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The aim of this work is to use climatic variables to predict the number of cumulative cases of covid-19 over one month in Cameroon, using the long-and short-term memory method (LSTM). We will collect climate data over a 365-day period to produce estimates of the number of people infected, using classical data engineering methods and appropriate metrics to produce and validate our prediction models. Our work showed that the independent variables, including climatic and health data, collected from the History-Weather and Our World In Data sites, could indeed predict the number of cumulative cases of infection in 2020 in Cameroon over a period of one month (31 days), with mean values of 0.80477753 for the R-Squared, 2.536322e+02 for the RMSE, 2.147606e+02 for the MAE and 8.379809e-03 for the MAPE. Maximum temperatures and wind speed therefore had a major influence on the spread of the disease. These results have enabled us to see that the use of machine learning applied according to the LSTM principle can help us make predictions with a level of precision that we can consider suitable.

I INTRODUCTION

From the development of robots capable of performing precision surgery to the creation of neural implants capable of making paralyzed people walk, science and technology have always had the glorious ambition of improving lives and, above all, increasing human life expectancy. This is why more than 45 billion euros have been invested in medical research in 2022 alone 1 , for example, which has recently been greatly accelerated thanks to advances in chemistry, physics, mathematics and, above all, the great springboard provided by information and communication technologies. Telemedicine has revolutionized access to healthcare, offering remote consultations that have greatly benefited remote populations, improving the accessibility and quality of medical care [START_REF] Bashshur | National telemedicine initiatives: essential to healthcare reform[END_REF]. The democratization of machine learning in particular has been a major turning point for researchers. It has revolutionized activities in the medical sector, with important specializations such as Patient-Oriented Artificial Intelligence, Clinician-Oriented Artificial Intelligence and Administration and Operations-Oriented Artificial Intelligence [START_REF] Basu | Artificial intelligence: How is it changing medical sciences and its future?[END_REF]. It helps save a significant number of lives by improving access to healthcare, enhancing early diagnosis, and facilitating the management of medical data [START_REF] Alotaibi | The impact of health information technology on patient safety[END_REF]. By saving an average of 380,000 to 403,000 human lives every year [START_REF] Abrahamsen | Scaling machine learning methods to big data systems[END_REF], information technology is a crucial element in the development of human health.

In particular, neural networks are now being used in the hospital sector to solve problems such as the graphical recognition of cases of disease [START_REF] Alenezi | A method of skin disease detection using image processing and machine learning[END_REF], where the aim is to identify whether a patient is suffering from a given illness by detecting a physical symptom on an image of a part of his or her body, robotics, where the aim is to control the movement of a robot performing a surgical operation [START_REF] Mehta | Embracing robotic surgery in low-and middle-income countries: Potential benefits, challenges, and scope in the future[END_REF], or drug prescription [START_REF] Rozenblum | Using a machine learning system to identify and prevent medication prescribing errors: a clinical and cost analysis evaluation[END_REF], where data collected from the patient is used to draw up a medical prescription adapted to the level of intensity of the illness, to name but a few. In order to achieve an increasingly efficient and rapid technique, scientists developed the way neurons work, and it wasn't until 1995 that a learning method based on the use of a type of recurrent neural network known as Long Short Term Memory (LSTM) was known for the first time [START_REF] Hochreiter | Long short-term memory[END_REF]. The latter's operating principle and main characteristics make it an exceptional instrument for the emergence of numerous solutions, such as the prediction of medical events [START_REF] Liu | Multi-channel fusion LSTM for medical event prediction using EHRs[END_REF] or the detection of technical failures in medical equipment [START_REF] Lindemann | A survey on anomaly detection for technical systems using LSTM networks[END_REF]. Compared with other methods, LSTMs are favorable for predicting Covid-19 cases due to their ability to model complex temporal patterns and capture long-term dependencies, which is crucial for anticipating epidemiological trends. It is therefore with numerous programming languages such as R or Python [START_REF] Al-Amin | Efficient machine learning on data science languages with parallel data summarization[END_REF] that machine learning methods remain a tool of choice in the evolution of medical research. That said, the world is facing many problems today, of various kinds. The health sector remains the one whose shortcomings have caused the greatest loss of human life, due to the lack of sufficient information to resolve large-scale problems such as the pandemic that hit our planet in 2019, known as the Covid-19 pandemic. Although this disease has been known and described in humans since the 1960s [START_REF] Kahn | History and recent advances in coronavirus discovery[END_REF], it reappeared with its new SARS-Cov-2 variant in Wuhan, China, in 2019, and has taken a huge toll on human lives, with over 6 million deaths according to the World Health Organization [START_REF] Organization | Coronavirus disease (COVID-19)[END_REF], and 1974 deaths confirmed in Cameroon [START_REF] Mathieu | Coronavirus Pandemic (COVID-19)[END_REF]. Still present and active in many countries under several variants such as Delta, Omicron, Alpha, Gamma or Beta [START_REF] Organization | COVID-19 weekly epidemiological update, 9[END_REF], this disease remains one of the most important of our century, with cumulative economic losses estimated at over 10,000 billion dollars [START_REF] Lafinancepourtous | Pandémie de Covid-19 : perte de plus de 10 000 milliards de dollars pour l'économie mondiale[END_REF].

