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Purpose

The prognosis of liver cancer remains unfavorable nowadays, making the search for predictive biomarkers of liver cancer prognosis of paramount importance to guide clinical diagnosis and treatment. This study was conducted to explore more prognostic markers for most HCC.





Patients and methods

A total of 330 patients were enrolled in this study according to the inclusion and exclusion criteria. Follow-up data were collected for all patients until the cutoff date of the study, February 2023. In addition, patient outcomes were assessed with progression-free survival (PFS) and overall survival (OS). All statistical analysis was conducted using R 4.2.0 software.





Results

Univariate analysis illustrated that the GD [the product of gamma-glutamyl transpeptidase (GGT) concentration and D-dimer concentration, GD=GGT*D-dimer] levels were related to PFS (p<0.05) and OS (p<0.05). Kaplan–Meier survival curves and log-rank tests indicated a significant difference among different levels of GD (p<0.001). Multivariate analysis demonstrated GD as an independent prognostic factor for HCC. The C-indexes of nomogram were 0.77 and 0.76 in the training or validation cohort, respectively. Area Under the Curve (AUC) of 1-, 2-, 3-, and 4-year OS showed satisfactory accuracy, and the calibration curve illustrated brilliant consistence between the ideal and predicted values.





Conclusions

Herein, it was demonstrated that GD was an independent prognostic factor for HCC and revealed the potential to predict the PFS and OS in patients with HCC. Moreover, the nomogram based on GD illustrated a satisfactory prediction ability in comparison to other models without GD.
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1 Introduction

Hepatocellular carcinoma (HCC) is the sixth most frequently occurring cancer worldwide and the third most common cause of cancer mortality (1). HCC is highly associated with chronic viral hepatitis (2, 3), alcohol (4), smoke (5), iron (6), and metabolic dysfunction (7, 8). To date, hepatitis B virus (HBV) and hepatitis C virus (HCV) have been reported as commonest risk factors for HCC. Almost half of HCCs are associated with HBV infection, and this figure is even higher in Asian. Surgical resection (9), transarterial chemoembolization (TACE) (10), ablation (11), immunotherapy (12), and targeted therapy (13) have been confirmed to be effective local or systemic therapies to improve the prognosis of liver cancer patients.

Nevertheless, the prognosis of patients with liver cancer still remains poor, making it of great clinical significance to search for the biomarkers that can accurately predict the prognosis of hepatocellular carcinoma. Alpha-fetoprotein (AFP) is the most widely used biomarker for HCC diagnosis and the evaluation of therapeutic efficacy and prognosis (14). Nevertheless, not all HCCs secret AFP, and the elevation of AFP can be observed in cirrhosis or hepatitis cases. Hence, simple and promising clinical factors for predicting the prognosis of HCC patients need further exploration. Meanwhile, hematological indicators from routine testing are not only economical but also readily available for repeated testing. Herein, efforts were made to explore laboratory biomarkers that might be useful in forecasting the prognosis in HCC. Patients with malignant tumors are prone to abnormalities in their blood coagulation and fibrinolysis systems, which can lead to elevated levels of D-dimer. Simultaneously, the elevation of gamma-glutamyl transpeptidase (GGT) is regarded as a sign of liver function damage. Quite a few studies have discovered the efficiency of GGT concentration as an indicator in tumor diagnosis and prognosis prediction (15). In this case, it was hereby speculated that GGT and D-dimer may be associated with the prognosis of HCC. As a consequence, it was found through data statistics that GGT and D-dimer had the potential to predict the PFS in HCC patients. Furthermore, GGT and D-dimer were combined to construct a novel indicator, named as GD. The GD index, short for the gamma-glutamyl transpeptidase-D-dimer Index, was defined as the product of serum GGT concentration and serum D-dimer concentration, GD=GGT*D-dimer, based on which a nomogram was built to predict the progression-free survival (PFS) and overall survival (OS) for patients with HCC. Compared with other models without GD, this predictive model manifested satisfactory predictive capacity. Thus, this nomogram was considered to have the potential to predict the PFS and OS of HCC patients, thereby providing new possibility for the prediction of the PFS and OS of HCC patients.




