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Abstract. Cardiac diffusion tensor imaging (cDTI) is an MRI technique
used to characterize myocardial microstructure. Key metrics including
mean diffusivity (MD), fractional anisotropy (FA), and helix angle pitch
(HAP) have shown relevance in detecting microstructural remodeling.
Herein, we aim to establish healthy baseline metrics for this emerging
technique. To do so we assess average global cDTI metrics in the left
ventricle for a cohort of healthy subjects (N=46) at 3 Tesla (T) with
a single-shot echo-planar imaging (EPI) sequence. We hypothesize: (1)
that there are no significant differences in cDTI metrics for groups within
this population; and (2) that there are no significant differences between
global, regional, and group-wide median values. To assess differences in
global and regional cDTI metrics between groups, a one-way ANOVA test
(for normal distributions) or Kruskal-Wallis test (for non-normal distri-
butions) was performed to detect significance in cDTI metrics between
four population groups: (1) Male < 40 years old (yo), Female < 40yo,
Male ≥ 40yo, and Female ≥ 40yo. To evaluate differences in regional
group-wide cDTI metrics compared to the global group-wide median,
American Heart Association (AHA) segments were identified and un-
paired t-tests with Bonferroni correction were used to detect significance
between individual regions and the global group-wide median. We found
no significant differences in global MD, FA, and HAP between age- and
sex-based groups. Regional analysis revealed some significant differences
compared to global group-wide cDTI metrics as well as in a few regions in
group-specific comparisons. Overall, this study establishes baseline cDTI
metrics in healthy subjects, providing a normative reference for assessing
changes in cDTI metrics.
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1 Introduction

Cardiac Diffusion Tensor Imaging (cDTI) is a magnetic resonance imaging (MRI)
technique that encodes the Brownian motion of water molecules in order to probe
myocardial mesostructure[29]. cDTI characterizes mesoscale cardiomyocyte ori-
entation and organization, which can change during aging and disease[14,8].
cDTI metrics are obtained by acquiring several diffusion-weighted images (DWI)
with diffusion sensitivity along different directions and then constructing the
diffusion-tensor, which characterizes the principal directions and magnitudes
of myocardial diffusion within each pixel. Mean diffusivity (MD) reflects the
magnitude of water diffusion[3] in µm2/ms. Fractional Anisotropy indicates the
normalized ([0,1], unitless) magnitude of diffusive anisotropy and reflects the
degree of cardiomyocyte organization[23]. Projecting the primary eigenvector
of the diffusion tensor onto the epicardial tangent plane yields the helix angle
(HA)[24,25], representing the angular orientation of cardiomyocytes relative to
a local circumferential direction[18] in degrees.

As cDTI is an emerging technology, it is important to establish healthy base-
line values for key cDTI metrics, including MD, FA and HA. It is also useful to
describe how these values may change based on key biometric measures such as
age, sex, BMI, and left-ventricular mass (LVM). Previous works have assessed
average global or whole-slice (basal, mid-ventricular, apical) cDTI metrics[26]
from three to five slices using stimulated echo acquision mode (STEAM)[20] and
spin-echo sequences[5] and very few studies report on biometric effects other than
age and sex. As the acquisition and post-processing continues to evolve, it is nec-
essary to re-characterize these baselines with whole heart coverage, particularly
for spin-echo acquisitions for which the data is not currently available.

The purpose of this work was to assess global and regional left ventricular
cDTI metrics as a function of age and sex in a large cohort of healthy subjects.
We hypothesize that there are no significant differences in cDTI metrics in this
cohort of healthy subjects for global and regional group-wide and group-specific
comparisons for cDTI metrics.