The use of Machine Learning applied to the long-and short-term memory method provides greater resistance to the gradient vanishing problem compared to other recurrent neural networks, which therefore represents a major aspect in the execution of its implementation when training our models. This will enable our prediction results to be much more accurate. Particular attention has therefore been paid to the theme of predicting the number of cases of covid-19 using climate data applied to LSTMs, which could be of interest to both health and science, given its advantages. Thanks to an enriched set of articles, sites, images, databases and other varied resources, and by relying on resource persons working in the fields of informatics and health, we succeeded in establishing a dataset sufficiently supplied to carry out the data engineering steps required to obtain our results, which are predictions of the number of cases of infection over one month (31 days).

The problem thus identified could therefore be broadly formulated as follows: "What might the health situation look like in relation to covid-19 in Cameroon for a given month, knowing its climatic values ?". The resolution of this question leads us to ask ourselves several questions, such as: "How should we use climatic values to predict the number of cases of covid-19 in Cameroon ? "What are the climatic values that can enable us to predict numbers of covid-19 cases in Cameroon ?", "How should these values be organized and manipulated in order to be most useful to us ?", "What are the elements that are supposed to determine the success value of our results ?". These questions are fundamental to the development of our research activity, may lead us to consider a priori as correct the fact that "The values of the climatic variables and of the cumulative number of cases of infection known for one day can enable us to predict with an acceptable level of precision the cumulative number of cases of Covid-19 for the following day, using an LSTM network", as well as the statement that "The data concerning the number of cases of infection collected over an entire year can enable us to produce a sufficiently accurate prediction of the number of cases for one month in Cameroon, using an LSTM network". These propositions, held to be true, will constitute the essential driving force behind our work, which has as its overall objective the production of optimal data predicting cases of covid-19 in Cameroon using the LSTM method, successively through the collection of potentially useful data, their preliminary processing, and the learning and validation of our models.

The aim of this work is therefore to use climatic variables to predict the number of cumulative cases of covid-19 over one month in Cameroon, using the long-and short-term memory method (LSTM). The work is structured as follows: The section II is devoted to the state of the art. Section III describes the collection of data to form the database. Section IV gives an overview of the methods used. Section V is devoted to results and discussion. Conclusion round up the paper.

