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ABSTRACT Large-scale lifetime rodent bioassays conducted in reverberation chambers (RCs) rely on
automated radiofrequency (RF) power control feedback, driven by a sparse set of field probes, to regulate
cohort-wide RF energy absorption. As moving rodents load the RC differently from calibration phantoms,
the relationship between probe readings and the realized whole-body specific absorption rate (wbSAR)
shifts. Compounded by inevitable instrumentation and thermal calibration errors, sparse field sampling
may introduce a wider, yet undetected, exposure variance. To quantify and mitigate these effects, a Monte
Carlo (MC) dosimetry framework emulating the calibration-to-live experiment chronology, including field-
sensing-driven RF-power control, is presented for an RC loaded with 96 male rat models at 900 MHz.
Feedback control schemes based on net RF input power and total RF energy density metrics are compared in
terms of realized RF dose. Contextualized within historical bioassay parameters, the computational results
indicate that compounding sparse field sampling at arbitrary RC locations with said errors induces an
unknowable, unrecoverable cage-wise exposure spread, potentially causing dose-group overlaps and over-
exposures. To identify optimal probe locations and types, an MC-based selection criterion is demonstrated
to substantially mitigate dosimetric spread, bounding cohort-wide exposures within known envelopes and
providing a reliable dosimetric design framework for future rodent bioassays.

INDEX TERMS Computational electromagnetics, digital twin, radio-frequency (RF) dosimetry, RF expo-
sure control, reverberation chamber (RC), rodent bioassay, specific absorption rate (SAR).

I. INTRODUCTION
Over the past two decades, reverberation chambers (RCs)
have become critical exposure facilities for lifetime, large-
scale rodent bioassays aimed at quantifying potential
dose-response links between radiofrequency (RF) energy
absorption and biological endpoints [1], [2], [3], [4], [5],
[6], [7]. For instance, the US National Toxicology Program
(NTP) bioassays [8], [9] and the Japanese-Korean (J-K)
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follow-up [10], [11] featured concurrent exposures of large
rodent cohorts to boost statistical power, keeping the RF
dose, defined in terms of the whole-body average specific
absorption rate (wbSAR) [12], within predefined bounds
over two years. Because real-time wbSARmonitoring within
caged rodents is physically impossible during bioassays, the
exposures are regulated using RF-power feedback-control
driven by sparse RC field sampling (e.g., two monitoring
field probes in the NTP RCs [8]). Typical calibrations con-
ducted prior to a bioassay yield the baseline link between
target RF dose and aggregate probe readings using identical
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FIGURE 1. TLM digital twin computational model of the rodent-loaded
UNIVPM RC. Magenta spheres indicate the locations of the 12 point-wise
field probes. Posed adult male rat models are housed in the static
6 × 4 × 4 (in x , y , z) cage arrangement, integrated with the grounded
drinking-water delivery system incorporating RF-choked sippers. The
NLOS discone antenna is shown as a solid and in wireframe at the LOS
location. Probe and watering system details are provided in [17], [18],
and [19].

‘‘phantoms’’ (e.g., tissue-simulating liquid-filled flasks [4])
loading the RC. However, live rodents exhibit body weight
variations across cages as well as changes in posture and posi-
tion. These factorsmodify the calibrated relationship between
wbSAR and probe readings, resulting in an undetected drift
of the global RF dose. Furthermore, the effects on expo-
sure variability arising from sparse field sampling, combined
with instrumentation and thermal calibration errors, may not
be fully considered when interpreting bioassay outcomes.
Based on granular results stemming from realistic full-wave
computational modeling, this study provides a quantitative
assessment of the RF-dose spread and its dependency on
field probe and wbSAR calibration errors, demonstrating
significant mitigations achievable through optimal probe con-
figuration choices.

Historically, computational RF dosimetry in RCs relied
on idealized, random plane-wave (PW) superposition mod-
els [13] capable of exposing single [14], [15] or multiple
numerical rodent phantoms [16]. While computationally effi-
cient, random-PW models enforce artificial symmetries that
inherently smooth out local field anomalies. Moreover, the
only dosimetric link between cohort-averaged wbSAR and
probe readings relies on the inherent but untested assumption
that, in real RCs, these readings accurately represent the
unperturbed incident random-PW field.

Indeed, recent studies employing a highly-detailed, full-
wave digital twin model of the Università Politecnica delle
Marche (UNIVPM) RC showed that in a realistic, heavily
loaded RC, physical boundaries and scattering infrastructure
(e.g., metallic drinking-water distribution systems) induce

larger exposure asymmetries relative to PW-based estima-
tions [17], [18], [19]. Furthermore, loaded-RC exposures
resulted in significantly weaker correlation between indi-
vidual rodent mass and wbSAR [19], thereby upending the
assumption of protective thermal ‘‘mass buffering’’ antici-
pated by random-PW models [16].

Having addressed the physical gap inherent in random-
PW models, this paper bridges the operational gap between
static calibration and dynamic in vivo exposures in loaded
RCs. Section II describes a Monte Carlo (MC) framework
that emulates a realistic loaded-RC calibration-to-bioassay
chronological scenario based on the full-wave UNIVPM-RC
digital twin exposing a 96-adult-rat cohort at 900 MHz. This
framework quantifies the impact of distinct RF-dose con-
trol metrics (net RF input power, squared field, and total
RF energy density) and documented calibration uncertainties
on the cohort-wide wbSAR spread. Even under favorable
assumptions, the results presented in Section III demonstrate
that arbitrary sparse field sampling induces severe exposure
variance across cages, which is amplified by the inherent cal-
ibration errors. The granular MC outputs yield optimal probe
configurations that shrink this variance, thereby providing a
reliable a priori predictivemethod to bound dosimetric uncer-
tainty in future in vivo RF bioassays. Section IV discusses
the applicability of the proposed approach and the implica-
tions of the associated findings, while Section V presents the
concluding remarks.

II. MONTE CARLO DOSIMETRY FRAMEWORK
The proposed MC framework emulates, in a chronological
MC sequence, the static calibration phase and the dynamic
experimental phase of a large-scale rodent bioassay
at 900 MHz, incorporating realistic instrumentation and cal-
ibration errors. However, the RF-dose errors are quantified
assuming an ideal RF-power feedback-control scheme with
zero latency and no systematic bias, using control variables
derived from non-perturbing, sparse RC field sampling. This
deliberate idealization provides a favorable scenario that
grounds the study findings on traceable error contributors,
thus avoiding speculative assumptions regarding other poten-
tial errors, e.g., adaptive-control system or environmental
drifts.

