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Abstract
Big data has convincing merits in developing risk stratification strategies for 
diseases. The 6 “V”s of big data, namely, volume, velocity, variety, veracity, value, 
and variability, have shown promise for real-world scenarios. Big data can be 
applied to analyze health data and advance research in preclinical biology, 
medicine, and especially disease initiation, development, and control. A study 
design comprises data selection, inclusion and exclusion criteria, standard 
confirmation and cohort establishment, follow-up strategy, and events of interest. 
The development and efficiency verification of a prognosis model consists of 
deciding the data source, taking previous models as references while selecting 
candidate predictors, assessing model performance, choosing appropriate 
statistical methods, and model optimization. The model should be able to inform 
disease development and outcomes, such as predicting variceal rebleeding in 
patients with cirrhosis. Our work has merits beyond those of other colleagues 
with respect to cirrhosis patient screening and data source regarding variceal 
bleeding.
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Core Tip: Big data have been applied in many fields including finance, traffic control, logistics, healthcare, 
and environmental protection. Modeling is an efficient method for completing various tasks, and 
verification of its validity is vital for ensuring high-quality operation and yielding satisfactory results. 
Predictor screening guarantees the establishment of a practical, convenient, and favorable model for 
prognosis prediction. Utilizing a regression model trained with numerous data mined from big data 
acquired from real-world hospitals is helpful for informing disease or status onset and its prognosis such 
as in variceal rebleeding, which is one of the leading causes of death in cirrhosis patients.

Citation: Yuan Q, Zhao WL, Qin B. Big data and variceal rebleeding prediction in cirrhosis patients. Artif Intell 
Gastroenterol 2023; 4(1): 1-9
URL: https://www.wjgnet.com/2644-3236/full/v4/i1/1.htm
DOI: https://dx.doi.org/10.35712/aig.v4.i1.1

INTRODUCTION
Many risk stratification strategies for diseases mainly depend on single-/medium-sized cohort studies 
or their meta-analysis[1,2], with lead-time bias taken into consideration[3,4]. This type of study method 
is, by design, well scheduled and well phenotyped but selective for the population sampled, which may 
not reflect the real-world, pan-subject profile. Real-world patients may have comorbidities, be taking 
concomitant medications, may be excluded from short-term follow-up, or have poor patient compliance. 
Direct data acquisition from basic healthcare institutions and cohorts is more representative than limited 
sampling.

HISTORY OF BIG DATA
Although the use of piles of data in the medical field has a relatively long history[5-7], the term “big 
data” appeared only in the 1990s and quickly became popular[8-10]. “Big” is a relative term, especially 
when it relates to data. Big data usually refers to datasets that exceed the capabilities of commonly used 
software tools to store, manage, and process that amount of data within a suitable period of time[11]. 
The term is described by 315 characteristics[12] and fundamentally by the 6 “V”s: volume, velocity, 
variety, veracity, value, and variability[13-17] (Figure 1).

During the recent decade, methods for collecting, storing, and managing big data have evolved[18-
20]. We are now entering an era of monitoring health changes using clinical indicators, such as vital 
signs, serum sugar, lipids, sweating, and bladder fullness, with wearable devices[11]. These changes can 
reflect physiological change. Constant variation and altered levels may result in different pathological 
states. Here, we review the applications of big data in predicting disease onset and prognosis, especially 
variceal rebleeding prediction in cirrhosis patients.

APPLICATIONS OF BIG DATA
Applications of big data include its use as a tool to monitor the onset of conditions and diseases. Big 
data have been used for this purpose in relation to hypertension[21], pediatric oncology[22], oral care
[23], general practice[24], rheumatic diseases[25], renal diseases[26], mechanical ventilation manage-
ment in the intensive care unit[27], and cirrhosis and hepatocellular carcinoma morbidity in the 
nonalcoholic fatty liver disease/nonalcoholic steatohepatitis population[28]. Situations such as the 
commencement, development, and control of diseases can be studied and visualized using big data 
techniques, which is a promising and beneficial approach. With the help of big data, the creation of 
large, collaborative data can lay a more solid foundation for robust data sharing and scientific discovery 
in predicting the onset of pediatric oncology. Registry-based research, however, is one of the conven-
tional research methods regarding pediatric cancers. In these studies, a multisite registry for the study of 
pediatric patients was utilized, including fields of descriptive epidemiology, survivors, genomics, new 
registry description, data harmonization, palliative and supportive care, radiology, consensus 
guidelines, hereditary pediatric cancer, electronic health records, and prospective clinical trials. 
Limitations of registry-based research include the latest publication time range only, a restricted single 
publication database, and a limited amount of research and registries only if they have yielded publicly-
published peer-reviewed papers[22]. With this study strategy, data cannot be automatically mined, 
cleaned, and integrated to perfect the already existing study. When it comes to new subjects, we need to 
redo the statistical analysis, while modeling and machine study in the big data scenario can perform the 
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Figure 1  Six “V”s of big data.

whole analysis process.
Healthcare data in some regions are complete and accessible for analysis. Real-world data from 

primary healthcare facilities in communities in European countries are a good resource, as the primary 
healthcare service is state-covered and there are few or no co-payments. Therefore, healthcare 
information and data are collected and stored by state-run big data centers. Most residents are 
registered at birth and have their complete healthcare information in electronic form, which can be 
accessed by regional practitioners and analyzed for real-world application scenarios[29]. However, 
numerous parameters, especially administrative data, mined from patients’ inpatient and outpatient 
Hospital Information System/Electronic Medical Record system via various algorithms are at risk of 
information and privacy leaking. Therefore, preliminary selection of data, especially low-dimensional 
administrative data, is preferable to decrease information leakage and privacy invasion.

Big data boosts the depth and breadth of research in fundamental biology and clinical medicine. 
There is already impressive progress due to this, including in exome sequencing[30], genomics, and 
proteomics. Taking the coronavirus disease 2019 pandemic as an example, primary research, clinical 
practices regarding treatment, and even trends in media campaigns of whether or not executing 
lockdown and a positive policy of nucleic acid testing can be swiftly analyzed with big data tools to 
assist epidemic control[31].

STUDY DESIGN
Study design comprises data source selection, inclusion and exclusion criteria, standard confirmation 
and cohort establishment, follow-up strategy, and events of interest. A multicountry European real-
world study acquired patient data within a set research period mined from central transcription, 
laboratories, pharmacy offices, medical insurance departments, administrative departments, and other 
departmental databases via an electronic health record data repository along with molecular typing 
from molecular biology laboratories for preventing outbreaks of hospital infections[32]. Chart present-
ations can be used to analyze and interpret descriptive data. The Fib-4 score (age, aspartate aminotrans-
ferase, alanine aminotransferase, and platelets), which is composed of entirely non-invasive parameters, 
has been used to detect early liver fibrosis[28].

MODEL DEVELOPMENT AND EFFICACY VERIFICATION
With respect to development and efficiency verification of disease onset and prognosis models, 
researchers have performed extensive work. Model development is the process of collecting vital 
parameters (risk factors) of consequence and weighted with varied weight coefficients to form a 
weighted function. This requires the identification of predominant predictors from a large amount of 
preselected candidate predictors, assigning proper weights to each predictor to obtain a combined risk 
score, and assessing the model’s predictive performance with statistical methods such as a calibration 
plot. The latter includes calibration, discrimination, and (re)classification properties, assessing its 
potential for generalization using internal validation techniques and if necessary optimizing the model 
to avoid overfitting. Data sources should preferably be prospective cohort(s) with a randomized 
controlled trial design or real-world medical record data. Preferred outcome choices are those that are 



Yuan Q et al. Big-data and variceal-rebleeding in cirrhosis patients

AIG https://www.wjgnet.com 4 June 8, 2023 Volume 4 Issue 1

related to patients or individuals such as remission time and follow-up period. Methods for outcome 
verification should be included, and the blind method is preferred.

Regarding the selection of candidate predictors, a surplus should be defined and analyzed before 
finally including a subset in the final model. Incorporation bias should be avoided by blinding. Data 
quality control, missing data processing, continuous predictor modeling, final model development, 
relative weight assignment for each predictor, and internal validation are essential in the process of 
creating a final prediction model[33].

Choosing appropriate statistical methods during model establishment is vital to guarantee reliability 
and validity. Regression analysis, including univariate and multivariate regression, is the most 
commonly used statistical method, especially Cox regression[34] and LASSO[35]. The hazard ratio is 
used to differentiate cohorts across different conditions and coefficients. Featured with net benefit and 
threshold probability for more convenient yet trusty clinical decision making, decision curve analysis 
has been used to evaluate whether or not to use a certain prediction model[36]. In this approach, the 
theoretical relationship between the threshold probabilities of a disease (that a disease will take place) 
and the relative frequency of false positives and false negatives are examined to ensure the validity of a 
prediction model.

