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1. Introduction
In today’s data-driven business environment, organisations increasingly rely on data analytics to improve operational efficiency, enhance customer satisfaction, and support strategic decision-making. The food delivery industry, in particular, generates large volumes of real-time data relating to delivery performance, environmental conditions, and customer demand. Analysing this data can provide valuable insights into factors affecting delivery efficiency and service quality.
This report aims to analyse a food delivery dataset using Microsoft Excel and SPSS in order to identify patterns, relationships, and performance trends. The dataset includes key variables such as delivery personnel characteristics, order and pickup times, weather conditions, traffic density, vehicle types, and delivery locations. These variables are critical in understanding how operational and external factors influence delivery processes.
The analysis begins with data cleaning and preparation to ensure accuracy and consistency. This is followed by descriptive statistical analysis to summarise key variables, and visualisation techniques to identify trends and patterns. Further statistical analysis is conducted using SPSS, including hypothesis testing, correlation, and regression, to examine relationships between variables and determine significant factors influencing delivery outcomes.
The findings from this analysis will be used to generate actionable insights and recommendations for improving delivery performance and operational efficiency within the food delivery sector. By applying data handling and business intelligence techniques, this report demonstrates how organisations can leverage data to support informed decision-making and continuous improvement.

2. Data Cleaning and Preparation
Before conducting any analysis, the dataset was carefully examined and cleaned using Microsoft Excel to ensure accuracy, consistency, and reliability. The dataset consisted of 11,399 rows and 20 columns, containing information related to delivery personnel, order timings, environmental conditions, and operational variables.
The initial stage involved identifying and removing irrelevant or erroneous variables. The column labelled “Name:” was found to contain only a repeated value (“object”) across all rows and did not contribute any meaningful information. Therefore, this column was removed from the dataset. Additionally, the column labelled “#NAME?” appeared to function as a unique identifier rather than a business variable, so it was retained only for reference and excluded from analysis.
A key issue identified was the presence of missing values across several variables. Missing data was observed in columns such as Delivery_person_Age, Delivery_person_Ratings, Time_Orderd, Weather, Road_traffic_density, multiple_deliveries, Festival, and City. To address this, numerical variables such as age and ratings were reviewed for completeness, and missing values were handled using appropriate methods such as omission or replacement where necessary. For categorical variables, missing values were treated carefully to avoid distortion of category distributions.
Another important step involved standardising inconsistent data formats. The Time_Orderd column contained mixed formats, including standard time values (e.g., 20:30) and numerical values (e.g., 0.75), which represent time in Excel’s fractional format. These values were converted into a consistent time format to ensure accurate time-based analysis. Similarly, date values in the Order_Date column were verified and standardised for consistency.
Data integrity issues were also identified in the geographical coordinates. Some entries in the restaurant latitude and longitude fields contained negative values that resulted in unrealistic delivery distances. These were corrected by standardising the coordinate format, ensuring that all values were consistent and suitable for distance calculations.
Categorical variables such as City were also reviewed for inconsistencies. For example, the category “Metropolitian” appeared with a spelling inconsistency, which was retained as per the original dataset but noted as a data quality issue.
Finally, the dataset was checked for duplicate records, and no exact duplicates were found. Overall, the data cleaning process ensured that the dataset was reliable, consistent, and suitable for further statistical and analytical procedures.

3. Descriptive Statistics and Summary
Descriptive statistics were used to summarise the key characteristics of the dataset and provide an overview of both numerical and categorical variables. This allows for a better understanding of delivery operations and the general patterns within the data.
For numerical variables, Delivery_person_Age ranged from 15 to 50 years, with an average of approximately 29.5 years, indicating that the workforce is relatively young. Delivery_person_Ratings ranged from 1.0 to 6.0, with a mean value of approximately 4.63, suggesting generally high performance ratings among delivery personnel. However, the presence of ratings above 5 indicates potential data inconsistencies or outliers that should be considered during interpretation.
The variable Vehicle_condition ranged between 0 and 3, representing different levels of vehicle quality, while multiple_deliveries ranged from 0 to 3, indicating the number of deliveries handled simultaneously. These variables provide insight into operational workload and resource condition.
For categorical variables, several patterns were observed. In terms of Weather, the most common conditions were Sunny (1,975), Windy (1,948) and Sandstorms (1,878), followed by Cloudy (1,861) and Stormy (1,811), while Fog (1,768) was the least frequent. This suggests that deliveries were performed under a wide range of environmental conditions. This suggests that deliveries are performed under a wide range of environmental conditions, which may influence delivery performance. Road_traffic_density was most frequently recorded as Low (3,881), followed by Jam (3,503), Medium (2,751) and High (1,110). This shows that deliveries occurred under a range of traffic conditions, although congestion remained an important operational challenge.
The Type_of_order variable showed that Drinks (2,920) were the most frequent order type, followed by Buffet (2,870), Snack (2,815) and Meal (2,794). Although the differences are relatively small, Drinks appears as the most common order category in the dataset. This reflects typical consumer behaviour in food delivery services. In terms of Type_of_vehicle, motorcycles were the most widely used mode of transport, followed by scooters, while bicycles were used least frequently. This indicates a reliance on motorised transport for efficiency.
The Festival variable showed that the majority of deliveries occurred during non-festival periods, with only a small proportion recorded during festivals. Similarly, the City variable indicated that most deliveries took place in metropolitan areas, with fewer in urban and semi-urban regions.
Overall, the descriptive analysis highlights key operational patterns, including a young workforce, high delivery ratings, heavy reliance on motorcycles, and delivery operations taking place under varied traffic and weather conditions. These findings provide a foundation for further trend and statistical analysis.

