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Abstract
Objective  Predicting the therapeutic response before initiation of hepatic artery infusion chemotherapy (HAIC) with fluoro-
uracil, leucovorin, and oxaliplatin (FOLFOX) remains challenging for patients with unresectable hepatocellular carcinoma 
(HCC). Herein, we investigated the potential of a contrast-enhanced CT-based habitat radiomics model as a novel approach 
for predicting the early therapeutic response to HAIC-FOLFOX in patients with unresectable HCC.
Methods  A total of 148 patients with unresectable HCC who received HAIC-FOLFOX combined with targeted therapy or 
immunotherapy at three tertiary care medical centers were enrolled retrospectively. Tumor habitat features were extracted 
from subregion radiomics based on CECT at different phases using k-means clustering. Logistic regression was used to 
construct the model. This CECT-based habitat radiomics model was verified by bootstrapping and compared with a model 
based on clinical variables. Model performance was evaluated using the area under the curve (AUC) and a calibration curve.
Results  Three intratumoral habitats with high, moderate, and low enhancement were identified to construct a habitat 
radiomics model for therapeutic response prediction. Patients with a greater proportion of high-enhancement intratumoral 
habitat showed better therapeutic responses. The AUC of the habitat radiomics model was 0.857 (95% CI: 0.798–0.916), and 
the bootstrap-corrected concordance index was 0.842 (95% CI: 0.785–0.907), resulting in a better predictive value than the 
clinical variable-based model, which had an AUC of 0.757 (95% CI: 0.679–0.834).
Conclusion  The CECT-based habitat radiomics model is an effective, visualized, and noninvasive tool for predicting the 
early therapeutic response of patients with unresectable HCC to HAIC-FOLFOX treatment and could guide clinical manage-
ment and decision-making.

Keywords  Liver · Unresectable hepatocellular carcinoma · Hepatic artery infusion chemotherapy · Response to 
treatment · Habitat radiomics
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LI-RADS	 �Liver Imaging Reporting and Data System
mRECIST	 �Modified Response Evaluation Criteria for 

Solid Tumors
MRI	 �Magnetic resonance imaging
MSI	 �Multiregional spatial interaction
MVI	 �Microvascular invasion
OR	 �Odds ratio
ORR	 �Objective response rate
OS	 �Overall survival
PFS	 �Progression-free survival
TACE	 �Transarterial chemoembolization
PVP	 �Portal venous phase
ROC	 �Receiver operating characteristic
ROI	 �Region of interest
TKIs	 �Tyrosine kinase inhibitors
VE	� Venous Phase Enhancement
VP	 �Vascular invasion vp classification

1  Introduction

Hepatocellular carcinoma (HCC), the main pathological 
type of primary liver cancer, is one of the most common 
malignant tumors, with the sixth highest incidence and third 
highest mortality rate worldwide [1]. Due to the insidi-
ous onset of HCC, less than 10% of patients are eligible 
for curative resection at the time of diagnosis [2]. Approxi-
mately 40-50% of patients are diagnosed at intermediate 
or advanced stages [3], making curative resection impos-
sible, and the median survival time is only a few months 
[4, 5]. Currently, hepatic arterial infusion chemotherapy 
(HAIC) based on oxaliplatin, calcium folinate, and fluoro-
uracil (FOLFOX) has been incorporated into the standard 
treatment for unresectable HCC in most Asian countries 
[6–10]. Although HAIC-FOLFOX significantly improved 
overall survival (23.1 vs. 16.1 months) of patients with 
unresectable HCC compared with transarterial chemoem-
bolization (TACE), its therapeutic response rate is only 46% 
[11]. Therefore, identifying suitable candidates for HAIC-
FOLFOX treatment is highly valuable for guiding clinical 
decision-making in managing patients with unresectable 
HCC.

However, the prediction of HAIC-FOLFOX efficacy in 
patients with unresectable HCC is challenging owing to 
high tumor heterogeneity and different sensitivities to che-
motherapeutic agents [12]. Currently reported prediction 
models include serologic indicators (AFP, ABLI, NLP, etc.), 
clinical staging (Child‒Pugh classification, BCLC staging, 
or AJCC staging), and CT- and magnetic resonance imaging 
(MRI)-based radiomics. Serologic indicators and clinical 
staging have limited predictive value due to marked indi-
vidual variation. Additionally, traditional radiomics, which 

calculates features across the entire tumor, has limitations 
because it overlooks the heterogeneity within tumor sub-
regions and does not allow interpretation of the extensive 
features extracted.

