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Abstract—Earthquake prediction, which is a key issue that
has long existed among seismologists, is of high scientific im-
portance. An earthquake prediction model can output the time
of earthquake occurrence in advance using machine learning
methods, which is receiving increasing attention. Earthquake
prediction involves a large variety of data mining steps, which
requires a large amount of time for processing data and model
development. Thus, an efficient and accurate prediction method
is needed. Aiming to solve this problem, we propose Auto-
REP, an automated machine learning-based regression model.
Our contribution of Auto-REP is using laboratory seismic data
to develop a regression pipeline in an automated manner, and
eventually obtain the prediction results of laboratory earthquake
occurrence. The automated pipeline consists of feature extraction,
feature selection, modelling algorithm and optimization. With
this approach we extract features from each of the earthquake
channels which results in a massive feature space. The hyperpa-
rameters of the model are optimized by a Bayesian technique as
part of the automated approach. The experimental results shows
that the MAE and MSE of our model in the training and testing
datasets are 1.48, 1.51 and 1.52, 1.59. The results demonstrate
that our Auto-REP method can predict laboratory earthquakes
efficiently and accurately.

Keywords—Automated machine learning, Earthquake predic-
tion, Time series regression, Hyperparameter optimisation.

I. INTRODUCTION

The increasing frequency of major natural disasters in recent
years is having a serious impact on human society, causing
irreversible damage as well as sounding a clear warning for
the achievement of the UN Sustainable Development Goals
by 2030 [1]. The outbreak of the COVID-19 epidemic in
2020 has created a tremendous global impact. At the history
of world development, natural disasters, disease epidemics
and other catastrophes have always accompanied human so-
ciety. In addition to epidemics, earthquakes, one of the most
powerful natural disasters, have brought huge economic and
property damages to human society, causing also a substantial

amount of loss of life. For example, in 2018, there were 119
earthquakes of magnitude 6 or higher worldwide, including
18 earthquakes of magnitude 7 or higher and 2 earthquakes
of magnitude 8 or higher (in the Gulf of Alaska and in the
Fiji Islands), resulting in enormous loss of life and property
damage [2]. The sudden occurrence of earthquakes often
results in a failure to respond in time, bringing the loss of
large quantities of materials and equipment and even a large
number of casualties. Therefore, earthquake prediction has a
significant and practical application value.

The era of Big data has arrived with the rapid expan-
sion of data accumulated in all areas of society, including
scientific research, production and consumption, at an un-
precedented rate. The integration of Big data and machine
learning techniques for solving practical problems in computer
and automation engineering has gained increasing significance
[3]. As stated in a review article published by Science [4],
machine learning has been one of the most rapidly devel-
oping areas of information science and technology. In recent
years, outstanding international research results in the field of
earthquakes have generally been produced in this context, i.e.,
in interdisciplinary research combining earthquake precursors
with artificial intelligence techniques. Therefore, with the
advancement of deep learning and machine learning research,
seismologists have recently been motivated to use computer
and automation engineering methods to analyze seismic data
and build models for earthquake prediction [5].

Current earthquake prediction research presents several
challenges. First, the urgent tasks that models need to address
is to accurately predict the time to event of an earthquake,
thus avoiding the disaster generated by the earthquake in
time. Second, earthquake prediction models need to minimize
human intervention. Finding the optimal set of hyperparam-
eter by hand is nearly impossible, therefore using automated
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pipelines can result in optimal hyperparameters and as a result
even better performances. Traditional methods require a large
number of human settings of finding hyperparameters, the
model efficiency is low. Therefore, each aspect of machine
learning needs to be integrated so as to improve the automation
of the model. Finally, earthquake prediction is a research task
that requires high rapidity, and the model needs to be able
to minimize unnecessary computation times. Although LANL
seismic predictions use laboratory seismic data, LANL earth-
quake predictions have the same seismic physical properties as
the prediction studies of real earthquakes and can provide an
essential methodological reference in actual earthquake predic-
tion. Therefore, in this work, the LANL (Los Alamos National
Laboratory) dataset [6] was used to validate Auto-REP that
combines feature extraction, feature selection, hyperparameter
optimisation (HO), and regression modelling. Auto-REP is
considered as an automated machine learning pipeline with the
input data being time series and the output being the predicted
time to event.

