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Introduction: one of the foremost usual methods for evaluating breast cancer is the 
removal of axillary lymph nodes (ALN) which include complications such as edema, 
limited hand movements, and lymph accumulation. Although studies have shown that the 
sentinel gland condition represents the axillary nodules context in the mammary gland, 
the efficacy, and safety of the guard node biopsy need to be evaluated. Subsequently, 
predicting axillary lymph node status before sentinel lymph node biopsy needs regular 
clinical data collection and would be supportive for oncologists and could keep the 
clinicians away from this strategy. Predictive modeling for lymph node statues may be 
one way to diminish the axillary lymph node dissection (ALND) and consequences.
Methods: The database used in this study was provided by Clinical Research Department, 
Breast Cancer Research Center, Motamed Cancer Institute (ACECR), Tehran, Iran. It 
contains clinical and demographic risk factors records of 5142 breast cancer patients 
from which a total of 38 features were selected. We performed modeling; based on six 
data mining algorithms (Decision Tree, Nave Bayesian, Random Forest, Support Vector 
Machine, Fast Large Margin, and Gradient Boosted Tree (GBT)). For evaluating the 
model, we used 10-fold cross-validation in Rapid Miner v9.7.001.
Results: The results showed that the GBT model has a higher ability to predict lymph 
node metastasis than other models with an receiver operating characteristic (ROC) of 
97%, a sensitivity of 96.59%, an accuracy of 90%, and specificity of 81%
Conclusions: Obviously, we have to diagnose cancer with a needle biopsy before 
surgery. Used data mining predictions and use of them to create a clinical decision 
support system for predicting cancer and lymph node statuses can help physicians and 
pathologists make the best decision for a patient's ALN surgery.
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Breast cancer is the most common cause of cancer-
related mortality in developing countries and also 
the fifth leading cause of death worldwide [1]. Five 
years after diagnosis, a survival rate of 88% was 
estimated; while it decreased to approximately 80% 
after 10 years from diagnosis [2]. In recent years, 
breast cancer surgery has evolved from an aggressive 
approach to a conservative method. sentinel lymph 
node biopsy (SLNB); as a standard method and 
an alternative to axillary lymph node dissection 
(ALND), was used for determining the breast cancer 
dissemination in patients with clinically node-
negative axilla [3]. One of the diagnostic problems 
is the positive involvement of the ALNs despite the 
false-negative laboratory results which is of special 
importance because when the positive lymph node 
involvement is not diagnosed, appropriate treatment 
may not be applied to the patient [4]. The risk of 
missing metastases; using SLNB can range from 0% 
to 22% with a false-negative rate of 10% [5]. SLNB 
specifically examines the axillary sentinel nodes, so 
differences in primary tumor sites lead to significant 
changes in false-negative rates [6, 7]. On the other 
hand, it is not wise to perform an SLNB biopsy for 
patients with negative lymph nodes involvement. 
In studies with internal mammary node biopsies, 
approximately 7.8% of patients with negative 
axillary nodes had positive internal mammary 
biopsies [5]. Thus, to reduce breast cancer axillary 
surgery as a therapeutic strategy, other techniques 
may be applied to diminish surgical cases. 
Therefore, the use of machine learning techniques 
on diagnostic data has helped physicians to find the 
details covered in the laboratory and screening data 
[6-12]. Furthermore, breast cancer surgery-related 
lymphedema (BCRL) is one of the most common 
and persecutor complications among patients, 
whether they have ALND or SLNB. However, 
patients who have undergone ALND surgery are at 
higher risk for this complication. BCRL can cause 
edema, pain, immobility, and a feeling of heaviness 
in the upper limbs which in turn reduces the quality 
of life of patients, Therefore, predicting the status of 
breast cancer lymph nodes can prevent unnecessary 
surgeries [13]. Using clinical and pathological 
factors for predicting ALN metastasis before 
surgery and lymph node resection will not only 

help oncologists to make early detection and early 
management but will also help patients; especially 
those at higher risk [3, 14]. One of the solutions 
used in predicting and improving medical 
decisions is to identify and exploit patterns and 
relationships and discover the required knowledge 
among a large number of variables by machine 
learning algorithms. In this way, false-positive 
and false-negative decisions could be reduced. 
Therefore, unnecessary biopsies could be reduced 
and save time and money [2]. The purpose of this 
study was to evaluate the performance of some 
common and useful DM algorithms for early 
prediction of lymph node status in patients with 
primary breast cancer and estimate the likelihood 
of ALN involvement when applied to a local and 
valuable dataset.

