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Deep Learning Automated Patient-Specific Quality Assurance (PSQA) aims to reduce clinical resource re-
quirements. It is vital to ensure the safety and effectiveness of radiation therapy by predicting the dose
difference metric (Gamma passing rate) and its distribution. However, current research overlooks uncertainty
quantification in model predictions, limiting their trustworthiness in real clinical environments. This paper
proposes a Multi-granularity Uncertainty Quantification (MGUQ) framework. A Bayesian framework that
quantifies uncertainties at multiple granularities for multi-task PSQA, specifically Gamma Passing Rate (GPR)
prediction and Dose Difference Prediction (DDP), integrates visualization-based interactive components. Using
Bayesian theory, we derive a comprehensive multi-granularity loss function that comprises granularity-specific
loss and coherence loss components. Additionally, we proposed Multi-granularity Prior Networks, a dual-stream
network architecture, to infer the distributions of DDP (modeled as t-distributions) and GPR (modeled as
Gaussian distributions) under specific statistical assumptions. Comprehensive evaluations are conducted on a
dataset from “Peeking Union Medical College Hospital”, and results show that our proposed method achieves
a minimum MAE loss of 0.864 with a 2%/3 mm criterion and realizes the uncertainty visualization of dose
difference. Further, it also achieves 100% Clinical Accuracy (CA) with a workload of 67.2%. Experiments
demonstrate that the proposed framework can enhance the trustworthiness of deep learning applications in
PSQA.

1. Introduction and spatial distance, which provides an overall assessment of the plan’s

reliability and accuracy. However, in clinical practice, relying solely on

Cancer is one of the leading causes of death worldwide, and radia-
tion therapy is one of the primary methods of cancer treatment. Many
studies have applied deep learning to radiotherapy [1-5]. Patient-
Specific Quality Assurance (PSQA) in radiation therapy refers to the
comprehensive evaluation and verification processes implemented to
ensure an individual patient’s treatment plan’s accuracy, safety, and
effectiveness. This quality assurance is crucial in techniques like Inten-
sity-Modulated Radiation Therapy (IMRT) [6], where the radiation
dose delivery is precisely modulated to conform to the tumor’s shape.
Common metrics include Gamma Passing Rate (GPR) [7] and Dose
Difference Prediction (DDP) [8]. The GPR is the percentage of points
in a dose distribution that meet predefined criteria for dose difference
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the GPR is insufficient to determine a treatment plan’s effectiveness
because it does not provide high-granularity spatial information [9,
10], thereby limiting the assessment of whether the treatment dosage
optimally targets the lesion while sparing healthy, yet vulnerable,
organs [9,10]. In contrast, the DDP task aims to forecast the dose
difference distribution matrix, concentrating on granular discrepancies
in dose delivery accuracy and capturing the difference matrix between
the actual and calculated doses at individual points.

Indeed, a prevalent method is applying the Gamma analysis to
evaluate the accuracy of deliveries in IMRT [11,12]. Still, this ap-
proach demands physical implementation and is time-consuming and
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labor-intensive, leading to an additional burden on clinical treatment
processes. To resolve it, several algorithms have been recently proposed
to analyze the GPR for ensuring compliance with clinical dose distribu-
tion standards [13-18]. As shown in Table 1, these methods can be
categorized into three main categories: manually defined complexity
metrics, traditional machine learning, and deep learning methods.

The first method category manually defines complexity metrics
based on plan characteristics [6,19-21], which characterize plan de-
livery accuracy based on the treatment plan’s physical attributes. Al-
though these complexity metrics correlate with delivery accuracy, they
are indirect to dose delivery performance and lack immediate clini-
cal significance regarding GPR [22]. The second method category is
machine learning-based [23-26], which directly utilizes the machine
learning models and predicts the accuracy of plan delivery from the in-
put complexity metrics or other pertinent information like field fluence.
However, this category method cannot manage the dose difference
distribution prediction and then loses the spatial indicator, which is
important in clinical applications. The third category is deep learning-
based [9,27-30] methods, which input the designed dose plan array
and then predict the difference with measured realistic dose deliv-
ery in implementation or predict GPR. However, due to their low
transparency, most deep learning-based methods lack explainability,
and their use in clinical systems remains limited. While planners can
easily assess the results of Al segmentation tools, understanding the
predictive models developed through deep learning can be much more
challenging [31]. To address this concern, researchers have explored
uncertainty quantification to determine when the model is unsure about
a prediction [32]. The study [33] developed an uncertainty-aware dual-
task deep learning model that predicts GPR and the total uncertainty of
the prediction. High uncertainties above a certain threshold necessitate
human intervention, fostering interaction between the physicist and the
model [34], and GPR lacks sensitivity to clinically relevant dosimetric
errors [35].

Furthermore, deep learning models, especially for regression tasks,
lack the confidence measure. Recent studies indicate they often pro-
duce overly confident results, decreasing their practical usability and
raising concerns about their security and trustworthiness in real-world
PSQA applications. Uncertainty quantification (UQ) has emerged as a
prominent and active area of research. Recent findings indicate that
the overall uncertainty can be categorized into two distinct types:
model uncertainty [36] and data uncertainty [32]. Model uncertainty,
referred to as epistemic uncertainty, arises from inadequate acquisition
of the underlying knowledge about the prediction task. This uncertainty
can be mitigated through increased data availability and improved
learning. On the other hand, data uncertainty, known as aleatoric un-
certainty, is induced by inherent noise present within the dataset [37].
For instance, systematic and random errors may occur in the computed
and measured dose distributions during the quantitative analysis, lead-
ing to data noise. It is worth noting that this particular uncertainty
is an inherent dataset attribute, and augmenting the training set with
additional data does not suffice to diminish it.

Most existing UQ approaches primarily focus on quantifying model
uncertainty. These methods include deep ensemble learning [38,39]
and Monte Carlo dropout, approximation Bayesian inference [36,40].
However, only a limited number of techniques available can effectively
measure the total uncertainty in deep learning. Kendall and Gal [41]
proposed an innovative power exponential loss function derived from
maximizing the likelihood of learning the data uncertainty. Combined
with MC Dropout, this approach predicted total uncertainty in the re-
sults. The training process for this method poses significant challenges.
Building upon this foundation, Gast [42] and Loquercio et al. [43] em-
ployed a pre-defined density filtering method to facilitate uncertainty
feedforward propagation in neural networks. This method does not
apply to GPR prediction as it requires predetermined uncertainty of
the input information. Yang et al. [44] first integrate UQ with PSQA.
However, they only studied low granularity uncertainty and missed
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dose delivery spatial information, which is very important in clinical
applications. Although the Efforts to incorporate uncertainty estimation
techniques aim to address these issues and enhance the reliability
of deep learning predictions, Quantifying such uncertainty before the
input of clinical data into the automatic PSQA model is a complex un-
dertaking. The integration of uncertainty information within Al-based
PSQA models provides several benefits. Firstly, it measures confidence
in the predicted outcomes, allowing for a more comprehensive evalua-
tion of treatment plans. Secondly, it identifies and mitigates potential
risks, reducing the likelihood of erroneous or misleading treatments.
Additionally, it facilitates patient-specific quality assurance by tailoring
treatments to individual needs and characteristics.
This study makes the following significant contributions.

We propose Multi-granularity Prior Networks for multi-task
PSQA, namely DDP and GPR prediction, modeling different types
of granular uncertainties.

We utilized uncertainties at multiple granular levels and proposed
a multi-granularity interactive Deep Bayesian learning framework
specifically for PSQA.

