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Radiation Therapy : Primer

• The use of radiation to eradicate a tumor

– Optical light: a few eV

– Diagnostic x-rays: 20 – 80 keV; < ¼” of Pb

– Therapeutic x-rays: 1 – 6 MeV; 2 ft of concrete, 7” of Pb

• Always try to kill the tumor but not the patient

• Conform dose to the target

• Fractionation: Delivery of dose over several weeks for 

better normal tissue repair

• Accuracy requirements: 5% change in dose can result 

in observable biological response





Major Linac Components
• Electron gun: filament emits electrons into the 

waveguide

• Accelerating waveguide: uses high-energy 

microwaves to accelerate electrons to within 

0.03% of the speed of light

• Bending magnet: steers high-energy electrons 

from a “waveguide” toward the patient

Travelling wave Standing wave



Major Linac Components

• X-ray target: heavy-metal 

target that absorbs electron 

energy to create photons via 

bremsstrahlung radiation

• Carousel: electron scattering 

foils and photon flattening 

filters for each beam energy

• Monitor ion chambers: 

measure the amount of 

radiation emitted from the 

carousel

Photons Electrons



Photon Dose vs Depth, Energy/Beam Quality

• Higher energy ~ 

Greater penetrating 

power ~ Higher PDD

• Build up is deeper 

with higher energy

From Khan F, The Physics of Radiation Therapy, Third Edition, Lippincott Williams and Wilkins 2003



Family of photon beam profiles

• Dose greatest @ CAX

• Dose decreases @ beam 

edge

• “Horns” common near surface 

of accelerator beams

• Dose fall of near beam edge

– Geometric penumbra

– Reduced scatter

From Khan F, The Physics of Radiation Therapy, Third Edition, Lippincott Williams and Wilkins 2003



Electron Energy Dependence

• Lower surface dose (quick buildup) for lower energy 
beam

• Dose gradient steeper for lower energy electron

• More x-ray contamination for higher energy beams



Proton depth dose
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Spread out Bragg Peak

Bragg Peak vs Energy

Spot scanning



Method: Convolution/Superposition
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Convolution/Superposition: 

Heterogeneities

muscle =1 gr/cm3

lung =0.25 gr/cm3



Open anterior beam

Cross Beam Profiles for Lung
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Fast Convolution/Supersposition Dose Computation on GPU
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TERMA Superposition

newold

Invert ray 
casting on 
GPU

Stepwise beam hardening

Not Tilted Tilted

Accurate

Mipmap kernel ray tracing

EngineKernel Type Rays Time (s) VPS Speedup Time (s) Speedup

GPU CCK, Tilting
*

72 0.198 5.051 41.8x 2.801 33.7x

GPU CCK, Non-tilting 80 0.159 6.289 52.0x 2.254 41.9x

GPU CCK, Tilting
*

32 0.086 11.628 96.1x 1.246 75.8x

GPU CCK, Multi-Resolution80 0.097 10.309 85.2x 0.963 98.1x

GPU CCK, Multi-Resolution32 0.042 23.810 N/A 0.411 N/A

Pinnacle
3

CK, Non-tilting 80 8.268 0.121 1.0x 94.51 1.0x

64
3

128
3

Performance



Target and Clinical Structure Definition

- Planning begins by defining 

the regions of interest within 

the patient

Manual Tools

• Line Drawing

• Paint Brush

• 3D tools

Auto Contouring

• Threshold

• Gradient/Edge detection

• Model based

Display

• Contours

• Colorwash

• Polygons (2D and 3D)



3D



Modern Medical Accelerator

and Intensity Modulation (IMRT)

Beam 1

Beam 2

Beam 5

Beam 4

Beam 3



Conventional   IMRT

73Gy

66Gy

54Gy

45Gy

30Gy

Isodose Lines Comparing 3D and IMRT



McNutt 2009

Dose Volume Histograms 

are used to analyze 

treatment plan quality by 

determining what percent of 

a region of interest receives 
how much dose.



VMAT – Volumetric Modulated Arc Therapy



Target Volume Specification (late 80’s)

• GTV - Gross Tumor Volume

• CTV - Clinical Target Volume

• PTV - Planning Target Volume

– Accounts for internal organ motion 

and patient setup variations during 

the course of treatment.

