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Configuration Manual

Anna Joy
Student ID: x23238241

1 Introduction

The configuration manual explains the specific requirements related to the research study on
the topic “ Hybrid predictive model for Asthma diagnosis by using environmental and
lifestyle factors”. It contains the criteria and requirements for running the code such as
hardware, software and the explanation of the code as well.

2 System Configuration
Hardware configuration

Processor: minimum Intel Core i5 or equivalent

RAM: 8 GB or 16 GB recommended for better performance

Storage: 10 GB free space

GPU (Optional): NVIDIA GPU with CUDA support for faster neural network
training

Software configuration

e Operating System: Windows 11, macOS or Linux
e Python Version: 3.8 or higher
o Additional Software: Jupyter Notebook, for running and visualizing the code

Python libraries

Here, the provided libraries are used to implement and the run the code that used in asthma
diagnosis using hybrid model and other traditional models. The python library contains
various built-in modules that provide several access to different functions that can execute
while running the programs.(Batchelder, 2024)

pandas 1.35
NumPy 1215
seaborn 0.11.2
matplotlib 35.1
scikit-learn 1.0.2
imbalanced-learn 0.9.1
TensorFlow 2.7.0
keras 2.7.0

Xgboost 151




3 Research Development
Data preparation

The first step in execution of the code is importing libraries and fig.1 shows the code for
importing the libraries from different packages.

In [3]: import pandas as pd
import time
import seaborn as sns
import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split, cross_val_score
from sklearn.metrics import accuracy_score

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import mean_squared error

from sklearn.impute import SimpleImputer

from sklearn.tree import DecisionTreeClassifier

from sklearn.linear model import LogisticRegression

from sklearn.preprocessing import StandardScaler

from sklearn.naive_bayes import GaussiannB

from sklearn.model_selection import train_test_split

from imblearn.over sampling import SMOTE

from sklearn.metrics import classification_report, confusion_matrix, roc_auc_score, roc_curve
import numpy as np

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense, Dropout

import xgboost as xgb
from sklearn.metrics import classification_report

Fig.1
Then we have to load and explore the data using various code and fig.2 represents the code
for loading, identifying summary and checking of missing values in the dataset.

4]: Asthma_data = pd.read_csv('C:\\Users\\Anna joy\\¢
Asthma_data. head()

PatientiD Age Gender Ethnicity EducationLevel BMI Smoking DietQuality . Lung 1 Lungl
0 5034 63 0 1 0 15848744 0 0804448 5488606 8701003 1.369051 4941206
1 5035 26 1 2 2 22757082 0 5897320 6341014 5153966 2197767 1702393
2 5036 57 [ 2 1 18395396 [ 6739367 9196237 6840647 1698011 5022553
3 5037 40 1 2 1 38515278 0 1404503 5826532 4253036 3032037 2300150
4 5038 61 0 0 3 19283802 0 4604493 3127048 9625799 3.470589 3067944

5 rows x 29 columns

Asthma_data. info()

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 2392 entries, © to 2391
Data columns (total 29 columns):

#  Column ton-Null Count Dtype
o Patientip 2392 non-null  intes
1 Age 2392 non-null  intéa
2 Gender 2392 non-null int6a
3 Ethnicity 2392 non-null  int6s
4 Educationtevel 2392 non-null  intea
58I 2392 non-null  floated
6 smoking 2392 non-null  intea

In [4]: Asthma_data.describe()

PatientiD Age Gender  Ethnicity EducationLevel BMI  Smoking PhysicalActivity DietQuality SleepQuality .. Gastroes
count 2392000000 2392000000 2352000000 2392000000 2392000000 2392000000 2362000000 2392000000 2332000000 2362000000
mean 6220500000 42137960 0493311 0669732 1307274 21244877 0141722 5051766 5022867  7.019012
std 690655244 21606655 0500080 0966120 0838242 7201628 0348838 2003574 2908980 1732475
min 5034000000 5000000 0000000  0.000000 0000000 15031803 0000000 0001740 0003031 4001437
26% 5631750000 23000000 0000000  0.000000 1000000 20968313 0.000000 2578333 2432043 5498500
0% 6229500000 42000000 0000000 0000000 1000000 27052202 0000000 5016881 5115383 6975839
6% 6627250000  61.000000 1000000  1.000000 2000000 33565008 0.000000 7540234 7544216 8526950
max 7425000000 78000000 1000000 3000000 3000000 39885611 1000000 9995800 9995904 9998235