Our method is the first to be capable of presenting the PSQA dose
difference distribution confidence interval visualization, which is
more secure than the previous method.

Our method involves an Uncertainty-guided man-machine inte-
grated method for precise and robust PSQA.

We conducted a detailed comparative analysis on uncertainty
estimations for PSQA and achieved state-of-the-art results.

The rest of the study is structured as follows: Section 2 discusses
the methodology in a detailed manner, whereas Section 3 presents a
detailed overview of the experimental setting and results. Further Sec-
tion 4 concludes this study and discusses the current study’s limitations
and possible future work.

2. Materials and methods

This section provides a comprehensive overview of our study’s
methodology, including the data collection process, pre-processing,
and a detailed discussion of network architecture. The subsequent
subsections discuss each in a detailed manner.

2.1. Data collection and preprocessing

In this study, we employed a dataset in collaboration with the De-
partment of “Radiation Oncology” at ‘“Peeking Union Medical College
Hospital”! that encompasses 154 FF-IMRT treatment plans (containing
1394 beam fields) for various treatment sites that were collected ret-
rospectively from December 2020 to July 2021. The dataset includes
(19h&n short head and neck) plans, while (82c, chest) plans, (31a,
abdominal) plans, and (22p, pelvic) plans resulting in a total of 154
treatment plans. All plans used the sliding window technique and
were generated based on Eclipse TPS version 15.6 and delivered by
Halcyon 2.0 linac equipped with SX2 dual-layer MLC (Varian Medical
System, Palo Alto, CA). The dose distribution was calculated using the
anisotropic analytic algorithm (AAA, version. 15.6.06, Varian Medical
Systems, Palo Alto, CA) with a dose calculation grid of 2.5 mm, and
the plan optimization algorithm was photon optimization (PO, version.
15.6.06, Varian Medical Systems, Palo Alto, CA) algorithm.

Following the recommendations in the TG-218 report [45], PSQA
measurements were conducted before treatment delivery using actual
angles for each beam, employing Portal Dosimetry. Dose calibration
was performed every day before data collection. All gamma analyses
were performed with 1%/1 mm, 2%/2 mm, and 2%/3 mm criteria
at a 10% threshold of the maximum dose (only points with doses

1 https://www.pumch.cn/en/introduction.html
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Table 1
Overview of recent studies on PSQA methods.
Categorization Study ref. Methods and description Advantages Limitations
[6] PSQAIDC using TPS-generated plans The feasibility of substituting PSQAM with « Indirect characterization: Complexity
Complexity Metrics and treatment delivery log files. PSQAIDC, interpretation using NTCP/TCP metrics indirectly characterize plan delivery
models, time savings, adaptive proton accuracy. While they may be correlated
therapy facilitation, and sensitivity to with delivery accuracy, they do not directly
delivery errors are discussed. measure clinical significance or patient
outcomes.

[19] Beam complexity metrics based on It quantitatively assesses beam complexity « Complexity metrics have a limited scope
aperture analysis (mean aperture in IMRT plans, characterizing different and applicability, focusing on specific plan
area, extent of aperture shape aspects of beam complexity across various characteristics, and may not capture all
irregularity, degree of beam disease sites and treatment modalities, factors influencing delivery accuracy across
modulation) while also correlating beam complexity different treatment centers, techniques, or

metrics with quality assurance (QA) results. disease sites.
Additionally, it identifies factors that
influence beam complexity.

[20] Modulation index (MI), Fluence map Successfully distinguished deliverable « Incomplete understanding: While

complexity (FMC) treatment plans from plans that did not complexity metrics can provide insights into
pass quality assurance (QA) tests with a low the relationship between plan characteristics
false negative rate. Provides information on and delivery accuracy, they may not fully
the complexity of a given plan relative to capture the underlying mechanisms or
the achievable complexity of treatments for specific causes of discrepancies between
the same site. planned and delivered dose distributions.

[21] Volumetric modulated arc therapy Decreased probability of intrafraction errors, « Limited validation against clinical
(VMAT), Local (y) index analysis Enables comparison between delivered and endpoints: Complexity metrics often lack
(3%, 3 mm, and 2%, 2 mm), Leaf calculated dose and Provides a quantitative validation against clinical endpoints or
travel and modulation complexity measure of dosimetric accuracy, enables patient outcomes. The association between
score (MCS) comparison of dosimetric accuracy between complexity metrics and delivery accuracy

different plan parameters. does not guarantee improved treatment
outcomes or increased clinical efficacy.

[23] Quality assurance-based optimization Directly maximizes predicted quality - Inability to predict clinical significance:

Machine Learning (QAO) framework utilizing machine assurance (QA) outcomes without Machine learning methods that rely on
learning (SVM algorithm) compromising the dosimetric quality of complexity metrics or other input
plans designed with knowledge-based parameters may struggle to predict the
planning (KBP). The feasibility of QAO was clinical significance of plan delivery
explored as a proof-of-concept. Potential for accuracy directly. These methods may not
future incorporation of QA endpoints into capture the complexity of patient-specific
plan optimization. factors influencing treatment outcomes.

[24] Radiomics-based ML, Elastic net (EN) High performance for predicting « Reliance on GPR alone is insufficient.
and extra trees (ET), Feature dose-evaluation metrics, especially in high While GPR can provide valuable insights, it
selection and hyperparameter tuning, dose region, Accurate prediction of may not be comprehensive enough for
GPR, DD, and DTA metrics, Radiomic patient-specific QA results for VMAT, accurate plan delivery accuracy assessment.
features as plan complexity indicators Quantitative assessment of dosimetric Incorporating additional information, such

accuracy, Enable prediction based on VMAT as spatial data, is crucial to capturing the
plan parameters, Insights into dose full complexity of patient-specific quality
distribution and QA relationship assurance (PSQA).

[25] Gamma analysis with 2%2mm, Investigates the influence of calibration field « Data limitations and bias: Machine
2%3mm, and 3%3mm, Utilization of size on GPR in PSQA. Demonstrates learning methods heavily rely on training
PTW OCTAVIUS 4D (4DOCT) and variations in GPR across different data quality, quantity, and
Arc Check detectors calibration field sizes. Shows increasing representativeness. Insufficient or biased

GPR trend below 10x10cm? calibration field training data can lead to suboptimal
sizes and decreasing trend above 10x10cm?. performance, inaccurate predictions, or
There is a strong correlation between biased results.
4DOCT and Arc Check.

[26] Gradient Boosting Decision Tree ML model based on GBDT algorithm + Dependency on complexity metrics

(GBDT), Random Forest (RF), Poisson
Lasso (PL)

showed a certain degree of accuracy for
predicting gamma passing rates (GPRs) in
dual-layered MLC linac. Models after
reweighting the data showed up to 30%
improvement in the rare region. Complexity
metrics were studied to identify important
features for PSQA prediction.

overlooks critical factors affecting plan
delivery accuracy, such as patient-specific
variations and uncertainties, compromising
model accuracy and generalizability.

(continued on next page)
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Deep Learning

[27] Complexity metrics (CM) and
binarization of PSQA, C# script used
for integration into the TPS,
Evaluation of predictive performance
using AUROC, sensitivity, and
specificity

Optimizes workload of PSQA, model
exhibited an AUROC of 0.88, Sensitivity
and specificity exceeding 50% and 90%,
Estimated yearly savings of about 140 h
with the use of the script

[9] Dual Training Approach (Cycle-GAN
and c-GAN), Error Detection Model,
Deep Learning Approaches (ML,
CNN, UNet++, GAN).