The overall structure of the paper is divided into five sec-
tions. Section II includes a literature review of current research
on earthquake prediction. Section III deals with the methods
used for this analysis. Section IV analyzes the experimental re-
sults of the regression pipeline and the comparison with other
commonly used approaches. Finally, Section V summarizes
the contribution of this paper and discusses possible future
studies.

II. RELATED WORK

Currently, many researchers have started to explore data
mining and machine learning methods for earthquake predic-
tion. Rouet et al. [7] came to the conclusion that random
forests are effective for earthquake predictions, and offered
preliminary results on successfully applying methods devel-
oped on lab data to field data on a specific type of earthquake
known as slow earthquakes. Lubber et al. [8] investigated
how machine learning regression from a laboratory earth-
quake event database performs as a function of completeness
for earthquake catalogs , and then used lab data to predict
earthquake magnitudes using random forests. Huang et al.
[9] proposed a feature engineering framework for short-term
earthquake prediction based on the Multi-Component Seismic
Monitoring System precursor data and historic seismic events.
In addition, the daily mean value of geo-sound time-series data
is calculated as a feature. With this framework the researchers
discovered a novel feature, the daily mean value of the geo-
sound. Bray et al. [10] employed residual methods to assess the
goodness of fit of earthquake forecasting models. Ogata et al.
[11] utilized residual analysis to identify features in earthquake
datasets. The pre-processing of the waveform is an essential
aspect of seismic signal analysis. Traditional methods usually
require manual frequency domain analysis of the waveform.
Denoising through Robust Principal Component Analysis (R-
PCA), as described in [12], [13], and dictionary learning [14]
are two additional waveform approaches. Ross et al. [15]
presented PhaseLink, a system for grid-free earthquake phase

TABLE I
AN OVERVIEW OF EARTHQUAKE PREDICTION RESEARCH METHODS.

(WHERE HO REFERS TO HYPERPARAMETER OPTIMIZATION)

Year Study Method
Whether

HO
is used?

Is the
method

automated?

Whether
dealing with

laboratory data?

2013 Bray et al [10] Residual
methods % % %

2018 Li et al. [17] GAN % % %

2018 Lubber et al [8] RF ✓ % ✓
2019 Rouet et al. [7] RF ✓ % %

2019 Ross et al. [15] Deep learning ✓ % ✓
2019 Holtz et al. [16] LSTM ✓ % ✓

association based on recent developments in deep learning.
The proposed method was trained entirely on millions of
synthetic sequences to connect phases that share a common
origin. For representation learning and earthquake simulation,
Holtz et al. [16] used convolutional neural networks (CNNs),
long short-term memory networks (LSTMs), and their joint
design. They also tested the Wavenet technique for audio
processing in earthquake datasets. To learn the characteristics
of first-arrival earthquake waves, Li et al. [17] trained a
generative adversarial network (GAN). The results indicate
that GANs can explore a compact and effective representation
of seismic waves, which has the great potential for future
seismological applications. Liu et al. [18] proposed a spatial-
temporal data analysis-based earthquake prediction study. The
results suggest that the strategy proposed in this research
can take use of earthquake spatial-temporal correlations to
improve predictions than before. In order to provide a clear
presentation of the existing research using machine learning
methods, Table I presents an overview of earthquake prediction
research methods.

Research in automated machine learning pipelines is cur-
rently also receiving increasing attention from academics.
Bruckner et al. [19] presented ML-o-scope, an interactive
visualization system for exploratory analysis of convolutional
neural networks, a popular pipelined model type. The ML-o-
scopes time-lapse engine, which provides views into model
dynamics during training, is presented, and the system is
evaluated as a tool for tuning large-scale object-classification
pipelines. Estevez-Velarde et al. [20] offered a new theoretical
and practical perspective on AutoML. The proposal is tested
in a variety of machine learning problems and compared to
alternative approaches, demonstrating that it is competitive in
standard benchmarks with other AutoML alternatives. Fur-
thermore, it can be used in novel scenarios where existing
alternatives are ineffective, such as several NLP tasks. Kathi-
ravelu et al. [21] proposed Niffler, an integrated framework
that allows researchers to run machine learning pipelines at re-
search clusters by efficiently querying and retrieving radiology
images from hospitals’ Picture Archiving and Communication
Systems (PACS). Niffler retrieves and stores imaging data
using the Digital Imaging and Communications in Medicine
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Fig. 1. Workflow of Auto-REP. The whole pipeline consists of six main parts:
data pre-processing, feature extraction, feature selection, cross-validation,
model training and model evaluation. The incoming seismic time series is
used by Auto-RE to obtain the time-to-event of the seismic event and to
evaluate the model performance.

