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Summary 

Background and purpose:  

Radiotherapy has been one of the backbone treatments in primary liver cancers including 

hepatocellular carcinoma (HCC) and intrahepatic cholangiocarcinoma (ICC). But radiation-

induced liver disease (RILD) remains a dose-limiting complication of traditional liver-directed 

radiotherapy and can lead to deterioration of liver function followed by liver failure and death. 

With many attempts to improve tumor control and minimize toxicity, modern radiotherapy 

techniques have been emerging but come at high cost. Proton beam therapy (PBT) has both 

physical and biological advantages and is effective for primary liver cancers. Although randomized 

controlled trial (RCT) between PBT versus standard x-ray treatment (XRT) is expected, there were 

several obstacles in conducting RCT. Normal tissue complication probability (NTCP) model-

based approach is currently captivating as alternative method.  

For primary liver cancers, NTCP model translates dosimetry of normal liver into estimated 

risk of RILD. However, clinical factors also influence the radiosensitivity of liver tissue. Therefore, 

NTCP model considering both clinical and dosimetric parameters in primary liver cancers needs 

to be established. Then, for each patient, risk of RILD is estimated from PBT plan (NTCPPBT) and 

XRT plan (NTCPXRT) and compared, NTCPXRT - NTCPPBT, referred as ∆NTCP. The patient is 

eligible for PBT if his/her ∆NTCP is larger than predefined ∆NTCP threshold.  

Nevertheless, there are considerable sources of model uncertainties. For example, sample 

data have been used to develop the model. The lack of exact knowledge in whole population results 

in model uncertainty which affects the accuracy of NTCP model and ∆NTCP values. Estimation 

of uncertainties of NTCP and ∆NTCP helps improve the reliability of the model prediction in the 

general population. Underestimation of ∆NTCP can lead to the loss of opportunity to benefit from 

PBT while overly cautious practice might cause unnecessary use. Therefore, assessing uncertainty 

is an important step of model-based patient selection strategy for PBT. 

The aims of our studies are to establish the NTCP model by integrating clinical and 

dosimetric factors for better prediction of RILD risk and to demonstrate the NTCP model-based 

approach considering uncertainties of NTCP and ∆NTCP to improve the clinical implementation 

of patient selection for PBT. 
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Materials and Methods:  

We studied the methodology to assess uncertainties of NTCP and ∆NTCP considering 

variance and covariance of the model parameters from Lyman-Kutcher-Burman (LKB) NTCP 

model. Virtual simulated data of 203 patients were generated mimicking a landmark (Michigan) 

study and classified into 3 types of dataset (individual patient, organized dose-bin and bootstrap 

dataset) to estimate for LKB NTCP parameters, their variance and covariance. Different methods 

were used to obtain confidence interval (CI) of NTCP and ∆NTCP, namely, delta method and 

bootstrapping method. 

Subsequently, we collected data of 239 eligible primary liver cancer patients and modeled 

dose-response relationship between mean liver dose (MLD) and grade≥2 liver toxicity according 

to Common Terminology Criteria for Adverse Events (CTCAE grade≥2 RILT) based on LKB 

NTCP model. Clinical characteristics including Child-Pugh classification and viral hepatitis 

infection were recorded. We developed subgroup-specific LKB NTCP models and determined 

model parameters, their variance and covariance. Then, the delta method was used to estimate 

∆NTCP with uncertainty. 

Lastly, we introduced the multivariable NTCP model for predicting RILD using 280 

patients for training dataset and 46 patients for test dataset. The clinical and dosimetric parameters 

were analyzed using multivariate regression analysis. Final model was reported, and model 

performance and validation were performed. 

Results: 

The virtual simulated patient data was a good representative of the Michigan data despite 

a small difference in MLD. The re-identified model parameters were remarkably comparable to 

the original ones. The uncertainty of ∆NTCP was determined by delta method. Our results 

demonstrated that LKB NTCP model parameters, their variance and covariance, and ∆NTCP 

contours derived from dose-bin dataset were very similar to those from individual patient dataset. 

However, the contours from bootstrapping techniques yielded a little difference which might be 

due to larger covariance found in bootstrap dataset. Additionally, we proposed that the use of CI-

lower boundary of ∆NTCP provided more conservative threshold compared to central estimate. 
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From 239 patients dataset, CP classification was the strongest clinical predictive factor for 

CTCAE grade≥2 RILT, followed by viral hepatitis infection. We stratified patients into 3 

subgroups according to CP classification and hepatitis status, i.e., CP-A, nonhepatitis subgroup; 

CP-A, hepatitis subgroup; and CP-B/C subgroup. Estimated LKB NTCP parameters and NTCP 

curves were unique for each subgroup. Likewise, ∆NTCP varied between subgroups. Lower 

boundary of CI of ∆NTCP was more conservative in all subgroups. 

Finally, we firstly reported the multivariable NTCP model for predicting RILD using 

relatively large patient dataset. The model consisted of 4 parameters including diagnosis (HCC 

versus ICC), pretreatment CP classification (CP-A versus CP-B/C), viral hepatitis infection status 

(positive versus negative) and MLD. The model had good performance and validity. We then 

classified patients according to these 3 clinical risks (not included MLD) into 8 subgroups and 

estimated their baseline NTCP values. Patients with ≥2 clinical risk factors had increased risk of 

RILD.  Uncertainty of model parameters (regression coefficients) were reported for further studies. 

Discussion: 

To assess uncertainties of LKB NTCP and ∆NTCP, we found that delta method considering 

variance and covariance of model parameters was effective for both individual dataset and dose-

bin dataset whereas bootstrapping method was limited by statistical instability and longer 

computational time. This suggested the feasibility of using dose-bin dataset for data sharing among 

institutions.  

According to our 239 patients, assuming a different CP classification and hepatitis status, 

NTCP and ∆NTCP markedly varied indicating different radiosensitivity among patients. This 

finding suggested the use of subgroup-specific LKB NTCP model and further underlined the 

differential benefit from PBT between subgroups which may have a potential impact on the 

decision regarding selective PBT use. In addition, these studies suggested that lower boundary of 

CI of ∆NTCP provided more conservative threshold and increased confidence for patient selection 

for PBT. 

More clinical and dosimetric parameters were studied using the multivariable analysis. The 

4-variable model consisted of 3 clinical risk features and 1 dosimetric parameter. Patients with 2 

clinical risk factors had increased baseline risk of RILD. As a result, treatment plan should be 
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optimized with high respect to MLD based on NTCP model in these patients. For those with all 3 

risk factors, radiotherapy might not be an appropriate treatment due to very high baseline NTCP 

value regardless of MLD. The uncertainty of regression coefficients reported in this study would 

be further analyzed for obtaining NTCP and ∆NTCP uncertainties in our future studies. 

Nevertheless, appropriate ∆NTCP threshold as well as proper confidence level for the 

selective use of PBT is still unknown. Therefore, challenges are to determine the appropriate 

threshold for identifying patients who would most likely benefit from PBT based on clinical 

outcomes and cost-effectiveness study.  

Conclusion: 

NTCP model for predicting RILD was established based on subgroup-specific LKB model 

and multivariable model. We proposed a clinical decision support using NTCP model-based 

approach to select patients for PBT and suggested the use of ∆NTCP with uncertainty to improve 

confidence in decision making. 
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RILD radiation-induced liver disease  
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Introduction 

 Liver cancer is the fifth most common cancer in males and the ninth in females. The highest 

incidence was in Eastern Asia with the age-standardized rate of 26.8 and 8.7 per 100,000 in male 

and female, respectively. In Japan, the projected incidence of liver cancer in 2018 is 39,600 new 

cases (the seventh most common of all sites), 25,700 males and 13,900 females, with the estimated 

27,000 deaths (the fifth most common causes of cancer deaths). In Southeastern Asia including 

Thailand, the age-standardized incidence rates were 21 and 6.6 per 100,000 in male and female 

(Bray et al., 2018).  

 Primary liver cancers consist of hepatocellular carcinoma (HCC) and intrahepatic 

cholangiocarcinoma (ICC). Radiotherapy has been one of the mainstay treatments in primary liver 

cancers and can be administered as adjuvant treatment after surgery and definite treatment for 

unresectable diseases, either radiotherapy alone or combination with chemotherapy. Historically, 

radiotherapy has a limited role for treatment of liver tumors due to low liver tolerance. Emami et 

al. reported that tolerance dose for whole liver irradiation with the risk of toxicity at 50% (TD50) 

and 5% (TD5) were 40 and 30 Gy, respectively (Emami et al., 1991), whereas radiation dose of 

more than 60-70 Gy is usually required for effective tumor control. Therefore, conventional x-ray 

treatment (XRT) has not been recognized as a curative treatment for liver cancers because it is 

difficult to give adequately high dose to the tumor and safely spare surrounding normal tissue at 

the same time. An important dose-limiting complication of traditional liver radiotherapy is 

radiation-induced liver disease (RILD). 

Radiation-induced liver disease  

RILD typically occurs between 2 weeks to 4 months after completion of radiotherapy and 

can be followed by liver failure and death due to limited treatment options. RILD can be classified 

into “classic” and “nonclassic” RILD. Clinical manifestation of classic RILD includes anicteric 

hepatomegaly, ascites, and elevated alkaline phosphatase (ALP) more than twice the upper limit 

of normal (2xULN) or baseline value. Pathological characteristics are occlusion and obliteration 

of the central veins of hepatic lobules, retrograde congestion and secondary hepatocyte necrosis 

(Reed and Cox, 1966). In contrast, nonclassic RILD involves elevated liver transaminases 

(aspartate aminotransferase, AST, and alanine aminotransferase, ALT) more than 5xULN within 
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3 months after therapy, or liver function deterioration measured by a decline in Child-Pugh (CP) 

score by 2 or more (Table 1), with the absence of classic RILD. This endpoint is usually described 

in patients with pretreatment poor liver function, for example, hepatitis B infection, CP B and C 

(Pan et al., 2010).  

Table 1 Child-Pugh Scoring system  

Criteria 1 point 2 points 3 points 

Total bilirubin <2 mg/dL 2-3 mg/dL >3 mg/dL 

Serum albumin >3.5 g/dL 2.8-3.5 g/dL <2.8 g/dL 

INR <1.7 1.71-2.20 >2.20 

Ascites None Controlled with medication Refractory 

Hepatic 

encephalopathy 

None CTCAE grade I-II (or 

controlled with medication) 

CTCAE grade III-IV 

(or refractory) 

Total score of 5-6 is Child-Pugh class A 

Total score of 7-9 is Child-Pugh class B 

Total score ≥10 is Child-Pugh class C 

Abbreviation: INR=international normalized ratio; CTCAE=common terminology criteria for adverse 

events.  

RILD is seen in 5%-10% of patients who received 30-50 Gy to whole liver whereas tumor 

needs about 60-70 Gy for curative aim as mentioned above. Therefore, unfavorable local tumor 

control results from inadequate radiation dose from conventional technique. Nonetheless, with the 

advances in radiotherapy technology, modern radiotherapy techniques such as stereotactic body 

radiotherapy (SBRT) and charge particle therapy including proton beam therapy (PBT) allows 

dose escalation to the tumor with accurate beam delivery. As a result, these cutting-edge 

technologies could provide curative goal with minimal toxicity (Tanguturi et al., 2014, Tao and 

Yang, 2012). 

  



 
 

10 
 

Risk factors for RILD can be classified into 3 categories:  

(1) patient-related risk factors 

Male gender, CP classification and viral hepatitis infection status were associated with 

higher risk of RILD. A study showed a significantly increased risk of RILD in male gender with 

Odds ratio (OR) of 9.9 (p-value=0.002) (Dawson et al., 2002). Several studies reported the greater 

susceptibility to RILD in patients with CP-B, and viral hepatitis B (HBV) carrier status with OR 

of 3.7-13.6 for CP-B (p-value<0.001)  and OR of 9.3 for HBV carrier (p-value=0.040) (Liang et 

al., 2006, Xu et al., 2006, Cheng et al., 2004, Prayongrat A et al., 2019). 

(2) disease-related risk factors 

Diagnosis of primary liver cancers (versus liver metastases), presence of portal vein 

thrombosis (PVT), tumor characteristics defined by cancer staging as well as tumor size were 

studied. Patients with primary liver cancers diagnosis had significantly higher risk of RILD with 

OR of 6.4 (p-value=0.005) for hyperfractionated radiotherapy (Dawson et al., 2002, Osmundson 

et al., 2015) and OR of 5.8 (p-value=0.009) for SBRT (Osmundson et al., 2015). The presence of 

PVT, late tumor stage and large gross tumor volume were only associated with RILD in univariate 

analysis but not in multivariate analysis (Liang et al., 2006, Seong et al., 2003). However, PVT 

was found to be significantly associated with grade ≥2 liver toxicity according to Common 

Terminology Criteria for Adverse Events (CTCAE) (Prayongrat A et al., 2019). 

(3) treatment-related risk factors 

Various dosimetric parameters associated with RILD were mean normal liver dose, volume 

of liver receiving 5-30 Gy (V5-30) and normal/total liver volume (Osmundson, 2015). Other 

factors included chemotherapy and transarterial chemoembolization (TACE) (Dawson et al., 2002, 

Liang et al., 2006). Administration of continuous infusion hepatic artery bromodeoxyuridine 

chemotherapy concurrently with twice-daily radiotherapy was significantly associated with RILD 

with very high OR of 71 (p-value<0.001) (Dawson et al., 2002) while TACE was only significant 

in univariate analysis (Liang et al., 2006). 
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Proton beam therapy in liver cancers 

Delivery of curable dose to the tumor while sparing surrounding normal tissue is very 

challenging for liver tumors. Charged particles including proton offers physical benefits over 

conventional X-ray by virtue of Bragg peak. In PBT, proton particles are accelerated to a high 

speed, up to two-thirds the speed of light, and energies, up to 250 million electron volts (MeV), by 

an accelerator (synchrotron or cyclotron). The accelerated protons are then steered by magnets 

toward the treatment room and to a patient through a beam delivery system. These high-energy 

protons can penetrate the patient’s body and stop at a certain range according to their energy. At 

the end of its range, the dose delivered to tissue is maximized, so-called Bragg peak, followed by 

a steep gradient with no exit dose because very few protons penetrate beyond that distance.  

