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Explainable Multi-Omics Al Framework for
Breast Cancer Stage Classification:
Integrating Gene Expression, Proteomics,
and Mutation Data.

Sriram Samala
Student ID: 23338032

1 Introduction

This research aims to present an explainable Al pipeline that performs breast cancer stage
classification using multi-omics data from TCGA-BRCA. The multi-omics data included gene
expression, proteomics, and mutation profiles. The preprocessing, feature selection, and
dimensionality reduction using a deep autoencoder occurred in the same pipeline, as did the
classification using XGBoost. The molecular drivers behind the predictions were interpreted
using SHAP and LIME, which promote clinical trust and future applications of precision
oncology.

2 System Specifications

'@ Device specifications

Device name SRIRAM4422

Processor 11th Gen Intel{(R) Core(TM} i5-11320H @ 3.20GHz (2.50 GHz)
Installed RAM

Device ID S5

Product ID -24548-98996-AA0EM

System type 64-bit operating system, x64-based processor
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Windows specifications

Edition Windows 11 Home Single Language
Version

Installed on

OS build 26100.4770

Experience Windows Feature Experience Pack 1000.2¢

Figure 1. System specifications

Software Used:
e Microsoft excel: Used for custom dataset description.
e Jupyter notebook: Used for all processing and as code runtime environment
e Device: Used to store models, datasets and handle while runtime

3 Dataset specification

The dataset for the current study was obtained from TCGA-BRCA cohort and includes three
omics layers: gene expression measures from RNA-seq, protein abundance values from RPPA
assays, and binary somatic mutation data. All three modalities were aligned by patient ID for
accurate multi-omics alignment. Quality control procedures involved dropping samples or
features with more than 25% missing data, mean imputation for the remainder of the missing
data, and standardization to a common scale. The dataset was preprocessed with approximately
3,500 breast cancer tissue samples and around 20,000 molecular features included after
processing. Clinical stage labels were binarized to categorize as Early (Stage I/Il) and Late
(Stage 111/1V) to inform classification tasks in the Al pipeline.
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Figure 2 : multi omics dataset

4. Project Development

After collecting all data and storing it on a drive or storage place, the jupyter/colab notebook
can be launched. Click on File, followed by Open notebook. As all the code files are stored in
an .ipynb file, it can be opened easily and will contain all previous run results. You can mount
a drive or use the notebook storage space for uploading and accessing the dataset. There is an
option to run one by one or run them simultaneously.

4.1 Importing Library:

All the required Python libraries and packages are displayed in Figure 4. The jupyter notebook
platform comes with several pre-installed versions and libraries. If necessary, please install the
required libraries in your environment. These libraries are freely available and can be easily
installed from the official Python site.

import pandas as pd, numpy as np

from sklearn.model selection import train_test split

from sklearn.preprocessing import Standardscaler

from sklearn.ensemble import RandomForestClassifier

from sklearn.linear model import LogisticRegression

from sklearn.metrics import classification report, confusion matrix
import xgboost as xgb

import shap

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.feature selection import SelectKBest, T classif

from sklearn.pipeline import Pipeline

from sklearn.feature selection import VarianceThreshold

from imblearn.pipeline import make pipeline as imblearn pipeline
from imblearn.over sampling import SMOTE

import time

import warnings

from sklearn.model selection import StratifiedkfFold, cross val score
from xgboost import XGBClassifier

import lime

import lime.lime tabular

from sklearn.impute import SimpleImputer]

import joblib

from sklearn.decomposition import PCA

from tensorflow.keras.models import Model

from tensorflow.keras.layers import Input, Dense

from tensorflow.keras.optimizers import Adam

from sklearn.metrics import roc_auc_score, average precision_score
from sklearn.metrics import precision recall curve

Figure 3: Packages used in the Project
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4.2 Importing Files:

expr = pd.read_csv(r"C:/Users/SRIRAM/Downloads/data_mrna_seq v2 rsem.txt", sep="\t", engine="python")
Figure 4: Importing Files

4.3 Preprocessing and data validation:

Data validation is important part of exploration. Figure 5 shows code implementation for Data
validation techniques used.

