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A B S T R A C T   

Background: Helicobacter pylori (H. pylori) is a significant global health concern, posing a high risk 
for gastric cancer. Conventional diagnostic and screening approaches are inaccessible, invasive, 
inaccurate, time-consuming, and expensive in primary clinics. 
Objective: This study aims to apply machine learning (ML) models to detect H. pylori infection 
using limited laboratory parameters from routine blood tests and to investigate the association of 
these biomarkers with clinical outcomes in primary clinics. 
Methods: A retrospective analysis with three ML and five ensemble models was conducted on 1409 
adults from Hubei Provincial Hospital of Traditional Chinese Medicine. evaluating twenty-three 
blood test parameters and using the C14 urea breath test as the gold standard for diagnosing 
H. pylori infection. 
Results: In our comparative study employing three different feature selection strategies, Random 
Forest (RF) model exhibited superior performance over other ML and ensemble models. Multiple 
evaluation metrics underscored the optimal performance of the RF model (ROC = 0.951, sensi
tivity = 0.882, specificity = 0.906, F1 = 0.906, accuracy = 0.894, PPV = 0.908, NPV = 0.880) 
without feature selection. Key biomarkers identified through importance ranking and shapley 
additive Explanations (SHAP) analysis using the RF model without feature selection include 
White Blood Cell Count (WBC), Mean Platelet Volume (MPV), Hemoglobin (Hb), Red Blood Cell 
Count (RBC), Platelet Crit (PCT), and Platelet Count (PLC). These biomarkers were found to be 
significantly associated with the presence of H. pylori infection, reflecting the immune response 
and inflammation levels. 
Conclusion: Abnormalities in key biomarkers could prompt clinical workers to consider H. pylori 
infection. The RF model effectively identifies H. pylori infection using routine blood tests, offering 
potential for clinical application in primary clinics. This ML approach can enhance diagnosis and 
screening, reducing medical burdens and reliance on invasive diagnostics.   
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1. Introduction 

Helicobacter pylori (H. pylori), a prevalent bacterium infecting over half the global population [1], is increasingly recognized for 
pivotal risk factor to gastric cancer [2], cardiovascular disease [3], colorectal cancer [4], and Alzheimer’s disease [5]. H. pylori 
infection is associated with to 89 % of noncardiac stomach tumors [6], accounting for 78 % of all cases of gastric cancer [2]. A sixfold 
increase in the risk of gastric cancer was observed in populations with 100 % H. pylori infection, as opposed to those without infection 
[7]. Chronic infection of H. pylori decreases the release of gastric acid, leading to genetic instability and promoting the growth of the 
microbiome, which converts food components into substances that might cause cancer. H. pylori-induced chronic inflammation fa
cilitates the progression of gastric cancer, resulting in the emergence of precancerous diseases such atrophic gastritis and intestinal 
metaplasia [8]. 

Eliminating H. pylori is an efficient way to combat inflammation [9], stop the advancement of mucosal damage [10], prevent 
further DNA damage [11], improve gastric acid secretion [12], and restore a healthy microbiome [13]. Given the potential for H. pylori 
eradication through a brief course of antibiotic treatment [14], the identification and elimination of H. pylori infection emerge as a 
promising strategy to mitigate the substantial disease burden associated with gastric cancer [15,16]. However, current diagnostic 
methods for H. pylori, including breath tests [17], serological assays [18], stool antigen tests [19], gastroscopy with biopsy [20], and 
culture of biopsy samples [21], are essential yet often time-consuming, costly, inaccurate, and require extensive preparation and 
clinical guidance [21–25]. This highlights an urgent need for the development of more efficient and accessible screening and diag
nostic techniques for H. pylori. 

Routine blood tests are the most common and fundamental diagnostic procedures in primary healthcare systems, with most pa
tients undergoing these examinations. However, few patients presenting with gastrointestinal symptoms are initially screened for 
H. pylori infection. Specifically, primary clinics lack accessibility for further experiments such as gastroscopy and histopathology. This 
poses a challenge in primary clinics: how to detect H. pylori infection at an early stage using only routine blood tests, without relying on 
additional laboratory parameters. Routine blood tests, notable for their cost-efficiency and swift outcomes [26], are indispensable in 
early disease identification [27], bespoke therapies [28], chronic illnesses managements [29], and medical research [30]. Recently, 
routine blood tests have emerged as a minimally invasive alternative to traditional biopsies, notably in lung cancer diagnostics [31]. 
Moreover, contemporary research highlights routine blood tests’ role in detecting and diagnosing brain tumors, underscoring the 
importance of early intervention [32]. Another study confirms the effectiveness of the Biochemistry and Hematology Outcome model, 
which is developed by Portsmouth Hospital NHS Trust researchers, in predicting patient mortality from routine blood tests for 9497 
adults, emphasizing its adaptability across diverse hospital settings [33]. Various studies have assessed the efficacy of routine blood 
tests to differentiate between viral and bacterial infections [34] such as COVID-19 [35], tuberculosis [36], and Clostridium difficile [37]. 
Consequently, emerging evidence on using routine blood tests for H. pylori screening shows promising, unexplored potential. 

Machine learning (ML) is transforming medical screening, augmenting routine blood tests with its advanced pattern recognition 
and predictive analytics capabilities, enabling the detection of nuanced biomarkers for early and non-invasive screening. Previous 
studies have confirmed the effectiveness of ML models, demonstrating outstanding sensitivity and precision in predicting diverse 
health outcomes [38–40]. To date, several studies have investigated that ML models have an excellent performance for predicting 
bacterial infection [41–43]. Furthermore, ML has been demonstrated the feasible approaches in identifying intricate biomarkers for 
complex relationships with datasets [44–46]. Therefore, integrating ML into routine blood tests for detecting H. pylori appears viable 
without further investigation. 

