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[bookmark: _Toc225283470]Introduction
The rapid expansion of the food delivery industry has generated substantial volumes of operational data, presenting opportunities for businesses seeking to improve service efficiency and customer satisfaction. As Chaudhuri, Dayal and Narasayya (2011) argue, effective business intelligence systems allow organisations to transform raw transactional data into actionable insights that inform strategic and operational decisions.
This report presents a structured analytical investigation of a food delivery operations dataset comprising 11,399 records from delivery activities conducted between February and April 2022 across multiple cities. The dataset encompasses variables including delivery person demographics, geospatial coordinates, order timestamps, weather conditions, road traffic density, vehicle types, and order categories, making it well-suited to both descriptive and inferential statistical analysis (Han, Kamber and Pei, 2012).
The analysis utilises Microsoft Excel for data cleaning, descriptive statistics and trend visualisation, and SPSS for inferential statistical testing, reflecting established practice in applied business analytics (Field, 2018). Five principal objectives guide the investigation: data cleaning and preparation; descriptive statistical summary; trend analysis and visualisation; hypothesis testing and regression; and evidence-based operational recommendations. As Turban et al. (2011) observe, such analysis enables organisations to move from reactive problem-solving towards proactive strategic planning.












[bookmark: _Toc225283471]Data Cleaning and Preparation
Before analysis, the dataset was systematically cleaned in Microsoft Excel to ensure data integrity and analytical reliability. Data cleaning is widely recognised as a foundational step in any analytical workflow, as inconsistencies and missing values can significantly distort statistical outputs (Rahm and Do, 2000).
The dataset contained 11,399 records across 20 variables. Initial inspection identified two redundant columns, which were removed: the first column contained corrupt identifiers, and the final column contained only placeholder text, neither of which held analytical value.
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Figure 1 : Data Cleaning and Preparation Summary
Missing values were identified across eight variables and addressed through two methods. For numerical variables, mean imputation was applied to Delivery_person_Age (491 missing values, replaced with 29.52) and Delivery_person_Ratings (507 missing values, replaced with 4.63). Restaurant coordinates contained 870 invalid zero values, which are geographically impossible and were replaced with column means. For categorical and time variables, mode imputation was applied, replacing missing entries with the most frequently occurring value in each column, including Weather, Road_traffic_density, City, Festival, multiple_deliveries and Time_Orderd. This mixed imputation approach is consistent with established guidance for datasets containing both numerical and categorical variables (Hair et al., 2019).
Date and time columns were standardised to consistent formats to ensure accuracy in trend analysis. The cleaned dataset was saved separately to preserve the original data, in accordance with best practice in data management (Wang and Strong, 1996).
All missing values, imputation methods and formatting changes identified during the cleaning process have been recorded in Figure 1, which provides a comprehensive summary of all modifications made to the dataset prior to analysis.
[bookmark: _Toc225283472]Descriptive Statistics 
Descriptive statistics provide a foundational understanding of the dataset by summarising its key characteristics before more complex analysis is undertaken. As Field (2018) notes, measures of central tendency and dispersion are essential for identifying patterns and anomalies within data. The following analysis draws upon pivot tables and charts generated in Microsoft Excel across both numerical and categorical variables.
Numerical Variables
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Figure 2 Descriptive statistics
Figure 2 presents the descriptive statistics for the three key numerical variables in the dataset. Delivery persons ranged in age from 15 to 50 years, with a mean age of 29.52, suggesting a predominantly young workforce typical of gig-economy platforms (Goods, Veen and Barratt, 2019). Performance ratings ranged from 1 to 6, with a mean of 4.63, indicating that the majority of delivery personnel maintained relatively high customer satisfaction scores. The multiple_deliveries variable ranged from 0 to 3, with a mean of 0.75, suggesting that single deliveries were the most common operational pattern.






