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In the last decade, the growing influence of social medias on the political sphere has opened an interesting field for predicting election results. This is achieved by computing a popularity index of election candidates, based on sentiment analysis in data collected from Twitter. Our paper contributes to this literature by proposing an improvement of the existing indices. This improvement consists in penalizing the indices by a potential subjectivity that can be observed in users' comments. We then apply these penalized indices to predict the 2018 DRC presidential election results using ARIMA modeling, and compare their accuracies to those of non-penalized indices. The results show that penalization substantially increases the accuracy metrics in predicting candidates popularity.

Introduction

Prediction is the primary task of data scientists. In Politics, predicting election results is important for at least three reasons: (i) planning future political agendas to attract a larger electorate; (ii) studying the impact on financial markets, political stability, and economic development; and (iii) preventing possible social crises as a result of electoral trends derived from predictions. To accomplish this task, traditional prediction methods use opinion polls. However, these surveys have a considerable time and financial cost. Today, social medias -particularly Twitter -is a valuable alternative to collect data for election prediction purposes, given its easy and affordable accessibility [START_REF] Pak | Twitter as a corpus for sentiment analysis and opinion mining[END_REF].

Twitter is one of the most popular social media, offering users the possibility to express their opinions and share their views on a variety of topics, including political events. Interest in this platform for forecasting has grown significantly over the past decade. Based on sentiment analysis, the prediction strategy following the social network approach consists of building a popularity index for election candidates and then making projections based on the resulting time series. As noted by [START_REF] Sabuncu | Prediction of USA November 2020 election results using Multifactor Twitter Data Analysis method[END_REF], these projections can be made using deterministic methods (exponential smoothing) or probabilistic methods (ARIMA modeling).

Several popularity indices have been introduced in the literature [START_REF] Tumasjan | Election forecasts with Twitter: How 140 characters reflect the political landscape[END_REF][START_REF] Wang | Prediction of the 2017 French election based on Twitter data analysis[END_REF][START_REF] Yavari | Election prediction based on sentiment analysis using Twitter data[END_REF]. Their computation involves only the nature of the tweets, i.e. the polarity scores (negative, positive or neutral sentiment?). The main contribution of this paper is to take into account a potential subjectivity that can be contained in the comments of Internet users. Indeed, only objective tweets can validly improve the popularity of an election candidate. To achieve this, we penalize the existing indices by a multiplicative factor intended to increase or decrease the magnitude of the popularity of a candidate with respect to the subjectivity intensity in the tweets concerning him. This penalization is applied on the 2018 DRC presidential election data, and the prediction of results is performed using ARIMA1 modeling. Finally, the results of the non-penalized indices are compared to those of the penalized indices in order to assess the gain in terms of accuracy in the predictions.

Our predictions replicate the electoral trends observed during the campaign period, and adequately reflect the results officially published by the institution in charge of organizing elections in DRC. In addition, the penalization of subjective tweets overall brought a substantial gain in accuracy for predicting presidential election results. The subjectivity score can therefore be seen as a relevant factor in assessing the popularity of candidates, as well as the polarity score in sentiment analysis.

The remainder of the paper is organized as follows. Section 2 provides the course context of the third electoral cycle in DRC. Section 3 reviews the literature on predicting election results, based on Twitter data analysis. Section 4 describes the methodology adopted, focusing on data preprocessing and formalization of popularity index penalization. The results of the analyses are presented and discussed in Section 5. Section 6 concludes.

Election background

As of December 31, 2018, the presidential election was held in DRC. The election campaign was carried out from November 21, 2018 to December 21, 2018. During this campaign, the main candidates competing were (i) Emmanuel Ramazani Shadary of the FCC coalition; (ii) Martin Fayulu Madidi of the LAMUKA coalition; and (iii) Felix Tshisekedi Tshilombo of the CACH coalition. Following the ballots, the Commission Electorale Nationale Indépendante (CENI) announced the official results on January 15, 2019. Out of a total of 18,329,318 voters,Felix Tshisekedi Tshilombo received 7,051,013 votes (38.57%),Martin Fayulu Madidi received 6,366,732 votes (34.83%),and Emmanuel Ramazani Shadary received 4,357,359 votes (23.84%). In the rest of the paper, these CENI results will allow us to compute the accuracy of our predictions.

