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Invasive Lobular Carcinoma (ILC) is a type of breast cancer that forms in the lobules of the breast and is characterized
by small, non-cohesive cells that invade surrounding tissues in a unique pattern. Invasive Lobular carcinoma mostly affects
women compared to men. Various techniques are available to detect the presence of ILC, like mammography, Ultrasound,
and MRI. Invasive lobular carcinoma is not present in a mass, making it difficult to detect ILC in some imaging techniques.
Machine learning (ML) techniques are being used to improve the prediction and diagnosis of ILC. It involves data collection
from electronic health records, imaging studies, and genomic data from Kaggle, and using different models, such as
supervised learning and unsupervised learning, to predict ILC. In this current study, various algorithms have been used to
predict and improve the accuracy and precision level of ILC diagnosis. Results found that Elastic Net and Logistic
Regression have shown higher accuracy. ML is very useful for radiologists, oncologists, and patients in early-stage
prediction of ILC, which is helpful in personalizing treatment plans.
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Different types of breast cancer include Invasive
Ductal Carcinoma, Invasive Lobular Carcinoma
(ILC), Ductal Carcinoma In Situ, Lobular Carcinoma
In Situ, and Inflammatory Breast Cancer (IBC)'2.
ILC, which originates from the milk-producing
lobules of the breast, is noted to be the most common
type of breast cancer. It spreads from lobules to other
parts of normal tissue through the blood and lymph
systems®*. Symptoms of ILC may first manifest as a
thickening or hardening of the breast, although many
women with ILC exhibit no visible symptoms. Other
signs include changes in breast size, nipple swelling,
and breast irritation. Various imaging techniques are
available to detect the presence of carcinoma;
however, due to the thickening or hardening of
connective tissue, it is often difficult to identify ILC,
as it does not typically present as a discrete mass®”’
The diagnosis involves thorough evaluation of
imaging studies, clinical assessments and biopsies.
The healthcare providers also consider the complete
medical history, including any lumps in the breast,
abnormal changes in shape or size, or discharge from
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the nipple, in diagnosis. The thorough physical
examination will assess abnormalities in bone and
lymph nodes®’. Further detailed examination of tissue
or fluid through mammography, ultrasound, and MRI,
and fine-needle aspiration (FNA) could be used to
obtain imaging modalities. However, histopathology
and immunohistochemistry studies are crucial for
characterising the cancer cells and validating the
diagnosis'’. Inconsistencies in subtle growth patterns,
imaging limitations and the inter-observer variability
among clinicians were observed in diagnosis'’!2. This
variability is due to the limited knowledge, inadequate
training among healthcare workers and inadequate
screening procedures. ILC typically shows a diffuse,
non-mass-forming growth pattern, making it less
detectable on mammograms. Machine learning (ML)
is an evolving field in artificial intelligence that
involves training machines and perform functions
using algorithms and statistical models, without
plainly written computer programs. Such systems are
trained by analysing data sets to make predictions and
improve performance over time'>'4. Supervised,
unsupervised, semi-supervised, and reinforcement
learning are some common forms of machine learning
approaches these employing algorithms like linear
regression, decision trees, random forests, support
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vector machines (SVM), and neural networks.
Though they offer substantial potential for innovation
and efficiency in healthcare, the complexities of these
systems can pose few challenges'>'®. This current
research aims to develop and refine machine learning
algorithms to achieve high accuracy in diagnosing
Invasive Lobular Carcinoma (ILC) by incorporating
various algorithms to improve early detection rates
and reduce diagnostic errors.

Materials and Methods

Dataset extraction

The relevant datasets were extracted from Kaggle
(https://'www.kaggle.com/). The datasets were filtered
based on dataset type, number of kernels, and how
recently they were uploaded. Then, the promising
datasets were chosen and downloaded in CSV or JSON
format.

Data cleaning/set enrichment

The main focus of the data cleaning is to identify
the feature, that makes inconsistencies in the provided
data, correcting the inaccurate values. In this process,
duplicate rows/columns and the rows/ columns having
null values have been removed. Data consistency was
verified to ensure all the columns have consistent
data. Grouping of the data or group aggregation is
done, which helps in increasing the predictive power.
Highly correlated data has been removed, because it
complicates further process. Resampling and
class weight adjustments are done to handle the
imbalanced data'”.

