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Purpose: Developing a high-value, convenient, and validated differential diagnosis model to differentiate alpha-fetoprotein (AFP)
negative hepatic occupying lesions and assist clinicians in early identification and intervention.

Patients and Methods: A total of 340 patients with AFP-negative hepatic occupying lesions who were admitted to the Guangxi
Medical University Cancer Hospital between August 2021 and April 2023 were included in the final retrospective analysis. The data
were randomly divided into training and validation sets in a 7:3 ratio after performing multiple interpolations. In the training set,
laboratory variables and models were screened using least absolute shrinkage and selection operator regression analysis, comparison of
five machine learning algorithms, and univariate, as well as multivariate logistic regression analysis. A diagnostic prediction
nomogram model was developed. We evaluated and validated the model using the receiver operating characteristic (ROC) curve
analysis, calibration curve analysis, and decision curve analysis (DCA).

Results: We identified six significant predictive factors from the results of multivariate logistic analysis in the training set and
incorporated them into the nomogram model for diagnosing AFP-negative hepatic malignant occupying lesions (HMOL). The
diagnostic nomogram, including gender, age, des-gamma-carboxy prothrombin (DCP), serum ferritin (SF), AFP, and hepatitis
B surface antigen (HBsAg), achieved an area under the curve of 0.905 discriminated patients with HMOL from those with benign
occupying lesions. Additionally, calibration curves demonstrated the close alignment between the nomogram predictions and the ideal
curve, along with the consistency between predictions and actual results. Moreover, the DCA curves illustrated indicated benefit for all
patients. These finding were confirmed by the validation set.

Conclusion: The GADSAH model specifically targets the discrimination of malignant and benign liver lesions in AFP-negative
patients. It offers a noninvasive, cost-effective, and efficient approach for diagnosing such cases.
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Introduction

Hepatic space-occupying lesions are abnormal tissue areas, comprising solid or cystic masses, located with the liver.
Depending on the characteristics of the lesion, it can be categorized as either a malignant or a benign hepatic lesion.'
However, it is essential to note that the treatment and prognosis for these two types of lesions differ significantly. Hepatic
malignant occupying lesions (HMOL), primarily hepatocellular carcinoma (HCC), ranked sixth in incidence and third in
mortality among global cancer diseases, as reported in the 2020 Global Cancer Statistics.” The incidence and mortality rates
of HCC have shown a consistent increase worldwide over the last two decades.* Late diagnosis often leads to a poor prognosis
for patients. Timely detection allows for liver transplant or surgical resection, which can result in a 5-year survival rate
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exceeding 70%.> In contrast, hepatic benign occupying lesions (HBOL), such as hepatic hemangiomas, generally exhibit slow
growth and often require mere observation or local intervention.® Therefore, an accurate differential diagnosis of hepatic
occupying lesions is crucial for developing appropriate treatment plans and predicting prognosis.

The Current guidelines recommend screening for HCC using alpha-fetoprotein (AFP) and B-ultrasound.” However, as the
proportion of small hepatocellular carcinomas being diagnosed continues to increase, the sensitivity of AFP progressively
decreases.®” Furthermore, studies have shown that approximately 30% to 40% of HCC cases are AFP-negative.'’
Additionally, ultrasound has limited sensitivity for assessing HMOL.""'? Other imaging modalities, especially in the detection
of small HCC and differentiation from other benign lesions, still lead to misdiagnosis and missed diagnoses.'>'* While
histopathological diagnosis remains the gold standard for the diagnosing HMOL, it is an invasive and risky. In contrast, blood
diagnostic markers offer a non-invasive, low-cost, objective, and convenient approach to the screening and monitoring liver
malignancies. Although new HMOL blood diagnostic markers have been developed, they are still in the research stage and
have not been widely implemented in clinical practice.'> '’ Furthermore, the combination of multiple blood markers and
demographic characteristics to construct hepatocellular carcinoma prediction models and enhance the early diagnosis rate of
HCC has been a popular research topic in recent years.'®2°

