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A B S T R A C T   

Liver cancer, a global menace, ranked as the sixth most prevalent and third deadliest cancer in 2020. The 
challenge of early diagnosis and treatment, especially for hepatocellular carcinoma (HCC), persists due to late- 
stage detections. Understanding HCC’s complex pathogenesis is vital for advancing diagnostics and therapies. 
This study combines bioinformatics and machine learning, examining HCC comprehensively. Three datasets 
underwent meticulous scrutiny, employing various analytical tools such as Gene Ontology (GO) function and 
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis, protein interaction assess-
ment, and survival analysis. These rigorous investigations uncovered twelve pivotal genes intricately linked with 
HCC’s pathophysiological intricacies. Among them, CYP2C8, CYP2C9, EPHX2, and ESR1 were significantly 
positively correlated with overall patient survival, while AKR1B10 and NQO1 displayed a negative correlation. 
Moreover, the Adaboost prediction model yielded an 86.8 % accuracy, showcasing machine learning’s potential 
in deciphering complex dataset patterns for clinically relevant predictions. These findings promise to contribute 
valuable insights into the elusive mechanisms driving liver cancer (HCC). They hold the potential to guide the 
development of more precise diagnostic methods and treatment strategies in the future. In the fight against this 
global health challenge, unraveling HCC’s intricacies is of paramount importance.   

1. Introduction 

Liver cancer and is becoming a widespread malignancy globally, 
which ranks as the sixth most prevalent type of cancer and the third 
deadliest worldwide in 2020 [1,2]. A significant number of patients with 
liver cancer are diagnosed at an advanced stage, limiting the treatment 
options and causing a high rate of recurrence. Only a small portion of 
these patients, less than 20 %, are eligible for surgical interventions such 
as resection or transplantation [3,4]. 

Liver malignancies are divided into two categories: primary and 
secondary. The most frequent form of primary liver cancer is hepato-
cellular carcinoma (HCC), which originates from hepatocytes [5]. 
Another type of primary liver malignancy is intrahepatic chol-
angiocarcinoma (ICC) and HCC that arises from bile duct epithelial cells 
[6]. Contributors to the development of HCC include common viral 

hepatitis infections, alcohol consumption, the fungal metabolite afla-
toxin B1, liver flukes, autoimmune liver disease, non-alcoholic fatty 
liver, and metabolic syndrome [6]. The treatment options for HCC are 
limited, including surgical removal, interventional therapy, and liver 
transplantation. Despite being the most commonly used treatment, 
surgery has not significantly improved treatment outcomes. The path-
ogenesis of HCC is still not well understood due to its complexity and 
high variability, making exploration of its pathogenesis and the dis-
covery of specific biomarkers and therapeutic targets crucial for 
improving HCC diagnosis and treatment. In this context, the utilization 
of nanomaterials in biosensor and medicine has garnered substantial 
attention due to their unique physicochemical properties and versatile 
applications. Recent advances in nanotechnology have led to the 
development of nanomaterial-based biosensors that enable the sensitive 
and specific detection of biomolecules, contributing to the early 
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diagnosis of diseases including cancer [7–9]. 
Furthermore, the continued advancement of the Human Genome 

