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Purpose: To develop and validate a nomogram using routine admission indicators to predict total bilirubin on day 7 (TBil-Day7) in
hepatitis B virus-related liver cirrhosis (HBV-LC) patients, enabling early identification of inadequate short-term TBil response and
providing a reference for intensive treatment.

Material and Methods: We retrospectively enrolled 284 HBV-LC patients, randomly assigned 7:3 to training (n=198) and internal
validation (n=86) cohorts. Candidate variables were clinical and laboratory parameters available within 24 hours of admission, with
TBil-Day7 as the outcome. Predictors were selected via least absolute shrinkage and selection operator (LASSO) regression, and
a multiple linear regression model was built and visualized as a nomogram. Model performance was evaluated using the coefficient of
determination (R?), root mean square error (RMSE), mean absolute error (MAE), and the proportion of predicted values falling within
+20 umol/L of the observed TBil-Day7 values.

Results: LASSO regression identified four predictors: admission TBil, direct bilirubin (DBil), aspartate aminotransferase (AST), and
international normalized ratio (INR). The prediction equation was: TBil-Day7 (umol/L) = —23.0159 + 0.5721xTBil + 0.5847xDBil +
0.0601xAST + 14.0707=INR. The training cohort had an R” of 0.932. In the internal validation cohort, R*=0.75, RMSE=38.06 umol/L,
MAE=21.27 pmol/L, and 74.4% of predictions were within £20 pmol/L of actual values. The calibration curve showed good agreement
between predicted and observed TBil-Day?7.

Conclusion: This nomogram, incorporating four routine admission indicators (TBil, DBil, AST, INR), can predict TBil-Day7 in
HBV-LC patients with reasonable accuracy. It facilitates early identification of high-risk patients with insufficient TBil decline and
allows estimation of short-term treatment response at admission.
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Introduction
Liver cirrhosis is the end stage of chronic liver disease, pathologically characterized by diffuse fibrosis, pseudolobule
formation, and hepatic vascular remodeling.' In China, chronic hepatitis B virus (HBV) infection remains the leading
cause of cirrhosis, resulting in a substantial disease burden from HBV-related liver cirrhosis (HBV-LC).** In 2021, the
seroprevalence of HBsAg in the general Chinese population was 3.0%, with an estimated 43.3 million individuals still
living with HBV infection, of whom approximately 5 million had progressed to HBV-LC.>® As cirrhosis advances,
patients may progress to the decompensated stage, manifesting severe complications such as hepatic encephalopathy and
esophagogastric variceal bleeding.”* Globally, cirrhosis accounted for approximately 2.4% of all deaths in 2019.°

In patients with decompensated cirrhosis, precipitating factors such as infection, bleeding, and drug-induced liver
injury frequently trigger acute-on-chronic liver failure (ACLF), leading to rapid clinical deterioration.'®'" Among those
hospitalized non-electively for acute decompensation, approximately 30% develop ACLF either at admission or during

https://doi.org/10.2147/IDR.S611768 Infection and Drug Resistance 2026:19 611768 |
Received: 24 March 2026 © 2026 Yang 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.php
Accepted: 15 June 2026 AT 2nd incorporate the Creative Commons Attribution — Non Commercial (unported, v4.0) License (http://creativecommons.org/licenses/by-nc/4.0/). By accessing the work

Published: 30 June 2026 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://orcid.org/0009-0008-3930-9319
http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/4.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Yang et al

their hospital stay. Once ACLF develops, the 28-day and 90-day mortality rates are as high as 32.8% and 51.2%,
respectively.'? The early phase of hospitalization represents a golden window for deciding whether to initiate intensive
therapies such as artificial liver support.'> However, there is currently a lack of quantitative criteria to guide such
therapeutic escalation. The widely used Child-Pugh and Model for End-Stage Liver Disease (MELD) scores are
primarily designed to assess 3- to 6-month mortality risk and hepatic functional reserve, limiting their ability to provide
early warning of disease severity and treatment response in the short term (eg, within 1-2 weeks of admission)'*'>
Therefore, a tool that leverages routine admission data to predict short-term treatment response is urgently needed.
Total bilirubin (TBil) is a core biomarker reflecting hepatocyte injury and metabolic function.'® During the progres-
sion of cirrhosis, hepatocyte dysfunction and necrosis impair bilirubin uptake, conjugation, and excretion, leading to

. . . a1
a persistent elevation in serum TBil."”