2 Materials and methods



2.1 Patients

A total of 921 patients with HCC were retrospectively identified from three hospital campus, The First Affiliated Hospital of Zhengzhou University (n=662), Henan Provincial Hospital (n=107), and The First Affiliated Hospital of Zhengzhou University Cancer Hospital (n=152). An additional 591 patients who did not receive TACE or were lost to follow-up were not included in our analysis. Herein, a retrospective analysis was executed based on 330 patients diagnosed with HCC from January 2018 to February 2023. We employed randomization to divide the dataset into training and validation sets at a ratio of 2:1. Patients included should meet the following criteria: 1) diagnosis of HCC, 2) patients who received TACE, 3) lesions available for evaluation, and 4) regular auxiliary examination such as imaging examination and hematological examination. Meanwhile, the main exclusion criteria of this study included 1) history of other tumors (n=15), 2) tumor surgical resection history (n=132), 3) hepatic encephalopathy that might influence examinations results (n=27), or 4) incomplete follow-up data (n=417) (Supplementary Figure S1). Agreement from the participants had been acquired, and participants had signed informed consent before the study and agreed to the publication of this paper. This study conformed to the Declaration of Helsinki and was approved by Ethics Committee (approval number 2022-KY-1140).




2.2 Data collection

Herein, several indicators, including tumor stage, age, gender, presence or absence of metastasis, presence or absence of targeted therapy, and several laboratory data were selected and incorporated. The tumor stage was classified by the Barcelona stage. Several hematology indexes of laboratory variables including alanine transaminase (ALT), aspartate transaminase (AST), GGT, blood platelet (PLT), alpha-fetoprotein (AFP), albumin, and D-dimer were retrospectively extracted from the medical records during the treatment process. Meanwhile, “x-tile app” was used to acquire the optimal cut-off points of hematological indexes with the best significance with survival analysis. Patient progression outcomes from the date of disease diagnosis to relapse or progression were assessed with PFS. OS was determined as the time from diagnosis of hepatocellular carcinoma to the date of death or the last follow-up date. Based on the guidelines of Response Evaluation Criteria in Solid Tumors (RECIST, version 1.1) (16), the response was assessed by computerized tomography (CT) and magnetic resonance imaging (MRI) every 2 months.




2.3 Statistical analysis

SPSS version 26.0 software and R 4.1.3 were used to implement all statistical analysis. Continuous variables were presented as medians (range), and categorical variables were shown with quantity and proportion. Continuous variables were compared by Student’s t-test, and chi-squared test was carried out to compare categorical variables, while Kaplan–Meier method was performed to compare the PFS and OS between different groups. The difference in survival curves was tested by log-rank test, and p<0.05 was regarded as statistically significant difference. The Cox regression analysis was conducted for multivariate analysis, and the nomogram based on Cox model was performed by rms package. In addition, the receiver operating characteristic (ROC) curves were plotted via the timeROC package, the calibration curve was plotted by the rms package, decision curve analysis (DCA) was conducted by the stdca package, and net reclassification improvement (NRI) was performed by nricens package. Additionally, integrated discrimination improvement was performed by survIDINRI package.





3 Results



3.1 Patient characteristics

Finally, 330 patients were enrolled into this study on the basis of the inclusion and exclusion criteria. Median overall survival times was 38.00 months (95% CI, 33.33–42.77), while the median progression-free survival times was 8.50 months (95% CI, 7.20–9.80) and median follow-up time was 46 months (95% CI, 40.87–51.13). The number of OS events at first, second, third, and fourth years of follow-up were 35, 84, 34, and 25 events, respectively. On the whole, 245 (74.24%) patients were male and 85 (25.76%) were female. The median age summarized in this study was 58 years (range, 28–80 years), and further clinical pathological characteristics data of the patients are shown in Table 1.


Table 1 | Clinical and pathological characteristics of patients.






3.2 Acquisition of the optimal cutoff value

In this study, GD was defined as the product of GGT concentration and D-dimer concentration, (GD=GGT*D-dimer). Then, the indicator was analyzed using the X-tile software to get the best cut-off values and grouped according to the best cut-off value. The GD value for PFS below 28.00 was classified as the low-risk group, while the GD value between 28.00 and 160.00 was classified as the median-risk group, and the GD value above 160.00 was classified as the high-risk group. The GD value for OS below 43.00 was classified as the low-risk group, while the GD value between 43.00 and 200.00 was classified as the median-risk group, and the GD value above 200.00 was classified as the high-risk group.




3.3 Correlation analysis among the 10 variables

In order to test the correlation of different variables, R4.1.3 corrplot package was used for correlation analysis of the filtered variables, and no significant correlation was observed among the 10 independent variables (Supplementary Figure S2).




