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Abstract: To elucidate the diagnostic value and clinical relevance of Protein kinase D3 (PRKD3) in hepatocellular
carcinoma (HCC), we analyzed data retrieved from The Cancer Genome Atlas database, which revealed high
expression of PRKD3 in HCC tissues. Subsequently, we collected a total of 392 clinical plasma samples from
healthy individuals, patients with cirrhosis or decompensated cirrhosis, and patients with HCC. Plasma PRKD3
levels were then determined across HCC patients and individuals at high risk of developing the disease. The results
revealed significantly elevated PRKD3 concentrations in patients with cirrhosis, decompensated cirrhosis, and HCC
compared to healthy controls (P<0.01). The areas under the Receiver Operating Characteristic (ROC) curve for these
three groups were 0.8107, 0.7899, and 0.7177, respectively. To further evaluate the efficacy of PRKD3 as an
adjunctive diagnostic biomarker for HCC, we employed a panel of machine learning algorithms as primary
classifiers, including Extra Trees, Gradient Boosting, Random Forest, and Support Vector Machine. A
multi-parameter joint diagnostic model was constructed by combining PRKD3 expression data with a set of clinical
parameters, including gender, age, total bilirubin, alanine aminotransferase, aspartate aminotransferase, alkaline
phosphatase, albumin, alpha-fetoprotein, and prothrombin induced by vitamin K absence-II. This integrated
approach exhibited substantially improved diagnostic performance, achieving an accuracy of 0.861, sensitivity of
0.863, specificity of 0.925, and precision of 0.862. Collectively, these findings highlight the potential of PRKD?3 as
an integral component of a comprehensive diagnostic tool for the early identification of HCC.
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1 Introduction

Hepatocellular carcinoma (HCC) is among the most lethal malignancies globally, imposing a
particularly heavy burden worldwide. According to the Global Cancer Observatory
(http://gco.iarc.fr), HCC is the sixth most prevalent cancer and the third leading cause of
cancer-related deaths, with 906,000 new cases and 830,000 deaths in 2020 (Sung et al., 2021).
Furthermore, the National Cancer Center of China reported 367,700 new primary HCC cases in
China in 2022, ranking fourth among new cancer cases. With the fifth-highest incidence rate, the
number of deaths attributed to primary liver cancer was 316,500 in China, placing it second in terms
of cancer mortality and fatality rates (Han et al., 2024). Unlike in developed countries, the elevated
HCC mortality rate in China is driven by challenges in the sensitivity, specificity, and precision of
early diagnosis, resulting in diagnosis at advanced stages for most patients. Consequently, despite
aggressive clinical interventions, these patients ultimately succumb to recurrence and metastasis.

International guidelines previously included alpha-fetoprotein (AFP), a biomarker commonly
used in the clinical diagnosis of HCC. However, although the latest guidelines exclude AFP due to
concerns about its diagnostic accuracy, its use remains a subject of ongoing debate (Bai et al., 2017,
Razaghi and Bjornstedt, 2024). The limitations of AFP may potentially be mitigated by
incorporating auxiliary diagnostic biomarkers. The 2024 Chinese Guidelines for the Diagnosis and
Treatment of Primary Hepatocellular Carcinoma recommend prothrombin induced by vitamin K
absence-II (PIVKA-II), plasma-free microRNA (Zhou et al., 2011), and serum alpha-fetoprotein
variants (lens culinaris agglutinin-reactive fraction of AFP, AFP-L3) as early diagnostic markers for
HCC, particularly for the serum AFP-negative population. Currently, both AFP and PIVKA-II are
utilized in clinical practice to formulate diagnostic criteria for HCC. PIVKA-II is an abnormal
prothrombin produced in individuals with either vitamin K deficiency or HCC, and patients with
elevated PIVKA-II levels face a higher risk of HCC recurrence and metastasis (Debes et al., 2021;
Tian et al., 2023). However, the efficacy of PIVKA-II, either as an independent biomarker or in
combination with AFP, for prognostic prediction in HCC patients is also limited (Hiraoka et al.,
2025). Therefore, there is an urgent need to identify biologically relevant biomarkers closely
associated with HCC to enable synergistic diagnosis and improve the sensitivity and specificity of
dynamic assessments of HCC progression.

The protein kinase D (PKD) family of serine/threonine kinases, part of the
Ca*"/calmodulin-dependent protein kinase superfamily, possesses numerous cellular targets and is
involved in a variety of biological processes, including cell growth, transcriptional regulation (Ha et
al., 2008), angiogenesis (Evans and Zachary, 2011), protein trafficking (Yeaman, et al., 2004),
invasion and Epithelial-Mesenchymal Transition (EMT) (Durand, 2016). Accumulating evidence
indicates that protein kinase D3 (PRKD3), a key member of this family, modulates cancer cell
proliferation, growth, migration, and invasion across multiple tumor types. Our previous research
demonstrated that PRKD3 is significantly overexpressed in gastric cancer tissues, where it promotes
G2/M phase progression and tumor cell proliferation by regulating the expression of key cell
cycle-related proteins, such as Cyclin-dependent kinase 1 (CDK1), Cyclin B1, Checkpoint kinase 1
(Chkl), and Polo-like kinase 1 (PLK1) (Wang et al., 2025). Similarly, Zhang et al. (2019)
demonstrated that PRKD3 initiates glycolysis and upregulates
6-phosphofructokinase/fructose-2,6-bisphosphatase 3 (PFKFB3), facilitating tumor development in
gastric cancer. Liu et al. (2020) found that the PRKD3/ Extracellular signal-regulated kinase 1/
Myelocytomatosis oncogene cellular (PRKD3/ERK1/c-MYC) pathway plays an important role in
breast cancer progression, while Huck et al. (2014) revealed that PRKD3 exerts a protumor effect by
activating the Mammalian target of rapamycin complex 1- Ribosomal protein S6 kinase beta-1
(mTORC1-S6K1) pathway in triple-negative breast cancer cells. Additionally, Chen et al. (2008)
suggested that while PRKD3 enhances the proliferation of prostate cancer cells by activating
downstream Akt and Extracellular signal-regulated kinase 1/2 (ERK1/2) pathways, the absence of
PRKD3 may induce GO/G1 phase cell cycle arrest in prostate cancer cell lines, and Li et al. (2019)
demonstrated that PRKD3 promotes cancer progression by enhancing lipid production in prostate
cancer cells. A positive feedback regulation between PRKD3 and Programmed death-ligand 1



