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demonstrated superior calibration performance (Brier score: 0.115) and showed
greater clinical utility than other models in decision curve analysis across the
threshold probability range of 0.2 - 0.8. Conclusion: We successfully developed
arisk prediction model and constructed it as a dynamic web-based risk calculator
available online. These findings support the implementation of early interven-
tion strategies to reduce postoperative BCR rates in Tanzania.
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1. Introduction

According to the American Cancer Society, breast cancer (BC) is a type of cancer
that starts to grow in the breast tissue. It begins when something changes the DNA
inside the healthy cells in breast tissue, and that changed DNA holds the wrong
instructions and makes it multiply more quickly. BC ranks among the most diag-
nosed malignancies globally, representing 23% of cancer diagnoses in females.
Furthermore, it is a leading cause of cancer-related mortality among women, ac-
counting for 14% of cancer fatalities [1] [2]. In Tanzania alone, BC ranks as the
second leading cancer in terms of incidence and mortality among women, with
an estimated 3037 new cases and 1303 deaths reported in 2018. Projections indi-
cate a potential increase of over 82% in incidence and mortality rates by 2030 [3].

Breast Cancer Recurrence (BCR) refers to the reappearance of cancer after a
patient has undergone any treatment and achieved remission for at least one year
[4]. It can occur locally in the same breast or region, regionally in nearby lymph
nodes, or distantly in other body parts. It is an unfortunate event that can happen
even after successful treatment and is an important consideration in the manage-
ment of BC. Postoperative BCR refers to the recurrence of BC after a patient has
undergone surgical treatment to remove the tumor [5]. This condition can be in-
fluenced by various factors, including the type of surgery [5], molecular charac-
teristics [5] [6], histological type [5] [6], and postoperative factors such as surgical
stress [6], which can increase the metastasis and recurrence of the disease. How-
ever, these conclusive studies on these associations with postoperative BCR are
still limited. If the risk of postoperative BCR is accurately assessed, it can help
postoperative BC individuals improve their prognosis by receiving the right treat-
ment [7].

Many studies have shown that screening methods such as mammography, ul-
trasound, and MRI can reduce the mortality rate of BC and increase its survival

rates by detecting BC at earlier stages when chances for cure are greater [8] [9].
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However, the mortality rates of BC can be reduced by only 40% for those who will
take part in screening every 1 or 2 years [10]. In the last decades, many researchers
have tried to find a particular pattern for predicting BCR [11]. For example, they
characterized the presence of BC receptors, such as estrogen receptor (ER), pro-
gesterone receptor (PR), human epidermal growth factor receptor 2 (HER2), and
triple-negative breast cancers (TNBCs). Each subtype will have a higher risk of
recurrence than the others during particular years or in a specific situation [12]-
[14].

Furthermore, they considered axillary lymph node metastases as factors related
to BCR [15]. The chances of BCR can be reduced by intervening in the metastases
early. However, these patterns demand considerable cost and are time-consum-
ing. In other words, traditionally, risk assessment for postoperative recurrence has
relied on clinical and pathological characteristics, such as tumor size, lymph node
involvement, and hormone receptor status. These traditional risk factors alone are
often insufficient to predict individual patient outcomes accurately. Additionally,
most such studies have focused on BC patients in high income countries, who may
differ significantly from patients in low- and middle-income countries in relation
to risk factors for BCR. Therefore, there is a need to develop a more comprehen-
sive and data-driven approach to risk prediction, incorporating a wide range of
clinical, genetic, and demographic factors.

The advancement of machine learning (ML) and data analytics techniques pro-
vides an opportunity to develop robust risk prediction models that can enhance
the accuracy of postoperative recurrence prediction. By leveraging large-scale
data, including clinical and demographic information and genetic and molecular
data, these models can identify patterns and associations that may not be apparent
to human observers. Such data-driven models have shown promise in various
medical fields and can potentially improve personalized medicine and patient out-
comes [16]. Recently, predictive models to predict the recurrence of BC have been
developed. The first example would be a Long Short-Term Memory (LSTM)
model deployed from one study [17], they predicted BCR using data from a large
cohort. However, his research primarily focused on Chinese patients, the results
of which may not be applicable to other populations, since disease prognosis may
differ across various ethnicities. Racial disparities have been documented in the
distribution of numerous risk factors and clinical presentations of the disease. One
study [18] from New York also generated recurrence and race-specific models of
BC for Hispanics, Asian Islanders, whites, and African Americans. However, data
were obtained only from a single institution, limiting the generalization to exter-
nal populations.

