering the temporal
dependencies between features.

Keywords: B-LIME; cardiac arrhythmia; deep learning; electrocardiogram; explanation;
interpretation; LIME

1. Introduction

Deep Learning (DL) has proven its superiority in many application domains, includ-
ing image segmentation and recognition [1], speech recognition [2], natural language
processing [3], and security [4,5]. The rapid increase in the adoption of DL has led to
the implementation of sophisticated algorithms, such as Convolutional Neural Networks
(CNNs) [6] and Recurrent Neural Networks (RNNs) [7], to achieve better performance.
Despite this success, DL algorithms are opaque, difficult to interpret, and therefore consid-
ered black-box. The black-box nature of DL makes it challenging to gain a comprehensive
understanding of the inner workings after training, and thus it is difficult to explain model
predictions [8].

In some real-world applications, explanations are essential to establishing that the
model’s predictions are correct. For example, it is particularly important when DL models
are deployed in decision support systems in sensitive areas such as healthcare. In healthcare,
the interpretability of the DL model is essential to increasing the trustworthiness of the
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decision-making process. For example, in some regions, doctors are required by law [8] to
explain why they believe their patient has a particular disease. The lack of interpretability in
DL models prevents implementing them in real-world environments. Therefore, providing
insight into DL predictions is crucial to ensuring that these predictions are accurate, fair,
unbiased, and ethical, especially when decisions can significantly impact people’s lives [9].

The main goal of the field of interpretable deep learning is to provide insights into
DL model predictions in the form of visual explanations such as IF-THEN rules or feature
weights to push towards making the decisions of black-box models understandable [10].
To achieve interpretability, a large number of novel methods have been proposed that can
be categorized according to different criteria (refer to [9] for a detailed overview), such as
(i) complexity-related (intrinsic or post-hoc), (ii) model-related (model agnostic or model-
specific), and (iii) scope-related (local or global). In practice, model-agnostic approaches
are quite popular. The aim is to develop a separate technique that can explain the process
of decision-making in any ML model without explicitly interfering with the model’s
inner workings.

One such model-agnostic approach is the locally interpretable model-agnostic ex-
planation (LIME) [11]. LIME is a well-known explanation method used to simulate the
reasonable accuracy of a given ML model. LIME uses perturbation techniques to artificially
generate data points around the prediction and then trains an interpretable ML model to
explain the prediction. However, LIME has certain limitations and is only applicable to
explain tabular, texture, and image data but not time series data such as ECG signals. This
is because time series data has a special temporal dependency between features that need
to be taken into account to generate meaningful and credible explanations.

Other desired properties that LIME is safer from are instability and local fidelity. The
main reason for the instability of LIME is the perturbation technique that LIME uses to
generate random data points around the instance being explained. In addition, the linear
explanation algorithm and feature selection method used by LIME could also influence its
stability. Moreover, most research has mostly concentrated on computer vision and less
often on time series [12], which motivates us to address this academic gap in the literature.

To overcome these limitations, this paper proposes bootstrap LIME (B-LIME), an
improvement of LIME that mainly focuses on generating meaningful and credible ex-
planations for ECG signal data, taking into consideration the temporal dependencies
between features. B-LIME involves using a combination of heartbeat segmentation and
bootstrapping techniques to enhance the credibility and comprehensibility of explana-
tions by considering the time-based connections between features. In addition, B-LIME
introduces modifications to LIME, including the data generation technique, the expla-
nation algorithm, and the presentation technique, to ensure the credibility of the gene-
rated explanations.

To evaluate the validity of B-LIME compared to LIME, a hybrid classification model
called CNN-GRU is used. CNN-GRU is a combination of two powerful deep learning
algorithms, CNN and GRU, which are used to classify four types of arrhythmias from
the MIT-BIH lead II dataset. CNNs are well-suited for processing and analyzing data
that has a grid-like structure [13]. GRUs are a type of recurrent neural network (RNN)
that are designed to handle sequential data, such as time series or natural language [14].
By combining the strengths of CNNs and GRUs, a 1D-CNN-GRU network can process
both grid-like and sequential data. The use of a hybrid 1D CNN-GRU model for cardiac
arrhythmia classification in the case study further demonstrates the effectiveness of B-LIME
in providing interpretable explanations for deep learning models. From the experiment
results, B-LIME proves its superiority and ability to provide credible and meaningful
explanations for ECG data. The main contributions of this work can be summarized
as follows:

• Proposing B-LIME as an improvement of the LIME method for generating a credible
and meaningful explanation of ECG signal data, taking into account the signals’
temporal dependency, and comparing performance to LIME.
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• Proposing a data-generation technique that is locally faithful to the neighborhood of
the prediction being explained to generate credible explanations.

• Proposing an explanation method that simulates the reasonable accuracy of the original
ML model and generates meaningful explanations.

• Proposing a visual representation of LIME on the ECG dataset by applying a heatmap
to highlight important areas on the heartbeat signal that the CNN-GRU mode uses
for prediction.

• Developing a hybrid 1D CNN-GRU model combining two powerful deep learning
algorithms to classify four types of arrhythmias from ECG lead II.

