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COVID-19 is a contagious disease that has infected over half a billion people worldwide. Due to the rapid spread of the virus, countries are facing challenges to cope with the infection growth. In particular, healthcare organizations face difficulties efficiently provisioning medical staff, equipment, hospital beds, and quarantine centers. Machine and deep learning models have been used to predict infections, but the selection of the model is challenging for a data analyst. This paper proposes an automated Artificial Intelligence-enabled proactive preparedness real-time system that selects a learning model based on the temporal distribution of the evolution of infection. The proposed system integrates a novel methodology in determining the suitable learning model, producing an accurate forecasting algorithm with no human intervention. Numerical experiments and comparative analysis were carried out between our proposed and state-of-the-art approaches. The results show that the proposed system predicts infections with 72.1% less Mean Absolute Percentage Error (MAPE) and 65.2% lower Root Mean Square Error (RMSE) on average than state-of-the-art approaches.
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Introduction

More than 2 years after the outbreak of the COVID-19 disease, the containment of this virus still represents a serious challenge to the world community.1 Over half a billion people have been infected worldwide, including more than 6.27 million deaths as of 20 May 2022.2 Studies have revealed that COVID-19, caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), not only affects the lungs of the infected person but also negatively impacts other vital organs such as the brain, heart, liver, pancreas, and kidney (1–3). Effect on the brain can lead to muscular pain and headaches in individuals with a mild infection, whereas in severe cases it could lead to stroke (2). Heart complications due to SARS-CoV-2 include inflammation and dysfunction of muscles and may cause the death of patients suffering from cardiovascular diseases (2). Furthermore, the SARS-CoV-2 virus could lead to pancreatic islet-cell dysfunction (3) causing diabetes (4–6). In addition, it causes liver impairment and acute kidney injury (2). To reduce the spread of the virus, countries have imposed several strict policies and practices, such as travel bans, home confinement, and business closures. These measures showed to be effective in reducing the infection and death rates during this pandemic (7–9). However, too strict measures may lead to income loss, anxiety, and depression on an individual scale, and cause longer-term economic and social hardship on the national scale (10–12). A survey conducted in the United States of America among 5,412 adults showed that 31% of the respondents suffered from anxiety/depression symptoms, 26% from stressor-related disorder symptoms, and 11% considered suicide during the COVID-19 pandemic (13). Strict confinement measures have also shown an adverse effect on students’ mental health. A survey conducted on 69,054 university students during the lockdown in France revealed that 27.5 and 24.7% of the respondents had a high level of anxiety and stress, respectively, 16.1% had severe depression, and 11.4% had suicidal thoughts (14). In addition, individuals often miss routine medical checkups and tests due to confinement, leading to severe health issues, especially in patients suffering from chronic diseases (15). Discontinued daily exercises have been leading to obesity and associated health risks (16). Consequently, it becomes crucial to predict infections to gain a better understanding of the growth of the infection curve, and deeper insight into when to enact, relax or terminate these strategies. In addition, infection forecasting allows healthcare organizations to effectively plan the required medical resources enabling smart healthcare (17, 18).

Artificial Intelligence (AI) algorithms have been widely adopted in the medical sector to enable smarter, effective, and efficient healthcare (19). Different AI-based algorithms are used for screening, diagnosing, and monitoring COVID-19 (20–22) as well as for predicting the number of infections (23–29). Recent studies have used machine/deep learning time series models to predict the spread of COVID-19 infections, based on previous infections, in a few countries. These studies use different prediction models (30). However, considering the difference in the geographical characteristics and social behaviors of the countries under study, we argue that the use of a single prediction model becomes questionable (31). This is because the model is not capable to capture the infection evolution, leading to inaccurate prediction. Such a failure may lead to greater distress and more deaths. Furthermore, these models need to be constantly updated and fail to capture the evolving COVID-19 variants such as omicron.

To address these shortcomings, in this paper, we propose an automated AI-enabled proactive preparedness system for accurate prediction of COVID-19 infection growth in real-time, with no human intervention. The proposed system incorporates an intelligent agent that analyses the temporal distribution of the infection evolution for a city/state/country and maps the prediction model to the corresponding trend using a novel trend-to-model mapping approach. The prediction results by the system aid government and healthcare organizations to be well prepared and proactively tackle the chaotic pandemic situation. For instance, the measures can be relaxed if the prediction shows a decrease in COVID-19 infections, whereas they can be made stricter if an increase in the number of infections is predicted. A detailed real-time infection data acquisition, preprocessing framework, and request-response flow are presented. The performance of the proposed system is compared with state-of-the-art approaches to predict COVID-19 infections in fifteen countries based on the literature.



Related work

Time series prediction is a useful method that considers the influence of previous infection data to predict future data (31). Different machine learning algorithms have been used to analyze the data of epidemic and pandemic diseases such as influenzas A (H1N1),3 B,4 measles childhood disease (32), SARS, MERS, and COVID-19 outbreaks, at the country, regional or global level (31). Though any machine learning algorithm can produce reliable results at some level, time series algorithms are the most accurate approaches to studying epidemic and pandemic diseases because of their dynamic and temporal nature (33). Several studies in the literature have proposed the use of different time series machine learning and deep learning algorithms for the prediction of COVID-19 infections in different countries (23–29).

As shown in Table 1, the selection of machine learning algorithms is either not justified (23–26), or based on the popularity of the prediction algorithm (27, 28), or the performance of the algorithm when implemented for some other country (29). However, given the significant difference in the geographical characteristics and social behaviors of the countries, the use of a single algorithm to predict disease spread becomes questionable, as it is highly likely that the algorithm fails to generate accurate predictions (31). Consequently, an algorithm should be selected based on the temporal distribution of the infection evolution data for a country. In this paper, we propose an intelligent agent, integrated within an automated AI system, that will analyze the trend of infection growth in a country, and selects the most accurate learning algorithm. This algorithm predicts COVID-19 infections with the least error for that country than other state-of-the-art algorithms. We compare the performance of our selected algorithm for each country in Table 1 with the outperforming algorithm(s) for that country in the literature.


TABLE 1    Summary of COVID-19 infection prediction using time series machine learning and deep learning algorithms.
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Materials and methods


Automated artificial intelligence-enabled proactive preparedness real-time system for accurate COVID-19 infection prediction

This section presents the workflow of our proposed system for predicting COVID-19 infections along with the steps involved. It explains the method used to select the most accurate model for prediction based on the infection’s trend. The use of a systematic workflow for the problem of infection prediction is the most important for the accurate infection prediction for a given country. Figure 1A shows the seven stages involved in the proposed system. In the following, we explain each stage in detail.
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FIGURE 1
(A) Workflow of the proposed automated artificial intelligence-enabled system for infection prediction, (B) architecture of long short-term memory (LSTM) cell and Bidirectional-LSTM network used in the proposed system for infection prediction, and (C) request-response workflow in the proposed system.



Infection data collection

The city-level, state-level, and/or country-level infection data can be collected from a data source that can be either an online repository (such as Johns Hopkins), healthcare organizations, and/or specialized national/international agencies for public health such as World Health Organization (WHO). In this study, we used the Johns Hopkins dataset which includes COVID-19 infections, recoveries, and deaths data from different provinces/states and countries/regions since 22 January 2020. The data fetcher module in our framework sends an HTTP request to a data source for accessing the infection data. A request contains information regarding the city/state/country and the period for which the data is required. In response to the request, the source sends the queried infection data to the fetcher module. The data is fetched at a periodic interval, which can be seconds, minutes, hours, or days depending on the frequency the data is updated in the data source and is stored in a cloud database (34–38).



Data preprocessing

The retrieved infection data is preprocessed to make it ready for the machine/deep learning algorithm. This is done by removing irrelevant attributes. As our system predicts the number of infections, the deaths and recoveries data are removed. In addition, preprocessing involves the identification and removal of outliers if any, as well as the identification and handling of missing values. The identification of outliers in infection prediction is important as the learning algorithms are sensitive to outliers and could produce unexpected results (39). The outliers, if present, can be removed using visualization of the infection data plot and/or machine learning approaches based on bagging, boosting, and local outlier factor algorithm (39). The missing values in infection data, if any, can be handled either by removing the corresponding timestamp from the dataset or adding synthetic values. The synthetic values can be generated using statistical methods such as mean, median, and mode, or machine learning approaches such as kNN imputation and rpart (39).



