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Abstract: Coronavirus disease 2019 (COVID-19) has been termed a “Pandemic Disease” that has infected many people and caused many deaths on a nearly unprecedented level. As more people are infected each day, it continues to pose a serious threat to humanity worldwide. As a result, healthcare systems around the world are facing a shortage of medical space such as wards and sickbeds. In most cases, healthy people experience tolerable symptoms if they are infected. However, in other cases, patients may suffer severe symptoms and require treatment in an intensive care unit. Thus, hospitals should select patients who have a high risk of death and treat them first. To solve this problem, a number of models have been developed for mortality prediction. However, they lack interpretability and generalization. To prepare a model that addresses these issues, we proposed a COVID-19 mortality prediction model that could provide new insights. We identified blood factors that could affect the prediction of COVID-19 mortality. In particular, we focused on dependency reduction using partial correlation and mutual information. Next, we used the Class-Attribute Interdependency Maximization (CAIM) algorithm to bin continuous values. Then, we used Jensen Shannon Divergence (JSD) and Bayesian posterior probability to create less redundant and more accurate rules. We provided a ruleset with its own posterior probability as a result. The extracted rules are in the form of “if antecedent then results, posterior probability(θ)”. If the sample matches the extracted rules, then the result is positive. The average AUC Score was 96.77% for the validation dataset and the F1-score was 92.8% for the test data. Compared to the results of previous studies, it shows good performance in terms of classification performance, generalization, and interpretability.
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1  Introduction

First appearing in 2019, COVID-19 has resulted in a total of 96,877,399 infections and 2,098,879 deaths worldwide as of this writing [1]. This shows that COVID-19 has not only a high infection rate, but also a high mortality rate. Further, the situation is worsening. As COVID-19 infections have begun to increase exponentially, there has been an increasing lack of medical space available, including wards and beds. Unlike other infectious diseases, COVID-19 has wide variability in symptoms. In general, four out of five people have mild symptoms. About 95% of COVID-19 infections worldwide are cured, while 5% of patients receive emergency treatment or die in intensive care [2]. Reducing the death rate from COVID-19 in poor medical facilities requires preemptive treatment for patients who face serious risks. This need has led to the emergence of studies predicting the mortality of people infected with COVID-19. However, previous studies have had limited interpretability because the outcome probability per feature has been unknown. In addition, the model itself has a generalization problem because it has poor performance in the test dataset, although it has good performance in the validation dataset. To address these weaknesses, we proposed a COVID-19 mortality prediction model with high generality and interpretability by presenting important rules along with their Bayesian posterior probability.

The proposed model consisted of three steps: selecting features, making items by binning continuous data, and generating rules. In the feature selection stage, we used partial correlation to obtain a more accurate dependency value. In the rule generation stage, we used confidence-closed itemset mining, JSD (Jensen-Shannon Divergence), and Bayesian posterior probability to extract an accurate and non-redundant ruleset. Confidence-closed itemset mining removed many useless itemsets. Since JSD deleted rules fast and precisely with distribution distance, we reduced the calculation time. We used Bayesian posterior probability to identify more effective rules in classification and obtain the interpretability of rules. The results showed that this model created a small but accurate ruleset. This model provided rules of “if antecedent then results, posterior probability(θ)”. It also provided a prediction for mortality through matched rules. If a sample matched the ruleset, it was positive (death).

As a result, 14 rules were ultimately selected. The AUC score obtained using these 14 rules was 96.77% on average for the validation data. The F1-score was 92.8% for the test data. The results confirmed that our model had better performance than a previously published model [3]. Compared to another study that used a fuzzy rule list [4], our model showed a 3.3% lower AUC score for the validation data. However, it had 11% higher performance for the test data, which confirms the generality of our model.

The rules presented in this study are statistical rules. All predictions are completely extracted using data. The final goal of this study is to help medical staff make the best decision, rather than perform an absolute judgment. The contributions of this study are as follows:

•   Creates a new rule extraction method which has the fast, accurate and interpretable results.