The remainder of this article is structured as follows:
Section 2 reviews related work on optimizing LIME instability and discusses their

proposed work. Section 3 explains the methods behind LIME and its functionality, including
the B-LIME enhancement to generate credible and meaningful explanations for heartbeat
signals. Section 4 shows a case study of cardiac arrhythmia classification using a hybrid
CNN-GRU model. Section 5 discusses the results of the hybrid CNN-GRU model along
with its prediction explanations that B-LIME generates and compares them with LIME
explanations. Section 6 provides a conclusion and future direction for this work.

2. Related Work

The term interpretability and explainability in machine learning are widely gaining
momentum in the literature. The various approaches to interpretability have been discussed
in our previous review paper [9]. Post-hoc is a popular approach as it has the flexibility for
the examination of a relationship or effect after the DL model has been trained [15].

It refers to any interpretation technique used to get insight from a trained machine
learning model without affecting the model’s internal work. Post-hoc methods can be cate-
gorized into model-agnostic methods that can apply to any machine learning algorithms,
such as LIME [11], SHAP [16], and anchors [17], and model-specific methods that are only
applicable to specific machine learning algorithms, such as CAM [18], Grad-CAM [19], and
Layer-Wise Relevance [20].

LIME [11] is a well-known, locally interpretable, model-agnostic explanation method.
It trains a surrogate model to simulate a given ML model and explain its predictions. LIME
artificially generates data points around the instance that need explanation using pertur-
bation techniques and then trains a linear ML model to generate explanations. However,
due to the linearity and random perturbation techniques that LIME employs to generate
explanations, LIME suffers from some problems that influence its implementation in critical
fields such as healthcare and finance. Therefore, many extensions have been proposed to
tackle the problem of instability and linearity in LIME [21–29].

Guided-LIME [21] is a variant of LIME that aims to address the issues of instability and
linearity in the original LIME method by introducing a Formal Concept Analysis (FCA) for
the structured sampling of instances. FCA is a method used to analyze a training dataset to
identify feature implication rules. These rules are then used to select appropriate samples
for training a surrogate, explainable model.

OptiLIME [22] is a method for optimizing the LIME algorithm. It aims to improve the
interpretability and stability of LIME using an optimization-based approach to find the
best set of weights for the features in the explanation. Authors in OptiLIME highlight the
trade-off between the LIME explanation’s stability and adherence and propose a framework
that automatically finds the best kernel width that maximizes stability while retaining a
predefined level of adherence.

ALIME [23] is an extension of LIME that provides modifications to improve the
instability and local fidelity of LIME. To improve stability, ALIME generates a large number
of data points in advance by sampling from a Gaussian distribution. To improve local
fidelity, it employs an autoencoder technique to weight the local model, resulting in a more
robust and accurate representation of the data.
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MeLIME [24] is proposed to improve the local explanations of LIME, considering
the dataset distribution of the DL model to generate meaningful explanations. MeLIME
investigates four different types of data generation, namely Kernel Density Estimator
(KDE), Principal Component Analysis (PCA), Variational Auto Encoder (VAE), and Word
to Vector (Word2vec).

In K-LIME [25], the predictions of complex response functions are explained using local
generalized linear model (GLM) surrogates. Instead of simulated or perturbed observation
samples, local regions are defined by K clusters or segments that are chosen by the user. The
input training data is separated into K disjoint sets using K clustering, which segments the
local regions. Each cluster then applies a local general linear model, and the K is adjusted
to maximize the R2 for all local models. LIME-SUP [26] is an improvement of K-LIME
and replaces the unsupervised clustering technique used in K-LIME with a supervised
partitioning tree to improve the explanations.

NormLIME [27] is a technique that combines and standardizes multiple local explana-
tions to estimate the overall significance of all features used by the model. In NormLIME,
the feature importance scores are calculated based on the difference between the model’s
predicted class probabilities for the instance being explained and the neighborhood of the
instance in the input space after normalizing the input features. This normalization helps
to control for the scale of the input features and ensures that the feature importance scores
are more representative of the model’s decision-making process.

DLIME [28] is a technique for explaining the predictions of machine learning models,
particularly those used in computer-aided diagnosis systems. It is an extension of the
LIME algorithm that addresses the lack of determinism in the explanations provided by
LIME. In DLIME, instead of using random perturbation, DLIME employs agglomerative
Hierarchical Clustering (HC) to group the training data and K-Nearest Neighbor (KNN) to
identify the appropriate cluster for the instance being explained. Once the relevant cluster
is identified, a linear model is trained on the selected cluster to produce explanations.

LIME-Aleph [29] aims to provide a more interpretable explanation for black-box
classifiers by combining LIME and Automated Learning of Rules and Patterns (Aleph).
It applies the Inductive Logic Programming approach Aleph to generate explanations in
terms of logic rules to capture combinations of features and relations between the features.
Aleph is a system for learning first-order rules from examples and has a powerful inference
engine for searching for complex relational rules. The paper suggests that by combining
LIME and Aleph, it is possible to approximate non-linear decisions with relational rules
that may be more understandable for humans.

AudioLIME [10] is a technique for providing interpretable explanations for predictions
made by audio-based machine learning models. It is an extension of LIME that uses source
separation algorithms to provide listenable explanations from waveform-based predictions.
It works by breaking down the audio signal into small segments and applying the LIME
algorithm to these segments to provide explanations for the model’s predictions. The
perturbations used in audioLIME are created by switching on/off components extracted by
source separation to generate listenable explanations.