Automation of patient-specific quality
assurance (PSQA) process. Improved
prediction accuracy of both cycle-GAN and
c-GAN models. Accurate generation of
synthetic measured fluence for VMAT PSQA
and identification of errors within the
synthetic fluence.

[28] TransQA (Deep Hybrid Transformer
Network). It incorporates a
self-attention mechanism-based
transformer for modeling long-range
dependencies and combines modified
U-Net architecture with volumetric
dose prediction.

Achieves comparable or better performance
in MDose prediction and reduces the
measurement work of prePSQA, providing a
clinical guidance tool.

[29] UNet++, Support Vector Machines
(SVMs), Valdes, Lam, Li models

Provides accurate patient-specific QA for
radiotherapy and classifies failed or pass
fields also Predicts gamma passing rates for
different criteria.

« Lack of explainability: Deep learning
methods are black-box and lack
transparency. This lack of explainability can
hinder trust and understanding in the
decision-making process. On the other hand,
it also hinders the integration of prior
knowledge with the deep learning model.

« Limited uncertainty estimation: While
deep learning methods can provide effective
predictions, uncertainty estimation is often
limited, leading to a lack of security.

+ Computation Resource Consumption: Deep
learning methods demand more
computation resources than other methods.
Therefore, it is crucial to analyze the
method computation availability for
practical medical application

[30] Multilayer Perceptron, Neural Considers dynamic delivery process of
Network VMAT plans during PSQA. Incorporates
regression and ranking loss for improved
accuracy.
UQ Deep Learning [33] Uncertainty-aware dual-task, deep Simultaneously predicts GPR and « Dismiss the dose difference distribution

learning (UDDL) model

corresponding uncertainty, which balances
effectiveness and safety of automatic PSQA
model. Identifies samples with substantial
prediction errors and failed samples with
low-label GPR.

prediction task and lose the dose delivery
high-granularity spatial information, which
is crucial in clinical practice.

Table 2

Five samples of variations of GPR values.

Particular 1%/1 mm 2%/2 mm 3%/2 mm GPR: 98.6665, 99.3164, 99.5693
/0001 /Calc/Y1.dem 91.8006 96.5789 98.3126
/0002/Calc/Y5.dem 98.1378 99.5006 99.7908
/0003/Calc/Y3.dem 94.8047 96.9754 98.0618
/0004/Calc/Y3.dem 94.8458 97.9322 98.9743
/0005/Calc/Y1.dem 93.3672 96.89 98.5501
s GPR: 91.6092, 95.9874, 97.7694
400 | b_2% mm
2%_3% mm
300
200
GPR: 91.6946, 95.2771, 97.1385
100
0 T T T T T
70 75 80 85 90 95 100
GPR Value

Fig. 1. Variations in GPR Values.

greater than 10% of the global maximum dose per beam were an-

Fig. 2. Three IMRT samples of PSQA. In the figure, the left column is the calculation
plan, the Middle is a real measurement, and the right is the dose difference. The pixel

alyzed) as presented in Table 2 for reference. The gamma analyses
were performed in absolute dose mode, and global normalization was

applied to the results. The Treatment Planning System (TPS) calculated

intensity denotes the delivery dose intensity in the radiation therapy plan (IMRT).
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Algorithm 1 Multi granularity Prior Networks High-Level Pseudo code

Input: dataset

Output: L,
1 Function Train (dataset):
2 Lroml <0
for X, Y,,,,Y,,, in dataset do
3 X« Preprocess(X)

FeaturesList« encoder(X)
assumption of Normal Wishart distribution

distribution

K+ 1
Ll «— —IHP(ngr) —lnT(ylm, K(V——M

according to the N'W prior

mel <_LI + L2 + aL3
4 end
5 return L,
6 Function Eval (dataset):
7 Ltoral <0
for X in dataset do
8 X« Preprocess(X)
FeaturesList« encoder(X)
Prior —« NW(m, L, x,v) < regression_head(FeaturesList[-1])
K+1 _
P(Y. T ,—————— L Lv-K+1
( gpr) - (ylm K'(\/—K+ 1) v )
P(Yyy,) < N (u, A) < decoder(FeaturesList)
9 end

10 return H(Yddp),H(ng,
estimation of the GPR prediction and DDP.

Prior —« NW(m, L, x,v) « regression_head(FeaturesList[-1]) //Calculate GPR prior distribution parameters following the
P(Yy,) < N'(u, A) < decoder(FeaturesList) // Calculate DDP distribution parameters following the assumption of Normal

L~',v— K +1) //Loss of GPR task, namely the loglikelihood of marginal distribution

Ly < Ey a0 [=InN (Yy4,| 1, A)1//Loss of DDP task, namely the loglikelihood of DDP Normal distribution
Ly < KL[p(u, Alx,)||NW(u, Alm, L, k,v)] //Coherence loss between two granularity task

),m, u //H is the Entropy Calculation Function for uncertainty quantification, and m, u is the maximum

fluence maps, exported them in DICOM format, and utilized them as
input for the Deep Learning network. This robust dataset and rigorous
PSQA measurements form the foundation for the proposed Virtual Dose
Verification.

The Raw fluence maps of 1394 beam fields exhibited varied spatial
resolutions and sizes, necessitating several pre-processing steps. Firstly,
2D fluence maps were resampled to the consistent spatial resolution of
I mm X 1 mm and then cropped to 512 x 512 pixels to remove the
redundant background. Finally, before being fed into the network, the
pixel values of the input images were re-scaled to [0, 1] by Min-Max
normalization, ensuring uniformity in the input data. Table 2 offers
a glimpse of the dataset samples, highlighting the complexities and
potential of our dataset. At the same time, the accompanying Fig. 1
visually underscores the need for meticulous data balancing due to
evident imbalances in certain measures’ gamma passing rate values
individually. Generally, GPR values above 90 are considered passing,
while those below 90 must be re-conducted. However, the current
study does not mitigate the existing imbalance as the primary objective
is to study multi-granularity prior networks to propose a robust and
efficient PSQA framework. To further influence the PSQA values, this
study presented a Fig. 2 that summarizes PSQA values. The figure is
used to present GPR values from the calculation plan (the left column),
real measurement (the middle column), and dose difference (the right
column).

2.2. Multi-granularity regression prior networks

This section thoroughly explores the Multi-granularity Regression
Prior to Networks, delving into a series of mathematical derivations
that underpin the framework’s foundation. With the help of the follow-
ing mathematical derivation, our proposed Multi-granularity Prior Net-
works are architecturally detailed, emphasizing their ability to model

diverse granular uncertainties. The network architecture is optimized
for multi-task learning, allowing simultaneous training for DDP and
GPR prediction tasks. Integrating granular uncertainty information en-
hances the network’s adaptability to various PSQA scenarios. The equa-
tions mentioned below are common settings to denote prior networks-
related work, and they are considered as prior hypotheses [46,47]; in
such cases, we followed these equations to form a base for our proposed
multi-granularity regression prior networks.

P(y|x*, D) = // pylp(ulx*, §)p(@| D), du, dd @

In Eq. (1), P(y|x*, D) represents the probability of the regress variable
y given input (x*) and the training data D. It denotes the predic-
tive uncertainty. Whereas p(y|u) is the likelihood of the y given the
model parameter u. It quantifies the uncertainty associated with the
model parameters. p(u|x*, ¢) is the posterior distribution of the model
parameter y given the input x* and the hyperparameter ¢. It rep-
resents the uncertainty in the model parameters conditioned on the
input and hyperparameters. p(¢|D) is the posterior distribution of the
hyperparameter ¢ given the training data D.