This study aimed to utilize advanced data analysis techniques to develop an ar-
tificial intelligence (AI) prediction model capable of accurately assessing the re-
currence risk of BC patients following surgical intervention within the Tanzanian
population. Establishing an effective risk prediction model and timely interven-

tion strategies can greatly enhance BC management in Tanzania. By identifying
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high-risk patients and implementing early interventions, healthcare providers
may elevate survival rates, optimize treatment regimens, and mitigate the burden
of recurrent disease. Furthermore, this research will contribute to the expanding
body of knowledge regarding data-driven approaches in cancer research and per-

sonalized medicine.

2. Methodology
2.1. Ethical Approval

This study followed the principles of the Declaration of Helsinki and ethical re-
quirements. In this study, ethical clearance was obtained from the Institutional
Academics, Research, Publications and Ethics Committee (IARPEC) from Dar-
es-Salaam City in Tanzania (document number: 10/VOL.XXI/213B) and Zanzibar
Health Research Ethics Committee (ZAHREC) from Zanzibar city in Tanzania
(document number: ZAHREC/05/ST/OCT/2023/180). Permission to conduct the
study was obtained from relevant authorities at ORCI, MMH, and the Nanjing
First Hospital. Due to the study’s retrospective nature and the patients’ confiden-

tial information not being included, no written informed consent was required.

2.2. Participants

Patients’ information was included if: 1) The age was 18 years old or above, 2)
Patients with a histologically confirmed primary invasive BC diagnosis and had
undergone surgery as one of her treatments, 3) Patients admitted from either
MMH or ORCI hospitals in Tanzania, 4) Only patients admitted from 2019 to
2023. Patients’ information was excluded if: 1) Patients’ diagnosis other than BC,
2) BC patients who never received surgery as treatment, 3) Diagnosis of previous

breast surgery with current complication.

2.3. Data Sources and Collections

Data from 199 BC patients who underwent surgery were collected from two major

cancer care centers in Tanzania. A comprehensive dataset comprising patient de-

mographics, tumor characteristics, treatment protocols, follow-up data, and re-
currence status of BC patients who underwent surgery was collected from Decem-
ber 2023 to May 2024. Here are the names, cities, and a brief description:

- Mnazi Mmoja Hospital (MMH): This is the main referral hospital for Zanzi-
bar, located in Stone Town-Vuga Street, Zanzibar Town. It has spread over
three campuses: Mnazi Mmoja Hospital, Mwembeladu Maternity Home,
and Kidongo Chekundu Mental Hospital.

- Ocean Road Cancer Institute (ORCI): This is a public, specialized, tertiary
care medical facility owned by the Tanzania Ministry of Health and Social
Welfare. It is the largest comprehensive cancer center in the country, located
on Samora Avenue, Dar es Salaam.

Data were extracted with the help of trained hospital staff members from the

Oncology, Surgery, and Emergency Medicine departments and cross-referenced
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with the Tanzania International Association of Cancer Registries database. Then,
they were extracted from electronic medical records (EMRs), laboratory reports,
imaging data, or existing hospital files and documents. No biological samples were
used for this research study. Data collected included demographic information
(age, sex, BMI), sociodemographic data (insurance status, exercise, smoking and
alcohol consumption, marital status, level of education, occupation), clinical char-
acteristics (menopausal status, lymph node status, distant metastases), diagnostic
data (mammography, breast biopsies, breast fine needle aspiration cytology
(FNAC)), pathology information (tumor size, tumor grade, nodal evaluation re-
sults, BC receptor-status), other staging information (scans), and treatment regi-
mens (surgery, chemotherapy, hormone therapy, radiation therapy, palliative
therapy). Local staff and physicians were consulted to resolve discrepancies iden-
tified during data collection.

2.4. Study Outcome

This retrospective, multi-centered study was designed to predict the risk of BCR
from patients who underwent surgery through prediction models. The endpoints
were defined as instances of BCR, which may manifest as local, regional, or distant
metastatic recurrence. We assessed the probability of such recurrence occurring
within a two-year timeframe. Patients who either died or survived within 2 years
of follow-up and showed no signs of recurrence were also reported. The time to
BCR was measured as either one of the following: the duration from the diagnosis
date to the date of the first recorded recurrence, the last follow-up date, or the
death date.

2.5. Sample Size

Selecting a proper sample is pivotal in ensuring the precision and dependability
of research outcomes. In this current study, we employed the “10-thumb rule,” a
guideline recommending a minimum of 10 participants per predictor variable
(EPV) [19] [20]. Adhering to this standard allowed us to reduce the possibility of
sampling bias and enhance the statistical robustness of our analysis. Furthermore,
it eased a balance between capturing significant variations in our data while cir-
cumventing unnecessarily large sample sizes that could have been financially or
logistically burdensome. The following formula was used to find the necessary
sample size: Sample size (number of candidate predictors x EPV)/Positive out-
come incidence. As a result, 199 patients were a sufficient sample size for devel-

oping a prediction model.