3.4 Survival analysis

By the end of the cutoff date of this study, 263 (79.70%) patients had experienced disease progression per RECIST criteria, and the remaining 67 (20.30%) were manifested as disease stabilization or remission. During the study, 194 participants experienced disease-related mortality as the endpoint events. Univariate analysis was performed to confirm that single clinical pathological characteristic was connected with PFS and OS (Table 2). These results indicated that GD (p<0.001) was correlated with PFS and OS (Table 2), the log-rank test and Kaplan–Meier survival curves indicated that patients with lower levels of GD had longer PFS (Figures 1A, B) and OS (Figures 2A, B) than those with higher levels. Simultaneously, Log-rank tests and Kaplan-Meier survival curves indicated that patients with earlier stages had longer PFS (Figures 1C, D) and OS (Figures 2C, D). The results of multivariate analysis among clinical characteristics and laboratory variables indicated that GD (p<0.001) was an independent prognostic factor to predict PFS and OS. This study further confirmed the efficiency of using GD as an effective predictor of PFS (Table 3) and OS in HCC (Table 4).


Table 2 | Univariate analyses of variables associated with PFS and OS.






Figure 1 | Kaplan–Meier survival curve of several biomarkers associated with PFS. (A) Kaplan–Meier survival curve of GD in the training and validation cohorts, (B) Kaplan–Meier survival curve of GD in the validation cohort, (C) Kaplan–Meier survival curve of stage in the training cohort, and (D) Kaplan–Meier survival curve of stage validation cohort.






Figure 2 | Kaplan–Meier survival curve of several biomarkers associated with OS. (A) Kaplan–Meier survival curve of GD in the training and validation cohorts, (B) Kaplan–Meier survival curve of GD in the validation cohorts, (C) Kaplan–Meier survival curve of Stage in the training cohort, and (D) Kaplan–Meier survival curve of stage validation cohort.




Table 3 | Multivariate Cox regression analyses of variables associated with PFS.




Table 4 | Multivariate Cox regression analyses of variables associated with OS.






3.5 Visualization and assessment of the predictive model

R.4.1.3 nomogram package was adopted to visualize the fitted multivariate COX regression model (Supplementary Figure S3; Figure 3). A predictive model including GD, stage, targeted therapy, and AFP expression was fitted, which was confirmed to be statistically significant in multivariate COX regression analysis. The AUCs of 1-, 2-, 3-, and 4-year OS associated with GD variable alone were 0.90, 0.79, 0.76, and 0.78, respectively, in the training cohort, while that of the validation cohort were 0.83, 0.76, 0.81, and 0.78 (Figures 4A, B). The AUCs of 1-, 2-, 3-, and 4-year OS associated with nomogram were 0.83, 0.81, 0.79, and 0.83, respectively, in the training cohort while that of the validation cohort were 0.93, 0.91, 0.83, and 0.85 (Figures 4C, D). The AUCs of 1-, 2-, 3-, and 4-year OS associated with GD-excluded model were 0.73, 0.72, 0.73, and 0.81, respectively, in the training cohort while that of the validation cohort were 0.87, 0.81, 0.70, and 0.74, respectively (Figures 4E, F). The C-indexes of nomogram after 1,000 times of bootstraps were 0.77 and 0.76 in the training or validation cohort, respectively. The C-index of this model was greater than that of the model without GD (Supplementary Figures S4A, B). Consistently, the calibration curves after 1,000 times of bootstraps presented excellent uniformity of predicted and observed survival outcomes (Supplementary Figures S4C, D). The results above exhibited distinguished accuracy of nomogram in the prediction of OS. DCA curves analysis for the model indicated that nomogram had a greater overall net benefit than the model without GD (Supplementary Figures S4E, F). Additionally, absolute NRI values were calculated with 1,000 times of bootstraps, and absolute NRI values of nomogram with GD included were found to be greater than that with GD excluded (6-month PFS: NRI = 0.26, 95% CI = 0.03–0.34; 8-month PFS: NRI = 0.10, 95% CI = 0.02–0.34; 10-month PFS: NRI = 0.10, 95% CI = −0.06–0.27) (Supplementary Table S1), indicating the better discrimination potential of nomogram with GD than that without GD. Meanwhile, the IDI value of nomogram based on GD was 0.07 (95% CI = 0.02–0.11, p=0.01).




Figure 3 | Nomogram is built to predict the overall survival.






