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MRI has earned a permanent place in the oncologist’s 
toolkit, and interest in quantitative MRI assessment 

of tumor properties is steadily growing (1–5). Imaging-
derived tissue metrics such as the apparent diffusion co-
efficient (ADC) at diffusion-weighted MRI have shown 
promise for characterizing tumors (6–8). Despite early en-
thusiasm, however, attempts to use ADC values to distin-
guish tumor subclasses or states of progression have yielded 
inconsistent findings (9–11). Comprehensive interpreta-
tion of quantitative MRI findings requires insight into the 
relationship between tissue characteristics and MRI sig-
nals. Deciphering this relationship in tumors is complicat-
ed by heterogeneity, whereby diverse cellular environments 
may be within a region of interest. Experiments comparing 
tumor histologic characteristics and MRI findings are fre-
quently limited to regional measurements (12–15), which 
may not accurately describe subtumoral heterogeneity. 
Since tissue histologic analysis is the reference standard for 

classifying tumor tissues, advanced MRI findings interpre-
tation requires a means of directly comparing histologic tis-
sue sample findings with multicontrast MR image features.

The gap between histologic and MRI data stems from 
fundamental challenges in image registration, including 
differences in image spatial resolution, image signal type, 
and tissue intactness (16–19). While registering histo-
pathologic findings to MR image features is difficult, the 
benefits of doing so include improved tumor delineation in 
radiologic imaging (20,21), identification of unseen tumor 
foci (22), and improved understanding of how to properly 
stage tumors on the basis of radiologic signatures (23–25). 
With preclinical studies, imaging technologies with spatial 
resolution higher than what is clinically viable can be used 
and whole-mount tissue specimens of a variety of tumor 
types can be obtained. In addition, these studies can be 
performed in elegant, genetically engineered models of dis-
ease. While the challenges of image registration persist, the 
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Purpose:  To establish a platform for quantitative tissue-based interpretation of cytoarchitecture features from tumor MRI 
measurements.

Materials and Methods:  In a pilot preclinical study, multicontrast in vivo MRI of murine soft-tissue sarcomas in 10 mice, followed by ex 
vivo MRI of fixed tissues (termed MR histology), was performed. Paraffin-embedded limb cross-sections were stained with hematoxylin-
eosin, digitized, and registered with MRI. Registration was assessed by using binarized tumor maps and Dice similarity coefficients 
(DSCs). Quantitative cytometric feature maps from histologic slides were derived by using nuclear segmentation and compared with 
registered MRI, including apparent diffusion coefficients and transverse relaxation times as affected by magnetic field heterogeneity 
(T2* maps). Cytometric features were compared with each MR image individually by using simple linear regression analysis to identify 
the features of interest, and the goodness of fit was assessed on the basis of R2 values.

Results:  Registration of MR images to histopathologic slide images resulted in mean DSCs of 0.912 for ex vivo MR histology and 
0.881 for in vivo MRI. Triplicate repeats showed high registration repeatability (mean DSC, .0.9). Whole-slide nuclear segmentations 
were automated to detect nuclei on histopathologic slides (DSC = 0.8), and feature maps were generated for correlative analysis with 
MR images. Notable trends were observed between cell density and in vivo apparent diffusion coefficients (best line fit: R2 = 0.96, P , 
.001). Multiple cytoarchitectural features exhibited linear relationships with in vivo T2* maps, including nuclear circularity (best line 
fit: R2 = 0.99, P , .001) and variance in nuclear circularity (best line fit: R2 = 0.98, P , .001).

Conclusion:  An infrastructure for registering and quantitatively comparing in vivo tumor MRI with traditional histologic analysis was 
successfully implemented in a preclinical pilot study of soft-tissue sarcomas.

Supplemental material is available for this article.
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histopathologic samples. Together, these methods facilitated 
subtumoral correlative histopathologic and MRI experiments. 
Furthermore, our constructed environment, Image Space, en-
abled us to execute these correlative studies with use of very 
large preclinical data sets of soft-tissue sarcoma. The developed 
methodologies enabled the identification of numerous corre-
lations between H-E–derived cytometric property maps and 
registered MR images.

Animal Studies
Pilot tumor studies were performed by using two genetically 
engineered murine models of soft-tissue sarcoma of the hind 
limb of 10 mice. These tumors resemble undifferentiated pleo-
morphic sarcomas in terms of their histologic features and 
gene expression profile (31). The sarcoma models were studied 
as part of a U24 co-clinical trial (U24 CA220245) of imag-
ing biomarkers in sarcomas treated with immune checkpoint 
blockade, radiation therapy, and surgery. The tumor induction 
process is described in Appendix E1 (supplement). All animal 
studies were reviewed and approved by the Institutional Ani-
mal Care and Use Committee at Duke University.

