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Abstract 

Background: Functional Lung Avoidance Radiotherapy (FLART) is a promising 

radiotherapy (RT) technique that may reduce pulmonary toxicity compared to 

conventional lung RT. Unlike conventional anatomy-guided RT, FLART features in 

utilizing functional images to account for lung function heterogeneity and 

preferentially sparing high-function lung (HFL) regions for better lung function 

protection. The incorporation of lung function information into treatment planning is 

crucial for FLART. However, the majority of current FLART studies rely on manual 

planning. The significant inter-patient variability and intra-lung heterogeneity of lung 

function distributions, coupled with limited clinical experience as an emerging RT 

technique, render manual FLART planning highly challenging. Therefore, manual 

FLART planning is not only time-consuming and labor-intensive but also prone to 

producing inconsistent or suboptimal FLART plans. 

Purpose: This study aims to develop a novel multi-modality-guided dose prediction 

(MMDP)-based automatic planning (auto-planning) algorithm for FLART and 

evaluate its clinical performance and potential benefits. 

Method: The study is structured in three parts. First, we developed a fully automatic 

planning algorithm for FLART. It integrates a dosimetric score-based beam angle 

selection method and a meta-optimization (MO)-based plan hyperparameter 

optimization method, both of which incorporate lung function information to guide 

dose redirection from HFL to low-functional lung (LFL). It is applicable to both 

contour-based FLART (cFLART) and voxel-based FLART (vFLART) optimization 
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options. A cohort of 18 lung cancer patients underwent planning CT and SPECT 

perfusion (Q) scans were collected to preliminarily evaluate the performance of the 

MO-based auto-planning algorithm. In the second part, we further developed an 

MMDP-based auto-planning algorithm for FLART, building on the MO-based method. 

We collected data from 196 lung cancer patients across three institutions, comprising 

114/28 cases with lung ventilation (V) surrogate maps for training/validation and 

21/33 cases with SPECT V/Q images for testing. The MO-based auto-planning 

algorithm was employed to generate ConvRT (MO-ConvRT) and FLART (MO-

FLART) plans. High-quality plans were selected to train a novel MMDP model which 

features in extracting complementary features from multi-modality inputs for 

predicting optimal dose distributions. An innovative instance-weighting anatomy-to-

function training strategy was tailored to enhance prediction accuracy. A function-

guided dose mimicking algorithm was developed to convert predicted dose 

distributions into FLART (MMDP-FLART) plans, which were compared against MO-

based and manual plans. In the third part, the proposed auto-planning algorithms were 

implemented in clinical treatment planning systems (TPS) and their clinical 

performance and benefits were evaluated. An additional 83 pairs of high-quality 

manual ConvRT/FLART plans were created for fine-tuning (50 pairs) and evaluation 

(33 pairs) of the auto-planning algorithms. Clinical performance was assessed using 

quantitative DVH/DFH metrics, normal tissue complication probabilities, and 

qualitative blind review by one senior medical physicist and two senior radiation 

oncologists. Additionally, the FLART planning results by a junior planner with and 
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without the assistance of the developed MMDP-FLART system were compared, 

aiming at evaluating the potential of the system in facilitating the broader clinical 

adoption of the emerging FLART technique. 

Results: In the first part, automatic ConvRT plans generated by the MO-based 

approach exhibited similar quality compared to manual counterparts. Furthermore, 

compared to automatic ConvRT plans, HFL mean dose, V20, and V5 were significantly 

reduced by 1.13 Gy (p<.001), 2.01% (p<.001), and 6.66% (p<.001) respectively for 

cFLART plans. The vFLART plans showed a decrease in functionally weighted mean 

lung dose (fMLD) by 0.64 Gy (p<.01), F20 by 0.90% (p=0.099), and F5 by 5.07% 

(p<.01) respectively. Though inferior conformity was observed, all dose constraints 

were well satisfied. The ablation study results indicated that both function-guided 

beam angle selection and plan optimization significantly contributed to dose 

redirection. In the second part, the MMDP model achieved accurate dose predictions, 

with DVH score of 1.94 Gy, Dose score of 1.14 Gy, and prediction errors for fMLD of 

0.10±0.57 Gy. In contrast, MMDP trained through naïve training and an anatomy-

guided dose prediction model significantly overestimated (p<.001) fMLD by 

0.40±0.58 Gy and 0.30±0.60 Gy respectively, validating the effectiveness of the 

proposed training strategy and multi-modality learning. Compared to manual FLART 

plans, MMDP-FLART plans exhibited significantly lower (p<.001) and comparable 

(p=0.099) fMLD on SPECT V and Q datasets respectively. Compared to manual 

ConvRT plans, MMDP-FLART plans effectively achieved lung dose painting and 

reduced fMLD by 0.80 Gy (11.9%, p<.001) and 0.46 Gy (6.0%, p<.001) on SPECT V 
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and Q datasets respectively. In the third part, both MO-based and MMDP-based auto-

planning algorithms were integrated into clinical TPS. Compared to manual ConvRT 

plans, MMDP FLART plans reduced fMLD and HFL Dmean by 11.8% and 15.1%, 

respectively. For FLART-benefiting patients, MMDP FLART plans reduced the 

probability of grade ≥2 radiation pneumonitis by 6.25 percentage points (27%). The 

MMDP-based algorithm demonstrated superior lung function protection and clinical 

acceptability compared to the MO-based approach. Blind review by three senior 

clinicians revealed that 88% of MMDP FLART plans were clinically acceptable 

without modification, and 69% were rated as comparable or superior to manual 

FLART plans created by an eight-year-experience senior planner. In terms of planning 

efficiency, manual FLART planning required approximately 120–180 minutes per 

plan, whereas MO-based and MMDP-based auto-planning required approximately 78 

minutes and 8 minutes per plan, respectively. Furthermore, assistance from the auto-

planning system substantially enhanced the quality of FLART plans generated by a 

junior planner (with one year of planning experience), elevating the plan quality to a 

level comparable to that of a senior planner (with eight years of planning experience). 

Conclusion: An innovative auto-planning algorithm for FLART based on multi-

modality-guided dose prediction has been technically developed, clinically deployed, 

and comprehensively evaluated. It shows considerable promise in enhancing the 

efficiency, consistency, and quality of FLART planning, while also reducing 

radiation-induced lung toxicity compared to the current clinical standard. A demo for 

the clinically ready auto-planning system is available at the link. 

https://connectpolyu-my.sharepoint.com/:v:/g/personal/22124161r_connect_polyu_hk/IQAWU3q_0sriQasdXIB5C5SVAd0FaCurFkYt9qwuv3o-byY?nav=eyJyZWZlcnJhbEluZm8iOnsicmVmZXJyYWxBcHAiOiJPbmVEcml2ZUZvckJ1c2luZXNzIiwicmVmZXJyYWxBcHBQbGF0Zm9ybSI6IldlYiIsInJlZmVycmFsTW9kZSI6InZpZXciLCJyZWZlcnJhbFZpZXciOiJNeUZpbGVzTGlua0NvcHkifX0&e=6LVKVR
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1 Introduction 

1.1 Lung cancer 

Lung cancer is the most frequently diagnosed cancer and the leading cause of cancer-

related mortality globally, responsible for approximately 2.5 million new cases (12.4% 

of all cancers) and 1.8 million deaths (18.7%) globally in 2022 [1]. Lung cancer can 

be classified into two major categories based on its origin. Primary lung cancer refers 

to malignancies that originate within the lung tissue, whereas lung metastases arise 

when tumor cells from other parts of the body migrate to the lungs. Among the 

various types of lung cancer, non-small cell lung cancer (NSCLC) is the most 

prevalent, accounting for approximately 80% – 85% of all cases [2]. Based on 

histological features, NSCLC is further subdivided into three main subtypes: 

adenocarcinoma, squamous cell carcinoma, and large-cell carcinoma. By contrast, 

small cell lung cancer (SCLC) accounts for 10%–15% of lung cancer cases and is 

characterized by its aggressive nature, with rapid growth and a high propensity for 

metastasis. Due to these characteristics, SCLC is often more responsive to 

chemotherapy and radiotherapy (RT); however, it is associated with a poorer overall 

prognosis compared to NSCLC [3]. 

 

1.2 Lung cancer radiotherapy 

RT is a cornerstone of lung cancer management, with evidence-based indications for 

77% of lung cancer patients. RT can be utilized for both curative and palliative 

purposes across all stages of lung cancer. For early-stage (stage I–II) NSCLC, RT is 
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considered one of the primary treatment modalities, particularly for patients who are 

either medically inoperable or unwilling to undergo surgery, as recommended by the 

National Comprehensive Cancer Network guidelines [4]. For stage III or more 

advanced disease, a combination of RT and chemotherapy is commonly employed. RT 

is also an effective treatment for patients with SCLC, both in the limited and 

extensive stages [5]. 

 

The administration of RT for the treatment of lung cancer presents several significant 

challenges [6]. On the one hand, there are numerous nearby organs at risk (OARs), 

including the esophagus, heart, spinal cord and surrounding healthy lung tissue, which 

are highly radiosensitive and play a critical role in patient survival. One the other 

hand, RT utilizes particles irradiated by treatment machines such as linear accelerator 

to damage tumor cells for cancer treatment. However, it inevitably involves unwanted 

radiation doses to healthy OARs such as healthy lung tissue due to the physical 

characteristics of particles, the physical constraints of treatment machines, the intra-

fraction and inter-fraction variations of anatomical structures, the setup errors, and so 

on. The unwanted irradiation may damage the radiosensitive OARs and result in 

significant adverse effects such as radiation-induced lung injury (RILI), deteriorating 

patient prognosis and quality of life [6]. 

 

1.3 Lung cancer radiotherapy treatment planning 

Therefore, the key to RT is to deliver high and homogeneous enough doses to tumors 
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while minimizing doses to healthy organs (referred to conventional dose objectives). 

To achieve this goal, physicians meticulously design treatment plans that can guide 

treatment machines to deliver clinically preferable dose distributions to patients. The 

planning process typically involves empirically selecting beam angles that can 

irradiate tumors while minimizing penetrating OARs, and iteratively setting and 

adjusting plan hyperparameters based on evaluation for intermediate treatment plans 

following established dosimetric objectives for tumors and OARs [7, 8]. 

 

Current treatment planning dosimetric objectives for lung derive from the assumption 

that lung function is homogeneous in spatial distribution and lung tissue is 

homogeneous in its response to radiation dose. However, for lung cancer patients, 

lung function distributions are spatially inhomogeneous due to the presence of tumors 

or thoracic comorbidities, which has been validated by multiple studies [9, 10]. 

Additional studies indicate that pulmonary toxicity is associated with doses to 

functional lung [11, 12]. 

 

1.4 Functional lung avoidance radiotherapy planning 

Functional Lung Avoidance Radiation Therapy (FLART) is an emerging lung RT 

technique that utilizes functional images to account for lung function heterogeneity 

and preferentially spares high-function lung (HFL) regions for better lung function 

protection [13-15]. Substantial studies reveal that FLART can effectively reduce doses 

to HFL regions without severely damaging conventional dose metrics [16, 17]. 
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Furthermore, clinical studies indicate that it is of potential to reduce pulmonary 

toxicity and improve treatment efficacy compared to conventional lung RT (ConvRT)  

[18, 19].  

 

In the planning phase, FLART additionally aims to redirect doses from HFL regions 

to low-function lung (LFL) regions (referred to functional dose objectives) while 

maintaining other conventional dose objectives [20]. There are two effective venues 

to achieve dose redirection as illustrated by Figure 1. The first one is to select beam 

angles that preferentially spare HFL regions prior to plan optimization, which has 

been proven effective in reducing doses to HFL [21]. Another commonly used method 

is to modulate fluence maps by incorporating functional dose objectives in plan 

optimization to decrease doses to HFL [22]. The strategies of incorporating functional 

dose objectives can be divided into two categories: the contour-based strategy in 

which a HFL volume is contoured and dose-volume histogram (DVH) metrics of HFL 

are considered; and the voxel-based strategy in which a functional weight is assigned 

to each lung voxel and dose-function histogram (DFH) metrics of the functionally 

weighted lung (FWL) are used [11]. 
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Figure 1. Illustration of two strategies for redirecting doses away from high-function 

lung regions to low-function lung regions. 

 

Currently, most FLART studies have employed manual planning to achieve the 

FLART planning goal [14, 18, 19, 23-26]. As demonstrated by Figure 2, it requires 

manually setting beam angles that preferentially spare HFL regions and iteratively 

adjusting plan hyperparameters in plan optimization to achieve a subjectively deemed 

balance between functional and conventional dose objectives. This is a time-

consuming and labor-intensive process and highly dependent on the planner’s 

experience while it is relatively scarce as FLART is an emerging technique and has 

not been widely applied in clinical practice [27]. Additionally, unlike anatomical 

OARs that exhibit great similarity in population, the lung function distributions 

feature in significant inter-patient variability and intra-patient heterogeneity as 

demonstrated by Figure 3, making it more challenging for planners to select 

appropriate beam angles and estimate achievable functional dose objectives [27]. 

Consequently, manual planning may require considerable time and effort and yet 
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could still produce inconsistent or even suboptimal FLART plans.  

 

Figure 2. Workflow of manual FLART planning. 

 

 

Figure 3. Planning CT images and SPECT perfusion images for four lung cancer 

patients. 

 

1.5 Automatic planning for functional lung avoidance radiotherapy 

The automation of RT planning has been an active area of research since the 1980s, 

aimed at assisting the design of RT plans [28-31]. Extensive studies have 
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demonstrated that automatic planning methods can significantly reduce the time and 

effort required for RT planning, mitigate inconsistencies across institutions and 

planners, and enhance the overall quality of treatment plans [28, 30-32]. Various 

automatic and semi-automatic RT planning algorithms have been developed, 

including knowledge-based [28], multi-criteria optimization (MCO)-based [33, 34], 

deep learning (DL)-based [35-38], and hyperparameter optimization-based 

approaches [39, 40]. Some of these methodologies have been commercialized and 

successfully implemented in clinical practice [28, 33, 34, 41, 42]. However, it is 

noteworthy that most existing auto-planning algorithms have predominantly focused 

on conventional anatomy-guided RT, with very few algorithms developed specifically 

for multi-modality-guided FLART.  

 

The existing auto-planning algorithms for FLART can be categorized into knowledge-

based planning (KBP) [27] and MCO-based [20]. Faught et al. adopted a KBP 

method to automate contour-based FLART planning by treating HFL as an additional 

OAR while it fails to achieve voxel-based FLART planning [27]. Matuszak et al. 

applied a priori MCO-based algorithm to sequentially optimize functional and 

conventional dose objectives according to a predefined priority list [20]. However, it 

relies on the fixed priority list that does not account for patient-specific anatomical 

and functional distributions, potentially leading to suboptimal FLART plans. 

Furthermore, the existing auto-planning methods primarily rely on direct prediction or 

sequential optimization of dose objectives, neglecting the spatial information of dose 
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distributions, which may compromise plan quality [36]. 

 

Recently, deep learning (DL) techniques have been adopted to predict optimal dose 

distributions for RT [35-37]. They typically involve collecting a dataset of high-

quality RT plans to train a neural network model to predict voxel-wise optimal dose 

distributions, given planning CT images and contours of planning target volume (PTV) 

and OARs. The DL-based dose prediction approaches have proven to be effective in 

various tumor sites including head and neck [36], breast [43], liver [44], prostate [45], 

cervical [46], and lung [35].  However, the existing dose prediction models have been 

limited to conventional anatomy-guided RT, with no studies addressing the 

development of dose distribution prediction models for FLART.  

 

The distinctive characteristics of FLART pose significant challenges in developing an 

effective dose prediction model. As a kind of data-driven approach, the performance 

of DL-based models is heavily contingent upon the quantity and quality of training 

plans [47]. However, the collection of a substantial number of high-quality FLART 

plans is particularly challenging, given that FLART is an emerging technique that has 

not yet been widely adopted in clinical practice. Moreover, in contrast to conventional 

anatomy-guided dose prediction models, dose prediction models for FLART shall 

incorporate an additional image modality—lung function images—to accurately 

predict optimal dose distributions. However, the significant inter-patient variability of 

lung function distributions amplifies the necessity for extensive training data so that 
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the model can learn to extract generalizable functional features from various lung 

function distributions.  

 

1.6 Research objectives and hypotheses 

Recognizing the research gaps and challenges, this study aims to develop and evaluate 

a novel auto-planning method for FLART based on multi-modality-guided dose 

prediction (MMDP). The MMDP model can predict personalized optimal dose 

distribution for FLART by extracting complementary features from patient-specific 

anatomical and functional information. When integrated with a function-guided dose 

mimicking algorithm, it has the potential to automate and streamline the FLART 

planning process. Specifically, the study aims to achieve the following three 

objectives: 

1. To develop a meta-optimization (MO)-based auto-planning algorithm for FLART 

that can automatically produce high-quality FLART plans. 

2. To develop an MMDP-based auto-planning algorithm for FLART, which builds 

upon and surpasses the MO-based method in planning quality and efficiency. 

3. To facilitate the clinical application of the proposed auto-planning algorithms by 

conducting clinical implementation and evaluation. 

 

The hypotheses of this study are as follows: 

Primary Hypothesis: 

The implementation of the proposed automated treatment planning system for FLART 
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will reduce the mean dose to high-function lung regions and the functionally weighted 

mean lung dose by at least 10% when compared to conventional manual planning 

techniques. 

 

Secondary Hypotheses: 

Clinical Utility: The automated FLART plans will achieve a clinical acceptability rate 

exceeding 80% upon clinical expert review, demonstrating their viability for routine 

clinical implementation. 

Planning Efficiency: The auto-planning system will generate complete, deliverable 

FLART plans within a timeframe of under 10 minutes, demonstrating significantly 

improved planning efficiency. 

Planning Quality: The dosimetric quality and expert review performance of the 

automated FLART plans are non-inferior to manual plans generated by medical 

physicists with approximately five years of clinical treatment planning experience. 

 

The proposed auto-planning algorithms have potential to enhance the efficiency, 

consistency, and quality of FLART planning, and reduce radiation-induced lung 

toxicity compared to the current clinical standard, ultimately benefiting lung cancer 

patients worldwide. 

 

1.7 Report layout 

This report consists of seven sections. In the first section, we introduce the 
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background of this study, including lung cancer, lung cancer RT, planning for lung 

cancer RT, planning for FLART, auto-planning for FLART as well as research 

objectives. In the second section, we reviewed related literature about treatment 

planning for FLART and auto-planning for RT. In the third, fourth, and fifth section, 

we present the contents of three studies corresponding to the three research objectives 

respectively. The sixth and seventh sections are appendices and references 

respectively. 

 

 

 

 

 

  



12 
 

2 Literature review 

2.1 Incorporation of lung function images into FLART planning 

2.1.1 Lung function imaging techniques 

The primary function of the lungs is to facilitate gas exchange between the circulatory 

system and the external environment. The ability to exchange gases can be measured 

by pulmonary ventilation/perfusion (V/Q) imaging [14]. A variety of imaging 

techniques are employed to quantify lung V/Q function distributions, including 

approaches based on Nuclear Medicine (NM), Magnetic Resonance Imaging (MRI), 

and Computed Tomography (CT) [14]. 

 

NM-based techniques are currently regarded as the clinical gold standard for lung 

function imaging, encompassing single-photon emission computed tomography 

(SPECT) and positron emission tomography (PET). In SPECT V imaging, 

Technetium-99m diethylene triamine penta-acetic acid (99mTc-DTPA) [48] and 

Krypton-81m (81mKr) gas [49] are commonly utilized as contrast agents. For SPECT 

Q imaging, Technetium-99m labeled macro aggregated albumin (99mTc-MAA) 

particles are typically employed in clinical practice [50]. PET V imaging relies on 

radioactive gases, such as Gallium-68 labeled carbon monoxide (Galligas), while 

Gallium-68 labeled MAA serves as a widely used radioactive tracer for PET Q images 

[51]. Numerous prospective and retrospective studies have validated the feasibility 

and efficacy of these NM-based lung function imaging techniques in FLART [23, 51-

54]. However, the requirement for additional NM scans, which are not part of the 
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current clinical routine for lung radiotherapy, introduces additional financial and time 

costs, as well as radiation exposure for patients.  

 

MRI-based lung function imaging techniques can be categorized into contrast-based 

and non-contrast-based methods. Contrast-based MRI imaging techniques necessitate 

the inhalation or injection of contrast agents, such as helium-3 (3He) and xenon-129 

(129Xe) for V [55], and Gadolinium-Based Contrast Agents (GBCA) for Q [56]. In 

contrast, non-contrast MRI techniques generate V/Q surrogate maps by utilizing 

Fourier decomposition to analyze dynamic changes in proton signal intensity with 

respect to respiratory and cardiac frequencies [57]. Compared to NM-based 

techniques, MRI-based lung function imaging techniques have the advantage of 

ionizing radiation free. However, MRI scans are not currently part of the standard 

clinical routine for lung RT. The requirement for specialized equipment and contrast 

agents in contrast-based MRI techniques, and the limited accuracy of non-contrast 

MRI techniques, pose significant challenges to the broader implementation of MRI-

based lung function imaging in clinical practice. 

 

Recently, CT-derived ventilation/perfusion imaging (CTVI/CTPI) techniques have 

been proposed to construct V/Q surrogate maps from standard CT or 4D CT images 

[58]. The CTVI/CTPI techniques can be classified into three categories: deformable 

image registration (DIR)-based, feature-based, and deep learning-based methods. The 

DIR-based algorithms generate V/Q surrogate maps by leveraging DIR methods to 
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extract regional lung volume/density changes across different phases [58-60]. The 

feature-based algorithms capture texture features such as radiomics features from CT 

images to construct V/Q surrogate maps [61, 62]. The deep learning-based algorithms 

typically employ neural networks to transform CT images into SPECT V/Q images 

[63-66]. A significant advantage of CTVI/CTPI techniques is that they do not require 

additional imaging scans, as planning CT scans are already part of the standard 

clinical protocol for lung RT. Several prospective studies have validated the efficacy 

and feasibility of CTVI in FLART [14, 18, 19, 25]. However, the accuracy of DIR-

based CTVI/CTPI algorithms requires further enhancement, while the feature-based 

and deep learning-based approaches face challenges regarding their explainability. 

 

2.1.2 Functional dose metrics for FLART planning 

As demonstrated by Figure 4, the strategies of incorporating functional dose 

objectives into RT planning can be divided into two categories: the contour-based 

strategy in which a HFL volume is contoured and DVH metrics of HFL are 

considered; and the voxel-based strategy in which a functional weight is assigned to 

each lung voxel and DFH metrics of the functionally weighted lung (FWL) are used 

[11, 67]. 

 

In the contour-based strategy, the definitions of HFL can be categorized into two types. 

The first type is the threshold segmentation-based definition, where functional values 

derived from V/Q images are binned into percentiles [11]. The HFL is defined as lung 
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regions with function values exceeding a predetermined threshold. The second type is 

the defect identification-based definition, which involves dividing the lung into six 

regions [68]. Assuming a homogeneous distribution of lung function, each region 

would ideally contain approximately 16.7% (100% divided by 6) of the total function 

as measured from the V/Q map. Regions with function values deviating by a specified 

percentage from this idealized homogeneous value are identified as defect regions, 

while the remaining regions are classified as HFL [11]. The HFL contour can be 

directly integrated into current treatment planning systems (TPSs) as an additional 

OAR structure and aid in FLART planning. However, the contour-based strategy has 

limitations, as it neglects intra-contour function heterogeneity, and a standardized 

definition of HFL remains controversial [11].  

 

In the voxel-based strategy [19, 69], linear weighting is commonly utilized to convert 

V/Q maps into FWL maps as described by Equation (2.1) [67]. Wi represents the 

weight value of voxel i in the resulted FWL map. Fi is the function value of voxel i 

from functional maps. N is the total number of voxels in the lung. Faught et al. 

proposed a non-linear weighting approach as formulated by equation (2.2). Fmax 

represents the maximum function value. hc and m are two adjustable hyperparameters 

[11]. 

𝑊𝑊𝑖𝑖 =  
𝑁𝑁 • 𝐹𝐹𝑖𝑖
∑ 𝐹𝐹𝑖𝑖𝑁𝑁
𝑖𝑖

 (2.1) 

𝑊𝑊𝑖𝑖 = exp�−𝑒𝑒𝑒𝑒𝑒𝑒 �
−𝑒𝑒 • 𝑚𝑚(𝐹𝐹𝑖𝑖 −  ℎ𝑐𝑐)

𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚
��  (2.2) 
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Figure 4. Illustration of contour-based and voxel-based FLART planning strategies. 

 

To achieve the FLART planning goal of redirecting doses away from HFL to LFL, 

several dose metrics are incorporated into FLART planning due to their effectiveness 

in predicting radiation-induced pulmonary toxicity. In contour-based FLART planning, 

HFL V20 (portion of HFL volume receiving dose higher than 20 Gy) and HFL Dmean 

(mean dose to HFL) are two commonly used dose metrics. Similarly, F20 (portion of 

function receiving dose higher than 20 Gy) and fMLD (functionally weighted mean 

lung dose) are commonly used in voxel-based FLART planning [11, 67]. 

 



17 
 

2.2 Automatic planning for radiotherapy 

As shown in Figure 5 (a), in the manual planning process, treatment planners typically 

interactively adjust plan hyperparameters using an inefficient trial-and-error approach. 

