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Abstract
Objective: Hyperthermia, the elevation of tumor temperature to 39 ◦C–44 ◦C, is an effective
adjuvant treatment for head and neck (H&N) cancer, enhancing the effects of radiotherapy and
chemotherapy. This study investigates the robustness of hyperthermia treatment planning (HTP)
for H&N cancer using the HyperCollar3D applicator, focusing on uncertainties in patient pos-
itioning, tissue properties, and water bolus cooling efficacy. Approach: A retrospective analysis
was conducted of 16 patients treated at the Erasmus medical center, utilizing polynomial chaos
expansion to model the impact of uncertainties on temperature distributions and treatment qual-
ity metrics. Main results: Our findings indicate significant variability in target temperatures due to
uncertainties in these tissue properties (2.1 ◦C T90 95% confidence interval), further exacerbated
by patient positioning errors (2.3 ◦C T90 95% confidence interval for 5mm positioning errors).
Uncertainty in dielectric tissue properties causes the largest chunk of the variance (47%) in T90

followed by positioning errors (22%). Significance: This study highlights the critical importance
of accurate measurement of tissue properties and precise patient positioning to achieve effect-
ive hyperthermia treatment outcomes. Our findings strongly advocate the development of more
robust and quantitative treatment planning and delivery approaches, aiming to enhance the preci-
sion and clinical efficacy of HTP protocols for H&N cancer treatments.

1. Introduction

Head and neck (H&N) cancer includes a diverse group of cancers that require complex treatment due
to the vital functions located in this region. Treatments must balance the achievement of positive onco-
logical outcomes with the management of significant side effects. Standard treatment options include
surgery, radiotherapy (RT), and systemic treatments such as chemotherapy (CTx), either alone or in
combination de Ridder et al (2017). These treatments are often aggressive and cause severe side effects
that significantly impact quality of life Hunter et al (2020). Despite advances in RT and CTx, mortality
for H&N cancer in the Netherlands increased from 867 cases (2012) to 1044 cases (2022), partly due to
an aging population Nkr (2023).

Hyperthermia, the elevation of tumor temperature in the range of 39 ◦C–44 ◦C, is a potent clinic-
ally used adjuvant treatment that enhances the effects of RT and CTx due to several biological effects.
The effects of hyperthermia include improved blood perfusion, immune stimulation, reduction of hyp-
oxic areas, and inhibition of DNA repair Evans et al (2015), Peeken et al (2017), Kok et al (2020), which
improve tumor damage when combined with RT or CTx. In a study conducted between 2014 and 2018,
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22 patients with H&N cancer were treated with hyperthermia plus RT at the Erasmus Medical Center
using the HyperCollar3D (HC3D), an in-house developed hyperthermia applicator. The results of this
feasibility study were promising Verduijn et al (2018), Kroesen et al (2021). The HC3D was the first
applicator whose design was guided by hyperthermia treatment modeling in the H&N region.

Hyperthermia is generally applied using electromagnetic waves (EM) generated by antennas within
the applicator. For phased array applicators, treatments are increasingly being pre-planned using hyper-
thermia treatment planning (HTP). HTP involves several steps: first, a patient-specific computed tomo-
graphy (CT) or magnetic resonance imaging (MRI) scan of the treatment area is segmented into sep-
arate tissues. Regardless of the origin of the scan, a volumetric (voxel) patient model is created, and
the segmented tissues are assigned properties from the literature. The patient model is then virtually
placed within the applicator model in the simulation software. Finally, the phases and amplitudes of the
antennas in the applicator are determined through power- or temperature-based optimization routines
that focus the heating in the target region, for a target-selective temperature elevation Paulides et al
(2020). Several uncertainties affect the effectiveness of HTP and its translation to the clinical delivery,
including variations in patient anatomy, assumptions in heating modeling, and patient positioning.
Furthermore, the reported values for the properties of the tissues vary significantly between and within
patients Gavazzi et al (2020), adding another layer of complexity Paulides et al (2021). These uncertain-
ties affect the accuracy of HTP, making it essential to understand their respective impact and manage
them for optimal treatment delivery.

Several studies have investigated the impact of these uncertainties on treatment plans. Some have
concentrated on uncertainties related to specific tissue properties de Greef et al (2010, 2011), Canters
et al (2013), Groen et al (2023), while others have examined the effects of variation in patient position
Gellermann et al (2007), Canters et al (2009), Rijnen et al (2015), Aklan et al (2017), VilasBoas-Ribeiro
et al (2022). However, these investigations focused mainly on treatment sites other than the H&N region
and considered a limited subset of uncertainties, which may not necessarily be additive. Furthermore,
the HC3D stands out as the only clinically used applicator specifically designed for H&N hyperthermia,
employing a concentric array of EM sources operating at 434MHz. Despite these advancements, the lit-
erature that addresses the robustness of treatment planning and delivery for the H&N cancers, particu-
larly with microwave-based applicators, remains limited.

