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Abstract
Purpose  To determine predictors of self-efficacy in breast cancer survivors and identify vulnerable groups.

Methods  This descriptive study was conducted between November 2023 and April 2024 at three hospitals in 
Türkiye and involved 430 breast cancer survivors. Data were collected through face-to-face surveys using a patient 
identification form and the Breast Cancer Survivor Self-Efficacy Scale. This study identified patient characteristics 
that indicate a tendency towards higher self-efficacy using four machine learning models; Logistic Regression (LR), 
Random Forest (RF), Support Vector Machine (SVM), XGBoost (XGB).

Results  The mean age of participants was 50.7 ± 11.5 years. Majority of the participants (n = 425) were female. 
AUC values were used as ranker for the machine learning models. The ranks of the models were as follows; logistic 
regression model (0.715), RF (0.710), SVM (0.704), and XGBoost (0.694). Education level ranked first in the LR 
(0.3874), RF (0.3290), and SVM (0.1250) models, and was the second most important variable in the XGB (0.2327) 
model. Conversely, the cancer stage stood out in the LR (0.2466) and RF (0.1935) models, ranking third and fourth, 
respectively, while it ranked third in SVM (0.0683) and fourth in XGB (0.1872). Additionally, comorbidity ranked third in 
importance in the LR (0.2213) and RF (0.1681) models, but second in SVM (0.0705) and seventh in XGB (0.1393).

Conclusion  The study demonstrated that the self-efficacy of breast cancer survivors was associated with their 
sociodemographic and medical characteristics. These characteristics may assist healthcare professionals in enhancing 
the care provided to breast cancer survivors. It is of the utmost importance to consider the aforementioned patient 
group as being vulnerable with regard to breast cancer survivor self-efficacy. There is a clear need for a focus on this 
vulnerable cohort.
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Introduction
Breast cancer is the most prevalent form of cancer in 157 
of the 185 countries worldwide [1, 2]. In 2022, the World 
Health Organization (WHO) reported that breast cancer 
was responsible for 670,000 deaths globally. It is antici-
pated that the incidence of breast cancer will increase 
by over 40% by 2040, reaching 3 million cases annually, 
while mortality will rise by over 50%, reaching 1 million 
[3]. The incidence and prevalence of breast cancer have 
risen consistently in recent years, primarily as a result 
of notable breakthroughs in early detection, enhanced 
treatment modalities, and greater healthcare accessibil-
ity, which have facilitated earlier diagnoses and extended 
survival rates. Nevertheless, despite these developments, 
patients still face considerable challenges, including the 
emotional and financial burdens of prolonged treat-
ments, the risk of recurrence, and the long-term physi-
cal and psychological side effects of cancer therapies, 
all of which can significantly impact their quality of life 
[4, 5]. Therefore, a more comprehensive understanding 
and management of the consequences of cancer and its 
treatment, including both emotional and physical needs 
among survivors, is crucial for the advancement of can-
cer care in breast cancer [6]. 

A growing body of evidence indicates that elevated 
levels of self-efficacy are linked to superior health out-
comes, including diminished symptoms of anxiety and 
depression, enhanced quality of life, and an augmented 
capacity to cope with the adverse effects of treatment [7, 
8]. Self-efficacy can be defined as an individual’s belief 
in their capacity to engage in the requisite behaviors to 
attain specific objectives. It signifies the extent to which 
an individual is confident in their capacity to amass the 
cognitive, motivational, emotional, and behavioural 
resources indispensable for the attainment of a goal, the 
navigation of a particular situation, or the completion of 
a task [9, 10]. A sense of responsibility is reflected in self-
efficacy, which persists throughout pathogenic processes. 
Additionally, it is associated with an improved quality of 
life, emotional well-being, and a stronger commitment 
to rehabilitation activities. Moreover, high self-efficacy 
levels are associated with enhanced personal well-being. 
The concept of self-efficacy in cancer patients is one that 
is subject to constant change, influenced by a number 
of factors including diagnosis, therapy and prognosis. A 
variety of cancer-related factors also exert an influence, 
including symptom, diagnosis, stage, treatment, spiri-
tual beliefs, pain level, exhaustion, sadness and anxiety 
[9–11]. Mental and physical health are also significant 
factors that influence self-efficacy in individuals affected 
by cancer. A positive attitude, for instance, has been dem-
onstrated to enhance self-efficacy while concurrently 
reducing stress and anxiety. The successful completion 
of tasks, such as observing the achievements of others 

with similar experiences, as well as receiving encourag-
ing feedback and support from others, has been shown to 
enhance self-efficacy in cancer patients [9, 10].