The effects of these hyperparameters on the resulting treatment plan are often non-

intuitive and can vary based on several factors, including model formulation, 

optimization algorithms, and anatomical distribution [32, 70, 71]. This method is not 

only time-consuming and labor-intensive but also heavily reliant on the clinical 

experience of the planners, which can lead to variability in plan quality. To reduce the 

time and effort required for RT planning, mitigate inconsistencies across institutions 

and planners, as well as to enhance the overall quality of treatment plans, various 

auto-planning algorithms have been proposed [30, 32, 70]. As shown in Figure 5, the 

existing auto-planning algorithms include KBP-based, MCO-based, hyperparameter 

optimization-based, and deep learning-based approaches. 

 

Figure 5. Comparison of flowcharts for (a) manual planning and auto-planning based 
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on (b) KBP, (c) a posteriori MCO, (d) a priori MCO, (e) hyperparameter optimization, 

and (f) deep learning. 

 

2.2.1 Knowledge-based auto-planning algorithms for RT 

Knowledge-based planning (KBP) models can predict planning results (DVH metrics) 

by extracting handcrafted features from anatomical information, thereby facilitating 

auto-planning [28]. The KBP methods can be classified into two categories: atlas-

based methods and statistical modelling-based methods [28]. Both categories involve 

the compilation of datasets comprising high-quality RT plans to construct plan 

libraries or to train statistical models. A common approach is to gather manual plans 

developed by experienced physicists as part of the clinical RT workflow. 

 

In atlas-based KBP methods [72], a plan library is constructed using the collected 

dataset of high-quality treatment plans. Given a new patient, one or more similar 

cases can be identified from the library by matching their anatomical features, which 

are extracted from their anatomical information. These identified plans can then be 

utilized to guide the planning process for the new case. The features used for plan 

matching are critical and typically handcrafted based on clinical expertise. Commonly 

employed features include overlap volume histogram (OVH) [73], tumor location [74], 

mutual information of the beam’s eye view projections [72], and so on [28]. 

 

As for the statistical modeling-based methods [75], the collected dataset is utilized to 
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train machine learning models that establish statistical relationships between 

anatomical features and planning results such as DVH metrics. Once trained, the 

models can predict planning results by extracting anatomical features from anatomical 

information of a new patient. The predicted results can be used to guide planning for 

the new patient. Commonly used machine learning models in this context include 

support vector regression [76], multivariate regression [77], random forest regression 

[78], and so on. Various features such as OVH [79], tumor volume [80], distance-to-

target histogram (DTH) [76] are employed in the modeling process. 

 

Substantial studies have validated the effectiveness of the KBP methods [27, 81-83]. 

Moreover, the KBP method has been implemented in the commercially available 

Eclipse RapidPlan system (Varian Medical Systems, Palo Alto, CA, USA) and applied 

in clinical practice [81]. Nevertheless, the handcrafted features may fail to fully 

exploit anatomical information. Furthermore, conventional machine learning models 

exhibit relatively limited modeling capabilities compared to emerging DL models. 

The limitations may affect the matching/prediction accuracy, compromising plan 

quality [36]. 

 

2.2.2 MCO-based auto-planning algorithms for RT 

RT planning constitutes a multi-objective optimization problem, involving 

optimization of multiple, potentially conflicting objectives. To address this complexity, 

some researchers have applied multi-criteria optimization (MCO) algorithms to 
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automate the RT planning process. The MCO-based auto-planning algorithms can be 

categorized into a posteriori and a priori MCO approaches [20, 84-86]. 

 

In a posteriori MCO approaches, a set of Pareto optimal plans are initially generated 

to construct/approximate a Pareto front [85, 86]. Pareto optimal plans are 

characterized by the fact that no improvement can be made to any objective without 

compromising one or more of the other objectives. Planners can navigate the 

approximate Pareto front to select a plan that achieves a subjectively determined 

balance among the various objectives [33]. The selected plan can guide final plan 

generation. The a posteriori MCO approach has been implemented in commercially 

available systems including RayStation (RaySearch Laboratories, Stockholm, Sweden) 

and Eclipse (Varian Medical Systems, Palo Alto, CA, USA). While navigation along 

the Pareto front assists planners in evaluating trade-offs among different objectives, 

the manual plan selection process can introduce inter-planner variability, and the final 

plan may be different from the selected option as the Pareto front is approximate [86]. 

 

As for a priori MCO approaches, a series of objectives are sequentially optimized 

following a predefined priority list to produce a Pareto optimal plan [20, 87, 88]. 

Compared with a posteriori MCO approaches, a priori MCO approaches can fully 

automate the planning process. The priority list is the key to a priori MCO 

approaches and typically designed based on clinical experience and intuition. 

However, the fixed priority list ignores the inter-patient variability in anatomical 
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distributions, which may result in plans that do not align with preferences of planners. 

 

2.2.3 Hyperparameter optimization-based auto-planning algorithms for RT 

Some studies have sought to leverage hyperparameter optimization algorithms to 

achieve the automatic adjustment of plan hyperparameters [71, 89, 90]. The paradigm 

usually involves two key components: a plan score function and a hyperparameter 

optimization algorithm.  

 

The plan score function serves the purpose of quantifying the quality of intermediate 

plans. It generally incorporates various clinically important plan quality metrics, such 

as homogeneity index and conformity index for PTV, DVH metrics for OARs.  

 

The hyperparameter optimization algorithm iteratively adjusts plan hyperparameters 

with the aim of improving plan quality quantified by the plan score function. However, 

solving this optimization problem presents challenges, as the plan score function is 

typically expensive to evaluate, non-convex, and lacks a closed-form expression in 

relation to the plan hyperparameters. To address these challenges, various gradient-

free optimization algorithms have been employed, including evolutionary algorithms 

[91], Bayesian optimization [71, 89], and the Nelder–Mead simplex search method 

[90]. More recently, reinforcement learning (RL) has also been adopted for RT auto-

planning, wherein an RL agent is trained to automatically adjust plan hyperparameters 

by evaluating and observing intermediate planning results [39, 40, 92]. Despite the 
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promising outcomes associated with hyperparameter optimization-based auto-

planning algorithms, the reliance on a fixed plan score function can overlook inter-

patient variability in anatomical distributions, potentially resulting in plans that are 

not clinically optimal. 

 

2.2.4 Deep learning-based auto-planning algorithms for RT 

Recently, deep learning techniques have also been adopted to facilitate RT auto-

planning. The DL-based auto-planning algorithms can be divided into two categories: 

fluence map prediction [38, 93, 94] and dose distribution prediction [35-37, 46, 52, 

94]. Similar to the KBP methods, DL-based methods demand a dataset of high-quality 

plans for model training. Retrospectively collecting clinical plans generated during 

routine RT practice is a common way for constructing the training dataset. The typical 

paradigm involves training a neural network to predict optimal fluence map or 

planning dose distribution given patient-specific anatomical information. The 

prediction results can be utilized to guide or automate plan generation. The neural 

networks commonly employ classic encoder-decoder architectures, such as 3D U-net 

[35, 36], ResNet [95], conditional generative adversarial network (cGAN) [96], and 

so on. The encoder can automatically extract features from input anatomical 

information, and the decoder can predict fluence map or dose distribution by using the 

extracted features.  

 

The other auto-planning algorithms primarily rely on the direct prediction/sequential 
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optimization/automatic adjustment of dose objectives, which ignore the spatial 

information of dose distribution and may therefore compromise plan quality [36]. In 

contrast, DL-based dose prediction methods have the advantage of predicting voxel-

wise dose distributions. Combined with the automatic feature extraction and powerful 

modelling capabilities of neural networks, DL-based dose prediction approaches have 

proven to be effective in various tumor sites including head and neck [36], breast [43], 

liver [44], prostate [45], cervical [46], and lung [35]. However, as a data-driven 

approach, the performance of the DL models highly depends on the quantity and 

quality of training plans. This presents a challenge, as it can be difficult to collect a 

sufficient number of high-quality plans for emerging radiotherapy techniques or for 

cancers with low incidence rates. 

 

2.2.5 Auto-planning algorithms for FLART 

Despite substantial efforts in developing various auto-planning algorithms for RT, 

most have predominantly focused on conventional anatomy-guided RT, with very few 

algorithms developed specifically for multi-modality-guided FLART. Faught et al. 

adopted a KBP method to automate contour-based FLART planning by treating HFL 

as an additional OAR while it fails to achieve voxel-based FLART planning [27]. 

Matuszak et al. applied a priori MCO-based algorithm to sequentially optimize 

functional and conventional dose objectives according to a predefined priority list 

[20]. However, it relies on the fixed priority list that does not account for patient-

specific anatomical and functional distributions, potentially leading to suboptimal 
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FLART plans. Furthermore, the existing auto-planning methods rely on direct 

prediction or sequential optimization of dose objectives, ignoring spatial information 

of dose distributions, which may compromise plan quality [36]. 

 

Compared to conventional anatomy-guided RT, FLART additionally incorporates lung 

function information and additionally aims to achieve a balance between functional 

and conventional dose metrics. Unlike most anatomical OARs which demonstrate 

great similarity among different patients, lung function distributions exhibit 

significant inter-patient variability and intra-patient heterogeneity as demonstrated by 

Figure 3. This complexity, combined with the additional planning objectives, presents 

unique challenges for auto-planning algorithms. Additionally, as an emerging RT 

technique that has not yet been widely adopted in clinical practice, it is difficult to 

collect a substantial number of high-quality FLART plans, presenting an additional 

challenge for the development of auto-planning algorithms, particularly for data-

driven approaches. 
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3 Towards full automation: Meta-optimization (MO)-based auto-planning for 

FLART 

3.1 Introduction 

Lung cancer, with an estimated 2.2 million new cases and 1.8 million deaths per year, 

remains the leading cause of cancer-related morbidity and mortality globally [97, 98]. 

Radiotherapy (RT) serves as a crucial treatment modality for lung cancer [99]. 

However, radiation-induced lung injury (RILI), such as radiation pneumonitis, is a 

common complication of lung RT and can affect the prognosis and life quality of 

patients [100]. Functional Lung Avoidance Radiotherapy (FLART) shows promise in 

reducing RILI by leveraging the heterogeneity of lung function distribution to 

selectively minimize dose to high functional lung (HFL) regions, thereby potentially 

enhancing lung function protection [11, 13, 19, 22, 25, 101-104], in contrast to 

conventional anatomical image-guided RT which uniformly treats lung without 

function guidance. 

 

The key to RT is to deliver high and homogeneous enough doses to planning target 

volume (PTV) while minimizing doses to organs at risk (OARs). FLART additionally 

aims to redirect dose from HFL regions to low functional lung (LFL) regions while 

maintaining other conventional planning criteria [20]. There are two effective venues 

to achieve dose redirection. The first one is to select beam angles that preferentially 

spare HFL regions prior to plan optimization, which has been proven effective in 

reducing doses to HFL [21]. Another commonly used method is to modulate fluence 
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maps by incorporating functional dose objectives in plan optimization to decrease 

doses to HFL [22]. The strategies of incorporating functional dose objectives can be 

divided into two categories: the contour-based strategy in which a HFL volume is 

contoured and dose-volume histogram (DVH) metrics of HFL are considered [22]; 

and the voxel-based strategy in which a functional weight is assigned to each lung 

voxel and dose-function histogram (DFH) metrics of the functionally weighted lung 

(FWL) are used. The choice between the two strategies remains debated, due to the 

lack of an established HFL definition for the contour-based strategy and the 

limitations of current commercial treatment planning systems in implementing the 

voxel-based strategy. 

 

Currently, most FLART studies have employed manual planning [13, 19, 25, 69, 101-

103], which requires manually setting beam angles and iteratively adjusting plan 

hyperparameters in plan optimization to achieve the FLART planning goal. This 

labor-intensive process is dependent on the planner’s experience while it is relatively 

scarce for the emerging FLART technique [27]. In addition, unlike anatomical OARs 

that exhibit great similarity in population, the lung function distributions are highly 

variable and patient-specific, making it more challenging for planners to select 

appropriate beam angles and estimate achievable dose objectives. Consequently, 

manual planning may require considerable time and effort and yet could still produce 

inconsistent or suboptimal FLART plans [28, 32]. Thus, it is necessary to develop an 

automatic planning (auto-planning) method for FLART to streamline the beam angle 
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selection and plan optimization process, enhancing FLART planning efficiency, 

consistency, and quality. 

 

There are very few existing studies in the realm of auto-planning for FLART. To 

select high-quality beam angles for FLART, McGuire et al. [105] proposed a beam 

angle selection method based on orientation and dose-function histogram (DFH) 

contributions. Bedford et al. [106] evaluated the quality of each beam angle through 

conformal beam-based dose calculations and mean functionally weighted lung doses. 

As for automatic plan optimization, Matuszak et al. [20] implemented a priority-

driven optimization algorithm to sequentially optimize various functional and 

conventional dose objectives strictly following a predefined priority list. Faught et al. 

[28] trained a knowledge-based planning (KBP) model to predict optimal plan 

hyperparameters for FLART.  

 

Though effective dose reduction in HFL has been achieved by these existing methods, 

they suffer from a few limitations. First, the performance of the KBP model is 

contingent upon the number and quality of training data, a significant hurdle given 

FLART's emerging status and the scarcity of high-quality FLART plans. The other 

approaches solely or excessively focus on minimizing doses to HFL, which may 

underachieve conventional dose objectives [20]. Currently, the clinical benefits of 

HFL dose reduction still desire further clinical validation [13, 26]. Therefore, 

minimizing functional dose metrics with excessive compromises in conventional dose 
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metrics is undesirable [13, 20]. These studies focus on either beam angle selection or 

plan optimization for FLART, without offering a fully automatic planning framework. 

In addition, none of these studies achieve auto-planning for both the contour-based 

FLART (cFLART) and the voxel-based FLART (vFLART).  

 

In this section, we aim to propose a fully Automatic Planning framework for FLART 

(AP-FLART) to address the aforementioned challenges. AP-FLART integrates and 

extends a dosimetric score-based beam angle selection method and a meta-

optimization-based plan hyperparameter optimization approach, which can 

incorporate lung function information and balance conventional and functional dose 

objectives to facilitate dose redirection in the beam angle selection phase and the plan 

optimization phase respectively [90, 107]. Different from the existing methods, AP-

FLART is training data-free and can comprehensively consider functional and 

conventional dose metrics to achieve dose redirection from HFL to LFL while 

minimizing compromises in conventional metrics. It can automate the whole planning 

process and generate plans for both cFLART and vFLART. In addition to FLART 

plans, AP-FLART can also produce conventional lung RT (referred to ConvRT) plans 

so that clinicians can explicitly evaluate the gain of better lung function protection 

and the potential cost of inferior conventional metrics following the current routine of 

FLART studies [25]. The proposed AP-FLART shall advance the research and clinical 

application of FLART by providing labor-free, consistent, and high-quality FLART 

plans. 
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3.2 Method 

3.2.1 Study design 

 

Figure 6. The overview of the study in this section including (a) the illustration of the 

proposed AP-FLART and (b) the flowchart of its validation. 

 

Figure 6 depicts an overview of this section. AP-FLART can generate ConvRT, 

cFLART, and vFLART plans by sequentially determining beam angle configurations, 

optimizing dose objective weights, and generating final plans. The beam angle 
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selection method employs beam quality evaluation guided by beamlet-wise dose 

calculations and a beam score function. The plan hyperparameter optimization method 

optimizes the weights of different dose objectives by navigating the Pareto front 

guided by a plan score function. Notably, unlike ConvRT planning which solely 

utilizes anatomical information and considers anatomical dose objectives, FLART 

planning additionally utilizes lung function information and incorporates functional 

dose objectives into the beam angle selection and plan optimization processes. 

Consequently, beam angles that originally irradiate HFL in ConvRT plans tend to be 

deflected to irradiate LFL, and intensities of beamlets irradiating HFL in ConvRT 

plans tend to be diverted to those irradiating LFL, both contributing to dose 

redirection from HFL to LFL. A cohort of patient data was collected for the 

development and validation of AP-FLART. For all collected patient cases, AP-FLART 

was applied to generate ConvRT, cFLART, and vFLART plans and the results were 

compared to evaluate the performance of AP-FLART. 
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3.2.2 Patient data and preprocessing 

 

Figure 7. The flowchart of data preprocessing including the registration between 

SPECT and planning CT as well as the generation of FWL maps and HFL contours. 

 

A total of 18 lung cancer patient cases underwent SPECT/CT scans and intensity 

modulated radiation therapy (IMRT) were collected from the Affiliated Cancer 

Hospital of Zhengzhou University with approval by the institutional review board. All 

cases contain perfusion SPECT/CT images, planning CT images, PTV and OARs 

contours, and conventional IMRT plans. All conventional IMRT plans were made 

using the Eclipse (Varian Medical Systems, Palo Alto, CA, USA) treatment planning 

system (TPS) with the analytical anisotropic algorithm dose engine and dynamic 

IMRT technique. The radiopharmaceutical Technetium-99m-labelled 

macroaggregated albumin (MAA) was injected into patients and then 3D perfusion 

SPECT/CT scans were acquired using a GE Discovery NM/CT 670 CZT scanner (GE 

HealthCare, Chicago, IL, USA). A total of 60 frames were acquired for each patient 
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with a frame rate of 10 seconds per frame. The SPECT images had dimensions of 

128×128×128 with a voxel size of 4.42×4.42×4.42 mm3, respectively. The planning 

CT images had an in-slice resolution of 1.172 mm and a slice thickness of 3 mm. The 

planning CT and SPECT/CT images were acquired under free-breathing conditions. 

 

The principle of SPECT perfusion imaging is that the labelled MAA particles will be 

lodged within the pulmonary capillary beds, and their local concentration is directly 

related to the regional pulmonary blood flow [103]. The SPECT scanner can detect 

the distribution of these trapped MAA particles and generate SPECT perfusion images, 

which can quantify lung perfusion function distribution and serve as a surrogate for 

lung function [103, 108-110]. Therefore, SPECT perfusion images were utilized to 

guide FLART planning. As shown in Figure 7, the attenuation correction CT images 

from SPECT/CT were first registered with the planning CT images using rigid 

registration, and the resulting transformations were applied to register the SPECT 

images with the planning CT images [20]. All registration operations were performed 

within MIM platform (MIM Software Inc., Cleveland, OH, USA). Threshold 

segmentation with a cutoff value of 66th percentile [65, 111] was then performed on 

the registered SPECT images to generate HFL contours. The intensity values of 

SPECT images were normalized to the mean intensity value within the lung contour 

to obtain FWL maps [20].  
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3.2.3 Function-guided dosimetric score-based beam angle selection 

A novel function-guided beam angle selection method is developed by extending the 

dosimetric score-based method originally proposed for conventional lung IMRT by 

Yuan et al. [107]. The original method evaluates beam angle qualities by using 

beamlet-wise dose calculations and anatomical information. Our enhancement differs 

from the original one by comprehensively utilizing both anatomical and functional 

information, aiming to deflect beam angles from HFL to LFL.  

 

The quantitative evaluation of each beam is based on beamlet-wise comparison. For 

each beam angle, this process involves computing dose distributions of each beamlet 

and then quantifying the beamlet’s quality by calculating a function-aware beamlet-

wise quality score. The beam score (bs) functions for ConvRT, cFLART and vFLART 

are defined as follows: 

𝑏𝑏𝑏𝑏𝛼𝛼𝑖𝑖 =  
∑ 𝑤𝑤𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 ∑ 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 +  𝑤𝑤𝑁𝑁𝑁𝑁 ∑ 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝑁𝑁𝑁𝑁  

∑ 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝑃𝑃𝑃𝑃𝑃𝑃
,𝑓𝑓𝑓𝑓𝑓𝑓 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 (3.1) 

𝑏𝑏𝑏𝑏𝛼𝛼𝑖𝑖 =  
∑ 𝑤𝑤𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 ∑ 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 +  𝑤𝑤𝑁𝑁𝑁𝑁 ∑ 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝑁𝑁𝑁𝑁 +  𝑤𝑤𝐻𝐻𝐻𝐻𝐻𝐻 ∑ 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝐻𝐻𝐻𝐻𝐻𝐻  

∑ 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝑃𝑃𝑃𝑃𝑃𝑃
,𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(3.2) 

𝑏𝑏𝑏𝑏𝛼𝛼𝑖𝑖 =  
∑ 𝑤𝑤𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 ∑ 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 +  𝑤𝑤𝑁𝑁𝑁𝑁 ∑ 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝑁𝑁𝑁𝑁 +  𝑤𝑤𝐹𝐹𝐹𝐹𝐹𝐹 ∑ 𝑓𝑓𝑘𝑘𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝐹𝐹𝐹𝐹𝐹𝐹  

∑ 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘𝑘𝑘∈𝑃𝑃𝑃𝑃𝑃𝑃
,𝑓𝑓𝑓𝑓𝑓𝑓 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣(3.3) 

Where 𝑏𝑏𝑏𝑏𝛼𝛼𝑖𝑖 is the function-aware quality score for the beamlet i of the beam α. 𝑑𝑑𝛼𝛼𝑖𝑖𝑘𝑘  

represents doses irradiated by the beamlet to voxel k of OARs, normal tissues (NT), 

HFL, FWL and PTV. The weights including 𝑤𝑤𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗, 𝑤𝑤𝑁𝑁𝑁𝑁,  𝑤𝑤𝐻𝐻𝐻𝐻𝐻𝐻, and 𝑤𝑤𝐹𝐹𝐹𝐹𝐹𝐹 reflect the 

relative importance of different regions to be protected. 𝑓𝑓𝑘𝑘  refers to the functional 
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weight value of voxel k in FWL. A lower 𝑏𝑏𝑏𝑏𝛼𝛼𝑖𝑖  indicates a preferred balance of 

minimizing doses to protected areas while delivering high enough doses to PTV, 

marking a beamlet as of high quality. Different from  𝑏𝑏𝑏𝑏𝛼𝛼𝑖𝑖  for ConvRT, 𝑏𝑏𝑏𝑏𝛼𝛼𝑖𝑖  for 

cFLART additionally includes a HFL term and 𝑏𝑏𝑏𝑏𝛼𝛼𝑖𝑖 for vFLART replaces the lung 

term with a FWL term. The details are provided in Appendix 6.1. The quality of each 

individual beam is then quantified by calculating a beam-wise quality score (𝑏𝑏𝑏𝑏𝛼𝛼), the 

average of all beamlet-wise quality scores.  

 

In addition to the quality of individual beams, the collective effects of multiple beams 

should also be considered. Clinical insights suggest that overly condensed beam angle 

distributions may lead to poor plan quality [107, 112, 113]. Therefore, a beam span 

constraint is introduced when selecting beam angles [107, 114]. The optimized beam 

angle configuration is selected by minimizing the following objective function: 

𝑂𝑂𝑂𝑂𝛱𝛱 = � 𝑏𝑏𝑏𝑏𝛼𝛼𝑖𝑖𝛼𝛼𝑖𝑖∈𝛱𝛱
+ �

2𝑘𝑘
1 − cos��𝛼𝛼𝑖𝑖 − 𝛼𝛼𝑗𝑗�� +  𝛿𝛿𝛼𝛼𝑖𝑖,𝛼𝛼𝑗𝑗∈𝛱𝛱;𝛼𝛼𝑖𝑖≠𝛼𝛼𝑗𝑗

(3.4) 

Where 𝛼𝛼𝑖𝑖 and 𝛼𝛼𝑗𝑗 represent two different beam angles in the beam angle configuration 

𝛱𝛱. The objective function consists of two terms: a sum of all beam-wise quality scores 

reflecting the individual quality of selected beam angles and a beam span term 

discouraging tightly clustered beam configurations. 𝑘𝑘  stands for the weight of the 

beam span term and 𝛿𝛿 is a regularization parameter. The beam angle search space will 

be constrained to coplanar orientations, with candidate angles sampled at 5-degree 

intervals. The selected beam angle configuration, denoted as Π, will be initialized as 

an empty set. For each iteration of the optimization process, the beam angle search 
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space will be traversed to identify the specific angle that results in the smallest 

incremental increase in the objective function, 𝑂𝑂𝑂𝑂𝛱𝛱 . This optimal beam angle will 

then be added to the selected configuration Π, and both this angle and its opposing 

angle will be removed from the remaining search space following clinical practice. 

This iterative process will continue until the total number of selected beam angles 

reaches the predefined target number, which is set to be 8 following the reference 

[107]. 

 

The angle selection method involves several parameters to be determined, including 

the weights of different regions to be protected as well as the weight and 

regularization parameter of the beam span term of Equation (3.4). For ConvRT, these 

parameters were fine-tuned based on the results from Yuan et al. [107]. The weights 

for the anatomical/functional lung term for FLART were then further fine-tuned to 

minimize functional dose metrics while maintaining conventional dose metrics. The 

details of parameter determination are presented in Appendix 6.1. 

 

3.2.4 Function-guided meta-optimization-based plan optimization 

The meta-optimization framework, proven to be effective for conventional head and 

neck as well as prostate RT planning [90], is further enhanced in this study for 

FLART plan hyperparameter optimization. The original meta-optimization method 

navigates the Pareto front to identify plans that achieve a balance between different 

conventional dose objectives guided by a plan score involving important conventional 



37 
 

metrics. In this study, we accommodate the approach to lung RT and extend it by 

incorporating additional lung function information to facilitate dose redirection for 

FLART. We also accelerate the framework by designing a novel initialization method 

to ensure the computation time is clinically acceptable. 