•   Identifies important blood factors and their split points.

•   Represents a combination of important elements and their influence on the result in the form of a ruleset.

•   Proposes a mortality prediction model with better performance and generality than previous studies.

The rest of this paper is organized as follows. In Section 2, we discuss related studies. Section 3 presents the dataset used in this study. Section 4 is focused on the mortality detection model, and mainly on introducing the proposed rule extraction model. In Section 5, we present the experiment and evaluation. Finally, we conclude our study in Section 6.

2  Relative Study

2.1 COVID-19 Mortality Group Prediction Using Blood Sample

Most prior studies examining COVID-19 mortality using blood samples have focused on the risk of mortality using elements of blood data, such as D-dimer and lymphocytes, rather than making a prediction model [5,6]. Two representative studies have predicted the risk by creating interpretable models using various blood elements. The first study reported an interpretable mortality prediction model using blood samples of infected people [3]. In that study, the authors selected important features using “Multi-tree XGBoost” and they made predictions using “single-tree XGBoost”. The selected features were “Lactate dehydrogenase, (%)lymphocyte and Hypersensitive C-reactive protein”. The results of that study showed an AUC score of 95.06% for the validation dataset on average, with an F1-score of 90% for the test dataset. The second study was an interpretable mortality prediction model with fuzzy [4]. That model selected important features and created a fuzzy rule set in a human-friendly way. Three experiments were conducted in that study: The first experiment was conducted using three features extracted from the previous study [3]. The second experiment was conducted with five features after adding the two features of “albumin” and “the International standard ratio”. In the last experiment, three important features were added to the time flow. When adding time flow, the AUC score recorded was 100% for the validation data with an F1-score of 81.8% for the test data.

2.2 Rule Extraction Using Bayesian Probability

Rule extraction using Bayesian posterior probability is a probability-based rule extraction model that can extract items with high posterior probability to generate a list of rules. It stems from the previously proposed Bayesian Rule List (BRL) [7]. This model extracts an itemset group that exceeds the support of thresholds, calculates their posterior probability, and generates rules using a high posterior probability itemset group; in this way, it creates an ordered rule list. Rules are created from the multinomial distribution and the Dirichlet distribution, which is a conjugate distribution of the multinomial distribution. Fig. 1 shows the rule list in the distribution format. That study used a stroke dataset, and for the performance of the model, the AUC score was 75.6%.
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Figure 1: Rule list in distribution format [7]

The Bayesian approach has been proposed for use as a rule mining model [8]. In that study, the authors wanted to identify rare but accurate rules, while mentioning the issue of support. First, they selected candidate rules and checked whether they passed the selection criteria based on Bayesian posterior probability. Second, they combined each rule and checked whether it passed the criteria. The algorithm was executed in a breadth-first approach like the a priori algorithm. The experiment was conducted to find association rules as opposed to classification. As a result, they found two more association rules that could not be found with the support criteria.

3  Dataset

The dataset used in this study was a dataset consisting of blood samples of patients infected with COVID-19 that was provided by Yan et al. [3]. There were 75 features, including the personal information of the infected patients and the blood information, which was tested based on date and time. The data consisted of a training data set and a test data set. The training data had 375 patients (201 discharged patients and 174 deceased patients) that were treated from January 10, 2020 to February 18, 2020. The test data had 110 patients (97 discharged patients and 13 deceased patients) that were treated from February 19, 2020 to February 24, 2020 [3]. We filled in the missing values of the training dataset with each feature's mean value. The model was trained using the patient's last day result (death or discharge). The test was conducted 7 days prior to the patient's last day.

4  Proposed Model

As shown in Fig. 2, our proposed model had three stages: feature selection, item generation, and rule extraction. In particular, in rule extraction, we proposed a new rule extraction algorithm that used confidence-closed item mining, JSD, and Bayesian posterior probability. We will define all terminology before explaining the proposed model. Item refers to features relevant to the conditions (e.g., age < 40). Itemset refers to the set of items (e.g., age < 40, sex = female); itemsets refer to multiple itemsets.

