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Food Delivery Operations Data Analysis Report

1. Introduction
[bookmark: _Int_cd94j8Sn]The rapid growth of online food delivery services has increased the importance of efficient logistics management and data-driven decision-making. Delivery organisations increasingly rely on operational datasets to evaluate performance, improve customer satisfaction, and optimise delivery processes. Data analytics enables companies to transform raw operational data into actionable insights that support strategic planning and operational efficiency (Provost and Fawcett, 2013).
[bookmark: _Int_qMHFBEJM][bookmark: _Int_FIEiPkSH]The purpose of this report is to analyse a food delivery dataset using Microsoft Excel and SPSS to evaluate delivery performance and identify factors influencing operational outcomes. The dataset contains over 11,000 delivery records including delivery personnel characteristics, weather conditions, road traffic density, vehicle types, and geographical delivery information.
[bookmark: _Int_QAuTFZiV][bookmark: _Int_JyKKeMiq][bookmark: _Int_G4at3u0r]Statistical analysis plays a key role in modern business decision-making by enabling organisations to identify patterns, relationships, and predictive indicators within complex datasets (James et al., 2021). The objectives of this report are to clean and prepare the dataset, generate descriptive statistics, visualise trends, conduct hypothesis testing and regression analysis, and develop operational recommendations based on analytical findings. These analytical approaches support evidence-based decision-making within logistics and operations management environments (Heizer, Render and Munson, 2020).

2. Data Cleaning and Preparation
[bookmark: _Int_WiqfwV7I][bookmark: _Int_hlbraS9O][bookmark: _Int_KKl7cWzu][bookmark: _Int_r3hPWlTq][bookmark: _Int_pk8dUT4a]Data cleaning was conducted using Microsoft Excel to ensure reliability prior to analysis. Data preparation is a critical stage in analytics because inaccurate or inconsistent data can significantly distort statistical outcomes (Winston, 2016). Missing values were found using filtering and conditional formatting tools. Records containing extensive missing information were removed, while limited missing numerical values were replaced using mean imputation to keep dataset integrity.
[bookmark: _Int_CYA1dcCZ][bookmark: _Int_cBjtk3hG][bookmark: _Int_csORHoDt]Categorical variables such as weather and traffic density had inconsistencies in spelling and formatting. Standardisation was performed using Excel’s data transformation tools to ensure accurate grouping during analysis. According to Tukey (1977), exploratory data preparation is essential for identifying irregularities before statistical modelling.
[bookmark: _Int_qUBrlfoY][bookmark: _Int_VYvTGdLz][bookmark: _Int_rfcEpjrM]Date and time formats were standardised to ensure consistency across observations. Duplicate entries were checked and removed where necessary. Delivery distance was calculated using coordinate data, and extreme outliers were excluded because unrealistic values can bias statistical interpretation (Hair et al., 2019).
These preparation procedures ensured the dataset met the assumptions needed for valid statistical analysis in SPSS.

3. Descriptive Statistics and Summary
[bookmark: _Int_V6Kyw9ov]Descriptive statistics provide a structured summary of datasets and help researchers understand central tendencies and variability prior to inferential testing (Keller, 2018). Analysis showed that delivery personnel had an average age of approximately 29 years, reflecting workforce trends commonly observed within gig-economy employment models.
[bookmark: _Int_SdecHdxA][bookmark: _Int_YaMRPSuQ]Delivery ratings demonstrated a high mean value above 4.5, indicating strong customer satisfaction. Consistent ratings suggest standardised service performance across personnel. Pallant (2020) explains that examining distributions before advanced testing helps confirm data suitability for further analysis.
[bookmark: _Int_kECytHn5][bookmark: _Int_gz7Dnz2q]Categorical variable analysis revealed that sunny and windy conditions occurred most frequently, although deliveries were recorded across all weather types. Traffic density varied considerably, with both low and jam conditions appearing regularly, highlighting congestion as an operational challenge.
[bookmark: _Int_kE1WshpZ]Motorcycles were the dominant vehicle type, supporting findings in operations management research that agile transport methods improve urban delivery efficiency (Heizer, Render and Munson, 2020). Order categories were relatively balanced, indicating consistent demand patterns across product types.
[bookmark: _Int_eabGv4m2][image: ]Distance analysis showed that most deliveries occurred within short urban ranges, consistent with last-mile logistics models. Visualisations created in Excel, including frequency charts and distribution graphs, supported interpretation by clearly summarising operational patterns. Descriptive analysis therefore provided a foundational understanding of delivery operations prior to deeper statistical investigation.
4. Trend Analysis and Visualization
[bookmark: _Int_Sgze4Oa6][bookmark: _Int_wsAZMEGn]Trend analysis allows researchers to identify patterns and dependencies between operational variables through graphical representation (Shmueli et al., 2020). Excel visualisations were used to explore relationships between environmental conditions and delivery performance.
Line charts demonstrated fluctuations in delivery activity across operational periods, likely reflecting peak demand times such as lunch and evening hours. Despite workload variation, delivery ratings remained stable, indicating consistent service quality.
Bar chart analysis revealed that adverse weather conditions were associated with slightly increased delivery difficulty. Environmental constraints such as rain or fog can slow transport movement and increase operational risk (Montgomery, 2020). However, customer ratings remained largely unaffected, suggesting customers may account for uncontrollable external factors.
Scatter plot analysis showed a positive relationship between traffic density and delivery complexity. Increased congestion corresponded with longer delivery routes and operational challenges. Similar findings are commonly reported in logistics analytics research examining urban transportation systems (Laudon and Laudon, 2022).
Vehicle usage trends confirmed operational adaptation strategies, with motorcycles dominating across all traffic conditions. Histogram analysis further demonstrated that most deliveries occurred within predictable distance ranges, reinforcing the efficiency of localised delivery networks.
Overall, trend visualisation highlighted that environmental variables influence operational workload more strongly than service quality outcomes.