In cancer treatment, protons of different energies with several Bragg peaks at different 

depths are used to treat the entire tumor as shown in Figure 1. Along beam entrance path, tissues 

close to the surface of the body receive lower radiation dose compared to XRT. Similarly, tissues 

beyond the tumor receive minimal dose along beam exit path. Therefore, unnecessary radiation 

dose to the surrounding normal tissues is markedly reduced thus allows dose escalation to the 

tumor which potentially translates into better clinical outcomes.  

 

Figure 1 Comparison of x-ray depth dose curve (black) with the Bragg peak (gray) 

and spread-out Bragg peak (SOBP) (dashed grey) of proton beam therapy  
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According to the American Society for Radiation Oncology (ASTRO) Proton Beam 

Therapy Model Policy 2017, HCC is classified as Group 1 (medically necessary) disease site that 

frequently supports the use of PBT. Studies of PBT in treating patients with HCC are shown in 

Table 2. PBT was usually administered in hypofractionation scheme and results in favorable 

outcomes with local control and overall survival (OS) of approximately 80% and 40% at 5 years, 

respectively.  
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Table 2 Studies of proton beam therapy in treating patients with hepatocellular carcinoma. 

Study N CP Viral 

hepatitis 

Tumor (median) 

size/ location 

PBT dose 

(GyRBE/ 

fractions) 

Local 

control 

Progression-

free survival 

Overall 

survival 

Grade≥2  

toxicity  

(Kawashima 

et al., 2005) 

30 A: 67% 

B: 33% 

 

HBV: 10% 

HCV: 87% 

both: 3% 

4.5 cm 76/20 2Y: 96% 2Y: 38% 

3Y: 16% 

2Y: 66% 

3Y: 62% 

Gr 3: 33% 

(hemato-

toxicity) 

(Chiba et al., 

2005) 

162 A: 51% 

B: 38% 

C: 6% 

HBV: 9% 

HCV: 80% 

both: 2% 

3.8 cm 72/16 5Y: 87% N/A 5Y: 24% Gr≥2: 3% 

(Mizumoto 

et al., 2008) 

53 A: 87% 

B: 11% 

C: 2% 

HBV: 9% 

HCV: 68% 

both: 2% 

4.3 cm/ adjacent 

to porta hepatis 

72.6/22 

 

2Y: 94% 

3Y: 86% 

2Y: 38% 

3Y: 25% 

2Y: 57% 

3Y: 45% 

Gr2: 6% 

(Fukumitsu 

et al., 2009) 

51 A: 80% 

B: 20% 

HBV: 16% 

HCV: 63% 

both: 4% 

2.8 cm/  

>2cm away from 

GI tract 

66/10 

 

3Y: 95% 

5Y: 88% 

N/A 3Y: 49% 

5Y: 39% 

Gr2: 6% 

(Nakayama 

et al., 2009) 

318 A: 74% 

B: 24% 

C: 2% 

HBV: 7% 

HCV: 77% 

both: 1% 

N/A 66/10 

72.6/22 

77/35 

N/A N/A 1Y: 90% 

3Y: 65% 

5Y: 45% 

Gr2: 10% 

Gr3: 2% 
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Study N CP class Viral 

heptatitis 

Tumor (median) 

size/ location 

PBT dose 

(GyRBE/ 

fractions) 

Local 

control 

Progression-

free survival 

Overall 

survival 

Grade≥2 

toxicity  

(Nakayama 

et al., 2011) 

47 A: 75% 

B: 19% 

C: 6% 

HBV: 13% 

HCV: 72% 

both: 2% 

 N/A /  

within 2 cm away 

from GI tract 

72.6/22 

77/35 

3Y: 88% 

4Y: 88% 

3Y: 40% 

4Y: 17% 

3Y: 50% 

4Y: 34% 

Gr2: 3% 

Gr3: 2% 

(Bush et al., 

2011) 

76 A: 29% 

B: 47% 

C: 24% 

N/A 5.5 cm 63/15 80% 3Y: 60% 3Y: 70% 

if liver 

transplant 

Gr2: 7% 

(Bush et al., 

2016) 

33 N/A HBV: 3% 

HCV: 67% 

3.2 cm 70.2/15 2Y: 88% 2Y: 48% 2Y: 59% No severe 

toxicity 

(Hong et al., 

2016) 

44 A: 73% 

B: 21% 

HBV: 9% 

HCV: 52% 

5 cm 67.5/15 

58.05/15 

2Y: 95% 2Y: 40% 2Y: 63% Gr 3: 5% 

(Kim et al., 

2015) 

27 A: 89% 

B: 11% 

HBV: 56% 

HCV: 30% 

2.5 cm/ 

inoperable HCC 

60/20 

66/22 

72/24 

3Y: 80% 

5Y: 64% 

3Y: 17% 

5Y: 0% 

3Y: 56% 

5Y: 42% 

Gr 2: 7.4% 

(Sugahara et 

al., 2009) 

35 A: 80% 

B: 20% 

HBV: 9% 

HCV: 86% 

6 cm/  

with PVT 

72.6/22 

 

2Y: 91% 

5Y: 91% 

2Y: 46% 

5Y: 20% 

2Y: 48% 

5Y: 21% 

Gr3: 9% 

(Lee et al., 

2014) 

27 A: 67% 

B: 33% 

HBV: 74% 

HCV: 15% 

7 cm/  

with PVT 

50-66/20-22 1Y: 71% 

2Y: 62% 

N/A 1Y: 56% 

2Y: 33% 

11% 

CP=Child-Pugh; PBT=proton beam therapy; RBE= relative biologic effectiveness; HBV=viral hepatitis B; HCV=viral hepatitis C; 

GI=gastrointestinal; HCC=hepatocellular carcinoma; PVT=portal vein thrombosis; N/A=not applicable; Y=year
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Meta-analyses and systematic reviews suggest that PBT is the most effective radiotherapy 

option for primary liver cancers (Durante, 2015, Qi et al., 2015, Granovetter, 2016, Durante et al., 

2017). In Japan, excellent outcomes of PBT in treating liver cancer patients were clearly elucidated 

(Igaki et al., 2018). However, despite apparent dosimetric benefit together with promising clinical 

results, there are several limitations in the use of PBT in liver cancers including cost-effectiveness 

and limited facilities of PBT centers. Therefore, appropriate patient selection is of paramount 

importance. 

Selective use of proton beam therapy in liver cancer 

 A randomized controlled trial (RCT) between PBT versus standard XRT is expected as 

level I evidence of medical practice. But several obstacles in conducting RCT in this situation exist. 

First, the “equipoise”, or balanced uncertainties bring about ethical compromise because inferior 

outcomes from one arm can be predicted (Hellman and Hellman, 1991). Given that the same tumor 

dose distribution results in the same tumor control probability, PBT has been shown to be superior 

to XRT in terms of reducing unnecessary radiation dose to surrounding normal tissues, known as 

organs-at-risk. In the other words, PBT likely provides the benefit in terms of reduction of normal 

tissue complication probability (NTCP). As a result, it is predictable that XRT has inferior dose 

distribution and might lead to poorer clinical outcomes. Second, greater cost of PBT results in 

limited availability, capacity and accessibility to conduct RCT. For example, Phase IIb RCT of 

PBT versus intensity-modulated radiotherapy (IMRT) for esophageal cancer at MD Anderson 

Cancer Center encountered this problem as the insurance company denied the reimbursement in 

17 out of 51 patients (33%) in those who were randomized into PBT group. It can lead to slow 

accrual and, even, early termination of the study. Third, some late radiation-induced complications 

have long latency period, for example cardiovascular complications and radiation-induced 

secondary malignancy and take many years to obtain the useful information for treatment decision. 

At the time of mature study, PBT will eventually out-of-date and will not change any practice. To 

summarize, RCT might not always be the sole basis of making medical decision in the radiation 

oncology society where evolving technologies are rapidly developed (Goitein and Cox, 2008). 

Another alternative method in evidence-based medicine is model-based approach which is 

currently captivating due to its convenience in development and implementation in allocating 
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proper treatment modality for individual patient (Langendijk et al., 2013, Shirato et al., 2018, 

Widder et al., 2016). 

Model-based approach  

With the aims of appropriate patient selection, decisive model with tailor-made criteria and 

clinical validation has been expected to select patients who potentially benefit from PBT. In order 

to establish the selective use of PBT in cancer patients, it is necessary to translate a favorable dose 

profile of PBT into a reduction of clinically significant toxicities. It has been known that reducing 

dose to organs-at-risk  is the key feature of PBT. Accordingly, NTCP model is applied to estimate 

the probability of developing toxicity and compare risk of radiation-induced complications 

between radiotherapy modalities, e.g. PBT versus conventional XRT. 

A group of researchers in University of Groningen, the Netherlands firstly introduced an 

approach to select patients most likely to benefit from PBT based on NTCP models, referred as 

NTCP model-based approach. They proposed the two-phase approach consisting of Phase α: 

model-based indications: step 1) NTCP model development with prospective data collection and 

multivariable analysis, step 2) in silico planning comparative studies, step 3) estimation of clinical 

benefit and translation of dose reduction into NTCP reduction (∆NTCP), and Phase β: clinical 

validation using prospective observational studies (Langendijk et al., 2013). Successfully, the 

Dutch health council and the Dutch health care insurance board have finally adopted this approach 

in 2015. According to the Dutch society of radiotherapy and oncology consensus, PBT is eligible 

for patients with ∆NTCP of ≥10% for grade 2 toxicity, ≥5% for grade 3 toxicity and ≥2% for grade 

4 toxicity (Grau, 2013).  

NTCP model comparing PBT versus XRT is profoundly attractive in head and neck cancers. 

In silico biological effect analysis for intensity-modulated proton therapy (IMPT) versus IMRT 

showed that a subgroup of patients with upper head and neck tumor location may benefit from 

IMPT, determined by ∆NTCP ≥10% (Jakobi et al., 2015a). Additionally, use of IMPT for the 

whole treatment course resulted in ∆NTCP ≥10% in 50% of patients compared to IMRT (Jakobi 

et al., 2015c). Therefore, NTCP model-based approach can facilitate the preselection of subgroups 

of patients who potentially exhibit benefit from PBT.  
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The utilization of in-silico biomarker in selecting external radiotherapy was also 

demonstrated in Japan. Tamura et al. applied Schneider’s model to determine lifetime attributable 

risk of developing secondary cancer in pediatric patients. They found that PBT contributed a 

significant reduction of risk to only one-third compared to IMRT. Accordingly, Japanese national 

health insurance has approved PBT in pediatric cancer since 2016 (Schneider et al., 2011, Tamura 

et al., 2017). In liver tumors, Hokkaido University firstly demonstrated a dosimetric benefit of 

spot-scanning proton therapy over IMRT for HCC with nominal diameter more than 6.3 cm 

regarding predicted risk of RILD using Lyman NTCP model, 6.2% for PBT versus 94.5% for 

IMRT. (Toramatsu et al., 2013). However, NTCP model-based approach using ∆NTCP to select 

PBT in liver cancer patients has never been studied elsewhere. 

There are some limitations of the NTCP model-based approach for the selective use of 

PBT. Firstly, there were differences between patient population from which model was derived 

and patient population for which model was applied. Physical and biological characteristics of 

patients, diseases and treatments were heterogenous among population. For example, a study from 

MD Anderson Cancer Center studied the validity and robustness of XRT-derived NTCP models 

in head and neck cancer patients who were treated with PBT. A reduction of XRT-derived NTCP 

model efficacy in PBT-treated patients was demonstrated (Blanchard et al., 2016). Secondly, 

preexisting NTCP models were developed using data from a group of patients, about 100-200 

patients, which did not represent the whole population. Moreover, there are considerable sources 

of model uncertainties that affect the accuracy of model-based approach for patient selection for 

PBT (Bijman and Breedveld, 2017) as well as the ∆NTCP values. Altogether, model validation 

and performance as well as uncertainties of NTCP and ∆NTCP should be assessed to improve 

reliability and confidence of model-based patient selection strategy for PBT.  

NTCP model for prediction of RILD   

The objective of NTCP model is to translate dosimetric input into a clinically relevant 

outcome. In other words, “irradiated dose to organ” is depicted as “a probability or risk of 

developing toxicity of that organ”. Various mathematical models have been proposed to estimate 

the risk of complication as a function of assorted parameters of the treatment plan, tissue 

architecture and radiosensitivity (Marks et al., 2010). In this study, we mainly focused on NTCP 

models for prediction of RILD in primary liver cancer patients.  
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(1) Lyman-Kutcher-Burman NTCP model 

Lyman model assumed a sigmoid dose-response relationship between uniform dose 

irradiated to liver and risk of RILD. For clinical implementation, the Kutcher-Burman effective 

volume (Veff) was integrated to account for non-uniform irradiation, so called Lyman-Kutcher-

Burman (LKB) model (Lyman, 1985, Kutcher and Burman, 1989). In the LKB model, a power-

law relationship with a volume effect (𝑛) is used for dose-volume histogram (DVH) reduction into 

a single parameter. The LKB NTCP model is expressed as follows: 

NTCP = 
1

√2𝜋
∫ 𝑒−𝑥2 2⁄𝑡

−∞
𝑑𝑥   (1) 

where 

             t = 
𝐷−𝑇𝐷50 (𝑣)

𝑚 ∙𝑇𝐷50(𝑣)
   (2) 

                                𝑇𝐷50(1) = 𝑇𝐷50(𝑣) × 𝑣−𝑛  (3) 

                𝑣 = ∑ 𝑣𝑖(𝐷𝑖 𝐷𝑟𝑒𝑓⁄ )
1

𝑛
𝑖    (4) 

where,  𝑇𝐷50(𝑣)  is the 50% tolerance dose for uniform distribution of partial volume (𝑣).  

𝑇𝐷50(1) represents 50% tolerance dose for whole organ. 

𝑚 is the steepness of dose-response curve at 𝑇𝐷50(1). 

𝑛 represents the volume effect which relates 𝑇𝐷50(1)  to 𝑇𝐷50(𝑣)  in power law 

relationship as shown in Equation (3). For liver, which is considered a parallel organ, 𝑛 is very 

close to 1.  

𝑣 is the Veff and 𝑣𝑖 is the irradiated volume with dose 𝐷𝑖 in the i th bin. 

𝐷𝑟𝑒𝑓 is the reference dose which is maximal dose in the DVH. 