METHODS
Dataset and Data Pre-Processing
The dataset consists of 5142 records from 2010 to 
2021 obtained by the Clinical Research Department, 
Breast Cancer Research Center, Motamed Cancer 
Institute (ACECR), Tehran, Iran. The dataset includes 
more than 100 features; including demographic and 
clinical-related features. After reviewing the articles 
and consulting with cancer experts, we selected 37 
characteristics and variables related to the condition 
of the lymph nodes from this database to model 
them. The importance of each of them is shown in 
Figure 1. 

Figure 1:  Normalized Weights of Different Factors; Affecting 
Axillary Lymph Node (ALN) by Information Gain Ratio Index
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In this database, the number of patients with lymph 
node metastasis was 3,085 (60%) and the number 
of patients without lymph node metastasis was 

INTRODUCTION
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2,056 (40%). Features with many missing values (at 
least 70% missing values) were removed. Missing 
values of other features replaced with 10-NN Rapid 
Miner methods (e.g., MISSING value for nominal 
features). In addition, features with high stability 
values (at least 90%) were removed. The body 
mass index (BMI) was calculated; using weight and 
height features. The values were normalized; using 
Z-transformation. The final dataset features are 
shown in Table 1.

Modeling and Evaluation
After data preprocessing, prediction models 
were built, using machine learning classification 
methods based on the number of related features 
on the database and regulating specific parameters 
to the models. Six classification methods were used 
in this study. For modeling and evaluation, Rapid 
Miner v9.7.001 was utilized. Gradient Boosted 
parameters were consisted of learning rate include 
(0.01, 0.025, 0.05, 0.1, 0.15, .2), max depth (5, 8), 
min sample split (0.1, 0.5, 12); and Random forest 
parameters were consisted of max depth (10), and 
min sample split (5,10). In the first step, factors 
normalized weights of factors affecting the ALN 
were calculated by Information Gain Ratio Index 
[15]. A multiple set of machine learning was used 
to generate a model for predicting ALN presence. 
Classification represents patterns in data that 
indicate whether an item belongs to a particular 
class of data. In Figure 2, a modeling diagram 
has been shown. To predict metastatic lymph 
node involvement in this study, the following 
classification methods were applied.

Figure 2:  Modelling Diagram for Machine Learning 
Classification Algorithm
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Decision Tree
The decision tree provides a simple way to display 
the impact of each event or decision, through 
classification [16]. The items in the data warehouse 

help the mining process and facilitate the creation of 
the forecasting model by continuously breaking the 
data set into smaller and more specific groups [17]. 

Naïve Bayes
Classification based on Naive Bayes uses a possible 
framework to solve early prediction or diagnosis 
problems and the assumption is that each attribute 
has an independent effect on the class [18].

Random Forest
Random forest; as a supervised model, helps to 
draw data to outputs during the model creating step. 
During training, data are given to the model during 
the training, data is given to the model to provide a 
suitable model for predicting [19]. The model offers 
the correlation between the data and the values that 
the user wants to predict. This algorithm builds a 
forest randomly.  The constructed “forest” is a group 
of “Decision Trees”. The constructed “forest” is a 
group of “Decision Trees”. The construction of the 
forest; using trees is often done by the procedure of 
“bagging”. The main idea of the bagging method 
is that a combination of learning models enhances 
the overall results of the model. In other words, a 
random forest merges several decision trees to make 
more precise and stable predictions [20].

Support Vector Machine (SVM)
The use of linear support vectors in classification 
problems is a new approach that in the training 
phase tries to select the decision boundary in such 
a way as to maximize the minimum distance with 
each of the desired classes [21].

Fast Large Margin
The Fast-Large Margin operator applies a rapid margin 
learner; based on the linear support vector learning. 
However, the outcome is similar to those delivered by 
classical SVM or logistic regression execution, this 
linear classifier is capable to work on data set with 
millions of instances and characteristics [22].

