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Objective: The aim of this study is to create an ML model to predict xerostomia in patients
undergoing RT.
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Accepted: 30 March 2026 the survey questions on the total RIX score. The question "I have difficulties swallowing

certain foods” was the most effectual and “I suck sweets or cough lollies to relieve dry
mouth” was the least effectual question, respectively. Also, our ML model predicted the RIX
scores with an accuracy of 81%.

Conclusion: The questions in the XI have different impacts on the total score. Our ML model
showed that the XI items could be reduced from 11 to nine, costing an only 0.3% decrease
in accuracy. The ML model offers to delineate the parotid stem cells and record the doses to
these cells for a more accurate assessment of RIX.
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INTRODUCTION salivary gland and the volume irradiated, recovery
may occur 12-18 months after RT; however,
permanent functional impairment is frequently
observed.[3]. Although xerostomia rates in LAHNC
have decreased with modern RT techniques and
parotid sparing treatment approaches, the rate of RIX
is still reported approximately 40% [4]. For this
reason, the search for a preventive or repairing
treatment approach to salivary gland damage
continues. These approaches include parotid stem cell
sparing treatment, salivary gland transfer techniques,
and gene therapies [5-8]. Since the most effective
management of radiation-induced xerostomia is its
prevention, reliable predictive tools are critically
needed prior to the initiation of RT. Accurate pre-
treatment prediction is essential to support
individualized treatment planning and to optimize
organ-sparing strategies in modern radiotherapy.

Radiation-induced xerostomia (RIX) is one of the
most common late side effects of head and neck
radiotherapy (RT). Xerostomia is a subjective feeling
of dry mouth which significantly affects the quality of
life (QoL). Clinical symptoms include not only pain,
tooth decay, tooth loss, and oral infections, but also
swallowing and speech disorders, and a decreased
sense of taste [1]. Since the main goal of the
treatment of locally advanced head and neck cancer
(LAHNC) is organ preservation, anatomically sparing
the organ with a dysfunction contradicts the basic
philosophy of the treatment. Therefore, protecting
the function of the salivary glands should be one of
the main goals of the RT treatment plan.

RIX may develop early during the course of
radiotherapy and frequently persists after treatment
completion. The saliva flow decreases by 50-60% in
the first week of RT and to 20% by the 7th week [2].
Depending on the dose received by the relevant

In recent years, there has been a great deal of interest
in using machine learning (ML) algorithms to predict
the outcomes of RT [9,10]. ML approaches offer
significant advantages in radiotherapy toxicity
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prediction, particularly due to their ability to model
complex relationships among multiple clinical and
dosimetric variables. ML algorithms receive and
analyze existing data to recognize the embedded
pattern in data and predict output values in an
acceptable range. Modeling the relationship between
treatment-induced side effects and related covariates
is an ideal application area for ML approaches.
Although the mean dose to the parotid gland is a
good predictor of RIX [11], a number of studies
revealed that various patient and treatment-related
factors also have an effect on RIX such as the doses
to the submandibular glands, oral cavity and parotid
stem cells, and patient related factors (e.g. age,
educational status, smoking) [12,13]. While previous
ML models have demonstrated promising results in
predicting radiotherapy-induced toxicities using these
clinical and dosimetric features, many rely solely on
physician-graded objective scales and overlook
nuanced, patient-reported symptoms. Integrating
detailed subjective symptom evaluations into ML
frameworks remains a relatively unexplored frontier.
In this context, developing a novel ML algorithm that
synergizes conventional dosimetric parameters with
specific, patient-reported outcome measures is crucial
for advancing existing work and achieving a more
precise RIX prediction.

Being a subjective feeling, the measurement of the
presence and grading of xerostomia is not easy.
Collecting the saliva and measuring its amount is one
objective but onerous way. A more practical and
clinically feasible alternative for evaluating xerostomia
involves the of wvalidated patient-reported
questionnaires. One widely utilized instrument is the
Xerostomia Inventory (XI), which systematically
evaluates the severity of xerostomia symptoms during
daily activities [14].

usce

The aims of this study are to create an ML model
using dosimetric parameters and the XI scores to
predict xerostomia in patients undergoing RT, and to
define the importance of the items in the XI.

