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[bookmark: _Toc243655899]INTRODUCTION

This report explains the development of an R solution for a simulated warehouse dataset covering 28 days, five zones and six product categories. The work includes generating records, calculating totals and averages, identifying anomalies and finding the most productive day for each zone. 
The report also examines why particular data structures and processing methods were chosen, how the results were checked and where the approach could be improved. Two interpretations of anomaly detection are considered to show how the comparison group affects the results. Flowcharts illustrate the processing logic, while the appendix provides supporting calculations. The final section reflects on learning and the support received during the assignment.


[bookmark: _Toc243655900]A. Explanation of Code and Logic

Figure 1 shows the overall sequence, from generating warehouse records to identifying anomalies and peak processing days.  Figures 2-7 present the loops and decisions for tasks A-E, including the alternative D1 analysis.
[image: ][bookmark: _Ref243651198]Figure 1. Overall flow of the warehouse simulation

warehouse_data stores one observation for each combination of day, zone and category. Three nested loops generate all 840 combinations, as shown in Figure 2. Five vectors are filled, then combined into a dataframe. row_index keeps values aligned with their identifiers; even a correct calculation would be misleading if assigned to the wrong record.
UnitsProcessed combines the base, zone and category contributions with random variation. ProcessingTime is calculated from those units. The fixed seed, set.seed(11), preserves the generated data across runs, making results easier to compare and check. The value 11 was chosen arbitrarily. Processing time remains proportional to units, so the simulation does not represent delays or changes in processing speed.
[image: ][bookmark: _Ref243651418]Figure 2. Generate warehouse data

zone_totals summarises units across all days and categories. Figure 3 shows where the running total is reset for each zone, preventing one group from affecting another.
[image: ][bookmark: _Ref243651515]Figure 3. Total units processed per zone


category_average_time accumulates processing time and counts matching records before dividing them. Figure 4 shows where the total and counter are reset for each category. The result represents average time per observation, not per individual unit.
[image: ] [bookmark: _Ref243651529]Figure 4. Average processing time per category


processing_anomalies compares each record with the average of the six categories sharing its day and zone. Figure 5 shows how the inner loop matches both identifiers; the outer loop keeps the average aligned with the original record. Values below 85% or above 115% of that average are flagged. These differences do not prove an operational fault: the generation formula already gives categories different expected unit counts.
[image: ]
[bookmark: _Ref243651545]Figure 5. Stock processing anomalies across categories

processing_anomalies1 follows the alternative interpretation discussed with the lecturer. It combines categories into 140 daily zone totals and compares each with its zone’s 28-day average. Figure 5 and Figure 6 illustrate the distinction: D examines differences between categories within a day and zone, while D1 examines daily changes within a zone. Their anomaly results therefore have different meanings.
[image: ] [bookmark: _Ref243651623]Figure 6. Anomalies in daily zone totals


peak_zone_days identifies each zone’s highest daily total. As shown in Figure 7, the maximum changes only when a larger value is found, retaining the earliest day if totals tie. Results are displayed after processing. Anomaly filtering creates separate tables and preserves complete records for inspection.
[image: ][bookmark: _Ref243651731]Figure 7. Most productive day per zone



[bookmark: _Toc243655901]B. Justification of Programming Choices

I chose vectors for intermediate results and dataframes for the completed tables. In warehouse_data, allocating vector positions in advance suits the known dataset size and keeps related values aligned. For later tables, adding rows after calculations makes the stages easier to follow. This approach favours readability, although repeatedly extending a dataframe would be less suitable for larger datasets.
I organised the loops around one group at a time. Resetting totals inside each zone or category loop makes the calculations easier to trace and reduces the risk of mixing groups. The cost is repeated scanning. In processing_anomalies, the same average is calculated for each of the six records sharing a day and zone. Calculating it once per group and assigning it to the matching records would reduce duplication. I kept the record-based approach because the connection between each observation and its reference average is explicit, accepting the extra work at this dataset size.
The two anomaly interpretations also required a choice about what counts as unusual. processing_anomalies follows the written requirement, but its category comparisons can reflect differences already built into the simulation formula. processing_anomalies1 combines categories and examines daily changes instead. I retained both because they answer different questions. Neither is automatically more informative: the first can highlight expected category differences, while the second can hide a category-level change when increases and decreases cancel out. The comparison therefore depends on the question, rather than simply on which method produces more flags.

[bookmark: _Toc243655902]C. Testing and Validation

Validation combined structural checks, selected calculations and comparisons with separately calculated reference results. Checking more than the printed previews was important because the first ten rows cannot establish whether every group has been processed correctly.
warehouse_data contained 840 rows and five columns, with each day-zone-category combination appearing once. The checks also confirmed six categories per day and zone, the permitted random variation and the processing-time formula. Table 1 presents the expected and observed results. Correct dimensions alone would not have excluded duplicated or missing combinations.
For processing_anomalies, the six records from day 1, zone 1 were checked through a separate calculation. Their total of 764 gave an average of 127.3333, correctly placing the 102-unit record below the lower threshold. For processing_anomalies1, the same daily total remained within its zone’s limits. Appendix A2 presents the calculations for both methods, including the averages, thresholds and expected classifications. The different classifications reflect different comparison groups, rather than a contradiction between the methods.
The zone totals, category averages and peak-day results also matched separate reference calculations. Appendix A3 shows the calculations for the zone 1 total, category 1 average and zone 1 peak day, alongside the checked results. Repeating the script reproduced the same data and results, supporting consistency without proving correctness by itself.
The original D analysis identified 30 anomalies, while D1 identified none, as recorded in Appendix A2. A zero count is not evidence of failure: the daily totals remained within the specified limits. These checks support the current complete dataset, but selected examples cannot verify every possible input. Missing records, other seeds and exact threshold boundaries would require further testing before wider use.