The benefits of applying decision curve analysis can be quantified as whether a model can be easily 
and effectively applied in clinical situations. Its ability to help compare several different models 
regarding one issue is another advantage[37]. The parameter indicating risk threshold “T value” has 
been used to study treatment decisions in risk models. The harm-to-benefit ratio is related to the T 
value, which is in line with the former. Balancing all benefits and harms in different scenarios is key to 
determining which T value is reasonable[38]. The net benefit (NB) value, which is a combined “net” 
effect of the true positives and false positives, was introduced to evaluate the potential clinical 
application of an estimating tool or a risk-predicting model. Setting the decisive threshold range in 
modeling is important, which is the boundary to determine whether a patient is judged as positive for a 
disease or not[39]. However, NB does not directly make up the harms and costs in acquiring the 
predictors for the chosen model. The focus of NB is to derive the best tradeoff between sufficient 
indicators and convenience in clinical application[40].

Model optimization should be conducted in order to reduce the number of predictors and avoid an 
unmanageable dataset or workload. AMSGrad (“far from the minimum”), a putative optimal method 
for optimizing models, is commonly used for low-cost cause. By switching to the direct linear method 
near the end of the optimization, AMSGrad can do its magic as it has long convergence tails[41]. As for 
multiobjective racing algorithms with fixed confidence, SPRINT-Race is the first algorithm developed 
and uses a nonparametric, ternary-decision, dual-sequential probability ratio test to infer a pairwise 
dominance or nondominance relationship. In order to minimize the computational effort, the 
probability of mistakenly erasing any Pareto-optimal models or returning any clearly dominating 
models is restricted, which can achieve a pre-estimated confidence level to ensure the quality of the 
models generated[42], by sequentially applying a Holm’s step-down family-wise error rate control 
method. The quantification of model-to-data correspondence is pivotal to measure a model’s 
performance and future application for the problem at hand. The Drosophila melanogaster gap gene 
system model demonstrated the importance of error quantification, and it is applicable to a wide array 
of developmental modeling studies[43]. The support vector machine, GLM-Net, generalized linear 
model, partial least squares, neural network, k-nearest neighbors, random forest, and boosted tree are 
useful tools for establishing the model to predict prognosis in patients with breast cancer[44]. 
Comparing their differences in performance and necessary model optimization can lead to better and 
more efficient application in practice.

PREDICTOR SCREENING FOR PROGNOSIS
Researchers have proposed methods for predictor screening with regard to disease prognosis, such as 
the Model for End-stage Live Disease (MELD) for cirrhosis-related mortality prediction and the 
APACHE model for critically ill patients. The clinical data of cirrhosis patients who had early 
admission, including clinical and socioeconomic factors, were mined from electronic medical records 
and classified for risk stratification in order to predict readmission within 30 d[45]. The European 
Organization for Research and Treatment of Cancer (EORTC) risk tables[46], which include six clinical 
and pathological factors (number of tumors, tumor size, prior recurrence rate, T category, carcinoma in 
situ, and grade), were recommended by the European Association of Urology and used to separately 
predict the short-term and long-term risks of progression and recurrence in an individual patient with a 
non-muscular invasive bladder tumor. It divided patients into four groups with individual recurrent 
and progression scores. However, as EORTC risk tables overestimated recurrence in all risk groups and 
progression in the high-risk group, the Club Urológico Español de Tratamiento Oncológico scoring 
model[47] was developed. The well-known new EORTC model[48], or European Association of Urology 
risk groups, was popular in recurrence and progression prediction, in which tumor diameter and extent 
were key predictors for progression prediction in multistate analyses. The health belief model has been 
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used for risk factors identifying aged Jordanian adults for prostate cancer screening[49]. Development 
and validation of a prediction model, including internal and external, temporal and geographical, 
domain validation, and their revision, are all crucial to identify predictors of prognosis[50].

RISK INDICATORS OF VARICEAL REBLEEDING IN CIRRHOSIS
Studies have reported several prediction models that predict variceal rebleeding in patients with 
cirrhosis. Risk indicators are components of prediction models. Invariably, studies in spotting possible 
risk indicators of variceal rebleeding among cirrhosis patients require a long study period. Child-Pugh 
score and hepatic-venous pressure gradient are the most significant prognostic factors in stratifying the 
probability of variceal rebleeding[51]. Antiviral treatment significantly reduced rebleeding in patients 
with hepatitis B virus (HBV)-related cirrhosis. In-time prophylactic endoscopic treatment of upper 
gastrointestinal varices after first-time bleeding, including endoscopic varix ligation (EVL) and gastric 
fundus varix gluing, is important in postponing variceal rebleeding[52]. Tachycardia, high creatinine 
level, and low albumin level are independent factors associated with rebleeding, suggesting a potential 
predictive role. The transverse of these variables into predictive scores may provide improved 
prognosis for patients with variceal bleeding[53]. Pre-emptive transjugular intrahepatic portosystemic 
shunt was independently related to a lower rebleeding rate[54]. Albumin transfusion in patients with 
low albumin levels was positively associated with a decreased rebleeding rate[55]. Five studies showed 
a lower rebleeding rate after EVL or drug therapy (non-selective β-blockers ± isosorbide mononitrate), 
and four trials found decreased variceal rebleeding with combined therapy (EVL+ non-selective β-
blockers+ isosorbide mononitrate)[56].

However, some indicators have a negative function in preventing rebleeding. A multicenter, double-
blind, parallel study of 158 patients indicated that taking simvastatin besides standard prophylaxis (rest, 
fluid restriction, preventing infection, regular endoscopic examination, anti-HBV therapy, non-selective 
β-blocker, etc.) did not decrease the rebleeding rate[57]. The rate of variceal rebleeding was not reduced 
after anticoagulation according to a single-center, prospective cohort study[58]. Worsened liver function 
or insensitive hemodynamic response to non-selective β-blockers indicated an elevated rebleeding rate
[51]. A Chinese study of 3289 hospitalized patients who underwent EVL indicated that male sex, Child-
Pugh score > 7.2, and volume of blood vomited before EVL were independent risk indicators of early 
rebleeding, while albumin concentration > 31.5 g/L was a protective indicator[59]. Bacterial infection in 
patients with variceal bleeding was strongly positively related to early rebleeding[60]. Acute-on-chronic 
liver failure is an independent risk factor of variceal rebleeding[54]. The presence of ascites or hepatic 
encephalopathy, MELD score > 12, or hepatic-venous pressure gradient > 20 mmHg indicated an 
elevated early (less than 6 wk) rebleeding rate[61].

The above indicators were then filtered and optimized by statistical methods, such as Cox regression 
or LASSO, and systemically integrated into a function with the help of programming or statistical 
software such as R, Python, SPSS, or SAS. This function was actually a preliminary prediction model.

SIGNIFICANCE OF PREDICTION MODELS
Models predicting disease onset and prognosis play an essential and sometimes surprising role as 
convenient assistants in planning prophylactic, therapeutic, and follow-up strategies. Traditionally, 
medical data such as medical history, results of physical examination, laboratory tests, imaging and 
endoscopic information, etc. were integrated by doctors’ clinical comprehension or into patients’ 
timelines drafted on a paper to identify how disease progressed and predicted the possible prognosis 
according to the trend in medical indicators. Prediction models free doctors from numerous medical 
data of patients with different diseases, complications, physical, psychological, and socioeconomic 
situations. All they need to do is to type prescribed parameters into the model and click! The results of 
the onset and prognosis of a given disease are then provided.

Prediction models are currently extensively applied in the medical field to inform individuals and 
healthcare providers on the risks of developing a particular disease, its outcome, and to guide doctors to 
make better decisions in mitigating these risks. A recent Chinese study indicated that the MELD score 
and MELD-Na score, including the R score, were useful in predicting variceal rebleeding[62]. Another 
study indicated that the MELD-Na score model, which indicates liver function, was more efficient than 
the MELD model and Child-Pugh score model in predicting rebleeding among cirrhosis patients who 
underwent EVL.

SAFETY AND PRIVACY CONCERNS
Last but not least, it is worth noting that models using low-dimensional administrative data outper-
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formed in big data analysis with respect to decreasing information safety and privacy invasion. 
According to several studies, the models did not improve when high-resolution, privacy-invasive 
behavioral data were included[63]. De-ID software (De-ID Data) has been used to assign a study identi-
fication number to every enrolled patient. Therefore, criteria, included in the informed consent 
established by the research review board, for exemption from enrollment were met[32]. The Drosophila 
melanogaster gap gene system gives a good example of demonstrating the significance of error quanti-
fication, in which model parameters were optimized against in situ immunofluorescence intensities. It 
can be applied to other studies in various fields with regard to model development.

