OuYang et al. BMC Cancer (2025) 25:572 BMC Ca ncer
https://doi.org/10.1186/512885-025-13906-6

: . ®
A comparative study of different parameter =i

estimation methods for predictive models
of Normal Tissue Complication Probability
(NTCP) of radiation-induced temporal
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Abstract

Background Normal Tissue Complication Probability (NTCP) models predict temporal lobe injury risk post-intensity-
modulated radiotherapy in nasopharyngeal carcinoma patients. Optimal parameter estimation methods for NTCP
models need refinement.

Purpose To identify optimal method for parameter estimation in Normal Tissue Complication Probability models
for temporal lobe injury following intensity-modulated radiotherapy in nasopharyngeal carcinoma patients.

Materials and methods In this study, all patients underwent curative intensity-modulated radiation therapy at two
research centers. Data of temporal lobes from three cohorts [Data-A, n=278(training set); Data-B, n=119(external
validation set); Data-C, n=215(internal validation set)]. Five NTCP models were considered, including the Serial Recon-
struction Unit (SRU) model, Poisson model, Lyman model, Logit model and Logistic model. Three parameter estima-
tion methods, namely Bayesian estimation (BE), Least Squares Estimation (LSE) and Maximum Likelihood Estimation
(MLE), were applied to calibrate the five NTCP models. Area Under Curve (AUC), confusion matrices, dose-response
curves were used to compare the performance of the models.

Results Six hundred twelve patients were enrolled, with 278 in the Data-A; 119 in the Data-B; 215 in the Data-C.
The Poisson-NTCP model was evaluated using AUC and R? values across three parameter estimation methods (BE,
LSE, and MLE) on three datasets. The results were as follows: Data-A: BE (AUC: 0.938, R% 0.953), LSE (0.942, 0.986), MLE
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incidence of TLI in NPC.

(0.940, 0.843); Data-B: BE (0.744, 0.958), LSE (0.743, 0.697), MLE (0.745, 0.857); Data-C: BE (0.867,0.915), LSE (0.862, 0.916),
MLE (0.865, 0.896). Compared with the remaining models, the Poisson-NTCP model based on BE had also better per-
formance of fitting dose—response curve and recall rate, accuracy and specificity of confusion matrix.

Conclusion Bayesian Estimation (BE) is the best parameter estimation method among the three parameter esti-
mation methods. The Poisson-NTCP model based on BE exhibited the best fit to the data in predicting post-IMRT

Keywords Parameter Estimation, Normal Tissue Complication Probability, Nasopharyngeal Carcinoma

Introduction

Radiotherapy, particularly intensity-modulated radio-
therapy, is a primary treatment for malignant tumors
with dosimetric advantages over traditional techniques.
In previous studies, numerous scholars have proposed
various Normal Tissue Complication Probability (NTCP)
models. For instance, Momeni et al. used the Lyman-
Kutcher-Burman (LKB) model to predict the NTCP of
acute eyelid erythema in patients with head and neck
cancers and skull-base tumors after radiotherapy [1]. Lai
et al. used a modified generalized Lyman normal-tissue
complication probability model to estimate the risk of
major adverse cardiac events after radiotherapy for left-
sided breast cancer [2]. Rancati et al. utilized the logit-
EUD model combined with clinical risk factors to predict
the occurrence of late toxicities in rectal cancer patients
after radiotherapy [3]. Wang et al. used the LKB model to
predict the occurrence of > grade 2 hematological toxicity
after radiotherapy for cervical cancer [4]. Jackson applied
the parallel model to analyze the NTCP of radiation-
induced hepatitis [5]. Van Dijk LV et al. developed an
NTCP model for osteoradionecrosis of the mandible in
patients with head and neck cancer after radiation ther-
apy [6], and Gloi used the Poisson-EUD model to evalu-
ate the NTCP of a new partial breast irradiation method,
MammoSite RTS [7].

Predecessors used the maximum likelihood method
for estimating parameters in their models. However, this
method is unsuitable when dealing with non-normally
distributed data, or correlated data, leading to estima-
tion issues or calculation failures [8, 9]. In addition, the
parameter estimation method for a single model limits
the model fitting to a local optimum, resulting in larger
errors in the outcomes [10].

