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Radiological Engineering, Detection, and Dosimetry

Mission: The Radiological Engineering, Detection, and Dosimetry (RED?) Laboratory, led by Dr. Shaheen
Dewji, conducts innovative, interdisciplinary research focusing on harnessing both computational capabilities in
Monte Carlo radiation transport modeling and experimental measurements for applications in radiation detection,
radi_atiﬂprgteclion _and_shie_ldir@_,do_sim_etry,_heﬂh p_hysi_cs, a_ndﬂjclc_ear materials accounting. il B
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RED? Laboratory Status and Outlook

Spring 2026 Research Group

. 12 Ph.D. students

. 1+2 M.S. students

. 8 undergraduate students

. 1 Post-doctoral Fellow

. 1 Research Engineer

Laboratory Capabilities

* 8 Mirion NAIS 2x2 Nal and LaBr3 detectors
with digital base

 Male CIRS Atom Phantom

* Sources (Gamma check, point, area;
AmBe, PuBe)

« ADVACAM AdvaPIX Timepix3 hybrid
pixelated detector

* PHDS GeGI Compton Imaging System

* PACE High Performance Computing

* RSEL Systems (DD/DT neutron generator,
OGS, BSS)
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Introduction: Evolutions in Radiation Dosimetry

Breakthroughs
driven by medicine
in radiation
sciences

*“Digital twins”

*“Personalized
medicine”

Computational
capabilities in
anatomical
modeling
*Anthropomorphic
phantoms
*Age/Sex

*Non-reference:
Height/ Weight

*Pregnancy

Modeling physiological
behavior represents
the greatest source of
variability in dose
assessment

*Physiologically-based
(i.e. spatio-temporal)
models of radiation
behavior can harness
advanced multiphysics
and artificial intelligence

Radiological incidents
may expose large,
diverse populations

* Triage and medical
countermeasures
require models that
reflect physiological
variation in inhalation
and excretion




Case Overview: Pathways for Internal Exposure via Human Respiratory Tract (HRT)

Case 1: Predict aerosol Case 2: Develop stochastic Case 3: Develop inverse
deposition in the airway and biokinetic models for biokinetic models from
clearance to blood from uncertainty quantification that simulated in-vitro data to
inhaled radionuclide are representative of breadth reconstruct radionuclide
contaminants in the human of exposed population (non- uptake from time-dependent
respiratory tract (HRT) for an reference adults, children) for radionuclide biodistribution
exposed population using radiological/nuclear inhalation using reconstructive historical
multiphysics models and and using artificial data with artificial intelligence.
artificial intelligence. intelligence.

Increase in mechanistic scale
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Preamble: Setting the Stage
MACHINE LEARNING FOR ANIMAL-TO-HUMAN SCALING AND DOSE RECONSTRUCTION
EXAMPLE INTAKE RECONSTRUCTION OF STRONTIUM-90 EXPOSURE - BEAGLE DOGS

Table 1 . .
o ) ) Varying Model Complexity
of Multi-C E 1 Retention Equations
With 2, 3, or 4 Component Fits for 2%Sr Longevity Dogs® A AR A g Model #3
Number of Components Used to Fit Retention Curve
Parameters 2 Componeats 3 Components 4 Components =
=<
3
a, (fraction) .58 (%,03) .64 (*.08) .57 (t.09) 5 Model #2
o
Xy (day™h 4 (t3) 2.5 (t.8) 2.0 (ts) o
2
o
a, (fraction) .42 (to3) L6 (t.04) L15 (t06) =
A, (day™h) .015 (%.006) .031 (£, 04) 1 (to0s) Model #1
a (fraction) .20 (t.04) 0 (o) L
Ay (day™") .00063 (%, 0002) .0074 (*.004)
a, (fraction) L6 (fo07)
-1 Strontium-90 Model Performance (Non-normalized Output) Strontium-90 Model Two-Metric Optimization (Non-normalized Output)
A4 (day™") . 00036 (.0002)
4 ° ® Model #1, Norm A
350 ® Model #2, Norm A
N N . ® Model #3, Norm A
Average (T { standard deviation) ® Model #1, Norm B
B j . 00 »® . © Model #2, Norm B
Inhalation Toxicology Research Institute (ITRI) o Model 43, Nom 3
1. © Model #1, Norm AB
Q 4f Model #2, Norm AB
Annual RepOI'tS w 250 1 < ¥ : Model #3, Norm AB
H H ® Model #1, None
] 20 ® Model #2, None
200 - ° ® Model #3, None
. .
Estimated dose is used to .
150
reconstruct the long R olee
0 25 50 75 100 125 150 175 200 o o« o« o o o

