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1. Introduction
The explosive growth of platform-based food delivery services has produced vast quantities of operational data with the potential of providing substantial evidence-based decision-making. This report analyses the Zomato Delivery Operations Analytics dataset, which consists of 45,584 records of deliveries in various cities across India (February-April 2022). The dataset contains information for delivery agent demographics, weather conditions, traffic conditions, cars and orders type, geographical coordinates, and actual delivery. Business intelligence tools allow organisations to take raw operation information and derive something useful from it (Negash, 2004). In food delivery, understanding the relationship between factors such as weather, traffic, and agent performance and delivery time is essential to being an operational force. Chen, Chiang and Storey (2012) suggest that data-driven analytics offer competitive advantage by identifying patterns which are not observable by manual observations. This report follows four objectives: (i) Clean and prepare the data set using Microsoft Excel, (ii) Generate descriptive statistics for key variables in the data set; (iii) Graph the trends using Microsoft Excel charts; and (iv) Inferential statistical tests -- t-test, Pearson correlation, and multiple linear regression -- replicate the results of the original data in Microsoft Excel that replicate the outputs of the statistical package spss.
2. Data Cleaning and Preparation
Initial inspection in Microsoft Excel revealed that there were 6 columns that had missing data. For continuous numerical variables -- DeliverypersonAge (1,854 missing; 4.07%) and DeliverypersonRatings (1,908 missing; 4.19%) -- values were imputed using the column median (29.0 years and 4.7 respectively), which is a robust measure that is resistant to outliers (Saunders, Lewis and Thornhill, 2019). Categorical variables -- Weatherconditions, Roadtrafficdensity, and City -- were imputed using the column mode in order to maintain the distributional integrity.

	Column
	Missing (n)
	Missing (%)
	Method
	Value Used

	Delivery_person_Age
	1,854
	4.07%
	Median
	29.0

	Delivery_person_Ratings
	1,908
	4.19%
	Median
	4.70

	Weather_conditions
	616
	1.35%
	Mode
	Fog

	Road_traffic_density
	601
	1.32%
	Mode
	Low

	multiple_deliveries
	993
	2.18%
	Median
	1.0

	City
	1,200
	2.63%
	Mode
	Metropolitian



Table 1: Missing value treatment summary.

Structural transformations included: whitespace stripping across all string columns, standardisation of OrderDate to datetime format and derivation of a new Distancekm variable using the Haversine formula applied to restaurant and delivery coordinates. Distance contained extreme outliers (max 19,692 km), which were filled using the 99th percentile (20.97 km) creating a clean variable with mean 9.84 km that can be used for correlation and regression analysis (Winkenbach, 2021).

3. Descriptive Statistics and Summary
3.1 Numerical Variables
Delivery agents vary in age between 15 to 50 years with a mean age of 29.57 years (SD = 5.82), indicating that they are mostly young in age. Performance ratings are 4.63 / 5.0 (SD = 0.32), average but with low score variance -- indicative of platform-controlled rating systems (Goods, 2019). Average delivery time is 26.45 minutes (SD = 10.41) with a range of 10-54 minutes and pretty large variation of operation. Cleaned delivery distances average 9.84 km, reflecting the mix of metro and semi-urban routes in the data.
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	Variable
	Mean
	Median
	Std Dev
	Min
	Max

	Delivery_person_Age
	29.57
	30.00
	5.82
	15
	50

	Delivery_person_Ratings
	4.63
	4.70
	0.32
	1
	6

	Time_taken (min)
	26.45
	25.00
	10.41
	10
	54

	Distance_km (cleaned)
	9.84
	9.26
	5.69
	1
	21



Table 2: Descriptive statistics for key numerical variables (n = 45,584).
3.2 Categorical Variables
Weather conditions are distributed almost equally on six categories with Fog the most common (16.8%), closely followed by Stormy (16.6%) and Cloudy (16.5%). This balance is facilitating valid comparative analysis (Field, 2018). The following is the frequency distribution of traffic density ranked as Low density (33.9%), Jam (31.0%) and High density is least common in (9.7%). Vehicle usage is dominated by motorcycles (57.9%), which is consistent with the Indian urban delivery norms. Order types are evenly distributed by Snack (25.3%), Meal (25.1%), Drinks (24.8%), and Buffet (24.7%) and 74.8% of the deliveries come from Metropolitan areas. Full distribution charts are incorporated within the Excel workbook ( Descriptive Stats sheet).

4. Trend Analysis and Visualisation
Trend analysis was conducted using the Excel Charts - bar charts, horizontal bar chart, line graph and Scatter plot to identify a trend across the dimension of weather, traffic, type of vehicle and time. As Few (2012) makes the case, effective visualisation helps to speed up the recognition of operational patterns, which are otherwise left in the dark by tabular data.
4.1 Weather Conditions and Delivery Time
A striking trend appears: Sunny weather results in the quickest deliveries (21.86 min), while Cloudy (28.92 min) and Fog (28.91 min) cause the most significant delays -- which are higher than the Stormy weather (25.87 min). This counter-intuitive finding implies that visibility impairment is more operationally disruptive than precipitation. Rodrigues et al. (2023) underlines the point that low-visibility conditions are disproportionately impacting the confidence and efficiency of navigation in last-mile delivery contexts.
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	Weather
	Avg Time (min)
	vs. Overall Mean

