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I. Introduction

This report evaluates a food delivery dataset containing 11,399 orders and variables describing delivery personnel, order timing, weather, road traffic density, vehicle condition, order type, vehicle type, festival periods and city type. The purpose is to demonstrate how spreadsheet-based preparation and statistical analysis can be used to transform raw operational records into managerial insight. In delivery settings, reliable data preparation is essential because poor-quality records can distort performance measurement, forecasting and operational control; recent methodological literature also stresses that missing-data decisions should be explicit, justified and consistent throughout the analytical workflow (Mukherjee et al. 2023; Li et al., 2024). In parallel, last-mile logistics research shows that delivery performance is shaped by contextual factors such as traffic, route structure, service disruptions and weather-related uncertainty (Giuffrida et al., 2022; Raj et al., 2024; Sawik, 2024).
The report addresses five objectives. First, the dataset is cleaned and standardised to remove missing or inconsistent entries. Second, descriptive statistics are used to summarise the sample and profile the main categorical variables. Third, trend analysis is used to visualise changes in operational indicators over time and across environmental conditions. Fourth, inferential testing is used to examine whether selected differences and relationships are statistically significant. Fifth, the results are translated into practical recommendations for improving delivery performance. A limitation of the source data is that it does not contain an explicit delivery completion timestamp. Consequently, the report uses the interval between order placement and order pickup as an operational proxy for early-stage delivery time, while clearly acknowledging that this is not the same as full door-to-door delivery duration.

II. Data Cleaning and Preparation
The dataset required several preparation steps before analysis. In Excel terms, the first stage involved identifying structural issues, standardising formats and treating missing values. One redundant column labelled 'Name:' contained only the text marker 'object' and was removed, while the first column header, '#NAME?', functioned as an order identifier and was relabelled as Order_ID. Text-based 'NaN' entries were converted into genuine missing values so that Excel and SPSS could recognise them correctly. Missingness affected several key variables, notably delivery age (491 rows), ratings (507), time ordered (444), weather (158), road traffic density (154), multiple deliveries (238), festival (65) and city (324). Because the proportion of missing data was modest relative to the full sample, the cleaning strategy prioritised transparent, reproducible rules rather than ad hoc case deletion. In line with recent guidance on practical imputation, median imputation was applied to numerical variables and modal imputation to categorical variables, with the decision documented so that the consequences for interpretation remained visible (Mukherjee et al., 2023; Li et al., 2024). Grund, Ludtke and Robitzsch (2021) are also relevant as broader methodological support for explicit missing-data handling, although their article focuses on multiple imputation in multilevel settings rather than simple median/mode replacement.
The key data preparation decisions were therefore as follows: (1) remove the non-informative 'Name:' column; (2) rename '#NAME?' to Order_ID; (3) convert text-based missing entries to true blanks; (4) standardise mixed time formats, including Excel decimal fractions; (5) impute numerical missing values using medians and categorical missing values using modes; (6) correct sign anomalies in restaurant coordinates before calculating Haversine distance; and (7) derive Distance_KM and Prep_Time_Min for trend and statistical analysis. Time formatting required additional standardisation because some order times were stored as standard clock values, while others appeared as Excel decimal fractions such as 0.416666667. These were converted to hh:mm values so that time-based calculations could be performed consistently, and dates were converted to a uniform day/month/year field. A further inconsistency affected a small number of restaurant coordinates, where negative signs produced implausible delivery distances of almost 20,000 km. Because the remaining coordinates clearly represented Indian city locations, these sign errors were treated as data-entry inconsistencies and corrected before calculating delivery distance using latitude and longitude. This reduced maximum distance to about 21 km, which is much more plausible for urban food delivery. The final cleaned file therefore supported more credible operational analysis because location, timing and categorical fields were standardised before descriptive and inferential testing.

III.  Descriptive Statistics and Summary
Table 1 summarizes the principal numerical variables. After cleaning and imputation, the average delivery person age was 29.54 years, with a minimum of 15 and a maximum of 50. The mean delivery rating was 4.64, indicating generally high customer evaluations, although a few rare ratings above 5 were retained because they were part of the original file and did not materially affect the overall pattern. Vehicle condition averaged 1.03 on a four-point scale, while the mean number of multiple deliveries was 0.75. The delivery distance derived averaged 9.75 km, with a median of 9.22 km. The order-to-pickup interval averaged 10.01 minutes, ranging from 5 to 15 minutes. This indicates that the recorded timing variable captures a relatively compressed operational stage and is more likely to reflect restaurant preparation and dispatch readiness than full end-to-end transport duration, an interpretive distinction that is important in service operations analysis (Du, Fan and Chen, 2023).

