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Configuration Manual

Sidhesh Bhambid
x23270110

1 Introduction

This document serves as a complete configuration and operational manual for the
"Optimising Supply Chain Logistics with Predictive Analytics" project. The primary purpose
of this manual is to provide system administrators, developers, and data scientists with the
necessary instructions to set up the software environment, execute the model training
pipeline, and utilize the trained model for making real-time risk predictions.

The project's core output is a highly accurate Support Vector Machine (SVM) model capable
of classifying the operational risk of a logistics shipment into one of three categories: ‘Low
Risk', 'Moderate Risk’, or 'High Risk'. This manual details the hardware and software
prerequisites, the steps for installing required libraries, the project's file structure, and
provides clear, executable code snippets for both training the model from scratch and using
the pre-trained artifacts for inference on new data. By following these instructions, users will
be able to replicate the research outcomes and integrate the predictive model into a practical
workflow for proactive supply chain management.

2 System Requirements

To successfully run the project code, the following hardware and software configurations are
required.

2.1 Hardware Requirements

e Processor: 64-bit processor (e.g., Intel Core i5/i7, AMD Ryzen 5/7 or equivalent)

e RAM: Minimum 8 GB, 16 GB recommended for smoother performance with large
datasets.

e Storage: Minimum 5 GB of free disk space to accommodate the dataset, Python
environment, and saved model artifacts.

2.2 Software Requirements

e OS Requirements: Windows 10/11, macOS (11.0 and later) or a contemporary Linux
distribution (like Ubuntu 20.04 or later).

e Python Requirements: Python 3.8, 3.9, or 3.10. The code has been developed and
tested with these versions.

e Python Libraries: The following libraries are necessary. Section 3 has a
requirements.txt for easy installation.

pandas

numpy

scikit-learn

matplotlib

seaborn

plotly
jupyterlab or notebook (for running the original notebook)
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o joblib
o tabulate (for formatted output in the testing script)

-
ke_subplots

cation_report, confusion matrix, accuracy score, fl score, roc_auc_score, precision score, recall score

StratifiedKFold

LabelEncoder, StandardScaler

A

e, auc
RestClassifier
label_binarize

Figure 1: Libraries
3 Environment Setup
Follow these steps to create an isolated Python environment and install all necessary

dependencies. This ensures that the project's dependencies do not conflict with other Python
projects on your system.

Step 1: Create a Project Directory
Create a new folder for the project and navigate into it using your terminal or command
prompt.

mkdir x23270110_code artifacts
cd x23270110_code artifacts

Step 2: Create a Virtual Environment
It is highly recommended to use a virtual environment.

# For Windows
python -m venv thesis_venv

# For macOS/Linux
python3 -m venv thesis_venv

Step 3: Activate the Virtual Environment
# For Windows
Athesis_venv\Scripts\activate

# For macOS/Linux
source thesis_venv/bin/activate

Your terminal prompt should now be prefixed with (thesis_venv).



Step 4: Install Required Libraries
Create a file named requirements.txt in your project directory and paste the following content
into it:

requirements.txt:
pandas==2.1.4
numpy==1.26.2
scikit-learn==1.3.2
matplotlib==3.8.2
seaborn==0.13.0

plotly==5.18.0
jupyterlab==4.0.9
joblib==1.3.2

tabulate==0.9.0

Now, install all the libraries at once using pip:

pip install -r requirements.txt

Your environment is now fully configured and ready for use.