Therefore, it is crucial to develop a rapid, convenient, and sensitive screening and surveillance method using a series of
clinical examinations, in order to ensure timely detection of malignant lesions in asymptomatic individuals at risk. Machine
learning, an emerging medical field of artificial intelligence in medicine, possesses the ability to process large and complex
data, and thus can facilitate more precise disease diagnoses and personalize patient treatments.”' In the realm of personalized
cancer therapy, nomograms serve as statistical tools that provide patients with a personalized prediction based on a set of
variables. Nomogram models have been used to diagnose or predict cancer by integrating multiple parameters.*>*> However,
little research has focused on developing a nomogram prediction model for differentiating between HMOL and HBOL for
patients with AFP-negative. Therefore, we conducted a retrospective analysis of the clinical data and laboratory parameters
from 245 cases of HMOL and 95 cases of HBOL patients admitted to the Guangxi Medical University Cancer Hospital. The
objective was to construct a reliable nomogram model, which aims to distinguish AFP-negative HMOL from HBOL by using
machine learning algorithms.

Materials and Methods

Patients

This study conducted a retrospective analysis of data from 1647 cases of hepatic occupying lesions collected at the Guangxi
Medical University Cancer Hospital between August 2021 and April 2023. Inclusion criteria required patients to have
received their initial diagnosis through imaging or pathology prior to surgical treatment.”**> Exclusion criteria were as
follows: 1. Received any anti-cancer treatment; 2. Co-existence of malignant localization in other organs; 3. Co-existence of
benign and malignant occupations; 4. Diagnostic inconsistencies in pathology and imaging; 5. AFP>20mg/mL cases.
Ultimately, 340 cases of hepatic lesions were included in the study, consisting of 245 cases of HMOL and 95 cases of HBOL.

Clinicopathologic Characteristics

General patient data, routine hematological, biochemical and immunological parameters were collected from 340 individuals
with hepatic occupying lesions. The collected information included gender, age, blood platelet (PLT), prothrombin time (PT),
activated partial thromboplastin time (APTT), thrombin time (TT), fibrinogen (FIB), des-gamma-carboxy prothrombin
(DCP), total bilirubin (TBIL), direct bilirubin (DBIL), indirect bilirubin (IBIL), serum ferritin (SF), alanine aminotransferase
(ALT), aspartate transaminase (AST), alkaline phosphatase (ALP), lactate dehydrogenase (LDH), gamma-
glutamyltransferase (y-GGT), alpha-L-fucosidase (AFU), 5’-nucleotidase (5’-NT), monoamine oxidase (MAO), total bile
acid (TBA), thymidine kinase 1 (TK1), heat-shock protein 90 alpha (HSP90a), complement protein 3 (C3), complement
protein 4 (C4); carcinoembryonic antigen (CEA), carbohydrate antigen 125 (CA125), carbohydrate antigen 153 (CA153),
carbohydrate antigen 199 (CA199), AFP, lens culinaris agglutinin-reactive fraction of AFP (AFP-L3), lens culinaris
agglutinin-reactive fraction of AFP/total AFP (AFP-L3%), hepatitis B surface antigen (HBsAg), and hepatitis B e antigen
(HBeAg).
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Statistical Analysis

Data Preprocessing

All calculations were performed using R software (version 4.3.1) and relevant packages. Missing data points below 20%
were imputed using the predictive mean matching method.?¢

Model Building

Significant variables in the analysis of differences between the HBOL cohort and the HMOL cohort were screened. The
two cohorts were randomly divided into training and validation sets using a 7:3 ratio. In the training set, the least absolute
shrinkage and selection operator (LASSO) were used to screen variables.?” To screen the best predictive modeling
methods, five common machine learning algorithms were selected, including decision tree (DT), logistic regression (LR),
neural network (NNET), random forest (RF), and support vector machine (SVM) to evaluate the performance of the
model in the training set.”® The performance of models for the statistically significant features was assessed using area
under the curve receiver operating characteristics curve (AUROC). Therefore, univariate and bidirectional elimination
logistic regression analyses were conducted on chosen the significant factors to assess the final model. Finally,
a predictive nomogram was constructed to discriminate AFP-negative HMOL and HBOL. The LASSO regression
analysis applied ten-fold cross-validation, and five machine learning algorithms used ten-fold bootstrap validation.