(PD-L1) was observed in oral squamous cell carcinoma, inducing the EMT in the tumor via the
Extracellular signal-regulated kinase/ Signal transducer and activator of transcriptionl/3
(ERK/STAT1/3) pathway, thereby promoting tumor growth and metastasis (Cui et al., 2021).
PRKD3 has been shown to exert oncogenic effects in HCC. Yang et al. (2017) proposed that
elevated PRKD3 expression in HCC tissues is significantly associated with poor prognosis.
Previous studies have reported a marked increase in PRKD3 protein expression in a highly
malignant biological phenotype of insulin-resistant HCC cell models (Yan et al., 2022). Our team
has also elucidated the inhibitory effect of PRKD3 knockdown on HCC proliferation and identified
Cyclin-dependent kinase 4 (CDK4), Serpin family E member 1 (SERPINE1), Sequestosome 1
(SQSTM1), RAB8A, and Nuclear receptor binding factor 2 (NRBF2) as potential key proteins in
regulatory pathways with PRKD3. Collectively, PRKD3 has been reported to participate in tumor
progression through multiple mechanisms, including cell cycle regulation, metabolic
reprogramming, and the promotion of tumor growth, metastasis, and EMT, thereby attracting
increasing attention. Notably, its effects are significantly tumor type-dependent (Tian et al., 2024).
However, the diagnostic value of PRKD3 as a clinical serum marker for HCC warrants further
investigation.

The rapid development of machine learning technology has driven significant advances in its
application in medicine, particularly regarding clinical diagnosis, treatment decision-making, and
medical resource management, where it has demonstrated great potential (Swanson et al., 2023;
Calderaro et al., 2022). Interdisciplinary research on tumors has focused on integrating machine
learning into tumor screening, diagnosis, treatment, patient care, and rehabilitation (Goldenberg et
al., 2019; Bi et al., 2019; Bagheri et al., 2017; Ghosh et al., 2025). Machine learning not only
overcomes the limitations of conventional statistical methods but also extracts critical features from
vast quantities of data, revealing new potential biomarkers and thereby significantly improving
diagnostic sensitivity and specificity (Moldogazieva et al., 2021; Liu et al., 2024). The main existing
combined diagnostic models for HCC, along with their diagnostic efficiencies, are as follows: The
GALAD model, incorporating gender, age, AFP, PIVKA-II, and AFP-L3, was recommended by the
2024 Guidelines for the Diagnosis and Treatment of Primary HCC in China. This model achieved a
sensitivity of 85.6% and a specificity of 93.3% for the early diagnosis of HCC (Best et al., 2020). A
phase III validation study (Fujiwara et al., 2025) demonstrated that GALAD outperforms AFP for
HCC diagnosis and can detect cancer 12 months prior to a confirmed diagnosis. These findings
provide high-quality, time-sensitive evidence supporting the utility of multi-analyte models.
Furthermore, the simplified GAAD model (Piratvisuth et al., 2023), which incorporates gender, age,
AFP, and PIVKA-II, and the ASAP model (Yang et al., 2019) exhibited similar diagnostic efficacy.
A detection method combining seven microRNAs achieved a sensitivity of 86.1% and a specificity
of 76.8% for diagnosing HCC. A recent study (EI-Serag HB et al., 2025) reported that HES v2.0, a
diagnostic model, significantly outperformed GALAD and ASAP in overall and early diagnosis of
HCC, underscoring the diagnostic advances enabled by algorithm updates and optimized marker
combinations. An international multi-center prospective comparative study (Hou J et al., 2025)
demonstrated that GAAD achieved diagnostic performance comparable to that of GALAD, with an
area under the curve (AUC) of approximately 0.91 for early-stage HCC. Varghese et al. (2025)
integrated metabolomics, proteomics, and glycoproteomics data with machine learning approaches
to identify key biomarkers, including serpin peptidase inhibitor, clade Al (SERPINA1) and
branched-chain amino acids, which can effectively distinguish HCC from cirrhosis. Another recent
study developed a machine learning model using whole-genome circulating DNA fragments from
serum samples, which exhibited sensitivities of 88% and 85% for HCC detection in the general
population and high-risk groups, respectively, alongside specificities of 98% and 80% (Foda et al.,
2023). Notably, there remains room to improve the development of machine learning models that
integrate AFP with newly identified biomarkers for early HCC diagnosis. Given PRKD3's
oncogenic role in HCC, it is imperative to further evaluate its clinical utility as an auxiliary
diagnostic marker. The present study therefore aimed to evaluate the role of PRKD3 in HCC and
investigate its potential as a novel auxiliary biomarker for translational medicine applications. We



adopted the method described by Xu et al. (2022) to analyze PRKD3 messenger ribonucleic acid
(mRNA) expression data from HCC tissues and corresponding patient survival outcomes.
Additionally, we integrated multiple traditional plasma indicators (including AFP and PIVKA-II)
with clinical plasma PRKD3 levels across disease stages, using machine learning techniques to
assess the diagnostic value of PRKD3.

