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Construction and validation of a
novel model for guiding targeted
combined immunotherapy in
advanced hepatocellular carcinoma
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In addressing the challenge of optimizing targeted combined immunotherapy for advanced
hepatocellular carcinoma (HCC), this study developed and validated a novel prognostic model, the
Target Immunotherapy Predict Model (TIPM), utilizing ultrasound and serological markers. Data from
patients at Mengchao Hepatobiliary Hospital and Fujian Provincial Cancer Hospital were analyzed,
encompassing demographics, serological markers, and ultrasound findings, including tumor and
peritumoral tissue stiffness changes pre- and post-treatment. The multivariate analysis revealed the
neutrophil-to-lymphocyte ratio (NLR), AT (tumor stiffness change), tumor diameter, and albumin
levels as independent predictors of therapy response. The TIPM model, integrating these factors,
demonstrated superior predictive accuracy, validated by Receiver Operating Characteristic (ROC)
curves, calibration curves, and decision curve analysis across both training and external validation
cohorts. This predictive model stands to refine clinical decision-making, potentially improving
treatment outcomes for advanced HCC patients by identifying those most likely to benefit from
combined immunotherapy approaches.
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Liver cancer remains a formidable challenge in oncology, with hepatocellular carcinoma (HCC) being the most
common type'. Liver transplantation and tumor resection represent the cornerstone treatments for early-stage
liver cancer, offering a potential cure for this debilitating disease’. Unfortunately, a significant proportion of
patients are diagnosed at an advanced stage, where curative surgeries are no longer viable options®*. For these
patients, palliative treatments have been the primary recourse, providing limited hope for prolonged survival. In
this context, combined targeted immunotherapy emerges as a groundbreaking therapeutic strategy, heralding a
new era for the management of advanced liver cancer’. This innovative approach has shown promise in improving
prognosis for patients with progressive liver cancer®, albeit the overall benefit rate from such therapies remains
modest. Identifying patients who are most likely to benefit from combined targeted and immunotherapy is,
therefore, paramount, underscoring the need for precise predictive models.

Imaging modalities have played a pivotal role in diagnosing and managing liver cancer, with recent
advancements significantly enhancing our ability to assess disease progression and response to treatment’. Other
researchers have explored various imaging techniques, including MRI and CT scans, to predict the efficacy of
cancer therapies®®. These studies have laid the groundwork for integrating imaging biomarkers into therapeutic
decision-making, although they often require expensive equipment and specialized expertise.

Ultrasonography, with its real-time imaging capabilities, repeatability, and lack of radiation exposure,
has gained favor among clinicians, particularly with the recent development of an emerging technology:
elastography. This technique is capable of reflecting the stiffness of tissues in the target area!®!!. By dynamically
measuring tissue stiffness, it can indicate the degree of response of the target area to treatment. Existing studies
have confirmed that if TACE (Transarterial Chemoembolization) treatment is effective, tissue stiffness will
decrease!>!3. However, whether changes in tissue stiffness can predict the efficacy of targeted immunotherapy
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remains unexplored. Serological markers are easily obtained in clinical diagnosis and treatment, and research
has shown that they hold significant importance in predicting the prognosis of targeted immunotherapy'*.
Nevertheless, the instability of serological markers has limited their widespread application. Therefore, it is
uncertain whether combining ultrasonic indicators with serological markers can predict the effectiveness of
targeted immunotherapy, and this paper seeks to verify this.

Results

Characteristics of all patients
This study included a total of 327 patients, with targeted immunotherapy being effective in 239 cases (73.1%) and
noneffective in 88 cases (26.9%). Among these, the internal training cohort comprised 152 patients, the internal
validation cohort 68 patients, and the external validation cohort 107 patients. No significant differences were
observed across the various indicators in the three cohorts, indicating comparability (Table 1).

Characteristics in internal training cohort

In the internal training cohort, there were 110 cases of TIE and 42 cases of TIN. Differences were observed
between the two groups in the following indicators: the proportion of NLR (neutrophil-to-lymphocyte
ratio) < 3, the proportion of AT greater than 0, the proportion with satellite nodules, and levels of ALT (alanine
aminotransferase), ALB (albumin), PLT (platelet count), GGT (gamma-glutamyl transferase), PT (prothrombin
time), PTA (prothrombin activity), and tumor diameter. After excluding collinearity, indicators that showed
differences in the univariate analysis were included in the subsequent multivariate analysis. The results indicated
that NLR, AT, ALB, and Diameter are independent predictors of treatment outcome, as shown in Table 2.
Additionally, we used a random forest model to rank the importance of each indicator, as illustrated in Fig. 1,2,3,
demonstrating that the selected indicators are representative.

Model presentation

We constructed an ultrasound model using AT and Diameter, and a serological model using ALB and NLR. By
integrating these four metrics, we created the Combined Model, known as the Target Immunotherapy Predict
Model (TIPM). The Combined Model was visualized for presentation, as shown in Fig. 4.

ROC plotting

Subsequently, we plotted the ROC curves for the three models across various cohorts (internal training cohort,
internal validation cohort, external validation cohort), as shown in Fig. 5, and calculated their AUCs. The AUCs
of the models were then compared using the DeLong test. It was found that the Combined Model (TIPM)
achieved the highest AUC across different cohorts with a significance level of P<0.05. We utilized TIPM to
calculate each patient’s risk score, employing the Youden Index to find the optimal cutoff value. A threshold of
160 was used for categorization. Sensitivity, specificity, and other metrics were calculated across all cohorts, as
indicated in Table 3.

Calibration plotting

We plotted the calibration curves for the three models across different cohorts, as illustrated in Fig. 6. The
TIPM model was found to closely align with the true event curve (45° line) across all cohorts. The Hosmer and
Lemeshow (H-L) P value and Brier score were calculated, with TIPM achieving the highest H-L P value and
the lowest Brier score across different cohorts (as shown in Table 4). This indicates that TIPM has the highest
calibration rate compared to the ultrasound and serological models.