MRI Parameters
Table 1 describes the general MRI parameters for in vivo and 
ex vivo imaging at 7 T. MRI was performed in vivo in live 
animals, and ex vivo MRI of fixed tissue, which included se-
quences for anatomic landmark identification and derived 
maps (Fig 1), was performed. In vivo MRI experiments were 
performed by using a 7-T Biospec small-animal MRI scanner 
(Bruker). The animals were imaged in a lateral recumbent posi-
tion in a custom 3D-printed bed heated with integrated warm 
water circulation. Anesthesia was induced with atomized iso-
flurane at 2.5% and maintained at 1%–2% with an integrated 
nose cone. Their vital signs were monitored for the duration of 
imaging. After the animals were sedated, a four-element mouse 
brain coil was positioned over the secured tumor-bearing limb. 
The bed and coil platform were centered in a 72-mm diam-
eter, actively decoupled linear volume coil for transmission. 
Image acquisition was performed by using a ParaVision 360, 
version 6.0.1 (Bruker), MR unit. The images were stored in 
Digital Imaging and Communications in Medicine format. In 
vivo MRI included anatomic T1-weighted fast low-angle shot 
(33,34), T2-weighted turbo rapid acquisition with relaxation 
enhancement (35,36), multigradient-recalled-echo, and spiral-
trajectory diffusion-weighted sequences. The total acquisition 
time was less than 90 minutes per animal.

Once the live-animal imaging examinations were complete, the 
animals were euthanized in accordance with Instructional Animal 
Care and Use Committee guidelines, and the tumor-harboring 
limbs were removed. The resected legs were immersed in 10% for-
malin doped with 1% gadolinium (Bracco Diagnostics, Monroe, 
NJ) to reduce the spin lattice relaxation time (T1) of the tissue. 
The specimens were fixed in formalin for 72 hours, during which 
time the fixative was changed twice. The specimens were then re-
hydrated with saline containing 1% gadolinium for 1 week. Im-
aging of the specimens was performed by using a 7-T horizontal 

limited examples of preclinical cancer studies in which imaging 
and histopathologic analysis are combined are promising. Exam-
ples include MRI-based vascularity evaluation in a subcutaneous 
neuroendocrine tumor model (26), preliminary MR image fea-
ture identification in a patient-derived glioblastoma model (27), 
MRI-based assessment of extratumoral glioblastoma cell infiltra-
tion in orthotopic xenografts (28), and whole-tumor assessment 
of heterogeneous angiogenesis in breast tumor xenografts with 
multimodality imaging (2). By establishing a means of reliable 
registration and analysis, preclinical studies can be used to de-
cipher MRI tumor signal on the basis of tissue histologic char-
acteristics. The specific objectives of this study were twofold: (a) 
to develop a method to register and align MR images to histo-
pathologic slide images and (b) to perform correlative analysis 
of MRI and histopathologic features. These applications can be 
used to better understand how tumor architecture influences 
MRI signals.

Materials and Methods

Study Design
We developed protocols for multiparametric image registration 
spanning from in vivo three-dimensional (3D) MR images 
to two-dimensional (2D) optical histopathologic sections. To 
meet the challenge of disparate image resolutions, we bridged 
MRI and histopathologic data with high-spatial-resolution 
ex vivo MRI of resected tissues; this procedure is termed MR 
histology (MRH) (29,30). To address the difference in signal 
type, we developed high-throughput protocols for quantifying 
the physical properties of hematoxylin-eosin (H-E)–stained 

Abbreviations
ADC = apparent diffusion coefficient, DSC = Dice similarity coeffi-
cient, H-E = hematoxylin-eosin, MRH = MR histology, 3D = three 
dimensional, 2D = two dimensional

Summary
A preclinical multiscale image registration platform facilitated reliable 
correlative studies of whole-slide cytometric feature maps and MR 
images to characterize how cytoarchitecture influences MRI measure-
ments.