2 Methods

2.1 Image Acquisition and Post-Processing

Forty-six (N=46) healthy subjects signed statements of informed consent un-
der IRB approval (Stanford Administrative Panel on Human Subjects in Med-
ical Research, Reference #FWA00000929 & #FWA00000934), and underwent
a cardiac exam using a 3T MRI (Vida Fit, Siemens) with an 18-channel body
coil and 32-channel spine coil. A free-breathing, M0M1M2 compensated, slice-
following[21], single-shot, spin-echo echo-planar imaging acquisition was used to
acquire cDTI data with the following parameters: resolution = 2×2×8 mm3,
FOV = 256×256, Acceleration = GRAPPA×2 [11], TE = 91ms, TR = 3R-R
intervals, bandwidth = 1776Hz/Pixel, echo-spacing = 0.65ms, diffusion direc-
tions = 15, b = 350s/mm2 and one b = 0 s/mm

2, averages = 10 (5 blip-up + 5
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blip-down phase polarities), full LV-coverage (Nslices = 6-9, 0% Slice Gap), ∼2
minutes and 40 seconds per slice. This acquisition was ECG-gated to acquire
images at one mid-systolic cardiac timepoint (Trigger Time = 285.2 ± 11.2 ms).
Slices were acquired in an interleaved manner, such that odd-numbered slices
were acquired first followed by even-numbered slices.

Images were then post-processed with the Cardiac Diffusion in Python (CarDpy)
toolbox that calls the DiPy[10] utilities. This included Gibb’s Ringing removal[13],
shot-rejection, and respiratory sorting prior to distortion correction[2,6] between
the blip-up and blip-down averages. After distortion correction, data was reg-
istered and then filtered by discarding pixels with computed MD greater than
3µm2/ms (free water). Magnitude images were then averaged, denoised via Local
PCA[19] and interpolated to a 1×1×8mm3 resolution. A non-linear least squares
diffusion tensor reconstruction[17] was then applied to the data. Left ventricu-
lar segmentation, and the anterior and inferior right ventricular insertion points
(RVIP) were manually identified via a custom graphical user interface (GUI) in
which an averaged DWI from all directions (DWIavg), MD map, and primary
eigenvector map (e1) were used to delineate epicardial and endocardial borders.
Global MD and FA were computed by averaging the metric across all pixels in
the LV masks per subject. To compute the HA, the e1 in the masked LV region
was projected onto the circumferential-longitudinal plane. An unwrapping filter
was then applied to the helix angle maps. The helix angle pitch (HAP) was de-
termined by linear regression of the pixel-wise HA values as a function of the
normalized transmural wall thickness from endocardium (= 0) to epicardium (=
1). The normalized slope was reported as the HAP (◦/% Thickness). The LVM
was computed by multiplying the myocardial tissue density (1.053g/ml [28]) by
the LV volume obtained after summing the LV masked pixels for all slices per
subject. Slices were then identified as basal mid-ventricular or apical. The LV
mask, RVIPs, and slice positions were used to define the regional American Heart
Association 16-Segment Model[4].

2.2 Statistical Analysis

Group-wide and Group-specific Global Comparisons. Data were assessed
using group-wide (all subjects) and group-specific cohorts. Four group-specific
cohorts were defined as: (1) Males < 40yo, (2) Females < 40yo, (3) Males ≥
40yo, and (4) Females ≥ 40yo. Significant differences (p < 0.05) in LVM, BMI,
and diffusion metrics including MD, FA, and HAP between the four groups were
assessed. For each metric, the normality of the group-specific distributions was
first tested using the Shapiro-Wilk test. If all group-specific distributions were
normally distributed, a one-way ANOVA was performed, followed by Tukey’s
HSD (honestly significant difference) post hoc test, if significant differences were
detected. For non-normally distributed data, the Kruskal-Wallis test was applied,
followed by Dunn’s test with Bonferroni correction for post hoc analysis. Median
group-wide and group-specific MD, FA, and HAP and the bootstrapped 95%
confidence interval were reported.

https://github.com/tecork/CarDpy
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Group-wide and Group-Specific Regional Comparisons. For regional
analysis, AHA segmentation masks were applied to compute the average cDTI
metric per segment for each volunteer. For each cDTI metric and segment, in-
dependent t-tests were performed to assess statistical significance (p < 0.05)
between an AHA segment value and the global group-wide median. The me-
dian cDTI metric for each region was then plotted in a bullseye plot, with bold
segments indicative of significant differences from the group-wide median.

