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Abstract 17 

Background:Helicobacter pylori(H. pylori) is a major modifiable risk 18 

factor for benign and malignant gastroduodenal diseases. Young adults 19 

aged 18–25 years represent an optimal window for H. pylori eradication 20 

with high cost-effectiveness. However, epidemiological evidence and 21 

targeted screening tools for H. pylori infection in this specific age group 22 

remain limited. This study aimed to investigate the prevalence of H. 23 

pylori infection among people aged 18–25 years, and to construct and 24 

validate machine learning-based screening models for population-wide H. 25 

pylori risk assessment. 26 

Materials and Methods:A random cluster sampling method was adopted 27 

to recruit participants aged 18–25 years from Shihezi University. All 28 

eligible participants underwent serological testing, H. pylori stool antigen 29 

test and ¹³C-urea breath test, and completed a structured electronic 30 

questionnaire. The overall dataset was randomly divided into a training 31 

set and a validation set at a ratio of 7:3. Three analytical approaches, 32 

including logistic regression, extreme gradient boosting (XGB) and 33 

support vector machine (SVM), were applied to establish screening 34 

models. The receiver operating characteristic (ROC) curve and 35 

corresponding area under the curve (AUC), sensitivity, specificity, 36 

accuracy, precision and F1-score were used to comprehensively evaluate 37 

the performance of each model. Variable importance was further analysed 38 



based on the optimal model. 39 

Results:A total of 832 valid participants were enrolled in the final 40 

analysis, including 583 in the training set and 249 in the validation set. 41 

The SVM model exhibited the best predictive performance, with a 42 

sensitivity of 70.3%, a specificity of 77.4%, an accuracy of 0.753, a 43 

precision of 0.565 and an AUC of 0.835. According to the variable 44 

importance ranking of the SVM model, the top five influencing factors 45 

were family size, prior H. pylori testing history, annual household income, 46 

gastroscopy history and household pet ownership, respectively. The 47 

overall H. pylori infection rate among the 18–25-year-old population was 48 

29.1%. 49 

Conclusions:H. pylori infection is prevalent among young adults aged 50 

18–25 years in this study setting. The SVM-based screening model 51 

achieves satisfactory predictive efficacy and can serve as a convenient 52 

and efficient tool for large-scale H. pylori infection screening in this 53 

young population. 54 

Keywords: Young adults aged 18–25 years; Helicobacter pylori; 55 

Screening model; Model performance; Machine learnin56 



1. Introduction 57 

Helicobacter pylori (H. pylori) infection is recognised as the predominant 58 

modifiable risk factor for a spectrum of benign and malignant 59 

gastroduodenal disorders worldwide. The overall H. pylori infection rate 60 

in the general Chinese population ranges from 40% to 60%. Accumulated 61 

evidence has demonstrated that population-based H. pylori screening and 62 

eradication can reduce gastric cancer incidence by approximately 40%. 63 

Screening and eradication of H. pylori in young adults yield substantial 64 

public health benefits, including the relief of H. pylori-associated gastritis, 65 