Key Points
	n With use of high-spatial-resolution ex vivo MR histology of fixed 

tissues as a conduit, three-dimensional MR images of murine sar-
comas were registered to two-dimensional histologic images with 
high repeatability (Dice similarity coefficient [DSC], .0.9).

	n Nuclear segmentation was automated over entire tumor cross-
sections (.600 000 nuclei per slide), with improved detection of 
complex nuclear shapes (DSC = 0.8), compared with the detection 
at hematoxylin watershed segmentation (DSC , 0.6). From these 
segmentations, quantitative cytometric feature maps of 48 features 
were generated and compared with registered MR images.

	n Multiple sarcoma samples demonstrated linear relationships be-
tween cytometric features and MRI signals, including cell detec-
tion counts derived by using apparent diffusion coefficient values 
and nuclear circularity derived by using T2*.

Keywords
MRI, Pathology, Animal Studies, Tissue Characterization 
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time cost of compressed sensing. For 
example, reconstruction of the four-di-
mensional diffusion arrays typically was 
completed within 1 hour after acquisi-
tion completion. An acceleration fac-
tor of 8 was used, resulting in a spatial 
resolution of 50 µm3, with acquisition 
times of approximately 4 hours. Se-
quence information is provided in Table 
1. A typical four-dimensional diffusion-
weighted imaging data set, including 
four volumes at an array size of 360 3 
360 3 760, yields approximately 466 
MB of raw data and 2.2 GB of image 
data. Each ex vivo MRH data set gener-
ated approximately 6.7 GB of raw and 
reconstructed data per tissue sample.

Histologic Specimen Preparation
Specimens with intact bone were de-
calcified in 14% ethylenediamine-
tetraacetic acid for 14 days and then 
stored in 70% ethanol prior to paraf-
fin embedment. Tissues from the sec-
tion of the leg that contained the tibia 
and fibula were trimmed into three 
sections: top (superior), middle, and 
bottom (inferior). Slices were 6 µm in 
thickness and were taken from each 
section and stained with H-E. The 
stained slides were digitized (spatial 
resolution, 0.2523 µm) on an Ape-
rio AT2 whole-slide scanner (Leica 
Biosystems, Buffalo Grove, Ill) and 
exported in SVS format. Original 
histologic images (200–850 MB per 

slide) were analyzed without downsampling by using QuPath 
(https://qupath.github.io/) (40).

Infrastructure for Data Handling
We constructed an infrastructure for reconstructing, catalog-
ing, and analyzing libraries that included in vivo MRI, ex vivo 
MRH images (500–900 MB per volume), and optical images 
(1.5 GB per slide). We called this infrastructure Image Space; 
and it is further described in Figure E1 (supplement). In addi-
tion, a detailed description of the Image Space environment for 
large image data is provided in Appendix E2 (supplement). The 
Image Space facilitates parallel reconstruction of multicontrast 
ex vivo MRH data sets, enables efficient assembly of data from 
multiple sources, and improves processing times during large-
scale data analyses.

Multimodal Image Registration
Image registration was performed by using 3D Slicer (41) open-
source platform software (https://www.slicer.org) (Fig E2 [supple-
ment]). The two phases of registration were as follows: (a) in vivo MR 

bore magnet with high-performance resonance research gradient 
coils (650 mT/m peak) controlled by using an Agilent Direct 
Drive console (Agilent Technologies). Tissues were immersed in 
fomblin (Sigma-Aldrich) to minimize susceptibility effects at the 
sample surface.

A single-sheet solenoid resonator was constructed in-house 
to provide high sensitivity. All imaging examinations were per-
formed by using an integrated compressed sensing acquisition–
reconstruction pipeline (38). The 3D isotropic multigradient-
recalled-echo and Stejskal-Tanner diffusion-weighted MRI 
sequences were used with 2D phase encoding. The phase-en-
coding directions were sparsely sampled by using a view table 
defined in MATLAB code (Mathworks) by using probabilistic 
methods (39). Data from the Agilent scanner were streamed 
during acquisition to the high-performance cluster. A Fourier 
transform was executed along the fully sampled readout axis, 
producing sparsely sampled 2D arrays that were parsed into 
multiple jobs in the cluster for iterative reconstruction.

