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Abstract

Introduction: We aim to evaluate the performance of pre-treatment MRI-based habitat imaging to segment 
tumor micro-environment and its potential to identify patients with esophageal cancer who can achieve 
pathological complete response (pCR) after neoadjuvant chemoradiotherapy (nCRT).

Material and methods: A total of 18 patients with locally advanced esophageal cancer (LAEC) were recruited 
into this retrospective study. All patients underwent MRI before nCRT and surgery using a 3.0 T scanner (Ingenia 
3.0 CX, Philips Healthcare). A series of MR sequences including T2-weighted (T2), diffusion-weighted imaging 
(DWI), and Contrast Enhance-T1 weighted (CE-T1) were performed. A clustering algorithm using a two-stage 
hierarchical approach groups MRI voxels into separate clusters based on their similarity. The t-test and receiver 
operating characteristic (ROC) analysis were used to evaluate the predictive effect of pCR on habitat imaging 
results. Cross-validation of 18 folds is used to test the accuracy of predictions.

Results: A total of 9 habitats were identi ied based on structural and physiologic features. The predictive 
performance of habitat imaging based on these habitat volume fractions (VFs) was evaluated. Students’ t-tests 
identi ied 2 habitats as good classi iers for pCR and non-pCR patients. ROC analysis shows that the best classi ier 
had the highest AUC (0.82) with an average prediction accuracy of 77.78%.

Conclusion: We demonstrate that MRI-based tumor habitat imaging has great potential for predicting 
treatment response in LAEC. Spatialized habitat imaging results can also be used to identify tumor non-responsive 
sub-regions for the design of focused boost treatment to potentially improve nCRT ef icacy.
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major type in some Western countries; in Asia, SCC is the 
predominant subtype and AC remains rare [4-7].

Currently, surgery remains the predominant approach 
for treating esophageal cancer. Nonetheless, the invasive 
nature of surgery leads to suboptimal long-term outcomes 
when used as a standalone treatment. Additionally, a 
considerable number of EC patients (more than 80%) 
receive a late-stage diagnosis, rendering them ineligible for 
surgery [8]. Consequently, there is a need to explore less 
invasive alternative therapies, particularly for early-stage 
patients. The combination of preoperative neoadjuvant 

Introduction
Esophageal cancer (EC) is one of the deadliest cancers 

worldwide due to its aggressive nature and low survival 
rates. Esophageal cancer causes the sixth leading cancer-
related mortality and is the eighth most common cancer in 
the world [1,2]. The overall 5-year survival rate of esophageal 
cancer in China was 40.1% based on a pooled analysis of 
hospital-based studies from 2000 to 2018 [3]. There are 
two histologic subtypes of esophageal cancer: squamous cell 
carcinoma (SCC) and adenocarcinoma (AC). The incidence 
of both subtypes varies geographically: AC has been the 
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chemoradiotherapy (nCRT) and surgery has emerged as the 
gold standard treatment for locally advanced esophageal 
cancer (LAEC) patients. However, these patients still have 
poor treatment prognoses, with surgical complications being 
a primary contributing factor. Esophagectomy is associated 
with a postoperative complication rate of up to 59% [9], a 
mortality rate of up to 4.2% [10], and a signi icant impact 
on quality of life. Studies have shown that nCRT improves 
both overall survival and disease-free survival in stage II and 
III esophageal cancer patients, with 17% to 49% achieving 
complete pathological response (pCR) after treatment 
[11,12]. These promising pCR rates provide the basis for 
considering a wait-and-watch surveillance strategy, which 
could potentially spare patients from the complications of 
surgery. Therefore, accurate prediction of which patients can 
avoid surgery or require immediate surgical intervention 
becomes crucial.

In addition, the use of localized high-dose radiotherapy 
(RT) boost to poorly-responding tumor sub-volumes is 
expected to improve the success rate of nCRT while minimizing 
the side effects associated with increasing the overall nCRT 
dose [13]. It is well-known that different patients and sub-
volumes of a given tumor respond differently to the same 
RT dose, revealing remarkably heterogeneous underlying 
tumor biology [14,15]. However, in the current radiotherapy 
paradigm, variations in dose response at the sub-volume 
level are often overlooked, preventing lexible adjustment 
of dose distribution. By taking into account this variation, it 
becomes possible to administer a higher dose to resistant sub-
volumes, avoiding overdose to the entire tumor. Therefore, it 
is crucial to develop a reliable non-invasive method to assess 
the heterogeneity within the tumor, which would enable 
radiation oncologists to implement personalized nCRT 
strategies and maximize the rate of pCR.