Figure 4 | ROC curves are plotted based on different markers. (A) ROC curve and AUC of GD variable alone (continuous variables) in the training cohort, (B) ROC curve and AUC of GD variable alone (continuous variables) in the validation cohort, (C) ROC curve and AUC of the nomogram to predict 1-, 2-, 3-, and 4-year overall survival in the training cohort, (D) ROC curve and AUC of the nomogram to predict 1-, 2-, 3-, and 4-year overall survival in the validation cohort, (E) ROC curve and AUC of the GD-excluded cox model to predict 1-, 2-, 3-, and 4-year overall survival in the training cohort, (F) ROC curve and AUC of the GD-excluded cox model to predict 1-, 2-, 3-, and 4-year overall survival in the validation cohort.







4 Discussion

A novel predictive model based on GD has been proposed in our study, demonstrating excellent predictive ability. It has been internally cross-validated through various tests including NRI, DCA curve, calibration curve, and C-index. The nomogram in our study reveals that GD, a novel indicator, exhibits prognostic ability. The AUCs of GD and the nomogram indicate their exceptional predictive power. However, it is worth mentioning that the number of events are general small for AUC, which could affect the precision and robustness of our findings. This limitation suggests that our model’s predictive ability should be interpreted with caution, and further validation in larger cohorts is warranted. In comparison to other prognostic analyses, our model incorporates three important factors: Barcelona stage, AFP, and targeted therapy. These factors play a significant role in the treatment and prognostic analysis of hepatocellular carcinoma. The inclusion of these interventions, which independently influence outcomes, not only enhances the predictive power of the model but also ensures its applicability across a broader context, making our study more comprehensive.

In this study, the significance of novel prognostic index in patients with hepatocellular carcinoma (HCC) was highlighted. Actually, these laboratory biomarkers are usually the routine check-up items for hospital examination of patients with hepatocellular carcinoma and are thus easily accessible and endowed with considerable practical clinical potential. In the first place, GD was hereby demonstrated as an independent factor that might influence the prognosis of HCC patients, and GD had remarkable significance for the prediction of recurrence or progression in most HCC patients. GGT is located on the cell membrane and catalyzes the degradation of extracellular GSH into cysteinylglycine and cysteine, which are utilized for intracellular GSH synthesis (17, 18). GGT possesses redox properties and can regulate the oxidative–reductive balance of intracellular and extracellular environment (15). Numerous studies have found elevated expression of GGT in various tumors, and high levels of GGT indicate poor prognosis. Basic research has revealed that tumor cells elevate intracellular GSH levels by overexpressing GGT, providing selective growth advantages for tumor cells and promoting tumor genesis (19). GGT maintains intracellular GSH levels, thereby countering compound toxicity, which also explains the resistance of GGT-expressing tumors to oxidants and alkylating agents (20, 21). Elevated levels of D-dimer, a degradation product of fibrin, were observed in many cancers as well, including gastric (22), colorectal (23), lung (24), ovarian (25) and prostate (26) cancers. Plasma D-dimer levels had also been found to be associated with tumor prognosis in many studies. Research has shown that the upregulation of D-dimer might be associated with tumor deterioration and shorter survival periods. In hepatocellular carcinoma, its upregulation may be related to microvascular invasion and portal vein invasion. Elevated D-dimer levels facilitate the activation of the coagulation pathway, which may promote the activation of the PI3K pathway and MAPK pathway (27), thereby stimulating tumor proliferation and invasion. GGT is associated with oxidative stress and has implications for tumor progression, while elevated D-dimer levels reflect a procoagulant and inflammatory state commonly seen in cancer patients. Combining these two biomarkers into the GD index represents a biologically plausible approach to capturing the complex interplay between oxidative stress, coagulation, and cancer progression. Furthermore, the feasibility of measuring GGT and D-dimer levels in clinical practice adds to the scientific viability of the GD index. Both GGT and D-dimer assays are routine laboratory tests and are readily available in clinical settings, making the GD index a practical and translatable parameter for patient risk stratification. By considering both GGT and D-dimer within a single index, we aim to provide a more comprehensive assessment of the tumor microenvironment and its impact on disease progression. Statistical analyses were conducted to assess the GD index’s significance in predicting patient prognosis. We used well-established statistical methods, including Kaplan–Meier survival analysis and Cox regression analysis, to evaluate the association between GD levels and patient outcomes such as PFS and OS. The results demonstrated that the GD index had a highly significant predictive value (p < 0.001), indicating its statistical significance in stratifying patients based on their prognosis. In addition, many studies have illustrated that the prognosis of HCC patients with a high AFP expression level is worse than that of patients with a low AFP expression level. AFP expression is reported to be involved in a few signal transduction, including the Wnt signaling pathway, the mitogen-activated protein kinase pathway and RA-RAR signaling pathway (27). In our study, it was also discovered that AFP expression level could be used as an independent factor differentiating the prognosis of HCC patients. In addition, nomogram is a convenient and visual tool, which is widely used in disease diagnosis and prognosis. The total point of the nomogram reflexes the probabilities of occurrence according to the scale on a ruler. Additionally, they are not only convenient and economical but also have outstanding clinical value. Neoplasm staging and therapy are major prognostic factors in many cancers, including HCC, so that a more accurate prediction could be made with these indicators taken into account. For the sake of a more accurate model and to achieve a better classification, targeted therapy, AFP expression levels and tumor stage were eventually included in the nomogram here. The subsequent evaluation also revealed the brilliant predictive ability and generalization ability of the nomogram.