• All ‘TVs are a statement of the 

uncertainties (or our ignorance) 

---- research opportunities



Organ Motion : Repeat CTs

PTV prescribed 

with 1st day CT

Organ motion detected 

on first 5 days



Convex-hull to account for 

organ motion
Final PTV (setup and 

organ motion)

Original PTV :CTV + 1.0 cm

Patient Specific cl-PTV after 5 days



Cone Beam CT Accelerator for On-line intervention







Adaptive Planning Prototype



Commercial on-line adaptive
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Extract, Transform, Load

Oncospace
MOSAIQ

TPS

- Scripts, Python, DICOM

- DVH, OVH, Shapes

- SQL Query

- Lab, Toxicity, Assessments

DICO

M 
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Head and Neck Inventory

Targets Normals

>6 yrs



Prostate Inventory
~2100 pts - ~1500 with dose

31

>6 yrs

Targets Normals

Bladder Rectum



Thoracic Inventory
~1700 pts

32

Esophagus DVH vs Dysphagia CTCAE

>6 yrs

NormalsTargets



Anomaly Detection Quality Metric Predictions Patient Outcome Predictions

Knowledge 

Database

Feature Extraction

Statistical Models Machine Learning Artificial Intelligence

Guideline 

Adherence

Diagnosis Consult Simulation Contour
Treatment 
Planning

Chart 
Review

Treatment 
Delivery

On 
Treatment 

Visit

Contour 

Integrity
Plan Quality

Uncommon 

Rx

Adverse 

Outcome

Delivery 

Fault

Radiotherapy workflow

Safety and quality 

check examples



Knowledge based planning
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Contour Setup Beams
Specify 

Objectives
Optimize Plan Review Plan

Knowledge 

Database

Geometric 

Feature Extraction

Dose Metrics

Prediction 

Model

Model Construction

Patient 

Feature 
Extraction

Predicted 
Dose 

Metrics



Overlap Volume Histogram
OVH: serial vs parallel (Wu, Taylor, Kazhdan, Simari, McNutt)

For parallel organs, OAR2 is more easily spared.

For serial organs, OAR1 is more easily spared.

OAR2

OAR1Target



Bladder vs ptv_prostate_sv

Left parotid vs ptv_5810

Mandible vs ptv_7000 

OVH vs DVH



CONFIDENTIAL: DO NOT DISTRIBUTE

New model predictions with Random Forest

Lowest achievable = Predicted median of the 5th percentile of doses given a set of input features at each %v
Expected = Predicted value of prior similar plans

Features: OVH-xyz, OVH-xy, OVH-z, PTV-Volume, PTV-Concavity… 



Predicted Plan objectives

December 3, 2024 38



Course Predictions

December 3, 2024 39



Autoplan result
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Comparison

December 3, 2024 41

Clinical Plan Predictive Plan



AI prostate planning results
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Song, Ennis, Showalter



Feature 

Extraction

Outcomes 

Selection

Predictive modeling

Machine Learning 

Activity

Predicted 

outcomes

Result 

Presentation

Data Feedback 

(Facts, Outcomes)

Human 

decision 

making and 

guidance

Facts, Variables

Time

Fixed Facts

Outcomes

Clinical VariablesDecision Point

Data and 

Knowledge Base
Patient 

Selection

Learning health system – Decision Support



DVH, Toxicities and Grade distributions

Voice Change

Larynx

50% Volume

Dysphagia

Larynx_edema

30% Volume

Number of 

patients by 

grade at D50%

Toxicity Grade

0,1,2,3,4,5

Mean and stddev 

of DX% at grade



DVH, Toxicities and Grade distributions

Trismus

Mandible

20% Volume

Dysphagia

Superior 

Constrictor

50% Volume

Number of 

patients by 

grade at D20%

Toxicity Grade

0,1,2,3,4,5

Mean and stddev 

of DX% at grade
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Longitudinal measures



• Predictors:

– (1: Diagnosis) ICD-9 code

– (2: Dosimetry) dose to swallowing muscles, larynx, parotid

– (3: Patient) age

• Prediction result: High negative predictive value
– The model can screen out patient without weight loss

– Physicians can focus on patients with high probability of weight loss

Results: Weight loss prediction at planning 

no 
weight 

loss

weight 
loss

no 
weight 

loss

no 
weight 

loss

YES NO

Diagnostic ICD-9

Larynx 
D78 < 24Gy

no 
weight 

loss

weight 
loss

weight 
loss

Superior Constrictor 
Muscle D100 < 40Gy

larynx
salivary glands
nasal cavity

Parotid 
D89 < 15Gy

Masticatory Muscle 
D90 < 14Gy

oropharynx
tongue
nasopharynx
hypopharynx

Age < 58

AUC 0.773

Sensitivity 0.766

PPV 0.426

NPV 0.901

Prediction result

Endpoint:  > 5kg loss at 3 months post RT

Sierra Zhi Cheng MD MS

Minoru Nakatsagawa PhD



Results: Weight loss prediction during RT

• Predictors:

– (1: QOL) patient reported oral intake 

– (2: Diagnosis and staging) ICD-9, N stage 

– (3: Dosimetry) dose to larynx, parotid

– (4: Toxicity) skin toxicity, nausea, pain 

– (5: Geometry) minimum distance b/w PTV, larynx

Able to eat foods I like >= 3

Larynx D10 < 42Gy

Skin Acute < 3

Nausea < 1

N stage < 2

Distance: PTV to 
Larynx >= -1.3cm

Pain Intensity < 5

Larynx D59 < 27Gy

Parotid D61 < 8Gy

no 
weight 

loss

weight 
loss

no 
weight 

loss

weight 
loss

no 
weight 

loss

no 
weight 

loss

weight 
loss

no 
weight 

loss

weight 
loss

no 
weight 

loss

weight 
loss

no 
weight 

loss

weight 
loss

YES NO

Larynx
salivary glands

thyroid
hypopharynx

oropharynx
tongue

nasopharynx
nasal cavities

tongue

Diagnostic ICD-9

Diagnostic ICD-9

Parotid
D96 < 7Gy

AUC 0.821 

Sensitivity 0.977 

PPV 0.462

NPV 0.986

Prediction result

Endpoint:  > 5kg loss at 3 months post RT

Sierra Zhi Cheng MD MS

Minoru Nakatsagawa PhD



Length of circumferential esophageal dose vs weight loss P. Han et al.

FullPartial

Dose (Gy)

LP(60) LF(60)

60

50

40

30

20

10

Full circumferential dose Partial circumferential dose

 

Table 2. Weight loss prediction using Ridge
Variable importance*

Pre-treatment albumin 100

LF(65) 85

Marital status 53

LF(60) 45

LP(65) 42

ECOG performance status 36

LF(55) 35

Chemotherapy (full dose vs. none) 32

LP(60) 31

Race 24



Our Xerostomia Story

an example of possibilities for data-driven outcome-based 

planning

December 3, 2024 50



Toxicity Prevalence
(P. Lakshminarayanan)

12/3/2024
51

Dysphagia<1

Xerostomia<2

4 yrs

2 yrs

Mucositis<2

Taste(Dysgeusia))<1
Weight Loss<1

Xerostomia

<2
<1

<3



Raw DVH data for salivary glands
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Toxicity and Dose Volume Histogram
(Scott Robertson et al…)
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61.3  

Combined 

parotid 

volume 

< 70.2

N = 10

100% Low
grade

xerostomia

N = 45

80% Low
grade

xerostomia

N = 18

78% Low
grade

xerostomia

N = 58

53% severe 
xerostomia

Ever 
smoker

N = 26

62% Low
grade

xerostomia

N = 16

56% Low
grade

xerostomia

N = 10

80% Low
grade

xerostomia

N = 56

88% severe 
xerostomia

Primary 
tumor stage 

0 or 1

Age < 51

KPS < 85

N = 80

Parotid mean 
dose < 9.07 Gy

African American, 
Caucasian, Declined, 

Unknown or others 

ethnicity

Weight loss

< 3.65 Kg

Parotid D95 dose < 9.26 Gy

84% Low
grade

xerostomia

YES NO

AUC Accuracy Sensitivity Specificity

0.627 0.687 0.536 0.784

Xerostomia Prediction (3-6 Months post RT)

Xuan Hui MD MS



Xerostomia prevalence 
separated by age = 51

12/3/2024 55



Feature 

Extraction

Outcomes 

Selection Predictive

modeling

Prediction 

accuracy with 
cross validation

Data Feedback 

(Facts, Outcomes)

Available 

Features

Time

Clinical Data Outcomes

Outcome Time

Data and 

Knowledge Base
Patient 

Selection

Outcome 

to Study

Clinical insight 

with relevant 
features

F
e
at
ur
e

s 

Feature 
Importance/

Weights

Voxel 585 0.000708

Voxel 586 0.000699

Voxel 571 0.000694

Voxel 590 0.000678

Voxel 292 0.000678

Voxel 649 0.000673

Voxel 312 0.00067

Voxel 591 0.000667

Voxel 564 0.000666

Voxel 626 0.000665

Voxel 609 0.000658

Voxel 313 0.000653

Treatment Time

Iterate to find features that 

maximize prediction accuracy

Learning health system – Hypothesis Derivation



Radiation dose transformed to standard atlas

Parotid glands

Submandibular 

gland

IpsilateralContralateral

Average dose to each voxel Standard Deviation of Dose



Mean voxel doses and normalized difference

-

-

=
/mean

=
/mean

Acute Xerostomia

Recovery
Not RecoveredRecovered

No Xerostomia Xerostomia Relative Difference

Relative Difference

Ipsilateral
Contralateral



Voxel importance pattern comparisons by machine learning

Acute Xerostomia (Injury)