termed retained burden.
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Preamble: Al Basis of Neural Networks

uuuuuuuuuu

INPUTS
OUTPUT
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Al Supervised Learning: Deep-Learning based Dose
Estimation

The prediction (or reconstruction) of an acute inhaled intake of a radionuclide may
be modelled as a regression problem informed by:

Input: Age, Sex, Weight, Bioassay (i.e., measured activity), and time post exposure
In a 5-10-5-1 network architecture:

——

Artificial Neuron

Q0000

eetofofoReRe)e) e No)
eefofiche
e
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Preamble: Al Supervised Learning: Deep-Learning based Dose
Estimation

Activation Functions —

) ) Siamoid Leaky ReLU "
 Network Manipulation - Hyperparameters: a;g;n_o' i I max(0.1z, z) /
7T 14em®

Number of layers and nodes (Architecture,

. tanh '
Complexity): 5-10-5-1 tanh(z) I Mfﬁl{’i + by, wl'T + by)
e Activation Function: ReLU >

ReLU ELU
* Train/Test Split: 70/30 mix(o,m) J {J_ . _/
= ale®*—=1) z<0 - ‘.

e Loss Function: MSE

* Optimization Function: ADAM —p

For each Parameter w’

(j subscript dropped for clarity)

 Data Manipulation - Preprocessing Techniques

* Normalization is a powerful tool to reconcile the vi=B1*ve_1 — (1 —B1) * gy
magnitude of the input features with that of the s; = Baxsi_1— (1 —Ba)xg?
output 7 o

A(.Ut = —n * gy 1+ Initial Learning rate

gt : Grad, at time t along w’
VSt +¢€ - Evponenti ients
v; : Exponential Average of gradients along w;

s¢ : Exponential Average of squares of gradients along w;

Wt_|_1 — wt _|__ ACUt S, Ba : Hyperparameters
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Preamble: Supervised Learning: Deep-Learning based Dose
Estimation

Network Manipulation - Hyperparameters:
Number of layers and nodes: 5-10-5-1

* Architecture complexity
 Construction of boundaries and limits

Input Layer € R® Hidden Layer € R™® Hidden Layer € R® Output Layer € R’
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Preamble: Supervised Learning: Deep-Learning based Dose

Estimation

Network Manipulation -

Hyperparameters:

* Number of layers and nodes: 5-10-5-1

* Activation Function: ReLU non-linear
function to transform the dot product
from the input nodes into an output for
the current node

* Rectified Linear Unit function (ReLU):

RELU activated if output layer (e.g.,
pixel) is above threshold.

Activation Functlons
Slgm0|d

o(x) =
tanh

tanh(z

RelLU

max(0, z)

Leaky ReLU ll
max(0.1z, z)

Maxout N
max(w] x + by, wlz + by)

ELU
x x>0
ale*—=1) z<0 - ’

GURHDOS Annual Meeting 2026, Helsinki

11




Preamble: Supervised Learning: Deep-Learning based Dose

Estimation

Network Manipulation - Hyperparameters:

* Number of layers and nodes: 5-10-5-1
* Activation Function: ReLU

* Train/Test Split: 70/30

* Optimize limited data.

