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ABSTRACT

Feasibility of UTE-MRI based radiomics model for prediction of
histopathologic subtype of lung adenocarcinoma, compared with CT based
radiomics model

Suji Lee

Department of Medicine
The Graduate School, Yonsei University

(Directed by Professor Young Jin Kim)

Objectives: To assess the feasibility of UTE-MRI radiomic model for prediction of
micropapillary and/or solid (MP/S) patterns of surgically resected lung adenocarcinoma
from UTE-MRI, compared with CT based radiomics model.

Methods: We prospectively enrolled 74 lesions from 71 patients who underwent UTE-
MRI before curative surgery for early lung cancer between April 2019 to March 2020.
Clinicopathologic data were collected from electronic medical records. We analyzed the
intermodality agreement of the lesion longest diameter and lesion characteristics between
the CT and UTE-MRI. Radiomic features were extracted from the volume of interest of
lesions at UTE-MRI and CT. Radiomics signatures were generated using the least absolute
shrinkage and selection operator (LASSO) with fivefold cross-validation. Six models were
made in combination with conventional radiologic model, UTE-MRI Rad-score, and CT
Rad-score, to predict the MP/S positivity of lung adenocarcinoma. Areas under the curve
(AUCSs) of the models were compared by using the DeLong method. Early recurrence after
curative surgery were analyzed and Kaplan-Meier survival analysis was employed.
Results: Among 74 lesions, 24 lesions were MP/S positive and 50 lesions were MP/S
negative. Between the CT and UTE-MRI, there was only small systematic difference of
longitudinal size and the intermodality agreement of lesion attenuation was fair
(kappa=0.5357, 95% CI: 0.3847 to 0.6867). Both UTE-MRI and CT Rad-scores were

iii



significantly higher in the MP/S positive group than in the MP/S negative group. The AUC
of the models were 0.784 [AUC=0.785, 95% ClI: 0.658 to 0.912] for conventional model,
0.84 [95% CI: 0.736 to 0.944] for UTE-MRI Rad-score model, 0.841 [95% CI: 0.743 to
0.938] for CT Rad-score model, 0.868 [95% CI: 0.774 to 0.962] for mixed conventional
and UTE-MRI Rad-score model, 0.833 [95% CI: 0.729 to 0.938] for conventional and CT
Rad-score model, and 0.879 [95% ClI: 0.793 to 0.965] for mixed conventional, UTE-MRI
Rad-score and CT Rad-score model. In the survival analysis, high and low risk groups were
successfully divided by Rad-score from both UTE-MRI (P=0.011) and CT (P<0.001).

Conclusion: UTE-MRI radiomic model predicting MP/S positivity in early lung
adenocarcinoma is feasible compared to the CT radiomic model. With the conventional
radiologic factors and CT radiomic features, combined model showed better assessment
for noninvasive prediction of MP/S positivity. Furthermore, it successfully associated with

the early recurrence in survival analysis.

Key words : early lung cancer, radiomics, ultrashort echo time magnetic resonance
imaging

v



Feasibility of UTE-MRI based radiomics model for prediction of
histopathologic subtype of lung adenocarcinoma, compared with CT based
radiomics model

Suji Lee

Department of Medicine
The Graduate School, Yonsei University

(Directed by Professor Young Jin Kim)

I. INTRODUCTION

According to the 2020 World Health Organization (WHQO) estimation, lung cancer
is the leading cause of cancer death and the second most common cancer worldwide(1).
According to the monumental results of National Lung Screening Trial (NLST), the U.S.
Preventive Services Task Force (USPSTF) recommends annual screening for lung cancer
with low-dose chest computed tomography (LDCT) in high-risk patients aged 55 to 80(2,
3). However, repeated CT scans expose the patients to radiation hazard.

Ultrashort echo time (UTE) magnetic resonance imaging (MRI) is a recently
introduced technique and uses a TE shorter than 200 ps. Nearly zero TE readout forestall
fast signal decay and improve the signal derived from the lung parenchyma(4, 5). Several
previous studies have been reported the usefulness of UTE MRI to detect small pulmonary
nodule and morphologic changes of lung parenchyma. Wielputz et al. reported that UTE-
MRI showed a high sensitivity for detecting specific morphologic features of pulmonary
nodules, with moderate to substantial agreement with CT(6-9).

Radiomics is a field of study that high-throughput extraction of high-dimensional
guantitative information from digital medical images. It could quantify not only grossly
visible image features of the lesion, but also sub-visual, yet quantitative, features(10).