Thanks to advancements in radiology, medical imaging 
techniques are gaining increasing attention in the prediction 
and monitoring of treatment responses. Researchers are 
exploring predictive models based on 18F-FDG PET/CT and 
Magnetic Resonance Imaging (MRI) [16] as well as radiomics 
[17,18]. Some most recent studies have achieved considerable 
results. For example, Lu et al. used MRI radiomics to 
predict the response of neoadjuvant chemotherapy (NACT) 
with AUC reaching 0.781 [19]. However, radiomics lacks 
interpretability and individual biomarkers like ADC may 
not suf iciently characterize the tumor micro-environment. 
A recent method called habitat imaging, which utilizes multi-
parametric MRI data, has emerged to measure intra-tumoral 
heterogeneity [20]. This technique partitions the tumor 
microenvironment into distinct sub-regions with similar 
characteristics. Habitat imaging has been widely used in 
various aspects of tumor treatment, including predicting 
survival rate [21], recurrence [22], and tumor progression 
sites [23] for glioblastoma and breast cancer. The results 

of these studies demonstrated the effectiveness of habitat 
imaging in predicting treatment response and measuring 
heterogeneity. 

In this study, we aim to evaluate the performance of habitat 
imaging analysis based on MR images in differentiating 
treatment response spatially within tumors and identifying 
pCR in esophageal cancer patients following nCRT.

Materials and methods
The overall work low is shown in Figure 1.

Patients

A cohort of esophageal cancer patients who had 
undergone nCRT at Ruijin Hospital, Shanghai, China between 
2021 and 2023 were retrospectively included in our study. 
The inclusion criteria are as follows: (1) receive pathological 
exams after surgery; (2) get the same baseline MRI scans; 
(3) no artifacts or too much distortion. From a total of 25 
patients, we excluded 7 patients because of the poor quality 
of their MR images or cancellation of surgery. 

Table 1 Characteristics of the patients and their statistics. 
TRG stands for Tumor regression grade, a classi ication 
of cancer response to preoperative treatment, which can 
predict a prognosis of survival [23,24]. Our grading system 
follows CAP/NCCN, Becker (4 categories) [25,26].

MRI protocol

For our cohort, all MRI scans were performed on a 
3.0T scanner (Ingenia 3.0 CX, Philips Healthcare). The MRI 
examination comprised a series of sequences including 
contrast-enhanced T1-weighted (CE-T1), T2-weighted (T2), 
and diffusion-weighted imaging (DWI). The CE-T1 scans 
were acquired using the following settings: TR/TE: 3.538/0; 
slice thickness: 3 mm; lip angle: 10◦; matrix size: 512 × 
512; and FOV: 45 cm × 45 cm. The T2 scans were acquired 
using the following settings: TR/TE: 2500.0/161.729; slice 
thickness: 4 mm; lip angle: 90◦; matrix size: 800 × 800; and 
FOV: 45 cm × 45 cm. The DWI scans were acquired using a 
spin-echo echo-planar imaging sequence with the following 
settings: TR/TE: 1248. 164/72.436; slice thickness: 4 mm; 

Table 1: Lists the characteristics of the 18 included patients.
Characteristics Age (years) pCR (n = 11) 68.2 ± 5.7 non pCR (n = 7) 65 ± 7.7

Male 9 5
Female 2 2

Cancer Subtype SCC SCC
Cancer Stage

T3N1M0 7 4
T3N2M0 4 2
T2N0M0 0 1

Pathology
TRG-0 11 0
TRG- 1 0 5
TRG-2 0 2
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lip angle: 90◦; matrix size: 128 × 128; and FOV: 30 cm ×30 
cm. 10 b-values (0, 20, 40, 60, 100, 150, 200, 400, 600, and 
800 s/mm2) were applied. CT scans on a simulator (Brilliance 
Big Bore, Philips Healthcare) with contrast agents were also 
included to assist tumor segmentation. CT settings were as 
follows: slice thickness: 3 mm; matrix size: 768 × 768; FOV: 
60 cm × 60 cm.