The TBil level not only indicates disease severity but also serves as an intuitive
marker of treatment response: a progressive decline in TBil generally suggests therapeutic efficacy, whereas a sustained
increase signals ineffective intervention and ongoing liver injury. One study employed latent class mixed models to
identify three distinct bilirubin trajectories in patients with HBV-related ACLF—declining, stable, and fluctuating—and
demonstrated that trajectory classification enhanced the discriminatory performance of conventional prognostic scores.'®
Another study integrated baseline characteristics with the dynamic changes in biomarkers to construct a dynamic
prediction model for ACLF, which significantly outperformed traditional scores in predicting 90-day prognosis at day
3, week 1, and week 2 of admission.'”

The aforementioned work has largely focused on utilizing longitudinal changes in bilirubin to predict long-term
mortality. However, a critical gap remains: whether the total bilirubin on day 7 (TBil-Day7) can be accurately predicted
within the first 24 hours of admission. Day 7 serves as the first complete observation window in clinical practice for
assessing early treatment response and deciding on treatment adjustments (eg, initiating artificial liver support, adjusting
antibiotics, or modifying hepatoprotective strategies). Thus, early prediction of total bilirubin on day 7 (TBil-Day7)
within the first 24 hours of admission would enable identification of patients with a poor response. If TBil-Day7 can be
reliably estimated at admission, a patient’s anticipated response to initial therapy could be assessed in advance. For those
predicted to have an inadequate decline in bilirubin, there would still be a vital opportunity to initiate intensive
interventions such as artificial liver support, potentially altering the disease trajectory.

To address this gap, we retrospectively analyzed the medical records of hospitalized patients with HBV-LC. Our aim
was to develop a prediction model using routine indicators available within the first 24 hours of admission—including
sex, age, complete blood count, liver and kidney function tests, electrolytes, number of hepatoprotective agents, and
Child-Pugh score—by selecting variables through least absolute shrinkage and selection operator (LASSO) regression.
Using TBil-Day7, a single, continuous, and easily interpretable biomarker, as the prediction target, we constructed
a nomogram. This tool enables clinicians to rapidly predict TBil-Day7 levels within the first 24 hours of admission,
facilitating the early identification of patients with an insufficient TBil decline and providing a quantitative basis for the
early consideration of intensive therapy (eg, artificial liver support) or timely adjustment of treatment regimens.

Materials and Methods

Study Population and Data Source
We retrospectively reviewed the medical records of patients with liver cirrhosis hospitalized at the 988th Hospital
between January 2020 and December 2025. The inclusion criteria were as follows: (1) a clinical diagnosis of HBV-LC
according to the Chinese Guidelines for Clinical Diagnosis, Treatment, and Management of Cirrhosis (2025);*° and (2)
a hospital stay of at least 7 days, with complete liver function test results both on admission and on Day 7. The exclusion
criteria were: (1) coexistence of hepatocellular carcinoma or other malignancies; (2) age < 18 or > 80 years, as well as
pregnancy or lactation; and (3) missing key data. Ultimately, 284 patients were enrolled, forming the study cohort
(Figure 1). All laboratory parameters were measured on the day of admission (Day 1) before any therapeutic interven-
tions were initiated.

This study was conducted in accordance with the ethical principles of the Declaration of Helsinki (promulgated in
1975, 6th revision in 2008) and was approved by the Ethics Committee of the 988th Hospital (Approval No.
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Figure | Flowchart of patient enrollment, exclusion, and cohort division.