4. Trend Analysis and Visualisation
To further explore patterns within the dataset, trend analysis and visualisation techniques were applied using Microsoft Excel. Charts and graphs were used to identify relationships and highlight key operational trends in delivery performance.
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AI-generated content may be incorrect.]One of the key trends observed relates to order distribution over time. Analysis of the Order_Date variable showed that delivery activity increased significantly during March compared to February and early April. This suggests a peak period of demand, which may be linked to seasonal patterns or increased consumer activity during that time. Additionally, when analysing orders by day of the week, Friday recorded the highest number of deliveries, while Sunday had the lowest, indicating variation in customer demand across the week.
Figure 1 indicates that there are varying volumes of orders throughout the week. Friday had the most number of orders (1,787) then Wednesday with 1,745. The lowest volume of orders on Sunday was 1,491 and Saturday was also not very high at 1, 548. This trend indicates that customer demand is normally higher in weekdays and towards the end of the working week and lower on weekends. Operationally, this means that they might need additional delivery personnel and resources during Fridays and Wednesdays to ensure that they can deliver effectively due to the increased demand.
A second important trend was identified in relation to traffic conditions. A bar chart of Road_traffic_density revealed that Low traffic was the most common category, followed by Jam and Medium, while High traffic was the least frequent. This indicates that deliveries occurred under mixed traffic conditions, although congestion still remains an important operational consideration. This has direct implications for delivery time and efficiency.
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According to figure 2, Low traffic (3,881) was the most popular traffic state then Jam traffic (3,503) and Medium traffic (2,751). The least common category was high traffic, having 1,110 cases. Despite the fact that low traffic seems to be the most predominant, the high count of jam conditions indicates that congestion is still a key operational issue in the dataset.
Weather conditions also showed noticeable patterns. Visual analysis of the Weather variable indicated that deliveries most frequently occurred under Sunny, Windy, and Sandstorms conditions, while Fog was the least frequent category. This suggests that delivery operations were carried out under a wide range of environmental conditions. However, extreme conditions such as sandstorms were less common.
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Figure 3 indicates that deliveries occurred in a diverse weather condition. Sunny weather was the most frequent condition with 1,975 cases, closely followed by Windy (1,948), Sandstorms (1,878), and Cloudy (1,861). The most common were Stormy conditions with 1,811 and the least common Fog with 1,768. The balance in categories is relatively high, which means that deliveries are made without consideration of the changing weather conditions. It means that delivery processes should be adaptable and be ready to operate under both favorable and unfavorable environmental conditions.
In terms of operational resources, analysis of Type_of_vehicle demonstrated that motorcycles are the dominant mode of transport, followed by scooters, while bicycles are used minimally. This reflects a preference for faster and more efficient delivery methods, particularly in high-demand or congested areas.
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	Figure 4 shows that the most common vehicle of delivery is motorcycles which has made 6, 609 deliveries. The second most used type of vehicle was the scooters with 3,817 cases, and the electric scooters were significantly less frequent with 950 cases. The use of bicycles was not very frequent and there were 23 cases. This is a clear indication that the mode of transport used in operations of delivering items is the motorised two-wheel vehicles since they may be faster and offer more flexibility especially in congested urban environments. The extremely low bicycle usage can be an indication of the distance, speed, or inappropriateness of the delivery environment.
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AI-generated content may be incorrect.]Another key trend was observed in order types, where Drinks were the most common order category, followed closely by Buffet and Snack, while Meal was the least common. The relatively small differences between categories suggest a balanced pattern of customer demand across order types. This indicates that customers primarily use delivery services for full meals rather than smaller items.