In contrast to traditional radiomics, habitat radiomics 
characterizes tumors by dividing them into different sub-
regions, termed habitats, and visualizing the compositional 
components of the tumor and differences in spatial distribu-
tion among subregions, thereby elucidating tumor compo-
sition and interactions within the tumor microenvironment 
[13]. Tumor habitat radiomics has been widely used as a 
new imaging approach to predict the prognosis of patients 
with locally advanced breast cancer and the recurrence of 
hepatocellular carcinoma (≤ 5  cm) after surgical resection 
[14, 15]. This image-based intratumoral partitioning allows 
the intuitive quantification of the tumor composition and 
spatial interactions, by identifying subregions or compo-
nents that are most relevant to tumor biological behavior 
and invasiveness.

However, whether habitat radiomics could be a useful 
tool for predicting the prognosis of patients with unresect-
able HCC after HAIC-FOLFOX treatment has not been 
reported. Since the high rate of drug resistance after mul-
tiple HAIC-FOLFOX treatments and the first response to 
interventional therapy strongly correlates with prognosis 
and survival [16, 17], we focused on the early therapeutic 
response to HAIC-FOLFOX treatment. Contrast-enhanced 
computed tomography (CECT) scans are cost-effective and 
widely accessible, making them one of the recommended 
standard methods for diagnosing and monitoring HCC 
according to the Liver Imaging Reporting and Data System 
(LI-RADS) guidelines. The present study aimed to con-
struct a CECT-based intratumoral habitat radiomics model 
to predict the early therapeutic response of patients with 
unresectable HCC to HAIC-FOLFOX.

2  Materials and methods

2.1  Study design

Ethical approval for this retrospective multicenter study 
was obtained from three centers. The flowchart of the 
study design is shown in Fig.  1a. Between October 2021 
and October 2024, 1,135 HCC patients who underwent 
HAIC-FOLFOX were screened at three hospitals. HCC 
was diagnosed according to the American Association for 
the Study of Liver Diseases (AASLD) guidelines. Based on 
the inclusion and exclusion criteria, 148 patients with HCC 
were ultimately included. Among all patients, a total of 77 
patients underwent TKIs and 120 patients underwent PD-1 
therapy after HAIC.
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Fig. 1  Study design for building a habitat radiomics model to predict HAIC-FOLFOX response in unresectable HCC
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with five years of experience in abdominal imaging) and 
manually adjusted for inadequate masking. Subsequently, 
the Elastix software (5.1.0-win64 https://elastix.dev/) was 
used with registration parameter packs (Par0057Bspline, ​h​t​
t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​S​​u​p​e​​r​E​l​​a​s​t​​i​x​/​​E​l​a​s​​t​i​​x​M​o​​d​e​l​Z​​o​o​/​​t​r​e​​e​/​m​a​s​t​e​
r​/​m​o​d​e​l​s). The liver region in the portal vein phase image 
served as the reference mask, while the liver regions in other 
images underwent B-spline transformation [19].

2.6  Tumor segmentation

The portal vein phase CT images were imported into the 
open-source 3D Slicer software (version 5.2.2, www.slicer.
org). Two experienced radiologists carefully delineated 
the boundaries of the lesions layer by layer to generate 2D 
regions of interest (ROIs). For cases with multiple nodules, 
the two largest lesions, each with a diameter greater than 
2  cm, were selected as the target lesions. Following this, 
three-dimensional regions of interest (3D ROIs) were auto-
matically generated from the 2D ROIs of the intrahepatic 
lesions. Given the alignment of the scanning and arterial 
phase images with the venous phase image, the obtained 
tumor ROIs were also synchronized with other temporal 
images.

2.7  Habitat encoding

We obtained two parametric maps, an arterial phase enhance-
ment (AE) map (Fig. 2a) and a venous phase enhancement 
(VE) map (Fig. 2b). The mathematical definitions of AE and 
VE are as follows:

AE = CT AP − CT P re V E = CT V P − CT P re

where CT stands for computed tomography attenuation val-
ues, measured in Hounsfield units (Hu). AP represents the 
arterial phase, VP represents the portal venous phase, and 
Pre represents the pre-enhancement phase.