 

Figure 8. Flowchart of meta-optimization-based plan hyperparameter optimization.  

 

The meta-optimization framework consists of two nested loops of optimization as 

demonstrated in Figure 8. In the inner loop, fluence map optimization (FMO) is 

performed to generate Pareto optimal plans by minimizing the weighted sum of 

conventional dose objectives and potential functional dose objectives as formulated 

by the following equations: 

min
𝑥𝑥

 𝑤𝑤𝑃𝑃𝑃𝑃𝑃𝑃
𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃

� �𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑝𝑝�
2

𝑖𝑖∈𝑃𝑃𝑃𝑃𝑃𝑃

+ �
𝑤𝑤𝑆𝑆
𝑁𝑁𝑠𝑠

�𝐻𝐻(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑠𝑠)(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑠𝑠)2
𝑖𝑖∈𝑆𝑆𝑆𝑆∈𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂

,𝑓𝑓𝑓𝑓𝑓𝑓 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 (3.5) 

𝑤𝑤𝑃𝑃𝑃𝑃𝑃𝑃
𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃

� �𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑝𝑝�
2

𝑖𝑖∈𝑃𝑃𝑃𝑃𝑃𝑃

+ �
𝑤𝑤𝑆𝑆
𝑁𝑁𝑠𝑠
�𝐻𝐻(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑠𝑠)(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑠𝑠)2
𝑖𝑖∈𝑆𝑆𝑆𝑆∈𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂

+
𝑤𝑤𝐻𝐻𝐻𝐻𝐻𝐻
𝑁𝑁𝐻𝐻𝐻𝐻𝐻𝐻

� 𝐻𝐻(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝐻𝐻𝐻𝐻𝐻𝐻)(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝐻𝐻𝐻𝐻𝐻𝐻)2
𝑖𝑖∈𝐻𝐻𝐻𝐻𝐻𝐻

,𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 (3.6) 

𝑤𝑤𝑃𝑃𝑃𝑃𝑃𝑃
𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃

� �𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑝𝑝�
2

𝑖𝑖∈𝑃𝑃𝑃𝑃𝑃𝑃

+ �
𝑤𝑤𝑆𝑆
𝑁𝑁𝑠𝑠

�𝐻𝐻(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑠𝑠)(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑠𝑠)2
𝑖𝑖∈𝑆𝑆𝑆𝑆∈𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂

+
𝑤𝑤𝐹𝐹𝐹𝐹𝐹𝐹

𝑁𝑁𝐹𝐹𝐹𝐹𝐹𝐹
� 𝐻𝐻(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝐹𝐹𝐹𝐹𝐹𝐹)𝑓𝑓𝑖𝑖(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝐹𝐹𝐹𝐹𝐹𝐹)2

𝑖𝑖∈𝐹𝐹𝐹𝐹𝐹𝐹

,𝑓𝑓𝑓𝑓𝑓𝑓 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 (3.7) 

𝑠𝑠. 𝑡𝑡. 𝑥𝑥 ≥ 0 

𝑤𝑤 ≥ 0 

𝑑𝑑 = 𝐷𝐷𝑥⃗𝑥  
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Where 𝑥⃗𝑥, 𝐷𝐷, and 𝑑𝑑 refer to the fluence map, the dose influence matrix, and the dose 

distribution respectively. 𝑑𝑑𝑖𝑖 and 𝑓𝑓𝑖𝑖 represent the dose value and the functional weight 

value of voxel i respectively. 𝑤𝑤 and 𝑁𝑁 are the weights of different objectives and the 

number of voxels in different regions respectively. 𝐷𝐷𝑝𝑝, 𝐷𝐷𝑠𝑠, 𝐷𝐷𝐻𝐻𝐻𝐻𝐻𝐻, and 𝐷𝐷𝐹𝐹𝐹𝐹𝐹𝐹 stand for 

reference dose of different objectives. 𝐻𝐻  represents the Heaviside function. The 

details of dose objectives are summarized in Table 1. 

 

In the outer loop, the gradient-free Nelder-Mead simplex search algorithm [90, 115, 

116] is applied to iteratively optimize the weights of different objectives (𝑤𝑤 ) to 

minimize a function-aware plan quality score (𝑝𝑝𝑝𝑝). This plan score (ps) integrating 

several plan quality metrics of clinical importance is used to quantify the clinical 

acceptability of different Pareto optimal plans generated from the inner loop. The 

outer loop is formulated as: 

min
𝑤𝑤

 𝑝𝑝𝑝𝑝(𝑤𝑤) =  � 2−𝑃𝑃𝑄𝑄𝑄𝑄𝐹𝐹𝑄𝑄𝑄𝑄
𝑄𝑄𝑄𝑄

 (3.8) 

𝑠𝑠. 𝑡𝑡. 𝑤𝑤 ≥ 0  

𝐹𝐹𝑄𝑄𝑄𝑄 = �

1 ,   𝑄𝑄𝑄𝑄 ≥  𝑄𝑄𝑄𝑄+
𝑄𝑄𝑄𝑄 − 𝑄𝑄𝑄𝑄−

𝑄𝑄𝑄𝑄+ − 𝑄𝑄𝑄𝑄−
,  𝑄𝑄𝑄𝑄− < 𝑄𝑄𝑄𝑄 < 𝑄𝑄𝑄𝑄+

0 ,   𝑄𝑄𝑄𝑄 ≤  𝑄𝑄𝑄𝑄−

 

Where the 𝑃𝑃𝑄𝑄𝑄𝑄 and 𝐹𝐹𝑄𝑄𝑄𝑄 refer to the priorities and scoring values of different quality 

metrics (QM). The relationship between the score values and the QM values is 

formulated as a clipped linear function, and the linear range is defined as [QM- QM+]. 

The quality metrics of different structures and their priorities as well as linear ranges 
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are enumerated in Table 1. Among them, functional dose metrics including mean dose, 

V5, and V20 for HFL, as well as functionally weighted mean lung dose (fMLD), F5, 

F20 for FWL are utilized for FLART because they are widely used in FLART studies 

[11, 25, 69]. The other conventional dose metrics are extracted from the Radiation 

Therapy Oncology Group (RTOG) 0617 protocol and are commonly used in clinical 

plan evaluation [6, 26, 69, 102, 107]. Additionally, a novel nearest initialization 

method was introduced to accelerate the meta-optimization framework, achieving a 

63% reduction in computation time, with details presented in Appendix 6.1. The 

implementation details of the meta-optimization framework including weight 

configuration initialization, convergence conditions, and so on are presented in the 

reference [90]. 

 

Table 1. The details of the dose objectives used in the inner loop, the quality metrics 

involved in the outer loop, and the dose constraints for OARs considered in evaluation. 

Structure Reference 
Dose (Gy) 

Quality 
Metric 
(QM) 

QM- QM+ Priority Dose 
Constraints 

For ConvRT: 

PTV 60 
HI 5 10 0   

CI 0.6 0.7 1   

Spinal Cord 35 Dmax 40.5Gy 45Gy 2 Dmax<45Gy 

Esophagus 0 Dmean 30.6Gy 34Gy 2 Dmean<34Gy 

Heart 0 Dmean 40.5Gy 45Gy 2 
V40<30% 

Dmean<28Gy 
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Lung 0 

Dmean 0Gy 15Gy 1 Dmean<20Gy 

V5 25% 50% 1 V5<60% 

V20 0% 25% 1 V20<30% 

Body 30 Dmean 8.1Gy 9Gy 3   

Changes when converting from ConvRT to cFLART: 

Lung 0 Dmean 18Gy 20Gy 2 

Dmean<20Gy 

V5<60% 

V20<30% 

HFL 0 

Dmean 0Gy 15Gy 1   

V5 25% 50% 1   

V20 0% 25% 1   

Changes when converting from ConvRT to vFLART: 

Lung None 

Dmean<20Gy 

V5<60% 

V20<30% 

FWL 0 

fMLD 0Gy 15Gy 1   

F5 25% 50% 1   

F20 0% 25% 1   

Note: CI (Conformity Index) = (𝑇𝑇𝑇𝑇95𝐷𝐷𝐷𝐷)2

𝑇𝑇𝑇𝑇×𝑉𝑉95𝐷𝐷𝑝𝑝
; HI (Homogeneity Index) = 𝐷𝐷5−𝐷𝐷95

𝐷𝐷𝑝𝑝
× 100 ; Dp: 

Prescription dose; Dmean: Mean Dose; Dmax: Maximal Dose; Vx: Portion of structure volume 

irradiated by dose higher than x Gy; Dx: Minimum dose to the “hottest” x% of structure volume; 

Fx: Portion of lung function irradiated by dose higher than x Gy; fMLD: Functionally weighted 

mean lung dose. 
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Upon determining the optimal beam angles and dose objective weights, final plans are 

generated by sequentially performing FMO, leaf sequencing, and direct aperture 

optimization using the open-source TPS matRad [117]. The pencil beam dose 

calculation engine of matRad [118] and static IMRT technique [119] are utilized in the 

beam angle selection and plan optimization processes. We extend matRad to enable it 

to incorporate the voxel-wise FWL maps and optimize the dose-function objectives 

for vFLART. 

 

3.2.5 Evaluation and ablation studies 

To evaluate the performance of AP-FLART, comparison studies were conducted by 

using the collected cohort. For each patient case, a ConvRT plan, a cFLART plan, and 

a vFLART plan were automatically devised by using AP-FLART. Dose distributions 

of automatic plans and collected manual plans were normalized to guarantee that the 

prescription dose (60Gy) could cover 95% of PTV for consistent comparison. The 

analysis included comparing automated ConvRT plans with manual plans to validate 

the auto-planning framework's effectiveness. Since manual plans were made using 

Eclipse while automatic plans were generated based on matRad, to reduce 

discrepancies caused by using different TPSs, a voxel-based dose mimicking 

algorithm [36, 120] was applied to convert all manual Eclipse plans to matRad plans 

which would be used for comparison with automatic plans. The details of applying the 

dose mimicking algorithm for plan conversion are presented in Appendix 6.1. 

Additionally, comparisons between automated FLART and ConvRT plans were 
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executed to ascertain AP-FLART's ability of facilitating dose redirection.  

 

There are two driving forces to achieve dose redirection in AP-FLART. The function-

guided beam angle selection method can deflect beam angles irradiating HFL and the 

function-guided plan optimization approach can divert intensities of beamlets 

irradiating HFL. We conducted several ablation studies to quantify the contribution of 

the two driving forces. In the study “ConvBeam_cFLART” and 

“ConvBeam_vFLART”, beam angles selected for ConvRT and plan hyperparameters 

optimized for FLART were used to generate cFLART and vFLART plans respectively. 

Another two studies adopted beam angles selected for cFLART and vFLART and plan 

hyperparameters optimized for ConvRT, and they were referred to as 

“cFLARTBeam_ConvRT” and “vFLARTBeam_ConvRT” respectively. All quality 

metrics listed in Table 1 were included in the evaluation criteria. In addition, D1 of 

PTV, Esophagus, and Heart were also evaluated to monitor the change of hot spots. 
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3.3 Results 

3.3.1 Comparison between manual and automatic ConvRT plans 

Table 2. Comparison between manual and automatic ConvRT plans as well as comparison between 
automatic ConvRT and FLART plans. The mean and standard deviation of the dose metrics over all 
collected cases are listed. The p-values by Wilcoxon Signed-Rank test are also shown. 

Dose metrics 

Manual ConvRT VS Auto ConvRT Auto FLART VS Auto ConvRT 

Manual 

ConvRT 

Auto 

ConvRT 
p-value 

Auto 

cFLART 
p-value  

Auto 

vFLART 
p-value  

HI 6.71±1.76 5.56±0.51 0.030  5.61±0.52 0.304  5.55±0.54 0.966  

CI 0.63±0.09 0.76±0.06 <0.001 0.72±0.06 0.006  0.71±0.08 0.004  

PTV D1 (Gy) 64.61±1.17 63.93±0.35 0.027  64.01±0.41 0.276  63.96±0.43 1.000  

HFL Dmean (Gy) 7.17±2.48 7.21±2.28 0.766  6.08±2.44 <0.001 6.18±2.39 0.001  

HFL V20 (%) 12.88±5.66 13.01±5.55 1.000  11.00±5.75 <0.001  11.14±5.60 0.003  

HFL V5 (%) 26.63±9.03 32.64±10.50 0.038  25.98±9.32 <0.001 26.30±12.22 0.002  

FWL fMLD (Gy) 8.62±2.51 8.32±2.22 0.246  7.76±2.44 0.010  7.68±2.37 0.009  

FWL F20 (%) 15.75±5.61 15.18±5.23 0.284  14.71±5.57 0.551  14.28±5.55 0.099  

FWL F5 (%) 30.66±8.08 35.92±9.27 0.014  30.69±9.16 <0.001  30.85±10.87 0.005  

Lung Dmean (Gy) 10.59±2.12 10.04±2.11 0.021  10.05±1.88 0.671  9.94±2.04 0.347  

Lung V20 (%) 19.73±4.44 18.74±4.59 0.130  19.56±4.09 0.108  19.18±4.77 0.932  

Lung V5 (%) 35.05±5.76 39.79±8.61 0.007  36.55±7.74 0.007  36.26±7.75 0.016  

SpinalCord Dmax (Gy) 36.63±3.95 37.69±6.86 0.393  38.01±5.59 0.734  37.63±6.47 0.468  

Esophagus Dmean (Gy) 13.32±6.39 13.29±8.38 0.609  12.05±7.80 0.005  12.91±8.07 0.099  

Esophagus D1 (Gy) 50.93±17.26 49.80±21.81 0.865  48.86±21.94 0.130  49.84±20.23 0.054  

Heart Dmean (Gy) 7.37±5.95 6.37±6.21 0.734  6.69±6.38 0.799  7.03±6.33 0.832  

Heart D1 (Gy) 39.27±17.33 33.41±23.82 0.196  33.88±23.96 0.832  34.67±23.71 0.196  

Heart V40 (%) 1.92±2.19 2.29±2.86 0.518  2.47±3.39 0.969  2.49±3.02 0.784  

Body Dmean (Gy) 4.91±1.48 4.78±1.55 0.048  4.76±1.49 0.671  4.73±1.50 0.130  

Note: CI (Conformity Index) = (𝑇𝑇𝑇𝑇95𝐷𝐷𝐷𝐷)2

𝑇𝑇𝑇𝑇×𝑉𝑉95𝐷𝐷𝑝𝑝
; HI (Homogeneity Index) = 𝐷𝐷5−𝐷𝐷95

𝐷𝐷𝑝𝑝
× 100; Dp: Prescription dose; Dmean: Mean 

Dose; Dmax: Maximal Dose; Vx: Portion of structure volume irradiated by dose higher than x Gy; Dx: Minimum dose to 

the “hottest” x% of structure volume; Fx: Portion of lung function irradiated by dose higher than x Gy; fMLD: 
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Functionally weighted mean lung dose. 

 

Table 2 reveals that automatic ConvRT plans generally match the quality of manual 

plans. Specifically, compared to manual ConvRT plans, automatic ConvRT plans 

significantly enhanced five out of thirteen conventional metrics including HI, CI, PTV 

D1, mean doses to lung and body while significantly increased lung V5. The other 

metrics showed no statistically significant change. 

 

3.3.2 Comparison between automatic ConvRT and FLART plans 

Table 2 also presents comparison between automatic ConvRT and FLART plans. 

Compared with ConvRT plans, FLART plans significantly reduced functional dose 

metrics with modest compromise in conventional dose metrics. The cFLART plans 

showed a significant decrease by 1.13 Gy for HFL mean dose (p<.001), 2.01% for 

HFL V20 (p<.001), and 6.66% for HFL V5 (p<.001), with a decrease by 5.26% for CI 

(p<.01). As for vFLART plans, FWL fMLD, F20, and F5 were reduced by 0.64 Gy 

(p<.01), 0.90% (p=0.099), and 5.07% (p<.01) respectively while CI decreased by 6.58% 

(p<.01). Though inferior conformity was observed in FLART plans, all dose 

constraints listed in Table 1 were well satisfied. Figure 9 compares DVH and DFH 

curves of automatic FLART and ConvRT plans. Lower doses to HFL and FWL were 

observed in cFLART and vFLART plans. The cFLART and vFLART plans 

demonstrated similar mean DVH for HFL and mean DFH for FWL. 
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Figure 9. Comparison of DVH for anatomical structures and DFH for FWL among 

automatic ConvRT plans (red), cFLART plans (green), and vFLART plans (blue). The 

solid lines and dashed lines represent the means and the standard deviations over all 

collected cases. 

 

Figure 10 showcases iso-dose curves of ConvRT and FLART plans in an example 

case. We observed effective dose redirection in cFLART and vFLART plans including 

dose reduction in high function regions indicated by red arrows and dose increase in 

low function regions indicated by blue arrows. 
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Figure 10. Comparison of iso-dose curves of 5 Gy (dark blue), 20 Gy (light blue), and 

60 Gy (orange) between ConvRT (upper), cFLART (middle), and vFLART (lower) 

plans for an example case displayed in axial (left), sagittal (middle), and coronal 

planes (right). 

 

3.3.3 Ablation study results 

The ablation study results are depicted in Figure 11 and elaborated in Appendix 6.1. 

Compared with the automatic ConvRT plans, the plans of “cFLARTBeam_ConvRT” 

and “vFLARTBeam_ConvRT” reduced HFL mean dose by 5.13% (p=0.099) and 

FWL functionally weighted mean dose by 3.73% (p=0.099) respectively. The 

“ConvRTBeam_cFLART” and “ConvRTBeam_vFLART” plans achieved a reduction 

in HFL mean dose by 10.82% (p<.001) and FWL functionally weighted mean dose by 
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3.49% (p=0.108) respectively. With the combination of the two driving forces for 

shifting dose, cFLART further reduced HFL mean dose by 11.11% (p<.001) and 5.44% 

(p<.01) compared to the “cFLARTBeam_ConvRT” and “ConvRTBeam_cFLART” 

respectively. FWL functionally weighted mean dose further decreased by 4.12% 

(p<.01) and 4.36% (p<.001) in vFLART compared to the “vFLARTBeam_ConvRT” 

and “ConvRTBeam_vFLART”. 

 

Figure 11. Results of the ablation studies including boxplots of HFL mean dose (left) 

and FWL functionally weighted mean dose (right). 

 

3.3.4 Computation time 

AP-FLART was evaluated on a workstation equipped with Intel(R) Xeon(R) Gold 

6226R CPUs (2.9 GHz). The voxel size of dose grid and bixel width of beamlet grid 

were set to be 3×3×3 mm3 and 5 mm respectively for beam angle selection. The plan 

hyperparameter optimization adopted dose grid and beamlet grid with a coarser 

resolution of 5×5×5 mm3 and 7 mm respectively for improving computation 

efficiency. In the final plan generation process, the voxel size of dose grid and bixel 
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width of beamlet grid were set to be 2×2×2 mm3 and 5 mm respectively. The parallel 

computation with the parallel number of 8 was adopted for beam angle selection and 

plan hyperparameter optimization. As a result, the computation time for beam angle 

selection, plan hyperparameter optimization, and final plan generation was 7.7±2.4 

minutes, 36.7±11.5 minutes, and 44.6±15.4 minutes per plan respectively, culminating 

in a total computation time of 89.0±26.4 minutes per plan. 

 

  



49 
 

3.4 Discussion 

This section introduced an auto-planning method for FLART (AP-FLART) integrating 

and enhancing a dosimetric score-based beam angle selection method and a meta-

optimization-based plan hyperparameter optimization method. AP-FLART can 

generate ConvRT plans with similar or better quality in terms of all evaluated 

conventional metrics except for lung V5 compared to manual plans, validating the 

effectiveness of the proposed auto-planning method. The higher lung V5 of automatic 

plans is a compromise to achieve better PTV homogeneity and conformity. In addition, 

the increased lung V5 (39.79±8.61%) is well below the dose constraints (60%). 

Furthermore, AP-FLART is capable of taking into account lung functional 

information in both beam angle selection and plan optimization phases using either 

the contour-based or voxel-based strategy and generating FLART plans. Compared 

with the automatic ConvRT plans, the automatic FLART plans significantly reduced 

HFL mean dose, V5, and V20 by 1.13 Gy, 6.66%, and 2.01%, as well as FWL fMLD, 

F5, and F20 by 0.64 Gy, 5.07%, and 0.90% respectively, which could potentially better 

protect patients’ lung function and reduce the risk of pulmonary side effects [11]. The 

reduction in the functional dose metrics is similar to existing FLART planning studies. 

Yaremko et al. achieved a reduction in HFL mean dose, V5, and V20 by 1.0 Gy, 3.5%, 

and 2.9% respectively [26]. Vinogradskiy et al. reported that HFL mean dose, V5, and 

V20 were reduced by 1.4 Gy, 3.4%, and 3.5% respectively [25]. In the study by 

Yamamoto et al., FWL fMLD and F20 decreased by 0.5 Gy and 3.8% respectively [19].  

 

In addition to reducing functional dose metrics, FLART also aims to minimize 
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compromises in conventional dose metrics [13, 20]. For Pareto optimal plans, dose 

reduction in HFL will inevitably result in dose increase in other regions. Ideally, 

FLART redirects these doses from HFL to LFL instead of affecting other OARs, thus 

preserving conventional dose metrics. According to the results presented in Table 2, 

the automatic FLART plans significantly reduced HFL mean dose and FWL fMLD 

while maintaining anatomical lung mean dose similar, indicating an effective dose 

shift from HFL to LFL as demonstrated in Figure 10 as well. Though a reduction in 

conformity was observed, none of the other conventional dose metrics changed 

significantly. The conformity losses, often observed in FLART studies [20, 111, 121], 

due to lung function's anisotropic distribution around PTV, are considered as a 

common trade-off for dose redirection. 

 

The ablation study results demonstrate that the function-guided beam angle selection 

and plan optimization jointly contributed to dose redistribution. Distinct from the 

functional dose metrics-oriented beam angle selection methods proposed by McGuire 

et al. and Bedford et al. which solely or excessively pursue optimal lung function 

protection [105, 106], our proposed beam angle selection method features in 

comprehensively considering both functional and conventional dose metrics, therefore 

advancing in minimizing compromises in conventional dose metrics.  This is achieved 

by utilizing a function-aware beam score function to guide the beam selection process. 

The weights of different protected regions in the score function represent their relative 

importance. In the transition from ConvRT to FLART, the weights of conventional 
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OARs remain constant, and the relative weight of the anatomical/functional lung term 

is maintained. Consequently, beams originally irradiating HFL in ConvRT plans are 

preferably deflected to LFL instead of other OARs. 

 

In the plan optimization phase, incorporating functional dose objectives can reduce 

doses to HFL. We adapted and enhanced the meta-optimization-based approach to 

optimize the weights of conventional and functional dose objectives to achieve a 

balance. Compared to the priority-driven approach [20] which results in statistically 

significant dose increase in heart, spinal cord, and esophagus, our method better 

maintains the conventional dose metrics. A small compromise in functional dose 

metrics may potentially considerably improve conventional dose metrics, and such a 

compromise will be preferably made in clinical practice. However, the priority-driven 

approach fails to do so as it strictly follows a priority list and the priority of 

minimizing doses to functional lung is higher than conventional OARs. In contrast, 

the meta-optimization-based approach is more flexible and small compromises in 

functional dose metrics can be made only if they are clinically beneficial indicated by 

a lower plan score. 

 

Given the absence of established protocols for FLART currently, much effort is being 

made to develop a standardized protocol [13, 101]. AP-FLART can assist FLART 

research by providing labor-free, high-quality, and consistent FLART plans. For 

example, there are some controversies about which kind of patients may benefit from 
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FLART. The study by Li et al. [102] reported that patients with PTV surrounded by 

HFL may gain more dosimetric benefits from FLART plans while Munawar et al. 

observed inconsistent results [122]. The work by Christian et al. [22] concluded that 

patients with one large area of LFL benefit most from FLART plans while another 

study by Lavrenkov et al. [123] indicated that FLART plans are more beneficial in 

patients with non-uniform scattered-distributed LFL. These discrepancies may stem 

from the limited number of patient cases included in these studies and the plan 

variability caused by different planning strategies and different planners. AP-FLART 

alleviates these limitations by considerably lowering the barriers to including a larger 

dataset and ensuring plan consistency, thereby expediting the development of patient 

selection criteria and the standardization of FLART planning protocols. 

 

Upon the establishment of FLART protocols, AP-FLART will boost the widespread 

clinical application of FLART. Considering the scarce clinical experience and the 

difficulties introduced by the complex and patient-specific lung function distributions 

in FLART planning [27], it is of clinical significance for AP-FLART to assist beam 

angle selection and plan optimization. In this study, we utilized a specific FLART 

planning strategy including SPECT perfusion-based lung function imaging, threshold 

segmentation-based HFL, and linear weighting-based FWL to demonstrate the 

feasibility and effectiveness of AP-FLART. Nevertheless, it is anticipated to be still 

effective when using other strategies whichever are adopted by the protocol without 

much modification. It can accommodate other lung function imaging modalities such 
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as CT-based perfusion/ventilation images [61, 65, 102], other HFL definitions such as 

homogeneity deviation-based HFL [27], and other FWL definitions such as nonlinear 

weighting-based FWL [11]. Furthermore, when the benefits of minimizing functional 

dose metrics become more evident, the weights of functional dose metrics in the beam 

and plan scores can be increased to divert more doses away from HFL. 