Given the automation and regularity of routine blood tests, we aimed to apply ML models to detect H. pylori infection using routine 
blood tests and investigate the biomarkers’ association with outcomes. In this study, we propose a ML-based strategy for a cost- 
effective, and efficient diagnostic method, leveraging ML to identify subtle biomarkers indicative of H. pylori infection. Using our 
ML-based strategy, the detection rate of H. pylori infection could be increased in a cost-effective manner. 

2. Materials and methods 

2.1. Study design 

A retrospective cross-sectional analysis was conducted on adult participants at the Hubei Provincial Hospital of Traditional Chinese 
Medicine in Wuhan from January 1, 2021, to June 30, 2023. 

2.2. Participants and data collection 

The study enrolled participants aged 18 and above who underwent the C14 urea breath test at Hubei Provincial Hospital of 
Traditional Chinese Medicine, encompassing both inpatient and outpatient cases. Eligible participants had at least one recorded C14 
urea breath test and routine blood test. No exclusions were made based on gender, race, comorbidities, or illness severity. For this 
analysis, we considered only the first C14 urea breath test and the first routine blood test from each unique patient encounter, with a 
maximum interval of 24 h between the two tests. 

Data extraction was conducted by two independent reviewers who retrieved relevant data elements from the hospital systems for 
all eligible patients. The dataset, provided by the Department of Spleen and Gastroenterology at Hubei Provincial Hospital of 
Traditional Chinese Medicine, included 1409 cases. Data collected comprised participant age, gender, routine blood test parameters, 
and C14 urea breath test results. Patients with known malignancies, chronic inflammatory diseases, or other infections that could 
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influence blood test parameters were excluded after a thorough review of their medical histories and clinical records. H. pylori infection 
was confirmed using the C14 urea breath test, a specific and reliable diagnostic tool for detecting active infection. 

2.3. Measurements 

2.3.1. Demographic characteristics 
Participants reported sociodemographic information, including age and gender. 

2.3.2. H. pylori infection 
According to the Chinese clinical guideline for H. pylori infection in primary clinics [24], an active H. pylori infection can be 

diagnosed if any of the following three criteria are met as follows: a positive result from any one of the following tests on gastric 
mucosal tissue—rapid urease test, histological staining of tissue sections, or bacterial culture; positive results from a C13 or C14-urea 
breath test; or positive results from HpSA testing (clinically validated monoclonal antibody method). Positive serum H. pylori antibody 
testing (using clinically validated, highly accurate reagents) indicates a past infection, and if the patient has never been treated, this 
can be considered an active infection. 

Since the C14 urea breath test is commonly used in Chinese primary clinics, it is often utilized as the gold standard diagnostic 
method for detecting H. pylori infection. This test is based on the principle that H. pylori secrete an enzyme called urease, which fa
cilitates the hydrolysis of ingested urea, resulting in the production of carbon dioxide (CO2) and ammonia. By using C14-labelled urea, 
the subsequent exhalation of CO2 can be tracked as a reliable marker for H. pylori within the digestive tract. Thus, the diagnosis of 
whether the patient has an H. pylori infection is primarily based on the C14 urea breath test. 

2.3.3. Routine blood test 
Our routine blood tests include a total of 23 parameters in ML models: white blood cell count (WBC), red blood cell count (RBC), 

hemoglobin (Hb), absolute lymphocyte count (ALC), absolute monocyte count (AMC), absolute neutrophil count (ANC), absolute 
eosinophil count (AEC), absolute basophil count (ABC), lymphocyte percentage (Lymph%), monocyte percentage (Mono%), neutro
phil percentage (Neut%), eosinophil percentage (Eos%), and basophil percentage (Baso%), platelet distribution width (PDW), he
matocrit (HCT), mean corpuscular volume (MCV), mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin concentration 
(MCHC), red cell distribution width (RDW), platelet count (PLC), mean platelet volume (MPV), platelet crit (PCT), C-reactive protein 
(CRP). WBC may suggest H. pylori infection or immunodeficiency. A long-lasting H. pylori infection can make anemia or thirst worse, 
which can be shown by abnormal RBC. Because of stomach bleeds caused by H. pylori, Hb values may also show anemia or poly
cythemia. ALC and AMC indicate about how the immune system reacts to H. pylori. Infections with H. pylori bugs are one type of disease 
that ANC can show. Immune response markers (AEC, ABC, Lymph%, Mono%, Neut%, Eos%, and Baso%) may indicate inflammation 
caused by H. pylori infection. PDW alterations might suggest platelet abnormalities associated with H. pylori-related bleeding. Hct 
abnormalities may suggest anemia or polycythemia caused by a protracted H. pylori infection. MCV, MCH, and MCHC aid in the 
diagnosis of anemia and hemoglobinopathies caused by H. pylori’s effect on nutritional absorption. RDW variations may indicate 
anemia from chronic inflammation or dietary deficiencies caused by H. pylori. PLC abnormalities might suggest bleeding or bone 
marrow concerns associated with severe H. pylori disorders. MPV might indicate the alteration of platelet production and function 
caused by chronic H. pylori infections. PCT evaluates platelet status, indicating changes owing to H. pylori issues. CRP is an inflam
matory measure that might indicate the systemic response to H. pylori infection. 