(DICOM) protocol, as well as providing metadata extraction
and application programming interfaces (APIs) for applying
filters to the images. The above research revealed that auto-
mated machine learning can deliver an effective and reliable
solution to classification and prediction problems.

It can be seen from the existing research that machine
learning algorithms have been gradually applied to the study of
earthquake prediction, and have achieved promising prediction
results. However, the existing research is still focused on the
seismic prediction model itself, and each part of machine
learning does not integrate effectively. In addition, for a
large number of non-specialists, using the methods currently
studied, requires a lot of knowledge in data pre-processing,
feature selection, and hyperparameter settings. This prohibits
non-specialists in using the models for earthquake prediction
quickly and accurately. To address these issues, our proposed
Auto-REP method allows data to flow through the pipeline
through an automated machine learning approach. The data
are sequentially processed through feature extraction, feature
selection, modelling, hyperparameter selection, and model
evaluation, which significantly minimises human intervention
in seismic prediction methods. Our Auto-REP consequently
improves the efficiency of the model and increases the au-
tomation of the earthquake prediction method, providing an
enhanced, integrated solution for earthquake prediction.

III. METHODOLOGY OF AUTO-REP

Due to the devastating consequences of earthquakes, fore-
casting them is a critical priority in Earth science. Current
scientific research on earthquake forecasting focuses on three

key points: estimating the location, the time of occurrence
and the magnitude. Our main goal in this research is to use
an automated machine learning method to predict the time-
to-event of an earthquake and thus provide a comprehensive
solution for ascertaining when the earthquake will occur.

The workflow of the proposed automated machine learning
regression model-based approach to earthquake prediction is
shown in Fig.1. The steps of this workflow are discussed in
the sections below.

A. Data Preprocessing

The main purpose of our analysis of seismic signals is to
predict the time left for the next earthquake to occur. However,
seismic data are often accompanied by a large amount of noise
[22], which may also have an impact on the performance
of the prediction model. Therefore, we need to pre-process
the seismic dataset first in order to make our pipeline have
a stable and efficient prediction performance. In the pre-
processing stage we mainly need to perform noise reduction
on the data. The seismic data often contain a large amount
of random noise, which greatly affects the quality of the data
and leads to poor model recognition, so noise reduction is
required to improve the signal-to-noise ratio and remove the
obvious noise fluctuations in the LANL dataset. In this paper,
we primarily use the wavelet noise reduction method [23],
which is also provided by Kaggle, to pre-process the data set.
Fig.2.(a) presents segment of LANL training data. In Fig.2.(a),
the x-axis represents the data index of the intercepted training
data set, and the y-axis represents the acoustic signal value
corresponding to the sample points. The red line where the
sudden fluctuation occurs indicates the acoustic data value at
the time of the earthquake. The signal plots before and after
pre-processing are shown in Fig.2.(b) and Fig.2.(c). It can be
seen that after pre-processing, many noisy signals have been
removed from the dataset.

B. Feature Extraction

We intend to create understandable and computationally
efficient regression models in this paper by automatically
generating and selecting time series features. Rather different
features are important depending on the domain and the
seismic data analysis. Traditionally, such features are designed
by hand from time series, which requires technical expertise
and expert knowledge. In our work, feature extraction is
designed to obtain a large number of time series features.
and then select the most appropriate features for the overall
earthquake prediction task in order to establish a systematic
and automated approach to generating features for seismic
series. During the feature extraction process, we use the
predefined parametric features functions, e.g., autocorrelation,
kurtosis, and skewness from the tsfresh package1. After we
get the extracted features for earthquake prediction task, and
the features will go through the feature selection procedure.