Fundamental Assumption: The fundamental assumption involves
modeling the lower granularity task, DDP, as a Gaussian distribution.
Considering that GPR aggregates points from DDP above a threshold,
we view the probability distribution of the higher granularity GPR task
as an average representation of the uncertainty in DDP. Furthermore,
within the Bayesian inference framework, the probabilities used for
inference can be regarded as a probabilistic average of the likelihood
probabilities. Therefore, it is reasonable to consider the GPR distri-
bution as the prior for DDP. The Normal-Wishart (NW) distribution
is commonly employed as the prior when dealing with a Gaussian
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Table 3
Mathematical symbol table

Symbol Description

Yuap Specific target variable of DDP task

Yepr Specific target variable of GPR prediction task

K The dimension of GPR, namely 3 in our
implementation, since in clinical application there
are 3 common types of GPR criteria

KL Kullback-Leibler divergence

N(Yy4pl1, A) Normal distribution to model the DDP task. y is
the mean and A is the variance matrix.

N (u|m, kA) Normal distribution. The normal distribution is the
common prior distribution with an unknown mean,
where « is the mean, and A is the variance matrix

W(A|L,v) Wishart distribution. The Wishart distribution is

the common prior distribution to normal
distribution with unknown variance, where the L
is scale matrix, and v is freedom degree

NW(u, Alm, L, k,v)

Normal-Wishart distribution, the Normal
distribution is the common joint prior distribution
with unknown mean and variance. The specific
form is in the Eq. (4)

Student’s t-distribution. The parameters of the
Student’s t-distribution are orderly parameterized
as follows: first, the mean, followed by the scale
matrix, and finally, the degrees of freedom

The log-likelihood of distribution P

The entropy of distribution p

The variance of distribution p

The coefficient of coherence loss

distribution with unknown mean and variance.

/p(ylﬂ) = [/ p(ulx*, p)p(¢p| D)dpld u
2)
= [/p(ylu)p(/tlx*’D)]du

PIx,0) = N(ylp, A), {p, A} = f(x;0) 3

After stating the fundamental assumption, Table 3 defines the mathe-
matical symbols employed in this study. Eq. (3) represents the proba-
bilistic regression model, where p(y|x, ) is the target variable y distri-
bution given input x and parameters 6. The distribution is assumed to
be a multivariate normal distribution with mean y and precision matrix
A, where {u, A} is obtained from the function f(x;6).

NWu, Alm, L, k,v) = N (ulm, k AYW(A|L, v) 4

Eq. (4) defines the Normal-Wishart distribution, denoted as N W(y, A|
m, L,k,v). It is a compound distribution consisting of a conditional
normal distribution over the mean x and a Wishart distribution over
the precision matrix A.

p(/‘a Al.X, 9) = NW(H, A|m5 L,x, V)s

{m,L,x,v}=Q2=f(x;0)

(5)

Eq. (5) represents the parameterization of the Normal-Wishart distri-
bution over the mean u and precision matrix A given input x and
parameters 6. The distribution parameters {m, L, x, v} are obtained from
the function f(x;6).

p1x, 0) = E i px.0) [P, A)]
K+ 1
k(v—K+1)

(6)

=T (lm, L lv-K+1)

Eq. (6) calculates the predictive distribution p(y|x, §) by taking the ex-
pected value over the parameter distribution p(u, A|x, 6). The resulting
distribution is denoted as 7 (y|m,x +1/x(v— K +1), L~!,v— K +1) [46].
Meanwhile, the 7' distribution converges to a normal distribution if v

is infinity.
Hytodetune =H [Epuapx0) [P0, A]]
— B uapr [H [p(lp, D]

As discussed in Dirichlet Prior Networks [48], Eq. (7) represents the
model uncertainty, denoted as Hyjogeiunc- It is calculated based on the
determinant of the precision matrix A. Whereas, H [E,, 1.0 [P0 1, )1]
represents the entropy of predictive probability distribution p(y|u, A)
over y and A which denotes the total uncertainty and E,, s/x0)
[H [p(y|u, A)]] denotes the data uncertainty.

The model uncertainty, total uncertainty, and expected model un-
certainty in the Prior Networks can also be expressed in variance form:

@)

Vil o) 1] =Vyy1x,0) (0]
-1
= Eppuapn [A7']

In Eq. (8), this VuAlx,0)[#] term represents model uncertainty, further

Vyix,0)LV] Presents total uncertainty, whereas Ey, AIx,H)[A_]] showcases

expected data uncertainty.

(€))

p(u, A2 & p0 1, A) - ply, Alm, L, k,v) (C)]

The Eq. (9) specifies the relation for inducing precision in Normal-
Wishart prior distribution for uncertainties, where p(y(i)|u, A) is a nor-
mal distribution

Based on the fundamental assumption, the predictive distribution
of the high-granularity task, GPR, serves as the prior for the low-
granularity task, DDP. Therefore, following Bayesian theory, we con-
struct a variational distribution, denoted as p(u, A|x, 6), based on a deep
neural network to approximate the posterior distribution p(u, A|€).
This approximation is used to obtain the evidence lower bound (ELBO)
[47,49] as the loss function for training DDP. The equation is as follows:

Lyap =KLIp(u, Alx, 0)l|p(u, Al€2)]

=E Aoy [N (1, A)]
+ KL[p(p, Alx, ) INW(p, Alm, L, x, V)] + Z

10
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Fig. 3. Overview of proposed multi-granularity prior networks model architecture. The diagram illustrates the intricate components and relationships within the model, showcasing
the integration of various encoders and decoders for capturing uncertainties and generating predictions.
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Fig. 4. Modeling clinical decision making scheme: A flowchart for proposed multi-granularity uncertainty quantification.

Thus, we can get: The presented Eq. (10) illustrates an intricate relationship between
o1 | lower and higher granularity levels. Here, L, is the maximum like-
Ly = =InP(Yy,) = —InT (Yg,|m, “o—K+D - an lihood of GPR distribution, and then the GPR distribution is used as

the prior distribution to DDP. By optimizing the posterior distribution
of DDP, we get L, and L;, L, can be regarded as the L,,, loss,
Ly = Eyy g —1nN (gl )] 12) which means if we only concern the DDI.D task, only Fhlslloss exists.
L; models the coherence of two granularity tasks, which is hereafter
called coherence loss. We can achieve a more comprehensive and
Ly = KL[p(u, Alx, )| N W(u, Alm, L, x,v)] 13) accurate uncertainty estimation by applying a coherence loss across
different granularities of uncertainty types. This supervised information
allows the neural network to learn more reasonable and informative
Ligtas = Ly + Ly + aL; a4 representations within limited data.

v_K+1)
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Table 4
Parameter settings.
Parameter Description Value
Resized Dose Plan Array Sample Shape To organize these dose plan array samples into a [512,512]
batch, we do the ResizeWithPadOrCrop
preprocessing. And here is the resized shape.
Encoder Architecture The pretrained backbone network is used as the Resnet18(Imagenet)

encoder. And the structure of the dual network of
the original and uncertain tasks is identical.

Regression head Architecture

Architecture of GPR prediction output, the output
dimension is 3 since there we select three GPR
criteria [1%/1 mm,2%/2 mm,2%/3 mm]

AdaptiveAvgPool2d[1,1]
Flatten()
Dropout(p=0.1)
Linear[512,3]

Decoder Architecture

Architecture of DDP output is Unet decoder, and
here is input channel size.

