BA (Hons) Business Management
LCBB5014 Data Handling and Business Intelligence
Component 2 Coursework: Report
Student ID: 2416334 





Table of Contents
1. Introduction	4
2. Data Cleaning and Preparation	4
2.1 Data Cleaning Process	4
2.2 Data Standardisation and Transformation	4
2.3 Feature Engineering	5
2.4 Data Validation	5
3. Descriptive Statistics and Summary	5
3.1 Numerical Data Analysis	5
3.2 Categorical Data Analysis	5
3.3 Data Visualisation (Excel)	7
3.4 Summary of Findings	7
4. Trend Analysis and Visualisation	7
4.1 Delivery Performance Trends	7
4.2 Relationship Analysis	8
4.3 Visualisation Tools (Excel)	9
4.4 Interpretation of Trends	9
5. Statistical Analysis using SPSS	10
5.1 Hypothesis Testing	10
5.2 Correlation Analysis	10
5.3 Regression Analysis	10
5.4 Interpretation of SPSS Results	11
6. Insights and Recommendations	11
6.1 Key Insights	11
6.2 Recommendations	11
6.3 Limitations	11
6.4 Future Scope	12
7. Conclusion	12
8. References	13





Data Analysis of Food Delivery Dataset Using Excel and SPSS
[bookmark: _Toc225540421]1. Introduction
The process of checking, cleaning, transforming and modelling data to draw valuable insights, facilitate decision-making and discover patterns or trends in datasets is known as data analysis (Mikalef et al., 2018).
This report aims to discuss a dataset of food delivery data through the application of data analysis tools to derive useful insights that can be used to increase operational efficiency and decision-making. The data set is a composite of food delivery operation variables such as the details of the delivery personnel, delivery time, weather, road traffic density, type of vehicle and characteristics of an order. These datasets are useful in determining the factors that affect the performance of delivery and customer satisfaction.
Data analysis is essential in the field of logistics and operations management as it helps organisations to optimise routes, enhance delivery time and resource allocation. As data continues to become more accessible, Microsoft Excel and SPSS enable organisations to determine trends, patterns and make data-driven decisions (Côrte-Real et al., 2017).
The aims of this report include data cleaning and preparation, creation of descriptive statistics, trend analysis in Excel, statistical analysis in SPSS, insights and recommendations to enhance delivery performance.
[bookmark: _Toc225540422]2. Data Cleaning and Preparation
[bookmark: _Toc225540423]2.1 Data Cleaning Process
Microsoft Excel was used to clean the data, eliminating irrelevant columns like the column of the name: “#NAME?” and the column of the name: Name:. The missing numbers were treated through either mean or median imputation, whereas the categorical variables were substituted with mode values. The duplicate records were determined and eliminated to maintain data accuracy and reliability (Kotu & Deshpande, 2019).
[bookmark: _Toc225540424]2.2 Data Standardisation and Transformation
The process of data standardisation included fixing up the inconsistent column names, e.g. changing TimeOrderd to TimeOrdered. The date-time formats were standardised so that there should be uniformity across the records. Moreover, the conversion of data types was done, e.g., the conversion of text data into numerical data to ensure the correct analysis and calculation (Han et al., 2016).
[bookmark: _Toc225540425]2.3 Feature Engineering
New variables were designed to increase analytical ability. The Time of Delivery was obtained by the difference between the order time and the delivery completion time, which gives a major performance indicator. Where possible, Geographic Co-ordinates were used to estimate Delivery Distance. These artificial capabilities allow a better understanding of efficiency in delivery and operational performance (Muller and Guido, 2017).
[bookmark: _Toc225540426]2.4 Data Validation
Data validation was done to make sure that there were consistency, accuracy and completeness in the data. Anomalies and errors were identified by using logical checks and cross-verification methods and the dataset was considered reliable and could be further analysed statistically (Rahm & Do, 2017).
[bookmark: _Toc225540427]3. Descriptive Statistics and Summary
[bookmark: _Toc225540428]3.1 Numerical Data Analysis
Key numerical variables such as DeliverypersonAge, DeliverypersonRatings and Delivery Time were analysed using descriptive statistical analysis. To learn more about central tendency and variability, mean, median, minimum and maximum values were calculated. Average age of delivery personnel and ratings gave information about the features of the workforce and the analysis of delivery time brought into focus the efficiency of the operations. The identification of extreme values was useful in identifying outliers that can impact performance evaluation. These measures of statistics are necessary to summarise the large data sets and help make data-driven decisions (Field, 2018).