Gradient Boosted Trees (GBT)
GBT method is one of the best learning algorithms 
and handles many datasets with great accuracy GBT 
uses decision trees as the base learner and sums the 
predictions of a series of trees. At each step, a new 
decision tree is trained to fit the residual between 
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Table 1: Final Dataset Features
Feature Name Description Type Values

NO. RT Course of radiotherapy Clinical Cancer treat-
ment

Yes=1; No=0

AGE.DIAG Age at diagnosing Demographic <100

AGE.MENOP Age of menopause Demographic 40-70

FIRST.PREGNANCY Age at first pregnancy Demographic >30=1; <30=0

AGE.MENARCH Age of menarche Demographic <12=1;  >12=0

BMI Body mass Demographic Underweight (< 18.5)=0; Normal (18.5-24.9)=1; Over-
weight (25.0-29.9)=2; Obese (≥30.0)=3

LACTATION Breastfeeding status Demographic Yes=1; No=0

MARITAL Marital status Demographic Single=1; Other=1

F.H.BC Family history of breast cancer Demographic No=0; First degree (1 person)=1; Paternal second de-
gree=2; Paternal third degree=3

OCP.USE Duration of OCP use Demographic Duration, mo=1: No=0

EDUCATION Academic education Demographic Yes=1; No=0

LIFE-EVENT life event statues Demographic Yes=1; No=0

SMOKING Smoking status Demographic Yes=1; No=0

HORMONE Hormone therapy Demographic Yes=1; No=0

RT Radiotherapy Clinical cancer treat-
ment

Yes=1; No=0

CHEMO Number of chemotherapies Clinical cancer treat-
ment

Yes=1; No=0

TYPE.CHEMO Type of chemotherapy Laboratory neo adjuvant=0; adjuvant=1

T Tumor size Laboratory <2 cm=1; 2-5 cm=2; >5 cm=3

STAGE Staging Laboratory Stage I, Stage II, Stage III, Stage IIV, Stage IVB, Stage 
IVC

CXR Metastasis work up Laboratory Yes=1; No=0

BONE SCAN Metastasis work up Laboratory Yes=1; No=0

KI67 Ki67 mutation Laboratory Negative=0; Positive=1

CHEMO.1 Chemotherapy regimen Laboratory Yes=1; No=0

SURGERY Type of surgery Laboratory MRM right=0; MRM left=1; BCS RT=2; BCSLT=3

LOCATION Tumor location Laboratory Uoq=1; Uiq=2; Loq=3; Liq=4; Central (nipple areole)=5; 
Axilla=6; Medial half=7; Multi focal=8; Multi centric=9

CC Chief complaint Laboratory Mass or thickening=1; Skin symptom=2; Others=0

G Grade Laboratory G1=1; G2=2; G3=3

NO. BIOPSY Pathology of biopsy Laboratory Lobular carcinoma insitu=0; Ductal carcinoma insitu=1; 
Ductal carcinoma insitu=2; Invasive lobular carcinoma=3; 
Medullary=4; Micro invasion=5

PERSONAL.BC Personal breast cancer Laboratory Yes=1; No=0

HER2 Her2 Laboratory 1+=1; 2+=2; 3+=3

ER Estrogen receptor Laboratory Negative=0; Positive=1

PR Progesterone receptor Laboratory Negative=0; Positive=1

P53 P53 mutation Laboratory Negative=0; Positive=1

HRT Duration of HRT use Clinical Cancer treat-
ment

Duration, mo=1; No=0

HYSTERECTOMY History of hysterectomy or oo-
phorectomy bilateral with or 
without hysterectomy

Laboratory Yes=1; No=0

MAMMO Breast imaging-reporting and 
data system (BI-RADS)

Screening Benign findings=0; Suspicious finding=1; Malignancy=2

SONO Breast sonography Screening Benign findings=0; Suspicious finding=1; Malignancy=2

CLASS Lymph node Involvement  Laboratory Yes=1; No=0
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ground truth and current prediction. This work 
causes the model to focus more on complex cases 
and less on issues that are easy to predict. Therefore, 
this method has better results than many methods 
such as the linear regression method and bagging 
method [23].