2.6. Statistical Analysis

The Shapiro-Wilk test was used to assess the normality of continuous variables.
Normally distributed variables were presented as mean + standard deviation (SD)
and compared using independent samples #test; non-normally distributed varia-

bles were expressed as median (interquartile range [IQR]), with comparisons per-
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formed using the Mann-Whitney U test. Categorical variables were summarized
as frequencies (percentages) and analyzed with the chi-square test or Fisher’s ex-
act test, as appropriate. A two-sided P-value < 0.1 was considered statistically sig-

nificant. All analyses were conducted using R software (version 4.3.3).

2.7. Data Preprocessing and Variables Selection

A rigorous data-cleaning process was conducted on the collected dataset. This in-
volved eliminating duplicate entries, standardizing formats, and ensuring data
consistency throughout. Notably, the dataset contained no missing values. Each
continuous variable underwent Z-score standardization, while categorical varia-
bles were subjected to one-hot encoding [21] [22]. Subsequently, a univariate
analysis was executed to identify variables significantly associated with BCR (p <
0.1). Afterward, the least absolute shrinkage and selection operator (LASSO) al-
gorithm was employed for feature selection within the training set. In this context,
the hyperparameter lambda (1) was pivotal in shrinking the regression coeffi-
cients of redundant variables towards zero, effectively pruning out numerous
weakly correlated features by assigning them zero coefficients [23]. Variables with
non-zero coefficients were then selected for subsequent analysis. Lastly, multicol-
linearity among the selected variables was assessed using the variance inflation
factor (VIF), and variables with VIF > 5 were excluded [24].

2.8. Model Development and Evaluation

In this study, we employed six different ML classification algorithms to predict
the risk of BCR. These algorithms encompassed Logistic Regression (LR), eX-
treme Gradient Boosting (XGBoost), Random Forest (RF), Multilayer Perceptron
(MLP), Light Gradient Boosting Machine (LightGBM), and Categorical Boosting
(CatBoost). To optimize the hyperparameters of each model, a grid search algo-
rithm was integrated with a 10-fold cross-validation technique. The grid search
method comprehensively and systematically explored all potential combinations
of hyperparameters within the specified parameter space, aiming to precisely
identify the optimal hyperparameter configuration that maximized area under the
curve (AUC), thereby selecting the best parameters for each model. The model
was developed using Python (version 3.11.7) and constructed as a web-based risk
calculator to make the process more convenient.

The primary metrics to assess the model’s discrimination ability were the area
under the receiver operating characteristic curve (AUROC) and its 95% confi-
dence interval (CI). The AUROC values range from 0 to 1, where 1 indicates per-
fect classification, 0.5 indicates random guessing, and values below 0.5 suggest
poor model performance. A higher AUROC indicates that the model distin-
guishes between positive and negative cases well. The area under the precision-
recall curve (AUPRC) served as the primary performance evaluation metric for
each model, as it offers a more nuanced reflection of the model’s ability to identify

positive samples compared to the AUROC.
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In addition, accuracy, sensitivity, specificity, and Fl-score derived from the
confusion matrix were employed to evaluate the model’s risk stratification capa-
bility. The Brier score and calibration curves were used for model calibration. The
Brier score reflected the mean squared difference between predicted probabilities
and true labels, with lower values indicating better performance. Decision curve

analysis (DCA) was applied to evaluate clinical effectiveness and net benefit.

2.9. Model Interpretation

To enhance interpretability and validate the predictive capabilities of the con-
structed ML model, we employed SHapley Additive exPlanations (SHAP), a
game-theoretic approach for explaining model predictions. SHAP quantifies the
contribution of each feature to individual predictions, enabling precise assessment
of whether a feature acts as a protective factor or a risk factor for the outcome. To
rank feature importance, we generated SHAP summary plots based on Shapley
values, which visually summarize the magnitude and direction of each feature’s

influence [25].

3. Result
3.1. Patient Characteristics

This study ultimately included 199 female patients who underwent surgery as part
of their BC treatment. Notably, the incidence of BCR among these patients was
72.9%. Demographic and clinical characteristics at admission for the training set
(n =139) are presented in Table 1. Patients were randomly split into training and
testing sets in a 7:3 ratio. The training set was used for predictor selection and
model development, while the testing set served for model performance evalua-
tion. Demographic and clinical characteristics were well-balanced between the

two groups.