2.3.4. Feature selection 
For feature selection, we employed three strategies: Lasso L1 regularization, t-test/Chi-square test, and an approach without se

lection. Lasso L1 regularization [47] is a feature selection method that enhances model accuracy by penalizing the absolute size of the 
regression coefficients, effectively shrinking less important feature coefficients to zero. The penalty coefficient used in our study was 
set to 1.0, which was determined based on cross-validation to balance model complexity and prediction accuracy. We implemented 
this method using the Scikit-learn library in Python. The t-test/Chi-square test is utilized for feature selection by statistically evaluating 
the independence between features and the target variable, helping to identify the most relevant predictors for the model. Features 
with p-values below 0.05 were considered statistically significant and retained for model training, while those above this threshold 
were excluded. This approach helps in identifying the most relevant predictors for the model. We performed these tests using the scipy. 
stats library in Python. As a baseline, we also trained models without any feature selection to compare the impact of feature selection 
methods on model performance. This approach provided a reference point for evaluating the effectiveness of the feature selection 
strategies employed. 

2.3.5. ML models 
We selected five ensemble models and three ML algorithms, each with established effectiveness in classification tasks. Logistic 

Regression (LR) [48] is a fundamental linear model used for binary classification tasks due to its simplicity and interpretability. 
Support Vector Machine (SVM) [49] excels in high-dimensional and complex settings, providing robust classification performance. 
Multilayer Perceptron (MLP) [50] is a neural network model that effectively identifies complex patterns through its layered structure. 

Ensemble models enhance prediction performance by combining multiple models to mitigate overfitting and improve general
ization. Random Forest (RF) [51] is esteemed for its high accuracy and ability to mitigate overfitting through ensemble learning, 
aggregating the predictions of decision trees via a majority vote to enhance predictive strength. LightGBM [52] is a highly efficient 
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gradient boosting framework that uses a histogram-based method to bin continuous features, accelerating training speed, optimizing 
memory usage, and excelling in processing large-scale datasets with remarkable speed and effectiveness. AdaBoost [53] prioritizes 
difficult scenarios, enhancing classification precision by iteratively adjusting weights to improve the model. XGBoost [54], an 
advanced gradient boosting system developed by Chen, iteratively refines models by splitting tree nodes and fitting residuals, 
demonstrating exceptional scalability and superior performance across diverse applications. CatBoost [55], introduced in 2018, is a 
cutting-edge gradient boosting algorithm known for its exceptional handling of categorical features, reduced training times, and the 
use of a greedy strategy to pinpoint optimal tree splits, thereby enhancing prediction accuracy. 

2.4. Statistical analysis 

Statistical analyses were conducted using Python 3.11.5 within the Microsoft Visual Code environment. Samples with missing data 
were initially excluded. Categorical variables were encoded using scikit-learn’s LabelEncoding, and string data were transformed into 
numeric types. Descriptive statistics, such as frequencies, analyzed categorical variables at each level, while chi-square tests validated 
the accuracy coefficients for each subscale. Continuous variables were described using means (x) and standard deviations (SD), 
supplemented by unpaired t-tests and chi-square tests where applicable. Data distributions were visualized using violin plots. To 
ensure uniformity, each feature was standardize by the formula x = x− lower limit

upper limit− lower limit and then normalized using the StandardScaler 
function from the Scikit-learn package in Python. To tackle the issue of imbalanced samples, the RandomOverSampler function was 
applied, which led to notable enhancements in the models’ Receiver Operating Characteristic (ROC) and overall accuracy. Correlation 
heatmaps were then generated to depict relationships among variables. 

Feature selection was implemented using three approaches: Lasso L1 regularization, t-test/Chi-square test, and no selection. 
Subsequently, the data were divided into training (80 %) and testing (20 %) sets using leave-one-out cross-validation. Eight con
ventional ML and ensemble models were trained: LR, SVM, MLP, RF, LightGBM, AdaBoost, XGBoost, and CatBoost. Their performances 
were assessed on the testing sets using metrics such as ROC, sensitivity, specificity, F1 Score, accuracy, positive predictive value (PPV), 
and negative predictive value (NPV). 

Additionally, importance rankings and Shapley Additive Explanations (SHAP) values were utilized to determine each parameter’s 
contribution to the models. Features were scored for their importance using version 0.42.1 of the SHAP Python package, with all 
features of each model selected for analysis. A two-sided p-value of less than 0.05 was set as the threshold for statistical significance. 
The Python environment was equipped with essential packages including pandas 2.1.4, numpy 1.24.3, scikit-learn 1.3.0, scipy 1.11.4, 
catboost 1.2, lightgbm 4.1.0, seaborn 0.12.2, SHAP 0.42.1, and matplotlib 3.8.0, enabling comprehensive data analysis. 

3. Results 

3.1. Characteristics of the dataset 

Fig. 1 presents a flowchart outlining the study’s methodology, including data preprocessing, model selection, and evaluation. 
Table 1 complements this by detailing the input variables used in the study and their respective rates of missing data. The data show 
minimal missing values, with only four individuals (1.064 %) with H. pylori infection and thirteen individuals (1.238 %) without the 
infection having incomplete data. This indicates a high level of data integrity across both groups. 