 

A few limitations exist in the study presented in this section. First, the validation of 

AP-FLART's effectiveness was conducted on a limited dataset of 18 cases from a 

single center because data containing both RT and lung function imaging is scarce. 

Future studies will assess its performance on a larger multi-center dataset. Currently, 

AP-FLART is implemented in the open-source TPS matRad to demonstrate its 

technical feasibility and efficacy. Although we have adopted the dose mimicking 

algorithm to convert manual Eclipse plans into matRad plans for consistent 

comparison, there might still be some unaccounted differences since the reference 

manual plans were originally made using Eclipse TPSs. Future work will integrate the 

AP-FLART algorithm into clinical TPSs, such as Eclipse and RayStation to enable 

direct clinical evaluation. Implementing AP-FLART in clinical TPSs can also reduce 

planning time and facilitate broader clinical application through their efficient and 

well-validated dose calculation and plan optimization engines. 
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3.5 Conclusion 

In this section, a novel Automatic Planning framework for FLART (AP-FLART) was 

developed and validated. It integrates and enhances a dosimetric score-based beam 

angle selection method and a meta-optimization-based plan hyperparameter 

optimization approach. AP-FLART demonstrates the ability to generate radiotherapy 

plans of similar quality to manual plans within clinically acceptable time. Furthermore, 

AP-FLART can incorporate lung function information, employing either contour-

based or voxel-based strategies, to redirect doses from high function regions to low 

function regions without severely damaging conventional dose metrics. Effective dose 

redirection is jointly driven by function-guided beam angle selection and plan 

optimization. AP-FLART is of potential to improve FLART planning efficiency, 

consistency, and quality, and advance the research and clinical application of FLART. 
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4 Towards faster and better: Multi-modality guided dose prediction (MMDP)-

based auto-planning for FLART 

4.1 Introduction 

In the third section, we proposed a meta-optimization (MO)-based auto-planning 

algorithm for FLART. An MO approach [90] was employed to automate the 

adjustment of anatomical and functional objective hyperparameters driven by a 

predefined plan score function. Despite its promising performance, it suffers from a 

few limitations. First, the fixed plan score function fails to account for patient-specific 

anatomical and functional distributions, potentially leading to suboptimal FLART 

plans. Second, it relies on the automatic adjustment of dose objectives, neglecting the 

spatial information of dose distributions, which may compromise plan quality [35, 36]. 

Additionally, the relatively long planning time (around 1.5 hours per plan even with 

parallel planning optimization) hinders its clinical application, particularly for online 

adaptive radiotherapy where fast planning is demanded. 

 

Recently, deep learning (DL) techniques have been adopted to predict optimal dose 

distributions for RT [35, 36, 124-126]. They typically involve training neural network 

models to predict optimal dose distributions given planning CT images and contours 

of planning target volume (PTV) and OARs. The DL models can predict personalized, 

optimal voxel-wise dose distribution at real-time speeds by extracting features from 

patient-specific anatomical information. The DL-based dose prediction approaches 

have been proven to be effective in various tumor sites including head and neck [36], 
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breast [43], liver [44], prostate [45], cervical [46], and lung [35]. However, the 

existing dose prediction models have been limited to conventional anatomy-guided 

RT, with no studies addressing the development of dose distribution prediction models 

for FLART.  

 

In contrast to conventional anatomy-guided dose prediction models, dose prediction 

models for FLART shall incorporate an additional image modality—lung function 

images—to accurately predict function-guided dose distributions. However, the 

significant inter-patient variability of lung function distributions [27] poses challenges 

for the model to extract generalizable functional features, particularly given limited 

available training plans as FLART is an emerging technique and has not been widely 

adopted.  

 

Recognizing the research gap and challenges, this study [127] aims to develop an 

automatic lung dose painting algorithm that can automate voxel-based FLART 

planning. A novel multi-modality-guided dose prediction (MMDP) model is proposed 

to predict optimal function-painted dose distributions for FLART by extracting 

complementary features from anatomical and functional information. A super-voxel-

based method [61] is employed to generate lung function surrogate maps from widely 

available planning CT images,  enabling the MMDP model to learn to extract 

effective features from diverse lung function distributions. An instance-weighting 

anatomy-to-function training strategy is developed to enhance prediction accuracy. A 
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function-guided dose mimicking algorithm is proposed to translate the predicted dose 

distributions into FLART plans to achieve automatic lung dose painting. Notably, this 

study represents the first effort to develop a deep learning-based auto-planning 

method for FLART, aiming to improve FLART planning efficiency, consistency, and 

quality, ultimately advancing the research and clinical application of FLART. 

 

  



58 
 

4.2 Method 

4.2.1 Study design 

Figure 12 depicts the overall design of the study in this section. A total of 196 lung 

cancer patients underwent RT across three institutions were retrospectively or 

prospectively collected and divided into a training cohort and a testing cohort. For 

each case in the training cohort, a super-voxel-based CT-derived ventilation imaging 

(CTVI) algorithm [61] was utilized to generate lung ventilation surrogate maps. Each 

case in the testing cohort underwent SPECT scans—either perfusion (Q) or 

ventilation (V)—and the SPECT V/Q images served as lung function maps. The MO-

based auto-planning algorithm [67] was applied to generate conventional RT and 

FLART plans (referred to as MO-ConvRT and MO-FLART plans) guided by the lung 

function maps. The MMDP model was constructed and trained using high-quality 

plans selected from the generated plans. An instance-weighting anatomy-to-function 

training strategy was utilized to facilitate MMDP training. In the evaluation phase, we 

first evaluated the dose prediction accuracy of the MMDP model by comparing the 

predicted dose distributions against planning dose distributions on the testing cohort. 

Additionally, a function-guided dose mimicking algorithm was implemented to 

convert the predicted dose distributions into FLART plans (referred to as MMDP-

FLART plans) for all cases in the testing cohort. The MMDP-FLART plans were 

compared against MO-ConvRT plans, MO-FLART plans, manual conventional RT 

(MA-ConvRT) plans, and manual FLART (MA-FLART) plans respectively to assess 

the performance of the proposed MMDP-based automatic lung dose painting 
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algorithm. 

 

 

Figure 12. Overall design of the study in this section. 

 

4.2.2 Patient data 

Three retrospective datasets and one prospective dataset including a total of 196 lung 

cancer patient cases received RT were collected for model development and 

evaluation. The first dataset (Dataset_1) containing 122 patient cases was 

retrospectively collected from the Affiliated Cancer Hospital of Zhengzhou University. 

The second retrospective dataset (Dataset_2) containing 20 patient cases was 4D-

Lung dataset, a publicly available dataset in the Cancer Imaging Archive from the 

National Cancer Institute [128, 129]. Each patient case in the first two datasets 

contains planning CT images and corresponding contours of tumors and OARs. The 

third dataset (Dataset_3) was prospectively collected from the Affiliated Cancer 
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Hospital of Zhengzhou University, and 33 patient cases were included. In addition to 

planning CT images and contours, each patient underwent perfusion SPECT/CT scans. 

The fourth dataset (Dataset_4) was from the VAMPIRE dataset [58], containing 

ventilation SPECT/CT images and planning CT images of 21 patients retrospectively 

obtained from Stanford University [130]. The tumors and OARs were contoured by 

oncologists.  

 

4.2.3 Lung function mapping and RT planning 

The super-voxel-based CTVI algorithm [61] was applied to generate lung ventilation 

surrogate maps from planning CT images for Dataset_1 and Dataset_2. For each 

patient, the Simple Linear Iterative Clustering algorithm was first adopted to segment 

the lung volume of the planning CT into hundreds of super voxels. The mean density 

value (DENmean) of each super voxel was then calculated and converted into 

corresponding mean function value (Fmean) according to the established relationship 

between DENmean and Fmean. Finally, interpolation was performed to generate voxel-

wise lung function surrogate maps that matched the resolution and dimensions of the 

planning CT images. For patients in Dataset_3, rigid registration was performed to 

register the attenuation correction CT images from perfusion SPECT/CT scans with 

corresponding planning CT images based on MIM platform (MIM Software Inc., 

Cleveland, OH, USA). The resulting transformations were directly utilized to align 

SPECT Q images with planning CT images. Trilinear interpolation was then 

performed to match the dimensions of SPECT Q images with those of planning CT 
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images. The SPECT V images from Dateset_4 have been registered and interpolated 

to match the locations and dimensions of corresponding planning CT images in the 

VAMPIRE challenge. Following the VAMPIRE challenge [58], an iterative 

thresholding-based method [131] was adopted to mitigate the influence of spurious 

ventilation values from the SPECT V images. The generated lung function surrogate 

maps and matched SPECT V/Q images were normalized to the mean intensity value 

within the lung volume to generate final lung function maps, which were utilized to 

guide lung dose painting in FLART planning.  

 

A fully automatic planning framework was applied to generate conventional RT and 

FLART plans for all collected cases, with high-quality plans selected for training and 

evaluating the MMDP model [67]. The auto-planning framework encompasses a 

dosimetric score-based beam angle selection algorithm and a MO-based plan 

hyperparameter optimization algorithm [90, 107] as detailed in Section 3. It can 

automatically generate intensity modulated radiation therapy (IMRT)-based 

conventional RT plans by sequentially executing beam angle selection, plan 

hyperparameter optimization, and final plan generation. The beam angle selection 

algorithm quantifies the quality of each beam angle through beamlet-wise dose 

calculations and a beam score function. The MO-based plan hyperparameter 

optimization algorithm employs the Nelder-Mead simplex search algorithm [116] to 

adjust weights of different dose objectives, minimizing a plan score function. 

Furthermore, given lung function maps, it can incorporate voxel-based functional 
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dose objectives into beam angle selection and plan optimization to achieve lung dose 

painting and produce FLART plans. The MO-based auto-planning framework was 

directly utilized without modifications, aside from adjustments to the number of beam 

angles, generating five paired MO-ConvRT and MO-FLART plans with beam angle 

numbers ranging from five to nine for each case. A total of 980 pairs of MO-ConvRT 

and MO-FLART plans corresponding to 196 patients were obtained. High-quality 

MO-FLART plans that effectively reduced functionally weighted mean lung dose 

(fMLD) compared to corresponding MO-ConvRT plans were selected for MMDP 

model training and evaluation. Consequently, 508 and 214 high-quality MO-FLART 

plans were chosen from the training and testing cohorts respectively. The training 

cohort was randomly divided at the patient level into a training dataset containing 114 

patients and a validation dataset containing 28 patients. 

 

4.2.4 MMDP model architecture and training 

A novel multi-modality neural network was developed and trained to predict voxel-

wise optimal function-guided dose distributions given anatomical and functional 

inputs. As shown in Figure 13(a), the MMDP model was built upon the classic 3D U-

net model [132], featuring two encoders and attention-based fusion modules that 

differentiate it from the standard 3D U-Net. The dual encoders are designed to extract 

useful and complementary features from anatomical and functional inputs respectively. 

The extracted anatomical and functional features are fused and enhanced via the 

attention-based fusion modules consisting of channel attention blocks [133] and 
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spatial attention blocks [134]. As illustrated in Figure 13(a), the channel attention 

blocks can highlight salient feature channels, and the spatial attention blocks can 

highlight salient feature regions. The decoder then utilizes the fused features to 

generate the optimal dose distributions. Detailed specifications of the MMDP model 

architecture are provided in Appendix 6.2. 

 

Figure 13. (a) The architecture of the proposed MMDP model. (b) Illustration of the 

instance-weighting anatomy-to-function training strategy. 

 

As illustrated in Figure 13(b), an anatomy-to-function two-stage training strategy 
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based on transfer learning was employed to improve the accuracy of MMDP 

prediction. Given the substantial similarities between conventional lung RT planning 

and FLART planning, the MMDP model was initially pretrained using MO-ConvRT 

plan data and subsequently fine-tuned with MO-FLART plan data. This approach 

emulates the process by which human planners accumulate experience, progressing 

from simpler conventional lung RT planning to the more complex FLART planning. 

By leveraging knowledge from related conventional lung RT plans, this strategy can 

enhance the performance of the MMDP model, particularly when the availability of 

FLART plans is limited. To further enhance the MMDP’s performance, an instance-

weighting strategy was devised to prioritize instances with more FLART-specific 

knowledge. Specifically, for each high-quality MO-FLART plan, a functional 

dosimetric gain—defined as the difference in fMLD compared to corresponding MO-

ConvRT plan—was calculated. It can quantify the disparity of the MO-FLART plan 

relative to its MO-ConvRT counterpart, indicating the degree of FLART-specific 

knowledge involved. In the second training stage, the loss of each training instance 

was weighted according to its functional dosimetric gain to encourage the MMDP 

model to extract salient and useful functional features. 

 

In the first training stage, the loss function consists of mean absolute error (MAE) loss 

and dose-volume histogram (DVH) loss [135]. The MAE loss provides voxel-wise 

guidance to induce the predicted dose distributions close to the ground truth. The 

DVH loss is applied to improve the prediction accuracy of clinically important DVH 
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metrics [135]. In the second stage, in addition to MAE and DVH losses, a functionally 

weighted mean absolute error (fMAE) loss and a dose function histogram (DFH) loss 

are included to promote the prediction accuracy of function-guided dose distributions. 

The definitions of MAE, fMAE, DVH, and DFH loss are presented at Appendix 6.2. 

The instance weighting strategy is formulated as Equation (4.1) and (4.2). 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑗𝑗𝑀𝑀𝑀𝑀−𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 and 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑗𝑗𝑀𝑀𝑀𝑀−𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 indicate fMLD values of the jth MO-FLART 

plan and its corresponding MO-ConvRT plan respectively. 𝑛𝑛𝑀𝑀𝑀𝑀−𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹  is the total 

number of high-quality MO-FLART plans in the training cohort. Each training 

instance’s loss function is weighted by the normalized functional dosimetric gain 

value. 

𝑊𝑊𝑗𝑗 =  
𝑛𝑛𝑀𝑀𝑀𝑀−𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑗𝑗𝑀𝑀𝑀𝑀−𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 −  𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑗𝑗𝑀𝑀𝑀𝑀−𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹) 
∑ (𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑗𝑗𝑀𝑀𝑀𝑀−𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 −  𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑗𝑗𝑀𝑀𝑀𝑀−𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹)𝑗𝑗∊𝑛𝑛𝑀𝑀𝑀𝑀−𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹

(4.1) 

𝐿𝐿𝐼𝐼𝐼𝐼
𝑗𝑗 =  𝑊𝑊𝑗𝑗 𝐿𝐿𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹

𝑗𝑗  (4.2) 

The MMDP model was trained using the Adam optimizer with momentum parameters 

β₁ = 0.9, β₂ = 0.999. In the first training stage, the MMDP model was trained to 

predict conventional RT planning dose maps. The initial learning rate was set to 

0.0001 and halved after 100 epochs with the maximum epoch number of 200. The 

batch size was set to be 1. In the second training stage, the pre-trained MMDP model 

was trained to predict function-guided dose maps with the anatomical encoder frozen. 

The learning rate was set to 0.00005, with a maximum epoch number of 50 and a 

batch size of 1. An early stopping strategy was employed in both stages, halting the 

training process when the model's performance on the validation dataset no longer 

showed improvement. The model was developed and trained using PyTorch, utilizing 
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an NVIDIA RTX 4090D GPU. 

 

4.2.5 Function-guided dose mimicking 

A function-guided dose mimicking algorithm, which can incorporate voxel-wise lung 

function information to assist lung dose painting, was developed to convert function-

guided dose maps predicted by the MMDP model into FLART plans [36, 120]. The 

predicted dose maps were first preprocessed to obtain clinically preferable dose 

distributions by increasing dose homogeneity of PTV and reducing dose to OARs as 

formulated by Equation (4.3) [136]. 𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 , 𝐷𝐷𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝 , and 𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝  denote predicted dose, 

processed dose, and prescription dose respectively. The factors 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 and 𝑓𝑓𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 control 

the extent of the preprocessing, set to 0.5 and 0.05 respectively. 

𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝 =  �

(1 − 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃)𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃𝐷𝐷𝑖𝑖

𝑝𝑝𝑝𝑝, 𝑖𝑖 ∊  𝑃𝑃𝑃𝑃𝑃𝑃
(1 − 𝑓𝑓𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂)𝐷𝐷𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 , 𝑖𝑖 ∊  𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂
𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ,   𝑖𝑖 ∊   𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 − 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 − 𝑃𝑃𝑃𝑃𝑃𝑃

                 (4.3) 

The processed dose maps were then utilized to guide plan generation through dose 

mimicking, formulated as: 
min
𝑥𝑥

 𝑤𝑤𝑃𝑃𝑃𝑃𝑃𝑃
𝑛𝑛𝑃𝑃𝑃𝑃𝑃𝑃

� �𝐷𝐷𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 − 𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝�2

𝑖𝑖∈𝑃𝑃𝑃𝑃𝑃𝑃

+ �
𝑤𝑤𝑠𝑠
𝑛𝑛𝑠𝑠
�𝐻𝐻�𝐷𝐷𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 − 𝐷𝐷𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝��𝐷𝐷𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 − 𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝�2

𝑖𝑖∈𝑠𝑠𝑠𝑠∈𝑆𝑆

+
𝑤𝑤𝐹𝐹
𝑛𝑛𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

� 𝐻𝐻�𝐷𝐷𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 − 𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝�𝑓𝑓𝑖𝑖�𝐷𝐷𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 − 𝐷𝐷𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝�2

𝑖𝑖∈𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

(4.4) 

𝑠𝑠. 𝑡𝑡. 𝑥𝑥 ≥ 0 

𝐷𝐷𝑐𝑐𝑐𝑐𝑐𝑐��������⃗ = 𝐷𝐷𝑥⃗𝑥  

Where 𝑥⃗𝑥 , and 𝐷𝐷𝑐𝑐𝑐𝑐𝑐𝑐��������⃗  represent the fluence map and the calculated dose distribution 

respectively. 𝑓𝑓𝑖𝑖 represents the functional weight to lung voxel i. w and n refer to the 

weights and the total number of voxels for various anatomical or functional structures. 

H is the Heaviside function. The weights assigned to PTV, functional lung, spinal cord, 
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esophagus, heart, and normal tissue were 800, 800, 600, 400, 400, and 200, 

respectively, reflecting their clinical priority. The voxel-wise function-guided dose 

mimicking algorithm was implemented based on the open-source treatment planning 

system (TPS) matRad [117]. Specifically, the pencil beam dose engine was employed 

to calculate the dose influence matrix. The Interior Point OPTimizer (IPOPT)-based 

fluence map optimization algorithm was utilized to generate optimal fluence maps by 

solving the optimization problem (4.4). Static segmentation-based leaf sequencing 

and direct aperture optimization were then sequentially performed to generate final 

plans. The dose calculation and plan optimization algorithms used in the dose 

mimicking process were the same as those used in MO-based planning for consistent 

comparison. 

 

4.2.6 Dose prediction accuracy evaluation 

To evaluate the prediction accuracy of the MMDP model, the predicted dose 

distributions were compared against planning dose distributions in the testing dataset 

consisting of 214 high-quality MO-FLART plans. The predicted and planning dose 

distributions were normalized to ensure mean dose to PTV equal to the prescription 

dose of 60 Gy for consistent comparison. The evaluation metrics include prediction 

errors for DVH and DFH metrics of clinical importance, as well as the DVH score 

and Dose score utilized in the OpenKBP challenge [124]. The DVH score is defined 

as the MAE of predicted DVH metrics including D99, D95 and D1 for PTV, Dmean and 

D0.1cc for spinal cord, heart, lung, and esophagus. The Dose score is the voxel-wise 
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MAE of predicted dose maps within the body. 

 

Three ablation studies were conducted to validate the effectiveness of the proposed 

instance-weighting anatomy-to-function training strategy and multi-modality learning. 

In the first study, the MMDP model was directly trained from scratch using the 

sparing MO-FLART plans without the instance weighting loss function (referred to as 

MMDP_NT). In the second study, the MMDP model was trained through anatomy-to-

function training without the instance weighting loss function (referred to as 

MMDP_A2F). For the final study, the functional encoder and its inputs were removed 

from the MMDP model, resulting in a traditional anatomy-guided dose prediction 

(ADP) model. Notably, the channel numbers of the anatomical encoder were 

increased accordingly to exclude the unwanted influence of parameter numbers to 

model performance. The ablation models were compared against the full MMDP 

model trained through instance-weighting anatomy-to-function training. The ablation 

models were evaluated on sparing plans from the external testing dataset as the 

MMDP model was trained to predict dose distributions close to sparing FLART plans. 

 

  

4.2.7 Automatic planning performance evaluation 

To assess the quality of FLART plans guided by the MMDP model, the predicted dose 

maps were converted into FLART plans through function-guided dose mimicking, 

producing 270 MMDP-FLART plans for 54 patients in the testing cohort. The 
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MMDP-FLART plans were compared against MO-ConvRT and MO-FLART plans to 

assess the performance of the proposed automatic lung dose painting framework.  

 

The MMDP-FLART plans were also compared against MA-ConvRT and MA-FLART 

plans to evaluate the auto-planning performance. All manual plans were created using 

Eclipse TPS (version 16.1, Varian Medical Systems, Palo Alto, CA). For each testing 

case, an experienced physicist first created a ConvRT plan following institutional 

guidelines. With the MA-ConvRT plan as a baseline, a FLART plan was then created 

by additionally considering lung function information. Another experienced physicist 

reviewed and approved all manual plans. The details of manual planning are presented 

at Appendix 6.2. A total of 54 pairs of MA-ConvRT and MA-FLART plans were 

created and compared against MMDP-FLART plans. All plans were normalized to 

ensure PTV D95 equal to the prescription dose of 60 Gy for consistent comparison. 

Two critical DFH metrics for radiation pneumonitis prediction including fMLD and 

F20 were evaluated [11]. 
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4.3 Results 

4.3.1 Dose prediction accuracy evaluation 

Table 3. The prediction errors and prediction absolute errors in relevant DFH and 
DVH metrics for the MMDP model on the high-quality MO-FLART plan testing 
dataset. 

  Error Absolute error 
  25% 50% 75% Mean ± SD Mean ± SD 

fMLD (Gy) -0.25 0.06 0.40 0.10 ± 0.57 0.41 ± 0.40 
F20 (%) -0.56 0.23 1.58 0.55 ± 2.02 1.46 ± 1.50 

PTV D99 (Gy) -1.05 -0.42 0.21 -0.45 ± 1.01 0.87 ± 0.69 
PTV D95 (Gy) -0.91 -0.56 -0.21 -0.56 ± 0.47 0.61 ± 0.41 
PTV D5 (Gy) 0.07 0.28 0.56 0.32 ± 0.33 0.37 ± 0.28 
PTV D1 (Gy) 0.00 0.28 0.63 0.34 ± 0.56 0.48 ± 0.44 

Lung Dmean (Gy) -0.27 -0.03 0.24 0.03 ± 0.49 0.36 ± 0.34 
Lung V20 (%) -0.59 0.26 1.38 0.42 ± 2.00 1.45 ± 1.45 
Lung V5 (%) 0.06 0.84 2.27 1.42 ± 2.23 1.73 ± 2.00 

SpinalCord Dmax (Gy) -4.76 -0.88 1.72 -1.03 ± 5.67 4.37 ± 3.76 
Esophagus Dmean (Gy) -0.25 0.26 1.53 1.02 ± 2.46 1.63 ± 2.11 

Esophagus D1 (Gy) -0.68 -0.07 3.26 2.36 ± 6.36 3.95 ± 5.52 
Heart Dmean (Gy) -0.03 0.30 1.00 0.43 ± 1.27 0.91 ± 0.98 

Heart V40 (%) 0.00 0.00 0.26 0.01 ± 0.94 0.41 ± 0.84 
Abbreviations: fMLD = functionally weighted mean lung dose; Fx = portion of lung 
function irradiated by dose higher than x Gy; Dmean = mean dose; Dmax = maximal dose; Vx 
= portion of structure volume irradiated by dose higher than x Gy; Dx = minimum dose to 
the “hottest” x% of structure volume. 

