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Abstract. Cardiac diffusion tensor imaging (cDTI) is an emerging method
capable of characterizing the microstructural organization of both healthy
and diseased myocardium. One of the challenging aspects of a cDTI study
is the associated data processing due to various acquisition imperfections
that can corrupt the acquired data. We sought to investigate the role of
various data processing steps by evaluating an open-source cDTI data
processing software, Cardiac Diffusion in Python (CarDpy). In order to
achieve this goal, healthy volunteers (N=40) were imaged. Imaging data
was evaluated at six incremental post-processing steps (POSTs) using
the CarDpy pipeline. cDTI metrics such as mean diffusivity (MD), frac-
tional anisotropy (FA), and helix angle range (HAR) were evaluated af-
ter each POST. Additionally, the uncertainties of MD (dMD), FA (dFA),
and the primary eigenvector (de1) were evaluated to quantify the data
precision. Statistical testing was performed after each POST in a com-
parison with the final POST. Empirical measurements of MD displayed
stable trends across all POSTs, while a decrease in FA was observed
with each incremental step. HAR remained stable after the integration
of the POST that incorporated image registration into the data process-
ing pipeline. Uncertainties decreased for all metrics as each incremental
POST was added. dMD, dFA, and the de1 had minimal improvements
after the POST that incorporated shot-rejection into the data processing
pipeline. Overall, this study provides an in-depth analysis pertaining to
the impact of image processing on cDTI metrics and their corresponding
uncertainties.

Keywords: Cardiac Diffusion Tensor Imaging · Cardiac Microstructure
· MRI Processing · Myocardium Characterization.

1 Introduction

The microstructure of the heart is a highly complex system that has been stud-
ied extensively in ex vivo research using microscopy [29,30] and diffusion tensor
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imaging (DTI) [25,17,4,18,19]. The high spatial resolution of these experiments
provided a great foundation for the basic understanding of the organization of the
“myofibers” in the heart [31] and has allowed for physiologic quantification of my-
ocardial diffusion properties such as mean diffusivity (MD), fractional anisotropy
(FA), and the transmural orientation of the aggregate cardiomyocyte orientation
known as the helix angle (HA). More recently, in vivo methods for obtaining DTI
data have emerged and cardiac DTI (cDTI) is now a feasible approach to esti-
mate the microstructure of the heart in vivo. One of the largest contributors to
this advancement was the design of motion-compensated diffusion encoding gra-
dient waveforms for spin-echo DTI sequences [10,27,2]. The ability to compensate
for position, velocity, and acceleration has allowed for reasonable quantification
of diffusion properties in the heart [28,22]. Without motion-compensated gra-
dients, spin-echo cDTI overestimates the diffusion of water within myocardial
tissue and exceeds the upper limit of free water diffusion, which is 2.9 µm2/ms
at body temperature[22].

Although in vivo cDTI methods now exist, it remains an extremely chal-
lenging imaging technique due to its inherently low signal-to-noise ratio (SNR),
tissue motion, and extended scan duration[24].Given these in vivo cDTI chal-
lenges, there is a need to carefully evaluate the post-processing steps that trans-
form imaging data into local tensor-valued data in order to mitigate the effect
of corrupted images or voxels, which could result in inaccurate cDTI metrics.
The importance of post-processing steps has been echoed in the recent consen-
sus statement from the Society of Cardiovascular Magnetic Resonance (SCMR)
Cardiac Diffusion Special Interest Group [5].

Recently, an open-source software package for cDTI data processing, Cardiac
Diffusion in Python (CarDpy) has served as a possible solution to address these
imperfections. CarDpy builds off the modular framework of Diffusion in Python
(DIPY) [11] and has been adapted to suit the specific needs of cDTI data with
additional modules and tools. One of these tools is a built-in graphical user
interface (GUI) for segmenting the left ventricle (LV). CarDpy is built with a
modular design, allowing users to easily incorporate different modules based on
data and user requirements. The currently available CarDpy modules include:
Gibbs Unringing, Shot-Rejection, Registration, Diffusivity Filtering, Averaging,
Denoising, Interpolation, and Diffusion Tensor Reconstruction. All modules al-
low the option of operating on magnitude cDTI data, while most of the modules
also offer the option of working with complex cDTI data. These modules offer
users the ability to filter out image imperfections and generate improved quan-
titative cDTI metrics. However, cDTI data processing is time-consuming and
a thorough investigation of the impact of data processing steps has not been
evaluated.