[bookmark: _Toc243655903]D. Efficiency and Scalability Reflection

I used basic R operations to keep the code easy to follow. Some choices would be less practical with more data. Starting with an empty data.frame() and adding rows individually means extending the table repeatedly. Allocating vectors with rep() first, as in Part A, would avoid this repeated growth.
The main concern is processing_anomalies, where each record causes another scan of the dataset. Doubling the records would mean four times as many comparisons. Calculating each day-zone average once and reusing it would reduce this work without removing loops.
head() and print() are not the main concern because only selected results are displayed. Keeping the dataset dimensions in named variables would also make future changes easier. These observations concern the code’s structure; execution time was not formally measured.

[bookmark: _Toc243655904]E. Reflection on Learning and Use of Generative AI

One challenge was understanding the two interpretations of Part D. Discussing them with the lecturer and working through both calculations helped me see why the comparison group matters.
I became more confident using loops, resetting totals and keeping values in the correct rows. Creating the flowcharts helped me follow the calculation order. Next time, I would clarify unclear requirements earlier and check a small example before writing the full section.
AI was like an “older brother” who helped me learn R. When I was unsure about loops or how to create and fill dataframes, it explained the differences step by step. I also used it to organise the report and understand requirements that seemed unclear at first.




[bookmark: _Toc243655905]Appendix A: Testing evidence

[bookmark: _Toc243655906]A1. Dataset structure and generated values

The following checks were completed against the generated dataset. Reference calculations used for validation were kept separate from the assessment script.

[bookmark: _Ref243652014]Table 1. Testing results
	Check
	Expected result
	Observed result

	Dataset dimensions
	28 × 5 × 6 = 840 rows; 5 columns
	840 rows; 5 columns

	Unique day-zone-category combinations
	840
	840

	Records per day and zone
	6
	6 in every group

	Records per zone
	28 × 6 = 168
	168 in every zone

	Records per category
	28 × 5 = 140
	140 in every category

	Missing values
	None
	None

	Recovered random variation
	Integer from −12 to +12
	All values within range

	Processing time
	UnitsProcessed × 0.85
	Formula matched for every row




Selected generation calculation

Day 1, zone 1, category 1: the generated record contains 102 units. Its implied random variation is −11, which is within the permitted range.
100+(1×8) +(1×5)+(−11)=102 units
102 × 0.85 = 86.70 minutes
Observed output: UnitsProcessed = 102; 
    ProcessingTime = 86.70.



[bookmark: _Ref243652914][bookmark: _Toc243655907]A2. Anomaly calculations for D and D1

D. Comparison across categories

For day 1 and zone 1, the six category values are 102, 129, 135, 131, 137 and 130 units.
Total = 102 + 129 + 135 + 131 + 137 + 130 = 764  DailyZoneAverage = 764 ÷ 6 = 127.333333…  Lower limit = (764 ÷ 6) × 0.85 = 108.233333…  Upper limit = (764 ÷ 6) × 1.15 = 146.433333…
102 < 108.233333… → expected Anomaly = TRUE; observed TRUE.
108.233333… < 129 < 146.433333… → expected Anomaly = FALSE; observed FALSE.


D1 Comparison across days

For zone 1, the total over all 28 days is 21,106 units. The daily total for day 1 is 764, combining all six categories.
ZoneDailyAverage = 21,106 ÷ 28 = 753.785714…  Lower limit = (21,106 ÷  28) × 0.85 = 640.717857… Upper limit = (21,106 ÷ 28) × 1.15 = 866.853571…  640.717857… < 764 < 866.853571…
Expected Anomaly = FALSE; observed FALSE.
D retains 840 category records and identifies 30 anomalies. D1 contains 140 daily zone totals and identifies zero anomalies. Across all zones, daily totals range from approximately 95.46% to 105.11% of their zone averages, within the 85-115% limits. 


[bookmark: _Toc243655908]A3. Summary calculations and repeatability

B Zone 1 total

The 28 daily totals for zone 1 are listed below. Their sum is compared with the zone_totals result.
764 + 731 + 745 + 734 + 750 + 755 + 757+ 752 + 774 + 767 + 728 + 776 + 757 + 772
+ 745 + 748 + 740 + 744 + 757 + 743 + 725+ 755 + 775 + 780 + 782 + 731 + 771 + 748=21,106 units. Observed zone 1 total: 21,106.

C Category 1 average processing time

Matching observations = 28 days × 5 zones = 140. Separately checked processing-time total = 15,329.75 minutes. Average = 15,329.75 ÷ 140 = 109.498214… minutes.
Observed AverageProcessingTime = 109.4982 minutes when displayed.

E Zone 1 peak day

Day 25 contains 114, 127, 134, 131, 132 and 144 units across its six categories.
114 + 127 + 134 + 131 + 132 + 144 = 782 units.
Comparing the 28 daily totals above confirms that 782 is the largest.
Expected and observed result: zone 1, day 25, TotalUnits = 782.

	Zone
	Checked total
	Checked peak day
	Checked peak units

	1
	21,106
	25
	782

	2
	22,497
	1
	828

	3
	23,624
	11
	875

	4
	25,180
	22
	929

	5
	26,398
	28
	991



All five zone totals, six category averages and five peak-day results matched separate reference calculations. All 840 D averages and classifications, and all 140 D1 totals and classifications, also matched. A second execution of the A-E script with set.seed(11) produced identical data and results. This confirms repeatability for the selected seed, not correctness for every possible dataset.
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