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Objective: To improve the assessment of primary tumor heterogeneity in magnetic
resonance imaging (MRI) of non-small cell lung cancer (NSCLC), we proposed a method
using basic measurements from T1- and T2-weighted MRI.

Methods: One hundred and four NSCLC patients with different T stages were studied.
Fifty-two patients were analyzed as training group and another 52 as testing group. The
ratios of standard deviation (SD)/mean signal value of primary tumor from T1-weighted
(T1WI), T1-enhanced (T1C), T2-weighted (T2WI), and T2 fat suppression (T2fs) images
were calculated. In the training group, correlation analyses were performed between the
ratios and T stages. Then an ordinal regression model was built to generate the tumor
heterogeneous index (THI) for evaluating the heterogeneity of tumor. The model was
validated in the testing group.

Results: There were 11, 32, 40, and 21 patients with T1, T2, T3, and T4 disease,
respectively. In the training group, the median SD/mean on T1WI, T1C, T2WI, and T2fs
sequences was 0.11, 0.19, 0.16, and 0.15 respectively. The SD/mean on T1C (p=0.003),
T2WI (p=0.000), and T2fs sequences (p=0.002) correlated significantly with T stages.
Patients with more advanced T stage showed higher SD/mean on T2-weighted, T2fs, and
T1C sequences. The median THI in the training group was 2.15. THI correlated with T
stage significantly (p=0.000). In the testing group, THI was also significantly related to T
stages (p=0.001). Higher THI had relevance to more advanced T stage.

Conclusions: The proposed ratio measurements and THI based on MRI can serve as
functional radiomic markers that correlated with T stages for evaluating heterogeneity of
lung tumors.
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BACKGROUND

Malignant tumors usually consist of sub-clonal cells with different
genemutations, histology andmorphology in a single lesion, which
is termed as intratumoral heterogeneity (1–3). High level of
heterogeneity has been reported to be associated with adverse
survival outcomes in multiple cancer types (4, 5). Non-small cell
lung cancer (NSCLC) is a highly heterogeneous disease regarding
the genetic and phenotypic features (2, 3). The heterogeneity
provides the fuel for drug resistance and treatment failure. The
assessment of intratumoral heterogeneity helps in treatment
decision and survival prediction. In patients with inoperable
NSCLC, the diagnosis and treatment usually rely on a small
amount of tissue by biopsy, which could not represent the chunk
of tumor. Therefore, it’s important to develop a noninvasive
method to evaluate the full spectrum of heterogeneity for primary
lesions in NSCLC.

Intratumoral genetic heterogeneity leads to regional variety in
stromal architecture, vascularity, glucose uptake, and water
diffusion, which can be identified and quantified by medical
imaging. Heterogeneity quantification by imaging has been
reported to assist in distinctions on tumor types, grading, and
different survival outcomes (6). Studies for lung cancer has
primarily focused on computed tomography (CT) and positron
emission tomography (PET) images. For example, texture
analysis of computed tomography (CT) images in NSCLC have
the potential to correlate with tumor hypoxia and angiogenesis
(7). Intratumoral metabolic heterogeneity on 18F-FDG PET
imaging has been shown to be associated with pathological
type, differentiation, T stages, and recurrence in NSCLC (8, 9).

Magnetic resonance images (MRI) provides detailed anatomic
information with high spatial contrast. The superior soft tissue
resolution and lack of radiation make it a useful imaging modality
for radiomic analysis. Advances inMR imaging technique, together
withquantitative, andqualitative analysis, have expanded the roleof
MR imaging in lung cancer. The role of MRI in NSCLC has been
investigated in multiple settings, including diagnosis, staging,
response prediction and assessment, and postoperative lung
function prediction (10–14). Moreover, MRI provides great
insights into characterization of tumor heterogeneity (15, 16).
Measuring heterogenous vascular features using dynamic
contrast-enhanced (DCE) MRI and heterogenous cellular
morphology using diffusion-weighted MRI (DWI) could yield
important predictive biomarkers in lung cancer (16, 17). On the
other hand, the assessment of intratumoral heterogeneity using
routine MRI sequences has been less prominently studied in
NSCLC (18), partly due to the variations in imaging protocol and
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acquisition signal.With the introduction ofMRsimulation andMR
guidance into the radiation therapy workflow, the signal intensity
analysis basedon routine sequences become increasingly important
and need further exploration.