Figure 5 demonstrates that the distribution of types of orders is relatively equal, but Drinks were the most frequent (2,920), next went Buffet (2,870), Snack (2,815), and Meal (2,794). The variances between categories are also not very high indicating that the demand of customers is not centralized on a single type of food order. This means that the business should be ready to deal with a wide variety of order requests and be flexible in operations in relation to different types of products.
Time-based analysis between Time_Orderd and Time_Order_picked showed that most orders are picked up within approximately 5 to 15 minutes, with an average delay of around 10 minutes. This relatively consistent pickup time suggests an efficient coordination between order placement and dispatch processes.
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Figure 6 summarises the order pickup and order placement delay. The pickup delay was within a range of 5 to 15 minutes with a minimum of 5 minutes and an average delay of 10.01 minutes. These numbers imply that the majority of pickups are made within a rather narrow and predictable time frame. This uniformity shows a fairly efficient dispatch and pick up process. The fact however that there are delays of up to 15 minutes points to the possibility that there are still operational bottlenecks which could be associated with traffic, workload, or order preparation time.
Overall, the visualisations highlight important operational patterns, including peak demand periods, high traffic exposure, reliance on motorised vehicles, and consistent order processing times. These trends provide a strong foundation for further statistical testing and deeper analysis using SPSS.

5. Statistical Analysis using SPSS
To further investigate relationships within the dataset, statistical analysis was conducted using SPSS. This included hypothesis testing, correlation analysis, and simple regression to identify significant factors influencing delivery operations.
Firstly, a hypothesis test was conducted to examine whether road traffic density has a significant impact on delivery performance. The independent variable was Road_traffic_density, while the dependent variable was Delivery_person_Ratings, used as an indicator of delivery performance. The hypotheses were defined as follows:
H₀ (null hypothesis): Road traffic density has no significant effect on delivery performance.
H₁ (alternative hypothesis): Road traffic density has a significant effect on delivery performance.
A one-way ANOVA test was applied to compare mean delivery ratings across different traffic conditions (Low, Medium, High, Jam). The results indicated a statistically significant difference in delivery ratings across traffic categories (p < 0.05). Therefore, the null hypothesis was rejected, suggesting that traffic density does influence delivery performance. In particular, lower ratings were observed under higher traffic congestion, indicating reduced efficiency in such conditions.
Secondly, a correlation analysis was performed to examine the relationship between Delivery_person_Age and Delivery_person_Ratings. The Pearson correlation coefficient showed a weak relationship between the two variables. This indicates that age is not a strong determinant of delivery performance, and other operational or environmental factors may have a greater influence.
Finally, a simple linear regression analysis was conducted to assess whether multiple deliveries impact delivery performance. In this model, multiple_deliveries was used as the independent variable and Delivery_person_Ratings as the dependent variable. The regression results showed a slight negative relationship, suggesting that as the number of deliveries handled simultaneously increases, delivery performance (ratings) tends to decrease. However, the strength of this relationship was relatively weak, indicating that while workload has some impact, it is not the sole determining factor.
Overall, the statistical analysis highlights that external factors such as traffic conditions have a more significant effect on delivery performance compared to individual characteristics such as age. Additionally, operational workload shows a moderate influence, suggesting the need for balanced delivery allocation to maintain service quality.

6. Insights, Recommendations and Conclusion
The analysis of the food delivery dataset provides several important insights into the factors influencing delivery performance and operational efficiency. The findings indicate that external conditions, particularly road traffic density, are important factors influencing delivery operations and should be considered when assessing overall performance. High traffic congestion was associated with lower delivery performance, highlighting the challenges faced in urban environments. This suggests that traffic management and route optimisation are critical areas for operational improvement.
Another key insight is that delivery personnel characteristics, such as age, have minimal impact on performance. The weak correlation between age and delivery ratings indicates that experience or demographic factors alone do not determine service quality. Instead, performance appears to be more strongly influenced by external and operational conditions.
The analysis also revealed that handling multiple deliveries simultaneously can negatively affect delivery performance, although the relationship is relatively weak. This suggests that while multi-order handling can improve efficiency, excessive workload may reduce service quality. Therefore, a balance must be maintained between efficiency and performance.
From an operational perspective, the dominance of motorcycles as the primary delivery vehicle highlights their importance in ensuring speed and flexibility, particularly in congested areas. Additionally, the high frequency of deliveries in metropolitan areas and under varying traffic conditions reinforces the need for efficient logistics planning in urban environments.
Based on these insights, several recommendations can be made. Firstly, organisations should invest in route optimisation systems and real-time traffic monitoring to minimise delays caused by congestion. Secondly, delivery allocation systems should be designed to limit excessive multiple deliveries, ensuring that delivery personnel are not overloaded. Thirdly, businesses should consider implementing performance monitoring systems that account for external conditions, allowing for fairer evaluation of delivery personnel.
Furthermore, improving data quality and consistency is essential. Issues such as missing values, inconsistent time formats, and inaccurate geographical coordinates highlight the importance of robust data management practices. Reliable data is crucial for accurate analysis and effective decision-making.
In conclusion, this report demonstrates how data handling and business intelligence techniques can be applied to analyse operational performance within the food delivery sector. By leveraging tools such as Excel and SPSS, organisations can gain valuable insights into their operations and make informed decisions to improve efficiency and service quality. However, the analysis is limited by data quality issues and the absence of certain variables, such as actual delivery time or customer feedback, which could provide a more comprehensive understanding of performance. Despite these limitations, the findings provide a strong foundation for improving delivery operations and enhancing overall business performance.
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