Activation Functions

Sigmoid

U(T) = 1+(lf"‘-"

tanh ‘
tanh(z) w
ReLU ”
max(0, z)

Leaky RelLU "
max(0.1z, x)

Maxout -
max(w] x + by, wlz + by)

ELU "
T x>0
ale*—=1) z<0 - / %
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Preamble: Supervised Learning: Deep-Learning based Dose

Estimation

Network Manipulation - Hyperparameters:

* Number of layers and nodes: 5-10-5-1

e Activation Function: ReLU

 Train/Test Split: 70/30

* Loss Function: MSE

* Once data has reached the output layer, the
performance of the system is analyzed using a loss
function.

« How well a particular iteration (or epoch) performs
in its predictive goal through the loss function.

« Compares the values or class labels predicted by
the network to the true values associated with the
inputs that yield said predicted output.

Activation Functions

Sigmoid Leaky ReLU l
g max(0.1z, x)

U(T) T 14e—%

tanh Maxout -

tanh(z) ° ° max(w{ z + by, wlz + by)

ReLU |/ ELU /
c x x>0

de(O, T) . {o(e" -1) z<0 - ’ 0

Mean Squared Error: measures
the average proximity of a single
estimation generated from a set of

test inputs to their respective, true,
test output.
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Preamble: Supervised Learning: Deep-Learning based Dose
Estimation

Network Manipulation - Hyperparameters: - _
Activation Functions

i Number Of layel’S and nOdeS: 5-10-5-1 Sigmoid I Leak(y ReLl)J /
. . . olz) = — 1 max(0.1z,

* Activation Function: ReLU @=L
« Train/Test Split: 70/30 o I Maxout
* Loss Function: MSE ReLL By /
 Optimization Function: ADAM max(0,2) /- {i.‘(f‘-_l) vce oS
* Dictates by what amount/direction the weights of

synapses are altered. For each Parameter w’

(j subscript dropped for clarity)
v =Brxvier — (1= B1) * g
st =Paxsi1— (1= Ba) x g}

* Decide how to adjust the weights of the synapses that
connect nodes, (learnable parameters of the network.
 Adaptive Moment Estimation (ADAM) - common and

Initial
relatively complex Aw; =|—n . gt Learning
. Gradient descent - find minimum of the loss function according to a Vst + € Rate

varying/adapted first and second moment of the respective gradient.

. ) W41 = Wt + Awt
* Adopts parameter learning rates real-time based on avg.

n : Initial Learning rate
g: : Gradient at time t along w’

v, : Exponential Average of gradients along w;
‘ ' | I > f . s¢ « Exponential Average of squares of gradients along w;
U R O An n u a l- M eetl n g 2C b1, B2 : Hyperparameters 1 4




Preamble: Supervised Learning: Deep-Learning based Dose

Estimation Results

Complexity: Model 1 < Model 2 < Model 3

Strontium-90 Model Performance (Normalized Output)

50 -

40 -

RMSE

204
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Strontium-90 Model Two-Metric Optimization (Normalized Output)
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Model #2, Norm AC
Model #3, Norm AC
Model #1, Norm BC
Model #2, Norm BC
Model #3, Norm BC
Model #1, Norm ABC
Model #2, Norm ABC
Model #3, Norm ABC

Normalization Groups:

Group A: {Age, Weight} » Physiological
parameters defining the exposed individual
Group B: {Time Post Exposure} >
Chronological parameters defining the
progression of the acute exposure

Group C: {Initial Burden, Retained Burden,
Dose} » Values arising from whole body
counting

Total Models: 8 normalization

Model #1, Norm A
Model #2, Norm A
Model #3, Norm A
Model #1, Norm B
Model #2, Norm B
Model #3, Norm B
Model #1, Norm AB
Model #2, Norm AB
Model #3, Norm AB
Model #1, None
Model #2, None
Model #3, None

combinations
X 3 models =24

RMSE: 114.964 uCi
Variance RD: -35.81%

RMSE: 125.23 uCi
== Variance RD: -28.43%

v
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Case Overview: Pathways for Internal Exposure via Human Respiratory

Tract (HRT)

Case 1: Predict aerosol

deposition in the airway and

clearance to blood from
inhaled radionuclide

contaminants in the human
respiratory tract (HRT) for an

exposed population using
multiphysics models and
artificial intelligence.