II LITERATURE REVIEW ON COVID-19 PREDICTION

Bouhamed [START_REF] Bouhamed | Covid-19 cases and recovery previsions with deep learning nested sequence prediction models with long short-term memory (LSTM) architecture[END_REF] relied on the use of a series of LSTM layers for the prediction of cases of sick people and people treated thanks to data collected since the appearance of Covid-19 in 79 countries until March 2020, which he trained according to a two-phase method, the first of which concerns the number of sick people and the second, which concerns the number of people treated, will be obtained using the results of the first phase as input. He was able to obtain R 2 values of 0.99 for the data after both phases. However, the author raises the problem of lack of sufficient data for information purposes, since he is only dealing with data from 12 countries. We were able to appreciate the fact that predictions were made using two-stage learning. That said, we noticed that the validation metrics used were few and far between. ArunKumar et al. [START_REF] Arunkumar | Forecasting of COVID-19 using deep layer recurrent neural networks (RNNs) with gated recurrent units (GRUs) and long short-term memory (LSTM) cells[END_REF] present the prediction of cumulative cases of covid-19 sick, cured and dead over 60 days using the LSTM method through the constitution of two databases, one concerning deaths and the other concerning cures in 79 and 12 countries respectively. The next step was to determine two sets of 11 and 12 variables to be used for prediction for the two respective databases, which were split and with which the model was trained in order to assess the error levels (R 2 ). These two processes were repeated 10 times. He was thus able to show that the LSTM method gave better values for Mean Squared Error and Root Mean Squared Error for certain countries such as the USA, Chile, Brazil and South Africa, with the prediction of a sharp rise in the number of cases followed by a state of very low growth marked by a plateau, while the GRU model showed better results for other countries such as India, Russia, Mexico and the UK. This work had the advantage of using data from many countries for the estimates. It appeared, however, that only a small number of RNNs were used for predictions. The work carried out by Bhimala et al. [START_REF] Bhimala | Prediction of COVID-19 cases using the weather integrated deep learning approach for India[END_REF], use climate data collected in April and June 2020 to predict the number of Covid-19 cases in India in July 2020, using the LSTM method. Their results showed that the univariate model, which had an error of 20%, was better for short-term predictions. Humidity played a decisive role in the spread of the disease in the West and North-West regions, while temperature was the most important factor in the South and East. This work has the advantage of detailing the analysis by region, but uses a small number of climatic variables (humidity and temperature) for predictions.

Nkamba and Manga [20], have established a mathematical model for predicting the number of COVID-19 cases based on the comparative schema SS

m P C c C h G c G h M c M h ,
in order to obtain data for the coming months. By obtaining a basic reproduction number R 0 varying from 0.42 to 4.22 in Cameroon, they showed that the evolution of the disease was divided into different phases, the predictions of which proved very accurate for the first phase, but they were also able to show that the disease could remain endemic for a whole year. This study is appreciated for its detailed presentation of the model formulation, despite the fact that it did not consider a longer prediction period. The study by Nkwayep et al. [START_REF] Nkwayep | Short-term forecasts of the COVID-19 pandemic: a study case of Cameroon[END_REF] on the short-term prediction of the evolution of the health situation linked to Covid-19 in Cameroon was based on the construction of a mathematical model using the Kalman ensemble approach in order to bring out the predictive values concerning the number of cases during the evolution of the pandemic. The reproduction number R 0 obtained in the study was approximately 2.9495, leading to the conclusion that it is necessary to implement major restraint measures to prevent the disease from persisting. We were able to admire the presentation of the results obtained. However, the large number of parameters made it impossible to get an overview of the predictions. Kamdem et al. [START_REF] Kamdem | Deep learning models for forecasting and analyzing the implications of COVID-19 spread on some commodities markets volatilities[END_REF], in their study on the evolution of food prices in Cameroon and France, predicted the evolution of the number of cases in Cameroon over a one-month period from March 16 to June 16, 2020, using LSTM models and in the states of Cameroon and France. They obtained ARIMA Root Mean Squared Error (RMSE) values of 128.99 and 907.7 respectively for these two countries, and LSTM accuracies of 92.13% and 97.45% respectively. After analyzing four commodities -West Texas Intermerdiate (WTI) oil, Brent crude oil, silver and wheat -they found that the number of Covid-19 cases had an impact only on the prices of West Texas Intermerdiate oil, Brent crude oil and silver. Despite a detailed presentation of commodities and their prices, this work does not provide an overview of the information lost during prediction processes.

III DATA COLLECTION TO FORM THE DATABASE

It was based on Covid-19 and climatic data.

