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Abstract Manuscript Information 

Background: The coronavirus epidemic, defined as (COVID-19, firstly appeared in China 

(Wuhan city) in Dec. month 201 and rapidly spread worldwide. Therefore, accurate 

information about all clinical and non-clinical features of this epidemic has become important 

for societies and countries. The goal of this research is to investigate clinical, demographic, 

and laboratory variables of COVID-19 and their influence on patient response (death/recovery) 

by using robust statistical methods to solve the multicollinearity problem among independent 

variables. Methods: This study was based on a randomly selected sample of 200 patients using 

the RAND () function in Python, selected from the Zenodo database for two New York 

hospitals in 2022. We proposed the use of Neural Network Logistic Regression compared with 

Ridge Logistic Regression to solve problems in the data, such as multicollinearity. Results: In 

assessing the effects of variables on the clinical outcome of COVID-19 patients (death or 

discharge), it was found that the factors (Age, EOS PCT, LYM PCT, MONO PCT, WBC, 

MCHC, LUC ABS, Glucose Random, Protein Total, BASO PCT, K Bld, NEU ABS) exhibited 

statistically significant effects with 0.0001 < p-value < 0.05, whereas the remaining factors 

showed no statistically significant effects (p-value > 0.05).Conclusion: The proposed method 

demonstrated high efficiency in predicting patient outcomes, achieving an accuracy of 0.85 

and an area under the curve (AUC) of 0.95. In comparison, the logistic regression method 

achieved an accuracy of 0.825 and an AUC of 0.817. 
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1. INTRODUCTION  

Coronavirus disease 2019 (COVID-19), caused by severe acute 

respiratory syndrome coronavirus 2 (SARS-CoV-2), presents 

with a wide spectrum of outcomes, from asymptomatic 

infection tom acute respiratory distress syndrome, multi-organ 

failure, and death. This variability reflects differences in how 

individual host physiological systems respond to the virus, 

particularly the immune, metabolic and electrolyte-regulating 

systems, and not only differences in viral exposure.  

Age is the most consistent determinant of outcome. In 

hospitalized adults, older age was independently associated 

with in-hospital mortality [1]. Physiologically, aging is 

accompanied by immune senescence, a chronic low-grade 

inflammatory state, and reduced functional reserve of the lungs,  

heart, and kidneys, all of which limit the ability to tolerate the 

systemic stress of severe infection. 

The circulating leukocyte profile provides a direct window into 

the host immune response. Patients with severe COVID-19 

tend to show an elevated total white blood cell (WBC) count 

and absolute neutrophil count (NEU ABS), together with a 

reduced lymphocyte percentage (LYM PCT), a pattern that 

reflects an exaggerated innate response and impaired adaptive 

immunity [2]. 

Metabolic and biochemical variables also influence outcome. 

Elevated glucose has been shown to favor SARS-CoV-2 

replication and to promote monocyte inflammatory responses 

through a glycolysis -dependent mechanism [3], so random 

blood glucose may reflect both pre-existing metabolic disease 

and stress -induced hyperglycemia. Total serum protein, which 

is mainly albumin and globulin reflects nutritional status. 

hepatic synthetic function. 

Artificial neural network can model such complex interactions 

among demographic, hematological and biochemical variables. 

Zhu JS (2020) studied deep-learning artificial intelligence 

analysis of clinical variables to predict mortality in COVID-19 

patients. The study consisted of 181 hospitalized patients with 

confirmed COVID-19 infection in Wuhan, China. The data 

were split into 85% training and 15% testing sets. Prediction 

performance was compared with that of severity scores. The 

deep-learning prediction model and the resultant risk 

stratification score may prove useful in clinical decision-

making under time-sensitive conditions [4]. 

Lin JK. et al. (2021) used an artificial neural network (ANN) to 

predict the mortality of COVID-19 patients using routine blood 

samples at hospital admission in Tunisia and compared ANN 

and CNN in terms of model performance at admission time. 

The results showed that ANN yielded high efficiency with an  

 

 

 

 

 

 

 

 

 

AUC of 0.96 compared with 0.91 from CNN based on testing 

data [5]. Devi SKC et al. (2024) proposed a ridge logistic  

regression model to obtain robust predictions of COVID-19 

mortality in India and to solve the multicollinearity problem 

among explanatory variables. They relied on criteria such as 

MSE, RMSE, and the R² score and concluded that poor feature 

selection led to low model generalization [6]. 

Saeed Reza M. et al. (2025) conducted a systematic review of 

36 research papers involving artificial intelligence techniques 

for diagnosing COVID-19 prognosis using CT or chest X-ray 

images. The models showed sensitivity values of 71% for 

mortality, 88% for severity assessment, and 67% for oxygen 

requirement prediction [7]. 