Related work

The literature about predicting election results using sentiment analysis on Twitter data is very recent, having been developed over the last decade. With reference to [START_REF] Devika | Sentiment Analysis: A comparative study on different approaches[END_REF], research in this field can be categorized into three main groups: (i) Studies employing Machine Learning approach; (ii) Studies employing Rule-based approach; and (iii) Studies employing Lexicon-based approach.

Works performing Machine Learning techniques are focused on training supervised learning algorithms to match them with real-world data for prediction purposes [START_REF] He | Incorporating sentiment prior knowledge for weakly supervised sentiment analysis[END_REF]. Among these works, we can mention [START_REF] Sharma | Prediction of Indian election using sentiment analysis on Hindi Twitter[END_REF] who studied the case of the 2016 general elections in India using Naive Bayes and Support Vector Machine (SVM) algorithms. These classifiers were able to predict the true winner in the elections, with an accuracy of 78.4% for the SVM method. [START_REF] Salunkhe | Twitter based election prediction and Analysis[END_REF] used Twitter data to predict the 2020 United States election results through sentiment analysis of comments (tweets) about competing candidates. Mobilizing the Naive Bayes algorithm, the analyses suggest that Trump benefited from tweets of joy, and that a greater portion of Clinton's tweets expressed sadness. [START_REF] Ansari | Analysis of political sentiment orientations on Twitter[END_REF] pitted the Random Forest and Logistic regression algorithms against each other on data from the 2019 Indian general election. The algorithm that showed the best precision was Random Forest, with 77% Accuracy. Finally, [START_REF] Singh | Can Twitter analytics predict election outcome? An insight from 2017 Punjab assembly elections[END_REF] employed three supervised learning techniques (Decision Tree, SVM and K-Nearest Neighbors) to predict the number of seats a political party is likely to win at the end of the voting process. After collecting data on assembly elections in the state of Punjab in 2017, the results reveal that the predictions do not disagree with the actual polling results published by the Chief Electoral Officer.

Regarding papers that use Rule-based approach, [START_REF] Devika | Sentiment Analysis: A comparative study on different approaches[END_REF] notes that this approach defines various rules to obtain the opinion created by tokenizing each sentence in each document, and then testing the presence of each token. If the word (token) is present and is associated with a positive sentiment, a score of +1 is applied to it. Each comment starts with a neutral score of zero and is considered positive if the final polarity score is greater than zero (favorable opinion). On the other hand, it is considered negative if the overall score is less than zero (unfavorable opinion). Further details about the Rule-based approach can be found in [START_REF] Kawathekar | Movie review analysis using rule-based and Support Vector Machines methods[END_REF].

Lexicon-based methods assume that the collective polarity of a sentence or document is the sum of the polarities of individual words or phrases [START_REF] Haselmayer | Sentiment analysis of political communication: Combining a dictionary approach with crowdcoding[END_REF]. They are founded on the emotional search of sentiment analysis dictionaries for each domain. According to [START_REF] Lan | Supervised and Traditional term weighting methods for automatic text categorization[END_REF], this latter approach is more characteristic of sentiment analysis from text data. In this line, one of the seminal papers is [START_REF] Tumasjan | Election forecasts with Twitter: How 140 characters reflect the political landscape[END_REF] on the case of the 2009 German federal elections. The main lesson to be learned from this paper is that Twitter is able to validly reflect the political landscape of a country and is capable to accurately predict election results. In the same vein, [START_REF] Ceron | Using sentiment analysis to monitor electoral campaigns: Method matters -evidence from the United States and Italy[END_REF] examined the possibility of using social networks data as a complement to traditional polling in order to monitor election campaigns. Following sentiment analysis of data collected on Twitter for the 2012 US and Italian election cases, the results indicate a remarkable ability of Twitter to predict election outcomes. A similar study was conducted by [START_REF] Kagan | Using Twitter sentiment to forecast the 2013 Pakistani election and the 2014 Indian election[END_REF] for the case of Pakistani elections in 2013, and affirmed the possibility of using Twitter for political deliberations in Pakistan. [START_REF] Ibrahim | Buzzer Detection and Sentiment Analysis for predicting presidential election results in a Twitter nation[END_REF] provided a novelty by introducing automatic detection of bot-generated tweets (buzzers) and then removing them from the dataset. Applied on the 2014 Indonesian presidential election data, this approach is found to be better in terms of mean absolute error than that used by several other independent survey institutions (offline polls). [START_REF] Cameron | Can social media predict election results? evidence from New Zealand[END_REF] combined Twitter and Facebook data to investigate whether these two social medias are associated with the probability of candidate success in the 2011 New Zealand general election. [START_REF] Wang | Prediction of the 2017 French election based on Twitter data analysis[END_REF] suggested a candidate popularity index that counts polarity-neutral tweets. These authors applied this index to data from the 2017 French presidential election and found that their method outperformed that previously proposed by [START_REF] Tumasjan | Election forecasts with Twitter: How 140 characters reflect the political landscape[END_REF]. For the case of the 2020 US presidential election, Nugroho (2021) compared the predictions results from lexicon-based sentiment analysis to those from traditional BBC polls, and found significant closures between the two processes. [START_REF] Yavari | Election prediction based on sentiment analysis using Twitter data[END_REF] subsequently refined the analyses by proposing a dynamic popularity index. The results attested that this new index manages to forecast election results with high accuracy, implying that Twitter can serve as an important resource for any political activity.