Project, the creation of the Cancer Genome Atlas, and the emergence of 
high-throughput technology and big data platforms have fueled the 
utilization of bioinformatics in the realm of tumor gene expression 
profiling, particularly in the fields of carcinogenesis and mechanism of 
progression. This allows for rapid analysis of large data sets and a more 
comprehensive understanding of differentially expressed genes in HCC 
progression. While various studies have explored the genetic landscape 
of HCC, the integration of bioinformatics techniques and machine 
learning holds the promise of unraveling novel insights into the mo-
lecular mechanisms driving HCC progression. Recent studies have 
shown that the potential for hepato-carcinogenesis can be predicted by 
evaluating genes with distinct expression profiles [10–14]. In light of the 
need for precise tools to combat HCC, cutting-edge approaches in bio-
informatics and machine learning were introduced to advance our un-
derstanding of HCC at the molecular level [15–19]. Through the 
integration of multidisciplinary techniques, studies were strived to 
contribute to the development of effective strategies for the early 
detection and management of HCC. By analyzing gene expression pro-
files from diverse datasets, key differentially expressed genes associated 
with HCC could be identified, shedding light on potential therapeutic 
targets and diagnostic markers. Jia et al., for example, trained 
non-tumor liver tissue next to a tumor cancer as a normal sample and 
used it to derive a marker [20]. Ao et al. obtained an early diagnostic 
marker for HCC consisting of 19 gene pairs based on relative expression 
orderings (REO)-based strategy [21,22].With the development of 
sequencing techniques, next generation sequencing (NGS) technology 
[23,24] and single-cell RNA sequencing (scRNA-seq) were applied in the 
prediction hub-genes of HCC [22]. However, the high cost is one of the 
factors affecting the widely application of these strategies. Hence, 
mRNA expression profiles combined with machine learning approaches 
is still an effective strategies. 

In this article, we present an exploration into the intricate landscape 
of HCC through the integration of bioinformatics techniques and ma-
chine learning. We introduced three comprehensive datasets of HCC and 
subjected them to meticulous screening using advanced computational 
methodologies. Concurrently, prediction models for HCC were meticu-
lously crafted using machine learning algorithms, offering a novel 
approach to unravel the complex mechanisms underlying this formi-
dable disease. Beginning with the systematic analysis of gene expression 
profiles across the datasets, we employed a series of analytical tools to 
decode the underlying biology. The culmination of this comprehensive 
analysis included GO function enrichment analysis, KEGG pathway 
enrichment analysis, protein interaction analysis, and survival analysis. 
These endeavors collectively unveiled an ensemble of twelve key genes 
intricately linked to the intricate tapestry of HCC. Central to our study 
was the implementation of the Adaboost prediction model, which 
demonstrated an exceptional accuracy rate of 86.8 %. This accom-
plishment underscored the potential of machine learning algorithms to 
decipher intricate patterns within complex datasets, thereby facilitating 
accurate predictions in a clinically significant context. 

2. Materials and methods 

2.1. Data collection 

In this study, the datasets are selected by considering factors 
including tissue type, disease stage, sample size, clinical information, 
data quality, and platform compatibility. Relevant datasets with larger 
sample sizes, high-quality data, and detailed clinical information are 
prioritized based on research objectives. Hence, we selected high quality 
data sets with samples size are greater than 100, and the datasets with 
not too significant difference in positive and negative sample numbers. 
As a result, the mRNA expression profiles of three data sets GSE54236, 
GSE121248 and GSE164760 were downloaded from the GEO database. 

Totally, 428 patients were collected. GSE54236 belongs to the platform 
GPL6480, GSE121248 belongs to the platform GPL570, and GSE164760 
belongs to the platform GPL13667. The linear regression model software 
package Limma was used to calculate the differences of different groups 
of chips and normalize them. 

2.2. Differential expressed genes 

Using R language to screen out differentially expressed genes with | 
log2FC|>1 and P.Value < 0.05 as the standard. Through Wayne anal-
ysis, cross differentially expressed genes were screened out from these 
two data sets [25,26]. 

2.3. Gene ontology and KEGG analysis 

Gene ontology(GO) function analysis generally includes biological 
process (Biological Process, BP), molecular function (Molecular Func-
tion, MF), and cellular component (Cellular Component, CC) [27]. In 
this study, the differentially expressed genes were imported into the 
online tool DAVID database (https://david.ncifcrf.gov/). Then, Official 
Gene Symbol was selected as gene identifier. Third, GO and KEGG 
enrichment analysis was performed respectively, and the obtained data 
were used to draw bubble charts [28,29]. 

