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Repeatability, reproducibility,
and the effects of radiotherapy
on radiomic features of lowfield
MR-LINAC images of

the prostate
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Kyle Padgett, Garrett Simpson, Radka Stoyanova,
Matthew Charles Abramowitz, Alan Dal Pra

and Rodrigo Delgadillo*

Department of Radiation Oncology, University of Miami Miller School of Medicine, Miami, FL, United States

Definitive radiotherapy (RT) has been shown to be a successful method of treating
prostate cancer (PCa) patients. Through radiomics, a quantitative analysis of medical
images, it is possible to adapt treatment early on, which may prevent or mitigate
future adverse events. During RT of PCa, low-field magnetic resonance (MR)
images, taken with a LINAC onboard imaging system in a process known as
magnetic resonance-guided radiotherapy (MRgRT), are used to improve
treatment accuracy via superior setup compared to x-ray methods. This work
investigated baseline repeatability of radiomic features (RFs) by comparing planning
MR images (pMR) with first-fraction setup images (FX1) taken with onboard MRI. The
changes in RFs following RT were also looked at with the use of last-fraction setup
images (FX5). Earlier research has investigated the use of planning images from
cone beam CT (CBCT), but to our knowledge no research has previously shown the
relationship with onboard MRI. The correlation between FX1 images and 3T
diagnostic MR (dT2) images was also studied. Forty-three first and second order
radiomic features extracted from these images were compared by calculating Lin's
concordance correlation coefficient (with Benjamini-Hochberg correction for
multiple comparisons) between the modalities. FX1 and pMR images were
correlated (p<0.05) for all but one RF. 12 RFs correlated between pMR and dT2
images. There was a noticeable change in correlation values for RFs when looking at
FX1 and FX5 images, with only 15 correlating significantly. The change in correlation
values between pMR and FX5 images was comparable to that between FX1 and FX5
images, with 33 features having a CCC value deviation of less than 0.1. These results
demonstrate that RF features are repeatable across different images of the same
modality without treatment intervention. This study has also shown a noticeable,
reproducible change in RFs as RT goes on. Reproducibility of RFs between different
modalities was not strong. This study demonstrated that we can reliably use
onboard MRI to observe day-to-day feature changes as a result of RT.
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1 Introduction

Prostate cancer (PCa) is the most common malignancy among
men and the second-leading cause of cancer-related mortality in the
United States (US) (1). With 3.1 million PCa survivors in the US,
acute and late side effects of PCa treatment impact a sizable
proportion of US men (2, 3). Definitive radiotherapy (RT), a
primary intervention for intermediate and high-risk PCa, aims to
limit treatment-related side effects and preserve patient quality of
life while delivering curative dose to the prostate (4-7). Magnetic
resonance-guided RT (MRgRT) with onboard MRI can improve
treatment outcomes via enhanced visualization of the prostate,
allowing for reduction of planning target volume (PTV) margins
and increased sparing of adjacent organs at risk (OAR) (8).
However, despite the many modern innovations in RT techniques
and technologies, PCa treatment outcomes can still entail adverse
effects and incomplete treatment of the target volume.

Radiomics, a field of study involving the extraction of
quantitative characteristics from medical imaging, has been
previously integrated into models predicting outcomes of PCa
treatment (9-15), often successfully. Delta-radiomics takes this
field of study a step further; radiomic analysis is applied at
multiple points throughout treatment to identify tumor changes,
often specifically due to RT intervention (16). There is increasing
evidence in support of using delta-radiomic features extracted from
MR imaging as non-invasive biomarkers to predict PCa treatment
outcomes. A recent study has shown RFs extracted on a low-field
magnet to be repeatable in both a phantom and between patient
scans taken shortly after one another on the same day (17), but to
our knowledge no one has analyzed the repeatability of RFs from
scan-to-scan in actual patients over a longer period of time. Longer
time between scans can result in increased variability in patient
anatomy, which may have an effect on RFs. If the features do not
correlate between images taken on the same modality at various
times, then it is unclear if delta-radiomic analysis is valid in future
studies. Some studies have shown that RFs can be dependent on the
pulse sequences (18) and acquisition and reconstruction methods
(19) used to acquire them, demonstrating that they are somewhat
dependent on imaging modality.