 

Table 3 presents the prediction errors of the MMDP model across various clinically 

important DVH and DFH metrics, with the high-quality MO-FLART plans in the 

testing cohort as references. Overall, the median prediction errors for all assessed 

DVH and DFH metrics were within ±1Gy/±1%. The mean DVH score and Dose score 

were 1.94 Gy and 1.14 Gy respectively. These results indicate that the MMDP model 

could predict dose distributions close to high-quality FLART plans. 
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4.3.2 Ablation study results 

 

Figure 14. Boxplots summarizing the ablation study results. Prediction errors are 

defined as prediction results minus planning results. Boxes represent interquartile 

ranges. Dashed and solid lines within boxes indicate mean and median values 

respectively. Open circles stand for outlier values. Wilcoxon Signed-Rank test is 

utilized to calculate significance values, and the results are annotated by ns for p > 

0.05 and * for p ≤ 0.05. Abbreviations: MMDP_NT = MMDP model trained through 

naive training; MMDP_A2F = MMDP model trained through anatomy-to-function 

two-stage training; MMDP = MMDP model trained through instance-weighting 

anatomy-to-function two-stage training; ADP = Anatomy-guided dose prediction 

model. 
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Figure 14 compares the performance of the three ablation models against the MMDP 

model on the testing dataset. Compared with the MMDP_NT model, prediction errors 

for fMLD and F20 were significantly reduced from 0.40 ± 0.58 Gy and 1.38 ± 2.10% 

to 0.29 ± 0.62 Gy (p < 0.01) and 1.05 ± 2.26% (p < 0.01) respectively through 

anatomy-to-function training (MMDP_A2F). The MMDP model further reduced 

prediction errors for fMLD and F20 to 0.10 ± 0.57 Gy (p < 0.01) and 0.55 ± 2.02% (p 

< 0.01) respectively. Compared to the MMDP_NT model, the MMDP model 

significantly reduced prediction absolute errors for fMLD and F20 by 22.64% and 

17.05% respectively. These results indicate that the instance-weighting anatomy-to-

function training strategy can effectively improve the MMDP’s prediction accuracy in 

function-painted dose distributions. The ADP model exhibited significant 

overestimations for fMLD (0.30 ± 0.60 Gy, p < 0.01) and F20 (1.21 ± 2.24%, p < 0.01) 

compared to the MMDP model. Regarding prediction absolute errors for fMLD and 

F20, the MMDP model achieved an accuracy improvement by 12.77% and 12.57% 

respectively compared to the ADP model. These results indicate that the MMDP 

model can effectively extract complementary features from functional inputs, 

enhancing dose prediction accuracy. 
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4.3.3 Automatic planning performance evaluation 

 

Figure 15. Boxplots and DFH curves summarizing the results of auto-planning 

performance evaluation on the testing cohort. The first two rows compare MMDP-

FLART plans against corresponding MO-ConvRT and MO-FLART plans on the high-

quality and low-quality MO-FLART plan datasets respectively. The last two rows 
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compare MMDP-FLART plans against corresponding MA-ConvRT and MA-FLART 

plans on the SPECT V and Q datasets respectively. Wilcoxon Signed-Rank test is 

utilized to calculate significance values, and the results are annotated by ns for p > 

0.05 and * for p ≤ 0.05. In the DFH plots, solid and dashed lines represent mean and 

standard deviation of DFH curves respectively. Insets elucidate the DFH difference 

between FLART plans and ConvRT plans. 

 

Figure 15 compares MMDP-FLART plans with MO-ConvRT and MO-FLART plans 

in terms of DFH metrics on the testing cohort. MMDP-FLART plans achieved 

comparable fMLD and F20 compared to high-quality MO-FLART plans, while 

significantly reducing fMLD and F20 compared to low-quality MO-FLART plans. 

Compared to MA-ConvRT plans, MMDP-FLART effectively reduced fMLD from 

7.28 ± 3.35 Gy on the high-quality dataset and 7.56 ± 3.91 Gy on the low-quality 

dataset to 6.57 ± 3.05 Gy (p < 0.001) and 7.37 ± 3.67 Gy (p = 0.002) respectively. 

Overall, MMDP-FLART plans demonstrate comparable or superior performance in 

reducing DFH metrics compared to MO-FLART plans. 

 

Figure 15 also shows comparisons between MMDP-FLART plans against MA-

ConvRT and MA-FLART plans on the SPECT V and Q datasets. MMDP-FLART 

plans showed a lower fMLD on the SPECT V dataset (5.91 ± 3.04 Gy versus 6.15 ± 

3.03 Gy, p < 0.001) while a higher F20 on the SPECT Q dataset compared to MA-

FLART plans (13.90 ± 6.82% versus  12.39 ± 5.37%, p < 0.001). Nevertheless, on 
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SPECT V and Q datasets, MMDP-FLART plans significantly reduced fMLD from 

6.71 ± 3.20 Gy and 7.73 ± 2.75 Gy for MA-ConvRT plans to 5.91 ± 3.04 Gy (p < 

0.001) and 7.27 ± 3.20 Gy (p < 0.001) respectively. Detailed comparisons between 

MMDP-FLART plans and manual plans in terms of clinically important DVH and 

DFH metrics are provided in Appendix 6.2. While MMDP-FLART plans exhibited 

inferior homogeneity and higher PTV D1, they demonstrated better conformity and 

lower dose to esophagus and heart compared to MA-FLART plans. 

 

Figure 16 illustrates the effectiveness of lung dose painting achieved by MMDP-

FLART plans with MA-ConvRT plans as references. As shown in Figure 16(a-b), for 

both SPECT V and Q datasets, increasing the thresholds defining functional lung 

volumes resulted in a gradual decrease in the Dmean of functional lung volumes for 

MMDP-FLART plans, with the differences in Dmean between MA-ConvRT and 

MMDP-FLART plans increasing correspondingly. Figure 16(c-d) reveal that dose to 

HFL volumes were reduced and redirected to LFL volumes. Notably, the reductions 

in Dmean generally increased as the functional values of the lung volumes increased. 

These results demonstrate that the proposed MMDP-based auto-planning algorithm 

can achieve effective lung dose painting guided by either SPECT V or Q images. 
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Figure 16. (a-b) Comparison between MA-ConvRT plans and MMDP-FLART plans 

in mean dose to different functional lung volumes on the SPECT V and SPECT Q 

datasets. (c-d) Statistical results of mean dose reduction to different functional lung 

volumes achieved by MMDP-FLART plans compared to MA-ConvRT plans on the 

SPECT V and SPECT Q datasets. Error bars indicate 95% confidence interval. 

Abbreviations: FL_X% = functional lung volume with functional values higher than 

X percentile. FL_X-Y% = functional lung volume with functional values ranging 

from X percentile to Y percentile. MA-ConvRT = manual conventional RT plans; 

MMDP-FLART = MMDP-based FLART plans. 
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4.4 Discussion 

Substantial retrospective and prospective clinical studies for FLART have been 

conducted or are currently underway, aiming at validating the clinical benefits [18, 19, 

25, 137] and establishing standardized protocols for FLART [11, 22, 102, 123]. While 

promising results have emerged [18, 19, 25], discrepancies among various studies 

persist [11, 22, 123, 137]. One potential reason for these controversies is the inter-

planner and inter-institution variability in FLART planning. The clinical 

implementation of FLART is also hindered by the challenging nature of FLART 

planning induced by the lack of clinical experience and the intra-patient heterogeneity 

as well as inter-patient variability of lung function distributions [27]. An auto-

planning tool for FLART could reduce the inter-planner and inter-institution 

variability as well as human burdens in FLART planning, assisting research and 

clinical applications of FLART. In the study of this section, we developed an auto-

planning algorithm for FLART consisting of a novel MMDP model and a function-

guided dose mimicking algorithm.  

 

The MMDP model can extract complementary features from anatomical and 

functional information to predict function-guided dose distributions close to high-

quality FLART plans. The prediction accuracy for conventional DVH metrics is 

comparable to, or even superior to, that of ADP models for conventional lung RT 

previously proposed by Barragán-Montero et al. [35] and Dahiya et al. [138] 

Specifically, the prediction absolute errors for lung Dmean and V20 are 0.36 ± 0.34 Gy 

and 1.45 ± 1.45% for MMDP, compared to 0.68 ± 0.56 Gy and 2.67 ± 2.87% for the 
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Barragán-Montero et al.’s model. The DVH and Dose scores are 1.94 Gy and 1.14 

Gy for MMDP versus 1.92 Gy and 1.27 Gy for the Dahiya et al.’s model. 

Furthermore, the MMDP model has the advantage of extracting complementary 

functional features from functional information and promoting prediction accuracy for 

function-guided dose distributions as evidenced by ablation study results.  

 

Inspired by studies [139-142] utilizing consistent and high-quality automatic plans 

generated by auto-planning tools to train deep learning-based dose prediction models, 

we applied the MO-based auto-planning method to generate MO-based plans, and 

selected sparing plans for MMDP model training. As a result, the MMDP model can 

predict DFH metrics close to sparing MO-FLART plans. When combined with the 

function-guided dose mimicking algorithm, the MMDP-FLART plans demonstrated 

quality comparable to sparing MO-FLART plans and significantly outperformed non-

sparing MO-FLART plans in lung dose painting. The MMDP-based auto-planning 

algorithm also exhibits advantages in implementation complexity and planning 

efficiency. The MO-based auto-planning algorithm typically requires 0.5 to 1 hour to 

complete plan hyperparameter optimization for a single plan, even with parallel plan 

optimization, which is challenging to implement in clinical TPSs. In contrast, MMDP 

can predict dose distributions with sub-second speed and without demanding parallel 

plan optimization, making it a promising option for online adaptive radiotherapy 

planning and instantaneous treatment planning [141]. This strategy can also be 

applied to develop dose prediction models for other emerging RT techniques or for 
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cancers with low incidence rates. 

 

Compared to MA-ConvRT plans, MMDP-FLART plans significantly reduced fMLD 

by 0.80 Gy (11.9%) and 0.46 Gy (6.0%) on the SPECT V and Q datasets respectively, 

which can potentially enhance lung function protection and reduce pulmonary side 

effects. Notably, MMDP-FLART plans demonstrate effective lung dose painting on 

both SPECT V and Q datasets. Most existing FLART clinical trials have adopted the 

contour-based FLART planning strategy yet different HFL definitions and different 

lung function mapping techniques [18, 23, 24, 137]. As shown in Figure 16, the lung 

dose painting strategy can effectively reduce doses to various HFL volumes with 

different thresholds. Furthermore, the degree of dose reduction is positively correlated 

with the HFL threshold, aligning with the principles underlying FLART. The MMDP 

model was trained using CTVI and showed good performance on SPECT V/Q 

datasets, demonstrating its good generalizability to various lung function mapping 

techniques. 

 

One limitation of this study is that the performance and preference of the MMDP-

based auto-planning algorithm are dependent on the quality and preference of training 

data. While MMDP-FLART plans exhibited lower fMLD on the SPECT V dataset, 

they showed higher F20 on the SPECT Q dataset compared to MA-FLART plans. 

Nevertheless, MMDP-FLART plans also showed lower doses to heart and esophagus 

compared to MA-FLART or even MA-ConvRT plans as presented at Appendix 6.2. 
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The discrepancy can be attributed to the preference difference between MO-FLART 

and manual planning. Further improvements to the MMDP model’s lung function 

protection capabilities could be achieved by incorporating training data that prioritize 

better lung function protection, potentially generated through modified MO-based 

auto-planning or manual planning. In addition, we have demonstrated the feasibility 

and efficacy of the automatic lung dose painting algorithm based on the open-source 

TPS matRad. We will implement this algorithm on clinical TPSs for clinical 

evaluation and application in the future. 
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4.5 Conclusion 

In this section, we developed a novel multi-modality learning-based automatic 

planning algorithm for FLART, building on the MO-based method. It comprises a 

multi-modality-guided dose prediction (MMDP) model and a function-guided dose 

mimicking algorithm. The MMDP model can extract complementary and useful 

features from anatomical and functional inputs to predict dose distributions close to 

high-quality voxel-based FLART plans. An instance-weighting anatomy-to-function 

training strategy is designed to enhance dose prediction accuracy. The function-guided 

dose mimicking algorithm can convert predicted dose distributions into FLART plans, 

demonstrating significant reductions in functional dose metrics and effective lung 

dose painting compared to manual conventional RT plans on SPECT V and Q datasets. 

The MMDP-based auto-planning algorithm outperforms the MO-based algorithm in 

planning quality and efficiency. 
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5 Towards clinical application: Clinical implementation and evaluation of MO-

based and MMDP-based auto-planning algorithms for FLART 

5.1 Introduction 

In the preceding sections, two auto-planning algorithms for Functional Lung 

Avoidance Radiotherapy (FLART) were developed and their feasibility and 

effectiveness were preliminarily demonstrated using the open-source treatment 

planning system (TPS), matRad. Although matRad is widely utilized in research 

settings due to its open-source accessibility, it has not been extensively adopted in 

clinical practice. The initial evaluation of the proposed auto-planning algorithms was 

conducted using various quantitative dose metrics, as presented in Table 2, Table 17, 

and Table 18. However, while these metrics provide objective measures of plan 

quality, they do not fully encompass clinical acceptability or preferences. 

 

To facilitate the clinical translation of the proposed auto-planning algorithms, this 

section focuses on their clinical implementation and evaluation. The proposed auto-

planning algorithms will be integrated into clinical TPS. The clinical performance and 

clinical benefits of the auto-planning algorithms will be assessed through both 

quantitative dose metrics and qualitative blind review. Specifically, automatic FLART 

plans will be compared with manual FLART and conventional radiotherapy (ConvRT) 

plans in terms of quantitative dose metrics and normal tissue complication 

probabilities (NTCPs) for both anatomical and functional OARs, thereby evaluating 

plan quality and the effectiveness of lung function protection. Furthermore, the 
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clinical acceptability and preference for automatic versus manual FLART plans will 

be reviewed and ranked by experienced clinicians to comprehensively assess the 

clinical performance of the two auto-planning algorithms. The planning time 

associated with the two auto-planning algorithms and manual planning will be 

compared to evaluate planning efficiency. Additionally, the FLART planning results 

by a junior planner with and without the assistance of the developed AP-FLART 

system will be compared, aiming at evaluating the potential of the system in 

facilitating the broader clinical adoption of the emerging FLART technique. 
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5.2 Method 

5.2.1 Patient data and preprocessing 

Table 4. Patient and plan data used in this study 

Dataset Dataset #1 Dataset #2 Dataset #3 Dataset #4 

Source GDP-HMM 
Dataset[143] 

HNC Hospital 
& 4D-Lung 
Dataset[129] 

Stanford 
University[130] HNC Hospital 

Patient 
number 753 142 21 62 

Function 
map None CTVI SPECT V SPECT Q 

Plan 
number 

753 ConvRT 
plans 

710 ConvRT 
plans & 508 

FLART plans   

21 pairs of 
ConvRT/FLAR

T plans 

62 pairs of 
ConvRT/FLAR

T plans 
Planning 
method 

AIRTP-based 
auto-planning 

MO-based auto-
planning Manual planning 

Utilization MMDP model pretraining MMDP model fine-tuning; 
Clinical evaluation 

Note: HNC Hospital = Henan Cancer Hospital; CTVI = CT-derived Ventilation 
Imaging; AIRTP = Automated Iterative RT Planning[143] 

 

As summarized in Table 4, a total of four datasets comprising 2,137 plans from 978 

patients were utilized for the development of the MMDP model and the clinical 

evaluation of both MMDP-based and MO-based auto-planning algorithms. The first 

dataset includes all lung IMRT plans from the GDP-HMM dataset, which were 

generated using the Automated Iterative Radiotherapy Planning (AIRTP)-based auto-

planning algorithm [143]. The second dataset consists of planning CT images and 

contours for OARs and PTV, collected from Henan Cancer Hospital (122 patients) 

and the 4D-Lung dataset (20 patients). The super-voxel-based CTVI algorithm was 

employed to generate CTVI from the planning CT images. Conventional radiotherapy 

(ConvRT) and FLART plans were generated from planning CT images, contours, and 
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CTVI using the MO-based auto-planning algorithm. Further details regarding the 

second dataset are provided in Section 4.2.2.  

 

The third dataset is a subset of the VAMPIRE dataset [58], consisting of planning CT 

images, contours, and SPECT ventilation images for 21 patients. The fourth dataset is 

prospectively collected from Henan Cancer Hospital containing planning CT images, 

contours, and SPECT perfusion images for 62 lung cancer patients underwent RT. For 

each patient from the third and fourth datasets, a senior physicist manually created a 

pair of ConvRT and FLART plans. Another senior physicist reviewed and approved 

all manual plans. The details regarding manual planning are presented at Appendix 

6.3. Given the plan data from the first and second datasets are generated from auto-

planning algorithms without clinical review, they are used for pretraining the MMDP 

model, enhancing its generalizability across different patients. The well-curated 

manual plans from the third and fourth datasets are used for fine-tuning the MMDP 

model and evaluating the clinical performance of the MMDP-based and MO-based 

auto-planning algorithms for FLART. 

 

Figure 17 depicts the workflow of fusing lung function images into planning CT 

images for guiding FLART planning. For patients in the fourth dataset, rigid 

registration was performed to register the attenuation correction CT images from 

perfusion SPECT/CT scans with corresponding planning CT images based on MIM 

platform (MIM Software Inc., Cleveland, OH, USA). The resulting transformations 
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were directly utilized to align SPECT Q images with planning CT images. Trilinear 

interpolation was then performed to match the dimensions of SPECT Q images with 

those of planning CT images. The SPECT V images from the third dataset have been 

registered and interpolated to match the locations and dimensions of corresponding 

planning CT images in the VAMPIRE challenge. Following the VAMPIRE challenge 

[58], an iterative thresholding-based method [131] was adopted to mitigate the 

influence of spurious ventilation values from the SPECT V images. The registered 

SPECT images were normalized into percentile functional maps by replacing the 

functional value of each voxel with the corresponding cumulative distribution 

function value, ranging from the 0th to 100th percentile, as described in previous 

studies [19, 144, 145]. The whole lung, excluding the PTV, was divided into ten 

functional lung contours according to the percentile functional map, which were then 

used to guide FLART planning and approximate voxel-wise FLART planning. Each 

functional lung contour, denoted as “FL_i*10_(i+1)*10” with i ∈ [0,1,2,…,9] 

represents lung regions (excluding PTV) with functional values ranging from the 

i*10th percentile to (i+1)*10th percentile. 

 



87 
 

 

Figure 17. The flowchart of data preprocessing including the registration between 

SPECT and planning CT as well as the generation of functional contours. 

 

5.2.2 Clinical implementation of MMDP-based auto-planning 

 

 

Figure 18. Overview and workflow of the multi-modality-guided dose prediction 
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(MMDP)-based auto-planning algorithm implemented in clinical treatment planning 

system RayStation (RaySearch Laboratories, Stockholm, Sweden). 

 

As illustrated in Figure 18(a), the MMDP-based auto-planning algorithm comprises 

two primary components: a dosimetric score-based beam angle selection algorithm 

and an MMDP-based automatic plan optimization algorithm. The dosimetric score-

based beam angle selection algorithm quantifies the quality of each candidate beam 

angle through beamlet-wise dose calculations, enabling the selection of beam angles 

that optimally cover the tumor while sparing both anatomical and functional healthy 

tissues. Further details regarding this algorithm are provided in Section 3.2.3. The 

MMDP model predicts optimal dose distributions for FLART based on patient-

specific anatomical and functional data, as well as selected beam angles. Subsequently, 

a function-guided dose mimicking algorithm is employed to convert the predicted 

dose distributions into clinically deliverable FLART plans. The specifics of the 

MMDP-based automatic plan optimization process are described in Sections 4.2.4 and 

4.2.5. 

 

The MMDP-based auto-planning algorithm has been implemented within the clinical 

TPS RayStation for the purposes of clinical evaluation and application. Figure 18(b) 

depicts the workflow of the MMDP-based auto-planning algorithm and its integration 

with the RayStation TPS. Both the dosimetric score-based beam angle selection and 

the MMDP-based automatic plan optimization algorithms are implemented via the 
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RayStation scripting system, facilitating direct interaction with the dose calculation 

and plan optimization engines of RayStation. The required inputs for the auto-

planning system include planning CT images, registered lung function images, and RT 

contours for OARs and PTV. Lung function contours are automatically generated and 

incorporated into the RT structure set for FLART planning. The preprocessed 

planning CT images, along with anatomical and functional contours, are automatically 

imported into the TPS to initiate plan generation. The workflow proceeds as follows: 

the beam angle selection algorithm is invoked to evaluate and select optimal beam 

angles; the MMDP algorithm is then used to predict the optimal dose distribution 

based on anatomical, functional, and beam configuration data. The predicted dose 

distribution is preprocessed and utilized to establish optimization objectives for dose 

mimicking. Subsequently, the RayStation plan optimization engine is called to 

generate deliverable FLART plans guided by these dose mimicking objectives. In 

summary, this fully automated planning system enables the generation of FLART 

plans from prepared images and contours with a single click. A demo for operating the 

MMDP-based auto-planning algorithm is available at the link provided. 

 

While Section 4 has demonstrated the feasibility of MMDP-based auto-planning for 

FLART, this section details its integration into a clinical TPS and describes 

enhancements to its clinical performance through improvements in model architecture, 

utilization of higher-quality manual plans for model training, and refinement of dose 

mimicking settings. Further details are provided in Appendices 6.3.1 and 6.3.2. 

https://connectpolyu-my.sharepoint.com/:v:/g/personal/22124161r_connect_polyu_hk/IQAWU3q_0sriQasdXIB5C5SVAd0FaCurFkYt9qwuv3o-byY?nav=eyJyZWZlcnJhbEluZm8iOnsicmVmZXJyYWxBcHAiOiJPbmVEcml2ZUZvckJ1c2luZXNzIiwicmVmZXJyYWxBcHBQbGF0Zm9ybSI6IldlYiIsInJlZmVycmFsTW9kZSI6InZpZXciLCJyZWZlcnJhbFZpZXciOiJNeUZpbGVzTGlua0NvcHkifX0&e=6LVKVR
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5.2.3 Clinical implementation of MO-based auto-planning 

 

Figure 19. Overview and workflow of the meta-optimization (MO)-based auto-

planning algorithm implemented in clinical treatment planning system RayStation 

 

Figure 19(a) provides an overview of the MO-based auto-planning algorithm for 

FLART. The MO algorithm is designed to navigate the Pareto front, enabling the 

identification of treatment plans that optimally balance conventional and functional 

dose objectives. This balance is guided by a composite plan score that incorporates 

key conventional and functional plan quality metrics. Further details regarding the 

MO algorithm are provided in Section 3.2.4. 
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The MO-based auto-planning algorithm has been implemented in the RayStation TPS 

for clinical evaluation and application. Figure 19(b) depicts the workflow of the MO-

based auto-planning algorithm and its integration with RayStation TPS. The processes 

for data preprocessing and beam angle selection are identical to those employed in the 

MMDP-based auto-planning algorithm. Following sequential data preprocessing, data 

import, and beam angle selection, the MO-based automatic plan optimization 

algorithm is invoked to iteratively evaluate intermediate plans and adjust the plan 

objective hyperparameters. The quality of each intermediate plan is assessed by 

calculating a plan score, which is defined by clinically significant conventional and 

functional plan quality metrics. Hyperparameters are iteratively adjusted with the 

objective of minimizing the plan score, utilizing the Nelder-Mead Simplex Search 

algorithm. The process of hyperparameter initialization/adjustment, intermediate plan 

optimization, and plan score calculation is repeated until the plan score converges or 

the maximum number of iterations is reached. To approximate voxel-wise FLART 

planning, ten functional lung contours were utilized, as detailed in Appendix 6.3.3. 

 

For MMDP-based and MO-based auto-planning, the Collapse Cone dose engine 

(version 5.9) was employed for dose calculation. Plan generation was performed 

using a TrueBeam linear accelerator, with a dynamic IMRT technique and a beam 

energy of 6 MV, consistent with manual planning detailed in Appendix 6.3.4. 
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5.2.4 Clinical evaluation 

 

Figure 20. Overview of the clinical evaluation flowchart, illustrating paired 

comparisons between: (1) the MMDP-based and MO-based auto-planning systems; (2) 

the MMDP-based auto-planning system and an experienced senior planner (8 years of 

clinical experience); and (3) MMDP-FLART-assisted planning and independent 

planning by a junior planner (1 year of clinical experience). 

 

As demonstrated by Figure 20, the clinical evaluation process comprised two distinct 

phases. The first phase compared the planning performance of the MMDP-based and 

MO-based auto-planning algorithms against that of a senior planner to assess the 

clinical performance and potential benefits of the proposed auto-planning systems. 

The second phase compared the outcomes of AP-FLART-assisted planning with those 
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of independent planning by a junior planner, aiming to determine whether the 

developed AP-FLART system enhances FLART planning quality and efficiency in a 

real-world clinical setting. All plans were normalized to ensure prescription dose 

cover 95% of PTV before qualitative and quantitative evaluation for fair comparison. 

 

In the first evaluation phase, quantitative comparison and qualitative review were 

conducted to evaluate the clinical performance and clinical benefits of the MMDP-

based and MO-based auto-planning algorithms. For each case in the testing dataset 

consisting of 33 cases, manual planning and auto-planning were performed to produce 

four plans: a manual ConvRT plan, a manual FLART plan, an MMDP FLART plan, 

and an MO FLART plan. The produced plans were compared based on DVH/DFH 

metrics, estimated toxicity probabilities and blind review by three senior clinicians.  

 

The clinically important DVH and DFH metrics for the produced plans were 

calculated to quantitatively assess the dosimetric performance of the auto-planning 

algorithms. Furthermore, normal tissue complication probability (NTCP) models were 

adopted to estimate probabilities of radiation-induced toxicities for quantifying the 

lung function protection effectiveness and potential damage to other OARs. Table 5 

lists all the evaluated radiation-induced toxicities and corresponding NTCP models. 

The functional NTCP model established by Faught et al. [146] was utilized for the 

estimation of radiation pneumonitis, while NTCP models recommended by the 

QUANTEC guidelines [147] were employed for the estimation of other toxicities. 