December 3, 2024 59

LASSO

Ridge

Random 

Forest

Models Data set (dimension: 427*961)

AUC (10-fold cross-validation)
Out-of-sample score

Ridge logistic 
regression

0.70 ±0.04

Lasso logistic 
regression

0.67±0.04

Random forest 0.69±0.06

Radiation 
dose feature

Classifiers

Regularized logistic 
regression, random 

forest

Non-dose 
features

Xerostomia 
outcome

Compare 
model 

performance

*** Ridge is most appropriate to handle correlated dose variable 



Voxels importance from Ridge logistic regression

Acute Xerostomia (Injury) Recovery

A. The superior portion of the contralateral parotid is the last region to be able to spare (lowest mean dose). If a high dose, there is likely 

high dose everywhere else, increasing xerostomia.

B. Ductal region of ipsilateral parotid has high influence, where the superior portion has very low importance suggesting possible occlusion 

of duct or serial component of organ function related to injury. 

C. The superior (lower dose) portions of both parotids influence recovery whereas the higher dose regions have little influence. This 

suggests a lower dose threshold for preserving the ability to recover salivary function if injured.  

Potential hypotheses

A

B

CIpsilateralContralateral

Parotid glands

Submandibular 

glands



Influence on CT for Injury
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Influence on CT for Injury
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Patients

Peijin Han MD/MS



IMRT plans driven by predictions
(McNutt, Lee, Sheikh, Quon)
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Original                         Injury Weighted            Recovery Weighted 

Injury Percentile Recovery Percentile

Original 81.8 13.5

Injury Wt 64.3 18.1

Recovery Wt 69.7 32.0

Original – dashed     

Injury – thick         
Recovery – thin

Targets – black

Parotids – blue
Submandibulars – pink



How to stay safe and maintain quality?

• Data is not always the highest quality – must make sure methods/models 

don’t assume it is

• Data does not contain all knowledge.  Existing knowledge is often absent

– If all patients in database meet a dose goal, then there is no knowledge outside 

of that goal contained in the data.

– Be wary of situations where you may be outside of the available data bounds

• Data gets old

– How to keep models current?

– Do we want to be treated the way patients were treated 2 decades ago?

– The Rx anomaly may be using an old Rx that has been superseded.

December 3, 2024 65
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Primary dataset

Model-based segmentation

Deformable registration

Secondary dose deformed 

back to primary plan

Secondary dataset with

primary IMRT beam

arrangement

Dose warping

Deformable dose accumulation



Radiation Prescription Anomalies

December 3, 2024 68

191 Brain 

AND 

Pathology of 

Glioblastoma 

191 Brain 

AND 

Pathology of 

Anaplastic 

Astrocytoma 

A novel data-driven algorithm to predict anomalous 
prescription based on patient’s feature set 
Qiongge Li, R. Voong, R. Hales, J. Wright, T. McNutt (Submitted)



Contour Anomalies

December 3, 2024 69

Anomaly types:
- Discontinuities

- Size/extent inconsistency
- Shape inconsistency

- Anatomic relationships

Kevin Gorman et. al.

e.g. Rectum contoured into Sigmoid Colon



Putting it together…

December 3, 2024 70

• Send contours to system

• Map ROI names (auto)

• Evaluate contour 

integrity

• Discontinuity

• Unexpected volume

• Unexpected shape

• Select Tx protocol



Causality
(Shpitser)

• Notion of Dimension Reduction with consideration of Causal 

Inference

– DVH point is dimension reduction

– Principle Components…

• Can we blend with anatomical/physiological understanding?

• Does it work with the inherently controlled treatment?

• Spawned interest with van Herk and Christie Hospital – 

Manchester, UK

71



• Weight loss prediction

– Head and neck (PEG Tube ?)

– Thoracic with Image features

• Alcorn BMETS example

• Challenges

– Clinical decisions that impact trajectory of care

Decision Support Efforts
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