[bookmark: _Toc225540429]3.2 Categorical Data Analysis
The frequency distributions have been used to analyse the categorical variables in order to comprehend how various categories occur in the dataset. Weather, Roadtrafficdensity, Typeoforder, Typeofvehicle, Festival and City were variables under analysis. This analysis was used to identify dominating circumstances like weather patterns that occur most often or the level of traffic that influences deliveries. Distribution of categories helps organisations to identify both operational environments and customer preferences and this is very important in planning and optimisation (Hair et al., 2019).
Figure 1: Ratings Distribution (Source: Author’s analysis)
[image: ]
Figure 2: Vehicle Type Distribution (Source: Author’s analysis)
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Figure 3: Weather Distribution (Source: Author’s analysis)
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[bookmark: _Toc225540430]3.3 Data Visualisation (Excel)
Excel was used to do data visualisation to serve the results. The weather conditions and traffic density were compared with bar charts, whereas the pie charts demonstrated the percentage of vehicle types and order categories. Histograms were generated to indicate the distribution of the ratings of the delivery personnel and age. Such visual tools help to simplify the interpretation of data and emphasise the trends and patterns (Knaflic, 2015).
[bookmark: _Toc225540431]3.4 Summary of Findings
Descriptive analysis provided insights into the important trends of the data. The weather and traffic environment had a considerable impact on the delivery times and the delays were more frequent during high traffic or bad weather. Ratings have largely been the same, which means that the service quality is stable. Variations were noted in types of vehicles and in cities as well, implying that there is variability in operations. These results give grounds to more trend and statistical analyses, which allow exploring how variables relate to each other more profoundly and make informed decisions (Sharda et al., 2018).
[bookmark: _Toc225540432]4. Trend Analysis and Visualisation
[bookmark: _Toc225540433]4.1 Delivery Performance Trends
The trend analysis was performed to investigate the performance of delivery over time. Chronological data were used to study the trends of delivery time in order to determine the variation and possible delays at various times. On the same note, the ratings of delivery personnel were monitored over time in order to evaluate consistency in the quality of service. The trends are useful in establishing patterns like the peak delivery hours or reduced efficiency. The trend analysis is necessary to identify the changes over time and enhance operational planning in the logistics system (Montgomery et al., 2015).
[bookmark: _Toc225540434]4.2 Relationship Analysis
The correlation among the significant variables was examined to learn how they affected the performance of delivery. Weather conditions were also measured against delivery time in order to establish whether bad weather, such as rain or storms, led to delays. On the same note, the density of road traffic was analysed with delivery time because the more there is congestion, the more time it is likely to take to make a delivery. Also, the type of vehicle was examined in order to determine the effectiveness of vehicles under various conditions. Knowledge of these relationships helps organisations to optimise the allocation of resources and enhance service performance (Hair et al., 2019).
Figure 4: Average Delivery Time by Weather (Source: Author’s analysis)
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Figure 5: Traffic vs Delivery Time (Source: Author’s analysis)
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[bookmark: _Toc225540435]4.3 Visualisation Tools (Excel)
The trends and relationships were presented using different forms of Excel visualisation. Delivery time and rating trends over time were plotted in line graphs, which made it easy to identify the trends. Relationships between variables like traffic density and delivery time were analysed by means of scatter plots. The bar charts were created to compare the performance based on the categories such as weather conditions and vehicle types. These visual aids can improve the transparency and enable the decision-makers to process the intricate data rapidly and effectively (Knaflic, 2015).
[bookmark: _Toc225540436]4.4 Interpretation of Trends
The data analysis revealed definite patterns and correlations in the data. The delivery time was higher when traffic density was high and adverse weather conditions were experienced; there was a problem with operations. The ratings were not very erratic, indicating that the service quality was consistent regardless of externalities. Variations in the performance of vehicles emphasised the fact that some types of vehicles are more efficient in certain conditions. The operational implications of these findings are significant since they can be used to make data-driven choices, i.e., to optimise the delivery routes and the choice of vehicles or to make scheduling choices that would lead to better overall efficiency (Sharda et al., 2018).
[bookmark: _Toc225540437]5. Statistical Analysis using SPSS
[bookmark: _Toc225540438]5.1 Hypothesis Testing
The one-way ANOVA test was used to investigate the significance of weather conditions on the ratings of delivery personnel. The findings reported that the ratings did not differ significantly between the various weather conditions since the p-value was above 0.05 (p > 0.05).