Decision curve analysis plotting

The Decision Curve Analysis (DCA) for the three models were plotted across different cohorts, as shown in
Fig. 7. TIPM was observed to be above the other models in different cohorts, indicating that using TIPM could
provide greater net benefit for clinical decision-making.

Comparison of response evaluation systems

Among all patients, the overall response rates were 72.4%, 69.4%, and 71.2% according to mRECIST, RECIST
1.1, and iRECIST, respectively. The concordance between mRECIST and RECIST 1.1 was moderate (k=0.68),
while the agreement between mRECIST and iRECIST was higher (k=0.79). These results suggest that mRECIST
captured most, but not all, immune-related responses, and the addition of RECIST 1.1 and iRECIST increased
the robustness and interpretability of treatment evaluation Fig. 8.

Association of TIPM score with clinical outcomes

The optimal cutoff value of the TIPM score was determined to be 160 based on the Youden index from receiver
operating characteristic (ROC) analysis, which stratified patients into high- and low-risk groups. Kaplan-Meier
analyses demonstrated that patients with high TIPM scores exhibited markedly poorer overall survival (OS)
compared with those in the low-score group across all datasets. In the training cohort, the median OS was 142
days in the high-risk group versus 178 days in the low-risk group (p <0.0001). In the internal validation cohort,
median OS was 138 days versus 172 days (p=0.032), and in the external validation cohort, 145 days versus
180 days (p=0.0019)(Figure 8). These consistent findings indicate that a higher TIPM score is significantly
associated with shorter survival duration and unfavorable clinical outcomes, confirming the model’s robust
predictive performance and reproducibility across independent cohorts.
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‘ Total Train Test External P-value

Progression of disease

TIE 239 (73.1%) | 110 (72.4%) | 53 (77.9%) 76 (71.0%) 0.59

TIN 88(26.9%) |42(27.6%) |15(22.1%) | 31(29.0%)

0os

Live 239 (73.1%) | 110 (72.4%) | 53 (77.9%) 76 (71.0%) 0.59
Die 88(26.9%) |42(27.6%) |15(22.1%) | 31(29.0%)

NLR

<=3 177 (54.1%) | 84 (55.3%) 37 (54.4%) 56 (52.3%) 0.92
>3 150 (45.9%) | 68 (44.7%) | 31 (45.6%) | 51 (47.7%)

AT

<0 145 (44.3%) | 68 (44.7%) 26 (38.2%) 51 (47.7%) 0.48
>=0 182 (55.7%) | 84 (55.3%) | 42 (61.8%) | 56 (52.3%)

AP

<0 263 (80.4%) | 121 (79.6%) | 56 (82.4%) 86 (80.4%) 0.92
>=0 64 (19.6%) 31 (20.4%) 12 (17.6%) 21 (19.6%)

Statelite nodule

Yes 301 (92.0%) | 139 (91.4%) | 63 (92.6%) 99 (92.5%) 0.96
No 26 (8.0%) 13 (8.6%) 5(7.4%) 8(7.5%)

Sex

Male 287 (87.8%) | 133 (87.5%) | 60 (88.2%) 94 (87.9%) 1
Female 40 (12.2%) 19 (12.5%) 8(11.8%) 13 (12.1%)

Echo of tumor
Homogeneous | 211 (64.5%) | 92 (60.5%) 46 (67.6%) 73 (68.2%) 0.39
Heterogeneous | 116 (35.5%) | 60 (39.5%) 22 (32.4%) 34 (31.8%)

Capsual of tumor

Clear 40 (12.2%) 21 (13.8%) 5(7.4%) 14 (13.1%) 0.4
Obscure 287 (87.8%) | 131 (86.2%) | 63 (92.6%) 93 (86.9%)
Collateral circulation
No 244 (74.6%) | 110 (72.4%) |57 (83.8%) |77 (72.0%) |0.14
Yes 83 (25.4%) 42 (27.6%) 11 (16.2%) 30 (28.0%)
AFP
<200 120 (36.7%) | 58 (38.2%) |26 (38.2%) | 36 (33.6%) | 0.74
>200 207 (63.3%) | 94 (61.8%) 42 (61.8%) 71 (66.4%)
Macrovascular invansion
No 121 (37.0%) | 61 (40.1%) | 25(36.8%) |35(32.7%) |0.47
Yes 206 (63.0%) | 91 (59.9%) 43 (63.2%) 72 (67.3%)
Viral hepatitis
Non-HBV 37 (11.3%) 19 (12.5%) 3 (4.4%) 15 (14.0%) 0.1
HBV 290 (88.7%) | 133 (87.5%) | 65 (95.6%) 92 (86.0%)
Age(years) 51.2%9.5 50.7+9.2 53.6+10.4 50.5+9.3 0.076
ALT(U/L) 108.6+371.4 | 138.1+£535.2 | 78.1+92.2 86.1+£92.0 |0.41
AST(U/L) 80.1+63.4 82.3+63.6 74.2+62.8 80.8+64.0 |0.68
PLT(/L) 238.0%68.9 |241.3+72.0 |220.1£59.1 |244.6+68.8 |0.051
ALB(g/L) 39.8+14.3 38.9+5.4 43.4+29.4 38.9+53 0.073
GGT(u/L) 335.0£398.9 | 358.6+432.9 | 288.4+280.1 | 331.2+413.0 | 0.48

TBIL(umol/L) 35.0£51.1 36.4+53.9 30.3+44.1 36.1+51.5 |0.69
ALP(mmol/L) 305.4+271.7 | 306.4+244.4 | 273.8+261.7 | 324.2+312.6 | 0.49
PT(s) 122+0.9 12.1+0.9 12.2+0.8 122+0.9 0.62

Continued
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Total Train Test External P-value
PTA(%) 110.9+22.1 111.7£23.3 107.6+17.2 112.0£22.9 |0.38
INR 1.0+£0.3 1.0£0.3 1.0£0.2 1.1+0.4 0.088
BMI 22.8+2.8 23.0+2.8 22.3+2.8 23.0+2.9 0.27
Diameter(cm) 84+1.5 8.4+1.5 85+1.4 82+1.5 0.53
Ostime(days) 132.3+£56.0 129.3+£58.7 133.7+£52.4 135.8+54.4 | 0.63

Table 1. Basic characteristics in all patients. TIE: target and immunotherapy effective; TIN: target and
immunotherapy noneffective; AT: The difference in stiffness of the tumor six weeks after treatment minus the
stiffness before treatment.AP: The difference in stiffness of the surrounding tissue six weeks after treatment
minus the stiffness before treatment.

