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Abstract: Hepatocellular carcinoma (HCC) is the most prevalent primary liver malignancy, accounting for approximately 90% of all
primary liver cancers, with high mortality and a poor prognosis. A large number of predictive models have been applied that integrate
multiple clinical factors and biomarkers to predict the prognosis of HCC. Nomograms, as easy-to-use prognostic predictive models, are
widely used to predict the probability of clinical outcomes. We searched PubMed with the keywords “hepatocellular carcinoma” and
“nomogram”, and 974 relative literatures were retrieved. According to the construction methodology and the real validity of the
nomograms, in this study, 97 nomograms for HCC were selected in 77 publications. These 97 nomograms were established based on
more than 100,000 patients, covering seven main prognostic outcomes. The research data of 56 articles are from hospital-based HCC
patients, and 13 articles provided external validation results of the nomogram. In addition to AFP, tumor size, tumor number, stage,
vascular invasion, age, and other common prognostic risk factors are included in the HCC-related nomogram, more and more
biomarkers, including gene mRNA expression, gene polymorphisms, and gene signature, etc. were also included in the nomograms.
The establishment, assessment and validation of these nomograms are also discussed in depth. This study would help clinicians
construct and select appropriate nomograms to guide precise judgment and appropriate treatments.
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Introduction

Hepatocellular carcinoma (HCC) is the most prevalent primary liver malignancy, accounting for approximately 90% of
all primary liver cancers, with high mortality and a poor prognosis.' 80% of patients with HCC are in advanced stage at
the first visit. Although some patients have received radical hepatectomy, the high recurrence rate and metastasis rate
after surgery remain the challenges for the survival of patients.> In recent years, targeted therapies and immune
checkpoint inhibitors have achieved a satisfactory curative effect in HCC. In addition, some new therapeutic options
have contributed to improved prognosis in patients with HCC, such as the combination of PD-1 inhibitors with anti-
angiogenic therapy and intensity-modulated radiotherapy, as well as Gamma knife radiosurgery.*> However, a significant
percentage of individuals still have low survival rates. A large number of studies have been conducted to identify
potential risk factors for the diagnosis and prognosis of HCC.” Based on universally recognized risk factors, such as the
stage of American Joint Committee on Cancer Tumor-Node-Metastasis (TNM) and the stage of Barcelona Clinic Liver
Cancer (BCLC),® many predictive models have been established to stratify or score the risk associated with HCC.
However, these models are not easy to apply to clinical practice as they require extensive calculations or rely on certain

devices such as imaging modes or biochemical tests when evaluating risk scores. Furthermore, personalized prognostic

Journal of Hepatocellular Carcinoma 2023:10 1389-1398 1389
Received: 13 April 2023 © 2023 Wang et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.
AT php and incorporate the Creative Commons Attribution — Non Commercial (unported, v3.0) License (http://creativecommons.org/licenses/by-nc/3.0/). By accessing the

Accepted: 17 August 2023
Published: 22 August 2023

work you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).


http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/3.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Wang et al Dove

prediction based on individual risk is more cost-effective, saves net medical costs and improves patient survival
compared with current methods of prognostic risk assessment for HCC that rely only on clinical characteristics.
Therefore, combined with clinical characteristics, new molecular information may improve the accuracy of predicting
the prognostic risk of HCC, such as plasma alkaline phosphatase (ALP), PD-L1 expression on circulating tumor cells and
plasma HSP90a level.” !

The nomogram is an easy-to-use prognostic model for cancer patients, which can help doctors determine the
possibility of specific events to make more precise clinical decisions.'? The user-friendly interface of the nomogram
allows an individual patient to easily perform prognostic prediction; thus, it has been widely used in various cancers in
recent years.'> In this review, we have collected 97 nomograms of HCC, deeply analyzed the establishment and
verification of the nomogram, and discussed the potential clinical usage of these nomograms.

Process of Literature Selection

We searched PubMed to collect publications reporting HCC associated nomograms by November 1, 2022. The keywords
“hepatocellular carcinoma” and “nomogram” were used to search the literature in PubMed. The primary search retrieved
974 publications. When looking through the titles and abstracts, 72 publications were excluded because lacking original
nomograms or presenting nomograms unrelated to HCC. In addition, seven non-English publications were excluded.
Finally, according to the principle of establishment of nomograms, 97 nomograms from 77 literatures were included in
this study (Figure 1).

