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a b s t r a c t
Purpose/objective: Experimental in vivo determination of radiological tissue parameters of organs in the
head and pelvis within a large patient cohort, expanding on the current standard human tissue database
summarized in ICRU46.
Material/methods: Relative electron density (RED), effective atomic number (EAN) and stopping-power
ratio (SPR) were obtained from clinical dual-energy CT scans using a clinically validated DirectSPR implementation and organ segmentations of 107 brain-tumor (brain, brainstem, spinal cord, chiasm, optical
nerve, lens) and 120 pelvic cancer patients (prostate, kidney, liver, bladder). The impact of contamination
by surrounding tissues on the tissue parameters was reduced with a dedicated contour adaption routine.
Tissue parameters were characterized regarding the cohort mean value as well as the variation within
each patient (2rintra ) and between patients (2rinter ). For the brain, age-dependent differences were determined.
Results: For 10 organs, including 4 structures not listed in ICRU46, the mean RED, EAN and SPR as well as
their respective intra- and inter-patient variation were determined. SPR intra-patient variation was
higher than 1.3% (1.3–4.6%) in all organs and always exceeded the inter-patient variation of the organ
mean SPR (0.6–2.1%). For the brain, a significant SPR variation between pediatric and non-pediatric
patients was determined.
Conclusion: Radiological tissue parameters in the head and pelvis were characterized in vivo for a large
patient cohort using dual-energy CT. This reassesses parts of the current standard database defined in
ICRU46, furthermore complementing the data described in literature by smaller substructures in the
brain as well as by the quantification of organ-specific inter- and intra-patient variation.
Ó 2022 The Authors. Published by Elsevier B.V. Radiotherapy and Oncology 175 (2022) 34–41 This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Reliable knowledge of tissue properties is essential for a
multitude of radiotherapeutic applications, such as Monte Carlo
transport simulations in external radiotherapy and brachytherapy
[1–4], stoichiometric CT calibration [5–7] and the creation of
anthropomorphic phantoms [8]. Based on their elemental composition, the interaction between ionizing radiation and patients’
tissue is calculated. In particle therapy, tissue properties are used
in dual-energy CT for range prediction [9,10] as well as in range
verification via PET [11] or prompt-gamma emission [12]. Tissue
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parameters are furthermore used for improving other imaging
modalities such as MRI [13] and cone-beam CT [14].
The most-established reference dataset of tissue parameters is
based on the work of Woodard and White from the 1980s, summarizing and harmonizing results from other groups as well as
amending them in several parts [15]. Their data was used in the
International Commission on Radiation Units and Measurements
(ICRU) report 44 and 46 [16,17] as well as in the International
Commission on Radiological Protection report ICRP89 [18]. In their
work, Woodard and White analyzed the content of water, lipid, protein, carbohydrates and high-atomic elements (Z  8) for 56 body
tissues from adult humans, calculated the corresponding elemental
composition and estimated the resulting mass- and electron
density.
While the tissue database by Woodard and White is comprehensive and widely used, there are several limitations already pointed
out by the authors when collecting the data [15,17]: Information
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Germany) with either protons or photons. The retrospective study
was approved by the local ethics committee (EK535122015).
For the brain-tumor patients, clinical contours of the brain,
brainstem, optical nerve, lens, chiasm, lacrimal glands and cervical
spinal cord; in the pelvis, contours of the prostate, kidney, liver and
bladder (thus urine) were analyzed, in each case excluding the
delineated tumor volume and the overlap with other contours.
Paired organs were combined if both sides were delineated. While
in the head most contours were present in most of the patients,
number of contours in the pelvis varied widely, as organ segmentation depends heavily on tumor location. The number of contours
analyzed for each organ as well as the average patient age are
listed in Table 1.