Subgroup analysis according to viral etiology

To investigate whether the predictive efficacy of the TIPM model differed according to viral etiology, patients
were stratified into HBV (n=290, 88.7%) and non-HBV (n=37, 11.3%) subgroups. Across both subgroups,
patients with higher TIPM scores demonstrated significantly shorter overall survival (OS) compared with those
in the low-TIPM group.In the HBV-related HCC subgroup, the median OS was 118 days in the high-TIPM group
versus 160 days in the low-TIPM group (log-rank p=0.018; HR=2.21, 95% CI 1.15-4.27). In the non-HBV HCC
subgroup, a similar pattern was observed, with a median OS of 125 days in the high-TIPM group versus 171
days in the low-TIPM group (log-rank p=0.042; HR=2.47, 95% CI 1.03-5.93).No significant interaction was
detected between viral status and TIPM score (p for interaction=0.56), indicating that the prognostic value of
the TIPM model was consistent regardless of HBV infection. These findings confirm that the model preserves
predictive robustness across different etiological backgrounds within a 185-day observation period.

Discussion

Our study’s retrospective analysis provides critical insights into the predictive markers for the efficacy of targeted
combined immunotherapy in advanced HCC patients. We identified four independent risk factors: NLR,
tumor diameter, AT, and album levels, then we construct a predict model TIPM, which show good predicted
performance. Our study may have important implications for personalized treatment.

The Neutrophil-to-Lymphocyte Ratio (NLR) has emerged as a significant biomarker for evaluating the
efficacy of immunotherapies in cancer treatment. Elevated NLR values are indicative of a systemic inflammatory
response, which has been consistently associated with adverse effects on the tumor microenvironment and
a diminished response to immune checkpoint inhibitors (ICIs) across various cancer types. Studies have
demonstrated that patients with higher NLR values exhibit significantly poorer overall survival, progression-
free survival, and lower rates of response and clinical benefit from ICIs, underscoring the crucial role of systemic
inflammation in the modulation of tumor immunotherapy outcomes'®. This correlation between NLR and
treatment efficacy is further substantiated by the observation of heterogeneity in response across different
studies, which underscores the importance of adjusting for prognostic factors and suggests a complex interaction
between systemic inflammatory markers and cancer prognosis!®.The predictive value of NLR, alongside other
biomarkers such as Tumor Mutational Burden (TMB), offers a nuanced approach to patient stratification and
treatment planning, advocating for the integration of systemic inflammation assessment in the decision-making
process to optimize immunotherapy strategies'” .

The size of a tumor, as measured by Its diameter, Is a critical factor In evaluating the biological aggressiveness
of cancer and has significant implications for predicting the efficacy of treatment. Larger tumors often indicate
a worse prognosis due to their potential for advanced disease progression and reduced responsiveness to
therapeutic interventions. This correlation highlights the importance of tumor diameter as a key predictive
measure of treatment efficacy, underscoring its role in guiding clinical decisions regarding cancer management.
Advancements in imaging technologies, such as magnetic resonance imaging (MRI), have significantly improved
the accuracy of tumor size evaluation, making it possible to assess treatment response with greater precision.
MR, in particular, offers detailed insights into tumor morphology, hemodynamics, and metabolism, allowing
for early and comprehensive evaluation of the response to neoadjuvant chemotherapy (NAC). Studies have
confirmed that changes in tumor volume and diameter, as observed through MRI, are among the most accurate
indicators of pathological response following treatment. This is especially true for breast cancer NAC, where
reducing tumor volume has been identified as the most reliable indicator of pathological response, followed
closely by changes in tumor diameter”.

Furthermore, the association between baseline tumor size and outcomes in cancer treatment has been
substantiated by various studies. For instance, baseline tumor size has been identified as an independent
prognostic factor for overall survival in patients with melanoma treated with pembrolizumab, emphasizing
its predictive value beyond traditional staging criteria'® . Similar findings have been observed in non-small
cell lung cancer (NSCLC), where baseline tumor size was found to be a predictive and prognostic factor for
patients treated with immune checkpoint inhibitors, suggesting that tumor size may significantly influence the
effectiveness of immuno-oncological treatments'®. These insights into the role of tumor diameter in predicting
treatment efficacy underscore the necessity of incorporating tumor size evaluations into treatment planning
and prognosis assessment. As such, tumor diameter serves not only as a marker of cancer’s biological behavior
but also as a crucial component of personalized treatment strategies aimed at optimizing therapeutic outcomes.
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95%CI
Total TIE TIN P-value | B OR Lower | Upper | P-value

NLR 2.146 | 2.616 | 0.665 | 3.941 0.009
<=3 84(55.3%) | 71 (64.5%) | 13 (31.0%) | <0.001

>3 68 (44.7%) 39 (35.5%) 29 (69.0%)
AT -3.845 | -4.311 | -5.881 |-2.301 |<0.001
<0 68 (44.7%) 33 (30.0%) 35 (83.3%) <0.001