Most of the work using sentiment analysis to predict the chances of winning elections uses an index of candidate popularity. There are several popularity indices in the literature. In the context of this paper, three indices have been chosen because of their specificities as described in subsection 4.2. These are the indices introduced by: (i) Tumasjan-Sprenger-Sandner-Welpe (TSSW index hereafter, [START_REF] Tumasjan | Election forecasts with Twitter: How 140 characters reflect the political landscape[END_REF]); (ii) Wang-Gan (WG index hereafter, Wang and Gan ( 2017)); and (iii) Yavari-Hassanpour-Rahimpour-Mahdavi (YHRM index hereafter, [START_REF] Yavari | Election prediction based on sentiment analysis using Twitter data[END_REF]). The logic of these indices is such that tweets with positive polarity about a candidate are likely to bolster his popularity, and vice-versa for tweets with negative polarity. However, the subjective nature of these tweets may constitute a bias in the assessment of candidates popularity in the elections. Indeed, tweets with a positive polarity are often beliefs, enthusiasm or satisfaction resulting from an individual's experience. They should therefore be considered as testimonies of opinions, rather than objective indicators of a candidate's fame. Thus, a strong dose of subjectivity in these types of tweets would call into question the effective popularity of a given candidate. The originality of our paper lies in taking into account this statement by introducing in the above-mentioned indices a factor that penalizes the extent of candidates popularity according to the intensity of the subjective expressions present in the tweets concerning them.

Methodology

Data collection and Preprocessing

The data collected relates to the 2018 DRC presidential election. It was extracted from Twitter using the "snscrape" library. This Python library is a scraper for social networking services and works without the need for logins/authentications as required by the Twitter API2 . The keywords used in the query are the names of the main presidential candidates (see section 2). The target period refers to the election campaign, i.e. from November 20, 2018 to December 30, 2018. Only tweets in French were selected. The scraped data form a dataset of 56,219 tweets and 11 features. The description of these features is provided in Table 1. The data at our disposal are only for voters who have posted an opinion on Twitter. These are mostly located in urban areas (see Figure 7 in the Appendix). Thus, our sample may not exactly reflect the country's citizenry who took part in the 2018 presidential election. However, this nonrepresentativeness issue of the voting population should not be so fatal as to bias the validity of our predictions. Indeed, rural voters very often tend to follow the views of urban voters. As [START_REF] Ceron | Using sentiment analysis to monitor electoral campaigns: Method matters -evidence from the United States and Italy[END_REF] attest, Internet users act like opinion makers capable of influencing the preferences of a wider audience, which consolidates the inescapable influence of social media on the political sphere.

Once the data has been collected, it must be pre-processed before being used for analysis. In Natural Language Processing (NLP), the preprocessing phase is essential because it allows to clean the text data and to reduce the size of the feature space for an efficient analysis [START_REF] Sarkar | Text Analytics with Python[END_REF][START_REF] Zizka | Text Mining with Machine Learning: Principles and Techniques[END_REF]. We perform the following operations during this phase.

-Tokenization: Process of splitting or segmenting a stream of text content into smaller entities (such as words/tokens) in order to obtain a uniform structure of the data that is easier to manipulate along the preprocessing.

-Lemmatization: Linguistic normalization process consisting in reducing words to their root. This technique allows redundant words (with similar meanings) to be grouped together so that they are processed identically during analysis.

-Stopwords removal: Stopwords are tokens that are considered as noise in the text, i.e. words that are undesirable and have no relevance to the analysis or prediction.