4.1 Feature Extraction

Feature extraction involved two tasks. First, we extracted important features by reducing the dependency between features and analyzing the interdependency between the target variable and features. To reduce the dependent features, we used partial correlation, which is a type of correlation that can control the subset of variables with an additional effect; it analyzes the correlation between certain features. Correlation typically indicates the relationship between features without controlling other features. This cannot differentiate between direct and indirect effects [9]. Thus, we used partial correlation to identify more accurate and strict correlation. We calculated the partial correlation between features to remove dependent relations. The partial correlation was calculated using Eq. (1), which can calculate the correlation between x and y when given a single controlling variable z [10]. As we can see in Eq. (1), before we solve this equation, we need to know the zero-order correlation between all possible pairs of variables ((x,y) and (y,z) and (x,z)) [10].

ryx,z=ryx−(ryz)(rxz)1−ryz21−rxz2(1)

In the feature selection stage, we used the mutual information between the target variable and the features. Mutual information was the probability that event X and Y would occur simultaneously among event X and event Y. If X and Y frequently occur together, it means they have a high interdependency. Features were removed if the mutual information value was below the mutual information threshold. Discrete features were calculated with Eq. (2), while continuous features were calculated with Eq. (3) [11].

I(X|Y)=∑y⁡∑x⁡p(x,y)log(p(x,y)p(x)p(y))(2)

I(X|Y)=∫Y⁡∫X⁡p(x,y)log(p(x,y)p(x)p(y))dxdy(3)
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Figure 2: Framework of the proposed model

4.2 Item Generation and Filtering

In the item generation step, the selected features were binned. If the value was smaller than or equal to the split point, it was set to fk ≤ δ; if it was bigger, it was set to δ < fk. We use the Class-Attribute Interdependency Maximization (CAIM) algorithm for binning [12]. The CAIM algorithm is a binning algorithm that can determine the minimal discretization range using the minimal interdependency information loss. The algorithm can discretize the continuous value at the highest CAIM value. The calculation proceeds until reaching the point at which CAIM > Globalcaim or p < k. p means the number of split points and k means the number of classes. CAIM's criteria were defined by Eq. (4). C means the target variable, D means the discretized variable for F, maxr is the maximum value in r range, and N+r is the number of samples in the range [12].

caim(C,D|F)=∑r=1n⁡maxr2/N+rn(4)


After creating the items, we filtered items with low support and confidence. Due to the a priori nature, we can delete single items with a lower support value than the threshold. However, in the confidence filtering, we can't use priori nature, so we deleted very low confidence items to prevent the creation of a redundant and useless itemset.

4.3 Rule Extraction Using JSD and Posterior Probability

In this stage, the itemset with a high posterior probability was extracted, and rules were generated. The rule extraction consisted of three stages: mining the itemset, filtering with JSD, and filtering with Bayesian posterior probability.

4.3.1 Creating Itemset

First, we created an itemset with filtering for support and confidence using FP-growth [13] for mining. In the mining process, we filtered the itemset using support and confidence thresholds. Then, we checked if the itemset satisfied the confidence-closed itemset condition.

The confidence-closed itemset is closed itemset, which is focus on confidence. A closed itemset is typically focused on support. If the itemset and superset of the itemset have the same support, then the itemset is removed [14]. However, we focused on confidence instead of support. We deleted the itemset that was the superset of the itemset that had a lower confidence value than the itemset (e.g., {a, b} = 0.8 and {a, b, c} = 0.7, then {a, b, c} was deleted). Since we extracted the ruleset, if the sample matched to itemset({x, y}), then it matched to the superset of itemset({x, y, z}) 100%. However, we could not be certain that the itemset({x, y}) was the correct based solely on confidence. Thus, in this stage, we only deleted the superset with lower confidence, not all of them. Because lower confidence refers to a lower probability of co-occurrence of itemset and Y (e.g., class = 1 in this model), additional items can harm the creation of an effective rule. We checked the condition to avoid creating inaccurate rules and wasting mining time. Using confidence-closed itemset filtering, we could extract an itemset that was less redundant but more accurate.