Preparation for features

Tumor segmentation and prepossessing: Tumor 
segmentation was performed on patients’ CT simulation 
images by radiation oncologists to create the Gross Tumor 
Volume (GTV). The standard procedure to create GTV is as 
follows: (a) the elementary segmentation of the tumor is 
made by junior radiation oncologists; (b) the segmentation 
is reviewed and revised by senior radiation oncologists 
with over 25 years of clinical experience. We used T2 as the 
primary image, CT and CE-T1 were both rigidly registered 
while DWI was deformably registered. GTVs were transferred 
to all sequences. A cubic region of interest (ROI) extending 
20 mm around the GTV was manually cut. CE-T1 and DWI 
ROIs were resampled to the same isotropic resolution as T2 
images using bilinear interpolation to account for resolution 
differences. All these preprocessing were implemented using 
a custom MIM work low (MIM Software Inc., Cleveland, OH, 
USA).

In this study, there are two types of features: CE-T1 and T2 
are called structural features; D and D* parameter maps are 
called physiologic features. Parameter maps were calculated 
from DWI images. Calculation details are explained in 

Section 2.3.2. Before habitat cluster analysis, structural and 
physiologic features were normalized to [0,1] as described 
in Section 2.4.

Generation of IVIM parameter maps: To generate IVIM 
parameter maps as physiologic features, the DWI images 
were itted with the bi-exponential decay formula of the 
Intravoxel Incoherent Motion (IVIM) model,

 *  (1 )
0

S b D b Dfe f e
S

                    (1)

Where f is the lowing blood fraction, D is the water 
diffusion coef icient in the tissue, D∗ is the pseudo-diffusion 
coef icient of blood perfusion, and S0 is the signal without 
diffusion gradient. D and D∗ maps were calculated using the 
curve itting function from SciPy (https://scipy.org/ version 
1.9. 1). Normalized physiologic maps were created by linearly 
normalizing these maps over a constant range.

Registration: Aligning images between different 
MRI sequences is a challenging task because the motion 
and sensitivity of tissue interfaces can cause esophageal 
misalignment or distortion. The echo planar imaging (EPI) 
technique used in DWI sequences is highly susceptible to 
MRI ield errors, which also affects image quality. Therefore, 
deformable registration is applied to all DWI sequences. 
As mentioned in Section 2.3.1, the MIM work low with a 
deformable registration stage was developed on a multimodal 
algorithm [27]. The warped DWI images were also converted 
into voxels equidistant from T2. The work low also included 
rigid registration between CE-T1 and T2 and resampling of 
CE-T1.  All image registrations are con irmed or manually 
adjusted by experienced radiologists to ensure accuracy.

Figure 1: The process of generating tumor spatial habitats. Structural and physiologic features are obtained from MR signals. Each voxel was associated 
with the features. We classi ied each voxel within the tumor volume into 3 categories based on structural and then physiologic features via agglomerative 
clustering. Every voxel in the tumor volume can be identi ied uniquely. The resultant habitat map shows the spatial heterogeneity within the tumor.
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Clustering

We aimed to identify speci ic subregions or habitats 
within tumors and measure correlations between their 
VF and pathological clinical endpoints (ie, pCR and non-
pCR). Our cluster analysis used the open-source Python 
package Scikit-learn (https://scikit-learn.org/stable/index.
html, version 1.1.2). Cluster analysis was performed on the 
structural features, and three main clusters were obtained 
using the agglomerative clustering method.  Agglomerative 
clustering is a hierarchical clustering technique that 
successively merges data points based on their proximity, 
forming a nested series of clusters. This method can be 
performed in an unsupervised manner, where data points 
are grouped purely based on their similarity. Using the same 
clustering algorithm, each habitat was divided into three 
additional clusters based on the physiologic characteristics 
of the different habitats. A total of 9 habitats were identi ied. 
The agglomerative clustering algorithm classi ies samples 
in a data set into a speci ic number of clusters with equal 
variance. To avoid over-parameterizing the model for each 
feature type, we chose to generate 3 clusters and ultimately 
identi ied 9 habitats. Figure1 describes our MRI-based 
habitats analysis process.