-Deleting hashtags, hyperlinks and special characters: These are punctuation marks, website links, or any other symbol that is not relevant for the data analysis.

The penalization factor

Popularity indices proposed in the literature to predict election results are based on the analysis of sentiments contained in users' tweets. Sentiment analysis is a field of NLP that consists in identifying and quantifying the emotions, opinions or thoughts expressed in a text3 . This technique is based on the VADER lexical model (Valence Aware Dictionary and sEntiment Reasoner), which allows to analyze the vocabulary, syntax and context of a text in order to extract information about the author's mood in terms of polarity and subjectivity [START_REF] Hutto | VADER: A parsimonious rule-based model for sentiment analysis of social media text[END_REF][START_REF] Bagui | Analysis of political sentiment from Twitter data[END_REF]. Polarity refers to the nature of the feeling expressed in a text; it varies between -1 (negative polarity) and +1 (positive polarity). Subjectivity refers to the presence of subjective expressions in a text; it varies between 0 (no subjectivity) and 1 (strong subjectivity).

As stated in section 3, only the indices proposed by [START_REF] Tumasjan | Election forecasts with Twitter: How 140 characters reflect the political landscape[END_REF], [START_REF] Wang | Prediction of the 2017 French election based on Twitter data analysis[END_REF], and [START_REF] Yavari | Election prediction based on sentiment analysis using Twitter data[END_REF] will be considered in the rest of the paper, given their specificities.

-TSSW index TSSW t (a) = pos t (a) + neg t (ā)

pos t (a) + neg t (a) + pos t (ā) + neg t (ā) , ( 1 
)
where pos t (a) and neg t (a) denote respectively the number of positive and negative tweets about candidate a at time t; while pos t (ā) and neg t (ā) denote respectively the number of positive and negative tweets about any candidate other than a at time t. The specificity of this index is that it considers that the negative opinions that the public has about a candidate help to strengthen the popularity of the remaining competitors.

-WG index

WG t (a) = pos t (a) pos t (a) + neg t (a) N t (a) N t (a) + N t (ā) , ( 2 
)
where pos t (a) and neg t (a) are defined in the same way as in equation 1. N t (a) and N t (ā) denote the total number of tweets at time t about candidate a and his competitors respectively. The specificity of this index is that it takes into account the tweets with neutral polarity. Indeed, neutral comments are likely to affect the popularity of a candidate in the sense of attracting more voters to support him (propaganda effect).

-YHRM index

YHRM t (a) = pos t (a) neg t+1 (a) , (3) 
where pos t (a) denotes the number of positive tweets about candidate a at time t and neg t+1 (a) denotes the number of negative tweets about candidate a at time t + 1. The specificity of this index is that it introduces a "time-dynamics" dimension in the evaluation of the candidate popularity. The authors compare the current (or past) positive opinion with the future (or present) negative opinion in order to evaluate the chances of success of the candidates in the election.

Our paper aims to highlight the role of subjective tweets in the assessment of a candidate's popularity. To do so, we introduce in each of the three above-mentioned indices a penalization factor of subjectivity. This factor is introduced in a multiplicative format, and its functional form is close to the reciprocal of a logistic function. Let us assume that INDEX is the non-penalized index, and P-INDEX the penalized index.

P-INDEX t (a) = P t (•) × INDEX t (a), (4) 
where

P t (•) = MinMaxScaler 1 log( Ŝt (a)) , 0 < Ŝt (a) < 1, and INDEX t ∈ {TSSW t , WG t , YHRM t }.
P t (•) represents the penalization factor. Ŝt (a) denotes the average subjectivity score of tweets about candidate a at time t. The penalty value is then scaled between 0 and 1 using the "Min-Max" scaler. Finally, the sum of the popularities of all the candidates at each date is standardized to 100% in order to be interpreted as election scores.

-If Ŝt (a) → 0, then P t (•) → 1. So, P-INDEX t (a) ≈ INDEX t (a). Objective tweets weakly penalize the popularity of a candidate.

-If Ŝt (a) → 1, then P t (•) → 0. So, P-INDEX t (a) INDEX t (a). Subjective tweets strongly penalize the popularity of a candidate.