The term “machine learning (ML)” is a broad one, 
encompassing a variety of models and strategies based on 
algorithmic modelling. In the field of epidemiology, the 
term ‘regression’ is typically used to refer to a range of 
frequentist regression models, including logistic, linear, 
and Cox proportional hazards models [12]. These models 
are commonly employed in epidemiological and biosta-
tistical research. An increasing number of sociological, 
psychological and biological phenomena are being mod-
elled using machine learning algorithms [13]. The appli-
cation of machine learning to predict self-efficacy and 
associated factors in breast cancer entails the utilisation 
of sophisticated algorithms to analyse intricate datasets, 
which encompass clinical, demographic, and psycho-
logical variables. These models are capable of identify-
ing patterns and relationships that may be overlooked by 
traditional statistical methods, thereby facilitating more 
accurate predictions of a patient’s self-efficacy level [14]. 
The analysis of large datasets by ML allows for the iden-
tification of trends and variables that affect patient out-
comes. This facilitates the development of more precise 
prognostic models, which can inform therapeutic choices 
and improve survival rates. By employing techniques 
such as logistic regression, decision trees, and neural net-
works, we can gain deeper insights into the factors influ-
encing self-efficacy, leading to enhanced personalised 
interventions and support for breast cancer patients [15, 
16].

Literature review
A growing body of research has explored the role of self-
efficacy in breast cancer, demonstrating its significant 
impact on treatment adherence, emotional well-being, 
and overall health outcomes [17–20].

In a systematic review conducted by BorjAlilu et al. 
(2017) on the significant factors affecting the perception 
of self-efficacy in breast cancer and to delineate the role 
of self-efficacy in breast cancer, it was elucidated that 
the demographic variables that influence self-efficacy 
in breast cancer are diagnosis, treatment, body image, 
quality of life, bio-psycho-social-mental status, and phy-
sician-patient interaction. In the same review, it was dem-
onstrated that self-efficacy affects a number of important 
health-related outcomes, including physical and mental 
health, pain management, quality of life, body image, cli-
nician-patient communication, and health information-
seeking behaviour [18]. The results of another systematic 
review conducted by Baik et al. (2020) demonstrated that 
elevated levels of cancer-relevant self-efficacy were asso-
ciated with superior overall health-related quality of life, 
enhanced social, emotional, and functional well-being, 
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and a reduced burden of breast cancer symptoms and 
cancer-specific distress [7].

The application of machine learning (ML) in breast 
cancer research has been extensive, with the objective 
of enhancing diagnostic accuracy, optimising treatment 
plans, predicting risk factors, prognosis, cancer recur-
rence and patient outcomes through the analysis of clini-
cal, imaging and genomic data [21–24].

The utilisation of the ML for the purpose of predicting 
patient outcomes is comparatively limited in scope, as 
opposed to its deployment for the accurate prediction of 
diagnostic risk factors, prognoses and the optimisation of 
treatment options. The results of a recent scoping review 
conducted by Pezzolato et al. (2023) included twenty-one 
papers describing predictive models for psychological 
distress, quality of life, and adherence to medication in 
breast cancer [25]. The review demonstrated that treat-
ment-related factors, such as side-effects, type of surgery 
or treatment received, Socio-demographic factors, such 
as younger age, lower income, and inactive occupational 
status, may predict poorer outcomes. Similarly, clinical 
factors, including advanced disease stage, comorbidi-
ties, and physical symptoms such as fatigue, insomnia, 
and pain, may also predict poorer outcomes. Addition-
ally, psychological variables, such as anxiety, depression, 
and body image dissatisfaction, may also predict poorer 
outcomes.

Although machine learning (ML) has previously been 
employed to predict quality of life and psychological 

outcomes in patients, to the best of our knowledge, no 
study has focused on the use of ML to predict self-effi-
cacy in breast cancer survivors. This study aimed to iden-
tify predictors of self-efficacy in breast cancer survivors 
using ML.

Methods
Study design, setting, time
This is a descriptive study conducted in two state and two 
university hospital in Türkiye between November 2023 
- April 2024. Flow diagram of the study is presented in 
Fig. 1.

Sampling
The study population consisted of breast cancer survivors 
who admitted to hospital for treatment and follow-up. 
There is no reported method for calculating the sample 
in machine learning. Therefore, the aim was to reach the 
maximum number of patients in the sample of this study 
and to have a high reliability and consistency (area under 
the curve - AUC) of the prediction. A total of 430 breast 
cancer survivors who meet the inclusion criteria partici-
pated in this study.

Inclusion and exclusion criteria
Patients who are 18 years or older, diagnosed with breast 
cancer at least six months age, without cognitive or 
functional limitations, able to communicate in Turkish, 
and willing to participate in the study. Patients who did 

Fig. 1  Flow diagram of the study
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not meet the inclusion criteria were excluded. The tool, 
breast cancer survivors self-efficacy scale, was translated 
into Turkish, and its validity and reliability were evalu-
ated and confirmed for Turkish-speaking individuals. For 
this reason, those who were unable to communicate in 
Turkish were excluded from the study.

Dependent and independent variables of the study
The dependent variable of the study was breast cancer 
survivor self-efficacy and the independent variables were 
age, gender, time since diagnosis, disease stage, number 
of comorbidities, type of treatment, income level, educa-
tion level, marital status, employment status, history of 
mastectomy and presence of lymphedema.

Measures
A socio-demographic and disease-related data collection 
form and a breast cancer survivor self-efficacy scale were 
used to collect the data.

Sociodemographic and disease-related data collec-
tion form: This form was developed by the researchers in 
accordance with the relevant literature [16, 26]. The form 
includes the patient’s age, gender, duration since diag-
nosis, stage of disease, number of comorbidities, type of 
treatment, income level, education level, marital status, 
employment status, history of mastectomy and presence 
of lymphoedema.