Reconstruction during acquisition, as well as splitting of 
reconstruction into parallel jobs on the cluster, mitigated the 

Table 1: Basic MRI Parameters for in Vivo and ex Vivo MRI Acquisition

Sequence Value(s) Acquisition Time

In vivo imaging
  T1-weighted FLASH sequence … 10 min
    TE (msec) 4.5 NA
    TR (msec) 925 NA
    Flip angle (°) 30 NA
    No. of excitations three NA
  T2 TurboRARE sequence … 15 min
    TE (msec) 45 NA
    TR (msec) 8600 NA
    RARE 8 NA
    No. of excitations Three NA
  Spiral DWI sequence … 20 min
    b Values (sec/mm2) 0, 100, 300, 500 NA
    Interleaves 40 NA
    No. of excitations Two NA
   MGRE sequence … 16 min
    TE (msec) 4, 19, 34, 49 NA
     No. of excitations Three NA
Ex vivo imaging
  Spiral DWI sequence … 2 h
    b Values (sec/mm2) 0, 500, 1000, 1500, 2000 NA
    Compression factor 5 NA
  MGRE sequence … 2 h
    TE (msec) 3.2, 9.3, 15.5, 21.6 NA
    Compression factor 8 NA

Note.—For in vivo T1-weighted fast low-angle shot (FLASH) and T2-weighted turbo rapid 
acquisition with relaxation enhancement (TurboRARE) MRI, 0.1 3 0.1 3 0.3 voxels were 
used. For in vivo spiral diffusion-weighted (DWI) and multigradient-recalled echo (MGRE) 
MRI, 0.1 3 0.1 3 0.6 voxels were used. For ex vivo spiral DWI and MGRE MRI, 0.5 3 
0.5 3 0.5 voxels were used. NA = not applicable, TE = echo time, TR = repetition time. 

http://radiology-ic.rsna.org
https://qupath.github.io/
https://www.slicer.org
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detail) and the soft-tissue contrast of the diffusion-weighted image 
(Fig E4 [supplement]). The steps for ex vivo MRH image registra-
tion to the histopathologic slide images are illustrated in Figure 
E5 (supplement) and described in Appendix E4 (supplement). 
Each ex vivo MRH image was processed through the same series 
of transformations. Finally, the in vivo MR images that had been 
aligned to the ex vivo MRH images also were passed through the 
3D-to-2D transformations. The result was a collection of in vivo 
and ex vivo MR images aligned to the 2D histopathologic slides.

Quantitation of Registration Success and Repeatability
To assess the success of image registration, binary masks delin-
eating tumor tissues were defined on native images, including 
in vivo MRI, ex vivo MRH, and digitized H-E histopathologic 

images to ex vivo MRH images and (b) ex vivo MRH images 
to histopathologic images. The ex vivo MRH images were ul-
timately used as a conduit for aligning in vivo MR images and 
histopathologic slide images, accounting for shrinkage and dis-
tortions during the fixation process. At each phase there were 
three steps of alignment. The steps for in vivo MR image reg-
istration to ex vivo MRH images are illustrated in Figure E3 
(supplement) and described in Appendix E3 (supplement).

To facilitate optimal alignment of ex vivo MRH slide images 
to histopathologic slide images, a hybrid MRH image was cre-
ated by multiplying the sum of all multigradient-recalled echoes 
and the diffusion-weighted image at a b value of 1000 sec/mm2. 
The resulting image included both the structural detail of the 
multigradient-recalled echo sum image (bone, cartilage, and nerve 

Figure 1:  High-resolution ex vivo MRH and in vivo MRI sequences for imaging soft-tissue sarcoma in a murine model. A, Multiplatform, multiresolution 
images of hind limb soft-tissue sarcoma were obtained: a two-dimensional (2D) histologic MR image of a hematoxylin-eosin (H&E)–stained cross-section of 
a tumor (left), an ex vivo MRH diffusion-weighted image (DWI) at a b value of 1000 sec/mm2 and 5-µm isotropic resolution (middle), and an in vivo bias-
corrected T2-weighted MR image (right). B, C, Also shown are examples of in vivo and ex vivo derived maps of, B, apparent diffusion coefficient (ADC) and, 
C, T2* images.
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million nuclei per sample) in QuPath. Select cytometric fea-
tures are defined in Figure E6 (supplement). From these data, 
quantitative maps of cellular metrics were generated with a 
code developed in-house by using MATLAB, described in 
Appendix E6 (supplement) and demonstrated in Figure E7 
(supplement).