Case 2: Develop stochastic

biokinetic models for
uncertainty quantification that
are representative of breadth
of exposed population (non-
reference adults, children) for
radiological/nuclear inhalation
and using artificial
intelligence.

Case 3: Develop inverse
biokinetic models from
simulated in-vitro data to
reconstruct radionuclide
uptake from time-dependent
radionuclide biodistribution
using reconstructive historical
data with artificial intelligence.

€URADOS
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Case 3: ITRI °°Sr Beagle Dose Reconstruction

https://doi.org/10.1088/1361-6498/ac0e7f

I0P Publishing J. Radiol. Prot. 45 (2025) 041512
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Case 3: ITRI °°Sr Beagle Dose Reconstruction

Primary Topic:

* Data needs and quality on acute, non-occupational
inhalation of radionuclides with accompanying

bioassay data (urinalysis/ biodistribution of particles)

Primary Data Source:

* Inhalation Toxicology Research Institute (ITRI)
Beagle Dog Experiments with Sr, Pu, and Ce data

BIC)
~ F(t)

augmented with simulations

of Multi-C

llllll

1.) Can machine learning be used
to reconstruct intake activity?

2.) If so, what quality of data is
needed?

eeeeeeeeeeeeeeeeeeeee

24

A m o~ o~ - 2
NS S S U | T
s g i g > g4

000000
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Case 3: ITRI °°Sr Beagle Dose Reconstruction

Inhalation Toxicology Research Institute (ITRI)

« Data for acute inhalation of soluble %°Sr

« Afterinhalation, transferred to whole-body counting (WBC) facility
* Initial body burden (IBB) measured many times in first hour

* Brought back 14 days later for WBC measurement called “long-term retained
b u rd en » (LTRB) Table 2. Initial Body Burdens and Long-Term Retained Burdens of the Beagle groups [7].

Experimental Group IBBs and LTRBs
Experimental Group | Number of Dogs | IBB [pCu/kg] | LTRB [uCu/kg]
Mean SD | Mean SD
Longevity 12 226.67 | 40.28 | 99.25 | 16.41
Longevity 12 103.5 | 17.01 | 42 10.36
Longevity 12 2342 | 542 | 7.83 1.21
Longevity 12 4.03 1.08 | 1.75 0.6
Longevity 15 0 0 0 0
Sacrifice 24 88.75 | 29.07 | 37.82 | 13.74
Sacrifice 10 0 0 0 0

GURH DOS Annual Meeting 2026, Helsinki




Case 3: ITRI °°Sr Beagle Dose Reconstruction

* WBC conducted ~3
months and non-linear
regression used to fit
individual-level retention
equations

* |ndividual WBC
measurements beyond

Mean BB()= 590115t + 12 ~07881 4 29, 00t

x
[~}

HIGHEST

F3
i
o
«
3
@
§
o
b
t
z
w
S
=
z
i
S
]

—
[

L s
300 €00 800
DAYS POST-EXPOSURE

(]
o

Figure 1. Whole-body retention of 9051‘ following inhalation

9OSr 1,.
IBB and LTRB not —
i Figure 3. Retention of °°Sr following inhalation based
aval la b le on WBC measurements made for four individual
dogs. DAYS _POST-EXPOSURE

Figure 2. Mean and range of whole-body retention of °°Sr
inhaled as °°SrCl, by [first] 36 longevity dogs with initial body
burdens of 2.6 to 127 pCi/kg. (ITRI Annual Report LF-38, 1966-
1967)
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Case 3: ITRI °°Sr Beagle Dose Reconstruction

Table 3. Summary statistics of major features used in ML from
historical data of °°Sr acute inhalation exposure in beagles.