Breast cancer survivor self-efficacy scale: The scale was 
developed by Champion et al. (2013) to assess the self-
efficacy of breast cancer survivors. The Turkish validity 
and reliability study of the scale was conducted by Uslu 
et al. (2023) and the scale was reported as a valid and 
reliable measurement tool for the Turkish population. 
The scale consists of 11 items and one dimension and is 
scored as a five-point Likert scale. The score range of the 
scale is 11–55 and high scores indicate high levels of self-
efficacy. The scale has no cut-off score. The original scale 
has one dimension. In the Turkish validity and reliability 
study of the scale, a two-factor structure was identified. 
These are ‘self-care and coping’ (items 2,3,5,6,6,7,7,8,9,10) 
and ‘self-help seeking’ (items 1,4,11). However, as with 
the original scale, it is recommended that the total score 
be assessed. The reliability coefficient of the scale for the 
total score was reported as Cronbach’s α = 0.852, Cron-
bach’s α = 0.823 for the first factor sub-dimension and 
Cronbach’s α = 0.776 for the second factor sub-dimen-
sion. The correlation coefficients of the scale items were 
reported to be between 0.50 and 0.61 [27, 28].

Data collection
The data were collected face-to-face. The data collec-
tion process for each patient lasted approximately ten 
minutes.

As the research was conducted across multiple cen-
tres, the following principles were adhered to in order to 
ensure consistency and standardisation in the explana-
tion of the research purpose and the application process.

The research was explained to the participants in writ-
ing, with the informed consent form serving as the sole 
instrument of explanation. The same informed consent 
form was utilised in all participating centres.

In all centres, a suitable empty room was made avail-
able to the patient, who was then asked to complete the 
data collection forms. Patients were not constrained 
by time limitations and were permitted to complete the 
questionnaire at their own pace. Consequently, stan-
dardisation was ensured in the data collection process.

Statistical analysis
Basic statistics were performed using IBM SPSS V25 
(IBM Corp. Released 2017. IBM SPSS Statistics for 
Windows, Version 25.0. Armonk, NY: IBM Corp.). In 
the comparison of means/medians between two inde-
pendent groups for continuous data, the independent 
sample t-test/Mann-Whitney U test was employed. The 
chi-square test was utilized for evaluating categorical 
data. To predict self-efficacy in groups, participants were 
divided into two categories according to their self-effi-
cacy score: below average and above average. Statistical 
significance was determined at the p < 0.05 level.

Also, machine learning analyses were performed using 
Ddsv4-series Azure Virtual Machines with a vCPU count 
of 32 and a memory capacity of 128 GiB.

Data Splitting Strategy: In this study, we divided the 
dataset into three subsets: training (70%), test (20%), and 
validation (10%). This approach is widely accepted in 
the machine learning literature, as it ensures a balanced 
methodology for training, tuning, and evaluating the 
model. The training set is used to develop the model, the 
validation set is employed to fine-tune the hyperparam-
eters and prevent overfitting, and the test set is reserved 
for evaluating the final model’s performance on unseen 
(has not encountered during the training process) data. 
This splitting strategy aligns with standard practices out-
lined in previous studies and has been shown to optimize 
model performance while ensuring robust generalization 
to new data. By allocating 70% of the data to training, 
the model has sufficient data to learn patterns effectively, 
while the 20% validation and 10% test subsets allow for 
accurate tuning and evaluation without compromising 
the integrity of the results [29].

Hyperparameter optimization was performed for all 
algorithms used in the study, including Logistic Regres-
sion, Random Forest, Support Vector Machine, and 
XGBoost. This process was carried out using Micro-
soft Azure Machine Learning’s HyperDrive framework, 
which systematically explores defined parameter ranges 
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[30]. In the current study, authors tuned key hyperpa-
rameters that directly influence model performance 
-such as max_depth, learning_rate, and n_estimators 
for XGBoost, or C and gamma for SVM-within carefully 
selected search spaces. The optimal parameter combi-
nations were identified based on performance on the 
validation dataset, ensuring that our models were both 
accurate and generalizable.

The results and parameters of the best model obtained 
from the analyses conducted in Azure Automated ML 
have been presented, showcasing the four (logistic regres-
sion (LR), random Forest (RF), support vector machine 
(SVM) and XGBoost (XGB) algorithms best-performing 
algorithms. While the results of the algorithms were pre-
sented with performance metrics, the models’ variables 
were presented with their respective variable importance 
[31, 32]. In the determination of the best model perfor-
mance, AUC (Area Under the ROC Curve) was used as 
the primary metric for selecting the best model because 
of its robustness and its ability to evaluate classification 
performance across various thresholds [33]. The current 
study also reported on accuracy, precision, recall, the F1 
score and the Matthews correlation coefficient (MCC) 
in order to provide a more comprehensive assessment 
of performance. This combination of metrics ensured 
that we considered both overall accuracy and the bal-
ance between false positives and false negatives. The best 
model was selected as the one achieving the highest AUC 
on the validation dataset while also maintaining strong 
and balanced performance across the other metrics.

