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Task 2
Documentation and Critical Explanation
Introduction
The aim of this assessment was to create a warehouse inventory simulation in R and analyze the data generated. The program creates records for different days, zones and product categories, then calculates zone totals, category averages, processing anomalies and peak production days. Loops were used for the main processing because they were required by the assessment. This report explains the logic, programming choices, testing, efficiency and my learning from the task.
A. Explanation of Code and Logic
The program is divided into five main stages:
	Stage
	Purpose

	Data generation
	Creates the warehouse records using nested loops.

	Zone totals
	Calculates total units processed by each zone.

	Category averages
	Calculates average processing time for each category.

	Anomaly detection
	Flags totals beyond each zone's 15% range.

	Peak days
	Finds the highest production day for each zone.



The first stage creates warehouse data using three nested loops for days, zones and categories. For every combination, UnitsProcessed is calculated from the base units, zone, category and random variation. ProcessingTime is then calculated using the units processed and the fixed time per unit. There are 28 × 5 × 6 combinations, giving 840 records.
Task B uses loops to calculate the total number of units processed in each zone. Task C uses a running total and a record counter to calculate the average processing time for each category.
Task D calculates daily totals for each day and zone, then finds each zone’s average daily total across all 28 days overall. It flags a day-zone total as an anomaly when it is more than 15% above or below that zone’s 28-day average.
Task E calculates the total units for every day within each zone. It compares each daily total with the highest value found so far and stores the day with the highest total.
The results are stored in separate dataframes. This keeps the original warehouse data unchanged and makes the output easier to check.
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B. Justification of Programming Choices
I chose a dataframe because the warehouse information is naturally organized into rows and columns. Each row represents one record, while the columns contain variables such as Day, Zone, Category and UnitsProcessed. Separate dataframes for the results also make the program easier to understand.
Loops were used because they were required, but they also helped me understand how each calculation works. For example, Task C uses a total and a counter, which makes the calculation of an average clear. An alternative would be aggregate () or dplyr, which could make the code shorter and more efficient. However, these approaches were not suitable for this assessment because of the restrictions.
The main disadvantage of my approach is repeated processing. Tasks D and E scan the dataframe many times. This is acceptable for 840 records, but it would be inefficient with a much larger dataset. Therefore, there is a trade-off between following the required loop-based method and achieving better performance.
The simulation also uses fixed assumptions: a base of 100 units, a processing time of 0.85 per unit and random variation from -12 to 12. These assumptions keep the simulation simple, but real warehouse data would probably contain more factors and variation.
C. Testing and Validation
I tested the program at different stages instead of only checking the final output. This helped me find problems earlier and check whether each calculation was using the correct data.
First, I checked the dimensions of warehouse data. The expected number of records is 840 because 28 days × 5 zones × 6 categories equal 840. There should also be five columns. This checks whether the nested loops generated all required combinations.
For example, I checked the expected dimensions manually: 28 × 5 × 6 = 840 records and 5 columns, matching the program output. I also checked selected day-zone totals by summing the six category values, then compared totals with the zone’s 28-day average. This helped validate the baseline calculation.
I checked all 10 rows, confirming TRUE and FALSE flags followed the 15% rule for each zone total.
I used expected group sizes as another manual check. Each zone should contain 168 records, while each category should contain 140 records. These values provide a simple reference when checking the calculations.
For Task D, I manually checked selected day-zone totals against the relevant zone’s 28-day average and calculated limits at 115% and 85%. The output showed 10 results, all marked FALSE, meaning none of the displayed totals exceeded the anomaly thresholds. This confirmed that the output included both TRUE and FALSE flags as intended, although further testing with deliberately created anomalous values would provide stronger validation.
For Task E, I compared daily totals for selected zones and checked that the reported peak day had the highest total.
Task D was difficult because each zone’s 28-day average had to be calculated before day-zone totals could be classified. Separating stages made the logic easier to follow more clearly.
The testing gave reasonable confidence in the results, but it has limitations. I mainly checked expected cases rather than deliberately testing extreme or invalid values. More automated tests would give stronger validation for a larger application.

D. Efficiency and Scalability Reflection
The program is suitable for the current 840 records, but the repeated loops would become slower as the dataset grows. Tasks D and E are the main examples because they repeatedly scan the same dataframe.
Vectorized operations or grouping functions could improve performance significantly. However, they would not meet the loop requirements of this assessment. For this reason, I prioritized clear logic and understanding over maximum efficiency.
If the program were developed further, I could add variables such as stock levels, order types or worker performance. The existing structure could support these additions because the data generation and analysis stages are separated.

E. Reflection on Learning and Use of Generative AI
A challenge was understanding how to organize the nested loops and keep track of the records being processed. Task D was the most difficult part because each zone’s 28-day average had to be calculated before checking daily totals for anomalies. Breaking the problem into smaller steps helped me understand the logic. Initially, I made an error when working on Task D because I was trying to identify anomalies before the zone averages had been calculated. This produced incorrect results and helped me realise that the baseline needed to be calculated first. After separating the process into two stages, the anomaly detection worked as expected.

The assessment improved my understanding of dataframes, loops, counters and running totals. I also learned that a program could produce the correct result but still have weaknesses, such as poor efficiency when the dataset becomes larger.
I used Generative AI during development to help explain R concepts, organize the code and improve comments. It was also useful when I was unsure about different ways to approach calculation. However, I checked the suggestions against the assessment requirements and changed parts when necessary. This was important because some common R approaches were not allowed in the task.
The main lesson for me was that understanding the code is more important than simply making it run. I had to understand why counters were used, how the loops selected records and how the anomaly condition worked. In future, I would like to write similar solutions with less assistance and use AI mainly for checking ideas or explaining difficult concepts.



Conclusion
This assessment improved my understanding of R programming and data manipulation. The solution follows the required loop-based approach and provides a clear process from data generation to analysis. Its main limitation is efficiency with larger datasets, but this is partly due to the assessment requirements. Testing also showed me the importance of checking intermediate calculations rather than only the final results.
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