MATERIAL AND METHODS
Clinical Data

Data from patients with LAHNC treated in our
department between 2012 and 2017 were used in this
retrospective study. Patients <70 years of age without
distant metastases that received RT with or without
induction and/or concurrent chemotherapy were
included in the study. Exclusion criteria were a
histopathology other than squamous cell carcinoma, a

comorbid disease or medication that may cause
xerostomia, a total dental prosthesis, and a prior,
postoperative and/or unilateral RT to the neck
and/or primary tumor site. The patients were selected
with an aim of a minimum follow-up period of longer
than two years.

All treatment plans were generated using the Eclipse
treatment planning system (version 8, Varian).
Radiotherapy was delivered with the intensity-
modulated radiotherapy (IMRT) technique via Clinac
DHX linear accelerators. The RT protocol was as
follows: 70 Gy to the gross tumor volume (both in
the primary tumor site and for gross lymph nodes),
60 Gy to the whole organ of the primary tumor site
and involved nodal neck area, and 54 Gy to the
clective nodal area in 33 fractions using a
simultaneous integrated boost (SIB) technique.
Routine adaptive re-planning during the treatment
course was not performed. Dose constraints for the
parotid glands (PG) and other organs at risk (OARs)
where minor salivary glands are widely distributed are
given in Table 1. No dose constraints were defined
for the parotid stem cells or submandibular glands
during optimization, but the dose-volume histogram
(DVH) parameters for these structures were
systematically recorded. To ensure standardized
delineation, the parotid stem cell regions were
specifically contoured in accordance with the
previously published institutional guidelines detailed
by Sari et al.|7]. RIX was assessed with the XI, which
includes 11 questions. The Turkish version of the XI
questionnaire was administered to all patients via
telephone at a cross-sectional point with a minimum
of 2 years of follow-up (median follow-up 55 months,
range: 24-94.3 months) to allow sufficient time for
the recovery of the salivary glands. Each question has
an answer on a scale of 1 to 5 (never=1, hardly
ever=2, occasionally=3, fairly often=4, and very
often=>5), and the overall score is between 11 and 55.
A higher score indicates a more severe RIX. This
study was approved by the Institutional Review
Board (Project number: GO 20/1061)

Machine learning

In this study, the ML method of random forest (RF)
was used for the prediction of RIX. RF is an
ensemble learning method which creates decision
trees on randomly selected data samples. The
prediction from each tree is evaluated and the best
solution is selected by means of voting. RF can be
used both for classification and regression. Also, it
allows defining the relative feature importance which
helps selecting the most contributing features for the
target value. The RF algorithm was carried out using
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the Python programming language (version 3.8) and
the  Scikit-Learn  library  (Python  Software
Foundation). To ensure reproducibility, the key
hyperparameters of the RF model were explicitly
defined: the number of trees in the forest
(n_estimators) was set to 200, the maximum depth of
the trees (max_depth) was set to 10, and the
minimum number of samples required to split an
internal node (min_samples_split) was 2. A random
state of 42 was assigned to maintain consistent results
across multiple runs.

The RF algorithm was applied to two different data;

-To the XI, to obtain the importance of the
survey questions on the total RIX score, and

-To the dosiomics, to predict the XI scores.

First, the model was implemented to the XI data. The
survey questions were selected as the features to
obtain the importance of the variables in the XI.
Secondly, we investigated the relation between the
dosimetric parameters and RIX by using the RF
algorithm. For this purpose, the mean doses to the
lips, pharynx, submandibular glands, oral cavity,
parotid gland and stem cells, and the maximum doses
to the parotid gland and stem cells were evaluated.
The V26Gy (the volume receiving 26 Gy or higher)
and V30Gy values for the parotid glands were also
recorded. The above mentioned dosiomics were
selected as features. The ML model was developed to
predict the total score of the XI. The data was split
into two parts; 75% to train the algorithm and 25%
to test the model. The prediction output by the
model was compared to the actual scores in order to
obtain the final results. The accuracy was used as the
model performance indicator. Correctly classified
instances are known as accuracy which is defined in
the following equation;

Accuracy= (Tp+Tn)/(Ip+Tn+Fp+Fn)

In the context of predicting radiation-induced
xerostomia (RIX), these variables are explicitly
defined as follows:

True Positive (ITP): The model correctly
identifies a patient as having severe RIX.