94 
 

 

It should be noted that the clinical benefit from FLART may vary among patients, 

depending on their individual anatomical and functional distributions [9]. Specifically, 

patients with homogeneous lung function [9], tumors located far from high-function 

regions, or small tumor volumes [18] may gain limited benefit from FLART, as it is 

either challenging to spare high-function regions or the dose to these regions is 

inherently low. Therefore, appropriate patient selection is essential to identify those 

who are most likely to benefit from FLART. To evaluate the potential clinical benefits 

of the proposed auto-planning algorithm in patients likely to benefit from FLART, 

“FLART-benefiting” patients within the testing cohort were identified based on 

manual planning results. Patients were classified as FLART-benefiting if the 

difference in the probability of radiation pneumonitis (Grade ≥ 2) between manual 

ConvRT and manual FLART plans exceeded 3 percentage points (pp). The potential 

clinical benefits of the auto-planning algorithm for these FLART-benefiting patients 

were also estimated using the NTCP models. 

 

Table 5. NTCP models used for estimating probabilities of radiation-induced 
toxicities 

OARs Complication NTCP model Parameters 

Lung Radiation Pneumonitis 
(Grade ≥ 2)  

HFL V20 
LKB model 

[146] 
TD50 = 35.9 %; m = 0.548 

Esophagus Acute Esophagitis 
(Grade ≥ 2) 

LKB model 
[148] 

TD50 = 47 Gy; n = 0.69; m = 
0.36  
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Spinal Cord Myelopathy LKB model 
[149] 

TD50 = 66.5 Gy; n = 0.05; m = 
0.175 

 

Heart Cardiac Mortality RS model 
[150] 

TD50 = 70.3 Gy; k = 0.96; s = 
1.0 

 

Note: The functional NTCP model established by Faught et al. [146] was adopted for radiation 
pneumonitis estimation and the NTCP models recommended by the QUANTEC guideline [147] 
were used for estimating the other toxicities. LKB model = Lyman-Kutcher-Burman model; RS 
model = relative seriality model 

 

 

Qualitative review was conducted by one medical physicist and two senior radiation 

oncologists to assess the clinical acceptability and preference of the automatic FLART 

plans. Specifically, for each testing case, three FLART plans (manual FLART, MMDP 

FLART, and MO FLART) were anonymized and shuffled. One senior physicist was 

invited to review the three FLART plans with the manual ConvRT plan as a reference. 

The physicist scored the clinical acceptability of each reviewed plan based on the 

criteria in Table 6. The physicist also ranked the three plans according to Table 7 to 

compare the clinical preference. Furthermore, two senior radiation oncologists were 

invited to independently and blindly score the clinical acceptability of manual and 

MMDP FLART plans and compare clinical preferences of the two FLART plans. 

 

Table 6. Likert scale to score the clinical acceptability of treatment plans. 
Score Interpretation 
5 Use as-is. Clinically acceptable. Plans could be used for treatment without 

change 
4 Minor edits are not necessary. Stylistic changes preferred, but not clinically 

important. Current plan is clinically acceptable. 
3 Minor edits are necessary. Minor edits are those that can be made in less 

time than starting from scratch or are expected to have minimal effect on 
treatment outcome. 

2 Major edits. Necessary edits are required to ensure appropriate treatment 
and are sufficiently significant that the user would prefer to start from 
scratch. 

1 Unusable. Quality of the plan is so bad it is unusable. 
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Note: This table was adopted from [151]. 

 

Table 7. Assessment table used for blindly comparing FLART plans generated from 
manual planning, MO-based auto-planning, and MMDP-based auto-planning. 
Evaluation metrics Rank of three FLART plans 

Plan#1 Plan#2 Plan#3 

Lung function protection    

Overall quality    

 

To further assess the clinical utility of the developed auto-planning system in a real-

world setting, a junior planner with no prior experience in FLART was invited for the 

second evaluation phase. Initially, the junior planner received foundational knowledge 

about FLART principles and planning strategies and was subsequently tasked with 

independently generating FLART plans for nine testing cases. The independent 

planning outcomes served as the baseline for evaluating the clinical value of the AP-

FLART system. Following a one-month washout period to mitigate recall bias 

regarding the specific testing cases, the junior planner was instructed to generate 

FLART plans for the same cohort, this time utilizing the MMDP-based auto-planning 

system. Guided by a user guideline document for the AP-FLART system, the planner 

generated automated FLART plans, which they subsequently reviewed and refined to 

produce the final treatment plans. Finally, overall plan quality and planning efficiency 

were quantitatively compared between the independent manual workflow and the AP-

FLART-assisted workflow. 
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5.3 Results 

5.3.1 Demo of our auto-planning system for FLART 

 
 



98 
 

 

Figure 21. Demonstration of the workflow of the clinically ready auto-planning 

system for FLART (AP-FLART). A demo is available at the link provided. 

 

As shown in Figure 21 and the attached demo, a clinically ready auto-planning system 

for FLART has been developed. It can achieve automatic beam angle selection and 

plan optimization for FLART. Two automatic plan optimization algorithms, one based 

on MMDP and another based on MO, are available. This system enables the 

generation of FLART plans with a single click, given planning CT images, RT 

contours, and registered lung function images. The plans are generated using the 

https://connectpolyu-my.sharepoint.com/:v:/g/personal/22124161r_connect_polyu_hk/IQAWU3q_0sriQasdXIB5C5SVAd0FaCurFkYt9qwuv3o-byY?nav=eyJyZWZlcnJhbEluZm8iOnsicmVmZXJyYWxBcHAiOiJPbmVEcml2ZUZvckJ1c2luZXNzIiwicmVmZXJyYWxBcHBQbGF0Zm9ybSI6IldlYiIsInJlZmVycmFsTW9kZSI6InZpZXciLCJyZWZlcnJhbFZpZXciOiJNeUZpbGVzTGlua0NvcHkifX0&e=6LVKVR
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clinically validated plan optimization and dose calculation engines of RayStation, 

ensuring both accuracy and safety. The integration with RayStation allows clinicians 

to review, revise, and approve the generated plans, and finally delivery for patient 

treatment. The clinical implementation enables the clinical evaluation and application 

of the proposed auto-planning algorithms. 

 

5.3.2 Comparison of DVH and DFH metrics 

Table 8 presents a comparison of MMDP FLART plans against manual ConvRT plans, 

manual FLART plans, and MO FLART plans on the testing dataset, focusing on 

clinically significant DVH and DFH metrics. Compared to manual ConvRT plans, 

FLART plans generated by manual planning, MMDP-based auto-planning, and MO-

based auto-planning all effectively achieved lung dose painting and reduced 

functional dose metrics. Specifically, MMDP FLART plans significantly reduced the 

fMLD and HFL mean dose (Dmean) by 0.98 Gy (11.8%) and 1.25 Gy (15.1%), 

respectively. Additionally, F20 and HFL V20 were significantly reduced by 2.62 

percentage points (pp) (16.6%) and 3.19 pp (21.1%), respectively. However, MMDP 

FLART plans exhibited higher spinal cord D0.1cc and heart V40, as well as inferior 

PTV homogeneity, which are considered acceptable trade-offs for enhanced lung 

function protection.  

 

When compared to manual FLART plans, MMDP FLART plans demonstrated similar 

DFH and DVH metrics, except for a higher spinal cord D0.1cc and slightly improved 
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PTV conformity. In comparison to MO FLART plans, MMDP FLART plans exhibited 

significantly superior lung dose painting performance, albeit at the expense of higher 

doses to the spinal cord, esophagus, and heart. 

 

Table 8. Comparison between MMDP FLART plans against Manual ConvRT, 
Manual FLART, and MO FLART plans on the testing dataset. The mean and standard 
deviation of various DFH and DVH metrics are listed. The p-values by Wilcoxon 
Signed-Rank test are also shown. 

  MMDP 
FLART 

Manual 
ConvRT 

p-
value 

Manual 
FLART 

p-
value MO FLART 

p-
value 

fMLD (Gy) 7.34 ± 2.92 8.32 ± 2.91 <0.01 7.36 ± 2.70 0.81  7.51 ± 3.28 0.19  
F20 (%) 13.14 ± 6.03 15.76 ± 6.68 <0.01 12.78 ± 5.50 0.44  13.97 ± 6.90 0.02  
F5 (%) 31.35 ± 13.76 34.43 ± 12.35 0.02  31.53 ± 11.65 0.75  32.18 ± 15.94 0.46  

HFL Dmean (Gy) 7.03 ± 3.55 8.28 ± 3.64 <0.01 7.04 ± 3.26 0.89  7.31 ± 3.95 0.03  
HFL V20 (%) 11.94 ± 7.26 15.13 ± 8.29 <0.01 11.39 ± 6.57 0.11  13.02 ± 8.09 <0.01 
HFL V5 (%) 28.50 ± 15.13 32.46 ± 13.90 0.01  29.17 ± 13.00 0.34  29.52 ± 17.58 0.22  

HI 7.66 ± 1.84 6.93 ± 1.42 0.04  7.90 ± 1.25 0.34  7.49 ± 2.51 0.85  
CI 0.78 ± 0.11 0.79 ± 0.07 0.81  0.76 ± 0.07 0.07  0.76 ± 0.14 0.22  

PTV D1cc (Gy) 65.46 ± 1.07 64.88 ± 0.92 <0.01 65.62 ± 0.75 0.30  65.56 ± 1.84 0.82  
Lungs Dmean (Gy) 8.15 ± 2.98 8.81 ± 2.87 <0.01 8.12 ± 2.80 0.71  8.18 ± 3.24 1.00  

Lungs V20 (%) 15.17 ± 6.11 17.06 ± 6.53 <0.01 14.84 ± 5.83 0.35  15.71 ± 6.85 0.16  
Lungs V5 (%) 33.44 ± 13.35 35.71 ± 11.59 0.03  33.24 ± 11.23 0.89  33.92 ± 15.17 0.85  

SpinalCord D0.1cc (Gy) 37.01 ± 10.58 34.40 ± 9.08 <0.01 35.53 ± 9.91 0.01  35.91 ± 10.47 0.05  
Esophagus Dmean (Gy) 13.21 ± 7.88 12.82 ± 7.82 0.27  13.13 ± 8.05 0.81  11.88 ± 8.76 <0.01 
Esophagus D0.1cc (Gy) 50.26 ± 18.94 49.15 ± 20.43 0.54  49.73 ± 20.26 0.54  43.69 ± 25.49 0.01  

Heart Dmean (Gy) 8.34 ± 6.37 7.96 ± 5.93 0.14  8.27 ± 6.51 0.45  7.35 ± 5.82 <0.01 
Heart V40 (%) 4.25 ± 4.11 3.47 ± 3.59 <0.01 4.13 ± 4.07 0.51  2.78 ± 3.01 <0.01 

Abbreviations: fMLD = functionally weighted mean lung dose; Fx = portion of lung function irradiated by dose higher 
than x Gy; Dmean = mean dose; Dmax = maximal dose; Vx = portion of structure volume irradiated by dose higher than x 
Gy; Dxcc = minimum dose to the “hottest” x cc of structure; HFL = high-function lung with functional weight higher than 
66th percentile. 
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Figure 22. Comparison of DFH curves and HFL DVH curves for manual ConvRT 

plans, manual FLART plans, MO FLART plans, and MMDP FLART plans. The solid 

lines and dashed lines represent the means and the standard deviations over all testing 

cases. 

 

Figure 22 compares the DFH curves and HFL DVH curves for manual ConvRT plans, 

manual FLART plans, MO FLART plans, and MMDP FLART plans. Compared to 

manual ConvRT plans, all FLART plans effectively achieved lung dose painting. 

Notably, MMDP FLART plans demonstrated lung function painting performance 
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comparable to manual FLART plans and significantly outperformed MO FLART 

plans. 

 

 

Figure 23. Statistical results of mean dose reduction to different functional lung 

volumes achieved by Manual FLART plans, MO FLART plans, and MMDP FLART 

plans compared to Manual ConvRT plans on the testing dataset. Error bars indicate 95% 

confidence interval. Abbreviations: FL_X-Y = functional lung volume with percentile 

functional weights ranging from X percentile to Y percentile. 

 

 

Figure 23 illustrates the effectiveness of lung dose painting achieved by FLART plans 

generated via manual planning, MO-based auto-planning, and MMDP-based auto-

planning. All FLART plans effectively reduced the dose to high-function lung regions 
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compared to manual ConvRT plans. Importantly, the reductions in Dmean generally 

increased with higher functional value, indicating effective lung dose painting. 

Compared to manual FLART and MO FLART plans, MMDP FLART plans redirected 

more dose to low-function lung regions (FL_0-20). 

 

Figure 24 demonstrates the lung dose painting effectiveness of MMDP-based auto-

planning for a representative testing case by comparing the dose distributions of its 

manual ConvRT plan and MMDP FLART plan. As shown in the dose difference map, 

the MMDP FLART plan effectively reduced doses to high-function lung regions and 

redirected them to low-function lung regions and other areas. 

 

Figure 24. Comparison of dose distributions between a Manual ConvRT plan and an 

MMDP FLART plan for an example testing case. 
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5.3.3 Comparison of estimated radiation-induced toxicity probability 

Table 9 presents a comparison of the estimated probabilities of radiation-induced 

toxicities between manual ConvRT plans and MMDP FLART plans. Compared to the 

current clinical standard manual ConvRT plans, MMDP FLART plans reduced the 

probability of radiation pneumonitis (grade ≥ 2) by 3.78 pp (23%), while maintaining 

comparable probabilities for other side effects (with only minor increases within 0.30 

pp).  

 

For 17 FLART-benefiting patients from the testing cohort, the probabilities of 

radiation-induced toxicities were estimated and compared between manual ConvRT 

and MMDP FLART plans, as summarized in Table 10. The MMDP FLART plans 

reduced the probability of radiation pneumonitis (Grade ≥ 2) by 6.25 pp (27%) 

compared to manual ConvRT plans, while maintaining comparable probabilities for 

other side effects (with only minor increases, all within 0.25 pp). These findings 

demonstrate the potential clinical benefit and safety of the proposed auto-planning 

algorithm for FLART. 

 

 

Table 9. Comparison of normal tissue complication probability (NTCP) between 
manual ConvRT and MMDP FLART plans. The mean NTCP over all testing cases 
are shown. 

OARs Complication Manual 
ConvRT 

MMDP 
FLART Difference 
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Lung Radiation Pneumonitis 
(Grade ≥ 2) 16.46% 12.68% 3.78 pp 

(23%) 

Esophagus Acute Esophagitis 
(Grade ≥ 2) 5.73% 6.03% -0.30 pp 

Spinal Cord Myelopathy 0.13% 0.24% -0.11 pp  

Heart Cardiac Mortality 0.02% 0.05% -0.03 pp 

 

 

Table 10. Comparison of normal tissue complication probability (NTCP) between 
manual ConvRT and MMDP FLART plans. The mean NTCP over all FLART-
benefiting patients from the testing cohort are shown. 

OARs Complication Manual 
ConvRT 

MMDP 
FLART Difference 

Lung Radiation Pneumonitis 
(Grade ≥ 2) 22.99% 16.74% 6.25 pp 

(27%) 

Esophagus Acute Esophagitis 
(Grade ≥ 2) 6.51% 6.76% -0.25 pp 

Spinal Cord Myelopathy 0.14% 0.28% -0.14 pp  

Heart Cardiac Mortality 0.01% 0.07% -0.06 pp 

Note: Patients were classified as FLART-benefiting if the difference in the 
probability of radiation pneumonitis (Grade ≥ 2) between manual ConvRT and 
manual FLART plans exceeded 3 percentage points (pp). 

 

5.3.4 Clinical performance comparison: MMDP-FLART V.S. MO-FLART 

 

Figure 25. Qualitative blind review results for comparing MMDP FLART plans 

against MO FLART plans. The clinical acceptability scores for MMDP FLART plans 

and MO FLART plans are shown in the left bar plot. Higher scores indicate better 
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clinical acceptability. A score of 4 or 5 indicates the plan is regarded as clinically 

acceptable without any modifications. The lung function protection performance 

comparison results and the overall quality comparison results are shown in the middle 

pie chart and the right pie chart respectively. 

 

 

Figure 25 summarizes the qualitative review results for comparing MMDP FLART 

plans against MO FLART plans, in which a senior physicist compared anonymized 

and shuffled MMDP FLART plans and MO FLART plans. As shown in Figure 25, 31 

out of 33 (93.9%) MMDP FLART plans were deemed clinically acceptable without 

any modifications, outperforming MO FLART plans, of which 27 (81.8%) were 

considered clinically acceptable without modifications. Furthermore, Figure 25 

demonstrates that MMDP FLART plans provided superior lung function protection 

compared to MO FLART plans, with 45.5% of MMDP FLART plans rated as better 

and 39.4% as comparable. In terms of overall plan quality, MMDP FLART plans were 

preferred, with 45.5% rated as better and 51.5% as comparable to MO FLART plans. 

 

5.3.4 Clinical performance comparison: AP-FLART V.S. Senior Planner 

Figure 26 presents the clinical acceptability scores for MMDP FLART plans as 

reviewed by three senior clinicians. On average, 87.9% of MMDP FLART plans were 

considered clinically acceptable (score ≥ 4) without any modifications. The 

comparison results between MMDP FLART plans against manual FLART plans in 
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terms of lung function protection performance and overall plan quality, as reviewed 

by three senior clinicians, are shown in Figure 27 and Figure 28 respectively. For lung 

function protection, 72.7% of MMDP FLART plans were rated as comparable (44.4%) 

or superior (28.3%) to manual FLART plans. Regarding overall plan quality, 30.3% of 

MMDP FLART plans were rated as superior to manual FLART plans, while 31.3% of 

manual FLART plans were considered of better quality. The results suggest that 

MMDP FLART plans exhibit clinical preference comparable to manual FLART plans 

meticulously created by a senior planner. 

 

 

Figure 26. Clinical acceptability review results for MMDP FLART plans by one 

medical physicist (reviewer 1) and two radiation oncologists (reviewer 2 and 3). 
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Higher scores indicate better clinical acceptability. A score of 4 or 5 indicates the plan 

is regarded as clinically acceptable without any modifications. 

 

 

 

Figure 27. Comparison results between MMDP FLART plans and manual FLART 

plans in terms of lung function protection performance ranked by one medical 

physicist (reviewer 1) and two radiation oncologists (reviewer 2 and 3). The average 

results are also shown in the lower right pie chart. 
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Figure 28. Comparison results between MMDP FLART plans and manual FLART 

plans in terms of overall plan quality ranked by one medical physicist (reviewer 1) 

and two radiation oncologists (reviewer 2 and 3). The average results are also shown 

in the lower right pie chart. 
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Table 11 compares the planning efficiency of manual FLART planning with the two 

auto-planning algorithms for FLART. The comparison was conducted on a RayStation 

workstation equipped with an Intel 8-core i9-10885H CPU (2.4 GHz / up to 5.3 GHz) 

and an NVIDIA Quadro RTX 5000 GPU. The MMDP-based auto-planning algorithm 

demonstrated the highest planning efficiency, achieving a reduction in planning time 

of approximately tenfold compared to MO-based auto-planning and over fifteenfold 

compared to manual FLART planning. 

 

Table 11. Comparison of planning efficiency between manual FLART planning 
against MO-based and MMDP-based automatic FLART planning algorithms. 

  Manual FLART 
planning 

MO-based auto-
planning 

MMDP-based auto-
planning 

Dose grid 2.5×2.5×2.5 mm3 

Planning 
time 

~ 120 – 180 min 

Beam angle selection 
2 min 

MO-based plan 
optimization 76 min 

MMDP-based plan 
optimization 6 min 

Total time ~ 120 – 180 min 78 min 8 min 
Note: Planning time is defined as the interval from the availability of planning CT 
images, registered lung function images, and RT contours (including PTV and OARs) 
to the generation of a FLART plan. The auto-planning time refers to the average time 
required per plan across all test cases while manual planning time is estimated. 
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5.3.5 Clinical performance comparison: AP-FLART-Assisted Planning V.S. 

Independent Planning 

 

Figure 29. Comparison of functional and conventional plan quality metrics across 

FLART plans generated by the senior planner, the MMDP-based auto-planning 

system, the junior planner independently, and the junior planner utilizing AP-FLART 

assistance. Planning efficiency was also evaluated by comparing the junior planner's 

independent and AP-FLART-assisted workflows. 

 

As shown in Figure 29, FLART plans generated independently by the junior planner 

exhibited inferior functional dose metrics, including HFL Dmean, HFL V20, fMLD, and 

F20, when compared to those produced by both the senior planner and the MMDP-

based AP-FLART system. However, with the integration of the AP-FLART system, 

the junior planner was able to achieve functional dose metrics comparable to those of 

the senior planner. Furthermore, the average planning time was substantially reduced 

from 142 minutes for independent planning to 24 minutes for AP-FLART-assisted 

planning (comprising 9 minutes for auto-planning and 15 minutes for manual review 

and refinement). These findings demonstrate the clinical utility of the AP-FLART 
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system in significantly improving both the quality and efficiency of FLART planning 

for junior planners. 

 

5.4 Discussion 

FLART has demonstrated considerable promise in reducing radiation-induced lung 

toxicity. However, the substantial inter-patient variability and intra-lung heterogeneity 

of lung function distributions, coupled with limited clinical experience as an emerging 

radiotherapy technique, render manual FLART planning highly challenging. As a 

result, manual FLART planning is time-consuming and may yield inconsistent or 

suboptimal treatment plans. Therefore, the development of automatic planning 

algorithms for FLART is essential to enhance planning efficiency, consistency, and 

quality. In previous studies, we developed two auto-planning algorithms for FLART: 

one based on meta-optimization (MO) and another based on multi-modality-guided 

dose prediction (MMDP), and preliminarily validated their performance using an 

open-source TPS. In this section, we have implemented the proposed auto-planning 

algorithms on a clinical TPS and comprehensively evaluated their clinical 

performance and potential benefits, thereby advancing their clinical application. 

 

Both the MMDP-based and MO-based auto-planning algorithms have been 

successfully integrated into the clinical TPS RayStation. As demonstrated in Figure 21 

and the attached demo, a clinically ready auto-planning system for FLART has been 

developed, capable of automatic beam angle selection and plan optimization. This 



113 
 

system enables the generation of FLART plans with a single click, given planning CT 

images, RT contours, and registered lung function images. The plans are generated 

using the clinically validated plan optimization and dose calculation engines of 

RayStation, ensuring both accuracy and safety. The integration with RayStation 

allows clinicians to review, revise, and approve the generated plans, and finally 

delivery for patient treatment. The clinical implementation enables the clinical 

evaluation and application of the proposed auto-planning algorithms. 

 

The dosimetric and potential clinical benefits of the automatic FLART planning 

algorithms were assessed by comparing automatic FLART plans with the current 

clinical standard manual ConvRT plans. Compared to manual ConvRT plans, MMDP 

FLART plans effectively reduced the fMLD and HFL Dmean by 11.8% and 15.1%, 

respectively. Consequently, the probability of grade ≥ 2 radiation pneumonitis was 

reduced by 3.78 pp (23%), while the probability of other side effects remained 

comparable (minor increases within 0.30 pp). The estimated clinical gain of FLART 

planning in this study is relatively modest compared to previous studies [11, 146], 

likely due to smaller tumor volumes and the absence of patient selection. For example, 

in the study by Faught et al. [146] where patients with heterogeneous lung function 

distributions were selected, manual FLART plans reduced HFL V20 from 30.1% 

(manual ConvRT) to 26.8%, and the probability of grade ≥ 2 radiation pneumonitis 

from 38.4% to 32.2% (a reduction of 6.2 pp, 16.1%). In contrast, our study observed a 

reduction in HFL V20 from 15.1% (manual ConvRT) to 11.9% (MMDP FLART), and 
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a reduction in the probability of grade ≥ 2 radiation pneumonitis from 16.46% to 

12.68% (a reduction of 3.78 pp, 23%). The relatively low HFL V20 in our cohort 

reflects the smaller tumor volumes. For selected FLART-benefiting patients, the 

MMDP FLART plans significantly reduced the probability of grade ≥ 2 radiation 

pneumonitis by 6.25 pp (27%), while maintaining comparable probabilities for other 

side effects (with only minor increases, all within 0.25 pp), demonstrating both the 

clinical benefits and safety of the MMDP-based auto-planning algorithm. 

 

The clinical performance of the proposed auto-planning algorithms was also 

comprehensively evaluated and compared through quantitative comparisons and 

qualitative reviews. Compared to the MO-based auto-planning algorithm, the MMDP-

based algorithm demonstrated superior lung function protection, higher planning 

efficiency, and better clinical acceptability. Expert review indicated that the majority 

(97%) of MMDP FLART plans were considered better or comparable to MO FLART 

plans. Blind review by three senior clinicians also revealed that 88% of MMDP 

FLART plans were clinically acceptable without modification, and 69% were rated as 

comparable or superior to manual FLART plans meticulously created by a senior 

planner, underscoring the clinical acceptability of the MMDP-based auto-planning 

algorithm. Additionally, the MMDP-based algorithm reduced planning time by over 

fifteenfold compared to manual FLART planning, significantly enhancing planning 

efficiency. 
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The FLART plans generated independently by the junior planner were inferior to the 

automated results, further validating the superior clinical performance of the AP-

FLART system. Most notably, with the assistance of the AP-FLART system, the 

quality of the plans produced by the junior planner was substantially enhanced, 

achieving a level comparable to that of the senior planner. The required planning time 

was also significantly reduced by 83%. These findings demonstrate the potential of 

the AP-FLART system to facilitate the broader clinical adoption of the emerging 

FLART technique. 