De ining sub-regions: We de ined the structural habitats 
as follows: an enhancing tissue habitat with high CE-T1 signal 
intensity irrespective of T2 signal intensity; a solid low-
enhancing habitat with low T2 and CE-T1 signal intensity; and 
a nonviable tissue habitat with high T2 and low CE-T1 signal 
intensity. Low and high values were interpreted using the 
results of a data-driven analysis of agglomerative clustering 
without a speci ic threshold. For each dimension, the cluster 
with the highest average value is considered “High,” while 
the rest are classi ied as “Low.”. Once the structural habitats 
were created, additional sub-regions were generated based 
on their physiologic features from DWI-IVIM in a two-stage 
hierarchical manner. The D and D* parameter maps were 
used to de ine the following physiologic habitats within 
each structural habitat: a hypervascular cellular habitat 
with relatively high D* values compared to other habitats; a 
hypercellular habitat with relatively low D and D* values; and 
a common tissue habitat with relatively high D and relatively 
low D* values.

By combining both structural and physiologic clustering, 
a total of 9 habitats were created and their establishment 
is illustrated in Figure 2. For each habitat, the number of 
voxels as volume and corresponding VFs were calculated 
as markers to evaluate their performance in predicting 
treatment response.

 Validation of the clustering groups with pathological 
specimens was not feasible in this study, as the clustering 
features utilized were based on the patient’s baseline MRI 
images before treatment, while pathological examinations 
were conducted after radiotherapy. The timing and nature of 
these procedures make direct correlation challenging. 

Predictive model and statistical analysis

The VFs were calculated to determine the relative size 
of the sub-regions as the predicting marks. Student’s t-test 
was conducted to identify markers that were signi icantly 
different with a p - value < 0.1. Logistic regression was then 
used to correlate these two markers with post-surgery 
histopathology results (pCR and no pCR) and develop 
predictive models. Receiver operating characteristic (ROC) 
analysis was performed to assess the predictive capability 
of each habitat, and the marker with the largest area under 
the curve (AUC) was identi ied as the best performer. The 
threshold of the logistic model for distinguishing between 
pCR and non-pCR patients was 0.5. To evaluate the accuracy 
of our model, a leave-one-out cross-validation method was 
employed. One sample was used as a test set while the rest 
was used to train the model 18 times. The mean accuracy was 
calculated to estimate the performance of the model.

Results
Figure 3 shows the habitat clustering analysis results 

from one patient. Each patient tumor was successfully 
separated into 9 sub-regions (habitats).  The dimensions of 
the tumors, measured in millimeters, exhibit a considerable 
degree of variability. Widths span from approximately 14.6 
to 48.4 mm, heights from about 23.6 to 51.8 mm, and depths 
from 30.0 to over 100 mm, with one particular measurement 
reaching up to 105.0 mm. The volume of the tumor varies 
from about 3 cm3 to 66 cm3 with a mean volume of 28 cm3. 
Habitats are all within the tumor volume. Student’s t-test 
results for the 9 habitats from all patients are summarized in 
Figure 4. The solid low-enhanced (low T2 and CE-T1 signal 
intensity) with hypercellular (SL-HC; p - value = 0.06) habitat 
and solid low-enhanced with common (SL-C; p - value = 0.04) 
habitat were identi ied as good classi iers to differentiate 
patient with good or bad treatment response.

ROC analysis was performed for the VF of each habitat to 
evaluate its predictive performance. As shown in Figure 5, 

Figure 2: Habitat classi ication method. For habitats using structural features, 
the classi ication was applied based on mean values of T2 and CE-T1 signals. 
For habitats using physiologic features, classi ication was applied based on 
mean values of D and D*.
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Figure 3: MRI of an esophageal cancer patient. (A)T2-weighted image, (B) contrast-enhanced T1-weighted image, (C)D parameter map of IVIM, (D) habitat 
map overlaid on (A), (E) irst layer of clustering generating three structural habitats, (F) second layer of clustering based on structural habitats generating 
nine habitats with combined structural and physiologic characteristics. In this patient, the pathological test result is classi ied as non-pCR.

Figure 4: Volume fractions (VF) distributions of each habitat from pCR and non-pCR patients. Among the nine habitats, the volume from solid low-
enhanced hypercellular and solid low-enhanced common distributions differ most signi icantly between the two groups.