Previous studies in this area have compared the use of cone-
beam CT (CBCT) and MRI (13), but none have investigated the
correlation of radiomic features (RFs) between planning MR (pMR)
images and the daily setup MR images taken prior to treatment
(FX1). We also wanted to see how RFs were affected as treatment
progressed by comparing FX1 and pMR images with those taken
prior to the last fraction of treatment (FX5). In this study, we
hypothesized that there would be strong repeatability between
features of the same imaging modality, specifically between pMR
and FX1 images since they are images taken of the same target
volume on the same machine, both prior to RT intervention. We
predicted that there would be some noticeable change in RF
correlation between FX1 and FX5 images, as the prostate volume
has been almost completely treated in the time between when these
two images were taken. It was postulated that this observed change
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could be reproducible, so the relationship between pMR and FX5
images was also investigated. We also hypothesized that there
would be reasonable correlation between pMR and 3T diagnostic
MR (dT2) images, however not as strong as between pMR and FXI1.

Recent delta-radiomic efforts involving the prostate have
proven to be especially useful in obtaining predictive data for PCa
treatment outcomes (20). Unlike the traditional diagnostic MRI
imaging, onboard MR images are obtained with low-field MRI that
is onboard an MR-LINAC system (such as ViewRay, Mountain
View, CA, and Elekta Unity MR-Linac, Elekta AB, Stockholm,
Sweden). These images are used to ensure quality of daily
treatment and can be used to observe day-to-day changes in RFs.
The purpose of this study was to determine the correlation of
prostate RFs between FX1 and pMR images, FX1 and FX5 images,
PMR and FX5 images, and FX1 and dT2 images. Determining the
correlations between RFs of each of these modalities may allow us to
have a better understanding of radiomic data acquisition of MR for
PCa and characterize the efficacy of future MR-LINAC delta-
radiomic studies.

2 Methods
2.1 Patient population

Twenty patients enrolled in institutional review board (IRB)-
approved treatment protocols for PCa were selected for this study.
The ethical approval for this study was obtained from the University
of Miami Institutional Review Board (IRB). Data from each patient
was selected and analyzed retrospectively, and all methods and
analysis done in this study were conducted under proper guidelines
and regulations.

All patients were being treated for malignant neoplasm of the
prostate with varying dose schemes, all with curative intention. Four
patients were treated in forty fractions at 2 Gy per fraction, totaling
to 80 Gy. The sixteen other patients were treated in five fractions at
8 Gy per fraction, totaling 40 Gy. Every patient was treated on an
MR-LINAC (ViewRay, Mountain View, CA) that is equipped with
an onboard MRI guidance system.

2.2 MR-LINAC

The MR-LINAC that was used possesses a 6MV beam and is a
machine through which real-time MR images of the patient can be
taken during the treatment process with use of a 0.35T magnet
(ViewRay, Mountain View, CA). The implementation of this
machine may be beneficial in delta-radiomic studies due to the
daily images taken as treatment progresses. During treatment, the
pulse sequence this device uses is a balanced steady-state free
precession sequence, which is a type of balanced sequence
yielding a hybrid T2/T1 contrast, slightly weighted toward T2
(21). Because of this, images taken on the MR-LINAC are
compared to diagnostic T2 images in this study.
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2.3 Imaging

FX1 images were used as the baseline for each comparison. FX1
can be defined as the image used for setup prior to the first fraction
of RT, taken on the 0.35T MR-LINAC. FX5 is the setup image taken
prior to the administration of the last fraction of treatment. pMR
images were also taken on the MR-LINAC prior to treatment, and
were the original images used for treatment planning. FX1 images
were also compared to dT2 images, which are those used for
original diagnosis of disease and were taken on 3-Tesla diagnostic
scanners (see Table 1) utilizing various T2 protocols.

Patient cohorts of each comparison were different in order to
increase the robustness of our analysis. All 20 patients were
included in the comparison between FX1 and pMR. Fourteen out
of the twenty patients were included in the comparison between
FX1 and dT2, since not all patients had their diagnostic imaging
acquired on the same type of machine. We narrowed the cohort of
this comparison to only include patients imaged on Siemens brand
scanners, as there is less variability in acquisition parameters (pulse
sequence, TE, TR, etc.) within this group than when including the
other machines. Sixteen patients were included in the comparisons
with FX5 images, all of which had fractionation schemes of 40 Gy in
five fractions. We wanted to ensure that the amount of RT
intervention between FX5 and the other scans remained the same
for each patient in this comparison, so the four patients that were
not included were those that had fractionation schemes of 80 Gy in
40 fractions.