Model Evaluation
The performance of the nomograms was assessed using AUROC and calibration curve analyses. The calibration
capability of the model was evaluated using the Hosmer-Lemeshow test, and the calibration curves were analyzed
using 1000 bootstraps. Additionally, decision curve analysis (DCA) was performed to determine the predicted net benefit
threshold. These methods for evaluating models were also evaluated by the validation set.

Non-normally distributed data were presented as median and interquartile range. The chi-squared test was used for
categorical variables, and the Mann—Whitney U-test was used for numerical variables. Results with a p value of less than
0.05 were considered significant.

Results

Patient Cohorts and Clinicopathologic Features

A total of 1647 cases of liver lesions were subjected to inclusion and exclusion criteria, resulting in a final cohort of 340
cases. The demographics and clinicopathologic characteristics of the 340 patients were listed in Table S1. Among these
patients, 95 (27.94%) cases were diagnosed as benign and 245 (72.06%) were diagnosed as malignant. To address
missing data, multiple imputation methods were utilized as a preprocessing step. Subsequently, statistical significance
tests were performed on all clinical characteristic parameters. The detailed process is presented in a flow diagram
(Figure 1). Within the AFP-negative HBOL and HMOL cohorts, there were 30 parameters that exhibited statistically
significant variances among a total of 35 parameters (P<0.05, Table 1). Significantly, there is a notable difference in the
distribution of benign and malignant liver lesions between genders (P<0.001, Table 1). In each cohort, the majority of
patients with HMOL were male (85.31% vs 14.69%), while the majority of patients with HBOL were female (58.95% vs
41.05%), and the median age surpassed 45 years (48 vs 55). Furthermore, several parameters including Age, PT, TT, FIB,
D-Dimer, log,o(DCP), TBIL, DBIL, SF, ALT, AST, ALP, LDH, y-GGT, AFU, 5-NT, TBA, TK1, HSP90a, C4, CEA,
CA125, CA153, CA199, logo(AFP), AFP-L3, HBsAg, and HBeAg were found to be higher in the HMOL cohort
compared to the HBOL cohort (P<0.05, Table 1). Conversely, PLT level was lower in the HMOL cohort (P<0.05,
Table 1). The patients were divided into two sets, namely the training set and the validation set, comprising 237 and 103
patients, respectively. Importantly, all thirty variables mentioned above were found to be statistically significant. Notably,
there were no significant differences were observed between the parameters in these two sets (P>0.05, Table S2).

Clinical Parameters and Method Selection for the Predictive Model
In the training set, the LASSO regression analysis was performed on 30 variables (Figure 2A and B). The dashed line in
Figure 2B represents the maximum value for lambda (A) within one standard error of the minimum binomial deviation. At A =
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1647 cases of hepatic occupying lesions

Exclusion criteria:

* Received any anti-cancer treatment

» Co-existence of malignant localization
in other organs

» « Co-existence of benign and malignant
occupations

« Diagnostic inconsistencies in pathology
and imaging

* AFP 220 ng/ml
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Figure | Flow chart of the study process.
Abbreviations: AFP, alpha-fetoprotein; HBOL, hepatic benign occupying lesions; HMOL, hepatic malignant occupying lesions; LASSO, least absolute shrinkage and selection
operator; ROC, receiver operating characteristic; DCA, decision curve analysis.

0.061, six variables with non-zero coefficients were identified via ten-fold cross-validated LASSO regression analysis as concise
combinations distinguishing AFP-negative HBOL from HMOL. The variables contained gender, age, log;o(DCP), SF, log;q
(AFP), and HBsAg, as presented in Table S3. Subsequently, five machine learning models were analyzed by the above six
variables. The receiver operating characteristic (ROC) curve of the training set demonstrated that the area under the curve (AUC)
value of DT, LR, NNET, RF, and SVM models in diagnosing AFP-negative HMOL were 0.790, 0.898, 0.775, 0.896, and 0.888,
respectively (Figure 2C). Notably, the LR model displayed the most significant diagnostic ability, with an AUC of 0.898 for
distinguishing between benign and malignant hepatic lesions.

