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Introduction
This report examines a food delivery dataset to identify the main factors affecting operational performance. The analysis focuses on variables such as rider characteristics, delivery timing, weather conditions, traffic density, vehicle type, and customer-related performance ratings. By studying these variables together, it becomes possible to understand which conditions are most strongly associated with delays and changes in service performance.
The purpose of this report is to apply data handling and statistical techniques to produce meaningful business insights from the dataset. Microsoft Excel is used to clean, prepare, and visualise the data, while SPSS is used to carry out statistical tests, including analysis of variance, correlation, and regression. Combining these tools allows both descriptive and inferential analysis to be carried out in a structured way.
This investigation is important because delivery businesses operate in environments where timing, reliability, and service quality directly affect customer satisfaction. Identifying the operational factors linked with slower deliveries or lower performance can help managers make better decisions about planning, routing, and service improvement.
The report is organised in a logical sequence. It begins with data cleaning and preparation, then moves to descriptive statistics and trend analysis, followed by statistical testing in SPSS. The final section presents the main insights drawn from the findings and offers recommendations for improving delivery performance.

Data Cleaning and Preparation
Data cleaning and preparation were conducted using Microsoft Excel to ensure that the dataset was accurate, consistent, and suitable for analysis. This stage is critical, as the presence of missing or incorrect values can distort statistical results and reduce the reliability of findings (Rahm and Do, 2000).
Initial screening involved applying filters to identify missing values labelled as “NaN” and detecting any inconsistencies across variables. For the Performance_Score variable, 11 missing values were identified and replaced using the overall mean of 4.7. This approach allowed the dataset to be retained without significantly altering its distribution. In contrast, rows containing missing time-related variables or invalid coordinate values were removed entirely (798 rows), as these fields were essential for calculating delivery time and could not be reliably imputed.
Further preparation involved transforming time variables into a usable format. A new variable, Delivery Time, was created by calculating the difference between order time and pickup time. Since Excel records time as fractions of a day, these values were converted into minutes by multiplying by 1,440, improving interpretability for analysis (Winston, 2016).
Before exporting the dataset to SPSS, categorical variables were recoded into numerical formats. Weather conditions and traffic density were assigned numeric codes to ensure compatibility with statistical techniques such as ANOVA and regression (Field, 2018). These steps improved overall data quality and ensured that subsequent analysis was based on reliable and well-structured data.
.
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Figure 1: Data Cleaning in Excel — Filters, NaN Handling, and Formula Application

Descriptive Statistics and Summary
Descriptive statistics were generated using Microsoft Excel and SPSS to provide a comprehensive overview of the dataset and to identify key characteristics of delivery performance. This stage is essential in data analysis, as it enables the summarisation of large volumes of data into meaningful indicators such as averages, ranges, and distributions, which form the basis for further statistical investigation (Pallant, 2020).
The analysis focused on three primary numerical variables: rider age, performance score, and delivery time. As presented in Table 1, the mean rider age was 30.52 years, with values ranging from 21 to 40 years. This relatively narrow range suggests a predominantly young workforce, which is typical in delivery-based roles that often require physical mobility and flexibility. While age provides useful demographic context, previous studies suggest that operational conditions tend to have a stronger influence on performance outcomes than individual characteristics (Christopher, 2016).
Performance scores were consistently high across the dataset, with an average of 4.73 and a range between 2.6 and 5.1. This indicates that the majority of deliveries were completed to a high standard, reflecting a generally reliable service system. The limited variation in scores suggests a degree of consistency in service quality, which is an important factor in maintaining customer satisfaction and competitive advantage in the food delivery industry (Chopra and Meindl, 2019).
Delivery time averaged approximately 10.06 minutes, with a minimum of 5 minutes and a maximum of 15 minutes. Although the mean suggests an efficient delivery process, the observed range indicates variability that may be influenced by external conditions. Delivery time is a key operational metric, as even small delays can affect customer perceptions and overall service efficiency (McKinnon, 2018).
To further explore patterns within the dataset, pivot tables were used to analyse delivery time across different categories of road traffic density. As illustrated in Figure 3, traffic conditions were grouped into Low, Medium, High, and Jam categories, and the corresponding average delivery times were calculated. The results show a clear upward trend, with delivery times increasing as traffic density becomes more severe. This finding highlights the significant role of congestion in shaping delivery efficiency and is consistent with existing logistics research (Chopra and Meindl, 2019; Christopher, 2016).
Additional analysis of categorical variables, including weather conditions, order type, and vehicle type, provided further context. Adverse weather conditions were associated with slightly longer delivery times, while motorcycles emerged as the most commonly used vehicle type, likely due to their ability to navigate congested urban environments efficiently.
Overall, the descriptive analysis indicates that while service quality remains consistently high, delivery performance is influenced by external operational factors, particularly traffic density. These findings establish a strong foundation for subsequent trend analysis and statistical testing.
Table 1: Descriptive Statistics Summary
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Source: Dataset analysis using Microsoft Excel and SPSS
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Figure 2: Pivot Table — Average Delivery Time by Traffic Density

