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Comparisons of healthy human
brain temperature predicted

from biophysical modeling

and measured with whole brain MR
thermometry

Dongsuk Sung®?, Benjamin B. Risk(®?, Peter A. Kottke®3, Jason W. Allen ®145,
Fadi Nahab®?, Andrei G. Fedorov®3¢ & Candace C. Fleischer®%467>

Brain temperature is an understudied parameter relevant to brain injury and ischemia. To advance
our understanding of thermal dynamics in the human brain, combined with the challenges of
routine experimental measurements, a biophysical modeling framework was developed to facilitate
individualized brain temperature predictions. Model-predicted brain temperatures using our fully
conserved model were compared with whole brain chemical shift thermometry acquired in 30
healthy human subjects (15 male and 15 female, age range 18-36 years old). Magnetic resonance
(MR) thermometry, as well as structural imaging, angiography, and venography, were acquired
prospectively on a Siemens Prisma whole body 3 T MR scanner. Bland-Altman plots demonstrate
agreement between model-predicted and MR-measured brain temperatures at the voxel-level.
Regional variations were similar between predicted and measured temperatures (<0.55 °C for all 10
cortical and 12 subcortical regions of interest), and subcortical white matter temperatures were higher
than cortical regions. We anticipate the advancement of brain temperature as a marker of health and
injury will be facilitated by a well-validated computational model which can enable predictions when
experiments are not feasible.

Brain temperature is a key parameter correlated with cerebral activity. Several neurophysiological properties,
such as intrinsic membrane properties, synaptic transmission, or blood-brain barrier (permeability, are sensitive
to brain temperature changes'~. Similarly, neural activation in mammals can result in local thermal fluctuations
in the brain®7. Higher brain temperatures are associated with worse outcomes for patients particularly after
injury or illness, further emphasizing the importance of this relatively understudied parameter®'2. Given a lack
of non-invasive tools to measure brain temperature in the clinical setting, body temperature is often used as a
surrogate'*~'¢. Magnetic resonance (MR) thermometry using the proton resonance frequency (PRF)'"'%, among
other temperature-sensitive parameters®->, has been demonstrated extensively as a non-invasive approach in
research applications. Despite the recent advances and clinical use of PRF thermometry, particularly phase-based
mapping of relative temperature changes®-%, absolute temperature measurements using the chemical shift differ-
ence are still challenging due to long scan times'>'3?. The clinical utility of brain thermometry has been proposed
for improved planning during targeted temperature management after cardiac arrest'>**** and patient stratifica-
tion after ischemic stroke'"*»*2, motivating alternatives to experimental measurements of absolute temperature.

Computational modeling validated through benchmark experiments is a viable alternative when direct experi-
mental measurements are not feasible. Several bioheat transfer models have been developed®’, most of which
are based on the initial model derived by Pennes**. While the Pennes’ bioheat equation is the most widely used,
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it is largely simplified and based on uniform arterial perfusion, without consideration of advective heat flow
within blood vessels or blood circulation through veins*. Chen and Holmes improved upon Pennes’ approach
by adding directional blood flow to model advective heat transfer and convective heat exchange between tissues
and blood vessels, and identified thermally significant blood vessels (i.e., vessels not in thermal equilibrium with
surrounding tissue)’. Vasculature modeling was further improved by incorporating vessel curvature and branch-
ing in the discrete vascular algorithm (DIVA) model*’-*. More recently, Shrivastiva and Roemer developed a
model for perfused tissue based on principles of mass and energy conservation*’, which was refined to reduce
the high computational load*! and validated in a porcine model*2. Our group recently demonstrated an improved
model, building upon prior approaches®*=*, which ensures local mass and energy conservation in formulation
of the governing equations and is capable of personalized brain temperature predictions using individual input
data from each subject.

Given the importance of brain temperature in assessment of both health and disease, and a lack of methods to
routinely evaluate whole brain temperature in the clinical setting, a biophysical model capable of subject-specific
predictions was developed in our previous pilot study. Comparison of model-predicted and MR-measured
temperatures in a small healthy cohort was performed; however, complete statistical analysis and generalization
were limited by the small sample size (N =3)%. The goal of the present study is to evaluate the predictive power
of our biophysical model* applied in a larger cohort by performing regional analysis to compare thermal gra-
dients and temperature patterns with those measured using whole brain chemical shift thermometry. Chemical
shift thermometry was used for experimental temperature measurements as it is the only MR method capable
of providing absolute and voxel-wise temperature values necessary for direct comparison with temperatures
predicted using our model'®?°. We anticipate the advancement of brain temperature as a marker of health and
injury, particularly after brain injury or ischemia, will be facilitated by both experimental measurements and a
well-validated computational model, which can enable predictions when experiments are not feasible.