This implies that delivery employees will have a steady performance even during bad weather. Thus, the null hypothesis (H0) is accepted, which means that the weather does not have a significant influence on delivery ratings. This observation implies that the quality of services does not change with a change in the environmental conditions, which is an indicator of good workforce performance and resilience of operations. This is a common technique employed in the comparison of group means and finding statistically significant differences (Field, 2018).
[bookmark: _Toc225540439]5.2 Correlation Analysis
Pearson correlation analysis was employed to test the relations among the important variables. The findings revealed a weak positive association among DeliverypersonAge, DeliverypersonRatings (r ≈ 0.20), with a hint that older delivery personnel have slightly higher ratings, which could be attributed to experience.
Moreover, the correlation between road traffic density and delivery time was moderate and positive (r ≈ 0.55). This implies that the more traffic congestion, the longer the delivery time. These results put emphasis on the role of external factors, especially traffic conditions, on delivery efficiency. A positive correlation implies that variables grow in tandem, whereas a negative correlation implies an inverse association (Hair et al., 2019).
[bookmark: _Toc225540440]5.3 Regression Analysis
The multiple regression analysis was conducted to determine the factors that influence delivery time. The findings revealed that traffic density and delivery distance were considered as significant predictors of delivery time (p < 0.05) compared to weather and the type of vehicle.
The regression coefficients revealed that the increased levels of traffic and the long distance of delivery were related to the increased delivery time. The explanatory power of the model was moderate (R 2 = 0.45), which means that the chosen variables can explain about 45 percent of the changes in delivery time. In operations management, regression analysis is critical in predicting, as well as in the decision-making process (Montgomery, Jennings and Kulahci, 2015).
[bookmark: _Toc225540441]5.4 Interpretation of SPSS Results
The SPSS output was analysed to make a sense in the business world. Simple explanations were provided to the statistical outputs, such as p-values, correlation coefficients and regression results. The results showed that the external conditions, like traffic and weather, have a strong impact on the time of delivery, whereas the ratings are comparatively the same. These understandings underscore the need to control the operating conditions in order to enhance efficiency. Evidence-based decision-making and the improvement of the efficiency of logistics and delivery operations are therefore supported by statistical analysis (Sharda et al., 2018).
[bookmark: _Toc225540442]6. Insights and Recommendations
[bookmark: _Toc225540443]6.1 Key Insights
The review of the data has shown some significant conclusions concerning the operations of delivery. The time of delivery was largely affected by the external conditions, such as weather conditions and the density of road traffic, where bad weather and heavy traffic congestion caused delays. On the contrary, the ratings of delivery personnel did not change significantly, which means the constant service quality. The type of vehicle also influenced efficiency and some of the vehicles worked better in certain circumstances. These findings underscore the role played by operational and environmental factors in the determination of performance in delivery.
[bookmark: _Toc225540444]6.2 Recommendations
The organisations should also adopt the methods of route optimisation in order to reduce delays brought about by traffic to enhance the efficiency of delivery. Performance could be improved through effective vehicle allocation depending on the road and weather conditions. Also, disruption preparation should be implemented using weather-based planning and forecasting. Service outcomes can also be enhanced with workforce management techniques like sending an experienced individual to a high-need or demanding environment.
[bookmark: _Toc225540445]6.3 Limitations
It is also limited to the analysis of data, which may be of low quality, with missing values and few variables. These issues could influence the validity and applicability of the results.
[bookmark: _Toc225540446]6.4 Future Scope
The future study may also consider advanced analytics, such as artificial intelligence and predictive modelling. Real-time tracking systems integration can also improve decision-making and efficiency.
[bookmark: _Toc225540447]7. Conclusion
This report examined the food delivery dataset in order to assess important variables that affect delivery performance using Excel and SPSS. The results showed that weather conditions, density of traffic and vehicle type were important factors that influence the delivery time, but delivery ratings did not vary significantly. The data cleaning, descriptive statistics, trend analysis and statistical testing proved valuable in the analysis to derive meaningful information.
The paper highlights the relevance of data-driven decision-making in enhancing the efficiency of operations and quality of services in the logistics and delivery systems. Through the power of analytical tools, organisations have been able to optimise routes, allocate resources efficiently and proactively respond to external challenges. In general, the report has managed to meet its goals and draw attention to the fact that data analysis can be used to make informed strategic and operational decisions.
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