In this study, the objective was to assess the robustness of the HTP versus delivery for H&N can-
cers using the HC3D applicator. Specifically, a retrospective analysis was conducted to evaluate how
uncertainties in patient positioning, variations in tissue properties, and the cooling efficacy of the water
bolus introduce differences between planned and effectively achieved target temperatures. By examin-
ing the influence of these uncertainties on temperature distributions and treatment quality metrics, this
study seeks to establish precision requirements for future treatments and provide guidance on acceptable
ranges of positioning uncertainties.

2. Materials andmethods

2.1. Patient modeling
CT-based models of 16 patients previously treated at Erasmus medical center were included based on
data availability from the original cohort of 22. Tumors were located deep (>4 cm depth Kok et al
(2017), Drizdal et al (2023)) in the head (9), deep in the neck (2), superficial on the head (1) and
superficial on the neck (4). A uniform 5mm resolution CT scan was segmented into various tissues
by applying the method described in Bellizzi et al (2020). Using MATLAB® R2021b (Mathworks) The
MathWorks Inc. (2021), a geometry file was generated for each segmented tissue. The tissue geometries
that make up the patient model were imported into Sim4Life® (ZMT Zurich MedTech AG) and assigned
the properties of the corresponding materials. Temperature and dielectric modeling of the patient was
performed according to the ESHO benchmarks proposed by Paulides et al (2021). The thermal and
dielectric properties of healthy tissue were derived from the IT’IS database Hasgall et al (2022). The
dielectric properties were extracted at 434MHz, the operating frequency of the HC3D. Tumor tissue
properties were taken based on measurements by Joines et al (1994). The nominal values of the tissue
properties are listed in table 1. Instead of the perfusion rate, the heat transfer rate is reported, as this is
the unit used in Sim4Life®. For both fat and muscle, the heat transfer rate was scaled by a factor of 2.11
and 5.14, respectively, to account for the change in perfusion due to thermal stress Paulides et al (2021).
To account for cooling caused by breathing, a boundary condition was assigned to the internal air geo-
metries. The air being inhaled was assumed to maintain a constant temperature of 20 ◦C, and the heat
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Table 1.Material properties used in the patient model for a frequency of 434MHz Joines et al (1994), Paulides et al (2021), Hasgall et al
(2022). Values for effective dielectric conductivity (σ), relative dielectric permittivity (ϵr), heat-transfer rate (q), and thermal
conductivity (k) are given for each of the used tissues in the patient model.

Material σ (Sm−1) ϵr (–) q (WK−1m−3) k (WK−1m−1)

Air 0.00 1.00 0.00 0.03
Bone (Cortical) 0.09 13.07 1208 0.32
Brain 1.05 55.11 36 967 0.51
Cartilage 0.60 45.14 2436 0.49
Cerebellum 1.05 55.11 50 932 0.51
Eye (Vitreous humor) 1.53 69.00 0.00 0.59
Fat 0.08 11.59 3979 0.21
Lung 0.38 23.58 9998 0.39
Muscle 0.81 56.87 13 033 0.49
Nerve 0.46 35.04 10 909 0.49
Pons 1.05 55.11 36 967 0.51
Spinal cord 0.46 35.04 10 909 0.51
Thyroid gland 0.89 61.33 373 803 0.52
Tumor 0.88 59.05 6513 0.49

Figure 1. Patient and applicator setup in Sim4Life®. The outer bolus is visualized in purple, the inner bolus in blue, and the
tumor in red. Axes are included next to each image for clarity.

transfer coefficient at the air-tissue interface was set to 10Wm−2 K. The same condition was applied to
the external skin/air boundaries between the patient and the background Verhaart et al (2015).

2.2. Applicator modeling
The HC3D applicator consists of 20 patch antennas mounted on a cylindrical ground plane and oper-
ating at 434MHz Paulides et al (2016). The antennas are immersed in a dedicated outer water bolus
enclosed by a thin plastic casing. Between the plastic casing and the patient, an additional inner water
bolus, contained in two soft inflatable bags, is inserted for dielectric matching and skin cooling. The
applicator model was imported into Sim4Life® and positioned relative to the patient to maximize the
margins between the applicator’s cylindrical inner surface and the patient’s skin in the x-y plane (left-
right, back-front), while the position along the z-axis (rostro-caudal) was determined such that the
target volume would end up as close as possible to the center of the applicator while preventing the
shoulders from intersecting with the solid parts. Figure 1 shows an example of a patient and applic-
ator setup simulated in Sim4Life®. The entire inner cylindrical volume of the applicator was assigned
as water, with lower priority than the patient geometries in the voxelization process. This was done to
mimic the fact that in clinical practice the inner bolus is inflated as much as possible to prevent air gaps
from forming between the patient and the outer bolus. The antennas and ground plate were considered
perfect electrical conductors (PEC), and the water boli were assigned pure water dielectric properties
(ϵr = 78.4, σ= 0.04 [Sm−1]). For the plastic casing, the material properties of Lexan® were used (ϵr = 3,
σ= 0 [Sm−1]). The inner bolus temperature was set to 30 ◦C. To account for the cooling of the water
bolus, a heat transfer coefficient of 292Wm−2 K, derived from Drizdal et al (2021), was applied in the
simulation. In cases where the tumor was located lower than the mouth, the applicator was tilted 15◦