Table 2 in the study provides a comprehensive comparison of the dataset (N = 1409) between two groups: those with H. pylori 
infection (n = 372) and those without the infection (n = 1037). The study reports 222 females and 150 males with H. pylori infection, 
compared to 589 females and 448 males without the infection. The age average is similar in both groups, with no significant difference. 
Notably, significant differences (p < 0.05) are observed in several parameters such as WBC (p = 0.004), ALC (p = 0.012), AMC (p =

0.016), ANC (p = 0.039), and PDW (p = 0.045), suggesting significant differences between individuals with and without H. pylori 

Fig. 1. Overview of the study flowchart.  
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infection. Other parameters, like RBC, Hb, and various percentage distributions of blood components (Baso%, Eos%, Lymph%, Mono 
%, Neut%), along with MCV, MCH, MCHC, RDW, PLC, MPV, PCT, and CRP, show no statistically significant difference between the two 
groups, as indicated by higher p-values. 

Table 1 
Input variables and their missing rates.  

Variables Missing values % Missing 

H. pylori Infection(n = 376) Without H. pylori Infection(n = 1050) H. pylori Infection(n = 376) Without H. pylori Infection(n = 1050) 

Gender 0 0 0.000 % 0.000 % 
Age 0 0 0.000 % 0.000 % 
WBC 2 1 0.532 % 0.095 % 
RBC 2 1 0.532 % 0.095 % 
Hb 2 1 0.532 % 0.095 % 
ALC 2 1 0.532 % 0.095 % 
AMC 2 1 0.532 % 0.095 % 
ANC 2 1 0.532 % 0.095 % 
AEC 2 1 0.532 % 0.095 % 
ABC 2 1 0.532 % 0.095 % 
Baso% 2 1 0.532 % 0.095 % 
Eos% 2 1 0.532 % 0.095 % 
Lymph% 2 1 0.532 % 0.095 % 
Mono% 2 1 0.532 % 0.095 % 
Neut% 2 1 0.532 % 0.095 % 
PDW 2 1 0.532 % 0.095 % 
HCT 2 1 0.532 % 0.095 % 
MCV 2 1 0.532 % 0.095 % 
MCH 2 1 0.532 % 0.095 % 
MCHC 2 1 0.532 % 0.095 % 
RDW 2 1 0.532 % 0.095 % 
PLC 2 1 0.532 % 0.095 % 
MPV 2 1 0.532 % 0.095 % 
PCT 2 1 0.532 % 0.095 % 
CRP 4 13 1.064 % 1.238 %  

Table 2 
Characteristics of the dataset (N = 1409).  

Parameters H. pylori Infection(n = 372) x(SD) Without H. pylori Infection(n = 1037) x(SD) t/Chi-Square p-value 

Gender Female 222 589 0.815 0.367 
Male 150 448 

Age  54.204(12.168) 54.943(22.933) 0.777 0.438 
WBC  5.582(1.515) 5.308(1.742) − 2.872 0.004 
RBC  4.358(0.454) 4.398(0.508) 1.418 0.157 
Hb  132.166(14.866) 133.029(14.277) 0.971 0.332 
ALC  1.533(0.523) 1.455(0.492) − 2.524 0.012 
AMC  0.358(0.144) 0.337(0.134) − 2.423 0.016 
ANC  3.553(1.299) 3.384(1.515) − 2.067 0.039 
AEC  0.102(0.134) 0.102(0.119) − 0.013 0.990 
ABC  0.019(0.037) 0.020(0.038) 0.611 0.541 
Baso%  0.565(0.409) 0.591(0.426) 1.046 0.296 
Eos%  1.907(2.181) 1.953(1.855) 0.363 0.717 
Lymph%  28.286(8.109) 28.376(8.182) 0.182 0.855 
Mono%  6.493(2.138) 6.496(2.010) 0.028 0.977 
Neut%  62.749(9.245) 62.584(9.42) − 0.295 0.768 
PDW  16.609(0.613) 16.684(0.622) 2.005 0.045 
Hct  0.396(0.042) 0.399(0.040) 1.118 0.264 
MCV  91.096(5.531) 91.049(5.587) − 0.139 0.889 
MCH  30.380(2.205) 30.36(2.222) − 0.150 0.881 
MCHC  333.317(9.061) 333.237(8.538) − 0.149 0.882 
RDW  13.097(1.083) 13.082(0.956) − 0.228 0.820 
PLC  211.656(50.747) 206.85(57.543) − 1.511 0.131 
MPV  8.786(1.044) 8.913(1.165) 1.950 0.052 
PCT  0.184(0.039) 0.181(0.045) − 0.986 0.324 
CRP  1.754(4.926) 1.475(6.081) − 0.879 0.380  
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3.2. Heatmap analysis, distribution visualization, and feature selection in the dataset 

Table 3 demonstrates that the use of random oversampling enhances model performance after preprocessing without feature se
lection. For classifiers not employing random oversampling, the highest performance metrics are achieved with the LR model (ROC =
0.577, Sensitivity = 0, Specificity = 1, F1 Score = 0, Accuracy = 0.791, NPV = 0.791). Upon applying RandomOversampler, the 
performance metrics improve, with the RF model attaining ROC = 0.951, Sensitivity = 0.882, Specificity = 0.906, F1 Score = 0.895, 
Accuracy = 0.894, and NPV = 0.880. Fig. 2 illustrates the diverse characteristics of all variables in the study. Fig. 2A shows violin plot 
distributions for each variable, facilitating a visual comparison between the control group (without H. pylori infection) and the 
experimental group (with H. pylori infection). Despite the overall distributions being broadly similar, significant differences are 
observed in the outliers between the two groups. Fig. 2B indicates a heatmap that reveals strong correlations between certain variables, 
highlighting the importance of feature selection for enhancing model interpretability and efficiency. Fig. 2C depicts the relationship 
between the coefficients and C (the inverse of regularization strength) using Lasso L1 regularization. This visualization indicates that 
many variables are non-essential and can be omitted to improve model performance or prevent overfitting. Table 4 supports these 
findings by listing the coefficients derived from Lasso L1 regularization, with variables such as WBC, Neut%, MCHC, and RDW showing 
zero coefficients, suggesting their minimal influence and potential for exclusion. 