Trend Analysis and Visualisation
Trend analysis was conducted to identify patterns and relationships within the dataset. A line chart was created using SPSS to examine trends in delivery time over time.
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Figure 3: Trend Line — Average Delivery Time Over Time
Figure 3 illustrates the trend in average delivery time across different order times. The results show fluctuations in delivery duration, with most values ranging between approximately 9 and 11 minutes. The absence of a clear upward or downward trend suggests that delivery performance is influenced more by external factors such as traffic and weather rather than time alone (Knaflic, 2015).
A primary focus of the analysis was the relationship between road traffic density and delivery time. Using pivot tables, average delivery times were calculated across four traffic categories: Low, Medium, High, and Jam. As illustrated in Figure 4, a clear upward trend is observed, with delivery times increasing progressively as traffic conditions become more congested. Deliveries completed under low traffic conditions recorded the shortest durations, while those under jam conditions experienced the longest delays. This pattern highlights the significant impact of congestion on operational efficiency and is consistent with existing research, which identifies traffic density as a key constraint in last-mile delivery systems (McKinnon, 2018; Chopra and Meindl, 2019).
Weather conditions were also analysed to assess their influence on delivery performance. As shown in Figure 5, adverse weather conditions, such as windy and foggy environments, are associated with slightly longer delivery times compared to clear or sunny conditions. Although the effect is less pronounced than that of traffic density, it still indicates that environmental factors contribute to variability in delivery performance. Previous studies have similarly found that weather disruptions can affect transportation reliability and increase delivery times (McKinnon, 2018).
In addition, performance scores were examined across different weather categories, as presented in Figure 6. The results show a slight decline in performance ratings under more severe weather conditions. While the variation is relatively small, it suggests that challenging environmental conditions may influence service quality, potentially due to reduced visibility, safety concerns, or increased delivery complexity.
To explore the relationship between rider characteristics and performance, a scatter plot was used to analyse rider age and performance score. As illustrated in Figure 8, the data points are widely dispersed, indicating no clear linear pattern. The very low R² value further confirms that rider age explains only a minimal proportion of variation in performance outcomes. This suggests that individual demographic factors are less influential than external operational conditions.
Overall, the trend analysis demonstrates that traffic density is the most significant factor affecting delivery time, while weather conditions have a secondary but noticeable impact. In contrast, rider age shows little influence on performance. The use of visualisation techniques enhances the clarity of these findings, allowing patterns to be easily identified and communicated to both technical and non-technical audiences. These insights provide a strong foundation for subsequent statistical analysis and support more informed operational decision-making. 
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Figure 4: Bar Chart — Delivery Time vs Traffic Density