Parameter Standard
Deviation

Age [days] 401.5 15.282

Sex [0-Male, 1-Female] 48 M, 47 F N/A N/A N/A

Weight [kg] 8.7 1.232 5.7 11.9

IBB [uCi] 592.7 740.592 0 3000

Days Post Exposure [days] 14 0 14 14

LTRB [uCi/kg] 27.8 33.534 0 120
Dose at 730 days [rad] 4572.6 4566.471 140 18,000
Dose at Death [rad] 8217.2 5984.718 420 22,000
Dose at 5000 days [rad] 16886.7 17617.561 430 73,000

GURHDOS Annual Meeting 2026, Helsinki
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Case 3: ITRI °°Sr Beagle Dose Reconstruction

t k k
0.457 Ay ot it
Absorbed B dose (rad) = — SB(t)dt BB(t) = Z a;e” "t SB(t) = Z a;e” "
= =
Where: 0 l =2
Ao = initial body burden of 9Sr in pCi Table 4. Mean and standard deviation of regression parameters for

individual dog retention equations [10].

W = total body weight in kg

Number of Components Used to Fit Retention Curve

SB(t) = average skeletal burden at time t expressed as a Parametors 2 Gomponents 3 Gomponents 4 Components
fraction of the initial body burden a, (fraction) 58 (103) 64 (t.og) .57 (t.09)
A, (day™!) ta (1.3 2.5 (t.8) . (t.5)

. a, (fraction) .4z (t.o3) 14 (. 04y . (t.06)
Assumptlons: r, (day™h) .015 (£.006) L0311 (t.o4) . (*.05)
Skeletal Weight = O.1W ay (fraction) .20 (i’.()zi) . ('f.()g)

. . . ay~! . 000 %, . t,
W remained constant throughout the observation period SR e oo
a, (fraction) . (t.07)
SB(t) could be adequately expressed as the whole-body v ey anose 5. anm)

retention minus the first or early clearance component

%  Average (¥ 1 standard deviation)
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Case 3: ITRI °°Sr Beagle Dose Reconstruction
ANNs versus pBNNs

Artificial Neural Networks (ANNs) versus

Probabilistic Bayesian Neural Networks (pBNNs)
Bayesian: Synapses connected subsequent nodes are

probability distribution functions, not scalars as in ANNs
Probabilistic: Output layer is two nodes, one for mean of the

prediction and the other for the standard deviation

Sequentially connected layers of nodes

Node values are dot product of preceding node values
and synapse weights

Activation Function (ReLU or SoftPlus) — transforms
dot product to introduce non-linearity in training

Loss Function (MSE or negative log likelihood) -
evaluates difference between prediction and ground
truth

Optimizer Function (ADAM) - adjusts synapse weights
Learning Rate: 0.0001-0.1

V ANN PBNN

N NMAAANA

NN /)

I/\I]/\H_/\ I/\H/\l

VZA\VANVAY.

Train/Test Split: 80/20-90/10

Figure 4. Differences between ANNs and pBNNs and associated loss functions.
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Case 3: ITRI °°Sr Beagle Dose Reconstruction - Model Architecture

Model Configurations (24) /\ b " Model #3
* Complexities (3): . & g ‘| ‘
* (Model #1) - Low Complexity: 5-10-3-1 - -
* (Model #2) - Moderate Complexity: 5-10-9-7-5-3-1 E,
=4
* (Model #3) - High Complexity: 5-10-15-14-13-12-11- S Model #2
10-9-8-7-6-5-4-3-1 2
o
* Normalization Groups (8 Combinations): =
Label Description Features N Model #1
Group A | physiological features describing exposed dog age, weight N
Group B chronological features time post exposure, days to death
Group C | features involving WBC measurements or dose IBB, LTRB, absorbed dose
Figure 6. Architectures of the three model complexities
Table 7. Reference table for linear normalization group used in the study, referred to by the enumeration on the
labels and included features within each group. right.