3.3. Performance of various models with different feature selection strategies 

Table 5 presents a comprehensive comparison of three ML models and five ensemble models, evaluated using performance metrics 
such as ROC, sensitivity, specificity, F1 score, accuracy, PPV, and NPV. 

The RF classifier stands out for its consistently high performance across all feature selection strategies, achieving an ROC of 0.951 
and the highest accuracy of 0.894 without feature selection. The superior performance of RF can be attributed to its ensemble learning 
method, which constructs multiple decision trees and averages their outputs. This approach reduces overfitting and enhances 
robustness. Additionally, RF’s flexibility allows it to effectively handle various data types and high-dimensional datasets. 

When considering ROC values, most models without feature selection outperformed those with feature selection methods. The 
performance metrics for all models without feature selection are as follows: XGBoost (ROC = 0.943, Sensitivity = 0.901, Specificity =
0.818, F1 Score = 0.868, Accuracy = 0.860, PPV = 0.838, NPV = 0.888), LightGBM (ROC = 0.942, Sensitivity = 0.892, Specificity =
0.833, F1 Score = 0.869, Accuracy = 0.863, PPV = 0.848, NPV = 0.880), CatBoost (ROC = 0.936, Sensitivity = 0.877, Specificity =
0.818, F1 Score = 0.855, Accuracy = 0.848, PPV = 0.834, NPV = 0.865), MLP (ROC = 0.797, Sensitivity = 0.741, Specificity = 0.700, 
F1 Score = 0.730, Accuracy = 0.720, PPV = 0.720, NPV = 0.721), SVM (ROC = 0.743, Sensitivity = 0.684, Specificity = 0.680, F1 
Score = 0.687, Accuracy = 0.682, PPV = 0.690, NPV = 0.673), AdaBoost (ROC = 0.686, Sensitivity = 0.660, Specificity = 0.581, F1 
Score = 0.641, Accuracy = 0.622, PPV = 0.622, NPV = 0.621), and LR (ROC = 0.577, Sensitivity = 0.538, Specificity = 0.571, F1 
Score = 0.552, Accuracy = 0.554, PPV = 0.567, NPV = 0.542). 

LR performed poorly, with an ROC of 0.577 and an accuracy of 0.554. This underperformance is due to LR’s assumption of linear 
relationships, struggles with multicollinearity, and sensitivity to outliers, which necessitate additional preprocessing. AdaBoost 
showed the worst performance among the ensemble algorithms, with an ROC of 0.686 and an accuracy of 0.622. Its sensitivity to noisy 
data and outliers, reliance on weak learners, and iterative re-weighting mechanism can lead to overfitting, adversely affecting its 
performance. Thus, the RF model demonstrated the highest robustness and accuracy, while LR and AdaBoost underperformed due to 
their inherent limitations and sensitivity to data characteristics. 

Fig. 3 illustrates the ROC curves for three different feature selection strategies. Fig. 3A shows the ROC curve using Lasso L1 feature 
selection, Fig. 3B presents the ROC curve employing t/Chi-Square feature selection, and Panel C depicts the ROC curve without any 
feature selection. 

Table 3 
Performance metrics of classifiers using random oversampling preprocessing and no preprocessing without feature selection.   

Classifier ROC Sensitivity Specificity F1 Score Accuracy NPV 

Without RandomOversample LR 0.577 0 1 0 0.791 0.791 
SVM 0.535 0 1 0 0.791 0.791 
AdaBoost 0.5 0 1 0 0.791 0.791 
RF 0.502 0.051 0.978 0.09 0.784 0.796 
XGBoost 0.514 0.102 0.897 0.136 0.73 0.791 
CatBoost 0.539 0.051 0.978 0.09 0.784 0.796 
LightGBM 0.53 0.119 0.901 0.159 0.738 0.794 
MLP 0.571 0 0.991 0 0.784 0.789 

After RandomOversample LR 0.577 0.538 0.571 0.552 0.554 0.542 
SVM 0.743 0.684 0.680 0.687 0.682 0.673 
RF 0.951 0.882 0.906 0.895 0.894 0.880 
MLP 0.797 0.741 0.700 0.730 0.720 0.721 
LightGBM 0.942 0.892 0.833 0.869 0.863 0.880 
AdaBoost 0.686 0.660 0.581 0.641 0.622 0.621 
XGBoost 0.943 0.901 0.818 0.868 0.860 0.888 
CatBoost 0.936 0.877 0.818 0.855 0.848 0.865  
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3.4. Analysis of feature importance: importance ranking and SHAP values 

Fig. 4 presents an integrated analysis of routine blood tests using importance ranking and SHAP values, applied to the RF model. In 
Fig. 4A, the importance ranking of variables is as follows: MPV, WBC, RBC, PCT, Hb, PLC, PDW, Neut%, Age, MCV, Mono%, Lymph%, 
MCHC, MCH, ANC, ALC, Eos%, CRP, Baso%, AMC, AEC, ABC, and Gender. Notably, the SHAP analysis depicted in Fig. 4B shows a 
slightly different order of importance among these parameters, with WBC, Hb, MPV, HCT, RBC, ANC, PDW, PLC, PCT, ALC, MCV, Neut 
%, MCH, Mono%, RDW, Lymph%, CRP, Age, MCHC, and AMC ranking. Although the rankings are broadly similar, they exhibit some 
variations. This comparative ranking highlights the relative impact of each factor on the model’s predictions, providing valuable 
insights into which features most influence outcomes. 