Our Covid-19 data collection was carried out using the datasets available on Our World In Data2 , a site founded by economist Max Roser to make research data available to the general public in a variety of fields relating to humanity's main problems. It has therefore been of vital help to us in our study activity. The collection of our climate data was made possible by the Web site Historique-Météo3 , a climate watch site presenting climate archive data from 2009 climate archives recorded in the morning at 9 a.m., in the afternoon and in the evening at 7 p.m. in many countries. It was the fundamental source of our work.

IV METHODS

Our research results were obtained using the classic data processing approach in the field of Data Science. In fact, our starting point was real-world observation, from which we identified questions of potential research interest, before embarking on the collection of raw data. These data had to undergo various modification operations in order to obtain compliant elements organized in an Exploratory Data Analysis that facilitated processing. An algorithm represented in a programming language was then applied to the data, which we then visualized.

Data collection

Data collection for our prediction study of COVID-19 cases in Cameroon was varied, drawing on both organized and unorganized sources, mainly collected via the Internet. We took advantage of scientific watch sites such as WHO, Worldometer, Our World In Data, and Historique-Météo, focusing on the pandemic and local climate data (section III). They enhance the reliability, consistency and robustness of forecasts, by providing more complete and verified data on the epidemiological situation. This involved an in-depth analysis, focusing on the reliability, relevance and quality of the information gathered, thus guaranteeing solid data for our prediction study.

Data normalization

Data normalization, also known as Data Cleaning, involves identifying and formatting faulty data to ensure a consistent data set. This includes the correction of missing, aberrant, contaminated, invalid or duplicate data, etc. To achieve this, we used various Python functions such as ffill() to fill in missing values in a DataFrame using the last known value, mean() to fill in missing values by averaging existing values, and MinMaxScaler() to normalize data so that they have a common range, for example for atmospheric pressure. In addition, the astype() function was used to convert values to float32, homogenizing data types while improving computational efficiency.

Data mining

During our Exploratory Data Analysis, we structured our database as a DataFrame, making it easier to identify problems and monitor climate and health data. Regarding health variables, our observation revealed an average increase of 74 cumulative cases of COVID-19 per day, with a peak of 884 cases in a single day, observed on July 15, 2020, in Cameroon. Climatic variables observed in Cameroon in 2020 include temperature, precipitation, humidity, atmospheric pressure, dew point, heat index, cloud cover and wind speed. The readings show a diverse range of values for each variable, with, for example, temperature oscillating between 2°C and 62°C, precipitation ranging from 0mm to 97mm, humidity varying from 6% to 100%, atmospheric pressure varying from 1018 hPa to 1011 hPa, and wind speed ranging from 2 Km/h to 90 km/h, among others.

Feature Engineering

Once the data had been normalized, the feature selection process was undertaken to eliminate irrelevant information and retain that essential to our predictions. Initially, our dataset included 18 features, but after selection, only 13 were retained, namely date, number of cumulative and daily cases of COVID-19, duration since first case, climatic data and some sunrise and sunset information. This selection was based on the exclusion of faulty data and the relevance of variables to prediction operations, with an emphasis on quality and reliability to improve prediction precision.

Predictive model

The predictive model represents the organization of the relationships between the various data, enabling us to predict the behavior of the number of confirmed cases based on the information available. Its implementation involved various phases, including formulation, learning, parameterization and validation. By means of Random Sub-Sampling, the exploratory analysis data were divided into two parts, thus offering a varied learning set, although the risk of uneven use of the data is present due to its random nature.

• Model building: We solved our COVID case prediction problem by implementing a model based on LSTM neural networks, implemented in Python using the Keras library of the TensorFlow Framework. These include 4 model layers, each comprising 100 LSTM neurons for learning, followed by a Dense layer for processing the output data via a full connection with bias application. • Model training: We sliced our data using the Random Subsampling method, initially advocated by Malakouti et al. (2023) for the classification of hazardous asteroids. We have allocated 80% of the data to learning, 10% to validation and 10% to testing, the latter covering the last 30 dataset entries for which we will make our predictions. This random process was repeated 10 times to ensure that the training set was diversified, in line with the requirement for accurate learning adaptable to a variety of dataset. • Model validation: in validating our models, we assessed their precision using several regression metrics. These include:

-Mean Absolute Error (MAE), the absolute value of the average error (more specifically, it corresponds to the average difference between predicted and actual values for the number of COVID-19 cases).

