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Article History: Rationale and objectives: A method for visualizing and analyzing the complete information contained in
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MADplots) of the water-photoelectric attenuation versus water-scatter attenuation at the cohort
(combination of multiple studies across patients), examination, series, slice, and organ/ROI levels is
described.
Materials and methods: The appearance of a MADplot with several standard biological materials was pre-
dicted using ideal material properties available from NIST and the ICRU to generate a map for this non-spatial
data space. Software tools were developed to generate MADplots as new DICOM series that facilitate spectral
analysis. Illustrative examples were selected from an IRB-approved, retrospective cohort of Spectral Basis
Images (SBIs) scanned using a pre-release, dual-layer detector spectral CT.
Results: By combining all of the voxels for contrast and non-contrast studies, the predicted appearance of the
MADplot was confirmed. Locations of several kinds of tissue, the shape of the tissue distributions in normal
lung, and the variations in the manner in which organ-specific MADplots change with pathology are demon-
strated for the presence of fat in both the liver and pancreas highlighting the potential use for identifying
pathologies on spectral CT images.
Conclusions: The examples of MADplots shown at cohort (combined studies), examination, series, slice, organ,
and ROI levels illustrate their potential utility in analyzing and displaying spectral CT data. Future studies are
directed at developing MADplot based organ segmentation and the automated detection and display of organ
based pathologies.
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1. Introduction

The potential to generate material selective maps or images based
on the energy dependent attenuation of X-ray photons as they pass
through tissues predates computed tomography (CT) [1]. A map of
the endogenous concentration of iodine in human thyroid was

Abbreviations: CT, computed tomography; DICOM, Digital Imaging and Communica-
tions in Medicine; HU, Hounsfield Unit; ICRU, International Commission on Radiation
Units and Measurements; IV, intravenous; kVp, peak voltage across an X-ray tube;
MADplot, Material Attenuation Decomposition histogram; NIST, National Institute of
Standards and Technology; PE, photoelectric; PO, positive oral contrast; RO, region of
interest; SBI, spectral basis images

* Corresponding author at: University of Texas Southwestern Medical Center,
Department of Radiology, 5323 Harry Hines Blvd, Dallas, Texas 75390, USA.

E-mail address: Robert.Lenkinski@UTSouthwestern.edu (R.E. Lenkinski).

https://doi.org/10.1016/j.redii.2022.100011

published in 1958 [2] and an image of the distribution of an IV
administered iodinated contrast agent in the liver of a rabbit was
published in 1959 [3]. Hounsfield’s initial paper published in 1973 on
CT describes perhaps the earliest approach for distinguishing materi-
als based on their atomic numbers by acquiring images at two differ-
ent X-ray tube voltages [4]. In 1976, Alvarez and Macovski presented
a spectral CT algorithm that extracts the maximum amount of spec-
tral information from two energy-dependent scans [5—7]. This algo-
rithm creates two images through a non-linear transformation from
the high and low energy sinograms to a new pair of sinograms con-
taining the projection coefficients in terms of two basis vectors. A
number of basis vectors have been described including the use of a
basis pair comprised of the photoelectric effect (PE) and Compton
scattering (SC), the two dominant tissue interaction mechanisms for
diagnostic X-rays [5,7-10]. While an approach using PE and SC as
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Table 1
Image pairs containing complete spectral CT information on tissue
attenuation.

High kVp Low kVp

Monoenergetic E;
Virtual Non-Contrast (VNC)
Virtual Non-Calcium (VNCa)

Monoenergetic E;
lodine map
Volumetric bone
mineral density (vBMD)

Photoelectric Scatter
Effective Z Electron density, p
Conventional CT MADplot

basis vectors was one of the earliest described (see for example [5]), it
has not been uniformly adopted in the recent emergence of clinical
spectral CT. It was suggested by Alvarez [5] that the two-basis model
using PE and Compton scattering would need optimization to
improve its accuracy.

The advantage of an optimized two basis model is that it mini-
mizes beam hardening artifacts by using optimal base and projection
domain decomposition. Another advantage of any PE/SC based
decomposition is the strict positivity of the decomposition coeffi-
cients, as opposed to decomposition with two specific materials
(such as water and iodine) where unphysical, negative densities are
routinely encountered and may present a conceptual problem for
subsequent tissue characterization. In most spectral CT applications,
images created using two basis vectors are further transformed into
pairs of quantitative images (with units of effective density in mg/ml
or mg/cm?) using an additional linear transformation, often referred
to as a two-material decomposition (2MD). A routine example of this
second transformation is the generation of a quantitative iodine map
and a virtual non-contrast (VNC) image containing only tissues with
iodine removed. As summarized in Table 1, there are numerous
potential representations of the information provided by a spectral
CT study.