2 Materials and methods
2.1 TCGA database analysis of PRKD3 in HCC

To investigate the role of PRKD3 in HCC, we downloaded RNA sequencing (RNA-seq) data on
liver hepatocellular carcinoma (LIHC) and corresponding clinical information from The Cancer
Genome Atlas (TCGA) database via the GDC Data Portal (https://portal.gdc.cancer.gov/) on May
26, 2024. This study analyzed PRKD3 messenger RNA (mRNA) expression levels, along with
corresponding clinical characteristics and survival outcomes. We extracted data from 371
confirmed HCC patients and 50 non-tumor control subjects within the downloaded dataset. Gene
expression data were derived from log-transformed RNA Seq V2 RSEM values, from which
log-transformed mRNA expression z-scores were calculated, using normal samples as references to
ensure normalization and consistency of mRNA expression levels. The normality of the PRKD3
variable was assessed using the Kolmogorov—Smirnov test (KS distance = 0.0267, P > 0.1), which
indicated that the data were normally distributed. All data processing and statistical analyses were
performed using R software (version 4.3.3) and GraphPad Prism (version 9.5). PRKD3 expression
levels in tumor and normal tissues were compared using an independent-samples t-test. One-way
analysis of variance (ANOVA) was employed to assess differences in the pathological stages of
HCC. Prior to ANOVA, the Levene test was performed to evaluate the homogeneity of variances
across groups. Because the homogeneity of variance assumption was met, Tukey's Honest
Significant Difference (HSD) test was used for post hoc pairwise comparisons to identify
differences among pathological stages. Diagnostic accuracy was assessed using receiver operating
characteristic (ROC) curve analysis. Furthermore, Kaplan—Meier survival analysis and log-rank
tests were used to evaluate survival differences by PRKD3 expression levels. Statistical significance
was defined as a two-sided P-value < 0.05.

2.2 Plasma specimen data sources and processing
2.2.1 Study participants

A total of 392 study samples were obtained from Lanzhou University Second Hospital: 102 from
healthy individuals, 53 from patients with liver cirrhosis, 151 from patients with decompensated
liver cirrhosis, and 86 from patients newly diagnosed with HCC who had not received any treatment
or surgery. The samples encompassed various ethnic groups and regions, and their sources were
diverse. We collected and summarized the baseline characteristics of these patients. Upon admission,
initial EDTA-K2-anticoagulated whole-blood samples were harvested, and plasma samples were
centrifuged and collected within 4 h of acquisition. All samples were stored at -40°C in a freezer
prior to analysis.

2.2.2 Study criteria

Inclusion criteria for the newly diagnosed, treatment-naive HCC group were defined as follows: (1)
age = 18 years with diagnosis confirmed through histopathological examination; (2) newly
diagnosed HCC without any prior anti-tumor treatment interventions (including surgery,
interventional therapy, radiotherapy, or chemotherapy); (3) complete and well-documented clinical
data; (4) no concurrent benign or malignant tumors in the liver or other organs; (5) no evidence of
vascular invasion (e.g., portal vein, hepatic vein, or bile duct involvement) or distant metastases.
Exclusion criteria were: (1) presence of metastatic tumors from other primary cancers; (2) history of



other malignant neoplasms; (3) concurrent benign space-occupying lesions in the liver or other
organs; (4) secondary HCC, autoimmune hepatitis, drug-induced liver injury, alcoholic liver disease,
or nonalcoholic steatohepatitis; (5) prior history of surgery, radiotherapy, or chemotherapy for any
malignancy; (6) death within 30 days following surgery; (7) incomplete or unavailable clinical data.
Ultimately, a total of 86 eligible HCC patients were enrolled in this study. All healthy controls had
normal complete blood count and liver function parameters. All HCC cases and cirrhosis patients
were pathologically confirmed following independent review by at least two qualified pathologists.
The diagnosis of cirrhosis was established by a combination of serological tests and imaging
examinations.

2.2.3 Data processing

We measured PRKD3 expression levels in the plasma of each group using an Enzyme-Linked
Immunosorbent Assay (ELISA) kit specifically designed for human PRKD3 protein (see
Supplementary information of materials and methods). Statistical analysis was conducted using
GraphPad Prism 9.5 to calculate the sensitivity, specificity, and corresponding 95% confidence
intervals (CI) for the positive and negative predictive values. PRKD3 expression was evaluated in
patients with cirrhosis, decompensated cirrhosis, and HCC using AUC and ROC curves.

2.3 Data sources and processing for machine learning

Each of the 392 samples included in the analysis was characterized by 10 baseline variables:
demographic features (gender [male/female], and age), and laboratory parameters [total bilirubin
(TBIL), alanine aminotransferase (ALT), aspartate aminotransferase (AST), alkaline phosphatase
(ALP), albumin (ALB), PRKD3, AFP, and PIVKA-II)]. Following rigorous data preprocessing to
ensure data quality and consistency, all samples—together with their corresponding disease status
annotations—were incorporated into subsequent statistical analyses. Finally, the processed samples
were stratified into three mutually exclusive groups: healthy control, cirrhosis or decompensated
cirrhosis, and HCC.

During the data preprocessing stage, the original dataset was first split into training and test sets at
an 8:2 ratio to prevent information leakage. All subsequent preprocessing steps were performed
exclusively on the training set. Missing values were handled using a label-agnostic feature-wise
mean imputation strategy; imputation values were calculated solely from the training set without
reference to any class or target information (see Fig. S1, “Overview of Missing Values in the Raw
Dataset Prior to Any Processing,” for the distribution of missing values in the original data). The
same training-derived statistics were then consistently applied to the test set. Gender was encoded as
a binary feature (0 for female; 1 for male). All continuous variables were normalized using
parameters estimated from the training set to mitigate the influence of scale differences on model
learning. To address class imbalance, the Synthetic Minority Oversampling Technique (SMOTE,
random_state = 0) was applied only to the training data to balance class distributions. The test set
remained completely independent, retaining its original class proportions and undergoing no
oversampling or data augmentation, thereby ensuring that the model evaluation reflects realistic
clinical scenarios.