DISCUSSION
Gastrointestinal (GI) rebleeding is a leading cause of mortality in patients with cirrhosis, as massive GI 
bleeding can induce hemorrhagic shock, disseminated intravascular coagulation, and opportunistic 
infections, especially pulmonary infection and spontaneous bacterial peritonitis. Thus, reducing or 
postponing GI rebleeding is significant. A handy tool for clinicians that can be operated on smart 
phones or other mobile intelligent devices within seconds to evaluate the GI rebleeding rate is 
interesting and useful for risk grading. Just type in several common laboratory test indicators, click on 
“go,” and the rebleeding rate and prognosis of a specific patient are provided.

Our work has merits beyond those of other colleagues. According to our literature retrieval on 
PubMed, there are no other studies on the prediction and prognosis analysis of GI rebleeding except for 
one article published last year indicating that the degree of liver stiffness is consistent with GI 
rebleeding rate in cirrhosis patients[64]. However, the above mentioned exclusive study has limitations. 
First, it was a prospective cohort study with only 289 patients enrolled in the final analysis, although 
PASS 15 was applied to calculate the statistically minimum sample size. In our ongoing study applying 
big data platform to evaluation the rebleeding rate of cirrhosis patients, we obtained real-world data 
from a big data platform collecting many more indicators from six hospitals, which were automatically 
collected. Second, our study included patients with esophageal and gastric fundus varices rebleeding, 
which were the most common varices presented in cirrhosis patients, and the other study only included 
esophageal varix rebleeding. Finally, the previous study only included patients with HBV-related 
decompensated cirrhosis, while our data were collected from cirrhosis patients with alcohol-related 
cirrhosis, autoimmune-related cirrhosis, primary biliary cirrhosis, and lipogenic cirrhosis in addition to 
HBV-related cirrhosis. Following parameter filtering and modeling, our study used a visual nomogram 
to demonstrate correlations among risk indicators, occurrence, and prognosis of GI rebleeding, which 
provides clinicians with a more explicit demonstration of all indicators and their effects on one page to 
easily and rapidly evaluate a patient to establish a strategy for further management and follow-up.

CONCLUSION
Modeling is popular using regression analysis and has vast applications in predicting disease 
occurrence and prognosis. However, modeling and its validation are not the ultimate objective in terms 
of healthcare provider’s clinical participation and patients’ health outcomes. They need to be applied 
and provide convenience for clinical practice. Studies on the application and optimization of these 
models should be designed and conducted, focusing on the utilization of existing and updated models 
and their impact on behavior and (self-) management of physicians, healthcare providers, and general 
individuals[65,66], especially in patients with decompensated cirrhosis at high risk of variceal 
rebleeding and mortality. For diagnostic and prognostic modeling with higher consistency and 
efficiency in predicting, treating, and following up decompensated cirrhosis, more comprehensive data 
and a clearer display mode are needed.
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Abstract
BACKGROUND 
Gastric cancer (GC) is the fourth leading cause of cancer-related deaths world-
wide. Diagnosis relies on histopathology and the number of endoscopies is 
increasing. Helicobacter pylori (H. pylori) infection is a major risk factor.

AIM 
To develop an in-silico GC prediction model to reduce the number of diagnostic 
surgical procedures. The meta-data of patients with gastroduodenal symptoms, 
risk factors associated with GC, and H. pylori infection status from Holy Family 
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Hospital Rawalpindi, Pakistan, were used with machine learning.

METHODS 
A cohort of 341 patients was divided into three groups [normal gastric mucosa (NGM), 
gastroduodenal diseases (GDD), and GC]. Information associated with socioeconomic and 
demographic conditions and GC risk factors was collected using a questionnaire. H. pylori 
infection status was determined based on urea breath test. The association of these factors and 
histopathological grades was assessed statistically. K-Nearest Neighbors and Random Forest (RF) 
machine learning models were tested.

RESULTS 
This study reported an overall frequency of 64.2% (219/341) of H. pylori infection among enrolled 
subjects. It was higher in GC (74.2%, 23/31) as compared to NGM and GDD and higher in males 
(54.3%, 119/219) as compared to females. More abdominal pain (72.4%, 247/341) was observed 
than other clinical symptoms including vomiting, bloating, acid reflux and heartburn. The majority 
of the GC patients experienced symptoms of vomiting (91%, 20/22) with abdominal pain (100%, 
22/22). The multinomial logistic regression model was statistically significant and correctly 
classified 80% of the GDD/GC cases. Age, income level, vomiting, bloating and medication had 
significant association with GDD and GC. A dynamic RF GC-predictive model was developed, 
which achieved > 80% test accuracy.

CONCLUSION 
GC risk factors were incorporated into a computer model to predict the likelihood of developing 
GC with high sensitivity and specificity. The model is dynamic and will be further improved and 
validated by including new data in future research studies. Its use may reduce unnecessary 
endoscopic procedures. It is freely available.

Key Words: Gastric cancer; Gastritis; Machine learning; Prediction model; Helicobacter pylori

©The Author(s) 2023. Published by Baishideng Publishing Group Inc. All rights reserved.

Core Tip: This is a retrospective study to report the prevalence of Helicobacter pylori (H. pylori) infection 
in Pakistan along with its association with various risk factors having direct or indirect relationships with 
different gastroduodenal diseases (GDD) such as gastritis, ulcers, and gastric cancer (GC). GC risk factors 
were incorporated into a highly sensitive and specific dynamic computer tool for the prediction of GC with 
an impressive > 80% confidence. This GC prediction model is freely available and may be used to reduce 
unnecessary invasive procedures such as endoscopies. The research study assists the healthcare authorities 
in their understanding of the burden of GDD and GC, which is intertwined with H. pylori infection.

Citation: Aziz S, König S, Umer M, Akhter TS, Iqbal S, Ibrar M, Ur-Rehman T, Ahmad T, Hanafiah A, Zahra R, 
Rasheed F. Risk factor profiles for gastric cancer prediction with respect to Helicobacter pylori: A study of a 
tertiary care hospital in Pakistan. Artif Intell Gastroenterol 2023; 4(1): 10-27
URL: https://www.wjgnet.com/2644-3236/full/v4/i1/10.htm
DOI: https://dx.doi.org/10.35712/aig.v4.i1.10

INTRODUCTION
Gastric cancer (GC) is the fourth most common cancer in the world and the second-most common cause 
of cancer-related deaths[1] with the highest incidence observed in Eastern Asia and the lowest in 
Western Europe and North America[2]. The main environmental factor causing GC is Helicobacter pylori 
(H. pylori) infection[1], and it has been classified as a class I carcinogen by the International Agency for 
Research on Cancer[3]. It is, however, an insufficient cause, and other hereditary[4], environmental and 
lifestyle factors are of importance in GC development as well[1,5-8]. GC risk factors and epidemiology 
in Pakistan were reviewed in 2015[9] and 2018[10] stressing the importance of sanitary conditions, 
purified drinking water and healthy nutrition in a developing country with 24.3% poverty rate[11]. The 
latter meta-analysis remarked on the population heterogeneity in different parts of the country, where 
various ethnic groups follow their own lifestyle traditions so that cancer statistics vary considerably
[10]. A National Cancer Registry is presently not available but is in the process of being set up by the 
Pakistan Health Research Council.

https://www.wjgnet.com/2644-3236/full/v4/i1/10.htm
https://dx.doi.org/10.35712/aig.v4.i1.10
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GC risk factors include age[11], gender[12] and all factors which are commonly named as general 
health risks such as smoking[13,14], alcohol and junk food consumption as well as reduced physical 
exercise[5,6,15,16]. Diet and, in particular, controlled sugar and salt consumption play a specific role in 
GC prevention[17-19]. Proton pump inhibitors (PPI), which are routinely prescribed in the management 
of gastric-acid-related disorders, may also pose a risk, when improperly used[20,21]. Harvard 
University adds in its “10 commandments of cancer prevention”[22] factors such as exposure to 
radiation and industrial and environmental toxins, little sleep and lack of vitamin D to the list. 
Furthermore, local habits in different countries or ethnicities may influence the risk of GC development. 
In Asia, for instance, Miswak (toothbrush tree, Salvadora persica L.) is commonly used for oral hygiene 
counteracting H. pylori infection[23]. High chili consumption in some regions of South America, on the 
other hand, sensitizes the mucosa and poses a cancer risk[24].