2.4. Protein-protein interaction network 

Use the online database String to construct a network diagram of 
protein-protein interactions between differentially expressed genes and 
analyze the interactions between protein functions. Then use Cytoscape 
software (3.8.0) online tool to visualize the PPI network module [30, 
31]. 

2.5. Survival analysis 

After screening the target genes using PPI network analysis, the 
online tool GEPIA database was used to analyze the relationship be-
tween the expression level of target genes and OS in HCC patients with 
HCC patients with detailed clinical data in the TCGA database. Verify its 
participation in the process of HCC tumorigenesis. 

2.6. Model prediction 

In this study, six machine learning algorithms including AdaBoost 
[32–36], C4.5 [37–40], Random Tree [41–43], Random Forest [44–51], 
K-Nearest Neighbors (KNN) [52–54], and Bayesian Net [49,55–59] 
widely employed in the field of medicine science [60–62], life science 
[63] and food science [64–67]were applied to build prediction models 
for HCC. All the computation were performed by Software WEKA 3.7. 

2.6.1. AdaBoost 
Adaboost is a collective term for bagging and adaboosting, which 

was proposed by Freund and Schapire [68]. The main idea is that in 
machine learning, weak learning algorithms are equivalent to strong 
learning algorithms as long as you can find a weak learning algorithm 
that is slightly better than random guessing. Then, it could be boosted 
into a strong learning algorithm without the need to directly find strong 
learning algorithms, which are usually hard to obtain in most cases [69, 
70]. 

2.6.2. C4.5 
C4.5 is a classic decision tree learning algorithm for building clas-

sification models [71,72].C4.5 can divide the training set into different 
subsets based on different features and feature values. It then selects the 
best features for node splitting by calculating the information gain. Next, 
C4.5 recursively builds a decision tree, starting from the root node and 
selecting features with the highest information gain for splitting, 

Y. Shen et al.                                                                                                                                                                                                                                    

https://david.ncifcrf.gov/


Biochemistry and Biophysics Reports 37 (2024) 101587

3

creating child nodes until the stopping condition is satisfied. Finally, the 
decision tree generated by C4.5 can be used to categorize new data 
samples by traversing the branches and nodes of the tree to determine 
the class to which the sample belongs [73]. 

2.6.3. Random Tree 
Random tree is a machine learning algorithm which is a variant of 

decision tree [74]. In Random Tree, a decision tree is constructed by 
introducing randomness to improve the generalization performance of 
the model and resist overfitting. The main feature of Random Tree is the 
possibility of random feature selection and random sample selection. 
Instead of using the entire training dataset in constructing each decision 
tree, a portion of samples from the training data is randomly selected for 
training [75]. This random sampling helps to introduce diversity and 
improves the generalization performance of the model. During each 
node split, instead of using all available features to select the best split 
feature, a subset of features from the feature set is randomly selected for 
the split. This helps reduce the risk of overfitting as there is no 
over-reliance on certain features [75]. 

2.6.4. Random forest 
Random Forest is a powerful integrated machine learning algorithm 

that improves prediction performance by constructing multiple decision 
trees [76].Each decision tree is trained on a different subset of data, 
which is generated by random sampling. In addition, when splitting the 
nodes of each decision tree, instead of considering all available features, 
Random Forest randomly selects a subset from the feature set for split-
ting. This introduction of randomness helps to increase the diversity 
among decision trees, reduce the risk of overfitting, and improve the 
generalization performance of the overall model. Generally, the pre-
dictions of the random forest are derived by voting (for classification 
problems) or averaging (for regression problems) the individual pre-
dictions of each decision tree [77]. This integrated approach makes 
Random Forests excel at handling a wide range of complex tasks because 
it reduces the error of individual decision trees and improves the sta-
bility and accuracy of the overall model [78]. 