1tsfresh version 0.18.0
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(c) Seismic signal after pre-processing

Fig. 2. A demonstration of LANL training data segment and pre-processing approach. where the unit of y-axis is the voltage value of ”Acoustic data” in
LANL datasets and its SI unit is (mV) . The red line where the sudden fluctuation occurs indicates the acoustic data value at the time of the earthquake.

C. Feature Selection using Boruta

Feature selection is the method of selecting the most
efficient features from the original features to reduce the
dimensionality of the dataset and the computational overhead,
thus improving the regression performance. Since we have to
select features extracted from a large quantity of time series
signals in the seismic dataset, it is challenging to select the
most suitable combination of features for the regression model
without a comprehensive evaluation of the statistical features
of each seismic signal. We therefore adopt the Boruta method
to evaluate all extracted features and select the most suitable
features for the regression model [24].

The core idea of the Boruta algorithm is to evaluate the
importance of each feature variable through a loop method
[24]. By copying the original feature set, randomly mix each
feature value to construct a random shadow feature. The final
sample data set of the model is original feature and shadow
feature. The primary reason we chose Boruta as the feature
selection method is that the Boruta algorithm is based on the
idea of a random forest classifier and incorporates randomness
into the system by collecting the results of different feature
combinations from a random set of samples. The randomness
of Boruta will provide us with a clearer picture of the results
of feature selection, providing us with a solid understanding
of which features are truly important and thus keeping those
significant features.

D. Modelling

During the modelling stage, the features that were chosen
are used to train a random forest (RF) regressor model.
The main reasons for our decision to choose random forest
regressor as the regression model are as follows:

• Due to the relatively large training samples of seismic
data, random forest regressor is more suitable than shal-
low neural networks for regression modeling of large-
scale datasets [25].

• Random forest regressor introduces randomness, which is
less likely to cause overfitting problems, and has better
noise immunity, which is suitable for handling acoustic
data containing partial noise signals [26].

Therefore, due to the advantages of random forests, which
are less prone to overfitting, faster training and simpler to im-
plement, we adopted the random forest regressor to introduce
into our Auto-REP.

E. Hyperparameter Optimization

The proper configuration of hyperparameters is critical to
the performance of a machine learning model [27]. As a
result, throughout this research, hyperparameter optimization
is required to improve the performance of the prediction
model on seismic dataset. Grid Search [28], Evolutionary
Algorithms [29], and Bayesian Optimization [30] are some
of the well-established methods for prediction task [31] The
Bayesian Optimization algorithm is chosen for this paper
due to its efficiency when optimizing expensive problems,
such as training a machine learning algorithm, which can be
time consuming. Grid search is also a simple, efficient, and
widely used method in hyperparametric optimization problems
[32]. Another reason we adopt Bayesian optimization is that
Bayesian optimization uses a Gaussian process that takes into
account previous parameter information, while grid search
fails to consider previous parameter information. In addition,
Bayesian conditioning is fast with fewer iterations, but grid
search is slow and prone to dimensionality explosion when
there are many parameters.

The hyperparameter optimization procedure is used to en-
hance model performance in a 10-fold cross validation con-
figuration, where the dataset is divided into ten parts, with
nine of them rotating as training data and one as test data.
Table II presents the hyperparameter optimization results under
ten times of experiments in our pipeline. The primary reason
for choosing 10-fold is that a large number of experiments
using different learning techniques with a large dataset have
demonstrated that 10-fold is an appropriate choice for obtain-
ing the best error estimates while ensuring efficient training
as well as not causing redundant time and space consumption
[33], [34].

IV. EXPERIMENTS AND ANALYSIS

Our experiments have been designed to answer the follow-
ing two research questions regarding our proposed method:

130

Authorized licensed use limited to: Universiteit Leiden. Downloaded on January 06,2023 at 20:14:05 UTC from IEEE Xplore.  Restrictions apply. 