In previous NTCP-related studies, five models were
used: Lyman, Logit, SRU, Poisson, and Logistic, with 3, 3,
2, 2, and 3 parameters, respectively. Our earlier research
on temporal lobe injury complications post-IMRT in
nasopharyngeal carcinoma patients showed the NTCP
curve is S-shaped, ranging from 0 to 1. For these mod-
els, we plan to use three parameter estimation meth-
ods: maximum likelihood, least squares, and Bayesian
estimation. Summarizing the research achievements of

predecessors, they all directly used the maximum likeli-
hood method to estimate the parameters. For example,
Tucker et al. compared the fitting of various NTCP mod-
els with the late rectal toxicity data of 128 prostate cancer
patients and determined that the mean dose model is the
best model for predicting late rectal injury after irradia-
tion [11]. Semenenko et al. obtained parameter estimates
for the LKB model through a comprehensive analysis of
lung (radiation pneumonitis) and parotid gland (xeros-
tomia) toxicity data from multiple institutions [12].
Momeni et al. used the generalized LKB model to deter-
mine the NTCP of acute ocular pain after radiotherapy
for head and neck cancer, and the study suggested that
keeping the average dose of the eyeball below 25 Gy,
the probability of ocular pain will be less than 12% [13].
D’Avino et al. compared the predictive capabilities of
the multivariate Logistic model and the LKB model for
gastrointestinal toxicity after radiotherapy for localized
prostate cancer, indicating that the predictive perfor-
mance of the multivariate model is better than that of
the LKB model [14]. Chapet used the Lyman model to
predict acute esophagitis NTCP post-radiotherapy for
non-small cell lung cancer [15]. However, few studies
have compared the goodness of fit of different parameter
estimation methods for models. This study, using data
from two centers and three groups, compared param-
eter estimation methods’ impact on accuracy via AUC
and R?, aiming to optimize NTCP model parameters for
improved radiotherapy planning.

Materials and methods

The study was approved by the Biomedical Research
Ethics Committee of the Second Affiliated Hospital of
Nanchang University (No. O-2023107). In this study, all
computer code used for modeling and/or data analysis
has been uploaded to the GitHub repository, which is
available at https://github.com/yxouyang/NTCP-softw
are. All data were analyzed using Python (version 3.7).

Data collection
The study population consisted of 612 previously
untreated nasopharyngeal carcinoma patients without
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metastasis from two academic institutions. A total of 278
patients were recruited from the Cancer Center of Sun
Yat-sen University (Data-A) from January 2003 to Feb-
ruary 2008 formed the training dataset for model devel-
opment, and 215 patients were recruited from the same
center (Data-C) from January 2012 to June 2012 consti-
tuted the internal validation dataset. Additionally, 119
patients were from the Second Affiliated Hospital of Nan-
chang University from January 2016 to May 2018 formed
the external validation dataset (Data-B). Inclusion crite-
ria for patients in this study were as follows: pathologi-
cally confirmed NPC without distant metastasis; initially
treated with definitive IMRT; complete DVH data availa-
ble; and a follow-up period exceeding 60 months on mag-
netic resonance imaging (MRI) or MRI-based diagnosis
of TLIL Clinical characteristics and dosimetric features
of the patients were collected; clinical features included
age, gender, TNM staging, chemotherapy and radiother-
apy regimens, radiation doses and fractions, the site of
radiation-induced temporal lobe injury, diagnosis time,
survival time, etc.; dosimetric features included Dose
Volume Histogram (DVH) parameters for each temporal
lobe, maximum dose (Dmax), absolute volume, relative
volume, dose delivered to a 0.5-cm® volume (DO0.5 cc),
and dose delivered to a 1-cm® volume (D1cc), etc.

Conversion of physical data to biological data

The collected data were physical in nature, and for dif-
ferent radiotherapy fractions, it was necessary to convert
them into biological data to standardize the measure-
ments. Dose volume histograms were rescaled for a
treatment schedule of 2 Gy per fraction by using a linear
quadratic model and an «/p value of 3 Gy for biologic end
point late toxicity in normal temporal lobe. The formula
is as follows:

Dy = Dy(a/B +dx)/(a/B +2) (1)

where D, is the total dose delivered to the x-th fraction,
and D, is the equivalent uniform dose per 2 Gy.