Methods

Study participants and MR acquisition. This prospective study was approved by the local Institutional
Review Board and all subjects provided written informed consent. All procedures were performed in accordance
with the relevant guidelines and regulations. Inclusion criteria were medically healthy individuals of both sexes,
any race, and any ethnicity, between 18 and 45 years old to avoid white matter changes due to age. Exclusion cri-
teria were a history of neurodegenerative disease, epilepsy, ischemia, central nervous system surgery, moderate-
to-severe traumatic brain injury, or contradictions to MR imaging. MR data was collected from 30 healthy vol-
unteers, 15 males and 15 females (mean + standard deviation [SD] age: 26 +4 years old; range 18-36 years old).
Five participants self-reported their race as African-American or Black, 11 as Asian, and 14 as White or Cauca-
sian. Two participants who identified as White also self-reported their ethnicity as Hispanic; all other partici-
pants self-reported their ethnicity as non-Hispanic. MR data was acquired on a 3 T MR scanner (PrismaFit, Sie-
mens, Erlangen, Germany) using a 32-channel phased array head coil. A T1-weighted magnetization-prepared
rapid gradient-echo (MPRAGE) sequence was used to acquire high resolution structural images (repetition time
[TR]/inversion time [TT]/echo time [TE] =2300/900/3.39 ms, flip angle (FA) =9°, field of view [FOV] =256 x 256
mm?, matrix size=192%192, 160 slices, slice thickness=1 mm, generalized autocalibrating partial parallel
acquisition (GRAPPA) acceleration factor =2, acquisition time=4 min 8 s). MR angiography (MRA) was col-
lected using a 3D time-of-flight (TOF) sequence (TR/TE/FA =22 ms/3.86 ms/15°, FOV =200 x 200 mm?, matrix
size =256 x 256, slice thickness =0.62 mm, GRAPPA acceleration factor =2, acquisition time =3 min 32 s). MRA
acquisition covered the major arteries including the circle of Willis (slab thickness =80 mm) and a saturation
band was applied over the acquisition block to limit venous contamination. MR venography (MRV) was col-
lected using a 2D TOF sequence (TR/TE/FA =18 ms/3.79 ms/60°, FOV =220 x 220 mm?, matrix size =256 x 256,
slice thickness=3.0 mm, GRAPPA acceleration factor =2, acquisition time=2 min 44 s). Echo-planar spectro-
scopic imaging (EPSI) with manual B, shimming was acquired and used for MR thermometry as previously
described***” (TR1/TR2/TE=1551/511/17.6 ms, FA=71°, FOV =280x% 280 x 180 mm?®, k-space sampling =500
points with 1250 Hz spectral bandwidth, 50 x 50 voxels, 18 slices, nominal resolution =5.6 x 5.6 x 10 mm?, inter-
polated resolution=4.4x4.4x5.6 mm? (64 x64x32 data points), acquisition time=15 min 17 s). The same
center slice position and orientation were used for both the EPSI and T1-weighted image acquisition to facilitate
image registration. A saturation band was placed over the sinuses and cavity regions to avoid contamination of
neighboring voxels (Fig. S1). Lipid inversion nulling (TI=198 ms) was performed, and interleaved non-water
suppressed and water-suppressed (using the chemical shift selective suppression sequence (suppression band-
width =35 Hz)) scans were acquired. Axillary temperature was recorded at three time points during the EPSI
sequence (at the start of the scan, at 8 min, at the end of the scan) using a fiber optic temperature sensor (OTG-
MPKS5, Opsens) placed underneath the left arm. The average axillary temperature for each subject was used to
estimate the effect of using subject-specific inlet arterial temperatures in the model. Inlet arterial temperatures
for each subject were approximated as the pulmonary artery temperature, calculated using the previously pub-
lished relationship between axillary (ax) and pulmonary artery (PA) PA temperatures (Tp, =T, +0.47 °C)*.

Whole brain MR thermometry. MR-measured brain temperature maps were generated using the metab-
olite imaging and data analysis system (MIDAS)**. Pre-processing included eddy current correction, zero-
order phasing, and correction for B, field inhomogeneity, followed by Fourier transform, spectral denoising
using principal component analysis, and spectral fitting using FITT 2.1 in MIDAS®. Temperature maps were
calculated using the chemical shift difference between water and N-acetylaspartate (NAA), correcting for fre-
quency differences between gray matter (GM) and white matter (WM)*®>.. Four criteria for spectral quality
control were used and voxels meeting all four were included in the final analysis: (1) water linewidth <18 Hz,
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Figure 1. Overview of our subject-specific biophysical model used to generate personalized whole brain
temperature maps. Input MR data (T1W, MRA, MRV) is acquired from each subject and used in the model.
Model-predicted temperatures are compared to MR-measured temperatures acquired independently with
MR thermometry using EPSI. T1W T1-weighted MR images, MRA MR angiography, MRV MR venography,
EPSI echo planar spectroscopic imaging, RRT rapidly exploring random tree, T,,,,4; Model-predicted brain
temperature, T);z MR-measured brain temperature.

(2) metabolite linewidth <8 Hz, (3) Cramer-Rao lower bounds for the creatine peak <15%, and (4) passing a
spectral outlier test**°!. Temperature maps generated with MIDAS (4.4 x 4.4 x 5.6 mm?®) were resampled using a
4th degree B-spline interpolation®->* and co-registered using a voxel-to-voxel affine transformation (with nor-
malized mutual information) to T1-weighted image space (1.3x 1.3x 1.0 mm?)>>* in SPM 12.

Biophysical modeling of brain temperature. Whole brain simulated temperature maps were generated
using our biophysical model with MR input data for each individual subject as previously described in detail*.
Briefly, intra-domain (within blood vessels and within tissue voxels) and inter-domain (between vessels and vox-
els) cerebral blood flow (CBF) rates are calculated using bioheat transfer equations. The values for heat genera-
tion (e.g., metabolic rates) and thermophysical properties (e.g., tissue density, thermal conductivity, specific heat
of tissue and blood) were the same as previously reported*’. These properties were aggregated from early bioheat
transfer models*’-* and derived from in vivo or ex vivo experiments. Voxel-wise physical properties were then
calculated by applying these a priori data to MR-derived tissue probability maps (TPMs) generated from seg-
mented T1-weighted images*>*%. Brain temperature is calculated by solving the discretized form of the governing
equations as described in our previous pilot study*’. To combine tissue and vascular information in the same
model, MRA and MRV data were also transformed to T1-weighted image space in SPM 12 (see “Whole brain
MR thermometry” section)*>, followed by a power-law transformation to enhance image contrast. Automatic
vessel segmentation was facilitated with Rivulet®"®. Due to the limited spatial resolution of MRA and MRV,
additional fine blood vessel segments were augmented to the originally segmented vessel tree using a rapidly
exploring random tree (RRT) algorithm as previously reported*®®. It was assumed that more dense vasculature
will exist where higher CBF is observed, and branched nodes were generated based on the CBF map estimated
from TPMs and a priori CBF values in gray and white matter. Input parameters were selected as follows: inlet
arterial temperature was fixed to 36.8 °C (the median between carotid artery temperature [36.6 °C]** and brain
tissue temperature [37.0 °C]® in humans) or approximated for each subject using pulmonary artery temperature
(see “Study participants and MR acquisition” section); and terminal capillary diameter was set to 7 pm based on
previous studies®®®’. A schematic of the input data generation and modeling procedure is shown in Fig. 1. All
input data (T1-weighted images, MRA, and MRV) were used to determine model-predicted temperature inde-
pendently of the MRS (EPSI) data used for MR-measured temperature calculations.