Machine learning models
Logistic regression
Logistic regression is a statistical method commonly 
used in machine learning for binary classification tasks. 
It models the relationship between one or more indepen-
dent variables and a dependent variable by applying the 
logistic function, ensuring that predictions fall between 0 
and 1. This allows the model to estimate the probability 
of an observation belonging to a specific class. Unlike lin-
ear regression, which predicts continuous values, logistic 
regression predicts categorical outcomes by transforming 
the linear combination of input features into probabili-
ties. The algorithm is efficient, interpretable, and works 
well with datasets where the relationship between fea-
tures and the target is approximately linear. Its simplic-
ity makes it a widely used baseline model for evaluating 
more complex algorithms [29].

Random forest
Random Forest is an ensemble learning method widely 
used for both classification and regression tasks. It oper-
ates by constructing multiple decision trees during train-
ing and aggregating their outputs to make predictions, 

either by voting for classification or averaging for regres-
sion. This approach reduces the risk of overfitting that 
can occur with individual decision trees, resulting in bet-
ter generalization to unseen data. Each tree is trained on 
a bootstrapped subset of the data, and feature selection is 
randomized at each split, increasing diversity among the 
trees and improving robustness. Random Forest is known 
for its high accuracy, ability to handle large datasets with 
many features, and robustness to noise and missing data 
[34].

Support vector machine
Support Vector Machine (SVM) is a supervised learning 
algorithm commonly used for classification and regres-
sion tasks. It works by identifying a hyperplane that best 
separates data points into different classes in a high-
dimensional space. SVM aims to maximize the margin 
between the hyperplane (a decision boundary that sepa-
rates classes in a multidimensional space) and the nearest 
data points from each class, known as support vectors, 
which play a crucial role in defining the decision bound-
ary. This approach makes SVM effective in handling 
both linearly and non-linearly separable data, especially 
when combined with kernel functions that map data into 
higher dimensions. SVM is valued for its ability to han-
dle high-dimensional datasets and its robustness against 
overfitting, especially in small or medium-sized datasets 
[34].

XGBoost
XGBoost (short for Extreme Gradient Boosting) is a 
machine learning algorithm widely used for classification 
and regression tasks. It is based on the gradient boost-
ing framework, where models are built sequentially to 
minimize prediction errors. Unlike traditional boosting 
methods, XGBoost introduces improvements such as 
regularization techniques to reduce overfitting, efficient 
handling of missing data, and parallel computation for 
faster training. These features make it highly efficient and 
accurate for structured datasets. Additionally, it provides 
flexibility in defining objective functions and supports 
large-scale data, making it a popular choice in machine 
learning competitions and real-world applications [35].

Performance metrics
In this study, we utilized several performance metrics to 
evaluate the effectiveness of our model. These metrics are 
critical in assessing the model’s ability to accurately clas-
sify instances and generalize to unseen data [31].

Precision: Precision is the ratio of correctly pre-
dicted positive instances to the total predicted positive 
instances. It measures the model’s ability to avoid false 
positives and is defined as:
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Precision = True Positives

True Positives + False Positives

Recall (Sensitivity): Recall quantifies the model’s ability to 
correctly identify all relevant instances. It is calculated as:

	
Recall = True Positives

True Positives + False Negatives

Accuracy: Accuracy is the ratio of correctly predicted 
instances (both positive and negative) to the total num-
ber of instances. It is defined as:

	
Accuracy = True Positives + True Negatives

Total Instances

F1 Score: The F1 score is the harmonic mean of precision 
and recall, balancing the trade-off between false positives 
and false negatives. It is calculated as:

	
F1 Score = 2 x

Precision x Recall

Precision + Recall

Matthews Correlation Coefficient (MCC): MCC provides 
a comprehensive measure of model performance, espe-
cially for imbalanced datasets. It considers all elements of 
the confusion matrix and is given by

	
MCC

= (TP x TN) − (FP x FN)√
(TP + FP ) x (TP + FN) x (TN + FP ) x (TN + FN)

Area Under the Curve (AUC): AUC represents the area 
under the Receiver Operating Characteristic (ROC) 
curve, providing a summary measure of the model’s abil-
ity to distinguish between classes across various thresh-
olds. A higher AUC indicates better performance.

Confusion matrix terms
True Positive (TP): Instances correctly classified as posi-
tive by the model.

False Positive (FP): Instances incorrectly classified as 
positive, which should have been negative.

False Negative (FN): Instances incorrectly classified as 
negative, which should have been positive.

True Negative (TN): Instances correctly classified as 
negative by the model.

The combination of these metrics allows for a thorough 
evaluation of model performance, addressing both over-
all accuracy and the balance between precision and recall 
[31].

Ethical consideration
Ethical permission (dated 15 November 2023 and 
approval number 143) was obtained from the Muğla Sıtkı 
Koçman University Health Sciences Ethical Committee, 
and written institutional permissions were obtained from 
centres for conducting the study. In addition, written and 
verbal consent were obtained from the participants. The 
study complied with the principles of the Declaration of 
Helsinki “Recommendations Guiding Physicians in Bio-
medical Research Involving Human Subjects”, adopted 
by the 18th World Medical Assembly, Helsinki, Finland, 
June 1964 (and its successive amendments).