Histological examination of gastric biopsies is currently the gold standard for GC diagnosis[15]. 
However, the demand for endoscopy is increasing along with the financial burden for the health care 
system so that the number and appropriateness of referrals is more and more discussed[25]. Guidelines 
were published in what instances endoscopic biopsies should be performed[26], not only for economic 
reasons, but also to avoid stressing patients with false-positive results in cases of abnormal appearance 
of gastric mucosa in endoscopy but normal histopathology[27]. Moreover, health care-allied infections 
are significantly associated with contaminated endoscopes. The most commonly used flexible multi-
channel endoscopes need utmost care in high-level disinfection and proper cleaning before endoscopic 
procedures, as they cannot be heat-sterilized. Otherwise, bacteria may form biofilms on the inner 
surfaces and pose a serious risk to patients[28].

In the Center for Liver and Digestive Diseases of the tertiary care Holy Family Hospital in Rawalpindi 
we have also seen an overload in referrals to endoscopic procedures. In order to find a measure for 
improved patient referral we collected clinical data of 341 patients having symptoms of gastroduodenal 
disorders and asked them to fill in a questionnaire concerning their living conditions as well as diet and 
daily habits. It included the risk factors discussed above and factors important with respect to H. pylori 
infection like overcrowding and source of drinking water, because sanitary conditions contribute 
significantly to the spread of microorganisms[29-31]. The aim of this study was to set up an in silico-
model, which could be continuously trained with new patients of our clinic, and which would allow us 
to limit the referrals to endoscopy to the most serious cases based on risk factor assessment. Such 
machine-learning models are increasingly being used in gastroenterology[32-34], most recently for the 
prediction of GC risk after H. pylori eradication[34]. All these efforts were, however, retrospective 
studies, while we try to build up a prognostic tool, which is closely associated with the clinic and 
integrated in everyday use, and which is constantly being improved with new data. Despite the low 
number of starting data - in comparison to these other models, which are in part based on ten thousands 
of patients -, we can present a model, which already predicts the GC risk with an impressive > 80% 
confidence.

Artificial intelligence (AI) is playing an increasing role in the healthcare industry including gastroen-
terology and gastrointestinal oncology. AI can assist physicians in invasive procedures such as 
endoscopy, capsule endoscopy, and colonoscopy for disease diagnosing[32], radiology[35], and the 
detection of the cancerous and precancerous lesions in the intestine[36].

MATERIALS AND METHODS
Ethical approval and study population
Ethical approvals were granted from the Ethical Technical Committee, Pakistan Institute of Nuclear 
Science and Technology (PINSTECH), Islamabad (Ref.-No. PINST/DC-26/2017), the Bioethics 
Committee, Quaid-i-Azam University, Islamabad, Pakistan (Ref.-No. BBC-FBS-QAU2019-159), and the 
Institutional Research Forum, Holy Family Hospital, Rawalpindi Medical University, Rawalpindi (Ref.-
No. R-40/RMU).

Inclusion and exclusion criteria
Primary data of 341 patients having persistent dyspeptic symptoms of gastroduodenal disorders 
including acid reflux, abdominal pain, heartburn, vomiting, and bloating, or alarm symptoms who were 
thus attending the Centre for Liver and Digestive Diseases, Holy Family Hospital, Rawalpindi for upper 
gastroduodenal endoscopy of age group above 18 years was collected in this study from 2018 to 2021. 
They also signed the informed written consent.

However, patients having a history of confounders of gastric cancer such as gastric surgery, corrosive 
intake, varicel bleed with chronic liver disease, or use of antibacterial and gastric acid inhibitors during 
the past 30 d which may effects on diagnosis of H. pylori infection and anticancer drugs were excluded 
from this study, so were pregnant women.

After diagnostic endoscopic evaluation, the enrolled patients were divided into three groups: Normal 
gastric mucosa (NGM), GC and gastroduodenal diseases (GDD). The GDD group included patients who 
had gastritis (mild, moderate, marked and PAN gastritis (chronic form of gastritis, which affects the 
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entire gastric mucosa). The patients with gastritis were subcategorized into mild (mild erythema or 
scanty erosions), moderate (neither mild nor marked), and marked (diffuse erythema, nodularity, 
hypertrophy of gastric folds and friability of gastric mucosa) according to Kyoto classification system
[37]. Moreover, ulcers (gastric, duodenal, and peptic ulcer diseases) were also included in this group.

Questionnaire for exploring demographics and socioeconomic status
Patients were interviewed using a Likert-scale questionnaire developed earlier for the investigation of 
H. pylori infection in Pakistan[29]. Information associated with socioeconomic and demographic 
conditions such as gender, age, education, income, and living conditions was collected in addition to GC 
risk factors including specific dietary habits. There have been studies, which associated dairy products 
with GC[38] and those who did not[39] as well as studies, which evaluated the influence of red and 
processed meat[40], high salt consumption due to salted fish and meat[19], and black and green tea[7]. 
An unhealthy diet very high in carbohydrates (rice, potato) and low in fresh vegetables and fruit is also 
critical[1,4,7,8] and questions to that effect were included in the questionnaire. Moreover, the history 
concerning the intake of antibacterial drugs, PPI, non-steroidal anti-inflammatory drugs and other 
medicines was recorded. Categories of responses were defined as listed in Table 1[41].

Diagnosis of H. pylori infection
Standard non-invasive and invasive diagnostic tests were performed for the determination of H. pylori 
infection. All the modalities including nuclear stable isotope 13C urea breath test (UBT), histopatho-
logical examinations (HPE) and rapid urease test (RUT) were used to diagnose H. pylori infection with 
the exception that biopsy specimens were not available for all the patients. The 13C UBT was, however, 
used for all enrolled subjects.

Nuclear stable isotope 13C UBT: Active H. pylori infection was determined using non-invasive nuclear 
stable isotope 13C UBT as described previously[29]. Briefly, after all-night fasting, a pre-dose breath 
sample was collected from the patient. A dose containing 75 mg 13C enriched urea (Cambridge Isotope 
Laboratories, United States) was given to the patient and post-dose breath sampling was performed 
after 30 min. Breath samples were analyzed for 13CO2/12CO2 ratio using BreathMATplus mass 
spectrometer (Thermo Finnigan, Germany) and Delta V Plus mass spectrometer (Thermo Scientific, 
United States). A change in the δ 13C value over baseline of more than 3‰ was considered positive.

Gastric biopsy collection: Specimens were collected from those patients who had symptoms suggestive 
of a need for upper gastroduodenal endoscopy. Multiple biopsy specimens were collected from antrum 
and corpus within 3 cm of the pylorus of each patient undergoing this surgery. Biopsy specimens were 
placed in 10% formalin for HPE. One biopsy was collected for RUT.

RUT: The rapid urease kit to assess the active growth of H. pylori was indigenously prepared in Patients 
Diagnostic Lab, PINSTECH. Briefly, fresh gastric biopsy specimen were immediately placed in urea 
agar base with 40% urea solution for 1 h of incubation at 37°C. A change of color from pale yellow to 
pink red was interpreted as a positive result.

HPE: Gastric (antrum and corpus) biopsy specimens were processed for histopathological examination 
according to the Operative Link for Gastritis Assessment (OLGA/OLGIM) scoring[42] alongside with 
Lauren and World Health Organization (WHO) classification systems[43] for the determination of 
NGM, gastritis, gastric ulcer, duodenal ulcer and GC differentiation and invasions.