Dataset pre-processing

The data have been split into training and testing
sets. “The Unnamed” column with missing values has
been removed or cleared. The data has been converted
from the categorical form into the numerical values.
For example, in the data if “M” is given it will be
converted to “0”, if “F” is given it is converted to “1”.
Another crucial step is finding the outlier and,
handling the outlier in the given numerical data.
Selection of the feature is important. The most
significant features must be selected and the given
data is split into training and testing. Training the data
is 70% and testing the data is 30%'%20.

Correlation matrix

Correlation heatmaps are important in determining
which variables may potentially cause
multicollinearity that would damage model integrity.
It is a graphical illustration of how each variable in
the dataset correlated with its peers (Fig. 1). Brighter
colours-for example, red indicate a stronger positive
correlation, and darker colors, for example, blue
indicate a stronger negative correlation. The diagonal
line in a correlation heatmap is usually a solid line or
the highest intensity on the colour scale, indicating
how every variable is perfectly correlated with itself,
equal to 1. This would be seen such that features are
columns and their importance scores are coloured.
This is important for identifying the most relevant
features for a given task. A correlation degree of -1
implies a zero-degree correlation and a degree of 1
implies a perfect correlation!-?2,
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Fig. 1 — Correlation matrix heat map in the diagnosis of Invasive Lobular Carcinoma using Machine learning

Histogram analysis

A histogram is a graphical representation of a
grouped frequency distribution with continuous
classes. It is an area representation and is described as
a collection of blocks whose bases correspond to the
intervals between the class boundaries and whose
areas correspond to the frequency in the
corresponding classes. For similar donations, all
blocks are congruent, as the base covers the intervals
between the class boundaries. The heights of the
blocks are appropriate to the corresponding frequency
of the analogous classes, and for different classes, the
heights are appropriate to the corresponding
frequency densities. The intervals that divide the
range of the data are called lockers. The range of the
lockers can change the appearance of the histogram.
A wider caddy helps to remove noise and reveal more
general patterns, but narrow lockers inevitably lead to
further noise or variability. The number of data points
that fall into each of the lockers is called the
frequency and is shown in (Figs. 2-4).

Machine learning algorithms

In this current research, the following supervised
and unsupervised learning approaches were employed
in the diagnosis of ILC based on various features®?’.
Linear Regression, Logistic Regression, Random
Forest, Decision Tree, Support Vector Machine
(SVM), K-Nearest Neighbor algorithm (KNN),
Neural Network, Gradient Boosting, Gaussian Naive
Bayes, Stochastic Gradient Descent Classifier
(SGDC), Elastic Net, Principal Component Analysis
(PCA), t-Distributed Stochastic Neighbour
Embedding (t-sne), Linear Discriminant Analysis
(LDA), Lasso regression, Adaptive Boosting.

Model training and testing

Training a model is a process by which a machine-
learning model is constructed to identify patterns in
data. This process uses a training dataset to calibrate
the parameters of the model. A labelled example in
the training dataset- those used to instruct this model
as it learns- consists of features and the respective
output that those features map to. The quality and
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Fig. 2 — Bar graph representation of Histogram analysis in the diagnosis of Invasive lobular carcinoma using Machine learning

quantity of the training data have a major influence on
how well the model works. Overfitting refers to the
training data being fit too tightly by the model so that
it learns noise rather than the underlying patterns.
Poor performance on unseen data will be the outcome.
Underfitting occurs when the model performs poorly
even when training data is used because it is too
simplistic to reflect the underlying structure of the

data. Model testing checks the learned model's
performance on another separate dataset that it has
never encountered, called a testing dataset. This helps
in estimating how well the model generalises to new
data. A testing dataset forms a part of the original data
distinct from the training dataset. It should be
representative of the problem space to properly assess
the performance of the model**%.
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Fig. 3 — Frequency range of histogram analysis in the diagnosis of Invasive lobular carcinoma using Machine Learning

Model evaluation

Confusion Matrix

The confusion matrix is a tabular representation of
the performance of a classification algorithm,
summarizing true positives, false positives, true
negatives, and false negatives. The confusion matrix
is hugely helpful for binary and multi-class
classification problems.

True Positives (TP): The number of rightly
predicted positive instances.