Results
The mean age of the patients participating in the study 
was 50.9 ± 12.0 years in the group whose self-efficacy 
score was below the mean and 50.6 ± 11.0 years in the 
group whose self-efficacy score was above the mean 
(p = 0.782). While 48.9% (208) of the women were in 
the group with a self-efficacy score below the mean 
and 51.1% (217) in the group with a self-efficacy score 
above the mean, 40.0% (2) of the men were in the group 
with a self-efficacy score below the mean and 60.0% (3) 
in the group with a self-efficacy score above the mean 
(p = 0.999). 47.7% (163) of patients in the group with a 
self-efficacy score below the mean and 52.3% (179) of 
individuals in the group with a self-efficacy score above 
the mean were married (p = 0.336). The distribution of 
individuals in both groups according to employment 
status was statistically significant. A significant differ-
ence was found (p = 0.013). The working frequency of 
individuals in the group whose self-efficacy score was 
above the mean was high. The distribution of education 
level was found to be different in the groups (p = 0.003). 
The frequency of illiteracy (60.7%) was high in the group 
whose self-efficacy score was below the mean, and the 
frequency of high school (66.7%) and university (57.4%) 
was high in the group whose self-efficacy score was 
above the mean. When income status was evaluated, the 
income of patients in the group whose self-efficacy score 
was below the mean was less than their expenses (55.8%), 
the income of 61.5% of patients in the group whose self-
efficacy score was below the mean was equal to their 
expenses, and the income of 54.8% was more than their 
expenses (p = 0.004). The distribution of cancers by stage 
was similar between groups (p = 0.323). The median time 
to diagnosis for patients was 12.0 [1.0-264.0] in the group 
whose self-efficacy score was below the mean and 24.0 
[1.0-300.0] in the group whose self-efficacy score was 
above the mean (p = 0.102). The frequency distribution 
of comorbidities was similar between groups (p = 0.077). 
The frequency of mastectomy (p = 0.089) and lymph-
edema (p = 0.608) was similar between groups (Table 1).
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In the study, performance metrics such as accuracy, 
AUC, prediction, recall, F1 score, and Matthews correla-
tion were presented for the four models demonstrating 
the best prediction performance.

The Accuracy values for Logistic Regression, Random 
Forest, and Support Vector Machine were approximately 
0.647, indicating comparable overall performance. In 
contrast, XGBoost achieved a slightly lower Accuracy of 
0.588, suggesting reduced overall classification perfor-
mance. Using the logistic regression model obtained the 
highest AUC value (0.715), highlighting its superior abil-
ity to distinguish between classes. RF (0.710) and SVM 
(0.704) followed closely, while XGBoost had the lowest 
AUC (0.694), reflecting its comparatively reduced dis-
criminatory power. XGBoost achieved the highest Pre-
cision (0.743), indicating its ability to minimize false 

positives effectively. RF and SVM demonstrated com-
parable Precision values (0.738 and 0.707, respectively), 
while Log Reg scored slightly lower (0.716). Logistic 
regression model achieved the highest F1-score (0.647), 
indicating a balanced trade-off between Precision and 
Recall. RF (0.618) and SVM (0.639) showed similar 
performance, while XGBoost had the lowest F1-score 
(0.588), reflecting challenges in balancing Precision and 
Recall. MCC values further emphasized the differences 
among the models. Log Reg achieved the highest MCC 
(0.298), indicating the most reliable predictions, whereas 
XGBoost had the lowest MCC (0.180), suggesting weaker 
performance in balancing true and false predictions. 
Recall values for Log Reg, RF, and SVM were identical 
(0.647), indicating their ability to identify true positives 
with the same effectiveness. XGBoost, however, had a 

Table 1  Comparison of descriptive statistics of participants by self-efficacy score
Variables Category Group Total Test statistics;

p-valueBelow the Mean Above the Mean
Gender Female 208 (48.9) 217 (51.1) 425 (100) X2 = 0.158 p = 0.999

Male 2 (40.0) 3 (60.0) 5 (100)
Age Mean ± SD 50.9 ± 12.0 50.6 ± 11.0 50.7 ± 11.5 t = 0.277 p = 0.782

Med [Min-Max] 51.0 [20.0–80.0] 50.0 [24.0–80.0] 50.0 [20.0–80.0]
Marital status Married 163 (47.7) 179 (52.3) 342 (100) X2 = 0.926 p = 0.336

Single 47 (53.4) 41 (46.6) 88 (100)
Work status Housewife 146 (50.7) 142 (49.3) 288 (100) X2 = 10.702 p = 0.013

Working 9 (23.7) 29 (76.3) 38 (100)
Not Working 38 (52.8) 34 (47.2) 72 (100)
Retired 17 (53.1) 15 (46.9) 32 (100)

Educational Level Illiterate 71 (60.7) 46 (39.3) 117 (100) X2 = 14.242 p = 0.003
Primary Education 95 (49.0) 99 (51.0) 194 (100)
High School 24 (33.3) 48 (66.7) 72 (100)
University 20 (42.6) 27 (57.4) 47 (100)