However, there are still a few limitations in this study. First, this study is retrospective, failing to completely rule out the impact of selection bias, and with only Chinese subjects, which may not be applicable to other ethnic groups. Second, basic experimental verification was not carried out, so the mechanism of these laboratory indicators predicting the prognosis of patients with hepatocellular carcinoma remains unclear. Nevertheless, the findings of the present study still contribute considerably to the understanding of the relationship between tumor microenvironment and clinical factors. Additionally, larger and more detailed prospective studies are needed to further clarify these relationships.




5 Conclusion

Herein, GD was demonstrated as an independent prognostic factor for hepatocellular carcinoma and presented the potential to predict the PFS and OS in patients with HCC. Moreover, patients with a lower level GD had a longer PFS and OS than those with a higher level GD. A prediction model was established based on GD. In order to make the prediction model more accurate, AFP, Barcelona staging and target therapy were added, and the nomogram involving these indicators presented satisfactory prediction ability compared with other models without GD, further indicating its potential as a clinical tool to predict the PFS and OS in patients with HCC.





Data availability statement

The datasets generated and analyzed during the current study are available from the corresponding author upon reasonable request.





Ethics statement

The studies involving humans were approved by Ethics Committee of The First Affiliated Hospital of Zhengzhou University (approval number: 2022-KY-1140). The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

Conceptualization, KC. Methodology, YL. Software, YL. Data curation, YL. Writing—original draft preparation, YL. Writing—review and editing, HZ. Visualization, YL. Supervision, WM. All authors have read and agreed to the published version of the manuscript.





Funding

This research was sponsored by the National Natural Science Foundation of China (82073168).




Acknowledgments

We appreciate the patients who took part in in this study and all the members of the First Affiliated Hospital of Zhengzhou University for their support in making this study to be completed successfully.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2023.1174788/full#supplementary-material




References

1. Siegel, R, Miller, K, Wagle, N, and Jemal, A. Cancer statistics, 2023. CA- Cancer J Clin (2023) 73(1):17–48. doi: 10.3322/caac.21763

2. Sapena, V, Enea, M, Torres, F, Celsa, C, Rios, J, Rizzo, G, et al. Hepatocellular carcinoma recurrence after direct-acting antiviral therapy: an individual patient data meta-analysis. GUT (2022) 71(3):593–604. doi: 10.1136/gutjnl-2020-323663

3. Dave, S, Park, S, Murad, M, Barnard, A, Prokop, L, Adams, L, et al. Comparative effectiveness of entecavir versus tenofovir for preventing hepatocellular carcinoma in patients with chronic hepatitis B: A systematic review and meta-analysis. HEPATOLOGY (2021) 73(1):68–78. doi: 10.1002/hep.31267

4. Safiri, S, Nejadghaderi, S, Karamzad, N, Carson-Chahhoud, K, Bragazzi, N, Sullman, M, et al. Global, regional, and national cancer deaths and disability-adjusted life-years (DALYs) attributable to alcohol consumption in 204 countries and territories, 1990-2019. CANCER (2022) 128(9):1840–52. doi: 10.1002/cncr.34111

5. Marti-Aguado, D, Clemente-Sanchez, A, and Bataller, R. Cigarette smoking and liver diseases. J Hepatol (2022) 77(1):191–205. doi: 10.1016/j.jhep.2022.01.016

6. Tran, K, Coleman, H, McCain, R, and Cardwell, C. Serum biomarkers of iron status and risk of primary liver cancer: A systematic review and meta-analysis. Nutr CANCER- Int J (2019) 71(8):1365–73. doi: 10.1080/01635581.2019.1609053