RESULTS
Factors’ weights affecting ALN that were calculated 
by Information Gain Ratio Index are shown in 
Figure 2. The staging, course of radiotherapy, age 
of menopause, and the number of chemotherapies 
were the four features with the most weight on 
ALN presence. To evaluate models and select the 
best model, we considered the accuracy, sensitivity, 
specificity, and Receiver Operating Characteristic 
(ROC) indicators. Sensitivity ascertains the 
amount of positive and accurate predictions of a 
classification algorithm among examples that are 
positive [24].

Equation 1: 

 Where TP is the number of positive data labels 
correctly classified, TN is the number of negative 
data labels correctly classified, FP is the number 
of negative data labels mistakenly classified, FN 
is the number of positive data labels mistakenly 
classified.

Receiver Operating Characteristic (ROC) Analysis
The ROC curve is a graph that measures the 
accuracy of the model prediction on a Cartesian 
coordinate. The y-axis represents the correct 
positives (sensitivity) and the x-axis represents the 
correct positives (1- Specificity). The larger the 
surface number below the ROC curve diagram of 
a larger category, the better the final performance 
of that category [25]. The performance evaluation 
of models is shown in Table 2. In general, the GBT 
showed higher accuracy and AUC in comparison 

with the other models.  The ROC curve of this model 
is shown in Figure 3.

Figure 3:  Receiver Operating Characteristic of Six 
Classification Models
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DISCUSSION 
In this study, some of the common machine learning 
algorithms were used to predict axillary lymph node 
involvement status in 5142 records of patients with 
invasive breast cancer; incorporating their clinical 
characteristics. Decision Tree, Naïve Bayes, Random 
Forest, SVM, Fast Large Margin, and Gradient 
Boosted were used. ROC analysis was used to 
evaluate the predictive models’ performance. Most 
of the 6 models acceded high AUCs and all machine 
learning-based models (with AUCs; ranging from 
0.885 to 0.963) had acceptable performance. In our 
study, most of the machine learning-based models 
that we developed could not indicate the association 
of predictive variables and the outcomes. By feature 
selection, the contribution of each feature to the 
models could be evolved. We found that the most 
weighted features for ALN metastasis include the 
stage of the tumor, course of radiotherapy, age 
of menopause, and the number of chemotherapy 
(Figure 1).  The tumor stage has the highest priority 

Table 2: Performance Comparison of Different Models for Predicting Axillary Lymph Node (ALN) Presence
Model Accuracy, % AUC Sensitivity, % Specificity, %

Decision Tree 90.75±0.43 0.885±0.006 99.43±0.56 1.00±0.82

Naïve Bayes 82.27±3.20 0.892±0.025 82.93±4.23 81.22±5.46

Random Forest 90.96±2.99 0.942±0.013 98.58±1.06 79.00±7.36

SVM 86.66±2.22 0.910±0.029 92.39±1.80 77.66±6.99

Fast Large Margin 87.61±3.57 0.934±0.024 90.47±4.17 83.14±6.42

Gradient Boosted Trees 90.98±2.54 0.963±0.022 96.68±2.03 81.31±6.60
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in the predictor’s features; while in one study there 
was no significant correlation between tumor stage 
and lymph node metastasis [16]. In the study of 
Samiei et al., random forest models were used to 
evaluate axillary under MRI analysis for prognosing 
ALN metastases and showed that AUC values were 
between 0.41–0.74 [26]. Early age at menarche has 
a significant effect on breast cancer and lymph node 
involvement because patients have more exposure 
to the estrogen hormone. Also, our findings showed 
that age at menopause is associated with lymph 
node involvement and survival which is consistent 
with the Korzeniowski study [17]. Meanwhile, some 
studies did not show any relation between these 
two factors [18-21]. Some studies mentioned that 
radiotherapy [22, 23] and chemotherapy [24, 25] are 
known as well-defined risk factors for lymphedema 
development. However, some other studies did 
not support this finding [27, 28]. However, in our 
study, these features were considered to be among 
the most effective risk factors. According to a 
recent meta-analysis, moderate evidence supports 
an association between adjuvant therapy (radiation 
and chemotherapy) and lymph node metastasis [28]; 
confirming our results.
In another study, it was stated that adjuvant therapy 
was not a significant risk factor for BCRL [29]. It 
seems, achieving more confidence in the role of 
adjuvant therapy in BCRL can provide a basis for 
further studies. Takada et al., proposed the AD Tree 
model and selected 15 of 24 clinic pathological 
variables. Their database contained 465 records of 
patients being referred for biopsy and their analysis 
revealed that the AUC was 0.77 for the prediction of 
ALN metastasis [14]. The rate of lymph involvement 
in women with breast cancer gradually increases 
from the age group of young premenopausal women 
to postmenopausal women. In the study of Li Q et 
al., 2,395 breast ultrasound images of 479 breast 
cancer patients were evaluated with deep learning 
the results of which showed AUCs of 0.940/0.886 
when age features were selected [4]. Various studies 
have shown that increasing age increases the risk of 
lymph node involvement. This risk is much higher 
in women aged over 65 to 70 years old. However, 
younger women have a lower risk of lymph node 
involvement [30, 31]. Older age was identified as a 
predictor for ALN metastasis [3]. In our findings, old 
age ranks as the sixth important risk factor.  In recent 