 According to the fact that a true dose distribution is non-uniform, 𝐷  represents the 

equivalent uniform dose (EUD) which is the dose that, when given uniformly to the entire organ, 

would produce the same NTCP as the non-uniform dose distribution (Niemierko, 1997, Luxton et 

al., 2008). The EUD can be calculated by 

         EUD = (∑ 𝑣𝑖𝐷
𝑖

1

𝑛
𝑖 )

𝑛

   (5) 

where, 𝑣𝑖 is the irradiated volume with dose 𝐷𝑖 in the i th bin and 𝑛 represents the volume effect. 
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However, the 3 parameters in the LKB model ( 𝑇𝐷50(1), 𝑚, 𝑛)  were individually 

determined by institutions where different dose fractionation schemes were applied. Therefore, 

Tome et al. suggested the method to correct for different fractionation protocol among studies by 

conversion of normal liver cumulative DVH dose-bins to a fraction-size equivalent dose (FED) 

(Tome and Fenwick, 2004) which was described as: 

   𝐹𝐸𝐷𝛼 𝛽⁄
𝑓𝑠 =  

𝑁𝑑 (1+
𝑑

𝛼 𝛽⁄
)

1+
𝑓𝑠

𝛼 𝛽⁄

   (6) 

where,  𝑓𝑠 denotes a reference fraction size or the dose per fraction from which the modeled NTCP 

data was derived. 

𝑑 is the physical dose per fraction. 

𝑁 is the total number of fractions. 

α⁄β is the ratio of linear-quadratic model parameters for the organ, ranging from 2-3 Gy for 

liver. (In this study, we use α⁄β =2.0 Gy) 

The mean FED is considered as EUD which is expressed as: 

     𝑀𝑒𝑎𝑛 𝐹𝐸𝐷𝛼 𝛽⁄
𝑓𝑠 =  ∑ [𝐹𝐸𝐷𝛼 𝛽⁄

𝑓𝑠 ]
𝑖

𝑁𝑏
𝑖=1 𝑣𝑖      (7) 

where,  𝑁𝑏 is the total number of dose-bins in the differential DVH. 

  [𝐹𝐸𝐷𝛼 𝛽⁄
𝑓𝑠 ]

𝑖
 is the 𝐹𝐸𝐷 in the ith dose-bin. 

𝑣𝑖 is the partial volume associated with the ith dose-bin. 

Several studies previously reported the parameters of LKB NTCP models for predicting 

RILD as shown in Table 3. 
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Table 3 Previous studies of Lyman-Kutcher-Burman NTCP models for prediction of RILD 

Study 
No. of pt  

Subgroup (n) 
Parameters (95%CI) or ±SD 

(No. of RILD) TD50 (1) (Gy) m n f 

(Dawson et al., 2002) 203  entire group (203) 43.3 (41.9-52.8) 0.18 (0.14-0.24) 1.1 (0.88-1.6) - 

   (19) primary liver cancer (84) 39.8 (38.8-41.1) 0.12 (0.07-0.25) 0.97 (0.69-2.3) - 

(Cheng et al., 2004) 89  whole (89) 49.4 (42-60.5) 0.39 (0.28-0.58) 0.35 (0.20-0.58) - 

  (17)  HBV carriers (65) 50 (42-62) 0.4 (0.27-0.73) 0.26 (0.1-0.48) - 

    HBV noncarriers (24) 46.1 (15- >70) 0.31 (0.18-0.60) 0.86 (0.33- >2) - 

    Child Pugh-A (68) 48.9 (42-59) 0.3 (0.22-0.45) 0.35 (0.21-0.58) - 

    Child Pugh-B (21) 38.7 (33.9-45.1) 0.22 (0.10-1.52) 0.23 (0.14-0.36) - 

    HBV+Child Pugh-A (51) 47.4 (42-57.2) 0.3 (0.20-0.52) 0.3 (0.17-0.50) - 

(Xu et al., 2006) 109  Child Pugh-A (93) 40.5 0.28 1.1  

 (17) Child Pugh-B (16) 23 0.43 0.7  

(Tai et al., 2009) 414  Child Pugh-A (336) 40.3 ±8.4 0.36 ±0.09 1* 0.156±0.074 

  (57)  Child Pugh-B (78) 23.9 ±5.3 0.41 ±0.15 1* 0 ±0.04 

*n was fixed to be 1.0 for model fitting due to the limited number of data points. 

RILD=Radiation-induced liver disease; HBV=hepatitis B virus; CI=confidence interval; SD=standard deviation; TD50(1)=whole 

liver tolerance dose associated with 50% probability of RILD; m=steepness of the dose-response at TD50(1); n=volume effect; 

f=fitting parameter 
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(2) Multivariable NTCP model 

In routine clinical practice, a single DVH cut-point is accepted to evaluate the integrity of 

treatment plan. For instance, according to Quantitative Analyses of Normal Tissue Effects in the 

Clinic (QUANTEC) recommendation, volume of normal lung tissue receiving dose of 20 Gy 

(V20) is suggested to be 30% to avoid radiation-induced pneumonitis and mean dose to normal 

liver 30-32 Gy is recommended to avoid RILD, and so on. Not only dosimetric parameters are 

predictive markers for treatment-related toxicities, but clinical and biological factors also 

substantially affect the risk of complication. For example, liver cirrhosis and chronic viral hepatitis 

significantly increased risk of developing RILD (Cheng et al., 2004). In 2006, El Naqa et al. 

initially proposed the application of data mining and model building approach to predict treatment 

outcomes by mixing clinical and dose-volume factors using a logistic regression framework, so 

called multivariable modeling (El Naqa et al., 2006). They concluded that multivariable models 

that do not overfit were more predictive than single-variable models.  

The logistic regression multivariable NTCP model can be expressed as: 

           𝑁𝑇𝐶𝑃  =  
1

1+ 𝑒−𝑆(𝑥)
   (8) 

𝑆(𝑥) = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑛𝑥𝑛  (9) 

where,  𝛽0 is a constant value. 

𝛽𝑖  (1  𝑖  𝑛) is regression coefficient for the ith covariate (𝑥𝑖 ) 

Multivariable NTCP model has currently been widely adopted in head and neck cancers 

(Beetz et al., 2012a) and conjointly applied with model-based approach for selecting patients for 

PBT (Jakobi et al., 2015a, Langendijk et al., 2013). However, these has never been multivariable 

NTCP models for predicting RILD in liver cancer.  
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Purpose of this study 

The purpose of our study is to steer towards the selective use of PBT using NTCP model-

based approach considering NTCP and ∆NTCP uncertainties for primary liver cancer patients. 

Chapter 1 describes the methodology to obtain the estimates of NTCP and ∆NTCP 

uncertainties based on LKB NTCP model by delta method. 

Chapter 2 described the estimates of NTCP and ∆NTCP uncertainties based on LKB NTCP 

model in subgroups of patients stratified by biological susceptible characteristics. 

Chapter 3 describes the novel NTCP model for RILD based on multivariable logistic 

regression analysis. 

Chapter 4 summarizes the findings from this study and demonstrates possible future works 

followed by problems to be solved. 
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Chapter 1 

Assessing uncertainty of normal tissue complication probability difference: radiation-

induced liver disease in liver tumor patients treated with proton vs x-ray therapy 

Introduction 

PBT has emerged as a promising radiotherapy modality due to its favorable physical 

properties allowing dose escalation to the tumor with minimal unnecessary dose to normal tissue. 

With the aims of appropriate patient selection for PBT, a group of researchers at University of 

Groningen, the Netherlands, firstly introduced the model-based approach to define patients who 

potentially benefit from PBT compared to XRT by using NTCP model to estimate the risk of 

developing toxicity (Langendijk et al., 2013). Langendijk et al. and Jokabi et al. investigated the 

∆NTCP obtained from in silico planning comparing IMPT versus IMRT in head and neck cancers 

(Jakobi et al., 2015a, Langendijk et al., 2013). The selective use of PBT relies on a predefined 

∆NTCP threshold, for example 10% for grade 2 toxicity and 15% for total clinical benefit 

according to the Dutch society of radiation oncology guidelines (Cheng et al., 2016). However, 

these models were derived from the statistical assumption of a small subset of patient population 

resulting in model uncertainty which affects the accuracy for PBT selection (Bijman and Breedveld, 

2017). In other words, underestimation of ∆NTCP can lead to the loss of opportunity to benefit 

from PBT while overly cautious practice might cause unnecessary use of this high cost treatment. 

Therefore, uncertainty around NTCP and ∆NTCP values is necessary for better clinical 

implementation in a general population.  

 To develop a reliable and generalized NTCP model, large patient cohorts from multi-

institutional dataset further enhance the model accuracy. However, the access to individual DVH 

data might be limited due to ethical or technical issues in local institutions. Recently, Wedenberg 

reported the use of dose-bin data obtained from literatures to assess the uncertainty in the estimated 

dose-response relation for radiation myelopathy and pneumonitis using statistical bootstrap 

analysis (Wedenberg, 2013). The advantage of dose-bin method is its practically convenience 

because the data needed for analysis are the number of patients and number of occurrences of the 

endpoint in each dose-bin. This results in less ethical concern because patient identifier data will 

not necessarily be revealed. Therefore, dose-bin data is another option to individual data for large-
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volume data sharing among institutions. However, the accuracy of using this type of data has yet 

to be warranted. 

Chapter 1 described the methodologies of assessing ∆NTCP with uncertainty, 95% 

confidence interval (95%CI), for comparison of the estimated risk of RILD occurrences between 

XRT and PBT. Additionally, we compared the results of various methods/algorithms which were 

used to derive ∆NTCP with uncertainty from individual patient dataset as well as dose-bin dataset. 

Methods 

NTCP model for RILD 

 RILD is a dose-limiting toxicity of liver radiotherapy. The most commonly used NTCP 

model for RILD is LKB NTCP model (Lyman, 1985, Kutcher et al., 1991) with 3 parameters, 

𝑇𝐷50(1) , 𝑚  and 𝑛 , as described in equation (1) – (4) above. To account for non-uniform 

irradiation to the organ, the EUD was applied as in equation (5) (Luxton et al., 2008, Niemierko, 

1997). For a parallel organ like liver, volume effect was large (𝑛 close to 1) so, in this study, mean 

liver dose (MLD) referred to EUD calculated from 𝑛=1.0 in the LKB model. 

Virtual patient dataset generation  

Three types of dataset were generated, i.e., reference dataset, dose-bin dataset and bootstrap 

dataset. They were utilized to illustrate different algorithms to identify NTCP and ∆NTCP with 

uncertainties. In this study, we created a virtual patient dataset mimicking the Michigan data 

(Dawson et al., 2002, Randall K. Ten Haken) in Monte Carlo fashion. 

(1) Reference dataset 

 First, MLDs were assigned by random generation algorithm so that its statistics (minimum, 

maximum, and median MLD) were similar to the statistics of the 203 patients of the Michigan 

data. In this step, MLD was regarded as a proxy of EUD which were calculated with 𝑛=1.1 

according to the Michigan's NTCP curve. Then, the probability (NTCP value) was calculated using 

the Michigan's NTCP parameters, 𝑇𝐷50(1)=43.3 Gy and 𝑚= 0.18 for each of 203 virtual patients. 

Subsequently, occurrence (adverse event=1) or non-occurrence (adverse event=0) was assigned 

by Monte-Carlo fashion; i.e., adverse event=1 when a random number (uniformly generated within 

the range of 0 to 1) exceeded the NTCP at "his/her" EUD, and vice versa. After that, for some sets 
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of 203 virtual patient data generated from the difference random seeds, again statistics were 

checked if it was similar to the Michigan data.  Finally, a set of data that was nearly identical to 

the Michigan data were selected as a virtual reference dataset as shown in Figure 2.  

 

 

 

Figure 2 Virtual patient generation for reference dataset 

Abbreviation: NTCP=normal tissue complication probability; MLD=mean liver dose; gEUD= 

generalized equivalent uniform dose; AE=number of adverse events; MLE=maximal likelihood 

estimation; 𝑇𝐷50(1)= the 50% tolerance dose for whole organ; 𝑛=volume effect; REF dataset 

=reference dataset 

  

calculated NTCP 
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(2) Dose-bin dataset 

Reference dataset was then organized by dividing the dose level into equal interval of 5 Gy 

and counting the number of RILD cases (adverse event) and total number of patients in each dose 

level/bin. An example of dose-bin dataset was given in Table 4. 

Table 4 Organized reference dataset into dose-bin dataset 

Dose-bin (Gy) 
Adverse event No. of Patients 

Bin Lower Upper 

1 15.0 20.0 0 15 

2 20.0 25.0 0 32 

3 25.0 30.0 1 56 

4 30.0 35.0 4 53 

5 35.0 40.0 8 32 

6 40.0 45.0 6 15 

 

(3) Bootstrap dataset 

To check the stability of results and estimates of CI, bootstrapping performs inference 

about population data from sample data. A newly synthesized individual dataset was generated 

from dose-bin dataset using bootstrapping technique. In this case, a thousand of bootstrap 

replicates (a thousand of individual patient dataset) were produced by random sampling with 

replacement within each dose-bin. As a result, each bootstrap replicate represented an alternative 

outcome in a different set of patients of the same size (203 patients) from the same population, 

referred as bootstrap dataset. A 1,000 bootstrap dataset contributed to 1,000 different values of 

𝑇𝐷50(1) and 𝑚 as well as their variability (variance and covariance).  

Determination of LKB NTCP model parameters 

Patient dataset (reference, dose-bin, bootstrap dataset) comprised the input data to 

determine LKB NTCP model parameters using maximum likelihood estimation where 𝑇𝐷50(1) 

and 𝑚  were adjusted to maximize the probability of predicting adverse event for those who 

experienced RILD and maximize the probability of predicting no adverse event for those who did 
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not (Martin et al., 2014). Subsequently, variance (𝜎2) and covariance of 𝑇𝐷50(1) and 𝑚 were 

obtained from observed Fisher Information Matrix.The approximate 95%CI was evaluated as 1.96 

standard deviations of the mean (σ or √𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒),1.96 x √𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒, according to the central 

limit theorem. 