PLA988LLSP20260206). The requirement for informed consent was waived due to the retrospective nature of the
analysis. Patient data confidentiality was strictly maintained in accordance with the ethics committee requirements.

Data Collection and Outcome

The following variables, obtainable within the first 24 hours of admission, were extracted from the electronic medical
record system: sex, age, and the first laboratory measurements upon admission—such as TBil, direct bilirubin (DBil),
aspartate aminotransferase (AST), alanine aminotransferase (ALT), albumin, creatinine, international normalized ratio
(INR), and other readily available laboratory parameters. Additionally, the number of hepatoprotective agents included in
the initial treatment regimen established after admission was recorded. Based on our hospital’s electronic medical
records, hepatoprotective agents included glutathione, ursodeoxycholic acid, ademetionine, polyene phosphatidylcholine,
glycyrrhizic acid preparations (eg, magnesium isoglycyrrhizinate), silymarin, and N-acetylcysteine Each distinct hepa-
toprotective agent that is identified by its generic name was counted as one, regardless of dosage. If a patient received
two different agents, even if they belong to the same therapeutic class such as two different glycyrrhizic acid
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preparations, they were counted as two. The Child-Pugh score, calculated from the initial laboratory tests, was also
collected.?" All blood samples were obtained and analyzed on the day of admission before the initiation of any treatment.

The primary outcome measure was the total bilirubin level remeasured on Day 7 of hospitalization, designated as
TBil-Day7, which served as an early surrogate endpoint for treatment response.

Statistical Analysis and Model Development

The 284 patients were randomly divided into a training cohort and an internal validation cohort at a 7:3 ratio. This split
ratio is commonly adopted in prediction model studies to balance the need for sufficient training data to ensure model
stability with the requirement for an independent sample to robustly evaluate model performance. Continuous variables
were first tested for normality. Those following a normal distribution were presented as mean + standard deviation and
compared using the independent samples #-test; non-normally distributed variables were presented as median (Q;, Q3)
and compared using the Mann—Whitney U-test. Categorical variables were expressed as counts (percentages) and
compared using the chi-square (%) test.

In the training cohort, TBil-Day7 was set as the dependent variable, and all candidate variables available at
admission were used as independent variables. After data standardization, variable selection was performed using
LASSO regression (via the glmnet package in R, with alpha = 1).> A 10-fold cross-validation procedure was
employed to determine the optimal penalty parameter A; the model corresponding to A.min, which minimized the
cross-validation error, was selected, and variables with non-zero coefficients were retained. The selected predictors
were then entered into an ordinary least squares multiple linear regression model (using the ols function in the rms
package) to derive unbiased regression coefficients and construct the final prediction model for nomogram
development.

Nomogram Construction and Validation

The final linear regression model was visualized as a nomogram using the rms package in R. To verify model
assumptions, scatter plots of predicted versus actual values, residuals versus fitted values, a histogram of residuals,
and normal Q-Q plots were generated for the training cohort.

Model performance was evaluated in the independent internal validation cohort using the following metrics: the
coefficient of determination (R?), root mean square error (RMSE), mean absolute error (MAE), mean bias, and the
proportion of predicted values falling within +20 pmol/L of the observed TBil-Day7 levels. The following plots were
also generated to assess predictive performance: a scatter plot of residuals versus fitted values with a Lowess smooth line,
a Bland-Altman plot, a scatter plot comparing predicted and observed values, a histogram of residuals with a kernel
density curve, and a decile calibration plot.

All statistical tests were two-sided, and a P-value < 0.05 was considered statistically significant. The main analyses
were performed using R software (version 4.2.3), with some baseline comparisons and supplementary graphics generated
using IBM SPSS Statistics 24.0 and GraphPad Prism 8.0.