	Sunny
	21.86
	−4.59 min

	Stormy
	25.87
	−0.58 min

	Windy
	26.12
	−0.33 min

	Sandstorms
	25.88
	−0.57 min

	Fog
	28.91
	+2.46 min

	Cloudy
	28.92
	+2.47 min



Table 3: Average delivery time by weather. Overall mean = 26.45 min. Source: Excel 📈 Trend Analysis, Chart A.
4.2 Traffic Density and Delivery Duration
Traffic density demonstrates the most environmental impact. Jam conditions average 31.18 minutes vs. 21.27 in Low traffic -- an increase of 46.6%. This graduated relationship (Low - Medium - High - Jam) provides direct support in implementing real-time traffic aware routing in dispatch systems (Wang and Chen, 2021). Chart B from the Excel file is a horizontal bar chart of this gradient.
Key finding: Jam traffic adds ~9.9 minutes per delivery compared to Low traffic — a 47% time penalty at scale.
4.3 Vehicle Type and Monthly Trend
Electric scooters (24.47 min) and scooters (24.48 min) are faster than motorcycles (27.61 min), probably as a result of the pattern of route type assignment. Monthly trend analysis (Chart D) shows slight improvement Feb 26.53 min - March 26.28 min - April 26.12 min hinting marginal operational improvement over time. Davenport (2014) notes that a small improvement, made over thousands of deliveries, amounts to huge aggregate efficiency savings.

5. Statistical Analysis Using SPSS
5.1 Independent Samples T-Test
The delivery ratings of the two weather types were compared in an independent samples t-test to determine if there was a significantly different delivery rating for Sunny (n=7,065) and Stormy (n=7,364) weather groups. The null hypothesis (H0) was that: No significant difference from one group to the other
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	Statistic
	Value
	Interpretation

	Sunny Mean Rating
	4.6594
	n = 7,065

	Stormy Mean Rating
	4.6145
	n = 7,364

	t-Statistic
	7.6483
	Positive — Sunny rated higher

	p-Value
	< 0.001
	Statistically significant

	Decision
	Reject H₀
	Ratings differ by weather condition



Table 4: Independent samples t-test output (α = 0.05).

The results t(14,427) = 7.65 p < 0.001 confirm much higher ratings with Sunny versus Stormy conditions. Although the difference in means (0.044) is small, with a large number of participants the statistical power is large. This is consistent with Roh et al (2022) findings that delivery context conditions material impact customer satisfaction score in platform logistics.
5.2 Pearson Correlation Analysis
Pearson's r was calculated between 4 numerical variables. Three interesting relations were identified: Distancekm and Timetaken (r = 0.314) -- Moderate positive correlation to verify that once the outliers were removed, the distance of delivery was a meaningful time predictor, Ratings and Timetaken (r = 0.339) -- better rated agents deliver in a shorter amount of time, and Age and Timetaken (r = 0.300) -- the older the ratee, the more time they require to deliver. These results are consistent with Hair et al. (2019), who classifies r [?] 0.30 as practically significant operational datasets.

	Variable Pair
	r Value
	Strength
	Direction

	Age ↔ Time_taken
	0.300
	Moderate
	Positive

	Ratings ↔ Time_taken
	−0.339
	Moderate
	Negative

	Distance ↔ Time_taken
	0.314
	Moderate
	Positive

	Age ↔ Ratings
	−0.068
	Weak
	Negative



Table 5: Selected Pearson correlation coefficients. All |r| ≥ 0.30 significant at p < 0.001.
5.3 Multiple Linear Regression
The multiple linear regression table for Timetaken (min) over Age, Ratings, and Distance predicting dependent variable, R2 = 0.1918, that shows is 19.2% of the variance in delivery time, explained by the model. The regression equation is as follows: Time = 54.53 + 0.449(Age) [?] 8.955(Ratings) + 0.153 (Distance). Ratings is most influential predictor (b = [?]8.955): every one unit increase in ratings decreases delivery time by about 9 minutes. Distance adds ~0.15 min per km. Montgomery, Peck and Vining (2012) comment on the significance of the policy equation R2 [?] 0.20, which is typical in operational datasets in which many factors which are not measured -- order preparation time, agent route familiarity -- contribute to variance.

	Predictor
	β Coefficient
	Effect

	Intercept
	54.53
	Baseline time

	Delivery_person_Age
	+0.449
	+0.45 min per year of age

	Delivery_person_Ratings
	−8.955
	−9 min per 1-point rating increase

	Distance_km_clean
	+0.153
	+0.15 min per km

	R²
	0.1918
	19.2% variance explained



Table 6: Multiple regression output. Dependent variable: Time_taken (min).

6. Insights and Recommendations
Four important takeaways from this analysis come out of this analysis. The first is that traffic density is the predominant operational variable which adds up to 10 minutes per delivery under Jam conditions. Integrating real-time traffic routing APIs with dispatch systems would be one way to directly address this. Second, agent ratings are the strongest predictor of performance (b = [?]8.955), confirming that higher-rated agents are operationally faster -- confirming the support of performance-based incentive programmes. Third, Fog and Cloud cause greater delays than Stormy weather indicating that visibility, not precipitation, is the bigger weather-related disruptor; proactive adjustments to the customer's ETA should be activated for these conditions. Fourth, electric scooters and scooters have a higher average delivery time than motorcycles, which does support the strategies of vehicle-route matching. Regarding limitations: Haversine formula gives straight-line not road distance giving measurement error. The model's R2 of 0.192 suggests un-measured variables -- such as restaurant preparation time and agent experience -- account for a significant amount of the delivery time variance. The three month window of observation limits the seasonal generalisability. Future research should include routing API distances, longitudinal agent data, and longer time series for greater model predictive power (Provost and Fawcett, 2013).
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