Statistical analysis
Chi-squared (χ2) test was used to assess the association of socioeconomic demographics, different risk 
factors, and histopathological grades among the three groups (NGM, GDD, GC). Spearman correlation 
coefficient test was employed to find the relationship between H. pylori infection and histopathological 
variables among gastric biopsies of antrum and corpus. The association between the predictor variables 
in the three groups was evaluated using multinomial logistic regression analysis. Nine variables having 
a P value < 0.1 were selected for multinomial logistic regression analysis. Risk factors included in the 
multivariable model were age, education level, income level, symptoms (abdominal pain, acid reflux, 
vomiting, bloating), chili consumption, excessive intake of salt and medication usage. Frequency 
categories were combined to achieve sufficient statistical power. Multinomial logistic regression analysis 
was used to determine factors associated with the three groups. To evaluate the interaction of different 
risk factors among the three groups, likelihood ratio tests were used to calculate P values comparing 
models with main effects to models with main effects plus relevant interaction terms. Principal 
components analysis (PCA) was carried out for risk factors, symptoms and H. pylori tests restricting the 
number of factors to three. For initial data classification with respect to endoscopic data and a focus on 
GC, decision tree analysis was performed with risk factors. All P values were reported as two-sided test 
with an alpha level of 0.05. Statistical analysis was carried out with SPSS 21.0 statistical software (SPSS 
Inc, Chicago, United States).
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Table 1 Score response categories of Likert scale questionnaire

Study variables/risk factors Category Consumption/behavior frequency in d/wk

Always 7 

Often 4-6

Seldom 1-3

Tooth brushing and miswak usage

Never 0

No 0

Rarely 1-2

Moderately 2-4

Consumption of chili, dairy products, rice, potatoes, red and processed meat, 
sweets, junk food

Frequently 5-6

Servings per day

Normal 1-2

Moderate 3-4

Drinking black and green tea

High 5-7

Habits per day

Always 7

Often 4-6

Seldom 1-3

Washing hands with soap before meal and after use of toilet 

Never 0

No < 10 (In Pakistan smoking is common practice.)Addiction and passive smoking

Yes > 10

Consumption of cooked food 

No Without salt (Patients with high blood pressure did not use 
salt in their food)

Normal Without adding salt 

Low With additional pinch of salt/serving; 1 Pinch = 0.36 g or 360 
mg

Salt/sodium chloride consumption; Normal: 2300 mg/d; Low: 140 
mg/serving; High: > 3400 mg/d[38]

High After addition of several pinches of salt/serving

RESULTS
General characteristics of study participants
Participants (341) with the mean age of 41.9 ± 15.9 years and an age range from 18 to 87 years were 
included in this study. All data are supplied in the Supplementary Excel file of Supplementary material. 
The overall frequency of H. pylori infection was 64.2% (219/341). The enrolled patients were separated 
in the following groups: NGM 15% (50/341), GC 9.1% (31/341), and GDD 76.2% (260/341). The 
frequency of H. pylori infection among NGM participants was 72% (36/50), 62% (160/260) in GDD, and 
74.2% (23/31) in GC. About half of the participants were male (177/341, 51.9%); 48.1% (164/341) were 
females. The frequency of H. pylori infection was higher in males (54.3%, 119/219) as compared to 
females (45.7%, 100/219). Clinical symptoms observed among enrolled patients were abdominal pain 
(72.4%, 247/341), vomiting (57.8%, 197/341), bloating (54.5%, 186/341), acid reflux (52.8%, 180/341) and 
heartburn (52.8%, 180/341). The majority of the GC patients were older than 45 years (71%, 22/31) and 
experienced symptoms of vomiting (91%, 20/22) with abdominal pain (100%, 22/22).

Descriptive characteristics of the cohort and results of the Chi-squared (χ2) test to assess the 
association of socioeconomic demographics, risk factors, and histopathological grades among the three 
groups (NGM, GDD, GC) are presented in Table 2. Significant factors were age, education (one-third of 
the participants were illiterate) and, conclusively, income level, and the clinical symptoms (except 
heartburn). Cross-correlation was computed for visualization of the data set as is exemplary shown for 
age, gender and RUT results in Figure 1.
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Table 2 Descriptive characteristics of the proband cohort groups and results of χ2/Fisher’s exact test (P value)

NGM GDD GC
Factor Categories

% (number of patients/total number of patients)
P value Significant

Negative 28 (14/50) 39 (100/260) 26 (8/31) 0.176 > 0.05Infection status

Positive 72 (36/50) 62 (160/260) 74 (23/31)

Male 46 (23/50) 52 (136/260) 58 (18/31) 0.553 > 0.05Gender

Female 54 (27/50) 48 (124/260) 42 (13/31)

BMI Normal, underweight 58 (29/50) 63 (163/260) 78 (24/31) 0.191 > 0.05

Overweight, obese 42 (21/50) 37 (97/260) 23 (7/31)

Married 78 (39/50) 80 (208/260) 87 (27/31) 0.580 > 0.05Marital status

Single 22 (11/50) 20 (52/260) 13 (4/31)

< 46 82 (41/50) 65 (170/260) 29 (9/31) 0.000 < 0.01Age 

> 45 18 (9/50) 35 (90/260) 71 (22/31)

Federal 6 (3/50) 6 (16/260) 3 (1/31) 0.291f > 0.05

Lower punjab 16 (8/50) 15 (40/260) 13 (4/31)

Kashmir 12 (6/50) 5 (14/260) 3 (1/31)

Upper punjab 60 (30/50) 62 (161/260) 81 (25/31)

Ethnic background

Khyber pakhtunkhwa 6 (3/50) 11 (29/260) 0 (0/31)

Illiterate 18 (9/50) 35 (90/260) 48 (15/31) 0.013 < 0.05Education level

Literate 82 (41/50) 65 (170/260) 52 (16/31)

Antibiotics 44 (22/50) 33 (86/260) 32 (10/31) 0.132f > 0.05

PPI 22 (11/50) 36 (93/260) 45 (14/31)

NSAID 12 (6/50) 4 (9/260) 3 (1/31)

Others 8 (4/50) 10 (27/260) 3 (1/31)

Medication 

NIL 14 (7/50) 17 (45/260) 16 (5/31)

10.000 6 (3/50) 7 (19/260) 3 (1/31) 0.007f < 0.05

11.000-30.000 48 (24/50) 69 (178/260) 84 (26/31)

Income level

> 30.000 46 (23/50) 24 (63/260) 13 (4/31)

No 66 (33/50) 45 (116/260) 39 (12/31) 0.013 < 0.05Acid reflux

Yes 34 (17/50) 55 (144/260) 61 (19/31)

No 54 (27/50) 25 (64/260) 10 (3/31) 0.000 < 0.01Abdominal pain

Yes 46 (23/50) 75 (196/260) 90 (28/31)

No 56 (28/50) 46 (119/260) 45 (14/31) 0.403 > 0.05Heartburn

Yes 44 (22/50) 54 (141/260) 55 (17/31)

No 64 (32/50) 41 (107/260) 16 (5/31) 0.000 < 0.01Vomiting

Yes 36 (18/50) 59 (153/260) 84 (26/31)

No 74 (37/50) 41 (106/260) 39 (12/31) 0.000 < 0.01Bloating

Yes 26 (13/50) 59 (154/260) 61 (19/31)

Low 80 (40/50) 69 (178/260) 71 (22/31) 0.261 > 0.05Black tea

High 20 (10/50) 32 (82/260) 29 (9/31)

Low 70 (35/50) 70 (181/260) 65 (20/31) 0.837 > 0.05Green tea

High 30 (15/50) 30 (79/260) 36 (11/31)

Low 30 (15/50) 39 (102/260) 48 (15/31) 0.240 > 0.05Chili consumption
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High 70 (35/50) 61 (158/260) 52 (16/31)

Low 36 (18/50) 32 (83/260) 32 (10/31) 0.853 > 0.05Dairy product consumption

High 64 (32/50) 68 (177/260) 68 (21/31)

Low 28 (14/50) 18 (46/260) 23 (7/31) 0.222 > 0.05Fresh fruit & vegetable 
consumption

High 72 (36/50) 82 (214/260) 77 (24/31)

Low 26 (13/50) 37 (94/260) 23 (7/31) 0.154 > 0.05Rice consumption

High 74 (37/50) 64 (166/260) 77 (24/31)

Low 32 (16/50) 40 (104/260) 32 (10/31) 0.422 > 0.05Potato consumption

High 68 (34/50) 60 (156/260) 68 (21/31)

Low 54 (27/50) 47 (123/260) 55 (17/31) 0.543 > 0.05Red meat consumption

High 46 (23/50) 53 (137/260) 45 (14/31)

Low 70 (35/50) 77 (199/260) 77 (24/31) 0.597 > 0.05Processed meat 
consumption

High 30 (15/50) 24 (61/260) 23 (7/31)

Low 78 (39/50) 84 (218/260) 84 (26/31) 0.596 > 0.05Junk food consumption

High 22 (11/50) 16 (42/260) 16 (5/31)

Low 62 (31/50) 69 (178/260) 68 (21/31) 0.671 > 0.05Sweets consumption

High 38 (19/50) 32 (82/260) 32 (10/31)

No 16 (8/50) 31 (80/260) 23 (7/31) 0.081 > 0.05High salt intake

Yes 84 (42/50) 69 (180/260) 77 (24/31)

Yes 54 (27/50) 42 (108/260) 55 (17/31) 0.129 > 0.05Overcrowding

No 46 (23/50) 59 (152/260) 45 (14/31)

Yes 84 (42/50) 87 (226/260) 77 (24/31) 0.340 > 0.05Oral hygiene

No 16 (8/50) 13 (34/260) 23 (7/31)