Figure 4 illustrates the relationship between road traffic density and average delivery time. A clear upward trend is visible, with delivery times increasing progressively from Low to Jam traffic conditions, confirming that congestion is a primary driver of delivery delays.
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Figure 5: Bar Chart — Delivery Time vs Weather Conditions

Figure 5 presents the average delivery time across different weather conditions. The chart shows that adverse weather, particularly Windy and Foggy conditions, is associated with longer delivery durations compared to clear weather, supporting the observation that environmental factors contribute to delivery variability.
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Figure 6: Performance Score vs Weather Conditions

Figure 6 examines how delivery person performance scores vary across weather conditions. The chart indicates that performance scores tend to be slightly lower under adverse weather, which is consistent with the ANOVA findings in Section 5 confirming a statistically significant relationship between weather and ratings.
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Figure 7: Bar Chart — Distribution of Weather Conditions

The distribution is fairly even across all 6 weather types (1,542–1,690 orders each), meaning the dataset is well-balanced and results are not skewed by one dominant weather condition. This supports the reliability of the weather-based comparisons made throughout the report.
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Figure 8: Scatter Plot — Rider Age vs Performance Score

As illustrated in Figure 8, the data points are widely dispersed with no clear linear pattern, indicating a weak relationship between rider age and performance scores. The R² value of 0.011 confirms that rider age explains only a very small proportion of the variation in performance.
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Figure 9: Distribution of Orders by Transport Mode
Figure 9 shows the distribution of orders by transport mode, with motorcycles accounting for the highest number of deliveries, followed by scooters, while electric scooters represent the smallest share.
Statistical Analysis Using SPSS
Statistical analysis was conducted using IBM SPSS Statistics to examine relationships between variables and test key hypotheses derived from the dataset. While descriptive statistics provide an overview of the data, inferential analysis enables a deeper understanding of whether observed patterns are statistically significant and meaningful (Field, 2018). This section focuses on three main techniques: one-way ANOVA, Pearson correlation, and simple linear regression.
A one-way ANOVA test was performed to assess whether delivery performance scores differed significantly across various weather conditions. The independent variable consisted of six weather categories, while the dependent variable was performance score. As presented in Figure 10, the results indicate a statistically significant difference between groups, F (5, 9748) = 9.137, p < 0.001. This leads to the rejection of the null hypothesis, suggesting that weather conditions do have an effect on delivery performance. However, the effect size was very small (η² = 0.005), indicating that weather explains only a limited proportion of the variation in performance scores. This highlights the importance of considering both statistical significance and practical significance when interpreting results (Pallant, 2020).
To further investigate relationships between variables, a Pearson correlation analysis was conducted between rider age and performance score. 
Overall, the SPSS analysis demonstrates that although some variables show statistically significant relationships, their practical importance is limited. External factors such as traffic density and weather conditions are likely to have a greater influence on delivery performance than individual characteristics like age. These findings reinforce the need to interpret statistical outputs critically and within a real-world operational context.
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Figure 10: Mean Delivery Performance Scores across Weather Conditions (1 = Sunny, 2 = Cloudy, 3 = Windy, 4 = Foggy, 5 = Stormy, 6 = Sandstorms)

Correlation Analysis
A Pearson correlation analysis was conducted to examine the relationship between rider age and delivery performance scores. The results revealed a weak negative correlation between the two variables (r = -0.103, p < 0.001), indicating that as rider age increases, performance scores tend to decrease slightly.
Although the relationship is statistically significant, the strength of the correlation is very weak, suggesting that rider age has minimal practical influence on delivery performance. 
This finding is supported by supply chain research, which emphasises that external operational conditions have a greater impact on service performance than individual characteristics (Christopher, 2016).
This is consistent with statistical guidance that small correlation coefficients indicate weak relationships despite statistical significance (Field, 2018; Pallant, 2020). The large sample size (N = 9754) may also contribute to statistical significance even when the effect size is small.
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Figure 11: Correlation Matrix — SPSS Output