ADC and T2* Image Analysis
On the original MR images (ie, in vivo MRI and ex vivo 
MRH images), regions of interest were segmented in 3D 
by using semiautomated techniques described previously 
(42). We measured the span of ADC and T2* across all in 
vivo and ex vivo images (Fig 2, first column). Histograms of 
ADC and T2* signal in tumor were measured in all samples 
and normalized to the peak value to correct for tissue size. 
Boundaries were defined at 6 2 standard deviations of the 
signal Gaussian mean (Fig 2, second column). This curve 
was used to discretize the MRI signal into six bins of ap-
proximately the same area under the curve (55,56). A macro 
was developed in ImageJ to bin the ADC and T2* maps 
for each sample based on thresholds of those signals, re-
spectively. The resulting six regions defined the sampling of 
registered cytometric feature maps. When applied to a given 
sample, the macro automatically discretizes the MRI signal 
into the appropriate bins to create regions of interest (Fig 2, 
fourth column). The tool then correlates the MRI signal in 
the bin to all cytometric maps for that sample and generates 
measurement tables, including mean and standard devia-
tion values per region of interest. Regions of interest that 
represented less than 5% of the total measured pixels were 
excluded to reduce registration confounds. The plugin per-
forms MRI segmentation and region-of-interest measure-
ments for all feature maps for a sample in approximately 1 
minute per MR image. Binning and generation of the tables 
with this tool were completed in approximately 10 minutes 
per sample in the Image Space environment.

Tables were imported into Prism (version 8.00 for Windows; 
GraphPad Software, San Diego, Calif ) for plotting and linear re-
gression analysis. Mean cytometric property values were plotted 
against the mean MRI measurement within the corresponding 
region. For preliminary studies, cytometric properties of interest 
were those that demonstrated linear relationships with an MRI 
metric (ADC or T2*) with a measurable nonzero slope in mul-
tiple samples. Examples of best linear fits are reported.

Statistical Analysis
Statistical analyses were performed by using Prism. For indi-
vidual samples, each cytometric property (mean 6 standard 
deviation) was compared with the ADC or T2* maps. Simple 
linear regression analysis was used to identify correlations be-
tween individual cytometric features and ADC or T2* values. 
In this analysis, the MRI signal bins (n = 6) defined sampling. 
Goodness of fit was assessed on the basis of the R2 value of 
the regression on a per-sample basis. Features of interest were 
identified as regressions with slopes that statistically deviated 
from zero (P , .05) in multiple samples.

images. Three-dimensional binary masks were generated on 
MR images by using semiautomated segmentation techniques, 
which were described previously (42). Three-dimensional tu-
mor masks were registered to the histopathologic images by 
using the defined transformation matrices described above. 
The resulting images were 2D binary masks of tumor MRI re-
gions. Two-dimensional tumor masks were generated from the 
H-E slides by using thresholding regions of hematoxylin signal 
above 0.25 in ImageJ (https://imagej.net). Both in vivo and ex 
vivo mask results were compared with histopathologic analy-
sis–derived masks, and a Dice similarity coefficient (DSC) was 
generated for each registration (46,47). A minimal DSC of 0.8 
was required for success, with a DSC of less than 0.8 consid-
ered unsatisfactory.

To quantitate the effect of the manual steps on registra-
tion, repeatability was assessed in three samples (slides 2, 8, 
and 12) by performing full image registration in triplicate. 
Three histologic slides (from different animals) in which the 
full tumor boundary was intact and free from tearing artifacts 
were selected. This reduced the effect of lost tissue on tumor 
mask comparison. Binary tumor masks were run through 
each registration attempt independently, and the results of 
the three repeats from each sample were compared. Jaccard 
similarity coefficient and DSC comparisons were used to as-
sess repeat registration.

Automated Nuclear Segmentation
To compare MRI signal with histologic properties, reliable 
nuclear segmentation from H-E images was performed. Not-
ing the shortcomings of single-step watershed-based detection 
techniques in heterogeneous tissues (49,50), several multistep 
processes were explored. A pathologist (J.I.E.) evaluated seg-
mentation protocols against manual segmentations in 15 tiles 
from three tissue specimens. Automated segmentation results 
were assessed for true-positive identification of nuclei by com-
paring DSCs (46,47,49).

Segmentation consisted of a multistep approach involving 
the use of a combination of the public domain image analysis 
platforms QuPath, ImageJ (50), and FIJI (https://imagej.net/
Fiji) (51). The tested protocols were distinguished by differences 
in the type, order, and magnitude of adjustments made to the 
image such as thresholding and Fourier transformations. The 
steps of the selected nuclear segmentation protocol are briefly 
described in Appendix E5 (supplement) (52). Segmentation was 
performed on all samples without the need for sample-specific 
parameter changes. The process was automated with a code writ-
ten as a plugin for FIJI, which enabled bulk processing of all tiles 
associated with a sample.