Table 1. Demographics characteristics and potential risk factors of patients in the training set.

Variables Overall (n = 139) NOH(-;C:I;I:)C nee R(;Cl:i;r;;e P value
Marital Status, n (%) 0.014
Unmarried 6 (4.3) 0(0.0) 6 (5.7)
Married 109 (78.4) 23 (67.6) 86 (81.9)
Divorced 24 (17.3) 11 (32.4) 13 (12.4)
Level of Education, n (%) 0.06
Primary 27 (19.4) 2(5.9) 25 (23.8)
Secondary 80 (57.6) 22 (64.7) 58 (55.2)
Certificate 1(0.7) 1(2.9) 0(0.0)
Diploma 2(1.4) 0(0.0) 2(1.9)
Degree 29 (20.9) 9 (26.5) 20 (19.0)
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Continued
Occupation, n (%) 0.395
Housewife 65 (46.8) 19 (55.9) 46 (43.8)
Entrepreneur 35 (25.2) 6(17.6) 29 (27.6)
Others 39 (28.1) 9 (26.5) 30 (28.6)
Insurance, n (%) 42 (30.2) 13 (38.2) 29 (27.6) 0.339
Alcohol Consumption, n (%) 30 (21.6) 7 (20.6) 23 (21.9) 1
Smoking Consumption, n (%) 8 (5.8) 2(5.9) 6 (5.7) 1
Past History of Other Cancer, n (%) 12 (8.6) 3(8.8) 9 (8.6) 1
Exposure to the Drug, n (%) 17 (12.2) 3(8.8) 14 (13.3) 0.692
BC Detection Mode, n (%) 62 (44.6) 14 (41.2) 48 (45.7) 0.792
Chemotherapy, n (%) 133 (95.7) 33(97.1) 100 (95.2) 1
Palliative, n (%) 2(1.4) 2 (5.9) 0 (0.0) 0.094
Radiotherapy, n (%) 6 (4.3) 0 (0.0) 6 (5.7) 0.347
Hormonal Therapy, n (%) 1(0.7) 1(2.9) 0 (0.0) 0.551
Name of Operation, n (%) 0.521
Radical Mastectomy 124 (89.2) 31(91.2) 93 (88.6)
Simple Mastectomy 13 (9.4) 2(5.9) 11 (10.5)
Partial Mastectomy 2(1.4) 1(2.9) 1(1.0)
Personal History of Breast Conditions, n (%) 0.677
Breast Swollen 34 (24.5) 10 (29.4) 24 (22.9)
Breast Mass 97 (69.8) 22 (64.7) 75 (71.4)
Breast Discharge 6(4.3) 1(2.9) 5(4.8)
Breast Itching 2(1.4) 1(2.9) 1(1.0)
Other Previous Surgical History, n (%) 25 (18.0) 7 (20.6) 18 (17.1) 0.843
Family History of BC, n (%) 19 (13.7) 4(11.8) 15 (14.3) 0.932
Family History of Other Cancer, n (%) 11 (7.9) 3(8.8) 8 (7.6) 1
Beginning Period before 12 Years, n (%) 17 (12.2) 5(14.7) 12 (11.4) 0.837
Beginning Menopause after 60 Years, n (%) 17 (12.2) 3(8.8) 14 (13.3) 0.692
Having First Child after Age 30th, n (%) 15(10.8) 4 (11.8) 11 (10.5) 1
Never Been Pregnant, n (%) 9 (6.5) 1(2.9) 8 (7.6) 0.574
Receivedﬁ/if:;:j:::i;ﬁ)y before 30 (21.6) 13 (38.2) 17 (16.2) 0.013
Received Hormone Therapy after Menopause, n (%) 16 (11.5) 3(8.8) 13 (12.4) 0.798
Tumor Marker after Surgery, n (%) 0.271
CA_15.3 79 (56.8) 20 (58.8) 59 (56.2)
CA_27.29 36 (25.9) 11 (32.4) 25 (23.8)
CA_125 24 (17.3) 3(8.8) 21 (20.0)
DOI: 10.4236/0alib.1113728 8 Open Access Library Journal
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Continued

Abdominopelvic Imaging, n (%) 80 (57.6) 22 (64.7) 58 (55.2) 0.441
Distant Organ Metastasis, n (%) 42 (30.2) 8 (23.5) 34 (32.4) 0.446
Estrogen Receptor, n (%) 55 (39.6) 10 (29.4) 45 (42.9) 0.233
Progesterone Receptor, n (%) 48 (34.5) 10 (29.4) 38 (36.2) 0.607
HER?2 neu Gene Overexpressed or Amplified, n (%) 65 (46.8) 15 (44.1) 50 (47.6) 0.875
Tumor Grade, n (%) <0.001