2.4 Contouring

The prostate served as the region of interest (ROI) for the RF
extraction. The contouring of each image was performed by a team
of researchers with expertise in PCa and delineation, consisting of
radiation oncologists and physicists. First, prostate contours from
PMR images were transferred to other studied images (dT2, FXI,
FX5) using a rigid registration with the assistance of a radiation
oncology imaging software (MIM, ver. 6.8.1, MIM Software Inc.,
Cleveland, OH). Then, corrections were made to each transferred

TABLE 1 Machinery used to produce dT2 images used in this study.

Manufacturer Model Number of patients

GE Medical Systems DISCOVERY MR750 = 4

GE Medical Systems OPTIMA MR360 1
Philips Medical Systems | Achieva 1
Siemens Avanto 2
Siemens MAGNETOM Vida 2
Siemens Skyra 3
Siemens TrioTim 3
Siemens Verio 4
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contour to ensure that ROI volume was as similar as possible for
each image and anatomically correct.

2.5 Description of radiomic features

Forty-three RFs were extracted from prostate contours on
diagnostic T2 and pMR images. These specific forty-three were
used as they are from the most commonly studied RF classes. RFs
from these classes have demonstrated predictive relationships with
useful prostate cancer metrics, such as aggressiveness (15),
progression (20), and identification and segmentation of disease
(22). Though more RFs appear in other works, it has been
documented that many RFs are intercorrelated and thus not
specifically unique from one another (22-24). Therefore, this
study focused on the most typically studied RFs. Prostate volume
was also included as a descriptor to serve as a control and to ensure
that regions investigated were constant across modalities. RFs were
calculated using the MATLAB (MATLAB, ver. R2022a, Math-
Works Inc., Natick, MA) “Radiomics” package developed by
Vallieres, et al. in combination with in-house code to extract 3D
bitmaps of the ROI using the DICOM structure files from the MRI
DICOM files (25). RFs from five classes were extracted: first-order
statistical features (Global), Gray-Level Co-Occurrence Matrices
(GLCM), Neighborhood Gray-Tone Difference Matrix (NGTDM),
Gray-Level Run Length Matrices (GLRLM), and Gray-Level Size
Zone Matrices (GLSZM). These features comply with the Image
Biomarker Standardization Initiative (IBSI). For IBSI codes of
features mentioned, refer to Table 2.

IBSI defines image processing as including procedures such as
interpolation, range-re-segmentation, quantization, and image
filtering (26). Quantization algorithm can be defined as how
intensities of an image are quantized into 64 discrete bins.
Previous work by Delgadillo et al. (27) demonstrated that image
processing with use of the Lloyd-Max quantization algorithm with
Collewet normalization (Llo-1) led to the best balance of
repeatability and reproducibility in extracted RFs, so this is the
processing that was used prior to extraction. Collewet
normalization is a normalization where the gray levels of the ROI
are normalized from the range of [ur—30r, {r +30Rr] Where g was
the mean and Gy was the standard deviation of the ROI gray levels
(28). Lloyd-Max quantization allows for minimization of
quantization error based on the way it assigns bins (29).

Other researchers have shown that some RFs may highly
correlate with volume, thus making them dependent on the
volume of the ROI and possibly leading to confounding data in
our analysis (30, 31). To account for this, volume normalization
(VN) was performed on RFs with known methods, including
NGTDM Busyness, NGTDM Coarseness (30), NGTDM Strength,
LSZM GLN, GLRLM GLN, and GLRLM RLN (31). GLSZM ZSN
was normalized by dividing by the number of pixels using a similar
logic as GLRLM RLN. Analysis was performed on these RFs after
normalization of volume to reduce their values’ dependence on
prostate volume, ensuring a robust comparison. For some other RFs
that appear to be volume dependent, no known VN was found in
the literature.
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TABLE 2 List of RFs used for study.
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TABLE 2 Continued

Feature Class [IBSI code] Features [IBSI code] Feature Class [IBSI code] Features [IBSI code]

Gray-Level Co-Occurrence
Matrices (GLCM)

Contrast [ACUI]

[LFYI]