M AE = 1 n • n i=1 |y i -ŷi | , (1) 
with: y i the actual number of cases of COVID-19, ŷi the predicted number of cases of COVID-19 and n the number of test data. -Mean Absolute Percentage Error, which corresponds to the percentage of error observed during predictions. More concretely, we'll be looking at the rate of incorrect predictions, which will give us a precise idea of the precision of our predictions.

M AP E = 1 n • n i=1 |y i -ŷi | y i , (2) 
-The Root Mean Square Error (RMSE), which corresponds to the root mean square of the errors. In our work, this is the square root of the ratio of the sum of errors squared to the number of instances. It gives an idea of the error magnitude of our predictions of the number of instances of COVID-19.

RM SE = 1 n • n i=1 (y i -ŷi ) 2 ) (3) 
-The coefficient of determination (R 2 ), which represents the level of adaptation of the prediction model to the dataset, and is mainly used to compare the prediction models developed. It is therefore a value ranging from 0 to 1, to determine respectively whether the model is not generalizable at all, because it is too specialized on the training dataset, or whether it is easily generalizable to other data.

R 2 = 1 - n i=1 (y i -ŷi ) 2 n i=1 (y i -ȳ) 2 , (4) 
with: ȳ the average of the actual values of the number of cases of COVID-19

For this evaluation, we used the Sklearn Python library to calculate these metrics, relying on adapted functions such as r_squared(), mean_absolute_error(), mean_percentage_absolute_error() et root_mean_square_error(). We also optimized our models using the Adam stochastic optimizer, setting a learning rate of 0.01, 1000 Epochs for validation, and a batch size of 292 for our data, as part of a process aimed at achieving better prediction results. • Data visualization: the MatPlotLib library was crucial in producing graphical representations of our climate observations, validation and test results. We opted for scatter plots to compare predicted values with actual values, then line graphs to illustrate the evolution of features, loss data and tests. This approach provided us with a clear and readable visualization, guiding our prediction work through the various stages of data science, from understanding the data to visualizing it. These efforts have led to results that we will explore and analyze in section V.

V RESULTS AND DISCUSSION

Results

The predictions produced by our study have highlighted the values of the metrics needed to determine the quality of our models. The values obtained for R therefore note that the R-Squared values for the application of our models are all very close to 1. This could therefore be interpreted by the fact that the established models fit the training dataset very well. The smallest value corresponds to the model for prediction step 3, with an R-Squared of 0.99805004. So this is the one that could be the most generalizable. The model with the highest value corresponds to the value of step 9, with an R-Squared of 0.99980828. It can therefore be said that the model in this stage is the best fit for the dataset, and will be able to provide the least objective predictions for other data. It can nevertheless be considered as the one with the best predictions for the number of Covid-19 cases. For data from the year 2020, the tests show that our models are highly accurate and can predict the number of cases of the disease.

Concerning RMSE, the model with the highest value is the model trained in step 3, with a value of 3.864879e+02. It therefore has the highest prediction error magnitude value. It can therefore be considered the model most likely to produce incorrect predictions for new data in our dataset. The lowest value was obtained in step 9, with an RMSE value of 1.318548e+02. It therefore represents the one with the fewest possible prediction errors.

As for the MAE, their values are rather high and fairly close. That said, the model with the lowest value is the one trained in step 9, with a value of 9.409248e+01. It therefore corresponds to the model with the lowest average error. The highest value corresponds to that of step 1, with a value of 3.338153e+02.