Calculation of EUD

Different dose-volume histogram (DVH) reduction
schemes have been used to define the summary meas-
ure 1, such as the effective volume or effective dose in
the LKB model. Here, the generalized equivalent uni-
form dose (EUD) is defined as the dose’s Lebesgue norm
according to the following power law relationship

w=EUD = (}_vDi)/* 2)

The sum is calculated over all bins (v;, D;) of the dif-
ferential DVH, and a is a parameter describing the
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dose-volume effect. When a= o0 (i.e., no volume effect),
EUD equals the maximum dose. For a with a value of 1,
Eq. (2) gives the mean dose (large volume effect).

For non-uniform dose distribution, it can be defined
as the equivalent uniform dose that, when applied uni-
formly to the entire organ, would give the same macro-
scopic dose-response (V=1). It can then be defined as:

1
EUDsry = —log(} _ viexp(8D))) (3)

NTCP models

Lyman-EUD model

In the Lyman-EUD model, the parameter s describes
the slope of the sigmoidal response curve at the steepest
point p=s, The NTCP function predicts a 50% com-
plication probability. Typically, the slope parameter s is
replaced by its inverse m, according to s=1/ (m-ps).

s(—H50)

1
NTCPLyman(H) = E/
—00

exp(—x2/2)dx
(4)

Lyman-EUD model has three parameters a, m, and p50
that need to be fitted.

Logit-EUD model

The logit-EUD model also uses the generalized EUD Eq.
(2) as a summary measure p. Its two parameters i, and
k are determined by EUD. Therefore, with the addition of
the EUD parameter a, the model has three parameters

1

NTCPyogit (1) = ——————
ogtt 1+ (uso/ )k

(5)

Serial Reconstruction Unit (SRU) model

The Serial Reconstruction Unit model, recently proposed
by Alber and Belka, describes radiation complications as
the failure of a dynamic repair process. In this model, o
is the organ-specific sensitivity parameter, and D, is the
reference dose.

NTCPsry(V,D) =1 — exp(—Vexp(o (D — Dy)))
(6)
For inhomogeneous dose distributions an equivalent
uniform dose, which would give the same macroscopic
dose—-response when applied homogeneously to the
whole organ (V=1), can be defined as Eq. (3). Therefore,
the NTCP function is given by:

NTCPsru(EUDsru) = 1 — exp(—exp(o (EUDsru — Do))) (7)
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In this study, the Serial Reconstruction Unit (SRU)
model is described by two parameters: ¢ and Dy

Poisson-EUD model

Similar to the SRU model, the Poisson-EUD model uses a
mechanism concept to describe the primary serial tissue
dose response. Assuming complications are the result of
local dose responses of non-interacting subunits, the fol-
lowing NTCP function can be derived based on Poisson
statistics.

EUD EUD
NTCPpoisson (EUD) = 1 — exp[—(——)"] = 1 — exp[~In2(——)“]
Dy Dso

8)
With a reference dose D, (or a dose Dg, causing 50%
complication probability) and a volume—effect (steepness)
parameter a. The EUD is given by Eq. (2), where, accord-
ing to this model, the exponent of the Equivalent Uniform
Dose (EUD) and the steepness parameter of the NTCP
function share the same value. Consequently, unlike the
Lyman-EUD and Logit-EUD models, the Poisson-EUD
model is characterized by only two parameters.

Logistic regression model

In the logistic regression model, O (intercept) is a constant
and P1 is the logistic regression coefficients of the predic-
tor variable, respectively. The logistic regression model also
utilizes the generalized EUD Eq. (2). Again, u serves as a
comprehensive evaluation index. Consequently, in con-
junction with the parameter ’a’ from the EUD, this model
possesses three parameters altogether.

1
1+ exp(=po — 1)
We established NTCP models using the model param-

eters obtained from Data-A dataset in both Data-B dataset
and Data-C dataset, respectively.

NTCPLogistic (n) = 9)

Parameter estimation methods
Maximum likelihood estimation
The NTCP model is fitted to the data using the method of
maximum likelihood.
L=, Lip” (1 — p) =) (10)

This method determines the values of the model param-
eters that maximize the likelihood (L). This implies that
the maximum value of L defines the greatest consistency
between the true observed endpoints (ep;) and the calcu-
lated NTCP values (p;). The parameter N represents the
number of data points. Mathematically, taking the loga-
rithm facilitates faster convergence of the function.
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N
LL=In(L) = > (epiIn(p;) + (1 — ep)) In(1 — p))

i=1
(11)
By automatically adjusting the parameters to maximize
the natural logarithm of the likelihood (In(L)), the model
is fitted. To express the uncertainty of the fitted param-
eters, the confidence intervals of the estimates are calcu-

lated using the profile likelihood method.