This research differs from previous studies that focused on 

determining whether a person was infected with COVID-19 

(positive/negative), especially at the beginning of the pandemic 

in December 2019. Our research focuses on the outcomes of 

infected patients (recovered or died), considering a range of 

explanatory variables expected to influence mortality. 

The goal of this research was to develop a deep-learning 

artificial intelligence model (Neural Networks) with Ridge 

regularization to study the factors influencing patient response 

and to solve the multicollinearity problem among independent 

variables to obtain reliable determinants of demographic, 

clinical, and laboratory features affecting response 

(death/discharge)    

  

2. Study Design  

2.1 Data collection  

Our COVID-19 patient data were randomly selected using the 

RAND () function based on the patient from the dataset. sample 

size consisted of 200 patients selected from 1,000 records”, 

because some patients from (1500) did not have complete 

information regarding outcomes, demographics, and biomarker 

measurements. The data were obtained from New York (two 

hospitals) as: State University of New York (SUNY) 

Downstate Health Sciences University and Maimonides 

Medical Centre (Lambert B. et al. [8]). 

 

2.2 Variables definition 

The response is binary variable as (Death=0, Discharged=1) 

and exploratory variables (37 independent variables); 

Demographics  (Age, Sex), Comorbidities (Binary: Yes/No), 

Laboratory Parameters as: 

Liver Function Markers, Kidney Function and Electrolytes, 

Glucose Metabolism, Hematological Parameters, Red Blood 

Cell Indices, White Blood Cell Indices, Platelet Indices. Table 

structure retained as original; formatting corrected only where 

necessary, as following:  
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Table 1: Collected laboratory data 
 

Predicate Variable Unit / Description 

Age years 

Sex male/female 

Hypertension Yes/No 

diabetes Yes/No 

Cancer Yes/No 

Copd Yes/No 

AST U/L (indicator of liver diseases like cirrhosis) 

Albumin g/dL (The most abundant protein in the blood) 

Alkaline Phosphatase U/L (Determines liver and bone diseases) 

BASO PCT % (Percentage of basophils) 

BUN mg/dL (Blood Urea Nitrogen) 

Bilirubin Total mg/dL (Produced during hemolysis, indicates liver disease) 

CO2 mmol/L (Evaluates the measure of CO2) 

Calcium Level mg/dL (Mineral indicator of liver, muscle, kidney) 

Creatinine mg/dL (A byproduct of creatine, Kidney function indicator) 

EOS PCT % (Eosinophil percentage) 

Glucose Random mg/dL (The presence of glucose in the blood/urine) 

HCT % (red blood cells proportion in blood) 

HGB g/dL (Hemoglobin concentration in blood) 

K Bld (Potassium) mmol/L (Potassium level in blood) 

LUC ABS 10³/µL (Absolute large unstained cells) 

LUC PCT % (Percentage of large unstained cells) 

LYM ABS 10³/µL (Absolute lymphocyte count) 

LYM PCT % (Lymphocyte percentage) 

MCH pg (hemoglobin average in RBCs) 

MCHC g/dL (hemoglobin concentration average in RBCs, anemia type) 

MCV fL (Mean cell volume of RBCs) 

MONO ABS 10³/µL (Absolute monocyte count) 

MONO PCT % (Monocyte percentage) 

MPV fL (Average volume of platelets) 

NEU ABS 10³/µL (Absolute neutrophil count) 

NEU PCT % (Neutrophil percentage) 

Na Bld (Sodium) mmol/L (levels of Sodium may indicate kidney or heart function) 

PLAT 10³/µL (Platelet count in blood) 

Protein Total g/dL (Total protein in blood) 

RBC 10⁶/µL (count of red blood cells, low levels imply anemia and bleeding) 

RDW % (Red cell distribution width) 

Outcome Response variable (Death=0, Discharged=1) 

 

3. Statistical Analysis  

The response variable in our study represents the patient’s end-

time outcome (Death = 0, Discharge = 1) and is binary (0,1). In 

such cases, the most appropriate model for data analysis is 

logistic regression [9,10]. 

Logistic regression models require several assumptions, 

including linearity in the logit, independence of observations, 

absence of multicollinearity, and a sufficiently large sample 

size. If standard logistic regression is used in the presence of  

 

 

multicollinearity, the model may fail (e.g., unstable odds 

ratios). 