Income Level Income Less Than Expenses 134 (55.8) 106 (44.2) 240 (100) X2 = 11.232 p = 0.004
Equal to Income 57 (38.5) 91 (61.5) 148 (100)
Income Exceeds Expenses 19 (45.2) 23 (54.8) 42 (100)

Disease duration (months) Mean ± SD 32,0 ± 46.1 37,0 ± 45.5 30.6 ± 45.8 U = 2098.0 p = 0.102
Med [Min-Max] 12.0 [1.0-264.0] 24.0 [1.0-300.0] 18.0 [1.0-300.0]

Cancer stage Cured 1 (25.0) 3 (75.0) 4 (100) X2 = 4.402 p = 0.367
Stage 1 37 (44.0) 47 (56.0) 84 (100)
Stage 2 70 (48.3) 75 (51.7) 145 (100)
Stage 3 67 (55.8) 53 (44.2) 120 (100)
Stage 4 35 (45.5) 42 (54.5) 77 (100)

Comorbidity Absence 88 (54.3) 74 (45.7) 162 (100) X2 = 3.128 p = 0.077
Presence 122 (45.5) 146 (54.5) 268 (100)

Treatment Chemotherapy 87 (51.5) 82 (48.5) 169 (100) X2 = 12.199 p = 0.007
Immunotherapy + Surgery 9 (34.6) 17 (65.4) 26 (100)
Chemotherapy + Surgery 95 (45.5) 114 (54.5) 209 (100)
Other 17 (81.0) 4 (19.0) 21 (100)

Mastectomy Absence 104 (53.3) 91 (56.7) 195 (100) X2 = 2.887 p = 0.089
Presence 106 (45.1) 129 (54.9) 235 (100)

Lymphedema Absence 150 (48.1) 162 (51.9) 312 (100) X2 = 0.263 p = 0.608
Presence 60 (50.8) 58 (49.2) 118 (100)

X2: Chi square test statistics, t: Independent sample t test statistics, U: Mann Whitney U test statistics, p < 0.05 Significance level
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lower Recall (0.588), indicating it missed a higher propor-
tion of actual positives compared to the other models. 
(Table 2; Fig. 2).

Education level ranked first in the LR (0.3874), RF 
(0.3290), and SVM (0.1250) models, and was the sec-
ond most important variable in the XGB (0.2327) model. 
Conversely, the cancer stage stood out in the LR (0.2466) 
and RF (0.1935) models, ranking third and fourth, respec-
tively, while it ranked third in SVM (0.0683) and fourth in 
XGB (0.1872). Additionally, comorbidity ranked third in 
importance in the LR (0.2213) and RF (0.1681) models, 
but second in SVM (0.0705) and seventh in XGB (0.1393) 
(Table 3).

Discussion
The current study used four machine learning models 
to determine the predictors of breast cancer survivor’s 
self-efficacy. Machine learning-based logistic regression 

showed the best prediction performance. Education level, 
cancer stage, comorbidity, and age were the leading pre-
dictors in all models. Additionally, logistic regression 
model revealed that employment status, income level, 
mastectomy, treatment regimen, disease duration, and 
lymphedema were other predictors of the self-efficacy in 
breast cancer survivors.

The current study demonstrated a positive causal rela-
tionship between higher levels of education and higher 
levels of self-efficacy among breast cancer survivors. 
Those with higher levels of education often demonstrate 
greater health literacy, a more comprehensive under-
standing of their condition, treatment options and the 
healthcare system. This allows individuals to take a more 
active role in the decision-making process regarding their 
care [36]. This allows them to take a more active role in 
the decision-making process regarding their care [37]. 
This level of engagement can foster a sense of control and 

Table 2  Performans metrics of the prediction models
Metrics/Algorithm TP FP FN TN Precision Recall Accuracy F1 Score MCC AUC
Logistic Regression 13 5 8 17 0.72222 0.61905 0.64706 0.66667 0.39696 0.71528
Random Forest 12 4 9 18 0.75000 0.57143 0.61765 0.64865 0.40291 0.71007
Support Vector Machine 13 5 8 17 0.72222 0.61905 0.64706 0.66667 0.39696 0.70486
XGBoost 12 4 9 18 0.75310 0.57143 0.58824 0.64865 0.40291 0.69444
AUC: Area under the curve, TP: True Positive, FP: False Positive, FN: False Negative, TN: True Negative, MCC: Matthews Correlation Coefficient

Fig. 2  ROC of the machine learning models
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agency, which, in turn, can lead to higher levels of self-
efficacy in patients with breast cancer. This is because 
they feel more able to cope with the challenges associ-
ated with the disease. In addition, the level of education 
influences a patient’s access to information, resources 
and support networks, all of which are important in pro-
moting self-efficacy [38, 39]. Patients with lower levels 
of education may face barriers in understanding medi-
cal information, navigating complex treatment regimens, 
and advocating for their needs within the healthcare 
system. Consequently, they may be prone to feelings of 
uncertainty, fear, and helplessness, which can diminish 
their self-efficacy and overall quality of life during the 
cancer journey or beyond. Income was another predic-
tor of self-efficacy in the current study. Yuan et al. (2014) 
reported that self-efficacy of breast cancer patients was 
significantly influenced by socio-economic indicators 
(education, income, employment status and health insur-
ance status) [40]. Our findings on education and income 
confirm the study reported in the literature. Individu-
als with lower socioeconomic status are at risk of hav-
ing lower levels of breast cancer survivor self-efficacy. 
We recommend healthcare practitioners to be aware of 
this vulnerable group and implement interventions to 
increase self-efficacy in this group. Similar to our find-
ings, Yuan et al. (2014) also reported that self-efficacy of 
the cancer patients significantly varies by socioeconomic 
status [40].

