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Abstract
This study constructed a predictive model for occurrence of radiation esophagitis during breast-cancer radiotherapy.
308 breast-cancer patients were analyzed. Lasso regression identified crucial variables that were further integrated into a
radiation esophagitis risk score, which was used to segregate patients into high- and low-risk groups. A nomogram model was
designed for clinical applicability. Training and validations were performed to assess robustness and generalizability of proposed
models, employing C-index, AUCs, calibration curves, and decision curves. SHAP algorithm was used for model interpretation,
offering insights into the major contributory factors. Seven significant variables were identified by Lasso regression. C-indexes of
nomograms of individual clinical variables and risk score were 0.795 and 0.784, respectively, exhibiting strong predictive ability.
In internal validation, AUCs for risk score, nomogram, and logistic models were 0.784, 0.795, and 0.812, respectively. Cal-
ibration curves showed a close fit between predicted and observed outcomes across models. Decision curve analysis indicated
logistic model’s superior clinical utility when the risk threshold was above 0.2. SHAP interpretation emphasized radiation dose,
pruritus, molecular type, and hepatic dysfunction as top contributory factors for radiation esophagitis. Models based on
interpretable machine learning offer an intuitive tool to assess risk of radiation esophagitis in breast-cancer radiotherapy.
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Highlight

1. The study uniquely employs SHAP, revealing deeper
insights into the key contributors of radiation-induced
esophagitis, bridging algorithmic understanding with
clinical implications.

2. Identified several previously unreported potential
factors in radiation esophagitis, paving new avenues
for targeted preventive strategies.

3. Provides a basis for individualized prevention in pa-
tients undergoing radiation therapy, enhancing the
precision and effectiveness of interventions to mitigate
the risk of radiation-induced esophagitis.

Introduction

Breast cancer remains one of the most prevalent malignancies
affecting women worldwide.1 Radiation therapy is a common
and effective treatment modality for breast cancer.2,3 Radia-
tion esophagitis is a common and complication of breast
cancer radiotherapy, affecting up to 50% of patients.4 Most
symptoms of esophageal inflammation are mild, but severe
ones can cause pain and difficulty swallowing, and malnu-
trition, affecting the patient’s quality of life and treatment
compliance. Prevention and management of radiation
esophagitis in a timely and effective way can effectively re-
duce the severity symptoms in patients. Identifying factors in
radiation esophagitis during breast cancer radiotherapy in
advance is crucial for enhancing patient quality of life and
radiotherapy effectiveness, and reducing treatment costs and
potentially increase survival rates.5

Several factors have been associated with the risk of ra-
diation esophagitis, such as radiation dose, volume, and
technique, as well as patient characteristics, comorbidities,
and genetic factors.6,7 However, the existing predictive
models for radiation esophagitis are mostly based on con-
ventional statistical methods, which have limitations in han-
dling complex and high-dimensional data, and may not
capture the nonlinear interactions and heterogeneity among
variables.8 Moreover, most of the models are not easily in-
terpretable or applicable in clinical practice, and have not been
validated in independent cohorts.9 Clinical medical data based
on EHR and HIS systems emphasize the need for improved
predictive models due to their complex composition of
nonlinear relationships and high-dimensional and multimodal
nature.

Machine Learning is a branch of Artificial Intelligence that
can learn and make predictions or decisions from non-linear
and high-dimensional data compared to traditional statistical
methods, and is particularly applicable to complex problems
in the medical field.10 Machine learning techniques have been
increasingly applied to various fields of medicine, including
oncology, and have shown promising results in improving
diagnosis, prognosis, and treatment outcomes.11,12 However,
machine learning models are often considered as “black

boxes”, meaning that their internal logic and reasoning are not
transparent or understandable to human users.13-16 This poses
challenges for the trustworthiness, accountability, and ethical
use of machine learning in clinical settings.