G-LIME [30] is a global-to-local method that first estimates global feature importance
using a global prior and then explains the predictions for each instance locally by fitting a
linear model to the most important features. The global prior is used to identify a subset
of the data that can be closely related to the sample being explained. This subset is then
analyzed in more granular detail, with the output providing a better understanding of the
model’s behavior.

S-LIME [31] uses LIME and adds a stabilization algorithm to make the output results
more reliable. S-LIME uses a statistical approach to ensure the stability of the explanations
it generates by determining the number of perturbation points needed. It analyzes the
Least Angle Regression (LARS) algorithm and quantifies the asymptotic statistics involved
in selecting the next variable. With the help of a hypothesis testing procedure, S-LIME can
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automatically and adaptively determine the number of perturbations required to provide a
stable explanation.

SurvLIME [32] framework is introduced as a modification of the LIME method. The
central concept of the proposed methods involves using the Cox proportional hazards
model to approximate the survival model in the vicinity of a test example. This choice
is motivated by the fact that the Cox model considers a linear combination of example
covariates, allowing for the coefficients of the covariates to be interpreted as having quan-
tifiable impacts on the prediction. SurvLIME-Inf [33] is a modified version of the SurvLIME
framework that is adapted to the characteristics of survival datasets. Specifically, this
new methodology takes into account potential differences between the observed and
predicted values.

In this work, comprehensive modifications to LIME functionality have been proposed
to handle LIME instability and local fidelity limitations. B-LIME is an improvement of
LIME that focuses mainly on generating meaningful explanations for ECG signal data
taking into consideration the temporal dependencies between the features. Moreover, to
ensure the credibility of the generated explanations, B-LIME proposes some modifica-
tions to LIME, including data generation techniques, explanation methods, and represen-
tation techniques.

3. Materials and Methods
3.1. LIME Explanation Technique

LIME is a surrogate model that creates an interpretable linear model over the main
model that is locally faithful to the instance being explained (reference). First, it cre-
ates a new dataset of the original data point and the underlying model predictions by
disturbing their features. It then trains an interpretable linear model weighted by the
similarity of the perturbed dataset to the reference. Figure 1 presents the LIME procedure to
generate explanations.

Processes 2023, 11, x FOR PEER REVIEW 5 of 20 
 

 

S-LIME [31] uses LIME and adds a stabilization algorithm to make the output results 

more reliable. S-LIME uses a statistical approach to ensure the stability of the explanations 

it generates by determining the number of perturbation points needed. It analyzes the 

Least Angle Regression (LARS) algorithm and quantifies the asymptotic statistics in-

volved in selecting the next variable. With the help of a hypothesis testing procedure, S-

LIME can automatically and adaptively determine the number of perturbations required 

to provide a stable explanation. 

SurvLIME [32] framework is introduced as a modification of the LIME method. The 

central concept of the proposed methods involves using the Cox proportional hazards 

model to approximate the survival model in the vicinity of a test example. This choice is 

motivated by the fact that the Cox model considers a linear combination of example co-

variates, allowing for the coefficients of the covariates to be interpreted as having quanti-

fiable impacts on the prediction. SurvLIME-Inf [33] is a modified version of the SurvLIME 

framework that is adapted to the characteristics of survival datasets. Specifically, this new 

methodology takes into account potential differences between the observed and predicted 

values. 

In this work, comprehensive modifications to LIME functionality have been pro-

posed to handle LIME instability and local fidelity limitations. B-LIME is an improvement 

of LIME that focuses mainly on generating meaningful explanations for ECG signal data 

taking into consideration the temporal dependencies between the features. Moreover, to 

ensure the credibility of the generated explanations, B-LIME proposes some modifications 

to LIME, including data generation techniques, explanation methods, and representation 

techniques. 

3. Materials and Methods 

3.1. LIME Explanation Technique 

LIME is a surrogate model that creates an interpretable linear model over the main 

model that is locally faithful to the instance being explained (reference). First, it creates a 

new dataset of the original data point and the underlying model predictions by disturbing 

their features. It then trains an interpretable linear model weighted by the similarity of the 

perturbed dataset to the reference. Figure 1 presents the LIME procedure to generate ex-

planations. 

 

Figure 1. LIME procedure to generate explanations. 

The functionality of LIME can be summarized as follows: 

To explain a particular prediction 𝑥, LIME generates synthetic data 𝑍 around the 

prediction using the Gaussian sampling technique. The Gaussian sampling technique uses 

the mean and standard deviation of the reference distribution to generate a disturbing 

dataset from the parameterized normal distribution. However, this needs to include the 

correlation between features, which can lead to an unlikely and unrealistic dataset [21]. 

Then, LIME calls the black box model 𝑓 to generate predictions 𝑦𝑧 for each instance in 

the disturbed dataset 𝑧 in 𝑍. To sample the disturbed dataset around the reference and 

ensure local fidelity, LIME uses the Euclidean distance metric 𝜋. The Euclidean distance 

metric weights the proximity of the disturbing instance by assigning higher weights to 
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The functionality of LIME can be summarized as follows:
To explain a particular prediction x, LIME generates synthetic data Z around the