The RF model ranks MPV as the most important feature, suggesting its crucial role in distinguishing between conditions in the 
dataset. However, SHAP values place MPV third in importance, indicating that while significant, its direct impact on the model’s 
output may be slightly less than other top features. WBC is ranked second in importance but emerges as the most influential feature in 
SHAP analysis, with high SHAP values indicating a strong association between increased WBC count and H. pylori infection. RBC, 
ranked third in importance, is confirmed by SHAP analysis to be a significant predictor, where lower counts indicate potential infection 
due to chronic inflammation’s effect on red blood cell production and lifespan. 

Other key features include PCT, Hb, PLC, and PDW, which are consistently highlighted by both importance ranking and SHAP 

Fig. 2. Characteristics of all variables. (A) We display violin plot distributions for each variable, providing a visual comparison of their distributions. 
(B) We illustrate a heatmap of the correlations between variables, highlighting interdependencies. (C) We present a graph depicting the relationship 
between coefficients and C (the inverse of regularization strength) using Lasso L1 regularization, offering insights into the influence of regularization 
on variable selection. 
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values. These features are significant predictors of infection, reflecting various aspects of the body’s immune response and inflam
mation processes. Neut%, Age, MCV, Mono%, and Lymph% are also important, with SHAP analysis emphasizing their roles in pre
dicting infection. Lower-ranked features such as MCHC, MCH, ANC, and others still contribute to the model, indicating diverse aspects 
of the immune response. This detailed interpretation of both importance ranking and SHAP values provides a comprehensive un
derstanding of each feature’s contribution to predicting H. pylori infection, offering valuable insights for clinical application and 
decision-making. 

Table 4 
Coefficients derived from lasso l1 regularization.  

Variables Coefficient 

Gender − 0.097 
Age − 0.133 
WBC 0.000 
RBC − 0.749 
Hb 0.377 
ALC 0.253 
AMC 0.160 
ANC − 0.017 
AEC − 0.104 
ABC − 0.100 
Baso% 0.101 
Eos% 0.104 
Lymph% − 0.218 
Mono% − 0.067 
Neut% 0.000 
PDW − 0.149 
HCT 0.219 
MCV − 0.154 
MCH − 0.291 
MCHC 0.000 
RDW 0.000 
PLC − 0.453 
MPV − 0.230 
PCT 0.350 
CRP 0.029  

Table 5 
Performance metrics of various classifiers under different feature selection methods.   

Classifier ROC Sensitivity Specificity F1 Score Accuracy PPV NPV 

Feature selection with Lasso LR 0.575 0.542 0.581 0.558 0.561 0.575 0.549 
SVM 0.742 0.689 0.626 0.673 0.658 0.658 0.658 
RF 0.951 0.901 0.882 0.895 0.892 0.888 0.895 
MLP 0.763 0.717 0.680 0.709 0.699 0.700 0.697 
LightGBM 0.937 0.901 0.793 0.858 0.848 0.820 0.885 
AdaBoost 0.687 0.684 0.567 0.652 0.627 0.622 0.632 
XGBoost 0.944 0.906 0.828 0.875 0.867 0.846 0.894 
CatBoost 0.925 0.844 0.833 0.842 0.839 0.840 0.837 

Feature selection with t/Chi-Square LR 0.575 0.462 0.586 0.497 0.523 0.538 0.511 
SVM 0.600 0.519 0.586 0.542 0.552 0.567 0.538 
RF 0.951 0.925 0.818 0.881 0.872 0.841 0.912 
MLP 0.585 0.538 0.591 0.557 0.564 0.579 0.550 
LightGBM 0.871 0.854 0.700 0.797 0.778 0.748 0.821 
AdaBoost 0.685 0.722 0.542 0.668 0.634 0.622 0.651 
XGBoost 0.900 0.906 0.749 0.844 0.829 0.790 0.884 
CatBoost 0.846 0.830 0.724 0.793 0.778 0.759 0.803 

Without Feature selection LR 0.577 0.538 0.571 0.552 0.554 0.567 0.542 
SVM 0.743 0.684 0.680 0.687 0.682 0.690 0.673 
RF 0.951 0.882 0.906 0.895 0.894 0.908 0.880 
MLP 0.797 0.741 0.700 0.730 0.720 0.720 0.721 
LightGBM 0.942 0.892 0.833 0.869 0.863 0.848 0.880 
AdaBoost 0.686 0.660 0.581 0.641 0.622 0.622 0.621 
XGBoost 0.943 0.901 0.818 0.868 0.860 0.838 0.888 
CatBoost 0.936 0.877 0.818 0.855 0.848 0.834 0.865  
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4. Discussion 

H. pylori is a bacterium that infects over half the global population [1] and is the primary cause of various gastrointestinal issues, 
such as gastritis and peptic ulcers [56]. Therefore, there is a pressing need for fast, low-cost, accurate, and accessible digital screening 
tools to identify H. pylori infections. Integrating ML algorithms with routine blood tests provides a viable foundation for mass 
screening. Despite this potential, few studies have developed comprehensive clinical decision support systems using ML to aid in 
predicting, classifying, and treating illnesses. This research establishes a basis for advancing digital screening techniques to explore ML 
models for detecting H. pylori infection via routine blood tests. Specifically, our ML system can accurately identify H. pylori infection 
using only standard blood samples, with high precision regardless of disease severity. 