As the AE and VE maps are coregistered, each voxel 
within the tumor ROI corresponds to both an AE and VE 
value. By aggregating voxels from all the ROIs, feature 
vectors containing AE and VE signals are formed. K-means 
clustering [14] (implemented using the scikit-learn 1.0.2 
package in Python) was then employed to group these fea-
ture vectors into habitats. The range of candidate clusters 
was tested from 2 to 15, with both the elbow method and 
silhouette coefficient used to determine the optimal number 
of clusters [20].

2.2  Follow-up and response assessment

All patients were followed up until the last recorded fol-
low-up date (1 December 2024). The response to HAIC-
FOLFOX was evaluated based on CECT images obtained 1 
to 2 months after the completion of the two HAIC-FOLFOX 
treatments according to the modified Response Evaluation 
Criteria in Solid Tumors (mRECIST) [18]. All patients were 
divided into an objective response (OR = PR + CR) group 
and a non-OR (nOR = SD + PD) group. Two radiologists, 
each with more than 8 years of experience in abdominal 
imaging, assessed the OR without knowledge of the clini-
cal procedures. In cases of conflicting interpretations, a final 
consensus was reached through discussion.

2.3  CECT screening protocols

CECT scans were performed using a SOMATOM Per-
spective (Siemens Healthineers, Erlangen, Germany), 
SOMATOM Definition Flash (Siemens Healthineers, Erlan-
gen, Germany), or Discovery CT750 HD (GE Healthcare, 
Milwaukee, WI, USA) CECT scanner following a standard-
ized protocol. A three-phase scan (plain, arterial phase, and 
venous phase scan) was performed on each patient. The 
CECT scanning parameters were as follows: tube voltage, 
100 kV; the tube current, 75 mA; and the slice thickness, 
1–5 mm. Images were reconstructed as axial images using a 
B60f filter with a slice thickness of 1 mm and a slice incre-
ment of 1 mm. CECT images were obtained after intrave-
nous administration of iohexol (300 mg/mL at a rate of 3.0 
mL/s, followed by a 30-mL saline flush). Arterial phase scan-
ning was initiated 10–15 s after reaching a trigger threshold 
(100 Hu) in the abdominal aorta, and portal venous phase 
scanning was conducted 30–35 s after the end of the arterial 
phase. The total contrast volume was 1.5 mL/kg.

2.4  Image analysis

In this study, HCC habitat imaging consisted of the follow-
ing four primary technical stages: image preprocessing, 
tumor segmentation, habitat encoding, and habitat feature 
extraction.

2.5  Image preprocessing

All images were first discretized by setting the bin count to 
256 to normalize the intensity and reduce image noise, and 
then resampled to 1 × 1 × 1 mm to normalize voxel spacing. 
Using nnUNet (​h​t​t​p​​s​:​/​​/​z​e​n​​o​d​​o​.​o​​r​g​/​r​​e​c​o​​r​d​/​​3​7​3​​4​2​9​​4​#​.​X​​y​Y​​R​
5​m​M​z​Y​5​n), a pretrained liver segmentation model, the liver 
region underwent three successive stages of division. The 
evaluation was conducted by Reader 1 (W.M.S., a physician 
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were calculated to assess reproducibility. Habitat features 
with intra- and interobserver ICCs > 0.8 were chosen for 
subsequent analysis. Additionally, features categorized by 
efficacy were subjected to t-tests/Mann‒Whitney U tests, 
and those with a p-value less than 0.05 were retained. The 
remaining features were paired two-by-two, and Spear-
man’s correlation coefficients were computed. The feature 
with the most significant p-value from pairs with correla-
tion coefficients exceeding 0.95 was retained. Dimensional-
ity reduction of the retained features was performed using 
cross-validation with Lasso regression.

2.9  Model construction

Imaging features identified through screening were inte-
grated into the modeling process. Bicategorical logistic 
regression was used to construct the habitat radiomics 
model. Initial screening of clinical characteristics involved 
univariate logistic regression to calculate odds ratios (ORs) 
and corresponding p-values. Variables with p-values less 
than 0.1 were then included in the multivariate stepwise 

2.8  Habitat feature extraction

Intratumoral spatial heterogeneity was characterized and 
quantified through a multiregional spatial interaction (MSI) 
matrix, which retrieves neighboring pairs for each tumor 
voxel and subsequently adds them to the corresponding 
entry in the MSI matrix (Fig. 3a and b). All voxels under-
went classification, and the spatial heterogeneity was sum-
marized within the final MSI matrix. A comprehensive set 
of 34 features, comprising 30 first-order and four second-
order statistical features, was derived from the MSI matrix 
[14]. Additionally, features were calculated for the number 
of habitat voxels, including the habitat volume and its pro-
portions. These analyses collectively elucidated the extent 
of spatial heterogeneity within the tumor.

