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An increasing incidence of CRC coupled with late 

detection of the disease due to poor screening practice 

leads to a high burden of disease.6 This is made worse by 

variable results of immunochemical faecal occult blood 

(iFOBT) as the first line screening which leads to false 

positive and false negative results. Sgg infection detected 

has been shown to increase the risk for CRC in many 

epidemiological studies.4,5,7 However, there is a paucity of 

studies on screening diagnostic accuracy related to Sgg. 
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ABSTRACT   
 

INTRODUCTION: Epidemiological studies have emphasized the role of Streptococcus 

gallolyticus subspecies gallolyticus (Sgg) infection in the development of colorectal cancer 

(CRC), yet it remains underappreciated. While statistical and machine learning (ML) 

models can enhance CRC prediction, direct comparisons between them are rare. This 

study aims to assess the diagnostic accuracy of stool polymerase chain reaction (PCR) 

for Sgg and immunochemical fecal occult blood test (iFOBT) for CRC detection          

and to compare multivariable statistical and ML models in predicting CRC. MATERIALS 

AND METHODS: A hospital-based case-control study with a reversed flow design was 

conducted, involving 33 CRC cases and 80 controls. The analysis incorporated Asia 

Pacific Colorectal Screening (APCS) risk factors into three predictive models: logistic 

regression (LR), decision tree (DT), and ensemble Bayesian boosted decision tree 

(BDT). RESULTS: Combined testing achieved a net sensitivity of 54%, outperforming 

individual tests (iFOBT=12.1%, Stool PCR=48.5%). Among the models, the ensemble 

BDT approach demonstrated the highest classification accuracy for CRC (BDT= 

78.1%; DT=72.4%; LR=69.9%). The DT model identified iFOBT as the sole predictor, 

while the BDT ensemble model prioritized positive stool PCR for Sgg as the primary 

predictor, followed by normal to overweight body mass index and individuals aged           

over 53 years. CONCLUSION: The ensemble ML model incorporating Sgg infection 

demonstrated superior predictive performance. Screening for Sgg in stool samples has 

the potential as an early CRC detection strategy, particularly for individuals with a 

normal to overweight BMI and those above 53 years old. 

Keywords 
Streptococcus gallolyticus, colorectal cancer, 
diagnostic accuracy, machine learning, 
bayesian  
 
Corresponding Author 
Assoc. Prof. Dr. Edre Mohammad Aidid 
Department of Community Medicine, 
Kulliyyah of Medicine, International Islamic 
University Malaysia, Jalan Sultan Ahmad 
Shah, Bandar Indera Mahkota,  
25200 Kuantan, Pahang, Malaysia 
Email: edreaidid@iium.edu.my 
 
Received: 10th April 2025; Accepted: 26th 

August 2025 
 
Doi: https://doi.org/10.31436/imjm. 
v24i04.2895 

INTRODUCTION 
 
Colorectal cancer (CRC) is one of the most common 

cancers in developing countries.1 Various studies look          

for lifestyle factors but do not highlight infection as            

the potential driver for CRC development. Many 

epidemiological studies highlighted the importance of the 

Streptococcus galloyticus subspecies gallolyticus (Sgg) infection          

in carcinogenesis of CRC.2–5 It is regarded as a highly 

important and treatable disease. However, it is not often 

examined.  
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More and more patients are referred for unnecessary 

invasive colonoscopy that resulting from false            

positive iFOBT. Furthermore, current guidelines follow 

stratification based on family history. There has been a 

lack of risk stratification based on modifiable factors. 

Thus, in order to have more people correctly classified as 

having CRC, this infection should be highlighted and 

included as one of the risk factors apart from presence of 

blood in the stool (source).2 In view of the multifactorial 

nature of CRC, a combination of risk factors is a more 

plausible explanation for its occurrence, which can be 

explained not just by statistical but machine learning 

models (ML). 

