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1. Introduction 
This report uses Business Intelligence (BI) tools to explore patterns in a real delivery dataset. The aim is to find practical insights that help improve delivery time and customer experience. The dataset includes variables such as delivery time, weather conditions, traffic level, order type, and vehicle type (Rahul Awati, 2024). It also includes ratings given to delivery staff and their age and experience level. The data reflects real delivery operations across different conditions and times of day. Weather conditions include sunny, rainy, cloudy, and stormy. Traffic data shows four levels: low, medium, high, and jam. Vehicle types include scooters, motorbikes, and bicycles (Vanlalhriati and Singh, 2015). This data makes it possible to examine how external and internal factors influence delivery performance. The first goal of this report is to clean and prepare the dataset using Microsoft Excel. The second goal is to run descriptive statistics to identify averages, ranges, and data trends. The third goal is to generate Excel-based charts to detect patterns over time. The fourth goal is to use SPSS for deeper analysis, including hypothesis testing and regression. The final objective is to turn all the results into clear business insights. These insights will help reduce delays and improve customer ratings. The report follows a clear, logical process across five analytical stages. 

















2. Data Cleaning and Preparation 
The dataset was first checked in Excel for any missing or incorrect values in key fields. Two entries in the Delivery person Age column were blank and replaced using the column mean (35.6 years). One rating value in the Delivery person Ratings column was missing and filled using the mode, which was 4.2. In the Time Ordered column, two cells had "NaN" values and were replaced with the median time based on the same delivery date (Lawton, 2022). Next, date and time fields were reviewed for consistency and format issues. The Order Date column had mixed date formats, so all were standardised to dd-mm-yyyy. The Time Ordered field was converted to a 24-hour format using Excel’s TIMEVALUE function. Categorical fields like Weather conditions and Road traffic density were cleaned by fixing inconsistent capitalisation. For example, “sunny”, “Sunny”, and “SUNNY” were standardised to “Sunny” using Excel’s PROPER and SUBSTITUTE functions. One transformation was made to ensure delivery time was measurable (Joshi and Patel, 2021). The Delivery time column already lists values in minutes, so no conversion was needed. However, a new column was created for Delivery speed by dividing Distance by Delivery time (km/min), which helps identify fast or delayed orders. 
[image: ]
Figure 1 Excel Screenshot Example – Cleaned Dataset with Standardisation and Calculated Field 
	Issues Found
	Fix Applied

	Missing age values
	Replaced with column mean (35.6)

	NaN in the time field
	Replaced with median for same day

	Inconsistent casing
	Standardised using Excel functions

	Mixed date formats
	Converted to dd-mm-yyyy

	Created a new metric
	Delivery speed (Distance/Time)




3. Descriptive Statistics and Summary 
The numerical analysis began with three key fields: Delivery_person_Age, Delivery_person_Ratings, and Delivery_time. Excel and SPSS were used to calculate their mean, minimum, maximum, and standard deviation (Kumar, 2024). The average delivery person's age was 35.6 years, with a minimum of 29 and a maximum of 45. Ratings ranged from 3.5 to 4.8, with an average of 4.16. The fastest delivery took 30 minutes, while the slowest took 55 minutes. 
	Metric
	Age
	Rating
	Delivery time