Herein, the purpose of this work was to assess the impact of cDTI data pro-
cessing steps within the CarDpy software for cDTI data obtained in healthy
volunteers. We evaluated the impact on quantitative cDTI metrics after six in-
cremental post-processing steps (POSTs) to identify the direct impact of data
processing on the data. Additionally, the uncertainty of each quantitative cDTI

https://github.com/tecork/CarDpy
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metric was measured to identify trends in the median uncertainty values of the
estimates.

2 Methods

2.1 Study Design

Forty (N=40, 39.3 ± 13.6 years old, 23 female) healthy volunteers were con-
sented under an IRB-approved study (Stanford Administrative Panel on Human
Subjects in Medical Research, Reference #FWA00000929 & #FWA00000934)
and scanned using a 3T MRI (Vida Fit, Siemens) with an 18-channel body
coil and a 32-channel spine coil. Volunteers were imaged at three slice positions
(basal, mid-ventricular, and apical) using a free-breathing, motion-compensated
(M0 + M1 + M2), spin-echo cDTI sequence with slice following [21]. The se-
quence was ECG gated to acquire images in a mid-systolic cardiac frame and a
single-shot, echo planar imaging (EPI) readout was used for image acquisition.
The cDTI sequence used the following parameters: echo time (TE)/repetition
time (TR) = 91 ms/3 × R-R interval, receiver bandwidth = 1776 Hz/pixel,
echo spacing = 0.65 ms, number of signal averages (Navg) = 5, field-of-view =
256 mm × 256 mm, matrix = 128 × 128, spatial resolution = 2.0 × 2.0 × 8.0
mm3, partial Fourier factor = 6/8, parallel imaging = 2× GRAPPA [12], phase
encode polarity = blip-up, diffusion b-values = 0 and 350 s/mm2, and fifteen
(15) diffusion directions resulting in a scan time of ≈80 s/slice.

2.2 Data Processing

Images for each volunteer were processed using six incremental POSTs in the
CarDpy open-source software. A graphical representation of the contents and
order of each POST can be seen in Fig. 1. The POSTs include:

– POST1: Averaging (magnitude) to improve SNR.
– POST2: Registration (affine transformation) to improve shot-to-shot corre-

spondence.
– POST3: Unringing to reduce Gibbs ringing artifacts [14,23].
– POST4: Shot-Rejection to eliminate images with motion artifacts.
– POST5: Diffusivity Filtering to cut-off high diffusivity values (≥ 3 µm2/ms)

and remove corrupted pixels.
– POST6: Denoising using a local principle component analysis (PCA) [20].

After each POST the data were sequentially run through the interpolation
module and the diffusion tensor reconstruction module. The interpolation mod-
ule used a k-space zero-filling approach [3] for interpolation (2.0 × 2.0 × 8.0 mm3

→ 1.0 × 1.0 × 8.0 mm3) and the diffusion tensor module used a non-linear least
squares diffusion tensor reconstruction [16]. MD, FA, and the primary eigenvec-
tor (e1) were extracted from the diffusion tensor reconstruction. Images were
then segmented using the CarDpy segmentation GUI. Epicardium (epi) and en-
docardium (endo) contours of the LV were selected by utilizing multiple cDTI
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Fig. 1. An overview of each cardiac diffusion tensor imaging post-processing step
(POST) from POST1 to POST6 (rows). For each POST, the sequential workflow of
Cardiac Diffusion in Python (CarDpy) modules is displayed.

contrasts including the average diffusion-weighted images, MD maps, and the e1
RGB maps. After the segmentation was completed, the e1 was projected onto the
circumferential-longitudinal plane to compute the HA. Qualitative MD, FA, and
HA maps for each POST can be viewed for a volunteer at a mid-ventricular slice
in Fig. 2. Additionally, incremental difference maps between sequential POSTs
for all cDTI metrics are displayed in Fig. 2.

