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Abstract: One disease that can cause death is Acute Myocardial 

Infarction (AMI). AMI, also known as a heart attack, is a 

condition that causes permanent damage to heart muscle tissue 

due to prolonged ischemia or lack of blood flow that occurs due 

to blockage of the epicardial coronary arteries and results in 

blood clots and limiting blood supply to the myocardium. 

During the years the young AMI patients are increasing. One of 

the ways to diagnose early is providing information of 

biomarkers related to this disease by implementing the 

bioinformatics data analysis. The research was conducted to 

look at the genomic profile of patients suffering from AMI based 

on without recurrent events and normal control, using the 

XGBoost method, due to its scalability and efficiency.  Based 

on the grid search of tuning hyperparameters, the XGBoost 

method gives a classification accuracy of 88.89%, AUC 90 and 

kappa 0.7805. These results indicate that the XGBoost method 

can classify patients suffering from AMI well. This research has 

identified three genes that contribute the most to classifying 

AMI patients, namely calponin 2, ribosomal protein S11 and 

myotropin. Based on the heatmap visualization, information was 

obtained that the three genes are class markers without recurrent 

events. 

 

1. INTRODUCTION  

In today's modern era, bioinformatics has experienced significant development and 

plays a vital role in biology and medicine. Bioinformatics is a computing-based approach 

that has substantially contributed to the organization, analysis, and interpretation of 

information related to biological macromolecules (Fajriyah, 2021). The development of 

bioinformatics has had a positive impact, especially in diagnosing, predicting, and treating 

various diseases, including cardiovascular diseases involving the heart system. 

As we know, the heart is the central organ in the cardiovascular system, functioning 

as the primary regulator of blood flow, which carries oxygen and nutrients and manages 

carbon dioxide transport throughout the body. Therefore, integrating bioinformatics in 

medical practice related to heart disease will help increase in-depth understanding, make 
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more accurate diagnoses, and develop more effective therapies to maintain human 

cardiovascular health (National Heart, Lung, and Blood Institute, 2022). 

Acute myocardial infarction (AMI) is a common reason of the admission to the 

intensive care unit (Shahu et al., 2024) and a pathological condition that causes permanent 

damage to heart muscle tissue as a result of ongoing ischemia, which ultimately results in 

obstruction of the epicardial coronary arteries (Mechanic, Gavin, and Grossman (2023)). 

This condition has potentially fatal complications, including heart attack. Delays in diagnosis 

and inappropriate management will determine failure on providing appropriate therapy.  

AMI usually occurs in older people, but in years the trend of young people get AMI 

is increasing (Lv et al. (2021); Rizk and Blankstein (2021); Dimitrova (2023); Krittanawong 

et al. (2023)); Sood, Singh and Gadkari (2023); Pohle et al. (2024)). Wahyuningsih et al. 

(2023) reported that AMI incidence in South Asian including in Indonesia is increasing. 

According to their study, factors that influence young patient AMI can be divided into 

comorbid, psychological, lifestyle and gender factors.  Men have higher risk than women.  

In practice, AMI patients get treatment based on their clinical outcomes assessment 

(Shahu et al., 2024). Recent studies show that researchers have had integrating the 

bioinformatics technology in their research of AMI, for instance. Li, He, Li, Gong, and Liu 

(2019) identified of potential molecular targets of acute myocardial infarction to understand 

the disease mechanism. Cheng, An and Li (2022) identified genes associated with AMI. 

Kumar et al. (2022) identified gene signatures that involved in cardio protection and Wu et 

al (2022) has identified the potential diagnostic biomarkers of AMI and uncover the immune 

cell infiltration profile of AMI. 

These genomics-related studies are useful approach to provide a better care for AMI 

patient, especially of young patient. As Wahyuningsih et al. (2023) have highlighted, for 

young patient, myocardial infarction is a very damaging and detrimental disease.  Because 

of very significant morbidity, psychological and financial burden of patient and families.  

This disease also very impactful on them, particularly of unmarried one, due to the risk of 

not having children.  

Therefore, in this paper we built a classification model for the early detection AMI 

based on the patient genomic profiling such that the model can be used to prevent the failure 

of providing the appropriate treatment for them. The second part of the paper describes the 

literature review of AMI and XGBoost methods. It is followed by material and method; the 

results and discussion and the last section is conclusion and remarks.  