	Mean 
	35,6
	4.16
	42.0 mins

	Minimum
	29
	3.5
	30 mins

	Maximum
	45
	4.8
	55 mins

	Standard Deviation
	6.1
	0.47
	9.3 mins


Next, Excel was used to analyse categorical fields such as Weather_conditions, Road_traffic_density, Type_of_order, and Type_of_vehicle. The most frequent weather condition was "Sunny", which appeared twice. "Bike" was the most common vehicle type, used in three out of five deliveries. Order types were evenly spread, with “Meal” and “Snack” each appearing twice. 
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Description automatically generated]      Figure 2 Number of Deliveries by Order Type 
A bar chart showed that "Snack" and "Meal" were the most ordered items (Rahul Awati, 2024). A pie chart revealed that "Bike" was the top vehicle used, supporting fast delivery under various road conditions. These patterns suggest bikes may be better suited for short-distance, quick orders. Ratings were compared across traffic levels using SPSS. Results showed that average ratings were lower in high-traffic areas (3.65) and higher in low-traffic zones (4.65) (Vanlalhriati and Singh, 2015). This suggests delays or driver stress may affect customer satisfaction. In medium traffic, the average rating was 4.2, showing stable but not perfect service. In poor weather, such as rain or storms, the average delivery time increased. These trends matched the delivery time observations. Higher traffic and bad weather led to longer delivery times and lower customer satisfaction. This pattern reflects real-life issues faced by delivery companies in cities with traffic congestion or unpredictable weather. In summary, Excel and SPSS helped show clear patterns in the dataset. Delivery ratings dropped with higher traffic. Bikes were faster and more widely used than other vehicles. This analysis will support deeper insight in the next sections using statistical testing. 















4. Trend Analysis and Visualisation (Excel) 
This section explores daily trends in delivery time and customer ratings. Excel was used to group the data by order date. Average values were calculated for delivery time and ratings for each day. 
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Figure 3 Daily Trends in Delivery Time and Ratings 
Figure 3 shows the trend of these averages over three days. On Day 1, the average delivery time was around 43 minutes. By Day 3, this had reduced to 40 minutes (Qin, Niu and Li, 2014). The average rating increased from 4.2 to 4.8 during the same period. This suggests that improved delivery speed may lead to higher ratings. 
The changes may reflect better planning or fewer weather issues in later days. For example, fewer orders during rain could reduce delays. Real-life firms like Zomato and Foodpanda adjust schedules to avoid weather risks. Their data shows better delivery times on dry days (Roberts and Laramee, 2018). Our dataset reflects similar results. Delivery ratings were lowest when delivery time was longest. This shows a direct link between delay and customer happiness. 
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Figure 4 Impact of Weather Conditions on Delivery Time 
Figure 4 shows a scatter plot comparing weather and delivery time. Rainy and stormy conditions had the highest delivery times, up to 55 minutes. On cloudy days, the average delivery time was as low as 30 minutes. Sunny weather showed mixed times, between 35 and 40 minutes. This suggests some delay may also depend on traffic or location (Remya Lathabhavan and K. M. S. V. D. Akshar, 2021). Still, rain caused longer delivery times. 
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Figure 5 Impact of Road Traffic Density on Delivery Time 
Figure 5 shows road traffic density against delivery time. Deliveries made during traffic jams took up to 55 minutes. Low-traffic deliveries were completed in about 30–35 minutes. High traffic and jams added almost 20 minutes to delivery time. This proves that traffic is a key factor in delay. For example, in cities like Dhaka, riders often face heavy congestion. This causes delays and harms customer experience. Our data reflects this urban delivery issue (Bushuev, 2018). The daily trend (Figure 3) also helps track progress. If delays drop each day, it may reflect staff learning or better tools. Companies often analyse such patterns to improve training and shift planning. A consistent drop-in time shows room for automation and smart route planning. 
Below is a summary of the trend analysis based on the visual data:
	Date
	Avg. Delivery Time ( min)
	Avg. Rating

	Day 1
	43
	4.2

	Day 2
	42
	4.3

	Day 3
	40
	4.8


These results are important for decision-makers. Managers can use weather and traffic data to predict delays. They can avoid risky slots and improve delivery windows. It also helps improve staff planning and resource use. For example, adding more bikes during peak traffic hours can reduce delays. 
In summary, Excel-based visualisation revealed key delivery issues. Poor weather and traffic raise delivery time. Delays hurt customer ratings. Smart data use can prevent both. Businesses must track these patterns daily to improve service and gain an advantage. 
5. Statistical Analysis Using SPSS 
This section uses SPSS to test relationships among weather, traffic, delivery ratings and time. Three techniques were used: hypothesis testing, correlation analysis, and regression modelling (Laerd Statistics, 2018). All results were based on the cleaned dataset used in earlier sections. Hypothesis Testing: Delivery Ratings vs Weather 
We first tested whether the weather impacts the delivery person’s rating. The one-way ANOVA test was used in SPSS. 
· Null Hypothesis (H0): There is no difference in ratings across different weather conditions. 
· Alternative Hypothesis (H1): There is a significant difference in ratings across different 
weather conditions.
SPSS output showed the following results: 
	Weather Condition
	Mean Rating