Table 1. Descriptive statistics for numerical variables
	Variable
	Count
	Mean
	Median
	Min
	Max
	Std. Dev.

	Delivery_person_Age
	11399.000
	29.540
	30.000
	15.000
	50.000
	5.670

	Delivery_person_Ratings
	11399.000
	4.640
	4.700
	1.000
	6.000
	0.340

	Vehicle_condition
	11399.000
	1.030
	1.000
	0.000
	3.000
	0.840

	multiple_deliveries
	11399.000
	0.750
	1.000
	0.000
	3.000
	0.570

	Distance_KM
	11399.000
	9.750
	9.220
	1.470
	20.970
	5.610

	Prep_Time_Min
	10746.000
	10.010
	10.000
	5.000
	15.000
	4.080



The categorical distributions suggest a broadly balanced mix for environmental and service-type conditions, but not for all operational categories. Sunny weather accounted for 18.7% of observations, followed by windy conditions (17.1%), sandstorms (16.5%), cloudy conditions (16.3%), stormy conditions (15.9%) and fog (15.5%). Road traffic density was dominated by low traffic (35.4%) and jam conditions (30.7%), while medium traffic represented 24.1% and high traffic only 9.7%. Order types were evenly distributed across drinks, buffet, snack and meal categories, each representing approximately one quarter of the sample. Vehicle types were more concentrated: motorcycles formed 58.0% of orders, scooters 33.5%, electric scooters 8.3% and bicycles only 0.2%. Most observations were from metropolitan areas (77.4%), while 22.2% came from urban settings and only 0.4% from semi-urban areas. Festival orders represented just 1.8% of the sample. From an operations perspective, this mix is valuable because it captures the contextual heterogeneity that last-mile studies identify as central to delivery planning and risk exposure (Giuffrida et al., 2022; Raj et al., 2024).

Table 2. Summary of categorical distributions
	Variable
	Most common category
	Least common category

	Weather
	Sunny (18.7%)
	Fog (15.5%)

	Road traffic density
	Low (35.4%)
	High (9.7%)

	Type of order
	Drinks (25.6%)
	Meal (24.5%)

	Type of vehicle
	Motorcycle (58.0%)
	Bicycle (0.2%)

	City
	Metropolitian (77.4%)
	Semi-Urban (0.4%)



These summary statistics indicate that the dataset captures considerable contextual variety in terms of weather, traffic and vehicle choice. However, the ratings variable is highly concentrated at the upper end of the scale, which limits the size of practical differences even when statistical tests become significant. This is an important interpretive issue: in large samples, very small effects can appear statistically significant without necessarily being operationally meaningful. The descriptive results therefore provide a foundation for the next stage of the analysis, where patterns over time and across conditions are assessed visually and statistically, while keeping in mind that customer ratings generally reflect wider service-quality perceptions rather than a single operational input alone (Wu et al., 2024).

IV.  Trend Analysis and Visualisation
Trend analysis was used to inspect operational stability over the observed period, which runs from 11 February 2022 to 6 April 2022. The daily mean order-to-pickup interval remained remarkably stable around ten minutes. The fitted linear trend line was slightly negative, with a slope of approximately -0.003 minutes per day, indicating no meaningful upward or downward time trend. The same pattern applied to average daily ratings, which stayed close to 4.65 with only a marginal negative slope of about -0.0007 rating points per day. In practical terms, this suggests that the delivery operation was relatively consistent over time, at least in the short date window represented in the dataset. Stable but context-sensitive performance patterns are commonly reported in last-mile systems, where daily averages often conceal variation caused by local constraints rather than broad temporal drift (Sawik, 2024; Lorenzo-Espejo et al., 2024).
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Figure 1. Daily average order-to-pickup time with linear trend line.
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Figure 2. Daily average delivery rating with linear trend line.