We evaluated the stability of the extracted features by 
conducting intra- and interreader reproducibility assess-
ments. For this purpose, Reader 1 outlined the tumor ROIs 
twice within a one-week interval for 30 randomly selected 
patients, while Reader 2 (Q.Z.L.) independently performed 
segmentation. Intraclass correlation coefficients (ICCs) 

Fig. 2  Features used to encode habitats and their distribution. (a) “AE” 
and (b) “VE” parametric maps used to encode habitats; (c) Elbow rule 
used to determine the optimal number of clusters; Features of “AE” (d) 

and “VE” (e) distribution bar chart of each habitat subregion; (f) Scat-
ter plot of characteristic distribution in each habitat subregion
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owing to pretreatment, 42 were excluded owing to concur-
rent malignancies, and 61 were excluded owing to poor 
image quality or unclear images, and 121 were excluded 
owing to missing follow-up data (Fig. 1a). Finally, a total of 
148 patients were enrolled in the study, with a mean age of 
56 (± 10.7) years, including 126 males and 22 females. The 
majority of patients (121 out of 148, 81.8%) presented with 
hepatitis B virus infection, and 105 patients (70.9%) had 
cirrhosis. According to BCLC staging system, 121 patients 
(81.8%) were classified as stage C. The median tumor 
diameter was 9.6 cm (range: 7.3–12.7 cm), and the objec-
tive response rate (ORR) of HAIC-FOLFOX was 52.7%. 
Among the cohort, 77 patients (52%) received with tyrosine 
kinase inhibitor (TKI) treatment, and 120 patients (81.1%) 
were administered programmed cell death protein 1 (PD-1) 
inhibitors. Further clinical details can be found in Table 1.

3.2  Habitat imaging and feature extraction

The research roadmap is illustrated in Fig. 1b. Tumor habi-
tats were delineated through CT image preprocessing, tumor 
segmentation, feature map calculation, and clustering. 
Based on the elbow method and silhouette coefficient, k = 3 
was chosen as the number of habitats, and all tumor voxels 
were clustered into one of the three habitats (Fig. 2c and f). 
The AE and VE values of the three habitats were as follows: 
Habitat 1, AE = 21.786 ± 11.567, VE = 43.429 ± 12.314; 
Habitat 2, AE = 22.269 ± 11.159, VE = 42.694 ± 11.675; 
and Habitat 3, AE = 54.206 ± 20.778, VE = 64.086 ± 16.246 
(Fig. 2d and e). We thus concluded that Habitats 1, 2, and 3 

logistic regression analysis. A combined model was formu-
lated by incorporating the habitat model with clinically rel-
evant variables identified through multifactorial screening.

2.10  Statistical analysis

Continuous variables are reported as either means with stan-
dard deviations (SD) or medians with interquartile ranges 
(IQRs), while categorical variables are presented as counts 
and percentages. The discriminative capacity of the mod-
els was assessed through receiver operating characteris-
tic (ROC) curve analysis, calibration plots, and confusion 
matrices. Model validation was performed internally using 
1,000 bootstrap samples with replacement, providing esti-
mates of the area under the curve (AUC) and the associated 
95% confidence interval (CI). Furthermore, model calibra-
tion and decision curve analyses were conducted to assess 
model performance. Computational implementation was 
performed using Python (version 3.7.6; ​h​t​t​p​s​:​/​/​w​w​w​.​p​y​t​h​o​
n​.​o​r​g​/​​​​​) and the R software version 4.2.3 ​(​​​h​t​t​p​:​/​/​w​w​w​.​r​-​p​r​o​j​e​
c​t​.​o​r​g​/​​​​​)​. Statistical significance was set at a two-sided alpha 
level of 0.05.