Infection trend-to-model mapping

The trend of the preprocessed infection data is analyzed to select the most accurate prediction model that is adaptive to the dynamicity of the evolution of the infection spread. The most accurate model predicts the infections with the least error compared to other models. To analyze the distribution of the infection spread, the infection data is first divided into intervals of equal length as shown in Figure 1A. The slope between each interval is then determined by constructing a linear model between the interval endpoints. If all the data points between the interval endpoints lie below the data points on the linear model, then the slope between the interval endpoints is convex. On the other hand, if all the points between the interval endpoints lie above the points on the linear model, then the slope between the endpoints is concave. The slope is straight if the data points between the interval points lie on the constructed linear model. The distribution of the infection’s trend is then determined based on the slopes, and a corresponding prediction model is selected. ARIMA model is selected to model the infection data following an exponential trend with a constant rate. This is because ARIMA is best suited to capture the exponential behavior of the infection growth (31). For the infection’s data having an exponential trend with varying rates, the Long Short-Term Memory (LSTM) and Bidirectional-LSTM (Bi-LSTM) models are selected as it is capable of capturing the variability in the data (31). The infection data that increase linearly over time are modeled using the Linear Trend (LT) model. For data evolving in a polynomial fashion, the Quadratic Trend (QT) model is selected. HLT model is selected for exponential + linear infection trend. This is because the HLT model is a linear function of trend and slope that captures well the linearity in an exponential trend over time. For the infection’s data with an exponential + damping trend, Damped Trend (DT) model is selected as the damping parameter used by the model provides an accurate prediction of infections for a trend that dampens over time. Figure 1B represents the architectures for the LSTM cell and Bi-LSTM network. The main components of LSTM are the cell state and gates. The cell state transfers the significant previous infection data to the chain of LSTM cells. Gates in LSTM are responsible for storing relevant and removing irrelevant infection data. LSTM consists of three gates: forget, input, and output. All the gates have a sigmoid activation function except the input gate which utilizes a hyperbolic tangent activation function. In LSTM, the forget gate is responsible for removing irrelevant infection data based on the prediction output of the previous cell. The input gate adds the new infection data to the memory cell state. Finally, the output gate generates the output of the cell, i.e., the predicted infections for the next time step based on the current infections and cell state. Bi-LSTM is a recurrent neural network that consists of two LSTM networks, one in the forward direction and another in the backward.



Model calibration

The selected prediction model is calibrated for hyperparameter tuning. It is an important stage as non-optimal parameters’ values may increase the resource utilization and execution time for model development and can degrade the model’s convergence and prediction performance.



Model development

The dataset is split into training and validation. The most common approach is splitting the dataset into 70 and 30% for training and validation, respectively. The selected algorithm, with the optimal values of the parameters, is then developed using the training dataset.



Model validation

The developed model is validated using the validation dataset in terms of Mean Absolute Percentage Error (MAPE) and Root Mean Squared Error (RMSE).



Model implementation

The model is implemented in real-time for predicting infections for a city, state, and/or country. The infections trend-to-model mapping, model calibration, and model development are iterative stages. These stages are repeated based on updated and/or new data.

Figure 1C shows the request-response workflow used in the proposed system. The healthcare organizations and the government users interact with the front-end interface of the system. They are authorized based on their Access Control List (ACL) or Role-Based Access Control (RBAC) which is defined by policy. The Certificate Authority (CA) (40–42) generates a pair of public-private keys (43) for all the users. We suggest to use asymmetric cryptosystem such as Elliptic Curve Cryptography (ECC) (44) with the key length of at least 384 bit,5 which is equivalent to 7,680 bit RSA (45), for exchanging the key and then 256 bit key of Advanced Encryption Standard (AES), recommended by National Security Agency (NSA), for encryption and decryption ensuring secure communication. In addition, to ensure the integrity of data received from an external source, the SHA3-256 algorithm is used which guarantees that the data has not been modified.

The front-end runs on the user’s premises and communicates with the back-end that consists of our proposed intelligent agent. The prediction request from a user, i.e., the country for which the prediction is required, the prediction period, and the certificate, are sent to the encryptor. The encryptor encrypts the prediction request using the user’s private key. The encrypted request is sent to the intelligent agent in the back-end. The agent decrypts the request using the public key of the request initiator. Once successfully decrypted, the agent analyzes the trend of the infection data for the country and selects the most accurate prediction model. The results of the prediction model are then encrypted by the agent using the initiator’s public key. The encrypted prediction response is sent to the user at the front-end. The response is then decrypted using the user’s private key.




Implementation of the proposed automated artificial intelligence-enabled system for real-time infection prediction

In this section, the implementation of the real-time system is discussed. The suggested implemented diagram is shown in Figure 2. The infection data is collected from different data sources Dsrc such as the Ministry of Health, Hospitals, and public health agencies (for example WHO). The infection data Inf is stored using the data storage component. The raw infection data is stored as a data frame dfinfis fed as an input to the data transformation component. The preprocessed data frame [image: image] is again stored. The transformed data is constantly updated in the storage in real-time using a data update feedback loop. The preprocessed data is then divided into training [image: image] and validation [image: image] datasets. A model is selected by the intelligent agent based on the temporal distribution of the infection data evolution. The selected model f(inf)is developed using[image: image]. The performance of the model is evaluated using[image: image]. The model development is a feedback control process where the model is tuned using hyperparameter tuning unless the desired performance is obtained. The infection prediction error einfobtained from the evaluation is fed back to tune the hyperparameters. The tuned model f*(inf) is deployed for predicting infections accurately. The deployed model is updated in real-time using the model feedback loop when the infection data is updated. The healthcare organizations and the government then use the deployed model to predict the infections. This is by providing the input arguments, country for which the prediction is required, and the duration of prediction C, t. The number of infections for the prediction period Inft is sent to the healthcare organizations and the government.
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FIGURE 2
Implementation of the proposed real-time prediction system.




Dataset

To evaluate the performance of our proposed system, we developed the prediction models for fifteen countries based on the literature (Table 1). We used the Johns Hopkins COVID-19 dataset that is updated daily.6 Table 2 presents the countries for which the prediction models are developed, the features of the dataset, data update frequency, and the period for which the COVID-19 infections data are extracted for the countries under study. The dataset has no outliers and missing values. We used the number of confirmed cases for each country to develop the models. Figure 3 shows the infection trend for the considered countries. As shown in the figure, the distribution of the infection growth for each country is different. In this paper, we use country-level data for the evaluation as the dataset does not include city-level or state-level data for the countries under study. However, the system can be used for city-level or state-level infection data as well.


TABLE 2    Characteristics of the COVID-19 dataset used in the experiments.
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FIGURE 3
COVID-19 infections’ data trend for the countries under study.




Experiments and evaluation metrics

To predict the COVID-19 infections for the countries under study, we used our proposed system that selected the most accurate machine/deep learning model based on the temporal distribution of the infection evolution for a country (31) as stated in Figure 1. For each country under study, we compared the performance of the model selected using our proposed system with the outperforming model(s) in the literature for that country (Table 1). Table 3 presents the selected model and the models used for the comparison for each country. The description and the parameters for the models are listed in Table 4.


TABLE 3    Prediction models used for the countries under study.

[image: Table 3]

 
TABLE 4    Description and parameters of the prediction models used in the experiments.

[image: Table 4]

To develop the prediction models, we create a separate dataset for each considered country. We use 70% of the dataset (i.e., 22/01/2020—06/06/2021) for training (develop) the model and 30% of the dataset (i.e., 07/06/2021–08/01/2022) for validating the developed model. We first developed a model for each country using the training dataset for that country. We then validated the developed model by predicting the number of infections for the validation period, i.e., 07/06/2021–08/01/2022, and comparing the predicted values with the actual ones. In addition, we developed the outperforming model(s) for each country under study based on the literature (Table 1) and predicted the infections using the developed model(s). We evaluate the performance of the models in terms of RMSE and MAPE that are computed using Equations (1) and (2), respectively.
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where n is the total number of days for which the infections are predicted

To tune the hyperparameters for the considered models, we implement each model with varying parameters’ values and select the values that result in the least MAPE. In particular, to obtain the values of α and β parameters for HLT model, we implement the model with varying values of the parameters between [0, 1] at an interval of 0.1, i.e., (α = 0, β = 0), (α = 0, β = 0.1), …, (α = 0.2, β = 0), (α = 0.2, β = 0.1),… (α = 1, β = 1). The combination of values that return the minimum MAPE is selected. For QT, we implement the model for varying degrees of polynomial between [1, 10] and selected the degree resulting in the least MAPE value. To obtain the values of α, β, Ø parameters for the DT model, we implement the model with varying values of the parameters between [0, 1] at an interval of 0.1 and selected the combination of values that return the minimum MAPE. To obtain the values of input size, number of neurons, epochs, activation function, and optimizer for LSTM, Bi-LSTM, and Bi-GRU models, we first determine the values of input size, number of neurons, and epochs by brute-force method while using Rectified Linear Unit (ReLU) activation function and Adaptive Movement Estimation (Adam) optimizer. We then vary the activation function and optimizer by keeping other parameters constant at their optimal values. The input sizes of 10, 50, 100, 200, and 250 are considered for the experiments. The different values used for epochs are 100, 200, 300, 400, and 500. However, for Italy, 1500 epochs are used as the model did not converge with 500 epochs. The number of neurons is varied from 100 to 1,000 at an interval of 100. The different activation functions used are ReLU, Softplus, Softmax, Softsign, Scaled Exponential Linear Unit (SELU), Linear, Hard_sigmoid, Sigmoid, Hyperbolic Tangent (Tanh), and Exponential Linear Unit (ELU). The optimizers used for tuning are Adam, Adadelta, Adaptive Gradient (AdaGrad), Adamax, Nesterov-accelerated Adaptive Moment Estimation (Nadam), Stochastic Gradient Descent (SGD), and Root Mean Square Propagation (RMSprop). The Mean Squared Error (MSE) loss function is used for LSTM, Bi-LSTM, and Bi-GRU models. To yield parameters’ values for the ARIMA and SutteARIMA models, we first check the stationarity of the infection data and determine the value of d. This is by performing the statistical augmented Dickey-Fuller (ADF) test (33, 46) that checks the null hypothesis that the data is non-stationary and returns a probability score (p-value). A p-value < 0.05 indicates that the time series is stationary. If the p-value ≥ 0.05 (non-stationary time series), then the time series is differenced and the ADF test is performed again. This is repeated until the time series becomes stationary. The value of d is then equal to the number of times the series is differenced. After determining the value of d, we plot the Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots for the differenced time series to determine the values of q and p, respectively. The number of lags for which the ACF is outside the significant threshold represents the value of the parameter “q” value and the number of lags for which the PACF is outside the significant threshold represents the value of “p.”