Regional analysis. Regional analysis was conducted using both subject-specific and group-averaged tem-
perature maps. For regional comparisons at the subject level (in resampled T1-weighted image space, 1 mm iso-
tropic voxels), cortical and subcortical regions were parcellated in FreeSurfer 6.0 (http://surfer.nmr.mgh.harva
rd.edu/) using the Desikan-Killiany atlas® and Gaussian classifier atlas®. Ten cortical regions (left and right
frontal lobes, temporal lobes, parietal lobes, occipital lobes, and insula) and twelve subcortical regions (left and
right cerebral WM, cerebellar WM, cerebellar cortex, thalamus, putamen, and pallidum) were used for analysis.
Atlas regions with any dimension smaller than the original EPSI voxel size (4.4 x4.4x 5.6 mm?®) were excluded
(e.g., cingulate, hippocampus, etc.) to reduce partial volume effects.

To facilitate group-averaged comparisons, MR-measured temperature maps for all subjects were registered to
Montreal Neurological Institute (MNI)152 space (2 mm isotropic voxels) in MIDAS”*”!. Model-predicted tem-
perature maps generated in T1-weighted image space were transformed to MNI152 space in SPM 12°%. MNI-
registered temperature maps (both MR-measured and model-predicted) were smoothed using a 3D Gaussian
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filter (kernel size=5x5x5 voxels, sigma=1) in the spatial domain, averaged for all subjects, and segmented
into 8 lobar regions (right and left frontal, parietal, temporal, and occipital lobes (Fig. S2)) using the built-in
segmentation tools in MIDAS>73.

Comparison of model-predicted and MR-measured brain temperatures. As in our previous
work*®, we used a threshold of 0.8 °C based on the uncertainty of absolute temperature measurements in a phan-
tom study performed using the same scanner®. For voxels satisfying all four criteria for spectral quality control
(see “Whole brain MR thermometry” section), the percentage of within-threshold voxels was calculated for each
subject. As the range of temperatures in model predictions was narrower than that of MR-measured tempera-
tures, Z-scores were calculated as Z; ;= [T;;— mean(T,)]/SD(T})), with T;; being one of 660 data points in region
i of subject j for either MR-measured or model-predicted temperatures, and used for comparison. Bland—-Altman
plots were constructed for all cortical and subcortical regions and used to visually compare model-predicted and
MR-measured temperatures. Values are reported throughout as the mean + SD unless otherwise noted.

IRB statement. This study was approved by the Emory Institutional Review Board, and all subjects pro-
vided written informed consent prior to participation.

Results

Voxel-wise agreement between model-predicted and MR-measured temperatures. Of vox-
els meeting all criteria for spectral quality (~50% of all EPSI voxels for all subjects), 97.9+1.6% were within
the threshold for agreement (0.8 °C) between model-predicted and MR-measured temperatures (range 94.4
t0>99.9% across all subjects). Spectral quality maps and comparison of model-predicted and MR-measured
temperatures are shown in Fig. S3. Most voxels that did not meet criteria for spectral quality were those sup-
pressed during acquisition with saturation bands (e.g., near the sinuses and cerebellum) to avoid contaminating
neighboring voxels. Inter-subject variability of whole brain temperature from model-predictions was smaller
(SD=0.01 °C, confidence interval=[37.02 °C, 37.06 °C]) than MR measurements (SD=0.09 °C, confidence
interval = [36.86 °C, 37.21 °C]).

Regional agreement between model-predicted and MR-measured temperatures. As voxel-
wise agreement was high, regional analysis was performed to facilitate further comparison of thermal gradients.
For all regions, mean absolute differences were within the agreement threshold of 0.8 °C (Fig. 2, Table S1). Mean
differences in model-predicted and MR-measured temperatures among cortical regions were all within the agree-
ment threshold and ranged from 0.13 °C in the left frontal lobe to 0.27 °C in the left insula. In subcortical regions,
differences ranged from 0.11 °C in left cerebral WM and 0.54 °C in left cerebellar WM. Unlike cortical regions,
several subcortical regions (left/right cerebellar WM, cerebellar cortex, putamen, and pallidum) had maximum
absolute temperature differences exceeding the agreement threshold of 0.8 °C. Left hemispheric temperatures
were 0.03 °C and <0.01 °C higher than the right hemisphere from model-predictions and MR measurements,
respectively. Subcortical regions were 0.09 °C and 0.07 °C higher than cortical regions for model-predicted and
MR-measured temperatures, respectively. Regional averages of MR-measured temperatures spanned a larger
range (35.85-39.18 °C) compared to model-predictions (36.95-37.28 °C) for all subjects. Across all regions
and subjects, the majority (94.4%) of regional temperature-derived Z-scores between model-predictions and
MR measurements were within the limits of agreement in Bland-Altman analysis (Fig. 3). While minimal bias
was observed across subjects (Fig. 3), bias was observed in some brain regions (Fig. S4). Model-predicted and
MR-measured temperatures were largely similar in cerebral WM. MR-measured temperatures were higher than
model-predictions in cerebellar regions, and the opposite trend was observed in putamen and pallidum regions.