7. Lazarus, J, Mark, H, Anstee, Q, Arab, J, Batterham, R, Castera, L, et al. Advancing the global public health agenda for NAFLD: a consensus statement. Nat Rev Gastroenterol Hepatol (2022) 19(1):60–78. doi: 10.1038/s41575-021-00523-4

8. Mao, D, Lau, E, Wu, H, Yang, A, Fan, B, Shi, M, et al. Risk associations of glycemic burden and obesity with liver cancer-A 10-year analysis of 15,280 patients with type 2 diabetes. Hepatol Commun (2022) 6(6):1350–60. doi: 10.1002/hep4.1891

9. Vogel, A, Meyer, T, Sapisochin, G, Salem, R, and Saborowski, A. Hepatocellular carcinoma. LANCET (2022) 400(10360):1345–62. doi: 10.1016/S0140-6736(22)01200-4

10. Chang, Y, Jeong, S, Jang, J, and Kim, Y. Recent updates of transarterial chemoembolilzation in hepatocellular carcinoma. Int J Mol Sci (2020) 21(21):8165. doi: 10.3390/ijms21218165

11. Reig, M, Forner, A, Rimola, J, Ferrer-Fabrega, J, Burrel, M, Garcia-Criado, A, et al. BCLC strategy for prognosis prediction and treatment recommendation: The 2022 update. J Hepatol (2022) 76(3):681–93. doi: 10.1016/j.jhep.2021.11.018

12. Zhang, H, Zhang, W, Jiang, L, and Chen, Y. Recent advances in systemic therapy for hepatocellular carcinoma. biomark Res (2022) 10(1):3. doi: 10.1186/s40364-021-00350-4

13. Ohri, N, Kaubisch, A, Garg, M, and Guha, C. Targeted therapy for hepatocellular carcinoma. Semin Radiat Oncol (2016) 26(4):338–43. doi: 10.1016/j.semradonc.2016.06.004

14. Turshudzhyan, A, and Wu, G. Persistently rising alpha-fetoprotein in the diagnosis of hepatocellular carcinoma: A review. J Clin Transl Hepatol (2022) 10(1):159–63. doi: 10.14218/JCTH.2021.00176

15. Bai, C, Zhang, M, Zhang, Y, He, Y, Dou, H, Wang, Z, et al. Gamma-glutamyltransferase activity (GGT) is a long-sought biomarker of redox status in blood circulation: A retrospective clinical study of 44 types of human diseases. Oxid Med Cell Longev (2022) 2022:1–12. doi: 10.1155/2022/8494076

16. Schwartz, L, Litiere, S, de Vries, E, Ford, R, Gwyther, S, Mandrekar, S, et al. RECIST 1.1-Update and clarification: From the RECIST committee. Eur J Cancer (2016) 62:132–7. doi: 10.1016/j.ejca.2016.03.081

17. Wickham, S, West, M, Cook, P, and Hanigan, M. Gamma-glutamyl compounds: Substrate specificity of gamma-glutamyl transpeptidase enzymes. Anal Biochem (2011) 414(2):208–14. doi: 10.1016/j.ab.2011.03.026

18. Bachhawat, A, and Kaur, A. Glutathione degradation. Antioxid Redox Signal (2017) 27(15):1200–16. doi: 10.1089/ars.2017.7136

19. Corti, A, Belcastro, E, Dominici, S, Maellaro, E, and Pompella, A. The dark side of gamma-glutamyltransferase (GGT): Pathogenic effects of an "antioxidant" enzyme. Free Radic Biol Med (2020) 160:807–19. doi: 10.1016/j.freeradbiomed.2020.09.005

20. Pompella, A, De Tata, V, Paolicchi, A, and Zunino, F. Expression of gamma-glutamyltransferase in cancer cells and its significance in drug resistance. Biochem Pharmacol (2006) 71(3):231–8. doi: 10.1016/j.bcp.2005.10.005

21. Franzini, M, Corti, A, Lorenzini, E, Paolicchi, A, Pompella, A, De Cesare, M, et al. Modulation of cell growth and cisplatin sensitivity by membrane gamma-glutamyltransferase in melanoma cells. Eur J Cancer (2006) 42(15):2623–30. doi: 10.1016/j.ejca.2006.04.016

22. Kim, E, and Song, K. Prognostic value of D-dimer levels in patients with gastric cancer undergoing gastrectomy. Surg Oncol-Oxf (2021) 37:101570. doi: 10.1016/j.suronc.2021.101570