Correlation [NI2N]

Dissimilarity [8S9]]

Energy [8ZQL]
Entropy [TU9B]
Homogeneity [IB1Z]

Sum Average [ZGXS]

Variance [UR99]

Gray-level Run Length Matrices
(GLRLM) [TPOI]

Gray-level Non-Uniformity
(GLN) [R5YN]

Gray-level Variance (GLV) [8CE5]

High Gray-level Run Emphasis
(HGRE) [G3QZ]

Low Gray-level Run Emphasis
(LGRE) [V3SW]

Long Run Emphasis (LRE) [W4KF]

Long Run High Gray-level Emphasis
(LRHGE) [3KUM]

Long Run Low Gray-level Emphasis
(LRLGE) [IVPO]

Run-Length Non-Uniformity
(RLN) [W92Y]

Run Length Variance (RLV) [SXLW]

Run Percentage (RP) [9ZK5]
Short Run Emphasis (SRE) [220V]

Short Run High Gray-level Emphasis
(SRHGE) [GD3A]

Short Run Low Gray-level Emphasis
(SRLGE) [HTZT]

Gray-level Zone Size Matrices
(GLZSM) [9SAK]

Gray-level Non-Uniformity
(GLN) [JNSA]

Gray-level Variance (GLV) [BYLV]

High Gray-level Zone Emphasis
(HGZE) [5GN9]

Low Gray-level Zone Emphasis
(LGZE) [XMSY]

Large Zone Emphasis (LZE) [48P8]

Large Zones High Gray-level
Emphasis (LZHGE) [J17V]

Large Zones Low Gray-level
Emphasis (LZLGE) [YH51]

Short Zone Emphasis (SZE) [5QRC]

Short Zones High Gray-level
Emphasis (SZHGE) [HW1V]
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Short Zones Low Gray-level
Emphasis (SZLGE) [5RAI]

Zone Percentage (ZP) [P30P]

Zone Size Non-Uniformity
(ZSN) [4]P3]

Zone Size Variance (ZSV) [3NSA]

Neighborhood Gray-Tone Difference
Matrix (NGTDM) [IPET]

Busyness (BUSY) [NQ30]

Coarseness (COAR)*
Complexity (CPLX) [HDEZ]
Contrast (CONT) [65HE]

Strength (STRG)*

Intensity-based Statistics Kurtosis [IPH6]

(Global) [UHIW]

Skewness [KE2A]

Variance [ECT3]

RFs denoted with (*) are calculated as defined by Amadasun and King (36).

2.6 Data analysis

The main aim of our analysis was to see how well RFs correlated
between different images of the same patient treated on the MR-
LINAC. To do this, Lin’s concordance correlation coefficient (CCC)
was calculated in MATLAB between FX1 images and the other
imaging modalities. CCC was used as we wanted to assess the
deviation from perfect agreement between the different sets of
images, i.e. measure how well our test (FX1) and retest (pMR)
images correlated (32). CCC has been used as a standard of
comparison for several previous radiomics reproducibility studies
(27, 33). These calculations allow us to measure the strength in
relationship between features across fractions and see how they
deviate from a fixed reference point, i.e. FX1 images. For visual
representation of the workflow of this analysis, refer to Figure 1.
Statistical significance of these correlations was determined by
calculating p-values via Student’s t-test. Benjamini-Hochberg
correction was also applied to this correlation’s p-value, which
decreases the likelihood of false discovery of significance. A
precedence for using the Benjamini-Hochberg for multiple
comparison was found in a lung-based radiomics paper by Fave
et al., 2016 (30). This allowed for the reduction of false positive
correlations and accounts for multiple comparisons. This process
was repeated between FX1 and pMR images, FX1 and FX5 images,
PMR and FX5 images, and FX1 and dT2 images.

3 Results

Forty-two of the forty-three RFs examined significantly
correlated (p<0.05) between FX1 and pMR images. 15 RFs
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Collect results

FIGURE 1
Schematic picture of overall workflow of this study.

Onboard MRI
PMR FX1/ FX5 dT2

10.3389/fonc.2024.1408752

@ Acquire MR images
* Onboard 0.35T and diagnostic
3T machines

Contours reviewed and
corrected by team of
researchers

correlated between FX1 and FX5 images. 12 RFs correlated between
FX1 and dT2 images. 11 RFs correlated between pMR and FX5
images. Specific CCC values for each feature examined are shown in
Figures 2-4.