Global brain temperature patterns. To characterize global patterns in healthy brain temperature,
whole brain model-predicted and MR-measured temperature maps in standardized MNI-space were investi-
gated. While voxel-wise and regional comparisons showed good agreement at the subject level, global analysis
facilitates characterization of expected biophysical trends, e.g., as a function of tissue type and brain region.
Qualitatively, subcortical WM regions tend to have relatively higher temperatures compared to other regions in
both MR-measured and model-predicted temperature maps (Fig. 4). Quantitatively, the lowest and the highest
MR-measured temperatures were observed in the right frontal lobe (36.87 °C) and left parietal lobe (37.12 °C),
respectively (Fig. 5A,B). From model-predictions, the lowest and the highest temperatures were observed in left
temporal lobe (37.06 °C) and right parietal lobe (37.10 °C), respectively (Fig. 5C,D). The maximum absolute dif-
ference between MR-measured and model-predicted temperatures was observed in the right frontal lobe with a
value of 0.22 °C, likely due to suppression of signal in portions of the frontal lobe (see “Methods” section). The
minimum absolute difference was observed in the left temporal lobe (0.01 °C), indicating a region with high
consistency between model-predictions and MR measurements. Average venous temperatures in the internal
jugular vein from model-predictions was 37.0 °C across all subjects, 0.2 °C higher than the input arterial tem-
perature (36.8 °C) used in the model. Mean arterial temperatures calculated from experimentally-measured axil-
lary temperatures for all subjects were 36.80+0.55 °C, similar to the fixed input arterial temperature (36.8 °C)
used in the model. The use of a subject-specific inlet arterial temperature (estimated using pulmonary arterial
temperature; see “Study participants and MR acquisition” section) in the model resulted in a maximum bias for
whole brain temperature of ~ 0.5 °C and did not alter spatial thermal gradients.
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Figure 2. Boxplots of temperature differences between model-predicted and MR-measured temperatures for all
subjects. Horizontal dashed lines indicate the agreement threshold of 0.8 °C, and mean differences for all regions
were within the threshold. The boxes represent the interquartile range (IQR), the center line represents the
median, and whiskers are within 1.5 times the IQR. Outliers are shown as open circles. T, model-predicted
brain temperature, Tz MR-measured brain temperature, Frontal frontal lobe, Parietal parietal lobe, Temporal
temporal lobe, Occipital occipital lobe, C-WM cerebral white matter, CBM-WM cerebellar white matter, CBM-
Cortex cerebellar cortex. Raw data is shown in Table S1.
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Figure 3. Bland-Altman plot demonstrating agreement between model-predicted and MR-measured
temperatures for all subjects and 22 cortical and subcortical regions. Data points are color-coded by subject.
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standard deviation, sub subject.
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Figure 4. Comparison of group-averaged brain temperature maps from MR measurements and model-
predictions for multiple axial slices. The first row shows the anatomical images corresponding to the same axial
slice as the temperature maps. While spatial variation exists, the deep brain and subcortical white matter is
higher in both model and measurement (highlighted in blue arrows). MR-measured temperatures range from
[36.0 °C, 38.0 °C], while model-predicted temperatures range from [36.5 °C, 37.5 °C]. T1W T1-weighted image,
Tyr MR-measured brain temperatures, T,,,,4; model-predicted brain temperatures.

Discussion

High overall agreement was observed between model-predictions and MR measurements, however, variations in
temperature ranges and spatial temperature patterns were observed. Regional analysis revealed similar model-
predicted and MR-measured temperatures across most brain regions, with the lowest difference (0.11 +0.07 °C)
observed in left cerebral white matter. While mean differences between model-predictions and MR measurements
were within the agreement threshold (0.8 °C) for all regions, the largest differences in subject-specific regional
analyses were observed in left and right cerebellar WM (Table S1) likely due to portions of the suppression band
covering much of the cerebellum.

Maudsley et al. previously reported reproducibility errors in regional (lobar-scale) MR-measured tempera-
tures of 0.2 °C°!. From our group-averaged, lobar-scale comparisons, the maximum absolute difference between
model-predictions and MR measurements was 0.22 °C (right frontal lobe). This suggests at the lobar-scale,
agreement between MR measurements and model-predictions is on the same scale as reproducibility errors in
whole brain MR thermometry. Within each method (i.e., MR measurements and model-predictions), regional
differences were observed. The highest temperatures were observed in parietal lobes for both MR measurements
and model-predictions. For MR measurements, higher temperatures were observed in the left parietal lobes
(Fig. 5A,B); further exploration of regional differences is warranted. The lowest measured temperatures in the
right frontal lobe (Fig. 5A,B) are attributed, at least in part, to the limited number of voxels in the frontal lobe
as many were excluded due to the saturation band. For model-predictions, highest temperatures were observed
in the right parietal lobe (Fig. 5C,D) as group-averaged GM/WM ratios were lowest in parietal lobes, resulting
in the lowest CBF’#7* and less heat removal by blood circulation. Similarly, the lowest model-predicted tem-
peratures observed in the left temporal lobe (Fig. 5C,D) can also be explained by the highest GM/WM ratio in
this region.

Higher temperatures in subcortical regions were observed compared to cortical regions for both model-
predictions and MR measurements, consistent with prior reports'**®>76. Cortical regions are related to high-
level function such as decision-making or sensing the surrounding environment and have more dense arterial
and venous structure, resulting in higher CBF with more cooling. Increased conduction near the skull due to
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Figure 5. Lobar-scale 3D images overlaid with (A,B) MR-measured and (C,D) model-predicted brain
temperature maps. Lobes with the highest average temperature (i.e., left parietal lobe [Ty] and right parietal
lobe [Tyoqq]) are highlighted with red arrows. Lobes with the lowest average temperature (i.e., right frontal
lobe [Ty] and left temporal lobe [Tyqq]) are highlighted with blue arrows. MR-measured temperatures range
from [34.0 °C, 38.0 °C], while model-predicted temperatures range from [36.6 °C, 37.4 °C]. Tz MR-measured
temperature, T),q; model-predicted temperature, L left, R right, Pari parietal lobe, Front frontal lobe, Temp
temporal lobe, (H) highest temperature lobe, (L) lowest temperature lobe.

lower ambient temperature outside the head also results in lower temperatures in superficial cerebral sites and
relatively higher deep brain temperatures”. MR-measured temperatures were also higher in the left hemisphere
compared to the right hemisphere by 0.03 °C, consistent with prior reports observing 0.03 °C higher temperatures
in the left hemisphere®!. For model-predictions, average internal jugular vein temperature was 37.0 °C across all
subjects, 0.2 °C higher than the input arterial temperature (36.8 °C) in our model. Previous literature reported
a~0.3 °C temperature difference between arterial and venous temperatures, similar to our findings®’®. As heat
dissipation in the brain is largely due to conduction and heat transfer from tissue to cooler incoming blood, this
gradient in vessel temperatures is expected particularly in the healthy brain.