True Negative (IN): The model correctly
identifies a patient as not having severe RIX.

False Positive (FP): The model incorrectly
predicts that a patient has severe RIX when they
actually do not.

False Negative (FN): The model incorrectly
predicts that a patient does not have severe RIX
when they actually do. The mean squared error (mse)
and the Pearson correlation coefficient r were
calculated for the predicted and true values of the
total XI score.
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Figure 1: The importance of XI questions on total
score.
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Figure 2: Cumulative importance of vatiables, dashed
line: 95% of the cumulative importance.
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Visualizing important Festures
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Figure 3: The importance of dose volume histogram
(DVH) parameters on XI scores were evaluated using
the random forest model.

Table 1. Dose constraints for the structures

Organ at risk Constraint

Lips mean <20 Gy

Pharynx mean <60 Gy

Oral cavity mean <35 Gy

Parotid gland mean <26 Gy OR Vj3y* <50%

*V30Gy: Volume receiving 230 Gy

RESULTS

A total of 880 patients treated with IMRT for
LAHNC were initially evaluated. Following the
application of strict exclusion criteria—which
eliminated patients with a follow-up of less than 2
years, age over 70, metastatic disease, postoperative
or unilateral RT, non-squamous cell carcinoma
histology, and factors intrinsically affecting salivary
function (e.g., total dental prosthesis, specific
comorbidities, or medications)—87 patients were
deemed eligible for the final analysis. The
characteristics of all patients are given in Table 2. All
patients were administrated the XI and the results
were evaluated with our ML model which aimed to
define the importance of the survey questions over
the XI total score.

The model worked with an accuracy rate of 96.6%.
The relative importance of the questions is given in

Fig. 1. The question “I have difficulties swallowing
certain foods” was the most effectual and “I suck
sweets or cough lollies to relieve dry mouth” was the
least effectual question, respectively. Fig. 2 shows the
cumulative importance weights of the variables. The
dashed line shows 95% of the total importance. The
total importance impact of “My eyes feel dry” and “I
suck sweets or cough lollies to relieve dry mouth” on
the cumulative weight was less than 5%. When we
omitted these questions from the questionnaire and
ran the model again, the accuracy decreased to 96.3%
. In the next stage, we selected the most effectual five
items, and the model worked with an accuracy of

86%.

Table 3 shows the mean doses obtained from the
patients’ data. Our ML model predicted the RIX
scores with an accuracy of 81%. Fig. 3 shows the
importance of the scores of the DVH parameters on
RIX. The importance of the scores ranged between
0.07 and 0.04, meaning the impact of the related
DVH parameters on the total score was between 7%
and 4%. Fig. 4 shows the prediction and true values
of the total XI scores with 7.1 mse and 0.91 r value.
After omitting the least effectual questions from the
data, we recalculated the model in which the accuracy
was 80.5%, and the mse and r values were 7.4 and
0.89.

Predictions
.

A - “
True Values

Figure 4: The predicted values using the random
forest model and true values of XI scores are plotted,
together with the mean square error and Pearson
correlation coefficient.
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DISCUSSION

The primary objective of this study was to evaluate
the predictive value of comprehensive dosimetric
parameters on patient-reported xerostomia using a
machine learning approach. While previous studies
have utilized ML for toxicity prediction, to the best
of our knowledge, this is the first study to employ an
ML regression framework specifically designed to
predict continuous, patient-reported XI scores using
a combination of whole-gland and parotid stem cell
DVH parameters. After calculating the feature
importance of each question regarding the overall
score, the results demonstrated that not all collected
survey data are strictly necessary for robust
predictions. Notably, it was found that the XI could
be streamlined from 11 to 9 items, as two specific
questions accounted for a combined relative weight
of less than 5%. Eliminating these low-impact
features resulted in a marginal decrease of
approximately 0.3% in the model's overall predictive
performance, a reduction that is considered
statistically and clinically negligible.