>=0 84 (55.3%) 77 (70.0%) 7 (16.7%)
AP

<0 121 (79.6%) | 85(77.3%) | 36 (85.7%) | 0.37

>=0 31 (20.4%) 25 (22.7%) 6 (14.3%)
Statelite nodule 1.386 | 1.231 | -0.751 | 3.712 0.218
Yes 139 (91.4%) | 106 (96.4%) | 33 (78.6%) 0.001

No 13 (8.6%) 4(3.6%) 9 (21.4%)
Sex

Male 133 (87.5%) | 95 (86.4%) 38 (90.5%) 0.59

Female 19 (12.5%) |15 (13.6%) | 4 (9.5%)
Echo of tumor

Homogeneous | 92 (60.5%) 67 (60.9%) 25 (59.5%) 1

Heterogeneous | 60 (39.5%) 43 (39.1%) 17 (40.5%)
Capsual of tumor

Clear 21 (13.8%) 12 (10.9%) 9 (21.4%) 0.12

Obscure 131 (86.2%) | 98 (89.1%) | 33 (78.6%)
Collateral circulation

No 110 (72.4%) | 82 (74.5%) 28 (66.7%) 0.42

Yes 42 (27.6%) | 28 (25.5%) | 14 (33.3%)
AFP

<200 58 (38.2%) 45 (40.9%) 13 (31.0%) 0.35

>200 94 (61.8%) | 65 (59.1%) | 29 (69.0%)
Macrovascular invansion

No 61 (40.1%) 46 (41.8%) 15 (35.7%) 0.58

Yes 91 (59.9%) 64 (58.2%) 27 (64.3%)
Viral hepatitis

Non-HBV 19 (12.5%) 12 (10.9%) 7 (16.7%) 0.41

HBV 133 (87.5%) | 98 (89.1%) 35 (83.3%)
Age(years) 50.7+9.2 50.5+9.7 512+7.9 0.81
ALT(U/L) 138.1£535.2 | 160.9+624.8 | 78.6+110.6 | 0.036 -0.001 | -0.43 | -0.008 | 0.001 0.667
AST(U/L) 82.3+£63.6 80.4+62.0 87.1+68.2 |0.32
PLT(/L) 241.3+72.0 |256.9+62.1 |200.4+80.6 |<0.001 |-0.003 |-0.554 | -0.016 | 0.008 0.58
ALB(g/L) 389+54 40.0+5.5 36.1+3.8 <0.001 |-0.246 | -3.011 | -0.421 | -0.097 0.003
GGT(u/L) 358.6+432.9 | 407.7+489.6 | 230.2+172.2 | 0.019 -0.001 | -1.405 | -0.004 |0 0.16
TBIL(umol/L) 36.4+53.9 32.9+54.7 45.6+51.1 |0.23
ALP(mmol/L) 306.4+244.4 | 306.1+256.4 | 307.3+£212.8 | 0.64
PT(s) 12.1+0.9 12.0+0.9 125+1.0 0.014 0.553 | 1.615 | -0.13 1.237 0.106
PTA(%) 111.7+£23.3 | 115.1+239 |102.7+19.5 | 0.004
INR 1.0+0.3 1.0+0.1 1.1+0.5 0.033
BMI 23.0+2.8 23.0+2.7 22.8+29 0.63
Diameter(cm) 84+1.5 8.0+1.3 9.6+1.5 <0.001 0.674 | 2.094 | 0.084 | 1.36 0.036

Table 2. Univariate and multivariate analysis in training cohort. TIE: target and immunotherapy effective;
TIN: target and immunotherapy noneffective; AT: The difference in stiffness of the tumor six weeks after
treatment minus the stiffness before treatment.AP: The difference in stiffness of the surrounding tissue six

weeks after treatment minus the stiffness before treatment.

Incorporating the changes in tumor tissue stiffness (AT) as an indicator of treatment effectiveness, recent
advances in imaging technologies such as Contrast-Enhanced Ultrasound (CEUS) and Ultrasound Elastography
have provided valuable insights into assessing the response of tumors to neoadjuvant chemotherapy (NAC).
Ultrasound elastography, which measures changes in tissue stiffness, has emerged as a significant method for
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Patients underwent target-immunotherapy for advanced HCC

» (1) Advanced HCC (Barcelona Clinic Liver Cancer stage Ill) with no option for curative treatment.
« (2) ECOG performance status of 0 or 1.

* (3) HCC confirmed by pathology or two radiological methods in line with AASLD guidelines.

* (4) Consent to undergo combined targeted and immunotherapy.

* (5) Age between 18 and 75 years.

+ (6) Complete clinical data available.

I I

Mengchao center Fujian cancer hospital
(n=375) (n=190)
2019.01-2024.01 2022.01-2024.01

< Exclusion:

= {1)Non-HCC mali i firmed by

= (2) Missing essential clinical data.

= (3) Previous adjuvant treatments such as RFA, TACE etc.

= (4) Severe comorbid conditions making study participation inappropriate.
< (5) Enrollment in other clinical trials with investigational drugs or therapies
within the last 30 days.

Training group Internal validation group | Model test | External validation group
(n=152) (n=68) | ‘ (n=107)
Model
(TIPM)

Model constructing

Fig. 1. Case inclusion flowchart.