For each AHA segment, volunteers were grouped into the same sub-groups as
Group-Specific Global Comparisons in the previous section to enable evaluation
of significant differences between groups on a regional level. For each region,
significant (p < 0.05) differences were evaluated as above. Results of statistical
tests were reported using a heat map and significantly different groups identified
in post hoc testing were reported.

Table 1. Demographics of healthy subject cohort.

Demographics subjects Age LVM BMI
(µ ± σ) (#) (years) (g) (kg/m2)

Male < 40 yo 11 28.6 ± 02.8 135.6 ± 29.1 24.0 ± 1.8
Female < 40 yo 12 27.3 ± 03.8 080.4 ± 11.2 20.7 ± 2.4
Male ≥ 40 yo 11 49.4 ± 07.9 106.8 ± 27.9 24.1 ± 2.2

Female ≥ 40 yo 12 52.3 ± 07.8 075.9 ± 07.5 24.8 ± 3.5
Group-wide 46 39.4 ± 13.1 098.7 ± 31.4 23.4 ± 3.0

3 Results

3.1 Demographics

Demographics of the subject cohort are reported in Table 1. Male subjects <
40yo had significantly greater LVM than female subjects < 40yo (p = 0.004)
and female subjects ≥ 40yo (p < 0.001). Male subjects ≥ 40yo had significantly
greater LVM than both female subjects < 40yo (p = 0.04) and female subjects
≥ 40yo (p = 0.004). Differences in BMI were also significant between females <
40yo and all other groups: females ≥ 40yo (p = 0.002), males < 40yo (p = 0.02)
and males ≥ 40yo (p = 0.01).

3.2 Group-Wide and Group-Specific Comparisons

Adequate image quality was maintained across all slices (Fig. 1). Group-specific
distributions of cDTI metrics exhibited some variability (Fig. 1). Median MD for
females trended higher than males, while females <40yo tended to have steeper
(more negative) HAP. However, no significant differences were observed between
the groups. The median values of each metric for group-wide and group-specific
populations are reported in Table 2. Box plots of the group-specific median values
are shown in Fig. 2.
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Fig. 1. Full left ventricular cDTI coverage demonstrated in a 40yo male subject. Images
show the average DWI (DWIavg) (A), MD (B), FA (C), and HA (D) maps with columns
indicating the slice number and position (basal, mid-ventricular, and apical). Consistent
image quality was observed across the acquired slices.

Table 2. Group-wide and group-specific global cDTI Metrics.

cDTI Metrics Mean Diffusivity Fractional Anisotropy Helix Angle Pitch
median [95% CI] [µm2/ms] [(0,1), unitless] [◦/%]
Male < 40 yo 1.59 [1.48, 1.69] 0.26 [0.22, 0.28] -0.85 [-0.91, -0.68]

Female < 40 yo 1.64 [1.60, 1.86] 0.24 [0.23, 0.25] -0.76 [-0.90, -0.60]
Male ≥ 40 yo 1.63 [1.55, 1.80] 0.25 [0.22, 0.27] -0.70 [-0.90, -0.60]

Female ≥ 40 yo 1.65 [1.54, 1.79] 0.24 [0.21, 0.27] -0.70 [-0.85, -0.57]
Group-wide 1.63 [1.51, 1.85] 0.25 [0.21, 0.28] -0.77 [-0.92, -0.56]

3.3 Group-wide and Group-Specific Regional Comparisons.

The group-wide healthy subject analysis showed several significantly different
regions compared to the group-wide median for MD, FA, and HAP (3). Basal
regions tended to have more significant differences while the mid-ventricular and
apical regions were more consistent. MD exhibited the most significantly different
regions. This included: Segment-3, Segment-5 (Basal Inferolateral), Segment-7
(Mid-ventricular Anterior), Segment-8 (Mid-ventricular Anteroseptal), Segment-
9 (Mid-ventricular Inferoseptal), and Segment-13 through Segment-16 (all api-
cal segments). For FA, there were only three statistically significant segments:
Segment-5 (Basal Inferolateral), Segment-11 (Mid-ventricular inferolateral), and
Segment-14 (Apical Septal). For HAP, statistically significant segments included
Segment-4 (Basal Inferior), Segment-5 (Basal Inferolateral), Segment-6 (Basal
Anterolateral), Segment-10 (Mid-ventricular inferior), and Segment-16 (Apical
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Fig. 2. Box plots of group-specific global median MD (A), FA (B), and HAP (C) for
the subjects grouped by age and sex. Individual data points represent global median
for an individual subject while the box plot represents the group-specific median metric
and quartiles. The group-wide median is indicated by a dotted line. Although distri-
butions had different trends between groups, no significant differences were observed
in statistical analysis.