prediction using the Gaussian sampling technique. The Gaussian sampling technique uses
the mean and standard deviation of the reference distribution to generate a disturbing
dataset from the parameterized normal distribution. However, this needs to include the
correlation between features, which can lead to an unlikely and unrealistic dataset [21].
Then, LIME calls the black box model f to generate predictions yz for each instance in the
disturbed dataset z in Z. To sample the disturbed dataset around the reference and ensure
local fidelity, LIME uses the Euclidean distance metric π. The Euclidean distance metric
weights the proximity of the disturbing instance by assigning higher weights to points
closer to the reference πx(z). This allows LIME to establish a local image of the decision
area around the reference point. Feature selection is then performed to keep only the most
important features and ensure the explanations’ understandability. However, due to the
random perturbation generating the disturbed dataset, a slight change in the data can lead
to significant changes in the selected feature subset [34]. Therefore, ignoring the stability
problem of the feature selection algorithm may lead to the wrong explanation [35]. Finally,
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LIME trains a locally weighted ridge regression model g by fitting the disturbed dataset Z,
the disturbed labels yz and the weights πz. The coefficients of the ridge regression model
are used as explanations. To generate explanations, LIME uses the following formula:

ε(x) = argmung∈GL( f , g, πx) + Ω(g) (1)

ε(x) is the interpretable model explanation, L( f , g, πx) is the measurement of how
unfaithful g is in imitating f in the locality πx, and Ω(g) is the measurement of the
complexity of the local model g.

3.2. The Proposed B-LIME Technique

LIME has several packages that can provide explanations for various ML models.
Moreover, LIME explanations mainly focus on two aspects: the ML algorithm and the type
of dataset, i.e., tabular, texture, or image. Unfortunately, LIME does not have any packages
to represent explanations of signal data. Therefore, the proposed B-LIME improves the
LIME interpretation technique by providing explanations to signal data such as ECG
arrhythmias. Figure 2 presents the B-LIME procedure to generate explanations.
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B-LIME mainly focuses on generating credible and meaningful explanations for heart-
beat signals, taking into consideration the temporal dependencies between features. More-
over, to ensure the credibility of the generated explanations, B-LIME proposes modifi-
cations to LIME, including the data generation technique, the explanation method, and
the representation technique. Algorithm 1 represents the proposed B-LIME algorithm
in pseudocode.

To compute the time complexity of the proposed B-LIME extension, we use asymptotic
notations, namely big-O analysis. The easiest approach to comparing an algorithm’s time
complexity is to determine how many basic (or dominating) operations the algorithm must
perform to converge. This calculation may be conducted using the big O notation, which is
a common representation of time complexity [36]. Evidently, the quantity of incoming data
affects how many dominating processes are present [37].

When referring to an algorithm’s time complexity, we mean the relationship between
the algorithm’s input size and the amount of time it takes to run. From this, we can see that
B-LIME uses three operations. The first operation is to calculate the distance between the
heartbeat being explained x and the generated dataset bX.

This operation runs (n− 2) times for all instances in the dataset bX except the instance
being explained. The second operation calls the random forest algorithm to provide feature
weight to the instance bX[i]. Random Forest is an ensemble model of decision trees that
contains M treas. Biau [38] induct the time complexity of the random forest as follows:

Mdnlog(n)

where M is the number of trees, d is the number of features and n is the number of instances
in the dataset. The third operation is to call the heatmap for each instance and return the
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results. In the worst case, if the condition is always met, the total number of operations and
therefore time complexity of B-LIME can be expressed as follows:

T(n) = 2n2Mdlog(n)− 4nMdlog(n)

Algorithm 1: B-LIME pseudocode

Input : ECGRecord(L2), Windowsize(w), SamplSize(s), Predictions(p), Model(F)
Output: Explanations
Start Algorithm (B-LIME)
Phase 1, Split ECG record into heartbeats

1 | Function HeartbeatSplit(L2, w) :
2 | Initialize QRS, heartbeat← { }
3 | QRS = L2.ExtractQrsPositions()
4 | While(peak in QRS)do
5 | start, end = peak− w//2, peak + w//2
6 | heartbeat.append(l2[start : end])
7 | end While
8 | Return heartbeat

Phase 2, Bootstrapping resampling
9 | FunctionBootstrap(HeartbeatSplit (L2, w), SamplSize(s)) :
10 | Initializeboots← {}
11 | For i f rom 0 to s do
12 | idx =random integer between 0 andlen(heartbeat)
13 | boots.append(heartbeat[idx])
14 | end For
15 | Return boots

Phase 3, Generate explanations
16 | Function RandomForest (data, p):
17 | Initializedata, f orest, f eatures← {}
18 | label = F(data)
19 | data = concatenate (Bootstrap (HeartbeatSplit (L2, w), SampleSize (s)), label)
20 | neighborhood = Pairwise distance between (p, data)
21 | For i f rom 0 to s do
22 | BootstrappedData = Bootstrap(data, 100)
23 | tree = DecisionTree(BootstrappedData, neighborhood)
24 | f orest.append(tree)
25 | end For
26 | f eatures = f orest.FeaturImportant

27
| explaination = heatmap ( f eatures, cmap = ′Reds′,

aspect = ′auto′, interpretation = ′neartest′,
alpha = 0.5)

28 | Plot (explaination, p)
29 End;//Algorithm

The big O notation specifies the most dominant term in an algorithm’s time complexity
and, therefore, the way its execution time is affected by changing the input size. Most times,
instead of considering the whole equation of the complexity, we just keep the highest order
term, as it usually dominates the rest, especially as the input size n grows. With all this
previous information, we would say that the time complexity of the B-LIME algorithm is.