Interpretable machine learning is an emerging field that
aims to provide explanations for the predictions or decisions
made by machine learning models, and to enhance their in-
terpretability, transparency, and fairness.17,18 Interpretable
machine learning can help clinicians and patients to under-
stand the rationale behind the machine learning models, to
assess their validity and reliability, and to identify the most
influential factors for the outcomes of interest.19 For instance,
the weight of the output variable’s contribution to the model or
the effect of different variables on the prediction results in a
single sample condition.20 Interpretable machine learning can
also facilitate the communication and implementation of
machine learning models in clinical practice, and foster the
collaboration and feedback between machine learning re-
searchers and clinicians.21 This interpretable modeling en-
hances the possibility of translating predictive models from
theory into programs or web tools that can be integrated into
EHR systems, with the potential for clinical applications.

In this study, we aimed to develop and validate a predictive
model for the occurrence of radiation esophagitis during breast
cancer radiotherapy using interpretable machine learning
techniques. Aims to facilitate early detection of radiation
esophagitis, thereby assisting clinicians in decision-making
and intervention. We used a cohort of breast cancer patients
who received radiotherapy and collected various clinical and
dosimetric variables that may affect the risk of radiation
esophagitis. We applied lasso regression to select the most
relevant variables and constructed a risk score based on their
coefficients. We also developed a nomogram model that in-
tegrated the risk score and individual clinical variables. We
evaluated the performance and clinical utility of the models
using various metrics and methods, such as C-index, AUC,
calibration curve, and decision curve. We used the SHAP
algorithm to interpret the models and to identify the major
contributory factors for radiation esophagitis. To our
knowledge, this is the first study to use interpretable machine
learning to predict radiation esophagitis in breast cancer
radiotherapy.

Methods

Patients

A total of 308 breast cancer patients between January, 2016,
and December, 2020, were retrospectively analyzed. The
median age was 45.1 (24-72) years. The inclusion criteria
comprised breast cancer patients at stages 0 to III who un-
derwent breast-conserving surgery followed by radiation
therapy. The exclusion criteria were as follows: patients with
existing esophageal diseases, patients who have undergone
esophageal surgery, patients who are undergoing or have
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undergone esophageal radiotherapy, patients with severe
systemic diseases.

The prescribed doses included 59.4-59.94 Gy at 2.20-
2.22 Gy/fraction to original tumor bed and 49.95 Gy at
1.85 Gy/fraction to subclinical lesions or lymphatic drainage
area in 27 fractions.

Selection of the Target Variable

The primary objective of our research was to predict the onset
of acute radiation esophagitis during radiotherapy. Through-
out the course of radiation therapy, the patient’s condition of
acute radiation esophagitis is evaluated by more than two
physicians according to the RTOG standards, and the highest
grade of esophagitis is recorded. RTOG grading ≥1 was di-
agnosed as radiation esophagitis.22

K-Nearest Neighbors Imputation

The K-nearest neighbors imputation method was used to
address the missing values in our data. KNN imputation is a
widely used and effective method in clinical prediction model,
especially when the dataset is relatively small and the missing
data mechanism can be reasonably assumed to be missing at
random.20 This method relies on a distance metric, identifying
the ‘k’ closest samples in the training dataset to the point
requiring imputation and then filling in the missing value
using the mode (for categorical variables) and the mean (for
continuous variables) of these ‘k’ neighbors.23 The Euclidean
distance formula was employed to determine the proximity
between data points. In an n-dimensional space, given two
points p and q, the Euclidean distance, d, is calculated as
follows:

dðp, qÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1
ðqi � piÞ2

q

The optimal number of neighbors ‘k’was determined using
a grid search algorithm.

Variable Selection Based on Lasso

Least Absolute Shrinkage and Selection Operator (Lasso)
regression is a L1 regularization method that improves the
predictive accuracy of statistical models due to its ability to
perform both variable selection and regularization.24 In ad-
dition, lasso regression is able to assign coefficients to each
variable thus enhancing the interpretability of model decisions
and is therefore used for variable selection in most clinical
prediction models as well as in this study.25 Lasso regression
was performed using the “glmnet” package in R (Version
4.2.1).26 A range of lambda (λ) values were tested to identify
the optimal regularization parameter through k-fold cross-
validation. The λ that resulted in the smallest mean cross-
validated error was chosen as the optimal value.