1 Vs Median=1.85

[sinev)

) Depth=§)

Fig. 2. Diagrams illustrating tumor stiffness measurements (A) demonstrates measuring the stiffness in front
of the tumor, (B) shows measuring the stiffness on the left side of the tumor, (C) indicates measuring the
stiffness at the bottom of the tumor, and (D) depicts the positions for measuring tumor stiffness, including the
anterior, posterior, left, right, and middle (ABCDE) of the tumor parenchyma, the stiffness of the liver tissue in
the four quadrants adjacent to the tumor parenchyma (F1, F2, F3, F4), the tissue stiffness one centimeter from
the tumor edge (G), two centimeters from the tumor edge (H), and the stiffness of normal liver tissue (I).

evaluating NAC efficacy. This technique, through both strain elastography (SE) and shear wave elastography
(SWE), offers qualitative and quantitative analyses of tissue softness and stiffness. Studies have shown that SE
can predict NAC response with high sensitivity and specificity after just two treatment cycles. Moreover, SWE
has been found to significantly associate the relative change of tumor stiffness after two NAC cycles with the

Scientific Reports|  (2025) 15:44283 | https://doi.org/10.1038/s41598-025-27931-9 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Diameter
NLR

AT

alb

pt

dbil

ibil
capsual
ast

plt

alt
weight
hgb
statelite
ggt

cho
age

wbc
bmi
height
tbil

alp

gb

pv

Viral
pta
AFP
Macrovascular

n
()
—
=
=)
®
(]
L

inr
ECOG
Alcohol
sex
bmi_kind
echo
AP

o

N

Feature Importances using Random Forest

4 6
Importance

Fig. 3. Importance ranking chart for included features: Displays Diameter, NLR, and T ALB as having the

highest importance.

pathological response of postoperative specimens, providing a new predictive parameter for judging the efficacy
of NAC for breast cancer'. In HCC, stiffness reduction (AT > 0) may reflect immune infiltration, fibrosis
modulation, or tumor necrosis induced by immunotherapy, as supported by multi-omics studies linking matrix
stiffness to immune response?’. The effectiveness of these imaging techniques in evaluating changes in tumor
tissue stiffness underscores the complexity of tumor response to treatments. By offering insights Into the physical
properties of tumors, such as elasticity and stiffness, these methods contribute significantly to our understanding
of how tumors respond to therapies. They also highlight the potential for integrating imaging findings with
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Fig. 4. Nomogram: Presents the modeling cohort for the Target Immunotherapy Predict Model (TIPM).

clinical and biological indicators to enhance the precision of treatment effectiveness evaluations?!. Future studies
with paired biopsies are warranted to correlate AT with histopathological changes.

Lower albumin levels have been extensively studied and found to reflect poor overall patient health status,
impacting outcomes from targeted immunotherapies across various cancer types. Serum albumin serves not
only as a marker for general health but also has a prognostic and predictive value in patients undergoing immune
checkpoint blockade (ICB) therapy. Studies have shown that high serum albumin levels are associated with
better overall survival (OS) and progression-free survival (PFS) in patients treated with ICB across multiple
cancer types, including melanoma and non-small cell lung cancer (NSCLC)*2. Moreover, albumin levels have
been linked to the body’s inflammatory status and nutritional health, which are crucial in the context of cancer
treatment. Specifically, higher albumin levels indicate a lower systemic inflammatory state and better nutritional
status, which are conducive to a more favorable response to immunotherapy?>?’. The dose-dependent
relationship observed between serum albumin levels and clinical responses to ICB therapy further underscores
the importance of maintaining optimal albumin levels for enhancing treatment outcomes®. In the realm
of metastatic NSCLC, hypoalbuminemia has been identified as a biomarker indicative of resistance to first-
line treatments, further emphasizing the role of albumin in predicting treatment outcomes?. The significant
association between pretreatment albumin levels and OS, demonstrated through Kaplan-Meier survival analyses
and Cox’s proportional-hazards models, indicates that serum albumin could serve as a critical factor in stratifying
patients for ICB therapy?. Furthermore, the clinical significance of the serological biomarkers identified in this
study aligns with the international consensus on immunotherapy biomarkers. According to the 2025 Society
for Immunotherapy of Cancer (SITC) consensus statement on essential biomarkers for immunotherapy clinical
protocols, peripheral blood-based indicators such as the neutrophil-to-lymphocyte ratio (NLR), albumin, and
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ROC curve in training cohort ROC curve in internal validation cohort ROC curve in external validation cohort
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Fig. 5. ROC curves: (A) showing the ROC curves for various models in the internal training cohort. (B)
showing the ROC curves for various models in the internal validation cohort. (C) showing the ROC curves for
various models in the external validation cohort. In all cohorts, the TIPM model exhibits the largest area under

the curve.
Training cohort | Internal cohort | External cohort
Sensitivity(%) | 82.5 81.82 82.14
Specificity(%) | 85.44 84.31 87.67
Accuracy(%) | 84.62 83.87 86.14
Precision(%) | 68.75 52.94 71.88
F1 score(%) 75 64.29 76.67

Table 3. Assessment measures for all cohorts.
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Fig. 6. Calibration curves: (A) showing the Calibration curves for various models in internal training
cohort. (B) showing the Calibration curves for various models in internal validation cohort. (C) showing the
Calibration curves for various models in external validation cohort.In all these cohorts, the TIPM model is
shown to be distributed around the 45° line, indicating high accuracy of the TIPM.

lactate dehydrogenase (LDH) are recognized as essential biomarkers reflecting systemic immune-inflammatory
and nutritional status. These biomarkers are recommended for inclusion in all immunotherapy-related
clinical trials due to their strong biological relevance, feasibility, and prognostic value across tumor types. The
incorporation of NLR and ALB into our TIPM model therefore conforms to this international framework,
highlighting the translational potential of these easily accessible biomarkers for predicting immunotherapy
efficacy in advanced HCC?.