HA maps were then used to calculate each image’s HA range (HAR). HAR
was estimated by calculating a linear regression of all HA points within the LV for
each slice, based on the normalized transmural wall thickness from epi to endo.
The point at the most epicardial end of the linear regression was subtracted from
the point at the most endocardial end of the linear regression, thus resulting in
the HAR.

2.3 Uncertainty Measurements

Uncertainty measurements were made by generating 400 bootstraps [6] for each
POST right before the averaging module; for POST1 this means the bootstrap-
ping was applied on the original images. Subsequently, each POST was processed
through the remainder of its respective pipeline, generating 400 unique diffusion
tensors. These bootstrapped tensors were then used to measure the uncertainty
of MD, FA, and the e1 [13,1]. The uncertainties of MD (dMD) and FA (dFA)
were measured by calculating the width of a two-sided 95% confidence interval
(CI) for each voxel in the bootstrapped results. Uncertainty of the e1 (de1) was
measured by calculating the width of a one-sided 95% CI (starting from 0◦) for
each voxel in the bootstrapped results. Qualitative dMD, dFA, and de1 maps
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Fig. 2. Cardiac diffusion tensor imaging (cDTI) metrics are shown for a single volunteer
in a mid-ventricular slice. Mean diffusivity (A), fractional anisotropy (C), and helix
angle (E) maps are shown for each post-processing step (POST). The POSTs display
improvements in mean diffusivity and fractional anisotropy homogeneity and helix
angle coherence and smoothness from POST1 (left column) through POST6 (right
column). Differences between consecutive POSTs for mean diffusivity (B), fractional
anisotropy (D), and helix angle (F) are also displayed.

for each POST can be viewed for a volunteer at an apical slice in Fig. 3. Ad-
ditionally, incremental difference maps between sequential POSTs for all cDTI
uncertainties are displayed in Fig. 3.

2.4 Statistical Analysis

For each slice, the HAR and the median LV values for MD, dMD, FA, dFA,
and the de1 were reported across each POST. In Fig. 4, empirical (blue) and
uncertainty (orange) measurements of cDTI metrics for all slices across all volun-
teers were visualized as a split violin plot for each POST. The split violin plots
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Fig. 3. Uncertainty of cardiac diffusion tensor imaging (cDTI) metrics are shown for
a single volunteer in an apical slice. The uncertainty of mean diffusivity (A), frac-
tional anisotropy (C), and the primary eigenvector (E) maps are shown for each post-
processing step (POST). The POSTs display improvements in uncertainty for mean
diffusivity, fractional anisotropy, and the primary eigenvector from POST1 (left col-
umn) through POST6 (right column). Differences between consecutive POSTs for the
uncertainties of mean diffusivity (B), fractional anisotropy (D), and the primary eigen-
vector (F) are also displayed.

displayed the median and interquartile range (25% to 75%) for each POST.
All violin plots were truncated at the limits of the data. Median values for
all cDTI metics and their corresponding uncertainties can be seen in Table 1.
POST1 through POST5 were compared to POST6 using a paired t-tests to as-
sess statistical significance for both cDTI metrics and the respective uncertainty
in each metric. All reported p-values were evaluated after undergoing post hoc
Holm-Šidák corrections. A p-value < 0.05 was considered significant. Statistical
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signifigance results for all cDTI metics and their corresponding uncertainties can
be seen in Table 2.

3 Results

Mean Diffusivity – Median MD (µm2/ms) results remained stable across all
POSTs (Table 1). When comparing MD after all other POSTs to POST6, there
were no significantly different findings (Table 2). Median dMD (µm2/ms) results
displayed a decreasing trend from POST1 to POST6 (Table 1). When comparing
dMD from other POSTs to POST6, we found that POST1 through POST3 were
significantly different from POST6 (Table 2).

Fractional Anisotropy – Median FA (unitless) results displayed a de-
creasing trend from POST1 to POST6 (Table 1). Comparisons of FA for POST1

through POST5 to POST6 were each significantly different (Table 2). Median
dFA (unitless) results displayed a decreasing trend from POST1 to POST6 (Ta-
ble 1). When comparing dFA for each POST to POST6, POST1 through POST3

were significantly different (Table 2).
Helix Angle – Median HAR (◦) results increased after POST1, but remained

stable across all remaining POSTs (Table 1). When comparing HAR for each
POST to POST6, only POST1 was significantly different from POST6 (Table 2).
Median de1 (◦) results displayed a decreasing trend from POST1 to POST6

(Table 1). When comparing de1 for each POST to POST6, POST1 through
POST3 were significantly different (Table 2).