was gathered from different sources without a common standard
in the experimental handling of the investigated tissues. Some
were examined fresh after procurement, others were dehydrated,
defatted, or otherwise manipulated before examination. Furthermore, as all tissues were investigated ex vivo, blood flow was not
fully considered, and decay was inevitable.
In an extension of their original work [19] as well as in ICRU 46,
the authors distinguish tissue parameters for different age groups
(fetus, infant, child and adult). However, due to the tremendous
experimental effort needed for analysis, tissues were obtained only
from a small number of individuals. Described variations are therefore primarily case reports. Factors specific to the individual, such
as health status and diseases, physical activity and, closely connected, hydration as well as diet are not sufficiently reflected in
the data.
Recent innovations in medical imaging allow for a highly precise voxel-wise determination of radiological parameters from
patient CT scans [20,21]. In combination with clinical organ delineation, this enables a tissue-specific characterization of different
organs and substructures. The benefits are evident: Tissues can
be investigated in vivo in a standardized procedure, increasing
accuracy and allowing for a straightforward assessment of error
sources, as all error sources can easily be traced back to the prediction model, limiting the experimental influence. Furthermore, as
data is already gathered in clinical routine, large patient cohorts
can be analyzed. The impact of individual-related influences
(health, hydration, diet) on the average tissue parameters is therefore reduced, while variations over the population can be quantified adequately.
Here, we present a comprehensive patient-cohort analysis of
the radiological tissue parameters relative electron density (RED),
effective atomic number (EAN) and stopping-power ratio (SPR)
for tissues in the head and pelvis, utilizing a clinically implemented
tissue characterization tool. The tool comprises a DirectSPR implementation, using dual-energy CT (DECT) for parameter determination. For the brain, age dependency of the SPR is analyzed and
quantified.

DECT scans and tissue characterization
Dual-spiral DECT scans (two consecutive CT scans at 80 and 140
kVp) were acquired on a single-source CT scanner SOMATOM Definition AS (Siemens Healthineers, Forchheim, Germany) with automatic exposure control (CareDose 4D, CTDIvol; 32cm  15mGy) in the
pelvis and a fixed exposure (CTDIvol; 16cm  44mGy) in the head.
Slice collimation was 1.2 mm. Image noise was reduced by using
an iterative reconstruction kernel Q34f/5 (SAFIRE at maximum
strength) with 0.6  0.6  2 mm3 and 1  1  2 mm3 voxel spacing
in the head and pelvis, respectively. The kernel comprised an iterative beam hardening correction for bone to improve CT number
stability [22]. Patient motion between two scans were limited by
immobilization devices (head cushion and thermoplastic masks
for the head and vacuum cushion for the pelvis). Remaining minimal organ movement was addressed by deformable image
registration.
For radiological tissue characterization, a DirectSPR prototype
implementation (Siemens Healthineers, Forchheim, Germany)
with an in-house size-dependent calibration was used [23]. In previous work, the RED and SPR prediction accuracy in soft tissues
was experimentally determined to be ð0:1  0:2Þ% [24]. The
patient size is approximated by the effective water-equivalent
thickness obtained slice-wise from the CT scans to increase calibration accuracy. For additional noise reduction in the tissue parameter calculation, spatial frequency filtering was applied [25].
Remaining noise was quantified for soft tissues in a large body
and small head phantom geometry. In the head, remaining noise
rnoise was below 0.4% for SPR and RED and below 10% for EAN; in
the pelvis below 0.8% for SPR and RED and below 20% for EAN.
The conversion from CT number to the percentage level follows
from the respective DICOM saving format, where for RED and
SPR D1 HU corresponds to DRED=SPR ¼ 0:001 and DEAN = 0.1 for

Materials and methods
Patient cohort
CT scans and organ contours from 107 patients with a brain
tumor and 120 patients with cancer in the pelvic region were
selected from the clinical database considering a balanced distribution of sex and age (Table 1 and Supplement EA). All patients were
treated at the University Proton Therapy Dresden (Dresden,

Table 1
Mean tissue parameters and their relative inter- and intra-patient variation relative to water for organs in the head and pelvic region. Variation of the effective atomic number is
depicted in absolute numbers.
Relative electron density
Number of
contours