Cancer stage was also found to be a significant predic-
tor of breast cancer survivors’ self-efficacy. The lowest 
levels of self-efficacy were observed among those with 
stage 3 disease, while the highest levels were observed 
among those with stage 1 disease. While self-efficacy is 
stable over time in early-stage breast cancer patients, 
in advanced-stage breast cancer, self-efficacy has been 
reported to be associated with post-traumatic growth 
[41, 42]. On the other hand, self-efficacy can be influ-
enced by individual, social and cognitive factors. That’s 
why it’s not possible to link levels of self-efficacy to 

cancer stage. With such a complex phenomenon, it’s not 
possible to consider a single factor as determining self-
efficacy levels. We recommend that all factors that influ-
ence self-efficacy are considered together.

Comorbidity was another predictor of the self-efficacy 
of breast cancer survivors in the current study. Perkins 
et al. (2009) reported that comorbidity were not associ-
ated with self-efficacy for physical activity in cancer sur-
vivors [43]. However, in the current study, self-efficacy 
was higher in those with comorbidities. We believed that 
the difference between the current study and other stud-
ies in the literature was related to the items of the scales 
used to measure self-efficacy. The scale developed by 
Champion et al. (2013) was used for the current study. 
The scale items includes adherence to disease, back to 
the work life, dealing with emotions, and asking for help 
[27]. We believe that coping mechanisms may have been 
strengthened because they may have previously experi-
enced similar psychological problems due to chronic ill-
ness. In self-efficacy for physical activity, physiological 
capacity is more important than psychological problems, 
and chronic diseases can negatively affect physiological 
capacity. This may explain the difference between the lit-
erature and our study.

Working status is another important variable in all 
the prediction models. 76.3% of the survivors who were 
actively working had a score above the average, while 
most of the housewives, retired and unemployed survi-
vors had a score below the average. There is a two-sided 
interaction between the employment status and self-
efficacy. Self-efficacy plays a role in the return to work 
for breast cancer survivors. Breast cancer survivors with 
higher workability tend to report better self-efficacy. 
Factors such as lower levels of depression, financial dif-
ficulties and physical fatigue are associated with better 
workability and consequently higher self-efficacy [44]. 
In their 2023 study, Cheng and colleagues emphasised 
that returning to work has a positive impact on self-effi-
cacy [45]. This can be facilitated by social engagement, 

Table 3  Variable importance of the prediction models
Model 1-Logistic Regression Model 2-Random Forest Model 3-Support Vector Machine Model 4-XGBoost
Variables Variable 

Importance
Variables Variable 

Importance
Variables Variable 

Importance
Variables Variable 

Importance
1 Education level 0.3874 Education level 0.3290 Education level 0.1250 Disease duration 0.2888
2 Cancer stage 0.2466 Cancer stage 0.1935 Comorbidity 0.0705 Education level 0.2327
3 Comorbidity 0.2213 Comorbidity 0.1681 Cancer stage 0.0683 Age 0.1972
4 Work status 0.1536 Income 0.1681 Age 0.0595 Cancer stage 0.1872
5 Age 0.1443 Disease duration 0.1321 Work status 0.0432 Treatment 0.1453
6 Income 0.0111 Age 0.1077 Income 0.0363 Income 0.1403
7 Mastectomy 0.1089 Work status 0.0775 Treatment 0.0299 Comorbidity 0.1393
8 Treatment 0.0649 Mastectomy 0.0619 Mastectomy 0.0256 Work status 0.0612
9 Disease duration 0.0236 Treatment 0.0595 Disease duration 0.0094 Mastectomy 0.0501
10 Lymphedema 0.0024 Marital status 0.0229 Lymphedema 0.0021 Lymphedema 0.0453
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financial stability and a reinvigorated perception of the 
normality of everyday life. Furthermore, survivors who 
believe themselves capable of meeting the demands of 
the workplace tend to display elevated levels of self-
confidence, which serves to reinforce their capacity to 
effectively navigate health-related concerns. Conversely, 
prolonged periods of unemployment or withdrawal 
from the workforce may exacerbate feelings of depen-
dency and a sense of diminished identity, which could 
have a detrimental impact on self-efficacy. Interventions 
designed to facilitate the reintegration of survivors into 
the workforce, such as targeted occupational therapy or 
psychosocial support, could play a pivotal role in enhanc-
ing self-efficacy.

Among the treatment options, those including the 
combination of surgery and immunotherapy or chemo-
therapy has higher level of self-efficacy. In the current 
study, breast conservative surgery and mastectomy con-
sidered as surgical approach. Enien et al. (2018) reported 
that patients treated with breast conservative surgery 
has higher level of quality of life [46]. We believed that 
surgical approaches would lead to higher self-efficacy in 
cancer survivors, thanks to their higher survival rate and 
fewer systemic complications compared.