 

We have demonstrated feasibility and validated the clinical performance of the 

MMDP-based auto-planning algorithm for functional lung avoidance IMRT. In 

addition to the lung, functional images have also been used to modulate dose 

limitations for other OARs and dose prescriptions for tumors [152, 153]. In addition 

to IMRT, other advanced RT techniques such as Volumetric Modulated Arc Therapy 

(VMAT) [69], Tomotherapy [102], and proton therapy [154, 155] are also widely used 

in function-guided RT [23], which may achieve better dose painting effectiveness. 

With appropriate training data and minor adjustments, the MMDP model could be 

adapted to achieve dose prediction and assist in treatment planning and plan quality 

assurance for various multi-modality-guided RT techniques. 

 

A limitation of this study is that the auto-planning algorithms for FLART were 

validated only through in-silico planning studies. Future work will involve 
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prospective in-vivo patient trials to further assess clinical performance and validate 

clinical benefits of the MMDP-based automatic FLART planning algorithm. Accurate 

co-registration between lung function imaging and planning CT images is critical for 

precise functional mapping and directly impacts the overall efficacy of FLART. 

Consistent with established methodologies [20, 58, 130], this study utilized rigid 

registration to align the attenuation correction CT with the planning CT. This 

approach minimizes artifactual anatomical distortions, thereby facilitating the 

accurate spatial transfer of functional data from the SPECT V/Q to the planning CT. 

Importantly, the proposed automated planning system is agnostic to the specific 

registration method utilized and can readily integrate functional images processed via 

alternative algorithms. Future research will explore advanced registration techniques 

to further enhance the spatial accuracy of functional lung mapping. Additionally, 

SPECT V/Q image-guided FLART requires additional SPECT/CT scans to obtain 

patient-specific lung function information, resulting in increased radiation exposure 

and additional time and financial costs for patients. As a next step, we aim to combine 

our auto-planning algorithm with CT-derived V/Q imaging techniques [58, 61, 65, 

156, 157] to facilitate the broader clinical adoption of FLART. 
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5.5 Conclusion 

In this section, we integrated the MO-based and MMDP-based auto-planning 

algorithms for FLART in clinical TPS and evaluated their clinical performance and 

clinical benefits. A fully automatic planning system capable of automatic beam angle 

selection and plan optimization for FLART has been clinically deployed. The MMDP-

based auto-planning algorithm outperforms the MO-based auto-planning algorithm in 

lung function protection performance, clinical acceptability, and planning efficiency. 

The MMDP-based auto-planning algorithm demonstrates potential clinical benefits of 

reducing the probability of radiation pneumonitis (grade ≥ 2) by 6.25 pp (27%) 

compared to the current clinical standard. The clinical acceptability of the MMDP-

based auto-planning algorithm has been validated by the blind review results that 88% 

of MMDP FLART plans are clinically acceptable without any modifications and 69% 

of MMDP FLART plans are comparable or even superior to manual FLART plans 

meticulously created by a senior planner. The MMDP-based auto-planning algorithm 

can significantly improve planning efficiency, reducing planning time by more than 

fifteenfold compared to manual FLART planning. Furthermore, assistance from the 

AP-FLART system substantially enhanced the quality of the plans generated by a 

junior planner (with one year of planning experience), elevating the plan quality to a 

level comparable to that of a senior planner (with eight years of planning experience). 

 

In summary, an auto-planning system for FLART has been technically developed, 

clinically deployed, and comprehensively evaluated. It shows considerable promise in 

enhancing the efficiency, consistency, and quality of FLART planning, while also 



118 
 

reducing radiation-induced lung toxicity compared to the current clinical standard. A 

demo for the clinically ready auto-planning system is available at the link. 

 

  

https://connectpolyu-my.sharepoint.com/:v:/g/personal/22124161r_connect_polyu_hk/IQAWU3q_0sriQasdXIB5C5SVAd0FaCurFkYt9qwuv3o-byY?nav=eyJyZWZlcnJhbEluZm8iOnsicmVmZXJyYWxBcHAiOiJPbmVEcml2ZUZvckJ1c2luZXNzIiwicmVmZXJyYWxBcHBQbGF0Zm9ybSI6IldlYiIsInJlZmVycmFsTW9kZSI6InZpZXciLCJyZWZlcnJhbFZpZXciOiJNeUZpbGVzTGlua0NvcHkifX0&e=6LVKVR
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6 Appendices 

6.1 Appendices for MO-based auto-planning 

6.1.1 Parameter determination for beam angle selection 

The dosimetric score-based beam angle selection method involves several parameters 

to be determined. They include the weights of different regions to be protected in the 

beam score function and the weight and regularization parameter of the beam span 

term. For conventional RT (ConvRT), the weights for spinal cord, esophagus, heart, 

and normal tissues were set following Yuan et al. [107]. The weights for lung and the 

beam span term were fine-tuned by using a grid search method to minimize a plan 

score function. This function differs from that in the plan hyperparameter 

optimization by substituting the clipped linear relationship between the score values 

and the quality metric values with an exponential linear function defined by the 

Equation (6.1) to better align with clinical plan evaluation preferences. 

𝐹𝐹𝑄𝑄𝑄𝑄 =
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�  ,   𝑄𝑄𝑄𝑄 ≥  𝑄𝑄𝑄𝑄+

𝑄𝑄𝑄𝑄 − 𝑄𝑄𝑄𝑄−

𝑄𝑄𝑄𝑄+ − 𝑄𝑄𝑄𝑄−
,  𝑄𝑄𝑄𝑄− < 𝑄𝑄𝑄𝑄 < 𝑄𝑄𝑄𝑄+

exp �
𝑄𝑄𝑄𝑄 − 𝑄𝑄𝑄𝑄−

𝑄𝑄𝑄𝑄+ − 𝑄𝑄𝑄𝑄−
� − 1 ,   𝑄𝑄𝑄𝑄 ≤  𝑄𝑄𝑄𝑄−

 (6.1) 

As for FLART, all parameters excluding the lung weight were aligned with those used 

in ConvRT to maintain the relative importance of other OARs. The functional lung 

weight was fine-tuned to minimize functional dose metrics while preserving 

conventional dose metrics compared to ConvRT, which can be formulated as: 

min
𝑤𝑤

 
𝑑𝑑(𝑤𝑤) =   

1
𝑁𝑁 • 𝑀𝑀

��
𝑄𝑄𝑄𝑄𝑖𝑖

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 − 𝑄𝑄𝑄𝑄𝑖𝑖
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶

𝑄𝑄𝑄𝑄𝑖𝑖
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶

𝑄𝑄𝑄𝑄𝑖𝑖

 (6.2) 
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Where d stands for the relative differences between FLART and ConvRT plan quality 

metrics. QM represents quality metrics involved in the definition of the plan score 

function. 𝑄𝑄𝑄𝑄𝑖𝑖
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹  and 𝑄𝑄𝑄𝑄𝑖𝑖

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶  refer to the quality metric value of ith case in 

FLART and ConvRT plans respectively. N and M are the number of cases and quality 

metrics. w refers to the functional lung weight. The voxel size of dose grid was set to 

be 3×3×3 mm3 for final plan generation to accelerate the parameter search process. 

 

Figure 30. The grid search results for determining beam angle selection parameters. 

 

Table 12. The determined parameters for beam angle selection 

Term 
Spinal 
Cord Esophagus Heart 

Normal 
Tissue Lung FWL HFL 

Beam 
Span  

ConvRT 10 0.3 0.3 0.15 3 0 0 0.15 
vFLART 10 0.3 0.3 0.15 0 4 0 0.15 
cFLART 10 0.3 0.3 0.15 2 0 4 0.15 
 

Figure 30 presents the outcomes of the grid search optimization for beam angle 

selection parameters, with the optimal values detailed in Table 12. The chosen weight 

for the beam span term is lower than the value suggested by Yuan et al. [107]. It can 

be attributed to the use of solely coplanar beams in this study, in contrast to the 

inclusion of non-coplanar beams in Yuan et al., allowing for more varied beam 

distribution. The weight of FWL in vFLART is slightly higher than that of anatomical 
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lungs in ConvRT. The contralateral lung usually has higher function and lower doses 

in lung RT plans due to the relatively far distance from the tumor. Consequently, 

functionally weighted lung doses are usually lower than mean lung doses. A higher 

FWL weight can compensate for the lower dose values to maintain the relative 

importance of the anatomical/functional lung term in the beam score. 

 

6.1.2 Nearest initialization for plan hyperparameter optimization 

 

 

Figure 31. Illustration of the nearest initialization for the meta-optimization-based 

plan hyperparameter optimization. 

 

The meta-optimization framework for plan hyperparameter optimization consists of 

two nested loops of optimization. For each iteration of the outer loop, dose objective 

weight configurations are updated and then fluence map optimization (FMO) is 

performed to generate corresponding Pareto optimal plans. In essence, FMO solves a 
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convex optimization problem using an iterative optimization algorithm, Interior Point 

OPTimizer (IPOPT). In the original meta-optimization framework, FMO initializes 

fluence maps with all one initialization. In this study, we propose a nearest 

initialization approach to accelerate the meta-optimization framework as illustrated by 

Figure 31. For a new dose objective weight configuration to be computed, the nearest 

computed weight configuration defined by Euclidean distance will be sought, and its 

FMO result will serve as the initialization point of the new configuration’s FMO. 

Since the optimal fluence maps resulted from FMO depend continuously on the 

weight configurations, the nearest initialization approach shall reduce the iteration 

time for IPOPT to reach global optimal point compared to the original all one 

initialization method and thus accelerate the optimization process. 

 

A comparison study was conducted to demonstrate the effectiveness of the nearest 

initialization approach. We generated two ConvRT plans for each collected case using 

the proposed AP-FLART with all one initialization and the nearest initialization 

respectively. The results showed that the mean iteration number per FMO was 121 

versus 33. The computation time spent on FMO was 61.21 ± 18.15 min per plan when 

using all one initialization versus 22.55 ± 6.91 min per plan when using the nearest 

initialization, indicating a time reduction of 63%. 
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6.1.3 Dose mimicking for plan conversion 

The dose mimicking algorithm aims to produce deliverable treatment plans that 

mimic or even improve given dose distribution. In this study, we utilize the voxel-

based dose mimicking algorithm to generate matRad plans that can have similar or 

even better dose distribution compared to their Eclipse counterparts. The dose 

mimicking algorithm can be formulated as follows: 

 

min
𝑥𝑥

 � �𝑑𝑑𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑑𝑑𝑖𝑖
𝑟𝑟𝑟𝑟𝑟𝑟�

2

𝑖𝑖∈𝑃𝑃𝑃𝑃𝑃𝑃

+ � 𝐻𝐻�𝑑𝑑𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑑𝑑𝑖𝑖
𝑟𝑟𝑟𝑟𝑟𝑟��𝑑𝑑𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑑𝑑𝑖𝑖

𝑟𝑟𝑟𝑟𝑟𝑟�
2

𝑖𝑖∈𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑃𝑃𝑃𝑃𝑃𝑃

(6.3) 

𝑠𝑠. 𝑡𝑡. 𝑥𝑥 ≥ 0 

𝑑𝑑𝑐𝑐𝑐𝑐𝑐𝑐�������⃗ = 𝐷𝐷𝑥⃗𝑥  

Where 𝑥⃗𝑥, 𝐷𝐷, and 𝑑𝑑𝑐𝑐𝑐𝑐𝑐𝑐�������⃗  refer to the fluence map, the dose influence matrix, and the 

calculated dose distribution respectively. 𝑑𝑑𝑟𝑟𝑟𝑟𝑟𝑟��������⃗  stands for the reference dose 

distribution, i.e., the planning dose distribution of manual Eclipse plans. H represents 

the Heaviside function. The IPOPT of matRad is applied to solve the above 

optimization problem to obtain optimal fluence map. Leaf sequencing and direct 

aperture optimization are then performed to generate final plans. The dose calculation 

and plan optimization algorithms used in the dose mimicking process are the same as 

those used in AP-FLART. The dose mimicking results are shown in Table 13. 

 

Table 13. Comparison between original Eclipse plans and matRad plans converted through dose 
mimicking. The mean and standard deviation of the dose metrics over all collected cases are listed. The 
p-values by Wilcoxon Signed-Rank test are also shown. 

  HI CI PTV D1 (Gy) HFL Dmean 
(Gy) HFL V20 (%) HFL V5 (%) FWL fDmean 

(Gy) 
FWL fV20 
(%) 

FWL fV5 
(%) 

Lung Dmean 
(Gy) 
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Original plans 5.95±1.42 0.65±0.07 63.99±0.98 8.09±2.58 12.87±6.37 29.81±9.73 9.44±2.45 15.54±5.70 33.76±8.64 11.31±2.16 

Converted plans 6.71±1.76 0.63±0.09 64.61±1.17 7.17±2.48 12.88±5.66 26.63±9.03 8.62±2.51 15.75±5.61 30.66±8.08 10.59±2.12 

p-value 0.005  0.468  0.007  <0.001 1.000  0.003  <0.001 0.671  0.005  <0.001 

  Lung V20 
(%) Lung V5 (%) SpinalCord 

Dmax (Gy) 
Esophagus 
Dmean (Gy) 

Esophagus 
D1 (Gy) 

Heart Dmean 
(Gy) 

Heart D1 
(Gy) 

Heart V40 
(%) 

Body Dmean 
(Gy)   

Original plans 19.45±4.46 38.00±7.00 39.30±6.12 16.94±8.37 54.09±15.61 9.82±7.47 45.39±17.72 6.31±6.85 5.66±1.78   

Converted plans 19.73±4.44 35.05±5.76 36.63±3.95 13.32±6.39 50.93±17.26 7.37±5.95 39.27±17.33 1.92±2.19 4.91±1.48   

p-value 0.671  0.010  0.003  <0.001 0.038  <0.001 <0.001 <0.001 <0.001   

 

Compared to original Eclipse plans, mimicked matRad plans have significantly lower 

doses to all OARs including lung, spinal cord, esophagus, and heart. The lower OAR 

doses can be attributed to the compromise in PTV homogeneity and conformity, and 

the different dose calculation and plan optimization algorithms. For example, the 

pencil beam (PB) dose calculation algorithm tends to underestimate doses to OAR 

regions which are distant from beam paths for lung RT plans. This is because the PB 

algorithm lacks inhomogeneity correction for the lateral scattering and lung has a low 

density. 
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6.1.4 Detailed results of ablation studies 

 

Table 14. The detailed results of the ablation studies. The mean and standard deviation of the dose 
metrics over all collected cases are listed. The p-values by Wilcoxon Signed-Rank test are also shown. 

Dose metrics  ConvRT cFLART cFLARTBea
m_ConvRT 

p-value 
ConvRTBeam

_cFLART 

p-value 

VS 
ConvRT 

VS 
cFLART 

VS 
ConvRT 

VS 
cFLART 

HI 5.56±0.51 5.61±0.52 5.61±0.60 0.671  1.000  5.62±0.49 0.495  0.932  

CI 0.76±0.06 0.72±0.06 0.74±0.08 0.081  0.099  0.74±0.07 0.369  0.054  

PTV D1 (Gy) 63.93±0.35 64.01±0.41 63.96±0.46 0.932  0.609  64.01±0.34 0.304  1.000  

HFL Dmean (Gy) 7.21±2.28 6.08±2.44 6.84±2.32 0.099  <0.001 6.43±2.50 <0.001 0.007  

HFL V20 (%) 13.01±5.55 11.00±5.75 12.80±5.92 0.304  <0.001 11.26±5.92 0.001  0.369  

HFL V5 (%) 32.64±10.50 25.98±9.32 28.11±7.70 0.018  0.002  29.66±11.59 0.010  0.008  

FWL fMLD (Gy) 8.32±2.22 7.76±2.44 8.15±2.30 0.468  0.001  7.92±2.44 0.054  0.142  

FWL F20 (%) 15.18±5.23 14.71±5.57 15.48±5.67 0.766  0.054  14.48±5.43 0.167  0.130  

FWL F5 (%) 35.92±9.27 30.69±9.16 32.47±7.56 0.024  0.003  33.51±10.81 0.060  0.024  

Lung Dmean (Gy) 10.04±2.11 10.05±1.88 10.10±2.02 0.468  0.932  10.01±1.89 1.000  0.671  

Lung V20 (%) 18.74±4.59 19.56±4.09 19.43±4.65 0.284  0.495  18.88±4.01 0.702  0.002  

Lung V5 (%) 39.79±8.61 36.55±7.74 37.83±7.66 0.074  0.014  38.30±8.31 0.181  0.060  

SpinalCord Dmax (Gy) 37.69±6.86 38.01±5.59 36.73±5.87 0.099  0.007  38.64±5.60 0.060  0.229  

Esophagus Dmean (Gy) 13.29±8.38 12.05±7.80 12.80±8.18 0.099  0.142  12.27±7.90 0.054  0.417  

Esophagus D1 (Gy) 49.80±21.81 48.86±21.94 49.46±21.66 0.229  0.702  49.36±21.72 0.369  0.154  

Heart Dmean (Gy) 6.37±6.21 6.69±6.38 6.34±6.24 0.181  0.495  6.17±5.85 0.229  0.016  

Heart D1 (Gy) 33.41±23.82 33.88±23.96 33.77±23.23 0.081  0.442  32.93±23.73 0.284  0.014  

Heart V40 (%) 2.29±2.86 2.47±3.39 2.30±2.89 0.969  0.784  2.12±2.94 0.092  0.014  

Body Dmean (Gy) 4.78±1.55 4.76±1.49 4.75±1.50 0.142  0.766  4.78±1.54 0.865  0.369  

Dose metrics  ConvRT vFLART vFLARTBea
m_ConvRT 

p-value 
ConvRTBeam

_vFLART 

p-value 

VS 
ConvRT 

VS 
vFLART 

VS 
ConvRT 

VS 
vFLART 

HI 5.56±0.51 5.55±0.54 5.59±0.61 1.000  0.702  5.59±0.54 0.799  0.832  

CI 0.76±0.06 0.71±0.08 0.73±0.08 0.027  0.081  0.75±0.07 0.229  0.005  

PTV D1 (Gy) 63.93±0.35 63.96±0.43 63.94±0.43 0.865  0.766  63.96±0.43 0.734  0.832  

HFL Dmean (Gy) 7.21±2.28 6.18±2.39 6.66±2.38 0.009  <0.001 6.76±2.37 0.024  <0.001 

HFL V20 (%) 13.01±5.55 11.14±5.60 12.43±5.73 0.081  0.001  11.55±5.95 0.027  0.167  

HFL V5 (%) 32.64±10.50 26.30±12.22 26.81±8.96 0.006  0.024  31.74±13.88 0.108  <0.001 

FWL fMLD (Gy) 8.32±2.22 7.68±2.37 8.01±2.30 0.099  0.008  8.03±2.35 0.108  <0.001  

FWL F20 (%) 15.18±5.23 14.28±5.55 15.15±5.40 0.702  0.030  14.22±5.66 0.119  0.671  

FWL F5 (%) 35.92±9.27 30.85±10.87 31.42±8.03 0.009  0.012  35.22±12.27 0.167  <0.001 

Lung Dmean (Gy) 10.04±2.11 9.94±2.04 9.98±2.02 0.932  0.393  10.02±2.03 0.551  0.196  

Lung V20 (%) 18.74±4.59 19.18±4.77 19.19±4.31 0.551  0.702  18.56±4.80 0.766  0.038  

Lung V5 (%) 39.79±8.61 36.26±7.75 36.77±7.25 0.081  0.021  39.36±8.58 0.167  0.006  

SpinalCord Dmax (Gy) 37.69±6.86 37.63±6.47 36.90±6.48 0.054  0.067  37.87±6.60 0.417  0.766  

Esophagus Dmean (Gy) 13.29±8.38 12.91±8.07 12.89±8.18 0.246  0.671  13.19±8.13 0.284  0.167  
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Esophagus D1 (Gy) 49.80±21.81 49.84±20.23 49.69±21.44 0.284  0.551  49.82±20.54 0.154  0.640  

Heart Dmean (Gy) 6.37±6.21 7.03±6.33 6.49±6.43 0.142  0.734  6.52±5.86 0.196  0.027  

Heart D1 (Gy) 33.41±23.82 34.67±23.71 34.22±23.61 0.067  0.523  33.77±23.12 0.468  0.081  

Heart V40 (%) 2.29±2.86 2.49±3.02 2.42±3.01 0.556  0.724  1.85±2.30 0.108  0.005  

Body Dmean (Gy) 4.78±1.55 4.73±1.50 4.72±1.49 0.034  0.671  4.78±1.55 0.899  0.043  
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6.2 Appendices for MMDP-based auto-planning 

6.2.1 Details of MMDP model architecture and training 

The architectures of the MMDP model’s encoders and decoder are similar to those of 

3D U-net. The encoders and decoder consist of convolution layers (kernel size = 3, 

stride = 1, padding = 1), batch normalization layers, and leaky rectified linear unit 

layers (slope = 0.2), max pooling layers, and up sampling layers. The inputs to the 

anatomical encoder have four channels: relative electron density maps, binary PTV 

masks, OAR masks, and non-modulated dose maps. The relative electron density 

maps were derived from CT images based on the default conversion curve between 

HU values and relative electron densities of matRad since the reference MO-based 

plans were generated using this conversion curve. In the OAR masks, different 

regions of interest including lung, spinal cord, esophagus, heart, and normal tissue are 

assigned by different labels. The non-modulated dose maps were calculated using the 

pencil beam dose engine of matRad, providing beam setting information for dose 

prediction [35]. A residual connection was added to link the input non-modulated dose 

with the output predicted dose, aiming at facilitating model convergence [158]. The 

inputs to the functional encoder have two channels: lung function images and iso-

function contour maps.  In the iso-function contour maps, the lung function images 

are discretized, and a value x is assigned to lung voxels with functional values ranging 

from x-5 percentile to  x+5 percentile (with x∈[5,15,25,…,95]). All the input images 

have the same dimension of 160×128×96 and the same resolution of 3×3×3 mm3. 
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In the first training stage, the loss function consists of mean absolute error (MAE) loss 

and DVH loss. The MAE loss is formulated by Equation (6.4). 𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  and 𝐷𝐷𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ,  

represent predicted and planning dose values to body voxel i respectively and the total 

number of voxels within body is 𝑛𝑛𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏. The MAE loss was applied to provide voxel-

wise guidance to induce the predicted dose distributions close to the ground truth. A 

DVH can be approximated by a series of moments with different orders, which are 

defined by Equation (6.5). 𝑛𝑛𝑠𝑠 stands for the total number of voxels in structure s and p 

is the order of the moment. The DVH loss is defined as the mean square errors 

between the predicted and planning moments as formulated by Equation (6.6). We 

utilized p = (5,10) for spinal cord, p = (1,2) for other OARs including esophagus, 

heart, and lung, and p = (2,4,6) for PTV following the work by Jhanwar et al. [135]. 

The DVH loss was adopted to improve the prediction accuracy of clinically important 

DVH metrics. The total loss function of the first training stage was the weighted sum 

of the MAE loss and DVH loss. 𝑤𝑤𝐷𝐷𝐷𝐷𝐷𝐷 was the relative weight of the DVH loss, set to 

0.01. 

𝐿𝐿𝑀𝑀𝑀𝑀𝑀𝑀 =  
1

𝑛𝑛𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏
� |𝐷𝐷𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 −  𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝|

𝑖𝑖∊𝑛𝑛𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

(6.4) 

𝑀𝑀𝑝𝑝
𝑠𝑠 =  �

1
𝑛𝑛𝑠𝑠
�𝐷𝐷𝑖𝑖𝑝𝑝

𝑖𝑖∊𝑛𝑛𝑠𝑠

�

1
𝑝𝑝

 (6.5) 

𝐿𝐿𝐷𝐷𝐷𝐷𝐷𝐷 =  � ||𝑀𝑀𝑝𝑝
𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 −𝑀𝑀𝑝𝑝

𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝||22
𝑝𝑝∊𝑃𝑃,𝑠𝑠∊𝑆𝑆

 (6.6) 

𝐿𝐿𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =  𝐿𝐿𝑀𝑀𝑀𝑀𝑀𝑀 +  𝑤𝑤𝐷𝐷𝐷𝐷𝐷𝐷𝐿𝐿𝐷𝐷𝐷𝐷𝐷𝐷 (6.7)   

In the second stage, in addition to the MAE loss and DVH loss, a functionally 
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weighted mean absolute error (fMAE) loss and a dose function histogram (DFH) loss 

were included as formulated by Equation (6.8-6.11). 𝑓𝑓𝑖𝑖  represents the functional 

weight to lung voxel i and the total number of voxels within lung is 𝑛𝑛𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙. We utilized 

p = (1,2) for DFH loss. 