2.6.5. K-Nearest Neighbors (KNN) 
The k-Nearest Neighbors (KNN) method uses a metric to measure the 

distance between two instances. After receiving an unknown sample, it 
selects k samples from the known samples that are closest to it and then 
determines the most common label among these k labeled samples to 
make a prediction for the unknown sample. The commonly used metric 
is the Euclidean distance, but other metrics are also possible. KNN is a 
lazy learning method that stores samples and classifies them only when 
needed. If the sample set is complex, it can lead to significant compu-
tational overhead [79]. 

2.6.6. Bayesian Net 
The Bayesian Net (BN) is a probabilistic graphical model based on 

Bayes’ theorem and graph theory. This model uses a directed acyclic 
graph to represent causal dependencies between random variables, 
where nodes represent random variables and edges represent de-
pendencies between variables. Each node is associated with a condi-
tional probability distribution that describes the conditional probability 
of the node given the value of its parent. Using Bayes’ theorem, prob-
abilistic inference can be performed in Bayesian net to compute a pos-
teriori probability distributions for other nodes from known evidence for 
tasks such as prediction, diagnosis, and classification [80]. 

2.6.7. Prediction measurement 
The predictive performance of the prediction models was evaluated 

by ten-folds cross-validation. Sensitivity (Sn), specificity (Sp), and Ac-
curacy (ACC) were employed to measure the prediction ability of model. 
The SN, SP and ACC can be represented as:  

SN = TP/[TP + FN]                                                                               

SP = TN/[TN + FP]                                                                               

ACC = [TP + TN]/[TP + TN + FP + FN],                                              

Where TP, TN, FP and FN are true positives, true negatives, false posi-
tives and false negatives, respectively [81–83]. 

3. Results 

3.1. Selection of differential expression genes 

Following the examination of datasets (GSE54236, GSE121248, and 
GSE164760), we identified 12015, 25705, and 13503 genes with dif-
ferential expression, respectively. The volcano map (Fig. 1) shows the 
differentially expressed genes in the three data sets. Red is high- 
expressed genes (logFC>1, P.Value < 0.05), and blue is low-expressed 
genes (logFC < − 1, P.Value < 0.05). Hence,955, 1235, and 113 genes 
with differential expression were obtained after removing those differ-
ential expression genes in the range of [− 1,1]. 

3.2. Biological function analysis 

The GO function enrichment analysis is comprised of three distinct 
sections: Biological Process (BP), Cellular Component (CC), and Mo-
lecular Function (MF). Results from the BP analysis reveal that the 
differentially expressed genes contribute to processes such as oxidation- 
reduction process, cell adhesion, immune response and cell surface re-
ceptor signaling pathway (as seen in Fig. 2A). The MF analysis indicated 
that they play a role in calcium ion binding, iron ion binding and serine- 
type endopeptidase activity (as demonstrated in Fig. 2B), while CC 
analysis determined that these genes are located in extracellular region 
and extracellular exosomes (as depicted in Fig. 2C). Furthermore, the 
KEGG pathway enrichment analysis showed that these genes are pre-
dominantly involved in Chemical carcinogenesis and Linoleic acid 
metabolism (as illustrated in Fig. 2D). 

3.3. Protein-protein interaction network analysis 

PPI network maps of differentially expressed genes were generated 
using the STRING online database and Cytoscape software. Confidence 
level >0.4 and Degree >80 were set as the cut-off criteria to obtain the 
protein-protein interaction network DEG-A consisting of the differen-
tially expressed genes with the highest clustering coefficients (Fig. 3 A). 

Then, the DEG-A network was further analyzed by MCODE algo-
rithms to refine the DEGs. As a result, 12 DEGs were obtained. Two 
densely connected network components were identified by the MCODE 
algorithm (Fig. 3B and C). As the score of MCODE 2 is higher thang 
MCODE 1, the genes in MCODE 2 are considered important for HCC, 
which include AKR1B10, CYP1A2, CYP2C8,CYP2C9, CYP2C19, EPHX2, 
ESR1, MAF, NAT2, NQO1, SRXN1 and TXNRD1 (Fig. 3C). 