reduction of gastric cancer risk, and interruption of intra-familial 66 

transmission of H. pylori. There is ongoing debate regarding the 67 

appropriate age for initiating routine H. pylori screening and intervention. 68 

The Kyoto Global Consensus Report recommended H. pylori screening 69 

and eradication for adolescents aged 12–18 years to reduce gastric cancer 70 

burden and improve economic returns. Notably, previous research 71 

indicated that H. pylori eradication among individuals aged 18–25 years 72 

presents the highest cost-effectiveness, as gastric mucosal atrophy and 73 

intestinal metaplasia rarely occur in this age group. Nevertheless, 74 

large-scale epidemiological investigations and dedicated screening tools 75 

for H. pylori infection among 18–25-year-olds are still scarce. 76 

As a branch of artificial intelligence, machine learning techniques are 77 

capable of learning patterns from complex datasets and supporting 78 



automated decision-making, which have been widely applied in medical 79 

data management, analysis and risk prediction. Several studies have 80 

suggested that predictive models constructed using individual and 81 

household characteristics can effectively identify populations at high risk 82 

of H. pylori infection, showing promising application prospects in public 83 

health practice. 84 

Given the above research gaps, this cross-sectional study was conducted 85 

to clarify the epidemiological characteristics of H. pylori infection among 86 

young adults aged 18–25 years. We further developed and validated 87 

multiple machine learning models to identify key risk factors and 88 

establish low-cost, practical screening tools for early H. pylori detection 89 

in this population. 90 

2. Subjects and Methods 91 

2.1 Study participants 92 

This cross-sectional study was carried out among individuals aged 18–25 93 

years from Shihezi University. Based on sample size calculation, an 94 

estimated 843 participants were required. A total of 870 individuals 95 

initially participated in the survey and laboratory tests, and 832 valid 96 

datasets were finally included for analysis, corresponding to a 97 

questionnaire response rate of 95.6%. 98 

This study was approved by the Ethics Committee of The First Affiliated 99 

Hospital of Shihezi University (Approval No.: KJ2024-471-01). All 100 



participants provided electronic informed consent prior to enrolment. All 101 

procedures performed in this study were in accordance with the ethical 102 

standards of the institutional research committee and with the 1964 103 

Helsinki declaration and its later amendments. 104 

Inclusion criteria: (1) Aged between 18 and 25 years; (2) Voluntary 105 

participation and signed informed consent. 106 

Exclusion criteria: (1) Individuals with pre-existing cardiovascular, 107 

hepatic, renal or other chronic systemic diseases; (2) Participants with 108 

mental disorders; (3) Those who failed to meet the requirements for 109 

serological testing, H. pylori stool antigen test or ¹³C-urea breath test; (4) 110 

Participants who withdrew from the study during the investigation. 111 

According to the results of three laboratory tests, participants with at least 112 