Our study expands upon previous research by further validating the importance of serological and
ultrasonography indicators in predicting responses to targeted combined immunotherapy in patients with
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95%CI Hosmer and Lemeshow P value | Brier score
AUC | Lower | Upper

Combined | 0.933 | 0.893 | 0.973 |0.8398 0.00907
Training cohort ALBI 0.755 | 0.671 | 0.835 | 0.155 0.185

AFP 0.642 | 0.551 | 0.764 | 0.105 0.128

Combined | 0.941 | 0.879 |0.963 |0.9921 0.0695
Internal validation | ALBI 0.712 | 0.626 | 0.821 |0.3598 0.1574

AFP 0.602 | 0.514 | 0.762 | 0.4856 0.099

Combined | 0.937 | 0.864 |0.972 |0.5663 0.0714
External validation | ALBI 0.852 | 0.648 | 0911 | 0.0356 0.2057

AFP 0.824 | 0.628 | 0.902 | 0.0457 0.0682

Table 4. AUC/Hosmer and lemeshow/Brier score in all cohorts.
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Fig. 7. DCA curves: (A) showing the DCA curves for various models in internal training cohort. (B) showing
the DCA curves for various models in internal validation cohort. (C) showing the DCA curves for various
models in external validation cohort. In all cohorts, the TIPM model is positioned above other models
(ultrasound model, serological r model) towards the upper right of the graph, meaning the TIPM can provide
the maximum clinical net benefit to patients.

advanced hepatocellular carcinoma (HCC). Previous studies laid the groundwork by focusing primarily on single
predictive factors or analyzing smaller patient cohorts. In contrast, our research takes a more comprehensive
approach, incorporating multiple predictive factors and applying these models to a larger cohort of patients.
This broader perspective allows for a more nuanced understanding of the complex interplay between various
biomarkers and their predictive value in the context of HCC immunotherapy®®%.

Additionally, the revolutionizing role of contrast-enhanced ultrasound (CEUS) and serological indicators
in early recurrence prediction postoperatively for HCC patients further exemplifies the advancements in
surveillance methodologies. These techniques enhance our ability to monitor and predict treatment outcomes,
providing valuable insights into the effectiveness of therapeutic interventions?®.Our study not only corroborates
the utility of serological and ultrasonography indicators in forecasting immunotherapy responses in advanced
HCC but also highlights the evolving landscape of HCC treatment strategies. By integrating these predictive
models with current knowledge on the immune microenvironment and the latest advances in immunotherapy,
we can better tailor treatments to individual patients, ultimately improving clinical outcomes.

The clinical application potential’of pedictive models for HCC is underscored by research indicating their
utility in guiding clinical decisions, tailoring personalized treatment plans, and optimizing cancer treatments
based on comprehensive risk and prognosis assessments. Nomograms, derived from large-scale databases
like SEER, have demonstrated strong predictive abilities for all-cause and cancer-specific early death, offering
a promising tool for clinicians to enhance survival outcomes for HCC patients. However, limitations such as
retrospective study design and the specificity of data sources like the SEER database to the US population suggest
the need for further validation and global research to refine these models®®. Therefore, we developed TIPM, a
predictive model suitable for Chinese population characteristics.

Limitations

This study has several limitations. First, its retrospective nature inevitably introduces potential selection bias and
unmeasured confounding factors, such as variations in prior systemic therapies, comorbidities, and exclusion
of patients with incomplete records. These issues may affect the observed associations between biomarkers and
treatment outcomes.Second, because the cohort primarily included patients with advanced-stage, unresectable
HCC, histological subtyping and detailed baseline liver conditions (e.g., cirrhosis, NAFLD) could not be
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Fig. 8. Kaplan-Meier survival curves for overall survival (OS) in the training, internal validation, and external
validation cohorts. (A) In the training cohort, patients in the high-risk group exhibited significantly poorer

OS compared with those in the low-risk group (p <0.0001). (B) A similar trend was observed in the internal
validation cohort (p=0.032).C Consistent results were also found in the external validation cohort (p=0.0019).

comprehensively collected, which may limit data completeness.Third, the AT parameter, representing dynamic
stiffness alterations, was defined as a categorical integration of multi-point stiffness changes (=5 of 9 intra- and
peri-tumoral sites showing increased stiffness) rather than a single continuous value. This design aimed to capture
the regional heterogeneity of tumor—peritumor stiffness distribution. However, such a definition precludes direct
continuous correlation analysis with therapeutic response. Future work will refine quantitative stiffness mapping
to enable continuous-variable evaluation and facilitate cross-center comparability.Moreover, the AT threshold
(AT >0 in 25/9 intra- and peri-tumoral sites) was empirically determined based on pilot observations rather
than standardized criteria, and although identical Siemens Sequoia systems and unified operator training were
used across centers, minor variations in probe handling or patient cooperation could not be entirely excluded.
Future prospective studies should therefore aim to further standardize and externally validate elastography
protocols to enhance reproducibility. Additionally, although the sample size was moderate, it may still limit
statistical power and generalizability. The absence of a prospective validation cohort also restricts the real-world
extrapolation of the proposed TIPM model. Future studies should therefore include multicenter, prospective
validation to confirm its predictive robustness and clinical utility, following the approach highlighted by Piao et
al. [30], who demonstrated that prospective design can effectively minimize confounding and strengthen causal
inference.

Moreover, the biological mechanisms underlying the prognostic value of NLR and AT require further
mechanistic exploration to refine predictive accuracy. Finally, detailed subgroup analyses stratified by etiology,
liver function, and treatment regimen are warranted to facilitate more personalized and clinically applicable
therapeutic strategies. Addressing these aspects will enhance the robustness, reproducibility, and translational
potential of future research on hepatocellular carcinoma management.

This study has several limitations. First, its retrospective nature inevitably introduces potential selection
bias and unmeasured confounding factors, such as variations in prior systemic therapies, comorbidities, and
exclusion of patients with incomplete records. These issues may affect the observed associations between
biomarkers and treatment outcomes. Second, because the cohort primarily included patients with advanced-
stage, unresectable HCC, histological subtyping and detailed baseline liver conditions (e.g., cirrhosis, NAFLD)
could not be comprehensively collected, which may limit data completeness. Third, the AT threshold (AT >0
in >5/9 intra- and peri-tumoral sites) was empirically determined based on pilot observations rather than
standardized criteria, and although identical Siemens Sequoia systems and unified operator training were used
across centers, minor variations in probe handling or patient cooperation could not be entirely excluded. Future
prospective studies should therefore aim to further standardize and externally validate elastography protocols
to enhance reproducibility.