3.4. Survival analysis 

To further investigate the target gene expression and its correlation 
with the overall survival(OS) of HCC patients, a Kaplan-Meier survival 
analysis was carried out using the TCGA database. The target genes were 
screened using PPI, and the median gene expression was used as the 
baseline for dividing into high and low expression groups. Results 
showed that the expression of CYP2C8, CYP2C9, EPHX2, and ESR1 were 
positively correlated with the patient’s OS, meaning the higher the 
expression, the shorter the patient’s survival. On the other hand, 
AKR1B10 and NQO1 showed a negative correlation with the patient’s 
OS. However, no significant correlation was found between the 
expression of CYP1A2, CYP2C19, MAF, NAT2, SRXN1, and TXNRD1 and 
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the survival of HCC patients (Fig. 4). 
Indeed, validation of the identified key genes in independent HCC 

datasets is an important aspect that strengthens the credibility and 
applicability of our findings. To address the issue of validation, three 
additional independent HCC datasets(GSE101685, GSE62232 and GSE 
45267) were collected. These datasets will cover diverse patient pop-
ulations, including different demographics and disease stages, to ensure 
a comprehensive validation process. The identified key differentially 
expressed genes, including CYP2C8, CYP2C9, EPHX2, ESR1, AKR1B10 
and NQO1, were critically evaluated in these datasets. The results show 
that aforementioned six genes displayed significant differences in the 
three data sets(See Table 1). 

3.5. Model prediction 

The 12 key genes chosen were linked to HCC, making them potential 
predictors for the disease. Six predictive models were created using a 
variety of algorithms, each undergoing 10-folds cross-validation. As 
demonstrated in Table 2, all six models demonstrated excellent predic-
tion capabilities. Among these models, Adaboost demonstrated the best 
performance when compared to the other algorithms. 

4. Discussion 

In this study, the differential expression genes were identified and 
screened. The results of the GO functional enrichment analysis indicated 
that these genes were associated with various processes including 

oxidation-reduction process, cell adhesion, immune response, proteol-
ysis, cell surface receptor signaling pathway, calcium ion binding, 
enzyme binding, iron ion binding, serine-type endopeptidase, plasma 
membrane, extracellular region, and extracellular exosomes. Further-
more, the KEGG pathway enrichment analysis showed that these genes 
are predominantly involved in metabolic pathways, linoleic acid meta-
bolism, chemical carcinogenesis, mineral absorption, arachidonic acid 
metabolism, retinol metabolism, and drug metabolism - cytochrome 
P450. The cytochromes P450 are part of a family of hemoglobin mole-
cules that play a role in the metabolism of both endogenous and exog-
enous substances, drugs, and compounds [84]. These CYP450 proteins 
not only participate in the metabolism of various drugs in the liver but 
are also closely related to various liver diseases, including HCC. When 
the liver experiences pathological changes, CYP activity and expression 
decreases, which is linked not only to the severity of liver disease but 
also to the cause of cirrhosis [85]. 

The survival analysis revealed interesting patterns of gene expression 
and its correlation with patient survival. Specifically, the expression 
levels of CYP2C8, CYP2C9, EPHX2 and ESR1 showed a positive corre-
lation with patients’ OS, indicating that higher gene expression was 
associated with shorter survival. This unexpected finding suggests that 
these genes may play a role in promoting HCC progression or signaling a 
dysregulated state within the tumor microenvironment. Conversely, 
AKR1B10 and NQO1 showed a negative correlation with patients’ OS, 
indicating that increased expression of these genes was associated with 
longer survival in HCC patients. This observation suggests that AKR1B10 
and NQO1 may have tumor-suppressive properties or may indicate a 