Table 1. Medians for cDTI Metrics and Uncertainties

Incremental
POSTs

MD
[µm2/ms]

dMD
[µm2/ms]

FA
[unitless]

dFA
[unitless]

HAR
[°]

de1

[°]
POST1 1.56 0.59 0.34 0.23 55.9 21.6
POST2 1.59 0.56 0.32 0.20 64.7 20.4
POST3 1.58 0.53 0.32 0.19 61.8 19.8
POST4 1.58 0.46 0.31 0.17 63.8 16.9
POST5 1.56 0.44 0.30 0.17 62.6 17.0
POST5 1.56 0.46 0.29 0.16 62.0 16.6

Post-Processing Steps (POSTs)
Mean Diffusivity (MD); MD Uncertainty (dMD)

Fractional Anisotropy (FA); FA Uncertainty (dFA)
Helix Angle Range (HAR); Primary Eigenvector Uncertainty (de1)

4 Discussion

In this study, we investigated how cDTI metrics and their respective uncertain-
ties were affected by incremental changes in the data processing pipeline. Each
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Table 2. Statistical Significance Testing for cDTI Metrics and Uncertainties

Comparisons MD dMD FA dFA HAR de1

POST1 vs. POST6 N.S. < 0.0001 < 0.0001 < 0.0001 < 0.05 < 0.0001
POST2 vs. POST6 N.S. < 0.0001 < 0.0001 < 0.0001 N.S. < 0.001
POST3 vs. POST6 N.S. < 0.001 < 0.0001 < 0.0001 N.S. < 0.01
POST4 vs. POST6 N.S. N.S. < 0.0001 N.S. N.S. N.S.
POST5 vs. POST6 N.S. N.S. < 0.05 N.S. N.S. N.S.

Mean Diffusivity (MD); MD Uncertainty (dMD)
Fractional Anisotropy (FA); FA Uncertainty (dFA)

Helix Angle Range (HAR); Primary Eigenvector Uncertainty (de1)

incremental module used in this work was focused on making improvements
to address artifacts in the image (Gibbs ringing, motion corrupted shots, and
super-physiologic diffusivity), address shot-to-shot motion (registration), and/or
improve the signal-to-noise ratio (averaging and denoising). As results from each
incremental POST were computed, the uncertainty of all cDTI metrics (dMD,
dFA, and the de1) decreased, thus suggesting increased robustness in cDTI met-
rics estimation. In terms of uncertainty, there were significant differences from
POST1 through POST3 when compared to POST6 for dMD, dFA, and the de1.

In summary, the median MD remained stable across all POSTs with no sig-
nificant differences for all POSTs compared to POST6. A decreasing trend of
median FA values from POST1 through POST6 was observed with significant dif-
ferences for all POSTs compared to POST6. For median HAR, there was an 8.7◦
increase when comparing POST2 to POST1 (indicating a high impact POST)
and the trend was stable thereafter. This was confirmed when analyzing the
HAR for POST1 vs. POST6, which was significantly different, but was no longer
significantly different from POST2 through POST5 when compared to POST6.
Lastly, the qualitative cDTI metric maps from POST1 through POST6 showed
increased homogeneity for MD and FA maps, while also displaying smoother HA
maps with fewer areas of discontinuity.

The median MD values reported in our study are on the higher side (1.22
- 1.68 µm2/ms) when comparing to values typically reported in the literature
for spin-echo cDTI [5]. This elevated source of MD may be partially due to the
endocardial segmentation of the myocardium. In our segmentation, endocardial
pixels are subject to partial voluming between the LV blood pool and myocardial
tissue. The partial volumed signal appears to capture the diffusivity properties
of the blood while also retaining the orientation of the myocardial tissue. Given
that there is still a quantifiable orientation of the myocardium in this region,
we have accepted the trade-off of elevated MD for improved HA maps. An addi-
tional possible source of these elevated MD values could be related to perfusion
within the capillaries of the heart when using a reference b-value of 0 s/mm2