We hypothesized that the texture features from MRI may be
efficient in evaluating intratumoral heterogeneity. The aim of this
study was to propose a method using basic texture measurements
from T1- and T2-weightedMRI, which can improve the assessment
of primary pulmonary tumor heterogeneity and provide more
information on future MRI-guided radiation therapy.

MATERIALS AND METHODS

Patients
From January 2016 to December 2018, 120 histologically diagnosed
NSCLC patients with stage I–III disease who underwent radiation
therapy in our center were included. Clinical data were collected
from each patient including age, sex, histology, and tumor stage.
Patients were staged based on the 8th AJCC staging system for lung
cancer. All patients had biopsy-approved pathological diagnosis of
lung primary lesions. Chest MRI including unenhanced T2-
weighted images (T2WI), T2WI with fat suppression,
unenhanced/enhanced T1-weighted images (T1WI) had been
acquired before radiation therapy. Informed consent was
obtained from patients for the use of clinical and imaging data.
This study was approved by institutional review board.

MRI Acquisition
AllMRI examinationswereperformedusing the same1.5Tesla unit
(GE Signa HDx 1.5; GE Healthcare, Milwaukee, Wisconsin, USA)
with a combined eight channel phased-array surface coil. The
following sequences were obtained for each patient: unenhanced
T2WI in the coronal and axial planes; unenhanced T2WI with fat
suppression in the axial planes; three-dimensional liver acquisition
with volume acceleration (3D-LAVA) enhanced-scanning in the
axial, sagittal, and coronal planes. The parameters of these
sequences are listed in Table 1. For contrast enhancement, a 0.1
mmol/kg body weight bolus injection of gadopentetate
dimeglumine was administered and the enhanced image was
acquired ~25 s after the injection.

Image Processing and Analysis
All MR images were viewed on a picture archiving and
communication system workstation monitor (AW4.6; GE
Healthcare, Milwaukee, Wisconsin, USA). The largest cross-
sectional slice of primary tumor was selected. The region of
TABLE 1 | Parameters for the magnetic resonance sequences.

Sequence botained Scanning method TR (ms) TE (ms) NEX ST/spacing (mm) FOV (cm) Matrix

T2WI (sagittal plane) FSE >1,500 80 2 5/1 25 320×224
T2WI (axial plane) FSE ≥2,000 85 2 3/1.5 25 320×224
FS T2WI (axial plane) FSE ≥2,000 85 2 5/1 25 320×224
Enhanced-scanning (axial and coronal planes) 3D-LAVA 3–5 1–2.5 1 4/-2 25 512×224
January 2021 | Vo
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T2WI, T2-weighted image; TR, repetition time; TE, echo time; NEX, nember of excitations; ST, slice thickness; FOV, field of view; FSE, fast spin-echo; SE, spin-echo; FS, fat suppression;
SE-EPI, spin echo planar imaging.
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interest (ROI) was manually contoured on T1WI, enhance T1
(T1C), T2WI, and T2 fat suppression (T2fs) images to
encompass the entire cross-sectional area of the primary tumor
(Figure 1). The encompassment of any adjacent normal lung
tissue was avoided. Contouring was performed by one radiation
oncologist and reviewed by a senior radiation oncologist and a
radiologist as well. The mean and standard deviation (SD) of
signal intensity of ROI was read from the GE workstation. To
determine the intratumoral heterogeneity, the ratios between SD
and mean value (SD/mean) were calculated. The higher the
ratios value was, the higher the heterogeneity of the primary
tumor, and vice versa.

