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Abstract

Introduction: Breast cancer metastasis is a major cause of cancer-related death. Accurate
prediction helps doctors make better decisions. This study developed and evaluated tree-
based machine learning models to predict metastasis in Iranian women, using real clinical
data with substantial missing values.

Methods: They looked at clinical records of 8,148 breast cancer patients in Tehran from
1997 to 2020. Variables with over 50% missing data were removed, leaving 4,310
complete cases. They compared Decision Tree, Random Forest, and XGBoost (which
handles missing data well) against K-NN and Naive Bayes (which need data imputation).
They used stratified 10-fold cross-validation to check for overfitting and class imbalance,
and then tested the best models on a separate hold-out set. Performance was measured
using AUC, sensitivity, specificity, accuracy, and F1 score.

Results: Tree-based models worked better than the others. XGBoost had the best
discrimination (AUC = 0.96, accuracy = 99.4%, F1 = 0.96), and Decision Trees were
highly interpretable (sensitivity = 94%, specificity = 96.9%). Even though key predictors
such as tumor size were excluded, other variables, such as hormone receptor status and
age at menarche, allowed for strong predictions. K-NN had very low sensitivity (6%),
and Naive Bayes was inconsistent.

Conclusion: Decision trees and similar models can reliably predict breast cancer
metastasis using incomplete, imbalanced real-world data, provided they are properly
validated. These models are good for places with fewer resources. Future work should
focus on better data collection and imputation methods. This study demonstrates the
utility of interpretable machine learning for cancer applications in underrepresented
populations.
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Introduction

Breast cancer metastasis is a major global health
challenge, responsible for most cancer deaths.
Accurately identifying high-risk patients is
crucial for timely intervention [1]. Machine
learning (ML) shows promise in oncology for
improving prognostic accuracy. However, many
high-performing ML models, like deep learning,
are "black boxes," hindering clinical trust. In
contrast, tree-based models (Decision Trees,
ensemble variants) offer interpretability through
explicit rules, which is critical in oncology [2.3].
Existing ML models often lack generalizability,
as they are frequently trained on Western or East
Asian data and may not represent other
populations like Iranian women, who have
distinct epidemiological and clinical
characteristics that influence metastatic risk [4].
Real-world data from resource-limited settings is
often incomplete, posing challenges for ML
algorithms that typically require complete
datasets or extensive imputation, which can
introduce bias. Tree-based methods have the
advantage of natively handling missing values
and maintaining interpretability [5]. This study
aims to develop and validate interpretable tree-
based ML models to predict breast cancer
metastasis in Iranian women using real-world
clinical data with substantial missingness,
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emphasizing transparency, robustness, and

population specificity.

Materials and Methods

The dataset included 8,148 breast cancer patients
from Tehran (1997-2020) with 18 wvariables.
Variables with over 50% missing values were
excluded, removing predictors like tumor size and
HER?2 status, resulting in 4,310 complete cases
for model development. The retained variables
included biologically relevant features, such as
hormone receptor status, age at menarche, and
menopausal status, which are known to correlate
with metastasis. Feature selection involved expert
review and Ll-regularized logistic regression.
The data was split into training (70%) and testing
(30%) sets. Stratified sampling was used to split
the data, and 10-fold cross-validation was used to
address class imbalance, preserving the original
data distribution. Five ML algorithms were
evaluated: Decision Tree [6], Random Forest, and
XGBoost (with native missing-data handling) [7],
and K-Nearest Neighbors (K-NN) [8] and Naive
Bayes (after imputation) [9]. Performance was
assessed using stratified 10-fold cross-validation
and the independent test set, measuring AUC,
accuracy, sensitivity, specificity, and Fl-score,
with emphasis on sensitivity. Figure 1 shows the
general schema for a predictive model.
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Fig 1: General schema for predictive model
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Results

As shown in Table 1, tree-based models
demonstrated robust, reproducible performance
with low fold-to-fold wvariability. XGBoost
achieved  the  highest  discriminative
performance (mean AUC = 0.96), while
Decision Trees offered a good balance of
predictive performance (AUC = 0.95) and
interpretability. Traditional classifiers
performed poorly. K-Nearest Neighbors had
extremely low sensitivity (6%), making it

clinically unsuitable, likely due to imputation
and class imbalance. Despite excluding key
predictors such as tumor size and HER?2 status,
the tree-based models' high performance
suggests that the retained variables (hormone
receptor status, reproductive factors) captured

sufficient

predictors.

prognostic

Table 1: Performance of models for predicting breast cancer metastasis

information.
demonstrates their robustness to missing key

This

Classifier AUC Accurac | Sensitivity Specificity F1 Score
y
K-NN (K=4) 0.53 95% 0.06 0.99 0.11
Naive Bayes 0.94 99% 0.89 0.99 0.88
Decision Tree (Information Gain) 0.95 97% 0.94 0.96 0.81
Random Forest 0.95 99% 0.92 1.0 0.96
XGBoost 0.96 99% 0.92 1.0 0.96
Discussion Improved data completeness for variables like