T(n) = 2n2Mdlog(n)

From the previous equation, it is clear that the time complexity of B-LIME depends on
the number of instances in the dataset n, the number of trees in the random forest M and
the number of features each instance has d.
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3.2.1. Data Generation

When generating disturbing data, time series data have special bonds between features
that should be considered. However, as mentioned in Section 3.1., LIME generates random
data points around the reference using the Gaussian sampling technique and ignores
the correlation between features, resulting in unrealistic data points. To overcome these
limitations, we propose a data generation technique that benefits from the ECG architecture
and bootstrapping technique. Each ECG record generally contains a different number
of heartbeats depending on time, frequency, and the patient’s heart rate. For example,
record 100 from MIT-BIH is 30 min long, has a frequency of 360, and is segmented into
2271 heartbeats. Therefore, instead of using random perturbation techniques to generate
data as in LIME, B-LIME segments the ECG record into heartbeats and then implements
the bootstrapping technique to generate a resampling data point. Figure 3 illustrates the
difference between the LIME and B-LIME perturbation techniques. As shown in the figure,
the B-LIME is more faithfully localized to the neighborhood of the given instance (blue
dot), and the generated data are more realistic to the original heartbeat.
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Bootstrapping is a statistical method that involves resampling a sample with replace-
ments to generate new data. This can be useful for a variety of purposes, including
generating additional data for training machine learning models, constructing confidence
intervals for sample statistics, and evaluating the stability and robustness of models [39].
One common use of bootstrapping for data generation is in the context of training machine
learning models [40]. When working with a limited amount of data, it can be useful to
artificially generate additional data by resampling the existing data. This can be done
by selecting a random subset of the data, with the possibility of selecting the same data
point multiple times, and then using this subset as a new “bootstrapped” sample. This
process can be repeated multiple times to generate multiple bootstrapped samples [41].
The resampling approach offers unbiased estimates since it is based on random samples of
all conceivable data outcomes [42].

One of the key advantages of the B-LIME data generation technique is that it takes
into account the correlation between features in time series data. By segmenting the ECG
record into heartbeats, the technique preserves the temporal dependencies between the
ECG features, which leads to more realistic and informative data points compared to
LIME’s random perturbation technique. Furthermore, B-LIME uses a statistical method
called "bootstrapping," which involves resampling a sample with replacement in order to
get new data. This technique is commonly used to generate additional data for training
machine learning models and evaluating the stability and robustness of those models. By
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resampling the existing data with replacement, the bootstrapping technique generates new
data points that are similar to the original data but not identical. This allows for a more
thorough exploration of the underlying patterns and relationships in the data.

The B-LIME data generation technique is robust as it is based on random samples
of all conceivable data outcomes, which offers unbiased estimates. As shown in Figure 3,
the resampling approach provides more realistic and informative data points compared to
other data LIME.

3.2.2. Explanations Generation

To generate explanations, LIME builds a ridge regression model and uses the coef-
ficient to indicate the impact of each feature in the instance on the ML model. However,
ridge regression assumes linear relationships between features, which is not the case in
most situations. Moreover, it applies a penalty throughout the estimation process that is
proportional to the standard deviation of the coefficient. Ridge regression can be helpful
with a high-variance dataset that is not locally faithful to the original data. However, if
the data are locally faithful, the ridge regression penalty can be detrimental, distorting the
exact parameter values and leading to unstable explanations [22]. Therefore, we propose
Random Forest.

Random Forest (RF) is a machine learning algorithm that is easy to use, scalable, and
produces good results for both linear and non-linear relationships without requiring hyper-
parameter tuning [43]. It consists of a collection of Decision Trees (DTs) that are slightly
different from each other and implicitly perform feature selection to create uncorrelated
decision trees [44]. RF works by performing the following steps: (1) creating a bootstrapped
dataset by randomly selecting, with replacement, samples from the original dataset;
(2) training a decision tree on the bootstrapped dataset, but only using a random sub-
set of features at each step; and (3) repeating these steps 100 times and making a final
classification based on averaging the predictions of all the individual decision trees [45,46].
RF is preferred over LIME Ridge Regression because it can handle both linear and non-
linear relationships between features without requiring hyper-parameter tuning. It also
provides a variable importance measure and is easy to interpret. RF is different from ridge
regression in that it is a set of decision trees that automatically select features. This makes it
resistant to noisy data and eliminates the need for cross-validation [43]. Figure 4 compares
the feature importance generated by LIME and B-LIME.
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One of the advantages of random forests is that they are relatively easy to interpret
compared to some other machine-learning models. This is because the decision trees in a
random forest are individually interpretable, and the final prediction of the random forest
can be traced back to the individual decision trees [47]. Another way to interpret a random
forest is to look at the importance of the features. Many implementations of random forests
provide a feature importance measure, which tells you how important each feature is in
making predictions [48]. This can help identify the most important features in the model
and understand how they contribute to the final prediction.
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3.2.3. Heatmap

A heatmap is a graphical representation of data that can be used to visualize the rela-
tionships between variables and identify patterns or correlations in the data [49]. Heatmaps
are often used in machine learning to visualize the results of different algorithms or models.
Heatmaps can be used to identify patterns or trends in the data that may not be immedi-
ately obvious when looking at the raw data. For example, a heatmap might be used to
visualize the correlations between different features in a dataset or to identify areas where
an algorithm is performing particularly well or poorly. Heatmaps can be a useful tool for
interpreting machine learning models and understanding how they are making decisions.
In this research, the use of heatmaps to improve B-LIME explainability can be summarized
as follows:

• Identifying feature importance: Heatmaps can be used to visualize the importance
of different features in a model. This can help you understand which features are
most influential in the model’s predictions and can inform feature selection or feature
engineering efforts.