Results


Hyperparameter tuning

Figure 4 shows the MAPE obtained by the HLT models, for different values of α and β, when developed for the infection data of China, France, Germany, Italy, and Malaysia. It shows that the minimum MAPE is obtained for (α, β) values of (0.1, 1.0), (0.3, 0.9), (1.0, 0.1), (1.0, 0.1), and (0.1, 0.4) for China, France, Germany, Italy, and Malaysia, respectively. We use these values to develop the prediction model for the corresponding countries. Figure 5 shows the MAPE obtained by the DT model, for different values of α and β, when developed for the infection data in Brazil, India, and Saudi Arabia. It shows that the minimum MAPE is obtained for (α, β) values of (1.0, 0.2), (1.0, 0.1), and (0.5, 0.1) for Brazil, India, and Saudi Arabia, respectively. We use these values to develop the prediction model. Figure 6 shows the training and validation losses over epochs for LSTM, Bi-LSTM, and Bi-GRU models for China, Germany, Italy, Australia, Iran, Russia, Spain, the United Kingdom, the United States, Israel, Brazil, and India. As shown in the figure, both training and validation losses converge, indicating a good fit. However, for Australia (Figure 6D), there is a gap between the training and validation losses indicating unrepresentative training dataset. This is because the number of infections for Australia increased rapidly during the validation period, as shown in Figure 3, which is not captured by the model develop using the training dataset. For the ARIMA model, we first perform the ADF test to check the stationarity of time series data for France, Italy, Malaysia, Spain, the United States, and Saudi Arabia. The p-values obtained for Malaysia, Spain, the United States, and Saudi Arabia after the second-order are 0.000000, 0.000000, 0.000092, and 0.000117, respectively. The p-values < 0.05 for these countries indicate that the time series becomes stationary after second-order differencing. Consequently, the value of d is set to 2 for these countries. For France and Italy, p-values < 0.05, i.e., 0.003894 and 0.048181, respectively, are obtained after first order differencing. However, the ACF plots for the first ordered differenced infection data of France and Italy do not converge to zero. Consequently, we differenced the time series for these countries one more time and select d = 2 for France and Italy after obtaining a p-value of 0.000000 and 0.001730, respectively. Figure 7 shows the ACF and PACF plots for the stationary infection data, i.e., after second-order differencing, for France, Italy, Malaysia, Spain, the United States, and Saudi Arabia. As depicted in Figure 7A, 1 lag value is outside the significant threshold in the ACF plot for France indicating q = 1. Moreover, 10 values in the PACF plot are outside the threshold indicating p = 10. Similarly, (p, q) values for Italy, Malaysia, Spain, the United States, and Saudi Arabia are (5, 7), (5, 2), (6, 8), (9, 1), and (3, 1) as shown in Figures 7B–F), respectively. Table 5 shows the optimal values of parameters for the developed models.
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FIGURE 4
Performance of Holt’s linear trend (HLT) model with varying parameters’ values for the infection data in (A) China, (B) France, (C) Germany, (D) Italy, and (E) Malaysia.
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FIGURE 5
Performance of damped trend (DT) model with varying parameters’ values for the infection data in (A) Brazil, (B) India, and (C) Saudi Arabia.
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FIGURE 6
Training and validation loss vs. epochs for long short-term memory (LSTM), bidirectional-LSTM (Bi-LSTM), and bidirectional gated recurrent unit (Bi-GRU) models after hyperparameter tuning for infection data in (A) China (Bi-LSTM), (B) Germany (Bi-LSTM), (C) Italy (Bi-LSTM), (D) Australia (LSTM), (E) Iran (B-GRU), (F) Russia (Bi-LSTM), (G) Spain (Bi-LSTM), (H) United Kingdom (Bi-LSTM), (I) United States (Bi-LSTM), (J) Israel (Bi-LSTM), (K) Brazil (Bi-LSTM), and (L) India (Bi-LSTM).
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FIGURE 7
Autocorrelation function (ACF) and partial autocorrelation function (PACF) plots for the stationary infection data in (A) France, (B) Italy, (C) Malaysia, (D) Spain, (E) United States, and (F) Saudi Arabia.



TABLE 5    Optimal values of parameters obtained after hyperparameter tuning for the models used in the experiments.
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COVID-19 predictions

Figure 8A shows COVID-19 confirmed cases for the training and validation datasets for China. In addition, it indicates the number of infections forecasted by the HLT model selected using the proposed automated AI system and the Bi-LSTM model from the literature (25). It shows that HLT model predicts the infections with more accuracy compared to Bi-LSTM. This is because HLT fits well the exponential + linear infection trend for China. The (MAPE, RMSE) values using HLT and Bi-LSTM models for China are (1.29, 1934.36) and (11.39, 13331.86), respectively. Figure 8B shows the predicted infections for France using the proposed automated AI-selected HLT model and state-of-the-art ARIMA model (27). It shows that HLT outperforms ARIMA. As depicted in Figure 8B, HLT model predicts with lower error for the validation period where the infection’s trend is linear than where the trend is exponential. The prediction error for HLT increases as the infection grows exponentially toward the end of the validation period, which is not captured by the model. The (MAPE, RMSE) values using HLT and ARIMA models for France are (3.87, 702931.85) and (9.39, 1155417.17), respectively. The prediction for Germany using automated AI-selected HLT and state-of-the-art Bi-LSTM (25) is shown in Figure 8C. HLT outperforms Bi-LSTM as it can capture the exponential + linear infection trend for Germany. However, similar to Figure 8B, the prediction error by HLT for Germany (Figure 8C) increases when the validation infection data exhibits an exponential trend. The (MAPE, RMSE) values using HLT and Bi-LSTM models for Germany are (9.37, 967916.97) and (28.01, 1321353.74), respectively. Figure 8D shows COVID-19 prediction for Italy using automated AI-selected HLT and state-of-the-art ARIMA (24, 27) and Bi-LSTM (25) models. The HLT model outperforms ARIMA and Bi-LSTM models. The (MAPE, RMSE) values using HLT, ARIMA, and Bi-LSTM models for Italy are (2.84, 389747.98), (6.56, 581053.16), and (12.41, 837410.43), respectively. The prediction results for Malaysia using our automated AI-selected HLT model and state-of-the-art ARIMA model (28) are presented in Figure 8E. HLT captures the infection trend for Malaysia and outperforms ARIMA in predicting COVID-19 infections. The (MAPE, RMSE) values using HLT and ARIMA models for Malaysia are (16.37, 412523.95) and (23.23, 617834.31), respectively.
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FIGURE 8
(A) Forecasting of COVID-19 infections in China using automated artificial intelligence-enabled system selected Holt’s linear trend (HLT) and state-of-the-art Bidirectional long short-term Memory (Bi-LSTM) models. (B) Forecasting of COVID-19 infections in France using Automated Artificial Intelligence-enabled system selected HLT and state-of-the-art Autoregressive Integrated Moving Average (ARIMA) models. (C) Forecasting of COVID-19 infections in Germany using Automated Artificial Intelligence-enabled system selected HLT and state-of-the-art Bi-LSTM models. (D) Forecasting of COVID-19 infections in Italy using Automated Artificial Intelligence-enabled system selected HLT and state-of-the-art ARIMA and Bi-LSTM models. (E) Forecasting of COVID-19 infections in Malaysia using Automated Artificial Intelligence-enabled system selected HLT and state-of-the-art ARIMA models. (F) Forecasting of COVID-19 infections in Australia using Automated Artificial Intelligence-enabled system selected QT and state-of-the-art LSTM models. (G) Forecasting of COVID-19 infections in Iran using Automated Artificial Intelligence-enabled system selected QT and state-of-the-art Bi-GRU models. (H) Forecasting of COVID-19 infections in Russia using Automated Artificial Intelligence- enabled system selected Quadratic Trend (QT) and state-of-the-art Bi-LSTM models. (I) Forecasting of COVID-19 infections in Spain using Automated Artificial Intelligence-enabled system selected QT and state-of-the-art ARIMA, SutteARIMA, and Bi-LSTM models. (J) Forecasting of COVID-19 infections in the United Kingdom using Automated Artificial Intelligence-enabled system selected QT and state-of-the-art Bi-LSTM models. (K) Forecasting of COVID-19 infections in the United States using Automated Artificial Intelligence-enabled system selected Linear Trend (LT) and state-of-the-art ARIMA and Bi-LSTM models. (L) Forecasting of COVID-19 infections in Israel using Automated Artificial Intelligence-enabled system selected LT and state-of-the-art Bi-LSTM models. (M) Forecasting of COVID-19 infections in Brazil using Automated Artificial Intelligence-enabled system selected Damped Trend (DT) and state-of-the-art Bi-LSTM models. (N) Forecasting of COVID-19 infections in India using Automated Artificial Intelligence-enabled system selected DT and state-of-the-art Bi-LSTM models, and (O) forecasting of COVID-19 infections in Saudi Arabia using Automated Artificial Intelligence-enabled system selected DT and state-of-the-art ARIMA models.