These nomograms meet the construction guidelines proposed by Iasonos A et al in 2008,® the following inclusion
criteria were applied: (i) Nomograms are established using logistic regression models or Cox proportional hazard model
or other mathematical models. (ii)) Hazard ratio (HR), odds ratio (OR), and regression coefficients (f) are available and
accurate. (iii) A nomogram has been plotted accurately according to the weight of f coefficients of variables in the
model, that is, the weight of the highest § coefficient (absolute value) is assigned 100 points on the scale, and the f
coefficient of other variables are assigned a smaller number of points proportional to their effect size, following the
formula

Other f coefficient o
Highest f coefficient

100

Based on the above selection criteria, 97 HCC-related nomograms in 77 articles were finally included in this review.
Study characteristics including first author, PMID number, year of publication, data sources, sample size, risk factors,
predictive effect, and verification method were extracted.

Characteristics of the HCC Nomogram
97 HCC-related nomograms covered more than 100,000 patients and were used for in-depth analysis. The basic
characteristics of these study cohorts are summarized in Supplementary Table 1, including first author, publication

date, PMID number, disease outcomes, sample size, data source, risk factors, statistical methods, etc. Most of the HCC-
related nomograms were published after 2020 and were based on hospital patient data (Figure 2A and B). The
nomograms of only 21 articles were built on publicly available data, including The Cancer Genome Atlas (TCGA),
Gene Expression Omnibus (GEO), Surveillance, Epidemiology, and End Results (SEER), International Cancer Genome
Consortium (ICGC), and The cBio Cancer Genomics Portal (cBioPortal). In general, the nomogram based on hospital-
based data collected by the researchers themselves is more representative, especially data from multiple research centers.

These nomograms focus on the prognosis of various HCC treatment methods and the risk of serious complications,
including hepatectomy, immunotherapy, targeted therapy, transarterial chemoembolization, radiofrequency ablation, liver
transplantation, risk of microvascular invasion, risk of deep vein thrombosis, etc. Among them, 39 studies focused on the
prognosis of patients after hepatectomy, including radical hepatectomy, partial hepatectomy and laparoscopic
hepatectomy.

The staging and grading system for HCC is crucial for the selection of treatment plans and prognosis evaluation of
patients. AJCC TNM stage, BCLC stage and Child-Pugh grade are often used as staging criteria for HCC. Most studies
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Figure | Literature screening process.

have used existing HCC staging and grading systems to identify samples, with only a few studies using uncertain terms
such as advanced-stage patients or patients without distant metastasis. The 97 nomograms contained seven major disease
outcomes, including overall survival (OS), recurrence-free survival (RFS), disease-free survival (DFS), progression-free
survival (PFS), cancer-specific survival (CSS), risk of HCC and its complications, and therapeutic response prediction
(Figure 2C).

Hepeatitis B virus (HBV), hepatitis C virus (HCV), exposure to aflatoxin B1, excessive consumption of alcohol, and
non-alcoholic liver disease are the main risk factors for HCC.'* The geographic variability in the incidence of HCC is
mainly due to the distribution of HBV and HCV infections. 80-90% of HCCs are associated with HBV or HCV of the
world.'>'® Therefore, the HCC-related nomogram that provides information about the infection of patients by the
hepatitis virus is more representative. In this review, 69 articles provide information on viral infection in patients with
HCC. Only a few studies have provided information on alcoholism and cirrhosis in patients.

Construction Steps of the Nomogram
To establish, evaluate and validate nomograms by collecting patients’ clinical characteristics, survival information and
molecular features. Therefore, the nomogram should follow certain steps before clinical application (Figure 3).
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Figure 2 Main characteristics of the HCC nomogram in the study. (A) Publication year of literature; (B) Data source for constructing nomogram; (C) Disease outcomes
included in the nomogram; (D) Main risk factors included in the nomogram.