Logistic Regression Analysis and Model Building

Significance variables identified in univariate logistic regression analysis of the training set included gender, age, log,o(DCP), SF,
log,o(AFP), and HBsAg (P<0.05, Table 2), and were subsequently subjected to the multivariate regression analysis. Bidirectional
elimination regression analysis revealed that the final model with the smallest Akaike information criterion (AIC), included
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Table | Comparison of Variables Between HBOL Cohort and HMOL Cohort
Variable HBOL Cohort (n = 95) | HMOL Cohort (n=245) P
Gender n (%) <0.001
Female 56 (58.95%) 36 (14.69%)
Male 39 (41.05%) 209 (85.31%)
Age (years) 48.00 (36.50-57.50) 55.00 (48.00-63.00) <0.001
PLT (% I09/L) 244.00 (211.00-279.00) 210.00 (164.00-273.00) <0.001
PT (s) 11.80 (11.15-12.50) 12.40 (11.80—13.40) <0.001
APTT (s) 28.10 (25.40-31.00) 27.60 (25.40-31.20) 0.949
TT (s) 17.60 (16.90—18.50) 18.00 (17.10-19.30) 0.011
FIB (g/L) 2.76 (2.34-3.25) 3.07 (2.43-4.03) 0.002
D-Dimer (mg FEU/L) 0.24 (0.09-0.68) 0.51 (0.19-1.88) <0.001
Logio (DCP) (ng/mL) 0.68 (0.52-1.03) 1.63 (0.92-2.64) <0.001
TBIL (umol/L) 11.80 (9.05—14.25) 13.60 (10.40—18.60) 0.002
DBIL (umol/L) 3.60 (2.80—4.85) 5.00 (3.80-7.00) <0.001
IBIL (umol/L) 7.90 (6.20-9.40) 8.60 (6.60-11.50) 0.088
SF (ug/L) 140.00 (51.50-284.50) 380.00 (253.00-657.00) | <0.001
ALT (U/L) 17.00 (12.00-29.50) 32.00 (22.00—47.00) <0.001
AST (U/L) 25.00 (20.50-31.00) 37.00 (29.00-51.00) <0.001
ALP (U/L) 68.00 (57.50-94.00) 87.00 (70.00-132.00) <0.001
LDH (U/L) 161.00 (146.00-187.50) 184.00 (162.00-226.00) <0.001
v-GGT (U/L) 29.00 (17.00-49.00) 66.00 (40.00-137.00) <0.001
AFU (U/L) 19.00 (14.50-23.00) 25.00 (18.00-31.00) <0.001
5'-NT (U/L) 6.40 (5.50-8.70) 8.60 (6.70-13.90) <0.001
MAO (U/L) 4.00 (3.00-6.00) 4.00 (3.00-6.00) 0.681
TBA (umol/L) 5.10 (2.95-10.65) 8.00 (5.10~17.80) <0.001
TKI (pmol/L) 0.59 (0.24-1.26) 0.99 (0.44—1.65) 0.004
HSP900. (ng/mL) 35.90 (27.65-50.05) 52.90 (38.10-88.10) <0.001
C3 (gL 0.90 (0.80-1.07) 0.98 (0.79-1.20) 0.066
C4 (g/L) 0.19 (0.16-0.26) 021 (0.17-031) 0.018
CEA (ng/mL) 1.82 (1.08-2.66) 2.55 (1.63-3.84) <0.001
CAI25 (U/mL) 10.90 (7.80-16.75) 12.50 (8.90-22.60) 0.009
CAI53 (U/mL) 9.50 (6.40-14.10) 12.30 (8.40-17.60) <0.001
CAI99 (U/mL) 6.40 (2.85—-12.45) 10.10 (4.50-23.30) 0.002
Logio (AFP) (ng/mL) 0.42 (0.29-0.58) 0.64 (0.44-0.87) <0.001
(Continued)
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Table | (Continued).