4.3.2 Itemset Filtering with JSD

In this stage, we calculated the distance between the mined itemsets and the training dataset. We used JSD to calculate the distance. JSD is a variation of Kullback–Leibler (KL), which represents the distance between two distributions. In general, KL refers to the expectation of an information loss value between two distributions. It is used to measure the similarity of two distributions. However, for KL, the differences between the two distributions were not symmetrical. They are not marked as distances, which is equal to Eq. (5) [15]. In this equation, P and Q are the distribution.

DKL(P||Q)≠DKL(Q||P)(5)


The KL between the median of each distribution and the two distributions was performed to make the difference between two distributions symmetrical. This allowed for the distance between the two probability distributions to be calculated. JSD's equation is shown in Eq. (6) [15].

JSD(P,Q)=12D(P||M)+12D(Q||M)(6)

We calculated the distance between the distribution of each itemset and the distribution of the dataset. We made each itemset's multivariate normal distribution using the mean and covariance values of its features. We also made multivariate normal distributions of death (class = 1) and discharged (class = 0)'s using the features of the itemset. Here, we call In for the nth itemset's distribution, D for class 1(death) distribution, S for class 0 (survival) distribution, and Dn for a distance of In. We made our calculation based on Eq. (7).

Dn=JSD(I,D)JSD(I,D)\; +\; JSD(I,S)(7)


Since the number of features could affect the distance between distributions, the distance of the death distribution was divided by the sum of the two distributions (death and discharged) in this study. After calculating the distance of each itemset, the itemset was filtered according to the distance threshold. This stage reduced the training time. Because calculating the posterior probability required a lot of time, we filtered the itemset with a long distance.

4.3.3 Itemset Filtering with Posterior Probability

We calculated the Bayesian posterior probability of each itemset and removed them when they did not exceed the threshold. We used this stage to achieve an accurate probability. Without sampling, we obtained the probability from our dataset alone, which can lead to a biased probability. Thus, we created an approximated posterior distribution using a large number of samples, and we used this distribution for explanation and classification.

Posterior probability was calculated by the Bayesian theorem. Since it was a binary classification, the binomial distribution was used as a likelihood distribution. The parameter n was the total occurrence of items while the parameter k was the occurrence of itemsets that resulted in 1(death). The parameter θ was the binomial probability of k. Beta distribution, which was a conjugate distribution, was used for the conjugate prior to distribution [16]. Then, posterior probability could be calculated as follows [17].

p(θ|k)=p(k|θ)p(θ)p(k)=p(k|θ)p(θ)∫p⁡(k|θ)p(θ)dθ(8)


Eq. (8) was derived based on the nature of the joint distribution and equation P(X,Y)=P(X|Y)P(Y). The numerator can be expressed as follows, because of the prior distribution and the conditional probability distribution [17].

p(θ,k)=(nk)1B(α,β)θk+α−1(1−θ)n−k+β−1(9)

The denominator is expressed as follows. Eq. (10) is the same as (9). Eq. (11) is derived based on the fact that it becomes 1 if the probability density function of the beta distribution whose parameter is k+α and β+n-k is integrated [17].

∫p⁡(k|θ)p(θ)dθ=∫01⁡p(k|θ)p(θ)dθ=∫01⁡(nk)θk(1−θ)n−kθα−1(1−θ)β−1B(α,β)dθ(10)
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Using the denominator Eq. (11) and numerator Eq. (10) calculated above, the probability can be obtained as follows [17].

p(θ|k)=1B(α+k,β+n−k)θk+α−1(1−θ)n−k+β−1∼Beta(α+k,β+n−k)(12)

The posterior probability was updated by multiplying the likelihood and the prior probability. Markov chain Monte Carlo (MCMC) sampling was performed to generate an approximated Bayesian posterior probability distribution for each item [18]. The Metropolis-Hastings algorithm was used for sampling. It requires a sampling distribution g(x), which is proportional to the target distribution and the conditional probability distribution q(xt+1|xt), to approximate the target distribution p(x) [19]. The sampling distribution g(x) in this model is the beta-binomial distribution. The process is as follows [19]:

①    Pick a distribution g(x) for sampling.