By looking at plotted values of RFs between modalities, it is
evident that there is a much stronger correlation between pMR and
FX1 images. A clear positive correlation can be seen between these
modalities, with 17 RFs exhibiting a CCC value greater than 0.80.
This is likely due to the fact that these two images are taken on the
same machine with the same magnet strength.

The changes in RFs between FX1 and FX5 images were very
comparable to the changes between pMR and FX5 images. 33 RFs
had a variability of less than <0.1 in their CCC values between these
two comparisons. Refer to Figure 5 for a complete comparison.

Imaging characteristics were calculated for images of each
modality that were investigated, such as FOV, pixel spacing, and

image size. These values were the same between pMR, FX1, and FX5
images, as the pMR images are used as reference for setup images.
Refer to Table 3 for a complete overview of these statistics.

4 Discussion

Our original hypotheses were supported by the results found in
this study. RFs extracted from pMR images correlated very well with
FX1 images, with all but one significantly correlating. Given that
FX1 and pMR images are taken on the same machine, it is logical
that images of the same target volume are similar in radiomic data.
Although this may seem obvious, this analysis has demonstrated
that RF data between images of the same subject taken days apart
are still repeatable despite known variability in MR imaging. Since
FX1 and pMR are both taken prior to treatment, there should not be
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FIGURE 2

Average CCC values between FX1 and pMR images (n=20 patients) are plotted for each studied RF (classes separated by vertical line).
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Average CCC values between FX1 and FX5 images (n=16 patients) are plotted for each studied RF (classes separated by vertical line).
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FIGURE 4

Average CCC values between FX1 and dT2 images (n=14 patients) are plotted for each studied RF (classes separated by vertical line).

much change in data between the two images. This study confirms
this theory. In future analysis, we can now postulate that if there is
some noticeable deviation between RF data on imaging from
different fractions of treatment, it is likely due to RT intervention.

Only twelve RFs significantly correlated between pMR and
dT2 images. Even though these images are of the same target
volume and are both taken pre-treatment, the different imaging
modalities result in too large of a difference for RFs to be
consistently reproducible. The difference in magnet strength
used to take each image is drastic, therefore leading to
heightened differences in image quality and thus differences in
the radiomic data acquired.

Fifteen RFs correlated significantly between FX1 and FX5
images, with none of these having a CCC value greater than 0.70.
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Interestingly, only two RFs significantly correlated for both the FX5
and dT2 comparisons (GLCM SumAverage and GLSZM GLN). The
only difference between FX1 and FX5 images is that they were taken
before and after RT, respectively. As previously mentioned, our
analysis of FX1 and pMR images shows that there should be
correlation between RFs extracted from the same modality.
However, since FX1 and FX5 data do not correlate well, we can
deduce that most of the difference in RF values is because of the RT
that took place between the acquisition of each image. In contrast,
the RFs that correlate significantly between FX1 and FX5 are likely
not useful for delta-radiomic analysis since they appear to not be
affected by RT. Although it is unclear what this change in values
means physically, our analysis gives hope for further investigation

into this topic.
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Radiomic Features

FIGURE 5
RF correlations between FX1 and FX5 images plotted against those between pMR and FX5 images. RF classes separated by vertical lines.

Results of our comparison between pMR and FX5 images were  of lung cancer (36) and other soft tissue sarcomas (37). There has
very similar to those between FX1 and FX5, with eleven RFs  been little research on the relationship with prostate cancers, which
correlating significantly. The change in RFs for each of these  this study aimed to assist in. One study has previously shown that
comparisons was very comparable, with 33 features having their  there are significant differences between RFs extracted from
CCC values deviate by less than 0.1. This is an exciting result, as it~ different areas of the prostate, but none have shown the
shows that the change in RFs due to RT intervention is moderately ~ relationship between those extracted on different strength
reproducible. This makes sense logically, as pMR and FX1 are  magnets. This study demonstrated the value in investigating this
images that are both acquired pre-treatment. When comparing each  relationship, as there are significant and relevant differences
of them to the same post-treatment scan, we would assume that the ~ between different machines. We have also shown that RFs are
changes of each would also be very comparable. This is a promising  repeatable between images taken across a period of days to weeks,
realization for future study, as we can now reliably say that thereisa  while previous studies have only demonstrated repeatability in
measurable, reproducible signal found in RFs that is caused directly ~ patient scans separated by a few minutes.
by treatment. The findings of this study support and verify other research