years, the first pregnancy occurs at an older age. 
Thus, the duration of estrogen exposure for women 
has increased. This clearly shows the link between 
high gestational age and an increased risk of breast 
cancer and lymph node involvement [17]. The size 
of the tumor was one of the most common factors 
in ascertaining ALN involvement status in patients 
with breast cancer in a previous study [16]. Similar 
to our study, they showed a correlation between 
tumor size and lymph node axillary metastasis. For 
this reason, it is best for people with breast cancer 
to be screened regularly so that complications such 
as lymph node involvement could be prevented, at 
least in the early stages and when the tumor size is 
small [16]. A linear correlation linearly was shown in 
Sopik’s study; showing that very large tumors have 
little correlation with lymph node metastasis [32]. In 
a study by Liu Z p53 and ki67 were evaluated; while 
ki67 was statistically related to lymph vascular 
invasion [33].
Some studies mentioned that BMI directly affects 
lymphedema [23, 25, 34, 35]. In our study, this feature 
is one of the top ten features in predicting metastasis 
as well. A noteworthy point in previous studies is that 
the presence of high BMI in perimenopause causes 
the ovulation cycle and thus reduces the negative 
effects on breast tissue and lymph nodes. In contrast, 
with a high BMI after menopause, the likelihood 
of estrogen secretion by adipose tissue increases 
may result in increased adverse effects on breast 
tissue and lymph nodes [17]. Similar to the results 
of the current investigation, Edwards TL identified 
identified that tumor location was associated with 
lymph node metastasis [35]. Progesterone receptor 
status is correlated with ALN involvement [36, 
37], as confirmed by artificial neural network-
based models [36]. However, we achieved reverse 
results by using ML models in this study. In other 
studies, estrogen, progesterone, or HER-2 receptor 
status were not consistently related to lymph node 
status [26, 38, 39]. Nowadays the ML algorithms 
have been noted for their appropriate performance.  
ML algorithms can achieve better accuracy and 
specificity even in comparison to the opinions of 
experts and specialists panel [36]. In the study of 
Zhou CM et al., lymph node metastasis for patients 
with a history of intramucosal gastric cancer was 
predicted; using machine learning algorithms the 
results of which revealed an AUC value of 0.80 with 
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the Random Forrest algorithm [37] which is less 
than the present value. In another study conducted 
by Arefan D et al., the Random Forest algorithm 
was shown to have the highest accuracy, AUC and 
accuracy were 0.81 [38]. The value of the AUC 
of Random Forrest in another study performed by 
Arefan (0.74) is less than the results obtained in the 
current study [38]. Other algorithms; including SVM 
and Naïve Bayes had fewer values in comparison 
with our results as well. Although they extracted 
three features for preoperative breast DCE-MRI 
radionics to distinguish ALN status. Wang J et al., 
used ResNet50 to diagnose lymph node metastases 
that had higher ACC (99.98) and AUC (100). 
However, digital histopathological microscopic 
scans were used in this study [15].
Our study has some limitations. Because of 
retrospective data, some biases such as selection 
and measurement biases are unavoidable. Further 
studies; using different models and algorithms on 
different data sets are needed.
We used six models for lymph node feature analysis 
that were shown to have sufficient ability to predict 
breast cancer lymph node metastasis. We believe 
that the approach used here could be embedded in 
CDSS and provide useful information to aid clinical 
decision-making before starting treatment.
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