The duration of the disease was found to be longer 
in those with higher levels of self-efficacy. Ghayth et 
al. (2023) reported that there is a positive relationship 
between the disease duration and self-efficacy in chronic 
conditions [47]. Self-management skills and coping strat-
egies in chronic conditions develop over time [48, 49]. 
There is a positive way relationship between the self-
management, coping mechanism and self-efficacy [49]. It 
was concluded that this was the reason for the observed 
differences between the groups. It is therefore recom-
mended that healthcare practitioners be aware of this 
issue, namely that breast cancer survivors with a shorter 
disease duration may be vulnerable to a low level of 
self-efficacy.

The application of machine learning in healthcare 
research has the potential to transform the field, offering 
enhanced capabilities for analysing complex datasets and 
uncovering patterns that traditional statistical methods 
often fail to identify. In contrast to conventional regres-
sion-based methodologies, machine learning algorithms 
are capable of processing high-dimensional data, iden-
tifying non-linear relationships, and generating predic-
tions with enhanced accuracy. In this study, the logistic 
regression model exhibited the most optimal predictive 
performance, with an AUC of 0.715, which surpassed the 
conventional benchmarks reported in previous studies 
utilising classical methods. Wiemken and Kelley (2020) 
emphasised that machine learning offers a substantial 
advantage in health outcomes research by employing 
algorithmic modelling to predict health behaviours and 

clinical outcomes with greater efficacy [12]. By applying 
machine learning to survivorship research, not only is the 
comprehension of predictors, such as education level and 
comorbidities, enhanced, but avenues for personalised 
care interventions are also opened, thereby improving 
the quality of life for breast cancer survivors.

Limitations
This study has several limitations that should be consid-
ered when interpreting the results. It is noteworthy that 
this study was conducted in only four hospitals within 
a single country, which may limit the generalisability of 
the findings. Furthermore, self-efficacy is influenced by 
numerous socio-cultural, psychological, and healthcare 
factors that were not included in this study. It would 
therefore be beneficial for future research to incorpo-
rate a broader range of variables and settings in order 
to validate these findings. The limited geographic and 
cultural diversity of the sample may have resulted in a 
selection bias, which could limit the generalisability of 
the findings to breast cancer survivors in other regions 
or healthcare settings. It is important to note that cul-
tural norms, healthcare systems and access to resources 
can vary significantly between different populations, 
which may affect the predictors of self-efficacy in diverse 
populations.

Secondly, although the sample size is relatively large for 
a machine learning study (n = 430), it may still be insuf-
ficient for capturing rare predictors or complex inter-
actions between variables. For example, the relatively 
low number of male participants limits the ability to 
draw meaningful conclusions about gender differences 
in self-efficacy. Furthermore, while the data were col-
lected across multiple centres, the study relied on a con-
venience sample, which may have introduced selection 
bias. It is possible that patients who agreed to participate 
were more health-literate or motivated, leading to higher 
self-efficacy scores compared to the broader survivor 
population.

Thirdly, self-reported measures were employed to eval-
uate sociodemographic and disease-related variables, in 
addition to self-efficacy. These are vulnerable to recall 
and social desirability biases, which may result in inaccu-
racies in the reported data. This could have affected the 
models’ capacity to accurately predict self-efficacy, as the 
input data may not fully reflect the participants’ actual 
experiences or circumstances.

It is also important to note that the absence of exter-
nal validation for the machine learning models repre-
sents a limitation of this study. The findings were based 
solely on the dataset collected for this study, and there-
fore their performance may differ when applied to other 
populations or settings. It would therefore be beneficial 
for future studies to validate these models using external 
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datasets in order to confirm their predictive accuracy and 
reliability across diverse contexts.

Notwithstanding these constraints, the study offers 
valuable insights into the predictors of self-efficacy in 
breast cancer survivors and demonstrates the utility of 
machine learning in survivorship research. Extending 
the scope of future studies to include larger, more diverse 
populations and additional variables could further 
enhance the robustness and applicability of the findings.

Conclusion
This study employed four machine learning models to 
predict self-efficacy in breast cancer survivors, identify-
ing significant predictors such as education level, cancer 
stage, comorbidities, and age. Although previous studies 
have employed machine learning in oncology research, 
including survivorship care, there is, to the best of our 
knowledge, a paucity of evidence concerning its specific 
application to the prediction of self-efficacy in breast 
cancer survivors. This serves to illustrate the novel con-
tribution that this research makes to the existing body of 
knowledge.

The findings emphasise the necessity of incorporating 
sociodemographic and clinical variables into the devel-
opment of interventions for breast cancer survivors. It is 
recommended that healthcare professionals prioritise the 
needs of vulnerable groups, including individuals with 
lower educational attainment, those diagnosed at more 
advanced stages of disease, and those with lower incomes 
or shorter disease durations. The findings of this study 
can inform the development of targeted interventions 
and policies designed to enhance self-efficacy and, subse-
quently, quality of life in this population.
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