②    Choose X0 which is the start point of the Markov chain.

③    Sample y from g(x) which is the candidate of Xt+1 when this chain is X=xt.

④    Calculate the acceptance ratio using Eq. (13).

f(y)g(xt|y)f(xt)g(y|xt)(13)

⑤    Sample u from the uniform distribution U(x) and get Xt+1 using the following process.

Xt+1=y(u≤min(1,f(y)g(xt|y)f(xt)g(y|xt)))(14)

Xt+1=Xt(else)(15)

⑥    Continue this process (3,4,5) until the stationary distribution appears.

In process 5, min(1,f(y)g(xt|y)f(xt)g(y|xt)) is the acceptance probability. If the acceptance probability is set to 1, then the sampled value y is accepted at any time. However, if the acceptance probability is smaller than 1, it will be accepted according to u. The chain can be created more than once to ensure an accurate and clear result. When we have a stationary distribution, the point estimation is performed to derive the optimal Bayesian posterior probability of the item [20]. Algorithm 1 represents the flow of obtaining the optimal posterior probability.
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The itemsets were filtered based on the calculated posterior probability. Through this step, the itemsets with high posterior probability were extracted. Since our model was based on a ruleset and we were certain that the itemset was accurate with posterior probability, we filtered the superset of the itemset as described in Section 4.3.1.

5  Experiment

The experiment was conducted using a COVID-19 patient blood dataset. The results and threshold values of the proposed model are described here. The threshold values mentioned in this study are determined through several experiments.

5.1 Feature Extraction

First, we deleted features with a dependency value above 0.7, which was our dependency threshold. Next, we deleted features with a value lower than 0.3, which was the mutual information threshold. We then selected 10 features {Lactate dehydrogenase, neutrophils(%), Hypersensitive C-reactive protein, (%)lymphocyte, monocytes(%), procalcitonin, D-dimer, International standard ratio, Amino-terminal brain natriuretic peptide precursor(NT-proBNP), albumin} from the 75 features.

5.2 Item Generation

In the item generation step, the continuous features were binned. First, we used the CAIM algorithm [12] to split the continuous values. Tab. 1 lists the split point for each feature.
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After creating the items using each split point, we filtered each item using support and confidence thresholds. The support threshold was 0.1 and the confidence threshold was 0.3. After filtering, we extracted a total of 10 items {305.0<Amino-terminal brain natriuretic peptide precursor(NT-proBNP), monocytes(%)<=4.2, (%)lymphocyte<=13.0, 0.095<procalcitonin, 339.0<Lactate dehydrogenase, albumin<=31.9, 1.13<International standard ratio, 2.04<D-dimer, 79.4<neutrophils(%), 42.3<Hypersensitive C-reactive protein}.

5.3 Rule Extraction Using JSD and Posterior Probability

In the mining process, we filtered the itemsets with a support value lower than the support threshold (0.15) and the confidence threshold (0.9). Next, we calculated the distance between the distribution of the itemset and 1(death) or between the distribution of the itemset and 0 (discharged). We deleted the itemset with a distance higher than 0.035. Using JSD, we selected 65 itemsets from 171 itemsets. Fig. 3 shows the distribution of the itemset and class distributions. The left one has a short distance to 1 (death), while the right one has a long distance to 1 (death). The upper one is the itemset distribution, the middle one is the l (death) class distribution, and the bottom one is the 0 (survival) class distribution. As shown in the figure, under short distance conditions, the distributions of itemset and class 1 had similar shapes. The highest conditions and values between them were similar. However, in the long distance condition, the distributions of itemset and class 1 had different shapes and values.
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Figure 3: Distribution of itemset, class 1, and class 0

