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1 Introduction

This configuration manual outlines the implementation of heart disease prediction models
using Azure Machine Learning Studio. Local environment control group implementations
were executed on the Jupyter Notebooks on the Azure ML studio using traditional
implementing scripting with Python. It provides comprehensive guidance for setting up
cloud-based machine learning environments that range from basic single-node setups to
advanced distributed computing systems for reproducing the cloud-based implementation. It
aims to ensure standardized implementation practices for fair performance comparisons
across various computational scenarios.

2 Dependencies Installation

The required dependencies are categorized as follows:
(1)General Purpose
0s, subprocess, time, psutil
(2)Data Manipulation and Analysis
pandas, numpy
(3)Visualization
matplotlib.pyplot, matplotlib.ticker
(4)Machine Learning
1) Preprocessing: StandardScaler, OneHotEncoder, LabelEncoder, Simplelmputer
2) Data Splitting: train_test_split
3) Pipeline: ColumnTransformer, Pipeline
4)  Algorithms: LogisticRegression, RandomForestClassifier
5) accuracy_score, roc_auc_score, f1_score, recall_score, precision_score, auc
(5)Imbalanced Data Handling
SMOTE
(6)Advanced ML and Optimization
Xgboost, XGBClassifier, optuna
(7)Distributed Computing and Parallel Processing
joblib, torch
(8)Cloud and Azure Integration
azure.ai.ml.MLClient, azure.ai.ml.Input, azure.ai.ml.command,
azure.ai.ml.entities.Environment

3 Data Collection

The models were developed using the Heart Disease Health Indicators Dataset that from
Kaggle (Teboul, 2019). The datasets was chosen for its widely range of related indicators and



features with moderate size that can be handled by the created compute instance for required
distributing computing approaches.

1. Dataset Characteristics:

Source: Kaggle (CDC BRFSS Dataset)
Size: 200,000 records
Format: CSV file
Target Variable: Heart disease attack (binary)
Features include:
- Demographic information
Health metrics (BMI, blood pressure)
Lifestyle factors
Medical history

2. Data Preparation:

Dataset downloaded from Kaggle platform

Data exploring and split the data into different sizes

Stored as 'train_200000.csv'

Located in the “../data/”directory

Automatically distributed across nodes in cloud implementation

4 Cloud Environment Configuration

1. Azure Portal Access

Login to Azure Portal
Navigate to Machine Learning services

2. Workspace Creation

Create new ML workspace(As shown in Figure 1)

= Microsoft Azure £ Search resources, services, and docs (G+/)

Basics Networking  Encryption  Identity — Tags  Review + create

Resource details

Every workspace must be assigned to an Azure subscription, which is where billing happens. You use resource groups like
folders to organize and manage resources, including the workspace you're about to create.
Lear more about Azure resource groups o

Subscription * © [ Azure for Students v

Resource group* © [ ™

Create new

Workspace details

Configure your basic workspace settings like its storage connection, authentication, container, and more. Learn more 7

Name * |

Region* @ | west Europe v

Storage account * [ v
Create new

Key vault* @ [ v
Create new

Application insights * ( | v

Search Next : Networking

Figure 1 - Workplace Creation in Azure ML Studio

3. Compute Instance Setup(As shown in Figure 2)

Select "Compute™ in workspace



» Create compute instance
e Configure: Standard DS3 v2 (4 cores, 14 GB RAM, 28 GB disk

Azure Al | Machine Leaming Studio e &

Create compute instance
Compute

© Required settings

Raview + Creata

Figure 2 - Configure a 4 Cores Compute Instance on Azure

o Enable Jupyter Notebooks service
4. Environment Configuration
(1) Workspace Connection
e Using MLClient.from_config with DefaultAzureCredential provides secure and
simplified authentication
o Enables automatic credential management without explicit credential input
(2) Environment Setup
e Selected pre-configured PyTorch environment to ensure compatibility with
distributed training
e Version 1.13 with Python 3.8 offers stable support for our machine learning
requirements
(3) Data Asset Configuration
o Chose Data Asset approach for efficient data handling in distributed environments
« Enables version control and reduces data transfer overhead between nodes
« Provides consistent data access across distributed training processes
(4) Distributed Job Configuration
o Implemented PyTorch distributed framework for efficient multi-node processing
« Configured 2 nodes with 2 processes each for optimal resource utilization
« Command structure allows flexible parameter passing and output management
(5) Job Submission and Monitoring
o Used create_or_update for job submission
« Stream function enables real-time monitoring of training progress

Figures 3 and 4 present the implementation code for single-node and distributed computing
configurations in Azure ML Studio's Jupyter Notebooks. Figure 3 demonstrates the default
configuration using 1 node and 1 process, serving as our baseline implementation, while
Figure 4 shows the distributed setup using 2 nodes with 2 processes per node to enable
parallel processing capabilities. Similar procedures were referred for other distributing
computing configurations for 1 node and 2 processes per node in the distributing experiment,
while using 4 nodes and 1 process per node for improving the optimizing performance.