Bayesian parameter estimation
1. Determine the prior distribution of p{f} of the
parameter 6

2. From the sample set D = {x1,%2,..%x,}, derive the
joint distribution p(D|0), which is a function of 6:

p010) =TT, pnlt) (12)

3. Using Bayes’ theorem, calculate the posterior distri-

bution of 6
pDI10)p(6)
0ID) =
g [ pDIo)p(6)do )
4. Derive the Bayesian estimate:
0 = /ep(9|D)d9 (14)
0

Least squares parameter estimation

That is, the sum of the squares of the differences between
all observed values (samples) Yi of the explained variable
and the estimated value ,B\o + ,ElXt is minimized (least

squares), with the formula as follows:
n ~ ~ 2
MinQ =Y . [Yi — (Bo + B1X)] (15)

i=1

Bayesian estimation differs significantly from tradi-
tional Maximum Likelihood Estimation (MLE) and Least
Squares (LS). Traditional MLE estimates model parameters
by finding the parameter values that maximize the likeli-
hood function. It assumes that the data are independently
and identically distributed and is sensitive to extreme val-
ues. When dealing with data close to 0 or 1 in probability,
it may encounter computational anomalies. Least Squares,
on the other hand, determines parameters by minimizing
the sum of squared differences between the observed val-
ues and the estimated values, assuming that the data errors
follow a normal distribution. Bayesian estimation, however,
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is based on Bayes’ theorem and combines prior knowl-
edge with sample data to infer the posterior distribution of
parameters. In clinical modeling, the advantage of Bayesian
estimation lies in its ability to incorporate prior knowledge
from clinicians, such as expected parameter ranges based
on previous research or clinical experience. This prior
information helps the model more reasonably estimate
parameters, especially when data is limited. Additionally,
Bayesian estimation better handles uncertainty, providing

a more comprehensive evaluation of parameter uncertainty
through the posterior distribution, which offers richer
information for clinical decision-making.

Evaluation metrics

The performance of the models was assessed using
R-squared (R?) and the Area Under the Curve (AUC) of
the Receiver Operating Characteristic (ROC) curve as

indicators.

R Defined for a set of observed values y; and predicted

values %;, R? is calculated as follows:

Table 1 Confusion matrix: True Positive(TP); False Positive(FP);

False Negative(FN); False Negative(FN)

Actual positive Actual
negative
Predicted positive P FP
Predicted negative FN TN
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RE—1-— >0 —y»)?
>0 —y)?
The confusion matrix is presented in Table 1.
The AUC: A performance metric for the classifier, the
AUC is calculated by integrating the area under the ROC
curve, which plots the true positive rate against the false
positive rate at various threshold settings:

(16)

1 m—1
AUC = - 2121 ®ir1 — X)) ityiv1)

5 (17)

Results

Clinical features and EUD boxplot analysis

The clinical characteristics of the training and validation
sets are presented in Table 2. The study utilized three
datasets, Data-A, Data-B, and Data-C, for modeling and
validation. Figure 1 illustrates the distribution of EUD
across the five NTCP models. The central line within the
box represents the median, the upper and lower bounds
of the box denote the upper and lower quartiles, respec-
tively, and the whiskers extending from the box represent
the maximum and minimum EUD values. The width of
the box provides an indication of the variability in EUD.
Notably, Data-A exhibited a greater number of outliers,
suggesting a higher degree of variability; Data-B dis-
played a more concentrated distribution with less vari-
ability, indicating greater stability; Data-C exhibits large
volatility and is the most unstable.