A. CHAMBER AND COHORT MODELING
The UNIVPM-RC digital twin accurately reproduces its
physical dimensions (≈3 m× 4 m× 2.5 m) [20], [21]. Time-
domain simulations were performed using the Transmission
Line Matrix (TLM) method (CST Studio 2025, Dassault
Systèmes). Shown in Fig. 1, the UNIVPM-RC digital twin
features a mechanical mode-stirrer, one of three available
antennas placed in (non-)line-of-sight (N/LOS) locations rel-
ative to the cages [19], and a realistic watering system,
modeled after the NTP bioassay RC infrastructure [4], [8],
which consists of two metallic serpentines incorporating
flanged RF-choked sippers, grounded to a side wall [19].
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The chamber is loaded with 96 homogeneous, untailed
adult rat models housed in a 6 × 4 × 4 cage lattice, fea-
turing 12% relative standard deviation (R-SD) about the
mean cohort mass derived from the historical growth metrics
in [8], modeled by a raised-cosine probability density func-
tion (PDF), thus preventing unrealistic outliers [16].
Twelve field-sampling probes are defined across the RC,

with six of them far from antennas and stirrer (Fig. 1),
so as to emulate a large variety of plausible physical sensor
networks normally used in bioassays to drive the RF input
power feedback-control. These numerical probes, placed at
25 cm (approximate length of commercial miniature probes)
from the nearest walls at the RC corners and the midplane
between working volume (WV) and stirrer/antennas [19],
sample point-wise fields without altering the TLM solution.
Both the electric (E) and magnetic (H) time-domain field
waveforms are recorded at each probing location.

B. THE WBSAR CONTROL METRICS
In RF bioassay exposure systems, the input RF power is the
manipulated variable setting the animals exposures within
predefined ranges. This is usually achieved through feed-
back mechanisms governed by suitable control variables.
Typically, RF generator settings are adjusted (e.g., every 20 s
in the NTP bioassays) in response to sampled RF energy
metrics derived from field probes placed within the system.
Linking internal RF-dose metrics such as the wbSAR with
external fields within the exposure system frequently relies
on an experimental dosimetric factor (DF) [19].

Following each TLM simulation, corresponding to a given
stirrer angle, the computed wbSARs and sampled-field
900 MHz phasors are normalized to the net RF input power
metric

(
9P = Pinc − Pref

)
before any postprocessing, thus

removing the antenna reflection coefficient variability with
RC loading and stirrer angle from the subsequent dosimetric
analysis. This choice decouples antenna-specific impedance
sensitivities, representing a potential confounder, from the
analysis, while leaving the intended differentiating antenna
characteristics such as size and directivity pattern intact. This
scenario emulates zero-latency compensation for impedance
variability, restoring the nominal net RF input power. Such
a favorable scenario underpins the wbSAR feedback-control
emulation architecture described in Section II-C, which relies
on the RF energy metrics defined in Section II-B1.

1) AGGREGATE ELECTROMAGNETIC ENERGY DENSITY
METRICS
In the following, the subscript (E,H ,U ) identifies the energy
metric domain (electric, magnetic, or total energy density),
while spatial aggregation is denoted by an overline (·̄) for
arithmetic means and a caron (·̌) for medians.

Let PE denote a combination of NE E-field probes across
NP = 12 available locations. The aggregate electric energy
density metric (9E ) is evaluated using either the arithmetic

mean or, for sufficiently large NE , the median descriptor:

9E =
1
NE

∑
j∈PE

1
2
ϵ0
∣∣Ej∣∣2rms , (1a)

E = median
j∈PE

{
1
2
ϵ0
∣∣Ej∣∣2rms} , (1b)

where ϵ0 is the vacuum permittivity, while
∣∣Ej∣∣rms denotes

the j-th probe rms E-field magnitude reading. The aggregate
magnetic energy metric (9H ) is similarly defined over a
subset PH of NH H-field probing locations, with the vacuum
permeabilityµ0 in lieu of ϵ0. Both field metrics are computed
for each RC field realization and ensemble averaged across
stirrer angles (denoting with ⟨·⟩ the stirrer-state averaging).
The practical limitation to place either an E- or an H-field
probe at a given probing location yieldsPE ∩PH = ∅. Hence
the joint set PU = PE ∪ PH identifies NU = NE + NH
locations used to define the total RF energy density aggregate
metric in balanced terms as follows:

9U =
NE9E + NH9H

NU
, (2)

where the metrics 9E , 9H both utilize the same statistical
descriptor (mean or median).

Upon choosing an aggregate metric 9X ,X ∈ {E,H ,U},
the MC framework emulates the complete calibration-to-
bioassay operational workflow subject to compound probe
reading and dosimetric calibration errors. As detailed in
Section II-E, running these scenarios for every probe configu-
ration yields a granular picture of each caged rodent statistical
wbSAR outcomes. As shown in Section III-C, an exhaustive
search yields the optimal probe configurations that substan-
tially narrow the cohort-wide RF-dose spread, informing the
RC probe deployment a priori.
The variability range of these aggregate metrics is large.

For example, placing NU = 4 E-field probes across the
12 available locations in Fig. 1 (495 possible configura-
tions; no type permutations in this case) yields the range
shown in Fig. 2 for the aggregate error-free means. Similar
multi-modal, broad distributions are consistently observed
across varying probe counts (hence location combinations)
and types (E, H), indicating an inherent stochastic spread of
these metrics.

C. EMULATION OF CALIBRATIONS AND EXPERIMENTS
The MC framework combines the RC spatial field variations
(function of the RC load and stirrer angle) with the rodents’
randomized mass, posture, cage location and orientation,
by shuffling independently the states of the 96 caged models
over 36 stirrer angles (10◦ step) [19]. As identical calibration
phantoms are typically preferred, their mass was scrambled
only in the live-experiment emulations. Select cases were
run with 72 stirrer angles (5◦ step) producing statistically
equivalent ensemble-averaged and instantaneouswbSARdis-
tributions as with 10◦ steps.
In the following, superscripts denote the operational

phases: cal for calibrations and live for live experiments
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FIGURE 2. Ensemble-averaged squared rms E-field normalized readings
at the NP = 12 probing locations shown in Fig. 1 (red histogram), and
associated mean values across all possible combinations of NU = 4 probe
locations (blue). The respective means (dashed line) coincide.
Live-experiment emulation featuring 650 g mean cohort weight, the
discone NLOS setup, including the watering system infrastructure.

(bioassay). The term ‘‘RF dose’’ will refer to the ensemble-
averaged wbSAR, which governs the RF-induced heat load.