TABLE II
HYPERPARAMETER OPTIMIZATION RESULT

Hyperparameter 1 2 3 4 5 6 7 8 9 10

Is bootstrap used for training samples True True True True True True True True True True
Max number of features when splitting a node auto auto auto auto auto auto auto auto auto auto
Max depth of each tree 6 8 7 9 8 11 9 10 9 8
The number of n estimators 900 800 700 600 900 1000 800 900 900 1000
The number of min samples split 16 18 15 18 14 17 16 16 18 19
The number of min samples leaf 7 10 8 9 7 10 7 9 7 9

• RQ1: How is the performance of our proposed Auto-
REP method compared to other commonly used ap-
proaches?

• RQ2: What advantage can be gained by solving the
earthquake prediction problem using an automated ma-
chine learning method compared to any existing com-
petitive regression algorithm for the harmonic mean of
efficiency.

A. LANL Dataset

LANL dataset is signal data of earthquake occurrence, and
these signal data are used to predict the time-to-event of an
earthquake. The acoustic signal is emitted by the movement of
a fault block in the earth’s crust along a fault and is considered
to be the main cause of earthquakes. As such acoustic signals
can usually be captured long before an earthquake occurs,
machine learning techniques are able to discern specific pat-
terns in these acoustic signals. Based on these characteristics,
machine learning techniques can assess how much pressure
the fault is under and how long before it ruptures, which
ultimately provides a more accurate prediction of whether an
earthquake will occur. LANL datasets for training and testing
are publicly available on the Kaggle website2. Kaggle provided
the testing data in the form of 2624 sequential segments. Each
segment contains 150, 000 acoustic signal data points. The data
all comes from a well-known earthquake physics experimental
setup.

B. Performance Evaluation

For model evaluation, we used MSE (Mean Squared Error
and MSE (mean absolute error) [35] as regression metrics.

MSE =
1

m

m∑
i=1

(yi − ŷi)
2 (1)

MAE =
1

m

m∑
i=1

| (yi − ŷi) | (2)

In Equations (1) and (2), m denotes the number of predicted
TTE(time-to-event) value , ŷi indicates the i-th predicted TTE
value after regression procedure, and yi represents the i-th
actual TTE value.

First, Fig.3 and Fig.4 demonstrate the results of feature
selection using Boruta. Among them, Fig.3 exhibits the dis-
tribution of different selected feature frequencies and Fig.4

2https://www. kaggle.com/c/LANL-Earthquake-Prediction/data

M e a n
M e d i a n

S t a n d a r d  D e v i a t i o n

K u r t o s i s  V
a l u e s

S k e w  o f  s e q u e n c e

M a x i m u m  V a l u e s  o f  s e q u e n c e s

M i n i m u m  V a l u e s  o f  s e q u e n c e s

S u m  o f  s e q u e n c e

1 %  Q u a r t i l e s  o f  d a t a s e t

5 %  Q u a r t i l e s  o f  d a t a s e t

9 5 %   Q u a r t i l e s  o f  d a t a s e t

9 9 %  Q u a r t i l e s  o f  d a t a s e t

S t a n d a r d  D e v i a t i o n  o f  f i r s t
 2 5 0 0  s a m p l e  s e q u e n c e s

S t a n d a r d  D e v i a t i o n  o f  l a s t  2 5 0 0  s a m p l e  s e q u e n c e s

m a x _ t o _ m i n  d i f f

m e a n  c h a n g e  a b s

m a x _ r o l l _ s t d

a v r a g e  c h a n g e  r a t e

H i l b e r t  m e a n

s t d _ r o l l _ m e a n

m e a n _ c h a n g e _ r a t e

a b s _ m a x _ r o l l _ m e a n

m a x  t o  m e a n  d i f f e r e n c e

H a n n  w i n d o w  m e a n

a v e r a g e  r o l l  m e a n0

5

1 0

1 5

2 0

Fre
qu

en
cy 

of 
fea

tur
es

 be
ing

 se
lec

ted

Fig. 3. Distribution of different feature frequencies using Boruta (20 feature
selection experiments)

presents the heat map results for the ranking and number
of top-10 selected features under 10 times experiments. The
models were used over the dataset using a 10-fold technique
to evaluate performance for hyperparameter optimisation. The
original data are divided into 10 groups, and each subset of
data is made into a validation set separately, and the remaining
subsets of data are used as training sets, and the final errors are
summed and averaged to get the errors. The MSE and MAE
of different methods are calculated separately to compare the
performance of regression models.