Determination of ∆NTCP  

 With EUD from treatment plan and the estimated LKB NTCP parameters,𝑇𝐷50(1)and 𝑚, 

from maximum likelihood estimation, ∆NTCP between XRT and PBT is given by a function: 

     f(XRT,PBT)  =  NTCPXRT (EUDXRT|TD50(1),m)  -  NTCPPBT (EUDPBT |TD50(1),m)    (10)  

where  f is a function of ∆NTCP between XRT and PBT 

EUDXRT and EUDPBT denotes normal liver dose for a certain patient for XRT and PBT, 

respectively.  

𝑇𝐷50(1)is the 50% tolerance dose for uniform distribution whole organ  

𝑚 is the steepness of dose-response curve at 𝑇𝐷50(1) 

Determination ∆NTCP with uncertainty  

 Given the function of ∆NTCP and estimated variance and covariance matrix of 𝑇𝐷50(1) 

and 𝑚, the delta method was applied (Armitage et al., 2001). Briefly, the delta method is a standard 

statistical method to obtain the approximation of variance of a function. 

𝑣𝑎𝑟(f) = (∂f/∂𝑇𝐷50)2 𝑣𝑎𝑟(𝑇𝐷50) + 2(∂f/∂𝑇𝐷50) (∂f/∂𝑚) 𝑐𝑜𝑣(𝑇𝐷50,𝑚) + (∂f/∂𝑚)2 𝑣𝑎𝑟(𝑚) (11) 

where  ∂f/ ∂𝑇𝐷50 is a partial differential of f with central estimates of 𝑇𝐷50 

∂f/∂ 𝑚 is a partial differential of f with central estimates of 𝑚 

𝑣𝑎𝑟(𝑇𝐷50) is a variance of 𝑇𝐷50 

𝑣𝑎𝑟(𝑚) is a variance of 𝑚  

𝑐𝑜𝑣(𝑇𝐷50,m) is a covariance between 𝑇𝐷50 and 𝑚 
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In present study, 4 algorithms for assessing of ∆NTCP with uncertainty (95%CI) were 

proposed as followed: 

Algorithm #1: Determination of ∆NTCP with 95%CI using delta method in the reference 

dataset (∆NTCPREF)  

Algorithm #2: Determination of ∆NTCP with 95%CI using delta method in the dose-bin 

dataset (∆NTCPDB) 

Algorithm #3: Determination of ∆NTCP with 95%CI using bootstrap dataset by analysis 

of the family of parameters and variability with a method introduced by Efron (Efron and 

Tibshirani, 1993) to identify the mean of 𝑇𝐷50(1), 𝑚, variance and covariance. Subsequently, 

∆NTCP with uncertainty was evaluated using the delta method (∆NTCPBS1). 

Algorithm #4: Determination of ∆NTCP with 95%CI using bootstrap dataset by analysis 

of the family of NTCP and ∆NTCP values (∆NTCPBS2) (Wedenberg, 2013) 

A study scheme is illustrated in Figure 3.  

 All analyses were conducted in R statistics (R. Development Core Team, 2010) (Team, 

2010). 
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Figure 3 A study scheme illustrated the proposed algorithms to identify NTCP and its 

difference (∆NTCP) with 95% confidence intervals 

Abbreviation: RILD=radiation-induced liver disease; NTCP=normal tissue complication 

probability; ∆NTCP=NTCP difference; REF=reference; DB=dose-bin; BS=bootstrap; 

MLE=maximal likelihood estimation; FIM=fisher information matrix; DELTA=delta method; 

𝑇𝐷50(1)= the 50% tolerance dose for whole organ; 𝑚= steepness of dose-response curve at 

𝑇𝐷50(1); VAR=variance; COV=covariance 
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Results 

Estimated LKB NTCP parameters 

 The virtual reference dataset generated in our study had very similar statistics compared 

with Michigan study. Average MLD among 203 patients was 29.9 Gy (range, 15.2-43.7 Gy) 

compared with 32 Gy (range, 14.9-44 Gy) in Michigan’s original data. The average MLD was 40 

Gy and 28.9 Gy for RILD and non-RILD patients in reference dataset versus 37 Gy and 31.3 Gy 

in Michigan’s study. The re-estimated 𝑇𝐷50(1) and the parameter m were 43.2 Gy (95%CI 39.1-

47.3) and 0.18 (95%CI 0.11-0.24), respectively, which were similar to the original parameters, 

43.3 Gy (95%CI 41.9-52.8) and 0.18 (95%CI 0.14-0.24) (Dawson et al., 2002). Figure 4 illustrates 

the estimated NTCP and EUD of 203 patients with 19 RILD in the reference dataset resembling 

Michigan’s data (Figure 4a) and the estimated NTCP curve with 95%CI as a function of EUD of 

normal liver considering covariance of (TD50, m) (Figure 4b). 

     

(a)  (b) 

Figure 4 Generated virtual individual patient dataset (reference dataset) of 203 patients with 19 

RILD mimicking Michigan’s dataset (Fig 4a) contributed to the estimated NTCP curve with 

95%CI considering covariance (Fig 4b).  

Abbreviation: NTCP=normal tissue complication probability; EUD=equivalent uniform dose; 

AE=adverse event  
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 The re-estimated parameters from dose-bin dataset and bootstrap dataset were compared 

with those from Michigan’s and reference dataset as shown in Table 5. Using reference dataset 

(Algorithm#1), variance of 𝑇𝐷50(1)  and 𝑚 were 4.41 and 0.0010, respectively, which were 

similar to 4.323 and 0.0010 derived from dose-bin dataset (Algorithm #2). The covariance 

of  (TD50, m) was identified as 0.0519 and 0.502 from Algorithm #1 and #2, respectively. 

Correlation coefficient calculated from 𝑣𝑎𝑟 and 𝑐𝑜𝑣 showed a positively strong relationship 

between 𝑇𝐷50(1) and 𝑚 with the value of 0.778 in reference dataset and 0.768 and dose-bin 

dataset. With bootstrapping technique, the distribution of model parameters from 1,000 bootstrap 

replicates is shown in Figure 5 with the correlation coefficient of 0.8. Due to the nature of 

uncertainty estimation by curve analysis, variance and covariance of 𝑇𝐷50(1) and 𝑚 were not 

assessed in Algorithm #4. 
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Table 5 LKB NTCP parameters with 95%CI and their variance and covariance according to 4 proposed algorithms 

Algorithms  #1 #2 #3 #4* 

Dataset Michigan’s data reference  dataset dose-bin dataset bootstrap dataset bootstrap dataset 

LKB NTCP parameters      

 𝑻𝑫𝟓𝟎 (𝟏) (95%CI) 43.3 Gy 

(42.9-52.8) 

43.2 Gy 

(39.1-47.3) 

43.4 Gy 

(39.4-47.5) 

43.7 Gy 

(38.7-48.7) 
NA 

 𝒎 (95%CI) 0.18  

(0.14-0.24) 

0.18  

(0.11-0.24) 

0.18 

(0.11-0.24) 

0.18  

(0.11-0.24) 
NA 

Variance       

 𝑻𝑫𝟓𝟎 (𝟏) 
NA 4.41   4.32 6.47 NA 

 𝒎 
NA 0.0010 0.0010 0.0011 NA 

Covariance  
NA 0.0519 0.0502 0.0606 NA 

* Due to the nature of uncertainty estimation by curve analysis in Algorithm #4, there was no identified representative NTCP curves, 

𝑇𝐷50(1), 𝑚 including their variability. 

Abbreviation: LKB=Lyman-Kutcher-Burman; NTCP=normal tissue complication probability; CI=confidence interval; 𝑇𝐷50(1)= the 

50% tolerance dose for whole organ; 𝑚= steepness of dose-response curve at 𝑇𝐷50(1); NA=not available 
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(a)  (b) 

Figure 5 Distribution of model parameters from Algorithm #1 (■), #2 (▲) and 1,000 

bootstraps (+) with the mean value (♦) (Fig 5a). The correlation coefficients (R) between 

𝑇𝐷50(1) and 𝑚 from Algorithm #1 (solid line), #2 (dashed line) and 1,000 bootstrap cases 

(+) suggested strong relationship between 𝑇𝐷50(1) and 𝑚 (Fig 5b). 

Abbreviation: ALGO=algorithm; 𝑇𝐷50(1)=50% tolerance dose for whole organ; 𝑚= 

steepness of dose-response curve at  𝑇𝐷50(1); R=Pearson’s correlation coefficient 

 

Comparison of the NTCP curves of Algorithm#1, #2 and #3 showed nearly identical 

results as demonstrated in Figure 6. Noting that, no representative NTCP curves, 𝑇𝐷50(1) and 

𝑚 were identified for Algorithm#4 due to the nature of uncertainty estimation by curve analysis 

as mention above. 
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Figure 6 Comparison of NTCP curves from Algorithm#1, #2 and #3 

Estimated ∆NTCP with uncertainty  

∆NTCPREF as a function of EUD between XRT and PBT was shown in Figure 7. Each 

line represented the iso-∆NTCP ranging from 10% to 50%. Figure 7a and 7b were contoured 

for the central estimate and 95%CI lower boundary of iso-∆NTCP, respectively. With the 

contours of ∆NTCP considering uncertainty, we can select the patient for PBT based on 

confidence level. For example, in Figure 7c, using the contour of 95%CI lower boundary, PBT 

is favored if EUD ≥36 Gy with XRT plan with 95% confidence that ∆NTCP is ≥10%. 

Contrastingly, using the contours of central estimate, PBT likely provides a potential benefit 

for a patient who has EUD ≥ 33 Gy with XRT plan with less confidence. In other words, the 

use of 95%CI lower boundary contour selects less patients for PBT, hence, it is more 

conservative compared to the central estimate contour. However, it is also suggested that, in 

the area of 33-36 Gy, the selection of treatment modality should be determined by considering 

trade-offs between clinical benefits and socioeconomic aspects. 
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(a) (b) 

 

(c) 

Figure 7 Iso-∆NTCP contours as a function of EUD between x-ray therapy (EUDXRT) and 

proton beam therapy (EUDPBT), using delta method in Algorithm #1. Each line represents iso-

∆NTCP with the central estimate (CE) (Fig 7a) and the 95%CI lower boundary (95%CI LB) 

(Fig 7b), from 10% to 50%. The ∆NTCP-CE and ∆NTCP-95%CI LB at 10% are contoured 

(Fig 7c). 

Abbreviation: EUD= equivalent uniform dose; XRT=X-ray therapy; PBT=proton beam 

therapy; NTCP=normal tissue complication probability difference; CE=central estimate; 

95%CI LB=95% confidence interval lower boundary 
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The contours of 95%CI lower boundary of ∆NTCP at 10% among 4 proposed 

algorithms are compared in Figure 8. When compared to ∆NTCPREF (Algorithm #1), the 

contour of ∆NTCPDB (Algorithm #2) was nearly indistinguishable, so were ∆NTCPBS1 

(Algorithm #3) and ∆NTCPBS2 (Algorithm #4). This was true despite varying the percentage 

of ∆NTCP. However, the contours from bootstrapping techniques yielded a little difference. 

This might be due to larger covariance found in bootstrap dataset. 

 

Figure 8 The contours of 95%CI lower boundary of 10% ∆NTCP between XRT and 

PBT derived from 4 proposed algorithms 

Abbreviation: EUD= equivalent uniform dose; XRT=X-ray therapy; PBT=proton beam 

therapy; ALGO=algorithm 

Discussion  

Comparing to Michigan’s parameters and number of patients reported in the literature 

(Dawson et al., 2002), the reference dataset was a presumably good representative of the 

Michigan data despite a small difference in MLD. The re-identified LKB NTCP model 

parameters were remarkably comparable to the original ones. But variant 95%CI values were 

observed using different methods to obtain the uncertainty, i.e., profile likelihood method in 

Michigan’s study versus variance-based method based on central limit theorem in our study. 
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With virtual simulated EUD data of 203 patients, the uncertainty of ∆NTCP could be 

determined by various methods. The 95%CI lower boundary of ∆NTCP provided more 

conservative threshold and increased confidence for patient selection for PBT compared to the 

central estimate. Our results also demonstrated that LKB NTCP model parameters and 

variability derived from dose-bin dataset were very similar to those from individual patient 

dataset. Additionally, the contour of ∆NTCPDB was almost identical to the ∆NTCPREF.  

Bijman et al. assessed the model uncertainty using a probability distribution (mean and 

CI) of the model coefficients from multivariable NTCP models in head and neck cancers and 

concluded that the accuracy of model-based approach on patient selection for PBT is largely 

affected by the uncertainty in NTCP models (Bijman and Breedveld, 2017). On the other hand, 

our study showed that the uncertainty of LKB NTCP model for RILD relies on model 

parameters variability in terms of variance and covariance. Due to the high correlation between 

TD50 and m, we firstly assumed that the uncertainty of NTCP curves was better estimated 

when covariance of TD50 and m was considered. 

Mean value of NTCP was generally applied to obtain ∆NTCP (Langendijk et al., 2013, 

Jakobi et al., 2015a, Cheng et al., 2016). In the present study, we showed that lower boundary 

of 95%CI considering variance and covariance was more conservative threshold of ∆NTCP 

and increased confidence in decision-making of the PBT use. In the clinical practice, for a 

certain patient, comparison of treatment plan between XRT and PBT is usually performed 

based on dosimetric difference of normal liver DVHs. Using our iso-∆NTCP curve (Figure 7), 

if the EUD falls within the area where ∆NTCP is more than the predefined ∆NTCP threshold 

(the area right to and under the contour), PBT would expectedly be chosen. This 95%CI lower 

boundary method conservatively selected the patient who potentially benefits from PBT thus 

the overuse of PBT can be prevented. However, the predefined threshold should be further 

determined based on clinical outcomes and cost-effectiveness study. 

Toramatsu et al. performed a dosimetric comparison between PBT and IMRT in 10 

HCC patients with 13 tumors (Toramatsu et al., 2013). We obtained the FED from XRT and 

PBT plan from Toramatsu’s study and applied them into our iso-∆NTCP contours. We found 

that the contour of iso-∆NTCP 95%CI lower boundary at 10% confirmed that tumors with >6 

cm would benefit from PBT corresponding with Toramatsu’s conclusion as depicted in Figure 

9. Notwithstanding, the parameter 𝑛 was slightly different in our Michigan-resembling NTCP 

curve (𝑛 =1.1) and Toramatsu’s (𝑛 =0.97).   
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Figure 9 Fraction size equivalent doses of 13 liver tumors in Toramatsu’s data (■) plotted 

with the contour of iso-∆NTCP 95%CI lower boundary at 10% derived from Algorithm #1 

(dashed line), #2 (solid line). The small numbers above denote tumor size in cm. 