Statistical Analysis
We divided patients into the training and testing groups using
propensity score matching (PSM) method with a caliper of 0.1 in a
1:1 ratio, with four covariates including sex, age, histology, and T
stage. The SD/mean value from each sequence was presented as
median and range, and compared using paired-sample t-test. In the
training group, Spearmancorrelationanalyseswereperformed to test
the correlation between the SD/mean value and T stage. Variables
with a p value <0.05 were selected into an ordinal logistic regression
analysis. The ordinal logistic regression model is an extension of the
binary model to the case of more than three outcomes which are
naturally ordered. Then we generated a tumor heterogeneity index
(THI) defined as the algebraic sum of imaging values in the model
multipliedby their coefficients.TheTHIcouldbeused tocalculate the
probabilityof each stage for an individualpatient according toordinal
logistic regression equations. External validation of the model was
performed in the testinggroupbycalculatingTHIand theprobability
of T stage for each patient. Spearman correlation analyses were
performed to test the correlation between the calculated THI and T
stage. All statistical analyses were performed using SPSS ver. 24.0
Frontiers in Oncology | www.frontiersin.org 3
software (IBMCorp., Armonk,NY), and differenceswere considered
significant at a p-value < 0.05.

RESULTS

Baseline Characteristics
A total of 104 of the included 120 consecutive patients were
divided into the training and testing groups based on the above-
mentioned PSM procedure. Patients in the training and testing
groups were well matched with respect to age, sex, T stage, and
histology (p>0.1) (Table 2). The demographic and clinical
characteristics of all 104 patients were listed in Table 2. The
median age was 59 years, ranging from 30 to 82. Eighty patients
were male and 24 patients were female. The histology was
squamous cell carcinoma in 62 patients and non-squamous cell
carcinoma in 42 patients. Eleven, 32, 40, and 21 patients had
stage T1, T2, T3, and T4 disease, respectively.
FIGURE 1 | The representative MR images of stage T1–4 patients. Red lines delineate the ROI, which was delineated on the largest cross-sectional slice of primary
lung tumor. The SD/mean value was shown on the right upper top of each image.
TABLE 2 | The demographic and clinical characteristics of the 104 matched patients.

Training group (n=52) Testing group (n=52) P value

Age (median, range) 58, 34~82 59, 30~78 0.985
Sex 0.642
Male 41 39
Female 11 13

Histology 0.424
Squamous 33 29
Non-squamous 19 23

T stage 0.779
T1 4 7
T2 17 15
T3 21 19
T4 10 11
January 20
21 | Volume 10 | Article
Age, sex, histology, and T stage were well matched between training and testing group.
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The Heterogeneity of Primary Tumor onMRI
In the training group, the median SD/mean on T1WI, T1C,
T2WI, and T2fs sequences was 0.11, 0.19, 0.16, and 0.15
respectively. The SD/mean was greatest on T1C, while smallest
on T1WI. The SD/mean in T1C (p=0.003), T2WI (p=0.000), and
T2fs sequences (p=0.002) correlated significantly with T stages.
Patients with more advanced T stage showed higher SD/mean on
T2WI, T2fs, and T1C sequences (Figure 2).

The Development of Regression Model
in the Training Group
In the training group, the SD/mean on T1C, T2WI, and T2fs
sequences were entered into an ordinal logistic regression model
to predict the T stage (Table 3). The model fitting information
indicated a significance of 0.000. The SD/mean on T2fs (p=0.017)
and T1C (p=0.043) were independently predictive of T stage.

Based on the model, a tumor heterogeneous index (THI) that
consists of these three variateswasdevelopedas the following equation:

THI = 7:748� SD=mean _T1C − 11:301� SD=mean _T2

+ 14:906� SD=mean _T2fs

The median THI in the training group was 2.15 (range
0.81~4.85). THI correlated with T stage significantly (p=0.000).

The probability of any T stage for each patient could be
calculated by the ordinal logistic regression rule:
Frontiers in Oncology | www.frontiersin.org 4
T1 = P(Y ≤ 1) = 1=(1 + exp½−( − 0:453 − TH1)�)

T2 = P(Y ≤ 2) − P(Y ≤ 1)

= 1=(1 + exp½−(1:924 − TH1)�) − 1=(1 + exp½−(0:453
− TH1)�)

T3 = P(Y ≤ 3) − P(Y= ≤ 2)

= 1=(1 + exp½−(4:159 − TH1)�) − 1=(1 + exp½−(1:924
− TH1)�)

T4 = 1 − P(Y ≤ 3) = 1 − 1=(1 + exp½−(5:140 − TH1)�)
FIGURE 2 | The SD/mean on T1WI, T1C, T2WI, and T2fs grouped by T stage in the training group. Patients with more advanced T stage showed higher SD/mean
in T2-weighted, T2fs, and T1C sequences.
TABLE 3 | Ordinal logistic regression analysis.