Yes 98 (49/50) 99 (256/260) 97 (30/31) 0.437f > 0.05Hand hygiene

No 2 (1/50) 2 (4/260) 3 (1/31)

No 0 (0/50) 2 (4/260) 0 (0/31) 1.00f > 0.05House insects

Yes 100 (50/50) 99 (256/260) 100 (31/31)

No 62 (31/50) 69 (180/260) 22/31 (71) 0.570 > 0.05Household animals

Yes 38 (19/50) 31 (80/260) 29 (9/31)

In 4 (2/50) 14 (37/260) 13 (4/31) 0.136 > 0.05Potable water source

Out 96 (48/50) 86 (223/260) 87 (27/31)

Proper 0 (0/50) 3 (7/260) 7 (2/31) 0.196f > 0.05Sewage system 

Damaged 100 (50/50) 97 (253/260) 94 (29/31)

No 66 (33/50) 68 (176/260) 71 (22/31) 0.897 > 0.05Addiction

Yes 34 (17/50) 32 (84/260) 29 (9/31)

No 58 (29/50) 62 (162/260) 65 (20/31) 0.806 > 0.05Passive smoking

Yes 42 (21/50) 38 (98/260) 36 (11/31)

Low 80 (40/50) 80 (208/260) 77 (24/31) 0.944 > 0.05Physical activity

High 20 (10/50) 20 (52/260) 23 (7/31)

No 74 (37/50) 72 (187/260) 84 (26/31) 0.361 > 0.05Family history of stomach 
disease

Yes 26 (13/50) 28 (73/260) 16 (5/31)

No 94 (47/50) 92 (238/260) 97 (30/31) 0.680f > 0.05Type 2 diabetes

Yes 6 (3/50) 9 (22/260) 3 (1/31)
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fFor the expected counts less than 5, P values were obtained from Fisher’s exact test. Significant discriminators are marked in bold. BMI: Body mass index; 
NGM: Normal gastric mucosa, GC: Gastric cancer; GDD: Gastroduodenal diseases; NSAIDS: Non-steroidal anti-inflammatory drugs; PPI: Proton pump 
inhibitors.

Figure 1 Cross-correlation bar charts for the study cohort with respect to gender, age and Helicobacter pylori infection status based on 
rapid urease test. RUT: Rapid urease test.

Multinomial logistic regression analysis
The associations of risk factors with GDD and GC among the three groups are presented in Table 3. Chi 
squared analysis showed a significant association at P < 0.05 between 7 independent variables among 3 
groups. Out of 38 indicators, 9 variables added to the multinomial logistic regression analysis with P < 
0.1. Multinomial logistic regression was performed to ascertain the effects of predictor variables on the 
likelihood that participants had GDD or GC. Model fitting information described the relationship 
between the dependent and independent variables and revealed that the probability of the model Chi-
square 97.028 was 0.01, less than the level of significance of 0.05 (i.e., P < 0.05). The model explained 
32.0% (Nagelkerke R2) of the variance in groups and correctly classified 80% of the cases; 10% of the 
cases from GC, 98% from GDD and 30% of the NGM participants.

According to Wald statistics, age, income level, vomiting, bloating and medication were the 
significant factors associated with GDD and GC. People younger than 45 years were less likely to have 
GC as compared to GDD (OR 0.19, 95%CI: 0.08-0.46, P < 0.05) and as compared to normal (OR 0.08, 
95%CI: 0.02-0.29, P < 0.05). People belonging to the middle class were more likely to have GDD (OR 
2.32, 95%CI: 1.09-4.91, P < 0.05) and GC (OR 4.86, 95%CI: 1.25-18.84, P < 0.05) as compared to NGM. 
Similarly, patients without the symptoms of vomiting (OR 0.16, 95%CI: 0.05-0.53, P < 0.05) and 
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Table 3 Factors associated with gastroduodenal diseases and gastric cancer vs normal gastric mucosa

GDD/NGM GC/GDD GC/NGM
Variable Category

Significant Odds ratio 
(95%CI) Significant Odds ratio 

(95%CI) Significant Odds ratio 
(95%CI)

< 46 0.078 0.45 (0.18-1.09) 0.00 0.19 (0.08-0.46) 0.000 0.08 (0.02-0.29)Age

> 45 Reference Reference Reference

Illiterate 0.404 1.44 (0.61-3.43) 0.609 1.25 (0.53-2.95) 0.325 1.81 (0.56-5.86)Education level

Literate Reference Reference Reference

Low 0.767 1.25 (0.29-5.44) 0.847 0.79 (0.07-8.61) 0.992 0.99 (0.06-15.29)

Middle 0.028 2.32 (1.09-4.91) 0.218 2.1 (0.65-6.8) 0.022 4.86 (1.25-18.84)

Income level

Upper Reference Reference Reference

No 0.088 0.54 (0.27-1.09) 0.599 1.26 (0.53-3.01) 0.003 0.16 (0.05-0.53)Vomiting

Yes Reference Reference Reference

No 0.012 0.37 (0.17-0.8) 0.019 0.29 (0.1-0.81) 0.184 0.47 (0.15-1.44)Bloating

Yes Reference Reference Reference

No 0.075 0.52 (0.25-1.07) 0.092 0.32 (0.09-1.2) 0.016 0.17 (0.04-0.72)Abdominal pain

Yes Reference Reference Reference

No 0.220 0.63 (0.3-1.32) 0.944 0.97 (0.41-2.3) 0.379 0.61 (0.2-1.83)Acid reflux

Yes Reference Reference Reference

Antibiotics 0.686 0.81 (0.29-2.25) 0.519 1.51 (0.43-5.24) 0.803 1.22 (0.25-5.85)

PPI 0.520 1.45 (0.47-4.44) 0.139 2.48 (0.74-8.26) 0.118 3.58 (0.72-17.76)

NSAIDS 0.020 0.16 (0.03-0.75) 0.936 1.1(0.1-11.93) 0.212 0.18 (0.01-2.68)

Others 0.512 1.64 (0.38-7.12) 0.598 0.54 (0.06-5.3) 0.928 0.88 (0.06-12.75)

Medication

Nil Reference Reference Reference

No 0.215 1.77 (0.72-4.37) 0.215 0.55 (0.21-1.42) 0.965 0.97 (0.27-3.49)High salt intake

Yes Reference Reference Reference

Nine variables were added to the multinomial logistic regression analysis with P < 0.05 (marked in bold). GDD: Gastroduodenal diseases; NGM: Normal 
gastric mucosa; NSAIDS: Non-steroidal anti-inflammatory drugs; PPI: Proton pump inhibitors; Sign.: Significant.

abdominal pain (OR 0.17, 95%CI: 0.04-0.72, P < 0.05) were less likely to have GC than NGM. Patients 
without the symptoms of bloating are also less likely to have GDD as compared to NGM (OR 0.37, 
95%CI: 0.17-0.8, P < 0.05) and GC as compared to GDD (OR 0.29, 95%CI: 0.1-0.8, P < 0.05).

Upper gastroduodenal endoscopic evaluation
The total of 341 patients underwent upper gastroduodenal endoscopy. Among these patients, 15% (50/
341) had NGM, 67% (230/341) patients had gastritis, 9% (30/341) had gastroduodenal ulcers including 
gastric ulcers (70.0%, 21/30), duodenal ulcers (20%, 6/30), and peptic ulcer disease (10%, 3/30). Those 
patients with gastric ulcers, duodenal ulcers and peptic ulcer disease had a frequency of H. pylori 
infection 62% (13/21), 83% (5/6) and 67% (2/3), respectively. Moreover, all ulcers were categorized as 
clean-based ulcers and classified as Forrest III (lesions without active bleeding). Additionally, 9.1% (31/
341) patients were suspected (based on lesion, polyp, and large growth) for GC and their gastric biopsy 
specimens were taken for histopathological examination (HPE) to rule out the malignancies.

GC evaluation and differentiation
HPEs showed that 51% (117/230) of the patients had mild gastritis, 40% (93/230) moderate gastritis, 
and 2% (4/230) marked gastritis. The frequency of H. pylori infection in patients with mild gastritis was 
62% (72/117), with moderate gastritis 59% (55/93), and with marked gastritis 0.5% (2/4). A total of 31 
patients were histopathologically confirmed for GC. Among those patients, 23% (7/31) had first and 
77% (24/31) had advanced stage GC. The frequency of H. pylori infection in first and advanced stage GC 
was 86% (6/7) and 71% (17/24), respectively. Additionally, those patients were also evaluated and 
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differentiated into various cancer types including adenocarcinoma (48%, 15/31), signet ring cell 
carcinoma (45%, 14/31) and undifferentiated carcinomas (6.4%, 2/31) with 93% (13/14), 60% (9/15) and 
50% (1/2) frequency of H. pylori infection, respectively. Moreover, gastric biopsies were also examined 
and graded according to Lauren and WHO classifications into intestinal (19%, 6/31), diffuse (81%, 21/
31), tubular (48%, 15/31) and poorly cohesive (52%, 16/31) carcinomas. The frequency of H. pylori 
infection among these patients was: 33% (2/6), 68% (21/31), 60% (9/15), 88% (14/16), respectively.