around the x-axis, following the clinical protocol Rijnen et al (2015).
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2.3. Treatment planning
EM simulations were performed using the Sim4Life FDTD solver®. A uniform 1mm grid was used for
the entire region of the applicator model. Outside the applicator model, the grid was graded into a
coarse resolution and extended to cover the whole patient model. The grid was further extended with
a padding of 50mm in all directions from the simulated objects. A single layer of Absorbing uniaxial
perfectly matched layer boundary conditions was applied at the boundaries of the simulation domain in
all directions.

Temperature simulations were performed using the stationary solver of Sim4Life® to obtain the
steady-state temperature distribution. A uniform 5mm grid was used throughout the patient model
region, corresponding to the resolution of the patient model. The convergence of temperature met-
rics with the grid size was added in section A of the supplementary materials (SM), supporting the
choice for this grid size. The combined loss distribution from the EM simulation was imported as heat
source in the temperature simulation. The stationary solver determines a solution of the Penne’s bio-heat
equation at steady-state (∂T/∂t= 0):

∇ [k (⃗r)∇T (⃗r)]+ q (⃗r) [TB−T (⃗r)]+G (⃗r)+ L (⃗r) = 0 (1)

where r⃗ is the domain coordinates, T (⃗r) is temperature, k (⃗r) is thermal conductivity, q (⃗r) is heat-
transfer rate, TB is blood temperature (or core body temperature, 37 ,◦C), G (⃗r) (Wm−3) is heat gener-
ated by metabolic activity, and L (⃗r) (Wm−3) is externally applied heat, which is equal to the optimized
power loss density from the EM simulation. The size of G (∼ 102−103Wm−3) can be considered negli-
gible compared to L (∼ 104−105Wm−3) Gavazzi et al (2020), Paulides et al (2021), Hasgall et al (2022).
Furthermore, the mass density ρ (⃗r) and the specific heat c (⃗r) do not appear in the steady-state form.
Thus, G, ρ, and c were excluded for all tissues from the uncertainty analysis. All tissue properties were
modeled as (uncertain) constants, without explicit temperature dependence.

The nominal treatment plan was obtained by importing the individual E-field distributions of the
EM simulations into MATLAB®, where a particle swarm algorithm was used to optimize the specific
absorption rate (SAR) distribution using the hotspot-target quotient (HTQ) Canters et al (2011):

SAR=
L

ρ
(2)

HTQ=
SARR1

SART
(3)

where SARR1 is the average SAR in the highest 1-percentile of healthy tissue and SART is the average
SAR in the target (tumor) tissue. SAR is used for the optimization as a surrogate to temperature Kok
et al (2018). This provided amplitude and phase settings for each antenna, from which the power loss
density distribution L can be determined. This distribution L is used as input for a subsequent tem-
perature simulation, the total power of the heat source was iteratively optimized to achieve a Tmax of
44 ◦C, which is the maximum temperature anywhere in the healthy tissues of the patient, in line with
the ESHO benchmarks Paulides et al (2021). This provided the nominal scaling factor for the power loss
density distribution L. Our approach aligns with the benchmarks and known thermal toxicity thresholds
for healthy tissue Yarmolenko et al (2011).

2.4. Polynomial Chaos expansion
For the uncertainty analysis, polynomial chaos expansion (PCE) was used, implemented in MATLAB®

(version 2021b) Perkó et al (2014), The MathWorks Inc. (2021). PCE uses multi-dimensional polyno-
mials (basis vectors Ψn(ξ⃗)) in combination with expansion coefficients ri,n to model the response of the

temperature distribution (Ti(ξ⃗) in each voxel i) as a function of the stochastic input variables ξ⃗, a vec-
tor with length equal to the number of considered uncertainty variables N. Each element in the vector ξ⃗
is a stochastic value retrieved from the joint probability density function of ξ⃗, and in this study repres-
ents a sampled value of the corresponding tissue property, positioning coordinate, or skin/bolus convec-
tion coefficient, different from the nominal value. In this study, all elements in ξ⃗ were considered inde-
pendent, meaning that the joint probability density function is equal to the product of the individual
probability density functions and can be sampled independently. A realization of the stochastic vector ξ⃗
represents an instance of a possible real treatment and is herein called a scenario. Once the expansion
coefficients ri,n are fit on a limited number of known scenarios and corresponding temperature distribu-
tions (training set), the PCE model provides a complete description of the stochastic voxel temperature
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Table 2.Means and SDs of tissue properties used in the uncertainty analysis using PCE.