Abbreviation: FED=fraction-size equivalent dose; XRT=X-ray therapy; PBT=proton beam 

therapy; ALGO=algorithm 

Based on types of data, our study suggests that dose-bin data can be utilized and 

achieved the same results as individual patient data with more convenience in data collection 

and sharing between institutions. Algorithm #2 constantly provided the similar results to the 

Algorithm #1 while Algorithm #3 and #4 were affected by statistical instability and consumed 

a lot of time. 

In this study, due to the lack of individual patient data, we created the virtual simulated 

patient data based on Michigan study where the fractionation scheme was unique (1.5 Gy twice 

daily) and concurrent chemotherapy was administered. As a result, our iso-∆NTCP contours 

should be cautiously interpreted. Furthermore, it was worth noting that the NTCP model 

derived from Michigan study dedicated for patients with normal liver function while PBT is 

theoretically useful for those with impaired hepatic function, e.g. CP-B and CP-C classification 

(Dawson, 2009). Therefore, the NTCP model needs to include these patient subgroups in order 

to develop accurate and reliable iso-∆NTCP decision-making map, especially in a prospective 
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manner (Prayongrat et al., 2018). Eventually, clinical validation study and cost-effectiveness 

analysis are expected to identify appropriate ∆NTCP threshold to select patients who 

potentially benefit from PBT. 

In conclusion, the methodology presented in this chapter relies on systematic statistical 

considerations of 95%CI based on delta method considering variance-covariance matrix thus 

can be applied to other types of NTCP models and tumors. This might ultimately establish a 

guideline to appropriately select patients for PBT.  
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Chapter 2 

The normal tissue complication probability model-based approach considering 

uncertainty for the selective use of radiation modality in primary liver cancer patients 

Introduction 

 PBT has demonstrated excellent tumor control and limited severe adverse outcomes in 

primary liver cancer patients (Durante et al., 2017, Igaki et al., 2018). However, due to the high 

treatment cost and limited facilities, appropriate patient selection is mandatory. Considering 

the lack of RCT comparing PBT with standard XRT, an alternative model-based approach is 

currently appealing in the radiation oncology field for allocating the suitable treatment 

modality for individual patients (Grau, 2013, Langendijk et al., 2013, Widder et al., 2016). To 

identify patients who likely benefit from PBT, a NTCP-based model-based approach can be 

performed. This approach has been recently studied for the selective use of PBT in head and 

neck cancer patients (Blanchard et al., 2016, Jakobi et al., 2015a, Cheng et al., 2016). 

 Apropos of NTCP model for predicting RILD in liver cancers, LKB NTCP model has 

been well-known. Although the model from Michigan University (Dawson et al., 2002) is de 

facto standard, there were several studies using LKB NTCP model. But model parameters 

varied among studies as shown in Table 3 (Dawson et al., 2002, Lawrence et al., 1992, Cheng 

et al., 2005, Cheng et al., 2004, Tai et al., 2009). The inherent impact of intrinsic biological 

factors such as liver cirrhosis and viral hepatitis infection on the radiosensitivity of liver tissue 

has been reported (Cheng et al., 2004), suggesting a different dose-response relationship in 

individual patients. Additionally, several factors were associated with uncertainty of the model, 

which affects the accuracy of PBT selection (Bijman and Breedveld, 2017). Underestimating 

these values can eliminate any benefit gained from PBT, whereas an overly cautious practice 

might lead to unnecessary treatment.  

In Chapter 1, we created the virtual simulated patient data based on Michigan study and 

proposed the use of delta method considering variance and covariance of model parameters to 

estimate the uncertainty of ∆NTCP. However, patient population in Michigan study were non-

Asian and had unknown viral hepatitis infection status which was common in Asian and 

considered as one of significant risk factors of RILD. Therefore, we aimed to develop NTCP 

model for predicting RILD in Asian population and to estimate NTCP and ∆NTCP with 

uncertainties using the methodology described in Chapter 1. The results would improve the 
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reliability of the model prediction in the general population and improve the clinical 

implementation of patient selection for PBT.  

Methods 

Patients and treatment 

 Patient eligibility criteria included (i) diagnosis of primary liver cancers (HCC and 

ICC); (ii) Eastern Cooperative Oncology Group (ECOG) 0-2; (iii) completion of an 

radiotherapy course; (iv) available 3D dosimetric parameters; and (v) available follow-up data 

for tumor and liver toxicity, with at least 4 months of follow-up for nontoxicity patients. 

Patients with progressive disease during a 4-month follow-up were excluded from the study. 

Demographic data, including age, gender, CP classification, viral hepatitis B and C (HBV and 

HCV) infection status, baseline liver function and follow-up data were collected. A serum 

virology diagnosis of HBV chronic infection was defined as positivity for HBV surface antigen 

(>0.2 ng/mL by chemiluminescent microparticle immunoassay, Abbott Diagnostics, Lake 

Forest, IL, USA), and HCV infection was defined as a positive anti-HCV status. 

 All patients received conformal external beam therapy techniques including three-

dimension conformal radiotherapy (3D-CRT), IMRT, volumetric modulated arc therapy 

(VMAT), and SBRT. A planning computed tomography (CT) scan was acquired with patient 

immobilization. Target volumes were contoured using contrast-enhanced CT scans with a 

margin expanded to account for subclinical disease, set up uncertainty and respiratory motion. 

An additional internal target volume was considered for the traditional free-breathing technique 

until the deep expiratory breath hold  technique along with Vision RT® (Varian, Palo Alto, CA, 

USA) was used to track the patients’ surfaces during radiation (since January 2015). 

Radiotherapy was delivered with a 10-MV or 15-MV linear accelerator. Treatment verification 

was performed at first fraction then weekly using cone-beam CT. 

This study was approved by the institutional review board of Faculty of Medicine, 

Chulalongkorn University, Thailand (IRB no. 602/60) according to Declaration of Helsinki.   

Radiation-induced liver toxicity  

After the completion of radiotherapy, a routine follow-up was performed every 1-3 

months for treatment-related toxicity or progression of disease. The endpoint of this study was 

grade≥2 RILT (radiation-induced liver toxicity) according to CTCAE version 4.03, defined as 

an elevation of liver transaminases (AST and ALT) more than 3xULN, an elevation of ALP 
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more than 2.5xULN, or an elevation of total bilirubin more than 1.5xULN, in the absence of 

documented progressive disease. The severity or grading of RILT was scored for each test, and 

the maximum grade represented toxicity grading of the individual patient. For another 

commonly used criterion, RILD was classified into classic RILD and nonclassic RILD (Pan et 

al., 2010). Clinical manifestation of classic RILD included anicteric hepatomegaly, ascites, and 

elevated ALP more than 2xULN. Nonclassic RILD usually described in patients with 

pretreatment poor liver function (CP-B/C) or chronic viral hepatitis and characterized as AST 

or ALT more than 5xULN within 3 months after therapy, or liver function deterioration 

measured by a decline in CP score by 2 or more.  

LKB NTCP model for the prediction of RILT 

DVHs of the normal liver tissue (total liver volume minus gross tumor volume) of all 

patients were obtained from the Eclipse planning system version 8.6 (Varian Medical Systems, 

Palo Alto, CA, USA). Due to a large volume effect of liver tissue, we fixed the parameter 𝑛 in 

the LKB NTCP model at 1.0, known as MLD-based NTCP model (Seppenwoolde et al., 2003). 

To correct for the difference in treatment regimen, the physical dose distributions were 

converted to FED using the α/β ratio of 2.0 Gy at a reference fraction size of 2 Gy/fraction 

(Tome and Fenwick, 2004). MLD in this study was a cumulative result of FED in each dose-

bin associated with partial volume associated in that dose-bin as described in Equation (6)-(7).  

The dose-response relationship between MLD and CTCAE grade≥2 RILT was modeled 

by a sigmoid-shaped LKB NTCP model, as in Equation (1)-(4). The methodology to obtain 

model parameters (𝑇𝐷50(1) and 𝑚) as well as their uncertainties was previously described in 

Chapter 1. Briefly, maximal likelihood estimation was utilized to determine NTCP model 

parameters then variance and covariance of parameters were obtained from Fisher Information 

Matrix. The approximate CI was evaluated according to the central limit theorem.  

The Hosmer-Lemeshow (HL) goodness-of-fit test was used to evaluate the fitted NTCP 

model. Model performance was demonstrated using area under the receiver operating 

characteristic curve (AUC). 

Determination of ∆NTCP with uncertainty 

 With the MLD derived from the treatment plan and the estimated NTCP model 

parameters (𝑇𝐷50(1)  and 𝑚 ), ∆NTCP of PBT compared with XRT is given by ∆NTCP 

function as in Equation (10). The uncertainty of ∆NTCP considering covariance was estimated 
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using delta method (Algorithm #1) as described in Chapter 1. Briefly, given the ∆NTCP of 

certain combinations of MLDs and the estimated variance and covariance matrix, the delta 

method was applied for estimating the CI of ∆NTCP (Armitage P, 2001).  

Statistical analysis 

 Clinical characteristics and dosimetric parameters between patients with or without 

toxicity were compared using a 2 test or t-test. The correlation between CTCAE grade≥2 RILT 

and RILD was tested by Spearman rank correlation. Univariate and multivariate analysis was 

performed using the logistic regression model (multivariate selection: enter method with a 

probability of entry of 0.20). Due to the multicollinearity between dosimetric parameters (MLD 

and Vx Gy), only one variable was included in the logistic regression model at each time. A p-

value of <0.05 was considered statistically significant. OS was estimated from the date of 

treatment to the date of death or last follow-up using the Kaplan-Meier method.  

Statistical analyses were conducted in R version 3.4.2 (Team, 2010) and IBM SPSS 

statistics (version 22.0, SPSS, Inc., Chicago, IL). 

Results 

 Between June 2007 and February 2017, 239 patients (146 with HCC and 93 with ICC) 

were eligible for this study. Majority of the patients were male (73.2%) and CP-A (75.3%). 

HBV/HCV infection was found in 95 patients (39.7%). The median prescription dose was 45 

Gy in a daily fraction of 1.8-10 Gy. There were 5 patients treated with whole liver radiotherapy 

at 8 Gy in a single fraction. Demographic data are shown in Table 6. 
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Table 6. Patient and treatment characteristics (N=239) 

Characteristics Value (%) 

Age  

 mean±SD 60.3±12.5 year 

Gender  

 male 175 (73.2%) 

 female 64 (26.8%) 

Child-Pugh classification  

 A 180 (75.3%) 

 B-C 59 (24.7%) 

Viral hepatitis infection 95 (39.7%) 

Diagnosis  

 hepatocellular carcinoma 146 (61.1%) 

 cholangiocarcinoma 93 (38.9%) 

Radiotherapy technique  

 3D-CRT 117 (49%) 

 IMRT/ VMAT/ SBRT 122 (51%) 

Fraction size  

 ≤3 Gy 180 (75.3%) 

 >3 Gy 59 (24.7%) 

Radiation treatment   

 total prescription dose, median (IQR) 45 (30-50) Gy 

 number of fractions, median (IQR) 10 (10-25) fractions 

 dose per fraction, median (IQR) 3 (1.8-3.5) Gy 

 normal liver volume*, mean±SD 1100.7 (890.7-1418.1) cc 

 

3D-CRT=three-dimensional conformal radiotherapy; IMRT=intensity-modulated 

radiotherapy; VMAT=volumetric arc radiotherapy; SBRT=stereotactic body radiotherapy; 

SD=standard deviation; IQR=interquartile range 

*normal liver volume=total liver volume minus gross liver volume
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Radiation-induced hepatic toxicity 

 At the median follow-up time of 10.8 months, a total of 131/239 patients (54.8%) 

developed CTCAE grade≥2 RILT or liver dysfunction equivalent to CTCAE grade≥2 RILT 

after radiotherapy, namely, 83/180 (46.1%) in the CP-A group and 48/59 (81.4%) in the CP-

B/C group (p<0.001). Among 95 patients with viral hepatitis infection, 60 patients (63.2%) 

experienced CTCAE grade≥2 RILT, which was significantly higher than the 49.3% of patients 

without infection (p=0.035). Forty-seven patients were diagnosed with RILD (19.7%): 16/180 

patients (8.9%) in the CP-A group versus 31/59 patients (52.5%) in the CP-B/C group 

(p<0.001). There was a correlation between CTCAE-RILT and RILD by the Spearman rank 

test (r=0.393, p<0.001). Patients who developed a CTCAE grade≥2 RILT had shorter median 

OS which was 8 months versus 17.5 months (p<0.001).  

  In the multivariate analysis, CP classification, normal liver volume, MLD, V5, V10 and 

V20 were significantly associated with CTCAE grade≥2 RILT. CP classification was the 

strongest predictor with OR of 5.55 (p<0.001). Table 7 summarizes the association between 

clinical and dosimetric parameters and CTCAE grade≥2 RILT. 