1) EMULATION OF THE DOSIMETRIC CALIBRATION SETUP
Prior to the live bioassay emulation, a baseline relationship
is established between a predefined RF-dose metric and
the external field metric (or the net RF input power at the
RC antenna feed), yielding a corresponding calibrated-DF.
The mean of the cage-wise, ensemble-averaged wbSARs
is the typical RF-dose metric chosen in large-scale bioas-
says (e.g., [8], [9], [10], [11]). Its determination usually
involves estimating the RF energy absorption in several
calibration phantoms by means of whole-body temperature-
rise evaluations [4], [22], [23]. Consequently, the overall
calibrated-DF uncertainty stems in part from the sparse phan-
tom sampling if only a practical subset of phantoms (e.g.,
from 4 to 16) is evaluated, rather than the entire set. For exam-
ple, in the NTPmouse bioassays [9], temperature probes were
installed in four phantoms, which were moved to ten random
positions [14].
The proposed MC framework enables isolating this sub-

sampling impact on the overall calibration uncertainty, as in
the example in Fig. 3 featuring 4 to 16 sampled phantoms
chosen at random across each topological category (corner,
edge, face, inner cages), thereby preserving the associated
RF-dose imbalances [19]. Neglecting wbSAR evaluation
errors in order to isolate the subsampling uncertainty con-
tribution, the corresponding histograms show that sampling
16 of 96 phantoms yields a narrow error (3.2% R-SD), which
steadily doubles going down to just 4 phantoms (6.7%R-SD).
Although these calibration variances appear small enough
to justify adopting cage subsampling, their unrecoverable

FIGURE 3. Histograms of cohort-wise mean RF-dose estimates from
subsets of 4, 8, 12, or 16 out of 96 caged phantoms sampled randomly
across topological cage categories (error-free calibrations; 650 g mean
cohort weight; discone NLOS setup; watering infrastructure). Datasets
generated via 10,000 MC realizations and normalized to the net RF input
power. While the means (µ) remain insensitive in this example, the
respective R-SDs

(
νR

)
decrease steadily with the sample size.

impact on RF-dose spread (showcased in III-D) may actually
suggest boosting the number of samples.

In a typical calibration, holding identical phantoms (e.g.,
flasks) fixed inside cages over multiple stirrer revolutions,
as temperatures evolve, can bias their RF-dose estimates if
they occupy a ‘‘cold’’ or ‘‘hot’’ RF spot. To avoid this, the
emulated positions and orientations of all 96 phantoms are
shuffled at each stirrer step (field realization). Hence, ran-
domly ‘‘stirring the phantoms’’ alongside the RCfields yields
an unbiased cage-wise calibrated-DF:

DFcalX ,n
def
=

〈
wbSARcaln

〉〈
9cal
X

〉 , n = 1, . . . ,N , (3)

where 9cal
X is the chosen aggregate field metric, while

wbSARcaln represents the n-th rat model RF dose computed
for a given stirrer angle, and N is the number of cages. Since
thermal processes evolve much slower than the RC fading
dynamics, averaging wbSARcaln across RC field realizations
yields the appropriate cage-wise heat-load proxy [19].

If Scal is a subset comprising N ′ = |Scal | ≤ N monitored
cages during calibrations, the cohort-wise mean RF dose is:〈

wbSAR
cal
〉
=

1
N ′
∑

n∈Scal

〈
wbSARcaln

〉
, (4)

which yields the cohort-wise calibrated-DF

DF
cal
X

def
=

〈
wbSAR

cal
〉

〈
9cal
X

〉 =
1
N ′
∑

n∈Scal
DF calX ,n. (5a)

For large N ′, the median provides a suitable alternative:

cal
X

def
=

mediann∈Scal
{〈
wbSARcaln

〉}〈
9cal
X

〉 = median
n∈Scal

{
DF calX ,n

}
.

(5b)
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FIGURE 4. Flowchart of the hierarchical MC architecture. The physics MC engine (left) feeds the control parameters to the control MC engine (right).
The 36-step stirrer revolutions emulate the calibration and live experiment physics, yielding error-free, ensemble-averaged outputs. Field probe and
cohort-wise mean wbSAR calibration errors are superimposed to generate the error-corrupted dosimetric factors yielding the RF-dose error
distributions for a given probe configuration. The control MC engine retrieves the error-corrupted control parameters and its feedback controller
forces the real-time experimental field metric to coincide with the target value by regulating the net RF input power at the RC antenna feed-point. The
outermost sweep cycles through every available probe configuration and yields the corresponding cage-wise RF-dose error distributions.

Rather than adopting some arbitrary flask-like phantom,
the emulated calibrations rely on the ‘‘resting’’ phantoms
used in live-experiment emulations [19], thus approaching
similar RC loading while avoiding a potential confounder.

2) EMULATION OF THE LIVE BIOASSAY SETUP
Compared with calibrations, where position and orientation
of identical rat models in the respective cages are reshuffled
at each sequential stirrer angle, live-experiment emulations
feature four equiprobable posed models (resting, elongated,
asleep clockwise or counter-clockwise) resembling those
identified in [14] from video footage and historical data,
as well as concurrent mass randomization according to
a raised-cosine distribution with 12% R-SD centered at
650 g [16], [19]. The live-DF can then be expressed, similarly
to (5), as

DF
live
X =

1
N

∑N

n=1
DF liveX ,n =

1
N

∑N

n=1

〈
wbSARliven

〉〈
9 live
X

〉
=

wbSAR
live〈

9 live
X

〉 , (6a)

or, in terms of cohort-wise median, as

live
X =

median1≤n≤N
{〈
wbSARliven

〉}〈
9 live
X

〉 = median
1≤n≤N

{
DF liveX ,n

}
,

(6b)

where 9 live
X stems from the live experiment using the same

aggregate metric adopted in the calibration. Observe that the
cohort-wise RF doses in (6) take into account all N rodents,

TABLE 1. Monte Carlo emulation parameters for the calibration and live
experiment phases.

thus yielding the realized, error-free, mean (or median)
cohort-wise exposure. Table 1 compares the salient aspects
and features of the calibration and live-experiment phases.

3) EMULATION OF THE RF INPUT POWER CONTROL
While real-world controllers feature inertia, latency, and hys-
teresis, the calibration and live-experiment phases in the
emulated closed-loop scenario are reciprocally anchored via
an ideal RF-power controller model, free of bias and drift,
featuring zero-latency response to real-time aggregate probe
readings affected by the inevitable calibration errors (e.g.,
[4, Table 5]). In reality, although closed-loop control
hardware introduces processing latencies in the order of
seconds, the thermal time constants governing rodent
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physiological heat dissipation are measured in minutes.
Conversely, sensor drift might go unnoticed unless process
and data integrity controls are implemented, particularly
over wireless telemetry relays [24], [25]. Adopting an ide-
alized zero-latency, drift-free baseline isolates calibration
and field-sampling error contributors to exposure vari-
ance, grounding the ensuing findings on error contributors
traceable to prior bioassays.