Variable HBOL Cohort (n = 95) | HMOL Cohort (n=245) P

AFP-L3 (ng/mL) 0.12 (0.08-0.21) 0.20 (0.11-0.38) <0.001
AFP-L3% 5.00 (4.10-5.10) 5.00 (4.90-5.10) 0.096
HBsAg (IU/mL) 0.00 (0.00-0.01) 250.00 (0.01-630.01) <0.001
HBeAg (PEIU/mL) 0.28 (0.05-0.37) 0.33 (0.05-0.42) 0.001

Abbreviations: HBOL, hepatic benign occupying lesions; HMOL, hepatic malignant occupying lesions; PLT,
blood platelet; PT prothrombin time; APTT, activated partial thromboplastin time; TT, thrombin time; FIB,
fibrinogen; DCP, des-gamma-carboxy prothrombin; TBIL, total bilirubin; DBIL, direct bilirubin; IBIL, indirect
bilirubin; SF serum ferritin; ALT, alanine aminotransferase; AST, aspartate transaminase; ALP alkaline
phosphatase; LDH, lactate dehydrogenase; y-GGT, gamma-glutamyltransferase; AFU, alpha-L-fucosidase; 5'-
NT, 5’-nucleotidase; MAO, monoamine oxidase; TBA, total bile acid; TKI, thymidine kinase I; HSP90a, heat-
shock protein 90 alpha; C3, complement protein 3; C4, complement protein 4; CEA carcinoembryonic
antigen; CA125, carbohydrate antigen 125; CAI53 carbohydrate antigen 153; CA199, carbohydrate antigen
199; AFP, alpha-fetoprotein; AFP-L3, lens culinaris agglutinin-reactive fraction of AFP; AFP-L3%, lens culinaris
agglutinin-reactive fraction of AFP/total AFP; HBsAg, hepatitis B surface antigen; HBeAg, hepatitis B e
antigen.

gender (odds ratio [OR] = 2.85, 95% confidence interval [CI] 1.24-6.57), age (OR = 1.03, 95% CI 0.99-1.07), log;o(DCP)
(OR =2.97,95% CI 1.67-5.28), SF (OR = 1.01, 95% CI 1.01-1.01), log;o(AFP) (OR =4.46, 95% CI 0.74-27.03) and HBsAg
(OR = 1.01, 95% CI 1.01-1.01), as shown in Table 2. The AUROCS of gender (AUC=0.727), age (AUC=0.641), log,o(DCP)
(AUC=0.799), SF (AUC=0.801), log;o(AFP) (AUC=0.741) and HBsAg (AUC=0.758) were all above 0.6 (Table S4). The
accuracy, sensitivity, and specificity of these parameters can be found in Table S4. Based on these six independent predictors,
a LR equation for AFP-negative HMOL diagnosis was established as follows: total score = —4.9452581+
1.0487207 x gender(0 = female, | = male)+0.0325065 x age + 1.0888465 x log,,(DCP)+0.0026197 x SF + 1.4959
403 x log,,(AFP)+0.0022872 x HBsAg. The nomogram provided an example of the correctly predicting an AFP-negative
HMOL diagnostic result with an optimal cut-off value of 0.62436 (Figure 3, Table S4).
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Table 2 Results of Logistic Regression Analysis

Characteristics Univariate Analysis Multivariate Analysis
OR (95% CI) P value OR (95% CI) P value
Gender=Male 8.82 (4.59-16.94) <0.001 2.85 (1.24-6.57) 0.014
Age 1.05 (1.03-1.08) <0.001 1.03 (0.99-1.07) 0.093
Logo (DCP) 4.57 (2.68-7.80) <0.001 2.97 (1.67-5.28) <0.001
SF 1.01 (1.01-1.01) <0.001 1.0l (1.01-1.01) 0.002
Logo (AFP) 34.45 (8.98-132.05) | <0.001 | 4.46 (0.74-27.03) 0.104
HBsAg 1.0l (1.01-1.01) <0.001 1.0l (1.01-1.01) 0.006

Abbreviations: OR, odds ratio; Cl, confidence interval; DCP, des-gamma-carboxy prothrombin; SF,
serum ferritin; AFP, alpha-fetoprotein; HBsAg, hepatitis B surface antigen.