Temperature differences between model-predictions and MR measurements were primarily attributed to
challenges in MR thermometry acquisition in some regions (e.g., susceptibility near the sinus cavity, suppression
band placement, etc.) and the narrow range of model-predicted temperatures compared to MR measurements.
Susceptibility artifacts can quickly deteriorate spectral quality and reduce the accuracy of chemical shift MR
thermometry*"7*%, MR-measured temperatures at the brain periphery in some regions are relatively higher than
the corresponding model-predicted temperatures, attributed in part to susceptibility artifacts in experimental
thermometry at the tissue boundaries. While manual shimming and adjustment of suppression bands were both
applied in this study to minimize susceptibility, improvements in MR spectroscopy acquisition may alleviate
some of these challenges. The suppression band resulted in partial signal loss in the frontal lobe as described in
previous work*”"!, but reduces further spectral contamination from susceptibility artifacts or field inhomogeneity
(particularly for echo planar acquisition) from the sinuses or other cavities. We acknowledge the voxel size used
in EPSI acquisition may lead to some partial volume effects in smaller regions; however, atlas-defined regions
with dimensions smaller than the voxel size were excluded to minimize this as much as possible. While reliability
of the 3D EPSI sequence used for whole brain MR thermometry was not specifically investigated in the current
work, many prior studies have evaluated its reproducibility both for metabolite quantification®** and chemi-
cal shift thermometry®»#*, Maudsley et al. used Monte-Carlo simulations to determine SD of the frequency
measurement with EPSI is 0.0018 ppm (corresponding to ~ 0.2 °C) with a maximum error of 0.006 ppm (cor-
responding to ~ 0.6 °C)®!. Zhang et al. assessed the SD of regional temperature in healthy volunteers as a metric
of repeated measurement accuracy, reporting a mean (range) of 0.4 (0.3-0.8) °C across the entire brain. Intrasu-
bject coeficient of variation (CV) was 0.9% for brain temperature measurement using creatine as a temperature
reference using the 3D EPSI sequence®. Similarly, Sharma et al. evaluated reproducibility of EPSI and observed
stable temperature variations with mean CV across repeated measures of 1.9%%%. Despite the limitations, these
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data support the use of EPSI as an experimental thermometry method suitable for comparison with biophysical
model predictions. Finally, subject-specific brain tissue and vessel structure was used in our model; however, the
same inlet arterial temperature was used for all subjects which may be partly responsible for the relatively small
variation (SD =0.01 °C) across subjects compared to MR measurements (SD =0.09 °C).

Future work will address several limitations. While body temperature (e.g., axillary) is not an ideal surrogate
for arterial temperature, the use of body temperature for each subject in our model as a boundary condition
may be necessary to account for individual variations, particularly as brain and body temperature are correlated
in healthy mammals'*-'. MRA and MRYV, while relatively fast, are not optimal methods for constructing ves-
sel structure and calculating CBF. Refinement of vessel distribution with more accurate measurements such as
computed tomography angiography or acquisition at higher field strengths (e.g., 7 T) may be necessary. Similarly,
direct measurements of blood flow and perfusion using, e.g., arterial spin labeling, may further improve our
model. The biophysical model could also be further improved by incorporation of momentum conservation for
blood flow in all simulation domains, as well as through better assessment of the input parameters and boundary
conditions that are used for predicting the brain thermal behavior of a given individual. In the case of rigorous
momentum conservation in the model, some thermophysical parameters which determine the thermal resistance
of blood vessels and tissue may impact thermal distribution. Robust sensitivity analysis to input parameters is
an immediate next step. While experimental thermometry acquired with the whole brain EPSI sequence were
consistent with previous reports™, artifacts near the sinuses or other cavities, field inhomogeneity from the echo
planar acquisition, and long scan times are limitations of this method. The experimental temperature maps were
resampled and transformed to T1-weighted image space to facilitate comparisons between MR measurements
and model-predictions, and some uncertainty may be introduced at the voxel-level. Finally, as the model was
evaluated with data from healthy volunteers, future studies will investigate the agreement between model-pre-
dictions and MR measurements using patient data (e.g., chronic cerebrovascular disease, cardiac arrest, severe
traumatic brain injury, etc.) and determine the required accuracy and resolution for the use of brain temperature
as a non-invasive marker for diagnosis or treatment planning.

Conclusions

Personalized model-predicted brain temperature maps for 30 healthy subjects were compared with whole brain
MR thermometry, and agreement in both voxel-wise and regional temperature distributions were observed.
While differences exist, we expect the combined and complementary use of model-predictions and MR meas-
urements is an emerging paradigm for further development of brain temperature as a promising biomarker for
prognostication and treatment monitoring.

Data availability
Raw data will be made available upon request to the corresponding author and after a resource sharing agreement
is in place, as required by the authors’ institutions.

Received: 16 July 2022; Accepted: 17 October 2022
Published online: 11 November 2022