Age in years
(Avg. ± 2r)

Effective atomic number

Stopping-power ratio

Mean

2rintra in %

2rinter in %

Mean

2rintra

2rinter

Mean

2rintra in %

2rinter in %

Brain
Brainstem
Spinal cord
Optical nerve
Chiasm
Lens

107
107
53
107
103
105

42
42
41
42
42
42

±
±
±
±
±
±

22
22
22
22
22
22

1.031
1.032
1.032
1.020
1.018
1.068

1.6
1.2
1.5
2.7
1.9
2.6

0.8
0.9
1.0
1.1
1.2
2.0

7.68
7.57
7.57
7.61
7.68
7.49

0.34
0.23
0.32
0.65
0.35
0.32

0.10
0.10
0.12
0.45
0.18
0.49

1.029
1.032
1.032
1.019
1.016
1.069

1.8
1.4
1.7
2.9
2.0
2.7

0.8
1.0
1.1
1.4
1.3
2.1

Prostate
Kidney
Kidney without calyces
Liver
Urine

50
30
30
15
106

67
49
49
42
64

±
±
±
±
±

11
20
20
22
13

1.031
1.021
1.026
1.050
1.008

2.3
4.3
2.9
2.9
1.9

0.6
1.1
0.8
1.3
1.4

7.64
7.38
7.40
7.53
7.64

0.54
1.65
1.59
1.07
0.46

0.11
0.73
0.78
0.34
0.41

1.030
1.023
1.027
1.050
1.008

2.5
4.9
3.8
3.4
2.1

0.6
1.1
1.2
1.3
1.5
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The effect of the contour adaptation for representative organ segmentations of the brain, prostate, kidney (with and without
calyces) as well as liver is displayed in Fig. 1. A full list of the organ
segmentation adaption parameters as well as of the influence of
the shrinking on the smaller brain structures is given in Supplement EC.

EAN. The DirectSPR implementation was comprehensively validated and its accuracy quantified in previous work [23].
Tissue parameters RED and EAN are derived for each voxel from
the superposition of the two CT scans Hlow and HHigh [9]:

ðRED  1Þ  1000 HU ¼ aRED Hlow þ ð1  aRED Þ Hhigh and



1
Hlow
aEAN
þ1
RED
1000 HU


 H
high
þ1 ;
þ EAN3:1
water  aEAN
1000 HU

EAN3:1 ¼

Analysis parameters
Tissue parameters were quantified regarding the patientspecific average as the mean value over all CT voxels within each
contour, and the cohort average calculated as the grand mean (thus
the mean of the patient-specific average values) over all patients.
Organ-specific inter-patient variations 2rinter , describing the variability within the patient, correspond to two standard deviations
of the patient-specific average.
Determined intra-patient standard deviations rintra;measured
include both the biological tissue variation as well as the noise distribution rnoise . The tissue variation rintra thus follows from
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
rintra ¼ r2intra;measured  r2noise . Tissue intra-patient variations were

with aRED and aEAN as size-specific calibration factors. The subsequent SPR is calculated as the product of RED and relative stopping
number (RSN) according to the Bethe equation. RSN was estimated
from EAN3:1 using a heuristic calibration, in which pairs of EAN and
RSN from tabulated human tissues are fitted, as depicted in previous work [10,23].
Reference tissue parameters for Woodard and White were calculated from the respective elemental composition [15] following
the methodology described in [10] for a nominal proton beam
energy of 100 MeV (see Supplement EB for full methodology and
calculated tissue parameters). Because an accurate differentiation
between grey matter (GM), white matter (VM) and spinal fluid
(CSF) is challenging based on CT, the respective tissue parameters
from Woodard and White were weighted according to their volumetric fraction: VGM ¼ 55%, VWM ¼ 27%, VSF ¼ 18% [26].

then averaged over the patient cohort as 2rintra .
To assess the age dependence of the tissue parameters, the
patient cohort was categorized in different age groups for which
a change in tissue composition was expected: pediatrics (0-20y),
adults (20-60y), and seniors (above 60y). Significance of differences in mean SPR as well as standard deviation between pediatric
and non-pediatric patients were assessed by two-sample t tests
with significance criterion of 5%. Results are visualized for the
brain, where relevant changes were observed. Changes in the
brain’s tissue type distribution were visualized in a histogram. To
avoid bias from bin size and -position, a kernel density estimation
with a linear kernel was fitted to the data, corresponding to an
average shifted histogram [28].