Coefficient P value OR

Threshold[T = 1] −0.453 .604 —

Threshold[T = 2] 1.924 .022 —

Threshold[T = 3] 4.159 .000 —

SD/mean_T2WI −11.301 .077 0.462
SD/mean_T2fs 14.906 .017 4.428
SD/mean_T1C 7.748 .043 0.744
January 2021 | V
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The SD/mean on T1C, T2WI, and T2fs sequences were entered into an ordinal logistic
regression model to predict the T stage. The model fitting information indicated a
significance of 0.000.
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Validation of the Model and Tumor
Heterogeneity Index in the Testing Group
THI had been calculated for each patient in the testing group
according to the above equation. The median THI was 2.06
(range, 0.33~5.06). THI correlated with T stage significantly
(p=0.001). The proportion of more advanced stages grew
gradually as the THI increased in the testing group (Figure 3).

The probability of each stage was calculated for individual
patient according to the above equations to generated the
estimated T stage. The actual and estimated T stage were listed
in Table 4. The model predicted T stage accurately in 61.5% (32/
52) of patients.
DISCUSSION

Intratumoral heterogeneity is an important feature of malignant
tumors. There has been considerable effect to use medical imaging
to depicts spatial heterogeneity in tumors (6). The advantage of
MRI compared with other imaging approach, such as CT and
PET, resides in its potential to provide a multi-parameter
sequences (T1WI, T2WI, diffusion-weighted, flow-weighted, etc.)
at a high spatial resolution. In NSCLC, the signal intensity of
primary lesion onMRI is often complexed by fibrous tissue signal,
necrotic signal, septations, and vascular void signal. In this study,
we quantified the signal heterogeneity on T1WI, T1C, T2WI, and
T2fs sequences by measurement of SD/Mean. The signal
heterogeneity on T1C, T2WI, and T2fs sequences correlated
with T stages significantly. A model had been developed based
on the measurements to predict T stages. Then the tumor
heterogeneity index (THI) was generated which could be used
as a potential radiomic marker for MRI-guided diagnosis and
radiotherapy on NSCLC.

Our results showed higher THI was associated with more
advanced T stages. It was in accordance with the finding that the
metabolic heterogeneity of primary tumor from 18F-FDG PET
showed a stepwise increase with the increase of T stages in
Frontiers in Oncology | www.frontiersin.org 5
NSCLC (8). As T stage is a well-established prognostic factor,
imaging heterogeneity has been regarded as a potent biomarker
for prognosis as well. The intratumor heterogeneity is a distinct
predictive factor of response to radiation therapy, mainly due to the
resistant subpopulations of cells (19). Non-enhancing tumor
fraction assessed by DCE MRI subtraction was found to be a
predictor of decrease in tumor volume in response to
chemoradiotherapy (20). Texture features derived from MRI was
reported to effectively predict tumor response after radiotherapy
(18). Taken together, these findings implied that the heterogeneity
assessed by MRI reflected the biological behaviors of tumors thus to
provide important biological information for tumor diagnosis and
treatment in NSCLC.

Although MRI emerges as an effective method for assessing
tumor heterogeneity, the research of optimal sequences or method
for quantifying heterogeneity are still processing. At present,
studies on heterogeneity assessment by MRI mostly focus on
DCE analysis in NSCLC. The semiquantitative perfusion,
histogram, and texture parameters from DCE were shown to be
prognostic of clinical outcomes (17, 21, 22). However, compared
with routine sequences, DCE was not conveniently available in
routine practice and relies on post-processing software for data
analysis. Therefore, we explored the role of routine sequences in
the assessment of intratumoral heterogeneity in NSCLC, which
might provide practical information onMRI-guided diagnosis and
radiation therapy (MRI simulation and MRI Linac). In our study,
tumor on T1C showed the most remarkable signal heterogeneity
among the four routine sequences. While unenhanced T1
sequence exhibited the most homogenous imaging. It may be
expected that unenhanced images could not well differentiate
regions of viable tumor, hypoxic tissues, necrosis or myxoid
changes. Contrast-enhanced imaging allows for visualization of
more diverse intratumoral components with heterogeneity in
enhancement, which can be attributed to heterogeneity of
intratumoral perfusion and permeability (23). Therefore, T1C
might provide more spatially rich information, and be an
important sequence for MRI-based radiomic analysis for
intratumoral heterogeneity.