two positive test results were classified into the H. pylori-infected group 113 

(n=242), and the remaining participants were assigned to the non-infected 114 

group (n=590). 115 

2.2 Data collection and outcome definition 116 

The electronic questionnaire used in this study was adapted from a 117 

previously validated questionnaire applied in a national multicentre 118 

epidemiological survey of H. pylori infection led by Professor Zhaoshen 119 

Li. Additional items concerning willingness to receive H. pylori screening 120 

and influencing factors of screening adherence were supplemented after 121 

expert discussion. The questionnaire maintained good reliability and 122 



validity for data collection. 123 

H. pylori infection status was determined by three non-invasive tests, 124 

namely serological assay, H. pylori stool antigen test (H. pyloriSAT) and 125 

¹³C-urea breath test (¹³C-UBT). A definitive positive diagnosis of H. 126 

pylori infection was defined as two or more positive results across the 127 

three tests. 128 

2.3 Statistical analysis 129 

SPSS 27.0 and R 4.3.2 software were used for statistical analysis. 130 

Continuous variables with normal distribution were presented as mean ± 131 

standard deviation and compared using the independent samples t-test. 132 

Non-normally distributed continuous variables were described as median 133 

(interquartile range, IQR) and analysed via the Mann-Whitney U test. 134 

Categorical variables were expressed as counts and percentages, and 135 

compared using the Chi-square test or Fisher’s exact test where 136 

appropriate. A two-tailed P value < 0.05 was considered statistically 137 

significant. 138 

For variable selection in multivariable analysis, univariate analysis was 139 

first performed, and variables with P < 0.150 were retained to avoid 140 

omitting potential influential factors. Selected variables were then 141 

incorporated into binary logistic regression analysis. 142 

For machine learning model construction: a 10-fold cross-validation 143 

strategy was used for XGB model training, and variable importance was 144 



evaluated based on gain values. A 5-fold cross-validation was adopted for 145 

SVM model training, and variable importance was determined by the 146 

absolute value of weight coefficients. The ROC curve and AUC were 147 

used to evaluate the discriminative ability of each model. Sensitivity, 148 

specificity, accuracy, precision and F1-score were calculated to assess the 149 

overall predictive performance. Accuracy was defined as the proportion 150 

of correctly classified samples among all participants, and precision 151 

referred to the proportion of true positives in all predicted positives. The 152 

optimal model was selected for subsequent visualisation and practical 153 

application analysis. 154 

3. Results 155 

3.1 Prevalence of H. pylori infection 156 

Among the 832 enrolled participants, 242 were H. pylori-positive, 157 

including 112 males and 130 females, with a median age of 21 (19, 24) 158 

years. A total of 590 participants were H. pylori-negative, consisting of 159 

266 males and 324 females, with a median age of 21 (20, 23) years. No 160 

significant differences in age, gender or ethnicity were observed between 161 

the two groups (all P > 0.05) (Table 1). 162 

3.2 Binary logistic regression model 163 

After univariate analysis, six variables including family size, annual 164 

household income, gastrointestinal symptoms, gastroscopy history, prior 165 

H. pylori testing history and gastroduodenal surgery history (P < 0.150，166 



Table 2) were included in the binary logistic regression model. The 167 

results indicated that family size (OR = 1.82, P = 0.005) and prior H. 168 

pylori testing history (OR = 0.45, P = 0.008) were independent 169 

influencing factors for H. pylori infection (Table 3). 170 

For the logistic regression model, the training set yielded an AUC of 171 

0.690 (95% CI: 0.64–0.74), a sensitivity of 17.4%, a specificity of 95.3%, 172 

an accuracy of 0.724, a precision of 0.612 and an F1-score of 0.271. The 173 

validation set presented an AUC of 0.693 (95% CI: 0.63–0.76), a 174 

sensitivity of 15.7%, a specificity of 94.4%, an accuracy of 0.722, a 175 

precision of 0.524 and an F1-score of 0.242. Figure1.The logistic 176 

regression model showed moderate and stable discriminative capacity, 177 

but its low sensitivity limited the comprehensive performance for 178 

balancing positive detection and predictive reliability. 179 

3.3 XGB model 180 

Variable importance analysis of the XGB model showed that the top five 181 

influential factors were family size, prior H. pylori testing history, age, 182 

residential area size and maternal occupation. Figure2a. In the XGB 183 

model, the training set had an AUC of 0.757 (95% CI: 0.71–0.80), a 184 

sensitivity of 73.3%, a specificity of 61.8%, an accuracy of 0.652, a 185 

precision of 0.445 and an F1-score of 0.554. The validation set obtained 186 

an AUC of 0.722 (95% CI: 0.65–0.79), a sensitivity of 77.1%, a 187 

specificity of 62.6%, an accuracy of 0.667, a precision of 0.446 and an 188 



F1-score of 0.565. Figure2b. The XGB model had moderate 189 

discriminative performance and could be applied for preliminary 190 

screening of high-risk populations, while clinical re-evaluation was 191 

recommended due to its relatively low precision. 192 

3.4 SVM model 193 

According to the variable importance ranking of the SVM model, the top 194 

five predictors were family size, prior H. pylori testing history, annual 195 

household income, gastroscopy history and household pet ownership. 196 

Figure3a.The SVM model achieved an AUC of 0.835 (95% CI: 0.80–197 

0.87), a sensitivity of 70.3%, a specificity of 77.4%, an accuracy of 0.753 198 

and a precision of 0.565 in the training set. The validation set showed an 199 

AUC of 0.708 (95% CI: 0.63–0.78), a sensitivity of 55.7%, a specificity 200 

of 73.2%, an accuracy of 0.683, a precision of 0.448 and an F1-score of 201 

0.497. Figur3b. The SVM model presented strong discriminative ability 202 

and was identified as the optimal screening model. Further optimisation 203 

with larger sample sizes is required to improve its generalisation 204 

performance. 205 

3.5 Performance comparison of the three models 206 