1 60 (43.2) 27 (79.4) 33 (31.4)

2 34 (24.5) 7 (20.6) 27 (25.7)

3 36 (25.9) 0 (0.0) 36 (34.3)

4 9 (6.5) 0 (0.0) 9 (8.6)

Lymph Node Metastasis, n (%) 86 (61.9) 6 (17.6) 80 (76.2) <0.001
Invasive Ductal Carcinoma, n (%) 127 (91.4) 30 (88.2) 97 (92.4) 0.692
Invasive Lobular Carcinoma, n (%) 6(4.3) 3(8.8) 3(2.9) 0.316

Mixed Ductal Lobular, n (%) 3(2.2) 1(2.9) 2(1.9) 1
Age (Median [IQR]) 55.00 [47.00, 63.50]  56.00 [45.00, 63.00] 55.00 [48.00, 64.00]  0.553
BMI (Median [IQR]) 32.66 [28.19, 36.67]  32.30 [28.36, 36.45] 32.69 [28.09, 36.74] 0.899
Time since Diagnosis (Median [IQR]) 12.00 [6.00, 24.00]  16.00 [9.75,24.00]  12.00 [6.00, 24.00]  0.08
Hemoglobin (Median [IQR]) 11.60 [10.55, 12.60] 11.35[10.50,12.38] 11.80 [10.60, 12.70] 0.263
RBC (Mean (SD)) 4.41 (0.70) 4.38 (0.68) 4.42 (0.71) 0.763
WBC (Median [IQR]) 4.96 [3.87, 6.86] 4.69 [3.58, 5.96] 5.04 [4.05, 7.16] 0.214
NLR (Median [IQR]) 1.74 [1.21, 2.48] 1.71 [1.21, 2.50] 1.76 [1.22, 2.42] 0.788
PLR (Median [IQR]) 282.00 [192.50, 377] 255.91 [166.00, 363] 287.00 [203.80,393]  0.449

Tumor Size within 2 Years after Surgery

25.00 [20.18,30.00] 26.01 [23.14, 30.00] 24.54 [19.87, 30.00]  0.029
(Median [IQR]) ( ] [ ] [ ]

Tumor Size at Diagnosis (Median [IQR]) 23.65 [12.92,28.16] 21.83 [10.41,25.21] 24.23 [15.86,28.65]  0.06
Number of Lymph Nodes (Median [IQR]) 2.00 [0.00, 4.00] 0.00 [0.00, 2.00] 3.00 [1.00,5.00]  <0.001
Number of Positive Nodes (Median [IQR]) 2.00 [1.00, 4.00] 1.00 [0.25, 3.00] 3.00 [1.00, 4.00] 0.014

Abbreviations: BC, breast cancer; WBC, white blood cell; RBC, red blood cell; NLR, neutrophil to lymphocyte ratio; PLR, platelet-
lymphocyte ratio; BMI, body mass index.

3.2. Feature Selection

In the training set, we performed univariate analysis to identify 11 candidate var-
iables associated with the outcome. These variables included marital status, level
of education, palliative care, received hormone therapy before menopause, tumor
grade, lymph node metastasis, time since diagnosis, tumor size within 2 years after
surgery, tumor size at diagnosis, number of lymph nodes, and number of positive
nodes. Subsequently, we applied the LASSO algorithm to refine the selection, re-
taining five statistically significant variables: lymph node metastasis, tumor grade,
number of lymph nodes, tumor size at diagnosis, and marital status. Multicollin-
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earity assessment confirmed the independence of these variables, with all VIF < 5
(Table 2).

Table 2. LASSO selection variables and collinearity analysis.

Variables Coefficient of LASSO VIF
Marital Status —0.186792745 1.05
Tumor Grade 0.597933351 1.20

Lymph Node Metastasis 1.325994735 1.38
Tumor Size at Diagnosis —0.004834742 1.01
Number of Lymph Nodes 0.019300563 1.28

Abbreviations: LASSO, least absolute shrinkage and selection operator; VIF, variance in-
flation factor.

