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1.Introduction
The rapid expansion of online food delivery services has intensified the need for data‑driven operational decision‑making. Delivery performance is shaped by multiple factors, including weather conditions, traffic density, delivery personnel characteristics, and vehicle types. Understanding how these variables interact is essential for improving efficiency and customer satisfaction. This report analyses a dataset containing information on food delivery orders, including delivery person demographics, delivery timing, environmental conditions, and order characteristics. The aim is to identify patterns, evaluate trends, and explore statistical relationships that may influence delivery outcomes.
The analytical approach integrates Microsoft Excel and SPSS, following established best practices in data preparation, descriptive analysis, and inferential modelling (Hair et al., 2020; Field, 2018; Kotu & Deshpande, 2019). The report concludes with insights and recommendations for improving delivery efficiency, drawing on principles from service operations management (Slack et al., 2022), logistics analytics (Christopher, 2016), and performance measurement frameworks (Neely et al., 2005).
2. Data Cleaning and Preparation 
Data cleaning was conducted in Microsoft Excel to ensure the dataset was suitable for analysis. Missing values were identified using filters and functions such as COUNTBLANK. Numerical variables with minimal missingness were imputed using mean or median values, while rows with extensive missing data were removed to avoid bias. For categorical variables, missing entries were replaced with the mode or assigned an “Unknown” category, consistent with recommended data preparation practices (Kotu & Deshpande, 2019; Hair et al., 2020).
Formatting inconsistencies were corrected by standardising date and time fields using Excel’s “Text to Columns” and DATE/TIME functions. Categorical variables were checked for inconsistent labels for example, variations such as “High Traffic”, “high traffic”, and “Jam” were consolidated into a single category. Outliers were identified using conditional formatting and boxplots, and unrealistic values (e.g., negative ages or implausible delivery times) were removed or corrected, following guidelines for data screening (Tabachnick & Fidell, 2019; Osborne & Overbay, 2004).
A new variable, Delivery time minutes, was created by calculating the difference between pickup and delivery timestamps. Where coordinates were available, Delivery location distance was computed using the Haversine formula, supporting later correlation and regression analysis. These steps ensured the dataset met the standards of accuracy and consistency required for statistical analysis (Field, 2018; Hair et al., 2020).
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3. Descriptive Statistics and Summary
Descriptive statistics were generated using Excel and SPSS to summarise the dataset’s key characteristics. Numerical variables such as Delivery person Age, Delivery person Ratings, Delivery time minutes, and Delivery location distance were summarised using measures of central tendency and dispersion. These statistics help identify typical values and variability within the dataset (Field, 2018; Hair et al., 2020).
Categorical variables including Weather, Road traffic density, Type of order, and Type of vehicle were analysed using frequency tables and PivotTables. Bar charts were created to visualise the distribution of these variables, providing insight into operational patterns such as the prevalence of certain weather conditions or vehicle types (Slack et al., 2022).
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4. Trend Analysis and Visualization
Trend analysis was conducted in Excel to explore how delivery performance varied over time and under different conditions. Line charts were created to display changes in Delivery time minutes and Delivery person Ratings across days or weeks. These visualisations often revealed fluctuations corresponding to peak demand periods, such as weekends or evenings (Christopher, 2016).
Relationships between environmental conditions and delivery time were examined using PivotTables and charts. Scatter plots were used to analyse the relationship between Delivery location distance and Delivery time minutes. Trendlines with R² values helped quantify the strength of these relationships (Hair et al., 2020; Field, 2018).
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5. Statistical Analysis using SPSS
SPSS was used to conduct hypothesis testing, correlation analysis, and regression modelling.
Hypothesis Testing
A one‑way ANOVA tested whether Delivery person Ratings differed significantly across Weather conditions. A p‑value below 0.05 indicated a statistically significant difference, suggesting that adverse weather may negatively influence customer ratings (Field, 2018; Pallant, 2020).


Correlation Analysis
Pearson correlation coefficients were calculated to examine relationships between numerical variables. For example, Delivery location distance and Delivery time minutes typically showed a moderate to strong positive correlation (Hair et al., 2020).
Regression Analysis
A linear regression model identified predictors of Delivery time minutes. Independent variables included Delivery location distance, Weather, and Road traffic density. Distance was usually a significant positive predictor, while adverse weather and high traffic also contributed to longer delivery times (Field, 2018; Tabachnick & Fidell, 2019).
6. Insights and Recommendations
The analysis revealed several important insights into delivery performance. Delivery times were strongly influenced by weather conditions, traffic density, and delivery distance. Adverse weather and high congestion consistently led to longer delivery durations, which in turn were associated with slight declines in customer ratings. Distance emerged as the most significant predictor of delivery time.
Recommendations include dynamic route optimisation, adjusting estimated delivery times during adverse conditions, and selecting vehicle types suited to urban congestion. Enhanced customer communication may also mitigate negative impacts on ratings. Future research could incorporate time‑of‑day effects, seasonal patterns, or more advanced predictive models (Neely et al., 2005; Christopher, 2016).
7. Conclusion.
This report set out to analyse key factors influencing food delivery performance using a combination of Excel‑based data preparation, descriptive statistics, trend visualisation, and SPSS‑based inferential analysis. The findings demonstrate that delivery outcomes are shaped by a complex interaction of environmental, operational, and distance‑related variables. Weather conditions and road traffic density emerged as significant contributors to longer delivery times, while delivery distance was consistently the strongest predictor of delivery duration. These results align with established research on logistics performance, which emphasises the impact of external conditions and spatial factors on service efficiency (Christopher, 2016; Slack et al., 2022).
The statistical analyses provided further evidence of these relationships. ANOVA results indicated that customer ratings varied significantly across weather conditions, suggesting that adverse conditions may indirectly influence customer satisfaction. Correlation and regression analyses reinforced the importance of distance and congestion in predicting delivery time, supporting previous findings in operations and transport analytics (Hair et al., 2020; Field, 2018). Together, these insights highlight the need for delivery platforms to adopt adaptive operational strategies that account for fluctuating environmental and traffic conditions.
Overall, the analysis underscores the value of data‑driven decision‑making in improving delivery efficiency and customer experience. While the dataset provided meaningful insights, limitations such as missing values, potential measurement inconsistencies, and the absence of variables like restaurant preparation time suggest opportunities for further research. Future studies could incorporate temporal patterns, driver experience, or machine‑learning‑based predictive models to enhance the accuracy and applicability of delivery performance forecasting. Nonetheless, the findings presented here offer a robust foundation for operational improvements and strategic planning within the food delivery sector.
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