Establishment
Logistic regression model builds a linear relationship between the probability of the disease outcome and risk factors.
Cox proportional hazard model assesses the effect of risk factors on survival time. Logistic regression models are often
used for cross-sectional studies and case-control studies, whereas Cox regression model is often used for cohort studies
because Cox regression analysis allows for the presence of censored data. Thus, logistic regression model was used to
establish a nomogram of the risk of HCC, while Cox regression model was used to establish a nomogram predicting the
prognosis of HCC. So logistic regression model and Cox proportional hazard model are often used to select risk factors
for nomograms. Odds ratio (OR) in logistic regression model and hazard ratio (HR) in Cox proportional hazard model are
metrics used in epidemiological etiological studies to assess the strength of causal relationships between treatment/
exposure and certain outcome. OR and HR are calculated from the regression coefficients of the variables, that is, OR or
HR= exp (f). Therefore, accurate OR, HR, and f coefficients are the key to building an accurate and powerful
nomogram.

In addition, because the multivariable regression model can adjust potential confounding factors, it is better to select
a multivariable regression model to establish a nomogram when evaluating the relationship between risk factors and
disease outcomes. Generally, multivariable logistic regression analysis is used to develop the predictive risk model, and
multivariable Cox proportional hazard model is used to develop the prognostic model. Of the 97 nomograms, 84 were
constructed with Cox regression models and 13 with a logistic regression model.

The least absolute shrinkage and selection operator (LASSO) method was used for data dimension reduction and
covariate selection.'” Therefore, when it is necessary to screen statistically significant prognostic factors from numerous
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Figure 3 Standard process of nomogram establishment. The dotted box indicates that this method is optional.

clinical variables or biomarkers, LASSO is often combined with Cox regression model or logistic regression model for

the construction of nomograms.'®'?

Assessment

The goal of an individualized risk prediction model is to accurately predict the disease outcome. The ability of a model to
separate patients with different outcomes is called discrimination.® The predictive accuracy (or discrimination ability) of
a nomogram is usually measured by the concordance index (C-index), the area under the curve (AUC), and the decision
curve analysis (DCA). In general, the logistic regression model is evaluated with AUC and the Cox regression model is
evaluated with C-index and time-dependent AUC, but both models can be evaluated with DCA. It is worth noting that
most studies provide multiple assessment indicators of the nomogram for mutual verification.

The C-index can measure the predictive accuracy (discrimination) of a nomogram, which quantifies the consistency
between the prediction probability of the predictive model and the real probability.'* Therefore, C-index is the most
extensive indicator for the overall evaluation of the prognostic model, which can characterize the prognostic ability of
a model considering the occurrence and time of the results.”® The AUC of a time-dependent receiver operating
characteristic curve (ROC) is another similar metric to the C-index, and researchers tend to select at least one to assess
the predictive power of nomograms.”' ROC analysis is used to describe the accuracy of predictive models, and AUC can
quantify the accuracy of predictive capability of the model. The C-index and AUC values are closer to 1 to indicate
a more accurate prediction model.”” Most of the nomograms in this study provide exact C-index or AUC values, and
most the nomograms had C-index or AUC values greater than 0.7.

Journal of Hepatocellular Carcinoma 2023:10 hetps: 1393

Dove:


https://www.dovepress.com
https://www.dovepress.com

Wang et al Dove

The decision curve analysis calculates the clinical “net benefit” of the predictive model or diagnostic test, compared
to the default strategy of treating all patients or none. Net benefit is calculated across a range of threshold probabilities,
defined as the minimum probability of disease at which further intervention would be warranted, as net benefit =
sensitivity x prevalence — (1 — specificity) x (1 — prevalence) x w where w is the odds at the threshold probability.>* The
decision curve analysis shows the discrimination of the prediction model through the graph, rather than the exact value,
so this graph is not easy to understand. But this method tries to overcome the limitations of traditional statistical
indicators and can be used as a powerful supplement to the evaluation of prediction models. The nomograms of several
studies provide the results of the decision curve analysis and show good discrimination of the prediction model.** 2’

Validation

A nomogram needs to be evaluated to clarify the accuracy, specificity, and sensitivity of the model before translated into
clinics, and this analysis process is called validation. Nomogram validation is a standard process for determining the
efficacy and generalizability of prognosis models. Generally, validation includes “external” and “internal” validation.
Internal validation is economical because it splits an input data set into multiple parts, some of which are used for the
training set and the rest for the testing set. Common internal validation methods are k-fold cross-validation and bootstrap
resampling, but cannot guarantee the quality of a nomogram because of potentially biased training data and the
complexity of the validation process itself. To evaluate the nomogram comprehensively, it is best to use data sources
elsewhere as validation datasets. External validation uses independently derived data sets to verify the performance of
a nomogram model. Therefore, positive performance in external verification is more regarded as proof of
generalizability.”® Of the 77 studies we collected, only 13 studies provided the results of external validation.