[768, 384, 192, 128,32]

Dropout Rate The dropout rate implemented in network 0.1
a The coefficient of coherence loss 2.5
Optimizer Type of optimizer used Adam
Epochs Number of training epochs 20
Batch Size Size of the training batches 32
Learning Rate Learning rate for the optimizer le—3
Dataset Split Ratio (EXP-A and EXP-B) Experiment Method dataset split ratio, namely 7:1:1:1

Training Dataset Size: Validation Dataset Size:
Calibration Dataset size: Test Dataset Size which is
used in Experiment A and B, Calibration Dataset is
used to determine the uncertainty score threshold.
For the method without UQ, the calibration
dataset is not used

2.3. Network architecture

The given model architecture diagram, as depicted in Fig. 3 offers
detailed insights into the components and relationships. The first com-
ponent is a set of encoders consisting of GPR prediction with Student-t
distribution derived by predicted NW distribution parameter. Student-t
distribution handles uncertainties, employing parameters like Location
Factor (LF), Scaled Factor (SF), and Degree of Freedom (DF). LF rep-
resents the mean value in the Gaussian distribution, determining the
central or average value of the distribution. SF controls the variance of
the Student-t distribution. DF influences the shape and tails of Student-
t distribution. The next component is the decoder, which produces
output for DDP and processes the encoded input to generate output
predictions. Where (Mean) indicates the mean value of the distribution
and Sigma represents the standard deviation of output distribution,
signifying the variability in the model’s predictions. This architecture
integrates diverse encoders to capture different uncertainties in the
PSQA data.

Furthermore, Fig. 3 showcases the utilization of Unet with ResNet
[501, a classical and efficient structure that has been widely used
in many medical image tasks [51,52]. Unet and ResNet suggested
considering the backbone we employed as an example, as this model
architecture is flexible enough to use others. When a neural network
reaches a certain depth, increasing the number of layers cannot bring
improvements due to the gradient vanishing and network degradation.
ResNet proposed the idea of residual learning to alleviate the above
problems by fitting a residual function F(x)=H(x)-x (wherein x and
H(x) are the input and output of the residual block, respectively).
Here, we employed ResNetl8 as the feature extraction backbone in
our network, which mainly consists of four stages, each including two
cascaded Residual Blocks. The Residual Blocks comprise Convolution,
Instance Normalization, and ReLU activation layers to learn the residual
mapping. The backbone can be adjusted to other pre-trained networks
as needed.

The specific implementation setting is shown in Table 4. Our net-
work consists of two identical backbone networks. We extract features
from each layer of the backbone networks and then fuse the features
from the two networks through interaction links. The output of the

last layer is then individually fed into a regression head to predict the
prior distribution parameters for the mean (Normal distribution) and
variance (Wishart distribution). These parameters then composite the
overall prior distribution, a Normal-Wishart distribution. The Student-t
distribution of the GPR is then calculated according to this prior and
Gaussian likelihood. On the other hand, we feed the feature list into
a U-Net decoder to output the mean and the variance of the Gaussian
distribution for the DDP.

2.4. Flow of MGUQ method

The flowchart presented in Fig. 4 outlines the Multi-granularity
Uncertainty Quantification (MGUQ) in the Clinical Decision Making
Scheme, demonstrating the procedure for assessing uncertainty and in-
tervention thresholds. The flow starts with the modeling phase, wherein
several datasets, including the training, validation, and calibration sets,
are employed. The MGUQ model, which has been trained, is then
used to establish criteria for uncertainty thresholds or ranges. This
stage entails evaluating and measuring the level of ambiguity linked
to making clinical decisions. After determining the uncertainty level,
it is compared to a preset threshold. When uncertainty is above the
threshold, it signifies an elevated degree of uncertainty in decision-
making. In such instances, it may be necessary to intervene manually
to arrive at a more informed and dependable choice.

Conversely, if the level of uncertainty falls below the specified
threshold and the GPR prediction and DDP is qualified, the choice
is deemed acceptable and does not require manual intervention. This
indicates that the decision-making process has a reduced amount of
ambiguity and fulfills the predetermined clinical criteria. In summary,
the flowchart illustrates a systematic process for measuring uncertainty
in clinical decision-making, enabling improved comprehension and
control of uncertainty by implementing suitable intervention thresh-
olds.

3. Evaluation and results
This section comprehensively analyzes our proposed multi-granul-

arity prior networks for achieving uncertainty-informed robust and
efficient PSQA.
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Mean Absolute Error (MAE) comparison of dose difference for various Uncertainty Quantification (UQ) criterion. The best results are shown with bold text.

Methods category Method Criteria GPR MAE (%)
All 95-100 90-95 85-90 <85
1%/1 mm 2.054 1.867 1.914 2.157 6.402
GBDT [26] 2%/2 mm 1.333 1.173 1.723 4.441 -
2%/3 mm 0.950 0.896 2.108 - -
1%/1 mm 2.153 1.969 1.994 2.527 5.589
Machine Learning RF [26] 2%/2 mm 1.386 1.262 1.712 3.730 -
2%/3 mm 1.058 1.007 1.973 - -
1%/1 mm 2.928 2.952 2.894 2.769 4.126
PL [26] 2%/2 mm 2.258 2.202 2.367 3.630 -
2%/3 mm 1.763 1.737 2.277 - -
1%/1 mm 2.317 1.507 2.049 3.622 6.415
UNET++ [29] 2%/2 mm 1.278 0.881 2.189 3.519 -
2%/3 mm 1.047 0.975 1.500 - -
1%/1 mm 2.081 1.924 1.612 2.605 5.605
Deep Learning TransQA [28] 2%/2 mm 1.545 1.399 1.656 3.808 -
2%/3 mm 1.003 0.912 1.716 - -
1%/1 mm 2.213 1.520 1.460 4.013 8.167
CycleGAN [9] 2%/2 mm 1.324 0.837 2.373 4.625 -
2%/3 mm 0.945 0.744 2.661 - -
1%/1 mm 8.889 2.700 5.805 27.919 25.262
MCBN_LAP [53] 2%/2 mm 3.369 2.202 6.807 7.219 -
2%/3 mm 1.880 1.127 7.856 - -
1%/1 mm 2.332 1.238 2.197 3.958 6.224
MCBN_Gaussian [53] 2%/2 mm 1.400 0.936 2.523 4.254 -
2%/3 mm 1.085 0.937 2.257 - -
1%/1 mm 2.164 1.211 1.732 4.090 6.719
MCDO_LAP [33] 2%/2 mm 2.554 1.480 5.345 8.096 -
2%/3 mm 0.982 0.822 2.252 - -
1%/1 mm 2.116 1.489 1.893 3.262 4.930
UQ Deep Learning MCDO_GAUSS [33] 2%/2 mm 1.474 0.901 2.796 5.305 -
2%/3 mm 1.013 0.880 2.069 - -
1%/1 mm 2.858 1.117 2.164 6.046 11.229
MCDO_Alpha_1 2%/2 mm 2.044 1.011 3.551 13.636 -
2%/3 mm 1.176 0.909 3.301 - -
1%/1 mm 2.176 1.353 1.549 3.903 7.858
MCDO_Alpha_2 2%/2 mm 1.713 1.213 3.254 3.004 -
2%/3 mm 1.081 0.945 2.165 - -
1%/1 mm 2.024 1.342 1.798 2.722 4.243
MGUQ 2%/2 mm 1.246 0.897 1.960 4.082 -
2%/3 mm 0.864 0.750 1.766 - -

Evaluation Metrics The objective of our multi-granularity prior net-
works to automate PSQA in radiation therapy presents a multifaceted
challenge involving classification and regression tasks. Here, we choose
six pivotal metrics to assess robustness: (i) Clinical Accuracy (CA),
(ii) Manual Measurement Fraction (MMF), (iii) Proportion of Correct-
certain (PCC) [44], and (iv) Mean Absolute Error (MAE). Additionally,
we maintain sensitivity (TPR) and specificity (TNR).