Results

Baseline Characteristics

A total of 284 patients were enrolled and randomly divided into a training cohort (198 patients, 69.72%) and an internal
validation cohort (86 patients, 30.28%). The Shapiro—Wilk test was applied to assess the normality of continuous
variables, and the detailed results are shown in Supplementary Table S1. The baseline characteristics of the two cohorts

are summarized in Table 1. No statistically significant differences were observed in age, sex, or key admission laboratory
parameters between the training and internal validation cohorts, indicating balanced randomization (all p > 0.05).
Based on the diagnostic criteria in the Chinese Guidelines for Clinical Diagnosis, Treatment, and Management of
Cirrhosis (2025),%° patients were further categorized into compensated cirrhosis and decompensated cirrhosis sub-
groups (Figure 2). Comparisons of clinical characteristics and laboratory findings between these subgroups (non-
normally distributed, Mann—Whitney U-test) revealed significant differences in TBil, DBil, AST, INR, and TBil-Day7
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Table | Baseline Characteristics of the Total Cohort, Training Cohort, and Internal Validation Cohort

Variables Total Training Internal Validation P
(n = 284) (n=198) (n = 86)
Gender, n (%) 0.923
Female 87 (30.63) 61 (30.81) 26 (30.23)
Male 197 (69.37) 137 (69.19) 60 (69.77)
Age, years* 54.00 (47.00, 62.25) 54.00 (47.00, 63.00) 54.00 (47.00, 61.00) 0913
WBC, 10/9/L 421 (3.04, 5.81) 4.28 (3.05, 5.94) 4.06 (3.02, 5.25) 0.241
NEUT, 1079/L 2,61 (1.67,391) 2.72 (1.68, 3.93) 2.26 (1.51, 3.58) 0.228
LYM, 1079/L 0.98 (0.61, 1.43) 0.99 (0.64, 1.45) 0.91 (0.59, 1.40) 0.437
Hb, g/L 115.00 (95.00, 131.00) 115.50 (98.25, 132.75) 113.00 (92.25, 129.75) | 0.503
PLT, 1079/L 75.50 (48.75, 122.00) 75.00 (49.00, 122.75) 77.00 (38.25, 119.75) 0.625
PT, S 14.75 (12.80, 17.50) 14.80 (12.80, 17.48) 14.65 (13.10, 17.70) 0.760
PT%, 58.00 (43.70, 77.80) 58.00 (43.70, 77.70) 57.55 (45.35, 77.75) 0914
INR 1.30 (1.12, 1.55) 1.30 (I.11, 1.55) 1.29 (1.14, 1.55) 0.852
ALT, U/L 40.50 (25.00, 90.00) 40.50 (26.00, 89.75) 40.50 (23.00, 89.50) 0.817
AST, U/L 52.50 (33.00, 116.50) 53.00 (33.25, 123.75) 48.50 (32.25, 97.75) 0.485
ALB, g/L* 32.50 (27.48, 38.00) 32.90 (27.92, 38.00) 31.25 (27.05, 36.27) 0.344
TBil, umol/L 37.30 (21.25, 85.87) 34.95 (21.07, 88.60) 41.65 (21.42, 83.60) 0.928
DBil, umol/L 15.65 (8.45, 37.70) 15.50 (8.50, 37.73) 19.35 (7.95, 37.58) 0.962
IBil, umol/L 17.45 (12.00, 37.40) 17.50 (12.00, 38.45) 16.50 (12.12, 35.50) 0.718
ALP, U/L 111.00 (79.00, 148.25) 113.50 (79.25, 147.00) 109.50 (77.75, 150.50) | 0.967
GGT, U/L 55.00 (25.00, 127.25) 54.00 (24.25, 133.00) 55.50 (26.25, 101.50) 0.483
BUN, mmol/L 5.05 (3.98, 6.47) 5.05 (4.02, 6.51) 5.04 (3.91, 6.07) 0.724
Cr, umol/L 60.00 (50.00, 71.00) 60.00 (50.00, 71.75) 59.00 (50.25, 69.75) 0.786
UA, pumol/L 274.00 (221.75, 348.00) | 273.00 (215.50, 352.50) | 275.50 (238.00, 339.75) | 0.867
K", mmol/L 3.84 (3.52, 4.08) 3.80 (3.48, 4.05) 3.94 (3.63, 4.18) 0.046
Na*, mmol/L 140.30 (136.97, 142.30) | 140.25 (137.30, 142.38) | 140.45 (136.72, 141.97) | 0.666
Child-Pugh Score 8.00 (6.00, 10.25) 8.00 (6.00, 11.00) 8.00 (6.00, 10.00) 0.663
Hepatoprotective Drugs 2.00 (1.00, 3.00) 2.00 (1.00, 3.00) 2.00 (1.00, 3.00) 0.618
TBil-Day7, pmol/L 31.05 (18.05, 61.85) 30.50 (17.65, 69.30) 31.80 (19.27, 58.63) 0.823