Other than T1C, the heterogeneity measurements from T2WI
and T2fs also correlated with T stages. Combining analysis of
multiple sequences might provide a more significant marker than
single sequence alone. Therefore, we generated a model based on
signal heterogeneity from T1C, T2WI, T2fs to predict T stages. By
external validation, this model predicted T stages with an accuracy
of nearly 62% in the testing group. It is noteworthy that more than
40% of patients were falsely predicted in the testing group. This
FIGURE 3 | The observed proportion of T stages in the testing group stratified
by the tumor heterogeneity index (THI). THI was categorized by quantile to THI_1:
0.33~1.42; THI_2: 1.44~2.04; THI_3: 2.09~2.60; THI_4: 2.67~5.06. The
proportion of more advanced stages grew gradually as the THI increased.
TABLE 4 | The actual and estimated T stages in the testing group.

Actual T stage Estimated T stage

1 2 3 4 Total

1 5 2 0 0 7
2 3 10 2 0 15
3 0 3 10 6 19
4 0 1 3 7 11
J
anuary 2021
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The bold values are the number of cases in which the predicted T stage matches the
actual T stage successfully.
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indicated that a model derived frommerely MRI parameters could
not yield a satisfactory performance in predicting T stages. Other
factors, such as the location of primary tumor and the presence of
atelectasis or obstructive pneumonitis, might also determine the T
stages. For instance, a primary tumor of small size that invades
mediastinum is staged as T4, while it might present with relatively
homogenous appearance and therefore is predicted as T2
according to the model (Figure 4). Despite the suboptimal
performance, it certainly added value in predictive models
incorporating multiple clinical and imaging variables. From this
point of view, we generated a novel heterogeneity score from the
regressionmodel, termas tumorheterogeneity index (THI), defined
as the algebraic sum of the heterogeneitymeasurements from three
sequencesmultipliedby their coefficients. THI represented the level
of heterogeneity, which significantly correlated with T stages in the
training and testing groups. Higher THI had relevance to more
advancedT stage and possiblyworse prognosis. THI could be easily
accessed from routine MRI imaging, and therefore conveniently
serves as an efficient MRI biomarker.

Besides quantifying the level of heterogeneity, another purpose
of heterogeneity analysis is to identify the subregions with different
biology that respond differentially to treatment. Kim et al. used
clustering of PET andDWI to identify highly aggressive subregions
in NSCLC. They found the volume of subregion with high
aggressiveness was a negative prognostic factor of survival (16).
Radiation therapy is the backbone of treatment for locally advanced
NSCLC. High-dose radiation was associated with improved local-
regional control. However, escalating the radiation dose to the
whole tumorvolume is limitedbynormal tissue toxicity.Nowadays,
radiation planning using intensity modulated technique allows for
different dose distributions inside a tumor volume. Therefore,
improvement of local control could be achieved by taking into
account intratumoral heterogeneity and delivering higher dose to
resistant subregions (24). Kong et al. adapted the target volume
Frontiers in Oncology | www.frontiersin.org 6
based on mid-treatment PET and delivered higher-dose radiation
to the FDG-avid areas of the tumor, which achieved favorable local-
regional control. Compared with PET, MRI could be conveniently
acquired before and during the course of radiation. MRI-guided
radiotherapy with hybrid MR linear accelerator creates new
perspectives towards an individualized planning and treatment
approach (25). Therefore, fully depicting the intratumoral
heterogeneity on MRI will help identify the resistant subregions
and provide evidence for adaptation strategies.

This study has several limitations. Firstly, we quantified the
parameters from the largest cross-sectional slice instead of the
whole tumor volume. Although tumor heterogeneity measured
by the two methods was similar (26), analysis of the whole tumor
can theoretically capturemoreheterogeneous internal components.
Secondly, in comparison with CT or PET, scanner and sequence
acquisition parameters of MRI have great influence on signal
intensity measurements and heterogeneity quantification.
Therefore, in order to minimize the influence, we scanned all
patients in the same scanner with the same parameters.