The penalized and non-penalized variants of the three popularity indices are calculated for each time point during the election campaign, i.e. at daily frequency. The time series obtained will then be used to make predictions. For this purpose, we have opted for ARIMA modeling. Exponential smoothing techniques are easy to implement, but are generally not very accurate. In contrast, although more complex, ARIMAs models are more accurate and capture the effects of serial correlation likely to be observed in a series [START_REF] Sabuncu | Prediction of USA November 2020 election results using Multifactor Twitter Data Analysis method[END_REF]. The parameters of these models are estimated using the "auto_arima()" function of the "pmdarima" package, which automatically determines the optimal order of the models to fit4 . The forecasting time horizon is set to h = 1, and the confidence intervals of the predicted values are retrieved.

In order to compare the results of the penalized indices with those of the non-penalized indices, we compute an accuracy metric for each popularity index as follows:

Accuracy(I) = 1 - 1 T T i=1 |predicted i -observed i | observed i , ( 5 
)
where I denotes the popularity index (penalized or non-penalized) and T represents the number of candidates in the election. The objective is to determine the accuracy-gain that the penalization factor brings in the evaluation of the candidates popularity in the elections. The analyses have been implemented in Python 3.9.135 .

Results and Discussion

Data mining

Before we assess the popularity of the candidates, we begin with a preliminary exploration of the cleaned data. From the sentiment analysis, the results indicate that Ramazani is the candidate with the fewest positive tweets (see Figure 1). This is consistent with the public's displeasure with the current regime (FCC coalition). The majority of those who gave an opinion on Fayulu appear to be undecided, with their tweets being neutral in nature. Tshisekedi had fewer negative tweets, which is in accordance with his father's position as a historical opponent.

Figure 1: Number of tweets by sentiment type per leader

Figure 2 shows the evolution during the campaign period of positive and negative tweets about political leaders. Panel (a) reveals that the evolution of positive tweets about Tshisekedi experienced two important peaks at the beginning of the electoral campaign. These peaks correspond with the announcements of the withdrawal of Vital Kamerhe and Kin-Kiey Mulumba in favor of the CACH coalition. Between December 4 and 12, the number of positive tweets about Fayulu increased dramatically due to the withdrawals of Freddy Matungulu, Jean-Philibert Mabaya and Maurice Masheke in his favor. Ramazani failed to exceed 100 positive tweets throughout the election campaign. This may be related to his involvement in the bloody crackdown on Catholic marches against a third term for incumbent Joseph Kabila. Furthermore, panel (b) shows that Fayulu was the main target of negative tweets during the campaign. This finding can be explained by the general public's perception of the opposition heavyweights who supported him. Jean-Pierre Bemba was perceived as a rebel soldier, and Moïse Katumbi as a politician of dubious nationality. The goal of this paper is to examine the complementarity that can exist between polarity and subjectivity in sentiment analysis of tweets for predicting election results purpose. With this in mind, Figure 3 presents the evolution of the subjectivity score by type of sentiment. It shows that the most subjective tweets are those with a positive polarity. Indeed, positive tweets are those that consolidate the popularity of a candidate. If they contain a substantial amount of subjectivity, then there is reason to question the legitimacy of the candidate's popularity. This evidence confirms our initial intuition and will be taken into account in the following analyses. 

Assessing the candidates' popularity

At this level, we build the popularity indices of the candidates, as described in the previous section, considering their penalized and non-penalized variants. These indices are computed for each political leader and each date during the campaign period. The obtained time series are presented in Figure 4.

Figure 4 illustrates that Tshisekedi is the most popular candidate in both the penalized and nonpenalized variants of the TSSW and YHRM indices. In contrast, the results for the WG index (penalized and non-penalized) indicate that Fayulu is the most popular candidate. Also, in the majority of cases, Ramazani is the candidate with the lowest popularity (WG and YHRM indices). These observations are consistent with the findings from the exploratory analysis in subsection 5.1. Thus, we expect that the prediction results will not deviate from this pattern.

Predictions are made using ARIMA modeling. One of the prerequisites in time series analysis is to study the stationarity of the series under examination [START_REF] Box | Time Series Analysis: Forecasting and Control[END_REF]. Appendix Table 5 provides the results of the unit root tests that were conducted. Once the stationarity record is established, the ARIMAs models are fitted and the diagnostic tests of the residuals are performed. The results of the estimations are reported in Tables 2 and3. For both penalized and non-penalized indices, the null hypothesis of no-autocorrelation of the residuals in the portmanteau test is not rejected, which leads us to validate all the fitted models. Therefore, our estimations can be appropriately used for forecasting purposes.