8 rows x 28 columns

In [24]: Asthma_data.isnull().sum()

Patient1n
age

Gender

Ethnicity
EducationLevel
BMI

smoking
Physicalactivity

cococcoS

Fig.2




Following that we performed various visualizations such as histogram for feature
distributions and box plots for checking outliers in the data and implement a Barplot for the
target variable in order to identify any distributions or specific characters(fig.3).
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Fig.3
Feature Engineering

In this section, we dropped unnecessary columns such as “PatientID”, “Doctorincharge” for
better implementation of modelling and then we create target and features as provided in
fig.4, along with that we also perform a corelation heatmap to identify the corelation between

various features.

[27]: cleaned = Asthma_data.drop(columns=[ 'PatientID’, 'DoctorInCharge'])# differentating target variable and response variable
w = cleaned.drop(columns=[ 'Diagnosis"])#
z = cleaned[ 'Diagnosis’]

[28]:
correlation_matrix = cleaned.corr()#to perform heatmap,we have to create corelation matrix
plt.figure(figsize=[20, 18])
plt.title('Heatmap')# in order to visualize heatmap
sns.heatmap(correlation_matrix, vmin=-1, vmax=1, center=e, annot=True, annot_kws={"size": 8}, color= "red")

plt.show()

Fig.4




Data Transformation

Here, the first procedure is to handle missing values, but for this asthma diagnosis dataset,
there is no missing values. Then we standardize the features for better performance for the
modelling stage as shown in fig.5. Data is split into train and test at a test size of 0.3 and then
we perform an oversampling technique called SMOTE in order to handle class imbalance for
the target variable.

OVERSAMPLING TECHNIQUES: SMOTE

In [5]:
p = Asthma_data.drop(columns=[ 'Diagnosis', 'PatientID', 'DoctorInCharge'])# Separating features and target
y = Asthma_data[ 'Diagnosis’]

p_train, p_test, y_train, y_test = train_test_split(p, y, test_size=0.3, random_state=42, stratify=y)#splitting the data into trc

scaler = standardScaler()#scale the response variables
p_train_scaled = scaler.fit_transform(p_train)
p_test scaled = scaler.transform(p_test)

smote = SMOTE(random_state=42)#Applying the oversampling technique smote for handling imbalance

p_train_balanced, y_train_balanced = smote.fit_resample(p_train_scaled, y train)
Fig.5

4 Model Application and Evaluation

In this research study, we are designing a hybrid model which is a combination of gradient
boosting and neural network model and comparing the hybrid model with other traditional
models. So the model application part and evaluation part consists of various code for
implementing different models and code for confusion matrix, classification report and ROC
curve and AUC score.

Logistic regression

Logistic regression

In [36]: from sklearn.linear_model import LogisticRegression
from sklearn.metrics import classification_report, confusion_matrix, roc_auc_score, roc_curve
import matplotlib.pyplot as plt

modell = LogisticRegression(random_state=42, max_iter=100@)#intilizing
modell.fit(p_train_balanced, y train_balanced)#fitting the model on the balanced training data
y_pred = modell.predict(p_test_scaled)# Predicting on the test data

y_pred_proba = modell.predict_proba(p_test_scaled)[:, 1]

# Evaluating the model

print("Confusion Matrix:")

print(confusion _matrix(y_test, y pred))

print("\nClassification Report:")

print(classification_report(y_test, y_pred))

roc_auc = roc_auc_score(y_test, y pred proba)#to identify ROC-AUC score
print(f"\nROC-AUC Score: {roc_auc:.4f}")

fpr, tpr, thresholds = roc_curve(y test, y pred proba)#to plot ROC curve
plt.figure(figsize=(8, 6))

plt.plot(fpr, tpr, label=f"ROC Curve (AUC = {roc_auc:.4f})")
plt.plot([e, 1], [®, 1], 'k--', label="Random Guess")

plt.xlabel("False Positive Rate")

plt.ylabel("True Positive Rate")

plt.title("ROC Curve")

plt.legend()

plt.show()

Fig.6
Here, the logistic regression library is utilized to perform this model and the above fig.6
explains the various steps procedures in implementing logistic regression model.