CONCLUSIONS

The aim of this study was to propose a method using basic texture
measurements from T1- and T2-weighted MRI which can
improve the assessment of primary pulmonary tumor
heterogeneity and biological behaviors. We found the signal
heterogeneity on T1C, T2WI, and T2fs sequences, in terms of
SD/mean, correlated positively with T stages. The proposed ratio
measurements and THI based on clinical routine MR images can
serve as functional radiomic markers that correlated with T stages
for evaluating heterogeneity of lung tumors, and provide more
information on future MRI-guided radiation therapy. Further
studies are warranted to validate the role of THI in response
and survival prediction.
FIGURE 4 | The MR images of a patient with stage T4 that was falsely predicted as stage T2 by the model. Red lines delineate the ROI, which was delineated on
the largest cross-sectional slice of primary lung tumor. The SD/mean value was shown on the right upper top of each image.
January 2021 | Volume 10 | Article 591485

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Hu et al. Evaluating Heterogeneity Using MRI
DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in
the article/supplementary material. Further inquiries can be
directed to the corresponding authors.
ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by Ethics Committee of cancer center of Sun Yat sen
University. Written informed consent for participation was not
required for this study in accordance with the national legislation
and the institutional requirements. Written informed consent
Frontiers in Oncology | www.frontiersin.org 7
was obtained from the individual(s) for the publication of any
potentially identifiable images or data included in this article.
AUTHOR CONTRIBUTIONS

BQ and HL are the main leaders of the project, making major
contributions to the project design and article writing. NH is
responsible for the main data statistics, image processing, and
article writing. QL is responsible for part of the data statistics and
image processing work. JG is responsible for data statistics. HH,
SY, LZ, NG-J, PC, and CX helped with image processing and
analysis. All authors contributed to the article and approved the
submitted version.
REFERENCES

1. Zhang J, Fujimoto J, Zhang J, Wedge DC, Song X, Zhang J, et al. Intratumor
heterogeneity in localized lung adenocarcinomas delineated by multiregion
sequencing. Sci (New York NY) (2014) 346:256–9. doi: 10.1126/science.1256930

2. Zito Marino F, Bianco R, Accardo M, Ronchi A, Cozzolino I, Morgillo F, et al.
Molecular heterogeneity in lung cancer: From mechanisms of origin to
clinical implications. Int J Med Sci (2019) 16:981–9. doi: 10.7150/ijms.34739

3. Jamal-Hanjani M, Wilson GA, McGranahan N, Birkbak NJ, Watkins TBK,
Veeriah S, et al. Tracking the evolution of non-small-cell lung cancer. N Engl J
Med (2017) 376:2109–21. doi: 10.1056/NEJMoa1616288

4. Andor N, Graham TA, Jansen M, Xia LC, Aktipis CA, Petritsch C, et al. Pan-
cancer analysis of the extent and consequences of intratumor heterogeneity.
Nat Med (2016) 22:105–13. doi: 10.1038/nm.3984

5. Morris LG, Riaz N, Desrichard A, Senbabaoglu Y, Hakimi AA, Makarov V, et al.
Pan-cancer analysis of intratumor heterogeneity as a prognostic determinant of
survival. Oncotarget (2016) 7:10051–63. doi: 10.18632/oncotarget.7067

6. O’Connor JP, Rose CJ, Waterton JC, Carano RA, Parker GJ, Jackson A.
Imaging intratumor heterogeneity: Role in therapy response, resistance, and
clinical outcome. Clin Cancer Res (2015) 21:249–57. doi: 10.1158/1078-
0432.CCR-14-0990

7. Ganeshan B, Goh V, Mandeville HC, Ng QS, Hoskin PJ, Miles KA. Non-small
cell lung cancer: Histopathologic correlates for texture parameters at ct.
Radiology (2013) 266:326–36. doi: 10.1148/radiol.12112428

8. Li R, Lin J, Wang L, Zheng X, Tang K. The association between 18f-
fluorodeoxyglucose pet intratumoral metabolic heterogeneity and
pathological parameters in non-small cell lung cancer. Nuclear Med
Commun (2019). doi: 10.1097/MNM.0000000000001058