Setting the target RF dose (wbSARtarget ) in terms of
cohort-wise mean (or median) as in (5), the corresponding
aggregate metric target is computed from the calibrated-DF:〈

9cal
X

〉
target
=

wbSARtarget
DF calX

. (7)

The term DFcalX is denoted generically here as its statistical
descriptor (mean or median) has to align with the dosimetric
choice made for wbSAR target , whereas

〈
9cal
X

〉
target has to

match the
〈
9cal
X

〉
descriptor adopted in (3) and used in the DF

definitions (5), which constitutes a control choice.
During live experiments, the idealized control loop tunes

the RF power impinging at the antenna to force the aggregate
energy metric to match the target defined in (7)〈

9 live
X

〉
←

〈
9cal
X

〉
target

. (8)

TABLE 2. Summary of electromagnetic metrics, dosimetric factors, and
operational constraints.

From the live-DF defined in (6), dropping the diacritics,
enforcing (8) yields the cohort-wise wbSAR:

wbSARlive = DF liveX ·

〈
9 live
X

〉
←

DF liveX

DF calX

wbSARtarget . (9)

Even though ‘‘phantom stirring’’ mitigates spatial bias in
calibrations, a global controller bias (DF liveX

/
DFcalX ) indeed

arises, due to the RC loading differences between calibration
and live experiment, shifting the final RF dose:

1wbSAR% = 100×

(
DF liveX

DFcalX

− 1

)
. (10)

The energy density aggregation operators
(〈
9cal
X

〉
,
〈
9 live
X

〉)
in (8) must conform to the same statistical descriptor. The
same holds for DFcalX and DF liveX in (9) and consequently for
wbSARtarget and wbSARlive.

D. RF-DOSE SPREAD DUE TO CALIBRATION ERRORS
The cohort RF-dose control described in II-C hinges on:
probe types and locations; the statistical descriptor cho-
sen for 9X ; physical field probe calibration errors; and
the cage-wise wbSAR thermal calibration error (e.g., [14,
Table 5]). These errors propagate into D̃FcalX ,n (the tilde denot-

ing error-corruption), thus into D̃FcalX and then intowbSARlive
via (9). Analogously, live-experiment probe-reading errors
trickle into wbSARlive in (9) via D̃F

live
X , computed in (6) using

the error-corruptedmetric
〈
9̃ live
X

〉
. These calibration errors are

superimposed onto the respective TLM simulation results as
shown in the hierarchical MC architecture in Fig. 4.
Within this context, only systematic errors that persistently

alter the realized RF dose are considered, such as field probe
reading deviations introduced during calibration, and the off-
set between true and estimated mean cohort-wise wbSAR
from the experimental determination of the calibrated-DF.
Conversely, electronic noise and transient drifts (e.g., caused
by short-lived thermal gradients in the RC) are presumed to
average out. The overall impact of these systematic errors is
quantified in Section III.

The proposed MC framework leads to cage-wise live
RF-dose estimates for each probe configuration, thereby
yielding a range of possible realized RF doses for each caged
rodent. Enforcing (8) marks the crucial transition from an
open-loop unconstrained quantity to a closed-loop regulated
one: while the RF dose

〈
wbSARliven

〉
in (6) does not depend

on the metric 9X associated with a given probe configura-
tion, closing the feedback loop via (8) locks the n-th cage
realized RF dose to this metric. Upon incorporating the error-
corrupted DFs, the realized cage-wise dose is tied to the
cohort-wise target as follows:〈

w̃bSAR
live
X ,n

〉
=

(
D̃F

live
X ,n

D̃F
live
X

)(
D̃F

live
X

D̃F
cal
X

)
wbSARtarget ,

n = 1, . . . ,N . (11)

Here, the subscript X formally distinguishes the realized
wbSAR from the unconstrained RF dose in (6).
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TABLE 3. Summary of stochastic variables and injected errors within the hierarchical Monte Carlo architecture.

Writing (11) in terms of cascading ratios cleanly separates
its physical and operational drivers. The first ratio captures
the inherent physics, governed by the RC geometry and the
caged rodent location, morphology, and dynamics, yielding
the cohort-wide wbSAR spread. The second ratio is the
realized global controller bias, which modulates the physics-
driven variance. For example, the inherent spread among
cages is amplified if the controller bias exceeds unity. Table 2
provides a summary of the MC framework core metrics,
dosimetric factors, and operational drivers.

FIGURE 5. Realized spread factors across sparse probe configurations
(NU = 4) in a discone NLOS setup (watering system present). The top
histograms refer to 7920 arbitrary configurations (hollow blue, left axis)
and 240 far-probe ones (solid blue, right axis) featuring upper Tukey’s
boxplot whiskers Karb

max . The inverted histograms refer to the respective
KFF-optimal configurations (≳5% and 20% share of respective totals)

featuring lower whiskers Kopt
min . Extreme distribution bounds are marked.

All values rounded to 0.05 dB.

The granularity of the emulated results yields cage-specific
histograms, hence quantifiable expectations of the cage-wise
RF-dose ranges. As shown in Section III, distinct RC arrange-
ments can be ranked in terms of RF-dose spread under diverse
scenarios. For instance, the idealized scenario outlined thus
far, where latency, drifts, and spatial biases were neutralized
to isolate calibration errors and sparse RC field sampling

effects, can be augmented to include other known error
sources and yield a more prudent assessment.

E. STOCHASTIC VARIABLES AND MC IMPLEMENTATION
The proposed MC architecture is hierarchically structured
to inject distinct dosimetric uncertainty sources, listed in
Table 3. To achieve this, the architecture in Fig. 4 is divided
into two nested blocks: a physics MC engine that generates
the error-corrupted calibration and control parameters, which
are subsequently fed into the controlMC engine.

The physicsMC engine incorporates the parallel execution
of the calibration and live experiment phases, featuring the
RC arrangements detailed in Table 1, to extract the error-free,
ensemble-averaged metrics across 36 stepped stirrer angles.
Random probe and cohort-wbSAR calibration errors are then
superimposed, yielding error-laden parameters. Reacting to
these inputs, the control MC engine defines the controller
target via (7) based on the specific probe configuration called
within the outermost sweep, and then forces the live net RF
input power alignment via (8). Hence, the resulting cage-wise
wbSAR distributions reflect the regulating impact of each
swept probe configuration with fine granularity.

The total number of probe configurations swept in the
outermost loop is given by the size of the Cartesian product
of the set of all probing location combinations (Cloc) and the
associated set of probe-type permutations (Ptype):

Nconfig =
∣∣Cloc × Ptype∣∣ = (NPNX

)
· bNX ,

b =

{
1, X ∈ {E,H}
2, X = U .