Lateral). Only Segment-5 (Basal Inferolateral) was significantly different from
the global group-wide median for all three cDTI metrics (MD, FA, and HAP).

Results of group-specific regional statistical testing are shown in Fig. 3D.
Overall, within a particular AHA-segment, age-sex sub-groups were generally
not statistically different from one another with the exception of four segments.
In Segment-4 (Basal Inferior), the HAP was significantly different between fe-
male subjects <40yo and Female subjects ≥40yo (p = 0.0012) and between
female subjects <40yo and male subjects ≥ 40yo. In Segment-5 (Basal Infero-
lateral), the MD was significantly different between Females <40yo and Males
<40yo (p = 0.011). In Segment-10 (Mid-ventricular Inferior), the MD was signif-
icantly different between Females ≥40yo and Males ≥40yo. In Segment-14 (Api-
cal Septal), the Kruskal-Wallis test reported overall differences between groups
(p = 0.048), but the Dunn’s test in post hoc analysis did not reveal any pairwise
statistically significant differences.

4 Discussion

In this study we investigated global and regional group-wide and group-specific
differences for several cDTI metrics, including MD, FA, and HAP. We first cat-
egorized subjects into four groups based on age and sex, detecting no significant
differences between the four groups globally. However, group-wide regional anal-
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Fig. 3. Regional group-wide analysis for MD (A), FA (B), and HAP (C) and regional
group-specific statistical analysis (D). In (A-C), bold segments indicate significant dif-
ferences from the median group-wide global metric. Different cDTI metrics had different
regions identified as significantly different compared to the group-wide global metric.
MD had many more significantly different regions than FA and HAP. Segment-5 (Basal
Inferolateral) was significantly different for all three metrics. Group-specific differences
were generally not detected on a regional level with the exception of four segments.

ysis revealed that there were differences between segments and the global median
for all three cDTI metrics. MD had the most statistically significant segments
for group-wide regional analysis. There were also a few cases of group-specific re-
gional differences. Therefore, our hypothesis was generally correct: global group-
specific cDTI metrics did not differ between subjects, but some significant dif-
ferences were observed in group-wide and group-specific regional assessments.

The lack of significant differences in cDTI metrics in group-specific global
analysis may be attributed to the limitations of categorical grouping. Dividing
age, a continuous variable, into arbitrary bins can hide subtle differences. We
configured these groupings based on our inclusion criteria for the study, in which
we targeted 10 subjects in each age-sex group. The small group sizes may further
reduce statistical power, limiting the ability to detect meaningful significant
trends. Using statistical analysis with higher power, such as a linear regression,
would allow us to see if there are actual significant trends as a function of age
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and sex. Some of these differences may have started to appear in the regional
group-specific analysis, in which four AHA segments had statistically significant
differences between groups. Although the total population in this study (N=46)
exceeds typical cDTI cohorts, expanding the subject pool would help determine
whether any physiologically-relevant statistical differences emerge.

The ranges of MD, FA, and HAP were similar to previously reported values.
The range of MD values reported in this study are in the upper range of values
typically reported in the literature (1.22 - 1.68 µm2/ms)[7]. The FA values re-
ported in our study were in the lower range of values typically reported in the
literature (0.22 - 0.58 unitless)[7]. The reported HAP is shallower than the re-
ported typical value (-1 ± 0.06 ◦/% thickness). Younger subjects trended towards
steeper (more negative) HAP, which may be attributed to both age differences
and more reliable cDTI data quality. The lower FA reported in our study may
be from pseudo-diffusion effects as we used a non-diffusion weighted image as
our reference low b-value image[7]. It has also been observed that distorted data
exhibits a higher FA [6].