Validation of the Model and Evaluation of Clinical Application

The AUC value of the nomogram model in the training set is 0.905, with a sensitivity is 86.6%, a specificity is 80.0% and an
accuracy is 84.8%. In the validation set, the AUC value, sensitivity, specificity and accuracy of the nomogram model are
0.880, 82.2%, 86.7%, and 83.5% respectively (Figure 4A and B, Table S4). The GADSAH, serving as a discrimination model,
outperformed any single variable model in accurately differentiating various types of focal liver lesions and providing valuable
insights for clinical decision-making (Table S4). To further validate the prediction results, we conducted internal validation
using the bootstrap approach. The Hosmer-Lemeshow test for the final model demonstrated good fit in both the training and
validation sets, indicating a well-fitted model (P>0.05, Figure 4C and D). Moreover, the prediction and calibration curves of
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Figure 3 Nomogram prediction model for the diagnosis of liver malignant tumors. The model was established in the training set using six parameters: gender, age, log o(des-
gamma-carboxy prothrombin) (DCP), serum ferritin (SF), log o(alpha-fetoprotein) (AFP), and hepatitis B surface antigen (HBsAg). The red points on the nomogram
represent a case, involving a 7|-year-old male with DCP at 1.780 log,o ng/mL, SF at 290 pg/L, AFP at 0.462 log|o ng/mL, and the HBsAg at 0 IU/mL. Utilizing the GADSAH
model, the total score for this patient was calculated as 0.681, corresponding to an 85.8% probability of diagnosing hepatic malignant occupying lesions (HMOL). *p<0.05,
*##p<0.01, **p<0.001.
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Abbreviations: ROC, receiver operating characteristic; AUC, area under the curve; Cl, confidence interval.
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the nomogram model closely resembled the ideal curves, confirming its strong predictive ability and consistency (Figure 4C
and D). Additionally, decision curve analyses revealed that the patient benefit curve for our model surpassed the two extreme
curves (grey and black) under the same risk threshold probability region, suggesting a greater net benefit and clinical utility of
the model (Figure 4E and F).

Discussion

In this study, we developed a nomogram model called GADSAH to differentiate between AFP-negative HBOL and
HMOL. This model integrates six key predictive factors, encompassing a range of demographic and laboratory
parameters including gender, age, log,o(DCP), SF, log;o(AFP), and HBsAg. Our nomogram model accurately predicted
the diagnosis of AFP-negative HMOL with an optimal cut-off value. The calibration curve closely resembled the ideal
standard curve, revealing that the nomogram model possessed adequate statistical capability to distinguish between
benign and malignant hepatic occupying lesions.

Furthermore, our GADSAH model exhibited excellent performance in diagnosing AFP-negative HMOL, demonstrat-
ing heightened sensitivity and specificity. Misdiagnosing some HBOL cases as hepatocellular carcinoma can lead to
unnecessary treatment, financial burden, and diminished quality of life for patients.'**> Additionally, negative results
from AFP tests can complicate the distinction between HMOL and HBOL. Thus, our model can assist surgeons in
designing tailored treatment plans prior to initiating treatment. By employing prospective quantitative prediction, the
precision of diagnosing AFP-negative HMOL can be enhanced while simultaneously preventing overtreatment of HBOL.

According to relevant studies using world-standard population calculations, the incidence of primary liver cancer in males
is 3.28%, surpassing the 1.42% incidence in females.> Consequently, the incidence of liver cancer is higher in males than in
females.”” However, HBOL is less prevalent in men compared to women.>® This difference between gender can be attributed
to various risk factors associated with liver cancer, including increased susceptibility to hepatitis B and C viruses, history of
smoking and alcohol consumption, higher levels of iron stores, and elevated blood levels of aflatoxin and androgens.®'
Consistent with this, our study revealed that men have a higher risk of developing HMOL than women.

As a storage form of iron in the body, there is increasing evidence that SF is significantly increased in patients with
liver cancer, and serves an important marker for its diagnosis, particularly in patients with AFP negative liver cancer.**
In line with this, incorporating SF into the model allows for the detection of AFP-negative HMOL among HBOL.

AFP is commonly used as a tumor marker for HCC screening and clinical diagnosis.*® However, its accuracy as
a serological marker for detecting liver malignant tumors is limited.''*”*® Previous studies have primarily focused on
distinguishing HCC from patients with Hepatitis B-related benign liver disease. Due to the large number of occupying lesions
patients admitted to our cancer hospital, the differentiation between AFP-negative HMOL and HBOL is worthy of great
attention. Therefore, we excluded cases that were positive for AFP and concentrated on differentiating between AFP-negative
HMOL from HBOL. The Food and Drug Administration (FDA) in the United States has approved DCP as a diagnostic marker
for liver cancer in East Asian countries. DCP has high specificity in the diagnosis of liver cancer, which is useful in
distinguishing between benign and malignant tumors. The combined detection of DCP and AFP is more sensitive than single
detection in early HCC detection.***® Our study found that both AFP and DCP were independent risk factors for predicting
AFP-negative HMOL, consistent with previous studies.