Several radiomics studies have been reported in the field of lung cancer, including lung



nodule differentiation, histopathologic subtype, and radio-genomics of lung
adenocarcinoma(11-17). However, there have been no studies analyzing the radiomic
features of lung adenocarcinoma from the UTE-MRI.

Since the histologic subtypes of lung adenocarcinoma have been proposed by
International Association for the Study of Lung Cancer (IASLC)/the American Thoracic
Society (ATS)/the European Respiratory Society (ERS) in 2011, several studies have been
reported the relationship between the predominant patterns and the prognosis of surgically
resected adenocarcinoma(18-21). Particularly, patients with solid and micropapillary
predominant subtypes showed a worse prognosis. Moreover, Yanagawa et al. reported that
patients with micropapillary and/or solid patterns have a poorer prognosis even if their
patterns are not predominant(22-26). Also, there have been several radiomics studies
predicting micropapillary and/or solid patterns using chest CT(27-29).

Therefore, the purpose of this study was to assess if quantitative radiomic features
can predict solid and/or micropapillary patterns of surgically resected lung adenocarcinoma
from UTE-MRI. Also, we assess the feasibility of UTE-MRI radiomic model by comparing

with the CT radiomic model.

Il. MATERIALS AND METHODS
1. Study population

From April 2019 to March 2020, a total of 97 patients suspected of early lung
cancer prospectively underwent UTE-MRI before the curative surgery. We excluded seven
nonmalignant lesions and one squamous cell carcinoma. We also excluded 9 lesions with
unavailable histologic subtype classification. As a result, a total of 74 lesions from 71
patients were finally included. All the patients also underwent preoperative chest CT.
Demographic, clinical information and histopathologic results were collected from
electronic medical records. Our Institutional Review Board approved this study, and

informed consent was obtained from each participant.



2. Image acquisition
UTE-MRI was performed on a 3 Tesla scanner (Prisma fit; Siemens Healthcare,
Erlagen, Germany) with an 8-channel phased array body coil. A respiratory-gated 3D radial
UTE pulse sequence was acquired in the axial plane with the following parameters: TR/TE
2.2/60 us; flip angle, 4°; voxel size, 1 x 1 X 1 mm; reconstruction matrix, 128 x 128; FOV,
320 x 320 mm. Prospective respiratory gating with respiratory bellows was used, and UTE
images were acquired in 5 different respiratory phase. We used the full inspiratory phase

for image analysis.

3. Chest CT and UTE-MRI image analysis

We analyzed the size and characteristics of the 74 lesions at preoperative CT and
separately at UTE-MRI. The size of the lesion was defined as the longest diameter among
axial, coronal, and sagittal images. Lesion characteristics were assessed and classified into
four categories: pure ground glass nodule (GGN), ground-glass opacity (GGO)-dominant
part solid nodule (PSN), solid-dominant PSN, and solid nodule. The proportion GGO was
calculated according to the ratio of maximum GGO diameter to that of the total tumor
across the largest cross section and classified as follows: pure GGN; GGO 100%, GGO-
dominant PSN; 50% < GGO < 100%, solid-dominant PSN; 0% < GGO < 50%, solid
nodule; GGO 0%. We compared the lesion size between the CT and UTE-MRI. We also

analyzed the agreement of lesion characteristics between the two modalities (Fig 1).
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Figure 1. Representative cases of lung adenocarcinoma in CT and UTE-MRI (a) GGO dominant part solid nodule (PSN)
with pT1a and micropapillary and/or solid (MP/S) negative at surgical pathology without recurrence within 3 years, (b)
Solid dominant PSN with pT1c and MP/S positive at surgical pathology without recurrence within 3 years, (c-1) Axial and
(c-2) coronal images of solid dominant PSN with pT1c with MP/S positive at surgical pathology with recurrence at 7 months
after surgery, (d-1) Axial and (d-2) coronal images of solid mass with pT3 with MP/S positive at surgical pathology with

recurrence at 6 months after surgery.