Manual Measurement Fraction (MMF)

N,
MMF = < (15)

total

Proportion of Correct-certain (PCC)

N,
PCC = P(correct|certain) = ¢ (16)
Necc + Nic
Clinical Accuracy (CA)
Nee + N,
CA = 1 — P(incorrect|certain) = % a7)
total

Where the N,,. is the number of samples below the uncertain
threshold, N is the number of certain correct samples, and N is the
number of certain incorrect samples, which indicates the real fault in
clinical application. M M F is the uncertain sample ratio, and | -M M F
denotes a certain sample ratio, namely the workload.

3.1. Baseline methods for PSQA

This section presents the baseline PSQA methods regarded as com-
parative measures with the proposed MGUQ method.

We selected the gradient boosting decision tree (GBDT), random for-
est (RF), and Poisson Lasso (PL) models as traditional machine learning-
based baseline methods. These techniques incorporate manually de-
signed complexity metrics as features for predicting the Gamma Passing
Rate (GPR). The implementation details of these machine learning-
based methods are elaborated in [26].

For deep learning-based baseline methods, the study by [29] uti-
lizes a ResNet-based UNet++ architecture to predict GPR and dose
differences. Beyond conventional CNN architectures, the research pre-
sented in [9] introduces a transformer-based methodology, TranQA,
for predicting GPR and dose differences. Alongside feedforward neural
network approaches, study [9] utilizes CycleGAN [54] to model the
Dose Difference Prediction (DDP) task, hereafter referred to by the
abbreviation CycleGAN.

3.2. Baseline methods for UQ

To validate the superiority of our method over other existing uncer-
tainty quantification deep learning methods in PSQA uncertainty-based
performance metrics and thus demonstrate its security, we also selected
some uncertainty deep learning algorithms for comparison. Uncertainty
estimation algorithms can be classified into (i) Bayesian methods, (ii)
Deterministic methods, and (iii) Ensemble-based methods.

Bayesian methods introduce uncertainty by integrating probabilistic
variance into parameters. MCDO (Monte Carlo Dropout) [55] derived a
method to use dropout as an uncertainty measure. Dropout can be seen
as modeling some neurons as a binomial distribution as the variational
distribution. Similarly, MCBN (Monte Carlo Batch Normalization) [53]
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derived a method to consider the mean and variance used for nor-
malization in batch normalization as a Gaussian distribution, thereby
completing uncertainty quantification.

In contrast, deterministic methods typically model neural network
output as probability distribution parameters and then train based
on maximum likelihood loss. For example, [41,44] utilize Gaussian
distributions, [56] use Laplace distributions, or even [57] use uniform
distribution intervals to model the output distribution. OCs [58] also
utilize uniform distribution intervals while applying a different form
of loss function called simultaneous quantile regression. Note that
Bayesian methods and deterministic methods are not contradictory in
practice and are often used together to quantify uncertainty simul-
taneously, so in our setup, naming such as MCDO_Gaussian appears,
representing the use of both MCDO and Gaussian distribution to model
the output distribution. This is also the original setting of MCDO [41,
44]. We also provide experimental results of combining different alpha
values with MCDO. MCDO_Alpha N denotes the MGUQ method with
an alpha value of N. For example, MCDO_Alpha_2 denotes the MGUQ
method with an alpha value of 2. MGUQ shows the best performance
with an alpha value of 2.5.

The idea of ensemble-based methods is simple. They use the vari-
ance of sub-model predictions in the ensemble model as the uncertainty
output. Deep Ensemble [38] integrates identical sub-deep learning
models trained on the overall training dataset for the same epochs, each
of which, similar to [41], treats the predicted values as samples from a
Gaussian distribution with mean and variance. Deep Ensemble models
the ensemble result as a Gaussian distribution to approximate the
uniform mixture of Gaussian distributions predicted by the sub-models.
The ensemble mean and variance are approximated by

M
M! Z
m=1

respectively. The original paper also proposed adversarial sample train-
ing as an optional additional training step. However, it was not utilized
in regression experiments on real-world datasets because even subtle
perturbations can affect the ground truth of regression tasks. We fol-
lowed this setting. However, ensemble-based methods usually achieve
good effectiveness, but the model’s resource consumption is also larger.
SWAG [59] proposes directly integrating the last few training epoch
versions of the same model to optimize training time. If not otherwise
stated, all hyperparameters, such as the backbone network, are set
according to the settings in Table 4.

2

M
ne=M"Y .0l = (o + Hp) = 1
m=1

3.3. EXP-A: Comparative experiment with PSQA methods

In EXP-A, we analyze MGUQ PSQA performance using traditional
and benchmark works.

Table 5 lists the comparative results of the Mean Absolute Er-
ror (MAE) for different criteria in the context of MCBN, MCDO, and
the proposed MGUQ method for dose differences over various dose
percentage ranges. The “Criteria” column has three criteria, such as
“1%/1 mm”, “2%/2 mm”, and “2%/3 mm”. These parameters indicate
varying tolerance levels for differences in dose, measured in terms of
% percentage. 1%/1 mm is a strict standard among them. The “GPR
Range (%)” includes precise dose ranges, such as “90-95”, “95-100",
and “85-90”.

The MAE values are given for each combination of criteria and
GPR range. The table also categorizes the method into several main
categories. The machine learning category records three traditional
methods: GBDT, RF, and PL. Whereas deep learning records three
further methods, including UNET++, TransQA, and CycleGAN. Lastly,
uncertainty quantification-based deep learning methods are presented;
the proposed MGUQ method and several others are included.

Comparing the results with these categories of broader methods
from machine learning, GBDT performs better than the other two.
However, extreme (< 85) values show potential for vulnerabilities. In

10
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Table 6
Evaluation metrics for different uncertainty criteria and alpha variable setting.

Method MMF TPR TNR PCC CA
0.0 0.948 0.529 0.901 0.901
0.1 0.944 0.538 0.906 0.914
MCBN_Gaussian 0.2 0.973 0.455 0.927 0.941
0.3 0.971 0.500 0.936 0.954
0.4 0.989 0.571 0.958 0.974
0.0 0.926 0.235 0.849 0.849
0.1 0.932 0.167 0.899 0.908
MCDO_Gaussian 0.2 0.925 0.250 0.903 0.921
0.3 0.943 0.250 0.918 0.941
0.4 0.935 0.333 0.917 0.947
0.0 0.941 0.471 0.888 0.888
0.1 0.937 0.500 0.899 0.908
MCDO_Alpha_1 0.2 0.956 0.455 0.911 0.928
0.3 0.960 0.455 0.909 0.934
0.4 0.966 0.625 0.938 0.961
0.0 0.956 0.647 0.921 0.921
0.1 0.967 0.600 0.928 0.934
MCDO_Alpha_2 0.2 0.973 0.545 0.935 0.947
0.3 0.981 0.571 0.955 0.967
0.4 0.978 0.250 0.948 0.967
0.0 0.970 0.529 0.921 0.921
0.1 1 0.417 0.949 0.954
MCDO_Alpha_3 0.2 1 0.333 0.952 0.961
0.3 1 0.286 0.955 0.967
0.4 1 0.2 0.958 0.974
0.0 0.956 0.647 0.921 0.921
0.1 0.967 0.600 0.928 0.934
Interval Network [57] 0.2 0.973 0.545 0.935 0.947
0.3 0.981 0.571 0.955 0.967
0.4 0.978 0.250 0.948 0.967
0.0 0.993 0.294 0.914 0.914
0.1 0.992 0.333 0.935 0.941
OCs [58] 0.2 0.991 0.333 0.927 0.941
0.3 0.990 0.364 0.927 0.947
0.4 0.988 0.400 0.927 0.954
0.0 0.985 0.353 0.914 0.914
0.1 0.992 0.417 0.942 0.947
SWAG (3x) [59] 0.2 0.991 0.556 0.960 0.967
0.3 0.990 0.571 0.964 0.974
0.4 1 0.6 0.979 0.987
0.0 0.926 0.647 0.895 0.895
0.1 0.959 0.667 0.928 0.934
Deep Ensemble(3x) [38] 0.2 0.955 0.714 0.927 0.941
0.3 0.949 0.636 0.918 0.941
0.4 0.954 0.667 0.927 0.954
0.0 0.970 0.529 0.921 0.921
0.1 1 0.285 0.956 0.961
MGUQ 0.2 1 0.233 0.975 0.980
0.3 1 0.000 0.981 0.986
0.328 1 1 1 1