References
1. Thompson, S. M., Masukawa, L. M. & Prince, D. A. Temperature dependence of intrinsic membrane properties and synaptic
potentials in hippocampal CA1 neurons in vitro. J. Neurosci. 5, 817-824 (1985).
2. Volgushev, M., Vidyasagar, T., Chistiakova, M. & Eysel, U. Synaptic transmission in the neocortex during reversible cooling.
Neuroscience 98, 9-22 (2000).
3. Kiyatkin, E. A. Brain temperature homeostasis: Physiological fluctuations and pathological shifts. Front. Biosci. 15, 73 (2010).
4. Kiyatkin, E. A. & Sharma, H. S. Permeability of the blood-brain barrier depends on brain temperature. Neuroscience 161, 926-939
(2009).
5. Yablonskii, D. A., Ackerman, J. J. & Raichle, M. E. Coupling between changes in human brain temperature and oxidative metabolism
during prolonged visual stimulation. Proc. Natl. Acad. Sci. U.S.A. 97, 7603-7608 (2000).
6. Kiyatkin, E. A., Brown, P. L. & Wise, R. A. Brain temperature fluctuation: A reflection of functional neural activation. Eur. J.
Neurosci. 16, 164-168 (2002).
7. Gorbach, A. M. et al. Intraoperative infrared functional imaging of human brain. Ann. Neurol. 54, 297-309 (2003).
8. Hajat, C., Hajat, S. & Sharma, P. Effects of poststroke pyrexia on stroke outcome: A meta-analysis of studies in patients. Stroke 31,
410-414 (2000).
9. Jiang, J.-Y., Gao, G.-Y,, Li, W.-P,, Yu, M.-K. & Zhu, C. Early indicators of prognosis in 846 cases of severe traumatic brain injury. J.
Neurotrauma 19, 869-874 (2002).
10. Fountas, K. et al. Disassociation between intracranial and systemic temperatures as an early sign of brain death. J. Neurosurg.
Anesthesiol. 15, 87-89 (2003).
11. Dehkharghani, S., Fleischer, C. C., Qiu, D., Yepes, M. & Tong, E Cerebral temperature dysregulation: MR thermographic monitor-
ing in a nonhuman primate study of acute ischemic stroke. Am. J. Neuroradiol. 38, 712-720 (2017).
12. Fleischer, C. C. et al. The brain thermal response as a potential neuroimaging biomarker of cerebrovascular impairment. Am. J.
Neuroradiol. 38, 2044-2051 (2017).
13. Hayward, J. N. & Baker, M. A. A comparative study of the role of the cerebral arterial blood in the regulation of brain temperature
in five mammals. Brain Res. 16, 417-440 (1969).
14. Mellergérd, P. Intracerebral temperature in neurosurgical patients: Intracerebral temperature gradients and relationships to con-
sciousness level. Surg. Neurol. 43, 91-95 (1995).
15. Rossi, S., Zanier, E. R., Mauri, L., Columbo, A. & Stocchetti, N. Brain temperature, body core temperature, and intracranial pressure
in acute cerebral damage. J. Neurol. Neurosurg. Psychiatry 71, 448-454 (2001).
16. Zhu, M., Ackerman, J. ]. & Yablonskiy, D. A. Body and brain temperature coupling: The critical role of cerebral blood flow. J. Comp.
Physiol. B179, 701-710 (2009).
17. Poorter, ]. D. et al. Noninvasive MRI thermometry with the proton resonance frequency (PRF) method: In vivo results in human
muscle. Magn. Reson. Med. 33, 74-81 (1995).

Scientific Reports |

(2022) 12:19285 | https://doi.org/10.1038/s41598-022-22599-x nature portfolio



www.nature.com/scientificreports/

18.
19.

20.
. Graham, S. J,, Stanisz, G. J., Kecojevic, A., Bronskill, M. J. & Henkelman, R. M. Analysis of changes in MR properties of tissues

22.
23.

24.
25.
26.
27.

28.

29.
30.
31.
32.
33.
34.
35.
. Chen, M. M. & Holmes, K. R. Microvascular contributions in tissue heat transfer. Ann. N. Y. Acad. Sci. 335, 137-150 (1980).
37.
38.
39.
40.

41.
42.

43.
44.

49.
50.
51.

52.
. Unser, M., Aldroubi, A. & Eden, M. B-spline signal processing. II. Efficiency design and applications. IEEE Trans. Signal Process.

54.
55.
56.
57.
58.
59.
60.

61.
62.

63.
64.

Kuroda, K. Non-invasive MR thermography using the water proton chemical shift. Int. . Hyperthermia 21, 547-560 (2005).
Corbett, R., Laptook, A. & Weatherall, P. Noninvasive measurements of human brain temperature using volume-localized proton
magnetic resonance spectroscopy. J. Cereb. Blood Flow Metab. 17, 363-369 (1997).

Rieke, V. & Butts Pauly, K. MR thermometry. J. Magn. Reson. Imaging 27, 376-390 (2008).

after heat treatment. Magn. Reson. Med. 42, 1061-1071 (1999).

Bleier, A. R. et al. Real-time magnetic resonance imaging of laser heat deposition in tissue. Magn. Reson. Med. 21, 132-137 (1991).
Gultekin, D. H. & Gore, ]. C. Temperature dependence of nuclear magnetization and relaxation. J. Magn. Reson. 172, 133-141
(2005).

Parker, D. L. Applications of NMR imaging in hyperthermia: An evaluation of the potential for localized tissue heating and non-
invasive temperature monitoring. IEEE Trans. Biomed. Eng. 31, 161-167. https://doi.org/10.1109/TBME.1984.325382 (1984).
Todd, N., Vyas, U,, de Bever, J., Payne, A. & Parker, D. L. Reconstruction of fully three-dimensional high spatial and temporal
resolution MR temperature maps for retrospective applications. Magn. Reson. Med. 67, 724-730 (2012).

Todd, N. et al. Toward real-time availability of 3D temperature maps created with temporally constrained reconstruction. Magn.
Reson. Med. 71, 1394-1404 (2014).

Alpers, J. et al. Comparison study of reconstruction algorithms for volumetric necrosis maps from 2D multi-slice GRE thermometry
images. Sci. Rep. 12, 1-12 (2022).

Dehkharghani, S. et al. Proton resonance frequency chemical shift thermometry: Experimental design and validation toward
high-resolution noninvasive temperature monitoring and in vivo experience in a nonhuman primate model of acute ischemic
stroke. Am. J. Neuroradiol. 36, 1128-1135 (2015).

Karaszewski, B. et al. Relationships between brain and body temperature, clinical and imaging outcomes after ischemic stroke. J.
Cereb. Blood Flow Metab. 33, 1083-1089 (2013).

Callaway, C. W. et al. Part 8: Post-cardiac arrest care: 2015 American Heart Association guidelines update for cardiopulmonary
resuscitation and emergency cardiovascular care. Circulation 132, S465-5482 (2015).