3  Results

3.1  Patient cohort

Among 1,135 patients who were treated with HAIC-
FOLFOX for HCC, 763 were excluded from this study 

Fig. 3  Habitat features extrac-
tion. (a) The Illustration shows 
the use of a multiregional spatial 
interaction (MSI) matrix derived 
from intratumor habitat maps. (b) 
Forty-one quantitative imag-
ing features were extracted to 
measure intratumoral spatial 
heterogeneity
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represented low-, moderate-, and high-perfusion subregions 
in the tumor, respectively. At the population level, the pro-
portions of Habitats 1, 2, and 3 were 34.58%, 47.72%, and 
17.70%, respectively. The spatial distribution of the habitats 
apparently varied between patients who responded well and 
those who responded poorly to the HAIC-FOLFOX treat-
ment. Representative images of patients are shown in Fig. 4a 
and b. For habitat radiomic feature extraction, we quantified 
the spatial distribution of the habitats and the extent of their 
interactions using the MSI (Fig. 3a and b). Following the 
feature selection strategy, five key habitat radiomic features 
were ultimately selected for further analysis (Fig. 5a-d).

3.3  Modeling

The significant habitat features were selected, and a binary 
logistic regression was used to establish a habitat risk score, 
formulated as follows:

Features Level Overall (n = 148)
Gender (%) Male 126 (85.1)

Female 22 (14.9)
Age (mean (SD)) 56.47 (10.76)
BMI (mean (SD)) 23.04 (2.76)
PS (%) 0 131 (88.5)

1 17 (11.5)
Etiology (%) HBV 118 (79.7)

HCV 2 (1.4)
Alcohol 11 (7.4)
Others 17 (11.5)

Comorbidities (%) Absence 115 (77.7)
Presence 33 (22.3)

HBV (%) Absence 27 (18.2)
Presence 121 (81.8)

Cirrhosis (%) Absence 43 (29.1)
Presence 105 (70.9)

Ascites (%) Absence 114 (77.0)
Presence 34 (22.9)

CP grade (%) A 121 (81.8)
B 27 (18.2)

ALBI score (mean (SD)) -2.40 (0.46)
ALBI grader (%) 1 54 (36.7)

2 91 (61.9)
3 2 (1.4)

PALBI score (mean (SD)) -2.30 (0.36)
PALBI grade (%) 1 40 (27.0)

2 76 (51.3)
3 32 (21.6)

NLP (mean (SD)) 3.95 (2.47)
PLR (mean (SD)) 170.99 (102.62)
d_tumor, cm (median (IQR)) 9.6 (7.3–12.7)
Number of tumors (%) 1 45 (30.4)

≥ 2 103 (69.6)
Vascular invasion (%) Absence 59 (39.9)

Presence 89 (60.1)
VP (%) 0 59 (39.9)

1 5 (3.4)
2 13 (8.8)
3 33 (22.3)
4 38 (25.7)

Metastasis (%) Absence 71 (48.0)
Presence 77 (52.0)

BCLC (%) B 27 (18.2)
C 121 (81.8)

WBC, 10^9/L (mean (SD)) 5.87 (2.22)
Neu, 10^9/L (mean (SD)) 4.11 (1.86)
Ly, 10^9/L (mean (SD)) 2.43 (15.28)
RBC, 10^12/L (mean (SD)) 4.49 (0.78)
Hb, g/L (mean (SD)) 134.31 (22.83)
PLT, 10^9/L (mean (SD)) 182.89 (101.59)
AFP, ng/ml (median (IQR)) 1340.5 (55.1–10868.8)
AFP400 (%) Absence 55 (37.2)

Presence 93 (62.8)
AST, U/L (mean (SD)) 92.03 (75.84)

Table 1  Baseline characteristics of patients with unresectable HCC 
undergoing HAIC Features Level Overall (n = 148)

ALT, U/L (mean (SD)) 56.58 (41.20)
Albumin, g/L (mean (SD)) 38.00 (5.11)
ALP, U/L (mean (SD)) 180.70 (130.36)
GGT, U/L (mean (SD)) 247.29 (236.79)
CBIL, umol/L (mean (SD)) 5.68 (5.11)
TBIL, umol/L (mean (SD)) 20.58 (11.73)
PT, s (mean (SD)) 13.63 (1.49)
INR (mean (SD)) 1.11 (0.12)
Cre, umol/L (mean (SD)) 66.74 (22.52)
Na+, mmol/L (mean (SD)) 138.89 (2.81)
K+, mmol/L (mean (SD)) 4.08 (0.40)
TKI (%) Absence 71 (48.0)

Presence 77 (52.0)
PD-1 (%) Absence 28 (18.9)

Presence 120 (81.1)
outcome (%) nOR 70 (48.3)