Cytometric Property Map Generation
Once whole-slide nuclei were segmented, measurements of 
each nucleus were made within QuPath by using the fully 
sampled H-E image. Measurements included shape charac-
teristics, intranuclear hematoxylin Haralick texture features 
(53), and Delaunay triangulation measurements (54). A total 
of 48 features were measured for each nucleus (600 000 to 2 

http://radiology-ic.rsna.org
https://imagej.net
https://imagej.net/Fiji
https://imagej.net/Fiji
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Figure 2:  Automated region of interest (ROI) generation based on MRI signal binning. Segmentations of entire tumor volumes were measured in 
all samples and used to generate normalized tumor curves for, A, ex vivo apparent diffusion coefficient (ADC), B, in vivo ADC, C, ex vivo T2*, and, 
D, in vivo T2*. The first column depicts the group measurements of tumor in all samples. The second column depicts the Gaussian curves of these 
data, which were divided into bins (denoted by blue dashed lines) of approximately equal area under the curve. Examples are shown of automated 
ROI generation (right column) for a sample, determined by the signal bins. Black regions on the bin map (fourth column) represent areas in which no 
tumor tissue was present on the histopathologic slide (eg, tears in the tissue), and thus have been voided. The histological tissue slide, to which the MRI 
has been registered, is also provided for reference. MRH = MR histology image analysis.
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Results

Multiparametric Image Registration Pipeline Demonstrates 
Reliable Repeatability
In the 10 mice in the study, a total of 16 specimens from nine 
tumors were deemed suitable for image analysis. The distribu-
tion was as follows: One tumor produced three usable slides; 
five tumors produced two usable slides; three tumors produced 
one usable slide; and one tumor produced no usable slides ow-
ing to tissue-mounting issues. Per sample, image registration 
required approximately 1–2 hours of experienced user partici-
pation, plus 2 hours of unsupervised processing time. Use of 
the Image Space platform improved registration in two ways: 
(a) Fully sampled data sets from multiple sources could be ef-
ficiently moved for side-by-side comparison without loss of in-
formation and/or detail, and (b) calculation of 3D transforma-
tion matrices for very large data sets was not subject to memory 
restraints when performed on the grid servers.

To ensure the reliability of registration, a series of compari-
sons were made between the transformed MRI tumor masks 
and histopathologic tumor masks. For each slide, in vivo– and 
ex vivo–derived masks were compared with H-E masks and as-
signed a DSC (Fig 3, A). One sample did not meet the minimal 
DSC criteria, demonstrating an ex vivo DSC of 0.408 and an 
in vivo DSC of 0.290. For the remaining samples, the mean ex 
vivo DSC was 0.912, and the mean in vivo DSC was 0.881 for 
alignment to the histopathologic slide images. Repeatability of 
registration methods was assessed on three representative slides 
(Fig 3, B). For each slide, triplicate registration repeats resulted 
in a mean DSC of greater than 0.9 both in vivo and ex vivo, 
and Jaccard similarity coefficients of greater than 85% ex vivo 
and greater than 84% in vivo, indicating that registration was 
reliably repeatable. Repeatability results are reported in Table 2. 
Together, these results indicate that the registration process of 
aligning in vivo MR images with histopathologic slide images 
resulted in accurate alignment.

MRH and Cytometric Feature Mapping Facilitates 
Identification of Preliminary Correlates between MRI Signal 
and Histologic Features
Next, cytometric feature maps of entire histologic slides were 
compared with histologically aligned MR images. Nuclear 
segmentation was performed by using FFT3 (Appendix E7 
[supplement]), which improved nuclear segmentation (DSC = 
0.8), as compared with the segmentation achieved by using he-
matoxylin optical-density watershed techniques (DSC , 0.6) 
(Fig 4, A, B). Cytometric features were extracted from nuclear 
masks by using QuPath (Fig 4, C). Simple linear regressions 
were generated in individual tissue samples to identify cyto-
metric properties of interest. Detection counts (cell density) 
and Delaunay ratios demonstrated linear relationships with 
ADCs in multiple samples (Fig 5). Detection counts measured 
in individual samples showed linear correlations with both ex 
vivo ADC (best line fit: R2 = 0.95, P , .001) and in vivo ADC 
(best line fit: R2 = 0.96, P , .001). Delaunay ratios measured 
in samples also demonstrated linear relationships with ex vivo 

ADC (best line fit: R2 = 0.98, P , .001) and in vivo ADC (best 
line fit: R2 = 0.97, P , .001).