Weather Distribution
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Figure 3

[image: ]As illustrated in Figures 3 and 4, deliveries were distributed across six weather conditions in a notably even pattern. Sunny conditions accounted for the highest proportion at 18.71% (n=2,133), followed by Windy at 17.09% (n=1,948) and Sandstorms at 16.48% (n=1,878). The near-uniform distribution across all weather conditions suggests that delivery operations were maintained consistently regardless of prevailing weather, which has implications for understanding the relationship between weather and delivery performance (Talavera et al., 2018).Figure 4

Road Traffic Density
[image: ][image: ]Figures 5 and 6 reveal that the majority of deliveries occurred under Low traffic conditions, accounting for 35.40% of all records (n=4,035), followed by Jam conditions at 30.73% (n=3,503) and Medium at 24.13% (n=2,751). High traffic density represented the smallest proportion at just 9.74% (n=1,110). This distribution suggests that whilst most deliveries were conducted under favourable traffic conditions, a substantial proportion occurred during congested periods, which may have implications for delivery time performance.Figure 6
Figure 5




Type of Order
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Figure 7
[image: ]Figures 7 and 8 demonstrate a remarkably balanced distribution across all four order categories. Drinks represented the most frequent order type at 25.62% (n=2,920), followed closely by Buffet at 25.18% (n=2,870), Snack at 24.70% (n=2,815) and Meal at 24.51% (n=2,794). This near-equal distribution indicates no single order type dominates demand, suggesting a diversified customer base.Figure 8

[image: ]Type of VehicleFigure 9

Figures 9 and 10 show that motorcycles were the dominant vehicle type, accounting for 57.98% of all deliveries (n=6,609), followed by scooters at 33.49% (n=3,817). Electric scooters represented 8.33% (n=950), whilst bicycles accounted for a negligible 0.20% (n=23). The dominance of motorcycles is consistent with findings in the food delivery literature, where motorised two-wheelers are favoured for their speed and manoeuvrability in urban environments (Patier and Browne, 2010).

[image: ]Collectively, these descriptive findings establish a comprehensive baseline understanding of the dataset, informing the more detailed trend analysis and statistical testing presented in the sections that follow.Figure 10




[bookmark: _Toc225283473]Trend Analysis and Visualisation 
Trend analysis enables the identification of patterns and relationships within operational data, transforming complex datasets into accessible insights that support informed decision-making (Few, 2009). This section examines how weather conditions, road traffic density and vehicle type influence delivery duration, alongside delivery volume trends observed across the study period of February to April 2022.
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Figure 11
Average Delivery Duration by Weather Condition
Figure 11 illustrates the average delivery duration across six weather conditions. Surprisingly, Sunny conditions recorded the highest average duration at 21.66 minutes, considerably higher than all other conditions. The remaining weather types were closely clustered between 12.10 minutes (Fog) and 13.16 minutes (Cloudy), suggesting consistent performance across adverse weather conditions. This counterintuitive finding may indicate that Sunny conditions coincide with higher order volumes, increasing workload per driver rather than reflecting the direct impact of weather on travel speed (Böhm et al., 2021).
[image: ]
Figure 12
Average Delivery Duration by Traffic Density
Figure 12 presents the average delivery duration by road traffic density. Counterintuitively, Low traffic conditions recorded the highest average duration at 19.47 minutes, whilst High traffic conditions produced the shortest at 9.89 minutes. Jam conditions resulted in an average of 13.58 minutes, followed by Medium at 10.18 minutes. This unexpected pattern may suggest that Low traffic areas correspond to more geographically dispersed delivery locations, requiring longer travel distances regardless of congestion levels, a relationship noted by Figliozzi (2010) in urban freight distribution research.
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Figure 13


