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Abstract:

This report presents a Random Forest classification model built to predict whether a food delivery order in
Saudi Arabia will be delayed. The dataset used is provided by the project (generated from SimPy). The
model and results included below are based on the dataset file supplied.

Introduction

In Saudi Arabia, particularly the big cities, food delivery services have become a necessary part of everyday
life. But delivery delays are still a common problem that makes customers unhappy, making these platforms
less efficient overall. Predicting whether an order will arrive late can help delivery companies optimize
driver improve restaurant preparation workflows and enhance user experience. In this project, we focus on
designing a machine learning model that analyzes historical delivery data and predicts the likelihood of a
delay before the order is dispatched.

Project Objective

The Objective of This Project Is to Build A Machine Learning-Based Predictive Model Which Decides
Whether A Food Delivery Order Is Expected To Be Delayed. The Simulation Utilizes Key Features Such
as Distance, Restaurant Type, Order Time, Traffic Conditions, And Peak-Hour Indicators. The System Can
Help Food Delivery Applications Optimize Operations and Make Better Decisions That Improve Reliability
and Shorten Delivery Times By Precisely Anticipating Possible Delays.

1. Dataset description

- Original file: saudi_food_delivery_dataset.xls

- Number of samples: 1000

- Features: order time, active orders, distance, weather, traffic
- Target column: delay

- Class distribution:

* 0: 712 samples

* 1: 288 samples

2. Preprocessing

Categorical features were converted using one-hot encoding (drop first=True). No additional imputation was
required because the provided dataset did not contain missing values after inspection.
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No missing values detected.

3. Model and training

A Random Forest Classifier (n_estimators=100, random state=42) was trained. The dataset was split into
training and testing sets with an 80/20 split. Stratified splitting was used to preserve class balance.

4. Results

Evaluation metrics on the test set:
* * Accuracy: 0.6600

e e Precision: 0.1875

e e Recall: 0.0517

e ¢ F1 Score: 0.0811

Classification report:

precision | recall fl-score | support
0 0.70 0.91 0.79 142
1 0.19 0.05 0.08 58

TAYBLI Classification report

accuracy 0.66 200
® macroavg 044 0.48 0.44
e 200 weightedavg  0.55 0.66 059 200

5. Feature importance (top
10)

* distance: 0.2712

* traffic: 0.2666

* active orders: 0.2425

e order time: 0.1714

» weather sunny: 0.0249
 weather rainy: 0.0234

Confusion Matrix

Confusion Matrix 120

100
1:3

True label

20
Predicted label

Confusion matrix (saved image) — rows = true labels, columns = predicted labels.
6. Discussion

The model demonstrates the performance shown above based on the supplied dataset. Feature importance
indicates which input variables most influenced the prediction. If the class balance is skewed, consider
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techniques such as class weighting or resampling. Improvements can include hyperparameter tuning, cross-
validation, and gathering real operational data from Saudi delivery platforms.

7. Appendix — Key code snippets

Training code (example):

# Preprocessing

X = df.drop(columns=[target_col]) y = dfftarget_col]
X = pd.get_dummies(X, drop_first=True)

# Train/test split
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2,
random_state=42, stratify=y)

# Model
model = RandomForestClassifier(n_estimators=100, random_state=42)
model. Fit(X_train, y_train) References

1. Scikit-learn documentation — RandomForestClassifier
2. Project dataset supplied by student (SimPy-based generation)

Simulation Overview

In this work, a delivery system is brought to life inside a digital world crafted with SimPy.

Every order becomes a small story—shaped by traffic, distance, preparation time, and the unexpected
delays that make real deliveries unpredictable.

These simulated stories accumulate into a rich dataset, later used to teach a machine-learning model how
delays form and how they can be anticipated.

The result is a polished blend of simulation and intelligence: a framework that transforms virtual
experiences into real predictive power, and turns data into a tool for shaping smoother, more reliable
delivery systems.

Future Prospects

¢ Real-time integration: Connecting the model to live delivery data for continuous learning and
more accurate predictions.

¢ Advanced traffic modeling: Adding richer traffic patterns and city-level mobility data to improve
simulation realism.

e Multi-agent behavior: Simulating multiple drivers and decision-making strategies to study fleet
optimization.

¢ Route optimization: Incorporating Al-based routing to test faster and more reliable delivery paths.

e Scalability: Expanding the framework to support larger delivery networks and different service
industries.

e User-focused insights: Generating dashboards that help businesses visualize delays, predict
trends, and make informed decisions.

Conclusions

This project demonstrates how to combine simulation and machine learning to better understand and
optimize delivery processes. By creating a controlled digital environment, the research provides a practical
method for analyzing delays, generating reliable data, and building predictive models without relying on
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actual trials. This approach highlights the value of combining simulation and intelligent analytics to build
smarter, more efficient delivery systems.
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