contrast, TransQA performed better for deep learning than the other
two, and with extreme (< 85) values, it performs worse than machine
learning. Lastly, for uncertainty, quantification-based deep learning
methods show stable performance across all methods with some vari-
ations among each. As an illustration, in the row that corresponds
to the criteria of “1%/1 mm”, the example MAE values for the dose
percentage ranges are as follows:

» The MAE for the dose range of 95%-100% is 1.342 for MGUQ.
» The MAE for the dose range of 90%-95% is 1.798 for MGUQ.
» The MAE for the dose range of 85%-90% is 2.722 for MGUQ.

The best MAE values recorded with All ranges are 2.024, 1.246, and
0.864 for (1%/1 mm, 2%/2 mm, and 2%/3 mm) respectively. Smaller
MAE values imply stronger concordance between the estimated and
reference dose, indicating enhanced dose calculation or prediction
procedure precision.
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Fig. 5. Various box plots illustrating Monte Carlo variations such as MCDO (Monte Carlo dropout) and MCBN (Monte Carlo batch normalization). The labels denote body regions:
C for chest, H for head, N for neck, A for abdominal, and P for pelvic. Among the methods, MGUQ demonstrates the most significant differences in uncertainty qualifications.
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Fig. 6. Various color scatter plots with Monte Carlo variation such as MCDO (Monte Carlo Dropout) and MCBN (Monte Carlo Batch Normalization). MGUQ indicates the most
uncertainty difference between the extreme and norm samples. Meanwhile, other plots are used to compare our proposed method.
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Fig. 7. Various loss plots with Monte Carlo variation such MCDO (Monte Carlo Dropout) and MCBN (Monte Carlo Batch Normalization). The first MGUQ Loss plot is our proposed
method’s loss plot, while other loss plots are presented for comparison with our framework. Results suggest that the proposed method MGUQ achieves significant performance.

3.4. EXP-B: Comparative experiment with UQ deep learning methods Table 6 compares our proposed method MGUQ with common un-

certainty deep learning methods. MMF is the ratio of the samples with

In EXP-B, we analyze the UQ-based metrics to prove the MGUQ’s an uncertainty score larger than the uncertainty threshold, which is

superiority in security and effectiveness compared with other UQ meth- regarded as uncertain. Bigger MMF means a more strict uncertainty
ods.

threshold. So, we show performance in five MMFs: 0.0, 0.1, 0.2, 0.3,

11
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and 0.4. We then present an individual comprehensive evaluation of
each metric.

For the MCDO_Alpha_1 setting, we observe an improvement in TPR
as the MMF increases from O to 0.4, indicating better identification
of positive and negative instances. PCC steadily increases, showing
an enhanced correlation between predicted and ground truth values.
The decrease in MMF implies increased prediction stability. CA also
improves, indicating better overall classification accuracy and practi-
cal application accuracy. On the other hand, TNR does not steadily
improve with MMF because, in this task, many uncertain samples
are negative samples due to data distribution. Therefore, as the un-
certainty threshold worsens, many negative samples are excluded be-
yond the threshold. Similar trends are observed for the MGUQ and
MCDO_Alpha_2 methods. With the decrease in MMF, TPR, TNR, PCC,
and CA overall improve. For the “MCBN Gaussian” and “MCDO Gaus-
sian”, TPR and TNR values vary significantly but generally maintain
a high level, such as TPR from 0.948 to 0.989, while TNR oscillates
around 0.5. Lastly, consistent PCC values indicate a good correlation
between predicted and ground truth values.

MGUQ converged to 1 for TPR, TNR, PCC, and CA when MMF
reached 0.328 due to its good uncertainty metric performance. TNR
becomes 0.0 at MMF 0.3 because the MGUQ uncertainty metric is more
sensitive to rare sample patterns. Combined with PCC reaching a good
value of 0.981, this indicates that most extreme samples are detected
as uncertain at the MMF uncertainty threshold. In addition, when MMF
reached 0.328, all the negative samples were detected as uncertain,
showcasing MGUQ’s security advantage.

Fig. 8 illustrates our work as the first to visualize the confidence
interval of dose difference. In clinical practice, solely relying on the
GPR is insufficient to reflect the rationality of a plan, as it disregards
spatial information and may result in overall compliance while locally
violating medical criteria. Therefore, visualizing dose differences is also
a crucial task. However, as demonstrated earlier, deep learning models
may have limited performance on extreme data. For data the model is
uncertain about, predicting its confidence interval boundaries rather
than a single value is secure and more valid. Our implementation’s
dose difference prediction task output is modeled as a multivariate
independent Gaussian distribution. Therefore, we visualize the pre-
dicted dose difference by representing the [u — 1.96 - diag(A), u + 1.96 -
diag(A)], which covers a 95% confidence interval. These visualizations
offer a nuanced understanding of the model’s explainability, enhancing
clinical practice’s deep learning security and trustworthiness.

Tables 5 and 6 demonstrate that MGUQ performs better than other
uncertainty quantification techniques regarding different criteria and
settings. MGUQ substantially reduces MAE for dose variations, demon-
strating accurate prediction and adherence to reference doses. Fur-
thermore, MGUQ consistently attains high scores for CA, PCC, TPR,
and overall PSQA metrics, highlighting its effectiveness in precisely
capturing dose distributions and identifying specific dose regions. These
findings demonstrate that MGUQ is strong and dependable in increasing
the accuracy and efficiency of PSQA in radiation therapy, making it
a potential method for strengthening the quality assurance process in
clinical settings.

Furthermore, Figs. 5 to 7 shows various loss plots, color scatter
plots with uncertainty, and box plots showcasing Monte Carlo varia-
tions such as MCDO and MCBN. The presented plots are divided into
three portions, each of which includes several sub-plots for showcasing
performances with Monte Carlo variation on Alpha « methods such as
MCDO_Alpha_0.5, MCDO_Alpha_1, --- and MCDO_Alpha_3. This illus-
tration provides a detailed visual representation of the performance
and uncertainty features of the Monte Carlo variations in the stud-
ied models. As shown, MGUQ measured uncertainty differs the most
for the out-of-distribution and extreme samples. The figures provided
thoroughly compare Monte Carlo variations, such as MGUQ, MCDO,
and MCBN, using box, scatter, and loss plots. Fig. 5 displays box
plots illustrating the varied uncertainty qualification levels in different
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body regions. Among them, MGUQ exhibits the most notable variances.
Fig. 6 displays scatter plots demonstrating MGUQ’s ability to detect
substantial uncertainty differences between extreme and normal sam-
ples. It also offers a comparative study with other approaches. The loss
graphs in Fig. 7 highlight the superior performance of MGUQ since
it continuously outperforms other approaches at various a levels. To-
gether, these statistics provide useful knowledge about the effectiveness
of MGUQ in measuring uncertainty and its prospective uses in other
fields.