Additionally, although the sample size was moderate, it may still limit statistical power and generalizability.
The absence of a prospective validation cohort also restricts the real-world extrapolation of the proposed TIPM
model. Future studies should therefore include multicenter, prospective validation to confirm its predictive
robustness and clinical utility, following the approach highlighted by Piao et al. [30], who demonstrated that
prospective design can effectively minimize confounding and strengthen causal inference. Moreover, the
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biological mechanisms underlying the prognostic value of NLR and AT require further mechanistic exploration
to refine predictive accuracy. Finally, detailed subgroup analyses stratified by etiology, liver function, and
treatment regimen are warranted to facilitate more personalized and clinically applicable therapeutic strategies.
Addressing these aspects will enhance the robustness, reproducibility, and translational potential of future
research on hepatocellular carcinoma management.

Conclusion

In conclusion, our study presents a robust framework for predicting the efficacy of targeted combined
immunotherapy in advanced HCC patients, leveraging both serological and ultrasonography indicators. The
independent risk factors identified offer a valuable guide for clinicians in selecting appropriate patients for
treatment, potentially leading to improved patient outcomes and optimized treatment strategies.

Methods

Patients

This article presents a retrospective study conducted on patients suffering from advanced hepatocellular

carcinoma (HCC), who were treated with a combination of targeted therapy and immunotherapy at Mengchao

Hepatobiliary Hospital from January 1, 2019, to January 1, 2024, and at Fujian Provincial Cancer Hospital from

January 1,2022, to January 1, 2024. The study received ethical approval from the Mengchao Hepatobiliary Hospital

Ethics Committee (Approval No. 2021_084_01). Informed consent was obtained from all subjects. Furthermore,

all procedures performed in this study adhered strictly to the relevant guidelines and regulations, in alignment

with the principles of the Declaration of Helsinki. The procedural flowchart of the study is illustrated in Fig. 1.
Inclusion criteria:

(1) Advanced HCC (Barcelona Clinic Liver Cancer stage III) with no option for curative treatment.
(2) ECOG performance status of 0 or 1.

(3) HCC confirmed by pathology or two radiological methods in line with AASLD guidelines.

(4) Consent to undergo combined targeted and immunotherapy.

(5) Complete clinical data available.

Exclusion criteria:

(1) Non-HCC malignancies confirmed by pathology.

(2) Missing essential clinical data.

(3) Prior systemic therapy for HCC (TACE, RFA and so on).

(4) Severe comorbid conditions making study participation inappropriate.

(5) Enrollment in other clinical trials with investigational drugs or therapies within the last 30 days.

Response evaluation (mMRECIST, RECIST 1.1, and iRECIST)

Magnetic resonance imaging (MRI, 3.0 T; Siemens, Germany) was performed to evaluate treatment response.
Arterial, portal venous, and delayed phase images were obtained at baseline and then monthly until week 26 or
until patient death. Two experienced radiologists independently reviewed all imaging data, and any disagreement
was resolved through consensus with a senior chief radiologist.

The primary assessment of tumor re’pons’ was based on mRECIST criteria, which evaluate changes in viable
(enhancing) tumor components. Patients were classified into the target and immunotherapy effective (TIE)
group—including complete response (CR), partial response (PR), and stable disease (SD)—or the target and
immunotherapy noneffective (TIN) group—defined as progressive disease (PD). According to mRECIST:

6 CR: Disappearance of all intratumoral arterial enhancement in all target lesions.

7 PR: Atleast a 30% decrease in the sum of diameters of viable (enhancing) target lesions compared with base-
line.

8 SD: Neither sufficient shrinkage to qualify for PR nor sufficient increase to qualify for PD.

9 PD: At least a 20% increase in the sum of diameters of viable (enhancing) target lesions, taking as reference
the smallest sum recorded since treatment initiation.

To enhance the robustness and comparability of response evaluation, all patients were further assessed using
RECIST 1.1 and, where serial follow-up scans were available, iRECIST criteria.

Under RECIST 1.1, the sum of the longest diameters of up to five target lesions (maximum of two per organ)
was measured. Treatment responses were categorized as:

« CR: Disappearance of all target lesions;

o PR: Atleast a 30% decrease in the sum of the longest diameters;

o SD: Neither PR nor PD criteria met;

o PD: Atleast a 20% increase in the sum of diameters, taking as reference the smallest sum on study.

Under iRECIST, patients who exhibited initial progression on imaging were categorized as immune unconfirmed
progressive disease (iUPD) and were re-evaluated after >4 weeks. If further enlargement or new lesions were
observed, the status was confirmed as immune confirmed progressive disease (iCPD); otherwise, the response
was reclassified as iSD or iPR.
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The final tumor response for each patient was determined by consensus and recorded under all three
evaluation systems. These parallel criteria were applied to assess the consistency and robustness of response
classification across different imaging frameworks.

Serology indexes

Fasting serology indices were meticulously collected during the morning hours to ensure the reliability of the
data. The recorded parameters included a comprehensive spectrum of biochemical and hematological markers:
Alanine Aminotransferase (ALT), Aspartate Aminotransferase (AST), Platelet Count (PLT), Absolute Neutrophil
Count (ANC), Absolute Lymphocyte Count (ALC), Lactate Dehydrogenase (LDH), Albumin (ALB), Glutathione
S-Transferase (GST), Total Bilirubin (TBIL), Creatinine (Cr), Alkaline Phosphatase (ALP), Prothrombin Time
(PT), Prothrombin Time Activity (PTA), International Normalized Ratio (INR), along with serological markers
for Hepatitis B Virus (HBV) and Hepatitis C Virus (HCV), including both antigens and antibodies. Additionally,
Alpha Fetoprotein (AFP) levels were quantified. To further elucidate the inflammatory and immunological status
of the subjects, the Neutrophil to Lymphocyte Ratio (NLR) was calculated. These indices provide a holistic view
of the patients’ biochemical and hematological health status, contributing significantly to our understanding of
the underlying pathophysiological mechanisms.