Figure 8F shows the prediction results for Australia using automated AI-selected QT and state-of-the-art LSTM (26). The (MAPE, RMSE) values using QT and LSTM models for Australia are (20.64, 80417.79), and (68.60, 181145.56), respectively. Figure 8G shows the prediction results for Iran using automated AI-selected QT and Bi-GRU (26). The (MAPE, RMSE) values using QT and Bi-GRU models for Iran are (8.54, 579794.14) and (31.90, 2086139.84), respectively. Figure 8H shows COVID-19 predictions for Russia using automated AI-selected QT and Bi-LSTM (25). It depicts that QT outperforms Bi-LSTM as it can capture the polynomial trend of the infection data in Russia. The (MAPE, RMSE) values using QT and Bi-LSTM models for Russia are (12.87, 941065.72) and (23.58, 2536117.98), respectively. Figure 8I shows the prediction results for Spain using automated AI-selected QT and state-of-the-art ARIMA (27), SutteARIMA (23), and Bi-LSTM (25). The (MAPE, RMSE) values using QT, ARIMA, SutteARIMA, and Bi-LSTM models for Spain are (5.77, 497155.75), (13.26, 825509.28), (56.48, 2804433.84), and (16.48, 1047913.19), respectively. Figure 8J shows the prediction results for the United Kingdom using automated AI-selected QT and Bi-LSTM (25). The (MAPE, RMSE) values using QT and Bi-LSTM models for the United Kingdom are (16.57, 1167306.58) and (27.40, 3450595.03), respectively. Figure 8K shows the COVID19 infection prediction for the United States using LT, ARIMA (24), and Bi-LSTM (25). The (MAPE, RMSE) values using LT, ARIMA, and Bi-LSTM models for the United States are (3.79, 2197376.04), (15.5, 9450564.22), and (10.99, 6337067.40) respectively. Figure 8L shows the prediction results for Israel using automated selected LT and Bi-LSTM (25). The (MAPE, RMSE) values using LT and Bi-LSTM models for Israel are (9.06, 119886.19) and (20.91, 335433.23), respectively. Figures 8M,N) show the prediction results for Brazil and India, respectively, using automated AI-selected DT models and Bi-LSTM models (25). They show that DT outperforms Bi-LSTM for both Brazil and India as it can accurately DT capture the exponential + damping trend of infection growth. The (MAPE, RMSE) values using DT and Bi-LSTM models for Brazil are (0.73, 175627.67) and (14.02, 3313775.77), respectively. The (MAPE, RMSE) values using DT and Bi-LSTM models for India are (4.79, 1732187.64) and (36.89, 12906730.59), respectively. Figure 8O shows the prediction results for Saudi Arabia using automated AI selected DT and ARIMA (29). The (MAPE, RMSE) values using DT and ARIMA models for Saudi Arabia are (1.54, 9909.39) and (6.37, 47768.10), respectively. Figure 9 show the MAPE and RMSE obtained by the model selected using the proposed system and state-of-the-art approaches for each country under study. It shows that the selected models outperform the approaches in the literature for each country. In summary, the proposed system predicts COVID-19 infections with an average MAPE and RMSE of 7.87 and 665052.14, respectively. The average MAPE values for state-of-the-art Bi-LSTM, ARIMA, LSTM, Bi-GRU, and SutteARIMA models are 20.21, 12.38, 68.60, 31.90, and 56.48, respectively, whereas the average RMSE values are 3209972.92, 2113024.38, 181145.57, 2086139.84, and 2804433.85, respectively.
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FIGURE 9
Mean absolute percentage error (MAPE) and normalized root mean squared error (RMSE) of the Automated Artificial Intelligence-enabled system selected and state-of-the-art models for the countries under study.





Discussion

Time series prediction is a useful method to predict the dynamics of future infection data by using the influence of the trends, seasonality, and randomness of the historical data (31). Different machine learning algorithms have been used to analyze the data of epidemic and pandemic diseases such as influenzas A (H1N1), B, measles childhood disease (32), SARS, MERS, and COVID-19 outbreaks, at the country, regional or global level (31). Though any machine learning algorithm can produce reliable results at some level, time series algorithms are the most accurate approaches to studying epidemic and pandemic diseases because of their dynamic and temporal nature (33). Several machine learning and deep learning time series algorithms have been used in the literature to predict COVID-19 infections (23–29). The dominant concern in predicting infections for a country is the prediction’s accuracy, optimal resource management, and effective development of strategies. Our main goals are to (1) decide on an accurate time series learning algorithm for predictions, and (2) hyperparameter tuning for the selected algorithm. These algorithms are data-driven and are only suitable for a particular trend of the infection’s growth. Consequently, a single algorithm cannot be applied to predict infections’ spread in different countries. For instance, Autoregressive Integrated Moving Average (ARIMA) (29) cannot be used for prediction when the trend of infection’s growth linearizes/dampens over time. Furthermore, Holt’s Linear Trend (HLT) (47) model gives inaccurate prediction results if there exists a seasonality behavior in the infection’s growth. Table 6 presents the limitations of the models used in the literature (Table 1). In summary, Table 6 shows that no single algorithm can be used to accurately predict infections for all the countries in the world. This is because the infection trend is different from one country to another. Our proposed automated AI-enabled proactive preparedness real-time system analyzes a country’s infection trend and selects a time-series model which captures that particular trend. Our numerical experiments and comparative analysis show that the proposed system outperforms the state-of-the-art approaches for COVID-19 prediction. In particular, the proposed system predicts the number of infections with 68.60, 58.79, 69.90, 73.21, and 89.78% less MAPE, and 65.8150.18, 55.60, 72.20, and 82.27% lower RMSE than Bi-LSTM, ARIMA, LSTM, Bi-GRU, and SutteARIMA used in the literature, respectively.


TABLE 6    Limitations of time series algorithms.
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Conclusion

Considering the dynamicity in the temporal distribution of infections over time among different countries, a single machine learning infection prediction algorithm cannot solely yield high accuracy for all the countries, and hence different models should be adopted for predicting infections in different countries. The selection of the model for a country is the main challenge as evaluating the performance of all the algorithms for a country and then selecting the most accurate model is a complex and inefficient process. For selecting the most accurate model the trend of the infection’s evolution for a country should be taken into consideration. Incorporating all these factors, a novel automated artificial intelligence-enabled proactive preparedness real-time system for accurate prediction of COVID-19 infection is proposed. We present the design, development, and implementation of the system. The proposed system selects the most accurate model based on the infection trend for a country, whereas the models in the literature are selected based on the popularity of the model or based on the performance of a models when used for other countries. The developed system performs efficiently, with an average reduction of 72.1% in MAPE and 65.2% in RMSE compared to state-of-the-art approaches. Consequently, the system will aid governments to tailor the precautionary measures in place to tackle a pandemic, such as COVID-19, and develop an effective plan to manage the medical resources efficiently. For future research work, a large spectrum of countries will be considered to evaluate the proposed system. In addition, efficient methods for models’ calibrations will be investigated.
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Footnotes

1     https://www.who.int/emergencies/diseases/novel-coronavirus-2019 (last accessed on May 23, 2022).

2     https://covid19.who.int/ (last accessed on May 23, 2022).

3     https://www.cdc.gov/flu/pandemic-resources/2009-h1n1-pandemic.html (last accessed on May 16, 2022).

4     https://www.cdc.gov/flu/pandemic-resources/pandemic-timeline-1930-and-beyond.htm (last accessed on May 16, 2022).

5     https://apps.nsa.gov/iaarchive/programs/iad-initiatives/cnsa-suite.cfm (last accessed on May 16, 2022).

6     https://data.humdata.org/dataset/novel-coronavirus-2019-ncov-cases (last accessed on May 16, 2022).



References

1. Unudurthi SD, Luthra P, Bose RJ, McCarthy JR, Kontaridis MI. Cardiac inflammation in COVID-19: lessons from heart failure. Life Sci. (2020) 260:118482. doi: 10.1016/j.lfs.2020.118482

2. Shah MD, Sumeh AS, Sheraz M, Kavitha MS, Maran BAV, Rodrigues KFA. mini-review on the impact of COVID 19 on vital organs. Biomed Pharmacother. (2021) 143:112158. doi: 10.1016/j.biopha.2021.112158

3. Abdel-Moneim A, Hosni A. Insights into the possible impact of COVID-19 on the endocrine system. Arch Physiol Biochem. (2021). [Epub ahead of print]. doi: 10.1080/13813455.2021.1890131

4. Ismail L, Materwala H, Tayefi M, Ngo P, Karduck AP. Type 2 diabetes with artificial intelligence machine learning: methods and evaluation. Arch Comput Methods Eng. (2022) 29:313–33. doi: 10.1007/s11831-021-09582-x

5. Ismail L, Materwala H, Al Kaabi J. Association of risk factors with type 2 diabetes: a systematic review. Comput Struct Biotechnol J. (2021) 19:1759–85. doi: 10.1016/j.csbj.2021.03.003

6. Ismail L, Materwala H. Comparative analysis of machine learning models for diabetes mellitus type 2 prediction. Proceedings of the 2020 International Conference on Computational Science and Computational Intelligence (CSCI). Las Vegas, NV: IEEE (2020). p. 527–33. doi: 10.1109/CSCI51800.2020.00095