Risk Factors Included in Nomograms

Clinical Characteristics

Traditional prediction models mostly use clinicopathological and clinicoradiological factors, which are often detected in
clinical diagnosis and treatment. Furthermore, some clinically relevant and important factors were also included for the
construction of the nomogram, although they may not be statistically associated with the outcomes yet exhibit clinical
indispensable values.'?

Many important clinicopathological and clinicoradiological variables were analyzed in 97 nomograms, for example,
tumor size was used in 32 nomograms, tumor number in 25 nomograms, and patient age in 15 nomograms (Figure 2D).
Furthermore, platelet-to-lymphocyte ratio (PLR), y-glutamyl transpeptidase-to-platelet ratio (GPR) and neutrophil times
y-glutamyl transpeptidase-to-lymphocyte ratio (NrLR), new clinical inflammatory indicators, were used to construct
nomograms. Hepatitis virus-related variables were also included in the nomogram, including HBV DNA level, the
infection by hepatitis virus, and antiviral therapy.” '

There are many staging systems for the prognosis of HCC. There is no consensus on which staging system is the best,
because these systems have different prognostic values in different populations of patient. The AJCC TNM stage system
and the Barcelona-Clinic-Liver Cancer (BCLC) classification were widely used in the construction of the HCC-related
nomogram. The AJCC TNM stage system determines the most important prognostic factors, the number of tumors, and
the presence and extent of vascular infiltration in the tumor. However, this system cannot accurately stage patients with
unresectable HCC, which limits its application in this group of patients.>> The BCLC classification defines five
prognostic subclasses and assigns specific treatments for each stage, including surgical resection, liver transplantation,
radiofrequency ablation, chemoembolization, and the multikinase inhibitor sorafenib. The classification provides an easy-
to-use algorithm to link tumor stages with treatment allocation policies, which is endorsed by European and American
clinical practice guidelines.*?

With advances in computed tomography (CT) and magnetic resonance imaging (MRI), HCC can now be reliably
diagnosed without biopsy.** Therefore, nomograms based on CT or MRI features were also used in the study of
prognosis of liver cancer, such as homogeneous signal, rim enhancement, peritumoral enhancement, and fusion radiomic

signature.*>’
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Molecular Features

In addition to clinical characteristics, the gene signature and biomarker were also selected for the development of the
nomogram, although they may be difficult and costly to be measured compared to clinical variables. However, these
biomarkers are related to hepatitis virus infection or HCC progression, so they are of great significance in clarifying the
molecular and genetic mechanisms.

As a cheap and convenient biomarker, alpha-fetoprotein (AFP) has been widely used in the diagnosis and surveillance
of HCC. Therefore, AFP was the most common risk factor in the nomogram (Figure 2D). AFP was used as a categorical
variable in most nomograms, and as a continuous variable in some nomograms, even with logarithmic conversion of
values. The risk factors in the nomograms can be continuous variables or categorical variables, which will affect the
weight of the risk factors in the nomograms. Therefore, it must be seriously considered how to select the type of variable
and cut-off value of the variable.

It should be noted that researchers are paying more attention to the clinical values of biomarkers. This study
demonstrated the prognostic significance of the novel biomarkers contained in all collected nomograms, of which 11
nomograms provide the prognostic value of the novel gene signature, and 17 nomograms show the prognostic value of
a single novel biomarker, including mRNA expression, protein expression, IncRNA, miRNA, ctDNA and single
nucleotide polymorphism (SNP) (Figure 4). These genes are involved in cuproptosis,®® mitochondrial function,*
immune infiltration,* pyroptosis,*' m6A methyltransferase modification,*” DNA repair,* etc. There are well-known PD-
L1* and VEGFA™ related to the prognosis of HCC, as well as MPV17°° and HSPB11*° that are less studied. Some
genes are related not only to OS, but also to RFS, such as RPS3A*° and APOA4.*

Notably, the determination of diagnostic and prognostic cutoffs for biomarkers is dependent on laboratory equipment
and detection techniques. Therefore, the cutoff values of biomarkers from different laboratories are not suitable for direct
comparison. The cut-off range of biomarkers requires repeated validation in a large sample to be determined. However,
the diagnostic and prognostic effects of these biomarkers should be consistent.