The choice of the optimal λ value plays a crucial role in
balancing model complexity and predictive performance. A
smaller λ allows the model to fit the data more closely, po-
tentially leading to overfitting, where the model captures noise
or random fluctuations in the training data rather than the
underlying signal. This can result in poorer generalization to
new, unseen data.27 On the other hand, a larger λ value applies
a stronger regularization penalty, shrinking the coefficients of
less important variables towards zero. While this helps reduce
overfitting and improves the model’s ability to generalize, it
may also cause underfitting if the regularization is too strong,
removing potentially useful variables from the model.28 Thus,
selecting the optimal λ involves finding a balance between
underfitting and overfitting.

Calculation of Radiation Esophagitis Risk Score and
Construction of a Prediction Model

To evaluate the individual risk of radiation esophagitis for
patients, a risk score was calculated for each patient based on
the non-zero coefficients derived from Lasso regression. The
formula for the risk score is as follows:

RadiationEsophagitisRiskscore ¼
Xn

i¼1

ðCoefficient of Variable×Value of VariableÞ

Subsequently, combining the risk score with individual
variables obtained from Lasso regression, univariate regres-
sion was followed by multivariate regression to construct and
visualize a nomogram model.

In addition to the nomogram, a logistic regression model
was constructed to predict the occurrence of radiation
esophagitis. The logistic model provides a probability score
ranging between 0 and 129 with a formula as follows:

PðY ¼ 1Þ ¼ eðβ0þ
P

βiXiÞ
1þ eðβ0þ

P
βiXiÞ

where PðY ¼ 1Þ is the probability of developing radiation
esophagitis, β0 is the intercept, and βi represents the coefficient
of the i� th predictor variable Xi.

To ensure the reliability and precision of both the nomo-
gram and logistic models, training and internal validation was
conducted using a bootstrap method with 1000 resamples.
Specifically, for each resample, a new training set was gen-
erated by randomly selecting patients (with replacement) from
the original training dataset. This allows some patients to be
selected multiple times while others may be left out of the
training set. The remaining patients, those not selected in each
resample, were used as the validation. This process was re-
peated 1000 times to assess the robustness of the model and
generate a distribution of model performance metrics. To
ensure the reliability and accuracy of the nomogram and
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logistic models, internal validation was performed using boot-
strap resampling on the training dataset (n = 201). The test dataset
(n = 107) served as an independent dataset for validation.

Statistical Analysis

Continuous variables are presented as medians with
interquartile range and were compared using the Mann-
Whitney U test. Categorical variables are expressed as
counts and percentages and were compared using the chi-
squared test. A two-sided P value of < 0.05 was considered to
be statistically significant. The Lasso regression algorithmwas
performed using the glmnet package in R, whereas the logistic
regression algorithm was conducted through the Scikit-learn
package within the Python (Version 3.9). Model interpretation
was executed using the fastshap and DALEX packages.

Results

Baseline Analysis

The baseline characteristics of the 308 participants (Table 1)
were categorized based on the occurrence of radiation esoph-
agitis. Upon closer examination of the data, distinct differences
in several variables emerged between patients who developed
radiation esophagitis and those who did not (Table 1).

Variables Selected by Lasso Regression

For feature selection, 19 clinical variables were incorporated into
the Lasso regression model, with the optimal model parameters
being automatically identified through a grid search algorithm.
We subsequently employed seven-fold cross-validation for
model training and chose lambda.min as the penalty parameter.
This process yielded seven important variables with corre-
sponding non-zero coefficients, which were then incorporated
into the subsequent calculation of radiation esophagitis risk score
and construction of the nomogram (Figure 1).