At a minimum, two quantitative values are required per voxel to
properly characterize the X-ray attenuation [11], but it has been
argued that up to four basis vectors may be appropriate for diagnostic
imaging [12]. The approach to optimization and modification of two-
base models like the PE and SC model has been recently reviewed in
detail by Shapira et al. [13].

It is clear that the radiologist cannot visualize the complete infor-
mation in a spectral CT study by viewing a single series of images.
The complete information is encoded in two series, and the challenge
is to integrate this additional information into the clinical workflow.
One approach has been to render spectral CT as a color imaging
modality, either by using a color map for the effective Z spectral
derived image, or by superimposing a color, quantitative iodine map
on a greyscale conventional, monoenergetic, or VNC series. In this
report, we demonstrate that using a 2D histogram analysis of the
water-PE and water-scattering images provides an alternative
method for interacting with spectral CT data [14—17]. We have previ-
ously reported several applications of MADplots to phantom [14], ex
vivo [15], animal [16] and human liver segmentation studies [17]. In
this report we provide a more detailed discussion of the approach to
generating MADplots and provide examples that illustrate their
potential use in clinical studies.

There are several spectral CT systems currently available: dual-
source CT, systems employing rapid or slow kVp switching, and sys-
tems using dual-layer detectors [18-25,26]. Although all of the exam-
ples shown here were acquired on a prototype dual-layer detector
system [27—29], the approach can be modified for the analysis of
spectral CT data acquired using dual-source scanners or scanners
using kVp switching.
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2. Materials and methods

Spectral CT is a general term that refers to various forms of com-
puted tomography that utilize two or more energy-dependent data
acquisitions to improve the model-based reconstruction of the
unknown linear attenuation coefficient inside a system of interest
[24]. Early practitioners of CT proposed decomposing the energy-
dependent attenuation coefficient into two or more energy depen-
dent basis vectors. For dual-energy CT, in which two acquisitions
with differing system weighting functions are collected, this two
basis set decomposition can be performed either on the attenuation
data (i.e., projection- or sinogram-based decomposition) or on beam-
hardened corrected images (i.e., image-space decomposition). The
original Alvarez and Macovski decomposition was based on photo-
electric (PE) effect and Compton scatter [5] basis vectors,

In this work, nominal SBI decomposition coefficients based on a
vendor proprietary and optimized basis functions (Philips Health-
care) were transformed to the related decomposition coefficients for
water PE/SC basis functions. We refer to these transformed coeffi-
cients as MAD coefficients. Specifically, the basis functions of the
MAD coefficients are (1) water-Compton, and (2) water-PE plus water
coherent scatter, as listed in the NIST database and ICRU databases
[30-32].

This enables other vendors to map any DECT results to the same,
literature based, model. Also, analogous representations of the spec-
tral CT data from other vendor solutions could be approximated by
transformation using a calibration phantom. Early on, Macovski’s
group found it useful to view these SBIs as 2D correlation plots [5,6]
where the y coordinate is the coefficient of the photoelectric effect
and the x coordinate is the coefficient of the attenuation due to
Compton scattering. While there is some limited vendor support for
making scatterplots of spectral CT data (primarily in associated thin
client clinical software), we take the approach of generating Second-
ary Capture DICOM series that contain 2D histograms of the PE and
SC values. For convenience, we refer to these statistical plots as
Material Attenuation Decomposition plots or MADplots. If the MAD-
plot is displayed with window level and width of 1, it approximates
a scatterplot of the same data. Of course, the histogram or scatterplot
could also be formed using any other pair of values in described
above.

We simulated the appearance of a MADplot with several standard
biological materials using a spectral CT simulator developed in MAT-
LAB (Mathworks, Natick, MA) by our group. The position of the vari-
ous materials shown in Fig. 1 were obtained from ICRU and NIST
databases [30—32]. This Figure illustrates the fact that different mate-
rials will appear in different locations within the 2D MADplot space.
We normalize the decomposition coefficients relative to water and
air so that pure water lies at coordinate (1, 1) and air lies at (0, 0).
While some ambiguities are not entirely removed, materials that
were previously degenerate or isoattenuating in HU (such as iodine
and calcium) can now be easily differentiated.

2.1. Spectral CT image database

We chose illustrative examples of applications of the MADplots
from the patients who were enrolled for clinical imaging on a pre-
release dual-layer spectral detector CT (i.e., a prototype IQon, Philips
Healthcare) between May 2015 and December 2016. All of the
patients scanned were referred for a clinically indicated conventional
CT. Both single-phase and multi-phase studies were preformed,
resulting in 193 non-contrast SBIs and 214 IV contrast-enhanced
SBIs. Spectral images (such as mono-energetic and quantitative
iodine maps) and associated SBIs for each study were generated on
the prototype IQon, anonymized locally, stored as DICOM images on
a spectral CT-aware version of IntelliSpace Portal (v6.5, Philips
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Ideal histogram space for MADplot (with 120 kVp HU iso-contours)
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Fig. 1. Nominal locations for various materials [31-33] in the MADplot space. Coefficients for Water PE and Water scatter are relative to those for water at (1, 1). Attenuation iso-
contours for conventional polychromatic CT imaging at 120 kVp are shown.. Note: arrows denote axes for typical locations of locations of Calcium (green) and lodine (purple) with

tissue.