 

2. LITERATURE REVIEW 

Research about AMI and XGBoost have been conducted extensively, globally and 

nationally. AMI is a severe disease with elevated morbidity and mortality rate worldwide.  It 

has remained a common reason for admission to the intensive care unit (ICU). In Indonesia, 

some studies of AMI have been conducted by Fahmi et al. (2023); and Hafni, Yaswir and 

Desywar (2024).  

Classifying the AMI patient can be based on the clinical outcome or genomically. On 

the clinical outcome -based, the XGBoost classification and research related to AMI have 
been carried out by many researchers and it showed that XGBoost has a very good 

performance. For example, in Moore and Bell (2022), Li et al. (2023), Doudesis et al. (2023), 

and Kim et al. (2024).  
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The genomically-based research, where they tried to find the markers for AMI 

disease, have been carried out by Wang et al. (2021), Hu et al. (2022), Xue et al. (2022), 

Kang et al. (2023), Miao et al. (2023), Li et al. (2023), Sun et al. (2023), Yang et al. (2023) 

and You and Dong (2023). They implemented the AI-Machine learning related based 

methods such as random forest, xgboost. support vector machine, support vector machine -

recursive feature elimination, lasso, decision tree, and network analysis. 

In this paper, we used the XGBoost method to classify patients of acute myocardial 

infarction (AMI) based on their genomic profiling and then retrieved the most important 

genes in classifying the patients. These important genes are the gene markers for the AMI. 

As Hafni, Yaswir and Desywar (2024) mention that one of the criteria to diagnosis of AMI 

is increased cardiac biomarkers.  Therefore, it is very important to find the markers of the 

AMI in order preventing the young AMI patient untreated appropriately.  

 

3. MATERIAL AND METHOD  

3.1. Data 

The data used in this research is secondary data taken from NCBI, sourced from 

research by Suresh et al. (2014), which has been updated in 2019. The study used blood 

volume samples obtained from patients who experienced their first myocardial infarction 

(AMI) within 48 hours after the myocardial infarction, as well as control patients who had 

regular echocardiograms and no history of heart disease. 

The samples consisted of blood samples collected from 52 subjects, of which 31 

subjects experienced AMI and 21 were controls. The data generated from this research was 

then stored in the NCBI Gene Expression Omnibus (GEO) database with access number 

GSE48060. Patients were grouped into three classes, namely Patients with recurrent events 

(R), without recurrent events (WR), and Normal control (NC), with 54675 genes. 

3.2. Pre-processing and Filtering 

After the microarray data is obtained, before it is analyzed further, the data must go 

through the pre-processing and filtering stages (Gentleman et al. (2024) and Fajriyah 

(2021)). The pre-processing stage is crucial (Fajriyah, 2021) such that the data used in the 

analysis is representative and the error is minimized. There are four steps in the pre-

processing, namely background correction, normalization, probe correction and 

summarization. In this paper we use RMA method for background correction, quantile 

method for normalization, no probe correction and median polish method for summarization 

(Baans, Jambek and Said (2019), and Federico et al. (2022)). 

The filtering stage is a stage to reduce variables that are irrelevant and do not 

contribute significantly so that the classification will be more effective. There are two steps 

in filtering, namely non-specific and specific filterings. The non-specific filtering is filtering 

the genes which have low expression and variation, control probes and probe ID. The 

specific filtering is filtering the genes which have no different expression across 

class/treatment. 

3.3. Analysis Method 

The XGBoost classification method was used in data analysis. XGBoost is a machine 
learning method that combines boosting with gradient boosting (Mienye and Sun (2022)). 

Gradient boosting (GB) is one of several methods often used, namely the gradient descent 

boosting approach. The development of this algorithm includes Extreme Gradient Boosting 
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(XGBoost). This method is a tree ensembles algorithm with several classification and 

regression trees (CART) and were proven to be more effective in predicting the results of 

various clinical problems. In XGBoost, the boosting method is used to build the model, and 

when building a new model, the gradient descent method is used to reduce errors.  