MRI-based Tumor Habitat Analysis for Treatment Evaluation of Radiotherapy on Esophageal Cancer

www.radiooncologyjournal.com 060https://doi.org/10.29328/journal.jro.1001065

the SL-HC habitat was identi ied as the best performer (AUC 
= 0.82), overperforming the SL-C habitat (AUC = 0.75), and 
the confusion matrix is also shown in Figure 6 . The habitats 
gained from the two-stage clustering method performed 
better predictive ability than those gained from one-stage 
of clustering using either structural or physiologic features 
alone. According to our observation, none of the habitats 
generated by a single layer of features had an AUC over 0.6. 
The VF of the SL-HC habitat is higher for the non-pCR group 
of patients. The logistic regression model was obtained by 
itting the Sigmoid equation,

1
p(VF) k VF b1 e

  
                    (2)

Where k is the scaling coef icient and b is known as the 
intercept. A patient with a p(VF) score higher than 0.5 would 
be classi ied as pCR and vice versa. Prediction results are 
shown in Table 2. To validate the predictive ability of our 
model, a leave-one-out cross-validation strategy was applied. 
The average accuracy of validation tests reached 77.79% 
with an average AUC reaching 0.82. 

Discussion
This work presents a preliminary application of MRI-

based habitat imaging treatment evaluation in a cohort 
of esophageal cancer patients. Habitat imaging based on 
structural and physiologic MRIs has the potential to predict 
esophageal cancer treatment response to nCRT. Researchers 
have shown that habitat imaging can identify distinct tumor 
sub-regions and cell populations that can be correlated 
with the biological state of the tissue [27,28]. Traditionally, 
habitat imaging to characterize tumors has been based 

Figure 5: ROC curves of different habitats for discriminating all pCR- and non-pCR patients.

Figure 6: Matrix for logistic regression model using SL-HC volume fraction.

Table 2: The SL-HC clustering result for all patients and model predictions.

Patient 
No.

Solid Low Enhanced/
Hypercellular 

(Volume Fraction)

Pathological 
Result (1 = pCR, 

0 = noo pCR)

Model Prediction 
(1 = pCR, 

0 = non pCR)

pCR 
Prediction 
Probability

1 0.4173 0 0 34.07%
2 0.2299 0 1 60.93%
3 0.1352 0 1 73.15%
4 0.4086 0 0 35.24%
5 0.1060 0 1 76.40%
6 0.7500 0 0 6.78%
7 0.4065 0 0 35.52%
8 0.1140 1 1 75.54%
9 0.1010 1 1 76.93%

10 0.0139 1 1 84.78%
11 0.0031 1 1 85.59%
12 0.1963 1 1 65.53%
13 0.0734 1 1 79.68%
14 0.0004 1 1 85.78%
15 0.2529 1 1 57.67%
16 0.0004 1 1 85.78%
17 0.2074 1 1 64.04%
18 0.5795 1 0 16.58%
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on structural MRI. However, these sub-regions are also 
inherently heterogeneous. Our two-stage clustering method 
reveals this inherent heterogeneity, which may explain why 
it performs better when using a single type of feature. This 
advantage could also allow us to reach better performance 
than some other biomarkers such as ADC thresholding or 
radiomics features. To compare the performance between 
different methods, including radionics and ADC thresholding, 
we generated these biomarkers using the same dataset. For 
the ADC thresholding, the averaged ADC values in GTVs were 
calculated. The ROC analysis was also used to evaluate the 
predictive ability of ADC and the radionics features. The 
overall performance of both methods was no better than 
that of imaging habitats. The performance of our radionics 
features was similar to the results from Lu. S et al. [19] in 
predicting NACT response. Hence, the predictive ability 
of habitat imaging is at least not worse than these imaging 
quanti ication techniques.

In addition to predicting treatment response, the spatial 
information of habitats is also valuable in improving 
treatment from various perspectives. By de ining tumor sub-
regions with explainable characteristics and understanding 
their spatial distribution, it becomes possible to optimize/
customize patient treatment, such as localized radiotherapy 
or a wait-and-watch approach [29,30]. Compared with 
MRI radiomics, due to the lack of interpretable spatial 
information of the micro-environment, radiomics features 
cannot further guide doctors to optimize radiotherapy plans. 
Among our patient cohort, the SL-HC sub-regions were found 
to be the most predictive. High cellularity may indicate rapid 
tissue growth and potential tumor recurrence. Concerning 
hypovascular sub-regions, although solid malignancies can 
develop blood vessels through angiogenesis [31], they tend 
to have relatively low vasculature until vessel invasion occurs 
[32]. Therefore, the presence of a relatively large fraction of 
a solid low-enhanced hypercellular hypovascular sub-region 
strongly indicates the presence of viable tumor tissue before 
vessel invasion. Since high cellularity consumes more oxygen 
when low perfusion limits the oxygen supply, it is reasonable 
to interpret this sub-region as a relatively hypoxic sub-region 
where the tumor tissue is more resistant to radiotherapy 
because of the absence of oxygen [33]. This hypothesis agrees 
with our observation that tumors with a larger fraction of 
“hypoxia” sub-region are less likely to reach pCR after RT. It 
would be reasonable to assume that increasing the dose at 
this sub-region can improve the pCR rate. This explainable 
predictor can provide medical providers with greater 
con idence in tailoring patient treatment accordingly.  On 
the other hand, the Enhanced tissue\Hypervascular (E-HV) 
habitat also has a high AUC (0.7). This habitat, characterized 
by robust vascularization and active tumor tissue, may 
exhibit a heightened sensitivity to radiation therapy due to 
the increased blood supply facilitating the delivery of oxygen. 
While the relative size of this habitat possesses a degree 