Table 7 Univariate and multivariate analysis for clinical and dosimetric variables 

associated with grade≥2 radiation-induced liver toxicity 

Characteristics 

RILT p-value 

Grade <2 

(N=108) 

Grade ≥2 

(N=131) 

Univariate 

analysis 

Multivariate 

analysis 

Age (years) 60.812.8 59.912.3 0.541 - 

Gender 

    male 

    female  

 

77 

31 

 

98 

33 

0.542 - 

Diagnosis 

    HCC 

    ICC 

 

56 

52 

 

88 

43 

0.017 0.913 

Child-Pugh and viral hepatitis subgroups 

    CP-A, non-hepatitis 

    CP-A, hepatitis 

    CP-B or C 

58 

37 

13 

44 

34 

53 

<0.001 <0.001 

PVT (N=110) 34 76 <0.001 0.034 
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Characteristics 

RILT p-value 

Grade <2 

(N=108) 

Grade ≥2 

(N=131) 

Univariate 

analysis 

Multivariate 

analysis 

Previous surgery (N=69) 43 26 0.001 0.557 

TACE (N=87) 42 45 0.277 - 

Chemotherapy (N=40) 18 22 1.000 - 

Radiotherapy technique 

    3D-CRT 

    IMRT/ VMAT/ SBRT 

 

53 

55 

 

64 

67 

0.973 - 

Gross tumor volume (cc) 220.6 553.1 0.001 0.171 

Normal liver volume* (cc) 1107.6333.1 1302.7721.9 0.006 0.209 

Mean MLD to liver (Gy) 16.17.3 18.07.3 0.041 0.017 

V5Gy (%) 59.423.6 67.822.5 0.005 0.006 

V10Gy (%) 47.722.9 55.824.1 0.009 0.025 

V20Gy (%) 31.018.1 34.919.1 0.105 0.149 

V30Gy (%) 20.514.0 21.915.6 0.478 - 

V40Gy (%) 12.110.5 11.511.2 0.675 - 

 

Abbreviation: RILT=radiation-induced liver toxicity; HCC=hepatocellular carcinoma; 

ICC=intrahepatic cholangiocarcinoma; CP=Child-Pugh classification; PVT=portal vein 

thrombosis; TACE=transarterial chemoembolization; 3D-CRT=three-dimensional conformal 

radiotherapy; IMRT=intensity-modulated radiotherapy; VMAT=volumetric arc therapy; 

SBRT=stereotactic body radiotherapy; MLD=mean liver dose; Vx Gy=volume receiving x Gy 

*normal liver volume=total liver volume minus gross liver volume
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NTCP model  

 For the MLD-based NTCP model, the estimated 𝑇𝐷50(1)  and 𝑚  parameters were 

inconsistent among patient subgroups as summarized in Table 8.  

Table 8 Estimated NTCP model parameters for predicting grade≥2 radiation-induced liver 

toxicity of the whole group and subgroups 

 Parameters  

 𝑻𝑫𝟓𝟎 (Gy) 𝒎 

Whole group (N=239) 11.8 3.70 

Child-Pugh A, nonhepatitis (N=116) 28.0 1.97 

Child-Pugh A, hepatitis (N=64) 16.2 0.68 

Child-Pugh B* (N=59) 0.2 99.89 

 

NTCP=normal tissue complication probability; TD50=50% tolerance dose for irradiation to the 

whole liver; m=steepness of the dose-response curve at 𝑇𝐷50 

* A 𝑇𝐷50 slightly closer to zero and a larger value of 𝑚 can be obtained as another converged 

maximum likelihood estimation solution, but the shape of the curve and its CI were almost 

equivalent to this set of parameters. 

CP-A patients were divided into two subgroups: CP-A, the nonhepatitis subgroup (N=116), 

and CP-A, the hepatitis subgroup (N=64). The analysis was not performed in the CP-B/C subgroup 

after stratification by hepatitis status due to the limited number of patients. All models in every 

subgroup fit the clinical data well (
𝐻𝐿
2  66.90, p=0.547 for the CP-A, nonhepatitis subgroup; 


𝐻𝐿
2 67.50, p=0.483 for the CP-A, hepatitis subgroup; and 

𝐻𝐿
2 =10.54, p=0.229 for the CP-B/C 

subgroup). Overall model performance was acceptable with AUC of 0.714 (95%CI, 0.650-0.779) 

compared with AUC of 0.569 (95%CI, 0.496-0.642) when using Michigan’s parameters (Dawson 

et al., 2002). Large differences in the NTCP curves were seen among subgroups stratified by CP 

classification and viral hepatitis infection status as shown in Figure 10. 



 
 

48 
 

 

(a) (b) 

 

(c) 

Figure 10 The incidence of CTCAE grade≥2 RILT or liver dysfunction equivalent to CTCAE 

grade≥2 RILT of Child-Pugh A patients without (Figure 10a) and with (Figure 10b) viral 

hepatitis infection subgroups and Child-Pugh B/C patients (Figure 10c) subgroups as a function 

of MLD. The solid line represents the probability of CTCAE grade≥2 RILT according to the 

NTCP model. The dotted lines represent the 68% CI of the fitted NTCP curve. In each dose-bin 

(■), small numbers above denote number of patients with CTCAE grade≥2 RILT / total number 

of patients. 

Abbreviation: CTCAE=common toxicity criteria of adverse events; RILT=radiation-induced liver 

toxicity; MLD=mean liver dose; NTCP=normal tissue complication probability; CI=confidence 

interval 
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∆NTCP with uncertainty 

At a certain combination of MLDs, the mean values of NTCP were adopted to obtain the 

∆NTCP. Then, the uncertainty of ∆NTCP was acquired by the delta method, which considered the 

variance and covariance matrix of the NTCP parameters. Iso-∆NTCP at 10% is contoured in Figure 

11. The area to the right and below this contour line represented the area with ∆NTCP ≥10% which 

was considered a PBT-benefit area in this study.  

To give an example of implementing our ∆NTCP contours in clinical practice, we applied 

the DVH data of HCC tumors from Toramatsu et al. (Toramatsu et al., 2013). The estimated 

∆NTCP with a 68%CI for 5 patients assuming different CP and viral hepatitis status are listed in 

Table 9. Their tumor sizes according to their FED from PBT and XRT plan are plotted in Figure 

11. It was suggested that, assuming a different CP classification and status of viral hepatitis 

infection, eligibility for PBT were different between subgroups. 
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(a)  (b) 

 

(c) 

Figure 11 The ∆NTCP of CTCAE grade≥2 RILT between two radiation modalities of certain 

combinations of the MLD in Child-Pugh A patients without (Figure 11a) and with (Figure 11b) 

viral hepatitis infection subgroups and Child-Pugh B/C patients (Figure 11c). The diagonal line 

is the MLD-equivalent line between XRT and PBT. The solid and dotted black lines represent 

the central estimate and 68% CI of iso-∆NTCP at 10%, respectively. The small box represents 

the size of tumors (cm) plotted according to Toramatsu study.  

Abbreviation: MLD=mean liver dose size; XRT=X-ray therapy; PBT=proton beam therapy 
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Table 9 ∆NTCP with a 68% confidence interval for predicting the probability of CTCAE grade≥2 RILT from 

two treatment modalities assuming a different CP classification and viral hepatitis infection status 

Plan ID 
Mean MLD  

IMRT (Gy) 

Mean MLD  

PBT (Gy) 

∆NTCP (68% CI)  

for CTCAE grade≥2 RILT  

Child-Pugh A,  

nonhepatitis 

Child-Pugh A, 

hepatitis 
Child-Pugh B/C 

1 35.9 20.2 11.5% 

(1.6%-21.5%) 

33% 

(28%-38%) 

11.2%  

(8.3%-14.1%) 

2 33.1 20.1 9.4% 

(1.2%-17.5%) 

30.2% 

(25.5%-34.9%) 

10.1% 

(7.9%-12.4%) 

3 30.3 16.6 10.1% 

(1.3%-18.8%) 

39.1% 

(31.5%-46.8%) 

13.6% 

(11.9%-15.4%) 

4 32.8 15.2 12.9% 

(1.7%-24.1%) 

47.9% 

(39.2%-56.6%) 

17.1% 

(14.9%-19.3%) 

5 37.9 19.9 13% 

(1.8%-24.1%) 

34.2% 

(28.9%-39.5%) 

11.7% 

(8.5%-15%) 

Abbreviation: ∆NTCP=NTCP reduction; CI=confidence interval; CTCAE=common toxicity criteria of adverse events; 

RILT=radiation-induced liver toxicity; MLD=mean liver dose; IMRT=intensity-modulated radiotherapy; PBT=proton beam therapy 
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Discussion 

 Radiation-induced hepatitis is a dose-limiting complication of traditional liver-directed 

radiotherapy and can lead to deterioration of liver function followed by liver failure and death 

(Dawson et al., 2002, Pan et al., 2010, Cheng et al., 2002, Tanguturi et al., 2014). Therefore, 

predicting the risk of toxicity in individual patients with unique clinical characteristics would 

facilitate treatment decision-making concerning appropriate radiotherapy 

modality/technique/regimen. Intrinsic biological factors, such as poor hepatic functional reserve 

and chronic viral hepatitis, were reported to have a potential effect on the susceptibility of liver 

tissue to irradiation after 3D-CRT (Cheng et al., 2004, Dawson, 2009, Liang et al., 2006). Our 

study showed the differential influence of biosusceptibility factors to RILT, consistent with these 

studies. We demonstrated the use of the LKB NTCP model to estimate the risk of CTCAE grade≥2 

RILT as a function of MLD and reported new sets of estimated NTCP parameters for CTCAE 

grade≥2 RILT for specific patient subgroups, namely, the CP-A, nonhepatitis subgroup; the CP-

A, hepatitis subgroup; and the CP-B/C subgroup.   

 To select patients who will gain a clinical benefit from PBT, Langendijk et al. has proposed 

a stepwise approach, referred to as the model-based approach (Langendijk et al., 2013). This 

principle has been given attention by the health authorities of the Netherlands (Grau, 2013, Widder 

et al., 2016) with a threshold for clinical benefit considered as a predicted reduction in the 

probability of grade≥2 toxicity of >10% (a total reduction of ≥15% for the complication profile) 

(Cheng et al., 2016). In this study, we contoured the ∆NTCP with a 68% CI at 10% ∆NTCP of 

developing CTCAE grade≥2 RILT in liver cancer patients as an example of implementing this 

approach. As shown in Table 9 and Figure 11, assuming a different CP classification and viral 

hepatitis infection status, the NTCP and ∆NTCP markedly varied and thus may have a potential 

impact on the decision regarding PBT use. For example, for plan ID 2 (MLD=33.1 Gy for the 

IMRT plan versus 20.1 Gy for the PBT plan), considering a ∆NTCP threshold of 10% reduction 

of CTCAE grade≥2 RILT, PBT was indicated for patients with CP-A, hepatitis (∆NTCP=30.2%) 

and CP-B/C (∆NTCP=10.1%) but not for the CP-A, nonhepatitis subgroup (∆NTCP=9.4%). This 

finding emphasizes the differential benefit from PBT according to patient subgroup and the 

importance of appropriate patient selection. Of note, Toramatsu et al. applied Michigan NTCP 

parameters for RILD and corrected fraction size to 1.5 Gy/fraction with an α/β ratio of 2.5 Gy. 
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 Moreover, there are considerable sources of model uncertainties and statistical assumptions 

from a small subset of patients when developing the model (Bijman and Breedveld, 2017, Schilstra 

et al., 2001, Wedenberg, 2013). The true population-based dose-response relationship can be given 

estimated by the upper and lower limits of the CI, which improves the reliability of the model 

prediction in the general population. In the example in Table 9, if we set the ∆NTCP 68%CI lower 

boundary at 10% as a threshold, PBT was indicated for all 5 patients in the CP-A with hepatitis 

subgroup, but none in the CP-A with nonhepatitis subgroup, and two CP-B/C patients (plan ID 3 

and 4).  

Our study proposed a clinical decision support using NTCP model-based approach to select 

patients for PBT as presented in Figure 12. Firstly, subgroup-specific NTCP model for predicting 

RILT was selected according to CP classification and viral hepatitis status. Secondly, planning 

doses from XRT and PBT were applied in the model to estimate the NTCP values, NTCPXRT and 

NTCPPBT, respectively. Thirdly, the ∆NTCP, defined by NTCPXRT - NTCPPBT, was obtained and 

used to select the appropriate modality according to the predefined threshold (10% in this example) 

which corresponded with the area to the right and below the contour in Figure 11. It is worth noting 

that the threshold could be central estimate of ∆NTCP as well as upper or lower boundary of 

∆NTCP CI.  

 

 

Figure 12 clinical decision support using NTCP model-based approach 

Abbreviation: CP=Child-Pugh; Hep=viral hepatitis infection status; XRT=x-ray therapy; 

PBT=proton beam therapy; NTCP=normal tissue complication probability; ∆NTCP=NTCP 

reduction 
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However, appropriate ∆NTCP threshold (10% or other value) as well as proper confidence 

level (68%CI or 95%CI, upper or lower boundary) for the selective use of PBT is still unknown. 

Consequently, the desired goal and challenges are to determine the threshold for identifying 

patients who would most likely benefit from PBT. The physical dose distribution, biological 

impact of the treatment on tumor and normal tissues, clinical impact on patients’ quality of life 

and socioeconomic aspects need to be considered and optimized (Shirato et al., 2018).  As a future 

research, we should perform cost-effective analysis of our model-based approach to improve 

quality-adjusted life years of patients and total cost of national medical care.  

 This study has several strengths. First, the use of the delta method, considering variance 

and covariance of NTCP parameters, produced ∆NTCP with CI that are less overestimated and 

more generalizable. Second, unlike previously reported studies on NTCP for RILD (Dawson et al., 

2002, Lawrence et al., 1992, Xu et al., 2006, Cheng et al., 2005, Cheng et al., 2004, Tai et al., 

2009), our model predicted the probability of CTCAE grade≥2 RILT as a function of the MLD. 

This outcome is based on a widely accepted standard toxicity criterion that is objective, easily 

assessable and convenient for data collection. In addition, CTCAE grade≥2 RILT was moderately 

correlated with RILD but earlier detected, which might rise the concern of treating physician prior 

to severe changes of liver function. Third, the use of the MLD with the fraction-size normalization 

method mitigates the limitation of comparing DVH data between various fractionation regimens 

and eliminates the need for 𝑛 optimization in the LKB model. However, given the different 

physical and biological properties between PBT versus XRT and the effect of changes in dose 

distributions on the predictive power of the NTCP model, the XRT-derived NTCP models should 

be validated prior to the direct comparison of toxicity risks (Blanchard et al., 2016). Thus, multi-

institutional data pooling is required, and the use of CTCAE and MLD helps facilitate data sharing 

among institutions. 

 The limitations of our study were the lack of data in the high (>45 Gy) dose-bin and the 

small patient number after stratification into subgroups. It was also noted that some patients had 

liver dysfunction equivalent to CTCAE grade≥2 RILT despite a very low MLD. This high 

background, up to 50% in CP-B/C patients, might be due to pre-existing poor hepatic function, 

reactivation of viral hepatitis or rapid tumor reaction and might not be related to radiation. 

However, the background was eventually subtracted when calculating the ∆NTCP. In addition, 
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despite stratification according to two clinical factors (CP classification and viral hepatitis 

infection status), our NTCP models considered only MLD to predict toxicity outcome. Other 

possible prognostic or predictive parameters for RILT include tumor size and origin, portal vein 

thrombosis, and previous treatment (Dawson et al., 2002, Liang et al., 2006) which justify the 

development of a multivariable model in our future work to accurately predict RILT in various 

circumstances. Another limitation was a lack of model validation in this analysis. It is important 

to validate our model using a validation dataset as a next step. 