7. Hou C, Chen J, Zhou Y, Hua L, Yuan J, He S, et al. The effectiveness of quarantine of Wuhan city against the Corona Virus Disease 2019 (COVID-19): a well-mixed SEIR model analysis. J Med Virol. (2020) 92:841–8. doi: 10.1002/jmv.25827

8. Zou Z, Fairley CK, Shen M, Scott N, Xu X, Li Z, et al. Critical timing and extent of public health interventions to control outbreaks dominated by SARS-CoV-2 variants in Australia: a mathematical modelling study. Int J Infect Dis. (2022) 115:154–65. doi: 10.1016/j.ijid.2021.11.024

9. Hellewell J, Abbott S, Gimma A, Bosse NI, Jarvis CI, Russell TW, et al. Feasibility of controlling COVID-19 outbreaks by isolation of cases and contacts. Lancet Glob Health. (2020) 8:e488–96. doi: 10.1016/S2214-109X(20)30074-7

10. Pfefferbaum B, North CS. Mental health and the Covid-19 pandemic. N Engl J Med. (2020) 383:510–12. doi: 10.1056/NEJMp2008017

11. Kaye AD, Okeagu CN, Pham AD, Silva RA, Hurley JJ, Arron BL, et al. Economic impact of COVID-19 pandemic on healthcare facilities and systems: international perspectives. Best Pract Res Clin Anaesthesiol. (2021) 35:293–306. doi: 10.1016/j.bpa.2020.11.009

12. Škare M, Soriano DR, Porada-Rochoń M. Impact of COVID-19 on the travel and tourism industry. Technol Forecast Soc Change. (2021) 163:120469. doi: 10.1016/j.techfore.2020.120469

13. Czeisler M, Lane RI, Petrosky E, Wiley JF, Christensen A, Njai R, et al. Mental health, substance use, and suicidal ideation during the COVID-19 pandemic—United States, June 24–30, 2020. Morb Mortal Wkly Rep. (2020) 69:1049–57. doi: 10.15585/mmwr.mm6932a1

14. Wathelet M, Duhem S, Vaiva G, Baubet T, Habran E, Veerapa E, et al. Factors associated with mental health disorders among university students in France confined during the COVID-19 pandemic. JAMA Netw open. (2020) 3:e2025591. doi: 10.1001/jamanetworkopen.2020.25591

15. Saqib MAN, Siddiqui S, Qasim M, Jamil MA, Rafique I, Awan UA, et al. Effect of COVID-19 lockdown on patients with chronic diseases. Diabetes Metab Syndr Clin Res Rev. (2020) 14:1621–3. doi: 10.1016/j.dsx.2020.08.028

16. Mattioli AV, Puviani MB, Nasi M, Farinetti A. COVID-19 pandemic: the effects of quarantine on cardiovascular risk. Eur J Clin Nutr. (2020) 74:852–5. doi: 10.1038/s41430-020-0646-z

17. Ismail L, Materwala H, Karduck AP, Adem A. Requirements of health data management systems for biomedical care and research: scoping review. J Med Internet Res. (2020) 22:e17508. doi: 10.2196/17508

18. Ismail L, Zhang L. Information Innovation Technology in Smart Cities. Berlin: Springer (2018). doi: 10.1007/978-981-10-1741-4

19. Pelau C, Dabija DC, Ene I. What makes an AI device human-like? The role of interaction quality, empathy and perceived psychological anthropomorphic characteristics in the acceptance of artificial intelligence in the service industry. Comput Human Behav. (2021) 122:106855. doi: 10.1016/j.chb.2021.106855

20. Morrison M, Lãzãroiu G. Cognitive internet of medical things, big healthcare data analytics, and artificial intelligence-based diagnostic algorithms during the COVID-19 pandemic. Am J Med Res. (2021) 8:23–6. doi: 10.22381/ajmr8220212

21. Stanley A, Kucera J. Smart healthcare devices and applications, machine learning-based automated diagnostic systems, and real-time medical data analytics in COVID-19 screening, testing, and treatment. Am J Med Res. (2021) 8:105–17. doi: 10.22381/ajmr8220218

22. Turner D, Pera A. Wearable internet of medical things sensor devices, big healthcare data, and artificial intelligence-based diagnostic algorithms in real-time COVID-19 detection and monitoring systems. Am J Med Res. (2021) 8:132–45. doi: 10.22381/ajmr82202110

23. Ahmar AS, Del Val EB. SutteARIMA: short-term forecasting method, a case: covid-19 and stock market in Spain. Sci Total Environ. (2020) 729:138883. doi: 10.1016/j.scitotenv.2020.138883

24. Gecili E, Ziady A, Szczesniak RD. Forecasting COVID-19 confirmed cases, deaths and recoveries: revisiting established time series modeling through novel applications for the USA and Italy. PLoS One. (2021) 16:e0244173. doi: 10.1371/journal.pone.0244173

25. Shahid F, Zameer A, Muneeb M. Predictions for COVID-19 with deep learning models of LSTM, GRU and Bi-LSTM. Chaos Solitons Fractals. (2020) 140:110212. doi: 10.1016/j.chaos.2020.110212

26. Ayoobi N, Sharifrazi D, Alizadehsani R, Shoeibi A, Gorriz JM, Moosaei H, et al. Time series forecasting of new cases and new deaths rate for COVID-19 using deep learning methods. Results Phys. (2021) 27:104495. doi: 10.1016/j.rinp.2021.104495

27. Ceylan Z. Estimation of COVID-19 prevalence in Italy, Spain, and France. Sci Total Environ. (2020) 729:138817. doi: 10.1016/j.scitotenv.2020.138817

28. Singh S, Sundram BM, Rajendran K, Law KB, Aris T, Ibrahim H, et al. Forecasting daily confirmed COVID-19 cases in Malaysia using ARIMA models. J Infect Dev Ctries. (2020) 14:971–6. doi: 10.3855/jidc.13116

29. Alzahrani SI, Aljamaan IA, Al-Fakih EA. Forecasting the spread of the COVID-19 pandemic in Saudi Arabia using ARIMA prediction model under current public health intervention. J Infect Public Health. (2020) 13:914–9. doi: 10.1016/j.jiph.2020.06.001

30. Firouzi F, Farahani B, Daneshmand M, Grise K, Song JS, Saracco R, et al. Harnessing the power of smart and connected health to tackle COVID-19: IoT, AI, robotics, and blockchain for a better world. IEEE Internet Things J. (2021) 8:12826–46. doi: 10.1109/JIOT.2021.3073904

31. Ismail L, Materwala H, Znati T, Turaev S, Khan MA. Tailoring time series models for forecasting coronavirus spread: case studies of 187 countries. Comput Struct Biotechnol J. (2020) 18:2972–3206. doi: 10.1016/j.csbj.2020.09.015

32. Finkenstadt BF, Grenfell BT. Time series modelling of childhood diseases: a dynamical systems approach. J R Stat Soc Ser C Appl Stat. (2000) 49:187–205. doi: 10.1111/1467-9876.00187

33. Ismail L, Alhmoudi S, Alkatheri S. Time series forecasting of COVID-19 infections in United Arab Emirates using ARIMA. Proceedings of the 2020 International Conference on Computational Science and Computational Intelligence (CSCI). Las Vegas, NV: IEEE (2020). p. 801–6. doi: 10.1109/CSCI51800.2020.00150

34. Ismail L, Mills B, Hennebelle A. A formal model of dynamic resource allocation in Grid computing environment. Proceedings of the 2008 Ninth ACIS International Conference on Software Engineering, Artificial Intelligence, Networking, and Parallel/Distributed Computing. Phuket: IEEE (2008). p. 685–93. doi: 10.1109/SNPD.2008.136

35. Ismail L. Dynamic resource allocation mechanisms for grid computing environment. Proceedings of the 2007 3rd International Conference on Testbeds and Research Infrastructure for the Development of Networks and Communities. Lake Buena Vista, FL: IEEE (2007). p. 1–5. doi: 10.1109/TRIDENTCOM.2007.4444737

36. Ismail L, Zhang L. Modeling and performance analysis to predict the behavior of a divisible load application in a cloud computing environment. Algorithms. (2012) 5:289–303. doi: 10.3390/a5020289

37. Ismail L, Zhang L. Modeling and performance analysis to predict the behavior of a divisible load application in a star network cloud. Proceedings of the 2010 Fourth UKSim European Symposium on Computer Modeling and Simulation. Pisa: IEEE (2010). p. 369–74. doi: 10.1109/EMS.2010.67

38. Ismail L, Materwala H, Hennebelle A. A scoping review of integrated blockchain-cloud (BcC) architecture for healthcare: applications, challenges and solutions. Sensors. (2021) 21:3753. doi: 10.3390/s21113753

39. Ismail L, Materwala H. IDMPF: intelligent diabetes mellitus prediction framework using machine learning. Appl Comput Inform. (2021) 1–12. doi: 10.1108/ACI-10-2020-0094

40. Ismail L. Evaluation of authentication mechanisms for mobile agents on top of Java. Proceedings of the 6th IEEE/ACIS International Conference on Computer and Information Science. Melbourne, VIC: IEEE (2007). p. 1–8. doi: 10.1109/ICIS.2007.97

41. Ismail L. A secure mobile agents platform. J Commun. (2008) 3:1–12.

42. Ismail L. Authentication mechanisms for mobile agents. Proceedings of the Second International Conference on Availability, Reliability and Security (ARES’07). Vienna: IEEE (2007). p. 1–8. doi: 10.1109/ARES.2007.47

43. Ismail L, Barka E. Key distribution framework for a mobile agent platform. Proceedings of the 2008 The Second International Conference on Next Generation Mobile Applications, Services, and Technologies. Cardiff: IEEE (2008). p. 281–87. doi: 10.1109/NGMAST.2008.61

44. Singh SR, Khan AK, Singh TS. A critical review on elliptic curve cryptography. Proceedings of the International Conference on Automatic Control and Dynamic Optimization Techniques (ICACDOT). Pune: IEEE (2016). p. 13–8. doi: 10.1109/ICACDOT.2016.7877543

45. Malik MY. Efficient implementation of elliptic curve cryptography using low-power digital signal processor. Proceedings of the 2010 The 12th International Conference on Advanced Communication Technology (ICACT). Gangwon: IEEE (2010). p. 1464–8.