Cross-sectional visualisation by operating condition is more informative than the time series alone. Average order-to-pickup time was longest in windy weather (10.14 minutes), followed closely by fog (10.13) and cloudy conditions (10.10). Sunny weather produced the shortest average interval at 9.85 minutes. Although these differences are modest, they are directionally consistent with the logistics literature, which argues that contextual uncertainty, visibility problems and disruption risk can increase handling complexity in last-mile systems (Giuffrida et al., 2022). Traffic density showed a similar but weak pattern. Jam conditions were associated with the longest average interval (10.17 minutes), while high traffic, somewhat surprisingly, recorded a slightly lower mean (9.89 minutes). This suggests that the road traffic variable may not be measured on a strictly linear scale, and it may capture categorical states rather than exact congestion severity.
[image: ]
Figure 3. Average order-to-pickup time by weather condition.
[image: ]
Figure 4. Average order-to-pickup time by road traffic density.
Ratings varied slightly by weather condition. Cloudy and foggy days produced the highest mean ratings (4.663 and 4.659), whereas windy, stormy and sandstorm conditions recorded the lowest values (around 4.616 to 4.618). The spread across categories is narrow, but the pattern suggests that external conditions may influence customer experience, rider stress or perceived service quality. Distance also showed a slight negative association with ratings. The scatter plot in Figure 5 indicates that longer routes tend to receive somewhat lower ratings, although the slope is shallow. This is operationally plausible because longer journeys may increase exposure to delays, handoff problems and order deterioration. On the other hand, the absence of a strong pattern between distance and preparation time indicates that the recorded time metric is driven more by dispatch-stage processes than by travel duration itself. This reading is consistent with evidence that customer satisfaction in online food delivery is shaped by reliability, traceability, condition preservation and perceived service value, rather than by speed alone (Wu et al., 2024).
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Figure 5. Relationship between delivery distance and rating.
Taken together, the visual evidence points to three conclusions. First, the operation appears stable over time. Second, weather and traffic have some directional influence on process time, but not enough to create major day-to-day disruption in the observed window. Third, customer ratings are more sensitive to cumulative service factors, such as distance, multiple drops and contextual pressure, than to short-run daily fluctuations. For an Excel-based assignment, these charts would be straightforward to build using line graphs, clustered bar charts and scatter plots with trend lines. Their managerial value lies in making small but persistent operational differences visible, especially when they may otherwise be obscured by high average performance. This is closely aligned with the way recent last-mile studies use descriptive visualisation to support decisions on routing, batching and resilience planning (Raj et al., 2024; Sawik, 2024).

V.  Statistical Analysis using SPSS
The inferential stage examined whether apparent differences in ratings and operating conditions were statistically meaningful. Because weather contains six categories, a one-way ANOVA is more appropriate than a simple two-group t-test for the main hypothesis. The null hypothesis stated that mean Delivery_person_Ratings do not differ across weather conditions. The ANOVA result was statistically significant, F(5, 11393) = 7.66, p < 0.001, indicating that at least one weather category differs from another in average rating. However, the practical size of these differences is small: category means ranged only from 4.616 to 4.663. To complement this, a robustness t-test compared adverse weather (stormy, fog, sandstorms) with non-adverse weather (sunny, cloudy, windy). This comparison was not statistically significant, t = -1.46, p = 0.145, and the effect size was negligible (Cohen's d = -0.03). This combination of findings suggests that weather has some category-level influence, but not a large general adverse-versus-normal effect, which is consistent with the broader view that service quality in food delivery is multi-causal rather than determined by one environmental factor alone (Wu et al., 2024). Huang, Zhang and Fu (2025) can be used more cautiously here to support the broader idea that dynamic weather increases delivery complexity, rather than to claim a direct one-to-one effect on customer ratings.
 Table 3. Hypothesis testing summary
	Test
	Statistic
	p-value
	Interpretation

	One-way ANOVA: ratings by weather
	F = 7.664
	< 0.001
	Significant but very small group differences

	Welch t-test: adverse vs non-adverse weather
	t = -1.458
	0.145
	No significant mean difference



Correlation analysis was then used to inspect relationships among selected continuous and ordinal variables. The Pearson correlation between delivery age and ratings was negative but weak (r = -0.055, p < 0.001). In practical terms, this is too small to imply meaningful performance differences by age, although it is statistically significant because the sample is large. The Spearman correlation between traffic density and delivery distance was positive and moderate (rho = 0.221, p < 0.001), indicating that longer delivery distances are somewhat more likely to occur under heavier traffic categories. By contrast, the correlation between distance and order-to-pickup time was not significant (r = 0.015, p = 0.124), which reinforces the earlier interpretation that the time variable mainly reflects pre-dispatch preparation rather than road travel time. Operationally, this matters because it separates dispatch efficiency from route-length effects, a distinction also emphasised in recent studies of last-mile disruption and delivery-system design (Lorenzo-Espejo et al., 2024; Sawik, 2024).
Table 4. Correlation analysis summary
	Variables
	Statistic
	p-value
	Interpretation