1 from azure.ai.ml import MLClient

2 from azure.identity import DefaultAzureCredential

3 from azure.identity import DefaultAzureCredential

4 from azure.ai.ml import command, Input

5 from azure.zi.ml.entities import Environment

6  from azure.ai.ml.entities import Data

7 from azure.ai.ml.constants import AssetTypes

8

9 # connect to my workplace

10 ml_client = MLClient.from_config(credential=DefaultAzureCredential())
11

12 # create the environment

13  env = ml_client.environments.get(name="AzureML-ACPT-pytorch-1.13-py38-cudall.7-gpu”, version="1")
14

15  # define the data asset

16  data_asset = Data(

17 name="heart-disease-data",

18 path="../data/train_200009.csv",

19 type=AssetTypes.URI_FILE

20 )

21

22 data_asset = ml_client.data.create_or_update(data_asset)
23
24  # create the training job

25 job = command(

26 code="./scripts"”,
27 command="python 1283-1node_lprocess.py --input_data ${{inputs.data}} --output_model outputs/heart_disease_model --model_type all",
28 inputs={

29 “data": Input(type="uri_file", path=data_asset.path)
32 3

31 environment=env,

32 # specify the azure compute instance

33 compute="x2218@9662",

34 display_name="heart-disease-model-training"

35 )

36

37 # uploade the job

38 returned_job = ml_client.jobs.create_or_update(job)

39
40  # check the job result
41  ml_client.jobs.stream(returned_job.name)

Figure 3 - Default Configuration for the Cloud-based Implementation
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from azure.ai.ml import MLClient, command, Input
from azure.ai.ml.entities import Data, Environment
from azure.identity import DefaultAzureCredential
from azure.ai.ml.constants import AssetTypes

# connect to my workplace
ml_client = MLClient.from_config(credential=DefaultAzureCredential())

# create the environment
env = ml_client.environments.get(name="AzureML-ACPT-pytorch-1.13-py38-cudall.7-gpu”, version="1")

# define the data asset
data_asset = Data(
name="heart-disease-data",
path="../data/train_2000808.csv",
type=AssetTypes.URI_FILE
)
data_asset = ml_client.data.create_or_update(data_asset)
# create the distributed training job
job = command(
code="./scripts",
command="python 1203_azure_2node_2process.py "
"--input_data ${{inputs.data}} "
"--output_model outputs/heart_disease_model "
"--model_type all "
"--distributed”,
inputs={
“data": Input(type="uri_file", path=data_asset.path)
Is
environment=env,
compute="x221809662",
display_name="distributed-heart-disease-model-training”,

# allocate the number of the process and the node
distribution={
"type": "PyTorch",
"process_count_per_instance": 2,
"node_count™: 2

)

# uploade the job

returned_job = ml_client.jobs.create_or_update(job)
# check the job result
ml_client.jobs.stream(returned_job.name)

Figure 4 - Configuration Script for Distributed Training



5 Experimental Result Reproduce

All experiments were conducted under controlled conditions using identical compute
resources to ensure the fairness and consistency of all comparisons. The implementation
details are as follows:

1. Hardware Configuration All experiments utilized Azure ML Studio's Standard_DS3 v2
compute instance (4 cores, 14 GB RAM, 28 GB disk) to maintain consistent hardware
specifications across the local implementation to distributed computing implementations.

2. Results Collection
(1) Local Environment Results

e All results from 1-node implementation are directly displayed within Jupyter
Notebook interface

o Performance metrics, resource utilization, and training times are captured in real-
time during execution
Results are stored in variables and displayed through notebook cells

2 Cloud Based Results

o Distributed training results are accessed through Azure ML Studio's experiment
logs

o Track the results through the jobs portal (shown in Figure 5)

e Training logs cotains:
B Training time
B Resource utilization
B Model performance metrics

Azure Al | Machine Leaming Studio (C]
= National College of Ireland > hh-project > Jobs > scripts > azure-distributed-2node-2process

& All worksy istril 7 %
orEpacss, azure-distributed-2node-2process ¢ ¥ @ Completed

@ Home
Overview Metrics  Images  Childjobs  Outputs +logs  Code  Explanations (preview) Faimess (preview)  Monitoring
[ Model catalog
Authoring () Refresh & Editandsubmit > Perform sweep -+ Register model il Delete L Download all @D Enable log streaming @ ) Word wrap

[ Notebooks

£ Automated ML a. 7/4 28 sa a na/ t " 0:00:i ae

- outputs 5
& Designer S = importlib- .2.04n ptca/1iv/p .8/site-packages (from matplotlib) (5.10.2)
>_ Prompt flow 7, X86_64. i xB6_64.whl (301 kB)
. user_logs P =2. ptca/lib/python3.8/site-packa g (from matplotlib) (2.8.2)
As: pillow>=6.2.0 in /oj Dt/ onda/envs/ptca/1ib/python3.8/site-packages (from matplotlib) (9.4.0)
ety © [ stdlog process Otxt
-12.1-py3-none-any.whl (8.3 k8)
S Data B std_log_process_1.txt 1
= .4.7-cp38-p38-m
£ Jobs

n3. a/ ite-packages (f om import1ib-r >=3.2.0->matplotlib) (3.11.0)
5 (fro 1> 2 7 matplotlib) (1.16.0)

B5 Components

i anager. It is recomended to use
L& Environments
@ Models

Endpoints

Manage

= Compute

@ Monitoring

71 Data Labeling
 Linked Services smeven

5 Connections i 87  Model RF performance metrics:

Accuracy=0.8957, ALC=0.8177

Class © - F1: 0.9439, Recall: 0.9661, Precision: 0.9227
9 Class 1 - Fl: 0.2569, Recall: 0.1969, Precision: .3692

Figure 5 - Experimental Results Review
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