46. Ismail L, Materwala H, Hennebelle A. Forecasting COVID-19 infections in gulf cooperation council (GCC) countries using machine learning. Proceedings of the 2021 The 13th International Conference on Computer Modeling and Simulation. New York, NY: Association for Computing Machinery (2021). p. 231–6. doi: 10.1145/3474963.3475844

47. Yapar G, Capar S, Selamlar HT, Yavuz I. Modified Holt’s linear trend method. Hacet J Math Stat. (2018) 47:1394–403. doi: 10.15672/HJMS.2017.493



OPS/xhtml/Nav.xhtml




Contents





		Cover



		Automated artificial intelligence-enabled proactive preparedness real-time system for accurate prediction of COVID-19 infections— Performance evaluation



		Introduction



		Related work



		Materials and methods



		Automated artificial intelligence-enabled proactive preparedness real-time system for accurate COVID-19 infection prediction



		Infection data collection



		Data preprocessing



		Infection trend-to-model mapping



		Model calibration



		Model development



		Model validation



		Model implementation







		Implementation of the proposed automated artificial intelligence-enabled system for real-time infection prediction



		Dataset



		Experiments and evaluation metrics







		Results



		Hyperparameter tuning



		COVID-19 predictions







		Discussion



		Conclusion



		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Footnotes



		References

















OPS/images/cover.jpg
& frontiers | Frontiers in Medicine

Automated artificial
intelligence-enabled proactive
preparedness real-time system

for accurate prediction of
COVID-19 infections—
Performance evaluation











OPS/images/fmed-09-871885-t003.jpg
Country Infection’s Automated AI Model(s) used

trend selected model for comparison
China Exponential + linear HLT Bi-LSTM (25)
France ARIMA (27)
Germany Bi-LSTM (25)
Italy ARIMA (24, 27) and
Bi-LSTM (25)
Malaysia ARIMA (28)
Australia Polynomial QT LSTM (26)
Iran Bi-GRU (26)
Russia Bi-LSTM (25)
Spain SutteARIMA (23),
Bi-LSTM (25) and
ARIMA (27)
UK Bi-LSTM (25)
0N Linear LT ARIMA (24) and
Bi-LSTM (25)
Israel Bi-LSTM (25)
Brazil Exponential + DT Bi-LSTM (25)
damping
India Bi-LSTM (25)

Saudi Arabia ARIMA (29)






OPS/images/fmed-09-871885-t004.jpg
Model

HLT
QT

LT

DT

LSTM

Bi-LSTM

Bi-GRU

ARIMA

SutteARIMA

Description

Allows forecasting of data with a trend. It is exponential smoothing applied to both
the average value in the series (level) as well as the trend (47).

Develops a polynomial relationship between time and the infection data (31).

Develops a linear relationship between time and the infection data (31). It is suitable
for the time series where the local mean is increasing gradually over time at a
constant rate.

Extends the HLT model by adding a damping parameter that dampens the steep
increasing forecast of HLT to a flat trend in the future (46).

LSTM is a recurrent neural network that is capable of learning long-term
dependencies. The main concepts of LSTM are the cell state and the gates. The cell
state acts as a data transmission channel that transfers relative information to the
chain of neural networks. Gates are the way to decide on what information to keep or
forget based on the relevance during the training.

A recurrent neural network model consisting of two LSTM networks, one in forward
direction (previous timestamp to future) and backward direction (future to previous
timestamps).

A neural network model consisting of two GRU networks, one taking input in
forward direction and the other in backward direction. It is a bidirectional recurrent
neural network consisting of input and forget gates. GRU are similar to LSTM cells
but do not maintain an internal cell state

Combines the autoregressive (AR) and the moving average (MA) models (29). AR
develops a linear regression model with lagged infections as the independent
variables and the MA develops a linear regression model using lagged prediction
errors as the independent variables. A non-stationary time series data trend should
be transformed into a stationary one, using differencing, to apply ARIMA.

Averages alpha-Sutte and ARIMA prediction models (23). Alpha-Sutte is based on
the moving average method and uses the infection’s data for the past 4 timestamps to
predict infection for the next timestamp.

Parameter

Smoothing

parameters for level (o) and trend (B)

Degree of polynomial

Not applical

Smoothing
parameter (

ble

parameters for level (a), trend (B), and damping
@)

input size, number of neurons, epochs, activation function, and

optimizer

Orders of lag observations (p), differencing (d), and moving

average (q)

Orders of lag observations (p), differencing (d), and moving

average (q)





OPS/images/logo.jpg
¥ frontiers | Frontiers in Medicine






OPS/images/fmed-09-871885-t005.jpg
Model

HLT

LSTM

Bi-LSTM

Bi-GRU
ARIMA

Country

China
France
Germany
Ttaly
Malaysia
Australia
Iran
Russia
Spain
United Kingdom
Brazil
India
Saudi Arabia
Australia
China
Germany
Ttaly
Russia, Spain, United States, and Brazil
United Kingdom
Israel
India
Iran
France
Ttaly
Malaysia
Spain
United States
Saudi Arabia

Optimal parameters’ values

a=0.1,=1.0
a=0.3,=0.9
a=1.0,=0.1
a=1.0,=0.1
a=0.1,=04
Degree = 5
Degree =2
Degree =2
Degree =3
Degree =2

a=1.0,p=02, ®=0.99
a=1.0,p=0.1, ®=0.99
a=0.5B=0.1, ®=0.99
Input size = 250, neurons = 100, epochs =500, activation function = ReLU, optimizer = SGD
Input size = 250, neurons = 100, epochs = 500, activation function = SELU, optimizer = Adamax
Input size = 250, neurons = 100, epochs = 500, activation function = SELU, optimizer = Adadelta
Input size = 250, neurons = 100, epochs = 1,500, activation function = ReLU, optimizer = SGD
Input size = 250, neurons = 100, epochs = 500, activation function = ReLU, optimizer = Adadelta
Input size = 250, neurons = 100, epochs = 500, activation function = Softsign, optimizer = Adadelta
Input size = 250, neurons = 100, epochs = 500, activation function = ReLU, optimizer = Adam
Input size = 250, neurons = 100, epochs =500, activation function = ReLU, optimizer = Nadam
Input size = 250, neurons = 100, epochs = 500, activation function = ReLU, optimizer = Adam
p=10,q=2,d=1
p=5g=2d=7
p=549=2d=2
p=69=2,d=8
p=9%q=2,d=1
P=3q=2%d=1





OPS/images/fmed-09-871885-t006.jpg
Algorithm

Autoregressive Integrated Moving Average (ARIMA)
SutteARIMA
Holt’s linear trend

Trigonometric Exponential smoothing state-space model with Box-Cox
transformation

Cubic smoothing spline

Support vector regression

Long short-term memory (LSTM), Bi-LSTM, gated recurrent unit (GRU), and
Bi-GRU

Autoregressive and Autoregressive Moving Average

Moving average

Limitation

Not suitable for infection’s trend that becomes linear or dampens over time
Not suitable for infection’s trend that increases exponentially
Not suitable for infection’s trend with seasonality

Not suitable for infection’s trend that increases exponentially

Not suitable for infection’s trend having a high difference in the number of infections
between consecutive time intervals

Not suitable for infection’s trend with randomness

Time consuming, memory-intensive and the performance is sensitive to the initial
values of hyperparameters

Not suitable for infection’s trend whose average varies over time

Can only predict a consistent change in infections over time






OPS/images/fmed-09-871885-t001.jpg
Work

Ahmar and Del
Val (23)

Gecili et al. (24)

Shahid et al. (25)

Ayoobi et al.
(26)

Ceylan (27)

Singh et al. (28)

Alzahrani et al.
(29)

Considered
countries

Spain

United States and
Ttaly
Brazil, Germany,
Italy, Spain,
United Kingdom,
China, India, Israel,
Russia, and

United States

Australia and Iran

Italy, Spain, and
France

Malaysia
Saudi Arabia

Considered
algorithms

ARIMA and SutteARIMA

HLT, ARIMA, TBATS, and

cubic smoothing spline

ARIMA, SVR, LSTM,
Bi-LSTM, GRU

LSTM, Bi-LSTM,
Convolutional LSTM,
Bi-Convolutional LSTM,
GRU, Bi-GRU

ARIMA

ARIMA
AR, MA, ARMA, ARIMA

Justification for

algorithm
selection

NR

Widely used in
literature

Accurate for other

countries

Considered  Considered period for

period for

developing the

algorithm
02/12-04/02 2020
02/22-04/29 2020

01/22-05/10 2020

(Australia)
01/25-05/20 2020
(Iran)
01/03-06/06 2020

02/21-04/15 2020

01/22-03/31 2020
03/02-04/20 2020

validating the
algorithm

04/03-04/09 2020
02/22-04/29 2020

05/11-06/27 2020

(Australia)
05/21-06/18 2020
(validation)
06/19-08/19 2020 (testing)
(Iran)
06/07-07/15 2020
(validation)
07/16-10/06 2020 (testing)

NA

04/01-04/17 2020
NA

Outperforming
algorithm

SutteARIMA
ARIMA

Bi-LSTM

LSTM (Australia)
Bi-GRU (Iran)

ARIMA

ARIMA
ARIMA

AR, AutoRegressive; ARIMA, AutoRegressive Integrated Moving Average; ARMA, AutoRegressive Moving Average; Bi-LSTM, Bidirectional Long Short-Term Memory; GRU, Gated
Recurrent Unit; HLT, Holt’s Linear Trend; LSTM, Long Short-Term Memory; MA, Moving Average; NR, Not Reported; NA, Not Applicable; SVR, Support Vector Regression; TBATS,
Trigonometric Exponential smoothing state-space model with Box-Cox transformation.