	Age and rating
	r = -0.055
	< 0.001
	Very weak negative association

	Traffic density and distance
	rho = 0.221
	< 0.001
	Weak-to-moderate positive association

	Distance and order-to-pickup time
	r = 0.015
	0.124
	No significant association



Finally, a multiple linear regression model was estimated to identify predictors of Delivery_person_Ratings. The dependent variable was rating, while independent variables included age, distance, vehicle condition, multiple deliveries, weather, traffic density, vehicle type and festival status. The overall model was statistically significant, F(16, 11382) = 25.77, p < 0.001, but the explanatory power was modest (R2 = 0.035). This means the model explains only 3.5% of the variation in ratings, so many determinants of customer evaluation are likely unobserved in the dataset. Even so, several predictors were statistically significant. Longer distance reduced ratings (b = -0.0063, p < 0.001), more multiple deliveries reduced ratings (b = -0.0519, p < 0.001), festival periods reduced ratings (b = -0.0602, p = 0.012), and better vehicle condition slightly improved ratings (b = 0.0134, p = 0.006). Age had a very small negative coefficient (b = -0.0027, p < 0.001). Relative to cloudy conditions, windy, stormy and sandstorm weather were associated with lower ratings. These results fit the literature on online food delivery and last-mile performance, which shows that perceived service quality deteriorates when operational complexity rises, even if the absolute effect on rating scales remains modest (Du, Fan and Chen, 2023; Wu et al., 2024).
Table 5. Selected regression results for delivery ratings
	Predictor
	Coefficient / value
	p-value

	Distance_KM
	-0.0063
	< 0.001

	multiple_deliveries
	-0.0519
	< 0.001

	Festival = Yes
	-0.0602
	0.012

	Vehicle_condition
	0.0134
	0.006

	Delivery_person_Age
	-0.0027
	< 0.001

	Sandstorms
	-0.0502
	< 0.001

	Stormy
	-0.0490
	< 0.001

	Windy
	-0.0514
	< 0.001

	Model fit
	R² = 0.035
	< 0.001



From an SPSS perspective, these results would typically be reported through ANOVA, correlation and coefficients tables. Substantively, the statistical analysis shows that customer ratings are influenced more by service complexity and context than by basic rider characteristics. Distance and multiple-drop activity matter because they increase the chance of minor service deterioration, while weather effects are present but small. The low R2 is also informative. It suggests that operational data alone cannot fully explain customer satisfaction, which may also depend on food quality, restaurant speed, packaging quality, order accuracy and communication variables not captured in the current file. This limitation should not be viewed as a weakness of the analysis; rather, it shows the importance of combining transactional data with richer customer-experience information in future analytics programmes (Wu et al., 2024).

VI.  Insights and Recommendations
Several practical insights emerge from the analysis. First, the dataset indicates a stable operation with average order-to-pickup times close to ten minutes across the observed period. Second, ratings remain high overall, but they decline slightly as route distance and the number of simultaneous deliveries increase. Third, weather categories produce statistically detectable but operationally small differences in ratings, while jam traffic is associated with the longest early-stage service times. These findings support the idea that delivery performance is shaped less by broad temporal trends and more by contextual frictions within specific orders and environments (Du, Fan and Chen, 2023; Lorenzo-Espejo et al., 2024; Raj et al., 2024).
Based on these results, three recommendations are justified. The first is route and batching optimisation: orders involving long distances or multiple deliveries should be allocated more selectively, because these variables are consistently associated with lower ratings. The second is context-aware dispatching: dynamic routing and workload balancing should incorporate real-time weather and congestion information, particularly in jam conditions and adverse weather categories, as recommended in the last-mile logistics literature (Sawik, 2024; Huang, Zhang and Fu, 2025). The third is asset quality control: although the effect is small, better vehicle condition is linked to higher ratings, so routine vehicle checks and maintenance remain worthwhile. The analysis is limited by the absence of a final delivery completion time and by the lack of customer, restaurant and product-quality variables. Future work could therefore extend the model using actual delivery duration, restaurant preparation time, rider tenure, order value and customer complaint data. Even with these limitations, the present analysis demonstrates how Excel-style data preparation and SPSS-style statistical reasoning can provide useful evidence for operational improvement.
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