 

ML has been used to predict cancers but not specifically 

looking at multivariable infection models. Various 

techniques such as decision tree, artificial neural network 

and naive bayes have been utilised, but suffers from 

either underfitting or overfitting. One potential technique 

to improve model accuracy is by ensemble methods such 

as bagging, boosting and stacking.8 However, small 

sample sizes often deter the ability to make good 

predictions. Hence, the bayesian method of looking at 

prior knowledge helps to overcome this problem.  

 

The research objectives in this study are twofold;           

First objective is to determine diagnostic accuracy of 

simultaneous testing of stool PCR for Sgg with iFOBT in 

detecting CRC and second objective is to predict the 

likelihood of CRC by comparing multivariable statistical 

and machine learning models. We hypothesised that the 

overall accuracy of bayesian ensemble machine learning 

model is better than the statistical model. 

 

MATERIALS AND METHODS 
 
This research was carried out over 3 year duration (from 

September 2019 until July 2022). It was a case-control 

study with reversed flow design with an allocation ratio 

of 1 case to 2 controls which followed Strengthening the 

Reporting of Observational Studies in Epidemiology 

(STROBE) statement checklist. The study population 

were patients who came to the surgical clinic of Sultan 

Ahmad Shah Medical Centre IIUM (SASMEC @ IIUM) 

for colonoscopy. A case was defined as patients who 

attended the colonoscopy and diagnosed as 

histopathologically-confirmed CRC and controls were 

patients who attended the colonoscopy but were 

diagnosed as not having CRC. 

 

Sample size was calculated based on PASS software 

version 19.03. For objective 1, the calculation for 

estimation of the minimum sample size for this study was 

calculated with estimated prevalence of 20% for 1 

university hospital in peninsular Malaysia with similar 

setting,9 power of 88.5% and sensitivity of 90%, the 

minimum sample size required is 95.10 The power was 

chosen as it is the highest achievable power to detect to 

reject the null hypothesis of no association, hence able to 

reach up to 90% sensitivity based on the simulation.10 For 

objective 2, the sample size was calculated based on 6 

predictors using logistic regression formula,11 where the 

number of predictors were multiplied by 15 to get 90. 

Since objective 1 has a higher estimated sample size (95), 

this estimated sample size is chosen as it can answer 

objective 1 and 2, thus final sample size after adjusting 

for 20% attrition rate, total sample size was 120. Thus, 

approximately 40 cases and 80 controls were required.  

 

Quality control 
 
For iFOBT, ABON FOB test was used, which is a 

simple, rapid qualitative immunochemical assay that 

detects 50 ng/ml of human blood haemoglobin done in 

controlled laboratory environment. If both test and 

control lines were visible, it indicated that the test was 

positive. If only the control line was visible, then the test 

was deemed negative. If only the test line is visible, the 

test was taken as invalid.  

 

Concurrently, stool PCR were tested for evidence of Sgg 

infection. Two sets of primers were tested in the PCR 

assay. Following PCR optimization of both primers and 

gel electrophoresis, amplification using primer set 2 

resulted in non-specific and multiple bands, while primer 

set 1 exhibited a specific and single band of DNA 

without primer dimer and the needs of pure culture 

bacteria. The PCR with primer set 1 showed an optimum 

outcome with the gradient annealing temperatures of 

55oC to 62.9oC. DNA sequence alignment of randomly 
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selected samples showed 100% similarity without any 

nucleotide mutation. BLASTN analysis of the targeted 

167 bp amplified gene segments demonstrated that DNA 

sequences were 100% identical to the tanB gene of 

Sgg found elsewhere.12 

 

The background characteristics of patients, which are age, 

gender, family history, BMI and smoking status were 

taken based on the validated modified Asia Pacific 

Colorectal Screening (APCS) score.13 

 

Univariate data analysis 
 
Chi square test and fisher’s exact test was employed            

for univariate analysis in RStudio version 2022.07.2. 

Accuracy parameters were calculated for iFOBT and 

stool PCR in terms of sensitivity, specificity, positive 

predictive value, negative predictive value and diagnostic 

accuracy. The calculations were split into single testing 

for each test and simultaneous testing of both tests. 