Data processing was performed in Python 3.11.8 based on Anaconda 24.9.2, primarily using
fundamental data processing and machine learning libraries: Scikit-learn 1.2.2, Pandas 2.1.4,
NumPy 1.26.4, Imblearn 0.12.4, XGBoost 2.0.3, Matplotlib 3.8.0, and Seaborn 0.12.2. Following
these preprocessing steps, the HCC prediction model was developed using the rigorously cleaned
and well-standardized dataset. The model data queue is shown in Table 1.



Table 1 Model data queue
cirrhosis or

Category Healthy decompensated HCC Total
cirrhosis

Gender

Male 47 131 68 246

Female 55 73 18 146

Total 102 204 86 392

Median Age (Range) 47.5 (18-74) 55.0 (20-83) 58.0 (31-92) 54.0 (18-92)

Age Mean (SD) 45.5 (14.7) 53.8(11.1) 59.3(11.3) 52.8 (13.1)

Age IQR 35.0-56.75 48.0-60.0 52.25-66.0 46.0-60.25

Age Mode 51 59 55 59

Ethnic group

Han 90 157 73 320

Hui 7 34 4 45

Tibetan 2 4 6 12

Dongxiang 2 7 2 11

Other ethnic groups 1 2 1 4

Region

Hexi Corridor (Wuwei,

Zhangye, Jiayuguan, 12 18 16 46

Dunhuang)

The mountainous areas of

Longnan (Longnan and 10 47 9 66

Tianshui)

Gannan Plateau 5 7 6 18

The Loess Plateau of eastern g 9 3 25

Gansu (Qingyang, Pingliang)

The Loess Plateau of western

Gansu  (Lanzhou, Dingxi, 65 118 45 228

Linxia)

Other provinces 2 5 2 9

Median Age (Range): represents the median age and its range for each category. Age Mean (SD): indicates the mean age and
standard deviation for each category. Age IQR: denotes the interquartile range (IQR) of age for each category. Age Mode:
represents the most frequently occurring age in each category.

2.4 Algorithm model

The present study adopted an ensemble machine learning strategy to develop and validate a
predictive framework for assessing the diagnostic performance and feature importance of PRKD3.
The workflow encompassed data preprocessing, base-learner construction, feature-importance
evaluation, and meta-classifier integration. Predictive performance was systematically enhanced by
integrating complementary models. Prior to model training, the dataset was partitioned into training
and test subsets. To prevent information leakage, all preprocessing procedures—including feature
standardization and class-imbalance correction—were conducted exclusively on the training set.
Class imbalance was addressed using the SMOTE, while the test set was preserved in its original
distribution to enable an unbiased and clinically realistic performance evaluation. During the base
model training phase, four machine learning models were selected: Extra Trees (ET), Gradient
Boosting (GB), Random Forest (RF), and Support Vector Machine (SVM), all using a unified
random seed (random_state=0) to ensure reproducibility. Hyperparameter optimization was



performed using a grid search strategy: the core hyperparameters of each model are detailed in Table
S1 (“Hyperparameter Settings of Key Machine Learning Models”). During base model training and
feature selection, a 10-fold cross-validation (random_state=0) was employed to assess the model’s
robustness and reliability. The feature importance scores for each model were first computed and
then ranked. Guided by a forward feature selection strategy, the optimal subset of features that
maximized accuracy was identified by incrementally expanding the feature set and documenting the
corresponding accuracy change curves. Subsequently, weights were assigned to each base model
according to their respective accuracies, and the feature Importance scores were integrated using a
weighted average method to generate the final ranking:
Comprehensive Importance = }.\—,w; X Importance; , where w; denotes the weight
coefficient of the i-th base model. Within the stacking ensemble framework, an out-of-fold (OOF)
strategy was adopted to generate meta-features. Specifically, predicted probabilities from each base
classifier were obtained via 10-fold cross-validation on the training set, ensuring that meta-features
were derived exclusively from fold-wise held-out samples rather than in-sample predictions. These
OOF predictions were concatenated and used to train the secondary classifier Extreme Gradient
Boosting (XGBoost). Model performance was subsequently evaluated on an independent test set
that was not involved in base-model training, feature selection, or meta-learner fitting. During the
model evaluation phase, multidimensional performance indicators, including accuracy, sensitivity,
specificity, precision, and F1-score, were computed from the confusion matrix. In addition, ROC
curves and AUC values were used to quantify classification confidence across different prediction
tasks, thereby providing a comprehensive assessment of its predictive effectiveness. The model’s
workflow is illustrated in Fig. 1.
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Fig. 1 Flowchart of model construction.

Note: SMOTE: Synthetic Minority Oversampling Technique, ET: Extra Trees, GB: Gradient Boosting, RF:
Random Forest, SVM: Support Vector Machine, and XGBoost: Extreme Gradient Boosting.

3 Results
3.1 Expression, diagnosis, and prognosis of PRKD3 based on the TCGA database

The study analyzed PRKD3 mRNA expression in HCC and normal tissues using the TCGA
database. The findings indicated that PRKD3 expression was markedly elevated in HCC tissues (P
< 0.01; Fig. 2(a)). One-way ANOVA revealed a significant difference in PRKD3 expression levels
among the four HCC stages (P < 0.01, Fig. 2(b)). The Levene test confirmed homogeneity of
variances across groups (W = 1.156, P = 0.326), thereby justifying the use of the Tukey's Honestly
Significant Difference (HSD) test for post hoc analysis. Post-hoc pairwise comparisons
demonstrated that PRKD3 expression was significantly higher in stage T3 than in stage T1 (mean
difference = 0.321, P < 0.01), and marginally higher in stage T2 than in stage T1 (mean difference =



0.216, P = 0.09). No statistically significant differences in PRKD3 expression were observed
between other stage pairs. A ROC curve analysis of the diagnostic accuracy of PRKD3 in HCC
revealed an AUC of 68.2% in the TCGA database (P < 0.01, Fig. 2(c)). The association between
PRKD3 expression levels in HCC patients and overall survival (OS) was examined using
Kaplan—Meier curves and the GEPIA database. The results demonstrated that patients with lower
PRKD3 expression had a significantly longer OS than those with higher expression (P < 0.05, Fig.