Concerning MAPE, we can observe that the model trained in step 3 has the lowest value of 5.498781e+14 for the prediction of the number of cases of COVID-19. This means that the percentage error for this model is better than for the others. The highest value is obtained in training step 1 with a value of 1.264574e+17, thus presenting the highest error rate.

The overall observation of these values therefore allows us to determine that the best LSTM model for predicting the validation set as a function of climate data is the model obtained in step 9, since it is the one with the best R-Squared, RMSE and MAE.

However, these values are taken randomly and are therefore non-sequential. We'd like to see the model's capacity for sequential values, i.e. for data that follow one another and evolve over time. We are therefore running a test phase to better evaluate our models.

We consider as best the model that best meets the following two criteria:

• The highest possible value for the coefficient of determination R 2 : this will enable us to to have a model that best fits the December 2020 data; • The lowest possible value of the mean radical error RMSE: this will enable us to to have the model with the fewest errors in the predictions of cumulative cases. The metrics values for the test predictions can be seen in Table 2 It therefore appears that the model meeting our defined quality criteria is the model obtained in step 10, as it has the highest R 2 value of 0.94240927 and the lowest RMSE value of 148.12. It also has the lowest MAE value, representing the model with the lowest mean error. It is therefore the model that best predicts the new data presented sequentially as a function of climatic variables.

Discussion

The month of December 2020 presents periods of significant increases in Coronavirus infections. This is partly due to the drop in average temperature, during which people will catch a cold and show signs of a cold, such as a hacking cough or sneezing, which can help spread the virus. This is also due to the increase in cloud cover, which will have an impact on sunshine and mean that the SARS-Cov-2 virus will persist longer on surfaces such as copper, which is used in vehicles or waiting room chairs, and cardboard, which is used, for example, in stores where many people go to stock up every day on products they will consume. SARS-Cov-2 will persist even longer on plastic, a product that is ubiquitous in our country and very often found in industrial foods generally packaged in plastics. This increase can also be explained by the resumption of precipitation, periods during which people develop colds after spending time in the rain, and thus transmit the virus. The last month of 2020 also shows plateau periods, which can be explained by periods of low or no precipitation. This is the period when people generally reduce their use of public transport, in favor of walking for short trips. Changes in climatic values can therefore act to affect people's eating habits, potentially putting them within reach of the virus. The climate also modifies their locomotion habits, which will have an impact on the amount of exposure to the virus present in the environment. These variables can also directly modify people's metabolism metabolism, making them more or less sensitive to contamination. They are also a factor that acts directly on the SARS-Cov-2 virus by modifying the various environmental properties necessary for its survival. Climatic variables also have a direct effect on people's choice of destination, prompting them to travel or not, which can have a major impact on the infection of the person in their new destination if they were not yet ill, or the contamination of people in that destination if they were already ill. [START_REF] Wu | Effects of temperature and humidity on the daily new cases and new deaths of COVID-19 in 166 countries[END_REF], which studied the influence of temperature and humidity on Covid-19 evolution in 166 countries, found that a 1°C increase in temperature led to a 3.08% decrease in the number of Covid-19 cases, whereas for us, an increase in maximum temperature for the same value led to a 2.52% increase in the number of cases. He also noted that humidity also played an important role, as a 1% increase in humidity could cause a 0.85% decrease in the number of covid cases. Instead, we saw that the other determining variable in the change in the number of cases was wind speed, where we could see that a decrease in wind speed of 1.33 km/h could cause an increase of 2.52% in the number of cases.

Our study may therefore have a preventive importance that could have an economic advantage insofar as it would enable awareness budgets to be adapted to periods of increased infection. It can therefore be used to draw up appropriate action plans for hospitals, such as staff reinforcement or equipping hospital rooms with the right number of items to avoid spending more or less than is actually needed. The results obtained could also be used to start dusty road watering activities before peak periods, in order to reduce the number of cases. It can also be used to organize the import or production of protective items such as masks, hydroalcoholic gels or gloves for health-care staff, depending on the peak or off-peak periods. We also see social benefits in the fact that it enables us to understand the behavior of the population, which will not respect the measures in the run-up to the festive season, and will be able to step up awareness campaigns, close party places or organize vaccination campaigns to keep the level of infection as low as possible in the best case, or manageable by health staff in the worst case. Our work is also of scientific interest insofar as it adds to the still small number of prediction studies on Covid-19 using climatic variables in Cameroon. However, we note that the use of Random Sub-Sampling leads us to generate several prediction models in order to have a model providing satisfactory precision.