 

Multivariable data analysis 
 
Data was analysed using RapidMiner Studio version 

9.10.011. Continuous data was reported as mean (SD) 

and categorical as frequency (%). Classical logistic 

regression (LR) was used for the statistical model. For 

ML prediction, bayesian boosting operator methods were 

utilised using ensemble machine learning, where we 

compared bayesian-decision tree (BDT) ensemble versus 

decision tree (DT) model alone, to improve the accuracy 

and generate screening algorithm. The Bayesian boosting 

operator builds an ensemble of classifiers to predict 

boolean target attributes. During each iteration, the 

training data was reweighted to reduce the influence of 

previously learned patterns and incorporate prior 

knowledge. A base classifier, usually a rule-based or 

decision tree algorithm, was applied repeatedly in 

sequence, and the resulting models were merged into one 

comprehensive model. The total number of models 

generated was determined by the specified number of 

iterations. The steps involved were feature engineering, 

threshold setting, cross validation and model 

performance evaluation. After the data collection, the 

data was pre-processed and missingness was handled via 

multiple imputation techniques. The feature selection 

involved the variables identified by the APCS risk factors, 

as well as the main laboratory markers namely the iFOBT 

(in line with CPG) and Stool PCR for Sgg as the feature 

of interest. The threshold for prediction was fine-tuned at 

0.6. If the prediction probability is greater than this, the 

class label to be predicted is CRC. A 10-fold cross 

validation method was done with shuffled sampling, 

coupled with random seed number to randomly choose 

the subsets for the training and testing model. Accuracy 

parameters were the same as the univariate data analysis, 

adding in another parameter which is area under the 

curve (AUC). 

Figure 1: Process canvas for multivariable analysis using boxes called 
operators. The grey “retrieve” operator signifies the original dataset, the red 
“select attribute” operator signifies the variables selected for analysis, the red 
“replace missing values” operator signifies the imputation of missing values, 
the red “set role”  operator is setting the CRC as the case and non-CRC as the 
control (Boolean) and the yellow “cross validation” operation is the method for 
data validation. 

Figure 2: Cross validation for the three models (LR, DT and BDT)), tested at 
different stages. The training section on the left signifies the model used (the 
green is the active model), while the testing section on the right signifies the 
execution of the model based on 30% testing data (green operator) and 
performance metric generation (yellow operator such as sensitivity) 

RESULTS 
 
Objective 1 
 
Thirty-three (33) CRC cases were obtained instead of 40 

due to patient loss to follow-up. The proportion of cases 

with a positive iFOBT and stool PCR was higher than a 

negative test (P<0.05). Post hoc power analysis using 
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48.5% sensitivity of stool PCR for Sgg obtained shows the 

actual power was 92% even though there was loss           

to follow up. The simultaneous testing produced net               

sensitivity that was higher compared to a single test. 

Test 
Classification 

P value 
Case, n(%) Control, n(%) 

iFOBT       

Positive 4(80.0) 1(20.0) 0.03* 

Negative 29(26.9) 79(73.1)   

Stool PCR for 
Sgg 

      

Positive 16(50.0) 16(50.0) 0.005* 

Negative 17 (21.0) 64(79.0)   

Table 1: Distribution of case and control according to iFOBT and stool PCR 
for Sgg 

*Significant at P<0.05 

Accuracy  
parameter 

iFOBT Stool PCR for 
Sgg 

Simultaneous 
testing 

Sensitivitya (%) 12.1 48.5 54.7 

Specificityb (%) 98.8 80.0 79.0 

Positive predictive 
value (%) 

80.0 50.0 - 

Negative predictive 
value (%) 

73.1 79.9 - 

Diagnostic accuracy 
(%) 

73.5 70.8 - 

Table 2: Accuracy parameters for single and simultaneous testing 

aFor simultaneous testing, net sensitivity was calculated 
bFor simultaneous testing, net specificity was calculated 

Objective 2 
 
The performance of the BDT ensemble approach was 

superior (BDT accuracy=78.1%; DT accuracy=72.4%;  

LR accuracy=69.9%). The DT algorithm generated only 

iFOBT as the predictor without the inclusion of Sgg, 

whereas the ensemble approach produced positive stool 

PCR for Sgg as the main branch followed by normal to 

overweight body mass index and adults above 53 years of 

age. 