4. UTE-MRI and CT radiomic feature extraction

Radiomic feature extraction was performed semi-automatically by a
cardiothoracic radiologist (S.L), who were blinded to the histologic subtype. Digital
Imaging and Communications in Medicine (DICOM) files were loaded into a
commercialized software (AVIEW Research, Coreline Soft Inc., Seoul, South Korea) and
lesion segmentation was performed. Using the software, the volume of interest (VOI) was
delineated around the tumor outline slice by slice on the axial UTE-MRI and CT images as
follows: After importing DICOM files into the software, we used brush tools to manually
delineate the VOI by slice at the voxel level. Image magnification and three-dimensional
view techniques were used to facilitated precise segmentation. In both UTE-MRI and CT,
129 radiomic features were extracted from on segmented VOI, respectively: 23 shape
features, 14 first-order features, 22 gray-level-co-occurrence matrix (GLCM) features, 14
gray-level-dependence matrix (GLDM) features, 14 gray-level-run-length matrix (GLRLM)
features, 16 gray-level-size-zone matrix (GLSZM) features, two gradient features, 9
histogram features, 3 moment features, 6 percentile features, and 5 neighboring gray tone
difference matrix (NGTDM) features.

5. Histologic subtype analysis
The histologic subtype of the pathology was assessed among IASLC/ATS/ERS
classification of lung adenocarcinoma. Each histologic pattern (lepidic, acinar, papillary,
solid, micropapillary, and variants) present was recorded in 5% increments. A
histopathological pattern of less than 5% was defined as negative. Then, the 74 enrolled
lesions were divided into two groups by presence of micropapillary and/or solid pattern: a

“MP/S positive” group and a “MP/S negative” group.

6. Recurrence analysis
To find out the relationship between recurrence and radiomic features, we

investigated the early recurrence within 3 years and the recurrence date. The last follow-up



date was investigated for the patients who did not recur.

7. Statistical analysis

Statistical analysis was performed with R (version 4.1.2; R Foundation for
Statistical Computing, Vienna, Austria) and SPSS version 26.0.0 (IBM Corp.). Categorical
variables are shown as numbers with percentages. Continuous variables are presented as
the mean = standard deviation. Differences of lesion size between CT and UTE-MRI were
compared applying the method of Bland and Altman. Intermodality agreement of lesion
characteristics was assessed with weighted kappa values. Demographics, lesion
characteristics at CT, and UTE radiomic features were compared between MP/S positive
and MP/S negative groups by chi-square test for categorical variables, and Mann-Whitney
U test for continuous variables. To diminish the high dimension of the radiomic features to
the number of events, the least absolute shrinkage and selection operator (LASSO) logistic
regression model was used to select the most useful predictive features for the
differentiation of MP/S positive and MP/S negative group in the entire population: 5-fold
cross validation was performed avoid overfitting. Five radiomic features for UTE-MRI
model and four radiomic features for CT radiomic model were finally selected under the
condition of minimizing the mean-squared error. A Rad-score was calculated for each case
via a linear combination of selected features that were weighted by their respective
coefficient on the LASSO logistic regression model for both UTE-MRI and CT. The
diagnostic performance of differentiating between MP/S positive and MP/S negative
groups was evaluated with area under the receiver operating characteristic curve (AUC).
The optimal Rad-score cut-off value was obtained with Youden method, and the sensitivity
and specificity were obtained with the optimal cut-off value. Using the statistically
significant conventional factors from CT (size and attenuation), we made the conventional
model. Also, we made mixed conventional and UTE-MRI Rad-score model, mixed
conventional and CT Rad-score model to predict MP/S positivity. We compared the AUC

of the models with Delong test. With the optimal cut-off value, we divided the subjects into



the two groups of high and low risk groups according to the UTE-MRI Rad-score and CT
Rad-score. Next, the Kaplan-Meier analysis was used to associate Rad-scores with the
survival information. The Rad-scores were utilized for splitting the survival curves. Then,
we used the log-rank test to assess significant differences between the two survival curves.

P values of <0.05 indicated statistical significance.

I1l. RESULTS
1. Patient characteristics

The study population consisted of 71 patients (34 men, median age 61.5 years
[25th to 75th percentile, 57-67 years]), and their clinical characteristics are shown in Table
1. One patient had synchronous four different lesions, and a total of 74 lesions were used
in the analysis. Among 74 lesions, 24 lesions were classified as MP/S positive and 50
lesions were classified as MP/S negative (Table 2). There was no significant difference in
clinical characteristics including age, sex, and smoking history. The lesion size was
significantly bigger in MP/S positive group, and the lesion characteristics was significantly
different between the groups. The MP/S positive group tends to be more solid than MP/S
negative group. Among the 74 lesions, 8 lesions from 8 patients were recurred within 3

years after curative surgery.