2(d)).
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Fig. 2 Expression, diagnosis, and prognosis of PRKD3 based on the TCGA database.

(a) Messenger ribonucleic acid (mMRNA) expression of Protein kinase D3(PRKD3) in Hepatocellular carcinoma
(HCC) tissues compared to normal tissues. (b) Correlation between PRKD3 expression and clinical pathological
staging in HCC patients. (¢) Diagnostic accuracy of PRKD3 in HCC via ROC curve. (d) Kaplan—Meier survival
analysis of PRKD3 expression.

3.2 Expression levels of plasma PRKD3

PRKD3 expression levels in the plasma of patients with liver cirrhosis, decompensated liver
cirrhosis, and HCC, along with the corresponding ROC curves, are shown in Fig. 3. The expression
levels of plasma PRKD3 in the liver cirrhosis, decompensated liver cirrhosis, and HCC groups were
statistically different from those in the healthy control group (P < 0.01 for all groups), as illustrated
in Fig. 3(a). As shown in Fig..3(b), the AUC for the liver cirrhosis and healthy control groups was
0.8107 (P < 0.01), and the difference was statistically significant. Compared with the healthy
control group, the AUC for the decompensated liver cirrhosis group was 0.7899 (P <0.01), and the
difference was statistically significant. Compared with the healthy control group, the AUC for the
HCC group was 0.7177 (P < 0.01), and the difference was still statistically significant. This
indicates that PRKD3 cannot be used as an independent diagnostic marker for HCC; however, its
expression level can increase across different stages of liver disease, suggesting its potential as an
auxiliary diagnostic indicator.
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Fig. 3 Expression levels of plasma PRKD3.

(a) Scatter plot of Protein kinase D3 (PRKD3) expression levels in the cirrhosis, decompensated cirrhosis, and HCC
groups compared to the healthy control group. A significant threshold for between-group comparisons was set at P <



0.01. Data are presented as PRKD3 concentration per sample, with sample sizes of 53, 151, 86 and 102 for the liver
cirrhosis, decompensated liver cirrhosis, HCC and healthy control groups, respectively. (b) Diagnostic accuracy of
PRKD3 in cirrhosis, decompensated cirrhosis, and HCC via ROC curve. AUC and P-values were all <0.01

3.3 Machine learning in data model result analysis and feature analysis
3.3.1 Data model result analysis

This study conducted a detailed analysis of the model’s performance across feature combinations,
with a focus on the role of the newly identified PRKD?3 feature in HCC classification. Confusion
matrices were employed to evaluate the model’s accuracy, sensitivity, specificity, and other
performance metrics across various feature inputs. Furthermore, the diagnostic value of the PRKD3
biomarker was substantiated by a combined analysis that included additional features and a feature
importance ranking.

Multiple feature combinations were employed for model training and testing. The model's
performance was evaluated using the confusion matrix and associated metrics. In the confusion
matrix and ROC curve, categories 0, 1, and 2 represented healthy individuals, patients with cirrhosis
or decompensated cirrhosis, and HCC patients, respectively. For multi-class ROC analysis, we
employed the One-vs-Rest (OvR) strategy, and all ROC curves include 95% confidence intervals
derived from 1000 bootstrap resampling iterations.

The model performance when using a single feature PRKD3 is shown in Fig. 4(a). The model
achieved an accuracy of 0.570, a sensitivity of 0.551, a specificity of 0.781, a precision of 0.603, and
an F1 score of 0.582. However, the performance of PRKD3 in independent diagnosis was relatively
limited; its high specificity indicated that it was advantageous for identifying non-HCC patients.
The model results when using the single feature AFP are shown in Fig. 4(b). Compared to PRKD3,
AFP showed a slight improvement, with an accuracy of 0.532, a sensitivity of 0.515, a specificity of
0.746, a precision 0of 0.561, and an F1 score of 0.536. Although AFP has been widely used in clinical
practice, its performance as a single biomarker was similarly inadequate across multiple evaluation
metrics.

Overall, these results indicate that neither PRKD3 nor AFP alone meets clinical diagnostic
requirements, underscoring the need to integrate multiple biomarkers and machine-learning—based
models to improve diagnostic accuracy. The model performance significantly improved when
combining the three features PRKD3, AFP, and PIVKA-II, as shown in Fig. 4(c). At this point, the
model achieved an accuracy of 0.722, a sensitivity of 0.747, a specificity of 0.862, a precision of
0.751, and an F1 score of 0.720. This suggested that the model could improve diagnostic accuracy
and classify more effectively by integrating multiple biomarkers. Furthermore, model performance
was highest when biochemical indicators (10 features) were integrated for combined diagnosis, as
shown in Fig. 4(d). With an F1 score of 0.861, specificity of 0.925, precision of 0.862, sensitivity of
0.863, and accuracy of 0.861, all indicators improved. To ensure the transparency of classification
results, confusion matrices and ROC curves for the four base models (ET, GBoost, RF, and SVM)
are presented in Fig. S2: Confusion Matrix and ROC Curve for Each Base Model. These findings
underscore the efficacy of combining features, indicating that integrating multiple features may
considerably enhance model performance, particularly in terms of specificity and overall accuracy.
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Fig. 4 Model performance via the single or multiple features.