of prognostic power, it is surpassed by the SL-HC habitat 
in terms of predictive accuracy for treatment response 
and recurrence risk. Compared with other techniques to 
measure tumor heterogeneity such as radiomics approaches, 
habitat imaging is gaining increasing attention due to its 
ability to measure tumor heterogeneity in an explainable 
way. The imaging habitats allow visualization of the tumor 
microenvironment and the monitoring of longitudinal 
changes, potentially providing insights into the distribution 
and evaluation of tumor heterogeneity. 

Furthermore, the work low in this work still has room for 
improvement in registration, clustering, and data acquisition. 
Habitat imaging depends on accurate image registration, 
but this process will distort the voxel values [34] as the 
newly aligned images contain voxel values derived from the 
neighboring values through interpolation. A possible solution 
to solve this problem is to adopt the “two-step” clustering 
which clusters each biomarker individually before generating 
habitats to minimize distortion and arti icial values. Another 
solution to bypass this problem is to use multiple biomarkers 
from the same MR sequence such as DCE and DWI. DWI and 
DCE offer a series of biomarkers that describe many aspects 
of tumor physiology with the help of different models.

Another aspect for improvement is the clustering model. 
In this study, clustering was at the individual level mostly 
because the structural MR sequences lack a comparison of the 
intensity scale. The clusters’ boundaries for each individual 
are random due to the inter-personal heterogeneity of 
tumors. A group-level clustering would include this inter-
personal heterogeneity, allowing for reproducibility across 
both retrospective and prospective data. In this work, 
unsupervised machine learning was used for clustering. Deep 
learning is also a candidate for achieving a semi-automatic 
clustering pipeline even though relevant experience is quite 
limited and DL’s role is still unde ined.

Moreover, MRI, as the most versatile imaging modality, 
can be used to acquire a wide range of biomarkers containing 
metabolic and pathological information. Our list of advanced 
MR techniques includes 3D Magnetic Resonance spectroscopy 
imaging (MRSI) [35], Chemical exchange saturation transfer 
(CEST) imaging [36], and MRI-based hypoxia imaging [37]. 
Eventually, our goal is to design speci ic MRI-based habitat 
imaging work lows for different cancers.

Our study has limitations. First, our sample size is 
relatively small for this study. Including more patients will be 
essential in further solidifying our preliminary conclusions. 
We are working on collecting more data from multiple centers 
in the next year, to strengthen our conclusions. The plan is to 
reach at least 60 patients. Moreover, the patients in this study 
only received baseline MRI scans, periodic MRI acquisitions 
throughout nCRT would be necessary for longitudinal 
analysis to monitor the development of tumor heterogeneity. 
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Finally, habitat imaging is a data-driven method that clusters 
similar voxels spatially within the GTVs. However, a strict 
pathological con irmation of such segmentation is dif icult. 
It is essential to establish a validation based on spatialized 
standards, such as whole-mount histopathology.

Conclusion
In this study, we developed a habitat imaging work low 

based on clinical MRIs from a cohort of esophageal cancer 
patients. Using this work low, we can predict the treatment 
response of nCRT for LAEC patients and identify possible 
resistant sub-regions. The MRI-based habitat imaging based 
on a combination of both structural and physiologic MRI 
has shown great potential as a useful tool for personalized 
treatment for esophageal cancer. Habitat imaging with 
more advanced MRI acquisition and clustering techniques is 
needed to further improve the work low.
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