3.3. Model Performance

We constructed six different ML models, including LR, XGBoost, RF, MLP,
LightGBM, and CatBoost, and evaluated their performance in predicting BCR. In
the testing set, the MLP model demonstrated superior performance, achieving:
AUROC (0.935; 95% CI: 0.878 - 0.992), AUPRC (0.969; 95% CI: 0.839 - 0.995),
accuracy (0.850), sensitivity (0.875), specificity (0.800), and F1-score (0.886) (Fig-
ure 1 & Table 3). The MLP model demonstrated superior calibration perfor-
mance (Brier score: 0.115; Figure 2) and showed greater clinical utility than other
models in DCA across the threshold probability range of 0.2 - 0.8 (Figure 3).
Based on these results, the MLP algorithm was selected for the final predictive
model.

Table 3. The performances of the six final prediction models under the optimal threshold on the training set and the testing set.

Dataset Threshold AUROC Accuracy  Sensitivity  Specificity =~ F1-Value
Training 0.463 0.927 (0.884 - 0.970) 0.878 0.876 0.882 0.915
LR
Testing 0.907 (0.835 - 0.980) 0.817 0.875 0.700 0.864
Training 0.705 0.892 (0.833 - 0.950) 0.806 0.800 0.824 0.862
XGBoost
Testing 0.884 (0.802 - 0.965) 0.717 0.750 0.650 0.750
Training 0.463 0.954 (0.922 - 0.987) 0.892 0.895 0.882 0.926
RF
Testing 0.865 (0.774 - 0.956) 0.817 0.850 0.750 0.861
Training 0.722 0.930 (0.887 - 0.974) 0.885 0.876 0.912 0.920
MLP
Testing 0.935 (0.878 - 0.992) 0.850 0.875 0.800 0.886
Training 0.514 0.924 (0.880 - 0.969) 0.835 0.810 0.912 0.881
LightGBM
Testing 0.871 (0.782 - 0.961) 0.833 0.850 0.800 0.872
Training 0.513 0.921 (0.868 - 0.974) 0.842 0.819 0.912 0.887
CatBoost
Testing 0.891 (0.802 - 0.981) 0.833 0.875 0.750 0.875

Abbreviations: AUROC, area under the receiver operating characteristic curve; LR, logistic regression; LightGBM, light gradient

boosting machines; XGBoost, extreme gradient boosting; RF, random forest; MLP, multilayer perceptron; CatBoost, categorical

boosting.
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The optimal threshold for each model was determined using the Youden index
derived from the ROC curve. Table 3 shows each model’s AUROC, AUPRC, ac-

curacy, sensitivity, specificity, and F1-score.
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Figure 1. AUROC and AUPRC curves of the six ML models. (A) AUROC curves of the training set (B) AUROC curves of
the testing set (C) AUPRC curves of the training set (D) AUPRC curves of the testing set. Abbreviations: AUROC, the area
under the receiver operating characteristic; AUPRC, the area under the precision-recall curve; LR, logistic regression;

XGBoost, extreme gradient boosting; RF, random forest; MLP, multilayer perceptron; LightGBM, light gradient boosting

machines; CatBoost, categorical boosting.
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Figure 2. Calibration plots for the probability of BCR from the six ML models in (A) the training set and (B) the
testing set. Abbreviations: LR, logistic regression; XGBoost, extreme gradient boosting; RF, random forest; MLP,
multilayer perceptron; LightGBM, light gradient boosting machines; CatBoost, categorical boosting.
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Figure 3. Decision curve analysis of six ML models. Abbreviations: LR, logistic regression; XGBoost,
extreme gradient boosting; RF, random forest; MLP, multilayer perceptron; LightGBM, light gradient
boosting machines; CatBoost, categorical boosting.

3.4. Model Interpretation

We applied SHAP to interpret the MLP model’s predictions of BCR risk. The re-

sulting feature importance rankings are shown in Figure 4(A), revealing that
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lymph node metastasis and tumor grade were the most influential predictors of
BCR. Figure 4(B) displays a scatter plot wherein red and blue points denote high
and low feature values, respectively. For lymph node metastasis, the concentration
of red points in the positive SHAP value range indicates that patients with lymph
node metastasis had a higher predicted risk of BCR.

A B | High
Lymph Nodes Metastasis Lymph Nodes Metastasis +‘ o‘* ) |
Tumor Grade Tumor Grade & ol o
Number of Lymph Nodes Number of Lymph Nodes ' e “ e
o
Tumor Size at Diagnosis Tumor Size at Diagnosis T X I ' ?;;
E
Mental Status-Divorced Mental Status-Divorced vt~ v s =
Mental Status- Married Mental Status- Married )
Mental Status- Unmarried Mental Status- Unmarried "o
0j0 04'05 0.'1 0 O I1 5 0-v20 04 02 00 02 04 06 Low
Mean (SHAP value) (average impact on model output magnitude) SHAP (valueimpact on model output)

Figure 4. SHAP summary plot for the five significant variables in the MLP model. (A) The average absolute influence
of each factor on the model’s output, the magnitude was shown in descending order of each factor’s significances; (B)
The graph illustrated the dot estimate of the MLP model output, with each dot representing an individual patient in the

dataset.