VI CONCLUSION

The aim of this work was to predict the number of cases of covid-19 in Cameroon over a onemonth period, based on 2020 climate data. To do this, we had to find a precise method for predicting the number of covid-19 cases, which was the LSTM method. The next step was to put in place a strategy for obtaining and processing the necessary data, where we chose the classic data science method. Finally, we were asked to define metrics that would enable us to evaluate our predictions and accept our results, which we did using the R-Squared value and the validation and learning loss curves. For our work, we used the classic data engineering method. It went through the understanding of the problem where we identified our response variable which is the number of cumulative cases, the collection of data on the History-Weather site and the WHO site, the normalization of the data where we transformed the faulty data into processable data thanks to the Keras functions, data mining, where we were able to get an idea of the different values of our variables, feature engineering, where we were able to select the 13 most important variables, model building, where we defined our optimizer and hyperparameters, and finally data visualization, where we used the matplotlib tool to produce our graphs. Validation was carried out by determining the values of R-Square, RMSE, MAE and MAPE (written in subsection 4.5), whose respective mean values we were able to estimate at 0.80477753, 2.536322e+02, 2.147606e+02, and 8.379809e-03, where the best model for new data turned out to be the one produced in step 10 of our learning phase. These results confirmed our initial hypotheses, namely that the values of the climatic variables and the number of cumulative cases of infection known for one day can be used to predict with an acceptable level of precision the number of cumulative cases of Covid-19 the following day using an LSTM network, and that the data on the number of cases of infection collected over an entire year can be used to produce a sufficiently accurate prediction of the number of cases for one month in Cameroon using an LSTM network. We were also able to see that maximum temperatures and wind speed could play a very important role in the evolution of the disease in Cameroon for the month of December 2020.

Publications

Table 1 :

 1 2 , RMSE, MAE and MAPE at the different training stages are given in table 1. The columns represent evaluation metrics. We R-square, RSME, MAE and MAPE training results for the 10 models.

		R 2	RMSE	MAE	MAPE
	Step 1 model 0.99842551 3.626447e+02 3.338153e+02 1.264574e+17
	Step 2 model 0.99928114 2.551701e+02 1.327052e+02 5.531784e+16
	Step 3 model 0.99805004 3.864879e+02 2.148823e+02 5.498781e+14
	Step 4 model 0.99940135 2.203119e+02 1.838174e+02 1.808563e+17
	Step 5 model 0.99964431 1.620748e+02 1.228591e+02 9.990491e+16
	Step 6 model 0.99970071 1.587193e+02 1.199986e+02 5.136789e+16
	Step 7 model 0.99968767 1.593043e+02 1.269445e+02 5.469507e+16
	Step 8 model 0.99979668 1.376817e+02 9.979656e+01 9.872772e+16
	Step 9 model 0.99980828 1.318548e+02 9.409248e+01 7.011248e+15
	Step 10 model 0.99896629 2.947633e+02 2.646331e+02 6.430690e+16
	Means	0.99927620 2.269013e+02 1.693545e+02 7.391952e+16

Table 2 :

 2 . Metrics values for the 10 models for December 2020 predictions

		R 2	RMSE	MAE	MAPE
	Step 1 model 0.88895223 2.056826e+02 1.869599e+02 7.328985e-03
	Step 2 model 0.89941385 1.957545e+02 1.608220e+02 6.251664e-03
	Step 3 model 0.92567822 1.682676e+02 1.208171e+02 4.653180e-03
	Step 4 model 0.53199972 4.222461e+02 3.937717e+02 1.541830e-02
	Step 5 model 0.57082814 4.043507e+02 3.788802e+02 1.481134e-02
	Step 6 model 0.65018733 3.650567e+02 3.342746e+02 1.306889e-02
	Step 7 model 0.91316633 1.818807e+02 1.481932e+02 5.733747e-03
	Step 8 model 0.92501387 1.690180e+02 1.110439e+02 4.303407e-03
	Step 9 model 0.80012641 2.759435e+02 2.283443e+02 8.935284e-03
	Step 10 model 0.94240927 1.481217e+02 8.449931e+01 3.293294e-03
	Means	0.80477753 2.536322e+02 2.147606e+02 8.379809e-03