Fig. 1. Differential expression genes of GSE54236、GSE121248 and GSE164760(Red: significantly up-regulated genes with logFC>1, Blue: significantly down- 
regulated genes with logFC<1, Black: significantly down-regulated or up-regulated with logFC between − 1 and 1, P < 0.05). 
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Fig. 2. Enrichment of biological function of differentially expressed genes in GSE54236、GSE121248 and GSE164760(A: Differentially expressed genes in Biological 
Process of Gene Ontology, B: Differentially expressed genes in Molecular Function of Gene Ontology, C: Differentially expressed genes in Cellular Component of Gene 
Ontology, D: differentially expressed genes in KEGG). 
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more favorable prognosis. Notably, for certain genes, such as CYP1A2, 
CYP2C19, MAF, NAT2, SRXN1 and TXNRD1, no significant correlation 
was found between their expression levels and survival of HCC patients. 
This underscores the complexity of the molecular landscape in HCC, 
where specific genes may have unique influences on patient outcomes. 

High expression of CYP2C8 and CYP2C9 associated with shorter 

overall survival (OS) in HCC patients may be counterintuitive given that 
these genes are members of the cytochrome P450 family, known for 
their role in drug metabolism [86]. However, it is important to consider 
that these enzymes have multiple functions outside of drug metabolism, 
including involvement in inflammatory and oxidative stress pathways. It 
is possible that increased expression of these genes could indicate a 

Fig. 3. Protein-protein interaction(PPI) network of differentially expressed genes (A: PPI network with Confidence level >0.4 and Degree >80; B: MCODE 1 network; 
C: MCODE 2 network). 

Y. Shen et al.                                                                                                                                                                                                                                    



Biochemistry and Biophysics Reports 37 (2024) 101587

7

Fig. 4. Survival analysis of twelve differentially expressed genes. (A: AKR1B10, B:CYP1A2, C: CYP2C8, D: CYP2C9, E: CYP2C19, F:EPHX2,G:ESR1, H:MAF, I:NAT2, 
J:NQO1, K:SRXN1, L:TXNRD1.). 

Y. Shen et al.                                                                                                                                                                                                                                    



Biochemistry and Biophysics Reports 37 (2024) 101587

8

Fig. 4. (continued). 
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dysregulated metabolic state or altered cellular processes leading to 
tumor progression. 

Considering that ESR1 encodes estrogen receptor α, which is a well- 
known breast cancer target, less is known about the role of estrogen 
receptors in HCC, but estrogen signalling has been implicated in the 
progression of HCC. Elevated ESR1 expression may be associated with 
hormonal imbalances or other molecular pathways leading to a more 
aggressive phenotype [87,88]. The ESR1 gene codes for an estrogen 
receptor and a transcription factor activated by ligand. This factor reg-
ulates the transcription of genes inducible by estrogen that is linked to 
growth, metabolism, sexual development, pregnancy and other repro-
ductive processes. Additionally, ESR1 is believed to have a contribution 
in the development of breast cancer, endometrial cancer and osteopo-
rosis [89,90]. However, several recent studies have suggested that ESR1 
may also act as master regulator for the expression in Cytochrome P450 
enzymes in the human liver [91,92]. 