OR 78 (52.7)
Continuous variables were presented as mean ± standard deviation 
(SD) or median with interquartile range and compared using the t-test 
or Mann-Whitney U test. In contrast, categorical variables were pre-
sented as frequencies with percentages and compared using the chi-
squared test
AFP, α-fetoprotein; AFP400, α-fetoprotein over 400ng/ml; ALBI, 
albumin-bilirubin; ALT, alanine aminotransferase; ALP, alkaline 
phosphatase; AST, aspartate aminotransferase; BCLC, Barcelona 
Clinical Liver Cancer; BMI, body mass index; CBIL, conjugated bili-
rubin; Cre, creatinine; CP grade Child Pugh grade; d_tumor, tumor 
diameter; GGT, gamma glutamyl transferase; Hb, hemoglobin; HBV, 
viral hepatitis type B; HCV, viral hepatitis type C; INR, international 
normalized ratio; Ly, lymphocyte; Neu, Neutrophils; NLR, neutro-
phil to lymphocyte ratio; nOR, non objective response; OR, objec-
tive response. PALBI, platelet-albumin-bilirubin; PD-1, programmed 
death-1 inhibitor; PLR, platelet to lymphocyte ratio; PLT, platelet; 
PS, performance status; PT, prothrombin time; RBC, red blood cell; 
TBIL, total bilirubin; TKI, tyrosine kinase inhibitor; VP, vascular 
invasion vp classification; WBC, white blood cell

Table 1  (continued) 
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3.4  Performance evaluation

According to the ROC curve analysis, the areas under the 
curves (AUCs) for the habitat radiomics model, clinical 
model, and combined model were 0.857 (95% CI: 0.798–
0.916), 0.757 (95% CI: 0.679–0.834), and 0.912 (95% CI: 
0.861–0.963) respectively, as illustrated in Fig. 6a. The hab-
itat radiomics model significantly outperformed the clinical 
model (P = 0.033, DeLong test). Furthermore, the combined 
model also significantly outperformed the habitat radiomics 
model (P = 0.004, DeLong test). To assess the stability and 
reliability of the model, we performed 1000 bootstrap resa-
mples on the habitat radiomics model, and the calibration 
consistency index (C-index) of the habitat radiomics model 
was 0.842 (95% CI: 0.785–0.907). The calibration curve 
showed that the habitat radiomics model had high agree-
ment between the predicted and actual probabilities. When 
the predicted probability falls between 0.4 and 0.8, the habi-
tat radiomics model tends to overestimate the occurrence 
of treatment response (Fig.  6b). At a threshold probabil-
ity of 0.5, the decision curve indicated that the combined 

Habitat radiomics model = 0.1689 + 0.0722 ∗ (2b3r)
+ 0.7221 ∗ (habitat3.1)
− 0.6679 ∗ (habitat1.1)
− 0.5208 ∗ (b01) + 0.7522 ∗ (2border0)

For clinical data analysis, indicators related to the response 
to HAIC-FOLFOX treatment are presented in Table  2. 
Logistic regression was used to construct a clinical score 
as follows:

Clinical model =1.9806 − 1.5059 ∗ (Comorbidities)
+ 1.2923 ∗ V P − 0.0470 ∗ (TBIL)
− 1.0785 ∗ (Cirrhosis)

The significant clinical indicators were combined with the 
habitat scores to construct a composite model, formulated 
as follows:

Combined model = 1.8243 − 1.8950 ∗ (Comorbidities)
+ 1.1727 ∗ V P4 − 0.0442 ∗ (TBIL)
− 0.6937 ∗ (Cirrhosis) + 1.0357
∗ (Habitat radiomics score)

Fig. 4  Representative CECT images and habitat maps of two HCC 
patients. (a) CECT images of a nOR patient before and post treatment; 
(b) CECT images of a OR patient before and post treatment; The high 

enhancement subregion is in red, with moderate enhancement in green 
and low enhancement in blue

 

1 3

716



Predicting the early therapeutic response to hepatic artery infusion chemotherapy in patients with…

habitat radiomics model, the confusion matrix demonstrated 
that the model achieved higher classification accuracy 
(Fig. 7a). There was a significant difference in the score dis-
tribution of the habitat radiomics model between the objec-
tive response group and the non-response group (p < 0.001) 
(Fig. 7b). The alluvial diagram showed that the predictions 
of therapeutic outcomes by the habitat radiomics model 
were very close to the actual outcomes (Fig. 7c).

