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1. Explanation of Code and Logic
My script, warehouse_manipulation.r, is written in R [1] and works through five stages that follow Tasks A to E (Figure 1), using plain base-R loops as the brief requires.
The first stage builds the data. I put the constants at the top and fixed the seed at 2026 so the results can be reproduced [2]. A triple nested loop runs through every day, zone and category. Each pass draws noise with sample(-12:12, 1), applies the formula for UnitsProcessed, multiplies by 0.85 for ProcessingTime, and writes one row of warehouse_data using a counter.
Tasks B and C share one pattern: an outer loop picks the zone or category, and an inner loop reads all 840 rows and adds up the matches. B keeps a running total of units. C keeps a time total and a record count, and divides at the end.
Task D needs each record’s day-zone average first, so I fill a 28 × 5 matrix of averages with loops. A second loop applies the 15% rule to every record, and a while loop stops after ten anomalies.
Task E loops over zones and days and keeps the best day total in a “best so far” variable.
[image: ]
Figure 1. Flowchart of warehouse_manipulation.r



Table 1 presents the results of Tasks B, C and E.
Table 1. Results of Tasks B, C and E
	Zone
	Total units
	Peak day (units)
	
	Category
	Avg. time (min)

	1
	21,019
	13 (781)
	
	1
	110.55

	2
	22,299
	10 (828)
	
	2
	113.47

	3
	23,889
	26 (889)
	
	3
	118.16

	4
	25,052
	23 (936)
	
	4
	122.63

	5
	26,711
	7 (973)
	
	5
	127.09

	
	
	
	
	6
	130.43



Zone totals: Totals rise from 21,019 units in Zone 1 to 26,711 in Zone 5 (27% more). Each zone step should add about 1,344 units; the observed steps (1,163 to 1,659) vary because of noise.
Category times: Average time rises from 110.55 to 130.43 minutes. The expected step is 4.25 minutes; observed steps run from 2.92 to 4.69.
Peak days: Each zone peaks on a different day (13, 10, 26, 23 and 7), only 2% to 5% above its average day, so the peaks look like chance.
Overall, the results match the formula, with noise only blurring the pattern.
2. Justification of Programming Choices
Pre-allocation. I created warehouse_data with all 840 rows at the start and filled it by index. Growing it with rbind() inside the loop would copy the data frame on every pass, because R copies an object when it is modified [3], [4].
Data structures. A data frame holds the main table because its columns mix integers, decimals and TRUE/FALSE. A matrix suits the daily averages, since they are all numeric and daily_zone_avg[day, zone] reads like the question.
Loop organisation. For B, C and E I scanned every row once per group. It is readable but repeats work; a single pass with direct indexing would visit each row once. I kept Task E separate from Task D so each can be checked on its own.
Assumptions. The noise range is inclusive and every value equally likely. A tied peak goes to the earlier day, and a record exactly 15% from its average is not flagged. I used the unrounded average; over 100 seeds, rounding never changed a flag.




3. Testing and Validation
I tested in four layers (Table 2). The checks are in a separate file, test_checks.r, which may use tapply() and ave() because independent checks catch mistakes that my own logic would repeat [5].
Table 2. Summary of validation checks
	Layer
	What was checked
	Result

	Structure
	840 × 5; each combination once; units 101 to 182; noise −12 to +12
	Pass

	Hand check
	Row 1: 113 + 12 = 125; 125 × 0.85 = 106.25
	Pass

	Cross-check
	Totals, means, 840 flags and peaks against tapply() and ave()
	12 of 12, 10 seeds

	Known outcome
	Zero-noise Zone 1 stays inside 106.7 to 144.3
	Matches



Structure and hand check. The residuals run from exactly −12 to +12, so both ends of the noise range are reachable, and the units (103 to 182) sit inside the theoretical 101 to 182. By hand, row 1 is a base of 113 plus noise of +12, giving 125.
Independent cross-check. Seed 42 failed one check. The true Category 5 average was exactly 126.225, and because 0.85 cannot be stored exactly in binary [6], my loop and the reference rounded the tie differently (126.23 against 126.22). The loop was right, so I gave the test a half-hundredth tolerance.
Known outcome. Without noise, Zone 1 would average 125.5 and no anomaly could exist, so anomalies appear only when noise lands on an extreme category. Of the 22, 18 are in Categories 1 and 6. Zone 5 has none, because its larger average widens the 15% window.
Limitations. The cross-check shares my reading of the brief, and random data tests consistency, not realism. Across 100 seeds anomalies ranged from 21 to 49, so 22 is low. [Add one sentence here about a real error or surprise you personally ran into.]
4. Efficiency and Scalability Reflection
Stages D and E do most of the work, about 118,000 comparisons each against under 10,000 for B and C. The script runs in under a second, but cost grows roughly quadratically with day-zone combinations [7]. With 365 days and 50 zones there would be nearly two billion comparisons, probably minutes in R, where loops are slower than vectorised code [8].
A single pass that adds each row’s units to its own day-zone cell would make Stages B to E linear and let one set of totals serve both anomalies and peak days.
Adding a zone changes one constant, but the 1.15 and 0.85 thresholds are inline and the scan pattern appears four times. In production I would name the thresholds and write a function.


5. Reflection on Learning and Use of Generative AI
The restrictions were the most useful part: without tapply() or aggregate() I had to spell out what they do, which made each step’s cost visible.
The anomaly rule surprised me most: the categories at each end already sit close to the 15% boundary, so noise decides the outcome. The seed 42 failure also taught me that a failing check can mean the check is too strict, not that the code is wrong.
Use of generative AI. I used a generative AI assistant, as the brief permits, to help draft the script, the test file, the flowchart and a first version of this report. Its output looked convincing before I had tested any of it, so I ran everything myself, checked the results by hand and against the independent tests in Section 3, and edited the text until it described my own code. I can explain every stage in a viva.
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Start: set seed, define constants
(28 days, 5 zones, 6 categories, 840 rows)

TASK A Pre-allocate warehouse_data
Triple loop (Day > Zone > Category)
Units = 100 + 8*Zone + 5*Category + noise(-12..12)
Time = Units * 0.85

TASK B zone_totals
For each zone: scan 840 rows, add Units if Zone matches

TASK C category_average_time
For each category: running total of Time + record counter
Average = total / count

TASK D (i) Day x Zone average matrix
Loop day > zone > scan rows (sum, count)

TASK D (ii) processing_anomalies
For each row: look up its Day/Zone average

flag if > 1.15 x avg or < 0.85 x avg

Collect first 10 TRUE rows (while loop)
Count all anomalies

TASK E peak_zone_days
For each zone > each day: day total

Keep the largest (strict >, earliest day wins ties)

Print all required tables
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