Clinical Application of Nomogram

The validity of the prognostic model is based on the correlation between the observed probability and the predictive
probability of an event (calibration) and on its ability to distinguish patients with different prognoses (discrimination). An
effective risk prediction model should have good discrimination and calibration. Discrimination can stratify patients into
groups with different prognosis according to risk scores. There was a significant difference in recurrence and progression
rates between the low-risk and high-risk groups. Calibration can accurately predict the course of an individual patient’s
disease. Therefore, the choice of variables in the prognosis model is crucial.

The nomogram could transform the prognostic risk factors and complex regression equation into a simple and visual
graph, making the prediction model more readable and more valuable. But the quality of the published nomograms is
uneven, mainly due to the following problems. First, the nomogram should be derived from a statistical model and
preferably provide explicit OR or HR values. Second, the selection of variable types in the nomogram is important, that
is, continuous variables or categorical variables, which can affect the weight of variables in the model. Third, there are
too few nomograms that can provide external data validation, so it is questionable whether the conclusions of these
studies are reliable.

With the development of high-throughput technologies, more key prognostic biomarkers have been found. Combining
clinical characteristics and biomarkers can make nomograms play a stronger predictive function. In addition, the rapid
development of the Internet contributes to the visualization of nomographs and makes them more convenient to use. In this
review, six studies provide available online websites.** >* People can predict the risk scores of the specific disease by entering
a limited number of variables into a website, which will greatly facilitate the application of nomograms in clinical practice.

Conclusions
This study collected published nomograms related to HCC, which provide definite computational models and validation
results. This review categorizes the published nomograms and provides a detailed description of the establishment

Journal of Hepatocellular Carcinoma 2023:10 hetps: 1395

Dove:


https://www.dovepress.com
https://www.dovepress.com

Wang et al Dove

A Gene Outcome Hazard ratio (95%Cl)
MPV17 (high vs. low) os g 1.32(1.09-1.61)
HSPB11 (high vs. low) os 1.85 (1.18-2.90)
LMNB1 (high vs. low) os 1.81(1.14-2.86)
Ki67 (high vs. low) os 1.61(1.02-2.55)
COMMD10 (high vs. low) os 0.52 (0.32-0.87)
PD-L1 (high vs. low) os 2.15(1.07-4.31)
N4BP3 (high vs. low) os 2.75(1.88-4.02)
COL15A1 (high vs. low) os 0.52 (0.36-0.76)
ADRA2B (high vs. low) os 0.59 (0.34-0.86)
NDST3 (high vs. low) os 0.66 (0.46-0.95)
E2F8 (high vs. low) os 1.89 (1.30-2.75)
MAPT (high vs. low) os 1.59 (1.10-2.29)
PZP (high vs. low) os 0.63 (0.44-0.90)
HOXDS (high vs. low) os 1.45 (1.01-2.09)
H2AFX (high vs. low) os 1.68 (1.16-2.44)
SQSTM1 (high vs. low) os 1.74 (1.20-2.53)
ITM2A (high vs. low) os 0.45 (0.31-0.66)
PFKP (high vs. low) os 1.66 (1.14-2.41)
TPD52L1 (high vs. low) os 1.53 (1.07-2.20)
ACSL4 (high vs. low) os 1.49 (1.03-2.15)
STRN3 (high vs. low) os 1.63 (1.12-2.37)
CPEB3 (high vs. low) os 0.64 (0.44-0.94)
APOCS3 (high vs. low) os 0.49 (0.28-0.83)
POR (high vs. low) os 0.61(0.38-0.97)

00 40 45
VEGFA (high vs. low) oS i pooeneeeeneeeneaes @---snneenee st | 33.10 (12.87-85.06)
7 & %