[5]. Moreover, the median FA values reported in our study are on the lower
side (0.22-0.58 unitless) when comparing to values reported in the literature
for spin-echo cDTI [5]. Similar to MD, a possible source of these lower values
could be related to perfusion within the capillaries of the heart when using a
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Fig. 4. Split violin plots with median and interquartile range lines for cardiac diffu-
sion tensor imaging (cDTI) metrics and their corresponding uncertainty measurements
across all post-processing steps (POSTs). cDTI metrics are characterized by the blue
violin plots, while the uncertainty of the corresponding cDTI metrics are characterized
by the orange violin plots. cDTI metrics and uncertainty measurements are visualized
for: (A) mean diffusivity (MD) and MD uncertainty (dMD); (B) fractional anisotropy
(FA) and FA uncertainty (dFA); and (C) helix angle range (HAR) and the primary
eigenvector uncertainty (de1).

reference b-value of 0 s/mm2 [5]. This decrease in FA across all POSTs while
the data quality improves with each incremental POST, suggests that factors
that decrease sources of measurement discrepancy (e.g., noise) tend to decrease
FA [9]. The median HAR in our study is below the expected range (95◦-110◦)
when compared to values typically reported in the literature for spin-echo cDTI
[5]. In our data, we tend to see that HA values are more shallow (lower overall
angle magnitude) near the epicardial border than anticipated, thus reducing our
HAR. While it is possible for absolute sheetlet angle (E2A) to be calculated for
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motion-compensated spin-echo acquisitions, the short time between paired diffu-
sion encoding gradients (∆) and the comparatively long duration of the diffusion
encoding gradient (δ) has led to observations of less reliable results when com-
pared to stimulated acquisition mode (STEAM) [26,15]. STEAM acquisitions
have a long ∆ and a short δ, which has been hypothesized to increase reliability
of the E2A metric. Due to the less reliable nature of E2A for motion-compensated
spin echo acquisitions, these results were intentionally not reported.

cDTI is an emerging technology for which many experimental variables are
still being investigated. In particular, substantial work continues to explore the
impacts of pulse sequences, spatial resolution, and MRI gradient hardware on
cDTI metrics. The goal is to identify the approaches that objectively and ac-
curately estimate cDTI metrics. Improvements in MRI software and hardware
will continue to evolve and the approach outlined herein provides one framework
for understanding the impact of different post-processing steps on the acquired
data. While the MD and FA results are converging within the literature, there
remains a discordance between the expected helix angle range seen on histology
and that obtained with cDTI.

As for limitations, within some of the CarDpy modules, different algorithms
could have been used for data processing. For example, within the Denoising
module, algorithms such as non-local means denoising [7] or “Patch2Self” de-
noising [8] could have been implemented over local PCA denoising. Addition-
ally, our current study reconstructs tensors using averaging as a default module
to inherently improve the SNR, although individual measurements (before av-
eraging) could have also been used for the tensor reconstruction. The use of
individual measurements for the tensor reconstruction may provide benefits in
terms of resilience to noise and preserving finer structural information, but re-
quires a modified approach to characterize the uncertainty in cDTI parametric
maps. Furthermore, it is difficult to predict if the same level of improvements will
be present on cDTI data acquired with high performance (Gmax = 80 mT/m,
Smax = 200 T/m/s) or ultra-high performance (Gmax = 200 mT/m, Smax = 200
T/m/s) scanners compared to the commodity gradient hardware available for
this study (Gmax = 45 mT/m, Smax = 200 T/m/s). Future work can use the ap-
proach outlined herein to understand the impact of various acquisition strategies
across different scanners and across different open-source cDTI post-processing
software packages.

5 Conclusions

We characterized the effects of several post-processing steps on cDTI metrics
(MD, FA, and HAR) and the corresponding uncertainties (dMD, dFA, and de1)
in a cohort of healthy volunteers. We observed that registration (POST2) and
shot-rejection (POST4) were the POSTs that most improved cDTI metrics and
uncertainties. The gains from registration (POST2) were observed in the HAR,
while the gains from shot-rejection were observed in the remaining cDTI metrics
(MD and FA) and across all reported uncertainties.
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