A distinct collection of cytometric features, including nuclear 
circularity and variance in nuclear circularity, showed a linear 
relationship with in vivo T2* (Fig 6) in multiple tissue sam-
ples. Nuclear circularity at histopathologic analysis consistently 
showed a correlation with in vivo T2* (best line fit: R2 = 0.99, P 
, .001) but not ex vivo T2* (best line fit: R2 = 0.42, P = .16). 
Similarly, the variance in nuclear circularity showed linear rela-
tionships with in vivo T2*, but not ex vivo T2* (best line fit: R2 
= 0.32, P = .24), in multiple samples (best line fit: R2 = 0.98, P 
, .001). 

Discussion
A major challenge in using advanced MRI for clinical cancer 
management is the disconnect between imaging and histopath-
ologic assessment. Clinically, histopathologic reports remain a 
cornerstone of tumor identification and staging (57–59). Ef-
forts to relate tumor MRI findings to histopathologic analysis 
features are challenged by interdisciplinary differences between 
the fields and the data they handle (16). To meet these chal-
lenges, we constructed an environment that is capable of han-
dling very large data sets for statistically viable studies of tumor 
imaging features. By using this platform, we have demonstrated 
the use of protocols for registering multimodal imaging librar-
ies for correlative studies of MRI signal and histopathologic 
tissue findings in a model of soft-tissue sarcoma.

We have identified a preliminary collection of cytometric 
features that may affect MRI signatures in tumor tissues. Our 
observations support literature reports of possible relationships 
between ADC and cell density (60–62). We also discerned other 
cytometric features that may correlate with ADC (eg, Delaunay 
ratio). While ADC studies are of obvious interest, T2* studies 
are less commonly pursued. We chose T2* for two purposes: 
first, as a methodologic link to MRH based on ex vivo proto-
cols previously established in our laboratory and second, as a 
functional link to future studies of oxygenation and hypoxia, 
including functional imaging experiments such as blood oxygen 
level–dependent techniques (63).

The preliminary correlations identified between in vivo MR 
images and histopathologic images demonstrate translational util-
ity. Identifying differences in nuclear shape and structural variance 
is useful when nuclear pleomorphism is of interest to establish tu-
mor grade, such as in cases of sarcoma (64–66). Cell packing gives 
rise to susceptibility-induced reduction in T2* that is enhanced 
at higher magnetic fields, which may account for the strong cor-
relation observed in vivo (67). It is important to note that these 
measurements were made at the subtumoral scale, demonstrating 
the value of histologic analysis–based MRI interpretations in cases 
of heterogeneous tumors. Such measurements would not have 
been possible without the use of MRH to register disparate im-
age types. While MRH is not performed clinically, it can be per-
formed in preclinical models of cancer to expand our understand-
ing of tumor MRI. These preliminary findings provide rationale 
for expanded tumor MRI studies and represent the first steps in 
translating tumor MRI features into histopathologic profiles.

http://radiology-ic.rsna.org


8� radiology-ic.rsna.org  n  Radiology: Imaging Cancer Volume 3: Number 3—2021

Characterizing Murine Sarcomas by Using Cytometric Feature Mapping and MRI

As this was a pilot study, there were several limitations in 
the data interpretation. The first limitation was inconsistency 
in histopathologic sectioning, which was due in part to inad-
equate fixation and harsh decalcification. In subsequent works, 
we plan to perform perfusion fixation after imaging. A second 

limitation was the quality of the in vivo diffusion-weighted im-
ages, which was limited to reduce time and possible adverse 
effects of sustained anesthesia. The acquisition sequence has 
since been improved to ensure improved signal to noise in 
a reasonable time (,1 h). Finally, to establish protocols and 

Figure 3:  Assessment of image registration performed by comparing transformed tumor masks. Binary tumor masks of sample 
tissues are shown for comparison of multiparametric image registration to histologic images and repeated registrations. Tumor masks 
(black and white) were delineated on the digitized histopathologic slides, as well as on the three-dimensional (3D) ex vivo and in 
vivo MR images. A, Transformed MRI masks were compared with histopathologic masks, and Dice similarity coefficients (DSCs) 
were calculated to assess the registration success for in vivo and ex vivo MRI. B, In a subset of three samples, resulting tumor masks 
from triplicate registrations were compared. Corr. = correction, H&E = hematoxylin-eosin, MRH = MR histology.
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demonstrate feasibility, the statistical interpretation of the pre-
liminary data was limited to simple linear regressions within 
individual samples. While these findings inform the design 
of larger-scale studies, more sophisticated analytic approaches 

must be used to understand the nuanced relationships between 
MRI findings and tumor cytoarchitecture.