23. Liu, C, Ning, Y, Chen, X, and Zhu, Q. D-Dimer level was associated with prognosis in metastatic colorectal cancer: a Chinese patients based cohort study. Med (Baltimore) (2020) 99(7):e19243. doi: 10.1097/MD.0000000000019243

24. Ma, M, Cao, R, Wang, W, Wang, B, Yang, Y, Huang, Y, et al. The D-dimer level predicts the prognosis in patients with lung cancer: a systematic review and meta-analysis. J Cardiothorac Surg (2021) 16(1):243. doi: 10.1186/s13019-021-01618-4

25. Wu, J, Fu, Z, Liu, G, Xu, P, Xu, J, and Jia, X. Clinical significance of plasma D-dimer in ovarian cancer A meta-analysis. Med (Baltimore) (2017) 96(25):e7062. doi: 10.1097/MD.0000000000007062

26. Kalkan, S, and Caliskan, S. High D-dimer levels are associated with prostate cancer. Rev Assoc Med Bras (2020) 66(5):649–53. doi: 10.1590/1806-9282.66.5.649

27. Zhang, C, Zhang, J, Wang, J, Yan, Y, and Zhang, C. Alpha-fetoprotein accelerates the progression of hepatocellular carcinoma by promoting Bcl-2 gene expression through an RA-RAR signalling pathway. J Cell Mol Med (2020) 24(23):13804–12. doi: 10.1111/jcmm.15962




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2023 Liu, Cui, Zhao and Ma. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A novel nomogram based on GD for predicting prognosis in hepatocellular carcinoma

      

        		

          Purpose

        



        		

          Patients and methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Patients

          



          		

            2.2 Data collection

          



          		

            2.3 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Patient characteristics

          



          		

            3.2 Acquisition of the optimal cutoff value

          



          		

            3.3 Correlation analysis among the 10 variables

          



          		

            3.4 Survival analysis

          



          		

            3.5 Visualization and assessment of the predictive model

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-13-1174788-g001.jpg
GD 5 LEVEL1 = LEVEL2 <+ LEVEL3

GD = LEVEL1 = LEVEL2 < LEVEL3

1.00

w
~
=)
Ay

w
~
=)
Ay

o
Iigeqoud |eainn

o
Iiqeqoid [eAinn

w0
N
o
S

0 0.25

0.00

0.00

Time

Time

Eo@Ev

il

I

Stage .

I+ =W

Stage . I l

1.00

o
=
b=

w
~
o
Ay

'Y
=
o
Ay

o
I1qeqoid |eAiun

o
Iigeqoud |eainn

w0
N
o
S

»0.25

0.00

0.00

Time





OEBPS/Images/fonc-13-1174788-g003.jpg
10 20 30 40 &0 60 70 80 90 100
Lh.—.—L‘—lA—l—l—hﬂ—L‘—lﬂ—L‘—‘—l—L‘—H—L‘—l—‘—thﬂ—L‘—l—l—l—u—ﬂJ

Points
Level2
GD T
Levell Level3
2 4

Stage2 —

1 3

1

AFP —

0

0

TargetedTherapy ———

1
Total Points

0 20 40 60 80 120 160 200 240
12-month L B

09 085 080 0.70
24-month — T T 7T T
085 080 070 06 05 04 03 02 0.1

36—m0nth T r 1T _r°r 1 T 1

08 070 06 05 04 03 02 01





OEBPS/Images/table2.jpg
Characteristic HR (95% Cl) HR (95% ClI)

Age (years)

260.00

<60.00 1.09 (0.80-1.47) 0596 153 (1.06-2.22) 0025
Gender

Female

Male 072 (0.51-1.01) 0.058 0.58 (0.40-0.85) 0005
Stage

1

il 3.18 (2.05-4.93) <0.001 212 (1.20-3.75) <0.001
1 347 (231-5.22) <0.001 453 (2.71-758) <0.001
v 7.83 (2.71-22.59) <0.001 29.89 (9.65-92.53) <0.001