Tissue

σ (Sm−1) ϵ (–) q (WK−1m−3) k (WK−1m−1)

Mean SD Mean SD Mean SD Mean SD

Bone (Cortical) 0.09 0.02 13.1 2.0 1208 193 0.32 0.03
Brain 1.05 0.26 55.1 8.3 36 967 6551 0.51 0.02
Cartilage 0.60 0.15 45.1 6.8 2436 390 0.49 0.03
Cerebellum 1.05 0.26 55.1 8.3 50 932 8149 0.51 0.03
Eye (Vitreous humor) 1.53 0.38 69.0 10.4 0 0.0 0.59 0.01
Fat 0.08 0.02 11.6 1.7 3980 1563 0.21 0.02
Lung 0.38 0.10 23.6 3.5 9999 8928 0.39 0.09
Muscle 0.81 0.20 56.9 8.5 13 033 4645 0.49 0.04
Nerve 0.46 0.12 35.0 5.3 10 910 2041 0.49 0.03
Pons 1.05 0.26 55.1 8.3 36 967 6552 0.51 0.02
Spinal cord 0.46 0.12 35.0 5.3 10 910 2041 0.51 0.02
Thyroid gland 0.89 0.22 61.3 9.2 373 803 93 247 0.52 0.02
Tumor 0.88 0.22 59.1 8.9 6513 2325 0.49 0.03

response T(⃗ri, ξ⃗) = Ti(ξ⃗) in voxel i as:

Ti

(
ξ⃗
)
=

P∑
n=0

ri,nΨn

(
ξ⃗
)
, (4)

where Ψn(ξ⃗) is the nth basis vector and ri,n are the expansion coefficients. The underlying theory sup-
porting PCE is outside the scope of this research but can be reviewed in previous publications Perkó
et al (2014, 2016).

In this study, all probability density functions were modeled as truncated normal distributions, see
section 2.5. Hence, probabilist’s Hermite polynomials according to the Wiener–Askey scheme, i.e. ortho-
gonal polynomials, were used as basis vectors for the expansion Xiu and Karniadakis (2002).

2.5. Uncertainty ranges
All uncertainty variables were considered to be normally distributed, with truncations applied to avoid
unphysical situations. The means and standard deviation (SD) for tissue properties are given in table 2.
The means correspond to the nominal literature values listed in table 1. For σ and ϵ, SD of 25% and
15%, respectively, were chosen, aligned with earlier work Canters et al (2013). For both q and k, SDs for
each tissue were taken from the IT’IS database Hasgall et al (2022). If the SDs was not reported in the
database for some tissue, the average ratio of the SDs to the means of the entire database was used to
compute a deviation for that tissue. The means and SDs are listed for each tissue in table 2. The distri-
butions were truncated to only positive values for σ. For ϵ, values less than 1 were discarded as this is
the value used for ϵ in vacuum. The minimum and maximum values listed in the IT’IS database Hasgall
et al (2022) were used for both q and k to truncate the normal distributions. The resulting range of the
investigated variables is plotted in figure 2.

For positioning uncertainties, a SD of 5mm was chosen in each 3 directions. Every scenario was
checked for realistic positioning, ensuring there was no overlap between the patient and the solid parts
of the applicator. Scenarios where overlapping occurred were discarded, resulting in slightly asymmet-
ric actual positioning distributions. Additionally, the impact of increasing positioning uncertainties was
also studied, evaluating positioning errors with 95% confidence intervals (CIs) of 0mm, 3mm, 5mm,
10mm, both on their own (only x, y, z errors) and in combination with all other (tissue property)
uncertainties (for more details see section 2.6).

Furthermore, uncertainty in the convection coefficient at the water bolus-skin interface was taken
into account, using a mean value of 292Wm−2K and a SD of 80Wm−2K, based on Drizdal et al
(2021).