To address this issue, Robust Statistical Methods such as 

Neural Network Logistic Regression and Multivariate Ridge 

Logistic Regression were applied [11,12]. The results were 

obtained by writing program code in Python version 3.13.2 

using libraries such as Scikit-learn, SciPy, and Pandas to 

conduct statistical data analysis [13,14], you can see the python 

codes in follow QR 
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3. Methods  

3.1.1 Ridge logistic regression 

To address multicollinearity among predictors, we applied 

Ridge logistic regression, which incorporates an L2 

regularization penalty into the standard logistic regression 

framework. This penalty shrinks regression coefficients toward 

zero, reducing variance and preventing unstable or extreme 

odds ratio estimates, with the maximum number of iterations 

set to 5,000. 

Ridge regression retains all variables in the model, ensuring 

that clinically relevant predictors are not excluded. The model 

was trained on standardized predictors, with 80% of the data 

used as the training set and 20% as the test set (seed = 10) 

[6,15]. 

3.1.2 Neural Network Logistic Regression  

Neural networks can automatically learn weights without 

requiring strict assumptions regarding multicollinearity. The 

model used logistic activation with the following structure [16]: 

• Input Layer: all 37 predictors (demographic, clinical, and 

laboratory) 

• Hidden Layer: 10 neurons with logistic activation 

• Output Layer: One neuron (probability of death vs. 

discharge) 

 As following figures 

 

 

 

Fig. 1: Diagram of Neural Network Logistic 

 

3.1.3 Performance Criteria  

The basic criteria in the statistical analysis of any data are 

descriptive statistics, which are presented in table (1), and we 

relied on some model performance evaluation measures as: 

• Accuracy measures the percentage of cases in which the 

model correctly predicted either discharge or death out of 

all cases evaluated.  

•  Receiver Operating Characteristic (ROC) Curve is a 

graphical representation of a model's diagnostic ability. It 

plots: True Positive Rate (Sensitivity) on the y-axis, False 

Positive Rate (1 − Specificity) on the x-axis. 

•  Area Under the Curve (AUC) refers to the area under 

the ROC; an AUC value closer to 1 indicates excellent  

predictive performance, and if 0.5 suggests performance no 

better than random chance.  

•  F-measure (F1-score) is a metric that combines precision 

and recall into a single value, providing a balanced 

assessment of model performance. 

•   Statistical Significance was determined using a threshold 

of P-value < 0.05, meaning that results with p-values 

below 0.05 were considered statistically significant. [17]. 

Also, in network analysis, we can rely on the importance of 

input variables in the network to quantify the contribution of 

each input variable to the model’s output. Therefore, several 

post hoc interpretability methods—such as Shapley-value-

based approaches like SHAP—return signed contribution 

values per variable as follows: Positive attribution: the variable 

increases the model’s output; Negative attribution: the feature 

decreases the model’s output Jacopo T. et al,2023[18]. 
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3.1. Results 

3.2.1 Descriptive Statistics 

We can display descriptive statistics and p-value of proportion 

test as following table. 

 
Table (2): Descriptive Statistics and test of variables 

 

Variable Yes No P_value 

Hypertension 110 (55%) 90 (45%) 0.044* 

Diabetes 78 (39%) 122 (61%) <0.0001** 

Cancer 13 (7%) 187 (93%) <0.0001** 

COPD 14 (7%) 186 (93%) <0.0001 ** 

Outcome Death Discharge  

82 (41%) 118 (59%) 0.001** 

Gender Male Female  

114 (57%) 86 (43%) 0.005 ** 

* Low significant, ** high significant 

 

All variables in table 2), showed significance (p-value< 0.05). 

The strongest statistically significant variables were: 

 

 

Diabetes, Cancer, COPD 

Hypertension was statistically significant but weaker (p = 

0.044). 

 
Table (3): Descriptive Statistics (Variable*Outcome) testing 

 

Variable Outcome p-value (Cate.) p-value (V.*Out.) 

 Categorical Death Discharge 

Gender Male 57% 43% 0.035* 0.220 ns 

Female 60% 40% 0.01* 

Hypertension Yes 69% 31% <0.0001** 0.020 * 

No 50% 50% 1 ns 

Cancer Yes 60% 40% 0.13ns 0.270 ns 

No 46% 54% 0.12ns 

Copd Yes 59% 41% 0.34ns 0.610 ns 

No 50 50 1ns 

*Is low significant< 0.05, ** is high significant < 0.01, ns No significant 

 

From Table (3), significant differences were found between 

outcome and certain categorical variables (Sex and 

Hypertension). No significant differences were observed for 

other categorical variables. 