(12)

To emulate the operational lifecycles of realistic bioassays,
where a single calibration typically governs weeks or months
of daily live experiments across many RCs, the control MC
engine encompasses a deeper nested loop. For a given probe
configuration, Ncal independent calibrations (i.e., involving
uncorrelated calibration errors) govern Nlive independent live
experiment emulations each, forced into compliance with
the latest calibration via the controller loop. This architec-
ture reflects practical realities, while avoiding that a singular
anomalous calibration skew the exposure error distributions.

The proposed MC architecture may be executed for any
particular RC arrangement, encompassing a specific antenna
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type and location, infrastructure (stirrers, watering system),
and biological load (e.g., cage assembly, rodent weights and
dynamics), cycling through all the probe configurations.

III. RESULTS
This section quantifies in fine detail the RF-dose spread
for the highly realistic, loaded RC digital twin in Fig. 1
with 96 caged rat models (650 g mean weight, represen-
tative of adult male rats [8, Tables 17, 44]), housed in
a 6 × 4 × 4 cage assembly integrated with a grounded
watering system featuring flanged RF-choked sippers [19].
The ensemble-averaged wbSAR for each caged rat model,
indicative of the RF-induced heat load, represents the key
observable.

The MC random variables and the nested-loop parameters
are described first, followed by the definition of a suitable
figure of merit for the RF-dose spread. Next, a preliminary
analysis evaluates the impact of probe calibration errors on
the cohort-wide wbSAR spread, using the U-dipole NLOS
setup due to its narrowest cage-wise exposure imbalances
(Table 4). In contrast, the core results subsequently center
primarily on the discone NLOS setup, which serves as the
most representative case due to its median imbalances.

The arithmetic mean of the total RF energy (i.e., X = U )
is the adopted control metric in all cases. Appendix A outlines
the associated feedback-control regulation details.

A. MC ANALYSIS OF THE RF-DOSE SPREAD
Mirroring other provisions aimed at avoiding confounders
(zero-latency, bias/drift-free controller; ‘‘resting’’ calibration

TABLE 4. Maximum cage-wise ensemble-averaged wbSAR imbalance
across antenna configurations (650 g mean cohort weight, with/without
watering system). wbSAR normalized to the net RF input power.

TABLE 5. Probe configuration sweep parameters.

phantoms; ‘‘phantom stirring’’; bounded error distributions),
the subsampling error of Fig. 3 is neutralized by setting N ′ =
N in (4)-(5). Notably, all the phantoms were probed during
thermal calibration in the NTP rat bioassay [14]. However,
to prevent overly optimistic RF-dose spread estimates from
masking potentially unmitigated thermal loads or dose-group
overlaps, the RF-dose range is quantified using select lower
and upper statistical percentiles of the cage-wise livewbSAR
distributions. In particular, over the Ncal×N live MC realiza-
tions run for each swept probe configuration, the controlMC
engine tracks the minimum of the 10th percentiles and the
maximum of the 90th percentiles across cage-wise RF doses.
The resulting PDFs yield a granular picture of the exposure
spread observed across all available probe configurations.
With N = 96, these outer percentiles leave approximately

FIGURE 6. Mirrored histograms showing the progression of cohort-wide relative RF-dose errors from the power-normalized spread (KP ) [19] to the case
without errors (top) and the cases including probe (middle) as well as the wbSAR calibration errors (bottom), generated by arbitrary (upper histograms)
versus Nopt optimal (lower histograms) probe configurations (NU = 2; N ′ = N = 96). RC arrangement with the U-dipole NLOS antenna setup, 650 g mean
cohort weight, and the watering system. All values rounded to 0.05 dB. Executing the control MC yields the overall median (red) and the probabilistically
bounded extreme RF-dose errors: minimum cage-wise 10th percentile (blue) and maximum cage-wise 90th percentile (green) across the Ncal ×Nlive
realizations. Within each histogram, thick solid vertical lines indicate the median, thin solid lines denote the IQRs and thin dashed lines represent Tukey’s
whiskers. Round dots mark the individual distribution means, which align well with the medians in all histograms, indicating minimal skewness. Notably,
the gradual widening of the dosimetric error spread occurs across both arbitrary and optimal probe configurations in this example, making it
unrecoverable.
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FIGURE 7. Mirrored histograms comparing cohort-wide RF-dose errors generated by arbitrary (upper histograms) versus Nopt optimal (lower histograms)
probe configurations, for NU = 2, 4, and 6 field sensors over NP = 12 probing locations (N ′ = N = 96). RC arrangement: discone NLOS antenna setup,
650 g mean cohort weight, watering system. Histogram descriptions, styles, and statistical markers follow those detailed in Fig. 6. Increasing the number
of sensors from 2 to 6 yields an approximate 0.5 dB reduction in the one-sided spread for the arbitrary probe configurations (Karb

max ; see also Table 6).
Conversely, the absence of improvement for the optimal probe configurations (Kopt

min) reveals a fundamental bound in the achievable RF-dose tightness.

ten subjects within each tail of the distribution. Percentiles
further out in the tails (e.g., 95% or 99%) provide an expanded
bounding envelope.

Table 5 reports the sweep parameters employed in the
following. For each swept probe configuration, the con-
trol MC engine emulates Ncal = 20 distinct calibrations,
each governing Nlive = 20 independent experiments, total-
ing 400 MC runs drawing from the stochastic parameters
detailed in Table 3. All resulting DFs are evaluated using the
arithmetic mean aggregations defined in (5)-(6).

B. RF-DOSE SPREAD FACTOR
Across all studied RC arrangements [17], [18], [19], the
observed cohort-wide wbSAR spread falls consistently
within a log-symmetric interval like [1/K ,K ]×wbSARtarget ,
where the spread factor K > 1 suitably ranks different
RC setups in terms of RF-dose tightness. In the absence
of an historically established optimization criterion, probe
configurations are assumed to be drawn arbitrarily from the
available pool. Accordingly, a conservative figure of merit,
denoted K arb

max , is defined as the maximum spread factor,
which bounds the global exposure minimum of the cage-
wise 10th percentiles and the global maximum of the 90th

percentiles across all probe configurations. Increasing NP
beyond the 12 current locations would capture wider dosi-
metric spreads under this arbitrary-choice paradigm.

C. RF-DOSE CONTROL VIA OPTIMAL PROBE SELECTION
As noted in Section II-D, when the live-experiment wbSARs
become regulated via (8), their dependency on a specific

probe configuration and the associated reading errors locks
in, propagating into (11) thus impacting the realized rodent
exposures. Hence, the selection of the probe configura-
tion plays a pivotal role in the eventual dosimetric spread.
To reduce the spread associated with arbitrary probe selec-
tion, a set of optimal probe configurations is obtained by
filtering out those featuring K > K opt

max , progressively
increasing such a threshold until a predefined share (e.g.,
5%) of all available configurations falls within the range[
1/K opt

max ,K
opt
max

]
× wbSARtarget . Setting this quota provides

downstream design flexibility to select a practical probe
setup. The best configuration in this optimal set corresponds
to the lowest spread factor, K opt

min < K opt
max . To exclude outliers,

K arb
max and K

opt
min will be derived from Tukey boxplot whiskers,

using dB-scale interquartile ranges (IQRs) due to a manifest
log-scale symmetry of the respective error distributions.