import pandas as pd

import numpy as np

from sklearn.impute import SimpleImputer

from sklearn.preprocessing import StandardScaler

from sklearn.feature selection import SelectkKBest, f classif

# Dropping columns with too many NaNs (>25%)
na_threshold = @.25

valid cols = merged.isnull().mean() <= na_threshold
merged filtered = merged.loc[:, valid cols]

# Separate features and target
X = merged filtered.drop(columns=["'Sample ID', "label’], errors='ignore
y = merged filtered| 'label’]

# Impute missing values using mean
imputer = SimpleImputer(strategy="mean’)
X_imputed = imputer.fit transtform(X)

# Clip negative values to avoid NaNs during lLog transform
X_imputed clipped = np.clip(X_imputed, a_min=0, a_max=None)

# Log transform to reduce skew
X log = np.log2(X imputed clipped + 1)
print("” Log transform done. NaNs after log2?", np.isnan(X_log).sum())




# Standardize features
scaler = Standardscaler()
X scaled = scaler.fit transtform(X log)

# Feature selection (top 566 features by F-score)
selector = SelectkBest(score func=f classif, k=508)
X _selected = selector.fit transform(X scaled, y)

# Retrieve selected feature names for SHAP/LIME Later
selected indices = selector.get support(indices=True)

selected feature names = X.columns|selected indices]

print(“Final shape for model training:", X selected.shape)

Log transform done. NaNs after log2? @
Final shape for model training: (3549, 500)

Figure 5: Data preprocessing for multi-omics




4.5 Modelling:

Model 1 on single omics:
# Train and evaluate
print("\n Training Logistic Regression")
start = time.time()
pipeline.fit(X train, y train)
y _pred = pipeline.predict(X test)
print(classification report(y test, y pred))
print(" Training time:", round(time.time() - start, 2), "seconds")

# Cross-validation on full data
scores = cross _val score(pipeline, X, y, cv=5)
print(f" CV Accuracy: {scores.mean():.4f} + {scores.std():.4f}")

Training Logistic Regression

precision recall f1-score support

0.0 0.82 .66 8.73 717

1.8 0.48 8.61 6.49 270

accuracy 9.65 987
macro avg 0.61 0.64 6.61 987
weighted avg 8.71 8.65 0.66 987

Training time: 25.53 seconds
CV Accuracy: @.5579 + 0.0262

Model 2 on single omics:

Training Regularized Random Forest...
Classification Report (Test Set):

precision recall fi1-score  support
0.0 8.94 8.85 9.89 717
1.0 8.68 8.85 9.76 278
accuracy 0.85 987
macro avg @8.81 8.85 0.82 987
weighted avg 0.87 9.85 0.86 987

ROC-AUC Score: ©.9297
Training time: ©.48 seconds
CV Accuracy: ©0.8631 + 0.0130

6




Model 3 on single

Training XGBClassifier...

omics(best

Classification Report (Test Set):

precision recall f1-score

0.6 8.94 9.99 B.96

1.9 ©.98 8.82 B.96

accuracy 9.95
macro avg .96 8.91 B.93
weighted avg ©.95 0.95 B.95

ROC-AUC 5core: 0.9884

CV Accuracy: ©.9326 t 9.0061
Training time: 1.27 seconds

Model 4
scale pos weight set to: 2.62

Training XGBoost with class balancing...
Model and generated feature names saved as

Classification Report (Test Set):

precision recall
0.0 1.00 9.99
1.0 8.98 1.80

accuracy
macro avg 0.99 1.00
weighted avg 1.00 1.00

Confusion Matrix:

[[511 3]

[ e 196]]

ROC-AUC: ©.9999

Training time: 1.34 seconds
CV ROC-AUC: ©.9986 + 0.00106

fl-score

1.00
8.99

1.00
2.99
1.00

on

model performance):

support

717
278

Q87

87
Q87

multi-omics:

"trained xgboost tcga model.pkl’

support

514
196

716
710
710




Classification Report (Autoencoder Features):

precision recall fil-score  support

8.6 8.99 8.95 B.97 514

1.8 8.89 8.97 B.93 196

accuracy 9.96 710
macro avg @.94 0.96 B.95 718
weighted avg 0.96 0.96 9.96 710

ROC-AUC: ©.99515608398693241
CV ROC-AUC: ©.9856 = BD.0852
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