Sun, Z. et al. Differential temporal evolution patterns in brain temperature in different ischemic tissues in a monkey model of
middle cerebral artery occlusion. J. Biomed. Biotechnol. 2012, 980961 (2012).

Ishida, T. et al. Brain temperature measured by magnetic resonance spectroscopy to predict clinical outcome in patients with
infarction. Sensors 21, 490 (2021).

Bhowmik, A., Singh, R., Repaka, R. & Mishra, S. C. Conventional and newly developed bioheat transport models in vascularized
tissues: A review. J. Therm. Biol. 38, 107-125 (2013).

Pennes, H. H. Analysis of tissue and arterial blood temperatures in the resting human forearm. J. Appl. Physiol. 1, 93-122 (1948).
Wulff, W. The energy conservation equation for living tissue. IEEE Trans. Biomed. Eng. 21, 494-495 (1974).

Lagendijk, J. The influence of bloodflow in large vessels on the temperature distribution in hyperthermia. Phys. Med. Biol. 27,17
(1982).

Lagendijk, J., Schellekens, M., Schipper, J. & Van der Linden, P. A three-dimensional description of heating patterns in vascularised
tissues during hyperthermic treatment. Phys. Med. Biol. 29, 495 (1984).

Mooibroek, J. & Lagendijk, J. A fast and simple algorithm for the calculation of convective heat transfer by large vessels in three-
dimensional inhomogeneous tissues. IEEE Trans. Biomed. Eng. 38, 490-501 (1991).

Shrivastava, D. & Roemer, R. B. Readdressing the issue of thermally significant blood vessels using a countercurrent vessel network.
J. Biomech. Eng. 128, 210-216 (2005).

Shrivastava, D. & Vaughan, J. T. A generic bioheat transfer thermal model for a perfused tissue. J. Biomech. Eng. 131, 074506 (2009).
Shrivastava, D. et al. Radiofrequency heating in porcine models with a “large” 32 cm internal diameter, 7T (296 MHz) head coil.
Magn. Reson. Med. 66, 255-263 (2011).

Kotte, A. et al. A description of discrete vessel segments in thermal modelling of tissues. Phys. Med. Biol. 41, 865-884 (1996).
He, Z.-Z. & Liu, ]. A coupled continuum-discrete bioheat transfer model for vascularized tissue. Int. J. Heat Mass Tran. 107, 544-556
(2017).

. Blowers, S. et al. How does blood regulate cerebral temperatures during hypothermia? Sci. Rep. 8, 1-10 (2018).
. Sung, D. et al. Personalized predictions and non-invasive imaging of human brain temperature. Commun. Phys. 4, 1-10 (2021).
. Sabati, M. et al. Multivendor implementation and comparison of volumetric whole-brain echo-planar MR spectroscopic imaging.

Magn. Reson. Med. 74, 1209-1220 (2015).

. Fulbrook, P. Core body temperature measurement: A comparison of axilla, tympanic membrane and pulmonary artery blood

temperature. Intens. Crit. Care Nurs. 13, 266-272 (1997).

Maudsley, A. A. et al. Mapping of brain metabolite distributions by volumetric proton MR spectroscopic imaging (MRSI). Magn.
Reson. Med. 61, 548-559 (2009).

Abdoli, A., Stoyanova, R. & Maudsley, A. A. Denoising of MR spectroscopic imaging data using statistical selection of principal
components. Magn. Reson. Mater. Phys. 29, 811-822 (2016).

Maudsley, A. A., Goryawala, M. Z. & Sheriff, S. Effects of tissue susceptibility on brain temperature mapping. Neuroimage 146,
1093-1101 (2017).

Unser, M., Aldroubi, A. & Eden, M. B-spline signal processing. I. Theory. IEEE Trans. Signal Process. 41, 821-833 (1993).

41, 834-848 (1993).

Thévenaz, P, Blu, T. & Unser, M. Interpolation revisited (medical images application). IEEE Trans. Med. Imaging 19, 739-758
(2000).

Collignon, A. et al. Automated multi-modality image registration based on information theory. Inf. Process. Med. Imaging 3,
263-274 (1995).

Studholme, C., Hill, D. L. & Hawkes, D. J. An overlap invariant entropy measure of 3D medical image alignment. Pattern Recogn.
32,71-86 (1999).

Zhu, L. & Diao, C. Theoretical simulation of temperature distribution in the brain during mild hypothermia treatment for brain
injury. Med. Biol. Eng. Comput. 39, 681-687 (2001).

Nelson, D. A. & Nunneley, S. A. Brain temperature and limits on transcranial cooling in humans: Quantitative modeling results.
Eur. J. Appl. Physiol. Occup. Physiol. 78, 353-359 (1998).

Van Leeuwen, G. M., Hand, J. W., Lagendijk, J. ]., Azzopardi, D. V. & Edwards, A. D. Numerical modeling of temperature distribu-
tions within the neonatal head. Pediatr. Res. 48, 351-356 (2000).

Ashburner, J. & Friston, K. J. Diffeomorphic registration using geodesic shooting and Gauss-Newton optimisation. Neuroimage
55,954-967 (2011).

Liu, S. et al. Rivulet: 3D neuron morphology tracing with iterative back-tracking. Neuroinformatics 14, 387-401 (2016).

Liu, S., Zhang, D., Song, Y., Peng, H. & Cai, W. Automated 3-D neuron tracing with precise branch erasing and confidence con-
trolled back tracking. IEEE Trans. Med. Imaging 37, 2441-2452 (2018).

LaValle, S. M. & Kuffner, J. J. Randomized kinodynamic planning. Int. J. Robot. Res. 20, 378-400 (2001).

Rubenstein, E., Meub, D. W. & Eldridge, E. Common carotid blood temperature. J. Appl. Physiol. 15, 603-604 (1960).