Previously, the XI was shortened in a Dutch version
[15]. In the Summated XI-Dutch version, the five
original items were used (i.e. my mouth feels dry
when eating a meal, my mouth feels dry, I have
difficulty in eating dry foods, 1 have difficulties
swallowing certain foods, and my lips feel dry). Our
results with ML also showed that these questions
were the five most effectual questions on the total XI
scote. However, the model accuracy decreased from
96.6% to 86% in the summated form in our study. In
terms of ML, reducing the number of the inputs will
provide a significant calculation time advantage in an
RF ML model, particularly in situations where large
data is used. The Dutch version of the XI can be
used in an ML model but for more accurate results,
we offer the XI with nine items as summated version.

In this study, we developed an ML model using the
RF algorithm. The RF algorithm is frequently used
for predicting outcomes and side effects. Previously,
Deist et al. [9] tested the performance of six common
algorithms including decision tree, RF, neural
network, support vector machine, elastic net logistic
regression, and Logit Boost to predict the outcomes
and toxicity of chemoradiotherapy. They reported
that the RF and elastic net logistic regression
provided higher performance compared to the other
algorithms. There are also disease site-based studies
that showed RF has the best performance to predict
toxicity [16,17]. The results indicate that the RF
algorithm was suitable for predicting xerostomia
related to head and neck RT.

The ML model learns the parameters from the
available data which makes the characteristics of the
dataset absolutely crucial. We wused dosimetric
parameters and the total XI score to train the model
and predict RIX. The most important advantage of
our model is that it predicts RIX by considering the
doses of all structures that can cause xerostomia.
Experimental results have demonstrated that the
proposed model can accurately predict the total XI
score. Accurately predicting RIX will facilitate clinical
decision making for personalized treatment. Despite
the promising predictive performance of the
proposed ML  regression framework, several
methodological limitations must be acknowledged.
First, the current model relies exclusively on
dosimetric parameters and does not incorporate the
potential impact of confounding patient-specific
clinical factors, such as age, comorbidities, smoking
status, or concurrent medications. For a more
comprehensive and advanced level of modeling,
future algorithms should integrate these clinical
variables alongside dosiomic features. Second, the
analysis was based on a relatively small cohort of 87
patients treated at a single institution, which may
introduce selection bias and limit the generalizability
of the findings. Finally, the lack of an external
validation dataset means that the robustness and
reproducibility of the model across different clinical
settings remain unconfirmed. Future multicenter
studies with larger, diverse cohorts are warranted to
externally validate and refine the proposed predictive
tool.

Previously, it was shown that the total XI score was
correlated with the mean doses to the parotid gland,
parotid stem cell niches, oral cavity, lips, and
submandibular glands [7]. However, there was no
correlation with the mean dose to the pharynx [7].
Our ML model showed that all dosimetric parameters
have an impact on the total XI score. Salivary glands
in the oral cavity and pharynx are minor contributors,
secreting less than 10% of the saliva [18]. The clinical
findings were compatible with our results. The
impact of the mean dose to the oral cavity and
pharynx was relatively lower than other features.

We selected the mean and maximum doses to the
parotid stem cells as features. As expected, the dose
to these cells was one of the most effectual features
for RIX prediction. Recently, Steenbakkers et al. [19]
showed that the dose to the stem cell region was
more predictive for the development of parotid gland
function-related xerostomia compated to the dose to
the entire parotid gland in a double-blind randomized
controlled trial. Since the adequate dose reduction to
the parotid glands is not always possible, the parotid
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stem cell-sparing treatment approach gains more
importance. The results obtained in this study also
showed that sparing the parotid stem cells was crucial
for preventing xerostomia.

More than one critical structure plays a role in the
occurrence of RIX and different dose constraints
have been defined in the literature for each of these
structures. The dose given to each structure may vary
depending on the location of the primary tumor and
in some cases, it is not even possible to meet the
criteria. Therefore, estimating the multi-factor RIX is
quite challenging. Our proposed model considers the
doses of all structures associated with xerostomia and
allows us to predict the optimal probability for RIX
development.

CONCLUSION

The questions in the XI have different impacts on the
total score. Our ML model showed that the XI items
could be reduced from 11 to nine, costing an only
0.3% decrease in accuracy. Our proposed ML model
can predict the XI score. This prediction considers
the doses absorbed by the structures associated with
xerostomia. Our results also showed that the doses to
the parotid stem cells have an impact on the total XI
score. Therefore, we offer to delineate the parotid
stem cells and record the doses to these cells for a
more accurate assessment of RIX.
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