HBYV infection is a significant risk factor for liver cancer development, accounting for more than two-thirds of cases in
China.*' serum HBsAg detection plays a crucial role in HBV infection diagnosis.** Numerous studies have reported the
substantial diagnostic and predictive value of assessing serum HBsAg in liver malignancy.”>**** Our findings align with
these established conclusions.

The nomogram model we developed, GADSAH depicts AFP combined with DCP as well as other readily available
clinical parameters and predicts the probability of AFP-negative HMOL. Previous AFP combined with DCP multi-
parameter models have also been reported, such as the GALAD (gender, age, AFP-L3, AFP, and DCP) and ASAP (age,
sex, AFP, and DCP) models have shown diagnostic value in identifying HCC within the context of chronic liver disease,
particularly in cases with negative AFP results. The applicability of these models varies across different patient
populations. Currently, there is a scarcity of reports establishing nomograms based on clinical parameters for distinguish-
ing between benign and malignant liver lesions, especially for AFP-negative patients. While certain research studies have
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demonstrated that radiomics or ultrasound models can effectively discriminate between benign and malignant hepatic
occupying lesions, the generalizability of such models in clinical practice is limited due to potential deficiencies in
professionalism with new imaging techniques and the high economic burden on patients.*>*’ Our GADSAH model
focuses solely on discriminating between malignant and benign liver occupying lesions in AFP-negative patients,
providing a noninvasive, cost-effective, and efficient method in diagnosing such cases. However, it is important to
acknowledge the limitations of our study, which was a retrospective analysis conducted at a single center and lacks
external validation. To address these limitations and further enhance the understanding of our model’s effectiveness and
potential limitations, additional studies should be conducted in the future.

Conclusion

In conclusion, we have developed and validated a robust and objective nomogram model, known as GADSAH model which
incorporates gender, age, and four routine clinical hematological parameters (log;o(DCP), SF, log;o(AFP), and HBsAg). This
model effectively differentiates AFP-negative HMOL patients from the population with HBOL. The GADSAH model
demonstrates excellent consistency, discrimination, and clinical relevance. It offers a rapid and accurate approach for identifying
AFP-negative HMOL cases, thereby facilitating the implementation of targeted interventions and treatment protocols.

Abbreviations

HMOL, hepatic malignant occupying lesions; HCC, hepatocellular carcinoma; HBOL, hepatic benign occupying lesions;
AFP, alpha-fetoprotein; PLT, blood platelet; PT, prothrombin time; APTT, activated partial thromboplastin time; TT,
thrombin time; FIB, fibrinogen; DCP, des-gamma-carboxy prothrombin; TBIL, total bilirubin; DBIL, direct bilirubin;
IBIL, indirect bilirubin; SF, serum ferritin; ALT, alanine aminotransferase; AST, aspartate transaminase; ALP, alkaline
phosphatase; LDH, lactate dehydrogenase; y-GGT, gamma-glutamyltransferase; AFU, alpha-L-fucosidase; 5°-NT, 5°-
nucleotidase; MAO, monoamine oxidase; TBA, total bile acid; TK1, thymidine kinase 1; HSP90a, heat-shock protein 90
alpha; C3, Complement protein 3; C4, Complement protein 4; CEA, carcinoembryonic antigen; CA125, carbohydrate
antigen 125; CA153, carbohydrate antigen 153; CA199, carbohydrate antigen 199; AFP-L3, lens culinaris agglutinin-
reactive fraction of AFP; AFP-L3%, lens culinaris agglutinin-reactive fraction of AFP/total AFP; HBsAg, hepatitis
B surface antigen; HBeAg, hepatitis B e antigen; LASSO, least absolute shrinkage and selection operator; DT, decision
tree; LR, logistic regression; NNET, neural network; RF, random forest; SVM, support vector machines; AUROC, area
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