Regression Analysis
A simple linear regression analysis was conducted to examine whether rider age predicts delivery performance scores. The results indicated that the regression model was statistically significant, F (1, 9752) = 105.568, p < 0.001, demonstrating that rider age has a measurable relationship with delivery performance.
However, the model explains only a very small proportion of the variance in performance scores, with an R² value of 0.011, indicating that rider age accounts for approximately 1.1% of the variation in delivery performance.
The regression coefficient for rider age was negative (B = -0.006, p < 0.001), suggesting that as rider age increases, delivery performance scores decrease slightly. Despite this statistical significance, the effect size is very small, indicating that rider age is not a strong predictor of performance outcomes.
These findings suggest that operational factors such as weather conditions, traffic density, and delivery time are likely to have a greater influence on delivery performance than rider age (Field, 2018; Pallant, 2020).
 From a statistical perspective, regression analysis is widely used to examine relationships between variables, although small effect sizes may still produce statistically significant results in large datasets (Hair et al., 2019).
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As illustrated in Figure 12, the data points are widely dispersed with no strong linear trend, supporting the regression findings of a weak negative relationship.
Insights and Recommendations
The analysis of the dataset provides several important insights into the factors influencing food delivery performance. One of the most significant findings is the impact of external conditions on delivery outcomes. Traffic density was identified as the primary factor affecting delivery time, with delays increasing substantially under congested conditions. This highlights the importance of real-time traffic management in improving operational efficiency.
Weather conditions were also found to have a statistically significant, although relatively small, effect on performance scores. Adverse weather, such as foggy or stormy conditions, was associated with slightly lower performance and longer delivery times. This suggests that environmental factors can introduce variability in service quality, even within a generally efficient system.
In contrast, rider age showed only a weak relationship with performance, indicating that individual demographic characteristics are less important than operational conditions. This finding suggests that efforts to improve delivery performance should focus more on system-level factors rather than personal attributes.
Based on these insights, several recommendations can be made. Delivery companies should implement real-time route optimisation systems that incorporate live traffic data to minimise delays in high-density areas. Additionally, providing customers with accurate delivery time updates during adverse weather conditions can help manage expectations and improve satisfaction.
Organisations should also invest in rider support and training to help manage challenging conditions more effectively. Finally, adopting flexible delivery strategies, such as using motorcycles or alternative transport methods in congested areas, can further enhance efficiency and reliability. 
One limitation of this analysis is that certain variables, such as delivery distance and real-time traffic conditions, were not fully explored. Additionally, the dataset may not capture all external factors influencing delivery performance. Future research could incorporate additional variables to improve the accuracy of results.
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Performance_Score Pearson Correlation 1 037
Sig. (2ailed) <001
N 9754 9754
RiderAge Pearson Correlation 103" 1
Sig. (2ailed) <001
N 9754 9754

*_Corslation is significant atthe 0.01 level (2-tailed)




image19.png
Variables Entered/Removed®

Variables Variables
Model Entered Removed Method
1 RiderAge® . Enter

a.Dependent Variable: Performance_Score
b. All requested variables entered

Model Summary

Adjusted R Std. Error of the
Model R R Square Square Estimate

1 103* 01 011 3215

a. Predictors: (Constant), RiderAge

ANOVA"
Sum of
Model Squares di  MeanSquare F Sig
1 Regression 10.908 1 10908 105568  <001®
Residual 1007.687 9752 103
Total 1018596 9753
a.Dependent Variable: Performance_Score
b. Predictors: (Constant), RiderAge
Coefficients®
Standardized
Unstandardized Coeficients  Coefficients
Model B Std. Error Beta t Sig.
1 (Constant) 4912 018 278.659 <001
RiderAge -.006 001 -103  -10.275 <001

2. Dependent Variable: Performance_Score
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