 

 

 

3.2.2 Ridge Logistic Regression  

Before applying logistic models we tested the multicollinearity 

problem between independent variables in data by VIF criteria 

(Variance Inflation Factor) [19], and we got the following 

results in table (4). 

 
Table (4): Variance Inflation Factor (VIF) for predictor variables (10) 

 

no Variable VIF no Variable VIF 

1 MCH 29.7 6 NEU PCT 8.7 

2 MCV 13.9 7 LYM PCT 7.2 

3 MCHC 12.6 8 NEU ABS 6.5 

4 HCT 11.8 9 RBC 6.3 

5 HGB 11.64 10 WBC 5.8 

 All other variables are acceptable < 5 

 

From above results we note that some variables have the 

multicollinearity problem because VIF>5, to solve this problem 

we can depend on remove these variables or depend on robust 

method as:(Ridge regression, Neural Network Logistic, Robust 

Logistic) [11,12]. 

From analysis our data by Ridge Logistic Regression we got 

summary results as:  

a. High Importance Variables: if (OR ≥ 2 or OR ≤ 0.5 and 

p-value < 0.01) 

• Strong risk factors 

Age (OR = 2.24, p < 0.001), LUC ABS (OR = 2.74, p = 

0.005), 

WBC (OR = 1.97 ≈ 2, p < 0.001) 

 

•   Powerful protective agents 

EOS PCT (OR = 0.30, p < 0.001), MONO PCT (OR = 

0.34, p < 0.001) 

LYM PCT (OR = 0.45, p < 0.001) 

b. Moderate Importance Variables: if (1.5 ≤ OR < 2 or 0.5  

< OR ≤ 0.7 and p < 0.05) 

Glucose Random (OR = 1.77, p = 0.035) , Protein Total 

(OR = 1.94, p = 0.040) 

CO₂ (OR = 0.52, p = 0.005), BASO PCT (OR = 0.39, p = 

0.045) 

MCHC (OR = 0.68, p = 0.050 – borderline) 

c. Low or Non-significant Variables: because all other 

variables have p-value>0.05   
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Table (5): Estimators of Ridge Logistic method 
 

Variable Coefficient Odds Ratio (OR) p-value 

Age 0.807 2.24 <0.001** 

EOS PCT -1.202 0.30 <0.001** 

LYM PCT -0.793 0.45 <0.001** 

MONO PCT -1.092 0.34 <0.001** 

WBC 0.68 1.97 <0.001** 

CO2 -0.659 0.52 0.005** 

LUC ABS 1.008 2.74 0.005** 

Glucose Random 0.572 1.77 0.035* 

Total Protein 0.665 1.94 0.040* 

BASO PCT -0.934 0.39 0.045* 

MCHC -0.391 0.68 0.050* 

all other variables p-value>0.05 No significant effect 

*Is low significant < 0.05, ** is high significant < 0.01 

 

3.2.3 Neural Network Logistic Regression 

We relied on a neural network classifier using the MLP 

Classifier function from scikit-learn in Python, as shown in the 

previous figure [Fig. (1)], with a maximum of 5,000 iterations. 

The sample was divided into training (80%) and testing (20%) 

subsets using stratified sampling with seed = 10 for  

 

reproducibility. The analysis of neural networks in regression 

models depends on nonlinear models; therefore, the p-value 

may not be identical to the p-value of other methods. Thus, it is 

possible to rely on the importance criterion that provides the 

importance of each variable, as shown in the following table: 

 
 

Table (6): Estimators of Neural Network Logistic method 
 

Rank Feature Mean(|SHAP|) p-value Significant 

1 LYM_PCT 0.07286 9.77E-06 TRUE 

2 NEU_ABS 0.06007 6.83E-03 TRUE 

3 age 0.04931 2.48E-02 TRUE 

4 NEU_PCT 0.02680 4.49E-03 TRUE 

5 hypertension 0.02007 2.68E-03 TRUE 

6 MONO_PCT 0.01650 5.59E-04 TRUE 

7 RDW 0.01327 1.77E-17 TRUE 

8 CO2 0.01057 4.05E-06 TRUE 

9 MPV 0.00848 2.40E-04 TRUE 

10 PLAT 0.00776 5.31E-11 TRUE 

11 MCHC 0.00570 3.88E-13 TRUE 

12 diabetes 0.00202 2.98E-07 TRUE 

13 Alkaline Phosphatase 0.00057 1.84E-03 TRUE 

14 HGB 0.00014 3.08E-03 TRUE 

15 LUC_PCT 0.00014 3.68E-05 TRUE 

16 MCH 0.00005 1.96E-21 TRUE 

17 Na_Bld 0.00004 1.49E-07 TRUE 

*is low significant < 0.05, ** is high significant<0.01 

  

The previous table shows the 17 most important variables 

(features) influencing the patient's response (death or recovery), 

ranked according to their importance (mean SHAP). When we 

compared these results with the ridge logistic regression results 

(binary case) in Table (5), it is clear that most of the variables 

had the same significant impact in the Neural Network Logistic 

model. 