This study is the first to investigate the predictive capabilities of routine blood tests for detecting H. pylori infection at all stages, 
facilitating early intervention and effective screening. Our findings demonstrate that basic blood indicators can effectively detect 
H. pylori, indicating a paradigm shift in diagnostic approaches. We propose using regular blood tests combined with ML models as a 
low-cost, accessible screening tool that avoids invasive procedures. This integration has significant implications for healthcare de
livery, potentially improving the speed and accuracy of detecting and treating H. pylori infections. This approach can provide 
healthcare professionals with a valuable diagnostic tool and pave the way for substantial improvements in clinical screening practices. 

Our research identified the RF model as optimal for detecting H. pylori infection using routine blood tests. Our findings showed 
remarkable performance, with an ROC of 0.951, sensitivity of 0.882, specificity of 0.906, F1 score of 0.895, accuracy of 0.894, PPV of 

Fig. 3. ROC curves for various feature selection strategies. (A) ROC curve using lasso l1 feature selection. (B) ROC curve employing t/chi-square 
feature selection. (C) ROC curve without feature selection. 

Fig. 4. Comprehensive analysis of feature importance. (A) Ranking of feature importance. (B) SHAP value-based feature importance bar chart.  
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0.908, and NPV of 0.880. These metrics align closely with existing studies. For example, Ibrahim et al. [57] reported an accuracy of 
0.924, sensitivity of 0.879, and specificity of 0.938 using deep learning on histopathological images. Li et al. [58] achieved an ROC of 
0.973, sensitivity of 0.915, and specificity of 0.902 using deep learning techniques on endoscopic videos. Although these studies 
reported slightly superior performance metrics, they involved more invasive and complex methodologies compared to the 
non-invasive routine blood tests used in our study. This highlights the potential of our approach as a practical and efficient alternative 
for detecting H. pylori in primary clinical settings. Arai et al. [59] employed ML on endoscopic and histologic findings, reporting 
slightly lower sensitivity (0.832) and specificity (0.886) compared to our RF model. The comparable performance of our non-invasive 
method underscores its clinical significance. Differences in data types, model complexities, and population demographics can account 
for variations in performance metrics across studies. Nevertheless, our study demonstrates that routine blood tests combined with ML 
can effectively detect H. pylori infection, offering a valuable diagnostic tool for primary clinics by balancing accessibility and diagnostic 
accuracy. 

The main biomarkers identified in our study are WBC, MPV, Hb, RBC, PCT, and PLC, which are well-known indicators of infection 
and inflammation. Our findings corroborate previous research. H. pylori infection contributes to atherothrombosis through chronic 
inflammation, direct vascular damage, and systemic inflammatory responses that promote prothrombotic changes in blood plasma 
factors and platelet activity [60]. Metabolic and inflammatory parameters, such as blood sugar, lipid profiles, insulin resistance, white 
blood cell count, and CRP levels, remain unchanged following H. pylori eradication treatment [61]. Infected individuals exhibit lower 
hemoglobin, serum iron, and serum ferritin levels, alongside higher total iron-binding capacity [62]. Chronic H. pylori infection 
correlates with increased neutrophil counts and platelet-to-lymphocyte ratios, and decreased neutrophil-to-lymphocyte ratios [63]. 
Mean platelet count is lower, while MPV is higher in infected patients, suggesting ongoing compensated platelet 
destruction-production [64]. The infection is marked by an inflammatory infiltrate predominantly of neutrophils and T cells [65], with 
associated monocyte phenotypic changes [66] and increased hepatoma-derived growth factor secretion promoting neutrophil infil
tration [67]. Gastric mucosa in infected patients also shows eosinophil [68] and basophil infiltration [69], with intraepithelial 
lymphocyte counts predictive of infection [70]. Hemoglobin and hematocrit levels are significantly lower in H. pylori antibody-positive 
individuals, indicating an association with normocytic and normochromic anemia [71], particularly in elderly males with comor
bidities [72]. Elevated leukocyte counts serve as markers of inflammation and infection in these patients [73]. Our study is the first to 
explore the relationship between these common blood biomarkers and H. pylori infection, indicating the feasibility of routine blood 
tests for predicting H. pylori infection. 

The findings of our study also have significant implications for medical treatment. Firstly, this method has the potential to expedite 
early treatment for individuals with H. pylori infection. Evaluating the efficacy of preventive measures is challenging due to the varying 
stages of H. pylori infections within the population. However, our study lays a foundation for future randomized controlled trials that 
will further evaluate the effectiveness and potential preventive methods of using ML algorithms to forecast early H. pylori infection. 
Another significant contribution is towards the development of efficient universal screening procedures for H. pylori infection. The 
ongoing debate between universal and selective screening technologies is in diagnosing H. pylori infection is a primary focus. 
Currently, selective screening procedures are prevalent. However, our study indicates that predictive models have the capacity to 
identify low-risk individuals, offering valuable insights into the likelihood of H. pylori infection and associated illnesses. This aids 
physicians in effectively prioritizing patients and establishes screening protocols that are more efficient, focused, and cost-effective. 
Precise universal screening is particularly advantageous as it reduces the financial and temporal limitations for individuals 
requiring medical assessments. This innovative approach not only makes diagnostic processes painless and inexpensive, but also 
surpasses the limitations of common methods like endoscopy and biopsy. The results of this study are suitable in different healthcare 
situations, particularly those lacking access to modern diagnostic tools. By incorporating ML models into routine blood tests, the 
approach for healthcare systems becomes more streamlined and the necessity for invasive diagnostic procedures is diminished. 