3.5. EXP-C: Ablation experiment with Alpha

This section explores ablation investigations, concentrating on opti-
mizing the parameter « in our experimental paradigm.

Fig. 9 shows Alpha plots at different training dataset sizes starting
from 500 to 1200 samples with « values from 0 to 2. When a equals
0, it is a single-level approach, whereas > 0 is active multi-granularity
coherence loss. The larger the size of the training dataset, the lower
the MAE will be across all values. This effect is more pronounced for
uncommon data (< 90). If the amount of data reaches a certain level,
it is advantageous to choose a larger « for predicting common values;
otherwise, it will have the opposite effect; regardless of whether the
amount of data reaches a certain level, « is advantageous for predicting
uncommon values. A larger « is more advantageous for predicting
uncommon values when the data is small; these analyses validate the
initial observations of the dataset as depicted in Fig. 1. This analysis
emphasizes that the coarse-grained extreme values in samples may not
be extreme on a fine-grained level. Therefore, modeling uncertainties
at multiple levels can potentially improve PSQA.

3.6. EXP-D: Medical application generalization

In EXP-D, we discuss the generalization of medical applications
leveraging MGUQ to evaluate the generalization capability of the pro-
posed method.

Although the MGUQ method is specifically designed for PSQA and
has shown promising results, it would be more encouraging to prove
whether the MGUQ framework can be generalized to other medical
tasks. On the other hand, due to the relatively small proprietary dataset,
further evidence is needed to demonstrate that MGUQ performance
improvements are not incidental. Therefore, we tested several medical
tasks that can be applied to this framework. However, PSQA is a
dual-granularity regression task, which is rare in the medical deep-
learning domain, and dual-granularity classification tasks are more
common. Following the method derived in the previous section, we can
provide the loss formulation for dual granularity classification tasks.
Dual-granularity classification can model some medical segmentation
scenarios and medical classification tasks, such as the major category
and sub-category.

Assuming we have two tasks with different granularities, where
Task 2 has a higher granularity compared to Task 1. y, is the prediction
for Task 1, with a Dirichlet prior Dir(a), and y, is the prediction for Task
2, with a Dirichlet prior Dir(b). The loss formulation is as follows:

L = E[ln P(y;|a)]+ EDir(b|x,0)[_ In P(Y,|b)]
+ KL(Dir(b|x, 0)|| Dir(a))

As shown in Table 7, Breakhis and Ham10000 are two common
datasets for cancer classification. They both have a label structure
consisting of a major class (benign and malignant cases) and sub-
classes representing specific types of cancer. This aligns well with
our assumption. We adopt a dataset split ratio of 7:1:2, and further
other parameters we follow as discussed in Table 4. We evaluate
three popular neural network architectures: ResNet, EfficientNet, and
MobileViT. We tested the accuracy using our proposed framework
(w/) and without the proposed framework (w/0). Adopting MGUQ’s
coherence loss primarily benefits the major categories but does not
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Table 7
Performance comparison.
Task Method Performance
Major category Sub-category
Resnet18(w/0) 0.91 0.48
Resnet18(w/) 0.93 0.49
Breakhis [60] Efficientnet(w/0) 0.95 0.51
Efficientnet(w/) 0.96 0.51
MobileVit(w/0) 0.93 0.49
MobileVit(w/) 0.95 0.49
Resnet18(w/0) 0.92 0.87
Resnet18(w/) 0.93 0.89
Ham10000 [61] Efficientnet(w/0) 0.95 0.81
Efficientnet(w/) 0.96 0.81
MobileVit(w/0) 0.97 0.83
MobileVit(w/) 0.98 0.82

show clear advantages for the sub-categories. This is likely because
coherence loss between two granularities captures label structure in-
formation about mappings between major and sub-categories, which is
advantageous for the major categories but, to some extent, redundant
for the sub-categories.

3.7. Computational resources utilization

This section showcases the resource consumption of the tested
method and proves MGUQ availability in practice.
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Table 8
Comparative analysis of computational resources utilization by baseline and the
proposed MGUQ for uncertainty quantification methods in deep learning.

Flops (GMac)

Method name Param size(M)

Unet++ 63.7 15.9
TranQA 240.34 215.38
Cyclegan 42.7 28.6
Deep Ensemble 63.9 43.0
SWAG 63.9 43.0
MGUQ 42.6 28.6

A comparison of computational resource use between baseline ap-
proaches and the proposed MGUQ method is shown in Table 8. The ta-
ble shows the method name, Flops (GMac) (billion multiply-accumulate
operations), and Parameter Size (millions). All methods are deep learn-
ing models. Unet++, TranQA and Cyclegan are baseline PSQA ap-
proaches with different Flops and Parameter Size computational re-
quirements. Deep Ensemble and SWAG are UQ deep learning baseline
approaches that use the same computational resources. However, we
skipped some UQ deep learning methods due to their similar resource
consumption because they do not specify the architecture. The sug-
gested MGUQ technique uses fewer computational resources than other
baseline methods to reach this performance, as seen by its reduced
Flops and Parameter Size values. The proposed MGUQ method quan-
tifies uncertainty in deep learning models more efficiently, making
it a suitable candidate for applications with limited computational
resources or optimization needs.
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4. Conclusion

This study categorizes and summarizes the current PSQA work
into three main categories and analyzes the limitations. Only deep
learning methods can fully meet the clinical demand by predicting two
granularities of tasks, namely GPR and DDP. However, the lack of trans-
parency in deep learning methods presents significant challenges to the
explainability and security of algorithms, greatly limiting the clinical
significance of deep learning in PSQA applications and restricting our
integration of prior knowledge with deep learning. In this work, we
adopt a Bayesian framework based on prior knowledge of PSQA dual-
granularity regression tasks, analyze and derive probabilistic models,
and thereby obtain a loss function that can express the inherent consis-
tency information and probabilistic nature of multi-granularity tasks.
We then correspondingly design the dual-stream network and training
evaluation algorithm to form the MGUQ framework to improve deep
learning’s effectiveness, security, and trustworthiness in PSQA.

Experiments show that our approach achieves state-of-the-art per-
formance compared to traditional and benchmark methods in PSQA,
and it is the first work to visualize confidence interval bounds for
dose difference distribution tasks, which is highly relevant to clinical
needs. In terms of PSQA uncertainty measurement, MGUQ demon-
strates that the correlation of multi-granularity tasks can optimize the
performance of uncertainty quantification, thereby enhancing security
and interpretability. This highlights its potential for real-world clinical
implementation. The study advances the field of DL-based PSQA and
provides valuable insights for safer and more reliable radiation ther-
apy practices. Consequently, clinical staff can make targeted planning
adjustments accordingly.

However, the MGUQ framework still has some limitations. Although
this study extends MGUQ to dual-granularity classification tasks, its
limitations remain in its limited prior assumption and application
domain. Theoretically, the probabilistic modeling process requires that
the low-granularity task be approximately regarded as a probabilistic
sum of high-granularity tasks. Future research can further explore
improvements and extend our method to more complex scenarios.
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