Scientific Reports |

(2022) 12:19285 | https://doi.org/10.1038/s41598-022-22599-x nature portfolio


https://doi.org/10.1109/TBME.1984.325382

www.nature.com/scientificreports/

65. Childs, C., Hiltunen, Y., Vidyasagar, R. & Kauppinen, R. A. Determination of regional brain temperature using proton magnetic
resonance spectroscopy to assess brain-body temperature differences in healthy human subjects. Magn. Reson. Med. 57, 59-66
(2007).

66. Reina-De La Torre, E, Rodriguez-Baeza, A. & Sahuquillo-Barris, J. Morphological characteristics and distribution pattern of the
arterial vessels in human cerebral cortex: A scanning electron microscope study. Anat. Rec. 251, 87-96 (1998).

67. Cassot, E, Lauwers, E, Fouard, C., Prohaska, S. & Lauwers-Cances, V. A novel three-dimensional computer-assisted method for
a quantitative study of microvascular networks of the human cerebral cortex. Microcirculation 13, 1-18 (2006).

68. Desikan, R. S. et al. An automated labeling system for subdividing the human cerebral cortex on MRI scans into gyral based regions
of interest. Neuroimage 31, 968-980 (2006).

69. Fischl, B. et al. Whole brain segmentation: Automated labeling of neuroanatomical structures in the human brain. Neuron 33,
341-355 (2002).

70. Studholme, C., Hill, D. L. & Hawkes, D. J. Automated three-dimensional registration of magnetic resonance and positron emission
tomography brain images by multiresolution optimization of voxel similarity measures. Med. Phys. 24, 25-35 (1997).

71. Rousseau, E et al. Medical Imaging 2005: Image Processing, 1213-1221 (SPIE).

72. Maudsley, A. A. et al. Comprehensive processing, display and analysis for in vivo MR spectroscopic imaging. NMR Biomed. 19,
492-503 (2006).

73. Collins, D. L. et al. Design and construction of a realistic digital brain phantom. IEEE Trans. Med. Imaging 17, 463-468 (1998).

74. Diao, C., Zhu, L. & Wang, H. Cooling and rewarming for brain ischemia or injury: Theoretical analysis. Ann. Biomed. Eng. 31,
346-353 (2003).

75. Parkes, L. M., Rashid, W., Chard, D. T. & Tofts, P. S. Normal cerebral perfusion measurements using arterial spin labeling: Repro-
ducibility, stability, and age and gender effects. Magn. Reson. Med. 51, 736-743 (2004).

76. Wang, H. et al. Brain temperature and its fundamental properties: A review for clinical neuroscientists. Front. Neurosci. 8, 307-313
(2014).

77. Hayward, J. & Baker, M. Role of cerebral arterial blood in the regulation of brain temperature in the monkey. Am. J. Physiol. 215,
389-403 (1968).

78. Nybo, L., Secher, N. H. & Nielsen, B. Inadequate heat release from the human brain during prolonged exercise with hyperthermia.
J. Physiol. 545, 697-704 (2002).

79. Sprinkhuizen, S. M. et al. Temperature-induced tissue susceptibility changes lead to significant temperature errors in PRFS-based
MR thermometry during thermal interventions. Magn. Reson. Med. 64, 1360-1372 (2010).

80. Babourina-Brooks, B. ef al. MRS thermometry calibration at 3 T: Effects of protein, ionic concentration and magnetic field strength.
NMR Biomed. 28, 792-800 (2015).

81. Maudsley, A., Domenig, C. & Sheriff, S. Reproducibility of serial whole-brain MR spectroscopic imaging. NMR Biomed. 23,251-256
(2010).

82. Zhang, Y. et al. Comparison of reproducibility of single voxel spectroscopy and whole-brain magnetic resonance spectroscopy
imaging at 3T. NMR Biomed. 31, e3898 (2018).

83. Zhang, Y. et al. Reproducibility of whole-brain temperature mapping and metabolite quantification using proton magnetic reso-
nance spectroscopy. NMR Biomed. 33, e4313 (2020).

84. Sharma, A. A. et al. Repeatability and reproducibility of in-vivo brain temperature measurements. Front. Hum. Neurosci. 14, 598435
(2020).

Acknowledgements

MR data acquisition was supported by the Emory University Center for Systems Imaging Core. This research was
supported, in part, by an American Heart Association predoctoral fellowship (DS) (909342), Rae S. & Frank H.
Neely Chair funds from Georgia Institute of Technology (PAK and AGF), and the Emory University Department
of Radiology & Imaging Sciences (CCF).

Author contributions

D.S.: Software, Methodology, Investigation, Formal analysis, Data curation, Writing—original draft. B.B. Risk:
Formal analysis, Writing—review & editing. P.A.K.: Methodology, Investigation, Formal analysis, Writing—
review & editing. J.W.A.: Conceptualization, Supervision, Writing—review & editing, EN.: Conceptualization,
Writing—review & editing, A.G.E: Conceptualization, Supervision, Investigation, Writing—review & editing,
and C.C.E: Conceptualization, Supervision, Methodology, Investigation, Formal analysis, Writing—original
draft, Writing—review & editing.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-22599-x.

Correspondence and requests for materials should be addressed to C.C.E.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Scientific Reports |

(2022) 12:19285 | https://doi.org/10.1038/s41598-022-22599-x nature portfolio


https://doi.org/10.1038/s41598-022-22599-x
https://doi.org/10.1038/s41598-022-22599-x
www.nature.com/reprints

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |  (2022)12:19285 | https://doi.org/10.1038/s41598-022-22599-x nature portfolio


http://creativecommons.org/licenses/by/4.0/

	Comparisons of healthy human brain temperature predicted from biophysical modeling and measured with whole brain MR thermometry
	Methods
	Study participants and MR acquisition. 
	Whole brain MR thermometry. 
	Biophysical modeling of brain temperature. 
	Regional analysis. 
	Comparison of model-predicted and MR-measured brain temperatures. 
	IRB statement. 

	Results
	Voxel-wise agreement between model-predicted and MR-measured temperatures. 
	Regional agreement between model-predicted and MR-measured temperatures. 
	Global brain temperature patterns. 

	Discussion
	Conclusions
	References
	Acknowledgements