Risk-Score Calculation and Nomogram Model
Construction

Using the seven important variables identified by Lasso re-
gression, we formulated a radiation esophagitis risk score.
Each patient’s risk score was calculated based on the weighted
sum of these variables; the weights were determined by the
respective coefficients derived from Lasso regression. The
formula of risk score is as follows:

Subsequently, we calculated the risk score for each patient.
Based on the median risk score, patients were divided into a
high group and a low group. The high group represents those
with a higher incidence of radiation esophagitis. The distri-
bution of risk scores for all patients can be seen in Figure 2A.

We constructed a nomogrammodel using the risk score and
an individual clinical variable nomogram with the clinical
variables selected by Lasso regression. This graphical tool
offers clinicians an intuitive interface, allowing easy evalu-
ation of the risk of radiation esophagitis in individual patients.
By simply plotting the values of each variable on the no-
mogram, a cumulative score can be obtained, which corre-
sponds to a specific probability of developing radiation
esophagitis (Figure 2B and C). The logistic regression model
was also constructed and compared the predictive capabilities
of the risk-score nomogram and clinical variable nomogram.

Model Evaluation and Validation

Through 1000 bootstrap resampling, we performed internal
validation of the risk-score nomogram, individual clinical
variable nomogram, and logistic model. The risk-score no-
mogram and clinical variable nomogram had C-indexes of
0.784 and 0.795, respectively, indicating their robust pre-
dictive capability and distinction. The variance inflation factor
(VIF)of the nomogram was 1, suggesting that the model is free
from multicollinearity. In the training set, the areas under the
curve (AUCs) for the risk-score nomogram, clinical variable
nomogram, and logistic model were (AUC = 0.841, 95% CI =
0.794-0.871), (AUC = 0.873, 95% CI = 0.822-0.910), and
(AUC = 0.879, 95% CI = 0.819-0.921), respectively. Sub-
sequent independent validation was performed using an in-
dependent dataset, with the predictive capabilities of the three
models presented in Figure 3A-C. The results showed that all
three prediction models exhibited good generalizability, with
the logistic model attaining the highest AUC. Calibration
curves for the three models in the independent validation set
were plotted to examine the relationship between actual
probabilities and observed outcomes (Figure 3D-F). All three
models displayed an promising results, with the predicted
probabilities of radiation esophagitis closely matching the
observed rates across the prediction range. Finally, clinical
decision curves were depicted in Figure 3G. The Decision
Curve Analysis(DCA) results indicated that when the risk
threshold is above 0.2, the net clinical benefits predicted by the
three models exceed both the “All” and “None” scenarios.
Notably, the logistic model exhibited the best performance,
suggesting its superior clinical applicability.

RadiationEsophagitisRiskscore¼ðAxillaryLymphNodeDissection×0:00401245þPathologicalType×0:53204249

þChemotherapy×0:21195632þRadiationDose×2:644223þRadiationDays×0:0048358

�1:117188×HepaticDysfunctionþPruritus×1:2208466Þ
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Table 1. Baseline Information.

Radiation Esophagitis No (n = 162) Yes (n = 146) P value

Age, median (IQR) 44 (39, 49.75) 46 (40, 50.75) 0.291
Menstruation, n (%) 0.951
Yes 116 (37.7%) 105 (34.1%)
No 46 (14.9%) 41 (13.3%)

Breast cancer position, n (%) 0.456
Right 79 (25.6%) 65 (21.1%)
Left 83 (26.9%) 81 (26.3%)

Axillary lymph node dissection, n (%) 0.185
No 103 (33.4%) 82 (26.6%)
Yes 59 (19.2%) 64 (20.8%)

T Stage, n (%) 0.921
Tis 7 (2.3%) 5 (1.6%)
T1 98 (31.8%) 89 (28.9%)
T2 57 (18.5%) 52 (16.9%)

N Stage, n (%) 0.721
N0 114 (37%) 100 (32.5%)
N1 48 (15.6%) 46 (14.9%)

Histological grade, n (%) 0.921
3 61 (19.8%) 56 (18.2%)
1 18 (5.8%) 18 (5.8%)
2 83 (26.9%) 72 (23.4%)

Pathological type, n (%) 0.104
Carcinoma in situ 7 (2.3%) 2 (0.6%)
Invasive carcinoma 155 (50.3%) 142 (46.1%)
Papillary lesion 0 (0%) 2 (0.6%)