Expression of AKR1B10 and NQO1 was negatively correlated with 
patients’ OS, suggesting their potential protective role in HCC. AKR1B10 
and NQO1 are enzymes involved in detoxification processes and pro-
tection against oxidative stress. High expression of these genes may 
indicate that patients have a greater ability to counteract the damaging 
effects of reactive oxygen species and other toxic compounds, leading to 
improved survival outcomes. Recently, a number of research studies 
have indicated that AKR1B10 is expressed at an elevated level in he-
patocellular carcinoma. According to a study by Wang et al., the 
expression of AKR1B10 is controlled by miR-383–5p and contributes to 
the advancement of HCC tumors [22]. The AKR1B10 protein belongs to 
the NAD (P) H-dependent oxidoreductase superfamily and plays a 
crucial role in the proliferation and development of tumors. It reduces 
carbonyl groups and regulates lipid metabolism, leading to the promo-
tion of cell survival and modulation of the retinoic acid signaling 
pathway. Additionally, AKR1B10 stabilizes ACCA, resulting in the syn-
thesis of long-chain fatty acids. These fatty acids are essential compo-
nents of membrane phospholipids and lipid second messengers, which 
drive cell growth, proliferation and survival by mediating cell signaling. 
Research has demonstrated that AKR1B10 is mainly expressed in the 
normal human small intestine and colon, and is frequently over-
produced in various types of cancer [93–96]. Recently, several studies 
have suggested that AKR1B10 may be overexpressed in cases of hepa-
tocellular carcinoma. According to a study by Wang et al., AKR1B10 is 
regulated by miR-383–5p and has been linked to promoting tumor 
progression in HCC cases [97]. Another study by Shi et al. found that 
overexpression of AKR1B10 in tumors may be associated with reduced 
overall survival in hepatocellular carcinoma patients [98]. 

NQO1 is a flavoprotein homodimer that performs the elimination of 
quinone through a one-step two-electron reduction reaction, converting 
it into hydroquinone. In contrast, if not reduced by NQO1, quinone will 

undergo a one-electron reduction to form semi-hydroquinone, which 
creates reactive oxygen species through a redox cycle. This process helps 
prevent DNA damage due to environmental stressors. Moreover, NQO1 
helps maintain the reduced forms of ubiquinone and alpha-biquinone 
and is crucial in safeguarding the body’s endogenous antioxidants [99, 
100]. Research suggests that NQO1 is a significant gene linked to the 
metabolic patterns and apoptosis of tumor cells, making it a potential 
therapeutic target for hepatocellular carcinoma (HCC) [101–103]. 

A positive correlation between EPHX2 expression and shorter OS in 
HCC patients suggests that EPHX2 may be associated with HCC 
aggressiveness.EPHX2 encodes an enzyme involved in the metabolism of 
cyclic eicosatrienoic acids (EETs), which are lipid mediators with both 
pro- and anti-inflammatory properties [87,88].Dysregulation of EPHX2 
may disrupt the homeostasis of these mediators, with potential effects on 
tumour growth, vasculature generation and immune responses. How-
ever, the exact mechanism of the association between EPHX2 expression 
and HCC survival requires further investigation. 

Besides, identification of biomarkers that can serve as potential 
predictors for the early detection and management of hepatocellular 
carcinoma (HCC) is a major area of research. In this study, 12 key genes 
linked to the development and progression of HCC were then used to 
create six different predictive models using a variety of algorithms. To 
ensure the accuracy and reliability of the predictive models, each one 
underwent 10-folds cross-validation, a widely used technique in ma-
chine learning to evaluate the model’s performance. This technique 
involves dividing the data into ten equal subsets, where each subset 
serves as a test dataset once, while the rest serve as training datasets. The 
results of this study were promising, with all six models showing 
excellent prediction capabilities. However, among these models, the 
Adaboost algorithm outperformed the other algorithms in terms of 
predictive accuracy. Adaboost is a machine learning algorithm that 
combines multiple weak classifiers to form a strong classifier. The al-
gorithm’s strength lies in its ability to adapt to the complexity of the data 
and avoid overfitting. The high performance of the Adaboost algorithm 
in predicting HCC based on the expression of the 12 key genes un-
derscores its potential usefulness in clinical settings. Its ability to accu-
rately predict HCC can aid clinicians in early detection and intervention, 
which can significantly improve patient outcomes. 