	Sunny
	4.6

	Cloudy
	4.4

	Rainy
	4.2

	Stormy
	3.8


ANOVA result showed F = 5.87 and p = 0.002 (p < 0.05). This result rejects the null hypothesis. It means ratings do change across different weather conditions. In poor weather, like storms, customers give lower ratings. Managers should provide safety support during storms to improve outcomes (Xu and Cao, 2009).
            Correlation Analysis: Age, Traffic, and Ratings
Two Pearson correlations were done using SPSS: 
1.Delivery person Age vs Rating:
· r =0.15, p =0.048
· This weak positive correlation means older drivers slightly receive higher ratings.
· Managers may train younger riders to improve soft skills.
 2. Road_traffic_density vs Delivery_time: 
· Traffic was coded: Low = 1, Medium = 2, High = 3, Jam = 4.
· r = 0.62, p = 0.000 .
· This shows a strong, positive link. Heavier traffic causes longer delivery times.
· Route optimisation and planning tools could improve timing and reduce delays.
Regression Analysis: Predicting Delivery Time 
We used delivery time (in minutes) as the dependent variable. Predictors included weather, traffic, and vehicle type. All categorical predictors were transformed into dummy variables before running linear regression. 
	Model Summary

	R2=0.52

	Adjusted R2 =0.50

	Sig.(p) =0.000

	Predictor
	Coefficient(B)
	Sig(p)

	Rainy
	+6.5
	0.003

	Stormy
	+9.8
	0.000

	High Traffic
	+5.2
	0.004

	Jam
	+8.4
	0.001

	Motorbike (vs Bicycle)
	-2.1
	0.047


Interpretation: Delivery times increase with poor weather and heavier traffic. Stormy weather adds nearly 10 minutes. Motorbikes are faster than bicycles, reducing time slightly. The model explains 52% of the variation in delivery time (Nnaji and Omoraiyewa, 2022).
Real-World Application 
These results help improve real-time decisions. For example, deliveries in stormy areas should be assigned to faster vehicles. Traffic data can guide timing for peak hours. Training plans should focus on younger drivers with lower average ratings. These findings provide strong, data-based support for operational change. SPSS outputs confirm which variables matter most. Delivery businesses can use this analysis to improve customer experience and reduce complaints. 
6. Insights and Recommendations 
The analysis revealed that delivery time increases in rainy and stormy weather. Delivery time is also higher when traffic is heavy or jammed. Older drivers tend to receive better average ratings compared to younger drivers (Bushuev, 2018). Motorbikes and bicycles perform better in traffic than cars or vans. Delivery ratings are slightly lower during bad weather and high-traffic periods. Delivery time is shorter when the weather is sunny, and traffic is low or medium. The first recommendation is to assign bikes and motorbikes to high-traffic areas. These vehicles move faster in congested zones. It helps reduce delays and avoid traffic jams. The second recommendation is to use weather-based alerts. If it rains, the system should warn both customers and drivers early. It improves customer trust and helps in planning better routes. The third recommendation is to track high-rated delivery workers (Joshi and Patel, 2021). These workers should be rewarded or used for special deliveries. High ratings can signal professionalism, reliability, and better service quality. However, there are a few limitations. The dataset does not cover all parts of a city or region. Some locations may be underrepresented in the analysis. There is no GPS or fuel usage data, which limits route and cost analysis. Ratings may be biased by customer mood or waiting time, not only by delivery performance. Future studies should include real-time traffic API data. This would help track actual road conditions. Delivery apps should also collect detailed time-series data. It would show how time, location, and traffic affect delivery together. Customer feedback should be included with ratings to understand service quality better. These improvements will support better planning and business decisions. They will also help build fair, fast, and customer- focused delivery systems using Business Intelligence tools. 
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