Molecular type, n (%) 0.006
Luminal A 42 (13.6%) 24 (7.8%)
Luminal B 76 (24.7%) 87 (28.2%)
HER-2 over-expression 18 (5.8%) 5 (1.6%)
Triple-negative 26 (8.4%) 30 (9.7%)

Targeted therapy, n (%) 0.307
No 136 (44.2%) 116 (37.7%)
Yes 26 (8.4%) 30 (9.7%)

Endocrine therapy, n (%) 0.435
Yes 118 (38.3%) 112 (36.4%)
No 44 (14.3%) 34 (11%)

Chemotherapy, n (%) 0.248
No 29 (9.4%) 19 (6.2%)
Yes 133 (43.3%) 126 (41%)

Radiation dose, n (%) <0.001
59.4 Gy 160 (51.9%) 110 (35.7%)
59.94 Gy 2 (0.6%) 36 (11.7%)

Radiotherapy range, n (%) 0.953
Whole breast 106 (34.4%) 96 (31.2%)
Whole breast + Clavicle 56 (18.2%) 50 (16.2%)
Radiotherapy days, median (IQR) 38 (37, 40) 38 (37, 40) 0.972

Hepatic dysfunction, n (%) 0.003
No 145 (47.1%) 143 (46.4%)
Yes 17 (5.5%) 3 (1%)

Myelosuppression, n (%) 0.788
No 122 (39.6%) 108 (35.1%)
Yes 40 (13%) 38 (12.3%)

(continued)
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Model Interpretation Based on SHAP

Interpretation of the optimal model was conducted with the
SHAP algorithm. Initially, a global SHAP interpretation of
feature importance was performed using the DELAX package
in R (Figure 4). For categorical variables, SHAP results re-
vealed the top five risk factors contributing to the occurrence
of radiation esophagitis: radiation dose, pruritus, molecular
type, hepatic dysfunction, and breast cancer position
(Figure 4A). For continuous variables, age and the duration of
radiation therapy showed a positive correlation with the oc-
currence of radiation esophagitis (Figure 4B).

Figure 5, generated through the Scikit-learn and fastshap
packages in Python, illustrates the influence of each variable on
the model’s output. All of the patient attributions to the outcome
were plotted, with red points indicating high-risk values, and blue
points indicating low-risk values. Pruritus, a radiation dose of
59.94 Gy, and the triple-negative breast cancer subtype were
significant high-risk factors leading to radiation esophagitis.

Moreover, we randomly selected one sample from each group
with and without radiation esophagitis to further validate the
model’s interpretability. Figure 6A displays a patient with ra-
diation esophagitis, for which the SHAP predicted score is high
(3.48). The top three factors elevating the risk of radiation
esophagitis are a higher dose of radiation treatment (radiation

dose = 2 = 59.94 Gy), pruritus (pruritus = 1), and the breast
cancer lesion being on the left side (breast cancer position = 1).
Figure 6B represents a patient without radiation esophagitis. The
SHAP predicted score was low (0.20), with the primary risk
factors for increased radiation esophagitis being prolonged ra-
diation treatment (radiation days = 60), the breast cancer lesion
being on the left side (breast cancer position = 1), and receiving
endocrine therapy (endocrine therapy = 1). Factors that decrease
the risk of radiation esophagitis include the absence of pruritus
(pruritus = 0) and receiving a lower dose of radiation treatment
(radiation dose = 1 = 59.4 Gy).

Discussion

In this study, we developed three predictive models for radiation
esophagitis, all of which demonstrated robust generalizability in
both the training set and an external validation dataset. Notably,
the logistic model outperformed the other two models (risk score
and nomogram) in the independent validation set, with an AUC
of 0.812 (95% CI = 0.766-0.858) compared to 0.784 (95% CI =
0.733-0.835) and 0.795 (95% CI = 0.745-0.844), respectively.