2.6. Uncertainty analysis
A polynomial order of 4 was found to be sufficient to accurately describe the response of the temper-
ature to all N = 56 uncertainty variables. Using hyperbolic trimming, only the lowest-order cross-terms
were preserved in the expansion. These are polynomial terms involving interactions between at most two
variables. The other cross-terms were discarded from the expansion to maintain a minimal number of
basis vectors as a suitable balance between accuracy and speed, resulting in 1765 basis vector.
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Figure 2. Box-plot showing the median, inter-quartile range and investigated range of (a) dielectric conductivity σ, (b) relative
permittivity ϵr, (c) heat transfer rate q and (d) thermal conductivity k. Whiskers extend to the minimum and maximum values in
the distributions.

To reduce the computational complexity of building the PCE model (i.e. calculating all PCE coef-
ficients), low-impact uncertain variables were excluded from the PCE model based on their individual
impact on the temperature distribution. This was done with a preliminary uni-variate analysis, where
each uncertainty was simulated with the 2 worst-case values (either ±3 SD or min and max values as
explained in section 2.5). The resulting range on treatment quality metrics (T90,T50,Tmax) was then cal-
culated using the nominal distribution (distribution obtained with literature values as in planning) and
these two extreme scenarios. Uncertainties that had an impact of less than 0.1 ◦C on all quality metrics
were excluded from the analysis. As a result of this approach, the number of remaining basis vectors var-
ied per patient, averaging 272 across the cohort.

For the remaining uncertain variables the PCE model was built using training points generated with
random sampling (after discarding points with overlap between patient and solid parts of the applic-
ator), fitting the PCE expansion coefficients with least-squares regression. The number of training points
were three times the number of basis vectors in the expansion since no real improvement was found
beyond three. This resulted in a total of 815 training points on average for each patient, for which a cor-
responding number of EM and temperature simulations had to be performed. Further details on the
choices regarding the settings of the PCE models, along with data supporting their validity, are provided
in section B of the SM.

Clinically, when predicted and actual temperature distributions mismatch due to uncertainties, lead-
ing to local hot-spots exceeding the assumed pain or damage threshold of 44 ◦C, the operator responds
by dropping the total power and then gradually increasing it again until either the desired temperature
limit is achieved, or the patient experiences discomfort. To mimic this procedure, the total power should
be re-optimized for each evaluated scenario such that Tmax in healthy tissue becomes 44 ◦C (similar to
what was done in the nominal scenario). However, it was observed that this flattens the temperature
response of each voxel and requires a higher polynomial order for accurate PCE modeling. This would
increase the computational complexity to the point where the study would no longer be feasible. To cir-
cumvent this, a post-processing step was developed and verified to re-scale the temperature distribution
after PCE model training. Hence, the PCE models give the voxel-wise dependence of the temperature
as a function of the uncertainties assuming that the nominal scenario was scaled to 44 ◦C maximum
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normal tissue temperature, and the post-processing step (described in the next paragraph) models the
clinical practice of adjusting power for the given scenario.

After the PCE models were trained for each individual patient in the cohort, 100 000 scenarios
were generated by sampling the random distributions of each uncertainty variable in the same way as
described in section 2.5. For each scenario ξ⃗, the corresponding temperature distribution T(⃗r, ξ⃗) was
quickly determined using the PCE model. Subsequently, the evaluated temperature distribution was re-
scaled according to the following linear scheme:

T ′
(⃗
r, ξ⃗

)
=
[
T
(⃗
r, ξ⃗

)
−T0 (⃗r)

]
· t+T0 (⃗r) (5)

t=
44−T0 (⃗rMAX)

T (⃗rMAX)−T0 (⃗rMAX)
(6)

r⃗MAX = argmax
r⃗∈H

[T (⃗r)] , (7)

where T ′
(⃗
r, ξ⃗

)
is the re-scaled temperature distribution, T0(⃗r) is the baseline temperature distribution

(temperature simulation with zero EM power and nominal values for all uncertain variables), and H is
the set of voxels belonging to healthy tissue. In this way, the temperature distributions for 100 000 ran-
domly sampled error scenarios per patient were corrected to achieve 44 ◦C as a maximum temperature
anywhere in the healthy tissue, reflecting the clinical procedure. We validated this method of scaling the
temperature distribution in section C of the SM.

To assess the impact of increasing positioning errors, multiple 95% CIs were analyzed for patient
positioning. Specifically, CIs of 0mm, 3mm, 5mm, and 10mm were evaluated. The SD for positioning

in the x, y, and z directions were derived by dividing the specified CI by
√
χ2
3,0.95, where χ

2
3,0.95 is the

critical value of the chi-squared distribution with three degrees of freedom at the 95% confidence level.
Note that this resulted in having to sample in a smaller domain than the scenarios used for training the
PCE models with SD= 5mm in each 3 directions.

Statistics to compare distributions were calculated using a T-student test.