Table 1. Clinical characteristics of the study population (n=71)

Clinical variables n (%)
Age (years)* 61.5 (57-67)
M:F 34:41
Smoking history
Never smoker 42 (59.1%)
Former smoker 26 (36.6%)
Current smoker 3 (4.2%)
Location
upper 44 (61.7%)




middle 7 (9.5%)

lower 19 (26.7%)
more than one lobe 1** (1.4%)
Pathologic T stage (n=74)

pTla 24 (32.4%)
pT1b 31 (41.8%)
pTlc 8 (10.8%)
pT2a 9 (12.1%)
pT3 2 (2.7%)

*Data are presented with median (25th to 75th percentile).

** Two in left upper lobe, one in right lower lobe and one in left lower lobe.

Table 2. Comparison of clinical and radiologic findings according to MP/S positivity

MP/S positive MP/S negative P value
(n=24) (n=50)
Age 60.20 (54.75-67) 61.66 (56.25-66) 0.711
Sex 0.805
Male 11 (45.8) 21 (42)
Female 13 (54.2) 29 (58)
Smoking 0.527
Never smoker 15 (62.5) 27 (54)
Former smoker 8 (33.3) 18 (36)
Current smoker 1(4.2) 2 (4)
Lesion size 30.52 (10.51) 22.05 (10.47) <0.001
Lesion characteristics at <0.001
CT
pure GGN 1(4.2) 5(10)
GGO-dominant PSN 6 (25) 29 (58)
Solid-dominant PSN 10 (41.7) 16 (32)
Solid nodule 7(29.2) 0(0)




2. Chest CT and UTE-MRI image analysis for lesion characteristic
There was only small systematic difference between longitudinal size of the lesion
between CT and UTE-MRI (Fig. 2). Intermodality agreement of lesion categorization of
lesion charcteristics between CT and UTE-MRI was fair (kappa = 0.5357, 95% confidence
interval [CI] 0.3847 to 0.6867) (Table 3).
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Figure 2. Bland-Altman plot shows the agreement of measured longitudinal diameter of
nodules between CT and UTE-MRI. There was no significant difference with small

systematic difference.

Table 3. Nodule characteristics at CT and MRI

CT MRI P-value
Size 24.08 (10.10) 24.8 (11.07) 0.8061
Nodule attenuation CT MRI Weighted kappa
pure GGN 6 (8.1) 13 (17.6)
GGO-dominantPSN 35 (47.3) 27 (36.5) 0.5357 (0.3847-0.6867)
Solid-dominant PSN 26 (35.1) 29 (39.2)
Solid nodule 7 (9.5) 5 (6.8)




3. Selection of UTE-MRI radiomic features

Among the 129 radiomic features, 82 features showed significant differences
between MP/S positive and MP/S negative groups. Texture features were mainly included
in the 64 features, especially most of first order features and GLCM features were included.
A total of 5 radiomic features were selected through the LASSO regression: Shape
(3D)_Longest 1st axis on coronal, Texture FirstOrder_Excess Kurtosis,
Texture_GLCM_Maximum Correlation Coefficient (MCC), Texture_GLDM, Low Gray
Level Emphasis (LGLE), Texture_Histogram_Skewness. The radiomics signature was
computed into a UTE-MRI Rad-score by using the following formula:

UTE-MRI Rad-score = -3.128347 + 0.0631862 * (Longest1stAxisOnCoronal) —
0.885391 * (FirstOrder_ExcessKurtosis) + 0.6883899 * (GLCM_MCC) — 155.0929 *
(GLDM_LGLE) — 0.465243 * (Texture_Histogram_Skewness)

4. Selection of CT radiomic features
Among the 129 radiomic features, a total of 4 radiomic features were selected
through the LASSO regression: Texture FirstOrder_Skewness, Texture_ Percentile_75,
Texture_Gradient_StandardDeviation (Std), Texture. GLDM_Dependence Variance (DV).
The radiomics signature was computed in a CT Rad-score by using the following formula:
CT Rad-score: -0.391518 — 0.005313 * (FirstOrder_Skewness) + 0.0013349 *
(Percentile_75) + 0.0005025 * (Grad_Std) + 0.0007399 * (GLDM_DV)