For a given data set with 𝑛 observation of 𝑦 response variable (class of object) and 

𝑚 feature  𝑥, suppose 𝑓(𝑥) is the function to predict 𝑦 based on 𝑥. The XGBoost minimize 

the lost function �̂�(𝑥) to determine the most suitable feature. The loss function is defined as  

�̂�(𝑥) = arg min𝑓 𝐸𝑥,𝑦[𝐿(𝑦, 𝑓(𝑥))] (1) 

where 𝐿(𝑦, 𝑓(𝑥)) is the residual of the sample. In building the XGBoost model, the 

parameters used will influence how good the built model to predict (Elgeldawi, 2021). 

Therefore, it is crucial to select the right combination of parameters such that the accuracy 

will be high. The hyperparametres in the XGBoost are eta, gamma, max depth, min child 

weight, subsample and colsample by tree.  

The procedure carried out in XGBoost is: 1) Divide the data into two, namely train 

data and test data, with a ratio of 80%: 20%. 2) Build an XGBoost classification model using 

training data and calculate classification criteria. 3) Test the model with test data and 

calculate classification criteria. The XGBoost works as following 

1. Create a single leaf tree, which is initializing prediction probability 𝑃𝑖
0, 𝑖 = 1,2, … , 𝑛  

2. For the first tree, compute the average of response variable as prediction and calculate 

the residuals using the desired loss function 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑖
𝑡 = 𝑌𝑖 − 𝑃𝑖

𝑡−1. The subsequent 

trees’ residuals is computed from prediction based on the previous tree. 

3. Compute the similarity score  𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑠𝑐𝑜𝑟𝑒 =
𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙2

𝐶𝑜𝑣𝑒𝑟+ 𝜆
 

where, Gradient2 is squared sum of residuals = ∑  𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑖
𝑡𝑛

𝑖=1 , Cover is sum of 

previous probability *(1-previous probability) = ∑  𝑃𝑖
𝑡(1 − 𝑃𝑖

𝑡)𝑛
𝑖=1  and λ is Gamma in 

hyperparameter. 

4. Based on similarity score,  select the right node and calculate information gain.  
𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝐺𝑎𝑖𝑛 =  𝐿𝑒𝑓𝑡 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 +  𝑅𝑖𝑔ℎ𝑡 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 –  𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑓𝑜𝑟 𝑅𝑜𝑜𝑡  

5. Compute the leaf output value 𝑂𝑢𝑡𝑝𝑢𝑡𝑖 =
∑  𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑖

𝑡𝑛
𝑖=1

∑  𝑃𝑖
𝑡(1−𝑃𝑖

𝑡)𝑛
𝑖=1 +λ

 

6. Compute log odds value 𝐿𝑜𝑔 𝑜𝑑𝑑𝑠𝑖
𝑡 = 𝑙𝑜𝑔 (

𝑃𝑖
𝑡

1−𝑃𝑖
𝑡) 

7. Compute predicted value = new probability  𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒 =  𝐿𝑜𝑔 𝑜𝑑𝑑𝑠𝑖
𝑡  +

𝜂 𝑂𝑢𝑡𝑝𝑢𝑡𝑖  where 𝜂 is Eta, the learning rate. 

8. Compute the probability of predicted value as 𝑃𝑖
𝑡+1 =

exp (𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒)

1+exp (𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒)
  

9. Go back to step 1 and repeat the process for all the trees. 

 

In this paper, we use the R packages xgboost to do the xgboost classification for the data set.  

3.4. Evaluation Criteria 

The model performance is assessed through confusion matrix, where the metrics such 

as accuracy, precision, recall/sensitivity, and specificity can be computed. Precision is a 

metric to measure the true positive predictions for the overall results predicted. Recall is the 

ratio to compare true positive predictions with the sum of true positives and false negatives. 

To measure the proportion of correctly predicted toward all data then the accuracy metric is 

implemented. In this paper we use the F1-Score to evaluate the XGBoost classification 

model. 
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Table 1. Confusion Matrix 

Actual 
Prediction 

Class 1 Class 2  

Class 1  TP FN 

Class 2 FP TN 

Based on confusion matrix in Table 1, then some metrics can be computed such as 

Accuracy =
TP+TN

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
𝑥100%, Precision =

TP

𝑇𝑃+𝐹𝑃
𝑥100%, Recall (Sensitivity) =

TP

𝑇𝑃+𝐹𝑁
𝑥100% = 𝐴𝑈𝐶, Specificity =

TN

𝑇𝑁+𝐹𝑃
𝑥100%, and 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2𝑥

Precision x Recall

Precision+ Recall
 

 

4. RESULTS AND DISCUSSION 

4.1. Pre-processing and Filtering 

In the pre-processing stage, the affyPLM package from Bioconductor is 

implemented. Pre-processing is carried out to minimize non-biological errors in the data, 

namely errors caused by technical or experimental factors, reduce noise in the data, and 

reduce the impact of these variables. The pre-processing carried out is background 

correction, normalization, and summarization. The RMA method is selected in the 

background correction step. Meanwhile, the methods for normalization and summarization 

are the quantile and median Polish methods, respectively. 