This study uses bioinformatics techniques and machine learning to 
predict hepatocellular carcinoma (HCC)-related genes, a promising 
approach to identify potential biomarkers and elucidate disease mech-
anisms. However, an important aspect to consider is the lack of reliable 
validation. Although the key genes identified in this study are promising 
candidates, their role in HCC may be complex and context-specific. More 
in-depth functional studies, such as gene knockout or overexpression 
experiments, are needed to validate their specific contributions to HCC 
development. In addition, the computational methods used in this study 
may provide valuable insights into gene-gene interactions and potential 
HCC candidate genes, but we must recognise that the transition from 
computational prediction to actual clinical application is a multifaceted 
process. Clinical validation is a critical step in bridging the gap between 
predictions and their actual utility in diagnosing, treating or monitoring 
patients with HCC. Validation of predictive genetic profiles or bio-
markers identified by computational analyses requires rigorous experi-
mentation and evaluation in actual patient cohorts. This requires the 
collection and analysis of gene expression data from clinical samples, 
ideally across different patient populations and disease stages. The 
predictive power of the identified genes or traits must then be assessed 
against clinical endpoints such as disease progression, patient survival 
or response to therapy. In addition, the clinical validation process ad-
dresses potential confounders and sources of bias inherent in real-world 
patient data. These factors include patient demographics, comorbidities 
and treatment history, among others, which can affect the reliability and 
generalizability of calculated predictions. Rigorous statistical analysis 
and validation protocols are essential to ensure that calculated results 
can reliably inform clinical decisions. 

Table 1 
Expressions of CYP2C8, CYP2C9, EPHX2, ESR1, AKR1B10 and NQO1 in Test set.  

Data sets CYP2C8 CYP2C9 EPHX2 ESR1 AKR1B10 NQO1 

GSE101685 3.96 3.01 1.96 4.36 − 4.07 − 2.70 
GSE62232 2.54 2.42 1.61 3.28 − 4.92 − 1.63 
GSE 45267 3.11 3.26 2.00 3.41 − 2.75 − 1.74  

Table 2 
Perdition results base on different algorithm.  

Algorithms Sn (%) Sp (%) Acc (%) 

AdaBoost 81.4 90.6 86.3 
C4.5 76 91.5 84.2 
RandomTree 80.9 82.1 81.5 
Random Forest 83.8 83.3 83.6 
KNN 77 82.9 80.1 
Bayesian Net 80.4 80.4 80.3  

Y. Shen et al.                                                                                                                                                                                                                                    



Biochemistry and Biophysics Reports 37 (2024) 101587

10

In addition, machine learning algorithms were used in this study to 
construct predictive models. The accuracy and reliability of machine 
learning analyses are highly dependent on the quality and consistency of 
the data used. Datasets from different sources may differ in experimental 
techniques, sample sizes and data pre-processing methods, which can 
introduce noise and bias into the results. Discuss how data heterogeneity 
affects the robustness of study results and the likelihood of false posi-
tives or false negatives. Cancer, especially HCC, is a multifactorial dis-
ease influenced by various genetic, epigenetic and environmental 
factors. Bioinformatics analyses may oversimplify this complexity and 
miss important interactions and regulatory mechanisms. Exploring how 
the chosen method may not fully capture all contributing factors can 
lead to incomplete or inaccurate conclusions. In addition, overfitting or 
underfitting is a limitation of machine learning that can affect the pre-
dictive accuracy of a model. Therefore, it is necessary to regularly up-
date the training and test sets to refine the model and improve its ability 
to generalize. 

5. Conclusions 

HCC is a complexly-arisen tumor. The results of this study indicate 
that genes such as CYP2C8, CYP2C9, EPHX2, ESR1, AKR1B10, and 
NQO1 may hold a significant impact on the development of HCC. These 
genes have the potential to serve as a diagnostic tool or prognostic 
marker for HCC, as well as a new target for HCC treatment, potentially 
enhancing the therapeutic outcome. Overall, this study provides 
important insights into the potential of the 12 key genes and the Ada-
boost algorithm in predicting HCC. Further studies can build upon these 
findings and explore the clinical utility of these predictive models in 
large patient cohorts. 
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