Notes: Categorical variables were described as frequency (%). Continuous variables were described as median (Q;, Q3), as most
variables deviated from normality (Shapiro-Wilk test, p < 0.05). The Mann—Whitney U-test was used for their between-group
comparisons. *Age and ALB were normally distributed in the training and internal validation cohorts (p > 0.05), but are shown as

median (Q, Q3) for consistency. The independent samples t-test was used for their between-group comparisons.

(p < 0.05). In contrast, ALT did not differ significantly between the two subgroups (p = 0.444 in the training cohort;
p = 0.800 in the internal validation cohort). Baseline characteristics of the subgroups are provided in Supplementary

Tables S2 and S3.
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Variable Selection and Model Development

In the training cohort, with TBil-Day7 as the dependent variable, all candidate admission variables were standardized and
entered into a LASSO regression. Using 10-fold cross-validation, A.min was selected, and four predictors with non-zero
coefficients were retained (Figure 3): TBil, DBil, AST, and INR. Their LASSO coefficients are presented in
Supplementary Table S4.

These four variables were subsequently entered into a multiple linear regression model. All four—TBil, DBil, AST,
and INR—emerged as independent predictors of TBil-Day7 (all p < 0.05). The final prediction equation was:

TBil-Day7 (umol/L) = —23.0159 + 0.5721 x TBil (umol/L) + 0.5847 x DBIil (umol/L) + 0.0601 x AST (U/L) +
14.0707 x INR

Nomogram Construction

A nomogram was constructed based on the above regression model (Figure 4A). To use the nomogram, the value of each
predictor (TBil, DBil, AST, and INR) is located on its respective axis, and a vertical line is drawn upward to the “Points”
axis to obtain the individual score. The scores for all predictors are summed to yield the total points, from which
a vertical line is then drawn downward to the “Predicted TBil-Day7” axis to read the corresponding predicted value.
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Figure 3 LASSO regression for variable selection. (A) Coefficient path plot. (B) Cross-validation error plot. The optimal A.min selected four predictors: TBil, DBil, AST, and
INR.
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Model Performance and Internal Validation
In the training cohort, the model demonstrated excellent goodness-of-fit, with a coefficient of determination R?>=0.932,
RMSE = 28.388 umol/L, and MAE = 17.297 pmol/L. The diagnostic plots for the training cohort (Figure 4B—E)
suggested generally acceptable model fit, albeit with some minor deviations. The residuals were distributed around zero,
though a slight increase in spread was observed at higher predicted values (Figure 4B). The normal Q-Q plot showed that
most points followed the diagonal line, with only mild deviations at the tails (Figure 4C). The predicted versus actual
values plot demonstrated a reasonable correlation, with most points clustering near the y = x line (Figure 4D). The
histogram of residuals was roughly symmetric around zero and approximated a normal distribution (Figure 4E).
Collectively, these findings indicated that the model assumptions were largely met, and the fit was considered acceptable
for clinical prediction purposes, while acknowledging the presence of modest heteroscedasticity.