EURH DOS Annual Meeting 2026, Helsinki 24




Case 3: ITRI °°Sr Beagle Dose Reconstruction — Data
Configurations

Regimen 1: Uncovering uncertainty or pattern in the rapidly clearing component of the intake

*Inputs: Age, Sex, Weight, Long-Term Retained Burden (LTRB), Time Post Exposure
*Outputs: Initial Body Burden (IBB)
*Observations: 95

Regimen 2: Viability of simulated counting data for initial intake reconstruction

*Inputs: Age, Sex, Weight, Simulated Activity Measurement, Time Post Exposure
*Outputs: IBB
*Observations: 288

Regimen 3: Reconstructing intake from Committed Dose to Skeleton from historical data

*Inputs: Age, Sex, Weight, Dose to Skeleton, Time Post Exposure
*Outputs: LTRB
*Observations: 174

BETA RADIATION DOSE TO SKELETON

INHALATION EXP. DOSE RATE (RADS/DAY) CUMULATIVE (RADS)

DOG IDENTIFICATION ——m—m—mmmmmmmmee I1.B.B. LoTuR.B.  mmmmmmemmemmmmmmmmmmm oo s cdil D DAYS
—————————————————— AGE  WT  cmmmmemmmmmmmmem e 730 POTENT.AT AT 730 POTENT.TG  TO DEATH  TO
TATTOO AN-EXPT SEX DATE DAYS KG RANK UCI/KE UCI  RANK UCI/KG  INITIAL DAYS 5000 D DEATH  DAYS 5000 D  DEATH DATE DEATH

Figure 7. Header of historical data file for ITRI ®°Sr inhalation Beagles.
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Case 3: ITRI °°Sr Beagle Dose Reconstruction - ANN Performance

Report of Individual Models

Scatterplot of relative error of test predictions — how well model may generalize pattern
Loss plot — ensure convergence of model

100 Model #1, Norm ABC
--- Perfect Agreement o ’ ® Residuals (Test Set) —— Training RMSE
—— Regression Line, R2 = 0.982 o 0.75 1 —--- Perfect Agreement 1200+ —— Testing RMSE
- 081 o Predictions (Training Set) /'/ °® ’ ~==' 25% Relative Error
el i
g 0.50 1000
©
E 0.6 0.25 o =
§ ° 800 -
oy 0.00 +---- 2
m 0.4
= ° 600 -
B -0.25 =
I
=
D02 —0.50 1 400 +
-
o
-0.751®
» 200 A
0.0+ 7
T T T T T —1.00 T y T y T y T T T T T T
0.0 0.2 0.4 0.6 0.8 0 500 1000 1500 2000 2500 300 0 20 40 60 80 100
Actual IBB (Normalized) Actual IBB (Normalized) Epoch

ANN: RMSE = 212.51, VarRD = -0.04

Figure 8. Example of graphical report for a regimen 1 trained ANN, specifically of
lowest complexity (Model #1) and normalizing all features (Norm ABC).
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Reconstruction o
s i + 7 O
Data Configurations: Designed to simultaneously investigate historical £ £ o» | ]
data quality and capabilities of machine learning to operate on the S £l .
data 3 § o
* Regimen 1: Uncovering uncertainty or pattern in the rapidly ' o133
clearing component of the intake S s tomaled A as temaed .
* Regimen 2: Viability of simulated counting data for retained S e
A e 2700 odel #2, Norm A
burden reconstruction PR e 0 i
* Regimen 3: Reconstructing intake from Committed Dose to - B o
Skeleton from historical data 5 s | .
Strontium-90 Model Two-Metric Optimization - % 1000 £ E
@ ® Low Complexity \ 556 @ -0:50 s
500 4 A Moderate Complexity -0.75 r
% High Complexity 0
N None [) 500 1000 1500 2000 2500 3000 SO0 [} 500 1000 1500 2000 2500 3000
| B Age, Weight Actual IBB [uCi] Actual IBB [uCi]
- 400 E Time
| IBB, LTRB odel , Norm
E 300 4 Il Age, Weight, Time \ -— Perfect Agreement . e Moge) #2.1 °
3 B Age, Weight, IBB, LTRB 2500 | —— Rearession Lne, A% = 0.978 075
c Time, |BB, LTRB ® Predictions (Training Set) 154 .
2 BN Age, Weight, Time, IBB, LTRB = 2000 2o
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Case 3: ITRI °°Sr Beagle Dose Reconstruction - Overall Takeaways