Based on the indicators from the training set（Table 4）, the AUC values 207 

ranked as SVM > logistic regression > XGB; sensitivity ranked as XGB > 208 

SVM > logistic regression; specificity ranked as logistic regression > 209 

SVM > XGB; accuracy ranked as SVM > logistic regression > XGB; and 210 



F1-score ranked as SVM > XGB > logistic regression. The logistic 211 

regression model had extremely low sensitivity and was only suitable for 212 

scenarios requiring high specificity. The XGB model had high sensitivity 213 

but relatively low precision, which may lead to a high false-positive rate. 214 

Overall, the SVM model had the best discriminative ability and balanced 215 

comprehensive performance, making it the most suitable tool for H. 216 

pylori infection preliminary screening. 217 

3.6 Visualisation of the SVM decision model 218 

The visualised decision graph of the SVM model was established. 219 

Figure4.Samples with high classification confidence were marked in red, 220 

and those with low confidence were marked in blue. Three groups of 221 

populations with high H. pylori infection risk were prioritised for 222 

screening: participants from families with more than three members and 223 

without prior H. pylori testing; participants from households with annual 224 

income below 100,000 yuan and a family size larger than three; 225 

participants from low-income households (annual income < 100,000 yuan) 226 

without prior H. pylori testing. 227 

4. Discussion 228 

H. pylori infection is a leading aetiological factor for chronic active 229 

gastritis, peptic ulcer disease and gastric cancer, with a global overall 230 

infection rate of approximately 50%. As the most important modifiable 231 

risk factor for gastric cancer, early identification and intervention of H. 232 



pylori infection are critical for public health and disease prevention. 233 

Previous studies confirmed that H. pylori eradication among people aged 234 

18–25 years yields the highest cost-effectiveness, since gastric mucosal 235 

atrophy and intestinal metaplasia rarely occur in this age group, forming a 236 

key time window for gastric cancer prevention. Nevertheless, systematic 237 

epidemiological research and dedicated screening models for H. pylori 238 

infection in this young adult population remain insufficient. This study 239 

constructed machine learning-based screening models using easily 240 

accessible individual and household indicators, aiming to improve 241 

screening efficiency and reduce economic costs for population-based H. 242 

pylori prevention and control. 243 

In the present study, the overall H. pylori infection rate among 18–244 

25-year-old young adults was 29.1%, which was lower than the reported 245 

infection rate (40%–60%) in the general Chinese population. This finding 246 

may be attributed to higher educational attainment and better public 247 

health awareness among university students. However, the infection rate 248 

in our cohort was higher than the previously reported rate of 24.1% 249 

among Chinese college students and 25.8% among young adults in South 250 

Korea. Although young adults have a relatively lower H. pylori burden 251 

compared with the general population, targeted screening and health 252 

education are still necessary. 253 

Multivariable analysis revealed that a family size of more than three 254 



members was an independent risk factor for H. pylori infection (OR = 255 

1.82), which strongly indicated obvious intra-familial clustering of H. 256 

pylori infection, consistent with the known oral-oral and faecal-oral 257 

transmission routes of H. pylori. Participants with prior H. pylori testing 258 

history had a lower infection risk (OR = 0.45), which may be related to 259 

better health awareness or previous successful H. pylori eradication 260 

treatment. Annual household income was also confirmed as an important 261 

influencing factor by the SVM model, in line with previous findings that 262 

low household income is associated with elevated H. pylori infection risk. 263 

Age was not identified as an independent risk factor in this study, and it 264 

may affect H. pylori infection through interactions with household 265 

environment and socioeconomic factors. 266 

Machine learning algorithms have been increasingly applied to develop 267 

predictive models for infectious diseases in recent years. The SVM model 268 

established in this study had better predictive performance than 269 

previously reported H. pylori prediction models. The visualised decision 270 

graph further simplified model interpretation and facilitated practical 271 

application in public health settings. Family size, prior H. pylori testing 272 

history and annual household income were verified as the core predictors, 273 

which can guide rapid risk stratification and targeted screening among 274 

young adults. 275 

It should be noted that the predictive performance of the SVM model 276 



decreased in the independent validation set compared with the training set, 277 

suggesting limited generalisation ability due to single-centre sampling. 278 

Future studies will focus on feature optimisation, hyperparameter 279 

adjustment and external validation across multiple centres and different 280 

populations to enhance model robustness. In addition, several potential 281 

influencing factors, such as dietary habits, oral health status and H. pylori 282 

virulent strains, were not included in this questionnaire-based survey, 283 

which can be supplemented in further research to improve model efficacy. 284 

In conclusion, this study clarified the epidemiological characteristics and 285 

key risk factors of H. pylori infection among young adults aged 18–25 286 

years. The established SVM-based screening model has good predictive 287 

performance and practical value for low-cost, large-scale H. pylori 288 

screening. This work provides a useful tool for population-based H. 289 

pylori prevention and contributes to primary prevention of gastric cancer. 290 

Further external validation and model optimisation in broader populations 291 

are required in follow-up research. 292 
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Table1 Analysis of H. pylori-infection test findings 