Healthcare), and subsequently exported to hard disk for further anal-
ysis. In addition, an archival database of just anonymized SBIs was
accrued on the departmental research PACS system (iPACS, inVicro,
Boston, MA). This database of SBIs was used in generating the exam-
ples shown in this report under an IRB approved retrospective review
for technical development and image quality assessment.

2.2. MADplot analysis software

We have developed a variety of different software tools that can
read the SBIs and create a variety of user selected MADplots. These
tools included the popular NIH Image]/FIJI software [33] using a mod-
ified version of the Scatterjn plugin [34], a 2"¢ generation tool that
used the MATLAB software graphical user interface, and most
recently Python-based plugin scripts [35] for the OsiriX family of
DICOM viewers.

(OsiriX. www.osirix-viewer.com.; Horos. www.horosproject.org.).
These tools provided the capability of creating MADplots from com-
bined CT studies from multiple subjects (Combined MADplots), MAD-
plots of a complete series of the patient’s CT examination (Global
MADplot), MADplots of a single slice (Local MADplot), and a MADplot
of a selected region of interest (ROl MADplot). Each of these tools pro-
vided the capability of selecting ROI's on either the corresponding
conventional CT image and displaying the locations of the pixels
within the ROI on the corresponding MADplot, or conversely, select-
ing an ROI on the MADplot and displaying the location of the pixels
within the ROI on the corresponding convention CT image. In this

manner, with the conventional CT and corresponding MADplot dis-
played side-by-side, the ROI tools allow for the differentiation and
visual segmentation of biological materials utilizing their different PE
and SC values.

3. Results

Examples of Combined MADplots for all subjects that were
scanned without and with IV contrast are shown in Fig. 2. Note that
the shapes of these in vivo MADplots are very similar to the simulated
MADplot shown in Fig. 1. Also note the similarities between Fig.s 2a
and b, with the exception of an almost vertical line just to the right of
the red arrow seen in Fig. 2b, indicating the presence of iodine. The
presence of this line is due to (a) the contribution of the photoelectric
effect for iodine increasing the attenuation of X-ray photons and (b)
the different concentrations of iodine in various tissues post-injec-
tion. This illustrates one of the results of the linear partial volume
effect where voxels contain varying homogeneous mixtures of two
materials with differing intrinsic attenuations.

An example of a Global MADplot created from the contrast-
enhanced scan of a patient is shown in Fig. 3a. ROIs indicated on this
MADplot are subsequently demonstrated to corresponded to adipose
tissue, intracostal cartilage, and contrast-enhanced liver and spleen
(Fig. 3b). Furthermore, this MADplot-based segmentation is compati-
ble with multiplanar reformatting.

At the organ or tissue level, the MADplot representation for path-
ological versus normal tissue can take various forms. In Figs. 4 and 5,
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Fig. 2. 2D histograms (i.e. Combined MADplots) for all voxels in Spectral Basis Images from the N=300 studies on the Philips IQon. Histograms are visualized using a base-10 loga-
rithmic scale. Water PE and Water scatter coefficients are given on an arbitrary, relative 12-bit scale. (a) Combined MADplot for all series indicated as non-contrast. The yellow
arrow indicates the spectral location of oral contrast not denoted in series descriptions. (b) Combined MADplot for all series labelled as contrast-enhanced. The red arrow denotes a

distinct non-biological material: silicone breast implants in 4 subjects.

Fig. 3. (a) A Global MADplot for a male subject with an IV and PO contrast abdomen study. ROIs drawn for locations corresponding to liver with contrast, spleen with contrast, intra-
costal cartilage, and adipose tissue. (b) Corresponding spatial locations for ROIs in Global MADplot. (c-d) Multiplanar reformating, including spatial ROIs.

we illustrate two possible scenarios for the abnormal presence of fat.
As shown in Fig. 4, the homogeneous presence of microscopic fat in
the liver can lead to a general translational shift of the MADplot fea-
ture that corresponds to liver. This is in contrast to the fatty infiltra-
tion and replacement seen in the pancreas in Fig. 5. Here the
MADplot representation of the pathological organ is a more compli-
cated change in the distribution of the water-PE and water-scattering
values. Changes in the mean and variance are not sufficient in this
case to completely characterize the changes in tissue composition,
and more sophisticated concepts of statistical distance between non-
parametric distributions should be considered.