E2A (the angle between the projection of the second eigenvector on the cross-
myocyte plane and the cross-myocyte direction perpendicular to the radial di-
rection – see, e.g., [9,29]), is an additional cDTI metric that is often reported and
relates to the orientation of myocardial sheetlets [7,22]. Herein, E2A was not re-
ported because this metric is not sensitively encoded with motion-compensated
spin-echo acquisitions in comparison to STEAM [15,26]. This is likely due to the
longer diffusion "mixing" time of STEAM, in which diffusion encoding occurs
over two heartbeats[16]. The longer time between the paired diffusion encoding
gradients of STEAM likely enables spins to probe larger length scales, potentially
improving sensitivity to sheetlets and the calculation of secondary eigenvectors.
Similarly, spin-echo cDTI has been shown to have significantly higher uncer-
tainties [1] in the secondary and tertiary eigenvectors compared to the primary
eigenvector. As a result, E2A computations based on these eigenvectors are in-
herently more uncertain.

Regional differences were observed in group-wide data for all cDTI metrics.
Basal segments were often statistically different, with Segment-5 (Basal Infer-
olateral) significantly different for each cDTI metric. The inferior and anterior
walls of the heart experience more off-resonance from the air tissue interfaces
of the heart, lungs, and liver. While distortion correction may mitigate some of
these effects, it may not entirely mitigate data corruption. Additionally, base-to-
apex shortening during contraction may contribute to complex, uncompensated
motion corruption, resulting in less reliable diffusion encoding at basal slices.
cDTI acquisition methods continue to evolve and this problem could be re-
solved with ultra-high-performance gradient system hardware (e.g., Gmax = 200
mT/m, Smax = 200 T/m/s).

One limitation in this study is that the spin-echo acquisition approach cur-
rently leads to reliable cDTI metrics only in systole. This is, in part, a conse-
quence of using widely available commodity MRI gradient hardware (Gmax = 45
mT/m, Smax = 200 T/m/s). The use of a STEAM sequence for diffusion encod-
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ing may enable more reliable data acquired in diastole[20]. Furthermore, utilizing
ultra-high-performance gradient hardware may enable higher SNR and poten-
tially more reliable systolic and diastolic data with spin-echo cDTI.

The normative values in this study may also only hold for this protocol and
hardware. We would need to investigate if MD, FA, and HAP would change if we
move to ultra-high-performance hardware (e.g., Gmax = 200 mT/m, Smax = 200
T/m/s). A recent work[12] suggests that moving to advanced hardware reduces
MD, maintains FA, and increases the steepness of the HAP while reducing the
variation in these metrics. We would therefore expect similar trends in our data;
however, the relative trends in our study between group-wide and group-specific
comparisons would likely be consistent. Likewise, we would expect a decrease in
the uncertainty[1] of cDTI metrics with advanced hardware, which would allow
us to investigate smaller variations in cDTI metrics not only within a healthy
volunteer cohort but also in comparing this population to patients.

Future work would investigate the effects of BMI, LV mass, R-R interval, LV
ejection fraction, end-diastolic volume, and end-systolic volume on the cDTI met-
rics both globally and regionally. We also plan to assess the relationship between
the cDTI metrics and cardiac strains computed from Cine DENSE (displacement
encoding with stimulated echoes)[27] MR acquisition. Furthermore, the baseline
cDTI metrics defined in this study can also serve to evaluate microstructural
changes in cardiovascular disease that use the same protocol.

5 Conclusion

We characterized global cDTI metrics (MD, FA, and HAP) in a cohort of healthy
subjects. No significant differences in age-sex groups were found for global met-
rics, but a few regions showed significant differences between groups. Several
significant global regional differences were observed when compared to the group-
wide median, suggesting there may be subtle regional variations in the healthy
population. This study provides cDTI metric trends in healthy subjects, offering
a reference for using cDTI to characterize microstructure.
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