Items 
Negative group 

(n=590) 

Positive group 

(n=242） 
χ2/Z P 

Age b(years, IQR) 21（20,23） 21（19,24） 1.10 0.270  

Sexa 

Male 266（70.4） 112（29.6） 
0.10 0.075 

Female 324（71.4） 130（28.6） 

Ethnicitya 

Han 535（71.8） 210（28.2） 
2.79 0.095 

Ethnic minorities 55（63.2） 32（36.8） 

Education levela 

University 485（71.5） 193（28.5） 
0.68 0.408  

 Postgraduate 105（68.2） 49（31.8） 

Note：an(%)；b M(Q1,Q3)； 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 2 Univariate analysis of characteristics of H. pylori-infection [n(%)] 

Item 
Negative 

group (n=411) 

Positive group 

(n=172) 
χ²  P 

Sex   0.10 0.075 

Male 266 (70.4) 112 (29.6)   

Female 324 (71.4) 130 (28.6)   

Ethnicity   2.79 0.095 

Han nationality 535 (71.8) 210 (28.2)   

Ethnic minorities 55 (63.2) 32 (36.8)   

Family size   8.50 0.004 

≤3 family members 141 (78.8) 38 (21.2)   

>3 family members 270 (66.8) 134 (33.2)   

Annual household income   2.21 0.027 

<100,000 RMB 250 (67.4) 121 (32.6)   

100,000–300,000 RMB 145 (75.5) 47 (24.5)   

>300,000 RMB 16 (80.0) 4 (20.0)   

Presence of gastrointestinal symptoms   2.18 0.140 

No 185 (73.7) 66 (26.3)   

Yes 226 (68.1) 106 (31.9)   

History of gastroscopy   2.93 0.087 

No 375 (69.6) 164 (30.4)   

Yes 36 (81.8) 8 (18.2)   

Prior Helicobacter pylori testing 

history 
  7.39 0.007 

No prior test 339 (68.3) 157 (31.7)   

Received H. pylori test before 72 (82.8) 15 (17.2)   

History of gastroduodenal surgery   – 0.079 

No 410 (70.8) 169 (29.2)   

Yes 1 (25.0) 3 (75.0)   

Notes: The reference group was the H. pylori‑negative group



Table 3 Binary Logistic Regression Analysis 

Model Step Included Variables OR (95%CI) P 

Step 1 Number of family members (1) 1.84 (1.22–2.79) 0.004 

 Constant 0.27 ＜0.001 

Step 2 Number of family members (1) 1.82 (1.20–2.76) 0.005 

 History of H. pylori testing (1) 0.46 (0.25–0.82) 0.009 

 Constant 0.30 ＜0.001 

Step 3 Number of family members (1) 1.82 (1.20–2.77) 0.005 

 History of H. pylori testing (1) 0.45 (0.25–0.81) 0.008 

 History of gastroduodenal surgery (1) 8.17 (0.82–81.60) 0.074 

 Constant 0.30 ＜0.001 

Note: OR= Odds Ratio；CI= Confidence Interval 

389 



Table 4 Comparison of three models 390 

Method AUC Sensitivity Specificity Accuracy Precision F1-score 

Logistic regression 0.690 17.4% 95.3% 0.724 0.612 0.271 

XGBoost model 0.757 73.3% 61.8% 0.652 0.445 0.554 

SVM model 0.835 70.3% 77.4% 0.753 0.565 0.627 

 



 391 

Figure1 ROC Curves and AUC of the Logistic Regression Model in the Training and Validation 
Set
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Figure 2a Ranking of Feature Importance for the XGBoost Model 
 

 

Figure 2b ROC Curves and AUC of the XGBoost Model in the Training and Validation Sets 
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Figure 3a Bar Plot of Feature Importance for the SVM Model 
 

 

 

Figure 3b ROC Curves and AUC of the SVM Model in the Training and Validation Sets 
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Figure 4 Visualization of the SVM decision boundary 

Note:A = Family size vs. Hp test history;B = Family size vs. annual household income; 
C = Hp test history vs. annual household income; Outcome measures:   Infected,   

Non-infected. 
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