The only feature that did not significantly correlate between  investigating the robustness and repeatability of MR-based
pPMR and FX1 images was GLSZM Small Zone Low Gray-Level — radiomic research methods. Several studies have shown
Emphasis (SZLGE). To understand why this feature did not comparable results on the repeatability of RFs extracted on low-
correlate, it was found that this feature emphasized image data  Tesla machines, but only with the use of phantom measurements
that includes small areas of low gray-level pixels. The most logical ~ (38). This study improves upon the finding of these investigations
physical feature of an image that this RF could correspond to would by demonstrating comparable results in real prostate cancer
merely be noise. Noise is variable across images taken even on the  patients. One study investigated repeatability of features in
same machine, so there is an understandable random distribution of ~ glioblastoma patients (38), but this study was the first to strictly
noise across different images. Therefore, it makes sense that this  use prostate cancer patients.
feature does not significantly correlate across modalities. The main takeaways from these results are those relating to the

Previous studies have shown the predictive power of extracting  repeatability and reproducibility of RF data. Results show that
RFs through low-Tesla MRI regarding pancreatic cancer (34, 35).  radiomic data is highly repeatable, meaning that we can obtain
Other studies have shown the use of these methods in the treatment ~ data over several instances using the same machine and obtain

TABLE 3 Statistics for imaging characteristics of each modality investigated (average + standard deviation).

Modality = Number of patients Image Size (pixels) Pixel Spacing (mm) = Slice Thickness (mm)  FOV (mm)

dT2 14 421.71 £ 99.30 x 378.29 + 96.16 | 0.78 + 0.33 2.86 + 0.40 309 + 78.44

pMR ‘ 20 314.3 +30.23 x 293.5 + 15.45 1.5 £ 0.00 ‘ 1.58 +£0.33 ‘ 470.75 + 44.89
FX1 ‘ 20 314.3 +30.23 x 293.5 + 15.45 1.5 £ 0.00 ‘ 1.58 £0.33 ‘ 470.75 + 44.89
FX5 16 314.3 + 30.23 x 293.5 + 15.45 1.5 £ 0.00 ‘ 1.58 £0.33 ‘ 470.75 + 44.89
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comparable results. Conversely, it was shown that RF data is not
very reproducible, meaning that acquisition of radiomic data on
different machines or modalities may not provide helpful insight.
Therefore, it is logical that data acquisition in future longitudinal
radiomics studies be done on the same modality (onboard CBCT or
low-Tesla MRI).

Perhaps the most clinically relevant result in this study was
when comparing the change between FX1 and FX5 and the change
between pMR and FX5. Our results showed that RT directly
resulted in large changes in RF data on the same imaging
modality, and that this change is reproducible. The field of delta-
radiomics aims to quantitatively predict outcomes of treatment
based off changes in RF data extracted over the progression of RT.
The results of this study are a proof of concept for the quality of
imaging radiomics to be used in delta-radiomic studies,
demonstrating validity in this sort of analysis.

Small sample size is a limitation to this study. It is likely that
more correlations between modalities would be significant with the
addition of extra patients. This study also only examined these
correlations on a single machine, future confirmations of the trends
shown on other onboard MRI or CT machines could prove to be
great support to these results. Our comparison between FX1 and
dT2 could also prove to be more robust in future study be only
including patients that were imaged on the exact same diagnostic
scanner. Even though we narrowed the cohort of this comparison to
only include patients on the same brand of scanner, it is still
questionable as to whether or not our poor reproducibility was a
result of including slightly different machinery. Future radiomics
studies comprising of diagnostic MRI and on-board MRI from
MRI-LINAC would benefit from keeping variability in
machines low.

5 Conclusions

This study demonstrated that radiomic features can be reliably
repeatable on the same imaging machine integrated with a MR-
LINAC. RFs were also shown to be not very reproducible between
different types of machinery. However, we did show that there is
significant, reproducible change in RF data as treatment progresses
as a direct result of irradiation. With the possibility of improved
cancer treatment through radiomic analysis, these results provide
promising proof of concept that we may continue to pursue
research in this field.
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