Refinement of clinical organ delineation
Tissues as well as target volumes were delineated in clinical
routine by experienced radiation oncologists in the treatment
planning system RayStation (RaySearch, Stockholm, Sweden) or
XIO (Elekta AB, Stockholm, Sweden) on 79 keV pseudomonoenergetic CT (MonoCT) datasets, corresponding to an effective X-ray attenuation of 140 kVp CT scans. MonoCT datasets were
obtained from DECT using the module Syngo.CT DE Monoenergetic
Plus in the syngo.via environment (Siemens Healthineers, Forchheim, Germany).
Clinical contours of the tumour and organs at risk (OAR) were
created for treatment planning purposes. While dose calculation
is not affected by small overlaps of contours with surrounding tissues, in tissue characterization any overlap would effectively compromise the results. Therefore, a multi-step automated contour
adaptation was performed for each axial CT slice to reduce potential contamination from surrounding tissues as well as interobserver variation in OAR delineation [27]. It included the following steps, with each step finetuned to the specific adaption needs
of the respective organ:

Results
The average RED, EAN and SPR as well as their respective intraand inter-patient variation are listed in Table 1. In the following,
results are illustrated exemplarily for the SPR as the clinically relevant parameter for particle therapy.
In all tissues, SPR variation within the patients (2rintra )

exceeded variation between them (2rinter ), with 2rintra larger than
2.1% and 1.3% in all organs in the pelvis and head, respectively. Largest intra-patient variation was observed in the kidney including
the renal calyces (4.6%). Without the calyces, variation in the kidney was reduced to 3.6%. 2rinter exceeded 1% in all organs except
for brain (0.8%) and prostate (0.6%). Averaged over all investigated
organs and patients, intra- and inter-patient variation were 2.5%
and 1.2%, respectively.
For brain, lens, prostate and urine, the SPR distribution
observed in the patient data incorporated the SPR obtained from
ICRU46 (Fig. 2). In the brain, ICRU46 matches the median well,
while for the lens, prostate and urine it is located at the periphery
of the distribution. In both kidney and liver, ICRU36 exceed the
distribution. For the kidney without renal calyces, median SPR
determined here is 1.5% below ICRU46, while for the liver it is
0.7% higher.
Differences between the different age groups for the brain are
one magnitude below the observed age-specific variations and
therefore minor (Table 2). An increase in SPR with adolescence
was observed (p ¼ 0:05Þ, whereas SPR decreased once patients
reached seniority (p ¼ 0:04, Fig. 3). Patient-individual SPR variation (2r) increased with age, differing significantly between
pediatric and non-pediatric patients (p  0:001Þ.

(1) Excluding voxels with CT numbers that can be attributed to
surrounding tissues (e.g. <125 HU for air-tissue mixtures,
>75 HU for bone-tissue mixtures).
(2) Filling small holes (<5 voxels) within the contour resulting
from voxels that were removed in the first step due to noise.
(3) Smoothing contours with a morphological opening
procedure.
(4) Removing contour overlaps (e.g. brain and brainstem, brain
and target volume).
(5) Shrinking contours by specified number of voxels.
(6) Excluding CT slices from analysis that include artifacts
potentially spreading into the contour (e.g. due to metal
implants or marker seeds).
During contour adaptation, all patient data were checked for
consistency but not further adapted individually to avoid bias.
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Fig. 1. Exemplary CT slices illustrating the clinical contour adaptation. Position of the CT slices are indicated by the blue lines, clinical and adapted contours are shown in red
and orange, respectively. For the kidney, exclusion of renal calyces is indicated in purple. (For interpretation of the references to color in this figure, the reader is referred to
the web version of this article).