 

3.2.4 Comparison between Ridge Logistic and Neural 

Network logistic  

We can present all performance criteria for the two statistical 

methods as follows: 

 

 

Table (7): Comparison between Ridge logistic and Neural Network Logistic 
 

Criteria Ridge Logistic Neural Network 

Accuracy 0.825 0.85 

AUC 0.817 0.951 

MSE 0.175 0.150 

Confusion Matrix [[20, 3], [4, 13]] [[19, 4], [2, 15]] 

 

 In ridge logistic regression, we found that of the 23 actual 

discharges, the model correctly predicted 20 but missed 3 

(classified as death); and of the 17 actual deaths, the model  

 

correctly predicted 13 but misclassified 4 as discharge, with 

82.5% accuracy overall. It was particularly strong at predicting 
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deaths (precision = 81.7%), which is clinically important. MSE 

= 0.175. 

In the Neural Network model, we found that of the 23 actual 

discharges, the model correctly predicted 19 but missed 4 

(classified as death); and out of the 17 actual deaths, the model 

correctly predicted 15 but misclassified 2 as discharge, with 

85% accuracy overall. It was particularly strong at predicting 

deaths (precision = 95.1%), which is clinically important. MSE 

= 0.150 

 

 
 

Fig. (2): ROC curve Comparison between Ridge and Neural Network 

 

 From the above comparison, we noted that the Neural Network 

is a good method for analysing COVID-19 data. 

 

4. DISCUSSION    

From the results in Table (5), the variables (Age, EOS PCT, 

LYM PCT, MONO PCT, WBC, MCHC, LUC ABS, Glucose 

Random, Protein total) were associated with an increased event 

(death) of the patient because all odds ratios (OR > 1.00), and 

some variables such as (EOS PCT, LYM PCT, MONO PCT, 

CO2, BASO PCT, MCHCH) were associated with a decreased 

event (death), with all odds ratios (OR < 1.00). These two 

groups had statistically significant effects in ridge logistic 

regression since p-value < 0.05; however, all other variables 

were not significant (p-value > 0.05). 

From the Neural Network logistic regression (Table 6), we 

showed that some variables (top 17) were more important in 

model performance according to the mean absolute (SHAP) 

criterion and also had a significant effect because p-value < 

0.05, while the remaining factors showed no statistically 

significant effects (p-value > 0.05). When we compared our 

methods (Ridge logistic regression and Neural Network logistic 

regression) (see Table 7 and Fig. 2), we found that the Neural 

Network had high efficiency in predicting patient outcomes, 

achieving an accuracy of 0.85, an area under the curve (AUC =  

 

0.95), and MSE = 0.150. In comparison, the logistic regression 

method achieved an accuracy of 0.825, an AUC of 0.817, and 

MSE = 0.175. 

Therefore, we suggested using Neural Network logistic 

regression in analyzing binary responses (0,1). 

Our findings are consistent with prior mortality-focused 

COVID-19 studies showing that advanced age is a strong 

independent predictor of death, as reported by Rahman A. et al. 

[20]. Elevated WBC counts and reduced lymphocyte 

percentages have likewise been associated with non-survivor 

groups in cohorts such as Al-Shajlawi M.et al. (2022) [21]. The 

observed link between hyperglycemia and adverse outcomes 

also agrees with metabolic risk analyses published by Springer 

Nature (2022). Overall, our results reinforce existing evidence 

that age, inflammatory dysregulation, and immune imbalance 

are major determinants of mortality in COVID-19 patients. 

 

5. CONCLUSIONS 

In our study we focused on predicting the outcome of infected 

patients (recovered or died) using demographic, clinical, and 

laboratory variables. Because many explanatory variables were 

interrelated (37 predictors), multicollinearity was present. This 

issue was successfully addressed using robust methods: Ridge 

Logistic Regression and Neural Network Logistic Regression. 
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The Neural Network model demonstrated superior performance 

across all evaluation criteria. 

Descriptive analysis showed a mortality rate of 41% and a 

recovery rate of 59%, with statistically significant differences 

(p < 0.001). Gender differences were statistically significant but 

weaker (0.01 < p-value < 0.05). 

Future research may consider applying deep neural decision 

forest models to similar medical prediction problems (e.g., liver 

or heart diseases). 
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