True Negatives (TN): The number of instances that
were correctly classified as negative.

False Positives (FP): Mis-classified number of
negative cases as positive (Type I Error).

False Negatives (FN) is described by the number of
true positives is misclassified as false negatives and
this represents type II error.

The metrics including accuracy, precision, recall,
and Fl-score were used to assess the model. This is
important to evaluate how effectively the model
differentiates ILC from other conditions.

Accuracy is determined by calculating the ratio of
correct predictions to the overall number of
predictions made and this describes how frequently a
model produces correct predictions.

ACCURACY=(TP+TN)/(TP+FP+FN+TN)

Precision shows how many of the instances that the
model identified as positive are indeed positive and it
is determined by calculating the ratio of true positives
to the total of true positives and false positives.

Precision=True Positives Positives

(FP)+True Positives (TP)

(TP)/False

The recall refers to the proportion of actual positive
instances that the model correctly identifies. It is
determined by calculating the ratio between true
positives to the sum of true positives and false
negatives.

Recall = True Positive (TP) / True Positive (TP) +
False Negative (FN)
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Fig. 4 — Confusion matrix analysis: (a) Linear regression; (b) Logistic regression; (c) Random forest; (d) Decision tree; (e) SVM;
(f) KNN; (g) Neural network; (h) Gradient boosting; (i) Gaussian naive bayes; (j) SGDC; (k) Elastic net; (1) PCA; (m) t-sne; (n) LDA;

(o) Lasso regression; and (p) Adaptive boosting

F1-Score is a metric that balances precision and
recall, offering a single measure of a model's
performance. It is determined by calculating the
harmonic mean of precision and recall, treating both
metrics with equal importance.

F1 =2 x (precision * recall) / (precision + recall)

Results and Discussion

The performance of various machine learning
models was tested by reporting their accuracy rates in
making outcome predictions. Summarizes the

accuracy rates of models analyzed in this study. By
performing a Confusion Matrix for each Machine
Learning Algorithm (ML) for diagnosing Invasive
Lobular Carcinoma (ILC), different metrics such as
accuracy, precision, recall, and Fl-score were
obtained. The accuracy level we obtain for ILC using
Machine Learning (ML) is increased from the
previous work done*. Confusion matrix for ILC using
Linear Regression showed TP=71, FP=0, FN=3,
TN=40. Linear regression obtains an accuracy level of
97% (Fig. 4a). Confusion matrix for ILC using
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Logistic Regression showed TP=70, FP=1, FN=1,
TN=42 (Fig. 4b). Logistic regression obtains an
accuracy level of 98%. Confusion matrix for ILC
using Random Forest showed TP=71, FP=3, FN=40,
TN=96. Random Forest obtains an accuracy level of
96% (Fig. 4c). The confusion matrix for ILC using the
Decision Tree showed TP=68, FP=3, FN=3, TN=40.
The decision tree obtains an accuracy level of 95%
(Fig. 4d). Confusion matrix for ILC using a Support
Vector Machine (SVM) showed TP=69, FP=2, FN=2,
TN=41. Support Vector Machine (SVM) obtained an
accuracy level of 96% (Fig. 4e) Confusion matrix for
ILC wusing K-Nearest Neighbor (KNN) showed
TP=67, FP=4, FN=2, TN=41. K-Nearest Neighbor
(KNN) obtained an accuracy level of 94% (Fig. 4f)
Confusion matrix for ILC using Neural Network
showed TP=69, FP=2, FN=1, TN=42. Neural
Networks obtained an accuracy level of 97% (Fig.
4g). Confusion matrix for ILC wusing Gradient
Boosting showed TP=69, FP=2, FN=3, TN=40.
Gradient Boosting obtained an accuracy level of 96%
(Fig. 4h). Confusion matrix for ILC using Gaussian
Naive Bayes showed TP=68, FP=3, FN=1, TN=42.
Gaussian Naive Bayes obtained an accuracy level of
96% (Fig. 4i). Confusion matrix for ILC using
Stochastic Gradient Descent Classifier showed
TP=70, FP=1, FN=1, TN=42. The stochastic Gradient
Descent Classifier obtained an accuracy level of 98%
(Fig. 4j). The confusion matrix for ILC using the
Elastic Net Model showed TP=71, FP=0, FN=I,
TN=42. The Elastic Net Model obtained an accuracy
level of 99% (Fig. 4k). Confusion matrix for ILC
using Principal Component Analysis showed TP=69,
FP=2, FN=1, TN=42. Principal Component Analysis
obtained an accuracy level of 97% (Fig. 4l).
Confusion matrix for ILC wusing T-distributed
Stochastic Neighbor Embedding showed TP=66,
FP=5, FN=1, TN=42. T-distributed Stochastic
Neighbor Embedding obtained an accuracy level of
95%. (Fig. 4m). Confusion matrix for ILC using
Linear Discriminant Analysis showed TP=71,
FP=0, FN=3, TN=40. Linear Discriminant Analysis
obtained an accuracy level of 97%. (Fig. 4n).
The confusion matrix for ILC using Lasso Regression
showed TP=69, FP=2, FN=1, TN=42. Lasso
Regression obtained an accuracy level of 97%
(Fig. 40). Confusion matrix for ILC using Adaptive
Boosting  Classifier showed TP=69, FP=2,
FN=3, TN=40. The Adaptive Boosting Classifier
obtained an accuracy level of 96% (Fig. 4p). The