Lastly an ROI-based MADplot for the lung is shown in Fig. 6. This
MADplot shows only the pixels associated with the lung, thus removing

any overlap with other organs. The MADplot shows a linear cluster in
yellow distributed between the coordinates for air and presumably
pure lung tissue, indicating the presence of linear partial volume effects.
Since the ROI was generated using thresholding on the interval [-1000,-
200] HU, the -200 HU isoattenuation line for the underlying conven-
tional CT is also evident in the ROI-based MADplot.

4. Discussion

2D histograms of spectral data encoded as water photoelectric
(plus coherent), and scatter attenuation coefficients (introduced here
as MADplots) provide a useful statistically-based method for display-
ing and analysing spectral CT image information at the series, slice,
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Fig. 4. Local MADplots for non-fatty and fatty liver (zoomed to relevant soft tissue zone). (top) normal liver (mean 63 HU) (bottom) fatty liver (mean 33 HU). Locations of macro-
scopic fat and water are denoted in MADplot in yellow and blue respectively. Note that liver feature (orange) in MADplot shifts in position with minimal change in shape.

organ, and tissue levels. This particular approach enables setting the
relative locations of attenuation coefficients that are predicted for
photoelectric absorption and scattering for organs and tissues [36].
The important step in these analyses was the construction of the vari-
ety of MADplots as illustrated above. In many cases these MADplots
can be calibrated to produce quantitative results that are equivalent
to those derived from two material decomposition approaches. Theo-
retically, these MADplots are independent of the system or tube volt-
age employed. In our examples, these plots should also be (almost)
free of any beam hardening artifacts since they are based on cor-
rected sinograms. The effects of linear partial voluming appear as lin-
ear clusters on these MADplots, identifying pixels where there is
homogeneous mixing of two materials.

The use of the ROI MADplots could in principle facilitate the
development of automated methods for the quantitative analysis of
organ specific spectral CT results. One approach to this process could
involve the application of an automated organ specific segmentation
step, followed by the creation of an ROI MADplot based the segmen-
tation, followed by the creation of a “library” of normal MADplot data
and a comparison of the patient data with this normal library to iden-
tify any statistically significant differences. These differences could be
displayed as an overlay on the conventional CT image for interpreta-
tion by the Radiologist.

In quantitative applications of spectral CT, as with quantitative
iodine maps, reporting the precision (i.e., the variance) becomes
important. Alvarez has provided a detailed analysis of determining
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Fig. 5. Local MADplots for normal pancreas and pancreas with fatty infiltration (zoomed to relevant soft tissue zone). (top) normal pancreas. Locations of macroscopic fat and water
are denoted in MADplot in yellow and blue respectively. Note that pancreas (green) in MADplot is characterized by a statistical change in the complete distribution of Water PE/

Water scatter values rather an a simple translation.

the variances of the photoelectric effect and Compton scattering [5].
In principle, the variances in the two coefficients can be employed to
compute the variance in any quantitative map derived from a MAD-
plot. A limitation of the approach described here is the fact that the
accuracy of the MADplots depend in large part on the accuracy of the
determination of the two basis vectors from the non-linear transfor-
mation applied to the sinograms described above. Any model errors
present in this transformation could lead to inaccuracies (or biases)
in the MADplots. For example, incomplete scatter correction at the
sinogram level could be a source of bias.

At our institution, we have found that the MADplot-centric
representation of spectral CT data is viewed more favorably by our
radiologist than techniques such as the spectral Hounsfield curve
which presents HU mean and variance for an ROI across many
monoenergetic keV values [37]. In principle, the spectral Houns-
field curve is highly redundant since it too is linearly related to
the underlying two parameter spectral CT data. It is also difficult
to imagine a procedure for mapping from spectral Hounsfield
curves back to image space, a procedure which is natural in the
MADplot representation.
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Water PE

Water scatter

Fig. 6. An example of a ROI-based MADplot for a specific organ (a) ROI of tissue or organ of interest — in this case, bilateral lungs. (b) organ-specific MADplot for lungs (yellow)
superimposed on global MADplot for entire chest series. Note: the -200 HU threshold line is evident as a yellow linear boundary in the MADplot.

To our knowledge the MADplot approach for analysis and display
of Spectral CT images is not currently available on commercial scan-
ners or their analysis platforms.

5. Conclusions

We have shown examples of MADplots that illustrate some of
their potential utility in analyzing and displaying spectral CT data.
We suggest that the use of these MADplots may become an important
method for identifying pathologies on spectral CT images. Although
we have shown examples from a prototype dual-layer scanner, we
suggest that this approach can also be applied, after appropriate cali-
bration, to spectral data from scanners based on dual-source or kVp
switching. This would potentially provide a framework toward a ven-
dor neutral approach in the clinical interpretation of Spectral CT stud-
ies.
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