Tumor thrombus
without

With 1.80 (1.31-2.45) <0.001 2.11 (1.57-3.09) <0.001

GD! ‘
<43.00
43.00-200.00 1.98 (1.38-2.83) <0.001 3.74 (244-5.71) <0.001

2200.00 3.98 (2.69-5.90) <0.001 5.98 (3.77-9.47) <0.001

AFP (ng/ml) ‘
<20.00
220.00 231 (1.70-3.14) <0.001 229 (1.59-3.30) <0.001

Size (cm) ‘

<2.00

2.00-5.00 1.35 (0.89-2.04) 0.157 2.88 (1.62-5.12) <0.001
5.00-10.00 2.08 (1.39-3.12) <0.001 4.15 (2.337-7.29) <0.001
=210.00 2.54 (1.39-4.64) 0.002 6.51 (3.08-13.75) <0.001

Metastasis

‘Without

With 312 (1.99-4.89) <0.001 297 (1.67-5.29) <0.001
Targeted Therapy

Without

With 0.92 (0.67-1.26) 0.606 0.98 (0.68-1.42) 0.904

Immunotherapy

Without

With 1.03 (0.72-1.46) 0.871 1.39 (0.94-2.05) 0.105

*P-values were calculated and based on training dataset.
1GD group for PFS was low risk group(<28.00), median risk group(28.00-160.00) and high risk group(>160.00).
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Characteristic HR (@] p-value
Stage

1

iy 132 0.78-2.21 0.299
il 2.79 1.66-4.70 <0.001
v 16.17 5.10-51.29 <0.001
GD

<43.00

43.00-200.00 2.02 1.41-2.90 <0.001
2200.00 3.14 2.09-4.71 <0.001
AFP(ng/ml)

<20.00

22000 ‘ 1.9 1.39-2.60 <0.001
Targeted therapy

Without

With 0.7 0.50-0.98 0.037
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Characteristic HR Cl p-value
Stage

1

i 3.04 2.07-448 <0.001
il 2.88 1.86-4.43 <0.001
v 417 1.39-12.51 0.011
GD

<28.00

28.00-160.00 1.79 1.32-242 <0.001
>160.00 361 2.34-5.56 <0.001
AFP (ng/ml)

<20.00

22000 1.73 1.34-2.23 <0.001

Targeted therapy

Without

With 0.45 0.34-0.60 <0.001
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Characteristics

Validation cohort

(n=110)

Age (median, range), years
Gender (male/female)

Stage (I/II/II/IV)

Tumor Thrombus (with/without)
GD (median, range)

AFP (median, range), ng/ml

Size (median, range), cm
Metastasis (with/without)
Targeted therapy (with/without)

Immunotherapy (with/without)

56.50 (30.00-79.00)

160 (72.73%) /60 (27.27%)

48 (21.81%) /67 (30.45%)/102 (46.36%)/3 (1.38%)
84 (38.18%) /136 (61.82%)

42.48 (0.42-1915.00)

58.20 (1.58-111500.00)

6.90 (1.00-20.00)

188 (85.45%) /32 (14.55%)

163 (74.09%) /57 (25.91%)

64 (29.09%) /156 (70.91%)

58.50 (28.00-80.00)

85 (77.27%) /25 (22.73%)

29 (26.36%) /40 (36.36)/40 (36.36%)/1 (0.92%)
32 (29.09%) /78 (70.91%)

44.94 (135-1161.54)

39.40 (1.00-132082.00)

6.85 (12.00-22.30)

88 (80.00%) /22 (20.00%)

66 (60.00%) /44 (40.00%)

28 (25.45%) /82 (74.55%)






OEBPS/Images/fonc-13-1174788-g004.jpg
Sensitivity

Sensitivity

Sensitivity

04

06 08 1.0

04

06 08 10

04

0.0

1.0

08

06

00

ROC Curve

=12 AUC=0.90
t=24 AUC=0.79

7 =36 AUC=0.75
t=48 AUC=0.78
G T T T
0.0 0.2 04 06 08 1.0
1-Specificity
ROC Curve
R ué'mme 2 ) o 81
“AUC (Time 36 ) = 0,79
AUC (Time 48 )=0.83
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity
ROC Curve
T T T T
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity

Sensitivity

Sensitivity

Sensitivity

06 08 10

04

0.2

00

ROC Curve

08 10

06

— t=12AUC=0.83

04

— =24 AUC=0.76
— =36 AUC=0.81

0.2

=48 AUC=0.78

0.0

0.2

04 06 0.8 1.0

1-Specificity

ROC Curve

AUC (Fme 12:)+:0:958"
.AUC (ﬁme 24)=0.91
AUC (Time 36 ) = 0,83
AUC (Time 48 )= 0.85

0.4 0.6 0.8 1.0

1 - Specificity

ROC Curve

T T T T T T
0.4 0.6 0.8 1.0

1 - Specificity