Table 2 Clinical features of the training cohort and validation cohorts

Data-A(n=278) Data-B(n=119) Data-C(n=215) p
Sex 0.068
Male 210(75.5%) 84(70.6%) 154(71.6%)
Female 68(24.5%) 35(29.4%) 61(28.4%)
Age <0.001
<50 207(74.5%) 51(42.9%) 156(72.6%)
>50 71(25.5%) 68(57.1%) 59(27.4%)
CCRT <0.001
Yes 186(66.9%) 113(95.0%) 159(74.0%)
No 92(33.1%) 6(5.0%) 56(26.0%)
T stage <0.0001
1 66(23.7%) 3(2.5%) 15(7.0%)
2 60(21.6%) 19(16.0%) 43(20.0%)
3 96(34.5%) 80(67.2%) 105(48.8%)
4 56(20.2%) 17(14.3%) 52(24.2%)
N stage <0.001
NO 69(24.8%) 1(0.8%) 19(8.8%)
N1 134(48.2%) 6(5.1%) 86(40.0%)
N2 56(20.2%) 109(91.6%) 91(42.4%)
N3 19(6.8%) 3(2.5%) 19(8.8%)
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Fig. 1 Boxplots representing the parameter estimates obtained using Bayesian Estimation (BE), Least Squares Estimation (LSE), and Maximum
Likelihood Estimation (MLE) (a-c) for the Serial Reconstruction Unit (SRU) model, Poisson model, Lyman model, Logit model, and Logistic model(1-

5), respectively

Receiver Operating Characteristic (ROC) curve analysis

The area under the ROC curve (AUC) was employed
as an evaluative metric to assess the accuracy of model
predictions. An AUC value closer to 1 indicates a better
model performance.

Figure 2, Fig. E1, and Fig. E2 present the ROC curves
derived from the three datasets. The curves labeled
B1-B5, L1-L5, and M1-M5 correspond to parameter esti-
mations using Bayesian, Least Squares, and Maximum
Likelihood methods, respectively. The results indicate
that the AUC values are nearly identical across the three
parameter estimation methods, suggesting that the mod-
els perform comparably regardless of the method used
for parameter estimation.

Confusion matrix analysis

This study employed a confusion matrix to assess the
performance of the NTCP model algorithms, with results
based on the three different datasets shown in .

Figure 3, Fig.E3, and Fig.E4. The confusion matrices
for Bayesian, Least Squares, and Maximum Likelihood
estimations are denoted as B1-B5, L1-L5, and M1-M5,
respectively. The color intensity of the diagonal blocks
represents the difference between predicted and actual
probabilities. The comparison of confusion matrix fig-
ures reveals that regardless of whether the data is from
the experimental, internal validation, or external valida-
tion datasets, Bayesian estimation is more suitable for the

Poisson model, Least Squares estimation shows a good
comparable performance between the Logit model and
Lyman model, and Maximum Likelihood estimation is
more effective for the Lyman model.

Incidence of temporal lobe injury and dose-response
curves

Figure 4, Fig.E5, and Fig.E6 depict the incidence of tem-
poral lobe injury and the corresponding dose—response
curves based on the three datasets using the three differ-
ent parameter estimation methods. The red and green
crosses represent patients with and without temporal
lobe injury, respectively. The vertical error bars indicate
the 68% confidence intervals, and the blue data boxes
shows the ratio of temporal lobe injured patients in the
given dose for this patient group. As the Equivalent Uni-
form Dose (EUD) increases, the 68% confidence inter-
val expands. The results demonstrate that the effects of
the three parameter estimation methods are comparable
and that there is an S-shaped curve relationship between
NTCP and dose-response.

R? evaluation metrics

The R? values obtained after parameter estimation
using BE, LSE, and MLE for the SRU, Poisson, Lyman,
Logit, and Logistic models are presented in Table 3.
The results indicate that the estimation effect of the
Least Squares parameter estimation is similar to that
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of the Maximum Likelihood method, and in the con-
struction of the Poisson model with Data-A, Data-
B, and Data-C, the results obtained using Bayesian

estimation,

Least Squares estimation,
mum Likelihood estimation are (BE: 0.953, 0.958,
0.915), (LSE: 0.986, 0.697, 0.916), and (ML: 0.843,

and Maxi-
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Fig. 4 The Normal Tissue Complication Probability (NTCP) and dose-response curves based on the experimental dataset Data-A for Bayesian, Least
Squares, and Maximum Likelihood estimations are denoted as B1-B5, L1-L5, and M1-M5, respectively
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Table 3 The regression models obtained after parameter estimation using Bayesian Estimation (BE), Least Squares Estimation (LSE),
and Maximum Likelihood Estimation (MLE) for the Serial Reconstruction Unit (SRU) model, Poisson model, Lyman model, Logit model,
and Logistic model. The R-squared (R2) statistic is utilized to assess the degree of fit of the regression models to the actual data