This study demonstrates the feasibility of
applying ML to real-world clinical oncology
data with substantial missingness. The
exclusion of tumor size (94.4% missing)
highlights data collection limitations, possibly
indicating a Missing Not At Random (MNAR)
mechanism, which supports the use of models
with native missing-data handling over
imputation [10]. Retained variables, such as
hormone receptor status and age at menarche,
provided sufficient prognostic information,
indicating that correlated features can
compensate for missing primary variables, and
that tree-based models leverage them
effectively. Tree-based algorithms
outperformed K-NN and Naive Bayes because
they can handle missing values [6,7]. While
ensemble models like XGBoost had the highest
performance, simpler Decision Trees offered
greater interpretability [2]. These findings
suggest that meaningful predictive models can
be developed in resource-limited settings with
imperfect data [11]. However, models trained
on Iranian data may not generalize to other
populations, necessitating external validation.
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Characteristic | Category Value

Total Patients (N) 4310
Mean (SD) 473 (11.1)

Age at Diagnosis Median [Min, Max] 46.0 [21.0, 89.0]

Age at Menarche Mean (SD) 13.4 (1.5)
Median [Min, Max] 13.0 8.0, 20.0]

Education Level Elementary 486 (11.3%)
High School 1462 (33.9%)
Some College 1303 (30.2%)
University Degree 807 (18.7%)

Marital Status Single 242 (5.6%)
Married 3491 (81.0%)
Other 504 (11.7%)

Breastfeeding Duration

Median [IQR] (months)

42.0[21.0, 72.0]

Never Breastfed (0 months)

248 (5.8%)

Oral Contraceptive Use

Never Used

2404 (55.8%)

Used (Any Duration) 1906 (44.2%)
Median Duration (users only) 30 months
Smoking History Non-Smoker 3692 (85.7%)
Current Smoker 145 (3.4%)
Former Smoker 334 (7.7%)
Personal History of Cancer Yes 1724 (40.0%)
Other Personal History Yes 31 (0.7%)
Body Mass Index (BMI) Mean (SD) 28.2 (4.8) kg/mA?
<18.5 (Underweight) 33 (0.8%)

18.5-24.9 (Normal)

1031 (23.9%)

25-29.9 (Overweight)

1667 (38.7%)

>= 30 (Obese) 1267 (29.4%)
Overall Stage 1 519 (12.0%)
2 1727 (40.1%)
3 1130 (26.2%)
4 310 (7.2%)
Tumor Size <2 cm 814 (18.9%)
2-5cm 2180 (50.6%)
>5 cm 608 (14.1%)
Surgical Margin Status Negative 2564 (59.5%)
Close 134 (3.1%)
Positive 116 (2.7%)

Not Reported/Unknown

1489 (34.5%)

Estrogen Receptor (ER)

Negative

1125 (26.1%)

Positive 2497 (57.9%)
Unknown 688 (16.0%)
Progesterone Receptor (PR) Negative 1281 (29.7%)
Positive 2302 (53.4%)
Unknown 727 (16.9%)
HER?2 Status 0 (Negative) 1426 (33.1%)
1+ (Negative) 321 (7.4%)

2+ (Borderline)

340 (7.9%)

3+ (Positive)

915 (21.2%)

Unknown 1308 (30.3%)
Metastasis Absent 3961 (91.9%)
Present 349 (8.1%)

Va()FE-ve
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Category Risk factors Missing values Proportion of Missing
Values (n=4310)

None Modifiable Risk Age of Menarche 185 0.042923
Factors Age of Diagnosis 17 0.003944

Estrogen Receptor (ER) 688 0.159629

Progesterone Receptor (PR) 727 0.168677

History of Other Cancers 110 0.025522

History of Breast Cancer 94 0.02181
Modifiable Risk Factors Body Mass Index (BMI) 312 0.07239

Smoking 127 0.029466

Education level 179 0.041531

Marital Status 66 0.015313

Oral contraceptive pill (OCP) use | 2168 0.503016

Breastfeeding 501 0.116241
Clinical Pathological Risk Location of tumor 1810 0.419954
Factors Cancer Stage 548 0.127146

Margin of Tumor 1489 0.345476

Tumor size 4067 0.943619

Cancer Type 546 0.126682

Her2 marker 1308 0.30348
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Table 3: Performance of models for predicting breast cancer metastasis

Classifier AUC Accuracy Sensitivity Specificity F1 Score
K-NN (K=4) 0.53 95% 0.06 0.99 0.11
Naive Bayes 0.94 99% 0.89 0.99 0.88
Decision Tree (Information Gain) 0.95 97% 0.94 0.96 0.81
Random Forest 0.95 99% 0.92 1.0 0.96
XGBoost 0.96 99% 0.92 1.0 0.96
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