and prompt-gamma emission [32] during charged particle radiotherapy, is primarily depending on the tissue composition and
therefore directly benefits from the improved accuracy. Furthermore, the parameter range may serve as a baseline for DECTbased quantification of damaged tissue, such as for the detection
of liver fibrosis [33,34] or cerebral edema [35].
For both kidney and liver, large deviations between the derived
parameter spread and those of Woodard and White were determined. For the kidney, ICRU46 states to have included renal cortex
and medulla in their analysis [17], but leaving out the renal
calyces, most likely due to the experiments being performed
ex vivo. Here, the kidney was analyzed both with and without
the urine-filled large calyces. As expected, the exclusion of the
calyces increased the determined SPR towards the ICRU46 value
(Fig. 2). The remaining overestimation in ICRU46 may be traced
back to the sub-voxel-sized medullary collecting ducts containing
urine in the patient, but not in the ex vivo analysis. As for the liver,
ICRU46 explicitly states that a cirrhotic liver, appropriate for subjects suffering from alcoholism, was analyzed [17]. Cirrhosis is
associated with a decrease in water and increase in lipid content
[36,37], resulting in a lower SPR. This is in agreement with the
patient cohort having an increased SPR compared to ICRU46. The

Discussion
Radiological tissue parameters SPR, RED and EAN were determined in vivo in the head and pelvis region of a large patient
cohort. The results of this study expand and reassess the current
standard data described in ICRU46. For all tissues analyzed, the
average as well as the intra- and inter-patient variation was quantified. In the head, additional radiosensitive substructures of the
brain, not specified by Woodard and White, were included. To our
knowledge, this is the first organ-specific in vivo characterization
performed in a large patient cohort using dual-energy CT.
The determination of the variation in tissue parameters was the
main objective of this work to extend on the ex vivo tissue characterization of Woodard and White. In our work, the influence of
health, diet and hydration status is intrinsically minimized by analyzing a large number of patients.
The inter- and intra-patient variation can also be considered in
Monte Carlo transport simulations, where base materials are
defined from tabulated human tissues. An improvement in accuracy of material classification can thus directly enhance the simulation quality [29,30]. The consideration of local interaction
processes, such as in brachytherapy [4] as well as positron- [31]
37
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Fig. 2. Patient-specific mean stopping-power ratio (top) and its respective inter- and intra-patient variation 2r (bottom) for different organs in the head and pelvic region.
Kidney* corresponds to the kidney contours without renal calyces. Tissue information concluded from ICRU46 are depicted in blue. Whiskers in boxplot are defined by last
values within 1.5x interquartile range.

Table 2
Brain mean tissue parameters and their relative inter- and intra-patient variation relative to water for different age groups. Variation of the effective atomic number is depicted in
absolute numbers.
Age group

Young (<20 y)
Adult (20–60 y)
Senior(>60 y)

Relative electron density

Effective atomic number

Stopping-power ratio

Mean

2rintra in %

2rinter in %

Mean

2rintra

2rinter

Mean

2rintra in %

2rinter in %

1.030
1.032
1.030

1.3
1.7
1.8

0.9
0.6
0.8

7.65
7.69
7.68

0.28
0.38
0.34

0.09
0.09
0.11

1.028
1.030
1.028

1.4
1.8
1.9

0.9
0.7
0.9

studies [39,40]. While Fjell et al. describe the physiological patterns
of change as highly heterogeneous, which may correspond to the
large inter-patient spread visible here (Fig. 3), Hedman et al.
observed a general increase in white and grey matter during adolescence followed by a decrease of both in senior patients, corresponding to an increase and decrease in SPR, respectively. A
similar trend of the mean SPR was observed here. At the same time,
Hedman et al. reported an increase of cerebral spinal fluid (CSF) volume with age throughout life, leading to an increased intra-patient
variability, which matches the observation made here (Fig. 3). A
change in CSF volume would correspond to an increase of lower