Before pre-processing process, the genes expression among samples are showing 

distributed differently, see Figure 1. This different can be biologically different or due to 

some non-biological error measurement. Because of this then the pre-processing is needed 

to be implemented, where the results can be seen in Figure 1. The next step is filtering, at 

the filtering stage, the Bioconductor genefilter package is used through the nsFilter function. 

In this case, the selected filtering criteria is to filter genes with low IQR and variability, 

which are included in the control probe and have ID duplications.  

Before filtering we have 54675 genes and after filtering process we obtained 10412 

genes only. In this research we only have two classes, namely AMI and normal patients. Due 

to these two classes, it is possible that some genes (among 10412 genes) will have the same 

expression between two classes. Then this led to the feature selection process. Feature 

selection was done using the t-test, and the p-value threshold used was 0.00001. The results 

of the feature selection process provide 14 genes. These 14 genes used as independent 

variables (features) to build an XGBoost classification model. 

 

Figure 1. Gene Expression Before Pre-Processing 
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Figure 2. Gene Expression After Pre-Processing 

4.2. Model Building 

The hyperparameter tuning process uses the grid search method to obtain parameters 

that optimize the XGBoost classification model. The best parameters values are 

nrounds=500, eta= 0.5, max depth=4, gamma=1, subsample=0.5, min child weight = 2 and 

colsample by tree=1.  The model produces accuracy, precision, recall, specificity, F1-Score 

and AUC are respectively 88.89, 100, 80, 100, 88.89 and 90. These values indicate that the 

model is very good to classify the AMI patients based on their genomics profile.  

The model provides 16 trees where the variables X201605_x_at plays prominent 

role. One of the trees from the model can be seen in Figure 3. Figure 3 show that the initial  

leaf  (root  node)  in  the classification results of AMI patient X201605_x_at, the calponin 2 

gene, and X223925_s_at, the myotrophin gene. Myotrophin is a more powerful predictor of 

major adverse cardiac events following acute coronary syndrome (Khan et al. (2007)), which 

is significantly related to AMI. 

 

 

Figure 3. The XGBoost Tree Model 

4.3. Feature Importance 

In classifying the patients, understanding which genes play important role into it, is 

part of investigating which genes are considered as markers for the disease. Table 2 shows 

ten most important genes (features), based on the gain criterion, and their full description. 

The research results in Tables 2 inline with the results obtained by Ahammad (2018). 

Table 2 also shows that, MPTN, also known as the myotropin gene, is related to cardiac 

hypertrophy and is considered a strong predictor of dangerous cardiovascular events (Khan 
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et al. (2007) and Ahammad, (2018)). The CNN2, according to Yang et al. (2023) has been 

linked to HXP to treat AMI. 

Table 2. Importance Variable Annotation 

Probe Id Gain Symbol Entrezid Genename 

201605_x_at 0.284 CNN2 1265 calponin 2 

213350_at 0.225 RPS11 6205 ribosomal protein S11 

223925_s_at 0.156 MTPN 136319 myotrophin 

208052_x_at 0.079 CEACAM3 1084 CEA cell adhesion molecule 3 

244889_at 0.068 LOC400499 400499 putative uncharacterized protein 

LOC400499 

220646_s_at 0.060 KLRF1 51348 killer cell lectin like receptor F1 

210865_at 0.049 FASLG 356 Fas ligand 

230742_at 0.049 RBM5 10181 RNA binding motif protein 5 

215342_s_at 0.031 RABGAP1L 9910 RAB GTPase activating protein 1 like 

Study from Qiu and Liu (2019) found that LOC400499 is related to AMI incidents 

and FASLG is related to recurrent AMI. According to recent studies of AMI, Jia et al.(2024) 

proposed that FASLG is a possible biomarker for the early diagnosis for AMI. This finding 

is very important since early diagnosis and treatment is very crucial.  