9. Kim DH, Jung JH, Son SH, Kim CY, Hong CM, Oh JR, et al. Prognostic
significance of intratumoral metabolic heterogeneity on 18f-fdg pet/ct in
pathological n0 non-small cell lung cancer. Clin nuclear Med (2015) 40:708–
14. doi: 10.1097/RLU.0000000000000867

10. Ciliberto M, Kishida Y, Seki S, Yoshikawa T, Ohno Y. Update of mr imaging for
evaluation of lung cancer. Radiol Clin North Am (2018) 56:437–69. doi: 10.1016/
j.rcl.2018.01.005

11. Koyama H, Ohno Y, Aoyama N, Onishi Y, Matsumoto K, Nogami M, et al.
Comparison of stir turbo se imaging and diffusion-weighted imaging of the lung:
Capability for detection and subtype classification of pulmonary adenocarcinomas.
Eur Radiol (2010) 20:790–800. doi: 10.1007/s00330-009-1615-z

12. Matoba M, Tonami H, Kondou T, Yokota H, Higashi K, Toga H, et al. Lung
carcinoma: Diffusion-weighted mr imaging–preliminary evaluation with
apparent diffusion coefficient. Radiology (2007) 243:570–7. doi: 10.1148/
radiol.2432060131

13. Ohno Y, Adachi S, Kono M, Kusumoto M, Motoyama A, Sugimura K.
Predicting the prognosis of non-small cell lung cancer patient treated with
conservative therapy using contrast-enhanced mr imaging. Eur Radiol (2000)
10:1770–81. doi: 10.1007/s003300000542

14. Huang YS, Chen JL, Hsu FM, Huang JY, Ko WC, Chen YC, et al. Response
assessment of stereotactic body radiation therapy using dynamic contrast-
enhanced integrated mr-pet in non-small cell lung cancer patients. J Magnetic
Resonance Imaging: JMRI (2018) 47:191–9. doi: 10.1002/jmri.25758

15. Just N. Improving tumour heterogeneity mri assessment with histograms. Br
J Cancer (2014) 111:2205–13. doi: 10.1038/bjc.2014.512

16. Kim J, Ryu SY, Lee SH, Lee HY, Park H. Clustering approach to identify
intratumour heterogeneity combining fdg pet and diffusion-weighted mri in
lung adenocarcinoma. Eur Radiol (2018). doi: 10.1007/s00330-018-5590-0

17. Yoon SH, Park CM, Park SJ, Yoon JH, Hahn S, Goo JM. Tumor heterogeneity
in lung cancer: Assessment with dynamic contrast-enhanced mr imaging.
Radiology (2016) 280:940–8. doi: 10.1148/radiol.2016151367

18. Mahon RN, Hugo GD, Weiss E. Repeatability of texture features derived from
magnetic resonance and computed tomography imaging and use in predictive
models for non-small cell lung cancer outcome. Phys Med Biol (2019). doi:
10.1088/1361-6560/ab18d3

19. Junttila MR, de Sauvage FJ. Influence of tumour micro-environment heterogeneity
on therapeutic response. Nature (2013) 501:346–54. doi: 10.1038/nature12626

20. Mannelli L, Patterson AJ, Zahra M, Priest AN, Graves MJ, Lomas DJ, et al.
Evaluation of nonenhancing tumor fraction assessed by dynamic contrast-
enhanced mri subtraction as a predictor of decrease in tumor volume in
response to chemoradiotherapy in advanced cervical cancer. AJR Am J
roentgenology (2010) 195:524–7. doi: 10.2214/AJR.09.3437

21. O’Connor JP, Rose CJ, Jackson A, Watson Y, Cheung S, Maders F, et al. Dce-
mri biomarkers of tumour heterogeneity predict crc liver metastasis shrinkage
following bevacizumab and folfox-6. Br J Cancer (2011) 105:139–45. doi:
10.1038/bjc.2011.191

22. Alic L, van Vliet M, van Dijke CF, Eggermont AM, Veenland JF, Niessen
WJ. Heterogeneity in dce-mri parametric maps: A biomarker for
treatment response? Phys Med Biol (2011) 56:1601–16. doi: 10.1088/
0031-9155/56/6/006