Regimen 1: Deep learning offers reliable way to predict initial activity soon after

exposure

*Deep learning offers a reliable approach to reconstruct initial activity from sparse data shortly after exposure.

*The selected ANN, trained on non-normalized physical units, demonstrates strong test set accuracy and variance
representation.

A low-complexity deep neural network is sufficient for the inverse biokinetic problem under these conditions.

Regimen 2: The summarized regression parameters too uncertain to ascertain realistic

historical measurements

*Augmenting sparse historical data with simulated values introduces modeling instability.

*The resulting model exhibits reduced predictive accuracy and uncertainty in reflecting realistic individual intake
values.

*Regression behavior is inconsistent, limiting its applicability to real-world measurements.

Regimen 3: Historical dose estimates improves model performance compared to

simulated measurements

*Providing known dose improves the model’s ability to capture variability in intake across individuals.

*However, the ANN demonstrates a bias toward lower values—underpredicting high-magnitude long-term retention
burdens (LTRBs).

*This reflects challenges in reverse-mapping from dose to intake in nonlinear regimes.
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Case 3: ITRI °°Sr Beagle Dose Reconstruction - Why this Matters

Modernizes historical data use: Demonstrates how supervised deep learning can
extract value from sparse, decades-old bioassay records once considered too
limited for modeling.

Enables intake reconstruction without full time-series data: Shows that
accurate estimates of internal radionuclide intake can be made using only early and
late measurements.

Reveals tradeoffs across modeling assumptions: Highlights how model
performance varies depending on data structure—e.g., using dose as input
improves spread prediction but introduces bias in point estimates.

Establishes a scalable framework for dose reconstruction: Introduces dual-
metric optimization (RMSE and variance agreement) that captures both individual
accuracy and population variability.

Guides future Al applications in dosimetry: Sets precedent for integrating deep
learning into internal dosimetry, with relevance for retrospective exposure
assessments and operational preparedness.

Enables next-phase investigations: Future work may explore time-series
forecasting of retention, inter-individual variability modeling, or extension to human




Takeaways

Al-driven technologies aim to create more precise, adaptive, and
individualized dosimetric models for physiological/metabolic behavior.

Personalized Dosimetry: Tailoring treatments or countermeasures based on
individual physiological characteristics.

Improved Treatment: Providing more effective radiological countermeasures
administration by accounting for real-time variability.

Reduction of Uncertainties: Minimizing over- or under-exposure by reducing
uncertainties in dose predictions, ultimately improving outcomes.
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Resources (1) - ICRP + HPS Webinar

“INTRO TO INTELLIGENCE": How Al and ML are Changing Radiation Protection
May 30, 2025

Shaheen Azim Dewiji, Ph.D. - Associate Professor, Nuclear —
and Radiological Engineering and Medical Physics

Programs, Georgia Institute of Technology

Director - Radiological Engineering, Detection, and

Dosimetry Laboratory

e \ M /: >
- / i

Martin Graffigna - Research Engineer, Nuclear and
A =) _~ Radiological Engineering and Medical Physics Programs,
Internu_tiom?l Commission b y Georgia Institute of Technology
onRacliolegleal Frotection Avgl . Radiological Engineering, Detection, and Dosimetry
Laboratory

e -

David Gonzalez - Ph.D. Student - Medical Physics, Nuclear x
and Radiological Engineering and Medical Physics ' —N
Programs, Georgia Institute of Technology
Radiological Engineering, Detection, and Dosimetry