B Gene biomarker with two outcomes Outcome Hazard ratio (95%Cl)
RPS3A (high vs. low) os 1.64 (1.02-2.62)
RPS3A (high vs. low) RFS 1.52 (1.01-2.28)
GCLC (high vs. low) os 1.89 (1.20-2.99)
GCLC (high vs. low) DFS 1.82 (1.23-2.70)
APOA4 (high vs. low) 0s 2.04 (1.27-3.30)
APOC4 (high vs. low) os 0.64 (0.38-1.09)
APOA4 (high vs. low) RFS 1.66 (1.14-2.43)
APOC4 (high vs. low) RFS 0.63 (0.44-0.92)
WWOX (high vs. low) os 1.71(1.13-2.61)
WWOX (high vs. low) RFS 1.83 (1.27-2.64)

00 05 1o s 20 25 30 as
C Gene signature Outcome Hazard ratio (95%Cl)
A 14-prognostic cuproptosis-related miRNAs signature (high vs. low) 0s J 1.82(1.13-2.94)
A 9-ctDNAs siganture (high vs. low) RFS lr=memssaend @ coieencisnioansiocnsiocd] 1 5.75(2.55-12.96)
A 17-immune infltration-related genes signature (high vs. low) os 2.67(1.80-3.97)
A 3-pyroptosis genes signature (high vs. low) 0s 2.00 (1.30-3.00)
A 3-metabolic rate-limiting enzymes signature (high vs. low) 0os 1.97 (1.24-3.12)
A7-genes signature (high vs. low) 0s L] 0.32 (0.20-0.52)
A 3-m6A methyltransferase-related INcRNAs signature (high vs. low) 0s p - 2.00(1.20-3.10)
A 4-DNA repair-associated INcRNAs signature (high vs. low) 0s N 3.41(2.21-3.41)
A 3-genes signature (high vs. low) 0s : 2.28 (1.58-3.29)
A 10-genes signature (high vs. low) 0s 0.23 (0.14-0.36)
A 6-genes signature (high vs. low) 0s 2.46 (1.28-4.71)
0123 45678910121
D
LncRNA biomarker [o] Hazard ratio (95%Cl)
LINC00856 (high vs. low) 0s 1.52 (1.03-2.23)
RP11_363N22.3 (high vs. low) 0os 1.54 (1.05-2.25)
LINC02003 (high vs. low) 0os 1.62(1.12-2.35)
RP11_92C4.6 (high vs. low) 0os 0.60 (0.42-0.87)
MYLK_AS1 (high vs. low) 0os 1.70 (1.17-2.46)
C20rf48 (high vs. low) 0os 1.76 (1.21-2.54)
RP11_150012.3 (high vs. low) os 2.07 (1.44-2.98)
LINCO01116 (high vs. low) os 2.08 (1.41-3.06)
RASGRF2_AS1 (high vs. low) os 0.47 (0.32-0.68)
LINCO01559 (high vs. low) os 2.16 (0.48-3.16)
00 35
E SNP biomarker Outcome Hazard ratio (95%Cl)
POR-rs1057868 (CT/TT vs. CC) 0s 0.69 (0.54-0.88)
rs10893585 (CC vs. CT/TT) 0s 0.78 (0.65-0.93)
rs2431 (AA vs. AG/GG) 0s |---@--el L 0.64 (0.50-0.82)
rs34675408 (GT vs. TT) 0s 1.66 (1.24-2.21)
rs6078460 (AA vs. AG/GG) 0s 1.26 (1.06-1.49)
rs6766361 (AA/CA vs. CC) 0s |--@--| 0.74 (0.63-0.88)

— T T T T T T T T T TT
00 02 04 06 08 10 12 14 16 18 20 22 24

Figure 4 Forest plot of the biomarkers included in the nomogram. (A) Forest plot of the gene biomarker; (B) Forest plot of the gene biomarker with two outcomes; (C)
Forest plot of the gene signature; (D) Forest plot of the IncRNA biomarker; (E) Forest plot of the SNP biomarker.
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process, risk factors, application population, and advantages and disadvantages of these models. This study provides
resources for clinicians and researchers to apply the established nomograms and provides more directions for developing
new predictive models.
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