(a) PRKD3 features, (b) AFP features, (¢) PRKD3 combined with AFP and PIVKA-II features, (d) PRKD3
combined with AFP, PIVKA-II, and biochemical features. Note: Diagnostic classification is categorized as healthy
individuals (0), cirrhosis or decompensated cirrhosis stage (1), and HCC patients (2).

As shown in Fig. 5(a), model accuracy consistently increased with the inclusion of additional
features, with the ET and RF models exhibiting particularly strong performance. The highest
accuracy was achieved when incorporating ten features. As illustrated in Fig. 5(b), the model
integrating PRKD3, AFP, PIVKA-II, and routine biochemical indicators demonstrated excellent
discriminative ability, with AUC values of 0.94, 0.86, and 0.93 across the three classification tasks,
indicating robust and stable performance.
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Fig. 5 Features of the accuracy and model ROC curves under combined features.

(a) Feature accuracy curve, (b) Model ROC curve under combined features. Note: Diagnostic classification is
categorized as healthy individuals (0), cirrhosis or decompensated cirrhosis stage (1), and HCC patients (2).

To assess the impact of the SMOTE, we compared model performance on the SMOTE-balanced
dataset with that on the original imbalanced dataset. The confusion matrix and ROC curves obtained
from the original imbalanced dataset are shown in Fig. S3, and the corresponding performance
metrics are summarized in Table S2. To further evaluate model stability under different data
partitioning scenarios, four independent random train—test splits were performed on the
SMOTE-processed dataset. As summarized in Table S3, the model achieved a mean accuracy of
0.855+0.03 and a mean F1 score of 0.874+0.04 across repeated experiments. The mean AUC values
for the healthy group, cirrhosis/decompensated cirrhosis group, and HCC group were 0.953+0.03,
0.909+0.04, and 0.881+0.04, respectively, indicating that the proposed model maintains robust and
reliable performance across varying data distributions.

Fig. 6 depicts the feature importance analysis of the optimal model integrating PRKD3, AFP,
PIVKA-II, and routine biochemical indicators. ALB (0.1973) was the primary contributor, followed
by PIVKA-II (0.1691), AFP (0.1610), and PRKD3 (0.1364), with all four features exceeding a
contribution threshold of 0.10. These results indicate that liver function—related indicators and
established HCC biomarkers jointly drive model performance. Notably, PRKD3 ranked among the



top contributors, supporting its added diagnostic value when combined with conventional markers.
Additional biochemical indicators, including AST, TBIL, and ALP, provided complementary
information, thereby further enhancing the model’s discriminative capacity. Overall, this feature
ranking highlights the benefit of multi-marker integration for improving the robustness and
accuracy of HCC prediction.

ALB 0.197

PIVKA-II 0.169

AFP 0.161

PRKD3 0.136

AST 0.087

TBIL 0.071

ALP 0.063

Age 0.058

AT 0.048

Gender 0.010

0.00 0.05 0.10 0.15 0.20
Contribution

Fig. 6 Feature importance ranking under the optimal combined model.

Note: ALB: albumin, PIVKA-II: vitamin K absence-II, AFP: alpha-fetoprotein, AST: aspartate aminotransferase,
TBIL: total bilirubin, ALP: alkaline phosphatase, ALT: alanine aminotransferase.

3.3.2 Feature result analysis

This study focused on the performance of the newly identified PRKD?3 feature in the early diagnosis
of HCC and compared it with traditional biomarkers such as AFP and PIVKA-II. We investigated
the role and significance of PRKD3 in combined diagnostics by employing a multi-feature
combination classification model. Our findings indicated that PRKD3 contributed significantly
when combined with other markers. This suggests that its potential as an auxiliary diagnostic
marker should not be underestimated, although its effectiveness appears to be limited when utilized
independently.

3.3.3 Interpretability analysis

Boxplots of PRKD3, AFP, and PIVKA-II across disease states (0: healthy; 1: cirrhosis or
decompensated cirrhosis phase; 2: HCC) revealed their potential roles in the diagnosis of HCC.
PRKD3 expression levels in patients with cirrhosis and those with HCC were substantially higher
than in the healthy group, particularly in the HCC group, as illustrated in Fig. 7. This suggests that
PRKD3 may be considered an auxiliary diagnostic marker for HCC. In HCC patients, AFP, a
commonly used HCC marker, was markedly elevated, further supporting its status as a classic
marker. Furthermore, PIVKA-II levels were highest in HCC patients, underscoring its crucial role in
HCC diagnosis. The feature correlation heat map (Fig. 8) indicated complex correlations among
these markers and biochemical indicators such as ALB, particularly the positive correlation between
AFP and PIVKA-II, suggesting that the combined use of these markers may further enhance
diagnostic accuracy.



2500

2000

1500

PRKD3

1000

231 269

2
-
20000 =
15000
228
*
149
10000
00
24
W2 150y 199
%
202
: 74 31 m?&iwni 09212
243 178

AFP

70 100

0 1
237 231 378*375
*
300000 226 386 369
250000 W
13
5
200000
g
208
= %
100000 020
269%169
*163
50000
242
%
4 1022 e
— 259
: % Zes0sE e
0 1 2

Fig. 7 Boxplot of PRKD3, AFP, and PIVKA-II features.

Note: Diagnostic classification is categorized as healthy individuals (0), cirrhosis or decompensated cirrhosis stage
(1), and HCC patients (2).
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Fig. 8 Heat map depicting the correlations between features.

Note: Diagnostic classification is categorized as healthy individuals (0), cirrhosis and cirrhosis decompensated stage
(1), and HCC patients (2).

3.4 Clinical performance under clinically relevant binary classification tasks

To address the limited clinical relevance of multi-class classification, the proposed model was
further evaluated with two clinically meaningful binary tasks using the XGBoost classifier. The first
task focused on identifying HCC within a high-risk population, namely, patients with cirrhosis or



decompensated cirrhosis. The second task evaluated the ability to distinguish HCC from non-HCC
individuals. For both tasks, clinically interpretable decision thresholds were determined by
maximizing the Youden index, thereby explicitly balancing sensitivity and specificity.