OPS/images/fmed-09-871885-t002.jpg
Countries

Australia, Brazil, China, France, Germany, India, Iran,
Israel, Italy, Malaysia, Russia, Saudi Arabia, Spain,
United Kingdom, and United States

Features Update
frequency
Province/state, country/region, last update, Daily

number of confirmed cases, number of recovered
cases, and number of deaths

Considered period for
the Covid-19 infections

22/01/2020-08/01/2022





OPS/images/cross.jpg
@ Check for updates.





OPS/images/fmed-09-871885-g008.jpg
China

— Training Data

- Validation Data

=== Start of training

20000 1 === Start of Validation

- Automated Al Selected Holt's Linear Trend
— BI-LSTM

COVID-19 Confirmed Cases

9‘9‘6‘:@@‘9"6‘»"9‘

%
o
2

~

o

w

- Training Data

— Validation Data

=== Start of training

-== Start of Validation

—  Automated Al Selected Holt's Linear Trend

COVID-19 Confirmed Cases
T L 3

\
1.
:

S
2
2

106 Iran

= Training Data

- Validation Data

=== Start of training

=== Start of Validation

—— Automated Al Selected Quadratic Trend
~— Bi-GRU

w o

-

~N

=

COVID-19 Confirmed Cases
-

» & S SN
S & @ @ P
> D D 4

4
Date

[

le7 United Kingdom

1.4 4 — Training Data

- Validation Data

1.24 === Start of training

=== Start of Validation

1.01 —— Automated Al Selected Quadratic Trend
— BI-LSTM

COVID-19 Confirmed Cases

. VA e T o AT NS S
. 19'& *P'o '\9's '\?9 '\>’° '\>9 0:» 1’)9
ST S R T A

Date

le? Brazil

- Training Data

Validation Data

=== Start of training

=== Start of Validation ™
-~ Automated Al Selected Damped Trend
- Bi-LSTM

N
w

=
o

2 e N
° w °

COVID-19 Confirmed Cases
©
w

o©
°

le7 France
1.21 —— Training Data
- \Jalidation Data
§1.0< === Start of training
S === Start of Validation
-8 osdl™ Automated Al Selected Holt's Linear Trend
g =~ ARIMA :
T 0.6 /
(=]
o
204
o
8 0.2 1
o
0.0+
N Q) \ N Q) S >
¢°9 '\99‘ '\9'0 '\9” 1”'0 09 m‘p ’1?5 '09
SO A I A R U
Date
1e6 Malaysia
-~ Training Data
2.5{ — Validation Data
§ === Start of training
S === Start of Validation
3 2.01 —— Automated Al Selected Holt's Linear Trend
g — ARIMA
e 1.54
[
(=]
o
g; 1.04
S
O 0.5+
o
0.0+
o ~ A o S
"t?S> '\9& m°° x°'\ 0 1‘9 1?9 1‘) 'i"p
PSP LR LR P LI L P o
Date
1.2 387 Russia
= Training Data
1.0+ - \alidation Data
§ | === Start of training
S -== Start of Validation
-8 0.8 4 —— Automated Al Selected Quadratic Trend
g — BILSTM
'-§ 0.6 - / £
o
& 044
o
3 0.2
o
0.0+
> P & L > S D L &
o"Qp S 6‘99 F IS &S
> 2 2 2 3 4> > 3
Date
K le United States
64

- Training Data
— Validation Data
21 -== Start of training
=== Start of Validation

- Aytomated Al Selected Linear Trend
- ARIMA

— Bi-LSTM

COVID-19 Confirmed Cases
-

Date
1e7 India
s{ i ‘
1] ]
' '
§ . :
©°a41 H
() ' '
o —— Training Data é
EXMiT Validation Data
s === Start of training
o -== Start of Validation
S 21 — Automated Al Selected Damped Trend
~ | = BI-LSTM
o) '
31 :
1
o .
'
0- :
S ! N LS e A o >
6‘99 6‘°9§ v v - 6‘}9 &\p‘ 69'9 69:\ 60'9
A R O S T S

1e6 Germany

- Training Data
- Validation Data
-== Start of training
=== Start of Validation
- Automated Al Selected Holt's Linear Trend
— BI-LSTM
/

COVID-19 Confirmed Cases
A, ot G

e

(=]

-
“
“
4
4
4
4
“
4

2
%
2,

2
- %

%
9

2
%o

7
%
l.ov
l.o)

7
%

<
%

2
)
2
2
3
2
2
2

Date

Lot Australia

- Training Data

- Validation Data

=== Start of training

=== Start of Validation

- Automated Al Selected Quadratic Trend
— LSTM

e
o
.

o
@

g
o

o
ES

COVID-19 Confirmed Cases
=]
~N

0.0 1

- FERTRTE .
R A R S
LU A A T B A
Date

Spain

-

6

= Training Data
- Validation Data
=== Start of training
=== Start of Validation

~

(-]

w

Automated Al Selected Quadratic Trend
ARIMA

SutteARIMA

Bi-LSTM

i

COVID-19 Confirmed Cases

o > ~N -

208 Israel

- Training Data

- Validation Data

=== Start of training

=== Start of Validation

—— Automated Al Selected Linear Trend
— Bi-LSTM

-
S

—
~N

.-

A

pre—

» e 0 I9. 8
2 o ® o

COVID-19 Confirmed Cases
~N

©
°

B N SR LY o O 1
S FH PSS
O S A A O R
Date

o
0‘,0
0
7
%

o

Saudi Arabia

/

—— Training Data
— Validation Data
~== Start of training
; === Start of Validation

A

A

A

COVID-19 Confirmed Cases
= ~N e
BEEERE






OPS/images/fmed-09-871885-g009.jpg
= 9y (@) ~
o = = o

W
=

Mean Absolute
Percentage Error (MAPE)

N
o

[
o

Automated Al Selected Model
LSTM Model

Bi-LSTM Model

Bi-GRU Model

ARIMA Model

SutteARIMA Model

. \o \S

2 e \ \Q \O \ o\ ) e\ \! \O \Q
C‘(\\(\ ?(a(\cépe (((\3(\\1 \‘a:\a\a\Je\P\\) 6‘(3\ \(a ?\\)55 693 60 6 6‘3‘ \5(6 %(37’ \(\6\6\ P\(&O

=
o)

=
o

Squared Error (RMSE)
o
N

Normalized Root Mean

=
N

W09~ o
oee et i
Automated Al Selected Model
LSTM Model
Bi-LSTM Model
Bi-GRU Model
ARIMA Model

SutteARIMA Model

A\ e oY \} \O \\O 20 \O A O xeS e\ 2\ 2 "\
o ?(60 Ge(«\a \‘av\’a\a\ls P\\)S“a \ ?\\)96 C)\)a\(\(\qdo 3 cxo \‘5(a o \(\dd\ Na‘o
\)(\‘\"e \)(\\& 66\)

Country





OPS/images/fmed-09-871885-g006.jpg
China
0.7 ~——— Training loss
0.61 — Validation loss
0.5
w 0.4
0.3
0.2
0.11 L
0.0{ : :
0 100 200 300 400 S00
Epochs Index
Australia
0.041{ \
0.03+
v w Training loss
30.02 —— Validation loss
0.01+
0.00 ] === . . o
0 100 200 300 400 500
Epochs Index
Spain
0.4- ~ Training loss
—— Validation loss
0.3
v
302
0.1
i = -
0 100 200 300 400 S00
Epochs Index
Israel
0.6
~ Training loss
0.5 —— Validation loss
0.4
gos
0.2
0.1+ \
0.0+ -
0 100 200 300 400 S00