The most notable achievement of this work was that of dem-
onstrating the capacity for statistically viable experimentation 

Table 2: Mean DSCs and JSCs for Assessment of Repeatability at Registration of MR 
Images to Histologic Images

Sample

ex Vivo in Vivo

DSC JSC DSC JSC

Slide 2 0.922 6 0.005 85.6% 6 0.8 0.914 6 0.008 84.1% 6 1.4
Slide 8 0.976 6 0.003 95.2% 6 0.4 0.946 6 0.001 89.3% 6 0.3
Slide 12 0.952 6 0.006 90.9% 6 1.1 0.924 6 0.007 85.8% 6 1.3

Note.—Data are mean Dice similarity coefficients (DSC) and Jaccard similarity coefficients (JSC) 
6 standard deviations for registration of ex vivo and in vivo MR images to histopathologic images. 
Analysis of each slide was performed in triplicate.

Figure 4:  Refinement of automated nuclear segmentation for whole hematoxylin-eosin (H&E)–stained slides. A, Selected automated nuclear segmentation techniques 
are shown for comparison with manual segmentation in a variety of nuclear conditions present in the data set. B, Automated segmentation techniques were compared with 
manual segmentation by using Dice similarity coefficients (DSC). C, A sample of whole-slide nuclear segmentation is shown for a cross-section of a sarcoma-bearing hind 
limb. FFT3 = Fourier transform 3, Gauss = Gaussian, segment. = segmentation, StarDist = StarDist FIJI plugin for shape detection with star-convex shape priors.
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with very large data sets in the Image Space envi-
ronment. While the tools we used can be run on 
standard laboratory desktops, the size of the data 
limits the user to per-sample study. Image Space 
exhibits high-throughput capacity, facilitating ro-
bust parameter testing during pipeline assembly. 
The described workflow revealed significant results 
at subtumor spatial resolution in data sets that were 
formerly size prohibitive. By lifting data size restric-
tions, we can harness data science applications to 
improve and standardize the pipeline. Image reg-
istration is arguably the most cumbersome step in 
the pipeline. We derived a method based on tumor 
segmentations to assess registration accuracy and 
repeatability in tumor images. We found that cur-
rent automatic techniques failed to align 3D MR 
images to 2D histopathologic images owing to dis-
crepancies in signal type and dimensionality. With 
adequately powered data sets that include ex vivo 
MRH, we can implement machine learning and 
artificial intelligence techniques to automate regis-
tration. Defining automated means of performing 
histopathologic image and MR image registration 
has clear translational appeal for clinical implemen-
tation. Similar techniques can be applied to histo-
logic slide processing, expanding understanding of 
how tumor heterogeneity affects MR images. We 
are pursuing these avenues to overcome the chal-
lenges of integrating dissimilar data and to provide 
a means of systematically comparing MRI signal 
patterns with reference-standard histopathologic 
tissue findings. By bridging the gap between his-
topathologic analysis and MRI, methodologies for 
noninvasive assessment of tumor architecture and 
microenvironments can be further investigated for 
implementation into clinical practice.
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Figure 5:  Relationships between ex vivo and in vivo ap-
parent diffusion coefficients (ADC) and cytometric features of 
individual tissue sections. A, B, Shown are two examples of 
independent tumor samples in which ex vivo and in vivo ADC 
images were compared with cytometric property maps. Linear 
relationships were demonstrated between ADC (ex vivo and in 
vivo) and both cell density (middle column), and Delaunay ratio 
(right column). Yellow dashed lines indicate regions on the MR 
image that correspond to the evaluable histologic area; yel-
low stripes indicate regions outside of the MRI field of view. R2 
values for all linear regressions, as well as the P values describ-
ing the deviation of the slope from zero, are provided. H&E = 
hematoxylin-eosin.
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Figure 6:  Relationships between ex vivo and in vivo T2* 
and cytometric features of individual tissue sections. A, B, Shown 
are two examples of independent tumor samples in which ex 
vivo and in vivo T2* images were compared with cytometric 
property maps. Linear relationships were demonstrated be-
tween in vivo T2* and both nuclear circularity (middle column) 
and variance in nuclear circularity (right column). R2 values 
for all linear regressions, as well as the P values describing 
the deviation of the slope from zero, are provided. H&E = 
hematoxylin-eosin.
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