We fixed the forecasting time horizon at h = 1. In other words, we predict the popularity of the candidates 24 hours after the closing date of the election campaign, i.e. on the day the election is held. These predictions are similar to the scores obtained by each candidate after the elections. Table 4 shows the predictions of each candidate's score for each index (penalized and non-penalized). Our results predict a victory for Tshisekedi, based on the TSSW and YHRM indices. By contrast, predictions based on the WG index reveal that Fayulu will win the election. These findings are consistent with the results of the preliminary data mining. The confidence intervals of the predicted scores are reported in Table 6 in the Appendix.

Figure 5 compares our predictions to the official results published by CENI. The results closest to reality are those based on the TSSW index. The accuracies of each index in the two variants are also computed to assess the gain of the penalization factor. A substantial increase in accuracy is observed for the TSSW and YHRM indices. For these two indices, the accuracy increases from 82% to 88%, and from 47% to 50% respectively. Subjectivity thus seems to be a determining factor in the evaluation of the popularity of candidates in order to almost reliably predict election results. However, counter-intuitive results are obtained for the WG index. Penalization reduces the accuracy of predictions from 64% to 62%. We suspect that this contradiction is due to the imbalance observed in the data (see Figure 6). Indeed, the particularity of the WG index lies in the inclusion of neutral tweets. As Fayulu is the candidate with the highest proportion of neutral comments, this unequal distribution of data would have led to overfit his popularity. Nevertheless, this conjecture can only be proven after sensitivity analyses of the predictions to imbalanced data from several other datasets.

To sum up, penalizing popularity indices with a subjectivity factor overall improves the accuracy of election outcome predictions. According to the results of our investigations, Tshisekedi's victory appears more likely than Fayulu's. Moreover, Ramazani's defeat was predictable, which is very similar to the reality that was observed. Hence, Twitter data truly is a credible substitute to polling methods for predicting election results. Model ARIMA(0,0,0) ARIMA(0,0,0) ARIMA(1,0,0) ARIMA(0,0,0) ARIMA(0,0,0) ARIMA(3,0,0) ARIMA(0,0,1) ARIMA(1,0,0) ARIMA(2,0,0) 

Conclusion

In this paper, we used Twitter data to predict the 2018 DRC presidential election results. Sentiment analysis, through the VADER model, was applied to assess the popularity of election candidates. The contribution of the paper was to take into account the potential subjectivity that can be observed in the tweets, the concern being to improve the accuracy of predictions. We achieved this by weighting the popularity indices that already exist in the literature by a penalization factor of the degree of candidates' celebrity. The time series generated were then forecast using ARIMA modeling.

The results obtained do not diverge from the actual situation made public by CENI. Overall, it confirms that Tshisekedi is the candidate expected to win the presidential election, and that Ramazani was an opponent with a very weak reputation. We then compared the predictions of the non-penalized indices with those of the penalized indices. In general, penalization improved the predictions accuracy of the political leaders popularity in elections. Ultimately, subjectivity can be considered -alongside polarity -as a determining factor in the prediction of electoral outcomes.

There are at least four directions in which this work could be refined. First, we have noted that imbalanced data can lead to an over-estimation of a candidate's popularity in elections (as in the case of Fayulu). We plan to explore this further by analyzing data from the two previous electoral cycles in the DRC (2006 and[START_REF] Tumasjan | Election forecasts with Twitter: How 140 characters reflect the political landscape[END_REF]. In this way, it will be possible to examine the robustness of predictions for a given candidate to the presence of a large number of polarity-neutral tweets about him or her. Second, a thorough cleaning of the data collected on Twitter can be undertaken to automatically eliminate tweets generated by users paid by any candidate with a view to boosting his or her popularity on the eve of the election. This is what [START_REF] Ibrahim | Buzzer Detection and Sentiment Analysis for predicting presidential election results in a Twitter nation[END_REF] call "Twitter Buzzers". The main characteristic of these accounts is that they have a creation date very close to the election campaign and have very few followers. Removing these corrupt users from the dataset is therefore crucial to guaranteeing the authenticity of the data. Third, in the data scraping phase, we collected information on the number of likes, retweets and quotes for each tweet. As argued by [START_REF] Sabuncu | Prediction of USA November 2020 election results using Multifactor Twitter Data Analysis method[END_REF], these three features play a decisive role in assessing the popularity of an election candidate, as they capture the degree of unspoken participation of silent Internet users in the political life of their country. It would therefore be interesting to take them into account in the prediction phase, in order to appreciate the gain they bring in terms of accuracy. Fourth, as the DRC is a young democracy, some arcane and shady political arrangements may lead to unexpected results at the end of the polls. For this reason, we intend to take into account this potential lack of autonomy on the part of the institution organizing the elections (the CENI in DRC) when constructing popularity indices for each political leaders. 
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Table 1 :