𝐿𝐿𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 =  
1

𝑛𝑛𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
� 𝑓𝑓𝑖𝑖|𝐷𝐷𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 −  𝐷𝐷𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝|

𝑖𝑖∊𝑛𝑛𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

(6.8) 

𝐹𝐹𝑝𝑝𝐿𝐿 =  �
1

𝑛𝑛𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
� 𝑓𝑓𝑖𝑖𝐷𝐷𝑖𝑖𝑝𝑝

𝑖𝑖∊𝑛𝑛𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

�

1
𝑝𝑝

(6.9) 

𝐿𝐿𝐷𝐷𝐷𝐷𝐷𝐷 =  � ||𝐹𝐹𝑝𝑝𝐿𝐿
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝐹𝐹𝑝𝑝𝐿𝐿

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝||22
𝑝𝑝∊𝑃𝑃

 (6.10) 

𝐿𝐿𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 =  𝐿𝐿𝑀𝑀𝑀𝑀𝑀𝑀 +  𝐿𝐿𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 +  𝑤𝑤𝐷𝐷𝐷𝐷𝐷𝐷(𝐿𝐿𝐷𝐷𝐷𝐷𝐷𝐷 + 𝐿𝐿𝐷𝐷𝐷𝐷𝐷𝐷 ) (6.11) 
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6.2.2 Manual planning 

All manual plans were created using Eclipse TPS (version 16.1, Varian Medical 

Systems, Palo Alto, CA) with the analytical anisotropic algorithm dose engine 

(version 15.1.51) and the dynamic IMRT technique by an experienced physicist. For 

each patient, the physicist first created a conventional lung IMRT plan following 

institutional guidelines adapted based on the principles established by the Quantitative 

Analysis of Normal Tissue Effects in the Clinic (QUANTEC) [147] and the Radiation 

Therapy Oncology Group (RTOG) 0617 [6], as detailed in Table 15. A prescription 

dose of 60 Gy was applied for all cases. A FLART plan was then created by 

additionally considering lung function information with the conventional RT plan as a 

baseline. Given that most existing clinical trials for FLART have adopted the contour-

based FLART strategy and the current clinical TPSs do not support voxel-wise 

FLART optimization, MA-FLART plans were made using the contour-based FLART 

planning strategy. A HFL contour was delineated from the lung function map through 

threshold segmentation with a threshold of 66th percentile [111]. The FLART plan was 

generated with the aim of reducing HFL mean dose and V20 while avoiding severely 

damaging conventional dose objectives. To achieve this goal, the physicist 

meticulously adjusted beam angles, added functional dose objectives, and fine-tuned 

weight/dose/volume values of conventional and functional objectives. The final 

manual plans were reviewed and approved by another experienced physicist. 
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Table 15. Dose-volume constraints to organs at risk (OARs). 

OARs Value  

Lung V5 < 60%  
V20 < 30% 

 Dmean < 20 Gy 
Spinal cord Dmax < 45 Gy 
Esophagus Dmean < 34Gy 

 Dmax < 70 Gy 
Heart Dmean < 28Gy 

 V40 < 33% 
Abbreviations: Vx = percent volume receiving ≥ x Gy; Dmean = mean dose; Dmax = 
maximum dose 

 

To reduce unwanted discrepancies caused by using different TPSs, the Eclipse-based 

manual plans were converted into matRad plans through dose mimicking. The dose 

mimicking settings for plan conversion were the same as those for automatic plan 

generation, with the exception that a homogeneous lung function distribution was 

applied when converting MA-ConvRT plans. The dose metrics of original Eclipse 

plans and converted matRad plans are presented in Table 16. 

 

Table 16. Comparison between original Eclipse manual plans against matRad plans converted through 
dose mimicking. The mean and standard deviation of various DFH and DVH metrics are listed. 

  MA-ConvRT MA-FLART 
DVH/DFH metrics Eclipse matRad Eclipse matRad 

fMLD (Gy) 8.73 ± 3.26 7.34 ± 2.98 8.14 ± 3.23 6.74 ± 2.88 
F20 (%) 14.90 ± 6.94 13.13 ± 6.10 13.08 ± 5.89 11.65 ± 5.31 

HI 6.47 ± 1.59 5.36 ± 1.28 7.71 ± 1.86 5.72 ± 1.60 
CI 0.72 ± 0.08 0.74 ± 0.08 0.67 ± 0.09 0.70 ± 0.09 

PTV D1 (Gy) 64.3 9± 1.09 63.67 ± 0.87 65.29 ± 1.25 63.92 ± 1.07 
Lungs Dmean (Gy) 9.72 ± 3.37 8.32 ± 3.02 9.53 ± 3.47 8.12 ± 3.04 

Lungs V20 (%) 17.23 ± 6.61 15.27 ± 5.81 16.37 ± 6.30 14.65 ± 5.61 
Lungs V5 (%) 35.15 ± 12.17 29.90 ± 9.86 33.83 ± 12.63 28.41 ± 10.22 

SpinalCord Dmax (Gy) 33.01 ± 9.81 30.93 ± 10.09 33.15 ± 10.74 30.50 ± 11.31 
Esophagus Dmean (Gy) 12.27 ± 9.47 10.65 ± 8.89 12.38 ± 9.74 10.60 ± 9.04 

Esophagus D1 (Gy) 42.86 ± 21.16 41.17 ± 21.42 42.88 ± 21.18 40.96 ± 21.39 
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Heart Dmean (Gy) 7.11 ± 6.58 5.69 ± 5.74 7.50 ± 7.13 5.95 ± 6.11 
Heart V40 (%) 3.08 ± 3.83 2.08 ± 2.70 3.83 ± 4.59 2.44 ± 3.04 

Abbreviations: fMLD = functionally weighted mean lung dose; Fx = portion of lung function irradiated 
by dose higher than x Gy; Dmean = mean dose; Dmax = maximal dose; Vx = portion of structure volume 
irradiated by dose higher than x Gy; Dx = minimum dose to the “hottest” x% of structure volume. 
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6.2.3 Comparison between MMDP-FLART plans against MA-FALRT/ConvRT 

plans 

Table 17. Comparison between MMDP-FLART plans against MA-ConvRT and MA-FLART 
plans on the SPECT V dataset. The mean and standard deviation of various DFH and DVH 
metrics are listed. The p-values by Wilcoxon Signed-Rank test are also shown. MMDP-
FLART plans outperform manual plans in terms of metrics marked in green while 
underperform manual plans in terms of metrics marked in blue. 

DVH/DFH metrics MMDP-
FLART MA-ConvRT p-value MA-FLART p-value 

fMLD (Gy) 5.91 ± 3.04 6.71 ± 3.20 <0.001 6.15 ± 3.03 <0.001 
F20 (%) 10.65 ± 5.46 12.05 ± 5.62 <0.001 10.49 ± 5.00 0.487  

HI 7.44 ± 1.21 4.61 ± 0.97 <0.001 5.55 ± 1.50 <0.001 
CI 0.78 ± 0.08 0.79 ± 0.04 0.892  0.77 ± 0.03 0.001  

PTV D1 (Gy) 65.13 ± 0.81 63.13 ± 0.66 <0.001 63.78 ±1.01 <0.001 
Lungs Dmean (Gy) 6.17 ± 2.86 6.65 ± 2.85 <0.001 6.39 ± 2.83 <0.001 

Lungs V20 (%) 11.13 ± 5.02 11.91 ± 4.79 <0.001 11.13 ± 4.64 0.509  
Lungs V5 (%) 21.50 ± 9.87 24.09 ± 9.27 <0.001 23.02 ± 9.85 <0.001 

SpinalCord Dmax (Gy) 24.85 ± 13.79 22.91 ± 9.40 0.016  22.88 ± 9.09 0.023  
Esophagus Dmean (Gy) 6.19 ± 9.95 6.99 ± 9.84 <0.001 7.02 ± 9.84 <0.001 

Esophagus D1 (Gy) 25.67 ± 19.89 27.86 ± 19.45 0.004  28.07 ± 18.61 <0.001 
Heart Dmean (Gy) 3.84 ± 4.20 4.01 ± 4.71 0.055  4.20 ± 5.24 0.016  

Heart V40 (%) 0.63 ± 1.08 0.90 ± 1.36 <0.001 1.17 ± 1.84 <0.001 
Abbreviations: fMLD = functionally weighted mean lung dose; Fx = portion of lung function irradiated by 
dose higher than x Gy; Dmean = mean dose; Dmax = maximal dose; Vx = portion of structure volume 
irradiated by dose higher than x Gy; Dx = minimum dose to the “hottest” x% of structure volume. 

 

Table 18. Comparison between MMDP-FLART plans against MA-ConvRT and MA-FLART 
plans on the SPECT Q dataset. The mean and standard deviation of various DFH and DVH 
metrics are listed. The p-values by Wilcoxon Signed-Rank test are also shown. MMDP-
FLART plans outperform manual plans in terms of metrics marked in green while 
underperform manual plans in terms of metrics marked in blue. 

DVH/DFH metrics MMDP-
FLART MA-ConvRT p-value MA-FLART p-value 

fMLD (Gy) 7.27 ± 3.20 7.73 ± 2.75 <0.001 7.12 ± 2.71 0.099 
F20 (%) 13.90 ± 6.82 13.82 ± 6.28 0.889 12.39 ± 5.37 <0.001 

HI 7.26 ± 1.34 5.83 ± 1.22 <0.001 5.82 ± 1.66 <0.001 
CI 0.69 ± 0.12 0.71 ± 0.09 0.077 0.66 ± 0.10 <0.001 

PTV D1 (Gy) 65.11± 0.88 64.02 ± 0.81 <0.001 64.01 ± 1.09 <0.001 
Lungs Dmean (Gy) 9.34 ± 2.96 9.38 ± 2.62 0.206 9.22 ± 2.64 0.164 

Lungs V20 (%) 18.23 ± 6.17 17.41 ± 5.36 <0.001 16.89 ± 4.99 <0.001 
Lungs V5 (%) 33.12 ± 11.22 33.60 ± 8.32 0.239 31.84 ± 8.88 0.106 

SpinalCord Dmax (Gy) 35.23 ± 10.92 36.04 ± 6.58 0.193 35.35 ± 9.82 0.475 
Esophagus Dmean (Gy) 11.47 ± 7.55 12.98 ± 7.34 <0.001 12.88 ± 7.67 <0.001 
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Esophagus D1 (Gy) 47.38 ± 20.77 49.63 ± 18.05 <0.001 49.16 ± 18.85 0.003 
Heart Dmean (Gy) 6.02 ± 5.22 6.76 ± 6.06 <0.001 7.06 ± 6.36 <0.001 

Heart V40 (%) 2.37 ± 2.90 2.84 ± 3.04 <0.001 3.24 ± 3.36 <0.001 
Abbreviations: fMLD = functionally weighted mean lung dose; Fx = portion of lung function irradiated 
by dose higher than x Gy; Dmean = mean dose; Dmax = maximal dose; Vx = portion of structure volume 
irradiated by dose higher than x Gy; Dx = minimum dose to the “hottest” x% of structure volume. 
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6.3 Appendices for clinical implementation and evaluation 

6.3.1 MMDP model architecture and training 

MMDP model architecture 

 

Figure 32. The architecture of the multi-modality-guided dose prediction (MMDP) 

model based on 3D MedNeXt [159]. C, Ri, and Bi represent the number of channels, 

the expansion ratio, the number of blocks respectively. The base configuration of 3D 

MedNeXt [159] is adopted with C = 8, Ball = 2, R = [2,3,4,4,4,4,4,3,2]. 
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Figure 33. Demonstration of MMDP model inputs and references. 

 

As illustrated in Figure 32, the MMDP model used in this section consists of two 

encoders, a decoder, and several attention-based fusion modules, which are similar to 

the MMDP model used in Section 4. The two encoders are designed to extract useful 

and complementary features from anatomical and functional inputs respectively. The 

extracted anatomical and functional features are fused and enhanced via the attention-

based fusion modules consisting of channel attention blocks [133] and spatial 

attention blocks [134]. The decoder then utilizes the fused features to generate the 

optimal dose distributions. In contrast to the UNet-based MMDP model utilized in 
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Section 4, the current model is developed based on the 3D MedNeXt architecture 

[159], which has demonstrated superior performance compared to traditional UNet-

based models in a variety of medical image segmentation and dose prediction tasks , 

making it a robust foundation for dose prediction in radiotherapy planning. 

 

As depicted in Figure 33, the model inputs consist of anatomical inputs and functional 

inputs. The functional inputs contain percentile lung function maps and iso-function 

contour maps. The anatomical inputs contain six input channels, providing patient-

specific anatomical information, beam setting information, physics-informed prior 

knowledge, and PTV distance map as follows: 

1. PTV with Prescription Dose: In this first channel, voxels of PTV are 

assigned the prescription dose value, thereby encoding patient-specific 

prescription information and enabling dose prediction for plans with varying 

prescription dose settings. 

2. OARs with Priority Weights: The second channel represents OARs, with 

each OAR voxel assigned a weight value (W = 21-P), where P denotes the 

clinical priority. The clinical priority (P) is set to be 1 for Lungs-PTV, 1.5 for 

SpinalCord, 2 for Esophagus, and 2 for Heart based on clinical preferences. It 

allows the input to encode clinical preferences regarding the clinical 

importance of different OARs. 

3. Binary Body Mask: The third channel is a binary mask indicating the body 

volume, thereby specifying dose calculation and prediction space. 
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4. Effective Density Map: The fourth channel provides tissue heterogeneity 

information via effective density maps, which are converted from CT images 

using the same conversion tables between Hounsfield Unit (HU) values and 

mass densities or relative electron densities as those used for plan generation. 

5. Normalized Distance-Aware Beam Plate Map: The fifth channel encodes 

patient-specific beam angle information, which is essential for predicting dose 

distributions for plans with different beam configurations [96]. The 

normalized distance-aware beam plate maps are defined as Eq. (6.12-6.13) 

where Bi represents beam plate value of voxel i. N is the total number of 

gantry angles for IMRT plans. Dij refers to the distance of voxel i to source of 

beam j. SAD indicates the source to iso-center distance. Comparted to another 

common beam angle indicator – binary angle plate maps [96], where each 

beam angle is indicated by a binary plate with a fixed width, the normalized 

distance-aware beam plate maps have the advantages of masking complete 

beam path regions where most doses deposited, providing distance 

information from beam sources, and encoding the inverse-square law of beam 

intensity. 

𝐵𝐵𝑖𝑖 =  
1
𝑁𝑁
�𝛿𝛿𝑖𝑖𝑖𝑖

𝑁𝑁

𝑗𝑗

𝑆𝑆𝑆𝑆𝑆𝑆2

𝐷𝐷𝑖𝑖𝑖𝑖2
  (6.12) 

𝛿𝛿𝑖𝑖𝑖𝑖 =  �1,  𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑖𝑖 𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝ℎ 𝑜𝑜𝑜𝑜 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑗𝑗
0,  𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒    (6.13) 

6. PTV Distance Map: The fourth channel is a transformed distance map which 

encodes the minimum distance from each OAR voxel to the surface of the 

union of all PTVs [160]. The transformed distance map (T) is defined as Eq. 

(6.14) following the approach of Yue et al. [160]. 𝐷𝐷𝑖𝑖 represents the minimum 
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distance from each OAR voxel to the surface of the union of all PTVs with a 

unit of mm. The hyperparameters t, s, and c are set as 1.3, 20, and 1.204 

respectively as in Yue et al.[160]. The spatial relationship between OARs and 

the PTV is a critical feature influencing planning results and is commonly 

utilized in knowledge-based planning techniques[28]. Incorporating this 

distance information may enhance dose prediction accuracy[160]. 

𝑇𝑇𝑖𝑖 =  
𝑡𝑡

1 + exp (𝐷𝐷𝑖𝑖𝑠𝑠 − 𝑐𝑐)
  (6.14) 

 

All inputs have the same size of 160×128×96 with a consistent resolution of 

2.5×2.5×2.5 mm3 to cover most regions of interest. 

 

MMDP model training 

In contrast to the MMDP model described in Section 4, which was developed and 

evaluated using automatically generated ConvRT and FLART plans from a cohort of 

196 patients without clinical review, the MMDP model presented in this section was 

trained with more and higher-quality plans to enhance its generalizability and clinical 

acceptability. Initially, the model was pretrained using a large dataset comprising 895 

patients, including 1,463 automatic ConvRT plans and 508 automatic FLART plans, 

as detailed in Table 4. Subsequently, the model was fine-tuned and evaluated using a 

well-curated set of 83 pairs of manually generated ConvRT and FLART plans, which 

underwent clinical review. For the fine-tuning phase, 50 pairs of manual ConvRT and 

FLART plans were utilized, with 40 pairs allocated for model training and 10 pairs 

reserved for validation. The remaining 33 pairs were set aside for independent testing 
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of the model’s performance. Model training employed both MAE and DVH losses, as 

elaborated in Appendix 6.2. 

 

To further improve the model generalizability and robustness, on-the-fly data 

augmentation techniques—including random translation, rotation, and flipping—were 

applied during training. The Adam optimizer was used with a batch size of one. 

During pretraining, the model was trained for 400 epochs with an initial learning rate 

of 0.001, which gradually decreased according to a cosine annealing schedule. In the 

fine-tuning phase, the model was trained for 100 epochs with an initial learning rate 

of 0.0005, also following a cosine annealing schedule. The final MMDP model was 

selected based on its performance on the validation dataset. All model implementation 

and training were conducted using PyTorch on an NVIDIA RTX 4090 GPU. 

 

6.3.2 Function-guided dose mimicking 

The function-guided dose mimicking algorithm facilitates lung dose painting and 

enables the conversion of predicted dose distributions into deliverable FLART plans, 

as introduced in Section 4.2.5. Initially, the predicted dose maps were preprocessed to 

achieve clinically desirable dose distributions by increasing dose homogeneity within 

the PTV and reducing dose to OARs, as formulated in Equation (4.3) [136]. The dose 

preprocessing factors 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 and 𝑓𝑓𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 were set to 0.1 and 0.05 respectively.  

 

Following preprocessing, the refined dose maps were used to guide the setting of 
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optimization objectives for dose mimicking. Unlike the approach described in Section 

4.2.5, which utilized voxel-wise lung function information to assist lung dose painting, 

the updated dose mimicking algorithm employed ten functional lung contours to 

approximate “voxel-wise” lung dose painting. This adjustment was necessary due to 

the clinical TPS RayStation’s lack of support for voxel-wise objective weights. 

Additionally, several auxiliary conventional DVH objectives were incorporated to 

further enhance the clinical acceptability of the generated plans. The optimization 

functions utilized for dose mimicking are summarized in Table 19.  

 

Table 19. Optimization objective settings for function-guided dose mimicking. 
  ROI ROI definition Objective Weight 

Dose 
mimicking 

optimization 
objectives 

PTV PTV Dcal = Dref 800 

FL_i*10_(i+1)*10, 
i∈[0,1,2,…,9] 

Lung regions excluding PTV with 
functional weights ranging from i*10 

percentile to (i+1)*10 percentile 
Dcal < Dref (i*0.2+0.1)*600 

SpinalCord SpinalCord Dcal < Dref 400 

Heart Heart Dcal < Dref 200 

Esophagus Esophagus Dcal < Dref 200 

NormalTissue Body-PTV-OARs Dcal < Dref 100 

Auxiliary 
optimization 
objectives 

PTV PTV D98 > 59Gy 200 

PTV PTV D1 < 65.4Gy 200 

PTV_internal_05 Inner wall of PTV with thickness of 5 
mm Dmin > 57Gy 400 

Ring_02_07 PTV extended 7 mm minus PTV 
extended 2 mm Dmax < 59Gy 100 

Ring_07_12 PTV extended 12 mm minus PTV 
extended 7 mm Dmax < 56Gy 100 

Ring_12_17 PTV extended 17 mm minus PTV 
extended 12 mm Dmax < 51Gy 100 

Ring_17_22 PTV extended 22 mm minus PTV 
extended 17 mm Dmax < 46Gy 100 

Body-PTV22 Body minus PTV extended 22 mm Dmax < 40Gy 100 

SpinalCord SpinalCord Dmax < 43.5Gy Constraint 
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Note: Unlike the optimization function used in Eq. (4.4), the penalty value of an optimization function in RayStation is 
determined by the relative dose deviation. For example, the penalty value of an optimization function Dcal < Dref for ROI 

S with a weight of Ws is defined as 𝑤𝑤𝑠𝑠
𝑛𝑛𝑠𝑠
∑ 𝐻𝐻�𝐷𝐷𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 − 𝐷𝐷𝑖𝑖

𝑟𝑟𝑟𝑟𝑟𝑟� �𝐷𝐷𝑖𝑖
𝑐𝑐𝑐𝑐𝑐𝑐−𝐷𝐷𝑖𝑖

𝑟𝑟𝑟𝑟𝑟𝑟

𝐷𝐷𝑖𝑖
𝑟𝑟𝑟𝑟𝑟𝑟 �

2

𝑖𝑖∈𝑠𝑠 . Consequently, the weights listed in the table 

are multiplied by the square of the reference dose level when implemented in RayStation. 

 

The Collapse Cone dose engine (version 5.9) was used for dose calculation. A 

TrueBeam (Varian Medical Systems, Palo Alto, CA, USA) machine was used for plan 

generation. Dynamic IMRT technique with beam energy of 6 MV was adopted, 

consistent with manual planning. 

 

6.3.3 MO-based automatic plan optimization 

When implementing the MO-based plan optimization algorithm in RayStation, the 

voxel-wise FLART planning optimization is approximated by using ten functional 

lung contours. Specifically, the plan optimization function defined by Eq. (3.7) is 

replaced by the following function: 
min
𝑥𝑥

 𝑤𝑤𝑃𝑃𝑃𝑃𝑃𝑃
𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃

� �𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑝𝑝�
2

𝑖𝑖∈𝑃𝑃𝑃𝑃𝑃𝑃

+ �
𝑤𝑤𝑆𝑆
𝑁𝑁𝑠𝑠

�𝐻𝐻(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑠𝑠)(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝑠𝑠)2
𝑖𝑖∈𝑆𝑆𝑆𝑆∈𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂

+ �
𝑤𝑤𝐹𝐹𝐹𝐹(𝑗𝑗 ∗ 0.2 + 0.1)

𝑁𝑁𝑓𝑓𝑓𝑓
�𝐻𝐻(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝐹𝐹𝐹𝐹)(𝑑𝑑𝑖𝑖 − 𝐷𝐷𝐹𝐹𝐹𝐹)2
𝑖𝑖∈𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓=FL_𝑗𝑗∗10_(𝑗𝑗+1)∗10

𝑗𝑗∈[0,1,2,…,9]

 (6.15)
 

𝑠𝑠. 𝑡𝑡. 𝑥𝑥 ≥ 0 

𝑤𝑤 ≥ 0 

𝑑𝑑 = 𝐷𝐷𝑥⃗𝑥  

 

Where 𝑥⃗𝑥, 𝐷𝐷, and 𝑑𝑑 refer to the fluence map, the dose influence matrix, and the dose 

distribution respectively. 𝑑𝑑𝑖𝑖  represents the dose value of voxel i. 𝑤𝑤  and 𝑁𝑁  are the 

weights of different objectives and the number of voxels in different regions 

respectively. 𝐷𝐷𝑝𝑝 , 𝐷𝐷𝑠𝑠 , and 𝐷𝐷𝐹𝐹𝐹𝐹  stand for reference dose of different objectives. 𝐻𝐻 
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represents the Heaviside function. The details of dose objectives are summarized in 

Table 1. 

 

6.3.4 Manual planning 

For each case in the third and fourth datasets listed in Table 4, a senior physicist 

manually generated a pair of ConvRT and FLART plans through a structured four-

stage planning process: (1) manual ConvRT planning, (2) manual contour-based 

FLART planning, (3) dose mimicking-based voxel-wise FLART plan optimization, 

and (4) manual refinement.  

 

The physicist first created a conventional lung IMRT plan following institutional 

guidelines adapted based on the principles established by the Quantitative Analysis of 

Normal Tissue Effects in the Clinic (QUANTEC) [147] and the Radiation Therapy 

Oncology Group (RTOG) 0617 [6], as detailed in Table 15. A prescription dose of 60 

Gy was applied for all cases. Given that simultaneously considering multiple 

functional lung contours are challenging for human planners, a contour-based FLART 

plan was created by additionally considering a HFL contour with the conventional RT 

plan as a baseline. The HFL contour was delineated from the percentile lung function 

map through threshold segmentation with a threshold of 66th percentile [111]. The 

contour-based FLART plan was generated with the aim of reducing HFL mean dose 

and V20 while avoiding severely damaging conventional dose objectives. To achieve 

this goal, the physicist meticulously adjusted beam angles, added functional dose 
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objectives, and fine-tuned weight/dose/volume values of conventional and functional 

objectives. In the third stage, function-guided dose mimicking was performed to 

convert the manually generated contour-based FLART plans into approximately 

voxel-wise FLART plans. The planning doses of the manual contour-based FLART 

plans were first preprocessed by reducing the doses to ten functional lung contours, 

creating optimization room for dose redirection from high-function lung regions to 

low-function lung regions and other less critical areas. Specifically, the doses to 

“FL_i*10_(i+1)*10” (i∈[0,1,2,…,9]) were reduced by (i+1)*0.5%. The preprocessed 

doses were used to guide the setting of optimization objectives for dose mimicking, 

analogous to the approach used for MMDP-based auto-planning. Finally, the physicist 

conducted a thorough review and, if necessary, manual refinement of the “voxel-wise” 

FLART plan to ensure clinical acceptability. All manual plans underwent independent 

review and approval by a second experienced physicist. All manual plans were 

created using RayStation TPS with the Collapse Cone dose engine (version 5.9). A 

TrueBeam machine was used for plan generation. Dynamic IMRT technique with 

beam energy of 6 MV were used for all plans. 
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