Demographic information
Patients height, weight, gender, age were recorded pretreatment, calculate body mass index (BMI).

Therapeutic schedule
Immunotherapy use camrelizumab (airuika, Shengdiya): 3 mg/kg, intravenous injection once every 3 weeks
until disease progression or intolerable toxicity.

Target therapy use lenvatinib Mesilate Capsules (leweima, weicai): Patients with weight <60 kg, 8 mg, once a
day; patients with weight > 60 kg, 12 mg, once a day. Treatment should continue until the disease progresses or
intolerable toxicity.

Ultrasound examination

Ultrasound examinations were performed using identical Siemens Sequoia systems (Germany) equipped with a
C3-7 probe in both Mengchao Hepatobiliary Hospital and Fujian Provincial Cancer Hospital. All sonographers
underwent unified training before study initiation to ensure inter-center consistency. For each examination,
the probe was applied with minimal contact pressure (<10 kPa, approximately 0.5-1 N), sufficient only to
maintain stable acoustic coupling without compressing the underlying tissue, in accordance with WFUMB
elastography recommendations. The same acquisition mode (shear wave elastography, SWE) and manufacturer-
recommended presets were used across centers.

In patients with multiple lesions, the largest lesion was selected for analysis. Recorded imaging parameters
included satellite nodules, tumor diameter, capsule integrity, echogenicity, boundary definition, collateral
circulation, and macrovascular invasion. Tumor and peritumoral stiffness were measured at 12 predefined sites:
intra-tumoral regions (12, 3, 6, 9 oclock positions and center; A-E), peri-tumoral regions (2, 5, 8, 11 oclock;
F1-F4), and distal liver parenchyma (1 ¢cm, 2 cm from tumor margin and normal liver; G-I).(Figure 2)

At each site, five consecutive elasticity measurements were obtained during breath-holding, with the median
value used to minimize motion artifacts. The change in tumor stiffness (AT) was defined as positive (AT >0)
when >5 of 9 intra- and peri-tumoral points (A-F4) exhibited increased stiffness after six weeks of therapy, based
on pilot observations showing that changes involving over half of the tumor—peritumor interface correlated
best with treatment response. Similarly, AP>0 was defined when >2 of 3 distal points (G-I) increased. All
measurements were performed under standardized acquisition conditions to minimize inter-operator variability.

Confirmed HCC

The diagnosis of hepatocellular carcinoma (HCC) can be confirmed through two primary methodologies.
The first approach relies on imaging modalities, specifically the employment of contrast-enhanced ultrasound
(CEUS), enhanced computed tomography (CT), or magnetic resonance imaging (MRI), which are evaluated
based on the characteristic enhancement pattern typical of liver cancer, notably the rapid wash-in and wash-
out of contrast agent. The second method involves obtaining a tissue sample directly from the tumor through a
biopsy procedure. This dual-pathway approach allows for a comprehensive evaluation and confirmation of HCC.

Survival analysis

To further assess the clinical relevance of the TIPM model, overall survival (OS) was analyzed as a secondary
endpoint. OS was defined as the time from treatment initiation to death from any cause or last follow-up.
Patients who were alive at the time of analysis were censored at their most recent follow-up.Patients were
stratified into high- and low-TIPM score groups according to the optimal cutoff value determined by receiver
operating characteristic (ROC) analysis. Kaplan-Meier survival curves were generated to compare OS between
the two groups, and differences were assessed using the log-rank test. Hazard ratios (HRs) and corresponding
95% confidence intervals (Cis) were calculated using univariate and multivariate Cox proportional hazards
regression models to evaluate whether the TIPM score served as an independent prognostic factor.

Statistics

In this study, continuous variables are expressed as the mean + standard deviation, while categorical variables are
presented as frequencies and percentages. For continuous data following a normal distribution and homogeneity
of variance, comparisons between groups were performed using the independent-samples ¢ test; otherwise, the
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Mann-Whitney U test was applied. Categorical variables were compared using the chi-square test.Variables
that reached statistical significance in univariate analysis were incorporated into a multivariate binary logistic
regression model, with a stepwise backward selection approach used to identify independent predictors. The
relative importance of these predictors was further ranked using a random forest algorithm.Subsequently, the
identified variables were categorized into ultrasound indicators, serological indicators, and combined indicators.
Individual predictive models were constructed for each category, and a fusion model (Target Immunotherapy
Predictive Model, TIPM) was developed by integrating the selected significant variables to improve predictive
accuracy. The performance of the fusion model was compared with established clinical indices, including
ALBI and AFP, across the training, internal validation, and external validation cohorts.Model performance
was evaluated using receiver operating characteristic (ROC) curves and the area under the curve (AUC), with
DeLong’s test applied to assess statistical differences between AUCs. Calibration curves were generated, and
both the Hosmer-Lemeshow (H-L) goodness-of-fit test and Brier score were used to evaluate model calibration
and predictive reliability. Decision curve analysis (DCA) was further conducted to assess the net clinical benefit
of each model Finally, individualized risk scores were calculated for each patient based on the TIPM, and the
optimal cutoft value was determined using the Youden index to derive sensitivity, specificity, accuracy, precision,
and F1-score. All statistical analyses and visualizations were conducted using R statistical software (version
4.1.1), and a two-tailed P value <0.05 was considered statistically significant.

Data availability

The datasets generated and/or analyzed during the current study are not publicly available due to being generat-
ed based on information collected during clinical care but are available in de-identified from the corresponding
author on reasonable request at the study’s close.
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