 1 Description of Features Features Description Date Date when the tweet was posted. UserName Name of the user account that posted the tweet. Comment Content of the tweet (text data). Followers Number of people who follow the user account that posted the tweet. Leader Candidate concerned by the tweet (see request keyword in the scraping).

	Reply	Number of replies the tweet received.
	Retweet	Number of times the tweet has been retweeted.
	Like	Number of times the tweet has been liked.
	Quote	Number of times the tweet has been quoted.
	Creation	Creation date of the user account that posted the tweet.
	Place	Location of the user account that posted the tweet.

Table 2 :

 2 Fitting on the series of non-penalized popularity indices

			TSSW index			WG index			YHRM index	
		Fayulu	Ramazani	Tshisekedi	Fayulu	Ramazani	Tshisekedi	Fayulu	Ramazani	Tshisekedi
	Model	ARIMA(1,0,0) ARIMA(2,1,1) ARIMA(2,1,1) ARIMA(1,0,2) ARIMA(0,0,0) ARIMA(0,0,1) ARIMA(0,0,2) ARIMA(2,0,0) ARIMA(3,0,0)
	ar.L1	0.3071*	-0.1588	-0.0958	0.9999***				0.0251	0.4931***
	ar.L2		-0.6788***	-0.4515**					-0.3479*	-0.6350***
	ar.L3									0.3569*
	ma.L1		-0.4059	-0.9789	-0.5577		0.4709*	0.2890		
	ma.L2				-0.4207*			-0.3562**		
	intercept	0.1973***		-0.0017*		0.1933***	0.2680***	0.2477***	0.2926***	0.4159**
	sigma2	0.0008***	0.0005***	0.0011	0.0077**	0.0026***	0..0086***	0.0064***	0.0049***	0.0110***
	AIC	-168.659	-181.778	-146.725	-68.847	-123.344	-72.240	-79.922	-90.943	-55.701
	BIC	-163.519	-175.023	-138.281	-61.993	-119.917	-67.099	-73.167	-84.188	-47.256
	Ljung-Box	0.00	0.04	0.18	0.06	0.46	0.18	0.06	0.13	0.03
	Goldfeld-Quandt	0.39*	0.32**	0.11***	0.26**	1.66	0.13***	0.63	1.05	1.01
	Jarque-Bera	2.58	17.95***	213.00***	6.73**	2.26	82.98***	5.08*	0.90	0.15
	Number of obs.	41	41	41	41	41	41	40	40	40
		Note : *, **, and *** denote significance at 10%, 5% and 1% respectively.		

Table 3 :

 3 Fitting on the series of penalized popularity indices

		TSSW index			WG index			YHRM index	
	Fayulu	Ramazani	Tshisekedi	Fayulu	Ramazani	Tshisekedi	Fayulu	Ramazani	Tshisekedi

Table 4 :

 4 Accuracy gain of the penalization

			Observed value TSSW predicted WG predicted YHRM predicted
		Fayulu	0.3482	0.294019	0.547510	0.148421
	Non-penalized Ramazani	0.2383	0.327651	0.204217	0.176438
	indices	Tshisekedi	0.3856	0.378330	0.248273	0.675141
		Accuracy	-	81.6864	64.2811	47.1924
		Fayulu	0.3482	0.306675	0.552324	0.215241
	Penalized	Ramazani	0.2383	0.280907	0.170439	0.133979
	indices	Tshisekedi	0.3856	0.412418	0.277237	0.650779
		Accuracy	-	87.7466	61.5993	49.7563

ARIMA stands for Auto-Regressive Integrated Moving Average process (see[START_REF] Box | Time Series Analysis: Forecasting and Control[END_REF] for details).

See the documentation here.

For an advanced discussion about the core areas of sentiment analysis, the reader may refer to[START_REF] Liu | Sentiment Analysis: Mining Opinions, Sentiments, and Emotions[END_REF].

See the documentation here.

The notebook is available here.

Appendix Additional Tables