When comparing HCC and cirrhosis or decompensated cirrhosis, the model achieved a sensitivity
of 0.880 and a specificity of 0.848 at an optimal threshold of 0.1246. In the HCC versus non-HCC
task, the optimal threshold was 0.1233, yielding a sensitivity of 0.833 and a specificity of 0.918. For
each task, the sensitivity—specificity tradeoff curve, the variation of sensitivity and specificity across
decision thresholds, and the confusion matrix at the optimal threshold are shown in Figs. 9 and 10,
respectively. Collectively, these results demonstrate that the proposed model maintains robust
diagnostic performance in clinically relevant screening scenarios and provides explicit decision
thresholds suitable for real-world HCC surveillance.
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Fig. 9 Clinical performance of the XGBoost model for discriminating HCC vs. cirrhosis or decompensated
cirrhosis
Note: see Fig. 10 for the unified panel description.
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Fig. 10 Clinical performance of the XGBoost model for discriminating HCC vs. non-HCC.
Note: In both figures, subpanels (A—C) illustrate model performance under a unified evaluation framework: (a)
sensitivity—specificity tradeoff curves with the optimal operating point determined by the Youden index; (b)
sensitivity and specificity as functions of the decision threshold (t), with dashed lines indicating the optimal
thresholds; and (c) confusion matrices summarizing classification outcomes at the selected thresholds.

4 Discussion

The innovation and core advantages of machine learning (ML) algorithms are mainly reflected in
their breakthroughs in traditional diagnostic models. These algorithms ushered in a paradigm shift
from "experience-driven" to "data-driven" and, through multi-dimensional data integration,
automated feature mining, and accurate predictive capabilities, they have provided novel solutions
for the early diagnosis and prognosis of HCC (Li et al., 2025; Huang et al., 2024). In the present
study, although the sensitivity and specificity of PRKD3 alone as a diagnostic biomarker are
insufficient, ML. models can compensate for this limitation by integrating multi-source data, thereby
highlighting the advantages of a combined diagnostic strategy involving PRKD3 and ML. By
employing a combination analysis of ML and 10 core features (including Gender, Age, TBIL, ALT,
AST, ALP, ALB, PRKD3, AFP and PIVKA-II), our diagnostic model achieved an F1 score of 0.861,
a specificity of 92.5%, a precision of 86.2%, a sensitivity of 86.3%, and an accuracy of 86.1%. Our
integrated ML model demonstrates comparable performance in early HCC screening.

PRKD3, a new diagnostic indicator for HCC, was incorporated into the ML model used in this study.
PRKD3 drives tumor progression through multidimensional mechanisms, including cell cycle
regulation and metabolic reprogramming, among others, and its effect is significantly
tumor-type-dependent. Regarding the core mechanism by which PRKD3 drives HCC development,



analysis of the TCGA database revealed that PRKD3 was highly expressed in liver cancer tissues
and cell lines, and that elevated PRKD3 expression correlated with poor patient prognosis. High
PRKD3 expression was associated with multiple tumor nodules, poor differentiation, vascular
invasion, advanced American Joint Committee on Cancer (AJCC) staging, and a poor clinical
prognosis and clinical manifestations in patients with HCC after hepatectomy (Yang et al., 2017).
Tian et al. demonstrated that knockdown of PRKD3 significantly inhibits the proliferation of Huh7
while promoting apoptosis. Conversely, PRKD3 overexpression enhanced these malignant
phenotypes. CDK4, SERPINE1, SQSTM1, RAB8A, and NRBF2 may be key proteins in PRKD3
regulatory pathways (Tian et al., 2024).

Serological experiments revealed that PRKD3 alone exhibits limited diagnostic efficacy for HCC
(AUC =0.7177). Notably, its AUC value is higher in patients with liver cirrhosis or decompensated
cirrhosis than in those with HCC. The core biological mechanism underlying this phenomenon may
be closely linked to the functional heterogeneity of PRKD3 within the chronic liver
injury—fibrosis—carcinogenesis axis. HCC originates from hepatocytes, whereas liver cirrhosis and
decompensated cirrhosis are well-established high-risk factors for HCC (Foda et al., 2023). The
pathogenesis of HCC involves multiple molecular defects, and its specific mechanisms vary
depending on the underlying etiologies. The typical disease progression follows a cascade: from
liver injury, chronic inflammation, fibrosis, cirrhosis, to the eventual development of HCC (Ding et
al., 2025). Therefore, we hypothesize that PRKD3 may be a key molecular player in the progression
of chronic liver injury to cancer. Its sustained high expression in liver cirrhosis or decompensated
cirrhosis suggests that PRKD3 is not only a potential auxiliary diagnostic biomarker for HCC but
also a driver of the malignant transformation of chronic liver diseases. The underlying mechanism
may involve PRKD3 playing a critical role in liver fibrosis (LF) by regulating the activation of
profibrotic macrophages. PRKD?3 is highly expressed in hepatic macrophages (HMs), and PRKD3
knockout skews the polarization of mouse macrophages toward a profibrotic phenotype; advanced
LF can progress to liver cirrhosis and HCC (Zhang et al., 2020). In conclusion, PRKD3 is more
suitable for assessing the severity of chronic liver injury than for serving as a standalone diagnostic
biomarker for HCC. To utilize PRKD3 for HCC diagnosis, it should be combined with other
HCC-specific biomarkers, such as AFP and protein induced by PIVKA-II, to compensate for its
limited diagnostic performance in isolation. Future studies should investigate the dynamic
expression changes of PRKD3 during the transition from liver cirrhosis to HCC and clarify its
functional role in the initiation and progression of HCC.