Random forest

In [37]:

Random Forest

from sklearn.ensemble import RandomForestClassifier

model2 = RandomForestClassifier(random_state=42, n_estimators=10@, max_depth=None)#intilizing
model2.fit(p train balanced, y train balanced)#fitting the model

ypred2 = model2.predict(p_test_scaled)#predicting on testdata

ypredproba2? = model2.predict_proba(p_test_scaled)[:, 1]

print("Confusion Matrix:")# evaluvating model
print(confusion_matrix(y_test, ypred2))

print("\nClassification Report:")
print(classification_report(y_test, ypred2))

roc_auc = roc_auc_score(y_test, ypredproba2)#to calcuate ROC score
print(f"\nROC-AUC Score: {roc_auc:.4f}")

fpr, tpr, thresholds = roc curve(y test, ypredproba2)#to plot ROC curve
plt.figure(figsize=(8, 6))

plt.plot(fpr, tpr, label=f"ROC Curve (AUC = {roc_auc:.4f})")
plt.plot([e, 1], [@, 1], 'k--', label="Random Guess™)

plt.xlabel("False Positive Rate")

plt.ylabel("True Positive Rate™)

plt.title("ROC Curve")

plt.legend()

plt.show()

Fig.7

Here, fig.7 shows the random forest application with several settings that including
initializing, fitting , predicting the test data and evaluating the model as well.

Gradient boosting

In [38]:

Gradient Boosting

from sklearn.ensemble import GradientBoostingClassifier

model3 = GradientBoostingClassifier(random_state=42, n_estimators=100, learning rate=e.1, max_depth=3)#intilizing
model3.fit(p_train_balanced, y_train_balanced)

ypred3 = model3.predict(p_test scaled)#predicting
ypredproba3 = model3.predict proba(p_test scaled)[:, 1]

print(“Confusion Matrix:")#evaluvating
print(confusion_matrix(y_test, ypred3))

print("\nClassification Report:")
print(classification_report(y_test, ypred3))

roc_auc = roc_auc_score(y_test, ypredproba3)#calculate ROC score
print(f"\nROC-AUC Score: {roc_auc:.4f}")

fpr, tpr, thresholds = roc_curve(y_test, ypredproba3)
plt.figure(figsize=(8, 6))

plt.plot(fpr, tpr, label=f"ROC Curve (AUC = {roc_auc:.4f})™)
plt.plot([e, 1], [@, 1], 'k--', label="Random Guess")
plt.xlabel("ralse Positive Rate")

plt.ylabel("True Positive Rate")

plt.title("ROC Curve™)

plt.legend()

plt.show()

Fig.8

In this section, Gradient boosting classifier is imported from the sklearn.ensemble library and
the base settings is implemented.




Decision tree

Here, for executing the decision tree model, decision tree classifier is imported and following
base code is performed as shown in fig.9.

Decision Tree

In [39]: from sklearn.tree import DecisionTreeClassifier

modela.fit(p_train_balanced, y train balanced)#fitting the model
ypred4 = model4.predict(p_test_scaled)#predicting on test data
ypredprobad = model4.predict_proba(p_test_scaled)[:, 1]

print("Confusion Matrix:")#evaluvating the model
print(confusion matrix(y test, ypred4))
print("\nClassification Report:™)
print(classification_report(y_test, ypred4))

roc_auc = roc_auc_score(y_test, ypredprobad)#calculating ROC score
print(f"\nROC-AUC Score: {roc_auc:.af}")

fpr, tpr, thresholds = roc_curve(y test, ypredprobaa)#plot the ROC curve
plt.figure(figsize=(8, 6))

plt.plot(fpr, tpr, label=f"ROC Curve (AUC = {roc_auc:.4f})")
plt.plot([e, 1], [@, 1], 'k--', label="Random Guess")

plt.xlabel("False Positive Rate™)

plt.ylabel("True Positive Rate")

plt.title("ROC Curve™)

plt.legend()

plt.show()

Fig.9

Support vector machine(SVM)

While applying the support vector machine model , the SVC library is utilized , along with
the base code for implementing this model is performed such as initialization, fitting and
predicting as shown in fig.10.