3.5. Model Deployment

To enhance clinical utility, we developed an online risk calculator for predicting
postoperative BCR (Figure 5), accessible at
https://breast-cancer-recurrence-predictor-mlp7.streamlit.app/. This tool enables

healthcare practitioners to identify BC patients at high recurrence risk using our

model and implement early interventions to reduce recurrence probability.

4. Discussions

The ML models developed in this study could estimate the prognosis of patients
who underwent BC surgery, merging clinical, pathological, and histopathological
information, molecular markers, and lifestyle information using only already
available data. This is the first study to develop an ML model to predict the risk of
BCR in patients who underwent surgery in the context of the Tanzanian popula-
tion.

The univariate analysis, followed by the LASSO algorithm, showed that lymph
node metastasis, tumor grade, number of lymph nodes, tumor size at diagnosis,

and marital status are the significant risk factors associated with BCR.
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According to our model, you have a high risk of breast cancer recurrence. The model predicts that your probability of

having breast cancer recurrence is 63.4%. It's advised to consult with your healthcare provider for further evaluation and

possible intervention.
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Figure 5. The risk web calculator was designed based on the MLP model.

Lymph node metastasis occurs when cancer cells spread from the primary

breast tumor to nearby lymph nodes. This condition is crucial in determining the

prognosis and potential for recurrence [26]. Previous studies have shown that the

increased risk of BCR has been associated with the involvement of positive lymph

nodes, as it reflects a higher tumor spread and demonstrates the potential for mi-

crometastatic disease [27]-[29]. Patients with positive lymph node involvement

often face higher recurrence rates, making it more difficult to treat effectively. Our

study aligns with the previous research highlighted above, indicating that lymph

nodes are significant predictors of BCR.

Tumor grade is a vital prognostic factor for BC and has been integrated into the

staging system for this disease [30]. Research on gene expression suggests that
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tumor grade may more accurately reflect BC’s molecular characteristics than
other parameters, such as primary tumor size and nodal status [31]. Consequently,
it stands to reason that if any higher-grade tumor cells remain after surgery or are
incompletely excised, the likelihood of these residual cancer cells re-establishing
themselves and causing BCR is significantly heightened. Our study findings sup-
port this idea; patients with tumor grades 3 and 4 showed a 100% incidence of
BCR. Out of 60 patients with grade 1 tumors, 33 experienced BCR, while 27 out
of 34 patients with grade 2 tumors also experienced this recurrence (Table 1).
Tumors with higher grades often demonstrate increased resistance to conven-
tional treatments such as chemotherapy and radiation therapy, complicating
management strategies and further elevating the risk of recurrence [11].

Another risk factor is the number of lymph nodes that contain cancer, which
also plays a crucial role in BCR [32]. For example, a study by Moo TA. et al 2018,
found that patients with four or more positive axillary lymph nodes had a 25% or
greater risk of BCR than those with fewer or no affected lymph nodes [33]. This
relationship underscores the importance of lymph node dissection in assessing the
extent of disease spread and tailoring postoperative treatment strategies accord-
ingly. Our research study demonstrates that an increase in lymph nodes is associ-
ated with a higher likelihood of metastasis, raising the risk of BCR.

Tumor size at diagnosis is a significant risk factor for BCR due to its correlation
with other prognostic factors and its impact on treatment outcomes. Larger tu-
mors are often associated with more aggressive disease characteristics, such as me-
tastasis, higher grade, and increased likelihood of lymph node involvement, which
contribute to a higher risk of recurrence [27] [34] [35]. This relationship under-
scores the importance of early detection and intervention in BC management.
Screening at an early stage can reduce the size of tumors at diagnosis, potentially
lowering recurrence rates. Higher body mass index (BMI) is associated with larger
tumors at diagnosis, suggesting that lifestyle factors may influence tumor size and
prognosis [36]. Our study findings show that more patients with BCR in the first
2 years had bigger tumor sizes at diagnosis.

Moreover, it is important to note that smaller tumors post-treatment can some-
times obscure the reality of delayed recurrence. In such cases, the remaining can-
cerous cells may proliferate unnoticed over time, presenting a more serious prob-
lem later on [37]. Therefore, diligent monitoring of tumor size at diagnosis is cru-
cial. It enables healthcare professionals to detect any early signs of recurrent dis-
ease, allowing timely intervention to enhance patient outcomes significantly.