Parameter Logistic 
Regression 

(LR) 

Decision 
Tree (DT) 

Bayesian-
Decision Tree 

(BDT) 

Accuracy (%) 69.0 72.4 78.1 

Sensitivity (%) 36.0 15.8 56.6 

Specificity (%) 82.2 96.0 85.8 

Positive predictive 
value (%) 

39.3 62.5 62.5 

Negative  
predictive value (%) 

76.5 73.2 84.3 

Area under the curve 
(AUC) 

0.74 0.53 0.74 

Significant predictors 
(categorical unless 
stated otherwise) 

Gender 
Stool PCR 

iFOBT 

iFOBT Stool PCR 
BMI (kg/m2) 
Age (years) 

 Table 3: Performance metrics of the models compared 

Figure 3: Best model algorithm generated from the BDT ensemble method. 

DISCUSSION  
 
Gist of the research 
 
The sustainable development goals (SDG) number 3 

focuses on ensuring wellbeing in terms of reducing burden 

due to NCDs. Goal 3.4.1 states the importance of 

reducing premature mortality from cancer by one third by 

early detection and prompt treatment.14 This includes 

detecting the agents triggering cancer formation such as 

the Sgg infection. If the infection is detected early, it can 

be treated with antibiotics and prevents the occurrence of 

disease. Furthermore, the current evidence to risk-stratify 

the patients for screening does not consider infective 

agents such as Sgg.15 Risk stratification allows for risk 

prediction to tell patients that early screening is important 

as it increases the risk for cancer. This in turn will assist 

the patients in making good decisions towards their health 

and wellbeing. Hence, it is of utmost importance for this 

research to detect new risk predictions for people to know 

and to act early. For clinicians, clinical decision support 

model and system can help in stratifying those who 

require invasive diagnostics such as colonoscopy.16,17 

 

Outcome on single and simultaneous testing 
 
Currently the clinical practice guideline focuses on iFOBT 

as the asymptomatic screening for CRC. Here, the 

proportion of CRC among positive iFOBT was higher 

than negative iFOBT by almost 60%, indicating the 

relevance of screening asymptomatic population in the 

guidelines. For stool PCR, it is not routinely done 

worldwide as a screening tool. However, our study proved 

its relevance as a potential screening marker as it was 

detected more in CRC cases, similar with previous 

studies.2,4 The sensitivity of iFOBT was low at 12.1% as 

compared to a systematic review by the Malaysian Health 
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Technology Assessment Section team.18 The iFOBT 

sensitivity depends on yield quality, timing of sample 

collection, even though the respondents have been 

briefed regarding the sample collection procedure. The 

briefing followed standard informed consent procedure 

and the enumerators were trained. On the other hand,  

the sensitivity of stool PCR was higher than iFOBT, 

indicating a negative test will rule out CRC. In addition, 

the negative predictive value was higher than iFOBT by 

almost 7%, signifying the probability of not having           

CRC following a negative test was higher. This gave a 

promising clue for stool PCR as a screening tool rather 

than diagnostic tool. However, the screening is predicted 

to be better in certain population such as those with high 

red meat consumption, where the bacteria reside and gets 

into the human gut. The challenges of using stool PCR 

are the testing requires PCR machines that are not readily 

available in all healthcare setting and stool sampling is 

yield-dependent as it may not contain the causative agent, 

if any. 