Radiological Engineering, Detection, and Dosimetry La bora tory
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Resources (2) - U.S. National Academies

Webcast Report Proceedings

Webcast

NATIONAL *
ACADEMIE

DAY 1 MAIN SESSION DAY 2 SESSION A DAY 2 SESSION B

i Day 1 - Gilbert W. Beebe Symposium on Al and ML Applications

NATIONAL ® - Gilbert W. Beebe
ACADEMIE ol symrosiuMm

Gilbert W. Beebe
Symposium

Al and ML Applications

orch 13-14, 2025

in Radiation Therapy, Mec > Diagnostics,
and Radiation Occupational Health and Safety

MARCH 13-14, 2025 | WASHINGTON, DC

Watch on (@ Youlube

https://www.nationalacademies.org/event/44039_03-2025_gilbert-w-beebe-
symposium-on-ai-and-ml-applications-in-radiation-therapy-medical-diagnostics-and-
radiation-occupational-health-and-safety

https://nap.nationalacademies.org/catalog/29200/gilbert-w-beebe-
symposium-ai-and-ml-applications-in-radiation
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Resources (3) - 2025 ICRP Symposium

Session:
https://youtu.be/9gKs8aWx
vho?list=PLvgQWSugM7U
QQqT9d72jii8zSRSCYiiiQS
&t=25328

My Presentation on
Cases 1 and 2 (7:54:59):
https://youtu.be/9gKs8a\Wx
vho?list=PLvqgQWSugM7U
QQqT9d72jij8zSRSCYiiiQS
&t=25328
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https://youtu.be/9qKs8aWxvho?list=PLvqQWSugM7UQqT9d72jij8zSRSCYjiiQS&t=25328
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https://youtu.be/9qKs8aWxvho?list=PLvqQWSugM7UQqT9d72jij8zSRSCYjiiQS&t=25328
https://youtu.be/9qKs8aWxvho?list=PLvqQWSugM7UQqT9d72jij8zSRSCYjiiQS&t=25328

Questions!

Shaheen Dewji
@red2alert

From alpha to algorithm, the RED? Laboratory explores radiation,
risk, and the science of staying safe—tracking particles,
policies, and the occasional panic button, with just enough wit...
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@ SHAHEEN DEWJI JUN 28
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Me durability of the arm
egime depends

HHU pret

participat

SHAHEEN DEWJI - 5 MIN READ
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& EMILY CAFFREY JUN 27

Radiation Protection Policy in a
Nuclear Era

Recommendations from Health
Physicists in Response to EO 14300

EMILY CAFFREY, CHARLES \MLSON
AND 2 OTHERS - 6 MIN REA

Contact:
shaheen.dewji@gatech.edu
red2@me.gatech.edu
https://sites.qgatech.edu/dewji/
https://red2alert.substack.com
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@ SHAHEEN DEWJI

Has the NPT Been Rendered

Obsolete by Force?

The balance between noncompliance

in nonproliferation commitments and

security responses is being tested

Let's explore the hard questions that
o

RED?
Laboratory
Website

Follow us on LinkedIn!

SHAHEEN DEWJI - 5 MIN READ

@ SHAHEEN DEWJI

Has ALARA Reached Its Half-Life?
Four executive orders reframe
radiation protection, raising questions
about v ould decay and what
must endure

SHAHEEN DEWJI AND EMILY
CAFFREY - 6 MIN READ

@ SHAHEEN DEWJI JUN 13

Are We Protecting U.S. Troops from
Radiological and Nuclear Threats
Amid Rising Global Instability?

As geopolitical tensions rise on the eve
of the Army’s 250th anniversary and
nuclear infrastructure is threatene
federally-funded science to protect
us. ce personnel remains

paused

Substack:
RED? Alert
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