SRU Poisson Lyman Logit Logistic
Data-A BE 0.963 0.953 0.959 0.977 0.951
LSE 0977 0.986 0.907 0.963 0.920
MLE 0.977 0.843 0.949 0.940 0.731
Data-B BE 0.806 0.958 0.742 0.864 0918
LSE 0.762 0.697 0.679 0.671 0.956
MLE 0.536 0.857 0.868 0.501 0.780
Data-C BE 0.962 0915 0.964 0.946 0971
LSE 0.837 0916 0.876 0.890 0.923
MLE 0915 0.896 0.897 0.853 0.559

0.857, 0.896), respectively. For the Logistic model, the
results are (BE: 0.951, 0.918, 0.971), (LSE: 0.920, 0.956,
0.923), and (ML: 0.731, 0.780, 0.559), respectively. For
the Lyman model, the results are (BE: 0.959, 0.742,
0.964), (LSE: 0.907, 0.679, 0.876), and (ML: 0.949,
0.868, 0.897), respectively. It is evident that the Bayes-
ian method shows superior performance in the Pois-
son model, the Least Squares estimation method has a
comparable good performance with Bayesian method
in the Logistic model, and the Maximum Likelihood
method is possibly more suitable for the Lyman model.

Discussion

Parameter estimation methods in radiotherapy outcomes
research, traditionally, the maximum likelihood method
has been the cornerstone for estimating parameters in
NTCP models post-radiotherapy. The prerequisite for
using maximum likelihood estimation is that the data
are approximately normally distributed and independ-
ent. However, for the everyone’s temporal lobes, there
is some correlation between the left and right temporal
lobes. If this data is used for NTCP modeling, it will inev-
itably lead to increased errors in the results. This study
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introduces Bayesian estimation and least squares esti-
mation as alternative methods for parameter estimation,
providing a comparative analysis that reveals the least
squares method’s comparable efficacy to the maximum
likelihood method. Bayesian estimation showed satisfac-
tory results in this context.

In our previous research, the NTCP model constructed
using the logistic algorithm achieved promising results
[16]. The present study aimed to employ a variety of algo-
rithmic models for comparative experiments to explore
whether differences exist in the parameter estimation
methods across different NTCP algorithmic models.
The experimental results demonstrated that in the con-
struction of the Poisson model with Data-A, Data-B, and
Data-C, the R? values obtained using Bayesian estima-
tion, least squares estimation, and maximum likelihood
estimation were (BE: 0.953, 0.958, 0.915), (LSE: 0.986,
0.697, 0.916), and (ML: 0.843, 0.857, 0.896), respectively.
It is evident that the Bayesian estimation method outper-
formed the least squares and maximum likelihood meth-
ods in the Poisson model. Conversely, in the construction
of the Logistic model with Data-A, Data-B, and Data-C,
the R? values obtained using Bayesian estimation, least
squares estimation, and maximum likelihood estimation
were (BE: 0.951, 0.918, 0.971), (LSE: 0.920, 0.956, 0.923),
and (ML: 0.731, 0.780, 0.559), respectively. The Least
Squares estimation method has comparable good per-
formance with Bayesian method in the Logistic model.
When constructing the Lyman model with Data-A, Data-
B, and Data-C, the R? values from Bayesian estimation,
least squares estimation, and maximum likelihood esti-
mation were (BE: 0.959, 0.742, 0.964), (LSE: 0.907, 0.679,
0.876), and (ML: 0.949, 0.868, 0.897), respectively. The
maximum likelihood estimation method demonstrated
better performance in the Lyman model compared with
the Bayesian and least squares methods. This indicates
that the application of different parameter estimation
methods to different NTCP algorithmic models is also a
question worthy of investigation.

This study employed three datasets from two research
centers for control experiments. This approach is instru-
mental in validating the generalizability of the param-
eter estimation methods. Among the three datasets, two
were derived from the same research center but collected
at different time points, allowing for internal validation.
In contrast, the dataset from the other research center
serves as an external validation. The collective validation
using three datasets effectively mitigates the pitfalls of
relying on a single dataset, which can lead to local optima
and poor generalizability.