Average Delivery Duration by Vehicle Type
Figure 13 displays the average delivery duration by vehicle type. Motorcycles and scooters recorded the most efficient delivery times at 13.41 and 14.07 minutes, respectively, whilst electric scooters averaged 20.32 minutes. Bicycles recorded an extreme outlier value of 192.65 minutes, which is statistically implausible as a genuine operational figure and most likely reflects data entry errors within the 23 bicycle records identified in Section 3. Given the negligible representation of bicycles in the dataset (0.20%), this value should be treated with caution and excluded from any comparative interpretation (Hair et al., 2019).
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Figure 14
Number of Deliveries over Time
Figure 14 illustrates delivery volume across the study period. A pronounced peak is observed in March 2022, recording 7,911 deliveries, compared to 1,870 in February and 1,618 in April. This pattern likely reflects the partial nature of the February and April data, as the dataset spans from 11th February to 6th April 2022, meaning neither month represents a complete period. Nevertheless, the concentration of deliveries in March provides a reliable basis for the analyses conducted in this report, and the overall trend suggests stable operational activity during the core study period (Saunders, Lewis and Thornhill, 2019).
Collectively, the trend analysis reveals that environmental and logistical variables influence delivery duration in complex and often counterintuitive ways, highlighting the need for deeper statistical investigation to confirm the significance of these observed patterns.
[bookmark: _Toc225283474] Statistical Analysis
Statistical analysis allows for the examination of relationships and differences within datasets beyond what descriptive statistics and visualisation alone can reveal. As Field (2018) notes, inferential statistical tests enable researchers to draw conclusions about populations based on sample data, providing a more rigorous foundation for evidence-based decision-making. This section presents three statistical tests conducted using SPSS: a One-Way ANOVA to examine differences in delivery person ratings across weather conditions, a correlation analysis to explore relationships between key variables, and a regression analysis to identify predictors of delivery performance. Whilst a t-test is commonly applied in hypothesis testing, a One-Way ANOVA was deemed more appropriate here, as the Weather variable contains six distinct categories rather than two groups, making ANOVA the statistically correct choice for this analysis (Field, 2018).
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Figure 15 
To examine whether weather conditions had a statistically significant effect on delivery person ratings, a One-Way ANOVA was conducted with Delivery_person_Ratings as the dependent variable and Weather as the factor. The null hypothesis (H0) stated that there is no significant difference in ratings across weather conditions, whilst the alternative hypothesis (H1) proposed that a significant difference exists. As presented in Figure 15, the results revealed a statistically significant effect, F(5, 11393) = 7.583, p < .001, leading to the rejection of the null hypothesis. 
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Figure 16
As shown in Figure 16, the effect size analysis indicated an Eta-squared value of 0.003, meaning that weather conditions account for only 0.3% of the variance in delivery ratings. Whilst the difference is statistically significant, its practical significance is limited, suggesting that weather alone is not a meaningful predictor of delivery performance (Field, 2018).




Correlation Analysis
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Figure 17
A Pearson correlation analysis was conducted to examine relationships between Delivery_person_Age, Delivery_person_Ratings and Delivery_Duration, as presented in Figure 17. A statistically significant but weak negative correlation was found between age and ratings (r = -0.056, p < .001), suggesting that older delivery personnel tend to receive marginally lower customer ratings, though the relationship is negligible in practical terms. No significant correlation was identified between age and delivery duration (r = 0.007, p = .447), nor between ratings and delivery duration (r = -0.016, p = .085). These findings indicate that neither age nor delivery speed are meaningful predictor of customer satisfaction in this dataset (Pallant, 2020).
Regression Analysis
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Figure 18
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Figure 19
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Figure 20
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Figure 21
A linear regression analysis was conducted to examine the extent to which Delivery_person_Age and Delivery_Duration predict Delivery_person_Ratings, as presented in Figures 18 to 21. The Model Summary indicates that the two predictors collectively explain only 0.4% of the variance in ratings (R² = 0.004), suggesting the model has very limited predictive power. Nevertheless, the overall model was statistically significant, F(2, 11239) = 24.868, p < .001. Examining the individual predictors, Delivery_person_Age was found to be a statistically significant negative predictor of ratings (β = -0.064, p < .001), indicating that older delivery personnel tend to receive marginally lower ratings. Delivery_Duration was not a significant predictor (β = -0.016, p = .093), suggesting that the time taken to complete a delivery does not meaningfully influence customer satisfaction scores. These findings are consistent with the correlation results presented above and reinforce the conclusion that delivery ratings are influenced by a complex range of factors not fully captured within this dataset (Pallant, 2020).