 

 

Figure 4. Heatmap of Importance Variables, 0: WR, 1: NC 

Further analysis of these importance genes, which is using the differentially 

expressed genes (DEG) and visualized them using the heatmap visualization can be seen in 

Figure 4. Figure 4 shows the up and down regulated genes of AMI. In total, we have 14 

genes AMI related. The up-regulated genes are 208052_x_at, 213350_at, 244889_at, 

224846_at, 223925_s_at, and 201605_x_at. Meanwhile, the down-regulated genes are 

214470_at,215342_s_at, 220646_s_at, 213737_x_at, 230742_at, 238121_at, 215114_at, and 

210865_at.  The term of up and down regulated mean that the expression of this gen is higher 



76 Rohmatul Fajriyah (Gene Markers Identification) 

and lower according to statistical interpretation if we compare them based on the two patient 

treatment or condition. 

4.4. Remarks 

Acute Myocardial Infarction (AMI) or heart attack is a condition that occurs when 

blood flow to the heart muscle suddenly stops, usually due to blockage of the coronary 

arteries. In this study, the research focus is on AMI without recurrent events. It refers to cases 

where the patient does not experience a repeat heart attack after the first. This research was 

conducted to identify marker genes associated with Acute Myocardial Infarction (AMI), 

including without recurrent events. Some significant marker genes were found, namely 

208052_x_at, 213350_at, 244889_at, 224846_at, 223925_s_at, and 201605_x_at for AMI 

and for normal control class is characterized by the marker genes 214470_at,215342_s_at, 

220646_s_at, 213737_x_at, 230742_at, 238121_at, 215114_at, and 210865_at. 

In the study, marker genes show differences in expression between patients with AMI 

without recurrent events and the normal control group. They provide information about 

disease mechanisms and help diagnose, predict, and treat. Some genes marker has identified 

based on the study. However, further research is needed to identify further the specific 

function or involvement of these genes in AMI without recurrent events. 

The control (normal) class is characterized by the genes marker 

214470_at,215342_s_at, 220646_s_at, 213737_x_at, 230742_at, 238121_at, 215114_at, and 

210865_at. Similar to the previous marker genes, there is no information about the specific 

function or involvement of these genes in normal conditions or AMI without recurrent 

events. These findings indicate differences in gene expression between patients with AMI 

without recurrent events and the control group (normal). However, further research is needed 

to understand deeply the role and mechanisms of these genes in AMI without recurrent 

events. 

 
Figure 5. Down and Up Regulated Genes 

NCBI has provided an online analysis for the available data sets in its website, GEO2R. The 

analysis is limited to the t.test and or one-way anova. In comparison toward our research and 

GEO2R, we can highlight some information as following. The GEO2R for 2 conditions, WR 

and Normal AMI patients, provided 51 differentially expressed genes where 13 are down 

regulated genes (Normal)  and 38 are up regulated genes (AMI).  The genes in this research 

are part of them. Volcano plot where group 1 is Normal patient and group 2 is AMI patient, 

visualizing the down and up regulated genes, as in Figure 5. 
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5. CONCLUSION 

Based on the analysis that has been carried out, with optimal grid search 

hyperparameter tuning values, namely nround = 500, eta = 0.5, max_depth = 4, gamma = 1, 

subsample = 0.5, min_child_weight = 2, and colsample_bytree = 1, the XGBoost method 

provides a very high classification accuracy of 100, in classifying patients into without 

recurrent event or normal control based on their genomic profiling. Some gene markers 

related to determining patients, including those without recurrent events, were identified. 

The genes marker of AMI are 208052_x_at, 213350_at, 244889_at, 224846_at, 

223925_s_at, and 201605_x_at. The normal control class is characterized by the genes 

marker 214470_at,215342_s_at, 220646_s_at, 213737_x_at, 230742_at, 238121_at, 

215114_at, and 210865_at. In this research, the built model did not consider imbalance 

classes. That is, it only used two classes out of 3 classes in the original data. Future research 

is expected to include all classes by considering imbalance classes in the modeling. We can 

also use genomics data on acute myocardial infarction patients from Indonesia. 
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