model achieved the greatest net clinical benefit, followed 
by the habitat radiomics model (Fig.  6c). The radar chart 
provides a visual comparison of three models: evaluated 
across six metrics: AUC, accuracy, sensitivity, specificity, 
TPR, and TNR (Fig. 6d). The combined model outperforms 
the other two models consistently across all metrics, reflect-
ing its comprehensive predictive performance. The habitat 
radiomics model outperforms the clinical model compre-
hensively. To further evaluate the classification ability of the 

Fig. 5  Habitat features screening and clustering. (a) Bubble chart dis-
playing the ranking of habitat features based on their importance; (b) 
and (c) Feature dimensionality reduction using Lasso regularization; 

(d) Features retained after Lasso dimensionality reduction; (e) Heat-
map of hierarchical clustering of selected habitat features
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Table 2  Univariate and multivariate regression analysis of clinical variables
Univariate Multivariate
p OR CI p OR CI

AFP > 400 0.018 2.270 1.149–4.485
Age 0.018 0.962 0.932–0.993
Comorbidities 0.013 0.358 0.159–0.808 0.001 0.222 0.088–0.560
d_tumor(cm) 0.032 1.095 1.008–1.189
PLT (10^9/L) 0.033 1.004 1-1.008
TBIL (umol/L) 0.036 0.967 0.937–0.998 0.008 0.954 0.921–0.988
Cirrhosis 0.055 0.487 0.234–1.015 0.012 0.340 0.146–0.790
AST (U/L) 0.069 1.005 1-1.010
VP 0.089 2.094 0.892–4.917 0.010 3.641 1.369–9.681
The clinical variables, screened through single-factor and multi-factor logistic regression, are presented as odds ratios, along with their cor-
responding 95% confidence intervals and associated p-values
AFP > 400, α-fetoprotein over 400 ng/ml; AST, aspartate aminotransferase; d_tumor, tumor diameter; PLT, platelet; TBIL, total bilirubin; VP, 
vascular invasion vp classification

Fig. 6  Performance evaluation and comparison of the models for 
predicting the therapeutic response of HAIC-FOLFOX treatment. 
Receiver operator characteristic (ROC) curves (a); Calibration curves 

(b); Decision curves (c); Radar chart (d) shows comparison of perfor-
mance metrics across different models
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Several studies have shown that habitat radiomics, which 
quantifies tumor spatial heterogeneity, offers unique advan-
tages and outperforms traditional radiomics in predicting 
tumor treatment response [22, 23]. In this study, we first 
developed and validated a CECT-based habitat radiomics 
model for predicting the early therapeutic response to 
HAIC-FOLFOX in patients with unresectable HCC. The 

4  Discussion

For HCC, the high tumor heterogeneity and complex tumor 
microenvironment lead to significant variability in response 
to HAIC-FOLFOX treatment [21]. Therefore, assessing 
tumor heterogeneity and predicting treatment response 
before formulating a treatment plan is particularly important. 

Fig. 7  Performance evaluation of the habitat radiomics model for 
predicting the therapeutic response of HAIC-FOLFOX treatment. (a) 
Confusion matrix; (b) (c) Distributions of habitat radiomics model 

scores in OR groups and non-OR groups; (c) Alluvial diagram for pre-
dicting HAIC-FOLFOX treatment response using habitat radiomics 
model
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correlates with greater tissue delivery of drugs [29]. Addi-
tionally, the histopathological analysis suggests that tumors 
with a high proportion of highly enhanced habitat exhibit 
higher tumor cell differentiation, which corresponds to a 
histological subtype with a better prognosis. These tumors 
also show low Ki-67 expression, indicating lower tumor 
proliferation activity and a lower degree of malignancy 
(sFig. 3). In contrast, tumors with a high proportion of low- 
to moderate-enhancing habitat display poorer cell differenti-
ation, higher nuclear atypia, and elevated Ki-67 expression, 
reflecting increased tumor proliferation and greater inva-
siveness. This observation is indirectly supported by studies 
reporting that macrotrabecular-massive HCC and vessels 
encapsulating tumor cluster patterns are associated with 
larger tumor diameters and intratumoral necrosis [30]. In 
low-perfusion habitats, which contain a significant portion 
of necrotic tumor areas, high-risk habitats may be corre-
lated with these adverse pathological features of trabecular 
and massive HCC and vessels encompassing tumor clus-
ters. High-risk habitats also exhibit characteristics such as 
a larger volume of interaction between low-enhancement 
subregions and liver tissue (b01). Studies have reported that 
the two-trait predictor of venous invasion (i.e., the presence 
of intratumoral arterial signal during the arterial phase and 
a hypodense halo around the tumor margin during the portal 
venous phase) is an independent risk factor for predicting 
microvascular invasion (MVI) in HCC patients [31]. The 
‘b01’ feature may represent the habitat manifestation of the 
hypodense halo of the tumor margin, indicating the poten-
tial presence of MVI, which is an adverse prognostic patho-
logical feature.