To further understand the internal workings of the models, we
employed interpretable machine learning algorithms. Specifi-
cally, we used SHAP values to gain insights into the contribution
and importance of each individual variable in predicting radiation

Table 1. (continued)

Radiation Esophagitis No (n = 162) Yes (n = 146) P value

Pruritus, n (%) <0.001
No 125 (40.6%) 73 (23.7%)
Yes 37 (12%) 73 (23.7%)

Late skin reactions, n (%) 0.545
No 137 (44.5%) 127 (41.2%)
Yes 25 (8.1%) 19 (6.2%)

Figure 1. Lasso Regression Variable Trajectories and Coefficient Selection.
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esophagitis. This interpretative capability is particularly crucial
for clinical applications, as it allows physicians to better interpret
the model’s predictions based on both the unique circumstances
of each patient and the overarching context.

One potential explanation for the occurrence of radiation
esophagitis in patients undergoing synchronous boost radio-
therapy post-breast-conserving surgery in this study could be
attributed to the lack of consideration given to the esophagus as
an organ at risk for dose limitation during the design of ra-
diotherapy plans, as the tumor target area was situated slightly
distant from the patients’ esophagus. Our study revealed that
radiation dosage and the prevalence of pruritus were the most
significant variables. Most patients without esophagitis were
administered a dose of 59.4Gy, whereas a significant fraction of
patients with esophagitis received 59.94 Gy (35.7%,P < .001).
The two dosage values in this studywere 59.94Gy and 59.4Gy,
both used for simultaneous boost intensity-modulated radiation
therapy. The mere difference of 0.54 Gy in radiation dosage led
to significant differences in patient outcomes, suggesting that
beyond a certain dosage threshold, the likelihood of a patient
developing radiation esophagitis markedly increases. This
suggests that during design the radiotherapy treatment plans for
these patients, the esophagus must be fully regarded as the
organ at risk for dose limits, so as to minimize the occurrence of
radiation esophagitis.

The SHAP analysis of individual samples revealed that the
location of breast cancer lesions on the left side is a significant
contributing factor that increases the risk of developing

radiation esophagitis, This is consistent with the findings of
Wang et al. That left breast cancer and internal breast irra-
diation are risk factors for radiation esophagitis.30 In addition,
This finding maybe also related to the slightly higher exposure
dose of esophageal Dmax in patients with left breast compared
with that in patients with right breast.4,5,31 Such considerations
might account for the increased vulnerability of patients with
left-sided lesions to esophageal inflammation post-radiation.
Furthermore, this observation underscores the importance of
meticulous planning and precision during radiation therapy,
particularly for patients with left-sided breast cancer. It sug-
gests the need for advanced techniques, perhaps incorporating
real-time imaging or adaptive radiotherapy, to ensure minimal
radiation spillover to the esophagus.32

For continuous variables, our single-sample SHAP analysis
revealed that the number of days a patient undergoes radiation
therapy is most significant for increasing the risk of radiation
esophagitis. This is an intuitive finding as prolonged exposure
to radiation, even if each individual dose is considered safe,
can culminate in cumulative tissue damage, making the
esophagus progressively more susceptible to inflammation.33

The esophagus, being a radiosensitive organ, may exhibit a
dose-response relationship with radiation exposure. As the
number of treatment days increases, the tissue might not have
adequate time for repair and recovery between sessions.34 As a
result, subsequent doses compound pre-existing damage,
thereby increasing the propensity for radiation-induced in-
flammation and subsequent esophagitis.