After filtering based on distance, we calculated the Bayesian posterior probability for each filtered itemset. The threshold of each itemset's posterior probability was 0.96. Fig. 4 shows the approximated posterior probability distribution. The upper one had a low probability while the bottom one had a high probability; the left one shows distribution and the right one shows the probability of samples. The highest point was the estimated point.
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Figure 4: Approximated posterior distribution and probability for samples

Through the Bayesian posterior probability filtering, we selected 20 rules. After the superset filtering, we deleted 6 redundant rules. Therefore, in total, 14 rules were extracted.
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5.4 Performance Evaluation

We evaluated the performance using the validation data set divided at a 20% ratio; the test data set was provided separately. Since early prediction is important in real situations, the test performance is evaluated using data from 7 days before the result (survival or death) is released. The performance evaluation of the validation dataset was conducted through 100 rounds of five-fold cross-validation for evaluation; we executed our model five times and each fold of the ruleset was performed over 100 rounds. The ROC curve, precision, recall, F1-score, AUC score, and accuracy were used as performance metrics.

Tabs. 2 and 3 present the performances of the XGBoost model, the Fuzzy model, and the proposed model obtained using the validation dataset and the test dataset. The XGBoost model came from [3] and the fuzzy model came from [4]. With the validation dataset, our model had better performance and smaller variance than the XGBoost [3] model. With the test dataset, the proposed model showed the best performance. Thus, overall, our model has good performance and generalization.
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Fig. 5 illustrates the performances of SVM, RandomForest, Gradient Boosting, KNN, and the proposed model using the validation dataset. These figures illustrate performance in terms of box plots. The results show that our proposed model had good performance and very small variance with the validation dataset. Specifically, the performance of our model was similar to or better than that of the blackbox model such as random forest or gradient boosting. Fig. 6 shows the performances of SVM, RandomForest, Gradient Boosting, and KNN obtained with the proposed model using the test dataset. The result show that our proposed model achieved the best performance.
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Figure 5: Performances of different models using the validation dataset
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Figure 6: Performances of different models using the test dataset

To separately evaluate the performance of the rule extraction algorithm, we compared the model of the BRL paper [7]. We used our generated item dataset because there was no code for identifying the range of features in the BRL code. Tab. 4 lists the comparison results of the rule extraction using BRL with the validation dataset. Fig. 7 shows the confusion matrix of each model's performance with the test dataset; the left one was from our model and the right one was from BRL [7].

The results revealed that our model showed improved performance, especially with the test dataset. It shows our model has great generality.
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Figure 7: Comparison of rule extraction with BRL using test dataset

6  Conclusion

The results show that the proposed model has higher accuracy and improved interpretability. It provides posterior probability with rules. It gives a good explanation for why it makes the predictions it does and that can lead to user reliability. Further, it provides various insights; for one, it provides the probability agrees with the argument that probability modeling is important in clinical practice [21]. The model shows great performance in 100-round five-fold cross-validation with the test and validation dataset, thus demonstrating high accuracy and generality. In other words, this model addressed the trade-off problem between interpretability and accuracy using blood samples of patients infected with COVID-19. Future research should focus on applications and improving the model. To strengthen its application in real situations, we will perform experiments with our model using various medical datasets to achieve high generalizability and interpretability. To improve the model, we will optimize the model to find the optimal threshold; this proposed model chooses the optimal thresholds based on the results of multiple experiments. This method does not have an optimal value, and it takes a lot of time. To solve this problem, we study optimization algorithms such as the genetic algorithm [22] and Bayesian optimization [23] to find the optimal threshold.
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Algorithm 1: Getting posterior probability with instance probability

Input: «, 8, k, n, numsamples, numchains, tune
Result: Get optimal posterior probability
p-betas— Beta distribution(c, 3);
p-binom«— Binomial distribution(p — beta, k,n);
posterior-distribution«—
MCMC sampling(p — beta, p — binom, numsamples, numchains, tune);
probability« Point estimation(posteriordistribution);
return probability
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Table 1: Split point for each feature