C. Comparison of Model Results

In order to compare our automated machine learning
pipeline approach with the currently available regression meth-
ods [36], we list the models to be compared for testing
and comparing the performance of our proposed pipeline as
follows.

• PCA+RF: Principal Component Analysis (PCA) is one of
the most widely used algorithms for data dimensionality
reduction. Random Forest (RF) uses bootstrap sampling
to collect several different sub-training datasets from the
input training dataset to train several different decision
trees in turn; in the prediction phase, the random forest

131

Authorized licensed use limited to: Universiteit Leiden. Downloaded on January 06,2023 at 20:14:05 UTC from IEEE Xplore.  Restrictions apply. 



1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th

1% quartiles of dataset
5% quartiles of dataset

95% quartiles of dataset
abs_max_roll_mean

average roll mean
average_change_rate

Hilbert mean
kurtosis values
max _roll_ std

max to mean difference
max_ to _min differ

maximum values of sequences
mean

mean_change_rate
median

min_ change_ abs
minimum values of sequences

standard deviation
std_roll_mean

sum of sequence

Number of times the feature has been selected as ... in 10 runs

Fe
at

ur
e 

na
m

e

Frequency 0 1 2 3 4 6
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averages the prediction results of multiple internal deci-
sion trees to obtain the final result.

• SVR: The primary method of SVR regression is to find a
regression plane such that all the data of a set are closest
to that plane, and the model is regressed by the regression
plane found. The SVR method is primarily a linear
regression by constructing a linear decision function in a
high dimensional space after dimensional enhancement.

• CNN: Convolutional neural networks consist of one or
more convolutional layers and a top fully connected layer
(corresponding to a classical neural network).

• LSTM: The LSTM architecture is a type of artificial
recurrent neural network (RNN) that is utilized in deep
learning. [37], long-term dependencies can be learned via
LSTM.

• FECNN+LSTM (Feature Engineering convolutional
neural networks CNN + LSTM): combines feature
engineering and four-layer CNN plus two-layer LSTM.

To evaluate our proposed Auto-REP based on automated
machine learning pipeline, we use the LANL dataset and
observe the time consumption of the whole process of feature
extraction, feature selection, model construction, and hyperpa-
rameter extraction under the different regression methods.

1) Comparison results regarding RQ1: Table III gives the
comparison results for different methods. The LANL dataset
was used in this paper to develop an automated regression
pipeline model that combines feature extraction, feature se-
lection, and regression modelling. Our approach outperforms
the competition in terms of experimental results, but most sig-
nificantly, the automated machine learning approach does not
need much human interaction and has considerable advantages
in terms of model processing and parameter setting time.

As shown in Table III, the model of Feature Engneering
CNN + LSTM achieved a MAE of 1.49 for training data and
achieved a MAE of 1.51 for testing data. The MAE and MSE
of our model in the training and testing datasets are 1.48,
1.51 and 1.52, 1.59, respectively, which are slightly inferior
compared to the combination of CNN+LSTM, but the high
automation process of the model enables the feature selection
and model construction of the data in a shorter time, which

TABLE III
PERFORMANCE COMPARISON IN TERMS OF MSE, MAE

Training data Testing data

Method MSE MAE MSE MAE HM

Auto-REP 1.52 1.48 1.59 1.51 0.79
PCA+RF 1.74 1.71 1.73 1.80 0.62

SVR 1.85 1.87 1.88 1.94 0.63
CNN 2.22 2.41 2.29 2.51 0.72

FE CNN + LSTM 1.51 1.49 1.58 1.51 0.73
LSTM 1.79 1.82 1.86 1.85 0.75
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Fig. 5. Average time consumption using different methods for earthquake
prediction on LANL testing dataset.

improves the training efficiency of the regression model (see
also Fig.5). The superior result of our approach is largely
due to the fact that our model is less affected by noise and
performance of the RF model in the pipeline is most possibly
due to the large number of trees in the forest, which is 800-
1000 Decision Trees in our model. Therefore, the experimental
results indicate that the proper number of decision trees is
useful to improve the efficiency of the model.