Correlation of histopathological variables of antrum and corpus biopsies
The Spearman coefficient correlation test for histopathological assessment of multiple gastric biopsies 
from antrum and corpus revealed a highly significant correlation (P < 0.05) between H. pylori infection 
and histopathological grades including H. pylori load, neutrophil infiltration, mononuclear cell infilt-
ration, inflammation, atrophy, atypia, metaplasia, dysplasia, atrophy score (OLGA), metaplasia score 
(OLGIM), gastritis and ulceration (Table 4).

PCA and decision trees
When testing for the factors with the most influence in the dataset using PCA, not unexpectedly, factors 
related to H. pylori infection (13C UBT, RUT) were dominant followed by characteristic symptoms for 
gastroduodenal diseases (heartburn, vomiting, reflux; Supplementary Table 1). Decision tree analysis 
with a focus on GC (Supplementary Figure 1A) revealed age as the main separator with people younger 
than 50 years showing only 1/3 of all GC cases. When age was excluded from the analysis 
(Supplementary Figure 1B), the factor abdominal pain collected 28 of 31 GC patients in the node, which 
were further split for 26 suffering from vomiting. Bloating was not a useful selection criterion for GC, 
because only 1/3 of all GC cases reported it.

Machine-learning algorithm
Resulting from extensive literature review and the findings of this study, 23 factors associated with GC 
were selected and used to train a GC prediction model using python language (Table 5). The diagnostic 
approach using machine learning was carried out in two steps, firstly model trained itself by 
recognizing patterns in the data of all classes of gastric diseases and secondly, the pre-learned model 
classified new patients after identification of similar pattern of newly provided data. The probabilities of 
specific disease were predicted due to closer pattern after input of patient’s data.

The primary dataset (parameters in textual and structural format, Supplementary Excel file 
Training_Testing_Data of Supplementary material) contained upper-gastroduodenal symptoms, 
potential GC risk factors, H. pylori infection status, and clinical endoscopic and histopathological 
findings. Factor categories were reduced to yes and no in some cases to provide sufficient numbers of 
samples, respectively, analysis power. The primary data was imbalanced containing a higher number of 
gastritis patients as compared to ulcer and GC patients. Therefore, 70% samples of each class were used 
to train the model and the remaining 30% for testing (Table 6). The algorithm randomly performed this 
70-30 distribution of the dataset. During testing, the pre-learned machine learning model truly classified 
72% cases of each class with greater accuracy.

Two machine learning models based on K-Nearest Neighbors (KNN) and Random Forest (RF) 
supervised learning algorithms were separately trained to calculate the risk of a specific gastroduodenal 
disease. In the KNN model, a simple elucidation distance of the test samples with all training samples 
was calculated. Top ‘K’ training samples, i.e. patient feature vectors with a minimum distance with the 
test samples, decided the highest risk of a certain disease by voting for the most frequent class. In 
general, for samples in n-dimensional Euclidean space, the distance is, with p and q being two points in 
Euclidean n-space.

RF is an ensemble of, in our case 10, decision trees. It eradicated the over-fitting that is a major issue 
of decision tree. Each tree made decisions based on importance of each risk factor, i.e., starting from 
features that are more distinct to the less important features. Importance is defined as the distin-
guishability of a feature and it was measured by Gini Gain or Importance Gain (for more details see 
Explanation S1 in the Supplementary material). We have used the Gini Index to train our model. With 
KNN we achieved 74% and with RF 82% test accuracy. We thus incorporated the latter algorithm in the 
published software tool. RF is a decision tree based stacking classifier which is freely available with a 
few tunable hyper parameters. It is not constructed from scratch but trained by using patient’s data and 
also optimized by fine tuning of the important parameters.

The user interface of the GC Prediction System is shown in Figure 2. The input is limited to the most 
critical factors with respect to risk modelling. The software was written for Windows 10 and is 
distributed as archive containing an executable program file (www.medizin.uni-muenster.de/cu-
proteomics/projekte.html). Running the tool simply requires to unzip and join the three archives and 
then run the executable file on any Windows-based computer. Results are reported online and are saved 
in pdf-format in the program directory. Via the input page, data can be added to the model to train it 
further, but this needs to be done in the original python-based environment and is thus not available to 
the standard user. The source code is shared in collaborations.

https://f6publishing.blob.core.windows.net/4c71666a-df0b-4f91-b680-c70abcea2f70/AIG-4-10-supplementary-material.zip
https://f6publishing.blob.core.windows.net/4c71666a-df0b-4f91-b680-c70abcea2f70/AIG-4-10-supplementary-material.zip
https://f6publishing.blob.core.windows.net/4c71666a-df0b-4f91-b680-c70abcea2f70/AIG-4-10-supplementary-material.zip
https://f6publishing.blob.core.windows.net/4c71666a-df0b-4f91-b680-c70abcea2f70/AIG-4-10-supplementary-material.zip
https://f6publishing.blob.core.windows.net/4c71666a-df0b-4f91-b680-c70abcea2f70/AIG-4-10-supplementary-material.zip
http://www.medizin.uni-muenster.de/cu-proteomics/projekte.html
http://www.medizin.uni-muenster.de/cu-proteomics/projekte.html
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Table 4 Correlation of histopathological variables, antral vs corpus biopsies (P < 0.01)

Variable Spearman correlation coefficient

Helicobacter pylori load 0.991

Neutrophil infiltration 1.000

Mononuclear cell infiltration 0.942

Atrophy 0.969

Atypia 0.881

Metaplasia 1.000

Dysplasia 0.786

Atrophic score (OLGA) 0.951

Metaplasia score (OLGIM) 1.000

Inflammation 0.930

Gastritis 0.921

Ulceration 1.000

Eosinophilia 1.000

OLGA: Operative link for gastritis assessment; OLGIM: Operative link on gastric intestinal metaplasia.

Table 5 Gastric cancer associated risk factors chosen for prediction model building

Risk factors Ref.

H. pylori infection [1]

Family history [4]

PPI [8,20,21]

Addiction (smoking) [13]

Passive smoking [44,64]

Sewage system (cockroaches/H. pylori) [31]

Potable water source (H. pylori) [30]

Exercise/fruits and vegetables [7,8] 

BMI [16] 

Gender (male) [12]

Age [11]

High salt intake/green and black tea [7,58]

Chili consumption [24] 

Processed food (meat) consumption [19,40]

Sugar intake [17]

Excess of rice and potatoes [18]

Miswak usage [23]

BMI: Body mass index; PPI: Proton pump inhibitors; H. pylori: Helicobacter pylori.

DISCUSSION
H. pylori infection is a serious public health problem with a high frequency among the population of 
developing countries[44]. Globally, 4.4 billion individuals have been identified to harbor H. pylori. The 
frequency of H. pylori infection in developing and developed countries has been reported as 70%-90% 
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Table 6 Dataset used to train the gastric cancer prediction model

Clinical findings Total samples Training dataset Test dataset

NGM 50 35 15

Gastritis 232 162 70

Ulcer 30 21 9

GC 29 20 8

Total 341 239 102

GC: Gastric cancer; NGM: Normal gastric mucosa.

and 10%-30%, respectively[45]. Our previous study showed more than 70% frequency of H. pylori 
infection in the northern region of Pakistan[46]. Six years later[47], active H. pylori infection was 
detected in 50% of the symptomatic patients in Pakistan of whom 76% had clinical symptoms like 
abdominal pain. In the present investigation, we found 64% infection in symptomatic patients indicating 
a considerable increase over time. As the consistent presence of H. pylori infection in a large part of the 
population provides the basis for several gastroduodenal clinicopathological conditions including 
gastritis, ulcers and most importantly GC[1,3], this is an alarming situation. In earlier studies conducted 
on symptomatic patients from Pakistan, GC frequency was reported as 6.0% and 6.4%, respectively[10,
48], while, here, 9.1% were calculated. In agreement with our previous findings[47], the infection rate in 
males (54%) was marginally higher compared to females (46%) possibly due to their higher social 
interaction in Pakistan. Likely for the same reason, people younger than 46 years were more often 
infected by H. pylori (64%). Infection takes place in childhood and adolescence and reaches its peak in 
adulthood at an age of 35-44 years[45,49].