On the other hand, evidence from previous literature and this study supports
the conclusion that marital status is an independent prognostic predictor for BC
patients [38] [39]. Some previous studies [40] found that marital status could af-
fect the tumor stage, treatment, and tumor-related death at the time of diagnosis.
They concluded that the proportion of married patients with the advanced stage
at diagnosis was lower than that of unmarried patients [41]. Another study [39]

showed that patients with poor marital satisfaction or poor sexual relationships
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(divorced, unmarried) had significantly higher risks of recurrence and metastasis,
BC-specific mortality, and overall mortality. Married women usually regard their
partners as their primary source of social support [42], and marriage quality can
indicate the quality of social support received from spouses. Research on the quan-
tity of social support has shown that patients with larger social networks (includ-
ing friends, family, and adult children) experienced lower risks of BCR and overall
mortality [43] [44]. A recent study indicated that BC patients’ quality of family
life was associated with reduced pain levels [45]. Additionally, another study dis-
covered that BC patients who were content in their marriages exhibited fewer psy-
chological and physical health issues after treatment compared to those who were
either unmarried or divorced [46]. Therefore, early screening for marital quality
and applying necessary social support interventions helps improve the prognosis
of patients with poor marital quality.

Understanding the risk factors associated with BCR is vital, as early prediction
plays a significant role in developing appropriate treatment plans. It also enables
closer monitoring and follow-up care for patients at higher risk. There is a study
[18] that classified patients who experienced BCR within the first 5 years as part
of an early recurrence group. Our model specifically aims to predict BCR recur-
rence within the first 2 years. Early prediction of BCR could aid in halting its pro-
gression and severity, leading to treatment plans that are significantly more cost-
effective and faster. Additionally, our study population indicated that well-known
risk factors, such as estrogen receptor status (p = 0.233) and HER-2 gene status (p
= 0.875), were not statistically significant and showed no correlation with BCR
(Table 1). This lack of correlation may be linked to the geographical context of
our study or the specific timeframe in which we aimed to predict BCR.

Regular monitoring; Adjuvant therapy especially for those at higher risk from
their initial surgery; Palliative care such as pain management and support services;
Patient education and community awareness; Nutritional supports; Psychological
supports; Expanding healthcare resources and treatments; should be provided as
early recommendations strategies for postoperative BCR patients in Tanzania,
aimed at preventing against reoccurrence, and improving overall patient health
outcomes. Continued attention to local challenges and resource availability is crit-

ical for effective implementation.

4.1. Strengths of this Research Study

In light of the limitations identified in several previous studies related to this topic,
this research endeavor has significantly improved its design and methodology.
Specifically, this study has meticulously integrated a comprehensive array of data,
including pathological and histopathological information, detailed molecular
markers, and quality-of-life metrics. This rich dataset was sourced from EMRs
and laboratory reports, ensuring a robust and multifaceted approach to data col-
lection.

Data were gathered from multiple cancer care institutions across Tanzania to
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enhance the reliability and applicability of the research findings. This collabora-
tive effort has strengthened the diversity of the sample and enhanced the general-
izability of the results, making the findings more applicable to a broader patient
population.

The insights gained from this enhanced research methodology are expected to
improve BC patients’ outcomes in Tanzania significantly. They will also inform
the development of personalized treatment strategies tailored to individual pa-
tients’ specific needs and conditions, ultimately fostering better regional

healthcare practices.

4.2. Limitations of the Study

The predictive model presented in this study holds significant potential for en-
hancing the precision of clinical decision-making in Tanzanian BC patients. Fur-
ther research should involve refining the model with additional data, exploring

novel risk factors, and incorporating advancements in ML techniques.

5. Conclusion

We have successfully developed a risk prediction model and implemented early
recommendations strategies to reduce postoperative recurrence rates in BC pa-
tients in Tanzania. This model has the potential to assist clinicians in enhancing
the precision of decision-making and improving the overall management and
prognosis of BC patients in the country. Further research should involve refining
the model with additional data, exploring novel risk factors, and incorporating

advancements in ML techniques.
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Focus on local factors affecting patient prognosis and recurrence risk to im-
prove patient care.

This research proposes early recommendations strategies based on risk pre-
diction results. These strategies may include personalized treatment plans,
enhanced follow-up protocols, and patient education initiatives to improve
outcomes in high-risk populations.

Enhance outcomes, survival rates, and quality of life for high-risk breast can-

cer patients.

It contributes to global cancer research, especially in low-income countries, and

can serve as a foundation for future research in similar contexts.
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