results show the importance of proper model selection
concerning their application based on the performance
metrics.

Different types of machine learning models for the
prediction of Invasive Lobular Carcinoma (ILC) have
been analyzed to yield promising results, thus
stamping the effectiveness of these techniques toward
increasing the accuracy of diagnosis. The accuracy
rates obtained in this current research using different
algorithms have shown significant improvements
compared with existing studies. Therefore, it
demonstrates the significance of machine learning and
its applications in medical diagnostics. The Linear
Regression model was highly accurate at 97%, the
confusion matrix showed good performance with 71
true positives, 40 true negatives, 3 false negatives, and
no false positives. Similarly, no significant variation
between the Logistic Regression and the Linear
Regression. It has a small margin of difference with
an accuracy of 98%. This shows that Logistic
Regression is perfect in binary classification problems
and the model will be very useful in medical
diagnostics, where a high price might be lost by
misclassification. Random Forest is another strong
model that showed 96% accuracy (Fig. 5). Though it
is not as good as Logistic Regression, this model still
performed well and showed lots of potential for being
robust in complex data through its ensemble
approach. The Decision Tree model showed good
prediction accuracy of 95% however, it provides more
false positives and negatives. It may thus be more
prone to overfitting or more sensitive to noise in the
data. 96% and 94% accuracy were obtained in SVM
and KNN models, respectively. Overall, the
performance of the SVM model indicates that this
model can accommodate non-linear decision
boundaries, an important aspect of cancer diagnosis.
The poorer accuracy in KNN may be due to its
susceptibility to irrelevant features and the curse of
dimensionality, where distance metrics are no longer
meaningful in high-dimensional spaces. Both Neural
Networks and Elastic Net demonstrated very
impressive accuracies in their respective fits, so good
that we can consider them to be potential candidates
for sophisticated pattern recognition in medical
datasets. As expected, the Elastic Net Model proved
to be the closest in terms of accuracy, hence again
proof of the effectiveness of lasso and ridge
regression techniques put together with regularization
that may help cut off overfitting. All three models,
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Gradient Boosting, Gaussian Naive Bayes, Stochastic
Gradient Descent Classifier, and Linear Discriminant
Analysis-reached 96%, 98%, and 97% accuracy
levels, respectively. The importance that the ensemble
methods and ranking methods bring to predictive
performance underlines the need for the proper
selection of a model pertinent to the specific
application context.

Conclusion

Based on the performance metrics profiled in this
study, while each of the machine learning models has
strengths and weaknesses, a tailored approach that
considers the characteristics of the dataset and the
relevant clinical implications of the diagnostic
outcomes can significantly enhance overall predictive
performance in ILC. Findings support -earlier
unreliable evidence of the importance of model
selection in machine learning-based systems and
provide further avenues for research focused on using
these approaches to enhance clinical decision-making
processes. The future work shall explore the
integration of such models into clinical workflows
and methods for mitigating false positive events with
the ultimate goal of providing enhanced patient care
in the diagnosis of ILC and, by extension, potentially
other cancers.
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