5. Rad-scores and diagnostic performance
The UTE-MRI Rad-score was significantly higher in the MP/S positive group
than in the MP/S negative group; 0.0211 + 1.0160 vs. -1.3319 * 0.8243 (P<0.001). The
AUC of UTE-MRI Rad-score to predict MP/S positivity was 0.84 [95% CI: 0.736 to 0.944]
and the optimum cutoff value calculated from the receiver operating characteristic (ROC)
curves was -0.6301 (sensitivity 79.2%, specificity 80.0%).
The CT Rad-score was also significantly higher in the MP/S positive group than

10



in the MP/S negative group; -0.5068 + 0.2681 vs. -0.8643 + 0.2301 (P<0.001). The AUC
of CT Rad-score to predict MP/S positivity was 0.841 [95% CI: 0.743 to 0.938] and the
optimum cutoff value calculated from ROC curves was -0.5407 (sensitivity 66.6%,
specificity 90%).

Using the lesion size and lesion characteristics that showed significant difference
among the clinical and conventional radiologic findings according to the MP/S presence,
the conventional predictive model was made (AUC=0.785, 95% CI: 0.658 to 0.912). The
lesion size and attenuation type measured at CT were included as conventional factors.
Also, we made the mixed conventional and UTE-MRI Rad-score model (AUC=0.868, 95%
Cl: 0.774 to 0.962), the mixed conventional and CT Rad-score model (AUC=0.833, 95%
Cl: 0.729 to 0.938), and the mixed conventional, UTE-MRI Rad-score and CT Rad-score
model (AUC=0.879, 95% CI: 0.793 to 0.965).

For the model performance comparison, there was no significant difference of
diagnostic performance difference between the UTE-MRI Rad-score model and CT Rad-
score model (P=0.9874). Also, UTE-MRI Rad-score model showed better diagnostic
performance than conventional model (P=0.3172). The mixed conventional and UTE-MRI
Rad-score model showed better diagnostic performance than conventional model (P=0.035)
and UTE-MRI Rad-score model (P=0.350). Among the models, the combined conventional,

UTE-MRI Rad score and CT Rad score model showed the highest diagnostic performance
(Fig. 3)
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Figure 3. The ROC curves of comparing (a) UTE-MRI and CT Rad-score models, (b) conventional, UTE-MRI Rad-

score and mixed conventional and UTE-MRI Rad-score models, and (c) conventional, mixed conventional and UTE-

MRI Rad-score, mixed conventional and CT Rad-score model and mixed conventional, UTE-MRI and CT Rad-score
model. There was no statistically significant difference between the CT (AUC=0.841, 95% CI: 0.743 to 0.938) and UTE-
MRI (AUC=0.84, 95% CI: 0.736 to 0.944) Rad-score models (P=0.9874). Mixed conventional and UTE-MRI Rad-score
model showed higher performance than conventional (AUC=0.785, 95% CI: 0.658 to 0.912, P=0.035) and UTE-MRI Rad-
score model (P=0.350). Mixed conventional, UTE-MRI and CT Rad-score model showed the highest diagnostic

performance (AUC=0.879, 95% CI: 0.793 to 0.965).
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6. Survival analysis
Classified binary Rad-score groups were associated with censored continuous
survival data for both UTE-MRI Rad-score and CT Rad-score. The log-rank test results s
with the curves show that our Rad-scores successfully divided the patients into high-risk
and low-risk groups, with statistical significance (P=0.011 for UTE-MRI Rad-score,
P<0.001 for CT Rad-score) (Fig. 4).
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Figure 4. Kaplan-Meier curve of UTE-MRI and CT Rad-scores that splint high risk and
low risk groups for early recurrence. (a) UTE-MRI Rad-score, P=0.011, log-rank test (b)
CT Rad-score, P<0.001, log-rank test.

IV. DISCUSSION

In our study, we evaluated the feasibility of UTE-MRI in comparison to the CT,
for both conventional imaging factors and the radiomic model predicting MP/S positivity,
with lung adenocarcinoma lesions. Also, we assessed the prognostic power of the radiomic
model of UTE-MRI.

We found a small systematic difference in the lesion size between CT and UTE-
MRI. The intermodality agreement of lesion categorization was fair and lower than that
reported in the study by Wielputz et al, due to the inclusion of patients diagnosed with early

lung cancer. Therefore, the overall lesion size was smaller and nodule characteristics were

13



more GGO-dominant (6). The weak signal intensity of lepidic component of early lung
adenocarcinoma on MRI could affect the fair intermodality agreement of lesion
characteristics. Also, since nodule categorization is based on CT attenuation, which is
defined on CT, it may be difficult to apply for nodule character categorization in UTE-MRI.