The foregoing K-factor filtering (KFF) is illustrated in
Fig. 5 for the case of sparse (NU = 4) monitoring probes
within the discone NLOS setup. Sweeping the entire con-
figuration ensemble (top histograms), the realized spread
factors exhibit a broad distribution spanning 2.40 − 3.60 dB
(2.80−3.45 dB for the far-probe configurations) withK arb

max =

3.5 dB (3.45 dB for far probes). KFF yields the respective
optimal configurations (inverted bottom histograms) capped
at ≈5% and ≈20% of the available ones, respectively, with
K opt
min = 2.45 dB (2.80 dB for far probes). Hence,KFF bounds

the RF-dose range for a given set of probe locations, while
providing ample design flexibility. For this RC arrangement,
Fig. 5 clearly demonstrates that limiting the choice exclu-
sively to far probes would prove inherently suboptimal.
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TABLE 6. Potential cohort-wide dosimetric spread reduction (1) for arbitrary and optimal probe configurations across RC arrangements (650g mean
cohort weight) a,b,c .

D. ERRORS IMPACT ON DOSIMETRIC SPREAD
In [19, Table 7], normalizing the simulated wbSAR results to
the net RF input power in the absence of calibration errors
induced slightly tighter dosimetric spreads than normalizing
with respect to the electric or the total RF energy densities
(both aggregated over the full 12-probe configuration). Here,
that analysis is expanded by quantifying the RF-dose spread
across arbitrary or optimal probe configurations rather than
the full 12-probe setup, and by corrupting probe readings and
thermal wbSAR estimates with realistic calibration errors.

1) ERRORS INJECTED WITHIN THE DOSIMETRIC EMULATION
Table 5 in [4] breaks down the ‘‘exposure field uncertainty’’
into six root-sum-squared (RSS) components. Of these, four
(absolute accuracy, frequency and dynamic range linearities,
and isotropy) pertain to the individual E- or H-field sensors;
upon correcting a clerical error in the isotropy row, they
combine to yield a 9.1% overall probe reading R-SD.

Table 5 in [14] comprises three error components (field
control, RC temperature fluctuations, and temperature probe
readings) impacting cohort-wisemeanwbSAR estimates dur-
ing calibrations. Since temperature sensors probed every
liquid-filled bottle during the NTP rat bioassay calibrations,
the emulated calibration MC engine features a cage-wise
raised-cosine error injection with an 11.8% R-SD, yielding
the 1.2% standard percentile error figure reported in [14]
upon averaging across 96 phantoms. This component is
indeed marginal within the overall error budget, as the rest
combine quadratically to yield a 10.7% R-SD (Table 3).

2) ERROR-DRIVEN RF-DOSE SPREAD FOR THE U-DIPOLE NLOS
Figure 6 illustrates the RF-dose error spread for an RC
arrangement featuring the U-dipole NLOS setup, the water-
ing system, and NU = 2 out of NP = 12 probe
locations (Nconfig = 264, Table 5). A steady degradation

of the cage-wise exposure tightness is clearly shown over
subsequent mirrored histograms of the realized RF-dose
minima (10th percentile, blue), medians (red), and maxima
(90th percentile, green), presented in a dB scale relative
to the target. In the top histograms, under hypothetical,
error-free conditions, the transition from a global normal-
ization quantity (net RF input power) to discrete spatial
sampling inherently widens the RF-dose spread due to the
RC field spatial inhomogeneities. The spread factor KP =
1.4 dB in Fig. 6 represents half the most extreme range
(i.e., 0th to 100th percentile) in Table 4 for the power-
normalized U-dipole NLOS setup (watering system present).
Absent calibration errors, over the tracked 10th-to-90th per-
centile range, the optimal probe selections substantially offset
discrete-sampling spread. However, as seen in the middle
and bottom histograms, injecting realistic calibration errors
steadily degrades the dosimetric spread for arbitrary probe
configurations and, remarkably, the optimal selections can
no longer restore the error-free tightness, indicating that
calibration-error-driven spread is irreversible.

E. PROBE NUMBER IMPACT ON DOSIMETRIC SPREAD
The results presented in III-D clearly illustrate the inevitable,
progressive, unrecoverable loss of RF-dose tightness caused
by the compounded effect of sparse RC-field sampling and
ineluctable calibration errors. Here, the impact of increasing
the number of probing locations is quantified with reference
to the RC arrangement featuring the discone NLOS setup
with the watering system, which is the most representative
in terms of dosimetric spread (Table 4).

Over an increasing number of field probing locations
(NU = 2, 4, 6; NP = 12), the mirrored histograms in Fig. 7
depict the respective cage-wise RF-dose ranges when the
net RF input power is regulated by all the available probe
configurations (upper histograms) and their optimal subsets
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FIGURE 8. Tukey’s boxplots describing the dosimetric spread of the realized cage-wise exposures across antenna setups, in terms of the minimum 10th

percentile (blue), median (red), and maximum 90th percentile (green) over Ncal × Nlive live-experiment MC realizations run for each arbitrary dual-probe
configuration (NU = 2,Nconfig = 264). The upper axis contextualizes these dosimetric errors relative to the 6.0 W/kg high-dose target adopted in the NTP
rat bioassay, as well as relative to the hypothetical adoption of the 4.0 W/kg Japan-Korea (J-K) partial replication target [10]. Shaded regions illustrate
how unmitigated variance may induce dose-group overlaps or drive exposures above potentially lethal levels (i.e., surpassing the 10 W/kg threshold
documented in [27]). The long-tailed 90th percentile spread in the pooled ensemble underscores the outlier behavior of the pyramidal horn antenna.

(lower histograms, see Section III-C). Analogous to Fig. 6,
arbitrary probe configuration choices lead to severe dose
spreads.

For this RC arrangement, 264 arbitrary dual-probe con-
figurations yield broad, stretched profiles with maximum
exposure bounds exceeding 3 dB (twice the target dose) for
the 90th percentile dataset, indicating that in practice several
cages out of 96 may experience similar overexposure.

Increasing the sensor count to 4 or 6 arbitrary probes
yields limited benefit; while the median IQRs compress
slightly, the overall RF-dose spread remains wide and skewed
high, underscoring the challenge of mitigating this inherent
variance. For the optimal subsets, in contrast to the full-
set baseline, the higher dosimetric tails are truncated as
the cohort-wide maxima are pushed lower, improving the
overall RF-dose tightness. However, even with 6 probes, the
two-sided baseline range using net RF power normalization
(3.55 dB, Table 4; i.e., KP ≈ 1.8 dB) could not be attained.
Limiting the selection to the far probes yields diminishing
returns; by the time NU = 6, the only degrees of freedom left
are the 64 probe-type permutations.