2.7. Sensitivity analysis
Finally, a variance-based global sensitivity analysis (Sobol analysis Sobol (2001)) was conducted to
assess the relative influence of each uncertainty variable on the 90th percentile target volume temper-
ature T90 (i.e. the maximum temperature that at least 90% of the target volume has). A separate set of
PCE-generated scenarios was used to compute first-order Sobol indices for each variable n ∈ N for each
patient. In addition to the individual parameter Sobol indices, an analysis was performed where the vari-
ables were grouped into four categories (positioning, dielectric tissue properties, thermal tissue properties
and water bolus convection coefficient) to determine first order group Sobol sensitivity indices for each
4 groups of parameters Jacques et al (2006), Prieur and Tarantola (2017). First order group Sobol indices
allow us to evaluate the combined effect of a subset of variables on T90, taking into account the interac-
tion and potential correlations between all variables within the group.

To estimate all first order Sobol indices, the classical Monte Carlo estimator was employed, some-
times also called pick-freeze method Gamboa et al (2013), which defines a structured sampling scheme
to evaluate the effect of each input variable (or variable group). Using this method, 100 sets of 1000
scenarios were sampled for each variable. For the group indices 1000 sets of 1000 scenarios were
sampled for each group. The corresponding T90 values were computed using the PCE model (and post-
processing re-scaling), exploiting its speed to make the computations feasible. The resulting T90 distri-
butions were used to estimate the first-order Sobol indices via the conditional expected value operator E
and variance operator V, according to:

Sn =
Vξ⃗n

{
Eξ⃗∼n

[
T90

(
ξ⃗∼n

)
|ξ⃗n

]}
V
{
T90

(
ξ⃗
)} , (8)

for each variable (group) n.

3. Results

Figure 3 illustrates the impact of uncertainty on the temperature distribution at the target plane. The
nominal temperature distribution (figure 3(a)) obtained during planning closely resembles the mean dis-
tribution (figure 3(b)) observed in the evaluation of 100 000 error scenarios. Figure 3(c) shows that the
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Figure 3. x-y section through the center of the target for (a) nominal (b) mean and (c) mean deviation of temperature distribu-
tion from the nominal distribution in deep head patient 1 (nominal is subtracted from mean distribution). The target is delin-
eated in a dashed black contour.

largest temperature variations occur inside the target and at the hot-spots in healthy tissue. In particu-
lar, the impact of the uncertainties is, on average, a general reduction of the target temperatures, while
hot-spot temperatures tend to become higher.

Figure 4 illustrates how varying levels of positional uncertainty, combined with differences in tissue
properties, influence the 95% CI of the temperature volume histogram (TVH). In particular, a signi-
ficant spread in the delivered target temperature is observed even in the absence of positional uncer-
tainty, highlighting the inherent target temperature variance introduced by tissue properties. The inclu-
sion of positional uncertainty further widens the CI, with larger positioning errors increasing this effect.
Individual differences in sensitivity to positioning errors are observed as the magnitude of this impact
varies across patients.

Table 3 shows that the range in quality metrics T90 and T50 increases with worsening CI in patient
positioning in combination with uncertainty in tissue properties and water bolus cooling efficacy.
Compared with perfect positioning (0mm), a 5mm/95% induces an additional 0.4 ◦C and 0.3 ◦C in
the 95% CI of T90 and T50, respectively. These values increase to 1.0 ◦C when the positioning is within
10mm/95%.

Table 3 also shows that when considering uncertainties in positioning only (i.e. assuming that all tis-
sue properties and bolus cooling coefficient are known exactly), CI increases with 0.7 ◦C and 0.8 ◦C for
the T90 and T50, respectively, for positioning within 3mm/95% (compared to perfect positioning). This
CI increases to 2.2 ◦C and 2.1 ◦C, respectively, when positioning is only within 10mm/95%. For further
details about the probability density functions of the T90 and T50 with and without positioning errors
(for an example patient) see section D of the SM.

The nominal, median and 95% CI for the T90 and T50 are visualized in figure 5 for the entire
patient cohort. The median and mean T90 and T50 from the PCE evaluation closely matched the nom-
inal planning values. A statistical comparison of the distributions across the population showed no signi-
ficant difference (p> 0.05), indicating that the expected values of the quality metrics were roughly equal
to the nominal values observed in the planning.

Figure 6 shows how different variables contribute to the variance of T90 assuming a positioning error
of 5mm / 95% CI. Among the positioning variables the largest individual impact is often due to a trans-
lation along x, which is expected since the antennas of the HC3D are arranged at the left (negative x)
and right (positive x) sides, while leaving openings in the back (negative y) and front (positive y) of
the patient. Among all tissue properties, the dielectric properties (ϵ,σ) of muscle and tumor consist-
ently appear among the 10 variables having the highest impact on T90. The bolus convection coefficient
h becomes relevant only for some of the superficial targets.