  The average R-Square value we obtained for our models is 0.9966742, which means that if the number of Covid-19 cases varies, then there is a 99% chance that this is due to changes in the climatic variables. In other words, climate values can indeed be used to predict the number of Covid-19 cases with a good level of precision.The results of our work are very similar to those of Abu-Abdoun and Al-Shihabi[START_REF] Abu-Abdoun | Weather conditions and COVID-19 cases: Insights from the GCC countries[END_REF]. Our models gave us an average RSME error value of 253.63, compared with Abu-Abdoun and Al-Shihabi (2022), whose univariate model values were 148.1 for the USA, 173.3 for Saudi Arabia, 110.87 for Brahein, 68.2 for Qatar, 122.05 for Kuwait and 275.4 for Oman. We can therefore see that the predictions made on the Cameorun are more accurate than those made on the Oman, where there is a difference of 21.77. However, they are less accurate than the predictions for the USA, Brahein, Qatar, Saudi Arabia and Kuwait, which have RMSE advantages of 105.53, 142.76, 185.43, 80.33 and 131.58 respectively. He also observed coefficients of determination R 2 of 0.98, 0.97, 0.94, 0.95, 0.80 and 0.70 for the USA, Saudi Arabia, Brahein, Qatar, Kuwait and Oman respectively, compared with 0.80 for Cameroon. We can therefore see that climatic values play a more important role in the evolution of the number of Covid-19 cases in Cameroon than in Brahein, where an advantage of minus 0.1 is observed. However, this is not the case for the United States, Saudi Arabia, Qatar and Kuwait, which have respective R 2 advantages of 0.18, 0.17, 0.14, 0.15 and 0. The same pattern can be seen in the multivariate model by Dana et al, where Cameroon has an RMSE and R 2 advantage over Oman of 1.61 and 0.01 respectively, and the countries with an advantage over Cameroon each have RMSE differences of 167.35, 20.33, 88.5, 180.09 and 124.2 respectively. The R 2 advantages of these countries for the multivariate model are 0.17, 0.18, 0.14, 0.15 and 0.10 respectively. Iloanusi and Ross[START_REF] Iloanusi | Leveraging weather data for forecasting cases-to-mortality rates due to COVID-19[END_REF], in order to predict values for the number of infections, used LSTM with temperature, LSTM without temperature, Random Forest with temperature and Random Forest without temperature. This study produced RMSE values for the 1st group of countries of 92.20, 101.80, 159.94 and 160.96 respectively. For this first group, the methods used all have an advantage over our mean RMSE value, which we were able to evaluate at 161.43, 151.83, 93.69 and 92.67 respectively. For the 2nd group of countries, we noted RMSE values of 77.89, 92.27, 92.23 and 102.51 respectively. This again has advantages over our average RMSE, which stand at 175.74, 161.36, 161.4 and 151.12. By calculating RMSE values for 20 countries, he was able to see that temperatures gave total RMSE values of 92.20 for the USA, UK, Italy, Poland, Argentina, Brazil, Russia, South Africa, Iran and Nigeria. He also obtained a sum RMSE of 77.89 for the countries of Mexico, Egypt, Botswana, Uganda, Switzerland, Germany, Japan, Ethiopia, Canada and Portugal. The average RMSE for our models, which was 253.63, shows that Iloanusi and Ross's models are more accurate than ours. However, he agrees with us that temperature is a decisive variable in the evolution of the disease. It is also interesting to note that the study byWu et al. 
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