F. RF-DOSE SPREAD ACROSS RC ARRANGEMENTS
The KFF-based selection was applied to the structural RC
arrangements listed in Table 4, evaluating various antennas
and N/LOS placements. A high-directivity pyramidal horn
antenna, which may inject significant unstirred energy into
heavily loaded cavities, was deliberately compared with two
low-gain radiators (discone and U-dipole [17]) to exacerbate

spatial energy gradients across the cohort volume, widening
the cage-wise exposure imbalances ([19], Table 6).
All cases included the intrusive watering system; to isolate

this effect, the discone NLOS setup was also characterized
without it. Moreover, the probe configuration analysis was
split to allow choosing from either allNP probing locations or
only the six distal ‘‘far probes’’ indicated in Fig. 1. Narrowing
the choice tightens the worst-case range as fewer degrees
of freedom exist to yield suboptimal configurations; how-
ever, such a restriction inherently undermines the attainable
RF-dose tightness with optimal probe selections.

Table 6 summarizes the cohort-wide RF-dose spreads
across RC arrangements using NU = 2, 4, or 6 field probes.
The one-sided wbSAR spread reduction (1) is quantified,
as in Figs. 5 and 6, by the dB-difference between widest
arbitrary-probe (K arb

max) and narrowest optimal-probe spreads
(K opt

min). The overall spread reduction is 21 dB. Clearly, KFF
consistently shrinks the exposure spread by around 1 dB (one-
sided), with smaller reductions observed at NU = 6. Notably,
the pyramidal horn yields the largest reductions, albeit from
the widest initial spreads, as its high directivity exacerbates
probed-field dominance in highly loaded RCs [19]. This find-
ing underscores the need for rigorous experimental validation
prior to bioassay deployment of high-gain radiators in heavily
loaded RCs.

As anticipated, restricting the analysis to distal probes
lowers the baseline K arb

max and inherently narrows the attain-
able improvements. However, such a small K arb

max contraction
renders this restriction ineffectual. While standard guidelines
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TABLE 7. Chronological comparison of computational dosimetry frameworks for RC-based rat bioassays.

(e.g., [26]) dictate a minimum clearance between field probes
and RC structures, KFF leverages the entire RC volume,
including commonly neglected locations, to yield optimal
RF-dose spreads as in Fig. 7.

Ultimately, KFF represents a practical and robust tool
for regulating localized exposures, offering the flexibility to
deploy probes near RC structures, which may prove advanta-
geous in compact RC designs.

IV. DISCUSSION
To provide consequential context for the dosimetric vari-
ances detailed in Section III, the emulation framework
results can be mapped to historical large-scale bioassay
parameters [4], [5], [6], [7] (Table 7 summarizes chrono-
logically the underpinning computational RC dosimetry).
Notably, Appendix B shows that the fading characteristics
of the loaded UNIVPM-RC digital twin align well with
ideal Rayleigh fading, making its use acceptable in the con-
text of historical bioassays; any significant deviation from
well-stirred fields in actual RCs, degrading the exposure field
uniformity, would plausibly amplify the dosimetric spread
reported here.

Historically, exposure groups typically follow a geomet-
ric target progression (e.g., the 1.5, 3.0, and 6.0 W/kg RF
dose targets in the NTP rat bioassay [8]) to attain suffi-
cient inter-group RF-dose separation for assessing potential
dose-response links reliably (the limited J-K replication
featured a single 4.0 W/kg target [10], [11]). Preventing over-
exposures mitigates the potential for biophysical responses
that might subsequently confound the bioassay interpretation.
Of note, thermal pilot studies associated with the NTP rodent
bioassays determined that whole-body exposures approach-
ing 10 W/kg would induce lethal thermal loads in aged
rats [27]. These studies evaluated young and aged male
rats, with the latter averaging 470 g (CDMA waveform)
and 504 g (GSM), significantly less than the 650 g plateau
attained by adult male rats in the main bioassay [8]. Due to a
higher body volume-to-surface ratio, adult rats exhibit lower
heat-dissipation capacity than the aged rats, which failed to
survive 24 h above 10 W/kg. At such levels, even under
the intermittent 10-minute on-off exposure paradigm [8],
maintaining a homeostatic core body temperature could
present a severe physiological challenge. Physiological stress
biomarkers (e.g., corticosterone) were not tracked in the NTP
bioassays or the J-K replication.
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Contextualized within the parameters of the NTP male rat
bioassay, Figure 8 illustrates the statistical RF-dose spreads
across the antenna setups for arbitrary dual-probe monitor-
ing configurations. By centering the respective dosimetric
spread at the high-dose NTP target (6.0 W/kg), the boxplots
describe the realized cage-wise error distributions for the
statistical descriptors introduced in Figs. 5 and 6, across all
264 available probe configurations (no KFFmitigation). The
implications of this unmitigated variance are twofold:
• Overlap: the inter-group dosimetric separation appears
compromised, as a deviation greater than ±1.5 dB
causes overlaps between adjacent dose tiers, which
would occur in Fig. 8 for every antenna setup. A signif-
icant proportion of animals in a given exposure group
would fall outside its bounds, presenting a potential
dose-response confounder.

• Overexposure: all the 90th percentile error distributions
fall almost entirely within the reported lethal range [27],
sitting only≈2 dB above the high-dose target, indicating
that excessive thermal stress cannot be ruled out.

Regarding the last point, Fig. 8 also maps a counterfactual
scenario adopting the 4.0 W/kg J-K RF-dose target, pushing
the associated lethal threshold to ≈4 dB. Only the outlier
pyramidal horn setup would fall in that range. Note that
the present analysis is not otherwise applicable to the J-K
replication due to differing parameters.

Ultimately, without an a priori optimal probe selection to
inform the bioassay RF-dose target settings, an arbitrarily
monitored live experiment may unknowingly induce thermal
stress in rodents, confounding outcome interpretations.

Beyond the immediate magnitude of RF-dose errors, it is
important to recognize their systemic and structural nature.
The results of this study demonstrate that the wbSAR spread
introduced by arbitrary probe configurations and dosimetric
calibration errors is unrecoverable. Selecting an arbitrary
probe arrangement structurally locks in the global controller
bias in (11), while probe calibration errors lock in their
respective responses for weeks or months between calibra-
tion cycles. Furthermore, the cage-wise RF-dose bias in (11)
results in permanent thermal load imbalances, as the relative
cage-to-cage exposure ranking is inherently set. These phys-
ical realities remain entirely unobserved by the controller:
hidden confounders that do not average out.