The increased risk of H. pylori positivity in developing countries has been associated with several 
environmental factors including lower socioeconomic conditions such as crowded households and poor 
hygiene[50]. Already in our previous study[29], these risk factors, further including pets and other 
household animals, have been significantly associated with H. pylori infection. Here, we also showed the 
influence of education and income level. Educated people can take advantage of the available 
knowledgebase and better care for their health. Moreover, with education comes job advancement and 
improved financial means to provide for optimal living conditions. The frequency of H. pylori infection 
(64%) was expectedly higher in patients with comparatively low family income (51-139 USD; 11000-
30000 PKR, 1 USD=215 PKR) where living conditions are difficult. About 256465 PKR (1194 USD) are 
required for appropriate living conditions and fulfillment of basic needs[51].

Personal hygiene of the oral cavity is another risk factor as the mouth is the first pool of H. pylori 
infection and has a positive correlation with gastroduodenal pathologies[52]. Miswak has been 
traditionally used in Pakistan for oral hygiene due its antibacterial properties against both Gram 
positive and negative bacteria[23]. As is demonstrated in this study, a higher risk of H. pylori infection 
was found in patients who did not use it or other forms of oral hygiene.

Dietary habits such as meat consumption and the use of outdoor potable water were described as 
significant independent variables for both H. pylori infection and GC risk before[53]. A study conducted 
in Korea indicated that high salt intake was associated with a higher risk of atrophic gastritis and 
intestinal metaplasia[54] and other authors showed that it can lead to the onset of pre-malignant lesions
[55]. In addition, the carcinogenic effects of major H. pylori virulence factor cytotoxin associated gene A (
cagA)-positive strains were increased[56,57]. We confirmed the higher risk of H. pylori infection (73%) in 
patients with a higher salt intake than 5 g/d as recommended by the WHO[58].

A diet rich in carbohydrates and sweets is generally not healthy and the positive correlation with H. 
pylori infection was established in a study conducted in Japan in 2016[59] as well as here. It was also 
reported that for people who engage in regular exercise in the presence of H. pylori infection, the GC risk 
was reduced by approximately 50% in both males and females[60]. We saw more H. pylori infections in 
patients who did not have a habit of physical activity in their routine life but there was no correlation 
with GC incidence.

It has been suggested that a Lactobacillus rhamnosus-providing dairy-rich diet may counteract H. pylori 
infection[38]. In general, dairy products are a source of many nutrients and are highly recommended in 
dietary guidelines. Nevertheless, some studies found adverse effects of dairy consumption with GC[39] 
that is why we included this factor in our questionnaire. No clear conclusion can however be drawn 
from the available reports as some studies appear to have been flawed in their design[39]. Given the 
clear advantages of diet containing milk and dairy products, we do not wish to over-interpret our data, 
which positively correlate H. pylori infection and use of dairy products. It may rather be advisable for 
patients sensitive to gastroduodenal symptoms to test their response to milk and other dairy products 
(allergies) and adjust their diet accordingly.
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Figure 2 Exemplary input to gastric cancer prediction tool interface to record patient data, symptoms, 13C urea breath test results and 
risk factors. Following input, a click on the “Result” button shows the probability of developing gastric cancer. A report can be generated in pdf-format. The “Update 
Data” button is used only when including new patient data into the model.

Black and green tea have been named as GC risk factors[7], because, in particular, green tea contains 
antioxidant compounds, which showed remarkable antibacterial activity especially against H. pylori and 
were beneficial against associated gastric diseases during in vitro and in vivo experiments[61]. As did 
other authors[62], we observed more H. pylori infection in patients who did not drink green tea in their 
routine life (68%).

Clinical symptoms such as vomiting were significant independent variables, which matched the 
results of others[50]. The coefficient correlation for H. pylori loads (0.542), neutrophil (0.644) and 
mononuclear cell infiltration (0.173) for antrum and corpus was assessed with a significance level of P = 
0.000 before[49]. In our study, there was also a significant positive correlation (P < 0.01) among 



Aziz S et al. Risk factor profiles for GC prediction with respect to H. pylori

AIG https://www.wjgnet.com 23 June 8, 2023 Volume 4 Issue 1

histopathological grades including H. pylori load (0.991), neutrophil (1.000) and mononuclear cell infilt-
ration (0.942) for antrum and corpus biopsies. The significant correlation among all histopathological 
grades in gastric biopsies suggests that a minimum number of biopsies can be sufficient to rule out 
malignancies. Other authors have reported the need for 6-8 gastric biopsies to ensure confident 
diagnosis[63]. A high number of gastric biopsy specimens may, however, create problems apart from 
procedure prolongation including active bleeding[63].

We have incorporated the pre-endoscopic patient’s data from this study and the literature for risk 
factors and H. pylori infection status into a machine-learning algorithm and generated a GC model, 
which the practitioner can use for a quick check of the GC risk. Other efforts with respect to computer 
models in gastroenterology were retrospective studies[32-34], while we aim for a prognostic tool, which 
is constantly being improved with new data. Our model reached > 80% confidence in GC prediction and 
it may be helpful in making a decision pro and con gastroduodenal endoscopy in some cases. However, 
it is only based on 341 patients of which 31 had GC, so it clearly cannot be used as sole decisive factor; 
the experience of the physician is not to be underestimated. We plan to continuously improve the tool 
by the addition of new patient data from our clinic. We will release an updated version to the scientific 
community from time to time, because we do believe that this screening tool can be helpful.

CONCLUSION
We report a high and increasing level of H. pylori infection in Pakistan and its association with different 
risk factors, which, in turn, have direct or indirect relationships with gastroduodenal diseases including 
gastritis, ulcers, and GC. Our study identified GC risk factors such as age, sanitary conditions and 
clinical symptoms and incorporated them into a dynamic computer tool for GC prediction.

GC is a huge burden in developing countries. Awareness should be raised at an individual level 
through social media, schools, medical camps, and other means of public education to reduce the risk of 
gastric malignancies especially in the presence of H. pylori infection. Individual habits regarding diet or 
hygiene can be targeted in that way. Other risk factors require political intervention or governmental 
decisions. H. pylori infection monitoring and eradication strategies, for instance, are means of GC 
prevention[53]. The general improvement of living conditions and infrastructure will advance sanitary 
conditions and, conclusively, support the battle against GC. The investigation assists the healthcare 
authorities in their understanding of the burden of GDD and GC, which is intertwined with H. pylori 
infection.

ARTICLE HIGHLIGHTS
Research background
Gastric cancer is the 4th main reason for cancer-associated deaths around the globe. Diagnosis mainly 
depends on histopathological examinations and the number of endoscopic procedures is increasing. 
Helicobacter pylori (H. pylori) infection is a main risk factor for this cancer.

Research motivation
The increasing prevalence of gastric cancer due to late diagnosis or at an advanced stage was the main 
cause to conduct this research study to diagnose gastric cancer at an early stage.

Research objectives
The main research objectives of this study were: (1) Diagnosis of H. pylori infection; and (2) 
Development of gastric cancer prediction model using non-invasive characteristics of enrolled subjects.

Research methods
The 341 dyspeptic patients were enrolled after endoscopic evaluation and metadata was collected using 
a Likert scale questionnaire. The infection status was determined with the help of three modalities 
including 13C urea breath test, rapid urease test, and histopathological examinations. A Random Forest 
(RF) -gastric cancer (GC) prediction model was developed using non-invasive characteristics of patients.

Research results
This study reported a higher frequency of H. pylori infections among enrolled subjects. It was greater in 
gastric cancer as compared to other groups and also higher in males in comparison with females. 
Abdominal pain was observed more than other clinical symptoms. The majority of gastric cancer 
patients experienced symptoms of vomiting with abdominal pain. The multinomial logistic regression 
model correctly classified 80% of gastric cancer cases. The RF GC predictive model achieved > 80% test 
accuracy.
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Research conclusions
The gastric cancer risk factors were incorporated into a computer model to predict the likelihood of 
developing gastric cancer with high sensitivity and specificity. The model is dynamic and will be further 
improved and validated by including new data in future research studies. Its use may reduce 
unnecessary endoscopic procedures.

Research perspectives
The computer model will predict the likelihood of developing gastric cancer with high sensitivity and 
specificity. Moreover, it will be helpful in diagnosing other gastric diseases such as gastritis and ulcer 
and assist gastroenterologists to start palliative therapy to reduce unnecessary endoscopic procedures.
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