[bookmark: _Toc225283475]Insights and Recommendations
The analysis of the food delivery dataset yielded several noteworthy findings. Delivery person ratings were consistently high across the dataset, with a mean of 4.63 out of 6, suggesting that overall customer satisfaction levels are relatively strong. However, the statistical analysis revealed that older delivery personnel tend to receive marginally lower ratings, which may indicate that targeted training and development programmes for more experienced staff could help maintain and improve service quality. It is recommended that delivery companies introduce regular performance reviews regardless of age or experience level, as customer expectations remain consistent across all demographics (Goods, Veen and Barratt, 2019).
With regard to delivery duration, the trend analysis produced counterintuitive findings, whereby sunny weather and low traffic conditions were associated with longer delivery times. This suggests that operational inefficiencies may be driven by factors such as delivery distance and order volume rather than environmental conditions alone. It is therefore recommended that route optimisation strategies are implemented, particularly during peak periods, to reduce unnecessary delays regardless of prevailing conditions (Figliozzi, 2010).
The dominance of motorcycles as the primary vehicle type (57.98%) appears justified given their comparatively efficient delivery durations. However, the negligible representation of bicycles and the implausible duration recorded for that vehicle type highlight the need for more rigorous data collection practices. Future investigations would benefit from a more complete and directly recorded delivery time variable, a longer timeframe beyond three months, and the inclusion of additional variables such as delivery distance and customer demographics, which may better explain the variance in ratings left unaccounted for in the regression model (R² = 0.004).
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Weather Condition Total Deliveries Percentage

Cloudy 1861 16.33%

Fog 1768 15.51%

Sandstorms 1878 16.48%

Stormy 1811 15.89%

Sunny 2133 18.71%

Windy 1948 17.09%

Grand Total 11399 100.00%
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Traffic Density Total Deliveries Percentage

High 1110 9.74%

Jam 3503 30.73%

Low 4035 35.40%

Medium 2751 24.13%

Grand Total 11399 100.00%
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Order Type Total Deliveries Percentage

Buffet 2870 25.18%

Drinks 2920 25.62%

Meal 2794 24.51%

Snack 2815 24.70%

Grand Total 11399 100.00%
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Type of Vehicle Total Deliveries percentage

bicycle 23 0.20%

electric_scooter 950 8.33%

motorcycle 6609 57.98%

scooter 3817 33.49%

Grand Total 11399 100.00%
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Average of Delivery_Duration
Average Delivery Duration by Traffic Density
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Delivery_person_Ratings
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ANOVA Effect Sizes”
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Column1 Column2 Column3 Column4 Column5

Column Issue Count Action Taken Value Used

Delivery_person_Age NaN values 491 Mean imputation 29.52

Delivery_person_Ratings NaN values 507 Mean imputation 4.63

Restaurant_latitude Zero values (invalid coordinates) 870 Mean imputation 17.1

Restaurant_longitude Zero values (invalid coordinates) 870 Mean imputation 70.4

Order_Date Format inconsistency 0 Standardised to DD/MM/YYYY —

Time_Orderd NaN values 444 Mode imputation 18:20

Time_Order_picked None 0 Standardised to HH:MM —

Weather NaN values 158 Mode imputation Sunny

Road_traffic_density NaN values 154 Mode imputation Low

multiple_deliveries NaN values 238 Mode imputation 1

Festival NaN values 65 Mode imputation No

City NaN values 324 Mode imputation Metropolitian

Name: (Col T) Contains only object 11399 Column deleted

#NAME? (Col A) Corrupt hex IDs 11399 Column deleted

Vehicle_condition None 0 No action required

Type_of_order None 0 No action required

Type_of_vehicle None 0 No action required

Delivery_person_ID None 0 No action required

Delivery_location_latitude None 0 No action required

Delivery_location_longitude None 0 No action required
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Variable MIN Max Average
Delivery_person_Age 15 50 29.52
Delivery_person_Ratings 1 6 4.63
multiple_deliveries [] 3 0.75