In the final diagnostic model, this study integrated gender, age, and other biochemical indicators
with PRKD3, AFP, and PIVKA-II, improving diagnostic performance. This showed that
considering multiple biomarkers and clinical indicators could significantly enhance the accuracy
and reliability of early HCC diagnosis. Biochemical indicators such as ALB, AST, total TBIL, ALP,
and ALT play important roles in the occurrence and progression of HCC. The specific mechanism is
as follows: ALB inhibits inflammatory responses by binding to pro-inflammatory factors, including
IL-6 and TNF-a (Kuwano A et al., 2021). A decrease in ALB leads to excessive activation of the
NF-kB pathway, driving abnormal hepatocyte proliferation (Zhu et al., 2025). AST is primarily
distributed in the mitochondria of hepatocytes. In chronic liver diseases, an AST/ALT ratio >1
indicates mitochondrial damage and the progression of LF. Mitochondrial dysfunction increases
ROS production, activates the Hippo—YAP pathway, and promotes activation and fibrosis of hepatic
stellate cells, which constitute the precancerous microenvironment of HCC (Liu et al., 2020).
Elevated TBIL (>2 mg/dL) reflects hepatocyte excretory dysfunction or biliary obstruction. Bile
acids activate the EGFR/MAPK pathway via the TGRS receptor, promoting tumor cell migration
and EMT (Lee et al., 2022). The increase in ALP indicates bile duct cell proliferation. The bile duct
responds by secreting IL-6 and HGF, which stimulate the proliferation of hepatoblasts through
paracrine action, activate the Notch and Wnt pathways, and increase the risk of canceration
(Maemura et al., 2014). In the multi-index combined diagnostic model of this study, ALB and TBIL
reflected liver reserve function, AST and ALT excluded acute injury, and age and gender were
adjusted for confounding factors, thereby achieving a multidimensional assessment. The core



feature that distinguished it from traditional markers was that AFP/PIVKA-II reflected hepatocyte
differentiation status, whereas PRKD3 was directly involved in carcinogenic signal transduction
and may indicate a malignant tendency earlier.

Research on the molecular mechanisms of gender difference in hepatocellular carcinoma has found
that men generally have a higher incidence than women. Men also tend to have a worse prognosis in
terms of survival period and pathological characteristics. Recent research has focused on
elucidating the roles of sex hormones, DNA damage and repair pathways, immune
microenvironments, and genetic epigenetic factors in driving gender-specific disparities. For
instance, estrogen receptor signaling has been shown to suppress HCC progression, whereas
androgen receptor signaling promotes tumor development (Xu et al., 2025). The combined use of
multiple biomarkers and clinical characteristics not only improved the model’s diagnostic precision
but also enhanced its adaptability to individual patient differences, making the diagnostic results
more aligned with clinical needs. The high importance score of PRKD3 in this multi-feature
combination further supports its potential for use in HCC diagnosis.

In recent research on traditional biomarkers, Tian et al. demonstrated that combined detection using
both AFP and PIVKA-II is superior to either test alone. Higher serum PIVKA-II levels are
associated with more advanced HCC and a poorer prognosis, whereas AFP levels were not
correlated with prognosis (Tian et al., 2023). In addition, these two markers also play an important
role in liver transplantation. A study by Wang et al. confirmed that PIVKA-II can be integrated into
transplant criteria in HCC patients (Wang et al., 2023). Similarly, Lai et al. demonstrated that the
combination of PIVKA-II and AFP has significant clinical utility for predicting the risk of
post-transplant tumor recurrence and identifying suitable candidates for liver transplantation (Lai et
al., 2024). In this study, diagnostic performance was significantly enhanced when PRKD3 was
combined with AFP and PIVKA-II. This model exhibits strong performance in specificity, precision,
sensitivity, and accuracy, thereby compensating for the limitations of single-marker diagnosis. This
result indicated that the combined use of multiple biomarkers could significantly improve the
efficiency of identifying patients with HCC, reducing the possibility of misdiagnosis and missed
diagnosis. Specifically, the potential value of PRKD3 as an auxiliary diagnostic marker should not
be overlooked. Despite its limited effectiveness in isolation, its contribution was substantially
enhanced when combined with other markers. Further investigations are warranted to explore the
other potential roles of PRKD3.

5 Conclusions

This study explored the potential of PRKD3 as a collaborative diagnostic biomarker for HCC. The
integrated model combining PRKD3 with AFP, PIVKA-II, and ALB demonstrated satisfactory
performance in our single-center cohort, warranting further validation. Future studies should
investigate the effect of PRKD3 on the prognosis and recurrence of HCC, validate the combined
model in a multicenter cohort, and examine the effect of PRKD3 in AFP-negative individuals. A
dynamic monitoring protocol should be established for PRKD3 in patients with liver cirrhosis for
early cancer warning. Furthermore, machine learning significantly contributes to tumor prediction.
However, these models require additional validation and integration to ensure their accuracy,
dependability, and safety. Meanwhile, the proficiency and experience of clinical physicians remain
essential. Medical professionals and clinical teams must adapt to and integrate machine learning
technologies to collaborate and develop appropriate diagnostic and treatment strategies. Ongoing
efforts and collaboration may fully exploit the advantages of machine learning for diagnosing and
treating HCC, thereby improving patients' quality of life and offering more accurate and
personalized diagnostic and therapeutic options.

Limitations of the Experiment.

This study has the following limitations: First, the data used in this study are single-center data from Gansu
Province with an initial class imbalance (balanced via the SMOTE method), lacking external multi-center validation,
and the generalizability of the model across different regions and ethnicities has not been confirmed. Furthermore,
constrained by data-collection conditions, this study did not include sufficient AFP-negative HCC samples, thereby



precluding a systematic exploration of the diagnostic value and potential applications of PRKD?3 in this subgroup.
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