• Explaining model predictions: Heatmaps can be used to visualize the relationships
between different features and the model’s predictions. This can help to understand
how the model uses different features to make predictions and can provide insight
into the model’s decision-making process.

Heatmaps can be used to visualize the importance of different features in a model, the
relationships between different features, and the model’s predictions. This information
can inform feature selection or feature engineering efforts and provide insight into how
the model uses different features to make predictions. Overall, heatmaps can be a useful
tool for improving the interpretability of machine learning models and understanding how
they are making decisions.

4. Case Study

To validate the B-LIME explanation, we use the well-known MIT-BIH dataset [50]. It
has been employed for cardiac arrhythmia classification from ECG signals. Moreover, we
develop a hybrid deep learning model, CNN-GRU, to classify four types of arrhythmias.
The aim is to validate the B-LIME explanations and compare them to LIME. Figure 5
presents the schematic pipeline of the study.
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4.1. Data Preparation

In this work, the ECG lead II obtained from the MIT-BIH [50] dataset is used as a data
source to classify four arrhythmias according to the Association for the Advancement of
Medical Instrumentation (AAMI) standard EC57. The MIT-BIH dataset contains 48 ECG
recordings of a half-hour-long obtained from 47 patients. Each record has two types of ECG
signals: lead II and lead V5. The recordings were digitally converted to 360 samples per
second per channel with an 11-bit precision across a 10-mV range. To classify arrhythmias,
the 48 records were extracted and segmented into heartbeats with a length of 180. The
heartbeat signal is centered on the R-peak point to ensure that all the important features
such as the QRS complex, P-wave, and T-wave are extracted correctly. Moreover, all the
extracted beats have identical lengths, which is essential for training the model.

After segmenting the signals into heartbeats, the total number of heartbeats is 107,775
for the 48 records. The number of heartbeats for each class differs from one to another. The
heartbeats are categorized into 89,694 for normal beats, 6487 for ventricular ectopic beats,
2814 for supraventricular ectopic beats, 779 for fusion beats, and 24 for unknown beats. The
unknown beats have dropped because they contain unclassified beats [51]. The dataset has
been split into 75 percent training and 25 percent testing. We used the stratify parameter to
ensure that all the classes had been split equally into the training and testing data.

After checking the sample size of each class in the training dataset, we found a
significant imbalance among the four classes (i.e., class ‘N’ has 67,270, while class ‘F’ has
only 584). Therefore, a resampling technique was applied to the training data to remove
the imbalance between the classes and reduce overfitting. Unbalanced classes affect the
sensitivity of the model to the minority classes [52]. Therefore, a downsampling method is
applied to class ‘N’ to reduce the number of samples from 67,270 to 25,000 since it is the
majority class. An upsampling method is applied to the remaining classes ‘S’, ‘V’, and ‘F’
to increase the number of samples to 25,000, as they are the minority classes. The test data
is kept unchanged to prevent data leakage, which might lead to overfitting.

4.2. Training Classification Model

Two DL network algorithms (CNN-GRU) are combined into a single model to clas-
sify four classes of cardiac arrhythmias based on ECG lead II. CNNs are well-suited for
processing and analyzing data that has a grid-like structure, such as images [53]. They can
automatically learn features from the input data and are particularly effective at identifying
patterns and features that are important for the task at hand [54].

GRUs are a type of recurrent neural network (RNN) that are designed to handle
sequential data, such as time series or natural language [55]. They have a gating mechanism
that allows them to selectively retain or forget information from the past, which helps them
to model long-term dependencies in the data [56].

By combining the strengths of CNNs and GRUs, a 1D-CNN-GRU network can process
both grid-like and sequential data. This makes it a powerful tool for tasks such as natural
language processing [57], speech recognition [58], and time series forecasting [59].

The proposed hybrid model architecture contains two 1D CNN layers to extract
relationships between features and a GRU layer to support sequence feature extraction.
The output of the GRU layer is passed to a fully connected layer of four dense layers to
classify four types of arrhythmias.

1D-CNN is an alternative, modified version of CNN designed for 1D signals, especially
sparse data that is not suitable for traditional CNN [60]. Due to its compact and simple
configuration and performance, 1D-CNN is also suitable for real-time applications and
low-cost hardware implementations [13].

GRU is an improved version of RNN designed to solve the vanishing that occurs in
RNN during backpropagation. GRU has shown improvements in several applications,
including sequential and time-serial data [61]. The internal mechanisms (gates) of GRU
can regulate the flow of information to learn which data in a sequence is important to keep.
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The GRU contains two gates: a reset gate r to manage the addition of new input to the
existing memory and an update gate z to regulate memory retention [62].

A hybrid model of 1D CNN and GRU can provide a posterior probability that the
input sequence contains arrhythmias and achieve higher classification accuracy [63]. Fig-
ure 5 shows the architecture of the proposed hybrid 1D CNN-GRU model. 1D CNN can
efficiently extract important features and reduce the computational cost. However, it has
some limitations on sequential and time-series data as it requires some kind of memory
performance [64]. On the other hand, GRU performs well on such data because its internal
mechanisms can learn which data in the sequence is essential to keep. However, GRU is
time-consuming and computationally intensive. Therefore, proposing a hybrid model that
combines these two algorithms, 1D CNN and GRU, can improve the performance of the
model, reduce computational costs, and improve sequence prediction.