ML emerges as a valuable alternative for reducing reliance on demanding diagnostic procedures, enhancing patient comfort, and 
expending the diagnosis process, especially in areas lacking specialized healthcare infrastructure. Conventional H. pylori diagnostic 
techniques, such as the C14 breath test for urea, serological testing, stool antigen tests, gastroscopy, and biopsy, are often linked with 
challenges such as invasiveness, lengthy procedures, and high costs. Recent studies revealing significant alterations in blood-related 
parameters among patients demonstrate the efficacy of ML models [74–77]. Introducing this procedure can lead to significant cost 
savings, particularly in situations where advanced diagnostics are not accessible or where a less aggressive treatment is desired. 
Comprehending this concept helps in fostering a medical environment where a non-invasive and rapid method for assessing H. pylori 
infection will be employed. The laboratory-based ML diagnostic paradigm includes regular blood tests, early identification of key 
indicators, and quick result reporting. Data scientists and doctors need to become acquainted with fundamental ML techniques, receive 
standardized training, communicate this innovative approach to patients, and adhere to data protection and ethical guidelines. This 
can be achieved by implementing a combination of technologies designed to enhance the precision of diagnosing gastrointestinal 
diseases. 

With the help of ML models, the regular blood tests can solve some of the major health problems, especially in the areas where 
healthcare is inadequate, when many patients suffer from digestive issues induced by H. pylori. Traditional techniques for diagnosing 
H. pylori are invasive, time-consuming, expensive, and demand specialized equipment, all of which puts impediment to the early 
detection and diagnosis in low resource areas in healthcare. These gadgets facilitate diagnosis and cut down on the use of costly and 
time-consuming techniques like endoscopy and biopsy to a considerable degree. ML tests are a valuable commodity in cases where 
conventional diagnostic tests fail for one reason or another because they are accessible and low-cost. ML applied to the medical 
diagnosis may result in the reduction of cost and improvement of precision. According to the study, ML could be applied to public 
health initiatives in order to be able to detect and treat digestive problems earlier, therefore reducing symptoms, and world health 
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campaigns. 
The screening methods of the H. pylori-related disorders done by medical practitioners is significant due to the relation of H. pylori 

and stomach abscesses such as stomach cancer and ulcers. H. pylori is also frequent in areas with high digestive system disease 
occurrence and their poor health access, particularly in developing nations [78]. The research points that using ML models would come 
up with non-invasive blood tests for H. pylori detection and make thus the diagnostic methods more unique. This diagnostic approach 
simplifies research methods and decreases reliance on expensive and resource-intensive procedures like endoscopy, which is especially 
advantageous in resource-limited settings. Implementing affordable and non-invasive screening methods can improve the timely 
detection and eradication of H. pylori infections, reducing associated illnesses. The results could impact healthcare plans in developing 
nations by highlighting the need of utilizing innovative technology. The proposed integration is anticipated to address gaps in 
symptom management, emphasize the significance of outcomes, and significantly enhance global efforts in the treatment or control of 
digestive illnesses. Heatmap examination of the map reveals consistent and significant connections between variables, highlighting 
their importance in predictive modelling. These links open a deeper awareness of the working principle of the model, therapeutic 
implication and possible disease mechanisms. The outcomes of our studies are of utmost importance in this time of sharpened 
misinformation. The paper points out the utility of different ML algorithms in precisely pinpointing the H. pylori infections and suggests 
that more widespread use of these methods can help overcome diverse clinical problems. Such a finding enhances opportunities for ML 
in medical diagnosis and influences the existing ways for identifying H pylori infection, which might upgrade the diagnostic precision 
and the process overall. 

There are some limitations that must be considered. The strategy although a good starting point for research, might not be 
comprehensive enough to tackle the grandeur and the intricacy of the bigger sample. This restriction may affect the credibility of the 
data, especially when addressing the contribution of genetics, food, and environmental aspects to the high susceptibility to H. pylori 
among different populations. The data collected is from Wuhan and thus it is likely that the range of the study’s findings may be 
different than for a different type of population. Genetic variations are the major contributing factor to the disparities in the reaction of 
people with diseases and it may lead to incomplete results in a single group. Food and environmental conditions are often key de
terminants of this condition, as they depend on the geographical location and lifestyle customs. Consequently, one must be careful 
while generalizing the results to populations with a gene pool, dietary habit and environments that are completely different. Future 
research should strive to replicate and validate these findings in diverse and representative populations to enhance the reliability and 
applicability of the proposed diagnostic technique. Furthermore, while the utilization of ML-based models proved effective, it may not 
be universally suitable. Examining diverse models or employing deep learning techniques could yield more accurate and precise re
sults. Examining these models across multiple demographic groups, including individuals of different races, age and socioeconomic 
background, is vital to determine the accuracy and generalizability of the conclusion. 

5. Conclusion 

The RF model effectively identifies H. pylori infection using routine blood tests, offering a potential for clinical application. This ML 
approach can enhance diagnosis and screening, reducing medical burdens and reliance on invasive diagnostics. 
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