Figure 7 shows how groups of variables collectively contribute to the variance of T90, again assuming
a positioning error of 5mm / 95%. On average, across the entire patient cohort, the overall positioning
error ∆r together with tissue dielectric properties together contribute to 69% of the total variance of
T90. The bolus convection coefficient h becomes relevant only for the sub-group of patients having a
superficial target. Results for the other positioning evaluations (3mm / 95% and 10mm / 95%) for both
the first order as well as the group Sobol indices can be found in section D of the SM.
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Figure 4. TVH with 95-CI bands for a 100 000 scenario evaluations using different CI for positioning in x,y,z of 0mm,
3mm/95%, 5mm/95% and 10mm/95% for each patient.

Table 3. Comparison of the average range of the 95% CI for T50 and T90 in the patient population using different 95% CI for patient
positioning when combined with all other uncertainties. The impact of patient positioning alone is also reported when all other
uncertainties are assumed to be zero.

Metric 0mm 3mm / 95% 5mm / 95% 10mm / 95%

T90 2.1 2.2 2.4 3.1
T50 2.7 2.8 3.0 3.6
T90 (only x,y,z) 0.0 0.7 1.2 2.2
T50 (only x,y,z) 0.0 0.8 1.2 2.1

4. Discussion

The primary objective of this study was to evaluate the relative impact of delivery uncertainties in hyper-
thermia treatments for the H&N region with the HC3D applicator. The inclusion of a large number of
uncertainty variables was enabled by a tailored approach based on PCE. A large target temperature vari-
ance was observed due to uncertainty in tissue properties alone. This variance increases when errors in
patient positioning were also accounted for.

Performing a proper selection of input variables and their probabilistic modeling is crucial in any
uncertainty analysis. In this study, the input uncertainties for the tissue properties are based on measure-
ments reported in the IT’IS Hasgall et al (2022) database, which rely primarily on ex-vivo data. Tissue
properties from this database may not fully capture the unique perfusion and thermal conductivity
dynamics of the H&N region, as suggested by Verhaart et al (2015). Despite these limitations, the val-
ues provided in this study provide a starting point to model an anatomical region for which otherwise
there is little or no literature, and assess the relative impact of the different uncertainties.
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Figure 5. Bar chart illustrating (a) T90 and (b) T50 for patients categorized as deep head (DH), deep neck (DN), superficial head
(SH), and superficial neck (SN). The chart presents nominal and median values derived from the 100 000-scenario PCE evalu-
ation assuming a positioning error of 5mm / 95%, with error bars indicating the 95% CI.

In addition, perfusion was modeled using static thermal stress factors as recommended by the ESHO
benchmarks Paulides et al (2021), which do not provide an explicit reference temperature but fall within
the physiologically observed hyperthermic range. While perfusion is inherently temperature-dependent
Song (1984), Drizdal et al (2018), steady-state formulations can be interpreted as using an equivalent
static perfusion value that yields the same thermal dose as a fully transient model, given that hyperther-
mia dose is defined as an integral of temperature over time. By sampling perfusion values across the
expected physiological range, a substantial part of the possible temporal behavior might implicitly be
represented. Spatially non-linear perfusion responses may still influence mid-range temperatures (par-
ticularly those relevant for T50 and T90) but this is expected to be a second-order effect. Moreover, con-
ducting fully transient simulations for the complete training set is currently computationally infeasible.
As such, steady-state simulations with static perfusion scaling remain consistent with accepted practice in
uncertainty quantification for hyperthermia Groen et al (2023).

In light of this, it is important to note that the absolute values reported in the quality metrics (e.g.
table 3) cannot be interpreted as definitive predictions. However, the relative uncertainties derived from
the analysis are based on simulated instances reflecting expected deviations and, as such, provide mean-
ingful insights. This approach is supported by findings such as those of Kok et al (2018) who demon-
strated that predicted relative temperature changes align well with the measured thermal response of
patients during hyperthermia treatments. Consequently, while absolute values are limited by inherent
property mismatches between literature data and reality, relative differences provide more reliable indica-
tions on where the research efforts should focus on to improve treatment quality.
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Figure 6. The 10 highest first-order Sobol indices for each patient, calculated for T90 with a 5mm / 95% positioning uncertainty.