In [48]: from sklearn.svm import SvC

model5 = SVC(kernel="rbf',C=1.8,gamma="scale’,probability=True,random_state=42)#intilizing the svm model
model5.fit(p_train_balanced, y_train_balanced)#fitting yhe model

ypreds = model5.predict(X test scaled)

ypredproba5 = model5.predict proba(X test scaled)[:, 1]

cm = confusion_matrix(y_test, ypreds)#calculating confusion matrix
plt.figure(figsize=(6,4))

sns.heatmap(cm, annot=True, fmt='d", cmap='Blues', cbar=False)
plt.title("Confusion Matrix")

plt.xlabel("Predicted Label")

plt.ylabel("True Label™)

plt.show()

print("cClassification Report:\n")
print(classification_report(y_test, ypreds))

roc_auc = roc_auc_score(y_test, ypredprobas)#identify ROC score
print(f"ROC-AUC Score: {roc_auc:.4f}")

fpr, tpr, thresholds = roc_curve(y_test, ypredprobas)
plt.figure(figsize=(8,6))

plt.plot(fpr, tpr, label=f"ROC Curve (AUC = {roc_auc:.4f})", color='darkorange")
plt.plot([e, 1], [@, 1], 'k--', label="Random Guess", color="navy')
plt.fill_between(fpr, tpr, alpha=e.2, color="lightblue")
plt.xlabel("False Positive Rate")

plt.ylabel("True Positive Rate")

plt.title("Receiver Operating Characteristic (ROC) Curve")
plt.legend(loc="1lower right")

plt.grid(True)

plt.show()

Fig.10




Neural network model

In [6]: | smote = SMOTE(random state=42)#Applying the oversampling technique smote for handling imbalance

p_train_balanced, y train_balanced = smote.fit resample(p_train_scaled, y_train)

# neural netwok model

neuralmodel = Sequential([Dense(128, activation="relu’, input_shape=(p_train_balanced.shape[1],)),Dropout(e.3),Dense(64, activati
neuralmodel.compile(optimizer="adam", loss='binary crossentropy', metrics=['accuracy'])#compling the model
neuralmodel.fit(p_train balanced, y train_balanced, validation_split=e.2, epochs=50, batch_size=32, verbose=1)#training the model
neuralproba = neuralmodel.predict(p_test scaled).flatten()#predicting the model

r v 7 = - —
Epoch 42/50 -
80/8@0 ———— 1s 5ms/step - accuracy: ©.9873 - loss: ©.0399 - val accuracy: 1.0000 - val loss: ©.8858
Epoch 43/50
80/80 ——— @s 4ms/step - accuracy: ©.9906 - loss: ©.8330 - val_accuracy: 1.0000 - val loss: ©.6055
Epoch 44/50
80/8@ ———— @s 4ms/step - accuracy: ©.9881 - loss: ©.8323 - val accuracy: 1.0000 - val loss: ©.0086
Epoch 45/5@

80/80 —— @s 4ms/step - accuracy: ©.9893 - loss: 0.8294 - val accuracy: 1.0000 - val_loss: ©.0057
Epoch 46/50

80/80 ———  1s 7/ms/step - accuracy: ©.9883 - loss: 0.8385 - val accuracy: 1.0000 - val_loss: ©.0078
Epoch 47/50

80/8¢ ————————————— 1s 6ms/step - accuracy: 0.9909 - loss: ©.0327 - val_accuracy: 1.0000 - val_loss: ©0.8853
Epoch 48/50

80/8¢ ———————————— 1s 7ms/step - accuracy: ©.9961 - loss: 0.0183 - val_accuracy: 1.0000 - val_loss: ©.8099
Epoch 49/50

80/8@ ————— @s 4ms/step - accuracy: ©.9904 - loss: ©.8236 - val_accuracy: 1.0000 - val loss: ©.8e77
Epoch 50/50

80/8@0 ————  1s 4ms/step - accuracy: ©.9932 - loss: ©.0247 - val_accuracy: 1.0000 - val loss: ©.8851
23/23 —————— @s 5ms/step

Fig.11
Here we excueted the neural network model by applying the SMOTE technique , followed by
intilizing, compling the model, training and predicting the model as shown in fig.11