Epochs Index

Germany

0.08
0.07
0.06
0.05

v

30.04
0.03
0.02 -
0.01

0.00+

~——— Training loss
—— Validation loss

LI

200 400 500

Epochs Index

0 100 300

Iran

0.8
0.7
0.6
0.5

v

§0.4<

0.3
0.2
0.1
0.0+

~ Training loss
— Validation loss

0 100

200 300
Epochs Index

400 500

United Kingdom

0.30
0.25-
0.20-
Zoas:
0.10-
0.05-
0.00-

~—— Training loss
—  Validation loss

A

200 300 400 500
Epochs Index

0 100

Brazil

0.8
0.7 4
0.6
0.9
804!
0.31
0.2
0.11
0.0

~— Training loss
~— Validation loss

-

0 100

200 300
Epochs Index

400 500

italy
- Training loss
0.4 —— Validation loss
0.3
w
So02:
0.1
0.0 g .
0 200 400 600 800 100012001400
Epochs Index
Russia
0.5¢ - Training loss
— Validation loss
0.4
§0.3<
0.2¢
0.1
0.0 \
0 100 200 300 400 500
Epochs Index
United States
~ Training loss
0.4- —— Validation loss
0.3
w
§0.2<
0.1 \L
0.0 y
0 100 200 300 400 S00
Epochs Index
India
0.7 —— Training loss
0.6 —— Validation loss
0.5
w04
0.3
0.24
0.1 |
0.0 S -~
0 100 200 300 400 500
Epochs Index






OPS/images/fmed-09-871885-g007.jpg
Autocorrelation Autocorrelation

Autocorrelation

France
1.00 | - 1.00++
|
0'75] - o.7s~;
0.50. B 050
[
0.25 £ 025
| : ) |
0.00 R s e R - S X[
-0.25 ® -0.25
| © |
-o.so-i £ -o.so-j
~0.75| a -0.75
-1.00"5 T 55 -1.00"5
Lag
Malaysia
1.00 1 — 1.00
! 1
0'75] § o.75;
o.so:| ® 0.50
Q |
0.25¢ E 025
| ,lly Ts AL 8 f
0.00' [Ill' 191 LAE Y S LI W 8 0.00:"‘
-0.25 B -0.25
| e z
-O'SO] £ -o.so%
-0.75; a -0.75!
| ! -
~1.00"5 T 55 ~1.00"5
Lag
United States
1.00? - 1.00
0.75 § 075
0.50 B 050
| Q |
o.:.»s-'| . £ 025
| | s ] Rl | O |
0.0G; ,'![,' 'll‘l. Illl ‘Il‘ g 0.00{"‘
~0.25] ® -0.25'
~0.50, £ o.so3
-0.75'i a -0.75
-1.00* 0 10 20 -1.00° 0
Lag

10

10

Lag

Lag

20

20

Autocorrelation Autocorrelation

Autocorrelation

Ital
1.00, s
0.75 <
0.50 i
()
0.25 : <
et i | S
o] TP |
-0.25 o
-0.50 g
-0.75 &
—L00 G320
Lag
Spain
1.00++ »
0.75 g
0.50 'g
[
0.25 £
2} 1) 1] 11 v
0.00 ! ! 9
=l l] P D 2
-0.25 I ” ] o
-0.50 g
-0.75 &
o 10 20
Lag
Saudi Arabia
1.oo1v 1.00
0.75¢ g
0.50 g
()
0.25 I £
i) § BN b § Bad § B 3 6] v
0.00 lx FI " ot ]ivj. ‘ ] . ‘g
-0.25 o
-0.50 g
-0.75 &
=1:007% 10 20
Lag

1.00: ¢
0.75

O.SO"
0.25

.“"[ Teree? .
ey

nn

.\’\Il ‘I
-0.25.
-0.50'

-0.75"
-1.00-

Lag

|
0.75¢
0.507

0.25
0.00+

-0.25'
-0.50

“0s
-1.00"5 10 20
Lag





OPS/images/fmed-09-871885-g004.jpg
>

China

\°
nd w) e(‘er 6(00 &°<

O

dvw) Jo.u3 abejuadied
- 21n|osqQy UBdN

=
: ]
R ®
S= :
-~ g :
8 S 25 3
(4] g :‘
m&% 2.0
3s :
~& 15 é
=
3 s % 5
m
L "woth, 6.7 2 2 \\6\ 3
Tor rg pe 0.2 0.2 ‘\\oQ

Italy

nd w) etel' & (00 ‘\0‘

50
40
30
20
10

21njosqQy uea

S,
’770 °t/;,

for rgpeo 4

Sm, 1.0 0.8
oou,, .6 0.4 . Q .
for 7,9 '°6 0.2 0.2 &\o\’eqe

France

Q@

\r
N w) e(‘e & «\o &°<

m

(@

dyW) Jou3 abejuadiad
(3 21n|0sqy Uean

«\
\\°\

Malaysia

>

8=

> o 26

oo

%3 24

22

38 20

S€ 18

§“’ 16

S el

° ”’oot9_8 ~. 0.4 0.4
Tor 7,? '°6 0.2 0.2 &\o%’e\,

”d w) eter 2 «\o ﬂo(

Germany






OPS/images/fmed-09-871885-e001.jpg
| Infectionsistial

— Infections] |

sactual

1 n
MAPE = ;ZH x100% (2)

Infectionsf





OPS/images/fmed-09-871885-g005.jpg
Brazil

Mean Absolute
Percentage Error (MAPE)

India

20
15
10
5
I
’3379..0'08 osmxe‘
19‘,@;9,6 0 ‘“\09 ¢ S

6(9 gﬂ\oo

Mean Absolute
Percentage Error (MAPE)

Saudi Arabia

00
/Qj 9(9/- 5«\ fof

3.9

W
o
Mean Absolute
Percentage Error (MAPE)

2.5

el
0. 6 ame‘

z“mq 20





OPS/images/fmed-09-871885-e000.jpg
Sy (infectionsiese — infections P’““‘”’f")

n

RMSE =

(6]





OPS/images/fmed-09-871885-g002.jpg
‘( Validation } [ Healthcare ]

'L dataset organization

Data update loop T inf,

L d'l:w;linf
vdf o v C.t]

Hyper

Data Data Model Training sparatan Model Model |f(in Model
storage i transformation selection dataset P development evaluation deployment
A
C,t
Train-validate loop
Model feedback loop
v Inft

[ Government ]






OPS/images/fmed-09-871885-g003.jpg
Normalized COVID-19 Confirmed Cases

-
o

=
(o)

=
o

~

S
-———-—-_______
~

Apr Jul Oct Jan Apr Jul
2021

Date

~— Australia

----- Brazil

=== China

—-- France

—— Germany
..... India

=== lran

—-= lIsrael

— [taly

----- Malaysia
—=—=- Russia

—-- Saudi Arabia
— Spain

----- United Kingdom (UK)
—==- United States

Oct Jan
2022





OPS/images/fmed-09-871885-i004.jpg
dfvd
inf





OPS/images/fmed-09-871885-i003.jpg
fing





OPS/images/fmed-09-871885-g001.jpg
HTTP Al
request

Data source

5

HTTP

response

1. Infection data
collection

Data storage

»
»

Cumulative
infection data

»

2. Data
preprocessing
Date Country
26-10-2021 UAE
1 27-10-2021  UAE
28-10-2021 UAE

Region Longitude Latitude
UAE 23.424076 53.847818
UAE 23.424076 53.847818
UAE 23.424076 53.847818

3. Infections trend-to-model mapping

S 0 & & L D > Q0
N <(® @’b ?Q @‘bﬁ 50 50 VOQ’%QQ Oc’ eO OQ)

Infections
739471
739566
739654

\ 4

Cumulative

Interval @
< ®

infection data

0
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
.

Infection data segmentation

lope
type

Straight lconvex with varying rate iConvex with constant rate
; y
© g .
) g . v :Long short . E . Autoregressive
. - . o
% = ~" Linear - B , -term © = +  integrated
— O 0' i O " 3 P—4 " .
ggl .~ model 2% N oy £ B .+ moving average
= 8 o s @ S model = 2 '¢' model
o ‘E .’ O e = O c
= »Time I »Time 2 »Time
- m“ ., (]
o R > v %| Holt's ! o =
2 % . -2 © . ' .2 b o] -
s . Damped £ | linear = 2 P
» — ’ — .
S 2 trend E -% trend i 8 gl Quadratic
§ § ¥, model 5 @| model’ = § Trend
O el o oel ... - O gl -
= >Time - >Time = *>Time
TConvex and concave TConvex and straight Polynomial

implementation

7. Model

6. Model
validation

5. Model
development

4. Model
calibration

Forward
layer

Infections:.,

Predicted
infections;

Predicted

infections;.,

LSTM cell

Infections.1

infe

3

LSTM cell

A

\

Infections;

7, Forget gate

OPointwise multiplication

"/ Input gate

@Pointwise addition

Predicted

q LSTM cell F- LSTM cell r
LSTM cell LSTM cell LSTM cell

Predicted
infections;.,

ctions;

Backward layer

o

Infections.1

‘Sigmoid activation

/' Cell state
7 Hidden state

Front-end

Prediction
request

response

Encryptor

__",Ouput gate
Back-end

|‘ |

1

] ' Encrypted
| | request
| (Infection trend- i

) to-model !

| mapping i

f Encrypted
| |

| | prediction
l K | response
! 1

|
% 1
Prediction |
|
:

Authority

K
(CA)
Q§Public key \Private key

Certificate with acces
control rights





OPS/images/fmed-09-871885-i002.jpg
& inf





OPS/images/fmed-09-871885-i001.jpg
tr

inf





OPS/images/fmed-09-871885-i000.jpg
df’,
inf