In the radiomic analysis, we have found that the AUC of UTE-MRI Rad-score
model was 0.868 for differentiation between MP/S positive and negative groups, and it was
higher than conventional model (AUC=0.785, P=0.3172). And mixed conventional and
UTE-MRI Rad-score model showed higher diagnostic performance (AUC=0.868) than
conventional model (P=0.035) and UTE-MRI Rad-score model (P=0.350). Also, we
confirmed the feasibility of UTE-MRI Rad-score model in comparison to the CT Rad-score
model (AUC=0.879). There was no significant difference of diagnostic performance
between the two Rad=score models (P=0.9874). Among the various models, mixed
conventional, UTE-MRI Rad-score and CT Rad-score model showed the highest diagnostic
performance (AUC=0.879). In addition, the survival analysis showed that the UTE-MRI
and CT Rad-scores successfully divided the patients into high-risk and low-risk groups for
recurrence (P=0.011 for UTE-MRI Rad-score, P<0.001 for CT Rad-score). The high
performance of the UTE-MRI radiomic model, in contrast to the fair intermodality
agreement of lesion characteristic in visual analysis, shows the strength of radiomics study,
which obtains information about the lesion through subvisual quantitative data.

The MP/S subtype lung adenocarcinoma has been regarded as poor prognosis
indicator after introduction of IASLC/ATS/ERS classification. Moreover, recent studies
have reported that lung adenocarcinoma patients with MP/S pattern have a poorer prognosis
even if their patterns are not predominant and it is needed to be treated at the time of
diagnosis (22). Also, Ma et al. reported that MP/S pattern showed recurrence free survival
benefit from adjuvant chemotherapy (26). There have been a few studies that tried to
predict the MP/S component using CT radiomics. Song et al. reported that two radiomic
features of the lower value for minimum whole pixel values and the lower value for the

variance of positive pixel values are imaging predictors for MP component more than 5%
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and the AUC of model was 0.7511 (27). Also, He at el. reported the radiomics-based
machine learning approach for MP/S pattern prediction and 5 radiomic features including
the GLRLM_run entropy and GLSZM_zone entropy. AUC of their model showed a value
of 0.72-0.75 in internal validation and 0.69-0.73 in external validation (28). In our study,
which has a difference in that radiomic features are extracted using UTE-MRI, the 5
radiomic features including first order feature of excess kurtosis and GLCM_MCC, etc.
The AUC of our model was 0.84.

Our UTE-MRI radiomic model not only showed comparable AUC value with the
previous studies based on CT, but also showed comparable AUC value with CT radiomic
model in our study using same lesions. With this new UTE-MRI technology, there have
been several studies reporting that the feasibility of UTE-MRI for visually detecting and
analyzing the lesions. However, to our knowledge, this is the first study conducted
radiomics analysis of lung cancer using UTE-MRI. This study is meaningful that it suggests
the possibility for quantitative measurement of radiologic characteristics of lung cancer
through UTE MRI as well as visual analysis. Moreover, this study showed that the
guantitative radiologic data of UTE-MRI successfully associated with recurrence of the
lesions. Of course, there are still limitations using UTE-MRI alone as a diagnostic tool for
lung cancer. However, we believe that if more study results for better nodule
characterization in UTE-MRI are accumulated along with technological advances, it will
be possible to gradually move toward reducing the radiation hazard in the field of lung
cancer screening.

Our study has several limitations. First, only a small sample size of 74 lesions
were used for radiomics analysis. Second, only one observer analyzed the radiomics feature.
So, we could not evaluate the interobserver agreement for radiomic feature. Finally, we did
not performed validation of the radiomics model. These points could affect the repeatability
of radiomics features and model. However, it was difficult to obtain a sufficient sample
size, and validation was also difficult due to the small sample size, with this novel technique

of UTE-MRI. In compensation to the lack of validation, we confirmed the feasibility of
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UTE-MRI radiomic model by building and evaluating the diagnostic performance of CT

radiomic model, which is made with the same lesions.

V. CONCLUSION

UTE-MRI radiomic model predicting MP/S positivity in early lung
adenocarcinoma is feasible compared to the CT radiomic model. With the conventional
radiologic factors and CT radiomic features, combined model showed better assessment
for noninvasive prediction of MP/S positivity. Furthermore, it successfully associated with

the early recurrence in survival analysis.
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