4.3. Experiments Setup

The experiment was implemented using the Python programming language on the
Anaconda platform. The Sklearn and TensorFlow libraries were used to build and evaluate
the model, and the LIME library was used to employ LIME.

An intensive experiment was conducted to select the minimal model architecture
with optimal parameters to improve the model’s performance and reduce training time.
We believe that if the model has a great performance, that will lead to better explanation
outcomes. The architecture of the proposed hybrid model consists of two blocks for CNN
and another block for GRU. Each CNN block consists of one CNN layer along with a Max-
pooling layer, a Dropout layer, and a Batch-normalization layer. The Max-pooling layer
calculates the maximum or largest value in each patch of each feature map to down sample
the feature maps to highlight the most present feature in the patch. The Dropout layer of
0.20 and the normalization layer were applied to reduce overfitting [65]. The Dropout layer
randomly sets inputs to zero with a frequency of rate at each step during training time. The
Batch-normalization layer normalize the inputs in a layer for each mini-batch, ensuring a
fast and stable learning process [66]. In this experiment, each 1D CNN layer has 64 filters
with a kernel size of five to define the window length and ReLU as the activation function.
Table 1 summarizes the tuning parameters of the proposed hybrid model.

Table 1. Parameter tuning of the 1D CNN-GRU architecture.

Parameter Value Parameter Value

Filter 64
Kernel size 5

No. of GRU units 64
Dropout 0.2

Learning rate 0.001
Decay 1 × 10−6

Batch size 512
Epoch 100

The GRU block contains one GRU layer along with one Max-pooling layer and one
Batch-normalization layer. The GRU layer is trained with 64 memory units for each input of
the sequence, vertically attached to each other, and each one passes the filtered information
to the next memory unit. A fully connected layer contains four dense cells, and a SoftMax
activation function was added to categorize the output of the three models into the four
arrhythmia classes. The sparse cross-entropy is applied to the loss function, and the Adam
optimizer with a learning rate of 0.001 and a decay factor of 1 × 10−6 is used to train the
three models. The model fits the training and validation datasets with a batch size of 512
for 100 epochs. The training times of the models were 3, 72, and 8 s per epoch for 1D CNN,
GRU, and 1D CNN-GRU, respectively, on a GeForce GTX 1070 processor.
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5. Results and Discussion

This section presents and analyzes the results obtained from applying B-LIME to a
deep learning model (CNN-GRU) for classifying cardiac arrhythmias and compares the
results with those obtained using LIME. The main objective of this study is to demonstrate
that B-LIME can effectively improve the explainability of deep learning models for ECG
data by considering the temporal dependencies between the ECG features. It is widely
recognized that the accuracy of a model is a critical factor for its interpretability and the
ability to make informed decisions based on its predictions. In light of this, we have
proposed the use of the CNN-GRU model for classifying arrhythmias, as it offers a high
degree of accuracy and the potential to produce reliable results.

In the following section, the CNN-GRU model’s results are analyzed in detail, includ-
ing their accuracy and other performance metrics such as the confusion matrix parameters.
We will then apply B-LIME to provide explanations and compare its results with those
obtained using LIME. We aim to provide a comprehensive evaluation of the effectiveness
of B-LIME in improving the explainability of deep learning models for ECG data.

5.1. CNN-GRU Model

The CNN-GRU model benefits from CNN’s ability to extract features, learn locally
related data, and reduce computational costs, as well as GRU’s ability to capture features
from data-related time series. Unlike the standalone model that can only capture partial
relationships between features, the combinations of 1D CNN and GRU algorithms can
model the complex relationships between ECG signals and cardiac arrhythmias. Table 2
describes the CNN-GRU performance in the training and testing datasets.

Table 2. Overall performance matrix of the CNN-GRU mode on the validation dataset.

Matrix
Training Data Testing Data

F N S V F N S V

Precision 1.00 1.00 1.00 1.00 0.72 0.99 0.84 0.97
Recall 1.00 1.00 1.00 0.99 0.86 0.99 0.92 0.96

F1-score 1.00 1.00 1.00 1.00 0.78 0.99 0.88 0.97
AUC 1.00 1.00 1.00 1.00 0.99 0.99 0.99 1.00

Specificity 1.00 1.00 1.00 1.00 0.90 0.99 0.93 0.97

Loss 0.02 0.11
Accuracy 1.00 0.99

Jaccard
Index 1.00 1.00

As can be seen from Table 3, the model has perfect scores in all performance metrics
with a minimum loss of 0.02 in the training dataset. In the testing dataset, the model still
scores an adequate performance in all metrics except precision and F1-score of class F, in
which the model scores 0.72 and 0.78, respectively.

Table 3. ANOVA table results.