 

When both tests are done simultaneously, gains in 

sensitivity were observed indicating that iFOBT and stool 

PCR, if done concurrently, can improve early detection 

rates for CRC. A systematic review showed the 

usefulness of simultaneous testing in detecting CRC.19 

 

Statistical model building 
 
Many research has focused on statistical models.20,21 One 

of the most used is logistic regression. The model’s ability 

to predict binary outcomes such as cancer and non-

cancer has made it a popular choice for classification 

problems. Here, our model showed that male patients 

and positive iFOBT are independent risk factors of CRC. 

These risk factors are in favour of the current 

epidemiology of CRC in Malaysia.6 However, the stool 

PCR here is of interest as a positive test will increase the 

odds to get CRC by 4 times as compared to a negative 

test controlling for APCS risk score and iFOBT. The 

method of detection here is improved by detecting the 

subspecies (S. gallolyticus subsp. gallolyticus) which are more 

accurate for Sgg-CRC interaction. Thus, molecular 

detection here plays an important role in establishing that 

interaction.2,22 However, other microbiota such as 

Fusobacterium nucleatum, also linked with CRC are not 

tested here which might serve as a marker for 

carcinogenesis as well, hence serving as a selection bias.1 

This becomes the limitation in the study. Nevertheless, 

these findings were made after data cleaning and multiple 

imputation, which improved the model fit and accuracy in 

one study.23 

 

Machine learning model building 
 
Feature engineering has become one of the most 

important steps in building machine learning models. In 

our research, the missingness, if left untreated, could lead 

to biased estimates. Multiple imputation method was 

chosen as the multivariable nature of the data would 

benefit more from this method as compared to single 

imputation.23 

 

Threshold for predicting the case class was set higher at 

0.6 than the default 0.5 because we wanted to correctly 

detect true CRC cases and minimise the false positive rate, 

similar with a previous study.24 This would in turn 

increase the precision of the model.  

 

In terms of the performance metric, the most important 

parameter would be the AUC. The use of AUC is known 

to be best used when there is an imbalance in outcome 

because it measures the quality of the model's predictions 

irrespective of what classification threshold is chosen.25 

Thus, it is  a robust performance measure. 

 

When compared to the LR statistical model, ML 

outperforms it in few key areas such as accuracy, 

specificity and positive predictive value. This shows the 

value of ML models in multivariable analysis, which is 

more practical in real-world applications such as clinical 

decision support system (CDSS) for diagnosis of CRC. A 

study revealed the use of ML to aid diagnosing cancer and 

estimating prognosis to aid decision-making.26 

 

We used the decision tree model as the base ML model 

because of the classification nature of the outcome. It has 

shown to be robust but tends to overfit. To overcome 

this, ensemble method which combined bayesian 

boosting and cross validation was utilised to combat 

overfitting.8 
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Performance evaluation of the three models 
 
The main interest here is to determine which model is the 

best in predicting CRC. Here we had a variety of 

performance metrics but the gain and losses in these 

parameters were evaluated more in terms of its value in 

clinical decision making. For example, to diagnose high-

burden diseases such as cancer requires more specificity 

than sensitivity. For screening, sensitivity is preferred. It is 

a trade-off. The statistical LR model showed good 

predictive power, whereby being male, positive stool PCR 

and positive iFOBT had significantly higher odds to get 

CRC. However, its other metrics are poorer than ML 

models. Statistical models are sometimes not as good as 

machine learning models in terms of optimization,26 and 

quite strict in their test assumptions. ML models, on the 

other hand, are more robust but require model 

optimization to increase prediction accuracy.27 

 

For the DT model, the best performance was specificity 

(96%) and iFOBT as the significant predictor. When BDT 

ensemble method was used, there was a positive trade-off 

where improvement in almost all parameters except 

specificity, as well as having stool PCR, age and BMI as 

the significant predictors. Thus, it can be inferred here 

that DT model accurately detects CRC by only iFOBT, 

but BDT was able to accurately predict CRC much better 

with multivariable inputs. Bayesian boosted decision trees 

integrate the advantages of Bayesian optimization and 

boosting with decision trees to build highly effective and 

resilient machine learning models. Bayesian optimization 

aids in selecting the best hyperparameters for the boosted 

trees, enhancing both accuracy and the ability to 

generalize. Boosting works by sequentially combining 

multiple weak decision trees to form a strong overall 

model capable of capturing intricate patterns in the data. 