For clinical variables, logistic regression analysis 
revealed that comorbidities, cirrhosis, vascular invasion vp 
classification, and TBIL were independent risk factors for 
the response to HAIC-FOLFOX treatment. These risk fac-
tors have been previously reported in prognostic studies of 
HCC patients treated with HAIC [32, 33]. Comorbidities 
include diabetes, hypertension, and coronary artery disease, 
with diabetes and hypertension being the primary condi-
tions. A substantial body of evidence indicates that diabetes 
itself worsens the prognosis of HCC, possibly due to endo-
plasmic reticulum stress and immune dysfunction [34, 35]. 
The clinical model demonstrated moderate predictive per-
formance, which was primarily attributed to significant fluc-
tuations in serum markers and interindividual differences.

Our study represents advancements in medical image 
analysis in several aspects. First, previous research has 
primarily focused on traditional radiomics, which often 
has difficulty providing direct biological interpretations. 
These approaches typically involve calculating the aver-
age of various numerical values from tumor ROIs, which 
may overlook information regarding the spatial distribution 

habitat radiomics model showed outstanding predictive 
ability and could also accurately stratify patients into two 
prognostic subgroups with significantly different responses, 
indicating that the model may be beneficial for personalized 
pretreatment decision-making.

According to the clustering analysis, the HCCs were 
encoded into three habitats (Habitat 1: low AE and low VE; 
Habitat 2: moderate AE and moderate VE; Habitat 3: high 
AE and high VE). We then quantify tumor spatial heteroge-
neity using a multiregional spatial interaction (MSI) matrix, 
grounded in the concept that ‘interactions between tumor 
microenvironment components regulate and influence the 
biological characteristics of the tumor [24, 25], thereby 
impacting its treatment response.’ In this approach, each 
voxel in the imaging data is considered the smallest unit, 
with interactions occurring between adjacent units. These 
interactions encapsulate biological information from the 
tumor microenvironment. The results indicate that ‘habitat 
1.1 (the proportion of habitat 1)’, and ‘b01 (the proportion of 
interaction between liver tissue and habitat 1)’ are risk fac-
tors for an early radiographic response to HAIC-FOLFOX, 
while ‘habitat 3.1 (the proportion of habitat 3)’, ‘2b3r (the 
proportion of interaction between habitat 2 and habitat 3)’, 
and ‘2border0 (the interaction intensity between habitat 2 
and liver tissue)’ are protective factors. Habitat 1 exhibited 
low AE and low VE. In contrast, Habitat 3 exhibited high 
AE and high VE, indicating that the high-risk habitat had a 
high proportion of low-enhancement areas. In contrast, the 
low-risk habitat had a high proportion of high-enhancement 
areas. These findings are consistent with the findings of Kim 
et al., who identified diffuse hyperenhancing HCC (more 
than 50% of the tumor area exhibits nonrimlike enhance-
ment greater than that of the adjacent liver parenchyma) 
as a favorable prognostic factor for the HAIC-FOLFOX 
treatment outcome [26]. Base on the collected pathologi-
cal data, tumors with a higher proportion of high-enhance-
ment habitat show elevated expression levels of CD34 and 
CD31 (sFig. 3), highlighting increased angiogenesis. This 
is closely associated with the efficacy of vascular interven-
tional therapy in HCC, as arterial hypervascularity in HCC 
patients was previously found to be significantly associated 
with improved outcomes after TACE [27, 28]. This may be 
explained by the fact that compared to tumors with fewer 
blood vessels, hypervascular HCCs exhibit a more sensitive 
response to TACE because of increased delivery and uptake 
of chemotherapeutic embolic agents. Given that HAIC-
FOLFOX delivers chemotherapy drugs via the hepatic 
artery branches supplying the tumor, similar principles may 
apply. MRI research on HCC has reported that higher over-
all tumor perfusion (as described by the area under the curve 
of the gadolinium contrast agent concentration) can predict 
a favorable prognosis for HAIC-FOLFOX treatment, as it 
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could guide clinical management and individual decision-
making for patients with unresectable HCC.
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