The model also demonstrated robust performance in the internal validation cohort. The residual-versus-fitted plot
(Figure 5A) showed residuals randomly distributed around zero, with the Lowess smooth line approximately horizontal,
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suggesting no apparent systematic bias. The Bland-Altman plot (Figure 5B) revealed a mean difference (bias) of
—6.3 pmol/L, indicating a mild systematic overestimation by the predicted values; the 95% limits of agreement ranged
from —80.3 to 67.7 umol/L, which was considered clinically acceptable The scatter plot of predicted versus actual TBil-
Day7 values (Figure 5C) showed that the data points were closely distributed around the diagonal line, with a Pearson
correlation coefficient of 0.888, R = 0.75, RMSE = 38.06 pmol/L, and MAE = 21.27 pmol/L. Regarding error
distribution, the median absolute error was 10.689 umol/L (interquartile range: 4.955-20.339 pmol/L). The clinical
accuracy assessment revealed that 74.4% of the predicted values fell within £20 umol/L of the actual TBil-Day7 values.
The histogram of residuals with the superimposed kernel density curve and a normal reference curve (Figure 5D)
demonstrated an approximately normal distribution.

Furthermore, the decile calibration plot for the internal validation cohort (Supplementary Figure S1) showed that the

observed means of each decile closely followed the ideal diagonal line, confirming excellent calibration without obvious
systematic over- or underestimation. Taken together, these metrics indicate that the nomogram has good predictive
accuracy and calibration in the internal validation.

To visually illustrate the predictive accuracy at the individual level, we randomly selected 10 patients from the
internal validation cohort and compared their predicted TBil-Day7 values with the corresponding actual measurements
(Supplementary Table S5). Among these 10 patients, the median absolute error was 6.13 pmol/L, the mean absolute error

was 16.23 pmol/L, the RMSE was 35.37 pmol/L, and the R? was 0.893. These individual-level error metrics were largely
consistent with those of the entire validation cohort, further supporting the practical utility of the nomogram in routine
clinical decision-making.

Discussion

In this study, based on real-world data from hospitalized patients with HBV-LC, we developed and internally validated
a nomogram model for predicting TBil-Day7. Through LASSO regression for variable selection and multiple linear
regression for modeling, four routine indicators available on the day of admission were ultimately incorporated: TBil,
DBil, AST, and INR. The model demonstrated robust predictive performance and satisfactory calibration in both the
training and internal validation cohorts, providing a simple and intuitive quantitative tool for the early identification of
patients with a poor initial treatment response.

Each of the four selected variables has a well-established pathophysiological basis. TBil and DBil directly reflect the
degree of impairment in hepatic bilirubin uptake, conjugation, and excretion, serving as core markers of liver injury
severity.”> A persistently elevated bilirubin level not only signals ongoing hepatocyte necrosis but is also closely
associated with the liver’s regenerative capacity.”* Among the transaminases, AST has a longer half-life than ALT and
is widely distributed in hepatocyte mitochondria, enabling it to more persistently and sensitively reflect hepatocyte injury
and necrosis.”>® This may explain why ALT was not retained in the final model.>” INR reflects the liver’s capacity to
synthesize coagulation factors and is a classic indicator of hepatic insufficiency, having been incorporated into estab-
lished prognostic scores such as the MELD score.”® The variables selected by LASSO regression align closely with
clinical understanding, underscoring the intrinsic rationality of the variable selection process.