Our method adjusts the temperature distribution to ensure a maximum of 44 ◦C in healthy tissue
across all error scenarios. This adjustment prevents unrealistic outcomes by addressing two key issues:
(1) excessively high hot-spots, which are mitigated by reducing power in response to pain complaints,
and (2) suboptimal temperatures below 44 ◦C, corrected by increasing power to maintain treatment
efficacy. Since both approaches are commonly used in clinical practice, the proposed method is con-
sidered to closely mirror real-world treatment conditions.
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Figure 7. Boxplots of first-order group Sobol indices for the following categories: positioning (∆r), dielectric tissue properties,
thermal tissue properties, and water bolus convection coefficient (h). Sobol indices are calculated for T90 under a 5mm / 95%
positioning uncertainty. Patients are further sub-grouped according to target location. Whiskers extend to the minimum and
maximum values, the box spans the interquartile range, the median is shown inside the box, and the mean is indicated by a dia-
mond marker.

In this study, the water bolus was modeled as a uniform cylinder of water. However, in practice,
deviations in the water bolus shape and air bubbles may occur that can alter the heating pattern. Rijnen
et al estimated that differences in the shape of the water bolus could cause up to 20% variation in the
HTQ (2015). Although this uncertainty was not explicitly addressed here,the heat transfer coefficient h
at the interface between skin and water was included in th analysis, since its value is also not entirely
known for temperature simulations Van Der Gaag et al (2006). Variations in h were determined to have
a relevant impact only for patients with a superficial tumor, while its effect on deep seated targets is
negligible. Overall, the water bolus remains a complex component difficult to model in treatment plan-
ning and statistical assessment, and improved design solutions are still sought after. Other sources of
uncertainty not addressed in the current study include the number of segmented tissues and segmenta-
tion errors.

From the uncertainty analysis, it was observed that quality metrics have large CIs, even when the
patient is perfectly positioned. For example, the combined impact of all considered uncertainty variables
on T90 is a 95% CI of 2.4 ◦C under 5mm / 95% positioning, and this CI reduces by 0.3 ◦C to 2.1 ◦C
when no positioning error is present. Conversely, introducing tissue property uncertainty to a case with
only positioning error increases the CI by 1.3 ◦C. As shown in table 3, the ranges in T50 are consistently
about 0.6 ◦C larger than those for T90 across all positioning levels, when all uncertainties are included.
This indicates that T50 is more sensitive to uncertainty, while T90 is relatively more stable. This is an
encouraging result since T90 has been most consistently linked to clinical outcome Ademaj et al (2022).

From the sensitivity analysis, it was found that positioning errors (5mm / 95%), on average, account
for about 22% of the total variance in T90. The bulk of the variations are uncertainties in tissue prop-
erties (62%), with dielectric properties representing the largest chunk (47%). Higher order interactions
between the groups represent a smaller (≈10%) part of the variance. With less accurate positioning
(10mm / 95%) it naturally becomes a bigger source of uncertainty, accounting for 45% of the total vari-
ance (see section D of the SM). Moreover, this variance is not uniform across all patients, as large vari-
ations in individual cases are observed. For some patients, positioning errors alone can contribute up to
53% of the total variance in T90, highlighting the need for patient-specific considerations in treatment
planning. Based on this study, the hyperthermia target volume in the TANCA-I trial (ClinicalTrials.gov
ID: NCT06761937) was defined as the gross target volume with an added 5mm margin. These find-
ings motivate the development of improved methods for patient registration and in-vivo tissue property
characterization at treatment time. Quantitative microwave imaging is a good candidate to address both
issues Rubæk et al (2007), Semenov (2009), as it provides online maps of tissue permittivity and con-
ductivity in a non-invasive manner. Other indirect approaches such as model fitting from invasive/intra-
luminal thermometric probes or MRI-based measurements could also improve accuracy Cheng and
Plewes (2002), Verhaart et al (2015).

The Sobol analysis provides valuable information on the uncertainties that most significantly con-
tribute to the variance in treatment quality metrics. As seen in figure 6, for some patients, the variance
is primarily influenced by a subset of variables. This information could prove useful when optimizing
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treatment plans for robustness, as it suggests that accounting for only a limited number of variables may
suffice, rather than considering all potential factors. In particular, for deep-seated tumors, the number
of key influencing variables appears smaller than superficial tumors. This difference may be attributed to
the more intricate cooling processes involved in superficial treatments.

5. Conclusion

This work demonstrates the impact of uncertainties between HTP and delivery for the H&N region.
Most of the variance in target temperatures is caused by uncertainties in tissue properties, but this vari-
ance increases when uncertainties in positioning are also considered. The study consolidates the need for
more accuracy in hyperthermia treatments and motivates further research on how to improve patient
positioning and develop in-vivo tissue property measurement methods. Last, the results also indicate that
robust treatment planning approaches—similar to charged particle RT planning—might benefit hyper-
thermia treatments too.

PCE can be a powerful framework to investigate the impact of different input of uncertainties. Future
work might involve the use of PCE to compare different optimization methods for treatment planning,
defining the accuracy required for techniques such as non-invasive image guidance, and aiding in the
development of probability-based methods for treatment planning.
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