23. Wang C, Subashi E, Yin FF, Chang Z. Dynamic fractal signature dissimilarity
analysis for therapeutic response assessment using dynamic contrast-
enhanced mri. Med Phys (2016) 43:1335–47. doi: 10.1118/1.4941739

24. Lambin P, Petit SF, Aerts HJ, van Elmpt WJ, Oberije CJ, Starmans MH, et al.
The estro breur lecture 2009. From population to voxel-based radiotherapy:
Exploiting intra-tumour and intra-organ heterogeneity for advanced
treatment of non-small cell lung cancer. Radiother Oncol (2010) 96:145–52.
doi: 10.1016/j.radonc.2010.07.001

25. Corradini S, Alongi F, Andratschke N, Belka C, Boldrini L, Cellini F, et al. Mr-
guidance in clinical reality: Current treatment challenges and future
perspectives. Radiat Oncol (2019) 14(1):92. doi: 10.1186/s13014-019-1308-y

26. Ng F, Kozarski R, Ganeshan B, Goh V. Assessment of tumor heterogeneity by ct
textureanalysis:Canthe largestcross-sectionalareabeusedasanalternative towhole
tumor analysis? Eur J Radiol (2013) 82:342–8. doi: 10.1016/j.ejrad.2012.10.023

Conflict of Interest: Author NG-J was employed by the company Shanghai
United Imaging Healthcare Co., Ltd.

The remaining authors declare that the research was conducted in the absence of
any commercial or financial relationships that could be construed as a potential
conflict of interest.
January 2021 | Volume 10 | Article 591485

https://doi.org/10.1126/science.1256930
https://doi.org/10.7150/ijms.34739
https://doi.org/10.1056/NEJMoa1616288
https://doi.org/10.1038/nm.3984
https://doi.org/10.18632/oncotarget.7067
https://doi.org/10.1158/1078-0432.CCR-14-0990
https://doi.org/10.1158/1078-0432.CCR-14-0990
https://doi.org/10.1148/radiol.12112428
https://doi.org/10.1097/MNM.0000000000001058
https://doi.org/10.1097/RLU.0000000000000867
https://doi.org/10.1016/j.rcl.2018.01.005
https://doi.org/10.1016/j.rcl.2018.01.005
https://doi.org/10.1007/s00330-009-1615-z
https://doi.org/10.1148/radiol.2432060131
https://doi.org/10.1148/radiol.2432060131
https://doi.org/10.1007/s003300000542
https://doi.org/10.1002/jmri.25758
https://doi.org/10.1038/bjc.2014.512
https://doi.org/10.1007/s00330-018-5590-0
https://doi.org/10.1148/radiol.2016151367
https://doi.org/10.1088/1361-6560/ab18d3
https://doi.org/10.1038/nature12626
https://doi.org/10.2214/AJR.09.3437
https://doi.org/10.1038/bjc.2011.191
https://doi.org/10.1088/0031-9155/56/6/006
https://doi.org/10.1088/0031-9155/56/6/006
https://doi.org/10.1118/1.4941739
https://doi.org/10.1016/j.radonc.2010.07.001
https://doi.org/10.1186/s13014-019-1308-y
https://doi.org/10.1016/j.ejrad.2012.10.023
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Hu et al. Evaluating Heterogeneity Using MRI
Copyright © 2021 Hu, Yin, Li, He, Zhong, Gong, Guo, Cai, Xie, Liu and Qiu. This is an
open-access article distributed under the terms of the Creative Commons Attribution
License (CC BY). The use, distribution or reproduction in other forums is permitted,
Frontiers in Oncology | www.frontiersin.org 8
provided the original author(s) and the copyright owner(s) are credited and that the
original publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with these terms.
January 2021 | Volume 10 | Article 591485

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

	Evaluating Heterogeneity of Primary Lung Tumor Using Clinical Routine Magnetic Resonance Imaging and a Tumor Heterogeneity Index
	Background
	Materials and Methods
	Patients
	MRI Acquisition
	Image Processing and Analysis
	Statistical Analysis

	Results
	Baseline Characteristics
	The Heterogeneity of Primary Tumor on MRI
	The Development of Regression Model in the Training Group
	Validation of the Model and Tumor Heterogeneity Index in the Testing Group

	Discussion
	Conclusions
	Data Availability Statement
	Ethics Statement
	Author Contributions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