Beyond the clinical interpretability of the predictors, another key feature of this study lies in the choice of the
prediction outcome. While many prediction models for complications and prognosis of LC patients have been developed,
most are based on retrospective analysis of large public databases, such as Medical Information Mart for Intensive Care
IV (MIMIC-1V).?* ! Typically, these models typically predict whether a patient will die during hospitalization, how long
that patient may live after discharge, and whether there is a greater risk of particular complications, such as acute kidney
injury or upper gastrointestinal bleeding.**>* These outcomes are often binary or time-to-event in nature, and the
methodologies used are predominantly logistic regression or Cox proportional hazards models.>*>

In daily clinical practice, however, physicians are not merely confronted with binary decisions such as whether
a patient will survive. Instead, they continuously face questions such as: “Is the current treatment working? Will the
bilirubin level rise or fall in the coming days? Should preparations for an invasive procedure such as artificial liver
support be initiated now, or is a watch-and-wait approach more appropriate? Can this patient be discharged next week?”
A model that provides a quantitative prediction of TBil-Day7—a key indicator of hepatic functional recovery—offers
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a tangible reference point for these everyday clinical decisions. The present study addresses this gap: by relying solely on
the initial laboratory data obtained at admission, the expected TBil-Day7 can be calculated instantly at the bedside,
substantially advancing the time window for clinical decision-making.

The model’s predictive performance robustly supports this clinical application. In the training cohort, R? reached
0.932, while in the internal validation cohort, R? was 0.75, with an RMSE of 38.06 pmol/L and an MAE of 21.27 umol/
L. The moderate decline in R? from the training to the independent validation set is a normal phenomenon and,
importantly, suggesting that the drop in performance is not clinically substantial. The calibration curve and Bland-
Altman plot further confirmed the absence of significant systematic bias. With respect to clinical accuracy, 74.4% of
predicted values fell within £20 umol/L of the observed values, and the median absolute error was only 10.689 pmol/L,
indicating the model’s practical utility in daily decision-making.

The nomogram format transforms a complex regression equation into a visual calculation scale on paper or screen,
requiring no additional software and fitting seamlessly into the clinical workflow.’*>” Using the nomogram, a clinician
can obtain a predicted value within seconds: if the predicted TBil-Day7 shows a substantial decline from the admission
level, the current treatment is likely effective, and continued observation may be warranted; if the predicted value
remains high or increases, a poor treatment response should be anticipated, and timely escalation of therapy (eg, initiating
artificial liver support) or evaluation for liver transplantation should be considered; if the predicted value approaches the
normal range, it may provide a basis for developing an early discharge plan.

Several limitations of this study should be acknowledged. Most importantly, the nomogram was developed without an
independent external validation cohort, which critically limits the generalizability of the findings. Furthermore, the
nomogram is designed to predict TBil-Day7, and this study did not directly demonstrate that its use translates into
improved clinical outcomes or better treatment decisions. Additional limitations include the single-center retrospective
design with a relatively limited sample size (n = 284); the incorporation of hepatoprotective agents only as a count
without accounting for specific drug types, dosages, or treatment duration; and the lack of information on antiviral
regimens, the occurrence of complications, and dynamic adjustments to treatment protocols, all of which may influence
actual changes in TBil. Moreover, the candidate variable list did not exhaust all potential predictors, such as inflamma-
tory markers or serum markers of liver fibrosis. In future work, we plan to integrate key coagulation parameters—such as
INR and prothrombin activity—with the TBil-Day7 prediction model developed in this study to construct a composite
prediction system that simultaneously assesses bilirubin clearance and recovery of hepatic synthetic function. This would
provide a more comprehensive tool for evaluating early treatment response in patients with HBV-LC, and its clinical
utility will be further examined through prospective validation.

Conclusion

In this study, we successfully developed and internally validated a nomogram model for predicting TBil-Day7 levels in
patients with HBV-LC, based on routine indicators obtainable within the first 24 hours of admission (TBil, DBil, AST,
and INR). The model demonstrated satisfactory calibration and clinically acceptable accuracy on internal validation,
enabling quantitative bedside prediction of the TBil level one week after admission at the time of admission itself. It
provides a simple, intuitive decision-support tool for the early identification of high-risk patients with an insufficient
short-term TBil response, thereby securing a critical time window for the timely initiation of intensive therapies such as
artificial liver support.
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