Features

Lactate dehydrogenase
neutrophils(%)

Hypersensitive C-reactive protein
(% )lymphocyte

monocytes(%)

procalcitonin

D-dimer

International standard ratio
Amino-terminal brain natriuretic peptide precursor( NT-proBNP )
albumin

Split point
339.0
79.4
423
13.0
4.2
0.095
2.04
1.13
305.0
319
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Table 3: Performances of various models using test dataset

Metric

Accuracy
Precision
Recall
Fl-score
AUCscore

XGBoost [3]
097
0381
10
09

Fuzzy Model [4]

0.949
0.9
0.75
0.81818
0.868

Proposed Model

0.98181
0.86666
1.0

0.92857
0.98969
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42.3<Hypersensitive C-reactive protein and 79.4<neutrophils(%) and 339.0<Lactate
dehydrogenase => High_Risk 0.9701269092135602

(%)lymphocyte<=13.0 and 339.0<Lactate dehydrogenase => High_Risk 0.9698961739048645
(%)lymphocyte<=13.0 and 42.3<Hypersensitive C-reactive protein => High_Risk
0.9693271238901066

albumin<=31.9 and 0.095<procalcitonin and 339.0<Lactate dehydrogenase => High_Risk
0.9781133691560419

albumin<=31.9 and 42.3<Hypersensitive C-reactive protein => High_Risk
0.9670296292557119

1.13<International standard ratio and 42.3 <Hypersensitive C-reactive protein and
305.0<Amino-terminal brain natriuretic peptide precursor(NT-proBNP) => High_Risk
0.974622922099393

1.13<International standard ratio and albumin<=31.9 and 339.0<Lactate dehydrogenase =>
High_Risk 0.9865627254211912

2.04<D-dimer and 305.0<Amino-terminal brain natriuretic peptide precursor(NT-proBNP)
and 0.095<procalcitonin => High_Risk 0.9665619146313702

2.04<D-dimer and 42.3<Hypersensitive C-reactive protein and 339.0<Lactate dehydrogenase
=> High_Risk 0.9660343990274075

2.04<D-dimer and 1.13<International standard ratio and 339.0<Lactate dehydrogenase =>
High_Risk 0.9768106539506374

2.04<D-dimer and 1.13<International standard ratio and 42.3 <Hypersensitive C-reactive
protein => High_Risk 0.9865986602150896

monocytes(%)<=4.2 and 339.0<Lactate dehydrogenase => High_Risk 0.9781133691560419
monocytes(%)<=4.2 and albumin<=31.9 and 0.095<procalcitonin => High_Risk
0.9727626191036757

monocytes(%)<=4.2 and 2.04<D-dimer => High_Risk 0.9745469068256394
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Table 4: Comparison of rule extraction with BRL using the validation dataset

Metric

Accuracy
Precision
Recall
Fl-score
AUCscore

BRL [7]
0.95755+0.01939
0981134001677
0.9435240.03078
0.9616340.01799
0.9597140.01838

Proposed Model

0.96693+0.01773
0.95218 £0.03035
0.97484 4 0.02349
0.963001 4+ 0.01959
0.96778 £0.01738
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Metric

Accuracy
Precision
Recall
Fl-score
AUCscore

Table 2: Performances of various models using the validation dataset
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Algorithm 1: Getting posterior probability with instance probability

Input: «, B, k, n, numsamples, numchains, tune
Result: Get optimal posterior probability
p-beta<— Beta distribution(a, B);
p-binom<— Binomial distribution(p—beta, k, n);
posterior-distribution <
MCMC sampling(p — beta,p — binom, numsamples, numchains, tune);
probability<— Point estimation( posteriordistribution);
return probability
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if @) then y ~ Multinomial(6), 8| ~ Dirichlet(e + N;)
else if a, then y ~ Multinomial (), 8, ~ Dirichlet(e + N3)
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else y ~ Multinomial(8y), 8¢ ~ Dirichlet(e + Np).