As can be seen in Fig.5, our proposed pipeline regression
method of automated machine learning has the lowest result in
time consumption with 1,102s. This is also consistent with our
assumptions, as the pipeline integrates the machine learning
process and greatly reduces the time consumed to process
data between different modules. We can also note that the
feature engineering CNN + LSTM requires the most time
consumption is the most time consuming with 1,440s. The
major reason is that the feature extraction in the CNN is
not as efficient as the feature extraction in our pipeline using
tsfresh. In addition, the model combination of CNN + LSTM
involves the training of convolutional neural network and RNN
modules, which also increases the training time of the model.
Moreover, the absence of an automated machine learning
approach leads to the fact that each part of the pipeline from
feature extraction to model building, is separated from each
other and cannot be efficiently articulated, which additionally
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Fig. 6. CD diagram of the Nemenyi test on the HM metric. Numbers indicate
mean ranks in 15 repetitive runs (lower means better). Rank means with non-
significant difference are connected with a horizontal line.

causes extra time consumption.
2) Comparison results regarding RQ2: To address the sec-

ond research question, we compared our automated machine
learning approach with the existing methods, taking into
account not only the accuracy but also the rapidness of the
model for earthquake prediction. For this objective, we chose
the harmonic mean (HM) [38] as suggested by Schäfer and
Leser [39].

HM = 1− 2 · (1− Cr) · (1− Ca)

(1− Cr) + (1− Ca)
(3)

Cr = 1− T̂all

Tmax fe+Tmax fs+Tmax ho+Tmax m
, where

Tmax fe, Tmax fs, Tmax ho, and Tmax m represent maximum
time consumption of feature extraction, feature selection,
hyperparameters optimisation and modeling, respectively. T̂all

indicates the the average total time consumption for each
method. Cr and Ca are indicators of rapidity and accuracy,
respectively. We will refer to this as the HM metric, whose
values are in the range [0,1], to answer the second research
question. Since the method proposed by Schäfer and Leser
[39] is for the accuracy of the classification results, here we
replace the accuracy Ca with 1 − RMSE/100 value of the
regression model, which more precisely reflects the predictive
effect of the regression model. The value of T̂all was obtained
by conducting 15 regression experiments and obtaining the
average time consumption for each method. We can also get
Tmax fe, Tmax fs, Tmax ho, and Tmax m for the maximum
time of each part. Then Cr for each method can be calculated
through the Equation.(3).

For a comparative analysis of the results using HM metric
among the different methods, we used the Friedman test to
see if there were any significant differences between rank
means, and then we used the Nemenyi post-hoc test [40]
to see if there were any significant pairwise differences in
average ranks. We used critical difference (CD) diagrams
[41] to visualize the results of this test, which are commonly
used for comparing different methods to show the result of a
statistical comparison of ranking results. In order to ensure that
the final CD diagrams obtained have more significant statistical
difference, we selected 15 repetitions for the experiments for
RQ.2. According to the comparison of methods based on
the HM metric in Fig.6, Auto-REP outperforms all of the
methods we evaluated. It can be shown that our proposed au-
tomated machine learning-based earthquake prediction method
can balance accuracy and rapidity. Meanwhile, it can also

be seen from Fig.6 that the rank means of PCA-RF, SVR,
and CNN have non-significant difference. The results in Fig.6
demonstrate further that our Auto-REP method can balance
advantageous prediction accuracy with less time consumption,
providing stable and efficient regression performance over
other comparative methods.

V. CONCLUSION AND FUTURE WORK

Earthquake prediction research has received increasing at-
tention and has become a hot issue that needs to be addressed.
In this paper, we present a generic automated machine learning
regression pipeline model and implement a time to event
prediction using the LANL seismic dataset. Our regression
pipeline model is able to achieve significant seismic prediction
results, and is both efficient and automated.

In addition to the field of earthquake prediction, in the
future, Auto-REP can also be applied in numerous computer
and automation engineering fields, such as meteorological
and disaster forecasting engineering. However, there is still
potential to further improve the performance of our method.
Therefore, in future research, we will consider data pre-
training methods such as [42]–[44] in our proposed automated
machine learning technique Auto-REP, which can potentially
further improve the predictive performance of our method.
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