In conclusion, CP classification was the strongest clinical predictive factor for risk of 

toxicity after liver radiotherapy, followed by viral hepatitis infection. We reported the estimated 

LKB NTCP model parameters specific to patient subgroups stratified by CP classification and 

viral hepatitis infection status. NTCP curves with a 68%CI were determined for each subgroup, 

considering the variance and covariance of parameters. The ∆NTCP at a certain combination of 

MLDs (including its uncertainty) might be helpful to guide the selective use of PBT. 
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Chapter 3 

Multivariable normal tissue complication probability model for predicting  

radiation-induced liver disease in primary liver cancer 

Introduction  

 A number of studies have shown the relationship between dose to normal liver and hepatic 

toxicity based on LKB NTCP model (Dawson et al., 2002, Lawrence et al., 1992, Xu et al., 2006, 

Cheng et al., 2005, Cheng et al., 2004, Tai et al., 2009) including our study in chapter 2. Besides 

liver dosimetry, the importance of biosusceptibility factors, such as liver cirrhosis and viral 

hepatitis infection, on the risk of RILD has also been emphasized (Cheng et al., 2004, Prayongrat 

et al., 2019). Other possible non-dosimetric predictors included male gender, presence of PVT, 

prior and concurrent treatments (Cheng et al., 2004, Dawson et al., 2002, Liang et al., 2006, Xu et 

al., 2006).  

NTCP model can potentially guide treatment selection for patients who likely benefit from 

PBT in terms of reduction in clinically significant toxicities based on predefined ∆NTCP threshold 

(Langendijk et al., 2013, Widder et al., 2016, Jakobi et al., 2015a). In Chapter 2, LKB NTCP 

models for predicting liver toxicity were developed for primary liver cancer patients which were 

stratified into subgroups by CP classification and viral hepatitis infection status. We also revealed 

the differences of NTCP and ∆NTCP between subgroups . However, apart from CP classification 

and viral hepatitis infection, there were other potential clinical factors as mentioned above. 

Therefore, the purpose of Chapter 3 is to develop a multivariable prediction model that combines 

clinical and dosimetric parameters to identify primary liver cancer patients at risk for developing 

RILD that can further support decision making to select appropriate treatment. 

Materials and methods 

Patient population and Treatment 

 Patient population of this retrospective study composed of 326 primary liver cancer 

patients treated between December 2006 and September 2018 at the department of radiation 

oncology, King Chulalongkorn memorial hospital, faculty of medicine, Chulalongkorn University, 

Thailand. The inclusion criteria and treatment technique were the same as described in Chapter 2. 
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Briefly, gross tumor volumes were contoured using contrast-enhanced CT scans, and magnetic 

resonance image (MRI) if available, with a 5- to 10-mm margin expanded to account for 

subclinical disease, set up uncertainty and respiratory motion. Normal liver was contoured as entire 

liver subtracted with gross tumor volume. Some patients underwent surgery or TACE prior to 

radiotherapy. No concurrent chemotherapy was administered.  

The study has been approved by local institutional review board (IRB no. 602/60). 

Data extraction of clinical and dosimetric parameters 

Baseline patient characteristics including age, gender, tumor size, presence of PVT, CP 

score, HBV/HCV infection status and previous treatments were reviewed. Physical examination, 

blood tests including liver function test (AST, ALT, ALP, total bilirubin, albumin) and imaging 

were assessed at baseline and every 1-3 months after completing RT for evaluating treatment-

related toxicities and disease progression. Toxicity endpoint was RILD which was classified into 

“classic” and “non-classic” RILD as described in detail in previous Chapters. In the current study, 

classic RILD was the endpoint for CP-A and negative viral hepatitis infection status patients 

whereas nonclassic criteria was scored for patients with either CP-B/C or positive viral hepatitis 

infection status. 

DVHs of all patients were obtained from the Eclipse planning system version 8.6 (Varian 

Medical Systems, Palo Alto, CA, USA). To simplify the whole DVH into a single measurement 

and simultaneously account for organ architecture, normal liver DVH was reduced and adjusted 

for fraction size using Equation (6)-(7) into MLD.  

NTCP Modelling and statistical analysis 

 NTCP model for RILD was developed using data from 280 patients (training dataset) and 

validated in 46 patients (test dataset) who were independent from the training dataset and treated 

between January 2015 and September 2018.  Clinical and dosimetric parameters between patients 

with or without RILD were compared using a 2test or t-test. OS was estimated from the date of 

radiotherapy start to the date of death or last follow up using the Kaplan-Meier method.  A 

univariate analysis was initially performed for all candidate predictor variables followed by a 

multivariate logistic regression analysis with bootstrapping technique and forward variable 

selection.  Significant variables were eventually selected in the final model with p-value of <0.05 
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to be considered statistically significant. Due to the multicollinearity between dosimetric 

parameters, (MLD and Vx Gy), only one variable was included in the logistic regression model at a 

single time.  OR and 95%CI were calculated for each variable.  Risk of RILD (NTCP value) for 

particular patient can be estimated using the following equation: 

𝑁𝑇𝐶𝑃  =  
1

1+ 𝑒−𝑆(𝑥)  , in which 

𝑆(𝑥) 6 𝛽0 +  𝛽1𝑥1 +  𝛽2𝑥2 + ⋯ +  𝛽𝑛𝑥𝑛  

where 𝑥 is the prognostic variable, 𝛽0 is a constant value and 𝛽𝑖 (1  𝑖  𝑛) represented the 

regression coefficients for i th covariate (𝑥). 

 Model performance was determined by discriminative ability using the AUC and by 

assessing agreement between predicted and observed outcomes using the calibration plot.  Further, 

a spike plot of the distribution of events and non-events was displayed, as well as a lowess 

smoother allowing assessment of the calibration at the individual patient level. Hosmer-Lemeshow 

goodness-of-fit test was further used to evaluate the fitted NTCP model.  We also performed model 

validation in the test dataset and compared with LKB NTCP models from previous studies. 

Statistical analyses were conducted in IBM SPSS statistics (version 22.0, SPSS, Inc., Chicago, IL) 

and STATA LP (version 13.1, StataCorp, College Station, TX). 

Results 

Patient and treatment outcomes 

 The training dataset consisted 179 HCC and 101 ICC.  Majority were male (73.2%) and 

CP-A classification (72.1%). A half of patients had positive chronic viral hepatitis infection status.  

The median prescription dose was 45 Gy in a daily fraction of 1.8-10 Gy. Pretreatment 

characteristics are listed in Table 10. The incidence of RILD in overall patients was 31.8% 

(89/280): 10.6%, 43.8%, 28.6% and 60% in CP-A, non-hepatitis (12/113), CP-A, hepatitis (39/89), 

CP-B/C, non-hepatitis (8/28) and CP-B/C, hepatitis (30/50), respectively (p<0.001).   

With the median follow-up time of 9.5 months, median OS for overall patients was 13.3 

months (95%CI 10.7-15.8 months), 17.9 months (95%CI 13.8-22 months) versus 4.8 months 

(95%CI 3.5-6 months) in patients with non-RILD versus RILD, respectively (p<0.001). 
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Table 10 Pretreatment characteristics of model training dataset and test dataset  

  Training dataset  

(N=280) 

Test dataset  

(N=46) 

Age (years), mean (SD) 60.3 (12.3) 59.6 (9.1) 

Gender    

male 205 (73.2%) 38 (82.6%) 

female 75 (26.8%) 8 (17.4%) 

Primary disease    

hepatocellular carcinoma  179 (63.9%) 39 (84.8%) 

intrahepatic cholangiocarcinoma  101 (36.1%) 7 (15.2%) 

Presence of portal vein thrombosis  137 (48.9%) 31 (67.4%) 

T-classification    

early T stage (T2 or less) 85 (30.4%) 14 (30.4%) 

late T stage (T3 or more) 195 (69.6%) 32 (69.6%) 

N-classification    

no lymph node involvement (N0) 210 (75%) 41 (89.1%) 

positive lymph node involvement (N1) 70 (25%) 5 (10.9%) 

Child-Pugh classification   

A 202 (72.1%) 38 (82.6%) 

B or C 78 (27.9%) 8 (17.4%) 

Viral hepatitis B or C infection 139 (49.6%) 32 (69.6%) 

Previous treatments   

surgery 76 (27.1%) 8 (17.4%) 

transarterial chemoembolization  113 (40.4%) 29 (63%) 

chemotherapy 42 (15%) 4 (8.7%) 

Radiation technique     

3D-CRT 124 (44.3%) 5 (10.9%) 

IMRT/VMAT 106 (37.9%) 33 (71.7%) 

SBRT 50 (17.8%) 8 (17.4%) 
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  Training dataset  

(N=280) 

Test dataset  

(N=46) 

Median (IQR) total dose (Gy) 45 (30-50) 45 (40-50) 

Median (IQR) Number of fraction (fractions) 10 (10-25) 10 (5-15) 

Median (IQR) Dose per fraction (Gy) 3 (1.8-4) 3 (3-8) 

Mean (SD) normal liver volume 1197.3 (452.3) 1490.3 (596.6) 

Mean (SD) liver dose (Gy) 17.7 (7.8) 17.8 (8.4) 

Effective volume (SD) (cc)  0.4 (0.5) 0.5 (0.2) 

V5 Gy (SD) (%) 67.0 (23.9) 66.6 (22.8) 

V10 Gy (SD) (%) 55.3 (25.1) 51.4 (20.1) 

V20 Gy (SD) (%) 41.6 (23.5) 31.3 (15.5) 

V30 Gy (SD) (%) 31.7 (21.5) 21.5 (12.8) 

V40 Gy (SD) (%) 25.1 (18.6) 12.9 (9.7) 

Abbreviation: 3D-CRT=three dimension conformal radiotherapy, IMRT=intensity modulated 

radiotherapy, VMAT=volumetric modulated arc therapy, SBRT=stereotactic body radiotherapy, 

IQR=interquatile range, SD=standard deviation  

In the univariate analysis, diagnosis of HCC, presence of PVT, late T stage, CP-B or C 

classification, positive hepatitis status, prior surgery and TACE, and MLD were significantly 

associated with RILD occurrence as shown in Table 11.  Notably, when stratified patients 

according to primary disease (HCC versus ICC), there were more patients with good 

prognosticators in ICC group. For example, rates of CP-A and negative hepatitis were >80% in 

ICC patients, but only 67% and 30% in HCC patients (p60.011 for CP classification and p<0.001 

for hepatitis). 

Table 11 Univariate logistic regression analysis for radiation-induced liver disease 

Variables 

  

ORs 95%CI P-value 

Lower Upper  

Age (year) 
 

0.990 0.970 1.010 0.323 

Gender female 1.00    

 male 1.53 0.84 2.77 0.162 
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Variables 

  

ORs 95%CI P-value 

Lower Upper  

Diagnosis intrahepatic cholangiocarcinoma 1.00    

 hepatocellular carcinoma 9.61 4.41 20.96 <0.001 

Presence of portal vein thrombosis 4.85 2.78 8.47 <0.001 

T-classification early T stage 1.00    

 late T stage 2.85 1.52 5.35 0.001 

N-classification N0 1.00    

 N1 0.68 0.37 1.24 0.209 

Child-Pugh 

classification 

A 1.00    

B or C 2.81 1.63 4.85 <0.001 

Viral hepatitis 

infection status 

negative 1.00    

positive 5.96 3.34 10.63 <0.001 

Surgery  0.15 0.07 0.34 <0.001 

TACE  1.85 1.11 3.08 0.018 

Chemotherapy  0.54 0.25 1.18 0.122 

Radiation 

technique 

3D-conformal radiotherapy 1.00    

intensity modulated radiotherapy 1.111 0.545 2.266 0.084 

stereotactic body radiotherapy 1.102 0.531 2.285 0.068 

Normal liver volume (cc) 1.00 1.00 1.00 0.670 

Mean liver dose (Gy) 1.04 1.00 1.07 0.030 

V5 Gy (%)  1.01 1.00 1.02 0.157 

V10 Gy (%)  1.00 0.99 1.01 0.641 

V20 Gy (%)  1.00 0.99 1.01 0.790 

V30 Gy (%)  1.00 0.99 1.01 0.631 

V40 Gy (%)  1.00 0.99 1.02 0.592 

Abbreviation: OR=odds ratio, 95%CI=95% confidence interval, Vx Gy=volume of normal liver 

receiving x Gy 
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NTCP model development 

 In the multivariate logistic regression analysis with 1000 bootstrapping, the significant 

variables in the final model included diagnosis of HCC, CP-B/C, positive hepatitis, and MLD. The 

OR, regression coefficients and 95%CI of each selected variable were shown in Table 12. The 

NTCP value for the individual patient can be calculated using the equation: 

𝑁𝑇𝐶𝑃  =  
1

1+ 𝑒−𝑆(𝑥)
  , in which 

𝑆(𝑥) = -3.94 + (diagnosis of HCC * 1.74) + (CP-B or C * 0.90) + (viral hepatitis infection status 

* 1.06) + (MLD* 0.05) 

Table 12 Multivariable logistic regression analysis for radiation-induced liver disease 

Variables ORs 
95%CI 

p-value 
Regression 

coefficients 

95%CI Multiplication 

value Lower Upper Lower Upper 

Diagnosis         

 ICC 1.00        

 HCC 5.68 2.22 14.52 <0.001 1.74 0.81 2.67 0=no,1=yes 

Child-Pugh classification     

 A 1.00        

 B or C 2.47 1.28 4.78 0.007 0.90 0.27 1.54 0=no, 1=yes 

Viral hepatitis status     

 negative 1.00        

 positive 2.89 1.53 5.46 0.001 1.06 0.44 1.68 0=no, 1=yes 

Mean liver dose  1.06 1.01 1.10 0.013 0.05 0.01 0.09 Dose in Gy 

Constant     -3.94 -5.25 -2.63  

Abbreviation: OR=odds ratio, 95%CI=95% confidence interval, ICC=intrahepatic 

cholangiocarcinoma, HCC=hepatocellular carcinoma; CP=Child-Pugh classification 
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Mean NTCP values for patients with RILD (n689) and non-RILD (n6191) were 49.1% 

(95%CI 44.8%-53.4%) and 23.7% (95%CI 20.9%-26.6%), respectively. The model had high 

specificity (86%) and negative predictive value (81%). AUC for this 4-variable model was 0.81 

(95%CI 0.75-0.86) indicating good model performance.  The HL test also showed an agreement 

between predicted and observed outcomes (2 66.57, p=0.58) as demonstrated by calibration plot 

in Figure 13.  