Sum of Squares (SS) Degree of Freedom
(DF) F Value p Value

Method 0.001938 1.0 188.767973 8.544500× 10−35

Residual 0.003676 358.0

Moreover, the confusion matrix for each class of training and testing datasets, as shown
in Figure 6, indicates the percentage of correctly predicted samples against incorrectly
predicted samples for each class. For instance, 0.86 percent of the 195 cases in class F are
correctly classified, whereas 0.10 percent and 0.04 percent, respectively, are incorrectly
classified as classes N and V.
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It is important to note that the CNN-GRU model has a slight bias towards class N,
as shown by the confusion matrix. This bias is shown clearly in class F with 0.10 percent,
followed by classes S and V with 0.08 and 0.03 percent, respectively. This bias is not
important here since our main goal is to explain the model’s performance with B-LIME and
compare it to LIME.

5.2. B-LIME Technique

To enhance LIME explanations on signal data, B-LIME introduced modifications to
LIME in three aspects, including data generation, explanation algorithm, and represen-
tation technique.

As mentioned in Section 3, LIME suffers from explanation instability and local fidelity.
The main reason for LIME instability is the data generation technique that randomly
perturbs the instance features to generate a dataset. Thus, every time LIME is called, new
data points are generated that might be different from the previous ones. Moreover, the
broad definition of the neighborhood around the instance being explained is the main
reason why LIME suffers from local fidelity [24]. B-LIME tackles the above-mentioned
limitations of LIME by proposing a new data generation technique that benefits from
the ECG signal’s nature and bootstrapping method. As can be seen from Figure 3., the
B-LIME data generation technique ensures that each data point is locally faithful to the
original dataset. Moreover, the B-LIME data generation technique does not affect the
temporal dependencies between time-series features that lead to credible explanations.
Figure 4 illustrates the difference between LIME and B-LIME explanation outcomes. In
the context of arrhythmia classification, the QRS complex provides valuable information
about the electrical activity of the heart and helps to differentiate between different types of
arrhythmias. Furthermore, the QRS complex is also used as a reference point for measuring
other ECG parameters, such as the PR interval, which represents the time between the
start of atrial depolarization and the start of ventricular depolarization. By analyzing the
QRS complex, along with other ECG parameters, it is possible to classify different types of
arrhythmias and make more informed decisions about patient care and treatment.

To gain an understanding of the results, we calculated the average weight of the results
for a sequence of eighteen time points, where each point represents 10% of the heartbeat
features. This allowed us to gain interpretability from ten slices. Figure 7 provides examples
of the explanations obtained from both LIME and B-LIME. The figure shows the sorted
weights per slice of LIME and B-LIME, with slice ten scoring the highest weight in B-LIME,
followed by slice nine. These two slices represent the QRS complex. In addition, the figure
displays the weights (multiplied by 100 for better visibility) along with the instance being
explained. It can be observed that in B-LIME, the slice with the QRS complex has the most
significant weight, while in LIME, different areas are selected randomly.
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In the real world, the QRS complex is a critical area in the diagnosis of a wide range of
cardiac pathologies, including arrhythmias [67], which support B-LIME representation.

Moreover, in Figure 8, the heatmap lightness bar shows that B-LIME is more confident
about the feature selected compared to LIME, where the lower feature of B-LIME has
an important score of 0.01, which is the highest score in LIME. The main cause of LIME
randomly selecting areas is the perturbation of the feature, which confuses the model
instead of helping it recognize important areas in the signal. Figure 7 compares B-LIME
explanations to the four classes with LIME explanations. As can be seen from the figure,
B-LIME usually highlights the area between 75 and 110 to distinguish between classes and
categorize arrhythmias, which is most likely the QRS complex area.

5.3. Significance Analysis

The one-way analysis of variance (ANOVA) test is a statistical method used to de-
termine if there is a significant difference between the means of multiple groups. It is a
hypothesis-testing technique that compares the means of two or more independent groups
to determine if there is evidence to reject the null hypothesis that the group means are equal.
The null hypothesis states that there is no significant difference between the proposed
B-LIME and existing LIME algorithms. If the p-value is larger than 0.05, the null hypothesis
is considered true, while a p-value less than 0.05 means it is rejected [68]. The ANOVA
test was utilized to determine the statistical significance of the improvement obtained
by the B-LIME method compared to the traditional LIME approach. Results from the
test, as depicted in Table 3, demonstrate that the calculated p-value of 8.544500 × 10−35

indicates a rejection of the null hypothesis and provides evidence of a significant difference
between the two methods. Additionally, the differences are further illustrated through the
use of a box plot in Figure 9, which visually displays the distribution of the significant
differences between B-LIME and LIME. The utility of the proposed B-LIME method can
be demonstrated through the visual representation presented in Figure 7. This illustration
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effectively emphasizes the crucial areas that are typically utilized by medical professionals
in the classification of cardiac arrhythmias.
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6. Conclusions

In this paper, we propose a B-LIME technique that improves LIME to explain signal
data, taking into account the temporal dependence between time series features. More-
over, B-LIME enhances LIME explanations by considering three aspects, including data
generation technique, explanation method, and representation technique to ensure credible
and meaningful explanations. The B-LIME explanations were examined in a proposed
hybrid CNN-GRU model for cardiac arrhythmia prediction and compared with LIME
explanations. In comparison to LIME, which highlights random areas, B-LIME performs
well in highlighting key areas that physicians normally use to diagnose cardiac arrhythmias,
such as the QRS complex. In future work, we intend to dive deeper and investigate the
question of why the model classifies a prediction as class A but not class B. Moreover,
we will investigate B-LIME on a more signal-based model and evaluate its performance
compared to LIME.
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