tissue parameters determined here for both kidney and liver can
therefore be considered a more appropriate fit for alive patients.
An analysis of SPR variation has been performed in a previous
study by Wohlfahrt et al. [38], applying an in-house DirectSPR
implementation on DECT data from brain-tumor patients and
using a contour covering the whole head. Bones and soft tissues
were divided in analysis by applying specific CT number ranges.
There, a trend regarding SPR variation with increasing age, similar
to the one observed for the brain here, was observed.
The determined age dependency of SPR in the brain is consistent with physiological changes reported in qualitative MRI review
38
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Fig. 3. Patient-individual mean stopping-power ratio (SPR) in the brain within the patient cohort (top) as well as the corresponding intra-patient SPR variation (2r, bottom),
summarized for the three age groups pediatrics (<20y), adults (20-60y) and seniors (>60y). Significant differences determined with a two-sample t-test are indicated above
the boxplots. n.s.: not significant. Boxplot definition follows Fig. 2.

Fig. 4. Histogram of the stopping-power ratio (SPR) distribution in the head patient cohort for pediatrics (red) and senior (blue) patients. The lines indicate the corresponding
kernel density estimation of the histogram. (For interpretation of the references to color in this figure, the reader is referred to the web version of this article).

Both these limitations could be addressed by extending the
patient cohort. With an increased interest in DECT-based treatment planning [21,41], analysis could be extended to include data
from other cancer treatment centers – or even radiological institutes – using a CT scan protocol matching the DirectSPR calibration. However, a major limiting factor is the labor-intensive
manual organ delineation. This is most relevant for tissues typically not traversed by the treatment beam (such as liver and kidney), for which only few clinical contours are available. Recent
innovations in automated delineation, in combination with an
organ-specific delineation adaptation routine as described here to

SPR values in the histogram in older patients, leading to a general
shift of the distribution towards lower values (Fig. 4).
There are multiple limitations that need to be considered when
applying the presented data: While for all tissues in the head, analysis on many patients could be performed, the number of available
contours in the pelvis region varied greatly. All data was collected
from patients undergoing treatment for tumor diseases, which
may influence both diet and hydration of the patients. An extrapolation to a fully healthy population therefore may not be valid
without further investigation. At the same time, the presented data
is directly applicable to patients undergoing radiotherapy.
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ensure contour quality, may prove useful to extend the data basis
[42,43].
Parameters for the delineation adaptation routine used here
were selected to exclude tissue mixtures and artifacts from the
contours without substantial volume loss compared to the original clinical contours. This is especially important for structures
in which tissue parameters vary greatly between the core and
outer layers, such as the lens [44]. The large brain structure
was investigated as a whole. For a further refinement, an accurate
separation of grey matter, white matter and spinal fluid could be
performed for patients receiving additional magnetic-resonance
imaging [45].
Imaging artifacts were reduced by the organ-specific adaptation
routine. Noise was reduced using an iterative image reconstruction
as well as spatial frequency filtering in the calculation of the tissue
parameters. Mean tissue parameters and their respective interpatient variation were determined with a high quantitative accuracy, not affected by the remaining low, symmetrical noise. For
the intra-patient variation, noise was excluded from analysis using
a conservative estimation in phantom setups. Remaining minimal
beam hardening artifacts extending from smaller bone structures
into neighboring soft tissue could not be fully precluded. This
may lead to a slight overestimation of intra-patient variation for
small structures close to bone, such as the optical nerves in the
parts traversing the dense skull bone. For the brain itself, this effect
is negligible due to the large total volume.
Based on the RED and EAN determined in this work, a further
calculation of elemental tissue composition is possible [46]. However, as additional uncertainties are introduced by the choice and
parameterization of tissue decomposition, this step is omitted here
as to instead provide a comprehensive database for further
analysis.
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