 

 

Figure 13   Calibration plot for the predictive model for RILD. The solid line represents the 

calibration graph of the model, the dash line represents the identical line, and the circle with error 

bar represents the Hosmer-Lemeshow groups. 

  



 
 

64 
 

According to 3 clinical parameters, patients were stratified into 8 subgroups. Baseline 

NTCP values for each subgroup, without consideration of MLD (MLD=0 Gy), were estimated as 

shown in Table 13. 

Table 13 Estimated baseline NTCP values for radiation-induced liver disease 

considering pretreatment clinical characteristics  

Diagnosis Child-Pugh  

classification 

Viral hepatitis  

Infection status 

Baseline estimated NTCP 

for RILD 

ICC A negative 1.9% 

  positive 5.3% 

 B or C negative 4.6% 

  positive 12.1% 

HCC A negative 10.0% 

  positive 24.2% 

 B or C negative 21.4% 

  positive 44.0% 

Abbreviration: ICC=intrahepatic cholagiocarcinoma; HCC=hepatocellular carcinoma 

Model validation 

 Demographic patient and tumor data of the test dataset are listed in Table 10, where more 

patients with HCC and positive hepatitis were observed. Of the 46 patients, RILD occurred in 21 

patients (45.7%). When we applied data of the test dataset in our multivariable NTCP model, mean 

NTCP values were 51.7% (95%CI 44.4%-58.9%) for RILD patients and 25.9% (95%CI 18.9-

32.6%) for non-RILD group. The model accuracy and specificity were 74% and 97%, respectively. 

Overall model performance was good for our model with the AUC of 0.86 (95%CI 0.75-0.96). 

 In comparison of our multivariable NTCP model with LKB NTCP models from previous 

studies, Table 14 summarizes characteristics of patients used to derive NTCP model in each study. 

With their LKB NTCP parameters, mean NTCP values of the test dataset were calculated. AUCs 

of other studies were considerably dropped to <0.70. Noting that, prior to NTCP calculation, MLD 

was calculated using 𝑓𝑠 and 𝑛 according to each study protocol. 
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Table 14 Comparisons of NTCP values and model performance in test dataset (N=46) using LKB NTCP parameters from 

previous studies or multivariable logistic regression coefficients in this study 

Studies LKB NTCP parameters  NTCPtest AUC in  

Year N 

(RILD) 

Dx CP Hep Fx (Gy)  group TD50 m n  Non- 

RILD 

RILD test dataset 

(Lawrence 

et al., 1992) 

79 

(9) 

PLC+

LM 

A NA 1.5-1.65*  - 40 0.15 0.69  0.2% 7.8% 0.66 

(0.49-0.82) 

(Dawson et 

al., 2002) 

203 

(19) 

PLC+

LM 

A NA 1.5-1.65*  - 39.8 0.12 0.97  6.2% 10.4% 0.65 

(0.48-0.81) 

(Cheng et 

al., 2004) 

89 

(17) 

HCC 68 A/ 

21 B 

65 +/ 

24 - 

1.8-3  - 49.4 0.39 0.35  17.7% 22.9% 0.59 

(0.42-0.76) 

(Xu et al., 

2006) 

109 

(17) 

PLC 93 A/ 

16 B 

86 +/ 

23 - 

4-6  CP-A 40.5 0.28 1.1  0.2% 0.2% 0.67 

(0.50-0.83) 
   

CP-B 23 0.43 0.7  14.3% 22.9% 0.62 

(0.46-0.79) 

(Tai et al., 

2009) 

414 

(57) 

PLC 336 A/ 

78 B 

NA 1.5-1.65*  

1.8-2  

4.6 

CP-A 40.3 0.36 1  7.9% 17.3% 0.66 

(0.49-0.82) 
   

CP-B 23.9 0.41 1  8.2% 15.6% 0.66 

(0.49-0.82) 

This study 280 

(89) 

PLC 202 A/ 

78 B 

139 +/ 

141 - 

1.8-10  - - - -  25.9% 51.7% 0.86 

(0.75-0.96) 
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* twice-daily radiotherapy 

Abbreviation: PLC=primary liver cancer; LM=liver metastases; HCC=hepatocellular carcinoma; CP=Child-Pugh classification; 

Hep=viral hepatitis infection status; TD=total prescription dose; Fx=dose fractionation; MLD=mean liver dose; RILD=radiation-

induced liver disease; LKB=Lyman-Kutcher Burman; NTCP=normal tissue complication probability; NTCPtest=NTCP value in test 

dataset (N=46) using LKB NTCP parameters from previous studies or multivariable logistic regression coefficients in this study; 

AUC=area under the curve; TD50=tolerance dose of whole liver with 50% probability of developing toxicity; m=slope at TD50; 

n=volume effect; NA=not applicable 
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Discussion 

In this study, we introduced the prediction model to identify primary liver cancer patients 

at risk of developing RILD by integrating clinical and dosimetric parameters. Using multivariate 

logistic regression analysis, the final model consisted of 4 significant parameters including 

diagnosis (HCC versus ICC), pretreatment CP classification (CP-A versus CP-B/C), HBV/HCV 

infection status (positive versus negative) and MLD. Model performance and validity were 

excellent compared to the preexisting models.  

The incidence of RILD ranged from 9.4%-19.1% in previous reports (Cheng et al., 2005, 

Cheng et al., 2004, Dawson et al., 2002, Kim et al., 2007, Liang et al., 2006, Xu et al., 2006). High 

RILD incidence in this study (33%) might be due to greater intrinsic biosusceptibility 

characteristics in our patient population. Additionally, in contrast to ICC which developed from 

bile duct epithelial cells, HCC originated from hepatocytes which frequently associated with 

chronic viral hepatitis and liver cirrhosis, especially in Asian population (Cheng et al., 2002, Kim 

et al., 2007, Liang et al., 2006). Thus, some hepatocytes were conceivably infected and revealed 

some degree of cirrhosis. Correspondingly, we demonstrated that HCC diagnosis was the most 

significant predictor with adjusted OR of 5.35, indicating higher radiosensitivity of liver tissue 

compared with ICC. The other reason of the high incidence rate of RILD in our study was the use 

of liver function-specific RILD criteria, i.e., classic RILD for CP-A, non-hepatitis patients and 

nonclassic RILD for those with CP-B/C or hepatitis.  

The predictive factors included in our model were mostly in line with previous studies 

(Cheng et al., 2005, Cheng et al., 2004, Dawson et al., 2002, Kim et al., 2007, Liang et al., 2006, 

Seong et al., 2003, Tai et al., 2009, Xu et al., 2006).  However, some worse prognostic factors 

(PVT, late T stage and TACE) were statistically significant in univariate analysis as previously 

reported (Liang, 2006;Seong, 2003) but were eventually excluded from the final model due to 

inadequately significant effect.  Unlike earlier study (Dawson, 2002), chemotherapy was not 

associated with increased RILD risk in this report (OR60.54, p60.122). The plausible explanation 

was that we usually administered chemotherapy as an adjuvant treatment following definitive 

surgery for ICC, in contrast to the concomitant use with twice-daily radiotherapy in a previous 

study (Dawson, 2002).  
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As for the test dataset, model performance of our 4-parameter NTCP model was apparently 

superior to the preexisting LKB NTCP models. Some reasons were unavoidable similarity of our 

training and test datasets considering biological and treatment aspects, and capability of 

concerning many risk factors at a time instead of only dosimetric parameter. For example, 

Michigan study composed of patients with normal liver function, but unknown viral hepatitis status. 

Besides, their treatment regimen was twice daily radiotherapy concurrent with chemotherapy 

(Dawson, 2002). Although CP-B and HBV carrier status were taken into account in Asian studies 

(Cheng et al., 2004, Tai et al., 2009, Xu et al., 2006), but NTCP parameters which were derived 

from a small-size subgroup limited the application of the models.  

With our multivariable NTCP model, treatment strategies can be modified in an 

individualized basis. In advanced head and neck cancers, Jakobi et al. evaluated the feasibility for 

dose-escalation schedule by assessing tumor control probability and NTCP and found 

approximately 10% increase in TCP with <2% increase in NTCP (Jakobi et al., 2015b). In addition, 

NTCP model-based treatment plan optimization is clinically achievable. Kierkels et al. optimized 

treatment plans using multivariable NTCP-based objective functions for tube feeding dependence 

and/or dysphagia to obtain lower dose distribution to organs-at-risk at comparable dose to the 

tumor (Kierkels et al., 2016). According to Table 13, patients with only 1 clinical risk factor had 

baseline RILD risk 10%, thus tumor dose-escalation for unresectable diseases might be possible. 

For patients with 2 clinical risks, treatment plan should be optimized with high respect to MLD. 

And, for those with all 3 risk features, radiotherapy might not be appropriate due to high baseline 

NTCP value (44%).  

With attempts to improve tumor control and minimize NTCP, many modern radiotherapy 

techniques have been developed, particularly PBT but with high expense. The NTCP-model based 

approach is a promising method for selecting patients for PBT due to some limitations of 

conducting RCT. This approach has been approved as an alternative high-level evidence for PBT 

implementation by the health council and health care insurance board of the Netherlands (Lambin 

et al., 2013, Langendijk et al., 2013) and as a guide for creating an enriched cohorts of patients for 

randomized study between XRT versus PBT (Widder et al., 2016). For liver tumors, studies from 

Japan proposed the implementation of this approach to select patients for PBT (Toramatsu et al., 

2013, Kobashi et al., 2018, Shirato et al., 2018) including our study in Chapter 2. The NTCP 
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model-based approach for the selective use of PBT in primary liver cancer patients will be further 

studied using our multivariable NTCP model. 

The limitation of this study was retrospective data collection. Heterogeneity of disease 

characteristics and treatment techniques/regimens inevitably affected the predictive power of 

model (Beetz et al., 2012b). Therefore, our model needs external validation, especially in different 

clinical entity, prior to clinical application. Besides, the novel predictive markers including 

circulating inflammatory proteins and functional imaging as well as radiogenomic data have been 

of greater interest for RILD (Cao et al., 2008, Schaue et al., 2012, El Naqa et al., 2018). These 

potential biomarkers are capable of being integrated into the NTCP model for improving prediction 

ability and further implementing in treatment plan optimization.   

To the best of our knowledge, the current study is the first to develop multivariable NTCP 

model combining clinical and dosimetric factors for predicting the risk of RILD using relatively 

large patient cohort. Moreover, FED provided the generalized application of this model among 

various treatment schedules and fractionations. Further study will be focusing on multivariable 

NTCP model-based approach considering uncertainties of NTCP and ∆NTCP which might 

improve the reliability of the model prediction in the general population 
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Conclusions 

・ In primary liver cancers, radiation therapy is effective but can induce radiation-induced 

liver disease (RILD). Normal tissue complication probability (NTCP) model-based approach has 

been expected to predict the risk of RILD in each patient especially in the selection of patients for 

proton beam therapy (PBT) rather than x-ray treatment (XRT). Precise investigation about the 

reliability of the NTCP model-based approach of RILD is now mandatory in the world because 

the number of PBT centers is limited. 

・ We found that mathematical estimation of uncertainties of NTCP and the difference of 

NTCP between two radiotherapy methods (ΔNTCP) is possible to improve the reliability of the 

NTCP model-based approach in the prediction of RILD.   

・ We found that delta method is useful to describe variance and covariance of LKB NTCP 

model parameters to assess uncertainties of NTCP and ΔNTCP using the real-world dataset of 239 

patients as well as the dataset derived from previous publication.  

・ We have found appropriate parameters for the dose-response between mean dose to liver 

and the risk of RILD based on LKB NTCP model for subgroups of patients stratified by 

biosusceptibility factors (CP classification and hepatitis status). We established the dose-response 

curves with 68% confidence interval using the NTCP model for each subgroup and found that the 

parameters markedly varied among subgroups. Overall model performance was acceptable with 

AUC of 0.714 (95%CI, 0.650-0.779). The AUC was favorable when we compared it with the AUC 

of 0.569 (95%CI, 0.496-0.642) which was obtained with the Michigan’s common parameters for 

RILD.  

・ The values of NTCP and ΔNTCP derived from the subgroup-specific LKB NTCP models 

markedly varied among subgroups. We obtained confidence interval of ΔNTCP using delta 

method and showed its potential to improve the reliability of the NTCP model-based approach.  

・ We first established the scientific background about the possible use of ΔNTCP with 

confidence interval in this study. Following to that, we first proposed to use ΔNTCP with 

confidence interval in the selection of an appropriate external-beam radiotherapy. It was more 

conservative than the use of central estimate of ΔNTCP thus avoid overuse of PBT, and increased 

confidence for patient selection. These findings underlined the importance of appropriate patient 

selection and continuous improvement to find the proper subgrouping.  
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・ The shortcoming of the subgroup-specific LKB NTCP models is the way to clustering. 

Apart from the CP classification and hepatitis status, we integrated other clinical and dosimetric 

parameters to develop a novel NTCP model based on multivariate logistic regression.  

・ Using multivariate logistic regression analysis, the final model consisted of 4 significant 

parameters including 3 clinical parameters (primary diagnosis, CP classification, and hepatitis 

status) and 1 dosimetric parameter, MLD. 

・ Model performance and validity of the novel multivariate NTCP model were excellent 

compared to the preexisting models. Overall model performance of our multivariate NTCP model 

was good with the AUC of 0.86 (95%CI 0.75-0.96). AUCs of NTCP models which were previous 

published were considerably lower than our multivariate NTCP model (<0.70).   

・ However, we have yet achieved to establish a dose-response curve between MLD and the 

NTCP value with confidence interval using the multivariate NTCP model.   

・ Further study should be focusing on uncertainties of NTCP and ΔNTCP using the 

multivariable NTCP model which we established in this study. We hope that it should further 

improve the reliability of the NTCP model-based approach.  

・ Since the multivariable NTCP model will fit well with machine learning and big data 

science, further study should be able to use more sophisticated statistical analytics.  
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