Together, these techniques produce models that are 

typically more accurate, less prone to overfitting, and well-

suited for handling complex datasets. The other 

traditional machine learning methods such as random 

forest and gradient-boosted machines lack this. The 

superiority of ensemble learning here was similar with 

another study on e-learning performance prediction28 

albeit in a different context. The BDT algorithm provided 

clues that a positive stool PCR patient should be further 

risk-stratified into normal and overweight BMI and age 

more than 53 years old to be advised for early 

colonoscopy. We also tested for other CRC risk factors 

based on APCS criteria but was not significant in the 

BDT algorithm.13 

 

Novel theories/knowledge 
 
The tool to detect Sgg infection as a marker for CRC can 

be classified to be either for diagnostic purpose or as a 

screening tool based on the diagnostic accuracy 

parameters. As described earlier, the results show 

promise more towards screening tool rather than 

diagnostic tool, as the Sgg infection is mainly 

asymptomatic. The availability of the primer for testing 

and the prevalence of SGG that is fairly high serves the 

potential for this organism to be developed as a rapid test 

kit for early clue and detection of CRC, especially when 

simultaneous testing with iFOBT is done as per result 

findings.9 

 

The Bayesian prediction model that incorporates Sgg 

infection allows for a more accurate prediction for CRC. 

The advantage lies in the ability of Bayesian prediction to 

cater for small sample size using prior probability, 

posterior probability and likelihood.29,30 Hence, a more 

realistic prediction and better risk stratification for early 

colonoscopy for patients can be shown. 

 

Potential real-world application 
 
CDSS can be implemented at clinic and hospital level to 

risk-stratify those going for colonoscopy. Antibiotic 

treatment can be given to patients with Sgg infection. 

Future development of vaccines towards Sgg may be able 

to prevent the infection to either induce CRC formation 

or delay the progress of the disease. A cost-effective 

screening that reduces cost of treatment will benefit the 

people in low socioeconomic status by correctly 

screening those at risk, where early diagnosis such as at 

stage I of the disease will advert the need for high-costing 

treatment such as chemotherapy.6 Potential vaccine 

against the Sgg infection can be developed which will 

prevent CRC development. This promotes a healthier 

and more productive nation. 
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LIMITATIONS 
 
The research has several limitations. First, causality 

cannot be ascertained for Sgg and CRC interaction. The 

single centre experience in obtaining the case and control 

might be limiting the strength of the relationship. The 

results for simultaneous testing, although better than 

single testing, were not proven with cost effectiveness 

calculations. The prediction using machine learning is 

data-dependent and operator-dependent, thus is prone to 

biases just like the statistical model. The missing data, 

although imputed, might be missing not at random but 

are difficult to prove. Hence, better primary data 

collection method and guidelines for testing should be 

outlined and developed in hospital setting for quality Sgg 

and CRC data to be obtained for more precise results. 

Having no external validation using external data serves 

as our limitation. Since this study in done mainly for 

model development, the error risk was reduced by 

including training (70%) and testing (30%) data using the 

same dataset. Together with cross validation, this serves 

to reduce overfitting and provide a better valid model. 

 

CONCLUSION 
 
Ensemble ML model incorporating Sgg infection was 

superior to the standard ML and statistical model in 

predicting CRC. Sgg screening for early CRC detection in 

those with normal to overweight BMI patients and aged 

above 53 years old has potential, provided further 

research with more robust techniques to minimize error 

is done in the future. Future studies are recommended to 

use the ensemble ML model to explore the dietary and 

environmental source of this infection towards CRC 

which may pose an undetected one health problem, as 

well as external validation using other CRC cohorts to 

enhance the model validity. 
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