Figure 2. Risk-Score Calculation and Nomogram Construction. (A) Distribution of all Patients Based on Risk Score. (B) Risk-Score
Nomogram. (C) Individual Clinical Variable Nomogram.
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In addition, age was positively correlated with the risk of
radiation esophagitis in our study. However, the relationship
between age and adverse reactions in normal tissues remains a
contentious issue in recent research.35 Aging is accompanied
by a myriad of physiological changes, including a decrease in
tissue regeneration capacity, alterations in cellular repair
mechanisms, and a general decline in organ function.36 Aging
may lead to the weakening of the immune system and the
decrease in the tolerance of the patient’s body tissue, making
the body more sensitive to the side effects of radiotherapy.
These changes might render the elderly more susceptible to
radiation-induced damage.37,38 Although some studies have

suggested that older patients might exhibit an increased
vulnerability to radiation due to compromised DNA repair
processes and reduced cellular turnover, others have not found
significant age-dependent differences in radiation responses.39

It is also plausible that other age-associated factors, such as
comorbidities or concurrent medications, could indirectly
influence radiation tolerance and subsequently radiation-
induced esophagitis.40

In the SHAP interpretation model of our study, several
variables exhibited substantial contributory values, including
whether the patient underwent endocrine therapy, the mo-
lecular type of breast cancer, and the presence of hepatic

Figure 3. Model Evaluation in Validation Dataset. (A and D) Risk-Score Nomogram. (B and E) Individual Clinical Variable Nomogram. (C and
F) Logistic Model. (G) Decision Curve Analysis.
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dysfunction. Hepatic dysfunction appeared to be more com-
mon among patients without esophagitis, suggesting its po-
tential protective role against the development of radiation
esophagitis (P = .003). Pruritus stood out distinctly, with a

substantially higher prevalence in patients with radiation
esophagitis (P < .001). Furthermore, molecular type variations
in tumors were evident between the groups (P = .006). To date,
no research has explored the mechanisms underlying the

Figure 4. Global Average Absolute SHAP Values Algorithm Based on the DALEX Package. (A) Ranking of Each Variable’s Contribution to the
Model. (B) The Relationship Between Continuous Variables and Predicted Outcome.

Figure 5. Variable Attributes Explained by SHAP. (A) Variable Attributes in SHAP. Each Line Represents a Variable,With the Horizontal Axis
Representing the SHAP Value. Red and Blue Dots Indicate Higher and Lower Risk Feature Values, Respectively. (B) An Enlarged View of the
Scatter Plot for Continuous Variables.
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correlation between these variables and radiation-induced
esophagitis. The associations we uncovered, especially regard-
ing endocrine therapy, molecular type of breast cancer, and
hepatic dysfunction, emphasize areas that are relatively un-
charted in the context of radiation-induced esophagitis. Conse-
quently, future research inspired by our findings could lead to
more nuanced preventive measures and therapeutic strategies for
those at risk of developing radiation-induced esophagitis. This
study offers the possibility of model-assisted early detection of
radiation esophagitis and facilitates decision-making assistance
for clinicians. In clinical practice, a patient’s clinical variables can
be inputted, computed using the model developed in this study,
and the final output predicted for the purpose of identification of
radiation esophagitis.

This study has some limitations. First, due to its retro-
spective nature, we could only conduct a retrospective anal-
ysis on past samples. The deeper interpretative capability of
the model must still be verified through prospective research,
which is our next focus. In addition, although our research
achieved good performance, the sample size was limited,
potentially constraining our ability to explore certain asso-
ciations. Furthermore, some crucial covariates might not have
been considered or measured, which could affect the com-
prehensiveness and accuracy of the results. Therefore, its
generalization ability may have some limitations. In the future,
larger-scale and prospective studies are necessary to validate
our findings. In addition, multi-omics and biophysical vari-
ables will be collected for the construction of a multimodal
predictive model with the aim of improving the predictive
performance for radiation esophagitis. While we have made
every effort to ensure the accuracy of our findings, they should
be interpreted with caution. Further studies are needed to
validate these results and to explore the potential mechanisms
underlying the observed associations. We hope that our study
will provide a foundation for future research in this area.

Conclusion

This study developed and validated a predictive model for
radiation esophagitis in breast cancer radiotherapy using
machine learning and SHAP interpretation. The model
showed good performance and clinical utility in both training
and validation cohorts. The model also identified the main
factors associated with radiation esophagitis, such as radiation
dose, pruritus, molecular type, and hepatic dysfunction. This
model could help clinicians to assess the risk of radiation
esophagitis and tailor the radiotherapy plan accordingly.
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