Hybrid model using SMOTE

In [5@]:
gbmodel = xgb.xGBClassifier(n_estimators=100,max_depth=4,learning rate=0.1,subsample=0.8,colsample_bytree=o.8,random_state=42,use
gbmodel.fit(p train_balanced, y train_balanced)
gbproba = gbmodel.predict proba(p_test scaled)[:, 1]#predicting with graident boosting

stacked_p = np.column_stack((neuralproba, gbproba))#stacking the both base model predictions
model6 = LogisticRegression(random state=42)#train the metamodel,here its logistic regression
model6.fit(stacked_p, y_test)

stacked_pred = model6.predict(stacked_p)#prediciting the hybrid model

stacked_proba = model6.predict_proba(stacked p)[:, 1]

print(“"Confusion Matrix:")#evaluvating the hybrid model

print(confusion_matrix(y_test, stacked pred))

print(“\nClassification Report:")

print(classification_report(y_test, stacked_pred))

roc_stacked = roc_auc_score(y_test, stacked_proba)#identify ROC score
print(f"stacked Model ROC-AUC: {roc_auc_stacked:.4f}")

fpr, tpr, thresholds = roc_curve(y_test, stacked_proba)#plot roc curve
plt.figure(figsize=(8,6))

plt.plot(fpr, tpr, label=f"Stacked Model ROC Curve (AUC = {roc_auc_stacked:.4f})", color="darkorange")
plt.plot([e, 1], [@, 1], 'k--', label="Random Guess", color="navy"')
plt.fill between(fpr, tpr, alpha=e.2, color='lightblue")
plt.xlabel("False Positive Rate")

plt.ylabel("True Positive Rate")

plt.title("Receiver Operating Characteristic (ROC) Curve™)
plt.legend(loc="lower right™")

plt.grid(True)

plt.show()

Fig.12
In this case, the neural network model for the hybrid model is already excuted in the above
section(fig.11), then we predicting the gradient boosting model and stacked together the
predictions of both neural network model and gradient bosting, which is already applied the
technique SMOTE. Then we train a logistic regression model as a metamodel to perform the
hybrid model and we perform the base setting such as predicting the hybrid model, evaluting
and plot the ROC curve.




Hybrid model using ADASYN

Here , we apply another oversampling technigque called ADASYN and import the libararies
for running the code as shown in fig.13. then slipt the data and apply the ADASYN
technique.

Applying another over sampling tecnique ADASYN

In [51]: import pandas as pd
from imblearn.over_sampling import ADASYN
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import classification_report, confusion_matrix, roc_auc_score

W = asthma_data.drop(columns=[ ‘Diagnosis’, 'PatientID', 'DoctorIncCharge’])
y = Asthma_data[ 'Diagnosis']
w_train, w_test, y train, y test = train_test split(w, y, test size=0.3, random_state=42, stratify=y)#splitting the dataset

# Scale features

scaler = standardscaler()

w_train_scaled = scaler.fit_transform(w_train)
w_test_scaled = scaler.transform(w_test)

adasyn = ADASYN(sampling_strategy='minority’, random state=42, n_neighbors=5)#applying adasyn
w_train_adasyn, y_train_adasyn = adasyn.fit_resample(w_train_scaled, y_train)

print(f"original dataset shape: {X_ train.shape}")
print(f"Resampled dataset shape: {X train_adasyn.shape}")

original dataset shape: (1674, 26)
Resampled dataset shape: (3157, 26)

Fig.13

Applying on Hybrid model

In [53]: from scikeras.wrappers import KerasClassifier
from sklearn.ensemble import StackingClassifier
from xgboost import XGBClassifier
from sklearn.linear_model import LogisticRegression
from sklearn.metrics impert classification report, confusion_matrix, roc_auc_score
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense
from xgboost import XGBClassifier
from sklearn.pipeline import Pipeline

#Neural Network model

def build_nn_model():
model = Sequential()
model.add(Dense(128, input_dim=w_train_adasyn.shape[1], activation="relu’))
model.add(Dense(64, activation="relu'))
model.add(Dense(1, activation='sigmoid))
model.compile(loss="binary_crossentropy', optimizer='adam’, metrics=['accuracy'])
return model

model7 = KerasClassifier(build fn=build_nn_model, epochs=50, batch_size=32, verbose=0)

# Define the Gradient Boosting model
gb _model = XGBClassifier(scale pos weight=1, random_state=42)

# Combine models using Stacking
stacking model2 = StackingClassifier(estimators=[('nn', model7),('gb', gb_model)],final_ estimator=LogisticRegression(),cv=5,n_jot

stacking_model2.fit(w_train_adasyn, y_train_adasyn)

Fig.14

Here we apply the adasyn technique to the two base models such as neural networks and
gradient boosting, then we combain them by using stacking method and the following base
setting is performed as shown in fig.14.
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