Finally, in assessing the broader implications of this
study, recall that the dosimetric analysis was intentionally
carried out under a fairly optimistic scenario, neutralizing
potential confounders by design. Factors such as lifelong
animal growth, unpredictable postural shifts, and environ-
mental changesmay further inflate the RF-dose spread. Given
recent findings that heavier rodents lack proportional thermal
‘‘mass buffering’’ in heavily loaded RCs, future bioassay
designs should prudently account for all known or anticipated
error sources when establishing target exposure bounds.
Future developments may include the integration of real-time
computer vision and adaptive dosimetric models to sup-
port RF-power control and reduce dosimetric variability in

long-term bioassays. Securing wireless control telemetry
against tampering would then become even more pressing.

V. CONCLUSION
This study narrows the gap between idealized random PW
exposure models and the physical and operational reality of
an actual rodent-loaded RC. Unlike prior PW models that
omit boundary coupling [16] or open-loop digital twins that
ignore controller feedback [19], the proposed closed-loop
framework captures relevant error propagation. Building
upon cross-validations of FEM and TLM simulations of a
realistic loaded RC digital twin [17], [18], and the findings on
dose-mass correlation and exposure imbalances in a heavily
loaded RC [19], an MC-based granular dosimetric analysis,
involving the emulation of plausible calibration-to-bioassay
scenarios, is presented. The results document a steady erosion
of certainty in the RF dose, expressed in terms of ensemble-
averaged wbSAR, where the dosimetric spread widens as the
regulated exposure shifts from macroscopic control metrics
(input power) to spatially discrete ones (field probe readings),
and gradually widens further upon accounting for system-
atic instrumentation errors. Increasing the number of probes
yields limited benefits, as these errors set a fundamental
bound to the attainable RF-dose tightness. From a facility
design standpoint, KFF provides a traceable method to opti-
mize probe locations a priori, without cluttering the RC
with excessive sensor hardware. For the UNIVPM-RC digital
twin, KFF yields a≈1 dB cage-wisewbSAR spread reduction
for a given antenna configuration and up to ≈3 dB across
antennas.

The results were mapped onto the parameters of the NTP
rat bioassay [8] to assess whether relying on arbitrary sparse

FIGURE 9. Gamma distribution fits of the empirical, mean-normalized
(αβ = 1) squared rms E-field magnitude CDFs for the baseline RC
arrangement (discone NLOS; watering system; 650 g mean weight):
(a) calibration and (b) live experiment phase emulations. The close
agreement between the fitting curves (solid lines) of the sampled fields
(dots) and the theoretical χ2

6 distribution, corresponding to a gamma
distribution with a shape parameter α = 3, indicate well-stirred fields for
the UNIVPM-RC digital twin.
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dual-probe configurations might cause dose-group overlaps
or significant overexposures, potentially complicating the
toxicological interpretation. Even under benign assumptions,
this analysis illustrates how sparse field-sampling and the
inherent experimental errors compound to cause significant
RF-dose spread, quantifying the potential exposure group
overlaps and overexposures.

Ultimately, since instrumentation errors are ineluctable,
achieving tighter RF-dose control hinges on the a priori
selection of optimal probe configurations informed by
high-fidelity RC digital twins. Hence, granular and statis-
tically thorough estimates of realistic RF-dose spreads will
be critical in the design of bioassay equipment and proto-
cols. To that end, compared with earlier PW or open-loop
frameworks, the proposed closed-loop architecture advances
RC dosimetry by emulating calibration-to-live experiment
chronology, tracking error propagation while optimizing
probe selection to bound the cohort RF-dose spread. Due
to the required HPC resources, the associated computational
burden represents a principal practical trade-off.

APPENDIX A
TOTAL RF ENERGY REGULATING LAW
When the total RF energy density is used to regulate
the RF-dose control loop, adopting a weighted average of
the fractional electric and magnetic energy error estimates
presents some practical advantages. The distinct calibration
uncertainty of different probe types can be taken into account
by increasing the relative weight of the more accurate type.
Moreover, this approach normalizes the feedback control
signal across exposure tiers, avoiding the need to retune
controller sensitivity for different targets. Finally, it prevents
conferring excessive weight to whichever field happens to
dominate (e.g., per the field-dominance scores in [19]).

Denoting with νE and νH the R-SDs of E-field andH-field
probe calibrations, respectively, the aggregate fractional error
is defined in terms of error-laden metrics as:

δerrU =
1
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As the feedback-control loop drives the fractional
error (A1) to zero by manipulating in real-time the net RF
input power, which is proportional to both

〈
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〉
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〉
,

the following global controller bias stems from (5)-(6):
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Evidently, this expression yields (9) if NE = 0 or NH = 0.
It is always possible to drive δerrU to zero, even though the

factors κE , κH inherently linking
〈
9̃ live
E

〉
,
〈
9̃ live
H

〉
to the net

RF input power shift with the dynamic RC loading, as δerrU
depends linearly on the incident RF power (Pinc):
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Therefore, a classic Proportional-Integral-Derivative (PID)
controller, or a memory-less, regularized control scheme
tailored to a specific RC design (as in [28]), can enforce com-
pliance

(〈
δerrU

〉
→ 0

)
without instability even if the antenna

reflection coefficient (0A) is not monitored.
While the zero-latency, drift-free control in the pro-

posed MC framework neglects transient delays, inertia, and
non-linear tracking errors typical of PID hardware, any tran-
sient fluctuations in a practical PID loop would average out
over a significantly faster timescale than the rodents thermo-
physiological response. Barring undetected hardware drifts
over time, their physiological impact should be negligible.

APPENDIX B
UNIVPM-RC DIGITAL TWIN RF FADING STATISTICS
To validate the stirring effectiveness of the UNIVPM-RC
digital twin, the empirical distributions of the sampled fields
at the 12 probing locations in Fig. 1 were benchmarked
against theoretical Rayleigh fading characteristics [29]. In an
ideal, well-stirred RC operating in an overmoded regime,
the squared magnitudes of the fields across a sufficiently
large number of stirrer positions follow respective χ2

6 dis-
tributions (two degrees of freedom for each squared field
component). The χ2

6 distribution coincides with the gamma
distribution having shape parameter α = 3 [16]. As shown
in Fig. 9 for the baseline RC arrangement (discone NLOS
setup with the watering system, 650 g mean weight), the
empirical CDFs of the sampled fields, for the calibration
and live experiment simulations, yield very close agreement
with the Rayleigh fading theory (α ≃ 3). Consequently, the
dosimetric variances inferred from the UNIVPM-RC digital
twin are sufficiently representative of the high-quality RC
facilities utilized in landmark bioassays.
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