4 Project Structure and Key Files

Place the provided project files into your main project directory. The expected structure is as
follows:
x23270110 code artifacts/

— thesis_venv/ # The virtual environment folder
—— saved _models/ # Directory for all trained model artifacts
—— best_svm_model.pkl # The trained SVM model
— scaler.pkl # The fitted StandardScaler object
—— pca_transformer.pkl # The fitted PCA object
— label encoders.pkl # The fitted LabelEncoder objects
—— column_info.pkl # Information about feature columns
—— allowed categories.pkl. # Allowed categories for dropdowns
— log_sup_dataset.csv # The raw dataset for training
—— x23270110 _code_file.ipynb # The original Jupyter Notebook with all analysis
—— requirements. txt # The list of Python dependencies

5 Model Training Execution

You can train the model by running the Jupyter Notebook. The final retraining block is the
most important as it generates the artifacts in the saved_models directory.
Instructions:

1. Ensure your virtual environment is activated.
2. Launch Jupyter Lab from your terminal:
jupyter lab
3. A new tab will open in your web browser with the Jupyter Lab interface.
4. Navigate to and open notebook.ipynb.
5. To train the model and generate the final artifacts, you can either:
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o Run all cells sequentially by clicking Run > Run All Cells.

o Scroll down to the final cell block titled ""Retraiining the model** and run this
block and the subsequent cells. This specific block is designed to produce the
final, production-ready model and save all necessary artifacts to
the saved_models/ directory.

Upon successful execution, the saved_models directory will be populated with the latest
versions of the .pkl files.

Figure 2: Models Training

6 Using the Trained Model for Prediction (Inference)

Once the model and preprocessing artifacts are saved, you can use them to make predictions
on new, unseen data. Prediction can be checked through below code also without web app.

sample_input = X_test.iloc[:5]
sample_scaled = scaler.transform(sample_input)
sample_pca = pca.transform(sample_scaled)

sample_preds = model.predict(sample_pca)
sample_probs = model.predict_proba(sample_pca)

# Define colors

COLOR_RED ="\033[91m"
COLOR_YELLOW ="\033[93m"
COLOR_GREEN ="\033[92m"
COLOR_RESET ="\033[0m"

risk_color_map = {
"High Risk™": COLOR_RED,



"Moderate Risk": COLOR_YELLOW,
"Low Risk": COLOR_GREEN

ks

columns_to_hide = ['order_fulfillment_status', ‘cargo_condition_status']
int_columns = ['timestamp_year', ‘timestamp_month’, ‘timestamp_dayofweek']

print("\nQ, Sample Inputs and Predictions:")
for i in range(len(sample_input)):
row = sample_input.iloc[i].drop(columns_to_hide).copy()
row_dict = {}
for col in row.index:
if col in int_columns:
row_dict[col] = int(round(row[col]))
else:
row_dict[col] = round(row[col], 2)

table = [[k, v] for k, v in row_dict.items()]
print(f"\ninput {i+1} Features:")
print(tabulate(table, headers=["Feature", "Value"], tablefmt="fancy_grid"))

color = risk_color_map.get(sample_preds[i], COLOR_RESET)
print(f'[=] Predicted Class: {color}{sample_preds[i]}{COLOR_RESET}")

® Sample Inputs and Predictions:

Input 1 Features:

| timestamp_year
timestsmp month
| timestamp_dayofwesk

| efficiency ratin

ic_impact
B Predicted Class:
Input 2 Features:
| Feature
| shipping costs
fuel_consumption rate
| delay probabilivy | e.14 |

| disruption likelihood score | 8.8 |

timestamp_dayofweek

| efficiency ratio

| risk delay interaction

Figure 3: Output from Above Command



7 Conclusion

This configuration manual has provided a comprehensive, step-by-step guide to setting up
and operating the predictive logistics risk model. By following the outlined procedures, a user
can successfully create the necessary software environment, install all dependencies, and
execute the model training pipeline to generate the required predictive artifacts.

Furthermore, the manual provides a ready-to-use inference script (predict.py) that
demonstrates how to leverage the trained model to assess the risk of new, unseen shipments.
This serves as a template for integrating the model into larger applications, such as a real-
time monitoring dashboard or an automated alert system. The successful completion of these
steps enables the practical application of this research, empowering organisations to transition
towards a more proactive, data-driven, and resilient supply chain strategy. For any issues,
first ensure all library versions match those in requirements.txt and that all file paths are
correct relative to the script being executed.
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