5. Statistical Analysis using SPSS
Inferential statistical analysis was conducted using SPSS to evaluate whether observed patterns were statistically significant. Statistical testing allows researchers to move beyond description and assess whether relationships occur by chance (Field, 2018). This approach allowed for a combination of descriptive and inferential techniques, ensuring that the findings could move beyond simple observation to provide actionable insights. Specifically, hypothesis testing, correlation analysis, and regression analysis were applied to examine key operational factors affecting delivery performance and customer satisfaction.
 Hypothesis Testing
A one-way ANOVA test was conducted to evaluate whether delivery person ratings varied significantly under different weather conditions. The null hypothesis (H₀) stated that there would be no significant differences in delivery ratings across weather conditions, while the alternative hypothesis (H₁) suggested that weather conditions would significantly impact ratings. According to the SPSS output, the p-value exceeded the 0.05 threshold, leading to the acceptance of the null hypothesis. This indicates that customer ratings remain statistically consistent regardless of weather, suggesting that environmental factors such as rain or extreme heat do not negatively affect perceived service quality. Consequently, customer satisfaction appears robust even when delivery personnel face challenging weather conditions, highlighting the resilience of service standards.
H₀: Weather conditions do not significantly affect delivery ratings.
H₁: Weather conditions significantly affect delivery ratings.
Results indicated no statistically significant difference at the 0.05 level. Therefore, the null hypothesis was retained. This suggests customer satisfaction is not strongly influenced by weather conditions, supporting behavioural research suggesting customers distinguish between service effort and environmental constraints (Silver, 2015).
Correlation Analysis
Pearson correlation analysis showed a weak relationship between delivery person age and ratings, indicating demographic characteristics have minimal influence on perceived service quality. Correlation analysis is useful for identifying strength and direction of relationships between variables prior to modelling (Hair et al., 2019).
Coefficients were calculated to investigate relationships between key numerical variables. The analysis revealed a weak correlation between delivery person age and delivery ratings, suggesting that demographic factors like age do not meaningfully influence performance or customer satisfaction. Conversely, a stronger positive correlation was observed between road traffic density and delivery distance. This indicates that higher traffic congestion is associated with longer or more complex delivery routes, which aligns with earlier trend analysis observations. Understanding this relationship is crucial for logistics planning, as it emphasizes the operational impact of traffic conditions on delivery efficiency.
Regression Analysis
Regression modelling is widely used in business analytics to identify key drivers of performance outcomes (James et al., 2021).
Although significant, the model explained only moderate variance, indicating additional operational variables not captured in the dataset may influence delivery efficiency.
A simple linear regression analysis was performed to identify predictors of delivery performance, using delivery distance as the dependent variable and road traffic density as the independent variable. Results showed that traffic density was a statistically significant predictor (p < 0.05), confirming that increased congestion contributes to more complex deliveries. The model’s R² value indicated a moderate level of explanatory power, suggesting that while traffic density is important, other unexamined factors—such as route optimization, time of day, or vehicle type—also play a role in determining delivery efficiency.

6. Insights and Recommendations
The analysis identified environmental factors, particularly traffic density, as the strongest influences on delivery operations. Weather conditions increased operational difficulty but did not significantly reduce customer satisfaction, suggesting effective service resilience.
Organisations should implement real-time route optimisation systems integrating traffic analytics to improve efficiency. Data-driven logistics planning has been shown to enhance operational performance and reduce delivery delays (Provost and Fawcett, 2013). Expanding the use of agile vehicle types such as motorcycles in congested areas may further improve performance.
Dynamic delivery time estimates based on live operational conditions could also improve customer expectation management. However, limitations exist because the dataset did not include preparation time, driver experience, or temporal demand variables. Future research incorporating these variables could support more accurate predictive modelling.
Overall, analytics-driven operational decision-making provides substantial opportunities to improve delivery efficiency while maintaining high levels of customer satisfaction.

Interpretation of Results
[bookmark: _Int_t725Y6fM]In summary, SPSS analysis highlights that external operational factors, particularly road traffic density, exert a more significant influence on delivery efficiency than individual characteristics such as age. Weather conditions, while potentially affecting operational difficulty, do not appear to affect customer satisfaction. These insights emphasize the importance of using data-driven strategies to manage operational constraints, improve delivery routes, and maintain service quality in varying conditions. Such analysis can inform targeted interventions for improving overall delivery performance and enhancing customer experience.
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Figure 1: Distribution of Deliveries by Weather Condition
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