A rigorous comparison of parameter estimation meth-
ods necessitates the adoption of unbiased evaluation
metrics that comprehensively quantify model accuracy,
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generalizability, and robustness to ensure objective per-
formance assessment. This study employs two evaluation
metrics: the area under the receiver operating character-
istic curve (AUC) and the coefficient of determination
(R?»). AUC quantifies the model’s ability to discriminate
between classes (higher values indicating stronger per-
formance), while R?> measures the proportion of vari-
ance explained by the model in regression tasks (closer
to 1 representing a strong goodness-of-fit). In the present
study, the results indicate that the AUC values are nearly
identical across the three parameter estimation meth-
ods, suggesting that the models perform comparably
regardless of the method used for parameter estimation.
However, it is evident that the Bayesian method shows
superior performance in the Poisson model, the Least
Squares estimation method has comparable good perfor-
mance with Bayesian method in the Logistic model, and
the Maximum Likelihood method is possibly more suit-
able for the Lyman model based on R? values. R-squared
(R?) is superior to AUC because R? measures the model’s
goodness of fit and the proportion of variance explained
by the model in regression tasks. Historically, the maxi-
mum likelihood method has been used for estimating
NTCP model parameters, with the Akaike Information
Criterion (AIC) as the evaluation metric. However, AIC
is clearly not suitable for least squares estimation and
Bayesian parameter estimation, revealing its limita-
tions. In addition to AUC and R?, there are other evalu-
ation metrics such as F1 score, precision, accuracy, and
Z-score, but ultimately, they share the same underlying
logic, differing only in perspective. Utilizing two evalua-
tion metrics to compare different parameter estimation
methods helps to eliminate the randomness associated
with single-indicator assessments.

Modern radiotherapy planning has evolved from phy-
sicians relying on guidelines and clinical experience to
an approach that increasingly depends on algorithmic
models based on volumetric dose data. In this research,
numerous factors must be considered, such as the desir-
ability for more and diverse dose-volume data, the appli-
cability of NTCP algorithmic models, the precision of
parameter estimation methods, and the computation
of the Equivalent Uniform Dose (EUD) model. These
factors require comprehensive consideration and con-
tinuous experimental validation to assist physicians in
formulating more precise radiotherapy plans. This study
focuses solely on comparing different parameter estima-
tion methods, including maximum likelihood estima-
tion, Bayesian parameter estimation, and least squares
estimation. In reality, there are many estimation methods
available, and with the advancement of precision medi-
cine, these studies will become increasingly in-depth and
meticulous.
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To wvalidate the effectiveness of the biophysical
model, we conducted validation experiments predict-
ing normal tissue complication rates under different
radiation doses and fractionation schemes, and com-
paring the results with actual clinical data. The results
showed a good consistency indicator (R* values)
between the model-predicted complication rates and
the actual occurrence rates, indicating that the bio-
physical model can accurately reflect the relationship
between radiation dose and normal tissue complica-
tions to some extent.

From a clinical translation perspective, the NTCP
model and parameter estimation method in this study
have certain application potential. By accurately estimat-
ing the probability of normal tissue complications, cli-
nicians can more reasonably adjust radiation doses and
fractionation schemes during the radiation treatment
planning phase, thereby reducing the risk of normal tis-
sue complications. However, before clinical application,
further validation in larger-scale multi-center clinical
trials is necessary. The model should also be optimized
and adjusted in consideration of clinical realities, such
as patient individual differences, variations in radia-
tion equipment to ensure its clinical practicality and
reliability.

Conclusion

Our study affirms the efficacy of the Bayesian param-
eter estimation method in modeling the probabil-
ity of normal tissue complications following tumor
radiotherapy. Through comparative experiments with
maximum likelihood estimation and least squares
parameter estimation, it further demonstrates its
superiority in the Poisson model. By utilizing data
from research centers of different institutions, the
generalizability of the parameter estimation method
is evidenced, which will enhance the effectiveness
and precision of radiotherapy plan formulation. This
study also lays the groundwork for the application of
more accurate methods in the parameter estimation of
NTCP models in the future.

Abbreviations

NTCP  Normal Tissue Complication Probability
IMRT  Intensity-Modulated Radiotherapy
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LKB Lyman-Kutcher-Burman

SRU Serial Reconstruction Unit

AUC Area Under the Curve
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